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Abstract

This study investigates the impact of spatial resolution enhancement on supervised
classification accuracy using Landsat 9 satellite imagery, achieved through pan-
sharpening techniques leveraging Sentinel-2 data. Various methods were employed to
synthesize a panchromatic (PAN) band from Sentinel-2 data, including dimension
reduction algorithms and weighted averages based on correlation coefficients and
standard deviation. Three pan-sharpening algorithms (Gram-Schmidt, Principal
Components Analysis, Nearest Neighbour Diffusion) were employed, and their efficacy
was assessed using seven fidelity criteria. Classification tasks were performed utilizing
Support Vector Machine and Maximum Likelihood algorithms. Results reveal that
specific synthetic PAN bands, notably PAN10, PAN2, and PAN9, demonstrate superior
performance in image fusion and classification tasks. This study underscores the
significance of selecting fusion algorithms and panchromatic bands tailored to
applications, with Support Vector Machine classifiers showcasing resilience across
diverse fusion methods. Even though the PAN8 band has exhibited lower overall
accuracy, it is helpful in effectively delineating some land cover classes.
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1. Introduction

Land use and land cover (LULC) information is paramount in various geospatial
applications, such as regional administration, urban planning, and environmental
management [1, 2]. The LULC is critical for comprehending the intricate interplay between
humans and their environment. Land Cover encompasses the physical attributes of the Earth's
surface, including vegetation, soil, and water, while Land Use delineates human activities and
purposes for utilizing the LC [3]. Developing accurate maps of LULC classification is vital
for collecting valuable information about these applications [4-6].

In this era, remote sensing data has become one of the most important sources of
information about the earth’s cover by various satellite platforms due to its availability and
continuity [7].

The Landsat program, known for its long-standing history, has significantly impacted
Earth observation with its continuous imaging program from space. Landsat-9, equipped with
(OLI-2), captures a high dynamic range (14-bit) and the Thermal Infrared Sensor (TIRS).
This enhanced radiometric resolution of OLI-2 provides higher sensitivity, opening new
frontiers in the field and facilitating global mapping [8-11].

The Sentinel-2 mission aimed to provide high spatial resolution wide-swath satellite data
for diverse applications and complement other missions. It shares similar wavelengths and
the same geographic coordinate system with Landsat data, making it an excellent opportunity
to combine these two types of satellite data [12, 13]. All Landsat Sentinel-2 data are available
to users under the free and open data policy [14, 15]; one of the drawbacks of the sentinel-2
satellites is that they lack the panchromatic (Pan) band [16].

The panchromatic (Pan) band is usually recorded with the maximum spatial resolution
allowed by the satellite sensor and the transmission’s ability of the data link, so it provides a
detailed geometric feature. On the other side, the multispectral (MS) bands are collected with
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a lower spatial resolution (half or quarter of resolution) due to the constraints of signal-to-
noise ratio and the transmission ability of data link, with higher spectral resolution [17].

Increasing both spectral and spatial resolutions is fundamental for refining mapping
accuracy. However, fusing remote sensing data collected using different sensors is
challenging [18]. Several requirements must be achieved, and the fusing should be carefully
performed, pixel size must be unified, and images should be co-registered [19, 20].
Integrating multi-sensor images by fusion can provide higher-quality images than those from
one platform [21, 22]. In contrast to the challenge of fusing data from multiple sensors, pan-
sharpening with a single sensor does not require image-to-image registration [23]. The MS
bands fused with PAN bands to enhance the spatial resolution using the pan-sharpening
process, which is essential in many mapping and remote sensing applications [17, 24, 25].

The component substitution (CS) algorithms family comprises many widespread pan-
sharpening methods [26], including the Gram-Schmidt method (GS) and the principle
component method (PC) [27]. One of the most widely used algorithms is the Gram-Schmidt
method. It performs better than most pan-sharpen methods in enhancing image sharpness and
reducing color distortion [22, 28]. The principal component analysis PC rotates multispectral
data into principal components, replacing the first PC with the PAN band to enhance image
sharpness and spectral information in subsequent PCs. It executes a multidimensional
coordinate system rotation to convert the original inter-correlated bands into a new set of
uncorrelated PCs [29, 30]. The nearest-neighbor diffusion (NN) is a multi-resolution analysis
(MRA) method that employs a weighted linear combination of various bands in the
neighboring pixels.to enhance spatial details while maintaining spectral quality [31, 32].

In this work, three data-dimensional reduction methods were employed to extract
synthesized panchromatic (PAN) bands from the four (10 m) Sentinel-2 bands, along with
selecting individual bands, the average of the four bands, and the weighted average of the
four bands depending on the correlation coefficient (r) between Landsat-9 bands and the four

Sentinel-2 bands and the standard deviation (s) values of the Sentinel 2 bands.

Dimensionality reduction converts the data into a lower-dimensional space. It is a helpful
way to remove unnecessary variation in the data and extract lower dimensions [33], such as
the analysis of the independent components (ICA), the non-negative matrix factorization
(NMF), and Gram -Schmidt transformation (GST) [34-36]. Several metrics were used to
assess the fused image quality, including root mean square error (RMSE) [37, 38], spectral
angle mapper (SAM)[39], relative global-dimensional synthesis error (ERGAS) [40] Peak
signal-to-noise ratio (PSNR)[41-43], correlation coefficient (r), structural similarity index
(SSIM) [44], and universal image quality index (UIQI) [45]. These indicators have been
widely used to evaluate the performance of the data fusion algorithms.

Satellite image classification is one of the main tasks of remote sensing applications.
Remote sensing image classification accuracy is enhanced when several data sources are used
in the processing [46]. Indeed, due to the similarity in spectral characteristics among different
surface types [47], the utilization of powerful classification algorithms becomes essential.
Support vector machine (SVM) is a popular nonparametric supervised machine learning
algorithm for digital image classification because it can deal with nonlinear classification
situations using a small number of samples [48, 49]. The SVM approach is a statistical
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learning theory. This technique determines the location of decision boundaries, which creates
the best separation of the image classes [50, 51]. Compared with many existing classifiers,
the SVM classifier can attain competitive results using small training samples [52, 53]. This
characteristic is essential for precision classifications, as acquiring ground truth data proves
costly, daunting, and time-consuming, necessitating field surveys and laboratory experiments
[53]. The maximum likelihood (ML) classifier, one of the most common classifiers used in
remote sensing applications, hinges on assumptions of normal distribution, equal covariance,
and sufficient training samples [54, 55].

Bouslihim and his coauthors in 2022 [56] compare the performance of pan-sharpened
Landsat 9 and Sentinel-2 imagery for land-use classification using machine-learning
classifiers. The researchers Mansourmoghaddam, Mohammad, et al. 2022 [57] evaluate the
Sentinel-2, Landsat-8, and their fused images' efficacy in enhancing the LC map accuracy for
Yazd, Iran, by using the Gram-Schmidt technique, a primarily spatial fusion of Landsat-8
images with Sentinel-2 images. Similarly, Sigurdsson, Jakob, et al. 2022 [58] adopted a
similar approach by fusing data from Copernicus Sentinel-2 (S2) and Landsat 8 (L8)
satellites. The researchers Ali, Zahraa R. and Muhaimeed, Ahmad S. 2016 [6] used Sentinel-2
data to classify land cover in Baghdad City, Iraq. 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 rocks. Thanh Noi, Phan, and Martin Kappas 2018 [59]
compared the performance of three machine learning classifiers - random forest (RF), k-
nearest neighbors (kNN), and support vector machines (SVM) for land use/cover
classification using Sentinel-2 image data. Topaloglu, R.H. et al.,2016 [60] classified the land
cover of Istanbul city using both maximum likelihood and support vector machine classifiers
for two datasets after making geometric corrections to them. The first is a dataset from the
Landsat 8 satellite with a resolution of 30 m, and the second is collected from similar bands
of the Sentinel-2 satellite after resampling it from 10 and 20 m to 30 m. The work conducted
by researchers [61-64] used the computation of overall accuracy based on the confusion
matrix to evaluate the classification results.

Rimal, Bhagawat Rijal, Sushila Kunwar, and Ripu 2020 [65] discovered that the Support
Vector Machine (SVM) classifier outperformed the Machine Learning classifier regarding
user and producer accuracies. Additionally, SVM demonstrated effectiveness in land cover
classification.

Abdulwahab et al. (2023)[66] used three pan sharpening techniques to enhance the spatial
resolution of 175 hyperon bands from 30to 15m using LS9 PAN. They used Principal
Components Analysis (PC), the Gram-Schmidt algorithm (GS), and Nearest Neighbour
Diffusion (NN). They reduce the dimensionality of the hyperspectral data using the MNF
transformation. They found that PC and GS performed similarly in preserving the spectrum
and enhancing the details of the fused images, as judged by visual inspection. However, NN
showed less improvement than the other two techniques.

This study aimed to identify the most effective methods for synthesizing PAN bands with

a 10m spatial resolution from Sentinel-2's four 10m bands. When used to fuse Landsat 9 data,
how these extracted bands affect the overall accuracy of land cover classification compared
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to using the original Landsat 9 bands directly was investigated. If land cover classification
based on these fused bands delivers higher accuracy than the original bands, it would
demonstrate the study's success. Additionally, it aimed to provide recommendations for
combining specific fusion methods and classification algorithms based on the achieved
accuracy.

2. Data and methods
2.1 Data sources

The satellite imagery from Landsat-9 OLI/TIRS C2 L2 and Sentinel-2A MSI were used.
The Landsat 9 OLI C2 L2 collection provides global surface reflectance products [67]. The
satellite scene data of the study site were extracted from the original scene identified by
LANDSAT_PRODUCT_ID= "LC09_L2SP_168037_20231018 20231019 02_T1". The
scene center time was recorded at "07:33:52.2487420Z".

The Landsat-9 satellite has two instruments: the Operational Land Imager 2 (OLI-2) and
the Thermal Infrared Sensor (TIRS-2). The Landsat-9 consists of 11 channels (dynamic range
14-bit), the first seven channels being multispectral (visible, near-infrared, shortwave
infrared) recorded at 30 m spatial resolution. The eighth band is panchromatic, which has a
resolution of 15 m. TIRS-2 consists of two thermal infrared channels with a spatial resolution
of 100 m
[8-11, 68].

The panchromatic band was downloaded from LANDSAT_PRODUCT _ID=
"LCO09 L1TP_168037_202311018 20231019 02_T1" as it was not included in the Level 2
bundles. All the data (8 bands) were collected from the OLI-2 sensor. Band 9 (Cirrus) and
TIRS-2 were neglected in this work. Landsat data was downloaded from
https://earthexplorer.usgs.gov/.

Sentinel 2A data was acquired from the European Union's Earth observation program
through https://dataspace.copernicus.eu/. Sentinel-2A was equipped with the Multispectral
Imager (MSI), which consists of 13 channels with various spatial resolutions (10, 20, and 60
m) and wavelengths covering the visible, near-infrared, and shortwave infrared spectrums.
However, Sentinel-2 does not have a conventional panchromatic band [15, 69]. Level-2A
(surface reflectance, ortho-images in UTM/WGS84 projection) are available to users under a
free and open data policy [14, 70]. The study region was extracted from the original scene
with the ID: S2A_MSIL2A_20231018T074921 N0509_R135 T38SMB_20231018T113602.

The scene center time was recorded at 07:49:21.024Z. Only the four bands with 10m
spatial resolution were used in this work.

Both satellite data 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 [12].

Both datasets were undergone geometric correction, ensuring accurate spatial representation.
The atmospheric correction was also applied to convert the sensor radiance to surface
reflectance. All these corrections, performed by the data providers, enhance the reliability of
the datasets. However, it is essential to note that the panchromatic band (Band 8) of Landsat
9 is an exception and has not been atmospherically corrected by the data provider.
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Table 1:The used satellite scenes

Satellite Scene Spatl?l Date Used bands Scene D}menswns
Resolutions (Pixel)
Landsat 9 OLI 30&15m 18 October 2023  Bands 1-7&8 (1000 x 1000)
Sentinel 2b 10 m 18 October 2023  Bands 2-4 & 8 (3000x3000)

2.2 Study area

The study area is located north of Baghdad City. It extends over parts of three
governorates, covering parts of Baghdad, Salah al-Din, and Diyala governorates, and situated
between the coordinates 42° 40’ 15.60" and 45° 40’ 15.60" longitude and 37° 12° 35.28" and
37° 30’ 35.28" latitude, spanning 900 km?. This predominantly agricultural area encompasses
several small towns and cities, including Al-Mushahada, Al-Tarmiyah, Al-Abayji, and Al-
Dujail on the right bank of the Tigris River. At the same time, the left bank features
Mansouriya, Al-Saadiyah, Al-Sindiyah, Habhab, Al-Khalis, and Al-Ghalibiya. It poses
residences scattered among orchards and farmlands. The river, coursing from north to south,
is bordered by palm groves of varying densities and heights, interspersed with citrus trees.
Many fish breeding ponds, varying in size, shape, and depth, are especially noticeable on the
river’s right side, some of which are dry. Vineyards and fruit plantations distinguish the
western and northwestern regions. The area showcases three types of farmlands: dry soil
unprepared for agriculture, plowed land ready for winter cultivation, and lands covered with
natural vegetation, which comprise a significant portion of the study area. The study area was
derived from images of the Landsat-9 and Sentinel-2A satellites taken on 18 October 2023.
This period marks a transitional phase between the end of the summer and the beginning of
winter agricultural seasons; hence, many lands are either at the start of their preparation for
winter season agriculture or at the termination of the summer season, with some lands
cultivated with various types of fodder crops. The area also houses several greenhouses, but
they were disregarded as they constitute less than 1% of the study area.
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Figure 1 : a. Iraq’s map with study region scene, and b. The natural color of Landsat-9 OLI
for the selected study area from the original scene with path 167/row 038.

2.3. Methods

This study applied a pan-sharpening process to Landsat-9 satellite data to improve its
spatial resolution to 10 m, based on four bands from the Sentinel-2A satellite (2, 3, 4, and 8),
with a spatial resolution of 10 m. Since Sentinel-2A lacks a Panchromatic (Pan) band, several
methods were used to simulate a Panchromatic (Pan) band, as listed in Table 2. These
methods included using (1) applying dimension reduction algorithms, (2) using each of the
four bands individually as PAN bands, (3) averaging the four bands eq. 1, and (4) calculating

a weighted average based on the correlation coefficients (r)s and the standard deviation (S) of
the four Sentinel 2 bands egs. (2 [71], 3 [72],4, and 5).

PANO — (SBZ+SBB:SB4—+SBB) 1)
. 2 in xi= D i) @)

J z?=1(xi_’2)2 Z?ﬂ()’i—f’)z

o = (L3N - 3)

_ i

W, = o X o (4)
Normalized Band Weight = :’:} (5)
1"%n

w,, is the absolute weight for each of the four bands, (7) is the correlation coefficient between each
band of the four Sentinel 2 bands (SB) and Landsat 9 bands (LSB), sis the standard deviation of each
of the four Sentinel 2 bands (SB), u: is the number of Landsat bands, and n: is the number of Sentinel
2 bands.

Various software and programs were utilized in this study, including SNAP 6.00,
ENVI 5.6, and Python 3.11. The overall processes are demonstrated by the flowchart Fig.2.
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Figure 2 :Work procedures workflow

Table 2 : The synthesized Panchromatic (PAN)

1;‘;:)1.\1 method References
PAN 1 Landsat 9 PAN band (15 m) original landsat9 PAN band

PAN 2 Ist Independent component analysis (ICA) novelly synthesis [73]
PAN 3 Non-negative matrix factorization (NMF) novelly synthesis [34, 35]
PAN 4 Gram-Schmidt transformation (GST) novelly synthesis [36, 74]
PAN 5 B2 of Sent 2 (blue) selected

PAN 6 B3 of Sent 2 (green) selected [15]
PAN 7 B4 of Sent 2 (red) selected

PAN 8 B8 of Sent 2 (NIR) selected

PAN 9 Average of (B2, B3, B4, and BS8) synthesis [75]
PAN 10 Weight average of (B2, B3, B4, and B8) based on (1)’s &S of sen2 Equation 2&3

bands novelty synthesis

Three pan-sharpening algorithms were utilized: Gram-Schmidt (GS), Principal
Components Analysis (PC), and the Nearest Neighbor Diffusion (NN) method. To evaluate
the sharpening process, the original Landsat-9 image was resampled from 30 to 10 m due to
the absence of a reference image. The characteristics of the sharpened images were then
measured using seven fidelity criteria listed in Table 3.
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Table 3: Fused images evaluation criteria

Criteria Equations Ref.
Root Mean Square Error (RMSE) RMSE = [37]
Error Relative Globale 100
Adimensionnelle de Synthése ERGAS = —x [76]
(ERGAS) r
MAX
Peak signal-to-noise ratio (PSNR) PSNR = 20 x log (—\/W>10 [41,42]
Correlation coefficient (r) eq.(2) [71]
Structural Similarity Index (SSIM) SSIM = (2uxtty + C1) (204 + C2) [44].
(2 + 2+ )(o2+02+C,)
A
Spectral Angle Mapper (SAM) SAM = arccos AN [77]
Universal image Quality Index Q= 40y XmeanYmean . 20xy . 2XmeanYimean [45, 78]
(UIQI) (U)? + U}%)(xr%ean + ynz'nean) O-J? + 0-3% xf%ean + yr%ean ’

A classification process was conducted on the resulting images using supervised
classification algorithms, the support vector machine (SVM) with three kernels: linear (LIN),
radial basis functions (RBF), polynomial (POL), and maximum likelihood (ML). This
involved identifying classes, selecting training sets through a field survey, studying the
satellite scenes, and utilizing high-resolution images available for the study area.

3. Results and discussions

To increase the spatial resolution of Landsat 9 from 30 to 10 m, the procedures outlined in
Table 2 were implemented. Dimensionality reduction techniques were employed successfully
to derive bands PAN2, PAN3, and PAN4, while bands PANS, PAN6, PAN7, and PANS were
directly obtained from the four Sentinel-2A bands. Additionally, eq.1 was utilized to generate
PAN9. To compute PAN10, the Correlation Coefficient (r) between the Landsat bands and the
four Sentinel bands was calculated, as detailed in Table 4. The results show that band 4
correlates highest with the Landsat 9 bands.

Table 4 : The (r) values of LSBs and SB

LS9 bands SB_2 SB_3 SB_4 SB_8
LSB_1 0.824234 0.84186 0.88247 0.37102
LSB_2 0.84998 0.86327 0.88915 0.35166
LSB_3 0.85622 0.87853 0.88698 0.35886
LSB_4 0.82714 0.8522 0.90232 0.37936
LSB_5 0.25726 0.29547 0.36012 0.88036
LSB_6 0.68926 0.71595 0.80495 0.626463
LSB_7 0.77124 0.784214 0.84939 0.44034

AVERAGE (1) 0.725048 0.747356 0.796483 0.486866
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Table 5 the, standard deviation (s) values for the four Sentinel bands, as presented in Table 5,
were utilized to determine weights for each band according to equations 3 and 4 and those

specified in Table 6.
Table 5 : The s values of 10 Sentinel 2 bands
Band No. B2 B3 B4 B8
s value ‘ 0.02599227 0.03046747 0.03923006 0.0374608

Table 6: Bands weight values of PAN 10

Band No. B2 B3 B4 B8
Normalized band ‘ 0.2018199 0.24717545 0.33562403 0.21538063
weight

Table 7 displays the correlation coefficient (r) values between the synthesized
panchromatic (PAN) bands and Landsat 9 bands (LSBs), highlighting the correlation
strengths. The PAN10, PAN2, and PAN9 panchromatic bands (10 m) exhibit the highest
correlation coefficients with LSB bands, suggesting their reliability. Conversely, PANS,
which represents the IR band (842 nm), demonstrates the lowest (r) value, indicating a
weaker correlation, and this result is expected because this wavelength registers information
that differs from most of the Landsat-9 bands (except LSB_5). These findings serve as
valuable indicators of the efficacy of the synthesized panchromatic bands.

Table 7: (r) values of synthesized PAN bands and landsat9 bands (LSBs)

PANNEa”dS LSB1 LSB2 LSB3 LSB4 LSB5 LSB6 LSB7  Average

PAN1 (15m) | 0.93019 0.94520  0.94977 0.9469 0.34621 0.8222 0.88734 0.83255
PAN2 0.84552 0.851425 0.85682 0.86028 0.544162 0.838005 0.83011 0.803761
PAN3 0.77232 0.771829 0.778751 0.785924 0.687766 0.84118 0.780263  0.774006
PAN4 0.77214  0.77157 0.778317 0.78572 0.687018 0.840875 0.78011 0.773679
PAN5 0.82423  0.84998  0.85622 0.827149 0.257267 0.689267 0.77124 0.725051
PANG 0.84186  0.86327 0.878534  0.8522 0.29547 0.715956 0.78421 0.747357
PAN7 0.88247  0.88915 0.886987 0.902321 0.36012 0.804951 0.84939 0.796484
PANS 0.37102 0.35166  0.35886  0.37936  0.88036  0.62646  0.44034 0.486866
PAN9 0.83155  0.83777 0.84458 0.84486  0.56938 0.83473  0.81883 0.797386
PAN10 0.84875 0.854902 0.860096 0.863658 0.53504 0.837015 0.832125  0.804513

In assessing the fused images using the Gram-Schmidt (GS) method, the results listed in
Table 8 align consistently with previous results in Table 7. Notably, the fused images that rely
on PAN10, PAN2, and PAN9 exhibit superior values across various evaluation criteria. This
underscores the significance of these panchromatic bands in the fusion process.
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Table 8 :The GS evaluation results

Fused images RMSE SAM ERGAS PSNR SSIM ulQl (n

ideal values 0 NAN 0 INF 1 1 1
GS PAN1 0.0974 15.9057 7.7036 20.2267 0.7248 0.8322 0.7928
GS PAN2 0.0379 6.7273 3.3229 28.4371 0.9565 0.9787 0.9614
GS PAN3 0.0414 7.4946 3.6379 27.6506 0.9520 0.9744 0.9537
GS PAN4 0.0402 7.1493 3.5347 27.9002 0.9531 0.9758 0.9563
GS PAN5 0.0524 9.3769 4.5970 25.6179 0.9391 0.9592 0.9262
GS PAN6 0.0490 8.7718 4.3045 26.1891 0.9413 0.9642 0.9353
GS PAN7 0.0409 7.2269 3.5875 27.7716 0.9514 0.9750 0.9551
GS PAN8 0.0735 13.3143 6.4482 22.6787 0.9040 0.9200 0.8544
GS PAN9 0.0387 6.9139 3.3989 28.2408 0.9558 0.9780 0.9596
GS PAN10 0.0378 6.7174 3.3197 28. 4455 0.9564 0.9788 0.9615

S—_ , ' .

Flgure 3: a) PANl (15m) b) GS PANl c) PC PANl and d) NN PANl

The evaluation of fused images by principal component sharpenmg (PC) values reflects
the outcomes obtained from the GS method, albeit with a slight enhancement. This
improvement can be attributed to the inherent common principles of both methods,
particularly their reliance on component substitution (CS). The pivotal role played by the
panchromatic band in influencing outcomes is evident in the closely aligned results of both
approaches. As can be seen in both subjective (Figures 3, 4, 5, and 6 in the sub-figures a, b,
and c) and objective evaluation (Tables 8 and 9), both GS and PC are highly affected by the
PAN bands’ qualities. Figures (3-6) show a sub-image of the study area (Figure 1b), which
was selected to present the results of the work methods.
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Table 9: PC evaluation results

Fused images RMSE SAM ERGAS PSNR SSIM uiQl (r)
ideal values 0 NAN 0 INF 1 1 1
PC PAN1 0.098943  16.1924 7.8238 20.0922 0.71403 0.8260 0.78479
PC PAN2 0.037403  6.65463 3.2831 28.5417 0.95668 0.9791 0.96237
PC PAN3 0.041527  7.51446 3.6450 27.6333  0.951116 0.9743 0.95362
PC PAN4 0.039684  7.04414 3.4833 28.0275 0.95354 0.9765 0.95764
PC PAN5S 0.051622  9.23403 4.53124 25.7431  0.939621 0.96033 0.928329
PC PANG 0.048241 8.6229 4.23437 263317  0.941848 0.96535 0.937412
PC PAN7 0.039642 7.0026 3.47966 28.0367 0.95244 0.97660 0.957735
PC PAN8 0.074026  13.4146 6.49775 22.6122  0.901595 0.9184 0.852621
PC PAN9 0.038423 6.8733 3.37269 283079  0.955714 0.97802 0.960294
PC PAN10 0.037328  6.63459 3.27655 28.5591  0.956694 0.97925 0.962525
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Figure 4: a)PAN2, b) GS PAN2, c) PC PAN2, and d) NN PAN2.

However, the objective assessment of fused images using the nearest neighbor
diffusion (NN) method (Table 10) yields noticeably different results than previous
methodologies. The fused image based on the original Landsat panchromatic band
PAN1(15m) gives higher evaluation values in comparison with the images that were fused
using the GS and PC methods in all assessment criteria results, except the results of the SSIM
and UIQI were both indices contain information that measures the luminance, contrast, and
structure which gives lower values and this consists with the finding in [66]. Furthermore,
PANS is the preferred choice for achieving optimal fused image quality (objectively) despite
its lower (r) value than the original Landsat 9, as shown in Figure 5. It can be seen in the
results of NN methods that there is less consistency between the subjective and objective
evaluations; most of the fused images show very good visual but give lower values in the
results of objective evaluations (Figures 3, 4, 5, and 6 in the subfigures a and d). The other
important note is that the results of this method are less affected by the PAN band quality
from the previous methods (GS and PC). One possible explanation for why the NN method
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exhibits less sensitivity to the quality of the PAN bands is that the NN method can learn the
optimal weights for combining the source images. In contrast, the GS and PC methods rely
on fixed mathematical transformations that may not capture the salient features of the images
[79]. This discrepancy in results underscores the importance of considering diverse
evaluation metrics and the nuanced impact of individual bands on overall image quality.

PANS.

NN
Table 10: The NN evaluation results

Fusedimage =~ RMSE SAM ERGAS PSNR SSIM uIQI (3)
ideal values 0 NAN 0 INF 1 1 1
NN PAN1 0.08306 12.8215 6.56831 21.6115 0.69556 0.7965 0.838107
NN PAN2 0.062959 7.8332 5.52636 24.0187 0.91493 0.958229 0.953399
NN PAN3 0.05412 6.82690 4.75047 25.3327 0.93196 0.968627 0.963367
NN PAN4 0.071548  8.72892 6.28022 22.9080 0.89775 0.94705 0.945029
NN PAN5 0.052037 8.98150 4.56766 25.6736 0.93824 0.963134 0.93757
NN PAN6 0.086952 10.6973 7.63235 21.2143 0.86039 0.922088 0.922281
NN PAN7 0.075604 11.5279 6.63624 22.4290 0.87465 0.934446 0.909568
NN PAN8 0.039160  6.61411 3.43737 28.1429 0.94971 0.979148 0.964738
NN PAN9 0.062618  7.59075 5.49641 24.0659 0.91700 0.959102 0.955926
NN PAN10 | 0.063498  7.92711 5.57363 23.9447 0.91363 0.957477 0.952435
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Figure 6: a) PAN10 (10M), b) GS PAN10, c) PC PAN10, and d) NN PANI10.

Upon comparing the classification results (Table 11 and Figure 7) of Landsat-9 (30 m)
with those sharpened based on the panchromatic band PANL1 of the Landsat satellite (15m),
slightly close overall accuracy (OA) values were found. Notably, there is a slight increase in
(OA) when employing the Support Vector Machine (RBF) classifier with images sharpened
using the Gram-Schmidt method. These (OA) results align with the results of Komeil Rokni
[80], which shows a minor increase with images fused using PC and classified with a
Maximum likelihood (ML) classifier. Conversely, other results indicate a slight decrease in
Overall Accuracy (OA) results. The results generally do not exhibit statistically significant
changes due to the increase in spatial resolution from 30 to 15 m [81]. This could be
attributed to the positive effect of increasing the spatial resolution, which is counterbalanced
by a parallel negative effect resulting from the deterioration in the spectral properties of the
sharpened images [79], mainly since broad features characterize the study area. Changes in
accuracy will have a positive impact limited to small areas, especially on the boundaries
separating features and small residential clusters scattered between agricultural areas.
However, the negative effect of spectral degradation may extend over more expansive areas,
which results in some incorrect classifications of these features in other places.

These results are expected for several reasons, the most significant of which is that the
spectral range of the panchromatic PAN1 band does not cover all wavelengths of the fused
images [82, 83]. Hence, this increases the possibility of spectral degradation of the bands
located within the near IR spectrum as well as SWIR, as the Panchromatic band PAN1 of the
Landsat 9 satellite extends within part of the visible spectrum only (503-675) nm [68]. In
addition to that, there is generally spectral deterioration due to sharpening operations. The
initial evaluation (visually) of the classification results of Landsat-9 images (30 m) shows
that the identifications of classes have been done well (except for the regions in the borders
between the classes). This is due to two factors, the first of which is the high radiometric
resolution of the satellite, and the second is the high separation ability of the support vector
machine algorithm, which gave better results compared to the maximum likelihood classifier.
In statistical evaluation, a clear superiority in the classification of fused image results is
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found, especially with the two-component substitution algorithms. By comparing the
outcomes of supervised classification for fused images derived from the synthesis and
selected panchromatic bands (PAN) of the Sentinel-2 satellite's four 10 m bands, it is evident
that classification accuracy notably increases when employing component substitution
algorithms across most PAN bands. However, an exception is observed with PAN 8, which
corresponds to the near-infrared (NIR) band (842 nm) of Sentinel-2.

Interestingly, the classification results for PAN 8 images yielded Overall Accuracy (OA)
values lower than those obtained from classifying the original images at a spatial resolution
of 30 meters. These results align with the objective evaluations outlined in Tables 8 and 9.
Despite the lower (OA), PAN 8 images demonstrated advantages in separating specific
classes. They were particularly helpful in distinguishing between natural vegetation, crops,
trees, and palm classes[84]. This suggests that PAN 8 might contain valuable information for
specific classification tasks, even if it does not necessarily improve overall accuracy. The
infrared band (PAN 8) registers information about vegetation health, water content, and
thermal properties. This information might be highly relevant for specific classes like crops
and trees [85] and give lower misclassification between the built-up and bare lands, but it
might not be well-integrated with other bands during fusion, leading to lower overall
accuracy.

Conversely, other fused images demonstrated varying increases in accuracy, with some
reaching up to 9.6%, as in SVM with RBF kernel coupled with PC PAN10 image. These
results are consistent with previous research reported by Mateen, S. et al. [86], who observed
improved land cover classification OA by fusing Sentinel-2 and Landsat-8 images using a
Gram-Schmidt algorithm. Mansourmoghaddam, M. et al. [57] also found that fusing 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 enhanced spatial resolution
enables the classifiers to capture the spectral signatures of these fine-grained features more
effectively. This observation is consistent with Sigurdsson J. et al. [58], who mentioned
enhanced accuracy in classifying small features by fusing Landsat-8 and Sentinel-2 images.
This was mainly observed in images sharpened using the panchromatic bands PAN2, PAN3,
PAN4, PAN9, and PAN10. These findings agree with the image quality assessments
provided in Table 8&9.

Furthermore, the superiority of Support Vector Machine (SVM) classifiers, particularly
those employing the (RBF) kernel, is evident across all fused images RBF kernel, which is
consistent with the results of [56]. On the other hand, using the Maximum Likelihood
classifier resulted in slight accuracy increases for most images within the component
substitution category. The low values of the (OA) when using the ML classifiers result from
the false separation between closely spectral classes, especially the bare lands and built-up
[87], and between the green classes [88].

The (OA) results of the SVM classifier were better than the ML classifier, which is
compatible with the results of [60], [65], [89], and [90].

When employing the Nearest Neighbor Diffusion (NN) algorithm for image fusion,
noticed marginal improvements in overall accuracy (OA) when coupled with SVM classifiers
across various images, particularly those fused with PAN5, PAN9, and PAN10. However,
integration with the Maximum Likelihood classifier results in slight decreases in OA across
all fused images via the NN method. Although these images generally exhibit more
aesthetically pleasing characteristics than those produced by alternative fusion algorithms,
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they are less conducive to classification processes. This disparity may stem from the NN
method's fundamental principle, which involves estimating the pixel value in the pan-
sharpened image by aggregating information from its nearest neighbors in the PAN image.
These neighbors contribute to the final pixel value based on assigned weights, reflecting the
spectral influence of each neighbor [91, 92], which may affect the actual spectral signature of
the pixels depending on their neighbors' pixels. The classification results of (NN) need
further investigation to overcome the cones of this algorithm results.

Overall, the results highlight the effectiveness of used approaches like dimension
reduction and weight ratio methods in extracting simulated panchromatic bands (PANS),
especially PAN10 (weighted average), PAN2 (ICA), and PAN9 (average) bands. Leveraging
these bands to sharpen Landsat-9 satellite images via component substitution algorithms
proves efficient.

In classification, PAN10 stands out in GS SVM LIN, achieving the highest OA at 86.08%,
closely followed by PAN2 at 85%. In PC SVM RBF, PAN9 and PAN10 exhibit the highest
OA at 87.8% and 88.04%, respectively. GS SVM RBF identifies PAN10 as the top
performer, with an OA of 87.75%. Meanwhile, in PC MAXLIK, PAN2 and PANG tie for the
highest OA at 82.5%. These findings underscore the critical role of specific panchromatic
bands in improving classification accuracy and the superiority of the SVM across diverse
fusion methods. Component substitution algorithms prove effective, particularly considering
the computational efficiency of these methods. Additionally, the results suggest the feasibility
of utilizing Band 3 (PANG6) of the Sentinel-2 satellite to sharpen Landsat-9 data for land
cover classification.

Table 11 :Overall accuracy (OA) of the original and fused image classification %.

e LS30 PAN PAN PAN PAN PAN PAN PAN PAN PAN PAN1
Classifiers

m 1 2 8 4 5 6 7 8 9 0
GS SVM LIN 79.73 85 835 835 824 8.7 828 7625 826  86.08
PCSVMLIN | 80.65 78.77 85 848 845 819 88 836 76.74 855 8504
NN SVM LIN 79.74 812 813 815 824 812 79.5 7859 823  80.77
GS SVM RBF 7951 879 869 859 83 865 839 7574 835 87.75
PCSVMRBF | 71844 7879 878 869 856 829 863 844 759 878 88.04
NNSVM RBF 7868 808 814 808 819 804 797 80.18 82 81.02
GS SVM PO 79.85 87 847 846 825 865 83 75.7 834  87.06
PCSVMPO | 80.25 78.82 86.9 86 849 828 864 838 7622 874 87.04
NNSVM PO 79.62 811 818 819 823 807 79.8  79.62 82 80.72
GS MAXLIK 7524 815 812 818 816 825 815 7741 80 81.58
PC MAXLIK | 799 80.7 815 811 8135 818 825 815 7729 816 8159
NN MAXLIK 78.32  79.7 79.8 79.1 774 789 784 7828 796  79.59
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Figure 7: a) false color RGB (543) (GS PAN2), b) SVM LIN (LS 30 M), c) SVM POLY
(GSPANT1), d) SVM RBF (GSPAN2), ¢) SVM RBF (GSPANDY), f) SVM RBF (PC PAN2), g)
SVM RBF(PCPAN10), h) SVM LIN (NNPANS), i) SVM LIN (NNDPAN9), and j)
MAXLIK (PCPANGO).

4. Conclusions

The novelty adopted methods that employed the data reduction algorithms and the
weighted averages successfully extracted the synthesized panchromatic (PAN) bands from
the four 10 m bands of the sentinel-2 MSI satellite to sharpen the Landsat 9 OLI 2 bands. The
evaluation results of the fused images and their classification accuracy results show that the
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components substitutions (GS and PC) fusion algorithms outperform the (NN) algorithm in
both objective assessments of the fused images and the classification (OA) results. Some
results of the synthetic PAN bands (PAN10, PAN2, PAN9, and PAN 6) showed superior
image fusion and classification process performance. In contrast, the visual assessment shows
better results. The lowest classification (OA) has resulted from the selected PANS8 band in all
classifiers, although it has some advantages in separation between vegetation classes and
between the built-up and bare lands, making it essential in some classification applications.
That suggests it might contain valuable information for specific classification tasks, even if it
does not necessarily improve overall accuracy. The results also highlight the importance of
choosing the right panchromatic band and fusion algorithm for specific applications. Through
the classification results presented in Table 11, the SVM classifiers were shown to be more
robust to the variations introduced by different fusion methods. The NN fusion results were
reasonably acceptable, but further investigation is needed to understand its limitations and
potential improvements in the method. This study provides a strategy for improving spatial
resolution and land cover classification using all available remote sensing data.
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