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Image fusion is a technical method to integrate the 
spatial details of the high-resolution panchromatic (HRP) 
image and the spectral information of low-resolution 
multispectral (LRM) images to produce high-resolution 
multispectral images. The most important point in image 
fusion is enhancing the spatial details of the HRP image 
and simultaneously maintaining the spectral information 
of the LRM images. This implies that the physical 
characteristics of a satellite sensor should be considered in 
the fusion process. Also, to fuse massive satellite images, 
the fusion method should have low computation costs. In 
this paper, we propose a fast and efficient satellite image 
fusion method. The proposed method uses the spectral 
response functions of a satellite sensor; thus, it rationally 
reflects the physical characteristics of the satellite sensor to 
the fused image. As a result, the proposed method 
provides high-quality fused images in terms of spectral 
and spatial evaluations. The experimental results of 
IKONOS images indicate that the proposed method 
outperforms the intensity-hue-saturation and wavelet-
based methods. 
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I. Introduction 

In optical remote sensing, many satellite sensors provide 
both high-resolution panchromatic (HRP) image and low-
resolution multispectral (LRM) images because of the physical 
and technological constraints of satellite sensors. This implies 
that the design of the LRM sensors with better spatial 
resolution is limited by the technical constraints of on-board 
storage and bandwidth transmission of the images from the 
satellite to the ground station [1]. The different ground objects 
or classes observed in the LRM images can be better 
distinguished or classified due to the high-spectral resolution. 
Alternatively, the different classes cannot be separated in the 
HRP image as they have almost identical gray values, but the 
higher spatial resolution of the HRP image leads to a more 
accurate delineation of the structures and the boundaries 
between them [2]. As a result, to use high-resolution 
multispectral (HRM) images in geospatial applications, such as 
geographic information systems, mapping, feature extraction, 
classification, and environment monitoring, image fusion is an 
absolutely necessary technique. In other words, for users to 
take the advantage of the HRM images in various application 
fields, image fusion is an efficient and economical technical 
method. 

Many image fusion methods have been proposed to produce 
HRM images. In general, the protocol of image fusion 
methods can be divided into two main categories: the fusion 
methods based on a spectral transformation followed by a 
component substitution (CS) technique and the algorithms that 
exploit spatial frequency decomposition usually performed by 
means of multi-resolution analysis (MRA) [3]. 

The CS-based methods such as intensity-hue-saturation 
(IHS) and principal component analysis methods have low 
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computation costs and provide superior visual HRM images 
but produce significant spectral distortion. Thus, these methods 
are useful for visual interpretation, but high-quality spectral 
information is very important for remote sensing applications 
based on spectral signatures. All satellite sensors have unique 
spectral response functions (SRFs), and these SRFs reflect the 
intrinsic physical characteristics of each satellite sensor. 
Generally, there are mismatches in each LRM and HRP bands, 
and these mismatches cause spectral distortions in fused 
images of the CS-based methods. 

In contrast, the MRA-based wavelet methods provide 
superior spectral quality but lose some spatial details of the 
HRP image [4], [5]. In practice, satellite imagery is huge. The 
images may have tens of thousands of rows and columns in 
each band. Thus, MRA-based methods have very high 
computation costs and require additional computational power 
and a longer waiting time for fused images [6]. The drawback 
in terms of computation costs increases in very high-resolution 
satellite imagery, such as Korea Multi-Purpose Satellite-2 
(KOMPSAT-2), IKONOS, and QuickBird. In addition, these 
methods produce ringing artifacts because they use filtering 
operations. This problem may locally reduce the visual quality 
of the fused images [7]. 

Although the CS-based and MRA-based fusion methods 
work fine in some aspects, margins still have to be improved 
to preserve both the spatial and spectral information. In other 
words, it is necessary to develop an effective fusion method 
that suitably injects the spatial details of the HRP image, 
preserves the spectral information of the LRM images, and 
has low computation costs for fusing the images. This implies 
that the SRFs of the sensor should be considered in the fusion 
process; so, to fuse massive satellite images, the fusion 
method should have fast computing capability such as the 
IHS method. 

In this paper, we propose a generalized IHS-based fusion 
method. The proposed method considers the SRFs of the 
satellite sensor to mitigate the spectral distortion and has low 

Table 1. Characteristics of IKONOS satellite sensor. 

HRP 1 
Spatial resolution (m) 

LRM 4 

Blue 0.445 to 0.516 

Green 0.506 to 0.595 

Red 0.632 to 0.698 

NIR 0.757 to 0.853 

Spectral resolution (µm) 

HRP 0.450 to 0.900 

Radiometric resolution (bit) 11 

 

computation costs as with IHS-based methods. To verify the 
efficiency of the proposed method, experimental evaluations 
are carried out on IKONOS data and compared with wavelet 
and IHS-based methods. The characteristics of the IKONOS 
satellite sensor are presented in Table 1. This paper is organized 
as follows. Section II describes IHS-based fusion methods and 
their drawbacks. In section III, the proposed method is 
presented and experimental results are presented in section IV. 
Finally, conclusions are drawn in section V. 

II. IHS-Based Fusion Methods 

1. IHS-Based Fusion Methods 

The IHS fusion method is widely used in the remote sensing 
community. The IHS fusion method is based on a linear 
transformation followed by a CS technique. Firstly, the LRM 
images are resized to the HRP image scale. The IHS method 
linearly transforms the red-green-blue (R-G-B) images into a 
more uncorrelated vector space. Then, the intensity component 
is substituted by the HRP image before the applied inverse 
transform. The assumption of the IHS-based methods is that 
the structural information contained in the intensity component 
is equivalent to those in the HRP image. However, the 
distortions of fused images arise from substitution processes 
because the HRP and LRM images generally have different 
local spectral and spatial information. In other words, the local 
spectral and spatial information that is visible in the LRM 
image can be missing in the HRP image and vice versa. Owing 
to the intensity component obtained by the weighing of each of 
the LRM bands with a set of coefficients, the IHS-based fusion 
methods incur significant spectral distortion. Moreover, it is 
difficult to determine a clear and objective relationship among 
the LRM bands of recently launched satellite sensors [5]. 

IHS fusion uses the LRM images consisting of distinct bands 
and transforms them into the IHS color space. The 
mathematical formation is expressed by (1) and (2), and the 
conversion system is a linear transformation: 
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Then, the HRP image, which was histogram-matched to the 
intensity component, is substituted with the intensity 
component in the IHS color space. Afterwards, the inverse IHS 
transform is conducted with the previous hue and saturation 
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components. The mathematical formation is expressed as 
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where R′, G′, and B′ are fused images. This method is limited 
to three bands at a time. 

Recently, to quickly fuse huge volumes of satellite imagery, a 
fast IHS (FIHS) fusion method was presented [8], and by 
rewriting (3), a computationally efficient method can be 
formulated as 
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where = = ( + + ) / 3 and =( + + )/3.HRP I HRP R G B I R G Bδ − −   
This is a computationally efficient method because it fuses the 
imagery without the coordinate transformation. Thus, the fused 
imagery can be obtained by using simple addition operations 
only. However, the FIHS method does not consider the SRFs 
of the sensor because the same weighting coefficients were 
used for each LRM band; furthermore, the extended bandwidth 
of the HRP band to the near-infrared (NIR) bandwidth was not 
considered. 

More recently, to reduce the spectral distortion that occurs 
from the fusion process, the generalized IHS (GIHS) method 
was presented. This method includes the NIR band into the 
intensity component. The GIHS method can be formulated as 
[9] 

,i iHRM LRM δ ′′= +             (5) 

( + + + ) / 4,HRP R G B NIRδ ′′ = −         (6) 

where ( + + ) / 4,I R G B NIR′′ = +  HRMi is the i-th HRM 
image, and LRMi is the i-th LRM image. The GIHS method 
considers the SRF of the HRP band, extended to the NIR 
bandwidth. However, the GIHS method used the same 
weighting coefficients as the FIHS method for each LRM band. 
This equation can easily be generalized to n bands. 

To include spectral mismatches of blue and green bands, Tu 
and others proposed the GIHS method with spectral 
adjustment (GIHS-SA) [9]. The δ values of the GIHS-SA 
method can be formulated as  

,i iHRM LRM δ ′′′= +                (7) 

 ,
3

R a G b B NIRHRPδ + × + × +′′′ = −          (8) 

where ( )/3.I R a G b B NIR′′′ = + × + × +  
In the method of Tu and others, the weight coefficients were 

estimated and determined when they showed the highest 
correlation coefficient between the fused images and original 
LRM images. The best weighting coefficients of a and b for 
green and blue bands are 0.75 and 0.25, respectively. The 
GIHS-SA fusion method could mitigate the spectral 
mismatches and spectral distortion of fused images. However, 
the GIHS-SA fusion method cannot completely reflect the 
physical characteristics of a sensor because the weight 
coefficients are estimated by a manually repeated method. 
Again, performance of the IHS-based methods relies on the 
choice of an empirical data-specific parameter controlling the 
contributions of blue and green bands to the fused image, and 
the NIR band is prone to be distorted [10]. 

In other words, it is necessary to develop a fast and effective 
fusion method that considers the physical characteristics of the 
satellite sensor both objectively and reasonably. This is the 
main idea of the proposed method. 

2. Drawbacks of IHS-Based Methods 

The satellite sensor’s spectral response characteristics are 
usually depicted by relative SRFs for each band, which is 
defined as the ratio of output signal to incident flux as a 
function of wavelength, the normalized to peak value of unity. 
Three key factors describe the SRFs, including the center 
wavelength (CWL), the full width at half the maximum 
(FWHM), and the shape. The entire set of band SRFs 
determines the spectral performance of the radiance data. The 
CWLs determine the sampling positions and intervals in the 
spectral dimension. The FWHMs, also called bandwidths, are 
the index of spectral resolution. The SRF shape varies with the 
manner in which the sensor disperses and detects the incident 
light [11]. The SRFs of each band of a satellite sensor is 
characterized by the effective spectral quantum efficiency (QE) 
of the detector. The QE indicates the spectral sensitivity of a 
charge-coupled device (CCD) to incoming light at each 
wavelength. More precisely, it gives the number of electrons 
produced in the detector per incoming photon. The effective 
spectral QE includes not only the type-dependent sensitivity of 
the CCD but also losses due to the light reflecting or 
transmitting components of the detector [12]. Various satellite 
sensor systems thus have unique spectral sensitivity. In other 
words, this implies that the physical characteristics of the SRFs  
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Fig. 1. (a) SRFs of ideal satellite sensor, (b) SRFs of IKONOS
satellite sensor, and (c) SRFs of QuickBird satellite
sensor. Blue, green, red, violet, and black curves
respectively correspond to blue, green, red, NIR, and HRP
bands. 
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must be considered in the fusion process. 

In the case of an ideal satellite sensor, the SRF of the HRP 
band precisely covers the SRFs of each LRM band and the 
SRFs of each LRM band do not overlap each other. Figure 1(a) 
clearly shows the ideal SRFs of a satellite sensor. Thus, the 
HRP image has the same spectral information as the LRM 
image. However, in general, the SRFs of a practical satellite are 
quite different from ideal SRFs. Even if a superb satellite 
sensor were created in the ground experiment, a launched 
satellite sensor could represent different physical characteristics 
in a space environment. Figure 1(b) shows the SRFs of the 
IKONOS sensor. In Fig. 1(b), the green and blue bands appear 
to overlap substantially and the blue band mostly falls outside 
the 3 dB cutoff of the HRP band. Furthermore, the response of 
the HRP band is extended beyond the NIR bandwidth.  
Figure 1(c) shows the SRFs of the QuickBird sensor. As with 
the IKONOS sensor, the SRFs of QuickBird are quite different 
from the SRFs of the ideal sensor. Obviously, the spectral 
distortion in the fused image from such SRFs mismatched in 

that the HRP and LRM images are not spectrally similar. More 
practically, spectral distortion occurs because the intensity 
component was generated by weighting the average of the 
LRM images, which may be quite different from that of the 
HRP image. In addition, Tomas and others [1] clearly 
demonstrated the different local, spatial, and spectral 
information such as object occultation and contrast inversion 
between the HRP and LRM images. Therefore, such 
characteristics of the sensor should be considered in the fusion 
process. 

III. GIHS-Based Fusion Method Using SRFs 

In satellite imagery fusion, the critical issue is how much 
spectral information is preserved, while simultaneously 
increasing the spatial details. However, because there is a 
tradeoff between spatial and spectral resolution, it is difficult to 
maintain spectral information while increasing spatial details. 

Image fusion methods try to recover the image obtained by 
an ideal virtual sensor with the same spectral information of the 
LRM sensors and the same spatial details of the HRP sensor. 
The HRP image is closely linked to the intensity component, 
and therefore, the preservation of spectral information is 
possible only in the event of the spectral equality of these two. 
However, since the HRP image has a higher spatial resolution 
and broad bandwidth, exact spectral information preservation 
is even theoretically impossible. Thus, to use the HRP image as 
the intensity component, additional processing is necessary 
[13]. This implies that the SRFs of a sensor have to be taken 
into account during the fusion process. 

The measured energy in an individual channel or band is the 
integral component of incoming radiation and relative SRFs. In 
ideal conditions, all spectral bands would be well separated and 
the HRP band would exactly cover the LRM bands. However, 
as mentioned before, since the ideal sensor does not exist, to 
obtain a new intensity component, adequate weighting 
coefficients have to be defined. In the next subsection, we 
follow the algorithm of Otazu and others [14]. 

1. SRFs of Satellite Sensors 

The probability photon of a given frequency detected by a 
sensor system primarily depends on two factors: the physical 
properties of the observed object that emits or reflects the 
electromagnetic radiation and the SRFs that characterize the 
sensor system. This defines how efficiently the radiation is 
recorded by the sensor as a function of photon frequency. 

The SRFs of a sensor define the probability photon of a 
given frequency that is detected by a satellite sensor. There are 
two SRFs: the SRF of the HRP sensor, designed as ( ),vφ and 
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the SRF of the i-th band of the LRM sensors, designed as 
( ).i vϕ  Let the event mi be the detection of a photon by the 

LRM sensors. The probability of event mi is 

( ) ( ) .i iP m v dvϕ= ∫                (9) 

Similarly, the probability a photon detected by the HRP sensor 
can be defined by the probability of the event p: 

( ) ( ) .P p v dvφ= ∫               (10) 

In geometric terms, the probability of the events mi and p can 
be understood as the area below their corresponding SRFs. 
Given the event p, the probability of the event mi is 

( )
P( ) .

( )
i

i
P m p

m p
P p

=
∩

             (11) 

being 

  ( ) min( , ) .i iP m p dvϕ φ= ∫∩              (12) 

That is, given a photon detected by the HRP sensor, the 
probability to also be detected by the LRM sensors is defined 
by the quotient between the intersection area of ( )vφ and 

( )i vϕ  and the area of the ( )vφ function. Similarly, given a 
photon detected by the LRM sensor, the probability to be 
detected by the HRP sensor is 

       
( )

P( ) .
( )
i

i
i

P m p
p m

P m
=

∩
            (13) 

Equation (11) defines the fraction of the HRP photons below 
the LRMi function. Similarly, (13) defines the fraction of LRMi 
photons below the HRP function. If we combine (13) as 
weighting coefficients into intensity component, we can 
mitigate the spectral distortion. This implies that the intensity 
component is more correlated with the HRP image. 

2. Fusion Method Using SRFs 

Regardless of how the spatial details are extracted from the 
HRP image, image fusion methods require the definition of a 
model establishing how the missing spatial details are injected 
into the LRM images. The goal is to make the fused images as 
close to what the narrow bandwidth LRM sensors would 
image if it had the same resolution as the broad bandwidth 
HRP sensor [15]. In this study, the fundamental assumption is 
that the intensity component can be written as a linear 
combination of the original LRM images. As a result, we have 
obtained reasonable weighting coefficients by using the SRFs 
of a satellite sensor to produce new intensity component that 
was more correlated with the HRP image. 

As mentioned, since no sensor shows ideal SRFs, in case of 
the IKONOS sensor, the HRP band is extended to the NIR  

Table 2. P( )ip m values of IKONOS sensor. 

Band Blue Green Red NIR 

P( )ip m 0.4881 0.8053 0.9678 0.9963 

 

 
bandwidth; thus, the NIR band must be included in the 
intensity component. Also, the fusion method must consider 
the mismatch of the HRP and blue bands and the overlapping 
of the blue and green bands. Hence, the blue band is critical. In 
other words, a mitigation of the spectral distortion can be 
obtained by matching the intensity component as closely as 
possible to the spectral response of the HRP band. 

In our experiments, we considered the mismatch of every 
LRMi and the HRP images. Thus, we calculated the P( )ip m   
values of the IKONOS sensor and these are listed in Table 2. 
We used the P( )ip m  values of the IKONOS sensor as 
weighting coefficients of intensity component. By using 
P( )ip m values as weighting coefficients, the distortion 
between the LRM and HRP bands can be mitigated. After that, 
to normalize the intensity component, we divided by the total 
band number. Most of the high-resolution satellites, such as 
KOMPSAT-2, IKONOS, and QuickBird, have four bands. 
Unlike the GIHS-SA method, we use the total band number; 
thus, this can reduce the spectral redundancy between the blue 
and green bands. 

Again, this implies that the new intensity component is more 
correlated with the HRP band. As a result, the new intensity 
component (INew) can be formulated as  

New 1 2 3 4 ,
4

w R w G w B w NIR
I

× + × + × + ×
=       (14) 

and similar to the GIHS-based methods, a fused image can be 
obtained as  

New ,i iHRM LRM δ= +              (15) 

where 
New New .= −HRP Iδ              (16) 

This method is based on the linear combination of each 
LRM band. The weighting coefficient values needed to fuse 
the satellite image have been directly obtained from the SRFs 
of the sensor, instead of having them estimated experimentally 
and manually. In particular, the weight coefficients reasonably 
reflect the characteristics of satellite sensor. Therefore, this 
fusion method is more reasonable than the other methods. We 
call this method the GIHS-SRF method. 

Because IHS-based fusion methods inject the same spatial 
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details into the LRM images, the spectral signature of each 
LRM band is not preserved. In addition, despite the optimal 
weighting coefficients, fixed weighting coefficients cannot 
reflect the characteristics of the scene. This implies that these 
fusion methods can produce redundant spatial details and 
spectral information. Redundant information means that the 
spatial and spectral information is not present in the LRM 
images but is present in the fused image and vice versa. To 
preserve the spatial and spectral information in the fused image, 
the proposed fusion method can be rewritten as 

New

1

,
1( )

i
i i

N
ii

LRM
HRM LRM

LRM
N

δ

=

= +
∑

        (17) 

where N is the number of LRM bands. This method 
proportionally injects the spatial details into every LRM image. 
Proportional refers to injecting the spatial details into the LRM 
images considering the relative spectral signature of the LRM 
bands. To obtain this weighting factor, the ratio between the 
LRM images and the mean value of all LRM images was 
calculated. This facilitates injection of the spatial details into the 
LRM bands in a manner proportional to their original values. 
As a result, the fused image can preserve the spectral angle 
between the original LRM and fused HRM images [5]. This 
method is termed the GIHS-SRF proportional (GIHS-SRFP) 
method. 

IV. Experiment Results 

Experiments were conducted to evaluate the performance of 
the proposed method fusing the IKONOS data of Daejeon, 
Republic of Korea. For all data sets, the LRM image size was 
512×512 pixels and the HRP image size was 2048×2048 
pixels. The GIHS-SRFP method was compared with the GIHS, 
GIHS-SA, and additive wavelet luminance proportional 
(AWLP) method [14]. The AWLP method was a joint winner 
at the 2006 Data Fusion Contest of IEEE Geoscience and 
Remote Sensing Society and has been mostly used in 
comparison with the novel fusion method in the remote 
sensing community [16]. 

1. Visual Analysis 

The visual performances of fused images are shown in Fig. 2 
for an R-G-B combination of 512×256 pixels. The GIHS-
SRFP method produced a high-quality image, implying that 
this method contains the necessary spatial details as well as rich 
spectral information. The GIHS and GIHS-SA methods, which 
appear bluish, represent the best spatial sharpness visually. This 
means that the spectral information of the fused image by these 

methods may be decreased because of the over-sharpened 
image. This is clearly shown in the vegetation areas. The 
AWLP method slightly distorts the colors but lacks the spatial 
details. In other words, things appear to be less sharp than with 
other methods. Also, the backgrounds of AWLP method results 
appear to be darker than those of the other methods. This 
implies that the color information is not rich. However, the 
GIHS-SRFP method produced rich color information. 

2. Quantitative Analysis 

In the quantitative analysis of the fused results, the fused 
image should be compared with the ideal HRM images 
observed by the LRM sensor which generates the HRM 
images equal to the HRP image [17]. Because it could not 
obtain the theoretical HRM image, many researchers generally 
derived spatially downgraded HRP and LRM images from the 
original data sets to evaluate the result quantitatively. This is 
accomplished by the assumption that spatially downgraded 
data must be optimal for a particular fusion method to be 
suitable to apply to fine-scale original data [18]. However, 
existing statistical evaluation indicators, such as Q4, spectral 
angle mapper (SAM), and erreur relative globale 
adimensionnelle de synthèse (ERGAS), cannot provide reliable 
measurements for evaluating image fusion quality. In addition, 
quantitative evaluation through downgrading the original data 
is not suitable for very high-resolution satellite data [19], [20]. 
Therefore, a quality with no reference (QNR) index, as recently 
proposed by Alparone and others [18], was used in this paper. 
The QNR index evaluates the quality of the fused image 
without requiring the HRM images. The QNR index combines 
the two distortion indices of the spectral and spatial distortion 
indices. The spectral distortion index, referred to as ,Dλ is 
calculated as 

11 1

1 ( , ) ( , ) ,
( 1)

L L
r l r l rl r

D Q M M Q M M
L Lλ == ≠

= −
− ∑ ∑  (18) 

where M denotes the HRM bands, M  represents the LRM 
bands, and Q represents the universal image quality index 
calculation [21]. This index has zero value if the HRM and 
LRM images are identical. The spatial distortion index DS is 
calculated as 

 S 1

1 ( , ) ( , ) ,L
l ll

D Q M P Q M P
L =

= −∑         (19) 

where P denotes the HRP image and P is the low-resolution 
panchromatic image obtained by filtering with a modulation 
transfer function-shaped low-pass filter. The QNR index is 
defined as 
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Fig. 2. Comparison of fused images as R-G-B combination. Presented images are 512×256 pixels in size at full scale: (a) 4 m image
interpolated at 1 m, (b) HRP image at 1 m, (c) GIHS fused image, (d) GIHS-SA fused image, (e) AWLP fused image, and (f) 
GIHS-SRFP fused image. 

(a) (b) 

(c) (d) 

(e) (f) 

 

Table 3. Quality indices of fused images. 

Method Dλ  DS QNR 

EXP 0.027 0.122 0.854 

GIHS 0.142 0.095 0.777 

GIHS-SA 0.101 0.083 0.824 

AWLP 0.083 0.073 0.850 

GIHS-SRFP 0.072 0.068 0.865 

 Note: EXP denotes the LRM images that were interpolated to the HRP scale using 
bilinear interpolation 

(1 )(1 ).sQNR D Dλ= − −             (20) 

The highest value of the QNR is one. This is obtained when the 
spectral and spatial distortions are both zero. 

A higher QNR value indicates that most of the spatial details 
of the HRP image and spectral information of the LRM images 

are incorporated during the fusion process. Table 3 shows the 
performance comparisons of the fused images. Table 3 
demonstrates that the GIHS-SRFP method provides the best 
numerical results for the data. The GIHS and GIHS-SA 
methods result in significant spectral distortion compared to the 
proposed methods. In addition, the AWLP method provides 
higher-quality fused images but distort spatial quality. In 
addition, this method requires very high computation costs and 
waiting time. 

V. Conclusion 

In satellite image fusion, the critical issue is how much 
spectral information is preserved while simultaneously 
increasing the spatial details. However, due to non-ideal SRFs 
of a satellite sensor, the IHS-based fusion methods produce 
spectral distortion problems in fused images. To cope with this 
problem, this paper proposed the GIHS-SRFP fusion method 
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using the SRFs of the IKONOS satellite sensor. The proposed 
method can be considered an improvement of the IHS-based 
and the MRA-based fusion methods in the sense that the 
weighting coefficients were directly determined using the 
SRFs, and it has very low computation costs. In the 
experimental results using IKONOS images, the proposed 
method demonstrated greater efficiency than other fusion 
methods. 

In future, our research will focus on development of the 
evaluation indicator of fused images. Since the HRM images 
are typically not available, quantitative analysis always is 
difficult and challenging work. In addition, image 
preprocessing that might affect the fused image quality will be 
analyzed. Also, we will investigate multisensor fusion using 
optical images and synthetic aperture radar data. Such research 
will increase our understanding of remote sensing and will lead 
to more effective methods in geospatial application fields. 
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