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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 (IT), and noise (IN). Second, the structural component (IS) is

enhanced by the contrast-limited adaptive histogram equalization method to

obtain ICLAHE. 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 ICLAHE and IT components to obtain the ISTS and

ILED components, respectively. The IT and ILED components are used to gener-

ate the enhanced component (called IT_E) by using the Max operator. Third,

the Marine predators algorithm is used to find the optimal parameters β1, β2,
β3, and β4 corresponding to ICLAHE, ISTS, IT_E, and IN. Finally, the enhanced

image is made up of the sum of the ICLAHE, ISTS, IT_E, and IN images multiplied

by the optimal parameters β1, β2, β3, and β4, 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.

KEYWORD S
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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

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),47 Bi-
histogram equalization (BHE),52 Dynamic Histogram
Equalization (DHE),44 and Dynamic quadri-histogram
equalization (DQHE).18 Lidong et al.28 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 approaches23 and con-
volutional network-based approaches.31 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.21 have
used histogram specifications to enhance the contrast
of the Magnetic resonance (MR) images. Ismail et al.20

have applied the DHE for low contrast MR images to
preserve the brightness. Chen et al.4 have introduced an
algorithm called Hierarchical correlation histogram
analysis (HCHA) for automatic contrast enhancement.
Isa et al.19 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.48 have introduced
adaptive fuzzy histogram equalization for MR brain
image enhancement. Yang et al.60 have combined DWT
with HE for enhancing contrast in the brain MR
images. Sahnoun et al.46 have introduced a new MR

image enhancement approach based on Singular value
decomposition (SVD) and DWT. Histogram-based
algorithms have been used for enhancing medical
images.18

Medical image enhancement is also an important pre-
processing step in many applications. For instance, Ullah
et al.54 have proposed a method to enhance the image
quality and use it as a pre-processing step before image
classification. Veluchamy et al.55 used the BHE to
enhance the image quality before image segmentation.
This allows for improving the efficiency of image seg-
mentation. Eichinger et al.14 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),12

the Equilibrium optimization algorithm (EOA),8,10 Grass-
hopper Optimisation Algorithm (GOA)11 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.22 have used Krill herd
optimization (KHO) to enhance the contrast of medical
images. Maurya et al.34 proposed the use of Cuckoo Sea-
rch Optimization (CSO) for improving contrast and
brightness. Luque_Chang et al.30 have introduced Moth
Swarm Algorithm (MSA) for image contrast enhance-
ment. Other optimization algorithms have also been used
such as Artificial bee colony (ABC),5 Barnacles Mating
Optimizer (BMO),2 Genetic algorithm (GA),1 Social spi-
der optimization algorithm (SSOA),33 and Particle swarm
optimization (PSO).53

The MPA15 was a recently proposed meta-heuristic
algorithm. So far, this algorithm has been effectively
applied in many applications, such as medical image
synthesis,9 multilevel image segmentation,32 and fault
diagnosis of rolling bearing.6 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

FIGURE 1 The input image and structure tensor saliency
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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.

ALGORITHM 1 MPA algorithm

Initialize the required parameters (the population i¼ 1,n
� �

, matrix E and Prey.)
Assign parameters: FADs = 0.2; K = 0.5; r in [0,1].
r1 and r2 are random indexes.
U
!

is the binary vector.
X
!

min and X
!

max are the vectors containing the lower and upper bounds.
while l < lmax do.

/* Stage 1: */.
if l< 1

3 lmax then.
Update prey according to Equation (6).

end
/* Stage 2: */.
else if l > 1

3 lmax
� �

and l < 2
3 lmax

� �
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 l > 2

3 lmax then.
Prey is updated according to Equation (12).

end
/* Eddy formation and FADs' effect */
if (r ≤ FADs) then

Pri
�!

px ,py
� �

¼ Pri
�!

px ,py
� �

þCF� X
!

minþR
!� X

!
max �X

!
min

� �� �
�U

!� �
end
else if (r > FADs) then

Pri
�!

px ,py
� �

¼ Pri
�!

px ,py
� �

þ FADs� 1� rð Þþ rð Þ � Prr1
��!

px ,py
� �

�Prr2
��!

px ,py
� �� �

end
l = l + 1.

end
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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.

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,13 extended
focused imaging in microscopy,45 and corner detection.56

ALGORITHM 2 STN decomposition

Input: I (A gray image).
Output: IS, IT, IN.

Step 1: The input image I was blurred with a Gaussian filter, obtaining an IGF image.
Step 2: The total variation image reconstruction (TVIR)3,57 algorithm is applied to the IGF image to obtain

a structure component (IS).
Step 3: The detailed component ID is determined by Equation (13)

ID ¼ I� IS ð13Þ
Step 4: Texture component (IT) obtained by applying Anisotropic diffusion filtering (ADF)43 to ID

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

IN ¼ ID� IT ð14Þ

FIGURE 2 The decomposition of an image into three components
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Given the image matrix I, the structure tensor is
defined as Equation (1).

ST ¼
P
w
E2
i

P
w
EiEjP

w
EiEj

P
w
E2
j

2
64

3
75 ð1Þ

where, w is a local window. Ei and Ej 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

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

v1 ¼ 1
2

X
w

E2
i þ
X
w

E2
j þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
w

E2
i �
X
w

E2
j

 !2

þ4
X
w

EiEj

 !2
vuut0

@
1
A
ð2Þ

v2 ¼ 1
2

X
w

E2
i þ
X
w

E2
j �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
w

E2
i �
X
w

E2
j

 !2

þ4
X
w

EiEj

 !2
vuut0

@
1
A
ð3Þ

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

STS¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
v1þ v2ð Þ2þ0:5 v1� v2ð Þ2

q
ð4Þ

2.2 | Marine predators algorithm

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

FIGURE 3 The three components IS, IT, and IN of the image

FIGURE 4 The IS Component and its enhancement by the

CLAHE method

FIGURE 5 Feature enrichment of

the IT component
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Stage 1: In the first third of the loop, the prey's mov-
ing step size, and its position is determined by Equa-
tions (5) and (6).

SSi
�!

px ,py
� �

¼R
!
B px ,py
� �

� Ei
!

px ,py
� �

�R
!

B px ,py
� �

�Pri
�!

px ,py
� �� � ð5Þ

ALGORITHM 3 The image enhancement algorithm

Input: The gray image I.
Output: The enhanced image (IE).

Step 1: The image I is decomposed into three components: IS, IT, and IN by applying the STN decomposition
method.

Step 2: The CLAHE method is utilized to generate an enhanced image (ICLAHE) from an image (IS).
Step 3: The STS is utilized to produce an image (ISTS) from ICLAHE.
Step 4: The LED operator is implemented to create an edge image (ILED) from IT.
Step 5: Generate IT_E image enhanced by Equation (15).

IT_E ¼Max IT , ILEDð Þ ð15Þ

Step 6: An enhanced image (ITemp) is created by utilizing the MPA to find four parameters β1 � 0:9,1:5½ �,
β2 � 0:1,1:5½ �, β3 � 0:9,1:5½ �Þ, and β4 � 0:1,1:5½ �Þ as Equation (16).

ITemp ¼ β1 � ICLAHEþβ2 � ISTSþβ3 � IT_Eþβ4 � IN ð16Þ

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

OF ¼ V
M

� E2�E1ð Þþ G2�G1

PSNR ITemp, I
� �

 !
ð17Þ

where,
– I and IE are the input and output images with size (H � W).
– ITemp is the temporary enhancement image in each loop.
– V is the variance of image ITemp.
– M is the mean of image ITemp.
– E1 and E2 are the entropy of I and ITemp, respectively.
– G1 and G2 are the average gradient of I and ITemp, respectively.
– PSNR is calculated according to Equation (18)

PSNR ITemp, I
� �¼ 10�log10

maxvalue2

MSE
ð18Þ

– MSE is calculated according to Equation (19).

MSE¼ 1
H �W

XH�1

i¼0

XW�1

j¼0

ITemp pi,pj
� �

� I pi,pj
� �� �2

ð19Þ

Step 7: With the found optimal parameters β�1
�

, β�2, β
�
3, and β�4Þ, the enhanced image (IE) is determined as

Equation (20)

IE ¼ β�1 � ICLAHEþβ�2 � ISTSþβ�3 � IT_Eþβ�4 � IN ð20Þ
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Pri
�!

px ,py
� �

¼ Pri
�!

px ,py
� �

þK:R
!�SSi
�!

px ,py
� �

ð6Þ

where, SSi
�!

px ,py
� �

is a vector containing the moving step
size of prey. E(px, py) is a matrix built on the fittest solu-
tion. R

!
is a vector storing random values that follow a

uniform distribution. K is a constant whose value is
0.5. � is the entry-wise multiplication operator. R

!
B is a

vector of random numbers generated by the normal
distribution.

FIGURE 6 The diagram of the image enhancement algorithm

TABLE 1 Evaluation indexes

Num Metrics Name

1 MLI Mean Light Intensity

2 CI Contrast Index

3 E Entropy

4 AG Average Gradient

5 QAB/F59 Edge-based similarity measure

6 MI16 Mutual Information

FIGURE 7 Some medical images in dataset D0
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FIGURE 8 Some medical images in dataset D1

FIGURE 9 Some medical images in dataset D3

TABLE 2 Optimization algorithms

Num Algorithms Year

1 DA (Dragonfly algorithm)36 2015

2 ALO (Ant Lion Optimizer)35 2015

3 GWO (Gray Wolf Optimizer)39 2014

4 MVO (Multi-Verse Optimizer)40 2015

5 SSA (Salp Swarm Algorithm)41 2017

6 SCA (Sine Cosine Algorithm)37 2016

7 WOA (Whale Optimization
Algorithm)38

2016

8 MPA (Equilibrium Optimization
Algorithm)15

2020

TABLE 3 Some image enhancement algorithms

Num Algorithms Year

1 NE (No Enhancement)

2 FCCE (Fuzzy-Contextual Contrast
Enhancement)42

2017

3 EFF (Exposure Fusion Framework)61 2017

4 EGIF (Effective Guided Image
Filtering)29

2018

5 RRM (Robust Retinex Model)26 2018

6 FFM (Fractional-Order Fusion Model)7 2019

7 SDD (Semi-Decoupled
Decomposition)17

2020

8 DINH AND GIANG



Stage 2: In the next third of the loop, the prey's mov-
ing step size, and its position is determined by Equa-
tions (7), (8), (9), and (10).

For the first half of the population:

SSi
�!

px ,py
� �

¼ RL
�!

px ,py
� �

� Ei
!

px ,py
� �

� RL
�!

px ,py
� �

�Pri
�!

px ,py
� �� �

ð7Þ

Pri
�!

px ,py
� �

¼ Pri
�!

px ,py
� �

þK:R
!�SSi
�!

px ,py
� �

ð8Þ

For the second half of the population:

SSi
�!

px ,py
� �

¼ RB
�!

px ,py
� �

� RB
�!

px ,py
� �

�Ei px ,py
� �

� Pri
�!

px ,py
� �� �

ð9Þ
Pri
�!

px ,py
� �

Þ¼Ei px ,py
� �

þK:CF�SSi
�!

px ,py
� �

ð10Þ

TABLE 4 Some image fusion algorithms

Num Algorithms Year

1 PC-LLE-NSCT (Alg1)
62 2019

2 NSST-MSMG-PCNN (Alg2)
50 2020

3 MLCF-MLMG-PCNN (Alg3)
51 2021

4 JBF-LGE (Alg4)
27 2021

5 CSE (Contrast and structure extraction)
(Alg5)

49
2021

6 CNPS-NSST (Coupled neural P systems
in NSST domain) (Alg6)

24
2021

7 DTNP-NSCT (Dynamic threshold
neural P systems in NSCT domain)
(Alg7)

25

2021

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

Dataset Algs Best Worst Mean SD

070T DA 0.695111414011694 0.669198154980659 0.684398469783033 0.008373979131028

ALO 0.695137630079690 0.656038593403487 0.683701166332468 0.009407973825317

GWO 0.694780037770273 0.675608697888588 0.687173533713143 0.005354121012140

MVO 0.693267308875936 0.655348033561780 0.676025593833513 0.010520795435026

SSA 0.678483123202359 0.653558607923842 0.671818266377605 0.004581587792121

SCA 0.689956110124383 0.658859661620494 0.673400687582457 0.007786678898958

WOA 0.695113120139038 0.659747686915307 0.678255556752285 0.010421139145008

MPA 0.695169878706778 0.695111633898089 0.695137038602832 0.000017766009350

070S DA 0.589101486531184 0.583018702993587 0.588064740083802 0.001446070102545

ALO 0.589112420276191 0.563389625795496 0.582364127929733 0.005720265782300

GWO 0.588958804026073 0.584818325711638 0.587460077942036 0.001355120097889

MVO 0.588590741102465 0.566321244833973 0.579122996391213 0.005997075945179

SSA 0.585215777745244 0.569559632199487 0.577087036234181 0.004683043810424

SCA 0.588992200587215 0.574367914890738 0.584366463122916 0.003318588234138

WOA 0.589099753771276 0.565003286693969 0.582047747202921 0.006716686969345

MPA 0.589113550337631 0.589098343320556 0.589105704307832 0.000004141752329

070C DA 0.714894878610970 0.692390158833342 0.707745935689339 0.006604936255880

ALO 0.704793485049798 0.714899194606991 0.704793485049798 0.011657462834954

GWO 0.714531250141631 0.690233293091893 0.708436898012035 0.005373698605653

MVO 0.709455637936643 0.668503421926879 0.695599664653921 0.010444296849015

SSA 0.707247111038313 0.677970919290012 0.689563669876958 0.006250311135621

SCA 0.714631350255784 0.681445409431920 0.699858525905848 0.008487337040112

WOA 0.714891274324171 0.673659027423800 0.701114842841765 0.012981442337560

MPA 0.714910907022665 0.714884106742242 0.714895951617184 0.000005320057142

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

�CF ¼ 1� l
lmax

� 	 2� l
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).

SSi
�!

px ,py
� �

¼ RL
�!

px ,py
� �

� RL
�!

px ,py
� �

�Ei
!

px ,py
� �

� Pri
�!

px ,py
� �� �

ð11Þ

Pri
�!

px ,py
� �

¼ Ei
!

px ,py
� �

þK:CF�SSi
�!

px ,py
� �

ð12Þ

where, RL
�!

is a vector generated by the the Lévy distribution.

3 | PROPOSED APPROACH

This section introduces two new algorithms: image decom-
position algorithm and image enhancement algorithm.

3.1 | Three-component decomposition
method

An image can consist of three main components: structure,
texture, and noise. Therefore, splitting this image into such
components facilitates effective image enhancement. This
section proposes an algorithm (called Structure-Texture-
Noise [STN] decomposition) that decomposes an input
image into three components: structure, texture, and noise.
The detailed steps of the image decomposition algorithm
are presented in Algorithm 2 and illustrated in Figure 2.

3.2 | The proposed image enhancement
algorithm

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:

FIGURE 10 Fitness value obtained different algorithms on datatset D2

TABLE 6 P-values from Wilcoxon rank-sum test

Dataset Algorithms P-values

070T MPA versus DA 3.019859359162151e-11

MPA versus ALO 2.609852787955851e-10

MPA versus GWO 3.019859359162151e-11

MPA versus MVO 3.019859359162151e-11

MPA versus SSA 3.019859359162151e-11

MPA versus SCA 3.019859359162151e-11

MPA versus WOA 4.077164846825348e-11

070S MPA versus DA 3.474196606831804e-10

MPA versus ALO 5.072313498155892e-10

MPA versus GWO 3.019859359162151e-11

MPA versus MVO 3.019859359162151e-11

MPA versus SSA 3.019859359162151e-11

MPA versus SCA 3.019859359162151e-11

MPA versus WOA 4.504322112705322e-11

070C MPA versus DA 8.101362326146523e-10

MPA versus ALO 1.596405099603837e-07

MPA versus GWO 3.019859359162151e-11

MPA versus MVO 3.019859359162151e-11

MPA versus SSA 3.019859359162151e-11

MPA versus SCA 3.019859359162151e-11

MPA versus WOA 3.689725853981014e-11
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structure (IS), texture (IT), and noise (IN). Figure 3 illus-
trates an input image and three components, IS, IT, and
IN, obtained after applying the STN decomposition
method. The structural component (IS) is enhanced by
the CLAHE method, obtaining ICLAHE. It is an effective
method to improve the contrast and brightness of an
image. Figure 4 illustrates the IS component enhanced by
the CLAHE method. We use the STS operator to get the
feature from the ICLAHE image. This feature (ISTS) is then

used to add information to the ICLAHE. The texture com-
ponent (IT) is also enhanced by using the Laplacian edge
detection operator. Figure 5 illustrates how we enhanced
the IT component to create IT_E. Finally, the MPA algo-
rithm is used to find the optimal parameters for the
enhanced components (ICLAHE, ISTS, IT_E, and IN). The
enhanced image (IE) is made up of the sum of the ICLAHE,
ISTS, IT_E , and IN images multiplied by the optimal
parameters β1, β2, β3, and β4, respectively.

TABLE 7 Evaluation indexes obtained from different algorithms on D0 and D1

Dataset Num Algorithm MLI CI Entropy AG

D0 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 An example for images enhanced by eight algorithms on Dataset D1
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FIGURE 12 Evaluation indexes obtained by different algorithms on dataset D1

FIGURE 13 An example for images enhanced by different algorithms on Dataset D0
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Algorithm 3 illustrates the steps of the algorithm in
detail, and Figure 6 illustrates the diagram of the algorithm.

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

FIGURE 14 Evaluation indexes obtained by different algorithms on dataset D0

TABLE 8 Optimal parameters obtained on the dataset D0

and D1

Dataset β1 β2 β3 β4
D0 1.0011 1.1998 1.1999 1.1285

D1 1.2907 0.7967 0.9545 0.9920

TABLE 9 Average running time on the dataset (D1)

Algorithms Average running time (s)

FCCE 0.047856

EFF 0.298958

EGIF 0.031338

RRM 2.807581

FFM 0.797329

SDD 0.448706

Proposed approach (50 loops) 24.747323
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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 Types MLI CI E AG Qabf MI

Set-T Alg1 Before 0.2795 0.3249 5.5404 0.0724 0.6942 3.0354

After 0.3318 0.3529 6.3630 0.0925 0.7222 3.5302

Alg2 Before 0.3148 0.3937 5.6302 0.0759 0.6199 2.4631

After 0.3462 0.4035 6.2270 0.0952 0.6255 2.7315

Alg3 Before 0.3231 0.3873 5.1023 0.0674 0.5942 2.6319

After 0.3571 0.3957 5.9033 0.0877 0.6015 3.1434

Alg4 Before 0.3074 0.3455 4.8495 0.0684 0.7178 4.3910

After 0.3599 0.3706 5.9439 0.0887 0.7537 5.7807

Alg5 Before 0.2756 0.3165 5.2769 0.0655 0.7434 3.6663

After 0.3243 0.3496 6.2598 0.0857 0.7564 3.9412

Alg6 Before 0.2888 0.3329 5.3130 0.0735 0.7070 3.2731

After 0.3432 0.3637 6.0178 0.0939 0.7357 4.0908

Alg7 Before 0.2991 0.3388 5.3990 0.0706 0.7120 3.3447

After 0.3515 0.3653 6.0600 0.0910 0.7512 4.1313

Set-S Alg1 Before 0.3219 0.3124 6.3709 0.0831 0.7059 3.3813

After 0.3990 0.3453 6.9472 0.1118 0.7465 3.9006

Alg2 Before 0.3392 0.3905 6.2654 0.0867 0.6678 2.5171

After 0.3808 0.3992 6.6739 0.1148 0.6216 2.7008

Alg3 Before 0.3477 0.3806 5.9830 0.0778 0.6108 2.7661

After 0.3930 0.3849 6.6219 0.1067 0.6013 3.1306

Alg4 Before 0.3512 0.3307 5.6692 0.0794 0.7381 5.0347

After 0.4280 0.3606 6.7940 0.1088 0.7818 6.3580

Alg5 Before 0.3107 0.3001 6.2098 0.0751 0.7507 3.8228

After 0.3864 0.3407 6.8762 0.1041 0.7782 3.9165

Alg6 Before 0.3297 0.3164 6.2581 0.0842 0.7157 3.6292

After 0.4103 0.3552 6.8673 0.1136 0.7611 4.3368

Alg7 Before 0.3413 0.3235 6.2772 0.0815 0.7211 3.7479

After 0.4185 0.3554 6.8787 0.1107 0.7742 4.4097

Set-C Alg1 Before 0.2886 0.3171 5.8940 0.0982 0.7203 3.1741

After 0.3611 0.3566 6.6787 0.1242 0.7417 3.6318

Alg2 Before 0.3033 0.3826 5.8035 0.1018 0.6299 2.4732

After 0.3484 0.3947 6.4161 0.1274 0.6505 2.7522

Alg3 Before 0.3123 0.3747 5.3588 0.0953 0.6230 2.6773

After 0.3608 0.3856 6.2380 0.1222 0.6432 3.1838

Alg4 Before 0.3186 0.3381 5.1012 0.0955 0.7562 4.6741

After 0.3917 0.3743 6.2949 0.1230 0.7886 6.0716

Alg5 Before 0.2878 0.3102 5.5751 0.0910 0.7655 3.6959

After 0.3541 0.3533 6.4829 0.1176 0.7813 3.8505

Alg6 Before 0.3013 0.3269 5.7136 0.1000 0.7309 3.3756

After 0.3758 0.3686 6.3904 0.1270 0.7594 4.1467

Alg7 Before 0.3101 0.3312 5.7388 0.0973 0.7405 3.5328

After 0.3833 0.3691 6.3973 0.1242 0.7781 4.3110

Note: The bold values are the best values obtained from our algorithm (maximum compared to other values).
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of size 256 � 256 pixels were utilized for the experi-
ment. These images were collected from the 50th to
79th slices according to the Transaxial (T), Sagittal (S),
and Coronal (C) axis from source (http://www.med.
harvard.edu/AANLIB/), respectively. We divided
180 medical images for the experimental part as
follows:

• Dataset (D0) includes 90 MRI images (30 images (T),
30 images (S), and 30 images (C)) used to evaluate the
image enhancement algorithm. Some MRI images in
D0 are illustrated in Figure 7.

• Dataset (D1) is generated from the dataset D0 by
reducing contrast and intensity. Some MRI images in
D1 are illustrated in Figure 8.

• Dataset (D2) includes two images (70 T, 70C) used to
test the effectiveness of the MPA algorithm in our
image enhancement algorithm. These images are the
70th brain slices according to the T and C axis.

• Dataset (D3) includes 180 images utilized to evaluate
our proposed method for improving the performance
of current medical image fusion algorithms. These
images include Set-T (60 MRI and PET images), Set-S
(60 MRI and PET images), and Set-C (60 MRI and PET
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:

FIGURE 15 Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on

dataset D3 (Set-T)
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• Intel Core i9 10900K, 3.7GHz processor, and 64GB RAM.
• Matlab R2020b.

We design some experiments to evaluate the effective-
ness of our algorithms as follows:

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),

are used to evaluate the performance of opti-
mal algorithms. Moreover, the Wilcoxon
rank-sum test58 is utilized to test the experi-
mental results.

Experiment #2. To test the effectiveness of
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,
CI, E, and AG) are used in this experiment (See
details in Table 1). Both datasets D0 and D1 are
used in this experiment.

Experiment #3. To test the effectiveness of
the image enhancement method for

FIGURE 16 Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on

dataset D3 (Set-S)
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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, QAB/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).
• lmax = 50.
• K = 0.5.
• FADs = 0.2;
• r is a random parameter in [0,1].

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 (β1, β2, β3, and β4) obtained from the pro-
posed image enhancement algorithm are shown in

FIGURE 17 Evaluation indexes obtained by different algorithms in two cases before and after using our enhancement method on

dataset D3 (Set-C)
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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 D0
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 β1 is 1.209,
which allows the ICLAHE component to improve the
luminous intensity significantly. The optimal parame-
ters β2, β3, and β4, 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 β1 is 1.0011, which shows that the ICLAHE compo-
nent has ensured enough light intensity for the image
without adding more. The optimal parameters β2, β3,
and β4, are all larger than 1, which shows that compo-
nents ISTS, IT_E, and IN 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 ICLAHE, ISTS, IT_E , and IN
to produce a high-quality enhanced image. These results
show that our algorithm is effective in improving image
quality.

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 Alg1
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.

FIGURE 18 The fusion images obtained by different algorithms in the two cases before and after using our image enhancement

algorithm
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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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A B S T R A C T

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

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.

meta-heuristic optimization-based approaches. Along with the devel-
opment of deep learning methods, many approaches based on this
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. 1. A base layer and a series of detail layers obtained from STV method.

Fig. 2. Illustration for a DTNP system (r × s).

Fig. 3. Illustration for DTNP systems with input and output obtained.

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. 5. Our medical image fusion model.

Fig. 6. Three pairs of MRI-PET images in experimental data.

Fig. 7. The value of fitness function obtained by different algorithms.
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Fig. 8. The output images created by eight image fusion algorithms on data set H1.

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. 10. Six metrics obtained from image synthesis algorithms on data set H1 are illustrated by boxplots.

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).

𝜓(𝑡;𝑋) = ℎ𝑡𝑡(𝑡;𝑋).𝑡 (1)

where

• t is the time scale (𝑡 ≥ 0).
• ℎ𝑡𝑡(𝑡;𝑋) is the 2nd derivative with respect to t. It is determined

by the following optimization problem (Eq. (2)):

ℎ𝑙+1 = 𝑎𝑟𝑔𝑚𝑖𝑛 1
2𝑑𝑡

‖𝑔 − ℎ‖2 + 𝐸(ℎ) (2)

where

• 𝑑𝑡 is a small time step.
• 𝑙 = 1, 𝐿, L is the maximum number of scales.
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Fig. 12. An image area is cropped from Fig. 11.

• 𝐸(ℎ) is regularizing function, and it is calculated according to
Eq. (3).

𝐸(ℎ) = ∫𝛷
‖∇ℎ(𝑋)‖ 𝑑𝑋 (3)

where

• 𝛷 is the image domain.
• ∇ℎ is the distributional gradient of h.

The residual layer is calculated according to Eq. (4)

𝑔(𝑥;𝐿) = (𝐿 + 1)ℎ(𝑥;𝐿) − 𝐿ℎ(𝑥;𝐿 + 1) (4)

The reconstitution formula is calculated according to Eq. (5)

𝑊 (𝑥) =
𝐿
∑

𝑙=1
𝜓(𝑥; 𝑙) + 𝑔(𝑥;𝐿) (5)

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 × 𝑠 and suppose that 𝐷𝐿(𝑟 × 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 × 𝑠, as shown in Fig. 2. The values of the detail layer (𝐷𝐿(𝑚, 𝑛), 𝑚 =
1, 𝑟, 𝑛 = 1, 𝑠) are the external input of the neuron 𝜎𝑚𝑛. Each neuron is
locally connected to its h-neighbor neurons (𝛿ℎ(𝜎𝑚𝑛)), which is defined
as Eq. (6).

𝛿ℎ(𝜎𝑚𝑛) = {𝜎𝑘𝑙 , with |𝑘 − 𝑚| ≤ ℎ, |𝑙 − 𝑛| ≤ ℎ} (6)

Each neuron 𝜎𝑚𝑛 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 𝜎𝑚𝑛 consists of components: a data unit (𝑢𝑚𝑛),
a threshold unit (𝜏𝑚𝑛), and a spiking rule (𝐸∕(𝑎𝑢, 𝑎𝜏 ) → 𝑎𝑝). For the
spiking rule, the firing condition 𝐸 is defined as Eq. (7).

𝐸 ≡ (𝑢𝑚𝑛(𝑡) ≥ 𝜏𝑚𝑛(𝑡)) ∧ (𝑢𝑚𝑛(𝑡) ≥ 𝑢) ∧ (𝜏𝑚𝑛(𝑡) ≥ 𝜏) (7)

where 𝑢𝑚𝑛(𝑡) and 𝜏𝑚𝑛(𝑡) are the value of spikes and threshold in neuron
𝜎𝑚𝑛 at time t, respectively. Based on the spiking mechanism, 𝑢𝑚𝑛(𝑡 + 1)
and 𝜏𝑚𝑛(𝑡 + 1) are calculated as Eqs. (8) and (9).

𝑢𝑚𝑛(𝑡 + 1) =

{

𝑢𝑚𝑛(𝑡) − 𝑢 +𝐷𝐿(𝑚, 𝑛) +
∑

𝜎𝑘𝑙∈𝛿ℎ 𝑤𝑘𝑙𝑝𝑘𝑙(𝑡) if 𝜎𝑚𝑛 fires

𝑢𝑚𝑛(𝑡) +𝐷𝐿(𝑚, 𝑛) +
∑

𝜎𝑘𝑙∈𝛿ℎ 𝑤𝑘𝑙𝑝𝑘𝑙(𝑡) otherwise
(8)

𝜏𝑚𝑛(𝑡 + 1) =

{

𝜏𝑚𝑛(𝑡) − 𝜏 + 𝑝 if 𝜎𝑚𝑛 fires
𝜏𝑚𝑛(𝑡) otherwise

(9)

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 × 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.

http://www.med.harvard.edu/AANLIB/
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Algorithm 1: DTNP Systems
Input: 𝐷𝐿𝑚𝑛(𝑟 × 𝑠)
Output: 𝑃𝑚𝑛(𝑟 × 𝑠)
Assign parameters: 𝑇 ; 𝜏0; 𝑝; ℎ; 𝑊 = 𝑤𝑚𝑛(ℎ × ℎ);
/* Initialization: */
𝑈 = 𝑢𝑚𝑛(𝑟 × 𝑠) = (0)(𝑟 × 𝑠)
𝑇 = 𝜏𝑚𝑛(𝑟 × 𝑠) = (𝜏0)(𝑟 × 𝑠)
𝑃 = 𝑝𝑚𝑛(𝑟 × 𝑠) = (0)(𝑟 × 𝑠)
/* DTNP systems work as follows: */
for t = 1 : 𝑇 do

for m = 1 : r do
for n = 1 : s do

𝑢𝑚𝑛 is updated according to Eq. (8)
𝜏𝑚𝑛 is updated according to Eq. (9)
if 𝑢𝑚𝑛 ≥ 𝜏𝑚𝑛 then

𝑃𝑚𝑛 = 𝑃𝑚𝑛 + 𝑝
end

end
end

end

Algorithm 2: CSA algorithm
/* Initialization: */
𝑟1, 𝑟2, 𝑟3, and 𝑟𝑖 are randomly selected in [0,1]
𝑙𝑏 and 𝑢𝑏 are the lower and upper bounds.
𝑑 is the number of dimensions.
Initialize random positions for 𝑛 chameleons.
Initialize the velocity of dropping chameleons’ tongues.
while 𝑡 < 𝑡𝑚𝑎𝑥 do

Define the parameters 𝜇, 𝜔, and 𝑎.
for i = 1 : n do

for j = 1 : d do
if 𝑟𝑖 ≥ 𝑃𝑝 then

𝑦𝑡+1(𝑖, 𝑗) = 𝑦𝑡(𝑖, 𝑗) + 𝑝1(𝑃𝑡(𝑖, 𝑗) − 𝐺𝑡(𝑗))𝑟1 + 𝑝2(𝐺𝑡(𝑗) − 𝑦𝑡(𝑖, 𝑗))𝑟2
end
else

𝑦𝑡+1(𝑖, 𝑗) = 𝑦𝑡(𝑖, 𝑗) + 𝜇
((

𝑢𝑏(𝑗) − 𝑙𝑏(𝑗)
)

𝑟3 + 𝑙𝑏(𝑗)
)

𝑠𝑔𝑛(𝑟𝑎𝑛𝑑 − 0.5)
end

end
end
for i = 1 : n do

𝑦𝑡+1(𝑖) = 𝑦𝑟𝑡(𝑖) + 𝑦𝑡(𝑖)
end
for i = 1 : n do

for j = 1 : d do
𝑣𝑡+1(𝑖, 𝑗) = 𝜔𝑣𝑡(𝑖, 𝑗) + 𝑐1

(

𝐺𝑡(𝑗) − 𝑦𝑡(𝑖, 𝑗)
)

𝑟1 + 𝑐2
(

𝑃𝑡(𝑖, 𝑗) − 𝑦𝑡(𝑖, 𝑗)
)

𝑟2
𝑦𝑡+1(𝑖, 𝑗) = 𝑦𝑡(𝑖, 𝑗) +

(

(

𝑣𝑡(𝑖, 𝑗)
)2 −

(

𝑣𝑡−1(𝑖, 𝑗)
)2
)

∕ (2𝑎)

end
end
Chameleons’ positions are adjusted according to 𝑢𝑏 and 𝑙𝑏.
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 (Wilcoxon [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, 𝑛 = 50 and 𝑡𝑚𝑎𝑥 = 50, are chosen so
because the error of the fitness function between iterations 50 and 49
is less than 10−8.
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Algorithm 3: A fusion rule based on DTNP Systems

Input: Detail Layers (𝐷𝐿𝑖𝑀𝑅𝐼 , 𝐷𝐿
𝑖
𝑌 ), 𝑖 = 1, 10

Output: The fused detail layers (𝐷𝐿𝑖𝐹 )
Step 1: From 𝐷𝐿𝑖𝑀𝑅𝐼 and 𝐷𝐿𝑖𝑌 , compute the DTNP systems

(𝑃 𝑖𝑀𝑅𝐼 (𝑥, 𝑦), 𝑃
𝑖
𝑌 (𝑥, 𝑦)) according to Eqs. (10) and (11).

𝑃 𝑖𝑀𝑅𝐼 (𝑥, 𝑦) = 𝐷𝑇𝑁𝑃𝑆(𝐷𝐿𝑖𝑀𝑅𝐼 ) (10)

𝑃 𝑖𝑌 (𝑥, 𝑦) = 𝐷𝑇𝑁𝑃𝑆(𝐷𝐿𝑖𝑌 ) (11)

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

𝐷𝐿𝑖𝐹 (𝑥, 𝑦) =

{

𝐷𝐿𝑖𝑀𝑅𝐼 (𝑥, 𝑦) if |𝑃 𝑖𝑀𝑅𝐼 (𝑥, 𝑦)| ≥ |𝑃 𝑖𝑌 (𝑥, 𝑦)|
𝐷𝐿𝑖𝑌 (𝑥, 𝑦) if |𝑃 𝑖𝑀𝑅𝐼 (𝑥, 𝑦)| < |𝑃 𝑖𝑌 (𝑥, 𝑦)|

(12)

Algorithm 4: Our image fusion approach
Input: 𝐼𝑀𝑅𝐼 , 𝐼𝑃𝐸𝑇
Output: 𝐼𝐹
MRI images are enhanced by an algorithm proposed by Dinh et al.
[35]. The steps of our algorithm are as follows:
Step 1: 𝐼𝑃𝐸𝑇 is converted into three channels (𝑌 , 𝑈 , and 𝑉 ) by

using YUV color model.
Step 2: 𝐼𝑀𝑅𝐼 and 𝑌 images are decomposed into the base layers

(𝐵𝐿𝑀𝑅𝐼 , 𝐵𝐿𝑌 ) and the detail layers (𝐷𝐿𝑖𝑀𝑅𝐼 , 𝐷𝐿
𝑖
𝑌 ) (𝑖 = 1, 10) by

STV method.
Step 3: 𝐷𝐿𝑖𝑀𝑅𝐼 and 𝐷𝐿𝑖𝑌 (𝑖 = 1, 10) components are synthesized

according to Eq. (13)

𝐷𝐿𝑖𝐹 = 𝐹𝑅_𝐷𝑇𝑁𝑃𝑆(𝐷𝐿𝑖𝑀𝑅𝐼 , 𝐷𝐿
𝑖
𝑌 ) (13)

Step 4: The 𝐵𝐿𝑀𝑅𝐼 and 𝐵𝐿𝑌 components are fused by using the
CSA to find adaptive parameters (𝛽1 ∈ [0, 1] and 𝛽2 ∈ [0, 1]). Fitness
function (𝐹 ) is described as Eq. (14).

𝐹 = 𝑉
𝐴
(𝐸𝑝2 − 𝐸𝑝1) (14)

Where
• 𝐸𝑝1 and 𝐸𝑝2 are entropy values obtained from image 𝐼𝐿 and
𝐼𝑀𝑅𝐼 , respectively.

• 𝐼𝐿 is the composite image obtained in each loop of the CSA.
• 𝐴 and 𝑉 are the mean and variance values of image 𝐼𝐿,

respectively.

The fused components (𝐵𝐿𝐹 ) is calculated according to Eq. (15)

𝐵𝐿𝐹 = 𝛽1 ∗ 𝐵𝐿𝑀𝑅𝐼 + 𝛽2 ∗ 𝐵𝐿𝑌 (15)

Step 5: Gray composite image (𝐼𝐹 _𝐺) is calculated according to
Eq. (16).

𝐼𝐹 _𝐺 = 𝐵𝐿𝐹 +
10
∑

𝑖=1
𝐷𝐿𝑖𝐹 (16)

Step 6: Color composite image (𝐼𝐹 _𝐶 ) is obtained by converting
three channels (𝐼𝐹 _𝐺, 𝑈 , and 𝑉 ) to the RGB model.

4.3. Evaluation

Firstly, the two average optimization parameters (𝛽1 and 𝛽2) ob-
tained on 3 data sets, H1, H2, and H3, are shown in Table 6. The values
of 𝛽1 are quite large (greater than 0.97), while the values of 𝛽2 are
pretty small. This result shows that the base layer of the MRI image
(𝐵𝐿𝑀𝑅𝐼 ) is a more informative contributor than the base layer of the

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∕𝐹 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)
[53]

2019 https://github.com/zhiqinzhu123/Source-code-of-
medical-image-fusion-in-NSCT-domain

NSST-PCNN (A2)
[54]

2020 https://github.com/WeiTan1992/NSST-MSMG-
PCNN

MLEPF (A3) [55] 2021 https://github.com/WeiTan1992/MLCF-MLMG-
PCNN

LGE-JBF (A4) [21] 2021 https://github.com/lxs6/INS_medical-image-
fusion

PD-CSE (A5) [56] 2021 https://github.com/ImranNust/
MedicalImageFusion_IMA

NSST-CNPS (A6)
[57]

2021 https://github.com/MorvanLi/CNP-MIF

NSCT-DTNP (A7)
[58]

2021 https://github.com/MorvanLi/DTNP-MIF

Table 5
Some parameters in our algorithms.

Num Algorithms Parameters

1 CSA Number of chameleons: 𝑛 = 50
Maximum number of loops: 𝑡𝑚𝑎𝑥 = 50

2 DTNP systems

Initial threshold: 𝜏0 = 1
Iteration number: 𝑇 = 110
Generated spikes: 𝑝 = 1
Neighborhood radius: ℎ = 3

3 STV Number of bands: 𝑁 = 10
𝑑𝑡 = 1

𝑁
= 0.1

PET image (𝐵𝐿𝑃𝐸𝑇 ). 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

https://github.com/zhiqinzhu123/Source-code-of-medical-image-fusion-in-NSCT-domain
https://github.com/zhiqinzhu123/Source-code-of-medical-image-fusion-in-NSCT-domain
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.

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

Table 6
The two average optimization parameters (𝛽1 and 𝛽2) obtained on 3 data sets, H1, H2,
and H3.

Data set 𝛽1 𝛽2
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 , 𝑀𝐼 , 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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Fig. 15. An image area is cropped from Fig. 14.

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

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 7
The 𝑀 and 𝑆𝐷 indexes of fitness function from thirty runs.

Data set Algorithms M SD

H4(075T)

CSA 0.454024658208212 0.000016716373537
GWO 0.453634987107202 0.000243690754013
MVO 0.452482287901068 0.000884435972570
SCA 0.452867424832344 0.000643487050870
WOA 0.453810401132191 0.000306227589404
SSA 0.453729288167299 0.000382543711500

H4(057S)

CSA 0.462063946951917 0.000120805667359
GWO 0.461745284780825 0.000159829329243
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

H4(057T)

CSA vs. GWO 3.019859359162151e−11
CSA vs. MVO 3.019859359162151e−11
CSA vs. SCA 3.019859359162151e−11
CSA vs. WOA 2.921545213841673e−09
CSA vs. SSA 1.956779959806124e−10

H4(057S)

CSA vs. GWO 5.461746656616969e−09
CSA vs. MVO 5.494052450965197e−11
CSA vs. SCA 1.093669563109906e−10
CSA vs. WOA 1.697952601710239e−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

H1

𝐴1 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
𝐴4 0.3059 0.3469 4.8193 0.0683 0.7343 0.8898
𝐴5 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

H2

𝐴1 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
𝐴4 0.3491 0.3305 5.6511 0.0797 0.7412 0.8713
𝐴5 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

H3

𝐴1 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
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.

Table 10
Average running time (ART) of image fusion algorithms on the data set
(H1&H2&H3).

Approaches ART (s)

A1 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
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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 becomingmore andmore 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 andorgans’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). Themeth-
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 theNSST domain. Some other studies also use PSO such as Shehanaz
et al. (2021), Tannaz et al. (2019) andGao 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; Pršić 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; Maqsood 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 (WMCF).

– Secondly, an efficient rule is introduced to fuse the HFCs. This rule is based onmaximum
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 (WMCF), 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 (WMCF), the TSD
method, YCbCr color space, Structure Tensor, Local Energy using Structure Tensor Saliency,
and MPA algorithm, are introduced in this section.

2.1 Weightedmean curvature filter (WMCF)

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

F(P) = ΔP − P2
y Pyy + 2Px Py Pxy + P2

x Pxx

P2
x + P2

y
(1)

where

– P is an input image.
– Δ is the isotropic Laplace operator.
– Px and Py are the partial derivatives in the x and y directions.
– P2

x , P2
y , Pxy are corresponding second-order partial derivatives.

Step 1: Calculate the distances di according to the Eq. (2).
di = mi ∗ P, i = 1, 8 (2)

where the mi matrices are shown in Fig. 2.
Step 2: The WMCF is calculated according to Eq. (3)

F(P) = dm (3)

where m = argmin
i

(|di |; i = 1, 8)
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Fig. 1 The WMCF (input and output image)

Fig. 2 Masks of the MWCF

2.2 Two-component decompositionmethod

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, Maqsood 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 (Iin )
Output: Two components C1 and C2

Step 1: Apply the Gaussian filter for image Iin to obtain component (C1).
Step 2: Apply the WMC filter for (C1) to obtain an image (Iwmc).
Step 3: Component C2 is determined as Eq. (4).

C2 = Iin − Iwmc (4)
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Fig. 3 Illustration for the two-component decomposition

2.3 YCbCr 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)

⎡
⎣
Y y
Cb
Cr

⎤
⎦ =

⎡
⎣

0.257 0.504 0.098
−0.148 −0.291 0.439
0.439 −0.368 −0.071

⎤
⎦

⎡
⎣
Rr
Gg
Bb

⎤
⎦ +

⎡
⎣
16
128
128

⎤
⎦ (5)

YCbCr is converted to RGB as Eq. (6)

⎡
⎣
Rr
Gg
Bb

⎤
⎦ =

⎡
⎣
1.164 0.000 1.596
1.164 −0.392 −0.813
1.164 2.017 0.000

⎤
⎦

⎡
⎣

Y y − 16
Cb − 128
Cr − 128

⎤
⎦ (6)

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 Gi and G j as the gradient in the i direction, and j
direction, respectively. The structure tensor is defined as Eq. (7).

ST =
[ ∑

w G2
i

∑
w GiG j∑

w GiG j
∑

w G2
j

]
(7)

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 Eqs. (8) and (9).

e1 = 1

2

⎛
⎜⎝

∑
w

G2
i +

∑
w

G2
j +

√√√√
(∑

w

G2
i −

∑
w

G2
j

)2

+ 4

(∑
w

GiG j

)2
⎞
⎟⎠ (8)

e2 = 1

2

⎛
⎜⎝

∑
w

G2
i +

∑
w

G2
j −

√√√√
(∑

w

G2
i −

∑
w

G2
j

)2

+ 4

(∑
w

GiG j

)2
⎞
⎟⎠ (9)

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

S =
√

(e1 + e2)2 + 0.5 (e1 − e2)2 (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, letW be a unit window of sizem×n. The local energy LE(i, j)
function is defined according to the Eq. (11).

LE(i, j) =
m−1∑
p1=0

m−1∑
p2=0

W (p1, p2) ∗ I 2(i + p1, j + p2) (11)
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The local energy using structure tensor saliency is defined according to the Eq. (12).

LE_ST S(i, j) =
m−1∑
p1=0

m−1∑
p2=0

S(p1, p2) ∗ I 2(i + p1, j + p2) (12)

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

2.6 MPA algorithm

Faramarzi et al. (2020) introducedMPA 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) = B(u, v) ⊗ (F(u, v) − B(u, v) ⊗ P(u, v)) (13)

P(u, v) = P(u, v) + H .R ⊗ S(u, v) (14)

where

– R in [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) = RL(u, v) ⊗ (F(u, v) − RL(u, v) ⊗ P(u, v)) (15)

P(u, v) = P(u, v) + H .R ⊗ S(u, v) (16)

For the second half of the population:

S(u, v) = B(u, v) ⊗ (B(u, v) ⊗ F(u, v) − P(u, v)) (17)

P(u, v) = F(u, v) + H .AP ⊗ S(u, v); (18)

where

– AP = (1 − l
lmax

)
2∗l
lmax .

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

S(u, v) = RL(u, v) ⊗ (RL(u, v) ⊗ F(u, v) − P(u, v)) (19)

P(u, v) = F(u, v) + H .AP ⊗ S(u, v) (20)

–
−→
RL is generated from the Lévy 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; r in [0,1];
while l < lmax do

/* Stage 1: */

if l < 1
3 lmax then

Update prey according to Eq. (14);
end
/* Stage 2: */

else if (l > 1
3 lmax ) and (l < 2

3 lmax ) 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 l > 2
3 lmax then

Update prey according to Eq. (20);
end
/* Eddy formation and FADs’ effect */
if (r ≤ FADs) then

P(u, v) = P(u, v) + AP ∗ ((Xmin + R ⊗ (Xmax − Xmin)) ⊗U )

end
else if (r>FADs) then

S(u, v) = (FADs ∗ (1 − r) + r) ∗ (Pr1(u, v) − Pr2(u, v));
P(u, v) = P(u, v) + S(u, v);

end
l = l + 1

end

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 (C1, C2)
Output: C3

Step 1: From components (C1, C2), compute the Local energy functions using the structure tensor
saliency (LE_ST S1, LE_ST S2) according to Sect. 2.5 as the Eqs. (21) and (22).

LE_ST S1(i, j) =
m−1∑
p1=0

m−1∑
p2=0

S1(p1, p2) ∗ C2
1 (i + p1, j + p2) (21)

LE_ST S2(i, j) =
m−1∑
p1=0

m−1∑
p2=0

S2(p1, p2) ∗ C2
2 (i + p1, j + p2) (22)

where S1 and S2 are the structure tensor saliency of C1 and C2, respectively.
Step 2: The proposed fusion rule can be calculated as the Eq. (23).

C3(i, j) =
{
C1(i, j) if |LE_ST S1(i, j)| ≥ |LE_ST S2(i, j)|
C2(i, j) if |LE_ST S1(i, j)| < |LE_ST S2(i, j)| (23)

Fig. 6 The diagram of our approach

3.2 The proposed approach usingMLE_STS andMPA

We describe some of the main steps in our algorithm as follows. Firstly, color image IPET is
transformed to YCbCr color space. Secondly, the TCDmethod is used to decompose images
IMRI and Y into low and high frequency components. Then, theMLE_STSmethod 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 (Iopt ). Use the 3 channels Iopt , 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: IMRI , IPET (S × T ).
Output: IFusion

Step 1: Convert image IPET to YCbCr model into Y, Cb, and Cr.
Step 2: The TCD method is used to decompose IMRI and Y into the components (C1

MRI , C
2
MRI )

and (C1
PET , C

2
PET ), respectively.

Step 3: C2
MRI and C

2
PET are synthesized by the MLE_STS method (See algorithm 3).

C2
Fused = MLE_ST S(C2

MRI ,C
2
PET ) (24)

Step 4: C1
MRI and C1

PET are synthesized by the MPA with optimal parameters (ψ1 ∈ [0.5, 1],
ψ2 ∈ [0, 0.5], and ψ3 ∈ [0.9, 1]) as Eq. (25).

C1
Fused = ψ1 ∗ C1

MRI + ψ2 ∗ C1
PET (25)

A fitness function FO is calculated according to Eq. (26).

FO = μT emp

σ 2
T emp

∗ (ETemp − EMRI ) ∗ (ETemp − EPET ) ∗ MSE (26)

Where MSE(IMRI , IT emp), MSE(Y , IT emp), and MSE are calculated as Eqs. (27), (28), and (29),
respectively.

MSE(IMRI , IT emp) = 1

S ∗ T

S∑
x=1

T∑
y=1

(IT emp(x, y) − IMRI (x, y))
2 (27)

MSE(Y , IT emp) = 1

S ∗ T

S∑
x=1

T∑
y=1

(IT emp(x, y) − Y (x, y))2 (28)

MSE = ψ3 ∗ MSE(IMRI , IT emp) + (1 − ψ3) ∗ MSE(Y , IT emp) (29)

μT emp and σ 2
T emp are mean and variance of the temporary fused image IT emp (IT emp =

C1
Fused + C2

Fused ) in each iteration of the MPA algorithm. EMRI , EPET , and ETemp are the
Entropy of IMRI , Y , and IT emp , respectively.

Step 5: if C1
Fused (i, j) > 1 then update C1

Fused (i, j) > 1 as Eq. (30)

C1
Fused (i, j) = Max(C1

MRI (i, j),C
1
PET (i, j)) (30)

Step 6: IOpt is obtained at the end of the loop of MPA algorithm.
Step 7: The YCbCr-RGB transformation is utilized to convert IOpt , Cb, and Cr to RGB model to

obtain IFusion .

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 × 256),
namely Ds1, Ds2, and Ds3. Each group has 25 pairs of MRI-PET images collected according
to the 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-scalemorphological gradientwith PCNN inNSSTdomain (NSST-MSMG-PCNN)

(A5) (Tan et al. 2020).

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

– ALI.
– Sharpness.
– QAB/F (Xydeas and Petrovic 2000).
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Fig. 7 Three pairs of RMI and PET images in the dataset

Table 1 Optimal parameters on
the dataset (Ds1, Ds2, and Ds3)

Dataset ψ1 ψ2 ψ3

Ds1 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 inMPA algorithm:

– n = 100.
– H = 0.5; FADs = 0.2; r in [0,1]
– lmax = 100.

4.3 Experimental results and evaluation

In this subsection, the results of the experiments are described and evaluated.
Firstly, the three optimal parameters (ψ1, ψ2, and ψ3) 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 theMPA 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 theMLE_STSmethod are the highest in the proposed approach. This experiment shows
that the MLE_STS method is effective in fusing HFCs.

Fourthly, from theFigs. (8, 9, 10) andTable 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 QAB/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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Table 2 Average and SD from 35
different runs

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 9.6789e−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 theMPA
algorithm are the smallest

Table 3 P values from a
non-parametric statistical test

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

Dr1 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 (Dr1, Dr2, and Dr3)

Dataset Methods ALI S QAB/F VIFF FMI

Dr1 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

MLCF-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

MLCF-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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Fig. 8 The fused images from different methods

Fig. 9 The fused images from different methods

Fig. 10 The fused images different methods

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 algorithmswere used for comparison. The exper-
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Fig. 12 Evaluation indexes from six algorithms on the dataset (“Dr2”)

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

Fig. 15 Frames from the fused images in Fig. 9

Fig. 16 Frames from the fused images in Fig. 10
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A novel approach using the local energy function and its variations for medical
image fusion
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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 (LB), the small-scale structure
layer (LSS), and the large-scale structure layer (LLS). 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
LLS 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
throughout the image synthesis process.
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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
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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:

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

. Secondly, we propose an efficient fusion method to
merge the LSS and LLS layers, which involves the
combination of the local energy function with its
variations.

. 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.

The symbols I and IG refer to the input and output
images obtained following filtration via the Gaussian
filter, respectively. The computation of IG is performed
in accordance with Equation (1).

IG(u) = 1
Hu

∑
v[N(u)

exp − u− v‖ ‖2
2s2

g

( )
.I(v) (1)

where

. u and v are the position.

. sg is the standard deviation of GF.

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

. Hu is calculated according to Equation (2).

Hu =
∑

v[N(u)

exp − u− v‖ ‖2
2s2

g

( )
. (2)

Step 2: Edge is recovered by the guided filter.
The symbol E1 denotes the GF output from the

initial step. Kt+1 represents the outcome achieved at
the t-th iteration. Computation of Kt+1 is executed in
accordance with Equation (3).

Kt+1(u)= 1
Hu

∑
v[N(u)

exp − u− v‖ ‖2
2s2

g
− K(u)t − K(v)t
∥∥ ∥∥2

2s2
r

( )
.I(v)

(3)

where

. Hu is calculated according to Equation (4).

. sr is the standard deviation of the Guided Filter.

Hu =
∑

v[N(u)

exp − u− v‖ ‖2
2s2

g
− K(u)t − K(v)t

∥∥ ∥∥2
2s2

r

( )
. (4)

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

2.2. Weighted mean curvature filter (WMCF)

The WMCF 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 mi (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 ki as in Equation (5).

ki = mi∗R, i = 1, 8 (5)
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Step 2: This filter is defined as Equation (6).

F(R) = km (6)

where m = iargmin(|ki|; 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 I be an input image. The ST
can be calculated using Equation (7).

ST =

∑
w

K2
i

∑
w

KiK j∑
w

KiK j

∑
w

K2
j

⎡
⎢⎣

⎤
⎥⎦ (7)

where,

. w is a local window.

. Ki and K j are the gradients in the i-direction and
j-direction, respectively.

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 (t1 and t2) as
per Equation (8).

S =
��������������������������
t1 + t2( )2+0.5 t1 − t2( )2

√
(8)

Where t1 and t2 are determined according to Equations
(9) and (10).

t1 = 1
2

∑
w

K2
i +

∑
w

K2
j

+

���������������������������������������∑
w

K2
i −

∑
w

K2
j

( )2

+4
∑
w

KiK j

( )2
√√√√

⎛
⎜⎜⎜⎜⎜⎝

⎞
⎟⎟⎟⎟⎟⎠
(9)

t2 = 1
2

∑
w

K2
i +

∑
w

K2
j

−

���������������������������������������∑
w

K2
i −

∑
w

K2
j

( )2

+4
∑
w

KiK j

( )2
√√√√

⎛
⎜⎜⎜⎜⎜⎝

⎞
⎟⎟⎟⎟⎟⎠
(10)

Figure 1. RGF output images with some loops.

Figure 2. Masks of the MWCF.

Figure 3. Some images obtained from the WMCF filter.
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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).

LEF(i, j) =
∑k−1

u=0

∑k−1

v=0

WLE(u, v)I2(i+ u, j+ v) (11)

. WLE is a unit window of size k × k.

. I 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 I, and refer to the k-th

mask of the Prewitt compass operator as Wk
PCO, with

further clarification provided in Figure 5. The compu-
tation of LEF-PCO is carried out using Equation (12).

LEF PCOk(i, j) =
∑m−1

u=0

∑m−1

v=0

Wk
PCO(u, v)I

2(i + u, j + v) (12)

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 = WSTSDO ⊙ LEF (13)

where,

. WSTSDO is defined as the STSDO in Equation (8).

. ⊙ represents entry-wise multiplication.

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

Figure 4. The image obtained by the STSDO.

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 movement than the predator. The calcu-
lation of stepsize ( X

�
i) and prey ( Y

�
i) is performed

using Equations (14) and (15).

X
�

i = R
�

B ⊗ ( T
�

i − R
�

B ⊗ Y
�

i); i = 1, n (14)

Y
�

i = Y
�

i + h. R
�⊗ X

�
i (15)

Where

. R
�

in [0,1].
. h = 0.5.
. ⊗ is entry-wise multiplication.
. R

�
B is selected randomly from a Brownian motion

distribution.
. T

�
holds the fitness solution.

Step 2: During the subsequent third of the loop,
updates to X

�
i and Y

�
i are made using Equations

(16), (17), (18), and (19).
For the first half of the population:

X
�

i = R
�

L ⊗ ( T
�

i − R
�

L ⊗ Y
�

i); i = 1, n/2 (16)

Y
�

i = Y
�

i + h. R
�⊗ X

�
i (17)

For the second half of the population:

X
�

i = R
�

B ⊗ ( R
�

B ⊗ T
�

i − Y
�

i); i = n/2, n (18)

Y
�

i = T
�

i + h.a⊗ X
�

i; (19)

where

. a = (1− l
lmax

)
2∗l
lmax .

. RL
�

is generated from the Lévy distribution.

Step 3: Updates to X
�

i and Y
�

i are made during the
final third of the loop using Equations (20) and (21).

X
�

i = RL ⊗ (RL ⊗ T
�

i − Y
�

i); i = 1, n (20)

Y
�

i = T
�

i + h.a⊗ X
�

i (21)

Fish Aggregating Devices (FDAs) effect: Y
�

i is updated

according to Equation (22).

Y
�

i =
Y
�

i + a((Xmin + R
�⊗ (Xmax − Xmin))⊗ U

�
)

if (k ≤ FADs)

Y
�

i + (FADs∗(1− k)+ k)( Y
�

k1 − Y
�

k2)
if (k . FADs)

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(22)

where,

. U
�

represents the binary vector array.
. k is a uniform random number in the range of [0,1].
. k1 and k2 represent random indexes of the preymatrix.

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

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 (IMRI) using two methods: unsharp
masking and the Brighten Low-Light Image (BLLI)

method [38]. Next, the image IPET is transformed into
the channels Y, U, and V. We then decompose IMRI

and Y into base layers, small-scale structure layers
(LSS), and large-scale structure layers (LLS) using the
TLID method. After that, we fuse the base layers
using an adaptive rule and the LSS and LLS layers
using the FR-CVLEF to obtain the synthesized layers
LFB, L

F
SS and LFLS, respectively. We then calculate the com-

posite gray image (IFGray) by summing the three
layers, LFB, L

F
SS and LFLS. Finally, we convert IFGray , U, and

V into a color composite image (IFColor). Our approach
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 MRI 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.

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

Figure 8. Illustration for the FR-CVLEF method.

Algorithm 1. The three-layer image decomposition
Input: I
Output: Three layers LB , LSS, and LLS
Step 1: The generation of the base layer (LB) involves applying the RGF

filter to the image I.
Step 2: The WMC filter (WMCF) is employed to filter the image I, resulting

in an image denoted as IW .
Step 3: The layer containing small-scale structures (LSS) is obtained by

applying Equation (23).

LSS = I− IW (23)

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

LLS = IW − LB (24)
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Experiment #2 Several fusion rules were used for
comparison with the proposed rule (FR_CVLEF), as
outlined below:

. Max selection rule (RMax).

. Maximum local energy (RMLE) [63].

. PA-PCNN (RPA−PCNN) [64].

. Sum-modified laplacian (RSML) [65].

Experiment #3 Our study involves a comparative
analysis between our algorithm and seven

Algorithm 2. FR-CVLEF
Input: Two layers (L1, L2)
Output: A fused layer L3

Step 1: Calculate the local energy function for the L1 and L2 layers according to Equations (25) and (26).

LEF1(i, j) =
∑k−1

u=0

∑k−1

v=0

WLE (u, v)L21(i+ u, j + v) (25)

LEF2(i, j) =
∑k−1

u=0

∑k−1

v=0

WLE (u, v)L
2
2(i+ u, j + v) (26)

Step 2: Calculate the LEF-PCO for the L1 and L2 layers according to Equations (27) and (28).

LEF PCOk
1(i, j) =

∑m−1

u=0

∑m−1

v=0

Wk
PCO(u, v)L

2
1(i+ u, j + v) (27)

LEF PCOk
2(i, j) =

∑m−1

u=0

∑m−1

v=0

Wk
PCO(u, v)L

2
2(i+ u, j + v) (28)

Step 3: Calculate the local energy function combined with the structure tensor salient detection operator for the L1 and L2 layers according to Equations
(29) and (30).

LEF STSDO1 = WSTSDO(L1)⊙ LEF(L1) (29)

LEF STSDO2 = WSTSDO(L2)⊙ LEF(L2) (30)

Step 4: Calculate the maximum value of local energy functions and its variations for L1 and L2 layers corresponding to Equations (31) and (32).

M1 = Max(LEF1, LEF PCOk
1, LEF STSDO1) (31)

M2 = Max(LEF2, LEF PCOk
2, LEF STSDO2) (32)

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

L3(i, j) = L1(i, j) if |M1(i, j)| ≥ |M2(i, j)|
L2(i, j) if |M1(i, j)| , |M2(i, j)|

{
(33)

Figure 9. The diagram of our approach.
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contemporary image fusion algorithms, which are
comprehensively described in Table 3.

We compare our algorithm with seven contempor-
ary image fusion algorithms (as detailed in Table 3).

For Experiments #2 and #3, we utilized data sets K1,
K2, and K3. We evaluated the performance of the

image fusion algorithms using the following five
indicators:

. Average light intensity (QALI).

. Contrast index (QCI).

Algorithm 3. The proposed approach
Input: IMRI , IPET (S× T).
Output: IFusion

Step 1: Enhancing the input image IMRI using the Unsharp masking and the BLLI [38] method, obtaining the IM image.
Step 2: Convert IPET from RGB to YUV color space, obtaining three components Y, U, and V.

Step 3: Decompose IM and Y by TLID method, obtained layers, (LMRIB , LYB ), (L
MRI
SS , LYSS), and (LMRILS , LYLS), respectively.

Step 4: (LMRISS , LYSS), and (LMRILS , LYLS) layers are fused by the FR_CVLEF method according to Equations (34) and (35).

LFSS = FR CVLEF(LMRISS , LYSS) (34)

LFLS = FR CVLEF(LMRILS , LYLS) (35)

Step 5: LMRIB and LYB are fused by by adaptive parameters (r1 [ [0.8, 1], r2 [ [0, 0.2], and r3 [ [0.9, 1]) according to Equation (36).

LFB = r1L
MRI
B + r2L

Y
B (36)

Where the MPA algorithm is used to find the extrema of the fitness function according to Equation (37).

F = mT

R× s2
T

(HT − HM)(HT − HY ). (37)

Where R(IMRI , LFT ), R(Y , L
F
T ), and R are determined as Equations (38), (39), and (40), respectively.

R(IM , LFT ) =
1

S× T

∑S
s=1

∑T
t=1

(LFT (s, t)− IM(s, t))
2 (38)

R(Y , LFT ) =
1

S× T

∑S
s=1

∑T
t=1

(LFT (s, t)− Y(s, t))2 (39)

R = r3R(IM , L
F
T )+ (1− r3)R(Y , L

F
T ) (40)

mT and s2
T are mean and variance of LFT (LFT = LFB + LFSS + LFLS) in each iteration of the MPA algorithm. HM , HY , and HT are the Entropy of IM , Y, and LFT ,

respectively.
Step 6: The image LFT obtained after loop termination is a fusion gray image (IFGray).

Step 7: IFGray , U, and V are converted into IFColor .

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

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.

Table 2. Five optimization algorithms.
Num Algorithms Description

1 MVO [60] Multi-Verse Optimizer
2 WOA [61] Whale Optimization Algorithm
3 SSA [55] Salp swarm algorithm
4 SCA [62] Sine cosine algorithm
5 GWO [61] Grey wolf optimizer

Table 3. Seven image fusion algorithms.
Num Algorithms Years

1 PC-LLE-NSCT (G1) [66] 2019
2 TLD-SR (G2) [10] 2021
3 JBF-LGE (G3) [43] 2021
4 CSE (Contrast and structure extraction) (G4) [67] 2021
5 CNPS-NSST (G5) [68] 2021
6 DTNP-NSCT (G6) [69] 2021
7 ACO (G7) [70] 2022
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. Sharpness (QS).

. Edge-based similarity measure (QAB/F) [71].

. Feature mutual information [72] (QFMI).

The necessary parameters used in our model are set
as follows:

. n = 50, lmax = 50.

. h = 0.5; FADs = 0.2; k [ [0, 1].

4.3. Results and evaluation

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 (QM) and standard
deviation (QSD) using two metrics. The results are pre-
sented in Table 4 and Figure 11. The MPA algorithm
outperformed the others, producing the highest QM

value and the lowest QSD 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.

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

Table 6. Two evaluation metrics (QAB/F and QFMI) obtained
from different fusion rules.
Dataset Fusion rules QAB/F QFMI

K1 RMax 0.4829 0.8144
RMLE 0.7124 0.8720

RPA−PCNN 0.6669 0.8658
RSML 0.6984 0.8632

FR-CVLEF 0.7440 0.8737
K2 RMax 0.4868 0.8092

RMLE 0.7271 0.8749
RPA−PCNN 0.6893 0.8689
RSML 0.6802 0.8619

FR-CVLEF 0.7539 0.8782
K3 RMax 0.4957 0.8073

RMLE 0.7454 0.8728
RPA−PCNN 0.7152 0.8664
RSML 0.7146 0.8600

FR-CVLEF 0.7716 0.8743

Table 4. QM and QSD from 30 different runs.
Dataset Algorithms QM QSD

K4(#78T) MPA 0.017876671935888 0.000009033932259
MVO 0.016518230357696 0.001090932265423
WOA 0.017277469311324 0.000534054285376
SSA 0.016899097232778 0.001118836345425
SCA 0.017217245270695 0.000289792732718
GWO 0.017669608631168 0.000189772085703

K4(#78S) MPA 0.029647134938738 0.000026405604409
MVO 0.028356602594419 0.001161220657539
WOA 0.028698747803551 0.000690713025417
SSA 0.027886822958534 0.002416877831579
SCA 0.029093335806103 0.000290569097601
GWO 0.029300807571747 0.000241217843724

K4(#78C) MPA 0.005885862817517 0.000003159852779
MVO 0.005790921812435 0.000067984350292
WOA 0.005828160907535 0.000074232890256
SSA 0.005816524467147 0.000069518552257
SCA 0.005774386053179 0.000043737425495
GWO 0.005836384455938 0.000020781565237

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.

Table 5. P-values from Wilcoxon test.
Dataset Algorithms P-values

K4(#78T) MPA vs MVO 3.019859359162151e−11
MPA vs WOA 3.689725853981014e−11
MPA vs SSA 6.065757009046759e−11
MPA vs SCA 3.019859359162151e−11
MPA vs GWO 3.689725853981014e−11

K4(#78S) MPA vs MVO 3.019859359162151e−11
MPA vs WOA 1.464306887715034e−10
MPA vs SSA 6.695518965500180e−11
MPA vs SCA 3.019859359162151e−11
MPA vs GWO 4.077164846825348e−11

K4(#78C) MPA vs MVO 3.019859359162151e−11
MPA vs WOA 8.993406027014880e−11
MPA vs SSA 3.019859359162151e−11
MPA vs SCA 3.019859359162151e−11
MPA vs GWO 4.504322112705322e−11

Table 7. Adaptive parameters obtained in three data sets K1,
K2, and K3.
Dataset r1 r2 r3

K1 0.9927 0.0453 0.999
K2 0.9829 0.0524 0.999
K3 0.9942 0.0575 0.999
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the best as it obtained the highest scores for two
evaluation indicators, QAB/F and QFMI, 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 r3 indicates that the fused image has the
highest similarity to the MRI image. Moreover, the r1
value is considerably larger than the r2 value, which
suggests that the MRI 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

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.

Figure 12. Results obtained from eight image fusion algorithms for MRI-PET image pair #068T in K1.

Figure 13. Frames cropped from Figure 12.
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Figure 14. Five evaluation indicators are obtained from eight image synthesis algorithms on K1.

Figure 15. Results obtained from eight image fusion algorithms for MRI-PET image pair #068S in K2.

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.

Figure 18. Results obtained from eight image fusion algorithms for MRI-PET image pair #068C in K3.

Figure 19. Frames cropped from Figure 18.
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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 (LB), the small-scale structure layer
(LSS), and the large-scale structure layer (LLS). Next, a
fusion rule built on combining the local energy func-
tion with its variations is introduced to fuse the LSS
and LLS 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 QALI and QCI 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

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 QALI QCI QS QAB/F QFMI

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) of image fusion
algorithms on the data set (K1&K2&K3).
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) 4.57611
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structure layers has also shown significant efficiency in
the detailed information of the output image. For
instance, from Table 8, the QS, QAB/F , and QFMI

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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LỜI NÓI ĐẦU 

 

Nhằm góp phần thúc đẩy nghiên cứu cơ bản và ứng dụng về Công nghệ thông tin tại Việt 

Nam, Liên hiệp các Hội Khoa học và Kỹ thuật Việt Nam, Viện Hàn lâm Khoa học và Công nghệ 

Việt Nam phối hợp cùng Học viện Kỹ thuật Mật mã, Ban Cơ yếu Chính phủ và các cơ quan khoa 

học, các nhà khoa học từ các viện nghiên cứu, các trường đại học đã tổ chức Hội nghị Khoa học quốc 

gia lần thứ XV về “Nghiên cứu cơ bản và ứng dụng Công nghệ thông tin” (gọi tắt là FAIR’2022) từ 

ngày 03-04/11/2022 tại Học viện Kỹ thuật Mật mã, Ban Cơ yếu Chính phủ. 

Chủ đề chính của Hội nghị FAIR’2022 là “An toàn và bảo mật thông tin trong cuộc Cách 

mạng Công nghiệp lần thứ IV”. Tuy nhiên, do truyền thống của Hội nghị nên cũng không hạn chế 

về nội dung trong các hướng nghiên cứu khác thuộc lĩnh vực công nghệ thông tin và truyền thông. 

Hội nghị FAIR’2022 được sự bảo trợ chuyên môn của 3 cơ sở đào tạo uy tín trong lĩnh vực công 

nghệ thông tin và truyền thông là Học viện Công nghệ Bưu chính Viễn thông, Trường Đại học 

Công nghệ Thông tin & Truyền thông - Đại học Thái Nguyên, Viện Công nghệ Thông tin – Đại 

học Quốc gia Hà Nội.  

Hội nghị đã nhận được 128 báo cáo khoa học đăng ký tham dự về tất cả các vấn đề thời sự 

của Công nghệ thông tin và truyền thông. Ban Chương trình đã tiến hành công việc phản biện và 

xét duyệt chặt chẽ và chấp nhận 73 bài được trình bày tại Hội nghị, trong số này có 70 bài được lựa 

chọn đăng trong Kỷ yếu Hội nghị. Các bài báo cáo được trình bày trong 5 tiểu ban song song: 

 Cơ sở dữ liệu và hệ thống thông tin. 

 Khoa học dữ liệu. 

 Trí tuệ nhân tạo và ứng dụng. 

 Xử lý ảnh và thị giác máy tính. 

 Mật mã và an toàn an ninh mạng.   

Thay mặt Ban Tổ chức và Ban Chương trình, chúng tôi xin cảm ơn các tác giả đã gửi bài 

tham gia Hội nghị, các nhà khoa học đã tham gia phản biện và có ý kiến xác đáng, khách quan về  

nội dung các bài gửi đăng. Chúng tôi xin đặc biệt cảm ơn Nhà xuất bản Khoa học tự nhiên và Công 

nghệ của Viện Hàn lâm Khoa học và Công nghệ Việt Nam đã hỗ trợ và giúp đỡ xuất bản cuốn Kỷ 

yếu này. 

Cuối cùng chúng tôi xin bày tỏ lòng biết ơn sâu sắc tới Liên hiệp các Hội Khoa học và Kỹ 

thuật Việt Nam, Viện Hàn lâm Khoa học và Công nghệ Việt Nam, 3 đơn vị bảo trợ về mặt chuyên 

môn cho Hội nghị FAIR và Học viện Kỹ thuật Mật mã, Ban Cơ yếu Chính phủ - đơn vị đăng cai 

Hội nghị FAIR’2022 đã giành nhiều công sức và thời gian tổ chức Hội nghị này. Đồng thời cũng 

xin được cảm ơn các đơn vị tài trợ đã giúp đỡ nhiều mặt và tài trợ kinh phí góp phần làm cho Hội 

nghị FAIR’2022 thành công tốt đẹp.  
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TÓM TẮT: Tổng hợp hình ảnh Y học đóng vai trò quan trọng trong việc hỗ trợ các bác sĩ chẩn đoán lâm sàng tốt hơn. Cho 

đến nay, có rất nhiều các cách tiếp cận để giải quyết bài toán này đã được đề xuất. Tuy nhiên, hình ảnh tổng hợp vẫn gặp một số 

vấn đề về mặt chất lượng như bị giảm cường độ sáng, độ tương phản và thậm chí bị mất các chi tiết. Bài báo này đề xuất một 

phương pháp mới để cải thiện những hạn chế đề cập ở trên. Đầu tiên các hình ảnh đầu vào sẽ được phân rã thành hai thành phần 

(thành phần cơ sở và thành phần chi tiết) bằng cách sử dụng bộ lọc Rolling guidance filter (RGF). Sau đó, các thành phần cơ sở 

được tổng hợp với nhau bằng cách sử dụng giải thuật tối ưu hoá MPA (Marine predators algorithm). Các thành phần chi tiết được 

tổng hợp lại với nhau sử dụng toán tử la bàn Prewitt kết hợp với hàm năng lượng cục bộ. Các thực nghiệm cho thấy rằng phương 

pháp mà chúng tôi đề xuất có cải thiện đáng kể chất lượng hình ảnh được tổng hợp cũng như bảo toàn tốt các chi tiết trong ảnh. 

Từ khóa: Tổng hợp hình ảnh y học, giải thuật tối ưu MPA, bộ lọc Rolling guidance filter (RGF). 

 

I. GIỚI THIỆU 

Với sự đa dạng của các thiết bị thu nhận hình ảnh. Chúng ta có thể thu nhận được một số loại hình ảnh y học 

khác nhau như hình ảnh cộng hưởng từ (MRI), hình ảnh chụp cắt lớp vi tính (CT), hình ảnh chụp cắt lớp phát xạ đơn 

photon (PET). Mỗi một loại hình ảnh đều mang những thông tin mà những hình ảnh còn lại không có. Ví dụ, hình ảnh 

MRI cung cấp các thông tin về cấu trúc xương. Hình ảnh PET cung cấp thông tin đến quá trình trao đổi chất. Trong quá 

trình chẩn đoán bệnh, các bác sĩ cần quan sát thông tin từ nhiều loại hình ảnh khác nhau để đưa ra những chẩn đoán 

bênh một cách chính xác. Do đó, việc tổng hợp hình ảnh y học là quá trình kết hợp các thông tin bổ sung từ các hình 

ảnh riêng lẻ theo các phương thức khác nhau để tạo thành một hình ảnh duy nhất. 

Nhìn chung, chúng ta có thể chia các cách tiếp cận để giải quyết bài toán tổng hợp hình ảnh ra làm hai loại 

chính. Các cách tiếp cận dựa trên miền không gian và các cách tiếp cận dựa trên miền biến đổi. Có ba bước chính cần 

thực hiện trong các cách tiếp cận dựa trên miền biến đổi. Đầu tiên, một thuật toán biến đổi ảnh được áp dụng để phân 

tách hình ảnh đầu vào thành các thành phần tần số thấp và các thành phần tần số cao. Tiếp theo, các thành phần tấn số 

thấp được tổng hợp lại với nhau và các thành phần tần số cao tổng hợp lại với nhau theo các quy tắc tổng hợp được 

định nghĩa trước. Cuối cùng, các thành phần đã được tổng hợp được biến đổi ngược về miền không gian để thu được 

hình ảnh tổng hợp. Hiện nay, có rất nhiều các phương pháp biến đổi ảnh khác nhau đã được áp dụng để giải quyết cho 

bài toán tổng hợp hình ảnh. Biến đổi SWT (Stationary wavelet transform) được Dinh [1] sử dụng để phân rã hình ảnh 

đầu vào trong nghiên cứu tổng hợp hình ảnh. Biến đổi NSCT (Non-subsampled contourlet transform) được sử dụng để 

phân rã hình ảnh trong nghiên cứu của Wang và các đồng nghiệp [2]. Biến đổi NSST (Non-subsampled shearlet 

transform) được sử dụng trong nghiên cứu của Jose và các đồng nghiệp [3]. Một số các cách biến đổi khác cũng được 

sử dụng trong bài toán tổng hợp hình ảnh y học như LP (Laplacian pyramid) [4], TVD (Total-variational 

decomposition) [5] và SIDWT (Shift-invariant discrete wavelet transform) [6]. Cách tổng hợp cho các thành phần tần 

số thấp có thể kể đến như quy tắc Max [7], quy tắc trung bình [8] và quy tắc thích nghi [9], [10], [11], [12]. Các quy tắc 

tổng hợp cho các thành phần tần số cao cũng rất đa dạng. Một số quy tắc phổ biến có thể đề cập như quy tắc dựa trên 

cực đại hàm năng lượng cục bộ MLE [13], quy tắc cực đại hàm năng lượng cục bộ sử dụng toán tử la bàn [9].  

Bên cạnh các phương pháp được đề cập ở trên, biểu diễn thưa (SR - Sparse representation) và các mạng học sâu 

cũng được ứng dụng trong bài toán tổng hợp hình ảnh. Yousif và các đồng nghiệp [14] đã đề xuất kết hợp biểu diễn 

thưa với mạng SCNN (Siamese convolutional neural network). Shibu và các động nghiệp [15] đã giới thiệu một 

phương pháp tổng hợp hình ảnh dựa trên SR và mạng tích chập (CNN). Li và các đồng nghiệp [16] đã kết hợp SR với 

bộ lọc SGF (segment graph filter) để tổng hợp hình ảnh. Trong thời gian gần đây, một số cách tiếp cận dựa trên tối ưu 

hoá đã cho thấy sự hiệu quả đối với bài toán tổng hợp hình ảnh y học. Ví dụ, Dinh [9] đã đề xuất một phương pháp 

tổng hợp hình ảnh hiệu quả dựa trên giải thuật tối ưu bầy châu chấu. Gao và các đồng nghiệp [17] đã sử dụng giải thuật 

tối ưu PSO (Particle swarm optimization) trong việc đề phương pháp tổng hợp hình ảnh. Duan và các đồng nghiệp [18] 

đã đề xuất sử dụng giải thuật di truyền GA (Genetic algorithm) cho việc tổng hợp hình ảnh. Một số giải thuật tối ưu 

khác cũng đã được sử dụng để tổng hợp hình ảnh y học như EOA (Equilibrium Optimization Algorithm) [1], [11] và 

AISA (Adolescent identity search algorithm) [3].  

Theo quan sát của chúng tôi, hình ảnh tổng hợp thường bị suy giảm về mặt chất lượng ở các khía cạnh như 

cường độ sáng, độ tương phản và thậm chí mất các chi tiết từ hình ảnh gốc. Ví dụ, một số giải thuật tổng hợp [19], [20] 

sử dụng quy tắc trung bình dẫn đến hình ảnh tổng hợp bị giảm cường độ sáng và độ tương phản. Trong nghiên cứu này, 
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chúng tôi tập trung giải quyết vấn đề về sự suy giảm cường độ sáng của hình ảnh tổng hợp bằng cách tạo ra một quy 

tắc tổng hợp thích nghi cho thành phần tần số thấp. Một số đóng góp chính của nghiên cứu có thể liệt kê như sau: 

- Đề xuất một phương pháp phân rã hình ảnh hai thành phần dựa trên bộ lọc RGF. 

- Đề xuất một quy tắc tổng hợp thích nghi cho các thành phần cơ sở dựa trên giải thuật tối ưu MPA. 

Các phần còn lại của bài báo được bố trí như sau: Phần II giới thiệu một số kiến thức nền tảng, bao gồm bộ lọc 

hướng dẫn quay vòng (RGF) và giải thuật tôi ưu hoá MPA. Phần III trình bày về phương pháp đề xuất, bao gồm 

phương pháp phân rã ảnh hai thành phần dựa trên bộ lọc RGF và phương pháp tổng hợp hình ảnh dựa trên giải thuật tối 

ưu MPA kết hợp với hàm năng lượng cục bộ sử dụng toán tử la bàn Prewitt (FR_PCO) do Dinh [11] đề xuất. Thiết kế 

thực nghiệm và các kết quả thực nghiệm được trình này trong Phần IV. Kết luận và các công việc tương lai được trình 

bày trong Phần V.  

II. KIẾN THỨC NỀN TẢNG 

A. Bộ lọc hướng dẫn quay vòng 

Bộ lọc hướng dẫn quay vòng (RGF - Rolling guidance filter) được giới thiệu bởi Zhang và các đồng nghiệp [21] 

vào năm 2014. Cho đến nay, bộ lọc này đã được ứng dụng trong rất nhiều các bài toán xử lý ảnh như tổng hợp hình ảnh 

y học [22], tổng hợp hình ảnh hồng ngoại và hình ảnh khả kiến [23] và phân cụm dữ liệu [24]. Bộ lọc RGF hoạt động 

dựa trên hai bước chính: xoá bỏ các thành phần cấu trúc nhỏ và phục hồi đường biên. 

Bước 1: Xoá bỏ các thành phần cấu trúc nhỏ 

Kí hiệu I và 𝐼𝐺 lần lượt là hình ảnh đầu vào và hình ảnh thu được sau khi lọc Gaussian. Khi đó, 𝐼𝐺 được tính 

toán theo phương trình (1). 

𝐼𝐺(𝑝) =
1

𝐾𝑝
∑ 𝑒𝑥𝑝(−

||𝑝 − 𝑞||
2

2𝜎𝑠
2

)

𝑞∈𝑁(𝑝)

𝐼(𝑞) 
(1) 

trong đó: 

p và q là các vị trí; 

𝜎𝑠 là độ lệch chuẩn của bộ lọc Gaussian; 

𝑁(𝑝) là tập các hàng xóm mà có tâm là p; 

𝐾𝑝 được sử dụng cho mục đích chuẩn hoá và nó được xác định theo phương trình (2). 

𝐾𝑝 = ∑ 𝑒𝑥𝑝(−
||𝑝 − 𝑞||

2

2𝜎𝑠
2

)

𝑞∈𝑁(𝑝)

 
(2) 

 

Bước 2: Phục hồi đường biên bởi bộ lọc hướng dẫn 

Kí hiệu 𝐽1 là đầu ra của bộ lọc Gausian thu được từ bước 1. Kí hiệu 𝐽𝑡+1 là kết quả thu được từ vòng lặp thứ t. 

𝐽𝑡+1 được xác định theo phương trình (3). 

𝐽𝑡+1(𝑝) =
1

𝐾𝑝
∑ 𝑒𝑥𝑝(−

||𝑝 − 𝑞||
2

2𝜎𝑠
2

−
||𝐽𝑡(𝑝) − 𝐽𝑡(𝑞)||

2

2𝜎𝑟
2

)

𝑞∈𝑁(𝑝)

𝐼(𝑞) 
(3) 

 

trong đó: 

𝐾𝑝 được sử dụng cho mục đích chuẩn hoá và nó được xác định theo phương trình (4). 

 

𝐾𝑝 = ∑ 𝑒𝑥𝑝(−
||𝑝 − 𝑞||

2

2𝜎𝑠
2

−
||𝐽𝑡(𝑝) − 𝐽𝑡(𝑞)||

2

2𝜎𝑟
2

)

𝑞∈𝑁(𝑝)

𝐼(𝑞) 
(4) 

𝜎𝑟 là độ lệch chuẩn của bộ lọc hướng dẫn. 

Hình 1 minh hoạ một hình ảnh đầu vào và một số hình ảnh đầu ra thông qua một số vòng lặp của bộ lọc RGF. 

 

Hình 1. Minh hoạ kết quả thu được bởi bộ lọc RGF. 
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B. Giải thuật tối ưu MPA 

Giải thuật tối ưu MPA được đề xuất bởi Faramarzi và các đồng nghiệp [25] vào năm 2020. Giải thuật này đã 

cho thấy có hiệu quả trong rất nhiều các ứng dụng như tổng hợp hình ảnh y học [26] và nâng cao chất lượng ảnh [27].  

Ba giai đoạn chính của thuật toán có thể được mô tả như sau: 

Giai đoạn 1: Trong một phần ba đầu tiên của vòng lặp, kích thước bước di chuyển của con mồi (𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦)) và 

vị trí của nó (𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦)) được xác định bởi các phương trình (5) và (6) tương ứng. 

𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) =  𝑅𝐵

⃗⃗⃗⃗  ⃗(𝑥, 𝑦)⨂(𝐸𝑖
⃗⃗  ⃗(𝑥, 𝑦) − 𝑅𝐵

⃗⃗⃗⃗  ⃗(𝑥, 𝑦)⨂𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦)) (5) 

𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) + 𝐾. 𝑅⃗ ⨂𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) (6) 

trong đó: 

𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) là một véctơ chứa kích thước bước di chuyển của con mồi; 

𝐸(𝑥, 𝑦) là một ma trận được xây dựng trên các giải pháp phù hợp nhất; 

𝑅⃗  là một véctơ chứa các giá trị ngẫu nhiên tuân theo một phân phối đồng nhất; 

𝐾 là hằng số có giá trị 0,5; 

⨂ là toán tử nhân entry-wise; 

𝑅𝐵
⃗⃗⃗⃗  ⃗ là một véctơ các số ngẫu nhiên. 

Giai đoạn 2: Trong một phần ba của vòng lặp tiếp theo, kích thước bước di chuyển của con mồi và vị trí của nó 

được xác định bởi các phương trình (7), (8), (9) và (10). 

Đối với một phần hai của dân số đầu: 

𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) =  𝑅𝐿

⃗⃗⃗⃗ (𝑥, 𝑦)⨂(𝐸𝑖
⃗⃗  ⃗(𝑥, 𝑦) − 𝑅𝐿

⃗⃗⃗⃗ (𝑥, 𝑦)⨂𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦)) (7) 

𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) + 𝐾. 𝑅⃗ ⨂𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) (8) 

Đối với một phần hai của dân số còn lại: 

𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) =  𝑅𝐵

⃗⃗⃗⃗  ⃗(𝑥, 𝑦)⨂(𝑅𝐵
⃗⃗⃗⃗  ⃗(𝑥, 𝑦)⨂𝐸𝑖

⃗⃗  ⃗(𝑥, 𝑦) − 𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦)) (9) 

𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝐸𝑖
⃗⃗  ⃗(𝑥, 𝑦) + 𝐾. 𝐶𝐹⨂𝑆𝑆𝑖

⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) (10) 

trong đó:  

𝐶𝐹 = (1 −
𝑙

𝑙𝑚𝑎𝑥
)

2∗𝑙

𝑙𝑚𝑎𝑥 là một tham số thích nghi để kiểm soát kích thước bước cho sự di chuyển của động vật ăn 

thịt. 

Giai đoạn 3: Trong một phần ba cuối cùng của vòng lặp, kích thước bước di chuyển của con mồi và vị trí của 

nó được xác định bởi các phương trình (11) và (12). 

𝑆𝑆𝑖
⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) =  𝑅𝐿

⃗⃗⃗⃗ (𝑥, 𝑦)⨂(𝑅𝐿
⃗⃗⃗⃗ (𝑥, 𝑦)⨂𝐸𝑖

⃗⃗  ⃗(𝑥, 𝑦) − 𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦)) (11) 

𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝐸𝑖
⃗⃗  ⃗(𝑥, 𝑦) + 𝐾. 𝐶𝐹⨂𝑆𝑆𝑖

⃗⃗ ⃗⃗  ⃗(𝑥, 𝑦) (12) 

trong đó: 

𝑅𝐿
⃗⃗⃗⃗  là một véctơ được sinh ra bởi phân phối Lévy. 

Với sự hình thành của các dòng xoáy trên biển và sự ảnh hưởng của các thiết bị thu hút cá (FDAs - Fish 

Aggregating Devices), vị trí của các con mồi được cập nhật lại như phương trình (13): 

𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) + 𝐶𝐹[𝑋 𝑚𝑖𝑛 + 𝑅⨂(𝑋 𝑚𝑎𝑥 − 𝑋 𝑚𝑖𝑛)]⨂𝑈⃗⃗  Nếu 𝑟 ≤ 𝐹𝐷𝐴𝑠 

(13) 
𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) =  𝑃𝑟𝑖⃗⃗⃗⃗  ⃗(𝑥, 𝑦) + [𝐹𝐷𝐴𝑠(1 − 𝑟) + 𝑟](𝑃𝑟⃗⃗⃗⃗ 

𝑟1 − 𝑃𝑟⃗⃗⃗⃗ 
𝑟2) Nếu 𝑟 > 𝐹𝐷𝐴𝑠 

trong đó: 

FDAs = 0,2 là xác xuất của FDA ảnh hưởng tới quá trình tối ưu; 

𝑈⃗⃗  là một véctơ nhị phân; 

𝑟 là một tham số ngẫu nhiên thuộc khoảng (0,1); 

𝑋 𝑚𝑎𝑥 và 𝑋 𝑚𝑖𝑛 là các véctơ chứa cận trên và cận dưới; 

Các chỉ số con 𝑟1 và 𝑟2 biểu thị các chỉ số ngẫu nhiên của ma trận con mồi. 
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III.  PHƯƠNG PHÁP ĐỀ XUẤT 

A. Phân rã ảnh hai thành phần 

Trong phần này, chúng tôi giới thiệu phương pháp phân rã ảnh ảnh hai thành phần dựa trên bộ lọc RGF. Cho I 

là một hình ảnh đầu vào. Gọi 𝐶1 và 𝐶2 là các thành phần cơ sở và thành phần chi tiết thu được khi phân rã ảnh I. Hình 2 

minh họa các thành phần 𝐶1 và 𝐶2 thu được từ một hình ảnh đâu vào 𝐼. Các bước để phân rã hình ảnh hai thành phần 

như sau: 

Bước 1: Sử dụng bộ lọc RGF đối với ảnh đầu vào I, thu được thành phần 𝐶1. 

Bước 2: Thành phần 𝐶2 được xác định như sau: 𝐶2 = 𝐼 − 𝐶1 

 

Hình 2. Minh hoạ hình ảnh đầu vào 𝐼 và hai thành phần 𝐶1 và 𝐶2 thu được sau phân rã ảnh 

B. Mô hình đề xuất 

Trong phần này, chúng tôi giới thiệu mô hình tổng hợp hình ảnh.  

Đầu vào: Hình ảnh xám 𝐼𝑀𝑅𝐼, hình ảnh màu 𝐼𝑃𝐸𝑇. 

Đầu ra: Hình ảnh tổng hợp màu (𝐼𝐶𝑜𝑙𝑜𝑟
𝐹 ) 

Sơ đồ các bước của giải thuật tổng hợp hình ảnh y học của chúng tôi được minh hoạ trong Hình 3. 

 

Hình 3. Sơ đồ tổng hợp hình ảnh 

Bước 1: Hình ảnh màu 𝐼𝑃𝐸𝑇 được chuyển sang không gian màu YUV, thu được 3 kênh 𝑌, 𝑈 và 𝑉. 

Bước 2: Áp dụng phương pháp phân rã ảnh hai thành phần đối với hai hình ảnh xám 𝐼𝑀𝑅𝐼 và 𝑌, thu được các 

thành phần cơ sở 𝐶1
𝑀𝑅𝐼, 𝐶1

𝑃𝐸𝑇 và các thành phần chi tiết 𝐶2
𝑀𝑅𝐼, 𝐶2

𝑃𝐸𝑇 tương ứng. 

Bước 3: Tổng hợp các thành phần cơ sở theo phương trình (14). 

𝐶1
𝐹 = 𝛽1. 𝐶1

𝑀𝑅𝐼 + 𝛽2. 𝐶1
𝑃𝐸𝑇 (14) 

trong đó: 𝛽1 ∈ (0,5;  0,999) và 𝛽2 ∈ (0,01;  0,5) là hai tham số tối ưu tìm được bằng cách sử dụng giải thuật MPA để 

tối ưu hàm mục tiêu 𝐹 theo phương trình (15). 

𝐹 =  
𝐾1

𝐾2
(𝐸2 − 𝐸1) (15) 

trong đó: 

𝐾1 và 𝐾2 là phương sai và trung bình cường độ sáng của hình ảnh 𝐼𝑀𝑅𝐼; 

𝐸1 và 𝐸2 là entropy của hình ảnh tổng hợp tạm thời 𝐼𝑇 trong mỗi vòng lặp của giải thuật MPA và 𝐼𝑀𝑅𝐼. 

Bước 4: Tổng hợp các thành phần chi tiết theo quy tắc FR_PCO được đề xuất bởi Dinh [11] như phương trình (16). 



Đinh Phú Hùng, Nguyễn Huy Đức, Nguyễn Long Giang 505 

𝐶2
𝐹 =  𝐹𝑅_𝑃𝐶𝑂(𝐶2

𝑀𝑅𝐼 , 𝐶2
𝑃𝐸𝑇) (16) 

Bước 5: Hình ảnh tổng hợp xám được xác định theo phương trình (17). 

𝐼𝐺𝑟𝑎𝑦
𝐹 = 𝐶1

𝐹 + 𝐶2
𝐹 (17) 

Bước 6: Sử dụng 3 kênh 𝐼𝐺𝑟𝑎𝑦
𝐹 , 𝑈, 𝑉 để chuyển về không gian màu RGB, thu được hình ảnh tổng hợp màu 𝐼𝐶𝑜𝑙𝑜𝑟

𝐹 . 

C. Thiết lập thực nghiệm và đánh giá 

1. Dữ liệu thực nghiệm 

Chúng tôi sử dụng 120 hình ảnh y học để tiến hành thực nghiệm. Những hình ảnh này được lấy từ nguồn: 

http://www.med.harvard.edu/AANLIB/. Chúng tôi chia 120 hình ảnh này thành các tập dữ liệu nhỏ dựa trên lát cắt theo 

các trục S, C và T. 

Tập dữ liệu 𝐷1 gồm 20 cặp hình ảnh MRI và PET được lấy từ lát cắt 61 đến 82 theo trục T. 

Tập dữ liệu 𝐷2 gồm 20 cặp hình ảnh MRI và PET được lấy từ lát cắt 61 đến 82 theo trục S. 

Tập dữ liệu 𝐷3 gồm 20 cặp hình ảnh MRI và PET được lấy từ lát cắt 61 đến 82 theo trục C. 

Tập dữ liệu 𝐷4 gồm 3 cặp hình ảnh MRI và PET tại vị trí cắt #068T, #068S và #068C. 

Một số cặp hình ảnh MRI và PET được minh họa trong Hình 4. 

 

Hình 4. Minh họa một số cặp hình ảnh MRI và PET trong tập dữ liệu thực nghiệm 

2. Thiết lập thực nghiệm  

Chúng tôi thiết lập hai thực nghiệm như sau: 

Thực nghiệm 1: Để kiểm tra hiệu quả của giải thuật MPA, chúng tôi lựa chọn 4 giải thuật tối ưu khác để so 

sánh. Những giải thuật tối ưu này là: DA (Dragonfly algorithm) [28], MVO (Multi-Verse Optimizer) [29], GWO (Grey 

Wolf Optimizer) [30], SCA (Sine Cosine Algorithm) [31]. Mỗi giải thuật tối ưu được thực hiện 30 lần khác nhau trên 

tập dữ liệu 𝐷4. Hai chỉ số đánh giá được sử dụng là trung bình và độ lệch chuẩn. 

Thực nghiệm 2: Để kiểm tra sự hiệu quả của mô hình tổng hợp hình ảnh của chúng tôi. Một số giải thuật tổng 

hợp hình ảnh gần đây được lựa chọn để so sánh dựa trên tiêu chí có quy tắc tổng hợp trung bình như CSR 

(Convolutional Sparse Representation) [32], CSMCA (Convolutional Sparsity Based Morphological Component 

Analysis) [19] và mới được đề xuất gần đây như CSE (Contrast and Structure Extraction) [33]. Bốn chỉ số đánh giá 

được sử dụng là: Trung bình cường độ sáng (MLI - Meaning light intensity), độ tương phản (CI - Contrast index), 

lượng thông tin (E - Entropy) và độ sắc nét (AG - Average gradient). 

Các tham số cần thiết được thiết lập như sau: 

- Số vòng lặp của giải thuật MPA: 50. 

- Số cá thể trong đàn: 50. 

- Tham số K = 0,5, FDAs = 0,2, 𝑟 là số ngẫu nhiên thuộc khoảng (0,1). 

Các thực nghiệm đươc tiến hành trên máy Laptop: Intel Core i9 11900K, 2.5GHz processor với 32G Ram. Phần 

mềm thực hiện là Matlab 2020b. 

3. Đánh giá 

Kết quả của thực nghiệm 1: Bảng 1 minh hoạ kết quả của 30 lần chạy khác nhau ứng với mỗi giải thuật tối ưu. 

Nhận thấy rằng chỉ số trung bình của giá trị hàm mục tiêu thu được từ giải thuật MPA là cao nhất. Hơn nữa, giá trị độ 

lệch chuẩn thu được là thấp nhất trong các giải thuật. Điều này giải thích tại sao chúng tôi lựa chọn giải thuật MPA.   

Bảng 1. Đánh giá các giải thuật tối ưu 

Dữ liệu Giải thuật Trung bình Độ lệch chuẩn 

#068T 

DA 0,433636782839501 0,000004888251470 

MVO 0,433136725452688 0,001133554592505 

GWO 0,433591810141287 0,000034863811703 

SCA 0,433510434889032 0,000074852304021 

MPA 0,433642307567949 0,000000680545469 

http://www.med.harvard.edu/AANLIB/
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#068S 

DA 0,379947631345572 0,000006450111434 

MVO 0,379483877270243 0,001107439439358 

GWO 0,379888571418946 0,000044418568464 

SCA 0,379668034265813 0,000220148086905 

MPA 0,379953426866101 0,000000591667461 

#068C 

DA 0,421684429086385 0,000008135482162 

MVO 0,420366962998119 0,003838198434025 

GWO 0,421647587248824 0,000022284171740 

SCA 0,421602884338091 0,000042975103021 

MPA 0,421698227058338 0,000003290488120 

Kết quả của thực nghiệm 2: Bảng 2 minh hoạ 4 chỉ số đánh giá của các giải thuật tổng hợp hình ảnh khác 

nhau. Dễ dàng nhận thấy rằng cả 4 chỉ số đánh giá thu được từ giải thuật tổng hợp của chúng tôi là cao nhất. Điều này 

cho thấy rằng giải thuật của chúng tôi tạo ra hình ảnh có cường độ sáng, độ tương phản, lương thông tin và độ sắc nét 

hơn các hình ảnh được tạo ra từ các phương pháp tổng hợp hình ảnh còn lại. Bằng trực quan, chúng ta có thể quan sát 

kết quả tổng hợp trên các Hình 5, 6 và 7.  

Bảng 2. Chỉ số đánh giá của các giải thuật tổng hợp hình ảnh 

Tập dữ liệu Giải thuật MLI CI E AG 

𝐷1 

CSR 0,2391 0,2860 5,0076 0,0578 

CSMCA 0,2526 0,3037 5,0212 0,0623 

CSE 0,2729 0,3089 5,2688 0,0648 

Ours 0,3156 0,3528 5,3925 0,0684 

𝐷2 

CSR 0,2548 0,2701 5,8969 0,0655 

CSMCA 0,2711 0,2889 5,8106 0,0700 

CSE 0,3102 0,2965 6,2673 0,0751 

Ours 0,3464 0,3293 6,3618 0,0789 

𝐷3 

CSR 0,2224 0,2682 5,2186 0,0814 

CSMCA 0,2363 0,2874 5,1642 0,0863 

CSE 0,2841 0,3089 5,6113 0,0950 

Ours 0,3110 0,3375 5,7529 0,0986 

Hai tham số tối ưu trung bình 𝛽1 và 𝛽2 thu được từ ba tập dữ liệu 𝐷1, 𝐷2 và 𝐷3 được trình bày trong Bảng 3. 

Nhận thấy rằng tham số 𝛽1 khá lớn (lớn hơn 0,96), trong khi 𝛽2 nhỏ hơn đáng kể (nhỏ hơn 0,2). Điều này cho thấy 

thành phần cơ sở của hình ảnh MRI đóng góp một lượng lớn thông tin đến hình ảnh tổng. Trong khi thành phần cơ sở 

của hình ảnh PET đóng góp một lượng nhỏ thông tin đến hình ảnh tổng. 

Bảng 3. Tham số tối ưu thu được 

Tập dữ liệu 𝜷𝟏 𝜷𝟐 

𝐷1 0,9714 0,1999 

𝐷2 0,9669 0,1999 

𝐷3 0,9679 0,1999 

 

Hình 5. Minh hoạ hình ảnh tổng hợp thu được từ các giải thuật tổng hợp trên tập dữ liệu D1 

 

Hình 6. Minh hoạ hình ảnh tổng hợp thu được từ các giải thuật tổng hợp trên tập dữ liệu D2 
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Hình 7. Minh hoạ hình ảnh tổng hợp thu được từ các giải thuật tổng hợp trên tập dữ liệu D3 

Thời gian chạy trung bình của các giải thuật được trình bày trong Bảng 4. Phương pháp của chúng tôi cho thời 

gian chạy thấp nhất khoảng 1,73 giây với 50 vòng lặp và 50 cá thể trong đàn của giải thuật MPA, trong khi các phương 

pháp còn lại có thời gian chạy trung bình lớn hơn đáng kể. Tuy nhiên, nếu chọn số vòng lặp và số cá thể con đàn tăng 

lên thì thời gian chạy cũng sẽ tăng lên.  

Bảng 4. Thời gian chạy trung bình của các giải thuật tổng hợp ảnh 

Giải thuật 

 

Thời gian chạy 

trung bình (giây) 

𝐶𝑆𝑅 14,2426 

𝐶𝑆𝑀𝐶𝐴 38,4796 

𝐶𝑆𝐸 14,2642 

Ours 1,7325 

D. Kết luận và công việc tương lai 

Trong bài báo này, chúng tôi đề xuất một phương pháp tổng hợp hình ảnh hiệu quả dựa trên giải thuật MPA. 

Hình ảnh đầu vào được phân rã hai thành phần để thu được các thành phần cơ sở và thành phần chi tiết. Các thành phần 

cơ sở được tổng hợp lại với nhau dựa trên các tham số thích nghi. Những tham số này được tìm được bằng giải thuật 

tối ưu MPA. Những thành phần chi tiết được tổng hợp với nhau dựa trên toán tử la bàn Prewitt kết hợp với hàm năng 

lượng cục bộ. Phương pháp tổng hợp này đã cho thấy hiệu quả trong đề xuất của Dinh [11]. Những thành phần tổng 

hợp cơ sở và chi tiết được lấy tổng lại với nhau để tạo ra hình ảnh tổng hợp. 120 hình ảnh chụp não MRI và PET đã 

được sử dụng trong phần thực nghiệm. Các kết quả thực nghiệm cho thấy rằng phương pháp tổng hợp hình ảnh của 

chúng tôi đảm bảo cho hình ảnh tổng hợp đầu ra có chất lượng tốt về cách kía cạnh cường độ sáng, độ tương phản, 

lượng thông tin và độ sắc nét. 

Trong tương lai, một số giải pháp khả thi có thể được sử dụng để cải thiện hiệu quả của việc tổng hợp hình ảnh 

y học. Giải pháp thứ nhất là cải thiện chất lượng của hình ảnh đầu vào. Ví dụ, nghiên cứu của Dinh và đồng nghiệp 

[27] đã cho thấy rằng việc nâng chất lượng của hình ảnh đầu vào cho phép cải thiện đáng kể hiệu năng của việc tổng 

hợp hình ảnh. Giải pháp thứ hai là áp dụng các phương pháp mới để tổng hợp cho các thành phần cơ sở và chi tiết. Ví 

dụ, quy tắc tổng hợp dựa trên cấu trúc Tensor đã được đề xuất để tổng hợp các thành phần chi tiết theo nghiên cứu của 

Dinh [26]. Giải pháp thứ ba là áp dụng các giải thuật tối ưu mới được đề xuất gần đây. Giải pháp này có thể cho phép 

cải thiện sự hiệu quả trong việc tìm kiếm các tham số tối ưu. 
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MEDICAL IMAGE FUSION BASED ON MPA OPTIMIZATION ALGORITHM 
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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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