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Abstract
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Hyperspectral sensors provide meticulous spectral information. 

However, low spatial resolution of hyperspectral images limits their 

capability for precise and detailed analysis. Some image fusion 

algorithms were introduced to enhance the spatial quality of the 

hyperspectral satellite images, but these do not successfully reduce 

spectral and spatial distortion occurring from the wavelength difference 

between hyperspectral and multispectral images. The necessity of the 

image fusion with hyperspectral and multispectral images is also 

emphasized as future satellite is planning to offer both hyperspectral 

and multispectral images.

Thus, this study introduced the hyperspectral image fusion using 

multispectral images having higher spatial resolution and partially 

different wavelength range from the hyperspectral image as a 

preliminary study of future satellite system. This study also focused 

on the image fusion algorithm to enhance the spatial quality and to 

preserve the spectral information of hyperspectral images. The 



proposed algorithms were based on the blocks of associated 

hyperspectral and multispectral bands to reduce the influence of 

different spectral characteristics between hyperspectral and multispectral 

bands. It also generated an additional band by the 

spectral-unmixing-based simulation to lessen the spectral and spatial 

distortion on the bands in the wavelength range, which did not exist 

in multispectral images.

The proposed block-based image fusion algorithm was applied on 

synthetic and actual Compact Airborne Spectrographic Imager (CASI) 

data sets including hyperspectral and multispectral images in different 

wavelength range. Then, its results were compared with existing 

methods by visual and statistical evaluation, and the proposed 

block-based fusion algorithm produced fused images with enhanced 

spatial details and less spectral distortions. This study demonstrates 

that the proposed algorithm effectively improved the spatial details 

and preserved the spectral characteristics on hyperspectral image even 

if the wavelength range of multispectral image did not coincide with 

that of hyperspectral image.

………………………………………
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1. Introduction

1.1 Background

Providing precise and meticulous spectral information, hyperspectral 

sensors allow more accurate analysis on terrestrial substances than 

multispectral sensors having discontinuous bands with a broad range. 

Its continuous spectral bands covering the infrared region as well as 

the visible region of wavelength expanded the application range of 

remote sensing in our society, and the potential of hyperspectral data 

produced many conferences and publications about hyperspectral 

images in remote sensing community during last decades. Therefore, 

the hyperspectral data applications have grown and are still growing 

to accomplish detection, discrimination, classification, and identification 

of objects or substances, such as water, soil, or other natural or 

man-made materials (Keshava, 2003; Zhang, 2013).

Although this hyperspectral data provides abundant spectral 

information, its spatial resolution is lower than those from 

panchromatic or multispectral imagery due to the physical limitation 

of tradeoffs between spectral and spatial details in sensor designs 

(Shaw and Burke, 2003). An effective way to solve this physical 

limitation is the image fusion. Recent satellites for earth-observation 

collect high spectral resolution data accompanied by high spatial 

resolution data for the image fusion. Following the current satellite 

hyperspectral sensors, such as Hyperion, future hyperspectral sensors 

are planning to be launched to reduce the time interval or increase 

the quality of hyperspectral data. Hyperspectral Imager Suite (HISUI) 
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is being developed to be installed on Advanced Land Observation 

Satellite 3 (ALOS-3), which is the follow-on mission of the Advanced 

Spaceborne Thermal Emission and Reflection radiometer (ASTER), 

and it will provide hyperspectral and multispectral images (Iwasaki et 

al., 2011). As the hyperspectral and multispectral satellite data set will 

become available in a few years, the hyperspectral image fusion 

algorithm using multispectral image needs to be studied for acceptable 

fusion results. The image fusion techniques for multispectral bands 

with a panchromatic band have been studied for a long period of 

time. However, hyperspectral image fusion with a panchromatic band 

covering wide wavelength range can generate low spectral or spatial 

quality in fused bands due to the spectral sensitivity of hyperspectral 

images. In addition, current and future hyperspectral satellites provide 

multispectral or panchromatic image that has different wavelength 

range from entire hyperspectral bands. If the entire wavelength range 

of hyperspectral bands do not coincide with that of multispectral or 

panchromatic data with high spatial resolution, the fused result will 

present lower spectral quality at the bands where the wavelength 

regions that does not overlap with multispectral bands. Due to these 

problems, existing fusion algorithms may produce fused image with 

spectral distortion or poor spatial information for hyperspectral image 

data.

In this study, a prospective study on the hyperspectral image fusion 

with multispectral image data for future satellite system is presented. 

The algorithm suggested in this study focuses on the fusion of 

hyperspectral image data in order to increase the spatial quality and 

preserve the spectral information of the fused hyperspectral image. 
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This algorithm also performs the image fusion to minimize spectral 

and spatial distortions on hyperspectral bands where these total 

wavelength range does not overlap with total wavelength range of 

multispectral bands.

1.2 Literature Review

Before hyperspectral data was emerged, many image fusion methods 

have been proposed for multispectral and panchromatic images. The 

Intensity Hue Saturation (IHS) transform is a standard procedure in 

the fusion methods based on Component Substitution (CS) (Stathaki, 

2008). Since it is only suitable for three bands of multispectral image, 

the generalized IHS transform technique and the integrated IHS 

transform were introduced to process more than three bands and to 

reduce spectral degradation (González-Audícana et al., 2004; Tu et al., 

2004). Aiazzi et al. (2007) presented that all the Gram-Schmidt (GS) 

based algorithms perform better than the IHS-based algorithms. The 

CS-based methods generally present better spatial details on the fused 

images, but the spectral distortions can arise because of the low 

correlation between the intensity image and the panchromatic image 

by the dissimilar spectral range, spatial misalignment, and more (Li, 

et al. 2004; Aiazzi et al., 2009; Mitchell, 2010). Thus, fusion methods 

based on MultiResolution Analysis (MRA) were introduced to enhance 

the spectral information of fusion results, and many MRA-based 

methods were proposed based on various frequency extraction 

techniques, such as the discrete wavelet transform, `a trous, and 
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Laplacian pyramid (Stathaki, 2008). They are known as producing 

better spectral quality than CS-based fusion methods, but their fusion 

results accompanied with greater computational complexity and low 

spatial quality (Amolins et al., 2007; Aiazzi et al., 2009).

Existing methods including the CS- and MRA-based fusion methods 

were also applied to hyperspectral images. The maximum a posteriori 

(MAP) estimation method performed Principal Component Analysis 

(PCA) transform on hyperspectral images and used the stochastic 

mixing model, which estimated the underlying spectral scene 

characteristics to optimize fused results. The MAP estimation method 

showed better performance among the least-squares-based fusion 

algorithms and PCA transform algorithms (Hardie et al., 2004; 

Eismann and Hardie, 2005). The existing fusion algorithms, such as 

PCA transform, Colour Normalized (CN), and GS transform, were 

analyzed for Hyperion and IKONOS data, and CN showed better 

spectral information while PCA and GS transform showed better 

spatial characteristics on fused images (Pande et al., 2009). Cetin and 

Musaoglu (2009) presented comparative study of fusion methods on 

hyperspectral and panchromatic images. CS-based methods were better 

than the wavelet based methods for enhancing the image details and 

the spatial information of fused images, while wavelet-based IHS 

transform and wavelet-based Principal Component Substitution methods 

were better for the spectral information preservation. Smoothing 

Filter-based Intensity Modulation and Fast Fourier Transform (FFT) 

enhanced IHS transform presented good quality of spatial and spectral 

information on fused results. Zhang et al. (2009) proposed a 

wavelet-based algorithm based on Bayesian estimation for simulated 
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hyperspectral and multispectral data sets. A combined algorithm of 

restoration and fusion procedures was also proposed for the 

hyperspectral and multispectral image fusion by applying a de-blurring 

step and a de-noising step iteratively, and it illustrated advanced 

performance compared to MAP algorithm and original wavelet-based 

expectation-maximization (EM) algorithm (Zhang et al., 2012). These 

algorithms focus on the image fusion of hyperspectral image with 

multispectral image with identical wavelength range.

A number of other hyperspectral fusion algorithms adopted spectral 

unmixing technique, which estimates the materials, called endmembers, 

in a hyperspectral image and the fraction of each endmembers, within 

a pixel (Robinson et al., 2000; Heinz, 2001; Gu et al, 2008). Winter 

et al. (2002) presented Joint Endmember Determination and the 

spectral unmixing technique to compute a mixture model based on the 

joint data set. Coupled Nonnegative Matrix Factorization (CNMF) 

iteratively unmixed hyperspectral and multispectral image to produce 

spatially enhanced hyperspectral image and improved the spatial 

quality in all bands compared to the MAP estimation method (Yokoya 

et al., 2011a; Yokoya et al., 2012). The CNMF was also performed 

on hyperspectral image data with multispectral and panchromatic data, 

respectively, and the fusion with multispectral data presented lower 

spectral distortion than the fusion with panchromatic data (Yokoya et 

al., 2011b). However, the CNMF required high computational cost 

with complex iteration process, so Bendoumi et al. (2012) proposed a 

new fusion method that reduced the iteration step to decrease the 

computation costs and errors causing from linear unmixing calculation. 

As a result, the computing time is greatly reduced, and spatial quality 
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was improved while spectral quality was slightly lower than CNMF 

and MAP. Some of these spectral-unmixing-based fusion algorithms 

were also applied on hyperspectral image using a multispectral image 

having partially different wavelength range, and the results presented 

low performance on the hyperspectral bands especially in different 

wavelength range from input multispectral bands(Sylla et al., in press).

There were also some researches to enhance spatial resolution of 

multispectral image using individual bands of another multispectral 

image with higher spatial resolution. The effect of bandwidth on 

panchromatic image was investigated on the spectral quality of fused 

multispectral image by Matsuoka et al. (2013), and they presented that 

wider spectral width of the panchromatic band presented better 

spectral preservation but lower spatial quality on fused multispectral 

image. The extended Amelioration de la Resolution Spatiale par 

Injection de Structures (ARSIS) method was based on band 

association of bands from the Medium Resolution Imaging 

Spectrometer (MERIS) imagery and a band from the Landsat 

Enhanced Thematic Mapper (ETM) imagery with higher spatial 

resolution. The result of the extended ARSIS method maintained the 

water color variability while the result of CNMF method displayed 

color distortion. In this study, the extended ARSIS method presented 

best spectral quality in fused results, and the CNMF method presented 

best spatial quality in fused results (Sylla et al., in press). The spatial 

enhancement using individual multispectral bands with higher spatial 

resolution also attempted on hyperspectral image bands, which were 

selected from identical wavelength range of the multispectral bands 

based on spectral response function from sensors, but this algorithm 
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required additional data containing spectral response function from 

individual sensors (Khandelwal and Rajan, 2011).

1.3 Scope of This Study

The purpose of this study is to perform a prospective study on 

hyperspectral image fusion using multispectral image to enhance the 

spatial details and to preserve the spectral information of hyperspectral 

images for future hyperspectral satellite systems. This study also 

focuses to minimize the spectral and spatial distortion on hyperspectral 

bands having the wavelength ranges which do not coincide with those 

of multispectral bands. To achieve these, this study suggests the 

block-based image fusion algorithm using a simulated band with 

higher spatial resolution. The suggested algorithm can be divided into 

two phases: simulated band generation based on spectral unmixing and 

block-based image fusion. In the first phase, an additional band is 

generated to provide spectral information of missing wavelength region 

in multispectral image by the spectral-unmixing -based simulation and 

spectral adjustment using Spectral Difference Component (SDC). In 

the second phase, band blocks were produced by associating 

multispectral and hyperspectral bands, and the high frequency 

information was extracted based on the band blocks to enhance the 

spatial details on hyperspectral image. This algorithm was applied on 

three synthetic and three actual data sets collected from different sites. 

The results were analyzed by visual and statistical evaluation 

comparing two existing methods in performance evaluation section.
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The contents of this study are as follows. Chapter 1 introduces the 

background and purpose of this study, and summarizes the contents of 

this study. Chapter 2 presents the basic image fusion methods for 

hyperspectral image, and chapter 3 describes the simulation phase and 

the fusion phase of the block-based image fusion algorithm by using 

simulated band of high-spatial resolution. In chapter 4, the proposed 

algorithm is tested on the synthetic and actual data sets and evaluated 

visually and statistically, and the study concludes in chapter 5.
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2. Image Fusion Methods

In this chapter, basic image fusion methods are briefly described. 

The general image fusion methods include CS-based methods and 

MRA-based methods, which have been studied for a long period of 

time in image fusion area. Recently introduced spectral-unmixing-based 

methods are generally used for hyperspectral image processing and are 

also presented in this chapter.

2.1 General Image Fusion Methods

General image fusion methods were originally introduced for spatial 

enhancement of multispectral image using a panchromatic band with 

high spatial resolution. It can be divided into CS-based methods and 

MRA-based methods (Choi, 2011).

The CS-based methods are popular for less computational costs, 

easy implementation, and well-establishment (Alparone et al., 2007). 

The CS-based methods transform multispectral data from spectral 

spaces to new vector spaces by linear spectral transformation, and a 

component is substituted with a panchromatic band. Then, the fusion 

result is generated by transforming it inversely to the spectral space. 

For example, IHS transform method, which is the basic form of the 

CS-based methods, separates a RGB image into intensity, hue, and 

saturation components. The intensity component represents spatial 

information, and the hue and saturation components represent spectral 

information. The spatial information is estimated by mathematical 
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operations and then injected into the intensity component to enhance 

the image. [Figure 2-1] illustrates the basic IHS transform image 

fusion for multispectral image using histogram matched PAN band 

(Stathaki, 2008). The PCA and GS transform methods are similar to 

the IHS transform method except the transform technique. The PCA 

method calculates the principal components of the multispectral bands, 

and the GS transform method uses Gram-schmidt transformation. The 

PCA and GS transform methods do not have the three band limitation 

as IHS transform method have, but spectral distortions were remained 

in fused results of both methods (Stathaki, 2008; Aiazzi et al., 2009).

[Figure 2-1] Basic IHS transform image fusion process



- 11 -

Since multispectral and panchromatic image bands do not have the 

identical spectral response in current sensor design (Appendix 1), the 

spectral distortion problem arises from dissimilar spectral range of 

input data in CS-based methods. So, various techniques to modulate 

panchromatic band were introduced to reduce the spectral distortion. 

To reduce the effects from the different spectral responses between 

two input images, a modulated panchromatic band, PNM, can be 

defined as the panchromatic band subtracted by a weighted average of 

the multispectral bands, MSk:

  




 (2-1)

where k is the number of multispectral band and N is the total band 

number of multispectral image. The weight, wk, can be estimated 

using the spectral response between multispectral bands and 

panchromatic band or using the regression coefficients between the 

multispectral bands and the degraded panchromatic image. Then, the 

MSk is spatially enhanced by injection of the PNM into the 

multispectral image (Aiazzi et al., 2006; Choi et al., 2011).

The MRA-based fusion methods are known as producing fused 

results with high spectral fidelity with respect to the original 

multispectral image. The MRA-based methods can be divided into 

three steps: multi-resolution decomposition, replacement or addition of 

a high pass approximation of a panchromatic image by that of a 

multispectral image, and inverse multi-resolution transform (Zhang, 

2010). The fundamental principle of the MRA-based methods starts 
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with two subspaces Vj and Wj. A continuous function f(k) can be 

decomposed into Vj and Wj, and j denotes the scale of the subspaces. 

Each subspaces Vj includes the next higher scale of subspace:

⊂⊂⊂⋯⊂⊂⊂⊂⋯ (2-2) 

The projection of f onto Wj yields the wavelet coefficients of f and 

represents the details between two approximations, Vj and Vj+1:

 ⊕ (2-3)

and it can be generalized as:

 ⊕⊕⋯ (2-4)

The subspaces must satisfy the dilation and translation requirements. 

The dilation requirement is that all the re-scaled functions in Vj will 

be in Vj+1, and a shifted version of fj(k) − fj(k−a) must also be in 

Vj if fj(k) is in Vj for the translation requirement. Here, the k is the 

number of band and the a is a shifting number. The approximations 

of the function fj(k) on each subspace Vj are defined by a scaling 

function Φ(k), and the scaling function Φ(k)ja is generated by the 

dilations and translations of Φ(k):

  
 (2-5) 
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The details, the subspace Wj, can be taken by the difference between 

two approximations fj(k) and fj+1(k) or by decomposing the function 

f(k) on the wavelet function -Ψ(k). The wavelet function for each 

subspace Vj is defined by:

  
 (2-6) 

The MRA-based methods are not restricted to the continuous 

functions f(k), but can be extended to discrete functions. The 

Laplacian Pyramid, ‘a trous wavelet transform, and discrete wavelet 

transform are few examples of transform based on multiresolution 

analysis using different approaches (Aiazzi et al, 2002; Stathaki, 

2008). Aiazzi et al. (2002 and 2009) proposed the MRA-based 

method with Gaussian filter and injection model for the correct 

extraction of spatial details.

2.2 Spectral-unmixing-based Image Fusion Methods

Spectral unmixing is the procedure by which the measured spectrum 

of a mixed pixel is decomposed into a collection of constituent 

spectra, or endmembers, and a set of corresponding fractions, or 

abundances, that indicate the proportion of each endmember present in 

the pixel (Keshava, 2003). For the spectral unmixing, the linear model 

is generally recognized as an acceptable model for many real-world 

scenarios even though it is not always true such as the collected 

conditions with strong non-linearity. Let HSki denotes the matrix 
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containing digital numbers of hyperspectral images at spectral band k 

and pixel i, and it represents HSk = [HS1i, HS2i, HSki, … , HSBNi]
T ∊ 

ℝBN, where BN is the total band number of HS. The linear spectral 

mixing model is defined by:

 
 



 (2-7) 

where each se ∊ ℝBN is an endmember spectrum vector, and EN is 

the total number of endmembers. se has the spectral information of 

the specific material e in entire bands, and aei denotes the ratio of 

material e at pixel i. The abundance vector at pixel i is described by 

ai = [a1i, a2i, aei, … , aENi] ∊ ℝEN, and υi ∊ ℝBN is noise. The 

hyperspectral image, HS, can be also defined by an endmember 

matrix and the abundance maps:

 (2-8) 

where S = [s1, s2, se, … , sEN] ∊ ℝBN×EN is the endmember matrix 

and A = [a1, a2, ai, … , aPN] ∊ ℝEN×PN is the abundance maps 

matrix. Here, PN is the total number of pixels in an image. With the 

ability to provide spectral information of materials in a pixel, the 

spectral unmixing was used in many hyperspectral image processing 

techniques. It can be used for image fusion with the sensor model.

The sensor model presents the relationship of a hyperspectral image 

with higher spectral resolution, HS, a multispectral image with higher 

spatial resolution, MS, and a fused image of high spectral resolution 
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and high spatial resolution, FIM:

   (2-9) 

   (2-10)

P is the spatial spread transform matrix and represents the transform 

of the point spread function (PSF) from HS to MS. R is the spectral 

response transform matrix and represents the transform of the spectral 

response function from the MS to the HS. Es and Er are the residuals 

(Yokoya et al., 2012). These equations can be related with the 

equation (2-8), considering HS of the equation (2-8) as MS and HS 

on the equation (2-11) and (2-12), and the fused image, FIM having 

high spectral resolution and high spatial resolution can be produced 

by the equation (2-13) as following:

≈ (2-11) 

≈ (2-12) 

   (2-13)

In this assumption, an image of low spatial resolution can be spatially 

enhanced with the endmember spectra from high spectral resolution 

image, Sms, and the abundance maps from high spatial resolution 

image, Ahs. Recently introduced unmixing-based fusion algorithm for 

hyperspectral and multispectral images is CNMF, which iteratively 

unmixes them to improve the quality of the endmember spectral 

matrix and the abundance maps matrix (Yokoya et al, 2012). 
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Bendoumi et al. (2012) attempted to decrease the error from the 

linear unmixing calculation by the reduction of iteration number.
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3. Block-based Image Fusion Algorithm 
with Simulated Band Generation

In this study, the image fusion algorithm is suggested to enhance 

the spatial resolution and minimize the spectral distortion for 

hyperspectral image. The algorithm is focused on the use of 

individual bands in multispectral image and the addition of a 

simulated band containing the spectral information that does not exist 

in multispectral image to enhance the spatial resolution of 

hyperspectral image. In addition to that, a simulated band with higher 

spatial resolution as multispectral bands have and spectral information 

extracted from hyperspectral bands was generated based on unmixing 

method.

The algorithm is divided into two parts. The first part is the 

generation of synthetic band to reduce the spectral distortion in the 

wavelength regions of hyperspectral image that do not overlap with 

those of multispectral image. The second part is the association of 

bands into blocks based on correlation of spectral information between 

hyperspectral and multispectral information to preserve both the 

spectral information of hyperspectral image and the spatial information 

of multispectral image, and then the fusion process is performed. The 

entire process of suggested algorithm is shown on [Figure 3-1].
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[Figure 3-1] Flowchart of proposed method 
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3.1 Generation of Simulated Band for Multispectral 

Image

For the fusion using images with partially different wavelength 

range, this algorithm performs the band simulation for the spectral 

information of multispectral image that does not coincide with 

hyperspectral image. So, a simulated band with spatial details from 

multispectral bands and spectral information from hyperspectral bands 

in the dissimilar wavelength range was generated based on a 

spectral-unmixing-based simulation, and the spectral distortion occurred 

in the process of the spectral-unmixing-based simulation was reduced 

by the given SDC. Then, a new multispectral band was created with 

the corrected band image.

3.1.1 Spectral-unmixing-based Simulation

A simulated band was generated by the combination of the 

endmember spectra from the particular wavelength region of 

hyperspectral bands and the abundance maps from multispectral image. 

Spectral unmixing decomposes the measured spectrum of a mixed 

pixel into a collection of constituent spectra, called endmembers, and 

create abundance maps for individual endmembers, which are sets of 

corresponding fractions indicating the proportion of each endmember 

present in a pixel (Keshava, 2003). Using this spectral unmixing 

technique, hyperspectral endmember spectra and abundance maps can 
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estimate the multispectral endmember spectra even though the spectral 

range of high-spatial-resolution multispectral image bands does not 

coincide with that of hyperspectral image bands. Therefore, the 

proposed algorithm adopted recently introduced spectral unmixing 

procedure, which is CNMF, for the decent estimation of endmember 

spectra from hyperspectral image and abundance map from 

multispectral image (Yokoya, 2012).

The CNMF method alternately unmixes hyperspectral image, HS, 

and multispectral image, MS, to estimate endmember spectra and 

abundance maps iteratively by NMF (nonnegative matrix factorization) 

using multiplicative update rules as follows (Liu, 2011):

 
  

  (3-1)

   
 

  (3-2)

  
 

  (3-3) 

   
 

  (3-4)

And the endmember spectra of HS, Sms and the abundance map of 

MS, Ahs can be estimated by the spatial spread transform matrix P 

and the spectral response transform matrix R as shown on the 

equation (2-11) and (2-12) in chapter 2.2.

The CNMF algorithm is divided into three steps consisting NMF 

procedure, and each step has an initialization phase and an 

optimization phase. For the first step, an initial endmember matrix is 

extracted by vertex component analysis (VCA) from hyperspectral 

image and is updated by (3-2) in the initialization phase. And then, 
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Shs and Ahs are updated by (3-1) and (3-2) using hyperspectral image 

matrix, HS, until the next convergence in the optimization phase. For 

the second step, Sms is initialized by (2-10), and Ams is updated by 

(3-4) in the initialization phase using multispectral image matrix, MS. 

Next, Sms and Ams are alternately updated by (3-3) and (3-4) until 

next convergence in the optimization phase. As the initialization phase 

of the third step of CNMF algorithm, Ahs is initialized by (2-9), Shs is 

updated by (3-1). In the optimization phase, and Shs and Ahs updated 

by (3-1) and (3-2) using hyperspectral image matrix, HS, again. After 

second and third steps are repeated until the convergence, abundance 

map, Ams, is estimated from the last iteration of the second step, and 

endmember spectra, Shs, is estimated from the last iteration of the 

third step for the generation of fusion result. Temporally fused image, 

TFIM, is produced with the estimated endmember spectra, Shs, and 

abundance maps, Ams, as the equation (2-13). To generate simulated 

band for a dissimilar wavelength range between HS and MS, the 

bands in the dissimilar wavelength range are selected from TFIM and 

averaged:

 







 (3-5)

where hb and mb are the total number of band in HS and MS and 

 . Here, only one simulated band was created to increase 

the spectral quality of the fused bands in missing wavelength range of 

multispectral image (Matsuoka et al., 2013). Then, the simulated band, 

TMS, is generated at last.
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For the CNMF technique, the iteration number is empirically set as 

Iin = 300 and Iout = 5 to use loose constraint for the both image sets 

because it is an challenging issue to estimate the relationship of 

hyperspectral and multispectral sensors because S and R contains 

errors in the case of data set using different sensors (Yokoya et al., 

2012). The thresholds for the convergence condition are set to 0.0001, 

and the number of endmember is empirically set to 40.

3.1.2 Spectral Adjustment of Simulated Band

Because the spectral-unmixing-based simulation generates the 

simulated band depending on the endmembers, it may cause high 

spectral distortion on particular materials in the image which is not 

able to represent by the endmember spectra (Sylla et al., in press). 

As shown on [Figure 3-2], the simulated band in image (c) presented 

the high spectral distortions on the dark-green roof, comparing to the 

NIR band generated from original CASI bands in corresponding 

wavelength range on [Figure 3-2] (a). Some minor spectral distortions 

also occurred on the area around the small building with blue rooftop. 

So, the simulated band is adjusted by SDC to reduce the spectral 

distortion caused by spectral-unmixing-based simulation step on the 

simulated image band.

The simulated band, TMS, is spectrally adjusted through the 

subtraction of the SDC was defined by

   (3-6)
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where SDC is given by a difference between the simulated band, 

TMS’, and the hyperspectral bands, HS:

  ′  







 (3-7) 

Here, the spatial resolution of the simulated band, TMS, was degraded 

to the spatial resolution of hyperspectral band by Gaussian filter to 

estimate TMS’, fn is the first number of the selected band for 

simulated band, and hb is the total band number of HS. The SDC 

was determined by the means of bands in TMS’ and bands in the 

hyperspectral image, HS, in wavelength range where spectral 

dissimilarity occurs. Image (d) in [Figure 3-2] displays an example of 

adjustment of simulated band. The reflectance values of dark-green 

roofs and the area around the blue rooftop were corrected by the 

SDC. [Table 1] also presents the statistical improvement of the band 

after processing with the SDC. Cross correlation coefficient (CC) and 

spectral angle mapper (SAM) will be discussed in chapter 3.3.
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(a) (b)

(c) (d)

[Figure 3-2] Multispectral band 4 of the real image set from scene 3 

(a) Original CASI image  (b) RGB display of corresponding region  

(c) Simulated band by spectral-unmixing-based simulation  (d) 

Adjusted simulated band by the SDC
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Estimated band 

by CNMF

Adjusted band 

by SDC

CC
0.698 0.801 

(ideal=1)

SAM
0.288 0.243 

(ideal=0)

[Table 3-1] Statistical measurement of Band 4 

in the real image set from scene 3

The simulated band, SMS added to the original bands of 

multispectral image to create a new multispectral image, MS, to be 

used to improve the result of fusion for hyperspectral image bands 

and multispectral image bands where spectral dissimilarity presents. 

An example of newly created multispectral image is presented on 

[Figure 3-3] (b), which have similar spectral characteristics with the 

original CASI image on [Figure 3-3] (a).
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(a) (b) 

[Figure 3-3] Color composition of multispectral band 4/3/2 in RGB 

channels for the real image set from scene 2  (a) Original CASI 

image  (b) New multispectral image
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3.2 Block-based Image Fusion

3.2.1 Generation of Band Blocks by Band Association

This study adapted the multiple bands in multispectral image instead 

of single band from panchromatic image or a band generated from a 

number of bands in multispectral image for enhancing the spatial 

resolution of hyperspectral image. It is based on the association of 

each band of the hyperspectral image and a single band of the 

multispectral image, so each association, called a block, will contain a 

number of bands in the hyperspectral image and a band in the 

multispectral image. The relationship between hyperspectral bands and 

multispectral bands is determined by the highest correlation between 

them. The multispectral bands with high spatial resolution is degraded 

to the spatial resolution of the hyperspectral bands, and the individual 

bands of the hyperspectral image and each band of the multispectral 

image are paired by estimating cross correlation. The cross correlation 

coefficient, denoted by CC, is the ratio of covariance between two 

images to the product of their standard deviations (Mitchell, 2010):

 


 




 






 




 







 




 







(3-8)

where HB is a hyperspectral band and MB is a band from the new 

multispectral image generated in the previous chapter. The col and 

row are the total number of pixels in a column and a row, 
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respectively, in a single band of images. A cc value of +1 describes 

a perfect relationship between the brightness values in band HB and 

MB, and a cc value of -1 describes a perfectly inversed relationship 

between HB and MB. A cc value of 0 indicates that there is no 

linear relationship between two bands. And a high cross correlation 

coefficient between HB and MB suggests substantial redundancy in the 

information content among these bands (Jensen, 2005; Sylla et al., in 

press). So, cc values in all the possible combinations of HS and MS 

bands are calculated to generate a matrix CC:













   ⋯ 

   ⋯ 

   ⋯ 

⋮ ⋮ ⋮ ⋱ ⋮
  ⋯

(3-9)

where hb is the total band number of hyperspectral image and mb is 

the total band number of multispectral image. The highest cc in the 

matrix CC can determine the best band pairs between band k in HS 

and band l in MS to create band blocks.

However, there is one consideration in this procedure. [Table 3-2] 

presents the hyperspectral bands 41 and 42 in the wavelength range 

of 693.5 – 707.9 nm (Appendix 2) have slightly higher cc values 

with the multispectral band 2 (green) comparing to band 3 (red). As 

more vegetation covers an image, the hyperspectral bands in 680-750 

nm with red band tend to have similar cc values with green band, 
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and it is because of the vegetation reflectance crossovers at 680-750 

nm as shown on the graph in [Figure 3-5]. Therefore, some 

hyperspectral bands in this wavelength range can have higher cc 

values with green band as the hyperspectral bands 41 and 42 on 

[Table 3-2]. However, these band associations present low spectral 

similarity on urban objects. For example, the image (a) of [Figure 3-

4] illustrates hyperspectral band 41 and 42. Comparing to the 

multispectral band 2 on image (b), they have lower spectral 

correlation on some building roofs and artificial structures, but the 

multispectral band 3 on image (c) presents higher spectral correlation 

with the hyperspectral band 41 and 42. These bands can create low 

number of hyperspectral bands in inconsecutive order of multispectral 

bands in band blocks and can cause spectral distortion on other area 

excluding vegetation area, such as urban objects. Therefore, the 

hyperspectral bands in 680 - 750 nm region are paired with the 

multispectral band having the second maximum cc values if the 

relevant band block has less than five hyperspectral bands and the 

multispectral band in inconsecutive order as [Table 3-2].
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(a) Hyperspectral band 41 and 42

improper paring modified paring

(b) Multispectral band 2 (c) Multispectral band 3

[Figure 3-4] Example of modified pairing 

of hyperspectral bands and a multispectral band
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[Figure 3-5] Spectral reflectance curves for different land covers 

(Jensen, 2005)

Multispectral band #

1 2 3 4

Hyperspectral 

band #

⦙　 ⦙ ⦙ ⦙ ⦙　

36 0.867 0.922 0.965 -0.006 

37 0.866 0.919 0.964 -0.010 

38 0.863 0.917 0.964 -0.008 

39 0.858 0.916 0.964 0.002 

40 0.828 0.920 0.945 0.184 

41 0.756 0.883 0.880 0.386 

42 0.636 0.795 0.762 0.586 

43 0.485 0.666 0.606 0.748 

44 0.333 0.525 0.445 0.855 

45 0.197 0.392 0.297 0.919 

46 0.085 0.279 0.174 0.951 

⦙　 ⦙ ⦙ ⦙ ⦙　

[Table 3-2] Example of cc values between hyperspectral bands 

and multispectral bands from the actual data set of scene 1
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3.2.2 Injection of High Frequency Approximation

The presented algorithm extracts the high frequency approximation 

and injects it based on the MRA method presented in Chapter 2. The 

high frequency approximation, HF, was defined by

  (3-10)

where l is the number of multispectral band for block b. The 

low-pass filtered multispectral band l, MSLowl, is estimated by means 

of the modulation transfer function (MTF) of each band in the MSl.

 









∙




 (3-11)

The hyperspectral image bands in block b, HSb, is adjusted using the 

injection model, pb, that comes from the covariance of HSb and 

MSLowb over the variance of MSLowb to modulate the high frequency 

approximation (Aiazzi, 2009). Finally, the fused result of spatially 

enhanced hyperspectral image, FIM, is produced.
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3.3 Statistical Measurements for Quality Analysis

The ideal result of the image fusion for a hyperspectral image is to 

preserve the spatial information from the multispectral image and to 

minimize the spectral distortion occurrence during the fusion process. 

This study evaluated those quality of fused result from proposed 

algorithm comparing with those of existing algorithms, and the 

statistical measurement selected for this study are CC, SAM, average 

gradient (AG), and high-pass cross-correlation coefficient (HCC).

For the spectral and spatial quality analysis of fused image, root 

mean square error (RMSE) is a typical way to compare absolute pixel 

values with corresponding reference pixel values, but it was not used 

in this study due to its sensitivity of data collection conditions. The 

CC presents the correlation between the original and the fused image 

and allows evaluating the closeness of the fused image to the 

reference image. The CC of between images of band λ, ccλ, is 

defined by the equation (3-12), where FIM is the final image of 

image fusion result, REF is the reference image, and npx is the total 

of pixel number in a band of image. The equation (3-13) calculates 

the global CC of entire bands in a fused image. The CC usually 

close to 1 between the images are capture by the same sensor, and it 

is strong for any changes in illumination, which may be approximated 

with a linear transformation. Thus, the CC is more robust to changes 

of illumination than the RMSE (Mitchell, 2010).
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 (3-13)

SAM is well-known as a suitable index to characterize multispectral 

images. It represents the absolute value of the spectral angle between 

the two spectra, which are transformed into vectors. It is defined by

 arccos║║∙║║
    (3-14)

where VFIM denotes the generic pixel vector element of FIM and 

VREF denotes the generic pixel vector element of REF. SAM is 

usually expressed in degrees. It is insensitivity on illumination because 

it uses the vector direction not the vector length. It gets closer to 

zero as FIM and REF are similar (Stathaki, 2008).

For the spatial quality evaluation, AG index calculates the difference 

between each of pixels in an image as:
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(3-15)
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where ∆
  and ∆

  are the edge information of x coordinate 

direction and y coordinate direction in band λ of a fused image, and 

describe more edge information in pixels as the AG index increases 

(Dou et al., 2007; Choi, 2011). The high-pass correlation coefficient 

(HCC) represents the global tendency of edge information between a 

fused image and a reference image. A HP filter with a 3×3 laplacian 

kernel is applied to the multispectral bands and each band of the 

fused results, first. And then CC between the HP filtered multispectral 

bands and the HP filtered fused bands are calculated by the equation 

(3-12) switching FIM and REF to HP filtered FIM and REF, 

respectively (Zhou et al., 1998; Ehlers et al., 2010).
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4. Results

4.1 Data

4.1.1 CASI Hyperspectral Image

The algorithm proposed in this study is for the fusion of 

hyperspectral image with a multispectral image to improve its spatial 

quality, but current operating satellite systems do not provide both 

hyperspectral and multispectral data. So, there is a limitation to obtain 

test data to evaluate the proposed algorithm. Previous studies related 

to hyperspectral fusion methods used the Hyperion data or airborne 

hyperspectral image with multispectral satellite images and the 

simulated data set generated from the airborne hyperspectral image 

(Pande et al., 2009; Zhang et al., 2009; Bendoumi et al., 2012). 

Because the data from different sensors will increase the distortion in 

fusion results, the proposed algorithm was tested on the airborne 

hyperspectral images with different spatial and spectral resolution, 

collected by the Compact Airborne Spectrographic Imager (CASI). 

The CASI developed by ITRES Research Ltd. of Canada is a 

visible and near infrared (VNIR) pushbroom imaging spectrometer 

with spectrum from 380 to 1050 nm. It provides spectral 

programmability to select the number of spectral bands and band 

widths for the user’s specifications and requirements. Its ground 

sampling distance (GSD) range is from 0.25 m to 1.5 m, the highest 

spectral resolution is less than 3.5 nm at full width at half maximum 

(FWHM) (ITRES, 2011). The CASI image was collected over the 

Gangnae-myeon, Cheongwon-gun, Chungcheongbuk-do, Korea, at the 
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altitude of 750 m on 2013/06/22 (Choi et al., 2013b). The CASI 

images were taken in two different modes for the practical use in 

fusion study. The time interval was less than ten minutes, and each 

mode represents hyperspectral image with low-spatial-resolution and 

multispectral image with high-spatial- resolution respectively as [Table 

4-1]. The radiance values of the collected CASI images are converted 

to reflectance on a percentage scale.

CASI  Mode Band #
Spectral Res.

(nm @ FWHM)
GSD (m)

Mode 1 96 7.2 1.5

Mode 2 48 3.6 0.5

[Table 4-1] CASI hyperspectral data specification

From the airborne CASI hyperspectral Data, three scenes containing 

various surface materials were selected to analyze the applicability of 

hyperspectral data on diverse sites. The first scene was the Yeonggot 

Village where is at the southwest from Cheoungjoo-si, consisting of 

rural houses and roads with paddies, fields, and small forests. The 

second scene contained bare ground, vegetation, vinyl houses, and 

some farm houses near the Yeonggot Village. The test fields was also 

installed in this scene and had different materials with diverse 

substances (Appendix 3). The third scene had industrial buildings of 

the Songjung Chemistry, located at northeast from Yeonggot Village. 

These scenes are shown on [Figure 4-1].
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(a) (b)

(c)

[Figure 4-1] Three selected scenes of CASI data

(a) scene 1  (b) scene 2  (c) scene 3
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4.1.2 Preprocessing

The performance of chosen algorithm does not only affect the 

quality of fused image. There are many other conditions to consider, 

such as the acquisition time and the sensors types (Cetin et al., 

2009), and a proper image registration is required for most kind of 

image fusion methods (Hsu et al, 2003). Typical hyperspectral 

satellites provide registered hyperspectral image and high spatial 

resolution image. However, image-registration must be performed in 

preprocessing step if the coordinates of the two images are not 

exactly matched. Since the CASI data in two different modes were 

collected at different time and sensor position, image-registration was 

performed in mode 1 and 2. The bands contained error caused by 

sensors during the collecting process were removed from both images, 

and [Table A-2] and [Table A-3] present the selected bands of two 

images with their wavelength ranges. The empirical calibration 

between two images was also executed to reduce the effects from 

radiometric errors and variations occurred from collecting process of 

images.

4.1.3 Test Data Sets

With the collected two CASI data in individual scenes, two image 

sets were simulated into a synthetically degraded data set and actual 

data sets after preprocessing, and each data set contained both 

hyperspectral and multispectral data. For the synthetic data sets, the 
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CASI image collected in mode 1 served as the truth data for the 

statistical evaluation of fused results and was downsampled sixfold by 

gaussian point spread function (PSF) with full-width at half maximum 

to generate low-spatial-resolution hyperspectral data (Yokoya et al., 

2012). The multispectral data with high spatial resolution and 

low-spectral- resolution in the synthetic data sets was created by 

downsampling threefold by Gaussian PSF using the CASI image 

collected in mode 2. And the downsampled CASI image was 

spectrally degraded with uniform spectral response functions 

corresponding to Landsat Thematic Mapper (TM) bands 1 to 3 

(Eismann et al., 2005). Because the spectral range of CASI image is 

limited to 1050 nm, only 1 to 3 bands, which coincide with RGB 

spectra, having wavelength range from 450 to 694, were created so 

that the hyperspectral and multispectral data have different wavelength 

range. [Table A-3] in Appendix 2 presents the selected CASI bands 

in mode 2 for the multispectral bands. For the actual data sets, only 

the CASI image in mode 2 was spectrally simulated into TM band 1 

to 3 in same procedure with the synthetic data sets. The specification 

of the simulated images is presented in [Table 4-2].

Data Set Band # Wavelength (nm) GSD (m)

Synthetic 

Data Sets

Hyperspectral 90 406 - 1052 9

Multispectral 3 450 - 694 1.5

Truth 90 406 - 1052 1.5

Actual 

Data Set

Hyperspectral 90 406 - 1052 1.5

Multispectral 3 450 - 694 0.5

[Table 4-2] Test data specification
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4.2 Performance Evaluation

The proposed algorithm was composed by MATLAB program, and 

its quality was evaluated with two data sets demonstrated in section 

4.1.3. The synthetic data sets provided the reference data having equal 

spatial and spectral resolution with a fused result, and the actual data 

was used to illustrate the capability of the proposed algorithm on an 

actual image set. The data sets selected from three various sites were 

analyzed for the efficiency of fusion algorithms on diverse substances. 

The performance of fusion algorithm is difficult to evaluate 

objectively because the standardized or universal acceptance of 

evaluation process for fused images is not currently available (Cetin et 

al., 2009; Kotwal and Chaudhuri, 2013), and it is also difficult to 

measure the performance of fused images only by visual analysis. 

Therefore, the visual comparisons and statistical measures should be 

analyzed in combination in order to increase the ability to evaluate 

the fused images (Acerbi-Junior et al., 2006), and the quality of the 

fusion results by the proposed algorithm was also evaluated visually 

and statistically in this section for more comprehensive and objective 

evaluation.

The original MRA-based fusion and CNMF were performed and 

compared with the proposed algorithm in this section, also. The MRA 

and block-based fusion denote the original MRA-based fusion and the 

proposed block-based image fusion algorithm, respectively, and CNMF 

denotes the CNMF algorithm, which is the recently proposed 

spectral-unmixing-based image fusion method (Yokoya, 2012).
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4.2.1 Visual Interpretation

For visual interpretation, the synthetic data sets was compared with 

the reference data in [Table 4-2], and the actual data sets was 

compared with the original hyperspectral data for spectral information 

and the original multispectral data for spatial details. Presented images 

were all displayed by ENVI 4.5 program with 2% linear stretching or 

interactive stretching tool to match the RGB scales.

1) Synthetic Data Sets

The results of three fusion algorithms using the synthetic data sets 

were visually compared with the reference, which is presented in 

[Table 4-2]. The four column images of [Figure 4-2] and [Figure 4-4] 

show the comparison of reference data and three fused results in 

different band composition and difference maps. The difference maps 

display individual band of fused results subtracted by a corresponding 

band of reference image and present the difference between the 

reference bands and the fused result band. Here, the white pixels 

mean the area where spectral and spatial quality is relatively poor 

than other areas. 

The image (a) on [Figure 4-2] presents high spectral distortion on 

CNMF result and the low spatial quality of MRA result in RGB 

wavelength region. It can be also interpretable by the zoomed image 

on [Figure 4-3]. The MRA failed to describe the dark red sidewalk 

beside the traffic street and some roof tops on [Figure 4-3] (b). And 
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the CNMF presents some spectral distortions on few roof tops on 

[Figure 4-3] (c). The block-based fusion presented the closest spatial 

and spectral quality of the reference image. 

The image (c) on [Figure 4-2] presents the spatial and spectral 

characteristics of 85/65/45 bands in NIR wavelength region. In [Figure 

4-2] (a) and (c), the spatial quality of MRA differs between RGB 

bands, and NIR bands; the spatial details of MRA are not improved 

in NIR bands as much as its spatial details in RGB bands. The 

difference maps of band 65 show that the difference scale from the 

reference band is relatively low on the block-based fusion result with 

less white pixels. It demonstrates low spatial enhancement and spectral 

distortion on the block-based fusion result in band 65, which is a 

band in NIR wavelength range.

The synthetic data set collected in scene 3 on [Figure 4-4] also 

displays similar tendency. The difference maps of both RGB and NIR 

bands show less difference from reference band on the block-based 

fusion result as shown on [Figure 4-4] (b) and (d). The zoomed 

images in composition of 85/65/45 bands in NIR wavelength range 

are shown on [Figure 4-5]. The MRA could not successfully enhance 

the spatial details, and the CNMF over-estimated the spatial details 

and presented more spectral distortion than other algorithms. Although 

the block-based fusion caused a small amount of blurring and more 

black colors on the building area, it presented better spectral and 

spatial quality comparing to MRA and CNMF.
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Reference MRA CNMF
Block-based 

Fusion

(a)

(b)

(c)

(d)

[Figure 4-2] Reference and fused results of the synthetic data set 

from scene 1, displayed in (a) color composite of band 33/21/7 

(b) difference maps of band 21 (c) color composite of band 85/65/45 

(d) difference maps of band 65
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(a) Reference (b) MRA

(c) CNMF (d) Block-based Fusion

[Figure 4-3] Zoomed reference and fused results of the synthetic data 

set from scene 1 with color composite of band 33/21/7 of

(a) Reference (b) MRA (c) CNMF (d) Block-based Fusion
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Reference MRA CNMF
Block-based 

Fusion

(a)

(b)

(c)

(d)

[Figure 4-4] Reference and fused results of the synthetic data set 

from scene 3, displayed in (a) color composite of band 33/21/7 

(b) difference maps of band 33 (c) color composite of band 85/65/45 

(d) difference maps of band 65
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(a) Reference (b) MRA

(c) CNMF (d) Block-based Fusion

[Figure 4-5] Zoomed reference and fused results of the synthetic data 

set from scene 3 with color composite of band 85/65/45 of

(a) Reference (b) MRA (c) CNMF (d) Block-based Fusion
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2) Actual Data Sets

The actual data sets were compared with the input hyperspectral 

image bands because the truth data did not exist for the actual data 

sets. In the RGB bands, the spatial performance of each methods can 

be interpreted by two camouflage nets installed in scene 1 (Choi et 

al., 2013b). On [Figure 4-6],  the MRA presents blurring effect at the 

edge of two 4.5m × 4.5m camouflage nets, so they were close to a 

circle shape. The shape for smaller brown camouflage net in size of 

1.5m × 1.5m does not displayed on the MRA result. But, CNMF and 

block-based fusion results successfully described the small brown 

camouflage net and presents the edges of two 4.5m × 4.5m 

camouflage nets distinctly. Both the CNMF and the proposed 

algorithm enhance the spatial details, but the CNMF causes some 

spectral distortion as seen on a small pink roof in image (c). The 

input hyperspectral image displays this roof in yellow, and MRA and 

the block-based fusion presents that of similar color in image (b) and 

(d). 

The bands in NIR range display worse spectral distortion of CNMF 

distinctly on the test fields in [Figure 4-7]. In the [Figure 4-7], spatial 

details of vegetated area and bare ground area on image (b) are 

similar with the input hyperspectral image. Spatial quality of the 

MRA result is not enhanced in NIR bands as much as its 

performance in RGB bands. The spatial details in the bare ground 

area are enhanced on the CNMF result, but its spatial details of trees 

on the vegetated area are clustered without shadows around the trees 

by overestimating spatial information. The block-based fusion result 



- 49 -

shows natural shape of trees with shadows around them and 

sharpened bare ground details.

(a) Input Hyperspectral Image (b) MRA

(c) CNMF (d) Block-based Fusion

[Figure 4-6] Zoomed images 1 of the actual data set from scene 1 

with color composite of band 33/21/7
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(a) Input Hyperspectral Image (b) MRA

(c) CNMF (d) Block-based Fusion

[Figure 4-7] Zoomed images 2 of the actual data set from scene 2 

with color composite of band 85/65/45
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4.2.2 Statistical Analysis

The statistical parameters of fusion results are calculated in different 

approaches for each of synthetic and actual data sets. For the 

synthetic data sets, the truth data with 90 bands and GSD of 1.5m in 

[Table 4-2] is used as reference of CC, SAM, and HCC calculation. 

In case of the actual data sets, because the reference was not 

available, the input hyperspectral data with 90 bands and GSD of 

1.5m was used as the reference of CC and SAM indices, and the 

fused results were all degraded with Gaussian filter to match with the 

spatial resolution of reference. With this procedure, the CC and SAM 

values of fused results for the actual data set are measured 

approximately. The HCC index for the actual data set is estimated 

with the original CASI data taken in mode 2 on [Table 4-1] to 

analyze the spatial quality of fusion results.

1) Synthetic data sets

[Table 4-3] reports the statistical indices that have been evaluated in 

three scenes, and the CC and SAM values are also presented in the 

graph of [Figure 4-8] and [Figure 4-9] to analyze the performance on 

individual bands of spatially enhanced hyperspectral images. The 

proposed algorithm outperformed in terms of CC and SAM values, 

representing spectral and spatial quality of fused results are close to 

the reference data. The block-based fusion in three scenes had the 

highest AG values among three algorithms. The MRA resulted low 
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performance in spatial details, indicating worse HCC and AG values 

than those of other methods in [Table 4-3]. CNMF fusion results had 

the highest HCC values because the CNMF was processed in the 

original data space based on unmixing, improving the spatial 

resolution in entire spectral regions (Yokoya, 2012). The HCC values 

between the block-based fusion and CNMF showed no significant 

difference. The CC and SAM values of the proposed algorithm 

illustrate better performance of spectral quality on fused image 

comparing to the other algorithms.

As seen in [Figure 4-8] and [Figure 4-9], all of the algorithms gets 

worse on CC and SAM values of NIR region, which is from about 

band 42 to band 90. According to the CC and SAM values, the 

CNMF results higher spectral distortion in the band 40-90 at the 

scene 2, and the MRA presents higher spectral and spatial distortion 

at the scene 1 and 3 in the band 40-90 of NIR ranges where the 

wavelength range between hyperspectral and multispectral bands does 

not overlap. And the block-based fusion always have the highest CC 

and the lowest SAM values in the band 40-90. Another considerable 

characteristic of the block-based fusion results is that both CC and 

SAM values showed lower accuracy for the bands at the boundaries 

of band blocks comparing to other bands. For example, SAM values 

at band 19, 31, and 43 in [Figure 4-9] present rapid increases of the 

SAM values. Although the spectral and spatial distortion increases on 

the hyperspectral bands neighboring the hyperspectral bands in 

different band blocks, the overall accuracy of the block-based fusion 

algorithm is conspicuously improved on almost all the bands, even on 

band 1-40 where the wavelength ranges between hyperspectral and 
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multispectral bands overlaps.

Image Methods　
CC

(ideal = 1)
SAM

(ideal = 0)
HCC

(ideal = 1)
AG

(ideal = ∞)

Scene 
1

MRA 0.880 13.612  0.157  68.670  

CNMF 0.888 13.509  0.307  176.835  

Block-based

Fusion 0.944 9.790 0.300 179.421 

Scene 
2

MRA 0.946 10.247  0.124  216.564  

CNMF 0.772 19.107  0.226  306.036  

Block-based

Fusion 0.967 8.226 0.197 310.905

Scene 
3

MRA 0.897 13.851  0.154  62.779  

CNMF 0.850 16.929  0.291  147.424  

Block-based

Fusion 0.943 10.986 0.280 152.372 

[Table 4-3] Statistic parameters for the fusion results

of the synthetic data sets in three scenes
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Cross Correlation Coefficient (CC)  (ideal = 1)

(a)

(b)

(c)

[Figure 4-8] Comparisons of CCs in individual bands for the 

(a) scene 1, (b) scene 2, and (c) scene 3 of the synthetic data sets
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Spectral Angle Mapper (SAM)  (ideal = 0)

(a)

(b)

(c)

[Figure 4-9] Comparisons of SAMs in individual bands for the 

(a) scene 1, (b) scene 2, and (c) scene 3 of the synthetic data sets
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2) Actual data sets

Since the actual data sets do not have the reference containing 

identical spatial and spectral resolution with fused results, CC, SAM, 

and HCC values approximately evaluate the performance of degraded 

fused results with the reference, meaning less reliable accuracy 

evaluation than the synthetic data sets. The low CC values and low 

SAM values of MRA in [Table 4-4] prove this. The CC and SAM 

values for MRA are all increased comparing to the synthetic data set 

because the fused results are spatially degraded as stated in the 

beginning of section 4.2.1. So, the CC and SAM values cannot 

measure the spatial details of small objects in the scenes, in case of 

the actual data sets. Although the statistical indices are approximately 

measured, the CC and SAM values presents considerable spectral 

quality of fused results. In [Table 4-4], spectral quality of the 

block-based fusion results is relatively better than MRA and CNMF. 

The spatial quality of the block-based fusion and CNMF is similar 

since the CNMF algorithm performed effective spatial enhancement by 

unmixing process in the original data space.

The proposed algorithm outperforms on both spectral range of band 

1-40 in RGB and band 41-90 in NIR although the detailed difference 

of individual bands does not appear on the graphs in [Figure 4-10] 

and [Figure 4-11]. The spatial quality of CNMF is better than the 

MRA but cannot preserve the spectral quality of original hyperspectral 

bands, especially at band 40-90, as seen on the graphs in [Figure 4-

10] and [Figure 4-11].
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Image Methods　
CC

(ideal = 1)
SAM

(ideal = 0)
HCC

(ideal = 1)
AG

(ideal = ∞)

Scene 
1

MRA 0.986 5.555 0.617 99.833 

CNMF 0.883 14.454  0.864  143.651  

Block-based

Fusion 0.990 4.878 0.795 190.881 

Scene 
2

MRA 0.996 2.991 0.692 176.341 

CNMF 0.789 18.568  0.817  227.879  

Block-based

Fusion 0.998 2.413 0.794 263.983 

Scene 
3

MRA 0.991 4.721 0.665 78.528 

CNMF 0.855 17.286  0.831  109.361  

Block-based

Fusion 0.994 3.909 0.793 142.579 

[Table 4-4] Statistic parameters for the fusion results 

of the actual data sets in three scenes
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Cross Correlation Coefficient (CC)  (ideal = 1)

(a)

(b)

(c)

[Figure 4-10] Comparisons of CCs in individual bands for the 

(a) scene 1, (b) scene 2, and (c) scene 3 of the actual data sets
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Spectral Angle Mapper (SAM)  (ideal = 0)

(a)

(b)

(c)

[Figure 4-11] Comparisons of SAMs in individual bands for the 

(a) scene 1, (b) scene 2, and (c) scene 3 of the actual data set
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5. Conclusion

Many processing techniques and applications using hyperspectral data 

have been developing due to its abundant spectral information, but its 

low spatial resolution limits its application in diverse areas including 

complex and dense objects. The image fusion is the way to solve this 

limitation of hyperspectral images. Therefore, the block-based image 

fusion algorithm with band simulation was introduced in this study.  

It was to enhance the spatial quality and preserve the spectral 

characteristics of a hyperspectral image using a multispectral image, 

which has higher spatial resolution and different spectral range from 

the hyperspectral image, as a preliminary study for future satellite 

system. The proposed algorithm generated a simulated band to reduce 

the spectral distortion occurring in hyperspectral bands where the 

spectral range does not coincide with multispectral bands providing 

high spatial information, and the simulated band was adjusted by the 

estimated SDC. In addition to that, the blocks to associate the bands 

between hyperspectral and multispectral images were generated to 

reduce the effect by different wavelength range between hyperspectral 

and multispectral bands on the fused results, and the high frequency 

information was extracted from the multispectral data based on the 

generated band blocks so that the spectral and spatial distortions were 

minimized.

The proposed block-based fusion algorithm was applied to three 

synthetic and three actual data sets with different wavelength range 

between hyperspectral and multispectral image data. To evaluate the 

proposed algorithm results, visual and statistical evaluations were 
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performed and compared with existing algorithms. The proposed 

algorithm visually produced fused image with better spectral/spatial 

quality than MRA-based method and better spectral quality than 

CNMF method. In the statistical analysis, the HCC indices for the 

proposed algorithm were lower than CNMF fusion results, but the 

proposed algorithm presented the best CC, SAM, and AG indices 

among three methods. The experimental results with the entire data 

sets illustrate that the proposed algorithm is capable for producing 

more spatial details in the fused result with less spectral distortion 

than the other methods.

This study demonstrated that the proposed block-based fusion 

algorithm effectively improved the spatial details and preserved the 

spectral characteristics of hyperspectral data, even if the wavelength 

range of multispectral image did not coincide with that of 

hyperspectral image. For future study, the algorithm will be applied to 

the hyperspectral data consisting short wavelength infrared region as 

well as VNIR regions to enhance its spatial quality in hyperspectral 

bands with multispectral VNIR bands of high-spatial resolution. 

Furthermore, the image fusion of hyperspectral image and 

multispectral image collected from different sensors will be studied.
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Appendix

A.1 Spectral Response Designs of Hyperspectral 

Satellite Imagery and Present/Future Hyperspectral 

Sensors

For the successive image fusion, high spectral resolution images 

need to have independent spectral range, and the individual band in 

high spatial resolution images needs to have the spectral response 

function that only agrees with the corresponding bands in the high 

spectral resolution image. However, existing satellite systems having 

both hyperspectral and multispectral sensors cannot provide the images 

with the ideal spectral response function due to the interaction 

between the incident solar energy and the matters on the earth 

(Thomas, 2008).

In this section, the specifications of Hyperion and HISUI are 

presented. The Hyperion is a hyperspectral sensor installed on EO-1 

satellite, which is currently on operation, and hyperspectral data from 

the Hyperion is widely used. EO-1 satellite is currently offering 

multispectral and hyperspectral images with same spatial resolution 

and panchromatic images with higher spatial resolution as shown on 

[Table A-1]. On the other hand, HISUI, the hyperspectral sensor 

planning to install on ALOS-3, is planning to accompany a 

multispectral data with discontinuous bands and higher spatial 

resolution as shown on [Table A-2] (Iwasaki et al., 2011). 

Multispectral satellite sensors collect the multispectral bands with 
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discontinuous spectral ranges while hyperspectral satellite sensors 

collect continuous spectral information. [Figure A-1] and [Figure A-2] 

are the examples of spectral response function for multispectral bands 

and the first ten hyperspectral bands of the Hyperion hyperspectral 

sensor (Mendenhall et al., 2000; Chi, 2013).

Parameter
EO-1

ALI Hyperion

GSD (m) 30 30

Wavelength Range 

(nm)

430-450

400-2500

Wavelength Sampling Interval:

10 - 11.5nm

220 bands

450-515

525-605

530-690

775-805

845-890

1200-1300

1550-1750

2080-2350

[Table A-1] Specification of ALI and Hyperion
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Parameter

HISUI

Multispectral 

Radiometer

Hyperspectral

Radiometer

GSD (m)
VNIR 5 30

SWIR - 30

Wavelength 

Range 

(nm)

VNIR

450-520
400-970

Wavelength Sampling Interval:

Average 10nm

57 bands

520-600

630-690

780-890

SWIR -

900-2500

Wavelength Sampling Interval:

Average 12.5nm

128 bands

[Table A-2] Specification of HISUI 
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[Figure A-1] Normalized spectral responses 

of VNIR bands of EO-1 sensor

[Figure A-2] Spectral response function 

of the first ten bands of Hyperion



- 75 -

Hyperion  
Band #

Average  
Wavelength 

(nm)

Wavelength  Range 
(nm)

FWHM 
(nm)

Spatial  
Resolution 

(m)

1 409.8  406.2  - 413.4 7.2 1.5

2 417.0 413.4 - 420.6 7.2 1.5

3 424.2 420.6 - 427.8 7.2 1.5

4 431.4 427.8 - 435.0 7.2 1.5

5 438.6 435.0 - 442.2 7.2 1.5

6 445.8 442.2 - 449.4 7.2 1.5

7 453.0 449.4 - 456.6 7.2 1.5

8 460.2 456.6 - 463.8 7.2 1.5

9 467.4 463.8 - 471.0 7.2 1.5

10 474.6 471.0 - 478.2 7.2 1.5

11 481.7 478.1 - 485.3 7.2 1.5

12 488.9 485.3 - 492.5 7.2 1.5

13 496.1 492.5 - 499.7 7.2 1.5

14 503.3 499.7 - 506.9 7.2 1.5

15 510.5 506.9 - 514.1 7.2 1.5

16 517.7 514.1 - 521.3 7.2 1.5

17 524.9 521.3 - 528.5 7.2 1.5

18 532.0 528.4 - 535.6 7.2 1.5

19 539.2 535.6 - 542.8 7.2 1.5

20 546.4 542.8 - 550.0 7.2 1.5

21 553.6 550.0 - 557.2 7.2 1.5

22 560.8 557.2 - 564.4 7.2 1.5

23 568.0 564.4 - 571.6 7.2 1.5

24 575.1 571.5 - 578.7 7.2 1.5

25 582.3 578.7 - 585.9 7.2 1.5

26 589.5 585.9 - 593.1 7.2 1.5

27 596.7 593.1 - 600.3 7.2 1.5

[Table A-3] Spectral coverage of CASI data collected in mode 1

A.2 Spectral Coverage of CASI data
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28 603.9 600.3 - 607.5 7.2 1.5

29 611.0 607.4 - 614.6 7.2 1.5

30 618.2 614.6 - 621.8 7.2 1.5

31 625.4 621.8 - 629.0 7.2 1.5

32 632.6 629.0 - 636.2 7.2 1.5

33 639.7 636.1 - 643.3 7.2 1.5

34 646.9 643.3 - 650.5 7.2 1.5

35 654.1 650.5 - 657.7 7.2 1.5

36 661.3 657.7 - 664.9 7.2 1.5

37 668.4 664.8 - 672.0 7.2 1.5

38 675.6 672.0 - 679.2 7.2 1.5

39 682.8 679.2 - 686.4 7.2 1.5

40 690.0 686.4 - 693.6 7.2 1.5

41 697.1 693.5 - 700.7 7.2 1.5

42 704.3 700.7 - 707.9 7.2 1.5

43 711.5 707.9 - 715.1 7.2 1.5

44 718.6 715.0 - 722.2 7.2 1.5

45 725.8 722.2 - 729.4 7.2 1.5

46 733.0 729.4 - 736.6 7.2 1.5

47 740.2 736.6 - 743.8 7.2 1.5

48 747.3 743.7 - 750.9 7.2 1.5

49 754.5 750.9 - 758.1 7.2 1.5

50 761.7 758.1 - 765.3 7.2 1.5

51 768.8 765.2 - 772.4 7.2 1.5

52 776.0 772.4 - 779.6 7.2 1.5

53 783.2 779.6 - 786.8 7.2 1.5

54 790.4 786.8 - 794.0 7.2 1.5

55 797.5 793.9 - 801.1 7.2 1.5

56 804.7 801.1 - 808.3 7.2 1.5

57 811.9 808.3 - 815.5 7.2 1.5

58 819.0 815.4 - 822.6 7.2 1.5

59 826.2 822.6 - 829.8 7.2 1.5

60 833.4 829.8 - 837.0 7.2 1.5

61 840.5 836.9 - 844.1 7.2 1.5

62 847.7 844.1 - 851.3 7.2 1.5
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63 854.9 851.3 - 858.5 7.2 1.5

64 862.0 858.4 - 865.6 7.2 1.5

65 869.2 865.6 - 872.8 7.2 1.5

66 876.4 872.8 - 880.0 7.2 1.5

67 883.6 880.0 - 887.2 7.2 1.5

68 890.7 887.1 - 894.3 7.2 1.5

69 897.9 894.3 - 901.5 7.2 1.5

70 905.1 901.5 - 908.7 7.2 1.5

71 912.2 908.6 - 915.8 7.2 1.5

72 919.4 915.8 - 923.0 7.2 1.5

73 926.6 923.0 - 930.2 7.2 1.5

74 933.7 930.1 - 937.3 7.2 1.5

75 940.9 937.3 - 944.5 7.2 1.5

76 948.1 944.5 - 951.7 7.2 1.5

77 955.3 951.7 - 958.9 7.2 1.5

78 962.4 958.8 - 966.0 7.2 1.5

79 969.6 966.0 - 973.2 7.2 1.5

80 976.8 973.2 - 980.4 7.2 1.5

81 983.9 980.3 - 987.5 7.2 1.5

82 991.1 987.5 - 994.7 7.2 1.5

83 998.3 994.7 - 1001.9 7.2 1.5

84 1005.5 1001.9 - 1009.1 7.2 1.5

85 1012.6 1009.0 - 1016.2 7.2 1.5

86 1019.8 1016.2 - 1023.4 7.2 1.5

87 1027.0 1023.4 - 1030.6 7.2 1.5

88 1034.2 1030.6 - 1037.8 7.2 1.5

89 1041.3 1037.7 - 1044.9 7.2 1.5

90 1048.5 1044.9 - 1052.1 7.2 1.5
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Hyperion  
Band #

Average  
Wavelength 

(nm)

Wavelength  Range 
(nm)

FWHM 
(nm)

Spatial  
Resolution 

(m)

Simulated  
MS Band 

#

1 413.4 406.2  - 420.6 14.4 0.5 -

2 427.8 420.6 - 435.0 14.4 0.5 -

3 442.2 435.0 - 449.4 14.4 0.5 -

4 456.6 449.4 - 463.8 14.4 0.5 MS-1

5 471.0 463.8 - 478.2 14.4 0.5 MS-1

6 485.3 478.1 - 492.5 14.4 0.5 MS-1

7 499.7 492.5 - 506.9 14.4 0.5 MS-1

8 514.1 506.9 - 521.3 14.4 0.5 MS-1

9 528.5 521.3 - 535.7 14.4 0.5 MS-2

10 542.8 535.6 - 550.0 14.4 0.5 MS-2

11 557.2 550.0 - 564.4 14.4 0.5 MS-2

12 571.5 564.3 - 578.7 14.4 0.5 MS-2

13 585.9 578.7 - 593.1 14.4 0.5 MS-2

14 600.3 593.1 - 607.5 14.4 0.5 -

15 614.6 607.4 - 621.8 14.4 0.5 -

16 629.0 621.8 - 636.2 14.4 0.5 -

17 643.3 636.1 - 650.5 14.4 0.5 MS-3

18 657.7 650.5 - 664.9 14.4 0.5 MS-3

19 672.0 664.8 - 679.2 14.4 0.5 MS-3

20 686.4 679.2 - 693.6 14.4 0.5 MS-3

21 700.7 693.5 - 707.9 14.4 0.5 -

22 715.1 707.9 - 722.3 14.4 0.5 -

23 729.4 722.2 - 736.6 14.4 0.5 -

24 743.7 736.5 - 750.9 14.4 0.5 -

25 758.1 750.9 - 765.3 14.4 0.5 -

26 772.4 765.2 - 779.6 14.4 0.5 -

27 786.8 779.6 - 794.0 14.4 0.5 -

28 801.1 793.9 - 808.3 14.4 0.5 -

29 815.4 808.2 - 822.6 14.4 0.5 -

30 829.8 822.6 - 837.0 14.4 0.5 -

31 844.1 836.9 - 851.3 14.4 0.5 -

[Table A-4] Spectral coverage of CASI data collected in mode 2
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32 858.5 851.3 - 865.7 14.4 0.5 -

33 872.8 865.6 - 880.0 14.4 0.5 -

34 887.1 879.9 - 894.3 14.4 0.5 -

35 901.5 894.3 - 908.7 14.4 0.5 -

36 915.8 908.6 - 923.0 14.4 0.5 -

37 930.2 923.0 - 937.4 14.4 0.5 -

38 944.5 937.3 - 951.7 14.4 0.5 -

39 958.8 951.6 - 966.0 14.4 0.5 -

40 973.2 966.0 - 980.4 14.4 0.5 -

41 987.5 980.3 - 994.7 14.4 0.5 -

42 1001.9 994.7 - 1009.1 14.4 0.5 -

43 1016.2 1009.0 - 1023.4 14.4 0.5 -

44 1030.6 1023.4 - 1037.8 14.4 0.5 -

45 1044.9 1037.7 - 1052.1 14.4 0.5 -
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[Figure A-3] Three sections of the first test field

A.3 Test field design

Among the data sets used in this study, the scene 1 and scene 2 

included two types of test fields. These test fields were designed and 

installed to provide hyperspectral data for the researches in various 

applications (Chang, 2013). The materials used for the test fields were 

chosen based on their feasibility to install and the resistance against 

the surrounding environment. The first test field was installed on the 

top-right part of bare ground in the scene 2 shown on [Figure 4-1], 

and it was constructed for the studies of endmember extraction, 

spectral mixture model, vicarious calibration, target detection, and 

more applications. [Figure A-3] presents the three sections, A, B-1, 

and B-2, of the first test field, and all the sections constructed on 

white vinyl banners to minimize the processing problem caused by 

heterogeneous background. The A section was designed to study the 
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[Figure A-4] Design of section A in the first test field

spatial/spectral mixture analysis in different RGB values of objects on 

the earth as shown on [Figure A-4]. The B section on [Figure A-5] 

was composed of grass, green fabric, artificial grass, cement, plywood, 

and different kinds of camouflage nets. The B-1 section on [Figure 

A-5] (a) was designed to provide reference data for the studies about 

endmember extraction and mixture ratio analysis and installed in size 

of 4.5×4.5m considering the spatial specification of CASI 

hyperspectral sensor. The B-2 section on [Figure A-5] (b) consisted 

same materials with the B-1 section, but its size was 1.5×1.5m and 

0.5×0.5m. It was designed for endmember analysis and target 
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(a) Section B-1

 

(b) Section B-2

[Figure A-5] Design of section B in the first test field

detection using hyperspectral image data. The actual installed test field 

is presented on the image (a) and (b) of [Figure A-6]. Additionally, 

four tarps were installed for vicarious radiometric calibration of 

images besides of the three sections of the first test field.

The second test field was constructed in the middle of the scene 1, 

and two kinds of camouflage nets were installed to provide reference 

data for the study of change detection, classification, and image 

fusion. They were installed in three different sizes: 4.5×4.5m, 

1.5×1.5m, and 0.5×0.5m, and [Figure A-6] (c) presents installed 

camouflage nets in size of 4.5×4.5m and 1.5×1.5m.
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(a) Section A in the first test field

(b) Section B-1 and B-2

in the first test field

(c) Second test field

[Figure A-6] Installation of the first and second test fields
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국문초록

가상 밴드를 활용한 초분  상과 다 분  

상의 블록화 기반 상융합

초  는 해상도  공간해상도 간  trade-off 현상  하

여 한 보  공하는 신 낮  공간 보  갖는다. 러한 

초  상  한계  해결하기 해 초  상  용한 상 합에 

한 연 가 진행 고 나, 초  상과 고해상도 상   

가 다  경우 생하는   공간 보  곡  개 하는 연 는 

미진한 실 다. 또한,  해상도  공하는 고해상도 다중  

상  탑재  차  초  상  계획  초  상과 고

해상도 다중  상 간  합연  필  기 고 다.

에 본 연 는 차  초  상  활용도  기 한 초

 상  사  연 , 다    고해상도 다중  상  

활용하여 초  상  보는 보 하  공간 보  개 하는 상

합 기  안하 다. 초  상 드  다중  상 드간  

다   에  향  최 화하기 해, 초  상 드  다

중  상 드  합  통한 블 화 기  상 합 기  안하

다. 또한, 초  상과 중복 지 않는 다중  상  에

 생하는   공간 곡  줄 기 해 혼합기  기  

다중  드  추가  생 하 다.

안  블 화 기  상 합 알고리즘  평가  해 CASI 상  

활용하 , 다   초  상과 다중  상  

루어진 상과 실 상에 용하 다. 시각 / 량  평가  통해 

안  알고리즘  기  알고리즘과 비 하여 상  향상  공간

보  낮   곡  보  확 하 다. 본 연  통해, 
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 다   가진 초  상과 다중  상에 하여 

특  효과  보 하고  해상도  갖는 초  상  생 할 

수 었다.

……………………………………

주요어 :초분 상,다 분 상, 상 융합,공간해상도,

분 해상도,분 파장

학  번 :2012-20894
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