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a Institute of Water and Environmental Management, Faculty of Agricultural and Food Sciences and Environmental Management, University of Debrecen, 146B 
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A B S T R A C T

Accurate land cover (LC) maps are essential for urban water balance modeling, particularly in rapidly urbanizing 
cities like Debrecen, Hungary, where industrial expansion has intensified since 2019. However, LC classification 
remains challenging due to limited studies evaluating the optimal combination of classifiers and satellite data. 
This study builds upon previous research by introducing a comparative analysis of three machine learning 
classifiers—Support Vector Machine (SVM), Maximum Likelihood Classification (MLC), and Random Forest 
(RF)—in LC classification using Sentinel-2 and Landsat 8 imagery from 2018, 2020, and 2022.

Results show that SVM on Sentinel-2 achieved the highest accuracy (F1 score: 0.84 ± 0.11, overall accuracy: 
88 ± 2.1 %, kappa: 0.84 ± 0.03) with the lowest total disagreement values (D% = 12.6 in 2020, 13.1 in 2022). 
Consequently, SVM with Sentinel-2 was selected for LC change detection, employing trajectory analysis to assess 
urban development dynamics. The quantity gain component accounted for 5 % of the study area, representing 
net urban expansion, while the exchange component (10 %) indicated bidirectional shifts between developed 
and non-developed classes. Given Debrecen’s rapid industrialization and the lack of a robust LC classification 
strategy for hydrological applications, this research refines LC change detection methods. It improves water 
balance calculations by LC type, strengthening the hydrological framework. By demonstrating the value of 
satellite imagery and GIS in monitoring urbanization, the findings support future urban water balance assess
ments, sustainable planning, and resource management, providing local authorities with a robust tool to adapt 
spatial strategies to an evolving landscape.

Introduction

Urbanization is a global process with long-term environmental 
consequences, particularly in terms of water resource management 
(Kintu et al., 2019). Expanding urban areas and replacing natural sur
faces with asphalt and concrete abruptly change the Earth’s surface 
characteristics (Njoku and Tenenbaum, 2022). This phenomenon is 
termed as LC change, and it has drastically changed the water balance of 
a city by disrupting normal runoff, infiltration, and evapotranspiration 
rates within an urbanizing watershed (Bueno-Suárez and Coq-Huelva, 
2020). LC classification which is defined as the science of classifying 
and characterizing such surface features, is crucial to identify and 
overcome these challenges of urbanzation (Shi and Li, 2021). The sat
ellite images also enable scientists to monitor the development of cities 

and their effects on water resources; vital data for monitoring environ
mental conditions and resource management. (Mudereri et al., 2023; 
Al-Bilbisi, 2019). The observation of trends in LC over time enables 
decision-makers to select the most appropriate method of land utiliza
tion, namely urban planning, agriculture, or conservation (Munthali 
et al., 2019). LC classification, besides, permits environmental modifi
cation like deforestation and desertification as very valuable input data 
for ecological conservation and management of land resources for sus
tainable use (Zhao et al., 2023).

Urbanization alters the landscape and creates problems in water 
resources management; hence, there is an all greater need to understand 
the LC of the Earth in urban areas (Caldwell et al., 2012). Runoff gen
eration, evapotranspiration rates, and infiltration patterns change 
significantly whenever cities start growing and impervious surfaces 
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increase (EPA, 2023). This eventually affects the water balance in the 
entire city. In this respect, developing an efficient water management 
strategy for rapidly industrialized cities depends completely on accurate 
and updated LC information (Mengistu et al., 2022; Banjara et al., 2024).

Remote sensing (RS) satellite data are among the most valuable 
sources when up-to-date LC classification needs to be obtained, while 
big Earth Observation (EO) data sets are constantly used to obtain in
formation on LC (Nagy et al., 2007, 2009, 2013; Maus et al, 2019). For 
instance, using SITS (Satellite Image Time Series) enhances a more 
rational comprehension of landscape and natural phenomena such as 
deforestation, greenhouse gas emission, and agricultural development 
as described by Petitjean et al., 2012. The LC classification highly de
pends on the satellite images availed through satellites such as 
Sentinel-2 and Landsat 8 (Jamshid et al., 2013; Jensen, 2000). These 
satellites capture Earth’s surface in multiple wavelengths, providing 
information about infrastructure monitoring, vegetation, and water 
(Deng et al., 2019; Drusch et al., 2012). This spectral information is then 
analyzed by scientists to classify the different LC types (Navin et al., 
2020). RS technology, especially from satellites, is very instrumental in 
the efficient monitoring of LC, Urban Planning, and Ecosystem and 
Biodiversity Health over large areas without extensive fieldwork, which 
can be very time-consuming and costly (Skidmore et al., 2021).

In supervised LC classification, the most important elements are 
training samples, classifiers, and supplemental datasets (Johnson, 
2015). However, with the help of modern tools (like ArcGIS Pro and 
Google Earth Engine), we can create LC maps with more accuracy by 
utilizing various LC classification algorithms. In this paper, three algo
rithms, SVM, RF, and MLC, are applied for LC classification using sat
ellite imagery. All these algorithms have their advantages given 
accuracy and interpretability. SVM excels in dealing with complex 
datasets and producing high accuracy because it can separate classes in 
high-dimensional spaces; RF offers robust performance with a lower risk 

of overfitting; and MLC, in particular, is appreciated for its probabilistic 
approach, as it assumes a normal distribution of the input data, hence 
being rather easy to implement and understand (Basheer et al., 2022; 
Talukdar et al., 2020; Adugna et al., 2022).

In our previous study (Guizani et al., 2024), we analysed the hy
drological consequence of LC change in Debrecen, Hungary, a city 
experiencing rapid urbanization and industrial development. Our 
research focused on estimating infiltration, evapotranspiration, and 
runoff for the year 2019 to quantify the city’s water balance, relying on a 
single classification method (MLC) and Landsat-8 imagery. However, 
accurately mapping LC remains challenging due to the lack of studies 
and methodologies focused on this region, particularly regarding 
multi-temporal analysis.

The innovation of this study lies in its comparative approach, which 
evaluates multiple machine learning classifiers (SVM, RF, and MLC) 
applied to both Sentinel-2 and Landsat 8 data over an extended period 
from 2018 to 2022. Contrary to other studies, which focused on a single 
classifier and one year, this research systematically assesses classifica
tion performance and improves LC change detection. This extended time 
frame allows for capturing LC changes that in Debrecen due to recent 
developments (Iváncsics and Kovács, 2021). The results offer a more 
robust LC mapping approach that enhances urban water balance 
modeling by minimizing classification errors. These results will not only 
inform future urban water balance assessments in Debrecen but also 
pave the way for improved urban planning and management strategies 
for rapidly urbanizing cities around the world.

Materials and methods

Description of the study area

Debrecen, Hungary’s second-largest city, serves as the focal point of 

Fig. 1. Location of Debrecen within Hungary and digital elevation model (DEM).
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this study (Kozma, 2009). Located in the eastern part of the country, 
Debrecen resides within Hajdú-Bihar County (Tamás et al., 2019) (see 
Fig. 1). Understanding Debrecen’s LC and its transformation is crucial 
due to the city’s rapidly increasing urbanization (Iváncsics and Kovács, 
2021). This study aims to bridge the gap in existing research, as previous 
investigations haven’t focused on LC changes in Debrecen.

Population: Debrecen boasts a population of over 200,000 residents, 
experiencing steady growth over the past decades. This population surge 
is a significant factor driving urban expansion and LC changes 
(STRATEGY 24, 2023).

LC: Debrecen’s LC is likely undergoing a significant shift due to 
urban sprawl (Pénzes et al., 2023; Molnár and Kozma, 2018). As 
impervious surfaces, like buildings and roads, replace natural land
scapes, infiltration patterns, evapotranspiration rates, and runoff gen
eration are all significantly impacted (Dams et al., 2013). This, in turn, 
disrupts the city’s overall water balance (Weng and Lu, 2008). Under
standing the current LC and its transformation patterns will be essential 
for informed urban planning and sustainable development.

The city’s water resources deserve mention as well. The Tisza River, 
one of Hungary’s largest, flows near Debrecen, influencing the local 
hydrology (Lóczy et al., 2009). Additionally, Debrecen has different 
hydrological systems including natural water bodies, wetlands, and 
groundwater systems (Tony and Jorge, 2022). Understanding how these 
resources interrelate with the dynamic LC is crucial for sustainable 
water management (Banjara et al., 2024).

Water and Environmental Practices: Debrecen is located in a region 
that experiences periodic water shortages; therefore, effective manage
ment of this resource is very important. Research into the existing 
management practices of water and the potential sustainable use of 
water will be instrumental. Therefore, assessments of environmental 
practices related to waste management, pollution control, and devel
opment of green areas will be crucial to ensure the environmental health 
of Debrecen (STRATEGY 24, 2023).

Climate: Debrecen has a continental climate, indicating that sum
mers are hot and winters are cold and snowy. Analysing LC changes and 
their possible effects on the urban environment will require an under
standing of the climate (Szász, 2013).

Foreseen rapid urbanization: Debrecen, Hungary, is poised for a 
period of rapid urbanization (Iváncsics and Kovács, 2021). This trend 
can partly be attributed to a major increase in industrial development 
that occurred in 2019. The setting up of key players, such as a battery 
factory and BMW plant, has given impetus to the economy and led to a 
surge in new job opportunities (Hungarian Insider, 2022; Pénzes et al., 
2023). This development, in terms of job creation, definitely had con
sequences for the urban environment of the city, such as in the advance 
of urbanized areas (Building Connections, 2024).The arrival of these 
industrial giants has attracted a new wave of residents seeking 
employment within the city. In this respect, urban spread in Debrecen 
will be maintained alongside this growing number of citizens. Such a 
trend presents both opportunities and challenges for city planners 
(Debrecen4u, 2024). This will demand new developments in housing, 
transportation networks, and public services to ensure both the transi
tion of existing residents and that of the newcomers move smoothly 
(Debrecen4u, 2024 and STRATEGY 24, 2023).

Methodological framework for LC classification

Several traditional techniques exist which estimate LC changes at the 
global scale (Haque and Basak, 2017; Settembre et al., 2024). On the 
other hand, studies carried out in Debrecen city undergoing rapid 
industrialization have lacked an overall framework that analyze the 
changes in LC over time. Various studies on the rapid industrialization 
and urbanization of Debrecen have shown that a structured framework 
is necessary for efficiently tracking changes in LC over time. A few works 
center around suburbanization, urban sprawl, and the transformation of 
the outlying area by industrial growth. For example, within the 

PROSPERA project, a Strategic Urban Development Strategy (SUDS) was 
produced for Debrecen (PROSPERA, 2020) to balance sustainable 
practices and industrial expansion, especially within the periphery of 
cities. It also intends to enhance green infrastructure and climate resil
ience within the urban-suburban zones to reflect the increasing policy 
interest in the environment alongside growth in the urban areas 
(Hegedűs et al., 2023; PROSPERA, 2020). The impact of peripheral 
industrialization on LC in Debrecen is the subject of another study 
(Halder, 2022), which specifically links changes in the rural-urban 
transition zone to industrial expansion and foreign direct investment, 
especially in industries. In light of these structural shifts, there is a call 
for a comprehensive analysis framework that can integrate GIS and 
spatiotemporal data to capture both economic and environmental 
impacts.

The objective of this paper is to present a methodological framework 
that will analyze and compare the performance of different approaches 
for image classification to map LCs in Debrecen, Hungary. The frame
work addresses the limitations of previous research in the area, which 
predominantly used a single classifier with small datasets (PROSPERA, 
2020; Hegedűs et al., 2023). The city of Debrecen is undergoing indus
trial development, which presents several challenges about the man
agement of its water resources and the impact of changes in LC on the 
water balance. In our previous study (Guizani et al., 2024), we investi
gated these issues by employing only a single classifier and Landsat 8 
data for a single year. This framework builds upon that previous work by 
incorporating: Comparative Analysis of Classification Methods: We 
move beyond a single classifier by comparing the performance of 
various algorithms within ArcGIS Pro. This allows us to identify the 
best-performing method for mapping Debrecen’s dynamic LC. 

• Spatiotemporal data collection: Sentinel 2 and Landsat 8 satellite 
images, collected between 2018 and 2022, and are used to leverage 
the advantage of geospatial big data. The multi-temporal technique 
allows for LC change analysis, in the urban region, between the 
specified years (Wiatkowska et al., 2021; Chaves et al., 2020).

• Pre-processing: Pre-processing of Sentinel-2 and Landsat-8 data at
tempts to account for atmospheric effects. For this reason, pre- 
processing is applied to the Level-1C product for Sentinel-2 (ESA, 
2020) and the OLI-TIRS sensors for Landsat-8 (Gascon et al., 2017). 
Sentinel-2 has 13 spectral bands, while Landsat-8 has 11. The two 
datasets capture data with different levels of detail in spatial reso
lution and cover different wavelengths in multispectral resolution 
(Nguyen et al., 2024).

• Training data and Validation: The spectral separability test was 
performed to ensure that the training samples for different LC classes 
were distinct. The Transformed Divergence (T.D) and Jeffries 
Matusita (J.M) are two of the most common indices used to ascertain 
class separability, and therefore they were adopted at this validation 
stage both of the indices yield a score of between 0 and 2, and 2 is 
ideal separability while 0 is poor separability (Padma and Sanjeevi, 
2014). ENVI software was utilized in the analysis because it provides 
advanced tools for checking spectral differences. To get an accurate 
classification result and improve training data quality, those classes 
having a separability value below a critical threshold (for instance, 
1.9) were flagged for modification (Bruse and Fleer, 1998).

• Machine Learning-based Classification: Labeled points were overlaid 
on the corresponding Sentinel 2 and Landsat 8 imagery using the 
band combinations established in Basheer et al., 2022 and our pre
vious research (Guizani et al., 2024); this combined spectral infor
mation served as an input for training the classification algorithms. 
In the classification process, data from Landsat-8 and Sentinel-2 were 
used for the years 2018, 2020, and 2022 with three widely recog
nized classifiers: RF, SVM, and MLC.

• Accuracy Assessment: Error matrix was generated by comparing the 
classified maps with medium to high-resolution imagery available in 
Google Earth Engine (GEE), specifically using Sentinel 2 (10 m 
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spatial resolution for visible (RGB) and near-infrared (NIR) bands), 
very high-resolution Google Earth images (https://earth.google. 
com/web), which provides sub-meter spatial resolution (from 0.3 
m to 1 m, depending on the acquisition date and provider), and fa
miliarity with the study area’s characteristics (Wiatkowska et al., 
2021; ISPRS, 2018). To ensure reliable LC maps, we employ a robust 
accuracy assessment strategy. Each classifier-dataset combination 
will be evaluated using the F1 score, OA, and kappa coefficient. The 
F1 score is particularly valuable as it considers both Precision and 
Recall accuracy, addressing limitations of the kappa coefficient. 
(Hand, 2012; Foody, 2020; Lyons et al., 2018). Additionally, Quan
tity Disagreement and Allocation Disagreement metrics (Pontius Jr 
and Millones, 2011) are incorporated to provide a more detailed 
evaluation of classification errors by distinguishing between class 
proportion errors and spatial misallocation errors, further enhancing 
the accuracy assessment.

• Interpretation: Maps and graphs will be used to effectively commu
nicate and analyze the findings, allowing for clear comparisons be
tween classification methods and datasets. Therefore data 
visualization plays a crucial role in comparing classification 
methods, as indicated by Kollert et al. (2021) and Kullenberg (2016).

• Change Detection: Change detection analysis was performed for the 
study period to diagnose LC dynamics in Debrecen. A statistical 
comparative analysis was carried out by quantifying the variations 
for each type of LC class.

The methodological framework details are presented in Fig. 2.
By implementing this multifaceted framework, we aim to achieve a 

more precise and insightful understanding of LC changes in Debrecen. 
This knowledge will be instrumental in monitoring LC changes, man
aging water resources, and supporting sustainable urban development in 
the city. Table 1 shows the major LC classes’ scheme for the study area. 
We use six major classes, e.g., forest, surface water bodies, developed, 
bare ground, crop-covered areas, and grassland that represent the 
overall LC of Debrecen.

Data sources

This study utilizes multi-temporal satellite imagery from Landsat 8 
Operational Land Imager (OLI) and Sentinel-2 Multi-Spectral Instrument 
(MSI) for the years 2018, 2020, and 2022. These datasets are selected 
due to their spectral capabilities and suitability for LC classification. The 
data was accessed through the USGS Earth Explorer and the Copernicus 

Open Access Hub.
Two satellite’ images with different spatial resolutions are used in 

this study: 

• Landsat 8 OLI: The Landsat satellite represents a fundamental 
component of the USGS National Land Imaging Program, delivering 
consistent, reliable, and comparable data since 1974. With a reso
lution of 30 m, OLI’s multispectral images include nine bands: two in 
the short-infrared spectrum and five in the visible and near-infrared 
spectrum. Landsat 8 is ideal for change detection research across the 
years, it provides a long-term record with a 16-day repetition cycle 
(USGS, 2016; Nwagoum et al., 2023).

• Sentinel 2 MSI: provides a multispectral imaging system with a wide 
swath and higher spatial resolution (10 m). This supports Copernicus 
land monitoring research, including the observation of coastal re
gions and inland water cover, the analysis of vegetation, water 
bodies and water cover, and soil. There are thirteen spectral bands in 
Sentinel 2. (European Space Agency, 2024 and Acharki, 2022).

• Acquisition Parameters: This study uses images with cloud cover 
range between 0 % and 35 %, focusing on the growing season (June 
to September) when vegetation is most easily distinguished from 
other LC types, to train our machine learning algorithm to maximize 
vegetation recognition (Yan et al., 2023).

Fig. 2. Methodological framework details LC Classification and Change Detection using Sentinel 2, Landsat 8, and Machine Learning.

Table 1 
The major Name and description of LC classes for Debrecen.

Class Names description

Forest Forests are large areas (over half a hectare) dominated by tall 
trees (over 5 meters) with a dense overhead layer (more than 10 
% covered). (FAO, 2000)

Developed Highly built-up areas with more than 80 % of the ground 
covered by human-made structures like buildings, roads, and 
other paved surfaces. (Linda and Geir, 2021)

crop-covered 
area

These areas are fairly uniform, making them easy to spot in 
Landsat images. This is because they have a consistent color 
signature (spectral characteristics) and a simple, organized 
layout (regular field geometry). (Matthews et al., 2022)

Grassland An area covered in mostly grass or similar plants, where animals 
can graze. (Schoenbaum et al., 2018)

Surface water 
bodies

Bodies of water are entirely surrounded by land. They’re 
basically natural or man-made depressions that collect and hold 
water. (Williams et al., 2004; Monaghan et al., 2017)

bare ground Any exposed earth that is not covered by plants, rocks, 
pavement, or other materials. (Liu et al., 2022)
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• Path-Row Information: The Worldwide Reference System (WRS) 
identification number of the downloaded scenes path-row was 
186–27.

• Table 2 describes the sensor datasets and Acquisition time used in 
this study.

Sentinel-2 and Landsat-8 data were pre-processed to minimize at
mospheric effects and improve classification accuracy. The steps 
included: 

• Atmospheric Correction: 
- Landsat-8 OLI/TIRS: Atmospheric correction was conducted using 

the Apparent Reflectance tool in ArcGIS Pro. It scale the digital 
number (DN) values with regards to variables like sun elevation 
and sensor-specific parameters, which results in TOA reflectance 
values.

- Sentinel-2 MSI: To minimise the impacts of atmospheric scattering, 
the Sen2Cor tool was employed to apply atmospheric correction as 
well as the of bottom-of-atmosphere (BOA) reflectance for the 
Sentinel-2 MSI.

• Cloud and Shadow Masking: 
- In Landsat 8, cloud cover masking is done by the Quality Assess

ment (QA) band in the Level-2 Surface Reflectance product. QA 
band contains details regarding the existence of clouds and 
shadows in very fine detail.

- For Sentinel 2, cloud cover masking, was done using the Scene 
Classification Layer (SCL) included in the Level-1C data product. 
The SCL includes a per-pixel classification, which distinguishes, 
among other features, clouds, shadows, vegetation, and water. By 
delineating the pixels that were identified as clouds and shadows in 
the SCL, we effectively masked these regions so that they would not 
affect subsequent analyses.

• Geometric Correction: 
- Both datasets were geometrically aligned using ground control 

points and coordinate system standardization in ArcGIS Pro, 
ensuring spatial consistency across all images.

• Data Augmentation with Spectral Indices: 
- Normalized Difference Vegetation Index (NDVI): Calculated to 

highlight vegetated areas, aiding in distinguishing between 
different LC types.

- Bare Soil Index (BSI): Computed to identify bare soil and fallow 
lands, enhancing the differentiation between agricultural and non- 
agricultural areas.

Training data and validation

The foundation for our LC classification lies in the training data 
(Shetty et al., 2021). We meticulously labeled sample points according 
to predefined LC classes, ensuring homogenous distribution across 
Debrecen. However, the number of samples for each class wasn’t uni
form. Instead, it reflected the proportional area each class occupies 
within the city. This approach ensures the training data accurately 
represents the true composition of Debrecen’s LC. While the training 
data empowers the algorithms with the knowledge to recognize LC 
classes, the test data acts as an independent validation tool 
(Martinez-Sanchez et al., 2024). Once we have the reference datasets for 
every year between (2018, 2020, and 2022), we split them into two 
groups at random: 70 % for training and 30 % for validation (Aryal et al., 
2023). The remaining 30 % of the labelled samples were reserved as test 
data, which serves as an independent validation set to evaluate the 
effectiveness of the trained algorithms (Amindin et al., 2024). A total of 
3000 labeled points were selected for LC classification. These points 
were categorized into six LC classes. Out of these, 2100 points were used 
for change detection and classification, and 600 points were reserved for 
validation. We then used the band combination established by (Basheer 
et al 2022) and our previous work (Guizani et al., 2024) when projecting 
these labeled points onto the corresponding Landsat-8 and Sentinel-2 
imagery. This combined spectral data is the main input used to train 
the classification models.

The multispectral response patterns of various LC categories were 
analyzed to identify spectral separability. Since spectral separability 
calculates the statistical separation between signatures, it establishes the 
OA of classification (Jackson and Adam, 2021). Jeffries Matusita’s (J M) 
distance separability mesures and the transformed divergence (TD) 
index were used in the present study. Divergence (D) (Eq.1) is calculated 
using the variance-covariance matrices and mean of the data corre
sponding to feature classes (Kavzoglu and Mather, 2000). 

Table 2 
List of Sentinel-2 MSI and Landsat-8 OLI sensor datasets utilized in this research.

Satellite Growth Season Product Identifier Acquisition time UTC

Landsat-8 2018 June LC08_L1TP_186,027_20,180,620_20,200,831_02_T1 2018/06/20 09:20
July LC08_L1TP_186,027_20,180,706_20,200,831_02_T1 2018–07–06 09:20
August LC08_L1TP_186,027_20,180,823_20,200,831_02_T1 2018–08–23 09:20
September LC08_L1TP_186,027_20,180,908_20,200,831_02_T1 2018–09–08 09:20

2020 June LC08_L1TP_186,027_20,200,625_20,200,823_02_T1 2020–06–25 09:20
July LC08_L1TP_186,027_20,200,711_20,200,912_02_T1 2020–07–11 09:20
August LC08_L1TP_186,027_20,200,828_20,200,906_02_T1 2020–08–28 09:20
September LC08_L1TP_186,027_20,200,913_20,200,919_02_T1 2020–09–13 09:20

2022 June LC09_L1TP_186,027_20,220,623_20,230,410_02_T1 2022–06–23 09:20
July LC09_L1TP_186,027_20,220,725_20,230,406_02_T1 2022–07–25 09:20
August LC08_L1TP_186,027_20,220,818_20,220,824_02_T1 2022–08–18 09:21
September LC09_L1TP_186,027_20,220,911_20,230,329_02_T1 2022–09–11 09:20

Sentinel-2 2018 June S2A_MSIL1C_20180619T094031_N0500_R036_T34TET_20230811T190137 2018–06–19 09:40
July S2B_MSIL1C_20180714T094029_N0500_R036_T34TET_20230820T012645 2018–07–14 09:40
August S2A_MSIL1C_20180828T094031_N0206_R036_T34TET_20180828T121318 2018–08–28 09:40
September S2B_MSIL1C_20180919T093029_N0500_R136_T34TET_20230820T025309 2018–09–19 09:30:

2020 June S2A_MSIL1C_20200628T094041_N0500_R036_T34TET_20230506T074207 2020–06–28 09:40:
July S2A_MSIL1C_20200705T093041_N0500_R136_T34TET_20230530T081333 2020–07–05 09:30
August S2B_MSIL1C_20200829T093039_N0209_R136_T34TET_20200829T105201 2020–08–29 09:30
September S2B_MSIL1C_20200921T094039_N0209_R036_T34TET_20200921T111126 2020–09–21 09:40

2022 June S2A_MSIL1C_20220628T094041_N0400_R036_T34TET_20220628T113959 2022–06–28 09:40
July S2B_MSIL1C_20220720T092559_N0400_R136_T34TET_20220720T101237 2022–07–20 09:25
August S2B_MSIL1C_20220819T092549_N0400_R136_T34TET_20220819T101112 2022–08–19 09:25
September S2B_MSIL1C_20220928T093039_N0400_R136_T34TET_20220928T101405 2022–09–28 09:30:

Source: ESA and NASA.
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The TD (Eq.2) is employed to mitigate the impact of well-separated 
classes, which may lead to a rise in the average divergence value and 
a misleading divergence measure (Kavzoglu and Mather, 2000). 

TDij = C
[

1 − e
− Dij

8

]

(2) 

Where Σi and Σj are the variance-covariance matrices of classes I and 
J, μi, and μj are the corresponding mean vectors, and c is a constant 
value that defines the range of TD values. The trace of a matrix is rep
resented by tr, which means the total of the diagonal components of the 
matrix.

The following is a definition of the J-M distance (Eq.3) between 
distributions of two classes, ωi and ωj (Jia and Richards, 1999): 

JMij2 = 2
(
1 − e∧− Bij) (3) 

Where Bij is the Bhattacharyya distance computed as (Kailath, 1967) 
(Eq.4): 
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The mean reflectance of species I and J is represented by μi and μj, 
their covariance matrices by Σi and Σj, and the determinants of Σi and Σj 
are represented by |Σi| and |Σj|, respectively. T is the transposition 
function, and ln is the natural logarithm function.

As a general rule, classes are separable if the result is greater than 
1.9, fairly separable if it is between 1.7 and 1.9, and not separable if it is 
below 1.7 (Jensen, J.2005).

Machine learning based classification

The power of machine learning classifiers was utilized to create the 
best-performing LC map of Debrecen, Hungary. These algorithms 
analyze training data containing labeled examples (e.g., pixels repre
senting specific LC types) and learn to identify similar patterns in unseen 
data. Here, we’ll explore three prominent classifiers employed in this 
study: SVM, MLC, and RF. 

• Support Vector Machine (SVM) 
SVMs are powerful supervised learning models that excel at clas

sification tasks and are used to resolve different problems related to 

Fig. 3. A Concept of SVM Algorithm, b: Concept of MLC classification based on probability density. And c: Concept of RF Algorithm.
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regression and classifications. They aim to find the optimal hyper
plane (a decision boundary in high-dimensional space) that separates 
different LC classes with the maximum margin and less misclassified 
pixels from input datasets. This margin refers to the distance between 
the hyperplane and the closest training data points (support vectors) 
(Talukdar et al., 2020; Deilmai et al., 2014) (Fig. 3a). 

Imagine a dataset with two LC classes: forest and water. An SVM 
seeks the hyperplane that best divides these classes while maxi
mizing the distance between the hyperplane and the forest and water 
data points (support vectors). (Abbas et al., 2020). 

For SVM, a radial basis function (RBF) kernel was used, with a 
gamma parameter of 0.1 and a regularization parameter (C) of 10, 
determined through cross-validation (Singh et al., 2019)

• Maximum Likelihood Classification (MLC) 
MLC is a statistical classifier. It is presumed that each LC class 

follows a probability distribution in the feature space. MLC assigns a 
data point to the most likely class based on the statistical properties 
of the training data for each class. It is a supervised classification 
method based on the Byes theorem (Fig. 3b). (Deilmai et al., 2014; 
Norovsuren et al., 2019). 

The MLC was implemented using a Bayesian approach with equal 
prior probabilities for all LC classes. These parameter settings were 
optimized to achieve the highest classification accuracy while 
maintaining computational efficiency (Cui Z et al., 2016).

• Random Forest (RF) 
RF is a machine-learning method that combines the predictions of 

numerous decision trees (Breiman, 2001). Every tree is trained on a 
randomly selected subset of features and data points and creates a 
diverse "forest" of decision trees) (Fig. 3c). During classification, a 
new data point is passed through all trees, and the most frequent 
class prediction across all trees becomes the final output (Xie et al., 
2019; Pal, 2005).

For the RF classifier, the number of trees was set to 500, and the 
number of predictors randomly selected at each split was set to the 
square root of the total number of input features. This configuration was 
chosen based on previous research and empirical tests to strike a balance 
between accuracy and computational efficiency (Lawrence et al., 2006).

Accuracy assessment

By applying the trained models on this test data through Google 
Earth high-resolution images combined with basic knowledge of the 
shape, color, and texture of the study area, we can assess their ability to 
classify LC (Dermosinoglou et al., 2024). Averaging the accuracy of test 
results per combination over the 2018–2022 period provides a robust 
indication of overall classification accuracy for the entire study 
duration.

High-quality reference data support provided by GEE enable strong 
accuracy estimations (Amindin et al., 2024). For the evaluation of the 
performance of each machine learning algorithm on Landsat-8 and 
Sentinel-2 imagery, important values such as Kappa index, OA, and F1 
score were considered (Cohen et al., 1960; Lunetta et al., 1991 and 
Yonaba et al., 2021).The efficacy of different LC classifiers can vary 
significantly depending on the chosen method and specific field of 
research. Using various LC classifiers, prior research has shown slight to 
significant variations in classification accuracy (Qian et al., 2015; Sim 
et al., 2024). OA refers to the proportion of pixels of the testing data 
correctly classified and is used to assess the performance of any classifier 
(Moarrab et al., 2022). The accuracy of LC classification was evaluated 
using a multi-approach accuracy analysis, which consisted of Kappa 
coefficient, OA, and F1-score considering precision and recall accuracy 
per class (Naesset, 1996; Yonaba et al., 2021). While the OA and Kappa 
index are extremely popular, several studies revealed their limitations in 
their inability to consider random classification effects and class 
imbalance (Pontius and Millones, 2011; Pontius, 2022).To address these 

gaps, this study also employs the Quantity Disagreement and Allocation 
Disagreement metrics proposed by Pontius Jr and Millones (2011), 
which offer a more detailed evaluation of classification errors. These 
metrics distinguish between errors caused by incorrect number of classes 
(Quantity Disagreement) and errors caused by misallocation of pixels 
(Allocation Disagreement), overcoming the limitations of the Kappa 
statistic, which has been criticized for its dependence on prevalence and 
inability to differentiate between error categories. 

• Overall Accuracy: represents the total classification accuracy. It is 
obtained by dividing the total number of correctly classified pixels by 
the total number of reference pixels. (Moarrab et al., 2021).

• Kappa Coefficient (k): It is one of the most widely applied methods of 
the accuracy assessment, it can be estimated easily from the confu
sion or error matrix (Lunetta et al., 1991). However, particularly in 
cases of imbalanced datasets, Kappa may not adequately indicate 
accuracy for individual classes and may be sensitive to the number of 
classes (Qian et al., 2015).

• F1-Score: This metric offers a more balanced view toward the per
formance of classification, entailing precision (the ratio of true pos
itives among the predicted positive instances) and recall (the ratio of 
true positives identified from the ground truth) for every LC class. F1 
score gives a better insight into performance, especially when some 
classes in the datasets are imbalanced (Sim et al., 2024).

OA (Eq. 5), Kappa (Eq. 6), and F1-Score (Eq. 8) are calculated using 
the metrics True Positive (TP), True Negative (TN), False Positive (FP), 
and False Negative (FN). TP (the instances correctly identified as posi
tive), TN (the instances correctly identified as negative), FP (the in
stances incorrectly identified as positive), and FN (the instances 
incorrectly labeled as negative) are essential elements in evaluating the 
performance of classification models because by distinguishing between 
instances that were correctly and incorrectly classified (Sim et al., 
2024). 

OA =
TP + TN

TP + TN + FP + FN
(5) 

k =
OA − Pe
1 − Pe

(6) 

Ƥe =
(

TP + FN
TP + FN + FP + TN

+
TP + FP

TP + FN + FP + TN

)

∗

(
FP + TN

TP + FN + FP + TN
+

FN + TN
TP + FN + FP + TN

)

(7) 

F1 score = 2 ∗
Precision ∗ Recall
Precision + Recall

(8) 

Precision =
TP

TP + FP
(9) 

Recall =
TP

TP + FN
(10) 

Pontius’ quantity disagreement (Q) measures the differences in the 
proportion of area or quantity of each LC class. (Eq. 11) computes the 
overall quantity disagreement Q incorporating all J categories, while 
allocation disagreement (A) measures the differences in the spatial 
arrangement or misallocation of each LC class. (Eq. 12) gives the overall 
allocation disagreement A by summing the category-level allocation 
disagreements. Pontius’ metrics were proposed to address some limita
tions of Cohen’s kappa by explicitly considering the spatial allocation of 
LC classes, distinguishing between false positives and false negatives, 
and avoiding the assumption that disagreement occurs purely by 
chance. Eq. 13 shows how the total disagreement (D) is the sum of Q and 
A (Pontius & Millones, 2011). 
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D = Q + A (13) 

Where qg is the quantity disagreement for an arbitrary category g, 
which differs from the definition of q in Olofsson et al. (2014).

Stratified random sampling was used to develop a stratified dataset 
for accuracy assessment. Stratification ensures proper distribution of the 
sample across all LC classes in proportion, hence a more reliable eval
uation of the result according to Stehman (2014).

Change detection: analysing urban expansion (2018–2022)

While the city of Debrecen is facing fast urbanization and industri
alization (Pénzes et al., 2023), LC change detection studies specifically 
on this region are scarce (Szilassi, 2017; Kovács, 2011). Although LC 
changes may be detected from a variety of satellite imaging datasets 
using a variety of methodologies, the process can be complex and 
require careful consideration (Haque et al 2017; Settembre et al., 2024). 
Fortunately, the comparison of data from various satellites acquired on 
different dates provides a relatively simple but efficient method for LC 
change detection for any region (Boriah, 2010).

Our objective here Determine the quantitative increase in urban area 
size during the study period as a result of Industrialization. To achieve 
this, we leverage the best-performance LC maps created from the above 
section by using optimum satellite imagery and classification algorithm 
selected from our accuracy assessment. Given the complete compara
bility of the previous section on different classifiers and satellite imagery 
combinations, we adopt the approach that provided the best-performing 
LC maps for both 2018 and 2022. This ensures the highest confidence in 
the resulting change detection analysis. Specifically, the emphasis of this 
analysis will relate to the quantification and identification of those areas 
changing from non-urban to urban LC classes. The result will provide 
insight into the magnitude and spatial pattern of sprawl emanating from 
industrial development in Debrecen during the study period. The results 
would be presented with the use of maps and statistics on the magnitude 
and location of the urban expansion.

Trajectory analysis is a technique used to study LC change over 
multiple periods through the examination of the individual sequences of 
transitions that land categories go through. Using this approach, scien
tists can move beyond simple two-time-period comparisons and develop 
a more advanced understanding of the temporal patterns and dynamics 
of LC change.

We applied trajectory analysis in our study to examine the spatio
temporal dynamics of developed land in Debrecen between 2018 and 
2022. Following the framework provided by Bilintoh et al. (2024), we 
categorized each pixel in our study area based on its LC status at each 
time point, deriving a trajectory that represents its specific sequence of 
transitions. This approach allowed us to classify pixels into various types 
of trajectory, such as "Gain without Alternation," "Loss without Alter
nation," "Stable Presence," "Stable Absence," and different forms of 
"Alternation."

By analyzing these trajectories, we could identify areas of continuous 
development, temporary change, and fluctuating LC states, providing a 
comprehensive overview of urban expansion and shrinking patterns. 
Our time series Trajectories R package performs the analysis and freely 
available at https://github.com/bilintoh/timeseriesTrajectories.

This is in line with the methodology used by Bilintoh et al. (2022) in 
comparing urban impervious surfaces, where trajectory analysis was 
utilized to distinguish long-term and short-term Land-use changes. By 
incorporating trajectory analysis, we aimed to capture the complexity of 

urban LC dynamics, offering insights into the processes driving change 
and informing sustainable urban planning strategies.

Results

Training data and validation

The spectral separability analysis, using the J-M and T-D indices, 
confirmed the high quality and effectiveness of the training data for both 
Landsat 8 (2018, 2020, and 2022) and Sentinel-2 (2018, 2020, and 
2022) datasets. All LC class pairs showed very good spectral separability 
with J-M and T-D values much higher than the threshold of 1.9. This is 
indicative of the ability of the training data to capture the unique 
spectral characteristics of different classes of LC and hence has produced 
appropriate and reliable classification: 

ü All class pairs reached J-M index values higher than 1.9, meaning 
sufficient separability for a correct classification.

ü The index of T-D showed a constant score of 2, representing total 
separability for the training data.

The results of the separability analysis show good separation be
tween the spectral signatures of all LC class pairs. Results from the J M 
index and T D index always showed perfect results (>1.9), reflecting the 
strength of the training dataset in capturing the distinctive spectral 
features from one LC class to another. High values of separability range 
between 1.9 and 2, confirming the efficiency of the training data for 
classification.

Machine learning based LC classification

Table 3 presents a comparison of classification performance for the 
selected LC types. The analysis considers three classification methods 
(SVM, MLC, and RF) and two satellite image sources (Landsat 8 and 
Sentinel 2) across three years (2018, 2020, and 2022). Performance is 
evaluated using the F1 score for each LC type, OA, Kappa, and Pontius 
‘accuracy metrics.

The general results indicate that the combination of SVM and 
Sentinel 2 outperforms most other combinations. For instance, "the SVM 
classifier using Sentinel 2 images reached an OA of 90 % in 2020, while 
it had a corresponding value of 0.87 for Kappa. This performed even 
better for the classification performance of several LC types: forest, with 
an F1 score = 0.98 in 2020, developed areas, with an F1 score = 0.77, 
and grassland, with an F1 score = 0.92 in the same year.

A major focus of this analysis was on the selection of optimal com
binations to identify urban areas. The outcome of the performed tests 
showed that, in detecting urban areas, the SVM classifier with Sentinel 2 
imagery generally produced higher performance in all evaluation met
rics. Take, for example, the F1 score for this combination: 0.88 for the 
class of the developed area in 2018 outperforms any other methods and 
image sources by a large margin. This indicates that SVM can efficiently 
extract the complex spatial and spectral patterns related to urban en
vironments while Sentinel 2 with a very high spatial and spectral reso
lution will provide important information for accurate classification.

Although this research confirmed SVM and Sentinel 2 as the best- 
performing combination in the case of Debrecen city mapping. It 
should be considered that the optimal method may differ depending on 
different study objectives and regional characteristics (Noble, W. S. 
2006; Cortes and Vapnik, 1995; Mountrakis et al., 2011). Further studies 
are required to consider and present additional classification algorithms 
and satellite sensors, together with different geographic contexts. The 
results of this study illustrate the possibility of generating accurate 
urban area maps for Debrecen, using SVM and Sentinel 2 data. These 
results are beneficial for several applications, such as Agricultural 
Management, urban planning, and environmental monitoring.

Fig. 4 presents the average F1 score of the LC class calculated over 
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the study period, evaluating the classification performance from 
different combinations of satellite imagery and classifiers. As illustrated 
in the figure, Sentinel 2 data have a higher F1 score with an SVM clas
sifier for most of the classes, thus giving the best accuracy among all the 
other combinations.

The analysis of classification performance, as shown in Fig. 4, 
highlights key trends in the F1-scores across six LC classes. As an 
example, Sentinel-2 + SVM can achieve an average F1 score of about 
0.93 for classifying the forest, which is the highest among all combi
nations. For crop-covered areas, the same combination gives an 
approximate average F1-score of 0.85, outperforming those derived 
from Landsat 8. Developed areas, as another critical LC class, are clas
sified using Sentinel-2 + SVM, yielding an average F1 score of around 
0.80 that outperforms other classifier-satellite combinations for the 
same LC class. These results then indicate how robust the Sentinel-2 data 
can get in the accurate capturing of complex LC patterns. Sentinel-2 

consistently outperforms Landsat 8, demonstrating higher F1 scores 
due to its superior spatial and spectral resolution. For instance, the 
average F1-score of Landsat 8 + SVM is 0.87 for forest, while Sentinel-2 
+ SVM gets the value 0.93. Other classes, such as grassland, also show 
similar trends-for example, Sentinel-2 + SVM produces an F1-score of 
0.90 for it, whereas Landsat 8 provides only 0.77.

Among classifiers, SVM shows the highest and most consistent per
formance for Debrecen. Achieving F1-scores above 0.85 for most LC 
categories, particularly excelling in Forest (0.93) and Bare Ground 
(0.846). Especially complemented with Sentinel-2 data, this combina
tion allows SVM to realize the best F1-scores for the majority of LC 
classes since it can handle complex boundaries between classes (Pal and 
Mather, 2003; Zhao et al., 2023). In contrast, MLC and RF exhibit more 
variability, with MLC often trailing, especially for Developed and 
Crop-Covered Areas (e.g., Developed scores 0.636 with MLC compared 
to 0.8 with SVM for Sentinel-2). RF performs moderately well, 

Table 3 
Accuracy assessment for all combinations of satellite imagery and machine learning classifiers.

satellite classifiers years F1 score per LC types OA % Kappa Q % A % D %

forest Developed crop covered areas grassland surface water bodies bare ground

Landsat 8 SVM 2018 0.86 0.72 0.74 0.72 0.31 0.87 80 0.74 4.91 12.58 17.5
2020 0. 96 0.74 0.63 0.88 0.66 0.7 83 0.78 11.8 5.9 17.7
2022 0.92 0.75 0.75 0.83 1 0.82 85 0.8 7.05 8.33 15.3

MLC 2018 0.83 0.6 0.78 0.8 0.53 0.78 78 0.72 7.8 10 17.8
2020 0.95 0.44 0.52 0.67 0.9 0.72 71 0.63 4.48 15.22 19.7
2022 0.96 0.8 0.7 0.79 0.66 0.75 83 0.77 3.9 10.6 14.5

RF 2018 0.82 0.77 0.73 0.76 0.5 0.86 77 0.7 7.14 10.61 17.8
2020 0.93 0.72 0.52 0.84 1 0.69 80 0.73 6.7 10.9 17.6
2022 0.95 0.78 0.61 0.72 0.61 0.88 81 0.75 11.9 6.4 18.3

Sentinel 2 SVM 2018 0.87 0.88 0.86 0.89 0.57 0.86 85 0.81 3.69 9.43 13.1
2020 0.98 0.77 0.88 0.92 0.66 0.75 90 0.87 5.6 7 12.6
2022 0.94 0.75 0.87 0.9 0.73 0.93 89 0.85 4.2 11.1 15.3

MLC 2018 0.93 0.45 0.66 0.78 0.85 0.9 80 0.75 5.5 14.5 20
2020 0.95 0.79 0.93 0.87 0.66 0.75 85 0.8 4.33 9 13.3
2022 0.92 0.67 0.73 0.81 0.73 0.8 83 0.79 8 13.3 21.3

RF 2018 0.88 0.73 0.8 0.79 0.5 0.78 78 0.72 15 8.18 23.1
2020 0.94 0.8 0.64 0.77 0.8 0.76 82 0.73 2.67 15.3 17.9
2022 0.9 0.72 0.67 0.75 0.66 0.74 80 0.74 8 24 32

Fig. 4. Average F1-score distribution per categories.
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particularly for Grassland (e.g., 0.78 using Sentinel-2), and Developed 
areas (e.g., 0.75 using Sentinel-2), but struggles with Crop-Covered 
Areas (e.g., 0.703 for RF vs. 0.87 for SVM using Sentinel-2).

Consequently, Sentinel-2 combined with SVM is more likely to yield 
the best-performing and consistent results of the classification at the 
highest average F1 scores for the majority of LC classes. These results 
underscore the key role taken by high-resolution satellite imagery along 
with state-of-the-art classification algorithms in determining LC classi
fication accuracy.

The classification performance analysis also considers disagreement 
metrics: Q %, A %, and D% to further evaluate the performance of 
different satellite-classifier combinations. These metrics provide addi
tional insights into classification errors, distinguishing between 
misclassification due to incorrect class proportions and misclassification 
due to incorrect spatial placement.

Overall, Sentinel-2 data using SVM always exhibits the lowest 
disagreement values, confirming that it performs better than other 
classification methods. For instance, Sentinel-2 + SVM recorded the 
lowest total disagreement in 2020 (D% = 12.6), which is considerably 
lower than Landsat 8 + SVM (D% = 17.7) and other satellite-classifier 
combinations. This confirms that Sentinel-2′s spatial and spectral reso
lution significantly reduces classification errors.

Examining Q %, Sentinel-2 + SVM records some of the lowest values 
across different years, such as 5.6 % in 2020 and 4.2 % in 2022. In 

contrast, MLC shows a higher Q % for the same dataset, reaching 8 % in 
2022, which suggests that for our study case, SVM provides a more 
precise estimation of class proportions. Similarly, Landsat 8 + SVM 
shows a higher Q % in 2020 (11.8 %) compared to Sentinel 2 + SVM (5.6 
%), reinforcing the advantage of higher resolution Sentinel-2 data in 
reducing quantity-based misclassifications.

A % also highlights the excellence of Sentinel-2 + SVM in accurate 
class placement. For instance, this combination achieved an A % of 7 % 
in 2020, which is lower than Landsat 8 + SVM (8.33 %) and consider
ably better than other classifiers, such as MLC with Sentinel-2 (13.3 % in 
2022). This suggests that SVM, when paired with Sentinel-2, is more 
effective in capturing the spatial distribution of LC classes, reducing 
allocation-based errors significantly.

The trends in Q, A, and D confirm that in our study SVM, particularly 
when applied to Sentinel-2 data, provides the most balanced and accu
rate classification. It consistently yields lower total disagreement values 
(D% = 12.6 in 2020, 13.1 in 2022), outperforming all other classifier- 
satellite combinations. These results further highlight the robustness 
of this approach in mapping urban and natural LC in Debrecen.

Fig. 5. LC classification maps of Landsat 8 images using SVM, MLC, and RF classifiers for the years 2018 to 2020 and 2022 in ArcGIS Pro.
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Interpretation

LC classification of Landsat 8 imagery in ArcGIS pro

Using Landsat 8 imagery, the LC classification accuracy for 2018, 
2020, and 2022 shows significant variations among classes and classi
fiers, as shown in Fig. 5.

Especially in 2018, the performance of the RF classifier was poor; 
frequently misclassifying forest areas as grassland or surface water 
bodies. This algorithm also frequently misclassified crop-covered areas 
as bare land or grassland in 2020. The MLC classifier in 2020, encoun
tered challenges, most notably in distinguishing between developed 
areas, bare land, and grassland. Additionally, for both 2018 and 2022, 
the grassland was generally misclassified as a forest or crop-covered 
area.

In contrast, the SVM classifier demonstrated superior OA and F1 
scores across all Landsat 8 images and years. Nevertheless, it had some 
issues, such as difficulty classifying grasslands and occasionally mis
identified some urban areas for the year 2020.

Common among the erroneous classifications among both MLC and 
RF classifiers was vegetation being misclassified as grassland, more 
apparent in 2018 and 2020. This pattern might point to some spectral 
similarities among these LC types, which can hardly be differentiated.

The comparative analysis of L8-derived LC maps produced by 

different classifiers for the years 2018, 2020, and 2022 underlines large 
differences in the results of classification. Visual comparison of these 
maps within the same year but across different classifiers reveals these 
discrepancies. Furthermore, it is possible to observe from the visual 
comparison of the produced maps across the three years that LC changes 
took place over this period.

The findings emphasize the importance of carefully choosing 
appropriate classification algorithms and considerations of specific 
characteristics of the study area and target LC types should be taken into 
consideration in any RS-based LC mapping.

LC classification of sentinel 2 imagery in ArcGIS pro

The section presented here offers performance of three machine 
learning algorithms (SVM, MLC, and RF) for classifying LC using 
Sentinel-2 data. The study explored urban landscape growth from 2018 
to 2022, and the strengths and weaknesses of the classifiers were 
assessed for every LC class.

Indeed, the SVM classifier performed better when compared with 
MLC and RF by yielding higher OA and F1 scores. For example, in 2020, 
an F1 score of 0.98 was obtained in the case of a forest for SVM, 0.77 in 
developed areas, 0.88 in crop-covered areas, 0.92 in grassland, 0.66 in 
surface water bodies, and 0.75 in bare ground. These values are higher 
compared to MLC and RF in general, reflecting the ability of SVM to 

Fig. 6. Sentinel 2 image classification maps generated with ArcGIS Pro using SVM, MLC, and RF classifiers for 2018–2020 and 2022.
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distinguish more accurately between different LC classes.
While SVM performed the best in general, all classifiers demon

strated their specific strengths and weaknesses regarding different LC 
types. For instance, MLC regularly had difficulty with developed areas, 
often misclassifying them as grassland or bare ground. In turn, RF had 
quite good performance for forest, developed, and bare ground but had 
problems with crop-covered areas and grassland classes. There was a 
significant increase observed in the built-up area for both 2018 and 2022 
from the change computation of the LC maps produced by all classifiers 
(Fig. 6). The SVM classifier, being superior in identifying developed 
areas, gave the best-performing representation for urban expansion. The 
incorporation of Sentinel-2 imagery contributed to the OA of the LC 
classification. High spatial and spectral resolution, along with frequent 
revisit time, made Sentinel-2 very useful in capturing subtle changes in 
LCs, especially within urban areas. The availability of multiple years of 
Sentinel-2 imagery allowed accurate tracking of the development of 
urban areas and proper assessment of the performance of classifiers over 
time.

LC change detection

Fig. 7 below illustrates changes in LC categories for Debrecen City 
between 2018 and 2022. It is presented in terms of area (km²), about 
different LC categories, namely barren ground, cropland, developed 
areas, forest, grassland, and surface water bodies.

The observed contraction of the surface water bodies by 0.89 km² 
from 2018 to 2022 in Debrecen fits well with the precipitation trends of 
the area. 2018 was quite rainy above the average; thus, it was a rela
tively wet year considering Central Europe. During this time, there was 
more water available and more surface water bodies were sustained due 
to heavy precipitation. However, from 2018 to 2020, an exceptionally 
long period of drought ensued, unparalleled in intensity and duration, 
marked by remarkable temperature anomalies and consistent precipi
tation deficits. The drought further worsened by 2022, and during the 
summer of 2022, it developed as one of the driest summers, with 
extreme soil moisture deficiencies and widespread classifications of 
droughts (Aalbers et al., 2023; Copernicus Climate Services, 2023).

The forested area in Debrecen has been drastically reduced to about 
9.8 km² from the aforementioned time, basically due to compounded 
drought and urbanization. Vegetation was stressed with increased 
temperature and prolonged aridity, reducing the percentage of forest 
coverage. Such a trend has been further deteriorated by increased 
urbanization-earlier, natural habitat space had been transformed for 
infrastructure and industrial development. These dynamics reflect 
broader patterns observed throughout Central Europe, where the 
increased frequency of severe droughts tied to changing atmospheric 

circulations and climate variability have stressed ecosystems, with 
resultant changes in the form of land use (Gombos et al., 2023).

Other significant changes in LC included a loss of 67 km² in barren 
lands, coupled with an increase of 34 km² in grasslands, and an increase 
by 9.8 km² of crop-covered class. These trends may indicate large-scale 
LC transitions, likely due to expansion in agriculture and afforestation 
policies in response to changing environmental and socioeconomic 
pressures (STRATEGY 24, 2023). In comparison, this represents a 
growth in the developed area by approximately 33 km² and reflects 
more the preponderance of urban sprawl and infrastructural develop
ment. Such changes outline the dynamic interaction of climate-driven 
environmental stressors and human-induced land-use changes in 
shaping the landscape of Debrecen. All these shifts mark the nature of LC 
in Debrecen for the four years. The trends of growing built areas and 
declining woodland areas also indicate that Debrecen City’s environ
mental environment is under increased human strain. Knowing this kind 
of change can ensure effective urban planning, environmental man
agement, and sustainability in the resources of Debrecen.

Our analysis of LC changes reveals key insights into the dynamics of 
urban development, especially in regard to the perseverance, exchange, 
and alternation of developed areas. The Annual Change in the Presence 
of the developed area category (Fig. 8) decomposes LC transitions into 
three fundamental components: quantity gain, exchange, and 
alternation.

The quantity gain component, accounting for approximately 5 % of 
the study area, represents net urban expansion where land permanently 
transitioned into the developed category. The exchange component 
covers nearly 10 %, reflecting bidirectional shifts between developed 
and non-developed classes, indicating that certain areas remain in a 
state of flux rather than following a consistent urbanization trend. Most 

Fig. 7. Evaluation of LC changes in Debrecen City between 2018 and 2022.

Fig. 8. Three components of change during the temporal extent expressed as 
the annual percentage of the unified size.
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notably, the alternation component, exceeding 10 %, highlights loca
tions where developed land was intermittently classified across time 
intervals, suggesting significant land use competition and temporal 
instability. These findings align with Bilintoh et al. (2024), who 
emphasize that land-use alternation can be indicative of transient urban 
developments, ongoing construction projects, or classification in
consistencies in RS datasets.

A more detailed classification of these transitions is presented in the 
Developed Area Trajectories for Two Time Intervals (Fig. 9).

This plot categorizes LC changes into Loss without Alternation, Gain 
without Alternation, and Alternation. The Gain without Alternation 
category, representing over 10 % of the region, corresponds to areas that 
transitioned to developed land and remained stable, reflecting perma
nent urban expansion. In contrast, Loss without Alternation, covering 
nearly 5 %, represents areas where developed land was permanently 
lost, suggesting zoning modifications, redevelopment, or land-use 
reversion. Meanwhile, the Alternation categories (e.g., "Alternation 
Gain First" and "Alternation Loss First") collectively affect over 5 % of the 
study area, highlighting zones where classification oscillated, reinforc
ing the notion of land-use instability. These results corroborate findings 
by Bilintoh et al. (2022), which stress that trajectory-based urban land 
assessments are essential for distinguishing between temporary shifts 
and long-term urban transformation.

Collectively, these findings underscore the importance of integrating 
trajectory analysis into land change detection methodologies, as tradi
tional classification-based approaches may misinterpret alternating 
land-use trends. The presence of substantial alternation in our study 
confirms the necessity of a multi-component framework to accurately 
assess urban development patterns ensuring a more refined under
standing of long-term urbanization processes, land-use competition, and 
the stability of built environments in rapidly growing cities like 
Debrecen.

Discussion

Optimal LC classification combination

The selection of a classification algorithm depends on the nature of 
the data and the type of output expected. Though many studies point to 
robust SVM for high accuracy, RF for being able to manage data in high 
volume and complex form, and MLC for ease and computational effi
ciency of the technique, in our findings, SVM presented a better result 
compared to other approaches in urban LC classification (Noi and 
Kappas, 2018; Belgiu and Drăguţ, 2016; Qian et al., 2015).

Several important factors contribute to this superiority: 

• Nonlinearity: The ability of SVM to deal with nonlinear relationships 
between features is very helpful in urban areas where LC classes 
often show complex spatial patterns and spectral characteristics (Pal 
and Mather, 2003; Zhao et al., 2023).

• Margin Maximization: The SVM algorithm aims to maximize the 
margin between classes. It thus delivers more robust and generaliz
able models. This is particularly useful in urban areas where class 
boundaries might be ambiguous or overlapping (Jamali, 2021; 
Chowdhury, 2024).

• Kernel Trick: The kernel trick allows the SVM to map data into a 
higher dimension, where it will be easy to obtain a linear separation. 
This is required to capture the complicated relationship between 
spectral bands and LC classes in urban environments (Pal and 
Mather, 2003; Zhao et al., 2023).

Combination of Sentinel-2 images with SVM proved particularly 
effective in our study. Due to the high spatial-spectral resolution, 
Sentinel-2 has the potential to provide a highly descriptive dataset for 
classifying LC classes in an urban environment with frequent revisit 
times. Because of their capability for processing complex data and 
nonlinear relationships, SVM can make full use of the information 
contained in Sentinel-2 imagery to generate an accurate classification 
map (Mohamed Abd, 2019; Chowdhury, 2024).

While our results are in agreement with several studies that 

Fig. 9. Annual Gain and Loss for developed area category during two time interval.
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identified SVM as the best classifier to map urban LC (Abbas et al., 2020; 
Deilmai et al., 2014), several other studies have identified either an RF 
or MLC classifier to perform better (Talukdar et al., 2020; Zhang et al., 
2021; Basheer et al., 2022). Such discrepancies may be attributed to 
several factors: 

• Characteristics of Data: Particular characteristics of the study area 
such as LC diversity, spatial distribution, and spectral variability may 
affect the performance of various classifiers (Adugna et al., 2022; 
Teodoro et al., 2024).

• Classifiers’ objectives: The objectives of the study, such as the level of 
accuracy that is to be achieved or classes of interest, can also affect 
the choice of classifier (Zhang et al., 2021).

• Data Pre-processing: The pre-processing steps applied to the data, 
such as feature selection, normalization, and noise reduction, can 
significantly affect classification results (Alshdaifat et al., 2020).

RT may be preferable to large-scale LC mapping studies of natural 
ecosystems since these provide extensive data with similarly intricate 
spatial patterns (Breiman, L. 2001). Conversely, the MLC classifiers may 
be efficient for simple tasks and conditions in which computational re
sources are limited (Zakariyya et al., 2023).

In general, our study highlights the performance of SVM for urban LC 
classification, especially when integrated with Sentinel-2 imagery. The 
superior performance of SVM can be attributed to its ability to handle 
nonlinear relationships (Noble, 2006), maximize margins, and leverage 
the kernel trick (Cortes and Vapnik, 1995; Mountrakis et al., 2011). 
While other classifiers may be suitable for different study areas or ob
jectives, our findings provide valuable insights into the optimal combi
nation for urban LC mapping.

LC dynamics and changes

Clear trends of LC changes in Debrecen between 2018 and 2022, 
primarily due to urbanization and industrial expansion, as demonstrated 
by the analysis of Figs. 10 and 11. The largest alteration was in grass
lands, where 28.89 km² were turned into developed areas. Bare ground 
(16.96 km²) and crop-covered areas (12.21 km²) came next. With the 
construction of new companies and industrial zones after 2019, the 
city’s rapid growth especially about industrialization became more 
pronounced.

The conversion of grasslands and agricultural lands indicates that 
these areas, typically located on the outskirts of urban centers, were 
ideal for development due to their accessibility and lower economic 

value compared to forests. Industrialization, in particular, likely drove 
these conversions, as new factories required large, flat tracts of land for 
infrastructure.

The relatively low conversion of forest areas (4.17 km²) and surface 
water bodies (0.44 km²) suggests that environmental conservation 
measures are in place, or that these areas are less suitable for industrial 
or urban development. However, some minimal deforestation could still 
be linked to infrastructure expansion related to new factories.

The "No Change" category, accounting for 369 km², reflects that a 
substantial portion of Debrecen’s land remained untouched. This in
dicates that, while urban sprawl has accelerated, particularly from 2019 
onward due to industrial investments, there is still a significant portion 
of land under protection or not yet targeted for development.

Fig. 11 presents the trajectory analysis of developed areas over two- 
time intervals (2018–2020 and 2020–2022), offering insights into the 
spatiotemporal patterns of urban change. The classification highlights 
stable, expanding, contracting, and fluctuating developed areas, helping 
to distinguish permanent urbanization from temporary land-use 
transitions.

The results indicate that:
Stable developed areas (gray) dominate the urban core, confirming 

long-term urban permanence. New urban expansion (blue) is concen
trated in suburban areas and along transportation corridors, reflecting 
ongoing infrastructure-driven growth.

Areas experiencing temporary urbanization (yellow and brown) are 
mainly located at the city’s periphery, indicating fluctuations due to 
redevelopment or transitional land use.

Fig. 10. Debrecen Urban Sprawl mapping based on LC changes between 2018 and 2022.

Fig. 11. Developed area Trajectories for two time intervals (2018–2022).
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Land-use contraction (red) is observed in certain regions, suggesting 
reclassification or shifts in land use. These findings emphasize the dy
namic nature of urbanization, where peripheral regions undergo 
continuous transformations while the core remains stable. The 
trajectory-based assessment provides a more detailed perspective on 
urban change, supporting urban planning strategies aimed at managing 
sustainable expansion and mitigating land-use instability.

Case Studies of LC Change Hotspots between 2018 and 2022
The spatial map (Fig. 12) shows that, mostly due to industrial growth 

beyond 2019, the majority of Debrecen’s development is focused around 
already-existing metropolitan areas.

This expansion has primarily impacted grasslands and agricultural 
areas, pushing urban sprawl outward. However, the minimal changes in 
forest and water bodies suggest some level of environmental preserva
tion, though continued expansion poses future risks. As Debrecen grows, 
it may face challenges such as loss of natural habitats, increased envi
ronmental degradation, and pressure on resources, making sustainable 
urban planning essential to balance development and conservation.

Fig. 13 presents a comparative analysis of LC changes between 2018 
and 2022 in four distinct areas, utilizing the optimal combination of 
satellite imagery and classification techniques. By juxtaposing classified 
imagery with high-resolution aerial photographs derived from Google 
Earth, the figure offers a comprehensive overview of urban development 
intensity fluctuations.

The selected study areas represent a diverse spectrum of LC types to 
capture the multifaceted nature of urbanization. These include: 

• BMW Industrial Complex: This site showcases rapid industrial 
expansion since its establishment in 2019, enabling the quantifica
tion of land transformation from green fields to industrial zones.

• JÓZSA Residential Area: As a residential development, this area 
provides insights into suburban growth patterns and the conversion 
of agricultural or green spaces into residential neighborhoods.

• Battery Production Industrial Park: This site is crucial for assessing 
the impact of emerging industrial sectors on land use, particularly 
focusing on the transformation of previously undeveloped or agri
cultural land.

• Urban Commercial Area: By examining this area, the figure high
lights changes in commercial LC, including the development of retail 
spaces, offices, and entertainment facilities.

This study aims to develop an improved basis for future urban water 
balance studies in Debrecen by determining the best combination of 
machine learning classifiers and satellite imagery for the generation of 
highly accurate LC maps with detailed data regarding each LC class that 
enhances their applicability for hydrological modeling. The refined LC 
information will, as future work, be integrated into the existing 

Fig. 12. Visualizing Urban Sprawl: LC Dynamics in Debrecen.

Fig. 13. four sample areas represent the change in urban development intensity 
between 2018 and 2022.
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hydrological frameworks established in our previous study (Guizani 
et al., 2024) and permit more detailed infiltration, evapotranspiration, 
and runoff calculations. The integrated framework will be set up 
through high-resolution LC maps with our earlier methodology, which 
enables pixel-based calculations of hydrological parameters at the scale 
of Debrecen. Besides, LC change analysis during the study period is 
going to be carried out using the best-performing classification tech
niques to get a deeper view of the dynamics of urban development. By 
integrating these results with our previous works, we can work out an 
updated, accurate assessment tool of urban water balance, able to sup
port informed decisions and sustainable urban planning.

In our previous study conducted for the year 2019, LC classification 
using the MLC method yielded an OA of 81.2 % and a kappa coefficient 
of 0.78. The F1 scores for specific LC classes were 0.70 for developed 
areas, 0.72 for bare ground, 0.66 for grasslands, and 0.60 for crop- 
covered areas. In contrast, the current study demonstrates improved 
classification performance over the study period (2018–2022) by 
employing Sentinel-2 imagery and the SVM classifier. The average OA 
for the 3 study years was 88.0±2.3 %, while the average kappa index 
reached 0.84±0.03, signifying enhanced reliability and accuracy. The 
results also indicated a substantial improvement in the F1 scores, with 
grasslands averaging 0.90, bare ground 0.85, developed areas 0.80, and 
crop-covered areas 0.85. This enhancement highlights the effectiveness 
of combining Sentinel-2 data with advanced classification algorithms 
such as SVM.

The improved classification outcomes provide a more reliable rep
resentation of LC dynamics in Debrecen. By integrating these improved 
LC maps into hydrological models developed in our previous study, we 
will be able to achieve more accurate and meaningful simulations of 
water resource management in the Debrecen urban area. The increased 
accuracy and robustness of the results reinforce the potential for using 
RS techniques and advanced classification methods in LC assessments to 
better support hydrological and urban planning efforts.

Conclusion

The present study develops LC classification and change detection 
methodologies for the city of Debrecen, Hungary, by fusing multi- 
satellite imagery sources such as Landsat-8 and Sentinel-2, using 
different machine learning classifiers over multiple years, namely RF, 
MLC, and SVM, in 2018, 2020, and 2022, correspondingly. Results show 
that SVM outperforms MLC and RF in terms of OA and F1 score, 
particularly when Sentinel-2 imagery is combined. A more accurate and 
comprehensive LC map that reflects Debrecen’s dynamic urban growth 
and development can be updated thanks to this crucial improvement in 
the collection of more specific information on rapidly changing urban 
regions.

This study is an important step forward from our earlier work, which 
used a single classifier for LC classification and hydrological parameter 
integration using single-year Landsat-8 images. This approach provides 
a more dynamic view of urban evolution and can improve the accuracy 
of LC maps by integrating several years of data and comparative ex
amination of various classifiers. Such improved LC maps can serve as 
input in hydrological models to provide a robust basis for an accurate 
assessment of the urban water balance that helps resolve rising issues in 
the management of water resources in a rapidly urbanizing city like 
Debrecen.

Moreover, LC changes analyzed in the period between 2018 and 
2022 provide new insights into the spatial patterns and scope of 
Debrecen’s urban expansion, highlighting the city’s changing landscape 
due to increasing infrastructure development and urbanization. This 
highlights the importance of high-resolution, multi-temporal LC map
ping for informed urban planning and water resource management, 
particularly in areas with limited historical data on LC change and rapid 
expansion.

The methodological developments discussed here create new 

avenues for future study, both in improving urban hydrological models 
and extending this approach to other rapidly urbanizing areas. Through 
the use of sophisticated satellite imagery and multi-temporal, multi- 
classifier techniques, this study lays the groundwork for more accurate 
and thorough evaluations of urban environments.
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49–71. https://doi.org/10.17649/TET.33.3.3188.

Matthews, F., Verstraeten, G., Borrelli, P., Panagos, P., 2022. A field parcel-oriented 
approach to evaluate the crop cover-management factor and time-distributed 
erosion risk in Europe. Int. Soil Water Conserv. Res. 11 (1), 43–59. https://doi.org/ 
10.1016/j.iswcr.2022.09.005.

Monaghan, R.M., Laurenson, S., Dalley, D.E., Orchiston, T.S., 2017. Grazing strategies for 
reducing contaminant losses to water from forage crop fields grazed by cattle during 
winter. New Zealand J. Agric. Res. 60 (3), 333–348. https://doi.org/10.1080/ 
00288233.2017.1345763.

Mengistu, T.D., Chung, I., Kim, M., Chang, S.W., Lee, J.E., 2022. Impacts and 
implications of land use land cover dynamics on groundwater recharge and surface 
runoff in East African watershed. Water. 14 (13), 2068. https://doi.org/10.3390/ 
w14132068.

Martinez-Sanchez, L., See, L., Yordanov, M., Verhegghen, A., Elvekjaer, N., Muraro, D., 
d’Andrimont, R., van der Velde, M., 2024. Automatic classification of land cover 
from LUCAS in-situ landscape photos using semantic segmentation and a Random 
Forest model. Environ. Modell. Softw. 172, 105931. https://doi.org/10.1016/j. 
envsoft.2023.105931.

Moarrab, Y., Salehi, E., Amiri, M.J., et al., 2022. Spatial–temporal assessment and 
modeling of ecological security based on land-use/cover changes (case study: 
Lavasanat watershed). Int. J. Environ. Sci. Technol. 19 (11), 3991–4006. https://doi. 
org/10.1007/s13762-021-03534-5.
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Zouré, C., Karambiri, H., Yacouba, H., 2021. Spatial and transient modelling of land 
use/land cover (LULC) dynamics in a Sahelian landscape under semi-arid climate in 
northern Burkina Faso. Land. Use Policy. 103. https://doi.org/10.1016/j. 
landusepol.2021.105305. Article 105305. 

Zakariyya, I., Kalutarage, H., Al-Kadri, M.O., 2023. Towards a robust, effective and 
resource efficient machine learning technique for IoT security monitoring. Comput. 
Secur. 133, 103388. https://doi.org/10.1016/j.cose.2023.103388. ISSN 0167-4048. 

Zhao, S., Tu, K., Ye, S., Tang, H., Hu, Y., Xie, C., 2023. Land use and land cover 
classification meets deep learning: a review. Sensors 23 (21), 8966. https://doi.org/ 
10.3390/s23218966.

Zhang, T., Su, J., Xu, Z., Luo, Y., Li, J., 2021. Sentinel-2 satellite imagery for urban land 
cover classification by optimized random forest classifier. Appl. Sci. 11, 543. https:// 
doi.org/10.3390/app11020543.

D. Guizani et al.                                                                                                                                                                                                                                 Environmental Challenges 19 (2025) 101118 

19 

https://doi.org/10.3390/land12122149
https://doi.org/10.1016/j.landusepol.2021.105305
https://doi.org/10.1016/j.landusepol.2021.105305
https://doi.org/10.1016/j.cose.2023.103388
https://doi.org/10.3390/s23218966
https://doi.org/10.3390/s23218966
https://doi.org/10.3390/app11020543
https://doi.org/10.3390/app11020543

	Refining land cover classification and change detection for urban water management using comparative machine learning approach
	Introduction
	Materials and methods
	Description of the study area
	Methodological framework for LC classification
	Data sources
	Training data and validation
	Machine learning based classification
	Accuracy assessment
	Change detection: analysing urban expansion (2018–2022)

	Results
	Training data and validation
	Machine learning based LC classification

	Interpretation
	LC classification of Landsat 8 imagery in ArcGIS pro
	LC classification of sentinel 2 imagery in ArcGIS pro
	LC change detection

	Discussion
	Optimal LC classification combination
	LC dynamics and changes

	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgment
	Data availability
	References


