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Abstract

Addressing the United Nations Sustainable Development Goals, particularly sustainable cities and communities (SDG 11), and
the protection of terrestrial ecosystems (SDG 15), is closely linked to understanding patterns of urbanization. Rapid urban growth
significantly influences ecosystem functions, including transportation, housing, and economic development. Monitoring this growth
and analyzing performance patterns are essential for supporting decision-making and guiding urban planning and management. This
study presents an automatic approach for monitoring urban expansion by applying the Random Forest machine learning classifier
from 2015 to 2025 using Google Earth Engine. The method exploits spectral indices not only for unsupervised classification but
also for training the Random Forest classifier, thereby ensuring a fully automated workflow. The proposed approach is applied
to Gharbia Governorate, a region which lacks surrounding desert margins and is instead entirely composed of fertile agricultural
land, to monitor urban expansion in three-year intervals. The proposed study, which achieved a kappa coefficient exceeding 0.96
across all study periods, revealed a gradual decline in agricultural land from 75.5% in 2015 to 72.7% in 2025. These outcomes offer

valuable insights to support evidence-based planning and promote sustainable land use management.

1. Introduction

Urban extent has expanded more than forty-fold since 1870,
highlighting two centuries of urban sprawl and its long-term
environmental implications (Li et al., 2021). Urban growth ex-
erts adverse effects on systems such as transportation, housing,
employment, and privacy, with its impacts being most severe
in developing countries where expansion is often rapid and un-
planned (Mostafa et al., 2021). The study of land use and land
cover (LULC) change is crucial for understanding current land
utilization and providing a foundation for effective planning and
management. LULC has emerged as a key element in contem-
porary approaches to monitoring environmental change (Atef
et al., 2024) and managing natural resources (Teck et al., 2023),
particularly as human activity and expansion have altered or
modified nearly 75% of natural landscapes worldwide (Hussain
et al., 2024; Brown and Anand, 2024).

Consequently, multi-use or mixed landscapes that integrate nat-
ural, urban, and semi-urban land-use types are becoming in-
creasingly widespread, reflecting the complex dynamics of hu-
man—environment interactions (Roy et al., 2025). Green spaces,
particularly forests and agricultural lands, constitute essential
assets for sustaining environmental balance, conserving biod-
iversity, and supporting economic development; therefore, the
systematic monitoring of their spatiotemporal dynamics through
Remote Sensing and Geographic Information Systems (GIS) is
of critical importance (Atef et al., 2024; Valjarevié et al., 2025).

Remote sensing combined with GIS provides an effective frame-
work for detecting and quantifying land use changes, deliver-
ing timely, accurate, and cost-efficient insights into spatial and
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temporal dynamics (Wang et al., 2024). Variety of remote sens-
ing techniques have been applied to generate accurate LULC
maps which are essential for tracking and analyzing transitions.
Those techniques are classified into traditional statistical ap-
proaches such as the Maximum Likelihood Classifier (MLC)
and advanced machine learning methods like neural networks,
decision trees, random forests (RF), and support vector ma-
chines (SVM) (Atef et al., 2023).

Random Forest (RF) and Classification and Regression Trees
(CART) were applied and evaluated in the western Oregon re-
gion (USA), which comprised five land cover classes. The res-
ults indicated that RF outperformed CART in producing more
accurate (LULC) maps (Giilci et al., 2025). Support Vector Ma-
chines (SVM), Random Forest (RF), and Classification and Re-
gression Trees (CART) were analyzed and their performance
evaluated through accuracy assessments. The findings revealed
that RF classifiers outperformed both SVM and CART classifi-
ers in terms of classification accuracy (Loukika et al., 2021).

In recent years, the Google Earth Engine (GEE) platform has
been increasingly employed for spatial mapping and analysis
across a wide range of research domains, including the monit-
oring of urban expansion. This issue is particularly critical in
Egypt’s Gharbia Governorate, which lacks surrounding desert
margins and is instead entirely composed of fertile agricultural
land. The challenge of urban sprawl in Egypt is further ex-
acerbated by the fact that approximately 96% of the national
territory consists of uninhabited desert, thereby placing dispro-
portionate pressure on the limited arable areas (Mostafa et al.,
2021). This research employs Landsat imagery spanning the
period 2015-2025 to examine the spatiotemporal dynamics of
land use and land cover (LULC) in Gharbia Governorate, a rep-
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Figure 1. Gharbia Governorate Study Area

resentative region of the Nile Delta. Land cover classification
was performed using the Random Forest algorithm within a GIS
framework, targeting three dominant categories: agricultural
land, urban areas, and water bodies. The results aim to sup-
port evidence-based land management strategies and highlight
the pressing need for sustainable urban planning in agricultur-
ally productive areas of the Egyptian Delta.

2. Study Area and Material

Gharbia Governorate is situated at the core of Egypt’s Nile Delta,
positioned at approximately 30.87° N latitude and 31.03° E lon-
gitude. It is bounded by Kafr El-Sheikh Governorate to the
north, Menoufia Governorate to the south, and flanked to the
east and west by the Damietta and Rosetta branches of the Nile,
respectively. Administratively, Gharbia comprises eight dis-
tricts, covering a total area of about 1,943.27 km? (equivalent
to 462,684 feddans), as illustrated in Figure 1. According to the
Central Agency for Public Mobilization and Statistics (CAP-
MAS) (Gharbia-Governorate, 2025), the population of Gharbia
reached 5,379,417 in July 2022. In comparison, earlier records
indicate populations of 5,066,000 in 2018, 4,011,320 in 2006,
and 3,790,670 in 2001, reflecting a steady demographic growth
over the past two decades (Mostafa et al., 2023). Landsat 8 im-
agery from the years 2015, 2018, 2021, and 2025 were selected
for analysis. To ensure consistency and enhance the accuracy
of change detection, images acquired in May—characterized
by minimal cloud cover—were used for all study years. GEE
code editor and its provider services were used as a calculation
platform.

3. Proposed Methodology

The monitoring of LULC changes in Gharbia Governorate was
implemented on GEE platform following the workflow presen-
ted in Figure 2. The methodology consists of three main stages:
(I) automatic selection of training samples, (II) land cover clas-
sification using the Random Forest (RF) algorithm, and (III)
Mapping & Change Detection. The procedures corresponding
to each stage are described in detail in the following sections.

3.1 Automatic Selection of Training Samples

To ensure full automation of the classification process and con-
sider that the selection of training samples is a critical factor in
Random Forest (RF) classification, three spectral indices were
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Figure 2. Proposed Flowchart for LULC classification on the
GEE platform

employed to generate predefined training locations for each land
cover class within the study area. These indices (Guha and
Govil, 2022) — results shown in Figure 3, derived from Landsat
8 spectral bands, are presented in Equations 1,2,and 3. Each
index has been proven effective in discriminating specific land
cover category. The Normalized Difference Water Index (NDWI),
which enhances the contrast between the green and near-infrared
bands, was applied to extract initial training samples for water
bodies as NDWI value increases towards +1 in areas with wa-
ter bodies. The Normalized Difference Built-up Index (NDBI),
highlighting the difference between near-infrared and shortwave
infrared bands, was utilized to identify built-up areas as val-
ues for built up regions increased towards +1. Similarly, the
Normalized Difference Vegetation Index (NDVI), which em-
phasizes the contrast between near-infrared and red bands, was
adopted to generate initial vegetation samples. NDVI values
approach +1 if health and dense vegetation existed. As illus-
trated in Figure 3 (c & f), a clear distinction emerges between
NDBI and NDWTI in identifying water and built-up areas. This
difference is particularly significant when applying threshold-
based classification. In the proposed methodology, an auto-
mated thresholding strategy is adopted to ensure accurate delin-
eation of dominant classes. Specifically, NDWI values greater
than 0.1 are classified as water, NDBI values exceeding 0.4 are
assigned to built-up areas, and NDVI values above 0.5 are re-
commended for vegetation. These threshold values were se-
lected based on empirical testing and visual inspection, and
they were found to provide an optimal balance between omis-
sion and commission errors. Sensitivity analysis indicated that
lowering the thresholds increased false positives, while higher
thresholds led to the exclusion of valid class samples.
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Figure 3. Training Samples: Visible bands composites, NDWI, NDVI, and NDBI for the study area.

3.2 Land Cover Classification using the Random Forest efficiency and classification accuracy. For each land cover class,

(RF) Algorithm 500 sample points were automatically generated from objects
generated from indices for each class, ensuring adequate rep-
resentation of the study area, as shown in Figure 4. The dataset
was subsequently partitioned into training and validation sub-
sets, with 70% of the samples allocated for training and the

The Random Forest (RF) classifier, implemented through the
smileRandomForest function in GEE, was applied using 50 de-
cision trees, which provided a balance between computational

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-545-2026 | © Author(s) 2026. CC BY 4.0 License. 547



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

@ Agri.
@ Built
O Water 227 qe.,

Figure 4. The automatic selection of training and testing points
[green: Vegetation, Red: Built, and navy blue: water]

remaining 30% reserved for accuracy assessment and classific-
ation results shown in Figure 6-c. To facilitate visualization
and distinction, the points were symbolized by both color and
shape: agricultural areas were represented in green, built-up
areas in red, and water bodies in blue.

3.3 Accuracy assessment of the classified results

The accuracy of the classification was assessed using the 2021
Landsat image. Evaluation metrics included overall accuracy
(OA) and the Kappa coefficient, which are widely adopted in
remote sensing studies to validate classification reliability. The
overall accuracy was calculated as the proportion of correctly
classified pixels in relation to the total number of validation
samples. To provide a more detailed assessment of class-level
performance, a confusion matrix was generated, from which
user’s accuracy, producer’s accuracy, and the Kappa statistic
were derived. For validation, 30% of the ground reference points
were randomly selected and reserved as independent testing
data, while the remaining 70% were used for training the clas-
sifier.

4. Analysis and Discussion

The classification was comparatively reported for 2021 as shown
in Figure 5 and overall accuracy and kappa coefficients achieved
98.3% and 0.967 respectively. So, RF was applied to four dif-
ferent time slots: 2015, 2018, and 2025 to get LULC mapping
as shown in Figure 6.

Based on the LULC classification, statistical analysis, and spa-
tial visualization of changes (Table 1), agricultural land remains
the dominant class, accounting for approximately 75% of the
study area, compared to 25% for built-up regions. However,
the proportion of agricultural land has gradually declined from
75.5% in 2015 to 72.7% in 2025, reflecting the loss of cultiv-
ated land primarily due to urban expansion. Correspondingly,
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Figure 5. fig:The heatmap presents the area (%) information of
LULC classes for 1500 training and test points.

Table 1. Details of the LULC area (km2) in Gharbia governorate
for 2015, 2018, 2021, and 2025

Year | Water (km?) | Agri (km?) | Built (km?)
2015 9.894 1498.297 475.7764
2018 9.227 1469.064 505.664
2021 10.437 1389.837 583.681
2025 9.967 1443.024 530.964

the built-up class increased from 23.98% in 2015 to 26.76%
in 2025. The water class, which mainly represents irrigation
canals, exhibited only marginal changes. These minor vari-
ations may be attributed either to the actual stability of water
bodies or to the challenges in precisely delineating canal bound-
aries, which are occasionally misclassified as vegetation. Spa-
tial patterns of urban expansion were observed predominantly
around the centers of the governorate and along major infra-
structure, such as roads and railway stations. This trend reflects
the absence of desert or unutilized land available for expansion,
forcing urban growth to occur primarily at the expense of ag-
ricultural land. Similar patterns of agricultural land loss and
urban sprawl have been reported across other Nile Delta gov-
ernorates, including Dakahlia and Shargia, where rapid popu-
lation growth and infrastructure development continue to exert
pressure on fertile farmland, reinforcing the regional challenge
of sustainable land management.

5. Conclusion

Urban growth has a significant impact on ecosystem functions
such as transportation, housing, utilities, employment, and eco-
nomic development. Land use and land cover (LULC) classi-
fication plays a pivotal role in managing urban expansion and
provides clear insights for decision-makers, particularly in de-
veloping countries. Freely available satellite imagery (e.g., Land-
sat 8) can be used for large-scale urban growth management and
prediction. In this study, we introduce a fully automated ap-
proach to classify and assess urban expansion in building areas
of Gharbia Governorate. The approach utilizes GEE and auto-
matically extracts training samples using commonly applied in-
dices (e.g., NDVI, NDWI, NDBI) to train Random Forest (RF)
classifiers. The proposed method achieved an overall accuracy

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-545-2026 | © Author(s) 2026. CC BY 4.0 License. 548



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

g \_ Biyala . Buhi
Ll \ : AL o sd
- e J
Kafr El-Shaikh et
bas Ash idl-3as Nabarul
uhadaa Nashart 08 pui

Hllondnat S
; Qillin

Birkat:as SAB

I
. Water = Al Batanun q‘S‘,
B Agri Shibin Al
M Built 'fml
uil ) AR Y L |+ y
5 Quwaysna / ¥ 18
- R oyoety Nrla ke Shuke

(a) 2015

— 2

Nabarut

bas Ash Nashart ;
09

uhadaa
wll .,.,.L.....;

\

! Birkat:as SAB
I
Al Batanun L
Shlbln Al Us,u | \
I_q_..d* | ‘-,- v Iy
& . Shebeen Quwaysna
Ee Fl-kom—~  laush

(c) 2021

4,
~ Kafr Shuk?

+ Sl Saw
~ Buh
e .:“‘-.'.- -
Shabas Ash yohan Nabaruh
O

Shuhadaa
Lo

[y

| Birkat ?s;ss,\é
[l Water A AlBatanun  © &
W Aci |, Shibin Al ool |
S Buit |\ elapall \ / / : |
- Quwaysna
i f 7 Tl s ZKafr Shuki
(b) 2018
I L 3 ) Biyala i Bul
+ 3 y i ’

Fou e
-

Kafr EFShaikh
R

abas Ash Nabaruh
1uhadaa Nashan 89305
ey

Qillin
ouls

\ 4 N
2025 Birkatas SAB
I
gowll'as
[l water 8 Al Batanun >
B Agri SElava'n n:\l Ogilall \
i Il Bui [ g \ b /
i __r~Shebeen Hf);a;"_snna e St Shilris
(d) 2025

Figure 6. LULC Mapping of Gharbia: (a) 2015, (b) 2018, (c) 2021, and (d) 2025.

(OA) of 98.3% and a kappa coefficient of 0.967. In conclu-
sion, the proposed approach demonstrates both efficiency and
reliability, benefiting from the automatic extraction of training
samples and the computational power of GEE. The findings re-
veal that water bodies in Gharbia Governorate remain relatively
stable, whereas agricultural lands are experiencing considerable
decline due to continuous urban expansion. Urban growth ex-
erts adverse effects on systems such as transportation, housing,
employment, and privacy, with its impacts being most severe

in developing countries where expansion is often rapid and un-
planned.
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