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Accurate land use and land cover (LU/LC) classification is essential for
various geospatial applications, which demand high spatial and spectral
resolution imagery. This study investigates the efficacy of pan-
sharpening and hybrid data fusion techniques to enhance Landsat 9 and
Sentinel 2A imagery for LU/LC classification. The study aims to
compare the classification accuracy of different datasets using multiple
classifiers: Support Vector Machines (SVM) with various kernels,
Maximum Likelihood (ML), Artificial Neural Networks (ANN),
Mahalanobis distance, and Minimum Distance. Datasets encompassed
the Landsat (30 m) imagery, Landsat pan-sharpened to (15 m) and (10
m), Sentinel 2 pan-sharpened to (10 m), and the hybrid datasets that
combined the un-overlapping bands from both satellites at (10 m). The
results show a significant improvement in classification accuracy: from
82.28% for Landsat 30m to 89.91% for Landsat 10m and 91.55% for
the hybrid dataset using the linear SVM. The hybrid dataset
outperformed the individual Landsat and Sentinel 2 pan-sharpened
imagery, especially for spectrally overlapped features, demonstrating
the value of fusing the information from multiple sensors. SVM
classifier with the linear kernel are emerged as the most accurate and
robust classifier. This study concludes that pan-sharpening and hybrid
data fusion effectively enhance LU/LC classification accuracy. The
SVM classifier with the linear kernel is identified as a suitable choice
for this task, offering insights valuable for applications in diverse fields.
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Introduction

Land use and land cover (LU/LC) information is essential for a wide range of geospatial
applications including regional administration, urban planning, and environmental management
(Liu et al., 2017; Naji, 2018). However, to avoid confusion, it is essential to establish clear
distinctions between the terms (LU) and (LC), where LC refers to the biotic and abiotic
elements on the Earth's surface, encompassing categories such as forests, grasslands, water
bodies, urban areas, and more (Giri, 2012). On the other hand, LU relates to the activities or
purposes for which humans utilize the land (Lambin and Geist, 2008). Accurate mapping of
LC/LU is imperative to obtain pertinent information for these applications (Waldner et al.,
2015). Earth observation utilizes remote sensing, a critical data acquisition and analysis tool.
Remote sensing data's continuous availability has made it an initial pillar for understanding
Earth's dynamics. However, converting raw data into meaningful information through image
classification is a challenging task (Mountrakis et al., 2011), where the similarities in surface
spectral features aggravate the challenge of classifying images based on shared characteristics.
End-member extraction algorithms can be used as a powerful tool for classifying images based
on shared characteristics, even when the surface spectral features of the different classes are
similar (Naji and Hatem, 2017). This field has evolved in tandem with advances in artificial
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intelligence and computer vision, with pattern recognition, image classification, and feature
extraction forming the foundation of image processing systems (Canty, 2019; Hogland et al.,
2013). Traditional methods such as Maximum Likelihood (ML) classification and the
Mahalanobis distance algorithm have garnered widespread use. While ML classification hinges
on assumptions of normal distribution, equal covariance, and sufficient training samples
(Hogland et al., 2013; Pham et al., 2019), the Mahalanobis distance algorithm assumes equal
class covariance (Canty, 2019). Artificial neural networks (ANNSs) offer a flexible non-linear
classification approach, relying less on statistical distribution assumptions (Weng et al., 2007).
The Support Vector Machine (SVM), distinguished for its adeptness in handling nonlinear data
with limited samples, has emerged as a powerful candidate in pattern recognition (Abduljabbar
and Naji, 2020).

The spatial resolution of the data sets highly affects the LU/LC classification accuracy,
especially in heterogeneous regions (Murtaza and Romshoo, 2014), the increase in spatial
resolution by the mean of image fusion usually increases the classification accuracy
(Ghassemian, 2016). Image fusion is combining important details from two or more images
into a single image. The fused image resulting from image fusion techniques exceeds the quality
and scope of any individual input image (Muhsin and Salih, 2015). Increasing both spectral and
spatial resolutions is fundamental for refining mapping accuracy. The fusion of data from
diverse sensors demands careful execution to ensure co-registration and uniform pixel size
(Townshend et al., 1992). Pan-sharpening, a technique fusing high spatial resolution images
with images that have high spectral information, elevates both dimensions, although with
potential spatial or spectral distortions (Akula et al., 2012; Amro et al., 2011; Vivone et al.,
2014).

The Gram-Schmidt pan-sharpening algorithm is one of the most widely used and robust
pan-sharpening algorithms available (Klonus and Ehlers, 2009; Maurer, 2013). This algorithm
synthesizes a simulation panchromatic band from the original low-resolution multispectral
bands and employs transformations to yield high-resolution pan-sharpened multispectral bands
(Laben and Brower, 2000; Majed and Abduljabbar, 2022). The Scheme illustrated in Figure (1)
shows the Gram-Schmidt pan-sharpening process.
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Fig. 1. Gram-Schmidt pan-sharpening process (Pohl and Van Genderen, 2016)
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The primary aim of this study is to evaluate the effectiveness of pan-sharpening and data
fusion techniques in enhancing the classification accuracy and refining the quality of remotely
sensed imagery. This research seeks to demonstrate how these techniques can significantly
improve the ability to classify land cover while simultaneously enhancing the overall visual
clarity and precision of the acquired imagery. In addition, it is intended to provide critical
insights into the careful selection of classifiers and pan-sharpening algorithms, which depend
on the peculiarities of the dataset and the broader context of remote sensing applications, where
combining techniques stands as a potent approach toward extracting many insights from Earth
observation data.

A comprehensive literature review is essential to establish a firm foundation and identify
the most relevant research in remote sensing, pan-sharpening, and data fusion techniques and
their impact on classification accuracy.

In the sphere of satellite data exploitation, the studies by researchers (Mohammed and
Hatem, 2020) used Landsat 8 data to classify land cover in the Diyala River Basin, Iraq. They
used a random forest classifier to classify the data into six land cover classes: water, built-up,
vegetation, bare land, soil, and salt-affected land.

The researchers (Ali and Muhaimeed, 2016) used Sentinel-2 data to classify land cover
in Baghdad City, Irag. They used a support vector machine (SVM) classifier to classify the data
into seven land cover classes: water, built-up, vegetation, bare land, soil, salt-affected land, and
rock, the work conducted by researchers (Al-Rubiey, 2017; Hatem et al., 2021; Raheem and
Hatem, 2019) used the computation of overall accuracy based on the confusion matrix.

Existing literature presents a variety of methods for integrating data from different
satellite sources to improve classification accuracy. The goal is to create fused images with
higher spatial resolution. Notably, (Mateen et al., 2023) demonstrated the utilization ability of
Sentinel-2 and Landsat 8 (OLI) data. By capitalizing on compatible wavelengths and
geographic coordinate systems, the researchers successfully increased the spatial resolution of
the two satellites to 10 m for all bands. This improvement resulted in augmented accuracy in
supervised classification tasks, particularly obvious in the classification of features like the
Billion Trees Tsunami Forest.

The researchers (Mansourmoghaddam et al., 2022) evaluated the Sentinel-2, optical
Landsat-8, and their fused images' efficacy in enhancing the land cover (LC) map accuracy for
Yazd, Iran using the Gram-Schmidt technique, a primarily spatial fusion of Landsat-8 images
with Sentinel-2 images. Then, the Sentinel spectral bands (four 10m bands) were combined
with the fused Landsat's spectral bands in a new dataset. Resulting in four datasets (Landsat-8
30-m, Sentinel-2 10-m, spatially fused Landsat image (10 m), and spectral-spatial fused image
(Landsat 10 m + Sentinel 10 m), all classified applying the Maximum Likelihood (MLC)
method. The results revealed a substantial 10% increase in overall classification accuracy
compared to the initial unfused Landsat-8 image.

Similarly, (Sigurdsson et al., 2022) embraced a parallel approach by fusing data from
Sentinel-2 (S2) and Landsat 8 (L8) satellites. Their technique incorporated the Sentinel-2
Sharpening (S2Sharp) approach, involving the integration of spectral bands from Landsat 8 and
subsequently sharpening all bands to the data's maximum available resolution of 10 m. Their
evaluation of this modified method uses both authentic and simulated data. Also, (Muhsin and
Foud, 2012) employed four distinct fusion methods to enhance the multispectral imagery
captured by the Landsat 7 Thematic Mapper (ETM+) with its three bands (red, green, blue),
alongside the panchromatic image obtained via the SPOT satellite.
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Absalom and his coauthors (Bouslihim et al., 2022) compared the performance of pan-
sharpened Landsat 9 and Sentinel-2 imagery for land-use classification using machine learning
classifiers. They found that pan-sharpened Sentinel-2 imagery outperforms pan-sharpened
Landsat-9 imagery for land-use classification.

Researchers (Abduljabbar, 2017; Al-Rubiey, 2017; Drakonakis et al., 2022; Hafner et al.,
2021) have studied the fusion of data originating from diverse sensors. The fusion process
involves the integration of radar wave imagery and visible light imagery through advanced
methods, presenting a general perspective on data fusion's potential for comprehensive Earth
observation applications.

The researchers (Al-Jasim et al., 2022) showed that the increased difference in spatial
resolution between merged images reduces the color quality of the resulting merged image

Materials and Methods
Study site and data sources

Study site

The selected study site for this research is between (3669870 - 3699870) of latitudes, and
(427890 - 457890) of longitudes with an area of (900) square kilometers. The predominant
feature of the study area is Baghdad City, the capital of Irag. The city exhibits a high density of
urbanization, with limited green regions and bare land areas. The Tigris River runs through the
city dividing it into two parts and it merges with the Diyala River in the southern section
(Abdullah et al., 2023). The study area includes other geographic features such as smaller
tributaries, canals, and artificial lakes. Other parts of the study area predominantly comprise
agricultural regions having green areas with palm trees, wheat, barley, fodder crops, and various
orchards covering smaller areas. Urbanization in these regions is characterized by low
population density. The western part of the study area is Baghdad International Airport. The
elevation of the study area above sea level is approximately (31-39) m (Saleh, 2010). The land
use pattern in the study area is diverse. There are other land uses, such as industrial zones,
commercial districts, and transportation infrastructure. Figure (2 a, b, c) shows the original
scenes of Landsat 9 and Sentinel 2 projected on the Irag map, and the clipped study region,
respectively.

Data sources

The research utilizes satellite imagery from Landsat 9 OLI/TIRS C2 L2 and Sentinel 2A
MSI. The Landsat 9 OLI C2 L2 collection provides global surface reflectance products (Maciel
et al., 2023; Rahman and Robson, 2020). The satellite scene data extracted from the original
scene identified by LANDSAT PRODUCT ID = "LCO09 L2SP_168037_ 20230220
20230223 02_T1". The scene center time was recorded at "07:33:58.7530860Z".

The Landsat 9 satellite has two instruments: the Operational Land Imager 2 (OLI-2) and
the Thermal Infrared Sensor (TIRS-2). The (OLI-2) consists of 11 channels (dynamic range 14-
bit), the first seven channels being multispectral (visible, near-infrared, shortwave infrared)
registered at 30 m spatial resolution. The eighth band is the panchromatic, which has a
resolution of 15 m. TIRS-2 consists of two thermal infrared channels with a spatial resolution
of 100 m (Choate et al., 2022; Masek et al., 2020; Micijevic et al., 2022; Niroumand-Jadidi et
al., 2022; Woulder et al., 2022). The panchromatic band is downloaded from
LANDSAT_PRODUCT_ID ="LC09_L1TP_168037_20230220_20230221_02_T1" as it was
not included in the Level 2 bundles. All the data are collected from the OLI-2 sensor. The band
9 (Cirrus), and TIRS-2 bands are neglected in this work. Landsat data are downloaded from
https://earthexplorer.usgs.gov/.
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Fig. 2. (a), (b) Iragi country map with two scenes (Landsat 9, and Sentinel 2A respectively) for the study

site, (c) The clipped original Sentinel 2A (B4, B3, and B2) color composite of the study site by ENVI 5.6
program.

Sentinel 2A data are acquired from the European Union's Earth observation program
through https://scihub.copernicus.eu/. Sentinel 2A is equipped with the Multispectral Imager
(MSI), which consists of 13 channels with various spatial resolutions (10, 20, and 60 m) with
wavelengths covering the visible, near-infrared, and shortwave infrared spectrums. However,
Sentinel 2 has no panchromatic band (ESA, 2015; Wang et al., 2016). Level-2A (surface
reflectance, ortho-images in UTM/WGS84 projection) is available to users under a free and
open data policy (Aguilera, 2020; ESA et al., 2020).

The study region is extracted from the original scene with the ID:
S2A_MSIL2A 20230220T074941 N0509 R135 T38SMB_20230220T110210.

Both satellites are freely available worldwide and share the same geographic coordinate
system making it an excellent opportunity to combine these two types of satellite sensor data
(Wang et al., 2017).

Both datasets have undergone geometric correction ensuring accurate spatial
representation. Additionally, atmospheric correction has been applied to convert sensor
radiance to surface reflectance. These corrections performed by the data providers enhance
the reliability of the datasets. However, it’s important to note that the panchromatic band
(Band 8) of Landsat 9 is an exception and has not been atmospherically corrected.
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Table 1: The available Satellite Scenes Information

Satellite Scene Spatial Resolution Date Local Acquisition Time Scene Dimensions km?
Landsat9 OLI (30 and15) m 20 February 2023 10:33:58 900
Sentinel 2A (10, 20 and 60) m 20 February 2023 10:49:41 900

Methodology

The Sentinel-2A dataset and the Landsat 9 imagery are merged using the Gram-Schmidt
pan-sharpening technique to increase both the spatial and spectral resolutions.

First, a simulated panchromatic band is created by averaging the four Sentinel-2 bands
with a high spatial resolution of 10 m (B2, B3, B4, and B8) (Kaplan and Avdan, 2018).

Then, the spatial resolution of all other Sentinel-2 bands (20 and 60 m) is increased to 10
m using the simulated panchromatic band.

The Landsat panchromatic band (15 m) is used to increase the spatial resolution of the
Landsat multispectral (MS) bands to 15 m. These original MS Landsat bands (30 m) are then
pan-sharpened again using the simulated panchromatic band to achieve a resolution of 10 m.

Next, both Landsat and Sentinel-2 bands are uniformly resampled to a resolution of 10 m
and stacked together based on their wavelengths to produce a new dataset containing all the un-
overlapped wavelength bands of the two satellites.

Finally, these combined bands are pan-sharpened using the Gram-Schmidt algorithm to
achieve a unified spatial resolution of 10 m resulting in a hybrid dataset that effectively
enhances the spectral resolution (Mansourmoghaddam et al., 2022).

Five distinct datasets are selected for the classification process: Landsat 9 (30, 15, 10 m),
Sentinel 2A (10 m), and the Hybrid dataset (10 m). Four supervised classification algorithms
are used: minimum distance, maximum likelihood, Mahalanobis distance, artificial neural
networks, and support vector machine with four kernel functions (linear, polynomial, RBF, and
sigmoid). All classification algorithms are executed with their default configurations by the
ENVI 5.6 software.

The classification accuracy is assessed based on the overall accuracy (OA) (Eq.1)
calculations collected from the confusion matrix and training set (ROI). Overall accuracy
represents the total percentage of correctly classified pixels (Ahmad and Quegan, 2012).

Total number of correctly classified pixels

0A =

X 1009 =--n-rmmmmremmmmemmmnean -(Eqg. 1).

Total number of pixels

To select the training set (ROI-1) for performing the classification process, while (ROI-
2) is reserved for the evaluation of classification accuracy, the following steps are carried out:

1- The hybrid satellite dataset is used to identify the different land cover classes in the
study area.

2- High-resolution images from Google Earth and Esri are used to cross-reference and
validate the land cover classes, especially in areas where the satellite imagery is
unclear.

3- Field data are collected to discriminate between uncertain or changeable features,
such as agricultural areas and construction sites.

4- The training sets are collected using the pixel-based method, with single-pixel or
multi-pixel blocks used depending on the dimensions of the features.

5- Trial and error are used to improve the separability of the classes.
6- Several band combinations are used to designate uncertain features.
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7- To compare the classification results between different datasets and algorithms, the
same training set is used and re-projected on all datasets.
The flowchart in Figure (3) illustrates the steps of multi-sensor satellite image fusion and
the classification methods used in the study.
The resampling process and band math operation are performed using the SNAP 9.0.0
software. All other steps are performed using ENV1 5.6 software.
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Fig. 3. Flowchart of the proposed method

Results

The supervised classification of the Landsat 30 m dataset shows the lowest overall
accuracy among all the used datasets. However, it performs well in classifying spectrally
distinct and space-wide features like agricultural areas, barren lands, and large water bodies due
to its high radiometric resolution. It struggles to extract features with small geometric
dimensions, such as sub-roads and roads partially shadowed by buildings and trees, because
they are below the sensor's spatial resolution. The low spatial resolution leads to a decrease in
the overall accuracies of this dataset, and this is consistent with the results of researchers (Majed
and Abduljabbar, 2022; Roth et al., 2015; Toure et al., 2018).

The neural networks classifier achieved the highest overall accuracy of 82.86%. Support
vector machines also performed well with an accuracy of 82.28%, particularly when using the
linear kernel. In contrast, the Mahalanobis classifier had the lowest accuracy at 74.125%.
Thematic maps displaying the results from various classifiers can be observed in Figure (4)
representing this dataset captured by Landsat with a 30-meter resolution.
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Fig. 4. Classification results of Landsat 30 m dataset; (a) Original image, (b) SVM (Sigmoid), (c) SVM
(RBF), (d) SVM (Poly), (e) SVM (Linear), (f) ANN, (j) Minimum distance, (h), ML, and (i) Mahalanobis.

The classification results of the second dataset, LS (15 m) are presented in Figure (5). In
this case, the spectral resolution remains unchanged, while the spatial resolution increases from
30 m to 15 m. This boost in spatial resolution leads to a noticeable improvement in overall
accuracy (OA) for all classifiers except for the ANN classifier, which shows a slight decrease
in OA. Among the classifiers, the SVM classifier with the linear kernel exhibits the highest
increase in OA achieving 87.26% with a gain of 4.98%. Notably, several classes demonstrate
significant enhancements in producer's accuracies, including bare land 2, salty lands, deep
water, and bare land 3, with improvements of 10%, 9%, 8%, and 6% respectively. However,
certain classes such as shadowed and bare lands 1 experience reductions in producer's accuracy,
with decreases of 6% and 2.5% respectively. Despite these reductions, the overall trend
demonstrates substantial improvements in OA and producer's accuracies due to the increased
spatial resolution.
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Fig. 5. Classification results of Landsat 15 m dataset; (a) Original image, (b) SVM (Sigmoid), (c) SVM
(RBF), (d) SVM (Poly), () SVM (Linear), (f) ANN, (j) Minimum distance, (h), ML, and (i) Mahalanobis.

Enhancing the spatial resolution of the LS dataset to 10 m (Fig. 6) results in significant
improvements in OA for all classifiers ranging from 4.9% to 7.6%. The highest OA of 89.91%
is achieved by utilizing the linear kernel of the SVM classifier. These findings are consistent
with previous research reported by (Mateen et al., 2023), who observed improved land cover
classification OA by fusing Sentinel-2 and Landsat-8 images using a Gram-Schmidt algorithm.
(Mansourmoghaddam et al., 2022) also found that integrating Landsat 8 data with the 10 m
Sentinel-2 bands can increase land cover classification accuracy by up to 10% compared to
using the original Landsat 8 dataset. The improvement in separability is particularly notable for
small-sized features such as branch roads, small resident units, bare lands between residents,
and building shadows. The enhanced spatial resolution enables the classifiers to more
effectively capture of the spectral signatures of these fine-grained features. This observation is
consistent with the findings of (Sigurdsson et al., 2022), who reported enhanced accuracy in
classifying small features by fusing Landsat-8 and Sentinel-2 images using the S2Sharp
approach. However, there were slight decreases in classification user's accuracies for larger-
scale features, primarily due to false classifications occurring near the boundaries of these
classes. These minor inaccuracies may be attributed to spectral distortions resulting from the
pan-sharpening process. This notion is supported by the findings of (Al-Jasim et al., 2022), who
found that increasing in spatial resolution difference between merged images degrades the color
quality of the resulting merged image.
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Fig. 6. Classification results of Landsat 10 m dataset; (a) Original image, (b) SVM (Sigmoid), (c) SVM
(RBF), (d) SVM (Poly), () SVM (Linear), (f) ANN, (j) Minimum distance, (h), ML, and (i) Mahalanobis.

The (SENT 10 m) dataset (Fig. 7) is a fusion of data from Sentinel 2A, incorporating
bands with different spatial resolutions (10, 20, and 60 m). These bands are pan-sharpened using
the synthetic panchromatic band, resulting in a dataset with high spectral and spatial resolutions.
The classification results demonstrate excellent overall accuracy (OA) across all classifiers. The
linear kernel of the SVM classifier stands out as the top performer, achieving an OA of 92.42%,
while the minimum distance classifier exhibited the lowest classification results at 83.06%.

This dataset's strength lies in its capability to offer valuable insights by leveraging a large
number of well-registered bands (12 bands) to enhance the accuracy and comprehensiveness of
classification results. All bands are accurately registered, meaning they have the same
georeferenced information and field of view due to being acquired from the same platform.
These results are consistent with the findings of Bouslihim et al. (2022), who attributed the
superior performance of Sentinel-2 imagery to its high spatial resolution and a wider range of
spectral bands compared to Landsat-9. The authors conclude that Sentinel-2 imagery
outperformed Landsat-9 imagery in land cover classification using machine learning classifiers.
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Fig. 7. Classification results of (SENT 10 m) dataset; (a) Original image, (b) SVM (Sigmoid), (c) SVM
(RBF), (d) SVM (Poly), (e) SVM (Linear), (f) ANN, (j) Minimum distance, (h), ML, and (i) Mahalanobis.

Figure (8) illustrates the hybrid dataset resulting from the fusion of Sentinel 2A and
Landsat 9 data highlighting the significance of data fusion. Through pan-sharpening, these
datasets are harmonized, effectively combining their spatial and spectral attributes into a unified
dataset. The classification accuracy of the hybrid dataset proves to be competitive, with the
SVM classifier's linear kernel leading with an overall accuracy (OA) of 91.55% as indicated in
Table (2) and Figure (10). This dataset does not only showcase the effectiveness of the SVM
classifier but also demonstrates the potential benefits of synergistically integrating information
from multiple sources. This comprehensive approach to data integration enables a deeper
understanding of land cover dynamics, thus benefiting various geospatial applications.

Furthermore, the hybrid dataset successfully enhances the discrimination between
spectrally overlapped classes like shadowed regions and water bodies as well as different types
of vegetation regions. However, it is noted that improving co-registration between the original
data sources could further enhance the classification results of this dataset. Authors such as
(Ehlers et al., 2010) and (Langheinrich, 2014) emphasize the importance of co-registration in
data fusion since even minor misalignments can significantly degrade the quality of the fused
image.
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Fig. 8. Classification results of the (hybrid) dataset; (a) Original image, (b) SVM (Sigmoid), (c) SVM
(RBF), (d) SVM (Poly), (e) SVM (Linear), (f) ANN, (j) Minimum distance, (h), ML, and (i) Mahalanobis.

The hybrid dataset significantly improves land cover classification accuracy, especially
for sub-road extraction, small green regions, and palms. The hybrid dataset also reduces
classification errors that can occur when using the original datasets individually such as the
misclassification of waters as shadow areas. The classifier that deals with Sentinel data
occasionally misclassifies waters as shadow areas. Figure (9) displays the improvement in the
ability to distinguish and separate between various classes in different datasets for selected parts
of the study site, particularly sub-road extraction, small green regions, and palms. As example,
two samples are sharply contoured in the pan-sharpened dataset of (10 m) (d, e, and f), which
are not clear in the dataset with (30, and 15) m (b and c), such as the boundaries of the People's
Stadium which is located in the lower-left section (indicated by the yellow square), and the
memorial structure (Martyr structure) in the upper central part of the clipped region (indicated
by the black square).
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Fig. 9. (a) Sample area of the original dataset, (b) LS 30 m, (c) LS 15 m, (d) LS 10 m, (e) Sent 10 m, (f)
hybrid 10 m) the classified dataset, to show the changes in classification accuracy for the selected area

The comprehensive results of this study as detailed in Table (2) and Figure (10)
emphasize the effectiveness of pan-sharpening and data fusion techniques in enhancing spatial
resolution and improving classification performance in remote sensing imagery. It’s crucial to
thoughtfully select the classifier and pan-sharpening algorithm considering the unique
characteristics of the dataset and the context of the application.

This research illustrates the potential benefits of combining diverse remotely sensed data
sources to enrich Earth observation applications. The hybrid dataset with its expanded range of
available bands provides numerous band combinations facilitating the selection of training data
and distinguishing between the classes with similar spectral signatures.

These findings offer valuable insights into the practicality and advantages of pan-
sharpening techniques and data fusion in remote sensing applications promoting further
exploration in this field. Researchers can utilize this information to effectively select the optimal
band combination tailored to their specific remote sensing tasks.

However, it’s important to acknowledge that minor co-registration mismatches between
the original datasets can lead to some misclassifications in the study area. The quality of pan-
sharpened satellite images decreases periodically and linearly with increasing co-registration
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errors (Langheinrich, 2014). Differences in the fields of view between satellites, and potential
distortion in spectral and spatial attributes of the fused data, may be a result of inherent
limitations in the fusion algorithm (Mansourmoghaddam et al., 2022; Rahimzadeganasl et al.,
2019). For land cover classification tasks, particularly when using pan-sharpened and fused
imagery, the SVM’s linear kernel is often a suitable choice. This is because the linear kernel is
relatively straightforward and efficient to train, and it is adept at handling high-dimensional
data. Moreover, the linear kernel is less susceptible to overfitting compared to other kernels,
such as the RBF kernel (Bouslihim et al., 2022).

Table 2: Overall accuracy percent of the different supervised classification algorithms

Data Linear Poly RBF Sigmoid ML ANN Mahalanobis  Min distance
LS30m 82.28%  81.43% 81.46% 81.46% 78.82% 82.86% 74.13% 74.44%
LS15m 87.26%  86.26% 86.19% 84.10% 80.75%  81.22% 76.56% 79.14%
LS10m 89.91%  88.98% 88.96% 87.27% 82.77% 87.72% 80.09% 82.41%

SENT10m 9242%  89.99% 89.99% 89.43% 86.68%  90.23% 83.75% 83.06%

hybrid 91.55%  89.40% 89.45% 88.11% 84.89%  88.51% 84.33% 83.00%
over all accuracy
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Fig. 10. Classification accuracy of the supervised classification algorithms.

Conclusions

This research evaluates how using pan-sharpened and fused data from Sentinel-2A and
Landsat-9 satellites influences the precision of land use/land cover (LU/LC) classification. A
panchromatic band is synthesized to enhance spatial resolution by averaging four bands with
10 m resolutions from the Sentinel-2 satellite. This synthesized band is then used in the pan-
sharpening process for the remaining Sentinel-2 satellite bands (20 and 60 m) as well as for
sharpening the Landsat-9 satellite bands (30 m). This increases the spatial resolution of both
satellites to 10 m. The study finds that this increase in the spatial resolution significantly
improves classification accuracy, especially when distinguishing features with small spatial
dimensions compared to the original satellite resolutions. Furthermore, augmenting spectral
resolution by integrating spectrally non-overlapping bands from both satellites into a hybrid
dataset led to noticeable improvements in differentiating classes with overlapping spectral
signatures. The study employed several supervised classification algorithms with the support
vector machine (SVM) algorithm, particularly the linear kernel, yielding the highest result in
most cases. This is because this kernel is less likely to overfit and can better generalize to unseen
data. The study’s findings have potential applications in various geospatial fields, such as urban
planning, environmental monitoring, and disaster management. For instance, the enhanced
classification accuracy achieved using composite data from multiple satellites could be used to
create more detailed and informative land cover maps to aid decision-making processes in these
areas.

To further improve generalization and minimize errors, future work could consider
using another pan-sharpening algorithm such as a wavelet-based algorithm, and a larger number
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of ground control points to reduce the error rate in joint registration. Additionally, fusing images
from other satellites and study areas could further improve the generalization of the results.
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