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ABSTRACT

PADDY RICE LEAF AREA INDEX (LAI) ESTIMATION WITH MACHINE
LEARNING MODELS USING SYNTHETIC APERTURE RADAR AND
OPTICAL DATA

Giilsiim POSTALLI

Master of Science, Department of Geomatics Engineering
Supervisor: Prof. Dr. Saygin ABDIKAN

January 2025, 66 pages

This thesis aims to estimate the Leaf Area Index (LAI) by examining the relationship
between LAI measurements taken from rice fields in the Gonen district of Balikesir
province and images obtained from Sentinel-1 Synthetic Aperture Radar (SAR) and
Sentinel-2 optical satellites. In this aim, machine learning models which Linear
Regression (LR), Random Forest Regression (RFR), and Support Vector Regression
(SVR), were applied and compared. As part of the project, LAl measurements were
conducted in-site studies using an LAI meter on four dates in June, July, August, and
September 2024. The most up-to-date and suitable (cloud-free) satellite images were
selected based on the LAI measurement dates. LAI estimation was performed in two
ways: individually for each date and collectively for all dates. For optical data, the lowest
RMSE value (0.3236) for a single date was obtained with the RFR model in June 2024,
while the lowest %RMSE (19.8574%) was recorded in September. When considering all
dates together, the lowest RMSE (0.9797) and %RMSE (24.5200) were found in the LR
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model, while the highest correlation was observed in the B8A band (0.7473). For
Sentinel-1 data, the lowest RMSE value (0.3197) for a single date was obtained with the
LR model in June 2024. When all dates were considered together, the lowest RMSE
(1.2907) was also found in the LR model, while the highest correlation (0.6800) was
observed in the Radar Vegetation Index band. However, the lowest %RMSE (15.1245)
was obtained with the RFR model with September data. When all datasets were
considered, the LR model again provided the best results. When Sentinel-1 and Sentinel-
2 data were used together, the lowest %RMSE (16.8766) was obtained with the RFR
model in September. When all dates were considered collectively, the lowest RMSE
(0.9389) and %RMSE (23.5720) were obtained with the RFR model. It was observed that
data obtained during certain stages of rice growth yielded higher accuracy. Among the
growth stages, the end of the ripening phase provided the best results, and accuracy

increased when all dates were combined.

Keywords: Paddy-rice, Sentinel-1, Sentinel-2, Linear Regression, Random Forest

Regression, Support Vector Regression, LAI Estimation
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OZET

SENTETIK ACIKLIKLI RADAR VE OPTiK VERILER KULLANILARAK
MAKINE OGRENMESI MODELLERIYLE CELTIK BiTKiSi YAPRAK ALAN
INDEKS (YAI) TAHMINI

Giilsiim POSTALLI

Yiiksek Lisans, Geomatik Miihendisligi Boliimii
Tez Damsmani: Prof. Dr. Saygin ABDIKAN

Ocak 2025, 66 sayfa

Tez kapsaminda, Sentinel-1 Sentetik Acikli Radar (SAR) ve Sentinel-2 optik
uydularindan alinan goriintiiler ile Balikesir ili Gonen ilgesinde bulunan geltik bitkisi
tarlalarindan alinan Yaprak Alan Indeksi (YAI) dl¢iimleri arasindaki iliski incelenerek
YATI kestirimi hedeflenmistir. Bu kapsamda Lineer Regresyon (LR), Rastgele Orman
Regresyon (ROR) ve Destek Vektor Regresyon (DVR) makine 6grenmesi modelleri
kullanilarak karsilastirilmistir. Proje kapsaminda 2024 yil1 Haziran, Temmuz, Agustos ve
Eyliil aylarinda olmak iizere 4 tarihte yerinde YAI 6lger alet ile dlgiimler yapilmustir. YAI
Ol¢tim tarihlerine gore en giincel ve en uygun (bulutsuz) uydu goriintiileri tercih
edilmistir. YAI kestiriminde her tarih ayr1 ayr1 ve tiim tarihler bir arada olmak {izere iki
uygulama yapilmigtir. Optik verilerde tek tarih i¢in Haziran 2024 ROR modelinde en
diisitk RMSE degeri (0.3236) verirken Eyliil ay1 %19.8574 ile en diisiikk %RMSE degerini
vermistir. T{im tarihlerde ise en diisiik RMSE 0.9797 ve %RMSE 24.5200 ile LR modelde
ve en yiikksek korelasyon BS8A bandinda 0,7473 olarak bulunmustur. Sentinel-1
verilerinde tek tarih i¢in Haziran 2024 LR modelinde en diisiik RMSE degeri (0.3197)
verirken tiim tarihlerde ise en diisik RMSE 1.2907 ile LR modelde ve en yiiksek
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korelasyon Radar Bitki Indeksi bandinda 0.6800 olarak bulunmustur. Ancak en diisiik
%RMSE degeri (15.1245) ile Eyliil ayinda ROR modeli ile elde edilmistir. Tiim veriler
ele alindiginda ise yine LR modeli en iyi sonucu sunmustur. Sentinel-1 ve sentinel-2
verileri beraber kullanildiginda ise en diisiik %RMSE degeri=16.8766 ile yine Eyliil ay1
icin ROR modelinden elde edilmistir. Tiim tarihler ele alindiginda ise en diisiik hata
RMSE=0.9389 ve %RMSE=23.5720 ile ROR modelinden elde edilmistir. Piring
bitkisinin gelisiminin bazi agamalarinda elde edilen verilerin daha yiiksek dogruluk
verdigi goriilmiigtiir. Biiyiime evreleri ele alindiginda olgunlagsma sonu evresinde en iyi

sonucu verirken tiim tarihler birlestirildiginde dogruluklarin arttig1 goriilmistiir.

Anahtar Kelimeler: Celtik, Sentinel-1, Sentinel-2, Lineer Regresyon, Rastgele Orman

Regresyon, Destek Vektdr Regresyon, YAI Tahmini
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1 INTRODUCTION

Rice is a staple food for over half of the global population, and the most important
production and consumption area of rice is the Asian continent. More than 90% of rice
production takes place in this continent [1,2]. Rice production generally requires
favorable climatic conditions and wetlands. It is mostly produced in floodplains and
irrigated plains. In Turkey, the plains where the Meri¢ River floods are the main
production areas [3]. Optimization is required for rice to be produced safely in the face
of global demand and climate change conditions. For this reason, detailed monitoring of

rice growth and health is essential [4].

Leaf Area Index (LAI), representing the total green leaf area on one side per unit of
ground surface, is a key parameter for analyzing vegetation and ecological processes [5].
It is a biological indicator for the energy exchange processes between the atmosphere and
the vegetation canopy, photosynthesis and transpiration processes. It is used for
monitoring crop growth, plant and vegetation health. Monitoring the LAl in rice is crucial
for understanding paddy-rice growth and yield estimation, and optimizing sustainable

agricultural practices [6].

There are different methods used for LAI estimation in the literature. Destructive
techniques and direct sampling can be given as examples of these traditional methods.
These methods require a lot of labor, take a long time and do not provide a fast solution
for large-scale applications, therefore they are not practical [7]. Remote sensing
technologies offer an effective alternative for LAI estimation due to the ability to monitor
the earth's surface at frequent intervals spatially and temporally [8]. Sentinel-1 and
Sentinel-2 satellites provided by the European Space Agency are also used for agricultural

field observations.

Sentinel-2 is an optical multispectral satellite that provides images in 13 spectral bands at
different wavelengths [9]. NDVI and EVI indices derived from Sentinel-2 satellite data
are widely used to estimate LAI [10].



Sentinel-1 is a Synthetic Aperture Radar (SAR) satellite, that provides backscatter data
in VV and VH polarizations. It operates in C-band. Since it is an active satellite and is
not affected by cloudy weather conditions, it is used to provide information about
vegetation in agricultural monitoring [11]. The Radar Vegetation Index (RVI) used in

vegetation analysis is calculated from the backscatter data of the Sentinel-1 SAR satellite.

Vuolo et al. (2013), presented that the use of Sentinel-2 optical data and Sentinel-1 SAR
data together increased accuracy as it combined spectral information in vegetation
analysis [12]. Vegetation indices can be used in agricultural analyses by taking different
combinations of spectral bands. There are also a variety of indices used for LAI
estimation. For LAI estimation in rice fields, Kulkarni and Honda (2020) found that
NDVI is promising [13]. After NDVI, indices such as Red-Edge Chlorophyll Index
(CLRE) and Land Surface Water Index (LSWI), which provide water stress and

chlorophyll content information, can be used for LAI estimation [14,15].

Estimating the LAI in rice crops using remote sensing data from satellites has become a
significant focus in precision agriculture. Machine learning algorithms can easily manage
complex and nonlinear relations between the input parameters spectral bands and indices
and output parameter LAI. While linear regression is a simple and easy-to-implement
regression model, it may not adequately capture the complexity needed for accurate LAI
estimation. Random Forest Regression (RFR) and Support Vector Regression (SVR) are
more advanced machine learning models and have shown superior performance in
various studies. They demonstrated their competence in processing high-dimensional data
by using RFR and SVR models to map fruit trees and land use types using the Sentinel-2
satellite [16].

SVR is applied to construct a non-linear model by utilizing kernel functions. RFR is an
ensemble learning method for machine learning in which multiple decision trees are
constructed and outputs are combined. The outcome is the reduction of overfitting and
capability to handle high-dimensional data. These characteristics may serve remote

sensing applications.



1.1

Aim and Objectives of Thesis

This study aims to estimate LAl using Sentinel-1 SAR satellite data and Sentinel-2 optical

satellite data from rice fields determined within the scope of the TUBITAK Project (No:

222N088) with machine learning models.

The main objectives of the thesis are as follows:

To examine the relationship between LAI obtained from in-situ studies and LAI

obtained from SAR and optical data

To examine and compare the relationship between data obtained from different

growth stages of rice plants and satellite data

To evaluate the LAI estimation performance of VV and VH backscatter values,
RVI, and the ratio of VH to VV polarizations obtained from Sentinel-1 SAR

satellite

To evaluate the LAI estimation performance of Sentinel-2 spectral bands (B2, B3,
B4, B5,B6,B7, B8, B8A, B11, B12) and vegetation index data (NDVI, NDVIred,
LSWI, CLRE, EVI, EAVI, NDAVI and WAVI)

To evaluate the LAI estimation performance of Sentinel-1 SAR data and Sentinel-

2 optical data together

To compare the performances of LR, SVR and RFR machine learning models for

LAI estimation

To use the synergy of SAR and optical data together with machine learning model
predictions, selection/determination of the most relevant indices/trait importance
for LAI estimation in paddy fields will help to find more accurate and scalable

methodologies for crop monitoring and precision agriculture.

1.2 Thesis Structure

This thesis has 6 main chapters. In the first chapter, rice, and LAI, indices are introduced,

the aim of the study is mentioned, and it consists of a literature review. The second chapter

describes the study area and materials utilized in the research. The third chapter
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introduces the methodologies applied. The fourth chapter presents the study's results for
optical, SAR, and combined data. The fifth chapter includes a discussion of the findings,
while the sixth and final chapter provides the overall conclusion and recommendations

for future research.

1.3 Literature Review

LAI represents fifty percent of the total leaf area relative to each unit of surface area and
is a critical parameter for understanding vegetation structure, ecological processes, and
climate interactions. LAI estimation is an important area of research for understanding
plant productivity and ecosystem dynamics [5]. The significance of LAI as a metric for
assessing canopy structure and function is well established in the literature, with various
methodologies developed to enhance its measurement accuracy and applicability across
different vegetation types and environments. Three methods can calculate LAI; direct
measurement method, indirect measurement method and remote sensing data inversion

method with new technology [6].

Direct LAI estimation method is a destructive method calculated by harvesting the leaves
of the plants or a more destructive technique called litter trap, calculated by taking the
average of the annual leaf fall rate [17—-19]. Because direct methods often require multiple
repetitions, they tend to be time-consuming, demanding, and costly [18]. The drawbacks
and challenges of direct methods lead to the use of indirect methods that are quick and

simple.

With the developing technology, indirect methods started to be used very frequently since
the 1990s [20]. Indirect LAI measurement is divided into 2 groups: contact and non-
contact methods. In contact methods allometric techniques are used for forests or the
method of inclined point is used for low canopies. Non-contact use of optical instruments
such as the plant canopy analyzer and hemispherical photography. Optical instruments

use radiation transfer theory [19,21].

There are studies in the literature on the use of hemispherical fisheye lenses for LAI
estimation with hemispherical photography. There were also studies in the literature on

the use of smartphones as an optical analyzer [22]. Zhu et. al. (2023) made an LAI



estimation with a smartphone equipped with a fisheye lens in their study. They compared
the results of the study with digital hemispherical photography (DHP) for accuracy. A
forest national park in China was selected as the study area. Six sample plots were
selected, including three broadleaf forests and three mixed coniferous and broadleaf
forests. Otsu threshold segmentation method was used for gap fraction. LAl was
estimated by inverting the multi-angle gap fraction linearly. For mixed coniferous forest
areas, RMSE values of 0.137, 0.120, and 0.147 were obtained, respectively. For broadleaf
forest areas, RMSE values of 0.144, 0.135, and 0.137 were obtained. When compared
with the DHP method, it gave compatible results. As a result, it was found that obtaining

LAI with a smartphone with a fisheye camera is a fast and accurate method [23].

It is difficult to conduct in situ studies of large areas. For LAI estimation for these areas,
aerial photographs taken from drones or airborne surveys measuring above the canopy,
satellite imagery and laser scanning are used. LAI estimates made in large areas are
promising in terms of accuracy. The techniques used are divided into 2 passive remote
sensing and active remote sensing. In studies conducted with both techniques, vegetation

indices (VI) were found to be correlated with LAI [24-27].

Yang and Fang (2020) conducted a literature study on the use of LiDAR technology in
LAI estimation. LiDAR systems send a laser pulse and measure distance using the
difference in time between the laser hitting an object and the reflection reaching the
LiDAR system. There are three types of LIDAR systems operating on three platforms:
ground-based terrestrial laser scanning, aircraft-based airborne laser scanning, and
satellite-based space laser scanning. In this study, LAI measurement methods from these
platforms are presented. Terrestrial laser scanning is effective for estimating LAI and
vertical foliage profiles within plots, though it is affected by factors like clumping and
occlusion. Airborne laser scanning covers larger areas but has limitations in describing
within-canopy structures. Spaceborne laser scanning offers global LAI estimates, with

accuracy influenced by footprint size and topography [26]

Some studies combine LiDAR technology and satellite images when making LAI
estimates. Zixi Shi et al. (2023) used spectral data obtained from the Sentinel-2 satellite
and LiDAR waveform together. LAI inversion method based on the GORT model was

used. The LAI estimate using a physical model combining the two data obtained a



correlation of 0.81, an R? of 0.65, and an RMSE of 1.01. This has shown that it is better

to work with combined data rather than working with single data [28].

Zhuo Lu et al. (2022) used UAV-based RGB images for LAI estimation in their study. A
wheat field in China was selected as the study area. Canopy height model and canopy
coverage methods were used. In-situ studies were also conducted for validation. Then,
the performances of these methods were evaluated on RGB and multispectral images. As
a result, R? = 0.742, RMSE = 0.534 was obtained from RGB images, and R? = 0.72,
RMSE = 0.556 from multispectral images. This shows that the methods used in the study

increase accuracy compared to traditional methods [29].

When using satellites for LAI estimation, we consider sensor features according to the
scope of our study. Systems with high (Sentinel 1/2), medium (Landsat, MODIS) or
coarse spatial resolution (Advanced Very High-Resolution Radiometer sensors

(~1000m)) can be used [30].

Various methods have been used in the literature for LAI estimation from satellite images.
Some empirical models use regression equations to relate spectral indices to LAI[31,32],
physical models that use radiative transfer theory to simulate canopy reflectance, data
assimilation that integrates LAI with crop values for better yield and biomass estimation
[33], machine learning models, or hybrid methods [34,35] where these methods are used

together.

Recent advancements in machine learning have increased the ability to estimate LAI from
satellite imagery, providing more precise and efficient methods. Numerous machine
learning algorithms such as RFR, SVR, Artificial Neural Network Regression [36,37],
XGBoost and PROSAIL-D Model [35], Bi-LSTM and LSTM Models [38,39] have been

utilized in literature to derive LAI from remote sensing data.

Kaplan and Rozenstein (2021) aimed to measure the performance of the Sentinel-2
satellite bands in estimating LAI in cotton, wheat and tomato fields and to determine the

best vegetation indices created using these bands. A linear regression model was used to
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estimate LAI from the Sentinel-2 satellite by validating with the LAIs obtained from the
field. 8 VIs (NDVISA, NDVI, WDVI, MTCI, EVI, MSAVI, SAVI, DVI) were used and
according to the best-performing bands, 2 new VIs were created as WEVI (Water vapor
red Edge Vegetation Index) and WNEVI (Water vapor narrow NIR red Edge Vegetation
Index). B7, B8, B8A, and B9 gave the best performance in LAI modeling. It has the
lowest RMSE value with reNDVI = 0.5. The newly produced WEVI and WNEVI indices
outperformed NDVI for all three vegetation areas [40].

Yadav et al. (2019) compared the performances of the different machine learning
regression models to estimate LAI using Landsat-8 OLI satellite data. The models used
in the study are Artificial neural network regression, SVR, and RFR. In-situ data were
collected with an LAI-2200C plant canopy analyzer on 3 different dates at different stages
of crops between January and March 2017 and satellite data were used on the same dates.
Using NDVI and actual LAI values, the data was split into 60% training and 40% testing,
and separate models were trained. The highest accuracy was obtained from RFR with
RMSE = 0.404. RMSE = 0.478 was obtained from the SVR model and RMSE = 0.497
from the ANNR model [36].

Obtaining remote sensing LAI from rice fields is more challenging than other crops due
to the submerged during the growth stage, which affects the spectral data [41]. Various
machine learning techniques have been applied in previous studies to determine LAI from
satellite images in rice fields. Among these approaches, SVM and RF have shown strong
performance. They effectively use multi-source data. Thus, the prediction accuracy is
increased. The data used can be texture features, spectral reflectance and vegetation
indices. The RF model has stood out in integrating the data and has made high accuracy

LAI predictions [42—44].

In the study conducted by Hosseini et al. (2021), LAI was estimated from rice fields from
RADARSAT images. The SVM model was used to estimate LAI. In situ data were
collected from the study areas of India using Hemispherical Photos. Images were taken

from the RADARSAT-2 satellite using Fine Quad-Polarization Wide (FQW) and



Standard Dual-Polarization (SDP) modes on 4 dates in 2014 and 3 dates in 2018. A high
correlation was obtained with RMSE=0.41 [45].

In literature, several machine learning regression models have been evaluated for their
effectiveness in estimating LAI from Sentinel-1 satellite and Sentinel-2 satellite data.
Models such as SVM, k-Nearest Neighbour, RF, and Gradient Boosting Decision Tree
have been tested, with tree-based algorithms like RF and Gradient Boosting Decision
(GBDT) Tree showing superior performance in handling data dimensionality and
providing accurate LAI estimates [43,46,47] Gaussian Process Regression has been
shown to achieve high accuracy in LAI retrieval when combined with radiation transfer

models [46,48].

Studies using Sentinel-1 SAR and Sentinel-2 optical data together in machine learning
models and deep learning models are effective in LAI estimation with high accuracy
[49,50]. The combination of VH and VV polarizations from Sentinel-1, along with optical
data from Sentinel-2, has been found to provide more accurate LAI estimates than using

either data source alone [51,52].

In the thesis study by Najatishendi (2017), Radar and optical satellite images were used
to estimate LAI from 6 paddy-rice fields in the Ipsala district. In-situ LAI measurements
were taken with a CI-110 measuring device on 28 August 2015 during the reproductive
stage of rice. Sentinel-1 on 27 August 2015 and TerraSAR-X satellite images on 4
September 2015 were used as SAR data. The Water Cloud Model was used for LAI
estimation from SAR images. The genetic algorithm was used as the optimization
technique. Landsat-8 satellite was used for optical imagery on 28 August 2015. NDVI,
Green Normalized Difference Vegetation Index (GNDVI), Modified Normalized
Difference Water Index (NDWI), Simple Ratio Index (SR), Gitelson and Merzlyak Index
(GMI) and Zygielbaum Water Stress Index (ZWSI) were calculated. Correlation analysis
was performed between LAI and the indices. As a result of the study, it was found that
LAI values and Landsat-8 satellite data have a higher correlation than Sentinel-1 and

TerraSAR-X satellite data [53].



2 STUDY AREA & MATERIALS

This section provides information about the study area and the materials used in the study.
This study was carried out with 60 samples taken from the parcels where the rice fields
of the Gonen district of Balikesir province are located. Within the scope of the study,
ground observation data were collected from 60 points with in-situ studies on 4 different
dates. Sentinel-1 and Sentinel-2 satellite images were downloaded on the closest and most
suitable dates for the in-situ studies. VV, VH, ratio and RVI values were obtained from
the Sentinel-1 image, and 10 bands with 9 index values (NDVI, NDVIRed, LSWI, CLRE,
EVI, SAVI, EAVI, NDAVI, WAVI) were obtained from the Sentinel-2 satellite image. In

this section, the study area, rice plant and satellite images are explained in detail.

2.1 Study Area

The study area was chosen from the rice fields of Balikesir province of the Gonen district.
Gonen is located between 40°06' north latitude and 27°38' east longitude, and has a total
area of 1152 km?. Gdnen region is in the northwest of Tiirkiye, southwest of the Marmara
Sea, and is a district on the coast of the Marmara Sea (Figure 2.1). The Gonen has a mild

Mediterranean climate.

Figure 2.1. Balikesir Province Gonen District



The region features a diverse range of landscapes, including urban, water areas,
agriculture areas and forests. The central and north-eastern parts of Gonen land are
covered with plains, and the western and south-eastern parts are covered with hilly and
wavy areas. The Gonen Plain is in the central part. The annual average temperature in
Gonen is 14°C. August is the hottest month, with temperatures ranging from 19°C to
29°C, while January is the coldest, with temperatures between 1°C and 9°C. The average
temperatures of the Gonen district by month are shown in Figure 2.2 [54].

Temperature, Gonen, Turkey e

30 29
30 27 26

40

Figure 2.2. Average Temperatures of Gonen District

The life cycle of rice cultivars in Balikesir-Gonen ranges from 110 to 130 days from
germination to maturity. Accordingly, rice sowing time in Gonen is around the end of
April and the beginning of May, and the harvest is around the end of September and the

beginning of October. The crop growing season in Gonen is shown in Figure 2.3. [54].
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Figure 2.3. Crop Growing Season of Gonen District
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Google Earth images of 60 points which were collected from rice fields selected for the

study in 4 different regions (red circle) are shown in Figure 2.4.
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Figure 2.4. Google Earth View of 60 Points of The Paddy Field
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2.2 Rice (Oryza sativa L.)

Rice (Oryza sativa L.), one of the oldest cultivated plants and a member of the Poaceae
family, is one of the plants that feed more than 50% of people. Rice is rich in amino acids
since it contains 5-10% protein. These amino acids are essential for nutrition. It is one of
the basic food sources since it meets most of the nutrient and energy needs of people. It
is estimated that rice production in the world will reach 523.9 million tons in 2023/24
[55,56]. It is an annual herbaceous plant and lives in semi-irrigated areas. Since it requires
a minimum of 1000 - 1200 mm of rainfall during the growing season, if this amount is
not provided by rainfall, technical irrigation methods are used to meet the water need
[57].

Most of the rice produced worldwide is grown in tropical and subtropical climate zones.
The countries that produce the most rice in the world are Asian countries. China is in first
place in paddy production with 144.6 million tons, followed by India with 137.8 million
tons and then Bangladesh. The country that exports the most rice is India with 16 million

tons. The 10-year production quantities of the top rice-producing countries are given in

Table 2.1 [58,59].

Table 2.1. The Most Rice Producing Countries and Annual Production Amounts(tons) in

the Last 10 Years

2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022 | 2023
China 146.7 | 148.5 | 147.8 | 148.9 | 148.5 | 146.7 | 148.3 | 149.0 | 145.9 | 144.6

India 105.5 | 104.4 | 109.7 | 112.8 | 116.5 | 118.9 | 124.4 | 129.5 | 135.8 | 137.8
Bangladesh | 34.5 | 345 |34.6 |32.6 |349 |359 |346 |359 |364 |370
Indonesia | 35.6 |36.2 |369 |37.0 |342 |347 |345 |344 |339 |33.0

Vietnam 282 | 158 274 (277 277 |271 |[274 |267 |27.1 |263

Tiirkiye ranks 43rd in the world in paddy rice production in 2023. The highest production
was made in the Marmara region with a rate of 65.0286%. Paddy cultivation in Tiirkiye

was done in 28 provinces in 2023. The provinces with the most rice production in 2023
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are Edirne, Samsun, Balikesir, Canakkale, Corum and Cankir1 [60]. These provinces and

their percentage of production quantities are shown in Figure 2.5 and Figure 2.6.

reli %1.616

Edirne %40.

Canak¥ale

Figure 2.5. Top 10 Provinces Producing Rice in 2023 and Production Percentage

According to the last 5 years of TSI data, the rice area planted and harvested in Gonen

and the amount of rice production is given in Table 2.2 [60].

Table 2.2. Gonen Rice Data of the Last 5 Years

Year Planted Harvested Production Yield
area(decare) | Area(decare) | Amount(tons) Amount
(kg/decare)
2019 84,500 84,500 65,010 769
2020 85,000 85,000 67,832 798
2021 88,000 88,000 74,447 846
2022 87,000 87,000 70,400 809
2023 87,000 87,000 75,621 869

In Tiirkiye, rice cultivation is carried out subject to permission within the framework of

the "Paddy Planting Law No. 3039".
Rice consists of 4 main parts; Paddy, root, spear, flower, and grain.

The growth of the rice plant may be divided into three phases:
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1) The vegetative stage spans from the moment of germination until the initiation of the

panicle.
2)The reproductive phase encompasses the period from panicle initiation to panicle.

3) The stage of development that occurs from the time of flowering until the fruits reach

full maturity [1].

Growing Stages of Rice is shown in Figure 2.7.
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Figure 2.6. Growing Stages of Rice

2.3 Optical Remote Sensing Data for LAI Estimations: SENTINEL-2

The Sentinel-2 satellites provide high-resolution, wide-swath, multi-spectral optical
images developed by the European Space Agency (ESA). The Copernicus Sentinel-2
target is two satellites in the same orbit, but phase 180° apart. Sentinel-2A was launched
into space in 2015 as part of ESA's Copernicus programme and then Sentinel-2B was
launched into space in 2017. The images of these satellites are freely available. The revisit
time, which was 10 days over the equator with a single satellite, was reduced to 5 days
with the use of two satellites. This contributes to a more detailed observation of the
changes on Earth. Optical sensors provide 13 spectral bands with different spatial

resolutions. The 4 of these bands provide 10 m, 6 bands provide 20 m, and 3 provide 60
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m spatial resolution. The orbital swath width equals 290 km. A new satellite, Sentinel-

2C, was launched on September 5, 2024. The band characteristics of Sentinel-2 A and B

satellites are given in Table 2.3.

Table 2.3. Spectral Properties of Sentinel 2A and Sentinel 2B Satellites

Band S2A S2B
number
Resolution Central Bandwidth | Resolution Central Bandwidth Description
(m) wavelength (nm) (m) wavelength (nm)
(nm) (nm)
1 60 442.7 27 60 4422 45 Aerosols
2 10 496.6 98 10 492.1 98 Blue
3 10 560.0 45 10 559 46 Green
4 10 664.5 38 10 665 39 Red
5 20 703.9 19 20 703.8 20 Red Edge 1
6 20 740.2 18 20 739.1 18 Red Edge 2
7 20 782.5 28 20 779.7 28 Red Edge 3
8 10 835.1 145 20 833 133 NIR
8A 20 864.8 33 20 864 32 Vegetation
Red Edge
9 60 945.1 26 60 943.2 27 Water vapor
10 60 1373.5 75 60 1376.9 76 SWIR
Cirrus
1 20 1613.7 143 20 1610.4 141 SWIR 1
12 20 2202.4 242 20 2185.7 238 SWIR 2

In this study, in-situ data was taken 4 times. The most suitable and most recent 4 Sentinel-

2 SR harmonized images for this field study were downloaded and used via Google Earth

Engine. Selected optical image dates are shown in Table 2.4.

Table 2.4. Used Sentinel Satellites and Image Acquisition Dates

Satellite name Image Date
Sentinel-2A 25 Jun 2024
Sentinel-2A 15 July 2024
Sentinel-2B 19 August 2024

Sentinel-2A

23 September 2024
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Google Earth Engine (GEE) is a platform that allows us to access the catalogs of several
datasets such as Sentinel - MODIS — Landsat satellites data and to perform operations on
these images. It can be used for geospatial or image processing algorithms. It can access
Sentinel-2 satellite data on GEE from March 28, 2017 to the present. In GEE, Level-2A,
Sentinel-2 data is presented after the atmospheric corrections. Bottom-Atmosphere
reflectance is made and the atmospheric effects (clouds, water vapor, aerosols, etc.) are
removed. It is used for the calculation of Surface Reflectance, which shows the amount
of light reflected by the soil surface by remote sensing. No image pre-processing steps

are required for these images and were not performed in the study.

Within the scope of this study, 10 bands of Sentinel-2 satellite were used. These bands
are B2, B3, B4, B5, B6, B7, B8, BRA, B11 and B12. And then 9 indices were calculated

from GEE. These indices and their formulas are shown in Table 2.5.

Table 2.5 Indices and Their Formulas

Index Name

Sentinel-2 Band Equations

NDVI (Normalized Difference
Vegetation Index)

(B8-B4)/(B8+B4)

NDVIRed (Red-Edge Normalized

Difference Vegetation Index)

(B8-B5)/(B8+B5)

LSWI (Land Surface Water Index)

(B8-B10)/( B8+B10)

CLRE (Red-Edge Chlorophyll Index)

(B8/B5)-1

EVI (Enhanced Vegetation Index)

2.5%((B8-B4)/(B8+6*B4-7.5%B2+1))

SAVI (Soil-Adjusted Vegetation Index)

((B8-B4)/(B8+B4+0,5))*(1+0,5)

EAVI (Enhanced Aquatic Vegetation
Index)

(B11+B12- (B3 —B2)) * (1610 - 490) / (1610
-560)

NDAVI (Normalized Difference
Aquatic Vegetation Index)

(B8-B2)/(B8+B2)

WAVI (Water Adjusted Vegetation
Index)

((1+0.5)* (B8 — B2))/ (B8 + B2 + 0.5)
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In remote sensing, indices are used to analyze environmental parameters derived from the
data. NDVI [61] is used to measure plant health. NDVIRed [62] measures plant health
more precisely by using the red-edge band. LSWI [63] is used to assess soil moisture and
water content on the land surface. CLRE [64] measures the chlorophyll content of plants,
allowing for the monitoring of photosynthetic capacity. EVI [65] is used to measure
vegetation density and is resistant to atmospheric distortions. SAVI [66] is used to reduce
the soil effect in areas with low vegetation density. EAVI [67] is used to monitor the
vegetation under water, thus understanding the plant health in wetlands. NDAVI [68] and
WAVI [69] are used in areas where the vegetation is composed of water. There is more
water than soil in these areas during the first stages of the paddy rice. These indices have

a background adjustment factor.

2.4 Radar Remote Sensing Data for LAI Estimations: SENTINEL-1

2.4.1 Synthetic Aperture Radar (SAR)

SAR is an instrument of the Radio Detection And Ranging. It works in the microwave
bands of the electromagnetic spectrum and thus high-resolution images can be obtained.
SAR uses radar signals, these signals hit objects on the ground, and the reflected signals
are collected and processed by SAR antennas. It is an active sensor because it uses radar
signals and is independent of sunlight. Since it is an active sensor, it can measure day and

night and is not affected by weather conditions.

SAR's fundamental measurements are recorded in specific time bins along the azimuth
(sensor's flight direction) and range (perpendicular to the flight path). The key parameters
captured include the intensity (amplitude) and phase of the backscattered signal. These
measurements are essential for constructing high-resolution radar images and extracting
surface information [70]. There are different wavelength bands such as X, C, L, and P

[71] (Table 2.6).
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Table 2.6. The RADAR Bands and Specifications

Band Wavelength(cm) Frequency (GHz)

Ka 1.1-0.8 27-40

K 1.7-1.1 18-27
Ku 2.4-1.7 12-18

X 3.8-24 8-12

C 7.5-3.8 4-8

S 15-7.5 2-4

L 30-15 1-2

P 100-30 0.3-1

2.4.2 Sentinel-1 Satellites

The Sentinel-1 satellite constellation was developed under ESA's Copernicus programme.
It consists of twin satellites carrying C-band SAR. Sentinel-1A was placed into orbit on
3 April 2014. Sentinel-1B was placed into orbit on 25 April 2016. Since they are 180
degrees in orbit apart, the two satellites have reduced the imaging time from Earth, which
is normally 12 days, to 6 days. They have a SAR instrument; therefore they are not

affected by weather conditions and can perform imaging regardless of day or night.

Sentinel-1B's mission ended in 2022 due to the SAR sensor shutdown. Sentinel-1C has
started its mission on November 4, 2024. Sentinel-1D satellite is also expected to be
launched [72]. Sentinel-1 satellite images are used for land, sea, and glacier monitoring,
natural disaster mapping and specifically ship detection and tracking. The Sentinel-1
satellite can image in different modes, operate in different bands and produce different
types of data. All Sentinel-1A satellite data from 3 October 2014 to the present are freely
available on Copernicus Data Space Ecosystem. In this study, the 4 Sentinel-1 images

closest to the in-situ studies were used. Selected SAR image dates are shown in Table 2.7.
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Table 2.7. Selected SAR Image Dates

Satellite name Image Date Orbit
Sentinel-1A 23 Jun 2024 Ascending
Sentinel-1A 17 July 2024 Ascending
Sentinel-1A 22 August 2024 Ascending
Sentinel-1A 15 September 2024 Ascending

Sentinel-1 GRDH images include Ground Range Detected (GRD) data, calibrated, and
ortho-corrected products. It can provide different bands, resolutions and instrument
modes. Instrument modes are IW (Interferometric Wide Swath), EW (Extra Wide Swath)
and SM (Stripmap). Resolutions are 10, 20x22 or 50 meters. Bands are VV, VH, HH, and

HV polarizations.

Sentinel-1 images with Interferometric Wide (IW) mode used in the study were obtained
via Copernicus and VH and, VV polarizations were used for each date. Interferometric
Wide mode has a spatial resolution of 5 x 20 m, swath width of 250 km, and off-nadir
angle 29.1° to 46. The Radar Vegetation Index (RVI) and Ratio value (VH/VV) were

calculated for each date.

RVI = ——— €Y)

where o\, o9y and oy are the polarized backscattering coefficients [73].

RVl is an index through which we provide information about the condition and growth of

the plant. We can follow the plant health and growth stages via RVI.
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2.5 In-situ LAI Measurements

Within the scope of the study, in-situ studies were carried out on 4 dates during the
growing season of rice plants in Gonen where the study area. During these visits, on-site

LAI values were obtained using the AccuPAR PAR/LAI Ceptometer Model LP-80 device.

When the AccuPAR LP-80 device is turned on, the first real-time PAR data appears. This
device uses PAR and other device parameters to calculate LAI. It calculates LAI based
on PAR measurements above and below the canopy along with the zenith angle. Data
recorded using the AccuPAR LP-80 device can be downloaded to the computer using

Windows Hyperterminal software [74].

Table 2.8. Dates of In-situ Studies

Field Dates Condition of Paddy-Rice

25 Jun 2024 Tillering vegetative phase

17 July 2024 Flowering/grain formation
23 August 2024 Ripening, filling stage

19 September 2024 End of ripening, mature grain

In field studies, the above and below-canopy PAR values of the plant were measured. 10
data at 10 cm intervals in a 1 x 1 meter area were recorded and an average of these data

were taken.
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3 METHODOLOGY

In this section, the process steps and methods used in the study are explained. The general
process steps are shown in Figure 3.1 with the workflow. The software and machine

learning models used in the study are also explained respectively.

Figure 3.1 shows the general steps of the methodology used in this study to estimate LAI
from optical and SAR images with machine learning models using GEE and Python

programming language and to evaluate the performance of the machine learning models.

In the first step, Sentinel-2 SR _Harmonized image collection is imported from the GEE
platform. After applying a cloud mask to the images, they were filtered according to the
points used in the in-site studies and the closest dates to these studies. The indices were
calculated by taking the bands to be used in the study. The image dates and the indices

used were introduced in the previous section.

In the second step, Sentinel-1 GRD images were downloaded from the Copernicus Data
Space Ecosystem website according to the dates closest to the in-site studies. Pre-
processing steps were applied to Sentinel-1 images in the SNAP software to obtain better
results within the scope of the thesis. The images were filtered to the points used in the

in-site studies. As a result, VV, VH, Ratio (VH/VV) and RVI values were obtained.
Actual LAI values were obtained by going to the field and taking points on 4 dates.

These values are recorded in a csv file and saved in an Excel file together with the LAI
values from in-situ studies. Code is written using the Python coding language in the
Jupyter notebook working environment. The Excel file created in the previous step is
given to the program as input. Linear Regression, Support Vector Regression and Random
Forest Regression Machine learning models were run for 3 different data. Firstly, LAI
estimation is made with the values obtained only from Sentinel-1 satellite images,
secondly, LAI estimation is made with the values obtained only from Sentinel-1 satellite
images, and finally, LAI estimation is made by combining the values obtained from
Sentinel-1 and Sentinel-2 satellite images. The performance of each machine learning
model is evaluated. In this step, RMSE, MSE, MAE, R? and percentage RMSE values
are calculated. According to the calculated parameters, it is determined which model is

better for LAI estimation.
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Figure 3.1. Workflow of the Methodology
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3.1 Software Used

In this study, GEE was used to download Sentinel-1 and Sentinel-2 satellite images,
perform image editing, extract bands, calculate of index and save values as a CSV. Itis a
technology developed by Google in 2010 to monitor the Earth. Cloud computing
combines earth observation data and data from many satellites, allowing large-scale data
to be analyzed through algorithms. In this way, high-resolution, accurate information can
be obtained. It offers users approximately 50 years of data. In this way, it provides the
opportunity to monitor changes on the earth. By using and analyzing the datasets provided
by the GEE, studies can be conducted on topics such as global warming, climate change,

and sustainable living, which have recently become a hot topic [75,76].

GEE provides several datasets, such as Landsat, Sentinel-1 SAR and Sentinel-2 optical
and MODIS image catalogs. It serves land and sea surface temperature, climate,
atmospheric and weather data from various sensors. It also contains elevation data [77].
There are machine learning models within GEE. Regression, image classification and
accuracy analysis can be done. Thanks to the GEE code editor, we can write and run
scripts over the web using the JavaScript-API. Codes can also be written with Python and
JavaScript editors using the API [78]. Machine learning models were trained in Jupyter
notebook, a web-based idea of the Python programming language, to estimate LAI from

data received from Sentinel-1 and Sentinel-2 satellites.

3.1.1 Sentinel Application Platform (SNAP)

The Sentinel Application Platform is free software developed by Sensar, Skywatch,
Brockmann Consult and C-S for Earth observation processing and analysis. It also
supports sensors other than Sentinel. It is a desktop remote sensing and image processing
software. It includes image processing, modeling, and visualization. It can be used for

both vector and raster data. It can be used for radar data as well as optical data [79].

24



3.1.1.1 Sentinel-1 GRDH Pre-processing Steps in SNAP

In this study, pre-processing steps were applied to Sentinel-1 satellite images before using
them for analysis. Sentinel-1 GRDH data were downloaded from the Copernicus Data
Space Ecosystem site and image preprocessing steps were applied on SNAP Software.
The workflow is designed to perform essential corrections, including precise orbit files,
thermal noise removal, border noise removal, radiometric calibration, and Range Doppler

and terrain corrections. The preprocessing steps are shown in Figure 3.2.

Apply
Orbit Thermal Border
File - Noise Noise
Precise Removal Removel
Orbit

Conversion

Radiometric Speckle Terrain intensity

Correction values to
dB values

Calibration Filtering

Figure 3.2. Pre-processing Steps of Sentinel-1 Data

* Apply Orbit File -Precise Orbit

Sentinel-1 may contain small errors as it uses real-time orbital information during
imaging. These errors are corrected by applying correction files containing precise orbital
information published by ESA later. To obtain the precise orbit, the SNAP software
enables the orbital state vectors to be automatically downloaded and updated for each

SAR scene in the product metadata.
* Thermal Noise Removal

Thermal noise may occur in low reflectance areas in Sentinel-1 GRD images. In order to
prevent this noise from causing incorrect results in the analysis, thermal noise is
eliminated by correcting the brightness changes in the image. Removal process Radar -

Radiometric = S1 thermal noise removal on SNAP Software.
¢ Radiometric Calibration

Sentinel-1 radiometric calibration is applied to convert pixel values in Sentinel-1 SAR
data into physically meaningful radar backscatter coefficients (sigma naught, gamma

naught, beta naught). Sentinel-1 Level-1 data does not contain radiometric calibration,
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so radiometric calibration is required. This calibration ensures comparable and

consistent measurements between different images.
* Speckle Filtering

This step is optional. In SAR systems like Sentinel-1, RADAR images contain noise
called speckles. Filters such as Lee Sigma, Refined Lee, and Forest are used to reduce
noise and make the image clear. These filters should be selected carefully to avoid loss of

detail.

The Lee filter, an adaptive filtering technique, is commonly utilized in the preprocessing
of Sentinel-1 SAR GRD data to minimize speckle noise. It effectively maintains linear

features, point targets, edges, and texture details. In this study, the lee filter was preferred.
* Terrain Correction

There are distortions related to the side-looking geometry in the SAR images because the
images are taken at angles greater than 0 degrees. The reason for terrain correction is to

want the image to be geometrically close to the Earth.

In this study, range-doppler terrain correction has been applied. In the terrain correction

operation step, the 30-meter SRTM digital elevation model was used.

The Doppler Terrain model uses a digital elevation model to correct the position of each

pixel.
» Conversion intensity values to dB values

The results of Terrain Correction images have intensity values. The back scattering
coefficients’ digital numbers from the result of terrain correction are unitless. Convert
these to decibel backscatter coefficients (dB) using the formula below. This formula was
applied to both VH polarization and VV polarization using band math in SNAP software
[80].

Bas = 10 x log1,(8) (2)

3.2 Machine Learning
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In recent years, with the increasing technology, the use of Artificial Intelligence has
increased. One of the branches of artificial intelligence is machine learning. In recent
years, machine learning has been extensively applied across various fields and analyses
due to its capability to process and interpret large datasets [81]. The main types of

machine learning are shown in Figure 3.3 [82].
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Figure 3.3. Diagram of Machine Learning Algorithms

In supervised learning, the model learns from labeled data. In unsupervised learning, it is
trained using unlabeled data. In reinforcement learning, the model interacts with its

environment, takes actions, and receives feedback along with status updates.

Machine learning is used in every area of our lives, such as health, economy,
transportation, finance and banking, shopping, security, and agriculture. Machine learning
models are also used in the analysis of remote sensing and satellite images. High accuracy
results are obtained in various fields such as object detection, land cover/use
classification, change detection, earth observation, environmental monitoring and disaster

management using remote sensing images [83,84].
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3.2.1 Supervised Classification

In supervised learning, the model learns to classify and predict outputs from a set of
labeled inputs. It learns the relationship between input and output and then uses this for
the input data [85]. Training and prediction are the steps of supervised learning. As an
example of supervised learning, when classification is desired from remote sensing
images, the algorithm is given a training set labeled as forest, city, water, vegetation area,
etc. The model learns the relationship between the labeled data and the outputs and
classifies the outputs into these classes. Using this relationship, the model makes

predictions for new unseen data to be given in the future.

3.2.1.1 Regression

Regression, a statistical method and a form of supervised learning is utilized to analyze
the relationship between a dependent variable and one or more independent variables
[86]. It is used to predict continuous data. Regression models used in machine learning:
Simple and Multiple Linear Regression, Polynomial Regression, Decision Trees
Regression, Support Vector Regression and Ensemble Method. In this study, Linear
Regression, Support Vector Regression and Random Forest Regression models were
used. After completing the model study, the performance of regression algorithms is
evaluated. In this evaluation, metrics such as MSE, RMSE, MAE and R2 can be used
[87].

3.2.1.2 Linear Regression Model

One type of supervised learning is regression. The purpose of the linear regression model
is to find the linear line that provides the best fit between the variables which are

independent and dependent [88].

Linear Regression is divided into 2 groups simple linear regression or multiple regression.
The simple linear regression equation is given below, where y is the predicted value of
the dependent variable, x is the independent variable, a, is the point where the Y-axis

intercepts, a, is the slope of the x variable, and e is the error term [86].
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y=ay+a;x+e 3)

3.2.1.3 Random Forest Regression

The Random Forest algorithm was introduced by Breiman(2001) and as the name
suggests, it is a tree-based learning algorithm. It can be used for classification and
regression in supervised algorithms as well as in unsupervised algorithms. Random forest
creates multiple decision trees. Random forest combines the trees it creates into a forest
to make better predictions [89]. It is a collection of decision trees created by adding

randomness to the bagging method [90].

Random Forest divides each node into branches. It does this separation by selection.
Random variables are selected from each node and then the branching process is
performed by using the best among the variables. New data sets are generated by
replacing the original data set [91] and the random feature is used when developing trees
[92]. Figure 3.4 shows the Working Process of Random Forest Regression Algorithm
[93].

INPUT

Tree 1 Tree 2 Treen

Prediction 1 Predictionn

;
:

Average all predictions

Random Forest Prediction

Figure 3.4. The Working Process of Random Forest Regression Algorithm
In random forest regression, two parameters are entered by the user: the number of
variables to be used in the node (m) and the number of decision trees (N). The number of

decision trees is developed in the regression infrastructure.
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3.2.1.4 Support Vector Machine Regression

One of the supervised learning models is the Support Vector Machine [94]. It can be used
for both regression and classification. The goal of SVR is to obtain a function close to the
training data. While doing this, it tries to minimize the prediction errors and reduce the
risk of reaching local values. For this, the smoothness of the established function is also
tried to be maximized. The reason why the SVR Model is powerful for regression models
with complex relationships is that it uses a kernel. It maps data to a higher dimensional
space using a kernel. Thus, it manages non-linear relationships between input and target

variables [95].

3.2.2 Removing Outliers

Removing outliers is done to obtain good results in machine learning models. The Z-score
was calculated to clean outliers. Z-score is a statistical method that shows how much
standard deviation a value is from the mean of the data set. The Z-score is calculated by
subtracting the mean value of the data set from the data value and dividing it by the
standard deviation. In statistics, it is accepted that 99.7% of the data is 3 standard
deviations away. In the thesis, values with |Z| > 3 were accepted as outliers. Before giving
it as input to machine learning models, outliers in In-situ LAI, Sentinel-1 and Sentinel-2
data were cleaned.

_@-w
B o

Z

(4)
x=observation value, u= mean value of dataset, o= standard deviation

3.2.3 Evaluation of Machine Learning Models

In this study, MAE, MSE, RMSE, R? and %RMSE, which are metrics used in machine
learning regression problems, are used to evaluate the performance of the models. The

formulas of the metrics used are given in Table 3.1.
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Table 3.1. Machine Learning Evaluation Metrics

Metrics Formula
n
1 Z . 5)
Mean Absolute Error N 1|Yi yil (
i=
(MAE)
n
1 Z N2 P
Mean Squared Error N4 1(yi yi) (6)
=
(MSE)
1 n
Root Mean Squared ;Z(yi — 9;)? (7
Error (RMSE) i=1
RMSE
(—_) x 100 8)
%RMSE y
Determination 1— Y i = 9)? 9)
Coefficient Y = ¥)?
(R?)

Where y;=actual value, y;= estimated value from the model, n= number of values and
¥y = mean of the actual values

MAE is the average of the absolute differences between the actual values and the values
predicted by the model. MSE is the mean squared error, which is the average of the
squared differences between the actual and predicted values. Squaring the differences
gives more weight to larger errors. Although it's difficult to interpret because the unit is
squared, a smaller MSE value indicates a better model performance. RMSE is the root
mean squared error, which is the square root of the MSE. It is based on MSE, making it
more sensitive to metric errors. %RMSE is the normalized RMSE, which is obtained by
dividing the RMSE by the mean of the actual values. The error is expressed as a
percentage. R? is the proportion of the variance in the dependent variable that is
predictable from the independent variable(s). An R? of 1 indicates that the model
perfectly fits the data. R? is used to summarize the overall performance of the model, as
it measures the effect of the independent variables on the dependent variable.
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4 RESULTS

4.1 In-situ LAI Values

Within the scope of this study, in-situ LAI values were obtained on 4 dates. In June, LAI
values were obtained from 39 points in the Tillering vegetative stage of the rice plant
because their height was short. Since the leaves were not completely closed at this stage,
low values were obtained between 0.43 and 2.33. In July, LAI values were obtained from
60 points in the flowering/grain formation stage of the rice plant. These values were
between 1.48 and 8.21. In August, LAI values were obtained from 60 points in the
ripening, filling stage. These values were between 2.17 and 8.10. In September, LAI
values were obtained from 52 points at the end of ripening and mature grain stage because

the harvest period began. These values were between 2.78 and 7.45.

The max, min, standard deviation and mean values of the LAI values gathered from points
for each date are given in Table 4.1. LAI distributions on 4 dates are shown as scatter

plots in Figure 4.1.

Table 4.1. Mean of the In-situ LAI

25.06.2024 17.07.2024 23.08.2024 19.09.2024
Max 2,33 8,21 8,10 7,45
Min 0,43 1,48 2,17 2,78
Mean 1,00 3,60 5,32 4,51
Std. Dev 0,44 1,58 1,28 1,07
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Figure 4.1. LAI Distributions on 4 Dates

4.2 Satellite Data Based Estimation Analysis

The results section with satellite data consists of 3 parts. LR, RFR, and SVR machine

learning models are used in all sections.

The first part includes the LAI estimation results obtained only from the Sentinel-
2 satellite,

The second part includes the LAI estimation obtained from the Sentinel-1 satellite,
The third part includes the LAI estimation results determined by using both optical
and SAR data together.

In all models, 80% of the data was reserved for testing and 20% for training.
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4.2.1 Results of Sentinel-2 Optical Data

The average of the reflectance values of the vegetation indices derived from Sentinel-2
data at points on 4 dates examined in relation to LAI used in the study is shown in Figure

4.2.

AVERAGE OF INDEX REFLECTION VALUES
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Figure 4.2. Average Vegetation Index Values

In general, the reflectance values of the indices started to increase after June and started
to decrease after August. This is due to the growth stages of the paddy-rice plant in the

region.

When estimating LAI with Sentinel-2 data, the optical data obtained on 4 dates were given
as input to the machine learning models separately and the LAI was estimated for the
phenological analysis. Then, the values of all dates were given as input to the machine

learning models together and the LAI was estimated.

4.2.1.1 Results of four Sentinel-2 dates

Optical values obtained from the images were entered into machine learning models
separately for each date and LAI was estimated. Outliers in in-situ LAI, and Sentinel-2
data were cleaned before feeding them as input to the machine learning models. MAE,
MSE, RMSE, %RMSE, R? values were calculated to test the performance of the models.
Model Results are given in Table 4.2.
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Table 4.2. Model Results of Sentinel-2 for 4 Dates

25.06.2024 15.07.2024 19.08.2024 23.09.2024

MAE 0.2980 1.2336 1.0243 0.7280

MSE 0.1363 2.1900 1.3415 0.7696

LR RMSE 0.3692 1.4798 1.1582 0.8773
%RMSE 38.2076 36.7793 22.9283 21.7886

R? 0.2656 0.0405 0.2422 0.1856

MAE 0.2413 0.7658 1.3507 0.6903

MSE 0.1047 0.7353 2.2694 0.7321

RFR RMSE 0.3236 0.8575 1.5064 0.8556
%RMSE 33.3149 22.2361 26.1807 19.8574

R? 0.4936 0.7265 0.1520 0.3438

MAE 0.3079 0.5182 1.0694 0.7235

MSE 0.1826 0.4350 1.7752 0.7303

SVR RMSE 0.4273 0.6595 1.3323 0.8545
%RMSE 39.8468 22.7445 23.7607 18.1054

R? 0.4318 0.2943 0.0007 0.1503

It was revealed that satellite images taken at different growth stages and on different dates
of paddy-rice crop gave different results in LAI estimation accuracy. The lowest RMSE
value was obtained from the RFR model on June 25, while the highest RMSE value was
observed in the RFR model on August 19. The lowest %RMSE value was obtained from
the SVR model on September 23, while the highest %RMSE value was observed in the
SVR model on June 25. All machine learning models returned low RMSE results on
August 19. According to all models, during the vegetative growth period of the crop in
June showed consistently low RMSE values and highest R? values in all machine learning

models.

4.2.1.2 Results of All Sentinel-2 Dates

The correlation values between the measured LAI and the optical data obtained from all
dates Sentinel-2 are given in the table. The relation graph between LAI and the data is
shown in Figure 4.3. The highest correlation value with LAI is R=0.7473 in the B8 A band
and the lowest correlation value is R=0.0028 in the CLRE index.
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Figure 4.3. Graphics of Relation Between In-situ LAI and Optical Data

The machine learning model results are given in Table 4.3. Among the models trained
using only Sentinel-2 data, the best RMSE value was obtained from the LR model. The
worst result was obtained from SVR. Figure 4.4 shows the Graphics of LAI Prediction

Performance of Models from Sentinel-2 data.

Table 4.3. Model Results of Sentinel-2 for All Dates

RMSE MSE MAE R? %RMSE

Linear Regression 0.9767 0.9540 0.7557 | 0.7412 | 24.5200

Random Forest Regression | 1.0505 1.1037 0.8364 | 0.7006 | 26.3736

Support Vector Regression | 1.1231 1.2612 0.9371 | 0.6579 | 28.1929
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4.2.2 Results of Sentinel-1 SAR Data

The average of the backscatter values in VH and VV polarizations, Ratio (VH/VV) and
RVI values produced from Sentinel-1 SAR images at points on 4 dates whose relationship

with the LAI used in the study is examined are shown in Figure 4.5 and Figure 4.6.

Averages of Backscatter Values

Figure 4.5. Averages of Backscatter Values

Averages of SAR Values

=@=RV| ==@==Ratio

Figure 4.6. Averages of SAR Values
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When estimating LAI with Sentinel-1 data, the SAR data obtained on 4 dates were given
as input to the machine learning models separately and the LAI was estimated. Then, the
values of all dates were given as input to the machine learning models together and the

LAI was estimated.

4.2.2.1 Results of four Sentinel-1 four data

SAR values obtained from the images were entered into machine learning models
separately for each date and LAI was estimated. Outliers in in-situ LAI and Sentinel-1
data were cleaned before feeding them as input to the machine learning models. MAE,

MSE, RMSE, %RMSE, R? values are given in Table 4.4.

Table 4.4. Model Results of Sentinel-1 for 4 Dates

23.06.2024 17.07.2024 22.08.2024 15.09.2024

MAE 0.2603 0.7193 09113 1.1461

MSE 0.1022 0.8509 1.7470 1.851

LR RMSE 0.3197 0.9224 1.321 1.3606
%RMSE 31.1601 28.5759 24.2154 27.6244

R? 0.1099 0.2079 0.0039 0.1459

MAE 0.3854 0.9035 0.7808 0.5678

MSE 0.3227 1.1302 1.1647 0.4432

RFR RMSE 0.5681 1.0631 1.0792 0.6657
%RMSE 52.9737 35.4368 19.4223 15.1245

R2 0.0176 0.2673 0.2274 0.1631

MAE 0.3628 1.0126 1.1883 0.8234

MSE 0.2993 1.990 2.1434 1.0348

SVR RMSE 0.5471 1.4107 1.4640 1.0172
%RMSE 52.1660 38.0259 26.9335 23.0582

R? 0.1008 0.0573 0.0130 0.1262
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The lowest RMSE value was obtained from the LR model on June 23, while the highest
RMSE value was observed in the SVR model on August 22. On September 15, the RFR
model showed the lowest error rate with %RMSE = 15.1245. Since the RMSE and
%RMSE values were the lowest, it gave the best result. On August 22, the SVR model
gave the worst result with RMSE = 1.4640, since the RMSE and %RMSE values were
the highest. On August 23, during the plant’s ripening, filling phase, all machine learning
models returned low-accuracy results. This shows that the SAR data obtained on August

22 is not consistent with the actual rice field data.

4.2.2.2 Results of all Sentinel-1 data

The correlation values between the measured LAI and the SAR data obtained from all
dates Sentinel-1 are given in Table 4.5 and the relation graph between LAI and the SAR
data is shown in Figure 4.7. While there is a positive correlation between VH, RVI, Ratio
values and LAI, there is a negative correlation with the VV value. The value with the
highest correlation with LAI is RVI with 0.6800. Among the SAR data, the RVI value is

the most sensitive to the paddy rice field.

Table 4.5. Correlation (R value) Between In-situ LAI and SAR Data

VH \AY% RVI Ratio
0.4239 -0.5032 0.6800 0.6481
WH ws LA VWV ws LAI
Positive Correlation, R?=0.1797 Megative Correlation, R?*=0.2532

s — Regression Line | » L] —— Regression Line
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Figure 4.7. Graphics of Relation Between In-situ LAI and SAR Data

The machine learning model and model performance evaluation metric results are given

in Table 4.6.

Table 4.6. Model Results of Sentinel-1 for All Dates

RMSE MSE MAE R? %RMSE
LR 1.2907 1.665 1.0224 0.5482 32.4019
RFR 1.4930 2.2291 1.2016 0.3954 37.4806
SVR 1.3465 1.8131 1.070 0.5082 33.8027

Among the models trained using only Sentinel-1 data, the best RMSE value was obtained
from the LR model. The worst result was obtained from Random Forest regression. Worse
results were obtained from the results obtained using Sentinel-1 satellite images. Figure

4.8. shows the graphics of LAI Prediction Performance of Models from Sentinel-1 data.
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Figure 4.8. Graphics of LAI Prediction Performance of Models from Sentinel-1 Data

4.2.3 Result of Optical and SAR Data

4.2.3.1 Result of Four Dates

Optical and SAR data from close dates are considered together. (Tables 2.4 and 2.7). Each
month's data was fed into the machine learning models separately and LAI was estimated.
Outliers in in-situ LAI, Sentinel-1 and Sentinel-2 data were cleaned before feeding them
as input to the machine learning models. MAE, MSE, RMSE, %RMSE, and R? values

of each month and each machine learning model is given in Table 4.7.
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Table 4.7. Model Results of Optical and SAR Data for 4 Dates

June July August September
MAE 0.3778 0.7347 0.9343 0.8474
MSE 0.1725 0.6287 1.3537 0.9081
LR RMSE 0.4154 0.7929 1.1634 0.9529
%RMSE 33.9464 24.9142 23.8176 21.5295
R? 0.4441 0.6482 0.1369 0.1588
MAE 0.2430 0.7901 0.9966 0.6572
MSE 0.0742 0.7636 1.4172 0.5936
RFR RMSE 0.2725 0.8738 1.1904 0.7704
%RMSE 24.1161 21.8420 20.5016 16.8766
R? 0.3448 0.4698 0.1320 0.1421
MAE 0.2591 0.9298 1.0722 0.6894
MSE 0.1061 1.7158 1.8039 0.9327
SVR RMSE 0.3257 1.3098 1.3431 0.9658
%RMSE 34.5600 36.3582 24.3318 21.2008
R? 0.1193 0.0574 0.0058 0.1098

The lowest RMSE value was obtained from the RFR model in June, while the highest
RMSE value was observed in the SVR model in August. The highest %RMSE value was
obtained from the SVR model in July, while the lowest %RMSE value was observed in
the RFR model in September. All machine learning models returned highest RMSE

results in August.

4.2.3.2 Results of All Dates

All optical and SAR data obtained from 4 dates were given as input to machine learning
models to estimate LAI. The results of the machine learning models where all values are

given as independent variables are given in Table 4.8.
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Table 4.8. Model Results of Optical and SAR data for All Dates

RMSE MSE MAE R? %RMSE
LR 0.9423 0.8879 0.7471 0.7591 23.6560
RFR 0.9389 0.8817 0.7346 0.7608 23.5720
SVR 1.3869 1.9237 1.1003 0.4782 34.8186

The best RMSE value was obtained from the RFR model with 0.9423. The worst RMSE
value was obtained from the SVR model with 1.3869. Accordingly, it is more appropriate
to use the RFR model to obtain more accurate results in cases where all data are used

together.

The heat map of the correlation between all values is given in Figure 4.9. The heat map
shows the correlation between the values used in the study and the in-situ LAI and the
LAI values estimated from the models. The highest correlation is shown in red and the
lowest correlation is shown in blue. The highest correlation with in-situ LAI is the LAI
value obtained from the RFR model with 0.88. This is followed by the LAI value obtained
from the LR model, BSA band and the LAI value obtained from the SVR model,
respectively. The lowest correlation with in-situ LAI is found in the B12 band with -0.10.
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Figure 4.9. Correlation Heatmap of All Values
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Figure 4.10. Graphics of LAI Prediction Performance of Models from All Values

It was observed that the results obtained from SAR data were lower than the models using
optical data. Low RMSE values were obtained in all machine learning models estimated

from Sentinel-2 data with machine learning models.
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S DISCUSSIONS

The discussion section includes key findings and model performances for LAI estimation.
The study provided insights into estimating LAI in paddy rice fields using machine

learning models from Sentinel-1 SAR and Sentinel-2 optical satellite data.

In this study, LAI was collected from paddy rice fields by in-situ study. In-situ studies
were carried out on 4 dates corresponding to different growth stages of rice plants.
Depending on the growth and harvesting conditions of the LAI plant, LAI could not be
collected from the same number of points on each date. LAI was obtained from fewer
points in June due to short plant height and in September due to harvest. LAI values
obtained from in-situ studies conducted on different dates showed that they were variable
depending on the growth stages of the rice plant. Since the leaves of the plant were
completely closed in July and August, higher LAI values were obtained. The average
LAI value increased between June and August, while it decreased between August and
September. These results obtained from in-studies, as in studies examining the trends in
the phenological development stages of rice plants, indicate that LAI values continuously
increase throughout the tillering, flowering/grain formation and ripening stages, and that
LAI values decrease after this stage [96,97]. In July, the LAI values of the rice plant in
the flowering/grain formation stage were between 1.48 and 8.21. The reasons for
obtaining very different LAI values from the rice plant on the same date from different
field which may have different farmer applications. Different planting, irrigation and
maintenance factors have been affected. Some studies in the literature [53,98] do not
consider the uncertainties in different growth stages of rice because they measure LAI for
a single date. In this study, LAI values taken at different dates were examined and LAI

changes at different growth stages of rice plants were also examined.

In the first part of the study, data were obtained from the Sentinel-2 satellite. The highest
correlation value with LAI is R=0.7473 in the B8A band and the lowest correlation value
is R=0.0028 in the CLRE index. We can conclude that the B8A band is more sensitive to
rice vegetation and there is no correlation between the CLRE index and rice vegetation.

Vegetation indices derived from Sentinel-2 satellite imagery bands showed varying
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sensitivity to LAI. The red-edge bands of the Sentinel-2 satellite and the VIs obtained
from these bands are very sensitive to vegetation growth [99]. Among these indices, those
including the B8A band were particularly effective. It also showed similarity with studies
showing that near infrared bands are critical for monitoring vegetation (Clevers &
Gitelson, 2013) [100]. Indices such as CLRE showed low sensitivity to paddy-rice
vegetation. The results obtained in the study showed that the selection of the vegetation
index to be used according to the plant structure and growth stage is important for the

accuracy of the study.

It was revealed that satellite images taken at different growth stages and on different dates
of paddy-rice crop gave different results in LAI estimation accuracy. When the machine
learning models were compared, the RFR model reached the lowest RMSE values when
trained on individual dates and the best performance was obtained on June 25. Sentinel-
2 satellite images taken during the tillering stage of the paddy in June showed consistently
low RMSE values in all machine learning models. Considering only the plant growth
phases we used in the study, low LAI values were also obtained in the tillering phase in

the study conducted by Prabhakar et. al., (2024) [101].

Among the machine learning models trained on the combined Sentinel-2 data from all
dates, the LR model gave the highest performance. The worst result was obtained from
SVR. Panigrahi and Das (2021) compared regression models in LAI estimation. In this
study, the RFR (R? = 0.73) model gave better results than SVR (R? = 0.71) [102].

In the analysis of Sentinel-1 data in the study, it was concluded that the RVI value showed
the highest correlation (R=0.6800) with in-situ LAI. In-situ LAI has positive correlations
with backscatter in VH polarization and Ratio values. On the other hand, it has a negative
correlation with backscatter values in VV polarization. Najatishendi found that VV
polarization backscatter values have a positive correlation with LAI, while VH
polarization backscatter values have a negative correlation with LAI. This shows the
opposite result [53]. During the rice growth period, canopy density increases with time.
This increases the randomness in SAR values and VH variation becomes large. As in the

study, low RVI values were obtained in June, and the rice plant reached the highest RVI
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value before harvest [103]. As in the study by Chen et. al. (2009), the VV/HH
backscattering ratio value obtained from the C-band can be used to estimate LAI at

different growth stages of rice plants [104].

When Sentinel-1 data is entered into machine learning models one by one for each date,
the lowest RMSE value was obtained from the LR model on June 23, while the highest
RMSE value was observed in the SVR model on August 22. On September 15, the RFR
model showed the lowest error rate with %RMSE = 15.1245. Since the RMSE and
%RMSE values were the lowest, it gave the best result. On August 22, the SVR model
gave the worst result with RMSE = 1.4640, since the RMSE and %RMSE values were
the highest. On August 22, during the plant’s ripening phase, all machine learning models
returned low-accuracy results. This shows that the SAR data obtained on August 22 is not

consistent with the actual rice field data.

Among the machine learning models trained on the combined Sentinel-1 data from all
dates, the LR model gave the highest performance. The worst result was obtained from
RFR. In the study conducted by Salma et. al. (2024), the lowest RMSE (0.25) value was
obtained with RFR. In this study, on the contrary, the highest RMSE value was obtained
from the RFR model [105].

Similar to Najathishendi's study, it was observed that LAI results obtained from SAR data
were less accurate than models using optical data [53]. Low RMSE values were obtained
in all machine learning models estimated from Sentinel-2 data with machine learning
models. It has a higher correlation with in-situ LAI. As stated in the study conducted by
Clevers & Gitelson (2013) [100], optical sensors show high sensitivity in detecting
canopy structure, vegetation chlorophyll content and leaf biochemical properties. Veloso

et al. (2017) stated in their studies that optical data showed high performance [106].

Optical and SAR data from close dates are considered together. (Tables 2.4 and 2.7). Each
month's data was fed into the machine learning models separately and LAI was estimated.
The lowest RMSE value was obtained from the RFR model in June, while the highest
RMSE value was observed in the SVR model in August. The highest %RMSE value was
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obtained from the SVR model in July, while the lowest %RMSE value was observed in
the RFR model in September. All machine learning models returned highest RMSE
results in August. According to all models, the date on which the LAI was obtained from
optical data is most consistent with the LAI obtained from in-situ studies in June. This
showed that it had a higher correlation with in-situ LAI values. This was due to the canopy
biomass and active chlorophyll content obtained well by both optical and SAR data in the
vegetative stage in June, which is similar to Yeshanbele et al. (2005). Satellite data
obtained during the reproductive stage of the plant in August showed low accuracy in
machine learning models. This is due to the complexity of the canopy structure of the
plant in the reproductive stage. It can be said that the differences in backscatter values in
SAR data and the saturation effect for optical data are caused by the change in plant-water
interaction [107]. According to the LAI values obtained by in-situ studies and LAI
estimates obtained by machine learning models using satellite data taken at different
stages, it was shown that temporal monitoring at different dates is important to capture

the crop dynamics of the rice crop.

The combined use of all SAR and optical data improved LAI estimation in all machine
learning models. The best RMSE value was obtained from the RFR model with 0.9389
and %RMSE of 23.5720. The worst RMSE value was obtained from the SVR model with
1.3869. Accordingly, it is more appropriate to use the RFR model to obtain more accurate
results in cases where all data are used together. The robustness of SAR data to
atmospheric conditions and the sensitivity of optical data to chlorophyll and vegetation
increased the estimation reliability of machine learning models when combined. These
two data types can be interpreted as complementary to each other. Previous studies have
also shown that the combined use of these two data types has the potential for crop
parameter estimation [106]. Our study is similar to the study of Campos-Taberner et. al.
(2017), who concluded that using optical and C-band SAR data together is suitable for
LAI estimations [49].

Machine learning models used in LAI estimation have shown different performances
depending on the model architecture, feature selection process, and data type. LR is easy

to implement but gives low accuracy results in complex cases. RFR has given good and
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robust results on different datasets for estimating LAI [47,51]. SVR has potential when
combined with other ML models for estimating LAI. However, it has not given as good
results as RFR in studies [108]. SVR with SAR data on individual dates showed good
performance and demonstrated its ability to effectively model nonlinear relationships
[109]. The performance of the SVR model decreased when optical data and SAR data

were used together. This is due to the increased size and overfitting.

When estimating LAI, the data is taken from which growth stage of rice, which region,
which satellite is used, the bands and indices used and which algorithm is used for
estimation affect the estimation accuracy. It is important to select the most appropriate
data according to the study region and time. In this thesis, since the in-situ LAI dates and

some satellite data are not the same date, it might affected the result of the study.
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6 CONCLUSIONS AND FUTURE WORK

This thesis investigates the estimation of LAI using the data collected within paddy rice
fields located in the Gonen district of Balikesir province. The study investigates how
different combinations of data derived from Sentinel-2 optical satellite and Sentinel-1
SAR satellite images influence LAI estimation. Data was collected over four distinct
months, enabling an assessment of satellite image effectiveness at various growth stages
of the rice crop. For this study, Sentinel-2 optical satellite and Sentinel-1 SAR satellite
images were acquired on 4 dates. For LAI estimation, B2, B3, B4, BS5, B6, B7, BS, BA,
B11, B12 bands and NDVI, NDVIred, LSWI, CLRE, EVI, EAVI, NDAVI and WAVI
indices obtained from these bands, backscatter values of VV and VH polarizations, RVI
and Ratio value were used. LR, RFR, and SVM machine learning models were employed
for LAI estimation. To evaluate model performance, RMSE, MSE, MAE, R? and
%RMSE metrics were computed, and predicted LAI values were compared against

reference LAI data obtained from in-situ measurements. The findings are detailed below.

Firstly, the LAI estimation results obtained using Sentinel-2 optical satellite images are

mentioned.

e When LAI calculations were made separately for 4 dates from machine learning
models, the lowest RMSE value was obtained from the RFR model as 0.3236 on
June 25 2024 during tillering vegetative stage. On the other hand, the highest
RMSE value was obtained from the RFR model as 1.5064 on August 19, 2024 in
the ripening stage. However, in the end of ripening stage lowest %RMSE values
were obtained.

e When the correlation between optical data and in-situ LAI values on all dates is
examined, it is seen that the highest correlation is in the BSA band (R=0.7473).

e Optical data from all dates were entered as independent variables into machine
learning models for LAI estimation. As a result, the best accuracy was obtained

from the Linear regression model (RMSE=0.9767 and R?=0.7412).

Secondly, the LAI estimation results obtained using Sentinel-1 SAR satellite images are

mentioned.
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When LAI calculations were made separately for 4 dates from machine learning
models, the lowest RMSE value was obtained from the LR model as 0.3197 on
June 23, 2024. On the other hand, the highest RMSE value was obtained from the
SVR model as 1.4640 on August 22, 2024. On September 15, the RFR model
showed the lowest error rate with %RMSE = 15.1245. Since the RMSE and
%RMSE values were the lowest, it gave the best result. On August 22, the SVR
model gave the worst result with RMSE = 1.4640, since the RMSE and %RMSE
values were the highest. The best result was obtained in the end of ripening stage
and the worst result was obtained in the tillering stage.

High RMSE (greater than 1) values were obtained from all models on August 22,
2024. It corresponds to the ripening stages of the plant. However, high %RMSE
values obtained in the first stage of the phenology.

When the correlation between SAR data and real LAI values on all dates is
examined, it is seen that the highest correlation is in RVI (R=0.6800). The
correlation between VV value and real LAI values is negative.

SAR data from all dates were entered as independent variables into machine
learning models for LAI estimation. As a result, the best accuracy was obtained
from the Linear regression model (RMSE=1.2907, %RMSE=32.4019, and
R?=0.5482).

Thirdly, the LAI estimation results obtained using Combined values (Sentinel-2 Optical

+ Sentinel-1 SAR) are mentioned.

When LAI calculations were made separately for 4 dates from machine learning
models, the lowest RMSE value was obtained from the RFR model as 0.2725 on
June 2024.

On the other hand, the highest RMSE value was obtained from the SVR model as
1.3431 on August 2024. The lowest RMSE value was obtained in the tillering
vegetative stage and the highest RMSE value was obtained in the ripening stage.

The highest %RMSE value was obtained from the SVR model in July, while the
lowest %RMSE value was observed in the RFR model in September in the end of

ripening stage.
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e  When the correlation between the combined data and the real LAI values in all
dates is examined, the highest correlation is seen in the B8A band. It is followed
by the B8 band and the RVI value (0.79, 0.76 and 0.76 respectively).

e First, all of the combined data were given as independent variables to machine
learning models and LAI was estimated. Among the machine learning models
where all values are given as independent variables, the highest accuracy was

obtained from the RFR model (RMSE=0.9389 and R? = 0.7608).

It is more appropriate to prefer optical data instead of SAR data for LAI estimation from
the study area. Estimates made using only SAR data will have low accuracy. The LAI
estimation accuracy increased by using optical and SAR data together from LR and RFR
machine learning models. The LAI estimation accuracy decreased by using optical and

SAR data together from the SVR machine learning model.

Recommendations for future studies,

o Different indices compatible with rice plants can be calculated for optical data. In
addition to Sentinel-2 satellite, data can be obtained from different optical
satellites.

o Different values can be calculated, and different SAR vegetation indices can be
calculated to estimate LAI from SAR data. In addition to Sentinel-1 satellite, data
can be obtained from different radar satellites.

e Other machine learning models such as XGBoost and LightGBM can also be
tested for LAI estimation. Deep learning models can also be tested.

e Instead of taking data from a single date in the months used, all satellite data
observing the study area in that month can be taken and averaged.

e This study only covers the year 2024. Long-term data can be examined by taking

data from previous years.
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