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Abstract 

Understanding forest cover change dynamics and its association with climatic conditions is 
crucial for sustainable environmental management. This research examined forest cover 
change in Castellón Province by using satellite-based remote sensing and machine learning 
classification during 2010-2024. The supervised classification methods—Random Forest 
(RF), Support Vector Machine (SVM), and Classification and Regression Tree 
(CART)—were applied on Landsat images using Google Earth Engine environment. In this 
study, spatiotemporal trends integrate Google Earth Engine (GEE), Python-based statistical 
analysis, and GIS mapping to identify the best classifier as well as reliable model. RF 
outperformed other classifiers. It proved maximum accuracy using different performance and 
evaluation metrics. Classification results indicated a significant forest cover loss, especially 
between 2015 and 2020 due to urbanization, land use change, and potential climatic 
disturbances. The dynamics of forest conversion have been explored using transition 
matrices. It helped in detecting overall loss of areas of forest along with appreciable changes 
to non-forest categories.  

The areas of significant deforestation along with afforestation trends were also recognized 
using spatial maps. This puts focus on finding out the factors behind the degradation like 
climate change, with anthropogenic effects on land use changes. The time series analysis of 
NDVI trends and Climate variables (Temperature-2m, Land Surface Temperature (LST) and 
Precipitation) shows alarming trends in the study area. The climatic variables showed 
possible strong correlation between vegetation health and climate fluctuations. Pearson 
correlation analysis confirmed the positive relationship between NDVI and precipitation 
while demonstrating the negative relationship between temperature and land surface 
temperatures (LST). The integration of the use of machine learning, remote sensing, along 
with statistical analysis identifies key insight into data-driven reasoning and detailed analysis 
of the forest cover changes within a Mediterranean ecosystem. The findings can contribute to 
sustainable forest management approaches and climate adaptation strategies by providing 
valuable insights into forest loss patterns including climatic drivers. It can also contribute to 
regional-level programs about forest conservation, climate adaptive measures, along with 
sustainable land-use planning and land management using scientific evidence and data-driven 
knowledge of the province. 

Keywords:​
Forest Cover change, Remote Sensing, Machine Learning, RF, SVM, CART, Transition 
Matrices, Climate variables, NDVI, Castellón Province, NDVI-Climatic interaction, 
Sustainable mediterranean ecosystem. 

ii 



Contents 

Chapter 1. Introduction​ 1 
1.1 Background and Motivation​ 1 
1.2 Research Questions and Objectives​ 2 
1.3 Overall Approach to Achieve Each Objective​ 3 
1.4 Expected Contributions of the Study​ 3 
1.5 Potential Real-World Applications​ 4 
1.6 Outline of This Study​ 5 

Chapter 2. Literature Review​ 6 
2.1 Satellite-Based Remote Sensing for Detecting Forest Cover Change​ 6 
2.2 Machine Learning Approaches for Forest Classification and Accuracy Assessment​ 6 
2.3 Climate Variables and Their Influence on Forest/Vegetation Dynamics​ 7 
2.4 Research Gaps and Justification for the Study​ 9 

Chapter 3. Data and Methods​ 11 
3.1 Study Area​ 11 
3.2 Data Collection​ 12 

3.2.1 Satellite Data​ 12 
3.2.2 Preprocessing Step for the Landsat Data in GEE​ 13 
3.2.3 Temporal Aggregation and Image Composition​ 14 
3.2.4 Climate Data​ 15 
3.2.5 Climate Data Preprocessing Steps in Python (Google Colab)​ 15 

3.3 Methods​ 16 
3.3.1 Supervised Classification Approach​ 17 
3.3.2 Machine Learning Classification Algorithms for Forest Classification (Level 1)​

18 
3.3.3 Experimental Setup for Training and Validation​ 19 
3.3.4 Post Processing of Classified Image​ 20 
3.3.5 Accuracy Assessment & Model Performance​ 20 
3.3.6 Qualitative Evaluation in ArcGIS Pro​ 22 
3.3.7 Summarization of Level 1​ 22 
3.3.8 Seasonal Scale Validation of Best Classifier Performance (Level 2)​ 23 
3.3.9 Forest Cover Change Analysis and Transition Matrix​ 23 
3.3.10 NDVI Analysis & Climate Trends (2010-2014)​ 24 
3.3.11 Pearson Correlation Analysis: NDVI and Climatic Variables​ 24 
3.3.12 Final Correlation Analysis: Forest Cover Change and Climatic Variables​ 25 

Chapter 4. Results and Discussion​ 27 
4.1 Comparison of Classifiers Based on Different Years (Level 1)​ 27 

4.1.1 Performance Metrics Comparison​ 27 
4.1.2 Confusion Matrices Analysis​ 29 
4.1.3 10-Fold-Cross-Validation​ 29 

iii 



4.1.4 Fold-wise Confusion Matrices Analysis​ 31 
4.1.5 Area Analysis​ 33 
4.1.6 Visual comparison of Classified Maps​ 35 

4.1.6.1 RF classified maps​ 35 
4.1.6.2 SVM Classified Maps​ 37 
4.1.6.3 CART Classified Maps​ 38 
4.1.6.4 Summary of Visual Inspection of Classified Maps​ 39 

4.1.7 Summary of Best Classifier​ 40 
4.2 Additional Analyses for the Best classifier (Level 2)​ 40 

4.2.1 Seasonal Analysis of RF Model (May-July)​ 40 
4.2.2 Performance Metrics and Confusion Metrics Analysis​ 41 
4.2.3 Area Estimations Analysis in Summer Season​ 41 
4.2.4 Visual Representation of Summer Season Classification​ 42 
4.2.5 Discussion on Summer Seasonal Influence on Classification Performance​ 43 

4.3 Correlation Between Small-Scale Summer Season (May-July) and Full-Year 
Classification Results​ 44 
4.4 Forest Cover Change Analysis​ 45 

4.4.1 Forest Area Statistics​ 45 
4.4.2 Changes in Forest Cover​ 46 
4.4.3 Time Series Analysis​ 47 
4.4.4 Transition Matrices Analysis​ 47 

4.4.4.1 Forest Cover Change Dynamics (2010-2015)​ 48 
4.4.4.2 Forest Cover Change Dynamics (2015-2020)​ 49 
4.4.4.3 Forest Cover Change Dynamics (2020-2024)​ 50 

4.5 Relationship between NDVI and Climatic Factors​ 52 
4.5.1 Spatial Variation of NDVI/NDVI Trend​ 52 
4.5.2 Precipitation Trend​ 54 
4.5.3 Temperature-2m Trend​ 54 
4.5.4 LST Trend​ 55 

4.6 Correlation Analysis of Vegetation Coverage and Climate Factors​ 56 
4.6.1 NDVI vs Precipitation​ 57 
4.6.2 NDVI vs Temperature-2m​ 58 
4.6.3 NDVI vs LST​ 59 

4.7 NDVI’s Sensitivity to Climatic Variables Over Time​ 61 
4.7.1 NDVI vs Precipitation​ 61 
4.7.2 NDVI vs Temperature-2m​ 62 
4.7.3 NDVI vs LST​ 63 

4.8 Association of Forest Cover Change and Climatic Variables​ 63 
Chapter 5. Conclusions and Recommendation​ 66 

5.1 Conclusion​ 66 
5.2 Limitation of the Study and Future Works​ 68 

iv 



References​ 70 
A  Appendix​ 77 

v 



List of Figures 

Figure 1:  Map showing the geographical location of the study area 11 

Figure 2: Methodological framework for this study 17 

Figure 3: Training sample distribution in GEE (Green colour: Forest, Orange colour: 
non-Forest) 19 

Figure 4: Confusion metrics for 10-fold-cross-validation-RF 2010 31 

Figure 5: Confusion metrics for 10-fold-cross-validation-CART 2010 31 

Figure 6: Confusion metrics for 10-fold-cross-validation-RF 2024 32 

Figure 7: Confusion metrics for 10-fold-cross-validation-CART 2024 33 

Figure 8: Landsat reference image of Castellón Province for visual comparison 35 

Figure 9: RF classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 in 
Castellón Province  36 

Figure 10: SVM classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 
in Castellón Province 37 

Figure 11: CART classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 
in Castellón province  38 

Figure 12: RF classified maps for seasonal forest cover (May–July, 2024) 42 

Figure 13: Time-series analysis of forest and non-forest cover change (2010-2024) 47 

Figure 14: Forest cover changes dynamics in Castellón (2010-2015) 49 

Figure 15: Forest cover change dynamics in Castellón (2015-2020) 50 

Figure 16: Forest cover change dynamics in Castellón (2020-2024) 51 

Figure 17: Spatial Distribution of NDVI trend across Castellón Province (2010-2024) 53 

Figure 18: Annual Precipitation trend in Castellón Province (2010-2024) 54 

Figure 19: Temperature-2m trend in Castellón Province (2010-2024) 55 

vi 



Figure 20: Land Surface Temperature (LST) trend in Castellón Province (2010-2024) 56 

Figure 21: NDVI-Precipitation correlation map for Castellón Province (2024) 57 

Figure 22: NDVI-Temperature-2m correlation map for Castellón Province (2024)  59 

Figure 23: NDVI-LST correlation map for Castellón Province (2024) 60 

Figure 24: Monthly correlation between NDVI and Precipitation with Precipitation 
trends (2010-2024) 61 

Figure 25: Monthly correlation between NDVI and Temperature-2m with 
Temperature trends (2010-2024) 62 

Figure 26: Monthly correlation between NDVI and Land Surface Temperature (LST) 
with LST trends (2010-2024) 63 

Figure 27: Comparative trends of forest and non-forest cover and climatic variables in 
Castellón Province (2010-2024) 64 

Figure A.1: Confusion metrics for RF, SVM, CART across 2010 (before 
cross-validation) 77 

Figure A.2: Confusion metrics for RF, SVM, CART across 2015 (before 
cross-validation) 77 

Figure A.3: Confusion metrics for RF, SVM, CART across 2020 (before 
cross-validation)  77 

Figure A.4: Confusion metrics for RF, SVM, CART across 2024 (before 
cross-validation) 78 

Figure A.5: Confusion metrics for 10-fold-cross-validation for SVM 2010 78 

Figure A.6: Confusion metrics for 10-fold-cross-validation for RF 2015 78 

Figure A.7: Confusion metrics for 10-fold-cross-validation  for SVM 2015 79 

Figure A.8: Confusion metrics for 10-fold-cross-validation for CART 2015 79 

Figure A.9: Confusion metrics for 10-fold-cross-validation for RF 2020 79 

Figure A.10: Confusion metrics for 10-fold-cross-validation for SVM 2020 80 

Figure A.11: Confusion metrics for 10-fold-cross-validation for CART 2020 80 

Figure A.12: Confusion metrics for 10-fold-cross-validation for SVM 2024 80 

Figure A.13: Confusion metrics for RF in seasonal classification (May-July, 
2024) 

81 

vii 



Figure A.14: Confusion metrics for SVM in seasonal classification (May-July, 
2024) 81 

Figure A.15: Confusion metrics for CART in seasonal classification (May-July, 
2024) 81 

Figure A.16: Yearly aggregated values for total precipitation, mean temperature, 
mean LST and mean NDVI 82 

Figure A.17: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 
correlation value (r) and mean LST (2010-2012) 82 

Figure A.18: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 
correlation value (r) and mean LST (2013-2015) 83 

Figure A.19: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 
correlation value (r) and mean LST (2016-2018) 83 

Figure A.20: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 
correlation value (r) and Mean LST (2019-2021) 84 

Figure A.21: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 
correlation value (r) and mean LST (2022-2024) 84 

Figure A.22: Visual inspection of classifiers by comparing results of three models 85 

viii 



List of Tables 

Table 1: Specification of Landsat remote sensing data used in the study 13 

Table 2: Overview of Landsat image composition and aggregation 14 

Table 3: Specification of climate dataset used in the study 16 

Table 4: Tools and software-packages used in this study 26 

Table 5: Classification performance metrics based on hold-out (70% -30% split) 
validation 28 

Table 6: Performance metrics of classifiers based on 10-fold-cross-validation 30 

Table 7: Forest and non-forest area estimation based on classification 
(2010-2024) 34 

Table 8: Comparative performance evaluation of RF, SVM and CART 40 

Table 9: Seasonal performance evaluation of RF, SVM, CART (May-July, 2024) 41 

Table 10: Seasonal forest and non-forest area estimations for summer of 2010-2024 42 

Table 11: Forest area statistics for Castellon Province (2010-2024) 45 

Table 12: Changes in forest cover across different time periods (2010-2024) 46 

Table 13: Transition matrix of forest cover change (2010-2024) 48 

ix 



List of Abbreviation 

AIRS- Atmospheric Infrared Sounder 

CART- Classification and Regression Trees 

CNN- Convolutional Neural Network 

FAO- Food and Agriculture Organization 

FRA- Forest Resource Assessment 

FP- False Positive 

FN- False Negative 

GAUL- Global Administrative Unit Layer 

GIS- Geographic Information System 

GEE- Google Earth Engine 

GFW- Global Forest Watch 

LST- Land Surface Temperatures 

LULC- Land Use Land Cover 

ML- Machine Learning

MODIS- Moderate Resolution Imaging Spectroradiometer 

MLC- Maximum Likelihood Classification 

NNC- Neural Network Classifiers 

NDVI- Normalized Difference Vegetation Index 

NIR- Near-Infrared Spectroscopy 

OLI- Operational Land Imager 

OA- Overall Accuracy 

 x



PCC- Pearson Correlation Coefficient 

RF- Random Forest 

SLC- Scan Line Corrector 

SVM- Support Vector Machine 

SWIR- Short-Wave Infrared 

SQ-  Square Kilometre 

TM-Thematic Mapper 

TP- True Positive 

TN- True Negative 

WGS 84- World Geodetic System84 

xi 



Chapter 1. Introduction 

1.1 Background and Motivation 

Forests are essential for maintaining biodiversity, regulating the climate, sinking carbon, 
maintaining ecological balance, and providing essential ecosystem services (Psistaki et al., 
2024). Numerous species find habitats in forests, which helps to preserve biodiversity. Also, 
forest conservation is crucial for carbon sequestration, which indirectly sustains biodiversity 
in coastal habitats (Raman et al., 2024). Forests provide diverse ecosystem services that are 
essential for human well-being. Forests and natural areas play a major role in sustainable 
development, even in urban areas. It has been observed by Raman et al., (2024) that 
Sustainable Development Goal 11 which refers to sustainable cities and communities are 
supported by urban forests by cooling cities, enhancing air quality, and creating recreational 
areas. 

A shift in forest regions over time due to both natural and man-made forces is called "forest 
cover change". It is a complex phenomenon that affects equally natural and human-induced 
processes, leading to significant changes in forest ecosystems over time. Different studies 
also proved the same. Xiao et al., (2022) found that both natural and anthropogenic 
phenomena such as extreme climatic events, urbanization, and agricultural activities 
contributed to shifts in the forest cover. Researchers emphasise how important it is for 
conservation efforts to understand changes in forest cover. So, for the betterment of life it is 
crucial to identify forest cover changes for taking proper mitigative actions towards forest 
degradation and all. Changes in forest cover have significant impact on wetlands, 
biodiversity, carbon cycles, and global climate regulation. Therefore, knowledge of forest 
dynamics is essential for sustainable environmental management and policy making. 

According to Global Forest Watch (GFW), globally 488 million hectares of tree cover 
decreased between 2001 and 2023, which is 12% compared to what has been there since 
2000, which is alarming. Furthermore, Food and Agriculture Organization (FAO) Global 
Forest Resources Assessment highlighted that deforestation has caused the loss of 420 
million hectares of forest globally since 1990 (FAO, 2022). The forest dynamics are different 
in each region. Mediterranean forests such as those in the province of Castellón in Spain face 
unique challenges due to their susceptibility to shifting weather patterns, frequent droughts, 
wildfires, and land use changes. Martínez-Vega et al., (2021) investigated LULC differences 
in Mediterranean agricultural ecosystems with a focus on southern Spain. These alterations 
were found to be influenced by human activity, water scarcity, and climate change. 

The FAO emphasized the cost-effectiveness of remote sensing in minimizing the need for 
considerable field work in their article on national forest monitoring systems. It claims that 
remote sensing enhances fieldwork performance and is especially helpful in determining 
specific characteristics' boundaries (Holmgren & Marklund, 2007). Farmonaut, (2024) report 
states that satellite imagery can detect deforestation with up to 95% accuracy. They also 

1 

https://www.zotero.org/google-docs/?n0tl1m
https://www.zotero.org/google-docs/?n0tl1m
https://www.zotero.org/google-docs/?G3RjjA
https://www.zotero.org/google-docs/?3ao00P
https://www.zotero.org/google-docs/?9ABcSE
https://www.zotero.org/google-docs/?cp4I2X
https://www.zotero.org/google-docs/?DvIRM6
https://www.zotero.org/google-docs/?cNKQUk
https://www.zotero.org/google-docs/?A7VOwh


mentioned the ability of modern satellites to capture images with resolutions as fine as 30 cm 
per pixel allows them to conduct comprehensive analysis of the health of individual trees and 
the structure of the forest canopy.   
 
Sentinel, MODIS, and Landsat satellites data can provide detailed observations regarding 
forest dynamics, degradation, and long-term change. Over years in cloud geospatial platforms 
and improvement in machine learning (ML), Google Earth Engine (GEE) and such tools have 
advanced a lot in improving mapping efficiency, transition classification, and analysis in 
forests. High-dimensional, complex datasets in remote sensing have achieved advancement in 
application of a variety of machine classifiers including Random Forest (RF), Support Vector 
Machine (SVM), and Classification and Regression Trees (CART) in different land cover 
classification. 
 
The province of Castellón holds a remarkably big forest area (68%), which is much larger 
than that of Spain (55%), and the Valencian Region (57%) (Delgado-Artés et al., 2022a). 
Castellón province is also a good representation of the Mediterranean ecosystem which is an 
ecologically diverse yet fragile landscape with mixed forest ecosystems, agricultural lands, 
urban regions and protected natural areas which makes it ideal for the study. Notable changes 
in forest cover, including deforestation, land abandonment, and afforestation attempts, have 
occurred in the region as a result of urbanization, climate variability, and anthropogenic 
issues collectively. Additional factors that have led to forest degradation and vegetation stress 
include wildfires, extended droughts, and rising trend of land surface temperatures (LST). 
 
Analysing spatiotemporal cover trends and its relationship with key meteorologic factors 
including temperature, precipitation, and LST become critical in consideration of these 
environment-related issues. There have been limited studies particularly focused on Castellón 
that combine remote sensing techniques with machine learning classification approaches. 
Most past studies have analysed land use change in Spain and Valencia at a broader scale. 
However detailed studies at local levels in Castellón province remained scarce. 
 
1.2 Research Questions and Objectives 
 
Considering the research gaps previously discussed, the main research questions of this study 
are as follows: 
 

●​ RQ1: What are the spatio-temporal patterns and trends of forest cover change in 
Castellón province, Spain, over the study period (2010-2024)? 
 

●​ RQ2: Are the changes in forest cover related to the climatic variables (Precipitation, 
Tropospheric Temperature and Land Surface Temperature) over different time periods 
in Castellón province, Spain? 

 
Based on the research questions, the primary objective of this study is to analyse the 
spatio-temporal trends in forest cover changes using satellite-based remote sensing 
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techniques and to examine the relationship between forest cover change and climate variables 
in Castellón province, Spain. Other specific objectives as follows: 
 

1.​ To compare machine learning based supervised classification techniques for forest 
cover change analysis and find out the most suitable method for accurate forest cover 
mapping. 

 
2.​ To assess Forest Cover Change Analysis during a 14-year period (2010, 2015, 2020, 

and 2024) using multi-temporal Landsat imagery. 
 

3.​ To identify general and recent trends of Normalized Difference Vegetation Index 
(NDVI) and the climatic variables like: precipitation, temperature-2m, and LST. 
 

4.​ To evaluate the NDVI variation over the study period and investigate its correlation 
with the climatic variables like- precipitation, tropospheric temperature, and LST. 

 
5.​ To analyse the overall correlation between forest cover changes and climatic 

variables, integrating the classified forest and non-forest cover changes with the three 
climatic variables. 

 
1.3 Overall Approach to Achieve Each Objective 
 
In this study, to systematically address the research objectives- a combination of 
satellite-based remote sensing, machine learning supervised classification methods and 
statistical analysis was used. Landsat data (from 2010-2024) was used for forest cover 
classification. Using supervised classification (RF, SVM, and CART) in GEE provided 
accurate mapping of forest cover changes. Following that, 10-fold-cross-validation and 
confusion matrices were used to verify accuracy. Based on the selection of best classifiers the 
mapping and analysis was done using ArcGIS pro. 
 
Then, MODIS-derived NDVI and climate data from (CHIRPs precipitation, ERA5 
temperature and MODIS LST) were utilized to investigate the correlation between NDVI 
(microlevel) and Forest (macro level) with climatic variables. Pearson correlation analysis 
was used to quantify seasonal (monthly) and annual patterns as well as the correlation 
between NDVI and climate parameters. Finally, climatic variability and forest cover change 
were combined using GIS-based spatial analysis. ArcGIS Pro, Python and Excel were used 
for the integration. By using these overall approaches, a complete comprehension view of 
forest cover changes and climate interactions in Castellón province was obtained. 
 
1.4 Expected Contributions of the Study 
 
The study contributes to scientific knowledge and practical applications in the field of forest 
monitoring and climate impact assessment in different aspects like: 
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●​ Provides a long-term perspective of spatio-temporal analysis of forest cover changes 

in Castellón province. 
●​ Evaluates the effectiveness of machine learning classification techniques (RF, SVM, 

CART) for forest cover change analysis. 
●​ It gives us an insightful understanding of Mediterranean forest dynamics. 
●​ It evaluates the NDVI’s response to precipitation, temperature and LST, which offers 

insights into climate related vegetation changes. 
●​ Integrates the multi-sourced climate data with NDVI, enhancing the capability to 

monitor vegetation-climate correlations using remote sensing techniques.​
 

1.5 Potential Real-World Applications 
 
The findings of the study can be applied to environmental management practices, policy 
making and future research in following aspects: 
 

●​ Forest conservation and land management: 
Provides information about forest cover changes around the province along with the 
forest cover change maps which will be assisting local governments and 
environmental agencies in forest conservation efforts. The high-resolution forest 
cover change maps can assist local and regional authorities of the province in 
monitoring deforestation, afforestation and degradation trends and provides a 
data-driven scenario about forest loss and recovery areas. Understanding the NDVI or 
forest-climate correlations can help in developing sustainable forest management 
strategies in these mediterranean ecosystems. 

 
●​ Climate change mitigation and adaptation strategies:​

Understanding the correlation between NDVI and climatic variables enables policy 
makers to design effective adaptation measures for forest ecosystems under changing 
climatic conditions. The study highlights the role of temperature and other climatic 
variables like precipitation in influencing vegetation health, supporting 
decision-making for water resource management in fire prone forest areas or in areas 
like drought prone mediterranean forests. 
 

●​ Advancing remote sensing and ML-based Land monitoring: 
The comparative analysis of RF, SVM, and CART classifiers improves the accuracy 
and reliability of ML-driven land cover classification techniques. The study 
demonstrates the effectiveness of Google Earth Engine (GEE) and machine learning 
in large-scale forest monitoring, providing a model for future application. The method 
can be adapted to other Mediterranean or semi-arid regions which are similar to our 
study area in terms of land cover and climate dynamics. 
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●​ Supports for future studies on climate change impact on forest:​
The study provides baseline data for long-term forest monitoring, enabling 
researchers to track the climate change impact over time. The results of the study can 
be applied in large-scale studies examining forest cover change at regional, national 
and global levels. The study enables the validation of forest-climate or 
vegetation-climate interaction models, supporting interdisciplinary environmental 
science and remote sensing studies. 
 
So, overall, in this study it integrated the forest cover changes with climatic variables, 
which is a helpful reference for researchers, conservationists, and decision-makers 
aiming in climate resilience and sustainable forest management. 
 

1.6 Outline of This Study 
 
This thesis is structured into five chapters and each focusing on a distinct aspect of the study. 
 
Chapter 1 provides the basic context of this study where background and motivation are 
discussed first, followed by a clear description of research questions and relevant objectives. 
It outlines the overall approach to achieve the objectives. This chapter also highlights the 
expected contributions and potential real-world applications of this research. 
 
Chapter 2 presents a comprehensive literature review covering key aspects of remote 
sensing-based forest cover change detection, machine learning-based classification 
approaches for the classification of forest and accuracy assessment techniques. Additionally, 
it discusses the role of climate variables in forest cover dynamics in the study area. Finally, 
research gaps are identified in this chapter which leads to the justification of this study. 
 
Chapter 3 details the study area and data collection from satellite and climate datasets, along 
with the data preprocessing steps. The methodology is introduced, including supervised 
classification approach, algorithms for machine learning techniques, accuracy assessment and 
correlation analysis and transition matrices computations. Overall, it provides a structured 
approach to achieving the research objectives. 
 
Chapter 4 presents the results and relevant discussion of the results. It starts with the 
comparative analysis of the classifier performance and their validation metrics. It then 
explores spatio-temporal trends in forest cover change including area statistics and transition 
matrix analysis. Additionally, the relationship between NDVI and climatic factors, and 
correlation of vegetation coverage and climate factors are discussed, concluding with an 
integrated assessment of forest cover change to climatic variables. 
 
Chapter 5 summarizes the key findings, contributions, and limitations of the study. 
Recommendations for future research on remote sensing and machine learning in forest 
monitoring have been included in this chapter. 

5 



Chapter 2. Literature Review 
 
2.1 Satellite-Based Remote Sensing for Detecting Forest Cover Change 
 
Remotely sensed techniques help in mapping processes in forests at long-term seasonal 
scales. It is a powerful tool for tracking and studying changing cover in forests over time, 
providing high resolution imagery. It also provides multi-temporal datasets for analysis of 
contribution of factors such as land use and climatic influence forests. Various satellite 
platforms, such as Landsat, MODIS, and Sentinel-2 significantly used for this purpose. 
Studies such as Savastru et al., (2019) highlights the importance of satellite observations for 
tracking disturbances in forests under factors of anthropogenic and climate change. 
 
Landsat imagery has monitored changes in the forest for decades since they provide reliable 
data based on its high spectral and spatial resolution. Because of its 30 m resolution and long 
temporal record Landsat is suitable for monitoring deforestation, damage to forests, and 
reforestation. A comparative study of Landsat and sentinel datasets for Mediterranean forest 
monitoring by De Luca et al., (2022) found that while sentinel-2 offers higher spatial 
resolution, Landsat gave similar details but remains significant for its historical consistency. 
It is to be noted that mediterranean regions have unique environmental characteristics and 
differ in the environment. Jiménez-Olivencia et al., (2021) reviewed 53 case studies from 6 
countries (including Spain) based on extensive local scaled study to acquire an extensive and 
systematic evaluation of land use change. These six counties are located on the northern 
shore of the median and studied to gain a comprehensive understanding of Mediterranean 
regions of Europe. They showed that landscape changes are truly evident in 
Euro-Mediterranean mountains. They describe some reasons like deforestation, reforestation, 
urbanisation etc. Also, the Mediterranean region has a risk of fire events. Landsat’s 
applicability is also noteworthy here. Mallinis et al., (2016) used Landsat imagery for 
monitoring land degradation using dynamics because of the fire events. Such analyses 
demonstrate the utility of Landsat in evaluating forest resilience under increasing climatic 
stressors. 
 
Altogether these studies validated the purpose of satellite remote sensing in understanding 
forest dynamics, climate interactions, and long-term ecological trends.  
 
2.2 Machine Learning Approaches for Forest Classification and Accuracy 
Assessment 
 
Machine learning (ML) techniques have revolutionized forest classification by enabling 
researchers to reliably differentiate between various forest types. Supervised classification 
techniques such as CART, SVM, and RF have gained widespread use in remote sensing for 
mapping land cover. 
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In some cases, RF is more accurate in superior feature selection and error minimization 
capabilities. Several studies reveal compared to CART, RF is more stable, as CART is 
sensitive to training data. Jog & Dixit, (2016) showed in their analysis that compared to 
CART and SVM, RF outperformed by showing robustness, stability, particularly in handling 
mixed and complex land cover types. Another study done by Li et al., (2014) showed that, 
compared to SVM, RF is more efficient for large datasets. This study also refers to RF as a 
significant supervised algorithm as they can give high classification accuracies under some 
relevant conditions. The study done by Praticò et al., (2021b) explored the machine learning 
classification algorithms (RF, SVM, CART) for Mediterranean forest habitat using GEE and 
Sentinel-2 data. This study reports that RF performed best with overall accuracy of 88%. 
Though the study was focused on using Sentinel-2 data, it aligns with our methodological 
approach. As their work reports that RF continuously showed greater accuracy in 
complicated first environments, this reference strongly supports the use of RF as the main 
classification method in our work. 
 
Another key aspect of ML-based algorithms is accuracy assessment which ensures reliability 
in land cover maps. For selecting best classifiers, studies like Reddy et al., (2013) highlights 
the importance of accuracy assessment in classification based on remote sensing for detecting 
forest change. They also emphasise on how it can be utilized using overall accuracy and 
kappa coefficient to evaluate model performance or classification results. The integration of 
ML classifiers with GEE has further stimulated the significance of accuracy assessment in 
remote sensing application for forest change. 
 
2.3 Climate Variables and Their Influence on Forest/Vegetation Dynamics 
 
Forest ecosystems are highly sensitive to climatic variables. Climatic variables influence 
vegetation growth, species distribution and ecosystem stability. Precipitation, tropospheric 
temperature, and LST are often considered important variables in climate analysis due to their 
interdependent roles in the Earth's climate system. These interdependent variables provide 
important insights into various aspects of the climate and weather patterns. They can offer a 
comprehensive view of local climate, surface conditions, atmospheric processes and water 
cycles etc. 
 
Precipitation is a crucial component of the hydrological cycle which directly affects water 
availability and soil moisture. Precipitation is inherently linked with both LST and 
tropospheric 2m temperature. The precipitation changes can affect soil moisture, vegetation 
cover etc, which can eventually affect LST and near-surface air temperatures (Bindajam et 
al., 2020). 
 
Temperature-2m represents near-surface air temperature, which is critical for understanding 
atmospheric conditions. It usually represents the tropospheric temperature measured at 2m 
above the ground. This variable is critical for understanding the immediate environment 
experienced by humans and most terrestrial ecosystems. 2m air temperature is comparable to 
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LST but not identical. In a comparative study conducted in Romania, the 2m air temperature 
observations were compared with LST derived from Landsat data. They observed significant 
differences between these two variables, especially in urban areas (Mihăilă et al., 2024). 
Differences between LST and 2m air temperature can vary with land cover classes and 
impervious surface density. 
 
LST is a key variable which represents the temperature in the land surface-atmosphere 
interface. LST represents the thermal response of the land surface. It is widely used in studies 
of surface evapotranspiration estimation, urban heat island modelling, drought monitoring, 
and ecological assessments (Tang et al., 2024). 
 
These variables together provide a more detailed view of the climate system. The interaction 
between these variables is crucial for measuring and comprehending climate change impacts. 
For instance, temperature increased in Canada at about double the global average rate and the 
mean annual temperature increased about 1.7°C (likely range 1.1°C-2.3°C) from 1948-2016 
(Bush & Lemmen, 2019; Zhang et al., 2019). Satellite LST data obtained from sources like 
Landsat, MODIS etc. can offer valuable high-resolution information on spatial and temporal 
variations in temperature, especially in poor terrain like mountains (Gök et al., 2024). For 
their effectiveness these variables are often used together in remote sensing studies, allowing 
for large-scale analysis of climate patterns and changes over time. Satellite observations and 
reanalysis data can be used to estimate LST on a large scale. For example- J. Liu et al., 
(2020) investigated the long-term trends of LST from 2003 to 2017 on a per-pixel basis using 
three distinct datasets including- the Atmospheric Infrared Sounder (AIRS), the Moderate 
Resolution Imaging Spectroradiometer (MODIS), the recently released ERA5-Land 
reanalysis data. The spatiotemporal aspects of the data were found to agree rather well. So, 
aggregation of some of these datasets using remote sensing studies can provide us a holistic 
view of climate dynamics, improving climatic models to better understand the impacts of 
climate change on various ecosystems. 
 
Also, climate variables have impacts on forest cover change. Yan et al., (2020) proved that 
changes in temperature and precipitation patterns can affect the composition, growth, and 
distribution of forests. Another aspect is that these variables can influence extreme events like 
drought and eventually can lead to the forest diebacks and increased wildfire risks (I. A. Shah 
et al., 2024). Different ecosystems including the mediterranean climate can be vulnerable to 
changes in temperature and precipitation because of its warm, rainy winters and hot, dry 
summers (J. Liu et al., 2020). Wildfires are also common in Spain. So along with the different 
forest type, the  changes in precipitation patterns in Spain can have been linked to shifts in 
forest composition and increased vulnerability to wildfires as in one particular study 
researchers mentioned about forest resilience (Peris-Llopis et al., 2024).  
 
Using global reanalysis dataset and remote sensing dataset for climate variable analysis is a 
widely used practice. One study conducted in semi-arid region of east Africa conforms to our 
work in leveraging information in MODIS, a reliable source for spatio-temporal analysis of 
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vegetative cover and its association with climate, in analysis of vegetative-climate relations 
over long-term (Measho et al., 2019).  
 
The Pearson correlation method is widely applied in studies of climate and vegetation to 
evaluate the statistical relationship between vegetative indices like NDVI and climatic factors 
including temperature, precipitation etc. Pearson correlation coefficient (PCC) was calculated 
in an endeavour to evaluate spatio-temporal relationships between vegetative indices and 
climatic factors over an 18-year period. During a study conducted in semi-arid region,Eritrea, 
the significant part of the study region showed a positive association between NDVI and 
precipitation, and a strong negative association between NDVI and temperature, alternatively, 
reveals that high temperatures could have a role towards vegetative degradation and stress 
(Measho et al., 2019). Climatic variables have their influence on vegetation dynamics is 
proved by many studies. Precipitation is seen to have significant impact over vegetative cover 
growth, particularly in arid and semi-arid environments. A study revealed in Central Asia, 
precipitation is a controlling variable in governing productivity in terms of NDVI (Jiang et 
al., 2017). Temperature and LST have reverse impacts over vegetative cover. Temperature 
fluctuations in studies over the Tianshan Mountains in China have been a dominant reason 
for interannual variation in NDVI (Q. Liu et al., 2016).  
 
Most of the studies are examining NDVI with precipitation and temperature. But the study of 
(Tran et al., 2017) motivates this study to take LST in consideration also. As in their study 
they emphasised on the impact of LST on land use and Land Cover (LULC) and they 
confirmed that LST is strongly associated with land cover changes. NDVI sensitivities differ 
with changing seasons regarding climatic factors. For instance, NDVI showed high 
sensitivities towards precipitation during monsoon, but temperature played a controlling role 
during drier months in Nepal (Baniya et al., 2018). Similar in the case of the Tibetan Plateau, 
vegetative greenness showed heightened sensitivities towards precipitation in wet regions, 
but temperature in arid regions played a controlling role (Zhong et al., 2010).​
 
Also, there are some exceptions seen in the studies also. For example, one study revealed that 
sometimes vegetative cover behaves with regards to climatic factors varies with region in 
many cases (Jiang et al., 2017). So, understanding changes in forest cover and how they 
relate to climatic factors has been significantly aided by much prior research. But we found 
some gaps that may justify the necessity of the study. 
 
2.4 Research Gaps and Justification for the Study 
 
In recent decades, forest cover changes globally and in Europe have been at the centre stage 
of intense research activity due to their importance in reducing climate change, conserving 
biodiversity, and delivering vital ecosystem services. Forest changes have been analysed by 
researchers by applying sophisticated algorithms like RF. A LULC analysis conducted over 
the Valencian community by (Sobrino et al., 2024) but Castellón province specifically lacks 
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comprehensive, long term studies that incorporate remote sensing methods for forest 
monitoring. 
 
Delgado-Artés et al., (2022) analyses long-term forest evolution in Castellón province where 
the research developed an increase in dense forest cover (including shrubland and woodlands) 
from 17% to 28%. But there was no quantification of only forest cover changes in this 
province or experimenting with climate vs forest/vegetation interaction using spatio-temporal 
correlation tools or techniques. This study addresses this gap by quantifying forest transitions 
through pixel-based classification and spatial analysis. This current work will enable a 
detailed understanding of forest expansion, degradation, and stability over a 14-year period 
(2010-2024). 
 
A recent study conducted in 2024 analysed the effects of afforestation on European climates 
from 1986 to 2015 using high resolution climate model simulations. In that study Breil et al., 
(2024) showed forest cover in Europe has generally increased and afforested forest cover has 
effects on regional climate systems both locally and non-locally. This study highlighted the 
complex interaction between forest cover changes and regional climate, emphasising the need 
for detailed, long-term analysis to understand these dynamics fully. Studies have examined 
NDVI vs other climatic relationships in various global regions. For example, Santoro et al., 
(2024) did it for EU level 2000 natural cites but there are very few assessments that are 
particularly related to mediterranean regions like Castellón province which combined NDVI’s 
sensitivity to different climatic variables. 
 
Also, previous study done by Jiménez-Olivencia et al., (2021) focused  on the human induced 
deforestation and land use change but not investigated the climate induced forest transitions 
of mountain regions of mediterranean Europe. Their work did not integrate the long-term 
climate trends as potential drivers for forest cover change. Given the increasing climatic 
variability specifically in Mediterranean regions of Spain, it is critical to quantify the role of 
climatic factors of forest cover change in the province. 
 
So, we find it crucial to do specific and more targeted analysis is required to capture localized 
vegetation responses because of the province's varied geography and Mediterranean climate. 
Our study minimises those gaps by finding a model for identification of forest cover change 
and by performing Pearson correlation analysis between NDVI and climatic parameters 
(precipitation, temperature, and LST). The overall comprehensive result will be providing 
useful information for climate adaptation plans, sustainable forest management, and 
conservation efforts in Castellón province, aiding in data-driven policy making for regional 
environmental sustainability.  
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Chapter 3. Data and Methods 
 
3.1 Study Area 
 
Castellón province, located on Spain's east coast. It is situated in eastern Spain, within the 
Valencian community. It is one of the three provinces that constitute the Valencian 
Community. It is bordered by the Mediterranean Sea to the east, with coastline known as the 
Costa del Azahar. Geographically, Castellón is split into three distinct regions: the 
northwestern mountainous Maestrazgo, the valleys of the Míjares and Palancia rivers. They 
are separated by the Sierra de Espadán, and the Mediterranean coastal plains. 
 
It is the second most mountainous province in Spain. Also, it has a diverse geography, which 
includes both coastal and inland mountain ranges. It is characterized by a mediterranean 
climate with arid and warm summers and mild and wet winters. Castellón province is 
geographically diverse with a combination of forests and wooded hills, agricultural plots, and 
urban settlements. Castellón province ecologically plays an important role in supporting a 
range of types of flora, including forests and shrubby semi-arid regions. The diverse 
landscapes of Castellón, ranging from the beaches to mountainous interiors, make it a unique 
and significant area for environmental study, particularly that which examines the interaction 
between climate and forest cover. Castellón province, with its changing environment and 
years of use, is an ideal location for studying variation in forests and its association with 
climatic factors. The following figure 2 shows the geographical location of the study area. 

 
Figure 1:  Map showing the geographical location of the study area 
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The area of Castellón is 6632 sq km. and it is situated between the longitudes 0°50′W and 
0°35′ E and the latitudes 40°50′ N and 39°40′ N. For spatial boundary delimitation, The 
FAO/Gaul level 2 dataset was used to extract the Castellón administrative boundary. As a 
static dataset, it represents a fixed boundary, maintaining spatial accuracy throughout the 
study. Also, the reference year for this dataset is 2015, which aligns with the temporal 
framework of the research. All geospatial processing conducted in the WGS 84 coordinate 
system (EPSG: 4326) for uniformity in all datasets. 
 
3.2 Data Collection 
 
The study utilized satellite-derived remotely sensed and climatic datasets acquired from 
various sources for spatiotemporal variation in forest cover changes and its relationship with 
climate variables. Data collection and preprocessing were conducted by using Google Earth 
Engine (GEE) and global reanalysis dataset. The spatial and temporal conformity are ensured 
in every variable. To provide consistent and efficient handling of data acquisition and 
processing, Google Earth Engine (GEE) and python-based Google Colab were used for 
processing satellite imagery and climate datasets, respectively. 
 
3.2.1 Satellite Data  
 
Landsat imagery in GEE format was utilized for change mapping and forest classification and 
detection. Due to problems faced with the Scan Line Corrector (SLC) failure of Landsat 7, 
Landsat 5 Thematic Mapper (TM) was selected for the analysis of 2010. For the other years 
of 2015, 2020, and 2024 Landsat 8 Operational Land Imager (OLI) was used. The selection 
was based on availability of data, spatial resolution, and spectral properties required for 
accurate forest cover classification. In chapter 2 of literature review scientific ground for 
using Landsat imagery was observed.  
 
Now, for study period duration this research found some scientific baseline. Choosing study 
periods in a 5-year interval is a common practice in forest cover change analysis. This 
approach is supported by scientific literature, as forest does not change rapidly. 
 
In a recent published study, Zang et al., (2025) examined forest regrowth in relation to 
deforestation regions globally in a 5-year interval. In this study the researchers looked at 
forest structural factors at 5-year intervals. Also, the Food and Agricultural Organization 
(FAO) collects and analyses forest resource data through its Global Forest Resources 
Assessment (FRA) program every 5 to 10 years. This approach makes it possible to 
thoroughly analyse long-term trends in the shifting forest cover (D’Annunzio et al., 2014). 
So, these studies demonstrated that using a 5-year interval in forest cover change analysis is a 
scientifically sound approach. 
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3.2.2 Preprocessing Step for the Landsat Data in GEE 
 
Remote sensing studies often use images with low cloud cover and combine multiple images 
using a median composite method to reduce atmospheric distortions and ensure data quality. 
This practice is supported by scientific literature. 
 
Gao, (2009) discusses the need for atmospheric correction of remote sensing, particularly in 
water bodies, where accurate corrections are necessary to derive useful water-leaving 
reflectance. They emphasize the need for appropriate image selection and processing to 
minimize atmospheric effects. Ajayi & Ojima, (2022) stated in their study that cloud 
screening is a significant preprocessing step in almost all optical and infrared remote sensing 
applications. This finding is consistent with the use of imagery with less than 10% cloud 
cover. It reduces atmospheric distortions from the dataset. In this study, Landsat images were 
acquired and processed in GEE. The Google Earth Engine is an open-access cloud computing 
environment that processes and retrieves remotely sensed data globally. It is built on the base 
of Google's cloud and the JavaScript programming language (Praticò et al., 2021). During the 
study cloud filtering was applied. Only images with <10% cloud cover were utilized to 
reduce the atmospheric distortions. Multiple images were aggregated using a median 
composite approach which is shown below in Table 2.  Scaled reflectance values were 
applied using band-specific coefficients as per USGS collection 2 level 2 guidance. This 
ensures consistency in spectral band scaling. For optical bands 30m resolution was used 
which was default. But the thermal bands in Landsat 5 (120m) and Landsat 8 (100m) were 
resampled to 30m. The resampling was done in GEE to align with the optical bands and 
maintain accuracy in classifications. All datasets were projected in WGS 84 (EPSG: 4326) to 
maintain consistency across spatial analysis. 
 
The Landsat data utilized in the study, along with their spatial and spectral properties, are 
presented in Table 1. 
 

Dataset Sensor/product Time 
frame 

Resolution Resolution 
used 

Bands used Projection Unit (in 
dataset), 
Unit used 

Path/ 
row 

Landsat 5  Thematic 
mapper (TM) 

2010 30 m​
(optical 
bands)​
120 m 

(Thermal 
bands) 

30m 
(Thermal 

bands 
resampled 
in median 
composite) 

SR_B1-(Blue) 
SR_B2-(Green),  

SR_B3-Red),​
SR_B4 (NIR), 

SR_B5 (SWIR-1), 
SR_B7-(SWIR-2), 
ST_B6 (Thermal) 

WGS 84 
(EPSG: 
4326) 

Reflectance, 
Scaled 

Reflectance 

198,199
/32,33 

Landsat 8  Operational 
land imager 

(OLI) 

2015, 
2020, 
2024 

30 m 
(optical 
bands), 
100m 

(Thermal 
bands) 

30m 
(Thermal 

bands 
resampled 
in median 
composite) 

SR_B1- (Ultra 
blue), 

SR_B2-(Blue),​
SR_B3 (Green),​
SR_B4-(Red), 
SR_B5-(NIR),​

SR_B6 (SWIR-1),​
SR_B7 (SWIR-2),​

ST_B10 
(Thermal) 

WGS 84 
(EPSG: 
4326) 

Reflectance, 
Scaled 

Reflectance 

198,199
/32,33 

Table 1: Specification of Landsat remote sensing data used in the study 
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3.2.3 Temporal Aggregation and Image Composition​
 
The median composite technique is widely used in remote sensing studies to reduce 
atmospheric distortion and ensure data quality. (Flood, 2013) introduced the medoid 
compositing method for Landsat imager, which is an approximation of median composite 
approach. This research explained that this approach is also resistant to extreme values and 
seems to be better at representing the scenario of the real time period. Qiu et al., (2023) 
evaluated various Landsat image composting algorithms, including median composite 
approach for selecting the most appropriate method for different applications. They 
highlighted the effectiveness of the median composite technique in mitigating cloud impacts 
and atmospheric distortions. 
 
The details of Landsat image acquisition, including the number of images used per year for 
median composite generation, are summarized in Table 2. 
 

Dataset and 
Sensors 

Year Date of image collection (DD/MM/YYYY) Data 
aggregation 

Total number 
of images used 

for median 
composite 

Landsat 5  
Thematic mapper 

(TM) 

2010 10/02/2010, 26/02/2010, 14/03/2010, 30/03/2010, 
17/05/2010, 05/08/2010, 21/08/2010, 06/09/2010, 
24/10/2010, 11/12/2010, 10/02/2010, 30/03/2010, 
17/05/2010, 18/06/2010, 20/07/2010, 21/08/2010, 
06/09/2010, 24/10/2010, 27/12/2020, 24/05/2010, 
11/07/2010, 27/07/2010, 13/09/2010, 16/11/2010 

Median 
composite 

24 

Landsat 8 ​
Operational land 

imager (OLI) 

2015 24/02/2015, 12/03/2015, 28/03/2015, 13/04/2015, 
15/05/2015, 31/05/2015, 03/08/2015, 20/09/2015, 
22/10/2015, 08/02/2015, 24/02/2015, 28/03/2015, 
15/05/2015, 31/05/2015, 03/08/2015, 20/09/2015, 
22/10/2015, 07/11/2015, 14/01/2015, 20/04/2015, 

06/05/2015, 07/06/2015, 108/08/2015, 26/08/2015, 
14/11/2015, 30/11/2015 

Median 
composite 

26 

Landsat 8 ​
Operational land 

imager (OLI) 

2020 05/01/2020, 06/02/2020, 22/02/2020, 28/05/2020, 
13/06/2020, 31/07/2020, 16/08/2020, 06/12/2020, 
22/12/2020, 05/01/2020, 22/02/2020, 28/05/2020, 
13/06/2020, 15/07/2020, 31/07/2020, 16/08/2020, 
03/10/2020, 19/10/2020, 06/12/2020, 22/12/2020, 
12/01/2020, 03/05/2020, 19/05/2020, 06/07/2020, 

07/08/2020, 11/11/2020, 13/12/2020 

Median 
composite 

27 

Landsat 8 ​
Operational land 

imager (OLI) 

2024 01/02/2024, 07/05/2024, 10/07/2024, 26/07/2024, 
11/08/2024, 27/08/2024, 28/09/2024, 30/10/2024, 
07/05/2024, 26/07/2024, 11/08/2024, 27/08/2024, 
28/09/2024, 30/10/2024, 12/04/2024, 30/05/2024, 

02/08/2024, 21/10/2024 

Median 
composite 

18 

Landsat 8 ​
Operational land 

imager (OLI) 

May- 
July 

(2024) 

05/07/2024, 10/07/2024, 26/07/2024, 07/05/2024, 
26/07/2024, 30/05/2024 

Median 
composite 

6 

Table 2: Overview of Landsat image composition and aggregation 
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Thus, prior studies also used these composite techniques in different ways related to their 
purpose. For example: (Zang et al., 2025) examined the track of forest fragmentation under 
urban expansion using long-term Landsat observations and spatial analysis. In their study 
they used composite techniques by selecting two optical images. Here in our study, we used a 
median composite approach for aggregating multiple cloud filtered images. These references 
collectively support the median composite approach as an effective method. So, in this study 
median composite was used to reduce noise and minimize the effects of the outliers in each 
yearly dataset. 
 
3.2.4 Climate Data 
 
In this study three variables are considered for the analysis. These three variables are: 
precipitation, temperature (2m), and land surface temperature (LST). Precipitation data 
derived from CHIRPS PENTAD that provides high-resolution precipitation estimates. 
Temperature 2m data extracted from ERA5 hourly dataset. LST data derived from MODIS 
MOD11A2 to assess surface thermal variations. These datasets were selected because of their 
continuous availability between 2010-2024, enabling a long-term climate-vegetation 
interaction analysis. 
 
 The use of these kinds of datasets are validated by different studies. For example, J. Liu et 
al., (2020) showed that combining remote sensing data (Satellite-based) and reanalysis data 
(generated by numerical models using historical observation) enables us to more thoroughly 
describe the spatiotemporal dynamics of LST and gain a better understanding of the main 
causes of LST variations across various locations. They used datasets like MODIS, ERA5 
etc. for their analysis. It can be applicable for the other variables too. So, for or examining 
NDVI’S sensitivity to climatic variables the relevant data have been extracted from 
satellite-based datasets (CHIRPS PENTAD and MODIS) and global reanalysis dataset 
(ERA5 hourly) in this study. These datasets are efficient for their continuous and free 
availability of data. 
 
3.2.5 Climate Data Preprocessing Steps in Python (Google Colab) 
 
Precipitation, temperature and LST datasets were processed using python in google colab. 
For NDVI while using the MODIS MOD13A3 dataset, the values were scaled to reflect an 
NDVI range between -1 to +1. For the NDVI trend, the dataset was processed to derive 
annual means across Castellon province. CHIRPS precipitation was summed annually to 
obtain total rainfall per year. ERA5 temperature data was converted from kelvin to Celsius 
for meaningful interpretation. LST values from MODIS MOD11A2 were similarly converted 
from kelvin to Celsius using standard MODIS scaling factor. And for temporal aggregation 
precipitation and temperature datasets were processed to obtain consistent monthly and 
yearly means to ensure consistency with NDVI and forest classification trends. 
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These values were later correlated with NDVI trends in Pearson correlation analysis to assess 
the relationship among them. One thing to note is that different datasets had varying 
resolutions (shown in Table 3). To maintain consistency, climate data was aggregated over the 
study area using yearly means with slight exception for precipitation. Following Table 3 
provides an overview of the climate datasets, including their resolution, projection, and 
temporal aggregation. 
 

Dataset Sensor/ 
product 

Resolution Projection Unit (dataset) Unit 
used 

Data 
aggregation 

Time 
frame 

NDVI MODIS 
MOD13A3 

1km WGS 84 
(EPSG: 
4326) 

NDVI index (-1 
to +1) 

NDVI 
index 

Monthly, 
Yearly mean 

2010-2024 

Precipitation  CHIRPS 
PENTAD 

5km WGS 84 
(EPSG: 
4326) 

mm mm Monthly, 
Yearly mean 

2010-2024 

Temperature- 
2m 

ERA5 Land 
Hourly 

9km WGS 84 
(EPSG: 
4326) 

Kelvin Celsius 
(°C) 

Monthly, 
Yearly 
mean 

2010-2024 

LST MODIS​
MOD11A2 

1km WGS 84 
(EPSG: 
4326) 

Kelvin Celsius 
(°C) 

Monthly, 
Yearly 
mean 

2010-2024 

Table 3: Specification of climate dataset used in the study 
 
3.3 Methods 
 
The methodological workflow of this research follows a systematically integrated remote 
sensing methods, machine learning based- classification, and interrelation analysis of climate 
with vegetation. This process involves retrieval of data, data pre-processing, supervised 
classification, accuracy evaluation, forest cover change detection, and correlation analysis.  
 
The methodology includes a chain of various analyses serving the individual objectives. At 
first the methodology adopted for the forest cover classification in a structural approach, 
including satellite image data collection and preprocessing (this is described well in the 
previous section 3.2), machine learning based-classification, post-classification refinement, 
and accuracy assessment to achieve reliable results. 
 
The following Figure. 2 illustrates a comprehensive visual representation of all the steps of 
this study from data collection to final evaluation. 
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Figure 2: Methodological framework for this study 
 
3.3.1 Supervised Classification Approach 
 
To classify forest and non-forest areas, a machine-learning-based supervised classification 
approach was applied using Landsat satellite imagery. Supervised classification in land cover 
classification relies on user-labelled training data to train a model, which then classifies 
unknown land cover types. In this technique, users give training samples to the model and 
based on that the algorithm categorises pixels in an image to predefined classes. The users 
labelled a representative sample of each class from the satellite image, which are used to train 
the classification algorithm. After processing the image's pixel spectral properties, the 
algorithm assigns the most similar class to each pixel based on the training data (Díaz-García 
& Regos, 2024). In a recent study, Khudhur et al., (2024) evaluated the performance of four 
supervised classification techniques for land cover classification: Support Vector Machine 
(SVM), Artificial Neural Network (ANN), Maximum Likelihood (ML), and Mahalanobis 
Distance (MLD). They used Sentinel-2 satellite imagery with 10m spatial resolution and 
reported very good results by SVM and ANN with overall accuracy rates of 90% and 87%, 
respectively. So, the technique is commonly applied and has been used in scientific research. 
​
In this study, three machine learning classifiers (RF, SVM, CART) were implemented. And 
based on the studies objective a binary classification system was defined: 
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●​  Forest (1) 
●​ and non-Forest (2) 

This binary classification approach was chosen to maintain specificity or clarity in detecting 
forest cover changes over time. It simplifies change detection and ensures classification 
accuracy. 
 
3.3.2 Machine Learning Classification Algorithms for Forest Classification 
(Level 1) 
As mentioned before, the study employed three machine learning algorithms. These three 
algorithms have significant popularity in land cover classification due to their ability to 
handle complex datasets and produce accurate results. 
 

1.​ Random Forest (RF) 
RF is a widely-used machine learning algorithm which creates multiple decision trees and 
combines their outputs to get more accurate predictions (Breiman, 2001). It uses one of the 
most recognized methods called bagging, also known as bootstrap aggregation. This method 
creates diverse training sets for each tree to reduce overfitting and improve generalization 
(Rani & Inayathulla, 2024). RF is a popular method as it can handle both regression and 
classification tasks with a high degree of accuracy. RF is also effective in land cover 
classification with high accuracy. 
 

2.​ Classification and Regression Tree (CART) 
CART is a single tree decision classifier like RF (Breiman, 2017). It is a predictive machine 
learning algorithm which divides the data into subsets at each node of the tree based on an 
attribute’s threshold value. The attribute with higher value is considered for final decision 
making (Bishop & Nasrabadi, 2006). In land cover classification CART has shown strong 
performance. For instance, a case study in Northern Mayanmar’s gold mining area revealed 
that CART achieved accuracy of 91.05% with a kappa value of 0.84 and the performance was 
better than Maximum Likelihood classification but slightly lower than RF (Oo et al., 2022).  
 

3.​ Support Vector Machine (SVM) 
SVM is a supervised non-parametric machine learning algorithm based on kernel function 
and used for classification and regression (Cortes & Vapnik, 1995; Vapnik, 1998). It aims to 
find a decision boundary called optimal hyperplane to distinguish different classes within 
high dimensional feature space. SVM has represented high performance in land cover 
classification in comparison to the traditional methods such as Maximum Likelihood 
Classification (MLC) and Neural Network Classifiers (NNC). SVM learns the boundary 
between trainers of different classes to train the algorithm. It helps to project data into a 
multidimensional space and identify one or more hyperplanes to maximize the training 
dataset separation among a predefined number of classes (Huang et al., 2002). Effectiveness 
of SVM is supported by many studies. For example, (Rudrapal & Subhedar, 2015) showed 
more than 90% accuracy for land cover classification by using SVM. 
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These machine learning algorithms have demonstrated high potential in optimizing accuracy 
as well as efficiency of land cover classification. Their ability of high-dimensional data 
handling and learning complex patterns from limited training samples makes them 
well-suited for this remote sensing application. 
 
3.3.3 Experimental Setup for Training and Validation 
 
In total 500 samples were selected, 250 for forest and 250 for non-forest based on random 
sampling across different vegetation types compared with Landsat imagery. This sample 
collection was done before classification and used to train and validate the classifiers. While 
sampling, random point sampling was applied to ensure representation across diverse terrain 
types, different vegetation types and to cover the whole study area. A study by  (Millard & 
Richardson, 2015) demonstrates the use of random point sampling in forest cover 
classification. They used a stratified random sampling approach to generate training data for 
their Random Forest classifier. 
 
To ensure accuracy in classification across different years, a separate set of training and 
validation samples were collected for each year (2010, 2015, 2020, 2024). Landsat imagery 
for each respective year was examined to identify the major forested and non-forested areas 
The logic behind this is: land cover conditions significantly vary over time, using a single 
database for all years can cause mistakes. The sampling process was conducted in GEE. The 
outcome is manually cross-referenced with Global Forest Watch datasets. The spatial 
distribution of training samples used for classification, as visualized in Google Earth Engine 
(GEE) screenshot, is illustrated in Figure 3. 
 

 
Figure 3: Training sample distribution in GEE (Green colour: Forest, Orange colour: 

non-Forest) 
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3.3.4 Post Processing of Classified Image 
 
Before conducting the final image classification, neighbourhood analysis a 3×3 focal mode 
smoothing filter was applied to reduce noise and enhance spatial consistency in the classified 
results. These post processing steps correct small misclassifications and ensure that final 
maps represent continuous land cover patches rather than isolated misclassified pixels. 
Classified images were exported as GeoTIFFs for further GIS analysis. The visualization and 
further analysis were done in ArcGIS pro. Combined Mapping done in ArcGIS pro which 
gave a detailed and comprehensive view of forest cover change in the study area. 
 
3.3.5 Accuracy Assessment & Model Performance 
 
Two validation techniques were used to evaluate classifier performance. 
 

1.​ Hold-out validation (70%-30%) 
Initially the dataset conducted an overall classification accuracy assessment. For this 
the dataset was divided into 70% training and 30% validation split. Specifically, out 
of a total 500 samples, 350 samples (70%) were used for training, and 150 samples 
(30%) were used for validation. These hold out 70-30 at first evaluated. Then 
accuracy was measured in GEE. And based on confusion metrics derived from GEE, 
the evaluation matrix (Overall Accuracy, Kappa Coefficient, Precision, Recall, and 
F1-score) were calculated in python-based Google collab. 
 

2.​ 10-fold-cross-validation 
10-fold cross-validation has been performed using Python (Scikit-learn). The dataset 
was split into 10 subsets and classification was repeated 10 times using different 
subset for validation each time. The accuracy in terms of Overall Accuracy, Kappa 
Coefficient, Precision, Recall, and F1-score have been measured in python-based 
Google collab. The final accuracy was computed as the average of the 10 iterations. 

 
The classifications results were evaluated using five key metrics: Overall Accuracy, Kappa 
Coefficient, Precision, Recall, and F1-score based on derived confusion metrics. A confusion 
metric is a table used to quantify the performance of the classification models between 
predicted and actual values. The matrix is usually good in dealing with binary or multiclass 
classification problems. In binary classification, usually the matrix contains four entries: True 
Positive (TP), False Positive (FP), True Negative (TN), and False Negative (FN). 
 
According to Qiu et al., (2023) confusion metrics prove the overall performance of a model's 
description in relation to actual class labels. Confusion matrix allows for the calculation of 
various performance metrics (Sokolova & Lapalme, 2009). Accuracy alone is often 
insufficient for a comprehensive evaluation of a classification model. When there is a class 
imbalance, metrics like precision, recall, and F1-score provide more insightful assessments of 
the model's performance than accuracy alone (Ruslan & Arbaiy, 2024). Precision and recall 
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are particularly useful and common techniques when there is a need to minimize false 
positives or false negatives. 
 
The definitions and equations for precision, recall, F-score, accuracy, and Cohen's kappa are 
given here for a proper understanding: 

Accuracy​
Accuracy or Overall Accuracy (OA) represents the proportion of correctly classified pixels 
relative to all reference pixels. 

 

 

 
 

(1) 

Where,​
TP = True Positives (forest pixels which are correctly classified)​
TN = True Negatives (non-forest pixels which are correctly classified)​
FP = False Positives (non-forest pixels which are misclassified)​
FN = False Negatives (forest pixels which are misclassified) 

 (Maxwell et al., 2021)​
​
Kappa Coefficient (κ)​
Kappa measures the agreement between the classification results and reference data while 
taking into account the agreement occurring by chance. 

 

 

 
 

(2) 

Where,​
 = Observed agreement​𝑃
𝑜

 = Expected agreement by chance 𝑃
𝑒

(Pandya & Gontia, 2025)​
​
Precision (User's Accuracy)​
Precision is the ratio of correctly classified pixels out of all predicted pixels for a given class. 
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(3) 

(Maxwell et al., 2021)​
​
Recall (Producer’s Accuracy) 
Recall is the ratio of correctly classified pixels out of all actual pixels in that class. 
 

 

 
 

(4) 

(Maxwell et al., 2021)​
​
F1-score 
The F-score is the weighted harmonic mean of precision and recall, providing a single 
measure that balances both metrics. 
 

 

 
 

(5) 

(Maxwell et al., 2021) 
 
3.3.6 Qualitative Evaluation in ArcGIS Pro 
​
To validate and interpret the results beyond all numerical area comparison among the 
classifiers and l accuracy assessments, all four years (2010, 2015, 2020, and 2024) classified 
maps were visually inspected in ArcGIS Pro. In this section the composing four classified 
maps were used in side-by-side visual interpretation. This manual visual inspection examined 
the classification consistencies, and observed forests aligned with the expected patterns of 
forest cover dynamics in this province. 
 
3.3.7 Summarization of Level 1 
 
Above mentioned settings till these sections till 3.3.6 completed the level 1 of the methods. In 
this section following the classification, accuracy assessment, a final qualitative and 
quantitative evaluation was conducted to solidify the finding related to the best classifiers and 
identifying the forest cover change. Upon analysing accuracy both quantitatively by 
measuring it (10-fold classification averaged results OA, Kappa, Precision, Recall, F1-score) 
as well as by visualization, the most appropriate classifier was identified. 
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3.3.8 Seasonal Scale Validation of Best Classifier Performance (Level 2) 
 
To further validate the consistency of the best selected classifier, level 2 analysis also 
comprised applying the same classification workflow across seasonal time periods (Summer 
Window: May–July). This level 2 analysis ensured temporal as well as methodological 
consistency of forest cover change identification, strengthening the study result as an 
aggregate. Each step conducted in level 1 repeated here executed previously in the same 
manner with this shorter timescale. This is done to ensure classifiers stability in a shorter 
time, compare annual and seasonal forest cover trends etc. 
 
3.3.9 Forest Cover Change Analysis and Transition Matrix 
​
Area estimation was done using the Random Forest classifier which was found out as the 
most suitable classifier for the study using Excel. This is done for the quantification of the 
forest cover trend. This process comprises cover estimation, land cover change analysis, time 
series analysis and change visualization utilizing transition matrices in GEE and ArcGIS pro. 
From the four classified images, the forest area change analysis was estimated to ensure both 
absolute and relative forest cover change. The area estimation followed pixel-based 
calculation in transition matrix, where each classified pixel was converted into square km 
using Excel and GEE. The base equation for area calculation the study followed:  

                                            (6) 

Where each pixel represents 30   30  (900 ) spatial resolution. 𝑚 × 𝑚 𝑚2

For tracking land cover changes over time, the transition matrix is a widely used approach. 
Runfola & Pontius, (2013) elaborated the concept of using transition matrices to illustrate 
changes in land cover in their work on the flow matrix. They clarify how transition matrices 
might be used to quantify changes in land cover over time, which is aligned with concepts 
taken into consideration for this study. Transition matrices provide these representations of 
how land cover changes over time. 
​
During this study, reclassification of forest and non-forest classes using numerical encoding 
as forest =1, non-forest= 2. Then the classified images were overlaid to derive pixel-wise 
changes. The total transitional values were aggregated to compute the total area (sq km) 
undergoing each type of change using GEE and then exported as GeoTIFF to ArcGIS pr 
where change trends were further analysed. Based on the derived raster data of transitional 
forest cover change, pixel counts were calculated. Then using the area calculation equation 
no-6 four transitional area changes were calculated. The results were structured into a 
transition matrix table, detailing the area (sq km) for each land cover transition. Both results 
of pixel counts, and four transitional forest cover changes derived from GEE and Excel were 
compared and matched. 
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3.3.10 NDVI Analysis & Climate Trends (2010-2014) 
 
NDVI trends (2010–2024): 
The Normalized Difference Vegetation Index (NDVI) is a widely used vegetation index 
derived from remotely sensed data. It quantifies an intense vegetation index that measures the 
density, health, and greenness of vegetation (Rhew et al., 2011).  Its values typically range 
from -1 to +1.  Values closer to 1 indicate dense, healthy vegetation, while lower values 
(closer to -1) suggest barren land, water bodies, or non-vegetated surface. 

 

 

 
 

(7) 

Where, 

NIR = Near Infrared which reflects healthy vegetation. 

Red is absorbed by chlorophyll in vegetation​
(Boiarskii & Hasegawa, 2019). ​
​
In this study, the NDVI band was normalised and converted to real values using a scale factor 
of 0.0001. The MODIS NDVI (MOD13A3) dataset was used to filter the data from 2010 to 
2024. The yearly mean NDVI raster data was assessed using GEE. The mean NDVI values 
have been computed for all the years for tracking behaviour of vegetation over a continuous 
time period. And exporting yearly NDVI values as CSV for further analysis was conducted 
by using Python and ArcGIS pro for trend analysis.​
​
Climate trends analysis:​
Month-wise and annual trends in Precipitation, Temperature-2m, and LST have been 
computed using Graphical visualization via Python Matplotlib. To analyse climate trends, 
python-based Google collab scripts were used to filter climate datasets from 2010-2024. Then 
monthly and yearly data aggregated for individual trend analysis and further analysis. For 
graphical representation of climate trends precipitation, temperature 2m and LST were 
plotted using python’s Matplotlib. 

3.3.11 Pearson Correlation Analysis: NDVI and Climatic Variables 

To analyse the relationship between vegetation dynamics and climatic parameters, the 
Pearson correlation coefficient ( ) was used to calculate the sensitivity of NDVI to 𝑟
precipitation, air temperature (2m), and land surface temperature (LST) over time. The 
Pearson correlation coefficient is a widely accepted statistical indicator employed to quantify 
the linear relationship between two continuous variables (Benesty et al., 2009). 
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(8) 

Where, 

 and  are individual data points.​𝑋
𝑖

𝑌
𝑖

 and  are the means of respective variables.​𝑋 𝑌
​
 values range from –1 to +1. Here, –1 indicates strong negative correlation, +1 indicates 𝑟

strong positive correlation with 0 indicating no correlation (Zhou et al., 2016).​
​
For testing NDVI’s sensitivity towards climatic factors, Pearson correlation (r) and relevant 
p-values have been computed using python-based Google Colab. To ensure accurate 
correlation analysis, a structured data pipeline was developed using python. Some Python 
packages are utilized for importing data. For instance, Google colab file uploader allows for 
manual file import, Matplotlib is used for visualization, and Pandas is utilized to handle 
tabular data. The python script processed an excel file containing NDVI and climate data by 
ensuring to remove missing values, handling date-time inconsistencies. Month wise and 
yearly NDVI-climate correlation was computed as a final product. At the end, the results 
were visualised using time-series plots with dual y-axes.  

 
3.3.12 Final Correlation Analysis: Forest Cover Change and Climatic 
Variables 
 
The final step was macro-scale forest cover trend analysis using climatic variables like total 
precipitation, 2m air temperature, and land surface temperature (LST). This enabled us to 
detect the long-term association between climate variability and forest area trends from the 
period 2010-2024. Data compilation is done based on the previously extracted values, stored 
properly in excel with clearly structured browns for each year. Column names were 
standardised, and non-numeric values were removed. The process was conducted using 
python and excel. Forest area, non-forest area and precipitation were plotted as bar graphs 
(left y axis) and Temperature-2m and LST were visualized as line graphs (right y axis). The 
methodological framework employed in this study includes multiple tools and software for 
image preprocessing, classification, accuracy assessment and climate-NDVI correlation 
analysis. 
 
The various tools and software utilized for image processing, classification, accuracy 
assessment and analysis are listed in Table no 4. 
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Tool Software 

Google Earth Engine (GEE) Image preprocessing, NDVI analysis 

Python, (matplotlib, scikit learn, pandas etc 
libraries) 

Statistical analysis, accuracy assessment; 
graphical representation, climate data 

extraction 

ArcGIS pro (version 3.4.0) Mapping and visualization, change 
detection  

Excel (version 2502) Data compilation, chart representation 

Table 4: Tools and software-packages used in this study 
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Chapter 4. Results and Discussion 
 
This chapter presents a complete review of forest cover changes and their relationship with 
climatic variables in the Castellón province. It has been systematically structured into some 
main sections. We considered the first section in two levels for better tracking of the steps or 
understanding. The first section level 1 addresses comparing performance of different 
machine learning classifiers (RF, SVM, and CART) based on various accuracy metrics, 
confusion matrices, and 10-fold-cross-validation techniques for choosing the best-performing 
classifier. At the end of the first section in level 2 we repeated the processes for the seasonal 
scale analysis. It helps us to assess how the model is performing in a short time scale period 
(summer season) and comparing with the  level 1 result of the annual longer period. 
 
The second section focuses on addressing forest cover change, including statistics of changed 
cover, trends with a temporal context, and transition matrices for quantification of 
spatiotemporal variations. The third section addresses the general trends of NDVI and other 
climatic variables. Then assesses their relationship between NDVI with climatic parameters 
such as precipitation, air temperature (2m), and LST (land surface temperature) with spatial 
correlation. Next for extending this correlation for testing climatic fluctuations' sensitivity of 
NDVI regarding seasonal and interannual variations Pearson correlation coefficient results 
are presented. 
 
Finally, the association between forest cover dynamics and climate variables is assessed on a 
broader scale, integrating classification results with long-term climatic variables trend. The 
systematic approach ensures a clear understanding of the interdependencies between forest 
cover changes and climatic variability in Castellón province. 
 
4.1 Comparison of Classifiers Based on Different Years (Level 1) 
​
The whole classification is conducted in 2 segments; Level 1, which is a comparison of 
classifiers based on different years (2010, 2015, 2020, 2024), and Level 2 is conducted using 
the best classifiers based on summer season scale (May-July, 2024). 
 
4.1.1 Performance Metrics Comparison 
 
Initially, the three supervised classifiers (RF, SVM, and CART) were assessed over four 
different years (2010, 2015, 2020, 2024) in Castellon province. The overall classification 
accuracy was assessed using a hold-out validation approach with 70%-30% (train-test) split. 
The results of this assessment are summarized in table 5. 
 
The CART model consistently showed 100% accuracy across the years, which looks ideal, 
but raised concerns about potential overfitting. Similarly, RF displayed high accuracy, 
particularly from 2015 onward, reaching 100%. In contrast SVM consistently 
underperformed compared to RF and CART, with lower accuracy scores ranging from 0.84 to 
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0.87 and a lower Kappa coefficient, indicating weakness in handling the dataset’s spectral 
variability. 
 
The classification performance metrics derived using the hold-out (70%-30%) 
(training-testing set) split is summarized in Table 5.  

 

Year Classifier Overall 
Accuracy 

Kappa Precision Recall F1-score 

2010 RF  .99 .98 0.99 1 0.99 

2010 SVM .84 .67 0.78 0.75 0.77 

2010 CART 1 1 1 1 1 

2015 RF 1 1 1 1 1 

2015 SVM 0.86 0.72 .86 .89 .87 

2015 CART 1 1 1 1 1 

2020 RF 1 1 1 1 1 

2020 SVM .84 .69 .85 .82 .84 

2020 CART 1 1 1 1 1 

2024 RF 1 1 1 1 1 

2024 SVM .87 .74 .86 .89 .87 

2024 CART 1 1 1 1 1 

Table 5: Classification performance metrics based on hold-out (70% -30% split) 
validation 

 
According to some prior studies overfitting can be an issue in accuracy assessment. Among 
them for example, one study stated that the continuous 100% accuracy is often signed as 
overfitting (Julien & Sobrino, 2009). Despite this general overfitting behaviour, the most 
notable observation is the potential overfitting in CART and RF, which showing high 
accuracy, may not necessarily deliver the better real world classification performance. 
However, due to inconsistencies and unreliability in results, this hold-out method was later 
discarded. Later, to solve this, a more robust 10-fold-cross-validation approach was used for 
selecting the best performing classifier. In the next step, we conducted a confusion metrics 
comparison as the overall accuracy, Kappa and F1 score gave a numerical summary but the 
confusion matrix shows us a detailed breakdown of misclassifications (false positive and 
false negative). 
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4.1.2 Confusion Matrices Analysis 
 
Confirming overfitting pattern CART’s perfect accuracy and RF’s near-perfect score are 
clearly reflected in the confusion matrices. Identifying model weakness SVM’s higher 
misclassification rates become more evident. All these confusion metrics are attached in the 
Appendix as Figure A1, A2, A3, A4. These figures showing the confusion matrices for the 
year 2010, 2015, 2020, 2024 is giving us a deeper insight into the classification performance 
of RF, SVM and CART. 
 
CART consistently produces zero misclassification across all the years of observation. 
Confirming the overfitting concerns raised earlier. RF produces a small number of false 
negatives and false positives, but the overall performance remains extremely high. And SVM 
struggles the most, showing higher false positives and false negatives compared to RF and 
CART. This matched the lower accuracy and kappa values seen in the previous performance 
Table 5. SVM struggles more in certain years, possible due to variations in spectral 
reflectance across different Landsat sensors. All together these insights of raw performance 
metrics lead us to the decision that the method cannot be used in further steps. So, this total 
hold-out approach is discarded for the study. The next step is about cross-validation for 
selecting an appropriate model and confirming the best generalisation performance.  
 
4.1.3 10-Fold-Cross-Validation 
 
The 10-fold-cross-validation results provide a more robust and realistic assessment of 
classifier performance by ensuring the models are tested on multiple training-validation 
splits. This helps mitigate the risk of overfitting and improves generalisation mainly 
when limited samples are available.  
 
RF consistently performs the best, with accuracy ranging from 0.92 to 0.96 across the 
years. It has huge Kappa values (0.84-0.96), indicating strong alignment beyond random 
chance. Precision, recall, F1 scores also showed high (>0.90), expressing its balances 
false positives and false negatives well. Overall, RF’s high accuracy and Kappa values, 
combined with balanced recall and precision, confirm it as the best model for 
generalization. It is the ideal option for classifying forests in Castellón Province since it 
may handle complex spectral interactions without overfitting. 
 
By combining some techniques like-bootstrap aggregating, reduced variance, averaging 
these kinds of techniques of RF, it can create a robust model that can capture complex 
patterns in data while performing well on testing data. By successfully balancing the 
trade-off between generalization and model complexity, Random Forests are less likely to 
overfit than individual decision trees (Sage, 2018). 
 
SVM consistently underperformed relative to the RF and CART. SVM has the lowest 
accuracy (0.80-0.84) and the weakest Kappa scores (0.60-0.72) across all years. In this 
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case precision, recall and F1 score are also the lowest, confirming that SVM struggles 
more with distinguishing between frosted and non-forested areas. SVM’s lower accuracy 
suggests it struggles with spectral complexity. SVM’s adaptability in handling 
complicated, mixed spectrum data is limited by its reliance on linear decision boundaries 
or hyperplanes. For this reason, SVM’s linear method may fail to effectively separate and 
classify the data points (Burges, 1998). The classification performance metrics obtained 
through the 10-fold-cross-validation approach, are presented in Table no 6.​
 

Year Classifier Average 
Overall 

Accuracy 

Average 
Kappa 

Average 
Precision 

Average 
Recall 

Average 
F1-score 

2010 RF 0.92 0.85 0.91 0.95 0.93 

2010 SVM 0.80 0.60 0.81 0.78 0.79 

2010 CART 0.89 0.77 0.90 0.89 0.89 

2015 RF 0.95 0.90 0.96 0.94 0.95 

2015 SVM 0.85 0.72 0.86 0.88 0.86 

2015 CART 0.92 0.82 0.93 0.91 0.92 

2020 RF 0.96 0.92 0.99 0.94 0.96 

2020 SVM 0.81 0.62 0.82 0.82 0.81 

2020 CART 0.94 .89 0.95 0.95 0.95 

2024 RF 0.92 0.84 0.94 0.90 0.92 

2024 SVM 0.84 0.68 0.84 0.86 0.85 

2024 CART 0.88 0.75 0.90 0.85 0.87 

Table 6: Performance metrics of classifiers based on 10-fold-cross-validation 
 
And about the last one CART, compared to the initial result RF showed perfect accuracy, 
CART’s cross-validation scores dropped to 0.88-0.94, proving earlier overfitting concerns. In 
2024, its accuracy is the lowest (0.88), it is showing less stability over time. Kappa values 
(0.77-0.94) confirm CART’s reduced ability to generalize access to different 
training-validation splits. Cross validation demonstrated that CART's performance had 
declined, proving that its previously flawless performances may have been inflated. But it 
remains a strong choice after RF.  
 
Decision trees, including CART, sometimes can be unstable due to the slight changes in data 
that could produce an entire new tree. This tendency raises the possibility that CART may 
struggle with variability over time or in different datasets. Also, (Sage, 2018) stated that 
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CART can be used for prediction tasks but require techniques like cross validation  for 
improving generalization (Cheng et al., 2018). So overall, this analysis provides a strong 
justification for selecting RF as the best classifier. Despite its relatively minor instability, 
CART remains a reasonable alternative. And SVM is not suitable as a classifier in our study. 
 
4.1.4 Fold-wise Confusion Matrices Analysis 
 
This section builds upon the cross-validation results, providing a fold-wise confusion matrix 
analysis for each classifier over the study year. It helps us to examine misclassification trends 
and identify strengths and weaknesses of each model. The confusion metrics for the 10-fold 
cross-validation of the RF and CART classifiers for the year 2010, illustrating classification 
performance across multiple folds are shown in Figure 4 and Figure 5 respectively. 
 

For 2010​
RF 

 
Figure 4: Confusion metrics for 10-fold-cross-validation-RF 2010 

 
CART 

 
Figure 5: Confusion metrics for 10-fold-cross-validation-CART 2010 
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RF performs well in most folds, with minimal false positives and false negatives. RF shows 
consistently good accuracy across all folds. SVM shows higher misclassification rates 
compared to RF and CART. There are noticeable false positives (non-forest misclassified as 
forest) and false negatives, proving weak classification. Performance fluctuated significantly 
between folds, showing sensitivity to variations in the datasets. CART also performed well, 
but misclassification errors were slightly more visible compared to RF. In 2015, RF showed 
near perfect classification in most folds. Performance slightly improved compared to 2010, 
proving RF adapts well over time. SVM is still falling behind with significant 
misclassification rates. CART performance drops slightly compared to RF, as it showed 
instability across different folds. In 2020, RF showed the best performance, but a small 
increase in false positives was noticeable. Some folds show some minor misclassification, 
maybe because of spectral variability in the satellite images compared to previous years. 
SVM continues to struggle. Many folds show significant false positives, that means it is 
unable to handle spectral variability efficiently. At this point it is evident that SVM is not 
suitable for this classification task. And, for CART false positive increases in multiple folds. 
False positives are indeed an important metric in evaluating classification performance in 
binary classification tasks like this research (Klusowski, 2020). 
 
In 2024, CART’s weakness became more prominent, and RF’s results remained superior. RF 
showed minimal classification errors. Some slight increase in false negatives appears but 
overall proves a consistent stability and adaptability. And, for CART, its instability becomes 
more noticeable in 2024. False positives increase significantly where CART fails to 
distinguish between forest and non-forest areas. The dropped performance further proves that 
CART’s previous near perfect results were due to overfitting rather than true predictive 
power. Also, CART finds it challenging to generalize, proving it a less reliable choice than 
RF. The confusion metrics for the 10-fold cross-validation of the RF and CART classifiers for 
the year 2024, illustrating classification performance across multiple folds are shown in 
Figure 6 and Figure 7, respectively. 

2024 
RF 

 
Figure 6: Confusion metrics for 10-fold-cross-validation-RF 2024​
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CART 

 
Figure 7: Confusion metrics for 10-fold-cross-validation-CART 2024 

 
So, overall RF was consistently good, CART, initially appearing competitive but became 
insatiable over time. SVM continues to prove highest misclassification rates. Considering the 
facts, RF is the most dependable and applicable model, while highlighting CART’s weakness 
in long-term trends and SVM’s overall limitations. 
 
4.1.5 Area Analysis 
 
The section represents estimated forest and non -forest areas for each classifier. The areas are 
calculated based on classification to examine spatio-temporal change of forest cover and 
assess the reliability of different classifiers in estimating land cover changes. Across all the 
classifiers, a clear declining trend in the forest area is evident. The rate varies from across 
classifiers, showing differences in how each algorithm interprets forest cover. 
 
The steady trend implies that RF reliably represents increasing deforestation. In the earlier 
years RF predicted moderate forest cover, but in later years less. That might be for reflecting 
real life forest cover changes. The trend aligns with the urbanisation and land use shifts in 
Castellon province. Study revealed that between 1985 and 2020, Castellón's built-up areas 
grew by 110.37%, creating 56.59 km² of newly developed urban growth (Sobrino et al., 
2024). SVM predicts a consistently higher first area than RF and CART in later years, 
especially in 2020 (3365.59 sq km) and 2024 (2407.02 sq km). Also, it estimates a slight 
increase in forest from 2015 to 2020, which is unrealistic. Again, the forest area in 2024, 
SVM is significantly higher than the RF and CART, suggesting the potential overestimation. 
The reason for SVM’s this trend is: SVM might be less sensitive to subtle spectral differences 
between forests and non-forests because of its reliance on decision boundaries.  
 
A study reveals that the categorization made by SVM for complex vegetation may miss 
subtle spectral differences (Sobrino et al., 2024). Also, another study stated that when SVM 
and RF were compared for vegetation classification, the results showed that SVM was able to 
catch certain minor differences, as it performed better for classes that are not uniform in a 
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spectral sense and had similar spectral characteristics with their surroundings (Sabat-Tomala 
et al., 2020). So, lack of spectral adaptability in SVM likely contributes to these 
inconsistencies over time.​
 
CART initially estimates higher forest cover than RF (2015: 3721,95 sq km) but in later years 
(2020 and 2024), it predicts the lowest forest cover among all classifiers. But in 2024, It 
estimates only 1760.43 sq km of forest lower than both RF and SVM and the amount of 
non-forest highest among all classifiers. This suggests that CART is extremely sensitive to 
variations in spectrum, CART’s decision-tree nature makes it prone to hard splits as CART 
may over-segment regions and incorrectly label partially degraded forests as non-forest 
(Bishop & Nasrabadi, 2006). Also, some reasons can be like spectral variations due to soil 
exposure, seasonal changes or urban expansion may have caused CART to overestimate 
deforestation. 
 
The estimated forest and non-forest areas for different classifiers over the years 2010, 2015, 
2020, 2024, derived from classification results are summarized in Table 7. 
 

Year Classifier Forest Area (sq km) Non-Forest Area (sq 
km) 

2010 RF 3509.27 3127.28 
 

2010 SVM 3279.27 3357.28 

2010 CART 3234.17 3402.38 

2015 RF 3315.69 3320.86 

2015 SVM 2659.71 3976.84 

2015 CART 3721.95 2914.60 

2020 RF 2198.09 4438.46 

2020 SVM 3365.59 3270.96 

2020 CART 1794.63 4841.92 

2024 RF 1783.78 4852.77 

2024 SVM 2407.02 4229.53 

2024 CART 1760.43 4876.12 

Table 7: Forest and non-forest area estimation based on classification (2010-2024) 
 

So, based on the overall discussion, RF remains the most balanced and reliable classifier, 
capturing gradual deforestation without extreme underestimating (CART) or excessive 
overestimation (SVM). RF prominent with most reliable estimates, showing gradual and 
consistent changes over time. 
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4.1.6 Visual comparison of Classified Maps 
​
This section is about examining classification output. It is for reviewing the classified 
images for each classifier and year, so that we can search for spatial distribution, 
classification consistency, land-use transitions, boundary artifacts, misclassification 
trends, spatial inconsistencies, etc. while analysing land use dynamics in Castellón 
Province. Here to be noted that, all the classified maps are compared to each year's 
images respectively. Here, the classified images from three classifiers are presented in 
figure 9, 10, 11 comparing them with the reference of Landsat image Figure 8. 
 

 

Figure 8: Landsat reference image of Castellón Province for visual comparison 

4.1.6.1 RF classified maps 

The classification results obtained using RF classification for the years 2010, 2015, 2020, 
2024 are depicted in Figure 9, illustrating the spatial distribution of forest and non-forest 
areas across Castellón Province. 

35 



 

Figure 9: RF classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 in 
Castellón Province  

 
Spatial aspects: 
RF depicts the balanced classification of forest cover, closely aligning with the reference 
image. Key forested regions, particularly in western and northwestern parts of the province, 
are accurately mapped. Natural Park of the Sierra de Espadán (Southwest of Castellon de la 
plana) retains its dense forest coverage across all the years. Penyagolosa Natural Park (north 
central part of Province) is consistently classified as a forest, reflecting the satellite image’s 
depiction of reality. Alto Mijares (Northwest) and Alcalatén (west central) also show stable 
forest cover with RF, with insignificant decrease over time. In the eastern and southwest 
coastal regions (Castellón de la Plana, Benicàssim, and Oropesa del Mar), urban and semi 
urban areas are appropriately categorised as non-forest. Similar to satellite image, the 
southern part of the province's agricultural zones (Vila-real, Nules, and La Vall d'Uixó) 
remains as non-forest, with only scattered green patches visible. Forest cover is maintained in 
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protected areas like Sierra de Espadán and Penyagolosa Natural Park, though deforestation is 
advancing on their peripheries. 
 
Trend over the years:​
Gradual deforestation in the northwest and western mountain regions is well captured by RF, 
especially between 2020 and 2024. Urban expansion around the eastern coastal and central 
parts of the province is reflected in decreasing forest area. 
​
4.1.6.2 SVM Classified Maps 

The classification results obtained using SVM classification for the years 2010, 2015, 2020, 
2024 are depicted in Figure 10, illustrating the spatial distribution of forest and non-forest 
areas across Castellón Province. 

 

Figure 10: SVM classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 in 
Castellón Province 

Spatial aspects:​
SVM frequently over classified forest cover, especially in Castellon Province’s Northwest, 
east and coastal regions. The mediterranean shrubland on the northeastern shore, close to 
Peñíscola, is mistakenly categorised as deep forest. It is inaccurate to count urban greenery as 
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continuous woodland in Vila-real (southern part) and Castellón de la Plana (eastern part). In 
the southeast region of La Vall d'Uixó, low-density vegetation and orchards appeared as 
forest, despite being agricultural areas. Because of NDVI’s sensitivity to mixed pixels, 
coastal areas close to Oropesa del Mar and Torreblanca (the eastern coastal zone) show more 
forest than in Landsat image. 

Trend over the years: 
SVM predicts higher forest cover in 2010 and 2015 compared to RF and reference images. 
Deforestation is visible in 2015 and 2014 but, compared to RF, forest reduction is less 
noticeable. It struggles to differentiate between urban greenery, mixed vegetation and true 
forest, leading to misclassification of forest area. 
​
4.1.6.3 CART Classified Maps 
 
The classification results obtained using CART classification for the years 2010, 2015, 2020, 
2024 are depicted in Figure 11, illustrating the spatial distribution of forest and non-forest 
areas across Castellón Province. 

 

Figure 11: CART classified maps for the years a) 2010, b) 2015, c) 2020, and d) 2024 in 
Castellón province  
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Spatial aspects: 
CART is classifying less forest area compared to RF and SVM. Spare tree cover and 
degraded forests in Penyagolosa Natural Park (north central) and Sierra de Espadán 
(southwest) are misclassified as non-forest. Some inland mountainous areas (Alt Maestrat, 
northwest) showing significant forest loss which is not as noticeable in the satellite view. 
Compared to RF and SVM, the urban and industrial expansion near Castellón de la Plana 
(east) and Villarreal (southeast) is well detected. Most of the agricultural land in the southern 
portion of the province (Nules, La Vall d'Uixó) is categorized as non-forest, with little 
misclassification. 
 
Trend over the years: 
The CART classification trends show a fluctuating trend in forest cover across the study 
period. The forests are stable in 2010 and 2015 with proportionally more forests in 
mountainous areas and natural parks. But from 2020 and 2024, the classification indicates 
significant deforestation. The overall CART classification indicates a mixed pattern of forest 
decline and regeneration, with a visible expansion of non-forest areas in recent years. 
CART’s results in comparison to RF, the forest reduction appears more severe in 2020 and 
2024. Aggressively, sometimes addressing fragmented forest as non-forest. 

4.1.6.4 Summary of Visual Inspection of Classified Maps 

After overall inspection, classified maps by different classifiers were compared in different 
areas. The example of this inspection was in appendix Figure A.22. RF successfully captures 
the finest details of the landscape, closely resembling the actual forest and non-forest 
distribution seen in the satellite imagery. It maintains strong boundary differentiations, small 
vegetation patches and mixed land cover types are well preserved. SVM tends to 
overestimate forest areas- classifying non-forest regions incorrectly as forests. Also, some 
regions appeared fragmented, indicating poor boundary definition between forest and 
non-forest areas. SVM struggles to detect finer details. On the other hand, CART fails to 
capture finer variations in land cover, leading to misclassifications. The output appears overly 
generalized, missing small first patches and misclassifying non-forest areas. This results in 
lower classification accuracy compared to RF. 
 
Overall, RF remains the best-performing classifier, showing high spatial accuracy and 
realistic forest decline. SVM overestimates forest cover, particularly in mixed land use zones, 
CART underestimates the forest area, making it more suitable for deforestation risk 
assessment. Urban expansion and land-use transitions are well captured in RF but 
misclassified in SVM and CART.  
 
So, RF is showing the most reliable classifier for forest and non-forest cover differentiation 
by accurately representing the Castellon Province’s diverse land, from mountain forest to 
urban zones and agricultural lands. 
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4.1.7 Summary of Best Classifier 
 
To determine the most suitable classifier of forest cover classification, a comparative 
evaluation of RF, SVM, and CART was conducted before. 
 
Here, RF consistently performs the best in classifying metric categories making it the most 
reliable classifier. Several studies stated that RF performed well for forest classification. 
(Aziz et al., 2024) showed in their study that SVM fails at dealing with mixed landscapes 
which results in moderate area consistency, but low reliability while reasonably accurate, 
CART over predicts deforestation, lowering long-term reliability. Another study by (Praticò 
et al., 2021) demonstrated in their study that RF was the best classifier in their work with 
overall accuracy of 88%, while SVM with 83%, and CART with 80% accuracy. So, RF 
outperforms in all metric categories in the most reliable classifier in previous studies that 
completely aligns with us. Following Table 8 presents a comparative summary of their 
performance based on some key observations. 
 

Metric RF SVM CART 

Average accuracy 0.94 
(High) 

0.83 
(Low) 

0.91​
(Medium-High) 

Kappa 0.88 
(High) 

0.66​
(Low) 

0.81​
(Medium) 

Area Consistency across 
years 

High Medium Low 

Area Estimate 
Reliability 

High Low Medium 

Visual inspection 
Quality 

High  Medium  Low 

Table 8: Comparative performance evaluation of RF, SVM and CART  
 
4.2 Additional Analyses for the Best classifier (Level 2) 
 
4.2.1 Seasonal Analysis of RF Model (May-July) 
 
This section assessed how well our best performed RF model worked on a seasonal scale of 
summer months (May-July). This study assessed how seasonal changes influence the 
accuracy of classification and evaluated model performance on estimation of forest and 
non-forest areas. The methodology remains the same, utilizing 10-fold-cross-validation, 
confusion matrix analysis, area estimations and mapping assessments as in previous sections. 
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4.2.2 Performance Metrics and Confusion Metrics Analysis  
 
A seasonal assessment was conducted for the period of May-July, 2024 to evaluate the 
consistency of classifier performance under seasonal variation. 
 
RF remains high classification accuracy (90%) and strong Kappa (0.80), indicating good 
agreement with ground truth. Precision and recall values remain balanced, suggesting RF 
effectively distinguishes between forest and non-forest areas in summer. SVM shows lower 
kappa (0.70), reflecting moderate misclassification issues. CART performance remains 
decent but slightly weaker than RF. So, despite seasonal variations RF consistently performs 
as the reliable model for summer season classification. Compared with the annual 
classification performance Table no 6, this seasonal classification maintains high 
performance but is slightly lower than the full year model. Overall, RF remains stable in a 
short temporal window. 
Table 9 summarizes the key findings of performance matrices from the 10-fold-cross 
validation results for RF. 
 

(May- 
July) of 
the Year 

Classifier Average 
Overall 

Accuracy 

Average 
Kappa 

Average 
Precision 

Average 
Recall 

Average 
F1-score 

2024 RF 0.90 0.80 0.92 0.89 0.90 

2024 SVM 0.83 0.70 0.83 0.85 0.84 

2024 CART 0.87 0.75 0.90 0.85 0.87 

Table 9: Seasonal performance evaluation of RF, SVM, CART (May-July, 2024) 
 
The details of the confusion matrix are attached in the Appendix. It is showing the same as 
RF is showing the best results. 
 
4.2.3 Area Estimations Analysis in Summer Season 
 
It was evident that Forest area reduced over time. It showed lowest values recorded in 2020 
and 2024 (from 3416 sq km to 1829 sq km). The slight recovery in 2024 (from 1829 sq km to 
2108 sq km) suggests restoration initiatives or classification misclassification/refinements. 
But, like the annual one, summer seasonal classification supports the overall decrease in 
forest areas. 
 
The seasonal forest and non-forest area estimation for the summer period (May to July) from 
2010 to 2024 are summarized in Table 10. 
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(May-July) of the 
Year 

Forest Area (sq 
km) 

Non-Forest Area 
(km) 

Total Area (sq km) 

2010 3216.41 3330.82 6547.23 

2015 3416.21 3220.34 6636.54 

2020 1829.80 4806.74 6636.54 

2024 2108.50 4528.05 6636.54 

Table 10: Seasonal forest and non-forest area estimations for summer of 2010-2024 
 
4.2.4 Visual Representation of Summer Season Classification 
 
The seasonal forest cover classification for May to July 2024, generated using the RF 
classifier, is shown in Figure 12. The maps provide spatial representation of forest areas 
compared to non-forest areas, indicating seasonal changes in vegetative coverage within 
Castellón Province. 

 
Figure 12: RF classified maps for seasonal forest cover (May–July, 2024) 
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Careful inspection of the classified summer maps from May to July confirms that RF 
accurately distinguishes between forests and non-forested areas. The eastern coastal regions 
like: Castellón de la Plana, Benicàssim and Oropesa del Mar are correctly identified as 
non-forest areas. Mountainous forests in western and northwestern areas, such as the Sierra 
de Espadán and Penyagolosa Natural Park maintain accurate classification. Many sparse 
forests and many semi-urban vegetation patches in areas such as Vila-real and La Vall d'Uixó 
were classified precisely, thereby avoiding overgeneralizations. RF reliably performs spatial 
classification, when applied to this seasonal, small-scale analysis, thus showing its 
effectiveness. But comparison with the full-year classification maps highlights shifts in 
vegetation appearance and potential seasonal misclassification. The next section is describing 
some potential issues related to these observations. 
 
4.2.5 Discussion on Summer Seasonal Influence on Classification 
Performance 
 
Increased temperatures, less precipitation, and decreased soil moisture during the summer 
months (May–July) may cause visible change in forest reflectance. Because vegetation stress 
can change spectral characteristics, classifying forests can be a little more difficult. RF still 
captures the general forest structure but might misclassify temporarily dry forests as 
non-forest due to spectral variations over seasonal time. 
 
A study supports that in the seasonal tropics, due to phenology vegetation depicts large 
reflectance, which can complicate land cover change monitoring (J. Liu et al., 2015). Another 
study noted that seasonality can lead to possible misclassification of change because of forest 
phenology (Silveira et al., 2018). And for the justification of the unusual decreased amount of 
non-forest area in 2024 can be that in the summer, mediterranean drylands and coastal 
scrublands may reflect different signatures in summer, causing minor classification shifts. 
 
One study stated that like many parts of Mediterranean Spain, Castellón Province has 
exceptionally dry summers. Increased fire risk and vegetation stress could arise from this 
seasonal aridity. So due to the fire and all these reasons the overall deforestation may have 
occurred in our study period (De Castro et al., 2005). Another thing is that the different types 
of forests, tree species in Castellón Province, particularly Mediterranean forests, 
pine-dominated areas, and mixed woodland, may respond differently to seasonal variations 
and eventually affect classification accuracy. For instance, Aleppo pine found in Sierra de 
Espadán, Penyagolosa, and coastal hills near Benicàssim, experience moisture stress in 
summer, sometimes leading to as misclassification as forests due to increased soil exposure. 
Then Holm oak dominates in higher elevation like: Alto Mijares and Penyagolosa, 
maintaining a stable canopy year-round, reducing misclassification in that region. Different 
types of pine species in mountainous zones like Penyagolosa and Els Ports, keeping dense 
canopies with minimal spectral variations, ensuring classification accuracy. The riparian 
forest types are located near the Mijares and Palancia rivers; they are subjected to summer 
water stress, producing spectral shifts that can lead to classification errors. 
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Overall, oak and mountain pine forests are the most stable forest types in RF classification, 
while Aleppo Pine, riparian forests, and shrublands are more susceptible to seasonal 
misclassification, especially during summer. Despite these changes, RF continues 
maintaining high classification consistency with overall reduction in forest areas in the 
summer season that are supported by many studies. 
 
4.3 Correlation Between Small-Scale Summer Season (May-July) and 
Full-Year Classification Results 
 
This section connects seasonal-scale and annual-scale forest cover trends. 
 
Key similarities: 

●​ RF remains the most reliable classifier in both full-year (2024) and summer window 
(May-July 2024). 

●​ Both forested and non-forested regions preserve spatial stability, ensuring the stability 
of RF across time scales. 

●​ Clear decline in forest cover. Major deforestation zones (e.g., Penyagolosa Natural 
Park, southern Espadán region, and scattered lowland forests) were clear in both scale 
results. 

●​ In both datasets, urbanized areas close to Castellón de la Plana, Vila-real, and 
Benicàssim show comparable growth tendencies. 

 
Key differences: 

●​ Accuracy slightly dropped to .90 than full years dataset due to seasonal vegetation 
stress, changing in spectral reflectance etc. 

●​ Spectral alterations in drought-sensitive tree species (Aleppo Pine, riparian 
vegetation) can lead to some summertime misclassifications. 

●​ The full-year RF classification estimated 1783.78 sq km of forest in 2024, whereas 
the summer window estimates 2108.50 sq km. 
This is technically opposite to the expected facts. Some reasons can be: 
❖​ The full-year RF classification combines multi-season composite images 

which blend information from the whole year. That may cause forest as 
non-forests in the full year datasets. 
Research found that the frequencies of Landsat data with 0-5% cloud cover are 
very high in dry seasons compared to wet seasons. So, here in the full scale 
window where it is using a combination of all dry and wet season images, so  
it can be lower than the dry season’s specific high frequencies images 
(Ayanlade & Nwaezeigwe, 2018) 

❖​ The full-year classification relies on an annual composite of Landsat images; 
therefore, many regions may be considerably obscured by cloud cover or large 
seasonal atmospheric phenomena (e.g., winter moisture, haze, or fog in higher 
elevations like Penyagolosa). 
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●​ In summer, the inland dry zones of Sierra de Espadán (southwest) and some Aleppo 
Pine-dominated areas close to Peñíscola (northeast) are mistakenly classified as 
non-forest. This does not appear in full-year classification, addressing that summer 
specific vegetation loss affects reflectance values. But the evergreen forest remains 
stable. 

●​ Mediterranean shrublands display higher misclassification rates in summer. In the 
full-year dataset, these zones are more accurately classified. 

 
4.4 Forest Cover Change Analysis 
 
This section evaluates the temporal forest cover changes in Castellón Province over a 14-year 
period (2010, 2015, 2020, and 2024) using RF classifiers, which was previously identified as 
the most reliable model. This section provides a comprehensive understanding of forest 
dynamics in the study regions. 
 
4.4.1 Forest Area Statistics 
 
This section highlights the temporal dynamics of forest cover changes over the study period.​
Table 11 provides a comprehensive summary of forest and non-forest areas in Castellón 
Province as derived from RF-based classification for the years 2010, 2015, 2020, 2024. 
 

Year Forest Area (sq 
km) 

Non-Forest Area 
(km) 

Total Area (sq km) 

2010 3509.27 3127.28 6636.55 

2015 3315.69 3320.86 6636.55 

2020 2198.09 4438.46 6636.55 

2024 1783.78 4852.77 6636.55 

Table 11: Forest area statistics for Castellon Province (2010-2024) 
 
Forest cover has declined significantly over the years, with a total loss of 1725.49 sq km 
between 2010 and 2024. The substantial growth of non-forest areas demonstrates the 
conversion of forest lands into other land uses. There was the most significant reduction in 
forest area, with 1117.60 sq km of forest loss between 2015 and 2020. 
 
In the earlier parts we mentioned anthropogenic activities or other factors for forest reduction. 
In this section, we want to discuss some forest fire incidents that happened in our study 
period which can be a factor for forest loss. A significant forest fire happened in March 2023 
near Villanueva de Viver, Castellón Province destroying 3000 hectares of land (Ottolini et al., 
2024). A significant forest fire broke out in Gatova, Valencia (which includes Castellón 
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province) on June 28, 2017 (European Commission, 2017). ​
 
In addition, the Copernicus Emergency Management Service produces yearly reports on 
wildfire activity in Europe, including more detailed analyses on the significant fires of Spain. 
Such reports would give much-needed context and data regarding frequency, scale, and 
impact of the wildfires in areas like Castellón Province. So, all these massive fire events 
might have affected the forest area and possibly are a working factor behind the forest loss in 
Castellón Province (Jones et al., 2024).  
 
4.4.2 Changes in Forest Cover 
​
Following Table 12 presents the quantified forest cover changes over different time intervals, 
highlighting significant reduction in forest area. 
 

Time Period Forest Change (sq km) Percentage Change 

2010-2015 -193.58 -5.52% 

2015-2020 -1117.60 -33.70% 

2020-2024 -414.31 -18.85% 

Table 12: Changes in forest cover across different time periods (2010-2024) 
 

The period between 2015 and 2020 experienced the most rapid forest decline in Castellón 
Province, followed by a slight reduction in forest loss rates in the last four years. In 
2010-2015 a relatively slow rate of forest decline (5.52%), likely because of slow changes in 
land use in agricultural and peri-urban areas. In 2015-2020 highest rate of deforestation 
(33.70%) suggesting a significant decrease in forest cover due to anthropogenic activities, 
urban expansion, and agricultural expansion Forest loss has slowed (-18.85%), suggesting 
either conservation initiatives, reforestation programs, or a decrease in land conversion. 
 
For this justification of the improvement in forest loss, some events are found such as Red 
Eléctrica reported on a reforestation initiative. In Altura, Castellón, they accomplished 
reforesting of woodland. "The restoration of the landscape and wildlife habitat, and to the 
protection of biodiversity" was the stated goal of this €154,000 initiative. This suggests that 
the area is making some attempts to restore its forests (Redeia, 2021). 
 
Also, a case study in 2022 stated that the second half of the 20th century has been 
characterised by the rural abandonment in several regions of Castellón province. It involved 
an intensive migration movement from inland areas towards coasts due to the general 
collapse of traditional agriculture and livestock activities, which caused a massive increase in 
forest cover in abandoned rural areas (Delgado-Artés et al., 2022b). The situation may 
continue in the later periods. 
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4.4.3 Time Series Analysis 
 
The time-series analysis section visually represents table 11 and trends in forest and 
non-forest area changes over time. Figure 13 illustrates the temporal changes in forest and 
non-forest cover across Castellón Province from 2010 to 2024.  

 
Figure 13: Time-series analysis of forest and non-forest cover change (2010-2024) 

 
A sharp decline in forest cover is seen in 2020 from 2010 (2198 sq km from 3509.27 sq km), 
as revealed by the earlier numerical results. The stabilization of non-forest area expansion in 
2024 suggests a possible slowdown in deforestation. It matches the observed pattern of 
land-use transitions in eastern and southeastern parts of the province with more developed 
urbanization. 
 
4.4.4 Transition Matrices Analysis 
 
Using transition metrics, this section provides a comprehensive analysis of forest cover 
change in Castellón Province for the three periods (2010-2015, 2015-2020, 2020-2024). This 
analysis examined the pixel-based area changes to quantify forest stability, deforestation, 
afforestation, and non-forest persistence. To facilitate these three transition matric maps 
(Figure 14,15,16) illustrate the spatial patterns of forest cover changes, while Table 13 
quantifies these transitions based on pixel count and their equivalent areas (sq km). The 
following Table 13 presents pixel count based area calculation of forest cover change across 
three distinct periods: 2010-2015, 2015-2020 and 2020-2024. 
 
The pixel count column represents the actual number of pixels classified under each 
transition category. Since each Landsat pixel represents 30m x 30m on the ground, pixel 
counts were converted into actual land area, sq km. It also allows a more detailed 
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interpretation of classification accuracy and spatial consistency. This helps validate the 
reliability of the classification results over time. 
 
The following table 13 shows the extent of stable forest, deforestation, reforestation etc. in a 
comprehensive way. 
 

Transition 
Type 

Pixel 
Count 
(2010- 
2015) 

Area (sq 
km) (2010- 

2015) 

Pixel 
Count 
(2015- 
2020)  

Area (sq 
km) 

(2015-2020) 

Pixel Count 
(2020-2024) 

Area (sq 
km) (2020- 

2024) 

Forest → 
Forest​

(stable forest) 

4,253,147 3827.83 3,723,997 3351.60 2,907,338 2616.60 

Forest → 
Non-Forest 

(deforestation) 

471,229 424.11 1,341,506 1207.35 934,383 840.94 

Non-Forest → 
Forest 

(reforestation) 

812,356 731.12 117,724 105.95 381,154 343.04 

Non-Forest → 
non-Forest 

(stable 
non-forest) 

4,140,005 3,726.00 4,493,510 4044.16 5,453,862 4908.47 

Table 13: Transition matrix of forest cover change (2010-2024) 
 
The following sections provide an organized discussion of three transition maps and their 
interpretations. 
 
4.4.4.1 Forest Cover Change Dynamics (2010-2015) 
 
Between 2010 and 2015, the province experienced a net loss of forest cover, though 
afforestation rates seem relatively higher during this period. This section shows the 
transitions of forest and non-forest areas in Castellón province during 2010-2015. 
 
471,229 pixels (424.11 sq km) of forest were lost, mainly in Castellón de la Plana, Almassora 
and Burriana. The urban agricultural expansion played key roles here. Small patches of forest 
degradation were also visible near Villafranca del Cid and Atzeneta del Maestrat in the 
interior regions. 731.12 sq km of non-forest transitioned into forest, primarily along the 
mountainous regions of Penyagolosa Natural Park; Serra d'Espadà Natural Park. It indicates 
reforestation efforts or natural growth of forest. Despite deforestation, 3827.83 sq km of 
forest remained unchanged, with high range in the interior mountainous areas and parts of 
Alto Palancia. 
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Overall, this period witnessed moderate deforestation countered by notable afforestation 
efforts. The forest cover change patterns for 2010-2015 are visualized in Figure 14, depicting 
the spatial extent of deforestation and afforestation across Castellón province. 

 
Figure 14: Forest cover changes dynamics in Castellón (2010-2015) 

 
4.4.4.2 Forest Cover Change Dynamics (2015-2020) 
 
Between 2015 and 2020, this period represents the most significant phase of deforestation in 
the study. As the result showed the highest deforestation rate and lowest afforestation efforts 
among all the periods. 
 
In this period, 1207.35 sq km of forest cover was lost. It marks a significant increase from the 
previous period. The most intense deforestation occurred in coastal regions (Castellón de la 
Plana, Benicàssim, Oropesa del mar) and agricultural expansions in Plana Alta regions. Only 
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105.95 sq km of afforestation occurred. That indicated a sharp decline compared to 
2010-2015. Regrowth was mainly shown in Penyagolosa and Serra d'Espadà Natural Park, 
but reforestation was much lower. For the stable forest areas: the forest retention rate 
dropped, covering only 3351.60 sq km. This is significantly lower than the previous period. 
More areas converted to urban settlements and agricultural fields. Also, in this period reduced 
core forest zones into Alsto Mijares and El Ports were noticed. The following Figure 15 
shows the forest cover changes patterns in Castellón during 2015-2020. 
 

 
Figure 15: Forest cover change dynamics in Castellón (2015-2020) 

​
Overall, this period is marked by widespread deforestation and the lowest afforestation rates, 
likely due to the increased human activity and climate variability. 
 
4.4.4.3 Forest Cover Change Dynamics (2020-2024) 
 
During this period, afforestation improved slightly. Along with this, deforestation was less 
compared to 2015-2020. The forest cover change patterns for 2020-2024 are visualized in 
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Figure 16, depicting the spatial extent of deforestation and afforestation across Castellón 
province. 
 

 
Figure 16: Forest cover change dynamics in Castellón (2020-2024) 

 
In this period, 840.94 sq km of forest was lost, marking a slight reduction from the previous 
period. But deforestation still occurred in lowlands regions of Vall d’alba, Onda and parts of 
coastal areas. Afforestation of 343.04 sq km of new forest emerged, mainly in Serra 
Calderona and parts of Els ports, indicating improved conservation measures. 2616.60 sq km 
of forests remained intact, but overall stability continued to decline. The province still faced 
continued fragmentation, particularly in transition zones between agriculture and forested 
landscapes. 
 
This period highlights a slight recovery in afforestation efforts, although deforestation 
remains an ongoing concern for the province. 
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Key observations: 
●​ Among all the three periods, forest stability decreased with an area of 424.10 sq km 

(in 2010-2015) to 840.94 sq km (in 2020-2024). This indicated progressive 
deforestation of forest areas over time. 

●​ The highest forest loss was recorded in 2015-2020, mainly due to urban expansion, 
agricultural land conversion and forest fire (specially in 2016 and after periods) 
events.  

●​ The 2010-20105 period had the highest reforestation rate (731. 12 sq km). But the rate 
declined significantly to 105.95 sq km in 2015-2020. But again in 2020-2024 it 
recovered to (343.04 sq km). It suggests that forest management initiatives were 
reinforced. 

●​ Major deforestation hotspots were in Castellón de la Plana, Almassora and Burianna 
and may be mostly driven by human activities. 

●​ Forest expansion was mainly concentrated in Penyagolosa and Serra d'Espadà Natural 
Park. 

 
Thus, the pixel-count based area calculation reinforces the trends seen in land cover 
transitions, confirming that non-forest areas are expanding more rapidly than forested areas 
are recovering. The scale of pixel counts based area calculation confirms that lost forest is not 
usually regained and, therefore, requires sustainable land-use planning. 
 
4.5 Relationship between NDVI and Climatic Factors 
 
At first the general trend of NDVI and climatic variables are examined separately to have a 
better understanding before conducting the correlation analysis. 
 
4.5.1 Spatial Variation of NDVI/NDVI Trend 
 
The NDVI trend map shown in Figure 17 visually depicts interannual variations in vegetation 
health across Castellón Province. It represents the distribution of mean NDVI across all years 
(2010-2024), underlining different vegetation cover levels. Darker green shades correspond 
to higher NDVI values, representing denser, healthier vegetation, while lighter shades 
represent sparse vegetation or degraded areas. 
 
The highest values (above 0.5) are consistently observed in the northwestern and the southern 
part. Large parts of this area in the northwest are covered by the Penyagolosa Natural Park; 
other mountain ranges, like Serra d'Espadà Natural Park in the south, show almost the same 
vegetation density. These natural reserves exhibit persistent high NDVI values, indicating 
stable healthy vegetation cover. The centre and the inland areas, including Alcora etc., exhibit 
NDVI values ranging from 0.40 to 0.51. These areas have a mix of agricultural land, 
shrublands and scattered forest patches. In contrast, lower NDVI (<0.4) is dominant in the 
urban and industrial zones of the coastal cities of Castellón de la Plana, Benicàssim, and 
Oropesa. The consistent low NDVI values in this area corresponds to urban expansion, 
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industrial activity and agricultural practices etc. that limits vegetation density. The spatial 
distribution of NDVI variations across Castellón Province for the period of 2010-2024 is 
depicted in Figure 17, highlighting interannual changes in vegetation cover. 
 

 
Figure 17: Spatial Distribution of NDVI trend across Castellón Province (2010-2024) 

 
The mean NDVI values extracted from MODIS datasets over a 14-year period gave the 
necessary perspective into long-term vegetation changes. The data attached in Appendix 
Table A1. In the temporal pattern the NDVI started at 0.511 in 2010 and went through 
periodic fluctuations in the 14-year period. 2014 was the year with the minimum NDVI of 
0.475, which reflects a probable dry period or increased land-use changes. In 2017 and 2018, 
NDVI values were 0.486 and 0.488, respectively, during a time of reduced precipitation 
coupled with increased temperature. This was followed by a notable recovery in the year 
2020 and 2021, when NDVI reached its peak at 0.523 and 0.533, respectively. This period 
coincided with relatively higher amounts of rainfall (shown in Figure no 18) that allowed 
vegetation to regenerate. However, the NDVI declined again in 2024 to 0.486, indicating 
further climatic pressures or changes in land use affecting vegetation stability. The yearly 
NDVI maps provide a comprehensive insight into spatial and temporal vegetation dynamics, 
highlighting areas of stability, degradation, and regeneration. 
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4.5.2 Precipitation Trend 
 
The annual precipitation variations across Castellón Province are illustrated in Figure 18, 
depicting fluctuations in precipitation patterns over the study period (2010-2024). The green 
line represents the total precipitation, and the red line indicates the linear regression trend, 
indicating potential long-term precipitation shifts. 
 

​
Figure 18: Annual Precipitation trend in Castellón Province (2010-2024) 

 
The trend in precipitation in Castellón Province over the 2010–2024 period is highly variable 
inter-annually, with significant fluctuations in total precipitation. Regression analysis (red 
line) shows a negative trend (0.2653 mm per year), which means that the precipitation has 
been reduced over time. The year 2017 was highly dry, receiving minimum recorded rainfall 
of 357 mm, corresponding to a remarkable decline in NDVI. On the other hand, 2018 is 
representative of the maximum recorded rainfall of 628 mm; it resulted in partial recovery in 
respect to NDVI. Such fluctuation shows that vegetation cover is highly vulnerable to rainfall 
variability. 
 
4.5.3 Temperature-2m Trend 
 
The Temperature variation at 2 metres above the surface across Castellón Province is 
depicted in Figure 19. It illustrates an increasing trend in near-surface air Temperature or 
tropospheric temperature from 2010-2024.The green line represents the annual Temperature 
2m values. And the red line represents the linear regression trend, indicating a gradual rise in 
temperature over the years.  
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Figure 19: Temperature-2m trend in Castellón Province (2010-2024) 

 
The 2m temperature trend indicates a clear warming pattern, with an increase of about 
0.1034°C per year shown in regression analysis. The temperature has risen from 13.26°C in 
2010 to 15.47°C in 2024, showing the long-term rise in temperature. (Miller et al., 2023) 
stated that the climate of Spain has been experiencing warming trends year by years. It is 
observed that from 2016, the temperatures have increased significantly, with 2022 and 2023 
having the highest recorded mean temperature, close to 15.5°C. Especially in the semiarid 
parts of eastern Castellón, where the increase in temperature, together with the decline in 
rainfall, may lead to lower NDVI and higher levels of land degradation. 
 
The semi-arid region in Castellon has a hot semi-arid climate with mild winters and hot, dry 
summers is well documented in Wikipedia (Wikipedia, 2025). Similar trends of precipitation 
and temperature were found in Serbia, showing almost similar trends for both climatic 
variables (Baumgertel et al., 2024). Seasonal changes also manifest in evident warming-up 
during the summer months, influencing vegetation stress. This coincides with the rise in 
wildfire risk, especially within regions of woodland heathlands, such as Serra d'Espadà and 
Penyagolosa, which have seen recorded cases of fire throughout history. 
 
4.5.4 LST Trend 
 
The following Figure 20 presents the temporal trend of Land Surface Temperature (LST) in 
Castellón Province between 2020 and 2024. The green lime represents yearly fluctuations, 
interannual variability. The red line indicates the linear regression line highlights an overall 
increasing trend in LST.   
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Figure 20: Land Surface Temperature (LST) trend in Castellón Province (2010-2024) 

​
First, the LST trend aligns closely to air temperature, showing a progressive increase. And 
according to a regression model showing an increase in value by approximately 0.0398°C 
every year within this period and represents the strong effect of an intensified land surface 
heating. The years with extreme heat events, especially in 2017 (22.77°C), in 2022 (22.88°C), 
and in 2023(22.49°C), which eventually point toward vegetation stress. The 2022 LST value 
(21.37°C) is notably high, indicating that the land is more prone to degradation and the 
vegetation less resilient. This holistic NDVI trend suggests a declining vegetation cover, 
which may be strongly correlated with increased temperature and decreased precipitation. 
Also, heat accumulation due to higher LST in the province can also have an effect in reduced 
vegetation. 
 
Here, the section provides a very important basis for the following section on the correlation 
analysis of NDVI and climatic factors, where a qualitative assessment can be made of these 
relationships. 
 
4.6 Correlation Analysis of Vegetation Coverage and Climate Factors 
 
This study further develops an analysis of spatial correlations between NDVI (vegetation 
cover) and three key climatic factors using Pearson's correlation: Precipitation, Temperature 
(2m), and Land Surface Temperature (LST) for 2024. We have computed yearly Pearson 
correlations and the correlation maps generated from 12-months average for the year 2010, 
2015, 2020, and 2024 (the derived results are attached in Appendix Table A2 to Table A6); 
however, we have presented here only the result for the year 2024 to discuss in detail in this 
section. Based on the results Pearson correlation is mapped throughout the province of 
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Castellón and then analysed by relevant coefficient (r) values and relevant statistical 
significance (p) values. 
 
4.6.1 NDVI vs Precipitation 
 
The relationship between vegetation and precipitation is a key factor in understanding 
ecological stability. Figure 21 illustrates the spatial correlation between NDVI and 
Precipitation across Castellón Province. 
 

​
Figure 21: NDVI-Precipitation correlation map for Castellón Province (2024) 

 
The NDVI-Precipitation correlation map shows a significant strong positive relationship in 
most of the regions that fall within values from -0.715 to 0.901. Average correlation was 
measured as 0.3 (Moderate Positive) with standard deviation of 0.18. And statistical 
significance (showed p values <0.05) was significant in many areas. 
 
Regions of high Positive Correlation (r > 0.7) includes the northwest highlands and the 
central forested areas including Sierra de Espadán Natural Park, Upper Palancia, and 
Penyagolosa Natural Parks. All these areas are highly dependent upon rainfall, meaning 
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increased vegetation with increased rainfall. Moderate Positive Correlation (0.3 < r ≤ 0.7) 
includes most of the province and shows this correlation, meaning that, although precipitation 
is a contributing factor to vegetation growth, other factors such as soil conditions and land 
use may also affect NDVI. 
 
Negative Correlation in Coastal and Urban Areas (r < -0.3) includes areas like: Castellón de 
la Plana, Benicarló, and Vinaròs in the east show negative or weak correlations, probably due 
to irrigated agriculture and urban infrastructure reducing dependence on precipitation. The 
analysis showed strong p-value significance where 87.16% of the pixels are positively 
correlated; among them, 39.34% showed statistical significance, highlighting that 
precipitation has a major control on vegetation activity. A study revealed the direct influence 
of precipitation on crop productivity which is a key indicator of vegetation activity (Pitarch, 
2024). Additionally, one study gave scientific evidence to the general positive correlation 
between NDVI and precipitation, showing that increased rainfall is usually accompanied by 
increased vegetation productivity measured by NDVI (Wang et al., 2003).  
 
4.6.2 NDVI vs Temperature-2m 
 
Temperature variations play a crucial role in influencing vegetation health and growth 
patterns. Figure 22 presents the spatial Pearson correlation between NDVI and 2m air 
temperature. The NDVI-Temperature (2m) correlation map reveals a relationship with values 
ranging from -0.967 to 0.849 among them mostly showing a negative relationship. 
 
For this relationship average correlation was -0.639 (Moderate Negative) with standard 
deviation of 0.226 and this showed strong statistical significance ( p-value < 0.05)  which was 
found in most regions. Strong Negative Correlation (r < -0.7) was found in lowland 
agricultural and urban areas including areas like-Vila-real, Almassora, and Segorbe. This 
indicates that higher temperatures negatively impact vegetation, likely due to heat stress and 
increased evapotranspiration. Moderate Negative Correlation (-0.7 ≤ r < -0.3) was seen in 
large portions of the province, highlighting how higher temperatures decrease NDVI overall, 
while the resilience shows for some other areas. Positive Correlations (r > 0.3) was evident in 
the regions like- the plateau part of Peñagolosa Natural Park, Sierra de Espadán.  
 
70.1% of the province had a negative correlation, from which 20.22% was statistically 
significant. It therefore supports findings from a study where they found that temperature 
significantly contributes to the productivity of vegetation and negatively impairs areas that 
are hot enough with some studies (Cowles et al., 2018). 
 
Another study proved the positive relationship between NDVI vs Precipitation and Strong 
negative correlation between NDVI vs temperature by using Pearson Correlation Coefficient 
which completely aligns with our study (Measho et al., 2019). The following Figure 22 
presents the spatial Pearson correlation between NDVI and 2m air temperature.  
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​
Figure 22: NDVI-Temperature-2m correlation map for Castellón Province (2024) 

 
4.6.3 NDVI vs LST 
 
Land Surface Temperature (LST) significantly influences vegetation productivity by affecting 
evapotranspiration rates and soil moisture availability. Figure 23 illustrates the spatial 
correlation between NDVI and LST across Castellón Province in 2024. In the NDVI-LST 
correlation map this study noticed a very strong negative relationship. The value of 
correlation ranges from -0.995 to 0.763. In the province, the average correlation was -0.789 
(Strong Negative). The results showed strong statistical significance with p-value < 0.05 
which was significant for most of the study area. 
 
Very Strong Negative (r < -0.9) was found in large urbanized or low-elevation areas, in 
Castellón de la Plana, in Vila-real, in Benicàssim, or in coastal ones, which highlights that the 
higher land surface temperatures reduce vegetation fitness, stress the plants, and lower NDVI. 
Moderate to Strong Negative (-0.7 ≤ r < - 0.3) was in most regions of the study area, 
therefore reinforcing that high LST contributes negatively to the vegetation. The following 
Figure 23 illustrates the spatial correlation between NDVI and LST across Castellón Province 
in 2024. 
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​
Figure 23: NDVI-LST correlation map for Castellón Province (2024) 

 
The positively correlated areas include the highlands of Penyagolosa and some areas in Sierra 
de Espadán fall under the category >0.3 indicating weak to moderate correlation and 
implying that temperature is not a limiting factor on vegetation growth in these areas. During 
the study most of the negative correlations showed a statistical significance which is an 
implication of strong land surface temperature control on vegetation activity which align with 
some prior studies (Oloyede et al., 2021; S. A. Shah, 2022; Song et al., 2018). 
 
So overall, during spatial analysis on a yearly scale-precipitation is the strongest positive 
driver of NDVI (87.16% positive correlation, 39.34% statistically significant) with high 
dependence in forested and inland areas. Temperature (2m) has mixed effects on NDVI, with 
negative correlations in hotter urban areas and positive correlations in cooler highlands. LST 
has the most substantial negative influence on vegetation, particularly in coastal and urban 
zones, demonstrating the effects of urban heat islands and increased evapotranspiration. 
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4.7 NDVI’s Sensitivity to Climatic Variables Over Time 
 
We move towards a temporal correlation analysis instead of spatial focus to have a more 
comprehensive outlook of how the relationships evolved over time. This section aims to 
analyse the temporal variations of NDVI’s relationship with precipitation, temperature, and 
LST over the period 2010–2024, using monthly aggregated data. Almost all the values meet 
the p < 0.05 threshold of significance, ensuring reliability. 
 
4.7.1 NDVI vs Precipitation 
 
Understanding the relationship between NDVI and precipitation is crucial for estimating 
vegetation response to variations in rainfall. The results show fluctuating correlations with 
most of the values varying between 0.1 and 0.5, showing a moderate positive association. 
Figure 24 presents the mean monthly NDVI average over all province and monthly summed 
total precipitation correlation coefficients during the 2010-2024 period. 
 

 
Figure 24: Monthly correlation between NDVI and Precipitation with Precipitation 

trends (2010-2024) 
​
The Pearson correlation coefficients between NDVI and precipitation are fluctuating during 
the period under study of 2010-2024. Most values fall between 0.1 and 0.5, though some are 
negative for a few months. Notably, strong positive correlations (>0.4) appear in early 
growing seasons (spring months), while lower correlations occur in late summer and winter. 
The NDVI-Precipitation relationship is strongest during March–May, reflecting vegetation 
dependence on spring rainfall for growth. Certain years (2013, 2016, and 2018) exhibit high 
correlation (0.4–0.5), while others (2022, 2024) show weaker relationships (0.1–0.2), 
suggesting changing precipitation dependence. While NDVI showed moderate to strong 
precipitation correlation in earlier years, this trend has weakened in recent years 
(2020–2024), indicating a shift in vegetation reliance on precipitation. 
The reason can be-If precipitation occurs in short bursts (extreme events) rather than steady 
rain, NDVI might not fully benefit from it. So, overall NDVI on a multi-annual scale show: a 
seasonal dependence on precipitation, particularly in the early growing season, but this 
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relationship has weakened over time. So, precipitation may not be the driving factor here in 
this scenario. There may be some other driving factors. 
 
4.7.2 NDVI vs Temperature-2m 
 
The relationship between Temperature-2m and NDVI is predominantly negative, with 
correlation values ranging from -0.3 to -0.5. This indicates that the increase in temperature 
predominantly results in the decline of vegetation health. This would suggest a general 
decrease in NDVI with an increased temperature. The variations in NDVI-Temperature 
correlation trends over the study period are shown in Figure 25. It represents the mean 
monthly NDVI average over the province  and monthly mean Temperature of the province. 
 

​
Figure 25: Monthly correlation between NDVI and Temperature-2m with Temperature 

trends (2010-2024) 
 

The overall relationship between NDVI and temperature is inversely related; thus, higher the 
temperature, more the vegetation stress. Strongest negative correlations (- 0.5) occur during 
summer months (June-August, with higher temperatures contributing to vegetation water loss 
and stress. Weaker correlations (- 0.2 to -0.3) occur during the winter months, suggesting that 
colder temperatures are less limiting for vegetation. 
 
Recent trends (2020-2024) indicate a little weaker negative correlation, suggesting vegetation 
may slowly be adapting to rising temperatures. High summer temperatures induce vegetation 
stress, hence the negative NDVI values due to increased evapotranspiration rates. 
 
In winter, temperature is less limiting since the plant activity is already reduced, which 
explains the weaker and complex correlation. Some studies showed winter cannot affect plant 
activity (Yamori et al., 2014) and some suggested that winter can significantly impact plant 
activity (Larran et al., 2023). Recent weakening of the negative correlation (2020-2024) may 
indicate a vegetation adaptation to the rise in temperatures. Overall, strong negative 
correlation of NDVI and Temperature indicates temperature-driven vegetation stress, more 
precisely during the summer months. Slight recent weakening of the negative correlation 
indicates vegetation adaptation due to rising temperatures. 
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4.7.3 NDVI vs LST 
 
The correlation between NDVI and LST exhibits a high negative correlation, and its values 
ranging between -0.4 and -0.8. This indicates that, in comparison to air temperature, 
vegetation health is significantly impacted negatively by LST. Figure 26 illustrates monthly 
trends in correlation of NDVI-LST throughout the whole observation period.It represents the 
mean monthly NDVI average over the whole province and monthly mean LST of the 
province. 
. 

 
Figure 26: Monthly correlation between NDVI and Land Surface Temperature (LST) 

with LST trends (2010-2024)​
 

Strongly negative correlations in the range between -0.6 and -0.8 occur during the peak 
summer month, thus confirming that vegetation activity is strongly inhibited by high surface 
temperature. Weaker correlations (-0.3 to -0.5) exist during transitional months where LST 
fluctuations moderate. 
 
Annual fluctuations follow the seasonal course of surface temperature and, hence, further 
reinforce the influence of LST on NDVI. This result is supported by many research papers. 
One study analysed the relationship between NDVI and LST on a global scale. They note that 
annual oscillations in NDVI closely follow the seasonal patterns of surface temperature 
(Julien & Sobrino, 2009). So, it can be said that The LST impacts water availability in the 
soil, leading to evaporation and dryness of the soil; hence, reducing NDVI. 
 
LST reflects conditions of heat waves, which cause severe vegetation stress, reduced 
photosynthesis, and thus lower NDVI. Recent trends do not show any marked weakening in 
NDVI-LST correlation, thus indicating that LST remains the dominant limiting factor for 
vegetation. 
 
4.8 Association of Forest Cover Change and Climatic Variables 
 
To better understand the interaction between forest cover change dynamics and climatic 
variables over time, a macro-level comparison analysis was conducted. This evaluation 
considers forest and non-forest class trends, along with temperature, precipitation, and land 
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surface temperature variations. Figure 27 illustrates the comparative trends for all of these 
variables during the study period (2010-2024). 
 

​
Figure 27: Comparative trends of forest and non-forest cover and climatic variables in 

Castellón Province (2010-2024) 
 
Based on the results illustrated in the graph shows that Forest area shows a significant 
reduction over 14 years. Correspondingly non forest areas increased from 3127.28 sq km in 
2010 to 4852 sq km in 2024.The mean 2m- temperature has steadily increased from 13°C to 
15.5°C, a 2.21°C rise over 14 years. LST peaked in 2020 at 22.21°C, dropped slightly in 
2024 to 21.83 °C. This could mean that LST values responded to forest cover loss, but at the 
same time, they could be influenced by other surface characteristics. Annual precipitation has 
shown fluctuation, basically decreasing from 549.12 mm in the year 2010 to 490.22 mm in 
2015, rising to 563.09 mm in the year 2020, and slightly reducing again to 540.8 mm in 2024. 
​
Overall, the temperature increase is aligned with the extreme reduction in forest cover. Loss 
of forest area leads to increased temperatures due to reduced evapotranspiration and increased 
heat absorption from the already exposed land surfaces. The reduction in forest area from 
2010 to 2024 was 1725 km² which eventually caused a gradual rise in temperature. 
Therefore, it has a positive feedback loop wherein rising temperatures also promote forest 
stress and lead to more degradation. 
 
LST changes reflect changes in the surface, and in Castellón, peak LST values for 2020 are 
coinciding with the largest loss in the area covered by forests. The minor decrease of LST in 
2024, despite further losses in forest cover, would hint at other active factors in the 
temperature regulation, such as surface moisture availability. Unlike the temperature, 
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precipitation trends do not show any direct relationship with the loss of forest. Increased 
precipitation in 2015-2020 did not lead to the recovery of forests and showed that other 
factors such as land-use change, fire, or human interference were much stronger. However, 
long-term regional hydrologic cycles could be influenced by forest losses. 
 
This spatiotemporal analysis of changes in forest cover and climate dynamics within 
Castellón Province clearly underlines the fact that loss has been a dominant trend in forests 
over the last 14 years, having a strong linkage with rising temperature and LST. Though 
precipitation fluctuation does not directly correspond with the change in forest condition, 
land-use changes, and warming-up trends are found to be major causes of deforestation.​
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Chapter 5. Conclusions and Recommendation 
​
5.1 Conclusion 
 
This research examined forest cover change in Castellón Province by using satellite-based 
remote sensing and machine learning classifiers (RF, SVM, and CART) over a 14-year 
period. Then it focused on to find out forest cover change and investigate the relationship 
between remote sensing index NDVI and climatic variables such as Precipitation, 
Temperature and LST. NDVI highlighted the importance of climate variability in forest cover 
dynamics, indicating the necessity of sustainable forest management. 
 
Spatiotemporal trends in this study combined Google Earth Engine (GEE), Python-based 
statistical analysis, and GIS mapping to quantify land cover transitions and 
climate-vegetation interactions successfully. Seasonal analysis further validated forest cover 
fluctuations due to climate change, with increased spectral variability and classification 
uncertainty during summer season.  
 
The key findings derived from the result based on research question no 1: 

●​ 10-fold-cross-validation showed RF maintaining stable average accuracy (0.92-0.96), 
indicating its reliability in classification compared to SVM and CART. 

●​ Visual analysis of classified maps confirmed that RF effectively captured forest cover 
trends, accurately differentiating forest and non-forest area. 

●​ Between 2010 and 2024, Castellón Province lost approximately 1725.49 sq km of 
forest. 

●​ The highest forest loss occurred between 2015-2020. In this period 1117.60 sq km of 
forest was lost, marking a 33% reduction in forest area. 

●​ In the period of 2020-2024, deforestation slowed with 343.04 sq km of new forest 
emerging. 

●​ Forest expansion was mostly concentrated in protected areas like Penyagolosa and 
Serra d'Espadà Natural Park. 

●​ Castellón de la Plana, Almassora and Burianna and the coastal regions were identified 
as major deforestation hotspots. 

●​ Historical wildfire events, such as the Villanueva de viver fire in 2023. 
●​ The proportion of stable forest decreased from 3827.83 sq km (2010-2015) to 2616.60 

sq km (2002-2024) showed progressive deforestation over time. It points towards 
continuous degradation. 

●​ Reforestation efforts were higher at 731.12 sq km in the period of 200-20215, which 
decreased to 105.95 sq km in the period of 2015-2020. It indicates reduced 
reforestation activities. 
 

The key findings derived from the result based on research question no 2: 
●​ Overall NDVI trend indicated vegetation decline. NDVI started at 0.511 in 2020 and 

dropped to 0.486 in 2024. It suggests increased stress in vegetation. 
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●​ Despite regional NDVI declines, Penyagolosa and Serra d'Espadà Natural Park 
maintained high NDV values. 

●​ Annual precipitation showed interannual fluctuations but a general decreasing trend 
(-0.2653mm per year) was observed. 

●​ Increase of temperature was evident. The 2m-Temperature increased from 13.26°C in 
2010 to 15.47 °C in 2024.  

●​ Land Surface Temperature increased by 0.0398°C per year which peaks recorded in 
2020 and 2022. Overall LST exhibited a significant upward trend. 

●​ A combination of increased both types of temperature and decreased precipitation 
contributed to declining NDVI and resulted in increased deforestation. 

●​ NDVI exhibited positive correlation with precipitation. Higher rainfall (example 
2018) aligns with NDVI recovery, while dry years with low precipitation (example 
2017) corresponds to vegetation stress. NDVI-precipitation correlation was strongest 
in mountainous areas. That led to increased vegetation productivity in inland and 
mountainous regions. 

●​ NDVI showed a negative correction with both Temperatures-2m. Almost all the years 
showed, higher temperatures resulted in lower NDVI values. Summer months 
exhibited the strongest negative correlation. Strongest negative correlation is observed 
consistently in urban and agricultural zones. 

●​ NDVI had the strongest negative correlation with LST. Increased LST contributed to 
reduced vegetation productivity, especially in coastal and lowland regions. Overall, 
urban and coastal areas demonstrated the strongest inverse relationships, highlighting 
the role of urban heat islands. 

●​ Forest cover loss corresponded with rising temperatures. Increased both types of 
temperature were associated with declining forest area. 

●​ The highest LST values in 2020 aligned with the most extensive deforestation period 
(2015-2020). 

●​ Precipitation fluctuation did not directly influence forest loss. 
●​ Urbanization, expansion of built-up areas, and other land-uses shifts (natural or 

human-induced) etc. were significant contributors to forest reduction. 
 
Overall deforestation remains an on-going challenge in this province. While reforestation 
showed minor improvement in recent years, overall deforestation is constantly increasing. 
Rising Temperature and urban expansion collectively contributed to forest degradation. 
Efforts like- reforestation, conservation initiatives and improved land-use planning are crucial 
in this stage to mitigate the deforestation and climate change impacts.​
 
Finally, this research provided a comprehensive machine-learning-based assessment of forest 
cover change and its climatic influences in Castellón Province while also addressing a crucial 
research gap. The outcome of this study will contribute to support more informed decision 
making for adaptive measurements, conservation planning, and sustainable land management 
in Mediterranean forest ecosystems. Future research needs to expand datasets with 
high-resolution imagery, incorporate more climate variables, and explore socio-economic 
drivers of deforestation to improve predictive modelling capacities. 
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5.2 Limitation of the Study and Future Works 
 
Limitation: 
The study has some drawbacks despite its strength: 

●​ The study used random sampling for forest and non-forest categorization locations 
without considering spectral histograms, which may lead to misclassifications 
specially in transitional vegetation zones. 

●​ By using just binary forest/non-forest categories and without distinguishing between 
additional forest types like shrubland, mixed forests, or degraded forests, the 
categorization scheme reduced biological specificity according to the forest definition.​
Also forests are heterogeneous, so different types of forest are also not taken into 
consideration. 

●​ Because of sensor limitations, one classed image had striping that could not be fixed 
in time. 

●​ Also, minor radiometric differences could exist between Landsat 5 and 8 as they have 
different sensor calibrations. 

●​ Cloud filtering only employed images with less than 10% cloud cover as the images 
were seen clearer; no other cloud masking techniques were used, which would have 
affected the categorization accuracy during very humid or heavily cloudy conditions. 

●​ The correlation analysis may have geographic inconsistencies because the 
MODIS-derived NDVI (1 km resolution) was correlated with CHIRPS and ERA5 
climate variables with different resolutions (5 km and 9 km), but while exporting 
average response was taken). 

●​ Accuracy evaluations were based exclusively on remote sensing validation methods 
because field validation of the forest classification data was not carried out. Only 
assessed with statistical validation techniques and visual inspection. 

●​ The combined correlation raster data for all years could not be exported due to the 
error related to earth engine memory limit, so individual data were analysed. 

●​ Variations in seasonal vegetation phenology may have influenced classification 
stability, even though RF did well in both yearly and summer-specific classifications. 
As they have some discrepancies in the result of forest area. 

●​ The forest cover transition matrix was based on RF classified images, so the accuracy 
is dependent on the classification performance. Misclassification could lead to over or 
under-estimation of forest-loss/gain in a specific area.  

 
Recommendations for Future works: 

●​ Incorporating expanded classification to different forest types and other classes based 
on their spectral histogram 

●​ Conducting in-situ validation using GPS-referenced forest data to improve 
classification accuracy with the real world 

●​ Future study can integrate sentinel-2 imagery with Landsat for higher quality spatial 
and temporal assessments 
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●​ For improving classification accuracy, exploring deep learning techniques such as 
convolutional neural Network (CNNs)  

●​ The findings can be integrated into global forest-climate models, improving 
predictions of future forest responses to climate variability.​
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A  Appendix 
​

 
Figure A.1: Confusion metrics for RF, SVM, CART across 2010 (before 

cross-validation) 
 
 

 
Figure A.2: Confusion metrics for RF, SVM, CART across 2015 (before 

cross-validation) 
 
 

​
Figure A.3: Confusion metrics for RF, SVM, CART across 2020 (before 

cross-validation)  
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​
Figure A.4: Confusion metrics for RF, SVM, CART across 2024 (before 

cross-validation) 
 
 

Figure A.5: Confusion metrics for 10-fold-cross-validation for SVM 2010 
 
 

 
Figure A.6: Confusion metrics for 10-fold-cross-validation for RF 2015 
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​
Figure A.7: Confusion metrics for 10-fold-cross-validation for SVM 2015 

 
 

​
Figure A.8: Confusion metrics for 10-fold-cross-validation for CART 2015 

 
​

​
Figure A.9: Confusion metrics for 10-fold-cross-validation for RF 2020 
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Figure A.10: Confusion metrics for 10-fold-cross-validation for SVM 2020 

 
​

 
Figure A.11: Confusion metrics for 10-fold-cross-validation for CART 2020 

 
 

 
Figure A.12: Confusion metrics for 10-fold-cross-validation for SVM 2024 
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Figure A.13: Confusion metrics for RF in seasonal classification (May-July, 2024) 

 
 

 
Figure A.14: Confusion metrics for SVM in seasonal classification (May-July, 2024) 
 

 
Figure A.15: Confusion metrics for CART in seasonal classification (May-July, 

2024) 
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Figure A.16: Yearly aggregated values for total precipitation, mean temperature, mean 

LST and mean NDVI 
 
 

 
Figure A.17: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 

correlation value (r) and mean LST (2010-2012) 
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Figure A.18: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 

correlation value (r) and mean LST (2013-2015) 
 

 
Figure A.19: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 

correlation value (r) and mean LST (2016-2018) 
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Figure A.20: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 

correlation value (r) and Mean LST (2019-2021) 
 

​
Figure A.21: Per month aggregated values for NDVI with precipitation Pearson 
correlation value (r) and total precipitation, NDVI with precipitation Pearson 
correlation value (r) and mean temperature, NDVI with precipitation Pearson 

correlation value (r) and mean LST (2022-2024) 
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Figure A.22: Visual inspection of classifiers by comparing results of three models 
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