
International Journal of Geoinformatics, Vol. 17, No. 6, December 2021 

ISSN 2673-0014 (Online) / © Geoinformatics International 

 

 

97  

Pansharpening of Panchromatic Aerial Photographs by 

Combining Component Substitution and Multiresolution 

Analysis Fusion Algorithms 
 

 

Salah, M. 

Department of Surveying Engineering, Shoubra Faculty of Engineering, Benha University, Cairo, 11269 

Egypt, E-mail: engmod2000@yahoo.com 

 

 

Abstract 

The monochromatic nature of aerial photographs may affect the accuracy of photogrammetric measurements. 

In this study, multispectral (MS) IKONOS images with 3.2 m spatial resolution are used to sharpen 

panchromatic (PAN) archival aerial photographs. An urban area with a variety of land use/cover (LULC) 

classes over the northeast region of Cairo city, Egypt has been selected. The proposed approach can be 

performed through two major steps. First and after pre-processing, Gram-Schmidt transform (GST) and 

wavelet fusion techniques were used to panshrpen the original MS bands. Second, a fuzzy majority voting 

(FMV) - based approach was designed to combine the results from the GST and wavelet techniques to predict 

the final high-resolution results. The results were visually, qualitatively, and quantitatively analyzed. 

Compared with GST and wavelet standard fusion techniques, the improved statistical indices, as well as the 

improved classification potential, confirmed the credibility of the proposed approach.  

 

 

1. Introduction and Literature Review 

Archival aerial photographs are essential for 

updating the register of buildings and lands. These 

photographs present valuable details of land 

use/cover (LULC) (Siok and Ewiak, 2020). On the 

other hand, it is difficult to collect satellite images 

with the same high-resolution as aerial photographs 

because of sensor design limitations (Qu et al., 

2018). In Egypt, over 90% of cadastral maps have 

been generated and/or updated based on aerial 

photographs. Unfortunately, the interpretation of 

such aerial photographs is a challenge because of 

their monochromatic nature which may affect the 

accuracy of the feature extraction process, as well as 

the photogrammetric measurements.  

Simulation of color aerial photographs with the 

same pixel size as the monochromatic ones allows a 

more accurate interpretation of objects. 

Pansharpening is a technique that combines high-

resolution (HR) panchromatic imagery (PAN) with 

low-resolution (LR) multispectral (MS) ones to 

generate a new high spatial resolution/multispectral 

imagery (Klonus, 2008). If imagery from the same 

sensor are used for pansharpening, the ratio of 

ground sampling distances (GSD) between the 

panchromatic and the multispectral imagery is 

referred to as resolution ratio (RR). This ratio may 

range from 1:2 to 1:5. For imagery from different 

sensors, the RR can get larger. Pansharpened 

imagery have proved better performance in urban 

development and mapping (Pohl, 2016), LULC 

classification (He et al., 2018), feature detection 

(Matteoli et al., 2018), land monitoring (Murray et 

al., 2018), change detection (Liu et al., 2018), and 

decision-making process (Siok et al., 2020). 

A variety of pansharpening algorithms were 

introduced and can be classified into four classes: 

Component substitution (CS); multi-resolution 

analysis (MRA); hybrid methods (HM); and 

learning-based algorithms (LBA). Typical examples 

of CS approaches are Intensity/hue/saturation 

transform (IHS) (Carper et al., 1990), Gram–

Schmidt transforms (GST) (Aiazzi et al., 2007), 

Brovey transform (BT) (Maglione et al., 2016) and 

Principle component analysis (PCA) (Shahdoosti 

and Ghassemian, 2016). These algorithms usually 

perform well in terms of processing time, preserving 

the spatial details of the PAN image and robustness 

to mismatches between the panchromatic and 

multispectral bands. However, these approaches 

usually result in spectral distortion (Duran et al., 

2017). The main limitation of the IHS and BT 

approaches is that the input data should not exceed 

three multispectral bands (Pouran, 2005). The MRA 

approaches include the Laplacian pyramid (LP) 

(Burt and Adelson, 1983), Contourlets (Do and 

Vetterli, 2005), wavelet transform (WT) (Zhang et 

al., 2009).  
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This category has proved to be efficient in 

preserving the spectral details, while it is very 

sensitive to misalignments between the 

panchromatic and multispectral bands (Xu et al., 

2014). This conforms to results obtained by 

Mhangara et al., (2020). The hybrid approaches take 

advantages of both the CS and MRA techniques and 

therefore have the ability of preserving the 

spatial/spectral information. This category includes 

algorithms such as non-separable wavelet frame 

transform (NWFT) (Li et al., 2005) and Guided 

filters in PCA domains (GFs/PCA) (Liao et al., 

2015). 

Many studies have been undertaken to solve for 

the limitations of single pansharpening algorithms 

by effectively combining two or more fusion 

approaches. Ehlers et al., (2010) integrated IHS and 

fast Fourier transforms (FFT) algorithms for multi-

sensor/multi-temporal image fusion. However, the 

high-pass and low-pass filters for PAN and MS 

images make the process complex. Johnson et al., 

(2013) integrated IHS with smoothed filter intensity 

modulation-based approach (SFIM) for image 

pansharpening. The results showed that as the 

spatial ratios of MS/PAN images decrease, the 

quality of the obtained images decrease. Zhong et 

al., (2017) combined MRA-based and CS 

approaches. Though the obtained images are 

spectrally higher, the proposed approach fails to 

preserve the spatial properties. Faragallah (2018) 

fused PAN and MS images by combining high-pass 

modulation (HPM) with adaptive PCA (APCA). 

The proposed approach has proved to work well for 

single-sensor images. For multi-sensor image 

fusion, as the spatial ratios of MS/PAN images 

decrease, the quality of the obtained images 

decrease. Zhang et al., (2019) fused PAN and MS 

images using spatially weighted neighbor 

embedding (SWNE). The proposed approach 

resulted in a spatially high-fused image with lower 

spectral quality.  

Recently, deep learning (DL)-based image 

pansharpening has become an active topic of 

research. The LBA category aims at learning the 

mathematical relationship between the PAN, MS, 

and the pansharpened imagery (Azarang and 

Ghassemian, 2017, Hu et al., 2019 amd Xu et al., 

2020). However, the application of such algorithms 

depends heavily on learning abilities and requires 

many prior assumptions. As well, several difficulties 

can also be experienced during implementation such 

as mismatches between the PAN and MS imagery 

may have a devastating impact on the obtained 

results (Krizhevsky et al., 2012); and low-quality 

training samples can seriously deteriorate the pan-

sharpened image (Shocher et al., 2018).  

Several studies have been performed to 

investigate the potential of pansharpening of 

panchromatic images. These include imagery from 

IKONOS-2 and WorldView-2 (Vivone et al., 2015); 

Sentinel-2 (Vaiopoulos and Karantzalos, 2016); 

GÖKTÜRK-2 (Kahraman and Ertürk, 2017); UAV 

images (Jenerowicz et al., 2018a); radar imagery 

(Jenerowicz et al., 2018b); SPOT-6 (Mhangara et 

al., 2020); and GeoEye-1, QuickBird, KompSat-2, 

KompSat-3A, TripleSat, Pleiades-1, and Deimos-2 

(Javan et al., 2021). Compared to studies conducted 

on satellite imagery, quite a few studies are 

available concerning the fusion of PAN aerial 

images and MS satellite data (Ewiak et al., 2016, 

Siok et al., 2017 and Ewiak et al., 2018). Siok et al., 

(2020) proposed an approach for combining PAN 

aerial imagery and Sentinel-2 MS satellite imagery. 

The pansharpened images showed less spectral 

distortion compared with traditional approaches of 

image pansharpening. Kaimaris et al., (2020) 

reported a significant increase in the interpretation 

ability from archival PAN aerial photographs as a 

result of combining them with archival MS satellite 

imagery. 

A detailed review of image pansharpening 

techniques can be found in Wang et al., (2005), 

Kahramana and Ertürk (2017), Mhangara et al., 

(2020) and Javan et al., (2021). In conclusion, for 

imagery acquired by one sensor at the same time 

(single-sensor/single-date), most of the 

pansharpening algorithms provide accurate results. 

These algorithms can still generate spatially 

enhanced imagery for multi-sensor/multi-date 

pansharpening, but usually with a negative impact 

upon the spectral consistency (Ehlers et al., 2010).  

All of the above approaches have their 

advantages and disadvantages; however, still there 

is unlimited room to enhance the spatial/spectral 

qualities of the panshrpened images. To solve such a 

pansharpening problem, this study proposes a new 

hybrid model for pansharpening of PAN aerial 

photographs with archival MS satellite imagery. In 

this regard, the results obtained for two 

pansharpening algorithms have been combined 

based on fuzzy majority voting (FMV). These 

algorithms are wavelet fusion (wavelet) and Gram–

Schmidt transforms (GST). Since the GST 

algorithm results in high spatial quality while the 

wavelet results in high spectral quality, the optimal 

fusion of such algorithms can result in minimum 

spectral/spatial distortions. 

https://www.sciencedirect.com/science/article/abs/pii/S0924271620303002#!
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Figure 1: The geographical location of the test area (left); the test area (right). A denotes vegetation and 

agricultural fields, B refers to roads and high-density built-up areas, and C stands for urban areas 
 

Table 1: datasets used for experiments 
 

GSD (m) Acquisition Date Sensor 

0.15 July 22, 2017 Film Camera 

3.2 April 17, 2010 IKONOS 
  

 
Figure 2: The datasets used in the experiments: (a) MS IKONOS image; (b) PAN aerial image; (c) DEM 

 

2. Study Area and Data Sources 

The study area used in this research covers an urban 

area over Cairo city, Egypt. Figure 1 (left) shows 

the geographical location of test area. A subset of 

750 × 850 m has been applied for the experiments as 

shown in Figure 1 (right). The landscape is varied 

including vegetation and agricultural fields on the 

left, roads and high-density built-up areas on the 

right and urban areas with different roof types such 

as concrete and metal at the middle and upper parts. 

This will help to investigate the spectral and spatial 

consistency of the pansharpened images. 

The selection of datasets for the experiments was 

aimed at the collection of images with no LULC 

changes and zero percentage cloud cover. In this 

regard, a PAN aerial image acquired by the 

Egyptian Survey Authority (ESA) on July 22, 2017, 

has been fused with IKONOS image at 3.2 m GSD. 

The IKONOS image was acquired on April 17, 

2010, with RGB (red, green, and blue) spectral 

bands as shown in Figure 2a. On the other hand, the 

film camera aerial photographs were collected at a 

scale of 1:10,000. The film was scanned in one PAN 

band with 15µm (GSD = 0.15 m) as shown in 

Figure 2b. Although the difference of acquisition 

dates between the two datasets exceeds seven years, 

no serious changes related to natural disasters, 

human activities, or illumination conditions can be 

observed in the study area. This will keep the 

spectral distortion of the obtained images to a 

minimum. Table 1 summarises the characteristics of 

the used datasets. 

Both PAN aerial photographs and MS satellite 

imagery have been orthorectified and spatially 

registered in the UTM/WGS84-zone 36 projection. 

In this regard, the nearest neighbor resampling 

technique has been applied to resample all bands of 

the MS IKONOS image (3.2 m) to the GSD of the 

PAN aerial one (0.15 m). For orthorectification of 

aerial and satellite imagery, 12 control points (CPs) 

along with a digital elevation model (DEM) 

obtained from a stereo pair of the same aerial 

photographs with GSD of 1 m have been used as 

shown in Figure 2c. The ellipsoidal heights range 

from 9 to 231 m with dark colors refer to lower 

elevations while light colors refer to higher ones.  
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3. Methodology 

This section introduces the proposed approach in 

detail. After the postprocessing stage, the GST and 

wavelet algorithms have been applied to generate 

two different pansharpened images. The FMV was 

then adopted to combine the GST and wavelet 

results. Finally, the visual, spatial, and spectral 

properties of the FMV fusion results have been 

evaluated (Figure 3).  

 

 
Figure 3: Flowchart of the hybrid FMV fusion 

 

3.1 Image Fusion Algorithms 

In the first stage, the PAN aerial photograph band 

and the MS satellite image have been applied as 

input data for two standard fusion techniques which 

are the GST and the wavelet algorithms. 

 

3.1.1 Gram–Schmidt Transform (GST) 

Recently, GST has become one of the most 

commonly used pansharpening techniques. It is a 

standard algorithm in most commercial remote 

sensing packages such as ERDAS, ENVI, IDRISI, 

and PCI. A lower resolution PAN image (LP) is first 

simulated by averaging the MS bands at the same 

scale of the PAN image. After that, the LP image 

along with the MS bands (upscale to the same scale 

as the PAN image) are applied as input for the GST 

with LP image ranked as the first band.  Then, the 

statistics of the PAN image are adjusted to match 

those of the first transform band (GST1LR) that 

obtained from the GST to produce a modified PAN 

image. The GST1LR is replaced with the modified 

PAN image to produce a new set of transform 

bands. Finally, an inverse GST is performed on the 

obtained new set of bands to produce the high 

resolution pansharpened MS images. The GST 

approach usually results in spectral distortions. 

Spatial details are obtained by subtracting the 

simulated PAN band from the original PAN one. To 

generate the pansharpened image, extracted spatial 

details are injected into the MS bands which are 

then resampled to the resolution of the original PAN 

band. The injection gain factor in the GST approach, 

gk, can be defined using Equation 1 with cov (.) and 

var (.) are the covariance matrix and the variance 

value respectively (Laben et al., 2000). The 

mathematical model behind the GST is explained in 

several references (O’Connell, 1974, Gong et al., 

2001 and Li et al., 2016). 

 

g𝑘 =
cov(𝑀𝑆̃𝑘 ,𝐼𝐿)

var(𝐼𝐿)
      K = 1, ..., N 

Equation 1 

 

3.1.2 Wavelet 

More recently, the wavelet fusion algorithm has 

proved to be effective for reducing the spectral 

distortion problem. Wavelets are mathematical 

models that cut up input data into different 

frequency components and then analyze each 

component with a different resolution according to 

its scale (Lemeshewsky, 2002). It is a multi-

resolution decomposition in which the original 

image is substituted by a set of approximated bands 

LLj and three detailed bands HLj, LHj, HHj of low-

resolution (resampled by 2) at different levels of 

decomposition  j. The detailed bands (HL; LH; HH) 

represent the high-frequency features, while the 

approximated bands (LL) represent the low-

frequency features, intensity. First, the MS image is 

transformed to the IHS space, and wavelet 

decomposition is performed on the  I channel. The 

wavelet decomposition is then generated for the 

obtained decompositions. The detailed images HLi; 

LHi; HHi; ∀i ϵ [1; j] are collected from the PAN 

band’s decomposition while the last LL1 of MS 

image’s decomposition  is used to collect the LL 

image. Before the wavelet decomposition, the 

intensity ranges of both the PAN image and MS 

image (I channel) are matched (Coltuc et al., 2006). 

The final pansharpened image is then produced by 

recomposing the pansharpened decomposition as 

shown in Figure 4.  
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Figure 4: Flowchart of wavelet-based pansharpening 

 

The major problem associated with the wavelet 

algorithm is the computational complexity 

compared with the standard approaches (Jiang et al., 

2013). The mathematical model behind the wavelets 

is explained in several references (Zhang, 2002 and 

Wang et al., 2005). 

 

3.1.3 FMV 

In the second stage, the outputs from the GST and 

wavelet methods have been fused using the FMV 

algorithm to obtain an enhanced pansharpened 

image. Before applying the results obtained for the 

GST and the wavelet algorithms as input to the 

FMV algorithm, these images were linearly scaled 

(from zero to one) using Equation 2: 
 

𝑆𝐷𝑁 = [( 𝐷𝑁 – 𝐷𝑁𝑀𝑖𝑛  ) / (𝐷𝑁𝑀𝑎𝑥  – 𝐷𝑁𝑀𝑖𝑛)] 
 

Equation 2 

Where: 

SDN: the scaled digital number of the pixel under 

investigation. 

DNMin: The minimum digital number. 

DNMax: The maximum digital number. 

 

FMV is an efficient technique to handle the 

uncertainties in digital imagery. It applies a 

membership function to map a certain pixel (in the 

input space) as a membership value (in the output 

space). Before incorporating the SDN obtained for 

the GST and the wavelet algorithms into the FMV, 

the SDN is first weighted by the spatial and spectral 

consistency estimated for the GST and wavelet 

pansharpened images. Let the spatial and spectral 

consistencies obtained from the assessment process 

are HCC and CC respectively. The weighted scaled 

digital numbers SDN` can be expressed as follows: 
 

𝑆𝐷𝑁 ` = 𝑆𝐷𝑁 ∗ 𝐻𝐶𝐶 ∗ 𝐶𝐶 

Equation 3 

 

Based on the weighted SDN, the membership 

function of relative quantifiers is then estimated for 

the GST and Wavelet pansharpened images as 

described in Equation 4, with typical a and b value 

range [0, 1]. For a given pixel, PQ = 0 indicates that 

the quantifier has not fulfilled at all, while PQ = 1 

indicates that the quantifier has completely satisfied 

(Herrera and Verdegay, 1996).  
 

bSDNif

bSDNaif

aSDNif

ab

aSDN
QP















−

−
=

`

`

`

1

`
0

 

Equation 4 

          

 

The optimal setting of the parameters (a, b) has a 

positive impact on the FMV-based fusion. These 

two parameters control the position and shape of the 

membership function QP. Up to now, no 

mathematical model is available to estimate such 

parameters (Saheb et al., 2013). To estimates the 

optimal a and b values, a grid-search with 10-fold 

cross-validation has been used. In this regard, a 0.1-

grid interval has been applied to search for the 

optimal a and b simultaneously. As soon as the 

optima a and b values are reached, the membership 

function QP is estimated, and the weights based on 

the linguistic quantifier (w) are determined 

according to Equation 5 with i is the order of the 

GST and wavelet fusion algorithms after ranking

PQ  in descending order and N=2, the total number 

of the applied fusion algorithms. As the last step, the 

fused digital number (DNfused) based on FMV can be 

estimated as in Equation 6 (Yager, 1998).  

In this regard, the original DN obtained for the 

GST and wavelet pansharpened images are 
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weighted by the corresponding linguistic quantifier weight w and averaged according to Equation 6.  

The process is repeated with successive band 

selection until all bands from GST and wavelet 

results are combined.  
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Equation 5  
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Equation 6 

Where: 

wi: the weights obtained for GST and wavelet 

algorithms.  

DNi: the digital number of the fused images by GST 

and wavelet algorithms. 

 

For clarity, Table 2 is a typical example that shows 

the real calculations for one pixel using the 

proposed approach. The FMV-based fusion model 

has been implemented by the author in the Matlab 

2017a environment under Windows 10 and 

CPU@3.20 GHz/16 GB RAM. 

 

3.2 Evaluation Methods  

The objective is to evaluate the ability of the 

proposed approach to improve spatial resolution 

while preserving the spectral characteristics. 

Additionally, the execution time has been displayed 

for each fusion method. The descriptions of all 

statistical indices applied for evaluation are 

presented in Table 3. 

 

3.2.1 Spatial evaluation 

To evaluate the degree of spatial improvement, the 

high-pass correlation coefficient (HCC) was 

adopted. First, the PAN image and all bands of the 

pansharpened image have been filtered using a high-

pass filter with 3x3-Laplacian kernel. The 

correlation coefficients (CC) between the high-pass 

filtered PAN and MS bands were then calculated. 

According to Pradhan et al., (2006), any HP filter 

can be applied for the evaluation process.  

 

3.2.2 Spectral evaluation 

Since the high-resolution MS reference data is not 

practically available, the original MS satellite image 

has been adopted as the reference data. In this 

regard, the pansharpened image has been 

downsampled to its original lower resolution and 

then compared with the original MS bands (Hu et 

al., 2019). The nearest neighbor resampling has 

been applied for downsampling to ensure a 

minimum change of the DN values (Mhangara et al., 

2020).  

 

Table 2: Fused DN estimation based on FMV 
 

DN SDN SDN’ Qp Qp` w 
DNfused 

GST WAV GST WAV GST WAV QGST QWAV Q`GST Q`WAV wpp`GST wpp`WAV 

71 79 0.34 0.31 0.12 0.10 0.24 0.2 0.24 0.2 0.12 0.10 68 
 

Table 3: Statistical indices applied for performance evaluation 
 

 Index Description Reference 

S
p

a
ti

a
l 

 

HCC 
The correlation between the original PAN image and the pansharpened bands after 

high-pass filtering. Higher values indicate better performance. 

Zhou et al., 

(1998) 

S
p

ec
tr

a
l 

 

CC 
The correlation between the fused and the original MS bands. CC ranges from -1 to 1 

with higher values indicate better performance. 

Wang et al., 

(2004) 

RMSE 
RMSE represents the quantitative similarity between the pansharpened and the 

original MS imagery. Smaller values indicate better performance. 

DIV 
The mean difference in variances between the fused and the original MS bands. 

Smaller values indicate better performance. 

SSIM The SSIM reveals the structural similarity. a larger value indicates better performance 

UIQI 
UIQI estimates the spectral differences between the pansharpened the original MS 

bands. Larger values indicate better performance. 

C
la

ss
if

ic
a

ti
o
n

 

OA The percent of reference data being correctly classified.  

Congalton 

(1991) 
PA The probability that reference samples being correctly detected. 

UA The probability that detected samples match the reference data. 
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After that, five statistical indices have been applied 

to evaluate spectral preservation. These indices 

include: correlation coefficient (CC); root mean 

square error (RMSE); universal image quality index 

(UIQI); the difference in variance (DIV); and 

structure similarity (SSIM). The Matlab codes for 

these indices are available at 

http://openremotesensing.net/.   

 

3.2.3 Classification accuracy 

In a second investigation, the pansharpened images 

using the GST, wavelet, and hybrid approaches have 

been used, separately, as inputs for the maximum 

likelihood classifier. To estimate the classification 

accuracies, almost 150 randomly distributed points 

have been selected based on the original MS 

IKONOS image and used as reference data. Since 

the overall classification accuracy (OA) is a global 

measure for classification accuracy, the users and 

producers accuracies (UA and PA) have also been 

adopted. Unlike the OA, the UA and PA indicate 

how the pansharpened images improve or 

deteriorate the detection accuracy for individual 

classes. 

 

4. Results and Analysis 

To illustrate the research findings, Figure 5a and b 

show the PAN and MS images respectively.  

The fused image using the proposed FMV approach 

is an enhanced 3-band image with a GSD of 0.15 m 

as shown in Figure 5c. 

 

4.1 Visual Analysis 

To assess the performance of the proposed hybrid 

method for pansharpening of the PAN aerial images 

with the MS IKONOS imagery, three fused images 

have been generated for the GST, wavelet and the 

proposed hybrid approaches as shown in Figure 6a, 

b, and c respectively. It can be observed that the 

worst results have been obtained for the GST fusion 

as shown in Figure 6a. In this regard, color 

distortions are visible and the fused image is almost 

blurry. In some parts of the fused image, colors 

seem to be black and white (BW). A possible reason 

for such an observation is that the high spectral 

values in the PAN image have been replaced with 

low ones in the pansharpened image. The fused 

wavelet image shows better color preservation than 

the GST approach as shown in Figure 6b but not as 

the enhancement obtained for the hybrid approach. 

In terms of spectral and spatial characteristics, the 

best result has been obtained for the hybrid 

pansharpening approach. Compared to the original 

image, no distinct color changes can be observed 

while the spatial improvement is visible as shown in 

Figure 6c. 

 

 
Figure 5: Results of applying the proposed pansharpening approach: (a) PAN aerial image; (b) MS IKONOS 

image; (c) the pan-sharpened image by the proposed approach 
 

 
Figure 6: Fused images using: (a) GST; (b) wavelet; (c) hybrid approach 
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Table 4: Spatial evaluation of the results. Bold values indicate the best and underlined values indicate the worst 
 

Method GST Wavelet Hybrid 

HCC 0.872 0.412 0.956 
 

Table 5: Spectral evaluation of the results. Bold values indicate the best and underlined ones indicate the worst 
 

CPU Time SSIM DIV RMSE UIQI CC HCC Method 

0.86 Sec/Km2 0.389 45.33 5.512 0.88 0.400 0.872  GST 

1.22 Sec/Km2  0.791 6.89 3.68 0.94 0.780 0.412 Wavelet 

1.31 Sec/Km2  0.956  1.68 1.51 0.96 0.967 0.956 Hybrid 

 

4.2 Spatial Evaluation 

For spatial evaluation, the statistical measures 

presented in Table 3 have been estimated and 

evaluated. The spatial quality of the fusion 

algorithms has also been assessed. The results are 

presented in Table 4 with the most accurate values 

marked in bold and the worst are underlined. For the 

proposed hybrid approach, the spatial enhancement 

has proved to be sufficient. In terms of HCC, the 

GST and hybrid approaches are very consistent with 

average HCC values above 0.8. This high HCC 

value indicates that the fused image has maintained 

almost the detailed spatial information as the 

original PAN aerial image. The wavelet approach 

showed lower HCC than the GST and hybrid 

approaches, with HCC around 0.4. This low value 

indicates that there is no strong correlation between 

the pansharpened and the original high-resolution 

bands.  

 

4.3 Spectral Evaluation 

In terms of spectral enhancement, the hybrid 

approach resulted in the best performance as 

indicated by the CC, UIQI, RMSE, DIV, and SSIM 

values as shown in Table 5. The hybrid 

pansharpening approach had the highest CC, UIQI, 

and SSIM values of 0.967, 0.96, and 0.956 

respectively. The best performance of the hybrid 

approach is further confirmed by the lowest RMSE 

and DIV values of 1.51 and 1.68 respectively. 

Again, the statistics indicate that the pansharpened 

image by the hybrid approach has maintained 

almost the spectral information as the input MS 

image. For instance, the CC, UIQI, RMSE, DIV, and 

SSIM of the proposed hybrid approach are 0.187, 

0.02, 2.17, 5.21, and 0.165 better than the second-

best fusion algorithm respectively. This 

demonstrates the high spectral resolution of the 

results obtained for the proposed pansharpening 

approach. The wavelet fusion algorithm ranked 

second in terms of retaining spectral information 

with CC, RMSE, and SSIM of 0.780, 3.68, and 0.791 

respectively. The GST approach performed the 

worst in terms of spectral improvement as indicated 

CC, RMSE, and SSIM values of 0.4, 5.512, and 

0.389 respectively. 

Another problem to be investigated is the 

computational load associated with each fusion 

algorithm. Table 5 shows the processing time in 

seconds during the fusion process. GST is the 

cheapest classifier with 0.86 seconds/km2. This is 

because the GST fusion algorithm adopts simpler 

computations as compared with the wavelet and 

hybrid approaches. Wavelet ranked the second with 

1.22 second/km2. Hybrid, on the other hand, is the 

most complex fusion algorithm with 1.31 

second/km2. However, it is still comparable with 

wavelet. 

 

4.4 Classification Accuracy 

The spectral reflectance characteristics of the 

pansharpened images have also been compared. 

Training samples describing the spectral signature 

for four LULC classes in each pan-sharpened image 

have been collected. In this regard, polygons of 

almost the same size have been manually digitized 

for buildings, roads, trees, and cultivated fields. As a 

result, three diagrams representing the DNs of 

classes have been generated for the red band, one 

diagram for each pansharpening approach as shown 

in Figure 7a, b and c. The GST pansharpened image 

may result in deteriorated classification results since 

trees are not represented in the diagram and 

cultivated fields are partially overlapped with class 

roads as shown in Figure 7a. For the wavelet fused 

image, a high degree of spectral similarities between 

trees and roads can be observed. Trees are 

completely overlapped with roads as shown in 

Figure 7b. On the other hand, the clear separation 

for DN values obtained for the hybrid fusion 

approach, Figure 7c indicates completely distinct 

training samples, which is essential for better 

classification. This analysis indicates the 

effectiveness of the proposed hybrid approach no 

matter in the spectral or spatial domain. 
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Figure 7: Spectral signatures of four training samples based on the red band: (a) GST; 

(b) wavelet; (c) hybrid approaches 

 
Figure 8: Classifications using the pansharpened images. (a) GST; (b) Wavelet; (c) Hybrid approaches 

 

Table 6: OA, PA, and UA of the classification results obtained for the hybrid, GST, and wavelet fused images. 

Bold values indicate the best and underlined values indicate the worst 
 

  Class Accuracy (%) Overall 

Accuracy 

(  %(  
Method Grass Roads Trees Buildings 

UA PA UA PA UA PA UA PA 

0.00 0.00 99.45 20.67 32.57 82.68 99.98 41.88 37.60 GST  

38.52 99.13 78.80 49.43 24.59 71.17 99.55 67.98 60.25 Wavelet 

6.08 75.94 74.31 71.70 33.72 31.25 100.00 73.82 66.67 Hybrid 

 

To assess the effectiveness of the proposed hybrid 

method, the pansharpened images have been used as 

inputs for the maximum likelihood classifier. To 

meet the objective, the overall accuracy OA has 

been assessed to validate the classification results 

for the three tested approaches as presented in Table 

6. The results indicate that the obtained images by 

the proposed hybrid method have resulted in the 

best classification accuracy with 66.67% OA, 

followed by the wavelet fused image with 60.25% 

OA. The GST fused image produced the worst 

classification result with an OA of 37.60%. The 

relatively low OA indicates that the GST fused 

images are unsatisfactory for classification 

purposes. On the other hand, most of the PA and 

UA values have also been improved, in most cases, 

when the hybrid-based fused image was applied as 

inputs for the maximum likelihood classifier.  

 

This investigation suggests that the hybrid fusion 

algorithm takes advantage of GST and wavelet 

fusion algorithms to achieve high quality 

pansharpened images. It is worth mentioning that, 

no single fusion algorithm has performed the best 

for all individual classes. A typical example is that 

the hybrid fusion results performed the worst for 

classification of trees with PA of 31.25%, and roads 

with UA of 31.25%. On the other hand, it 

outperformed the GST and wavelet for remaining 

classes. Thus, users should select the fusion 

algorithm that performs the best for a specific class. 

In term of applicability in real automatic analyzed 

image project in very massive materials, parallel 

processing units are needed since hybrid fusion 

requires relatively high computational complexities 

(Figure 8). 
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5. Conclusion 

This study proposed a FMV-based approach for 

combining PAN archival aerial photographs with 

MS IKONOS imagery. Extensive experiments 

indicated that the proposed approach performed the 

best in terms of spatial improvement and spectral 

preservation. In terms of spatial consistency, the 

average HCC values obtained for the GST and 

hybrid fusions are above 0.8 indicating strong 

correlations between the obtained images and the 

original high-resolution one. The wavelet fusion 

showed a lower HCC value of around 0.4. In terms 

of spectral information, the GST fusion resulted in 

spectral distortions with a blurry fused image. The 

wavelet fusion shows better spectral preservation 

than the GST approach. However, this comes at the 

expense of spatial enhancement. The hybrid fusion 

performed the best with higher CC, UIQI, and SSIM 

values, 0.967, 0.96, and 0.956 respectively, as well 

as lower RMSE and DIV values of 1.51 and 1.68 

respectively. Also, the processing time of the 

proposed fusion approach is slightly higher than the 

GST and wavelet approaches. This is because more 

sophisticated calculations have been involved for 

improved fusion results. On the other hand, the 

hybrid fusion has proved to be effective for LULC 

classification with 66.67% OA followed by the 

wavelet fusion with 60.25% OA. The GST fusion 

performed the worst with an OA of 37.60%. On the 

other hand, most of the class accuracies have also 

been improved with clear separation for DN values. 

As future work, more pansharpening algorithms 

have to be added to the hybrid system based on 

FMV in order to take advantage from their 

complementary characteristics. As well, the impact 

of image super-resolution on image pansharpening 

has to be investigated to yield better-fused images.  
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