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fusion
Volkan Yilmaz a, Cigdem Serifoglu Yilmaz b, Oguz Güngör b and Jie Shan c

aDepartment of Geomatics, Artvin Coruh University, Artvin, Turkey; bDepartment of Geomatics, Karadeniz
Technical University, Trabzon, Turkey; cLyles School of Civil Engineering, Purdue University, West
Lafayette, IN, USA

ABSTRACT
There is no such thing as ‘the best image fusion method’ in terms
of both spectral and spatial fidelity. This fact encourages the
researchers to develop more advanced approaches in order to
optimally transfer the spatial details without distorting the colour
content. Component substitution (CS)-based image fusion meth-
ods have been proven to produce sharper images but suffer from
colour distortion. The aim of this study was to modify the CS-
based Gram-Schmidt (GS) fusion method with the aid of the
Genetic Algorithm (GA) to further improve its colour preservation
performance. The GA was used to estimate a weight for each
multispectral (MS) band. The obtained band weights were used
to generate a low-resolution panchromatic (PAN) band, which
plays a significant role in the performance of the GS method.
The performance of the proposed approach was compared not
only against the conventional GS, but also against widely-used CS-
based, multiresolution analysis (MRA)-based and colour-based (CB)
image fusion methods. The results indicated that the proposed
GA-based approach produced spectrally and spatially superior
results compared to the other methods used.

ARTICLE HISTORY
Received 19 July 2019
Accepted 4 September 2019

1. Introduction

Today’s remote sensing satellites enable the analysts to extract meaningful information from
the surface of the earth. Some of these satellites provide more accurate position information,
whereas others offer spectrally more enhanced images. However, a wide variety of image
processing applications require images with superior spatial and spectral quality. Due to
sensor limitations explained by Yilmaz and Gungor (2016a), it may not always be possible to
have high-resolution multispectral (MS) or hyperspectral images. Image fusion solves this
problem by injecting the spatial details of a higher-resolution panchromatic (PAN) image
into a lower-resolution MS or hyperspectral image, producing spatially and spectrally
enhanced images. The literature reports a large number of image fusion methods, some of
which focus much on retaining the colour quality of the MS image, whereas others on
transferring the spatial details at the expense of colour distortion to certain extent. However,
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image fusion aims at keeping the colour features of the input MS image while sharpening the
image.

The image fusion methods can be categorized into three classes as multiresolution
analysis (MRA)-based, colour-based (CB) and component substitution (CS)-based meth-
ods. The MRA-based methods inject the spatial details extracted from the input PAN
band with multiresolution transforms (wavelet, curvelet, contourlet etc.) into the MS
bands (Xing et al. 2018). The advantage of the MRA-based methods is that they are
successful in preserving the colour content. However, they are not so successful in
sharpening the images (Gogineni and Chaturvedi 2018). The CB methods aim to pre-
serve the direction and magnitude of pixel vectors to keep the colour content as much
as possible. Performance of these methods are dependent on the statistical relationship
between the input images. The CB methods are expected to perform better with single-
sensor input images. The CS-based methods transfer the input MS image into a space
where the spatial and spectral features can be separated in different components. The
input PAN band is replaced by the component with the spatial features. The fused image
is produced through an inverse transform (Ghassemian 2016). The CS-based fusion
methods produce sharper images but tend to cause a certain amount of colour distor-
tions (Xing et al. 2018; Ghahremani et al. 2019).

Accurate identification of the contributions of the input MS and PAN images to the fusion
result plays a significant role in the success of the fusionmethod used. This, of course, attaches
importance on finding agood compromise between the colour and spatial detail quality of the
fused images. A comprehensive literature review revealed that, in recent years, the researchers
have put so much effort on developing more efficient image fusion approaches to deal with
this problem. The recent studies have focused much on developing image fusion approaches
based on guided filtering (Li, Kang, and Hu 2013; Yang et al. 2016), multi-scale decomposition
(Miao et al. 2011; Dong et al. 2015; Ghahremani and Ghassemian 2015; Chai, Luo, and Zhang
2017; Singh, Garg, and Singh Pannu 2017), hierarchical multimodal probabilistic latent seman-
tic analysis (Fernandez-Beltran et al. 2018), fuzzy logic and gyrator transform (Singh, Kaur, and
Singh 2018), spectral embedding and low-rank factorization (Zhang, Wang, and Yang 2016),
spectral total variation (Zhao, Lu, and Wang 2017), compressive measurements (Vargas et al.
2018), spectral unmixing (Wei et al. 2016), sparse representation (Yang and Li 2012; Vicinanza
et al. 2014;Wang, Jiao, and Yang 2014; Yin 2015;Wei et al. 2015; Chen, Zhang, andMa2018; Fei
et al. 2019; Yin 2019; Wang et al. 2019; Dian et al. 2019), deep learning (Masi et al. 2016; Wei
et al. 2017; Palsson, Sveinsson, and Ulfarsson 2017; Cai et al. 2018; Dian et al. 2018; Scarpa,
Vitale, and Cozzolino 2018; Shao and Cai 2018; Yuan et al. 2018; Yang, Zhao, and Chan 2018;
Song et al. 2018) andmulti-scale decomposition and sparse representation (Cheng et al. 2015).

Another way of finding a balance between the spectral and spatial quality would be
using the Genetic Algorithm (GA), which is a nature-inspired metaheuristic optimization
technique that is able to search for the optimum solution in very large environments
(Holland 1975). Several studies indicated that optimizing the fusion results with GA is
a reasonable approach to keep the colour content while sharpening the images. Garzelli
and Nencini (2006a) proposed to use GA in the Generalized Intensity-Hue-Saturation
(GIHS) method. The authors proposed an injection model that computed the weights
used to produce the generalized intensity of the input MS image. The Q4 index
(Alparone et al. 2004) was used as the fitness function of the GA. The performance of
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the proposed method was compared against those of the Ranchin-Wald-Mangolini
(Ranchin et al. 2003), à-trous wavelet-based (Garzelli and Nencini 2006b), context-
based decision (Aiazzi et al. 2002a), and GIHS methods. The proposed method was
found to achieve superior results compared to the other methods. Garzelli and Nencini
(2006b) proposed a real-valued GA to maximize the Q4 index in order to achieve the
optimum fusion result. They enhanced the performance of the à-trous wavelet transfor-
mation method through the use of GA. The proposed method was compared against
the Synthetic Variable Ratio (SVR) (Zhang 1999), Spectral Distortion Minimizing
(Alparone et al. 2003), Ranchin-Wald-Mangolini (Ranchin et al. 2003), context-based
decision (Aiazzi et al. 2002a) and Gram-Schmidt (GS) (Laben and Brower 2000) methods.
Masoudi and Kabiri (2014) used a GA-based IHS method for image fusion. The authors
first used the GA to estimate a weight for each MS band. The next step was to use
a texture-based technique to preserve the colour features in the fused image. The
proposed approach was found to be more efficient than the conventional IHS and
some of its variants. Lari and Yazdi (2016) proposed an adaptive IHS-based fusion
method that employs à-trous wavelet decomposition to extract the high-frequency
content from the PAN image. The parameters used in the introduced method were
estimated by the GA and Teaching-Learning algorithms. The authors concluded that the
presented approach achieved a better performance, compared to the Additive Wavelet
Luminance Proportional (Otazu et al. 2005) and Generalized Laplacian Pyramid with
Spectral Distortion Minimization (Aiazzi et al. 2002a, 2002b) methods. Niazi, Zade, and
Zadeh (2016) also integrated the GAs into the IHS transformation-based fusion method.
The used approach was found to outperform the other IHS-based methods in spectral
and spatial manner. Khademi and Ghassemian (2017) introduced a multi-objective
approach to improve a CS-based fusion method. The authors used the non-dominated
sorting GA-II approach to optimize two objective functions, which were the inverse of
the Correlation Coefficient (CC) and weighted sum of the Erreur Relative Globale
Adimensionalle de Synthese (ERGAS). The proposed method was compared against
the other CS-based methods GS, Principal Component Analysis (PCA) and IHS.
Quantitative assessment revealed that the proposed approach outperformed the other
methods in terms of spectral fidelity. Yilmaz, Serifoglu Yilmaz, and Gungor (2019)
improved the performance of the SVR fusion method by using the GA, which was
used to estimate the band weights to produce the optimum intensity component. The
authors concluded that the presented method produced spectrally and spatially super-
ior results, compared to the other methods used. Despite the fact that image fusion has
an extremely extensive literature, the GA has been used in a very small portion of the
previous studies.

1.1. Motivation

In order to keep the colour characteristics of the input MS image, it is necessary for the
CS-based fusion methods to produce an intensity component that is statistically very
similar to the input PAN band. However, there is not a standard procedure to produce
the intensity component and the conventional CS-based methods generally consider
equal band weights to produce the intensity component. This is actually the main
reason for the colour distortion caused by the CS-based methods. The same problem
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applies for the GS fusion method, one of the most widely used CS-based methods. Since
the performance of the GS method depends heavily on the characteristics of the
intensity component, researchers have focused on developing some strategies to gen-
erate intensity components that enable spatial detail transfer without any colour degra-
dations. An approach was to calculate the intensity component by averaging the MS
bands or by a low-pass filter (Laben and Brower 2000). Aiazzi, Baronti, and Selva (2007)
used multivariate regression to optimize the intensity component. Garzelli, Nencini, and
Capobianco (2008) computed the intensity component by using a weighted average-
based approach that considers the mean square error (MSE). Maurer (2013) suggested
using the covariance matrix of the MS bands to estimate band weights in order to
optimize the intensity component. Pohl and van Genderen (2016) highlighted the
challenge in the estimation of the band weights used to generate the intensity compo-
nent and indicated that the band weights can be estimated by using linear regression,
least-square methods or sensors’ spectral sensitivity curves. The use of GA, whose
potential in optimizing fusion results has been proven in recent studies (Niazi, Zade,
and Zadeh 2016; Khademi and Ghassemian 2017; Yilmaz, Serifoglu Yilmaz, and Gungor
2019), would be a reasonable approach to optimize the intensity component used by
the CS-based fusion methods. Hence, this study, for the first time in the literature,
proposed to utilize the GA to optimize the intensity component used by the CS-based
GS method with the aim to increase the colour quality of the GS fusion result.
Optimization was done by using the GA to estimate a weight for each input MS band.
It should be noted that no previous studies focused on using the GA to optimize the
intensity component used by the GS method. This study will contribute to this gap in
the literature.

The rest of this paper is organized as follows. Section 2 will introduce the test sites
and the data used. Details about the conventional GS method, the proposed GA-based
GS method (GA-GS), the other image fusion methods used and the fusion quality
evaluation protocols used are also given in Section 2. Section 3 will provide the
qualitative and quantitative results and comparisons for the fused images. Section 4
will present the discussion derived from the fusion outcomes. Section 5 will present the
conclusions drawn from this study.

2. Material and methodology

2.1. Test sites and data

This study was conducted in three test sites selected in the city of Trabzon. The first site,
dominated by buildings, was monitored by the IKONOS satellite, which provides one
PAN and four MS bands with spatial resolutions of 1 m and 4 m, respectively. The second
site was monitored by the WorldView-2 satellite, which offers one PAN and eight MS
bands with spatial resolutions of 50 cm and 2 m, respectively. The second site is a rural
area consisting of buildings, trees and other vegetation. The third test site, which is
totally a rural area, was monitored by the IKONOS satellite in 2003. The input PAN image
of this site was produced by averaging the bands of a 2005 QuickBird pansharpened-
image, which had four MS bands with a spatial resolution of 60 cm. Since the input
images of this site were acquired by different satellites under different atmospheric
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conditions, fusion performance in this site was expected to be lower than the other sites.
To avoid any land cover inconsistencies due to the 2-year difference between the
acquisition dates of the input images of the site 3, this site was selected from the
areas on which no land cover changes occurred between 2003 and 2005. The spatial
resolution ratio between the input images of this site was greater than those of the
other sites, which was another factor that made the fusion process more challenging in
this site. The characteristics of the test sites and input images used are summarized in
Table 1. The test sites are shown in Figure 1.

2.2. GS image fusion

The GS method, which is a statistical CS-based technique like the PCA, is one of the most
widely-used fusionmethods. Thismethod de-correlates the input bands utilizing covariance
values (Laben and Brower 2000; Pohl and van Genderen 2016). The very first step of the GS
method is to simulate a low-resolution PAN (PANsim) image by using a linear combination of
the input MS bands. The conventional GSmethod simulates the PANsim image by averaging
the MS bands. The GS method considers each band as a high-dimensional vector and
combines the PANsim and MS bands, PANsim being the first vector. The next step is to apply
a GS transformation on the combined data, generating orthogonal vectors. The algorithm
applies the projection operator Proja for the vectors a and b as;

Proja bð Þ ¼ ajbih
ajaih a (1)

where, ajb is the inner product of a and b. The result of this operator is the projection of
the vector b onto the line spanned by vector a (Pohl and van Genderen 2016). The GS
method produces the orthogonal vectors with the following equations;

a1 ¼ b1
a2 ¼ b2 � Proja1 b2ð Þ
a3 ¼ b3 � Proja1 b3ð Þ � Proja2 b3ð Þ

(2)

where, m ¼ nþ 1 (total number of MS bands plus panchromatic band), and a1; a2 . . . am
are normalized orthogonal vectors that are then ortho-normalized (c1; c2 . . . cm) as (Pohl
and van Genderen 2016);

cm ¼ am
jjamjj (3)

After forward GS transformation, the histogram-matched PAN band is replaced by the
first GS component. It should be noted that all MS bands are resampled to the size of

Table 1. Characteristics of the test sites and input images used.
Input MS data Input PAN data

Site Type Imagery Year Imagery Year

1 Urban IKONOS MS 2003 IKONOS PAN 2003
2 Urban+Rural WorldView-2 MS 2012 WorldView-2 PAN 2012
3 Rural IKONOS MS 2003 QuickBird pansharpened 2005
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the PAN image. As a final step, an inverse GS transformation is applied to obtain the
fused image (Laben and Brower 2000; Pohl and van Genderen 2016).

2.3. The proposed GA-based GS method

This study proposed to utilize the GA to estimate the band weights used to optimize the
PANsim images. The GA is a metaheuristic randomized search and optimization method
based on the principles of natural genetics and evolution (Holland 1975; Maulik and
Bandyopadhyay 2000). It has been proven to provide a robust search in complex
environments (Yu 1998) by implementing a ‘survival of the fittest’ strategy. Compared
to conventional optimization techniques, GAs require less prior information about the
problem to be solved (Hole, Gulhane, and Shellokar 2013), which is a huge advantage
especially when dealing with a large data set.

Figure 1. Test sites.
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2.3.1. Population initialization
The very first step of a GA is to produce a population, which comprises of randomly
generated chromosomes. Each chromosome in turn consists of randomly-generated
genes, which are the candidate band weights used to produce the intensity component.
The diversity of the population should be maintained in order not to end up with
a condition known as ‘premature convergence’, which means the convergence of the
algorithm before the global optimum solution is achieved. If this condition occurs, the
parental solutions cannot produce offsprings that are superior to their parents. In order
to ensure the diversity of the population, for all test sites, we generated populations
consisting of 1000 chromosomes, each consisting of genes between 0 and 1. Since the
input MS images of the sites 1, 2 and 3 have 4, 8 and 4 MS bands, respectively, the
length of each chromosome was 4, 8 and 4 in the sites 1, 2 and 3, correspondingly.

2.3.2. Fitness evaluation
The fitness function evaluates the closeness between a candidate solution (i.e. chromo-
some) and the optimum solution, i.e. it determines how fit a solution is. The fitness
function should be able to quantitatively measure the fitness of a candidate solution.
Hence, in this study, we used the Root Mean Square Error (RMSE) function to evaluate
the fitness of each chromosome since it has been used in many previous studies to
evaluate the spectral fidelity of the fused images. The RMSE is given as;

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
p

Xp
i¼1

MS kð Þi � F kð Þi
� �2

vuut (4)

where, MS kð Þ and F kð Þ denote the kth MS and fused bands, respectively. p denotes the
total number of pixels.

The objective function of a GA is the function to be optimized. In GA, each candidate
solution is used in the objective function to determine a fitness value for each chromo-
some. This value is used to select the chromosomes that produce fitter chromosomes.
The proposed GA-GS method aims to improve the performance of the conventional GS
method, which computes the intensity (I) component by averaging all input MS bands.
The proposed method uses the GA to estimate a weight for each MS band to optimize
the I component, which is calculated as the weighted average of the MS bands. The
objective function of the GA is given in Equation (5).

I ¼ 1P
wi

Xn
i¼1

wi �MSi (5)

where, I is the intensity component, MSi is the ith band of the input MS image and wi is
the weight of ith band.

2.3.3. Selection
The GAs select a small portion of the chromosomes from the population for further
evolution. A proper chromosome selection procedure should consider two factors. First,
fitter chromosomes should have better chances to survive, whilst the weaker ones
perish. This factor facilitates the convergence in the evolution. The other factor is that
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the selection should be in a random way. A smaller search space is explored if a less
random selection procedure is applied (Qiu et al. 2015). Hence, in this study, the roulette
wheel selection procedure (Shukla, Pandey, and Mehrotra 2015), which is one of the
most widely-used chromosome selection techniques, was used to select the chromo-
somes to be used to produce fitter chromosomes. The roulette wheel selection considers
a wheel that is divided into s pies, s being the number of the chromosomes in the
population. Each chromosome gets a portion of the circle that is proportional to its
fitness value. A fixed point is then selected on the wheel. The wheel is rotated, and the
region that corresponds to the fixed point is chosen as a parent. The same process is
repeated to obtain the second parent. The selected chromosomes survive to the next
generation and are used to produce new offsprings with crossover and mutation
operations (Tang et al. 1996).

2.3.4. Crossover
The crossover operator exchanges information between two parent chromosomes. The
aim of this operator is to search the close neighbourhood around the parent to produce
the offspring. At least one crossover point is chosen on chromosomes. The string from
the beginning of a chromosome to the crossover point is copied from a parent and the
rest is copied from another parent. Lam et al. (2004) indicated that a crossover rate
between 60% and 95% is efficient. A number of trial-and-error procedures were con-
ducted to find the optimum crossover rates. Chromosomes obtained from the crossover
operation is replaced by the old ones. It is not possible to obtain the optimum solution
just by searching the neighbourhood, if the algorithm is trapped at a local minimum.
Because, crossover operator searches the neighbourhood in very small steps instead of
big leaps, leading to the same local minimum values again. In such cases, the diversity of
the population should be increased with the mutation operation to avoid this problem.

2.3.5. Mutation
In cases where the offsprings produced by the crossover operator resemble to their
parents, the diversity of the population is increased with the mutation operator to
prevent the premature convergence. The mutation operator randomly changes some
part of the chromosomes. Lam et al. (2004) indicated that the mutation rate should be
low, at about 0.5-1%. The chromosomes subject to mutation is replaced by the old ones.

2.3.6. Termination
The selection, crossover and mutation operators continue to iterate until the population
is converged. In other words, the algorithm terminates when the offsprings that are not
significantly different from the previous ones are produced. A maximum iteration
number is also set in case the algorithm does not converge. The GA-GS method is
implemented in MATLAB environment. The flowchart of the proposed approach is given
in Figure 2.

2.4. Image fusion methods used

This subsection provides the theories of the image fusion methods that were compared
against the proposed fusion method. The Wavelet Single Band (WSB) method is one of
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the most popular MRA-based fusion methods. This method applies successive 2D
Discrete Wavelet Transformations (DWT) on the input PAN image. The number of
transformations is dependent on the spatial resolution ratio between the input images.
Then, each MS band is replaced by the approximation image obtained from the DWT.
The fused image is produced through an inverse DWT (Hill, Canagarajah, and Bull 2002;
Yilmaz and Gungor 2016a).

The CB methods considered in this study were the High-Pass Filtering (HPF) and
Smoothing Filter-based Intensity Modulation (SFIM). The HPF method enhances the
spatial details of a PAN image with a high-pass filter and injects these details into an
MS image (Schowengerdt 1980). The SFIM method is based on simplified land surface
reflection and solar radiation model. This method aims at transferring the spatial details

Figure 2. Flowchart of the proposed approach.
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using a ratio computed between a PAN image and a lower resolution smoothed image
(Liu 2000; Wald and Ranchin 2002; Snehmani et al. 2017).

The conventional CS-based methods used in this study include the Multiplicative
(MCV), Brovey (BRV), GIHS, PCA, Hyperspherical Colour Space (HCS) and GS. The MCV
method performs in a very simple manner. It produces fused images by multiplying each
MS band by the PAN band (Crippen 1989). The BRV method, another simple fusion
method based on arithmetic operations, produces fused images by multiplying each MS
band by the PAN band and dividing the result by the intensity component obtained by
summing the input MS bands (Hallada and Cox 1983). The GIHS method is a generalized
version of the conventional IHS transformation-based fusion technique where an IHS
transformation is applied on the original RGB image to generate the intensity, hue and
saturation components (Siddiqui 2003). After replacing the intensity component by the
PAN band, an inverse IHS transformation is performed to produce the fused image. The
GIHS method can handle more than three MS bands, in contrast to the conventional IHS-
based method (Siddiqui 2003). The PCA method applies a PCA transformation on the
input MS image (Chavez and Kwarteng 1989). The first principal component is substi-
tuted by the PAN band, assuming that both input images are identical except for their
spatial resolutions (Yilmaz and Gungor 2016a). The last step is to apply an inverse PCA
transformation on this new image to obtain the fused image. The HCS method gen-
erates a smoothed PAN image as the first step. Afterwards, the imagery is transformed
from native colour space to hyperspherical colour space. The algorithm then matches
the intensity of the MS image to those of the squares of the original and smoothed PAN
images. The squares of the smoothed PAN, original PAN and MS intensity are used to
form an adjusted intensity. Fused image is produced through an inverse transformation
(Padwick et al. 2010).

2.5. Fusion quality evaluation

This study evaluated the spectral fidelity of all fused images by using the metrics RMSE,
ERGAS (Wald 2002), Feature Similarity (FSIM) (Zhang et al. 2011), Universal Image Quality
Index (UIQI) (Wang and Bovik 2002), Visual Information Fidelity for Fusion (VIFF) (Han
et al. 2013), Feature Mutual Information (FMI) (Haghighat, Aghagolzadeh, and
Seyedarabi 2011), Gradient Similarity (GSM) (Liu, Lin, and Narwaria 2012) and
Structural Similarity (SSIM) (Wang and Li 2011). The spatial detail quality of the fused
images was evaluated by calculating the CC between the fused bands and input PAN
band. The best value for the RMSE and ERGAS is 0; whereas 1 for the others. The
mathematical expressions of all these metrics are given in Table 2.

This study used Wald’s first property (Wald, Ranchin, and Mangolini 1997) to evaluate
the fusion results. According to this property, a fused image that is downsampled to the
size of the input MS image is as identical as possible to the input MS image. Hence, the
RMSE, ERGAS, FSIM, UIQI, VIFF, FMI, GSM and SSIM spectral quality metrics were
computed between the input MS images and downsampled fused images.
Downsampling was applied by using the nearest neighbour technique to keep the
colour content as much as possible. This strategy was also used by Park and Kang
(2004), Padwick et al. (2010) and Yilmaz and Gungor (2016a). The CCs were calculated
both between the input MS and PAN images and between fused and PAN images in
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Table 2. Mathematical expressions of the spectral and spatial quality metrics used.
Metric Mathematical model

RMSE
(spectral)

See Equation (4)

ERGAS
(spectral) ERGAS ¼ 100

h
l

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
K

XK
k¼1

RMSE kð Þ
μ kð Þ

� �2
vuut

where, h and l are the spatial resolutions of the input PAN and MS image, respectively. μ kð Þ is the mean
of the kth band and K is the total number of bands.

FSIM
(spectral)

FSIM ¼
P

x2ΩSL xð Þ � PCm xð ÞP
x2ΩPCm xð Þ

Let α and β be the parameters used to adjust the relative importance of the PC and G, which are the
components used to calculate the similarity. SL is calculated as;

SL xð Þ ¼ SPC xð Þ½ �α � SG xð Þ½ �β;

where,

SPC xð Þ ¼ 2PC1 xð Þ � PC2 xð Þ þ T1
PC21 xð Þ þ PC22 xð Þ þ T1

SG xð Þ ¼ 2G1 xð Þ � G2 xð Þ þ T2
G2
1 xð Þ þ G2

2 xð Þ þ T2
UIQI
(spectral)

UIQI ¼ 4σxyxy

x2 þ y2
� �

σ2x þ σ2y

� �
where, x ¼ x1; . . . ; xnf g and y ¼ y1; . . . ; ynf g show the original MS and fused images, respectively.
x is the mean of the original MS band, y is the mean of the corresponding fused band, σ2x is the variance
of x, σ2y is the variance of y and σxy is the covariance between x and y.

VIFF
(spectral)

VIFFk I1; . . . ; In; IFð Þ ¼
P

b FVIDk;b I1; . . . ; In; IFð ÞP
b FVINDk;b I1; . . . ; In; IFð Þ

where,

FVINDk;b I1; . . . ; In; IFð Þ ¼ VINDk;b It; IFð Þ VINDk;b Ii; IFð Þ ¼ 1
2
log2

s2k;bCU þ σ2N I
			 			

σ2N I
		 		

0
@

1
A

FMI
(spectral)

FMIABF ¼ IFA
HF þ HA

þ IFB
HF þ HB

where, HA, HB and HF stand for the histogram-based entropies of the MS image (A), PAN image (B) and
fused image (F). IFA and IFB denote the amount of information.

GSM
(spectral)

GSM ¼ 2gxgy þ C4
g2x þ g2y þ C4

where, gx and gy stand for the gradient values for the original MS and fused image, respectively. C4 is
a small constant.

SSIM
(spectral) SSIM x; yð Þ ¼

2μxμy þ C1
� �

2σxy þ C2
� �

μ2x þ μ2y þ C1
� �

σ2x þ σ2y þ C2
� �

where, μx, μy, σ
2
x , σ

2
y and σxy stand for the mean of the original MS image, mean of the fused image,

variance of the original MS image, variance of the fused image and covariance between the original MS
and fused image, respectively. C1 and C2 are computed as C1 ¼ K1Lð Þ2 and C2 ¼ K2Lð Þ2.

CC
(spatial) CC ¼

P
m

P
n PANmn � PAN
� �

Fmn � F
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
m

P
n PANmn � PAN
� �2

Fmn � F
� �2q

where, F and PAN are the mean of the fused images and PAN band, respectively.
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order to investigate whether or not the used fusion methods were successful in
transferring the spatial details. The fusion methods that resulted in the greater CC
increase were considered more successful in spatial regard. In order to ensure a fair
comparison among the fusion methods used, each method was given a score between 1
to 10 with respect to its success in spectral and spatial regard. This approach was also
used by Yilmaz and Gungor (2016a, 2016b) and Yilmaz, Serifoglu Yilmaz, and Gungor
(2019). Full forms of the abbreviations used in this study are given in Table 3.

3. Results and evaluations

In this study, the performance of the proposed GA-GS approach was compared not only
against that of the conventional GS, but also against those of the MCV, BRV, GIHS, PCA, HPF,
HCS, SFIM and WSB methods qualitatively and quantitatively. This section presents the
qualitative and quantitative evaluation results.

3.1. Qualitative evaluation

A successful image fusion method enables the transferring of spatial details without deterior-
ating the colour characteristics of the input MS image. Hence, it is reasonable to assess the
colour quality of a fused image by visually comparing it against the input MS image. Figure 3
shows the input images and fusion results of the site 1. The figure also shows subsamples from
the fusion results for further investigation. To ensure a fair comparison, all subfigures given in
Figure 3 are shown in true colour band combination without any contrast stretch procedure
applied. As seen from Figure 3(a), the MCV, BRV, GIHS, HCS and GS methods deteriorated the

Table 3. Full forms of the abbreviations used.
Abbreviation Full form

BRV Brovey
CB Colour-based
CC Correlation coefficient
CS Component substitution
DWT Discrete Wavelet Transformation
ERGAS Erreur Relative Globale Adimensionalle de Synthese
FMI Feature Mutual Information
FSIM Feature Similarity
GA Genetic Algorithm
GIHS Generalized Intensity-Hue-Saturation
GS Gram-Schmidt
GSM Gradient Similarity
HCS Hyperspherical Colour Space
HPF High-Pass Filtering
IHS Intensity-Hue-Saturation
MCV Multiplicative
MRA Multiresolution analysis
MS Multispectral
PAN Panchromatic
PCA Principal Component Analysis
SFIM Smoothing Filter-based Intensity Modulation
SSIM Structural Similarity
SVR Synthetic Variable Ratio
UIQI Universal Image Quality Index
VIFF Visual Information Fidelity for Fusion
WSB Wavelet Single Band
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Figure 3. (a) Fused images for the site 1, (b) subsamples from (a).
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global colour content of the input MS image of the site 1, whereas the PCA, HPF and SFIM
methods caused less amount of colour distortions. Figure 3(a) also shows that the WSB and
GA-GSmethods kept the global colour content better than the others. On the other hand, the
WSB, HPF and SFIMmethodswere found to produce imageswith low spatial fidelity in the site
1, which can be seen in Figure 3(b). The MCV, BRV, GIHS, PCA, GS and GA-GS methods
produced sharper images in the site 1.

Figure 4 presents the input images and fusion results of the site 2. The figure also
shows a smaller portion of the fused images for further assessment. All subfigures
presented in Figure 4 are displayed in true colour band combination without any
contrast stretch procedure. As seen from Figure 4(a), in the site 2, the MCV, BRV, GIHS,
WSB and PCA methods produced images whose global colour contents were not
consistent with that of the input MS image. These methods caused significant colour
distortions on the roofs, shadows and vegetation, which can also be seen in Figure 4(a).
On the other hand, the HPF, HCS, SFIM, GS and GA-GS methods produced spectrally
more consistent images in general. However, the SFIM and WSB methods caused some
colour distortions especially in the areas where frequency changed. Figure 4(b) shows
that all methods except the PCA and WSB produced sharper images. Pixelated effects
are apparent on the results of the PCA and WSB results in the site 2.

Figure 5 demonstrates the input images and fusion results of the site 3. Subsamples
from the fusion results of this site are also shown in Figure 5. Note that all subfigures in
this figure are displayed in true colour band combination without any contrast stretch.
Figure 5(a) shows that the GA-GS method achieved visually the best colour quality,
whereas the HPF, GS and SFIM methods can be said to be the other successful ones in
this regard. The SFIM method caused some colour artefacts in shadowy areas in the site
3, which can also be observed in Figure 5(a). As also seen in Figure 5(a), the BRV, HCS
and GIHS methods preserved the global colour characteristics to a certain extent. On the
other hand, the MCV, PCA, GIHS and WSB methods produced inconsistent colours in the
site 3. The GA-GS, BRV, HCS, SFIM, GIHS and HPF methods produced the sharpest images
in this site (see Figure 5(b)), whereas the WSB and PCA methods failed to transfer the
spatial details.

In spite of the fact that qualitative evaluation presents a general view on the
performances of the fusion methods used, it is highly subjective and depends heavily
on analyst’s point of view and monitor specifications. Hence, quantitative evaluation is
needed for a more reasonable investigation.

3.2. Quantitative evaluation

3.2.1. Spectral quality evaluation
Table 4 shows the spectral metric values calculated from the fused images of the test
sites. As seen from the table, the proposed GA-GS approach resulted in the best RMSE,
ERGAS, FSIM, UIQI, GSM and SSIM values in the site 1. The best VIFF and FMI values were
achieved by the MCV method in the site 1. Table 4 also reveals that the WSB method got
the second best metric values after the GA-GS approach in the site 1, which is in
compliance with visual findings. As also seen from Table 4, the PCA method was
found to yield promising results in terms of spectral fidelity. The fused images produced
by the HCS, MCV, GIHS and BRV methods got the worst metric values in the site 1, which
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Figure 4. (a) Fused images for the site 2, (b) subsamples from (a).
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Figure 5. (a) Fused images for the site 3, (b) subsamples from (a).
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was also justified by qualitative evaluation. Despite the fact that the MCV method
produced an image with very low spectral fidelity in the site 1 (see Figure 3(a)), the
VIFF and FMI metrics indicated the opposite. Of all methods, the MCV method got the
best VIFF and FMI metric values in this site. This reveals the fact that the quality metrics
may lead to misleading judgements about fusion outcomes. Hence, it is more reason-
able to interpret the trend in multiple metric values, instead of judging fusion methods
with a single quality metric.

Table 4 shows that theproposedGA-GS approach, again, got the best values formost of the
metrics in the site 2. The GA-GS result got the best values from the RMSE, ERGAS, FSIM, UIQI,
VIFF and GSMmetrics. The MCVmethod was found to be the most successful one in terms of
the FMI metric, whereas the SSIM metric indicated that the WSB yielded the optimum fusion
result in the site 2. As seen from Table 4, the MCV, SFIM, GIHS and HCS methods did not
manage to retain the colour features of the inputMS image,whereas theHPF, BRV, PCA andGS
methods preserved the colour characteristics to a small extent in the site 2.

Table 4 indicates that the GA-GS method achieved the best values from all spectral
quality evaluation metrics in the site 3. The fused images produced by the BRV, GS and
GIHS methods got promising spectral metric values in this site. On the other hand, the
MCV, WSB and PCA methods got the worst spectral metric values in the site 3, which is
also in compliance with visual findings (see Figure 5(a)). Although the BRV method

Table 4. Spectral quality metric values calculated for the test sites (The best values are
highlighted with grey).

Spectral quality metrics

Site Method RMSE ERGAS FSIM UIQI VIFF FMI GSM SSIM

1 MCV 1003.214 17.796 0.004 0.000 0.840 0.860 0.000 0.000
BRV 102.117 6.297 0.765 0.198 0.258 0.802 0.923 0.461
GIHS 100.758 6.294 0.762 0.195 0.260 0.804 0.628 0.447
PCA 89.534 3.806 0.819 0.272 0.338 0.859 0.944 0.608
HPF 104.500 6.410 0.805 0.252 0.276 0.803 0.932 0.542
HCS 132.299 8.399 0.737 0.193 0.308 0.794 0.643 0.444
SFIM 105.236 6.538 0.802 0.253 0.278 0.800 0.933 0.548
WSB 86.798 3.241 0.843 0.273 0.372 0.830 0.950 0.632
GS 101.533 6.325 0.767 0.199 0.258 0.805 0.922 0.463
GA-GS 73.249 2.741 0.844 0.365 0.495 0.858 0.954 0.676

2 MCV 984.255 31.497 0.005 0.000 0.101 0.910 0.000 0.000
BRV 141.911 11.672 0.610 0.024 0.053 0.840 0.888 0.165
GIHS 143.635 12.592 0.598 0.022 0.057 0.839 0.879 0.117
PCA 347.568 15.007 0.795 0.284 0.231 0.873 0.788 0.469
HPF 147.462 11.634 0.631 0.019 0.044 0.834 0.894 0.225
HCS 146.771 11.595 0.623 0.020 0.046 0.833 0.892 0.191
SFIM 194.912 27.098 0.627 0.019 0.045 0.846 0.889 0.231
WSB 62.995 4.741 0.826 0.239 0.314 0.848 0.956 0.625
GS 140.126 11.541 0.630 0.025 0.050 0.847 0.896 0.253
GA-GS 46.317 3.131 0.846 0.363 0.455 0.891 0.965 0.699

3 MCV 763.320 16.079 0.002 0.000 1.663 0.880 0.023 0.000
BRV 98.301 3.941 0.564 0.036 0.051 0.823 0.906 0.257
GIHS 96.848 4.012 0.535 0.033 0.050 0.819 0.895 0.097
PCA 242.627 9.782 0.013 0.018 0.050 0.871 0.243 0.111
HPF 110.581 4.686 0.499 0.030 0.047 0.618 0.862 0.082
HCS 119.629 5.056 0.466 0.025 0.052 0.826 0.843 0.072
SFIM 134.225 7.179 0.496 0.027 0.047 0.835 0.857 0.084
WSB 186.245 8.478 0.324 0.004 0.125 0.574 0.475 0.185
GS 122.184 4.644 0.542 0.037 0.062 0.834 0.874 0.156
GA-GS 59.467 3.001 0.881 0.455 0.429 0.897 0.912 0.530
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seemed to change the global colour features in the site 3 (see Figure 5(a)), the metric
values computed from the BRV fused image indicates the opposite, as this image got
better metric values compared to the most of the other methods used. This attaches
importance on considering the trend in multiple metric values to evaluate the colour
quality of the fused images. It should also be kept in mind that there is no such thing as
‘the best quality evaluation procedure’ in the literature as each quality metric has its
own mathematical theory, which leads to the fact that there may be inconsistencies
among the values computed from different metrics. This is the main reason that almost
all image fusion studies consider multiple metric values to evaluate the fusion results.

Table 5 presents the spectral quality scores given with respect to the methods’
success in preserving the colour characteristics. Since a total of ten image fusion
methods were used, each method got a score between 1 and 10. Since qualitative
evaluation is a subjective task, visual findings were not scored. As seen from Table 5, the
proposed GA-GS approach got the best average scores of 9.6, 9.9 and 10 in the sites 1, 2
and 3, respectively. The WSB method was found to be the second most successful one in
the sites 1 and 2, whereas the BRV method got the second best average spectral quality
score in the site 3. The PCA method was ranked as the third most successful one in the
site 1, whereas the third most successful one in terms of colour fidelity in the sites 2 and
3 was the GS method. The worst average spectral quality score was obtained by the HCS

Table 5. Spectral quality scores given to fusion results in all test sites (The best values
are highlighted with grey).

Spectral quality score

Site Method RMSE ERGAS FSIM UIQI VIFF FMI GSM SSIM Average

1 MCV 1 1 1 1 10 10 1 1 3.3
BRV 5 6 4 4 2 3 5 4 4.1
GIHS 7 7 3 3 3 5 2 3 4.1
PCA 8 8 8 8 7 9 8 8 8.0
HPF 4 4 7 6 4 4 6 6 5.1
HCS 2 2 2 2 6 1 3 2 2.5
SFIM 3 3 6 7 5 2 7 7 5.0
WSB 9 9 9 9 8 7 9 9 8.6
GS 6 5 5 5 1 6 4 5 4.6
GA-GS 10 10 10 10 9 8 10 10 9.6

2 MCV 1 1 1 1 7 10 1 1 2.9
BRV 7 5 3 6 5 4 4 3 4.6
GIHS 6 4 2 5 6 3 3 2 3.9
PCA 2 3 8 9 8 8 2 8 6.0
HPF 4 6 7 2 1 2 7 5 4.3
HCS 5 7 4 4 3 1 6 4 4.3
SFIM 3 2 5 2 2 5 5 6 3.8
WSB 9 9 9 8 9 7 9 9 8.6
GS 8 8 6 7 4 6 8 7 6.8
GA-GS 10 10 10 10 10 9 10 10 9.9

3 MCV 1 1 1 1 1 9 1 1 2.0
BRV 8 9 9 8 6 4 9 9 7.8
GIHS 9 8 7 7 5 3 8 5 6.5
PCA 2 2 2 3 4 8 2 6 3.6
HPF 7 6 6 6 3 2 6 3 4.9
HCS 6 5 4 4 7 5 4 2 4.6
SFIM 4 4 5 5 2 7 5 4 4.5
WSB 3 3 3 2 9 1 3 8 4.0
GS 5 7 8 9 8 6 7 7 7.1
GA-GS 10 10 10 10 10 10 10 10 10.0
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method in the site 1 and by the MCV method in the sites 2 and 3. Table 5 also reveals
the fact that the GA-GS, GS, HCS, GIHS and BRV methods got the best average spectral
quality score in the site 3, which is the most challenging site. The MCV, PCA and HPF
methods achieved the best average spectral quality score in the site 1.

3.2.2. Spatial quality evaluation
Table 6 demonstrates the average CCs calculated between the fused bands and input
PAN bands. Any fusion algorithms that increased the average CC with the input PAN
image can be said to transfer the spatial details successfully. As seen from Table 6, all
methods managed to increase the average CC in the site 1. The GA-GS method resulted
in the greatest average CC increase (from 0.598 to 0.847) in the site 1. The PCA method
followed the GA-GS method by a small margin in this site, increasing the average CC
from 0.598 to 0.803. The average CC values given in Table 6 show that the WSB and MCV
methods presented very similar performances in the site 1, which contradicts with visual
findings. Table 6 also shows that the GS, GIHS and HCS methods yielded the smallest
average CC increase in the site 1. Another conclusion drawn from Table 6 is that all
methods except the SFIM and PCA managed to increase the average CC to some extent
in the site 2. In this site, the GA-GS approach, again, achieved the greatest average CC
increase (from 0.616 to 0.916). The MCV method provided the second greatest average
CC increase (from 0.616 to 0.847) in the site 2. The HPF and BRV methods resulted in
very similar average CC increase in this site. It can also be concluded from Table 6 that
the HCS and WSB methods increased the average CC at the smallest extent in the site 2,
whereas the SFIM and PCA methods decreased the average CC from 0.616 to 0.575 and
to 0.366, respectively. The PCA and SFIM methods achieved a greater amount of average
CC increase in the site 1, compared to the site 2. On the other hand, the GA-GS and MCV
techniques yielded a greater amount of average CC increase in the site 2. Table 6 shows
that all methods except the WSB managed to increase the average CC in the site 3. In
this site, the GA-GS method was found to be the best one in transferring the spatial
details. The GA-GS method increased the average CC from 0.311 to 0.817. As seen from
Table 6, the second most successful one in terms of spatial fidelity was the GIHS method
in the site 3. The GIHS method increased the average CC from 0.311 to 0.742. On the
other hand, the BRV, HPF, GS, SFIM and HCS methods led to satisfying average CC
increase in the site 3. It was also concluded that the PCA and MCV methods achieved the

Table 6. Average CCs and spatial quality scores for the test sites (The best values
are highlighted with grey).

Method
Average CC

site 1
Average CC

site 2
Average CC

site 3
Score
site 1

Score
site 2

Score
site 3

Average
score

MS/PAN 0.598 0.616 0.311 – – – –
MCV/PAN 0.786 0.847 0.579 7 9 3 6.3
BRV/PAN 0.765 0.758 0.685 6 8 8 7.3
GIHS/PAN 0.675 0.713 0.742 2 6 9 5.7
PCA/PAN 0.803 0.366 0.348 9 1 2 4.0
HPF/PAN 0.747 0.750 0.679 5 7 7 6.3
HCS/PAN 0.668 0.676 0.642 1 4 4 3.0
SFIM/PAN 0.741 0.575 0.658 4 2 5 3.7
WSB/PAN 0.787 0.645 0.152 8 3 1 4.0
GS/PAN 0.697 0.703 0.674 3 5 6 4.7
GA-GS/PAN 0.847 0.916 0.817 10 10 10 10.0
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smallest amount of average CC increase in this site. The WSB method failed to sharpen
the input MS image of the site 3, as it decreased the average CC from 0.311 to 0.152.

The performance scores given with respect to the methods’ spatial details transfer
success are also given in Table 6. As seen from the table, the GA-GS approach was found
to be the most successful one in increasing the spatial content in all test sites. It got the
best average CC score of 10. The BRV and MCV methods were ranked as the second and
third most successful ones in this regard, respectively. Table 6 also shows that the GIHS
and HPF methods produced images with moderate spatial fidelity. On the other hand,
the HCS, SFIM, GS, WSB and PCA methods got the smallest average CC scores. Figure 6
shows the average spectral and spatial quality scores to make it easier to interpret the
scores given in Tables 5 and 6.

4. Discussion

This section discusses the working principles and performances of the image fusion
methods used. The MCV technique simply multiplies each MS band with the PAN image
to obtain the fused bands. This approach caused a significant amount of changes in the
magnitude of the spectral vectors, causing colour distortions in both sites. This holds
also true for the BRV method, which produces the fused images by multiplying each MS
band with a constant defined by the ratio between the PAN and intensity band obtained
by summing all MS bands.

The GIHS method eliminated the disadvantage of the conventional IHS method by
processing more than three bands. However, it still suffers from producing images with
low spectral fidelity, which was also pointed out by Ehlers et al. (2010). The performance
of this method can be improved by changing or modifying the way the transformation
between RGB and IHS spaces is done. Our observations revealed that matching the

Figure 6. Average spectral and spatial quality scores.
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histogram of the input PAN image to that of the intensity component prior to fusion
allowed this method to keep the spectral content to some extent.

The performance of the PCA method depends heavily on the statistical characteristics of
the input data used. If the input MS and PAN images have similar spectral characteristics,
then the PCA method is likely to work well in spectral manner, as happened in this study.
The reason for this is that, if the input MS and PAN images have statistically similar content,
then the first principal component is likely to have a high correlation with the input PAN
image, which will be replaced by the first principal component, preserving the colour
content. As seen from Figure 6, the PCA method was ranked as the fourth (out of 10)
most successful one in terms of spectral quality. Matching the histogram of the PAN image
to that of the first principal component prior to fusion caused the absorption of a certain
amount of the spatial content in the PAN image, which was the main reason that this
method did not manage to transfer the spatial details properly, especially in the site 3.

The HPF method enhances the spatial details in the PAN image by employing a high-
pass filter, which attaches importance to use an appropriate high-pass filter. The size and
content of the filter have a direct effect on fusion performance. Unnecessarily larger-sized
filters lead to unnecessarily sharper images, whereas smaller-sized filters affect the spatial
detail transfer success. Smaller-sized filters help with the preservation of the colour
characteristics, whereas larger-sized filters are likely to distort the colours. Hence,
a compromise should be made between the filter size and fusion performance. The
ERDAS IMAGINE software defines the size of the high-pass filter as a function of the spatial
resolutions of the input MS and PAN images (ERDAS IMAGINE Field Guide). The ERDAS
IMAGINE software also allows the users to perform a second high-pass filtering to further
increase the spatial detail quality. However, in this study, we did not perform a second
filtering, since the spatial resolution ratio between the input images were not high
enough. In this study, the HPF method was found to manage to increase the spatial detail
quality (see Figure 6). However, it was not that successful in keeping the colour content.
The ERDAS IMAGINE software performs a linear stretch on the fused image to tackle this
problem. However, we observed that performing a linear stretch increased the colour
distortions to some extent. Instead, it is recommended to apply a histogram matching
between the fused and input MS image to achieve higher spectral and spatial fidelity.

The HCS method produced fused images with low spectral and spatial quality. We
believe that the spectral distortion caused by this method was due to the intensity
scaling procedure. A more reasonable procedure may lead to spectrally and spatially
more consistent images.

The SFIM method produces a smoothed PAN image by employing a mean filter on
the input PAN image, which will then be divided by the smoothed PAN to obtain
a constant to be multiplied by each MS band. Smoothing the PAN image this way did
not only distort the colours but also led to the absorption of the spatial details,
especially in the site 1. A different smoothing procedure (such as Gaussian) may yield
images with high spectral and spatial fidelity.

The WSB method was found to keep the colour content in all test sites but the site 3.
The method applies 2D DWT on the input PAN image to resolve it into its high and low
frequency details. The main disadvantage of the 2D DWT is that it extracts high
frequency details only in three directions (north-south, east-west and diagonal), which
was the main reason for the spatial detail loss during subsequent DWTs.

1478 V. YILMAZ ET AL.



The GS method is a statistical procedure like the PCA, which means that its result depends
highly on its content. Matching the histogram of the first GS component to that of the PAN
image enabled the preservation of the colours to some extent but caused spatial detail loss, as
happened in the PCA procedure. On the other hand, the GS method simulated the low-
resolution PAN image by averaging all MS bands, which was another cause for the spectral
distortion. To eliminate this disadvantage and simulate a more effective low-resolution PAN
image, the proposed GA-GS approach benefits from the GA to estimate a weight for each MS
band. It enabled to transfer the spatial details with less colour distortion. The biggest
advantage of the proposed approach is that it is very simple and does not rely on intense
computations. It was concluded that the proposed GA-GS approach overcome the colour
distortion disadvantage of the CS-based methods. Despite the fact that histogram matching
between the GA-based low-resolution PAN band and input PAN band played an important
role in keeping the colour balance, it caused a certain amount of spatial detail loss. This is
understandable as we tried to achieve a balance between the spatial and spectral quality loss.
The performance of the proposed approach can be improved by changing the population
size, crossover rate and mutation rate parameters used by the GA. In this study, a crossover
rate of 95% and amutation rate of 1%were found to be efficient for the sites 1 and 3, whereas
a crossover rate of 90% and amutation rate of 0.3%were found to provide the optimum result
in the site 2. On the other hand, amaximum iteration number of 100, 150 and 300 were found
to be adequate for the sites 1, 2 and 3, respectively. Further increasing the population size and
mutation rate may lead to spectrally more balanced images. However, increasing the popula-
tion size will affect the computation time in a negative way.

5. Conclusion

This study proposed to modify the CS-based GS fusion method to improve its perfor-
mance for producing more effective images to be used for image analysis. The mod-
ification was done by using the GA to estimate a weight for each MS band used to
compute the low-resolution PAN image. The experiments revealed that the band
weights of 0.24, 0.27, 0.24 and 0.24 gave the best RMSE in the site 1; the band weights
of 0.05, 0.08, 0.15, 0.20, 0.21, 0.12, 0.11 and 0.07 yielded the optimum RMSE in the site 2;
and the band weights of 0.18, 0.26, 0.19 and 0.38 achieved the best RMSE in the site 3.
As seen from Figure 6, the proposed approach yielded spectrally and spatially superior
results compared to the widely-used CS-based MCV, BRV, GIHS, PCA, HCS and GS
methods. The GA-GS method also spectrally and spatially outperformed the MRA-
based WSB method; and CB methods HPF and SFIM as well.

The GA has three major advantages: (1) It extensively samples the parameter space
(Janssen, Ireland, and Ryckebusch 2003). This enables the proposed method to achieve
the optimum band weights in a diverse search space. (2) It is not constrained by any
assumptions relating to the search space such as continuity or existence of the deriva-
tives (Adamiec et al. 2004). (3) It is easy to implement and does not rely on complex
computations. These advantages make the GA appropriate for improving the perfor-
mance of the GS fusion method. The use of GA in the GS method enables the estimation
of the optimum band weights in a short span of time. However, choosing the appro-
priate population size parameter is challenging and often relies on trial-and-error, which
may prolong the time to obtain the optimum solution. This parameter should be chosen
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great enough to ensure the diversity of the population, otherwise, the obtained opti-
mum band weights will not be the ones that are supposed to be. Another disadvantage
of the GA is the ease of its premature convergence, which may affect the robustness of
the optimum band weights found. Advantages and disadvantages/limitations of the
proposed method are summarized in Table 7.

Image fusion is a good way of producing sharper images to be used for further
analysis. Using the GA in fusion approaches enables the production of images of high
spectral and spatial quality. Further studies will focus on using the GA to improve the
performances of other fusion methods. We will also seek new strategies to increase the
convergence speed of the proposed method.
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