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Abstract—Pansharpening exploits the high-frequency 

component (HFC) of panchromatic (PAN) images to restore the 

spatial-resolution of the corresponding multispectral (MS) image. 

In this paper, a dual-injection model-based multiband remote 

sensing image pansharpening method is presented that focuses on 

how to correctly use the HFC to improve the MS image for 

obtaining a high-spatial resolution and multispectral (HRMS) 

image. The model is based on a two-step HFC injection algorithm 

with two different injection gains. In the first step, an HFC is 

reconstructed with sparse theory, and an injection gain based on 

the relationship between PAN and MS images is developed. 

Employing the previous injection gain and the reconstructed HFC 

on an upsampling MS image, an improved LRMS (ILRMS) image 

is then produced. In the second step, another injection gain based 

on the differences and similarities between the PAN and MS 

images is designed. With the help of this injection gain, the fusion 

image is achieved via the adaptive integration of the ILRMS 

image and the HFC from the PAN image. Experiments confirm 

that the proposed method is more effective than some popular 

widely used pansharpening methods. 

  

Index Terms—Pansharpening, dual-injection model, injection 

gains, sparse representation. 

I. INTRODUCTION 

HE aim of pansharpening is the acquisition of a 

high-spatial resolution and multispectral (HRMS) fused 

image. However, due to the limitation of technology in earth 

observation satellites, an HRMS image cannot be provided 

directly by the satellites, such as WorldView-2, IKONOS and 

QuickBird. These satellites provide two kinds of desirable but 

conflicting remote sensors [1]. One of them supplies a 

panchromatic (PAN) image with high resolution in spatial. 

Another produces a multispectral (MS) image with low-spatial 

resolution. To obtain an HRMS image, a common solution 

called pansharpening is to jointly employ data that are acquired 

by multiple sensors with various spectral and spatial resolutions 

[2]. The HRMS image has been used in numerous 

image-processing applications, such as land-cover 

classification, land change monitoring, and aerial image-based 
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object detection [3]. 

In recent years, different kinds of pansharpening methods 

have been developed. One type of the methods is based on 

component substitution (CS). These methods focus on 

producing an image with ideal intensity by a transformation and 

substitution strategy. Usually, CS-based pansharpening 

methods need to upsample the MS image and implement 

histogram matching on the replaced component and the PAN 

image before component substitution. There are many 

CS-based methods that have been proposed, including the 

intensity-hue-saturation (IHS) method [4], the principal 

component analysis (PCA) method [5], the Gram-Schmidt (GS) 

transform-based method [6], and Brovey transform (BT)-based 

method [7]. Although in most cases, the CS-based methods can 

achieve satisfactory spatial quality in the fused image, they are 

subject to serious spectral degradation [8]. 

In addition, a number of multi-resolution analysis 

(MRA)-based pansharpening methods have been proposed. 

These methods reconstruct an HRMS image by an inverse 

transformation, which is used to synthesize a fused image at 

different scales of images after they are decomposed through 

various multi-resolution transformations. Generally, numerous 

methods are available to perform MRA, for instance, pyramid 

transform [9] and wavelet transform [10]. Currently, the most 

widely used methods are Contourlet [11] and Shearlet 

transformation [12]. These MRA-based methods can 

effectively retain the spectral information in the MS image, but 

they do not consistently maintain the spatial details in the fused 

image [13]. 

In the past two decades, another family of model-based 

fusion methods was presented. In this family, some methods 

based on probability or statistics construct a decision-making 

model to estimate an HRMS image. For example, 

Bayesian-framework based method [14] or inhomogeneous 

Gaussian Markov random-field based method [15] analyzed the 

relationship between the observed images and the desired fused 

image to construct the model. The fused results of these 

methods exhibit higher precision in spectral and spatial 

information compared with CS and MRA-based pansharpening 

methods. Additional model-based pansharpening methods 

based on deep learning algorithms have attracted considerable 

attention. Many new pansharpening methods, such as those that 

use convolutional neural networks (CNN) or deep neural 

networks (DNNs), were gradually being developed [16]-[17]. 

Nonlinear DNNs can learn complex features from a large 

number of samples and obtain superior fusion results. However, 

these types of methods are time-consuming for training, and the 

adjustment of network parameters is difficult. 
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Recently, another branch based on sparse representation (SR) 

in the fusion field of remote sensing image has obtained 

increasing attention. The methods often use a few base 

elements to reconstruct a sparse signal [18]. Li et al. [19] 

proposed to sparsely represent the MS image with the atoms of 

a dictionary constructed by randomly sampling some HRMS 

images. However, this method has limitations in practical 

application because training images from an HRMS image may 

not be available. To break through this limitation, Jiang et al. 

[20] developed a joint dictionary learning algorithm with 

available upsampled LRMS and HRPAN images. Later, Jiang 

et al. [21] presented an approach called two-step sparse coding 

to make the image fusion more practical. In the method, the 

similarity of the local region in the MS and PAN images was 

exploited to construct a dictionary. Recently, Li et al. [22] 

developed a pansharpening method with sparse regularization, 

in which the dictionary was adaptively learned with the 

available source images. Although a signal can be 

reconstructed with SR and is highly relevant to the input images, 

the desired dictionary is difficult to construct, and the algorithm 

is often complicated [23]. 

In light of the characteristics of the above methods, a 

combination of those approaches was presented [25]. One kind 

of combination methods is based on high-frequency 

information injection (HFII), in which the high-frequency 

information is mainly derived from the high-frequency 

component (HFC) in the PAN image. As we know that 

compared to the PAN image, some spatial information is lost in 

the MS image. Thus, the key issue of HFII is how to correctly 

inject the high-frequency information [24]. Otazu et al. 

proposed to adaptively inject the HFC extracted by additive 

wavelet into each MS band [26]. Yang et al. developed MRA 

and SR-based pansharpening methods that improved MS 

images by injecting the refined HFC [27]. This method can 

effectively increase the spatial resolution but cause uneven 

spatial and spectral information given the insufficient similarity 

between the refined HFC and source image. To overcome the 

deficiency, Yang et al. proposed to extract compensation 

details using a robust SR model and inject a combination of 

compensation details and HFC to obtain the fusion results [13]. 

These HFII-based methods can obtain good fusion results by 

solving the information injection problem, but the process 

require the injection information to exhibit strong similarity 

with the MS image before fusion [28]. 

Furthermore, it is known that the HFII-based methods 

improve the MS image by injecting an HFC which is strongly 

similar to the source image. Therefore, a high correlation 

between the PAN and LRMS images should be required. 

However, in fact, there is an incongruent geometric structure 

and a potential mismatch between the PAN and MS images 

caused by the observable image feature [13]. Thus, low 

similarity exists between the MS image and the HFC extracted 

from the PAN image. As a result, the fused results of the 

HFII-based method suffer from the nonignorable distortion in 

spatial or spectral. To overcome this problem, this paper 

presents a novel multiband remote image pansharpening 

method based on a dual-injection model. In this study, a 

dual-injection model based on a two-step injection (TSI) 

algorithm with two different injection gains is constructed. In 

the process of generating the model, to increase the relation 

between the injection information and MS image and avoid 

excessive injection of the information in a fused image, a TSI 

algorithm is defined to solve the HFII problem. The proposed 

TSI algorithm consists of a two-step HFC injection. In the first 

step, a kind of HFC called difference information between the 

LRMS and LRPAN images is reconstructed with sparse theory, 

and an injection gain based on the relationship between PAN 

and MS images is designed. With the help of the injection gain, 

an improved LRMS (ILRMS) image is constructed by injecting 

the difference information into the LRMS image. In the second 

step, another injection gain based on the differences and 

similarities between the PAN and MS images is designed, and 

the fused image is obtained by injecting the HFC from the PAN 

image into the ILRMS image with the help of this injection gain. 

As a result, in our method the spatial information, such as edges, 

textures and contours, can be effectively restored by correctly 

injecting the extracted HFC into the ILRMS image instead of 

the original MS image. The contributions of our method are 

summarized as follows: 

1) A dual-injection model based on a TSI algorithm with two 

different injection gains is constructed. In the model, the 

extracted HFC is injected into an ILRMS image instead of the 

source LRMS image to obtain the fused image. 

2) A TSI algorithm is proposed. In the algorithm, an ILRMS 

image is built to increase the relation between the injection 

information and MS image, and two injection gains are 

designed to avoid excessive injection of the information in a 

fused image.  

3) A sparse theory-based approach is proposed to reconstruct 

HFC, so as to obtain more precise ILRMS image. 

4) Two injection gains are designed based on the relationship 

between the PAN and MS images to adaptively inject extracted 

details into the fused image. 

II. RELATED WORK 

A. The HFII Model 

The HFII model considers that a desired HRMS image 

shares the same spatial resolution with the corresponding PAN 

image, while shares the same spectral resolution with the 

LRMS image, and the spatial information loss from LRMS can 

be recovered through the corresponding PAN image [26]. The 

traditional HFII process can mainly be divided into three stages: 

1) extracting the HFC from the HRPAN image, 2) determining 

a suitable MS image for receiving the extracted HFC, and 3) 

injecting the extracted HFC into the MS image to obtain a 

fusion result. In the HFII model, the CS, MRA, and SR 

algorithms are usually applied to extract the HFC of the 

HRPAN image. Let FMS denote the fused image and LRMS be 

the low-resolution MS image. The process of the HFII can be 

given as follows: 

, 1,...,k k kFMS LRMS g HRI k N= + =                 (1) 

( )HRI high PAN=                                (2) 
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where kFMS  and kLRMS represent the kth band of the fused 

image and LRMS bands, respectively. HRI  is the 

high-frequency information, kg is the kth gain in N  bands, and 

( )high   is the function to obtain the high-frequency information 

that can be achieved through CS, MRA or SR. 

B. Sparse Theory 

Generally, the sparse theory includes SR and dictionary 

learning. Here, signal x  (  n
x ) is an n n  image block 

that is arranged as a column vector. Based on a number of these 

blocks, an overcomplete dictionary n mD  ( n m ) that 

contains m atoms can be constructed through dictionary 

learning. With the help of a suitable overcomplete dictionary 

D , the sparse coefficient 
1ma  of signal x  can be 

obtained by SR. Thus, = Dx a  can be used to reconstruct the 

signal x [29]. The SR is defined as the following optimization 

problem: 

2

0 2
min . .s t D

a
a a - x                    (3) 

where 
0

a  is l0-norm that measures the sparsity of a , and   is 

a predefined approximation error. In general, the algorithm of 

orthogonal matching pursuit (OMP) is the most common 

approach to solve the optimization problem [30]. The 

dictionary D  in Eq. (3) can be trained by the K-singular value 

decomposition (K-SVD) algorithm [31]. Suppose that natural 

images are randomly sampled to obtain M image blocks with 

size of n n , and these image blocks are rearranged to 

column vectors  
M

i i=1
y in the n  space. Thus, each n

i y  can 

construct the training dataset. The model for training the 

dictionary can be defined as follows: 

 
1

0 0
1

min . . , 1,2,...,
M

i i

M

i i i

i

s t i M
= =

 =
D

- D
，a

a y a          (4) 

where 0   is an error tolerance, and  
M

i i=1
a  is the sparse 

vector corresponding to  
M

i i=1
y . 

C. Guided filter 

For the remote sensing image fusion based on MRA method, 

filtering decomposition is the most commonly used technique 

to extract high frequency details from PAN images. Guided 

filtering [32] is one of the filtering technologies, which has 

been very popular because of its advantage of edge-preserving 

smoothing. Different from other filters, such as gaussian filter 

[33], bilateral filter [34], etc., the guided filter has two input 

images, one is the filtered image and the other is the guiding 

image. The role of the guiding image is to guide the filtered 

image to follow the edge trend of the guiding image so as to 

protect the edge information. Therefore, the guided filter is also 

one of the edge-preserving filters. It is based on a local linear 

model, and the output image of the filter is a linear 

transformation of the guiding image. The filtering operation of 

the guided filter is defined as: 

( , )=RI GF X Y                                 (5) 

where ( )GF  is the function of the guided filter operation. X is 

the filtered image and Y is the guiding image. RI is the output 

image after the filter, which is the approximation version of X. 

The spatial detail information of X can be obtained by assessing 

the difference between X and RI. This process is defined as: 

( , )= −HRI GF X Y X                           (6) 

where HRI represents the spatial detail. In this paper, we adopt 

the above technique to obtain the detail of HRPAN image. 

III. THE PROPOSED METHOD 

In this work, a dual-injection model based on a TSI algorithm 

is constructed and the framework of proposed algorithm is 

illustrated in Fig. 1. First, after downsampling (4 × 4) the PAN 

image, the downsampled-PAN image is upsampled and 

interpolated to the original size to obtain the LRPAN image. At 

the same time, a guided filter is used to obtain the HFC subimage 

of the HRPAN image. Second, histogram matching is conducted 

on the LRPAN image and the intensity component of the MS 

image. Then, HR/LR dictionary pairs ( LD  and HD  shown in 

Fig. 1) based on the HFC subimage and the LRPAN image are 

constructed, respectively. The sparse coefficient a  of the LRMS 

image is achieved by SR with the atoms of the obtained LR 

dictionary. Third, a kind of HFC (DI shown in Fig. 1) that exists 

in the LRPAN image while lacks in the LRMS image based on 

the sparse coefficients and the HR dictionary is reconstructed. 

The ILRMS image is acquired by injecting the reconstructed 

HFC into the upsampled MS image based on an injection gain 

(
1

kg  shown in Fig. 1). Finally, based on the second injection gain 

(
2

kg  shown in Fig. 1), the acquisition of fusion image is 

completed by making proper use of the ILRMS image and the 

HFC extracted from the PAN image. The process of the 

proposed method will be described in detail below. 

A. Dual-injection Model 

Let LRMS
Y  denote the upsampled MS image, HPAN

Y  denote 

the HRPAN image, LPAN
Y  denote the LRPAN image, and 

HRMS
Y  denote the HRMS image. According to the literature 

[23], an approximated linear combination relationship exists 

between the HRPAN and the desired HRMS images. Therefore, 

the observed HRPAN image can be defined as follows: 

1

N
HPAN P HRMS

k k

k


=

= Y Y                              (7) 

where 
p

k is kth combination coefficient in HRMS image, and 

HRMS

kY  is the kth band in the N bands of HRMS image. 

According to Eq. (7), the observed LRPAN image can be 

modeled as follows: 

'

1

N
LPAN P LRMS

k k

k


=

= Y Y                               (8) 
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where 'P

k is kth combination coefficient in LRMS image, and 

LRMS

kY  is the kth band in the N bands of LRMS image. 

Moreover, according to the literature [32], the intensity 

component I and I'  of the LRMS and HRMS images can be 

respectively represented as follows: 

1

N
I LRMS

k k

k

I 
=

=  Y                                 (9) 

'

1

=
N

I HRMS

k k

k

I' 
=

 Y                                 (10) 

where 
I

k  is kth combination coefficient in the LRMS image, 

and 'I

k  is kth combination coefficient in the HRMS image. 

According to Eq. (8) and Eq. (9), when ' =P I

k k  , we can obtain 

LPAN I=Y . However, in fact, LPAN
Y  and I  cannot be obtained 

by Earth observation satellites. We usually obtain LPAN
Y  by 

filtering the HRPAN image to produce its low-pass version or by 

downsampling and blurring the HRPAN image. Similarly, we 

usually obtain I  using specific methods of component 

transformation, such as IHS transformation. Thus, LPAN
Y  

cannot equal I in practice, namely, LPAN IY . Therefore, 

some differences information will exist between the artificial 
LPAN

Y  and I  image. If we use DI to denote the difference 

information between them, then DI can be obtained as follows 

LPANDI I= −Y                                (11) 

Eq. (11) can be converted to a new formula as follows: 

1

+ +
N

LPAN I LRMS

k k

k

I DI DI
=

= = Y Y                      (12) 

In addition, let HRI denote the extracted HFC from the 

HRPAN image. Therefore, HRI can be obtained as follows: 

HPAN LPANHRI = −Y Y                              (13) 

According to Eq. (12) and Eq. (13), the following 

relationship can be obtained: 

1

= = + +
N

HPAN LPAN I LRMS

k k

k

HRI DI HRI
=

+ Y Y Y        (14) 

Eq. (9) and Eq. (14) indicate that if the DI and HRI are 

simultaneously injected into component I, the HRPAN can be 

restored nondestructively. Therefore, compared with the 

HRPAN image, the combination of the DI and HRI is the lost 

spatial information in the LRMS image. From Eq. (7), Eq. (10) 

and Eq. (14), the intensity I'  of the HRMS image must be 

equal to 
HPAN

Y  to make the spatial resolution of HRMS image 

equal to that of the HRPAN image. Therefore, the formula is 

defined as follows: 

'

1 1

= + +
N N

I HRMS I LRMS

k k k k

k k

DI HRI 
= =

 Y Y                (15) 

From Eq. (14) and Eq. (15), to obtain a desired HRMS image, 

we can restore the spatial resolution of the LRMS image to the 

same as that of a desired HRMS image with the HFC extracted 

from the HRPAN image. Eq. (15) can be converted into solve 

the following optimization problem: 

' 2

and 1 1

'

min || ||

. . 0 and 0

 

 

= =

− − −

 

 
N N

I HRMS I LRMS

k k k k
DI HRI k k

I I

k k

DI HRI

s t

Y Y
 (16) 

According to Eq. (9), Eq. (10) and Eq. (16), we can convert 
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Fig. 1. Framework of the proposed method. LD  and HD  are the low-resolution and high-resolution dictionaries. SR is the sparse representation.   is the sparse 

coefficient. LRMS is the up-sampled LRMS image. PAN details are the HFC extracted from the PAN image that are estimated from the difference between the 

HRPAN image and the low-pass version of the PAN image. ksvd is the K-SVD algorithm. DI is the reconstructed HFC. 
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kg  are the injection gains. FMS 

is the fused result. 
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Eq. (16) to a new formula as follows: 

' 2

and

min || ||− − −
DI HRI

I I DI HRI                     (17) 

Furthermore, considering that the HRMS and LRMS images 

have the same spectral information, Eq. (17) can be converted 

into the following formula: 

2

and

min || ||− − −HRMS LRMS

k k
DI HRI

DI HRIY Y              (18) 

HRMS LRMS

k k + DI + HRI=Y Y                      (19) 

where +LRMS

k DIY  is a state transition image. In this paper, we 

call this transition image as an ILRMS image which can be 

formulated as follows: 

LRMS

k kILRMS + DI= Y                        (20) 

From Eq. (19) and Eq. (20), we find that the LRMS image 

has k bands, and the DI and HRI are injected into each band 

without distinction. This phenomenon will result in the 

excessive injection of the HFC in a fused image. According to 

the theory of the HFII model as Eq. (1), g k  is an injection gain 

that contributes to correctly inject the HFC into the MS image. 

Therefore, in this study, in view of the theory of the HFII model 

and Eq. (19), we propose to obtain a desired HRMS image by 

constructing the proper injection gains to correctly inject DI 

and HRI components into the LRMS image. Thus, the proposed 

observation model can be defined as follows: 

1 2= +g +gHRMS LRMS

k k k kDI HRIY Y                      (21) 

where 1g k  and 2g k  are the kth injection gains of the DI and HRI, 

respectively. 1+gLRMS

k k DIY  is the optimized kILRMS making 

the spatial resolution of the original LRMS image as close as 

possible to that of artificial LRPAN image while ensuring that 

the spectral information is the same as that of the original 

LRMS. Therefore, to obtain a desired HRMS image which is 

similar to the HRPAN image in spatial information and equal to 

the original LRMS in the spectral information. Mathematically, 

Eq. (21) can be defined as the following two-step injection: 

1= +gLRMS

k k kILRMS DIY                       (22) 

2= +gHRMS

k k kILRMS HRIY                      (23) 

where kILRMS  represents the kth band in the desired HRMS 

bands. Therefore, in the proposed model, the key problem is to 

achieve the two-step injection in Eq. (22) and Eq. (23). 

B. TSI Algorithm 

1) Obtaining ILRMS Image Based on Sparse Theory 

According to Eq. (20), in order to achieve a desired ILRMS 

image, the following formula can be mathematically generated 

as: 

arg min || || , 1,...,LRMS
k k k p

DI

ILRMS ILRMS DI k N= − − =Y   (24) 

where kILRMS  is a desired ILRMS image containing k bands, 

|| ||p is the pl -norm. 

In addition, according to the previous analysis, there are 

some differences in the spatial information of the ILRMS and 

LRMS images, such as DI . Furthermore, the two types of 

images contain the same spectral information. Thus, according 

to Eq. (24), the value of LRMS

k kILRMS − Y  is the difference 

information between the ILRMS and LRMS images as idealDI . 

Denoting DI  as a desired DI component, Eq. (24) can be 

converted to the following formula: 

idarg min || ||eal

p
DI

DI DI DI= −                     (25) 

Substituting Eq. (11) into Eq. (25), the following formula can 

be yielded as: 

id= arg min || ||eal LPAN

p
DI

DI DI I= + − Y              (26) 

Eq. (26) denotes that the LRPAN image contains the DI  

component, and the spatial resolution of the ILRMS image 

must be similar to that of the LRPAN image to obtain a 

satisfactory fused image. In addition, the sparse theory can 

reconstruct the atoms that are highly correlated with the input 

images. Therefore, we propose to obtain the DI  component by 

learning the LRPAN image with sparse theory in the spatial 

information. 

First, the HRPAN image is downsampled and interpolated 

(with a factor of 4) to produce the LRPAN image. Histogram 

matching is implemented between component I and the 

LRPAN image to produce the histogram-matched LRPAN 

(HLRPAN) image. Then, based on sparse theory and the 

sliding-window technique with overlapping areas of size 7×7 

as reference [35], the LRPAN and HRPAN images are divided 

into patches. Next, each image patch of the LRPAN image and 

the detail sub-image of the HRPAN image are ordered 

lexicographically as a column vector. In this way, the training 

sets 1{ }HLRPAN M

i i=y  for subsequent learning of the dictionary 

LD (LR dictionary) can be created by extracting the patches 

(each of size n n ) from the HLRPAN image. Next, we use 

the approach based on the multiscale-guided filter [32] to obtain 

the HRPAN-image HFC. The training sets 1{ }Detail M

i i=y  for 

subsequent learning of dictionary HD (HR dictionary) can be 

constructed by extracting the patches from the HFC subimage. 

After obtaining the training sets of LD  and HD , it is 

necessary to train LD  and HD . Subsequently, the dictionaries 

LD  and HD  are learned by Eq. (7) using the K-SVD algorithm 

[31]: 

 
1

2

1 2 0
{ ,{ } } 1

,{ } arg min || || . . || ||
L M

L i i

M
L M HLRPAN L L

L i i i L i i

i

s t i 
=

=

=

= −  
D

D D


  y     (27) 
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where 
L

i  and 
H

i  represent the ith sparse coefficient vectors 

that are caused by the sparse representation of 1{ }HLRPAN M

i i=y  and 

1{ }Detail M

i i=y  over the dictionaries LD  and HD , respectively. In 

addition,  is a predetermined number of nonzero coefficient. 

In SR theory, the patches 1

I M

i i=｛ ｝y  in I component can be 

represented by linearly combining LD  with respect to the 

sparse columns. The sparsest 
I

i  can be acquired with OMP 

[30] through the following formula: 
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where I

i  represents the ith sparse coefficient vectors that are 

caused by the sparse representation of 1

I M

i i=｛ ｝y over the 

dictionary LD . In addition,   is a predefined approximation 

error. 

Then, the patches in the DI component can be reconstructed 

by 1{ }LRI I M

i H i iy == D  . After acquiring the n n  patches and 

reshaping these vectors, we average the resultant patches to 

obtain the reconstructed difference detail DI as follows: 
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where iR  is a matrix from the ith image block. 

Finally, the ILRMS image can be achieved by injecting the 

DI component into the LRMS image with the help of injection 

gains. In this paper, we consider that the DI component is 

produced by learning the high-frequency details of the LRPAN 

image. However, in fact, the DI component is absent in the 

intensity of the LRMS image. Hence, to reduce the spectral 

distortion, the DI component should be properly distributed 

into the LRMS image along with the variation tendency of the 

intensity of LRMS image. Therefore, we propose to adaptively 

inject the DI component into the LRMS image by solving the 

following optimization problem: 
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From Eq. (31), to make the DI component be properly 

distributed into the LRMS image along with the variation 

tendency of the intensity of LRMS image, it must be 
1g I

k k= . 

Thus, the problem in Eq. (31) can be converted to solve the 

following optimization problem: 
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Subsequently, to solve the problem in Eq. (32), a linearized 

alternating method [36] is used as follows:  
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where   and   are the penalty parameters, E  is an identity 

matrix, the number of the rows and columns in the matrix is N, 

and the initial value of 1g k  is an identity matrix with 1 columns 

and N rows. The goal of iterating over the loop is to calculate 
1g k  by fixing 

MS
 X . Finally, the ILRMS image can be obtained 

by substituting 1g k  into Eq. (22). 

2) HFC Injection Based on ILRMS Image 

To obtain the desired HRMS image, the spatial resolution of 

the fusion result should be as high as that of the HRPAN image. 

In this paper, we obtain the HFC from the HRPAN image by 
HPAN LPAN−Y Y . To accurately inject the HFC into the ILRMS 

image, we need to resolve the following optimization problem 

to obtain the desired HRMS image: 
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From Eq. (35), when 'I P

k k = , 
' 2
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obtains the smallest value. However, due to the limitation of 

technology in satellite sensors, the commercial optical satellites 

cannot provide an HRMS image. Therefore, P

k  cannot be 

obtained in fact. Thus, it is necessary to determine proper 

injection gains to replace P

k . In our study, we consider that the 

similarities and differences between the PAN and MS images 

can be used to measure the relevancy among the HFC injection 

and the LRMS image. Therefore, we construct an injection gain 
2g k  based on the measure to replace P

k  to solve Eq. (35). As a 

result, with the help of 2g k , the HFC from the PAN image can 

be correctly injected into the ILRMS image by accurately 

assessing the similarities and differences between PAN and MS 

images. This process can be defined as follows: 
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where ( )corr   is the function of the correlation 

coefficient, ( )average   is the function of the average value, and 

( )std  is the function of the standard deviation. Consequently, 

with the help of 2g k , the MS image can be effectively restored 

through the accurate injection of HRI using Eq. (23). 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 

In this section, we first test the performance of the obtained 

ILRMS image by our proposed method. Then, degraded and 

real experiments are conducted on WorldView-2 [37], 

QuickBird [38], IKONOS [39] and Pleiades [40] datasets. The 

sizes of the MS images are 64 × 64, 64 × 64, 64 × 64 and 152 × 

195 from WorldView-2, QuickBird, IKONOS and Pleiades, 

respectively. The MS images of QuickBird, IKONOS and 

Pleiades have four MS bands, including near infrared 1 (NIR1), 

red (R), green (G) and blue (B) wavelengths (their properties 

are shown in Tables I and II). However, the MS images of 

WorldView-2 have NIR1, R, G and B as well as NIR2, Red 

Edge, yellow, Coastal wavelengths. The corresponding sizes of 

the PAN images are 256 × 256, 256 × 256, 256 × 256 and 608 × 

780, respectively. In the degraded experiments, we use Wald’s 

protocol [41] (with a factor of 4) on the observed PAN and MS 

images to obtain the corresponding degraded images, and the 

reference image is the original MS image. Among all the 

experiments, to make the size of the LRMS images as same as 

PAN images, the LRMS images are upsampled (4 × 4) and 

interpolated. The assessment indices of the fusion results on the 

degraded and real data as references [27], [42] are shown in 

Table III. In the following experiments, the assessment indices 

with a reference image are used to value the fusion results on 

the degraded data, while the assessment indices with no 

reference image are used to value the fusion results on the real 

data. Regarding the use of the indices for quantitative 

assessments of the fusion results from the experiments, the 

symbol ↑  represents a larger value, indicating better 

performance of the model. In contrast, the symbol↓ represents 

a smaller value, indicating worse performance of the method. 

The black bold represents the best vale and the blue value 

denotes the second biggest value. 

Table I. Spatial resolutions of WorldView-2, IKONOS, QuickBird and Pleiades sensors. 

 PAN MS 

WordView-2 0.46m GSD at nadir 1.84m GSD at nadir 

IKONOS 0.82m GSD at nadir 3.28m GSD at nadir 

QuickBird 0.72m GSD at nadir 2.88m GSD at nadir 

Pleiades 0.5m GSD at nadir 2m GSD at nadir 

 
 

Table II. The wavelength rang (in nm) of WorldView-2, IKONOS, QuickBird and Pleiades sensors. 

Spectral bands WordView-2 IKONOS QuickBird Pleiades 

PAN 450-800 526-929 450-900 470-830 

Coastal 400-450 no no no 

Blue 450-510 445-516 450-520 430-550 

Green 510-580 506-595 520-600 500-620 

Yellow 585-625 no no no 

Red 630-690 632-698 630-690 590-710 

Red Edge 705-745 no no no 

Nir1 770-895 757-853 760-900 740-940 

Nir2 860-1040 no no no 

 
 

Table III. The assessments indices of the fusion results on the degraded and real data. 

 With reference image [27], [42] No reference image [38] 

Assessments 

indices 

Correlation Coefficient (CC) QNR 

Universal Image Quality Indices (UIQI) 
D  Root Mean Square Error (RMSE) 

Relative Average Spectral Error (RASE) 

SD
 

Erreur Relative Global Adimensionnelle De Synthese (ERGAS) 

Spectral Angle Mapper  (SAM) 

Q2n-index (Q4) 
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Eight popular fusion methods were compared with the 

proposed method, including the BT method [7], the CNN 

method [17], the AWLP method [26], the IMG method [32], 

the ASIM method [43], the CBD method [44], the MSDCNN 

method [45] and the BFLP method [34]. For the proposed 

method, the parameters of the guided filter are set as reference 

[32]: 910 −= , 1010 −= , and the error in the OMP is set as 

reference [27]: =0.5 . In addition, the sizes of the blocks and 

dictionary in the training sample are 8×8 and 256, respectively. 

The overlapping size for the blocks is 7×7 as reference [32]. In 

addition,  =5 and  =2×10-5 are set as reference [36]. 

A. Effectiveness of the first detail injection 

In this study, the process of remote sensing image fusion is 

realized through a two-step detail injection. The first detail 

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

     
          (f)                                              (g)                                               (h)                                                 (i)                                             (j)  

Fig. 2. WorldView-2, QuickBird and IKONOS images are used for comparison experiments in section IV-A. First row are the LRMS images. Second row are the 

corresponding PAN images. 

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

Fig. 3. The fusion results of the Fig. 2 (a)-(f) and Fig. 2 (b)-(g). (a) and (c) are the fused image of the LRMS approach. (b) and (d) are the fused images of the ILRMS 

approach. 

  

                                                                   (a)                                                                                                                    (b) 

Fig. 4. The quantitative assessment of Fig. (3). (a) is the quantitative results of Fig. 3(a)-(b), (b) is the quantitative results of Fig. 3(c)-(d). 
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injection is to obtain the ILRMS image. In this section, we 

conduct some comparison experiments on five groups of data 

derived from the frequently used datasets of QuickBird, 

WorldView-2 and IKONOS to test the effectiveness of the first 

detail injection on the ILRMS image. In other words, the aim of 

the experiments is to test the performance of the first detail 

injection, namely the performance comparison between the 

ILRMS image and LRMS image. In the experiment, the 

approach of injecting HFC of Pan image into ILRMS image is 

called ILRMS approach, while the method of injecting HFC of 

Pan image into LRMS image is called LRMS approach. We 

compare the two approaches to exhibit their performance. The 

images of various satellites (shown in Fig. 2) are used in these 

experiments. Taking into account vast amounts of data, 

subjective assessments (shown in Fig. 3) are conducted on 

two groups of data. The objective indicators of these two sets 

of images in Fig. 3 are assessed in Fig. 4, and an average 

objective evaluation for the fusion results of these five sets of 

data in Fig. 2 is compared in Fig. 5. From Fig. 3, we can find 

that the fused image obtained by the ILRMS approach has 

better visual quality than that of the images obtained by the 

LRMS approach. Both Fig. 4 and Fig. 5 demonstrate that the 

quantitative assessments of the ILRMS approach from two 

groups of data and the average performance have better 

values across all indices compared with the LRMS approach. 

Therefore, the performance of the proposed ILRMS approach is 

confirmed to be better than that of the LRMS approach, which 

means that the first detail injection is effective. 

B. Effectiveness of the second detail injection 

The effectiveness of the first step of detail injection had 

been proved in above sub-section. Now, we test the 

performance of the second detail injection in this sub-section. 

In the experiment, the test data derived from QuickBird is used. 

First, we obtain the fused image based on the first detail 

injection. Second, we obtain the fused image based on the 

second detail injection. Finally, we compare the performance of 

the two images to prove the effectiveness of the second detail 

injection by both subjective and objective assessments. The 

testing results of the second detail injection in subjective 

assessment are shown in Fig.6 and the corresponding objective 

assessments are shown in Table IV. From Fig. 6, it can be easily 

find that the fused image based on the first detail injection is 

blur, and its spatial characteristic is similar to the LRPAN 

image. However, the fused image based on the second detail 

injection is good in spatial and spectral aspects, and it is close to 

the reference image. From Table IV, we can find that the 

indexes’ values of the second detail injection have been greatly 

improved compared with those of the first detail injection. 

Therefore, the second detail injection is effective in the 

proposed method. 

C. Experiments on Degraded Data  

In the following section, three groups of experiments are 

conducted on degraded data from different satellites. In the first 

group (shown in Fig. 7), the image obtained by the AWLP 

method has serious color distortion in red and blue areas. It is 

 

Fig. 5. Normalized-average quantitative assessment of the fused results from 

Fig. 2. 

 

 

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

  
                                                                                                      (e)                                              (f)  
Fig. 6. The testing results of the effectiveness of the second detail injection. (a) is the reference image. (b) is the corresponding PAN image. (c) is the upsampled MS 

images, namely LRMS image. (d) is the low-resolution PAN image, namely LRPAN image. (e) is the fused image based on the first detail injection. (f) is the fused 

image based on the second detail injection. 
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clear that the red in the image changes into blue, and the blue in  

the image changes into yellow. The vegetation areas in the 

image obtained by the BT method suffer from color distortion. 

The images obtained by the CBD and BFLP methods do not 

have sufficient spectral information in the vegetation areas. The 

images obtained by the ASIM and MSDCNN methods have 

insufficient spatial information, while the image obtained by 

the CNN method has overabundant color information. 

Compared with the above mentioned methods, the images 

obtained by the proposed and IMG methods have the best 

visual effect. Analyzing the second and third groups (shown in 

Fig. 8 and Fig. 9) in the same manner, we find that the images 

obtained by the proposed method also have the best fusion 

quality in terms of subjective assessment. Furthermore, from 

their corresponding results in objective assessments (shown in 

the Table V, VI and VII), the proposed method obtains the best 

values in the CC, RASE, RMSE and ERGAS indices for Fig. 7 

and Fig. 9, and these values are all the second best for Fig. 8. 

About the UIQI and Q4 indices, the proposed method has the 

best values for Fig. 9, and the second best values for Fig. 7 and 

Fig. 8. Therefore, on the whole, the proposed method shows the 

optimal performance in degraded experiments from different 

satellites. 

D. Experiments on Real Data 

In the following section, the experiments are conducted on 

real data as shown in Fig. 10 and Fig. 11. Among these figures, 

Fig. 10(a) and Fig. 11(a) represent the LRMS images. Fig. 

10(b) and Fig. 11(b) are the PAN images. Figs. 10(c)-(j) and 

Figs. 11(c)-(j) represent the images obtained by each of 

methods. In Fig. 10(a), the original MS image has rich color 

information, while the roofs area in the image obtained by the 

AWLP method changes into blue which is a sign of spectral 

distortion. The image obtained by the CNN method suffers 

from serious color distortions on all objects. The image 

obtained by the BT method exhibits visible color distortion, 

especially in the orange areas. The images obtained by the 

ASIM, BFLP and MSDCNN methods have varying degrees of 

spectral and spatial distortions. The images obtained by the 

CBD, IMG and the proposed methods exhibit no 

differences based on human eye observation.  However, 

from the objective assessments (shown in the Table VIII), the 

proposed method obtains the best values on the QNR and D  

indices, and the second best value on the SD  index. In the Fig. 

11, the MS image contains 8 bands. Since the MSDCNN 

method cannot fuse the images with 8 bands, the MSDCNN 

method is not compared in Fig. 11. Analyzing Fig. 11 in the 

same manner, the fusion quality of the image obtained by the 

proposed method is also the best. Objectively, the image 

obtained by the proposed method obtains the largest value on 

the QNR index, the smallest value on the D index, and the 

second smallest value on SD index (shown in Table IX). 

Therefore, the comparison analysis from the above two groups 

of experiments confirms that the proposed method can further 

effectively perform fusion to acquire the desired fusion results  

 

Table IV. Objective quantitative evaluation of the first and second detail 

injection. 

index The first detail injection The second detail injection 

CC↑ 0.8621 0.9519 

UIQI↑ 0.8761 0.9589 

Q4↑ 0.3505 0.6282 

RASE↓ 20.5501 12.2807 

RMSE↓ 0.0569 0.0340 

ERGAS↓ 5.1259 3.0831 

SAM↓ 4.8784 4.8518 

 

 

 

 

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

     
                          (f)                                             (g)                                               (h)                                             (i)                                                 (j) 

Fig. 7. The fusion results on WorldView-2 images. (a) Reference image. (b) BT method. (c) CBD method. (d) AWLP method. (e) BFLP method. (f) IMG method. 

(g) CNN method. (h) ASIM method. (i) MSDCNN method. (j) Proposed method. 
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compared with the other methods on real data from different 

satellites. 

E. Average Performance of the Proposed Algorithm 

In Section IV A and B, we tested the performance of the 

two-step detail injection. Our findings confirm that both the first 

detail injection and the second detail injection are effective. In 

Sections IV C and D, we separately conducted degraded and real 

data experiments on several groups of the degraded and real 

images. Experimental results show that compared with other 

methods, our method can obtain better fusion effects on degraded 

and real images. In this sub-section, the overall performance of 

the proposed algorithm is tested by assessing the average values  

Table V. Objective quantitative evaluation of the degraded data experimental results shown in Fig. 7. 

Method BT CBD AWLP BFLP IMG CNN ASIM MSDCNN Proposed 

CC↑ 0.9087 0.9483 0.9087 0.919 0.9167 0.8978 0.9576 0.9084 0.9576 

UIQI↑ 0.8463 0.8551 0.8463 0.8509 0.8558 0.7845 0.8619 0.8632 0.8622 

Q4↑ 0.7489 0.8942 0.8763 0.8360 0.8325 0.0532 0.9045 0.8330 0.9032 

RASE↓ 23.0714 17.1163 23.0714 20.8499 20.6782 53.0478 14.9121 20.4947 14.7068 

RMSE↓ 25.2396 18.7248 25.2396 22.8093 22.6215 42.6721 16.3136 22.4207 16.0889 

ERGAS↓ 5.6298 4.2108 5.6298 5.1375 5.1776 9.4954 3.7126 5.3616 3.6743 

SAM↓ 5.3249 5.5476 5.0444 5.3035 5.3030 16.8171 5.0454 7.1198 5.0834 

 

 

 

 

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

     
                          (f)                                             (g)                                               (h)                                             (i)                                                (j) 

Fig. 8. The fusion results on IKNOS images. (a) Reference image. (b) BT method. (c) CBD method. (d) AWLP method. (e) BFLP method. (f) IMG method. (g) 

CNN method. (h) ASIM method. (i) MSDCNN method. (j) Proposed method. 
 

Table VI. Objective quantitative evaluation of the degraded data experimental results shown in Fig. 8. 

Method BT CBD AWLP BFLP IMG CNN ASIM MSDCNN Proposed 

CC↑ 0.9102 0.9341 0.9364 0.9253 0.9090 0.9323 0.9465 0.9642 0.9544 

UIQI↑ 0.9207 0.9412 0.8933 0.9273 0.9134 0.9351 0.9490 0.9677 0.9557 

Q4↑ 0.6073 0.5880 0.6731 0.6019 0.4954 0.0020 0.6574 0.7434 0.6752 

RASE↓ 26.8615 23.6292 24.7369 28.2745 30.6100 23.9763 21.9868 16.5800 20.2419 

RMSE↓ 17.7711 15.6326 16.3655 18.7058 20.2510 15.8622 14.5460 10.9690 13.3917 

ERGAS↓ 7.0122 6.5300 5.6246 7.1375 7.2446 6.0093 5.6817 3.9707 5.3488 

SAM↓ 0.2576 4.5614 1.3799 2.7891 1.6840 24.5581 3.2459 4.6747 3.5851 
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of the objective indices on 180 groups of images from the 

Pleiades satellite dataset. The average objective assessments 

are shown in Fig. 12. As can be seen from Fig. 12, the method 

proposed in this paper obtains the best values on the CC, UIQI, 

RASE, ERGAS and QNR indices, the second best values on the 

Q4 and D  indices, and the third best value on the SD  index. 

Therefore, the test average performance again reveals that the 

proposed method is effective. 

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

     
                          (f)                                             (g)                                               (h)                                             (i)                                                (j) 

Fig. 9. The fusion results on QuickBird images. (a) Reference image. (b) BT method. (c) CBD method. (d) AWLP method. (e) BFLP method. (f) IMG method. (g) 

CNN method. (h) ASIM method. (i) MSDCNN method. (j) Proposed method. 
 

Table VII. Objective quantitative evaluation of the degraded data experimental results shown in Fig. 9. 

Method BT CBD AWLP BFLP IMG CNN ASIM MSDCNN Proposed 

CC↑ 0.9011 0.962 0.9546 0.9525 0.9350 0.9188 0.9717 0.9607 0.9739 

UIQI↑ 0.8864 0.9637 0.8540 0.9535 0.9330 0.9220 0.9704 0.9612 0.9724 

Q4↑ 0.7032 0.8390 0.8557 0.8450 0.7337 0.0156 0.8784 0.8424 0.8829 

RASE↓ 35.8109 20.4738 24.5932 23.7858 30.2865 34.8147 18.7213 21.6005 18.2709 

RMSE↓ 16.4927 9.4292 11.3264 10.9546 13.9484 16.0339 8.6221 9.9481 8.4147 

ERGAS↓ 11.5491 5.6226 6.2777 6.3542 7.8643 7.9872 4.9561 5.4551 4.7731 

SAM↓ 3.8983 4.3959 3.2292 3.8539 4.5164 19.6986 4.3291 9.3824 4.9368 

 

 

 

 

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

      
                          (f)                                             (g)                                                 (h)                                                (i)                                             (j) 

Fig. 10. The fusion results on IKONOS images. (a) MS image. (b) BT method. (c) CBD method. (d) AWLP method. (e) BFLP method. (f) IMG method. (g) CNN 

method. (h) ASIM method. (i) MSDCNN method. (j) Proposed method. 
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F. Performance Discussion 

From above all analysis and discussion, we can conclude that 

the proposed method is effective due to the following two 

aspects.  

(1) The principle of the proposed method is effective. The 

method is proposed to solve two problems in the remote 

sensing fusion based on injection model. One is the injection 

details are lowly related to the MS image. Another one is how 

to sharpen the MS image. In this study, the proposed method 

employs a two-step detail injection to effectively overcome 

these problems. The first step is to inject the difference details 

between the LRMS and LRPAN images into the LRMS image 

to produce ILRMS image. The aim of the first step is to make 

the injection details highly related to the MS image. Since the 

details of the HRPAN image are obtained by assessing the 

difference between the HRPAN and LRPAN images, the 

details of the HRPAN image are highly related to the LRPAN 

image. Meanwhile, the ILRMS image obtained through the first 

step injection is highly similar to the LRPAN image. So, the 

details of the HRPAN image can be used to sharpen the MS 

image, and they are highly related to the MS image. That is to 

say, the first aforementioned problem is solved by obtaining 

ILRMS image. The second step is to inject the details of the 

HRPAN image into the ILRMS image to produce the fused 

image. The aim of the second step is to sharpen the MS image. 

Since the fundamental idea of the remote sensing fusion 

method based on injection model is to sharpen the MS image 

through injecting the details of the HRPAN image into the 

ILRMS image, the second aforementioned problem is solved 

by performing the second detail injection. 

Table VIII. Objective quantitative evaluation of the real data experimental results shown in Fig. 10. 

Method BT CBD AWLP BFLP IMG CNN ASIM MSDCNN Proposed 

D ↓ 
0.1076 0.0396 0.0403 0.0394 0.0505 0.0329 0.0355 0.0924 0.0327 

SD
↓ 

0.0338 0.0513 0.0528 0.0558 0.0562 0.1736 0.0481 0.0357 0.0457 

QNR↑ 0.8622 0.9111 0.9091 0.9069 0.8961 0.7992 0.9181 0.8752 0.9231 

 

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

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

Fig. 11. WorldView-2 images fusion results. (a) MS image. (b) BT method. (c) CBD method. (d) AWLP method. (e) BFLP method. (f) IMG method. (g) CNN 

method. (h) ASIM method. (i) Proposed method. 

Table IX. Objective quantitative evaluation of the real data experimental results shown in Fig. 11. 

Method BT CBD AWLP BFLP IMG CNN ASIM MSDCNN Proposed 

D ↓ 
0.0924 0.0511 0.0516 0.0523 0.0507 0.0894 0.0493 \ 0.0492 

SD
↓ 

0.0338 0.0066 0.0064 0.0063 0.0062 0.1628 0.0064 \ 0.0063 

QNR↑ 0.8622 0.9427 0.9427 0.9418 0.9434 0.7624 0.9447 \ 0.9448 
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(2) The proposed is experimentally verified to be effective. 

From above all experiments, we can conclude that the proposed 

method is effective due to the following four aspects. i) The 

two-step detail injection is effective in that the first detail 

injection is to obtain the ILRMS image and the second detail 

injection is to achieve the fused image by injecting the details of 

the HRPAN image into the obtained ILRMS image. ii) The 

performance of the proposed method has been verified using 5 

groups of images through both subjective and objective 

assessments. iii) Comprehensive performance comparison 

using 180 groups of images further proved that the performance 

of the proposed method is effective. iv) The proposed method is 

effective not only for degraded data but also for real data 

because the experiments were conducted on WorldView-2, 

QuickBird, IKONOS and Pleiades datasets, which shows the 

proposed method has the generalization ability. 

G. Computational Efficiency Analysis 

With respect to the efficiency of the algorithm, we test the 

performance of time consumption of the proposed method as 

well as the comparison methods. We conducted experiments on 

the 180 groups of images used in this paper to calculate the 

average consuming time of all the methods. Considering the 

time used to train the CNN and MSDCNN methods is too long, 

the training time of them is not included in the total time. In 

order to ensure the fairness, the time used to train the dictionary 

and sparse coding is also not included in the total time of the 

proposed method. The results were computed and listed in 

TABLE X, from which we can find that the proposed method 

   

   

   

 

Fig. 12. Average objective evaluation results for 180 groups of remote sensing images. 
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has high computational efficiency. Although the methods of BT, 

CBD, AWLP, and IMG cost less time than the proposed 

method, the experimental results in Section IV C, D and E of 

this paper show that the proposed method outperforms them in 

the fusion quality. Hence, on the whole, the proposed method 

has the best performance for remote sensing image fusion while 

also maintaining relatively high efficiency. 

V. CONCLUSION 

This paper presents multiband remote image pansharpening 

based on a dual-injection model. The proposed method first 

constructed a dual-injection model. Then, a TSI algorithm 

based on two-step injection was designed. In the TSI algorithm, 

two injection gains were designed. Based on the first injection 

gain, an ILRMS image was obtained by learning the spatial 

information from the LRPAN image with sparse theory. After 

acquiring the ILRMS image, another injection gain was 

designed, and with the help of the second injection gain, the 

fused image was obtained through the injection of the HFC into 

the ILRMS image instead of the original LRMS image. 

Compared to other popular methods, the experimental results 

derived from the degraded and real data show that the method 

proposed in this paper is effective and promising.  
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