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1 | INTRODUCTION

The medical images often encounter some problems,
such as blur, noise, and low contrast. These limitations
significantly degrade the performance of the methods

| Nguyen Long Giang®

Abstract

The quality of medical images plays a vital role in many image processing
applications such as image segmentation, feature extraction, image classifica-
tion, image recognition, and image fusion. Some of the common problems
with Medical images are noise, blur, or low contrast. According to our observa-
tions, current image enhancement algorithms only focus on solving individual
problems such as gray level adjustment, noise reduction, or sharpness
enhancement. This paper proposes a novel algorithm to solve problems on
images simultaneously. First, we propose an image decomposition algorithm.
This algorithm allows decomposing the image into three components: struc-
ture (Is), texture (I7), and noise (Iy). Second, the structural component (Is) is
enhanced by the contrast-limited adaptive histogram equalization method to
obtain I¢;,yE- We use the structure tensor salient detection operator and the
Laplace edge detection operator to add structural and texture features. These
operators are applied to the I 4y and Iy components to obtain the Igrg and
I gp components, respectively. The I and I;zp components are used to gener-
ate the enhanced component (called Ir g) by using the Max operator. Third,
the Marine predators algorithm is used to find the optimal parameters p;, B,
B3, and P4 corresponding to Icrape, Ists, It B, and Iy. Finally, the enhanced
image is made up of the sum of the Iy ap5, Is7s, I E, and Iy images multiplied
by the optimal parameters f;, ., B3, and P4, respectively. Six state-of-the-art
image enhancement approaches, seven medical image fusion algorithms, and
six image quality metrics have been utilized to verify the proposed approach'’s
effectiveness. The experimental results show that the proposed method signifi-
cantly improves the quality of the input medical images as well as significantly
improves the efficiency of current medical image synthesis algorithms.

KEYWORDS
CLAHE, image enhancement, LED, MPA, STS

such as medical image fusion, image segmentation, and
pattern recognition. In general, we can divide image
enhancement algorithms into two groups: spatial
domain-based algorithms and transform domain-based
algorithms. Spatial domain-based methods compute
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directly on individual pixels or blocks of pixels. Although
spatial domain-based methods improve image quality to
some extent, they still have some limitations. The first
limitation is that the output image can be over-enhanced.
The second limitation is that important information can
be eliminated. Transform domain-based methods include
the following several steps. Firstly, the input image is
transformed into the transform domain by the transform
method. Secondly, the transform-domain components
are enhanced by a predefined method. Finally, the
enhanced components are transformed back to the spa-
tial domain.

Three main problems need to be addressed to
improve the quality of an image. Those issues are gray
level adjustment & contrast enhancement, noise reduc-
tion, and image sharpening. For contrast enhancement,
Histogram equalization (HE) is one of the most com-
monly used traditional methods. This method has gained
popularity because of its computational simplicity. How-
ever, the images obtained after enhancement by the HE
method often suffer from noise amplification and arti-
facts. As a result, the structural details are likely to be
eliminated or reduced. Some of the improved algorithms
of the HE method can be mentioned as Contrast limited
adaptive histogram equalization (CLAHE),*” Bi-
histogram equalization (BHE),”> Dynamic Histogram
Equalization (DHE),** and Dynamic quadri-histogram
equalization (DQHE).'® Lidong et al.*® have combined
CLAHE with Discrete wavelet transform (DWT) for
image enhancement. Some common noise filters can be
mentioned as the mean filter or median filter for image
denoising. Other advanced methods can be listed as
sparse representation-based approaches® and con-
volutional network-based approaches.’’ Regarding image
sharpness enhancement, the traditional method applied
is based on edge detection filters such as Sobel, Prewitt,
Compass operator, and Laplacian.

Especially in improving the quality of medical
images, the methods mentioned above are also used to
improve the quality. For example, Joseph et al.”’ have
used histogram specifications to enhance the contrast
of the Magnetic resonance (MR) images. Ismail et al.*°
have applied the DHE for low contrast MR images to
preserve the brightness. Chen et al.* have introduced an
algorithm called Hierarchical correlation histogram
analysis (HCHA) for automatic contrast enhancement.
Isa et al."” have introduced an algorithm called Average
intensity replacement with Adaptive histogram equali-
zation (AIR-AHE) for automatic contrast enhancement
of brain MR images. Subramani et al.** have introduced
adaptive fuzzy histogram equalization for MR brain
image enhancement. Yang et al.®* have combined DWT
with HE for enhancing contrast in the brain MR
images. Sahnoun et al.*® have introduced a new MR

FIGURE 1

The input image and structure tensor saliency

image enhancement approach based on Singular value
decomposition (SVD) and DWT. Histogram-based
algorithms have been used for enhancing medical
images.®

Medical image enhancement is also an important pre-
processing step in many applications. For instance, Ullah
et al.>* have proposed a method to enhance the image
quality and use it as a pre-processing step before image
classification. Veluchamy et al.>® used the BHE to
enhance the image quality before image segmentation.
This allows for improving the efficiency of image seg-
mentation. Eichinger et al.'"* have enhanced the input
image quality to improve the efficiency of detecting mul-
tiple sclerosis lesions from MR images.

In recent years, many new optimization algorithms
have been applied to many image processing problems.
For example, the Marine predators algorithm (MPA),"?
the Equilibrium optimization algorithm (EOA),*'° Grass-
hopper Optimisation Algorithm (GOA)'' are applied in
the fusion of medical images. Especially in improving
image quality, many meta-heuristic-based optimization
algorithms have been applied to improve image quality.
For example, Kandhway et al.>* have used Krill herd
optimization (KHO) to enhance the contrast of medical
images. Maurya et al.** proposed the use of Cuckoo Sea-
rch Optimization (CSO) for improving contrast and
brightness. Luque_Chang et al.*® have introduced Moth
Swarm Algorithm (MSA) for image contrast enhance-
ment. Other optimization algorithms have also been used
such as Artificial bee colony (ABC),” Barnacles Mating
Optimizer (BMO),> Genetic algorithm (GA),' Social spi-
der optimization algorithm (SSOA),”* and Particle swarm
optimization (PSO).>?

The MPA'® was a recently proposed meta-heuristic
algorithm. So far, this algorithm has been effectively
applied in many applications, such as medical image
synthesis,” multilevel image segmentation,® and fault
diagnosis of rolling bearing.® However, according to our
observation, the MPA has not been used to enhance med-
ical imaging in any previous studies. This motivated us to
apply MPA in the image enhancement model. The
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ALGORITHM 1 MPA algorithm

WILEY_L_

Initialize the required parameters (the population (i = ﬁ) matrix E and Prey.)

Assign parameters: FADs = 0.2; K = 0.5; r in [0,1].
rl and r2 are random indexes.
U is the binary vector.

Xmin and )? max are the vectors containing the lower and upper bounds.

while [ < 1,,,,, do.
/* Stage 1: */.
if | < lnax then.
Update prey according to Equation (6).
end
/* Stage 2: */.
else if (I > 1lpqe) and (I < 2lpe:) then.
For the first half of the population.
Prey is updated according to Equation (8).
For the second half of the population.
Prey is updated according to Equation (10).
end
/* Stage 3: */.
else if [ > 21, then.
Prey is updated according to Equation (12).
end
/* Eddy formation and FADs' effect */
if (r < FADs) then

P—ri) (p;apy) - P—rl) (p;upy) + CF* ((‘)?Wlin + §® (Xmax 7)?}'}11'}’1) ) ®U)

end
else if (r > FADs) then

Pri (peopy) = Pri (popy ) + (FADS' (1= 1) 1) (Pr (poopy) = P (popy ) )

end
l=1+1.
end

effectiveness of MPA in our proposed model can be seen
in detail in the experimental section.

According to our current knowledge, current image
enhancement methods only focus on solving individual
problems on the image, such as increasing contrast,
reducing noise, or increasing sharpness. Therefore, con-
current improvement of image problems is significant for
many image processing applications. In this work, we
propose a novel algorithm to improve the quality of the
brain MR images. Some of our key contributions are
listed as follows:

« First, a new image decomposition algorithm is pro-
posed to decompose an input image into three compo-
nents: structure, texture, and noise.

« Second, a novel image enhancement algorithm is
introduced to simultaneously solve image problems
such as adjusting contrast, reducing noise, and increas-
ing sharpness.

« Third, the proposed image enhancement algorithm
allows for improving the performance of existing
image fusion algorithms.

The remaining of this paper is organized as follows: the
Structure tensor salient (STS) detection operator and the
MPA algorithm are introduced briefly in Section 2. The image
decomposition algorithm and image enhancement algorithm
are introduced in Section 3. Some evaluation indexes and
experimental results are mentioned in Section 4. Finally, the
conclusion and future work are given in Section 5.
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2 | BACKGROUND

In this section, we introduce two main algorithms, STS
detection operator and MPA. We will not mention other
basic algorithms like CLAHE, Laplace edge detection (LED)
operator, and Anisotropic diffusion filtering (ADF), even
though these algorithms are used in our proposed model.

ALGORITHM 2 STN decomposition
Input: I (A gray image).
Output: Ig, I, Iy.

2.1 | Structure tensor salient detection
operator

A structure tensor is an essential tool for obtaining image
features. Its applications in image processing can be men-
tioned as follows: medical image fusion,*®> extended
focused imaging in microscopy,*® and corner detection.>

Step 1: The input image I was blurred with a Gaussian filter, obtaining an I image.

Step 2: The total variation image reconstruction (TVIR

a structure component ().

)*>7 algorithm is applied to the I image to obtain

Step 3: The detailed component I, is determined by Equation (13)

Ip=I-1Ig (13)
Step 4: Texture component (I;) obtained by applying Anisotropic diffusion filtering (ADF)** to Ip,
component.

Step 5: Noise component (Iy) is determined by Equation (14)

In=Ip—1Ir (14)

I Igr
Gaussian TV Image
Filter reconstruction
I Subtraction | Ig

FIGURE 2

>l Subtraction |

The decomposition of an image into three components

LA L LU U




DINH anp GIANG

WILEY_L_*

Given the image matrix I, the structure tensor is
defined as Equation (1).

ZW:E% zijiEj

2
YEE LF;

where, w is a local window. E; and E; as the gradient in
the i and j direction, respectively.

In addition, the eigenvalues of the structure tensor
provide more information about the local geometry of

Is

FIGURE 3 The three components Is, I, and Iy of the image

IS ICLAHE

FIGURE 4 The Iy Component and its enhancement by the
CLAHE method

FIGURE 5
the I component

Feature enrichment of

the input image. Eigenvalues can be calculated as Equa-
tions (2) and (3).

vlzg<;E$+;Ef+ (ZE‘ZE)“(ZEE))

n=s (;E§+§ng;_

The STS detection operator can be defined as
Equation (4). Figure 1 illustrates the tensor structure
saliency obtained from an input image.

STS = \/(v1 +12)* +0.5(v; — ;) (4)

2.2 | Marine predators algorithm

MPA can be summarized through three main stages: (See
Algorithm 1 for details).

Iy g = Max(It, I gp)
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ALGORITHM 3 The image enhancement algorithm
Input: The gray image .
Output: The enhanced image (Ig).
Step 1: The image I is decomposed into three components: Is, I, and Iy by applying the STN decomposition
method.
Step 2: The CLAHE method is utilized to generate an enhanced image (Iczapr) from an image (Is).
Step 3: The STS is utilized to produce an image (Isrs) from Icpapge.
Step 4: The LED operator is implemented to create an edge image (I gp) from I7.
Step 5: Generate I7 g image enhanced by Equation (15).

It p=Max(Ir,I1ep) (15)

Step 6: An enhanced image (Ir.n,) is created by utilizing the MPA to find four parameters f, € [0.9,1.5],
B, €10.1,1.5], p; €[0.9,1.5]), and 3, € [0.1,1.5]) as Equation (16).

Iremp =Py - Icrane + Py - Ists + B3It g+ Py In (16)

Fitness function (Or) was used as Equation (17)

1% G,—G
Op=—- | (E2—E)+——0—1 (17)
M PSNR (Iremp,])

where,

- I'and I are the input and output images with size (H x W).

— Iremp is the temporary enhancement image in each loop.

- Vis the variance of image Izep.

- M is the mean of image Ire,.

- E; and E, are the entropy of I and Ir,,, respectively.

- G; and G, are the average gradient of I and Iy, respectively.
- PSNR is calculated according to Equation (18)

.. maxvalue®
PSNR (Iremp,1) =10 loglOM—SE (18)
- MSE is calculated according to Equation (19).
1 H-1W-1 2
MSE = (ITemP (Pi:Pj) _I(Pi’P])) (19)
H i=0 j=0

Step 7: With the found optimal parameters ([)”1‘, p5, P35, and f;), the enhanced image (Iz) is determined as
Equation (20)

Ig =1 Icrane + 55 Ists+ P - It e +f, - In (20)

Stage 1: In the first third of the loop, the prey's mov- S—si’(px, Py) B(px’ Py)
ing step size, and its position is determined by Equa-

_ . (5)
e e (B (o) ~ oo <P (pony))
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P
I ,/ Icrane Y

B

STN
Decomposition

i ;
: X Sum .
I Bs : E !
E : ! Iremp '
O S z
B E i E E E
> MPA ,"
l
\\ Loop .-
FIGURE 6 The diagram of the image enhancement algorithm
TABLE 1 Evaluation indexes — — - —
Pri (px7py> = Pri (px7py) +KR®SSI (px’py) (6)
Num Metrics Name
3 1 — . . . .
1 MLI Mean Light Intensity where, SS; (py,p, ) is a vector containing the moving step
2 CI Contrast Index size of prey. E(py, py) is a matrix built on the fittest solu-
3 E Entropy tion. R is a vector storing random values that follow a
4 AG Average Gradient uniform distribution. K is a constant whose vgue is
.5. ® is the entry-wise multiplication rator. Rgis a
5 QBT Edge-based similarity measure 0.5. @ is the entry-wise multiplication operato B 18
vector of random numbers generated by the normal
6 MI'® Mutual Information

distribution.

FIGURE 7 Some medical images in dataset DO
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FIGURE 8 Some medical images in dataset D1

75T 758 75C

055C

- m ©

050T 050S 050C 055T 055S 055C

FIGURE 9 Some medical images in dataset D3

TABLE 2 Optimization algorithms TABLE 3 Some image enhancement algorithms

Num Algorithms Year N Algorithms Year

1 DA (Dragonfly algorithm)* 2015 1 NE (No Enhancement)

2 ALO (Ant Lion Optimizer)* 2015 2 FCCE (Fuzzy-Contextual Contrast 2017

3 GWO (Gray Wolf Optimizer)*’ 2014 Enhancement)*?

4 MVO (Multi-Verse Optimizer)* 2015 3 EFF (Exposure Fusion Framework)®* 2017

5 SSA (Salp Swarm Algorithm)*! 2017 4 EGIF (Effective Guided Image 2018

6 SCA (Sine Cosine Algorithm)>” 2016 Filtering)*”

7 WOA (Whale Optimization 2016 5 RRM (Robust Retinex Model)*® 2018
Algorithm)*® 6 FFM (Fractional-Order Fusion Model)’ 2019

8 MPA (Equilibrium Optimization 2020 7 SDD (Semi-Decoupled 2020

Algorithm)*® Decomposition)"”
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Stage 2: In the next third of the loop, the prey's mov-

For the first half of the population:

ing step size, and its position is determined by Equa-

tions (7), (8), (9), and (10).

TABLE 4 Some image fusion algorithms

Num Algorithms

PC-LLE-NSCT (Alg,)*
NSST-MSMG-PCNN (Alg,)>°
MLCF-MLMG-PCNN (Alg;)>!
JBF-LGE (Alg,)”’

wm A W N =

(Algs)®

CSE (Contrast and structure extraction)

6 CNPS-NSST (Coupled neural P systems
in NSST domain) (Alge)**

7 DTNP-NSCT (Dynamic threshold
neural P systems in NSCT domain)

(Algy)™

SS; (px,py) =R (px,py)

® (E? (px,py) ~R (px,py) ©Pr; (px,py))

(7)
Year
— —_— - —
2019 Pr; (px’py> = Pr; (px9py) +K.R®SS; (px’py> (8)
2020
2021 .
For the second half of the population:
2021
2021 <o -
SS; (px,py) =Rp (px,py)
— —
2021 ®( Rp (px,py) ®E; (px,py) — Pr; (px,py))
2021 (9)

Pri (pop,)) =Fi(pob,) + K.CFESS; (pop,)  (10)

TABLE 5 Four indexes from 30 independent runs on the Dataset D2

Dataset Algs
070T DA
ALO
GWO
MVO
SSA
SCA
WOA
MPA
070S DA
ALO
GWO
MVO
SSA
SCA
WOA
MPA
070C DA
ALO
GWO
MVO
SSA
SCA
WOA
MPA

Best

0.695111414011694
0.695137630079690
0.694780037770273
0.693267308875936
0.678483123202359
0.689956110124383
0.695113120139038
0.695169878706778
0.589101486531184
0.589112420276191
0.588958804026073
0.588590741102465
0.585215777745244
0.588992200587215
0.589099753771276
0.589113550337631
0.714894878610970
0.704793485049798
0.714531250141631
0.709455637936643
0.707247111038313
0.714631350255784
0.714891274324171
0.714910907022665

Worst

0.669198154980659
0.656038593403487
0.675608697888588
0.655348033561780
0.653558607923842
0.658859661620494
0.659747686915307
0.695111633898089
0.583018702993587
0.563389625795496
0.584818325711638
0.566321244833973
0.569559632199487
0.574367914890738
0.565003286693969
0.589098343320556
0.692390158833342
0.714899194606991
0.690233293091893
0.668503421926879
0.677970919290012
0.681445409431920
0.673659027423800
0.714884106742242

Mean

0.684398469783033
0.683701166332468
0.687173533713143
0.676025593833513
0.671818266377605
0.673400687582457
0.678255556752285
0.695137038602832
0.588064740083802
0.582364127929733
0.587460077942036
0.579122996391213
0.577087036234181
0.584366463122916
0.582047747202921
0.589105704307832
0.707745935689339
0.704793485049798
0.708436898012035
0.695599664653921
0.689563669876958
0.699858525905848
0.701114842841765
0.714895951617184

Note: The bold values are the best values obtained from our algorithm (maximum compared to other values).

SD

0.008373979131028
0.009407973825317
0.005354121012140
0.010520795435026
0.004581587792121
0.007786678898958
0.010421139145008
0.000017766009350
0.001446070102545
0.005720265782300
0.001355120097889
0.005997075945179
0.004683043810424
0.003318588234138
0.006716686969345
0.000004141752329
0.006604936255880
0.011657462834954
0.005373698605653
0.010444296849015
0.006250311135621
0.008487337040112
0.012981442337560
0.000005320057142
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Experimental results on dataset D2 (070S)

Experimental results on dataset D2 (070C)
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FIGURE 10 Fitness value obtained different algorithms on datatset D2
TABLE 6 P-values from Wilcoxon rank-sum test —’
(px’py) L (px’py)
Dataset Algorithms P-values = .
5 ®( L (px,py) QE; (px,py) — Pry (px,py))
070T MPA versus DA 3.019859359162151e-11
MPA versus ALO 2.609852787955851e-10 (11)
MPA versus GWO 3.019859359162151e-11
— — —
MPA versus MVO 3.019859359162151e-11 Pri (Px’Py) =E; (Px»Py) TK.CF®SS; (Px’Py) (12)
MPA versus SSA 3.019859359162151e-11 — o )
MPA versus SCA 3.019859359162151e-11 where, R; isa vector generated by the the Lévy distribution.
MPA versus WOA 4.077164846825348e-11
070S MPA versus DA 3.474196606831804¢-10 3 | PROPOSED APPROACH
MPA versus ALO 5.072313498155892¢-10
MPA versus GWO 3.019859359162151e-11 This section introduces two new algorithms: image decom-
MPA versus MVO 3.019859359162151e-11 position algorithm and image enhancement algorithm.
MPA versus SSA 3.019859359162151e-11
MPA versus SCA 3.019859359162151e-11 sgs
3.1 | Three-component decomposition
MPA versus WOA 4.504322112705322¢-11 method
070C MPA versus DA 8.101362326146523e-10
MPA versus ALO 1.596405099603837¢-07 An image can consist of three main components: structure,
MPA versus GWO 3.019859359162151e-11 texture, and noise. Therefore, splitting this image into such
MPA versus MVO 3.019859359162151e-11 components facilitates effective image enhancement. This
MPA versus SSA 3.019859359162151e-11 sec.tlon proposes an algqnthm (called Structure-Te)fture-
Noise [STN] decomposition) that decomposes an input
MPA versus SCA 3.019859359162151e-11 . . .
image into three components: structure, texture, and noise.
MPA versus WOA 3.689725853981014e-11 The detailed steps of the image decomposition algorithm
are presented in Algorithm 2 and illustrated in Figure 2.
where 3.2 | The proposed image enhancement
] \EL algorithm
—cF= (1 - _) |
lmax

Stage 3: In the last third of the loop, the prey's moving
step size, and its position is determined by Equations (11)

and (12).

The proposed image enhancement algorithm is built
based on algorithms such as CLAHE, STS, LED, and
MPA. We first apply the STN decomposition algorithm to
decompose an input image I into three components:
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TABLE 7 Evaluation indexes obtained from different algorithms on DO and D1

Dataset Num Algorithm MLI CI Entropy AG

DO 1 NE 0.3050 0.3216 4.6314 0.0802
2 FCCE 0.3250 0.3379 5.5607 0.0853
3 EFF 0.3606 0.3629 5.5651 0.0927
4 EGIF 0.3199 0.3761 4.8231 0.1151
5 RRM 0.3591 0.3594 5.6699 0.1036
6 FFM 0.3450 0.3401 5.9318 0.0883
7 SDD 0.3669 0.3666 5.8616 0.0925
8 Proposed 0.3975 0.4036 6.3156 0.1474

D1 1 NE 0.1525 0.1608 4.6314 0.0401
2 FCCE 0.2536 0.2612 5.6641 0.0734
3 EFF 0.2821 0.2718 5.4223 0.0655
4 EGIF 0.1750 0.2215 4.9067 0.0688
5 RRM 0.2278 0.2290 5.6485 0.0630
6 FFM 0.2599 0.2451 5.7019 0.0584
7 SDD 0.2336 0.2379 5.7394 0.0565
8 Proposed 0.3835 0.3731 6.2892 0.0846

Note: The bold values are the best values obtained from our algorithm (maximum compared to other values).

FIGURE 11

Tinpue (NE)

An example for images enhanced by eight algorithms on Dataset D1

structure (Is), texture (I7), and noise (Iy). Figure 3 illus-
trates an input image and three components, I, I, and
Iy, obtained after applying the STN decomposition
method. The structural component (Is) is enhanced by
the CLAHE method, obtaining Icpage. It is an effective
method to improve the contrast and brightness of an
image. Figure 4 illustrates the Ig component enhanced by
the CLAHE method. We use the STS operator to get the
feature from the Icp g image. This feature (Isrs) is then

used to add information to the Ir; 455 The texture com-
ponent (I7) is also enhanced by using the Laplacian edge
detection operator. Figure 5 illustrates how we enhanced
the I component to create It p. Finally, the MPA algo-
rithm is used to find the optimal parameters for the
enhanced components (Icraps, Ists, It g, and Iy). The
enhanced image (Ir) is made up of the sum of the IcrpE,
Isrs, It g, and Iy images multiplied by the optimal
parameters f1, o, B3, and Py, respectively.
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Evaluation indexes obtained by different algorithms on dataset D1

An example for images enhanced by different algorithms on Dataset DO
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FIGURE 14 Evaluation indexes obtained by different algorithms on dataset DO
TABLE 8 Optimal parameters obtained on the dataset DO TABLE 9  Average running time on the dataset (D1)
and D1
Algorithms Average running time (s)
Dataset P P2 s Ps FCCE 0.047856
DO 1.0011 1.1998 1.1999 1.1285 EFF 0.298958
D1 1.2907 0.7967 0.9545 0.9920 EGIF 0.031338
RRM 2.807581
Algorithm 3 illustrates the steps of the algorithm in FEM 0.797329
detail, and Figure 6 illustrates the diagram of the algorithm. — -
Proposed approach (50 loops) 24.747323

4 | EXPERIMENTAL RESULTS
This section introduces the evaluation indexes, experi-
mental setup, and evaluation.

4.1 | Evaluation indexes

We selected six commonly used indicators for the experi-
mental part, and they are described in Table 1. Four eval-
uation indexes from 1 to 4 are used to evaluate the

effectiveness of the image enhancement algorithm. Six
evaluation indexes are used to test the effectiveness of the
image synthesis methods in the case of the input image
enhanced by our proposed algorithm.

4.2 | Experimental Setup

One hundred eighty magnetic resonance imaging
(MRI) and positron emission tomography (PET) images
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TABLE 10 Evaluation indexes obtained by different algorithms in the two cases before and after using our image enhancement

algorithm on dataset D3

Datasets Algorithms
Set-T Algl

Alg2

Alg3

Alga

Alg5

Alg6

Alg7

Set-S Algl

Alg2

Alg3

Alga

Algs

Alg6

Alg7

Set-C Algl

Alg2

Alg3

Alga

Alg5

Alg6

Alg7

Note: The bold values are the best values obtained from our algorithm (maximum compared to other values).

Types
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After
Before
After

MLI

0.2795
0.3318
0.3148
0.3462
0.3231
0.3571
0.3074
0.3599
0.2756
0.3243
0.2888
0.3432
0.2991
0.3515
0.3219
0.3990
0.3392
0.3808
0.3477
0.3930
0.3512
0.4280
0.3107
0.3864
0.3297
0.4103
0.3413
0.4185
0.2886
0.3611
0.3033
0.3484
0.3123
0.3608
0.3186
0.3917
0.2878
0.3541
0.3013
0.3758
0.3101
0.3833

CI

0.3249
0.3529
0.3937
0.4035
0.3873
0.3957
0.3455
0.3706
0.3165
0.3496
0.3329
0.3637
0.3388
0.3653
0.3124
0.3453
0.3905
0.3992
0.3806
0.3849
0.3307
0.3606
0.3001
0.3407
0.3164
0.3552
0.3235
0.3554
0.3171
0.3566
0.3826
0.3947
0.3747
0.3856
0.3381
0.3743
0.3102
0.3533
0.3269
0.3686
0.3312
0.3691

E

5.5404
6.3630
5.6302
6.2270
5.1023
5.9033
4.8495
5.9439
5.2769
6.2598
5.3130
6.0178
5.3990
6.0600
6.3709
6.9472
6.2654
6.6739
5.9830
6.6219
5.6692
6.7940
6.2098
6.8762
6.2581
6.8673
6.2772
6.8787
5.8940
6.6787
5.8035
6.4161
5.3588
6.2380
5.1012
6.2949
5.5751
6.4829
5.7136
6.3904
5.7388
6.3973

AG

0.0724
0.0925
0.0759
0.0952
0.0674
0.0877
0.0684
0.0887
0.0655
0.0857
0.0735
0.0939
0.0706
0.0910
0.0831
0.1118
0.0867
0.1148
0.0778
0.1067
0.0794
0.1088
0.0751
0.1041
0.0842
0.1136
0.0815
0.1107
0.0982
0.1242
0.1018
0.1274
0.0953
0.1222
0.0955
0.1230
0.0910
0.1176
0.1000
0.1270
0.0973
0.1242

Qabf

0.6942
0.7222
0.6199
0.6255
0.5942
0.6015
0.7178
0.7537
0.7434
0.7564
0.7070
0.7357
0.7120
0.7512
0.7059
0.7465
0.6678
0.6216
0.6108
0.6013
0.7381
0.7818
0.7507
0.7782
0.7157
0.7611
0.7211
0.7742
0.7203
0.7417
0.6299
0.6505
0.6230
0.6432
0.7562
0.7886
0.7655
0.7813
0.7309
0.7594
0.7405
0.7781

MI

3.0354
3.5302
24631
2.7315
2.6319
3.1434
4.3910
5.7807
3.6663
3.9412
3.2731
4.0908
3.3447
4.1313
3.3813
3.9006
2.5171
2.7008
2.7661
3.1306
5.0347
6.3580
3.8228
3.9165
3.6292
4.3368
3.7479
4.4097
3.1741
3.6318
2.4732
2.7522
2.6773
3.1838
4.6741
6.0716
3.6959
3.8505
3.3756
4.1467
3.5328
4.3110
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FIGURE 15 Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on
dataset D3 (Set-T)

of size 256 x 256 pixels were utilized for the experi- « Dataset (D2) includes two images (70 T, 70C) used to

ment. These images were collected from the 50th to test the effectiveness of the MPA algorithm in our
79th slices according to the Transaxial (T), Sagittal (S), image enhancement algorithm. These images are the
and Coronal (C) axis from source (http://www.med. 70th brain slices according to the T and C axis.
harvard.edu/AANLIB/), respectively. We divided « Dataset (D3) includes 180 images utilized to evaluate
180 medical images for the experimental part as our proposed method for improving the performance
follows: of current medical image fusion algorithms. These
images include Set-T (60 MRI and PET images), Set-S
«+ Dataset (D0) includes 90 MRI images (30 images (T), (60 MRI and PET images), and Set-C (60 MRI and PET

30 images (S), and 30 images (C)) used to evaluate the
image enhancement algorithm. Some MRI images in
DO are illustrated in Figure 7.
Dataset (D1) is generated from the dataset DO by
reducing contrast and intensity. Some MRI images in
D1 are illustrated in Figure 8.

images)) according to the T, S, and C axis, respectively.
Several pairs of images in the dataset (D3) are illus-
trated in Figure 9.

Computer configuration and software we used for
testing:


http://www.med.harvard.edu/AANLIB/
http://www.med.harvard.edu/AANLIB/
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FIGURE 16
dataset D3 (Set-S)

Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on

« Intel Core i9 10900K, 3.7GHz processor, and 64GB RAM.
« Matlab R2020b.

are used to evaluate the performance of opti-
mal algorithms. Moreover, the Wilcoxon
rank-sum test™ is utilized to test the experi-
We design some experiments to evaluate the effective- mental results.
ness of our algorithms as follows:

Experiment #2. To test the effectiveness of

Experiment #1. To prove the effectiveness
of the MPA algorithm in the proposed model,
we have used seven other meta-heuristic-
based optimization algorithms for compari-
son. These optimization algorithms include
DA, ALO, GWO, MVO, SSA, SCA, and WOA
(see details in Table 2). Each algorithm is
used to run 30 times on the Dataset D2
(070 T, 070S, 070C). Four indexes, Best,
Worst, Mean, and Standard deviation (SD),

the proposed image enhancement method. We
use some other image enhancement algorithms
for comparison. These algorithms are described
in Table 3. Four image quality metrics (MLI,
CL E, and AG) are used in this experiment (See
details in Table 1). Both datasets DO and D1 are
used in this experiment.

Experiment #3. To test the effectiveness of
the image enhancement method for
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FIGURE 17
dataset D3 (Set-C)

improving the performance of image synthe-
sis algorithms. We select a number of recently
proposed synthesis algorithms. These algo-
rithms are described in Table 4. The evalua-
tion indexes (MLI, CI, E, AG, Q*P'F and MI)
used in this experiment are described in detail
in Table 1.

Some necessary parameters are set as follows:

» n = 50 (The number of population).
¢ Lyax = 50.

« K=0.5.

« FADs =0.2;

+ ris arandom parameter in [0,1].

Cl index obtained from algorithms
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Algl Alg2 Alg3 Algd Algs Algs Alg7

AG index obtained from algorithms

0.15

01F

0.05}

0
Algl Alg2 Alg3 Algd Algs Alg6 Alg7

Ml index obtained from algorithms

I Ecfore
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Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on

4.3 | Evaluation

The results of the first experiment are illustrated in
Table 5. The results of the 30 different runs are also
shown in Figure 10. It is clear that the mean and stan-
dard deviation of the fitness function are the lowest when
using the MPA algorithm. These experimental results
explain why we choose the MPA algorithm. Moreover,
from Table 6, the results obtained from the Wilcoxon
rank-sum test are statistically significant since the p-
values are less than 0.05.

The results of the second experiment are illustrated
in Table 7 and Figures 11, 12, 13, and 14. Optimal
parameters (B, P,, B3, and fB4) obtained from the pro-
posed image enhancement algorithm are shown in
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MRI (Before) MRI (After)

FIGURE 18
algorithm

Table 8. It is easy to see that MLI, CI, Entropy, and AG
indexes obtained from the proposed image enhance-
ment algorithm are the highest in both data sets DO
and D1. For low-quality images in dataset (D1), it is
easy to see that our method has improved the image
quality significantly. The optimal parameter B, is 1.209,
which allows the Ic;4pp component to improve the
luminous intensity significantly. The optimal parame-
ters f,, Ps, and Py, are all lower than 1, allowing a
small amount of structural and texture features to be
added to the image. For images in dataset (D1), images
with light intensity are not weak. The optimal parame-
ter B, is 1.0011, which shows that the Ic; gz compo-
nent has ensured enough light intensity for the image
without adding more. The optimal parameters B,, fs,
and f,, are all larger than 1, which shows that compo-
nents Isrs, It g, and Iy only need to add a large amount
of information to the image. Therefore, the adaptive
parameters allow adjusting the required amount of infor-
mation of the four components Iczang, Ists, It g, and Iy
to produce a high-quality enhanced image. These results
show that our algorithm is effective in improving image

quality.

Alg 1
Before

The fusion images obtained by different algorithms in the two cases before and after using our image enhancement

Because our image enhancement method is based on
the MPA optimization algorithm, it consumes a large
amount of running time. From Table 9, it is easy to see
that the time consuming is the largest compared to the
running time of other algorithms. With population
n = 50 and 50 loops, our method takes about 25 s to
complete. This is the drawback of our algorithm.

The results of the third experiment are illustrated
in Table 10 and Figures 15, 16, and 17. Output images
obtained by image fusion algorithms are shown in
Figure 18. The quality of the composite images
obtained from the algorithms is improved when apply-
ing our image enhancement method. All six evaluation
indexes increased significantly. The most significant
change to mention is the details of the image. By intui-
tive, it is easy to see that the output composite image
is of high sharpness when using our enhancement
method. For example, the AG index of the Algl
method increased from 0.0724 to 0.0925 on the dataset
(Set-T). Experimental results have shown that our
image enhancement method is significantly effective
in improving the performance of image synthesis
algorithms.
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5 | CONCLUSION AND
FUTURE WORK

In this paper, a novel image enhancement method is pro-
posed to solve simultaneously problems on images. Six
evaluation metrics and many algorithms have been used
for comparison. One hundred eighty brain images have
been utilized in the experimental section. The experimen-
tal results show that our approach is effective in improv-
ing the quality of medical images. In addition, this
method also helps to improve the performance of image
fusion algorithms. However, the limitation of our algo-
rithm is the running time.

In the future, we intend to improve our algorithm in the
following aspects. Firstly, search for better image enhance-
ment algorithms to replace the CLAHE and ADF algo-
rithms. Secondly, apply the latest optimization algorithms
based on meta-heuristic to replace the MPA algorithm.
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Synthesis of medical images is one of the indispensable tasks today because of its applications in clinical
diagnosis. Composite images often suffer from problems such as poor contrast, loss of detail, and low light
intensity. The reason for the above problem is that the input image is of poor quality, and the fusion rules
are not really effective. In this paper, we propose a new image synthesis model to simultaneously solve the
problems mentioned above. Firstly, the input image is enhanced because the input image’s quality significantly
affects the fusion image’s quality. Next, the Spectral total variation (STV) method is utilized to decompose
input images into a base layer and a series of detail layers. An adaptive rule based on the Chameleon
Swarm Algorithm (CSA) algorithm is proposed for the synthesis of the base layers. This rule ensures that the
synthesized image has good quality in terms of brightness and contrast. To ensure that the details are preserved
in the synthesized image, we propose an effective fusion rule for detail layers based on the Dynamic threshold
neural P systems (DTNPS). Finally, the base and detail layers that have been composited are summed together
to create the composite image. Six evaluation indexes, seven state-of-the-art image synthesis algorithms, and
132 medical images were used to evaluate. The results show that our image synthesis model is more efficient
than the current latest image synthesis methods.

1. Introduction meta-heuristic optimization-based approaches. Along with the devel-

opment of deep learning methods, many approaches based on this

Medical image synthesis is a process of extracting features from
multi-modal medical images and fusing those features to form a sin-
gle image. This image fusion task eases the burden on the clinical
diagnostician, and so it has recently received a great deal of research
interest. Currently, with the variety of imaging acquisition devices,
we can obtain different types of medical images. For example, soft
tissues can be clearly visualized in magnetic resonance imaging (MRI),
while dense tissues can be clearly shown in Computed tomography (CT)
images. Information regarding tissue metabolism is stored in Positron
emission tomography (PET) images, whereas how blood flows to tissues
and organs is shown in single-photon emission CT (SPECT) images. It is
worth noting that both CT and MRI images are high resolution, while
PET and SPECT images have low resolution. Some common types of
medical imaging synthesis include MRI and PET, MRI and SPECT, and
CT and MRI.

Up to now, many medical synthesis algorithms have been pro-
posed. Based on our experience, these algorithms can be divided into
the following main groups: deep learning-based approaches, sparse
representation-based approaches, transform-based approaches, and

* Corresponding author.
E-mail address: hungdp@tlu.edu.vn.

https://doi.org/10.1016/j.bspc.2022.104343

technique have been proposed to solve the problem of medical image
fusion. For instance, Ding et al. [1] have proposed using Siamese
networks combined with the Dual-channel spiking cortical model to
synthesize medical images. Wang et al. [2] have introduced a new
perceptual high-frequency convolutional neural network (PHF-CNN) in
the non-subsampled contourlet transform (NSCT) domain. Li et al. [3]
have proposed a new multiscale double-branch residual attention (MS-
DRA) network for medical image synthesis. Zhao et al. [4] have
proposed combining deep convolutional generative adversarial network
(DCGAN) with dense block models. Some other approaches based on
deep learning can be found in the studies [5,6].

In recent years, sparse representation (SR) has shown to be an
effective tool to solve many problems of image processing, such as noise
reduction [7], multi-focus image fusion [8], and especially medical
image fusion. Shibu et al. [9] have proposed a new medical image
synthesis approach based on the combination of SR and CNN. Yousif
et al. [10] have introduced a new approach to medical image fusion
using a Siamese CNN and RS. Wang et al. [11] proposed to combine
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Fig. 3. Illustration for DTNP systems with input and output obtained.
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Fig. 4. Synthesize detail layers by applying the FR_DTNPS method.

Convolutional sparse representation (CSR) with Non-subsampled shear-
let transform (NSST). Li et al. [12] have proposed a new algorithm
based on SR that can not only synthesize medical images but also can
denoise them. Wang et al. [13] have proposed to combine adaptive
SR with a Laplacian pyramid (LP) method. Hu et al. [14] used SR and
combined it with a guidance filter to synthesize medical images.
Transform-based approaches are the popular approaches today. The
methods of this group usually go through three main steps. The first
step is to decompose the input images from the spatial domain into
components on the transform domain. The second step is to synthesize
the components on the transform domain. The final step is to transform

the synthesized components into the spatial domain. Some popular
transformation methods that have been applied to the problem of med-
ical image synthesis can be mentioned, such as LP transform [13,15],
discrete stationary wavelet transform (DSWT) [16,17], NSCT [2,18],
and NSST [11,19,20]. Commonly used methods to synthesize compo-
nents on the transform domain can be listed as Min—-Max selection [21],
averaging rules [22,23], local energy function maximization [24,25],
and sum-modified-Laplacian (SML) [26].

Meta-heuristic optimization-based approaches have been proposed
in the last few years to improve the efficiency of image synthesis.
These approaches have the advantage of ensuring a good quality
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Fig. 8. The output images created by eight image fusion algorithms on data set H1.
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Fig. 9. An image area is cropped from Fig. 8.

output image and preserving information. For example, Dinh [24]
has proposed a novel medical image fusion based on the Grasshopper
optimization algorithm (GOA). Gao et al. [20] have utilized Particle
swarm optimization (PSO) algorithm to fuse medical images in the
NSST domain. Dinh [27] has introduced a medical image fusion model
using the Marine predators algorithm (MPA) and Structure tensor (TS).
Jose et al. [28] have proposed using the Adolescent identity search
(AIS) algorithm in the NSST domain for medical image synthesis.
Dinh [29] has used the Equilibrium optimization algorithm (EOA) and
combine it with the compass operator Prewitt. A number of other
optimization-based medical image fusion approaches can be found in
studies [30-32].

Currently, two main problems significantly affect the efficiency of
image synthesis algorithms. The first problem concerns the quality of
the input images. When the input image suffers from problems such
as noise, low contrast, and low light intensity, the performance of
the compositing algorithms degrades significantly. The second problem
concerns the inefficiencies of some existing fusion rules. For example,
the averaging rule for the low-frequency component leads to a decrease
in the luminance of the composite image. Several studies using this
fusion rule can be mentioned as [33,34]. In this paper, we propose
a novel image synthesis model to address the above problems. Our

image fusion model is based on the STV method, the CSA algorithm,
and the DTNP systems. STV method is used to decompose input images
into base layers and a series of detail layers. To solve the problem of
low-quality input images, we apply the image enhancement method
proposed by Dinh et al. [35] to pre-process the input image. This image
enhancement method allows the simultaneous improvement of noise,
low contrast, and low light problems. To solve the limitation of the
average fusion rule, we propose an adaptive fusion rule based on the
CSA algorithm for the base layers. DTNP systems are used to create
a compositing rule for detail layers, ensuring the composite image’s
sharpness and preserving information.
The main contributions of our work are as follows:

« Firstly, we propose an efficient fusion rule based on the CSA
algorithm for the base layers. This rule allows the output image
to have good quality in terms of brightness and contrast.
Secondly, a fusion rule using DTNP systems is introduced to fuse
a series of detail layers. This proposed rule ensures that the fused
image retains the details of the input image.

Thirdly, an image synthesis model has been proposed based on
the above two rules. Experiments have shown that our model
solves the problems of poor contrast, low light intensity, and loss
of detail in the synthesized image.
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Fig. 11. The output images created by eight image fusion algorithms on data set H2.

The rest of this paper is organized as follows: In Section 2, the Spec-
tral total variation (STV) method, DTNP systems, and the Chameleon
swarm algorithm (CSA) are introduced briefly. Section 3 introduces
our approach. In Section 4, the experimental results and evaluation
are presented. Finally, the conclusion and future work are presented
in Section 5.

2. Background
2.1. Spectral Total Variation

The Spectral Total Variation (STV) method was first introduced
by Gilboa [36] in 2014. Currently, several applications of the STV

can be mentioned, such as image segmentation [37], medical image
fusion [38], and image fusion [39].

Assume that g(x) is an input image. The STV transform is defined
by Eq. (1).
w(t; X) = h,(t; X).t (€H)

where

« t is the time scale (¢ > 0).
* h,(t; X) is the 2nd derivative with respect to t. It is determined
by the following optimization problem (Eq. (2)):

1
Wl = in— |lg — h||*> + E(h 2

argminz— |Ig = hll” + E(h) (2
where

+ dt is a small time step.
« [ =1, L, L is the maximum number of scales.
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» E(h) is regularizing function, and it is calculated according to
Eq. (3).

E(h) = / IVACOI dX @)
[
where

» @ is the image domain.
» Vh is the distributional gradient of h.

The residual layer is calculated according to Eq. (4)
g0 L) =(L+ Dh(x; L) = Lh(x; L+ 1) 4

The reconstitution formula is calculated according to Eq. (5)
L
W) = Y wxD+E0x L) ®)
=1
Fig. 1 illustrates the components obtained by the STV method.

2.2. Dynamic threshold neural P systems

DTNP systems are introduced by Peng et al. [40] in 2019. This
model has also been used in the image processing problems, such as im-
age segmentation [41], medical image fusion [18,42], and multi-focus
image fusion [43].

Given an input image I of size r x s and suppose that DL(r X s) is
a detail layer obtained from the image I by applying the STV method.
A DTNP system is represented as a matrix of neurons with dimensions
r X s, as shown in Fig. 2. The values of the detail layer (DL(m,n),m =
1,rn= m) are the external input of the neuron ¢,,,. Each neuron is
locally connected to its h-neighbor neurons (6,(c,,,)), which is defined
as Eq. (6).

8,0 = {0y, with |k—m| <h, |l —n| <h} )

Each neuron 6,,, has two inputs. The first input is the spikes received
from its neighboring neurons. The second input is an external input
DL(m,n). Each neuron o,,, consists of components: a data unit (u,,,),
a threshold unit (z,,,), and a spiking rule (E/(a",a") — aP). For the
spiking rule, the firing condition E is defined as Eq. (7).

E = (1) 2 7y () A Wy (1) 2 1) A (T, (1) 2 7) )

where u,,,(t) and 7, (1) are the value of spikes and threshold in neuron
o, at time t, respectively. Based on the spiking mechanism, u,,,(r + 1)
and 7,,,(t + 1) are calculated as Egs. (8) and (9).

(1) {umn(t) —u+DLmm+ X, 5 WP (D)
umﬂ =
Uy (1) + DL(m, 1) + X 5, Wi P (1)

if ¢, fires

otherwise

PD - CSE NSST — CNPS NSCT — DTNPS
Ty — T+ if 6,,, fires
et 4= § O TR Ao ©
Ty () otherwise

Fig. 3 illustrates the components obtained by applying DTNP sys-
tems.

2.3. Chameleon swarm algorithm

The CSA was introduced by Braik [44] in 2022. Algorithm 2 de-
scribes some basic steps of the CSA algorithm.

3. Proposed approach

A fusion rule based on DTNP systems (called FR_DTNPS) for the
detail layer and our image fusion approach are introduced in this
section.

3.1. A fusion rule using DTNP systems (FR - DTNPS)

Algorithm 3 describes how DTNP Systems are applied to build
fusion rules for detail layers. The fusion of a series of detail layers is
illustrated in Fig. 4.

3.2. Our image fusion approach

Our approach is described in detail in Algorithm 4. Fig. 5 details
the schematic diagram of our algorithm.

4. Experimental results and evaluation
4.1. Evaluation indicators

We use six common metrics, and they are described in Table 1.
4.2. Experimental setup

We use three data sets, H1, H2, and H3, with a total of 132 images
(256 x 256). Each data set consists of 22 pairs of images (MRI and
PET) taken from the source: http://www.med.harvard.edu/AANLIB/.
We create one more data set, H4 consisting of 2 pairs of images, 057T
(Mri-Pet) and 057S (Mri-Pet). Details of the H1, H2, H3, and H4 data
sets are described in Table 2. Several MRI and PET images in the dataset
are shown in Fig. 6.

We designed many different experiments to evaluate the effective-
ness of the proposed model.
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Algorithm 1: DTNP Systems

Input: DL, (r X s)

Output: P,

a(r X s)

Assign parameters: T; 7q; p; h; W = w,,,(h X h);

/* Initi

alization:

U =u,,(rxs)=(0)rxs)
T = 7,,,(rXs) = (15)(r X s)
P = p,,(rxs)=(0)rxs)
/* DTNP systems work as follows:

fort=1:

for

end

end

T do

form=1:r do

n=1:sdo
u,,, is updated according to Eq. (8)
7,,, is updated according to Eq. (9)
if u,, >z, then

‘ Pmn = Pmn + p
end

end

*/

*/

Algorithm 2: CSA algorithm

/* Initialization:

Iy, Iy, I3, &

nd r are randomly selected in [0,1]

1, and u, are the lower and upper bounds.

d is the nu

mber of dimensions.

Initialize random positions for n chameleons.
Initialize the velocity of dropping chameleons’ tongues.

*/

whiler < 1,,, do
Define the parameters u, o, and a.
fori=1:ndo
forj=1:ddo
if r; > P, then
| Y1) = v, ) + pi(BGs ) — GGy + pa(Gi() = (G, )y
end
else
| Vet G ) = 3G )+ 1 () = 1,(D) 75+ 1,()) sgn(rand — 0.5)
end
end
end
fori=1:ndo
‘ Vi1 (D) = yr (D) + y,(i)
end
fori=1:ndo
forj=1:ddo
V1 (6 0) = 00,G6, ) + ¢ (G,(G) = 3, ) 1y + ¢ (PG ) = v, ) 2
Yoo ) = 00+ ((00.0)° = (01 G.)) / a)
end
end
Chameleons’ positions are adjusted according to u, and /.
Evaluate the new positions of the chameleons.
The chameleons’ positions are updated.
t=t+1
end

+ The 1st experiment: To explain the choice of the CSA, we have
utilized five other optimization algorithms to compare. They are
described in Table 3. Each algorithm is performed 30 different
times on the data set H4. Two evaluation indexes, Mean (M) and
Standard Deviation (SD), are used to assess the performance of op-

timization algorithms. In addition, we also use a non-parametric

test (W

ilcoxon [47]).

» The 2nd experiment: We utilize some of the latest image synthe-
sis algorithms to compare with the proposed model (See details
in Table 4). The our approach is denoted as A8.

The necessary parameters are described in Table 5. In the CSA
algorithm, the two parameters, » = 50 and 7,,,, = 50, are chosen so
because the error of the fitness function between iterations 50 and 49
is less than 1078,
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Algorithm 3: A fusion rule based on DTNP Systems

Input: Detail Layers (DL"MRI, DL;,), i=1,10
Output: The fused detail layers (DL"F)
Step 1: From DL} . and DL!, compute the DTNP systems

(PI"WRI(x,y), P}",(x,y)) according to Egs. (10) and (11).

Py g (x.y) = DTNPS(DL} . ) (10)

P} (x,y) = DTNPS(DL}) 1n

Step 2: The fused detail layers (DL"F(x, y)) are calculated
according to Eq. (12).

. DLi if PI- ’ > Pi ’
DLY(x,y) = ,MRI(x’y) 1 | jin,(x nl=| }i,(x I 12
DL (x,y) if | P, (9| < |PL(x, )|

Algorithm 4: Our image fusion approach

Input: Iy ;s Iper

Output: /I,

MRI images are enhanced by an algorithm proposed by Dinh et al.
[35]. The steps of our algorithm are as follows:

Step 1: Ippp is converted into three channels (Y, U, and V) by
using YUV color model.

Step 2: I, ; and Y images are decomposed into the base layers
(BLyrs> BLy) and the detail layers (DL"MR,, DL;) (i =1,10) by
STV method.

Step 3: DL! . and DL, (i= 1,10) components are synthesized

MRI
according to Eq. (13)

DL, = FR.DTNPS(DL},,,, DL}) (13)

Step 4: The BL,,; and BLy components are fused by using the
CSA to find adaptive parameters (8, € [0, 1] and g, € [0, 1]). Fitness
function (F) is described as Eq. (14).

F=2(Ep, - Ep) a4

Where
+ Ep, and Ep, are entropy values obtained from image I; and
I r1> Tespectively.

+ I, is the composite image obtained in each loop of the CSA.

+ A and V are the mean and variance values of image I,
respectively.

The fused components (BL[) is calculated according to Eq. (15)
BLp =, # BLypy + B * BLy (15)

Step 5: Gray composite image (I ;) is calculated according to
Eq. (16).

10
Ipg=BLp+ Y DL, (16)
i=1
Step 6: Color composite image (I ¢) is obtained by converting
three channels (1 re U, and V) to the RGB model.

4.3. Evaluation

Firstly, the two average optimization parameters (f, and f,) ob-
tained on 3 data sets, H1, H2, and H3, are shown in Table 6. The values
of g, are quite large (greater than 0.97), while the values of p, are
pretty small. This result shows that the base layer of the MRI image
(BLjry) is a more informative contributor than the base layer of the
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Table 1

Six evaluation indexes.
Num Indexes Name
1 ALI Average Light Intensity
2 CI Contrast Index
3 E Entropy
4 AG Average Gradient
5 QAB/E Edge-based similarity measure [45]
6 Qe Piella metrics [46]

Table 2

Data set.
Data sets Number of images Description
H1 22 pairs (MRI - PET) Slices 50 to 71 according to the Transaxial axis
H2 22 pairs (MRI - PET)  Slices 50 to 71 according to the Sagittal axis
H3 22 pairs (MRI - PET)  Slices 50 to 71 according to the Coronal axis
H4 2 pairs (MRI - PET) Slices 57 according to the Transaxial and

Sagittal axis

Table 3
Optimization algorithms.
Num Algorithms Years
1 GWO (Grey Wolf Optimizer) [48] 2014
2 MVO (Multi-Verse Optimizer) [49] 2015
3 SCA (Sine Cosine Algorithm) [50] 2016
4 WOA (Whale Optimization Algorithm) [51] 2016
5 SSA (Salp swarm algorithm) [52] 2017
Table 4
Seven image fusion approaches.
Algorithms Years Link
NSCT-LLE (A1) 2019 https://github.com/zhiqinzhul23/Source-code-of-
[53] medical-image-fusion-in-NSCT-domain
NSST-PCNN (A2) 2020 https://github.com/WeiTan1992/NSST-MSMG-
[54] PCNN
MLEPF (A3) [55] 2021 https://github.com/WeiTan1992/MLCF-MLMG-
PCNN
LGE-JBF (A4) [21] 2021 https://github.com/Ixs6/INS_medical-image-
fusion
PD-CSE (A5) [56] 2021 https://github.com/ImranNust/
MedicallmageFusion_IMA
NSST-CNPS (A6) 2021 https://github.com/MorvanLi/CNP-MIF
[57]
NSCT-DTNP (A7) 2021 https://github.com/MorvanLi/DTNP-MIF
[58]
Table 5
Some parameters in our algorithms.
Num Algorithms Parameters
1 csA Number of chameleons: n = 50
Maximum number of loops: ¢, =50
Initial threshold: 7, = 1
Iteration number: T = 110
2 DTNP systems Generated spikes: p =1
Neighborhood radius: h =3
3 STV Number of bands: N = 10

-1 _
dt=+ =01

PET image (BLpgy). As a result, base layer fusion using adaptive pa-
rameters effectively determines which base layers contribute significant
amounts of information to the composite image.

Secondly, the M and SD indexes of the fitness function obtained
after 30 different runs of the optimization algorithms are illustrated in
Table 7 and Fig. 7. The mean obtained from the CSA algorithm is the
largest, and the standard deviation is the smallest. This result shows
that the CSA algorithm is the best among the compared optimization
algorithms. Therefore, we have used the CSA algorithm in the proposed
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https://github.com/WeiTan1992/NSST-MSMG-PCNN
https://github.com/WeiTan1992/NSST-MSMG-PCNN
https://github.com/WeiTan1992/MLCF-MLMG-PCNN
https://github.com/WeiTan1992/MLCF-MLMG-PCNN
https://github.com/lxs6/INS_medical-image-fusion
https://github.com/lxs6/INS_medical-image-fusion
https://github.com/ImranNust/MedicalImageFusion_IMA
https://github.com/ImranNust/MedicalImageFusion_IMA
https://github.com/MorvanLi/CNP-MIF
https://github.com/MorvanLi/DTNP-MIF
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Fig. 13. Six metrics obtained from image synthesis algorithms on data set H2 are illustrated by boxplots.

: A
LGE — |BF

Fig. 14. The output images created by eight image fusion algorithms on data set H3.

Table 6
The two average optimization parameters (f, and p,) obtained on 3 data sets, H1, H2,
and H3.

Data set b b

H1 0.97031 0.00472
H2 0.97125 0.01215
H3 0.97122 0.00176

model. Furthermore, from Table 8, the p-values are less than 0.05, and
the results are therefore statistically significant.

Thirdly, six indicators for evaluating the quality of composite im-
ages are illustrated in Table 9. The fused images obtained from three

data sets (H1, H2, and H3) are illustrated in Figs. 8, 11, and 14.
Visually, it is easy to see that the images synthesized by our method are
of the best quality. Quantitatively, all the evaluation indexes obtained
from our model are the best compared to the evaluation indexes ob-
tained from the remaining image fusion algorithms. The four evaluation
indexes ALI, M1, E, and AG show that the composite image obtained
by our image fusion algorithm has brightness, contrast, amount of
information, and sharpness better than the composite images obtained
from the remaining image synthesis algorithms. The best results of
QAB/F and Qe show that our image fusion approach is to preserve
the details from the input image well. We crop an image area from
Figs. 8, 11, and 14 and represent them in Figs. 9, 12, and 15. From
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PET # 057C Frame 2 LGE — JBF CNPS NSCT — DTNPS
Fig. 15. An image area is cropped from Fig. 14.
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Fig. 16. Six metrics obtained from image synthesis algorithms on data set H3 are illustrated by boxplots.

small frames in Figs. 9, 12, and 15, it is easy to see that the proposed
method produces better quality images than the other methods.

Figs. 10, 13, and 16, illustrate the six indicators obtained from
different image synthesis algorithms for 66 pairs of MRI-PET images.
The data distribution of the evaluation indexes depends on two main
factors, the input image and the image synthesis algorithm itself. Visu-
ally, it is easy to see that the average value of the evaluation indicators
(represented by a red asterisk) obtained from our proposed algorithm
is the highest. This result shows that our image fusion model produces
better composite images than those generated from the other image
fusion methods.

The running times of the image fusion algorithms are shown in
Table 10. Our synthesis algorithm takes about 14.32 s on average to
complete the synthesis of images. This running time is quite large when

10

compared to some other synthesis algorithms. Therefore, this is the
drawback of our algorithm.

5. Conclusion and future work

In this paper, a novel approach is introduced to synthesize medical
images. This approach is based on the STV, CSA algorithm, and the
fusion rule using DTNP systems (FR_DTNPS). The STV is used to
transform images into a base layer and a series of detail layers. The
CSA algorithm is used to fuse the base layers with the aim of ensuring
that the synthesized image is of good quality. The FR_DTNPS rule
ensures that important information from the input image is preserved
in the synthesis process. One hundred thirty-two medical images, six
evaluation indexes, and seven latest image fusion algorithms were
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Table 10

Average running time (ART) of image fusion algorithms on the data set

(H1&H2&H3).
Approaches ART (s)
Al 3.145370
A2 7.443567
A3 7.999702
A4 0.428422
A5 0.265967
A6 3.621259
A7 17.888611
Ours (50 loops) 14.317758

Table 7
The M and SD indexes of fitness function from thirty runs.
Data set Algorithms M SD
CSA 0.454024658208212 0.000016716373537
GWO 0.453634987107202 0.000243690754013
H4(075T) MVO 0.452482287901068 0.000884435972570
SCA 0.452867424832344 0.000643487050870
WOA 0.453810401132191 0.000306227589404
SSA 0.453729288167299 0.000382543711500
CSA 0.462063946951917 0.000120805667 359
GWO 0.461745284780825 0.000159829329243
H4(0575) MVO 0.461005140006423 0.000593977765063
SCA 0.461127471137806 0.000542499019299
WOA 0.461830088573223 0.000216816382370
SSA 0.461715778894835 0.000409265662282
Table 8
P-values from Wilcoxon test.
Data set Algs P-values
CSA vs. GWO 3.019859359162151e—11
CSA vs. MVO 3.019859359162151e—11
H4(057T) CSA vs. SCA 3.019859359162151e-11
CSA vs. WOA 2.921545213841673e—-09
CSA vs. SSA 1.956779959806124e—10
CSA vs. GWO 5.461746656616969e—09
CSA vs. MVO 5.494052450965197e—11
H4(0575) CSA vs. SCA 1.093669563109906e—10
CSA vs. WOA 1.697952601710239%e—-08
CSA vs. SSA 4.310612299972266e—08
Table 9

Six evaluation indexes of the fused image obtained by eight image synthesis
approaches.

Data set  Algs  ALI CI E AG QAB/F Qe
Al 0.2811 0.3269 5.5239 0.0713 0.7062 0.8888
A2 0.3190 0.3756 5.6738 0.0676 0.6248 0.7663
A3 0.3230 0.3779 5.1512 0.0620 0.6025 0.7163
HI A4 0.3059 0.3469 4.8193 0.0683 0.7343 0.8898
AS 0.2777 0.3209 5.2796 0.0655 0.7521 0.8907
A6 0.2899 0.3352 5.2885 0.0725 0.7189 0.8999
A7 0.2982 0.3400 5.3902 0.0702 0.7266 0.9038
A8 0.3718 0.3876 5.9612 0.1074 0.7743 0.9055
Al 0.3199 0.3117 6.3466 0.0827 0.7091 0.8710
A2 0.3475 0.3733 6.2441 0.0753 0.6091 0.6769
A3 0.3502 0.3735 5.9626 0.0703 0.5792 0.5978
H2 A4 0.3491 0.3305 5.6511 0.0797 0.7412 0.8713
AS 0.3077 0.2992 6.1828 0.0755 0.7535 0.8719
A6 0.3273 0.3155 6.2426 0.0840 0.7190 0.8829
A7 0.3397 0.3236 6.2633 0.0815 0.7238 0.8863
A8 0.4346 0.3765 6.8396 0.1404 0.8035 0.9183
Al 0.2901 0.3177 5.8960 0.0941 0.7018 0.8715
A2 0.3221 0.3721 5.7625 0.0859 0.6192 0.6962
A3 0.3250 0.3728 5.3172 0.0827 0.6097 0.6578
H3 A4 0.3210 0.3416 5.0898 0.0927 0.7416 0.8891
A5 0.2877 0.3115 5.5320 0.0878 0.7501 0.8861
A6 0.3036 0.3294 5.7258 0.0967 0.7130 0.8850
A7 0.3123 0.3343 5.7416 0.0943 0.7229 0.8928
A8 0.4012 0.3942 6.2567 0.1514 0.7844 0.9028

utilized to assess. The results show that our image synthesis model is
more efficient than the current latest image synthesis methods.

In the future, we plan to improve the efficiency of medical image
fusion in the following two ways. Firstly, apply the latest image en-
hancement methods to improve input image quality. This method has
been proven to be effective in improving the performance of medical
image synthesis algorithms, according to Dinh et al. [35]. Secondly, ap-
ply new meta-heuristic optimization algorithms to improve the quality
of the fusion rule as well as the running time.
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Abstract

Medical image fusion has been shown to be effective in supporting clinicians make better
clinical diagnoses. Although many algorithms have been proposed for synthesis, they still
have certain limitations. Some limitations can be seen as the synthesized image is reduced in
contrast or details are not preserved. In this paper, we propose an image fusion algorithm to
solve the problems mentioned above. Firstly, an image decomposition method is proposed
to decompose the image into two components. This method is based on the Gaussian fil-
ter and the Weighted mean curvature filter. Secondly, a fusion method for high-frequency
components is based on local energy function using Structure tensor saliency. Finally, we
create an adaptive fusion rule using the Marine Predators Algorithm optimization method
to fuse low-frequency components. Five latest algorithms and five evaluation indexes have
been used to test the proposed algorithm’s effectiveness. The obtained experimental results
show that the composite image is significantly improved in quality as well as well preserved
the information from the input image.

Keywords Marine predators algorithm (MPA) - Two-component decomposition (TCD) -
Maximum local energy (MLE) - Structure tensor saliency (STS)

1 Introduction

In recent years, medical image processing applications are becoming more and more popular.
In particular, medical image fusion has received much attention from researchers because
of its practical applications. With the variety of medical imaging devices, it is possible
to obtain medical images containing different types of information (Wang et al. 2021c).
For example, magnetic resonance imaging (MRI) provides information about soft tissues
and organs with high contrast. In contrast, positron emission tomography (PET) provides
information about tissues and organs’ metabolic or biochemical functions. Therefore, creating
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an image containing information from multi-modal images will help doctors make better
diagnoses.

Until now, image fusion methods are usually performed on the transform domain. Specif-
ically, the images are transformed by a defined image decomposition method. Then, the
components on the transform domain are fused according to a predefined rule. Finally, the
synthesized components are transformed to the spatial domain (Zhang et al. 2020). The meth-
ods of image transformation are also very diverse. Several image transformation methods can
be mentioned such as Wavelet transform methods, Pyramid methods, and Multi-scale geo-
metric analysis (MGA) methods. Image decomposition methods based on aforementioned
transform have been used in many image fusion studies. For example, Dinh (2021a) has
utilized Stationary wavelet transform (SWT) to decompose input images. Laplacian Pyramid
has used to transform input images in some studies (Du et al. 2016; Wang et al. 2020b; Fu
et al. 2020). Some of the image transforms using phase information have been used such as
Non-subsampling contour transform (NSCT) (Zhu et al. 2019; Wang and Shen 2020; Wang
et al. 2021d), non-subsampled shearlet transform (NSST) (Liu et al. 2018; Ding et al. 2020;
Nair and Singh 2021b,a; Wang et al. 2021b; Gao et al. 2021). In addition, Sparse repre-
sentation (SR) has also been shown to be effective in decomposing input images in image
synthesis algorithms. Some studies can be mentioned as Maqsood and Javed (2020), Shibu
and Priyadharsini (2021), Yousif et al. (2022), Li et al. (2021a), Hu et al. (2021) and Barba-J
et al. (2022).

Deep learning is a powerful tool for solving image processing problems. It has also been
applied to solve the problem of image synthesis in some recent studies. For example, Ding
et al. (2021) have utilized Siamese networks and combined them with the local extrema
scheme. Another study using this network was also proposed by Yousif et al. (2022). Wang
et al. (2021d) have proposed to use convolutional neural networks (CNN) for fusing high
frequency sub-bands in NSST domain. Some other studies using deep learning networks can
be mentioned as Li et al. (2021b), Zhao et al. (2020) and Guo et al. (2021).

To improve the efficiency of image fusion, many researchers have recently proposed
optimization-based approaches. For instance, Dinh (2021c¢) has used the equilibrium opti-
mizer algorithm (EOA) to build an efficient synthesis rule for low-frequency components.
Gao et al. (2021) have proposed to use Particle swarm optimization (PSO) for fusing low
frequency sub-bands in the NSST domain. Some other studies also use PSO such as Shehanaz
etal. (2021), Tannaz et al. (2019) and Gao et al. (2021). Jose et al. (2021) have utilized adoles-
cent identity search algorithm (AISA) to fuse high frequency sub-bands in the NSST domain.
Some other optimization algorithms have also been used such as grasshopper optimization
algorithm (GOA) (Dinh 2021d), shark smell optimization (MSSO) (Xu et al. 2020), and gray
wolf optimization (GWO) (Daniel et al. 2017). In addition, some potential algorithms can be
found in the researches (Tao et al. 2020; Fang et al. 2021; Wei et al. 2021; Stojanovic et al.
2020; Prsié et al. 2016).

Faramarzi et al. (2020) introduced a new metaheuristic-based optimization algorithm
called MPA in 2020. Currently, This algorithm has been used effectively in some image
processing problems such as medical image fusion Dinh (2021e) and image segmentation
Abdel-Basset et al. (2020). Therefore, the application of MPA in image synthesis will bring
promising results.

According to our observations, the average rule is used to fuse low-frequency components
in some studies (Liu et al. 2016, 2019; Magsood and Javed 2020) because it allows the
algorithm to execute quickly. However, its disadvantage results in low-quality composite
images. Therefore, our study will focus on solving this problem by proposing an adaptive
fusion rule. Furthermore, to preserve the details from the input image, we propose an efficient
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synthesis rule for HFCs based on structure tensor. This rule is compared with some popular
synthesis rules today such as Maximum local energy (MLE) (Polinati and Dhuli 2020),
Parameter-adaptive pulse coupled neural network (PA-PCNN) (Yin et al. 2019), and Sum
modified Laplacian (SML) (Li et al. 2018).

In this work, we propose three new algorithms to improve the efficiency of image com-
positing. Some of the key contributions are highlighted as follows:

— Firstly, the two-component image composition (TSD) method is proposed to decompose
images into two components. This method is built by the Gaussian filter (GF) and the
Weighted mean curvature filter (WMCEF).

— Secondly, an efficient rule is introduced to fuse the HFCs. This rule is based on maximum
local energy using structure tensor saliency.

— Thirdly, an adaptive synthesis rule is proposed for the fusion of LFCs.

The rest of the paper is arranged as follows: Some background knowledge, such as
Weighted mean curvature filter (WMCEF), the two-component image decomposition, YCbCr
color space, Structure tensor, Local Energy using Structure Tensor Saliency, and the MPA
algorithm, is introduced briefly in Sect. 2. Section 3 presents the fusion rule based on Max-
imum local energy using the structure tensor saliency (MLE_STS) as well as the proposed
approach. Section 4, Dataset, evaluation indexes, and experiment results are mentioned.
Finally, the conclusion and future work are given in Sect. 5.

2 Background

Some background knowledge, such as Weighted mean curvature filter (WMCEF), the TSD
method, YCbCr color space, Structure Tensor, Local Energy using Structure Tensor Saliency,
and MPA algorithm, are introduced in this section.

2.1 Weighted mean curvature filter (WMCF)

Gong and Goksel (2019) proposed the WMCEF in 2019, and it has been effectively used
in image fusion (Tan et al. 2021). The WMCEF is calculated according to Eq. (1). Figure 1
illustrates an input image and an output image after using the WMC filter.
P}Pyy + 2P, PyPyy + P2Py,

F(P)= AP —
7 P+ P2

ey

where

P is an input image.

— A is the isotropic Laplace operator.

— Py, and P, are the partial derivatives in the x and y directions.
- PXZ, PVZ, P,y are corresponding second-order partial derivatives.

Step 1: Calculate the distances d; according to the Eq. (2).
d=m;*xP,i=1,8 2)

where the m; matrices are shown in Fig. 2.
Step 2: The WMCEF is calculated according to Eq. (3)
F(P) = dp 3

where m = argmin(|d;|; i = 1, 8)
i
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Fig.1 The WMCEF (input and output image)

1/3 -1 0 1/6 -1 1/6 0o -1 1/3 1/6 -1 1/6
1/6 1/6 0 0 0 0 0 1/6 1/6 1/6 1/3 1/6
my my ms my

[1/6 1/3 1/12] [1/12 1/3 1/6] [0 0 1/12] [1/12 0 0}

[1/6 1/6 0] [1/6 1/3 1/6] [0 1/6 1/6} [0 0 0]

1/3 -1 0 o -1 1/3 o -1 1/3 1/3 -1 0
1/12 0 0 o o 1712l li/12 173 176 1/6 1/3 1/12

mg Mme my mg

Fig.2 Masks of the MWCF

2.2 Two-component decomposition method

Image decomposition is an indispensable step in the image fusion process. Up to now, there
have been many different approaches to image decomposition. For example, Magsood and
Javed (2020) have proposed a new medical image fusion method using Two-scale image
decomposition. Some other studies can be mentioned as Du et al. (2020) and Wang et al.
(2021a). Based on gaussian filter and WMC filter, we propose an image decomposition
method as Al (1) (Figs. 1, 2). Figure 3 illustrates the decomposition of an input image into
two components:

Algorithm 1: The two-component decomposition method

Input: An image (/;;,)

Output: Two components C and Cp
Step 1: Apply the Gaussian filter for image /;,, to obtain component (Cy).
Step 2: Apply the WMC filter for (C) to obtain an image (lymc)-
Step 3: Component C» is determined as Eq. (4).

Cy = Iin — lwme (4)
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Subtraction

WMC Filter

Fig.3 Illustration for the two-component decomposition

2.3 YChCr color space

The YCbCr model is commonly used in image processing applications. In particular, this
color model has been used in medical image synthesis (Dinh 2021b)
The RGB-YCbCr transformation is represented by Eq. (5)

Yy 0.257 0.504 0.098 Rr 16
Cb|=|-0.148 —-0.291 0.439 Gg |+ | 128 5)
Cr 0.439 —-0.368 —0.071 Bb 128

YCbCr is converted to RGB as Eq. (6)

Rr 1.164  0.000 1.596 Yy —16
Gg|=|1164 —-0392 —-0.813||Cb— 128 (6)
Bb 1.164  2.017 0.000 Cr — 128

2.4 Structure tensor

The structure tensor is computed by the difference between the pixel values in the image. It
is also an essential tool for obtaining image features. In recent times, the tensor structure has
been utilized in many image processing applications, such as image fusion (Li et al. 2021c¢),
extended focused imaging in microscopy (Ren et al. 2021), and corner detection (Wang et al.
2020a).

Given the image matrix I, we denote G; and G as the gradient in the i direction, and j
direction, respectively. The structure tensor is defined as Eq. (7).

2 G

>,GiGj  X,G5
where, w is a local window.
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Fig.4 Illustration for the image structure saliency S

In addition, the eigenvalues of the structure tensor provide more information about the
local geometry of the input image. Eigenvalues can be calculated as Eqgs. (8) and (9).

2 2
e =1 Y GI+) G+ (ZG%—ZG§> +4<ZG,-GJ-> (8)

\S}

2 2
ezzé Y Gi+) Gi- <ZG?—ZG§> +4<ZG,-Gj> ©)

The structure tensor salient detection operator can be defined as the Eq. (10) (Fig. 4)

S = (1 +e2? +05 (1 - e2)? (10)

Figure 4 illustrates an input image and the corresponding STS component.

2.5 Local energy using structure tensor saliency

Sharp images provide higher local energy than blurry images. Therefore, some recent studies
have used the local energy (LE) function for image fusion. For example, Polinati and Dhuli
(2020) have proposed a new image fusion method using maximum local energy. Another
study used LE as Dinh (2021d).

Given the image matrix I, let W be a unit window of size m x n. The local energy LE (i, j)
function is defined according to the Eq. (11).

m—1 m—1
LEG, jy= Y Y W(pi,p)*I*G+pi,j+p) (11)

p1=0 p2=0
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The local energy using structure tensor saliency is defined according to the Eq. (12).

m—1 m—1

LE_STSG, jy=Y_ Y S(p1,p2)* I*G + p1,j + p2) (12)
p1=0 p2=0

where S is the structure tensor saliency detection operator as the Eq. (10).

2.6 MPA algorithm

Faramarzi et al. (2020) introduced MPA in 2020. See details in Algorithm (2). The three main
stages of the algorithm can be described as follows:

Stage 1: Stepsize (S) and Prey (P) are computed in a third of the loop as Eqs (13) and
(14).

S(u,v) = Bu,v) ® (F(u,v) — B(u,v) ® P(u, v)) (13)
P(u,v)=Pu,v)+ H.R® S(u, v) (14)
where
— Rin [0,1].
- H=0.5.

® is denoted for entry-wise multiplications.

B is randomly selected from Brownian motion.
— F(u, v) contains the fitness solution.

Stage 2: Stepsize (S) and Prey (P) are calculated in the next third of the loop as Eqs (15),
(16), (17), and (18).
For the first half of the population:

S(u,v) = Rp(u,v) ® (F(u,v) — R (u,v) ® P(u, v)) (15)
Pu,v) =Pu,v)+ H.R® S(u, v) (16)

For the second half of the population:

Su,v) =B(u,v)® (B(u,v) ® F(u,v) — P(u, v)) (17)
Pu,v)=Fu,v)+ H.AP ® S(u, v); (18)

where

~ AP =(1— Ly

Lnax

Stage 3: Stepsize (S) and Prey (P) are computed in the last third of the loop as Eqs. (19)
and (20).

Su,v) =R (u,v) ® (Rp(u,v) ® F(u,v) — P(u,v)) (19)
Pu,v)=Fu,v)+ HAP ® S(u, v) (20)

= . . e
— Ry is generated from the Levy distribution.
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Algorithm 2: MPA algorithm

Initialize the population (i = 1, n), matrix F and Prey (P).
Assign parameters: H = 0.5; FADs = 0.2;rin [0,1];
while [ < ;4 do
/* Stage 1: */
if 1 < 1lpax then
| Update prey according to Eq. (14);
end
/* Stage 2: */
else if (! > Ylmax) and (I < 3lpax) then
For the first half of the population.
Update prey according to Eq. (16);
For the second half of the population.
Update prey according to Eq. (18);
end
/* Stage 3: */
else if [ > %lmax then
‘ Update prey according to Eq. (20);
end
/* Eddy formation and FADs' effect */
if (r < FADs) then
| P(u,v)=Pu,v) + AP % (Xpmin + RO Xmax — Xmin)) @ U)
end
else if (r>FADs) then
S(u,v) =(FADs % (1 —r) +r)* (Pr1(u,v) — Prp(u,v));
P(u,v) = Pu,v)+ Su, v);
end
[=1+1
end

c, LE_STS(Cy)

LE_STS(C3)

Fig.5 Illustration for the MLE_MSTS method

3 Proposed approach
In this section, we introduce two algorithms. The first algorithm is a fusion rule based on

maximum local energy using structure tensor saliency (MLE_STS). The second algorithm
is designed to fuse LFCs.

3.1 MLE_STS

In subsection, MLE_STS is presented in detail as algorithm (3)
Figure 5 illustrates the use of the MLE_STS method.
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Algorithm 3: MLE_STS

Input: Components (Cy, Cp)
Output: C3

Step 1: From components (C1, C3), compute the Local energy functions using the structure tensor
saliency (LE,STS', LE?STSz) according to Sect. 2.5 as the Eqgs. (21) and (22).

m—1 m—1

LE_STS'(i.j)= Y Y Si(p1.p2)*CiG + p1.Jj+ p2) 1)
p1=0 pr=0
m—1 m—1

LE_STS*G, )= Y Y S(p1,p2) *C3G + p1.j + p2) (22)
p1=0 pp=0

where S and S are the structure tensor saliency of Cy and Cy, respectively.
Step 2: The proposed fusion rule can be calculated as the Eq. (23).

CiG, j) ifILE_STS'G, )| = |ILE_STS?(i, j)|

A 1 2 (23)
Ca(i, j) ifILE_STS'(G, j)| < |[LE_STS%, j)|

C3(i,j)=:

Two-component
decomposition

I Fusion

Fig.6 The diagram of our approach

3.2 The proposed approach using MLE_STS and MPA

We describe some of the main steps in our algorithm as follows. Firstly, color image Ipg7 is
transformed to YCbCr color space. Secondly, the TCD method is used to decompose images
Iy gy and Y into low and high frequency components. Then, the MLE_STS method is utilized
for HFCs, and the MPA algorithm is used to fuse LFCs. Finally, the fused components are
summed to obtain a gray composite image (/,p,). Use the 3 channels /,,,;, Cb, and Cr to
convert to RGB. See details of the proposed algorithm in Fig. 6.
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Algorithm 4: The proposed approach

Input: Ipsp7, Ipp7 (S X T).
Output: /pyion
Step 1: Convert image /p g7 to YCbCr model into Y, Cb, and Cr.
Step 2: The TCD method is used to decompose /j7g; and Y into the components (CIIVIRI’ C12\/1R1)

and (Ch 7. C% o). respectively.
Step 3: C12\/1 gy and C%, g are synthesized by the MLE_STS method (See algorithm 3).

2 2 2
CFusea = MLE_STS(Cyg;- Cppr) 24)

Step 4: C}w gy and C}D pr are synthesized by the MPA with optimal parameters (¥ € [0.5, 1],
Yo € [0,0.5], and 3 € [0.9, 1]) as Eq. (25).
Chusea = V1 * Chypy + V2% Chpp (25)
A fitness function F is calculated according to Eq. (26).

KTemp
Fo = —

# (ETemp — EMRI) * (ETemp — EpET) % MSE (26)
UTemp
Where MSE(IpR1s ITemp)s MSE(Y, ITemp), and M SE are calculated as Egs. (27), (28), and (29),
respectively.

1

MSE(yR1- Iremp) = <7 2 D UTemp(s. ) = Ingi (x. ) (27)
x=1y=1
1 T
MSEW, I7emp) = < 2 D UTemp(x,3) = Y (x, > (28)
x=1y=1
MSE =3 % MSE(ygy. ITemp) + (1 — ¥3) % MSE(Y, ITemp) (29)

UTemp and cr% emp A€ mMean and variance of the temporary fused image Iremp (UTemp =

C};med + C%med) in each iteration of the MPA algorithm. Epgy, Eppr, and Egep)p are the
Entropy of Iy1gy. Y, and Iy, respectively.

Step 5: if C}'"used(i’ J) > 1 then update C}:used(i’ j) > 1asEq. (30)
Chusealis /) = Max(Cyyg; G, ), Cppp i, ) (30)
Step 6: 1o, is obtained at the end of the loop of MPA algorithm.

Step 7: The YCbCr-RGB transformation is utilized to convert /¢, Cb, and Cr to RGB model to
obtain /rygion-

4 Experiments and results
4.1 Evaluation indexes

We choose some of the following evaluation indexes:

— Average luminous intensity (ALI).
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Sharpness.

— QAB/F (Xydeas and Petrovic 2000) (Edge-based similarity measure).
Visual Information Fidelity for Fusion (VIFF) (Han et al. 2013).
Feature Mutual Information (FMI) (Haghighat et al. 2011).

4.2 Experimental setup

Experimental data (Ds) consists of 3 Groups (75 pairs of MRI and PET images, 256 x 256),
namely Ds1, Ds2, and Ds3. Each group has 25 pairs of MRI-PET images collected according
tothe T, S, and C coordinate axes from 60th to 84th slices, respectively (see Fig. 7 for details).
The source images have the address as follows: http://www.med.harvard.edu/AANLIB/. We
carry out some experiments as follows:

Experiment #1: To explain why the MPA is selected in our model, we used other opti-
mization algorithms for comparison. They are Ant Lion Optimizer (ALO) (Mirjalili 2015),
Multi-Verse Optimizer (MVO) (Mirjalili et al. 2015), Salp swarm algorithm (SSA) (Mirjalili
et al. 2017), Sine cosine algorithm (SCA) (Mirjalili 2016), and Grey wolf optimizer (GWO)
(Mirjalili and Lewis 2016). Each optimization algorithm is run with 35 different times on
the data set X (X1, X2, and X3 using the 82th brain slice). Two evaluation indexes (Average
and Standard deviation) are used to evaluate. Additionally, to determine the significance of
the results, we have use the Wilcoxon rank-sum test (Wilcoxon 1945)

Experiment #2: To test the effectiveness of the MLE_STS method, some fusion rules are
used to compare.

— Max selection rule (MSR).

— MLE (Polinati and Dhuli 2020).

— PA-PCNN (Yin et al. 2019).

— Sum-modified Laplacian (SML) (Li et al. 2019).

In addition, some evaluation indexes in this experiment are selected as follows:

— QAB/F (Xydeas and Petrovic 2000).
— VIFF (Han et al. 2013).
— FMI (Haghighat et al. 2011).

Experiment #3: To test the efficiency of our model, we use some of the latest algorithms
used to compare.

— Convolutional sparse representation (CSR) (A1) (Liu et al. 2016).

— Phase Congruency and Local Laplacian Energy in NSCT domain (PC-LLE-NSCT) (A2)
(Zhu et al. 2019).

— Multi-scale morphological gradient with Parameter-Adaptive PCNN in NSST domain
(NSST-PAPCNN) (A3) (Yin et al. 2019).

— Multi-level curvature filtering and Multi-level morphological gradient with PCNN
(MLCF-MLMG-PCNN) (A4) (Tan et al. 2021).

— Multi-scale morphological gradient with PCNN in NSST domain (NSST-MSMG-PCNN)
(AS5) (Tan et al. 2020).

In addition, five indexes were utilized to evaluate in this experiment.

— ALL
— Sharpness.
— QAB/F (Xydeas and Petrovic 2000).
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#082-T (MRI) #082-T (PET) #082-S (PET) 82-C (MRI) #082-C (PET)

Fig.7 Three pairs of RMI and PET images in the dataset

Ine detset (o, Do and gy S i v V3
Dsl 0.9921 0.0113 0.999
Ds2 0.9928 0.0148 0.999
Ds3 0.9939 0.0174 0.999

— VIFF (Han et al. 2013).
— FMI (Haghighat et al. 2011).

The proposed algorithm is implemented with the following parameters in MPA algorithm:

— n=100.
— H=0.5; FADs =0.2; rin [0,1]
= Lpax = 100.

4.3 Experimental results and evaluation

In this subsection, the results of the experiments are described and evaluated.

Firstly, the three optimal parameters (1, ¥, and ¥3) of our model are shown in Table 1.
Seventy-five images in dataset Ds were used for this experiment.

Secondly, the two indexes the average and SD from the MPA algorithm are shown in from
Table 2, and they are the lowest. This result explains why MPA was chosen. Moreover, the
P values from the Wilcoxon rank-sum test are less than 0.05 in Table 3, so the results are
statistically significant.

Thirdly, from Table 4, it is easy to see that the indexes QAB /F_VIFF, and FMI obtained
from the MLE_STS method are the highest in the proposed approach. This experiment shows
that the MLE_STS method is effective in fusing HFCs.

Fourthly, from the Figs. (8,9, 10) and Table 5, it is clear that the evaluation indexes obtained
from the proposed model are better than those obtained from other methods. For example,
from Table 5 (Dr1), the ALI of our algorithm was highest, at 0.3324, whereas the figures for
other algorithms (CSR (Liu et al. 2016), PC-LLE-NSCT (Zhu et al. 2019), NSST-PA-PCNN
(Yin et al. 2019), MLCF-MLMG-PCNN (Tan et al. 2021), and NSST-MSMG-PCNN (Tan
et al. 2020)) were lower, at 0.1497, 0.2781, 0.3026, 0.3305, and 0.329, respectively (See
Figs. 11, 12, 13 for details).

Finally, to observe the preservation of detailed information contained in the fused images.
We cut out a small frame from Figs. 8, 9, and 10 and illustrated them in Figs. 14, 15, and 16,
respectively. From Table 5 (Dr3), the Q48/F index of our algorithm is highest, at 0.8074.
Whereas, the figures for methods CSR (Liu et al. 2016), PC-LLE-NSCT (Zhu et al. 2019),
NSST-PA-PCNN (Yin et al. 2019), MLCF-MLMG-PCNN (Tan et al. 2021), and NSST-
MSMG-PCNN (Tan et al. 2020) were lower, at 0.7094, 0.7546, 0.7502, 0.6745, and 0.6969,
respectively. The rest of the evaluation indexes of our model also give better results.
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Table2 Average and SD from 35
different runs

Table 3 P values from a
non-parametric statistical test

Dataset Algorithms Average SD

X1 MPA 0.001045069482186 7.8865e—10
ALO 0.001045065146217 1.1160e—08
MVO 0.001043353669553 6.1600e—07
SSA 0.001044907125398 3.4989e—07
SCA 0.001043262980341 1.6351e—06
GWO 0.001044841186553 1.8571e—07

X2 MPA 0.002999522924040 7.0180e—11
ALO 0.002999521985754 9.678%e—10
MVO 0.002992648090986 5.7196e—06
SSA 0.002916124816694 6.8436e—05
SCA 0.002994891903872 5.3113e—06
GWO 0.002998561333884 5.2606e—07

X3 MPA 0.001285451119160 4.9965e—11
ALO 0.001285450425079 7.5165e—10
MVO 0.001280786748468 2.4750e—06
SSA 0.001252934970035 3.4697e—05
SCA 0.001281482798699 3.7760e—06
GWO 0.001284208487318 7.1169e—07

Bold values indicate two indexes (average and st) obtained from the MPA

algorithm are the smallest

Dataset Algorithms P values

X1 MPA versus ALO 3.3779e—05
MPA versus MVO 6.5455e—13
MPA versus SSA 1.5374e—10
MPA versus SCA 6.4855e—13
MPA versus GWO 6.5455e—13

X2 MPA versus ALO 6.5455e—13
MPA versus MVO 6.5455e—13
MPA versus SSA 6.5455e—13
MPA versus SCA 6.5455e—13
MPA versus GWO 6.5455e—13

X3 MPA versus ALO 8.8245e—12
MPA versus MVO 6.5455e—13
MPA versus SSA 3.7121e—09
MPA versus SCA 6.5455e—13
MPA versus GWO 6.5455e—13
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Table 4 Experimental results by

some fusion rules

Dataset Fusion rules QAB /F VIFF FMI
Drl Max selection 0.6423 0.5898 0.8576
MLE 0.7345 0.6376 0.8689
PA-PCNN 0.7467 0.6479 0.8694
SML 0.7574 0.6483 0.8768
MLE-STS 0.7886 0.6959 0.8894
Dr2 Max selection 0.6567 0.5739 0.8595
MLE 0.7367 0.6378 0.8698
PA-PCNN 0.7476 0.6489 0.8693
SML 0.7587 0.6489 0.8785
MLE-STS 0.7975 0.6884 0.8867
Dr3 Max selection 0.6446 0.5797 0.8285
MLE 0.7356 0.6367 0.8368
PA-PCNN 0.7578 0.6359 0.8386
SML 0.7591 0.6487 0.8495
MLE-STS 0.8074 0.6692 0.8664

Bold values indicate the evaluation indexes obtained from the proposed

algorithm are the largest (best)

Table 5 Experimental results on the datasets (Drl, Dr2, and Dr3)

Dataset Methods ALI S QAB/F VIFF FMI
Drl CSR 0.1497 0.0522 0.6449 0.1898 0.8413
PC-LLE-NSCT 0.2781 0.0715 0.6742 0.5745 0.8720
NSST-PAPCNN 0.3026 0.0709 0.6730 0.5869 0.8714
MLCE-MLMG-PCNN 0.3305 0.0655 0.6028 0.4792 0.8596
NSST-MSMG-PCNN 0.3229 0.0747 0.6557 0.6121 0.8595
Proposed method 0.3324 0.0798 0.7886 0.6959 0.8894
Dr2 CSR 0.1689 0.0619 0.6599 0.1824 0.8276
PC-LLE-NSCT 0.3233 0.0826 0.0827 0.7053 0.8689
NSST-PAPCNN 0.3440 0.0818 0.7066 0.5929 0.8686
MLCE-MLMG-PCNN 0.3485 0.0775 0.6081 0.4819 0.8477
NSST-MSMG-PCNN 0.3402 0.0865 0.6632 0.6194 0.8528
Proposed method 0.3578 0.0897 0.7975 0.6884 0.8867
Dr3 CSR 0.1554 0.0785 0.7094 0.1887 0.8127
PC-LLE-NSCT 0.2849 0.1004 0.7546 0.5705 0.8547
NSST-PAPCNN 0.3049 0.0999 0.7502 0.5855 0.8536
MLCF-MLMG-PCNN 0.2961 0.0982 0.6745 0.4570 0.8369
NSST-MSMG-PCNN 0.2869 0.1040 0.6969 0.5733 0.8389
Proposed method 0.3235 0.1058 0.8074 0.6692 0.8664

Bold values indicate the evaluation indexes obtained from the proposed algorithm are the largest (best)
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PC_LLE_NSCT NSST-PAPCNN MLCF-MLMG-PCNN NSST-MSMG-PCNN Proposed

Fig.8 The fused images from different methods

0T % L T 7 £ 7
PC_LLE_NSCT NSST-PAPCNN NSST-| MSMG PCNN Proposed

MLCF-| MLMG PCNN

Fig.9 The fused images from different methods

0 \
PC_LLE_NSCT NSST PAPCNN MLCF-MLMG-PCNN NSST-MSMG-| PCNN Proposed

Fig. 10 The fused images different methods

ALI Sharpness Qabf
0.35 =
=) 0.8
F o 0.08 _ ’
.
03 =3 T T Ef' 0.75 -
=]
0.07 T = T
0.25 F3l 0.7 T
+ 2
0.06
0.2 _ 0.65 L
0.05F & 0.6
0.15 <& =
Al A2 A3 A4 A5 Proposed Al A2 A3 A4 A5 Proposed Al A2 A3 A4 A5 Proposed
VIFF FMI
08 - 0.9 pa
-
0.6 ﬁ * == 0.88 T -
] )
[=3] €L €L T
04 0.86
0.2 0.84 =

Al A2 A3 A4 A5 Proposed

=

A2 A3 A4 A5 Proposed

Fig. 11 Evaluation indexes from six algorithms on the dataset (“Dr1”)

5 Conclusion

This paper introduces an efficient model for the synthesis of medical images. A method of
synthesizing LFCs is based on the MPA optimization algorithm. A synthesis method for
HFCs is based on maximum LE function using structure tensor saliency.

The experiments were carried out to test the effectiveness of the proposed model. Five
evaluation indexes and five image synthesis algorithms were used for comparison. The exper-
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Fig. 12 Evaluation indexes from six algorithms on the dataset (“Dr2”)
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Fig. 13 Evaluation indexes from six algorithms on the dataset (“Dr3”)

imental results show that our proposed method is effective in synthesizing medical images.
However, the limitation of the proposed algorithm is the running time. When the number of
populations and loops is large, the proposed approach can be time-consuming.

In the future, some remaining problems can be focused on solving. Firstly, we intend to
propose an algorithm to improve input image quality because the input images are usually
low quality, such as low-contrast, blur, and noise. For example, the enhancement of image
quality to improve the performance of the synthesis has also been applied in some recent
studies such as Magsood and Javed (2020). Secondly, to ensure that the information in the
input image is preserved when decomposing images, we intend to choose recently proposed
image decomposition algorithms such as Xing et al. (2020).
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g
Frame PC LLE_NSCT NSST-PAPCNN

Frame MLCF MLMG-PCNN NSST MSMG-PCNN Proposed

Fig. 14 Frames from the fused images in Fig. 8

CSR PC_LLE_NSCT NSST-PAPCNN
w3

MLCF-MLMG-PCNN NSST-MSMG-PCNN Proposed

NSST-PAPCNN

PET Frame MLCF-MLMG- PCNN NSST-MSMG-PCNN Proposed

Fig. 16 Frames from the fused images in Fig. 10
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ABSTRACT

Medical image fusion plays a pivotal role in facilitating clinical diagnosis. However, the quality
of input medical images may be marred by noise, low contrast, and lack of sharpness,
presenting numerous challenges for medical image synthesis algorithms. Additionally,
several fusion rules may degrade the brightness and contrast of the fused image. To this
end, this paper presents a novel image synthesis approach to tackle the aforementioned
issues. First, the input images undergo pre-processing to enhance their quality.
Subsequently, we introduce the three-layer image decomposition (TLID) technique, which
decomposes an image into three distinct layers: the base layer (Lg), the small-scale structure
layer (Lss), and the large-scale structure layer (L;s). Next, we synthesize the base layers
utilizing adaptive rules based on the Marine predators algorithm (MPA), ensuring that the
output image is not degraded. Finally, we propose an efficient synthesis method for Lss and
L;s layers, based on combining the local energy function with its variations. This fusion
technique preserves the intricate details present in the original image. We evaluated our
approach on 156 medical images using six evaluation metrics and compared it with seven
state-of-the-art image synthesis techniques. Our results demonstrate that our method
successfully generates high-quality output images and preserves detailed information
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throughout the image synthesis process.

1. Introduction

Medical imaging is an essential component of clinical
applications today. With the advent of advanced
image acquisition devices, a variety of multimodal
medical images can now be obtained. Human organ
structures are highly complex, and lesions cannot be
adequately described using a single type of multimo-
dal medical imaging. Computed Tomography (CT),
magnetic resonance imaging (MRI), positron emission
tomography (PET), and single photon emission com-
puted tomography (SPECT) are among the commonly
used types of multimodal medical imaging in image
fusion. SPECT imaging is particularly useful for diag-
nosing vascular conditions and detecting tumors, as
it offers insights into metabolic activity. In contrast,
MRI is renowned for its ability to capture high-resol-
ution images of soft tissues. To provide clinicians
with comprehensive diagnostic information, it is
crucial to synthesize the necessary information from
multimodal medical images.

Traditional approaches to image fusion involve a
sequence of three fundamental steps: image
decomposition, synthesis of the decomposed com-
ponents, and transforming the resulting fused image
back to the original domain. Presently, various image
decomposition methods exist. The first group of such

methods comprises multi-scale  decomposition
(MSD)-based techniques, such as Discrete wavelet
transform (DWT), Stationary wavelet transform (SWT),
and Laplacian pyramid (LP). For example, Wang et al.
[1] utilized the DWT method to decompose input
images before fusing them, while Dinh [2] applied
the SWT method to obtain high and low-frequency
components of input images. Fu et al. [3] employed
the LP method to decompose input images.
However, MSD-based methods have limited capacity
to capture directional information, thus resulting in
suboptimal image representation. The second group
of methods is multi-scale geometric analysis (MGA)-
based approaches, which overcome the limitations of
MSD-based methods. These methods include curvelet
transform, contourlet transform (CT), non-subsampled
contourlet transform (NSCT), shearlet transform (ST),
and non-subsampled shearlet transform (NSST). They
provide complete information about both phase and
direction. For example, Wang et al. [4] employed
NSCT to decompose input images, while Gao et al.
[5] utilized NSST to transform input images. Several
other image synthesis studies based on MGA
methods exist, including [6], [7], and [8]. However,
these methods have high computational complexity.
The third group of image transformation methods
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comprises base-detail decomposition (BDD) based
techniques, which exhibit benefits over MSD-based
methods in terms of both computational efficiency
and fusion performance. BDD-based methods enable
the decomposition of an input image into base and
detail layers by employing filters. For instance, Dinh
[9] proposed a novel image fusion approach based
on two-scale image decomposition. Li et al. [10]
applied three-layer decomposition to fuse medical
images. The fourth group of image transformation
methods consists of Sparse representation (SR)-based
methods, which have proven to be highly effective in
various image synthesis studies. Wang et al. [11] pre-
sented a new multi-focus image fusion approach
based on multi-scale SR. Jie et al. [12] integrated the
SR with adaptive energy-choosing schemes to fuse
Tri-modal medical images. Total-variational decompo-
sition (TVD) has also been leveraged in several
studies for image synthesis. Liu et al. [13] proposed a
novel image synthesis method based on the Robust
spiking cortical model and TVD. Additionally, Liu
et al. [14] utilized spectral total variation and local
structural patch measurement to construct an image
composite model.

Traditional methods of image fusion have limit-
ations that still persist. One limitation is that these
methods are bound to use the same image decompo-
sition method to acquire features and ensure their
combinability in the subsequent phase. This results in
the disregard of source image differences, which ulti-
mately leads to poor expressiveness of the extracted
features. Additionally, traditional methods acquire
few and insufficiently diverse features from image
decomposition, which still poses limitations on their
synthesis performance. Deep learning has proven to
be a powerful tool for addressing image processing
problems, including image enhancement [15], image
denoising [16], and image fusion. In particular, deep
learning-based approaches have been instrumental
in overcoming the limitations of traditional image
fusion methods. Firstly, these approaches can
conduct differentiated feature extraction by utilizing
diverse network branches. Secondly, the feature
fusion strategy can be effectively learned by designing
appropriate loss functions. As a result, deep learning-
based methods have significantly contributed to
image fusion. For instance, Hou et al. [17] proposed a
novel method for synthesizing CT and MRI images by
combining convolutional neural networks with a
dual-channel spiking cortical model. Ding et al. [18]
presented an image synthesis method based on
Dual-Branch CNNs in the NSST domain. Additionally,
Ding et al. [19] employed Siamese networks in con-
junction with the multi-scale local extrema scheme.
Wang et al. [1] combined Convolutional neural net-
works (CNN) with Discrete wavelet transform (DWT)
to fuse Multi-focus images. Kaur et al. [20] proposed

a medical image fusion based on deep belief networks
(DBN). Other studies have also employed deep
learning techniques to synthesize images, including
[21-25].

In recent times, meta-heuristic optimization-based
image synthesis methods have been proven
effective. Optimization algorithms offer adaptive
rules for the synthesis process, leading to an enhanced
quality of the output composited image. For example,
Dinh [26] proposed a new method that uses the Equi-
librium optimizer algorithm (EOA) to synthesize
medical images. Shilpa et al. [27] improved the JAYA
optimization algorithm and applied it to fuse medical
images in the NSST domain. Particle swarm optimiz-
ation (PSO) was applied by Shehanaz et al. [28] to
fuse high-frequency components in the DWT domain.
Xu et al. [29] modified the shark smell optimization
(SSO) algorithm and combined it with the World Cup
Optimization (WCO) algorithm to synthesize low-fre-
quency components in the DWT domain. Dinh [30] uti-
lized the Chameleon swarm algorithm to synthesize
the base components, ensuring the preservation of
composite image quality. Further optimization tech-
niques for producing medical images are discussed
in the research papers [9,31-34].

Based on our observations, the low efficiency of
image fusion can be attributed to three main factors.
Firstly, low-quality input images are a common issue,
characterized by low brightness and contrast, noise,
and lack of sharpness, which negatively impacts the
quality of the composite image. Secondly, the
average rule, a widely adopted method in several
studies [35-37], has the advantage of simplicity and
low computational complexity in synthesizing low-fre-
quency components. However, its disadvantage is that
it leads to a degradation in the brightness and contrast
of the output composite image. Thirdly, the synthesis
rules for high-frequency components have not been
designed efficiently to capture full details from the
input images, further impacting the quality of the com-
posite image. In light of the aforementioned limit-
ations, we propose the following approaches to
overcome them. Firstly, we suggest enhancing the
quality of input images using the Brighten low-light
image (BLLI) method [38]. Secondly, we propose
using the MPA optimization algorithm to generate
adaptive rules for low-frequency components,
thereby ensuring optimal brightness and contrast in
the output image. Thirdly, we introduce a fusion rule
based on the local energy function and its variations
to generate an efficient fusion rule for detail layers.
This is because the local energy function and its vari-
ations have proven effective in many image synthesis
studies. For instance, Amini et al. [39] combined the
local energy function with local variance fusion rules
to synthesize MRI and PET images. Several variations
of the local energy function have been proposed in



recent years for medical image synthesis. Compass
operators, such as Kirsch and Prewitt, have been com-
bined with a local energy function to synthesize
medical images [9, 26]. The structure tensor has been
applied in several studies on image fusion [40-42].
Recently, Li et al. [43] combined the structure tensor
salient detection operator with a local energy function
to construct a synthesis rule for detail components.

In this work, we present a novel method to tackle
the aforementioned limitations. Our principal contri-
butions are summarized as follows:

e Firstly, The present study proposes a novel three-
layer image composition (TLID) method for image
decomposition into three layers, namely, the base
layer (Lg), small-scale structure layer (Lss), and
large-scale structure layer (L;s). This approach uti-
lizes two filters, namely, the Rolling Guidance Filter
(RGF) and the Weighted Median curvature filter
(WMCF), to construct the TLID method.

e Secondly, we propose an efficient fusion method to
merge the Lss and L;s layers, which involves the
combination of the local energy function with its
variations.

e Thirdly, in order to mitigate the loss of brightness
and contrast during the image compositing
process, we propose a novel method for fusing
the base layers utilizing adaptive parameters.

The paper is structured as follows: Section 2 pro-
vides an overview of background methods including
Rolling Guidance Filter (RGF), Weighted mean curva-
ture filter (WMCF), Structure Tensor, Local Energy and
its variations, and MPA algorithm. Section 3 introduces
the TLID method, which combines variations of the
local energy function (FR-CVLEF) to form a new
fusion rule, as well as our proposed image fusion
model. Section 4 contains experimental data and set-
tings, results, and evaluations. Finally, Section 5 con-
cludes the paper and presents future work.

2, Background
2.1. Rolling guidance filter (RGF)

The Rolling Guidance Filter (RGF) [44] is a digital image
filtering technique that has gained popularity in recent
years due to its ability to effectively denoise images
while preserving their sharpness and details. RGF is a
non-local means filter that is designed to exploit the
global structures and textures of an image, which
allows it to effectively remove noise without blurring
the image or losing important information. The filter
comprises of two primary stages: removing small struc-
tures and recovering edges.
Step 1: The small structure is removed by the GF.
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The symbols I and I refer to the input and output
images obtained following filtration via the Gaussian
filter, respectively. The computation of /; is performed
in accordance with Equation (1).

1 lu—v|?
le(w) = - Z exp(—zag) Aw) (1)

U venN(u)

where

e u and v are the position.

* 0y is the standard deviation of GF.

e N(u) is the set of neighboring pixels whose center is
u.

e H, is calculated according to Equation (2).

Y
Ho= Y exp(— ”“z(fév”> @

vEN(u)

Step 2: Edge is recovered by the guided filter.

The symbol E' denotes the GF output from the
initial step. K'*' represents the outcome achieved at
the t-th iteration. Computation of K'*'! is executed in
accordance with Equation (3).

2
= lu—vI K@) — K|
K (u)—HUV;(:u)exp< 207 202 1)

3)

where

e H, is calculated according to Equation (4).
e 0o, is the standard deviation of the Guided Filter.

2 t_ t)2
= 3 exp(_ Iu—vi K@) — Ky ) @

2
VEN(U) 20y 207

The output images obtained from the RGF with several
loops are illustrated in Figure 1.

2.2. Weighted mean curvature filter (WMCF)

The WMCEF is a technique used in image processing
and computer vision. It was introduced by Gong
et al. [45], and its advantages are scale invariance,
sampling invariance, and contrast invariance. Several
applications of this filter can be mentioned as multi-
spectral and panchromatic image fusion [46], as well
as medical image fusion [47]. We denote an input
image as R, and define the symbol m; (i = 1, 8) as the
mask matrices of the WMFC filter, as illustrated in
Figure 2.

The WMCF can be calculated in two steps:

Step 1: Determine the distance k; as in Equation (5).

k;:m,-*R, i = 1,8 (5)
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Kl

Figure 1. RGF output images with some loops.
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1/6 1/3 1/12 1/12 1/3 1/6
[1/3 -1 0 ] [ 0 -1 1/3] [
1/12 0 0 0 0 1/12

ms me

Figure 2. Masks of the MWCF.

Step 2: This filter is defined as Equation (6).
F(R) = km (6)

where m = jargmin(lk;|; i =1, 8)
Figure 3 illustrates the results of using the WMCF.

2.3. Structure tensor (ST)

The computation of the ST is based on the gradient of
the gray-scale image, and finds wide-ranging appli-
cations such as hyperspectral and panchromatic
image fusion [48], image denoising [49], and medical
image fusion [43]. Let | be an input image. The ST
can be calculated using Equation (7).

K YKk
ST = i i
Sk K
w w
where,

e wis a local window.
e K; and K; are the gradients in the i-direction and
j-direction, respectively.

I WMCF (D)

Figure 3. Some images obtained from the WMCF filter.
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Furthermore, the operator for detecting salient fea-
tures using the structure tensor, referred to as the
Structure Tensor Salient Detection Operator (STSDO)
[50], is derived from the eigenvalues (t; and t;) as
per Equation (8).

5=/t + )2 +0.5(t — o) ®)

Where t; and t, are determined according to Equations
(9) and (10).

I
w w

1
t ==

2 2
+ (Z K=" Kf) +4 (Z K,Kj)
9)

IR
w w

.
273

_ (XW: K2 — XW: Kf) 2+4 (XW: K,K,-) 2

WMCF5(I) WMCF ,(I)



Figure 4. The image obtained by the STSDO.

Figure 4 illustrates the image obtained by applying the
STSD operator.

2.4. Local energy function and its variations

2.4.1. Local energy function

The Local Energy Function (LEF) has found numerous
applications in studies related to image fusion [39,
51]. The computation of LEF(i, j) is performed using
Equation (11).

k=1
LEF(i, j) =

»

—1
Wie(u, V/2(I+Uj+v) an
—0

<
<
Il
o

e W, is a unit window of size k x k.
e [is the input image.

2.4.2. Local energy function using the Prewitt
compass operator (LEF_PCO)

Dinh [26] proposed the LEF-PCO method for develop-
ing the synthesis rule for detail components. We
denote an input image as /, and refer to the k-th

-1 0 1 0 1 1
10 1 |-1 0o 1
-1 0 1l l-1 -1 0
W}’CO W?’CO

1 0 -1 0 -1 -1
1 0 -1 1 0 -1
1 0 -1 1 1 0

5 6
WPCO WPCO
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mask of the Prewitt compass operator as W4, with
further clarification provided in Figure 5. The compu-
tation of LEF-PCO is carried out using Equation (12).

—1

3
3

LEF PCOXi, j) = Wholu, VPG +u, j+Vv) (12)

i
o
<
Il

o

2.4.3. Local energy function combined with the
structure tensor saliency
Dinh [52] introduced the Local Energy Function com-
bined with the Structure Tensor Salient Detection
Operator (LEF_STSDO) for generating fusion rules for
detailed components.

The LEF_STSDO is defined as Equation (13).

LEF_STSDO = Wsrspo © LEF (13)

where,

e Wsrspo is defined as the STSDO in Equation (8).

e © represents entry-wise multiplication.

o LEF represents the local energy function and is
defined by Equation (11).

1 1 17 1T 1 0
o 0 O 1 0 -1

-1 -1 -1 0 -1 -1

W:I;’CO W;CO
-1 -1 -1] [-1 -1 0
o o of |-1 0o 1
1 1 11 lo 1 1

WI7’CO WIB’CO

Figure 5. An illustration of the masks employed by the Prewitt compass operator.
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2.5. MPA algorithm

The MPA algorithm was initially proposed by Faramarzi
et al. [53]. This algorithm has exhibited superior optim-
ization performance compared to other algorithms
such as Genetic algorithm (GA), Gravitational Search
Algorithm (GSA) [54], and Salp Swarm Algorithm
(SSA) [55]. The MPA algorithm has found numerous
applications in various domains such as structural
damage detection [56], image segmentation [57],
and medical image fusion [52, 58]. The MPA algorithm
can be outlined in three main steps as follows:

Step 1: During the first third of the loop, the prey
exhibits faster movem}ent than the plgdator. The calcu-
lation of stepsize (X i) and prey (Y i) is performed
using Equations (14) and (15).

- = - > =
Xi=Rg®(Ti— Rg® Y);i=1,n (14)

— — - =
Yi=Yi+hR®X; (15)
Where
%
e R in[0,1].
e h=0.5.

. @)is entry-wise multiplication.

R 5 is selected randomly from a Brownian motion
ﬂstribution.

T holds the fitness solution.

Step 2: Dlﬂ)ing the_s)ubsequent third of the loop,
updates to Xi and Y i are made using Equations
(16), (17), (18), and (19).

For the first half of the population:

- = - > > o
Xi=R,Q(T;,— R, ®Y)); i=1,n/2 (16)

— — - =
Yi=Yi+h R®X; (17)

For the second half of the population:

- - - = = ]
Xi=Rg®(Rg® T;—Yy);, i=n/2,n (18)

— — —
Y,': T;+h.a®X,-; (19)
where
o a=(1—)m.
ir<d max , _— .
e R, is generated from the Lévy distribution.

Step 3: Updates to 7i and 7/ are made during the
final third of the loop using Equations (20) and (21).

— - = .
X,‘:RL®(RL® T,‘—Yi); i=1,n (20)

- = —
Yi=T;i+ha® X; 21

Fish Aggregating Devices (FDAs) effect: 7,- is updated

according to Equation (22).

— — —
Y i+ a(Xmin + R ® Xmax — Xmin)) ® U)

- if (k < FADs)
Yi= — — —
Y i+ (FADsx(1 — k) + K)(Y 1 — Y k2)
if (k > FADs)

where,

9
o U represents the binary vector array.
e kis a uniform random number in the range of [0,1].
e ky and k; represent random indexes of the prey matrix.

3. Our approach

This section presents three algorithms. The first algor-
ithm is the TLID method. The second algorithm intro-
duces a new fusion rule that combines variations of
the local energy function. The third algorithm pro-
poses our image fusion method.

3.1. Three-layer image decomposition method

Image synthesis begins with image decomposition,
which involves separating the source image into
layers with complementary information. Typically,
image decomposition algorithms create a base layer
and one or more detail layers. In previous studies, a
two-layer image decomposition method was commonly
used, with the base layer obtained using the average
[59] or low-pass filters [35]. However, these filters can
cause loss of detailed information in the image, result-
ing in incomplete detail layers. To address these limit-
ations, we propose a three-layer image decomposition
method based on RGF and WMC filters. The algorithmic
steps of this method are presented in Algorithm 1, and
the process is illustrated in Figure 6. An illustrative

Figure 6. Diagram illustrating in detail how to decompose an
input image into three layers.



example of a three-layer image decomposition is illus-
trated in Figure 7.

Algorithm 1. The three-layer image decomposition

Input: /

Output: Three layers Lg, Lss, and L;s

Step 1: The generation of the base layer (Lg) involves applying the RGF

filter to the image /.
Step 2: The WMC filter (WMCF) is employed to filter the image /, resulting
in an image denoted as /y.
Step 3: The layer containing small-scale structures (Lss) is obtained by
applying Equation (23).

Lss =1—1lw (23)

Step 4: According to Equation (24), the large-scale structure layer (L;s) can
be obtained.

Lis =1y —Lg (24)

3.2. Fusion rules based on combining variations
of the local energy function

In this subsection, we introduce a novel fusion rule,
named FR-CVLEF, which combines variations of the
local energy function to fuse the small-scale and

large-scale structure layers. Figure 8 illustrates the use of
the FR-CVLEF.

3.3. Our image fusion method

In this subsection, we present our approach, which
involves three main steps. Firstly, we enhance the
input image (lyr) using two methods: unsharp
masking and the Brighten Low-Light Image (BLLI)

Figure 7. Three resulting images obtained after decomposing an input image /.

I M

Ly

Figure 8. lllustration for the FR-CVLEF method.
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method [38]. Next, the image Iper is transformed into
the channels Y, U, and V. We then decompose Iyg,
and Y into base layers, small-scale structure layers
(Lss), and large-scale structure layers (L;s) using the
TLID method. After that, we fuse the base layers
using an adaptive rule and the Lgs and L;s layers
using the FR-CVLEF to obtain the synthesized layers
LE, Lk and Lf, respectively. We then calculate the com-
posite gray image (fGray) by summing the three
layers, Lp, Lt and Lfs. Finally, we convert /¢, U, and
V into a color composite image (/% ). Our approach

Color

is illustrated in Algorithm 3 and Figure 9.

4. Experimental setup and evaluation
4.1. Experimental data

A total of 156 images, including 78 pairs of MRl and PET
images, were utilized in this study. The images were
sourced from ‘The Whole Brain Atlas’ (http://www.
med.harvard.edu/AANLIB/) and are described in
detail in Table 1. The three pairs of images in the K4
dataset are illustrated in Figure 10.

4.2. Experimental setup

We design some experiments as follows:

Experiment #1 We selected several optimization

algorithms for comparison with the MPA algorithm.
The algorithms considered are described in Table 2,
and the experimental data used in this study is the
K4 dataset.

LLS
Ls

2
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Algorithm 2. FR-CVLEF

Input: Two layers (L4, L)
Output: A fused layer L3
Step 1: Calculate the local energy function for the L; and L, layers according to Equations (25) and (26).

x

—1

>~

—1

LEFy G, ) =) Wielu, G+ u, j +v) (25)
u=0 v=0
k—1 k—1

LEF> (i, j) = Wielu, WL3G + u, j+v) (26)
u=0 v=0

Step 2: Calculate the LEF-PCO for the L; and L, layers according to Equations (27) and (28).

m=1

ZWCO i+ u,j+v) @7
=0

3

LEF_ PCO i, ) =

EM

<

—1m—

LEF_PCO( Weeolu, VLG +u, j+v) (28)
v=0

3

s
Il
o

Step 3: Calculate the local energy function combined with the structure tensor salient detection operator for the L; and L; layers according to Equations
(29) and (30).

LEF_STSDOy = Wsrspo(L1) © LEF(L4) (29)
LEF_STSDO, = Wsrspol(L;) © LEF(L,) (30)

Step 4: Calculate the maximum value of local energy functions and its variations for L; and L, layers corresponding to Equations (31) and (32).
M, = Max(LEF,, LEF_PCO%, LEF _STSDO,) (31)

My = Max(LEF,, LEF-PCO'E, LEF_STSDO,) (32)

Step 5: The FR-CVLEF is defined as Equation (33).

co LG IMG T > MG )
Lty = {Lz(f,f) if W, )] < Mo, )] 3
» YUV-RGB
Ippr Igolm

Figure 9. The diagram of our approach.
Experiment #2 Several fusion rules were used for o PA-PCNN (Rpa—_pcnn) [64].
comparison with the proposed rule (FR_CVLEF), as e Sum-modified laplacian (Rsy;) [65].
outlined below:
e Max selection rule (Ryax). Experiment #3 Our study involves a comparative

e Maximum local energy (Ry.e) [63]. analysis between our algorithm and seven
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Algorithm 3. The proposed approach

Input: /MR/r /PET(S X T)
OUtPUt: IFusion
Step 1: Enhancing the input image /yg using the Unsharp masking and the BLLI [38] method, obtaining the Iy image.
Step 2: Convert Iper from RGB to YUV color space, obtaining three components Y, U, and V.
Step 3: Decompose Iy and Y by TLID method, obtained layers, (LM®, LY), (L¥R, LX), and (LM, L)), respectively.
Step 4: (LY, LX), and (LM, L)) layers are fused by the FR_CVLEF method according to Equations (34) and (35).

LE = FR.CVLEF(LY®, 1Y) 34)

LFe = FR.CVLEF(LY™, L)) (35)

Step 5: LMR" and L} are fused by by adaptive parameters (p, € [0.8, 1], p, € [0, 0.2], and p; € [0.9, 1]) according to Equation (36).

Ly = p 3™ + p,L} (36)
Where the MPA algorithm is used to find the extrema of the fitness function according to Equation (37).
F= LT (Hr — Hul(Hr — Hy). (37)
Rx o?

Where R(lyg;, L’;), R(Y, L;), and R are determined as Equations (38), (39), and (40), respectively.

1 S T
Fy F _ 2
R, L) = < T; ;(Lr(s, 8) = Iuls, 1) (38)
F ! = F 2
RU, L) = T; ; (L5, ) — Y5, 1) (39)
R = psRilm, LY) + (1 — py)RY, LE) (40)

r and o2 are mean and variance of LE (Lf = L§ + LE; + LF) in each iteration of the MPA algorithm. Hy, Hy, and Hr are the Entropy of Iy, ¥, and L,
respectively.
Step 6: The image L} obtained after loop termination is a fusion gray image (Ié,ay).
Step 7: 1,4, U, and V are converted into /¢,

Table 1. Dataset.

Groups Number of images Description

K1 26 pairs (MRI (T2) - PET) Slices from 61 to 86 along the Transaxial (T) axis.
K2 26 pairs (MRI (T2) — PET) Slices from 61 to 86 along the Sagittal (S) axis.

K3 26 pairs (MRI (T2) — PET) Slices from 61 to 86 along the Coronal (C) axis.

K4 3 pairs (MRI (T2) - PET) Slice #78 along the T, S, and C axis.

#078T (MRI-T2) #078T (PET) #078S (MRI-T2) #078S (PET) #078C (MRI-T2) #078C (PET)

Figure 10. lllustration of several pairs of MRI and PET images.

Table 2. Five optimization algorithms. Table 3. Seven image fusion algorithms.
Num Algorithms Description Num Algorithms Years
1 MVO [60] Multi-Verse Optimizer 1 PC-LLE-NSCT (G1) [66] 2019
2 WOA [61] Whale Optimization Algorithm 2 TLD-SR (G2) [10] 2021
3 SSA [55] Salp swarm algorithm 3 JBF-LGE (G3) [43] 2021
4 SCA [62] Sine cosine algorithm 4 CSE (Contrast and structure extraction) (G4) [67] 2021
5 GWO [61] Grey wolf optimizer 5 CNPS-NSST (G5) [68] 2021
6 DTNP-NSCT (G6) [69] 2021
7 ACO (G7) [70] 2022

contemporary image fusion algorithms, which are

comprehensively described in Table 3. image fusion algorithms using the following five
We compare our algorithm with seven contempor- indicators:

ary image fusion algorithms (as detailed in Table 3).
For Experiments #2 and #3, we utilized data sets K1, « Average light intensity (Qa.).

K2, and K3. We evaluated the performance of the « Contrast index (Qc).
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Table 4. Qy and Qsp from 30 different runs.

Table 5. P-values from Wilcoxon test.

Dataset Algorithms Qu Qsp Dataset Algorithms P-values
KA(#78T) MPA 0.017876671935888 0.000009033932259 K4(#78T) MPA vs MVO 3.019859359162151e—11
MVO 0.016518230357696 0.001090932265423 MPA vs WOA 3.689725853981014e—11
WOA 0.017277469311324  0.000534054285376 MPA vs SSA 6.065757009046759%e—11
SSA 0.016899097232778 0.001118836345425 MPA vs SCA 3.019859359162151e—11
SCA 0.017217245270695 0.000289792732718 MPA vs GWO 3.689725853981014e—11
GWO 0.017669608631168 0.000189772085703 K4(#78S) MPA vs MVO 3.019859359162151e—11
K4(#78S) MPA 0.029647134938738  0.000026405604409 MPA vs WOA 1.464306887715034e—10
MVO 0.028356602594419 0.001161220657539 MPA vs SSA 6.695518965500180e—11
WOA 0.028698747803551 0.000690713025417 MPA vs SCA 3.019859359162151e—11
SSA 0.027886822958534 0.002416877831579 MPA vs GWO 4.077164846825348e—11
SCA 0.029093335806103 0.000290569097601 K4(#78C) MPA vs MVO 3.019859359162151e—11
GWO 0.029300807571747 0.000241217843724 MPA vs WOA 8.993406027014880e—11
K4(#78C) MPA 0.005885862817517  0.000003159852779 MPA vs SSA 3.019859359162151e—11
MVO 0.005790921812435 0.000067984350292 MPA vs SCA 3.019859359162151e—11
WOA 0.005828160907535  0.000074232890256 MPA vs GWO 4.504322112705322e—11
SSA 0.005816524467147 0.000069518552257
SCA 0.005774386053179  0.000043737425495
GWO 0.005836384455938 0.000020781565237

e Sharpness (Qs).

o Edge-based similarity measure (Q*/F) [71].

Table 6. Two evaluation metrics (Q*2/F and Qgy) obtained
from different fusion rules.

e Feature mutual information [72] (Qgu)-

The necessary parameters used in our model are set

as follows:

e n=50, lnax = 50.

e h=0.5; FADs =0.2; k € [0, 1].

4.3. Results and evaluation

Dataset Fusion rules QB/F Qrmi
K1 Rax 0.4829 0.8144
Ruie 0.7124 0.8720
Rpa_pcnn 0.6669 0.8658
Rsmi 0.6984 0.8632
FR-CVLEF 0.7440 0.8737
K2 Rax 0.4868 0.8092
Ruie 0.7271 0.8749
Rpa_pchn 0.6893 0.8689
Rswi 0.6802 0.8619
FR-CVLEF 0.7539 0.8782
K3 Rax 0.4957 0.8073
Ruie 0.7454 0.8728
Rpa_pcnn 0.7152 0.8664
Rsmi 0.7146 0.8600
FR-CVLEF 0.7716 0.8743

The results of the three experiments described in

Section 4.2 are presented here. In the first experiment,
we ran each optimization algorithm 30 times indepen-
dently and evaluated the mean (Qy) and standard
deviation (Qsp) using two metrics. The results are pre-
sented in Table 4 and Figure 11. The MPA algorithm
outperformed the others, producing the highest Qy
value and the lowest Qsp value. Therefore, it is the pre-
ferred choice for the proposed model. We also con-
ducted a Wilcoxon rank-sum test [73] to assess the
significance of the results, and the P-values were
found to be above 0.05, indicating statistical signifi-
cance, as shown in Table 5.

Table 7. Adaptive parameters obtained in three data sets K1,
K2, and K3.

Dataset P, Py p3

K1 0.9927 0.0453 0.999
K2 0.9829 0.0524 0.999
K3 0.9942 0.0575 0.999

In the second experiment, we compared our fusion
rules with four other fusion rules for SS and LS layers.
We evaluated the five indicators, and the results are
presented in Table 6. Our FR_CVLEF rule performed
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Figure 11. The fitness function values obtained from various optimization algorithms in 30 independent on dataset K4 runs are

visually presented in the form of a box plot.



the best as it obtained the highest scores for two
evaluation indicators, @*®/f and Qry;, compared to
the other fusion rules.

For the third experiment, adaptive parameters were
obtained and are listed in Table 7. A value of approxi-
mately 1 for p; indicates that the fused image has the
highest similarity to the MRI image. Moreover, the p,
value is considerably larger than the p, value, which
suggests that the MRl images provide substantial infor-
mation to the output image. The output images were
generated using seven image fusion algorithms,
including our own algorithm, which is depicted in
Figures 12, 15, and 18. Visual inspection indicates
that the output image produced by our algorithm
exhibits high quality in terms of light intensity, con-
trast, and sharpness. A small area was cropped from

PET #068T Frame

Figure 13. Frames cropped from Figure 12.
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the image to observe its details, as shown in Figures
13, 16, and 19. The details in these small areas are
well preserved. In terms of quantitative analysis,
Table 8 presents the five evaluation indicators
obtained from various image fusion algorithms. The
proposed method’s output image has significantly
higher quality than the other image fusion methods
due to the adaptive rule used for the base layers. The
FR_CVLRF method guarantees the output images
retain the input image details.

Table 9 displays the average running times of the
image fusion algorithms. The algorithm developed by
us takes an average of 4.58 seconds to complete the
fusion process. However, this time increases as the
number of iterations increases, making it a disadvan-
tage of our algorithm.
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Figure 14. Five evaluation indicators are obtained from eight image synthesis algorithms on K1.

MRI-T2 #068S

PET #068S Frame

Figure 16. Frames cropped from Figure 15.
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Figure 17. Five evaluation indicators are obtained from eight image synthesis algorithms on K2.
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Figure 19. Frames cropped from Figure 18.
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Figure 20. Five evaluation indicators are obtained from eight image synthesis algorithms on K3.

Table 8. The evaluation indicators obtained from image fusion algorithms.

Dataset Algorithms Quu Qq Qs Q/F Qrmi
K1 G1 0.2492 0.2910 0.0528 0.6248 0.8569
G2 0.2634 0.2997 0.0499 0.6786 0.8646
G3 0.2634 0.2992 0.0511 0.6771 0.8682
G4 0.2233 0.2479 0.0461 0.6552 0.8681
G5 0.2060 0.2382 0.0546 0.6192 0.8583
G6 0.2558 0.2922 0.0522 0.6376 0.8619
G7 0.2415 0.2596 0.0470 0.6587 0.8562
Ours 0.3131 0.3356 0.0829 0.7440 0.8737
K2 G1 0.2555 0.2816 0.0506 0.6432 0.8675
G2 0.2700 0.2905 0.0474 0.6818 0.8740
G3 0.2713 0.2920 0.0487 0.7099 0.8765
G4 0.2317 0.2410 0.0435 0.6703 0.8762
G5 0.2162 0.2305 0.0517 0.6344 0.8694
G6 0.2626 0.2835 0.0497 0.6537 0.8714
G7 0.2754 0.2727 0.0463 0.6996 0.8695
Ours 0.3313 0.3217 0.0740 0.7539 0.8782
K3 G1 0.2060 0.2648 0.0452 0.6628 0.8674
G2 0.2175 0.2757 0.0428 0.6987 0.8726
G3 0.2181 0.2761 0.0435 0.7133 0.8766
G4 0.1925 0.2380 0.0398 0.6914 0.8716
G5 0.1789 0.2251 0.0463 0.6524 0.8665
G6 0.2120 0.2684 0.0446 0.6732 0.8716
G7 0.2103 0.2421 0.0400 0.6980 0.8644
Ours 0.2778 0.3230 0.0693 0.7716 0.8743

Table 9. Average running time (ART)
algorithms on the data set (K1&K2&K3).

of image fusion

Approaches ART (s)

G1 3.02972
G2 14.92673
G3 0.26316
G4 0.10035
G5 3.36244
G6 17.90511
G7 1.05729
Ours (50 loops) 457611

5. Conclusion

In this paper, a new approach for fusing medical
images is introduced, which combines a local energy
function and variations of it with the MPA algorithm.
The proposed method starts by introducing a three-
layer image decomposition technique, which

separates the input images into three distinct layers:
the base layer (Lg), the small-scale structure layer
(Lss), and the large-scale structure layer (L;s). Next, a
fusion rule built on combining the local energy func-
tion with its variations is introduced to fuse the Lgg
and L;s layers. Thirdly, the base layers are synthesized
based on the MPA algorithm. The method was tested
using 156 MRI-T2 and PET images, along with five
evaluation metrics and seven state-of-the-art image
fusion algorithms. The proposed adaptive rules for
the base layers resulted in an output composite
image that had a high level of quality in terms of
brightness intensity and contrast. For example, from
Table 8, the Qg and Q¢ indexes obtained from the
proposed model are the highest, at 0.3131 and
0.3356 on data set K1. Furthermore, applying the
FR_CVLEF method to the small-scale and large-scale



structure layers has also shown significant efficiency in
the detailed information of the output image. For
instance, from Table 8, the Qs, Qag/r, and Qmw
indexes obtained from the proposed model are the
highest, at 0.0829, 0.7440, and 0.8737 on data set K1,
respectively.

In the future, our goal is to enhance the perform-
ance of the proposed model in several aspects. First,
apply new image enhancement methods [74-76] to
replace the BLLI method. This allows for significantly
improved performance of image synthesis. Second,
select some recent optimization algorithms, such as
the Chameleon swarm algorithm (CSA) [77, 78] and
White Shark Optimizer (WSO) [79], to replace the
MPA algorithm. This can improve the runtime of the
proposed model.
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NHA XUAT BAN KHOA HOC TU NHIEN VA CONG NGHE



BAN BIEN TAP

e GS.TS. Vi btic Thi - Pai hoc Quéc gia Ha Noi

e PGS.TS Tran Vin Lang - Vién Han 1am Khoa hoc va Cong nghé Viét Nam
e GS.TS. Tir Minh Phuong - Hoc vién Cong nghé Buu chinh Vién thong

e TS. L& Quang Minh - Pai hoc Qudc gia Ha Nbi

e ThS. Phan Thi Qué Anh - Nha xuét ban Khoa hoc tw nhién va Cong nghé

PIA CHI LIEN HE

e Vién Cong nghé thong tin - Pai hoc Qudc gia Ha Noi
P.612, E3, 144 Xuan Thuay, Cau Giay, Ha Noi



LO'I NOI PAU

Nham gdp phan thuc ddy nghién ciru co ban va ung dung vé Cong nghé thdng tin tai Viét
Nam, Lién hi¢p cac Hoi Khoa hoc va Ky thuat Viét Nam, Vién Han 1am Khoa hoc va Cong nghé
Viét Nam phéi hop cuing Hoc vién Ky thuat Mat ma, Ban Co yéu Chinh pha va cac co quan khoa
hoc, cac nha khoa hoc tir cac vién nghién ctru, cac truong dai hoc da té chirc Hoi nghi Khoa hoc quéc
gia lan thir XV vé “Nghién ctru co ban va tng dung Cong nghé thong tin” (goi tit 1a FAIR’2022) tir
ngay 03-04/11/2022 tai Hoc vién Ky thuat Mat ma, Ban Co yéu Chinh phu.

Chu dé chinh caa Hoi nghi FAIR’2022 1a “An toan va bao mat thdng tin trong cudc Cach
mang Cong nghiép lan tha IV, Tuy nhién, do truyén théng caa Hoi nghi nén ciing khong han ché
vé ndi dung trong cac huéng nghién ciru khac thuge linh vuc cong nghé thong tin va truyén thong.
Hoi nghi FAIR’2022 duoc su bao trg chuyén mon cua 3 co s& dao tao uy tin trong linh vuc céng
nghé thdng tin va truyén thong 1a Hoc vién Cong nghé Buu chinh Vién thong, Trudng Pai hoc
Cong nghé Thong tin & Truyén thdng - Pai hoc Thai Nguyén, Vién Cong nghé Thong tin — Pai
hoc Quéc gia Ha Noi.

Hoi nghi di nhan duoc 128 béo cao khoa hoc ding ky tham du vé tit ca cac van dé thoi su
cua Cong nghé thong tin va truyén thong. Ban Chuong trinh da tién hanh céng viéc phan bién va
xét duyét chat ché va chap nhan 73 bai duoc trinh bay tai Hoi nghi, trong sé nay ¢ 70 bai dugc lya
chon dang trong Ky yéu Hoi nghi. Cac bai bao cdo duoc trinh bay trong 5 tiéu ban song song:

e Co s6 dir liéu va hé thong thong tin.
e Khoa hoc dir liéu.

e Tri tu¢ nhan tao va ung dung.

e X ly anh va thi gidc may tinh.

e Mat ma va an toan an ninh mang.

Thay mit Ban T6 chtic va Ban Chuong trinh, chiing t6i xin cam on céc tac gia di giri bai
tham gia Hoi nghi, cac nha khoa hoc d tham gia phan bién va c6 y Kkién xac dang, khach quan vé
ndi dung cac bai giri dang. Chung t6i xin dac biét cam on Nha xuat ban Khoa hoc tu nhién va Cong
nghé cua Vién Han 1am Khoa hoc va Cong nghé Viét Nam da hd trg va gitp d& xuét ban cudn Ky
yéu nay.

Cudi cuing ching tdi xin bay t6 1ong biét on sau sic toi Lién hiép cac Hoi Khoa hoc va Ky
thuat Viét Nam, Vién Han 1am Khoa hoc va Cong nghé Viét Nam, 3 don vi bao trg vé mat chuyén
mén cho Hoi nghi FAIR va Hoc vién Ky thuat Mat ma, Ban Co yéu Chinh pha - don vi ding cai
Hoi nghi FAIR’2022 da gianh nhiéu cong sirc va thoi gian t6 chirc Hoi nghi nay. Dong thoi ciing
xin duoc cam on cac don vi tai tro da gitp d& nhiéu mat va tai trg kinh phi gop phan 1am cho Hoi
nghi FAIR’2022 thanh cong tét dep.

BAN BIEN TAP
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BAN CHi bAO

Truong ban:

GS.VS. bang Vii Minh
Pong Trieong ban:
TSKH. Phan Xuén Diing

Thanh vién:

GS.TS. Pang Quang A

TS. Nguyén Hitu Hung
PGS.TS. Tran Vin Ling
GS.TSKH. Pham Thé Long
PGS.TS. Vii Van San

GS.TSKH. Nguyén Khoa Son

GS.TS. Vi btc Thi

GS.TS. Nguyén Thanh Thay

BAN TO CHUC

Truong ban:

GS.TS. Va buc Thi
Pong Trueng ban:

TS. Nguyén Hitu Hung

Phé Truong ban )
GS.TS. bang Quang A

Thanh vién:

PGS.TS. Tran Vin Ling
TS. L& Quang Minh
GS.TS. T Minh Phuong
TS. Nguyén Vin Tao
PGS.TS. Tran Xuan Td

BAN CHUONG TRINH

Truong ban:
PGS.TS. Tran Van Lang

Phé Trudng ban:

PGS.TS. Lé Manh Thanh
GS.TS. Tu Minh Phuong
PGS.TS. Tran Pinh Khang
PGS.TS. Bui Thu Lam

Trurong cac tiéu ban:
PGS.TS. Tran Pinh Khang
GS.TS. Tu Minh Phuong
PGS.TS. Lé Manh Thanh
PGS.TS. Bui Thu Lam
TS. Lé Quang Minh

Lién hiép cac H6i KHKT VN

Lién hiép cac Hoi KHKT VN

Vién Han Iam KHCNVN
Hoc vién KTMM

Vién Han lam KHCNVN
Hoc vién KTQS

Hoc vién CNBCVT
Vién Han lam KHCNVN
PHQG-HN

DHQG-HN

DHQG-HN

Hoc vién KTMM

Vién Han 1am KHCNVN

Vién Han Iam KHCNVN
Vién CNTT, PHQG-HN
Hoc vién CNBCVT
Truong PH CNTT&TT
PHQG-HN

Vién Han 1am KHCNVN

Trudng DHKH - DH Hué
Hoc vién CNBCVT
Truong DPHBK Ha Noi
Hoc vién KTMM

Tri tué nhan tao va tng dung

Khoa hoc dit liéu

Co so dit liéu va hé théng thong tin
Xu ly anh va thi gidc may tinh

Mat mé& va an toan an ninh mang
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Thanh vién Ban Chuwrong trinh:

PGS.TS. Nguyén Viét Anh
TS. Cao Kim Anh

PGS.TS. Vo6 DBinh Bay
PGS.TS. Nguyén Thanh Binh
TS. Phan Anh Cang

TS. Nguyén Ngoc Cuong
PGS.TS. Lé Ba Diing
PGS.TS. Luong Thé Diing
PGS.TS. Cao Tuén Diing
TS. Ha Manh Bao

TS. Vi Thi Bao

PGS.TS. Dinh Bién
PGS.TS. Tran Cao D¢
PGS.TS. bang Van buc
PGS.TS. Tran Quang Puc
TS. Nguyén Huy Dic
PGS.TS. Nguyén Long Giang
PGS.TS. Tran Manh Ha

TS. Nguyén Nam Hai

TS. Nguyén Cong Hao
PGS.TS. Nguyén Mau Han
TS. Nguyén Hitu Hoa
PGS.TS. Huynh Xuén Hiép
TS. Pang Thi Thu Hién

TS. Lam Thanh Hién
PGS.TS. Huynh Trung Hiéu
PGS.TS. Nguyén Ngoc Hoa
PGS.TS. Tran Vin Hoai

TS. Nguyén Thi Minh Huyén
PGS.TS. V& Trung Hung
PGS.TS. Vii Chan Hung

TS. Lé Minh Hung

PGS.TS. Pham Nguyén Khang
PGS.TS. Biang Tran Khanh
TS. Vii Nhu Lan

PGS.TS. Ngb Thanh Long
PGS.TS. Nguyén Thién Luan
PGS.TS. Vi buc Lung

TS. Hoang Trong Minh

TS. Lé Quang Minh
PGS.TS. Nguyén Hiéu Minh
PGS.TS. Nguyén Ha Nam
PGS.TS. Nguyén Thai Nghe
PGS.TS. B6 Thanh Nghi
PGS.TS. Phung Trung Nghia
PGS.TS. Ly Quéc Ngoc
PGS.TS. D4 Phuc

TS. Lé Hong Phuong

GS.TS. Tu Minh Phuong
PGS.TS. Hoang Quang

TS. Nguyén Hong Quang
PGS.TS. Nguyén Hitu Quynh
PGS.TS. Lé Hoang Son
PGS.TS. Nguyén Thai Son
PGS.TS. Ngd Quéc Tao

Vién CNTT

Truong PH Thang Long
Truong PH KTCN TP.HCM
Truong PH CNTT-TT Viét - Han
Truong DPHSPKT Vinh Long
B6 Cong an

Vién CNTT

Hoc vién KTMM

Truong DPHBK Ha Noi

Truong DPHCN Ha Noi

Hoc vién KT Mat ma

Truong PHKHTN, PHQG-TP.HCM
Truong PH Thang Long
Truong PH Can Tho

Vién CNTT

Truong DPHBK Ha Noi

Truong DH Thuy loi

Vién CNTT

Truong DPH HUFLIT

Ban Co yéu Chinh pha

Trung tim CNTT, PH Hué
Truong PHKH, PH Hué
Truong PH Can Tho

Truong PH Can Tho

Truong DH Thuy loi

Trudong PH Lac Hong

Truong PHCN TP.HCM
Truong PH Cong nghé
Truong PHBK TP.HCM
Truong PHKHTN, PHQG-HN
Truong DH SPKT, PH-DN
Vién PH Mo Ha Noi

Truong PH CNTT

Truong PH Can Tho

Truong PH CNTP TP.HCM
Truong PH Thang Long

Hoc vién KT Quéan su

Truong PH Thang Long
Truong PH CNTT

Hoc vién CNBCVT

Vién CNTT, bPHQG-HN

Ban Co yéu Chinh phu

Vién Toén cao cp

Truong PH Can Tho

Truong PH Can Tho

Truong PH CNTT&TT, PHTN
Truong PHKHTN, DPHQG-TP.HCM
Truong PH CNTT

Truong PHKHTN, PHQG-HN
HV Cbng nghé BCVT

Truong PHKH, PH Hué

IFI, PHQG-HN

Truong DH Thuy loi

Vién CNTT, BPHQG-HN
Truong PH Tra Vinh

Vién CNTT

Vi



TS. Nguyén Vin T4o

TS. Tran Minh Tan

TS. Vii Buc Thai

TS. Ngb buc Thanh

TS. Van Thé Thanh

PGS.TS. Trinh Binh Thing
GS.TS. Vii bic Thi

PGS.TS. Quan Thanh Tho
PGS.TS. Nguyén Pinh Thuan
GS.TS. Nguyén Thanh Thay
TS. Pham Thi Thu Thay

TS. Hoang Lé Uyén Thuc
PGS.TS. B Ning Toan

TS. Nguyén Anh Tuan
PGS.TS. Nguyén Thanh Tiing
PGS.TS. Tran Xuan Tu
PGS.TS. Vb Thanh Tu
PGS.TS. Truong Cong Tuan
PGS.TS. Nguyén Dinh Viét
TS. Nguyén Tran Quéc Vinh
PGS.TS. Pham Tran Vi
PGS.TS. Vil Viét Vii

BAN TO CHUC

DPIA PHUONG
Truong ban:

TS. Nguyén Hitu Hing

Pho Truong ban:
PGS.TS. Luong Thé Diing

Thanh vién:

TS. Nguyén Chung Tién
TS. Hoang Buc Tho

TS. B Quang Trung
TS. Pham Van Huong
ThS. Pang Hung Viét

Truong PH CNTT&TT, BPHTN
Trung tdm Internet Viét Nam
Truong PH CNTT&TT, PHTN
Truong DPH CNTT

Truong PHSP TP.HCM
Truong DHSP 2 Ha Noi
Vién CNTT, BPHQG-HN
Truong PHBK TP.HCM
Truong DPH CNTT

Truong PH Cong nghé
Truong DPH Nha Trang
Truong DPHBK Da Ning
Vién CNTT

Truong DPH HUFLIT
Trudng PH Thay loi

Vién CNTT, PHQG-HN
Truong PHKH, DH Hué
Truong DPHKH, DH Hué
Truong PH Cong nghé
Truong DPHSP, bH-DN
Truong PHBK TP. HCM
Vién CNTT, PHQG-HN

BAN THU KY BAN KY THUAT

PIA PHUONG VA XUAT BAN

Truong ban: Truong ban:

TS. Vi Thi Bao TS. Lé Quang Minh

Pho Trudng Ban: Thanh vién:

TS. Pao B4 Anh ThS. Phan Thi Qué Anh
CN. Lé Thi Thién Huong

Thanh vién: ThS. Phan Manh Thuong

ThS. Pao Hong Nam
ThS. L& Khic Vinh
ThS. Lé buc Thuan
ThS. Tran Thi Hoa
ThS. Hoang Thanh Nam

vii



DANH SACH CAC NHA KHOA HQC THAM GIA PHAN BIEN

GS.TS. Pang Quang A
PGS.TS. Nguyén Viét Anh
TS. Pao Ba Anh

PGS.TS. Ngb Xuéan Bach
PGS.TS. V3 Dinh Bay
PGS.TS. Nguyén Thanh Binh
TS. Nguyén Ding Binh

TS. Phan Anh Cang

TS. Tran Tién Cong
PGS.TS. 5 Xuén Cho
PGS.TS. Pham Van Cuong
PGS.TS. Hoang Xuan Dau
PGS.TS. Lé B4 Diing

TS. Ngb Quéc Diing
PGS.TS. Nguyén Puc Diing
TS. Vii Thi Pao

PGS.TS. Dinh Dién
PGS.TS. Tran Cao Dé
PGS.TS. bang Van buc

TS. Nguyén Huy D
PGS.TS. Tran Quang Buc
PGS.TS. Nguyén Long Giang
TS. Ha Manh Dao

PGS.TS. Pham Vian Hai
PGS.TS. Hoang Hiru Hanh
TS. Nguyén Cong Hao
PGS.TS. Nguyén Mau Han
PGS.TS. Nguyén Pinh Han
PGS.TS. Huynh Xuén Hiép
TS. Bang Thi Thu Hién
PGS.TS. Huynh Trung Hiéu
PGS.TS. Nguyén Ngoc Hoa
PGS.TS. Tran Vin Hoai

TS. Phan Ngoc Hoang
PGS.TS. Nguyén Manh Hing
PGS.TS. V& Trung Hung
TS. Nguyén Thi Minh Huyén
TS. Pham Van Hudng
PGS.TS. Tran Binh Khang
TS. Lam Buc Khai

PGS.TS. Nguyén T4n Khoi
PGS.TS. Tran Vin Ling
PGS.TS. Bui Thu Lam
PGS.TS. Ngb Thanh Long
PGS.TS. Vii btrc Lung

TS. Tran Thi Luong

TS. Hoang Trong Minh
PGS.TS. Nguyén Hiéu Minh
TS. L& Quang Minh

TS. Nguyén Binh Minh
PGS.TS. Nguyén Ha Nam
TS. Nguyén Luu Thiy Ngan
PGS.TS. Nguyén Thai Nghe
PGS.TS. P Thanh Nghi
TS. Nguyén Vin Nghi
PGS.TS. Phung Trung Nghia

Vién Han Iam KHCNVN
Vién CNTT

Hoc vién KTMM

Hoc vién CNBCVT

Truong PH KTCN TP.HCM
Truong PHBK Da Ning
Truong DPHKH, PH Hué
Truong PH Tra Vinh

Hoc vién CNBCVT

Hoc vién CNBCVT

Hoc vién CNBCVT

Hoc vién CNBCVT
Vién CNTT

Hoc vién CNBCVT
Vién CNTT

Hoc vién KTMM

Truong PHKHTN, PHQG-TP.HCM
Truong PH Can Tho
Vién CNTT

Truong BPH Thuy lgi

Truong DPHBK Ha Noi
Vién CNTT

Truong BH Cong nghiép Ha Noi
Truong DPHBK Ha Noi

Hoc vién CNBCVT

Trung tim CNTT, DH Hué
Truong PHKH, PH Hué
Truong DPHBK Ha Noi
Trudong DH Can Tho

Trudong PH Thuy loi

Truong PHCN TP.HCM
Truong PH Cong nghé
Truong PHBK TP.HCM
Truong DH Ba Ria - Viing Tau
Hoc vién CNBCVT

Pai hoc Pa Ning

Truong PHKHTN, PHQG-HN
Hoc vién KTMM

Truong DPHBK Ha Noi
Truong DH CNTT

Trudng PHBK - DPH Da Nang
Vién Han Iam KHCNVN

Hoc vién KTMM

Hoc vién KTQS

Trudng DH CNTT

Hoc vién KTMM

Hoc vién CNBCVT

Ban Co yéu Chinh phu

Vién CNTT, PHQG-HN
Truong DPHBK Ha Noi

Vién Toan cao cap

Trudng DH CNTT

Trudong DH Can Tho

Truong PH Can Tho

Hoc vién KTMM

Truong PH CNTT&TT, PHTN

viii



PGS.TS. Ly Quéc Ngoc

TS. Nguyén Chung Tién
PGS.TS. V& Viét Minh Nhat
TS. Phan Anh Phong

GS.TS. D6 Phuc

TS. Lé Hong Phuong

GS.TS. Tu Minh Phuong
PGS.TS. Hoang Quang
PGS.TS. Nguyén Hitu Quynh
PGS.TS. Lé Hoang Son
PGS.TS. Nguyén Thai Son
TS. Nguyén Vin Tao

TS. Tran Minh Tan

TS. Vi btc Thai

TS. Ngb Birc Thanh

TS. Vin Thé Thanh

TS. Pham Dinh Thanh
PGS.TS. Lé Manh Thanh
PGS.TS. Trinh Binh Thing
TS. TS. Nguyén Thang
PGS.TS. Huynh Quyét Thing
TS. Hoang Buc Tho

TS. Pham Huy Théng
PGS.TS. Nguyén Pinh Thuin
TS. Hoang Lé Uyén Thuc
TS. Pham Thi Thu Thay
PGS.TS. B Ning Toan

TS. Pham Duy Trung

TS. Nguyén Dao Truong
PGS.TS. Nguyén Thanh Tung
PGS.TS. Tran Xuan Tu
PGS.TS. V& Thanh T

TS. Lai Minh Tuén

TS. Tran Manh Tuén
PGS.TS. Truong Cong Tuan
TS. Nguyén Tran Quéc Vinh
PGS.TS. Vii Viét Vi

Truong PHKHTN, PHQG-TP.HCM
Hoc vién KTMM

Trudng DHKH, Dai hoc Hué
Truong PH Giao thong Vén tai
Truong PH CNTT

Truong PHKHTN, PHQG-HN
Hoc vién CNBCVT

Truong DPHKH, DH Hué
Truong BPH Thuy lgi

Vién CNTT, PHQG-HN
Truong BH Tra Vinh

Truong PH CNTT&TT, DPHTN
Trung tdm Internet Viét Nam
Truong PH CNTT&TT, BPHTN
Truong PH CNTT

Truong DPHSP TP.HCM
Truong PH Tay Bic

Truong DPHKH, DH Hué
Truong DHSP 2 Ha Noi

Hoc vién KTMM

Truong DHBK Ha Noi

Hoc vién KTMM

Vién CNTT, BPHQG-HN
Truong PH CNTT

Truong PHBK - PH Da Nang
Truong DH Nha Trang

Vién CNTT

Hoc vién KTMM

Hoc vién KTMM

Truong DH Thuy loi

Vién CNTT, PHQG-HN
Truong DPHKH, DH Hué

Hoc vién KTMM

Truong DH Thuy loi

Trudng DPHKH, DH Hué
Truong DPHSP, DHDN

Vién CNTT, PHQG-HN






10

11

12

13

14

MUC LUC

A NOVEL WEB ATTACK DETECTION MODEL BASED ON FEDERATED LEARNING
WITH PARAMETERS COMPRESSING METHOD

Tran Anh Tu, Luong The Dung, Vu Thi Van, Pham Xuan Sang

TRUY VAN HIEU QUA DU LIEU KY TU MA HOA TRONG CO SO DU LIEU THUE
NGOAI

Hoang Ngoc Canh, Nguyén Hiéu Minh

PROPOSING SECURE AND EFFICIENT MDS MATRICES TO IMPROVE THE
DIFFUSION LAYER OF THE AES BLOCK CIPHER

Tran Thi Luong

DE XUAT CHI SO TRUNG HOP NGON NGU TIENG VIET NANG CAO PO AN TOAN
CHO HE THONG MAT MA VIGENERE

Lé Van Tudn, Nguyén Pao Trwong, Poan Thi Bich Ngoc

A NOVEL IDS SYSTEM BASED ON HEDGE ALGEBRA FOR DETECTING DDOS
ATTACKS IN I0OT NETWORKS

Hoang Trong Minh, Tran Nhat Hoang, Thai Vu Long, Le Vu Quynh Giang, Vu Nhu Lan,
Tran Quy Nam

TRICH CHON DAC TRUNG CHO MANG NORON TiCH CHAP TRONG BAI TOAN
NHAN DIEN TAN CONG MANG

Nguyén Nang Hing Vin, D6 Phiic Hao, Pham Minh Tudn
VAQR: MOT TIEP CAN HOC TANG CUONG TRONG DINH TUYEN FANET
Mai Cwong Tho, Nguyén Thi Hwong Ly, Lé Hitu Binh, V6 Thanh T

LUQC PO CHU KY SO TAP THE DAI DIEN DUA TREN BAI TOAN TiM CAN
MODULO CUA SO NGUYEN TO LON

Tudn Nguyén Kim, Hoang Nguyén Nhdt, Duy H6 Ngoc, Long Phan

CHIEN LUQC GIANG BAY THICH UNG PHUC VU PHONG THU CHU PONG TRONG
MANG KHA LAP TRINH

Vin Poan Bdo Khéi, Pham Nguyén Thao Nhi, Phan Thé Duy,
Nghi Hoang Khoa, Pham Van Hdiu

DE XUAT GIAO THUC QUAN LY KHOA AN TOAN TRONG MANG IOT CO PHAN CAP
Nguyén Pao Truwong, Poan Thi Bich Ngoc
GIAU TIN THUAN NGHICH NHIEU CAP TRONG ANH NHI PHAN
Duwong Ngoc Vin Khanh, Hupnh Vin Thanh, Nguyén Thai Son

MOT SO TAN CONG LEN LUGC PO KY SO ECDSA LIEN QUAN TOI GIA TRI Bi
MAT K VA BE XUAT GIAI PHAP PHONG CHONG

Nguyén Vin Nghi, P6 Quang Trung

PHUONG PHAP MA HOA CO THE CHOI TU DUA TREN THUAT TOAN ElGamal-
SignCryption

Duwong Phiic Phan, Nguyén Pirc Tdam, Nguyén Hiéu Minh, Duwong Quang Duy, Lé Vin Uy
UNG DUNG HOC MAY PHAT HIEN MA BDOC TRONG LUONG DU LIEU MA HOA
Nguyén Ngoc Hung, Nguyén Thi Thuy Quynh, Nguyén Viét Hing

Xi

16

25

34

43

51

59

67

75

82

90

95

102



15

16

17

18

19

20

21

22

23

24

25

26

27

28

A NEW APPROACH IN DISTRIBUTED LEARNING MODEL APPLYING MALWARE
CLASSIFICATION ON ANDROID PLATFORM

Le Duc Thuan, Pham Van Huong, Hoang Van Hiep, Nguyen Kim Khanh

THUAT TOAN HIEU QUA KHAI THAC TAP PHO BIEN TUYET POI TREN DU LIEU
GIAO DICH CO TRONG SO CUA ITEMS

Phan Thanh Hudn, Lé Hoadi Bdc

APPLICATION OF THE PROMOTION MODEL BASED CUSTOMER LIFETIME
VALUE TO PREVENT CUSTOMERS TRANSFER NETWORK IN VNPT LAM DONG

Pham Thi Thu Thuy, Doan Duy Tuyen, Kim Hwa Soo

DANH GIA HIEU QUA MOT SO PHUONG PHAP HOC SAU TRONG PHAT HIEN
BENH DAI THAO BPUGNG QUA ANH VONG MAC

y Lé Tudn Anh, Nguyé~n Tién Bé‘ng, Lé Hoang Son, Vii Durc Thi, NguyéN;? Lang Giang,
Nguyén Nhw Son, Hoang Thi Minh Chau, Trinh Van Ha, Lé Hoang Hiép, Tran Tuan Hoan

MOT BE XUAT THUAT TOAN FUZZY JOIN TRONG XU LY DU LIEU LON
Phan Thwong Cang, Tran Thi To Quyén

MOT HE THONG MOI BE TRA LOI CAU HOI NHIEU BUGC DUA TREN DO THI TRI
THUC LON THEO TIEP CAN PHAN TAN

Phan Hong Trung, P6 Phiic
VE BANG QUYET PINH KHONG DAY PU KHONG DU THUA
Vii Bire Thi

A NETWORK-BASED ANALYSIS OF A WORKFLOW AT HANOI UNIVERSITY OF
INDUSTRY

Tran Tien Dung, Nguyen Minh Tan

KHAI THAC TOP-K MAU HUU ICH TRONG SO PHO BIEN TREN CO SO DU LIEU
PINH LUONG

Phan Thi Phirong Trang, Lé Hoang Binh Nguyén, Nguyén Duy Ham

VE SU ANH HUONG CUA CAC THAM SO MO HOA TRONG THUAT TOAN PHAN
CUM MO

Tran Dinh Khang, Pé Lé Quang, V6 Pirc Quang

UNG DUNG PHAN LGP DU LIEU TRONG DU POAN KHACH HANG ROI BO DICH
VU TAI NGAN HANG THUONG MAI

Vii Van Hiéu, Triwong Hdi Nam

HE THONG PHAN TICH VA TiM KIEM THONG TIN CON NGUOI TU CAMERA
GIAM SAT

Tran Gia Nghia, Ché Quang Huy, Trirong Vin Cwong

XAY DUNG MO HINH DU BAO KHONG PIEU KIEN SU DUNG PHUONG PHAP
GIAM CHIEU BIEN DUA VAO THU THUAT KERNEL

Nguyén Minh Hai, Bé Van Thanh, Nguyén Birc Diing

GIAI THUAT HQC TANG TRUONG GIAM GRADIENT NGAU NHIEN CUC BO TREN
MAY TiNH NHUNG RASPBERRY PI CHO PHAN LGP THACH THUC IMAGENET

D6 Thanh Nghi, Tran Nguyén Minh Thw, Biii Vé Quéc Bdo

Xii

111

120

128

139

146

154

166

171

181

188

196

203

211

218



29

30

31

32

33

34

35

36

37

38

39

40

41

42

UNG DUNG PO PO FRECHET INCEPTION DISTANCE BE LUA CHON MAU SINH
RA TU GAN CHO TAP THIEU SO

Tran V6 Khanh Ngdn, Tran Cao bé

PHAN LOAI BENH ALZHEIMER TREN ANH CHUP CONG HUONG TU CUA NAO
VOI KY THUAT HOQC SAU

Phan Thwong Cang, Phan Anh Cang, Truong Minh Toan

MOT PHUONG PHAPWMGI TRONG VIEC TAI}IG CUOGNG ANH DUA TREN PHAN
CUM MO VA TOAN TU TANG CUONG ANH TOI

Nguyén Tu Trung, Tran Manh Tudn, Nguyén Huy Pire, Nguyén Ngoc Quynh Chau

EVALUATING THE EFFECTIVENESS OF A MULTI-CRITERIA RECOMMENDER
SYSTEM BASED ON THE DEGREE OF INTERACTION BETWEEN CRITERIA, SETS
OF CRITERIA

Tri Minh Huynh, Vu The Tran, Hiep Xuan Huynh

DU BAO CHAT LUQONG CUA KIEM THU POT BIEN BAC CAO DUA TREN HOC MAY
D6 Van Nhé, Nguyén Pire Thudn, Nguyén Thi Ngoc Anh,
Nguyén Quang Vii, Nguyén Thanh Binh

PHAN VUNG KHOI U GAN TREN ANH CT O BUNG SU DUNG CHUYEN DOI
HOUNSFIELD PA KENH

Lé Nhat Huy, Lé Minh Hung

TOI UU THAM SO TINH MO TRONG MO HINH DU BAO CHUOI THOI GIAN NGON
NGU BAC CAO SU DUNG TOI UU BAY PAN

Pham Pinh Phong, Nguyén Duy Hiéu, Hoang Vin Théng, Mai Vin Linh

A STUDY ON DIGITAL TRANSFORMATION IN MEDICAL EXAMINATION AND
TREATMENT

Pham Vu Thu Nguyet, Ngo Chung Luc, Nguyen Luong Bang, Nguyen Quang Chung,
Nguyen Van To Thanh, Ho Thanh Phong, Nguyen Quang Vu

DU DOAN NHIP TIM BANG PHUONG PHAP HQC SAU
D6 Thanh Nghi, V6 Tri Thire

UNG DUNG MO HINH REPVGG VAO BAI TOAN PHAN LOAI TINH TRANG GIAO
THONG

Vii Lé Quynh Phirong, Tran Nguyén Minh Thw, Pham Nguyén Khang

DE XUAT CAC KY THUAT CAI TIEN VAO QUY TRINH HOAN TRA CHI PHI DI CHUYEN
Tran Lwong Phéan, Nguyén Binh Thudn

GIAI PHAP XAY DUNG HE THONG TRQ LY AO TRONG NONG NGHIEP THONG MINH
Nguyén Thai Nghe, Tran Ly Van, Nguyén Hiru Hoa

RUT GON THUQC TiNH DUA TREN MO HINH TAP THO MO TRUC CAM SU DUNG
PO PO KHOANG CACH MO RONG VA LAT CAT a

Pham Viét Anh, Nguyén Long Giang, Nguyén Ngoc Thiy, Cao Chinh Nghia, Vii Pirc Thi
CO VAN HOC TAP AO HO TRQ SINH VIEN DAI HOC
Nguyén Duy Phwong, Tran Viét Chau, Tran Neguyén Minh Thu

Xiii

225

233

243

249

258

266

274

282

291

298

306

314

320

332



43

44

45

46

47

48

49

50

51

52

53

54

55

56

HE THONG GOI Y DUA TREN KHOANG CACH NANG LUONG
Tran Thi Cam Ti, Phan Phirong Lan, Hupnh Xudn Hiép

TiM KIEM ANH DUA TREN MANG HOC SAU YOLO VA CAU TRUC KD-TREE
RANDOM FOREST

NguyéNn Thi Dinh, Van Thé Thanh
GIAI PHAP HE GOI Y CO PAM BAO TINH RIENG TU HIEU QUA VA THUC TIEN
Vii Thi Vén, Lwong Thé Diing, Hodng Vin Qudan, Tran Thi Lieong

MOT HAM THUOQC MO HIEU QUA TRONG GIAI THUAT FSVM-CIL CHO BAI TOAN
KHUYEN NGHI BPONG TAC GIA

V6 Pirc Quang, Nguyén Hai Yén, Tran Pinh Khang

THUAT TOAN CHE GIAU THONG TIN NHAY CAM TRONG KHAI PHA TAP MUC
HUU iCH CAO DUA TREN KY THUAT HEURISTIC

Huynh Triéu Vy, Lé Quéc Hai, Truwong Ngoc Chdu, Lé Quoc Hiéu

KHAI THAC TAP LGl iCH CAO CO TRONG SO AM TRONG CO SO DU LIEU PHAN
TAN DOC BAO TOAN TINH RIENG TU

Cao Ting Anh, Ngé Quéc Huy , Lé Thi Quynh Chi

NGHIEN CUU BE XUAT HE THONG NHAN DANG VA BOC TACH THONG TIN TU
DPONG HO TRQ PHAN LOAI VAN BAN HANH CHINH

Phiing Thé Huan, A6 Hong Quan, Lé Minh Tudn, Nguyén Th; Lan Anh,
Luwong Van Nghia, Hoang Thi Canh, Nguyen Quang Trung, Lé Hodng Son, Dinh Thu Khanh,
Luong Hong Lan

MOT MO HINH TRUY VAN ANH KET HQOP PO THI LANG GIENG VA PO THI NGU
NGHIA

Lé Thi Vinh Thanh, Vin Thé Thanh

PHUONG PHAP WMD-CGAN BIEN DOl ANH NHUOM MO HE THANH ANH IHC
NHAM HO TRO XAC DINH PHAC PO PIEU TR] UNG THU VU

Tran Dinh Toan, Nguyén Pirc Toan, Lé Minh Hung, Tran Vin Ling
PHUONG PHAP LAP CHI MUC VA TiM KIEM VIDEO THEO NOI DUNG
Trang Thanh Tri, Pham T hé Phi, D6 Thanh Nghi

MOT PHUONG PHAP CHU THICH ANH TU DONG DUA TREN PO THI NGU CANH
VA MANG LTSM

Nguyén Van Thinh, Tran Van Lang, Vian Thé Thanh

EFFECT OF ADDITIVE ANGULAR MARGIN LOSS FUNCTION WITH IMBALANCED
DATA IN SKIN LESION RECOGNITION

Phung Dao Vinh Chung, Le Minh Hung

PHAN TICH CAM XUC CHO TIENG VIET SU DUNG MO HINH PHOBERT
Huynh Thanh Tu, V6 Bach Khoi, Ho Anh Diing, Vii Dirc Lung

HYBRID MODEL OF CNN-XGBOOST FOR HOUSEHOLD GARBAGE IMAGE
CLASSIFICATION

Luong Cao Dong, Tran Quy Nam

Xiv

339

347

357

366

374

384

392

400

413

423

431

440

447

455



57

58

59

60

61

62

63

64

65

66

67

68

69

70

[:ING DUNG MANG GAN CO PIEU KIEN PHAT HIEN VUNG BAT THUONG TREN
ANH MRI NAO

Tran Nguyén Minh Thit, Bii Thanh Liém, Lé Minh Loi, Phit Tri Nghia, Pham Nguyén Khang
TRUY VAN ANH SU DUNG PO THI VA SOM BE QUY
Nguyén Minh Hdi, Nguyén Phwong Nam, Vin Thé Thanh, Tran Vin Ling
KHUNG LAM VIEC CHO TRA CUU ANH VOI MANG NO RON DO THI BAN GIAM SAT
Nguyén Hitu Quynh, Pdo Thi Thity Quynh, Cit Viét Diing, An Hong Son

NANG CAO HIEU NANG CUA DANH HANG PA TAP EMR TRONG TRUY VAN
HINH ANH SU DUNG PHUONG PHAP DPANH HANG KET HQOP PA PAC TRUNG
ANH

Tran Van Huy, Pdo Van Tuyét, Hoang Van Qu)ﬁ,‘NguyéNn Van Poan, Hoang Xuan Trung,
Nguyén Van Quyén, Vi Thi Khanh Toan, Lé Pinh Nghiép

PHAT HIEN VA KHOANH VUNG TON THUONG PHOI DO COVID-19 TREN ANH X-
QUANG BANG PHUONG PHAP DEEP LEARNING

Phan Thuong Cang, Phan Anh Cang, Tran Ho Pat

TONG HOP HINH ANH Y HOC DUA TREN GIAI THUAT TOI UU MPA
Pinh Phii Hing, Nguyén Huy Pirc, Nguyén Long Giang

MOT CACH TIEP CAN UNG DUNG QUY HOACH TUYEN TINH TRONG BAI TOAN
PHAT HIEN VA CHAM CUA CAC MO HINH 3D

Nghiém Vin Hung, Ding Vin Pire, Nguyén Vin Can, Hoang Viét Long, Trinh Hién Anh
MOT PHUONG PHAP PHAN LOAI PA LOP HIEU QUA TRONG PHAN TiCH QUAN DPIEM

Nguyén Thi Ngoc Tii, Nguyén Thi Thu Ha, Nguyén Long Giang, Ngu\ye’n Viét Anh,
Nguyén Tran Quoc Vinh

XAY DUNG TU BIEN CAM XUC THEO LINH VUC VA UNG DUNG VAO HE THONG
GOI Y SAN PHAM

Buii Thi Diém Trinh, Huynh Thi Ngoc Yén, Truong Quéc Pinh

KIEM CHUNG THONG TIN TIENG VIET DUA TREN PO THI TRI THUC, HOC SAU
VA LUAT SUY DIEN

Duong 76 Huong, Hé Hai Vin, D6 Phiic

MOT SO TINH CHAT CUA VE TRAI CUC TIEU VA KHOA VOI PHEP DICH CHUYEN
LUGC PO KHOI

Trinh Pinh Thing, B Thi Lan Anh, Tran Minh Tuyén, Nguyén Vin Cuong

MOT HUONG TIEP CAN GIAM SAT THI TRUC TUYEN TREN NEN TANG IOT UNG
DUNG CONG NGHE NHUNG

Nguyén Xudn Huy, Lé Pham Viét Man, Nguyén Minh Son

THUAT TOAN KET HQP GIUA THUAT TOAN TIEN HOA VA THUAT TOAN
METAHEURISTIC CHO TIM KIEM UU TIEN NGAU NHIEN GIAI BAI TOAN TIM
DUONG PI LIEN MIEN VOI RANG BUQC MIEN DUY NHAT TREN NUT MANG

Pham Pinh Thanh

USING DATA MINING, SEASONAL TIME SERIES AND ARTIFICIAL NTELLIGENCE
ALGORITHM FOR BITCOIN PRICE PREDICTION

Hoang Tung, Ngo Hien Dat, Nguyen Dinh Thuan

XV

462

470

477

486

493

501

510

517

527

534

542

550

557

566



Ky yéu Hoi nghi Khoa hoc cong nghé Quoc gia lan thit XV vé Nghién ciru co bén va iing dung Cong nghé thong tin (FAIR); Ha Ngi, ngay 03-04/11/2022
DOI: 10.15625/vap.2022.0261

TONG HQP HINH ANH Y HOC DWA TREN GIAI THUAT TOI U MPA

Pinh Phu Hung', Nguyén Huy Puc?, Nguyén Long Giang®
!Bd moén Mang va An toan thong tin, Dai hoc Thuy loi
2B mon Tin hoc va Ki thuat tinh toan, Pai hoc Thuy lgi
3Vién Cong nghé thong tin, Vién Han 1am Khoa hoc va Cong nghé Viét Nam
hungdp@tlu.edu.vn, ducnghuy@tlu.edu.vn, giangnl@ioit.ac.vn

TOM TAT Tong hop hinh anh Y hoc dong vai tro quan trong trong viéc ho tro' cdc béc ST chan doan lam sang 16t hon. Cho
d‘en nay, ¢é rdt nhiéu cdc cdch tiép cdn dé giai quyét bai toan nay di dwoc dé xudt. Tuy nhién, hinh danh téng hop van gap mot 6
van dé vé mdt chdt lwong nhuw b giam cuong do sang, do twong phan va thdm chi bi mdt cdc chi tiét. Bdi bdo nay dé xudt mot
phiwong phap mdi dé cdi thién nhimg han ché d@é cdp & trén. Pau tién cdc hinh anh dau vao sé duoc phdn rd thanh hai thanh phan
(thanh phan co s6 va thanh phan chi tiét) bang cdch su dung bo loc Rolling guidance filter (RGF). Sau do, cdc thanh phan co SO
duoc tong hop véi nhau bang cdch sir dung gidi thudt t6i wu hod MPA (Marine predators algorithm). Céc thanh phan chi tiet dwoc
téng hop lai véi nhau sir dung toan ik la ban Prewitt két hop véi ham nang lwong cuc bg. Cac thuc nghiém cho thay rang phirong
phap ma ching tdi dé xudt co cdi thién ding ké chat heong hinh anh dioc téng hop ciing nhu bdo todn 16t cdc chi tiét trong anh.

Tir khéa: Téng hop hinh anh'y hoc, gidi thudt téi wu MPA, b loc Rolling guidance filter (RGF).

I. GIOI THIEU

Vi su da dang cua cac thiét bi thu nhan hinh anh. Chung ta c6 thé thu nhan dugc mot sé loai hinh anh y hoc
khac nhau nhu hinh anh céng huéng tir (MRI), hinh anh chup cat 16p vi tinh (CT), hinh anh chup cét 16p phat xa don
photon (PET). Mdi mot loai hinh anh déu mang nhing thong tin ma nhiing hinh anh con lai khong c6. Vi dy, hinh dnh
MRI cung cip cic thong tin vé cu trac xuwong. Hinh anh PET cung cép thong tin dén qué trinh trao dbi chat. Trong qua
trinh chan do4n bénh, cac béac si can quan sat thong tin tir nhidu loai hinh dnh khac nhau dé dua ra nhimg chin doan
bénh mot cach chinh x4c. Do d6, viéc tong hop hinh anh y hoc 14 qua trinh két hop cac thong tin bd sung tir cac hinh
anh riéng 1é theo cac phuong thirc khac nhau dé tao thanh mot hinh anh duy nhét.

Nhin chung, ching ta c6 thé chia céc cach tiép can dé giai quyét bai toan tong hop hinh anh ra lam hai loai
chinh. Céc céch tiép can dua trén mién khong gian va cac cach tiép can dua trén mién bién ddi. C6 ba budc chinh can
thyc hién trong cac cach t1ep can dya trén mién bién d6i. Pau tién, mot thuat toan bién d6i anh duge ap dung dé phéan
tach hinh anh dau vao thanh cac thanh phan tin sd thép va cac thanh phan tin s cao. Tiép theo, cac thanh phan tan sb
thip dugc tong hop lai voi nhau va cac thanh phan tan sd cao tong hop lai v6i nhau theo cac quy tic tong hop duoc
dinh nghia trudge. Cudi ciing, cac thanh phan da duge tong hop duge bién doi nguoc vé mién khong gian dé thu duoc
hinh anh tong hop. Hién nay, c6 rat nhiéu cac phuong phéap bién doi anh khac nhau di dugc ap dung dé giai quyét cho
bai toan tong hop hinh anh. Bién d6i SWT (Stationary wavelet transform) dugc Dinh [1] sir dung dé phan ra hinh anh
dAu vao trong nghién ctru téng hop hinh anh. Bién d6i NSCT (Non-subsampled contourlet transform) dugc sir dung dé
phan rd hinh anh trong nghién ctru cia Wang va cac dong nghiép [2]. Bién d6i NSST (Non-subsampled shearlet
transform) duoc sir dung trong nghién ctru cia Jose va cac dong nghiép [3]. Mot s6 cac cach bién déi khac ciing dugce
sir dung trong bai toan tong hop hinh anh y hoc nhu LP (Laplacian pyramid) [4], TVD (Total-variational
decomposition) [5] va SIDWT (Shift-invariant discrete wavelet transform) [6]. Cach tong hop cho cac thanh phan tan
S0 thap co thé ké dén nhu quy tac Max [7], quy | tac trung binh [8] va quy tac thich ‘nghi [9], [10], [11], [12]. Céc quy tic
tong hop cho cac thanh phan tan sb cao ciing rat da dang. Mot sé quy tic phd bién co thé dé cap nhu quy tic dya trén
cuc dai ham ning lwong cuc bd MLE [13], quy tic cuc dai ham ning lwong cuc bo st dung toan tir la ban [9].

Bén canh cac phuong phap duge dé cap ¢ trén, biéu dién thua (SR - Sparse representation) va cic mang hoc sau
cling dugc ing dung trong bai toan tong hop hinh anh. Yousif va cac dong nghiép [14] da dé xuat két hop biéu dién
thua v6i mang SCNN (Siamese convolutional neural network). Shibu va cac dong nghiép [15] da gi6i thiéu mot
phuong phap tong hop hinh anh dya trén SR va mang tich chép (CNN). Li va cac ddng nghiép [16] da két hop SR voi
b loc SGF (segment graph filter) dé tong hop hinh anh. Trong thoi gian gan day, mot sb cach tlep can dua trén toi uu
hoa da cho thdy sy hiéu qua ddi véi bai toan tong hop hinh anh y hoc. Vi duy, Dinh [9] dd d& xuit mot phuong phép
tong hop hinh anh hiéu qua dua trén giai thuat toi vu bay chau chéu. Gao va céc ddng nghiép [17] da s - dung giai thuat
tbi wu PSO (Particle swarm optimization) trong viéc dé phuong phap téng hop hinh anh. Duan va céc dong nghiép [18]
da dé xuét sir dung giai thuat di truyen GA (Genetic algorithm) cho viéc tong hop hinh anh. Mot s6 giai thuat toi wu
khac ciing di duoc st dung dé tong hop hinh anh y hoc nhu EOA (Equilibrium Optimization Algorithm) [1], [11] va
AISA (Adolescent identity search algorithm) [3].

Theo quan sat cia chung t6i, hinh anh téng hop ‘thuong bi suy giam vé mat ch:Qit lugng & céc khia canh nhu
cuong do sang, d6 twong phdn va thdm chi mét céc chi tiet tir hinh anh goc. Vi du, m6t so gidi thuét tong hop [19], [20]
s dung quy tac trung binh dan dén hinh énh tong hop bi giam cuong do sang va d6 tuong phan. Trong nghién ctru nay,
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chang toi tép trung giai quyét van déf Vé‘ su suy giam cuong do sang cua hinh anh téng hop bir}g cach tao ra mot quy
tac tong hgp thich nghi cho thanh phan tan so6 thap. Mot so dong gop chinh ctia nghién ctru c6 the 1iét ké nhu sau:

- Dé xuit mot phwong phap phan ri hinh anh hai thanh phan dya trén bo loc RGF.

- Pé xuit mot quy tic tong hop thich nghi cho cac thanh phan co so dua trén giai thuat toi wu MPA.

Céc phén con lai cia bai bao duoc b tri nhu sau: Phan 11 giéi thiéu mot sb k‘ién thire nén tang, baorg(k)m bo lQC
huéng dan quay vong (RGF) va giai thudt toi vu hoa MPA. Phan IIT trinh bay vé phuong phap d€ xuat, bao gom
phuong phap phén ré anh hai thanh phéan dwa trén b loc RGF va phuong phap tong hop hinh anh dya trén giai thuat t61
uu MPA ket hop v6i ham néng luong cuc bd sur dung todn tr la ban Prewitt (FR_PCO) do Dinh [11] dé xuat. Thiet ke
thuc nghiém ‘Vé cac ket qua thyc nghiém duoc trinh nay trong Phan IV. Két luan va cac cong viéc tuwong lai dwoc trinh
bay trong Phan V.

II. KIEN THU'C NEN TANG
A. Bj loc huwéng din quay vong

B¢ loc huong (’ﬁm quay vong (RGF - Rolling guidance filter) dugc gidi thiéu boi Zhang va cac Eiéng nghiép [21]
vao nam 2014. Cho dén nay, bd }Qc nay da dugc ung dung trong rat nhi€u cac bai toan xt 1y anh nhu tong hop hinh anh
y hoc [22], tong hop hinh dnh hong ngoai va hinh anh kha ki€n [23] va phan cum dir liéu [24]. B loc RGF hoat dong
dua trén hai budc chinh: x04 bo cac thanh phan cau truc nho va phuc hoi duong bién.

Bude 1: Xo4 bo cac thanh phén ciu tric nhé

Ki hiéu | va I, lan Iuot 13 hinh anh dau vao va hinh anh thu duoc sau khi loc Gaussian. Khi do, I; duoc tinh

toan theo phuong trinh (1).
2
1 lp —al o))
b= Y enp(-1220l)q
K 20¢
P qeN()

trong do:
p va q la cac vi tri;
o5 1a do léch chuén cua bd loc Gaussian;
N(p) la tap cac hang x6m ma c6 tam la p;
K, dugc su dung cho muc dich chuén hoa va né duge xac dinh theo phuong trinh (2).

2
k=3 ew _lip—all @
p 202
qeEN(p)

Budrc 2: Phuc hdi dwong bién béi bd loc hwéng din

Ki hiéu J* 1a d4u ra cia bo loc Gausian thu duge tir bude 1. Ki hidu Jt+1 1a két qua thu dugc tir vong lap thu t.
Jt*1 duoc xac dinh theo phuong trinh (3).

1 p—all> U@ -t @I ©)
I = Z)exp<_| 202 L 207 |>1(q)
qeN(p

p

trong dé:
K,, dugc st dung cho muc dich chuin hoa va n6 dwoc xac dinh theo phuong trinh (4).

12 t) _ It 2 4)
K, = e (_ ||p202|| 1y (p)zgé @l ) @
qEN(p) s T

o, 14 do 1éch chuan ciia bo loc hudng dan.

Hinh 1 minh hoa mot hinh anh diu vao va mot s6 hinh anh du ra thong qua mot $6 vong 1dp cta bd loc RGF.

Hinh 1. Minh hoa két qua thu dugc boi bd loc RGF.
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B. Giai thuat t6i wu MPA

‘Gidi thudt t6i vu MPA dugc dé xuét boi Faramarzi va cac dong nghiép [25] vao nam 2020. Giai thuat ndy da
cho thay c6 hiéu qua trong rat nhiéu cac ung dung nhu tong hgp hinh anh y hoc [26] va ning cao chat lwvgng anh [27].

Ba giai doan chinh cuia thuat toan c6 thé duoc mé ta nhu sau:

Giai doan 1: Trong mdt phan ba dau tién cia vong lap, kich thudc bude di chuyén cta con moi (S_)Sl(x, y)) va
vi tri ctia n6 (Pr; (x, y)) duge xéc dinh béi cac phuong trinh (5) va (6) tuong tng.

$5,(x,) = Rp(x, ))®(E,(x,y) — Rs (x, Y)®PT,(x,)) ®)
Pr(x,y) = Pr,(x,y) + K.R®SS,(x,y) ©

trong do:
SS.(x, y) 1a mot vécto chira kich thuée buée di chuyén cia con mi;

E(x,y) la mot ma tran duoc xay dung trén cac giai phap phu hop nhat;

R 1a mot vécto chtra cc gid tri ngiu nhién tuan theo mot phan phdi dong nhét;
K lahang sb c6 gia tri 0,5;

® la toén tir nhan entry-wise;

R, 1a mot vécto cac sé ngau nhién.

Giai doan 2: Trong mot phan ba cuia vong lap tiép theo, kich thudc budc di chuyén cia con mdi va vi tri ciia no
dugc xac dinh boi cac phuong trinh (7), (8), (9) va (10).

Doi véi mot phan hai ctia dan s6 dau:

55,(xy) = R.(x,y)Q(E (x,y) — R.(x,y)®P,(x,y)) )
Pr(x,y) = Pr,(x,y) + K.R®SS,(x,y) (®)
D6i voi mot phan hai ctia dan s6 con lai:
55,(x,9) = Rg(x,)®(Rs(x,y)®E,(x,y) — Pr,(x,y)) ©)
Pri(x,y) = E,(x,y) + K.CF®SS,(x,y) (10)
trong do:
2%l
CF = (1 - ZL) fmax 13 mot tham sé thich nghi dé kidm sot kich thuéc bude cho su di chuyén cia dong vat in
thit.

Giai doan 3: Trong mot phin ba cudi cing ciia vong lap, kich thude bude di chuyén ciia con mdi va vi tri cia
n6 dugc xac dinh boi cac phuong trinh (11) va (12).

55,(x,y) = R.(x,)®(R,(x,y)®E,(x,y) — Pr,(x,y)) (11)
Pri(x,y) = E,(x,y) + K.CF®SS,(x,y) (12)

trong do:
R, 1a mot vécto duoc sinh ra bai phan phéi Lévy.

V6i sy hinh thanh cua céc dong xody trén bién va su anh huong cua cac thiét bi thu hit ca (FDAs - Fish
Aggregating Devices), vi tri cia cac con moi dugc cip nhat lai nhu phuong trinh (13):

P—r;(x, Y) = P_rl)(x' Y) + CF[)_()min + R®(}_()max - X)min)]®[—j Néu r < FDAs
—_— —_— — — A 13
Pr(x,y) = Pr(x,y) + [FDAs(1 — 1) + r](Pryy — P1y,) Neur > FDAs (13)

trong dé:
FDAs = 0,2 14 x4c xuit ciia FDA anh huong téi qua trinh ti wu;
Ula mdt vécto nhi phéan;
7 12 mot tham s ngau nhién thudc khoang (0,1);
)?max va )?mm la cac vécto chira cén trén va can dudi;

Céc chi s6 con 17 va r;, biéu thi cac chi s6 ngau nhién ctia ma trdn con moi.
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IIl. PHUONG PHAP DE XUAT
A. Phén ri anh hai thanh phén

Trong ph?n} nay, chung t6i gidi thi¢u phuong phap phan ra anh anh hai thanh phan dya trén bo loc RGF. Cho |
la mot hinh anh dau vao. Goi C; va C; 1a cac thanh phan co s¢ va thanh phan chi ti€t thu dugc khi phén ra anh I. Hinh 2
minh hoa cac thanh phan C; va C, thu dugc tir mot hinh anh dau vao I. Cac budc dé phéan ra hinh anh hai thanh phan
nhu sau:

Bude 1: St dung bo loc RGF dbi v6i anh déu vao I, thu dwoc thanh phén C;.

Budre 2: Thanh phan C, dugc x4c dinh nhu sau: C, = — C;

Hinh 2. Minh hoa hinh anh du vao I va hai thanh phan C; va C, thu dwoc sau phan ri anh
B. M hinh dé xuét

Trong phan nay, chung t6i gioi thiéu mo hinh téng hop hinh anh.

Pau vao: Hinh anh Xdm I,g;, hinh anh mau Ipgr.

Pau ra: Hinh anh tong hop mau (I15,,,,)

So d0 cac bude clia giai thuat tong hop hinh anh y hoc ctia chiing t6i dugc minh hoa trong Hinh 3.

Thanh phén co sé

5
N

> -

Hinh 3. So d tong hop hinh anh

Budre 1: Hinh anh mau Iz, duoc chuyén sang khong gian mau YUV, thu duoc 3kénh Y, U va V.

Buée 2: Ap dung phuong phap phan rd anh hai thanh phan d6i voi hai hinh anh xam Iy, va Y, thu duge cac

thanh phan co s6 CMR!, CPET va cac thanh phan chi tiét CMR!| CPET tyong tmg.

Bude 3: Tong hop cac thanh phin co sé theo phuong trinh (14).
Cf = By CI'™™ + By CFFT (14)

trong do: B; € (0,5 0,999) va B, € (0,01; 0,5) la hai tham s6 t6i wu tim dugc bang céch sir dung giai thuat MPA dé
t61 wu ham muc tiéu F theo phuong trinh (15).

Ky
F= E (E; —Ey) (15)

trong dé:
K; va K, 1a phuong sai va trung binh cudng d6 sang cta hinh anh Ig,;
E, Vva E, la entropy ctia hinh anh tong hop tam thoi I trong mdi vong lap ciia giai thuat MPA va Iyg,.
Buéc 4: Tong hop céc thanh phén chi tiét theo quy tic FR_PCO dugc dé xuat boi Dinh [11] nhu phwong trinh (16).
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C§ = FR_PCO(C'®!, CET) (16)

Budre 5: Hinh anh tong hop xam duoc xéac dinh theo phuong trinh (17).
Igray =Cf+ (5 @an

Bugre 6: St dung 3 kénh Igmy, U,V dé chuyén vé khong gian mau RGB, thu dugc hinh anh tong hop mau I7,,,,,.
C. Thiét 1ap thwe nghiém va danh gia
1. Dirliéu thuc nghiém

Chung toi sir dung 120 hinh dnh y hoc dé tién hanh thuc nghiém. Nhiing hinh anh nay dugc ldy tir ngudn:
http://www.med.harvard.edu/AANLIB/. Chiing t6i chia 120 hinh anh nay thanh cac tap dit liéu nho duya trén lat cét theo
cactruc S, CvaT.

Tap dit liéu D1 gdm 20 cap hinh anh MRI va PET duoc ldy tir lat cit 61 dén 82 theo truc T.

Tap dit liéu D2 gém 20 cap hinh anh MRI va PET duoc lay tir 1at ¢t 61 dén 82 theo truc S.

Tap dit liéu D3 gém 20 cap hinh anh MRI va PET duoc lay tir 1at cat 61 dén 82 theo truc C.

Tap dit liéu D4 gém 3 cap hinh anh MRI va PET tai vi tri cat #068T, #068S va #068C.

Mot sb cap hinh anh MRI va PET dugc minh hoa trong Hinh 4.

&3

L :“.' 'y
MRI #068T PET #068T MRI #068S PET #068S MRI #068C PET #068C

<,

Hinh 4. Minh hoa mét s§ cép hinh anh MRI va PET trong tép dit liéu thuc nghiém
2. Thiét ldp thuc nghiém
Chting t61 thiét 1ap hai thye nghiém nhu sau:

Thue nghiém 1: Dé kiém tra hiéu qua cua giai thudt MPA, chung t6i lya chon 4 giai thuat t6i wu khac dé so
sanh. Nhitng giai thuat t5i uu nay 1a: DA (Dragonfly algorithm) [28], MVO (Multi-Verse Optimizer) [29], GWO (Grey
Wolf Optimizer) [30], SCA (Sine Cosine Algorithm) [31]. M&i giai thuat ti wu dugc thuc hién 30 lan khéac nhau trén
tap dir liéu D4. Hai chi sé danh gia duoc sir dung 1a trung binh va do 1éch chudn.

Thye nghiém 2: Dé kiém tra su hiéu qua ciia m6 hinh téng hop hinh anh cta ching t6i. Mot s giai thuat tong
hop hinh anh gin diy dugc lua chon dé so sanh dwa trén tiéu chi co quy tic tong hop trung binh nhu CSR
(Convolutional Sparse Representation) [32], CSMCA (Convolutional Sparsity Based Morphological Component
Analysis) [19] va méi dugce dé xudt gan day nhu CSE (Contrast and Structure Extraction) [33]. Bén chi s6 danh gia
dugc sur dung la: Trung binh cuong do sang (MLI - Meaning light intensity), do twong phan (Cl - Contrast index),
lugng thong tin (E - Entropy) va do sic nét (AG - Average gradient).

Céc tham s6 can thiét dugc thiét 1ap nhu sau:

- Sb vong lap cua giai thuat MPA: 50.

- S ca thé trong dan: 50.

- Tham s6 K = 0,5, FDAs = 0,2, r la s6 ngdu nhién thudc khoang (0,1).

_ Céc thyc nghiém duoc tién hanh trén may Laptop: Intel Core i9 11900K, 2.5GHz processor véi 32G Ram. Phan
mém thyuc hién 1a Matlab 2020b.

3. Danh gia

Két qua cia thye nghiém 1: Bang 1 minh hoa két qua ctia 30 lan chay khac nhau tmg voi mdi giai thuat t6i wu.
Nhén thay rang chi s0 trung binh cua gia tri ham muc tiéu thu dugc tir giai thut MPA 1a cao nhat. Hon nira, gia tri d6
léch chuan thu duogc 1a thap nhat trong cac giai thuét. Diéu nay giai thich tai sao chung t6i lua chon gii thuat MPA.

Bang 1. Danh gid cac giai thuat t5i vu

Dir liéu | Giai thuat Trung binh Do 1éch chuin
DA 0,433636782839501 0,000004888251470
MVO 0,433136725452688 0,001133554592505
#068T GWO 0,433591810141287 0,000034863811703
SCA 0,433510434889032 0,000074852304021
MPA 0,433642307567949 0,000000680545469
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DA 0,379947631345572 0,000006450111434

MVO 0,379483877270243 0,001107439439358

#068S GWO 0,379888571418946 0,000044418568464
SCA 0,379668034265813 0,000220148086905

MPA 0,379953426866101 0,000000591667461

DA 0,421684429086385 0,000008135482162

MVO 0,420366962998119 0,003838198434025

#068C GWO 0,421647587248824 0,000022284171740
SCA 0,421602884338091 0,000042975103021

MPA 0,421698227058338 0,000003290488120

Két qua cia thue nghiém 2: Bang 2 minh hoa 4 chi s0 danh gia cua cac giai thuat tong hop hinh anh khac
nhau. Dé dang nhan thy ring ca 4 chi s6 danh gia thu dwoc tir giai thuat tong hop cua ching t6i 1a cao nhat. Dleu nay
cho thiy ring giai thuat cua chung t6i tao ra hinh anh c6 cudng do sang, do twong phan, luong thong tin va do sdc nét
hon céc hinh dnh dugc tao ra tir cac phuong phap téng hop hinh anh con lai. Bang tryc quan, chung ta c6 thé quan sat
két qua tong hop trén cac Hinh 5, 6 va 7.

Bang 2. Chi sé danh gia cua cac giai thuét tong hop hinh anh

Tap dir liéu | Giai thuat | MLI Cl E AG
CSR 0,2391 | 02860 | 50076 | 0,0578
o1 CSMCA | 02526 | 023037 | 50212 | 0,0623
CSE 02729 | 03089 | 572688 | 0,0648
ours 03156 | 03528 | 53925 | 0,0684
CSR 0,2548 | 02701 | 508969 | 0,0655
2 CSMCA | 02711 | 02889 | 58106 | 0,0700
CSE 0,3102 | 02965 | 62673 | 0,0751
ours 03464 | 03293 | 6,3618 | 0,0789
CSR 02224 | 02682 | 52186 | 0,0814
D3 CSMCA | 02363 | 002874 | 51642 | 0,0863
CSE 02841 | 03089 | 56113 | 0,0950
ours 03110 | 03375 | 57529 | 0,0986

Hai tham s6 t6i uu trung binh B; va S, thu duoc tir ba tap dir ligu D1, D2 va D3 dugc trinh bay trong Bang 3.
Nhan thiy rang tham sb f; kha 16n (I6n hon 0,96), trong khi 8, nho hon dang ké (nho hon 0,2). Didu nay cho thdy
thanh phan co s ciia hinh anh MRI déng gép mot lugng 16n thong tin dén hinh anh tong. Trong khi thanh phan co so
ctia hinh anh PET dong gop mot luong nho thong tin dén hinh anh tong.

Bing 3. Tham s t6i wu thu dugc

Tap dilidu | B, B
D1 0,9714 0,1999

Ours

Hinh 5. Minh hoa hinh anh téng hop thu dugc tir cac giai thudt téng hop trén tap dit liéu D1

Hinh 6. Minh hoa hinh anh téng hop thu duoc tir cac giai thuat tdng hop trén tap dit liéu D2
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Ours

Hinh 7. Minh hoa hinh anh téng hop thu dwoc tir cac giai thuét tdng hop trén tap dit liéu D3
Thoi gian chay trung binh ctia cac giai thuat dugc trinh bay trong Bang 4. Phuong phap cta chung toi cho thoi
gian chay thap nhat khoang 1,73 gidy v6i 50 vong lap va 50 ca thé trong dan cua giai thuat MPA, trong khi cac phuong
phép con lai co thoi gian chay trung binh 16n hon dang ké. Tuy nhién, néu chon s6 vong 1dp va so ca thé con dan tang
I€n thi thoi gian chay cling sé tang Ién.

Bing 4. Thoi gian chay trung binh ciia cic giai thuat tng hop anh

Giai thuat Thai gian chay
trung binh (giay)
CSR 14,2426
CSMCA 38,4796
CSE 14,2642
Ours 1,7325

D. Két luan va cong viéc twong lai

Trong bai bao nay, chung toi d& xuat mot phuong phap tong hop hinh anh hiéu quéa dua trén giai thudt MPA.
Hinh anh dau vao duoc phan ri hai thanh phan dé thu dugc cac thanh phan co s¢ va thanh phan chi tiét. Cac thanh phan
co s& dugc tong hop lai v6i nhau duya trén cac tham s6 thich nghi. Nhitng tham sd nay duge tim dugc bang giai thuat
t6i wvu MPA. Nhiing thanh phén chi tiét dugc tong hop v6i nhau dya trén toan tir la ban Prewitt két hop voi ham nang
luong cuc bo. Phuong phap tong hop nay da cho thay hi¢u qua trong dé xuat ctia Dinh [11]. Nhiing thanh phan tong
hop co s& va chi tiét duge ldy tong lai v6i nhau dé tao ra hinh anh tong hop. 120 hinh anh chup ndo MRI va PET da
duoc st dung trong phan thyc nghiém. Cac két qua thuc nghiém cho thay rang phuong phap téng hop hinh anh cua
chang t6i dam bao cho hinh anh téng hop dau ra co chit luong tot vé cach kia canh cuong do sang, d6 twong phan,
lwong thong tin va do sic nét.

Trong tuong lai, mot sé giai phap kha thi c6 thé duogc sir dung dé cai thién hiéu qua cua viéc tong hop hinh anh
y hoc. Giai phép thir nhit 14 cai thién chét lwong cua hinh anh dau vao. Vi dy, nghién ctru ciia Dinh va ddng nghiép
[27] da cho thay rang viéc nang chét luvong ciia hinh anh dau vao cho _phép cai thién dang ké hiéu ning ciia viéc tong
hop hinh anh. Gidi phap thtr hai 1a ap dung cac phuong phap moi de téng hop cho cac thanh phan co s& va chi tiét. Vi
du, quy tic tong hop dua trén cdu tric Tensor di duoc de xuét dé tong hop cdc thanh phén chi tiét theo nghién clru cla
Dinh [26]. Gidi phap thu ba la 4p dung céc gidi thudt t01 wu méi duge dé xuat gan day. Giai phap nay co thé cho phép
cai thién sy hidu qua trong viéc tim kiém cac tham sd t6i wru.

LOT CAM ON

Tac gia Binh Phi Hung duoc tai tro boi Tép doan Vingroup - Cong ty CP va hd trg bai Chuong trinh hoc bong
thac si, tién si trong nudc cua Quy P6i méi sang tao Vingroup (VINIF), Vién Nghién ctru Dir liéu 16n, ma sb
VINIF.2021.TS.133.
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MEDICAL IMAGE FUSION BASED ON MPA OPTIMIZATION ALGORITHM
Dinh Phu Hung, Nguyen Huy Duc, Nguyen Long Giang

ABSTRACT: Medical image fusion plays an important role in supporting clinicians make better clinical diagnoses. Up to
now, many approaches to solve this problem have been proposed. However, the composite image still has some quality problems,
such as reduced brightness, contrast, and even loss of details. This paper proposes a new method to overcome the limitations
mentioned above. The input images will first be decomposed into two components (base component and detail component) using the
Rolling guidance filter (RGF). Then, the base components are fused together using the MPA (Marine predators algorithm)
optimization algorithm. The detailed components are fused using the Prewitt compass operator combined with the local energy
function. Experiments show that our proposed method significantly improves the fused images' quality and preserves the images'
details.
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