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Abstract

This research involves monitoring progress evaluating effectiveness of forest and landscape
restoration efforts through an innovative methodology that combines deep learning and remote
sensing techniques.

The study addresses a reforestation project in Tannourine, a town in Lebanon's North
Governorate and Batroun District, implemented by the Land and Natural Resources Program at
the Institute of the Environment, University of Balamand, in collaboration with the Municipality
of Tannourine and the Association for Forests, Development, and Conservation (AFDC).

The aim of the work is to develop a comprehensive methodology to map changes in vegetation
cover post restoration, identify patterns of success and areas needing further intervention, and
evaluate the effectiveness of restoration initiatives.

Using labeled satellite imagery, several pixel classification models were developed and trained to
predict vegetation density. The best-performing model was used to classify pairs of pre- and post-
groups of interventions imagery. Changes in vegetation density were detected in each pair. Using
this approach, we assessed and monitored the variation of vegetation density in all planted and
non-planted zones.

The analysis revealed that restoration efforts led to an increase in vegetation density in 13.02%
of the planted areas, compared to a 3.08% increase in the excluded zones. These findings
underscore the positive impact of restoration interventions in the targeted areas, while
identifying the zones where plantation efforts were successful and those requiring further
interventions.

KEYWORDS: Vegetation, Monitoring, Restoration interventions, Remote sensing, Deep learning,
Sentinel-2 imageries.
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Introduction

1. Background and Problem Statement

Deforestation has been a longstanding activity of humans. The Mediterranean region experienced
deforestation before the 5th century (Thomas, 1956) (Thirgood, 1981).

Lebanon's forest cover has been almost completely destroyed as a result of thousands of years of
clearing, pastoral disturbance, and exploitation for building material. What is left are only isolated
remnants of the once plentiful cedar, fir, and juniper forests, with most of the oak forests now
reduced to scrubland (Mikesell, 1969). Between 2001 and 2023, Lebanon experienced a loss of
6.40 kha of tree cover, resulting in a 9.8% reduction in tree cover compared to the year 2000
(globalforestwatch, n.d.).

As a project that has a general aim to fight against deforestation so as to promote local
development through tree planting as part of Ministry of Agriculture 40 million trees campaign,
the university of Balamand in Lebanon, entered, in July 2021, into an agreement with the Council
for Development and Reconstruction (CDR) for the implementation of a 50 ha reforestation
project in Tannourine, Lebanon (Balamad.edu.lb, 2021), by planting about 37,500 seedlings of
trees and flowers (Afforestation project in Tannourine, n.d.), which was fully funded by the French
Agency for Development (AFD) within the program to support social resilience, infrastructure,
forestry and agriculture in Lebanon (programme d'appui a la résilience sociale, aux
infrastructures, a la forét et a I'agriculture au Liban) PARSIFAL.

The Land and Natural Resources Program at the Institute of the Environment in the university of
Balamand, collaborated with the Municipality of Tannourine and the Association for Forests,
Development and Conservation (AFDC) to implement the different activities of the project over a
span of 40 months (Balamad.edu.lb, 2021).
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Figure 1 : Lebanon, Tannourine, Jord Tannourine



However, evaluating and illustrating the success of restoration initiatives is vital for setting
achievable management goals and determining the most effective strategies. (Dawson et al,
2016). Monitoring is a key component of such projects, essential for documenting restoration
progress and results, gaining insights for future project design and management, and ensuring
that both the restoration programs and the public are informed about the effective allocation of
funds (National academies of sciences, 2017).

Monitoring restoration activities can pose numerous challenges, encompassing socio-economic
and environmental factors. (Meroni et al, 2017) emphasize the difficulties in evaluating the
impact of restoration projects, pointing out issues such as limited information, poor accessibility,
and the lack of cost-effective and standardized methods.

This study proposes a remote sensing-based approach for the assessment and monitoring of
vegetation recovery on restored lands. It aims to develop a comprehensive methodology to map
changes in vegetation cover post-restoration.

Remote sensing methods have demonstrated their effectiveness in monitoring ecological
restoration due to their capacity to offer satellite data on vegetation cover inexpensively, as well
as offer solutions to challenges linked with monitoring procedures. (Chance et al, 2018)

Remote sensing observations of the Normalized Difference Vegetation Index (NDVI) can be
utilized to evaluate changes in vegetation cover trends. The NDVI, calculated from near-infrared
(NIR) and visible red (R) remote sensing data, serves as a reliable indicator of vegetation
greenness, vegetation cover, Leaf Area Index, and biomass patterns (de Bie et al, 2012) (Forkel et
al, 2013) (Tong et al, 2017).

In contrast, computer technology advancements have led to the widespread utilization of
machine learning techniques for classifying and extracting remote sensing images. This method
enhances the extraction of ground features in images, particularly with the recent introduction
of deep learning. The use of deep learning has significantly enhanced image processing
techniques, allowing for rapid and precise classification of a vast amount of data to better align
with societal advancements and human needs in production and daily life (Zhang et al, 2022).

Deep learning, an advanced form of machine learning, allows systems to autonomously discover
and represent features within data. Unlike other machine learning approaches, it enhances
prediction accuracy consistently without external assistance by utilizing multilayer learning within
neural networks. When applied to remote sensing image processing, deep learning aims to
identify and utilize the spatial, spectral, and statistical characteristics of these images (Zhang et
al, 2022).

In our study, we employed a method to detect changes between pre- and post-intervention dates.
The method involved developing a deep learning technique to classify pixels of Sentinel-2
imageries into various classes representing the vegetation density in our study area. To obtain an
optimal model, we trained several models using our data: a customized convolutional neural
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network (CNN) model, a model from the arcgis.learn module included in the ArcGIS API for
Python, and two pretrained models utilizing transfer learning technique, a machine learning
technique that aims to enhance performance on a second task by leveraging knowledge gained
from a related first task (Sinno Jialin Pan, 2010). This technique has been widely adopted across
various disciplines, including computer vision, natural language processing, and speech
recognition _(Ali et al, 2023). After selecting the model with the highest accuracy, we used its
output (a raster where every pixel is classified to a class representing its vegetation's density) to
detect changes in vegetation density, more specifically, the transition from one vegetation density
class to another that occurred in a pair of rasters using ArcGIS Pro's tools. Then, we applied spatial
analysis techniques which the tools are available in ArcGIS Pro, in order to identify successful
restoration areas and regions requiring additional intervention.

. Research Questions and Objectives

Research Questions:

How can remote sensing techniques be utilized to effectively monitor and assess vegetation
recovery on restored lands to improve restoration strategies and enhance ecosystem resilience?

Research Objectives:

1. Create and validate a methodology using remote sensing techniques to accurately map
changes in vegetation cover on restored lands over time.

2. Utilize remote sensing data to evaluate the progress of vegetation recovery, identifying
successful restoration areas and regions requiring additional intervention.

3. Analyze the remote sensing data to derive insights that can inform and improve future
restoration strategies, thereby enhancing the overall resilience of the ecosystem.

3. Work Constraints

Duration:

The project is scheduled to be completed within a 4-month timeframe. This includes all phases
from initial planning and data collection to analysis, model development, and final reporting.

Budget:

This project operates with no direct financial expenditure by utilizing existing resources and free
or open-source tools.



Resources:

- Satellite Imagery: Free satellite imagery, specifically Sentinel-2 imageries, will be obtained
from publicly accessible sources. These imageries will be downloaded from “Google Earth
Engine”, which provides high-quality, open-access data essential for the analysis required
in this project.

- Tools: The Python library, “PyTorch”, will be employed for developing deep learning
models. This library is widely used in the scientific community for its flexibility and
powerful features, and it is available for free.

- Software: An “ArcGIS Pro” license provided by “Esri Lebanon” during the Master 2 in
Geographic Information Systems and Data Science in the Lebanese university will be
utilized. ArcGIS Pro is a leading desktop Geographic Information Systems (GIS) application
designed with user-focused innovations. It provides powerful tools for managing spatial
data, creating 2D, 3D, and 4D visualizations, and performing advanced mapping analysis.
(Esri Team, n.d.)



Chapter 1: Literature Review
1. Site of Jord Tannourine

Tannourine, a town in the North Governorate and Batroun District of Lebanon, spans
approximately 92 km?, accounting for three percent of the country's total area. Its elevation
ranges from 850 to 2850 meters above sea level, and it lies 85 km from Beirut. Geographically,
Tannourine stretches from Douma to the borders of Yammouneh, and from the edges of Aqoura
to Bsharri and Hadath al-Jabba. Nestled between the Valley of the Saints (Ouadi Al Qedissin) and
the Valley of the Abraham River (Ouadi Nahr Ibrahim), and situated between Afga and the Cedars
of God, Tannourine is divided into two sections: upper Tannourine and lower Tannourine, each
with varying altitudes_(Afforestation project in Tannourine, n.d.). The region experiences a
temperate climate with distinct hot and cold seasons. Tannourine is renowned for its cedar forest
nature reserve, which attracts tourists, and for its agricultural lands. The area is notable for apple
orchards and offers lands suitable for cattle grazing during spring and summer (Saikali et al, 2014).

“Jord Tannourine” (Inventory of Tannourine) is a hill in Tannourine and has an elevation of 2,027
meters. Jord Tannourine is situated close to the localities Ouadi el Jord and Ain el Hamra
(Mapcarta, n.d.). The inventory includes 6 units: Ain El Hamra, Jabal Harissa, Jabal El Qorni, Magial
Daaboul, Dhour El Barcha, Magial Bou Hamdan. Jord Tannourine's borders stretch from Bcharre
to Jbeil, all the way to Baalbek.

Legend
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Figure 2 : Map representing the boundaries of Lebanon, Tannourine town, Jord Tannourine units and the 10
afforestation site.



Itincludes 47 water bodies and 4 springs (Afforestation project in the Tannourine inventory, n.d.).
The selected afforestation site is located in the management unit called Magial Bou Hamdan of
Jord Tannourine which is a land designated for forestry, notable for meeting technical standards
for afforestation, including moderate slope, land hardness, soil availability, limited natural
vegetation cover, and the potential for water availability. In addition, most parts of the site are
easily accessible. (Afforestation project in Tannourine, n.d.).
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Figure 3 : Landcover map of the afforestation site.

Moreover, Tannourine's inventory is characterized by biological diversity, including hundreds of
species of plants and flowers, such as blandanSchott & Ky Anemone, Arabis caucasica Schl and

Alyssum baumgartnerianum.
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Figure 4 : Flowers Species in Jord Tannourine.

2. Vegetation monitoring from leveraging field surveys to using remote
sensing techniques

Before the research of (Taddeo et al, 2022), vegetation monitoring on restored lands was
primarily conducted through traditional field surveys.

Field surveys involved manual data collection by researchers visiting restoration sites to assess
vegetation properties and changes over time. These surveys were time-consuming, costly, and
limited in spatial coverage compared to remote sensing methods. The traditional methods lacked
the ability to monitor large areas continuously and detect stressors or unexpected vegetation
responses promptly. The use of remote sensing techniques in vegetation monitoring was not
common in restoration literature and practice before this study. Remote sensing methods, as
discussed in various studies (Thomsen et al, 2021) (Wang et al, 2021) (Bako et al, 2021), involve
using aerial and satellite images to assess vegetation responses to disturbances and landscape
transformations, providing valuable insights into plant stress, recovery trajectories, and
restoration success. Techniques such as area searches, transect surveys, unoccupied aircraft
systems (UAS) imagery, and high-spatial-resolution aerial remote sensing can help track
vegetation colonization, survival, and recruitment over time. By integrating remote sensing
approaches into monitoring strategies, researchers and conservationists can bridge the gap
between field surveys and rapidly identify stressors or unexpected vegetation responses,
ultimately enhancing the management and success of restoration projects.
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3. Monitoring vegetation recovery using deep learning and remote
sensing techniques

The integration of deep learning techniques with remote sensing data for monitoring vegetation
recovery is an emerging field with significant potential for ecological restoration. This literature
review explores key studies and technologies that contribute to this area.

3.1 "Automated Mapping of Portulacaria afra Canopies for Restoration Monitoring with
Convolutional Neural Networks and Heterogeneous Unmanned Aerial Vehicle Imagery” -
2022

The primary objective of the study (Galuszynski et al, 2022) is to employ convolutional neural
networks (CNNs) to map and monitor the canopy cover of Portulacaria afra (P. afra) using imagery
from unmanned aerial vehicles (UAVs). P. afra, commonly known as Spekboom, plays a vital role
in the Albany Subtropical Thicket as an ecosystem engineer, improving soil organic matter, water
retention, and providing microhabitats for other species. Effective monitoring of P. afra is essential
for evaluating restoration success and managing adaptive restoration strategies.

Experimental plots were established across the Albany Subtropical Thicket biome between 2008
and 2009. Imagery was captured using DJI Phantom 4 Pro and DJI Mavic 2 Pro UAVs. These flights
were conducted at varying times, resulting in different light conditions. Flights were conducted at
an altitude of 30 meters, with images taken at 10-meter intervals, achieving a ground sampling
distance (GSD) of approximately 0.9 cm/pixel. This high resolution allows for detailed analysis of
the vegetation.

The images were processed using Metashape software to create orthoimages, and reference data
was generated by manually delineating P. afra canopies on these orthoimages, which were then
converted into binary masks indicating the presence or absence of P. afra.

The collected images were processed using Metashape software to create orthoimages, from
which reference data was generated by manually delineating P. afra canopies. These manually
annotated images were then converted into binary masks to indicate the presence or absence of
P. afra.

The Unet CNN architecture, known for its efficiency in segmentation tasks, was employed for this
process. It consists of an encoder that extracts image features at multiple scales and a decoder
that reconstructs the image while preserving spatial resolution. Non-overlapping tiles of 128x128
pixels were extracted from the orthoimages for model training, capturing the characteristic
features of P. afra. The model learned to identify features such as leaf shapes and canopy edges,
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with skip connections in the Unet architecture allowing for accurate segmentation at the original
resolution.

The CNN model successfully classified P. afra canopy cover with high accuracy, demonstrating
robustness across different UAV models and lighting conditions. The approach required minimal
expert intervention, making it accessible to practitioners without specialized training in machine
learning or remote sensing.

This automated mapping method is scalable, allowing for monitoring over large areas, which is
crucial for extensive restoration projects. Using commercially available UAVs and CNN algorithms
reduces the cost and effort associated with traditional monitoring techniques. The high-
resolution, accurate data produced by this method supports adaptive management practices,
enabling timely and informed decisions to enhance restoration outcomes.

In conclusion, integrating UAV imagery with CNN algorithms represents a significant advancement
in restoration ecology. This study highlights the potential of this approach to provide rapid,
accurate, and cost-effective monitoring of vegetation cover, essential for the success of large-scale
ecological restoration projects.

3.2 “Remote sensing assessment of land restoration interventions in South Africa” - 2019

This assessment (MUCHANDO, 2019), investigates the effectiveness of various land restoration
interventions in the Baviaanskloof catchment area using remote sensing techniques. This
research is part of the Subtropical Thicket Restoration Programme (STRP) initiated in 2004, aimed
at rehabilitating landscapes severely degraded by prolonged overgrazing.

The Baviaanskloof catchment has experienced significant land degradation due to extensive
livestock grazing, necessitating restoration efforts to rehabilitate the ecosystem.

Since 2005, over 1,000 hectares have been targeted for restoration by planting native Spekboom
(Portulacaria afra). This study aims to assess the impact of these interventions on vegetation
recovery using remote sensing data.

The study focuses on four specific types of restoration interventions:

1. Revegetation with Spekboom without grazing protection.

2. Fencing (protection from livestock and wild animals) - termed 'thicket wide plots.'
3. Planting Spekboom in livestock exclusion zones.

4. Excluding livestock from degraded areas to promote natural regeneration.

Landsat satellite images from 2000 to 2018 were used to derive the Normalized Difference
Vegetation Index (NDVI), which measures vegetation greenness and cover.
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NDVI Analysis: The NDVI data were processed using an unsupervised classification method to
generate classes representing different levels of vegetation greenness over time. Six NDVI classes
for restoration areas and three for non-restoration areas were selected for detailed analysis.
Trend Analysis: Inter-annual and intra-annual NDVI trends were analyzed to understand
vegetation dynamics. The Before-After Control-Impact (BACI) model was employed to compare
the NDVI trends between restored and non-restored areas over time.

The NDVI trend analysis showed relatively similar trends across different restoration interventions
when compared to non-restored areas.

Concerning the impact of grazing exclusion, areas where grazing was excluded showed a
significant increase in green vegetation cover compared to non-restored areas. This finding
suggests that eliminating grazing pressure is crucial for the successful recovery of degraded
subtropical thickets.

Areas where Spekboom was planted and protected from grazing exhibited more substantial
vegetation recovery than areas where the vegetation was not protected from livestock.

The study provides critical insights for restoration authorities, emphasizing the need to protect
restored areas from grazing to ensure successful vegetation recovery.

The comparative method used in this study can be applied to other landscapes in South Africa
and globally, offering a standardized approach for evaluating the effectiveness of restoration
interventions.

This research highlights the critical role of remote sensing in monitoring and assessing land
restoration efforts. By providing a detailed quantitative analysis of vegetation recovery, the study
offers valuable feedback for improving restoration strategies and achieving sustainable land
management. The findings underscore the importance of protecting restored areas from grazing
to facilitate ecological recovery and contribute to broader environmental and sustainable
development goals.

3.3 “Deep Learning Application for Crop Classification via Multi-Temporal Remote Sensing
Images” — 2023

The study (Li et al, 2023) aims to enhance the accuracy of crop classification using deep learning
models applied to multi-temporal remote sensing images. The objective is to explore and
compare various deep learning architectures to effectively capture the temporal, spectral, and
spatial characteristics of crop data over time.

The research focuses on Norman County, located in northwestern Minnesota, which is
characterized by a diverse range of crops including corn, soybeans, sugar beets, and spring wheat.
Sentinel-2 images from the period of April to October 2021 were utilized, providing high-
resolution (10m, 20m, and 60m) and cloud-free data for the entire growing season. The Cropland
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Data Layer (CDL) served as the ground truth dataset, known for its high accuracy (over 95% for
corn and soybeans) and was accessed from the CropScape portal.

The study compares two main strategies for multi-temporal crop classification:

1. Stacking Multi-Temporal Images:

This approach involves stacking images captured at different times into a single dataset and
applying traditional classifiers such as Support Vector Machine (SVM), Random Forest, and
Maximum Likelihood.

However, this strategy fails to capture temporal correlations and treats features from different
time points independently, leading to redundancy and high dimensionality, which degrades
classification performance.

2. Spectral Indices and Time-Series Construction:

This method converts reflectance images into spectral indices like the Normalized Difference
Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI). These indices are then used
to construct time-series data, highlighting temporal patterns of crop growth.

It improves classification accuracy by revealing temporal dynamics.

However, the effectiveness is limited by the number of images; insufficient temporal data
reduces the impact on classification performance. Additionally, it requires manual feature
engineering based on domain expertise, increasing processing complexity.

The study evaluates five deep learning architectures to address these limitations:

e 1D-CNN (One-Dimensional Convolutional Neural Network): Focuses on extracting
temporal features from sequential data.

e LSTM (Long Short-Term Memory Network): Captures long-term dependencies in time-
series data.

e 2D-CNN (Two-Dimensional Convolutional Neural Network): Integrates spatial and
temporal information from images.

e 3D-CNN (Three-Dimensional Convolutional Neural Network): Utilizes spatial, temporal,
and spectral data simultaneously.

e ConvLSTM2D (Convolutional Long Short-Term Memory): Combines CNN and LSTM
capabilities to handle multi-temporal image sequences effectively.

Results:

e 1D-CNN and LSTM: Achieved high accuracy of 92.5% and 93.25%, respectively, when
using single temporal features, outperforming the Random Forest model (91%).
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e 2D-CNN: Demonstrated an accuracy of 94.76% by combining temporal and spatial
information, though it did not fully exploit multi-spectral features.

e 1D-CNN and LSTM with Multi-Spectral and Temporal Features: Reached accuracies of
96.94% and 96.84%, respectively, but lacked the ability to extract spatial features.

e 3D-CNN and ConvLSTM2D: Provided the highest accuracy (97.43% and 97.25%,
respectively), demonstrating the effectiveness of integrating temporal, spectral, and
spatial data for crop classification.

The study highlights the significant limitations of traditional classification methods and
underscores the advantages of deep learning models in handling complex multi-temporal, multi-
spectral, and spatial data. Among the models tested, the 3D-CNN and ConvLSTM2D architectures
emerged as the most effective, achieving the highest classification accuracies. These findings
suggest a need for further development of ConvLSTM models to fully harness the potential of
multi-temporal remote sensing data.

3.4 “Vegetation Coverage Monitoring Model Design Based on Deep Learning” - 2022

The paper_(Zhang et al, 2022) addresses the critical issue of desertification, which poses a
significant threat to human survival and sustainable development. Traditional methods for
monitoring desertification, such as manual field mapping, are inefficient and labor-intensive. With
advancements in remote sensing and information technology, automated methods have become
viable alternatives. This study proposes a method for monitoring vegetation coverage and rocky
desertification using deep learning, specifically the ENVINet-5 model based on the TensorFlow
framework.

The study utilizes the ENVINet-5 deep learning model, an improvement of the U-NET architecture,
for processing Landsat medium-resolution satellite images. The model features a five-level, 27-
convolution-layer architecture that employs both upsampling and downsampling processes to
enhance image features while reducing computational load. Key processes include:

1. Convolution Operations: Extracting image features using 3x3 convolution kernels.

2. Pooling Operations: Reducing image size with 2x2 max pooling layers.

3. Activation Functions: Using Rectified Linear Unit (ReLU) to address the gradient disappearance
problem and improve training efficiency.

4. Loss Functions: Implementing functions like root mean square error to evaluate and optimize
model classification accuracy.

Training samples were manually labeled using medium-resolution Landsat TM and OLI images,
and the model was fine-tuned through iterative adjustments of epochs and batch sizes.
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The model demonstrated the ability to classify four types of ground objects—desert, water,
cultivated land, and construction land—with high accuracy. The classification results from 2000
to 2018 show that the model's performance is consistent and meets the accuracy requirements
for practical applications. The study highlights the advantages of deep learning over traditional
machine learning methods, particularly in automating feature extraction and selection from
remote sensing images.

3.5 Deep Learning-Based Detection of Urban Forest Cover Change along with Overall Urban
Changes Using Very-High-Resolution Satellite Images — 2023

This research (Javed et al, 2023) explores the use of deep learning for detecting changes in urban
forest cover using very-high-resolution (VHR) bitemporal satellite imagery, since urban forests
provide critical ecosystem services but face severe degradation from human activities and natural
disasters.

The study aims to develop a deep learning-based approach for detecting urban forest cover
changes alongside other urban changes using VHR satellite images. Two deep learning networks
are used: Deeplabv3+ for generating binary forest cover masks and a deeply supervised image
fusion network (DSIFN) for generating binary change masks. The authors propose using VHR
bitemporal images to independently train these two networks. DeeplLabv3+ is utilized for its
ability to extract high-level features at different scales, while DSIFN is used for its capability to
generate highly representative deep bitemporal features. The outputs of these networks are
concatenated for semantic change detection (CD), focusing on forest cover changes. Full scene
tests were performed using VHR bitemporal imagery of three urban cities from three different
satellites. The proposed method demonstrated significant changes in forest cover alongside
urban environmental changes, achieving higher accuracy, F1-score, kappa, and intersection over
union (loU) values compared to other techniques.

The study provides a robust method that can be used for monitoring the impacts of climate
change, urbanization, and natural disasters on urban environments and forests, highlighting the
relationship between urban environmental changes and urban forest changes. The research
aligns with ongoing advancements in utilizing VHR satellite imagery for environmental monitoring
and addresses the limitations of traditional and low/middle-resolution satellite image-based
methods. By focusing on urban forests, the research underscores a crucial area of urban
ecosystem services and environmental health, offering a practical solution to the challenges of
monitoring urban forest degradation and deforestation.
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Chapter 2: Materials and Methods

2.1 Site Interventions

Various activities of the project were implemented at the mentioned earlier site of the “Magqjial
Bou Hamdan" management unit in “Jord Tannourine" (inventory of Tannourine), between

November 2021 and June 2023.

The interventions implemented during the project were diverse, with some falling under the
category of "Planting," while others were related to essential activities such as irrigation system
installation, fence maintenance, and the installation of an artificial pond. These various
interventions were designed to ensure the success of the reforestation efforts and to support the
ongoing health and growth of the vegetation in the study area.

The plantation interventions were conducted across two distinct seasons: season 1 and season
2. Each plantation season targeted a specific group of zones. The plantation season 2 is divided

into three phases.

The interventions’ dates are represented in the table below:

Table 1: Table representing the dates and the types of the interventions

Task Period
First plantation phase (season 1) November 19 2021 until
December 2021

Installation of fences and irrigation system

August 2022

Second plantation phase (season 2) 1. 25 May 2022 until end of
June 2022
2. 7 November 2022 (only
few days of work due to
the start of snow season)
3. 17 May 2023 until 31 May
2023 (i.e., work was
resumed)
Artificial pond installation November 2022
Irrigation 1. between July and October
2022
2. between July and October
2023
Fence maintenance June 2023
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Interventions conducted under the same title but on different dates are considered as semi-

interventions.

The following figures illustrate the zones within the afforested site, especially the species that
were planted during season 1 and season 2 (Figure 5) (Figure 6).
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Figure 5: Map showing the zones and species planted during the season 1.
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Figure 6: Map showing the zones and species planted during the season 2.



Figure 7: Planted seedling in the inventory during an intervention.

Figure 8: Installed pond in the inventory.
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2.2 Data Acquisition

2.2.1 Sentinel-2 Dataset

Sentinel-2 (S2) is a high-resolution multispectral imaging mission with a wide swath that provides
a global 5-day revisit frequency. The S2 Multispectral Instrument (MSI) collects data in 13 spectral
bands, including visible and near-infrared (NIR) at 10 meters, red edge and shortwave infrared
(SWIR) at 20 meters, and atmospheric bands at 60 meters spatial resolution. This data is well-
suited for assessing the status and variations in vegetation, soil, and water cover. (Google Earth
Engine Team, n.d.)

The satellite datasets used in this research were accessed and downloaded through the Google
Earth Engine (GEE) platform. The specific collection utilized was the Sentinel-2 MSI: Multispectral
Instrument collection, particularly the “Harmonized Sentinel-2 MSI: MultiSpectral Instrument,
Level-2A” collection. This collection comprises Level-2A orthorectified, atmospherically corrected
surface reflectance data (Google Earth Engine Team, n.d.). The images downloaded have a spatial
resolution of 10 meters and are provided in the projected coordinate system WGS (World
Geodetic System) 1984 Web Mercator (auxiliary sphere) with the European Petroleum Survey
Group code: 3857 (EPSG) and having for bounds the management units of inventory of
Tannourine.

To train our model, we carefully selected and downloaded 26 images, prioritizing those with
minimal cloud cover. The downloaded Sentinel-2 images are those having the dates: 28/06/2024,
24/06/2023, 24/06/2022, 24/06/2021, 24/06/2020, 25/06/2019, 03/07/2024, 04/07/2023,
04/07/2022, 04/07/2021, 04/07/2020, 05/07/2019, 02/09/2023, 02/09/2022, 02/09/2021,
02/09/2020, 03/09/2019, 22/10/2023, 02/10/2022, 22/10/2021, 22/10/2020, 16/11/2023,
06/11/2022,06/11/2021,01/11/2020 and 07/11/2019. Additionally, we have downloaded three
additional satellite imageries corresponding to the snow season (10/05/2023, 20/05/2022 and
24/04/2024) to enhance the training of our model with snow-inclusive data for accurate snow
detection.

In total, we acquired 29 images.

The Sentinel-2 metadata MSK_CLDPRB (Cloud Probability Mask) was utilized to mask clouds from
the images. A threshold of 10% was applied, meaning only pixels with a cloud probability of less
than 10% were considered for analysis. Following cloud masking, the images underwent
reflectance conversion. This step was necessary because the assets consist of 12 UINT16 spectral
bands, which represent surface reflectance (SR) values scaled by a factor of 10,000 (Google Earth
Engine Team, n.d.)
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Figure 9: Map containing a Sentinel 2 downloaded image with the date 28/06/2024, having for
bounds the Jord Tannourine management units boundaries.

The satellite images were used to generate the Normalized Difference Vegetation Index (NDVI)
rasters using ArcGIS Pro 3.2.2, specifically, using the NDVI raster function.

The normalized difference vegetation index (NDVI) is a standardized metric utilized to create an
image that illustrates greenness, which is also referred to as relative biomass. This index leverages
the contrasting properties of two bands from a multispectral raster dataset: the absorption of
chlorophyll pigment in the red band and the elevated reflectivity of plant material in the near-
infrared (NIR) band. Values that are extremely low or negative indicate regions devoid of
vegetation, such as clouds, water bodies, or snow. Very low values signify areas with minimal to
no vegetation, including concrete, rock, or bare soil. Moderate values correspond to regions
characterized by shrubs and grasslands, while high values are indicative of forested areas and
dense vegetation (Esri Team, n.d.).
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Figure 10: Map containing the computed NDVI for the Sentinel 2 image having the date 25/06/2019, focusing on
the Magial Bou Hamdane management unit of Jord Tannourine and the afforestation site boundaries.

For symbology, the images were categorized into six classes of land use and vegetation density,
following the classification established by (Aquino & Oliveira, 2012).

Table 2: Description and NDVI class interval for vegetation cover.

Class Classification criterion
Bare soil and/or water NDVI<0
Very Low O0<NDVI< 0.2
Low 0.2<NDVIL 04
Moderately Low 0.4 <NDVI< 0.6
Moderately High 0.6 <NDVI< 0.8
High 0.8<NDVI<1

2.2.2.2 Other Data

GIS data provided by the University of Balamand team served as a fundamental resource for this
study, enabling comprehensive spatial analysis and assessment of vegetation changes focused of
the study site.

- Shape file representing Tannourine Boundary

- Shape file representing the management units of Jord Tannourine
- Shape file representing the boundaries of the afforested site

- Shape file representing the planted zones of the afforested site

- Shape file representing the excluded zones of the afforested site

25



- Shape file representing the water bodies in Tannourine

2.3 Change Detection Using Deep Learning Model’s Output

2.3.1 Labeling

The "Export Training Data for Deep Learning" tool in ArcGIS Pro was utilized to generate image
chips and their corresponding labels for supervised classification. This tool transforms labeled
vector or raster data into training datasets suitable for deep learning by utilizing remote sensing
imagery. The output includes a directory containing image chips and another directory with
metadata files in the specified format_(Esri Team, n.d.).

The tool was executed for each preprocessed satellite image fed with the reclassified rasters
considered as the labels.

We followed the below steps in order to prepare the input required for this tool:

2.3.1.1 Reclassify NDVI Rasters

For labeling the data, we initially reclassified the generated NDVI rasters using the "Reclassify"
tool in ArcGIS Pro, applying the previously mentioned range classifications (Table 2). We used the
two management units’ boundaries, "Magial Bou Hamdane" and "Magqial Saleh", as a mask for
the raster.
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The reclassification of the NDVI rasters’ values is based on the table below:

Table 3: Table representing the reclassification of the NDVI rasters' values.

Value New Value (Class) Description
-1-0 1 Bare soil and/or water
and/or snow
0-0.2 2 Very low vegetation density
0.2 -04 3 Low vegetation density
0.4 - 0.6 4 Moderately low vegetation
density
0.6 - 0.8 5 Moderately high vegetation
density
08 -1 6 High vegetation density
No Data No Data No Data

2.3.1.2 Convert Rasters to Polygons

Following this, we converted the reclassified rasters to polygons using the "Raster To Polygon"
tool in ArcGIS Pro. This process yielded feature classes representing the vegetation density across
the management units in Tannourine's inventory.

In addressing the challenge of distinguishing between water and snow using NDVI ranges,
specifically in the imageries having the dates that corresponds to the snow season, we initially
used the "Reclassify" tool with a threshold of NDVI values between -1 and 0 to categorize pixels
as snow and giving them a new value of “7” (representing snow). This preliminary classification
was followed by converting the reclassified raster to polygons. Subsequently, the water pond
situated within the reforestation site was manually labeled by editing the polygon and creating a
new feature to accurately represent the pond's location as indicated on the satellite imagery and
the shape file representing the water bodies of Tannourine. We gave the “gridcode” field for these
new features a value of “1” (representing water), as indicated in the (Table 3).

2.3.1.3 Composite Rasters

We referred to the studies by (Kattenborn, 2020) and (Kwan et al, 2020) to guide our selection
of RGB (red, green, and blue) and near-infrared (NIR) bands as the input for our model.
Kattenborn (2020) demonstrated the effectiveness of Convolutional Neural Networks (CNN) in
identifying tree species using RGB images, highlighting the importance of RGB bands in vegetation
monitoring. Additionally, Kwan et al. (2020) emphasized the practical advantages of using fewer
bands, such as RGB and NIR, for land cover classification. These studies informed our decision to
focus on these specific bands for our project.
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We used the "Composite Bands" tool in ArcGIS Pro, which creates a single raster dataset from
multiple bands_(Esri Team, n.d.), to ensure the raster contained only the four bands: Blue (B2),
Green (B3), Red (B4), and Near InfraRed (NIR) (B8), since we want to feed the model only these
bands of the satellites imageries (Google Earth Engine Team, n.d.).

2.3.1.4 Create a Buffer

A buffer polygon was generated using the "Buffer"” tool (Esri Team, n.d.) to create buffer polygons
surrounding input features at a distance of 500 meters around the two management units of Jord
Tannourine: "Magial Saleh" and "Magial Bou Hamdane"

After preparing the data, the “Export Training Data for Deep Learning” tool was executed for every
satellite image using the following parameters:

The raster consisting of the 4 extracted bands: Blue (B2), Green (B3), Red (B4), and Near InfraRed
(NIR) (B8) _(Google Earth Engine Team, n.d.) as input raster, the converted polygons with the
"gridcode" field containing the labels of the features as input feature class and the generated
buffer polygon was used as the input mask polygon.

The TIFF image format and the map's spatial reference system were selected, with "Classified
Tiles" chosen as the metadata format.

Additionally, the tile size X and Y (the size of the image chips for the X and Y dimension) was set
to 32.

The stride X and Y (The distance to move in the x direction when creating the next image chips
(Esri Team, n.d.) was set to 16, half of the tile size, which means that there will be 50% overlapping
in the images’ chips.

Images o Pre?:g:; Eﬁff'ng o NDVI .| Reclassify .| Rastersto
Download o Masking) "l Generation "| Rasters "l Polygons
As Input
h 4
Extract the 4 As Input o
(o T Ll
bands Export Training Data for
Deep Learning

Figure 12 Diagram representing the labeling workflow of the satellite images

2.3.2 Deep Learning Model Development

2.3.2.1 Device Specifications
The device used for the deep learning model development have the following specifications:
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e Graphics Processing Unit (GPU): NVIDIA GeForce RTX 3060 Ti
e Central Processing Unit (CPU): 12th Gen Intel(R) Core (TM) i7-12700F 2.10 GHz
e Memory (RAM): 32.0 GB
e Storage (SSD/HDD):
» HDD (Hard Disk Drive): TOSHIBA DTO1ACA100 LENOVO
» SDD ((Solid State Drive): NVMe SK hynix BC711 HFM512GD3JX013N
e Operating System: Windows 11 Pro

2.3.2.2 Libraries and Toolkits Used
The following libraries and toolkits were used to develop the deep learning model:

e ArcGIS API for Python: arcgis 2.2.0.1

e Tensors and Dynamic neural networks in Python with strong GPU acceleration: torch
1.8.1+culll

e PyTorch Image Models: timm 0.4.12

e Image segmentation models with pre-trained backbones: segmentation-models-pytorch
0.2.1

e CUDA Version: 12.2

e A hyperparameter optimization framework: Optuna 3.0.4

e Fastai 1.0.63

2.3.2.3 Built Models

We drew on the insights from previous studies, such as (Kattenborn, 2020), which demonstrated
the high effectiveness of the Convolutional Neural Network (CNN) architecture in vegetation
monitoring, particularly for identifying tree species using RGB images.

In this study, we developed and trained models based on the Convolutional Neural Networks
(CNNs) architecture to classify the land cover of the afforested site, as this deep learning method
has demonstrated both accuracy and effectiveness across various image recognition tasks and
contests _(Krizhevsky et al, 2012) (Shin et al, 2016) _(Huang et al, 2018). The concept of
Convolutional Neural Networks (CNN) was derived from the operations of the visual cortex,
where neurons exhibit sensitivity to visual inputs across various scales within distinct and partially
overlapping areas of the visual field, referred to as receptive fields (Hubel & Wiesel, 1962)
(Cadieu et al, 2014).

We built four trained models: a model from arcgis.learn module, a customized CNN model, and
two pretrained models: Unet and DeeplLabV3Plus.

For all the built models, the data underwent a series of transformations using the
“fastai.vision.transform” module from the Fastai library to enhance data augmentation. The
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transformations applied included cropping, adjusting contrast and brightness, random zooming,
horizontal flipping, and jittering. These augmentation techniques were used to introduce
variability into the training data. The data was prepared using the prepare_data function from
the arcgis.learn module, which prepares data exported using the “Export Training Data for Deep
Learning” tool in ArcGIS Pro or training samples in the supported dataset formats ensuring that
the dataset was optimally structured for model training, while the output consists of training and
validation datasets with the specified transformations, chip size, batch size, split percentage and
other parameters (Esri Team, n.d.). 10% of the training data was allocated as a validation set by
this function.

Concerning the built custom CNN and the UnetClassifier model, we used the Optuna library to
find the best hyperparameters yielding the higher accuracy. Additionally, Optuna was utilized to
search for the best model from arcgis.learn module. Optuna is a framework for automating
hyperparameter search, available as open source (Optuna, n.d.).

For building the two models using transfer learning (Unet and DeeplLabV3Plus), the pretrained
models were loaded from the “segmentation Models” (segmentation_models_pytorch) (SMP),
which is an open-source Python package designed to provide high-performance and easy-to-use
implementations of popular deep learning architectures for semantic segmentation tasks, built
on top of PyTorch (pypi.org, n.d.).

The “timm” library is required for the installation of segmentation_models_pytorch library. Timm
is a deep-learning library developed by Ross Wightman, offering a comprehensive collection of
state-of-the-art (SOTA) computer vision models, along with layers, utilities, optimizers,
schedulers, data loaders, and augmentation techniques. It also provides training and validation
scripts, enabling users to reproduce ImageNet training results (timm.fast.ai, n.d.).

The used version of these libraries is mentioned in 2.3.2.2 Libraries and Toolkits Used section.

All models in this study are designed to output predictions for 8 distinct classes, represented in
the table below:

Table 4: Table representing the distinct classes and their description of the prepared dataset

Class Code Description

Background (No Data)

Bare soil and/or water

Very low vegetation density

Low vegetation density

Moderately low vegetation density
Moderately high vegetation density
High vegetation density

Snow

Noju~hwW|IN|FL|O
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Using arcgis.learn Module:

We utilized the Optuna library to explore and identify the pretrained model that best fits our
training data.

We designed a series of trials using Optuna to explore various combinations of pixel classification
models from arcgis.learn, specifically "UnetClassifier" (having resnet34 as backbone),
"PSPNetClassifier", (having resnet50 as backbone) and (having resnetl01 as backbone)
"Deeplab", along with different batch sizes of 4, 8, and 16. With a total of 20 trials, the
optimization process aimed to identify the model configuration that achieved the highest
accuracy. In each trial of the Optuna’s search, after applying the earlier mentioned
transformations, along with the batch size selected for each trial, the data was prepared using
the prepare_data function from the arcgis.learn module. The optimal learning rate was
determined using the Ir_find() function from the Fastai library, which performed a simple
experiment by gradually increasing the learning rate after each mini-batch and recording the loss
function at each iteration (Medium, n.d.). This approach ensured that the best possible learning
rate was chosen for each trial, maximizing model performance and convergence. The number of
epochs for each trial was set to 20, with a chip size of 32, matching the size of the entire image
tile (obtained previously). Early stopping was enabled to ensure that training would halt when no
further improvements in the loss were detected, preventing overfitting and reducing unnecessary
training time. This configuration allowed the model to process the full image tile efficiently while
adapting the training duration based on performance.

The results indicated that the "UnetClassifier" model, having resnet34 as backbone, when used
with a batch size of 12, with a learning rate equal to 9.1201e-05, yielded the highest accuracy
among all tested combinations: 0.8885.

Using Torch Library:

Using Torch, three models were developed. The first was a custom CNN model, designed from
scratch to fit the specific needs of the dataset. Two models were built using transfer learning,
where pretrained image segmentation models were fine-tuned on our dataset.

1. Custom CNN:

The CustomSegmentationCNN model follows an encoder-decoder architecture, which is
commonly used for image segmentation tasks. Additionally, the effectiveness of Convolutional
Neural Networks (CNN) in identifying tree species is demonstrated by (Kattenborn, 2020). The
model is designed to process 4-channel input images and output pixel-wise class predictions.
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Encoder:

The encoder consists of three convolutional blocks designed to capture and compress the spatial
information of the input image.

First Convolutional Block:

Layer: Conv2d

Input Channels: 4 (representing the 4 image bands)

Output Channels: 32

Kernel Size: 3x3

Padding: 1 (ensures the output has the same spatial dimensions as the input)
Activation Function: ReLU

The Rectified Linear Unit (ReLU) introduces non-linearity.

Pooling: MaxPool2d

Pooling Size: 2x2

This down-samples the input by a factor of 2, reducing spatial dimensions.

Second Convolutional Block:

Layer: Conv2d

Input Channels: 32

Output Channels: 64

Kernel Size: 3x3

Padding: 1 (preserves spatial dimensions)
Activation Function: RelLU

Introduces non-linearity for better feature learning.
Pooling: MaxPool2d

Pooling Size: 2x2

Further reduces the spatial dimensions by half.

Third Convolutional Block:

Layer: Conv2d

Input Channels: 64
Output Channels: 128
Kernel Size: 3x3

Padding: 1

Activation Function: RelLU

The final non-linear transformation in the encoder.
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After this block, the spatial dimensions of the input have been reduced by a factor of 4 due to the
two MaxPool operations, while the feature depth has increased to 128 channels.

Decoder:

The decoder is responsible for reconstructing the compressed feature maps into the original
spatial dimensions while learning the pixel-level segmentation.

First Upsampling Block:

Layer: Conv2d

Input Channels: 128

Output Channels: 64

Kernel Size: 3x3

Padding: 1 (maintains spatial dimensions)

Activation Function: RelLU

Upsampling: Upsample

Scale Factor: 2

Doubles the spatial dimensions of the feature maps, restoring the resolution lost during
the first MaxPooling.

Second Upsampling Block:

Layer: Conv2d

Input Channels: 64

Output Channels: 32

Kernel Size: 3x3

Padding: 1

Activation Function: RelLU

Upsampling: Upsample

Scale Factor: 2

Again, doubles the spatial dimensions, recovering the original input resolution.

Final Convolutional Layer:

Layer: Conv2d

Input Channels: 32

Output Channels: the number of classes for pixel segmentation, which is 8 (Table 4)
Kernel Size: 1x1

This 1x1 convolution maps the feature maps from 32 channels to the number of segmentation
classes. Each pixel in the output represents the model’s prediction of the class for that pixel.
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No activation function is applied after this layer, as the output is typically passed through a
softmax or cross-entropy function for classification.

Forward Pass:

During the forward pass, the input image (4 channels) is passed through the encoder, which
applies convolution, RelLU, and pooling operations to progressively extract high-level features
while reducing the spatial dimensions.

The compressed feature maps are passed through the decoder, which applies convolution, RelLU,
and upsampling operations to recover the spatial resolution and reconstruct the segmentation
map.

The final output is a feature map with the same spatial dimensions as the input image, where
each pixel corresponds to a class label.

This architecture is designed to efficiently learn pixel-level segmentation by extracting and
progressively refining spatial features while ensuring that the output is aligned with the original
input size.

Optuna was used also for this model, to search for the best hyperparameters that best fits out
training data and the architecture of the customized model.

The search of Optuna consisted of 60 trials, where combinations of different parameters were
tested looking for the best accuracy.

The parameters considered (changed) during the trials were:

e Learning rate: Values tried are between the range le-5 and le-1

e Batch Size: Values tried are numbers from the list of: 8, 16, 32 and 64

e Number of Epochs: Values tried are between the range of 10 and 50

e Optimizer: Different optimizers were tried: "Adam", "SGD", "RMSprop", "Adagrad",
"Adadelta"

e Loss Function: The loss functions tried were: "CrossEntropyLoss" and "NLLLoss"

During each trial, every parameter of the mentioned above list is chosen, forming a combination
that will be tried.

The chosen batch size, the training dataset, the chip_size (32x32) and the transformations
mentioned earlier were passed to the prepare_data function from arcgis.learn module.

The model was trained and evaluated in each trial. The model with the highest accuracy obtained
was the one trained on our data with a learning rate of 0.0005130276141073164, a batch size of
8, 34 epochs, “Adam” as the optimizer and the CrossEntropyLoss as the loss function with an
accuracy of 0.7664.
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2. Pretrained Models
In our study, we utilized also pre-trained models from the segmentation_models_pytorch library.
2.1 Unet

U-Net is a popular deep learning architecture introduced in the paper of (Ronneberger et al,
2015). It was specifically developed to tackle the challenge of limited annotated data in the
medical field. This architecture is designed to maximize efficiency, enabling accurate and fast
segmentation even with smaller datasets.

The U-Net model has proven effective in pixel-level classification tasks, as evidenced by its good
training and validation accuracy when distinguishing forest and non-forest regions in the paper
of (Pyo et al, 2022). Since classifying vegetation density also relies on pixel-level segmentation to
differentiate areas based on vegetation characteristics, we considered that the U-Net model's
robust performance in similar scenarios supports its suitability for this study.

We prepared the data using the prepare_data function of the arcgis.learn module, setting the
chip_size to 32 and the batch size to 16 and applying the same transformations mentioned earlier.

A U-Net model is being loaded using the segmentation_models_pytorch (SMP) library with
specific configurations. The encoder (backbone) for the U-Net model is set to ResNet-34, and it
uses pre-trained weights from the ImageNet dataset, allowing the model to benefit from the
knowledge gained during ImageNet training. The input is configured to have 4 channels (RGB
bands and near-infrared band). Finally, the model is designed to output predictions for the 8
mentioned earlier classes (Table 4). This configuration tailors the U-Net model for multi-class
semantic segmentation tasks, leveraging the pre-trained ResNet-34 backbone and adapting it to
the specific input and output requirements.

We used the CrossEntropylLoss as the loss function and Adam as the optimizer, with a learning
rate of 0.001.

After training the model, we obtained an accuracy of 0.8195 on the validation set.
2.2 DeeplLabV3Plus
Deeplabv3+ was introduced in the paper of (Chen et al, 2018).

Repeated downsampling in a CNN reduces the resolution of the feature map, leading to lower
prediction accuracy and the loss of boundary details in semantic segmentation. Additionally,
effective segmentation requires aggregating contextual information around a feature, which is
achieved using atrous convolutions. Deeplabv3+ addresses these challenges effectively
(wiki.cloudfactory.com, n.d.).

Given the need to map and monitor vegetation density accurately, the selection of the
DeeplabV3+ model is justified by its demonstrated success and effectiveness in similar contexts,
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such as marsh vegetation and other complex land-cover classifications in the paper of (Liu et al,
2021).

The training and validation sets were generated from the training images using the prepare_data
function with batch size of 16, chip size of 32 and the same transformations mentioned earlier.

A DeeplabV3Plus model is being set up using the segmentation_models_pytorch (SMP) library
with custom settings. The ResNet-34 architecture is chosen as the encoder and it is initialized with
pre-trained weights from ImageNet, giving the model a solid foundation from previous training.
The model's input is adapted to handle 4 channels. Lastly, the model is configured to output
predictions aligning it with the number of classes required for the segmentation task (8 classes).
This setup takes advantage of the pre-trained ResNet-34 and is fine-tuned for multi-class
segmentation based on specific input and output needs.

Using CrossEntropyLoss as the loss function and Adam as the optimizer with a learning rate of
0.001, we trained the model and obtained an accuracy of 0.8118.

The table below summarizes the models obtained:

Table 5: Table summarizing the models obtained and their accuracies.

Library/Module Model Accuracy
arcgis.learn + Optuna (pretrained) UnetClassifier 0.88
Torch Custom + Optuna CNN 0.76
Pretrained Unet 0.82
DeeplabV3Plus 0.81

The model with the highest accuracy obtained is the UnetClassifier from the arcgis.learn
module (0.88) as shown in the table above.

36



Encoder Decoder

input
. L : output
'mat?l: > : _ *{*|*| segmentation

“ map

m v H" = conv 3x3, RelLU

_(Esri Team, n.d.)

$ su : y  Tadllke «+ copy and crop
delll-ll -l § max pool 2x2
+ § 4 up-conv 2x2
-0—0_ o> conv 1x1
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Here are some other metrics of the chosen model:
e Training and validation loss curves:
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Figure 14: Curves representing the training and validation loss over batches processed.
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The graph above (Figure 14Figure 14) shows a steady decrease in loss for both training and
validation datasets, indicating successful model convergence.

e Per class metrics:

Table 6: Table showing the per class metrics for the obtained UnetClassifier model.

NoData |1 2 3 4 5 6 7
precision | 0.982285 | 0.742354 | 0.890398 | 0.884243 | 0.795311 | 0.766886 | 0.537678 | 0.916540
recall 0.659671 | 0.583299 | 0.945148 | 0.827117 | 0.741554 | 0.740440 | 0.479564 | 0.822135
f1 0.789284 | 0.653285 | 0.916956 | 0.854727 | 0.767492 | 0.753431 | 0.506961 | 0.866774
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Sample Results:

Ground Truth / Predictions

Figure 15: Ground truth vs. predictions of trained UnetClassifier model
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To classify the images that will be used to detect the changes, a script that uses the python code
of the ArcGIS Pro’s tool “Classify Pixels Using Deep Learning” (Esri Team, n.d.) was written and
used.

The obtained classified images were then clipped to focus only on the afforested site, using the
“Clip Raster” tool of ArcGIS Pro (Esri Team, n.d.).

2.3.3 Change Detection using ArcGIS Pro

In order to assess the effects of the interventions on the vegetations, the direct comparison of
two rasters—one immediately before and one immediately after each intervention—was not
feasible. The timing of interventions, implemented between November 2021 and June 2023,
made it challenging to ensure that both pre- and post-intervention rasters represented the same
seasonal conditions.

Therefore, a classified image using the final model, taken after each group of interventions was
paired with another classified image from approximately one year prior to the post-intervention
image, in the same month, ensuring consistency in seasonal comparison. Additionally, to make
the comparison of variations between pairs clearer and more logical, all pairs of rasters were
chosen to be from the same month. The chosen month is July. These image pairs were then
processed using the Change Detection Wizard in ArcGIS Pro, which combines various tools and
functions to guide users through different change detection workflows. The workflow utilized was
the Categorical Change method, which identifies the types of changes that occurred between two
thematic or categorical rasters (Esri Team, n.d.), providing insight into the transformations within
the afforested site after each group of interventions.
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Table 7: Interventions in chronological order

Intervention | Description Zones | Intervention’s | Intervention’s Before After date
Targeted start date end date date used used
A First Zones
plantation planted 19/11/2021 December
phase during 2021 04/07/2021 | 04/07/2022
seasonl
B Second Zones End of June
plantation planted 25/05/2022 2022
phase 1 during
season 2
C Installation
of fences All - August 2022
and planted
irrigation zones
system
D Irrigation 1 All July 2022 October 2022
planted
zones 04/07/2022 | 04/07/2023
E Second Zones
plantation planted 7/11/2022
phase 2 during November
season 2 2022
F Artificial All -
pond planted
installation zones
G Second Zones
plantation planted 17/05/2023 17/05/2023
phase 3 during
season 2
H Fence - - June 2023
maintenance
I Irrigation 2 All July 2023 October 2023 | 04/07/2023 | 13/07/2024
planted
zones

In the table below, the symbols (A, B, C, ...) used to represent each intervention/semi-

intervention, correspond to those indicated in the Table 7.
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Table 8: Table indicating the images used to monitor the effects of each group of interventions.

Change Detection | Image Before Image After Group of interventions

Raster which the effects are
monitored

1 04/07/2021 04/07/2022 Aand B

2 04/07/2022 04/07/2023 C,D,E,F,GandH

3 04/07/2023 13/07/2024 I

4 04/07/2021 13/07/2024 A B,CD,E F H,andlI

Chapter 3: Results And Discussion

After classifying the rasters and detecting changes between each pair of rasters, maps for each
change detection were obtained. Using spatial analysis tools in ArcGIS Pro, we analyzed these
maps. The figure below is one of the obtained change detection rasters (Figure 16). The “->”
symbol represents the transition from a class to another. The remaining resulted maps obtained
through the change detection workflow are presented in Appendices section.

Legend

2021-07-04T02022-07-04.crf

Class_name
.2

. 2->3
. 3->2
3

[ Planted Areas

Excluded Areas

Sources: Esri, Airbus DS, USGS, NGA, NASA, CGIAR, N Robinson,
NCEAS, NLS, OS, NMA, Geodatastyrelsen, Rijkswaterstaat, GSA,
Geoland, FEMA, Intermap and the GIS user community, Esri, ©
OpenstreetMap contributors, TomTom, Garmin, Foursquare, METI/
NASA, USGS

0 0.030.07 0.13 0.2 0.26
- — e |\liles

Figure 16: Map showing the resulted raster of the change detection workflow between the classified rasters
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To analyze the obtained maps, in the aim to monitor the change in each zone, across the different
periods, referred to in the Table 8, we adopted the following:

For each change detection raster, we converted the classes into polygons using the "Raster to
Polygon" tool in ArcGIS Pro. These polygons were then fed with the feature class representing the
zones of the reforested site to the "Intersect" tool, which computes the geometric intersections
of the input features (Esri Team, n.d.). This process identifies the zones intersecting each polygon.
Finally, the results were processed through the "Dissolve" tool to aggregate features based on the
zone IDs they belong to. Through this process, we determined the area of each class or transition
of class within each zone of the reforested site for every change detection raster. Subsequently,
we calculated the percentage of each class or transition of class, within each zone, relatively to
the total area of the zone. Then, we calculated the area of the total increase, total decrease, and
total stability. Finally, also the percentages of the obtained increased, decreased or stable areas
relatively to the area of each zone were calculated. It should be noted that, in Zone 20, where the
pool has been installed, the change from a vegetation class to the class representing water (1)
was not counted as a decrease. Additionally, the area that remained in the same class
representing water was not included in the total area of stable classes, as our focus is to monitor
the variation in the areas of vegetation classes. We point out that we calculated these percentage
also for the excluded zones, to be used as a witness.

3.1 Monitoring the effects of each group of interventions
In the following, for each period involving a group of interventions (Table 8), we will present and
analyze a table showing:

e The percentage of increased areas in zones targeted during Season 1 relative to the total
area of these zones.

e The percentage of increased areas in zones targeted during Season 2 relative to the total
area of these zones.

e The percentage of increased areas in the excluded zones relative to the total area of these
zones.

For the last group (group 4), involving all applied interventions, also the percentage of increased
areas across all planted zones (from both Season 1 and Season 2) relative to their total area will
be taken into consideration to assess the overall effect of the afforestation efforts.

Group 1: Effects of interventions A and B detected between 04/07/2021 and 04/07/2022

The intervention A consists of the plantation of the zones targeted during season 1. While the
intervention B consists of the first phase of the plantation of the zones targeted during season 2.
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Table 9: Table showing the percentage of increased vegetation areas in zones targeted during season 1, zones targeted during
season 2 and the excluded zones detected between 04/07/2022 and 04/07/2023.

Total area Total area of Increased area %
increase
All planted zones in 228907.03 45254.78 19.76
season 1
All planted zones in 360568.36 68164.48 18.9
season 2
All excluded zones 31271.24 2616.47 8.36

The areas with increased vegetation density in zones targeted by the plantation intervention A
account for 19.76%, as for those targeted by the plantation intervention B account for 18.9%.
However, during the same period, areas with increased vegetation density in excluded zones is
8.36%. This suggests that the interventions A and B contributed positively to vegetation growth
beyond natural changes observed in the excluded zones.

Group 2: Effects of interventions C, D, E, F, G and H detected between 04/07/2022 and
04/07/2023

Interventions E and G correspond to the second and third plantation phases, respectively, for the
zones targeted during Season 2. The remaining interventions represented by C, D, F and H consist
of: installation of fences and irrigation system, irrigation, artificial pond installation and fence
maintenance of all the planted zones (planted during season 1 and season 2).

Table 10: Table showing the percentage of increased vegetation areas in zones targeted during season 1, zones targeted during
season 2 and the excluded zones detected between 04/07/2022 and 04/07/2023.

Total area Total area of Increased area %
increase
All planted zones in 228907.03 17084.35 7.46
season 1
All planted zones in 360568.36 6914.18 1.92
season 2
All excluded zones 31271.24 1436.3 4.59

The interventions C, D, F and H which the irrigation (D) is the most important, have resulted areas
with increased vegetation density (7.46%) in the zones planted during season 1, greater than in
the excluded zones (4.59%). This demonstrates the positive impact of these interventions on
vegetation growth.

However, the plantation (interventions E and G) of the zones targeted during season 2, combined
with the irrigation and other supporting interventions (C, D, F and H), resulted in an increase in
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vegetation density of only 1.92% of the total area, which is notably lower than the vegetation
density increase observed in the excluded zones (4.59%). This could indicate inefficiencies in the
plantation processes during the interventions E and G and the irrigation process during the other
interventions (C, D, F and H) in the season 2 zones.

Group 3: Effects of intervention | detected between 04/07/2023 and 13/07/2024

The intervention | consists of the irrigation of all the planted zones (targeted during season 1 and
season 2) in summer 2023.

Table 11: Table showing the percentage of increased vegetation areas in zones targeted during season 1, zones targeted during
season 2 and the excluded zones detected between 04/07/2023 and 13/07/2024.

Total area Total area of Increased area %
increase
All planted zones in 228907.03 2372.75 1.03
season 1
All planted zones in 360568.36 18328.6 5.08
season 2
All excluded zones 31271.24 0 0

Due to the irrigation of the season 1 zones, 1.03% of its areas improved in vegetation. Whereas
irrigation in the season 2 zones resulted in a 5.08% increase in such areas.

While in the excluded zones, no increase was recorded at all. The absence of any increase in the
excluded zones underscores the role of the intervention | (irrigation) in driving vegetation growth.

Group 4: Effects of all interventions detected between 04/07/2021 and 13/07/2024 (overall
effects)

Table 12: Table showing the percentage of increased vegetation areas in zones targeted during season 1, zones targeted during
season 2 and the excluded zones detected between 04/07/2021 and 13/07/2024.

Total area Total area of Increased area %
increase

All planted zones in 228907.03 27849.91 12.16
season 1

All planted zones in 360568.36 48903.65 13.56
season 2

All planted zones 589475.4 76753.56 13.02

All excluded zones 31271.24 965.79 3.08

Following all interventions, the overall increase in vegetation density accounts for 12.16% of the
total area of season 1 zones and 13.56% of the total area of season 2 zones. Across all planted
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zones, the total increase in vegetation density amounts to 13.02%. In comparison, only 3.08% of
the total area of excluded zones experienced an increase in vegetation density during the same
period.

From this, it can be concluded that the plantation interventions were effective, as evidenced by
the significantly higher increase in vegetation density within the planted zones compared to the
excluded zones.

3.2 Monitoring the effects of each group of interventions in each zone
The following bar charts illustrate the composition of each zone in terms of areas where
vegetation density increased, decreased, or remained stable across each change detection raster.

To view the location or the species planted in each numbered zone, refer to Figure 5 or Figure 6
in the previous sections.

e Zones planted during season 1

Vegetation Density Change Over Groups Of Interventions - Zone 3
96.2

100 A
a94.1 Variation
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40
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Figure 17: Vegetation density change over groups of interventions in the zone 3.
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Figure 18: Vegetation density change over groups of interventions in the zone 6.
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Figure 19: Vegetation density change over groups of interventions in the zone 8.
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Vegetation Density Change Over Groups Of Interventions - Zone 9
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Figure 20: Vegetation density change over groups of interventions in the zone 9.
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Figure 21: Vegetation density change over groups of interventions in the zone 10.
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Vegetation Density Change Over Groups Of Interventions - Zone 11
92.4

Variation
I Decrease (%)
B Stable (%)

80 BN Increase (%)

o)}
o
L

Percentage (%)
B
=)

20 1

Group 1 Group 2 Group 3 Group 4
Groups of interventions

Figure 22: Vegetation density change over groups of interventions in the zone 11.
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Figure 23: Vegetation density change over groups of interventions in the zone 12.
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Vegetation Density Change Over Groups Of Interventions - Zone 13
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Figure 24: Vegetation density change over groups of interventions in the zone 13.
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Figure 25: Vegetation density change over groups of interventions in the zone 14.
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Vegetation Density Change Over Groups Of Interventions - Zone 15
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Figure 26: Vegetation density change over groups of interventions in the zone 15.
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Figure 27: Vegetation density change over groups of interventions in the zone 16.
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Vegetation Density Change Over Groups Of Interventions - Zone 17
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Figure 28: Vegetation density change over groups of interventions in the zone 17.

Zones planted during season 2

Vegetation Density Change Over Groups Of Interventions - Zone 1

92.5 Variation
I Decrease (%)
m Stable (%)
80 BN Increase (%)
— 60 1
X
L
o
8
C
)
=
9 40 A
20 1
0 .

Group 1 Group 2 Group 3 Group 4
Groups of interventions

Figure 29: Vegetation density change over groups of interventions in the zone 1.
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Vegetation Density Change Over Groups Of Interventions - Zone 2
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Figure 30: Vegetation density change over groups of interventions in the zone 2.
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Figure 31: Vegetation density change over groups of interventions in the zone 4.
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Vegetation Density Change Over Groups Of Interventions - Zone 5
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Figure 33: Vegetation density change over groups of interventions in the zone 5.
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Figure 34: Vegetation density change over groups of interventions in the zone 7.
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Vegetation Density Change Over Groups Of Interventions - Zone 18
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Figure 35: Vegetation density change over groups of interventions in the zone 18.
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Figure 36: Vegetation density change over groups of interventions in the zone 19.
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Vegetation Density Change Over Groups Of Interventions - Zone 20
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Figure 37: Vegetation density change over groups of interventions in the zone 20.
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Figure 38: Vegetation density change over groups of interventions in the zone 21 (excluded zone).
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Vegetation Density Change Over Groups Of Interventions - Zone 23
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Figure 39: Vegetation density change over groups of interventions in the zone 23 (excluded zone).

In an ideal scenario where all plantation processes were successful, the percentage of the
increased area observed in group 4 (04/07/2021 to 13/07/2024) should at least approximate the
sum of the percentage of increased areas in group 1 (04/07/2021 to 04/07/2022), group 2
(04/07/2022 to 04/07/2023), and group 3 (04/07/2023 to 04/07/2024), since interventions were
conducted between 2021 and 2023.

However, in the majority of planted zones (18 out of 20 zones), this expected pattern is not
observed, suggesting two possible explanations:

1. A portion of the increased area observed in the groups 1, 2, and/or 3 may consist of
natural vegetation, and not planted vegetation during interventions. This hypothesis is
supported by a site visit picture taken on 11/05/2023 (Figure 40), which shows the
presence of grass in the inventory, in addition to what we mentioned previously about the
biological diversity of the inventory, which includes hundreds of species of plants and
flowers (Figure 4) as well as the slight increase that is shown during the considered
periods, in the excluded zones (Figure 38) (Figure 39).
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Figure 40: Picture taken during a site visit on 11/05/2023.

2. Some of the planted seedlings during the interventions, which contributed to the
observed increase in earlier groups (group 1, group 2, group 3), may not have survived,
resulting in a reduced increase observed in group 4.

However, the contribution of natural vegetation growth to the overall increase in each group, is
relatively minor compared to the total increase observed in group 4. This is evidenced by the
difference between the percentage of areas with increased vegetation density in the excluded
zones (3.08%) and that in the planted zones (13.02%) during the overall period of interventions.

Concerning the decrease noticed in all planted zones, specifically in group 2 and/or group 3, we
suggest two possible explanations:

1. A portion of the decreased areas in the planted zones specifically in the group 2 and the
group 3 corresponds to the decrease of natural vegetation density during these two
periods. This is supported by the presence of decreased areas in the excluded zones,
accounting for 2.95% in the group 2 and 7.42% in the group 3.

2. A portion of the decreased areas in the planted zones specifically in the group 2 and the
group 3 corresponds to the death or poor health of the planted seedlings, what causes an
observation of the decrease in the density of these vegetations.

The following table presents the percentage of increased area for each zone, during the overall
period (group 4) arranged in descending order, starting with the zone that has the largest
increased area to the smallest.
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Table 13: table presenting the percentage of increased area for each zone, arranged in descending order, starting with the zone
that has the largest increased area to the smallest.

Zone Increased area percentage (%)
18 37
9 26.6
6 24.1
8 20.5
16 19.2
19 18.5
1 15.8
14 12.8
20 12.7
10 11.8
11 7.6
17 6.8
3 5.5
13 5.1
12 5.1
5 4.2
15 4.1
7 3.7
4 3.4
2 0

Based on these percentages (Table 13), it can be concluded that zones 18, 9, 6, 8, 16, 19, and 1
were the most positively impacted by the interventions, with an increase percentage exceeding
15%. In contrast, zones 5, 15, 7, 4, and 2 require further interventions, as their increase
percentages are below 5%, noting that the zone 2 specifically has not recorded any increase.

It's important to acknowledge that, the approach used to detect the changes of vegetations has
certain limitations. Specifically, this method is capable of identifying only class-level changes and
cannot detect variations (increase/decrease) in vegetation density that do not result in a change
in the density class that the vegetation belongs to.

Chapter 4: Conclusion

In order to satisfy the study’s objectives, we labeled Sentinel-2 imageries using the calculated
NDVI, that helped to classify the vegetation’s density. These labeled rasters were then used to
train four models. The model with the highest accuracy—UnetClassifier from the arcgis.learn
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module of the ArcGIS API for Python, achieving an accuracy of 88.8% on the test set—was utilized
to classify rasters from the same month (July), corresponding to pre- and post-groups of
interventions. After classification, pairs of pre- and post-groups of interventions rasters were
processed using the "Change Detection Wizard" in ArcGIS Pro to identify changes in vegetation
classes. Spatial analysis tools in ArcGIS Pro were then employed to calculate the area of each class
or class transition within each zone. The results were analyzed by tracking the percentage of
increase in vegetation density across zones during each group of interventions. Considering the
group containing all the implemented interventions an overall vegetation density’s increase of
13.02% in the planted zones and 3.08% in the excluded zones. These findings underscore the
impact of the interventions, as evidenced by a notable gain in vegetation. Moreover, it was
observed that the zones targeted by interventions of season 2 has an overall increase percentage
of 13.56%, slightly greater than the zones targeted by the interventions of season 1. (Table 12).

To overcome the limitation of detecting only class-level changes—where variations in vegetation
density within the same class might go unnoticed—we propose leveraging the calculated NDVI
from Sentinel-2 imagery. By computing the ratio of NDVI values post- to pre-groups of
interventions, we can effectively identify and interpret changes in vegetation density, whether
indicating a decrease, improvement, or stability, across the study area. Furthermore, analyzing
the raw NDVI rasters provides more reliable and nuanced results.
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Appendices

Append IX 1: Maps resulted of the change detection workflow applied on the predicted
classification of rasters.
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Appendix 2: Tables resulted of the spatial analysis of the change detection maps.

For each zone in each change detection raster, there is two tables:

The first table details the area occupied by every class or transition of classes and the
percentage relatively to the total area of the zone.

The second table details the areas of total increase, total decrease, and total stability were
calculated. However, in Zone 20, where a pool has been installed, transitions from vegetation
classes to the water class (1) were excluded from the decrease calculations. Similarly, areas that
remained in the water class were not included in the total stable area, as the analysis focuses on

monitoring changes in the vegetation class areas.

It should be noted that to view the location of each numbered zone, refer to Figure 5 or Figure 6
in the previous sections.

1.

Changes detected from 04/07/2021 to 04/07/2022
Zone 1:
Class Area (m?) Percentage (%)
2 116454.14 75.28%
3 11778.47 7.61%
4 0 0%
2->3 26390.65 17.06%
3->4 0 0%
3->2 0 0%
NO DATA 68.42 0.04
Variation Area (m?) Percentage
Increase 26390.65 17.06%
Stable 128232.61 82.9%
Decrease 0 0%
Zone 2:
Class Area (m?) Percentage
2 7587.58 100%
3 0 0%
4 0 0%
2->3 0 0%
3->4 0 0%
3->2 0 0%
NO DATA 0 0%
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Variation Area (m?) Percentage
Increase 0% 0%
Stable 100% 100%
Decrease 0% 0%
Zone 3:
Class Area (m?) Percentage

2 16486.81 76.63%

3 1399.95 6.5%

4 0 0%
2->3 3037.57 14.12%
3->4 575.63 2.68
3->2 0 0

NO DATA 14.95 0.07
Variation Area (m?) Percentage
Increase 3613.2 16.8
Stable 17886.76 83.13
Decrease 0 0
Zone 4.
Class Area (m?) Percentage

2 38182.64 86.51

3 2312.30 5.24

4 0 0

2->3 3605.06 8.17

3->4 0 0

3->2 0 0

NO DATA 38.28 0.08
Variation Area (m?) Percentage
Increase 3605.06 8.17
Stable 40494.94 91.75
Decrease 0 0

70




Zone 5:

Class Area (m?) Percentage
2 36610.761718 83.58
3 926.954808 2.12
4 0 0
2->3 6235.695889 14.23
3->2 0 0
3->4 0 0
NO DATA 31.70753 0.07
Variation Area (m?) Percentage
Increase 6235.69 14.23
Stable 37537.71 85.7
Decrease 0 0
Zone 6:
Class Area (m?) Percentage
2 1784.14 18.15
3 3450.84 35.1
4 0 0
2->3 4495.22 45.72
3->4 100 1.01
3->2 0 0
NO DATA 1.478822 0.01
Variation Area (m?) Percentage
Increase 4595.22 46.73
Stable 5234.98 53.25
Decrease 0 0
Zone 7:
Class Area (m?) Percentage
2 13986.57913 97.03
3 0 0
4 0 0
2->3 411.209752 2.85
3->4 0 0
3->2 0 0
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NO DATA 15.931269 0.11
Variation Area (m?) Percentage
Increase 411.2 2.85
Stable 13986.57 97.03
Decrease 0 0
Zone 8:
Class Area (m?) Percentage
2 17764.256026 75.82
3 2480.651536 10.59
4 0 0
2->3 3169.873814 13.53
3->4 0 0
3->2 0 0
NO DATA 14.773926 0.06
Variation Area (m?) Percentage
Increase 3169.87 13.53
Stable 20244.9 86.41
Decrease 0 0
Zone 9:
Class Area (m?) Percentage
2 5960.624883 29.32
3 5802.582632 28.54
4 0 0
2->3 6132.475376 30.16
3->4 2434.993023 11.98
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 8567.46 42.14
Stable 11763.2 57.86
Decrease 0 0
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Zone 10:

Class Area (m?) Percentage
2 23305.875434 71.96
3 3514.729048 10.85
4 0 0
2->3 4868.730733 15.03
3->4 700 2.16
3->2 0 0
NO DATA 0 0
Variation Area Percentage
Increase 5568.73 17.19
Stable 26820.59 82.81
Decrease 0 0
Zone 11:
Class Area (m?) Percentage
2 26875.602119 81.3
3 1037.901255 3.13
4 0 0
2->3 4786.140726 14.48
3->4 354.653832 1.07
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 5140.79 15.55
Stable 27913.5 84.43
Decrease 0 0
Zone 12:
Class Area (m?) Percentage
2 15466.494608 84.7
3 1872.42895 10.25
4 0 0
2->3 922.213176 5.05
3->4 0 0
3->2 0 0
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NO DATA 0 0
Variation Area (m?) Percentage
Increase 922.21 5.05
Stable 17338.92 94.95
Decrease 0 0
Zone 13:
Class Area (m?) Percentage
2 6100.330011 83.37
3 22.607843 0.3
4 0 0
2->3 1179.640594 16.12
3->4 14.635354 0.2
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 1194.27 16.32
Stable 6122.93 83.67
Decrease 0 0
Zone 14
Class Area (m?) Percentage
2 2477.118263 10.76
3 10882.334361 47.27
4 93.695361 0.41
2->3 3794.276998 16.48
3->4 5775.935479 25.08
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 9570.2 41.56
Stable 13453.13 58.44
Decrease 0 0
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Zone 15:

Class Area (m?) Percentage
2 1975.453493 86.98
3 122.456 5.39
4 0 0
2->3 173.134681 7.62
3->4 0 0
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 173.13 7.62
Stable 2097.9 92.37
Decrease 0 0
Zone 16:
Class Area (m?) Percentage
2 5707.966502 82.15
3 0 0
4 0 0
2->3 1228.190599 17.68
3->4 0 0
3->2 0 0
NO DATA 12.118432 0.17
Variation Area (m?) Percentage
Increase 1228.19 17.68
Stable 5707.96 82.15
Decrease 0 0
Zone 17:
Class Area (m?) Percentage
2 28802.654324 94.32
3 219.05 0.72
4 0 0
2->3 1511.510841 4.95
3->4 0 0
3->2 0 0
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NO DATA 2.290445 0.01
Variation Area (m?) Percentage
Increase 1511.51 4.95
Stable 29021.7 95.04
Decrease 0 0
Zone 18:
Class Area (m?) Percentage
2 16893.479844 51.18
3 3686.882776 11.17
4 0 0
2->3 12197.171872 36.95
3->4 200 0.6
3->2 0 0
NO DATA 32.78294 0.01
Variation Area (m?) Percentage
Increase 12397.17 37.55
Stable 20580.35 62.35
Decrease 0 0
Zone 19:
Class Area (m?) Percentage
2 4295.61824 41.61
3 1087.004738 10.53
4 0 0
2->3 4457.139668 43.18
3->4 482.094681 4.67
3->2 0 0
NO DATA 0 0
Variation Area (m?) Percentage
Increase 4939.22 47.85
Stable 5382.61 52.14
Decrease 0 0
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Zone 20:

Class Area (m?) Percentage
2 29728.355706 56.52
3 8680.003142 16.5
4 0 0
2->3 13384.955251 25.45
3->4 800 1.52
3->2 0 0
NO DATA 6.438781 0.01
Variation Area (m?) Percentage
Increase 14184.95 26.97
Stable 38408.35 73.02
Decrease 0 0

2. Changes detected from 04/07/2022 to 04/07/2023

Zone 1:
Class Area (m?) Percentage (%)
2 112446.716773 72.69
3 30614.105178 19.79
4 0 0
2->3 4007.425407 2.59
3->4 0 0
2->1 0 0
3->1 0 0
3->2 7555.025171 4.88
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 68.424776 0.04
Variation Area (m?) Percentage (%)
Increase 4007.42 2.59
Stable 143060.81 92.48
Decrease 7555.02 4.88
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Zone 2:

Class Area (m?) Percentage (%)
2 7460.412975 98.32
3 0 0
4 0 0
2->3 127.17298 1.68
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 127.17 1.68
Stable 7460.41 98.32
Decrease 0 0
Zone 3:
Class Area (m?) Percentage (%)
2 15886.815434 73.84
3 4233.6891 19.67
4 575.634853 2.67
2->3 600 2.79
3->4 0 0
2->1 0 0
3->1 0 0
3->2 203.837879 0.95
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 14.954383 0.07
Variation Area (m?) Percentage (%)
Increase 600 2.79
Stable 20696.12 96.18
Decrease 203.83 0.95
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Zone 4:

Class Area (m?) Percentage (%)
2 37482.64931 84.92
3 5158.778395 11.68
4 0 0
2->3 700 1.59
3->4 0 0
2->1 0 0
3->1 0 0
3->2 758.597335 1.72
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 38.289808 0.09
Variation Area (m?) Percentage (%)
Increase 700 1.59
Stable 42641.41 96.6
Decrease 758.59 1.72
Zone 5:
Class Area (m?) Percentage (%)
2 36010.761718 82.2
3 6316.922496 14.42
4 0 0
2->3 600 1.37
3->4 0 0
2->1 0 0
3->1 0 0
3->2 845.727455 1.93
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 31.70753 0.07

79




Variation Area (m?) Percentage (%)
Increase 600 1.37
Stable 42327.68 96.62
Decrease 845.72 1.93
Zone 6:
Class Area (m?) Percentage (%)
2 1692.360089 17.21
3 7518.906376 76.48
4 0 0
2->3 91.788003 0.93
3->4 0 0
2->1 0 0
3->1 0 0
3->2 427.167942 4.34
4->1 0 0
4->2 0 0
4->3 100 1.02
NO DATA 1.478822 0.01
Variation Area (m?) Percentage (%)
Increase 91.78 0.93
Stable 9211.26 93.69
Decrease 427.16 5.36
Zone 7:
Class Area (m?) Percentage (%)
2 13986.57913 97.04
3 411.209752 2.85
4 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 15.931269 0.11
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Variation Area (m?) Percentage (%)
Increase 0 0
Stable 14397.77 99.89
Decrease 0 0
Zone 8:
Class Area (m?) Percentage (%)
2 17359.318571 74.09
3 5627.879402 24.02
4 0 0
2->3 404.93776 1.73
3->4 0 0
2->1 0 0
3->1 0 0
3->2 22.644971 0.1
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 14.773926 0.06
Variation Area (m?) Percentage (%)
Increase 404.93 1.73
Stable 22987.18 98.11
Decrease 22.64 0.1
Zone 9:
Class Area (m?) Percentage (%)
2 3355.555694 16.5
3 11729.256164 57.69
4 1076.424986 5.29
2->3 2605.069633 12.81
3->4 100 0.49
2->1 0 0
3->1 0 0
3->2 105.802212 0.52
4->1 0 0
4->2 0 0
4->3 1358.567631 6.68
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NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 2705.06 13.3
Stable 16161.22 79.48
Decrease 1464.36 7.2
Zone 10:
Class Area (m?) Percentage (%)
2 20801.794865 64.22
3 6861.317578 21.18
4 0 0
2->3 2504.081338 7.73
3->4 0 0
2->1 0 0
3->1 0 0
3->2 1522.14322 4.7
4->1 0 0
4->2 0 0
4->3 700 2.16
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 2504.08 7.73
Stable 27663.1 85.4
Decrease 2222.14 6.86
Zone 11:
Class Area (m?) Percentage (%)
2 23287.182996 70.45
3 5824.041447 17.62
4 152.744257 0.46
2->3 3588.419114 10.86
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->1 0 0
4->2 0 0
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4->3 201.91 0.61
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 3588.41 10.86
Stable 29263.96 88.53
Decrease 201.91 0.61
Zone 12:
Class Area (m?) Percentage (%)
2 15335.990652 83.98
3 2621.218749 14.35
4 0 0
2->3 130.503689 0.71
3->4 173.422801 0.95
2->1 0 0
3->1 0 0
3->2 0 0
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 303.92 1.66
Stable 17957.2 98.33
Decrease 0 0
Zone 13:
Class Area (m?) Percentage (%)
2 3266.046086 44.64
3 1154.25916 15.77
4 0 0
2->3 2834.283416 38.73
3->4 0 0
2->1 0 0
3->1 0 0
3->2 47.98952 0.66
4->1 0 0
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4->2 0 0
4->3 14.635354 0.19
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 2834.28 38.73
Stable 4420.29 60.41
Decrease 62.61 0.85
Zone 14
Class Area (m?) Percentage (%)
2 926.692604 4.02
3 14300.17296 62.11
4 4267.675801 18.53
2->3 1550.425608 6.73
3->4 376.221178 1.63
2->1 0 0
3->1 0 0
3->2 0.21693 0.01
4->1 0 0
4->2 0 0
4->3 1601.955277 6.96
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 1926.64 8.36
Stable 19494.53 84.66
Decrease 1602.16 6.97
Zone 15:
Class Area (m?) Percentage (%)
2 1975.453493 86.98
3 215.69669 9.5
4 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->1 0 0
3->2 79.89411 3.52
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4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 2191.14 96.48
Decrease 79.89 3.52
Zone 16:
Class Area (m?) Percentage (%)
2 5033.689858 72.44
3 1228.190599 17.68
4 0 0
2->3 674.275804 9.7
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 12.118432 0.17
Variation Area (m?) Percentage (%)
Increase 674.27 9.7
Stable 6261.87 90.12
Decrease 0 0
Zone 17:
Class Area (m?) Percentage (%)
2 27351.665354 89.57
3 1632.013511 5.34
4 0 0
2->3 1450.9885 4.75
3->4 0 0
2->1 0 0
3->1 0 0
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3->2 98.547455 0.32
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 2.290445 0.01
Variation Area (m?) Percentage (%)
Increase 1450.98 4.75
Stable 28983.67 94.91
Decrease 98.54 0.32
Zone 18:
Class Area (m?) Percentage (%)
2 16239.790979 49.2
3 12162.262263 36.84
4 100 0.3
2->3 653.688708 1.98
3->4 0 0
2->1 0 0
3->1 0 0
3->2 3721.792088 11.27
4->1 0 0
4->2 0 0
4->3 100 0.3
NO DATA 32.78294 0.1
Variation Area (m?) Percentage (%)
Increase 653.68 1.98
Stable 28502.05 86.34
Decrease 3821.79 11.57
Zone 19:
Class Area (m?) Percentage (%)
2 4094.672426 39.67
3 5284.355784 51.2
4 482.094681 4.67
2->3 200.945814 1.95
3->4 0 0
2->1 0 0
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3->1 0 0
3->2 259.788727 2.51
4->1 0 0
4->2 0 0
4->3 0 0
NO DATA 0 0
Variation Area (m?) Percentage (%)
Increase 200.94 1.95
Stable 9861.11 95.54
Decrease 259.78 2.51
Zone 20:
Class Area (m?) Percentage (%)
2 28603.381055 54.38
3 14182.089804 26.96
4 0 0
2->3 624.974641 1.19
3->4 0 0
2->1 500 0.95
3->1 1000 19
3->2 6882.86877 13.09
4->1 400 0.76
4->2 200 0.38
4->3 200 0.38
NO DATA 6.438781 0.01
Variation Area (m?) Percentage (%)
Increase 624.97 1.19
Stable 42785.46 81.34
Decrease 7282.86 13.85

3. Changes detected from 04/07/2023 to 13/07/2024

Zone 1:
Class Area (m?) Percentage (%)
1 0 0
2 108908.232308 70.43
3 21921.073828 14.18
4 0 0

87




1->2 0 0
2->3 11093.510861 7.18
3->4 0 0
2->1 0 0
3->2 12700.456721 8.21
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 11093.51 7.18
Stable 130829.3 84.61
Decrease 12700.45 8.21
Zone 2:
Class Area (m?) Percentage (%)
1 0 0
2 7457.630472 98.29
3 0 0
4 0 0
1->2 0 0
2->3 2.782611 0.04
3->4 0 0
2->1 0 0
3->2 127.172866 1.67
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 2.78 0.04
Stable 7457.63 98.29
Decrease 127.17 1.67
Zone 3:
Class Area (m?) Percentage (%)
1 0 0
2 16056.008687 74.68
3 2440.896859 11.36
4 0 0
1->2 0 0
2->3 34.645003 0.17
3->4 0 0
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2->1 0 0
3->2 2392.792437 11.12
4->3 575.634786 2.67
Variation Area (m?) Percentage (%)
Increase 34.64 0.17
Stable 18496.89 86.04
Decrease 2968.42 13.79
Zone 4.
Class Area (m?) Percentage (%)
1 0 0
2 38033.916001 86.24
3 3354.311868 7.61
4 0 0
1->2 0 0
2->3 207.331173 0.48
3->4 0 0
2->1 0 0
3->2 2504.466809 5.67
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 207.33 0.48
Stable 41388.22 93.85
Decrease 2504.46 5.67
Zone 5:
Class Area (m?) Percentage (%)
1 0 0
2 36724.377922 83.9
3 2649.221877 6.06
4 0 0
1->2 0 0
2->3 132.111402 0.3
3->4 0 0
2->1 0 0
3->2 4267.70086 9.74
4->3 0 0
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Variation Area (m?) Percentage (%)
Increase 132.11 0.3
Stable 39373.59 89.96
Decrease 4267.7 9.74
Zone 6:
Class Area (m?) Percentage (%)
1 0 0
2 1975.358136 20.1
3 5770.274798 58.7
4 0 0
1->2 0 0
2->3 144.16988 1.47
3->4 0 0
2->1 0 0
3->2 1940.419973 19.73
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 144.16 1.47
Stable 7745.62 78.8
Decrease 1940.41 19.73
Zone 7:
Class Area (m?) Percentage (%)
1 0 0
2 13654.629393 94.83
3 200 1.38
4 0 0
1->2 0 0
2->3 331.949639 2.33
3->4 0 0
2->1 0 0
3->2 211.21006 1.46
4->3 0 0
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Variation Area (m?) Percentage (%)
Increase 331.94 2.33
Stable 13854.62 96.21
Decrease 211.21 1.46
Zone 8:
Class Area (m?) Percentage (%)
1 0 0
2 15899.347609 67.9
3 5808.38092 24.8
4 0 0
1->2 0 0
2->3 1482.617118 6.35
3->4 0 0
2->1 0 0
3->2 224.437854 0.95
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1482.61 6.35
Stable 21707.72 92.7
Decrease 224.42 0.95
Zone 9:
Class Area (m?) Percentage (%)
1 0 0
2 3363.409606 16.54
3 12215.624567 60.08
4 161.266659 0.79
1->2 0 0
2->3 97.947422 0.5
3->4 0 0
2->1 0 0
3->2 3477.267844 17.1
4->3 1015.158842 4.99
Variation Area (m?) Percentage (%)
Increase 97.94 0.5
Stable 15740.28 77.41
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Decrease 4492.41 22.09
Zone 10:
Class Area (m?) Percentage (%)
1 0 0
2 22010.536271 67.95
3 7411.230218 22.88
4 0 0
1->2 0 0
2->3 313.401846 0.98
3->4 0 0
2->1 0 0
3->2 2654.167699 8.19
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 313.4 0.98
Stable 29421.76 90.83
Decrease 2654.16 8.19
Zone 11:
Class Area (m?) Percentage (%)
1 0 0
2 23287.182839 70.45
3 3756.145321 11.37
4 0 0
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 5858.225621 17.72
4->3 152.744017 0.46
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 27.043.32 81.82
Decrease 6010.96 18.18
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Zone 12:

Class Area (m?) Percentage (%)
1 0 0
2 15335.990978 83.99
3 2635.796109 14.43
4 0 0
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 115.926796 0.64
4->3 173.422842 0.94
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 17971.78 98.42
Decrease 289.34 1.58
Zone 13:
Class Area (m?) Percentage (%)
1 0 0
2 3314.035813 45.3
3 409.825046 5.6
4 0 0
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 3593.353053 49.1
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 3723.85 50.9
Decrease 3593.35 49.1
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Zone 14:

Class Area (m?) Percentage (%)
1 0 0
2 926.909382 4.03
3 14287.228043 62.06
4 439.589271 1.91
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 3165.32542 13.74
4->3 4204.307496 18.26
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 15653.7 68
Decrease 7369.62 32
Zone 15:
Class Area (m?) Percentage (%)
1 0 0
2 2055.347198 90.5
3 215.696781 9.5
4 0 0
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 2271.03 100
Decrease 0 0
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Zone 16:

Class Area (m?) Percentage (%)
1 0 0
2 4833.690607 69.68
3 1128.345788 16.26
4 0 0
1->2 0 0
2->3 200 2.9
3->4 0 0
2->1 0 0
3->2 774.120405 11.16
4->3 0 0
Variation Area(m?) Percentage (%)
Increase 200 2.9
Stable 5962.03 85.94
Decrease 774.12 11.16
Zone 17:
Class Area (m?) Percentage (%)
1 0 0
2 27350.212191 89.57
3 2200.19984 7.2
4 0 0
1->2 0 0
2->3 100 0.34
3->4 0 0
2->1 0 0
3->2 882.801686 2.89
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 100 0.34
Stable 29550.4 96.77
Decrease 882.8 2.89
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Zone 18:

Class Area (m?) Percentage (%)
1 0 0
2 16896.04748 51.23
3 12509.270858 37.93
4 0 0
1->2 0 0
2->3 3065.535693 9.3
3->4 200 0.62
2->1 0 0
3->2 206.679807 0.62
4->3 100 0.3
Variation Area (m?) Percentage (%)
Increase 3265.53 9.92
Stable 29405.31 89.16
Decrease 306.67 0.92
Zone 19:
Class Area (m?) Percentage (%)
1 0 0
2 4354.460828 42.19
3 2710.904925 26.27
4 288.160671 2.8
1->2 0 0
2->3 0 0
3->4 0 0
2->1 0 0
3->2 2774.396478 26.87
4->3 193.933992 1.87
Variation Area (m?) Percentage (%)
Increase 0 0
Stable 7353.52 71.26
Decrease 2968.32 28.74
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Zone 20:

Class Area (m?) Percentage (%)
1 1500 -
2 32690.842221 62.15
3 10537.8958 20.03
4 0 0
1->2 400 0.76
2->3 2895.408125 5.5
3->4 0 0
2->1 100 -
3->2 4469.168668 8.49
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 32954 6.26
Stable 43228.73 82.18
Decrease 4469.16 8.49

4. Changes detected from 04/07/2021 to 13/07/2024

Zone 1:
Class Area (m?) Percentage (%)
2 118532.849148 76.65
3 8702.634159 5.62
2->3 24311.950531 15.75
3->4 0 0
2->1 0 0
3->1 0 0
3->2 3075.83988 1.98
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 24311.95 15.75
Stable 127235.47 82.27
Decrease 3075.83 1.98
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Zone 2:

Class Area (m?) Percentage (%)
2 7584.803338 99.96
3 0 0
2->3 2.782611 0.04
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 2.78 0.04
Stable 7584.8 99.96
Decrease 0 0
Zone 3:
Class Area (m?) Percentage (%)
2 18350.406253 85.35
3 1877.196222 8.73
2->3 1173.980426 5.47
3->4 0 0
2->1 0 0
3->1 0 0
3->2 98.39487 0.45
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1173.98 5.47
Stable 20227.59 94.08
Decrease 98.39 0.45
Zone 4.
Class Area (m?) Percentage (%)
2 40338.382809 91.39
3 2112.306063 4.78
2->3 1449.336979 3.38
3->4 0 0
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2->1 0 0
3->1 0 0
3->2 200 0.45
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1449.33 3.38
Stable 42450.68 96.17
Decrease 200 0.45
Zone 5:
Class Area (m?) Percentage (%)
2 40992.078783 93.64
3 926.954383 2.11
2->3 1854.378896 4.25
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1854.37 4.25
Stable 41919.02 95.75
Decrease 0 0
Zone 6:
Class Area (m?) Percentage (%)
2 3915.778109 39.83
3 3550.845389 36.12
2->3 2363.599289 24.05
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
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Variation Area (m?) Percentage (%)
Increase 2363.59 24.05
Stable 7466.61 75.95
Decrease 0 0
Zone 7:
Class Area (m?) Percentage (%)
2 13865.839452 96.3
3 0 0
2->3 531.94964 3.7
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 531.94 3.7
Stable 13865.83 96.3
Decrease 0 0
Zone 8:
Class Area (m?) Percentage (%)
2 16123.785463 68.86
3 2480.651408 10.59
2->3 4810.34663 20.54
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 4810.34 20.54
Stable 18604.43 79.45
Decrease 0 0
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Zone 9:

Class Area (m?) Percentage (%)
2 6840.677449 33.64
3 8076.309201 39.72
2->3 5252.421631 25.84
3->4 161.266659 0.8
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 5413.68 26.64
Stable 14916.97 73.36
Decrease 0 0
Zone 10:
Class Area (m?) Percentage (%)
2 24364.70397 75.22
3 3914.729288 12.08
2->3 3809.902776 11.78
3->4 0 0
2->1 0 0
3->1 0 0
3->2 300 0.92
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 3809.9 11.78
Stable 28279.42 87.3
Decrease 300 0.92
Zone 11:
Class Area (m?) Percentage (%)
2 29145.408461 88.17
3 1392.555474 4.21
2->3 2516.333864 7.62
3->4 0 0
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2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 2516.33 7.62
Stable 30537.95 92.38
Decrease 0 0
Zone 12:
Class Area (m?) Percentage (%)
2 15451.917774 84.61
3 1872.428467 10.25
2->3 936.790484 5.14
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 936.79 5.14
Stable 17324.33 94.86
Decrease 0 0
Zone 13:
Class Area (m?) Percentage (%)
2 6907.388866 94.39
3 37.243156 0.5
2->3 372.581891 5.11
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0

102




Variation Area (m?) Percentage (%)
Increase 372.58 5.11
Stable 6944.62 94.89
Decrease 0 0
Zone 14:
Class Area (m?) Percentage (%)
2 3760.971548 16.33
3 15887.417106 69
2->3 2510.423026 10.92
3->4 439.589271 1.92
2->1 0 0
3->1 0 0
3->2 331.263253 1.43
4->3 93.695406 0.4
Variation Area (m?) Percentage (%)
Increase 2950 12.84
Stable 19648.38 85.33
Decrease 424,95 1.83
Zone 15:
Class Area (m?) Percentage (%)
2 2055.347198 90.5
3 122.456123 5.39
2->3 93.240658 4.11
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 93.24 4.11
Stable 2177.79 95.89
Decrease 0 0
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Zone 16:

Class Area (m?) Percentage (%)
2 5607.811012 80.84
3 0 0
2->3 1328.345788 19.16
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1328.34 19.16
Stable 5607.81 80.84
Decrease 0 0
Zone 17:
Class Area (m?) Percentage (%)
2 28233.013877 92.46
3 219.049903 0.71
2->3 2081.149937 6.83
3->4 0 0
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 2081.14 6.83
Stable 28452.05 93.17
Decrease 0 0
Zone 18:
Class Area (m?) Percentage (%)
2 17102.727287 51.86
3 3686.882757 11.17
2->3 11987.923793 36.36
3->4 200 0.61
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2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 12187.92 36.97
Stable 20789.6 63.03
Decrease 0 0
Zone 19:
Class Area (m?) Percentage (%)
2 7128.857306 69.06
3 1280.93872 12.4
2->3 1623.900197 15.74
3->4 288.160671 2.8
2->1 0 0
3->1 0 0
3->2 0 0
4->3 0 0
Variation Area (m?) Percentage (%)
Increase 1912.06 18.54
Stable 8409.78 81.46
Decrease 0 0
Zone 20:
Class Area (m?) Percentage (%)
2 36160.010888 68.75
3 6780.003239 12.89
2->3 6653.300687 12.65
3->4 0 0
2->1 300 -
3->1 1300 -
3->2 1400 2.66
4->3 0 0
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Variation Area (m?) Percentage (%)
Increase 6653.3 12.65
Stable 42940.01 81.64
Decrease 1400 2.66
Abbreviations

e CDR: Council for Development and Reconstruction

AFD: Agence Francaise de Développement (French Agency for Development)

PARSIFAL: programme d'appui a la résilience sociale, aux infrastructures, a la forét et a
I'agriculture au Liban (program to support social resilience, infrastructure, forestry and

agriculture in Lebanon)

AFDC: Association for Forests, Development and Conservation
NDVI: Normalized Difference Vegetation Index

NIR: Near-infrared

CNN: Convolutional Neural Network

GIS: Geographic Information Systems

S2: Sentinel-2

MSI: Multispectral Instrument

SWIR: Shortwave Infrared

GEE: Google Earth Engine

WGS: World Geodetic System

EPSG: European Petroleum Survey Group
MSK_CLDPRB: Cloud Probability Mask
SR: Surface Reflectance

RGB: Red, green, and blue

SMP: Segmentation Models Pytorch
GPU: graphics processing unit

CUDA: Compute Unified Device Architecture
SOTA: state-of-the-art

UAS: Unoccupied Aircraft System

P. afra: Portulacaria afra

EVI: Enhanced Vegetation Index
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