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Abstract -  Hyperspectral Image Enhancement using 

multispectral data has received considerable attention in 

recent times in order to achieve higher classification 

accuracy and more detailed composition analysis. The 

objective is to obtain an image that has spectral 

resolution same as that of the hyperspectral image and 

spatial resolution same as that of multispectral image. 

While some of the fusion algorithms look at this as a 

band remapping problem, it is important to maintain the 

spectral band dependencies in such cases. In this paper, 

an attempt at using SRFs of different channels is 

presented to achieve hyperspectral and multispectral 

image fusion based on vector decomposition. Each 

multispectral channel fuses detail into only those 

hyperspectral channels which come into the sensitivity 

range of that multispectral channel.  The results clearly 

show that the algorithm presented here successfully 

transfers the spatial details into hyperspectral data while 

maintaining spectral characteristics of that data. 
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1 Introduction 

Earth observation satellites provide data which cover diff-

erent regions of the electromagnetic spectrum at different 

spatial, temporal and spectral resolutions. Most of the 

analytical methods for information extraction or 

classification are based on single sensor or single scene. 

But in the recent past, efforts at using multisource data are 

also becoming prevalent. In order to exploit this 

increasingly sophisticated multisource data, advanced 

analytical or numerical data fusion techniques are being 

developed. Multi-sensor image fusion seeks to combine 

information from different images to obtain more 

inferences than can be derived from a single sensor. 

 The main advantage of hyperspectral data is that spectral 

signatures of each pixel can help identify different 

materials in the scene [1]. But due to low spatial resolution 

of hyperspectral images, classification accuracies are 

reduced as more number of mixed pixels are formed. 

Hyperspectral images can be enhanced using multispectral 

images in order to achieve high classification accuracies 

and more detailed analysis of its composition. 
Most of the initial efforts on hyperspectral image 

enhancement were extensions of Pan Sharpening of 

Multispectral data. Some of them are CN sharpening,  

PCA based sharpening [2], Gram-Schmidt Sharpening. 

These techniques were mainly focused on enhancing 

spatial resolution to improve photo interpretation by 

humans but not for quantitative analysis on such fused 

data generated by these methods. Recently many 

algorithms have been developed to overcome the above 

shortcomings and they can be categorized into frequency 

based methods such as Wavelets[3], machine learning 

based methods such as ANN [4], unmixing based methods 

[5], probability based methods such as MAP estimation 

[6], purely statistical based methods such as Spatial 

Distortion Optimisation [7]. Some algorithms such as 

Superresolution Mapping [8], Vector Bi-lateral filtering 

[9] aim at enhancing hyperspectral data without using 

auxilary high resolution data. 

However most of these algorithms  do not consider the 

physical characteristics of the detection system i.e each 

sensor works in different regions of the electromagentic 

spectrum. Ignoring this fact leads to injection of spectral 

information from different part of the spectrum which 

may not belong to the sensor and this leads to 

modification of spectral signatures in the fused 

hyperspectral data. This paper presents an algorithm 

which attempts to overcome the above shortcoming. It 

uses a sensor simulation strategy based on spectral 

response functions of the sensor to maintain spectral 

characteristics of hyperspectral data (details in section 3).   

2 DataSet 

Hyperspectral data from AVIRIS sensor has been used 

for this study. The data has spatial resolution of 30m with 

224 spectral bands. Due to unavailability of multispectral 

data with better spatial resolution, Landsat 7 having 

spatial resolution of 30m has been used as the 

multispectral dataset. In order to make the analysis 

possible AVIRIS data was resampled to a coarser spatial 

resolution of 60 m. 
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Figure 1 (a) shows RGB composite of the hyperspectral 

data used in this study, created by using band 31,20,8 for 

red, green and blue channels respectively. Figure 1(b) 

shows RGB composite of multispectral data.  

The datasets though of same region, were acquired on 

dates 2 years apart, because of which multispectral data 

has some extra features. But this difference will not be 

consequential in examining the sharpening results of the 

presented algorithm. 

3 Algorithm 

The algorithm presented here has three main stages. As 

a preprocessing step, original low resolution hyperspectral 

data (OHS) is upscaled to the spatial resolution of original 

multispectral data (OMS). The upscaled data will be 

referred as UHS. In the first stage, simulated multispectral 

(SMS) bands are generated using UHS bands and Spectral 

Response Functions (SRF) of OMS bands. In the second 

stage, each SMS band is enhanced using its corresponding 

OMS band to generate fused multispectral (FMS) bands. 

In third stage, Fused Hyperspectral (FHS) bands are 

computed by inverse transformation using vector 

decomposition.  

Figure 2 shows flowchart of the algorithm. UHSj-k 

means that band j to band k have been selected. Following 

subsections explain each stage in detail. Explanation has 

been given for enhancement of OHS bands corresponding 

to a single OMS band. The algorithm can be similarly 

applied for other sets of bands. 

 

3.1 Generating Simulated Multispectral 

(SMS) bands 

Hyperspectral data has been considered in remote sensing 

for inverse surface reflectance, to cross-calibrate a hyper- 

spectral sensor with another hyperspectral or multispectral 

sensor, and to simulate data of future sensors. The 

algorithm exploits sensor simulation capabilities of 

hyperspectral data using spectral response function of the 

sensor to be simulated. 

The probability that a photon of a given frequency is 

detected by a sensor system mainly depends on two 

factors: on the one hand, the physical properties of the 

observed object that emits or reflects the electromagnetic 

radiation and, on the other hand, the spectral response that 

characterizes the sensor system. The spectral response 

function of a sensor defines the probability that a photon 

of a given frequency is detected by this sensor. 

 

 

 
 

 

 

 
 

 

 
 

 

Figure 3 and Figure 4 shows spectral response functions of 

Landsat 7 channels and AVIRIS hyperspectral channels 

respectively. 

Firstly, all OHS bands are upscaled to the spatial 

resolution of the given OMS data to get UHS. SRFs of 

hyperspectral bands are generally referred by their centre 

wavelengths as they have very narrow SRFs. So, in order 

to preserve spectral characteristics of the objects in the 

image, each OMS band will enhance only those UHS 

(a) (b) 
Fig 1. (a) hyperspectral data, (b) multispectral data 

Fig 2. Flowchart of the algorithm. 

Fig 4. Narrow band SRFs of hyperspectral data 

Fig 3. Wide-band SRFs of Landsat 7 bands 
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bands that have center wavelengths inside SRF of the 

OMS band in question. These bands are selected based on 

SRF range of the multispectral band and center 

wavelengths of the hyperspectral bands.  

 
Band No. of 

Multispectral sensor 

(Landsat) 

Hyperspectral Bands 

enhanced  

(AVIRIS) 

Band1 6 – 13 

Band2 14 - 24 

Band3 25 - 38  

Band4 39 – 57 

     

 

 

Table 1 shows the range of hyperspectral bands selected 

by each band of the Landsat sensor based on its 

corresponding SRF range. 

Many methods exist for simulating multispectral data with 

desired wide-band SRFs. Some methods synthesize a 

multispectral band by a weighted sum of hyperspectral 

bands, and they are different in their ways in determining 

the weighting factors. Some methods directly convolve the 

multispectral filter functions to the hyperspectral data [10], 

which is equivalent to using the values of the multispectral 

SRF as the weighting factors. Some have used the integral 

of the product of the hyperspectral and multispectral SRFs 

as the weight [11]. Few have calculated the weights by 

finding the least square approximation of a multispectral 

SRF by a linear combination of the hyperspectral SRFs 

[12]. Bowels [13] used a spectral binning technique to get 

synthetic image cubes with exponentially decreasing 

spectral resolution, where the equivalent weighting factors 

are binary numbers. 

 The algorithm presented here has adopted the method 

described in [10]. If m is the number of bands falling in the 

range of the multispectral band k (OMSk). Let  S be the  m 

dimensional SRF vector of the multispectral band k. For a 

pixel at location i,j , let V be the m dimensional vector 

containing the DN values of those m hyperspectral bands. 

The simulated value 𝑆𝑀𝑆𝑖 ,𝑗 ,𝑘  for the pixel i,j for OMSk can 

be obtained using the following equation.         

         

 𝑆𝑀𝑆𝑖 ,𝑗 ,𝑘 = 𝑆TV 

 

This can also be written as 

 

𝑆𝑀𝑆𝑖 ,𝑗 ,𝑘 =  𝑠1𝑣1 +  𝑠2𝑣2 + ⋯ +  𝑠𝑚𝑣𝑚  

 

where si , vi are the i
th

 components of the vectors S and V 

respectively. 

3.2 Generating Fused multispectral spectral 

(FMS) Bands 

After stage 1, SMS bands are obtained. These bands 

have spatial resolution same as that of OMS bands but 

have poor detail as compared to OMS bands because SMS 

bands are simulated using an upscaled data. In this stage 

spatial detail from an OMS band is transferred to its 

corresponding SMS band. This step can be seen as 

sharpening of a grayscale image using another grayscale 

image. 

Many methods exist to do this operation [14]. In this 

paper Smoothing Filter Based Intensity Modulation 

(SFIM) algorithm has been adopted [15]. SFIM can be 

represented as 

 

𝐹𝑀𝑆𝑖 ,𝑗 ,𝑘 = (𝑆𝑀𝑆      
𝑖 ,𝑗 ,𝑘 ∗ 𝑂𝑀𝑆𝑖 ,𝑗 ,𝑘)/𝑂𝑀𝑆      

𝑖 ,𝑗 ,𝑘  

 

where,  𝐹𝑀𝑆𝑖 ,𝑗 ,𝑘  is fused multispectral value at pixel i,j 

for the band k. 𝑆𝑀𝑆      
𝑖 ,𝑗 ,𝑘  and 𝑂𝑀𝑆      

𝑖 ,𝑗 ,𝑘  are the mean values 

calculated by using an averaging filter for a 

neighbourhood equivalent in size to the spatial resolution 

of the low-resolution data.Similarly this operation can be 

applied to enhance each SMS band leading to the 

calculation of the FMS band.  

Figure 5 shows results of enhanced simulated images. 

Figure 5(a) shows blue band from original Landsat 

multispectral data, while Figure 5(b) shows simulated 

multispectral band 1 corresponding to band 1 of Landsat 

data. Figure 5(c) shows the fused result for band 1. It is 

clearly evident that features have become sharper in the 

fused result. Now this detail has to be transferred to each 

hyperspectral band which participated in simulation of 

this band. 

 

         
 

                             
 

 

 

3.3 Generating Fused Hyperspectral (FHS) 

Bands Using Vector Decomposition 

The previous stage generates FMS bands. The spatial 

detail from FMS bands has to be transferred into 

hyperspectral bands. The process of detail transfer is 

explained geometrically. 

 

From equation 2, we have 

Fig 5. (a) OMS band 1(blue band), (b) SMS band1, (c) FMS band1 

(a) 

(b) 

(c) 

Table1. Bands selected for ehancement by first four bands of Landsat 

sensor. 

(1) 

(2) 

(3) 

(4) 

1236



𝑠1𝑣1 + 𝑠2𝑣2 + ⋯ + 𝑠𝑚𝑣𝑚 = 𝑆𝑀𝑆𝑖 ,𝑗 ,𝑘  

 

This is the equation of a m – dimensional hyperplane on 

which we know a point, V. Say normal of this plane is 𝑛 .   

Say F be the m – dimensional vector representing fused 

hyperspectral value for the m selected bands and which 

has to be estimated. Fused multispectral (FMS) data can 

alternatively be estimated using the sensor simulation 

strategy from section (3.1) . 

  

𝑠1𝑓1 + 𝑠2𝑓2 + ⋯ +  𝑠𝑚𝑓𝑚 = 𝐹𝑀𝑆𝑖 ,𝑗 ,𝑘  

 

Again this is an equation of an m – dimensional 

hyperplane on which we wish to estimate the point F. 

Equations 4 and 5 represent two parallel hyperplanes 

which are separated by a distance d equal to the difference 

between the simulated and fused multispectral values at 

that pixel. We estimate point F as the projection of V 

along the normal 𝑛  on to the hyperplane represented by 

equation 3. Figure 6 illustrates the method of estimation 

using two dimensions.  

 
 

 

The two axes represent two bands of hyperspectral data 

which have simulated a multispectral band. Say, x and y 

are the values in these bands for a pixel. d is the difference 

between the simulated multispectral value and the fused 

multispectral value at that pixel. P1 is the plane that 

represents  equation 4 . P2 is the plane that represents the 

equation 5. Here (x,y) can be understood as the 

components of vector V and (x+dcosα, y+dcos(90-α)) can 

be understood as the components of F.  

4 Results 

Following figure shows RGB composite of FHS bands 

using bands 31,20,8 respectively along with input 

hyperspectral data(UHS). Results in Figure 7 clearly 

shows that features in the fused result have become 

sharper than that of input hyperspectral image.  

 

 

 
 

 
 

 

 

Next figure shows the impact of detail transfer in 

simulated bands on the final results. 

 

 

               
 

 

 

 The difference between figure 7 (b) and 8 clearly show 

that spatial detail are better in the case when OMS bands 

were used as FMS bands. The reason for this behavior is 

that spatial detail were better in OMS bands as compared 

to FMS bands obtained through SFIM sharpening. So, 

different techniques of sharpening will lead to different 

final hyperspectral outputs. 

The results of the algorithm have been compared 

visually with Principal Component(PC) spectral 

sharpening implemented.  

Fig 6. Geometric interpretation of Vector decomposition based 

detail transfer. 

P1 

P2 

(a) 

Fig 7. (a) RGB composite of UHS image, (b) RGB composite of 

FHS image 

(b) 

Fig 8. FHS result generated using OMS bands as FMS bands 

(5) 
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Figure 9 shows that spatial detail has become come 

better in PC spectral sharpening result than the presented 

algorithm. PC spectral sharpening though suffers from the 

fact that features in high resolution image (multispectral 

image in this case) dominates the final result. But this is 

not the case with the presented algorithm. This shows that 

spectral preservation is not good in PC spectral sharpening 

than the presented algorithm. 

 

               
 

 

This happens because the FMS results obtained does not 

contain extra features from the OMS bands thus stopping 

those features from being transferred to the final fused 

hyperspectral results. Most of the time obtaining both 

datasets of the same timestamp will be difficult which in 

many cases will lead to difference in features in 

multispectral and hyperspectral datasets. So it is important 

that difference of features should not be included in the 

final hyperspectral results. 

5 Conclusions and Future Work 

     The paper presents a novel way of fusing hyperspectral 

data and multispectral data to obtain an image with good 

characteristics of both. Each stage of the algorithm has 

many choices of sub techniques. Choices made in these 

steps have a great impact on the final fused output as 

shown in the results. For each stage a very fundamental 

technique has been chosen as a proof of concept, in order 

to make the idea less complex and easy to understand. 

Obtaining the dataset of the same time periods is crucial 

as it leads to change in spectral content of the fused 

output. Like most other algorithms the performance of the 

algorithm might decrease at larger resolution differences 

due to upscaling of the data in the initial stage. Since the 

algorithm enhances only those hyperspectral bands which 

lie in wide-band SRF ranges of the multispectral bands, 

this leaves some of the bands unsharpened. This is the 

tradeoff that has been made to maintain spectral integrity 

of the fused output. At the application level, this drawback 

will not be consequential as the algorithm will give 

subsets of enhanced data in each region of the 

electromagnetic spectrum according to the SRFs of the 

multispectral bands. This will allow correct classification 

and material identification capabilities.  

In future, the algorithm will be implemented on different 

combinations of datasets. Each stage is planned to be 

modeled in a more complex way by changing the sub 

techniques. Also, quantitative analysis of the fusion 

results will be undertaken. Though in the present work all 

the bands are assumed to be linearly independent which 

gives orthogonal spaces in vector decomposition stage, in 

future work relation between bands will be taken into 

account and results will be analyzed using non linear 

spaces. Analysis of the algorithm at larger resolution 

difference will be done as this has a very far reaching 

impact on utility of fused output data that is generated by 

different algorithms. 
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