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ABSTRACT

Pansharpening aims to improve the spatial resolution of multispectral (MS) images while maintaining
their spectral properties, which is very important for military reconnaissance, environmental
monitoring, urban planning, and other fields that require high-resolution remote sensing data. With
the continuous development of global satellite technology, various new types of sensors have
emerged, and the data obtained from different sensors provide valuable resources for scientific
research. The fast imager GHI on board the Fengyun-4B star (FY-4B) provides 250m panchromatic
(PAN) images and 500m MS images. In order to obtain the desired images at the highest spatial
resolution, fusion of the original MS images with the high spatial resolution PAN images using
pansharpening techniques to generate high-resolution multispectral images is a feasible way. In this
paper, nine commonly used pansharpening algorithms are used to perform synthetic and real
experiments on GHI data, and the SFIM method demonstrates excellent performance in both visual
and various quantitative metrics evaluations, which are able to accurately retain the spectral
properties of the original images while improving the spatial resolution of the images.
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1. INTRODUCTION

The fast imager on board FY-4B is the world's first day-night high-frequency imaging instrument,
capable of providing continuous observation of a 2000 km > 2000 km area at 1-minute intervals
across multiple spectral bands. This flexibility and precision enhance the monitoring of typhoons,
heavy rainfall, and mesoscale hazardous weather events. Satellite sensors like GHI, due to their
unique advantages in design, can capture multiple spectral bands with different spatial resolutions.
The main advantage of these sensors lies in their ability to record all spectral bands nearly
simultaneously, effectively avoiding issues caused by temporal variations and ensuring consistent
lighting and atmospheric conditions. Furthermore, the observation directions of all bands remain
nearly the same, resulting in very high co-registration accuracy between the bands. However, due to
various physical and technical limitations of different sensors, achieving both high spatial and spectral
resolution images with a single sensor is not feasible [1]. This is primarily due to three reasons: first,
limitations in storage and transmission bandwidth; second, improving the signal-to-noise ratio of
certain bands through increased pixel size; and third, some bands are designed for specific purposes
and do not require high spatial resolution, such as those used for atmospheric correction. Nevertheless,
there is still a desire to obtain all bands at the highest spatial resolution, which raises the question: is
it possible to use pansharpening techniques to enhance the spatial resolution of remote sensing images
while preserving the spectral information of the original remote sensing images, thereby supporting
more detailed and accurate information extraction? Pansharpening technology plays a crucial role in
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key areas such as environmental monitoring, land resource utilization, precision agriculture, urban
planning, and military reconnaissance [2].

Currently, many pansharpening algorithms have been developed. Some methods excel in preserving
spatial resolution, while others prioritize spectral resolution, giving them a comparative advantage.
However, there is always a trade-off between the two. Currently, common pansharpening methods
can be classified into two types: component substitution (CS)-based methods and multi-resolution
analysis (MRA)-based methods.

2. PANSHARPENING METHODS

2.1. Pansharpening Theory

Pansharpening methods combine the spectral information of low-resolution MS images with the
geometric information of high-resolution panchromatic images, resulting in a high-resolution MS
image [3]. Pansharpening is the fusion of different images, characterized by a better description of
certain objects under different conditions. Therefore, it is not necessary to individually consider the
limitations of each image. This is an important task in the field of remote sensing data fusion, which
combines three or more low-resolution MS images with a high-resolution panchromatic image to
provide more accurate and higher-quality color images [4]. Pansharpening technology is a vital step
in satellite image processing, as the fused images not only retain the advantageous information in
terms of spectral, spatial, and temporal resolutions but also address the deficiencies of single sensor
images in these aspects.

2.2. CS-based Methods

CS-based methods are the simplest and most widely used techniques in the series of pansharpening
methods. The core idea is to transform the MS image into a new space based on spectral variations
and then use the PAN image to replace the spatial components, followed by applying an inverse
transformation to obtain the pansharpened image. Typical CS-based methods include brovey
transformation (Brovey)[5], intensity-hue-saturation (IHS) [6], principal component analysis (PCA)
[7], Gram-Schmidt (GS) [8], Gram-Schmidt adaptive (GSA) [9], and partial replacement adaptive
component substitution (PRACS) [10]. These methods approximate the PAN image through linear
combinations of MS bands, and the pansharpening performance largely depends on the definition of
the weights. Therefore, these methods can effectively retain the high spatial quality of the fused image
but are prone to spectral distortions, especially when the correlation between the PAN image and the
MS image is low, often resulting in unstable performance of CS-based methods.

2.3. MRA-based Methods

MRA methods address the pansharpening problem from a spatial perspective, injecting spatial details
generated from the multi-resolution decomposition of the PAN image. These methods utilize
techniques such as curve transforms, Laplacian pyramids, or wavelet transforms to decompose both
the MS image and the PAN image into multiple scales. They then extract the spatial information from
the PAN image at a specific scale and inject it into the corresponding scale of the MS image
decomposition, ultimately generating the fused image through an inverse transformation of the
decomposition process. Typical MRA-based methods include high-pass filter (HPF) [11], Wavelet
Transform (Wavelet) [12], smoothing filter based on intensity modulation (SFIM) [13], the GLP
based on Gaussian filters matches the MTF of an MS sensor (MTF-GLP) [14], and MTF-GLP with
HPM (MTF-GLP-HPM) [15]. Usually MRA methods maintain the structural integrity of the original
PAN image during the downscaling process, they often provide better spectral fidelity performance
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compared to CS-based methods. However, due to aliasing effects, they may cause severe spatial
distortion.

2.4. Quality Metrics Based on Reference Images

2.4.1. Peak Signal-to-Noise Ratio (PSNR)

Peak Signal-to-Noise Ratio is a widely used measurement method for assessing image spatial quality.
It is calculated by dividing the number of gray levels in the image by the same pixel values in the
reference image and the fused image. A higher PSNR value indicates less image distortion, indicating
a better fusion effect. The calculation formula is as follows:
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In the formula, L represents the number of gray levels; M and N are the length and width of the
image, respectively; and F;; and F.; represent the gray values at coordinates (i,j) for the
reference image and the pansharpened image, respectively.

2.4.2. Structural Similarity (SSIM)

The structural similarity index is used to determine the structural similarity between the fused image
and the reference image. The greater the value of the structural similarity index, the better the
structural similarity, indicating a better fusion effect. The calculation formula is:
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In this formula, m, and m are the means of the reference and fused images, respectively; s,
represents the covariance of the reference and fused images; s and s, are the standard deviations
of the reference and fused images, respectively. The values of the structural similarity index range
from -1 to +1; the closer the value is to +1, the more similar the fused image is to the reference image,
indicating a better fusion effect.

2.4.3. Spectral Angle Mapper (SAM)

The spectral angle mapper is used to measure the degree of spectral distortion between the fused
image and the reference image. It is defined as the angle between the spectral vector of the fused
image and the spectral vector of the reference image at the same pixel. The smaller the spectral angle,
the less distortion there is between the fused image and the reference image, indicating a better fusion
effect. Conversely, a larger spectral angle indicates greater distortion between the fused image and
reference image, leading to a poorer fusion effect. The calculation formula is:

XX
SAM(X,,X,)= arcos[Wj (3)

Here, X, and X, represent two spectral vectors. The average SAM value across all images provides
a global measure of spectral distortion, with an ideal value of 0 for a perfectly fused image.
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2.4.4. Relative Global Error (ERGAS)

Relative Global Error is a commonly used global quality index that assesses the quality of the fused
image. A smaller ERGAS value indicates greater similarity between the fused image and the reference
image, reflecting better spectral fidelity and fusion effect. The calculation formula is:

k|1 &(RMSE(B)Y
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In this formula, h and I represent the spatial resolutions of the panchromatic and multispectral
images, respectively; RMSE( B.) Is the root mean square error between the fused image and the
reference image for thei th band; M ( Bi) represents the average radiance of the original MS band; and
N is the number of fused bands.

2.4.5. Correlation Coefficient (CC)

The correlation coefficient is a widely used metric for measuring the quality of image fusion,
reflecting the similarity of spectral characteristics between the fused image and the reference image.
When the absolute value of CC is close to 1, it indicates better spectral fidelity of the fused image,
resulting in a superior fusion effect. It is defined as:
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In this expression, W and h indicate the width and height of the image, respectively; m, and m
represent the means of the reference image and the pansharpened image, respectively. The range of

CC is from -1 to +1, with an ideal value being +1.
2.4.6. Root Mean Square Error (RMSE)

Root Mean Square Error evaluates the differences between the fused image FF and the reference
image PP by calculating the variation of pixel values. The smaller the RMSE value, the better the
fusion effect. The calculation formula is:

M, N

| 2
RMSE = F..—-P. 6
\/MIN[ g%( (i.j) (17/)) ( )

In this formula, M and N are the length and width of the images, respectively; Fi; and P are
the gray values at coordinate (i, j) for the reference image and the pansharpened image, respectively.

2.5. No-Reference Image Quality Metrics (QNR)

No-reference image quality metrics (QNR) are used to evaluate the pansharpened image based on the
levels of spatial and spectral distortion in the absence of a reference image. The calculation formula
is:

QNR=(1- D))" (1- D)’ 7)
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Where @ and b are weighting coefficients. D, and D, are distortion indices for spectral and
spatial aspects, respectively. Smaller indices D, and D indicate that the pansharpened full-

resolution MS image has less spectral and spatial distortion. QNR is a composite index, and a higher
QNR value indicates better quality of the pansharpened full-resolution MS image.

3. EXPERIMENT AND ANALYSIS

In this section, we conducted experiments using nine Pansharpening methods: Brovey, IHS, PCA,
GS, GSA, Wavele, MTF_GLP, MTF_GLP_HPM, and SFIM, on a GHI image collected on January
30, 2023. The GHI image is located in the North China Plain and Bohai Sea area, consisting of a
250m PAN image and the first three bands of the 500m MS image. To thoroughly evaluate the
performance of the nine methods, we designed both synthetic (low-resolution) experiments and real
(full-resolution) experiments.

3.1. Synthetic Experiment

In the synthetic experiments, to ensure the presence of a true reference image, the GHI data comprised
a 250m PAN image and the first three bands (B1, B2, B3) of the 500m MS image, which were
upsampled by a factor of 2 using a point spread function (PSF), resulting in a 500m PAN image and
a1000m MS image. By using different downscaling methods on the 500m PAN image and the 1000m
MS image after Pansharpening, we produced a 500m Pansharpened MS image that could be
objectively evaluated against the original 500m MS image, effectively using the original 500m MS
image as the reference.

Figure 1 shows the Pansharpened true-color results (displayed in a B3, B2, B1 band combination) of
the GHI data after downscaling the enlarged MS image from 1000m to 500m using various
Pansharpening methods. From the Pansharpened results, it is evident that all methods effectively
improve spatial resolution, but the CS-based methods (Brovey, IHS, PCA, GS) exhibit significant
spectral distortion. The Pansharpened results of Brovey, IHS, and GS show darker colors in land and
cloudy areas compared to the reference MS image, while the colors appear brighter in the sea areas.
In contrast, the PCA method shows brighter colors in land and cloudy areas when compared to the
reference MS image, which is the opposite of the first three methods. The GSA method, among the
CS-based methods, is the closest to the reference MS image in color and shows less spectral distortion.

Compared to the CS-based methods, the four MRA-based methods (Wavele, MTF_GLP,
MTF_GLP_HPM, and SFIM) maintain the spectral characteristics of the MS images well, exhibiting
less spectral distortion. Figure 2 presents the absolute difference residual images obtained by
subtracting the Pansharpened MS images from the reference MS image shown in Figure 1, with the
mean residual DN value calculated for each method in the title section. From Figure 2, it is evident
that the four methods (Brovey, IHS, PCA, GS) have more high-value regions in the sea and cloudy
areas, indicating greater spatial information loss and spectral distortion. The GSA method shows
some high-value regions over the sea, indicating less spatial information loss and spectral distortion.
Wavele, MTF_GLP, and MTF_GLP_HPM follow, with SFIM demonstrating the least spectral
distortion. Furthermore, the SFIM method has the smallest mean residual DN value of 6.2243,
indicating relatively lower spectral distortion and spatial detail loss compared to the other methods.
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Figure 1. Pansharpened MS results of each method in the synthetic experiment compared with the
1000m MS image and the 500m PAN image.
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Figure 2. Residual images of the nine pansharpening results from GHI data compared with the
original MS image in the synthetic experiment.
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Distinguishing the subtle differences between the Pansharpening results of the nine competing
methods through visual inspection alone is challenging, especially when two methods perform
similarly. In Table I, we employed six reference-based quality metrics to validate the Pansharpened
MS images, marking the ideal values for each method in the second row. PSNR can verify the quality
of spatial information in the fused image, reflecting whether noise has been suppressed in the
Pansharpened image; a higher PSNR value indicates more information is retained post-fusion,
representing better fusion quality. SSIM, SAM, CC, and RMSE are metrics that reflect the spectral
information of the Pansharpened result images. ERGAS evaluates the global information of the
Pansharpened result images. The results shown in Table | indicate that the quantitative evaluation is
consistent with the visual comparison: the CS-based methods generally performed worse across all
metrics compared to the MRA-based methods, although the GSA method performed remarkably well
among the CS methods. Meanwhile, the SFIM method outperformed all others across the six metrics.
This indicates that the Pansharpening results from the SFIM method have superior capabilities in
retaining spatial and spectral information compared to the other methods when applied to the GHI
data.

Table 1. Quantitative assessment of pansharpening results for GHI data in the synthetic experiment.

PSNR SSIM SAM ERGAS CcC RMSE
Ideal +00 1 0 0 1 0
PCA 42.7127  0.9940 0.0472 2.4577 0.9975 29.9655
Brovey 48.0362  0.9949 0.0045 1.3350 0.9969 16.2346
IHS 48.1029  0.9949 0.0051 1.3300 0.9969 16.1104
GS 48.1065  0.9950 0.0052 1.3299 0.9970 16.1038

MTF_GLP 48.5244  0.9926 @ 0.0039 1.2627 0.9973 15.3473
MTF_GLP_HPM 48.6768  0.9927  0.0040 1.2415 0.9974 15.0805

Wavelet 49.4164  0.9929  0.0062 1.1417 0.9977 13.8496
GSA 50.8619  0.9954  0.0044 0.9713 0.9984 11.7262
SFIM 51.1812  0.9957  0.0043 0.9331 0.9985 11.3030

Bold values indicate the most accurate result in each case.
3.2. Real Experiment

In the real experiment, the 250m PAN image from the GHI data was used to pansharpen the 500m
MS image down to 250m, generating full-resolution MS images using various pansharpening
methods. Following this strategy, there was no 250m reference MS image available to validate the
pansharpening results of the GHI data. Therefore, we have listed the values of the nine methods on
the no-reference image quality assessment metric QNR in Table 11.Based on the results in Table II,
the real experiment yielded results similar to the synthetic experiment: the pansharpening results
based on MRA methods generally performed better than those based on CS methods. However, the
GSA and Wavelet methods did not perform well in the real experiment, while the SFIM method
exhibited the highest QNR value, indicating that SFIM still has superior capabilities in retaining
spatial and spectral information compared to other methods in the real experiment.Figure 3 shows the
results of the full-resolution MS image pansharpened to 250m using the SFIM method in comparison
with the 500m MS image and the 250m PAN image. It is clear that the full-resolution MS image
obtained using the SFIM method appears visually clearer, and its spectral properties have been
accurately preserved.
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Table 2. Quantitative assessment of pansharpening results for GHI data in the real experiment.
Brove IHS GS PCA Wavele GSA MTF_GL MTF_GLP_HP SFIM

y t P M
QON 0915 00916 0924 00924 09483 0.950 0.9724 0.9729 0.981
R 2 1 1 5 2 5

Bold values indicate the most accurate result in each case.

500m MS 250m PAN

Figure 3. Comparison of the full-resolution MS results after pansharpening using the SFIM method
with the 500m MS image and the 250m PAN image in the real experiment.

4. CONCLUSION

This study comprehensively evaluated the performance of nine pansharpening algorithms for GHI
data from the FY-4B satellite's rapid imaging sensor. Through synthetic and real experiments on GHI
images, we explored the capabilities of different algorithms in enhancing spatial resolution and
preserving spectral properties. The experimental results demonstrated that methods based on MRA
generally outperform those based on CS, with SFIM algorithm showing the best performance. The
SFIM algorithm exhibited exceptional performance in both visual and quantitative assessments; it not
only effectively enhanced the spatial resolution of images but also maintained spectral properties well.
Additionally, it achieved the highest value in the no-reference image quality metric QNR, further
confirming its superiority in real experiments. Overall, the SFIM algorithm provides high-quality
pansharpening results for FY-4B GHI imagery, meeting the application demands of high-resolution
remote sensing data in fields such as weather analysis and forecasting, as well as environmental and
disaster monitoring.
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