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ABSTRACT

In this paper we present a new super resolution Bayesian me-
thod for pansharpening of multispectral images which: a) in-
corporates prior knowledge on the expected characteristics of
the multispectral images, b) uses the sensor characteristics to
model the observation process of both panchromatic and mul-
tispectral images, and c) performs the estimation of all the
unknown parameters in the model. Using real data, the pan-
sharpened multispectral images are compared with the images
obtained by other parsharpening methods and their quality is
assessed both qualitatively and quantitatively.

Index Terms— Hierarchical Bayesian modeling, super
resolution, image reconstruction, pansharpening multispec-
tral images

1. INTRODUCTION

Nowadays most remote sensing systems include sensors able
to simultaneously capture several low resolution images of
the same area on different wavelengths, thus forming a mul-
tispectral image, along with a high resolution panchromatic
image. For instance, the Landsat 7 satellite, equipped with
the ETM+ sensor, allows for the capture of a multispectral
image with six bands (three bands in the visible plus three
bands in the infrared spectrum) with a resolution of 30 meters
per pixel, a thermal band with a resolution of 60 meters per
pixel and a panchromatic band (covering a large zone in the
visible and the near infrared spectrum), with a resolution of
15 meters per pixel.

In this paper the term multispectral image reconstruction
using super resolution techniques will refer to the joint pro-
cessing of the multispectral and panchromatic images in order
to obtain a new multispectral image that, ideally, will pre-
sent the spectral characteristics of the observed multispectral
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image and the spatial resolution and quality of the panchro-
matic image.

A few approximations to this problem have been propo-
sed in the literature (see [1] for a comparative study). Among
them principal component analysis (PCA) [2] and wavelets
based approaches [3] have been proposed. Price [4] proposed
a method relying on the statistical relationships between the
radiances in the low and high spatial resolution bands. Re-
cently a few super-resolution based methods have also been
proposed [5, 6].

In this paper we formulate the problem of multispectral
image reconstruction using super resolution techniques from
a Bayesian perspective and derive a new method to simulta-
neously estimate the parameters of the model and the high re-
solution multispectral image from the observed images. The
method extends the results already presented in [7], where an
iterative algorithm for the reconstruction problem, assuming
the values of the parameters were known, was proposed.

The paper is organized as follows. The acquisition model
is presented in section 2. In section 3 the Bayesian paradigm
for super resolution applied to multispectral image recons-
truction is presented and the required probability distributions
are formulated. The Bayesian analysis is performed in sec-
tion 4 to obtain the reconstruction and parameter estimation
algorithm. Experimental results on a real Landsat 7 ETM+
image are described in section 5. Finally, section 6 concludes
the paper.

2. ACQUISITION MODEL

Let us assume that y, the multispectral image we would ob-
serve under ideal conditions with a high resolution sensor, has
B bands, that is, y = [yt

1,y
t
2, . . . ,y

t
B]t , where each one of

the bands is of size p = m × n pixels, and t denotes the
transpose of a vector or matrix.

Each band of this image can be expressed as a column
vector by lexicographically ordering the pixels in the band as
yb = [yb(1, 1), yb(1, 2), . . . , yb(m, n)]t, b = 1, 2, . . . , B.
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In real applications, however, this multispectral image is
not available and, instead, we observe a low resolution mul-
tispectral image Y with B bands Y = [Yt

1,Y
t
2, . . . ,Y

t
B]t ,

where each low resolution image is of size P = M × N pix-
els, with M < m and N < n.

Using the previously described ordering we have Yb =
[Yb(1, 1), Yb(1, 2), . . . , Yb(M, N)]t , for b = 1, 2, . . . , B.
Each band, Yb, is related to its corresponding high resolution
image by

Yb = Hyb + nb, ∀b = 1, · · · , B, (1)

where H is a P×p matrix representing the blurring, the sensor
integration function and the spatial subsampling (we assume
that this process is the same for the whole set of spectral ima-
ges) and nb is the capture noise, assumed to be Gaussian with
zero mean and variance 1/βb.

A simple but widely used model for the matrix H is to
consider that each pixel (i, j) of the low resolution image is
obtained according to (for m = 2M and n = 2N )

Yb(i, j) =
1

4

∑
(u,v)∈Ei,j

yb(u, v) + nb(i, j), (2)

where Ei,j consists of the indices of the four high resolution
pixels {(2i, 2j), (2i + 1, 2j), (2i, 2j + 1), (2i + 1, 2j + 1)}.

We note here that H can be written as

H = DB, (3)

where B is a p × p blurring matrix and D is a decimation
operator.

The sensor also provides us with a panchromatic image x

of size p = m × n, obtained by spectral averaging the un-
known high resolution images yb. This relation can be mod-
elled as

x =
B∑

b=1

λbyb + ν, (4)

where λb ≥ 0, b = 1, 2, · · · , B, weight the contribution
of each band yb, based on the sensor spectral response (see
Fig. 1), to the panchromatic image x and ν is the capture noise
that is assumed to be Gaussian with zero mean and variance
γ−1.
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Fig. 1. Normalized Landsat 7 ETM+ band spectral responses.

3. BAYESIAN PARADIGM

We aim at reconstructing the multispectral high resolution
image y from the observed multispectral low resolution image
Y and the high resolution panchromatic image x. Following
the Bayesian paradigm we have to formulate the observation
and prior models.

3.1. Degradation model

It can be assumed that Y and x, that are obtained by distinct
sensors, are independent for a given y and consequently1

p(Y,x|y) = p(Y|y)p(x|y) . (5)

Given the degradation model for multispectral image su-
per resolution described by Eq. (1) the distribution of the ob-
served Y given y is given by

p(Y|y) =

B∏
b=1

(
βb

2π
)P/2 exp

{
−

1

2

B∑
b=1

βb ‖ Yb − Hyb ‖2

}
.

(6)
Using the degradation model in Eq. (4), the distribution of

the panchromatic image x given y is given by

p(x|y) = (
γ

2π
)p/2 exp

⎧⎨
⎩−

1

2
γ ‖ x −

B∑
j=1

λjyj ‖2

⎫⎬
⎭ . (7)

3.2. Image model

It is also necessary to specify the prior distribution of the high
resolution image p(y). Although other models are possible,
in this paper we assume no correlation between the different
high resolution bands. Then, our prior knowledge about the
smoothness of the object luminosity distribution within each
band makes it possible to model the distribution of yb by

p(y)=

B∏
b=1

p(yb)=

B∏
b=1

(
αb

2π
)p/2

B∏
b=1

exp

{
−

1

2
αb ‖ Cyb ‖2

}
,

(8)
where C denotes the Laplacian operator, 1/αb is the variance
of the Gaussian distribution.

Note that from the above definitions of the probability
density functions, the distribution

p(y,Y,x) = p(y)p(Y|y)p(x|y) (9)

depends on a set of unknown parameters and has to be prop-
erly written as p(y,Y,x; Θ), where

Θ = (α1, α2, . . . , αB, β1, β2, . . . , βB, γ). (10)

1If Y and x were not independent, p(Y, x|y) = p(Y|y)p(x|Y, y)
should be written.
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4. BAYESIAN INFERENCE

In this paper we use maximum likelihood for estimating the
parameters, Θ, and maximum a posteriori for estimating the
high-resolution multispectral image y. Towards that, the fol-
lowing two steps are required.

Step I: Estimation of Θ

Find Θ̂ = (α̂1, α̂2, . . . , α̂B, β̂1, β̂2, . . . , β̂B, γ̂) as

Θ̂ = arg max
Θ

log

∫
y

p(y,Y,x; Θ)dy , (11)

Step II: Estimation of y

Choose y(Θ) as

y(Θ) = arg max
y

log p(y|Y,x; Θ) . (12)

Then, once Θ = Θ̂ has been selected in the step I above the
estimation of y is found by using Θ = Θ̂ in Eq. (12).

In order to estimate Θ we now apply the E-M algorithm
[8]. Calculating

U(Θ|Θ′) = Ey|Y,x;Θ′[log p(y,x,Y; Θ)]. (13)

and differentiating U(Θ|Θ′) with respect to Θ we obtain at
its maximum

p

αb
= ‖Cyb(Θ

′)‖2 +tr[CtCcov(yb|Y,x; Θ′)],

b = 1, . . . , B, (14)
P

βb
= ‖Yb − Hyb(Θ

′)‖2 +tr[HtHcov(yb|Y,x; Θ′)],

b = 1, . . . , B, (15)

p

γ
= ‖ x−

B∑
b=1

λbyb(Θ
′) ‖2

+

B∑
i=1

B∑
j=1

λiλjtr[cov(yi,yj |Y,x; Θ′)]. (16)

We will use the following algorithm for the estimation of
the hyperparameters and the high-resolution image

Algorithm 1 Iterative estimation of Θ̂ and y(Θ̂).

1. Choose Θ0. Set k = 0.

2. Compute y(Θ0) using Eq. (12) for Θ = Θ0.

3. Repeat

i) Set k=k+1

ii) Use Θ′=Θk−1 in the right hand side of Eqs. (14),
(15) and (16) to obtain Θk in the left hand side of
these equations.

iii) Compute y(Θk) using Eq. (12) for Θ=Θk

until
‖ y(Θk) − y(Θk−1) ‖

2

‖ y(Θk) ‖
2 < ε (17)

where ε is prescribed bound.

It can be shown that all calculations needed to find the
parameters solution of Eq. (11) and the multispectral image
solution of Eq. (12) can be performed in an efficient way in
the frequency domain by extending to multichannel proces-
sing the framework described in [9]. Eq. (12) has been solved
analytically, while in [7] an iterative algorithm was applied.

5. EXPERIMENTAL RESULTS

Algorithm 1 has been tested on the Landsat 7 ETM+ image
set [10] of Table 1. Multispectral image zones of 256 × 256
pixels, and their corresponding 512×512 pixel panchromatic
images, were used in the experiment.

Image Date Path Row
A 2000-08-08 199 031
B 2000-07-30 200 031

Table 1. Landsat 7 ETM+, L1G Orthorectified image sets.

Taking into account the ETM+ band spectral responses in
Fig. 1 we have applied our method to the first B = 4 bands
of the images. The values of λb, b = 1, . . . , 4, have been
obtained by summing up the panchromatic sensor response,
weighted by the response of each band sensor, and normaliz-
ing them to sum up to one, giving [λ1, λ2, λ3, λ4] = [0.0078,
0.2420, 0.2239, 0.5263].

In all experiments the proposed Algorithm 1 was run us-
ing γ0 = 1.0, and α0

b = 0.01, and β0
b = 100.0, for b =

1, . . . , 4, as initial values. The value ε = 10−6 was used in
Eq. (17) as upper bound. In all that follows, table and fig-
ure legends included, the different methods under compari-
son are referenced as: MI Bicubic interpolation, MII Price
method [4], MIII Proposed method.

Figure 2 shows a detail of the reconstructions of image
A using MI, MII and MIII. Table 2 shows a numerical com-
parison of the different reconstruction methods in terms of

PSNRb = 10 log10

{
255

‖Yb−Dyb‖

}
. MIII outperforms MI and

MII, both in quantitative and qualitative terms.
A second experiment, in which the observation process

was simulated, was performed. Simulated observed multi-
spectral 128×128 images were generated by applying sensor
integration and downsampling to the original images. Table 3
shows a numerical comparison of the different reconstruction
methods both in terms of the UIQI index and ∆SNR in dB.
UIQI, proposed and well described in [11], is an overall image
quality index that takes into account the degree of correlation,
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(a) (b)

(c) (d)

Fig. 2. (a) Details of the panchromatic image A in Table 1 and the
RGB (ŷ4, ŷ3, ŷ2) reconstruction using (b) MI, (c) MII, and (d) MIII.

Image band MI MII MIII
A 1 19.1 17.7 19.5

2 17.9 16.5 18.0
3 15.8 14.4 15.9
4 17.8 16.7 17.9

B 1 20.1 18.4 20.9
2 18.9 17.4 19.7
3 16.3 14.8 17.1
4 19.8 17.7 19.6

Table 2. PSNR (dB) obtained in the first experiment.

the closeness of the luminance and the similarity of the con-
trast of the images under comparison. UIQI takes values in
the range [-1,1]. The larger the value of the index, the better
the quality of the image. Again, MIII outperforms MI and
MII, obtaining a higher UIQI and better ∆SNR.

6. CONCLUSIONS
In this paper the reconstruction of multispectral images has
been formulated from a superresolution point of view. A new
method for estimating both the reconstructed pansharpened
images and the model parameters, within the Bayesian frame-
work, was proposed. Based on the presented experimental re-
sults, the new method outperform bicubic interpolation and
the method in [4].
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