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Abstract: The land use land cover (LULC) map is extensively employed for different purposes.
Machine learning (ML) algorithms applied in remote sensing (RS) data have been proven effective in
image classification, object detection, and semantic segmentation. Previous studies have shown that
random forest (RF) and support vector machine (SVM) consistently achieve high accuracy for land
classification. Considering the important role of Portugal’s Serra da Estrela Natural Park (PNSE) in
biodiversity and nature conversation at an international scale, the availability of timely data on the
PNSE for emergency evaluation and periodic assessment is crucial. In this study, the application of RF
and SVM classifiers, and object-based (OBIA) and pixel-based (PBIA) approaches, with Sentinel-2A
imagery was evaluated using Google Earth Engine (GEE) platform for the land cover classification of
a burnt area in the PNSE. This aimed to detect the land cover change and closely observe the burnt
area and vegetation recovery after the 2022 wildfire. The combination of RF and OBIA achieved the
highest accuracy in all evaluation metrics. At the same time, a comparison with the Normalized
Difference Vegetation Index (NDVI) map and Conjunctural Land Occupation Map (COSc) of 2023 year
indicated that the SVM and PBIA map resembled the maps better.

Keywords: machine learning; land cover classification; object-based image analysis; pixel-based
image analysis; random forest; support vector machine

1. Introduction

Post-wildfire land cover change affects the ecosystem dynamics, biodiversity system,
and ecological processes [1-19]. According to the European Commission, land cover
indicates “the visible surface of land on Earth (e.g., crops, grass, water, broad-leaved, forest
or built-up area)” [20]. While land cover plays a key role in environmental conditions in
multiple ways [21], detecting the land cover change during a wildfire is critical. It enables
the authorities to develop prompt disaster management strategies to prevent fatalities
caused by landslides and flash floods following a wildfire [22]. Furthermore, periodic
assessments scrutinizing burnt area recovery and vegetation dynamics after a wildfire
provide valuable information for land management and biodiversity recovery monitoring.

According to Copernicus, Portugal is one of the countries most vulnerable to wildfires
in the European Union [23]. On average, more than 200 forest fires happened annually
in Portugal from 2013 to 2022 [23]. Portugal experienced the worst drought in 2017 since
1931, which caused 408 wildfires and involved 563,532 ha of burnt area [24,25]. In 2022, the
Serra da Estrela Natural Park (PNSE), the largest protected area in Portugal, experienced
the most significant fire since 1975 [26], which involved a burnt area of 21,942 ha [27]. This
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study focused on the major burnt area in a wildfire that started on 6 August 2022 and ended
on 2 September 2022 in PNSE [27]. The fire spread beyond the PNSE to Estrela Geopark.
As a recognized Biogenetic Reserve and Geopark [28], the impacts of the large burnt area
after the 2022 wildfire in the PNSE are concerning. Close monitoring of post-wildfire burnt
area recovery and vegetation dynamics to observe the ecosystem dynamics and plan for
disaster management is imperative.

The open data on land use and land cover (LULC) in Portugal are publicly available
in vector format at a scale of 1:25,000 for Land Use and Occupation Map (COS) and in
raster format with 10 m pixels for Conjunctural Land Occupation Map (COSc) from the
National Geographic Information System (SNIG) [29,30]. LULC maps are widely used by
various stakeholders for research, analysis, planning, and monitoring purposes [31-33].
However, continuous assessment and regular scrutiny of the land cover change are not
achievable even with the annual update of the COSc [29]. To address this challenge, ma-
chine learning (ML) algorithms integrated with remote sensing (RS) data have proven
increasingly effective for land cover classification since the late 1990s [34]. These tech-
niques have enabled more accurate image classification, object detection, and semantic
segmentation [35-37], particularly for environmental monitoring [9-11,15,16,18,19], urban
planning [17,38], disaster management [3-5], and more. Previous studies proved that
integrating ML algorithms and RS data is more efficient in land cover classification and
achieves higher accuracy [39,40] than conventional methods [34].

ML algorithms such as Support Vector Machines (SVM) and Random Forest (RF) have
emerged as particularly effective for land cover classification when integrated with RS
data, when compared to other ML and Deep Learning (DL) algorithms such as Artificial
Neural Networks (ANNs), K-Nearest Neighbors (K-NN), decision trees (DTs), and boosted
DTs [32,34,39-43]. RF adopts an ensemble learning method formed by bagging, boosting,
and stacking processes [44]. The advantages of RF are that it is robust to outliers, accurate,
and less overfitting [45]. However, the right hyperparameters are decisive in achieving a
high accuracy [46]. Also, RF cannot forecast values other than the feature range of the train-
ing data [47]. SVM uses kernel functions to maximize the margin between classes through
a support vector and find the best hyperplane (optimal line) to define the best decision
boundary for accurate predictions [48]. SVM is effective for clear class separation, able to
handle linear/nonlinear tasks, good for diverse land covers, and memory-efficient [49].
However, SVM can be computationally expensive and not suitable for large datasets [50].
Two common methods for LULC classification are Object-Based Image Analysis (OBIA)
and Pixel-Based Image Analysis (PBIA) [38]. OBIA groups the neighboring pixels with
similar spectral properties and contextual information into meaningful objects. OBIA is
useful for object identification in addition to pixel labeling. The quality of the object seg-
mentation determines the final classification. Edge-based, region-based, and superpixel
algorithms are common for OBIA segmentation [51,52]. 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 common
algorithms available in many Geographic Information Systems (GIS) software for PBIA
approaches [52-54].

Based on the literature, ML algorithms combined with remote sensing data and GIS
analysis have been applied for land cover classification in several regions. Still, no similar
methodology has been applied in this specific study area. Considering the important role of
the PNSE in biodiversity and nature conversation at an international scale, the availability
of timely data on the PNSE for emergency evaluation and periodic assessment is crucial.
Hence, this study aimed to identify the most appropriate LULC approach and classifier
for land cover classification to address the challenges faced for emergency evaluation and
continuous assessment in the study area while serving as a reference for other forest regions
with similar ecological characteristics prone to wildfires.
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This study was conducted with the following specific objectives: (i) identifying the
best model for land cover classification for the study area employing the integration of
LULC classification (OBIA/PBIA) with a classifier (RF/SVM) on Google Earth Engine
(GEE); and (ii) detecting the land cover change between pre-wildfire 2022, post-wildfire
2022, and summer 2023.

If an adequate model can be determined for the land cover classification in the study
area, it will enable authorities to develop prompt disaster management strategies to prevent
fatalities caused by landslides and flash floods following a wildfire and regular scrutiny on
burnt area recovery and vegetation dynamics. This provides valuable risk management,
land management, and biodiversity recovery monitoring information.

2. Materials and Methods
2.1. Study Area

The PNSE is a protected natural park with the highest mountain range in the central
East of Portugal mainland and the largest protected area in the nation. The PNSE spans
89,132.21 ha across 9 municipalities of Belmonte, Celorico da Beira, Covilha, Fornos de
Algodres, Gouveia, Guarda, Manteigas, Oliveira do Hospital, and Seia [55]. The largest
point of the Central Cordillera is the Tower, with the highest point at a 1991 m altitude [28],
where over half of the natural park is above 700 m (Figure 1).
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Figure 1. Serra da Estrela Natural Park. (Source: Fire Station from Google Earth,

Road/River/Reservoirs and Lagoons from OSM, DEM from FCUP, PNSE boundaries from ICNF,
Estrela Geopark/Municipalities from DGT, Spain from GADM; https:/ /www.geoparkestrela.pt/,
https/ /zonacritica.pt/qestrela/, accessed on 3 November 2023).

The PNSE’s biodiversity thrives across 3 climate types—Mediterranean, Atlantic, and
Continental—distributed over 3 altitudinal floors: basal, intermediate, and higher [28]. Its
unique topography and climate foster exclusive species, subspecies, and varieties of flora
and fauna. The PNSE mountain areas hide endemic species of flora and fauna, some of
which only exist in this territory and nowhere else in the world, owing to its altitude and
geographic isolation [28,55].
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The PNSE was officially recognized as a Natural Park in July 1976, a Biogenetic
Reserve in 1993, and a Natura 2000 Network in March 2008 [56,57]. In addition, the
United Nations Educational, Scientific and Cultural Organization (UNESCO) recognizes
the PNSE as a geopark, Estrela Geopark, for its remnants of the last glaciation, which
occurred 30,000 years ago, and rocks aged up to 600 million years, which present high
geodiversity [28]. Estrela Geopark, which occupies an area of 2216 km? surrounding
the PNSE (Figure 1), boasts a diverse landscape that is evidence of multiple geological
transformations, climatic contrasts, and ancient human settlement, with the first records
dating back to the beginning of the 4th millennium B.C. This makes PNSE a territory of
solid contrasts, where its tangible and intangible landscapes reflect a prolonged adaptation
process and successive transformations. The rugged terrain makes it inhospitable for
human occupation, which shapes the natural park biodiversity, and it is safe for a diversity
of fauna and flora species [58]. Overall, the PNSE plays a crucial role in biodiversity and
nature conservation on an international scale.

This study analyzed the land cover changes of the significant burnt area affected by
the 2022 wildfire, which occurred from 6 August 2022 to 2 September 2022 in the PNSE [27].
The study area covers a burnt area beyond the PNSE to the Estrela Geopark (highlighted in
red in Figure 1), which occupies 24,238.62 ha.

2.2. Data Sources

Sentinel 2A imagery (Level 2A) was used to measure the Difference Normalized Burn
Ratio (ANBR) to identify the major burnt area in the PNSE post-wildfire 2022. Sentinel-2A
imagery was acquired from ‘COPERNICUS/S2_SR_HARMONIZED’1 Image Collection
using the ee.ImageCollection function on GEE [59]. Three images were selected by filtering
the region of interest (ROI), relevant date range, and cloud coverage below 10% using
ee.ImageCollection.filterBounds(), ee.ImageCollection.filterDate(), and ee.Filter.metadata() in GEE
(Table 1) [60]. A buffer area around the major burnt area (Figure 1) was drawn as the ROI
to include the neighboring spatial features, enhancing accuracy for the OBIA approach.
Images before and after the 2022 wildfire and an image in the summer of 2023 were acquired
for comparison consistency to observe the vegetation recovery in the same season (Table 1).
All 12-unit bands in Sentinel-2A imagery were selected, while B1 and B9 were excluded as
they are relevant for atmospheric study instead of land surface study, and there is no B10
in Level-2A imagery.

Table 1. Sentinel-2A imagery applied in this study.

Acquisition Date Event Cloud Cover (%)
2 August 2022 Pre-wildfire 2022 0.000657
26 September 2022 Post-wildfire 2022 0.152309
28 July 2023 Summer 2023 0.000352

(1 Year after fire)

Spectral indices were performed with ee.Image.normalizedDifference() in GEE for both
NBR and NDVI. NBR was computed to detect the burnt area before and after the 2022 wild-
fire. The dNBR was applied to observe the fire severity of the 2022 wildfire. The polygon of
the major burnt area derived from dNBR before and after the 2022 wildfire was exported
to be used as the scope of the study area for further analysis. The fire severity of the
major burnt area in the ROI was classified according to the dNBR value range proposed
by Mediterranean local conditions (MLC) [61] and the United States Geological Survey
(USGS) [62].

NDVI is one of the most used vegetation indices to quantify green vegetation and
monitor vegetation health in agriculture, forestry, and ecology [63]. This study used NDVI
to observe the vegetation dynamics between pre-wildfire 2022, post-wildfire 2022, and
summer 2023. The results provide valuable information for vegetation loss after the 2022
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wildfire and vegetation recovery in the summer of 2023. Subsequently, the NDVI was
classified according to the NDVI value range proposed by USGS [64].

The Land Use and Occupation Map (COS) was published between 3 and 5 years
from 1995 to 2018 in Portugal by Direcio Geral do Territorio (DGT). The COSc has been
published annually since 2018 as complementary information to COS. 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) [29,30]. The COS
serves as the primary reference cartography for planning, while the COSc demonstrates the
land occupation that is 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 COS2018 v2.0 has
83 classes of LULC [30]. On the other hand, COSc is available in raster format with 10 m
pixels with 6, 9, and 13 classes at levels 1, 2, and 3, respectively. In contrast, subsequent
maps have 15 classes at level 3, with improvement in the agriculture class [29]. COSc 2023
was classified based on a spectral database of monthly means in addition to spectral indices
and intra-annual metrics from October 2022 to September 2023. The training database
was processed with auxiliary information and photo interpretation and further classified
with space technologies and artificial intelligence. COSc was used as the reference map for
the land cover classification in this study to ensure consistency in validating the summer
2023 maps with COSc 2023.

The study area covers 15 classes at level 3 and 6 classes at level 1, referring to COSc.
Referring to COSc 2021 and 2022, shrub and spontaneous herbaceous vegetation were
prominent land covers in the study area. It was difficult to distinguish them at level 3 due
to their remarkably similar spectral reflectance. Furthermore, it is challenging to classify
the land cover classes as detailed as at level 3 solely based on red, green, and blue (RGB)
composition and NDVI results. In addition, Ma et al. studied the fact that large classes
reduce the accuracy of classification [65]. Hence, features with a high correlation were
merged based on their COSc classes at level 1 for further analysis (Table 2).

Table 2. Description of the 6 land cover classes used in this research.

ID Class/Level 1 Level 3 Satellite Image

211—Autumn/winter annual crops
0 2—Agriculture 212—Spring/summer annual crops
213—Other agricultural areas

1 1—Artificial 100—Artificial areas

2 5—Bareland 500—Surface without vegetation
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Table 2. Cont.
ID Class/Level 1 Level 3 Satellite Image
311—Cork oak and holm oak
312—Eucalyptus
3 3—Forest 313—Other hardwoods
321—Maritime pine
323—Other resinous plants
410—Shrub
4 4—Shrub 420—Spontaneous herbaceous
vegetation
5 6—Water 620—Water

2.3. Methodology

This section outlines the step-by-step approach (Figure 2) applied to compare RF and
SVM algorithms, with the processing primarily conducted on the GEE platform for land
cover classification and burnt area recovery detection in the study area. The approach
begins with data acquisition and pre-processing, followed by feature extraction using RGB
composition and NDVI results. The feature collections are then processed with PBIA and
OBIA for land cover classification. Subsequently, the samples are further split to train/test
sets to train the classifiers for land cover classification in the ROI The accuracy of the final
land cover classification is assessed with evaluation metrics and validation techniques. The
land cover maps with the highest accuracy are exported to QGIS 3.28 software for further

spatial analysis, burnt area recovery detection, and map visualization.
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Figure 2. Methodology diagram.
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2.3.1. Dataset Creation

PBIA and OBIA are widely used for land cover classification in RS applications [51-54,66].
This study used RGB composition and NDVI results to collect the features manually. The
features were drawn in polygon because point-based samples tend to be more unstable [65].
Subsequently, the features were grouped into 6 feature collections, as categorized in Table 2
(Section 2.2). As sample size does not guarantee dataset accuracy [65], 100 features were
collected for all land cover classes except for the water class, which occupied an insignificant
area within the ROI. The 6 feature collections were combined into a single feature collection
using the ee.FeatureCollection() function to unify all samples of all the land cover classes for
data training and validation purposes. Images were sampled at a 20 m resolution for both
PBIA and OBIA approaches using ee.Image.sampleRegions(). The scale parameter was set at
a 20 m resolution after some experiments. A lower scale was computationally expensive
and tended to be overfitting the samples.

PBIA classification was performed with different classifiers for land cover classification
in urban [53] and forest areas [52]. These models produced land cover classification with
satisfactory accuracy, which justified the inclusion of the PBIA approach in developing the
best model to classify the land cover in the study area.

The Simple Non-Iterative Clustering (SNIC) algorithm on GEE was used for OBIA
segmentation. SNIC is a bottom-up, seed-based segmentation algorithm that groups
neighboring pixels based on spatial data and proximity similarity into clusters. The seeds
are the initial points where the clusters grow and are spaced evenly across the image
based on the parameter set [67]. There were large homogeneous areas, such as forest and
bare land, and fine details, such as artificial areas, shrublands, and water, so a balance
between the grid spacing was crucial. After some experiments, the parameter of 20 pixels
was set for the spacing between seeds to be able to capture the feature details while not
over-segmenting the image. The grid’s shape was hexagonal to minimize the distances and
increase the uniform distribution between neighboring seeds. The compactness was set to 0
to enable accurate segmentation based on the intrinsic characteristics (spectral and textural
features) instead of the spatial proximity due to the diversified classes and irregular shape
of land cover in the study area [59].

2.3.2. Classification

The samples generated were split into training and test datasets in a 60:40 ratio using
ee.ImageCollection.randomColumn(). This provided datasets to train RF and SVM algorithms
for land cover classification through stratified random sampling. After testing datasets
with different decision tree sizes, the parameter was set to 30 for the RF classifier to
optimize the land cover classification using ee.Classifier.smileRandomForest(). For the SVM
classifier, the default setting of ee.Classifier.libsum() on GEE was employed. The default
Radial Basis Function (RBF) kernel was effective for various classification tasks, including
land cover classification [37,68,69]. Also, Yousefi et al. found that variation in the gamma
values did not affect the land cover classification accuracy [36]. Subsequently, the trained
classifiers were applied to classify the land cover of the 3 images. Hence, 4 models were
applied to each imagery type, which produced 12 land cover maps in total: (a) RF x OBIA,
(b) RF x PBIA, (c) SVM x OBIA, and (d) SVM x PBIA. All the land cover maps were
reprojected to EPSG:3763.

2.4. Accuracy Assessment

The land cover maps produced by different models and the integration of LULC
classifications (PBIA or OBIA) and classifiers (RF or SVM) were assessed and compared to
identify the best model for land cover classification. Evaluation metrics included (a) con-
fusion matrix, (b) F1 score, (c) OA, and (d) kappa coefficient, which were conveniently
obtained using the ee.ConfusionMatrix function. Due to a lack of ground truth data, the
resulting land cover maps were compared with NDVI maps for the pre-wildfire 2022 results,
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burnt area 2022 from ICNF and dNBR maps for the post-wildfire 2022 results, and COSc
2023 from SNIG for summer 2023 results.

A confusion matrix is a table that summarizes the performance of a classification algo-
rithm [70]. A confusion matrix was obtained using the ee. ConfusionMatrix() function. True
positive (TP) is the assignment where the model correctly predicts the land cover classes.
In contrast, true negative (TN) is the assignment where the model is wrongly assigned the
land cover classes. On the other hand, commission error (false positive/FP) is a sample
wrongly assigned to other land cover classes that it does not belong to, while omission
error (false negative/FN) is a sample left out in the land cover class that it is supposed
to be assigned. The values generated in the confusion matrix were further evaluated for
precision and recall values, performed with consumersAccuracy() and producersAccuracy() on
GEE, respectively.

While precision and recall values of different land cover classes might be inconsistent
in accuracy ranking, the F1 score was measured to obtain an insight into the accuracy of
each model in classifying the land cover classes. F1 score balances precision and recall by
minimizing FP and FN [71]. F1 score has a value from 0 to 1, where 1 indicates perfect
precision and recall while 0 means otherwise.

OA provides an overview of the overall accuracy of TP and TN relative to the total
assignments [72]. OA has a value ranging between 0 and 1, where 1 represents the highest
accuracy while 0 indicates no accuracy.

Kappa coefficient indicates the inter-rater reliability between the land cover classifica-
tion [68]. The degree of agreement ranges between —1 and 1, where 1 represents perfect
agreement, 0 represents no agreement, and -1 represents an agreement worse than random.

2.5. Comparison of Classified Maps with Official Maps

The burnt territories—burnt area 2022 (BA22), prepared by the ICNF—were retrieved
for land cover classification validation purposes. The extent of the major burnt area, derived
from the dNBR before and after the 2022 wildfire, was compared with BA22 to validate
the burnt area extent after the wildfire event. As BA22 lacks robustness in assessing land
cover maps, the dNBR map was used to analyze the rationality of post-wildfire land cover
change relative to fire severity.

The NDVI map generated for the pre-wildfire event was compared with the land cover
maps classified by different models for the same event to assess if the land size of the land
cover reflected the vegetation conditions of the study area and examine the spatial data’s
consistency.

COSc 2023 was obtained from SNIG to compare with land cover maps of summer
2023. The land cover classes in COSc 2023 were visualized at COSc level 1, as illustrated in
Table 1, to make the maps comparable.

The land cover maps generated by the models were exported to QGIS software for
further analysis. The land cover maps were first clipped with the major burnt area extent.
Descriptive statistics of NDVI and NBR, land area size according to spectral indices, and
land cover classes of the study area were computed. Land cover maps of the study area’s
pre-wildfire 2022, post-wildfire 2022, and summer 2023 were intersected to detect the land
cover change.

3. Results
3.1. Spectral Indices

The study area primarily experienced moderate and high degrees of fire severity
in the 2022 wildfire, according to the dNBR classification proposed by both MLC and
USGS (Figure 3). Furthermore, the difference between low and moderate fire severity
areas classified by MLC and USGS was significant, resulting from the threshold differences.
According to USGS’s classification, 49.23% and 12.05% of the study area experienced
moderate and low degrees of fire severity. In comparison, 43.03% and 16.89% of the
study area experienced moderate and low degrees of fire severity according to MLC'’s
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classification (Table 3). In both classifications, unburnt areas and areas affected by high fire
severity occupied around 2% and 37%, respectively (Table 3).

o A & A

dNBR 2022

(Mediterranean dNBR 2022

Local Conditions) (USGS)
Fire Severity Fire Severity
Unburned ~7 Unburned
= Low ! Low
& Moderate X ™ Moderate
L1 W High W High

Figure 3. The dNBR maps of the study area for the 2022 wildfire, based on classifications proposed
by MLC (left), and UGSG (right).

Table 3. Analysis of the land area affected by different fire severities in the study area after the 2022
wildfire, based on the dNBR ranges proposed by MLC and USGS.

Fire Severity dNBR Range MLC % dNBR Range USGS %
(Scaled by 10%) (100 m?) (Scaled by 10%) (100 m?)
Unburn <100 53,291 2.20 <100 53,291 2.20
Low 100-320 409,450 16.89 100-270 292,044 12.05
Moderate 320-650 1,042,929 43.03 270660 1,193,272 49.23
High >650 918,192 37.88 >660 885,255 36.52
Total 2,423,862 100 2,423,862 100

Figure 4 presents the NDVI maps of the study area computed from Sentinel-2A data
and classified according to USGS.

As shown in Figure 4a, the study area was predominantly occupied by dense veg-
etation before the wildfire event. About 98% of the study area experienced low to high
fire severity during the 2022 wildfire (Table 4). The study area was occupied with sparse
vegetation and had little dense vegetation after the wildfire. On the NDVI map of summer
2023 (Figure 4c), vegetation recovery was observed, especially in the top north. The land
area of dense vegetation validated the vegetation dynamic of the study area along the
events where dense vegetation occupied 65.12% of the study before the wildfire, reduced
to 7.04% after the wildfire, and recovered to 23.84% in summer 2023 (Table 4). Meanwhile,
the sparse vegetation increased from 34.85% to 91.98% after the 2022 wildfire and reduced
to 75.11% in the summer of 2023 (Table 4). The area with no vegetation within the study
area remained around 1% and less in all events (Table 4).
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Figure 4. NDVI maps of the study area for (a) pre-wildfire 2022, (b) post-wildfire 2022, and (c) summer
2023. Computation was performed from Sentinel-2A data and classified according to the NDVI value
range suggested by USGS.

Table 4. Analysis of the study area size subject to NDVI values range suggested by USGS.

NDVI  Pre-Wildfire 2022 (100 m?) % Post-Wildfire 2022 (100 m?) % Summer 2023 (100 m2) %
<0.1 647 0.03 23,563 0.98 25,378 1.05

0.1-0.5 844,708 34.85 2,229 573 91.98 1,820,739 75.11
>0.5 1,578,507 65.12 170,726 7.04 577,745 23.84
Total 2,423,862 100 2,423,862 100 2,423,862 100

3.2. Evaluation Metrics for Random Forest and SVM

The confusion matrix tables show that the RF x OBIA model achieved the highest
accuracy in land cover classification for the study area in all events (Tables S1-53). This
model distinguishes different land cover classes in all events except for Shrub. The Shrub
was always misclassified with Agriculture interchangeably, particularly with models us-
ing the PBIA approach. The misclassification in the post-wildfire result generated by the
SVM x PBIA model was weighty, where 223 samples (69.91%) were misclassified as Agri-
culture (Table 5). This far exceeds the 83 samples that were classified correctly for Shrub.
Consequently, the classification of Shrub and Agriculture achieved a precision value of
0.2602 and a recall value of 0.6459 in this event. However, the precision and recall values
for the Shrub classified by the RF x OBIA model were satisfactory. Furthermore, misclassi-
fication between Agriculture and Forest was generally noticeable in the PBIA approach.
However, land cover classification of pre-wildfire generated by the SVM x OBIA model
demonstrated 770 samples misclassified as Forest instead of Agriculture, resulting in a low
precision value of 0.6266 and recall value of 0.4787 for Forest and Agriculture, respectively.

Table 5. Confusion matrix of SVM x PBIA model [Post-wildfire 2022].

SVM x PBIA Agriculture Artificial Bareland Forest Shrub Water Precision
Agriculture 797 2 16 249 79 0 0.6973
Artificial 11 207 6 0 0 0 0.9241
Bareland 18 13 2554 0 0 0 0.988
Forest 185 0 0 860 11 0 0.8144
Shrub 223 2 0 11 83 0 0.2602
Water 0 0 0 0 0 53 1
Recall 0.6459 0.9241 0.9915 0.7679 0.4798 1
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The F1 score was also used to evaluate the balances of the precision and recall values
of the land cover classification generated by each model. Water achieved an F1 score of 1,
indicating perfect precision and recall values in all models (Figure 5). This was expected as
the spectral reflectance of Water is significantly different from other land covers. Regardless
of the models, Bareland and Forest were classified precisely, especially in the RF x OBIA
model (Tables 54-5S6), where the F1 score was close to 1 in all events. The classification
of Shrub achieved the lowest F1 score with the SVM x PBIA model in all events. While
none of the F1 scores were higher than 0.634 with the SVM x PBIA model, the classification
for Shrub, after the 2022 wildfire, achieved the lowest values of 0.3374, 0.2602, and 0.4798
for F1 score, precision, and recall, respectively (Tables S7-59). Furthermore, Agriculture
obtained the lowest F1 score with the SVM classifier in pre-wildfire events (Table 57) and as
low as 0.6015 and 0.6151 for the OBIA and PBIA approaches, respectively. It is challenging
to classify vegetation as the different types have very similar spectral reflectance [47].
Figure 5 presents the F1 score of the land covers according to their ranking in each model.
Interestingly, OBIA and PBIA performed consistently with both RF and SVM classifiers in
F1 score ranking for classification in post-wildfire 2022 and summer 2023. Hence, choosing
the right classifier is vital to increasing land cover classification accuracy. Overall, RF had
a relatively stable performance compared to SVM, as land cover classification accuracy
using SVM fluctuated significantly among different scenarios. This was observed from
the samples classified for Artificial, where high accuracy was achieved in the pre-wildfire
event, while lower accuracy was attained in other events (Figure 5).
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Figure 5. F1 score ranking for different land cover classes across various models.

Table 6 presents the OA and kappa coefficient of each model. The OA and kappa
coefficient values aligned with the results found in the confusion matrix. The RF x OBIA
model achieved the highest accuracy where the OA value was 0.99, and the kappa co-
efficient value was higher than 0.98 in all events. The RF classifier achieved higher OA
and kappa coefficient values than the SVM classifier in most events, except for summer
2023. The SVM x OBIA model attained exceptional accuracy with an OA of 0,97 and a
kappa coefficient of 0.96 for the land cover classification of summer 2023, outperforming
the RF x PBIA model. Table 6 shows that the performance of the SVM classifier with both
LULC approaches was not stable; one was better than the others in different events.
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Table 6. Overall accuracy and kappa coefficient of each model.
RF x OBIA RF X PBIA SVM x OBIA SVM X PBIA
OA K OA K OA K OA K
Pre-fire 2022 0.99 0.98 0.90 0.86 0.74 0.66 0.81 0.73
Post-fire 2022 0.99 0.98 0.94 091 0.84 0.76 0.85 0.77
Summer 2023 0.99 0.99 0.94 091 0.97 0.96 0.88 0.83

3.3. Comparison of Land Cover Classification Accuracy

Land cover maps of post-wildfire 2022, classified by different models, are presented in
Figure 6. The burnt territories (BA22) shapefile retrieved from ICNF is highlighted in red
borders. The land cover map classified by the RF x OBIA model (Figure 6a) reflects the fire
severity better. Furthermore, 20,512.27 ha (Table 7) of Bareland classified by the RF x OBIA
model is closest to the total area that experienced moderate and high degrees of fire severity,
19,611.21 ha (MLC) and 20,785.27 ha (USGS) as indicated in Table 3. Nevertheless, the
smaller Bareland size classified by the SVM x PBIA model was due to the larger agricultural
land in the study area, which was proven to be more fire-resistant. Thus, BA22 and dNBR
were inadequate for comparing the accuracy of post-wildfire land cover maps.
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Figure 6. Comparison of the burnt area retrieved from ICNF (red border), and the post-wildfire
land cover maps classified by different models: (a) RF x OBIA, (b) RF x PBIA, (c) SVM x OBIA,
(d) SVM x PBIA.
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Table 7. Analysis of the land cover size after wildfire 2022 for each model.
F22 RF x OBIA RF X PBIA SVM X OBIA SVM X PBIA
Class Area (ha) % Area (ha) % Area (ha) % Area (ha) %
0 1655.68 6.83 2989.13 12.33 3684.57 15.20 5172.30 21.34
1 191.49 0.79 373.98 1.54 639.68 2.64 593.50 2.45
2 20,512.27 84.63 18,566.33 76.60 18,710.02 77.19 17,346.21 71.56
3 115291 476 1527.02 6.30 754.61 3.11 391,02 1.61
4 724.23 2.99 779.75 3.22 447.71 1.85 733.09 3.02

Figure 7 presents the land cover maps of pre-wildfire 2022, classified by the different
models proposed. They were compared with the NDVI map of pre-wildfire 2022 (Figure 4a).
Land cover maps classified by RF x PBIA (Figure 7b) and SVM x PBIA (Figure 7d) were
observed to be more consistent with the NDVI map. The study area had no vegetation
(0.03%), sparse vegetation (34.85%), and dense vegetation (65.12%) before the 2022 wildfire
(Table 4). The PBIA maps (Figure 7b,d) presented a smaller area for Agriculture, Artificial,
and Bareland, and a larger area for Forest and Shrub than the OBIA maps (Figure 7a,c).
The land cover map classified by the RF x OBIA model (Figure 7a,c) indicated an unusual
Bareland area compared to the NDVI map (Figure 4a) in the southwestern of the study
area. Given the comparison with the NDVI map and the land cover size analysis, the
land cover map classified by the SVM x PBIA model reflected the pre-wildfire land cover
more precisely.
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Figure 7. Comparison of land cover maps classified by different models: (a) RF x OBIA, (b) RF x PBIA,
(c) SVM x OBIA, (d) SVM x PBIA for pre-wildfire 2022.
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Figure 8 presents COSc 2023, where the study area was majorly recovered to Shrub
with minor Agriculture and Forest regeneration while a smaller area of Bareland remained.
Compared to the maps of Figure 9, land cover maps classified by the PBIA approach
(Figure 9b,d) reflect the burnt area recovery and regeneration of forest more precisely. This
is further confirmed by the land cover analysis presented in Table 8, in which the land
size of Bareland and Forest classified by the PBIA approach is closer to the COSc 2023
classification than the land cover maps classified by the OBIA approach. Table 8 details
that all models classified a much larger area of Agriculture and Artificial land and a much
smaller Shrub compared to COSc 2023. Pertaining to the comparison of COSs 2023 with
land cover maps of summer 2023, the SVM x PBIA map (Figure 9d) closely resembles COSc
2023 (Figure 8), except that the major Shrub area in COSc 2023 is classified as Agriculture
on the map.

A

Legend

Agriculture
B Artificial

Bareland
I Forest
[0 shrub

Figure 8. COSc 2023.

Table 8. Analysis of the land cover size in summer 2023 for each model and COSc 2023.

Area (ha) Agriculture Artificial Bareland Forest Shrub
COSc 2023 1479.32 5.78 5820.55 1168.25 15,757.47
RF_OBIA_S23 6867.58 349.50 10,425.99 2316.96 4276.57
RF_PBIA_S23 10,254.29 187.83 8555.31 1892.89 3342.48
SVM_OBIA_S23 9822.13 1041.57 9404.46 2196.01 1771.86

SVM_PBIA_S23 14,189.20 472.56 7944.88 752.46 876.15
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Figure 9. Comparison of land cover maps classified by different models: (a) RF x OBIA, (b) RF x PBIA,
(c) SVM x OBIA, (d) SVM x PBIA for summer 2023.

3.4. Post-Wildfire Land Cover Change Detection

Following the results in Sections 3.2 and 3.3, where the RF x OBIA model indicated
the highest accuracy in all events among the models while the SVM x PBIA model reflected
better visual accuracy against the NDVI map and COSc 2023, land cover change detection
was observed for both models. All the land cover classes had major changes to Bareland,
which was ecologically reasonable after 98% (Table 3) of the study area was burnt in the
wildfire event. According to the land cover change detected by the RF x OBIA model
(Table 9), 75.98% of the land cover changed to Bareland post-wildfire, where the paramount
area was originally Forest that formed 65.38% of the study area. Consequently, 84.63% of
the study area was covered by Bareland after the 2022 wildfire (Table 9). A significant size
of the study area remained Bareland (41.11%) in summer 2023 (Table 9). While most of
the land cover remained, there was remarkable regeneration of Agriculture, Forest, and
Shrub, particularly in the north and east of the study area (Table 9). As for land cover
change detected by the SVM x PBIA model (Table 10), 67.94% of the land cover changed to
Bareland after the 2022 wildfire, making up 71.56% of Bareland in the study area, of which
forest was originally 46.92% of the study area. Furthermore, greater burnt area recovery
was noticed from the land cover change of summer 2023 in the SVM x PBIA model. It
demonstrates a major Agriculture regeneration and a minor Forest and Shrub regeneration.
There was major Agriculture regeneration from each land cover class, particularly 38.59%
of the study area was recovered from Bareland to Agriculture, except for Forest (Table 10).
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Table 9. Each land cover class’s major land cover change from pre-fire 2022 to post-fire 2022, and
from post-fire 2022 to summer 2023 [RF x OBIA model].

Major Change Pre-Fire 2022 to Post-Fire 2022 Post-Fire 2022 to Summer 2023

from to Area (ha) % to Area (ha) %
Agriculture Bareland 1593.07 6.57 Agriculture 690.74 2.85
Artificial Bareland 70.53 0.29 Artificial 58.79 0.24
Bareland Bareland 2094.21 8.64 Bareland 9965.35 41.11
Forest Bareland 15,847.11 65.38 Forest 653.9 2.7
Shrub Bareland 907.34 3.74 Agriculture 302.43 1.25

Table 10. The major land cover change of each land cover class from pre-fire 2022 to post-fire 2022
and from post-fire 2022 to summer 2023 [SVM x PBIA model].

Major Change Pre-Fire 2022 to Post-Fire 2022 Post-Fire 2022 to Summer 2023
from to Area (ha) % to Area (ha) %
Agriculture Bareland 3305.88 13.64 Agriculture 3881.37 16.01
Artificial Bareland 28.07 0.12 Agriculture 370.35 1.53
Bareland Bareland 877.69 3.62 Agriculture 9354.4 38.59
Forest Bareland 11,373.65 46.92 Forest 243.37 1
Shrub Bareland 1760.7 7.26 Agriculture 450.55 1.9

3.5. Land Cover Maps
3.5.1. Land Cover Maps—RF x OBIA Model

Figure 10 presents the land cover maps classified by the RF x OBIA model for the three
events. The land cover change is visually noticeable throughout the events. As shown in
Figure 10a and Table 11, the study area was predominantly covered by forest (73.64%) with
a considerable size of Bareland (9.31%) in the southwest area, while Agriculture (10.12%)
and Shrub (6.22%) spread across the study area before the wildfire. As a consequence of
the 2022 wildfire, the study area attained 84.63% of Bareland, resulting in minor vegetation
of Agriculture (6.83%), Forest (4.76%), and Shrub (2.99%) as presented in Figure 10b and
Table 11. Nearly half of the Bareland in the post-wildfire event was recovered in the summer
of 2023 (Figure 10c). Regeneration of vegetation was reflected in the land cover change
(Table 11): Agriculture (28.34%), Shrub (17.65%), and Forest (9.56%). The recovery was
noticeable across the study area in the summer of 2023 (Figure 10c). Moreover, Artificial
remained the smallest (not more than 1.44%, Table 11) land cover within the study area.
Furthermore, Forest and Shrub were observed to be vulnerable to wildfire, with 93.54%
and 51.93% of their land cover burnt in the 2022 wildfires, respectively (Table 11). On the
other hand, Agriculture was more fire-resistant, with 32.5% of its land cover burnt in the
wildfire event (Table 11).

Table 11. Land cover changes: pre-fire 2022, post-fire 2022, and summer 2023 [RF x OBIA].

Pre-Fire 2022 Post-Fire 2022 Summer 2023
ID Land Cover
Area (ha) % Area (ha) % Area (ha) %

0 Agriculture 2452.94 10.12 1655.68 6.83 6867.58 28.34
1 Artificial 173.57 0.72 191.49 0.79 349.5 1.44
2 Bareland 2256.58 9.31 20,512.27 84.63 10,425.99 43.02
3 Forest 17,846.92 73.64 1152.91 4.76 2316.96 9.56
4 Shrub 1506.59 6.22 724.23 2.99 4276.57 17.65

Total 24,236.6 100 24,236.6 100 24,236.6 100
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Figure 10. The land cover maps classified using the RF x OBIA model: (a) pre-wildfire 2022,
(b) post-wildfire, and (c) summer 2023.

3.5.2. Land Cover Maps—SVM x PBIA Model

Figure 11 presents the land cover maps classified by the SVM x PBIA model for
the three events. The land cover change is visually noticeable throughout the events.
Figure 11a indicates that the study area was majorly covered with vegetation: Forest
(61.41%), Agriculture (21.83%), and Shrub (12.42%), where Bareland (4.06%) and Artificial
(0.26%) occupied less than 5% of the study area (Table 12) before the wildfire. As a
consequence of the 2022 wildfire, the study area attained 71.56% of Bareland, which burned
97.37% and 75.65% of Forest and Shrub, respectively (Figure 11b and Table 12). This,
again, proves the vulnerability of Forest and Shrub against wildfire. On the other hand,
Agriculture was more fire-resistant, with 97.73% of its land cover preserved in the wildfire
event (Table 12). More than half of the Bareland was recovered in the summer of 2023
(Figure 11c); major Agriculture regeneration was noticed where Agriculture occupied
58.55% of the study area while Forest (3.1%) had a smaller occupation than Shrub (3.62%)
in the summer of 2023 (Table 12). Furthermore, the Artificial area remained the smallest
(not more than 2.5%, Table 12) land cover within the study area.

Pre-fire 2022 (2 Aug 2022) A Post-fire 2022 (26 Sep 2022) A Summer 2023 (28 Jul 2023) A

Legend

Agriculture [l Artificial Bareland [l Forest [ Shrub CRS: ETRS89 / Portugal TMO6

Source: Sentinel-2A imagery

Figure 11. The land cover maps classified using the SVM x PBIA model: (a) pre-wildfire 2022,
(b) post-wildfire, and (c) summer 2023.
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Table 12. Land cover changes: pre-fire 2022, post-fire 2022, and summer 2023 [SVM x PBIA].

Pre-Fire 2022 Post-Fire 2022 Summer 2023
ID Land Cover
Area (ha) % Area (ha) % Area (ha) %
0 Agriculture 5292.29 21.83 5172.30 21.34 14,189.20 58.55
1 Artificial 63.35 0.26 593.50 245 472.56 1.95
2 Bareland 984.99 4.06 17,346.21 71.56 7944.88 32.78
3 Forest 14,884.9 61.41 391.02 1.61 752.46 3.1
4 Shrub 3010.71 12.42 733.09 3.02 876.15 3.62
Total 24,236.24 100 24,236.12 100 24,235.25 100

The RF x OBIA model (Figure 10a) indicated larger Forest and Bareland areas in
pre-wildfire events. In contrast, the SVM x PBIA model (Figure 11a) indicated larger
Agriculture and Shrub areas compared to each other. In addition, the RF x OBIA model
(Figure 10b) demonstrated a larger Bareland. In comparison, the SVM x PBIA model
(Figure 11b) showed slightly smaller Bareland with higher preservation of Agriculture land
in the post-wildfire events. Both models confirm the vulnerability of Forest and Shrub
against wildfire and prove the fire resistance of Agriculture. Furthermore, the SVM x PBIA
model (Figure 11c) detailed a larger burnt area recovery with major Agriculture regenera-
tion, while the RF x OBIA model (Figure 10c) demonstrated a smaller burnt area recovery
with the regeneration of Agriculture, Shrub, and Forest in summer 2023.

4. Discussion

In this research, two LULC classification approaches, OBIA and PBIA, were integrated
with RF and SVM classifiers, using GEE to optimize the land cover classification for the
study area. Kappa coefficient was interpreted as an improvement upon OA [68]. RF
classifier achieved almost perfect agreement of kappa results with both the OBIA and PBIA
approaches. Unlike the RF classifier, the SVM classifier had relatively unstable performance,
and the kappa results ranged from substantial to almost perfect agreement [68]. Referring to
Figure 5, the OBIA and PBIA approaches were individually presented with similar F1 score
rankings for both RF and SVM classifiers in each event. Hence, choosing the right classifier
is vital to increase land cover classification accuracy. Furthermore, Shrub, the land cover
class with the lowest F1 score in most events, was always misclassified, with Agriculture
having a lower F1 score as well. The OBIA and PBIA approaches had difficulties classifying
Shrub in all events, particularly with the SVM x PBIA model. In the RF x OBIA model,
the accuracy for Shrub classification was still relatively high, with the F1 score above 0.91
in all events. The slight misclassification between Artificial and Shrub might be due to
the characteristics of SNIC, considering the neighboring spatial feature. At the same time,
sparse vegetation around the artificial land was common in the study area. In this regard,
the parameter setting for SNIC is crucial. A lower scale is computationally expensive for
large areas and unnecessary for large-scale homogeneous landscapes in the study area. The
balance in determining an optimal distance unit among the land cover classes is critical. In
addition, Shrub and Agriculture were misclassified interchangeably in all models with the
PBIA approach. Furthermore, the SVM classifier could not classify Agriculture precisely
with both OBIA and PBIA approaches for the study area. It is challenging to classify the
vegetations, as they have very similar spectral reflectance [37,38,47]. The challenge of
classifying the vegetation accurately remains a major concern, as there are three classes
of vegetation in this research, and the capacity to classify the vegetation at lower levels
is an asset to observing the vegetation dynamics and the recovery of biodiversity in the
study area. According to the metric results, the RF x OBIA model achieved the highest
accuracy, while the SVM models had a lower accuracy for land cover classification in all
events. Regardless of the high accuracy examined by the evaluation metrics, the difference
between the land cover maps and COSc 2023 was not assessable due to the inequivalence
of the dataset.
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In contrast to the metric results, the comparison of the NDVI map, dNBR map, and
COSc 2023 showed a completely different finding. The SVM x PBIA model, which had a
lower value of evaluation metrics, demonstrated a more analogous visual result among the
land cover maps. The pre-wildfire map classified by the SVM x PBIA model (Figure 7d)
corresponded to the NDVI map (Figure 4a) of the same event. This is logical as the
NDVI map was produced by a pixel comparison of the NIR band and red band; even the
RF x PBIA map (Figure 7b) had better visual results than the RF x OBIA map (Figure 7a).
As for the comparison between dNBR and post-wildfire land cover maps, the RF x OBIA
map had the largest bare land among all the pre-wildfire maps (Table 7), and the bare land
size was between the burnt area classified by MLC and USGS for moderate to high fire
severity (Table 3). Nevertheless, a smaller bare land size classified by the SVM x PBIA
model (Table 7) was due to the larger agricultural land in the study area, which was proven
to be more fire-resistant. In the case where field data are available, Relativized Burn Ratio
(RBR) can be applied to improve the reliability of the fire severity assessment for the dataset
validation as RBR increases the accuracy of the burn ratio for diverse vegetation densities
by normalizing pre-fire conditions [73,74]. While dNBR was inadequate to compare the
accuracy of post-wildfire land maps, the robustness of the RF x OBIA model in capturing
the burnt area effectively underscores its potential for ecological planning and vegetation
recovery observation. The result concurs with Comert et al.’s [75], where the RF x OBIA
model achieved an OA of 0.99 in mapping the burnt area in forest areas in Adrasan and
Kumluca regions in Antalya province, Turkey. In addition, it was also concerning that more
than 43% and about 37% of the study area experienced moderate and high fire severity,
respectively (Table 3). Fire severity changes soil moisture, and it takes longer for new
seeds to grow; this leads to a longer recovery after wildfires [76,77]. Moreover, soil erosion
and runoff triggered landslides and flash floods after the wildfire [22]. In contrast, the
ecosystem of the study area is affected in the long term as resprouting species regrow more
quickly than seeder species [78]. This leads to species and habitat alteration and impacts
the area’s biodiversity [79]. Pertaining to the comparison of COSs 2023 with land cover
maps of summer 2023, the SVM x PBIA map (Figure 9d) closely resembled COSc 2023
(Figure 8), except that the major Shrub area in COSc 2023 was classified as Agriculture on
the map.

There are inherent limitations to validation in this study. The discrepancies observed
in Table 8, where the automated methods produced results that were not comparable
to COSc 2023, are due to the differences in the temporal scales of the dataset. The land
cover map generated in this research was based on a specific date, while the land cover
classification in COSc 2023 was based on the monthly mean of a year [29]. Moreover, there
were no ground truth data to validate whether the Agriculture on the SVM x PBIA map
for summer 2023 (Figure 9d) was correctly presented and whether the Shrub on COSc 2023
(Figure 8) indicated the vegetation dynamic after the agricultural harvest. Furthermore, we
also could not test whether it was the failure of the SVM x PBIA model for summer 2023
in distinguishing Shrub and Agriculture that caused the difference in the land cover. In
addition, Tables 9 and 10 present remarkable differences in the results of major land cover
change from pre-fire 2022 to post-fire 2022 and from post-fire 2022 to summer 2023. This is
due to the different characteristics of the land classification approaches and ML algorithms
used in the RF x OBIA and the SVM x PBIA models. Several studies found that the RF
x OBIA model achieved a high accuracy for land classification in agricultural land and
forest region [43,80,81]. On the other hand, SVM was very sensitive to hyperparameter
tuning and achieved fluctuating results when integrated with OBIA in Nielsen et al.’s
study [82]. In contrast, the SVM x PBIA model efficiently mapped the land cover for a
densely vegetated and cultivated area [83]. After all, the NDVI map, dNBR map, and COSc
2023 were not the most adequate source data to serve as a solid comparison to examine the
accuracy of the land cover maps. While there is no comparable dataset to identify a more
reliable result between the two models, the evaluation metrics selected suggested that the
RF x OBIA model achieved the highest accuracy in all events among the models.
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The limitation of a comparable dataset for accuracy validation is not unusual. Nasiri
et al. [80] studied model generalization by calibrating two distinct sets of samples and
proved the RF x OBIA model to be effective for tree-cutting detection in forest districts.
Because no ground truth data or solid comparisons are available, both RF and SVM
classifiers are not justified to be reliable for monitoring the burnt area recovery in the
study area even though RF x OBIA maps indicated a high value of evaluation metrics and
SVM x PBIA maps are visually accurate compared to the NDVI map and COSc 2023. The
output produced by both models was significantly different; it is arguable which model is
more accurate for reference.

5. Conclusions

This research aimed to identify the best model for land cover classification of the study
area using GEE. A land cover map provides important information for emergency planning
and disaster management during a wildfire, as well as burnt areas and vegetation moni-
toring after a wildfire. Sentinel-2A imagery was processed with two LULC classification
approaches, OBIA and PBIA. The feature collections were subsequently trained with RF
and SVM classifiers on GEE. The land cover maps were compared with the NDVI, BA22,
dNBR, and COSc 2023 maps. The evaluation metric results were consistent; the RF x OBIA
model was the most accurate for land cover classification in the study area. Compared
with the NDVI map and COSc 2023, the SVM x PBIA map resembled the maps better.
However, the validation of land cover maps against COSc 2023 was not ideal as the land
cover map generated in this research was based on a specific date, while the land cover
classification in COSc 2023 was based on the monthly mean of a year. In addition, there
was no access to field data, which are necessary for validation. Considering these limita-
tions, the best model for land cover classification of the study area was not conclusively
determined. While the study’s best model for land cover classification was not determined,
the findings demonstrated the strengths and limitations of different models. Moreover,
this study represents the first application of such a comparative analysis in this study area,
offering a methodological framework that can be applied to other Mediterranean or forest
regions prone to wildfires, especially when rapid assessments are needed for emergency
evaluations. In addition, this research provides some important insights: i) the land cover
classification with the highest values of evaluation metrics might not reflect the same level
of accuracy in map presentation; ii) concurrent with Lawrence and Moran’s studies, more
classifiers should be tested to identify the most accurate model; iii) the PBIA approach
had difficulties in distinguishing the vegetation; the OBIA approach tackled this problem
better with the RF classifier but not with the SVM classifier; and iv) the SVM classifier had
unstable performance where the accuracy in classifying the land cover classes fluctuated in
different events.

In future work, the research could build on this foundation by testing the models
with additional imagery in response to the available field data or model generalization
to identify an optimized model to classify the land cover for emergency evaluation and
periodic assessment in the study area. Since the SVM x PBIA model strongly resembled
COSc 2023 while achieving a low accuracy in evaluation metrics, different parameters can
be tested and refined to optimize the result in future work. Furthermore, different ML and
deep learning algorithms can be tested to improve the land cover classification result.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/1and13111878/s1, Table S1: Confusion matrix of RF x OBIA
model [pre-wildfire 2022]; Table S2: Confusion matrix of RF x OBIA model [post-wildfire 2022];
Table S3; Confusion matrix of RF x OBIA model [summer 2023]; Table S4: RF metric results for OBIA
and PBIA approaches [pre-wildfire 2022]; Table S5: RF metric results for OBIA and PBIA approaches
[post-wildfire 2022]; Table S6: RF metric results for OBIA and PBIA approaches [summer 2023];
Table S7. SVM metric results for OBIA and PBIA approaches [pre-wildfire 2022]; Table S8: SVM
metric results for OBIA and PBIA approaches [post-wildfire 2022]; Table S9: SVM metric results for
OBIA and PBIA approaches [summer 2023].
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