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ABSTRACT The hyperspectral image (HSI) is capable of providing abundant and detailed spectral
information in hundreds of contiguous spectral bands. While due to some practical reasons, its spatial
resolution is generally lower than that of multispectral image (MSI) and panchromatic image. To deal
with the limited spatial resolution issue of HSI, a low resolution (LR) HSI can be fused with a high
resolution (HR) MSI of the same scene to generate an HR HSI. A novel dictionary-based HSI and MSI
fusion method (SSLDF method) is proposed in this paper, in which a localized spatial-spectral dictionary
pair incorporating both spatial and spectral information simultaneously is constructed and adopted, rather
than the traditional spectral or spatial one. To construct the HR and LR dictionary pair, HR MSI and
its spatial degradation (LR MSI) are divided into overlapped subimages. Furthermore, to reduce the
dictionary scale and hence to efficiently reduce the computational cost, a localized strategy is employed
for dictionary construction rather than a global one, which makes atoms of the spatial-spectral dictionary
actually all patches within the subimage. Based on the appropriate assumption that the LR HSI and HR HSI
(expected fusion result) can be collaboratively represented by LR dictionary and HR dictionary respectively
sharing the same set of representation coefficients, the desired HR HSI is reconstructed by HR dictionary
and the collaborative representation coefficients obtained with LR HSI and LR dictionary. In simulative
experiments, the newly proposed SSLDF method is validated and compared with both state-of-the-art
dictionary-based fusion methods and representative fusion methods not limited to the dictionary-based ones.
Simulative experimental reuslts illustrate that the proposed fusion method is capable of producing better or
comparable fused results compared with these representative fusion methods. Its simple structure as well as
low computational cost makes it quite promising in practical applications.

INDEX TERMS Collaborative representation, dictionary, hyperspectral, image fusion, multispectral,
resolution enhancement

I. INTRODUCTION

Remote imagery sensors collect images with varied spatial
and spectral resolutions, including panchromatic (Pan) im-
ages, multispectral images and hyperspectral images. A Pan
image is a single-band gray-scale image with high spatial res-
olution, in which abundant spatial information and features
are enclosed, such as well-defined structure information,
precise object position information. A multispectral image

(MSI) is a set of multi-band image with several discrete
spectral bands, while its spatial resolution is usually lower
than that of Pan image. A hyperspectral image (HSI) employs
hundreds of contiguous spectral bands to capture and process
information and features over a range of wavelengths [1],
providing more abundant and detailed spectral information
and features which are helpful for interpretation, classifica-
tion and recognition. However, due to some practical limita-
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tions, HSIs usually possess the lowest spatial resolution com-
pared with Pan images and MSIs. As an effective technique
to enhance HSI spatial resolution with auxiliary MSI/Pan
image, image fusion has been extensively explored during the
recent decades and is still very active in the research field of
remote sensing.

The fusion of MSI and Pan image (also referred to as
pansharpening) produces a new set of multi-band image, with
the same spatial resolution as source Pan image and the same
spectral resolution as source MSI. A large number of par-
sharpening techniques have been developed during the last
two decades [2]–[13], including techniques based on com-
ponent substitution, multi-resolution analysis (MRA), sparse
representation (SR), and etc. Futhermore, a representation-
based image fusion method which is capable of dealing with
multi-modality image fusion is proposed in [14]. Considering
both HSI and MSI are multi-band images with spatial and
spectral features, remarkable improvement can be highly
expected when they are fused. Meanwhile, research on HSI
and MSI fusion is also motivated and promoted by some
recent national programs, which fuses coregistered HSI and
MSI acquired over the same scene under the same conditions
[15].

Considering that pansharpening (fusion of a multi-band
image and a single-band image) is a specific case of HSI
and MSI fusion (fusion of two multi-band images), the pan-
sharpening techniques have been generalized and extended
to handle HSI and MSI fusion problem in the last decade
[16], [17]. In these so-called pansharpening-based HSI and
MSI fusion methods, according to their spectra, the HSI
and MSI fusion problem is divided into a set of fusion
problems of a multi-band image and a single-band image
similar to pansharpening problem. One big challenge of
pansharpening-based HSI and MSI fusion techniques is that,
the spectrum of MSI only covers part of that of HSI. Take HSI
acquired by Airborne Visible Infrared Imaging Spectrometer
(AVIRIS) and MSI acquired by Landsat TM bands 1-5 and
7 for example, the former covers the spectrum region of
400-2500nm with 224 spectral bands [18], while the later
only covers the following spectral regions: 450-520, 520-
600, 630-690, 760-900, 1550-1750 and 2080-2350nm with
6 spectral bands [19]. Within the spectral regions of HSI that
are not covered by MSI, pansharpening-based HSI and MSI
fusion techniques can hardly be applied directly. Employ-
ing spectral resampling for MSI, 2D and 3D wavelet-based
fusion methods were proposed [20], [21]. Furthermore, a
framework was proposed in [22], in which the spectrum of H-
SI is divided into several regions and HSI and MSI are fused
in each region with conventional pansharpening techniques.
However, the fusion performance is highly dependent on the
spectral resampling technique adopted. Fusion framework
(hypersharpening) presented in [23] generalized the image
fusion in remote sensing from HSI/MSI and panchromatic
image fusion to multi-source multi-band image fusion. In
the hypersharpening framework, synthetic images are con-
structed to adapt MRA-based pansharpening techniques to

HSI and MSI fusion, by performing linear regression at a
coarse resolution to exploit mutual correlation between HSI
and MSI and use it for resolution enhancement. While the
synthetic image construction and selection is quite critical to
fusion performance, and the mutual correlation between HSI
and MSI at different resolutions is assumed to be identical for
the entire spatial size, which is not always appropriate.

Statistics-based fusion methods, such as maximum a pos-
teriori (MAP) estimation, stochastic mixing model based
methods, and etc. [19], [24], [25], are also proposed for
fused image estimation, in which no spectral resampling is
required. However, these methods are based on a hypothesis
that the observation models of HSI and MSI are known a
priori, which is not always achievable in practice. Consider-
ing the two salient characteristics of HSI, high correlations a-
mong the spectral bands and nonlocal spatial self-similarities,
tensor-based HSI and MSI fusion techniques are developed
[26]–[28], in which tensor decomposition is employed to
identify, represent and integrate the intrinsic structures of
source images. Furthermore, with deep learning techniques,
HSI can also be integrated with multi-sensor data [29]–[31].

More recently, dictionary based fusion methods are pro-
posed to address HSI and MSI fusion problem. In the
methods belonging to this category, both HSI and MSI are
represented as a linear combination of atoms in dictionaries,
and then the fused image is reconstructed by appropriate dic-
tionary and the obtained representation coefficients. Spectral
dictionary or spatial dictionary is commonly adopted. Fusion
methods with spectral dictionary usually employ spectral
unmixing techniques [32] to decompose the source HSI and
MSI into endmember matrices (mainly representing spec-
tral features) and abundance matrices (mainly representing
spatial features), and then the endmember matrix generat-
ed from source HSI and the abundance matrix generated
from source MSI are used to reconstruct the fused image
[15], [33]–[40]. Considering the self-similarity of images,
spatial dictionary can also be adopted [41]–[45]. In spatial
dictionary based fusion methods, source images are spatially
divided into overlapped patches to construct a dictionary
pair, containing a low resolution (LR) dictionary and a high
resolution (HR) dictionary. The fused image is constructed
by the HR dictionary and representation coefficients derived
from a certain representation of source HSI with the LR
dictionary. A comprehensive review on various categories of
recent HSI and MSI fusion techniques can be found in [46].

For most of the dictionary based HSI and MSI fusion
methods, the dictionary is learned from the images (instead
of a predefined dictionary), exploiting the self-similarity
of the images, and leads to good fusion results. Whereas,
neither spectral dictionary nor spatial dictionary can fully
represent the spatial and spectral features of source images
simultaneously. Furthermore, global dictionaries with a large
scale are usually adopted, resulting in high computation cost,
which greatly limits their application in practical cases with
big data. Besides, as mentioned above, one challenge of HSI
and MSI fusion is that, the spectrum of MSI only covers

2 VOLUME 4, 2016



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2020.2981690, IEEE Access

Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS

part of that of HSI, and an appropriate mathematical model
need to be identified for it [47]. To handle these issues, a
novel HSI and MSI fusion method for the purpose of HSI
spatial resolution enhancement is proposed in this paper,
which adopts a local spatial-spectral dictionary pair and
collaborative representation (CR) based reconstruction.

The main contributions of this work are twofold: 1) A
spatial-spectral dictionary pair is employed for image rep-
resentation and reconstruction rather than the commonly
employed spatial dictionary pair or spectral dictionary pair.
2) A localization strategy is adopted in dictionary reconstruc-
tion, image representation and reconstruction, rather than
the commonly employed global one. In the newly proposed
fusion method, the HSI, MSI and spatially degraded MSI,
as well as the fused image are first spatially divided into
overlapped subimages (3D blocks) in the same manner. For
a given subimage notation, a dictionary pair including an
HR dictionary and an LR one is derived from MSI and
spatially degraded MSI respectively. This dictionary pair is
shared for the representation of all spectral bands within
the corresponding HSI subimage and fused subimage, while
the representation coefficients are calculated for each band
separately. As a result, the mutual correlation between HSI
and MSI at different resolutions are explored and utilized for
resolution enhancement in a local manner, which is believed
to be more appropriate than the commonly adopted spatial
global one [23]. More specifically, for a given subimage
notation, atoms of the HR and LR dictionaries are composed
of patches in all spectral bands within MSI subimage and
spatially degraded MSI subimage respectively, which makes
the dictionary pair enclose spatial and spectral information
simultaneously. Meanwhile the localization strategy in dic-
tionary construction limits the dictionary to a very small scale
(the number of atoms equals to the number of bands within
MSI). The experimental results illustrate that, compared with
some state-of-the-art spatial/spectral dictionary-based fusion
methods, the newly proposed one is capable of producing
competitive fusion results with much lower computation
cost. This improvement can be attributed to the effective
representation of both spatial and spectral features with a
small dictionary scale in the proposed local spatial-spectral
dictionary pair. When compared with the representative HSI
and MSI fusion methods not limited to the dictionary-based
ones, the newly proposed method exhibits comparable fusion
performance. Considering its simple structure and low com-
putation cost, the proposed fusion method is quite promising
in practical applications.

The remainder of this paper is arranged as following: Sec-
tion II describes the CR-based HSI and MSI fusion scheme,
the proposed HSI and MSI fusion method is described and
explained in detail in Section III, Section IV employs sim-
ulative experiments for the purpose of validation as well as
comparison, and conclusion and future work are described in
Section V.

II. CR-BASED HSI AND MSI FUSION SCHEME
In HSI and MSI fusion, both source images and fused image
can be represented as a linear combination of atoms in
an appropriate dictionary with corresponding representation
coefficients. In this section, multi-band image reconstruction
using an appropriate dictionary with CR is introduced first.
And based on this, HSI and MSI fusion scheme using HR
and LR dictionary pair with CR is elaborated.

A. CR-BASED MULTI-BAND IMAGE RECONSTRUCTION
Suppose Z is a multi-band image with P bands, theM pixels
in each band of which are lexicographically rearranged into
a column vector, such that Z = [Z1,Z2, . . . ,ZP ] ∈ RM×P .
Providing an appropriate dictionary D = [d1,d2, . . . ,dK ] ∈
RM×K withK � P , the ith (i = 1, 2, · · · , P ) band of Z can
be linearly represented by the K atoms in D

Zi = Dψi + θi (1)

where ψi ∈ RK is the representation coefficients, and θi =
Zi −Dψi ∈ RM is the representation error. Since all the P
bands of Z share the same dictionary, it can be represented in
matrices by

Z = DΨ + Θ (2)

with Ψ = [ψ1,ψ2, · · · ,ψP ] and Θ = [θ1,θ2, · · · ,θP ].
It has been argued that it is the collaborative nature of

atoms rather than competitive nature imposed by sparseness
constraint that truly improves the representation accuracy
[45], [48]. Compared to sparse representation (SR) in which
only a few atoms of the dictionary contributes to the repre-
sentation, collaborative representation (CR) makes each atom
of the dictionary contribute to the representation, and is ca-
pable of providing competitive reconstruction accuracy with
significantly lower computational complexity. Especially in
cases where undercomplete dictionary rather than overcom-
plete dictionary is employed, CR is more appropriate and
preferable than SR. With CR, the objective of representation
is to minimize the representation residual and meanwhile
guarantee the collaborative property of the representation,
that is, try to minimize both ‖θi‖22 and ‖ψi‖22. The estimation
of CR coefficient can be then formulated as the following
optimization problem

ψ̃i = argmin
ψi

{‖θi‖22 + η‖Γψi‖22}

= argmin
ψi

{‖Dψi − Zi‖22 + η‖Γψi‖22} (3)

where η is a global regularization parameter which balances
the minimization between the residual and regularization
terms, and Γ is a biasing Tikhonov matrix [49] specific to
dictionary D and Zi

Γ =

‖d1 − Zi‖2 0
. . .

0 ‖dK − Zi‖2

 . (4)

As a result, an estimation of CR coefficient vector ψi can be
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obtained in a closed-form solution

ψ̃i = (DTD + ηΓTΓ)−1DTZi. (5)

And an appropriate estimation for Z can be reconstructed as

Z̃ = DΨ̃ (6)

with Ψ̃ = [ψ̃1, ψ̃2, · · · , ψ̃P ].

B. CR-BASED HSI AND MSI FUSION SCHEME USING
DICTIONARY PAIR
In the HSI and MSI fusion issue considered in this paper,
two geometrically coregistered and radiometrically corrected
observations of the same scene are available, an LR HSI
with P -band X ∈ RN×P and an HR MSI with Q-band
Y ∈ RM×Q (P > Q and M > N ). An appropriate
estimation of the HR HSI Z ∈ RM×P of the observed
scene can be obtained by fusing them, denoted as Z̃. In a
large number of cases, the spatial scale factor ω is related to
dimensions of the two source images by the following simple
relationship: ω =

√
M/N .

The observed LR HSI X is the spatial degradation of Z
with the following observation model

X = WZ + N (7)

where W accounts for spatial degradation and N represents
the observation noise. Using the same observation model,
a spatially degraded MSI (LR MSI) YL can be obtained.
Thereafter, the dictionary pair containing an HR dictionary
DH and an LR dictionary DL is constructed from Y and
YL respectively. It is obvious that DL = WDH + ND. As
mentioned in Eq. (2), Z can be collaboratively represented by
DH

Z = DHΨ + ΘH (8)

where Ψ and ΘH denote representation coefficient matrix
and representation error matrix respectively. Applying the
same spatial degradation with W to both sides, the following
representation can be obtained

X = WDHΨ+WΘH+N = DLΨ+WΘH+N−NDΨ.
(9)

Therefore, it is appropriate to assume that HR HSI and
LR HSI can be reconstructed from DH and DL respectively
sharing the same set of representation coefficients, by ne-
glecting the slight observation noise and representation error:

X ≈ DLΨ (10)
Z ≈ DHΨ. (11)

The framework of CR-based HSI and MSI fusion with
dictionary pair is summarized in Fig. 1.

III. CR-BASED HSI AND MSI FUSION WITH LOCAL
SPATIAL-SPECTRAL DICTIONARY PAIR
By representing and utilizing spatial and spectral information
of source images simultaneously, and with CR-based HSI and
MSI fusion scheme using dictionary pair, a new HSI and MSI

image fusion method, CR-based HSI and MSI fusion with
local spatial-spectral dictionary pair (SSLDF), is proposed
in this paper. The newly proposed SSLDF method is com-
posed of three main parts: local spatial-spectral dictionary
pair construction, CR coefficient estimation, and HR HSI
reconstruction, which are elaborated in detail as follows.

A. LOCAL SPATIAL-SPECTRAL DICTIONARY PAIR
CONSTRUCTION
It is true that dictonary-based representation would benefit
from overcomplete dictionaries, while resulting in rising
computational complexity and cost. In order to maintain a
good balance between low computational cost and low re-
construction error, dictionary pair with quite limited number
of atoms is adopted in this paper. In this circumstance, it is
unlikely to obtain satisfied fused results by employing the
same set of dictionary pair for the entire image. Therefore,
a localization strategy is proposed and applied in dictionary
pair construction.

Each spectral band of the LR HSI X and LR MSI YL,
denoted as Xi and YL

i (i = 1, 2, · · · , P ), is spatially divided
into S partially overlapped LR patches in the same manner,
to produce {xs,i ∈ Rn|s = 1, 2, · · · , S; i = 1, 2, · · · , P}
and {yL

s,i ∈ Rn|s = 1, 2, · · · , S; i = 1, 2, · · · , P}, where
n represents the number of pixels within each LR patch.
Likewise, each spectral band of the HR MSI Y is also divided
into S partially overlapped HR patches {ys,j ∈ Rnω2 |s =
1, 2, · · · , S; j = 1, 2, · · · , Q}, with nω2 pixels in each HR
patch. Considering both HSI and MSI containing spatial and
spectral information, spatial-spectral feature representation
and processing is more preferable in HSI and MSI fusion,
rather than the pure spatial one or spectral one. For each
set of image, patches with the same spatial location form a
subimage, so that X, YL and Y are divided into S spatially
overlapped subimages {xs ∈ Rn×P |s = 1, 2, · · · , S},
{yL

s ∈ Rn×Q|s = 1, 2, · · · , S} and {ys ∈ Rnω2×Q|s =
1, 2, · · · , S}. Fusion is applied to each LR hyperspectral (H-
S) subimage and its spatially corresponding HR multispectral
(MS) subimage, that is xs and ys. A local spatial-spectral
dictionary pair is constructed for each subimage notation s:

DL
s = [dL

s,1,d
L
s,2, · · · ,dL

s,Q] = [yL
s,1,y

L
s,2, · · · ,yL

s,Q]

DH
s = [dH

s,1,d
H
s,2, · · · ,dH

s,Q] = [ys,1,ys,2, · · · ,ys,Q].

The atoms of local LR dictionary DL
s and HR dictionary DH

s

are composed of all spectral bands within the LR and HR MS
subimages (also denoted as the spatial patches) respectively.
An illustration of relation among image, subimage and patch
is depicted in Fig. 2.

The jth column of DL
s /DH

s is the spatial patch of the jth
spectral band within the LR/HR MS subimage, exhibiting
spatial features. While the ith row of DL

s /DH
s is spectral

vector of the ith pixel within the LR/HR MS subimage, repre-
senting spectral features. This makes DL

s and DH
s a spatial-

spectral dictionary pair. Different from the commonly used
global spectral dictionary or spatial dictionary, the newly
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LL
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H

FIGURE 1: Framework of CR-based HSI and MSI fusion with dictionary pair.

patchespatchespatches

subimagesubimage

patches

subimage

FIGURE 2: An illustration of relation among image, subimage and patch.

derived local spatial-spectral dictionary with limited number
of atoms (equal to the number of spectral bands in MSI)
effectively incorporates both spatial and spectral information
and features and is with a much smaller scale.

B. CR COEFFICIENT ESTIMATION
As mentioned above, fusion is applied to each LR HS subim-
age and its spatially corresponding HR MS subimage (xs and
ys). xs can be linearly represented with DL

s as following

xs = DL
s Ψs + ξs (12)

where Ψs = [ψs,1,ψs,2, . . . ,ψs,P ] and ξs = xs −DL
s Ψs

are representation coefficient matrix and error matrix respec-
tively. Each spectral band within xs, that is the LR HS patch
xs,i (i = 1, 2, . . . , P ), is linearly represented with DL

s by

xs,i = DL
s ψs,i + εs (13)

where ψs,i and εs = xs,i − DL
s ψs,i are representation

coefficient vector and representation error respectively.

Considering the property of DL
s , collaborative represen-

tation is preferable in this paper rather than the commonly
employed sparse representation. The CR coefficient vector
ψs,i is then estimated as following

ψ̃s,i = argmin
ψs,i

{
‖εs‖22 + η‖Γs,iψs,i‖22

}
(14)

= argmin
ψs,i

{
‖DL

sψs,i − xs,i‖22 + η‖Γs,iψs,i‖22
}

where Γs,i is a biasing Tikhonov matrix specific to DL
s and

xs,i, and η is a global regularization parameter balancing the
minimization between the residual and regularization terms.
Γs,i with a diagonal form is adopted in this paper, such that
the representation coefficient vector ψs,i can be estimated in
a closed form

ψ̃s,i = [(DL
s )

TDL
s + ηΓT

s,iΓs,i]
−1(DL

s )
Txs,i (15)
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with

Γs,i =

‖d
L
s,1 − xs,i‖2 0

. . .
0 ‖dL

s,Q − xs,i‖2

 . (16)

As a result, an estimation of the representation coefficient
matrix can be obtained Ψ̃s = [ψ̃s,1, ψ̃s,2, . . . , ψ̃s,P ].

C. HR HSI RECONSTRUCTION
According to the analysis in Section II-B, it is appropriate
to assume that HR HS subimage z̃s can be collaboratively
represented with HR dictionary DH

s and shares the same
representation coefficients as LR HS subimage xs is collab-
oratively represented with LR dictionary DL

s . Hence, z̃s is
reconstructed by

z̃s = DH
s Ψ̃s. (17)

The entire estimated HR HSI Z̃ (fused image) is finally
generated by tiling and summing up all the S HR HS subim-
ages. Since the spatially adjacent subimages are partially
overlapped, an average of all estimations at the corresponding
overlapped pixel is computed as the final reconstructed value
for it.

The proposed HSI and MSI fusion method with local
spatial-spectral dictionary pair (SSLDF method) is summa-
rized in Algorithm 1.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
In this part, the proposed SSLDF method is firstly validated
with simulative data sets. The influence of parameters on
fusion performance is discussed, and guidelines of choosing
values for them are provided. Then the proposed SSLDF
method is compared with representative dictionary-based
HSI and MSI fusion methods. Finally, to deploy a more
comprehensive comparison, the proposed SSLDF method is
also compared with 10 representative HSI and MSI fusion
methods (not limited to dictionary-based ones) on 8 data sets
obtained for diverse observed scenes by different types of
hyperspectral imagers adopted in [46].

To objectively measure the fusion performance of HSI and
MSI fusion methods, the simulation study proposed in [50]
is employed by most of the related research and literature,
within which an accurate quality assessment of the fusion
data can be performed better. The entire quality-assessment
procedure mainly comprises three steps: 1) simulate input
HS and MS images from a reference high-resolution HS
image, 2) generate a high-resolution HS image by fusing the
two input images, and 3) compare the fused image and the
reference image.

A. EXPERIMENT SETUP
Three synthetic data sets generated from real airborne HSI
data (serving as the reference) are employed in the exper-
iments. The first data set was acquired by AVIRIS [18] in
the spectrum region of 400-2500nm with 224 spectral bands
over the agricultural Indian Pines test site in northwestern

Algorithm 1 SSLDF algorithm

Input:
LR HSI X with P spectral bands
HR MSI Y with Q spectral bands

Output:
HR HSI Z̃ with P spectral bands

1: LR MSI YL construction

2: Spatial subdivision:

X ⇒ {x1,x2, · · · ,xS}
with xs = [xs,1,xs,2, · · · ,xs,P ]

Y ⇒ {y1,y2, · · · ,yS}
with ys = [ys,1,ys,2, · · · ,ys,Q]

YL ⇒ {yL
1 ,y

L
2 , · · · ,yL

S}
with yL

s = [yL
s,1,y

L
s,2, · · · ,yL

s,Q]

3: for each s ∈ [1, 2, · · · , S] do
4: Local spatial-spectral dictionary pair construction:

DL
s = [dL

1 ,d
L
2 , · · · ,dL

Q] = [yL
s,1,y

L
s,2, · · · ,yL

s,Q]
DH

s = [dH
1 ,d

H
2 , . . . ,d

H
Q ] = [ys,1,ys,2, · · · ,ys,Q]

5: CR coefficient matrix estimation:

Ψ̃s = [ψ̃s,1, ψ̃s,2, . . . , ψ̃s,P ]

with
ψ̃s,i = [(DL

s )
TDL

s + ηΓT
s,iΓs,i]

−1(DL
s )

Txs,i

(i = 1, 2, · · · , P )

6: HR HS subimage reconstruction:

z̃s = DH
s Ψ̃s

7: end for

8: HR HSI reconstruction by tiling up and summation:

{z̃1, z̃2, · · · , z̃S} ⇒ Z̃

Indiana in 1996. In the experiment, data set in the size of
(120×120) pixels×224 bands is employed as the reference.
The second data set was also collected by AVIRIS over
Cuprite, NV. in 1997, containing 224 spectral bands with
240 × 240 pixels in each spectral band. By removing the
noisy bands (bands 1-3, 108-113, 154-166), the remaining
202 spectral bands are employed as the reference with the
size of (240 × 240)pixels × 202bands. The third data set
was acquired by the Hyperspectral Digital Imagery Collec-
tion Experiment (HYDICE) sensor [51] over Washington
DC in 1995 with 191 spectral bands in the spectrum of
400-2500nm. In the experiment, data set with the size of
(240×240) pixels× 191bands is employed as the reference.

Following [34] and [43], simulative LR HSI and HR MSI
are constructed from the original HSI data (the reference).
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The LR HSI is constructed by applying a 7 × 7 Gaussian
spatial filter (with standard deviation of 0.05) on each band
of the reference and downsampling every 6, 4, 2 pixels in
both horizontal and vertical directions, to simulate source
HSI and MSI with different spatial resolution ratios (6, 4
and 2) respectively. That is, the spatial scale factor between
source images is simulated to be ω = 6, 4, 2. The HR MSI is
generated by uniform spectral downsampling of the reference
corresponding to Landsat TM bands 1-5 and 7, which cover
the following spectral regions: 450-520, 520-600, 630-690,
760-900, 1550-1750 and 2080-2350nm [19]. In addition,
Gaussian noises are added to the simulated LR HSI and HR
MSI, simulating the signal-to-noise ratios (SNRs) of the MS
and HS sensors to be 200dB and 300dB respectively. The
employed simulative experimental data sets are summarized
in Table 1.

Since the real HSI data serve as the reference, the per-
formance of different HSI and MSI fusion methods can be
evaluated by comparing the estimated HR HSI (fusion result)
with the reference one. Besides subjective visual assessment,
the following two performance metrics are employed for
objective and quantitative assessment, to provide a more
comprehensive evaluation.

• PSNR: The peak signal to noise ratio (PSNR) in decibel-
s is a direct index to compare the fused image with the
reference one. It is employed for spatial reconstruction
quality evaluation. The PSNR of the b-th band is defined
as

PSNR(Zb, Z̃b) = 10log10
[MAX(Zb)]

2

MSE(Zb, Z̃b)
(18)

where MAX(Zb) is the maximum pixel value in the b-
th band and the mean square error (MSE) of the b-th
spectral band is defined as

MSE(Zb, Z̃b) =
1

M

M∑
m=1

[Z(b,m)− Z̃(b,m)]2. (19)

For multiband images, PSNR can be calculated either
band-by-band or globally averaged. A larger PSNR
value indicates a higher quality in spatial reconstruction.
It is notable that, in the original definition of PSNR, the
numerator within the logarithm is indeed the maximum
possible value of the signal. For fair evaluation without
influence of data range, normalization is usually applied
to the data before calculating PSNR.

• SAM: The averaged Spectral Angle Mapper (SAM) is
used as a measurement of spectral distortion between
the fused and reference HSI. The SAM of two spectral
vectors (Zm and Z̃m) at a given spatial position m is
defined as

SAM(Zm, Z̃m) = arccos(
〈Zm, Z̃m〉

‖Zm‖2 · ‖Z̃m‖2
). (20)

Smaller value of SAM denotes less spectral distortion,
implying higher quality in spectral reconstruction. This

value can be evaluated pixel-by-pixel as well as globally
averaged.

B. VALIDATION AND DISCUSSION
In the proposed SSLDF method, source images are spatially
divided into overlapped subimages, and fusion is applied
to each spatially corresponding LR HS subimage and HR
MS subimage. As a result, subimage size and overlapping
ratio among adjacent subimages are two important issues that
will influence the fusion performance and computation cost.
Meanwhile, since collaborative representation is employed,
the regularization parameter (η) is another important issue
need to be discussed in detail. Without losing generality,
spatial scale factor ω = 6 is adopted in this part.

1) Subimage size
To discuss the influence of subimage size on fusion per-
formance and calculation cost, the proposed fusion method
with different subimage sizes is applied to the three test data
sets. Since the spatial scale factor ω = 6 in the experiment,
the smallest HR subimage size is set to be 12 × 12 pixels
to guarantee the corresponding smallest LR subimage size
is 2 × 2 pixels. Meanwhile, considering that, in general,
subimages with too large size will not efficiently improve
fusion performance and is unnecessary, HR subimage size is
set to be {12× 12, 18× 18, · · · , 72× 72} in the experiment.

Figs. 3, 4 and 5 depict PSNR, SAM and calculation time
over varied HR subimage size. Specifically, the global reg-
ularization parameter η = 0.007, and the overlapping area
size for each subimage size has been tuned to be optimal. The
computation time is achieved by using the processor Intel(R)
Core(TM) i5-2400 3.1GHz CPU with RAM 4G.

When subimage size is small, PSNR and SAM exhibit a
sharp increase and decrease respectively as subimage size
increases, illustrating salient improvement in fusion perfor-
mance. When subimage size reaches around 24 × 24 to
36×36, PSNR and SAM exhibit a slow decrease and increase
respectively, denoting a gradual decline in fusion perfor-
mance. In general, with a fixed overlapping ratio, calculation
time would be shorter when a lager subimage size is adopted.
It is reasonable because calculation time mainly depends
on the number of subimages used for fusion which would
reduce with the increase of subimage size. As indicated in
the experimental result, the optimal HR subimage in the size
of 36×36 is adopted for Indian Pines data set, and 24×24 for
both Washington DC and Cuprite data sets in the following
experiments.

2) Overlapping ratio
As mentioned above, overlapping area size has an important
impact on fusion performance as well as calculation cost. Fig.
6 depicts the optimal width of overlapping area for varied
subimage sizes, that is, the width of overlapping area which
is capable of producing the optimal fusion result. It can be
observed that there is no definite discipline to choose the
optimal overlapping area, which is greatly influenced by HR
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TABLE 1: DESCRIPTION OF SIMULATIVE EXPERIMENTAL DATA SETS (ω = 6, 4, 2)

Reference LR HSI HR MSI
spatial size spectral size spatial size spectral size spatial size spectral size

(pixels) (bands) (pixels) (bands) (pixels) (bands)
AVIRIS Indian Pines 120× 120 224 120/ω × 120/ω 224 120× 120 6

AVIRIS Cuprite 240× 240 202 240/ω × 240/ω 202 240× 240 6
HYDICE Washington DC 240× 240 191 240/ω × 240/ω 191 240× 240 6

10 20 30 40 50 60 70 80

Size of HR subimage

38

38.5

39

39.5

40

40.5

P
S

N
R

(d
B

)

(a) Indian Pines data set

10 20 30 40 50 60 70 80

Size of HR subimage

39

39.5

40

40.5

41

41.5

42

42.5

43

43.5

44

P
S

N
R

(d
B

)

(b) Washington DC data set

10 20 30 40 50 60 70 80

Size of HR subimage

43.2

43.4

43.6

43.8

44

44.2

44.4

44.6

44.8

45

45.2

P
S

N
R

(d
B

)

(c) Cuprite data set

FIGURE 3: PSNR over varied HR subimage sizes with three data sets.
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FIGURE 4: SAM over varied HR subimage sizes with three data sets.

subimage size as well as data itself. A great deal of exper-
iments illustrate that an overlapping ratio among adjacent
subimages in the range of [1/3, 2/3] can produce satisfied
fusion results. Specifically, in the following experiment, an
overlapping area among adjacent subimages with width of
12 pixels is adopted for all the three data sets.

3) Regularization parameter η

The regularization parameter η balances the minimization
between the residual and regularization terms, and guarantees
robust HR HSI reconstruction with noise existence. To select
an appropriate value of η, fusion performance of the proposed
method is measured as a function of η and depicted in
Figs. 7 and 8. Unfortunately, there is no uniform value for
η or specific rules for choosing η for different data sets.
Generally, η is decided empirically. While with a wide range
of experiments, we find out that satisfied fusion results can

be obtained when η ∈ (0, 0.02] for most of the data sets. In
the following experiments, we specifically set η = 0.005 for
Indian Pines data set, η = 0.001 for Washington DC data set
and η = 0.019 for Cuprite data set.

C. COMPARISON WITH REPRESENTATIVE
DICTIONARY-BASED FUSION METHODS

In this part, the proposed SSLDF method is compared with
some state-of-the-art dictionary-based HSI and MSI fusion
methods, including CNMF (coupled nonnegative matrix fac-
torization) based fusion method proposed in [34] and Q.
Wei’s fusion method proposed in [43]. In CNMF based
fusion method, LR HSI and HR MSI are alternately unmixed
by NMF (nonnegative matrix factorization) into endmember
matrices and abundance matrices, and the fused result (HR
HSI) is reconstructed with the endmember matrix derived
from LR HSI and the abundance matrix from HR MSI.
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FIGURE 5: Calculation time over varied HR subimage sizes with three data sets.
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FIGURE 6: Optimal width of overlapping area for varied subimage sizes with three data sets.

0 0.005 0.01 0.015 0.02 0.025 0.03

η

39.95

40

40.05

40.1

40.15

40.2

40.25

40.3

40.35

40.4

40.45

P
S

N
R

(d
B

)

(a) Indian Pines data set

0 0.005 0.01 0.015 0.02 0.025 0.03

η

42.9

43

43.1

43.2

43.3

43.4

43.5

43.6

43.7

P
S

N
R

(d
B

)

(b) Washington DC data set

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04

η

44.3

44.4

44.5

44.6

44.7

44.8

44.9

45

45.1

45.2

45.3

P
S

N
R

(d
B

)

(c) Cuprite data set

FIGURE 7: PSNR for varied regularization parameter η with three data sets.

Although it is physically straightforward and easy to imple-
ment owing to its simple update rules, many iterations are
needed before the convergence. Meanwhile, the dictionary
used for HR HSI reconstruction in CNMF based fusion
method (i.e. the endmember matrix) is a spectral domain
dictionary without spatial features incorporated. Q. Wei’s
method fuses LR HSI and HR MSI by resolving a reverse
problem with alternating optimization, the solution of which
is the desired HR HSI assumed to live in an appropriate
subspace. Due to the possible high dimension of subspace
and a great deal of loops employed for satisfied fusion result
obtaining, this fusion method exhibits quite high computation

complexity. Meanwhile, the dictionary employed for HR HSI
reconstruction is a spatial domain dictionary without spectral
features incorporated. Furthermore, to illustrate merits of
the adopted localized strategy in spatial-spectral dictionary
pair construction and collaborative representation in image
data representation, fusion method using a global spatial-
spectral dictionary pair and sparse representation (SSGDF
method) is also employed for comparison. It is worth to note
that both CNMF based fusion method and Q. Wei’s fusion
method utilize observation models of both HS and MS sensor
to accomplish fusion. While in both SSLDF and SSGDF
methods, only the HS sensor observation model is required.
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FIGURE 8: SAM for varied regularization parameter η with three data sets.

In the comparison experiment, for CNMF based fusion
method, the number of endmembers is set to be 40, the
maximum iterations in the inner and outer loops are 300 and 5
respectively. In Q. Wei’s fusion method, to obtain the optimal
fusion result, the dimension of subspace is set to be 14, 40
and 30, and the regularization parameter is set to be 15, 10
and 30 for the three data sets respectively. In SSGDF method,
to obtain the optimal fusion results, the HR subimage size is
set to be 60 × 60, 120 × 120, 120 × 120, and the width of
overlapping area is set to be 18, 12, 84 for the three data sets
respectively.

To deploy a generalized comparison experiment, spatial
scale factor between HR MSI and LR HSI (ω) is set to
be 6, 4 and 2 respectively. Similar results can be observed
for different ω. Figs. 9, 13 and 17 depict PSNR values
in function of wavelength. Q. Wei’s method, SSGDF and
SSLDF methods generate close enough PSNR curves over
wavelengths, and clearly outperform CNMF based fusion
method for obvious higher PSNR values over the entire HSI
spectrum. Pixel-wise RMSE (root mean square error) images
between the reference and actual fused images produced by
different methods are shown in Figs. 10, 14 and 18, which
visualize the magnitude of the error at each pixel spectrum.
Much more obvious errors can be observed in RMSE images
of CNMF based fusion method, while visible but not salient
differences can be observed among RMSE images generated
by the other three methods.

To evaluate performance of the fusion methods in spectral
feature preservation, SAM between the reference and fused
images are calculated. The SAM histograms of different
fusion methods are shown in Figs. 11, 15 and 19, and SAM
distribution maps are shown in 12, 16 and 20. The highest
spectral distortion can be observed in fusion results produced
by CNMF based fusion method, while the other three meth-
ods exhibit comparable performance in spectral fidelity. Q.
Wei’s method leads to obviously less spectral distortion when
applied to Washington DC data set.

The globally averaged PSNR and SAM as well as calcula-
tion time for different methods are listed in Tables 2-4. It can
be clearly observed that, for all the compared fusion methods,
when the same fusion method is applied to fuse HR MSI

and LR HSI with different spatial scale factors, close enough
fused results are generated, which illustrates their excellent
performance in fusion quality. While smaller spatial scale
factor leads to LR HSI with larger spatial size, and as a result,
fusing HR MSI with it apparently requires more calculation
cost. When different fusion methods are applied to fuse
the same set of HR MSI and LR HSI, from the objective
measurement point of view, Q. Wei’s method, SSGDF and
SSLDF methods produce comparable fusion results with very
slight differences, exhibiting better quality than the one pro-
duced by CNMF based fusion method. In Q. Wei’s method,
an overcomplete global spatial dictionary is employed, which
makes the dictionary scale (the number of atoms within the
dictionary) very large. While the proposed SSLDF method
employs a local spatial-spectral dictionary with very small
scale (the number of atoms equals to the number of bands in
MSI). On the other hand, a sparse representation is adopted in
Q. Wei’s method, which is much more time-consuming than
collaborative representation adopted in SSLDF method dur-
ing representation coefficient calculation. Furthermore, Q.
Wei’s fusion method adopts alternating optimization, many
loops are usually required to obtain a satisfied fusion result.
As a result, Q. Wei’s method is much more complicated
than the proposed SSLDF method. As for SSGDF method
employing a global spatial-spectral dictionary pair and sparse
representation, since the spatial size of subimage is com-
paratively large and the overlapping ratio between adjacent
subimages is moderate, the computational time is generally
a little longer than SSLDF method while still much shorter
than Q. Wei’s method. Specifically, for SSGDF method with
Washington DC data set, the spatial size of subimages is quite
large (a quarter of the corresponding source images) and the
overlapping ratio is quite small (only 1/10), which makes
the total number of subimages within source images quite
limited. Hence, the computational time of SSGDF method
is even shorter than that of SSLDF method for cases with
ω = 6 and 4.
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FIGURE 9: PSNR in function of wavelength for three data sets with ω = 6.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 10: RMSE images between the reference and fused images with ω = 6 (for each subfigure from left to right: CNMF,
Q. Wei’s, SSGDF and SSLDF).

TABLE 2: PERFORMANCE MEASUREMENTS FOR DIFFERENT DICTIONARY-BASED FUSION METHODS WITH
ω = 6

Global averaged PSNR (dB) Global averaged SAM (deg) Calculation time (sec)

CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF

Indian Pines 39.85 40.63 40.30 40.44 0.7693 0.7161 0.7475 0.7324 39.56 363 1.64 0.97

Washington DC 41.38 43.74 43.33 43.62 1.0619 0.8335 0.9746 0.9194 173.68 1779 4.97 12.68

Cuprite 43.46 45.12 44.63 45.20 1.6933 1.5617 1.6066 1.5706 173.91 1523 61.26 13.63

D. COMPARISON WITH REPRESENTATIVE FUSION
METHODS NOT LIMITED TO DICTIONARY-BASED ONES

To demonstrate its performance compared with state-of-the-
art fusion methods belonging to different categories, the pro-
posed SSLDF method is compared with the 10 representative
fusion methods with 8 datasets adopted in [46].

The selected 10 fusion methods (both established methods
and recently published ones) are belonging to four different
categories not limited to the dictionary-based one: com-
ponent substitution based method, multiresolution analysis

based method, unmixing based method, and Bayesian based
method, including GSA, SFIM-HS, GLP-HS, CNMF, EC-
CV’14, ICCV’15, HySure, MAP-SMM, FUSE and FUSE-
S, which are detailed described in [46]. GSA is selected to
be the representative of component substitution based HSI
and MSI fusion method, in which HSI and MSI fusion is
separated into a set of pan-sharpening subproblems and in
each subproblem one MS band and corresponding HS bands
grouped by correlation based clustering is treated [4]. Both
SFIM-HS and GLP-HS belong to MRA-based HSI and MSI
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FIGURE 11: SAM histograms for three data sets with ω = 6.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 12: SAM distribution maps for three data sets with ω = 6 (for each subfigure from left to right: CNMF, Q. Wei’s,
SSGDF and SSLDF).

TABLE 3: PERFORMANCE MEASUREMENTS FOR DIFFERENT FUSION METHODS WITH ω = 4

Global averaged PSNR (dB) Global averaged SAM (deg) Calculation time (sec)

CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF

Indian Pines 39.89 40.77 40.58 40.58 0.7642 0.7085 0.7231 0.7232 55.97 361 2.71 1.20

Washington DC 41.39 42.30 43.48 44.15 1.0651 0.8722 0.9739 0.8806 213.49 1915 7.11 9.90

Cuprite 43.47 45.36 44.37 45.37 1.6919 1.5421 1.6240 1.5654 217 1451 11.52 10.27

fusion method. In SFIM, a calculated ratio is multiplied to
the upscaled LR HSI on a pixel-by-pixel basis to generate
the corresponding HR HSI [52]. In the GLP-HS fusion
scheme, spatial details of each LR HS band are obtained as
the difference between an HR MS band and its LR version
multiplied by a gain factor [7]. CNMF, ECCV’14, ICCV’15
and HySure are the unmixing-based methods. CNMF al-
ternately unmixes LR HSI and HR MSI into endmember
matrices and abundance matrices, and then constructs HR
HSI as the product of endmember matrix derived from LR
HSI and abundance matrix from HR MSI [34]. In [53],

Akhtar et al. applied dictionary learning and sparse coding
to obtain the endmembers and high-resolution abundances
used for HR HSI reconstruction, respectively. This method is
referred as ECCV’14 in this paper. Similar to CNMF, LR HSI
and HR MSI are jointly unmixed into spectral endmembers
and the associated fractional abundances in ICCV’15 [54].
While different from CNMF, a projected gradient method is
applied to alternately update the endmember signatures and
the HR abundances. In HySure, total variation regularization
is introduced and applied into the subspace-based LR HSI
and HR MSI fusion [55]. MAP-SMM, FUSE and FUSE-S are
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TABLE 4: PERFORMANCE MEASUREMENTS FOR DIFFERENT FUSION METHODS WITH ω = 2

Global averaged PSNR (dB) Global averaged SAM (deg) Calculation time (sec)

CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF CNMF Q. Wei SSGDF SSLDF

Indian Pines 39.79 40.90 40.51 40.52 0.7694 0.6952 0.7335 0.7325 129 355 3.70 1.87

Washington DC 41.47 42.46 43.42 44.12 1.0634 0.9911 0.8822 0.8554 462.76 1903 20.23 14.62

Cuprite 43.54 45.49 44.41 45.38 1.6877 1.5321 1.6196 1.5665 476 1441 19.69 7.53

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400

Wavelength(nm)

25

30

35

40

45

50

55

P
S

N
R

(d
B

)

CNMF
SSGDF
Q.Wei
SSLDF

(a) Indian Pines data set

500 1000 1500 2000 2500

Wavelength(nm)

20

25

30

35

40

45

50

55

P
S

N
R

(d
B

)

CNMF
SSGDF
Q.Wei
SSLDF

(b) Washington DC data set

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400

Wavelength(nm)

15

20

25

30

35

40

45

50

55

P
S

N
R

(d
B

)

CNMF
SSGDF
Q.Wei
SSLDF

(c) Cuprite data set

FIGURE 13: PSNR in function of wavelength for three data sets with ω = 4.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 14: RMSE images between the reference and fused images with ω = 4 (for each subfigure from left to right: CNMF,
Q. Wei’s, SSGDF and SSLDF).

Bayesian based method. MAP-SMM employs a stochastic
mixing model (SMM) to estimate the underlying spectral
scene statistics of the HR HSI with respect to HR MSI, based
on which a MAP objective function is formulated to optimize
the HR HSI relative to the inputs (LR HSI and HR MSI)
[56]. Bayesian estimators can be generalized by integrating
prior knowledge into the fusion problem. With naïve Gaus-
sian prior [57] and sparsity-promoted Gaussian prior [43],
FUSE and FUSE-S methods are constructed respectively. It
is notable that CNMF, ECCV’14 and ICCV’15, FUSE and
FUSE-S are dictionary-based fusion methods. Specifically,

spectral dictionaries are employed in CNMF, ECCV’14 and
ICCV’15, spatial dictionaries are employed in FUSE and
FUSE-S.

The employed 8 data sets are obtained for diverse observed
scenes by different types of hyperspectral imagers, including
vegetation, mineral, urban, and etc. As described in detail in
[46], to generate simulative experimental data, standard sim-
ulation that considers spatial, spectral and noise simulation
is applied to data sets 1-7, and an end-to-end simulation that
considers the entire image acquisition and processing chain
is applied to data set 8. The adopted data sets as well as the
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(c) Cuprite data set

FIGURE 15: SAM histograms for three data sets with ω = 4.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 16: SAM distribution maps for three data sets with ω = 4 (for each subfigure from left to right: CNMF, Q. Wei’s,
SSGDF and SSLDF).

simulation are summarized in Table 5 [46].
To make a fair and extensive comparison, following [46],

besides PSNR and SAM introduced in Section IV-A, ERGAS
and Q2n are also adopted as evaluation metrics in this part.

• ERGAS: The relative dimensionless global error in syn-
thesis (ERGAS) is a global statistical measurement of
spectral distortion. It is defined as

ERGAS = 100ω

√√√√ 1

P

P∑
b=1

[
RMSE(Zb, Z̃b)

MEAN(Zb)
]2 (21)

where ω denotes the spatial resolution ratio between
source HSI and MSI, RMSE(Zb, Z̃b) is the root mean
square error between the b-th band of reference HSI and
fused HSI, and MEAN(Zb) is the mean of the b-th band
in source HSI. Smaller ERGAS indicates less spectral
distortion.

• Q2n: In [58], the universal image quality index (UIQI)
is proposed as a similarity measurement between two
monochromatic images, by considering correlation, lu-

minance distortion and contrast distortion. It is later de-
veloped and extended to Q4 to handle four-band image
issues by modeling each pixel vector as a quaternion
[59]. To overcome the limitation on number of band,
it is further extended to Q2n by modeling each pixel
spectrum as a hypercomplex number which can be com-
puted using the hypercomplex correlation coefficient
and jointly quantifies spectral and spatial distortions
[60].

From Tables 6-9 which depict the measurement values, it
can be observed that the newly proposed SSLDF method is
completely comparable to these representative fusion meth-
ods by producing fused results with similar quality, except
for CASI University of Houston data set. The reason of
its underperformance on CASI University of Houston data
set might be related with the MS sensor simulated in that
case. Considering its simple algorithm structure and low
computation cost, it is believed to be quite promising in
practical applications.
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(b) Washington DC data set
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(c) Cuprite data set

FIGURE 17: PSNR in function of wavelength for three data sets with ω = 2.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 18: RMSE images between the reference and fused images with ω = 2 (for each subfigure from left to right: CNMF,
Q. Wei’s, SSGDF and SSLDF).

V. CONCLUSION AND FUTURE WORK

In the existing dictionary-based LR HSI and HR MSI fusion
methods, spectral dictionary or spatial dictionary is usually
employed, which is not capable of incorporating both spatial
and spectral information and features contained in source
images simultaneously. To account for this issue, a novel
LR HSI and HR MSI fusion method (SSLDF method) is
proposed. In the proposed SSLDF method, HR MSI and its
spatial degradation (LR MSI) are divided into overlapping
subimages (3D blocks) respectively. For each subimage no-
tation, a spatial-spectral dictionary pair consisting an HR
dictionary and an LR dictionary are constructed, enclosing all
corresponding spatial patches within each spectral band and
hence incorporating spatial and spectral features of source
images simultaneously. This localization strategy for dic-
tionary construction efficiently reduces the dictionary scale,
and hence greatly reduces the calculation cost. Collaborative
representation based reconstruction is employed for its good
performance in representation with small scale dictionary
and less computation cost. The desired fused result (HR

HSI) is then reconstructed with the HR dictionary derived
from HR MSI and collaborative representation coefficients
obtained from the collaborative representation of LR MSI
with the corresponding LR dictionary. Simulative experimen-
tal results illustrate that the newly proposed SSLDF method
is capable of producing better or comparable fusion results
compared with some state-of-the-art dictionary-based fusion
methods employing spatial or spectral dictionary, with much
less computation cost. This improvement can be attributed
to the employment of collaborative representation with the
spatial-spectral dictionary pair which incorporates spatial and
spectral information simultaneously, as well as the localized
strategy in dictionary construction which limits the dictionary
in a very small scale (the number of atoms within dictio-
nary equals to the number of spectral bands within MSI).
The proposed SSLDF method is also compared with several
representative HSI and MSI fusion methods not limited to
the dictionary-based ones, using remote sensing image data
with diversity in both sensors and observed scenes. Fused
images with competitive quality can be obtained. Consid-
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(b) Washington DC data set
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(c) Cuprite data set

FIGURE 19: SAM histograms for three data sets with ω = 2.

(a) Indian Pines data set (b) Washington DC data set

(c) Cuprite data set

FIGURE 20: SAM distribution maps for three data sets with ω = 2 (for each subfigure from left to right: CNMF, Q. Wei’s,
SSGDF and SSLDF).

ering its much less computational complexity besides out-
standing fusion performance, the proposed SSLDF method
is very competitive and promising in practical applications.
Our future work will concentrate on its application in HSI
and MSI fusion with larger data size, as well as the fusion
performance evaluation with classification application.
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TABLE 7: PERFORMANCE MEASUREMENTS FOR AVIRIS MOFFETT FIELD AND HYDICE WASHINGTON, D.C., MALL DATA
SETS

METHOD AVIRIS Moffett field HYDICE Washington,D.C.,Mall
PSNR SAM ERGAS Q2n PSNR SAM ERGAS Q2n

GSA 32.865 2.0942 5.019 0.87563 36.6009 2.4435 3.5625 0.96497
SFIM-HS 34.3216 2.1074 5.2404 0.84828 38.0962 1.8035 3.2343 0.97287
GLP-HS 35.3179 1.9693 4.9378 0.8562 38.1395 1.7661 3.1141 0.97451
CNMF 36.762 1.8522 4.0129 0.85706 38.605 1.7065 3.1321 0.97465

ECCV’14 27.9978 4.7954 20.0605 0.65486 34.5833 2.4785 6.61 0.92956
ICCV’15 35.6101 1.9565 4.9568 0.83513 37.4458 1.7878 3.689 0.97081
HySure 36.2031 1.7582 4.7462 0.85722 38.1268 1.8097 3.4737 0.9684

MAP-SMM 34.5236 2.393 5.759 0.75134 35.5975 2.2082 3.7834 0.96061
FUSE 34.6202 2.448 5.2054 0.75063 36.9354 2.2575 3.4737 0.96468

FUSE-S 35.1967 2.3727 4.8255 0.76018 37.8734 2.0675 3.2542 0.96876
SSLDF 37.0692 2.0728 3.7993 0.91786 34.817 2.0671 5.7209 0.9464

TABLE 8: PERFORMANCE MEASUREMENTS FOR HYPERSPEC CHIKUSEI AND ROSIS-3 UNIVERSITY OF PAVIA DATA SETS

METHOD HYPERSPEC Chikusei ROSIS-3 University of Pavia
PSNR SAM ERGAS Q2n PSNR SAM ERGAS Q2n

GSA 41.5463 1.5657 1.4617 0.88574 38.1556 3.7202 1.1155 0.74404
SFIM-HS 46.5981 1.3189 1.2638 0.9193 42.2393 2.6187 0.76399 0.8972
GLP-HS 46.9134 1.2181 1.2806 0.94997 42.3431 2.609 0.75526 0.89446
CNMF 46.4972 1.2497 1.5042 0.95476 42.1934 2.5797 0.79514 0.87335

ECCV’14 43.9058 1.4829 1.6739 0.94491 40.1176 3.2864 1.012 0.84024
ICCV’15 42.4743 1.3365 1.7022 0.91982 39.7306 2.7444 0.94646 0.77691
HySure 47.0792 1.1772 1.5085 0.95239 42.1988 2.7786 0.80787 0.89009

MAP-SMM 43.2669 1.3143 1.4454 0.9133 39.9661 2.8757 0.91774 0.83684
FUSE 45.4068 1.4716 1.6136 0.92394 41.7546 2.8512 0.83303 0.88302

FUSE-S 46.6515 1.4246 1.5873 0.95185 42.6484 2.6944 0.77587 0.90354
SSLDF 46.1732 1.3857 1.3545 0.95536 42.5231 2.7122 0.77061 0.8992

TABLE 9: PERFORMANCE MEASUREMENTS FOR CASI UNIVERSITY OF HOUSTON AND HYMAP RADALQUILAR DATA
SETS

METHOD CASI University of Houston HYMAP Rodalquilar
PSNR SAM ERGAS Q2n PSNR SAM ERGAS Q2n

GSA 45.0846 2.0723 1.1642 0.98577 40.2013 2.6597 1.938 0.63895
SFIM-HS 47.2461 1.4961 1.016 0.98687 38.4778 2.6692 2.0811 0.58584
GLP-HS 47.2508 1.4733 1.0169 0.98697 38.4883 2.6506 2.0715 0.59433
CNMF 47.1019 1.526 1.3246 0.97505 41.0361 2.7109 2.0549 0.70558

ECCV’14 44.0313 2.3929 2.288 0.96507 35.571 4.6443 3.9914 0.54574
ICCV’15 44.1182 1.4627 1.2901 0.98477 41.0904 2.6723 1.9285 0.64059
HySure 47.6637 1.4437 1.1197 0.98353 41.2454 2.6787 1.9078 0.70869

MAP-SMM 45.319 1.6696 1.1659 0.98408 37.178 2.7115 2.259 0.51056
FUSE 46.3679 1.6894 1.2315 0.97896 38.4123 2.7154 2.142 0.60954

FUSE-S 46.7968 1.5971 1.159 0.98073 38.8257 2.6914 2.078 0.60131
SSLDF 32.536 1.8952 3.4852 0.91245 38.6131 2.8976 2.1804 0.56417
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