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    Abstract—Pansharpening is the process of fusing low spatial 

resolution multispectral (MS) images with high spatial resolution 

panchromatic (PAN) images, so as to obtain high spatial 

resolution multispectral (HRMS) images. In this study, a new 

pansharpening method based on a joint-guided detail extraction is 

proposed to maintain the spectral and spatial fidelity of a 

pansharpened image. First, to obtain details that are highly 

correlated with an MS image, a new PAN image is constructed 

and guided by the intensity component of the MS image through a 

variational model. The construction of the new PAN image 

improves the correlation between the PAN and MS images, and 

thus reduces the spectral distortion. The variational model is 

rapidly solved using the least-squares method. Second, to obtain 

accurate details from the new PAN image, the extraction of the 

details is guided by each band of the MS image through a 

regression model, which can further reduce the spatial distortion. 

The regression model is effectively solved using the gradient 

descend method. Finally, the details are injected into the 

up-sampled MS image to obtain a fused image. Numerous 

experiments on the proposed approach were conducted and the 

results were compared with previous state-of-the-art 

pansharpening methods. The experimental results verify that the 

proposed method can efficiently achieve high-quality HRMS 

images.  

 
Index Terms—Pansharpening, joint-guided, detail extraction, 

variational model, regression model. 

 

I. INTRODUCTION 

emote sensing images are obtained by recording the 

radiation energy of targets on earth using satellite sensors 

[1]. With the rapid development of satellite sensors, remote 

sensing images have been widely applied in the areas of 

geography, military, and scientific research. However, owing to 

the limitations of radiation energy and the amount of data 

received by existing sensors [2], most satellites are currently 

unable to directly collect high spatial resolution multispectral 
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(HRMS) images [3]. Optical satellites usually carry two 

different sensors: a panchromatic (PAN) sensor and a 

multispectral (MS) sensor. Compared with a PAN sensor, 

which has a high spatial resolution but low spectral resolution, 

an MS sensor has a low spatial resolution but high spectral 

resolution [4]. An HRMS image can be obtained by integrating 

the geometric details of a PAN image and the spectral 

information of an MS image through an appropriate fusion 

algorithm, a process called multisensor data fusion, also known 

as pansharpening [5]. Pansharpening, as a preliminary step of 

image enhancement in many remote sensing tasks, has 

important applications, such as change detection, target 

recognition, and land and resources management [5], [6].   

Pansharpening methods are mainly divided into four 

categories: component substitution (CS), multiresolution 

analysis (MRA), neural network, and variational optimization 

(VO) based methods. A CS-based method first projects an MS 

image into a new space, then replaces a component 

representing spatial information with a PAN image, and finally 

applies an inverse transform to obtain the fused image. 

Classical methods based on CS mainly include 

intensity-hue-saturation (IHS) transforms [7], the 

Gram–Schmidt adaptive (GSA) approach [8], and principal 

component analysis (PCA) [9]. CS-based methods are the 

simplest and most widely used pansharpening techniques, 

having the advantages of high efficiency and spatial resolution. 

However, when the correlation between the PAN and MS 

images is low, spectral distortion easily occurs during 

pansharpening [4]. 

An MRA-based method first uses a pyramid or wavelet 

transform to decompose the source images into multiple scales, 

then carries out the fusion at each level of the source image, and 

finally utilizes an inverse transform to obtain the fused image. 

Popular MRA methods include contourlet [10], Laplacian 

pyramid [11], and à trous wavelet [12] transforms. These 

methods provide local information in the spatial and frequency 

domains concurrently, and achieve improved performance; 

however, the use of a multiscale transformation increases the 

computational complexity, and may cause spatial distortion [2]. 

Recently, methods based on a deep neural network have been 

developed that have shown a strong pansharpening capability. 

For example, the super-resolution convolutional neural 

network (SRCNN) architecture, which was originally designed 

for super-resolution of images, has been used to solve the 

pansharpening problem [13]. In addition, Yang et al. [14] 

proposed PanNet for pansharpening, which integrates prior 

knowledge into the PanNet architecture focusing on two 

important issues of spectrum and space preservation. Zhang et 

al. [15] presented a new end-to-end bidirectional pyramid 

network for pansharpening, which processes MS and PAN 
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images into two separate branches level by level.  The method 

is based on deep learning and shows a good performance, 

although it requires considerable samples and computing 

resources for training; moreover, the generalization 

performance needs to be improved [3].  

Methods based on variational optimization (VO) make up an 

important category of pansharpening techniques, and can 

balance the performance and efficiency of this process [16].  

Such methods are generally based on or transformed into a 

variational optimization problem, which includes two 

processes: (1) the construction of the energy function and (2) 

minimization of the energy function [17], [18]. To build a 

reasonable model, researchers have presented two hypotheses: 

The first hypothesis assumes that the spatial structure of an 

ideal fusion image is roughly the same as that of a PAN image, 

which is usually represented by gradient features or wavelet 

coefficients [1], [19]. The second hypothesis assumes that an 

up-sampled MS (UPMS) image can be considered a blurred 

version of an HRMS image; in other words, the HRMS image 

can be filtered by a blur function with a Gaussian shape to 

obtain an UPMS image [20]. To improve the reliability of the 

model, Deng et al. [21] proposed a Laplacian prior to constrain 

the fused image, Khademi et al. [22] put forward a total 

variation prior to reduce the number of artifacts, and Wang et al. 

[23] designed a Markov prior to reconstruct the image based on 

the maximum posterior probability. After the construction of 

the VO-based model, iterative optimization algorithms are 

usually employed to solve the model, including conjugate 

gradient [17], gradient descent [21], and split Bregman iterative 

algorithm s [24]. VO-based methods have typically achieved a 

good fusion quality. However, constructing an effective model 

to better express the internal relationship between images is still 

a key problem for these methods. In addition, the efficiency in 

solving the model needs to be improved [1].  

 In this study, as a way to solve issues such as spectral or 

spatial distortion and the difficulty in balancing effectiveness 

and efficiency, a novel pansharpening method based on 

joint-guided detail extraction is proposed. With this method, a 

new PAN image is first constructed and guided using the I 

component of an MS image through a variational model, 

thereby improving the correlation between the PAN and MS 

images and reducing spectral distortion. The variational model 

is quickly solved using a fast Fourier transform (FFT) and least 

squares method. Second, to obtain more accurate details 

extracted from the new PAN image, a regression model is 

designed based on a combination of CS and MRA methods. 

The purpose of this model is to compute the adaptive 

coefficients under the guidance of the MS image degraded in 

scale. The coefficients are then projected into a full-scale image 

for detail extraction. The regression model is effectively solved 

using the gradient descent method. Finally, the extracted details 

are injected into the MS image using an injection model. The 

proposed method can efficiently obtain a pansharpened image 

with a high spatial resolution as well as a high spectral fidelity.  

Numerous experiments were conducted to verify the 

effectiveness of our method, the results of which show that it 

outperforms other state-of-the-art pansharpening methods. The 

contributions of this study are as follows:    

1) A new pansharpening method based on a joint-guided 

detail extraction is proposed, which can reduce spectral 

and spatial distortion with little computational burden.  

2) A variational model is designed to obtain a new PAN 

image guided by the MS image and improve the 

correlation between both images.  

3) A regression model is proposed based on a combination of 

the CS and MRA methods. The model is used to compute 

the adaptive coefficients on the guidance of the MS image 

at a degraded scale, and thus extract accurate details from 

the new PAN image.  
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Fig.1 The flow chart of proposed pansharpening method.   
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II. BASIC INJECTION MODEL  

CS- and MRA-based methods both belong to the injection 

model [4]. Denoting UP
i

M , where i = 1, 2, …, B, as the ith band 

of an up-sampled MS image with B bands, and P as the PAN 

image, the injection model can then be expressed as the 

following [6]: 

HR UP L
ˆ ( )i i

i= + −M M G P P                       (1) 

where HR
ˆ i

M is the estimated ith band HRMS image, LP is the 

low-resolution version of a PAN image, and Gi is the injection 

coefficient.  

The difference between the CS- and MRA-based methods 

lies in the approach of obtaining a low-resolution version of a 

PAN image. For CS-based methods, PL is replaced by IUP, i.e., 

PL = IUP, and IUP can be expressed as follows [25]: 

UP UP1

iB

i i=
=I M                                (2) 

where βi is the ith band weight coefficient, and is usually set as 

an average value for each band. Here, B represents the number 

of bands. For the MRA-based method, PL is obtained using a 

multi-scale decomposition (or filtering) of image P. Denoting 

the multi-scale filtering operator as H, then PL is obtained as 

follows: 

L =P HP                                     (3) 

For the injection coefficient Gi, the weighting coefficient 

based on the proportion between each channel is a simple and 

effective way to maintain the spectral fidelity, which is given 

by the following [26]: 

UP

UP1
(1/ )

i

B i

i

i
B

=

=



M
G

M
                         (4) 

III. PROPOSED METHOD 

A. Proposed Framework  

This study explores two important factors affecting the 

quality of remote sensing image fusion: one is the correlation 

between the PAN and MS images, and the other is the accuracy 

of the injection details. Considering the first factor, we build a 

variational model to obtain a new PAN image based on the 

guidance of the MS image and improve the correlation between 

the PAN and MS images. For the second factor, a linear 

regression model is constructed based on the guidance of the 

MS image at a degraded scale to obtain adaptive coefficients 

that are applied to a full-scale image, and thus improve the 

accuracy of the injection details. The details are then injected 

into the UPMS image to obtain the pansharpened image. A flow 

chart of the proposed pansharpening method is shown in Fig. 1; 

the method comprises three modules: a VO-based module (red 

dotted box), a regression-based module (green dotted box), and 

an injection module (blue dotted box). Among them, the 

variational model, which was designed to obtain a new PAN 

image, and the regression model, which was established to 

obtain adaptive coefficients for a detail extraction, are the main 

focus points of our research. 

B. Variational Model 

To improve the computational efficiency of the fusion, 

UPMS and HRMS images are transformed into an IHS space, 

and only component I is altered through pansharpening. Let IUP 

and IHR represent component I of UPMS and HRMS images, 

respectively, and component I can be expressed as the mean 

value of each band of the MS image. According to the prior 

knowledge, when a PAN image has a low correlation with a 

UPMS image, it means that the PAN image has a low 

correlation with the IUP image as well, and will easily cause a 

serious spectral distortion [4]. Therefore, in this study, a PAN 

image is reconstructed as Pnew, which is highly related to IUP. In 

an ideal situation, we hope Pnew will be equal to the I 

component of the HRMS image (IHR). Thus, the low-resolution 

version of Pnew, which is obtained by applying a 

Gaussian-shape filter on the Pnew image, should be as close to 

IUP as possible according to the prior hypothesis. An energy 

function is thus proposed to constrain Pnew guided by IUP as 

follows:  

ne

2

1 w UP

1

2
E = −HP I                          (5) 

where H is the filter matched with the modulation transfer 

function (MTF) of the sensor within the frequency domain.  

To keep the spatial structure information of Pnew consistent 

with the original PAN image P, a spatial fidelity constraint is 

designed. Because the spatial information can be expressed in 

the gradient domain according to prior hypotheses, the energy 

function can be defined as follows: 

n

2

2 ewE
2


=  −P P                        (6) 

where μ is a penalty parameter and ∇ is the gradient operator. 

The Laplacian operator is isotropic and can obtain sharp edges 

and lines in any direction. Therefore, it is introduced to obtain 

horizontal and vertical gradients. In addition, to limit the 

gradient energy in a finite scope and reduce the artifacts, an 

energy constraint term is designed. Combined with Equations 

(5) and (6), the final variational model can be constructed as 

follows: 

new UP new new

2 2 21

2 2 2
E

 
= − + − + HP I P P P   (7) 

where λ is the penalty factor. The optimal estimation of Pnew 

( newP̂ ) can be obtained using the following formula: 

new

new new
ˆ arg min( )( )E=

P

P P                        (8) 

The minimization of energy function (7) is a convex 

optimization problem. Letting new/ 0E  =P , a fast solution 

can be obtained as follows: 

new

T T T
new UP new new

T T T T T
new UP

0

( ( ) = 0

( )

/

)

E

 

  

  =

    +  

  + 

− + −

 =  +

P

H HP I P P P

H H + P H I P

(

9) 

Owing to the existence of a gradient operator, the FFT and 

inverse FFT (IFFT) are employed to solve Equation (9). 

Denoting ( )  as an FFT operator, and 1( )−   as an IFFT 

operator, newP̂  can be computed through the following: 

T T
1 UP

new T T T

( )ˆ

( )



 

−
  

=     +  

+

 

H I P
P

H H +
          (10) 
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 To verify that the new PAN image obtained by the proposed 

variational model can improve the spectral distortion, three 

satellite datasets, namely, IKONO, Pléiades, and WorldView-3 

were collected. Ten images were randomly selected from each 

dataset. The quality metric Q4 [27] is employed to indicate the 

spectral quality, with 1 being an ideal value. The comparison 

results of a fusion with the original and new PAN images are 

shown in Fig. 2. It can be observed that with the new PAN 

image obtained from the proposed model, the spectral quality is 

improved in all datasets. To ensure that the new PAN image 

will not lose spatial information, the metric SCC [28] with an 

ideal value of 1 is employed to further measure the spatial 

quality. For the same datasets, the comparison results are 

shown in Fig. 3; it can be observed that the spatial quality is 

also slightly improved with the new PAN image.   

C. Regression Model 

To extract accurate details, Garzelli et al. [29] proposed a 

band-dependent spatial detail (BDSD) extraction model based 

on the CS method. Vivone et al.[30] further improved it by 

proposing a robust constraint to fit a case in which the error 

does not follow the Gaussian distribution. Inspired by them, 

this study explores the relationship between the details for each 

band and the Pnew image. Owing to the absence of a reference 

HRMS image, the fusion process is simulated at a degraded 

scale according to the Wald protocol [31], which is shown in 

the green dotted box in Fig. 1. The original MS image M is first 

blurred using the MTF-matched filter and down-sampled as 

image Md. Next, Md is up-sampled using a bicubic interpolation 

algorithm to obtain the image Md_up. This procedure is used to 

simulate the up-sampling process while the original MS image 

is treated as a reference image. The estimated Pnew image is also 

down-sampled to obtain Pd. The details to be injected into each 

band of Md_up are then the difference between Pd and its low 

resolution version d_L

i
P ; they should be guided by the 

difference between
i

M and
d_up

i
M , i.e., 

d d d_L d_up
i i i i = − = − +D P P M M                (11) 

where d
i

D represents the details to be injected into 
d_up

i
M , and 

ε is the error. To minimize the error in Equation (11), an energy 

function is designed to force the details extracted from the PAN 

image to be guided by the MS image at the degraded scale, i.e.,  
2

d d d_L d_up

2

d d_up d_L

1
( ) ( )

2

1
( )

2

i i i i

i i i

E = − − −

= + − −

P P M M

P M M P

           (12) 

In Equation (12), only d_L
i

P is unknown and can be obtained 

using the CS or MRA method. For the CS method, d_L
i

P can be 

equal to component I of Md_up. The advantage of this method is 

its high efficiency and high spatial quality. For the MRA 

method, d_L
i

P is obtained by filtering Pd. The merit of this 

method is that it can better maintain the spectral information. 

The filter employed in the MRA method is usually designed to 

match the MTF of the sensor. An accurate gain of the Nyquist 

frequency of the MTF, however, is difficult to obtain for the 

aging process of a device [32], and may lead to inaccurate detail 

extraction. Because the filter should be Gaussian in shape [32], 

this paper extends the MRA method using a Gaussian filter 

with distribution (0, 2
G ), where 2

G is the variance of the 

Gaussian distribution, allowing more accurate details to be 

extracted. Combining the advantages of the CS and MRA 

methods, a new linear relationship is established to obtain d_L
i

P , 

i.e., 
G M

d_L ,1 d_up ,2 d_L ,3 d_L

,1 ,2 ,3. . 0, 0, 0

i
i i i

i i is t

  

  

= + +

  

P I P P
            (13) 

where
,1 ,2 ,3, ,i i i   represent the weighting parameters, and 

d_upI is the I component of Md_up. In addition, 
G

d_LP and 

M
d_LP represent the filtered version of Pd after applying a 

Gaussian filter G
H with distribution (0, 2

G ) and a 

MTF-matched filter M
H , respectively, i.e., 

G G
d_L d

M M
d_L d

=P H P

P = H P
                            (14) 

Letting ,1 ,2 ,3,i i i i  =    , 
G H T

d_up d_L d_L[ , , ]=S I P P , and 

d d_up
i i i
= + −Q P M M , Equation (12) can be simplified as 

follows: 

 
Fig. 3. The comparison of spatial quality with original PAN image and 

with new PAN image by averaging SCC values on ten images from each 

dataset. 

 
Fig. 2. The comparison of spectral quality with original PAN image and 

with new PAN image by averaging Q4 values on ten images from each 

dataset. 
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2

d

1
. .

2

i i
i iE s t= −  Q S               (15) 

By minimizing the energy function, i  can be obtained by 

solving the equation with the Lagrange multiplier, i.e., 

d

2 2

ˆ arg min ( ))

1
arg min( max( , ) )

2 2

i

i

i
i i

i
i i

E



=

= − + −0Q S





 

 

   (16) 

Here, ˆ
i  is the estimated value of i , and γ is a Lagrange 

multiplier. The second term is a non-negative constraint. In this 

study, the gradient descent method is employed for a linear 

regression of Equation (15), as shown in the following formula: 

Td ( ) max( , )
i

ii
i i

i

E

t
=

 
−


− += −


0S Q S


 


     (17) 

By discretizing the partial differential equation, we can 

obtain the following results: 
1

T T
max( , )

t t
i t ti i

i i
t


+ −

=


− + −0S Q S S
 

        (18) 

where Δt is the step size of the gradient descent, and the value at 

the t + 1 iteration step can be obtained by the following: 
1 T T max( , )( )t t i t t

i i i it + = + − + −0S Q S S       (19) 

When the stop condition is satisfied, or the maximum steps 

of the iterations are reached, the iteration stops and the final 

adaptive coefficients of each channel are obtained. 

To analyze the performance of the proposed linear regression 

model, some ablation experiments are conducted. Denoting the 

three linear correlation terms in Equation (13) as T1, T2, and T3 

corresponding to ,1 d_upi I , 
G

,2 d_Li P , and
M

,3 d_Li P , T1 is clearly 

a CS-based term, and T2 and T3 are MRA-based terms. Taking 

the 10 images from the IKONO dataset as examples, the 

average Q4 values under different combinations of T1, T2, and 

T3 are shown in Fig. 4. We can see that using a combination of 

CS- and MRA-based terms is clearly better than using a single 

term to express d_L
i

P , and the combination of T1 + T2 + T3 

achieves the best result, which proves the effectiveness of the 

proposed model.  

D. Injection Model 

 After obtaining the adaptive coefficient through a linear 

regression model at a degraded scale, the coefficient is applied 

to the full-scale image, and the details of each channel are 

extracted using a detail extraction algorithm. Therefore, the 

low-resolution version of the Pnew image, which is similar to 

that found through Equation (13), can be obtained through the 

following: 

 
M G

L ,1 UP ,2 L ,3 L
i

i i i  = + +P I P P                (20) 

where L
i

P represents the low-resolution version of Pnew 

corresponding to the ith channel, and M
LP  and G

LP represent 

the blurred image using the MTF-matched and Gaussian filter 

with distribution (0, 2
G ), respectively. The details required for 

each channel (
i

D ) are as follows: 

new L
i i= −D P P                            (21) 

Through the inverse transformation of the IHS space, the 

HRMS image can be obtained based on the detail injection 

model: 

UP
HR UP

UP1

ˆ .*
(1/ )

i
i i i

B i

i

k
B

=

= +



M
M M D

M
        (22) 

where k represents the scaling factor used to control the number 

of details injected, and can be obtained using a grid search 

method. 

IV. EXPERIMENTS AND DISCUSSION 

A. Experiment Setting  

Three satellite datasets were collected in this study, namely, 

IKONO, Pléiades, and WorldView-3, which can be 

downloaded from http://www.kosmos-imagemall.com. Each 

dataset contains 60 images, and all of the MS images have four 

bands, i.e., red, green, blur, and near infrared. The spatial 

resolutions of MS and PAN images from the three datasets are 

shown in Table I. Two types of experiments were conducted: 

one, a reduced-scale experiment and the other a full-scale 

experiment. For the reduced-scale experiment, the images are 

degraded by an MTF-matched filter and decimated by a factor 

of 4, which follows the Wald protocol [31]. The original MS 

images are treated as reference. At a full scale, the size of the 

PAN image is 1024 × 1024, and the size of the MS image is 256 

× 256 × 4. 

Several state-of-the-art pansharpening methods are 

compared in this study, namely, CS-based GSA [8], 

MRA-based bilateral filter luminance proportional (BFLP) [33], 

CS- and model-based nonlinear IHS (NIHS) [20], MRA- and 

model-based matting model and multiscale transform (MMMT) 

[17], regression-based full scale regression-based injection 

coefficients (FSRIC) [25], compressive-sensing based FCS 

[17], and robust band-dependent spatial-detail (RBDSD) 

approaches [30]. In addition, the method interpolation using a 

 
Fig. 4. The average Q4 metric of ten images under different combination of 

linear correlation term. 

TABLE I 

SPATIAL RESOLUTIONS OF MS AND PAN IMAGES FROM THE THREE DATASETS 
 IKONO PLÉIADES WORLDVIEW-3 

MS 
3.2 m GSD at 

nadir 
2 m GSD (2.8 m 

GSD at nadir) 
1.24 m GSD at 

nadir 

PAN 
0.82 m GSD at 

nadir 

0.5 m GSD (0.7 m 

GSD at nadir) 

0.31 m GSD at 

nadir 

GSD represents ground sample distance 
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polynomial kernel, also known as EXP [34], is employed as a 

baseline for comparison.  

Six widely used quality metrics are employed for measuring 

a reduced-scale image fusion, i.e., a universal image quality 

index (UIQI) [35] with an ideal value of 1, a spectral angle 

mapper (SAM) [36] for measuring the spectral distortion with 

an ideal value of zero, Erreur Relative Global Adimensionnelle 

De Synthese (ERGAS) [37] for evaluating the spatial and 

spectral quality with an optimum of zero, Root Mean Squared 

Error (RMSE) indicating the errors between fused image and 

reference image with an optimal value of zero [16], a spatial 

correlation coefficient (SCC) [28] indicating a spatial quality 

with 1 being the best value, and a vector extension of the 

Q-index, Q2n (Q4 for a 4-band image) [27] evaluating the 

global quality with an ideal value of 1.  

B. Parameters Setting 

There are four parameters to be determined, namely, the 

 penalty parameters μ and λ in Equation (10), parameter σ for 

the Gaussian filter G
H  in Equation (14), and parameter k, 

which is used to control the number of details in Equation (22). 

We put forward an alternate direction method for fitting these 

parameters. The parameters μ and k both control the spatial 

fidelity, and are obtained using a grid search method by fixing 

the other parameters. The metric Q4 is employed to measure the 

fusion result because it is an adequate index for evaluating the 

global quality, particularly the spectral fidelity. Ten images are 

randomly collected from each dataset, and the average search 

results for three datasets are shown in Fig. 5. The optimal 

values of k, u, and Q4 are shown in the bottom-right corner of 

Fig. 5(a)–(c). After acquiring the best values of μ and k, we can 

fix them and obtain the best value of σ by finding the optimal 

metric values. Because we are not only concerned about the 

spectral quality, but also maintenance of the spatial fidelity, the 

SCC metric accounting for the spatial quality is employed and 

used along with metric Q4 to find the most suitable values. The 

average quality evolutions of the 10 fused images from each 

dataset with a different σ are shown in Fig. 6. We can see that 

the point with highest Q4 value does not always correspond to 

the highest SCC value. This is due to the contradiction of 

   
                             (a)  IKONO                                                                     (b)  Pléiades                                                               (c) WorldWiew-3 
Fig. 5. The parameter setting of μ and k for three datasets. The best results are marked in black bold points and the corresponding values are displayed in the 
down-right corner. The maximum value means the best value of Q4.  

  
                             (a)  IKONO                                                                     (b)  Pléiades                                                               (c) WorldWiew-3 

Fig. 6. The parameter setting of σ for three datasets. The best results are marked in red point.  
 

  
(a)  IKONO                                                                     (b)  Pléiades                                                               (c) WorldWiew-3 

Fig. 7. The parameter setting of λ for three datasets. The best results are marked in red point. 
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maintaining the spatial and spectral information. Thus, a 

balance between the spectral fidelity and the spatial fidelity is 

required; we can obtain an optimal σ of 4 for the IKONO 

dataset, 7 for Pléiades, and 23 for WorldView-3. The results of 

fixing the other parameters and applying the same method to 

find the optimal value of λ are shown in Fig. 7. We can 

conclude that the best results of λ are 3.5 for IKONO, 7e-4 for 

Pléiades, and 0.6 for WorldView-3.  

C. Reduced-Scale Experiments 

1) IKONO Dataset 

 The fusion results of an image from the IKONO dataset are 

shown in Fig. 8. The close-ups of the areas in yellow rectangles 

are shown in Fig.9. We can see that the result of BFLP 

obviously suffers from spectral distortion because the overall 

image is too bright compared with the reference image (REF). 

From the enlarged rectangles in Fig.9, we can see that the 

results of GSA and FSRIC methods clearly suffer from over 

injections compared with REF. The result of the NIHS method 

is blurred and produces spatial distortion due to some artifacts, 

whereas the result of FCS generates serious spectral distortion 

because the color of the image is too dark. The results of the 

MMMT, RBDSD and the proposed methods are difficult to 

discern visually.  

To further verify the performance of the proposed method, 

the objective evaluation shown in Fig. 8 is tabulated on the left 

part of Table II, and the average quantitative evaluation on 60 

of the IKONO images is shown on the right part of Table I. 

Because the EXP method is an up-sampling method and not a 

pansharpening method, it is excluded from the comparison. The 

best results are marked in red bold; we can see that the proposed 

method achieves the best results in all of the metrics, which is 

in accordance with the subjective evaluation.  

2) Pléiades Dataset 

The fusion results of an image from the Pléiades dataset are 

shown in Fig. 10. The close-ups of the areas in the yellow 

rectangles are shown in Fig.11. As we can see from Fig.10, 

some methods including BFLP, FSRIC, and RBDSD have 

brighter visual effects than the REF. They may suffer from over 

injections and introduce extra artifacts. The result of the NIHS 

method is clearly blurred compared with the REF image. From 

Fig.11, we can see that the result of FCS suffers from serious 

     
(a) REF                                    (b) EXP                                    (c) GSA                                     (d) BFLP                                 (e) NIHS 

     
(f) MMMT                                 (g) FSRIC                                (h) RBDSD                                  (i) FCS                                (j) Proposed 

Fig. 8. Fusion results of reduced scale images from IKONO dataset. REF represents reference image.  

 TABLE II 

QUANTITATIVE EVALUATION OF FUSION RESULTS IN FIG.8, AND AVERAGE QUANTITATIVE EVALUATION ON IKONO DATASETS 

METHOD 
RESULTS IN FIG. 8 AVERAGE 

UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ 

EXP 0.7176 3.8380 4.1926 14.9539 0.6248 0.7095 0.7105 3.9215 4.3046 13.8195 0.6195 0.7091 

GSA 0.8037 6.6366 4.3563 13.5323 0.8087 0.8145 0.8682 5.2195 3.4350 10.2998 0.8581 0.8691 

BFLP 0.8300 6.2008 4.9205 16.5266 0.8750 0.8235 0.8146 6.3128 7.3887 23.4323 0.8667 0.7062 
NIHS 0.7757 4.5090 3.7980 12.7969 0.8362 0.7805 0.8000 4.2603 3.6709 11.4617 0.8556 0.7988 

MMMT 0.8355 5.5916 3.3801 11.3947 0.8269 0.8539 0.8624 4.9050 3.1512 9.8830 0.8521 0.8710 

FSRIC 0.8145 6.2444 3.9819 12.6750 0.8090 0.8289 0.8700 5.0983 3.3101 10.0763 0.8557 0.8730 
RBDSD 0.8864 4.7730 3.0010 9.7668 0.8926 0.8891 0.8970 4.7981 3.0400 9.2235 0.8848 0.8914 

FCS 0.8448 6.4000 5.4061 19.9363 0.8800 0.6253 0.8561 6.7116 5.4626 18.2609 0.8836 0.6927 

Proposed 0.9005 3.8355 2.5949 8.6360 0.9152 0.9016 0.9061 3.9355 2.6326 8.2513 0.9044 0.9062 

 

                   
(a) REF           (b) EXP           (c) GSA           (d) BFLP          (e) NIHS        (f) MMMT        (g) FSRIC       (h) RBDSD        (i) FCS          (j) Proposed 

Fig. 9. Close-ups of the areas in yellow boxes in Fig.8.   
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spectral distortion for the color of blue buildings becomes green. 

Some methods such as GSA, NIHS and MMMT suffer from 

slight spectral distortion for the colors of blue buildings become 

light blue. The results of the proposed method are closer to the 

REF. 

A quantitative evaluation of the fusion results in Fig. 10 and 

the average quantitative evaluation of 60 Pléiades images are 

shown in Table III. As we can see from the results of Fig. 10 in 

Table III, the proposed method achieves the best result based on 

all metrics. For the average evaluation, the proposed method 

significantly improves all metrics except for SAM, for which it 

scores second place (marked in blue bold) and is very close to 

the top performer. The overall result further proves the 

effectiveness of the proposed method.  

3) WorldWiew-3 Dataset 

The fusion results of an image from the WorldView-3 dataset 

are shown in Fig. 12, and the corresponding enlarged areas in 

yellow rectangles are shown in Fig.13. From Fig.12, we can see 

that the results of NIHS and MMMT are obviously blurred 

compared with the REF. The image fused using BFLP is over 

bright. The result of the FCS shows an obvious spectral 

distortion in that the blue roofs turn into a green color. From the 

close-ups in Fig. 13, we can see the results of GSA and FSRIC 

suffer from slight spectral distortion for the red roofs change 

into dark red. The results of proposed method show a clear 

spatial structure while keeping the spectral fidelity. 

The quantitative evaluation of the fusion results in Fig. 12 

and the average objective evaluation of 60 images from the 

WorldView-3 dataset are shown in Table IV. From the Table 

IV, we can see that the proposed method achieves the best 

performance in all the metrics except RMSE, which is the 

second best for the results in Fig. 12. As for the average results, 

the proposed method performs the best in all of the metrics, 

which again verifies the effectiveness of our method in terms of 

pansharpening.  

D. Full-Scale Experiments  

1) IKONO Dataset 

The fusion results of a full-scale remote sensing image from 

the IKONO dataset are shown in Fig. 14. The size of the 

full-scale image is 1024 × 1024, which is too large to display 

herein with proper details. A full-scale image up-sampled using 

     
(a) REF                                    (b) EXP                                    (c) GSA                                     (d) BFLP                                 (e) NIHS 

     
(f) MMMT                                 (g) FSRIC                                (h) RBDSD                                  (i) FCS                                (j) Proposed 

Fig. 10. Fusion results of reduced scale images from Pléiades dataset.  

 

          
(a) REF          (b) EXP            (c) GSA           (d) BFLP           (e) NIHS          (f) MMMT       (g) FSRIC         (h) RBDSD         (i) FCS         (j) Proposed 

Fig. 11. Close-ups of the areas in yellow boxes in Fig.10.  

 TABLE III 

QUANTITATIVE EVALUATION OF FUSION RESULTS IN FIG.10, AND AVERAGE QUANTITATIVE EVALUATION ON PLÉIADES DATASETS 

METHOD 
RESULTS IN FIG. 10 AVERAGE 

UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ 

EXP 0.8086 2.2926 3.8765 13.9532 0.6669 0.8061 0.7898 2.9110 4.0986 13.2158 0.6810 0.7819 

GSA 0.9018 2.3760 3.2468 10.9558 0.8824 0.9044 0.8888 3.1965 3.3250 10.4437 0.8621 0.8829 
BFLP 0.8884 2.5053 5.5274 18.7877 0.8787 0.8241 0.8639 3.5301 6.1081 18.8575 0.8531 0.7459 

NIHS 0.8662 2.3891 3.3330 11.4112 0.8616 0.8653 0.8381 3.0379 3.6176 11.3204 0.8438 0.8314 

MMMT 0.9097 2.4818 2.9171 9.9790 0.8841 0.9133 0.8931 3.1682 3.0394 9.5761 0.8658 0.8905 
FSRIC 0.9072 2.3527 3.0387 10.2290 0.8809 0.9107 0.8954 3.1060 3.0942 9.9257 0.8596 0.8911 

RBDSD 0.9124 2.3784 3.0073 10.2989 0.8894 0.9152 0.9021 3.0838 3.0851 9.7721 0.8735 0.8964 

FCS 0.9059 3.0330 3.1438 10.6829 0.8844 0.9108 0.8915 3.8340 3.4024 10.7684 0.8661 0.8677 
Proposed 0.9356 2.2815 2.4523 8.9346 0.9003 0.9376 0.9230 3.0756 2.5417 8.2874 0.8897 0.9218 
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EXP is thus displayed and applied as the spectral benchmark, as 

shown in Fig. 14 (a). The region marked in the yellow box is 

then captured and displayed, particularly for a better subjective 

evaluation. Fig. 14 (b) shows the region up-sampled by the 

EXP and Fig. 14 (c)–(j) shows the regions fused using the 

comparative methods. We can see that the results of the BFLP 

and GSA suffer from over injections because the images are too 

bright, especially on the left part of the blue building. The result 

of the NIHS suffers from an insufficient injection because of its 

blurriness. The same phenomenon occurs in the MMMT for the 

blue building is blurred. The FCS method introduces spectral 

distortion because the color of the fused image is changed. For 

other methods, it is difficult to discern the difference visually.   

The quantitative evaluation of the fusion results shown in Fig. 

14 and the average evaluation of 60 full-scale images from the 

IKONO dataset are provided in Table V. From the left side of 

Table V, we can see that the proposed method performs the best 

in all metrics for the results in Fig.14. For the average 

evaluation, the proposed method achieves the best results for 

the Ds and QNR metrics, and the second-best result for the Dλ 

metric, which also indicates the effectiveness of the proposed 

method in full-scale images.  

2) WorldWiew-3 Dataset 

Experiments on full-scale image fusion from the 

WorldView-3 dataset are conducted, the results of which are 

shown in Fig. 15. The full-scale image up-sampled by EXP is 

shown in Fig. 15 (a). Fig. 15 (b) shows the close-up of the 

region marked in the yellow box in Fig. 15 (a). The same 

regions fused using different methods are shown in Fig. 15 

(c)–(j). We can see from the figure that the NIHS produces 

artifacts, particularly on the roofs. The result of the FCS suffers 

from spectral distortion based on the changes in the overall 

color. The results of GSA, FSRIC, and RBDSD are excessively 

bright compared with those of EXP, and the color of the lines 

under the light green roofs turns to orange, which should be red 

according to the EXP. The result of the MMMT suffers from a 

poor color saturation. However, the proposed method can 

maintain the spectral and spatial fidelity well.  

To better evaluate the fusion results of the full-scale images, 

the objective evaluation from Fig. 15 is shown on the left part 

     
(a) REF                                    (b) EXP                                    (c) GSA                                     (d) BFLP                                 (e) NIHS 

     
(f) MMMT                                 (g) FSRIC                                (h) RBDSD                                  (i) FCS                                (j) Proposed 

Fig. 12. Fusion results of reduced scale images from WorldWiew-3 dataset.  
 

          
(a) REF            (b) EXP            (c) GSA           (d) BFLP          (e) NIHS       (f) MMMT       (g) FSRIC         (h) RBDSD        (i) FCS         (j) Proposed 

Fig. 13. Close-ups of the areas in yellow boxes in Fig.12.  
 

 TABLE IV 
QUANTITATIVE EVALUATION OF FUSION RESULTS IN FIG.12, AND AVERAGE QUANTITATIVE EVALUATION ON WORLDVIEW-3 DATASETS 

METHOD 
RESULTS IN FIG. 12 AVERAGE 

UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ UIQI↑ SAM↓ ERGAS↓ RMSE↓ SCC↑ Q4↑ 

EXP 0.5468 6.0907 9.5958 29.1461 0.5489 0.5333 0.5737 4.6205 7.1010 17.8641 0.5618 0.5688 

GSA 0.9117 6.8072 4.8148 14.8719 0.8989 0.9050 0.8826 5.1376 4.0410 10.0965 0.8769 0.8885 

BFLP 0.9080 6.7934 6.2896 19.2222 0.9034 0.8815 0.8378 6.1781 8.9122 21.5138 0.8806 0.7322 

NIHS 0.7209 6.2119 7.5810 22.9558 0.8616 0.7146 0.7328 4.7900 5.6627 14.1499 0.8271 0.7323 
MMMT 0.8076 6.5848 6.4983 19.7631 0.8792 0.8014 0.8200 4.9792 4.7128 11.7805 0.8619 0.8229 

FSRIC 0.8974 6.6151 5.0504 15.6248 0.8972 0.8915 0.8749 5.0488 4.1071 10.4013 0.8767 0.8809 

RBDSD 0.9214 6.6143 4.7121 14.4632 0.9037 0.9107 0.8888 5.0968 4.0037 9.9187 0.8829 0.8912 
FCS 0.8964 7.1205 5.4538 16.6693 0.8996 0.8660 0.8685 5.6248 4.3694 10.8594 0.8730 0.8569 

Proposed 0.9278 6.0994 4.6907 14.5005 0.9102 0.9174 0.8973 4.5558 3.9244 9.8308 0.8912 0.8981 
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of Table VI, and the average evaluation of the 60 images from 

the WorldView-3 dataset is shown on the right part of Table V. 

We can see from the table that the proposed method achieves 

the best results in all metrics for both the images in Fig. 15 and 

for the average evaluation, which is in accordance with the 

subjective evaluation. 

E. Efficiency Analysis  

To improve the efficiency, in this study, an MS image is 

transformed into the IHS space and the variational model is 

     
(a) Full-scale image by EXP                   (b) EXP                                     (c) GSA                                    (d) BFLP                                  (e) NIHS 

     
(f) MMMT                               (g) FSRIC                                  (h) RBDSD                               (i) FCS                                  (j) Proposed 

Fig. 14. Fusion results of full-scale images from IKONO dataset. (a) The full-scale image upsampled by EXP. (b) The close-up of image upsampled by EXP. 

(c)-(j) The close-up of pansharpened images by different methods. 

 TABLE V 

QUANTITATIVE EVALUATION OF FUSION RESULTS IN FIG.14, AND AVERAGE QUANTITATIVE EVALUATION ON IKONO DATASETS 

METHOD 
RESULTS IN FIG.14 AVERAGE 

Dλ↓ Ds↓ QNR↑ Dλ↓ Ds↓ QNR↑ 

EXP 0.0018 0.3526 0.6463 0.0023 0.3259 0.6725 

 GSA 0.1672 0.1386 0.7174 0.1947 0.1728 0.6678 

BFLP 0.1677 0.1228 0.7302 0.2022 0.1607 0.6727 
NIHS 0.1040 0.0727 0.8309 0.1282 0.0745 0.8096 

MMMT 0.1516 0.0624 0.7954 0.1553  0.0667  0.7888  

FSRIC 0.1630 0.1045 0.7496 0.1889 0.1360 0.7022 
RBDSD 0.1054 0.1574 0.7538 0.1376 0.0908  0.7844  

FCS 0.1840 0.0874 0.7447 0.1978 0.1106 0.7150 

Proposed 0.1037 0.0579 0.8445 0.1301 0.0664 0.8127 

 

      
(a) Full-scale image by EXP                   (b) EXP                                     (c) GSA                                      (d) BFLP                                  (e) NIHS 

     
(f) MMMT                              (g) FSRIC                                    (h) RBDSD                                  (i) FCS                                   (j) Proposed 

Fig. 15. Fusion results of full-scale images from WorldView-3 dataset. (a) The full-scale RGB image upsampled by EXP. (b) The close-up of image 

upsampled by EXP. (c)-(j) The close-up of pansharpened images by different methods. 
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solved using the high-efficiency FFT algorithm and 

least-squares method. The computational complexity for 

solving the variational model is O(Nlog2N), where N represents 

the number of pixels in an image. We solve the regression 

model at a reduced scale by a factor of 4. For a full-scale image 

with N pixels, the computational complexity for the regression 

model is O ( 2( /16) log ( /16)M N N ), where M is the number 

of iteration steps. With limited number of iteration steps, the 

overall computational cost is relatively low. The average 

running time for the reduced scale image with a size of 256 × 

256 and a full-scale image with a size of 1024 × 1024 are shown 

in Table VII. All experiments were carried out on a 12 GB 

RAM laptop using MATLAB (R2016a). We can see from the 

table that the proposed method consumes less time than the 

majority of methods, particularly at full-scale, achieving 

second place at less than 1 s.   

F. Discussion  

There are mainly three advantages of the proposed method 

leading to better performance than other state-of-the-art 

methods. The first one is the construction of a new PAN image 

that is highly correlated with an UPMS image. The existing 

methods usually extract the details directly from PAN image by 

CS or MRA method, or construct fusion models using the 

original PAN images. These methods, however, ignore the fact 

that there are discrepancies in spectral response and spatial 

characters between MS and PAN images. These discrepancies 

will result in low correlation between MS and PAN images and 

cause spectral distortion in the fusion result. To better keep 

spectral fidelity, the PAN image is reconstructed by a 

variational model to simulate the I component of a HRMS 

image. The designed variational model is guided by an UPMS 

image and can obtain a new PAN image that is highly 

correlated with the UPMS image without losing gradient 

information. The experiment results also verify the 

effectiveness of the variational model (see Fig.2 and Fig.3 in 

section III-B). 

The second advantage is the extraction of accurate details 

from the new PAN image. Extracting proper details has always 

been a difficulty in previous research due to the lack of 

guidance. This study designed a regression model in reduce 

scale to obtain details guided by the MS images. The novelty of 

the regression model is to combine the CS and MRA methods 

to find the accurate parameters for extracting details. These 

parameters are then projected into full-scale images to obtain 

accurate injection details. The effectiveness of this innovation 

is verified by the experiments (see Fig.4 in III-C). 

The third advantage is the high efficiency of our method. As 

analyzed in section IV-E, the proposed method solves the 

model with fast algorithms such as FFT, least-square method 

and gradient decent method. Besides, solving the model in 

reduced scale further improves the efficiency. Consequently, 

the running time of the proposed method are faster than most 

traditional and state-of-the-art methods as can be seen from the 

experiments (see Table VII in IV-E). 

V. CONCLUSION 

 This study focused on two critical factors that affect the 

image fusion quality. The first is the low correlation between 

PAN and MS images leading to spectral distortion, and the 

second is the inaccurate detail injection for each band of an MS 

image resulting in spatial distortion. Aiming at solving these 

problems, a pansharpening method based on joint-guided detail 

extraction was proposed. With this method, a variational model 

is first constructed to obtain a new PAN image guided by an 

MS image, which ensures that the new PAN image is highly 

correlated with the MS image, thus reducing the spectral 

distortion. The variational model is efficiently solved using 

FFT and the least-squares method. A linear regression model is 

then established to obtain the adaptive coefficients based on the 

guidance of the MS image at a reduced scale. To obtain 

accurate details, the coefficients are applied to a full-scale 

image for detail extraction. The gradient descent methods are 

explored to solve the regression model. Finally, the extracted 

details are injected into the UPMS image using the injection 

model. Compared with the state-of-the-art pansharpening 

methods, the proposed method achieves the best results in 

terms of fusion quality with high efficiency.  
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