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ABSTRACT

This study provides a comprehensive analysis of estimating actual evapotranspiration (ET,)
using surface energy balance (SEB) models in the Lower Seyhan Plain (LSP) in Tiirkiye,
encompassing both non-stressed areas (Akarsu Irrigation District, i.e., AID) and stressed areas near
saline lagoons of the LSP. It evaluates the applicability of SEB models (METRIC, SEBAL, EEFlux-
METRIC, and GeeSEBAL) and the Kc.npvimethod for computing ET, over a large irrigation scheme
in four consecutive water years (2020, 2021, 2022, and 2023). Landsat data, data sets obtained from
field campaigns, in-situ climatic observations from local meteorological stations within the study
area, and global meteorological data were utilized to estimate ET, by SEB models and the Kc.npvi
method. In this study, the results of the crop classification in the AID and the ground truth data
acquired from the stressed areas were used to estimate ET, using SEB models, to evaluate the
accuracy of EEFlux-METRIC and GeeSEBAL, and to investigate the relationship between NDVI
and LAI for selected crops. The R-METRIC model and LandMOD ET Mapper toolbox in MATLAB
facilitated robust ET, estimation. Furthermore, spatio-temporal variations for different crop types
were shown on a large scale. SEB models were validated against the ET..FAO model and ET.
method, focusing on metrics such as R%, RMSE, MAE, and agreement index (d) to assess model
performance. The findings demonstrate strong agreement between ET, estimates from SEB models
and ET,-FAO, ET. methods, with the METRIC model showing slightly better performance than the
SEBAL algorithm. The Kcnpvi method demonstrated a stronger correlation with the ET. method
during the mid-growth stages of crops, with a Pearson correlation coefficient (r) ranging from 0.67
to 0.99 and RMSE values between 1.30 mm day ! and 0.21 mm day™!, compared to the initial and
harvesting stages in the AID throughout the water years 2020-2023. The proposed equations (ET..
METRIC-ETo, ETagerux-ETo, ETa-sesar-ETo, Kenpvi, LAI-NDVI) have the potential to apply and
generalize to different crop types in semi-arid regions worldwide.

Keywords: Evapotranspiration, Remote sensing (RS), Surface energy balance models, Artificial
neural network (ANN), Lower Seyhan Plain (LSP).
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Bu c¢aligma, Tiirkiyee'nin Asagt Seyhan Ovasi'nda (ASO) ylizey enerji dengesi (SEB)
modellerini kullanarak gercek buharlagma-terleme (ET,) tahminine ydnelik kapsamli bir analiz
sunmakta, hem stres altinda olmayan alanlar1 (Akarsu Sulama Bolgesi, yani ASB) hem de ASO'daki
tuzlu lagiinler yakinindaki stres altindaki alanlar1 kapsamaktadir. SEB modellerinin (METRIC,
SEBAL, EEFlux-METRIC ve GeeSEBAL) ve Kcnpvr yonteminin dort ardisik su yili (2020, 2021,
2022 ve 2023) siiresince biiyiik bir sulama sebekesi iizerinde gercek evapotranspirasyonu (ET,)
hesaplamadaki uygulanabilirligi degerlendirilmektedir. SEB modelleri ve K¢.npvi yontemiyle ET,'y1
tahmin etmek i¢in Landsat verileri, arazi ¢alismalariyla elde edilen veri setleri, calisma alanindaki
yerel meteoroloji istasyonlarindan alinan yerinde iklim gozlemleri ve kiiresel meteorolojik veriler
kullanilmistir. Bu ¢aligmada, ASB'deki bitki siniflandirma sonuglari ve stresli alanlardan elde edilen
yer gozlem verileri, SEB modelleri kullanilarak ET,'y1 tahmin etmek, EEFlux-METRIC ve
GeeSEBAL'in dogrulugunu degerlendirmek ve segilen bitkiler icin NDVI ile LAI arasindaki iligkiyi
incelemek amaciyla kullanilmistir. R-METRIC modeli ve MATLAB'deki LandMOD ET Mapper
ara¢ kutusu, ET, tahminini kolaylastirmigtir. Ayrica, farkli bitki tiirleri i¢in mekansal ve zamansal
degisiklikler biiyiik 6lgekte gosterilmistir. SEB modellerinin model performansini degerlendirmek
amaciyla ET,.FAO modeli ve ET. yontemi ile karsilastirilarak R?, RMSE, MAE ve uyum indeksi (d)
gibi metrikleri kullanilarak dogrulanma yapilmistir. Bulgular, SEB modellerinden elde edilen ET,
tahminleri ile ET,-FAO ve ET. yontemleri arasinda gii¢lii bir uyum oldugunu gostermistir. Ayrica,
METRIC modelinin, SEBAL algoritmasindan daha iyi performans gosterdigi saptanmistir. Kcnpvi
yontemi, 2020-2023 su yillari kapsayan donemde ASB'deki bitkilerin baslangi¢ ve hasat
donemlerine kiyasla, orta biiylime evrelerinde ET. yontemi ile daha giiglii bir korelasyon
gostermistir. Pearson korelasyon katsayisi (r) 0.67 ile 0.99 arasinda degisirken, RMSE degerleri 1.30
mm giin' ile 0.21 mm giin™' arasinda gerceklesmistir. Onerilen denklemler (ET,metric-ETo, ET,
eeFlux-ETo, ETasear-ETo, Kcnpvi, LAI-NDVI) diinya genelindeki yar1 kurak bolgelerde farkli bitki
tiirlerine uygulanma ve genellestirilme potansiyeline sahiptir.

Anahtar Kelimeler: Buharlagma-terleme, Uzaktan algilama (UA), Yiizey enerjisi denge (SEB)
modelleri, Yapay sinir ag1 (YSA), Asag1 Seyhan Ovas1 (ASO).
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EXTENDED SUMMARY

In recent decades, the availability of freshwater resources has been increasingly limited due
to the growing demands of agricultural practices and the impacts of climate change in semi-arid
regions of the world. Tiirkiye, as a Mediterranean country, has experienced a reduction in water
resources, particularly in the Lower Seyhan Plain (LSP) (Cetin et al., 2020). Given the importance
of the LSP as a highly productive agricultural area in Tiirkiye, where a variety of crops, including
citrus, saplings, wheat, and both first and second crops of corn, cotton, soybeans, and peanuts are
cultivated, precise ET, estimation is crucial for optimal field-scale irrigation water management.
Remote sensing (RS) techniques offer the capability to estimate actual evapotranspiration (ET,) with
high spatial and temporal resolution across extensive irrigation areas. This study utilizes RS-based
actual evapotranspiration models to compute ET, for crops using Landsat images coupled with in-
situ climatic data, as well as global datasets at large irrigation schemes. Also, this study encompasses
both non-stressed areas (9,495 ha in the Akarsu District Irrigation, known as AID) and stressed areas
(53,000 ha) near saline lagoons in the LSP of Tiirkiye during the 2020-2023 water years.

Over the past few decades, several models have been utilized to compute ETa using RS data,
with surface energy balance (SEB) models particularly prominent. SEB models can show spatial and
temporal variations of the crop-based ET, values across extensive regions, offering a significant
advantage over point-scale measurements like those obtained from lysimeters and eddy covariance
systems.

In this research, SEB models utilizing RS techniques were used for ET, estimation, including
the Surface Energy Balance Algorithm for Land (SEBAL) developed by Bastiaanssen et al. (1998a),
and Mapping Evapotranspiration at High Resolution with Internalized Calibration (METRIC)
introduced by Allen et al. (2007a), among others. The study applied standard METRIC and SEBAL
models to estimate ET, based on local climatic data coupled with RS data over the two regions of the
LSP of Tiirkiye for the water years of 2020-2023. The EEFlux-METRIC and GeeSEBAL platforms
were also utilized to estimate ET. in the study area for the water years 2020, 2021, 2022, and 2023.
These platforms leverage Landsat data stored in the cloud through the Google Earth Engine
environment. Additionally, global datasets such as CFSV2 with a spatial resolution of 4 km x 4 km
and ERAS with a spatial resolution of 9 km x 9 km were integrated into that platform for estimating
ET..

These SEB models require extensive input data, such as climatic and RS data, and necessitate
expert users proficient in handling RS techniques for ET. estimations. Therefore, an alternative
approach was employed, which involves using the relationship between the Normalized Difference
Vegetation Index (NDVI) and standard crop coefficient (K¢) as outlined by TAGEM-(General
Directorate of Agricultural Research and Policies) —DSI, i.e., State Hydraulic Works (2017). This

method generates a modified K., multiplied by the reference evapotranspiration (ET,), to estimate
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ET,, utilizing the established Kc.npvr relationship. ET, was assessed by comparing the Kcnpvi
approach with SEB models (METRIC and SEBAL), and these were evaluated against reference
evapotranspiration (ET,) and ET. methods for various crop types at the time of satellite overpass.
Additionally, the research compared ET, estimates using the METRIC model for crops such as
wheat, citrus, and both first and second-crop types of cotton, corn, soybean, and peanut in non-
stressed areas (AID) and stressed areas near saline lagoons of the LSP. The relationship between the
Leaf Area Index (LAI) and NDVI was also assessed using the METRIC model to determine crop
health status for different crops in the AID at the time of the satellite overpass.

Crop classification was conducted using the Artificial Neural Network (ANN) model
through supervised classification in the Environment for Visualizing Images (ENVI) software. This
classification process utilized ground truth data combined with high-resolution remote sensing (RS)
data for crops in the AID of the LSP from 2020 to 2023. Similarly, ground truth data on cultivated
crops were used to classify the crop types located near the saline lagoons of the Lower Seyhan Plain
(LSP) during the study period. This approach significantly enhanced the interpretation of ET, results
obtained from SEB models, ET., and Kc.npvi methods in the study area. The performance of the
METRIC model, standard SEBAL models, EEFlux, and GeeSEBAL platforms was evaluated in non-
stressed areas. At the same time, METRIC and EEFlux were specifically assessed in stressed areas
during satellite overpasses. Moreover, the METRIC model was applied to examine the differences
in ET, estimation for various crops between the non-stressed and stressed areas of the LSP.
Additionally, the evaporation of saline lakes was estimated using the METRIC model when the
satellite passed over the study area. Evaluation metrics—including Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Coefficient of Determination (R?), and Willmott's Index of Agreement
(d)—were performed to evaluate actual evapotranspiration (ET,) estimated by SEB models and the
Kcnpvi method against ET. estimated by the “two-step” procedure for some crops such as corn,
cotton, soybean, peanut and over the AID. These metrics were used to compare the performance of
models like METRIC, SEBAL, and K..xpvi methods against the ET. method, serving as the reference.

Classified crop maps were produced based on field visit data combined with RS data,
utilizing the ANN approach and achieving high overall accuracy in the AID for the years 2020-2023.
For example, in 2021, certain crops such as lettuce, potato, sesame-II, palm, and watermelon
achieved 100% estimation accuracy, while onion and wheat exceeded 90%. Crops like citrus, first
and second crops of cotton, soybean, peanut, and corn achieved over 77% accuracy, except for fruits,
where discrepancies occurred due to shape similarities or coverage features with citrus orchards.
Moreover, this misclassification likely arises because deciduous fruit trees, such as apples,
pomegranates, and peaches, and very young citrus saplings often share similar land characteristics,
such as bare soil, during the winter months. The ANN model under supervised classification proved
to be a robust tool for high-accuracy crop-type classification in the AID throughout the water years

2020-2023. Conversely, ground truth data collected through field observations of each crop were

v



used to identify the types of crops grown in stressed regions of the LSP and to estimate their actual
evapotranspiration (ET,). This data also offered additional validation of stress factors such as salinity,
alkalinity, and rising groundwater levels throughout the stressed areas of the LSP, significantly
enhancing the overall value of the research.

The study demonstrated a strong correlation between actual evapotranspiration estimates
obtained using the METRIC model and the ET, by the FAO-PM model during satellite overpasses
in both non-stressed (NSA) and stressed areas (SA) of the Lower Seyhan Plain. Evaluation metrics,
such as correlation coefficients and RMSE, indicated a consistent agreement between the METRIC
and SEBAL models relative to the ET. method in NSA (AID) over the period from 2020 to 2023.
Differences in annual ET, estimates between the METRIC, SEBAL models, and the ET. method
were attributed to the latter's use of reference K. values based on normal crop conditions, whereas
RS-based models capture actual field conditions. The EEFlux-METRIC and GeeSEBAL models
showed limitations in correcting scan line errors, particularly in Landsat 7 data, unlike standard
models that address these errors beforehand. ET, values from EEFlux-METRIC and GeeSEBAL
models can serve as reliable ET, references, particularly when local climatic data is lacking.

This study estimated actual evapotranspiration (ET,) using the METRIC model implemented
through two distinct tools. The first tool, the LandMOD ET Mapper toolbox in MATLAB, supports
all types of Landsat satellites (7, 8, and 9) as well as moderate-resolution imaging spectroradiometer
(MODIS) data. The second tool, the R-METRIC model, available within the water package of the R
programming language, is designed specifically for Landsat 7 and 8 data. Specific dates were
selected for analysis to compare the ET, results obtained from these tools, including September 9,
2021 (Day of Year, i.e., DOY 190) and October 21, 2021 (DOY 294). The results from both tools
were nearly identical. However, variations were negligible between the LandMOD ET Mapper and
R-METRIC model results, likely due to differences in climatic data requirements and the types of
Landsat data utilized by each model. The R-METRIC model typically uses data from a single weather
station, averaging climatic parameters from a network or subdividing the area to estimate ET, for
each sub-area before merging the results. However, this study did not apply the latter method, finding
it unnecessary. Instead, the LandMOD ET mapper in MATLAB incorporated multiple weather
stations using interpolation methods for variables like solar radiation, temperature, wind speed, and
relative humidity. Although the ET, estimates from the R-METRIC model and the LandMOD ET
mapper were similar, the LandMOD process is more time-intensive, especially during data
preparation and interpolation using techniques like Inverse Distance Weighting (IDW). The
LandMOD ET mapper is user-friendly, allowing one-click ET. estimation using METRIC and
SEBAL models. In contrast, R-METRIC only supports METRIC but offers more detailed control
over inputs and outputs, with visibility into each processing step and additional results, such as
NDVI, LAI, albedo, and various heat fluxes. While the LandMOD ET mapper lacks step-by-step
transparency, it generates combined K. maps for METRIC and SEBAL models and supports Landsat
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and MODIS data. One significant advantage of LandMOD ET in MATLAB is its compatibility with
a broader range of data sources, including Landsat 9 and UAVs, whereas R-METRIC is limited to
Landsat 7 and 8 data. This difference, particularly in handling Landsat 9 data, is crucial to the
research. Despite their differences, both tools effectively estimate ET, using the METRIC model for
the Lower Seyhan Plain and other global regions.

The METRIC model demonstrated its capability to estimate ET, for mixed intercropping. It
remains a common practice in citrus plantations in the LSP, such as combinations involving saplings
with watermelon and saplings with cabbage, offering valuable insights. This model provided
valuable insights by demonstrating that mixed intercropping had higher ET, values than orchards
consisting solely of saplings during the same period. Furthermore, the METRIC model estimated
evaporation (E) from saline lagoons and ET, from pasture areas and agricultural fields adjacent to
lagoons during satellite overpasses, uncovering significant spatiotemporal variations. Determination
of these changes is challenging to capture comprehensively using traditional methods on a large
scale.

In this study, ET, estimated by the METRIC and SEBAL (via Python, i.e., PySEBAL)
models were compared to ET, measurements from a lysimeter for the second crop type, soybean
(soybean-II), at a 0.12-hectare field located in the Research Fields of the Agricultural Structures and
Irrigation Department at Cukurova University in 2009. For DOY 197 (July 16, 2009), the ET, values
estimated by the METRIC model were 2.53 mm day, and for DOY 213 (August 1, 2009), they were
2.81 mmday’. In contrast, lysimeter measurements for these dates showed ET,. values of
2.9 mm day ! and 2.5 mm day !, respectively. Similarly, Sawadogo et al. (2020) reported PySEBAL-
derived ET, values of 2.3 mm day ' and 3.1 mm day' for the same pixel on the corresponding dates.
Thus, the ET. outcomes for soybean-II using the METRIC model exhibited superior performance
compared to those derived from the PySEBAL model when validated against lysimeter
measurements. The ET, estimates from SEB models were compared with those derived using a "two-
step" ET. method through a simple linear regression model. To assess the performance of the SEB
models and the Kc.xpvi approach, key metrics such as RMSE, MAE, R?, and the Willmott index of
agreement (d) were calculated. These indicators were used to evaluate the accuracy of METRIC,
SEBAL, and Kc.xpvi, with the ET. method as the reference. Statistical analysis of ET. demonstrated
robust agreement among the METRIC, SEBAL, and Kc.npvi methods with ET. across various crops,
encompassing wheat, citrus, and first and second crops of cotton, corn, soybean, and peanut. The
Kcnpvi method demonstrated a stronger correlation with the ET. method during the mid-growth
stages, with a Pearson correlation coefficient (r) ranging from 0.67 to 0.99 and RMSE values between
1.30 mm day ' and 0.21 mm day!, compared to the initial and harvesting stages. Furthermore, the
suggested Kcnpvr equations, formulated based on the relationship between reference K. and NDVI

for specific crops, can be universally applied by researchers and stakeholders. This provides an
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adapted method for estimating ET, that differs from the ET. method. It is a promising methodology
and suitable for use in this region and analogous Mediterranean regions worldwide.

A key finding of this thesis is the development of a regional ET. estimation model based on
the METRIC approach, specifically applied to a citrus plantation in Cotlu village within the AID.
The Cotlu field was chosen due to its proximity to the Cotlu meteorological station. It was analyzed
to assess how well the ET, estimates for citrus in this field represent ET, across all citrus crops in the
AID. Linear regression analysis and key metrics such as r, RMSE, MAE, and d were employed. The
highest accuracy was found when comparing ET..metric for citrus near Cotlu with the mean ET..
metric for citrus in the AID under non-stressed conditions, showing a strong correlation (r = 0.91),
low error (RMSE = 0.54 mm day ', MAE = 0.40 mm day'), and excellent agreement (d = 0.95). The
proposed equation (ET.-merric-am = 0.8615%XETameTrIC-Cotta + 0.2662) can be used to estimate ET, for
all citrus crops in the AID once ET, for the Cotlu field is determined using METRIC. This method
provides a reliable approach for calculating citrus ET, across the Lower Seyhan Plain under varying
conditions. Statistical evaluations were also performed to compare ET. values estimated by the
METRIC model between non-stressed (ETamerric-nsa) and stressed areas (ET..metric-sa) for specific
crops in the Lower Seyhan Plain (LSP) during satellite overpasses in the 2020 and 2023 growing
seasons. In the LSP of Tiirkiye, the METRIC model has proven highly reliable for estimating ET.
across various conditions, including non-stressed areas in the AID and stressed regions near the
eastern Mediterranean coast. Saplings achieved the lowest RMSE (0.61 mm day™') and MAE
(0.47 mm day') among the crops, indicating precise ET, estimates in the AID and stressed areas.
Cotton-I displayed the highest R? (0.96) and Pearson correlation coefficient (r = 0.98), indicating
very accurate ET, estimates despite slightly higher RMSE (1.10 mm day') and MAE
(0.98 mm day!) values compared to other crops. Wheat, citrus, and corn also showed strong
correlations between non-stressed and stressed area estimates, with low error values, reinforcing the
model's accuracy for these crops. However, soybean-II had a lower correlation (r = 0.81) and R?
(0.65) between ETamerric-ns and ETamerric-s areas, though it still achieved a relatively low RMSE
(0.72 mm day') among soybean varieties, indicating acceptable precision. Variations in model
performance are attributed to crop type, irrigation methods, and local climate. Overall, the METRIC
model’s capacity to estimate ET. accurately plays a crucial role in optimizing water resource
management in water-scarce regions like the LSP. Additionally, this study explored the relationship
between the average Leaf Area Index (LAI) and the average Normalized Difference Vegetation Index
(NDVI) for selected crops during satellite overpasses within the Akarsu Irrigation District (AID).
The findings revealed that the NDVI-LAI relationship follows an exponential (growth) model, fitting
average NDVI (denoted as independent variable) with average LAI (denoted as a dependent variable)
for specific crops (first and second crops of corn, cotton, soybean, peanut as well as wheat) across
the AID. The resulting equations from this relationship can be widely utilized to assess vegetation

cover, estimate production, and calculate LAI without needing the METRIC model, which requires
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more inputs and specialized expertise. By identifying NDVI and applying the proposed equations,
LAI can be easily estimated for a variety of plant types over large-scale irrigation areas, even under
different vegetation cover conditions.

The application of remote sensing (RS)--based ET. models and the Kc.npvi approach showed
strong agreement with ET, from the FAO-PM and ET. methods throughout the study area. For large-
scale regions, RS-based models like METRIC and SEBAL effectively estimated ET, for different
crops across various growth stages, providing high spatial resolution in the flat terrain of semi-arid
environments. The ET. maps generated by the RS-based ET. models (METRIC and SEBAL) can
serve as valuable input for a better understanding of agricultural hydrology processes and for
managing water resources at the catchment scale. Additionally, it can be concluded that the METRIC
and SEBAL algorithms are highly suitable tools for assessing actual evapotranspiration, with results
that can inform agricultural planning and water management in arid and semi-arid regions

worldwide.
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GENISLETILMIS OZET

Son yillarda, diinya iizerindeki yar1 kurak bolgelerde tarimsal uygulamalardaki artan talepler
ve iklim degisikliginin etkileri nedeniyle tatli su kaynaklarinin mevcudiyeti giderek sinirli hale
gelmistir. Tirkiye, bir Akdeniz iilkesi olarak, ozellikle Asagi Seyhan Ovasi'nda (ASO) su
kaynaklarinda azalma yasamistir (Cetin ve ark., 2020). ASO’nin Tiirkiye'de narenciye, fidan,
bugday, misir, pamuk, soya ve yer fistig1 gibi tarimsal tiriinlerin yetistirildigi yliksek verimli bir tarim
alan1 olarak dnemi goz Oniine alindiginda, dogru gercek evapotranspirasyon ET, tahmini optimal
arazi 6lgeginde sulama suyu yonetimi i¢in kritik 6neme sahiptir. Uzaktan algilama (UA) teknikleri,
biiyiik 6lcekli sulama sebekelerinde yiiksek mekansal ve zamansal ¢oziiniirlikkle ET, tahminleri
saglayabilir. Bu calisma biiyiik 6lgekli bir sulama sebekesinde, Landsat goriintiileri ile yerel iklim
verileri ve UA veri setlerini birlestirerek, bitkiler i¢cin ET, hesaplamak amaciyla UA tabanli gergek
evapotranspirasyon modellerini kullanmaktadir. Calisma, 2020-2023 su yillarini kapsayan periyotta
Tiirkiye'deki ASO’da tuzlu lagiinlere yakin stresli alanlar1 (53,000 ha) ve Akarsu Sulama Bolgesi
(ASB) olarak bilinen stressiz alanlar1 (9,495 ha) kapsamaktadir.

ET. hesaplamak icin UA verileri kullanilan ¢esitli modeller bulunmaktadir. Modeller
icerisinde Ozellikle yiizey enerji dengesi (SEB) modelleri 6ne ¢ikmaktadir. SEB modelleri, genis
bolgelerde bitki bazli ET, degerlerinin mekansal ve zamansal degisimlerini gosterebilmektedir.
Lizimetre ve eddy covariance gibi noktasal Olgiim yapan sistemlere gore onemli bir avantaj
saglamaktadir. Bu arastirmada, UA verileri kullanilarak uygulanan SEB modelleri, ET, tahminleri
icin kullanilmistir. Modeller arasinda, Bastiaanssen ve ark. (1998a) tarafindan gelistirilen “Yiizey
Enerji Denge Algoritmasi (SEBAL) ile Allen ve ark. (2007a) tarafindan énerilen ‘I¢sellestirilmis
Kalibrasyonlu Yiiksek Coziiniirliiklii Evapotranspirasyon Haritalama (METRIC)’ bulunmaktadir.
Caligmada Tiirkiye'nin giineyinde yer alan ASO’daki iki bolgede, 2020-2023 su yillarin1 kapsayan
donemde ET,'y1 tahmin etmek amaciyla, yerel iklim verileri ile UA verilerini birlestirerek standart
METRIC ve SEBAL modelleri kullanilmigtir. Caligma alaninda 2020, 2021, 2022 ve 2023 su
yillarina ait ETa tahminleri i¢in EEFlux-METRIC ve GeeSEBAL platformlar1 da kullanilmistir. Her
iki platformda, Google Earth Engine ortami araciligryla bulutta depolanan Landsat veri setlerini
kullanmaktadir. Ayrica, ET, tahminleri i¢in s6z konusu platformlara sirasiyla 4 km x 4 km ve 9 km
% 9 km mekansal ¢oziiniirliige sahip CFSV2 ve ERAS gibi kiiresel veri setleri de entegre edilmistir.
Arastirmada kullanilan SEB modelleri, iklim verileri ve UA verileri gibi genis kapsamli girdi
setlerine ihtiya¢ duymaktadir. Bunun yam sira, ET, tahminlerinde UA tekniklerinin etkin bir sekilde
kullanilabilmesi i¢in uzman kullanicilarin katkisina da gereksinim duyulmaktadir. Bu nedenle,
alternatif bir yaklasim olarak Tarimsal Arastirmalar ve Politikalar Genel Miidiirliigii (TAGEM),
Devlet Su Isleri (DSI, 2017) tarafindan 6nerilen Normallestirilmis Fark Bitki indeksi (NDVI) ile
standart bitki katsayis1 (K.) arasindaki iligki kullanilmigtir. Bu yontem, belirlenen Kc.npvr iliskisinden

yararlanarak, referans evapotranspirasyon (ET,) ile ¢arpilan, modifiye bir K. iireterek ET,'y1 tahmin
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etmektedir. ET., Kcnpvr yaklasimmin SEB modelleri (METRIC ve SEBAL) ile karsilagtirilmasi
yoluyla yorumlanmigtir. Bu modeller, uydu gecisi tarihlerinde gesitli bitki tiirleri i¢in referans
evapotranspirasyon (ET,) ve ET. yontemlerine gore degerlendirilmistir. Ayrica arastirmada bugday
ve narenciye ile birinci ve ikinci tirlin olarak yetistiriciligi yapilan pamuk, misir, soya, yer fistig1 gibi
tarimsal tiriinler i¢in ET, tahminleri yapilmistir. Bu galigsmalara ek olarak, ASO'daki farkli bitkiler
i¢in bitki saglik durumunu belirlemek amaciyla uydu gegis tarihlerinde Yaprak Alan indeksi (LAI)
ile NDVI arasindaki iliski de METRIC modeli kullanilarak degerlendirilmistir. ET. tahminleri,
METRIC model ile stresli alanlar (ASO, tuzlu lagiinlere yakin bolgeler) ile ASB’de yer alan stressiz
alanlar arasinda bir karsilastirma yapilarak uygulanmustir.

Bitki siniflandirmasi, ENVI yazilimi araciligi ile Yapay Sinir Ag1 (YSA) modeli kullanilarak
gerceklestirilmistir. Bu siniflandirma islemi 2020-2023 yillar1 arasinda ASO'daki ASB’de bulunan
bitkiler i¢in, yer gézlem verileri ile yiliksek ¢oziiniirliiklii UA verilerinin birlestirilmesi ile yapilmistir.
Ayrica, ayni ¢alisma doneminde ASO'daki tuzlu lagiinlere yakin bulunan her bitki tiiriinii farkli
gruplara ayirmak i¢in, yetistirilen bitkilere ait yer gézlem verileri de kullanilmigtir. Bu yaklagim,
calisma alaninda SEB modelleri, ET. ve Kc.npvi yontemleriyle elde edilen ET. sonuglarinin
yorumlanmasina 6nemli 6l¢iide katki yapmistir. METRIC modelinin, standart SEBAL modellerinin,
EEFlux ve GeeSEBAL platformlarinin performansi, stressiz alanlarda degerlendirilmistir. Aym
zamanda, METRIC ve EEFlux, uydu gegis tarihleri i¢in stresli alanlarda da 06zel olarak
degerlendirilmistir. Ayrica METRIC modeli, ASO'nin stressiz ve stresli alanlar1 arasinda gesitli
bitkiler i¢in ET, tahminindeki farkliliklar1 incelemek amaciyla uygulanmistir. Tuzlu gollerin
buharlagmasi, uydunun ¢aligma alaninin tizerinden gectigi tarihler icin METRIC modeli kullanilarak
ayrica tahmin edilmistir. SEB modelleri ve Kcnpvi yOntemiyle tahmin edilen gercek
evapotranspirasyonu (ET}), “iki asamali” prosediirle tahmin edilen ET. ile karsilagtirmak amaciyla
ASB’de yetistirilen musir, pamuk, soya ve yer fistigi gibi bazi tarimsal iriinler igin
degerlendirilmistir. Degerlendirme 6lg¢iitii olarak —Ko6k Ortalama Kare Hatasi (RMSE), Ortalama
Mutlak Hata (MAE), Determinasyon Katsayis1 (R?) ve Willmott Uyum Indeksi (d) gibi cesitli
istatistik bilgileri hesaplanmistir. Bu degerlendirme olgiitleri METRIC, SEBAL ve Kcnpwi
yontemleri gibi modellerin performans1 ET. yontemine kiyasla analiz edilmis ve referans olarak
kullanilmustir.

Smiflandirilmis bitki haritalari, yer goézlem verileri ile UA verileri birlestirilerek, ANN
modeli uygulanarak 2020-2023 yillar1 igin ASB'de yiiksek genel dogrulukla iiretilmistir. Ornegin,
2021 yilinda marul, patates, ikinci iiriin susam, palmiye ve karpuz gibi baz1 bitkiler %100 tahmin
dogrulugu ile elde edilmistir. Buna karsin, sogan ve bugday %90 ve {izerinde bir dogrulukla
siiflandiriimistir. Diger yandan narenciye, birinci ve ikinci {irlin pamuk, soya, yer fistig1 ve misir
gibi bitkiler %77'den fazla dogrulukla tahmin edilerek siniflandirilmistir. Ancak meyve bahgelerinin
siniflandirilmasinda, narenciye bahgeleriyle sekil benzerlikleri veya ortiisme 6zellikleri nedeniyle

uyumsuzluklar yasanmistir. Bu uyumsuz siniflandirmanin elma, nar ve seftali gibi kis aylarinda
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yaprak doken meyve agaglari ile cok geng narenciye fidanlarinin siklikla ¢iplak toprak gibi benzer
arazi Ozelliklerini tagimasindan kaynaklandigi diigiiniilmektedir. Denetimli simiflandirma altinda
ANN modeli, 2020-2023 su yillar1 boyunca ASB'de yiiksek dogrulukta, bitki tiirii siniflandirmasi
icin gilivenilir bir ara¢ oldugunu kanitlamistir. Her bitki i¢in araziden alinan yer gdézlem verileri,
ASO'nin stresli bolgelerinde yetistirilen bitki tiirlerini  belirlemek ve bunlarin gergek
evapotranspirasyon (ET,) degerlerini tahmin etmek i¢in kullanilmigtir. Bitkiler igin araziden alinan
yer gozlemlerine ek olarak, ASO'nin tuzluluk, alkalilik ve yiiksek taban suyu seviyesi gibi stres
faktorlerinin oldugu bolgelere ait verilerinde alinmis olmasi ek bir dogrulama sagladigindan,
arastirmanin genel degerini 6nemli Sl¢lide arttirmustir.

Calisma, uydu gecis tarihlerinde METRIC modeli kullanilarak elde edilen gercek
evapotranspirasyon tahminleri ile FAO-PM modeli tarafindan belirlenen ET, arasinda hem
ASB’deki stressiz hem de ASO'nin stresli bolgelerinde giiclii bir korelasyon oldugunu gdstermistir.
Degerlendirme olgiitlerinden korelasyon katsayillari ve RMSE gibi gostergeler, 2020-2023
déneminde METRIC ve SEBAL modelleri ile ET. yontemi arasinda ABS’de tutarli bir uyum
oldugunu gostermistir.

METRIC ve SEBAL modelleri ile ET. yontemi arasinda yillik ET, tahminlerinde farkliliklar
oldugu belirlenmistir. Bu farkliliklarin temel nedeni, ET. yonteminin normal bitki kosullarina dayal
referans K. degerlerini kullanmasindan kaynaklanmis olabilecegi diisiiniilmektedir. Buna kargin UA
tabanli modellerle kestirilen ET, degerleri, gergek arazi kosullarini yansittigindan daha temsili olarak
degerlendirilmistir. EEFlux-METRIC ve GeeSEBAL modelleri, 6zellikle Landsat 7 verilerinde
tarama hatt1 hatalari diizeltmede sinirlamalar géstermistir. Oysaki standart modeller bu hatalarn
onceden diizeltebilmektedir. EEFlux-METRIC ve GeeSEBAL modellerinden elde edilen ET,
degerleri 6zellikle yerel iklim verilerinin eksik oldugu durumlarda giivenilir ET, degerleri olarak
kullanilabilir.

Bu c¢alisma, gergek evapotranspirasyonu iki farkli ara¢ yardimiyla METRIC modeli
kullanarak tahmin etmistir. ilk arac MATLAB igindeki LandMOD ET haritalayicisidir. Landsat
uydularmin tiim tiirlerini (7, 8, 9) ve orta ¢ozliniirliiklii goriintiileme spektroradyometre (MODIS)
verilerini desteklemektedir. R programlama dilinin su paketi icerisinde yer alan ikinci ara¢ R-
METRIC modelidir. Landsat 7 ve 8 verileri i¢in 6zel olarak tasarlanmistir. Bu araglardan elde edilen
ET, sonuclarin karsilagtirmak ig¢in 9 Eylil 2021 (Yilin Giinii, yani DOY 190) ve 21 Ekim 2021
(DOY 294) dahil olmak iizere belirli tarihler analiz igin segilmistir. Her iki arag¢ kullanilarak elde
edilen sonuglar neredeyse ayni bulunmustur. LandMOD ET Mapper ve R-METRIC model sonuglari
arasindaki farkliliklarin, her modelin iklim verisi gereksinimleri ve Landsat veri tiirlerindeki
farkliliklarindan  kaynaklandigi  ancak  bu  farkliliklarin = 6nemsiz ~ diizeyde oldugu
degerlendirilmektedir. R-METRIC modeli genellikle tek bir hava istasyonundan veri kullanir, iklim
parametrelerini bir agdan ortalayarak veya alani alt bolgelere ayirarak her alt bolge igin ET, tahmin

edecek sekilde sonuclart birlestirir. Ancak bu g¢alismada ikinci yontem gerekli olmadigindan
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uygulanmamustir. Ikinci yntem yerine MATLAB'deki LandMOD ET Mapper, giines radyasyonu,
sicaklik, riizgar hiz1 ve bagil nem gibi degiskenler i¢in enterpolasyon yontemleri kullanarak birden
fazla hava istasyonunu dahil etmistir. R-METRIC modeli ve LandMOD ET Mapper'dan elde edilen
ET, tahminleri benzer olmakla birlikte, LandMOD siireci 6zellikle veri hazirligi ve Ters Mesafe
Agirhigit (IDW) gibi teknikler kullanilarak yapilan enterpolasyon sirasinda daha fazla zaman
gerektirmektedir. LandMOD ET Mapper, METRIC ve SEBAL modelleri, tek bir komut ile ET,
tahmini yapma imk&ni sunmaktadir. Buna karsin R-METRIC yalnizca METRIC metodolojisini
desteklemektedir. Girdi ve ¢iktilar iizerinde daha ayrintili kontrol sunmakla birlikte kullaniciya her
islem adimin1 gérme imkan1 da vermektedir. Buna ek olarak NDVI, LAI albedo ve ¢esitli 1s1 akilar1
gibi ek sonuglar1 da saglayabilmektedir. LandMOD ET Mapper, adim adim seffaflik saglamamasina
ragmen METRIC ve SEBAL modelleri i¢in birlestirilmis K. haritalar1 iiretme konusunda basarilidir
ve Landsat ile MODIS verilerini de desteklemektedir. MATLAB'daki LandMOD'un 6nemli bir
avantaji Landsat 9 ve IHAlar gibi daha genis bir veri kaynag kullanilmasina imkan saglamaktadir.
Buna karsin R-METRIC, yalnizca Landsat 7 ve 8 verileriyle sinirlidir. Bu fark 6zellikle Landsat 9
verilerini isleme konusunda arastirma ic¢in ¢ok Onemlidir. Farkliliklarina ragmen her iki ara¢ da
METRIC modelini kullanarak ASO ve diger kiiresel bolgelerde ET,'y1 etkili bir sekilde tahmin
etmektedir.

METRIC modeli, ASO'daki narenciye plantasyonlarinda, fidanlarla karpuz veya fidanlarla
lahana gibi kombinasyonlar1 iceren karigik ekim uygulamalar i¢in ET, tahmin etme yetenegini
gostererek degerli bilgiler sunmustur. Bu model, karisik iirlin yetistirilen narenciye fidan
parsellerinde ayn1 donemde yalnizca fidanlardan olusan bahgelere kiyasla daha yiiksek ET, degerleri
tahmin ederek arazideki fiili durumu yansitan 6nemli bir detay sunmustur. Ayrica METRIC modeli,
uydu tarihlerinde tuzlu lagiinlerden buharlagsmay1 (E) ve lagiinlere bitisik meralar ile tarim
alanlarindan ET,’y1 tahmin ederek 6nemli mekansal ve zamansal degisimleri ortaya ¢ikartmistir. Bu
degisimlerin biiylik 6lceklerde kapsamli bir sekilde geleneksel yontemler kullanilarak belirlenmesi
glctur.

Bu calisgmada, METRIC ve SEBAL (Python araciligiyla, yani PySEBAL) modelleriyle
tahmin edilen ET,, 2009 yilinda Cukurova Universitesi Tarimsal Yapilar ve Sulama Béliimii
Aragtirma Alanlarinda bulunan, 0.12 hektar biiyiikliiglindeki bir alanda ikinci {iriin soya bitkisi i¢in
bir lizimetreden elde edilen ET,. dl¢iimleriyle karsilastirilmistir. 197. giin (16 Temmuz 2009) i¢in
METRIC modeli ile tahmin edilen ET. degerleri 2.53 mm giin™', 213. giin (1 Agustos 2009) i¢in ise
2.81 mm giin' olarak belirlenmistir. Buna karsin, bu tarihlerde lizimetre oOlgiimleri sirasiyla
2.9 mm giin! ve 2.5 mm giin' ET, degerleri géstermistir. Benzer sekilde, Sawadogo ve ark. (2020)
ayni tarihlerde ayni piksel i¢in PySEBAL tarafindan tiiretilen ET, degerlerini 2.3 mm giin™' ve
3.1 mm giin' olarak rapor etmistir. METRIC modeli kullanarak ikinci iiriin soya i¢in ET, ¢iktilart
lizimetre Ol¢limlerine karst dogrulandiginda ve PySEBAL modelinden elde edilen veriler ile

karsilastirildiginda daha iistiin performans sergiledigi sdylenebilmektedir. SEB modellerinden elde

XII



edilen ET. tahminleri, "iki adimli" ET. yontemi kullanilarak tiiretilenlerle basit bir dogrusal
regresyon modeli araciligiyla karsilastirilmistir. SEB  modellerinin  ve Kcnpvi  yaklagiminin
performansint degerlendirmek icin RMSE, MAE, R? ve Willmott uyum indeksi (d) gibi gesitli
istatistik degerlendirme Olgiitleri hesaplanmistir. Bu ¢esitli istatistik verileri, METRIC, SEBAL ve
Ke-npvr'nin dogrulugunu degerlendirmek i¢in kullanilmig ve ET. yontemi referans olarak alinmistir.
ET.'nin istatistiksel analizi, METRIC, SEBAL ve Kc.xpvi yontemleri ile ET. arasinda, pamuk, misir,
soya, yer fistig1, bugday ve narenciye gibi ¢esitli mahsuller arasinda giiglii bir uyum oldugunu
gostermistir.

Kc.xpvi yOntemi, orta biiylime evrelerinde baslangic ve hasat evrelerine gére ET. yontemi ile
daha giiglii bir korelasyon oldugunu ortaya koymustur. Pearson korelasyon katsayisi (r) 0.67 ile 0.99
arasinda degisirken, RMSE degerleri 1.30 mm giin™' ile 0.21 mm giin' arasinda olmustur. Ayrica,
belirli bitkiler i¢in referans K. ve NDVI arasindaki iliskiyi gosteren Kcnpvi denklemlerinin,
arastirmacilar ve paydaslar tarafindan kullanilmasi1 uygulanabilir. Bu, ET. yonteminden farkli olarak
ET, tahmini i¢in uyarlanmis bir yaklasim sunmaktadir. Elde edilen sonuglar, aragtirma alani ve
Akdeniz benzeri bolgelerde kullanilmak {izere uygun ve umut verici bir metodoloji olduguna isaret
etmistir.

Bu tezin temel bulgularindan biri, ASB sinirlari igerisinde yer alan Cotlu kdyiindeki bir
narenciye plantasyonuna 6zel olarak uygulanan METRIC yaklasimina dayali bolgesel bir ET, tahmin
modelinin gelistirilmesidir. Cotlu meteoroloji istasyonuna yakinligi nedeniyle segilen Cotlu
narenciye bahgesi, bu alandaki narenciye i¢in ET, tahminlerinin ASB'deki tiim narenciye alanlardaki
ET. degerlerinin ne 6l¢iide temsil ettigini degerlendirmek amactyla ayrintili olarak analiz edilmistir.
Bu analizde dogrusal regresyon analizi ile r, RMSE, MAE ve d gibi ¢esitli istatistik degerlendirme
Olciitleri kullanilmistir. En yliksek dogruluk Cotlu yakinindaki narenciye i¢in ET . merricile ASB'deki
narenciye i¢in ortalama ET.merric'in stres altinda olmayan kosullarda karsilastirildiginda
bulunmustur. Bu karsilastirma sonucunda, gii¢lii bir korelasyon (r = 0.91), diisiik hata (RMSE =
0.54 mm giin', MAE = 0.40 mm giin") ve milkemmel bir uyum (d = 0.95) bulunmustur. Bu durum,
tez metni icerisinde Sekil 4.8.1'de sunulmustur. Onerilen denklem (ETamerric-ase = 0.8615XET,
METRIC-Cotu T+ 0.2662), Cotlu alan1 icin METRIC ile ET. hesaplandiktan sonra, ASB'deki tiim
narenciye mahsulleri i¢in ET, tahmini yapmak tizere kullanilabilir. Bu yontem, farkli kosullar altinda
ASO’daki narenciye plantasyonlarindaki gercek evapotranspirasyon (ET,) degerini hesaplamak i¢in
giivenilir bir yaklasim sunmaktadir. 2020 ve 2023 biiylime donemlerinde uydu gecis tarihlerinde
ASO’daki belirli bitkiler igin METRIC modelinin tahmin ettigi ET, degerlerini, stres altinda olmayan
(ETametricNsA) Ve stres altinda olan (ET.wmetricsa) alanlar arasinda karsilagtirmak amaciyla
istatistiksel olgiitler hesaplanmigtir. Tiirkiye'nin ASO’daki, METRIC modeli, ASB’deki stres altinda
olmayan alanlar ve Dogu Akdeniz kiyisindaki stresli bolgeler dahil olmak iizere ¢esitli kosullarda
ET,’y1 tahmin etmede son derece giivenilir oldugunu kanitlamistir. Fidanlar, ASB ve stresli alanlarda

cok hassas ET, tahminlerini gdstererek, bitkiler arasinda en diisiik RMSE (0.61 mm giin™") ve MAE
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(0.47 mm giin") degerlerine ulagmistir. Birinci liriin pamuk bitkisi i¢in, diger bitkilere kiyasla biraz
daha yiikksek RMSE (1.10 mm giin') ve MAE (0.98 mm giin™') degerleri elde edilmis olmakla
birlikte, en yiliksek R? (0.96) ve Pearson korelasyon katsayisi (r = 0.98) elde edilerek giivenilir ET,
tahminleri yapilmistir. Bugday, narenciye ve musir bitkileri i¢in stressiz ve stresli kosullarda giiclii
korelasyonlar elde edilmis olup, diisik hata degerleriyle bu bitkiler icin ET. kestirimleri
yapilabilmistir. Ancak, ikinci iiriin soya bitkisi i¢in, ETamerric-Nsa Ve ETamerric-sa alanlart arasinda
daha diisiik bir korelasyon (r = 0.81) ve R? (0.65) degerine sahip olmasina ragmen, soya gesitleri
arasinda gorece diisiik bir RMSE (0.72 mm giin') degerine ulasarak kabul edilebilir bir hassasiyet
gostermistir. Model performansindaki farkliliklar, bitki tiirii, sulama yontemleri ve yerel iklim
kosullarina atfedilmistir. Genel olarak, METRIC modelinin ET,.'y1 dogru bir sekilde tahmin etme
kapasitesi, ASO gibi su kitlig1 yasayan bolgelerde su kaynaklar1 yonetiminde ve suyun sektorlere
paylastirllmasinda kritik bir rol oynamaktadir. Ayrica, bu c¢alismada, ABS’deki uydu gecisleri
sirasinda se¢ilen bitkiler igin ortalama LAl ile ortalama NDVI1 arasindaki iliski de arastirilmistir. Elde
edilen bulgular, NDVI-LAl iligkisinin, ASB belirli bitkiler (birinci ve ikinci {iriin misir, pamuk, soya,
yer fistig1 ve bugday) i¢in ortalama NDVI ile ortalama LAI arasindaki iliskinin iissel bir modelle
ifade edilebilecegini ortaya koymustur. Bu iliskiden elde edilen denklemlerin, bitki ortiisiinii
degerlendirmek, tiretimi tahmin etmek ve METRIC modeline gerek kalmadan LAI hesaplamak i¢in
kullanilabilecegi sonucuna varilmistir. Bu iligkiden ¢ikartilan esitlikler bitki ortiisii degerlendirmesi,
iiretim tahmini ve daha fazla 6zel uzmanlik ve veri gerektiren METRIC modeline gerek olmaksizin
yaygin olarak kullanilabilecegi sdylenebilmektedir.

UA tabanli ET, modelleri ve Kc.npvr yaklasiminin uygulanmasi, ¢alisma alaninda FAO-PM
ve ET. yontemlerinden elde edilen ET, ile gii¢lii bir uyum gostermistir. Biiyiik 6lgekli sulama sebeke
alanlarinda, METRIC ve SEBAL gibi UA tabanli modeller, farkli bitkilerin gesitli biiyiime
asamalarinda ET,'y1 yeterli dogrulukla tahmin etme imkéani saglamistir. Boylece, Akdeniz iklim
kusaginda yer alan yar1 kurak iklim kosullarinda ve diiz arazilerde yiiksek mekénsal ¢ozlintirliiklii
ET, haritalar iiretilebilmistir. UA tabanli ET. (METRIC ve SEBAL) modellerinden {iretilen ger¢ek
evapotranspirasyon haritalari, tarimsal hidrolojiyi yakindan ilgilendiren hidrolojik siireclerin daha
iyi anlagilmasinda ve su kaynaklarinin havza diizeyinde yonetilmesinde kullanicilara kritik bilgiler
sunabilir. Ayrica, METRIC ve SEBAL algoritmalar1 ger¢cek buharlasma-terleme (ET.) tahminlerinin
yapilmasinda son derece uygun araglar oldugundan bu algoritmalardan elde edilen sonuglar tarimsal
planlama ve su yonetimi konusunda diinya genelindeki kurak ve yar1 kurak bolgelerde 6nemli bilgiler

saglayabilir.
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1. INTRODUCTION

As climate change continues to impact various regions globally, including Tirkiye,
accurately measuring and/or estimating evapotranspiration (ET) becomes crucial. Carr (1990) stated
that approximately 60 percent of the precipitation is lost through evaporation. Precise ET
measurements are vital for understanding and managing water resources, forecasting agricultural
productivity, and assessing ecosystem health—factors critical for adapting to and mitigating the
effects of climate change. Furthermore, as global demand for freshwater resources intensifies, it is
increasingly important to evaluate agricultural water usage accurately. Data on crop water
consumption, or consumptive use, is essential for several purposes, including optimizing agricultural
water management, improving irrigation techniques, planning water resources, and allocating water
rights (Allen et al., 2011). Population growth and increased water consumption have led to higher
competition for the limited water supply, resulting in potential shortages for other users depending
on the same source. Reducing water availability for irrigation can diminish agricultural yields and
jeopardize food security. Nevertheless, there is significant potential to enhance water management
within agricultural systems, and accurate ET estimation is pivotal for achieving this goal.

On the other hand, ET plays a pivotal role in the hydrological cycle. It encompasses the
transfer of water from surface bodies of soil and water into the air by vaporization, as well as plant
transpiration. ET can be classified into two types: potential evapotranspiration (ET,), which
represents the maximum rate of evapotranspiration that could occur if there were no limitations on
water availability, and actual evapotranspiration (ET,.), which reflects the amount of water
evaporated and transpired from a surface, taking into account any constraints on water availability.
Therefore, accurately estimating the value of ET. is essential for hydrological models as well as
drought forecasting to represent the water balance effectively.

The significance of ET, in the hydrological cycle lies in its application across various
endeavours, such as drought monitoring and mitigation, climate forecasting, water asset
administration, and agricultural strategizing. According to Madugundu et al. (2017), ET, is one of
the most critical factors affecting the hydrologic cycle in semi-arid climates. Similarly, Hoedjes et
al. (2008) emphasize that accurately determining ET, is essential for optimizing agricultural water
management under different irrigation schemes. It is widely acknowledged that variations in ET,
rates across spatial scales are influenced by climatic factors, soil properties, and plant characteristics
(Allen et al., 1998; Allen et al., 2007a).

Numerous conventional techniques are available for estimating ET., which can be
categorized into (a) direct measurements using advanced instruments like lysimeters, eddy
covariance systems, and Bowen ratio, and (b) indirect methods employing empirical formulas. One
of the most commonly employed indirect methodologies in recent research is the FAO-56 Penman-

Monteith (PM) model. Furthermore, the PM model is regarded as a benchmark by researchers,



farmers, and the United Nations Food and Agriculture Organisation (FAO) because it thoroughly
incorporates all meteorological factors (Santos et al., 2019). The evapotranspiration of
vegetation/crop (ET.) is determined by multiplying the reference evapotranspiration (ET,) by the
vegetation/crop coefficient (K.), which varies according to the crop type and its various growth stages
(Alsenjar et al., 2023a). Nonetheless, Allen et al. (2007b) mentioned that concerns have been raised
regarding the suitability of standardized K. values for accurately representing real-world conditions
of plant growth and vegetation, especially in areas experiencing water scarcity. It has been noted that
predicting precise agricultural development stage dates may pose challenges, especially for extensive
plants and fields (Allen et al., 2007b). Determining ET, at a large irrigation scale using traditional
methods is often the most challenging variable. These methods necessitate skilled personnel,
specialized instruments, and financial resources. Moreover, due to the dynamic nature and regional
variations in ET,, these methods cannot be easily extrapolated to larger areas (Seemann et al., 2003).
Additionally, conventional approaches overlook temporal and spatial variations in soil, climate, and
crop effects on ET,, limiting their applicability to agricultural parcels or regional levels (Allen et al.,
2011). Consequently, the remote sensing (RS)-driven surface energy balance (SEB) technique has
been utilized to determine ET, across extensive geographical areas with high resolution (Karahan et
al., 2024).

SEB models utilizing RS techniques were employed for ET, estimation, including the
Surface Energy Balance Algorithm for Land (SEBAL) developed by Bastiaanssen et al. (1998a), the
Surface Energy Balance System (SEBS) proposed by Su (2002), Mapping Evapotranspiration at High
Resolution with Internalized Calibration (METRIC) introduced by Allen et al. (2007a), and among
others. RS-based ET, estimation models have been utilized to forecast ET. by combining RS and
ground truth data.

The precision of ET, estimations relies on the complexity of the model and the quantity of
input variables and assumptions it incorporates. More complex models are typically developed to
account for subprocesses and offer a more realistic estimate of ET.. However, the ET. values are
computed instantaneously over the study site on the date when the satellite passes overhead. These
instantaneous ET, values may not be helpful for various applications that typically require daily,
monthly, and seasonal values. Hence, techniques that enable extrapolating instantaneous ET. values
to more extended periods, such as scaling up instantaneous ET (ET;) to daily values (ETq), are
employed (Allen et al., 2007a; Karahan et al., 2024). These techniques include utilizing methods like
a constant evaporative fraction (EF), constant reference evaporative fractions (ET.F), constant global
shortwave radiation method (SR), and constant extra-terrestrial radiation method. In the same
context, our investigation employs the METRIC and SEBAL techniques to compute ET, for each
pixel within the satellite images. The METRIC model scales up instantaneous ET (ET;) to daily
values (ETq) using ET;F, whereas the SEBAL model utilizes EF.



The METRIC model, utilizing satellite image processing, incorporates multiple sub-models
to calculate ET, for individual pixels and crop types. Implementing the METRIC model necessitates
various RS data sets, including but not limited to visible and thermal infrared sensor bands, digital
elevation model (DEM), surface temperature (Ts), normalized difference vegetation index (NDVI)
emissivity, and surface albedo. The METRIC algorithm computes the latent heat flux (LE) while a
satellite passes overhead by considering the remaining energy within the SEB, thereby estimating
ET.. This is accomplished by employing remote sensing data with meteorological parameters, as
detailed by Allen et al. (2007a). According to Allen et al. (2007a), the development of the METRIC
method originated from the SEBAL algorithm. One distinctive feature of the SEBAL model is its
use of the temperature gradient close to the Earth's surface, denoted as dT, to indicate satellite-derived
T;. Conversely, the innovative aspect of the METRIC model is its choice of two boundary conditions,
namely hot and cold pixels, for calibration within the SEB framework. This process of selecting
boundary conditions is complex and requires expert judgment to achieve optimal calibration.

The R-METRIC model and LandMOD ET mapper toolbox-MATLAB, derived from the
standard METRIC model, incorporate an automated hot-cold pixel selection technique, thereby
reducing the potential for human error (Olmedo et al., 2016; Bhattarai et al., 2017). The standard
METRIC algorithm is used to compute ET, for each pixel and crop type based on the RS data coupled
with local climatic parameters. During the last ten years, the METRIC algorithm has been utilized to
predict ET, on both small-scale agricultural fields and larger regional areas encompassing diverse
crops such as citrus orchards, peanut, cotton, wheat, banana orchards, soybeans, maize, cover crops,
alfalfa, pistachios, vineyards, olive orchards, sugarcane, and forests, among others, in different
locations of the world. Automated calibration algorithms for the METRIC model necessitate various
datasets, including satellite imagery, cloud coverage identification, DEM, local climate information,
soil categorization maps, and land use/land cover or crop pattern maps. These datasets require
preprocessing before applying the METRIC model, thereby consuming valuable time for users. The
earth engine evapotranspiration flux (EEFlux) application was implemented on the Google Earth
Engine (GEE) platform to address this issue, utilizing the METRIC model. The EEFLux was
developed in 2012 through collaboration among the Desert Research Institute and the Universities
of Idaho and Nebraska (Foolad et al., 2018; Alsenjar and Cetin, 2023). This solution aims to reduce
time and cost burdens. Furthermore, the platform enables rapid ET. and K. data generation at a spatial
resolution of 30 m for individual Landsat scenes and additional RS products.

In certain situations, creating ET, maps using complex equations and RS data can present
challenges and may require input data that is not readily accessible. In this context, developing a
streamlined and expedited approach for generating ET. maps using fewer input parameters is
possible. This would be particularly beneficial in situations where available input data are scarce or
where a higher level of uncertainty in the resulting ET, estimates is deemed acceptable. One approach

involves a simplified satellite imagery method, leveraging the NDVI and K. sourced from existing



literature. This involves deriving a novel K. value based on the relationship between NDVI and K¢,
thereby establishing Kenew (Kenpvi) for estimating ET. (Rouse et al., 1974; Glenn et al., 2011). Rafn
et al. (2008) noted that NDVI indicates the proportion of crop coverage, offering valuable
information on the present condition of crops (Glenn et al., 2011). For well-irrigated vegetation, a
crop-specific correlation through K. as well as NDVI is commonly observed. The earlier ET,
methods were developed to estimate ET, accurately to enhance sustainable water management on a
large scale for irrigation. This study is important for mitigating the effects of climate change on water
resources in the Mediterranean Basin and other regions worldwide.

Anonymous (2012) emphasized that Tiirkiye is situated in the Mediterranean Basin, which
is warm in the winter and hot and dry in the summer. In recent years, the vulnerability of the
Mediterranean region to climate change effects has escalated, marked by a rise in the frequency and
intensity of extreme weather conditions. Numerous recent studies have concluded that Tiirkiye
confronts significant challenges due to climate change, including heightened occurrences and
severity of extreme weather phenomena such as floods and droughts, escalating annual temperatures,
and diminishing levels of precipitation (Yilmaz and Imteaz, 2014; Irvem et al., 2018). The impacts
of climate change manifest through changes in air temperature and precipitation, predominantly
affecting crop growth and yields while also intensifying the evapotranspiration rate of crops.
Additionally, these changes place strain on already scarce freshwater resources.

Accurate ET, estimation is essential for effective large-scale irrigation management. In
Tiirkiye’s Lower Seyhan Plain (LSP), traditional ET, estimation relies on a two-step approach using
crop evapotranspiration (ET.) methods, which generalize ET, across the region. However, surface
energy balance (SEB) models, such as METRIC and SEBAL, offer higher accuracy by capturing
spatial and temporal variations influenced by soil salinity, crop health, water availability, and
irrigation practices. This study advances ET, estimation by integrating METRIC, SEBAL models,

and the Kc.npvi approach with existing methods, introducing key improvements:

e Enhanced Accuracy — Validation of METRIC and SEBAL against lysimeter
measurements and ETc.-based methods using statistical metrics (RMSE, MAE, R?, and
Willmott’s index) ensures reliability.

e Refined Climatic Data Integration—The LandMOD ET Mapper incorporates
multiple weather stations and advanced interpolation techniques to improve data
precision.

¢  Optimized Kc.xpvi Approach — Strengthening the relationship between Kc.npvr and ET,

across various crops enhances its applicability for crop-specific water use estimation.



This study investigates ET. estimation using remote sensing in Tiirkiye's Lower Seyhan Plain
(LSP), providing a region-specific application. However, the contribution of this research to

Tiirkiye's existing water management policies can be clarified as follows:

e  Supporting Water Resource Management: This study's findings offer a detailed and
accurate approach to estimating ET,, which is essential for understanding crop water
demand and improving irrigation practices. By incorporating remote sensing-based ET,
models, this study provides valuable data to optimize water use in agricultural fields,
helping water resource managers make informed decisions, especially in areas facing
water scarcity.

e Enhancing Irrigation Efficiency: Integrating models like METRIC, SEBAL, and K..
novi can help develop more efficient irrigation schedules, thereby reducing water
wastage and improving crop yield. This aligns with Tiirkiye's goal of achieving
sustainable water management, especially in arid and semi-arid regions such as the
Lower Seyhan Plain, where agriculture heavily depends on irrigation.

e  Contributing to Policy Development: The study's results can inform future water
management policies by providing evidence-based insights into regional water usage
patterns and the effectiveness of different irrigation strategies. The research can be used
to refine national water policies and enhance their alignment with climate variability,
crop water needs, and long-term sustainability.

o Facilitating Decision-Making in Water-Scarce Regions: With increasing challenges
related to water scarcity, the methods proposed in this study can serve as a tool for
policymakers to assess the impact of current water management strategies and adjust
them to ensure efficient and equitable water distribution, especially in areas like the

Lower Seyhan Plain.

By estimating ET. across a large irrigated catchment under diverse environmental
conditions, this study enhances irrigation scheduling, improves regional and field-scale water
demand assessments, and strengthens agricultural water resource management. The integration of
weather station data and remote sensing within energy balance models further reinforces the
reliability of ET. estimation for large-scale applications. This research offers key advancements over

previous ET, estimation studies:

¢ Higher Resolution and Accuracy: Using high-resolution Sentinel-2 data and ANN
classification enhances crop differentiation, improving ET, estimates.
¢ Reduced Computational Effort: The LandMOD ET Mapper in MATLAB streamlines

data preprocessing and model implementation, significantly reducing computational



time compared to traditional approaches. Unlike R-based implementations, MATLAB
handles large datasets (multiple images, weather stations) more efficiently, minimizing
memory-related crashes and slowdowns.

e Validation with Multiple Datasets: Unlike many studies relying solely on remote
sensing outputs, this research cross-validates ET. estimates with lysimeter

measurements and ET. calculations, ensuring higher reliability.

The research aims to estimate actual evapotranspiration (ET,) using several surface energy
balance (SEB) models—namely METRIC, EEFlux METRIC, SEBAL, and GeeSEBAL—along with
the Kc.npvi method and a “two-step” approach of ET. in stressed and non-stressed areas of the Lower
Seyhan Plain (LSP) in the Eastern Mediterranean region of Tiirkiye over the 2020-2023 water years.
The study also involves comparing the ET. results from these SEB models with direct ET,
measurements obtained in previous research for specific crops and locations within the study area.
Additionally, statistical analyses are conducted to evaluate differences in mean ET. values across

various SEB methods and the “two-step” approach of ET. for selected crop types.

The objectives of the research are to:

e Evaluate the effectiveness of RS-based ET. estimation using the METRIC, EEFlux
METRIC, SEBAL, and GeeSEBAL models in two regions of the LSP under varying
conditions, i.e., non-stressed (standard) and stressed (non-standard).

e Predict daily ET, using the METRIC, SEBAL, Kcnpvi, and ET. models for specific crop
types during satellite overpass dates.

e Estimate and produce comprehensive ET, maps covering the entire study area, including the
non-stressed (standard) and stressed areas (non-standard) of the LSP.

e Compare the outcomes derived from EEFlux with those of conventional METRIC
applications to demonstrate the effectiveness of EEFlux products in their current state and
analyze the main distinctions between the two applications.

e Compare the estimated ET, and K. values derived from SEB models with those obtained
from literature reviews for specific crop types and studies conducted across the study area.

e Compare the estimated ET, values for some crops obtained from the METRIC model in non-
stressed areas (Akarsu Irrigation District) and stressed areas (near the Mediterranean Sea of
Tiirkiye) during the satellite overpass.

e Assess the relationship between leaf area index (LAI), NDVI, K., and ET, by the METRIC

model for some crop types in the non-stressed area.



Research hypothesis and questions

Effectiveness of RS-based ET, estimation in the Lower Seyhan Plain of Tiirkiye:

Hypothesis: The METRIC, EEFlux METRIC, SEBAL, and GeeSEBAL models

provide accurate and consistent ET, estimations in the LSP region.

How effective are the METRIC, EEFlux METRIC, SEBAL, and GeeSEBAL models in

estimating ET, under non-stressed and stressed conditions in the LSP regions?

Daily ET, Prediction:

Hypothesis: The K.npvi and ET, models provide reliable predictions of daily ET,
values comparable to those from METRIC and SEBAL-based models.
How do the Kc.npvi and ET. models compare to METRIC and SEBAL-based models

in predicting daily ET, values?

Comprehensive ET, Maps:

Hypothesis: Comprehensive ET, maps generated from RS-based models can
accurately depict spatial variations in ET, across both non-stressed and stressed
areas of the LSP.

Can comprehensive ET, maps generated from RS-based models accurately represent

spatial variations in ET, across the LSP's non-stressed and stressed areas?

EEFlux vs Conventional METRIC Applications:

Hypothesis: EEFlux products demonstrate comparable or superior accuracy in ET,
estimation to conventional METRIC applications in non-stressed and stressed areas
during satellite overpass dates.

How do the outcomes from EEFlux compare to those from conventional METRIC

applications in terms of ET, estimation accuracy?

Comparison with Literature Values:

Hypothesis: ET, and K. values estimated from SEB models closely match those
obtained from literature reviews for specific crop types in the study area.
Are the ET, and K. values derived from SEB models consistent with those obtained

from literature reviews for specific crop types in the study area?



ET. Estimations in Different Conditions:

e  Hypothesis: ET, values estimated for crops in the non-stressed Akarsu district do
not differ from those in stressed areas near the Mediterranean Sea of Tiirkiye at the
time of the satellite overpass.

How do ET, estimations for crops in non-stressed areas compare to those in stressed

areas during satellite overpasses?

Relationship between LAI, NDVI, K., and ET,:

e Hypothesis: For specific crop types in the non-stressed area, there is no significant
positive or negative correlation between LAI, NDVI, K., and ET, values estimated
by the METRIC model.

What is the mathematical relationship between LAI, NDVI, K., and ET, values

estimated by the METRIC model for specific crop types in the non-stressed area?

The study introduces an enhanced approach for estimating ET, using remote sensing models,
such as METRIC, SEBAL, and the Kc.xpvi method, specifically tailored to the unique conditions of
the Lower Seyhan Plain. It represents a novel application of these methods in a semi-arid region,
providing valuable insights into the spatial and temporal variations in crop water use while
addressing local environmental and climatic challenges. Additionally, the study offers significant
advancements in integrating satellite-based models into regional water management practices,

making a notable contribution to agricultural water management and remote sensing.



2. PRELIMINARY WORK

As it is commonly understood, RS-based ET. models assess every pixel, identifying
individual crop types as well as the entirety of the area (Cetin et al., 2023b). Consequently, it is
imperative to classify each crop type and ascertain the proportion of each crop throughout the water
year. The insights garnered from crop classification are pivotal, offering a valuable understanding of
the variety of crops cultivated within a particular region, thus furnishing crucial data on regional
cropping patterns. Various approaches have been employed to classify cropping patterns,
encompassing field visits and RS data such as Sentinel-2.

The Sentinel-2 satellite system, launched as part of the European Commission's (EC)
Copernicus program, consists of the Sentinel-2A and Sentinel-2B satellites; the presence of two
satellites allows repeated surveys every five days at the equator and every 2-3 days at mid-latitudes
(EOS, 2019). Satellite imagery is defined by specific features, including wavelengths, bandwidths,
and spectral bands, which are used to derive key indices like the Normalized Difference Vegetation
Index (NDVI). In this context, NDVI is a powerful metric for distinguishing between water and
vegetation and is widely employed for mapping and monitoring crop health (Alsenjar et al., 2023a).
Some of the literature reviews reported below on how to classify crops using different types of bands,
including NDVL

Yilmaz (2018) conducted a classification study on crops, namely pepper, corn, eggplant,
wheat, tomato, cotton, grapes, clover, and olive, in the Gediz Plain in the western part of Tiirkiye.
This study encompassed an area of 520 km?. The study area's coordinates are as follows: upper left
longitude: 27.844°E, latitude: 38.625°N, lower right longitude: 28.181°E, latitude: 38.463°N. Eight
Sentinel-2 satellite images from 2017, encompassing the research region, were chosen for analysis.
Additionally, NDVI bands were derived from each selected satellite image. Ground truth data were
acquired through fieldwork and the farmer registration system (FRS). The accuracy of the FRS data
was verified parcel by parcel and cross-referenced with fieldwork observations. Object-based
classification using the random forest (RF) algorithm was employed for crop detection, with a
segmentation-based approach utilized during the classification process. The classification process
resulted in an overall accuracy of 94% and a Kappa value of 93.65%.

Irfanoglu and Balcik (2018) employed a parcel-based approach utilizing the RF algorithm
for crop classification within agricultural regions (3,322 km?) encompassing the Artuklu, Kiziltepe,
and Derik districts of Mardin city (WGS 84, UTM-Zone 37 N, DOM 39), utilizing multi-temporal
Sentinel-2 images from 2018. The identified crops included corn, wheat, cotton, chickpeas, and
lentils. Six image acquisition dates were selected for analysis. The classification utilized 10 m spatial
resolution bands, including Blue (B), Green (G), Red (R), and Near Infrared (NIR), along with the

computation of the NDVI band for each image date, incorporated as an additional band in the



classification process. The RF algorithm classified the stack of 30 bands, consisting of five bands (B,
G, R, NIR, NDVI) for each image. Training samples and result accuracy assessment were conducted
using the existing FRS. The classification process yielded an overall accuracy of 96.35% and a Kappa
value of 93.13%.

Alsenjar et al. (2023a) employed the artificial neural network (ANN) algorithm to classify
crops during the winter-summer seasons of the 2021 water year across the AID (Figure 2.1) as part
of this PhD thesis, utilizing Sentinel-2 imagery with a 10-meter resolution alongside ground truth
data. In winter, crops such as wheat, onion, potatoes, and lettuce were identified, while during the
summer, first crop types (I) and second crops (II), including corn, peanuts, cotton, soybean,
watermelon, and others, were cultivated. Citrus orchards accounted for over 30% of the AID
throughout the year. The confusion matrix of the ANN algorithm demonstrated high agreement rates
of more than 89% for wheat, potato, lettuce, onion, citrus, sesame-II, watermelon, and palm, and
moderate agreement rates (fruit 58.33% in winter, 42.86% in summer) with ground truth data during
the growing seasons. Additionally, agreement exceeded 80% for first and second crops (corn,
soybean cotton, and peanut) during summer. Implementing the ANN approach facilitated the
production of highly precise classified maps depicting crop distribution across extensive irrigation

catchment areas.
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Figure 2.1. Akarsu Irrigation District (AID) (Alsenjar et al., 2023a)

In another research conducted by Alsenjar et al. (2023b), the ANN technique was employed
to categorize crop patterns across the AID region (refer to Figure 2.1). This involved integrating
ground truth data acquired through surveys conducted across various crop fields during winter and
summer, along with Sentinel-2 data from 2020. The ANN algorithm was utilized for crop-type
classification, employing the neural net classification module within the supervised classification
framework. The crop types identified through the ANN method aligned with the ground truth crop

data, resulting in an overall classification accuracy of 90%. This information is crucial in regions
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experiencing increased evapotranspiration (ET) rates, as it helps identify which crops consume more
water, enabling the development of targeted and efficient water resource management strategies.

Rising ET rates have been observed worldwide in arid and semi-arid regions, including
Tiirkiye (Alsenjar et al., 2023a). This trend places additional strain on scarce water resources, such
as freshwater and groundwater, to meet the water demands of crops in drought-prone areas.
Therefore, studying and accurately estimating ET, in these areas can contribute to adequately
managing water resources (Alsenjar and Cetin, 2023). Many studies were applied to
compute/estimate ET, for different crops using satellite/RS-ET, techniques at small, large, and
regional scales. ET,.-direct methods focused on localized points of the world. Several literature
reviews were summarized in this study, focusing on research that employed remote sensing (RS)
techniques to estimate ET, in areas with environmental and climatic conditions comparable to those
of the study area.

The METRIC model, introduced by Allen et al. (2007a), is a revised version of the widely
recognized SEBAL model (Bastiaanssen, 1995; Bastiaanssen et al., 1998a). Alsenjar and Cetin
(2023) stated that the METRIC model calculates ET. by deriving it as a residual from the SEB
equation, utilizing data acquired from satellite imagery and in-situ meteorological data. One of the
advantages of the METRIC model is its applicability in flat and mountainous landscapes (Allen et
al., 2013; Alsenjar et al., 2023b; Cetin et al., 2023a). Alsenjar et al. (2023b) reported that the
METRIC model has been extensively utilized across numerous countries to assess ET, using satellite
images combined with climatic data within diverse agro-climatic zones, encompassing field-level
assessments and large-scale geographic areas. It has been utilized successfully in various crops,
including wheat, corn, soybean, and alfalfa, demonstrating favorable outcomes with errors ranging
from 3 to 20%. Additionally, in recent years, it has been applied to sparsely vegetated areas such as
vineyards and olive orchards (Allen et al., 2007a; Allen et al., 2007b; Mkhwanazi and Chavez, 2012;
Patil et al., 2015). In addition, the METRIC model was employed in Idaho to examine the coherence
of water rights and the utilization of groundwater as part of water asset planning efforts. Furthermore,
the METRIC model was applied in the Rio Grande Valley, New Mexico, to assess the adequacy of
the water system and to manage salinity levels (Trezza et al., 2013). Several studies have tested the
accuracy of estimation of ETu.merric with ET, using direct and indirect methods for different crops
at local, regional, and global scales. The METRIC model has been extensively utilized for estimating
ET. across various crops at field and regional scales, with reported errors falling within 3-20% (Allen
et al., 2007a).

Gowda et al. (2008) conducted a study assessing the performance of the METRIC model in
the Texas plains region. They used Landsat 5 TM (Thematic Mapper) data for their analysis on June
27 and July 29, 2005. The researchers discovered a strong correlation between the ET estimations

generated by the METRIC model and those derived from a soil water budget model.
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Another research by Aksu and Arikan (2017) employed moderate resolution imaging
spectroradiometer (MODIS) data within the METRIC model to produce ET, maps for major land
cover types that cover 3,560 km? of the Buyuk Menderes basin during the irrigation season, i.e., from
April to September 2010. As widely recognized, MODIS data offers a spatial resolution of 1,000 m
by 1,000 m and daily temporal resolution. In this study, the results from the METRIC model were
compared with crop evapotranspiration (ET.), which was calculated using reference
evapotranspiration estimated by the Penman-Monteith ASCE method and adjusted using a crop
coefficient (K) specific to olive trees. Additionally, for Bafa Lake, located in the Buyuk Menderes
Basin, class A-pan evaporation measurements from the Kusadasi meteorological station were used
to validate the lake’s evaporation (E) estimates produced by the METRIC model. The findings
indicated a strong concurrence between the evaporation values computed by the METRIC model and
the class A-pan data and ET. estimates, suggesting that METRIC has the potential for estimating
evaporation (E) utilizing satellite data in regions with limited data availability.

Bhattarai et al. (2017) applied the automated approach to compute ET, using the METRIC
model in four sites in the USA. Three distinct land cover types are marshes, crops, and grassland in
Florida, while one is cropland in Oklahoma. The recently developed fully automated model, which
relies on selecting NDVI, LST, and LAI exhibited superior performance and showed greater
consistency compared to an established semi-automated approach that utilized statistical methods to
isolate the hottest and coldest pixels within an image. The daily estimates of ET, obtained from the
automated SEBAL and METRIC models closely aligned with their manual counterparts, as
evidenced by high levels of agreement (e.g., NSE>0.94 and RMSE<0.35 mm day ).

He et al. (2017) reported that the METRIC model was applied to estimate ET, across an
almond orchard with 60 ha in California, USA. The almond trees stood at approximately 7 meters in
height throughout the study period from 2009 to 2012. The model's outcomes are assessed against
the flux tower data. The METRIC model is fueled by 46 satellite images from Landsat 5 and 7 with
spatial resolution 30 m by 30 m spanning the timeframe from April to November 2009-2012, while
30-minute flux tower data are integrated as inputs. The results from the METRIC model are generally
consistent with the flux tower measurements. However, during periods of cloudy or rainy weather,
specifically from December to March, the uncertainty in the calculations increases due to
interpolation errors.

Madugundu et al. (2017) utilized the METRIC model to generate ET, values for 50 hectares
of alfalfa irrigated fields in the eastern region of Saudi Arabia from June to October 2013. The RS
data utilized for the METRIC model were obtained from eight Landsat 8 satellite images. The
findings demonstrated a strong correlation between the outcomes of the METRIC model and those
obtained through the eddy-covariance (EC) method. Moreover, the METRIC model reflects an
underestimation of 4.2% in daily ET. compared to the EC method, which deviates from typical

findings reported in the existing literature. Variations are observed in the EC and Landsat-derived
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latent heat flux estimates (LE). This could be attributed to the advection process in hourly ET,
estimations and the variability in canopy density within the studied footprint.

In the research conducted by Tasumi (2019), the METRIC model was employed to predict
ET, for rain-fed wheat, irrigated short crops, city centers, and Urmia Lake from 2014 to 2016 in Iran's
western region of the Urmia Lake Basin. The METRIC model could predict evaporation (E) from
freshwater lakes and saline bodies of water like Urmia Lake. The METRIC model utilizes 34
Landsat 8 satellite images as input data. Because a lysimeter and eddy covariance were inaccessible
for estimating ET, in the study area, ET, values were contrasted with those derived from the Penman-
Monteith model, which served as the ET,. The findings of this investigation demonstrated a strong
correlation between the predicted ET. using the METRIC model and the ET, by the Penman-
Monteith approach. However, there is a tendency to overestimate ET. on uncovered soil, which
presents a significant issue in mountainous terrains. The evaporation findings from saline lakes
typically surpass those of freshwater lakes. This phenomenon can be ascribed to saline lakes'
tendency to exist in arid and semi-arid regions, where low humidity levels facilitate heightened
evaporation rates.

An article titled “Actual evapotranspiration estimation using METRIC model and Landsat
satellite images over an irrigated field in the Eastern Mediterranean Region of Tirkiye” was
published by Alsenjar et al. (2023b) in the Journal of Mediterranean Geoscience Review in 2023. In
the research, Alsenjar et al. (2023b) applied the METRIC model to compute daily and monthly ET.
for wheat and citrus in the winter and first-crop type (I), corn-I and peanut-I, and citrus in the summer
seasons of 2020 over an irrigated area, i.e., Akarsu Irrigation District (AID) (Figure 2.1), with
9,495 ha as part of PhD’s study area. The AID is situated within the latitude range of 36°57'32" to
36°50'43"N and the longitude range of 35°40"22" to 35°28'42"E in the Lower Seyhan Plain (LSP)
in Tiurkiye. The research results by Alsenjar et al. (2023b) are part of this PhD thesis. Figure 2.2
shows the proposed methodology to predict ET, over the AID area with data used and RS data in the
2020 water year. Seven Landsat satellite images (path 175, row 34) with a spatial resolution of 30 m
by 30 m were used in the research site. In the 2020 hydrological year, the total ET, was calculated at
1,238 mm, surpassing the ET. estimated by METRIC, which amounted to 1,191 mm. Figure 2.3
shows the difference between ET, by the FAO-PM method and ET, by the METRIC model. In this
article, the annual ET. totals approximately 823 mm, constituting 69% of the ET.. This notable
discrepancy between the annual calculated ET. and the yearly estimated ET, by the METRIC model
suggests that the crop coefficient (K.) values employed in the ET. approach during different stages
of crop development tend to be lower than those derived from the reference evapotranspiration
fraction (ETF;) function used in ET, estimation. The findings demonstrated satisfactory consistency
between ET, and ET. estimations. The ET. maps depicted variations corresponding to changes in

crop types across the study area during the summer and winter seasons of 2020.
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Figure 2.3. Monthly fluctuations in ET.metric and ET, values (Alsenjar et al., 2023b)

Cetin et al. (2023b) utilized the METRIC model to compute daily, monthly, and seasonal
ET, for irrigated wheat, potato, lettuce, corn-I, peanut-I, soybean-II, and citrus crops within the AID
with an area of about 95 km? during the 2021 hydrological year. Throughout the two growing
seasons, this study employed 17 satellite images from Landsat 7 and Landsat 8, all of which exhibited
a cloud cover of less than 10% in the processed data. The yearly ET, calculated at 1,308.0 mm was
higher than the estimated ET, of 1,254.5 mm. The total annual ET. across the study area amounted
to approximately 71% of ET.,, highlighting that the K. values utilized during various stages of crop
development in the ET. approach tend to be lower than those derived from the ET.F; in ET,
estimation. The ET, values demonstrate notable proximity to the corresponding ET. values for wheat,

with discrepancies ranging between 0.32 and 1.78 mm day™'. The ET, values are remarkably similar
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to the ET. values across various crops, including potato, lettuce, corn-I, peanut-I, and soybean-II. For
citrus during the 2021 water year, the estimated ET., for citrus-planted regions tended to surpass the
corresponding ET. for the identical crop. This variance could potentially stem from utilizing K¢
values (standard K.) sourced from existing literature by General Directorates of Agricultural
Research and Policies and State Hydraulic Works (2017), i.e., TAGEM-DSI (2017), which were
chosen based on the phenological stages of citrus. This study confirmed that the outcomes derived
from the METRIC model, namely ET. and ET., were employed as inputs for the water balance
analysis. Moreover, these findings facilitated the development of a methodology to evaluate water
balance closure discrepancies at the catchment level.

As is known, the standard METRIC model needs more complex data, and users are
experienced in manipulating RS data. For this reason, the EEFLux was used to predict ET, using the
GEE platform based on global climatic data coupled with Landsat satellite data at 30 m spatial
resolutions. EEFlux has grown steadily because it enables users with minimal experience to
efficiently process remote sensing (RS) data and compute ET, and K. for various regions worldwide.
The EEFlux platform offers rapid generation of ET. at a spatial resolution of 30 m alongside
additional data products, including Ts, NDVI, DEM, and albedo.

In the research conducted by Foolad et al. (2018), the evaluation of EEFlux METRIC against
the conventional METRIC method demonstrated favorable conformity in both ET.F and ET.
estimations across diverse agricultural regions in the western and central United States. In EEFlux
METRIC, gridded weather data was utilized as input, whereas METRIC utilized local weather data.
A total of 58 Landsat images were utilized as input data. Conversely, distinctions between EEFlux
and METRIC were notably more pronounced for non-agricultural land. The variances observed in
this section may arise from EEFlux encountering challenges in accurately factoring in background
evaporation during the calibration endpoint for hot pixels. The bias in hot pixels assigned to K. (ET:F)
tends to influence non-agricultural pixels significantly more than agricultural ones. This is primarily
because non-agricultural pixels typically exhibit lower ET., making them more susceptible to errors
or biases in the overall surface energy balance.

Venancio et al. (2020) utilized the EEFlux METRIC platform to estimate ET, and K. for an
80-hectare soybean plantation during the 2016/17 growing season in the western area of Bahia state,
Brazil. Six clear-sky Landsat satellite images were employed and processed utilizing the EEFlux
platform. The assessment of ET, EEFlux versus ET, by modified FAO (MFAQ) approach revealed
favorable concordance, as evidenced by Willmot’s index of agreement (d-index), which registered
values of 0.85, 0.83, and 0.89 for central pivots 1, 2, and 3, respectively. Nonetheless, EEFlux tends
to underestimate ET, marginally. The K. values derived from EEFlux demonstrated strong agreement
with the K. values examined in this investigation, except for phase II, where a notable disparity was

observed. The results of this study showed that ET. and K. estimates from EEFlux are readily
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accessible and freely available, thus serving as exceptional data reservoirs for the scientific
community and practitioners engaged in agricultural remote sensing applications.

In the study by Nisa et al. (2021), three single-source surface energy balance (SEB)
models—SEBS, QWaterModel, and METRIC-EEFlux—were evaluated against an eddy covariance
(EC) system for estimating daily ET, in a 15-hectare irrigated field planted with maize and forage
crops in a Mediterranean environment in southern Italy. QWaterModel, a QGIS plugin, calculates
ET. using land surface temperature (LST) maps and is based on the energy balance model
DATTUTDUT (Deriving Atmosphere Turbulent Transport Useful to Dummies Using Temperature).
For the analysis, thirty-six nearly cloud-free images captured by Landsat5 and 7 were utilized
through the GEE platform for the period spanning from 2008 to 2009. According to the results of
this study, SEBS and METRIC-EEFlux exhibited satisfactory consistency with measured ET, in
patterns and quantities. Addressing errors caused by scan line defects in Landsat 7's sensor can
enhance the quality of the METRIC-EEFlux ET. output.

Kumar et al. (2023) utilized the EEFlux model to estimate ET. for wheat crops during the
rabi season of 2019-2020 in the Bhagwatipur distributary, Bihar, India. The study incorporated eight
Landsat 7 and 8 satellite images along with climatic data as input. The research compared the EEFlux
and CROPWAT 8.0 models (Modified Penman-Monteith Model). The regression analysis indicated
a coefficient of determination (R?) of 0.79 between ET, estimated by the EEFlux model and ET.
derived from the FAO-PM model. The mean bias error (MBE) was calculated as 0.60 mm day,
while the root mean square error (RMSE) was determined to be 0.86 mm day™'. The satellite-based
method readily evaluates ET, for the designated area, functioning as a dependable tool for scheduling
irrigation practices.

Alsenjar and Cetin (2023) employed the EEFlux platform to assess ET, within the AID,
spanning an expanse of 9,495 hectares in our research domain within the LSP, Tiirkiye, throughout
the 2020 hydrological year. The AID has been operating under an irrigation system for the past six
decades and is considered to be in standard condition. Sixteen Landsat images were utilized as RS
data in the study. Local weather information from two meteorological stations within the catchment
area was compared with gridded global data from CFSv2 during the 2020 water year. The outcomes
derived from EEFlux exhibited strong consistency with METRIC across the entirety of the research
area. Furthermore, a robust correlation (r= 0.93 and RMSE= 0.74 mm day') was observed between
ET, and ET,, determined by the METRIC model. The coefficient of determination (R-squared) and
RMSE between ET, and ET, computed via EEFlux stood at 0.77 and 1.42 mm day™', respectively. In
addition to the METRIC model and the EEFlux platform, another variation of the SEBAL model is
available, which also estimates ET, using remote sensing (RS) data combined with climatic
parameters in different regions of the world.

Bastiaanssen et al. (1998a) designed the SEBAL model to compute ET, based on the RS data

with minimal ground truth data. The SEBAL has been tested with the in-situ ET. measurements
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across various climate conditions in Tirkiye, Iran, Egypt, India, Sri Lanka, Pakistan, Spain, and
Argentina, etc., to assess crop consumptive use uniformity, crop water stress, and irrigation
efficiency (e.g., Bastiaanssen, 2000).

Trezza (2002) employed Landsat satellite data (Landsat 5 TM imagery and Landsat 7 ETM™*
imagery) along with the SEBAL model to determine the water demand of crops in the Idaho region.
The author evaluated the precision of the model by contrasting it with weighing lysimeter data
obtained from the Kimberley Agricultural Research Institute of Idaho. The outcomes generated by
the SEBAL approach exhibited a variance of under 5% when compared to the results derived from
weighing lysimeter data.

Bastiaanssen et al. (2005) reported that the SEBAL model has been utilized to estimate ET,
for different crop types across over 30 countries of the four Continents (Europe, Asia, Africa, and
the Americas), assessing its performance at both farm and regional scales. These crop types are
cherry, wheat, apple, alfalfa, nut, grassy hay, and pasture. Their findings indicated an 85% daily
accuracy rate for comparisons between different direct ET, measurements (eddy covariance, Bowen
ratio, lysimeter, scintillometer) and ET, by the SEBAL model at the farm scale, increasing to 95%
for seasonal evaluations. Additionally, the algorithm exhibited a 96% accuracy at the regional scale.

Ramos et al. (2009) examined the 4-year ET, (1997-2000) of the Flumen region in the Ebro
plain of northeastern Spain. The Flumen District encompasses an estimated area of 33,730 ha. Two
lysimeters were used, one for grass crops and the second for wheat and maize crops. In total, 15
Landsat satellite images (Landsat 5 and 7) were used alongside climatic data from 1997-2000 as RS
input data. They utilized the SEBAL algorithm to analyze these values and juxtaposed them with
data obtained from lysimeters. The estimated ET, values derived from the SEBAL approach for the
grass exhibited a bias of 0.3 mm day"' compared to the lysimetric measurements and a bias of
0.36 mm day™!' compared to ET, by the Penman-Monteith method. Additionally, there was strong
agreement between the estimated ET, of maize and wheat, and the ET. was determined through
lysimetric measurements in the research. Furthermore, at the regional scale, a discrepancy of 20%
was observed between the ET, values calculated using the SEBAL method and those derived from
the Penman-Monteith method.

In their study, Ruhoff et al. (2012) examined the precision of the SEBAL model in predicting
ET, in a Brazilian savanna environment compared to measurements obtained through eddy-
covariance (EC) techniques. They utilized 28 Terra MODIS remote sensing images spanning from
February to November 2001 for their analysis. The findings from comparing daily ET, values
obtained from the SEBAL model with those derived from the in-situ EC correlation method for
sugarcane and savannah cultivars showed R? of 0.76 and 0.66, respectively.

In their research, Zamani and Rahimzadegan (2018) utilized the SEBAL, METRIC, and
SEBS models to assess evaporation rates from freshwater bodies within the vicinity of the Amirkabir

dam reservoir and the surrounding agricultural lands in Iran's semi-arid climate. A total of 16 Landsat
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satellite images with type Landsat 5 and Landsat 8 were used from 2011 to 2017. In this regard, three
models' estimated evaporation (E) values were compared with the Pan evaporation measurements
conducted within the study area. The results indicated that the SEBAL model was inefficient. In
contrast, the SEBS and METRIC models demonstrated appropriate performance in estimating
evaporation from the designated water body compared to the evaporation pan data.

Atasever and Ozkan (2018) employed the SEBAL model to determine ET, using Landsat 8
imagery in the AID region in the LSP of Tiirkiye, which is a component of this PhD thesis, on the
dates January 22, April 28, and July 01, in 2015. ET, values obtained from SEBAL models were
compared with ET, estimates at ground truth locations, calculated using the FAO Penman-Monteith
model. The statistical analyses, including matched pairs t-test and nonparametric Wilcoxon signed
rank test, indicated no significant disparity between the ET, values derived from the proposed method
and those of the ground truth points.

Rahimzadegan and Janani (2019) utilized the SEBAL model for estimating ET, over a 100-
hectare pistachio plantation in the Safaeieh area of Semnan province, Iran, utilizing 29 Landsat 8
datasets spanning from 2013 to 2017. The findings were authenticated and juxtaposed with ET,
outcomes under standardized conditions determined by the Intelligent Meteorological instrument
(iMetos-Pessl). The study's results reveal that the correlation coefficient (r) and RMSE for the
pistachio plant's estimated ET, are 0.89 and 2.5 mm day!, respectively. In general, the outcomes
demonstrate the adequate performance of the SEBAL model in predicting the ET, of pistachio crops.

Sawadogo et al. (2019) employed the SEBAL model using the Python script (PySEBAL) to
estimate ET, for soybean-II. They conducted a comparison with lysimeter field data obtained from
the center of a 0.12-hectare field at the Research Fields of the Agricultural Structures and Irrigation
Department, Faculty of Agriculture, University of Cukurova, situated in Adana, Tirkiye (37°1'N,
35°21'E, and 20 m above mean sea level). Five Landsat 5 Thematic Mapper (TM) clear-sky images
and meteorological data were employed in this study in 2009 (from July to October). The results
revealed a strong agreement between the PyYSEBAL model and the lysimeter, with an R-squared
value of 0.73, an RMSE of 0.51 mm day™!, an MBE of 0.04 mm day!, and a Willmott’s index of
agreement (d) of 0.90. Therefore, the PyYSEBAL model accurately estimates the ET, of soybean crops
in Adana, Tiirkiye.

Shamloo et al. (2021) utilized the SEBAL algorithm to estimate ET, in the Yuregir plain
(Figure 2.4) with 125,000 ha, located at 37.00°N latitude and 35.33°E longitude in UTM Zone 36 N-
WGS 84. The Yuregir delta plain is enclosed by the Mediterranean Sea in the south, the foothills of
the Taurus Mountains in the north, and the Ceyhan and Seyhan rivers in the east and west. The
investigation was conducted to estimate the ET. of corn and determine the K. from March to
September 2018. ET, computed by the SEBAL model was contrasted with ten experimental models:
Penman, FAO24 Penman, Kimberly Penman (KP), FAO56 Penman-Monteith (FAO-56 PM),
Priestley-Taylor (PT), De Bruin-Keijman (DK), Makkink (mak), Turk, Hargreaves (Har), and
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Mcloud (Mcl). Twelve Landsat 8 images, each with a spatial resolution of 30 m x 30 m, spanning
from March to December 2018 (the typical plant growth period), were employed in the study. The
estimated ETa values displayed the strongest correlation (r= 0.91) and the lowest error (RMSE=
1.14 mm day™") compared with the FAO Penman-Monteith method. Moreover, the SEBAL method
exhibited the highest correlation values of 0.89, 0.87, and 0.68 with the Turk, Makkink, and
Hargreaves experimental methods. The crop coefficients (K.) estimated using SEBAL demonstrated
strong agreement across all methods, with the FAO Penman-Monteith method showing the highest
correlation (r = 0.98) and a very low RMSE (0.05). However, this study has certain limitations. It
primarily focused on estimating ET, for corn using the SEBAL model without considering other crop
types within the Yuregir Plain, including those in the Akarsu Irrigation District (AID). Additionally,
the average ET, values derived from SEBAL only represent the corn fields, as the research did not
include a detailed classification of different crops across the study area. Furthermore, the study lacks
adequate information on the meteorological data utilized, such as the locations and distribution of
the meteorological stations. Lastly, ET, was not estimated to be the most water-stressed area within

the Yuregir Plain.
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Figure 2.4. Yuregir plain (Shamloo et al., 2021)

Long et al. (2011), as well as Laipelt et al. (2020), reported that the standard SEBAL
algorithm is more sensitive to the near-surface temperature gradient and less sensitive to
meteorological inputs. While regions like North America and Europe benefit from extensive
monitoring networks that yield high-quality meteorological data, other areas of the world lack the

dense network of localized measurements required for precise ET. estimations, as highlighted in
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studies by Fick and Hijmans (2017) and Menne et al. (2012). Therefore, the GeeSEBAL platform is
established as an open-source implementation for ET, estimation based on the SEBAL model at a
resolution scale of 30 m through the GEE platform. The GeeSEBAL application relies on Landsat
images and global meteorological data from ERAS Land reanalysis. Several studies have been
carried out to estimate ET, using GeeSEBAL under different climatic conditions.

In the research conducted by Laipelt et al. (2021), GeeSEBAL emerged as a novel tool within
the GEE platform for implementing the SEBAL model. The study applied and validated this tool
across various biomes in Brazil by comparing daily ET, estimates with eddy covariance (EC) data
obtained from 10 flux towers. By leveraging 224 Landsat images and ERAS5 Land meteorological
data, the results demonstrated that GeeSEBAL holds substantial promise for long-term assessment
of actual evapotranspiration (ET,) in various regions. This potential might be attributed to its lower
sensitivity to meteorological inputs, evidenced by an average root mean square deviation (RMSD)
of 0.71 mmday' when using in situ meteorological measurement. Moreover, GeeSEBAL
demonstrated its capability to evaluate ET, across diverse Brazilian biomes over extended periods,
thereby contributing to an enhanced comprehension of the effects of land cover changes on ET, in
recent decades.

In the research by Henrique et al. (2022), the effectiveness of GeeSEBAL was confirmed
through validation against eddy covariance measurements obtained from five flux towers in the
southern Brazil region. The study utilized 132 cloud-free Landsat images and gridded weather data
within the GeeSEBAL framework. The findings highlighted that GeeSEBAL represents a viable
option for estimating ET, in croplands and managing water resources, particularly in subtropical
humid climates and regions with limited data availability.

The study conducted by Gongalves et al. (2022) utilized GeeSEBAL to estimate ET, in a 24-
hectare commercial field located in the western region of Sdo Paulo state, Brazil. The field, situated
at latitude 20°43'43.6" S and longitude 51°16'30.3" W, is approximately 360 m above mean sea level.
The study focused on sugarcane and monitored two growing seasons from June 2016 to June 2018.
In total, 77 Landsat images and ERAS5-Land data were utilized as input data for the GeeSEBAL
platform. The SEB components (latent heat (LE), net radiation (R,), sensible heat flux (H), and soil
heat flux (G)) modeled using the GeeSEBAL model exhibited strong agreement with values obtained
from the eddy covariance system, considering both satellite overpass time and modeled ET,
throughout the growing seasons. As a result, the K. values demonstrated comparable performance to
those measured and reported by Allen et al. (1998).

Pakdel et al. (2023) utilized the GeeSEBAL platform to produce ET. maps across the
Lockyer Catchment in Australia, spanning an area of 3,000 km?. Their study employed ER5A
reanalysis data with a spatial resolution of 9 km alongside Landsat satellite images with a resolution
of 30 m, covering long-term periods. The findings revealed a significant correspondence between

ET. derived from GeeSEBAL and ET,.
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As recognized, the conventional METRIC and SEBAL models necessitate multiple input
datasets like DEM, Ts, NDVI, albedo, emissivity, and climatic variables, among others. Nevertheless,
these datasets entail preprocessing before applying these models, typically conducted by proficient
experts with RS techniques (Foolad et al., 2018). Consequently, an alternative approach employing
the vegetation index method has been devised to produce ET. maps, requiring fewer input
parameters. The vegetation index method (Kamble et al., 2013; El-shirbeny et al., 2015; Reyes-
Gonzélez et al., 2018) is based on the relationship between crop coefficient (K.) and NDVI to
generate a new crop coefficient (Kc.npvi).

Kamble et al. (2013) conducted research where they established a straightforward linear
correlation between NDVI derived from moderate resolution imaging spectroradiometer data
(MODIS) and K. calculated from flux data obtained for various crops (including maize, grass, and
soybean) and different cropping practices across three growing seasons in 2006 and 2007, using
AmeriFlux towers in the USA. The study aimed to develop a relationship between NDVI and K. for
rainfed and irrigated agriculture. Validation of the developed regression model (Kc.npvi=
1.4571xNDVI-0.1725) showed a strong correlation between the estimated crop coefficient (Kc)
derived from the Kc.xpvr relationship and the measured K. values, with r values of 0.954 and 0.949
for 2006 and 2007, respectively. The RMSE at irrigated maize field for K. was 0.16 in 2006 and 0.19
in 2007. However, there was a systematic bias of approximately £5%, possibly attributable to
variations in crop evapotranspiration due to wet conditions in 2006 and dry conditions in 2007, which
were not accounted for in the K. formulation used in the study.

In the research conducted by Reyes-Gonzalez et al. (2015), RS proved to be a valuable tool
in the Region of Laguna, Mexico, for generating updated K. based on NDVTI and for estimating ET..
The study involved deriving new K. values for maize and alfalfa by establishing the relationship
between NDVI extracted from satellite imagery and K. values obtained from the FAO-56 database
(Allen et al., 1998). This is known as the Kcnpvi method. Through the Kcnpvi method, which
involved multiplying these newly derived regional K. values with ET,, ET. was estimated. The
findings demonstrated a robust correlation between NDVI and K.-FAO-56 for both forage crops.
The Kcnpvi method was shown to be capable of estimating ET, with minimal input data.
Furthermore, the introduction of new K. values has the potential to optimize irrigation water usage
and promote water resource conservation efforts.

In the study presented by Reyes-Gonzalez et al. (2018), the Kc.npvi method was applied with
the METRIC model to calculate ET, in eastern South Dakota in the USA during the 2015 and 2016
growing seasons. The Kc.npvi method uses two input parameters (K. and NDVI) to compute ET,. The
METRIC model uses four primary input parameters: a) Landsat image, b) DEM map, c) land cover
map, and d) weather data to estimate ET,. The comparison showed that ET, values calculated by the

METRIC model were higher than the ET, values estimated with the Kc.npvi method by 18 and 11%
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for the 2015 and 2016 growing seasons, respectively. The Kc.xpvi method can estimate ET, with
minimum input parameters at focused regional and field scales for short periods.

Kumar et al. (2021) developed a straightforward relationship between K. derived from
Landsat data and NDVI to establish a new K. for the Kangsabati River basin in eastern India during
2014-2015. The study utilized six multi-date, cloud-free Landsat 8 images with path and rows 139/44
and 139/45. The Vegetation Index-based ET. estimates were evaluated against lysimeter data for
different crop growth stages throughout the season. The result showed a strong determination
coefficient between ET, estimated using vegetation-based K. vs. lysimeter ET, (R?> = 0.81) and crop
coefficient FAO 56 Penman-Monteith (ET./ET,) vs. lysimeter ET, (R? = 0.63). For the relationship
between the vegetation-based crop coefficient and lysimeter-measured ET., the slope was 1.01, and
the intercept was -0.15. The slope and intercept for the FAO-56 Penman-Monteith crop coefficient
(ET.) versus lysimeter-measured ET, were 0.65 and 0.70, respectively.

Research conducted across various regions worldwide, including Tiirkiye, indicates that
while many studies yield comparable results, notable differences also exist between ET, estimates
derived from SEB models and those obtained through direct measurement methods. Nonetheless, a
common theme among these studies is comparing and evaluating different approaches for estimating
crop water requirements. These studies consistently highlight the substantial agreement between
remote sensing-based actual evapotranspiration (RS-ET.) models and traditional crop
evapotranspiration (ET/ET,) methods. Such approaches are preferred to effectively manage spatial
variability and provide more reliable and accurate estimates, especially for large-scale environmental

and water resource evaluations.
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3. MATERIALS AND METHODS

This section thoroughly examines the Lower Seyhan Plain (LSP), concentrating on its
geographical characteristics, climatic factors, and surface water reservoir availability. Additionally,
it briefly discusses the agricultural patterns observed in two specific areas within the LSP. The final
part of this section introduces the remote sensing evapotranspiration (RS-ET.) methodology in detail

and the data sets used in this research study.

3.1. Study Area

The research area, commonly known as Yuregir Plain, constitutes a segment of the LSP within
the Eastern Mediterranean region of Tiirkiye, encompassing a total expanse of 1,434 km?; this area
is situated along the southern coastal Mediterranean region close to the Adana province of Tiirkiye,
as illustrated in Figure 3.1. It is located between the Seyhan (on the west) and Ceyhan (on the east)
rivers, which is flat terrain with a slope of 0.5-1.0 % (Ozcan and Cetin, 1996; Ozcan et al., 2003).
The highest altitude within the LSP reaches approximately 30 m above sea level. The study area
comprises two regions: the Akarsu Irrigation District (AID; non-stressed, i.e., NSA, Figure 3.1) area,
covering 9,495 ha under normal standard conditions (non-stressed area), and the second region, i.e.,
non-standard development (53,000 ha; stressed area, i.e., SA, Figure 3.1) situated adjacent to the
Eastern Mediterranean Region of Tiirkiye.

The Mediterranean climate, prevalent across the LSP, is characterized by hot and arid
summers, contrasted with mild and rainy winters, as outlined by Cetin et al. (2007, 2020). According
to Cetin et al. (2020), the basin receives an annual average precipitation of 650 mm. The region
experiences an average temperature of approximately 19°C, with January marking the coldest month
at around 9°C on average, while August is the warmest month with an average temperature of 29°C.
Alsenjar et al. (2023b) reported a notable increase in temperature and evaporation (E) rates during
the irrigation season (IS), particularly in July and August, compared to the rainy seasons in the
Eastern Mediterranean Region of Tiirkiye. According to Cetin et al. (2020), relative humidity
typically exceeds 80% during summer, whereas it falls below 50% in periods without rainfall and
irrigation. In Tirkiye, the winter typically spans from December 1% to late February, while the
summer season extends from June 1* until the end of August (Alsenjar et al., 2023a; Alsenjar et al.,
2023b; Cetin et al., 2023b). However, as a typical consequence of the Mediterranean climate, there
is no clear transition between seasons in and around the study area.

In the study area, there are two distinct geological age categories. The first category
encompasses a variety of ages, including limestones, conglomerates, and marl, while the second
category comprises Holocene deposited alluvial materials (Cetin et al., 1999). The region near the

Mediterranean Sea experiences persistent soil salinity and alkalinity issues, along with a high
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groundwater table characterized by significant salinity concerns. In contrast, the other part of the
study area (AID, i.e., NSA) has no high salinity values (Cetin et al., 2000). Within the AID area, soil
pH ranges from 7.61 to 7.87, and soil saturation extract electrical conductivity (EC) fluctuates
between 0.12 and 0.19 dS m !, In other words, the soils within the AID of the research area are
generally categorized as having low or minimal salinity. In the AID, there are five soil types, namely
the Arikli (33.99%), Incirlik (28.22%), Yenice (14.65%), Gemisure (6.27%), and Canakci (6.06%)
soil series. These soil series collectively account for §9.19% of the AID and cover the entire study
area. According to Ding et al. (1995), the Arikli series exhibits clay content ranging from around 55-
67%, the Canakci series from 22-35%, the Incirlik series from 60-62%, the Yenice series from 51-
58%, and the Gemisure series from 72-77% within the AID. The second part of the study area is
located in the coastal lagoons (Akyatan, Tuzla) of the LSP. This area exhibits elevated concentrations
of saline water in combination with unsuitable soil conditions (Akca et al., 2020) for irrigated
agriculture as well as traditional agricultural practices. In the stressed region surrounding the coastal
logons of the LSP, a range of soil types exists, encompassing Arikli, Arpaci, Mursel, Oymakli,
Canakeci, Helvaci, Gemisure, Pekmez, Baharli, Golyaka, Karatas, and Ismailiye (Ding et al., 1990;
Ding et al., 1991a; Ding et al., 1991b). In 2009, the region underwent irrigation facilitated by DSI
(State Hydraulic Works), officially designated as the 4™ Stage Irrigation Area. The study area has
many irrigation and drainage canals and a myriad of drainage observation wells (Cetin et al., 2000)
under the responsibility of the water user association. The DSI diverted irrigation water to the
research site from Seyhan Dam, characterized by high-quality water attributes with an EC ranging
from 0.4 to 0.5 dS m™! (Cetin and Kirda, 2003; Akga et al., 2020).

The Seyhan Plain holds significant agricultural promise for the Turkish economy, with most
of its territory designated irrigated zones. The research area encompasses various crop varieties,
including but not exclusively limited to citrus fruits, soybeans, peanuts, corn, cereals, cotton,
potatoes, watermelon, onions, pasture, and vegetables. Predominant winter crops consist of wheat,
onions, potatoes, and lettuce, while summer crops are mainly cotton, soybeans, corn, peanuts, and
watermelon. Furthermore, citrus orchards occupy a significant portion of the study area (Ozcan et
al., 2003; Alsenjar et al., 2023b). Figure 3.2 illustrates the typical crops cultivated in the study area,
depicting their growing periods and the durations of different growth stages, including initial,

development, mid-season, and late-season phases (TAGEM-DSI, 2017; Cetin et al., 2023b).
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Figure 3.1. The study area location in the Lower Seyhan Plain (LSP) of the Mediterranean Region
in Tiirkiye

Crop Type| October | November | December | Januai Februa March April Ma; June Jul August | September
Citrus

Wheat 213 days_
Fruits

Potato 152 days

Onion 172 days

ComI Lt
Corn-II
Peanut- 153 days
Peanut-11
Soybean-1
Soybean-1I
Catton-I I 2244
Cotton-11 |

Initial stage Development stage Mid-season stage Late season stage

Figure 3.2. The prevalent crop varieties cultivated, their respective cultivation periods, and the
duration of distinct growth stages, including initial, development, mid-season, and late-season
phases in the research area (Cetin et al., 2023b)

3.2. Datasets

The chosen study area encompasses the flat terrain of the LSP. This research utilizes
meteorological data, high-resolution remote sensing data, field surveys to identify crop types during
growth periods, and standard crop coefficients (K¢). All data employed in this study, including

meteorological records, remote sensing data, field observations, and K., will be elaborated upon in
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subsequent sections. Figure 3.3 illustrates the datasets employed in this study, each of which will be

elaborated upon in the subsequent sections.

Temperature
- Local weather Gridded weather Wind speed
Meteorological ' P Solar radiation
data stations ata Precipitation
Relative humidity
Ground truth Crop field visits
data in winter and summer seasons

Landsat7,8, 9 Sentinel 2A 2B
Remote Resolition Resolution
sensing data 30mx30m 10mx10m

Digital
Elevation
Model (DEM)

Reference crop
coefficient (K )

Auxiliary data

Figure 3.3. Data sources and inputs utilized in this study

3.2.1. Meteorological data

This study relies on the standard METRIC and SEBAL models, ET. estimations, and Kc.npvi
that necessitate local climatic data at hourly and daily intervals during the 2020-2023 water years.
Figure 3.4 illustrates the sites of used meteorological stations across the study area, encompassing
the Akarsu region and the stressed area within the LSP. Meteorological data typically include
parameters such as temperature (°C), relative humidity (%), precipitation (mm), wind speed (m s™")
at 2 m height, and solar radiation (W m?); they were obtained from stations situated within the study
area. Specifically, two meteorological stations, L8 and Cotlu, located within the AID, and one station
(Agzibuyuk-Cotlu) near the AID (refer to Figure 3.4) were utilized to compute ET,. Additionally,
meteorological stations at Golkaya, Gumusyazi, and Bebeli were employed to gather climatic
variables for running the SEB models and conducting ET, calculations in the stressed region adjacent
to the coastal lagoons of the LSP. On the other hand, the EEFlux-METRIC and GeeSEBAL models
utilize CFSV2 gridded weather data with a spatial resolution (4 km x4 km) on a global scale and
global weather data sourced from the ERAS land reanalysis dataset with a spatial resolution (9 kmx
9 km), respectively. Climatic data underwent quality control (QC) checks spanning the water years
from 2020 to 2023. This process entails verifying and guaranteeing data or procedures' accuracy,
reliability, and consistency. Specifically, this includes addressing issues such as data gaps, outliers,

constant values, and abrupt changes or jumps in the data. This study utilizes climatic data during the
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2020-2023 water years to improve ET, estimation accuracy using remote sensing-based models
validated with direct measurements and ET. calculations. The study does not assess long-term
climatic variability, as RS-based models rely on meteorological data during satellite overpass dates

rather than extended time series.
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Figure 3.4. Study area and location of meteorological stations

3.2.2. Ground truth data of crops

Ground truth data, also termed field visits or observations for cropping pattern mapping,
encompass firsthand information collected through physical visits and direct observations within the
study area. This methodology entails gathering data directly from the study area, including details
regarding crop types, land use patterns, and other pertinent parameters. Ground truth data play a
crucial role in validating RS data, calibrating models, and improving the accuracy of analyses and
predictions. Regarding cropping patterns, ground truth data or field visits entail observing and
documenting cultivated crop types, their spatial distribution, growth stages, and the farming practices
implemented by agricultural practitioners. Ground truth data are needed to validate crop type
classification obtained through remote sensing, allowing for estimating crop water requirements
(ET.) for each crop type and the study area. Furthermore, observations of crop types (ground truth
data) are utilized to estimate ET, using Surface Energy Balance (SEB) models at both pixel and study
area scales.

Ground truth data were gathered from the Akarsu district and specific plots near the lakes of
the Yuregir Plain within the LSP during the growing seasons spanning the 2020-2023 water years.
This collection was conducted considering the onset of the irrigation season and the peak irrigation

period, representing two distinct production phases. All field investigations/campaigns involved the

27



observation of cultivated crops and bare soil or fallow fields, with vegetation noted on a map
representing the study area. Subsequently, the coordinates of each visited parcel were recorded using
handheld GPS devices (GPS essentials program) [UTM, Datum=WGS84] and duly stored. After the
fieldwork, the terrestrial data were transferred to a computer environment using the ArcGIS program.
This process facilitated identifying the distribution of winter and summer crops (land-use types)
within the visited parcels. Figure 3.5 illustrates the overall spatial arrangement of crops determined
through on-site visits in both the AID location and the stressed region of the LSP. Table 3.1 and
Table 3.2 indicate the number of parcels visited during the study period in both the non-stressed area
(NSA) and the stressed area (SA). Additionally, photographs were taken to establish the types of
crops as accurate data for crop identification during field visits conducted every twice per water year,
i.e., winter and summer seasons in regions (AID, i.e., NSA) under normal conditions and in areas

experiencing stress throughout the research period, as illustrated in Figure 3.6- Figure 3.9.
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Figure 3.5. General spatial distribution of ground truth data of crops, which was observed in both
the AID location and the stressed region of the LSP during field visits
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Figure 3.6. In-situ images of various crops collected for ground truth data to identify crop type in

fields on 26.04 2022 over the AID of the LSP

Cabbage & sapling

Cabbage & sapling ‘! Potatoes -

Corn-l

Figure 3.7. In-situ images of various crops collected for ground truth data to identify crop type in

field on 24.04. 2023 over the AID of the LSP
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Figure 3.8. In-situ images of various crops collected for ground truth data to identify crop type in
field on 25.08. 2022 over the stressed area near the coastal lagoons of the LSP
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Figure 3.9. In-situ images of various crops collected for ground truth data to identify crop type in
field on 31.03.2023 and 03.08.2023 over the stressed area near the coastal lagoons of the LSP




Table 3.1. The number of parcels visited over AID during four consecutive water years (2020, 2021,

2022 and 2023)
2020 2021 2022 2023
Crop Winter | Summer | Winter | Summer | Winter | Summer | Winter | Summer
Cereals 159 0 200 0 252 0 238 0
Fruit
(pomegranate,
apricot, 16 14 18 10 15 19 23 31
peach, date
and plum)
Bare soil 432 25 369 27 405 42 426 20
Citrus 617 631 622 626 574 556 554 558
Potatoes 38 0 28 0 22 0 25 0
Onion 16 0 26 0 6 0 17 0
Others 0 9 4 1 7 9 7 4
Peanut-1 0 83 0 129 0 49 0 67
Peanut-11 0 44 0 40 0 38 0 93
Sapling 31 26 49 64 153 182 203 215
Corn-I 0 202 0 228 0 257 0 302
Corn-II 0 61 0 32 0 23 0 48
Cotton-I 0 67 0 74 0 80 0 42
Cotton-II 0 42 0 75 0 108 0 63
Soybean-I 0 29 0 26 0 15 0 7
Soybean-II 0 57 0 119 0 81 0 69
Watermelon -
Melon 0 0 0 3 0 4 0 4
Total 1,309 1,290 1,316 1,454 1,434 1,463 1,493 1,523

Table 3.2. The number of parcels near the lagoons/lakes of the Lower Seyhan Plain visited during
four consecutive water years (2020, 2021, 2022 and 2023) over the stressed area

2020 2021 2022 2023

Crop Winter | Summer | Winter | Summer | Winter | Summer | Winter | Summer
Cereals 49 0 69 0 47 0 34 0
Fruit
(pomegranate, 3 3 4 4 5 5 6 6
apricot, peach,
date and plum)
Bare soil 90 90 95 95 91 91 98 98
Citrus 67 67 67 67 67 67 70 70
Potatoes 0 0 0 0 0 0 1 0
Onion 0 0 0 0 0 0 0 0
Others 15 0 13 0 5 0 6 0
Peanut-I 0 9 0 15 0 9 0 17
Peanut-II 0 2 0 0 0 0 0 16
Sapling 138 138 151 151 170 170 172 172
Corn-I 0 36 0 20 0 11 0 51
Corn-II 0 0 0 1 0 2 0 3
Cotton-I 0 66 0 45 0 64 0 62
Cotton-II 0 25 0 28 0 28 0 17
Soybean-I 0 10 0 3 0 4 0 5
Soybean-I1 0 9 0 13 0 5 0 2
Watermelon -
Melon 0 0 0 0 0 0 0 4
Total 362 455 399 442 385 456 387 523
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3.2.3. Remotely sensed data

Over the past few decades, Landsat has become an important operational satellite for Earth
observation. Its notable high spatial resolution images have led to extensive utilization of them across
various research and non-research domains. In this study, 70 Landsat satellite scenes (path 175, rows
34 as shown in Figure 3.10) with a spatial resolution of 30 m by 30 m were downloaded from the
United States Geological Survey (USGS) Earth Explorer website (www.earthexplorer.usgs.gov,
accessed on 16 February 2023 and 18 October 2023) to cover the period from 30.09.2019 to
30.09.2023. Landsat imagery, commonly accessible at 8 to 16-day intervals, encompasses satellite
scenes from Landsat 7 (Enhanced Thematic Mapper Plus, i.e., ETM*), Landsat 8, and Landsat 9.
These satellites have two sensors onboard: a) a Thermal Infrared Sensor (TIRS) and b) an Operational
Land Imager (OLI), which gathers data almost simultaneously. Figure 3.11 compares the OLI and
thermal spectral bands to Landsat satellite images. Table 3.3 shows both Landsat 7, Landsat 8, and
Landsat 9 shortwave and thermal bands. Table 3.4 lists the dates of the 70 Landsat satellite images
used in this research, along with their corresponding day of the year (DOY). Subsequently, the
Environment for Visualizing Images (ENVI) software was used to apply a cloud mask when cloud
coverage exceeded 50% on four satellite image dates, specifically on DOY 28, DOY 60, DOY 121,
and DOY 030 of grayscale fill, as shown in Table 3.4. Before using Landsat 7 ETM* data, any scan
line errors were rectified, and gaps were filled using Quantum Geographic Information System
(QGIS 3.24.3) and the Landsat toolbox within ArcGIS 10.4.1. These images were utilized to estimate
ET. using RS data in conjunction with hourly and daily climatic variables sourced from
meteorological stations within the study area. This study quantifies errors in satellite data
(radiometric calibration, atmospheric corrections, and geometric rectifications) before applying the
SEB models. It also performs quality control on meteorological data to assess potential deviations in

ET, estimates. All corrections were made before applying these models.
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Figure 3.10. Landsat tiles that encompass the research area

g

5

E OL/ ' TIRS/ §

£ n OLI-2 * TIRS-21 n “
o

2 [ s | A v |
[=%

E EN A v (-
<C

04

4 1400 1900 2400 10000 11000 12000 13000

Wavelength (nm)

Figure 3.11. Landsat sensors, spectral channels, and band passes are superimposed on atmospheric
transmission percentage (grey background). MSS: Landsat 1 through -5; TM: Landsat 4 and 5;
ETM™: Landsat 7; OLI and TIRS: Landsat 8 and 9. (source: NASA/Landsat Legacy Project Team
and American Society for Photogrammetry and Remote Sensing)
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Table 3.3. Spectral bands, including a pan band for Landsat 7, Landsat 8, and Landsat 9

Landsat 7 Enhanced Thematic Mapper

Landsat 8 and Landsat 9 OLI and TIRS

Sensors
Band .. Resolution | Band . Resolution
No. Description | Wavelength (m) No. Description | Wavelength (m)
Visible blue 0.45to Coastal / 0.433 to
Band 11" g ¢) 0.52 um 30 Band 1y osol | 0453 um 30
Visible green 0.52 to Visible blue 0.450 to
Band 2 | Green) 0.60 um 30 | Band 2| "y 0.515 um 30
Visible red 0.63 to Visible green 0.525 to
Band 3 (Red) 0.69 pm 30 Band 3 (Green) 0.600 pm 30
Near-infrared 0.76 to Visible red 0.630 to
Band 4 (NIR) 0.90 um 30 Band 4| " ped) 0.680 um 30
Near-infrared 1.55to Near-infrared 0.845 to
Band 5| " swiRr-1) 1.75 pm 3 Band 51" V1R) 0.885 um 30
Short
Thermal 10.4 to wavelength
Band 6 (TIR) 12.3 um 60 Band 6 infrared 1.56 to 1.66 pm 30
(SWIR-1)
Short
Mid-infrared 2.08 to wavelength
Band 7 (SWIR-2) 2.35 um 30 Band 7 infrared 2.10 t0 2.30 pm 60
(SWIR-2)
Panchromatic 0.52to Panchromatic
Band 8 (Pan) 0.90 pum 15 Band 8 (Pan) 0.50 to 0.68 pm 15
Band 9 Cirrus 1.36 to 1.39 pm 30
Band e Resolution
No. Description | Wavelength (m)
Long
- Band 10 wavelength |, 514 30| 100
infrared
(TIR-1)
Long
Band 11| Vaveleneth 4y 5155 um| 100
infrared
(TIR-2)
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Table 3.4. Landsat scenes information (Landsat 7, Landsat 8, and Landsat 9) during the water years
of 2020-2023, including scene names, acquisition dates, and overpass times

Day of Landsat | Cloud Water
Iﬂ:;ge ;ll:r Landsat scene_ID satt;ll)l::te C(g‘:er Acc(lil::;;mn O}fg):f; }\(/)[c)al year
(DOY)
1 273  |LC81750342019273LGNO0 8 0 30.9.2019 | 11:16:02.5052379
2 297 |LE71750342019297SG100 7 16 24.10.2019| 10:59:54.3561211
3 321 |LC81750342019321LGNOO 8 4 17.11.2019 11:16:01.7353690
4 353 |LC81750342019353L.GNO1 8 1 19.12.2019 11:15:58.3225900
5 28 |[LE71750342020028NPA00 7 67 |28.01.2020| 10:55:13.3874493
6 60 |LE71750342020060SG100 7 66 |29.02.2020| 10:53:33.8472536
7 68  |[LC81750342020068LGNOO! 8 2 08.03.2020| 11:15:36.2460760
8 108 |LE71750342020108SG100 7 6 17.04.2020| 10:50:52.5176873 | 2020
9 148  |LC81750342020148LGNOO 8 4 27.05.2020| 11:15:08.7684079
10 180 |LC81750342020180LGNO0 8 1 28.06.2020| 11:15:26.9694210
11 196 |LC81750342020196L.GNO0O 8 1 14.07.2020| 11:15:33.4238989
12 212 |LC81750342020212LGNO0 8 0 30.07.2020| 11:15:37.9038700
13 228  |[LC81750342020228LGNO0 8 0 15.08.2020 | 11:15:42.0945460
14 244 |LC81750342020244LGNOO| 8 0 31.08.2020| 11:15:50.3682170
15 260 |LC81750342020260LGNO0 8 1 16.09.2020| 11:15:56.5028510
16 300 |LE71750342020300SG100 7 8 26.10.2020 | 10:38:56.1154274
17 316 |LE71750342020316NPA00O 7 3 11.11.2020| 10:37:51.0228172
18 364 |LE71750342020364NPA00 7 1 29.12.2020 | 10:34:21.8153233
19 22 [LC81750342021022LGNO0 8 9 22.01.2021| 11:15:49.9861710
20 54 |LC81750342021054LGNOO 3 7 23.02.2021| 11:15:43.2139690
21 79 LE71750342021078SG100 7 5 19.03.2020 | 10:28:24.8443048
22 118 |LC81750342021118LGNOO, 8 8 28.04.2021| 11:15:15.8809360
23 134 |LC81750342021134LGNOO! 8 1 14.05.2021| 11:15:15.9098560 | 2021
24 158 |LE71750342021158SG100 7 1 07.06.2021 | 10:21:43.6865663
25 182 |LC81750342021182L.GNOO 8 4 01.07.2021| 11:15:35.1871370
26 190 |LE71750342021190SG100 7 3 09.07.2021| 10:19:04.5579664
27 198 |LC81750342021198LGNOO 8 5 17.07.2021| 11:15:36.9021800
28 214  |LC81750342021214LGNOO 8 0 02.08.2021 | 11:15:45.3409259
29 230 |LC81750342021230LGNO0 8 2 18.08.2021| 11:15:51.0643500
30 262 |LC81750342021262LGNO0 8 9 19.09.2021 | 11:15:59.0216650
31 278 |LC81750342021278LGNO0 8 1 05.10.2021| 11:16:04.4435930
32 294  |[LC81750342021294L.GNOO 8 0 21.10.2021| 11:16:07.4309270
33 326 |LC817503420213261L.GNOO 8 6 22.11.2021| 11:16:02.0432969
34 358 |LC81750342021358LGNOO 8 4 24.12.2021| 11:15:59.4307040
35 001 |LE71750342022001NPAOO 7 13 |01.01.2022| 10:03:01.7753300
36 017 |LE71750342022017NPAOO 7 3 17.01.2022| 10:01:30.1854341
37 049 |LE71750342022049NPA00 7 6 18.02.2022 | 09:58:18.1083401
38 081 |LE71750342022081NPAOO 7 19 |22.03.2022 | 09:55:10.7155745 2002
39 089 |LC81750342022089L.GNOO 8 7 30.03.2022 | 11:15:25.6965150
40 113 |LC91750342022113LGNOO 9 2 23.04.2022| 11:15:26.7327310
41 121  |LC81750342022121LGNOO! 8 60 |01.05.2022| 11:15:28.7371250
42 140 |LE71750342022140SG100 7 12 120.05.2022 | 09:50:56.6332014
43 157 |LE71750342022157SG100 7 23 106.06.2022 | 09:50:06.2292853
44 169 |LC81750342022169LGNOO 8 1 18.06.2022 | 11:15:53.3072380
45 186 |LE71750342022186SG100 7 0 05.07.2022 | 09:42:29.8002719
46 201 |LC81750342022201L.GNOO 8 1 20.07.2022| 11:15:58.6410700
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Day of Landsat | Cloud Water
Image| the satellite | Cover |Acquisition| Overpass local ear

N o.g year Landsat scene_ID type %0 ((llates Tin?e (AM) '
(DOY)

47 209 [LC91750342022209LGNO00O 9 0 28.07.2022| 11:15:42.4933480

48 220 |LE71750342022220SG100 7 29  108.08.2022| 09:39:50.3921524

49 237 |LE71750342022237SG100 7 9 25.08.2022| 09:38:18.9640686

50 249  [LC81750342022249L.GNOO 8 8 06.09.2022 | 11:16:15.2109079

51 271 |LE71750342022271SG100 7 3 28.09.2022 | 09:34:51.9536731

52 297  |LC81750342022297LGN0O0 8 0 24.10.2022| 11:16:18.0041120

53 305 |[LE71750342022305NPA0O0 7 0 01.11.2022 | 09:30:39.7271478

54 344 |LE71750342022344SG100 7 33 10.12.2022 | 09:30:47.2239022

55 361 |[LC81750342022361LGNO00O 8 6 27.12.2022| 11:16:05.6881030

56 030 |LE71750342023030NPAOO 7 66 [30.01.2023 | 09:21:42.8842895

57 052 |LE71750342023052SG100 7 15 21.02.2023(09:22:38.4412600Z

58 069 |LE71750342023069SG100 7 46 10.03.2023 | 09:18:17.6146932

59 091 |LE71750342023091SG100 7 42 101.04.2023| 09:17:34.3303402

60 108 |[LC81750342023108LGNO0O 8 9 18.04.2023 | 11:15:12.8746539

61 124 [LC81750342023124L.GNOO 8 31 04.05.2023 | 11:15:07.6881360 | 2023

62 157 |LE71750342023157SG100 7 32 106.06.2023 | 09:10:50.8614907

63 172 [LC81750342023172LGNO0 8 27 21.06.2023 | 11:15:09.4635820

64 196 |[LC91750342023196L.GNOO 9 0 15.07.2023| 11:15:17.6790280

65 212 |LC91750342023212LGNOO 9 4 31.07.2023 | 11:15:22.8236480

66 228 [LC91750342023228LGNO0 8 2 16.08.2023 | 11:15:27.4594450

67 236 [LC81750342023236L.GN0OO 8 2 24.08.2023 | 11:15:41.0675900

68 244 |LC91750342023244L.GNOO 9 11 01.09.2023 | 11:15:38.2409350

69 268 |LC81750342023268LGNOO 8 0 25.09.2023 | 11:15:47.2496279

70 284  [LC81750342023284L.GNO0O 8 0 11.10.2023| 11:15:51.2437789

3.2.4. Digital elevation model (DEM)

The Digital Elevation Model (DEM) data were obtained from the United States Geological
Survey (USGS) website (http://earthexplorer.usgs.gov, accessed on 16 February 2023), with a spatial
resolution of 30 m, which aligns well with Landsat data. The DEM served as input for SEB models.
Typically, DEM is utilized in mountainous regions where its utility is crucial, but its necessity in flat
areas for SEB models is less pronounced (Olmedo et al., 2016; Alsenjar et al., 2023b; Cetin et al.,
2023a; Cetin et al., 2023b). Nevertheless, this study incorporated DEM to evaluate its impact on the
outcomes and facilitate comparisons. Figure 3.12 depicts the DEM for the AID region and the

stressed site within the LSP.
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Figure 3.12. Digital elevation model (DEM) map for the study area in the LSP of Tiirkiye

3.2.5. Standard crop coefficient K.

Crop coefficients (K.) are crucial to determine precisely crop water requirements in an area.
They are dimensionless values used to adjust reference evapotranspiration to reflect the specific
water needs of different crops. The K. values change throughout the growing season to match the
crop's development stages, which include primarily the initial establishment, the mid-season (which
encompasses the second and third stages), and the late-season. K. were applied to each crop type
across the study area. The standard K. values were provided by the literature TAGEM (General
Directorate of Agricultural Research and Policies) —DSI, i.e., State Hydraulic Works (2017), as
shown in Table 3.5. Figure 3.13 shows that these K. values were obtained from crop curves

corresponding to each crop type grown during specific times and growth stages.
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Table 3.5. Common crop types are grown in the study area, their growing periods and "length of crop
growth stages" (Initial, developing, mid-season, and end-season), and corresponding K.
values (TAGEM-DSI, 2017; Cetin, 2020; Cetin et al., 2023b)

Sowing- | p_0d. | Period- | Period- | Period- |  €"8th
Crop type planting Vegetation | Kcini | Kemid | Kcend
. I 1T I v .
time period
Wheat 11-Nov 20 62 71 60 213 0.84]| 1.11 | 0.2
Corn-1 01-Mar 20 50 50 74 194 0.45] 1.14 |1 0.27
Corn-II 21-Jun 20 40 30 43 133 0.33] 1.14 | 0.31
Soybean-I 1-Apr 20 40 40 42 142 0.35] 1.09 | 0.44
Soybean-I1 11-Jun 20 40 40 43 143 0.36| 1.1 | 0.46
Peanut-1 11-Apr 20 40 50 43 153 0.35] 1.1 |0.57
Peanut-11 11-Jun 20 40 50 33 143 0.36| 1.11 | 0.57
Cotton-I 11-Mar 31 50 80 83 244 0.32] 1.13 | 0.55
Cotton-II 21-Jun 20 30 40 43 133 0.32] 1.13 | 0.55
Potatoes 1 Dec 20 40 60 32 152 0.89| 1.11 | 0.71
Onion 1-Oct 41 40 51 40 172 0.56| 0.97 | 0.97
Citrus 1-Jan 60 90 125 90 365 0.91] 0.52 | 0.58
Watermelon-Melon 1-Apr 20 30 30 42 122 0.52] 0.96 | 0.71
Lettuce 1-Oct 10 20 25 10 65 0.6 | 0.96 | 0.91
Sesame-I1 12-Jun 20 31 40 21 112 0.37] 1.04 | 0.2
Appel 21-Mar 20 41 118 49 228 0.52] 0.87 | 0.68
Peach 21-Feb 30 50 115 40 235 0.59] 0.87 | 0.69
Plum 11-Feb 30 40 118 49 237 0.47] 0.88 | 0.69
Pomegranate 11-Mar 30 45 133 40 248 0.5 1087 | 0.7
Fruit-Average 1-Mar 28 44 121 55 248 0.5 | 0.87 | 0.68
1,4 1
Kcmid
1,2 + i :
| I
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Figure 3.13. A graphical representation depicting the crop coefficient curve spanning from the
initial planting phase to the final harvesting stage of the crop (modified from Allen et al., 1998)
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3.3. Methods

Figure 3.14 depicts the flowchart illustrating the methodology employed in this study. It

provides a comprehensive overview of the methods utilized with detailed explanations.

Crop type
ET
processinag and AN_N 9
EF method algorithm FAO-PM EF. =K. % ET,

K Normalized Difference
-NDVI )
mothod Vege‘iatlon)lndex El K o EL,
NDVI

Surface Energy EEFlux
METRIC SEBAL
Balance METRIC Seseabil
models (SEB)

LE=R,-G-H (Wm?)

Comparison ET, for crop type / Literature reviews
(direct methods for some crop types)

Figure 3.14. The flowchart outlining the methodology employed to estimate actual
evapotranspiration (ET,) utilizes SEB models, i.e., METRIC, EEFlux METRIC, SEBAL,
GeeSEBAL models and a “two-step” procedure for calculating crop evapotranspiration (ET.),
along with the K¢.npvi method

3.3.1. Crop type processing

In this study, identifying the specific crop type is pivotal for estimating ET, through SEB
models and the ET. method as well as for quantifying irrigation water requirements at a catchment
scale (Alsenjar et al., 2023a). Typically, at least two different crops are grown each year in the
research area (Cetin et al., 2023a; Cetin et al., 2023b). Thus, determining the spatial behavior of
vegetation patterns during the field's winter and summer seasons is essential. Satellite data is utilized
to achieve this aim. Crop-type processing consists of three main steps as described below: pre-

processing, processing, and post-processing.

Pre-processing

Ground truth data were collected by noting and recording each crop type grown in the winter
and summer in the study area for the years 2020-2023. In this context, as an example, a total of 1316
parcels were visited in the winter of 2021 by noting the coordinates of the parcels and the existing
plant species or land use types at that time in the AID. Then, clear-sky satellite images were

downloaded (Landsat with resolution 30 mx30 m/Sentinel-2A-2B-2C with spatial resolution
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10 mx10 m). Sentinel-2A-2B images were obtained from https://scihub.copernicus.eu/dhus/#/home,
with specific information provided in Table 3.6. Then, the correction of RS data by refining the data
by removing outliers, null entities, cloudiness, shadow, and cloud mask by using a) radiometric
calibration to calibrate image data to radiance, reflectance, or brightness temperatures and b) the
atmospheric correction module, which eliminates atmospheric effects, is a critical pre-processing
step in the analysis of surface reflectance images using the Environment for Visualizing Images
(ENVI) program. To show the changes in the growth of stages, the Normalized Difference
Vegetation Index (NDVI) was calculated. The resulting NDVI values were included in the study to

increase the accuracy of artificial neural network (ANN) classification.

Table 3.6. Names and dates of Sentinel satellite images utilized to identify plant patterns in the
research area during both winter and summer seasons

Sentinel-2 scene_ID Satellite
date Day of year (DOY)
S2B_MSIL2A_20200413T082559_N0214_R021_T36SYF_20200413T115830 13.04.202 104
S2B_MSIL2A_20200702T082609_N0214_R021_T36SYF_20200702T122946 02.07.2020 184
S2A_MSIL1C_20200806T082611_N0209_R021_T36SYF_20200806T100018 06.08.2020 219
S2B_MSIL2A_20210319T082639_N0214_R021_T36SYF_20210319T112002 19.03.2021 78
S2B_MSIL2A_20210329T082559_N0214_R021_T36SYF_20210329T111602 29.03.2021 38
S2A_MSIL2A_20210413T082601_N0300_R021_T36SYF_20210413T105415 13.04.2021 103
S2B_MSIL2A_20210627T082559_N0300_R021_T36SYF_20210627T112602 27.06.2021 178
S2A_MSIL2A_20210811T082601_N0301_R021_T36SYF_20210811T114551 11.08.2021 223
S2B_MSIL2A_20220413T082559_N0400_R021_T36SYF_20220413T105828 13.04.2022 103
S2B_MSIL1C_20220702T082609_N0400_R021_T36SYF_20220702T091957 02.07.2022 183
S2B_MSIL2A_20220729T081609_N0400_R121_T36SYF_20220729T100550. | 29.07.2022 210
S2B_MSIL2A_20220828T081609_N0400_R121_T36SYF_20220828T101438 28.08.2022 240
S2A_MSIL2A_20230331T081601_NO0509_R121_T36SYF_20230331T114600 31.03.2024 90
S2B_MSIL1C_20230624T081609_N0509_R121_T36SYF_20230624T090714 24.06.2023 175
S2B_MSIL2A_20230724T081609_N0509_R121_T36SYF_20230724T104606 24.07.2023 205
S2B_MSIL1C_20230826T082609_N0509_R021_T36SYF_20230826T104420 26.08.2023 238

Processing

Regions of Interest (ROIs) are specific areas within a raster dataset that are selected for
detailed analysis, such as areas containing crops or water bodies. Subsequently, each Region of
Interest (ROI) from the ground truth data of crop types was integrated into the ENVI software by
delineating individual classes or importing polygon and point shape files. This integration was
performed through supervised classification. The ANN algorithm was implemented using the ENVI
software's neural net classification module, employing the logistic activation method (Alsenjar et al.,
2023a; Cetin et al., 2023a). Input layers and three hidden layers were configured, resulting in the
generation of one output map. Training data comprised 80% of the ground truth dataset, while the
remaining 20% was allocated for testing purposes (Mahlayeye et al., 2022; Alsenjar et al., 2023a;
Alsenjar et al., 2023b; Cetin et al., 2023a; Cetin et al., 2023b). The input layer represents the ROIs,

with the connections between layers characterized by varying weights, which are adjusted during
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training to produce the lowest RMS used in classification. Figure 3.15 is an example of the winter
season of 2021 for achieving the desired output. The ANN model relies on feed-forward and
backpropagation processes to facilitate training. Figure 3.16 illustrates the operational workflow of

the ANN algorithm in this study.
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Figure 3.15. Training root mean square (RMS) versus the iteration value during the winter season
of 2021 over the AID (Alsenjar et al., 2023a)
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Figure 3.16. The image processing steps for identifying the crop types cultivated in the irrigation

district during both winter and summer seasons, along with their associated input data, pre-
processing procedures, and utilized models (Alsenjar et al., 2023b; Cetin et al., 2023a; b)

Post-processing
The ANN algorithm requires validation of the estimated cropping pattern map using ground
truth data (Irfanoglu and Balcik, 2018; Alsenjar et al., 2023a; Cetin et al., 2023a; b). To achieve this,

the following steps were implemented:

41



Sieve classes: Sieve classes remove isolated classified pixels using blob grouping to solve the
problem of isolated pixels in classification images.

Clump classes: It clumps adjacent similarly classified areas using morphological operators.

Use combine classes. It is to merge classes in classified images selectively.

Use majority/minority analysis: It was applied to the classification image to enhance its accuracy.
Specifically, majority analysis was used to correct isolated spurious pixels by assigning them to the
dominant class within a larger contiguous area. This approach helps refine the classification by
consolidating pixels incorrectly classified as outliers into the appropriate class.

Confusion matrix: It was utilized to evaluate the accuracy of the classification results by comparing
them against ground truth data. This matrix provides a detailed comparison between the classified
results and the actual reference information, allowing for an assessment of the classification

performance.

3.3.2. Reference evapotranspiration (ET,) calculation

The reference Evapotranspiration (ET,) values were calculated using meteorological datasets
acquired from weather stations in the study area (refer to Figure 3.4) by employing the FAO Penman-
Monteith method in Equation (3.1), as described by Allen et al. (1998), Cetin (2020) and Irvem and
Ozbuldu (2022). The following equation was applied for short grass, with an albedo set at 0.23 and

an aerodynamic resistance of 70 s m™..

900
_ 0.408% AX (Rn—G) + YXm XUz x (es—ea)

ET, = 3.1)

A+vyx (1+0.34%X uy)

where

ET, is the reference evapotranspiration (mm day '),

R, is the net radiation at the crop surface (MJ m2 day '),

G is the soil heat flux density (MJ m™2 day '),

T is the mean daily air temperature at 2 m height (°C)

u, is the wind speed at 2 m height (m s ™),

es is the saturation vapor pressure (kPa),

€. is the actual vapor pressure (kPa),

€€, 1S the saturation vapor pressure deficit (kPa),

A and v are the slope (kPa°C ™) of the vapor pressure curve and the psychrometric constant (kPa°C ™),

respectively.
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3.3.3. Crop evapotranspiration (ET.) estimation

In this research, the effectiveness of the METRIC, SEBAL, and K..npvimodels was assessed
against independently calculated ET. values obtained through the FAO-56 method, following the
methodology outlined in Tasumi (2019), Cetin (2020), and Cetin et al. (2023b). Hence, ET. was
determined by multiplying ET, by a crop coefficient K, adjusted based on the specific crop type and
growth stages. This process followed a “two-step” approach, as described by Allen et al. (1998),
Steduto (2000), Cetin (2020), and Cetin et al. (2023b).

ET.= K.x ET, (3.2)

In this context, ET. represents crop evapotranspiration in millimeters per day, i.e., mm day"
!, while K. represents the “dimensionless crop coefficient”. Local K. values for various crop growth

stages were sourced from literature provided by TAGEM-DSI (2017).

3.3.4. NDVI calculation

The Normalized Difference Vegetation Index (NDVI) is a quantitative measure for
evaluating the density and condition of vegetation cover within a specific region, as shown in Figure
3.17. It finds extensive application in remote sensing and satellite imagery analysis to track
vegetation alterations over temporal periods. NDVI is calculated using the reflectance of two
wavelengths of light: near-infrared (NIR) and visible red (R) (Rouse et al., 1974). The formula for
NDVI is:

(NIR-R)
(NIR+R)

NDVI = (3.3)

NDVI values range from -1 to +1. NDVI takes negative values for water bodies while high and

positive for dense vegetation (Rouse et al., 1974). NDVI values are used in the METRIC model and

Kc.npvi method, especially in soil heat flux (G), obtained according to Bastiaanssen (2000).
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Figure 3.17. An example of calculating NDVI (Alsenjar et al., 2023b)

3.3.5. Mapping EvapoTranspiration at high Resolution and with Internalized Calibration
(METRIC) model and EEFlux-METRIC

The standard METRIC model

The METRIC model, an image processing model that relies on satellite data, comprises
various sub-models to compute ET, as the residual of surface energy balance. Key inputs for the
METRIC model include Thermal Infrared Sensor bands, image metadata files, and Operational Land
Imager (OLI) bands. Additionally, a digital elevation model (DEM) generates aspect and slope
information necessary for adjusting surface temperature (Ts) and accounting for mountainous terrain
corrections within the model. The METRIC model can be used for flat and high-terrain areas
(Olmedo et al., 2016). Figure 3.18. presents a schematic illustration delineating the functionalities,
data inputs, and outputs employed within the METRIC model.

The METRIC model was employed to estimate the following: (a) surface energy balance
components (SEB shown in Figure 3.19), including latent heat (LE), net radiation (R,), sensible heat
(H), and soil heat flux (G) and (b) ET, for each pixel, crop type and the entire study area (Equation
3.4) utilizing Landsat satellite imagery and meteorological data from weather stations at the time of
satellite overpass. This was primarily conducted following the methodologies outlined by Allen et
al. (2007a) using the R-METRIC model (Olmedo et al., 2016) with a water package in the R program
and LandMOD ET mapping toolbox in MATLAB (Bhattarai et al., 2017). In this context, latent heat
flux (LE) is calculated as the following:
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Figure 3.18. A schematic diagram showcasing the various functions, data inputs, and resultant
outputs utilized within the METRIC model. In this illustration, data inputs are represented by green
rounded boxes, functional processes by blue boxes, and the outcome by a yellow box (Olmedo et
al., 2016)

LE=R, - G- H (3.4)

where Ry, G, and H have the same units (typically expressed in W m2).
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Figure 3.19. Surface energy balance components (Allen et al., 2007a)

From satellite imagery, net radiation (R,) is determined using surface reflectance and surface
temperature (Ts). It represents the disparity between incoming shortwave radiation and outgoing

longwave radiation, formulated as follows:
Rn=RSl—O(>< Rsl +RL~L—RLT—(1—EO)XRL~L (35)

This equation comprises various components: Rs| represents the incoming shortwave solar
radiation (W m™), a denotes the surface albedo (a dimensionless value), Ri| represents the incoming
longwave radiation (W m), R stands for the outgoing longwave radiation (W m), and &, signifies

the surface thermal emissivity (also dimensionless) as shown in Figure 3.20.
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Figure 3.20. Energy balance over vegetation with different radiation components (Allen et al.,
2007a)

In the METRIC model, soil heat flux (G) is computed following Tasumi's (2003) approach.
It represents the heat storage rate within the soil and vegetation (Allen et al., 2007a). This
computation involves determining the G-to-R, ratio, considering surface temperature, albedo, and

NDVI as contributing factors.

= = 005 + 0.18 x e 0S2XIAL (LAl > 0.5) (3.6)
% = 1.80 x (T, — 273.15) /R, + 0.084 (LAl < 0.5) (3.7)

n

In Equation 3.7, T, denotes surface temperature (measured in degrees Kelvin) derived from
satellite imagery. The equation indicates that when the Leaf Area Index (LAI) is below 0.5, the ratio
of G to R, exhibits an increase with elevated T, rates and declines as LAI rises (Allen et al., 2007a).

Sensible heat flux (H) was calculated using the aerodynamic-based heat transfer equation as

follows:

__ Pair X Cp xdT

H (3.8)

Tah

where pair represents air density (kg m~), C, denotes the specific heat of the air (1004 J kg!' K'), dT
represents the temperature difference between two heights z; (0.1 m) and z, (2 m), and ran signifies

the aerodynamic resistance to heat transfer (s m™) as shown in Figure 3.21.

Figure 3.21. Sensible heat flux in Equation 3.8 (Allen et al., 2007a)
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One of the most critical issues in applying the METRIC model is the determination of hot
and cold cells in the study area. During image processing, Ts, albedo, NDVI, and LAI values, along
with the properties of the specified pixel (e.g., soil, plant, water), are assessed together. For instance,
in a hot pixel (bare soil), NDVI and LAI values are very low, while T, is high. Conversely, NDVI
and LAI values are very high in cold pixels (irrigated crop, river, lake) and low in T. Therefore, the
accuracy of selecting hot and cold pixels when applying the METRIC model is evaluated based on
NDVI, T, and LAL

Using the values of latent heat flux (LE), the instantaneous values of ET, were calculated for

each pixel:

3600 XLE

ETinst = A xpw

(3.9)

where ETin represents the instantaneous ET, at the time of satellite overpass (mm h™'); The
conversion factor 3600 is utilized to convert from seconds to hours; LE denotes the latent heat flux
(W m ) utilized by evapotranspiration, pw represents the density of water which is 1000 kg m™3; and

) signifies the latent heat of vaporization (J kg!), which is computed as:

A =[2.501 —0.00236 x (Ts —273.15)] x 10° (3.10)

Daily values of evapotranspiration ET (ET24) (mm day ') for each pixel were determined using the

following method:

ET,, = ET,F x ET.24 @3.11)

where ET,F represents the reference evapotranspiration fraction, ET,24 signifies the cuamulative short
grass reference evapotranspiration (ET,) for the day (mm day '), and ET4 represents the ET, for the
entire 24-hour period (mm day '). The values for ET\F are determined based on ETixs for each pixel,

while ETr is obtained from weather data as:

ET.F = % (3.12)

Accumulated values of ET, for a specific period of t-day duration (month or season) are computed
according to Equation 3.13. This calculation involves interpolating ET\F values for the days between
satellite images and deriving ET; from meteorological data collected on the ground. Subsequently,

the annual ET, is determined by aggregating the daily ET, values.
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Monthly ET, in total, is determined as follows:

ET, = X2, [(ET.F; X ET.24))] (3.13)

where ET\, represents the cumulative evapotranspiration for a month ending on day m (m=28-day for
February, m=30-day for September, etc.), ET.F; denotes the interpolated reference evapotranspiration
fraction (ET/F) for day i, and ET:24; signifies the 24-hour reference evapotranspiration for day i. All
units are expressed in millimeters per day.

Following the estimation of daily ET. for individual pixels and the classification of crop
types (Alsenjar et al., 2023b; Cetin et al., 2023a; Cetin et al., 2023b) through remote sensing across

the study area, it has become straightforward to calculate daily ET. for each crop type ¢, i.e., ET,  as

shown in Equation 3.14.

Z?;(i[ETaCiX Al

ET,, = ST A (3.14)
The mean ET, for the whole of the study area can be computed as follows

Teoa[ETa X Ac
ETastudy area = [FTacx Ac) (3.15)

L
ZC:1 AC

where ETa; represents the actual evapotranspiration for the crop type ¢ in pixel i (mm day!), and
A signifies the area covered by crop type c in pixel i(measured in square meters), m. and [ stands for
the total number of pixels for crop type ¢, and the number of crop types growing in the study area, respectively.
ETastudy area denotes the average value of ET, for the entire study area on a given day i (mm day™) for
each i crop type.

Following the same methodology outlined in Equation 3.13, the cumulative ET, for each
crop type and the entire study area can be derived for any given timeframe, such as a month, season,

or year.

The Earth Engine evaporation Flux (EEFlux) estimation of evapotranspiration

The Earth Engine Evapotranspiration Flux (EEFlux) tool has been created and implemented
on the Google Earth Engine (GEE) platform, utilizing the METRIC model developed by Allen et al.
(2007a). This tool estimates ET. using Landsat satellite data and CFSv2 gridded weather data,
providing outputs at a spatial resolution of 30 m accessible at https://eeflux-levell.appspot.com/.

EEFlux also provides other parameters, such as NDVI, DEM, albedo, etc.
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https://eeflux-level1.appspot.com/

The EEFlux METRIC model shares similarities with the METRIC model regarding the
procedure, utilizing the same equations in Section 3.3.5. However, notable distinctions exist between
them, particularly regarding calibration methods (automatic versus manual) and input datasets.

A significant disparity between EEFlux and METRIC lies in using weather data sources for
calibration and calculations. METRIC typically relies on ground-based hourly weather data from
agricultural weather stations to compute ET; to solve the SEB equation during calibration and
estimate any background evaporation from recent precipitation events. In contrast, EEFlux employs
gridded hourly and daily weather data stored on the Earth Engine platform. For this study, the CFSV2
gridded weather dataset with a resolution of 4 km is utilized. This section of the study compares

automatically calibrated EEFlux products with METRIC products, as illustrated in Figure 3.22.

Local climatic data

I CFSV2 gridded l
weather data
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Figure 3.22. The methodology framework employed for estimating actual evapotranspiration (ET,-
EEFlix, Mm day™!) using the EEFlux-METRIC method and the standard METRIC model

3.3.6. Surface Energy Balance Algorithm for Land (SEBAL) model and GeeSEBAL

SEBAL algorithm

This research used the conventional SEBAL method (Bastiaanssen et al., 1998a) to compute
ET, utilizing Landsat satellite imagery alongside pertinent local climatic data by LandMOD ET
mapping toolbox in MATLAB (Bhattarai et al., 2017). The latent heat flux (LE) equation, as
expressed in Equation 3.4. R, (W m?) is represented using the same equation described in Equation
3.5. G is the soil heat flux (W m™) as outlined by Equation 3.16 (Bastiaanssen, 2000), and H is the

sensible heat flux (W m™) expressed using the same equation as described in Equation 3.8.

Ri = ax (Ts —273.15)(0.0038 x o+ 0.0074 x a2) (1 — 0.98 x NDVI%) (3.16)

n
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where a is the surface albedo, calculated using the corrected irradiance from the satellite images, and
T, stands for surface temperature in Kelvin is estimated based on Allen et al. (2007a). When the
NDVI value is below zero, indicating a water surface, the G/R, ratio is assigned a value of 0.5 because
of water surfaces' distinct thermal and radiative characteristics (Allen et al., 2007a). Additionally,
regions where the surface temperature (Ts) is below four °C are identified as snow-covered areas,
characterized by an albedo exceeding 0.45, with the G/R, ratio also set to 0.5.

As mentioned above, to estimate H in Equation 3.8, the parameters within the equations are
influenced by temperature gradient, surface roughness, and wind speed. However, solving Equation
(3.8) becomes challenging due to two unknown parameters, i.e., ra, and dT. To address this issue, the
SEBAL algorithm adopts a strategy involving the utilization of two hot and cold pixels, along with
wind speeds measured at a specified height. This approach simplifies calculations and facilitates
overcoming the complexity arising from the unknown parameters. By combining aerodynamic
resistance with maximum and minimum temperature differentials observed over specially selected
earth surfaces (hot and cold pixels), the algorithm enables the assessment of air temperature
differences near the surface. Subsequently, reliable values of H are derived, assuming a linear
relationship between surface temperature and heat transfer gradients observed in the two pixels. This
process enables estimating dT values in Equation 3.8 within these pixels.

As known, the SEB components, i.e., Rn, G, and H, are instantaneous values at the satellite’s
transit point in time, and the latent heat flux values are also instantaneous. Therefore, in the SEBAL
model, the instantaneous evapotranspiration flux is calculated in Equation 3.9.

As mentioned in the introduction section, in the SEBAI model, a constant evaporative
fraction (EF) is used to convert from instantaneous ET; for each pixel to daily ET, in Equation 3.20,

where ET; (ET,, i.e., reference ET) is obtained from weather data as:

EF = % (3.20)

Daily evapotranspiration values (ET24) are frequently deemed more practical than
instantaneous values (ETi) in agriculture water management and hydrological modeling. The

calculation of daily evapotranspiration values proceeded as follows:
ET24_ == EF X ETr24 (321)

Finally, ET:4 signifies the total evapotranspiration accumulated over the imaging day,
computed by summing up the hourly values throughout that day.
Afterwards, the annual ET, is calculated by summing up the daily ET, values for each crop type and

the entire study area using the same Equations in 3.13, 3.14, and 3.15, respectively.
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GeeSEBAL platform

The GeeSEBAL platform (Laipelt et al., 2021) is an openly available adaptation of the
SEBAL model designed to utilize the Google Earth Engine (GEE, version 0.1) for estimating ET, at
a resolution scale of 30 m through an Earth Engine application (https://etbrasil.org/geesebal). It
employs SEBAL model computations (the same equations are mentioned in the SEBAL model) to
ascertain ET, for individual pixels during satellite passes. The SEBAL model estimates LE as a
residual of other energy fluxes observed during satellite overpasses, primarily relying on the
methodology outlined by Bastiaanssen et al. (1998a) and Bastiaanssen et al. (1998b). The primary
distinction between the standard SEBAL model and the GeeSEBAL product lies in weather data
input. While the standard SEBAL model relies on local climatic data, i.e., in-situ weather data, the
GeeSEBAL platform utilizes global meteorological data from ERAS land reanalysis with a resolution
of around 9 km. This approach compares the ET. outcomes obtained from the standard SEBAL
model with those generated by the GeeSEBAL platform. This comparison assesses the accuracy of
the GeeSEBAL product across the AID for the water years of 2020-2021.

This study detailed the four energy balance models (SEB-METRIC, EEFlux-METRIC,
SEBAL, and GeeSEBAL) for ET, estimation. Table 4.7 summarizes each model's strengths and
limitations regarding computational complexity, required inputs, accuracy, and suitability for

different climatic conditions.
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Table 3.7. Comparison of energy balance models (METRIC, EEFlux-METRIC, SEBAL, and
GeeSEBAL) for ET, estimation: Strengths, Limitations, and Applicability

. Usability in
Comuiiaton Required Different
Model Strengths Limitations al q . .
SRy Inputs Climatic
Conditions
- High accuracy in ) I;?;flo lrrllns
ET, estimation | - Requires detailed i
. - Landsat irrigated and
- Accounts for | meteorological and . .
local weather ground-based data tmagery semi-arid
METRIC - . High - climatic data areas but
variability - Sensitive to _ Surface sensitive to
- Well-validated in selection of
. . temperature extreme
agricultural hot/cold pixels
recions weather
& conditions
- Less flexible for
customized
- Automated calibration
processing via - Hot/cold pixel
Google Earth selection is - Works well
Engine automated, which - Landsat in general
EEFlux- |- No need for local may reduce Medium imagery conditions but
METRIC ground data accuracy in - Pre-loaded | may struggle
- Cloud-based heterogeneous climatic data with local
processing reduces landscapes microclimates
computational - Can be affected
demand by cloud cover and
missing pixels in
Landsat images
-Lowerinput |y ensitive to - Performs
requirements than . .
METRIC errors in net well in flat
. radiation and terrains and
- Does not require - Landsat .
weather station surface roughness imagery semi-arid
SEBAL .. estimation Medium regions but
data for initial - Surface .
o - Less accurate struggles in
estimation temperature .
. under strong areas with
- Suitable for .
advection strong
large-scale .. :
. conditions advection
applications
- Works well
- Fully automated _Reduced in regions
on Google Earth et with
. flexibility for local .
Engine oo - Landsat consistent
- No need for calibration imagery climate
GeeSEBAL . - Can be affected Low
manual selection - Automated | patterns but
. by cloud cover and . .
of reference pixels . . . climate inputs | may be less
. missing pixels in .
- Suitable for . accurate in
. Landsat images
large-scale studies complex
microclimates
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3.3.7. Kcenpvi method

The process of estimating ET, maps using SEB models through intricate equations and
analysis of remotely sensed shortwave and thermal infrared imagery can pose challenges, mainly
when required input data is unavailable or when there is a tolerance for higher uncertainty in the
resulting ET, estimates. Consequently, an opportunity arises to develop a more straightforward and
efficient method for generating ET. maps using fewer input parameters, particularly in cases where
data availability is limited or more significant uncertainty is acceptable. The advantage of deriving
new K. values from the relationship between K. and NDVI lies in its ability to provide actual K.
estimates corresponding to the satellite overpass dates based on fewer inputs rather than relying
solely on standardized K. values from reference sources, as detailed by TAGEM-DSI (2017). To
address this, a novel approach involves creating a new K. derived from the relationship between K.
values obtained from literature reviews by TAGEM-DSI (2017) and the NDVI, as shown in Figure
3.23. This correlation is the basis for developing linear regression equations for some crops. As a
result, a new K., termed Kc.npvi, is established, which integrates the relationship between K. and
NDVI. This newly derived Kcnpvr is then multiplied by ET, to estimate ET. maps, as outlined in
Equation 3.22 (Reyes-Gonzélez et al., 2018). The unit of ET, and ET, is mm day™.

ETa = KC—NDVI X ETO (322)

Local climatic data } Input

7 red (R) and near- Reference ET
infrared (NIR) (ET,)
spectral bands

NDVI
-[ Crop coefficient K_

qucullations

Qutput

| Actual evapotranspiration (ET,) by the K_, o, |

Figure 3.23. Framework for estimating actual evapotranspiration (ET,kc-npvi, mm day™') using the
K¢ npyvi methodology

The Kcnpvi method employed in this study links the crop coefficient (K.) with NDVI to
generate high-resolution ET. estimates with minimal ground data. While its advantages are
highlighted, its limitations have not been fully addressed compared to other methods. These

limitations include potential inaccuracies during extreme crop stress, where NDVI may not

53



accurately reflect crop health. The method requires region-specific calibration and may vary across
crop types and growth stages. While the Kc.npvi method is simple, computationally efficient, and
well-suited for long-term ET, trend analysis, it assumes a direct proportionality between NDVI and
K., which may not hold under water stress or extreme weather conditions. It is effective in
homogeneous croplands but may be less reliable in mixed vegetation or stressed conditions, relying

on satellite-derived NDVI and crop-specific K. relationships.

3.3.8. Estimation of evaporation over lagoons in the LSP using the METRIC and Kohler-
Nordenson-Fox models

The METRIC model calculates ET, for crops and determines evaporation from freshwater
and saline lakes. Consequently, this study utilized the Kohler-Nordenson-Fox (KNF) model (Kohler
et al., 1955), an empirical method, to estimate Epan and compare the evaporation results from the
METRIC model with those from the KNF model. When estimating evaporation, the KNF model

considers critical factors such as air temperature, solar radiation, wind speed, and relative humidity.

AXRp+YxpX E,

Epan = o

(3.23)

Here;

Epan is daily container evaporation amount (mm day™'),

A is the slope of the saturation vapor pressure curve at the current temperature of the air,

Y p is psychrometric constant (0.001568xP) (kPa °C),

P is atmospheric pressure (kPa),

R, is equivalent of the evaporation of daily net radiation (mm day™') calculated according to the
principles outlined by Allen et al. (1998),

E. is the aerodynamic function (mm day '), determined using Equation 3.24.

E, = 25.4 X [0.296 X (e5 — €,)°88 x (0.37 + 0.00255 X up)] (3.24)

Where:
es is the saturation vapor pressure (kPa),
€. is the actual vapor pressure (kPa),

es—e, 1s the saturation vapor pressure deficit (kPa), and up is the wind speed at 15.2 cm above Class

A container (km day™).
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3.3.9. Statistical comparisons

In this research, daily estimates of actual evapotranspiration (ET,) were computed using various
Surface Energy Balance models (SEB), including METRIC, EEFlux, SEBAL, GeeSEBAL, Kc.npvi
for the study area during satellite overpass periods in the growing seasons of 2020 and 2023. To
evaluate the accuracy of these SEB models, their ET, estimates were compared to those obtained
using a "two-step procedure” (ET.) through a simple linear regression model (ET,.sez = a + bXET.).
In this model, ET..ses from the different models was denoted by 'y', while ET. was represented by 'x'.
The performance of the SEB models and the Kc.npvi method were assessed by determining several
metrics, including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coefficient of
Determination (R?), and the Willmott index of agreement (d). These metrics were used to compare
the performance of METRIC, SEBAL, EEFlux products, GeeSEBAL, and Kc.npvi against the ET.
method, which served as the reference. A Student’s t-test was also conducted to assess whether the
mean differences between ET. values and ET, estimates from SEB models for specific crop types
significantly deviated from unity. The test was performed at a 95% confidence level, following an
F-test to determine whether the variances of the datasets were equal or unequal. The equal variance
Student’s t-test and the unequal variance t-test were described in Equations 3.29 and 3.30,
respectively. The ArcGIS software tool "ArcGIS Zonal Statistics as Table" was utilized to calculate

ET, statistics for each crop type.

MAE = Zi:1|;(i_Yi (3.25)
n cev:)2
RMSE = w (3.26)
2
RZ — Z?:]_(Xi_i)x (YI_V) (327)
Jz;;l(xi—@Zx JZ{;l i-)?
— _ 2?:1(Xi_Yi)2
d=1 TR (xi—%|+]yi—x])? (3.28)
t= % (3.29)
Is Gt
t= 'x_%g'z (3.30)
S S
S48

In this context, 'x' represents the independently estimated ET (Tasumi, 2019) using the FAO-56
method, also referred to as the "two-step procedure" (ET.). 'y' denotes the actual evapotranspiration

(ET,ses) estimated by the Surface Energy Balance (SEB) approach.
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4. RESULTS AND DISCUSSION

4.1. Reference evapotranspiration (ET,) and precipitation

Considering the significant influence of meteorological factors on ET, and ET, a
comprehensive investigation of climatic conditions is essential for a robust assessment of the study
area for 2020-2023. Rainfall quantities and additional meteorological observations about climate
conditions were scrutinized daily throughout the 2020-2023 hydrological years. Figure 4.1 and
Figure 4.2 display the temporal variations of calculated daily ET, using the FAO-PM method and
the cumulative precipitation at Cotlu weather station in the AID and Golkaya meteorological station
in the stressed areas of LSP, respectively, during the years 2020-2023. According to Figure 4.1, the
cumulative annual ET, at Cotlu weather station exceeded that at Golkaya meteorological in the
stressed section of the LSP during the water years of 2020 to 2023. At Cotlu station within the AID,
the annual total evapotranspiration (ET,) ranged from 1,223 to 1,309 mm. In contrast, the LSP's
stressed region varied between 981 and 1,092 mm during the same study period. The difference in
annual ET, between the AID area and the stressed region of the LSP could be explained by the fact
that the stressed area experienced lower relative humidity and wind speeds compared to the AID area
for the years 2020-2023. Table 4.1 presents descriptive statistics of calculated ET, across the study
areas, including the AID and the stressed region of the LSP. Between 2020 and 2023, the average
daily ET, was at approximately 3.43 mm in the AID and 2.79 mm in the stressed region of the LSP.
As indicated in Table 4.1, the minimum ET, value was 0.47 mm day"! (DOY 354, December 20,
2021), while the maximum reached 9.7 mm day! on May 17, 2020 (DOY 137) in the AID during
the water years 2020-2023. Conversely, in the stressed area of the LSP, the lowest and highest ET,
values were 0.39 mm day™' (DOY 361, December 27, 2019) and 6.92 mm day! (DOY 174, June 23,
2023), respectively. Notably, ET, surpassed 5.0 mm day™' on numerous occasions during the summer
days across the study area.

The mean total precipitation in the AID was at 711 mm, surpassing that in the stressed region
of the LSP, which recorded 637 mm over the four water years. Nonetheless, the maximum yearly
precipitation value reached 1,050 mm in 2020 within the stressed area, compared to 962 mm in the
AID during the same year. Moreover, the mean annual total precipitation in the AID was 711 mm,
approximately 9.3% (61 mm) higher than the basin's average annual precipitation (Cetin et al., 2020).
Nevertheless, it was 13 mm less than the stressed region's annual rainfall. As evident from Figure
4.1 and Figure 4.2, precipitation exhibited a notable increase during the non-irrigation season (NIS)
compared to the irrigation season (IS), with the rainy period typically spanning from late October to
late May across the observed four water years (2020-2023) in both the AID and the stressed region
of the LSP. The annual ET, and total precipitation outcomes were consistent with the research of
Ibrikci et al. (2015), Alsenjar et al. (2023a), Alsenajr et al. (2023b), Cetin et al. (2023a) and Cetin et
al. (2023b) across the AID region. However, Ibrikci et al. (2015) noted that the precipitation levels
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are inadequate to meet the water requirements of crops, leading to approximately 70% of local crops
being grown during the irrigation season. Consequently, irrigation and sufficient annual precipitation

are crucial for optimal crop yields.
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Figure 4.1. Daily temporal changes of calculated ET, (mm day™) by the FAO-PM approach and
total precipitation (mm) over the AID area for the years 2020-2023. Climatic information was
recorded at the Cotlu station, as depicted in Figure 3.4
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Figure 4.2. Daily temporal changes of calculated ET, (mm day™') by the FAO-PM approach and
total precipitation (mm) over the stressed area of the LSP for the years 2020-2023. Climatological
data were documented at the Golkaya station, as illustrated in Figure 3.4
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Table 4.1. Some descriptive statistics for reference ET, (mm day') by the FAO-PM in the AID and
stressed area of LSP for the years 2020-2023

ET, in the AID (NSA) ET, in the stressed area (SA)

Water year 2020 | 2021 | 2022 | 2023 | 2020 | 2021 | 2022 2023
Mean 338 | 359 | 339 | 335 | 2.80 | 2.72 | 2.69 2.94
Median 330 | 344 | 342 | 334 | 2774 | 247 | 2.34 2.85
Standard deviation 1.76 | 1.80 | 1.79 | 1.69 | 1.65 | 1.69 | 1.71 1.66
Kurtosis -0.78 | -1.33 | -1.29 | -098 | -1.38 | -1.51 | -1.39 -1.17
Skewness 0.18 | 0.16 | 0.07 | 0.23 | 0.11 | 0.16 | 0.25 0.22
Range 920 | 741 | 7.02 | 7.07 | 564 | 5.15 | 5.62 6.35
Minimum 050 | 0.67 | 047 | 0.51 | 0.39 | 042 | 0.42 0.56
Maximum 970 | 8.08 | 748 | 7.59 | 6.03 | 5.57 | 6.04 6.92

4.2. Crop type classification and plant distribution mapping

Table 4.2 demonstrates that field visit data were depicted through spatial datasets acquired
from field surveys conducted in both winter and summer seasons throughout the water years
spanning from 2020 to 2023 within both the AID (NSA) and stressed regions (SA) near the coastal
area of the LSP.

Table 4.2. Outlines the aggregate count of parcels surveyed during both winter and summer seasons
across the water years from 2020 to 2023 within both the AID and stressed regions of the

LSP
AID (NSA) Stressed area (SA)
Growing season Winter Summer Winter Summer
2020 1,309 1,290 362 455
2021 1,316 1,454 399 442
2022 1,434 1,463 385 456
2023 1,493 1,523 387 523

The ANN algorithm was utilized to classify crop types within the area across the years 2020—
2023. In their study, Mahlayeye et al. (2022) reported using the ANN model in the ENVI program,
where 80% of the dataset was allocated for training and 20% for testing. This approach was also
adopted in this research. Classified images that underwent classification were refined for each parcel
within the piece data of the study area, focusing on winter and summer product patterns for 2020-
2023. Potential errors were rectified by assigning the (majority) values based on the highest pixel
count within each parcel, as described in the post-processing section in the methodology. The
obtained results were validated using test data. Ultimately, a high classification accuracy exceeding
90%, on average, was achieved for most crops across the study area, irrespective of the winter or
summer season, from a substantial number of parcels during field studies.

Classified maps were generated to identify the predominant plant species and their
distributions in the research area across the water years of 2020-2023. This involved utilizing field
survey data in conjunction with Sentinel-2 satellite images. Crop distribution maps were generated

using the Artificial Neural Network (ANN) algorithm for winter and summer, as illustrated in Figure
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4.3-Figure 4.6. As mentioned earlier, field data were collected -twice a year- during each water year
throughout the 2020-2023 water years. Consequently, RS data was required to generate the classified
maps, prompting an archive scan. Given that crops in the study area are typically cultivated as "first,
i.e., I" and "second, i.e., II'" crops, a single satellite scan was insufficient to differentiate between
them, particularly during the summer season. In other words, the second crop type is typically planted
after June 25" each year, following the harvest of the first crop, which is usually wheat and rarely
winter vegetables. Consequently, the physical characteristics of the crops, such as leaf shape and
coverage, can appear quite similar between the first and second crops. Additional auxiliary images
were used to help differentiate between these crops. Specifically, the NDVI (Normalized Difference
Vegetation Index) was added with the red, green, blue, and near-infrared (NIR) bands to achieve
more accuracy in classifying crops. For example, in the 2023 water year, an aid image from August
24,2023, was utilized to classify the second crop, as detailed in Table 3.6. The resulting "I. Product"
and "II. Product" maps were merged within a GIS environment to create a unified cropping map
illustrating the summer plant pattern (as depicted in Figure 4.3a-Figure 4.6a). Conversely, a single
satellite image proved adequate during winter, as indicated in Table 3.6. Notably, all satellite images
were carefully selected to mitigate the impact of cloud coverage, which is prevalent in the research
area. This approach of plant pattern classification from images of different dates facilitated the
production of highly accurate plant pattern distribution maps for the research area. Figure 4.3-Figure
4.6 depict the spatial distribution patterns of crops across the AID and the stressed region of the LSP
during the winter and summer seasons from 2020 to 2023.

When examining the plant pattern distribution in the AID for the years 2020-2023, Figure
4.3a-Figure 4.6a indicate that citrus cultivation areas, i.e., citrus plantations, are extensive and
contiguous in the eastern part of the AID. In particular, due to soil characteristics, citrus plantations
in other AID regions are less densely distributed. Citrus orchards are generally distributed across
large areas along the Ceyhan River. It is important to note that cultivated field crops become
increasingly common as one moves from east to west within the AID area. The dominant soil series
in the AID significantly influences this composition of plant patterns. In addition to citrus plantations,
fruit orchards such as pomegranate, peach, and greenhouse bananas cover a relatively small area.
These orchards comprise only about 1% of the AID area during winter and summer seasons.

As evident from Figure 4.3a-Figure 4.6a, the winter crop pattern map reveals a notable
abundance of empty areas, i.e., fallow pieces, distributed extensively in clusters across the AID,
excluding citrus groves or plantations. These empty or uncultivated parcels undergo spatial
fluctuations and changes during winter. It is important to highlight that cereals, especially wheat, are
the predominant winter crop in AID. A significant portion of the land in AID is left fallow during
the winter months, as depicted in the winter plant pattern map (Figure 4.3a-Figure 4.6a). Examining
the summer crop pattern map, especially for the first crop type (I) (Figure 4.3a-Figure 4.6a), shows

that areas labeled as "empty land/bare soil" during the winter are utilized for cultivating field crops
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in the summer. These areas are planted with the first crops, typically sown after March 20 each year,
as detailed in Figure 3.2.

Figure 4.3-Figure 4.6 illustrate the rates of crop cultivation in the field during both the winter
and summer seasons for the water years from 2020 to 2023. An examination of Figure 4.3a-Figure
4.6a shows that citrus plantations are the predominant type of vegetation, comprising over 43%
(4,083 ha) and 44.95% (4268 ha) on average of the agricultural area in the AID during both the winter
and summer months, respectively, for the water years 2020-2023. In other words, the number of
citrus-planted areas in the AID has been increasing day by day for economic reasons. Within the
AID, spanning an area of 9,495 hectares, the primary field crops cultivated during the winter months
from 2020 to 2023 include wheat, potatoes, lettuce, cabbage, and onions. Spatial analysis of Figure
4.3a-Figure 4.6a indicates that wheat emerges as the predominant crop among these. Figure 4.3a-
Figure 4.6a reveal that these crops are predominantly cultivated in the northern and northwestern
regions of the AID, where reddish Mediterranean soils known as terra rossa, Italian for “red soil,”
are prevalent. These soils' physical and chemical characteristics generally favour growing potatoes,
onions, lettuce, and cabbage. Consequently, it has been observed that the parcel locations where these
crops are cultivated align well with the soil properties within the AID.

As seen from Figure 4.3a-Figure 4.6a, wheat was grown on an average of 15.5% (covering
1,472 ha) of the land during the winter months, as shown in Figure 4.7. Notably, 36.8% (3,494 ha)
of the land (more than 1/3 of the AID) was left empty, i.e., fallow land, for primary crop cultivation
for 2020-2023. In the summer of 2020-2023, no planting was done in all the empty areas in the
winter. It was determined that 161.42 ha (1.7%) on average of the AID was vacant land; in other
words, it was left empty without irrigation, although irrigation water was available in the irrigation
scheme, and there was an active drainage network.

Apart from citrus in the summer season, the first crop of corn (corn-I) is considered the second
crop after citrus in the area planted in the AID. Corn-I covered an area of 1,818.3 ha (19.15% on
average), while the lowest area rate was 16.5 % (1,566.7 ha) in 2021. On the contrary, the highest
was 22.2% (2,107.9 ha) in 2020 for corn-I. Additionally, there was second-crop maize/corn
(maize/corn-II), which covered 2.47% (234.63 ha on average). The lowest area rate was 1.21%
(114.9 ha) in 2022, while the highest value was 3.74% (355.1 ha) in 2023. Corn-I cultivation
occupies an average of 5.75% of the total planted area in the AID, equivalent to 545.96 hectares.
Throughout 2020-2023, the range of cotton-I planting rates fluctuated between a minimum of 4%
(379.8 hectares) in 2023 and a maximum of 7.24% (687.4 hectares) in 2022. In the same context, the
average cultivation of cotton-II constitutes 5.4% (512.7 hectares) of the entire AID area during the
water years spanning from 2020 to 2023. The minimum recorded value for the cotton-II plantation
rate occurred at 3.8% (360.8 hectares) in 2020, whereas the peak value was 8.3% (788.1 hectares) in
2022. According to the data presented, soybean-I's average cultivation area was 1.35%

(128.2 hectares), notably lower than soybean-II's, which accounted for 6.6% (624.3 hectares) of the
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AID land area from 2020 to 2023. Throughout the study period, there has been a consistent decline
in the cultivation areas of soybean-I, as depicted in Figure 4.8. In the soybean-I area, the lowest
recorded ratio was 0.7% (66.5 hectares) in 2022, while the highest ratio reached 2.5%
(237.4 hectares) in 2020. The decline in soybean cultivation areas can be attributed to a combination
of interrelated factors discouraging farmers from investing in soybean farming. The high cost of
soybean seeds, persistently low market prices, and fluctuating fertilizer costs over the past two years
(2022 and 2023) have significantly increased production expenses, making soybean cultivation less
economically viable. Limited access to financial resources, such as agricultural credit and subsidies,
has further constrained farmers' ability to manage these rising costs. Additionally, climatic
uncertainties, including unpredictable rainfall and extreme weather events, have further reduced the
appeal of soybean cultivation. Furthermore, competition from more profitable or less resource-
intensive crops, declining export demand, and growing competition in global soybean markets have
intensified the shift away from soybean production. These multifaceted issues highlight the
complexity of the decline in soybean cultivation areas. Despite these challenges, farmers continued
to cultivate second-crop soybeans, with planting rates varying from a low of 4.5% (427.3 hectares)
in 2023 to a high of 9.6% (902.0 hectares) in 2021. On average, the cultivation areas for the first and
second peanuts were 7.95% (754.9 hectares) and 3.28% (311.4 hectares), respectively. Over 2020-
2023, there has been a slight increase in peanut-II cultivation areas. In contrast, the cultivation areas
for the first crop of peanuts have decreased within the total AID land area. The lowest recorded
plantation rate for the second and first peanut crops occurred at 2.6% (246.9 hectares) in 2021 and
3.9% (370.3 hectares) in 2022, respectively. The decline in first-crop peanut cultivation areas within
the AID can be attributed to various economic, climatic, and market-related factors. Due to their
higher economic returns, farmers have increasingly prioritized more profitable crops, such as cotton
and corn. Furthermore, escalating input costs, including those for seeds, fertilizers, and irrigation,
combined with reduced access to subsidies and financial support, have further diminished the
feasibility of peanut farming in the region. Conversely, the highest value for peanut-II was observed
at 5.9% (560.2 hectares) in 2023, while for peanut-I, it reached 12.3% (1,167.9 hectares) in 202. The
classified maps for the summer season revealed that the cultivation of first-crop corn, peanut, and
cotton (corn-I, peanut-I, cotton-I) along with second-crop cotton and soybean (cotton-II, soybean-II)
accounted for an average of slightly more than two-fifths (44.83%) of the total area in the AID during
the study period. In general, this change in cultivation areas in AID is influenced by farmer
preferences, changes in input prices, market conditions, etc.

The application of ANN for crop classification in the stressed area was ineffective due to the
inability of NDVI values during the crop growth stage to represent the crop canopy adequately. Many
parcels were partially covered by bare soil, and some areas experienced limited crop growth due to
salinity and other environmental factors. This issue, caused by inadequate crop coverage, hindered

the ANN's ability to distinguish and classify crop types accurately. Consequently, ground truth data
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from the stressed area were utilized to accurately identify and represent the parcel locations, as shown
in Figure 4.3b-Figure 4.6b.

Throughout the research period, most citrus and sapling cultivation has been focused on the
vicinity of the two coastal lagoons of the LSP, constituting approximately two-thirds of the combined
citrus and sapling area. Between 2020 and 2023, the regions adjacent to the coastal lagoons of the
LSP were utilized as pastureland. Analysis of RS data revealed that NDVI values for pastureland
exceeded 0.26 compared to bare soil, which typically registers NDVI values ranging from 0.18 to
0.22 in AID. This discrepancy can be attributed to sparse grass in these areas, facilitated by the
elevated groundwater levels, as shown in Figure 3.9. The cultivation area for wheat crops declined
significantly along the coastal regions of the LSP, notably in both 2022 and 2023, as illustrated in
Table 4.3. For instance, the area dedicated to wheat cultivation was 279 hectares in 2020 but
decreased to 137.1 hectares by 2023. In the stressed region of the Lower Seyhan Plain (LSP), the
cultivation areas for soybean-I, soybean-II, peanut-I, peanut-II, and corn-II were notably smaller than
those allocated for cotton-I and cotton-II, as shown in Table 4.4. This disparity arose due to the ability
of the first and second cotton crops to tolerate elevated salinity levels and groundwater conditions in
the LSP. The number of parcels containing vegetable gardens and fruit orchards near the coastal
lagoons of the Lower Seyhan Plain (LSP) is significantly lower compared to those within the AID,
primarily due to differences in soil quality and groundwater conditions (Cetin et al., 2000). Coastal
areas are often characterized by saline or sodic soils, elevated groundwater salinity, and
waterlogging, negatively impacting crop productivity (Akca et al., 2020). Furthermore, these regions
typically could need advanced irrigation and drainage infrastructure. The higher humidity levels near
the lagoons also contribute to unfavorable growing conditions by increasing the prevalence of pests
and diseases. Economic factors, such as the preference for salt-tolerant crops, less resource-intensive
land use, and land use policies aimed at conserving coastal ecosystems, further exacerbate the
disparity. Addressing these environmental and infrastructural challenges is essential to enhance

agricultural productivity and optimize land use near the LSP’s coastal lagoons.
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Figure 4.3. Crop distribution patterns during the winter and summer of 2020 in (a) AID) and (b) the
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summer season, categorized by water years

Table 4.3. The land area (ha) cultivated plants in the stressed area during the winter season for the

years 2020-2023

2020 2021 2022 2023
Citrus 540.1 540.1 540.1 560.0
Wheat 279.0 3437 213.5 137.1
Fruit Orchard 11.8 20.4 21.2 25.4
Potato-Lettuce 0.8 0.0 0.0 17.3
Pasture 1021.2 | 1043.1 1006.2 | 1041.8
Sapling 710.7 813.1 934.1 931.8
Greenhouse 10.3
Banana 6.7 6.7 6.7
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Table 4.4. The land area (ha) cultivated plants in the stressed area during the summer season for the
years 2020-2023

2020 2021 2022 2023
Citrus 540.1 540.1 540.1 560.0
Corn-I 181.7 112.0 62.4 308.2
Corn-1I 0.0 0.8 16.9 13.2
Cotton-I 317.6 188.3 296.9 294.1
Cotton-I1 135.7 167.7 115.6 64.9
Peanut- I 40.6 99.9 21.1 28.8
Peanut-II 0.0 0.0 0.0 68.3
Soybean-I 95.8 24.9 47.0 19.1
Soybean-II 59.7 55.0 23.0 3.2
Fruit Orchard 11.8 20.4 21.2 25.4
Vegetables 136.9 55.7 0.0 24.8
Watermelon-
Melon 0.0 0.0 0.0 20.1
Pasture 1021.2 | 1043.1 1006.2 | 1041.8
Sapling 710.7 813.1 934.1 931.8
Greenhouse 103
Banana 6.7 6.7 6.7
Sunflowers 0.0 15.5 17.0 26.6
Sesame-11 6.2 5.8 0.0 0.0

It is noteworthy that the ground truth data of crop visits agreed with the crop-classified maps
generated through the ANN approach during testing, particularly in terms of overall accuracy, as
delineated by Alsenjar et al. (2023a), Alsenjar et al. (2023b), Cetin et al. (2023a) and Cetin et al.
(2023b), using the AID of the LSP as an exemplar in 2021. They reported that certain crops, such as
lettuce, potato, sesame-II, palm, and watermelon, achieved a 100% estimation accuracy, while onion
and wheat surpassed 90%. Conversely, other crops, including citrus, the first and second crops of
cotton, soybean, peanut, and corn, attained accuracies exceeding 77%, except for fruits. This
discrepancy may be attributed to the similarity in shape between fruit orchards and citrus or their
coverage features. The results of the classified crop maps by Alsenjar et al. (2023a), Cetin et al.
(2023a), and Cetin et al. (2023b) align closely with the estimated crop maps for 2020-2023,
particularly when post-processing techniques were applied to test data, as shown in Figure 3.15.
Utilizing the ANN approach in ENVI software, these studies suggest that the classification accuracy
for distinct crops, such as lettuce and sesame, is exceptionally high due to their unique spectral
signatures and growth patterns. However, the consistency in results also emphasizes the role of
comprehensive ground truth data and precise calibration processes, as Alsenjar et al. (2023a)
highlighted, in reducing misclassification and improving model reliability across various crop types.
These findings underline the importance of integrating robust post-processing steps to address
classification challenges and enhance the effectiveness of ANN-based mapping techniques.

However, visually and morphologically similar crop categories, such as fruits and citrus, pose
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challenges for classification due to spectral overlaps and structural similarities. These limitations can
be addressed by applying advanced post-processing techniques and integrating multi-temporal
datasets to enhance classification precision. Furthermore, the consistency of results across multiple
years (2020-2023) highlights the robustness and reliability of the proposed approach, showcasing its

potential for broader use in precision agriculture and comprehensive crop monitoring applications.

4.3. Estimation of ET; by the standard METRIC and EEFlux METRIC and comparison with
ET, by the FAO-PM approach

In this study, the ETamertric estimates, based on the standard METRIC methodology, were
obtained utilizing instantaneous climatic data observed locally at L8 and Cotlu stations within the
AID, as well as at Gumusyazi and Golkaya stations situated in the stressed region of the LSP.
Additionally, 70 Landsat satellite images with a spatial resolution of 30 mx30 m were utilized to
span the years 2020-2023. To compute ET, using the METRIC model, it is necessary to format the
climatic data according to the satellite overpass date in Universal Time Coordinated (UTC). To
illustrate this procedure, for instance, climate information should be collected for a certain satellite
image that passes over the research area on the day before, on the day of, and after a given satellite
overpass time. This adjustment is essential to synchronize the local time of in-situ climatic
observations with the satellite imagery overpass data presented in UTC. This research implemented
this way for the METRIC model and other SEB models to estimate ET, for 2020-2023. Following a
preliminary analysis of the satellite images, they underwent further examination using the METRIC
methodology, deriving ET, values. Consequently, daily areal ET, values were computed for each
date in Table 3.4.

In this study, the land surface energy balance components—including latent heat flux (LE),
net radiation (R,), soil heat flux (G), surface temperature (T;), and sensible heat flux (H)—were
estimated for each dataset corresponding to the satellite overpasses on the specified dates outlined in
Table 3.4, following the methodology employed. For instance, Figure 4.9 illustrates the land SEB
components across the AID and stressed areas of the LSP captured in the satellite image dated
21.10.2021 (as listed in Table 3.4). Notably, conspicuous local variability exists in the SEB
components across the land surface within the study area. This variability can primarily be attributed
to the diverse land use types and varying characteristics of soil series present in the two distinct

research areas, i.e., AID and stressed areas.
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Figure 4.9. Spatial distribution of land surface energy balance (LE, Rn, G, and H, W m™)

components by the METRIC methodology over (a) AID and (b) stressed area on 21.10.2021
(DOY 294)

Numerous satellite images were utilized during the study period for areal ET, estimations.
However, for illustrative purposes, the areal distribution of ET, (in the unit of mm day'), calculated
utilizing the METRIC methodology, is presented for the area of interest (Aol) polygon based on the
satellite image dated DOY 294 (21.10.2021 as shown in Figure 4.10). The Aol polygon was selected
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as rectangular to make analysis more straightforward, as depicted in Figure 4.10. This polygon
encompasses a sizable area, covering approximately 840 km? (25.7 km x 32.7 km), aiming to capture
land SEB and compute ET, over a wider area than the research area. Subsequently, the final ET, map
was generated for each satellite image dataset, as delineated in Table 3.4, by cropping or clipping the
AID and the stressed area of the LSP within the polygon. This process was accomplished using the
“clip tool” of the ArcGIS software. The resultant ET, map for the AID and stressed area of the LSP
on 21.10.2021 (DOY 294) is displayed in Figure 4.11, serving as an example of the methodology
employed.
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Figure 4.10. Spatial distribution of actual evapotranspiration (ET,merric, in mm day™!) estimated
using the METRIC methodology from the satellite image dated 21.10.2021 (DOY 294) for the
designated polygon of interest, encompassing (a) the AID area and (b) the stressed area of the LSP
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Figure 4.11. Spatial distribution of actual evapotranspiration (ET,-merric, mm day™') estimated
using the METRIC methodology from the satellite image dated 21.10.2021 (DOY 294) in the
research area, (a) AID, and (b) stressed area

Figure 4.11 shows that ET, by the METRIC model varies from 0.85 to 3.44 mm day™ in the
AID, while it was between 0.21 to 4.07 mm day™ in the stressed regions of the LSP as of October
21, 2021 (DOY 294). Within the research domain, the predominant vegetation consists of citrus
plants, constituting approximately half of the total coverage according to the crop pattern map, as
shown in Figure 4.4. In citrus cultivation areas, ET, values range from 2.4 to 3.44 mm day! within
the AID on DOY 294, while in the stressed region, they range from 2.37 to 2.83 mm day " on the
same date. Furthermore, the evaporation rate of coastal lagoons within the LSP peaked at

4.07 mm day’!, marking the highest recorded value in stressed areas. Conversely, ET, values remain
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generally lower in fallow lands, particularly during winter, with higher rates observed in vegetated
areas.

To express the research results meaningfully, descriptive statistics of the ET, map obtained
using the METRIC model from the satellite image dated 21.10.2021 (DOY 294) are shown in Table
4.5, in the AID and the stressed area of the LSP. The statistical analysis compares the ET, values
between two regions—the NSA (AID) and the SA of the LSP—by examining the distribution of ET,
across these areas as a whole. This approach provides a general overview of the ET, variations across
the study area rather than focusing on a specific crop type. By considering the entire area, the analysis
helps to highlight how the mean ET. value changes when comparing the two regions. This broader
perspective aligns, demonstrating regional differences in evapotranspiration rather than focusing on
crop-specific variations. This approach is beneficial for understanding overall water use trends and
variability in the study area, offering relevant insights for agricultural water management across
diverse land uses. The following results provide a detailed comparison of ET, for the same crop type,
focusing specifically on the AID and stressed regions of the LSP, as estimated using the METRIC
model. This comparison highlights the differences in ET, across these areas, offering insights into
how varying environmental conditions affect water use for the selected crop. The mean value of ET,
in the AID area was 2.25 mm day!, while it was 2.09 mm day' in the stressed area of the LSP. The
reduced mean ET, observed between these areas may be attributed to factors such as salinity,
alkalinity, and rising groundwater levels in the stressed area near the Lagoons of the LSP compared
to the AID. Additionally, certain crops, including potatoes, onions, fruits, and mixed intercropping
varieties, among others, were cultivated in the AID but absent from the stressed area of the LSP. The
standard deviation of ET, was 0.49 mm day™' and 0.84 mm day™' in the AID and the stressed area of
the LSP, respectively. These statistics confirmed the notable variation in average ET, values across
different land use types within the research area. The diversity in ET, values can be attributed to
various factors such as the planting dates, physiological characteristics, and growth stages of the
different plant species. This variability significantly contributes to the variance and coefficient of
variation observed in ET, maps. For instance, when comparing ground-based data with satellite
imagery, it is revealed that areas identified as citrus plantations may have newly planted saplings.
Consequently, depending on the agricultural practices in these areas, the soil surface could be bare
or partially covered with weeds, leading to considerable fluctuations in ET, values within supposed
citrus parcels, sometimes mirroring bare soil. Moreover, within residential zones, the wide-ranging
vegetation density, including weed growth around buildings or densely populated fruit trees,

contributes to the variability in ET, values.
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Table 4.5. Some descriptive statistics of actual evapotranspiration by the METRIC model (ET..
metric, mm day™!) are available on October 21, 2021, within the AID and stressed areas

AID Stressed area

Statistics (NSA) (SA)

Min 0.54 0.21

Max 3.44 4.07

Mean 2.25 2.09

Standard deviation (S) 0.49 0.84
Coefficient of variation

(CV=ET:i-mean/S) % 21.8 40.2

Satellite images listed in Table 3.4, covering the period from October 1, 2019, to September
30, 2023, were analyzed to calculate ET, values for each date. These values are presented in Figure
4.12 for the non-stressed area (NSA, i.e., AID) and the stressed areca (SA) within the LSP. As
estimated using the METRIC model, the variability in ET, between SA and NSA underscores the
substantial impact of stress factors such as salinity, alkalinity, and water availability on plant water
consumption. NSA consistently demonstrates higher ET, values due to favorable growing conditions
and adequate irrigation. In contrast, SA exhibits lower and more variable ET,, especially during peak
growing seasons, indicating diverse stress responses. However, fractions (ET.F) denoted as Kc.metric
were also determined. To obtain ET, values as a time series, interpolations were made using these
fractions between two satellite imagery dates as outlined in the methodology by Allen et al. (2007a).
Thus, intermediate ET, values were estimated for the years 2020-2023. As a result, the ET, values
obtained are shown as a time series in Figure 4.13. Based on the ET. computations within the AID
region, cumulative ET, values, which are areal as well as unique values for these years, were
determined as 1,191.23 mm, 1,254.4 mm, 1,003.0 mm, and 914.07 mm for the years 2020, 2021,
2022, and 2023, respectively, as shown in Figure 4.14. Consequently, the mean annual cumulative
ET. amounted to 1,090.68 mm from 2020 to 2023 within the AID of the LSP. This value serves as a
reference point for evaluating the typical water demand in the region, capturing the combined effects
of climatic variability, cropping patterns, and irrigation practices over four years. The higher ET,
values observed in 2020 and 2021, compared to 2022 and 2023, highlight temporal variations likely
influenced by temperature fluctuations, rainfall, or water availability. The daily mean, lowest, and
highest ET, values by the METRIC model were estimated as 3.00 mm day', 0.34 mm day™' on

January 16, 2023 (during winter), and 8.86 mm day!

on August 23, 2020 (during summer),
respectively, throughout the years 2020-2023. The mean daily ET.-metric values were determined to
be 3.25mm, 3.44 mm, 2.75 mm, and 2.50 mm for the years 2020, 2021, 2022, and 2023,
respectively, as shown in Figure 4.15. During the summer season (peak irrigation period) from 2020
to 2023, the average daily ET..merric values in July and August were estimated as 5.5 mm, 4.8 mm,
4.4 mm, and 3.7 mm for the years 2020, 2021, 2022, and 2023, respectively. The mean ETamerric
rates during the summer season from 2020 to 2023 were notably higher than the average daily ET..

metric over the entire year. This increase can be attributed to elevated temperatures and higher
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humidity levels during the peak irrigation period. The daily ET, values for the water years 2020 to
2023 exhibit significant seasonal variability. This temporal variability is primarily due to changes in
crop patterns, such as the annual selection of different crop types based on farmers' preferences—
such as corn, cotton, and soybean—as well as fluctuating market conditions. These crops have
varying water consumption rates compared to others. Additionally, minor yearly fluctuations in
climatic data contribute to this variability. Together, these factors lead to differences in the mean ET,
values estimated by the METRIC model during the 2020-2023 period.

Figure 4.14 depicts the temporal fluctuations of monthly ET..metric across the AID. The peak
monthly ET, value of 182.54 mm was observed in August 2020, while the lowest monthly value of
26.91 mm occurred in January 2023. The results in Figure 4.14 indicate that July and August
exhibited the highest ET, values by the METRIC model throughout the study period. Regarding crop
varieties and growth stages, elevated ET, levels were recorded during the mid-season, particularly in
July, aligning with the peak of the irrigation season. Conversely, in 2021, notably during the winter
months, ET. estimates surpassed those of the corresponding period in other years. In the same
context, lower ET, rates were noted during the early and late stages of the growing season. As
explicitly outlined by Senay et al. (2016), these fluctuations in ET, could be attributed to various
factors such as distinct land use/land cover categories, vegetation growth durations and stages,

climatic conditions, and soil moisture availability.

+ —s— ET, verric.NsA === ET, MetRICSA

Evapotranspiration (mm day!)

Satellite overpass date

Figure 4.12. The temporal fluctuations in the average daily actual evapotranspiration (ET.-metric,
mm day!) values, obtained through the METRIC methodology, during satellite overpasses over the
(a) AID and (b) stressed region of the LSP
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Figure 4.13. The temporal changes in the average daily actual evapotranspiration (ETamerric,
mm day') values, obtained using the METRIC methodology, from September 30, 2019, to
September 30, 2023, across the AID

200 2050 1400
180 T m— (2] =
= 160 4 — (22 T 1200 g
= m— 2023 b
S 140 T e ETa-Cumulative-2020 T 1000 >
g e ETa-Cumulative-2021 =
E 120 1 = ETa-Cumulative-2022 + 800 g
£ 100 e ETa-Cumulative-2023 5

Q B
E 80 600 E
g
Z 60 - 400 E
= 40 =
= 200 M
20
- 0

]

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep
Month

Figure 4.14. Variations in ET..meTric Values on a monthly basis across the hydrological years of
2020, 2021, 2022, and 2023 within the AID
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2020 to 202 hydrological year. Horizontal lines in the box plots indicate the median, as well as the
25" and 75" percentiles. Dots on the plot signify outliers (Tukey, 1977; Iglewicz and Hoaglin,
1993), which are data points that lie beyond 1.5 times the interquartile range (IQR) from the first
and third quartiles, respectively. The whiskers extending from the plot represent the minimum and
maximum values
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As outlined in the methodology section, the R-METRIC model and the LandMOD ET Mapper
toolbox implemented in MATLAB were employed to compute actual evapotranspiration. Therefore,
conducting a comparative analysis of these tools is essential to assess their accuracy, performance,
and sensitivity to input data. Additionally, this analysis aims to evaluate how the outputs from each
model can be interpreted and utilized and to determine which model offers more practical insights
for researchers. These models were employed to estimate ET, at the pixel, crop, and study area levels.
These methods incorporated an automated pixel selection technique using parameters such as NDVI,
LAI and Ts, thereby minimizing the potential for human error (Olmedo et al., 2016; Bhattarai et al.,
2017). For instance, hot pixels are identified when NDVI and LAI values are low while T is high,
while cold pixels exhibit high NDVI and LAI values with low Ts. These features enhance the
accuracy and calibration of these programs, enabling them to compute ET, precisely during satellite
overpasses. Moreover, the R-METRIC typically relies on a single weather station, aggregating mean
values for each climatic parameter from a network of weather stations within the study area or
subdividing the area into smaller segments and estimating ET, for each sub-area before merging the
results into one ET, map. However, this study did not employ the latter approach because it was
insignificant. Instead, LandMOD ET mapper toolbox-MATLAB incorporated multiple weather
stations through interpolation methods for climatic parameters such as solar radiation, mean
temperature, wind speed, and relative humidity. The LandMOD ET Mapper toolbox in MATLAB is
compatible with data from all Landsat satellites (Landsat 7, 8, and 9) as well as MODIS data. On the
other hand, the R-METRIC model, included in the water package of the R programming language,
is specifically tailored for Landsat 7 and 8 data. Therefore, these tools are essential for estimating
ET, using the METRIC model. The ET, estimates obtained from the R-METRIC program and
LandMOD ET mapper toolbox-MATLAB yielded similar results within the study area. However, it
is worth noting that the process of running LandMOD ET mapper toolbox-MATLAB is time-

consuming, particularly during the preparation of input data, especially when interpolating climatic
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data using techniques like Inverse Distance Weighting (IDW) Interpolation in cases where multiple
weather stations service the study area. The LandMOD ET Mapper toolbox for MATLAB offers the
convenience of estimating ET, using both the METRIC and SEBAL models with a single click,
thanks to its user-friendly interface. In contrast, the R-METRIC package, accessible through R,
supports ET, estimation solely for the METRIC model. However, the R-METRIC package provides
notable advantages, including detailed control over input parameters, step-by-step processing
visibility, and the ability to store additional results such as NDVI, leaf area index (LAI), surface
albedo, emissivity, surface roughness (Zom), surface temperature (Ts), as well as radiation (R,), soil
heat (G), sensible heat flux (H), and latent heat (LE). Conversely, the LandMOD ET Mapper toolbox
for MATLAB does not offer step-by-step processing visibility, making it less transparent.
Nevertheless, the LandMOD ET Mapper toolbox provides combined K. maps for the METRIC and
SEBAL models and maps for R,, G, H, LE, and ET,. Overall, the R-METRIC and LandMOD ET
Mapper toolbox for MATLAB have their respective strengths and limitations. Therefore, the user
should consider the pros and cons of the two methodologies. Despite differences in inputs, outputs,
and processing, in this study, both tools are effective enough for estimating ET, using the METRIC
model in the Lower Seyhan Plain and other global regions.

In estimating ET,, the R program offers two versions of the water package: a simple one
primarily suitable for flat terrains and an advanced version incorporating a DEM to account for slope
and other corrections in high-terrain areas. Despite the advanced version's longer processing time
due to increased user control over input parameters and coefficients, Alsenjar et al. (2023b) and Cetin
et al. (2023b) emphasized that both versions give similar results when applied to flat terrains within
the study area for the years 2020-2023. Additionally, comparisons were made between the advanced
version of the water package in R and the LandMOD ET mapper toolbox implemented in MATLAB,
focusing on specific dates like September 9, 2021 (DOY 190), and October 21, 2021 (DOY 294) as
shown in Table 3.4. These comparisons revealed nearly identical results. One notable advantage of
the LandMOD ET mapper toolbox in MATLAB over the R-METRIC model is its ability to import
various types of Landsat data, including data from Landsat 9 and other sources like unmanned aerial
vehicles (UAVs). Conversely, the R-METRIC model is limited to reading data solely from Landsat 7
and 8 satellite images, thus lacking compatibility with Landsat 9 data launched on September 27,
2021. This limitation is an essential consideration within the context of the research. Furthermore,
the LandMOD ET mapper toolbox within the MATLAB program offers the capability to estimate
ET. by running both the SEBAL and METRIC models into a single function. This toolbox also
supports using Landsat and MODIS data for ET, estimation. In contrast, the water package in the R
program is limited to computing ET, solely using the METRIC model.

The EEFlux application was employed to assess ET, utilizing the METRIC model. It leveraged
CFSV2 gridded weather data with 70 Landsat satellite datasets at a spatial resolution of 30 m across
the study area from 2020 to 2023. This methodology evaluated the precision of ET, estimations
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derived from the EEFlux METRIC against those obtained through the conventional METRIC
approach and the FAO-PM method for calculating ET,. For instance, Figure 4.16 illustrates the
spatial distribution of ET, as determined by EEFlux-METRIC on July 30, 2020 (DOY 212). On this
specific day, the ET, values estimated using the EEFlux model were 4.32 mm day™! in the Akarsu
Irrigation District (AID) and 4.52 mm day™' in the stressed region of the Lower Seyhan Plain (LSP).
Conversely, ET.merric values for the AID were higher at 5.67 mm day™! compared to the ET,-gerux
value of 4.32 mm day' on DOY 212. Similarly, ET, values of 5.12 mm day"' by the standard
METRIC method in the stressed area exceeded the ET,grrux value of 4.52 mm day! on DOY 212.
This discrepancy may be attributed to differences in climatic data usage, as the standard METRIC
method relied on locally sourced weather data from the study area. In contrast, EEFlux utilized
globally sourced CFSV2 gridded weather data. It can be concluded that ET, values obtained from
the EEFlux-METRIC platform were slightly underestimated compared to those determined by the
standard METRIC model, which uses local climatic data from the stress region of the LSP in Tiirkiye
on the satellite overpass date. Overall, the EEFlux platform could be a viable alternative for
estimating ET, in the Lower Seyhan Plain of Tiirkiye when unavailable local climatic data.

Figure 4.17a and Figure 4.17b illustrate the temporal fluctuations in areal mean ET, values
estimated by standard METRIC, EEFlux-METRIC, and ET, by the FAO-PM approach across the
AID and stressed area of the LSP at the satellite image acquisition dates for years 2020-2023. The
goal of these figures is to visually depict the temporal variations in ET, as estimated by the METRIC
model and the EEFlux platform compared to the reference evapotranspiration calculated using the
FAO-PM method. Additionally, the figures aim to explore the linear relationship between the ET,
estimates from these models and the ET, values provided by the FAO-PM approach. As presented
in Figure 4.17, the ET, values generally surpassed the combined ET, values obtained from both the
METRIC and EEFlux methods, except for specific dates such as DOY 353, DOY 28, DOY 228, and
DOY 244 within the AID and on DOY 271 in the stressed area of the LSP. The difference between
these methods can be attributed to the K., represented as the ET,F; value within the METRIC model,
which may exceed 1.0. This discrepancy reflects the influence of various climatic, soil, and
vegetation factors, offering a more comprehensive representation of ET, in the METRIC model than
conventional ET, values derived solely from climatic data, as outlined by Allen et al. (1998). The
conventional ET, values do not account for additional factors such as soil properties, irrigation
practices, and salinity, among others. Conversely, ET. values derived from the METRIC method
exceeded those from EEFIux due to spurious scan lines stemming from sensor anomalies in Landsat 7
ETM*, which were retained in the EEFlux cloud product. However, these scan lines were eliminated
by the Quantum Geographic Information System (QGIS 3.24.3) software prior to the calculation of
ET, in the METRIC models using Landsat 7 data. These findings agree with the conclusions of
Alsenjar and Cetin (2023) regarding the estimation of ET, using the EEFlux method over the AID
for the 2020 water year.
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This study employed linear regression analysis to capture and utilize the linear relationship
between ET, values derived from the METRIC model, which utilizes local climatic data from
meteorological stations in the study area, and ET,. values obtained from the EEFlux-METRIC
platform, which relies on CFSV?2 global gridded data. This analysis aimed to evaluate the accuracy
of ET, estimates from the EEFlux-METRIC model compared to those from the standard METRIC
model for the study area from 2020 to 2023, as presented in Figure 4.18. Similarly, linear
relationships were established to explore the correlation between ET, and ETamerric and ET, and
ET.eerux with each model's respective RMSE, MAE, and d, as outlined in Table 4.6 and Table 4.7.
and Figure 4.19. Table 4.6 and Table 4.7. reveal a strong agreement between ET, values derived from
the standard METRIC method when compared with those from EEFlux in both the AID and the
stressed area of the LSP. The RMSE between ET, values from the METRIC model and those from
the EEFlux-METRIC platform was 1.19 mm day' in the AID area and 1.23 mm day' in the stressed
area of the LSP. For the non-stressed area (NSA), i.e., AID, the regression analysis reveals a
moderately strong relationship between ET..eerux and ETamerric, with an R? value of 0.61 and a
correlation coefficient of 0.78. A similar relationship is observed in the stressed area, with the
regression line having a slope close to 1, indicating that EEFlux estimates of ET, align more closely
with METRIC values under water stress conditions. The consistent R? and correlation coefficients
across both scenarios suggest that the EEFlux model can be a reliable alternative to METRIC for
estimating ET,, regardless of varying stress levels. These results are consistent with those reported
by Foolad et al. (2018), who found similar metrics (R? = 0.64-0.88, RMSE = 0.55 mm day'—
2.45 mm day’, slope = 0.51-1.01) in their analysis of the linear relationship between ET, estimates
from the METRIC model and EEFlux based on the GGE platform for agricultural areas. Their study,
which covered 58 scenes across the western and central United States, aimed to compare EEFlux
results with standard METRIC applications, thereby highlighting the utility of EEFlux products. The
proposed equations that link ET, estimates from the EEFlux model (which utilizes CFSV2 global
gridded data) with those from the METRIC approach (which relies on local climatic data) provide a
valuable tool for validating and refining ET, estimations. By establishing a clear relationship between
these two remote sensing models, these equations improve the reliability and accuracy of ET,
predictions across various environmental conditions, including both stressed and non-stressed areas.
Strong correlations of r = 0.83 for the AID region and r = 0.94 for the stressed area were found
between the ET, values calculated using the FAO Penman-Monteith method and the ET. values
estimated by the METRIC model. The corresponding R? values were 0.64 for AID and 0.85 for the
stressed area, indicating a strong and reliable relationship between these estimation methods. In both
the AID and stressed areas, the RMSE and MAE values for ET, calculated using the FAO Penman-
Monteith method compared to ET..meTric were lower than those for ET,-FAO-PM compared to ET..
eerx as indicated in Table 4.6, and Table 4.7. Based on the comparison of RMSE and MAE values

between different evapotranspiration estimation methods in this study, it is important to mention
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some issues. Since the RMSE and MAE values show that ET.merric estimates are closer to the
reference ET,-FAO-PM than ET..kerusx, it is recommended that the METRIC model be prioritized for
applications with high accuracy. However, ET..kerux, despite exhibiting higher discrepancies and
RMSE and MAE values exceeding 1.00 mm day !, may still provide valuable insights under specific
conditions, such as when local climatic data are unavailable at the time of the satellite overpass in
the AID and stressed area of the LSP. The equations proposed in this thesis for estimating ET. using
the EEFlux and METRIC models, combined with ET, from the FAO-PM in the AID and stressed
areas, offer an alternative to running the METRIC model. While this approach requires expertise in
managing specific input datasets, the EEFlux platform, which relies on global datasets, allows
researchers, engineers, and end users to compute ET, effectively. With a solid understanding of the

METRIC model, even users with moderate experience can leverage EEFlux for ET, estimation.
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Figure 4.16. Spatial distribution of actual evapotranspiration (ET.gerux, mm day™) estimated using
the EEFlux platform from satellite imagery on 30.07.2020 (DOY 212) for: (a) AID, and (b)
stressed area
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Figure 4.17. Temporal fluctuations in the average daily actual evapotranspiration (ETa-metric,
mm day™') values in (a) AID and (b) stressed area of the LSP as determined by the METRIC

method, the EEFlux approach, and the ET, by the FAO-PM method during satellite overpasses
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Table 4.6. Comparison of performance metrics of ET, (mm day™) derived from the METRIC model,
EEFlux, and ET, (mm day™') by the FAO Penman-Monteith method across the AID

R? RMSE MAE
Linear Model (mm day!) | (mmday!) |d

ET-PM-FAOWIth | b = 0.79015ET, | 0.64 | 1202 092

ETaMeTRIC 0.85
ET.merric With ET.. ET.keerux= 0.6062% ET..

— eric + 0.5565 0.62 1.197 0.897 078

ETo-FAO-PM with _

ET, i ET.keerux = 0.6047x ET, | 0.46 1.941 1.576 0.58

Table 4.7. Comparison of performance metrics for ET, (mm day') from the METRIC model,
EEFlux, and ET, (mm day™) calculated using the FAO Penman-Monteith method in the
stressed area of the LSP

RMSE MAE
R?> | (mm day | (mm day
Linear Model D) D) d

ET-PM-FAOWith ETa | - gy = 0.0399%ET, | 0.85| 0648 | 0483

METRIC 0.95
ETaMeTRIC with ET.. ET.eerux= 0.5893x ET..

- ETRIC + 0.4113 0.61 1.232 1.033 073

ET-FAO-PMwithETa | - pr o= 0.6669%ET, | 046 | 1406 | 1.117
EEFlux 0.73

4.4. Estimation of ET; by the standard SEBAL and GeeSEBAL and comparison with ET, by
the FAO- PM approach

In this study, ET..sesar estimates were derived using the standard SEBAL methodology. Local
climatic data from the L8 and Cotlu stations within the study area were utilized along with 70 Landsat
satellite images spanning from 2020 to 2023, each with a spatial resolution of 30 mx30 m. However,
the SEBAL model and the Kc.npvi method were not employed to estimate ET, in the stressed area of
the LSP. This decision was based on the similarity in results between the METRIC model and
SEBAL, which yielded approximately 80-90% agreement with minor variations. Additionally, the
standard crop coefficients (Kc) provided by TAGEM-DSI (2017) apply only to standard crop
conditions, meaning full crop development stages without any stress from soil or water salinity issues
in the Akarsu Irrigation District (AID). Moreover, NDVI in the stressed area lacks sufficient crop
coverage percentage due to incomplete growth stage development compared to the non-stressed area
(AID, i.e., NSA). Furthermore, various studies advocate using the METRIC model, a more complex
approach than the more straightforward and faster Kc.xpyvi method, to estimate ET, in the stressed
area (Zamani and Rahimzadegan, 2018). This preference can be attributed to the METRIC model's
dependence on factors such as LAI albedo, Ry, G, H, and T;. In contrast, the Kc.npvi method relies
solely on NDVI and reference (standard) K. under standard conditions. The climatic data was
formatted according to the satellite overpass date in Universal Time Coordinated (UTC) to compute
ET. using the SEBAL model for the specified years. Similar to the procedure employed for

estimating ET, with the METRIC model, a preliminary analysis of the satellite images was
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conducted, followed by a more detailed examination using the SEBAL methodology to obtain ET,
values. Subsequently, daily areal ET. values were computed for each date in Table 3.4.

Within this study's scope, the land SEB components were mapped for each dataset based on
the specified dates detailed in Table 3.4, following the methodology employed. For instance, Figure
4.20 illustrates the distribution of latent heat flux (LE) and ET. by the SEBAL model through the
LandMOD ET mapping toolbox in MATLAB (Bhattarai et al., 2017) across the AID of the LSP, as
captured in the satellite image dated July 31, 2023 (as indicated in Table 3.4). Notably, significant
local variability exists in both LE and ET, across the land surface within the AID. This variability
primarily arises from the diverse land use types and varying characteristics of soil series present in
the AID.

Between 2020 and 2023, 70 satellite images were utilized to estimate ET, and generate the
spatial distribution of ET, using the SEBAL methodology over the AID. This distribution is
illustrated for the designated area of interest (Aol) polygon, based on the satellite image dated, for
instance, July 31, 2023 (DOY 212), shown in Figure 4.20. As previously stated, the Area of Interest
(Aol) was a rectangular polygon covering approximately 840 km? (25.7 km by 32.7 km). This
configuration was chosen to effectively capture the land surface energy balance, compute ET, using
the METRIC and SEBAL models, and assess crop coefficients (K¢) across a broad area.
Subsequently, the final ET, map was generated for each satellite image dataset, as outlined in Table
3.4, by cropping or clipping the AID of the LSP within the polygon. The outcomes of ET, and K.
maps produced by the SEBAL model for the AID of the LSP on July 31, 2023 (DOY 212), are
depicted in Figure 4.21, demonstrating the methodology applied.

Figure 4.21 indicates that ET, varies within the range of 0.39 to 6.06 mm day!, while the K.
values range from 0.1 to 1.0 within the AID of the LSP as of July 31, 2023 (DOY 212). Considering
the crop types present on this date, the citrus saplings exhibited the lowest ET, and K. values as
estimated by the SEBAL model. These saplings typically have limited canopy coverage and
substantial spaces between them filled with soil, leading to lower actual evapotranspiration and crop
coefficient values. Within the AID, the predominant vegetation comprises citrus plants alongside
summer crops such as corn, cotton, and soybean, among others. Notably, in areas designated for
citrus cultivation, ET, values range between 3.11 and 4.20 mm day' within the AID, while K. values
for citrus fall within the range of 0.51 to 0.69.

The first crop, corn (corn-I), exhibited the highest values of ET, and K. according to the
SEBAL model in the Akarsu Irrigation District (AID) on July 31, 2023, with ET. reaching
6.06 mm day ' and K. at 1.0. Additionally, for DOY, 212, i.e., 31.07.2023, the average ET..sesaL
across the Akarsu Irrigation District (AID) was computed to be 4.04 mm day! with a standard
deviation of 1.15 mm day!. The composite crop coefficient (K.) on the same day was 0.67, with a
standard deviation 0.19. Furthermore, the histograms of ET, and K., as derived from the SEBAL
model on DOY 212, exhibited identical shapes across the AID. This suggests that the distribution of
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ET, and the crop coefficient K. followed comparable patterns within the region on that particular
day. This indicates that the ET, and K. curves exhibit consistent behavior within the same pixel.
However, the behavior of different pixels varies due to differences in plant type, soil characteristics,
and water availability. As a result, both ET, values and crop coefficients vary from one pixel to
another. These findings confirm the strong relationship between ET, and K.. As a result, a spatial
distribution K. map was generated, enabling the identification of K. for each crop pattern in this

study using the SEBAL methodology.
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Figure 4.21. Spatial distribution of actual evapotranspiration (ET,sesar, mm day™') and crop
coefficient (K.) estimated using the SEBAL methodology from the satellite image of July 31, 2023

(DOY 212) in the Akarsu Irrigation District (AID)

Following the methodology outlined by Bastiaanssen et al. (1998a), ET. using the SEBAL
algorithm was computed for each satellite image date spanning from October 1, 2019, to September
30, 2023, as detailed in Table 3.4. Figure 4.22 illustrates the temporal variation of ET. values
estimated by SEBAL and ET, by the FAO-PM approach on the satellite overpass dates within the
Akarsu TIrrigation District (AID). Additionally, fractions (EF) referred to as Kcsesar were
determined. Figure 4.22 shows that ET, values calculated using the FAO Penman-Monteith method
were generally higher than the ET, values estimated by the SEBAL model for the AID during the
years 2020-2023, except certain summer days when the values were quite similar. This discrepancy
can be attributed to rising temperatures and humidity levels in the AID during the same period, which,

along with increased water consumption by crops, may have influenced the observed variations. To
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generate ET, values as a time series, interpolations were performed using fractions (EF) between two
consecutive satellite imagery dates, per Bastiaanssen et al. (1998a) described methodology.
Consequently, intermediate ET, values were estimated for the years 2020-2023. The resulting ET.
values obtained are presented as a time series in Figure 4.23. Based on computations of ET, by the
SEBAL model within the AID region, cumulative ET, values were determined as 884.8 mm,
986.3 mm, 936.0 mm, and 934.0 mm for the years 2020, 2021, 2022, and 2023, respectively, as
depicted in Figure 4.24. Consequently, the mean annual cumulative ET, amounted to 928.3 mm from
2020 to 2023 within the AID of the LSP. Furthermore, the daily mean, lowest, and highest ET, values
by the SEBAL model were estimated as 2.56 mm day, 0.20 mm day' on December 21, 2022
(during winter), and 7.28 mm day' on May 17, 2020 (during summer), respectively, throughout the
years 2020-2023. The mean daily ET.separ values were determined to be 2.42 mm, 2.70 mm,
2.56 mm, and 2.56 mm for the years 2020, 2021, 2022, and 2023, respectively, as shown in Figure
4.25. Notably, the daily ET. values in the 2020-2023 water years exhibit significant seasonal
variability. This variability is primarily influenced by differences in crop growth stages, planting
densities, and irrigation practices. Additionally, spatial variability in soil properties, interannual
climatic fluctuations, and water availability play a significant role. These factors, combined with
farmers' decisions regarding crop selection and market-driven adjustments, contribute to the
observed patterns in ET, and K¢ values. In other words, the observed differences in the mean ET,
values estimated by the SEBAL model from 2020 to 2023 can be attributed to shifts in vegetation
patterns, variations in meteorological parameters, and other factors such as micro-relief, etc (Alsenjar
et al., 2023b; Cetin et al., 2023b; Karahan et al., 2024). The peak monthly ET, value of 146.8 mm
was observed in August 2023, likely due to high temperatures, increased solar radiation, and the
active growth stages of most crops during the summer. These factors contribute to higher water
demands and evapotranspiration rates. Conversely, the lowest ET, value of 21.8 mm, observed in
December 2022, can be attributed to cooler temperatures, reduced solar radiation, and the slower
physiological activity of crops, as many are dormant or in less water-intensive growth stages during
the winter. The results in Figure 4.25 indicate that July and August exhibited the highest
evapotranspiration values by the SEBAL model throughout the study period. Elevated areal mean
ET, levels were observed during the mid-season, particularly in July, aligning with the peak of the
irrigation season. This is consistent with the higher water demands of crops at their most active
growth stages. In contrast, lower areal mean ET, rates were recorded during the early and late stages
of the growing season when crop growth was less intensive and water requirements were reduced.
These variations highlight the strong relationship between crop growth stages, irrigation practices,
and evapotranspiration dynamics, providing valuable insights for efficient water management

throughout the growing season.

89



—=— ET,

i ETa—SEBAL

€TOI'TT
€T80+C
€TLOST
€T50+0
€T°€0°01
wrLe
TT0IveT
7T'80°ST
TTLO0T
22'90°90
TTYO'ET
T 081
17219
12°01°S0
12'80°20
17°L0'10
17082
17°10CC
02°01°9C
07'80°ST
02'90'8T
07'€0'80
61161
F 61°60°0€

(;-Aep wr)
uoneaidsuenodeary

Satellite overpass date

Figure 4.22. Temporal variations in mean daily actual evapotranspiration (ET,.separ, mm day™)
using the SEBAL model and ET, by the FAO-PM method within the Akarsu Irrigation District
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Figure 4.25. Actual evapotranspiration (ET,.sesar, mm day™) values by the SEBAL model over the
Akarsu Irrigation District (AID) from 2020 to 2023 hydrological year. Horizontal lines indicate the
median, as well as the 25" and 75™ percentiles. Dots on the plot signify outliers (Tukey, 1977;
Iglewicz and Hoaglin, 1993), which are data points that lie beyond 1.5 times the interquartile range
(IQR) from the first and third quartiles, respectively. The whiskers extending from the plot
represent the minimum and maximum values

In this work, linear regression analysis was employed to examine and quantify the linear
relationship between ET, estimated using the SEBAL method and ET, calculated via the FAO-PM
algorithm across Akarsu Irrigation District (AID, i.e., NSA) throughout the period from 2020 to
2023, as illustrated in Figure 4.26. Figure 4.27 demonstrates a robust correlation, with r values
reaching 0.87, between the ET, values obtained from the standard SEBAL method and those derived
from the FAO Penman-Monteith method within the AID of the LSP during satellite image overpass
dates. Additionally, the RMSE and MAE values in AID between ET..meTric and ET, were determined

as 1.403 mm day ' and 1.101 mm day!, respectively.
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Figure 4.26. Linear relationship between ET, by the FAO Penman-Monteith method and actual
evapotranspiration (ET..separ, mm day™!) from the SEBAL model during satellite images overpass
dates in the Akarsu Irrigation District (AID) for the years 2020-2023

The GeeSEBAL platform produced spatiotemporal ET, on satellite image dates during the
2020 and 2021 water years, utilizing ERAS land data combined with 31 Landsat satellite images
across the study region. The estimation of ET, by GeeSEBAL was restricted to two water years (for
the years 2020-2021) because the GeeSEBAL platform only generates data until December 31, 2021.
Additionally, the GeeSEBAL platform may require further updates to integrate Landsat data with
ERAS beyond this date to estimate ET, during satellite overpasses of the region of interest. Another
limitation could be funding constraints compared to the EEFlux platform, which is directly linked to
NASA and supported by a consortium comprising the University of Nebraska-Lincoln, Desert
Research Institute, and the University of Idaho, with funding provided by Google. The Akarsu
Irrigation District (AID, also called NSA) was selected to compare GeeSEBAL and ET, due to its
normal conditions, characterized by non-saline soils and groundwater levels that are maintained
within acceptable limits, with the water table remaining stable throughout the area. In contrast, the
GeeSEBAL platform could not estimate ET, for the stressed areas within the study region during the
studied period due to a lack of sufficient ERAS Land data available through the platform. The ERAS
Land dataset, essential for precise ET. estimation, was incomplete for the specific conditions of the
stressed areas. This limitation hindered the platform’s ability to capture the variations in water stress
across these regions accurately. As a result, this thesis did not focus on its application in the stressed
areas of LSP. Figure 4.27 shows the spatial distribution of ET, estimated by the GeeSEBAL model
for Day of Year (DOY) 228, corresponding to August 15, 2020. On this date, the mean ET, was
5.32 mm day!, with values ranging from 2.57 mm day" to 6.52 mm day'. Figure 4.28 shows the
temporal variation of ET, by the SEBAL, GeeSEBAL, and ET, at the time of satellite overpass across
the AID for the years 2020-2021. This Figure shows that ET, values estimated by the GeeSEBAL
platform are closer to ET, and generally higher than those estimated by SEBAL. This discrepancy
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can be attributed to several factors. First, the GeeSEBAL platform uses ERAS reanalysis data for
ET, calculations, which typically results in higher values than local climatic data across the AID.
Additionally, unlike the SEBAL model, the GeeSEBAL platform did not correct for scan line errors
in Landsat 7 imagery. In contrast, these scan lines were removed using QGIS3.24.3 software prior to
ET, calculation in the SEBAL model, mainly when Landsat 7 data was used. These factors could
contribute to the GeeSEBAL platform's overestimation of ET,, bringing its values closer to ET, than

the ET, estimated by the SEBAL model.

715000 718000 721000 724000 727000 730000 733000

T T T T T T T

L. " A o
g| ® 8
o o
N - 4 ~N
(=23 (=23
(=] o
=< -
(=1 o
o o
o o
QT ] a-GeeSEBAL 18
o o
- - (mm day-1) -~

L o High: 652 _

A = :

o - oW : 2.57 o
S s S
5T ~J 13
< > 2

i 0o 1 2 4 6 8 15.08.2020 i
o . —— — KT o
o o
o o
8 = 1 1 i 1 L 1 F— 8
< 715000 718000 721000 724000 727000 730000 7330002

Figure 4.27. Spatial distribution of actual evapotranspiration (ET, Geesesar, mm day™!) across the
Akarsu Irrigation District (AID) on (DOY 228), equivalent to August 15, 2020, as generated by the
GeeSEBAL model
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Figure 4.28. Temporal variations in mean daily actual evapotranspiration (ET,, mm day') in the
Akarsu Irrigation District (AID), using the SEBAL method, the GeeSEBAL platform, and
reference evapotranspiration (ET,) from the FAO-PM method, during satellite overpasses

In estimating ET, using SEBAL and GeeSEBAL algorithms within the AID of the LSP for
2020-2023, it is crucial to represent the computed ETa variations across the AID visually. This
requires illustrating the variations in ET, calculated by various models—including SEB, METRIC,
EEFlux, SEBAL, and GeeSEBAL—on a unified time scale corresponding to satellite overpass dates.
This graphical representation, shown in Figure 4.29, is used to identify and analyze the fluctuations
in ET, across the Akarsu Irrigation District (AID, i.e., NSA). The figure reveals that the ET, values
estimated by the METRIC model are consistently higher than those from other SEB models,
including SEBAL, EEFlux, and GeeSEBAL. Additionally, the ET, values are consistently higher
than the ET. values obtained from the SEB model, which is anticipated. This difference arises
because ET, represents the theoretical potential evapotranspiration under ideal conditions. At the
same time, ET, measures actual evapotranspiration, which can be lower due to crop variety, water
availability, and environmental conditions. Notably, during certain days in the winter seasons of 2020
and 2021, the ET, values estimated by the METRIC model surpassed the reference ET, values. This
suggests that the ET,F; values, which correspond to the mean composite crop coefficient (K.) values,
were more than 1.0. During winter, crops such as wheat, citrus, potatoes, onions, and saplings
exhibited K. values exceeding 1.0 on specific dates, including 11.11.2020, 29.12.2020, 23.02.2023,
and 01.11.2023, with peak values reaching 1.56 for wheat, 1.72 for citrus, 1.57 for potatoes, and 1.51
for onions and saplings. Similarly, in summer, on 15.08.2020 and 31.08.2020, first and second crops

such as cotton, corn, peanuts, and soybeans, as well as citrus, showed elevated K. values, averaging
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1.18, with corn-II recording the highest value of 1.34 on 15.08.2020. Moreover, these values are
slightly higher than the reference K. values for the same crops corresponding to the same day and
growth stage, as mentioned by TAGEM-DSI (2017), as illustrated earlier in Table 3.5. These
heightened K. values can be explained by factors like active growth stages, increased transpiration
due to environmental conditions, and the physiological water demands during critical growth phases,
especially under high temperatures and prolonged daylight during summer. These findings
emphasize the significant role of crop physiology and environmental factors in influencing water use
efficiency, as reflected by the variations in crop coefficient. The observation suggests that the fraction
represented by ET.F; (K.) indicates that the METRIC-derived ET, collectively accounts for the
influence of all climatic variables, soil conditions, and plant types in comparison to the reference K.

values (TAGEM-DSI, 2017) during satellite overpasses.
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Figure 4.29. Temporal variation of actual evapotranspiration (ET,, mm day™') by the SEBAL,
METRIC, EEFlux, GeeSEBAL models, and the ET, by the FAO-PM-56 method over Akarsu
Irrigation District (AID) during satellite images overpass dates

4.5. Comparison of ET, by the SEB models with the ET. method
4.5.1. Comparison of ET, by the SEB models with ET. method over the AID for monthly and
yearly time scales

Comparing the monthly and yearly ET, estimates obtained from the METRIC and SEBAL
models with the reference evapotranspiration (ET,) from the FAO-PM algorithm and crop
evapotranspiration (ET.) derived from the "two-step" procedure (Steduto, 2000; Cetin 2020; Cetin et
al., 2023b) across the AID of the LSP for the years 2020-2023 is essential for several reasons. Firstly,
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this comparison validates the accuracy of the remote sensing models, ensuring they provide reliable
estimates of actual water consumption. This is particularly important for assessing their suitability in
real applications, such as irrigation management and water resource planning. Secondly, comparing
these models allows for a better understanding of the temporal and spatial variations in
evapotranspiration, revealing how well the satellite-based models can reflect variations in crop types,
vegetation growth, and water availability, often not captured by traditional methods. Furthermore,
this comparison helps to identify areas where crops may experience water stress, as remote sensing
models can detect deviations caused by environmental factors, such as insufficient rainfall or salinity,
that impact crop growth. By comparing ET, with ET,, insights can be gained into the severity of
stress and potential water shortages, guiding more efficient water use. Additionally, the comparison
enables the evaluation of each model’s suitability for different crop types and conditions, particularly
in diverse agricultural settings where traditional methods may fall short. This information is
invaluable for refining irrigation strategies, optimizing water use, and preventing over- or under-
irrigation. Regular comparison also supports the calibration and improvement of the models,
ensuring they remain accurate and adapted to local environmental conditions. Finally, comparing the
remote sensing models with established methods like ET, and ET. contributes to long-term water
resource management by generating reliable datasets for hydrological modeling and future water use
projections, ultimately supporting more sustainable agricultural practices.

The ET. method calculations are based on crops' spatial distribution to determine each crop
type's coverage percentage over the four water years. The corresponding K. values for each crop type
are then applied, as provided in Table 3.5. These K. values are multiplied by the standard ET, values
derived from the TAGEM-DSI (2017) dataset, following the approach outlined by Allen et al. (1998).
The monthly and yearly evapotranspiration for all crops within the AID are then summed for each
water year. Figure 4.30 illustrates the monthly temporal variations of ET; estimated by the METRIC
and SEBAL models, alongside ET, calculated using the FAO-PM-56 method and ET. for the years
2020 to 2023 across the AID. As shown in Figure 4.30, the monthly ET, values were higher than
those values by the METRIC and SEBAL models during the studied periods except for some months
in 2020 and 2021, during which the monthly ET..metric was higher than ET, because the METIC
model takes into account all factors, including soil, climate, and plant condition (Alsenjar et
al.,2023b; Cetin et al., 2023b). The annual ET, was at 1,136 mm, 1,309 mm, 1,238 mm, and
1,223 mm for the years 2020, 2021, 2022, and 2023, respectively. These values surpassed the annual
ET, estimates obtained from the METRIC model, which were 1,191 mm, 1,255 mm, 1,003 mm, and
914 mm for the corresponding years. ET, values are anticipated to be lower than ET, due to various
factors, including crop type, growth stage, and actual water availability. Additionally, the FAO-PM
model’s ET, calculations rely primarily on climatic data and do not account for soil conditions and
crop requirements. In contrast, the METRIC model captures the actual water needs of crops during

satellite overpasses in the AID, providing a more accurate assessment of ET,. Similarly, the annual
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ET, values derived from the SEBAL model were lower, measuring 885 mm, 986 mm, 936 mm, and
934 mm for the years 2020, 2021, 2022, and 2023, respectively. The yearly ET. values were also
calculated as 823 mm, 890 mm, 852 mm, and 829 mm for the same years. The overall annual ET.
value across the study area is lower than the ET, estimates derived from the METRIC and SEBAL
models. This indicates that the reference K. values used in the ET. method for different crop growth
stages are generally lower than the ET.F; fraction in ET, estimation within the METRIC model and
the EF fraction in the SEBAL algorithm. Conversely, the ET. values obtained from the SEBAL
model exhibited closer proximity to the ET. values than those obtained from the METRIC model.
The discrepancy observed can be attributed to the SEBAL model's assumption that the fraction of
energy available for evapotranspiration (the EF fraction) remains constant throughout the day.
Essentially, SEBAL assumes that the proportion of net radiation used for actual evapotranspiration,
as opposed to other processes like sensible heat flux, does not vary during the daily calculation of
ET.. While this assumption simplifies the computation, it may not fully account for the variability in
actual field conditions, as noted in previous studies conducted by Bastiaanssen et al. (1998a),
Bastiaanssen (2000), Bastiaanssen et al. (2005), Bhattarai et al. (2017), Laipelt et al. (2021), among
others. In contrast, the METRIC model accounts for variations in the reference ET fraction (ET.F;)
or K¢ based on daily climatic data obtained during satellite image acquisition. This feature of the
METRIC model provides an advantage by enabling the observation of changes in soil, climate, and
vegetation instantaneously during satellite overpass, considering alterations in climatic variables.
Moreover, Cetin et al. (2023b) affirmed that employing ET, estimates from the METRIC model
alongside in-situ water balance measurements, including basic water balance components of
irrigation, drainage, and precipitation during the 2021 water year within the study area (AID),
resulted in a change in catchment storage of +67.08 mm, accompanied by a water balance closure
error of 3.34%. In simpler terms, utilizing ET, values from the METRIC model significantly reduced

the water budget closure errors compared to ET. values.
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Figure 4.30. Monthly variations in actual evapotranspiration (ET,, mm month™) values for 2020~
2023 hydrological year as follows as (a) 2020, (b) 2021, (c) 2022 and (d) 2023 in the Akarsu
Irrigation District (AID) using the METRIC model, SEBAL algorithm, ET, by the FAO-PM

method, and ET. method

4.5.2. Comparison of ET, by the METRIC and SEBAL models with ET. method for some crops
at satellite image acquisition dates

After estimating ET, using the METRIC model for the entire study area under both standard
(AID) and non-standard, stressed conditions (SA) in the LSP, it is crucial to evaluate the ET, for
crops on the specific satellite overpass date and validate the model's accuracy. This is necessary to
ensure that the METRIC model accurately represents evapotranspiration across different crop types
and environmental conditions. Validation helps to confirm the model’s effectiveness in capturing
spatial and temporal variations in water use. By comparing the model's outputs with ground-truth
data or other established methods, it can assess its precision and reliability, making it a more
dependable tool for irrigation management and crop water use assessments. This validation process
is essential for improving the model’s performance and applicability in real-world agricultural and
water resource management contexts. Several comparisons are presented to elucidate the differences
between ET, by the METRIC model and ET, by the FAO-PM model and the ET. method, among
others. Since citrus crops constitute approximately 50% of the AID for 2020-2023, comparisons were
initially focused on evapotranspiration rates by citrus. The ET, estimation by the METRIC model for
the citrus orchard (spanning 15.8 hectares) in the Cotlu village within the AID is significant, as

illustrated in Figure 4.31. Under normal conditions, without any stress in citrus in the AID, this value
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can be extrapolated to estimate ET, for the entire citrus area without applying the METRIC model to
all crops individually. The temporal variation of ET, for citrus in the Cotlu field and across the entire
distributed citrus area on satellite overpass dates, along with ET, by the FAO-PM model, is illustrated
in Figure 4.32. As indicated in Figure 4.32, the ET, values of citrus in the Cotlu field estimated by
the METRIC model closely aligned with the mean ET, values for all citrus in the AID, exhibiting an
R? of 0.86, r=0.93, RMSE=0.541 mm day' and equation (ETa.cizus-am= 0.8615XETa.citrus-Cotu +
0.2662). In this context, the average ET. estimated by the METRIC model specifically for citrus in
the Cotlu field was represented as an independent variable, while the average ET. for citrus using the
METRIC model across the entire study area was represented as a dependent variable during the
satellite image acquisition dates from 2020 to 2023. Furthermore, there is a strong correlation
between ET, estimated using the FAO-PM and the METRIC model for citrus in the Cotlu field and
across the entire area. The correlation (r) is 0.83 for the Cotlu field and 0.79 for the whole area, with

corresponding RMSE values of 1.128 mm day ' and 1.338 mm day, respectively.
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Figure 4.31. The Location of the citrus plantation adjacent to the Cotlu meteorological station and
the distribution of citrus fields across the Akarsu Irrigation District (AID) for 2020-2023
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Figure 4.32. Temporal variations of average daily actual evapotranspiration (ET,.merric, mm day™)
estimated by the METRIC model for the citrus field near the Cotlu meteorological station and
overall ET, of citrus across the Akarsu Irrigation District (AID), compared with ET, calculated
using the FAO-PM method during satellite overpass dates

Another instance involves estimating ET, using the METRIC model for mixed crops like
watermelon with saplings during the summer of 2022 in the AID. Figure 4.33 illustrates the spatial
distribution of watermelons with saplings during the summer of 2022. Figure 4.34 also shows the
temporal variation in ET, values for intercropping saplings with watermelon, as estimated by the
METRIC model, alongside the ET, values calculated using the FAO-PM method over the same
period. Notably, ET, values obtained from the METRIC model were lower than those derived from
the FAO-PM approach. Additionally, the K. values derived from the METRIC model were computed
to demonstrate the temporal variations corresponding to the different growth stages of this novel crop
type. This uniquely contributes to the study and provides valuable insights for researchers, scientists,

and relevant authorities involved in defining K. for intercropping watermelon with saplings.

Figure 4.33. Spatial distribution of saplings with watermelon across the Akarsu Irrigation District
(AID) during the summer season of 2022
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Figure 4.34. Temporal fluctuations of average daily actual evapotranspiration (ETametric, mm day
1 values for sapling with watermelon obtained through the METRIC model across the entire study
area, ET, by the FAO-PM and Kc.merric during satellite overpass dates

A similar comparison was made to evaluate ET, values estimated by the METRIC model for
intercropping watermelon with saplings versus saplings alone during the summer of 2022. Figure
4.35 illustrates the spatial distribution of a) intercropping watermelon with saplings and b) saplings
alone. The satellite image dates used to estimate ET, for intercropping watermelon with saplings
were selected based on the growth stages of the watermelon crop (initial, mid, and harvest stages)
during the summer of 2022 and the availability of Landsat images. Therefore, the comparison of ET,
was based on four satellite images, as indicated in Figure 4.36. As shown in Figure 4.36, the ET, and
K. values for intercropping watermelon with saplings were consistently higher than those for saplings
alone on the satellite acquisition dates. This difference can be attributed to the watermelon crop
occupying the space between the saplings in the intercropping scenario, whereas in the saplings-only
scenario, the space between saplings was either bare soil or fallow, leading to lower water
consumption. The higher ET, and K. values in the intercropped areas can be explained by the
watermelon plants covering the bare soil, compared to the bare soil being exposed between saplings
in non-intercropped areas. This result underscores that intercropping increases actual
evapotranspiration (ET,) compared to saplings' combined ET, and bare soil evaporation. This finding
highlights the effectiveness of remote sensing (RS)--based ET, models in accurately estimating
evapotranspiration in intercropping or mixed cropping. Such insights are precious for researchers
and stakeholders, especially in regions where water is a critical resource and sustainable agricultural

water management is essential.
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Figure 4.35. Spatial distribution of (a) sapling with watermelon and (b) sapling across the AID in
the summer season of 2022
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Figure 4.36. Temporal fluctuations of (a) average daily actual evapotranspiration (ET.-meTrIc,
mm day™') and (b) K. values for sapling with watermelon and only sapling, obtained through the
METRIC model across the entire AID during satellite overpass dates

In another instance of mixed cropping, saplings were grown alongside a cabbage field
spanning 7.71 hectares, and the METRIC model was utilized to estimate ET, during the winter season
of 2023 within the AID. The positioning of the saplings and cabbage field within the AID is
illustrated in Figure 4.37. Notably, the ET, values computed by the FAO-PM method were
consistently higher than the ET, values derived from the METRIC model for the saplings adjacent
to the cabbage field, except on DOY 052 (February 21, 2023, as shown in Figure 4.38). This
deviation may be attributed to irrigation practices implemented on DOY 052, resulting in higher ET,
values calculated by the METRIC model compared to the ET, values from the FAO-PM method. It
is important to emphasize that the cabbage crop completely covered the interspaces between the
saplings, as Figure 4.37 depicts. These results also underscore the importance of ground truth data

collected during field visits to identify cropping practices as well as the crop types cultivated across
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the correct interpreting process, which is crucial for correctly interpreting outcomes derived from
remote sensing-based ET. models like the METRIC model. Furthermore, incorporating in-situ
photos during ground truth data collection added significant value to the study by facilitating a more

accurate interpretation of the results.
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Figure 4.37. Spatial distribution of saplings with cabbage across the AID in the winter season of
2023
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Figure 4.38. Temporal fluctuations of average daily actual evapotranspiration (ET.metrIC,
mm day') values for sapling with cabbage, obtained through the METRIC model across the entire
AID during satellite overpass dates

Numerous studies have employed simple linear regression analyses, demonstrating a
relationship between ET, computed via the METRIC model and various direct measurement methods
such as lysimeter (Allen et al., 2007a), eddy covariance method (Liebert et al., 2016), and Bowen
energy ratio (Carrasco-Benavides et al., 2014), among others. Allen et al. (2007b) synthesized
findings from 19 studies, including validation of METRIC and/or SEBAL results, revealing an
average discrepancy of only 4.5%. Additionally, several studies have employed direct methods to
calculate ET, in the Cukurova region where the LSP is located. One such study applied lysimeter
measurements to estimate ET, for soybean-1I and compared it with PySEBAL. The R* was found to

be 0.73, with lysimeter-derived ET, recorded as 4.4 mm day' on September 28, 2009 (Sawadogo et
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al., 2020). Conversely, METRIC-derived ET, was 4.73 mm day™! in 2021. Furthermore, ET,.meTrIC
was estimated for soybean-II within the pixel, as depicted in Figure 4.39, and compared with
lysimeter and PySEBAL data on July 16 and August 1, 2009. The black pixel in Figure 4.39
represents the lysimeter field located at the centre of the 0.12-hectare field at the Research Fields of
the Agricultural Structures and Irrigation Department, Faculty of Agriculture, University of
Cukurova (37°1'N, 35°21'E; 20 m above sea level), Adana, Tiirkiye. Based on these results, the ET..
verric values were 2.53 mm day” on DOY 197 (July 16, 2009) and 2.81 mm day” on DOY 213
(August 1, 2009), whereas lysimeter-derived ET, was 2.9 and 2.5 mm day for the exact dates,
respectively. Similarly, Sawadogo et al. (2020) found that the ET, values calculated by PySEBAL
for the same pixel were 2.3 and 3.1 mm day™' for DOY 197 and DOY 213, respectively. The ET,
values obtained from the METRIC model closely matched lysimeter measurements compared to
those from PySEBAL for soybean-II in 2009. The SEBAL model assumes that the energy fraction
available for evapotranspiration (EF fraction) remains constant throughout the day. While this
simplifies the calculations, it may not fully reflect the variability of actual field conditions, as noted
in previous studies (Bastiaanssen et al., 1998a; Bastiaanssen, 2000; Bastiaanssen et al., 2005;
Bhattarai et al., 2017; Laipelt et al., 2021). In contrast, the METRIC model accounts for variations
in the reference ET fraction (ET:F;) or K¢ by integrating daily climatic data during satellite image
acquisition. This capability gives the METRIC model an advantage, enabling it to capture real-time
changes in soil, climate, and vegetation during satellite overpass, considering fluctuations in climatic
variables.

Based on these results, the METRIC model was closer to the ET, values measured by the
lysimeter than the SEBAL model. Despite their differences in assumptions, both the METRIC and
SEBAL models can be applied to estimate ET, for different crops on a large scale. Researchers and
stakeholders can utilize these models in the study area and beyond by following the methodology

outlined in this thesis.

106



Pixel selected

ETameTRIC
0 005 0.1 0.2 0.3 04

km  memw High® 1926

= Low:0

Figure 4.39. Actual evapotranspiration (ETa-merric, mm day™') map by the METRIC model for
soybean-II on DOY 197 (16 July 2009) (Alsenjar et al., 2023b; Cetin et al., 2023b)

Some of the thesis results related to estimating ET. for different crops using the METRIC
model for the 2020 and 2021 water years were previously published by Alsenjar et al. (2023b) and
Cetin et al. (2023b). Their findings demonstrated a strong alignment between ET, values derived
from the METRIC model and those obtained using the ET. method and ET,-FAO-PM for crops such
as wheat, lettuce, potato, citrus orchards, and the first and second crops of cotton, peanut, soybean,
and corn across the AID region of the LSP during the 2020 and 2021 water years. The research
revealed a slight discrepancy in seasonal ET, obtained from METRIC compared to the ET. method,
which could be attributed to factors such as the utilization of K. values corresponding to growth
stages, variations in growth durations and periods, and inconsistencies in planting/sowing dates of
field crops (Alsenjar et al., 2023b; Cetin et al., 2023b). Additionally, one of the key findings
highlighted by Cetin et al. (2023b) is that upon overall assessment, particularly of water balance
closure errors, the METRIC model was deemed superior to the ET. approach and yielded more
dependable results at the catchment scale. Moreover, the results of this thesis are consistent with
previous studies conducted by researchers in the Agricultural Structures and Irrigation Department
at Cukurova University, such as Unlu et al. (2010), Unlu et al. (2011), Unlu (2014), and Koc and
Kanber (2020). These studies involved calculating ET. using direct methods, including Bowen ratio,
water balance, and lysimeter measurements for crops like citrus, wheat, and soybean-II under
irrigated conditions in the Cukurova region during various years (2004, 2005, 2006, 2007, 2008,
2009, 2011, and 2012). The results showed consistency when comparing these direct ET.
measurements with ET, estimated by the METRIC model and “two-step” procedure (ET.) for citrus,
wheat, and soybean-II, as also confirmed by the findings of Alsenjar et al. (2023a), Alsenjar et al.
(2023b) and Cetin et al. (2023Db).
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Another instance of estimating ET. using the SEBAL model is outlined by Atasever and
Ozkan (2018) in the AID of the LSP, utilizing Landsat 8 images on January 22, 2015; April 28, 2015;
and July 01, 2015. The findings demonstrated a strong agreement between ETa.sesar. values and ET,-
FAO-PM calculations across the AID on these three days in 2015. In the study by Atasever and
Ozkan (2018), statistical analyses, including the t-test and the nonparametric Wilcoxon signed-rank
test, were conducted to compare ET, estimates from the SEBAL model with ET, values derived using
the FAO-PM approach. Their results indicated no significant differences between the ET. values
obtained from the SEBAL approach and those from the FAO-PM model for selected pixels across
the AID. However, certain limitations were noted in their study, including the absence of information
regarding crop types and the distribution percentages of crop types across the AID. The study by
Atasever and Ozkan (2018) did not report mean ET, values for the AID on the specified dates. These
limitations should be considered when comparing the ET,.sesar method with other direct and indirect
methods. Conversely, crop type classification and spatial distribution of crops were considered when
applying the SEBAL algorithm to the study area, potentially improving the accuracy of SEBAL ET,
estimates and enhancing the value of this research. Shamloo et al. (2021) employed the SEBAL
algorithm to compute ET, for corn crops across the 125,000-hectare Yuregir Plain, as illustrated in
Figure 2.4, covering the period from March to September 2018. The estimated ET. values
demonstrated a strong correlation (r=0.95) and low RMSE=1.14 mm day! compared with the FAO
Penman-Monteith method. However, this study has several limitations. Firstly, it focused exclusively
on estimating ETa for corn using SEBAL, ignoring other crop types such as cotton, soybean, peanut,
and citrus within the Yuregir Plain, including those in the AID. Additionally, the average ET.
calculated by SEBAL pertains only to corn, not the entire area, and the study did not classify the
various crop types present within the study area. In other words, the estimation of ET, by the SEBAL
for just one crop did not allow comparing which crop consumes water when compared to others. For
this reason, crop type classification could be significant to this study, which was considered in this
thesis to add value to this type of research. Also, this study did not provide the meteorological data
used, such as the names and locations of the meteorological stations. ET, was not estimated for the
most stressed regions of the Yuregir Plain. In contrast, this thesis addresses all the limitations
identified in the study by Shamloo et al. (2021). It makes a significant contribution by focusing on
various crop types, especially those located in the stressed areas of the study region in Tiirkiye.

As previously discussed in this study, the METRIC algorithm was employed to determine
ET, for many crops widely cultivated in the study area. Consequently, it is crucial to analyze the
temporal variations of ET..metric Values for specific crops between the AID and the stressed areas of
the LSP during satellite overpass dates. To illustrate this comparison, citrus and sapling crops were
used as examples to demonstrate the ET, variations determined by the METRIC model within the
study area, as shown in Figure 4.40. Figure 4.40 indicates that the ET..merric values in the AID were

higher than those in the stressed areas of the LSP. Similarly, Figure 4.41 displays the temporal
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variations of ET, determined by the METRIC model for wheat, cotton-1, cotton-II, corn-I, soybean-
I, and peanut-1I, respectively. As shown in Figure 4.41, the ET..merric Values in the AID area are
generally higher than those in the stressed area for all crops. The difference in ET..meTrIC Values
between the AID and stressed areas can be attributed to the salinity, alkalinity, and poor quality of
existing shallow groundwater in the stressed area under non-normal conditions. Additionally, crops
in the stressed area do not reach the full growth stage of development compared to the same crops in
the AID of the LSP. Several factors, including soil salinity, water availability, and the proximity to
saline water bodies, influence the physical conditions near the lagoons, which have brackish water
in the LSP. These conditions lead to higher soil salinity levels due to saline water infiltration,
negatively affecting salt-sensitive crops and resulting in reduced yields and limited growth potential.
Additionally, the salinity of nearby water sources can exacerbate salt stress in crops, making the
availability of fresh, high-quality irrigation water crucial for maintaining healthy crop conditions.
Lagoons can impact the local climate by increasing humidity, which may alter ET, rates, heighten
crop water stress, and affect the microclimate surrounding the crops. However, near harvest time, the
ET, values in the AID become surprisingly similar to those in the stressed areas for some crops such
as cotton-II and corn-I. This convergence occurs because several parcels in the AID were either
harvested simultaneously or very close to the harvest time of the crops in the stressed areas. The
difference in daily ET..meTric values for soybean-I across the four seasons of the 2020-2023 water
years was more pronounced than for other crops in the study area. In the stressed area, the average
daily ET,.merric values for soybean-I were 5.32, 4.71, 3.74, and 3.13 mm day! for 2020, 2021, 2022,
and 2023, respectively, approximately 20% lower than those in the AID area (average of
4.23 mm day™"). This difference is directly related to the resulting stress from either soil salinity
and/or alkalinity or high groundwater conditions, as well as the higher sensitivity of soybeans to
salinity compared to wheat, cotton, and corn. Consequently, the ET, values for wheat, cotton, and
corn in the stressed areas are not significantly higher than those in the AID. These crops are more
able to tolerate and absorb salt, and their growth stages appear relatively normal compared to

soybeans in the stressed areas.
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Figure 4.40. Temporal variations in average daily actual evapotranspiration (ET,merric, mm day™!)

values for citrus and sapling determined using the METRIC model across satellite overpass dates
within the AID and the stressed area of the LSP
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Figure 4.41. Temporal variations in average daily actual evapotranspiration (ET,mertric, mm day™')
values for crops: (a) Wheat, (b) Cotton-I, (c) Cotton-II, (d) Corn-I, (¢) Soybean-I, and (f) Peanut-II,
as estimated using the METRIC model during satellite overpass dates within the AID and the
stressed regions of the LSP

One notable advantage of the METRIC model is its ability to compute ET, with a 30-meter
spatial resolution for various crop types as well as pasturelands located near stressed areas in the LSP
region of Tirkiye at the time of satellite overpass. ET, estimates for pasturelands add significant
value to this study, marking the first attempt to highlight the temporal variations in ET, values for

these areas, as illustrated in Figure 4.42. This analysis is based on the METRIC algorithm, which
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integrates ground truth data with RS data in the stressed regions of the study area. Pasturelands in
these stressed regions are unsuitable for agriculture due to high groundwater levels, i.e., shallow-
water-table development and the lack of a drainage system to lower the shallow water table to
permissible levels, as depicted in Figure 3.9.

As observed in Figure 4.42, the ET, values calculated using the FAO-PM method were
generally higher than the ET..meTric values for pasturelands, except for specific dates such as October
5,2021, October 21,2021, November 22, 2021, and December 24, 2021, etc. This discrepancy could
be attributed to precipitation events in the stressed area on those dates, as depicted in Figure 4.42,
along with the influence of high groundwater levels. The difference between ET, values calculated
using the FAO-PM method and those obtained from the METRIC model ranged from 3% to 54%. In
the same context, the most significant differences were observed from the end of February to the end
of September for 2020-2023, with values ranging from 0.06 mm day"! on February 23, 2021, to
2.69 mm day” on June 18, 2022. Moreover, the pattern of the differences closely resembled a
Gaussian distribution, particularly during the summer seasons of 2020 and 2021. In the stressed
grassland pasture areas near Tuzla and Akyatan lagoons in the Lower Seyhan Plain, Tiirkiye, ETa.
values derived from the METRIC model were not significantly higher than the ET, values estimated
using the FAO-PM method. This is probably due to soil alkalinity and salinity, which are known to
reduce both soil evaporation and grassland evapotranspiration due to excessive stress. These stressors
affect plant uptake and the physiological functioning of vegetation, resulting in lower ET. compared
to optimal conditions. Previous studies, including those by Ozcan and Cetin (1996) and Akga et al.
(2020), among others, have documented high soil salinity and alkalinity levels in the region. Ozcan
and Cetin (1996) identified maximum soil salinity and alkalinity in wetlands from 1956 to 1979,
while Akga et al. (2020) analyzed salinity distribution in recently irrigated areas around Akyatan
Lagoon. Both studies indicate that salinity impacts water availability and vegetation, affecting
evapotranspiration rates in the Seyhan Basin, located in Adana, in the eastern Mediterranean region
of Tiirkiye. Regular monitoring of soil salinity and alkalinity in and around Tuzla and Akyatan
lagoons is essential to understanding their long-term effects on evaporation as well as actual
evapotranspiration. The current observation that ET, values are not significantly higher than ET,
values, combined with known soil salinity and alkalinity issues, underscores the need for ongoing
assessment. Monitoring will help practitioners elucidate how these stress factors affect water

availability and the health of vegetation over time.
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Figure 4.42. Temporal variations in average daily actual evapotranspiration (ET,mertric, mm day™!)
values for pasture in the stressed region of the LSP, estimated using the METRIC model

4.6. ET, estimation by the K..xpvi model for some crops

The Kc.xpvi method offers an alternative approach to estimating ET, by leveraging remote
sensing data with minimal input requirements. This method establishes a relationship between
standard/reference K. values outlined by TAGEM-DSI (2017) and NDVI values for each specific
crop type in the AID, thereby generating new K., referred to as Kc.npvi. This approach differs from
using standardized K. values from reference sources alone. The newly generated K. values are then
used with ET, values, calculated using the FAO-PM method, to derive ET.. Table 4.8 presents the
K. values derived from the established relationship between K. values from existing literature
TAGEM-DSI (2017) and NDVI values for some crop types. Furthermore, the accuracy of the Kc.npvi
method was validated by comparing these new K. values with standard K. values from TAGEM-DSI
(2017), as shown in Table 4.9.

To illustrate the methodology, Figure 4.43 presents the temporal fluctuations of reference K¢
and NDVI for corn-I during the 2022 water year within the AID, serving as an illustrative example.
Additionally, Figure 4.44 demonstrates the relationship between standard K. values and the newly
derived K. values obtained through the K..npvimethod for corn-I within the AID. Subsequently, ET,
estimation using the Kc.npvi method was conducted for various crops within the AID. Figure 4.45
depicts the variation in ET, estimates between the Kc.xpvi and ET. methods, using corn-I as a
representative example of this method. The ET, values closely align with those derived from the ET.
method. This alignment can be attributed to the fact that the adjusted K. values obtained through the
Ke-npvimethod closely resemble the standard values derived from existing literature (TAGEM-DSI,
2017).
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Table 4.8. Generated K. equation between K. and NDVI (Landsat) for some crops

No. Crop Kc~npvi-equation R? r Rl}\E/IS NéA d
1 Wheat Kenpv=1.1218 xXNDVI+ 0.3173 | 0.78 | 0.88 | 0.39 0.38 | 0.48
2 Cotton-1 Kenpvi= 1.6336xNDVI - 0.0348 | 0.96 | 0.98 | 0.33 0.29 | 0.73
3 Corn-I Kenpvi= 1.6843xNDVI-0.1564 | 0.87 | 093 | 0.31 0.28 | 0.67
4 Soybean-1 Kenpvi= 1.2987xNDVI - 0.0164 | 0.60 | 0.77 | 0.24 0.19 | 0.77
5 Cotton-I1 Kenpvi=1.5622xNDVI - 0.0906 | 0.98 | 0.99 | 0.28 0.26 | 0.68
6 Corn-II Kcnovi=1.9172xNDVI-0.2922 | 0.68 | 0.82 | 0.29 0.22 | 0.65
7 Peanut-II K. xpvi= 1.8894xNDVI - 0.2785 | 0.89 | 0.94 | 0.31 0.26 | 0.67
8 Soybean-11 K. npvi= 1.6594xNDVI-0.193 | 0.95 | 097 | 0.25 0.21 | 0.78

Table 4.9. Validation of the Kc.npvito Kc as outlined by the literature review (TAGEM-DSI, 2017)

No. Crop Linear equation R? r RMSE | MAE d
1 Wheat Ke-npvi=0.7773%K. + 0.1963 0.78 | 0.88 | 0.11 0.08 | 0.94
2 Cotton-1 Ke-npvi=0.9565%K + 0.0348 096 | 098 | 0.07 | 0.065 | 0.989
3 Corn-1I Kenpvi= 0.879%Kc + 0.0971 0.88 1094 | 0.11 0.08 | 0.97
4 Soybean-I Ke-npvi=0.5952%K + 0.2808 0.60 | 0.77 | 0.18 0.15 | 0.86
5 Cotton-I1 Kenpvi= 0.9802xKe + 0.0174 0.98 1099 | 0.04 0.03 | 1.00
6 Corn-I1 Kenpvi= 0.6749xK. + 0.2469 0.71 | 0.84 | 0.18 0.14 | 091
7 Peanut-I1 Kenpvi= 0.8878xK+ 0.0935 0.89 1094 | 0.10 0.07 | 097
8 Soybean-II Kenpvi= 0.9485xK+ 0.0392 0.95]1097 | 0.08 0.06 | 0.99
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Figure 4.43. Temporal variation of K. as outlined by the literature review (TAGEM-DSI, 2017) and
NDVI for corn-I in the 2022
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Figure 4.45. Temporal variation of ET, for corn-I based on the Kc.xpvi method and “two-step”
procedure ET.

This study compared ET, estimates derived from the Kc.npvi method (a simple approach)
with those obtained from the METRIC model (a complex process) to assess the accuracy of the
Kc~npvi method for wheat crops. This comparison was conducted for the 2020 and 2021 water years.
Figure 4.46 shows the daily ET, as an example on 19.12.2019, which coincides with the day of the
year (DOY 353). In turn, wheat ET, by the METRIC model was 1.48 mm day!, whereas it was
0.72 mm day! by the K. xpvimethod. The difference in ET, between the two models can be explained
by the fact that the METRIC model incorporates multiple variables and parameters, such as LAI,
albedo, soil heat flux (G), net radiation (R.), sensible heat flux (H), and surface temperature, to
estimate ET,. In contrast, the Kc.xpvi approach relies primarily on NDVI as the key parameter to
compute ET,, which is considered acceptable according to the studies conducted by Kamble et al.
(2013), El-shirbeny et al. (2015), Reyes-Gonzalez et al. (2018). However, some discrepancies

between surface energy balance (SEB) models, such as METRIC and Kc.npvi, are to be expected.
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Finally, the ET, values by the Kc.npvi were compared to the METRIC model at the satellite image

acquisition dates.
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Figure 4.46. Spatial distribution of wheat ET, by the METRIC model and ET, by Kc.npvi method on
DOY 353 (December 19, 2019): ET, in the unit of mm day!

The variation of ETamerric and ETa.xc.npvi of wheat crops in the study area was presented in
Figure 4.47 at the time of the satellite overpass. As seen in Figure 4.47, the ET.merric values were
slightly higher than ET,.kc~pvi. The difference in ET, values between the METRIC model, which
utilizes full surface energy data, and the faster Kc.xpvi method for wheat can be interpreted as the K¢
(ETrF) value from METRIC being higher than the K. generated by the ET..kc~npvi approach. This
suggests that the METRIC model more comprehensively accounts for multiple factors, including
climate, soil, and crop characteristics, compared to the Kc.npvimethod, which relies solely on a single
parameter, NDVI, derived from remote sensing. These results agree with several literature reviews
by Anderson et al. (2012) and Reyes-Gonzalez et al. (2018), which state that ET..meTric iS greater
than ETa kenpvi. The reason could be interpreted as the K. in the METRIC model being more
representative than the generated K. in the Kc.npvi method and standard K. values documented by
Allen et al. (1998). During the winter seasons of 2020 and 2021, as illustrated in Figure 4.47. a, b,
the ET, values from the METRIC model closely aligned with those from the ET..kc.npvi method
during the mid-growth stage of wheat. However, a notable difference was observed during the early
and late growth stages. However, a notable difference was observed during wheat's initial and late
(harvesting) growth stage development. The Kc.npyvi method may be well-suited for estimating ET,
with notable precision during the mid-season, especially when compared to the beginning and end
of the growing season. This approach can be broadly applied to determine ET, with significant spatial
resolution for various crop types across agricultural fields, spanning small and large irrigation scales

within diverse climatic regions worldwide.
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Figure 4.47. Temporal variations of areal mean daily wheat ET, (mm day™!) values, acquired by the
METRIC model and Kc.npvr, at the time of satellite overpass over the AID

The utility and cost-effectiveness of the Kcnpvi method are highlighted in the context of this
study’s contribution to agricultural and environmental sustainability. The method provides high-
resolution ET, estimates with minimal ground data requirements, making it an efficient tool for large-
scale crop water monitoring. Its simplicity and computational efficiency reduce the need for
expensive and labor-intensive field measurements. By offering accurate and timely information on

crop water stress and irrigation needs, the Kc.npvi method supports improved water management
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practices, contributing to sustainable agriculture and more efficient water resource use, essential for

environmental sustainability.

4.7. Temporal variations in daily ET, using the METRIC, SEBAL, K. ~pvi, and ET. methods
for some crops at satellite image acquisition dates

After estimating ET. for each pixel and the entire study area using SEB models, it is crucial
to emphasize the temporal variations in the areal mean daily ET, for crops in each model—namely,
METRIC, SEBAL, Kc.npvi, and ET.. The mean daily ET, for crops in each model-METRIC, SEBAL,
Kenpvi, and ET. was evaluated for major crop types in the AID for the years 2020-2023. This
temporal variation in mean daily ET, for crops, as determined by these models during satellite
overpass, is based on ground truth data and RS data on one basis scale, as shown in Figure 4.48. The
ET, results were categorized into the following nine major crop types: (a) wheat, (b) cotton-I, (c)
cotton-II, (d) corn-1, (e) corn-II, (f) soybean-I, (g) soybean-II, (h) peanut-I, (i) peanut-II, and (j) citrus.
The METRIC, SEBAL, ET., and Kcnpvi methods were used to compute ET. for eight crops.
However, the analysis was limited to the METRIC, SEBAL, and ET. models for citrus due to the
significantly low correlation between the reference K. values provided by TAGEM-DSI (2017) and
NDVI This low correlation indicates that the Kcnpvi method does not adequately capture the
relationship between crop coefficients and NDVI for citrus, likely due to the unique physiological
and structural characteristics of citrus orchards, such as their evergreen canopy and less pronounced
seasonal variation in NDVI compared to annual crops. Limiting the analysis to the METRIC,
SEBAL, and ET. models ensured meaningful and accurate comparisons for citrus crops, providing
reliable ET, estimates that align with the characteristics of these models and the crop under study.

The METRIC model consistently recorded the highest ET, rates for eight crops in 2020 and
2021, as depicted in Figure 4.48. In contrast, the ET, values calculated using the ET. and Kc.npvi
methods were highest for most crops in the most recent two water years, specifically 2022 and 2023.
Conversely, for the citrus crop, the ET, values derived from the METRIC and SEBAL models were
higher than those obtained from the ET. method. This discrepancy indicates that the K. values used
to estimate ET. for different crop growth stages are generally lower than the ET.F; and EF fractions
utilized by the METRIC and SEBAL models, respectively, for ET, estimation. This variation can be
attributed to multiple factors that influence the magnitude of ET.F; (fraction of reference
evapotranspiration) and EF (evaporative fraction) in ET. estimation. These factors include
fluctuations in soil moisture levels, which regulate water availability for evaporation and
transpiration, as well as meteorological conditions such as temperature, humidity, wind speed, and
solar radiation, which are primary drivers of evapotranspiration. Crop biomass also significantly
influences canopy cover, surface resistance, and water use efficiency. Differences in land surface
characteristics and vegetation density also contribute to the variability in ET, estimates (Alsenjar et

al., 2023b). By integrating these variables, the models are designed to provide a comprehensive and
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accurate representation of actual evapotranspiration across diverse environmental and crop-specific
scenarios. This multi-factor approach enhances the robustness and reliability of the ET, estimation
process. In contrast, the ET. method relies on standardized conditions, which may not account for
variations in water scarcity, crop diseases, soil salinity, and inappropriate irrigation management
practices—factors collectively known as stressors.

The temporal variations of mean daily ET, computed by the models reveal that the ET.merric
and ET..sesar patterns follow similarly shaped curves, reflecting consistent trends across the growing
season. However, ET..meTric consistently produces slightly higher values compared to ET..sesaL,
particularly for connected crops such as wheat, first and second-crop cotton, corn, soybean, and
peanut within the AID during 2020 and 2021. This indicates that while both models align in their
overall patterns, METRIC tends to estimate higher water use, potentially due to differences in how
each model handles energy balance components, such as surface temperature and evaporative
fraction. This observation underscores the importance of understanding model-specific
characteristics when interpreting ET, results, particularly for crops with high water demand. This
contrasts the lower ET, values recorded by the METRIC model in the 2022 and 2023 water years.
The variations in mean daily ET, observed using the METRIC and SEBAL models across different
water years may be attributed to differences in the spatial distribution of crop types, soil properties,
and climatic variables as well as the variety of irrigation methods employed by farmers. For example,
the locations of wheat fields were not consistent over the four water years, as farmers rotated the
wheat fields annually, resulting in changes in soil type. These factors could lead to variations in ET,
rates for the same crop type from one water year to another. Conversely, the Kc.npviand ET. methods
exhibited consistently shaped curves for crop ET, estimates between 2020 and 2023, reflecting a
strong alignment in their temporal patterns across various growth stages. This consistency indicates
that the Kc.npvi method effectively captures seasonal changes in crop water use, similar to the ET.
method, despite differences in their methodologies. This observation highlights the reliability of the
Kc.npvi method as a viable alternative for estimating ET, for different crop types. The difference
between the ET. and Kcnpyvi methods and the RS-ET. models like METRIC and SEBAL, as
previously mentioned, lies in the fact that the ET. method does not account for the actual status of
crops, as the reference K. values were taken from the reference book by TAGEM-DSI (2017).
Additionally, the Kc.npvi method is only suitable for the middle stage of crop development. Thus, the
results -which examine mean ET, values across different models, crop types, and seasons- provide
general insights into the spatial and temporal behaviours of the four models used during satellite
overpasses for the years 2020-2023. Overall, the Kc.xpvi method demonstrated better alignment with
the ET. method during the middle growth stages of crops compared to the initial and harvesting
stages. Researchers and stakeholders can use the Kcnpvi method to estimate ET, based on the
relationship between reference K. and NDVI for specific crops. The Kc.npvi method offers several

advantages for estimating ET,, particularly in agricultural and water resource management. It
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demonstrates better alignment with ET. during the middle growth stages, when water demand is
highest, making it reliable for irrigation planning during peak crop growth. By leveraging satellite-
derived NDVI data, the method enables large-scale monitoring of ET, with high spatial resolution,
reducing the need for extensive field data collection. Additionally, it is cost-effective, as it minimizes
reliance on costly ground-based measurements and is scalable, making it suitable for regional and
catchment-level applications, especially in Mediterranean and semi-arid regions. The method
integrates seamlessly with existing ET. estimation frameworks and weather data, providing a
practical and efficient alternative to traditional ET. methods. Researchers could apply the METRIC
and SEBAL models to compute ET, over large-scale irrigation areas for extended time series,
especially given the agreement in ET, values observed across the four consecutive years. These
models are particularly valuable for skilled users proficient in handling advanced remote sensing
techniques, enabling accurate and consistent ET, estimation over long periods. This makes them

highly suitable for large-scale agricultural monitoring and water management applications.
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Figure 4.48. Temporal variations in the average daily ET, values for: (a) Wheat,(b) Cotton-I, (c)
Cotton-II, (d) Corn-I, (e) Corn-II, (f) Soybean-I, (g) Soybean-II, (h) Peanut-I, (i) Peanut-II, and (j)
Citrus. ET, estimations were done by the METRIC, SEBAL, Kc.npvi, and ET. models during
satellite overpass dates within the AID of the LSP for the years 2020-2023

Factors such as vegetation type, climatic conditions, satellite overpass times, and soil
characteristics can significantly impact the performance of each model. For instance, METRIC tends
to outperform SEBAL in areas with high vegetation variability or specific weather conditions due to
its incorporation of thermal infrared data. In contrast, SEBAL may be more effective in regions with
less complex land cover. The METRIC model performed better in irrigated and controlled
environments like AID. SEBAL, however, demonstrated reliable performance for large-scale
assessments but required careful validation in heterogeneous landscapes. Regarding vegetation and

soil types, the Kc.npvr approach proved more effective in homogeneous croplands.

4.8. Performance statistics of linear regression model for actual evapotranspiration
by the ET. and SEB models for some crop types

This study estimated daily actual evapotranspiration (ET.) using several Surface Energy
Balance (SEB) models, including METRIC, EEFIux, SEBAL, and GeeSEBAL, as well as a method
known as the Kc.npvi method. These estimates were conducted for the study area, including the
Akarsu Irrigation District (AID), during satellite overpass periods in the growing seasons of 2020
and 2023. To assess the accuracy of these SEB models, their ET, estimates were compared to those
obtained through a "two-step" procedure (ET.) using a simple linear regression model (ETa.ses=a +
bxET.). The performance of the SEB models and the Kc.npvi method was evaluated by calculating

various metrics, including RMSE, MAE, R?, and the Willmott index of agreement (d). These metrics
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were used to compare the effectiveness of METRIC, SEBAL, and Kc.xpvi against the ET. method,
which served as the reference. The evaluation was conducted for major crop types in the AID during
satellite overpass periods, covering each year from 2020 to 2023. A Student's t-test was used to assess
whether significant differences exist between the daily means of ET. and ET, as estimated by the
SEB models for various crops during satellite overpass periods. Table 4.10. - Table 4.12 present the
statistical analysis results conducted to compare ET. and ET, values obtained from the METRIC,
SEBAL, and Kc.xpvi models for various crops in the non-stressed area (AID). Additionally, these
statistics were used to compare the ET, values estimated by the METRIC model between the non-
stressed (NSA) and stressed (SA) areas for specific crops of the LSP.

As noticed from Table 4.10, the METRIC model shows performance improvement when
compared with the ET. method for wheat crops over the years, achieving the best results in 2023 (R?
= 0.70; Pearson correlation coefficient (r) 0.83; RMSE= 0.88 mm day'; MAE= 0.69 mm day'; d=
0.90). In other words, a strong correlation (r=0.83) and lower errors (RMSE=0.88 mm day ', MAE=
0.69 mm day) were observed when comparing the METRIC model with the "two-step" approach for
wheat crops in 2023. Similarly, the SEBAL model demonstrated improvement, with the best results
in 2021 (R?>= 0.76; r=0.87; RMSE= 0.63 mm day'; MAE=0.51 mm day'; d= 0.92). The Kcxpvi
method also consistently performed well, particularly in 2023 (R?>= 0.78; r= 0.88; RMSE=
0.81 mm day'; MAE=0.51 mm day'; d= 0.94). The METRIC algorithm consistently demonstrated
strong performance for citrus crops compared to the ET. method, particularly in 2021 and 2023. The
r values were 0.90 in 2021 and 0.85 in 2023, with RMSE values of 1.23 mm day ' and 0.67 mm day’,
respectively. For citrus plantations, the MAE values between the ET. method and the METRIC
model were 1.16 mm day! and 0.53 mm day’, respectively, while the d values were 0.66 and 0.85,
respectively. Likewise, the SEBAL model demonstrated enhanced accuracy and reliability over the
years, achieving outstanding performance in 2020 with a high correlation (r=0.97) RMSE of
0.35 mm day”', MAE of 0.28 mm day ', and a d value of 0.97. It is known that the spatial distribution
patterns of citrus remained relatively stable over the four years compared to other crops in the AID
of the LSP region in Tiirkiye. In other words, the citrus orchards mainly were in fixed locations,
contributing to the METRIC and SEBAL models showing good accuracy compared to the ET.
method. For cotton-I, in 2021, the METRIC and SEBAL models exhibited the best performance
when compared with the ET. approach (R?=0.86, 0.95; r=0.93, 0.98; RMSE = 0.71, 1.68 mm day’;
MAE = 0.61, 1.67 mm day’; d = 0.85, 0.47, respectively), showing significant variability in
performance across other years. Conversely, the Kc.npvi method demonstrated high performance in
most years, particularly excelling in 2022 (R?= 0.94; r = 0.97, RMSE = 0.44 mm day'; MAE =
0.38 mm day'; d=0.97). For corn-I, the METRIC and SEBAL models showed the best performance
compared to the ET. approach in 2021 (R?=,0.98, 1.00, r = 0.99, 1.00; RMSE = 0.75, 1.13 mm day’;
MAE = 0.50, 1.09 mm day'; d = 0.94, 0.85, respectively), with performance varying in other years.

In contrast, the Kcnpvi method consistently demonstrated high performance across all years,
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achieving its peak in 2022 (R?>=0.98, r = 0.99; RMSE = 0.46 mm day'; MAE = 0.34 mm day'; d =
0.99).

The correlation coefficients between the estimated ET, values for soybean-I and peanut-I
using the METRIC and SEBAL models and the 'two-step' approach were weakly positive, with
coefficients ranging from 0.23 to 0.6. Furthermore, the RMSE and MAE values exceeded
2.00 mm day™! across all years, indicating that both models underperformed compared to the ET.
method for these crops. However, there was a slight improvement by the METRIC model compared
to the ET. method for soybean-I, particularly in 2022 (R? = 0.40; r=0.63; RMSE = 1.45 mm day’;
MAE =1.16 mm day'; d = 0.68). In contrast, the K..npvi method showed superior performance when
compared to the ET. method for peanut-I, particularly in 2020, with R*? = 0.99, r = 0.99, RMSE =
0.30 mm day ', MAE =0.17 mm day ', and d = 0.98. It also demonstrated notable improvements for
soybean-1, especially in 2022 and 2023, with R? values of 0.52 and 0.68, r values of 0.72 and 0.82,
RMSE values of 1.21 and 1.14 mm day ', MAE values of 1.15 and 1.12 mm day ', and d values of
0.81 and 0.82, respectively. The closer alignment of the Kc.npvi method with the ET. method,
compared to the METRIC and SEBAL models for peanut-I and soybean-I, can be attributed to the
simplicity of its approach. Unlike METRIC and SEBAL, which calculate ET, using more complex
input datasets, the Kc.npvimethod relies on a modified K. value derived from the relationship between
K. and NDVI. As a result, the ET, estimates from the K..xpvi method closely match those obtained
from the ET. approach. Additionally, the reference K. values in the ET. method may not accurately
represent the actual conditions of these crops, such as deficit irrigation or varying irrigation timings
between different fields, as farmers practice. In contrast, the RS-based ET,models like METRIC and
SEBAL can capture the real-time conditions of crops during satellite overpasses, thereby potentially
improving their accuracy.

For cotton-II, the METRIC model demonstrated its best performance with the ET. method,
particularly in 2020 (R =0.93; r= 0.97; RMSE = 0.77 mm day'; MAE = 0.72 mm day*; d = 0.87),
with performance varying across other years as indicated in Table 4.10. Similarly, the SEBAL
algorithm exhibited high performance with the ET. method, especially in 2020 and 2022 (R?>=0.72
and 0.70; r=0.85, 0.84; RMSE = 1.15 and 0.79 mm day'; MAE = 1.02 and 0.61 mm day'; d = 0.67
and 0.77, respectively), and showed good performance in other years as well, as shown in Table 4.11.

The Kc.xnpvi method consistently showed excellent performance across all years compared to
the ET. method, with its peak performance in 2021 (R* = 0.98; r=0.99; RMSE = 0.17 mm day’;
MAE =0.15 mm day'; d = 0.99). According to the statistical evaluations, the METRIC and SEBAL
models consistently showed poor performance compared to the ET. method for corn-II. In contrast,
the Kcnpvi method performed better in some years, such as 2020 and 2022 (R? = 0.40 and 0.53;
r=0.63, 0.73; RMSE = 1.44 and 0.97 mm day'; MAE = 1.21 and 0.82 mm day'; d = 0.74 and 0.84,
respectively) outperforming other years. The statistical metrics showed good performance for the

ET. method when compared with the METRIC model for peanut-II in 2020 and 2022 (R?>=0.71 and
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0.39; r=0.84, 0.62; RMSE = 1.42 and 0.94 mm day'; MAE = 1.17 and 0.72 mm day'; d = 0.73 and
0.67, respectively), outperforming other years. The SEBAL model displayed inconsistent
performance when compared to the ET. method across the years, with its best performance recorded
in 2020 (R>=0.65; r=0.80; RMSE = 1.21 mm day'; MAE = 1.01 mm day'; d = 0.68). In contrast,
the Kc.npvi method consistently showed strong alignment with the ET. method, reaching its peak
performance in 2020 (R*=0.97;r=0.99; RMSE = 0.51 mm day'; MAE = 0.37 mm day'; d = 0.97),
underscoring its suitability for estimating ET, for peanut-II. The statistical metrics showed poor
performance for the ET. method when compared with the METRIC and SEBAL models for soybean-
I across most years, except 2020 (R*> = 0.70 and 0.52; r= 0.84, r=0.72; RMSE = 1.68 and
1.13 mm day'; MAE = 1.46 and 1.09 mm day'; d = 0.66 and 0.70, respectively). In contrast, the
Kc-npvi method demonstrated generally high performance over the years, as shown in Table 4.12,
peaking in 2023 (R? = 0.92; r=0.96; RMSE = 0.41 mm day'; MAE = 0.34 mm day'; d = 0.98).
Various evaluation metrics, including R?, r, RMSE, MAE, and d, were employed to analyze
the relationship between the ET. method and ET, estimated using the METRIC and SEBAL models,
as well as the Kc.npvi approach for major crops in the AID of the LSP. The results showed that the
METRIC and SEBAL models aligned closely with the ET. method for wheat and citrus.
Additionally, the Kc.npvi method consistently performed well with the "two-step" approach for these
crops over four years. This indicates that reliable ET, estimation for wheat and citrus can be achieved
using remote sensing-based models such as METRIC, SEBAL, and Kc.npvr across large catchment
areas. Cotton-I and cotton-II demonstrated reasonably good performance in the METRIC and
SEBAL models, with Kcnpvr also performing well. For corn-I and corn-Il, statistical evaluations
showed excellent performance of the ET. method with the METRIC and SEBAL models in 2021,
with variability in other years, while the K..npvi method showed consistently high performance. For
other crops, including peanut-I, peanut-II, soybean-I, and soybean-II, the evaluation metrics
indicated that the METRIC and SEBAL models performed poorly compared to the ET. method. In
contrast, the Kc.npvi approach yielded better results. The differences in agreement between the RS-
based ET, models and the ET. method for various crops over the four years can be attributed to
variations in irrigation timing, irrigation methods, soil types, and field sowing dates. These variations
reflect the complexity of field conditions rather than any inconsistencies in the performance of the
models. Generally, tall crops (wheat, cotton, corn, and citrus) showed strong agreement in ET,
estimation using remote sensing-based models when applying the "two-step" procedure. In contrast,
short crops (peanut and soybean) exhibited less agreement in ET, estimation when compared to the
ET. method. This highlights the influence of crop type and management practices on the accuracy of
ET, estimates, with tall crops consistently performing better in remote sensing-based models and
short crops showing more variability. Conversely, the Kc.npvimethod effectively estimates ET,across

all crop types, especially during mid-growth.

128



Table 4.10. Performance statistics of linear regression model for actual evapotranspiration by the ET.
and METRIC models for selected crops over the AID

ET. with ET..meTrRIC
Coefficient of
Pearson
Crop Year Determination | correlation RMSE MAE d
coefficient | (mm day?!) | (mm day™)
R: (r)

2020 0.32 0.57 1.86 1.27 0.63

Wheat 2021 0.80 0.89 1.25 1.14 0.73
2022 0.46 0.68 1.29 0.85 0.77

2023 0.70 0.83 0.88 0.69 0.90

2020 0.73 0.86 1.78 1.61 0.61

Citrus 2021 0.81 0.90 1.23 1.16 0.66
2022 0.49 0.70 0.94 0.74 0.72

2023 0.72 0.85 0.67 0.53 0.85
2020 0.001 0.032 1.230 0.916 0.056

Cotton-I 2021 0.86 0.93 0.71 0.61 0.85
2022 0.31 0.56 2.03 1.78 0.33

2023 0.43 0.66 2.23 2.01 0.34

2020 0.44 0.66 2.74 2.13 0.40

Corn-I 2021 0.98 0.99 0.75 0.50 0.94
2022 0.01 0.10 2.28 2.11 0.09

2023 0.39 0.62 2.05 1.72 0.51

2020 0.63 0.80 2.85 2.56 0.00

Peanut-I 2021 0.21 0.46 2.07 1.93 0.00
2022 0.13 0.36 2.24 1.72 0.00

2023 0.15 0.38 1.64 1.38 0.00

2020 0.05 0.23 3.11 2.68 0.00

Soybean-I 2021 0.12 0.35 1.71 1.32 0.32
2022 0.40 0.63 1.45 1.16 0.68

2023 0.21 0.46 1.63 1.42 0.42

2020 0.93 0.97 0.77 0.72 0.87

Cotton-II 2021 0.55 0.74 0.80 0.74 0.80
2022 0.55 0.74 1.05 0.85 0.66

2023 0.14 0.37 1.77 1.63 0.32

2020 0.32 0.56 1.97 1.46 0.53

Corn-II 2021 0.01 0.10 2.20 2.05 0.12
2022 0.11 0.33 1.27 0.94 0.40

2023 0.02 0.15 1.77 1.66 0.19

2020 0.71 0.84 1.42 1.17 0.73

Peanut-II 2021 0.18 0.43 1.51 1.37 0.41
2022 0.39 0.62 0.94 0.72 0.67

2023 0.07 0.27 1.56 1.39 0.31

2020 0.70 0.84 1.68 1.46 0.66

Soybean-II 2021 0.11 0.33 1.82 1.61 0.27
2022 0.09 0.30 1.22 0.99 0.29

2023 0.03 0.19 1.56 1.44 0.21
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Table 4.11. Performance statistics of linear regression model for actual evapotranspiration by the ET.
and SEBAL models for selected crops over the AID

ET. with ET, sepaL
RMSE MAE
Crop Year R? r (mm day") | (mm day") d
2020 035 | 0.59 1.37 0.94 0.73
Wheat 2021 0.76 | 0.87 0.63 0.51 0.92
2022 0.20 | 0.44 1.61 1.18 0.59
2023 0.55 | 0.74 1.18 0.97 0.80
2020 094 | 097 0.35 0.28 0.97
Citrus 2021 0.73 | 0.85 0.58 0.47 0.90
2022 0.48 | 0.69 0.97 0.80 0.77
2023 0.61 | 0.78 0.77 0.65 0.79
2020 0.06 | 0.25 2.49 2.00 0.00
Cotton-I 2021 095 | 0.98 1.68 1.67 0.47
2022 037 | 0.61 1.37 1.09 0.51
2023 0.53 | 0.73 1.61 1.34 0.50
2020 0.59 | 0.77 1.55 1.36 0.74
Corn-I 2021 1.00 | 1.00 1.13 1.09 0.85
2022 0.05 | 0.23 2.06 1.78 0.24
2023 0.64 | 0.80 1.77 1.45 0.69
2020 0.85 | 0.92 2.38 1.99 0.00
Peanut-I 2021 0.16 | 0.40 1.99 1.54 0.00
2022 049 | 0.70 2.23 1.96 0.00
2023 0.24 | 0.49 1.61 1.45 0.00
2020 0.06 | 0.24 2.24 2.06 0.00
Soybean-I 2021 0.15 | 0.39 1.60 1.52 0.36
2022 0.48 | 0.69 1.52 1.27 0.54
2023 0.47 | 0.69 1.51 1.34 0.62
2020 0.72 | 0.85 1.15 1.02 0.67
Cotton-TI 2021 041 | 0.64 1.15 0.98 0.46
2022 0.70 | 0.84 0.79 0.61 0.77
2023 042 | 0.65 1.27 1.18 0.51
2020 0.18 | 042 1.50 1.46 0.55
Corn-II 2021 0.04 | 0.21 1.78 1.63 0.00
2022 0.07 | 0.26 1.31 1.08 0.39
2023 0.05 | 0.23 1.58 1.48 0.33
2020 0.65 | 0.80 1.21 1.01 0.68
Peanut-II 2021 0.09 | 031 1.34 1.22 0.24
2022 0.25 | 0.50 0.95 0.78 0.60
2023 0.15 | 0.39 1.15 0.98 0.38
2020 052 | 0.72 1.13 1.09 0.70
Soybean-II 2021 0.00 | 0.04 1.53 1.35 0.00
2022 0.18 | 042 1.33 1.08 0.50
2023 022 | 0.47 1.357 1.285 0.39
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Table 4.12. Performance statistics of linear regression model for actual evapotranspiration by the ET.
and Kc.npvi models for selected crops over the AID

ET. with ET. kc.Npvi
RMSE MAE
Crop Year R? r (mm day”) | (mm day") d
2020 045 | 0.67 1.30 0.64 0.77
2021 087 | 0.93 0.83 0.65 0.90
Wheat 2022 0.58 | 0.76 1.29 0.72 0.85
2023 078 | 0.88 0.81 051 0.94
2020 0.00 | 0.04 121 1.06 0.00
Cottonl 2021 079 | 0.89 0.67 0.57 0.89
2022 094 | 0.97 0.44 0.38 0.97
2023 0.83 | 091 0.59 0.53 0.95
2020 093 | 0.96 1.07 0.78 0.92
Corn.1 2021 093 | 0.97 0.65 0.59 0.96
2022 098 | 0.99 0.46 0.34 0.99
2023 095 | 0.98 0.88 0.77 0.95
2020 0.99 | 0.99 0.30 0.17 0.98
2021 090 | 0.95 0.73 0.59 0.89
Peggat-! 2022 097 | 0.99 0.74 0.65 0.90
2023 072 | 085 0.86 0.59 0.87
2020 002 | 0.14 2.20 2.04 0.00
Soybean- 2021 005 | 0.23 2.02 1.80 0.00
I 2022 052 | 0.72 121 1.15 0.81
2023 0.68 | 0.82 1.14 1.12 0.82
2020 0.98 | 0.99 0.21 0.14 0.99
Cotton-II 2021 098 | 0.99 0.17 0.15 0.99
2022 096 | 0.98 0.36 031 0.98
2023 0.87 | 0.93 0.60 0.46 0.94
2020 040 | 0.63 | 44 121 0.74
Corn 1l 2021 0.14 | 037 1.89 1.72 0.51
2022 0.53 | 0.73 0.97 0.82 0.83
2023 001 | 0.11 1.67 1.49 0.20
2020 0.97 | 0.99 0.51 0.37 0.96
Peanut.Il 2021 083 | 091 0.61 0.43 0.94
2022 076 | 0.87 0.67 0.50 0.91
2023 0.89 | 0.94 0.55 0.39 0.95
2020 073 | 0.86 0.90 0.52 0.90
Soybean- 2021 079 | 0.89 0.64 0.54 0.94
1l 2022 0.82 | 091 0.58 0.51 0.95
2023 092 | 0.96 0.41 0.34 0.98
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A Student's t-test was conducted at a 95% confidence level to evaluate whether significant
differences existed between the means of ET. and ET, estimated by the SEB model. Before the
Student's t-test, an F-test was performed to determine if the variances of the datasets were equal or
unequal. This analysis was carried out for various crops, including wheat, citrus, corn-I, and cotton-
I, during the 2021 water year as a case study. These differences may be attributed to the unique
characteristics of each crop. For citrus orchards, as shown in Table 4.13, the p-value (0.00028) is
much smaller than the significance level of 0.05. Based on the results, it can be concluded that there
is a significant difference between the means of ET. and ET..metric for citrus, as confirmed by the
Student's t-test for unequal variances. In contrast, there is no significant difference between ET. and
ET.sesaL estimates, as the p-value (0.61) is greater than the significance level of 0.05, and the t-
statistic (-0.51) is lower than the t-critical value for a two-tailed test (2.05). The Student's t-test results
for unequal variances suggest that, although ET. and ET..sesar are similar, a significant difference is
observed when comparing ET. with ET..metric estimates. The results of the Student's t-test equal
variances indicate that there is no significant difference in the means of ET. and the ET, estimates
from METRIC, SEBAL, and Kc.xpvi for wheat crops. The p-values for the comparisons between ET.
and ETamerric (0.06), ET. and ETasesar (0.78), and ET. and ETakcnpvi (0.67) are all greater than
the significance level of 0.05. Furthermore, the t-statistics are lower than the critical t-values for a
two-tailed test, as shown in Table 4.14. These findings suggest that ET. is comparable to the ET,
estimates from METRIC, SEBAL, and K¢.xpvi for wheat crops. For corn-I, the results of the Student's
t-test equal variances, as shown in Table 4.15, indicate that there is no significant evidence to suggest
a difference between the means of ET. and those of ET.merric, ETasear, and ETakenpvi. The
differences between these datasets are not statistically significant at the 0.05 significance level. For
cotton-I, the Student's t-test equal variances results show no significant evidence to suggest a
difference between the means of ET. and those of ET.merric or ETake-Npvi, as shown in Table 4.16.
However, significant differences were found between ET. and ET..sesaL estimates. These results
suggest that ET., ET..metric and ET.kc.xpvi are comparable, but there are notable differences when

comparing ET. with ET..sepaL estimates.

Table 4.13. Student’s t-test results comparing the “two-step” approach (ET.) with the METRIC and
SEBAL models for citrus crops in 2021

(ET. and ET, in mm day‘l) ET. ET.MeTRIC ET. ET..seaL
Mean 2.35 3.62 2.35 2.52
Observations 16
Pearson correlation coefficient (r) 0.84 | 0.88

df 15

t-stat -4.73 -0.51

P(T<=t) two-tail 0.00 0.61

t critical two-tail 2.03 2.05
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Table 4.14. Student’s t-test results comparing the “two-step” approach (ET.) with the METRIC,
SEBAL and Kc.npvi models for wheat crops in 2021

Mean 2.23 3.28 2.23 2.37 2.23 2.70
Observations 9
c(ﬂig;’l‘(‘m 0.87 0.86 0.69
coefficient (r)
df 8
t-stat -2.02 -0.27 -0.43
P(T<=t) two-tail | 0.06 0.78 0.67
t critical two-tail | 2.12 2.12 2.11

Table 4.15. Student’s t-test results comparing the “two-step” approach (ET.) with the METRIC,
SEBAL and Kc.npvi models for corn-I crops in 2021

(ET. and ET, in ET.. ET.xke..
mm day™) ET. METRIC ETe | ETasmpar | ETe NDVI
Mean 5.610 5.99 5.61 4.88 5.61 5.21
Observations 6
Pearson
correlation 0.99 0.99 0.97
coefficient (r)
df 5
t-stat -0.39 0.79 0.37
P(T<=t) two-tail 0.71 0.45 0.72
t Critical two-tail 2.23 222 2.23

Table 4.16. Student's t-test results comparing the “two-step” approach (ET.) with the METRIC,
SEBAL, and Kc.npvi models for cotton-I crop in 2021

ET. and ET. in ET.. ETake-
( mm day™) ET. METRIC ET. ETasopar | ET. NDVI
Mean 6.20 5.59 6.20 4.52 6.20 6.10
Observations 6
oearson 0.93 0.98 0.89
coefficient (r)
df 5
t-stat 1.07 3.36 0.15
P(T<=t) two-tail 0.31 0.007 0.89
t critical two-tail 2.23 2.23 2.571

As previously discussed, evaluation metrics were conducted to compare ET, values
estimated by the METRIC model between non-stressed (NSA, denoted as ETawmerricnsa) and
stressed (SA, denoted as ETamerric-sa) areas for specific crops in the Lower Seyhan Plain (LSP)

during satellite overpass periods in the 2020 and 2023 growing seasons. In Tiirkiye's LSP, the
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METRIC model has demonstrated high reliability in estimating ET, for most crops under varying
conditions, including NSA (AID) and SA near the eastern Mediterranean coast. According to Table
4.17, saplings had the lowest RMSE (0.61 mm day') and MAE of 0.47 mm day' among the listed
crops, indicating exceptionally precise ET. estimates using the METRIC model in both NSA and SA.
Cotton-I showed the highest coefficient of determination (R?> = 0.96) and Pearson correlation
coefficient (r = 0.98), suggesting very accurate ET..merric estimates, reflecting highly accurate ET,.
metric estimates. However, its RMSE (1.10 mm day ') and MAE (0.98 mm day ') were slightly
higher than other crops. Wheat, citrus, and corn exhibited strong correlations between ET, estimates
from non-stressed and stressed areas, with low error values, further proving the model's effectiveness
for these crops in both AID and stressed areas of the LSP. However, for soybean-II, the METRIC
model shows a lower correlation coefficient (r = 0.81) and coefficient of determination (R? = 0.65)
between non-stressed (ETa.merricnsa) and stressed (ETa.merricsa) areas. Despite this, it has the
lowest RMSE (0.72 mm day ') among soybean varieties, indicating that ET, estimates for this crop
cycle are relatively precise. The variation in model performance can be attributed to crop type,
irrigation practices, and local climatic conditions. Based on the metric evaluations, the METRIC
model's ability to accurately estimate ET, is vital for efficient water resource management, especially
in regions like the LSP, where water scarcity is a significant concern.

In the LSP of Tiirkiye, the METRIC model demonstrates high reliability in estimating ET,
for most crops, with wheat, citrus, and corn showing solid performance. Cotton also exhibits high
accuracy, albeit with some variability. Soybeans present a challenge for the model, with lower
correlation and higher error metrics. These findings emphasize the importance of considering crop-
specific factors and local conditions when utilizing ET, estimates for water management and

agricultural planning.

Table 4.17. Performance statistics of linear regression model between ET.merric.nsa and ETa-metrIC:
sa for some crops

ET..merricNsa and ETa.meTrIC SA
v RMSE MAE d
Crop R2 (mm day!) | (mm day?)

Wheat 0.84 0.92 1.02 0.82 0.82
Citrus 0.82 0.91 0.82 0.66 0.88
Sapling 0.75 0.87 0.61 0.47 0.88
Corn-1 0.88 0.94 0.85 0.67 0.89
Cotton-I 0.96 0.98 1.10 0.98 0.81
Soybean-1 0.75 0.86 1.16 1.06 0.78
Cotton-II 0.80 0.90 0.97 0.75 0.74
Soybean-II | 0.65 0.81 0.72 0.46 0.83
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A key finding of this thesis is the application of the METRIC model to estimate the mean
daily ET, for citrus in the Cotlu field (ETamerric-comu), located near the meteorological station in
Cotlu village, as well as across all citrus fields (ETawmetric-aip) Within the AID during satellite
overpasses from 2020 to 2023. This approach enabled an evaluation of how accurately ET, estimates
for citrus in the Cotlu field represent ET, for all citrus crops within the AID. This was done through
a linear regression analysis and the evaluation of key metrics such as r, RMSE, MAE, and d. The
highest accuracy was observed when comparing ET..metric for citrus near the Cotlu station with the
mean ET..merric for citrus in the AID under non-stressed conditions, resulting in a high correlation
(r = 0.91), low error values (RMSE = 0.54 mm day ', MAE = 0.40 mm day'), and excellent
agreement (d = 0.95) as outlined in Figure 4.49. The derived equation (ET.merric.AD = 0.8615%XET,
METRIC-Cotu + 0.2662) can be applied to estimate ET. for all citrus crops within the AID, provided the
ET, for citrus in the Cotlu field is first determined using the METRIC model. This equation is
particularly useful for researchers, agricultural managers, and water resource planners who require
ET, estimates for citrus across the AID without implementing the METRIC model for the entire
region. By leveraging the detailed data and meteorological inputs available for the Cotlu field, the
equation enables a reliable extrapolation of ET, values for citrus crops across the AID. However, it
is essential to note that the equation was developed based on data from the Cotlu field, which may
not fully account for varying agronomic conditions across the Lower Seyhan Plain (LSP),

particularly under stressed scenarios.
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Figure 4.49. A linear relationship between actual evapotranspiration by the METRIC model (ET..
metric, mm day™!) for citrus near the Cotlu weather station compared to the mean value of citrus in
the AID during the 20202023 study period. The dashed black lines represent the 1:1 lines
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The findings of this study could have significant implications for local agricultural policies
and water management strategies. By providing accurate and high-resolution ET, estimates, the study
can inform decision-makers on water usage efficiency, helping to optimize irrigation practices and
allocate water resources more effectively. These insights could contribute to developing more
sustainable agricultural policies that promote water conservation and improve crop yield prediction.
Additionally, understanding crop water stress and irrigation needs can support the implementation
of adaptive strategies in response to climate variability, enhancing overall water management in

agricultural regions.

4.9. Evaporation estimation by the METRIC model over lagoons of the LSP

The METRIC model can compute ET, for agricultural areas as well as evaporation (Emerric)
for lakes and rivers. The METRIC model can estimate evaporation in lagoons, regardless of whether
they contain freshwater, saline water, or a mixture of both. Accordingly, this study applied the
METRIC model to estimate evaporation and compared its results with those obtained using an
empirical method like the Kohler-Nordenson-Fox model (Kohler et al., 1955) based on in-situ
climatic parameters collected directly from weather stations near the lagoons. Consequently, the
estimation of lake evaporation utilizes the RS-ET.-based METRIC model, which is applied to the
Tuzla and Akyatan lakes along the Mediterranean coast of Tiirkiye. These lagoons are located in the
Cukurova region of Tiirkiye, at the southeastern edge of the Mediterranean Sea, roughly 30 km south
of Adana (Figure 3.1). According to Joyeux and Ward (1998), the Akyatan Lagoon has a surface
area of 3 km?, an average depth of 0.75 m, and a maximum depth of 3 m. The Tuzla Lagoon covers
an area of 11.2 km?. It is well-known that the lagoons receive freshwater from irrigation canals,
drainage systems, rainfall, and non-point underground sources. Additionally, it may be fed by flows
from the Seyhan River and the old channels of the Ceyhan River (Davutluoglu et al., 2010; Kuleli,
2010). On the other hand, a study conducted by Cetin and Ozcan (1999) clearly showed that the
Seyhan and Ceyhan Rivers may feed the shallow water table in the LSP during some months of the
year, depending on the hydrological and hydraulic conditions. Furthermore, they pointed out that the
lagoon system, i.e., Tuzla and Akyatan lakes, is hydraulically and hydrologically well connected to
the shallow water table in the plain. Moreover, the lagoons also receive seawater through a canal
connecting it to the Mediterranean Sea. A narrow, 2-kilometre-long canal on the southeastern edge
of the lagoons connects them to the sea, allowing for the tidal exchange of water and sediments. This
thesis study represents the first attempt to use the METRIC model to capture the spatiotemporal
variations of evaporation in saline lakes, adding significant value.

Figure 4.50 illustrates the temporal variations in the mean daily Emgrric rates of Tuzla and
Akyatan lakes in the stressed area of the LSP, Tiirkiye, over several years, estimated using the
METRIC model during satellite overpasses. The data spans from September 30, 2019, to October

11, 2023. As shown in Figure 4.50, the Emerric rates of these lakes fluctuate considerably over time,
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with higher values typically observed in late spring and early summer and lower values during winter.
The peak Emerric rate was recorded at 7.59 mm day! on May 27, 2020, while the lowest rate was
1.12 mm day! on February 17, 2021. Spatially, Figure 4.51 highlights notable differences in Emerric
rates across various lagoons and regions on specific dates, providing insights into the spatial changes

in Emerric rates in the saline lakes of the LSP.
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Figure 4.50. Temporal fluctuations of mean daily evaporation (Emerric, mm day™!) of lagoons derived
from the METRIC model during satellite overpass dates
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Figure 4.51. Spatial variations in the average daily evaporation (Emerric, mm day™!) of lagoons near
the stressed area of the LSP, as determined by the METRIC model for some dates

In this study, evaporation (Emerric, stands for ‘dependent variable’) estimates from the
METRIC model were compared to those from the Kohler-Nordenson-Fox (KNF stands for
‘independent variable’, Exnr) model (Kohler et al., 1955), to evaluate the accuracy of the METRIC
model results for lagoons (Tuzla and Akyatan) in the LSP as depicted in Figure 4.52. The results
indicated strong performance of the METRIC model, as demonstrated by an RMSE value of
3.98 mm day ', MAE of 3.51 mm day', an R? value of 0.49 and a Pearson correlation coefficient (r)

of 0.7. This r-value indicates a good correlation between the METRIC algorithm and the KNF model.
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Several studies have employed RS-ET. models, such as METRIC and SEBAL, to estimate
evaporation in various global locations. For instance, Zamani Losgedaragha and Rahimzadegan
(2018) investigated evaporation from the Amirkabir dam reservoir in a semi-arid climate using
SEBAL, METRIC, and SEBS models between 2011 and 2017. They utilized 16 satellite images from
Landsat TMS5 and OLI as input data, with pan evaporation measurements, considered ground truth
data, taken from instruments on the reservoir bank. Their results showed that the METRIC and SEBS
models performed relatively well compared to pan evaporation measurements. The METRIC and
SEBS models achieved RMSE values of 2.02 mm day ' and 0.62 mm day', respectively, with
corresponding R? values of 0.57 and 0.93. In contrast, the SEBAL model was less reliable for
freshwater evaporation, with an R? of 0.36 and an RMSE of 5.1 mm day'. This study represents the
first attempt to estimate evaporation from saline lagoons in the Lower Seyhan Plain (LSP) during
satellite overpass times, potentially capturing spatiotemporal variations in evaporation. Despite some
limitations, such as relatively high error, the proposed equation in Figure 4.52 can be applied to
similar saline lagoons in Mediterranean or semi-arid areas. Using the KNF approach, this equation
offers a simpler alternative to the more complex METRIC models, which require extensive input
data and advanced expertise in remote sensing-based ET. models. The equation's potential for
broader application makes it an effective tool for estimating evaporation from lakes and lagoons,
particularly for researchers and water resource managers who may lack access to sophisticated

modeling techniques.
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Figure 4.52. Linear relationship between evaporation estimates from the METRIC approach and
the KINF model during satellite image overpass dates over lagoons in the stressed region of the LSP

4.10. Assessing the relationship between leaf area index (LAI) and NDVI by the METRIC
model for some crop types over the AID

The Leaf Area Index (LAI) is a crucial crop development and growth indicator. The
METRIC model, which uses Landsat data, was applied to monitor LAI across different crop types.

This approach allows for rapid estimation of LAI for different crops over large areas with a high
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spatial resolution (30 m x 30 m). Using the R-METRIC model, LAI was computed from the top-of-
atmosphere (at-satellite) surface reflectance data (Bastiaanssen, 1998) for various crops within the
AID region. For example, during the 2021 water year, LAI was estimated for crops including wheat,
first and second types of corn, cotton, soybean, and peanut during satellite overpasses in the AID.
Additionally, NDVI values were estimated for the same crops during the 2020-2023 water years.
This study explored the relationship between the average Leaf Area Index (LAI) and the average
Normalized Difference Vegetation Index (NDVI) for these crops during satellite overpasses across
the Akarsu Irrigation District (AID). Figure 4.53 illustrates the spatial distribution of LAl and NDVI
over the AID on several days during the summer of 2021. It is evident from Figure 4.53 that LAI

values varied consistently with crop type over time.

18.08.2021 ) 19.09.2021
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Figure 4.53. Spatial distribution of (a) LAI and (b) NDVI values using the METRIC model over the
AID for several days during the summer of 2021. LAI is expressed in units of m> m2

Figure 4.54 illustrates the temporal variation of mean LAI and NDVT for the first and second
crop types of corn, cotton, soybean, peanut, and wheat. As observed in Figure the behavior of the
first and second crops of cotton, soybean, and peanut appears nearly identical, with differences in
mean LAI and NDVI values over time compared to the behavior of the first and second types of corn.
The mean LAI and NDVI patterns for wheat crops are similar, showing an initial increase during the
early growth stages, peaking in the middle, and then decreasing at harvest. For corn-I, mean LAI
values initially rise from 0.49 m?> m™ to a peak of 3.54 m? m? on DOY 190 (09.07.2021) and then
sharply decline to 0.18 m*> m? on DOY 230 (18.08.2021). Mean NDVI values for corn-I also increase
from 0.42 to a peak of 0.75, followed by a decline to 0.37. Corn-II shows mean LAI values rising
from 0.19 m? m™ to a peak of 1.84 m?> m? and then dropping to 0.10 m?> m?2. NDVI values for corn-
II increase from 0.39 to a peak of 0.74, then gradually decline to 0.22. The observed changes in
NDVI values for the second crop type of corn can be attributed to variations in crop growth stages.
During the initial stages, the mean NDVI increased, reaching its peak during the mid-growth stages.
Subsequently, these values declined, approaching around 0.20 at harvest time, corresponding to bare
soil conditions. For cotton-I, mean LAI values steadily rise from 0.20 m?> m™ to a peak of 3.82 m*> m"
2, then decrease to 2.29 m®> m2. Mean NDVI values increase from 0.29 to 0.80, with minor
fluctuations. Cotton-II shows mean LAI values increasing from 0.10 m* m™ to a peak of 2.90 m* m"
2, then dropping to 1.95 m?> m2. NDVI values for cotton-II trend upward from 0.33 to a peak of 0.79,
then slightly decline to 0.68. For soybean-I, mean LAI values rise from 0.93 m> m? to a peak of
3.78 m*> m?, then decrease to 1.70 m? m2. NDVI values for soybean-I show a steady increase from
0.42 to 0.80, then slightly decline to 0.71. Similarly, soybean-II mean LAI values gradually increase
to 1.37m? m?2 on day 18.08.2021, then significantly drop to 0.08 m?> m2. NDVI values for soybean-
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II increase from the lowest value of 0.27 to the highest peak value of 0.76 and stabilize. On the other
hand, for peanut-I, mean LAI values increase from 0.16 to a peak of 3.87, then drop to 1.89. The
mean NDVI values for peanut-I steadily increased from 0.27 to a peak of 0.82, followed by a slight
decline during the crop's senescence stage. This decline is due to reduced leaf chlorophyll content,
which lowers photosynthetic activity and gradually decreases vegetation health, typically observed
in the later growth and maturation phases. Peanut-II shows mean LAI values increasing from
0.11 m*> m™ to a peak of 2.02 m? m?, then decreasing to 1.25 m? m™2. NDVI values for peanut-II rise
from 0.30 to a peak of 0.78, then decline to 0.54. The mean LAI values for wheat increase from
0.12 m*> m™ to a peak of 2.88 m* m?, then decrease to 0.03 m* m™ at the harvest stage. NDVI values
for wheat follow a similar pattern, rising from 0.27 to a peak of 0.86 and then decreasing to 0.21.
Figure 4.55 illustrates the relationship between mean LAI and mean NDVI for the first and
second crop types of corn, cotton, soybean, peanut, and wheat, based on the R-METRIC model
during the satellite overpass of the study area in 2021. The mean LAI positively correlated with the
mean NDVI, as indicated by Pearson's correlation coefficient (r), across various crop types
throughout the growing season (Figure 4.55). The analysis revealed that the exponential model (y =
aeP¥)) was suitable for describing the relationship between mean NDVI and mean LAI for various
crop types over the AID. In this model, LAI from different crops was represented as a dependent
variable, while NDVI was defined as an independent variable. Both correlation and regression
analyses were conducted, with the correlation analysis revealing a strong relationship between the
mean NDVI and the mean LAI as evidenced by correlation coefficients (r) ranging from 0.85 to
0.99. Furthermore, the regression analysis developed a model to predict LAI from NDV]I, reinforcing
the strength of their relationship. This relationship was observed across various crops, including the
first and second crops of corn, cotton, soybean, peanut, and wheat. This indicates a robust relationship
between the two variables, underscoring the effectiveness of NDVI as a predictor of LAI for various
crop types. All crops followed a typical pattern of increasing LAI and NDVI values from the early
to mid-growing season, peaking when the crops reached full growth and then declining as the plants
matured and senesced. These findings are valuable for monitoring crop health and growth stages
using satellite data. Understanding the temporal variations in LAl and NDVI can support agricultural
management decisions, such as scheduling irrigation, optimizing fertilization, and predicting yield.
Additionally, the proposed equations relating mean NDVI to mean LAI can be applied to each crop

type in the study area and potentially in the broader Mediterranean region of the world.
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Figure 4.54. Temporal Variations in average Leaf Area Index (LAI) and Normalized Difference
Vegetation Index (NDVI) values for various crop types: (a) corn-I, cotton-I, soybean-I, and peanut-
I; (b) corn-II, cotton-II, soybean-II, and peanut-1I; (c) wheat; across the Akarsu Irrigation District
(AID) during satellite overpasses
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Figure 4.55. Exponential models between average NDVI and average LAI for various crop types:
(a) Corn-1, (b) Corn-II, (c) Cotton-I, (d) Cotton-II, (¢) Soybean-I, (f) Soybean-II, (g) Peanut-I, (h)
Peanut-II, and (i) Wheat, in the Akarsu Irrigation District (AID) during satellite overpasses. Data
excluded from calculations, indicated by A symbol, were identified as outliers through box plot
analysis

The ANOVA test was utilized to assess the statistical significance of the relationship
between the Normalized Difference Vegetation Index (NDVI) and the Leaf Area Index (LAI) across
various crop types. The results from this analysis, as presented in Table 4.18, revealed a significant
correlation between NDVI and LAI, thereby establishing NDVI as a reliable metric for evaluating
plant health and canopy characteristics. The analysis yielded an F-statistic of 32.50 for corn-I with a
p-value of 0.0007, indicating that the exponential model is highly significant at the 0.05 level. The
coefficient of determination (R?) was 0.823, meaning that the NDVI explained 82.3% of the variance
in the LAI This demonstrates a strong predictive relationship between NDVI and LAI for corn-I.
The F-statistic assesses whether the overall exponential model better fits the data than a model with
no predictors (null model). Combining a high F-value and a low p-value (p < 0.05) strongly rejects
the null hypothesis that NDVI does not explain LAI This outcome emphasizes the reliability of
NDVI as a robust indicator for estimating LAI in corn. The additional analyses assessed the

relationship between NDVI and LAI for various crops using exponential models, as indicated by
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their respective F-statistics. For cotton, the study revealed F-Statistics of 18.92 for cotton-I and 15.42
for cotton-1II, indicating statistically significant exponential models. Similarly, for soybeans, F-
Statistics of 39.63 for soybean-I and 64.47 for soybean-II highlight strong model fits. For peanuts,
F-Statistics of 20.19 for peanut-I and 19.73 for peanut-Il demonstrate significant relationships
between NDVI and LAIL For wheat, the model yielded an F-Statistic of 8.30, signifying a meaningful
association. The F-Statistics highlight the overall explanatory power of the regression models,
demonstrating that NDVI is a reliable predictor of LAI across various crops. The substantial R-
squared values further validate NDVTI's effectiveness in capturing the variance in LAI for these crops.
These results emphasize the importance of NDVI as a valuable tool for monitoring crop health,
offering critical insights for precision agriculture practices. By integrating NDVI into management
strategies, agricultural stakeholders can make data-driven decisions regarding irrigation, pest control,

and overall crop management, ultimately improving productivity and sustainability.

Table 4.18. Regression analysis summary (ANOVA; Regression, Residual) for the relationship
between NDVI and LAI across various crop types: (a) Corn-I, (b) Corn-II, (c) Cotton-
I, (d) Cotton-IIL, (e) Soybean-I, (f) Soybean-II, (g) Peanut-1, (h) Peanut-II, and (i) Wheat

(a) Corn-I
Regression Statistics
Multiple R 0'92707
R Square 0.829277
Adjusted R Square 0'792746
Standard Error 0'595682
Observations 9
ANOVA
df SS MS F Significance F
. 11.5760
Regression 1 11.57603 3 32.49871 0.000735
Residual 7 2.493398 0.3562
Total 8 14.06943
Coefficien Standard Lower Upper Lower Upper
ts Error tStat | Pvalue | "g5q 95% 95.0% 95.0%
- 0.01572
Intercept -2.15275 0.679243 316934 2 -3.75891 -0.5466 -3.75891 -0.5466
.X 6.570787 1.152615 3.70076 1 0.00073 3.845285 | 9.296289 3.845285 9.296289
Variable 1 4 5
(b) Corn-11
Regression Statistics
Multiple R 0.753846
R Square 0.568284
Adjusted R Square 0.460355
Standard Error 0.46833
Observations 6
ANOVA
df SS MS F Significance F
Regression 1 1.154867 1.154867 5.265353 0.083430
Residual 4 0.877333 0.219333
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Total 5 2.032200
Coefficients | Standard Error t Stat P-value | Lower 95% | Upper 95% | Lower 95.0% | Upper 95.0%
Intercept -0.864440 0.764632 | -1.130532 | 0.321446 -2.987399 1.258518 -2.987399 1.258518
X Variable 1 3.126654 1.362593 | 2.294636 | 0.083430 -0.656510 6.909817 -0.656510 6.909817
(c) Cotton-I
Regression Statistics
Multiple R 0.854383
R Square 0.72997
Adjusted R Square 0.691394
Standard Error 0.691736
Observations 9
ANOVA
df SS MS F Significance F
Regression 1 9.054632 9.054632 18.92301 0.003355
Residual 7 3.349489 0.478498
Total 8 12.40412
Standard Lower Upper
Coefficients Error t Stat P-value Lower 95% Upper 95% 95.0% 95.0%
Intercept -1.47277 0.66943 -2.2000 0.0637 -3.05574 0.110195 -3.0557 0.110195
X Variable
1 4.98275 1.14544 4.3501 0.0033 22742 7.69129 2.2742 7.69129
(d) Cotton-I1
Regression Statistics
Multiple R 0.869003
R Square 0.755167
Adjusted R Square 0.7062
Standard Error 0.515658
Observations 7
ANOVA
df SS MS F Significance F
Regression 1 4.100778 4.1007 15.42206 0.011103
Residual 5 1.329517 0.2659
Total 6 5.430295
Standard Lower Lower Upper
Coefficients Error t Stat P-value 95% Upper 95% 95.0% 95.0%
0.4402
Intercept -1.43671 0.7301 -1.967 0.1062 -3.3136 0.4402 -3.31367 4
X Variable
1 4.540 1.156 3.927 0.0111 1.569 7.513 1.568 7.513
(e) Soybean-I
Regression Statistics
Multiple R 0.931944
R Square 0.868519
Adjusted R Square 0.846605
Standard Error 0.064337
Observations 8
ANOVA
df SS MS F Significance F
Regression 1 0.16405 0.164054 39.63391 0.000748
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Residual 6 0.02483 0.004139
Total 7 0.18889
Coefficients Standard t Stat P-value Lower Upper Lower Upper
Error 95% 95% 95.0% 95.0%
Intercept 0.2408 0.0564 4.2683 0.0052 0.1027 0.3788 0.1027 0.3788
X Variable 0.246005 0.03907 6.2955 0.0007 0.1503 0.3416 0.1503 0.3416
(1f) Soybean-II
Regression Statistics
Multiple R 0.832442
R Square 0.692959
Adjusted R Square 0.631551
Standard Error 0.130664
Observations 7
ANOVA
df SS MS F Significance F
Regression 1 0.19266 0.19266 11.284 0.0201
Residual 5 0.085366 0.017073
Total 6 0.278028
Standard Lower Upper Lower Upper
Coefficients Error t Stat P-value 95% 95% 95.0% 95.0%
Intercept 0.201133 0.09680 2.0776 0.0923 -0.04771 0.4499 -0.0477 0.44998
X Variable
1 0.358022 0.10657 3.3592 0.0201 0.0840 0.6319 0.0840 0.6319
(g) Peanut-I
Regression Statistics
Multiple R 0.86169
R Square 0.74251
Adjusted R Square 0.70573
Standard Error 0.12568
Observations 9
ANOVA
df SS MS F Significance F
Regression 1 0.318875 | 0.318875 20.18646 0.002822
Residual 7 0.110575 0.0157
Total 8 0.42945
Standard Lower Upper Lower Upper
Coefficients Error t Stat P-value 95% 95% 95.0% 95.0%
Intercept 0.3422 0.0622 5.5009 0.0009 0.1951 0.4894 0.1951 0.4894
X Variable
1 0.155356 0.034578 | 4.492934 0.0028 0.073592 0.2371 0.0735 0.2371
(h) Peanut-II
Regression Statistics
Multiple R 0.875655
R Square 0.766772
Adjusted R Square 0.7279
Standard Error 0.084913
Observations 8
ANOVA l

149




df SS MS F Significance F
Regression 1 0.142227 0.142227 19.72586 0.004369
Residual 6 0.043261 0.00721
Total 7 0.185488
Standard Lower Lower Upper

Coefficients Error t Stat P-value 95% Upper 95% 95.0% 95.0%
Intercept 0.3195 0.057 5.531 0.0014 0.1781 0.4608 0.1781 0.4608
éariable
1 0.2202 0.049 4.441 0.00436 0.09890 0.3415 0.0989 0.3415

(i) ‘Wheat
Regression Statistics
Multiple R 0.790033
R Square 0.624152
Adjusted R Square 0.548983
Standard Error 0.661844
Observations 7
ANOVA
df SS MS F Significance F
Regression 1 3.637133 3.63713 8.30326 0.034526
Residual 5 2.190185 0.43803
Total 6 5.827317
Standard Lower Upper Upper

Coefficients Error t Stat P-value 95% 95% Lower 95.0% 95.0%
Tntercept -0.76731 0.64194 | -1.195 0.2856 24175 0.8829 241747 0.882851
gariable 5.543688
1 2.929933 1.0168 2.882 0.0343 0.3162 5.5439 0.31618

Several literature reviews have evaluated the use of the METRIC algorithm for estimating
ET,, LAI and Ts. For example, Reyes-Gonzalez et al. (2019) utilized Landsat data (path 29, row 29)
with the METRIC model. They conducted in-situ measurements to estimate ET,, LAI, and Ts for
corn in eastern South Dakota, USA, during the 2016 growing season at the satellite overpass time.
ET. was computed using an atmometer, K., LAI was measured using the AccuPAR model Lp-80
PAR/LAI Ceptometer, and Ts was measured with an Extech infrared thermometer model 42530.
Their results strongly agreed with METRIC model estimates and in-situ measurements for LAI, Ts,
and ET,, with R? values 0of 0.76, 0.87, and 0.89, respectively. This confirmed that the METRIC model
is a valuable tool for estimating ET., LAL and Ts at a field scale with high resolution. Additionally,
Alsenjar et al. (2022) and Cetin et al. (2023a) applied the R-METRIC model to compute ET,, crop
water stress index (CWSI), and LAI for wheat, lettuce, and potato crops over the AID in the winter
of 2021. The results demonstrated a strong correlation between CWSI and LAI for wheat (r = 0.95)
and lettuce (r = 0.99), while a moderate correlation was observed for potatoes (r = 0.44) during the
winter season of 2021. This relationship can be used to compute CWSI, LAI, and NDVI for different
crop types using RS data when the satellite overpasses the study area, offering an advantage over the

IRT procedure and in-situ measurements, which are limited to a point scale. The proposed equations
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derived from the relationship between mean NDVI and LAI can be widely used to assess vegetation
cover and calculate the Leaf Area Index (LAI) without relying on the METRIC model, which
typically demands more inputs and specialized expertise. By determining the NDVI and applying
these equations, LAI can be readily estimated for various plant types across large-scale irrigation
areas, even under varying vegetation cover conditions. This method offers a more straightforward
approach for large-scale agricultural assessments, streamlining LAI estimation across different crop
types. In general, it can be concluded that the METRIC algorithm is a valuable tool for estimating
ET. and generating by-products such as LAI, NDVI, Ts, etc., which are time-consuming, costly, and
labour-intensive to acquire using traditional methods at a field scale in arid and semi-arid regions.
High-resolution LAI and NDVI maps are essential for understanding crop conditions under non-

water-stressed and water-stressed scenarios.
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S. CONCLUSIONS AND RECOMMENDATIONS

Evapotranspiration (ET) is a critical water cycle component, especially following
precipitation. Accurate estimation of actual evapotranspiration (ET,) is vital, especially given the
impacts of climate change and the increasing demands of agricultural practices in semi-arid and arid
regions, such as Tirkiye's Lower Seyhan Plain (LSP). This study aims to compute ET. using various
models—METRIC, EEFlux-METRIC, SEBAL, and GeeSEBAL—along with the K.xpyi method.
These models employ Landsat data combined with both local and global climatic data. The analysis
focuses on two specific regions within the LSP: a non-stressed area and a stressed area near saline
lagoons, covering 2020 to 2023. In this study, 70 Landsat satellite images, i.e., all potentially
available images, were utilized to encompass the study area over the specified periods. Additionally,
in-situ meteorological data were collected from local meteorological stations, and field surveys were
conducted to identify crop types, serving as ground truth data. Reference evapotranspiration (ET,)
calculated by the FAO-PM method and crop evapotranspiration (ET.) were used as benchmarks to
compare against the estimated ET, derived from remote sensing (RS) data. In this thesis, the

conclusions and recommendations are presented as follows:

5.1. Conclusions to cropping pattern

The field visit data closely matched the crop classification maps generated using the
Artificial Neural Network (ANN) approach, particularly regarding overall accuracy across the Lower
Seyhan Plain's Akarsu Irrigation District (AID). For instance, during the 2021 water year, crops such
as lettuce, potato, sesame-II, palm, and watermelon achieved 100% classification accuracy, while
onion and wheat surpassed 90%. Other crops, including citrus, cotton (first and second crops),
soybean, peanut, and corn, showed accuracies exceeding 77%, with fruits displaying lower accuracy,
likely due to the similarity in shape between fruit orchards and citrus trees or their overlapping
coverage features. The classified crop maps for 2020-2023 were consistent with the post-processed
outcomes from the ANN model applied through ENVI software. This supervised classification model
proved highly reliable, achieving more than 90% accuracy in crop classification across the AID
during the study period. Additionally, the incorporation of ground truth data from stressed areas
provided critical insights into crop stress levels and rising groundwater, which had not been studied
before. This significantly contributed to the research, offering a deeper understanding of the results
and adding value to the overall study.

The use of the ANN algorithm for crop classification with high-resolution satellite data, such
as Sentinel-2, demonstrated high accuracy, especially in non-stressed regions. This methodology
holds excellent potential for broader applications in stressed and non-stressed areas of the Lower
Seyhan Plain and other agricultural regions worldwide. Integrating satellite data with field

observations has proven to be a robust method for crop classification, making it a promising tool for
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global agricultural monitoring and management. Additionally, Unmanned Aerial Vehicle (UAV)
data could be integrated to provide even higher-resolution imagery, enhancing crop classification
and improving the management of stressed areas, leading to better decision-making in water resource
management and crop health assessment. Expanding this approach globally could benefit agricultural

systems facing environmental challenges and support sustainable farming practices.

5.2. Conclusions on ET, estimations by the SEB models, Kc.xpvi and the “two-step” approach

The results revealed a strong correlation between actual evapotranspiration (ET,) estimated
using the METRIC model and reference evapotranspiration (ET,) from the FAO-PM model in both
non-stressed areas (NSA), the Akarsu Irrigation District (AID), and stressed areas (SA) of the Lower
Seyhan Plain on satellite overpass dates. The results demonstrated a good agreement between the
METRIC and SEBAL models with the “two-step” ET. method for 2020 to 2023 in the non-stressed
area. Discrepancies were observed in the annual ET, estimates between the METRIC and SEBAL
models compared to the ET. method. This variation arises because the ET. method utilizes reference
K. values representing standard crop conditions, whereas the RS-based ET, models account for the
actual conditions in the field. The EEFlux-METRIC and GeeSEBAL models have limitations related
to repairing the scanline errors, especially for Landsat 7, compared to standard models, i.e., METRIC
and SEBAL, that can correct these errors before running the models. However, the ET, values
obtained from the EEFlux-METRIC and GeeSEBAL models can be used as reference ET,, especially
in the absence of local climatic data. The equations presented in this thesis for estimating ET,, which
utilizes the EEFlux and METRIC models alongside ET, from the FAO-PM in the AID and stressed
areas, provide a viable alternative to using the METRIC model. Nevertheless, adopting this approach
requires specialized knowledge in handling specific input data and proficiency with the EEFlux
platform, which depends on global datasets. Future applications should consider these requirements
to effectively implement and benefit from the proposed methods.

Statistical evaluations of ET, revealed a strong agreement between the METRIC, SEBAL,
and Kc.npvimethods with ET. for various crop types, including first and second crops of cotton, corn,
soybean, peanut, as well as wheat, and citrus. However, the Kc.npvi method showed better alignment
with the ET. method during the middle growth stages of crops compared to the initial and harvesting
stages. The proposed Kc.npvi equations, derived from the relationship between reference K. and
NDVI for certain crops, can be generalized by researchers and stakeholders. This method offers a
modified approach for estimating ET., compared to the ET. method, in this region and similar areas

within the Mediterranean regions worldwide.

5.3. Evaluation and recommendations for ET; estimation tools
In the estimation of ET,, two versions of the water package in R were compared: a basic

version and an advanced version. The basic version is suitable for flat terrains, while the advanced
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version incorporates a Digital Elevation Model (DEM) to account for slope and corrections in high-
terrain areas. For the study area, results from both versions were similar when applied to flat terrains
for the years 2020-2023. Further comparisons were made between the advanced version of the water
package in R and the LandMOD ET mapper toolbox in MATLAB, focusing on specific dates:
September 9, 2021 (DOY 190) and October 21, 2021 (DOY 294). These comparisons showed nearly
identical results between the two toolboxes. However, the LandMOD ET mapper toolbox in
MATLAB offers several advantages over the R-METRIC model, including a) the ability to import
various types of Landsat data, including data from Landsat 9 and UAVs, b) the capability to estimate
ET. by running both the SEBAL and METRIC models within a single function, and c) support for
using both Landsat and MODIS data for ET. estimation. In contrast, the R-METRIC model is
restricted to using Landsat 7 and 8 data and is specifically designed for estimating ETa using the
METRIC model. Moreover, it does not support Landsat 9 data, launched on September 27, 2021. As
a result, the model is constrained to estimating ETa at the standard 16-day interval due to its reliance
solely on Landsat 7 and 8 data rather than achieving an 8-day interval. In general, these tools provide
robust capabilities for ET, estimation in research and practical applications despite differences in
data handling approaches.

In the estimation of ET, using the METRIC model, two versions of the water package in R
were evaluated: a basic version designed for flat terrains and an advanced version incorporating a
Digital Elevation Model (DEM) for slope and terrain corrections. For the study area, both versions
produced similar results for flat terrains from 2020 to 2023. Additional comparisons between the
advanced R package and the LandMOD ET mapper toolbox in MATLAB, conducted for specific
dates (September 9, 2021, and October 21, 2021), revealed nearly identical outcomes. However, the
LandMOD toolbox offers several advantages over the R-METRIC model, including (a) the ability to
import a broader range of Landsat data, including Landsat 9 and UAV data, (b) the functionality to
estimate ET, using both SEBAL and METRIC models within a single function, and (c) support for
both Landsat and MODIS data for ET, estimation. In contrast, the R-METRIC model is restricted to
Landsat 7 and 8 data and only supports the METRIC model. This limitation is particularly relevant
as Landsat 9, launched on 27 September 2021, is incompatible with the R-METRIC model. Despite
these differences, both tools offer strong capabilities for ET, estimation in both research and practical
applications. Researchers and engineers should consider using the LandMOD ET mapper toolbox
for projects requiring the integration of diverse Landsat datasets (including Landsat 9 and UAV5s)
and using both SEBAL and METRIC models. The R-METRIC model remains viable for studies
limited to Landsat 7 and 8 data and those focused solely on the METRIC model. Both tools are
adequate for ET, estimation, but the choice of tool should align with the project's specific data

requirements and modeling needs.
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5.4. Conclusions on ET;, estimation for various crops and evaporation from saline lagoons using
the METRIC method at satellite image acquisition dates

The METRIC model's mean ET, estimates for the citrus orchard in the Cotlu field closely
corresponded to those for the entire citrus-growing area within the AID. With strong agreement (r =
0.93, R> = 0.86, RMSE = 0.541 mm day' during satellite overpasses), the model demonstrates its
accuracy and reliability in estimating ET, for more significant citrus regions. The METRIC model
was applied to the citrus field in Cotlu village within the AID, near the Cotlu meteorological station.
Thus, the proposed equation (ET.-merric-amm = 0.8615 X ETameTrIC-Cotu + 0.2662) provides a practical
approach for estimating ET, for all citrus crops across the AID once the ET, for citrus in the Cotlu
field has been determined through researchers using the METRIC model. This method provides
researchers and stakeholders with a reliable tool for calculating ET, for citrus crops across the Lower
Seyhan Plain, even under diverse conditions. By applying the METRIC model to the Cotlu field, this
equation allows for accurate ET, estimation over larger areas, thereby improving water management
strategies and supporting better agricultural decision-making in the region.

The METRIC model demonstrated its effectiveness in estimating ET. for mixed
intercropping systems commonly practiced in citrus plantations in the Lower Seyhan Plain (LSP).
Intercropping combinations, such as saplings with watermelon or cabbage, exhibited higher ET, than
orchards consisting solely of saplings during the same period. This finding underscores the model’s
ability to capture the complexities of intercropping, offering more precise water use assessments.
Researchers and stakeholders can leverage the METRIC model to monitor intercropping practices in
citrus orchards and other mixed-crop systems, improving water resource management and promoting
sustainable agricultural practices.

The comparison of ET, values from the METRIC and SEBAL (via PySEBAL in Python)
models with lysimeter measurements for soybean-II demonstrates that the METRIC model
outperforms PySEBAL in accurately estimating ET.. This highlights the METRIC model as a
preferred method for ET, estimation and its validation against ground-based measurements.
Researchers should consider the METRIC model for field-level studies that require validation against
lysimeters or other in-situ measurements.

In stressed areas of the Lower Seyhan Plain (LSP), the METRIC model consistently
produced lower ET, values than non-stressed areas for crops such as corn, cotton, soybean, peanut,
citrus, and wheat. It is recommended that the METRIC model be included in agricultural monitoring
across both stressed and non-stressed areas to optimize irrigation strategies and improve crop health
evaluation. This approach allows for timely interventions, ensuring more efficient water resource
management.

The METRIC model effectively estimated evaporation from saline lagoons and actual
evapotranspiration (ET,) from nearby pasture and agricultural fields during satellite overpasses,

capturing substantial spatiotemporal variations often missed by traditional methods. These findings
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highlight the model's suitability for areas with complex land use and environmental conditions, where
accurate detection of spatial variations in ET, and evaporation is essential for optimizing water
management. The model is highly recommended for researchers studying large-scale water dynamics
and stakeholders responsible for planning irrigation systems.

Additionally, the METRIC model can determine the NDVI and LAI for crops. An
exponential model between average NDVI and average LAI was established to assess the relationship
for certain crops over the AID. The study established exponential models between average NDVI
and LALI for specific crops in the AID, which can be applied and generalized in similar agricultural
settings. Researchers and practitioners should incorporate these equations into crop monitoring
systems, providing a practical method for estimating crop health and water use. This approach can
enhance precision agriculture techniques, particularly for optimizing irrigation schedules and
improving crop yield forecasting.

Applying RS-based ET, models and the Kc.npvi method showed good agreement with ET,
from the FAO-PM and ET. methods across the study area. For large areas, RS-based ET. models
such as METRIC and SEBAL are practical tools for computing ET, for different crop types at various
growth stages with high spatial resolution in flat terrain areas of semi-arid regions. Maps of ET,
derived from RS-based systems like METRIC, SEBAL, and Kc.npvican be used as inputs for daily,
monthly, and seasonal models. These models support agricultural water management, reservoir
operations, groundwater management, water balance assessments, hydrological modeling, and
irrigation planning for large-scale irrigation schemes. Moreover, compared to traditional point-scale
methods, estimating LAI and NDVI can be valuable indicators for monitoring crop vegetation and
health conditions. Remote sensing techniques do not directly measure ET, but infer it through surface
energy balance calculations or vegetation indices. These methods are highly effective for assessing
ET, over large areas and capturing spatial variations, particularly when using thermally driven
surface energy balance techniques. Satellite-based actual evapotranspiration (ET,) estimations, such
as those derived from the METRIC model, can generate crop coefficient (K.) curves and ET, for
various scenarios. These include new crop types, different geographic areas, new planting schedules,
and regions experiencing water stress.

To improve the practical implementation of this study, specific steps can be outlined for
applying the recommendations. These include integrating the proposed methods into existing
agricultural monitoring systems, such as incorporating satellite-based ET, models into local irrigation
management practices. Training local stakeholders, including farmers and water resource managers,
on how to use these models to optimize water use and crop management will further enhance
efficiency. The Kc.npviapproach should be adapted to region-specific crop types, growth stages, and
climatic conditions, with local calibration data collected to increase accuracy. Furthermore,
establishing regular data collection protocols (e.g., monthly satellite overpasses and updates from

weather stations) along with ground-based validation methods, such as lysimeter data, can help
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agricultural and water managers to ensure the sustainability and reliability of ET, estimates for
decision-making procedures.

Future research should prioritize expanding the integration of UAV data into remote sensing-
based ET. models to improve spatial resolution and enhance ET, estimates in areas with complex
terrain and environmental variability. UAVs offer higher-resolution data, which can significantly
refine ET, estimations, particularly in heterogeneous landscapes where satellite data may be
insufficient. Additionally, investigating hybrid approaches combining the advantages of the SEBAL
and METRIC models could result in more accurate ET, assessments under diverse conditions. This
would enable a more comprehensive evaluation of ET,, especially in regions with varying
topography and climate variability, ultimately advancing precision water management strategies in

agriculture and hydrology.
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