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Abstract— In this paper we propose a model based approach for the saturation transform (IHST) technique [4], [5], [6], [7]. hiB
multiresolution fusion of satellite images. Given the highspatial resolu- technique can enhance the spatial details, but also preduce
tion panchromatic (Pan) image and a low spatial and high spéral reso- ] " . ! .
lution multispectral (MS) image acquired over the same geagphical area S.peqtral distortion. The fUS'O,” apPrQaCh baseq on the }.’ﬂgb p
the problem is to generate a high spatial and high spectral molution mul- ~ filtering (HPF) [8], [9] technique injects the high spatiaé{
tispectral image. This is clearly an ill-posed problem and knce we need quency details from the pan image into the up sampled vession

a proper regularization. We model each of the low spatial reslution MS ¢ \15 jmages. Although these methods have demonstrated bet-
images as the aliased and noisy versions of their correspoimg) high spatial

resolution i.e., fused (to be estimated) MS images. A propaaliasing ma- (€ performance, improving the quality of spatial detald éhus
trix is assumed to take care of the undersampling process. Ehhigh spatial  showing a better visual effect, they also amplify the no@ther
resolution MS images to be estimated are then modeled as septe Inho- approaches considered for multiresolution fusion in theate
mogeneous Gaussian Markov Random Fields (IGMRF) and aMaximum A . . . L

Posteriori(MAP) estimation is used to obtain the fused image for each dhe sensing literature include prlnC|paI component transf(]?ﬁT)

MS bands. The IGMRF parameters are estimated from the availale high  [10], [11] and wavelet transform (WT) based approaches,[12]
resolution Pan image and are used in the prior model for regurization [13], [14], [15]. The standard WT method is based on replac-

purposes. Since the method does not directly operate on theaR pixel val- - : :
ues as most of the other methods do, the spectral distortios minimum and Ing the hlgh frequency component of the MS Images with that

the spatial properties are better preserved in the fused imge as the IGMRF ~ Of Pan image by working in the wavelet domain and then syn-
parameters are learned at every pixel. We demonstrate the fefctiveness of  thesizing the fused image by applying the inverse wavedeistr

our approach over some existing methods by conducting the prriments on form. Fusion schemes based on the "a trous” wavelet (ATW)
synthetic data as well as on the images captured by the Quickid satellite. )

Index Terms- Inhomogeneous Gaussian markov random field, dec- al_go”_thm have been also proposeq [16]' [:!-7]’ [18]- In [19]1
imation, multiresolution fusion, super-resolution, multispectral image, Aiazzi et al. propose two context driven fusion methododsgi

panchromatic image. based on an undecimated discrete wavelet transform (UDWT)
and a generalized Laplacian pyramid (GLP), respectivehe T

I. Introduction former uses an octave bandpass representation obtaimaedhfro
It is very difficult to provide an accurate definition for in@ag conventlpnal wavelet trar_lsform b¥ omitting the decimatod
fusion. In general terms, it is an approach to informationaex upsampling the wavelet f"tef bank: the Iatt_er 's based Omo
tion by combining the non redundant information availalsie iove_rsampled structure obtained _by recursively subtrg¢tmn
several images. Considering the lack of appropriate digfimia an image an expanded and _deC|mqted IOV\.’ pass version. In one
European working group formed in the year 1996 gave the f(ﬂ‘f the recent works on multiresolution fu3|on[20], the auth
lowing definition for data fusion [1]. Data fusion is a formal use the curyelet transforms_ for gnhancmg the MS _bands. They
framework in which are expressed the means and tools for ject the high freqluency dlrec_tlonal components into the M
alliance of data originating from different source$n remote and_s after extractmg them using the curvelet transforrthen
sensing, the availability of large numbers of images of #rall Pan image. Authors n [21] improve the pe_rf_ormance Of IHST
mass taken at different spatial and spectral resolutiodsfat- and PCA mergers using wavele.t decompoapon. Ranchin.et al.
ent times using multiple sensors has made the researchion fu£2_2] propose some sucpessful |mplementat|0n schemgs_ for fu
very meaningful. In many applicationsit is very much benafic zlfogtrlljjscltr:ﬁeil)??cl)iC(ZE?“?Ihr:f)?#glrorgsg:iﬂc\?v?rlegtigyfll.lms;iz(;lt i
to have high spatial and spectral resolution images. On and hclude 23], [24], [25]. [26], [27], [28]. [29]. [30], [31]. Mre

the high spatial resolution is necessary for accurate ghigor ;
of the features and structures and on the other hand difeken ¢t works can be found in [32], [33], [34], [35], [36], [37

jects are better identified if a high spectral resolutionsedi [38]. [39]. [40], [41].
Multiresolution fusion is a process of combining a high &dat All the above methods require accurate coregistrationreefo
resolution panchromatic image (Pan) and a low spatial kgit hithe fusion process takes place. The upsampling of the MS im-
spectral resolution multispectral (MS) image to producégh h age using a standard interpolation technique before therfus
spatial and spectral resolution MS image. Due to the physigdocess does not consider the aliasing present in the |laures
constraints on the satellite sensor, the multispectraganare tion observation and causes the fused images to suffer tiem t
generally captured with lower spatial resolution than tae ifn-  Problem of aliasing and hence introduces distortion in trsed
age. Since the information obtained from individual seasser image. Also when fusing the Pan and MS images acquired by
often incomp|ete’ inconsistent' or imprecise [2], [3], thmge different satellites the piXel values of the Pan data maﬁed”
produced by fusing the information from different sensars rsignificantly from the MS images due to the change in sensor,
sults in better understanding of the acquired data thasHelp but the spatial correlation does not get affected since rtie i
a better analysis of the scene segments. ages are acquired over the same region. This may be a ptactica
The area of multiresolution fusion is quite matured with gnarfonstraint affecting the fusion results while solving thsion
researchers attempting to solve this problem for remotsisgn Problem that operate directly on Pan pixel values.
applications. The most common method is the intensity-hue-In this paper we solve the multiresolution fusion problem



based on a different concept calledper-resolution Super-
resolution refers to a signal processing approach for ointgi 'I-n'ja'\g: > daa
a high spatial resolution image from images that are cagtur

using a low spatial resolution sensor by combining the nonr becimation

dundant data available in the aliased low resolution olasen estimation Optimization —>
tions. Many of the researchers have attempted to solve tfe-su

resolution problem by using the motion cue, where a numk

of low resolution observation are captured with subpixdftsh ( Hrean IGMRF prior

to obtain a single high resolution image. In recent yearsr \ " e

searchers in the field of image processing have used learn

based methods for SUper_reSOIUtlon where the hlgh reemuq:ig. 1. A general scheme of the data fusion for an MS and a PagemHere

properties are learned using a part of the available high-res ™ g and HR represent high resolution and low resolution, eetigely.

lution image [42] or from a set of training images [43], [44].

Our work in this paper is based on the model based approach

proposed in [45]. Here the authors proposed an autoregeessiddress the problem of ill-posedness. What we presentsn thi
(AR) model based multiresolution fusion technique for figsi paper differs from their work. Our image formation model is
the Pan and MS images. The approach is based on learningliased on the restoration framework which properly modeds th
homogeneous AR parameters (24 parameters estimated eveatiasing present in the low spatial resolution MS imagestdue
entire image) from the available Pan image and using these padersampling. We then solve the ill-posedness of the probl
rameters in a prior model for regularization. The low reiolu by using the Bayesian approach, in particular by formuggtire

MS image is modeled as the aliased version of the correspoptbblem as MAP estimation. Our objective function (costdun
ing high resolution image and a suitable regularizationsisdu tion) does not explicitely include the high resolution esite

to obtain the high resolution MS image. A fixed decimation malerived from the Pan image as used in [47], as this would cause
trix is used to represent the aliasing present in the lowiapatspectral distortion since the Pan data has low spectralureso
resolution MS images. Although the method can be employtdn. We would like to mention here that both the approaches
for images that are not accurately registered, the methethiea are MRF based and use a combination of prior model and data
following drawbacks: term. However, the two works differ significantly in theirie-

1. Few homogeneous AR parameters learned globally from Faantation.

image using a fixed neighborhood fail to capture the spagial d The outline of the paper is as follows. In section II, we
pendency among pixels very well as satellite images costgin briefly explain the proposed approach. In Section lll, the fo
nificant texture with well localized features and it is mopgeo- ward model for the low spatial resolution MS image formatin
priate to use an inhomogeneous prior for describing these. presented. The high resolution image field as an IGMRF model
2. Ingeneral the AR model is more effective on moderatelyhigand the model parameters estimation are the subject obeecti
resolution images rather than on very high resolution irsagéV . The MAP based approach to enhance the spatial resolu-
since the finer details are not captured well by the AR proceston of MS images in order to obtian the fused MS images is

The work described in this paper is based on our earlier wofiscussed in section V. Experimental results are presented
published in [46]. In this paper we use an MRF-based mogection VI and section VII provides conclusions of our work.
eling for capturing the spatial correlation among pixelghia _ o
high resolution MS image. It is well known that MRFs are the !!- Block diagram description of the Proposed method.

most general models used as a priors during regularizatiemw  The method for the proposed multiresolution fusion can be
solving ill-posed problems. In order to preserve discaritias  explained using the block schematic shown in Figure 1. A low
as well as reconstruct the smooth areas We”, we use an in'homO|uti0n MS image is modeled as an aliased and noisy Versio
geneous GMRF as a prior model instead of an AR model. Thisthe corresponding high spatial and spectral resolutised
enables us to capture the smooth regions as well as the sudg@iye. It may be noted that the block diagram shows the fusion
intensity variation due to sharp edges. We estimate théee inprocess for thet” low resolution image and the Pan image with
mogeneous parameters from the available high resolution Rge resuliz, corresponding to the fused MS image. We thus ob-
image as both the MS and Pan images cover the same geogrggli-one fused image for each of the MS images. A bicubically
ical area. In particular, we estimate four GMRF parametersigaterpolated image of the corresponding MS image is used to
every location of the Pan image. Our fusion process is less jfitialize the iterative optimization algorithm. The dewition
fluenced by the spectral properties of the high spatial wéisol - matrix, applied to the high resolution estimate, and théatvie
Pan image used for learning when compared to other methagg resolution MS image are used to form the data fitting term
This enhances the spatial information of the fused MS imag@&elihood term). One could infer the decimation matrisngs
while keeping the spectral properties intact. the available high resolution Pan image. However, we do not
It is of interest to note that the researchers in [47] alse praddress this problem in this paper and we use a fixed decima-
pose a model based approach for fusion. They use an image fimn matrix as used in [46]. In order to solve the problem gsin
mation model based on the spectral consistency which islba®AP we need a prior model for regularization. This is done by
on the received light intensity and the frequency respoosa f modeling each of the high spatial resolution MS images (to be
particular channel. Different regularization schemesuserl to estimated) as an IGMRF. The IGMRF parameters are learned



from the Pan image and are used on the high resolution MS &kis decimation model simulates the integration of lighem
timate to form the prior term. A suitable optimization scheei sity that falls on the high resolution detector and the dediom
then used to minimize the cost function containing datanfjtti process is represented by the maixvhich has the structure
term and prior term in order to estimate the unknown highresgiven in (2). This shows that the low resolution image intigns
lution MS image. The optimization is carried out separatety is the average of corresponding high resolution interssttier a
each of the MS images and we obtain high spatial and spectralghborhood o pixels and corrupted with an additive noise.
resolution MS image for each band. Note that the same IGMRTRat is, all the non zero entries in the (3) have a constanewafl
parameters are used for each of the MS images as we are legn-We mention here that the warping matrix is not considered
ing the spatial correlation among the pixels which is asslitoe in equation (1) as the considered images are registered.

be the same for all the high resolution MS images. It may be
mentioned here that this assumption requires images eegist
before the fusion process. Since we learn the spatial pieper
and not the spectral characteristics we expect the spgctpd As discussed in section I, we propose to solve the multires

IV. IGMRF Prior Model

erties to be preserved in the fused MS images. olution fusion problem as an ill-posed inverse problemrehe
fore it needs a suitable regularization scheme in order tkema
1. Forward Model it better posed. The regularization can be carried out assum

The proposed multiresolution fusion problem is cast in a 19 & proper prior density for the unknown fused image. We
construction framework. There ageobserved low resolution Plan to model the fused image in such a way that the model
MS images Yp, n= 1,2,---, p), each captured with a differentParameters can be used in the regularization for the purpiose
spectral band, of sizkl; x M pixels and a single Pan image OPtaining a better solution. In the area of image procesaimy
captured with a high spatial resolution of sigiél, x qM,. This COMputer vision many researchers use Markov Random Fields
is also the size of each of the fused imagas 6= 1,2,---,p). (MRF) as convenient way of modeling the contextual entities
Hereq represents the decimation factor (aliasing factor) and$§¢h as image pixels, depth field and other correlated fesitur
an integer. This is obtained by mathematically representing the mutual

Letz represent the available high resolution Pan image in I¢ence among such entities over a spatial neighborhood. An
icographical order. Given the high resolution MS imagg@ex- MRF prior for the unknown image can be described by using a
icographically ordered), the corresponding low resotutinage  €N€roy functioldJ expressed in the Gibbsian density given by
can be modeled as the decimated and noisy version of this high

resolution image. 1§, is then" observed image containing pix- 1
els from the low spatial resolution MS image then we can write P(zn) = Ze exp(—U (zn)). )
VYn = DnHnzn + Vp, n=12---,p. (1) Herez, is the unknown image to be estimated ahg repre-

sents the normalizing constant known as partition funct(me

HereDy, is the decimation matrix of siz&l;M;, x @?M1M, and can choos® as a quadratic form with a single global parameter,
Hn is the blurring matrix of siz&?MiM; x ¢q°M1M; which is assuming that the images are globally smooth. However, @ mor
assumed to be an identity matrix, is theM1M; x 1 noise vec- efficient model would be to chooé such that only the homo-
tor which is zero mean independent and identically distedu geneous regions are smooth and discontinuities are pessigrv
(i.i.d.) process with variance2. Now the problem is to esti- the form of edges. To get this edge preserving regulariaatio
matez, given the observatioy,, which has clearly many solu- searchers have used MRF’s with discrete line fields [49]].[50
tions and hence it is ill-posed. We need a proper reguléoizat However, accurate estimation of these line field paramesers
to obtain better solution by restricting the solution space a very difficult task and computationally demanding. Alse th

It can be seen that when a fixed decimation matrix as useddsergy function becomes non-quadratic and hence needg cost
the super-resolution community is employed it has the¥allg  optimization methods such as simulated annealing in oxler t

form as given in [48] estimate the unknown image. To get the edge preserving regu-
larization, it is possible to use non quadragtunction, as intro-
11...1 0 duced [51] with a single parameter estimated globally [5&] ,
1 11...1 few parameters estimated considering small homogeneeas ar
D= @ . - (2 extracted from a large-size image [53]. In practice a retdlsa

lite image can seldom be represented by homogeneous models
as they are made up of different textures with sharp edges as
For example, for a decimation factor gf= 2 and with high well as constant areas. Hence the prior has to be be chosen suc

resolution fused image of sized4 i.e., 16x 1 lexicographically that the prior parameter adapts to the local structure ofrthe

ordered, thd matrix is of size 4< 16 and can be written as ~ 29€ yielding less noisy result in the homogenous areas,lsad a
preserve the sharp details. This motivates us to choose-an in

0 11...1

110011000000000 homogeneous Gaussian MRF (IGMRF) to model the unknown
D— 1] 001100110000000 3) image.
~ 4| 000000001100110Q ° While using the IGMRF prior, the authors in [54] used the

000000000011001 following energy functiotJ in order to model the reconstructed
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solutionZ, while solving the satellite image deblurring problem. . =
o o " max8(Z,j-1— %) 8)’
U(Zn)zzz { b (Zn(i —1,]) — Zn(i, })) . 1
] by = 8(Z Z )2 8)
. . ’ ma i—1j-1—Zij)?,
T JCA RN ) S WG A AOE 1= B)
blj = (8)

Here bf‘ j and blyJ are the spatially adaptive parameters of the
prior model, with respect to columns and rows. As proposed
in [54], approximate Maximum Likelihood estimates can be de It may be noted that in Eq. (5, 7%, represents tha'" fused
rived using two assumptions: the independence between pixeage whileZ in Eqg. (6, 8) corresponds to the available high
gradients, and the availability of complete data, or grotmath. resolution Pan image.

In this case the optimal value has the folre: 1/4g? if gis an o

image gradient. We approximate the ground truth by the Pan V. MAP estimation

image, neglecting the contribution of the noise. We do rlotnal ~ We now explain how the fusion can be performed using the
the regularization parameters to exceed a predefined valuaViAP estimation so that we obtain the high spatial and spectra
order to avoid computational issues, that could otherwis® a resolution MS images. It may be noted that the MAP estima-
when the gradient values tend to zero. Thus the derived priion is done separately for each of the MS bands. The IGMRF
parameters are computed using the following expressions. model on the fused image serve as the prior for the MAP es-
timation. The model parameters are estimated from the-avail

max(8(Zi,1,j+1 - Zi,j )2’ 8) .

~ 1
b = . . : i -
i max(4(Z 1] - 7,)%4) able h|gh spatlgl r_esolutlop Pan image and the d_ata fitting te
’ ’ contains the aliasing matrix. In oder to use maximaiposte-
. = 1 (6) riori (MAP) estimation to obtain the fused MS imagegiven

b max(4(Zij-1—Z.j)?4) the MS and Pan observations, we need to obtain the estimate as

It can be observed that the varialileepresents a continu- %0 = argmavx, P(zn/yn). Using the Bayes’ rule we can write

ous line process [55] with low values bfindicating an edge
. . P(z =P zn)P(zn).

between two pixels. In the above energy function, the asthor (zn/Yn) = Plyn/zn)P(zn)
model the spatial dependency at a pixel location by consiger Noyw taking the log and considering that the random variaibles
a f|r§t ord_er nglghborhood relgted to gdges in the hpnzmnlﬂl v, are independent we can write
vertical directions. However, in practice the edges in twon-
structed image are not restricted to the two directions.ohry
order to take care of diagonal edges as well we consider adeco
order neighborhood and modify the energy function as fadlow

U@Zn) =S5 { B@ali.i)~2Zali—1.))?
T ]

Zn=arg n;ax{log P(Yn/zn) +log P(zn)] :

Finally, using the egs. (1) and (4) the final cost functionéo b
minimized can be expressed as

. 2
+ 0 (Za(i, ) — Za(i, j - 1)) 2n_argr9in{w +U(zn)} . (9)
+ B (Zali, 1)~ Zai— 1,j - 1))° ’
" b?’,j(Zn(Lj)—Zn(i C1,j+1)? }’ 7 It can be seen that the above cost function is quadratic (gt o

convex) therefore the most computationally efficient wagpe
whereb'; andby; represent the additional parameters for cottimize it would be the conjugate gradient method, however we
sidering the interactions in the diagonal directions. Westhave chose to implement a simple gradient descent algorithm in ou
four parameters at each pixel location instead of two as imsedests, for the sake of simplicity. Since the model paramedkr
[54]. Thus{b@fj,b}fj,bi‘fj7b}fj} form the parameter vector at eachuesby;, blyJ bi';, andby;, have been already estimated, a solu-
location. tion to the above equation can be easily obtained.

These parameters of the prior model are unknown as the trugn order to speedup the convergence, the initial estimg{e
high resolution MS images are unavailable and are to be egiobtained as the bicubically interpolated version of thd-m
mated. To solve this ambiguity we propose to use the availaljspectral imagey,. The minimization is carried out indepen-
high resolution Pan image of the same scene, which is assurgedtly for each of the multispectral (MS) images using theea
to be acquired at the same time in order to learn the IGMRF gsarameter set learned from the Pan image resulting in tteelfus
rameters so that they can be used to improve the solutiorseThgigh spatial and spectral resolution multispectral images
parameters are estimated using the approach as discu$5étl in
where the authors use a Maximum Likelihood (ML) estimatorV1. Experimental Results and Performance Comparison
with the complete data and use a simple approximation of the, this section we demonstrate the effectiveness of the pro-

local variance in order to redl_Jce the co_mputational c_omptex posed approach by conducting experiments on the synttegtic d
The prior parameters are estimated using the followinge&spr 55 \vell as on the real images captured by the satellite sensor

sions. First we demonstrate the working of our model by conducting

1

o
b max8(Zi_1,j —Z,j)%,8)’

experiments on simulated images for a decimation factoif of o
2. We next illustrate how our model works on a real satellite



data by reconstructing a high resolution image from its -dediariance ¢2 = 0.0025) to the decimated version of the test im-
mated and noisy version. Finally we show the performance ade in order to test our algorithm for noisy conditions. Fegu
the proposed approach in terms of both the perceptual ags/elB(a, b, ¢ and d) show the images for this experiment. The re-
guantitative measures by conducting the experiments oakQuisult shown in Figure 3(c) indicates that the proposed amproa
bird satellite images with a spatial resolution differentd be- reconstructs the high resolution image very well even when t
tween the available Pan and MS images. We choose this dddsa has more noise.

set in order to compare our results with those presentedbin [4

The experiments were conducted on images acquired over €heExperimentations on Quickbird Images

same geographical area and at the same time. The results ajg the previous two experiments the IGMRF parameters were
compared with the other methods based on the perceptual diffimated from the available high resolution image. Howeve
ferences as well as by using quantitative measures. In @def,pen gne captures the remotely sensed images the MS images
test the quality of results by using quantitative measuness, ,rq ot |ower spatial resolution (high spectral resolutioh)le
conduct the experiments on spatlally_ degraded vers_lonlsaio the Pan image is captured at high spatial resolution (lowtsgle

the fused results can be compared with the true MS images. yegqution). We can then obtain the high resolution fused MS
images by using the IGMRF parameters estimated on the Pan
image.

Here we consider the verification of our model for the pro- |ng this subsection we consider fusing the MS images of
posed fusion method by considering a synthetically geedraiQuickbird satellite and the Pan image captured over the
data. To start with, we generate a checkerboard image aatd tialpensa area, Italy. The Quickbird data set consists of fou
it as a high spatial resolution image. The observed low resgs bands at a spatial resolution a#i2n x 2.4 m and a coreg-
lution image is then formed by decimation and addition of §8tered Pan image with a spatial resolution o @ x 0.6m
independent and identically distributed (i.i.d) Gaussiaise of (giving a spatial resolution difference or decimation éaif 4).
varianceos = 0.0004. This is the noise variance when the maxg already mentioned these images are degradetm$ 9.6
imum and minimum pixel intensities are 1 and O, respectively and 24 m x 2.4 m, respectively so that after the fusion the
Now the problem here is to estimate the high resolution imaggs images have a resolution of2m x 2.4 m. The degrada-
from its degraded version. Figure 2(a) shows the originghhition for each pixel is obtained by taking the average over fou
resolution image. In Figure 2(b) we display the decimatedi apixels of the Pan image and then adding the noise. It may be
noisy version of the same. A decimation factor of 2 was use@ted that this decimation is necessary since we are cangduct
and the decimation is obtained by considering the averagetigé experiments on the degraded versions. Since thesedaegra
four hlgh resolution pixel intensities in order to obtainia-s images form the observed images we use the degraded Pan im-
gle low resolution pixel intensity [48]. The IGMRF parameste age for estimating the IGMRF parameters as it now represent
estimated from the high resolution image are then used in i@ available high resolution data. The fused images obdtain
cost function (Eqg. (9)). A fixed step size 0of0@1 was used for ysing the proposed method are then used for quality assessme
this experiment while optimizing using the gradient des@gn py comparing them with the true (undegraded) MS images. The
gorithm that converged in less than 100 iterations. Figeg 2 sjze of the true Pan and MS data are 51212 and 128« 128,
shows the estimated high resolution image using the prabosgspectively, and after degrading them in order to conchet t
MAP based approach. It can be seen that in the reconstrucgggeriment they are of size 128128 and 32 32, respectively.
image the noise is very much reduced and the edge details @& |earn four matrices of size 128128 each for representing
sharper. In order to show how well the model captures the spa- ¥, bY, and b’ parameters using the degraded Pan image.
tial dependency in the form of IGMRF parameters we compajghile estimating these values using (Eq. 8) we set a value of
the result with the bicubically interpolated version of toe/ % (instead of a very high value) whenever the neighboringlpixe
resolution observation (see Figure 2(d)) which appeansddu intensities are same i.e., whenever the spatial gradientrbes
and noisy. This experiment demonstrates the working of ogro. Thus we set a minimum spatial difference of 1 for practi
model and also clarifies that the method is capable of perforgy| reasons. This avoids obtaining high regularizatioaeater
ing image fusion in general. It is important to mention héx@t ya|yes that would slow down the optimization. This ensunes t
the above experiment do not validate our prior model, rathefihe pixels with zero intensity difference are weighted ahthe

A. Experimentation on a Synthetically Generated Image

verifies the working of the model. same as those with the small intensity difference (in thiseca
B E : il . ith a Sinale i with a difference of 1). We compare the results of our apgnoac
- Experimental [llustration with a Single image with the HPF method, the Gram-Schimdt (GS) approach, and

The objective of this experimentation is to test the efficaicy the model based approach proposed in [45]. For the proposed
the proposed method when we consider a real satellite immgereethod the spatial dependency captured by the IGMRF param-
the test image and try to recover this image from its degradetdrs were used in the cost function during minimizatione Th
version. We choose a single panchromatic image acquired usjradient descent algorithm converged in less than 10Qibesa
the Ikonos satellite (1 mx 1 m spatial resolution), and sub-with a fixed step size of.001. The processing time on a 2GHz
sample it to 4 mx 4 m to minimize the effects of degradation$owerPC G5 processor was a few seconds. It may be mentioned
such as blur and noise. The observed low resolution imagehere that most of the fusion methods in the literature do set u
then constructed as discussed in the previous sectionnfdeciiterative approaches and may have a slight advantage ower th
tion factorg=2). However, in this case we add noise of higheroposed approach in terms of computational complexityvHo



(@) (b) (c) (d)
Fig. 2. Results for a synthetically generated and degratledkerboard image. (a) 256256 pixels high resolution checkerboard image. (b) Deahaind noisy
version of (a) using a noise variance 00004. (c) Estimated high resolution image using the pragp@gproach. (d) Bicubically interpolated image of (b).

(b) (c) (d)

Fig. 3. Deblurring results on a grayscale image (subsanigtatbs image of Goosened® Space Imaging, 4 nx 4 m spatial resolution). (a) 256256 pixels
high resolution image. (b) Decimated and noisy version pliging a noise variance2 = 0.0025. (c) Estimated high resolution image using the progose
approach. (d) Bicubically interpolated image of (b).

ever, the fusion approaches proposed in the literaturettiire ure 4(c, d)) lack the sharpness. The use of homogeneous AR

operate on the Pan image intensity values, thus introdubimg parameter tends to make the result more smooth as few param-

spectral distortion. Also the up sampling of the MS images tders are estimated using the least squares approachedngid

match the size of the Pan image during the fusion process $mall neighborhoods over the entire pan image. In this dase t

troduces aliasing in these methods. These are properiy takember of estimated parameters depends on the neighborhood

care in the proposed approach by using the learned IGMRF gie and the computation cost increases with the increabein

rameters from the Pan image (instead of directly using thee Psize of the neighborhood. It may be mentioned here that ify [45

values) and appropriately modeling the aliasing. the performance increase was negligible with the use of more
In order to demonstrate the efficacy of our approach, we fii@an twenty four parameters.

consider the fusion of the MS bands 4, 3, 2, lying in the visi- In the second set of experiments, we repeated the previous

ble and near infra red regions. This spectral range lie withé trials by considering spectral bands 3, 2 and 1. The difteren

spectral range of Pan image. In Figure 4 we display the esuiarameters used in the gradient descent algorithm weretept

using the color composites of the fused 4, 3, and 2 bandsré-iggame as in the previous experiment. The results for differen

4(a) shows the color composite for true MS bands 4, 3, 2. Thpproaches are shown in Figure 5(a, b, c, d) and the result for

fusion results obtained using the HPF method, the the Grathe proposed method is displayed in Figure 5(e). Once again w

Schimdt (GS) approach, and the autoregressive (AR) modéiserve that the proposed approach works well for a difteren

based approach are shown in Figures 4(b, c, and d). The spectral bandwidth also.

sult obtained using the proposed IGMRF model based approacin order to show the comparative edge over the other ap-

is depicted in Figure 4(e). We observe that the high frequengroaches in terms of quantitative assessment, we use the fol

details at various regions are better preserved in Figueg #(- lowing measures as used in [56]. These are

dicating the proper modeling of aliasing as well as the edge d.. Standard deviation of the original and the fused images.

tails in the form of IGMRF prior. The image looks similar teeth 2. Definition of the original and the fused images.

one displayed in Figure 4(a), the true MS color compositee TB. Distortion extent of the fused images.

result obtained using HPF method exhibits noise amplificati 4. Deviation index of the fused images.

because of the high pass filtering action. In the proposebadet 5. Correlation coefficient between the original and the duse

this is properly taken care by using the calculated IGMRF pages.

rameterd®, bY, b", andb" at each pixel. The results using theés. Mean squared error (MSE) between the original and thelfuse

Gram-Schimdt (GS) and AR model based approaches (see Higages.



Image RASE | ERGAS VIl. Conclusions
HPF (coregistered) 1.038 4,567

GS (coregistered) | 0.571 | 2.385 We have described a method for the multiresolution fusion of
QE (iymmem‘?) g-igg i-ggg remotely sensed images that do not directly use the Pan pixel
(Asymmetric) | 0. ' intensities, but exploits the spatial correlation amongglsi in

Proposed 0.476 0.857 A i
the form of IGMRF parameters estimated from the Pan image.
TABLE Il The low spatial resolution MS images are modeled as the deci-
GLOBAL QUANTITATIVE ASSESSMENT OF THE FUSION RESULTS Proviep  Mated and noisy versions of their corresponding high reisoiu
BY THE CONSIDERED TECHNIQUES IN TERMS ORASEAND ERGAS images. Each of the fused MS images are separately modeled
MEASURES FOR BAND%, 3’ 20F THEQUlCKBlRD DATA SET. as |GMRFS tO pI‘OVIde the necessary prIOI' a.nd an MAP eStI-

mation is used to obtain the fused images. The advantage of
the proposed approach is that the high resolution texturtnéo
fused images are properly learned in the form of IGMRF pa-
rameters. The method performed very well in terms of both the
spectral and spatial fidelity when compared to other stahdar
We also compare our approach using RAS&8ative average approaches.
spectral erro) and ERGAS ¢rreur relative globale adimen- In this work we present results from the Pan and MS images
sionnelle de syn#fsg indices [21]. acquired using the Quickbird satellite. Our future workdlwes
fusion of Pan and MS images captured using different sensors
It must be mentioned here that the standard deviation and #ialifferent times. Our future work also involves the estioa
definition indicate how well the spatial characteristics pre- of the decimation matrix, and improvements on the estimatio
served in the fused image whereas the other measures showofH&EMRF parameters using the dependencies between Pan and
comparison for spectral information. For a better fusionewe MS bands, in order to better adapt Pan-derived parameters to
pect that both the standard deviation and the definition Isho@ach MS band. The proposed work uses multispectral images
be either high or close to their true values and the corgaiatifor fusion. In our future work we would like to look at the fu-
coefficient should approach unity. The distortion extdm,de- sion of hyperspectral images obtained using the Airborrge Vi
viation index, and the mean squared error (MSE) should be lable/Infrared Imaging Spectrometer (AVIRIS) so that one ca
These results are shown in Tables | and Il. The following coonbtain high spatial and spectral resolution images forshads
clusions can be drawn from these tables. We observe that tfi@arrow spectral bands.
overall performance of the proposed approach is better when
compared to other methods both in terms of the spectral and th VIII. - Acknowledgments
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(a) True (b) HPF (c) GS
(d) AR (e) Proposed

Fig. 4. Fusion results of degraded MS bands 4, 3, and 2 cofoposite (a) 12& 128 pixels true MS color composite a#an x 2.4 m spatial resolution, (b) HPF
fused MS (24 m x 2.4 m), (c) fusion using Gram-Schimdt (GS) method4(th x 2.4 m), (d) Homogeneous AR model based approach if2x 2.4 m), (e)
Fusion using the estimated IGMRF parameters from the higblugon Pan image.

Image Standard | Definition | Distortion | Deviation | Correlation MSE

Deviation extent index coefficient
MS-Band 1 53.166 14.461 - - - -
HPF 46.656 13.427 19.385 0.076 0.851 0.012 (A)
GS 43.530 12.183 18.361 0.074 0.875 0.011
AR Model 64.152 22.830 23.919 0.098 0.850 0.018
Proposed 58.141 17.838 18.669 0.073 0.855 0.014
Image Standard | Definition | Distortion | Deviation | Correlation MSE

Deviation extent index coefficient
MS-Band 2 95.098 26.292 - - - -
HPF 81.762 21.972 33.893 0.096 0.859 0.017 (B)
GS 78.767 23.327 31.558 0.091 0.886 0.015
AR Model 88.910 24.310 27.871 0.079 0.901 0.013
Proposed 93.816 27.000 27.256 0.078 0.917 0.011

TABLE |

QUANTITATIVE COMPARISON OF THE FUSION RESULTS USING THEQUICKBIRD DATA SET: (A) BAND 1, (B) BAND 2



(a) True (b) HPF (c) GS
(d) AR (e) Proposed

Fig. 5. (a) 128x 128 pixels true MS color composite a42m x 2.4 m spatial resolution (3, 2, and 1 color composite), (b) H&$efl MS (24 m x 2.4 m),
(c) fusion using Gram-Schimdt (GS) method4(2n x 2.4 m), (d) Homogeneous AR model based approach if2x 2.4 m), (e) Fusion using the estimated
IGMRF parameters from the high resolution Pan image.

Image Standard | Definition | Distortion | Deviation | Correlation MSE

Deviation extent index coefficient
MS-Band 3 82.169 22.579 - - - -
HPF 70.182 17.577 28.934 0.123 0.867 0.024 (A)
GS 69.243 21.007 26.994 0.117 0.890 0.020
AR Model 81.848 23.543 25.018 0.113 0.895 0.021
Proposed 84.558 25.792 25.087 0.107 0.912 0.017
Image Standard | Definition | Distortion | Deviation | Correlation MSE

Deviation extent index coefficient
MS-Band 4 91.441 25.718 - - - -
HPF 77.209 18.137 32.700 0.109 0.861 0.017 (B)
GS 76.883 20.641 32.236 0.107 0.873 0.015
AR Model 86.320 24.084 30.323 0.096 0.885 0.013
Proposed 90.528 26.060 29.391 0.094 0.891 0.014

TABLE I

QUANTITATIVE COMPARISON OF THE FUSION RESULTS USING THEQUICKBIRD DATA SET: (A) BAND 3, (B) BAND 4
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