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ABSTRACT
OF THE THESIS OF

Rim Ali Hazimeh for Master of Science
Major: Irrigation

Title: Impact of Evapotranspiration and Biomass Model Selection on Irrigation
Economics: WaPOR, HSEB, and GYMEE. Insights from the Litani River Basin

Using Economic Irrigation Water Productivity (EIWP) as an indicator for on-farm
irrigation decision-making is of utmost importance in addressing the challenges posed by
poor policies in managing agricultural water use, particularly in water-scarce basins.
Various modeling systems are available for quantifying crop actual evapotranspiration
(ETa) and biomass needed for measuring the economic output obtained from each unit of
irrigation water utilized. The difference in ETa and biomass estimates between the
modeling systems could translate into a difference in EIWP outcomes, which influences
the basin-wide irrigation water management. In this paper we examine the influence of
selecting different ETa and biomass models, particularly the hybrid single-source energy
balance HSEB, the Global Field-Scale Crop Yield and ET Mapper in Google Earth
Engine GYMEE, and FAO’s WaPOR V2, on evaluating EIWP on a basin-wide level.
The method includes combining remote sensing and economic data to compare variability
in ETa, biomass, and EIWP values derived from HSEB, GYMEE, and WaPOR. The
approach is demonstrated with field survey data from the upper hydrologic unit of
Lebanon’s largest catchment, the Litani River Basin, in its three productive districts
Baalbak, Zahleh, and West Bekaa for the year 2021. Field-scale mean monthly ETa and
biomass estimates for all crops, obtained from both models, are very comparable. On a
district level, the results reveal a reasonable model agreement for the four crops in the
estimation of ETa with moderate to strong correlation (0.75 < r < 0.95). WaPOR
consistently produces slightly higher mean ETa values for potato, wheat, and table grapes
when compared to HSEB. Both models reasonably agree when estimating biomass for
the four crops with high correlation (r > 0.9). Contrary to the ETa results, the GYMEE
model consistently estimates slightly higher mean biomass values for all crops compared
to WaPOR. The EIWP values produced by both models consistently indicate that potato
holds the highest EIWP across all districts, followed by onion, table grapes, and wheat.
The mean district HSEB-GYMEE model derived EIWPs are slightly higher than those
derived from the WaPOR model for most crops. For EIWP obtained from HSEB-
GYMEE, mean EIWP for potato is 12 times higher than that of wheat. As for that obtained
from WaPOR, mean EIWP for potato is 10 times higher than that of wheat. The paper
establishes a basis for future research on the application of remote sensing models in
addressing water-stressed and socioeconomically challenged basins, with the potential to
inform strategic irrigation management decisions based on model selection.
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CHAPTER 1

INTRODUCTION

1.1. Economic Irrigation Water Productivity for Global Water and Food
Challenges

Water plays a decisive role in food production. As global water resources
continue to decline, there is a greater focus on maximizing the economic output
obtained from each unit of irrigation water utilized, known as Economic Irrigation
Water Productivity (EIWP), rather than the output obtained from each unit of land
(yield) (FAO & World Bank, 2022). As water demands are contingent on yield levels
and considering that blue water consumption directly impacts production costs, a farmer
might regard economic irrigation productivity as a fitting factor for guiding decisions in
irrigation water management (Schmitz et al., 2013; Zisopoulou, Zisopoulos, &
Panagoulia, 2022). Crop actual evapotranspiration (ETa) and biomass are factored in
the evaluation of EIWP, hence the selection of different remote sensing-based ETa and
biomass models influences the basin-wide assessment of EIWP. The methodological
approach adopted by each model becomes a critical determinant in this evaluation
process. Potentially, this selection could have an impact on decision-making processes
regarding policies and investments in semi-arid regions and water-scarce basins.

Irrigated lands produce much of the world’s food and fiber (Foley, Thenkabail,
Aneece, Teluguntla, & Oliphant, 2020). While natural rainfall alone would only be
sufficient for rainfed crop production, irrigation water is a critical resource that enables
the increase of yields and the production of agricultural commodities. Crop production
is sparked by the liberalization of global markets, even in basins that are water-scarce,

overlooking water availability (Hellegers, Soppe, Perry, & Bastiaanssen, 2010). This



emphasizes the necessity of estimating irrigation water productivity in economic terms.
In rainfed crop cultivation, farmers can only grow their crops during the growing season
every year due to rainfall reliance, making them highly vulnerable to recurring droughts
and flooding under climate change, hence provoking socioeconomic risks (Tubiello et
al., 2008). Irrigation is used largely to produce most of the world’s supply of crops,
while accounting for a significant share of groundwater withdrawals (70%) (Fitton et
al., 2019). In applications of agricultural water management and crop yields, accurate
and near-daily ET estimates, which constitute a considerable portion of the surface
water balance following precipitation, hold essential significance (Arnold, Srinivasan,

Muttiah, & Allen, 1999).

1.2. Economic Irrigation Water Productivity: A Key Indicator for Informed
Policymaking in Agricultural Water Management

Economic Irrigation Water Productivity (EIWP), a key indicator for informing
policymaking in improving irrigation water management, factors in crop yields and
irrigation practices observed across different farms and over varying years. Major
undertakings aimed at enhancing agricultural water management primarily focus on
augmenting the productivity of crops in relation to the amount of water utilized,
commonly referred to as Crop Water Productivity (CWP) (Foley et al., 2020; Kang et
al., 2017; Molden et al., 2007; Safi, Karimi, Mul, Chukalla, & De Fraiture, 2022; Zwart
& Bastiaanssen, 2004). However, particularly in arid and semi-arid regions, water
consumption has a significant impact on economic growth, hereafter underscoring the
promotion of EIWP as a key assessment tool in agricultural water use (Bashe,
Alamirew, & Dejen, 2022). The concept of EIWP plays a central role in recent

agricultural water policy interest, particularly in the valuation of irrigation water and



determining cropping priorities. When utilizing performance indicators, notable
uncertainties can affect the accuracy of these metrics, including the definition of profit
and irrigation water volume.

Scholarly sources report on several definitions of EIWP, of which certain studies
integrate remotely sensed ET and crop yields with economic analysis (Table 1).
Droogers, Malik, Kroes, Bastiaanssen, and Van Dam (2003) integrate remote sensing at
regional and field scales with four terms of economic water productivity to develop
modeling approaches that explore future scenarios of increasing water productivity. The
literature indicates that Molden et al. (2007) define water productivity in economic
terms as the value derived per unit of water used. Biradar et al. (2008) develop methods
for water productivity mapping of irrigated areas on a river basin scale using remote
sensing and field-plot data at several spatial, spectral, and radiometric resolutions, and
delineate areas of high and low EIWP. A key contribution of Hellegers et al. (2010) is
defining EIWP as the net economic benefits per unit of water consumed (USD/m3), in
other words, the net water return to the producer, also first termed in 2005 as the ‘value
of water’ by Young and Loomis (2014). The net economic benefit is the result of
multiplying beneficial biomass by the market price, subtracting the financial production
costs (excluding water). According to Nouri et al. (2020), economic irrigation water
productivity is determined by dividing the output's value at the farm gate by
evapotranspiration. Santos, Lorite, Tasumi, Allen, and Fereres (2010) and Adeboye,
Schultz, Adekalu, and Prasad (2015) consider irrigation water applied in the definition
of irrigation water productivity rather than solely ET values as cited by previous
authors. While these alternative definitions may be simpler to implement than the one

employed in this research, they do not account for production costs, and only involve

10



actual ET instead of irrigation water applied to the field. For crops with substantially
varying costs, relying on the gross production value may not be an accurate indicator of
differences in return of water. Definitions for measuring the irrigation water volume are
adapted from Santos et al. (2010) and Adeboye et al. (2015) which include all on-farm

consumptive uses.
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Table 1. Literature review on definitions of Economic Irrigation Water Productivity
(EIWP) for agricultural water management and policy.

Authors

Droogers et
al. (2003)

Molden et al.

(2007)

Biradar et al.

(2008)

Hellegers et
al. (2010)

Santos et al.
(2010)

Adeboye et
al. (2015)

Nouri et al.
(2020)

Case Study

Sirsa district,
India

n/a

Syr Darya
river basin,
Central Asia

Inkomati
Basin, South
Africa

Genil-Cabra
Irrigation
Scheme,
Southern
Spain

Ile-Ife town,
Nigeria

Upper Litani
Basin,
Lebanon

Remote Sensing

Yes. Landsat-7 ETM
and NOAA-16 for
derivation of actual
ET.

SEBAL algorithm for
crop yield estimation

No

Yes. Yield modeling
and actual ET;
Quickbird, Landsat
ETM+, IRS-P6-
LISS3, MODIS
(MOD09Q1 and
MODO09A1)

Yes. Actual ET,
beneficial biomass,
and CWP using
SEBAL algorithm and
Landsat, MODIS, and
TRMM satellite
images

Yes

No

No

12

Economic Irrigation Water
Productivity

Expressed per unit of water
of 1) crop transpiration, 2)
ET, 3) irrigation, and 4) total
water supply

Value derived per unit of
water used

Average market value of
crop defined as the
economic value (USD) per
unit of water used or actual
ET

Net production value
(beneficial biomass and
market price minus variable
and fixed production costs)
per unit of water consumed
($/m3), following the
Residual Method detailed by
Young (2014)

Increase in value of
production due to irrigation
per volume of irrigation
water applied

Marketable crop yield
multiplied by the market
price per volume of
irrigation water applied

Value of output at farm-gate
divided by ET



1.3. Remote Sensing Based Models for EIWP-Informed Policymaking

The opportunities for integrating data obtained from remote sensing based ETa
and biomass models with economic data are high and vital for informing decision
makers on the design of sensible water policy conducive towards sustainable irrigation
water-use by farmers (Biradar et al., 2008; Droogers et al., 2003; Hellegers et al., 2010).
In data-poor countries with water-scarce basins, water productivity challenges are
serious due to the sparse availability of proper irrigation infrastructure, ground
measurements, and water metering technologies. These limitations often hinder the
ability to gather information about spatial water use changes occurring at large extents,
marking the value of frequent satellite observations (McShane, Driscoll, & Sando,
2017). Remote sensing, which is more suited for mapping spatial and temporal
variability, has made it possible to estimate near real-time water productivity, and has
emerged as an effective and reproducible technique to complement point-based ET
observational methods (Jaafar, Mourad, & Schull, 2022). In a review performed to
assess the accuracy of remotely sensed and in-situ water productivity products,
Blatchford, Mannaerts, Zeng, Nouri, and Karimi (2019) identified that remote sensing
can estimate water productivity within the error range of in-situ methods. Users and
managers of water resources have a stake in accurately estimating water use. Over the
past few years, several modeling systems were developed for estimating actual
evapotranspiration (ETa) at scales useful to water resource managers - agricultural
fields and the extent of river basins. Recent efforts (Guzinski & Nieto, 2019) employed
a sharpening machine-learning algorithm based on the use of Sentinel-2 and Sentinel-3
satellite images to generate 20m ET. There were also attempts to sharpen thermal data

sourced from ECOsystem Spaceborne Thermal Radiometer Experiment on Space
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Station (ECOSTRESS) and the Visible Infrared Imaging Radiometer Suite (VIIRS)
using the harmonized Landsat and Sentinel-2 Surface Reflectance (SR) data at 30m
resolution (Xue et al., 2020). The Food and Agriculture Organization (FAO) Water
Productivity Open-access portal (WaPOR) ETLook model, uses the Penman Monteith
approach to generate ETa by deriving soil moisture from Land Surface Temperature
(LST) inputs (FAO, 2020). Detailed methodology of the ETLook algorithm is described
in (Bastiaanssen, Cheema, Immerzeel, Miltenburg, & Pelgrum, 2012). Jaafar et al.
(2022) expanded on previous efforts and developed a Hybrid Surface Energy Balance
‘HSEB?’, a field-scale ET model with validated global operational capabilities, and
maximized spatiotemporal resolution, by sharpening Thermal Infrared (TIR) inputs with
harmonized SR data from Sentinel-2, Landsat, and digital elevation data.

In addition to ET models, EIWP also relies on remote sensing-based biomass
models to obtain crop yields. A significant body of literature proposes that the radiation
or light use efficiency (LUE)-based biomass model, as introduced by Monteith (1972),
holds substantial promise for accurately estimating crop yield when integrated with
satellite data. However, this method relies on the use of medium-resolution data, which
may pose limitations when attempting to apply it to small fields. The WaPOR V2
biomass methodology is based on the C-Fix Model described in (Veroustraete, Sabbe,
& Eerens, 2002). Recent efforts (Jaafar & Mourad, 2021) developed the Global Yield
and Evaporation Mapper in Earth Engine (GYMEE) which is a Google Earth Engine
(GEE)-grounded operational remote sensing and evapotranspiration-based light use
efficiency model that estimates the global crop yield at 30 m resolution using Landsat

satellite imagery, combined with gridded weather data and global soil datasets. The
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results of the study suggest that the model is of high value for estimating the yield of
wheat, potato, and corn in Mediterranean, semi-arid, and tropical climates.

This research examines the influence of selecting different ETa and biomass
models, particularly HSEB, GYMEE, and FAO’s WaPOR V2, on evaluating EIWP on a
basin-wide level. The difference in ET and biomass estimates between the modeling
systems could translate into a difference in economic irrigation water productivity
outcomes, which provides reference for decision making in on-farm irrigation. We build
upon the methodology developed by FAO and World Bank (2022). The usefulness of
combining remote sensing and economic data to assess variability in EIWP is
demonstrated with field survey data from the Upper Litani River Basin in Lebanon in
the three productive districts Baalbak, Zahleh, and West Bekaa. The aim is to gain a
deeper understanding of the disparities between model results and the variations
observed across different zones within the basin. During a science-policy stakeholder
workshop conducted in Beirut in April 2023, it was agreed that some strategies which
are effective in one zone of the Upper Litani Basin may not necessarily be applicable to
other zones within the same basin. Rather, a more nuanced approach may be required,
where strategies are tailored to the specific needs and characteristics of each zone to
maximize their effectiveness. While the current study is based on potato, wheat, table

grapes, and onion, the same framework can be expanded to other crops
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CHAPTER 2

METHODS

2.1. Background to the Case Study: Litani River Basin (LRB)

The Litani River Basin (LRB) is experiencing water shortages and is
representative of many other river basins in the Mediterranean region. Lebanon ranks
among the five most water-stressed countries due to the significant demand placed on
irrigated agriculture, paired with other contributing drivers, according to Kuzma,
Saccoccia, and Chertock (2023). The LRB, the country’s largest catchment with a total
area of 217,600 ha (20% of Lebanon’s total area), consists of two main hydrologic
units: the Upper Litani Basin and the Lower Litani Basin. These two units are
interconnected in the central part of the basin at the Qaraoun reservoir. The pilot study
area for the implementation of the FAO WaPOR tool lies within the Upper Litani River
Basin, encompassing the fertile Bekaa agricultural plain. Population increase is the
primary driving force modifying demands on the basin’s available water resources,
where inhabitants live under water stress (Jaafar, Ahmad, Holtmeier, & King-Okumu,
2020). The basin is of major concern to local stakeholders and river basin planners as
more than 45,000 ha are devoted to irrigated agriculture in the 180,000 ha Upper Litani
Basin (Jaafar et al., 2016), and more than 320 million cubic meters of water is estimated
to be pumped from groundwater in this basin (Jaafar & Ahmad, 2020). About 60% of
water withdrawals come from irrigated agriculture, most of which are met through
groundwater extractions, while currently groundwater resources in the LRB are depleted

by around 57.5 million cubic meters per year (Jaafar et al., 2016).
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Figure 1. Geographic location of the study area across the districts of Baalbak, Zahleh, and West
Bekaa within the Upper Litani River Basin in Lebanon.

On top of agricultural water demand, the river supplies water to over a million
inhabitants with conflicting water uses including domestic, municipal, and hydropower,
while cross-bordering three administrative areas: South Lebanon, Baalbak-Hermel, and
Bekaa, and joining the inner and the coastal zones of Lebanon. Most of the domestic
and industrial water in the basin is left untreated, with high levels of pollution resulting
in non-recoverable flow of about 469.5 million cubic meters per year (Jaafar et al.,
2016), threatening public health and ecosystem functions. The Litani River is a key
component in Lebanon's socioeconomic growth, as it is a central hub of agricultural and

human activities, with agriculture in the Bekaa valley being the largest water consumer
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in the basin. The Bekaa agricultural plain, the nation's breadbasket, is nourished by the
176 km Litani river, which irrigates thousands of hectares of agricultural land including
potato, wheat, onion, and table grapes (Jaafar et al., 2016).

The LRB is recharged by local rainfall episodes limited to 90 to 100 days
between October and April with an average annual precipitation of 630 mm, as well as
by snowmelt from snowfall that occurs at elevations above 1,200 m for 25-30 days per
year. The river flow is hence characterized by a seasonal pattern and a significant
interannual variability. Abrupt dissimilarities are prevalent in temperatures across the
catchment of the LRB due to its varied topography with a mean monthly temperature of
21.5°C. The Mediterranean climate in the Bekaa is marked by hot, dry summers and
wet winters, placing a high demand on pumping water for irrigating agriculture, which
exceeds the annual recharge, likewise other developing countries — Libya, Saudi Arabia,
Yemen, and Egypt — where it is estimated that the annual amount of water used for
irrigation exceeds their renewable water resources (Alexandratos & Bruinsma, 2012).
To sustain crop yields during this climate, farmers in the LRB irrigate crops from May
to October, which is the main irrigation season in the basin (Jaafar et al., 2020).

Of particular interest to our study is leveraging accurate crop mapping of the
Bekaa agricultural plain for the derivation of reliable ET, biomass, and EIWP values.
The crop maps generated by WaPOR automatically differentiate between irrigated and
rainfed pixels. However, this classification may not always be accurate, particularly for
crops that receive supplementary irrigation such as wheat (FAO & World Bank, 2022).
The study area covers agricultural fields surveyed during the 2021 summer season in

the months of May to August, across the three producing districts: Zahleh, Baalbak, and
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West Bekaa. The 17-day field survey maps 30 crops in the Bekaa plain, of which the

major crops, namely potato, wheat, onion, and table grapes, were involved in this study.

2.2. Data

Figure 2 provides a schematic representation of the framework for estimating
EIWP from the different ET and biomass models (HSEB, GYMEE, and WaPOR) for
the studied crops during the 2021 growing season in the study area within the Litani
River Basin in Lebanon. The illustration is adapted from FAO and World Bank (2022).
First, field-scale actual ET and biomass estimates from the models are derived and
compared. Second, a) actual ET figures from both models are used to calculate the
irrigation water volume component of EIWP by deriving water applied by farmers at
the field scale based on ET from rainfall, while accounting for the irrigation system
efficiency in the analysis; b) the biomass values are used to estimate crop yields which
are needed for the profit component of EIWP. Third, field-scale EIWP values from
both models are derived and analyzed.

HSEB WaPOR GYMEE I WaPOR Economic
Actual ET Actual ET Biomass Biomass Database

v

_ Calculate yield figures for the ¥
Minus _ET irriC Zﬁgft:g:if:ntgtﬁi f(;Lteh:l of profit component of EIWP with user- X Farm Gate Minus Total
from Rainfall g EIWP over surveyed fie’\;:js defined crop specific parameters over Price Profit

surveyed fields

ET from Irrigation

Farmer's Net Profit
from Irrigation

Irrigation System
Efficiency

Irrigation Water
Applied to Field

EIWP Estimation

Data Analysis to assess the impact
of the models on EIWP

Figure 2. Workflow for the estimation of Economic Irrigation Water Productivity from
the three models HSEB, GYMEE, and WaPOR adapted from the methodology of FAO
and World Bank (2022).



2.2.1. Estimation of Actual Evapotranspiration and Irrigation Water Applied: HSEB
and FAO WaPOR

We use actual Evapotranspiration (ETa) to quantify agricultural water
consumption. A significant divergence between WaPOR and HSEB models is whether
the vegetation and soil components are treated independently as in the WaPOR
approach, or as a combined composite as in the hybrid single-source energy balance
model, HSEB, which treats the land surface as a bulk source of water vapor and heat
(Jaafar et al., 2022). The WaPOR modeling system involves the sum of all three
parameters: the soil evaporation (E), canopy transpiration (T), and evaporation from
rainfall intercepted by leaves (1), where the value of each pixel represents ETa in each
month. HSEB generates a 5-day ET product for any land location at a 30 m spatial
resolution, which are further aggregated to weekly and monthly time steps, by
combining MODIS and VIIRS LST, Landsat thermal bands, and the harmonized
surface reflectance of Sentinel-2 and Landsat. WaPOR on the other hand is available at
a 30 m resolution at three temporal extents: dekadal, monthly, and annual. Table 2
summarizes the general characteristics of the two remote sensing-based ET modeling
systems HSEB and FAO WaPOR. We use HSEB to derive agricultural water use values
because it utilizes finer resolution imagery that is more suitable to estimate ETa in the
heterogeneous landscape of the Litani River Basin study area than models with coarser

resolution.
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Table 2. General characteristics of the remote sensing-based ET modeling systems used
in this study: HSEB (Jaafar et al., 2022) and FAO WaPOR.

HSEB WaPOR
Model Single-source energy ETLook (Bastiaanssen et al.,
balance 2012)
Parameters
Temporal Resolution Daily, weekly, monthly Dekadal, monthly, annual
Spatial Resolution 10-20m and 30m Between 30m and 250m
Spatial Coverage Global Africa and Near East
Operational Google Earth Engine

Environment

We used sub-national 30m spatial resolution Actual Evapotranspiration and
Interception (AET], hereafter ETa for consistency) datasets derived from WaPOR V2.1
on a monthly temporal resolution over the Bekaa, Lebanon, in conjunction with the
surveyed crop-type mapping to generate monthly and seasonal actual ET quantities of
each crop at the field scale. ETa raster data were scaled as per WaPOR conversion
factor, and monthly sum ETa was calculated for each crop following the local farmer’s
agricultural practices and crop calendar. Zonal statistics were performed in GEE over
the fields to derive the mean monthly ETa of each crop. We summarized mean crop
ETa over the growing season (mm) per district (Baalbak, Zahleh, and West Bekaa) by
accumulating monthly ETa values (mm) from Start of Season (SOS) to End of Season
(EOS).

For the HSEB-modeled ETa, we calculated the average ETa for each scene
captured by both Landsat 7 and 8 satellites over individual fields during the twelve
months of 2021. This data was obtained using Google Earth Engine (GEE).
Subsequently, we aggregated this data to obtain monthly and seasonal ETa values for
each field. To compute the monthly ETa, we first determined the average ETa across all

the scenes available for a particular month. This average was multiplied by the number
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of days in that specific month to obtain the total ETa for that month. These monthly
ETa values were then summed up to obtain the seasonal ETa for each field.
Additionally, we undertook a comparison of the reference evapotranspiration (ETref)
derived from both the HSEB and the WaPOR ETref models over the Bekaa, as well as a
comparison of the seasonal ETa values obtained from both models, encompassing all
fields under consideration. We seek to identify whether the discrepancies arise from
variations in the computation of ETref between the HSEB model utilized by GYMEE
and the method employed by WaPOR, or if they stem from differences in the
subsequent conversion from ETref to ETa. The objective of this comparison was to
evaluate the disparities in output between these two models and to determine if
significant variations exist in the estimation of actual evapotranspiration across diverse
districts within the basin.

We derived irrigation ET per crop by summing ETa values derived from both
models during the summer months when irrigation was applied. In this study, there is a
critical distinction between irrigation water applied by the farmer and water consumed
by the crop. Irrigation water applied to the field is the preferred metric since it enables a
straightforward comparison between the irrigation water net return and the price (FAO
& World Bank, 2022). We quantified water applied by farmers at the field scale (1)
based on crop seasonal ETa and ET from rainfall, while accounting for the irrigation
system efficiency in the analysis (Figure 3). Irrigation system efficiency is the fraction
of irrigation water applied that is beneficially consumed by the crop and can be
increased by modern irrigation technologies (Perry, 2007). Irrigation system efficiencies

and types in the Bekaa were adapted from Jaafar et al. (2016).
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Irrigation ETseqsonal (1)
Irrigation System Ef ficiency

Seasonal Irrigation Water Applied to Field =

Irrigati Irrigatio
Start of Season - End of Season frigation rrigation

System System
Type Efficiency
Crop
Potato 1 31
Wheat 1 30 ‘;‘:ﬁzi';"".” 75%
Onion
Table Grapes k3 80%

PP

Figure 3. Start of Season (SOS) and End of Season (EOS) dates and irrigation system
type and efficiency for potato, wheat, onion, and table grapes after Jaafar et al. (2016).

2.2.2. Biomass and Yield Estimation: GYMEE and FAO WaPOR

2.2.2.1. Biomass Comparison and Estimation

Familiarity with the method of computing variables within various biomass
models is essential for assessing Net Primary Production (NPP), which is a key
component in biomass models (Running, Nemani, Glassy, & Thornton, 1999),
particularly in semi-arid regions and water-scarce basins. On both global and regional
levels, earth observation-based calculations of fraction of absorbed photosynthetically
active radiation (APAR) as well as environmental stressors play a crucial role in

evaluating yield estimates.

Ongoing research has aimed to establish more physically grounded correlations
between vegetation growth and the Normalized Difference Vegetation Index (NDVI) by
employing parametric models. These models generally stem from the concept of Light

Use Efficiency (LUE) proposed by Monteith (1972), seeking to delineate light
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absorption by plant canopies through a relation between NDV1 and fraction of
Absorbed Photosynthetically Active Radiation (APAR) (Goward & Huemmrich, 1992;
Hanan, Prince, & Bégué, 1995). APAR denotes the fraction of sunlight absorbed by
leaves within the 0.4-0.7 um spectrum and consequently reflects a canopy's energy
absorption capacity (Fensholt, Sandholt, & Rasmussen, 2004). APAR retains its
expression as a ratio but can be transformed into absorbed photosynthetically active
radiation, often measured in MJ/m2, by multiplying the fPAR ratio with incident
Photosynthetically Active Radiation (PAR). The utilization of the LUE principle for
NPP modeling hinges upon a robust correlation between the biophysical variables
APAR and NDVI. A multitude of researchers have examined this relationship, with
consensus indicating a compelling linkage between APAR and NDVI (Myneni et al.,
2002). Empirical evidence derived from satellite observations suggests that the
relationship between NDVI1 and APAR is either linear or approximately linear for green
vegetation (Prince & Goward, 1995; Ruimy, Saugier, & Dedieu, 1994), a conclusion
further supported by radiative transfer models (Goward & Huemmrich, 1992; Myneni &
Williams, 1994). Significantly for our investigation, the GYMEE model integrates an
equation for fPAR expressed as 1.257xNDVI - 0.161 (Jaafar & Mourad, 2021), whereas
the WaPOR V2 model employs a fPAR equation of 0.8642xNDV1 - 0.0814, as derived
from the work of (Veroustraete et al., 2002). For the sake of our comparative analysis,
the fPAR equation from WaPOR V2 was employed consistently across both models.
We followed the processing chain of each biomass model (GYMEE and
WaPOR V2 - level 3) and dissected the variances between their equations. Our analysis
delved into these equations and how they might affect the biomass values generated by

each model. This, in turn, has significant implications for the decision-making process
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surrounding crop yields, hence impacting EIWP. As outlined in Table 1A in Appendix
1, we broke down the GYMEE and WaPOR V2 biomass equations, elucidating the
specific data components involved. This encompasses fundamental elements crucial to
biomass derivation, as well as the comprehensive consideration of environmental

stressors.

Net Primary Production (NPP) represents the conversion of carbon dioxide into
biomass through photosynthesis and is a crucial feature of an ecosystem (FAO, 2020;
Running et al., 1999). In the WaPOR V2 biomass model, the NPP value for each pixel
corresponds to the average daily NPP for that specific dekad (gC/m2/day). The
determination of NPP involves six key factors, including daily weather data
(Tmin/Tmax) and solar radiation, dekadal inputs from APAR, soil moisture stress, as
well as seasonal inputs from land cover-specific light use efficiencies (Swinnen, Van
Hoolst, & Toté, 2019) and CO2 (for more details on the methodology, reader can refer
to FAO (2020) and the C-Fix model of Veroustraete et al. (2002)). In the GYMEE
model, NPP is calculated as a product of APAR, light use efficiency (LUE), and the
impact of the environmental stressors affecting biomass production.

Comparing the two NPP equations of WaPOR V2 (5) and GYMEE (6), we
observe that the LUEmax values are different for the two models (2.5 g/MJ for GYMEE
and 2.7 g/MJ for WaPOR V2, which is to be updated to 2.49 g/MJ in the upcoming
WaPOR V3 (FAO, 2023). LUEmax specifically refers to the maximum efficiency at
which plants convert absorbed light energy into biomass through photosynthesis

achievable under optimal conditions. However, the relationship between LUEmax and
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biomass is influenced by various factors such as environmental conditions, which may
drive biomass differences. We also observe that the GYMEE model includes additional
stress factors, Vapor Stress (VS) and Temperature Stress (TS). The HSEB-GYMEE
model accounts for plant temperature constraint (TS) in its actual ET model based on
the relationship between temperature stress and Jarvis coefficient (FRAME, 2020;
Jaafar & Mourad, 2021). Additionally, the 0.63 factor in the WaPOR equation captures
the fraction kept after autotrophic respiration (EAR) effect and the normalized CO2
fertilization (E€02) effect on biomass (Veroustraete et al., 2002). Within the GYMEE
model, the VVapor Pressure Deficit (VPD) is regarded as a significant factor affecting the
water and carbon requirements of crops (Jaafar & Mourad, 2021). We additionally note
that the coefficient 0.864 within the GYMEE equation serves unit conversion. This
conversion factor accommodates the shift from W/m2 to MJ/m?#/day and compensates
for alterations in area units from square meters to hectares. Both models incorporate
Soil Moisture Stress (SM) as a reduction factor to account for lowered water
availability. GYMEE captures SM by characterizing anomalies in the actual-to-potential
24-hour transpiration ratio (Tact24/Tpot24) through the energy balance with the
standardized American Society of Civil Engineers (ASCE, 1996) — Penman—Monteith
equation, as described by Jaafar and Mourad (2021). On the other hand, WaPOR builds
upon the trapezoid method introduced by Yang et al. (2015), an advancement over
Carlson's Triangle method from (Carlson, 2007) (for details on the SM equations per

model, reader can refer to Table 1A in Appendix 1).
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WaPOR NPP =NPPB,,,, X fPAR x SM x ELUE (2)
where:
NPP: Net Primary Production [gC/m?]
NPPmax: Maximum Net Primary Production [gC/m?]
fPAR: Fraction of Photosynthetically Active Radiation [-] equals to
0.8642xNDVI — 0.0814 and which is being updated to 1.257xNDVI — 0.161 in
WaPOR V3 similar to that of GYMEE.
SM: Soil Moisture Stress reduction factor [-]
ELUE: Light use efficiency at optimum conditions [g/MJ], taken as 2.7 g/MJ in

WaPOR V2 and as 2.49 g/MJ in WaPOR V3

NPPBa =ET X ECO2 X EAR X PARyqi1y X Sc (3)
where:
ET: Normalized temperature effect [-]. 1 (Values of ET range from 0 to 1. In C-
fix Model at 25°C, €T is around 1)
€C02: Normalized CO2 fertilization effect [-]
EAR: Fraction kept after autotrophic respiration equals to 0.5 [-]
PAR 441,,: Photosynthetically Active Radiation [W/m2] equals to 0.48 x Rs;
where Rs is the incoming shortwave radiation [W/m2]
S .. conversion factor from DM to C [gC/gDM] 1 gC/m2/day (NPP) = 22.222
kgDM/ha/day (DMP).
By substituting the equation for NPPmax (3) into the equation for NPP (2), we can derive
the resulting equation (5) (reader can refer to Table 1A in Appendix 1):

WaPOR NPP = €T x ECO2 X €AR XPARgqiy X ScX fPAR x SM x ELUE  (4)
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With DMP = NPP x 22.222
where:
DMP is the Above-Ground Dry Matter Production (DMP) [kg/ha]

APAR: Fraction of Absorbed Photosynthetically Active Radiation [W/m2]

WaPOR NPP = APAR X ELUE X SM X 0.63 X S, (5)
GYMEE NPP = APAR X ELUE X SM X TS x VS (6)
where:

NPP: Net Primary Production [g/m?/day]

APAR: Fraction of Absorbed Photosynthetically Active Radiation [MJ/m?/day]

ELUE: Light use efficiency at optimum conditions [g/MJ], taken as 2.5 g/MJ in
GYMEE

SM: Soil Moisture Stress reduction factor [-]

TS: Temperature Stress [-] according to Stewart (1987) and Stewart (1988) after
Jarvis (1976)

VS: Vapor Stress [-]
APAR = fPAR X PARyqi1 (7)

where:

APAR: Fraction of Absorbed Photosynthetically Active Radiation [MJ/m?/day]

fPAR: Fraction of Photosynthetically Active Radiation [-] equals to 1.257xNDVI
—-0.161.

PARGgaily: Photosynthetically Active Radiation [MJ/m?/day]
Above-ground Dry Matter Production (DMP) can be used to derive yields during the crop
growing season. DMP comparative equations of WaPOR V2 (8) and GYMEE (9) are

presented below.
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DMPy,,por = APAR X LUE,,,,, X SM X 0.63 (8)
where:

DMP: Above-ground Dry Matter Production [kg/ha]

2.2.2.2. Crop Yield Estimation

Accurate crop yield estimation is important for calculating EIWP values. Yield
is defined as the marketable part of the total above ground biomass production (Zwart &
Bastiaanssen, 2004). We estimated the yields of potato, wheat, onion, and table grapes
in 2021 in the three producing districts using the Global Yield Mapper in Earth Engine
(GYMEE) (Jaafar & Mourad, 2021) and FAO WaPOR V2 land data components. The
two light-use efficiency-based models rely on the efficiency of the crop to convert the
light absorbed or the water transpired into biomass as key parameters for crop yield
modeling, unlike other water use efficiency-based models such as AquaCrop (Steduto et
al., 2009) and CropSyst (Stockle, Martin, & Campbell, 1994), which rely on crop
transpiration as a main measure of yield estimation. We computed the WaPOR-derived
and GYMEE-derived agricultural yields of the cropping season over the survey field-
boundary map on a district-disaggregated scale with user-defined crop-specific
parameters: harvest index and moisture content presented in Table 3. The Harvest Index
(HI) is employed to differentiate between harvestable and non-harvestable biomass
production fractions and serves as an indicator of the amount of biomass output that
contributes to the harvestable fraction of a crop (FAO, 2020), referred to as yield in this
study. Moisture Content (MC) denotes the moisture content of plants on a wet weight

basis. The C4 factor was set to 1.00, as all crops are C3 crops.
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Table 3. User-defined crop-specific parameters for yield estimation of potato, wheat,
onion, and table grapes using WaPOR data components.

Crop Type HI MC C4
Potato 0.79 0.79 1
Wheat 0.39 0.15 1
Onions 0.7 0.88 1
Table Grapes 0.31 0.75 1

We calculated the seasonal Above-Ground Biomass (AGBs) (kg/ha/season)
using equation (10) for DMP (Dry Matter Production in kg/ha/dekad) for the WaPOR
V2 estimates, while we interpolated GYMEE field-scale DMP values to monthly
estimates based on satellite overpass values which were obtained from the GEE
environment. Crop yields derived from both models are computed using equation (11)
to arrive at seasonal estimates.

AGB; = YE% cDMP; x Nd; x AOT (10)

where:

AGB:s: Seasonal Above-Ground Biomass, defined as sum of the above-ground dry

matter produced during the crop growing season [kg/ha/season].

DMP: Above-ground Dry Matter Production [kg/ha]

Ndi: number of days within each dekad, varying between 8 and 11

AOT: Fraction between above and total biomass

__ AGBs xHI X C4

Y = MO (11)

where:
Y: Seasonal crop marketable above ground biomass production [kg/ha/season]

HI: Dry basis crop Harvest Index

30



MC: Wet basis crop Moisture Content

2.2.3. Economic Irrigation Water Productivity (EIWP) and Economic Data

Economic productivity is an appropriate metric to use for comparing different
crops in different locations and is commonly the foundation for arguing in favor of
water transfers among different types of uses (e.g., agriculture, farmers, upstream and
downstream, sectors) (Adeboye et al., 2015; FAO & World Bank, 2022; Santos et al.,
2010). Although economic productivity can be blurred by fluctuations in crop-related
market prices, it remains preferable when comparing different crops (Droogers et al.,
2003). In the present work, Economic Irrigation Water Productivity (EIWP) is defined
as the profit caused by irrigation generated for the producer by the evapotranspiration of

one cubic meter of irrigation water applied to the field (12).

Profit from Irrigated Crop ( 2)

Economic Irrigation Water Productivity = ———— - ,
Irrigation Water Applied to Field

where:
Economic Irrigation Water Productivity (EIWP) in $/m>.
Profit for the producer caused by irrigation in $/ha.

Irrigation Water Applied to Field in m3/ha.

Young and Loomis (2014) describes the ‘value of water’ using the basic
approach of the residual method, which computes the value of water as a function of the
price by quantity of the output, less the prices by quantities of all known inputs, all
divided by the quantity of the water applied. This approach is useful when the quantity
of water is limited in its availability as an input to agricultural production, as often

occurs in water-scarce basins like the Litani River Basin.
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To obtain the net profit as termed by Bellu (2013), we subtracted the total cost
of production from the total production value (marketable biomass x farm gate price)
following the approach employed by most analysts, particularly for assessing policies
on the irrigation of agricultural crops (Young & Loomis, 2014). Production costs
include costs of operation, fertilizers, pesticides, labor, diesel, land rental, and seeds and
cuttings. Economic inputs derived from crop variable costs and farmer’s profit (see
Appendix 2 for inclusion criteria for economic data) were collected using a desk study
strategy for an in-house crop cost economic assessment for potato, wheat, onion, and
table grapes, as well as using official national reports and datasheets of the Ministry of
Agriculture and the Ministry of Energy and Water. Since remote sensing cannot
determine how these costs vary in practice among farmers, the assumption is made that
some of the costs associated with production are fixed. Even though it is an
oversimplification of reality, the method is transferable, uniformly applied, and easy to

correct.

2.2.4. Statistical Indicators

Statistical analysis was based on commonly used and complimentary statistical
indicators, including correlation coefficient (r), Root Mean Square Error (RMSE), mean
bias error (MBE), coefficient of determination (R?), and percent relative error (RE%).
The correlation coefficient (r) shows the trend of the estimates, and values that are close
to unity (1) suggest better performance. RMSE measures the difference between the
estimated and actual values, indicating a well-performing model if RMSE values are
near zero. MBE values above zero denote overestimation, while values below zero

signify underestimation. R? is commonly used to assess the goodness of fit of a
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regression model. RE% is used for reliable prediction, providing a sense of accuracy in
terms of percentage deviation. In the equations below, n is the number of

data, Ai and Pi are the actual and predicted data values.

Root Mean Square Error: RMSE = /M

Mean Bias Error: MBE = 2=14i— P

| Absolute Error |

Relative Error: %RE = x 100

Z?=1(Ai - Z)(Pi—F)

(5= 3 5, (b )’

Correlation Coefficient: r =

Yie,(4; = A)(Pi—P)

S (4 -2 S (P - P

Coefficient of Determination: R? =
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CHAPTER 3

RESULTS

3.1. Remote Sensing-Derived Data Results
3.1.1. Daily Reference ET of FAO WAPOR, HSEB, and Experimental Field

Figure 4 shows a temporal record of the reference evapotranspiration (ETref)
values obtained from WaPOR and HSEB models as well as the measured ETref at an
experimental field at the American University of Beirut’s Agricultural Research and
Education Center (AREC) in the Bekaa, Lebanon. The alignment observed in the daily
ETref plots from both remote sensing models over the course of 2021 points to a
general consistency in their estimations. However, deviations emerge between the
models, as well as in comparison to the measured values, particularly peaking during
the intense evapotranspiration activity of the summer months. On average, the WaPOR
model demonstrates a mean difference that is 17% higher than HSEB and 4.5% higher
than the measured values. HSEB diverges more significantly, standing at a 12% lower
deviation from the reported yield. Consistently lower ETref values are seen with HSEB
in contrast to the reported values and WaPOR estimates throughout the entire year.
During the winter months (January to April and October to December), the values from

WaPOR and the site station readings slightly intersect.
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Figure 4. Temporal comparison of Reference Evapotranspiration (ETref) estimates of
HSEB and GYMEE models and the measured records at AREC site in Bekaa, Lebanon
over the course of 2021.

3.1.2. Monthly and Seasonal Actual ET and Biomass Estimates of FAO WaPOR and
HSEB-GYMEE

Figure 5a shows that the monthly mean ETa estimates for all crops, obtained
from both models, are very comparable, showcasing values of 105 mm and 101 mm for
WaPOR and HSEB, respectively. The biomass values demonstrate a similar level of
comparability, with mean estimates of 1.9 t/ha and 2.14 t/ha for WaPOR and GYMEE,
respectively.

Figure 5b shows a comparison of seasonal ETa and biomass estimation between
WaPOR and HSEB-GYMEE models per crop. For potato, table grapes, and wheat, the
mean ET values derived from WaPOR tend to be slightly higher than those from the
HSEB model (612, 573; 928, 871; and 660, 621) mm/season respectively, whereas the
opposite trend is observed for onion (725, 751). Notably, the standard deviation values
for ET data, both from WaPOR and HSEB, appear to be within a reasonably

comparable range across the different crops. Contrary to the ET results, the GYMEE
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model consistently yields moderately higher mean biomass values compared to WaPOR
for all crops, onion, potato, table grapes, and wheat (10.9, 13.4; 11, 12.7; 15.7, 17.6; and
12.6, 13.6) Mt/ha/season respectively. Similar to the ETa standard deviation results, the
standard deviation values for biomass data also exhibit consistency between the models
for each crop. The subtle variations in mean values might be attributed to differences in
the underlying algorithms and assumptions of the models. The relatively consistent
standard deviation values suggest that the models demonstrate similar levels of

variability in their estimates for different crops.
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Figure 5. a) Box plots showing monthly actual evapotranspiration (mm) and biomass
(Mt/ha) estimates of FAO WaPOR and GYMEE models for all crops; b) Box plots showing
actual evapotranspiration (mm/season) and biomass (Mt/ha/season) estimates of both

models for onion, potato, table grapes, and wheat during the 2021 growing season
in the study area within the Litani River Basin in Lebanon.

3.1.3. Seasonal Biomass Estimation by WaPOR and GYMEE Models and District-
Wise Assessment

Figure 6a shows scatter plots with statistical parameters between biomass

derived from GYMEE and FAO WaPOR for onion, potato, table grapes, and wheat in
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the 2021 growing season in the study area within the Litani River Basin in Lebanon. A
reasonable model agreement is observed for the four crops with high correlation (r >
0.9), relatively low RMSE values (< 3 Mt/ha), and low bias (MBE < 3). The analysis of
r along with RMSE, and bias shows that GYMEE and WaPOR are at the best agreement
when estimating biomass of wheat. Higher divergences were observed between the
models when estimating onion and table grapes biomass. The accuracy of estimation of
the biomass was not as high for onion (2.7 Mt/ha) and table grapes (2.11 Mt/ha) with
RMSEs higher than those of potato (1.66 Mt/ha) and wheat (1.32 Mt/ha). The Relative
Error (RE) values show the extent of percentage deviations between modeled estimates,
ranging from 9.89% to 24.57% across crops. GY MEE modeled estimates for wheat,
table grapes, potato, and onion are on average 9.89%, 12.97%, 14.1%, and 24.57% (RE)
higher, respectively, compared to the estimates by WaPOR, indicating a slight potential
discrepancy in yield estimation between the models.

Figure 6b shows an inter-comparison of modeled biomass derived from
GYMEE and FAO WaPOR for the four analyzed crops onion, potato, table grapes, and
wheat in the three producing districts Baalbak, West Bekaa, and Zahleh. The modeled
biomass estimates from both GYMEE and WaPOR demonstrate favorable outcomes for
all crops when examined at a spatially disaggregated level. These findings align with
the biomass analysis presented in Figure 6a with high correlation (r > 0.9) and low bias

(MBE < 3).
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Figure 6. (a) Scatterplots comparing modeled biomass estimates; (b) Scatterplots inter-
comparing district-disaggregated modeled biomass derived from GYMEE and FAO
WaPOR for onion, potato, table grapes, and wheat in the three producing districts
Baalbak, West Bekaa, and Zahleh during 2021 growing season in the study area

within the Litani River Basin in Lebanon.

Figure 7 shows bar charts comparing crop yields of onion, potato, table grapes,
and wheat using GYMEE and WaPOR models across three producing districts.
GYMEE tends to consistently estimate slightly higher crop yields for all the studied
crops in the three districts compared to WaPOR. The basin-scale estimated mean potato

yield ranged between 37.9 MT/ha and 50.8 MT/ha, with an average of 42 Mt/ha for the
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WaPOR model and 47 Mt/ha for the GYMEE model. The estimated mean wheat yield
at the basin level ranged between 2.94 MT/ha and 4.03 Mt/ha, with an average of 3.5
Mt/ha for the WaPOR model and 3.8 Mt/ha for the GYMEE model. These mean
estimates demonstrate a moderate reduction in yields compared to the figures (4.58
MT/ha) reported by farmers in the basin back in 2014 (Tawk, Chedid, Chalak, Karam,
& Hamadeh, 2019), and closely align with the remote sensing wheat yield estimates
(3.2 Mt/ha) reported by Safi et al. (2022). The estimated mean onion yield at the basin
level ranged between 61.5 Mt/ha and 84.4 Mt/ha, with an average of 64 Mt/ha for the
WaPOR model and 78 Mt/ha for the GYMEE model. The estimated mean table grapes
yield at the basin level ranged between 16.7 Mt/ha and 26 Mt/ha, with an average of 20
Mt/ha for the WaPOR model and 22 Mt/ha for the GYMEE model. This result is
comparable with the mean table grapes yield (17.86 Mt/ha) reported by Safi et al.
(2022).

Among both models, GYMEE exhibits the highest values for onion (84.4
Mt/ha), potato (50.8 Mt/ha), and wheat yields (4.03 Mt/ha) in the West Bekaa district.
GYMEE demonstrates the highest yields for table grapes (26 Mt/ha) in Zahleh. Baalbak

consistently has lower yields for all crops regardless of the model used.
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Figure 7. Bar charts comparing crop yields of onion, potato, table grapes, and wheat using
GYMEE and WaPOR models across three producing districts Baalbak, West Bekaa, and
Zahleh during 2021 growing season in the study area within the Litani River Basin in
Lebanon.

3.1.4. Seasonal Actual ET Estimation by WaPOR and HSEB Models and District-
Wise Assessment

Figure 8a shows scatter plots with statistical parameters between actual
evapotranspiration ETa derived from HSEB and FAO WaPOR for onion, potato, table
grapes, and wheat in the 2021 growing season in the study area within the Litani River
Basin in Lebanon. A reasonable model agreement is observed for the four crops in the
estimation of ETa with moderate to strong correlation (0.75 < r <0.95), relatively low
RMSE values (< 0.39 mm/day), and low bias (-0.24 < MBE < 0.12 mm/day). Slightly
higher divergences were observed between the models when estimating potato and table
grapes biomass. The accuracy of estimation of ETa was not as good for potato (59.42
mm/season = 0.39 mm/day) and table grapes (86.56 mm/season = 0.36 mm/day) with
RMSEs higher than those of wheat (74.05 mm/season = 0.35 mm/day) and onion (61.72
mm/season = 0.29 mm/day). The Relative Error (RE) values show the slight extent of
percentage deviations between seasonal modeled estimates, ranging from 7.29% to

9.28% across crops. The HSEB model yields an average RE of 7.29% higher for onion,
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and for wheat, table grapes, and potato, the estimates are comparatively lower by an
average of 9.28%, 7.63%, and 7.67%, respectively, when contrasted with the
estimations produced by WaPOR.

Similar trends can be noted in Figure 8b, which compares the district-scale ETa
values from the HSEB and WaPOR models. The HSEB model tends to produce slightly
higher estimates for onion (with a higher RE%), while for wheat, table grapes, and

potato, the model's estimates are generally lower across all districts.
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Figure 8. (a) Scatterplots comparing modeled mean actual Evapotranspiration estimates;
(b) Scatterplots comparing modeled district-disaggregated actual Evapotranspiration
estimates - derived from HSEB and FAO WaPOR for onion, potato, table grapes, and

wheat during 2021 growing season in the study area within the Litani River Basin
in Lebanon.
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Figure 9 shows bar charts comparing actual ET of onion, potato, table grapes,
and wheat using HSEB and WaPOR models across three producing districts. WaPOR
consistently predicts slightly higher crop ETa values for all the crops under study across
the three districts, apart from onion, when compared to HSEB. The basin-scale
estimated seasonal mean ETa values for the WaPOR and HSEB models respectively
were 725 and 751 mm for onion, 612 and 573 mm for potato, 928 and 871 mm for table

grapes, and 660 and 621 mm for wheat.
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Figure 9. Bar charts comparing actual evapotranspiration of onion, potato, table grapes, and
wheat using HSEB and WaPOR models across three producing districts Baalbak, West Bekaa,
and Zahleh during 2021 growing season in the study area within the Litani River Basin in
Lebanon.

3.2. Economic Data Results

Table 4 presents data on the cost of production in the three districts and the net
revenues derived from the two remote sensing models — WaPOR and HSEB-GYMEE —
of the studied crops. The HSEB-GYMEE model derived-net revenues for all crops are
consistently higher compared to the WaPOR model. Net revenues of studied crops vary

by district. In Baalbak and West Bekaa, potato tends to have the highest net revenues
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across both models, followed by onion, table grapes, and wheat. In Zahleh, potato
typically exhibits the highest net returns, followed by table grapes, onion, and wheat.

Inter-comparing model values of one crop type across the three districts, based
on both WaPOR and HSEB-GYMEE models, wheat exhibits its highest net returns
when cultivated in West Bekaa while exhibiting its lowest in Baalbak. Similarly, potato
exhibits its highest net revenues in West Bekaa and its least in Baalbak according to
both WaPOR and HSEB-GYMEE models. As for table grapes, the data from both
models underscores its peak net revenues when cultivated in Zahleh, whereas its lowest
figures are associated with Baalbak. The WaPOR model highlights that onion exhibits
its maximum net revenues in West Bekaa, contrasting with its lowest returns found in
Zahleh. Meanwhile, under the HSEB-GYMEE model, onion's highest net revenues are
tied to West Bekaa, yet its lowest figures are in Baalbak.

In the scenario where farming practices and cultivation factors such as climate,
economic conditions, input costs, land rental, technology adoption, and scale of
production are relatively spatially similar, a uniform production cost per crop across the
three districts is assumed. In terms of variation in production costs across the three
districts, potato carries the most substantial cost at $4,826 per hectare, followed by table
grapes at $4,590 per hectare. Subsequently, onion incurs a cost of $4,244 per hectare,

while wheat records the lowest production cost at $848 per hectare.
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Table 4. District-scale cost of production and net revenues derived from FAO WaPOR
and HSEB-GYMEE models for selected crops in the producing districts in 2021.

Crop District

Onion Zahleh
Baalbak
West
Bekaa
Potato Zahleh
Baalbak
West
Bekaa
Table Zahleh
Grapes Baalbak
West
Bekaa
Wheat Zahleh
Baalbak
West
Bekaa

Production
Cost ($/ha)

4,244

4,826

4,590

848

WaPOR-Derived
Net Revenue ($/ha)

6,193
6,396
7,102

11,813
10,382
12,820

10,494
6,093
6,814

370
178
502

3.3. Effect of Model Selection on EIWP Results

HSEB-GYMEE-
Derived Net
Revenue ($/ha)
8,890

8,086

10,097

14,162
11,542
15,487

12,034
7,457
8,648

449
213
553

Figure 10 shows the variation of mean EIWP values per crop across the three

producing districts. Mostly, the mean district HSEB-GYMEE model derived EIWPs are

slightly higher than those derived from the WaPOR model. Within districts, EIWP

results of wheat generated by both models are very comparable (HSEB-GYMEE

EIWPs are equal for Baalbak and are 14% and 11% higher for West Bekaa and Zahleh

respectively). The HSEB-GYMEE model produces EIWP values for potato that are

approximately 28%, 48%, and 36% higher than those derived from WaPOR in Baalbak,

West Bekaa, and Zahleh respectively. When estimating average EIWPs of onion and

table grapes, the HSEB-GYMEE model produces EIWP values that are 35% and 33%

higher than those derived from WaPOR, respectively.
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Figure 10. Records of mean EIWP ($/m3) values per crop across the three producing
districts in the Litani River Basin in Lebanon.

Within the basin, results reveal that potato is the most economically water-
productive crop with highest mean EIWP of 2.52 $/m3 and 1.78 $/m3 (HSEB-GYMEE
and WaPOR respectively). Conversely, wheat is the least economically water-
productive crop with mean EIWP of 0.21 $/m3 and 0.18 $/m3 (HSEB-GYMEE and
WaPOR respectively). This indicates a relatively lower economic return for producers
from using 1 cubic meter of irrigation water on wheat. Onion and table grapes hold the
second and third positions among economically water-productive crops in the basin,
respectively. The ranking of crop EIWP remains consistent across the districts of

Baalbak, West Bekaa, and Zahleh.
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CHAPTER 4

DISCUSSION

4.1. Economic Irrigation Water Productivity Analysis

In this study, we explore the economic irrigation water productivity (EIWP) of
four crops within the Litani River Basin in Lebanon, comparing the results obtained
from different remote sensing models and examining the influence of these models on
EIWP outcomes. First, our findings reveal that mean EIWP values of all four crops are
positive, implying that the benefits of production exceed the costs of production
associated with the water used for irrigation. Second, when comparing the model-
derived EIWP values of HSEB-GYMEE (WaPOR), interesting patterns emerge - results
reveal that the EIWP of potato is respectively 12 (10) times higher than the EIWP of
wheat, 2.2 (2.1) times higher than the EIWP of table grapes respectively, and 1.9 (1.85)
times higher than the EIWP of onion respectively. The difference in EIWP is a good
indicator to improve the economic value of irrigation water. Achieving this could
involve strategic interventions to reduce evaporative losses in actual evapotranspiration
or implementing practices that optimize crop cultivation while managing controlled
water stress through efficient irrigation scheduling.

Third, although onion produces on average more marketable biomass (yield)
than potato (figure 7) and consumes more irrigation water (figure 9), the former’s
average EIWP remains lower. There is potential to improve water management by
diverting water away from agricultural areas with the lowest EIWP, as having a
higher EIWP implies that the crops have used less water footprint. Additionally, there is

potential to replace the cultivated variety with other less water-consuming varieties of
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onion. Despite having the highest production costs, potato demonstrates the highest
EIWP results within the basin. However, the sensitivity of EIWP to market prices and
the importance of diversifying crops for farmer’s risk management suggest that
cultivating the most productive crop alone may not be a desirable strategy, as basin-
wide monoculture practices are not favored by farmers who aim to spread the risks
associated with price variations and disease outbreaks.

Fourth, increases in economic water productivity may indicate a shift towards
higher valued crops, increase in yields or a saving in water input (Bos, Burton, &
Molden, 2005). Although our results show that wheat has the advantage of having the
lowest production cost compared to other crops in the basin, which could make it an
attractive choice for farmers due to its low initial investment, it also has the lowest
EIWP in all districts according to both the HSEB-GYMEE and WaPOR models. This
low EIWP implies that wheat does not generate significant economic value in terms of
crop output for the irrigation water it requires, hence the potential revenue generated
from the crop does not justify the water resources invested. This makes wheat a less
financially promising choice for cultivation, as farmers in the basin are currently
shifting to other grains such as barley cultivation, despite wheat’s lower production

costs.

4.2. Potential Sources of Modeled Biomass and ET Differences
4.2.1. Beyond Reference Evapotranspiration

Our assessment of Reference Evapotranspiration (ETref) values from both
HSEB and WaPOR ET models reveals that, on average, the WaPOR model

demonstrates a difference that is 17% higher than that of the HSEB model (Section 3.1).
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ETref represents evapotranspiration from a hypothetical reference crop, imitating the
characteristics of a well-watered grass surface. This approach allows estimation of
potential ET for various crops through the application of predefined crop coefficients.
Our results suggest that the bias in model outputs stems from differences in the
subsequent conversion from ETref to ETa, rather than being primarily attributed to the
slight differences in ETref values derived by each model. Both models determine ETref
using the Penman-Monteith equation, however WaPOR utilizes weather data sourced
from the daily 19 Km spatial resolution MERRA dataset up to the start of GEOS-5
(2014) for the derivation of ETref (FAO, 2020), while HSEB utilizes the ECMWF
ERAS5-Land hourly 9 Km spatial resolution dataset. This could result in variations in
factors such as temperature, humidity, wind speed, and solar radiation, which are
components of the Penman-Monteith equation used to calculate ETref. The FAO
WaPOR employs a global atmospheric model to provide meteorological information.
However, this approach has limitations, which encompass uncertainties tied to the
spatial variability and resolution of this data. For instance, temperature data are
available at a spatial resolution of 0.25 degrees (approximately 28 Km at the equator),
while HSEB utilizes 0.1 degrees hourly ECMWF with 9 Km resolution and downscales

it to 90 m.

4.2.2. Environmental Stressors of the Models’ Biomass and ET Equations

The choice of remote sensing model for agricultural water management can
impact decision making in several ways. Our comparative results reveal consistently
slightly higher biomass values produced by the GYMEE model (Section 3.1), despite its

lower LUEmax (2.5 g/MJ) than WaPOR’s (2.7 g/MJ) and despite having a common
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fPAR equation across WaPOR and GYMEE (Section 2.2.2.i.). The difference in
LUEmax values between the WaPOR and GYMEE models may have implications for
their respective biomass estimations. A higher LUEmax value in the WaPOR V2 model
(2.7) implies that under optimal conditions, WaPOR assumes a more efficient
photosynthetic conversion process compared to GYMEE's LUEmax (2.5). This means
that WaPOR attributes a greater biomass production potential for the same amount of
absorbed light energy. Knowing that, the results suggest that other factors within the
models, such as stress effects, are playing a significant role in driving these differences.
The likely factors contributing to the higher biomass values from the GYMEE model
would involve the combined effects of the stress factors, vapor stress and temperature
stress, the unit conversion factor (0.864), and any other model-specific
parameterizations. Local factors, such as specific environmental conditions and crop
management practices, could also influence the model performance. The GYMEE
biomass model, by considering vapor and temperature stress, could potentially provide
estimates responsive to varying environmental conditions. However, this complexity in
stress estimation could make the biomass model harder to implement. The WaPOR
biomass model's equation on the other hand is simpler due to the absence of stress
factors, making it easier to apply but potentially less adept at encompassing
environmental effects. In regions with stable environmental conditions, where stress
factors play a minor role, both models might provide similar results. In regions with
significant environmental variations, the GYMEE model, which has a global extent,
might be more suitable due to its ability to account for stress effects. The presence of

vapor and temperature stress factors in the GYMEE equation might lead to a more

50



nuanced response to changing environmental conditions. The absence of these factors in
the WaPOR equation could result in less variability in calculated biomass values.

As for variations in actual ET outputs, our results show that WaPOR V2 was
producing slightly higher ETa estimates than HSEB for most crops, wheat (9.28%),
table grapes (7.63%), and potato (7.67%), while for onion the HSEB model produces an
average RE of 7.29% higher than WaPOR (Section 3.1). This could be attributed to the
uncertainty stemming from the reduced number of satellite scenes during the fourth
month in the HSEB model, which is restricted to two scenes due to cloud cover. The
methodology for computing aerodynamic resistance to heat transfer for determining
relative soil moisture (Se) within the soil moisture stress component of the WaPOR V2
model is based on equations Al (full canopy), A6 (bare), and A7 (soil) from Séanchez,
Kustas, Caselles, and Anderson (2008). The calculation of Tcmax, representing the
surface temperature for the driest fully vegetated surface, involves the aerodynamic
resistance, which is influenced by wind speed derived from GEOS-5 and ERA5 model
data. However, under specific circumstances, GEOS-5 and ERA5 wind speeds can
unrealistically decrease. Increases in surface heat flux result in turbulence, creating
negative feedback on heat flux and surface temperature. This turbulent heat flux
feedback mitigates elevated heat flux and surface temperature. The WaPOR V2 model
hence lacks this turbulent heat flux. Consequently, situations with very low wind speeds
(below 1 m/s) coexisting with elevated heat flux, lead to unrealistically high surface
temperatures. This feedback could potentially contribute to ETa values surpassing those
from HSEB. While these factors could explain the variation in outputs found with FAO
WaPOR and HSEB-GYMEE in 2021, further research is required for a better

understanding of such discrepancies across different years.
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CHAPTER 5

CONCLUSION

This paper underscores the significance of biomass and ET model selection in
determining EIWP for various crops on a basin-wide scale. We examine and compare
the actual evapotranspiration (ETa), biomass, yield, economic variables, and Economic
Irrigation Water Productivity (EIWP) for four crops - potato, wheat, onion, and table
grapes - in three districts within the Litani River Basin (West Bekaa, Zahleh, and
Baalbak) in 2021 as derived from HSEB-GYMEE and WaPOR models. The mean
monthly ETa and biomass estimations for all crops, derived from both models, exhibit a
high degree of similarity. The comparative analysis of crop ETa values across three
districts reveals that WaPOR consistently produces slightly higher ETa values for most
studied crops, when compared to HSEB. Contrary to the ETa results, the GYMEE
model consistently estimates slightly higher mean biomass values for all studied crops
compared to WaPOR in the three districts. The economic irrigation water productivity
(EIWP) values produced by both models consistently indicate that potato holds the
highest EIWP across all districts, followed by onion, table grapes, and wheat. The
dissimilarities found between the models arise from differences in the consideration of
environmental stressors (vapor stress and temperature stress), conversion factors, and in
the calculation method for soil moisture stress. Thus, when comparing magnitudes and
trends of biomass and ETa between the different approaches it is not within the scope of
this research to assess the accuracy of one model relative to others, specifically since

there is limited ground observations to validate the data.
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Using economic water productivity indicators enhances on-farm irrigation
decision-making (Fernandez, Alcon, Diaz-Espejo, Hernandez-Santana, & Cuevas,
2020). Poor policies and lacking coordination across scales impede systemic shifts in
agricultural water use, exacerbating water scarcity (Uhlenbrook, Yu, Schmitter, &
Smith, 2022). Basin and national efforts to reduce crop water consumption through
regulation can yield paradoxical outcomes. Evidence-backed agricultural water policies
focusing on EIWP may induce farmer behavior changes, curbing water use increases.
Although increasing EIWP is not necessarily in agreement with the objectives of
individual farmers as to net revenue or the amount of output generated, it remains useful
in basins where water is scarce and irrigation management is crucial. The study
provides a foundation for future research on the impact of remote sensing models in
other water-stressed and socioeconomically challenged basins. The implications of our
comparative study can be translated into strategies based on model selection. These
strategies can help farmers contribute to a more sustainable water resource management
for increased production and future seasons, thereby enhancing both yield and income
prospects. Achieving this goal necessitates a comprehensive examination of policy
implications, a transparent acknowledgment of limitations, and the provision of

practical recommendations.
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APPENDIX 1

Table 1A. Comparative analysis of GYMEE and WaPOR biomass equations through
dissection of data components and environmental stressors.

Data GYMEE Biomass WaPOR Biomass methodology based on
Component | methodology detailed in | the C-Fix Model Detailed in VVeroustraete
Jaafar & Mourad et al. (2002)
(2021)
Yield AGBs X HI X C, AGBs X HI X C,
Equation (1-m,) - (1-m,)
(kg/ha)
Where: Where:
AGBs: Seasonal Above | AGBs: Seasonal Above ground biomass
ground biomass HI: Harvest Index
HI: Harvest Index Mc: Moisture content
Mc: Moisture content
Seasonal Eos Eos
Above AGB, = z DMP; AGB; = Z DMPgy x Nd(i)
Ground i=50s i=50s
Biomass X Nd(i) | WaPOR Total Biomass Production (TBP),
AGBs here labeled as AGBs, is defined as the
needed for sum of the above-ground dry matter
yield produced during the crop growing season.
Nd: number of days within each dekad,
varying between 8 (end of February) and
11
Above- DMP = NPP X 22.222
Ground Dry | DMP DMP = APAR X LUE ,;,;,,, X SM X
Matter = APAR X LUE,,,, 0.63
Production | X SM X VS X TS Where:
(DMP) %X 0.864 DMP (Kg/ha)
(kg/ha) NPP: Net Primary Production
Where: 1 gC/m?/day (NPP) = 22.222
DMP is labeled as AGB | kgDM/ha/day (DMP) (Ajtay et al., 1979)
in GYMEE Jaafar &

Mourad (2021)

APAR: absorbed photon
flux by the canopy
photosynthetic elements
LUE: Light Use
Efficiency

0.864: unit conversion
factor Silva et al. (2018)
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Light Use

LUE = LUE gy X TS

Since soil moisture stress is already added

Efficiency X VS to the NPP calculation of WaPOR, the
(LUE) X SM LUE used in WaPOR is the LUEmax
LUE = LUE 4%
Where:
LUEmax: maximum Light use efficiency is used as an input to
Light Use Efficiency convert the maximum NPP value to actual
(g/MJ) NPP.
TS: Temperature Stress | pyBiomass (2022)
VS: Vapor Stress
SM: Soil Moisture Stress | Land Cover specific Light Use Efficiency
(LUE) values based on WaPOR L3 Land
Cover Classification; If L3 LC was not yet
available, preliminary LC obtained from
ESA WorldCover Land Cover product is
used; LUE is static and is not computed as
intermediary, rather is involved directly in
the computation of NPP. Copernicus
(2022)
LUEmax LUEmax = 2.5 g/MJ LUEmax = 2.7 g/MJ
For C3 crops potato and | For croplands pyBiomass (2022) and
wheat WaPOR Biomass Data Manual VV2.0.
Net Primary | NPP At the end of every dekad, a new data
Production | = APAR X LUE 4, layer: NPPmax,10 is computed with the
(NPP) XTS X VS X SM mean of the daily NPPmax,1 SCENES.
(9C/m2) Next, NPPmax,10, FAPAR, the land use

efficiency and SM are simply multiplied to
retrieve the final dekadal NPP output.
pyBiomass (2022)

NPP is delivered on a dekadal basis, where
pixel values represent the average daily
net primary production for that specific
dekad in gC/m2/day. The method to
compute Net Primary Production is based
on Monteith (1972).

NPP = fPAR X SM X ELUE
X NPPmax = S. X Rs
X Ep X fPAR X SM
X ELUE X ET X €C02
X EAR X ERES
= fPAR X SM X 2.7
X 0.45 X PARgqi1y X 1
X 1.26 X 0.5 X ET =
NPP = APAR X LUEmax X SM X
0.63 X Sc
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https://bitbucket.org/cioapps/wapor-et-look/wiki/Intermediate_Data_Components/LUE
https://land.copernicus.eu/global/sites/cgls.vito.be/files/products/CGLOPS1_PUM_DMP300m-V1.1_I1.20.pdf
https://land.copernicus.eu/global/sites/cgls.vito.be/files/products/CGLOPS1_PUM_DMP300m-V1.1_I1.20.pdf
https://bitbucket.org/cioapps/wapor-et-look/wiki/Intermediate_Data_Components/LUE
https://bitbucket.org/cioapps/pywapor/downloads/FRAME_NPP_v2_data_manual_finaldraft_v2.2.pdf
https://bitbucket.org/cioapps/wapor-et-look/wiki/WaPOR_data_components_and_methodology/NPP

Where:

NPPmax = S, X Rs X Ep X ET
X ECO2 X EAR
= S; X PAR 441y X 1
x 1.26 X 0.5

Where:

S.: conversion factor from DM to C
[gC/gDM] 1 gC/m?/day (NPP) = 22.222
kgDM/ha/day (DMP).

Rs: Total shortwave incoming radiation in
the form of solar energy (GJT/ha/day);
provided on a daily basis

Ep: Climatic Efficiency; constant= 0.48
(JP/JT) (denoting that 48% of all incoming
solar radiation is situated in the 400-
700nm region)

fPAR: Fraction of Absorbed
Photosynthetically Active Radiation
(JPA/IP)

SM: Soil moisture stress reduction factor
ELUE: Light use efficiency at optimum
conditions (Kg DM/GJPA); is a coefficient
for the efficiency by which vegetation
converts energy into biomass = 2.7

€T: 1: Normalized temperature effect
(provided on a daily basis; GEOS-5 Data
Product PyBiomass2022)

€C02: 1.26: Normalized CO2 fertilization
effect; usually assumed to be constant over
the globe, as well as within a year.

EAR: Fraction kept after autotrophic
respiration=0.5

ERES: fraction kept after residual effects
=1 (constant)

NPPmax: maximum obtainable NPP
calculated on a daily basis, for the (virtual)
cases where fAPAR would be equal to
one.

EAR
Fraction
kept after
autotrophic
respiration

N/A

7825-1.145Ta

B 100
Based on Veroustraete et al. (2002)

EAR depends only on temperature in

WaPOR V2.0 based on Veroustraete et al.
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https://www.sciencedirect.com/science/article/pii/S0034425702000433
https://www.sciencedirect.com/science/article/pii/S0034425702000433

(2002) C-Fix Model. While in V3.0, it is
updated to include other parameters: 1)
slope to determine autotrophic respiratory
fraction; 2) intercept to determine
autotrophic respiratory fraction; 3) daily
air temperature.

Taken as constant = 0.5 in WaPOR model
PyBiomass2022

Where:

EAR: fraction of assimilated
photosynthates consumed by autotrophic
respiration.

Ta: Atmospheric Temperature

€CO2 N/A CO,fert=[CO,|—[05]27(CO5 ™ — [05]27K ;1405 Ko +[CO2 ™ K, 1+ 00K+
Normalized CO2 fertilization effect is temperature
CO2 dependent. For C-Fix Model, the below
fertilization parameter values are used at 25 °C.
effect Based on Veroustraete et al. (2002)
Where:
€C02: 1.26: Normalized CO2 fertilization
effect
. 2550: CO2/O: specificity ratio
Km: 948: Affinity constant for CO; of
Rubisco
Ko: 30: Inhibition constant for O
[02]: 20.9
[CO2]: CO2 concentration in the mesophyll
tissue of leaves
[CO2]™: 281
ET _ N/A 6(51_ Agga;)
Normalized ST = SR
temperatur A
e effect 1+e “o°

Based on Veroustraete et al. (2002)
Values of €T range from 0 to 1. In C-fix at
25°C, €T is around 1.

Where:

€T normalized temperature effect [-]

C1: 21.77 (constant)

AHa. P: 52,750: Activation energy in (J/ mg
Rg: 8.31: Gas constant in J/ (K. mol)
Topt: 295.13: Air temperature (K)

AS: 704.98: Entropy of the denaturation
equilibrium of CO2 in (J/k.mol)

AHd.P: 211,000: Deactivation energy in
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(J / mol)

APAR APAR APAR = fPAR X PARgyqi1y
= fPAR X PARgqyy
Where:
Where: APAR: Fraction of Absorbed
APAR: Fraction of Photosynthetically Active Radiation
Absorbed fPAR: Fraction of Photosynthetically
Photosynthetically Active Radiation
Active Radiation PARuaily: Daily Photosynthetically Active
fPAR: Fraction of Radiation
Photosynthetically
Active Radiation
PARGdaily: Dally
Photosynthetically
Active Radiation
fPAR fPAR = 1.257NDVI fPAR = 0.8642NDVI — 0.0814
—0.161 Based on Veroustraete et al. (2002)
Which is being updated to
fPAR = 1.257NDVI — 0.161 in WaPOR
V3.0 similar to that used in GYMEE
pyBiomass (2022)
PARdaily PAR 4411y = 0.48 X Ra PAR 4411y = Ksolar x 0.48

X T™W
= Ksolar x 0.48
Where:
Ksolar: SOlar time-period

and
Korar =T™W X Rq
and

™w = R, X R

Where:

Rs: Shortwave Radiation
Ra: daily extraterrestrial
solar radiation

Tw : Transmissivity

and
Kgo1ar = Transmissivity,,
X RA_mountain_24
and
Transmissivity,,
= RA_mountain_24 X Rg
Where:

PAR: Photosynthetically Active
Radiation; the solar radiation in the
spectral range from 400-700 nm that is
used by plants for photosynthesis (W/m2).
0.48: Ep(constant) (ratio par/solar
radiation)

K .14, daily solar radiation (W/m2)
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Rs: Incoming shortwave radiation product
of Meteosat Second Generation (MSG)
used to calculate daily transmissivity

R4 mountain 24 daily solar radiation at top
of atmosphere for a flat surface (W/m2)
PyWaPOR and pyBiomass 2022

NDVI data
sources

Landsat, Sentinel

1)NDVI at Level 3 is based on both
Sentinel-2 and Landsat bottom of
atmosphere reflectance data; 2)
atmospheric correction is done using
SMAC; 3) clipping to the extent of the
Level 3 ROI plus a buffer area with cloud
masking; 4) data gap filling by
interpolating the values of the pixels using
the Neighborhood Similar Pixel
Interpolator by Weiss, Daniel J., et al.
(2014) following Chen et al. (2011); 5)
NDVI ratio is calculated and dekadal
NDVI composites are created using the
spatio-temporal fusion model which uses
the level 1 data (with higher temporal
availability) to predict level 3 pixel values
at a higher temporal resolution Hazaymeh
and Hassan (2015)

NDVI Data Source: L1TP Data Product
from Sensors: Landsat 5 TM; Landsat 7
ETM+; Landsat 8 OLI; Daily

Soil
Moisture
(SM)

Where:

T 4ce24: Actual daily
transpiration

Tp0t24: Potential daily
transpiration

sin(2m X Se)
SM = Ksf X Se — (T)
as defined in American Society of Civil Eng
(ASCE, 1996), and is derived on a daily bas
The purpose is to compute the reduction in
biomass production due to limited water ava
It is based on the trapezoid method

by Yang et al. (2015) which improved the
Triangle method by Carlson (2007).
PyBiomass 2022

Where:

Ksf: Tenacity factor for drought-sensitive
plants. A default value of 1.5 in WaPOR V2
For V3.0., a value of 1.0 is being tested.

Se: relative soil moisture content of a specif

location
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Tporza = (1 — e(ELAD)) x ETP24

Where:

€: Light Use Extinction Factor

LAI — ln(_(fr.‘ _1)
—0.45

0.8—NDVI \q.7
fo=1-(5mm )
0.8-0.125

ETP2a: is set equal to ET24 if the latter
is higher than ETrer Or t0 ETrer
otherwise. A DEM is used to calculate
the slope, the aspect of terrain, and solar
angles (latitude, declination, solar zenith
angle, and solar incidence angle), to
adjust land surface temperature (LST)
and to correct ETrein the sloped
terrains.

Se
_ (1 = Fc) X (TSpmax — Temax) + TCmax — LST
~ (LST — Tmin) + ((1 — F¢) X (TSmax — TCmax) + TCmax — LST)

Se: Relative soil moisture for a specific
location

Fc: full vegetation coverage with range
fromOto 1

Tsmax: surface temperatures for the driest
bare soil surface

Tcmax: surface temperatures for the driest
fully vegetated surface

Tmin: surface temperature for the cold
edge, provided on a daily basis

LST Data Source: L1TP Data Product
from Sensors: Landsat 5 TM; Landsat 7
ETM+; Landsat 8 OLI

NDVI,,, — NDVI

Fc=1- n
¢ CNDVL... — NDVL..’

Yang et al. (2013)

Where:

NDV Imax: NDVI for fully vegetated
surfaces = 0.89

NDV Imin: NDVI for bare soil = 0.1

n: is a function of leaf orientation
distribution within the canopy, the value of
which typically ranges from 0.6 to 1.25

!
T _ < T act24
act24 — y
T act24 + Eact24

) X ET,,

Where:
T’act24: first estimate of actual daily
transpiration

/ —
Tact24 - LIJG X Tp0t24

Wy
= Ovnormalized trigger
sin(Zn X QVnormalized trigger)
21

BVnormalized trigger
HRZ 1 QPWP

B eVstress trigger +0.02 — BPWP

Tcmax: surface temperatures for the driest

fully vegetated surface

(1 —ac)Sq + ece0Td —e0Th
4e.0T; + pCp/tac

Tc,max = + Ta
Where:

ac: albedo for fully vegetated surfaces
(canopy) = 0.24 Yang et al. (2013)

Sd: downward shortwave radiation (W
m~2) Allan et al. (1998)

gc: vegetation emissivity (0.985) Yang et
al. (2013)

€a: atmospheric emissivity Brutsaert
(1975)

¢: Stefan-Boltzmann constant
(5.67x108 W m2 K™

Ta: air temperature

60



https://www.spiedigitallibrary.org/journals/journal-of-applied-remote-sensing/volume-7/issue-01/073495/Modeling-evapotranspiration-and-its-partitioning-over-a-semiarid-shrub-ecosystem/10.1117/1.JRS.7.073495.full
https://www.spiedigitallibrary.org/journals/journal-of-applied-remote-sensing/volume-7/issue-01/073495/Modeling-evapotranspiration-and-its-partitioning-over-a-semiarid-shrub-ecosystem/10.1117/1.JRS.7.073495.full
https://www.researchgate.net/publication/235704197_Crop_evapotranspiration-Guidelines_for_computing_crop_water_requirements-FAO_Irrigation_and_drainage_paper_56
https://www.spiedigitallibrary.org/journals/journal-of-applied-remote-sensing/volume-7/issue-01/073495/Modeling-evapotranspiration-and-its-partitioning-over-a-semiarid-shrub-ecosystem/10.1117/1.JRS.7.073495.full
https://www.spiedigitallibrary.org/journals/journal-of-applied-remote-sensing/volume-7/issue-01/073495/Modeling-evapotranspiration-and-its-partitioning-over-a-semiarid-shrub-ecosystem/10.1117/1.JRS.7.073495.full
https://agupubs.onlinelibrary.wiley.com/doi/epdf/10.1029/WR011i005p00742

eVstress trigger
= Orc
—p factor X (Op¢
- HPWP)

Opwp . Soil moisture at Permanent
Wilting Point
Orc: Soil moisture at Field Capacity
p factor = DF + 0.04 x (5

— ETy4)
DF: Crop-dependent depletion factor
(0.3 for shallow-rooted plants to 0.7 for
deep-rooted plants).

9RZ1
_ BV - (BSMtopmean+ GSMtopstd ) X (1 - fC)

- fe

Orz,: First Estimate of the Root Zone
Soil Moisture

Fc: Fraction of vegetation cover
6y total soil moisture
GV =0

EFi—a
SMsub Xe( b

O smsup: Saturated soil moisture level
a and b: curve fitting parameters = 1
and 0.421

MaxBVRZ = fc X (BVRZmax -
9VRZmean ) + BVRZmean

EF: instantaneous evaporation fraction

p: air density (kg m™3)

Cyp: specific heat of air at constant pressure
(kg™ K™

rac: aerodynamic resistance to heat
transfer between canopy and the reference
height (m s—1)

Tsmax: surface temperatures for the driest
bare soil surface

(1 — as)Sq + £58,0TE — e50TE LT,
4e,0T; + pCp/[(Fap + Fas) (1 — G/Rps)]

Ts,max =

as: bare surface albedo = 0.13 Yang et al.
(2013)

Sd: downward shortwave radiation (W
m~2) Allan et al. (1998)

&s; bare surface emissivity = 0.95 Tasumi
(2003)

€a: atmospheric emissivity Brutsaert
(1975)

. Stefan-Boltzmann constant
(5.67x108Wm2 K™

Ta: air temperature

p: air density (kg m~3)

Cyp: specific heat of air at constant pressure
kgt K™

raa: aerodynamic resistance to heat
transfer between Zom + d (Zom is the
canopy roughness length for momentum
transfer, and d is the zero displacement
height) and the reference height (m s™).
Sanchez, Caselles and Kustas (2008)

ras: aerodynamic resistance to heat flow in
the boundary immediately above the soil
surface (m s1). Sanchez, Caselles and
Kustas (2008)

G: ground heat flux

G/Rnsis taken to be 0.35 for bare soil
surfaces

Rns: net radiation for bare soil surfaces
(Wm?)

Based on Yang et al. (2015):

Rn,s =(1—as)S + ESE'AOFT.;‘1 - ESCTTé
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Where:

as: bare surface albedo

Sd: downward shortwave radiation (W
m~2) Allan et al. (1998)

&s: bare surface emissivity = 0.95 Tasumi
(2003)

€a: atmospheric emissivity Brutsaert
(1975)

¢. Stefan-Boltzmann constant
(5.67x108 W m2 K™

Ta: air temperature

Ts: bare surface temperature

G=Cg(1—P,) Ry

Where:

Cc can vary in a range of 0.2-0.5
depending on the soil type and moisture
Pv: fractional vegetation cover without a
view angle argument @ which refers to the
cover fraction at nadir view (i.e. § = 0°)
Rns: contribution of the soil to the total net
radiation flux

Ry = (1 —oay)S+esLgy — g0t

Where:

as: bare surface albedo

S: solar global radiation (W m— 2)

&s; bare surface emissivity = 0.95 Tasumi
(2003)

Lsky: incident long-wave radiation (W m—
2)

. Stefan-Boltzmann constant
(5.67x108Wm2 K™

Ts: bare surface temperature

Pv(ﬁ') 1 exp( ~0.5 02(8) LAI)

cos(0)

Where:

Pv: fractional vegetation cover without a
view angle argument @ which refers to the
cover fraction at nadir view (i.e. 6 = (0°)
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Q(0): clumping factor to characterize the
heterogeneity of the surface. Lower values
of Q indicate stronger clumping, while Q
= 1 for a homogeneous canopy with a
random dispersion of leaf area, and Q > 1
indicates more regularized distributions.
The clumping factor typically varies with
the viewing angle, attaining a minimum
value at nadir view (Q0). Anderson et al.

(2005).
LAI: Leaf Area Index

QO Qma.x
Q(Q) o 'QO+(Qmax_'QU) eXp(FﬂBp)
Where:
Q0: minimum value at nadir view
Qmax: approaches unity for an azimuth
view perpendicular to the crop row
p=3.8—-0.46D
D: ratio between the canopy height and the
nominal clump width
k=10.3+ (1.7 Q0)14] Anderson et al.

(2005).

Where:

raa: aerodynamic resistance to heat
transfer between Zom + d (Zom is the
canopy roughness length for momentum
transfer, and d is the zero displacement
height) and the reference height (m s™).
Sanchez, Caselles and Kustas (2008)
Zu: measurement heights (m) for wind
speed

Zom: canopy roughness length for
momentum (m) zOM =h/ 10

d: Displacement height d = 2h / 3 (h:
canopy height)

Pw: stability functions for momentum
Brutsaert (1999)

4 stability functions for heat Brutsaert
(1999)

K: Von Karman constant (= 0.41)

u: wind speed (m s— 1)

63



https://journals.ametsoc.org/view/journals/hydr/6/6/jhm465_1.xml
https://journals.ametsoc.org/view/journals/hydr/6/6/jhm465_1.xml
https://journals.ametsoc.org/view/journals/hydr/6/6/jhm465_1.xml
https://journals.ametsoc.org/view/journals/hydr/6/6/jhm465_1.xml
https://www.sciencedirect.com/science/article/pii/S0034425707003410#app1
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/1999RG900013
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/1999RG900013

s 1
d 0.0025(T,—T,)Y*40.012,

Where:

I'sa: aerodynamic resistance to heat flow in
the boundary layer immediately above the
soil surface

us: wind speed at height above the soil
surface where the effect of soil surface
roughness on the free wind movement can
be neglected

Radiation
Stress

Not accounted for

Accounted for in WaPOR ETLook
Model

Computes the stress for plants when there is
not sufficient radiation

_ Trans 60
RS = (ra 54+60) x(1+ 500)

Where:

RS: Radiation Stress factor

ra_24 : daily solar radiation (W/m2)
Solar radiation is derived using MSG and
the DEM. The MSG shortwave radiation
product is used to calculate daily
transmissivity. The reason for not using
the MSG shortwave radiation data directly
IS because of the limited resolution (>
3km) and of the lack of surface relief
effects. The slope and aspect maps derived
from the DEM are used to calculate the
solar radiation for inclined surfaces, based
on Tasumi, et al. (2006

Temperatu
re Stress
(TS)

Accounted for in
GYMEE Biomass
Model:

TS
(T —T) x (Ty —T)’¢

Accounted for in WaPOR ETLook
Model

(Ta - Tmin) X (Tmax - Ta)f

ST =
(Topt - Tmin) ve (Tmax - Topt)f

B (Kr — Tp) x (Ty — Kr)/

Where:
TS: Plant Temperature
Constraint

Where:

T,: daily air temperature

T op¢: 25: Optimum air temperature for
plant growth

T: daily temperature

64




Tw: upper limit of
stomatal activity = 45
Tvo: lower limit of
stomatal activity =0

Kr: Optimum
conductance temperature
(°C)=24

Jc: Jarvis Coefficient

T jnin: 0: minimum air temperature for
plant growth
T 1nax: 50: maximum air temperature for
plant growth

_ Tmax - Topt

Topt - Tmin

(WaPOR Data Manual Evapotranspiration
V2, Final Draft 2.2, 2020)

Jarvis Ty — Ky _Ty— Kr
Coefficient | /¢ = Kr— T, Je = Kr— T,
Th =145
TL=0
Kr=24
Vapor Accounted for in Accounted for in WaPOR ETLook
Stress (VS) | GYMEE Biomass Model

Model:

VS =0.88—-0.183
X log (es
X e,

Where:

e, : saturated vapor
pressure

e, actual vapor pressure

Computes the stress for plants if the VPD
increases too much.

With lower slopes the stress increases faster
VS = vpdsjope X In(0.1 X vpd 4 +0.5) + 1

Where:

VS: Vapor Stress - stress factor for

vapor pressure deficit

vpdgpe: -0.3: vapor pressure stress curve
slope

vpd ,4: daily vapor pressure deficit (mbar)

vpd ,, is computed by deriving the vapor
pressure deficit

Ae in [mbar]: Ae = es — ea but as a daily
average

e, : saturated vapor pressure

e,. actual vapor pressure
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2098 xeg
237.34T

vpdslope = ( ) 2
Where:
e, : Saturated vapor pressure

T: air temperature

17.27XT
e, = 6.108 x e2373+7

Where:
e, : Saturated vapor pressure
T: air temperature
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APPENDIX 2

Economic inputs include costs of fertilizers, pesticides, seeds or cuttings, diesel,
operation, labor, and land rental.

Fertilizers cost: Refers to the expenses incurred in purchasing fertilizers (USD) per 1

hectare of cultivated crop per growing season as per the local farmers' cultural
practices in the basin.

Pesticides cost: Refers to the expenses incurred in purchasing pesticides (USD) per 1

hectare of cultivated crop per growing season as per the local farmers' cultural
practices in the basin.

Diesel cost: Indicates the cost of diesel fuel used in fueling and operating irrigation
pumps and systems, per crop per growing season (USD/ha).

Operation cost: Includes expenses directly associated with crop production such as

costs of plowing, spraying, pruning, and tractor works (USD/ha) of cultivated crop per
growing season.

Seeds/ cuttings cost: Refers to the expenses involved in purchasing seeds for planting

crops per season (USD/ha). For table grapes, the initial cost of cuttings is annualized
over 20 years.

Land rental cost: Represents the cost incurred by farmers or producers for renting or

leasing agricultural land for crop cultivation per district in USD/ha.

Labor cost: Refers to the expenses associated with labor wages for agricultural
workers involved in various tasks, including planting, harvesting, irrigation, pest
control, and other farm operations in USD/ha. The labor cost adheres to the prevailing

local pay range commonly observed in the three districts of the basin.
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