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Abstract Pan-sharpening is a method of integrating low-
resolution multispectral images with corresponding high-
resolution panchromatic images to obtain multispectral
images with high spectral and spatial resolution. A novel
variational model for pan-sharpening is proposed in this
paper. The model is mainly based on three hypotheses: 1)
the pan-sharpened image can be linearly represented by the
corresponding panchromatic image; 2) the low-resolution
multispectral image is down-sampled from the high-
resolution multispectral image through the down-sampling
operator; and 3) the satellite image has the low-rank
property. Three energy components corresponding to these
assumptions are integrated into a variational framework to
obtain a total energy function. We adopt the alternating
direction method of multipliers (ADMM) to optimize the
total energy function. The experimental results show that
the proposed method performs better than other main-
stream methods in spectral and spatial information
preserving aspect.

Keywords pan-sharpening, multispectral image, pan-
chromatic image, variational framework, energy function,
ADMM

1 Introduction

The goal of pan-sharpening is to combine a high-resolution
PANchromatic (PAN) image with a corresponding Low-
resolution MultiSpectral (LMS) image with precise
spectral information (Fang et al., 2013). The pan-
sharpened High-resolution MultiSpectral images (HMS)
have more detailed information and the same spectral
quality as the original LMS data, which is beneficial to
target recognition and classification.

Several pan-sharpening methods have been proposed.
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For example, component-substitution (CS), including
Gram-Schmidt (GS) (Laben and Brower, 2000; Lu and
Zhang, 2014), intensity-hue-saturation (IHS) (Rahmani
et al.,, 2010; Mezouar et al., 2011), Brovey (Zhang and
Roy, 2016), and principal component analysis (PCA)
(Shah et al., 2007; Shah et al., 2008), represent PAN image
with a linear combination of bands in LMS images.
Although these methods can provide pan-sharpening
images with high spatial quality, they may suffer from
spectral distortion. In addition, methods based on multi-
resolution analysis (MRA) (Park et al., 2001), such as
Wavelet and Contourlet (Metwalli et al., 2014), inject the
high-frequency details of PAN images into the spectral
information of MS images. The MRA method can reduce
spectral distortion to some extent, but will encounter a new
problem of spatial degradation (Aiazzi et al., 2002).

A model-based optimization (MBO) framework has
emerged to overcome such degradation problems. All
energy functional terms are added to a framework to obtain
the optimal value of the total energy function, which
corresponds to the best fusion quality (Mdéller et al., 2012).
The P + XS method (Ballester et al., 2006) was proposed
in 2006, which is based on two assumptions, i.e., the
spatial details are provided by the PAN image, and the up-
sampled LMS image is obtained by blurring the desired
HMS image. However, it is difficult to estimate an accurate
convolution kernel. To overcome this defect, variational
wavelet pan-sharpening (VWP) and alternate VWP
(AVWP) (Moeller et al., 2008; Moller et al., 2012) were
presented by introducing spectral constraints and assuming
that the coefficients of LMS/PAN and HMS are approxi-
mately equal. Then in 2014, Aly and Sharma (2014)
determined the sampling interval to coincide with the
frequency of the resulting image through approximate
frequency-domain analysis. In 2015, Chen et al. proposed
a convex optimization method based on the assumption
that the down-sampled image of HMS is approximately the
same as the LMS image.

Recently, machine learning has developed rapidly in the
field of image processing, which gives birth to some
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learning-based pan-sharpening methods. Ding et al. (2014)
characterized the sparse feature of latent HMS image by
Bayesian learning model. Masi et al. (2016) introduced a
three-layer network to tackle the pan-sharpening problem.
Wei et al. (2017) proposed a deep residual pan-sharpening
neural network (DRPNN) to perform high quality pan-
sharpening. Yuan et al. (2018) proposed a pan-sharpening
method based on a multi-scale and multi-depth convolu-
tional neural network (CNN). Yang et al. (2017) proposed
an end-to-end pan-sharpening system which incorporates
problem-specific knowledge into the deep learning frame-
work and is trained in the high-pass domain rather than the
image domain.

The above methods based on variation and machine
learning may have some shortcomings. Most of the models
based on variational methods are relatively old, and the
methods based on machine learning have some drawbacks,
such as insufficient training samples and low time
complexity. Therefore, in this paper, a novel model for
pan-sharpening is proposed. The model is mainly
composed of three energy terms, which correspond to
three reasonable assumptions. The first term can preserve
the spatial details of PAN images, the second term
preserves spectral information as much as possible, and
the third term introduces the low-rank property of HMS
images. We solve this energy model with the alternating
direction method of multipliers (ADMM) (Goldstein et al.,
2014). The time cost of obtaining the optimum is
acceptable. Overall, we make three contributions:

e We design an efficient pan-sharpening model based on
three reasonable assumptions, in which the low-rank term
is newly introduced to pan-sharpening realm.

e We use the powerful ADMM algorithm to solve our
non-differentiable optimization problem effectively and
flexibility.

e We prove that the proposed method obtains better
fusion quality than those obtained by other classic
methods.

The rest of this paper is arranged as follows: The energy
function of three terms are presented in Section 2. The
ADMM algorithm is utilized to optimize the total energy
function in Section 3. In Section 4, experimental results
and analysis are given. Section 5 concludes the paper.

2 Methodology
2.1 Proposed variational model

In this section, we present three energy function terms
based on reasonable assumptions, and then we build
proposed total energy into a variational framework.

First, we introduce the related symbol definitions. P :
Q""" R represents a PAN image, M = (M,,....My) :
QN LR represents an LMS image, and F =

(Fy,...Fy) : Q"N R represents an HMS image.
Q C R denotes an bounded and open domain with a
Lipschitz boundary, and r is the value of P/M,. w, h, and N
represent width, height and the number of bands of the MS
image, respectively. For a random pixel x € Q, M;(x) is the
intensity of M; at x, where i € {1,..,N}. The Fourier
transform is represented by F, and the Fourier inversion
transformation is represented by F !

2.1.1 Spatial-information preserving term

Since a PAN image almost covers the entire space of the
same scene, it contains nearly all the spatial information of
the HMS image. Naturally, PAN P can be approximately
expressed by a linear combination of all bands in HMS F.
As is well known, we can use the gradient measure to
characterize an image’s spatial information. Thus, the first
assumption is described as

VP=VY_ | aF+4, (1)

where a; denotes the mixing coefficients such that
N . . .
Zizl a; =1, V is the gradient operator, and J is the
additive noise with zero mean.
To preserve the spatial information of HMS image F' and

integrate such constraint into a variational framework, we
give the data fidelity term as

N
E; = |[VP-VY ., aFiS, )

where || - ||, is the L, norm.

2.1.2  Spectral-information preserving term

Another basic requirement of the pan-sharpening task is
accurate spectrum preservation. To keep the spectral
information of LMS image well, we assume that each M,
is formed from F; after low-pass filtering and down-
sampling. We formulate the relationship between M; and F;
as:

M; = DHF, +n, i =1,...,N, 3)

where 7 is the additive noise with zero mean, H and D are
low-pass filter and down-sampling operator, respectively.
Different from the P + XS model (Ballester et al., 2006),
we abandon the assumption that the up-sampled LMS
image is close to the blurred HMS image. In this paper,
similar to the work (Chen et al., 2015), we only assume that
the blurred HMS image after down-sampling is close to the
LMS image to preserve more accurate spectral informa-
tion. To integrate Eq. (3) into a variational framework, the
second hypothesis is proposed, and it is described as

N
E,=Y v, M~ DHF|} = ||M-DHF|}. (4
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2.1.3 Low-rank regularization term

Some literature has shown that natural images have low-
rank properties (Cai et al., 2010; Candeés et al., 2011; Wang
and Zhang, 2012). How about satellite images?

We show the histogram of singular values of 800
collected HMS images in Fig. 1. One can see that most of
the singular values tend to zero, which means the satellite
images also have low-rank properties. This isn’t a
coincidence, since satellite images usually have repeated
textures.
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Fig. 1 The histogram of singular values of the 800 satellite images.

Thus we have the following constraints:

E; :Z;\il rank(F}), )

Since rank(-) is nonconvex and NP-hard, we use the
nuclear norm instead. Then, it can be expressed as

N
Ey = ||F||s = Zizl ||Fi] |+ (6)

2.1.4 Proposed pan-sharpening model

Taking the above analysis into account, we built the total
energy function as

1 o
E(F) = EEI +§E2 + pE; =

1 N o
EHVP—VZ,:I wFi|3 +5||M—DHF||%

+BIIF]]-, ™)

where o and S are positive balance parameters. That is, to
obtain HMS image with higher spectral quality, we should
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give o a higher value and vice versa. Thus, the
optimization problem of the proposed variational func-
tional, i.e., Eq. (7), can be described as

F = argllvnin E(F). ¥

2.2 Numerical algorithm based on ADMM

Here, we present the numerical solution of the proposed
model. As introduced in Boyd et al. (2010), ADMM is a
powerful algorithm that is able to solve our proposed
optimization problem effectively. The wide applications in
many image processing issues, such as image super-
resolution and deblurring, have also shown the advantage
of the ADMM algorithm.

The ADMM enables us to split the optimization problem
into several subproblems. By replacing F by C, HF by B,
DB, by B,, and F by B, Eq. (7) is rewritten as

1 N o
B(F) = 5|[VP-9>" aCIR + 1M BB + 1B |
i—1

C=F
) B, =HF
subject to . 9)
B, = DB,
B3 - F
The augmented Lagrangian function of Eq. (9) is
L=Lvp va: CIE + M- B,
2 - i~ill2 2 2112
+ B||Bs] |+ + (4,,C—F) + (4,,B,—HF)
I
+ (43,B,—DB,) + (A44,B; —F) +§||C*FH%
H H
+§|131—HF||% +5||32—D31||§
I
+ 51185~ Flf3, (10)

where p is a weight parameter, A; (i = 1,...,4) are
Lagrange multipliers, and C = {C},...,C4;}. We aim to
minimize L w.rt. F, C;, B;, B,, and B; and maximize
A; (i=1,...,4). In the following, we give the iteration
solution of each variable, and we denote ¢ as the iteration
number.

2.2.1 Updating C

We first fix F', A} (i = 1,...,4) and C! (j#1i), and optimize
C;. By setting the partial derivative 0L/0C; to zero, we
obtain:
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aL .
5C = o,V (vz a,»C,-VP) + 4, + u(C—F)

fy
=0, (1
where the superscript T denotes transpose of the operator.
Then, the solution of C; is

Cit!

aF(VV(P-Y ", a,Cl) + uFi—(4,)))

jAi

2 F(V'V) + p ’
(12)

—F!

where V1V is the negative Laplace operator.

2.2.2 Updating F

By fixing C'"', Bi(i = 1,2,3), and AL(i = 1,2,3,4), there
are

oL
ﬁ = _Al —HTA2 —A4—,LL(C—F)

—~uH" (B, ~HF) - (B;—F) = 0. (13)

We use the fast Fourier transform to solve Eq. (13),
obtaining:

Ft+1

_ {JE(A’l + H™A, + Al + u(C™' + H'B, + BY)) }

FH)FH)+2u
(14
2.2.3 Updating B,

Next, to optimize B, we fix '™, F'™!, B!(i = 1,2,3), and
Al(i = 1,...,4). Similarly, we obtain:

oL
B A5 —D' A5 + p(B,~HF™")
—uD" (By—DB,) = 0. (15)
Then the solution for B is
7/11‘ DTAI‘ HFl‘+l DTBt
Bt]—‘rl — 2+ 3+ILL( + 2). (16)

p(1 +D'D)

2.2.4 Updating B,
With ¢!, F™™, B'™) BS, and Al(i = 1,...,4) fixed, we
optimize B,:

oL

5= ~o(M~B,) + A5 + u(B,-DB{™) =0. (17)
2

Then the solution for B, is

oM — A% + uDBY!
n+o '

41
B,” =

(18)

2.2.5 Updating B;
B; has a different solution from above variables. By

utilizing the soft thresholding (SVT) (Bredies and Lorenz,
2008), we have

B! = ming||Bs||- + (44,8~ F"")

1
+5||33—Fm||§

) 1 A
= mind B[] + 318y~ F**! + 1)
I [

At
= SVT (F’“ - ﬁ). (19)
B
2.2.6 Updating A4;(i = 1,...,4)
We readily obtain the maximum of A4;(i = 1,...,4):
At1+1 — A _|_M(Ct+17Ft+1)’ (20)
A = Ay + u(BY —HF™), 1)
AT = A4 + w(BY DB, (22)
A = A+ (B - F, (23)

Using the above solvers, we summarize the proposed
method in Algorithm 1.
Algorithm 1. Proposed Pan-sharpening Algorithm
Input: LMS image M, high resolution PAN image P,
Initialize:
F'=B)=B=B)=0,
A =A5=A =4 =1,
uw>0,0> 08> 0,0l >0,
thl *Ft
4” fad 1 =tol

Fori=1,..,.N

while
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C{+l — f*]
FVIV(P-D"0, oCl) + pFi—(Ay))
2 F(VIV) + ’
end-for
Ft+1 — f71

F(A + H' A, + A4 + p(C' + H'B| + BY))
F(H)F(H) +2u ’
—A5 + DA, + w(HF'™' + D'BY)

Bt+1 — ,
! w(1+D'D)
B _ (oM — A% + uDB™)
2 p+o ’
t
Bl3+l SVT <Ft+l /1_ é)
B

Atl+l At +M(Ct+] FtJrl)’
A = Ay + p(BT - HF™),
A = AL + (B - DB,
AZH At +M(Bt+1 FH—I)

end-while
Output: the pan-sharpened image F.

3 Experiments and analyses

To verify the feasibility and superiority of the proposed
method, we use QuikBird satellite data to analyze the
experimental result. There are four bands, including red
(R), green (G), blue (B), and near-infrared (NIR),
contained in the MS images of this satellite. We first
discuss the effect of the three parameters in our augmented
Lagrangian function (10). Then we compare the proposed
method with the current mainstream methods to evaluate
the quality of pan-sharpened images. These benchmark
methods included wavelet (Zhou et al., 1998; Yocky,
1995), the P + XS (Ballester et al., 2006), VWP (Moeller
et al., 2008), SIRF (Chen et al., 2014, 2015), AVWP
(Moeller et al., 2008), and PanNet (Yang et al., 2017). We
set the parameter 7o/ in the stop criterion to 107, All our
experiments are carried out with MATLAB 2015b
running on an Intel CORE™ 2.33 GHz computer with
8 GB RAM.

3.1 Evaluation metrics for image fusion

The effectiveness evaluation of pan-sharpening of remote-
sensing images is complex. A subjective assessment
method has one sidedness and is greatly influenced by
the observer’s own factors. Therefore, the objective
evaluation of image quality should be carried out at the

same time. The objective quantitative evaluation metrics
used for reduced-resolution verification in this paper
include UIQI (Alparone et al., 2007; Pushparaj and
Hegde, 2017), ERGAS (Alparone et al., 2007; Pushparaj
and Hegde, 2017), SCC (Pushparaj and Hegde, 2017), Q*
(Alparone et al., 2004, 2007), RMSE (Pushparaj and
Hegde, 2017), RASE (Choi, 2006), QAVE (Wang and
Bovik, 2002; Toet and Hogervorst, 2003), CC (Pushparaj
and Hegde, 2017), and PSNR (Wang et al., 2009).

3.2 The effect of the three parameters

There are three parameters in our augmented Lagrangian
function (10), i.e., o, f, and . To find out how to get best
pan-sharpening performance by tuning these parameters,
we conduct three groups of experiments, each with one
parameter changed and the other two fixed to suitable
values. We compute the PSNR value of each result and
then draw the curve about PSNR versus the three
parameters, respectively, which is shown in Fig. 2. From
the three figures, one can clearly see that our algorithm isn't
very sensitive to the two weighting parameters o and £, but
a little sensitive to parameter u. To get the best pan-
sharpening performance, we set o = 0.01, f = 0.0001,
and p = 1 in our experiments.

3.3 Reduced-resolution verification

We first show results from experiments where we generate
LMS images from HMS. We regard the original MS image
as HMS, and down-sample the PAN and MS images using
the method illustrated in (Vivone et al., 2015) to obtain the
input PAN and IMS images.

3.3.1 Visual comparison

From Figs. 3—5, we see that the results of P + XS (Ballester
et al., 2006), VWP, and AVWP (Moeller et al., 2008) are
inferior because the whole image are blurred. For instance,
the buildings are blurred in Fig. 4, and the car on the road is
so blurred that it cannot be recognized in Fig. 5. Many
artifacts exist in the results of wavelet (Metwalli et al.,
2014; Zhang, 2010). Although no obvious artifacts can be
found in the images generated by SIRF (Chen et al., 2014,
2015), a closer look shows that the brightness and color of
the images tend to change, which is a spectral distortion
phenomenon. In addition, white lines and the trees turn
dim in Fig. 3, but the color of the buildings is brighter than
that of the ground truth in Fig. 4. In Fig. 5, the lower-right
corner of the edge turns bright while the edge looks blurry.
Besides, the object details of the fused images obtained by
PanNet (Yang et al., 2017) are delicate, and the ground
objects are clear, but there are also distortion phenomena,
such as slight brightening of the image in Fig. 3, some
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Fig. 2 PSNR versus the three parameters (o, f, and ().
Table 1 Quantitative comparison corresponds to Fig. 3
Method UIQI ERGAS Scc Q* RMSE RASE QAVE CcC PSNR
Wavelet 0.9361 33184 0.9195 0.7883 0.0500 13.2271 0.9376 0.9797 26.0147
P+ XS 0.9146 3.8601 0.9188 0.6890 0.0584 15.4288 0.9160 0.8934 24.6774
VWP 0.9451 3.0253 0.9490 0.7834 0.0456 12.0656 0.9463 0.9721 26.8130
AVWP 0.8989 4.1665 0.9131 0.6592 0.0630 16.6468 0.9010 0.8844 24.0174
SIRF 0.9719 2.6590 0.9561 0.8421 0.0400 10.5729 0.9657 0.8961 27.9601
PanNet 0.9114 2.1016 0.8754 0.7397 0.0647 17.0925 0.9121 0.8544 23.7879
Ours 0.9688 2.2133 0.9686 0.8498 0.0332 8.7649 0.9691 0.9955 29.5891
Reference 1 0 1 1 0 0 1 1 00

artifacts in the forest area in Fig. 4, and obvious blurring at
the building in Fig. 5. In contrast, our method performs
better without obvious artifacts and spectral distortion.

Overall, by comparing the pan-sharpened images in Figs.
3-5, one can see that all methods improve the visual effects
of input LMS image. However, results produced by
benchmarks show a relative lack of features or details. By
comparison, the proposed method generates pan-sharpened
results with more accurate spatial details and higher-quality
spectral information. Therefore, we can conclude that
our method is superior to other methods in a visual
comparison.

3.3.2 Quantitative analysis

The data in Tables 1-3 correspond to Figs. 3-5,
respectively. We highlight the best result in bold and
indicate the reference values in the last row of each table.

In Table 1, compared with the other methods, our
method is the best. The UIQI and ERGAS values of our
method are slightly worse than that of the SIRF and
PanNet, but the other index values are better than those of
other methods. The second is the SIRF method, which is
better than wavelet, VWP, P + XS, AVWP, and PanNet.
The index values of wavelet, VWP, and P+ XS are
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Fig. 3 Comparison of pan-sharpened results (source: QuickBird) on reduced-resolution image. (a) Ground truth. (b) PAN image.
(c) LMS image. (d)—(j) Pan-sharpened images obtained by Wavelet, P + XS, VWP, AVWP, SIRF, PanNet, and the proposed method,

respectively. The PAN image has 400 x 400 pixels.
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Fig. 4 Comparison of pan-sharpened results (source: QuickBird) on reduced-resolution image. (a) Ground truth. (b) PAN image.
(c) LMS image. (d) — (j) Pan-sharpened images obtained by Wavelet, P + XS, VWP, AVWP, SIRF, PanNet, and the proposed method,

respectively. The PAN image has 400 x 400 pixels.

average, and there are no outstanding values. The index
values of VWP are poor, which explains why the images
obtained by this method look more ambiguous in Fig. 3.
Although PanNet is the best in the ERGAS metric, it is not
ideal on other indicators. In Tables 2 and 3, the index
values of AVWP and PanNet are relatively poor, which is
consistent with the blurriness and color change of the pan-
sharpened images in Figs. 4 and 5. The values of wavelet,
P+ XS, and VWP are average. Our method has better
numerical results than the other seven methods for most
indexes. Therefore, our method is superior to other
methods in quantitative metrics, which echoes the previous
visual analysis.

3.3.3 Efficiency comparison

To evaluate the efficiency of our method among these
methods, i.e., P4+ XS (Ballester et al., 2006), VWP,
AVWP (Moeller et al., 2008) and SIRF (Chen et al., 2014,
2015), we make a comparison in terms of computational
cost. For different sizes of PAN images, the average
computational costs of these five methods are listed in
Table 4. The number of iterations of all methods is set to
100, which is enough to achieve the convergence. From
this table, our method is much faster than other variational
pan-sharpening methods, which is enough to prove the
efficiency of this method.
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Fig. 5 Comparison of pan-sharpened results (source: QuickBird) on reduced-resolution image. (a) Ground truth. (b) PAN image. (c)
LMS image. (d) — (j) Pan-sharpened images obtained by Wavelet, P + XS, VWP, AVWP, SIRF, PanNet, and the proposed method,
respectively. The PAN image has 400 x 400 pixels.

Table 2 Quantitative comparison corresponds to Fig. 4

Method UIQI ERGAS scc Q* RMSE RASE QAVE cc PSNR
Wavelet 0.8675 22173 0.9323 0.7705 0.0327 8.6919 0.8688 0.9853 29.6993
P+ XS 0.8638 2.4935 0.9173 0.7099 0.0363 9.6459 0.8659 0.9103 28.7948
VWP 0.8769 2.0567 0.9482 0.7658 0.0301 7.9937 0.8793 0.9623 30.4267
AVWP 0.8608 2.5959 0.9127 0.7054 0.0377 9.9983 0.8629 0.9061 28.4831
SIRF 0.8975 3.1881 0.8767 0.7393 0.0471 12.5010 0.8841 0.5545 26.5427
PanNet 0.8254 2.9575 0.8847 0.7572 0.0445 11.8133 0.8290 0.8701 27.0342
Ours 0.9006 1.6749 0.9665 0.8405 0.0249 6.6207 0.9009 0.9954 32.0636
Reference 1 0 1 1 0 0 1 1 00

Table 3 Quantitative comparison corresponds to Fig. 5

Method UIQI ERGAS scc Q* RMSE RASE QAVE cc PSNR

Wavelet 0.9080 1.9118 0.9311 0.6882 0.0354 7.2914 0.9062 0.9861 29.0304

P+ XS 0.8940 2.0781 0.9302 0.6966 0.0377 7.7795 0.8934 0.9267 28.4676

VWP 0.9068 1.8145 0.9404 0.7050 0.0333 6.8725 0.9060 0.9659 29.5443

AVWP 0.8876 2.1993 0.9220 0.6822 0.0398 8.2038 0.8874 0.9239 28.0063

SIRF 0.9322 24184 0.8914 0.6777 0.0460 9.4892 0.9081 0.6496 26.7420

PanNet 0.8606 2.5447 0.8800 0.7004 0.0491 10.1236 0.8623 0.8641 26.1799

Ours 0.9329 1.5262 0.9590 0.7308 0.0286 5.8978 0.9301 0.9954 30.8728
Reference 1 0 1 1 0 0 1 1 00

3.3.4 Full-resolution verification reliable metrics to measure the quality of pan-sharpened

images with full resolution, we make only visual
Finally, we evaluate the proposed method at full resolution,  comparisons.
i.e., use no ground-truth images as references in this part of In this section, we select only several methods with
the verification. Also, because there are no unified and  better results in the above experiment for comparison,
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Table 4 The computational costs comparison (s)

Method 128 x 128 256 x 256 512 x 512 1024 x 1024
P+ XS 0.7907 2.0996 17.4970 71.6790
VWP 3.2861 7.2393 48.8443 209.2139
AVWP 0.5977 2.0372 20.1318 82.2107
SIRF 6.4465 16.4128 87.3009 358.3514
Ours 0.4278 1.8064 11.1365 52.1653

including wavelet, P + XS, AVWP, VWP, PanNet, and
SIRF. The pan-sharpened images obtained by these
methods are shown in Fig. 6. The images obtained by
VWP, AVWP, P + XS, and PanNet are so blurry that it is
impossible to distinguish the details of ground objects,
such as the trees in the images. wavelet, which is confirmed
with the visual analysis in Fig. 4(d) and Fig. 5(d). SIRF
shows details clearly, but it also has some artifacts,
especially the road marked in the red square, which is
enlarged in Fig. 8. We then take a closer look at the pan-
sharpened images from VWP, AVWP, P+ XS, and
PanNet, which are shown in Fig. 7. The details of the
building can be clearly identified from the pan-sharpened
images by VWP and AVWP, but the trees are still very
blurry. The pan-sharpened images obtained by P 4+ XS and
PanNet methods are blurrier than those from VWP and
AVWP. Although wavelet preserves spatial information
well, there are many artifacts. We show the zoomed-in area
circled in red for SIRF and our method in Fig. 8, where the
spectral distortion and obvious artifacts of results obtained
by SIRF are clearly seen.

The performance at full resolution is consistent with that
at reduced resolution. We can conclude that our method is

the best among these methods because it has no obvious
artifacts or spectral distortion. Again, these results
demonstrate the merits of the proposed method, i.e., better
preservation of the spectral and spatial information.

4 Discussion

In this study, a novel variational pan-sharpening model
based on three reasonable assumptions is proposed.
Experiments at reduced- and full-resolution indicate the
efficiency and robustness of the proposed method. Gen-
erally, there are two advantages of the proposed method:

1) The widely used prior knowledge on the up-sampled
LMS image is abandoned owing to the difficulty of
estimating the convolution kernel. Instead, we assume that
the down-sampled HMS image is close to the LMS image,
which can avoid spectral distortion to some degree.

2) We assume that a linear combination of all bands of
HMS image is close to the corresponding PAN image in
spatial domain because PAN image contains the entire
spatial range of the same scene. The gradient operator is
exploited to extract the spatial information of images,

Fig. 6 Comparison of pan-sharpened results (source: QuickBird) on full-resolution image. (a) LMS image. (b) PAN image. (¢)—(j) Pan-
sharpened images obtained by Wavelet, P 4+ XS, VWP, AVWP, PanNet, SIRF, and the proposed method, respectively. The PAN image has

512 x 512 pixels.



Yingxia CHEN et al. A pan-sharpening method based on the ADMM algorithm 665

Fig. 7 Comparison of pan-sharpened results (source: QuickBird) on full-resolution image. (a) LMS image. (b) PAN image. (c)—(j) Pan-
sharpened images obtained by Wavelet, P + XS, VWP, AVWP, PanNet, SIRF, and the proposed method, respectively. The PAN image has

512 x 512 pixels.

(a)

Fig. 8 Zoomed-in red-square area. (a) Pan-sharpened image obtained by SIRF in Fig. 6. (b) Pan-sharpened image obtained by our
proposed method in Fig. 6. (c) Pan-sharpened image obtained by SIRF in Fig. 7. (d) Pan-sharpened image obtained by our proposed

method in Fig. 7.

which ensures the clear details and sharp edges of the pan-
sharpened image.

Although the proposed method can obtain high quality
pan-sharpened images, there are some shortcomings. For
example, the parameters need to be tuned for each data set,
and promising results are accompanied by high computa-
tional complexity. In our future work, we will try to find
some automatic method for tuning parameters. More
efficient algorithms for finding the optimal solution will
also be studied.

5 Conclusions

In this paper, a novel pan-sharpening model is proposed,
which is based on three assumptions about the relationship
between HMS and available LMS and PAN images. The
desired HMS image is obtained by optimizing our
variational model using ADMM algorithm. To verify the

reliability and efficiency of the proposed method, we
compare it with five popular pan-sharpening methods by
visual judgment and quantitative analysis. Comparisons at
full- and reduced-resolution indicate that our method
works better than other methods. From experiments, we
can conclude that the proposed method is able to
effectively construct HMS images with high resolution.

Pan-sharpening is still a growing research direction.
Many problems need to be further studied. For future
research, we will try to combine our variational approach
with hyperspectral analysis techniques, such as demixing,
to further improve the quality of the reconstructed image.
Remote-sensing images captured by other satellites may be
also exploited.
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