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3.  IMPROVEMENT OF SPATIAL RESOLUTION IN THE 

VISIBLE AND NEAR INFRARED REGIONS 

This part of my Ph.D has been focused on the improvement of spatial resolution in the Visible 

and Near Infrared spectral regions. In this work, data fusion techniques have been 

implemented. This research is part of the ASI – AGI project of the Italian Space Agency, 

described in section 3.1.  

ASI – AGI project includes the study of a new platform, called PRISMA, consisting of an 

hyperspectral sensor (HS) with a spatial resolution of 30 m and a panchromatic sensor (PAN) 

with a spatial resolution of 5 m. The “fusion” of this two kind of data will brings noticeable 

benefits for PRISMA application.  

The main goal of this work was to identify, develop and implement data fusion technique 

suitable for PRISMA sensor. These techniques have to preserve the spatial and the spectral 

resolution of PAN and HS image respectively.  

3.1 ASI-AGI PROJECT 

ASI-AGI (Agenzia Spaziale Italiana – Analisi Geofisiche Integrate) project is part of 

Research and Development activities connected to the hyperspectral mission PRISMA 

(PRecursore IperSpettrale della Missione Applicativa). ASI –AGI project is managed by the 

Istituto Nazionale di Geofisica e Vulcanologia (INGV) in Rome.  

The purpose of PRISMA mission is the monitoring and understanding of the earth's surface 

using an hyperspectral sensor combined with a panchromatic sensor. Considering prerogatives 

of this mission and the scientific and technical capacity of the proponent team applications 

were selected in the field of "land monitoring to support the management of natural and 

human-induced hazards " and in the field of "geology". 

The use of hyperspectral remote sensing data for applications in different areas is an issue of 

growing interest, mainly due to improvement in the quality of the data and processing 

techniques (sensors with improved performances, higher number of spectral bands , spatial 

resolution , signal / noise ratio , improved techniques of data pre-processing , etc . ) . In 

addition there are the continuous development of research and the continuous request for 



3. Improvement of spatial resolution in the Visible and Near Infrared regions 

56 
 

more accurate spatial information, for environmental monitoring (e.g. vegetation stress, lands 

degradation), for a sustainable management of natural resources (e.g. forests map , models for 

agriculture), for management of environmental risks (volcanic risk, coastal pollution), for the 

implementation of the conventions (protection of natural areas, Kyoto protocol). For example, 

in the field of forestry applications, which have traditionally been implemented using 

multispectral data, hyperspectral data can provide much more accurate and detailed 

measurements. These measurements may provide parameters such as the biomass of foliage, 

the percentage of closure of the foliage, foliar area index, density, etc. (Han and Goodenough, 

2002). It is also possible to obtain detailed measurements on chemical parameters, such as 

chlorophyll a and b, nitrogen, water content, which provide an important aid to agriculture 

(Goodenough, 2003), or to monitor vegetation stress(Lawrence and Labus, 2004). 

In the field of environmental risks, hyperspectral data have been successfully used in many 

applications. For volcanic monitoring, it is necessary to have monitoring systems that detect a 

variety of physical and chemical parameters indicative of the state of the volcanic system. The 

forecast in the short or medium time is based on the recognition and measurement of the 

phenomena accompanying the ascent of magma to the surface, which are called precursory 

phenomena. 

In this context, the introduction of Earth Observation Systems (EOSs) is bringing significant 

advantages (Francis et al., 1987; Harris et al., 1999; Dehn et al., 2000; Dehn et al., 2002). An 

important indicator is the ratio between gas content CO2/SO2, which can be related with the 

movement of volcanic magma. The columnar content of SO2 can be estimated using the 

absorption band of SO2 correspondent to 8.7 microns, while the CO2 shows an important 

characteristic absorption band at about 2.00 microns (Realmuto et al., 1994 Teggi et al., 

1999). 

Environmental protection and land management goes through the definition of retail land use, 

need for regular monitoring especially in geographical areas subject to change of use. The 

availability of a greater number of bands allows you to create maps of land use with greater 

thematic detail and better accuracy. The possibility of create and update land cover maps with 

high thematic detail and high accuracy can be applied to issues such as: natural resource 

management, biodiversity management, wetlands monitoring, mapping of invasive species 

and of toxic sites, etc.. 
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The PRISMA mission provide an adequate spatial, spectral and temporal resolution, to 

estimate some of these gases, to analyze the content in aerosols, to estimate the heat flux and 

the rate of effusion of a lava flow. These studies depend heavily on the characteristics of the 

sensor. The ASI-AGI project aim is to investigate and develop algorithms dedicated to the 

analysis of geophysical phenomena in the field of geology and volcanology and to investigate, 

define and develop pan-sharpening algorithms, topographic correction and atmospheric 

corrections. 

All of the issues examined in the previous sections are included in the GMES protocol 

(Global Monitoring Environment and Security), which is a European initiative for the 

implementation of information services timely, reliable and continuous support to institutional 

and private decision makers, regard to the environment and safety. 

With PRISMA mission, ASI will cover a strategic sector in the spaceborne sensoristic, giving 

continuity to the current missions, essentially managed by NASA (Hyperion, ASTER) and 

concentrating within the EU the availability of hyperspectral data. Within the EU, this type of 

data is nowadays available from the spaceborne sensor CHRIS PROBA managed by ESA 

which only covers the spectral range between 400 and 1000 nm (VNIR). 

3.1.1 PRISMA 

PRISMA (PRecursore IperSpettrale della Missione Applicativa) is an hyperspectral sensor 

that will be launched approximately in 2017 (Figure 3.1). It is an earth observation system 

composed by an hyperspectral camera with a spatial resolution of 30 m and a panchromatic 

camera with a spectral resolution of 5 m.  

PRISMA is on an LEO SSO (Low Earth orbit - Sun-synchronous orbit) orbit with an 

operational life of 3 years (of 2 years). Pushbroom concept based, the instrument provides 

hyperspectral images of the Earth at 30m spatial resolution, 30km swath width in about 250 

spectral bands at spectral resolution better than 10nm. Hyperspectral range covered are visible 

and near infrared (VNIR) and short wave infrared (SWIR) bands, with panchromatic images 

provided at higher resolution (5m), co-registered to the hyperspectral ones, so to allow testing 

of images fusion techniques. (Labate et al., 2009) 

 



3. Improvement of spatial resolution in the Visible and Near Infrared regions 

58 
 

 

Figure 3.1: PRISMA sensor 

 

 VNIR CHANNEL SWIR CHANNEL 
PAN 

CHANNEL 

Spectral range (nm) 400-1010 920-2505 400-750 

Spectral resolution (nm)  10  10 - 

Swath width (km) 30 30 30 

Spatial resolution (m) 30 30 5 

Spectral bands 92 157 1 

S/N ratio 

> 200 on 0.4-1.0 µm > 200 on 1.0-1.75 µm 240 

600 at 0.65µ m > 400 on 1.55 µm  

 > 100 on 1.95-2.35 µm  

 > 200 at 2.1 µm  

Table 3.1: Summary of PRISMA instrument performances (Labate et al., 2009) 

 

The instrument is characterized by a signal-to-noise ratio (SNR) > 200 in the VNIR range, 

with a peak of 600 at 650 nm, and a SNR > 200 in the SWIR range, with a peak of 400 at 

1550 nm. These SNR values refer to a typical scenario of 30% reflectance at a 30° Sun Zenith 

angle (SZA )at top of atmosphere (TOA) for mid-latitude summer. (Labate et al., 2009) 

PARAMETER PRISMA 

Volume (LxWxH) (mm) 700x700x750 

Weight (kg) <80 

Average power (W) <60 

Standby power (W) <40 

  

Aperture (mm) 210 

IFOV (mrad) 0.043 

Crosstrack FOV (deg) 2.45 

  

Digitization (bit) 12 

Frame rate (Hz) 227 

Table 3.2: Summary of PRISMA instrument characteristics 
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The overall instrument spectral coverage (400–2500 nm) is split into two channels (VNIR and 

SWIR), adopting two different focal plane arrays. A third panchromatic channel covers the 

interval 400–700 nm. The VNIR channel covers the range from 400 nm to slightly over 1000 

nm with 92 spectral bands, while the SWIR channel ranges from 920 to 2505 nm with 157 

bands. Due to the adopted optical design, the spectral dispersion is not constant with 

wavelength and spans the range 3.8–8.8 nm over the VNIR spectral range and 5.3–8.6nm over 

the SWIR spectral range. (Labate et al., 2009) 

Table 3.1 contains a summary of instrument performances. In Table 3.2 main characteristics 

of PRISMA sensor are reported. The primary area of interest includes all Europe (Figure 3.2) 

and it is bounded by the following coordinates: 

 Latitude: from 10° West   to 50°East; 

 Longitude: from 30° Nord  to 70°Nord; 

 

Figure 3.2: Area of primary interest 

 

Figure 3.3 shows mission products generated hierarchically, starting from the data acquired 

by the sensor, in the following order: 

Level 0 product: 

 Raw data and metadata.  

Level 1 product, (level 0 products radiometrically calibrated): 

 Top of atmosphere spectral radiance (PAN); 
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 Top of atmosphere spectral radiance (HS).  

Level 1 products will include: 

 Cloud cover; 

 Map of the reflections of the sun; 

 Calibration and characterization of the data; 

 Data mask (pixel classification: water, vegetation, forest, cultivated, non-vegetated 

areas, cloud, snow). 

 

 

Figure 3.3: PRISMA mission products 

 

Level 2b products, obtained by applying the atmospheric correction and geocoding of the 

terrestrial ellipsoid to level 1 data: 

 Georeferenced spectral radiance (PAN); 

 Georeferenced spectral radiance (HS). 

Level 2c products, obtained by applying the atmospheric correction and geocoding of the 

terrestrial ellipsoid to level 1 data: 
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 Spectral reflectance (PAN); 

 Spectral reflectance (HS). 

Level 2c product will include: 

 Aerosol optical thickness and Angstrom exponent maps; 

 Water vapor; 

 Cloud optical thickness maps. 

Level 2d products, obtained by applying the DEM (Digital Elevation Model) to level 2c data: 

 Georeferenced spectral reflectance (PAN); 

 Georeferenced spectral reflectance (HS). 

Level 1 and level 2 products will be provide in HDF format (Hierarchical Data Format). 

3.2 DATA FUSION AND PAN-SHARPENING TECHNIQUES 

The main spectral characteristic of the Panchromatic (Pan) modality is to cover a broad range 

of the wavelength spectrum, whereas an  hyperspectral (HS) or multispectral (MS) band 

covers only a narrow spectral range. Since more energy comes to Pan sensor, time acquisition 

can be reduced still preserving the same intensity response as HS images in terms of the 

number of photons. The advantage of the Pan image is a smaller size of pixels and, hence, 

better spatial resolution. The Pan image, thus, combines low spectral resolution and high 

spatial resolution, whereas the HS image combines reverse characteristics. The design of HS 

sensors with better resolution is limited by technical constraints of onboard storage and 

bandwidth transmission of the images from the satellite to the ground (Thomas et al., 2008). 

Therefore, due to a combination of observational constraints imposed by the acquisition 

system, spaceborne imagery usually provides separated but complementary product types. An 

increasing number of applications such as feature detection (Filippidis et al., 2000) or land 

cover classification (Huang and Te-Ming, 2003) require high spatial and high spectral 

resolution at the same time for improved classification results, strengthened reliability, and/or 

a better visual interpretation. 

In response to those requirements, image fusion has become a powerful solution to provide an 

image containing the spectral content of the original HS images with enhanced spatial 

resolution. Here some definition of “data fusion”: 
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 Wald (1999): “image fusion is a formal framework in which are expressed means and 

tools for the alliance of data originating from different sources. It aims at obtaining 

information of a greater quality, although the exact definition of ‘greater quality’ will 

depend on the application”. 

 Piella (2002) “the process of combining multiple input images into a smaller 

collection of images, usually a single one, which contains the relevant’ information 

from the inputs, in order to enable a good understanding of the scene, not only in 

terms of position and geometry, but more importantly, in terms of semantic 

interpretation”;  

 Pohl and Van Genderen (1998) “Image fusion is the combination of two or more 

different images to form a new image by using a certain algorithm”; 

 Hall and Llinas (1997) “Data fusion techniques combine data from multiple sensors, 

and related information from associated databases, to achieve improved accuracies and 

more specific inferences than could be achieved by the use of a single sensor alone”; 

 Li et. al. (1993) “signal-level fusion refers to the combination of a group of sensors 

with the objective of producing a single signal of greater quality and reliability”; 

 U.S. Department of Defense (1991) “A process dealing with the association, 

correlation, and combination of data and information from single and multiple sources 

to achieve refined position and identity estimates, and complete and timely 

assessments of situations and threats as well as their significance.”. 

 

This particular field of application of data fusion is usually called pan-sharpening. It is the 

synthesis of hyperspectral images to the higher spatial resolution of the panchromatic image. 

The synthesis of fused HS images should be as close as possible to those that would have 

been observed if the corresponding sensors had the spatial resolution of the panchromatic 

sensor. 

All imaging applications that require  analysis of two or more images of a scene can benefit 

from image fusion (Wang et al., 2005). An high-quality synthesis of spectral information is 

very important for most remote sensing applications based on spectral signatures, such as 

lithology and soil and vegetation analysis (Liu, 2000). Garguet-Duport et al. (1996) has 

shown that the high-quality synthesis of spectral information is particularly well suited in the 

case of vegetation analysis. 
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Image fusion methods currently used are very numerous and have different characteristics. N 

scientific literature there are many classification types of these methods. 

For Pohl and Van Genderen (1998) image fusion is performed at three different processing 

levels according to the stage at which the fusion takes place: 

1. Pixel 

2. Feature 

3. Decision level. 

These levels refer to fusion algorithms able to confer resolution respectively low, medium or 

high. At pixel level, fusion procedures act directly on the physical values measured by the 

sensor (DN); at feature level, some features such as contours, areas, shapes, etc are extracted, 

from original images, before the fusion process., while at decision level, extracted objects are 

subjected to a phase of interpretation, which increases the initial information content. 

 

Figure 3.4: Level of image fusion process (from Pohl et al., 1998) 

 

Currently the most widely used classification in the one of Wald and Ranchin (2000):  

 Projection and substitution methods; 

 Relative spectral contribution methods; 

 ARSIS methods (Amélioration de la Résolution Spatiale par Injection de Structures). 

First of all an introduction on the symbols used has to be done, trying to follow symbols most 

commonly adopted in the scientific literature. 
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A, is the panchromatic image (PAN) and Bk are images acquired in the k band from the 

multispectral sensor. The subscript “h” indicates the high spatial resolution of the PAN sensor 

and the subscript “l” indicates the low spatial resolution of the multispectral sensor. The apex 

“*” indicates a synthetic image obtained by the fusion process.  

Following this notation, the image produced by the fusion of the Pan image with the MS 

image can be expressed mathematically by the function f: 

),()( **

hklkhhkl ABfBB            (3.1) 

Synthetic images Bkh
*
 must respect the three following properties (Wald, 2002): 

First property 

Any synthetic image Bh
*
 once degradated to its original resolution l, should be as identical as 

possible to the original image Bl. The difference between Bkl e Bkh
*
 must remain below a 

reference value set according to the needs or demands for accuracy. 

Second property 

Any synthetic image Bkh
*
 should be as identical as possible to the image Bkh that the 

corresponding sensor would observe with the highest spatial resolution h, if existent. The 

second property does not imply an accurate synthesis of the multimodality properties of the 

set B when increasing the spatial resolution. This should be an additional property.  

Third property 

The multispectral set of synthetic images Bh
*
 should be as identical as possible to the 

multispectral set of images Bh that the corresponding sensor would observe with the highest 

spatial resolution h, if existent. The difference between Bh
*
 e Bh must remain below a 

reference value. 

3.2.1 PROJECTION AND SUBSTITUTION METHODS 

These methods use a vector approach since all the bands of the multispectral sensor are 

simultaneously fused. Bands of the multispectral image are projected into another space, 

where one of the components exhibits most of the structures present in the set Bl. This 

component is replaced by the image Ah. The inverse projection is performed and the synthetic 

images Bkh
*
 are obtained.  
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Among these projection and substitution methods, the IHS (Intensity, Hue, Saturation) and 

PCA (Principal Component Analysis) methods are the most used. 

3.2.1.1 IHS TRANSFORM  

The IHS technique is a standard procedure in image fusion, with the major limitation that only 

three bands are involved (Chavez et al., 1988; Carper et al., 1990; Edwards et al., 1994; 

Schetselaar et al., 1998; Wang et al., 2005 ). Originally, it was based on the RGB true color 

space. It offers the advantage that the separate channels outline certain color properties, 

namely intensity (I), hue (H), and saturation (S). Intensity (I) is a measure of brightness, with 

zero representing black, or no brightness, and one representing white, or full brightness. It is 

also sometimes called luminance (L). Hue (H) is the colour, measured as the angle around a 

colour wheel or colour hexagon, while saturation (S) is the amount of colour, with zero 

representing grey, or no colour, and one representing full colour (Amolins et al., 2007). This 

specific color space is often chosen because the visual cognitive system of human beings 

tends to treat these three components as roughly orthogonal perceptual axes. However, in 

remote sensing, arbitrary bands are usually assigned to the RGB channels to produce false 

color composites for display purposes only (Wang et al., 2005 ). The IHS technique usually 

comprises four steps:  

1) Transform the red, green, and blue (RGB) channels (corresponding to three 

multispectral bands) to IHS components;  

2) Match the histogram of the panchromatic image with the intensity component; 

3) Replace the intensity component with the stretched panchromatic image; 

4) Inverse-transform IHS channels to RGB channels.  

The resultant color composite will then have a higher spatial resolution in terms of 

topographic texture information. The forward transform of this method is described by (3.2), 

(3.3), (3.4), while (3.5), (3.6), (3.7) describes the backward transformation. 
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Various pre-processing steps, such as geometric correction or histogram standardization, can 

be applied to the images before fusion, in addition to registration and resampling, to improve 

the fusion results. The main problem of this method compared with other fusion techniques, is 

the limited ability to preserve the spectral information after the pan-sharpening procedure 

(Brivio et al., 2006). The standard IHS scheme is shown in Figure 3.5. 

 

Figure 3.5: Standard IHS fusion scheme (Amolins et al., 2007) 

 

3.2.1.2 PRINCIPAL COMPONENTS METHOD 

The PCA method is similar to the IHS method, with the main advantage that an arbitrary 

number of bands can be used (Zhou et al., 1998 ; Chavez et al., 1989).The input low 

resolution multispectral images are first transformed into the same number of uncorrelated 

principal components. The first principal component image contains the information that is 

common to all the bands used as input to PCA, while the spectral information that is unique to 

any of the bands is mapped to the other components. Then, similar to the IHS method, the 

first principal component (PC1) is replaced by the high resolution panchromatic image, which 

is first stretched to have the same mean and variance as PC1. As a last step, the high 

resolution panchromatic images are determined by performing the inverse PCA transform. 

The mathematical models of the forward and backward processes are represented by (3.8) and 

(3.9). The transformation matrix v contains the eigenvectors, ordered with respect to their 

eigenvalues. It is orthogonal and determined either from the covariance matrix or the 
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correlation matrix of the input low resolution multispectral images. PCA performed using the 

covariance matrix is referred to as unstandardized PCA, while PCA performed using the 

correlation matrix is referred to as standardized PCA (Wang et al., 2005). 
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Where n è is the total number of bands of the multispectral image. 

























































PCn

PC

A

vnnvnvn

nvvv

nvvv

B

B

B h

nh

h

h













2

'

21

22221

11211

2

1

        (3.9) 

 

 

Figure 3.6: Standard PCA fusion scheme 

 

In the PCA method, information content carried from the Ah image is not injected in equal 

measure in the original bands, but it is divided between them according to the degree of 

correlation and this increases the spectral information preservation in the fusion process. 

Figure 3.6 shows the PCA fusion scheme.  

3.2.1.3 GRAM-SCHMIDT TRANSFORM 

Gram-Schmidt transformation is performed on the simulated lower spatial resolution 

panchromatic image and the plurality of lower spatial resolution spectral band images, 

wherein the simulated lower spatial resolution panchromatic image is employed as the first 

band in the Gram-Schmidt transformation. The statistics of the higher spatial resolution 
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panchromatic image are adjusted to match the statistics of the first transform band resulting 

from the Gram-Schmidt transformation and the higher spatial resolution panchromatic image 

(with adjusted statistics) is substituted for the first transform band resulting from the Gram-

Schmidt transformation to produce a new set of transform bands .Finally the inverse Gram-

Schmidt transform is performed on the new set of transform bands to produce the enhanced 

spatial resolution multispectral digital image (Laben, 2000).  

This method has two main advantages: first, there is no limit to the number of bands that can 

be processed at one time using this technique. Secondly, the spectral characteristics of the 

lower spatial resolution multispectral data are preserved in the higher spatial resolution, pan-

sharpened multispectral data (Laben, 2000).  

Before applying the Gram-Schmidt algorithm, images must be registered and of the same 

scale. 

In Gram-Schmidt algorithm, the lower resolution panchromatic image is simulated in two 

methods. In the first method, the appropriate lower resolution MS bands are combined into a 

single, simulated lower resolution panchromatic band. In order to simulate this lower 

resolution panchromatic band, appropriate weights need to be calculated and used in the 

combining process. Figure 3.7 shows the spectral response characteristic for a hypothetical 

four band multispectral system that has an ideal blue (B), green (G), red (R) and near infrared 

(NIR) band. Also shown in Figure 3.7 are the optical transmittance (OT) and the spectral 

response (SR) of the PAN band for the system that is to be simulated. 

In order to combine the multispectral data into the simulated PAN band, weights for each of 

the four bands can be calculated by: 

    ∫    
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The simulated PAN band can be create by: 

              )         )         )            )             (3.14) 
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Figure 3.7: Spectral response characteristic for a hypothetical four band multispectral system (Laben, 

2000) 

 

The second method for simulating the lower resolution pan band involves producing it from 

the higher resolution PAN band. The higher resolution PAN band is blurred, sub-sampled and 

interpolated up to the appropriate scale. 

The simulated low resolution PAN band is now used as the first bad of the low resolution 

multispectral data which is to be input into the original multispectral band to Gram-Schmidt 

(GS) transform or 

        )                  )                  (3.15) 

where i is the row number and j is the column number, and GS1 is the first Gram-Schmidt 

transformed band (Laben, 2000). 

3.2.2 RELATIVE SPECTRAL CONTRIBUTION METHODS 

These methods are based on the linear combination of bands. The fundamental assumption 

consists of considering that low-resolution PAN can be written as a linear combination of 

original MS images. This assumption comes from the overlap of the spectral bands 

    ∑      
 
              with N= Number of bands                (3.16) 
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The weights αk are related to the spectral contribution of the low-resolution version of the Pan 

modality to each MS band. A filtering operation applied on the Pan image is, thus, implicitly 

required (Thomas et al., 2008). 

3.2.2.1 COLOR NORMALIZED (BROVEY)  

Color Normalized (Brovey) method is one of the more simple relative contribution method. It 

is possible to find this method in a large number of commercial software but it is often not 

very well implemented. It should work with radiance values and the software should pretend 

calibration coefficient but it is often applied to gray levels. This provoke distortions in 

spectral content.  

Color Normalized (Brovey) sharpening applies a sharpening technique that uses a 

mathematical combination of the color image and high resolution data. Each band in the color 

image is multiplied by a ratio of the high resolution data divided by the sum of the color 

bands. The function automatically resamples the three color bands to the high-resolution pixel 

size using a nearest neighbor, or bilinear, or cubic convolution resampling. The output RGB 

images will have the pixel size of the input high-resolution data. The main limitation of this 

method is that only three bands could be processed (ENVI User guide, 2007). 

3.2.2.2 COLOR NORMALIZED SPECTRAL SHARPENING 

Color Normalized Spectral Sharpening (CNSS) is an extension of Color Normalized (Brovey) 

algorithm. CNSS method could be used to simultaneously fuse a large number of bands.  

The synthetic image obtained presents the same measurement units, data type, dynamic range 

and geometry identical to those of the input image. The size of the pixels match those of the 

panchromatic image. The spectral content is often incorrectly preserved after spatial 

resolution improvement. Relative spectral contribution methods require that the mean of the 

synthesized images is equal to that of the original images. This is the worst disadvantage since 

observations demonstrate that, for the same landscape, the mean of an image varies with the 

spatial resolution (Brivio et al., 2006; ENVI User Guide, 2007). 

3.2.3  “ARSIS” METHODS 

ARSIS is the acronym of “Amèlioration de la Resolution Spatiale par Injection de Structures” 

(improvement of spatial resolution by structure injection). 
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The ARSIS concept is based upon the use of multi scale techniques in order to inject the high 

frequencies that are missing into images of lowest resolution. Here multiscale techniques refer 

to mathematical tools, which are calling upon convolution and image filtering. These tools 

perform a hierarchical description, modeling and synthesis of the information content relative 

to spatial structures in an image (Wald, 2002). 

A method belonging to the ARSIS concept performs typically the following operations: 

1. The extraction of a set of information from the set A; 

2. The inference of the information that is missing to the images Bkl using this extracted 

information; 

3. The construction of the synthesized images Bkh
*
. 

High Pass filtering method and wavelet based methods are typical examples of ARSIS 

technique.  

3.2.3.1 HPF – HIGH-PASS FILTERING METHOD 

In the HPF method, a high pass filtering (HPF) is applied to the high spatial resolution  image 

Ah in order to extract the high frequencies representing the small structures between scale h 

and l. Then, these high frequencies are introduced in the multispectral image Bl by addition, 

which leads to the symbolic image Bh
*
(Wald, 2002). 

This method preserves a high percentage of the spectral characteristics, since the spatial 

information is associated with the high-frequency information of the high resolution 

multispectral images, which is from the high resolution panchromatic image, and the spectral 

information is associated with the low-frequency information of the high resolution 

multispectral images, which is from the low resolution multispectral images. The 

mathematical model is:  

)(*

lhlh AABB                      (3.17) 

Where 0*hAA hl   and h0 is a low-pass filter such as a boxcar filter (Wang et al., 2005). 

This method show limitations such as the distortion of spectral information or the injection, 

together with the detail information, of the noise of the high resolution image (noise is an high 

frequency component that is extracted and increate by the high pass filter). Wavelet 

transforms are essentially extensions of the idea of high pass filtering. 
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3.2.3.2 WAVELET TRANSFORM 

Wavelet-based fusion schemes are extensions of the high-pass filter method, which makes use 

of the idea that spatial detail is contained in high frequencies. In the wavelet-based fusion 

schemes, detail information is extracted from the PAN image using wavelet transforms and 

injected into the MS image. Distortion of the spectral information is minimized; however, 

there may be other negative effects. Some of these effects result from the type of wavelet 

transform that is used while others result from the method of injecting detail information into 

the MS image. Various models exist for injection information, with the simplest model being 

by substitution. Another simple model is by addition, while more complex methods apply 

mathematical models to the detail images. Regardless of the model, the images to which it is 

applied must be at the same resolution. Depending on the ratio of the original image 

resolutions, this could necessitate multiple levels of decomposition for the higher resolution 

image. (Amolins et al., 2007). 

Over the past decade, there has been an increasing amount of research into the applications of 

wavelet transforms to remote sensing, particularly in image fusion. It has been found that 

wavelets can be used to extract detail information from one image and inject it into another, 

since this information is contained in high frequencies and wavelets can be used to select a set 

of frequencies in both time and space. The resulting merged image, which can in fact be a 

combination of any number of images, contains the best characteristics of all the original 

images. (Chui, 1992; Prasad et al., 1997; Mallat 1999). 

Wavelet transforms provide a framework in which a signal is decomposed, with each level 

corresponding to a coarser resolution, or lower frequency band. There are two main groups of 

transforms, continuous and discrete. For ASI –AGI project we focused on discrete wavelet 

transform, the most commonly used. 

DWT: Discrete wavelet transform 

The term discrete wavelet transform (DWT) is a general term, encompassing several different 

methods. It must be noted that the signal itself is continuous; discrete refers to discrete sets of 

dilation and translation factors and discrete sampling of the signal. The process of applying 

the DWT can be represented as a bank of filters, as in Figure 3.8. 
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Figure 3.8: Three-level one-dimensional discrete wavelet transform. a) Filter bank representation. b) 

Results in frequency domain (Amolins et al.,, 2007) 

 

At each level of decomposition, the signal is split into high frequency and low frequency 

components; the low frequency components can be further decomposed until the desired 

resolution is reached. When multiple levels of decomposition are applied, the process is 

referred to as multiresolution decomposition. In practice when wavelet decomposition is used 

for image fusion, one level of decomposition can be sufficient, but this depends on the ratio of 

the spatial resolutions of the images being fused (Amolins et al., 2007). 

Substitutive wavelet fusion scheme  

The substitutive wavelet method is similar to the standard IHS and PCA schemes. It involves 

completely replacing information from one image with information from the other image. The 

main steps of this method are:  

1. Transform both the PAN and MS images, using the DWT 

2. Replace the detail images of the MS image with those of the PAN image, or 

equivalently replace the approximation of the PAN image with the approximation of 

the MS image. 

3. Perform the inverse transform on the new combined set of images. 

A single copy of the PAN image can be used or alternately a set of PAN images can be 

generated, each one histogram matched to a specific band in the MS image. In the latter case, 
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the transform is applied to both the set of PAN images and to the bands of the MS image and 

the substitution is applied between the corresponding transformed PAN and MS images. This 

is a more involved approach, but there are potential benefits associated with the histogram 

matching, including a simplification of the processing whereby the wavelet transform is 

applied only to the PAN images and their approximations are replaced by the actual MS 

images, provided these are at the same resolution as the PAN approximation images. 

Additive wavelet fusion scheme 

The main steps of the additive wavelet method are: 

1. Generate one PAN image for each MS band, histogram-matched to that band. 

2. Apply one of the DWTs described above to both the MS and the new PAN images. 

3. Add the detail images from the transformed PAN images to those of the transformed 

MS images. If multiple decompositions were applied, add the detail images at each 

resolution level. 

4. Perform the inverse transform on the MS images with added PAN detail.  

If a non-separated filter is used, the procedure can be simplified, with the transform applied 

only to the new PAN images and the resulting wavelet planes added directly to the MS 

images; no inverse transform is then needed (Gonzalez et al., 2005). Figure 3.9 illustrates the 

additive wavelet method with conventional DWT and when a non-separated filter is applied 

(the PAN image is assumed to be already histogram-matched to MS1, one of the MS bands). 

 

Figure 3.9: Additive wavelet fusion scheme for one MS band. a) Using a conventional DWT. b) Using an 

NDWT (Amolins et al., 2007) 

 

3.2.3.3 Á TROUS WAVELET TRANSFORM 

The term “à trous” was originally introduced in Dutilleux (1989). It is based on the 

undecimated dyadic wavelet transform and is particularly suitable for signal processing since 
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it is isotropic and shift-invariant and does not create artifacts when used in image processing 

(Shensa, 1992; Murtagh et al., 2000). Its application to image fusion is reported in Aiazzi et 

al.(2002) and Nunez et al.(1999). Given an image p, the sequence of its approximations by 

multiresolution decomposition is  

....,)(,)( 2211 ppFppF                     (3.18) 

The wavelet planes wj are computed as the difference between two consecutive 

approximations (Nunez et al., 1999) 

pprjppw jjj   01 ,,....1,                   (3.19) 

The reconstruction formula can be written as 





r

j

jr wpp
1

                    (3.20) 

Where r refers to the decomposition level. To construct the sequence, the à trous algorithm 

performs successive convolutions with a filter h0 obtained from the scaling function. The use 

of a B3 cubic spline yields a dyadic low-pass scaling function such as h0 = (1/16)[1.4,6.4,1] in 

one dimension. There are several possible ways of using the à trous algorithm in image fusion 

(Aiazzi et al., 2002; Nunez et al., 1999; Ranchin et al., 2003; Wang et al., 2005). 

 

3.2.4 "HYBRID" METHODS 

A number of methods have been developed that attempt to combine the best aspects of 

standard methods and wavelet methods. In particular, a great deal of research has focused on 

incorporating the PCA transform into wavelet methods, since the PCA fusion methods 

performs well spatially while the wavelet fusion methods perform well spectrally. They can 

be combined as follows: 

1. Convert HS bands to PC; 

2. Generate a new PAN image histogram-matched to PC1 component; 

3. Apply DWT (Discrete Wavelet Transform (Amolins et al., 2007) to new PAN and 

PC1 images; 

4. Apply selected model (substitution, addition, etc..) to obtain set of approximation and   

detail images; 
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5. Perform inverse DWT to obtain fused PC1 component; 

6. Convert new PC to HS bands. 

The model applied in step 4 can be of any type described in section 3.2.3.2, with the PC1 

component taking the place of the MS image.  

3.2.5 INPUT IMAGE CHARACTERISTICS 

If there are differences between the two acquired images on which perform image fusion 

process, there could be difficulties that generate unsatisfactory results. These differences may 

be caused by discontinuities in the acquisition times or differences in the spectral bands of 

acquisition. For this reason it is necessary to pay close attention to the physical phenomena 

that characterize the acquisition of images. 

Generally, MS and Pan modalities often display the same geographic area. We assume that 

Pan and MS input data sets are a priori geometrically registered. The task of registration is a 

very challenging one, particularly when images come from different platforms. Blanc et al. 

(1998) showed that a geometrical distortion of only 0.1 pixel in standard deviation produces a 

noticeable effect on the quality of fused images resulting from a pixel-to-pixel fusion process. 

Nevertheless, even with perfectly coregistered images, the Pan and MS data sets can locally 

exhibit some dissimilarities, whose origin is not always well understood by the fusion 

community (Zhou et al., 1998; Zhang, 1999). This can impact the quality of fused images 

(Thomas et al., 2008).  

One of the most common dissimilarities is object occultation. The first possible cause of 

occultation is when the time lag in the acquisition of the Pan and MS images is not close to 

zero. Several transformations may occur in this lapse of time—variations in vegetation 

depending on the season, different illumination conditions, development of suburbs, or 

changes due to natural catastrophes (earthquakes, floods, volcano eruptions, etc.) (Thomas et 

al., 2008). 

Even if the Pan and MS images are said to be acquired at the same time, acquisition moments 

are not precisely identical. Moreover, the two sensors do not exactly aim at the same 

direction. These two facts have an impact on the imaging of fast-moving objects. For 

example, the position of a vehicle might slightly differ from one image to another. 

Geometrically registered images superimpose most structures located in the whole images. 

Moving objects such as cars, lorries, or planes are locally no longer superimposable. The 
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consequence on fusion is that low-resolution moving objects might create a ghost 

corresponding to the low-resolution version of the moving object. Figure 3.10 comes from 

Google Earth, a tool that offers a worldwide coverage of fused products. The picture shows a 

plane over the city of Turin, Italy. This particular excerpt is a Quickbird fused product at the 

spatial resolution of the Pan modality (0.7 m). The high resolution plane is in bright white; 

however, a low-resolution multicolor and slightly shifted ghost of this plane also appeared 

during the fusion process (Thomas et al., 2008). 

 

Figure 3.10: True color composition of fused Quickbird images extracted from Google Earth over the city 

of Turin, Italy (Thomas et al., 2008) 

 

Many are the physical phenomena that interfere during the acquisition phase and, between 

them, several remain misunderstood even for researchers in the process of data fusion. 

3.3 QUALITY METRICS FOR PAN-SHARPENING 

ALGORITHMS 

Image quality assessment plays an important role in remote sensing applications, where both 

spatial and spectral variations characterization are needed. The primary use of image quality 

metrics is to quantitatively measure the quality of an image that correlates with perceived 

quality. They are also used to benchmark different image processing algorithms by comparing 

the objective metrics. A good image quality metric should be consistent, accurate, and 

monotonic in predicting the quality of an image. Subjective and objective quality metrics are 
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the two types of metrics that are used to evaluate image quality (Jain, 1988). Subjective 

metrics are where users rate the image based on a scale. These ratings are useful, for example, 

to rate the effect of degradation caused due to an image compression algorithm. However, 

subjective ratings vary from user to user and usually are considered among a group of users. 

Objective quality metrics, on the other hand, try to quantify the difference in the image due to 

processing. Objective metrics exploit the pixel difference between images, the correlation 

between images, and changes in the histogram.  

The demand for high spatial and spectral resolutions imagery in applications like change 

analysis, environmental monitoring, cartography, and geology is increasing rapidly. A number 

of different pan-sharpening algorithms are used to produce images with both high spatial and 

spectral resolutions. The suitability of these images for various applications depends on the 

spectral and spatial quality of the pan-sharpened images. Hence, there is a need to 

quantitatively access the quality of different pan-sharpened images. Quantitative assessment is 

not easy as the images to be compared are at different spatial and spectral resolutions (Wald, 

1997). This study uses statistical, changes in classification, and feature level change measures 

to assess the quality of the images. The statistical measures are the spectral mean square error 

and root mean square error, correlation coefficients, and histogram based metrics. The 

variation in the normalized differential vegetation index (NDVI) is also quantified. These 

metrics provide an effective means to assess the quality of pan-sharpening algorithms for 

various applications (Vijayaraj et al., 2004). The next sections discuss the quality metrics that 

are used in this study. 

3.3.1 VISUAL INSPECTION 

The visual analysis is a key to quality assessment. The objective comparison of the visual 

quality of multiple images is a difficult and lengthy task to handle. The human visual system 

is not equally sensitive to various type of distortion in an image. The perceived image quality 

is strongly dependent upon the observer and upon the thematic application. Standard 

protocols have been defined, in the field of television and image compression or Earth 

observation by airborne or spaceborne instruments.  

Several investigators are gathered together to perform an assessment. Several sets of fused 

products are shown to these investigators, who judge some well-defined aspects of images 

with respect to well established criteria. Then their notations are weighted and further 

processed to obtain a mean opinion score defining the quality of the result. When it comes to 
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the assessment of the quality of a set of multispectral images, the mass of data becomes very 

large. This dramatically increases the difficulty in computing a quantitative picture quality 

scale (Wald, 2002). 

The main advantage of the visual inspection is that it shows the trend of errors related to the 

characteristics of the image. The main disadvantage is that the assessment is subjective and 

therefore limited by physiological factors, such as the perception of color contrast, or by 

technical factors, such as the difficulties of representation or evaluation when images have 

many spectral bands. In the latter case, if the scene has a wide variety of objects, the color 

coding according to the first three principal components drastically reduces the differences 

between the set of multispectral images and the set of fused images, particularly in the case 

where these differences are random or not related to specific characteristics of the image or 

spectral bands. 

3.3.2 HISTOGRAM BASED METRICS 

The comparison of the histograms is a fairly good estimator of image quality, and is easy to 

handle. This method requires that the histogram of the frequency of each band remains 

unchanged. Nevertheless, very often it is possible to have differences between histograms of 

images of the same area, with in low and high resolution, related to the information content of 

the spatial high-frequency and not dependent on the fusion method. An image with high 

spatial resolution sometimes do not have exactly the same frequency histogram of an image 

with a lower spatial resolution. This means that the method of comparison of the histograms, 

although easy to use, is to be used with extreme caution. 

3.3.2.1 RELATIVE SHIFT IN THE MEAN  

The mean value of the pixels in a band is the central value of the distribution of the pixels in 

that band. The relative shift in the mean value quantifies the changes in the histogram of the 

image due to processing (Parcharidis et al., 2000). The relative shift in the mean is defined as 

%
anOriginalMe

anOriginalMeOutputMean
RM


                   (3.21) 

3.3.2.2 CHANGE IN STANDARD DEVIATION  

The standard deviation gives information about the spread of the histogram. The change in the 

standard deviation of the distribution is considered in addition to the shift in the mean. A 

combination of these two metrics quantifies the changes in the shape of the histogram of each 
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band. A sample histogram of an image is shown in Figure 3.11. The mean value and the 

standard deviation are also plotted. The histogram is spread over a large range of pixel DN 

values if the standard deviation is high. The relative shift in the mean and standard deviation 

help to visualize the change in the gray level distribution of the image bands. 

 

Figure 3.11: Sample histogram shown along with the mean and the standard deviation 

 

3.3.2.3 SKEWNESS AND KURTOSIS 

Skewness is a measure of symmetry, or more precisely, the lack of symmetry. A distribution, 

or data set, is symmetric if it looks the same to the left and right of the center point. If we 

indicate with xj the value of a pixel for band j , ¯x the mean of the image and N the number of 

bands, for remote sensing statistic skewness is computed as (ENVI user Guide, 2007): 
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The skewness for a normal distribution is zero, and any symmetric data should have a 

skewness near zero. Negative values for the skewness indicate data that are skewed left and 

positive values for the skewness indicate data that are skewed right. By skewed left, we mean 
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that the left tail is long relative to the right tail. Similarly, skewed right means that the right 

tail is long relative to the left tail. 

Kurtosis is a measure of whether the data are peaked or flat relative to a normal distribution. 

That is, data sets with high kurtosis tend to have a distinct peak near the mean, decline rather 

rapidly, and have heavy tails. Data sets with low kurtosis tend to have a flat top near the mean 

rather than a sharp peak. A uniform distribution would be the extreme case. Kurtosis for 

remote sensing is computed as(ENVI user Guide, 2007): 
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                  (3.23) 

This definition is used so that the standard normal distribution has a kurtosis of zero. In 

addition, positive kurtosis indicates a "peaked" distribution and negative kurtosis indicates a 

"flat" distribution. 

3.3.3 ENTROPY AND INCREASE IN INFORMATION 

Entropy is defined as the amount of information contained in a signal. The entropy of the 

image can be evaluated as 





d
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ii dpdpH
1

2 ))((log)(                    (3.24) 

where d is the number of gray levels possible and p(di) is the probability of occurrence of a 

particular gray level di. 

The increase in information metric is the difference in the entropy of each band of the original 

multispectral and the corresponding band in the sharpened image. The sharpened image 

should have more information compared to the original multispectral. 

3.3.4 NDVI BASED METRICS 

NDVI is an important feature that is used to distinguish between many classes in agricultural 

applications. This metric quantifies the variations in the NDVI due to any preprocessing. The 

correlation between the NDVI for both the sharpened and multispectral image is computed. 

High correlation among the NDVI values indicates good spectral quality of the pan-sharpened 

image. 
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3.3.5 CORRELATION COEFFICIENT  

The closeness between two images can be quantified in terms of the correlation function. The 

correlation coefficient ranges from –1 to +1. A correlation coefficient value of +1 indicates 

that the two images are highly correlated, i.e., very close to one another. A correlation 

coefficient of –1 indicates that the two images are exactly opposite to each other (Eskicioglu 

et al., 2005). The correlation coefficient is computed from: 
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Here A and B are the two images between which the correlation is computed. Correlation 

coefficients between two different sets of image bands were computed. The correlation 

between each band of the multispectral image before and after sharpening was computed. The 

best spectral information is available in the multispectral image and hence the pan-sharpened 

image bands should have a correlation closer to that between the multispectral image bands. 

The spectral quality of the sharpened image is good if the correlation values are closer to each 

other. Another set of correlation coefficients was computed between each band of the 

multispectral image and the panchromatic image. Since the panchromatic image has better 

spatial information, the correlation between the sharpened image bands and the pan image is 

expected to increase compared to that of the original multispectral. An increase in the 

correlation indicates an increase in the spatial information compared to the multispectral 

image.  

3.3.6 CLASSIFICATION BASED METRICS 

Another approach is to compare land use maps obtained after spectral (and possibly textural) 

classification of the fused products. This classification approach is valuable because land use 

mapping is often the goal of satellite image processing. This metric is applied when the pan-

sharpened and multispectral image are at the same spatial resolution. It is important to note 

that this metric does not indicate classification accuracy, as the classification is not compared 

with any ground truth. This metric is used to indicate the classification changes in the 

sharpened image bands compared to the corresponding multi or hyperspectral bands. To 

classify images and to evaluate classification based metrics software Satellite Image 
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Automatic Mapper
TM

 (SIAM
TM

) has been used. In the next section a brief description of this 

software is reported.  

3.3.6.1 SATELLITE IMAGE AUTOMATIC MAPPER
TM

 – SIAM
TM

 

Satellite Image Automatic Mapper
TM

 (SIAM
TM

) is a software produced by Baraldi 

Consultancy in Remote Sensing (BACRES) of Andrea Baraldi. This software has been 

furnished thank to the collaboration with Prof. Andrea Baraldi (Adjunct Associate Professor 

Department of Geographical Sciences University of Maryland). 

SIAM
TM

 is an automatic, near real-time, multi-sensor, multi-resolution deductive decision-

tree preliminary classifier of radiometrically calibrated spaceborne / airborne multi-spectral 

images presented in recent years in remote sensing (RS) literature (Baraldi et al., 2006; 

Baraldi, 2009; Baraldi et al., 2010a; Baraldi et al., 2010b; Baraldi et al., 2010c; Baraldi et al., 

2010d; Baraldi, 2011) in compliance with the visionary goal of a global Earth Observation 

(EO) system of systems (GEOSS) established by the Group on Earth Observations (GEO) 

(GEO, 2005).  

SIAM™ is the first symbolic, syntactic inference system made available to the remote sensing 

(RS) community for operational use in a RS image understanding system (RSIUS) pre-

attentive vision first stage, to accomplish multi-scale image segmentation and 

multigranularity image pre-classification simultaneously, automatically and in near real-time. 

As input SIAM™ requires a multi-spectral (MS) image radiometrically calibrated into top-of 

atmosphere (planetary) reflectance (TOARF) values or surface reflectance (SURF) values. As 

output, any symbolic deductive pre-attentive vision first stage accomplishes image sub-

symbolic segmentation and image symbolic pre-classification simultaneously. In particular, 

SIAM™ automatically generates as output a set of preliminary classification maps or primal 

sketches at different levels (fine/ intermediate/ coarse) of semantic granularity, where 

symbolic parent-child relationships can be leveraged to improve the RS image interpretation 

process, together with their sub-symbolic multi-scale image segmentation maps. A 

preliminary classification map generated as output by SIAM™ consists of a discrete set of 

mutually exclusive and totally exhaustive spectral-based semi-concepts, also called spectral 

categories, where each spectral category is equivalent to a land cover class set. For example, 

spectral category ‘vegetation’ may be defined as the land cover class set ‘either woody 

vegetation or cropland or grassland (herbaceous vegetation) or (shrub and brush) rangeland’. 

To summarize, the semantic meaning of a spectral category is: (a) superior to zero, which is 
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the semantic value of traditional sub-symbolic image segments and unlabeled data clusters, 

and (b) equal or inferior to the semantic meaning of target (3-D) land cover classes, also 

called concepts or (3-D) object-models. Figure 3.12 shows a preliminary classification map’s 

legend, adopted by SIAM™ at fine semantic granularity, consisting of 96 spectral categories. 

Pseudo-colors of the spectral categories are grouped on the basis of their spectral end member 

(e.g., “bare soil or built-up”) or parent spectral category (e.g., “high” leaf area index (LAI) 

vegetation types). The pseudo-color of a spectral category is chosen so as to mimic natural 

colors of pixels belonging to that spectral category. 

 

Figure 3.12: Preliminary classification map’s legend adopted by SIAM™ at fine semantic granularity, 

consisting of 96 spectral categories 

 

3.3.7 UNIVERSAL INDEXES 

A simple parameter that can evaluate errors introduced by the fusion procedure should respect 

the three following requirements: 

First requirement 

It should be independent of units, and accordingly of calibration coefficients and instrument 

gain. Some fusion methods can be applied to unitless quantities or to radiances. Consequently 

the quality parameter should be independent of units. 

Second requirement 

This quantity should be independent of the number of spectral bands under consideration. 

This is a sine qua non condition to compare results obtained in various condition. 

Third requirement 

This quantity should be independent of the scales h and l. this permits to compare results 

obtained in different cases, with different resolutions. 
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3.3.7.1 RMSE, RASE AND ERGAS 

The following quantity was proposed to globally characterize the quality of the fused product. 

It was called total error and it is given by: 

Total error = ∑         )
 
                     (3.26) 

It is actually the sum over the N modalities of the root mean square errors (RMSE) for each 

modality k. the RMSE is that computed by the means of the reference set of images used for 

the testing of the second property. It is defined as: 
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Where i is the current pixel and NP is the number of pixels. 

This total error does not obey any of the three requirements. In particular, it is sensitive to the 

changes from numerical count to radiances. Another error was proposed in order to be able to 

compare errors obtained from different methods, different cases and different sensors. Let Mk 

be the mean value for the original spectral image bk. Let m be the mean radiance of the N 

images Bk:  

M =  
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The relative average spectral error RASE is expressed in percent and characterizes the 

average performance of a method In the considered spectral bands:  

RASE = 
   

 
 √

 

 
∑         ) 

 
                      (3.29) 

The RASE mostly obeys the first and second requirements. Shortcomings arise in the case of 

uncalibrated images in different modalities with very different dynamics in gray levels. 

Furthermore RASE do not obey the third requirement.  

From this experience another quantity has been proposed. It is called ERGAS, after its name 

in French “Erreur Relative Globale Adimensionnalle de Synthèse” that means relative 

adimensional global error in synthesis.  

ERGAS = 100 
 

 
 √

 

 
∑

        )
 

   )
 

 
                     (3.30) 
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It is more robust than RASE with respect to calibration and changes of units. It also obey the 

second requirement. The ratio h/l takes into account the various resolutions. For the same 

error ERGAS, the mean value of the relative RMSE (Bk) increases as the ratio h/l decreases, 

since it is equal to:  

RMSE (Bk) = √
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The error ERGAS exhibits a strong tendency to decrease as the quality increases. Cases of 

“good quality” exhibit values less than 3, or slightly greater, while the error ERGAS is larger 

than 3 for cases of “bad quality” (Wald, 2002).  

3.4 PRISMA IMAGES SIMULATION 

First of all we have to simulate PRISMA images with other sensors images in order to 

evaluate implemented pan-sharpening algorithms. We used one hyperspectral sensor, MIVIS 

and one multispectral sensor, Quickbird. In sections 3.4.1 and 3.4.2 there is a brief description 

of technical characteristics of the two sensors.  

MIVIS hyperspectral sensor has been chosen for the similarity with PRISMA sensor for the 

number of bands and the spectral resolution. Quickbird multispectral sensor has been chosen 

to validate pan-sharpening algorithm for dataset different to that of PRISMA. 

The two chosen sensors have a spatial resolution better than PRISMA. In this way it was 

possible to have also a reference image to use as a comparison for the pan-sharpening 

algorithms evaluations. In section 3.5 these concepts are detailed.  

3.4.1 MIVIS SENSOR 

MIVIS sensor (Multispectral Infrared and Visible Imaging Spectrometer) is an instrument 

composed by four spectrometers that acquire simultaneously the  Earth surface radiance in the 

Visible region (VIS), Near Infrared region (NIR), Medium Infrared Region (SWIR) and 

Thermal Infrared region (TIR). It has 102 spectral channels (Table 3.3). 

The instrument can be considered a second generation spectrometer, whose bands have been 

chosen to meet the research needs in applications of botany, agronomy, geology, soil science, 

hydrology, oceanography and atmospheric sciences. 
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SPECTRAL REGION SPECTRAL RANGE NUMBER OF CHANNELS SPECTRAL RESOLUTION 

VIS 0.431 – 0.833 μm 20 0.02 μm 

NIR 1.150 – 1.550 μm 8 0.05 μm 

SWIR 1.985 – 2.479 μm 64 0.008 μm 

TIR 8.210 – 12.700 μm 10 0.40 μm 

Table 3.3: MIVIS spectral regions 

 

The interest in this type of sensor are: 

 The ability to automatically produce thematic maps with ease and accuracy; 

 The ability to extract specific information on a certain area of study. 

MIVIS is an hyperspectral scanner of whiskbroom type that has a Field Of View (FOV) value 

equal to 71.059°: FOV is the total angle of view of the instrument upon which depends the 

width of the individual scan lines. Since the FOV is constant, the higher the flight altitude 

increases the size of the ground area acquired  by the sensor. The spatial resolution of a 

MIVIS image is approximately equal to 1.4 times the value of the relative flight altitude. 

At each instant, the sensor measures the electromagnetic energy from a ground surface equal 

to the area under by the instrument Instantaneous Field of View (IFOV). IFOV value for 

MIVIS sensor is equal to 2.0 mrad. The spatial resolution of the sensor can be easily obtained 

by multiplying relative flight altitude with the IFOV value. 

Instrument characteristics are: 

 102 spectral bands; 

 Spectral coverage between 0.43 and 12.7 μm; 

 10 channels in the NIR region; 

 Spectral coverage of the TIR region between 8,21 and 12,7 μm; 

 Field Of View (FOV) = 71,059°; 

 Instantaneous Field of View (IFOV) = 2 mrad; 

 Angular sampling step of 1,64 mrad; 

 Accuracy of digitalization of 12 bit for pixel; 

 Rotational scanning speed: 25 – 16.7 – 12.5 – 8.3 – 6.25 scan/sec; 

 Presence of two reference dark objects; 
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3.4.2 QUICKBIRD SENSOR 

Quickbird (Figure 3.13) is the high resolution Digital Globe satellite sensor. Quickbird 

satellite is in orbit since 2001 and has been designed to take large areas efficiently and with 

high accuracy. It is able to acquire up to 75 million square kilometers per year, providing a 

global catalog of data at very high resolution updated with an high frequency. The Quickbird 

satellite data are suitable for all the needs of mapping over large areas and can be used in 

many fields of application for land monitoring, prevention and management of natural hazards 

and analysis of change detection. 

 

Figure 3.13: Quickbird sensor 

 

Quickbird simultaneously acquires panchromatic images with a spatial resolution of 61 cm, 

and multispectral images in 4 different bands from the visible near-infrared, with a spatial 

resolution of 2.44 meters. 

The period of review of only about 3.5 days, together with the wide swath and accuracy that 

characterizes Quickbird, making it ideal for detailed information, constantly updated. 

Instrument characteristics are (see also Table 3.4): 

 Scan width: 16.5 km at nadir; 

 Spectral bands: Panchromatic, Blue, Green, Red, Near Infrared; 

 Acquisition capability: 75.000.000 km
2
 per year; 

 Storage capacity: 128 gigabits on-board; 

 Revisit time: 3,5 days. 
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SPECTRAL REGION SPECTRAL RANGE (nm) SPATIAL RESOLUTION (m) 

Blue 430 - 545 2.44 

Green 466 - 620 2.44 

Red 590 - 710 2.44 

Near - IR 710 - 918 2.44 

Panchromatic 405 - 1053 0.61 

Table 3.4: Quickbird sensor spectral regions 

 

3.5 DATA SET AND PRE-PROCESSING 

Two data sets, one each of MIVIS and Quickbird sensors, were sharpened in this study. The 

multispectral images have a spatial resolution of one-sixth of the corresponding panchromatic 

images in order to simulate characteristics of PRISMA sensor. 

3.5.1 MIVIS IMAGES 

First of all it has been used a MIVIS image on the city of Parma in Emilia Romagna region - 

Italy, acquired on 11/06/1999 at 10.45.45. The spatial resolution of the image is of 1.64 m. 

The image is shown in Figure 3.14. 

 

Figure 3.14: Image acquired by MIVIS sensor on the city of Parma (Emilia Romagna - Italy) 

 

MIVIS (see section 3.4.1) is an hyperspectral sensor and its spatial resolution depends on the 

relative flight altitude but it's higher than that of the multispectral or hyperspectral sensors 

commonly installed on satellites. This made it possible to have an image with high spatial and 

spectral resolution that will be used, appropriately resampled, to assess the results of fusion 

processes. Before the pan-sharpening, in fact, the image has undergone procedures of 

resampling, discussed in section 3.5.2.1, capable of simulating the way in which the sensor 

PRISMA acquire that same image. 
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There are intrinsic differences between the two sensors which do not generate problems for 

the simulation but must been considered. 

PRISMA sensor acquisition is continuous between the wavelengths from 0.4 to 2.5 μm, while 

MIVIS can investigate only within the 4 spectral regions VIS - NIR - SWIR - TIR listed in 

Table 3.3. This does not create problems as it is reasonable to assume that PRISMA image 

fusion, at the frequencies belonging to the MIVIS gaps, behaves exactly like the fusion 

process performed at other frequencies. The problems due to atmospheric absorption should 

not be forgotten. Although PRISMA acquires continuously there are some bands in which the 

data are incorrect for the presence of absorption peaks of constituents of the atmosphere. The 

fusion process, therefore, should not be performed indiscriminately on each band but a 

preliminary assessment of the bands that have to be fused or not, is necessary. 

In addition PRISMA has bands of width equal to or less than 10 nm (section 3.1.1), generally 

narrower than MIVIS bands. Even this peculiarity does not influence the fusion process 

because it is repeatable for bands closer than those of the MIVIS sensor. 

3.5.1.1 PRE- PROCESSING 

MIVIS image must be first of all pre-processed in order to simulate PRISMA image. First  

TIR bands have to be removed. In this way we have an image with 92 bands in the VNIR 

region with a spatial resolution of 1.64 m. This resolution is downsampled to about 5 meters 

to simulate the panchromatic image and to about 30 meters to simulate the hyperspectral 

image maintaining, in both cases, the spectral resolution unchanged. For the resampling an 

IDL (Interactive Data Language) procedure with a Nearest Neighbor algorithm has been used. 

Also the hyperspectral image with a spatial resolution of 5 m has been simulated. This image 

will be used as a reference in order to verify the effectiveness of the different fusion methods.  

IMAGE NAME SAMPLES LINES BANDS SIZE (BYTE) 
SPATIAL 

RESOLUTION (M) 

WAVELENGTH 

(µM) 

Parma5 252 1181 92 109,521,216 5 0.445-2.473 

Parma30 42 197 92 3,044,832 30 0.445-2.473 

ParmaPAN 252 1181 1 1,190,448 5 0.4-0.7 

Table 3.5: Principal information about Parma5, Parma30 and ParmaPAN 

 

To simulate the panchromatic image, the first fourteen bands of the hyperspectral image has 

been used. The wavelength of this new bands range from 0.4 to 0.7 μm (as the panchromatic 

band of PRISMA sensor). Generated images, called ParmaPAN, Parma30 and Parma5, are 

shown in Figure 3.15.  
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Table 3.5 summarize simulated images characteristics. 

 

Figure 3.15: Simulated images: (a) Hyperspectral image at 5 m - Parma5, (b) Hyperspectral image at 30 m 

- Parma30, (c) Panchromatic image at 5 m - ParmaPAN 

 

3.5.2 QUICKBIRD IMAGES 

In addition to the hyperspectral sensor MIVIS, also the multispectral sensor Quickbird has 

been used. In this way it is possible to test the effectiveness of fusion algorithms not only for 

hyperspectral datasets but also for multispectral data. The Quickbird image used is on a 

(a) (b) (c) 
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cultivated area of Campania region - Italy. The image is calibrated in Top of Atmosphere 

Reflectance (TOAR). The spatial resolution is of 2.4 m in the VNIR region and 0.61 m in the 

panchromatic channel. Multispectral image in RGB color composition is shown in Figure 

3.16. 

 

Figure 3.16: RGB color composition of the Quickbird MS image acquired on the Campania region  - Italy. 

 

3.5.2.1 PRE-PROCESSING 

First of all, the panchromatic image with a spatial resolution of 2.4 m  has been simulated 

with a Nearest Neighbor resampling starting from the original panchromatic image. The result 

is shown in Figure 3.17. Using a further resampling, the multispectral image with a spatial 

resolution of 14.4 m has been generated. In this way, the fusion ratio, that is the ratio between 

fine and coarse resolution, is equal to 6, as it is for PRISMA sensor. Figure 3.18 show the 

multispectral resampled image. 

Table 3.6 summarize generated image features.  

IMAGE NAME SAMPLES LINES BANDS SIZE (byte) 
SPATIAL 

RESOLUTION (m) 

WAVELENGTH 

(µm) 

MS_2e4 8406 7110 4 239,066,640 2.4 0.430-0.918 

MS_14e4 1401 1185 4 6,640,740 14.4 0.430-0.918 

PAN_2e4 8406 7110 1 59,766,660 2.4 0.405-1.053 

Table 3.6: Principal information about Parma5, Parma30 and ParmaPAN 
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Figure 3.17: Simulated panchromatic image with  a spatial resolution of 2.4 m 

 

 

 

Figure 3.18: Simulated multispectral image with a spatial resolution of 14.4 m. 
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3.6 METHODOLOGY 

This section describes the methodology used for the application of different pan-sharpening 

algorithm and of different quality metrics. Pan-sharpening algorithms tested are the same for 

the MIVIS image and the Quickbird image. For MIVIS image some preliminary assessment 

have been done and algorithms have been applied not only to the whole image but also to 

groups of bands (see section 3.7).  

3.6.1 PAN-SHARPENING ALGORITHMS 

Pan-sharpening algorithms implemented in this work are: 

 PC – Principal Component Spectral Sharpening (section 3.2.1.2) (Wang et al., 2005; 

Brivio et al., 2006); 

 Gram – Schmidt Spectral Sharpening (section 3.2.1.3) (Laben, 2000); 

 Color Normalized Spectral Sharpening (section 3.2.2.2) (Brivio et al, 2006, ENVI 

User guide, 2004); 

 DWT – Discrete Wavelet Transform (section 3.2.3.2) (Amolins et al., 2007); 

 ATWT – A Trous Wavelet Transform (section 3.2.3.3) (Wang et al., 2005). 

These algorithms are in fact the most widely used in the scientific literature. Some of these 

pan-sharpening methods can better preserve the spatial information, other the spectral 

information. 

Compared to methods listed in section 3.2, methods such as IHS and Brovey have been 

excluded because they are able to fuse only three bands (thus they are absolutely inapplicable 

in the case of hyperspectral images). The HPF method (section 3.2.3.1) was excluded because 

it is already "incorporated" in the wavelet method. Wavelets in fact represent a generalized 

High Pass Filtering method. 

All implemented methods have free parameters that can be set in different ways by the user. 

For this reason, most tests were carried out for each method by changing these parameters. In 

particular, much attention has been paid to image resampling methodologies. Three 

resampling techniques have been considered: 

 Nearest neighbor; 

 Bilinear; 
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 Cubic Convolution; 

 Pixel aggregate.  

The Nearest Neighbor resampling is a technique for resampling raster data in which the value 

of each cell in an output raster is calculated using the value of the nearest cell in an input 

raster. Nearest neighbor assignment does not change any of the values of cells from the input 

layer (Figure 3.19 (a)). Bilinear interpolation is a resampling method that uses a weighted 

average of the four nearest cells to determine a new cell value (Figure 3.19 (b)). Cubic 

Convolution is a technique for resampling raster data in which the average of the nearest 16 

cells is used to calculate the new cell value (Figure 3.19 (c)).  

 

Figure 3.19: Resampling methods 

 

The definition of the Pixel Aggregate method is the following: it averages all of the pixel 

values that contribute to the output pixel. Sections 3.7 e 3.8 describe in detail different tests 

with different settings of the free parameters required by each algorithm. In particular, Table 

3.7 and Table 3.25 contain all synthetic images generated with the description of free 

parameters. Methods listed above are all implemented manually in IDL (Interactive Data 

Language) or by the image processing software ENVI (ENVI User Guide, 2007). 

3.6.2 QUALITY METRICS 

To evaluate the effectiveness of pan-sharpening algorithms, numerous quality metrics (see 

section 3.3) have been used. Statistical parameters implemented by us, and universal indexes 

already widely used in the scientific literature have been developed. Furthermore, for each 
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pan-sharpening algorithm the processing time and parameters that the user can set freely were 

also measured. 

These two values are not directly inserted into the quality metrics but are very important to 

evaluate the usability of implemented algorithms. Implemented quality metrics are:  

 Relative shift in the mean; 

 Relative shift in standard deviation; 

 Correlation coefficient; 

 Skewness; 

 Kurtosis; 

 Entropy (and increase in information); 

 NDVI correlation; 

 RMSE; 

 RASE; 

 ERGAS; 

 Change detection statistics. 

The nature of these indexes nowadays still does not allow to reach any final conclusion about 

the accuracy and the efficiency of the algorithms/products involved in the comparison. As we 

shall see in sections 3.7 and 3.8 every statistic/index provide different information about 

which is the best method of image fusion. In other words, other empirical evaluation criteria 

may provide different subjective conclusions. This means that an analysis of a table reporting 

a battery of quality index values may yield nothing but relative (subjective) conclusions about 

the competing algorithms/products. Nonetheless, these relative conclusions are interesting as 

they are based on weak (arbitrary, subjective), but numerous  measures of quality that 

reasonably approximate the characteristics of real world applications (Baraldi et al., 2006).  

3.6.2.1 RANKING OF PAN-SHARPENING ALGORITHMS 

Various strategies can be adopted to provide a final rank of alternative algorithms/products 

assessed by means of a battery of quality indexes. In order to obtain a final score, all 

implemented statistics  have been standardized. In fact since standardized distributions feature 

have the same statistical properties (zero mean and unit variance), their combination and/or 

direct comparison is allowed. In this work three different methodologies have been used to 

achieve a final score: 
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a) A final score can be provided as the rank of the sum of the standardized indexes by 

assigning the same weight to each index; 

b) A final score can be provided as the rank of the sum of the standardized indexes by 

assigning different weights to each index by following directions from the scientific 

literature or considerations on the significance of the index; 

c) A final score can be provided as a combination (we use the sum) of the partial rank 

numbers collected from the standardized indexes. 

Surely each method used to achieve a final score can lead to different results in the 

classification of fusion methods. This procedure, however, shows the presence of a good pan-

sharpening algorithm that minimizes spatial and spectral distortion if in all three cases, this 

method is in the first place. 

3.7 PAN-SHARPENING RESULTS FOR MIVIS DATA 

The hyperspectral MIVIS image with a spatial resolution of 30 m (see section 3.5.1) has been 

sharpened with the panchromatic image with a spatial resolution of 5 m. Pan-sharpening 

algorithms used are those listed in section 3.6.1.  

PAN – SHARPENING ALGORITHM DESCRIPTION 

Principal 

Component 

PC1_NN 
Synthetic image upsampled with a Nearest Neighbor algorithm 

(ENVI implementation) 

PC3_CC 
Synthetic image upsampled with a Bilinear algorithm (ENVI 

implementation) 

PC4_M 
Synthetic image upsampled with a Cubic Convolution algorithm 

(ENVI implementation) 

Gram - Schmidt 

GS1 

Synthetic image upsampled with a Nearest Neighbor algorithm 

and low resolution PAN band simulated from the lower spatial 

resolution panchromatic band (ENVI implementation) 

GS2_NN 

Synthetic image upsampled with a Nearest Neighbor algorithm 

and low resolution PAN band simulated from the Average of 

Low Resolution Multispectral File (ENVI implementation) 

GS3_CC 

Synthetic image upsampled with a Cubic Convolution algorithm 

and low resolution PAN band simulated from the Average of 

Low Resolution Multispectral File (ENVI implementation) 

Color Normalized CN_1 
Synthetic image upsampled with a nearest neighbor algorithm 

(ENVI implementation) 

Discrete Wavelet 

Transform 

DWT1 
Synthetic image upsampled with a Nearest Neighbor algorithm 

(IDL implementation)  

DWT2 
Synthetic image upsampled with a Pixel Aggregate algorithm 

(IDL implementation) 

A Trous Wavelet 

Transform 
ATWT1 

Synthetic image upsampled with a Pixel Aggregate algorithm 

(IDL implementation) 

 

Table 3.7: Pan-sharpening algorithms description 
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For each algorithm, many tests have been done setting free parameters in a different way. 

Table 3.7 summarize all tested methods with the description of setted parameters. 

MIVIS hyperspectral image has 92 bands and certainly the pan-sharpening process will not 

provide consistent results for all bands. Thus, first of all, the correlation between the PAN 

band and HS bands has been studied in order to understand in advance what results to expect 

from the fusion process. This correlation is shown in Figure 3.20. The correlation is of course 

close to the optimal value of 1 for the bands that form the panchromatic channel, then there is 

a fast decrease in the near infrared region, and then it returns to medium-high values in 

successive bands. So we will have good fusion results especially in the first fourteen bands. 

 

Figure 3.20: Correlation between HS bands and the PAN band 

 

Pan-sharpening algorithms listed in Table 3.7 have been applied both to the whole HS image 

with 92 bands and to the HS image with only 14 bands. It will be interesting to see the 

different between results of the two application. A first comparison is shown in Table 3.8 

where the processing time and free parameters of each algorithm for both application (92 and 

14 bands) are reported. These two values are important to understand how a pan-sharpening 

procedure works. If a method preserve spatial and spectral information but has a high number 

of free parameters, then it is hardly repeatable for different datasets of images. If the 

processing time is very high, then there could be problems in the processing of images with 

larger sizes, or with higher number of bands (remember that PRISMA will have more than 
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200 bands). Table 3.8 shows that the number of free parameters is of course the same in both 

cases, while the processing time widely varies due to the decrease in the number of bands.  

PAN -SHARPENING 

ALGORITHMS 

92 BANDS 14 BANDS 

Processing time Free parameters Processing time Free parameters 

Principal 

Component 

PC1_NN 00:02:02 2 00:01:21 2 

PC3_CC 00:02:15 2 00:01:18 2 

PC4_M 00:10:24 3 00:05:58 3 

Gram - 

Schmidt 

GS1 00:01:35 4 00:00:45 4 

GS2_NN 00:01:50 4 00:01:05 4 

GS3_CC 00:02:12 4 00:01:12 4 

Color 

Normalized 
CN_1 00:00:35 0 00:00:05 0 

Discrete 

Wavelet 

Transform 

DWT1 00:05:38 2 00:03:47 2 

DWT2 00:04:56 2 00:02:50 2 

A Trous 

Wavelet 

Transform 

ATWT1 00:03:25 2 00:01:54 2 

Table 3.8: Processing time and free parameters for different pan-sharpening algorithms in 92 and 14- 

bands application 

 

As can be seen from Table 3.8 the processing times are not binding for any of the proposed 

methods. For some methods instead the presence of 3 or 4 free parameters limits the 

repeatability by other users who do not possess precise instructions. The following sections 

analyze results obtained from the application of methods in Table 3.7 to images with 92 and 

14 bands respectively.  

3.7.1 92-BANDS PAN-SHARPENING RESULTS 

The pan-sharpening algorithms were applied to images at a spatial resolution of 30 m. The 

sharpening is applied to images of low resolution such that the sharpened image is of the same 

spatial resolution of the original hyperspectral image. The quality of different pan-sharpening 

algorithms can be quantified easily as the original multispectral image of the same resolution 

is available for comparison.   

Sharpening was applied to the entire image but we choose an area of interest (AOI) only to 

ease displaying the results. Figure 3.21 shows  the AOI chosen. The selected AOI is 

considered representative o the whole image it belongs to.  

Figure 3.22, Figure 3.23 and Figure 3.24 show the AOI in the  MIVIS hyperspectral image 

and in various sharpened images. A first evaluation on the quality of image fusion methods 

can be done with a visual inspection of these figures.  
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Figure 3.22 presents pan-sharpening results of the Principal Component and the Color 

Normalized Spectral Sharpening methods. PC3_CC image, listed in Table 3.7, is not present 

in Figure 3.22 because visually identical to PC1_NN image (Figure 3.22 (b)). 

 

 

Figure 3.21: MIVIS hyperspectral image with area of interest (AOI). (a) 5 meters hyperspectral image, (b) 

5 meters panchromatic image, (c) 30 meters hyperspectral image 

 

Principal Component Analysis implemented by ENVI software preserve spatial information, 

but obviously distorts the spectral information. In the visual inspection of PC4_M image 

(PCA – implemented manually in IDL language) also the color information seem more 

similar to the original image (Figure 3.22 (c)). Also Color Normalized Spectral Sharpening 

algorithm (Figure 3.22 (d)) shows noticeable problems in the preservation of spectral 

information.  
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Figure 3.22: Sharpening results for MIVIS 92 bands application. (a) MIVIS hyperspectral image, (b) PCA 

sharpened (PC1_NN),  (c) PCA sharpened (PC4_M), (d) Color Normalized sharpened (CN_1) 

 

 

Figure 3.23: Sharpening results for MIVIS 92 bands application. (a) MIVIS hyperspectral image, (b) 

Gram-Schmidt sharpened (GS1),  (c) Gram-Schmidt sharpened (GS2_NN), (d) Gram-Schmidt sharpened 

(GS3_CC) 
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Figure 3.23 shows the result of different settings of the Gram-Schmidt method. All three 

results are visually unsatisfactory both for spatial distortion and for spectral distortion.  

Figure 3.24 shows the result obtained from the application of the Discrete Wavelet Transform 

and the Á Trous Wavelet Transform. All three results presented distortions  in the spatial 

information while they seem to be able to maintain the spectral information. 

Statistics listed in section 3.6.2 have been done to evaluate if the visual inspection agree with 

the numerical result.  

 

Figure 3.24: Sharpening results for MIVIS 92 bands application. (a) MIVIS hyperspectral image, (b) 

Discrete Wavelet Transform sharpened (DWT_1),  (c) Discrete Wavelet Transform sharpened (DWT_2), 

(d) Á Trous Wavelet Transform sharpened (ATWT_1) 

 

The histogram metrics, relative shift in the mean and standard deviation, were computed. The 

relative shift in the mean indicates the percentage by which the mean of the histogram has 

shifted. A positive value indicates a shift towards white and a negative value indicates a shift 

towards grey. The histogram is an important feature of the image data. The characteristics of 

the histogram such as mean, variance, entropy etc., are used for texture-based classification. 

The relative shift in the mean values of the histogram is shown in Table 3.9 together with 

relative shift in standard deviation, skewness, and kurtosis. Color Normalized Spectral 
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Sharpening method differs greatly from the others by introducing heavy distortions, while 

PC4_M and ATWT1 methods result to be the best. 

PAN –SHARPENING 

ALGORITHMS 

RELATIVE SHIFT IN 

THE MEAN (%) 

RELATIVE SHIFT IN 

STANDARD DEVIATION (%) 
SKEWNESS KURTOSIS 

Principal 

Component 

PC1_NN 0.82 1.66 1.54 1.24 

PC3_CC 0.82 1.66 1.54 1.25 

PC4_M -0.01 0.85 1.66 1.62 

Gram - 

Schmidt 

GS1 0.82 1.65 1.66 1.61 

GS2_NN 0.82 1.55 1.64 1.54 

GS3_CC 0.87 1.40 1.65 1.55 

Color 

Normalized 
CN_1 872.45 1173.64 1.72 1.58 

Discrete 

Wavelet 

Transform 

DWT1 -5.62 -5.82 1.51 1.27 

DWT2 -5.81 -5.89 1.52 1.30 

A Trous 

Wavelet 

Transform 

ATWT1 -0.02 -0.14 1.61 1.37 

Table 3.9: Histogram metrics, skewness and kurtosis computed for 92-bands synthetic  images 

 

The entropy of each band of the hyperspectral and sharpened images was computed. The 

entropy is a measure of uncertainty or amount of information. The difference in the entropy 

indicates the increase or decrease in the amount of information in the sharpened bands. The 

computed values are shown in Table 3.10. The values indicate a very small increase (almost 

negligible) in entropy for the à trous wavelet-based method. Most of the values are negative 

except for the GS sharpened image and the PC4_M sharpened image.  

PAN –SHARPENING ALGORITHMS ENTROPY INCREASE IN INFORMATION 

Principal Component 

PC1_NN 1.35 -0.81 

PC3_CC 1.34 -0.82 

PC4_M 2.18 0.02 

Gram - Schmidt 

GS1 2.18 0.02 

GS2_NN 2.18 0.02 

GS3_CC 2.18 0.02 

Color Normalized CN_1 0.79 -1.37 

Discrete Wavelet 

Transform 

DWT1 2.06 -0.10 

DWT2 2.07 -0.09 

A Trous Wavelet 

Transform 
ATWT1 2.17 0.01 

Table 3.10: Entropy and increase in information computed for 92-bands synthetic  images 

 

The correlation coefficient was computed between each band of the HS original image and 

the same band of the synthetic image. The correlation should be close to one to ensure good 
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spectral quality. Also the correlation between the NDVI values were computed. Results are 

shown in Table 3.11. PC4_M and ATWT1 methods show highest correlation coefficients.  

PAN -SHARPENING ALGORITHMS 
CORRELATION 

COEFFICIENT 
NDVI CORRELATION 

Principal Component 

PC1_NN 0.81 0.00 

PC3_CC 0.81 0.01 

PC4_M 0.96 0.99 

Gram - Schmidt 

GS1 0.91 0.62 

GS2_NN 0.44 0.00 

GS3_CC 0.91 0.08 

Color Normalized CN_1 0.85 0.00 

Discrete Wavelet 

Transform 

DWT1 0.51 0.78 

DWT2 0.58 0.76 

A Trous Wavelet 

Transform 
ATWT1 0.86 0.83 

Table 3.11:  Correlation coefficient and NDVI correlation computed for 92-bands synthetic  images 

 

PAN -SHARPENING ALGORITHMS RMSE RASE ERGAS 

Principal Component 

PC1_NN 433.18 116.01 13.17 

PC3_CC 433.18 116.01 13.17 

PC4_M 77.78 21.46 2.18 

Gram - Schmidt 

GS1 147.91 38.66 5.64 

GS2_NN 192.85 50.25 6.87 

GS3_CC 232.37 60.53 7.81 

Color Normalized CN_1 689.14 245.16 94.20 

Discrete Wavelet 

Transform 

DWT1 222.90 63.43 7.10 

DWT2 223.40 63.68 7.10 

A Trous Wavelet 

Transform 
ATWT1 156.14 40.93 5.38 

Table 3.12: Universal indexes (RMSE, RASE and ERGAS) computed for 92-bands synthetic  images 

 

Also “Universal” indexes widely used in scientific literature to validate image fusion 

algorithms have been computed. These indexes are the Root Mean Square Error (RMSE), the 

Relative Average Spectral Error (RASE) and the “Erreur Relative Globale Adimensionelle de 

Synthèse” ERGAS (see section 3.3.7.1) and are shown in Table 3.12.  From these results, best 

pan-sharpening algorithms are PC4_M and ATWT1. 

Thus it is necessary to standardize quality metrics with the three methods identified in section 

3.6.2.1 and compare resulting rankings. The three methods chosen to provide a classification 

of pan-sharpening algorithm are: 
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a) Rank of the sum of standardized indexes; 

b) Rank of the sum of differently weighed standardized indexes; 

c) Sum of the partial rank numbers collected from standardized indexes. 

Table 3.13 lists different weights assigned to quality metrics to obtain final score with the (b) 

method. Obviously this is just one example of weighing, it is possible to try other 

combinations of weights. We decided to give weight equal to 1 to only one of the three 

universal indexes (i.e. ERGAS) because all of them are affected by intrinsic problems. In fact 

image signals are generally non stationary. As a consequence, image quality is also space 

variant, despite the fact that in practice it is usually desirable to evaluate an entire image by 

means of a single overall quality index. Therefore, it is more appropriate to measure statistical 

features locally and then combine them together (e.g., by computing the mean of local 

features). Relative shift in the mean and in the standard deviation have not been considered 

because too much affected by CNSS out layer values.  

QUALITY METRICS WEIGHT 

Relative shift in the mean (%) 0 

Change in st dev (%) 0 

Skewness 0.1 

Kurtosis 0.1 

Increase in information 1 

Correlation coefficient 1 

NDVI correlation 1 

RMSE 0.1 

RASE 0.1 

ERGAS 0.8 

Table 3.13: Weights assigned to different quality metrics 

 

Table 3.14 and Table 3.15 present results obtained for the 92-bands application. The two 

tables have been separated for a better visualization. Table 3.14 and Table 3.15 summarize 

quality metrics obtained for each pan-sharpening algorithm, standardized quality indexes 

(multiplied by the mean and divided by the standard deviation), standardized and weighted 

quality indexes (weighted with values of Table 3.13) and partial ranks of each quality metric.  

Table 3.14 shows also the sum of standardized quality metrics and thus the rank computation 

with the (a) method. Table 3.15 shows the sum of standardized and weighted quality indexes 

and thus the rank computed with the (b) method. Table 3.15 presents also the sum of partial 

ranks and the final rank computed with the (c) method. 
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Ranks computed with the three methods are summarized Table 3.16 for a direct comparison. 

  

QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 DWT2 ATWT1 

Relative 

shift in the 

mean (%) 

0.82 0.82 -0.01 0.82 0.82 0.87 872.45 -5.62 -5.81 -0.02 

Change in 

st dev (%) 
1.66 1.66 0.85 1.65 1.55 1.40 1173.6 -5.82 -5.89 -0.14 

Skewness 1.54 1.54 1.66 1.66 1.64 1.65 1.72 1.51 1.52 1.61 

Kurtosis 1.24 1.25 1.62 1.61 1.54 1.55 1.58 1.27 1.30 1.37 

Increase in 

information 
-0.81 -0.82 0.02 0.02 0.02 0.02 -1.37 -0.10 -0.09 0.01 

Correlation 

coefficient 
0.81 0.81 0.96 0.91 0.44 0.91 0.85 0.51 0.58 0.86 

NDVI 

correlation 
0.00 0.01 0.99 0.62 0.00 0.08 0.00 0.78 0.76 0.83 

RMSE 433.18 433.18 77.78 147.9 192.85 232.37 689.14 222.90 223.40 156.14 

RASE 116.01 116.01 21.46 38.66 50.25 60.53 245.16 63.43 63.68 40.93 

ERGAS 13.17 13.17 2.18 5.64 6.87 7.81 94.20 7.10 7.10 5.38 

STANDARDIZED QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 DWT2 ATWT1 

Relative 

shift in the 

mean (%) 

-0.31 -0.31 -0.31 -0.31 -0.31 -0.31 2.85 -0.33 -0.33 -0.31 

Change in 

st dev (%) 
-0.31 -0.31 -0.31 -0.31 -0.31 -0.31 2.85 -0.33 -0.33 -0.32 

Skewness -0.90 -0.90 0.76 0.79 0.44 0.62 1.59 -1.31 -1.17 0.07 

Kurtosis -1.20 -1.14 1.16 1.12 0.66 0.73 0.91 -1.01 -0.83 -0.39 

Increase in 

information 
-0.99 -1.02 0.65 0.65 0.65 0.66 -2.12 0.42 0.44 0.64 

Correlation 

coefficient 
0.25 0.25 1.06 0.79 -1.76 0.79 0.47 -1.38 -1.00 0.52 

NDVI 

correlation 
-0.96 -0.96 1.39 0.52 -0.96 -0.78 -0.97 0.89 0.83 1.01 

RMSE 0.83 0.83 -1.10 -0.72 -0.48 -0.26 2.22 -0.32 -0.31 -0.68 

RASE 0.53 0.53 -0.92 -0.66 -0.48 -0.32 2.51 -0.28 -0.27 -0.62 

ERGAS -0.11 -0.11 -0.51 -0.38 -0.34 -0.31 2.82 -0.33 -0.33 -0.39 

Sum -3.18 -3.14 1.86 1.48 -2.89 0.51 13.12 -3.98 -3.31 -0.48 

Rank 

method (a) 
3 4 9 8 5 7 10 1 2 6 

Table 3.14: Quality indexes and standardized quality indexes for 92-bands synthetic images. Computation 

of the rank with the (a) method 

 

As shown in Table 3.16 the three methods used to compute a final rank provide different 

results. Methods (b) and (c)  are in agreement for the first places, while the method (a) differs 

completely. If a weight is not assigned to the various indexes, it is possible to include not 

significant values in quality metrics and therefore to introduce errors. In general, however, to 

sum standard variables in place of rank numbers brings advantages: the domain of change of 
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the former is continuous rather than discrete, i.e., standardized variables are not affected by a 

discretization error. 

STANDARDIZED AND WEIGHTED QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 DWT2 ATWT1 

Relative 

shift in the 

mean (%) 

0 0 0 0 0 0 0 0 0 0 

Change in 

st dev (%) 
0 0 0 0 0 0 0 0 0 0 

Skewness -0.09 -0.09 0.08 0.08 0.04 0.06 0.16 -0.13 -0.12 0.01 

Kurtosis -0.12 -0.11 0.12 0.11 0.07 0.07 0.09 -0.10 -0.08 -0.04 

Increase in 

information 
-0.99 -1.02 0.65 0.65 0.65 0.66 -2.12 0.42 0.44 0.64 

Correlation 

coefficient 
0.25 0.25 1.06 0.79 -1.76 0.79 0.47 -1.38 -1.00 0.52 

NDVI 

correlation 
-0.96 -0.96 1.39 0.52 -0.96 -0.78 -0.97 0.89 0.83 1.01 

RMSE 0.08 0.08 -0.11 -0.07 -0.05 -0.03 0.22 -0.03 -0.03 -0.07 

RASE 0.05 0.05 -0.09 -0.07 -0.05 -0.03 0.25 -0.03 -0.03 -0.06 

ERGAS -0.09 -0.09 -0.41 -0.31 -0.27 -0.25 2.26 -0.27 -0.27 -0.32 

Weighted 

Sum 
-1.87 -1.88 2.69 1.71 -2.33 0.51 0.36 -0.63 -0.25 1.69 

Rank 

method (b) 
8 9 1 2 10 4 5 7 6 3 

PARTIAL RANK 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 DWT2 ATWT1 

Relative 

shift in the 

mean (%) 

6 7 4 5 8 9 10 2 1 3 

Change in 

st dev (%) 
8 9 6 7 3 2 10 4 1 5 

Skewness 3 4 9 8 6 7 10 1 2 5 

Kurtosis 1 2 10 9 6 7 8 3 4 5 

Increase in 

information 
8 9 3 4 2 1 10 7 6 5 

Correlation 

coefficient 
6 7 1 2 8 3 5 10 9 4 

NDVI 

correlation 
7 8 1 5 9 6 10 3 4 2 

RMSE 8 9 1 2 4 7 10 5 6 3 

RASE 4 5 1 2 6 7 10 8 9 3 

ERGAS 8 9 1 3 4 7 10 5 6 2 

Sum of the 

partial rank 
59 69 37 47 56 56 93 48 48 37 

Rank 

method (c) 
5 6 1 2 4 4 7 3 3 1 

Table 3.15: Standardized and weighted quality indexes and partial ranks for 92-bands synthetic images. 

Computation of the rank with the (b) method and the (c) method 

 

For (b) and (c) methods the best pan-sharpening algorithms are PC4_M, ATWT1 and GS1.  
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RANK METHOD 

(a) 

RANK METHOD 

(b) 

RANK METHOD 

(c) 

PC1_NN 3 8 5 

PC3_CC 4 9 6 

PC4_M 9 1 1 

GS1 8 2 2 

GS2_NN 5 10 4 

GS3_CC 7 4 4 

CN_1 10 5 7 

DWT1 1 7 3 

DWT2 2 6 3 

ATWT1 6 3 1 

Table 3.16: Final ranks for the 14-bands application obtained with (a), (b) and (c) methods 

 

3.7.2 14-BANDS PAN-SHARPENING RESULTS 

For the MIVIS 14-bands application, the same pan-sharpening algorithms and the same 

quality metrics of the 92-bands application have been used. DWT2 results are not shown 

because exactly identical to DWT1 results. NDVI correlation has not been applied because  

NDVI index calculation is not possible with only 14 bands.  

 

Figure 3.25: Sharpening results for MIVIS 14 bands application. (a) MIVIS hyperspectral image, (b) PCA 

sharpened (PC1_NN),  (c) PCA sharpened (PC4_M), (d) Color Normalized sharpened (CN_1) 
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Figure 3.26: Sharpening results for MIVIS 14 bands application. (a) MIVIS hyperspectral image, (b) 

Gram-Schmidt sharpened (GS1),  (c) Gram-Schmidt sharpened (GS2_NN), (d) Gram-Schmidt sharpened 

(GS3_cc) 

 

 

Figure 3.27: Sharpening results for MIVIS 14 bands application. (a) MIVIS hyperspectral image, (b) 

Discrete Wavelet Transform sharpened (DWT_1), (c) Á Trous Wavelet Transform sharpened (ATWT_1) 
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In Figure 3.25, Figure 3.26 and Figure 3.27 a visual comparison of resulting synthetic images 

and 14-bands original image is shown. The same Area Of Interest (AOI) of the 92-bands 

application has been chosen.  

Figure 3.25 show results of PC spectral sharpening method by ENVI software (Figure 3.25 

(b)) and by IDL language (Figure 3.25 (c)) and of CN spectral sharpening method (Figure 

3.25 (d)). The results are better than those of the 92-bands application. The spatial information 

is preserved, while there are still spectral distortion but less obvious than in the 92-bands 

application (Figure 3.22).  

The application of the Gram-Schmidt method (Figure 3.26) show noticeable improvements in 

the reduction of spatial distortions except for GS2_NN (Figure 3.26 (c)) where there are still 

some problems.  

In the application of DWT and ATWT methods (Figure 3.27), the visual inspection does not 

show great changes compared to the 92-bands application. The spatial distortion is noticeable, 

while the spectral information is preserved. 

 

PAN –SHARPENING 

ALGORITHMS 

RELATIVE SHIFT IN THE 

MEAN (%) 

RELATIVE SHIFT IN 

STANDARD DEVIATION 

(%) 

SKEWNESS KURTOSIS 

Principal 

Component 

PC1_NN 0.75 17.92 -0.40 -0.55 

PC3_CC 0.75 17.92 -0.40 -0.55 

PC4_M 0.01 -1.32 -0.67 -0.28 

Gram - 

Schmidt 

GS1 0.78 18.03 -0.40 -0.55 

GS2_NN 0.78 17.10 -0.39 -0.53 

GS3_CC 0.78 17.90 -0.40 -0.55 

Color 

Normalized 
CN_1 1300.00 1489.75 -0.39 -0.53 

Discrete 

Wavelet 

Transform 

DWT1 -5.48 9.07 -0.36 -0.50 

A Trous 

Wavelet 

Transform 

ATWT1 0.04 15.07 -0.38 -0.53 

Table 3.17: Histogram metrics, skewness and kurtosis computed for 14-bands synthetic  images 

 

As in the 92-bands application, quality metrics are presented in following tables: histogram 

metrics (Table 3.17), entropy and increase in information (Table 3.18), correlation 

coefficients (Table 3.19) and universal indexes (Table 3.20). 
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PAN –SHARPENING ALGORITHMS ENTROPY 
INCREASE IN 

INFORMATION 

Principal Component 

PC1_NN 2.18 0.00 

PC3_CC 2.18 0.00 

PC4_M 2.18 0.00 

Gram - Schmidt 

GS1 2.18 0.00 

GS2_NN 2.18 0.00 

GS3_CC 2.18 0.00 

Color Normalized CN_1 2.18 0.00 

Discrete Wavelet 

Transform 
DWT1 1.40 -0.77 

A Trous Wavelet 

Transform 
ATWT1 0.83 -1.34 

Table 3.18: Entropy and increase in information computed for 14-bands synthetic  images 

 

PAN -SHARPENING ALGORITHMS 
CORRELATION 

COEFFICIENTS 

Principal Component 

PC1_NN 0.90 

PC3_CC 0.90 

PC4_M 0.99 

Gram - Schmidt 

GS1 0.93 

GS2_NN 0.52 

GS3_CC 0.93 

Color Normalized CN_1 0.94 

Discrete Wavelet 

Transform 
DWT1 0.53 

A Trous Wavelet 

Transform 
ATWT1 0.84 

Table 3.19: Correlation coefficients computed for 14-bands synthetic  images 

 

PAN -SHARPENING ALGORITHMS RMSE RASE ERGAS 

Principal Component 

PC1_NN 261.99 14.73 2.47 

PC3_CC 261.99 14.73 2.47 

PC4_M 109.66 5.85 1.00 

Gram - Schmidt 

GS1 269.10 14.73 2.46 

GS2_NN 832.46 42.62 6.92 

GS3_CC 267.91 14.92 2.52 

Color Normalized CN_1 28111.00 102.75 16.92 

Discrete Wavelet 

Transform 
DWT1 908.37 49.50 8.06 

A Trous Wavelet 

Transform 
ATWT1 169.40 19.78 1.44 

Table 3.20: Universal indexes (RMSE, RASE and ERGAS) computed for 14-bands synthetic  images 

 

CN Spectral Sharpening value has values out of range for almost all quality metrics. This 

method obviously introduce heavy spectral distortions. Regarding the entropy and the 
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correlation coefficients, the DWT method presents worst values, while the Gram-Schmidt 

method presents better values compared to the 92-bands application. ERGAS universal index 

rewards the PC method implemented manually and the ATWT method. ERGAS values are 

lower for all pan-sharpening algorithms compared to the 92-application bands. This validate 

the initial hypothesis that best panchromatic correlation means best image fusion.   

Even in this application a final score is provided by applying (a), (b) and (c) methods 

described in section 3.6.2.1. Weights applied to each quality metric  are the same of the 92-

bands application and are shown in Table 3.21.  

QUALITY METRICS WEIGHT 

Relative shift in the mean (%) 0 

Change in st dev (%) 0 

Skewness 0.1 

Kurtosis 0.1 

Increase in information 1 

Correlation coefficient 1 

NDVI correlation 1 

RMSE 0.1 

RASE 0.1 

ERGAS 0.8 

Table 3.21: Weights assigned to different quality metrics 

 

Table 3.22 and Table 3.23 list quality indexes, standardized quality indexes, standardized and 

weighted quality indexes, partial ranks of each quality metric, sum and final ranks computed 

with (a), (b) and (c) methods.  

Final ranks are summarized in Table 3.24 for a direct comparison. Different methods provide 

different classifications for pan-sharpening algorithm. CN Spectral Sharpening method is the 

worst for all final ranks. ATWT algorithm is the best for (a) and (b) method while it is in the 

second place for (c) method. PC4_M resulted one of the best algorithm for the visual 

inspection, while for quality metrics it get very different results reaching both first place 

(method (c))and penultimate place (method (b)). 
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QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 ATWT1 

Relative shift 

in the mean 

(%) 

0.75 0.75 0.01 0.78 0.78 0.78 1300.00 -5.48 0.04 

Change in st 

dev (%) 
17.92 17.92 -1.32 18.03 17.10 17.90 1489.75 9.07 15.07 

Skewness -0.40 -0.40 -0.67 -0.40 -0.39 -0.40 -0.39 -0.36 -0.38 

Kurtosis -0.55 -0.55 -0.28 -0.55 -0.53 -0.55 -0.53 -0.50 -0.53 

Increase in 

information 
0.00 0.00 0.00 0.00 0.00 0.00 0.00 -0.77 -1.34 

Correlation 

coefficient 
0.90 0.90 0.99 0.93 0.52 0.93 0.94 0.53 0.84 

RMSE 261.99 261.99 109.66 269.10 832.46 267.91 28111.00 908.37 169.40 

RASE 14.73 14.73 5.85 14.73 42.62 14.92 102.75 49.50 19.78 

ERGAS 2.47 2.47 1.00 2.46 6.92 2.52 16.92 8.06 1.44 

STANDARDIZED QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 ATWT1 

Relative shift 

in the mean 

(%) 

-0.33 -0.33 -0.33 -0.33 -0.33 -0.33 2.67 -0.35 -0.33 

Change in st 

dev (%) 
-0.33 -0.33 -0.36 -0.33 -0.33 -0.33 2.67 -0.34 -0.33 

Skewness 0.22 0.22 -2.64 0.19 0.35 0.24 0.35 0.64 0.42 

Kurtosis -0.51 -0.51 2.61 -0.45 -0.22 -0.54 -0.26 0.12 -0.25 

Increase in 

information 
0.48 0.48 0.48 0.48 0.48 0.48 0.48 -1.11 -2.27 

Correlation 

coefficient 
0.39 0.39 0.88 0.55 -1.75 0.57 0.61 -1.69 0.05 

RMSE -0.35 -0.35 -0.36 -0.35 -0.28 -0.35 2.67 -0.28 -0.36 

RASE -0.54 -0.54 -0.83 -0.54 0.38 -0.53 2.35 0.60 -0.37 

ERGAS -0.48 -0.48 -0.77 -0.48 0.39 -0.47 2.35 0.61 -0.68 

Sum -1.43 -1.43 -1.32 -1.24 -1.30 -1.24 13.87 -1.78 -4.12 

Rank method 

(a) 
3 4 5 7 6 8 9 2 1 

Table 3.22: Quality indexes and standardized quality indexes for 14-bands synthetic images. Computation 

of the rank with the (a) method 
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STANDARDIZED AND WEIGHTED QUALITY INDEXES 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 ATWT1 

Relative shift 

in the mean 

(%) 

0 0 0 0 0 0 0 0 0 

Change in st 

dev (%) 
0 0 0 0 0 0 0 0 0 

Skewness 0.02 0.02 -0.26 0.02 0.04 0.02 0.04 0.06 0.04 

Kurtosis -0.05 -0.05 0.26 -0.04 -0.02 -0.05 -0.03 0.01 -0.03 

Increase in 

information 
0.48 0.48 0.48 0.48 0.48 0.48 0.48 -1.11 -2.27 

Correlation 

coefficient 
0.39 0.39 0.88 0.55 -1.75 0.57 0.61 -1.69 0.05 

RMSE -0.03 -0.03 -0.04 -0.03 -0.03 -0.03 0.27 -0.03 -0.04 

RASE -0.05 -0.05 -0.08 -0.05 0.04 -0.05 0.24 0.06 -0.04 

ERGAS -0.38 -0.38 -0.61 -0.38 0.31 -0.38 1.88 0.49 -0.54 

Weighted 

Sum 
0.37 0.37 0.63 0.53 -0.93 0.56 3.48 -2.20 -2.82 

Rank method 

(b) 
4 5 8 6 3 7 9 2 1 

PARTIAL RANK 

 
PC1_NN PC3_CC PC4_M GS1 GS2_NN GS3_CC CN_1 DWT1 ATWT1 

Relative shift 

in the mean 

(%) 

4 5 2 7 6 8 9 1 3 

Change in st 

dev (%) 
6 7 1 8 4 5 9 2 3 

Skewness 6 7 9 8 3 5 4 1 2 

Kurtosis 2 3 9 4 7 1 5 8 6 

Increase in 

information 
2 3 1 4 5 6 7 8 9 

Correlation 

coefficient 
5 6 1 4 9 3 2 8 7 

RMSE 8 4 1 6 7 5 9 3 2 

RASE 2 3 1 4 8 5 9 7 6 

ERGAS 8 5 1 3 7 6 9 4 2 

Sum of the 

partial rank 
43 43 26 48 56 44 63 42 40 

Rank method 

(c) 
4 4 1 7 8 6 9 3 2 

Table 3.23: Standardized and weighted quality indexes and partial ranks for 14-bands synthetic images. 

Computation of the rank with the (b) method and the (c) method. 
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RANK METHOD 

(a) 

RANK METHOD 

(b) 

RANK METHOD 

(c) 

PC1_NN 3 4 4 

PC3_CC 4 5 4 

PC4_M 5 8 1 

GS1 7 6 7 

GS2_NN 6 3 8 

GS3_CC 8 7 6 

CN_1 9 9 9 

DWT1 2 2 3 

ATWT1 1 1 2 

Table 3.24: Final ranks for the 14-bands application obtained with (a), (b) and (c) methods 

 

3.8 PAN-SHARPENING RESULTS FOR QUICKBIRD 

DATA 

Pan-sharpening algorithm have been applied also to Quickbird multispectral image.  

PAN-SHARPENING ALGORITHM DESCRIPTION 

Principal Component 

PC1_NN_PA 
Synthetic image upsampled with a Nearest Neighbor 

algorithm (ENVI implementation) 

PC2_B 
Synthetic image upsampled with a Bilinear algorithm 

(ENVI implementation) 

PC3_CC 
Synthetic image upsampled with a Cubic Convolution 

algorithm (ENVI implementation) 

Gram - Schmidt 

GS1_NN 

Synthetic image upsampled with a Nearest Neighbor 

algorithm and low resolution PAN image create by sensor 

type  (ENVI implementation) 

GS2_B_PA 

Synthetic image upsampled with a Bilinear algorithm and 

low resolution PAN image create by sensor type  (ENVI 

implementation) 

GS3_CC_PA 

Synthetic image upsampled with a Cubic Convolution 

algorithm and low resolution PAN image create by sensor 

type  (ENVI implementation) 

Color Normalized CN1 
Synthetic image upsampled with a nearest neighbor 

algorithm (ENVI implementation) 

Discrete Wavelet 

Transform 

DWT1 
Synthetic image upsampled with a Nearest Neighbor 

algorithm (IDL implementation)  

DWT1_PA 
Synthetic image upsampled with a Pixel Aggregate 

algorithm (IDL implementation) 

A Trous Wavelet 

Transform 
ATW2_PA 

Synthetic image upsampled with a Pixel Aggregate 

algorithm (IDL implementation) 

 

Table 3.25: Pan-sharpening algorithms description 
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This multispectral sensor has been used in order to validate image fusion algorithms not only 

for dataset similar to PRISMA but also for every possible dataset. In this way we want to 

develop standard and repeatable procedures that are not affected by user settings or by dataset 

changing. The multispectral image with a spatial resolution of 14.4 m has been sharpened 

with the panchromatic image with a spatial resolution of 2.4 m. The fusion ratio is equal to 

six, as it is for PRISMA sensor. Table 3.25 shows the description of different pan-sharpening 

algorithms used. 

Pan-sharpening algorithms are the same that have been applied to MIVIS image. The tests 

carried out are very numerous, but to avoid redundant information only the most significant 

cases have been reported. Table 3.26 reports the processing time and free parameters of each 

algorithm. Computation times are higher than those seen previously for MIVIS images but 

still remain below 30 minutes and are considered acceptable. Free parameters are the same of 

MIVIS images. 

PAN-SHARPENING ALGORITHM PROCESSING TIME FREE PARAMETER 

Principal Component 

PC1_NN_PA 00:02:56 2 

PC2_B 00:03:10 2 

PC3_CC 00:03:23 2 

Gram - Schmidt 

GS1_NN 00:01:24 4 

GS2_B_PA 00:01:18 4 

GS3_CC_PA 00:01:39 4 

Color Normalized CN2_PA 00:00:28 0 

Discrete Wavelet 

Transform 

DWT1 00:22:10 2 

DWT1_PA 00:21:44 2 

A Trous Wavelet 

Transform 
ATW2_PA 00:15:45 2 

Table 3.26: Processing time and free parameters for different pan-sharpening algorithms in Quickbird 

application 

 

Pan-sharpening algorithms have been applied to the whole image, but for a better 

visualization it is shown an Area of Interest (AOI) for a first comparison. The chosen AOI is 

shown in Figure 3.28: on the left there is the Quickbird original image, while on the right 

there is the AOI in the multispectral reference image with a spatial resolution of 2.4 m (a), in 

the panchromatic image with a spatial resolution of 2.4 m (b) and in the multispectral image 

with a spatial resolution of 14.4 m (c).  

 



3. Improvement of spatial resolution in the Visible and Near Infrared regions 

117 
 

 

Figure 3.28: Quickbird multispectral image with area of interest (AOI). (a) 2.4 meters multispectral 

image, (b) 2.4 meters panchromatic image, (c) 14.4 meters multispectral image 

 

Figure 3.29 shows the first comparison between the reference multispectral image and 

synthetic images obtained with PCA and CNSS algorithms. From a first visual inspection, the 

spatial information is preserved in all the three algorithms while the spectral information is 

distorted.  

 Figure 3.30 presents the comparison between the reference image and Gram –Schmidt 

synthetic images. These algorithms provide better results for Quickbird sensor than for 

MIVIS sensor probably because of the lower number of bands of Quickbird and the presence 

of the Quickbird filter function in the pan-sharpening procedure. This had not been possible 

for MIVIS sensor.  

Figure 3.31 shows the comparison between the reference image and synthetic images 

computed with wavelet methods, DWT and ATWT. As for MIVIS image, the spatial 

information is not preserved by these algorithms.  
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Figure 3.29: Sharpening results for Quickbird application. (a) Quickbird multispectral image, (b) PCA 

sharpened (PC1_NN_PA),  (c) PCA sharpened (PC2_B), (d) Color Normalized sharpened (CN2_PA) 

 

 

Figure 3.30: Sharpening results for Quickbird application. (a) Quickbird multispectral image, (b) Gram-

Schmidt sharpened (GS1_NN),  (c) Gram-Schmidt sharpened (GS2_B_PA), (d) Gram-Schmidt sharpened 

(GS3_CC_PA) 
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Figure 3.31: Sharpening results for Quickbird application. (a) Quickbird multispectral image, (b) Discrete 

Wavelet Transform sharpened (DWT1),  (c) Discrete Wavelet Transform sharpened (DWT2_PA), (d) Á 

Trous Wavelet Transform sharpened (ATW2_PA) 

 

 

PAN-SHARPENING ALGORITHM 

RELATIVE SHIFT 

IN THE MEAN 

(%) 

RELATIVE SHIFT IN 

THE STANDARD 

DEVIATION (%) 

SKEWNESS KURTOSIS 

Principal 

Component 

PC1_NN_PA -0.01 -0.13 0.67 -1.63 

PC2_B 0.05 -0.12 0.66 -1.64 

PC3_CC 0.08 -0.04 0.66 -1.64 

Gram - Schmidt 

GS1_NN 0.46 0.07 0.66 -1.64 

GS2_B_PA 0.81 -0.11 0.67 -1.63 

GS3_CC_PA 0.95 0.21 0.67 -1.63 

Color Normalized CN2_PA 7.29 8.91 0.66 -1.63 

Discrete Wavelet 

Transform 

DWT1 -0.04 -0.03 0.66 -1.64 

DWT1_PA -0.07 -0.15 0.67 -1.63 

A Trous Wavelet 

Transform 
ATW2_PA -0.02 -0.13 0.67 -1.63 

Table 3.27: Histogram metrics, skewness and kurtosis computed for synthetic  images 

 

Computed quality metrics are the same of the MIVIS application, but in addition a 

classification based metrics obtained with SIAM
TM

 software and its byproduct called “SIAM–

Bitemporal
TM

” has been computed. Table 3.27 listed histogram based metrics: relative shift in 

the mean, relative shift in standard deviation, skewness and kurtosis. All algorithms present 
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similar values of skewness and kurtosis, while for the other two parameters, the method CN 

shows very different values. Both PC algorithms and Wavelet based algorithms show low 

deviations for the mean and for the standard deviation. 

PAN-SHARPENING ALGORITHM ENTROPY 
INCREASE IN 

INFORMATION 

Principal 

Component 

PC1_NN_PA 1.39 -1.00 

PC2_B 1.41 -1.02 

PC3_CC 1.21 -0.82 

Gram - Schmidt 

GS1_NN 1.42 -1.03 

GS2_B_PA 1.42 -1.03 

GS3_CC_PA 1.42 -1.03 

Color Normalized CN2_PA 1.29 -0.90 

Discrete Wavelet 

Transform 

DWT1 0.38 0.01 

DWT1_PA 0.35 0.04 

A Trous Wavelet 

Transform 
ATW2_PA 0.38 0.01 

Table 3.28: Entropy and increase in information computed for synthetic  images 

 

In Table 3.28 the entropy of synthetic multispectral images has been computed. The values 

indicate a very small increase (almost negligible) in entropy for the wavelet based methods. 

Other methods present negative values that indicates a decrease in the amount of information.   

PAN-SHARPENING ALGORITHM 
CORRELATION 

COEFFICIENT 

NDVI 

CORRELATION 

Principal 

Component 

PC1_NN_PA 0.99 0.93 

PC2_B 0.99 0.94 

PC3_CC 0.99 0.93 

Gram - Schmidt 

GS1_NN 0.98 0.90 

GS2_B_PA 0.99 0.92 

GS3_CC_PA 0.99 0.92 

Color Normalized CN2_PA 0.99 0.76 

Discrete Wavelet 

Transform 

DWT1 0.96 0.90 

DWT1_PA 0.98 0.96 

A Trous Wavelet 

Transform 
ATW2_PA 0.98 0.96 

Table 3.29: Correlation coefficient and NDVI correlation computed for synthetic  images 

 

In Table 3.29 correlation coefficient and NDVI correlation coefficient are shown. The 

correlation between bands of the multispectral image bands and the same bands of synthetic 

images is high with the exception of the CNSS algorithm. Wavelet based algorithms have the 

higher values of NDVI correlation. Table 3.30 presents “universal” indexes computed for all 

synthetic images. The resulting values are lower than that obtained in the MIVIS application. 
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PCA algorithms are the best for the ERGAS index (ERGAS is the index most widely used in 

scientific literature). The worst algorithm is CN Spectral Sharpening.  

PAN-SHARPENING ALGORITHM RMSE RASE ERGAS 

Principal 

Component 

PC1_NN_PA 3.51 10.20 1.76 

PC2_B 3.4 9.89 1.70 

PC3_CC 3.52 10.26 1.75 

Gram - Schmidt 

GS1_NN 4.91 14.37 2.34 

GS2_B_PA 4.14 11.65 2.05 

GS3_CC_PA 4.16 11.72 2.05 

Color Normalized CN2_PA 7.84 20.18 5.12 

Discrete Wavelet 

Transform 

DWT1 7.02 22.45 3.98 

DWT1_PA 4.87 14.34 2.54 

A Trous Wavelet 

Transform 
ATW2_PA 4.86 14.32 2.53 

Table 3.30: Universal indexes (RMSE, RASE, ERGAS) computed for synthetic  images 

 

In addition to computed quality metrics also a classification based metrics is done. Thanks to 

the collaboration with BACRES (BAraldi Consultancy in REmote Sensing), it was possible to 

use SIAM
TM

 software (see section 3.3.6.1) to classify the original multispectral image and 

synthetic images and to make a comparison. The original multispectral image classification 

performed by  SIAM
TM

  is shown in Figure 3.32. Class legend is shown in Figure 3.33.  

 

Figure 3.32: SIAM
TM

 classified map of the original Quickbird multispectral image 
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Figure 3.33: Map legend adopted by the SIAM™ pre-classifier 

 

1 Constant vegetation           

2 Vegetation decrease           

3 Vegetation increase           

4 Vegetation total gain from bare soil or built-up or fire     

5 Vegetation total loss into bare soil or built-up     

6 Vegetation total gain from water (or shadow)     

7 Vegetation total loss into water (or shadow)       

8 Single-date vegetation (affected by data noise at either T1 or T2)   

9 Bare soil or built-up total gain from water (or shadow)     

10 Bare soil or built-up total loss into water (or shadow)     

11 Constant water (or shadow)         

12 Single-date water (or shadow) (affected by data noise at either T1 or T2) 

13 Constant bare soil or built-up         

14 Within-bare soil or built-up change       

15 Single-date bare soil (affected by data noise at either T1 or T2)   

16 Constant cloud or single-date cloud (affected by noise at either T1 or T2) 

17 Constant snow (or bright bare soil/built-up or cloud in VHR imagery) 

18 Single-date snow (or shadowed snow) (affected by data noise at either T1 or T2) 

19 Snow (or bright bare soil/built-up or cloud in VHR imagery) total gain 

20 Vegetation from snow (or bright bare soil/built-up or cloud in VHR imagery) 

21 Bare soil or built-up from snow (or bright bare soil/built-up or cloud in VHR imagery) 

22 Water (or shadow) from snow (or bright bare soil/built-up or cloud in VHR imagery) 

23 Constant shadowed snow         

24 Single-date shadowed snow (affected by data noise at either T1 or T2) 

25 Constant shadow           

26 Constant flame           

27 Single-date flame (affected by data noise at either T1 or T2)   

28 Active flame           

29 Constant unknown or noisy         

Table 3.31: Legend of the automatic bi-temporal post-classification SIAM™-based land cover change/no-

change 

 

Two SIAM™ products generated from an image pair featuring the same spatial resolution and 

the same geographic footprint can be adopted for automatic bi-temporal post-classification 

land cover change/no-change detection. This byproduct hereafter named “Bitemporal” has 

been developed to compare two images of the same area acquired at different time and  detect 

changes in land cover classes. In our application, this byproduct has been used to understand 
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if the image fusion introduce spectral distortion. This quality metric is really important: if the 

fusion process does not affect the classification, then it preserve the information associated 

with the image that can be used by the end user. 

“Bitemporal” product has been applied to the reference multispectral image coupled with 

synthetic images computed by each pan-sharpening algorithm. The result is a new classified 

map where each class provide information on how the synthetic image is changed compared 

to the reference image. Table 3.31 lists the legend of identified classes. Different classes 

represent pixels that still belong to the same class in the fused image, or pixels for which the 

classification is changed. 

Figure 3.34 shows the area of interest (AOI – see Figure 3.28) classified for the reference 

image and for one of the pan-sharpening method, PCA algorithm (PC1_NN_PA) and the 

results of the “Bitemporal” procedure. 

 

Figure 3.34: (a) SIAM
TM

 classification of the AOI - original multispectral image, (b) SIAM
TM

 classification 

of the AOI – PC1_NN_PA image, (c) Bitemporal product 

 

To evaluate the “Bitemporal” product, different methodologies can be adopted. We decided to 

calculate the percentage of pixels that present a constant class in the original image and in the 

synthetic image. We therefore consider classes number 1 – 11 – 13 – 16 – 17 – 23 – 25 – 26 – 
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29 of Table 3.31. Results are shown in Table 3.32. another methodology to use “Bitemporal” 

product could be the extraction of the percentage of pixels that have undergone changes in 

classification but within of the same macro-class. With this methodology we should consider 

also class 2 and 3 for example. We have preferred to use the first methodology: the 

classification of the fused image should be as faithful as possible to the classification of the 

original image. The percentage of pixels that belong to the same class goes from 70 to about 

80%. Pan-sharpening algorithm that show the with the highest values are the three PCA 

algorithms and the ATW2_PA algorithm. If we had considered pixels that belong the same 

macro-class,  percentages would rise up to nearly 90%. 

PAN-SHARPENING ALGORITHM BITEMPORAL 

Principal 

Component 

PC1_NN_PA 0.79 

PC2_B 0.80 

PC3_CC 0.80 

Gram - Schmidt 

GS1_NN 0.77 

GS2_B_PA 0.75 

GS3_CC_PA 0.75 

Color Normalized CN2_PA 0.72 

Discrete Wavelet 

Transform 

DWT1 0.69 

DWT1_PA 0.77 

A Trous Wavelet 

Transform 
ATW2_PA 0.78 

 

Table 3.32: Bitemporal results for synthetic images 

 

ID QUALITY METRIC WEIGHT 

1 Relative shift in the mean (%) 0 

2 Change in st dev (%) 0 

3 Skewness 0 

4 Kurtosis 0 

5 Correlation coefficient 1 

6 NDVI correlation 1 

7 Increase in information 1 

8 RMSE 0.1 

9 RASE 0.1 

10 ERGAS 0.8 

11 Bitemporal 1 

Table 3.33: Weights assigned to different quality metrics 

 

Then results have been standardized to obtain a final score for different pan-sharpening 

algorithms. Weights assigned to standardized are summarized in Table 3.33. Skewness and 
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kurtosis were virtually identical for all pan-sharpening algorithms, thus a weight equal to zero 

was assigned. For clarity an identification number has been assigned to every quality metrics, 

so tables that report results could be better visualized. 

Quality indexes and standardized quality indexes are shown in Table 3.34. In the same table 

the rank computation with the (a) method is presented: standardized variables are weighed 

equally and according to their sum we obtain a rank of fusion methods. With (a) method, 

PC3_CC algorithm is the best.  

QUALITY INDEXES 

 

PC1_NN_P

A 

PC2_

B 

PC3_C

C 

GS1_N

N 

GS2_B_P

A 

GS3_CC_P

A 
CN1 

DWT

1 

DWT1_P

A 

ATW2_P

A 

1 -0.01 0.05 0.08 0.46 0.81 0.95 7.29 -0.04 -0.07 -0.02 

2 -0.13 -0.12 -0.04 0.07 -0.11 0.21 8.91 -0.03 -0.15 -0.13 

3 0.67 0.66 0.66 0.66 0.67 0.67 0.66 0.66 0.67 0.67 

4 -1.63 -1.64 -1.64 -1.64 -1.63 -1.63 -1.63 -1.64 -1.63 -1.63 

5 0.99 0.99 0.99 0.98 0.99 0.99 0.99 0.96 0.98 0.98 

6 0.93 0.94 0.93 0.90 0.92 0.92 0.76 0.90 0.96 0.96 

7 -1.00 -1.02 -0.82 -1.03 -1.03 -1.03 -0.90 0.01 0.04 0.01 

8 3.51 3.40 3.52 4.91 4.14 4.16 7.84 7.02 4.87 4.86 

9 10.20 9.89 10.26 14.37 11.65 11.72 20.1 22.45 14.34 14.32 

10 1.76 1.70 1.75 2.34 2.05 2.05 5.12 3.98 2.54 2.53 

11 0.79 0.80 0.80 0.77 0.75 0.75 0.72 0.69 0.77 0.78 

STANDARDIZED QUALITY INDEXES 

 

PC1_NN_P

A 

PC2_

B 

PC3_C

C 

GS1_N

N 

GS2_B_P

A 

GS3_CC_P

A 
CN1 

DWT

1 

DWT1_P

A 

ATW2_P

A 

1 -0.42 -0.39 -0.38 -0.22 -0.06 -0.00 2.81 -0.44 -0.45 -0.43 

2 -0.34 -0.34 -0.31 -0.27 -0.34 -0.22 2.84 -0.31 -0.35 -0.34 

3 0.41 0.26 -0.68 -1.50 1.24 0.81 0.23 -1.80 0.49 0.54 

4 0.35 0.03 -1.41 -1.45 0.93 0.53 1.49 -1.11 0.29 0.34 

5 0.65 0.75 0.65 -0.55 0.35 0.25 0.75 -2.55 -0.15 -0.15 

6 0.38 0.45 0.36 -0.23 0.06 0.09 -2.66 -0.13 0.83 0.83 

7 -0.66 -0.72 -0.29 -0.72 -0.72 -0.72 -0.46 1.41 1.47 1.42 

8 -0.87 -0.95 -0.87 0.06 -0.45 -0.44 2.01 1.46 0.03 0.02 

9 -0.87 -0.94 -0.86 0.10 -0.53 -0.52 1.45 1.98 0.09 0.09 

10 -0.74 -0.79 -0.75 -0.22 -0.47 -0.48 2.28 1.25 -0.04 -0.05 

11 -0.82 -1.09 -0.98 -0.11 0.24 0.27 1.09 2.13 -0.22 -0.52 

Sum -2.94 -3.74 -5.52 -5.11 0.23 -0.41 11.8 1.89 2.01 1.76 

Rank 

metho

d (a) 

4 3 1 2 6 5 10 8 9 7 

Table 3.34: Quality indexes and standardized quality indexes for Quickbird synthetic images. 

Computation of the rank with the (a) method 
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STANDARDIZED AND WEIGHTED QUALITY INDEXES 

 

PC1_NN_

PA 

PC2_

B 

PC3_

CC 

GS1_N

N 

GS2_B_

PA 

GS3_CC_

PA 
CN1 

DW

T1 

DWT1_

PA 

ATW2_P

A 

1 0 0 0 0 0 0 0 0 0 0 

2 0 0 0 0 0 0 0 0 0 0 

3 0 0 0 0 0 0 0 0 0 0 

4 0 0 0 0 0 0 0 0 0 0 

5 
0.65 0.75 0.65 -0.55 0.35 0.25 0.75 

-

2.55 
-0.15 -0.15 

6 
0.38 0.45 0.36 -0.23 0.06 0.09 -2.7 

-

0.12 
0.83 0.83 

7 -0.66 -0.72 -0.29 -0.72 -0.73 -0.72 -0.5 1.41 1.47 1.42 

8 -0.09 -0.09 -0.09 0.01 -0.04 -0.04 0.20 0.15 0.0 0.00 

9 -0.09 -0.09 -0.09 0.01 -0.05 -0.05 0.15 0.19 0.01 0.01 

10 -0.59 -0.63 -0.59 -0.17 -0.38 -0.38 1.82 1.01 -0.03 -0.04 

11 -0.82 -1.09 -0.98 -0.11 0.24 0.27 1.01 2.13 -0.22 -0.52 

Weight

ed Sum 
-1.21 -1.43 -1.04 -1.77 -0.55 -0.58 0.89 2.21 1.92 1.56 

Rank 

method 

(b) 

3 2 4 1 6 5 7 9 10 8 

PARTIAL RANK 

 

PC1_NN_

PA 

PC2_

B 

PC3_C

C 

GS1_N

N 

GS2_B_

PA 

GS3_CC_

PA 

CN

1 
DWT1 

DWT1_

PA 

ATW2_

PA 

1 4 5 6 7 8 9 10 2 1 3 

2 3 4 6 8 5 9 10 7 1 2 

3 6 5 3 2 10 9 4 1 7 8 

4 4 7 9 10 2 3 1 8 6 5 

5 3 1 4 9 5 6 2 10 7 8 

6 4 3 5 9 7 6 10 8 1 2 

7 5 4 7 2 1 3 6 8 10 9 

8 2 1 3 8 4 5 10 9 7 6 

9 2 1 3 8 4 5 9 10 7 6 

10 3 1 2 6 4 5 10 9 8 7 

11 3 1 2 6 7 8 9 10 5 4 

Sum of 

the 

partial 

rank 

39 33 50 75 57 68 81 82 60 60 

Rank 

method 

(c) 

2 1 3 8 5 7 9 10 5 5 

Table 3.35: Standardized and weighted quality indexes and partial ranks for Quickbird synthetic images. 

Computation of the rank with the (b) method and the (c) method. 

 

Table 3.35 shows standardized and weighted quality indexes and partial ranks. With those 

data it is possible to compute ranks with (b) and (c) methods. The (b) method involves the 

multiplication of standardized variables with weights listed in Table 3.33, then their sum and 
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the rank computation. The (c) method involves the computation of partial ranks of 

standardized variables, then their sum and the final rank. Results obtained with the three 

methods are shown in Table 3.36 for a direct comparison.  

 

RANK METHOD  

(a) 

RANK METHOD  

(b) 

RANK METHOD  

(c) 

PC1_NN_PA 4 3 2 

PC2_B 3 2 1 

PC3_CC 1 4 3 

GS1_NN 2 1 8 

GS2_B_PA 6 6 5 

GS3_CC_PA 5 5 7 

CN1 10 7 9 

DWT1 8 9 10 

DWT1_PA 9 10 5 

ATW2_PA 7 8 5 

Table 3.36: Final ranks for the Quickbird application obtained with (a), (b) and (c) methods 

 

Table 3.36 shows that best pan-sharpening algorithms for Quickbird application are PC 

algorithms. Different ranks provide different classification, but GS1_NN algorithm is in the 

first places in (a) and (b) methods. Wavelet based algorithms in this application do not 

provide acceptable results. 

3.9 DISCUSSION AND FUTURE DEVELOPMENTS 

Results obtained from the pan-sharpening algorithm application to MIVIS and Quickbird 

images leads to several assessments.  

Concerning the visual analysis, principal component analysis algorithms are the best for 

spatial information maintenance in both applications. This fact is reflected in numerous 

studies of scientific literature as Wang et al. (2005), Amolins et al. (2007) and Thomas et al. 

(2008).  

Concerning the numerical analysis, quality metrics computed give different results  between 

MIVIS and Quickbird application. In particular, in the MIVIS application, wavelet based 

algorithms preserve well the spectral information. In the Quickbird application, Gram-

Schmidt sharpening show the best results. This difference may be due to the different number 

of bands processed and to the presence of the Quickbird filter function in the pan-sharpening 

procedure (this had not been possible for MIVIS sensor). 
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Final ranks obtained by quality metrics differ, however, even within the same application but 

if they are consistent with each other (i.e. the case of an algorithm that is the first in one rank 

and the last in another rank has never been found). This is certainly due to the arbitrariness 

with which the quality metrics have been combined together and to the weights that have been 

assigned. In addition image signals are generally non stationary. As a consequence, image 

quality is also space variant, despite the fact that in practice it is usually desirable to evaluate 

an entire image by means of a single overall quality index. Therefore, it is more appropriate to 

measure statistical features locally and then combine them together (e.g., by computing the 

mean of local features). Quality metrics implemented in this work are computed both locally 

(Relative shift in the mean, Relative shift in the standard deviation, Skewness, Kurtosis, 

Entropy), and globally within the image (NDVI correlation, correlation coefficient, RMSE, 

RASE, ERGAS).  

In addition, the application of the synthetic image has to be considered to evaluate image 

fusion process. For example, if the purpose is the classification of the fused image with an 

higher spatial resolution, then the best pan-sharpening algorithm will be the first in 

classification based metrics.   

From these assessments, the work of the next months has been planned: 

 The “hybrid methods” will be implemented to combine the best aspects of standard 

methods and wavelet methods. In particular, we will focused on incorporating the PC 

transform into wavelet methods, since the PC fusion methods performs well spatially 

while the wavelet fusion methods perform well spectrally 

 A new protocol will be developed to evaluate the preservation of spatial and spectral 

information in fusion methods. This new protocol should overcome the limitations of 

existing alternative approaches and be robust to changes in the input dataset and user-

defined parameters. 

 A new dataset will be used to test pan-sharpening algorithms and quality metrics. We 

will use hyperspectral images acquired by AVIRIS (Airborne Visible InfraRed 

Imaging Spectrometer) sensor. This sensor has more than 200 bands with a spectral 

coverage from 400 to 2500 nm. Thus it is very similar to PRISMA sensor.  

 

 


