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Abstract

Land use land cover (LULC) map is extensively employed by different
entities/stakeholders for research, analysis, planning, and monitoring purposes.
However, the LULC maps provided by the National Geographic Information System
(SNIG) in Portugal, which are updated every three to five years for the Land Use and
Occupation Map (COS) and annually for the Conjunctural Land Occupation Map (COSc),
are inadequate for continuous assessment and regular scrutiny on the land cover
change. Machine learning (ML) for remote sensing (RS) has been explored by
researchers since the late 1990s and has proven effective in image classification, object
detection, and semantic segmentation since the 2010s. Today, machine learning and
remote sensing integration has been widely applied in environmental monitoring, urban
planning, disaster management, agriculture and more. Previous studies have shown that
Random Forest (RF) and Support Vector Machine (SVM) consistently achieved high
accuracy for land classification while recent studies found Extreme Gradient Boost (XGB)
outperforming RF. In this research, the application of RF and SVM classifiers with
Sentinel-2A imagery was evaluated to identify the most appropriate ML algorithms using
Google Earth Engine (GEE) for land cover classification of a burned area in the Serra da
Estrela Natural Park (PNSE). This was aimed to detect the land cover change, and closely
observe the burned area and vegetation recovery after the 2022 wildfire. Land cover
maps of pre-wildfire 2022, post-wildfire 2022, and summer 2023 were generated using
object-based (OBIA) and pixel-based (PBIA) approaches and two classifiers: RF and SVM.
The RF x OBIA model achieved the highest accuracy in all evaluation metrics for all
events, while comparison with the Normalized Difference Vegetation Index (NDVI) map
and COSc 2023 indicated that the SVM x PBIA map resembled the maps better. The best
model for land cover classification of the study area was not conclusively determined as

no field data is accessible for solid validation.

Key-words: Machine Learning, Land cover classification, Object-based image analysis,

Pixel-based image analysis, Random Forest, Support Vector Machine
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1. Introduction

1.1.Introduction

Post-wildfire land cover change affects the ecosystem dynamics, biodiversity system,
and ecological processes [1, 2]. According to the European Commission, land cover
indicates “the visible surface of land (e.g. crops, grass, water, broad-leaved, forest or
built-up area)” [3]. Thus, land cover plays a key role in environmental conditions in
multiple ways [4]. Several studies have proved that fire events change soil characteristics
which increase runoff and erosion risk [5-7], plants diversity [8-10], habitat and species
composition [11-13], water quality [14-16], climate [17-19], and carbon storage [20, 21].
Detecting the land cover change during a wildfire is critical, as it enables authorities to
develop prompt disaster management strategies to prevent fatalities caused by
landslides and flash floods following a wildfire [22]. Furthermore, periodic assessments
scrutinizing burned area recovery and vegetation dynamics after a wildfire provide

valuable information for land management and biodiversity recovery monitoring.

According to European Copernicus, Portugal is one of the countries which is most
vulnerable to wildfire in the European Union [23]. On average, more than 200 forest
fires happened in Portugal from 2013 to 2022 annually. Portugal experienced the worst
drought in 2017 since 1931, which caused 408 wildfires and involved 563,532 hectares
of burned area [24, 25]. The Serra da Estrela Natural Park (PNSE), the largest protected
area in Portugal, experienced the largest fire since 1975 [26], which involved a burned
area of 21,942 hectares in 2022 [27]. Sentinel-2A imagery was used to identify the
burned area and define the study area in this research. The study area in this research
focused on the major burned area in wildfire 2022. The fire spread beyond the PNSE to
Estrela Geopark (Fig. 3). As a recognized Biogenetic Reserve and Geopark [28], the
impacts of the large burned area post-wildfire 2022 in the PNSE are concerning. Close
monitoring on post-wildfire burned area recovery and vegetation dynamic, to observe

the ecosystem dynamics and plan for the disaster management is imperative.
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In Portugal, the open data on land use and land cover (LULC) is publicly available

from the National Geographic Information System (SNIG). The Land Use and Occupation
Map (COS) was published between three to five years from 1995 to 2018. The
Conjunctural Land Occupation Map (COSc), as complementary information to COS, has
been published annually since 2018. Both COS and COSc are products of the Land
Occupation Monitoring System (SMOS), an innovative initiative, designed and
developed by the General Directorate of Territory (DGT). The COS serves as the primary
reference cartography for planning, while the COSc demonstrates the land occupation
not the land use in a specific year. COS is prepared in vector format at a scale of 1:25,000
with 44 classes of LULC with an exception where COS2018v2.0 has 83 classes of LULC.
On the other hand, COSc is prepared in raster format with 10m pixels with 6, 9 and 13
classes at levels 1, 2 and 3, respectively, whereas subsequent maps have 15 classes at
level 3 with improvement in the agriculture class. LULC maps are widely used by various
stakeholders for research, analysis, planning, and monitoring purposes. However,
continuous assessment and regular scrutiny on the land cover change are not achievable

even with the annual update of COSc.

Integration of machine learning (ML) algorithms and remote sensing (RS) data
has been explored by researchers since the late 1990s, and has proven effective inimage
classification, object detection, and semantic segmentation since the 2010s. Today, the
integration of ML and RS has been widely applied to convert satellite imagery into
valuable spatial data for environmental monitoring, urban planning, disaster
management, agriculture and more. Previous studies proved that the integration of ML
and RS techniques is more efficient in land cover classification and achieves higher
accuracy [29, 30] compared to conventional methods [31]. Regardless, many studies
have found Support Vector Machines (SVM) to outperform Random Forest (RF) [31-34];
RF has been proven to be one of the most efficient ML algorithms to be integrated with

RS techniques for land cover classification [29, 30, 32].



Comparative Study of Random Forest and SVM for Land Cover Classification and Post-Wildfire Change
Detection

1.2.Research Questions

This research aims to identify the most appropriate LULC approach and classifier for land
cover classification to resolve the challenges faced for continuous assessment in the
study area while serving as a reference for other forest regions that share similar

characteristics. Analysis was conducted to answer the following research questions:

= |s the land cover map generated using RF and SVM classifiers adequate for
monitoring burned area recovery after wildfire?

* Which method, Object-Based Image Analysis (OBIA) or Pixel-Based Image
Analysis (PBIA), is more appropriate for land cover classification in the study

area?

1.3.0bjectives

As an alternative to the cost and time-consuming field data collection, the accuracy and
reliability of land cover classification employing RS techniques with ML algorithms is
crucial for researchers to conduct continuous assessment, regular scrutiny on the
burned area recovery and vegetation dynamic monitoring, and temporal analysis at

shorter interval in the study area. This study was conducted with several objectives:

= to identify the best model for land cover classification for the study area
employing the integration of LULC classification with classifier on Google Earth

Engine (GEE);
= tocompare the effectiveness of two LULC classification methods: OBIA and PBIA;
= to compare the accuracy of RF and SVM algorithms for land cover classification,
using GEE;

= to assess the accuracy of the land cover classification generated by different
models with evaluation metrics, burned territories from Institute for Nature
Conservation and Forests (ICNF), Normalized Difference Vegetation Index (NDVI)

map, and COSc 2023 from SNIG;
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to detect the vegetation dynamic and burned area by computing NDVI and

Normalized Burn Ratio (NBR) using Sentinel-2A imagery;

to detect the land cover change between pre-wildfire 2022, post-wildfire 2022,
and summer 2023, and observe the burned area recovery with the highest

accuracy land cover maps.

1.4.0verview of the dissertation structure

This research is presented in 7 chapters demonstrating the content below:

Introduction: This chapter introduces the context and importance of land cover
classification and land cover change detection post-wildfire, the motivation to
compare the ML algorithms to classify the land cover in the PNSE, the research

guestions and objectives of this research, and the structure overview;

Literature Review: This chapter outlines the literature review of RS data and ML
algorithms developments, as well as the application of the integration of RS and

ML algorithms in land cover classification to observe the post-wildfire impacts;

Implementation: This chapter briefs the main software used in this research:

GEE and QGIS software;
Study area: This chapter details the study area and importance of the PNSE.

Methodology: This chapter explains the proposed approach to achieve the

objectives of this research;

Results: This chapter analyzes the land cover classification generated by

different models, supported by chart, and table illustrations;

Discussion: This chapter discusses the findings in relation to research questions,

the accuracy of land cover maps classified by RF and SVM;

Conclusions: This closing chapter concludes this research work and references

for future work.
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2. Literature Review

This chapter presents a comprehensive literature review covering the research topic.
The literature review begins with an introduction to RS, the development of ML
algorithms integrated with RS data/techniques for land cover classification and post-
wildfire land cover change detection, and a comparative analysis of machine learning
algorithms. Subsequently, the application of ML algorithms integrated with RS
data/techniques for land cover classification and post-wildfire land cover change

detection was discussed, highlighting their strengths and limitations.

2.1.Remote Sensing

In previous studies, Landsat imagery, Sentinel imagery, and aerial photographs are
applied to analyze the land cover changes [33-35]. The advantages and capabilities of RS
techniques, including large-scale coverage, frequent data, multispectral and
hyperspectral capabilities, three-dimensional information, and cost-effectiveness, make

them a common tool applied in various environmental studies.

Klobucar et al. studied that multispectral aerial imagery and Light Detection and
Ranging (LIDAR) data provide comparable estimates of tree canopy as compared to
ground base measurement, which is positive for land cover change detection [36]. In
Pérez-Cabello et al.’s study, RS is the most practical technique to monitor changes over
large areas and periods through image-processing techniques using either change
detection or classification techniques [37]. In South Korea, RS techniques have been
continuously used to detect the burnt areas and evaluate the recovery time point on the
eastern coast after the major wildfire in April 2000, which was registered as the most

serious wildfire in South Korean history [38].

Sentinel-2, as part of the European Commission’s Copernicus Earth Observation
(EO) program, was launched on 23 June 2015 and 7 March 2017 for Sentinel-2A and
Sentinel-2B, respectively. The phase of both satellites on the same orbit 180 degrees
from each other improves the revisit cycle from 10 days to 5 days. In addition, Sentinel-

5
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2 has 13 spectral bands in high resolution from 10m to 60m [42], enabling the
identification of key land features like vegetation, water bodies, and urban areas,
initiating a paradigm shift in land cover classification. Sentinel-2 imagery was utilized to
improve land cover maps in Iran [39], conduct land cover classification and change
detection in Rusinga Island, Kenya [40], map smallholder agriculture in Antsirabe,
Vakinankaratra region, Madagascar [41], assess wildfire damage in Australia [42], and

map cropland in Continental Africa [43].

2.2.Integration of Machine Learning and Remote Sensing in Land

Cover Classification and Post-Wildfire Land Cover Change Detection

Integration of ML algorithms and RS data in land cover classification was explored as
early as in the 1990s. Huang and Jensen included Geographic Information Systems (GIS)
data training, decision tree generation, and production rules to train the ML algorithm
in building the automation system to classify the wetland in Par Pond on the Savannah
River, South Carolina [31]. Stratified random sampling was applied to avoid
undersampling. Training data were classified according to human experts and ground
reference information into four classes: (a) wetland, (b) dead vegetation, (c) bare soil,
and (d) water. A recursive strategy was used to generate the decision tree. The decision
trees were then transformed into production rules to classify the dataset into one of
four classes, where attributes with the minimum entropy were selected to classify the
dataset. The resulting knowledge base was compared to the classification produced by
conventional methods: (a) traditional supervised classification with spectral and GIS
data, and (b) traditional unsupervised classification with only spectral data. This method,
proposed by Huang and Jensen, tackled the labour-intensive issues encountered in
conventional methods for data distribution [30] and provided valuable spatial
information unattainable using the maximume-likelihood classification algorithm, which

was widely used in remote sensing for image processing [44].

Lazzeri et al. employed several RS data/techniques, including PRISMA

hyperspectral, multispectral Sentinel-2 data, and unmanned aerial vehicles (UAV), to

6
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assess the post-fire impacts on land cover in both Castanheira de Péra Fire in the Leiria
district, Portugal, and Vinchiana Fire in the Tuscany region, Italy [45]. The resulting
Relativized Burn Ratio (RBR) index indicated that Sentinel-2 is effective for evaluation in
large-scale burned areas, while providing valuable information on fire severity and
vegetation recovery. Furthermore, integration of the PRISMA hyperspectral
classification and Sentinel-2 data is optimal for fire severity classification even in
situations where continuous data is not possible, as this method can distinguish the
spectral signatures corresponding to different fire severity classes. Furthermore, the
UAV proved to outperform traditional Global Positioning System (GPS) mapping in

generating high-resolution mapping and categorizing burned areas.

Lasaponara et al. employed Sentinel-2 NDVI time series and GEE to identify the
LULC changes in the central-southern part of the Italian peninsula from the year after
the fire event to the present [46]. The linear regression method was selected using GEE
to generate the NDVI trends and to understand the temporal changes, RF classification
was then applied to detect the LULC changes. The result was split between training data
and testing data in a 60:40 ratio and assessed with high-resolution images retrieved

from Google Earth. This method achieved an overall accuracy (OA) higher than 0.86.

With the increasing popularity of Extreme Gradient Boosting (XGBoost), De
Oliveira employed and compared XGB and RF, to enhance the LULC mapping of 2018 in
Almada municipality, Portugal [47]. The research classified Sentinel-1 imagery, Sentinel-
2 imagery, and derived products using both PBIA and OBIA approaches into five classes:
(a) artificial territories, (b) agriculture, (c) other vegetation, (d) forests, and (e) bare and
sparsely vegetated areas. Different combinations of satellite data and derived products
were examined with XGBoost and RF classifiers. The result was compared with manual
and semi-automatic collected ground truth data. De Oliveira concluded that land cover
classification using both Sentinel-1 and Sentinel-2 imagery and textural features derived
from Sentinel-2, with the PBIA approach classified with the XGBoost classifier indicated
the best result for urban areas. This method achieved a kappa coefficient of 0.994 and
had great accuracy in identifying the land cover classes, except for some limitations in
distinguishing Agriculture and Other Vegetation. The inclusion of spectral indices in the

7
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data combination indicated a decrease in kappa coefficients in most of the classification

results, while the inclusion of textural features increased the kappa coefficients slightly.

In a recent study, Martinez-Sanchez et al. utilized the Land Use-Land Cover Area
Frame Survey (LUCAS) photographs and employed semantic segmentation and RF model
to generate automatic land cover classification based on LUCAS in-situ landscape photos
in Europe [48]. A computer vision methodology was developed to extract land cover
information from the images obtained from LUCAS. In the study, 1120 images covering
eight major land covers: (a) artificial land, (b) cropland, (c) woodland, (d) shrubland, (e)
grassland, (f) bare soil and lichens, (g) water areas, and (h) wetlands, across the
European Union, were selected. Deeplabv3+ [49, 50], a pre-trained semantic
segmentation model, and ADE20k [51], a semantic segmentation dataset, were used to
extract the land cover types in LUCAS images and classify the training dataset. The
training dataset was then used as input features to train a RF model to classify the land
cover classification of the image. Street-level imagery (SLI) land cover information
validated and improved the result. This method produced a land cover classification with

an F1 score of 89%; F1 score was improved to 93% if the wetland was excluded.

2.3.Comparative Analysis of Machine Learning Algorithms

In many studies conducted since then, the results were inconsistent in land cover
classification accuracy using RF and SVM. Despite many studies that found SVM to
outperform RF [52-55], RF has been proven to be one of the most efficient ML

algorithms to be integrated with RS techniques for land cover classification.

Maxwell et al. reviewed the result generated by six mature ML classifiers
integrated with RS: (a) SVM, (b) single decision trees (DTs), (c) RF, (d) boosted DTs, (e)
artificial neural networks (ANN), and (f) k-nearest neighbours (k-NN), with two publicly
available RS datasets: (a) the Indian Pines dataset, and (b) the Geographic Object-Based
Image Analysis (GEOBIA) dataset[32]. Maxwell et al. suggested that RF is preferred when
optimization is not possible, as the default parameter of RF achieves classification
accuracy close to the result generated through optimization. ML algorithms were found

8
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to be more robust than parametric methods in dealing with complex feature spaces and

useful when the feature selection is absent.

Rodriguez-Galiano et al. conducted a study in the south of Spain to assess the
effectiveness of RF in land cover classification [30]. The study justified RF advantages of
non-parametric nature, capability in variable importance determination, and high
classification accuracy with the positive result of 92% OA and kappa coefficient of 0.92.
Furthermore, Saini and Rawat compared four classifiers: (a) ANN, (b) SVM, (c) kNN, and
(d) RF for LULC classification in the Nainital district situated in Uttarakhand, India, of
which RF achieved the highest OA of 91.56% with a kappa coefficient of 0.899 [56].
Moreover, Aziz et al. applied ANN and RF for forest cover classification in the
Abbottabad district of Pakistan [29]. The result produced by RF with the temporal layer
stacked image of the Sentinel-2 satellite achieved exceptional performance with 99.79%
training accuracy, 96.98% validation accuracy, and kappa coefficients of 0.996 and

0.954.

Lawrence and Moran conducted a study to compare the performance of six
classifiers with consistent procedures, with 30 moderate-resolution and multispectral
datasets: (a) C5.0, (b) classification tree analysis, (c) logistic model trees, (d) multivariate
adaptive regression splines, (e) RF, and (f) SVM [57]. Despite the finding that RF achieved
the highest average classification accuracy of 73.19%, Lawrence and Moran suggested
the researchers evaluate multiple methods instead of using RF as the sole option for

classification, as RF was not the classier that achieved the highest accuracy in all cases.

2.3.1.Random Forest (RF)

RF and SVM are both popular supervised learning algorithms for classification and

regression. RF adopts an ensemble learning method (Fig. 1) formed by:

= Bagging: involves developing multiple models with random subsets of feature

selection and training data.

= Boosting: each model iterates to fix the errors of previous models to achieve

higher accuracy prediction.



Comparative Study of Random Forest and SVM for Land Cover Classification and Post-Wildfire Change
Detection

= Stacking: a new model is then trained based on the output of the smaller models.

The final prediction is derived from the weighted outputs generated by the models

ensembled in RF.

Forest Field Urban Forest

Figure 1. Random Forest illustration. Adapted from Aziz et al., 2024 [29].

Advantages

= As the final prediction is an average from several models, RF is more robust to

data outliers and produces accurate results.

= RF tends to be better at generalizing to new data and less overfitting compared

to other algorithms.

= RF handles high-dimensional data effectively without performance deterioration

using ensemble learning methods.

10
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Disadvantages

e Experimenting with the right hyperparameters is decisive in generating high

accuracy RF prediction.

e RF cannot forecast values other than the feature range of the training data.

2.3.2.Support Vector Machine (SVM)

SVM uses kernel functions to find the best hyperplane (optimal line) based on the
training data. SVM maximizes the margin between classes through a support vector. As
shown in Fig. 2, the margin is the maximum distance between the closest pattern of two
classes. There is no pointincluded between the support vectors. The optimal hyperplane
is determined after the margin is maximized; this is to define the best decision boundary

for accurate predictions.
Advantages

=  SVM can handle both linear and nonlinear tasks and is effective for training data

with clear class separation.

= |n the land cover classification context, SVM is robust to classify homogeneous

and heterogeneous land cover classes [58].
=  SVM can handle high-dimensional data and is robust to noise and outliers.

= SVM tends to handle skewed datasets better; this is an advantage where there

is a big gap between the number of training points of different classes.

= Given that SVM employs only one subset of training points to generate the

decision, it is memory efficient.
Disadvantages
=  SVM is computationally expensive.

= |t is not suitable for large dataset classification [59, 60].

11
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K A Class 1

Figure 2. Support Vector Machines illustration. Adapted from IBM*

2.4.0bject-Based Image Analysis (OBIA) vs Pixel-Based Image Analysis
(PBIA)

OBIA and PBIA are two common approaches for LULC [47].

OBIA groups the neighbouring pixels with similar spectral properties and contextual
information into meaningful objects. OBIA is useful for object identification in addition
to pixel labelling. The quality of the object segmentation determines the final
classification. Edge-based algorithms, region-based, and superpixel algorithms are

common for OBIA segmentation [61].
Advantages

= OBIA utilizes spatial context, and makes it effective in homogeneous and

heterogeneous landscapes.

L https://www.ibm.com/topics/support-vector-machine
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= OBIA combines multiple features for better differentiation in classification.
= Thereis no salt-and-pepper noise since the pixels with similar spectral properties

are segmented into objects.
Disadvantages

= |tis computationally expensive and memory-inefficient to work with large areas
and high-resolution satellite imagery.
= OBIA s sensitive to segmentation parameters, and it is challenging to determine

optimal parameters for the segmentation.

PBIA is a traditional RS image classification commonly used in supervised and
unsupervised techniques. PBIA classifies individual pixels based on their spectral
properties without considering the adjacent pixels. Minimum Distance, Maximum
Likelihood, and Spectral Angle Mapping are a few of the common algorithms available

in many GIS software for PBIA approaches.
Advantages

= PBIAis simple, straightforward, and demands less computation.
= |t captures fine-scale spectral variations.

= |tis an established image analysis with mature algorithms and techniques.
Disadvantages

= PBIA is sensitive to noise, such as atmospheric and environmental conditions.

®= |n contrast to OBIA, PBIA lacks spatial context and makes it ineffective in
heterogeneous landscapes.

= |t is also challenging for PBIA to classify mixed pixels accurately without

considering the spatial patterns.
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2.5.Conclusion

Integration of ML and RS data/techniques has been proven to be more efficient and
achieved higher accuracy in land cover classification [29, 30, 56] compared to
conventional methods [31], and more robust than parametric methods in dealing with
complex feature spaces [32]. The selection of an ML algorithm incorporating RS
techniques to enhance the land cover classification is crucial. In addition, classifying the
land cover with a sole ML algorithm without comparing the result with other ML

algorithms is not recommended [57].

In this research, a comparative analysis of ML algorithms for land cover
classification was conducted with RF and SVM classifiers using GEE, to identify the most
appropriate LULC approach and classifier for land cover classification in the study area
and forest regions with similar characteristics. RF and SVM algorithms are commonly
used for land cover classification and produce highly accurate compatible results.
Considering the time constraints of this research, XGBoost and Deeplabv3+, which

require processing outside of GEE were not included in this research.
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3.Implementation

3.1.Google Earth Engine (GEE)

Google Earth Engine (GEE)? is a cloud-based geospatial analysis platform developed by
Google. It enables users to visualize and analyze satellite imagery from several sources,
including historical Earth images from forty years ago. The advantages of retrieving and
processing satellite imagery on GEE streamline the process, as downloading and storing

the raw data locally is no longer necessary, which further enhances the processing time.

In this research, GEE was used as the core platform for data collection, pre-
processing, and processing for the entire analysis to achieve the research objectives. A
Google Cloud project was created on Earth Engine Code Editor® via the web-based
Integrated Development Environment (IDE). 