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ABSTRACT

In this paper, we develop a sparsity based model for the fusion

of a high spatial-resolution image and a multispectral image.

The given model is based on the combination of a dynam-

ic gradient sparsity (DGS) and an anisotropic spectral-spatial

total variation (ASSTV). We design an alternating direction

method of multipliers (ADMM) based algorithm to solve the

proposed model. In contrast to existing approaches, the pro-

posed method can generate more spatial details as well as p-

reserve favorable spectral information. Experimental results

demonstrate that the proposed approach outperforms sever-

al state-of-the-art image fusion methods both quantitatively

and visually, in terms of both pansharpening application of

remote sensing images and fusion application of natural color

images.

1. INTRODUCTION

Image fusion aims at fusing a high spatial-resolution image

and a low spatial-resolution multispectral image to generate

a multispectral image with high spatial-resolution. It is quite

important in many applications, e.g., pansharpening of remote

sensing images which fuses a high spatial-resolution panchro-

matic (PAN) image and a multispectral image, and the fusion

of a high spatial-resolution gray image and a RGB color nat-

ural image. In this paper, we mainly address these two appli-

cations.

There exist many approaches on image fusion applica-

tion from different methodologies [1, 2], which can be rough-

ly divided into three categories, i.e., component substitution

(CS) methods, multiresolution analysis (MRA) methods and

variational methods. The CS methods depend on the sub-

stitution of a component after a spectral transformation of

the multispectral image, with a high spatial-resolution im-

age, e.g., intensity-hue-saturation (IHS) method [3], princi-

pal component analysis (PCA) based method [4] and Gram-

Schmidt (GS) spectral sharpening [5]. The MRA approaches

are based on the injection into the multispectral (MS) image

of spatial details which are obtained from the high spatial-

resolution image, e.g., additive wavelet luminance propor-

tional (AWLP) [6]. The variational methods are a very power-

ful tool for image fusion [7, 8]. In [7], Yokoya et al. proposed

a promissing method for hyperspectral and multispectral im-

age fusion from the perspective of coupled nonnegative ma-

trix factorization (CNMF) unmixing. This method can also

be applied to the related applications of this paper. In [8],

authors proposed a convex model by considering local spec-

tral consistency and DGS, and solved the proposed model by

the fast iterative shrinkage thresholding algorithm (FISTA)

framework based algorithm.

In this paper, we propose a sparsity based variational

model by considering the intrinsic properties of high spatial-

resolution image and multispectral image. The given model

has a spectral-data fidelity term by the formulation of gen-

erating low spatial-resolution multispectral image, a DGS

regularizer used in [8], and an ASSTV term with differen-

t weights which takes into account the correlation among

spectral images. In addition, we design an ADMM-based

algorithm within an iterative manner to solve the proposed

convex model. The proposed method is positively compared

with several state-of-the-art image fusion methods on a real

pansharpening dataset acquired by the WorldView-2 sensor

and a color image fusion example from CAVE dataset, and

the results demonstrate the effectiveness of our method.

This paper is organized as follows. In Sect. 2, we will

present the proposed model and the corresponding solving al-

gorithm. The experimental results are detailedly exhibited in

Sect. 3. Finally, we draw conclusions in Sect. 4.

2. THE PROPOSED METHOD

2.1. The related work

Chen et al. [8] proposed a convex model to minimize a linear

combination of a least-squares fidelity term and a DGS regu-

larizer for the fusion of a high spatial-resolution panchromatic

image and a low spatial-resolution multispectral image. The

model is shown as follows

min
X

J(X) = E1 + λE2, (1)

where λ is a positive regularization parameter. The data fi-

delity term E1 is defined as follows

E1 =
1

2
‖ψX − YMS‖2F , (2)



where the ψ represents the blurring and downsampling oper-

ator, X ∈ Rm1×n1×z is the underlying multispectral image,

YMS ∈ Rm2×n2×z is the low-resolution multispectral image,

m1 = s · m2, n1 = s · n2 where s is the scaling factor. In

addition, the authors employed a joint total variation (JTV) to

depict the DGS E2,

E2 = ‖∇X −∇D(P )‖2,1
=

∑

i

∑

j

√∑

d

∑

q

(∇qXi,j,d −∇qPi,j)2,
(3)

where q = 1, 2, P ∈ Rm1×n1 is the panchromatic image and

D(P ) means duplicating P to all bands. ∇1 and ∇2 denote

the forward finite difference operators on the first and second

coordinates, respectively.

He et al. [9] introduced spatial and spectral sparsity pri-

or for pansharpening, which promotes spatially and spectrally

aligned discontinuities across MS bands, as expected in nat-

ural images. To the best of our knowledge, in this paper we

first utilize another excellently spatial and spectral sparsity

prior, i.e., ASSTV (see [10]), to solve the image fusion prob-

lem. The ASSTV can improve the smoothness of solutions

and well describing the different correlations along both the

spatial and spectral dimensions. The ASSTV is defined as

follows

‖X‖ASSTV =

3∑

i=1

ωi‖∇iX‖1, (4)

where ωi (i = 1, 2, 3) are the regularization parameters.

In this paper, we will combine ASSTV regularizaer and

DGS regularizer to obtain a satisfactory balance between spa-

tial details preserving and spectral correlation preserving.

2.2. The proposed model and its solution

Combining the ASSTV and the DGS regularizers with the

least-squares fidelity term, the proposed image fusion mod-

el is given as follows

min
X

1

2
‖ψX − YMS‖2F + λ‖∇X −∇D(P )‖2,1

+

3∑

i=1

ωi‖∇iX‖1,
(5)

where λ is the positive parameter, and ωi (i = 1, 2, 3) are the

weighted parameters of ASSTV term.

It is obvious that the model (5) is convex and has a glob-

ally optimal solution if solved by FISTA framework which

has been proven holding a worst-case complexity of O(1/k2)
(refer to [11, 12] for more details).

In the FISTA framework, we need to solve the following

minimization problem,

min
X

L

2
‖X − Y ‖2F + λ‖∇X −∇D(P )‖2,1 +

3∑

i=1

ωi‖∇iX‖1,

(6)

where Y is obtained by ψT (ψX − YMS) which has the Lip-

schitz constant L, and ψT denotes the inverse operator of ψ.

Due to the non-differentiable convex problem (6), we could u-

tilize primal-dual method [13] or ADMM method [14, 15, 16,

17] to solve it. Here, we address it by ADMM method. Mak-

ing variable substitutions U = ∇X−∇D(P ) and Vi = ∇iX
to get the following augmented Lagrangian problem,

L(X,U, Vi, A,Bi) =

L

2
‖X − Y ‖2F + λ‖U‖2,1 + β1

2
‖∇X −∇D(P )− U −A‖2F

+

3∑

i=1

ωi‖Vi‖1 + β2
2

3∑

i=1

‖∇iX − Vi −Bi‖2F ,

(7)

where β1 and β2 are two positive parameters, A, B1, B2

and B3 represent four Lagrange multipliers. The problem of

minimizing L(X,U, Vi, A,Bi) can be iteratively and alterna-

tively solved by the following step a) to step d):

a) The X-subproblem is given as follows

min
X

L

2
‖X − Y ‖2F +

β1
2
‖∇X −∇D(P )− U −A‖2F

+
β2
2
ωi‖∇iX − Vi −Bi‖2F ,

(8)

which has the following closed-form solution by least squares

method [18],

X = F−1(
LF(Y ) +Q1 +Q2

R
), (9)

where

Q1 = β1F−1(∇)F(∇D(P ) + U +A),

Q2 = β2

3∑

i=1

F−1(∇i)F(Vi +Bi),

R = L+ β1F−1(∇)F(∇) + β2

3∑

i=1

F−1(∇i)F(∇i),

where F and F−1 denote the Fourier transform and the in-

verse Fourier transform.

b) The U -subproblem is shown as follows

min
U

λ‖U‖2,1 + β1
2
‖∇X −∇D(P )− U −A‖2F , (10)

which also has the following closed-form solution [19],

Ui,j,: = Shrink1((∇X −∇D(P )−A)i,j,:, λ
β1

), (11)

where Shrink1(r, α) =
r
‖r‖2 ∗max(‖r‖2 − α, 0).



c) The Vi-subproblem is given by minimizing the following

function

min
Vi

ωi‖Vi‖1 + β2
2
‖∇iX − Vi −Bi‖2F . (12)

The closed-form solution of Vi-subproblem by soft-thresholding

strategy [20] is as follows

Vi = Shrink2(∇iX −Bi,
ωi

β2
), i = 1, 2, 3, (13)

where Shrink2(r, α) =
r
|r|1 . ∗max(|r|1 − α, 0), and .∗ de-

notes component-wise multiplication.

d) Update the Lagrange multipliers as follows

Ak+1 = Ak − (∇Xk+1 −∇D(P )− Uk+1),

Bk+1
i = Bk

i − (∇iX
k+1 − V k+1

i ).
(14)

The following is the summarized iterative algorithm based

on the FISTA framework and ADMM method to solve the

proposed model (5).

Algorithm 1: The summarized algorithm for model (5)

Input: YMS,P, L, λ, ω1, ω2, ω3, β1, β2
Output: Fused image X̂
Initialize: t(0) = 1, X(0) = 0
1) Calculate Y (0) = ψTYMS

For k = 1 : τ
2) Calculate Y = Y (k−1) − ψT (ψX − YMS)/L
// Solve the problem (6) by ADMM

While not converged do
3) Update X by (9)

4) Update U by (11)

5) Update Vi by (13), i = 1, 2, 3
6) Update the multipliers by (14)

EndWhile
7) Update X(k) by step 3

8) Calculate t(k) = [1 +
√
1 + 4(t(k−1))2]/2

9) Calculate Y (k) = X(k) + t(k−1)−1
t(k) (X(k) −X(k−1))

EndFor
Return: X̂ = X(τ)

where τ is the number of maximum iterations defined empir-

ically, and L is set as 1 in the experiments.

3. RESULTS

In this section, we compare the proposed method with some

competitive image fusion methods on a real pansharpening

dataset (WV-2, 1024×1024×4) acquired by the WorldView-

2 sensor 1 and a color image fusion example (512× 512× 3)

from CAVE dataset 2. The scale factors are both set as 4. In

1http://www.openremotesensing.net/index.php/
codes/11-pansharpening

2http://www.cs.columbia.edu/CAVE/databases/
multispectral/

particular, we use bicubic interpolation as the downsampling

operator to simulate experimental low spatial-resolution mul-

tispectral (color) image. The experiments are implemented in

MATLAB(R2013b) on a computer of 4Gb RAM and Intel(R)

Core(TM) i5-2450M CPU E5504: @2.50 GHz, 2.50 GHz.

For the parameters in the proposed method, we set λ = 5,

ω1 = ω2 = 1, ω3 = 0.1 and β1 = β2 = 0.1 for WV-2

dataset, while set λ = 2.5, ω1 = ω2 = 0.1, ω3 = 0.01 and

β1 = β2 = 0.1 for CAVE dataset. We use Quality Index

for four spectral bands (Q4), Spectral Angle Mapper (SAM),

Erreur Relative Globale Adimensionnelle de Synthèse
(ERGAS), Peak Signal-to-Noise Ratio (PSNR) and Mean

Structural Similarity (MSSIM) as indices to estimate the per-

formance of different methods (refer to [2, 21] for details, the

larger Q4, PSNR, MSSIM and smaller SAM, ERGAS, the

better performance).

Table 1. The quantitative results of different methods for WV-

2 and CAVE datasets. Q4 is for 4 bands data, thus it is mean-

ingless for color CAVE dataset (Bold: the best).

Q4 SAM ERGAS PSNR MSSIM
WV-2 dataset

GS 0.8763 4.5897 4.4285 28.343 0.8918

CNMF 0.9599 3.9412 2.8910 31.032 0.9825

AWLP 0.9601 3.8280 3.2536 30.277 0.9831

DGS 0.9540 3.2945 3.2130 31.207 0.9904

Proposed 0.9718 3.1295 2.4908 32.708 0.9944
CAVE dataset

GS - 3.5832 2.0545 38.161 0.9775

CNMF - 13.3755 12.6076 24.117 0.8474

AWLP - 4.0938 2.7952 32.795 0.9683

DGS - 2.2638 1.7802 36.966 0.9890

Proposed - 2.1123 1.1316 42.960 0.9944

We evaluate the proposed method against some competi-

tive CS and MRA methods, i.e., GS [5] and AWLP [6], two

variational methods, i.e., CNMF [7] and DGS [8] 3. For each

of comparing methods, we used the parameters suggested in

their respective papers and codes. From Fig. 1 that shows

the visual results of WV-2 remote sensing data, we know that

the proposed method obtains more spatial image details and

well preserves the spectral information of multispectral im-

age, while GS and AWLP loss the spectral information sig-

nificantly. The two state-of-the-art variational methods yield

excellent spatial performance, however they can not preserve

more spectral information than our method. Fig. 2 exhibit-

s the visually fused results of a high spatial-resolution gray

image and a RGB color natural image, which is a special ex-

ample from smartphone with dual camera. Our method still

performs best both on preserving spatial and spectral informa-

3Codes of GS, AWLP and CNMF 1, DGS’s on the author’s homepage.



(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 1. WV-2 dataset: (a) Low spatial-resolution multispectral image; (b) PAN image; (c) Reference image; (d) GS [5]; (e)

CNMF [7]; (f) AWLP [6]; (g) DGS [8]; (h) Proposed. Readers are recommended to zoom in all figures for better visibility.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 2. CAVE dataset: (a) Low spatial-resolution color image; (b) High spatial-resolution gray image; (c) Reference image; (d)

GS [5]; (e) CNMF [7]; (f) AWLP [6]; (g) DGS [8]; (h) Proposed.

tion. Table 1 reports the quantitative results of the comparing

approaches, it also indicates the superiority of our method.

Note that CNMF method for the CAVE dataset performs not

good maybe due to the weakness of CNMF method for color

image example (only 3 bands).

4. CONCLUSIONS

In this paper, we proposed a variational image fusion mod-

el based on the combination of DGS and ASSTV. A FISTA

and ADMM based algorithm was designed for solving the

proposed model. We compared our method with some CS

and MRA methods and two recent state-of-the-art variational

methods. By the experimental results, the proposed method

preserved more image information than the comparing ap-

proaches, especially on preserving spectral information which

may resulted by the ASSTV term. In the next work, we’ll en-

hance spatial image details via iterative strategy.
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