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Landuse is the human use of land and is inferred from land cover,
which refers to the physical and biological cover on the surface of the
land. Land use changes and impacts on land cover are key measures of
environmental change caused by human activities, especially in rapidly
developing areas. Information on such land use change patterns is
required for sustainable development planning. Commencement of the
Sentinel-2 satellite in mid-2015 and Landsat-9 satellite in late 2021 is
opening new possibilities in Earth observation and monitoring through
higher spatial, spectral, and temporal resolutions. Many researchers
have been curious to compare improvements in these two satellites.
This research tests the real difference in the quality of the results
delivered by Sentinel-2 and Landsat-9 imagery when basic classification
methods are applied. This study aims to assess the precision of the
LULC classifications derived from Sentinel-2 and Landsat-9 data and
to reveal which dataset presents greater accuracy. The Google Earth
Engine (GEE) cloud computing platform was used, and the Pokhara
metropolitan area was selected as the study area for this case study.
The annual composite of Sentinel-2 Multispectral Instrument (MSI)
and Landsat-9 Top-of-Atmosphere (TOA) reflectance, acquired for
the period January 1, 2022 to August 31, 2022, was used as a satellite
imagery in the study. The RGB and NIR bands of Sentinel-2 and
Landsat-9 were used for classification and comparison. LULC images
were generated using pixel-based supervised Random Forest machine
learning algorithms for classification. In this study, the study area was
classified into four land classes, i.e. Forest, Agriculture, Settlements, and
Waterbodies. As a result of the accuracy assessment, the Kappa statistics
for Sentinel-2 and Landsat-9 data were 0.78 and 0.72 respectively. The
resultsobtained showed that Sentinel-2 MSI presents more satisfying
LULC images than Landsat-9 TOA data. However, this situation can
change if different statistics and classification methods are used.
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Introduction

Land cover refers to the observed physical
cover on the earth’s surface, whereas land
use is characterized by the arrangements,
activities, and inputs of people that impact,
change or maintain land cover (FAO, 2016).
Creating land use and land change (LULC)
imagery has gained attention in recent years
for sustainable land management, landscape
ecology, and climate-related research (Carrasco
et al, 2020). Additionally, knowledge of
temporal changes in LULC gives us baseline
information about planning, management, and
sustainable use of natural resources (Paudel et
al., 2016). Therefore, land use data is needed
for the analysis of environmental processes and
problems and improving or maintaining living
conditions and standards. In particular, it is
important to regularly track LULC changes in
fast-growing regions where uncontrolled and
irregular population expansion in cities can
change urban climates.

Remote sensing is an evolving and powerful
tool for assessing changes in land cover from
small to larger spatial scales. Satellite imagery
is one of the primary sources of information to
analyse and retrieve LULC images. In particular,
several algorithms have been developed and
better accuracy obtained with advances in
remote sensing technologies and sensor types
(Carrasco et al., 2019). Recently launched
Sentinel-2 MSI and Landsat-9 TOA satellites
represent a new generation of Earth observation
satellites. So, in this study, these satellite images
were selected as data sources. Sentinel-2 data
alone, Landsat-9 data alone, or both together,
have been the data source for numerous
studies, such as river bathymetry, monitoring
inland water, land surface temperature, and
water quality assessment (Niroumand-Jadidi
et al., 2022a; Ye et al.,, 2022; Niroumand-Jadidi
et al, 2022b). Various approaches, such as a
comparison of machine learning classifiers,
have been used to determine which method
of data management produces more accurate
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findings (Bouslihim et al, 2022). This study
uses Sentinel-2 MSI and Landsat-9 TOR
data sets to generate an LULC map using the
supervised Random Forest machine learning
algorithm for the classification method. The
main objective of this study is to compare and
identify which of these two-satellite imagery
performs with higher accuracy and applicability
under similar conditions. Finally, we evaluate
the overall accuracy, the Kappa coefficient,
theuser accuracy, and the producer accuracy to
determine and compare the results.

Materials and methods

Study area

The study area, Pokhara Metropolitan, is located
in the hilly region of Nepal (Figure 1) between
longitudes 83°48’E and 84°13°11”E and latitudes
28°4’39"N and 28°36’18”N. It is one of the
largest cities in Nepal, with a total area of 465.01
square kilometres. Pokhara city is the capital of
the Gandaki province, with many governmental
offices located in the area. It is the focal point for
the different districts of the Gandaki province
for education, health, business, electricity,
transportation, communication, and tourism. It
is also an important industrial region in central
Nepal. Due to rapid growth in population and
several anthropogenic factors, the land cover
and land use patterns of this city have been
substantially modified and changed over the
years. Therefore, to assist and promote better
informed land use planning and decision-
making, this study aims to create detailed
information on land use and land cover. The
study area was deliberately selected to represent
ahilly region with rapid change in land cover
and land use due to urbanization, internal
migration, and infrastructural development.
The area is familiar to the researchers and is
feasible for field verification and validation of
results.

Data collection
The composite imagery data sets from both
Sentinel-2 MSI and Landsat-9 TOR, acquired
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Figure 1: Map of the study area

for the period from January 1, 2022 to August
31, 2022, were gained for this study. Common
bands of those two datasets, viz. Green (G),
Red (R), Blue (B), and Near Infrared (NIR),
were used in the classification process. Table 1

lists the spectral bands and ground sampling
distance (GSD) values for both satellites.

Before the image classification process, pre-
processing steps for satellite images were
implemented. As there are multiple images

Table 1: Spectral bands and GSD value of data set

Landsat-9 Specifications

Sentinel-2 Specifications

Bands Wavelength (um) GSD (m) Bands Central Wavelength GSD (m)
B1 0.43 - 0.45 30 B2 496.6nm (S2A) / 492.1nm (S2B) 10
B2 0.45 - 0.51 30 B3  560nm (S2A)/ 559nm (S2B)

B3 0.53 - 0.59 30 B4 664.5nm (S2A) / 665nm (S2B)

B4 0.64 - 0.67 30 B8 835.1nm (S2A) / 833nm (S2B)

B5 0.85 - 0.88 30 B5  703.9nm (S2A) / 703.8nm (S2B) 20

B6 1.57 - 1.65 30 B6 740.2nm (S2A) / 739.1nm (S2B)

B7 2.11-2.29 30 B7  782.5nm (S2A) / 779.7nm (S2B)

B8 0.52-0.90 15 B8A  864.8nm (S2A) / 864nm (S2B)

B9 1.36 - 1.38 15 Bll  1613.7nm (S2A) / 1610.4nm (S2B)

B10 10.60 - 11.19 30 B12 2202.4nm (S2A) / 2185.7nm (S2B)

B11 11.50 - 12.51 30 B1 443.9nm (S2A) / 442.3nm (S2B) 60
B9 945nm (S2A) / 943.2nm (S2B)
B10  1373.5nm (S2A) / 1376.9nm (S2B)
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available for the same region over time, the
time period of a year was select to consolidate
the images into a single image of LULC
change. Landsat-9 TOA (top-of-atmosphere)
data available on GEE is orthorectified and
corrected for solar angle (USGS TOA product
guide). It was not possible to obtain continuous
16-day cloud-free time series data sets to
enable wall-to-wall coverage for any part of
the region. To overcome this limitation and to
ensure cloud-free or near-cloud-free wall-to-all
coverage, 8-month composites (depending on
the cloudiness of the regions) were composed.
The preparation of composite images goes
through various steps that include selecting and
pre-processing images, cloud masking, shadow
masking, BRDF correction, topographic
correction, and compositing. When all these
steps have been completed, there is a composite
image of Pokhara for the year 2022. This image
was multiplied by 10000 to ensure minimum
data loss when converting to an integer data
type, which greatly reduced the storage space
used by the composites. This was done by
importing Landsat-9 collection 2 Tier 1 TOA
reflectance imagery. Finally, sorting was
undertaken for cloud cover and the least cloudy
scene was extracted. The red, green, blue, and
NIR bands of two data sets are common, and,
thus, these four bands were considered for layer
stacking. For Landsat-9 data, band 2, band 3,
band 4, and band 5 were layer stacked and then
clipped to include the study area. The same
pre-processing steps were implemented for
Sentinel-2 data.

In this case study, four general classes of LULC
were used, viz. forests, agriculture, settlement
areas, and water bodies. Training points were
derived from visual inspection of recently
captured (2021-2022) freely available Google
Earth Image (high spectral resolution imagery)
to identify features that were entirely made up
of one of the four classes (forest, waterbodies,
settlement area, and agriculture). To ensure that
training data were representative of the classes
in the study area, training data were captured
from all corners of the Pokhara metropolitan
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area to capture 200 to 250 training points for
each class. The same training samples were used
for both data sets. For validation purposes, 60
validation points were randomly collected
using GPS aid during field visits.

The Random Forest machine learning algorithm
(RFM) is the most common classification
method introduced in the literature (Dang et
al., 2020) and uses the statistics for each class in
each band as a normally distributed function.
Additionally, RF classifiers often reach higher
accuracy levels than other techniques such as
maximum likelihood, single decision trees,
and single-layer neural networks and can
successfully handle high data dimensionality
(Belgiuetal.,2016; Naetal., 2010). The Random
Forest methodology uses a machine learning
technique called bootstrapping and aggregated
de-correlated random decision trees to classify
a dataset using the mode of predictions from all
the decision trees (Breiman, 2001). The optimal
splitting of the nodes is achieved by reducing
the correlation between the trees, which is done
by selecting random subspaces from the given
data (features) and using bootstrap aggregation
(bagging) to construct an ensemble of decision
trees. Random Forest classifiers also provide a
quantitative measurement of the contribution
of each variable to the classification output,
which is useful in evaluating the importance of
each variable. The optimised parameter values
were selected by selecting the training samples,
running the RF algorithm, and testing the
classification output for overall precision, the
producer and the user in the error matrix. In
addition to obtaining high overall accuracy, the
objective is to achieve a good balance between
producer’s accuracy (or the absence of errors of
omission) and user’s accuracy (or least errors of
commissions).

Results

The classified Landsat-9 and Sentinel-2 images
are presented in Figure 2. Due to the spatial
resolution of the datasets, general classes, viz.
forest, agriculture, settlement, and waterbodies,
were considered LULC classes.



Dhakal et al.

Forestry: Journal of Institute of Forestry, Nepal 19 (2022) 56-63

Figure 2: LULC image of the study area; A) Landsat-9 derived LULC, B) Sentinel-2 derived LULC

For LULC 2022, Landsat-9 and Sentinel-2
of the date 2022 were used. Random Forest
classification was used for the classification of
the image pre-processed. The results showed
that forests were the main class of land cover,

followed by agriculture, settlement, and water
bodies (Table 2).

After generating LULC images, accuracy
assessment validation points were collected
with the aid of field visits using the Global
Positioning System (GPS). In Table 3, an
accuracy assessment report containing the
accuracy of producers, the accuracy of users,
the overall accuracy, and the Kappa coefficientis

presented. As a result of the stratified random
point evaluation, the Sentinel-2 derived LULC
image had a Kappa value (0.78) and overall
accuracy (83.70%), both of which were higher
than that for the Landsat-9-derived LULC.This
may be because Sentinel has a higher resolution
as compared to Landsat, which provides more
detailed information on smaller features
(Ghayour et al., 2021). This is only a general
evaluation, as these results can vary when using
different statistics and classification methods
for the accuracy assessment.

Discussion
In this study, we used common training data
(common validation data) and the same

Table 2: Class-specific LULC of Pokhara Metropolitan in 2022

LULC Landsat-9

LULC Sentinel-2

S.N Features Area Km? Percentage Cover Area Km? Percentage Cover
1 Forest 200.36 43.1% 194.89 41.9%
2 Waterbodies 48.86 10.5% 44.28 9.5%
3 Settlement 63.17 13.6% 75.83 16.3%
4 Agriculture 152.62 32.8% 150.01 32.3%
Total 465.01 100% 465.01 100%
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Table 3: Accuracy assessment result of LULC image

Landsat-9 LULC

Sentinel-2 LULC

Land use Class

UA PA UA PA
Forest 82.5 86.84 89.47 100
Waterbodies 70 68.62 86 76.78
Settlement 80.55 74.35 70 82.35
Agriculture 86.36 90.47 88 81.48
Overall Accuracy 79.41% 83.70%
KC 0.72 0.78

UA= User’s Accuracy, PA= Producer Accuracy, KC= Kappa Coefficient

machine learning algorithm to classify the
Sentinel-2 and Landsat-9 images for LULC
mapping. LULC was classified using the pixel-
based supervised Random Forest machine
learning algorithm, and the results were
evaluated using the accuracy assessment by
60 random points. As a result of the accuracy
assessment, the overall precision and Kappa
coefficient for Landsat-9-derived LULC and
Sentinel-2-derived LULC were 79.41%/0.72 and
83.70%/0.78 respectively. The resultant overall
accuracy and Kappa coeflicient showed that the
Sentinel-2 LULC images best represent features
with higher accuracy compared to the Landsat-9
LULC images.This supports asimilar finding by
Bouslihim et al. (2022)using a machine learning
classifier to compare pan-sharpened Landsat-9
and Sentinel-2 for land use classification. They
found that, despite the improved resolution of
pan-sharpened Landsat-9, Sentinel-2 images
have significantly higher classification ability.
Similarly, the results of our study indicate
that Landsat-9 imagery classification shows
slightly high waterbody coverage compared to
Sentinel-2. The study conducted by Niroumand
etal. (2022) to compare Landsat-9 and Sentinel-2
to retrieve water quality data also found that
less grainy noise is visible in the Landsat-9
constituent maps, and matchup validation
shows that Landsat-9 accuracy is generally
higher in water quality mapping than Sentinel-2
(Niroumand-Jadidi et al., 2022b).This is because
the increased signal-to-noise (SNR) and the
greater dynamic range of OLI-2 are responsible
for the enhanced Landsat-9 constituent.
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Another study used S-2 and L-8 for the
comparison of two composition methods,
viz. seasonal composites and the percentile
matrix using GEE (Xiao et al,, 2022). Based
on their result, S-2 exceeded L-8 spectral-
temporal metrics at both class and overall
levels, according to the accuracy evaluation
results. The GEE platform is a powerful
tool for analysinga wide variety of Landsat
and Sentinel data simultaneously in one
consolidated system. Basheer et al. compared
the performance of different satellite datasets
(i.e. Landsat, Sentinel, and Planet) and three
classifiers, including support vector machine
(SVM), maximum likelihood (ML), and
random Forest (RF), to develop LULC (Basheer
et al., 2022). According to their findings, S-2
produced higher accuracy than the L-8 datasets
regardless of the classifier used. Similarly, in
another study, Ahady et al. (2022) classified
LULC from S-2 and L-8 using common training
samples and created confusion matrixes using
the same reference points for Sentinel-2 and
Landsat-8 classification and comparison. Their
findings show that overall accuracy was higher
(94.26%) for Sentinel-2 while it was lower
(85.04%) for Landsat-8. Similarly, it is the same
for the Kappa coefficient. On the other hand, in
the performance evaluation of various machine
learning algorithms (SVM, ANN, MLC, MD,
and MH) and in their comparison using S-2 and
L-8 OLI data for LULC classification (Ghayour
et al., 2021), Sentinel-2 data was slightly more
accurate compared to Landsat-8. The results
of this study are in line with those of the
previous studies. Therefore, our work is another
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illustration of the superior performance of
Sentinel-2 compared to Landsat-9, using GEE.

Conclusion

The satellite images from Sentinel-2 and
Landsat-9 were compared for the classification
of the four classes, viz. forest, agriculture,
settlements, and waterbodies, in Pokhara to
see whichprovides the most accurate result. We
used the same data range, the same training
samples, the same number of points selected for
each class, the same cloud masking percentage,
the same classifier, and the same validation
points for accuracy assessment of each image
to compare the results. The result shows that
the overall accuracy for the Sentinel-2-derived
LULC is better than the Landsat-9-derived
LULC. Therefore, this study concludes that
Sentinel-2 images with the RFM algorithm for
LULC preparation perform detailed land cover
maps with better accuracy than Landsat-9
images, which is consistent with the findings
of the previous studies. However, this situation
may change if different classification and
statistical techniques are applied.
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