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ABSTRACT

Accurate identification of urban land use and land cover (LULC) is
important for successful urban planning and management. Although
previous studies have explored the capabilities of machine learning (ML)
algorithms for mapping urban LULC, identifying the best algorithm for
extracting specific LULC classes in different time periods and locations
remains a challenge. In this research, three machine learning algorithms
were employed on a cloud-based system to categorize urban land use of
Kabul city through satellite images from Landsat-8 and Sentinel-2 taken in
2023. The most advanced method of generating accurate and informative
LULC maps from various satellite data and presenting accurate outcomes
is the machine learning algorithm in Google Earth Engine (GEE). The
objective of the research was to assess the precision and efficiency of
various machine learning techniques, such as random forest (RF), support
vector machine (SVM), and classification and regression tree (CART), in
producing dependable LULC maps for urban regions by analyzing optical
satellite images of sentinel and Landsat taken in 2023. The urban area was
divided into five classes: built-up area, vegetation, bare-land, soil, and water
bodies. The accuracy and validation of all three algorithms were evaluated.
The RF classifier showed the highest overall accuracy of 93.99% and
94.42% for Landsat-8 and Sentinel-2, respectively, while SVM and CART
had lower overall accuracies of 87.02%, 81.12%, and 91.52%, 87.77%,
with Landsat-8 and Sentinel-2, respectively. The results of the present study
revealed that in this classification and comparison, RF performed better
than SVM and CART for classifying urban territory for Landsat-8 and
Sentinel-2 using GEE. Furthermore, the study highlights the importance of
comparing the performance of different algorithms before selecting one and
suggests that using multiple methods simultaneously can lead to the most
precise map.

Keywords: Google Earth Engine, Machin Learning algorithms,
Sentinel-2 and Landsat-8, Urban land use/cover.

Submitted: March 28, 2024

Published: July 15, 2024

10.24018/ejai.2024.3.3.40

1Department of Aerospace Research of
the Earth, Photogrammetry, Moscow State
University of Geodesy and Cartography,
Russia.
2Department of Civil Engineering, Nan-
garhar University, Afghanistan.

*Corresponding Author:
e-mail: ahmadi.niazai33@gmail.com

1. Introduction

In recent years, the classification of urban land cover
using remote sensing imagery has become a significant
area of research. The accurate and ongoing analysis of
land cover and use is essential for sustainable development
efforts in all regions. As urbanization continues to rapidly
expand worldwide, obtaining information on urban land
use quickly has become a crucial topic. Machine learning
methods and the Google Earth Engine platform have been

successfully applied and developed in various fields thanks
to the powerful capabilities of remote sensing technology.
Remote sensing data offers a wide range of information
on a global scale, enabling the characterization and mod-
eling of urban environments and providing assistance for
environmental data processing, ecological planning and
management, and other purposes [1]. Remote sensing has
multiple applications within a wide range of areas, includ-
ing mineralogy, natural resource management, agriculture,

Vol 3 | Issue 3 | July 2024 1

https://crossmark.crossref.org/dialog/?doi=10.24018/ejai.2024.3.3.40&domain=pdf
https://orcid.org/0000-0003-4999-4029
http://dx.doi.org/10.24018/ejai.2024.3.3.40
mailto:ahmadi.niazai33@gmail.com


Assessment of the Accuracy of Various Machine Learning Algorithms Ahmadi

and urban planning, among others [2]. The primary goal
of land cover/use classification is to examine the spatial
information in an image and assign it to a land use cat-
egory. While there are numerous techniques for creating
LULC maps, satellite imagery, and remote sensing offer
several advantages, including broad coverage, cheap cost,
quick analysis, and the capacity to depict phenomenon
aspects using various electromagnetic radiation regions
[3]–[5]. The development of remote sensing technology
has resulted in rising satellite imageries with medium to
high resolutions. Nevertheless, generating maps of land
use at low resolution over large areas requires substan-
tial storage capacity, powerful processing capabilities, and
the capacity to implement diverse methodologies [6]. The
introduction of the Google Earth Engine (GEE) addressed
these needs by integrating a large volume of remote sensing
data from various sources into a cloud-based platform.
This incredibly efficient computing tool allows for efficient
and rapid processing of satellite imagery [7]–[10]. The data
was integrated and analyzed in multiple stages to pro-
duce the end outcome. Utilizing remote sensing data and
advanced machine learning techniques like CART, SVM,
and RF, accurate land use and land cover classification
were achieved [11]–[14].

GEE is widely used in research fields related to land
use and land cover due to its extensive capabilities [7].
Zhao et al. [15] conducted research evaluating the effec-
tiveness of several ML models (CART, SVM, and RF)
in GEE for creating accurate land use maps through
Sentinel-2 imagery. The results showed that GEE pro-
cessed the satellite imagery quickly and provided excellent
support for further analysis, with RF performing bet-
ter than SVM and CART. Feizizadeh et al. [16] utilized
ML algorithms on the GEE platform to perform LULC
mapping and change detection analysis using Landsat
multi-temporal satellite image. Their study demonstrated
the effectiveness of ML algorithms for time series LULC
mapping on the GEE platform. The GEE platform
provides various ML algorithms for the supervised classi-
fication of image data, with three models (RF, SVM, and
CART) utilized in this research to map urban areas.

Advanced machine learning methods have become
favored in recent years for monitoring and assessing urban
territory and natural hazards ML models are becoming
more and more popular because of their increased accu-
racy and flexibility [5], [17], [18] being used in producing
land use and land cover maps [19], [20]. Mao et al.
[21] developed machine learning techniques for classifying
urban land use by comparing the RF, SVM, and ANN
algorithms. According to the findings, RF had the greatest
impact on the classification of urban land use, whereas
SVM and ANN had relatively little influence. Loukika
et al. [9] utilized three machine learning algorithms, SVM,
RF, and CART, to classify land use and land cover on
the GEE platform and evaluated their performance using
accuracy assessments. The results revealed that RF classi-
fiers exhibited superior accuracy compared to both SVM
and CART classifiers. Ouma et al. [22] conducted a study
comparing four machine learning algorithms, including
CART, RF, Gradient Tree Boosting (GTB), and SVM,
for urban LULC classification. The findings indicated that

RF and SVM were the most effective algorithms for map-
ping built-up areas based on overall accuracy. Talukdar
et al. [19] assessed the performance of six ML methods-
RF, SVM, ANN, Fuzzy ARTMAP, SAM, and MD. The
findings indicated that all classifiers exhibited comparable
accuracy with slight differences, with RF achieving the
highest accuracy and MD performing the least effectively
among the parametric classifiers.

Selecting the appropriate algorithm is a common chal-
lenge faced by users because it depends on various factors
such as field situation, available data, and spectral similar-
ity between the classes [23]. The primary aim of this study
is to employ optical satellite imageries such as Landsat-8
and Sentinel-2 multispectral for the classification of urban
LULC. This will be done using three different machine
learning algorithms-random forest (RF), support vector
machine (SVM), and classification and regression tree
(CART) on the Google Earth Engine (GEE) platform. The
study aims to compare the effectiveness and accuracy of
these ML techniques for each algorithm and identify which
algorithms are more accurate and suitable for similar con-
ditions. Finally; the overall accuracy, Kappa coefficient,
producer accuracy, and user accuracy are evaluated to
compare and determine the results.

2. Materials and Methods

2.1. Study Area

Kabul, the largest city and capital of Afghanistan, is
located in the eastern part of the country at 34°31′31′′
North latitude and 69°10′42′′ East longitude Fig. 1. The
city covers an area of 1038 km2 and sits at an elevation of
approximately 5,900 feet (1,800 m) in a valley between the
Asamaie and Sherdawaza mountain ranges [24]. Kabul is
divided into 22 districts and has seen its population grow
from 1.5 million in 2001 to around 5 million in 2017, mak-
ing it one of the fastest-growing cities globally [25]. The
rapid urbanization has strained the city’s infrastructure,
leading to around 70% of housing being developed illegally
[25], [26]. This illegal housing, home to approximately 6
million people, is contributing to rising air pollution levels
in the city [25]. Kabul experiences a climate ranging from
dry to semi-arid, with warm summers and cold winters
where temperatures can drop below −10 °C in winter and
reach 40 °C in summer [27].

2.2. Data

The cloud-based GEE platform has stored an enormous
quantity of Earth observation data (EOD) over the last 40
years. This includes satellite imagery from popular systems
like Sentinel and Landsat, along with other geographical
data such as climate and demographics. Sentinel-2 and
Landsat-8 can be accessed through USGS in GEE. In
the present research, less than 10% of the cloud cover of
Sentinel-2 and Landsat-8 was used. In order to classify
land use and land cover, only seven multispectral bands (1–
7) with a spatial resolution of 30 m from Landsat-8 and six
bands (2, 3, 4, 8, 11, 12) with spatial resolution of 10 and
20 m of sentinel-2 have been used. A total of 25 images of
Sentinel-2 and 11 images of Landsat-8 for the 2023 year
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Fig. 1. Study area: (a) the geographic location of Afghanistan and (b) the geographic location of Kabul city.

TABLE I: The Dataset Characters that were Used in the Present Study

Sentinel-2B MSI Landsat-8 OLI/TIR

Band Central wavelength (μm) Spatial resolution (m) Band Central wavelength (μm) Spatial resolution (m)

1 0.443 60 1 0.443 30
2 0.492 10 2 0.483 30
3 0.559 10 3 0.560 30
4 0.665 10 4 0.660 30
5 0.705 20 5 0.865 30
6 0.740 20 6 1.650 30
7 0.783 20 7 2.220 30
8 0.842 10 8 0.640 15
8a 0.865 20 – – –
9 0.940 60 9 1.375 30
10 1.375 60 10 10.900 100
11 1.610 20 11 12.000 100
12 2.190 20 – – –

were used in this study. Table I shows the data used in this
research.

2.3. Research Methods

The method employed in this study was entirely carried
out using the Google Earth Engine platform, with the
method flowchart depicted in Fig. 2. Initially, satellite data
were imported into GEE to eliminate cloud cover, and
the yearly means function for Landsat and Sentinel satel-
lite imagery was applied for the year 2023. Subsequently,
training data for land use and land cover classification
were generated and validated. Approximately 1200 sam-
ples were collected across the study areas for this purpose,
with 70% utilized in the classification process and 30%
reserved for accuracy assessment, which involved calculat-
ing overall accuracy and kappa statistics. The final step
involved classifying the data using ML methods present in
GEE, such as RF, SVM, and CART.

The urban area is classified into five classes: built-
up area, vegetation, barren area, soil, and water bodies.
The built-up area consists of asphalt, concrete, roofs,
concrete high-rises, medium-rise houses, non-standard
earthen houses, and metal. The vegetation class consists
of agricultural farms, pastures, lawns, and urban green

areas; the barren area class consists of rocky terrain and
mountains of stones; the soil class consists of typically
tin soil and lands without vegetation; and the water class
consists of rivers, canals, ditches, and ponds.

2.4. Machine Learning Algorithms

This study assesses three machine learning algorithms to
determine their accuracy and appropriateness for mapping
urban LULC. The evaluated algorithms are SVM, RF, and
CART, each of which is succinctly outlined:

• Support Vector Machine (SVM): A family of ML
algorithms that is mostly utilized to solve prob-
lems associated with the classification of anomaly
detection problems, or regression [28]. SVM is
commonly employed in image and land classifi-
cation mapping because of its superior accuracy,
quick computation speed, and strong generaliza-
tion capacity compared to traditional learning
approaches [21], [29], [30]. It is an alternative algo-
rithm that may be applied to remote sensing data to
address a variety of classification weaknesses [31],
[32]. The SVM algorithm creates a classification
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Fig. 2. Flowchart for the present study.

function by determining the best hyperplane to
divide training data into classes through a specific
process:

• Random Forest (RF): The Random Forest tech-
nique constructs numerous decision trees and is a
widely used algorithm due to its precision and accu-
racy, ease of use, and adaptability [33]. Its ability
to handle both classification and regression tasks,
coupled with its nonlinear nature, makes it highly
versatile and applicable to various data and scenar-
ios. The term “forest” is used because it creates a
collection of decision trees [34]. The results from
these trees are then combined to produce the most
precise predictions. While a single decision tree has
limited outcomes and categories, the forest ensures
greater accuracy by utilizing a larger number of
categories and decisions. Additionally, the model
introduces randomness by selecting the best feature
from a random subset of features.

• Classification and regression trees (CART): Use
a binary recursive partitioning method to analyze
data, accommodating both categorical and contin-
uous variables as predictors and targets without
requiring data binning. CART produces a collec-
tion of pruned trees, with each potentially being the
optimal tree. The best tree is selected by assessing
the predictive accuracy of each tree in the pruning
sequence using separate test data. The original data
is used throughout the process [35]. The CART
decision tree algorithm is highly dependent on the
training data, meaning that any alterations to the

training dataset can result in varied classification
outcomes [36].

2.5. Accuracy Assessment

The accuracy assessment is essential to validating and
assessing classification models by comparing them to
ground truth data during modeling and mapping endeav-
ors. This process helps determine the models’ effectiveness
and scientific significance. In summary, the validation and
accuracy assessment stages are critical in every classifica-
tion project. Its goal is to evaluate the models’ efficacy and
scientific importance by comparing the classified image to
ground truth data from another data source.

In order to use supervised classification in ML approach
for mapping urban LULC requires training samples for
classification input. The training sample model utilized
in this research consisted of five classes such as built-up
area (614 points), vegetation (254 points), barren area (241
points), soil (151 points), and water bodies (46 points).
The training sample model is utilized as input to direct the
formation of a decision tree in the classification process
using machine learning procedures.

3. Result and Discussion

3.1. The LULC Classification Using Three Different ML
Algorithms

The research examines various machine learning tech-
niques, such as SVM, RF, and CART, to map urban
land use and land cover using optical data, including
Sentinel-2 and Landsat-8 imagery on the Google Earth
Engine. Using the cloud mask technique on the Google
Earth Engine, cloud-contaminated pixels were eliminated
from the corrected images, which had the least amount of
cloud cover. Additionally, widely used indices like NDBI
and NDVI are incorporated as supplementary inputs for
LULC classification, representing built-up and vegetation
characteristics, respectively. The median algorithm on the
Google Earth Engine is used to composite satellite images
for all selected years.

The training and validation sets were established, with
around 1200 training samples gathered in the designated
study regions. 70% of these samples were utilized for clas-
sification purposes, while the remaining 30% were reserved
for accuracy evaluation, including the computation of
overall accuracy and kappa statistics. The classification
process involved applying SVM, RF, and CART machine
learning algorithms on the same training and validation
datasets available in GEE.

The urban area is classified into five classes as shown
in Fig. 3, such as built-up area, vegetation, bare land, soil,
and water bodies. The built-up area consists of asphalt,
concrete, roofs, concrete high-rises, medium-rise houses,
non-standard earthen houses, and metal. The vegetation
class consists of agricultural farms, pastures, lawns, and
urban green areas; the barren area class consists of rocky
terrain and mountains of stones; the soil class consists of
typically tin soil and lands without vegetation; and the
water class consists of rivers, canals, ditches, and ponds.
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Fig. 3. The LULC map was created using the RF, SVM and CART algorithms in GEE platform for the Kabul city.

TABLE II: Accuracy Matrix Utilizing Landsat-8 Data for the RF, SVM, and CART Classification Algorithm

ML algorithm Class name B V S BL W Total UA

RF Built-up (B) 254 5 7 4 0 270 94
Vegetation (V) 5 237 1 2 2 247 96

Soil (S) 8 2 127 5 0 142 89
Barren land (BL) 5 3 5 196 0 209 94

Water (W) 0 2 0 0 62 64 97
Total 272 249 140 207 64
PA 93 95 91 95 97 OA = 93.99 K = 0.92

SVM Built-up (B) 218 12 27 13 0 270 81
Vegetation (V) 7 226 6 7 1 247 91

Soil (S) 11 2 124 5 0 142 87
Barren land (BL) 17 4 7 181 0 209 87

Water (W) 1 0 1 0 62 64 97
Total 254 244 165 206 63
PA 86 93 75 88 98 OA = 87.02 K = 0.83

CART Built-up (B) 204 8 38 17 3 270 76
Vegetation (V) 6 228 4 8 1 247 92

Soil (S) 32 4 95 11 0 142 67
Barren land (BL) 19 8 12 170 0 209 81

Water (W) 0 2 3 0 59 64 92
Total 261 250 152 206 63
PA 87 91 63 83 95 OA = 81.12 K = 0.75

3.2. Accuracy Assessment and Performance of Various
ML Algorithms
Classification was first performed using supervised tech-

niques such as SVM, RF, and CART on the Sentinel and
Landsat imageries. The classification results are depicted
in Fig. 3, with corresponding accuracy details in Tables II
and III. The ML algorithm of RF outperformed SVM
and CART, with Sentinel-2 images showing greater pre-
cision than Landsat images. The overall accuracy of the
RF, SVM, and CART methods for Landsat were 93.99%,
87.02%, and 81.12%, respectively (Table II), while for sen-
tinel, the overall accuracy of the RF, SVM, and CART
methods were 94.42%, 91.52%, and 87.77%, respectively
(Table III). Based on Landsat image for RF, SVM, and
CART methods, the kappa coefficients were 0.92, 0.83, and

0.75, respectively, (Table II), while for Sentinel-2, they were
0.93, 0.89, and 0.84, respectively (Table III). Producer and
user accuracy were highest for the RF classifier in both
Landsat and Sentinel imageries compared to SVM and
CART, as shown in Fig. 4.

This study compared several machine learning algo-
rithms accuracy utilizing optical imageries of Sentinel-2
and Landsat-8, the same number of data used for valida-
tion and training data, and other information to assess
how well they classifying urban areas. The assessment of
algorithm accuracy was based on the analysis of LULC
classifications. According to the results, Sentinel outper-
formed Landsat in terms of accuracy, while the RF method
showed the greatest overall accuracy and Kappa coefficient
for both satellite imageries. The SVM algorithm ranked
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TABLE III: Accuracy Matrix Utilizing Senitinel-2 Data for the RF, SVM, and CART Classification Algorithm

ML algorithm Class name B V S BL W Total UA

RF Built-up (B) 261 3 2 4 0 270 97
Vegetation (V) 5 237 1 2 2 247 96

Soil (S) 9 3 128 2 0 142 90
Barren land (BL) 7 4 5 193 0 209 92

Water (W) 0 1 2 0 61 64 95
Total 282 248 138 201 63
PA 93 96 93 96 97 OA = 94.42 K = 0.93

SVM Built-up (B) 243 7 12 8 0 270 90
Vegetation (V) 5 226 6 9 1 247 91

Soil (S) 6 5 123 8 0 142 87
Barren land (BL) 3 3 5 198 0 209 95

Water (W) 0 1 0 0 63 64 98
Total 257 242 146 223 64
PA 95 93 84 89 98 OA = 91.52 K = 0.89

CART Built-up (B) 224 16 22 8 0 270 83
Vegetation (V) 11 223 7 5 1 247 90

Soil (S) 7 12 113 9 1 142 80
Barren land (BL) 6 2 5 196 0 209 94

Water (W) 0 2 0 0 62 64 97
Total 248 255 147 218 64
PA 90 87 77 90 97 OA = 87.77 K = 0.84

Fig. 4. The overall accuracy of Landsat-8 and Sentinel-2 for various machine learning algorithms.

second in accuracy for both satellites following RF, while
CART exhibited the lowest performance across both satel-
lite datasets (Figs. 5 and 6).

After comparing various machine learning algorithms,
it was found that the RF algorithm had the most accurate
classification for built-up areas in both satellite datasets.
For Sentinel-2 data, the RF algorithm had a user accuracy
of 97% and a producer accuracy of 93%, while for Landsat-
8 data, it had a user accuracy of 94% and a producer
accuracy of 93%. The SVM and CART algorithms had
lower accuracy for built-up areas, with the SVM algorithm

having a user accuracy of 90% and 83% and a producer
accuracy of 95% and 90% for both Landsat and Sentinel
imageries, respectively. The user accuracy of the CART
method was 81% and 76%, and the producer accuracy
was 86% and 87%, respectively, for Sentinel and Land-
sat images. These findings suggest that it’s important to
compare the performance of different algorithms before
choosing one and that using multiple methods simultane-
ously and comparing their findings can create the most
precise map.
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Fig. 5. Accuracy for each land class using RF, SVM, and CART classifiers of the Landsat-8 image: (a) producer accuracy and (b) user accuracy.

Fig. 6. Accuracy for each land class using RF, SVM, and CART classifiers of the Sentinel-2 image: (a) producer accuracy and (b) user accuracy.

4. Conclusion

This study’s primary goal was to assess the compar-
isons of several machine learning algorithms in terms of
their accuracy for classification, producer, user, and overall
accuracy, as well as the Kappa coefficients. The study also
aimed to assess the capability of optical satellite imageries
of Landsat-8 and Sentinel-2, as well as the performance
of a Google Earth engine-based classification in the Kabul
city area. The Landsat and Sentinel satellite images on
Google Earth Engine were used to evaluate the perfor-
mance of the RF, SVM, and CART ML methods for
classifying urban LULC. The accuracy of each algorithm
was assessed for individual classes using an error matrix.
The Sentinel-2 images showed superior performance com-
pared to Landsat-8 due to its higher resolution. The RF
algorithm demonstrated consistent and accurate classifi-
cation of urban area data based on the confusion matrix
and overall accuracy results. RF achieved overall accura-
cies of 93.99% for Landsat-8 and 94.42% for Sentinel-2,
while SVM and CART had overall accuracies of 87.02%
and 81.12% for Landsat-8, and 91.52% and 87.77% for
Sentinel-2, respectively. The findings indicated that RF was
the most suitable classifier for urban area classification
with optical satellite imageries of Landsat and Sentinel
using GEE. It is important to consider factors such as the
condition of the study area, thematic accuracy, training
data quality, and mapping requirements when selecting the
most appropriate classifier. The dependability and flexi-
bility of the Google Earth Engine make it a viable option
for satellite image classification and analysis compared to

other commercial software. These results emphasize the
importance of comparing algorithm performance before
choosing one, and utilizing multiple methods simultane-
ously and comparing their outcomes can lead to the most
accurate mapping results.
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