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Evapotranspiration (ET) is a major water 
flux in the terrestrial water balance and 
a key link between water and surface 
energy balances. In water sciences and 
management, the quantification of ET is 
required but challenging to gauge in 
situ, leading to the popularity of models 
based on satellite-derived data. 
However, uncertainties in satellite-
based estimation arise from both 
methodological and technical factors. 
This study examines and assesses 
uncertainties in satellite-based 
estimation of ET.  Part I provides a 
systematic quantitative literature 
review, showing the diversity of 
approaches and constraints arising from 
the availability and quality of reference 
data. A meta-analysis of in-situ 

validations against eddy covariance 
measurements quantifies the status of 
uncertainty in terms of reported 
performance metrics. Part II focuses on 
the assessment of a satellite-based ET 
data product for monitoring water 
productivity from field to global scales. 
Technical uncertainties through ex-ante 
and ex-post methods, including error 
propagation, in-situ validation, and 
triple collocation analysis are provided. 
The results highlight spatial variability 
in uncertainty, limitations of validation 
data, and challenges in dry and tropical 
regions providing guidance to users of 
such products. Finally, this thesis 
reflects on methodological uncertainties 
arising from problem framings, model 
choices, and configurations.
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SUMMARY 
Satellites are increasingly used to acquire data and derive information in water sciences 
and management. This research focuses on satellite-based estimation of 
evapotranspiration (ET), a prominent water flux in terrestrial water balance, and also the 
key link between water and surface energy balances. Quantification of ET is required for 
many applications in water management, but it is challenging to gauge in situ. Many 
models have been developed to estimate actual ET (ETa) using data from satellite remote 
sensing. Some of these satellite-based ETa models are applied to generate data products 
covering a global extent, which are increasingly being used in water management at 
various scales, from agricultural fields to river basins. While previous studies have 
evaluated satellite-based ETa models, it remains uncertain whether they can provide 
reliable estimates in all conditions. 

This research aims to enhance the understanding of uncertainties in satellite-based 
estimation of ETa and further explore the implications of these uncertainties for 
applications in water management. Uncertainties in satellite-based ETa estimates arise 
from both methodological and technical factors. Technical uncertainties arise from input 
data sources, model structure, parameters, and data processing, which can be assessed 
through methods from probability and statistics. Methodological uncertainties arise from 
modelling approaches and subjective modelling choices, which are often not quantifiable 
or even recognised. Several methods to assess technical uncertainties in satellite-based 
ETa estimates have been developed, which could be applied before (ex-ante) and after 
(ex-post) the generation of data products using satellite-based ETa models. In this study, 
uncertainties in satellite-based estimation of ETa were assessed from two perspectives: 
one informed by academic literature (Part I) and the other by direct engagement with the 
quality assessment and application of a satellite-based ETa product (Part II). 

Part I aims to identify how uncertainty has been evaluated in academic literature on 
satellite-based ETa models and data products, and the status of uncertainty reported. A 
systematic quantitative literature review was conducted in Chapter 2 to identify and 
appraise the advances and caveats of uncertainty assessments for satellite-based ETa 
estimates. This review shows the common uncertainty assessment approaches, but also 
their diverse approaches, and constraints due to the availability and quality of the 
reference. In addition, a meta-analysis of studies that employed in-situ validation against 
Eddy Covariance (EC) measurements was conducted in Chapter 3, which presents the 
status of uncertainty in terms of two commonly reported performance metrics: Root Mean 
Square Error (RMSE) and percentage bias (PBIAS). This analysis also shows that PBIAS 
in satellite-based ETa estimates varies significantly across studies utilizing different 
model types, but without a significant improvement over the decade. 
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Part II focuses on the satellite-based ETa model and data that were developed and applied 
in the WaPOR project, which exemplifies the challenges in uncertainty assessment of 
satellite-based ETa products at the continental and global scale. The objectives of Part II 
are: (1) to evaluate the technical uncertainties of a satellite-based ETa data through both 
ex-ante and ex-post uncertainty assessments and (2) to explore the implications of 
uncertainties for the applications in water management. 

Meteorological forcings are required in ETa modelling and often sourced from weather 
stations or climate reanalysis. In Chapter 4, the ex-ante uncertainty assessment of 
meteorological forcings from reanalysis data (GEOS5, ERA5, AgERA5) was 
investigated in Africa and Southwest Asia by direct comparison with in-situ weather 
stations and spatio-temporal intercomparison. The differences between these datasets are 
non-stationary and most pronounced in Central and Southern Africa and Southwest Asia. 
Uncertainty propagations were applied to analyse how uncertainties in ERA5 impact the 
estimation of ET for a reference crop. The results using two error propagation methods 
(Monte Carlo and Taylor expansion) were compared, illustrating the trade-off between 
accuracy and computational cost in estimating uncertainty. 

In Chapter 5, the compound and relative uncertainty were evaluated for the WaPOR 
version 3 Level 1 (WaPORv3L1) ETa data product, which was derived using the ETLook 
model. In-situ validation against EC measurements indicates comparable compound 
uncertainty to that of other satellite-based ETa products. However, in-situ validation still 
faces challenges in dry and tropical climates, where the performance metrics were poor. 
Triple collocation analysis (TCA) was employed to estimate relative uncertainty in terms 
of RMSE and correlation coefficient. Although TCA is valuable in revealing the spatial 
variation of uncertainty, the results highly depend on the choices of the datasets, and 
underestimating uncertainties compared to in-situ validation. 

To explore the implications for applications of satellite-based ETa estimation, Chapter 6 
examined the WaPOR project in terms of problem framing, model choices, and 
configurations, and the consequences of uncertainties. The context of the WaPOR project 
and its emphasis on agricultural water use and water productivity led to a certain choice 
of model and configuration. While uncertainties are mainly perceived and managed as 
predominantly technical problems, reflecting on methodological uncertainties encourages 
exploring alternative data and models and involving participation from data users. 

From the experience and knowledge gained from this research, additional data quality 
information is recommended for satellite-based data products, including outputs from ex-
ante and ex-post uncertainty assessments. Uncertainty assessments should be seen as a 
modelling practice contingent upon the specific methods, references, and methodological 
choices. Therefore, future work should incorporate additional information about known 
issues and users' feedback, while improving both ex-ante and ex-post assessment methods. 



 

xi 

 

SAMENVATTING 
Waterwetenschappen en -beheer gebruiken steeds vaker satellieten om gegevens te 
verzamelen en informatie af te leiden. Dit onderzoek richt zich op satellietgebaseerde 
schattingen van evapotranspiratie (ET), een belangrijke waterstroom in de terrestrische 
waterbalans en tevens de belangrijkste schakel tussen de water- en oppervlakte-
energiebalansen. Veel waterbeheertoepassingen vereisen het bepalen van de hoeveelheid 
van  ET, maar dit is lastig ter plaatse te meten. Er zijn veel modellen ontwikkeld om de 
werkelijke ET (ETa) te schatten met behulp van satellietobservatiegegevens. Sommige 
van deze op satellieten gebaseerde ETa-modellen worden toegepast om producten te 
genereren die een wereldwijde dekking hebben. Deze producten worden steeds vaker 
gebruikt in waterbeheer op verschillende schaalniveaus, van landbouwvelden tot 
rivierbekkens. Hoewel eerdere studies op satellieten gebaseerde ETa-modellen hebben 
geëvalueerd, blijft het onzeker of ze onder alle omstandigheden betrouwbare schattingen 
kunnen leveren. 

Dit onderzoek heeft tot doel het inzicht in de onzekerheden bij satellietgebaseerde 
schattingen van ETa te vergroten en de implicaties van deze onzekerheden voor 
waterbeheertoepassingen verder te onderzoeken. Onzekerheden in satellietgebaseerde 
ETa-schattingen vloeien voort uit zowel methodologische als technische factoren. 
Technische onzekerheden vloeien voort uit onzekerheden in de invoergegevens, 
modelstructuur, parameters en gegevensverwerking. Deze onzekerheden kunnen worden 
bepaald met behulp van methoden uit de kansrekening en statistiek. Methodologische 
onzekerheden vloeien voort uit modelleringsbenaderingen en subjectieve model keuzes, 
die vaak niet kwantificeerbaar zijn of zelfs niet worden onderkend. Er zijn verschillende 
methoden ontwikkeld om technische onzekerheden in satellietgebaseerde ETa-
schattingen vast te stellen. Deze kunnen worden toegepast vóór (ex ante) en na (ex post) 
het genereren van de dataproducten met behulp van satellietgebaseerde ETa-modellen. In 
deze studie werden onzekerheden in satellietgebaseerde schattingen van ETa beoordeeld 
vanuit twee perspectieven: het ene gebaseerd op academische literatuur (deel I) en het 
andere op directe betrokkenheid bij de kwaliteitsbeoordeling en toepassing van een 
satellietgebaseerd ETa-product (deel II). 

Deel I heeft tot doel vast te stellen hoe onzekerheden van satellieten gebaseerde ETa-
modellen en gegevensproducten worden geëvalueerd in de academische literatuur, en wat 
de status is van de gerapporteerde onzekerheid. In hoofdstuk 2 is een systematisch 
kwantitatief literatuuronderzoek uitgevoerd om de vorderingen en kanttekeningen bij 
onzekerheidsbeoordelingen voor op satellieten gebaseerde ETa-schattingen in kaart te 
brengen en te beoordelen. Dit onderzoek toont de gangbare benaderingen voor 
onzekerheidsbeoordeling, maar ook de uiteenlopende benaderingen en beperkingen als 
gevolg van de beschikbaarheid en kwaliteit van de referentiedata. Daarnaast is in 



 

xii 

 

hoofdstuk 3 een meta-analyse uitgevoerd van studies waarin gebruik is gemaakt van in-
situ validatie ten opzichte van Eddy Covariance (EC)-metingen. Deze analyse geeft de 
status van onzekerheid weer in termen van twee veelgebruikte prestatiemaatstaven: Root 
Mean Square Error (RMSE) en percentage bias (PBIAS). Deze analyse laat ook zien dat 
PBIAS in satellietgebaseerde ETa-schattingen aanzienlijk varieert tussen studies die 
gebruikmaken van verschillende modeltypes, maar dat er in het afgelopen decennium 
geen significante verbetering is opgetreden. 

Deel II richt zich op het satellietgebaseerde ETa-model en de gegevens die zijn 
ontwikkeld en toegepast in het WaPOR-project, dat een voorbeeld is van de uitdagingen 
bij de onzekerheidsbeoordeling van satellietgebaseerde ETa-producten op continentale en 
mondiale schaal. De doelstellingen van deel II zijn: (1) het evalueren van de technische 
onzekerheden van satellietgebaseerde ETa-gegevens door middel van zowel ex-ante als 
ex-post onzekerheidsbeoordelingen en (2) het onderzoeken van de implicaties van 
onzekerheden voor waterbeheertoepassingen. 

ETa-modellen maken gebruik van meteorologische forceringen die vaak verkregen 
worden van weerstations of klimaatheranalyse. In hoofdstuk 4 werd de ex-ante 
onzekerheidsbeoordeling van meteorologische forceringen uit heranalysegegevens 
(GEOS5, ERA5, AgERA5) onderzocht in Afrika en Zuidwest-Azië door middel van een 
directe vergelijking met in-situ weerstations en een onderlinge ruimtelijk-temporele 
vergelijking. De verschillen tussen deze datasets zijn niet-stationair en het meest 
uitgesproken in Centraal- en Zuidelijk Afrika en Zuidwest-Azië. Er werden 
foutvoortplanting toegepast om te analyseren hoe onzekerheden in ERA5 van invloed zijn 
op de schatting van ET voor een referentiegewas. De resultaten van twee methoden 
(Monte Carlo en Taylorontwikkeling) werden vergeleken, waarmee de afweging tussen 
nauwkeurigheid en rekenkosten bij het schatten van onzekerheid werd geïllustreerd. 

In hoofdstuk 5 werden de samengestelde en relatieve onzekerheid geëvalueerd voor het 
WaPOR versie 3 Level 1 (WaPORv3L1) ETa gegevensproduct, dat werd afgeleid met 
behulp van het ETLook-model. In-situ validatie ten opzichte van EC-metingen wijst op 
een samengestelde onzekerheid die vergelijkbaar is met die van andere 
satellietgebaseerde ETa-producten. In-situ validatie kent echter nog steeds uitdagingen in 
droge en tropische klimaten, waar de prestatiestatistieken slecht waren. Triple collocation 
analysis (TCA) werd gebruikt om de relatieve onzekerheid te schatten in termen van 
RMSE en correlatiecoëfficiënt. Hoewel TCA waardevol is voor het blootleggen van de 
ruimtelijke variatie van onzekerheid, zijn de resultaten sterk afhankelijk van de keuze van 
de datasets en worden onzekerheden onderschat in vergelijking met in-situ validatie. 

Om de implicaties voor toepassingen van satellietgebaseerde ETa-schattingen te 
onderzoeken, werd in hoofdstuk 6 het WaPOR-project bekeken in termen van 
probleemformulering, modelkeuzes en configuraties, en de gevolgen van onzekerheden. 
De context van het WaPOR-project en de nadruk die daarin wordt gelegd op watergebruik 
in de landbouw en waterproductiviteit hebben geleid tot een bepaalde keuze van model 
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en configuratie. Hoewel onzekerheden voornamelijk worden gezien en beheerd als 
overwegend technische problemen, stimuleert het nadenken over methodologische 
onzekerheden het onderzoeken van alternatieve gegevens en modellen en het betrekken 
van gegevensgebruikers. 

Op basis van de ervaring en kennis die uit dit onderzoek is opgedaan, wordt aanbevolen 
om aanvullende informatie over de gegevenskwaliteit, zoals de ex-ante en ex-post 
onzekerheidsbeoordelingen, op te nemen in de satellietgebaseerde gegevensproducten. 
Onzekerheidsbeoordelingen zijn een onderdel van het modelleringsprocess die 
afhankelijk is van de specifieke methoden, referenties en methodologische keuzes. 
Daarom moet in toekomstig werk aanvullende informatie over bekende problemen en 
feedback van gebruikers worden opgenomen, terwijl zowel de ex-ante als de ex-post 
beoordelingsmethoden moeten worden verbeterd. 
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1 
1 INTRODUCTION 

 

 

Satellites are increasingly used to acquire data and derive information in water sciences 
and management. The research leading to this dissertation is motivated by a question of 
several researchers and water managers: “How accurate and precise are estimates based 
on satellite-based data?”. Specifically, this research focuses on satellite-based estimation 
of evapotranspiration. This first chapter introduces readers to the definition, importance, 
quantification and satellite-based estimation of evapotranspiration, which sets the context 
for the research problem. To address the research problem, a conceptual framework based 
on probability theory was applied to understand and examine uncertainty. Based on that, 
research objectives and questions are formulated. This chapter outlines the overall 
research approach and design, concluding with an overview of thesis structure. 
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1.1 BACKGROUND 

1.1.1 Evapotranspiration in water sciences and management 
Evaporation is defined broadly as the vaporization of water from a liquid to a gaseous 
state. Terrestrial evaporation includes water vaporization from the soil and open water 
(soil and open water evaporation), from precipitation intercepted by vegetation foliage 
(interception loss), and water taken from the soil by plants (transpiration). Transpiration 
and evaporation from soil and water surfaces (sometimes including canopy interception) 
are often combined into the term ‘evapotranspiration’ (ET), which is commonly used in 
agriculture, hydrology, and remote sensing. 

The choice between the term ‘evapotranspiration’ and ‘evaporation’ reflects disciplinary 
training and perspective, and often causes confusion (Ahmad et al., 2025). Hydrologists 
such as Savenije (2004) dismissed the term ‘evapotranspiration’ as a failure to 
conceptualise different ‘evaporation’ processes separately. In presenting the bulk flux of 
water vapor from the land surface, Miralles et al. (2020) advocated the simpler term 
‘evaporation’ as a more physically accurate and consistent than ‘evapotranspiration’. 
However, the term ‘evapotranspiration’ has been used more widely (Miralles et al., 2020). 
Ahmad et al. (2025) contended that ‘evapotranspiration’ better illustrates the complexity 
of coupled physical and physiological process, fostering multidisciplinary collaboration, 
and maintaining relevance across scientific fields. For multidisciplinary relevance, this 
dissertation uses the abbreviation ET as equivalent to ‘total evaporation’. For clarity, ET 
here includes interception loss as a component of abiotic evaporation (Oliveira et al., 
2024). 

ET is the key link between water and energy balances of the land surface. When water 
evaporates, it absorbs energy from the surface as latent heat. The latent heat flux (LE) 
[W⋅m-2] is the energy used to convert liquid water into water vapor during 
evapotranspiration: LE = 𝜆𝜆 × ET, where ET [m⋅s-1] is the rate of water evaporated and λ 
[J⋅m-3] is the specific latent heat of vaporisation of water. LE is a major flux in the surface 
energy balance (Brutsaert, 1982; Rijtema, 1965): 

 𝑅𝑅n = 𝐺𝐺 + 𝐻𝐻 + LE (1.1) 

where Rn [W⋅m-2] is net radiation, 𝐺𝐺 [W⋅m-2] is soil heat flux, H [W⋅m-2] is sensible heat 
flux. The typical value of λ is 2.45 MJ⋅kg-1

 or 2.45×103 MJ⋅m-3 (assuming the density of 
water is 1000 kg⋅m-3 at 20°C). 

In the terrestrial water balance, ET is recognised as the second-largest water flux after 
precipitation, and estimated to be more than 60 % of precipitation on land (Korzoun et 
al., 1978; Oki and Kanae, 2006). The partitioning of precipitation over a catchment into 
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actual ET (ETa) and runoff is mainly controlled by the relationship between the total 
precipitation and the potential ET (ETp) (Budyko, 1974). The latter, a concept introduced 
by Thornthwaite (1948), denotes the potential amount of water that the atmosphere could 
remove from the surface if water were abundantly available. Both actual ETa and ETp are 
fundamental in studying and understanding water cycles and climatic conditions, which 
consequently impact ecosystems, water resources, and food production (Fisher et al., 
2017, 2011). 

In hydrology, ET is often viewed as “water loss” since once the water is evaporated, it is 
no longer immediately accessible to plants and animals at a location. Higher ET means 
less water available for streamflow and groundwater recharge. However, evaporated 
water is not lost; it continues its journey in the water cycle, returning as precipitation 
elsewhere through moisture recycling (Eltahir and Bras, 1996; Savenije, 1995; van der 
Ent et al., 2010). Jackson and Head (2022) argued that the conceptualization of ETa as the 
largest loss in the water balance of a territory has influenced how atmospheric water is 
managed and who controls it, especially in the dry and hot regions. Treating ETa as ‘green 
water’ flow to be controlled and managed—like ‘blue water’ (rivers and groundwater)—
also necessitates scientific and technical tools to monitor and influence water resources 
management and planning (Falkenmark and Rockström, 2004; Jewitt, 2006). 

In agricultural water management, estimating ET is crucial for designing and operating 
water supply as ETa equals the crop water consumption or ‘consumptive use’ (ASCE, 
1930). Water consumption by plants from the soil moisture in the root zone enables 
carbon uptake through photosynthesis, prevents heat stress, and supports nutrient 
transport within plant stems (Katul et al., 2012). Therefore, crop growth requires an 
appropriate amount of water (Jensen et al., 2016), which is governed by numerous factors 
including climate, soil properties, crop type, growth stages, and management practices 
(Steduto et al., 2012). To determine crop water requirements, several standardised 
methodologies have been developed, mainly based on the potential ET for a reference 
crop such as grass or alfalfa, also called reference ET (ETo) (Allen et al., 1998; ASCE, 
2005; Doorenbos and Pruitt, 1977). 

1.1.2 Quantification of ET 
The process of ETa depends on numerous factors, including the atmospheric and 
vegetation conditions, the water availability in the soil, water bodies, and the canopy, as 
well as the surface resistances to ETo (Monteith, 1965; Penman, 1956; Shuttleworth and 
Wallace, 1985). As a result, a great variety of ETa quantification methods have been 
developed over centuries (Brutsaert, 1982). These methods differ on the spatial and 
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temporal scales 1 of application, theoretical basis, sources of input data (Table 1-1). 
Diverse combinations of theoretical frameworks, spatiotemporal scales, and input data 
sources result in a wide range of estimation methods, consequently yielding varying 
results. For example, at the field scale, water balance-based methods such as lysimeters 
and evaporation pans give different results than turbulence-based methods such as Eddy 
Covariance (EC) flux tower (Brutsaert and Parlange, 1998; Ding et al., 2010; Hirschi et 
al., 2017; Rowshon et al., 2014). At the continental and global scales, different ETa 
models, parameters, input data sources and processing techniques result in a wide range 
of ETa estimates (Chen et al., 2014; Long et al., 2014). 

Table 1-1. The choices of theoretical basis, spatial and temporal support, and sources of 
input data in ETa estimation. 

Theoretical basis water balance/budget, surface energy balance, aerodynamics, 
turbulent eddies 

Spatial support pixel/grid size2, field, basin/catchment, region, continent 

Temporal support instantaneous, sub-daily (day/night), daily, sub-monthly (e.g., 
5-day, 8-day, 16-day), monthly, yearly 

Sources of input 
data 

measured by in-situ instruments, measured by ground-based 
remote sensor, measured by sensors on remote platforms (e.g. 
drones, aeroplanes, satellites) 

The complexity of on-site ETa measurement makes it both difficult and expensive to 
routinely measure and monitor ETa temporally and spatially, as this requires a dense 
network of in-situ gauging stations. Given its importance for many ET-based science and 
applications, many have advocated for advancing capabilities for ETa observation, 
specifically regarding accuracy, spatial and temporal resolution, spatial coverage, and 
long-term monitoring (Fisher et al., 2017; Huang et al., 2025). For this purpose, satellite 
remote sensing (RS) currently offers the most feasible means to regularly monitor ETa 
spatially over large surface areas (e.g., river basin, irrigation schemes) up to global 
coverage. 

 

1 Scale (both spatial and temporal) is best described as a triplet of support (or grain), spacing and extent. Support is the 

volume, shape, size, and orientation that a measurement represents (Blöschl and Sivapalan, 1995). 

2 In the realm of remote sensing, the spatial support of pixel values can be equivalent to the resolution of remote sensing 

images, which is the (average) size of its constituent pixels (Bierkens et al., 2000). 
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1.1.3 Satellite-based ET estimation 
Satellite remote sensing (RS) is the process of acquiring data about an object or 
phenomenon using instruments mounted on satellites. Satellite sensors measure the 
radiation reflected or emitted from the earth’s surface or atmosphere in different regions 
of the electromagnetic spectrum. These instruments generate electrical current 
corresponding to the intensity of reflected or emitted radiation and convert electrical 
signals to discrete values in digital imagery (Campbell and Wynne, 2011, p.103). Raw 
digital imagery acquired by sensors on satellites (satellite observations in Figure 1-1) 
must undergo a chain of processing and analysis to derive useful information for 
applications, such as water resources management and hydrological sciences.  

 

Figure 1-1. Generation of uncertainty in applications of remote sensing in water 
resources management. Uncertainty is an inherent attribute of each data and information 

component.  

Drawing from the work on information theory and the physics of information (Boisot and 
Canals, 2004), Bennett (2025) defines ‘satellite data’ as “that which contains information 
about the Earth”, ‘satellite information’ as “what which can modify understandings of the 
Earth”, and ‘satellite knowledge’ as “that which enables its producer to act in adaptive 
ways in and upon”. For example, satellite data  can be a flat binary file containing an array 
of numbers, which contains information about variability and quantity of a geophysical 
variable, such as maps of ETa. From this information, one can produce hydrological 
knowledge such as about variation and anomaly of ETa over time, which suggests 
potential actions regarding water use and demand. 

Because analysis-ready satellite imagery involves multiple processing steps that use 
diverse methods and ancillary data, it aligns more closely with satellite information than 
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with satellite data (Bennett, 2025). It both contains information and reshapes 
understanding, since its form is shaped by processing and calculation methods. Such 
outputs are often called ‘satellite data products’ to distinguish them from raw data. 

ETa and other hydrological variables are not directly measured by sensors onboard 
satellites; instead, they are derived through retrieval models, the outputs of which are 
often referred to as “data products”. Some data products, including those for ETa, are 
generated through several levels of data processing (ESA, 2021; NASA, 2021), a process 
illustrated by the multiple layers of retrieval models shown in Figure 1-1. It should also 
be noted that ‘directly measured’ also involves a measurement model (i.e. the way we 
relate the numerical output of a measuring instrument with the underlying physical state 
of the object that we want to measure). 

Many satellite-based ETa models have been developed and applied to derive estimation 
from RS sensor signals. These models estimate ETa from visible and/or thermal infrared 
RS data and include widely recognized models such as SEBAL (Surface Energy Balance 
Algorithm for Land) (Bastiaanssen et al., 1998), TSEB (Two-source Surface Energy 
Balance) (Kustas and Norman, 1999), SEBS (Surface Energy Balance System) (Su, 2002), 
METRIC (Mapping Evapotranspiration at high Resolution with Internalised Calibration) 
(Allen et al., 2007), ALEXI (Atmosphere-Land Exchange Inverse) (Anderson et al., 
2011), PT-JPL (Priestley-Taylor from Jet Propulsion Lab) (Fisher et al., 2008), and 
GLEAM (Global Land Evaporation Amsterdam Model) (Miralles et al., 2011b).  

The diversity of models (Li et al., 2009; Mohan et al., 2020; Wang and Dickinson, 2012; 
K. Zhang et al., 2016), input data sources, and processing techniques result in a wide 
range of satellite-based global and regional ETa estimates (Chen et al., 2014; Jiménez et 
al., 2011; Long et al., 2014). Retrieval models for ETa estimates require access to the data, 
software or source code, and expertise in these models. Several projects have provided 
platforms to increase public access to various data products which are generated by these 
satellite-based ETa models. These projects and outputs include MODIS16 (Mu et al., 
2011), SSEBop (Senay et al., 2013), GLEAM (Miralles et al., 2025, 2011b), WaPOR 
(FAO, 2020a, 2018a, 2018b), ECOSTRESS (Fisher et al., 2020), and OpenET (Melton et 
al., 2022). 

1.2 PROBLEM STATEMENT 

Remote sensing has a potential to provide water-related data and information more 
economically and efficiently than ground-based data collection methods alone (Hughes 
et al., 2015; van Dijk and Renzullo, 2011). There is now an unprecedented opportunity to 
estimate ET globally thanks to the proliferation of sensors and satellites and advances in 
computational power. However, knowledge gaps remain regarding the uncertainty of 
spatial data derived from satellite remote sensing. These uncertainties can cascade into 
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misinformation and misinterpretation when applying these products in water management 
at various scales (Figure 1-1). For example, uncertainty in ETa estimation introduce 
uncertainty in the estimation of irrigation water use and demand (McDermid et al., 2023; 
Rhenals and Bras, 1981), which might lead to welfare losses for farmers and hinder efforts 
to manage the impacts of irrigation withdrawals (Foster et al., 2020). 

Understanding the sources and impact of uncertainty helps data users know what level of 
confidence they can have in ETa estimates and the inferred information about water 
resources (e.g., crop water consumption, water depletion). Given that more satellite-based 
ETa data products are becoming available, information about the uncertainties in satellite-
based ETa estimates is important for data users (i.e., water managers and policymakers) 
to apply them properly. Characterising these uncertainties is needed to better 
communicate derived water-related information to decision-makers. 

While many studies have evaluated the performance of satellite-based ETa models, none 
of them has concluded that a single model performs best in all situations (e.g., Ferguson 
et al., 2010; Vinukollu et al., 2011b). The strengths and limitations of satellite-based ETa 
models are mostly related to the application and region each was developed for or the 
assumptions used in the evaluation. For example, some satellite-based ETa models have 
been developed for agricultural application and, thus, tested more in homogeneous areas 
(e.g. single crop) than in heterogeneous areas (e.g. a mixture of different vegetations types 
and bare soil). As a result, when certain models are applied to generate global data 
products, it remains uncertain whether they can provide reliable estimates across all 
intended environments (Fuentes et al., 2024; Shufen Pan et al., 2020). 

1.3 CONCEPTUAL FRAMEWORK 

1.3.1 Concepts of uncertainty 
Uncertainty can be generally defined as the state of being not completely confident or 
sure of something. The terms ‘error’, ‘accuracy’, ‘bias’, and ‘precision’ are sometimes 
used to characterize uncertainty. All these terms indicate quantifiable information about 
what is certain or uncertain. However, they are different from ‘uncertainty’ by definition 
(Foody and Atkinson, 2003; Heuvelink, 1998; Loew et al., 2017). The ‘error’ represents 
the difference between what is measured and its true value (JCGM, 2012). The true value 
is the (exact) value according to the theoretical definition of the variable being measured 
or estimated. If we perfectly know the true value, we have no measurement error, which 
eliminates uncertainty. In essence, uncertainty stems from unknown true values and errors 
of a measurement or estimation. 

When a measurement can be repeated, its uncertainty can be described using probability 
distributions of the measured values or measurement errors compared to a reference 
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(Foody and Atkinson, 2003; Montanari, 2007; Povey and Grainger, 2015). Figure 1-2 
illustrates the relationship between uncertainty and other related terms when uncertainty 
is described by the probability distribution of a measured value or error. ‘Accuracy’ is 
defined as “the expectation (i.e., expected value) of overall error’ (e.g., Foody and 
Atkinson, 2003). ‘Bias’ (i.e., the difference between the estimated value and the true value) 
is considered a measure of inaccuracy. Likewise, ‘precision’ (i.e., a measure of the scatter 
of a number of estimated values) can be described using standard deviation and variance 
of the probability distribution of measured values since they both denote the errors spread 
around the mean. 

 
Figure 1-2. Uncertainty as described by the probability distribution of measured values. 

Adapted from JCGM (2012) and Povey and Grainger (2015). 

However, some uncertainties cannot be described using a probability distribution function 
in modelling or measurement. These are called the ‘known, unquantifiable unknowns’ 
(i.e., what we know to exist but cannot quantify) and the ‘unknown unknowns’ (i.e., what 
we do not know to exist because we cannot observe) (Povey and Grainger, 2015). The 
suitability of probability theory for quantifying uncertainty is widely debated in 
hydrological science (e.g., Beven, 2016; Nearing et al., 2016). Nearing et al. (2016) argue 
that there is epistemological uncertainty that must be recognized before selecting 
probability theory as the framework to estimate epistemic uncertainty (i.e., what we do 
not know for certain). Their uncertainty classification includes philosophical and 
linguistic aspects that are not quantifiable. Uncertainty assessment of satellite remote 
sensing data products typically reports quantifiable errors but not ‘unknown’ and 
‘unquantifiable’ errors (Povey and Grainger, 2015). 
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1.3.2 Sources of uncertainties in satellite-based estimation of ET 
ETa is derived from models rather than being directly measured by sensors; thus, ETa data 
products are characterized by a high level of processing by data providers (ESA, 2021; 
NASA, 2021). Raw satellite imagery undergoes a chain of pre- and post-processing and 
modelling to generate useful data and information for applications (Figure 1-3). The 
retrieval models of data with low level of processing (e.g., radiance, vegetation indices) 
share common formulas and usually require only raw satellite images. High-level data 
products like satellite-based ETa relies on various models with different concepts, 
assumptions, and data sources. Raw satellite images undergo processes (e.g., radiometric, 
geometric, and atmospheric corrections) to generate higher-level data products such as 
surface reflectance, land surface temperature, emissivity. These processes introduce 
uncertainty into the input data required for satellite-based ETa estimation, such as 
vegetation indices (Hadjimitsis et al., 2010) and land surface temperature (Li et al., 2013). 
Therefore, the uncertainty of satellite-based ET data products is related to uncertainty in 
model structure and parameterization, and input data.  

 

Figure 1-3. The sources of uncertainty in ETa estimates from the typical workflow in 
remote sensing-based models. Compound uncertainty is the aggregation of all 

uncertainties from input data, change of temporal and spatial scale, gap filling, model 
parameterization, and model conceptualization. 

Satellite-based data are typically acquired when satellite passes over specific areas of 
interest, resulting in essentially instantaneous ETa estimates. Because many operational 
applications necessitate ETa estimates over longer time intervals, such as daily, 8-day, or 
monthly totals, various methods have been developed to upscale these instantaneous 
satellite-based ETa estimates to daily values (Jiang et al., 2021). Moreover, the designated 
resolution and the return interval of satellites might not be suitable for operational 
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applications. Thus, gap-filling and spatial downscaling steps are common in many 
retrieval models of satellite-based ETa data products. 

Changes in spatial and temporal scales and gap filling during data pre- and post-
processing steps also introduce more uncertainty. Modelled estimates are typically 
validated against a reference that is considered more accurate. In earth sciences, model 
validation is always partial and can only demonstrate the agreement between modelled 
results and observation (Oreskes et al., 1994). For satellite remote sensing, the reference 
is often the estimates from in-situ measurements because they are considered to provide 
a more accurate representation of actual ground conditions than satellite retrievals. 
Woodhouse (2021) argued that in-situ measurements should not be considered the 
‘ground truth’ for satellite-based estimates; instead, they should be treated as estimates 
that have their own associated uncertainty. In this research, the errors compared to the 
reference dataset are termed ‘compound uncertainty’ because they aggregate all sources 
of uncertainty. Meanwhile, comparison with other equivalent ETa estimates yields 
‘relative uncertainty’, as these uncertainty estimates are determined in relation to the 
chosen estimates. Since reference data also carries uncertainty, ‘compound uncertainty’ 
can be seen as a form of ‘relative uncertainty’ specially determined against the reference 
data. 

1.3.3 Uncertainty assessment 
Uncertainty assessment refers to the process of identifying, characterizing, and 
quantifying the various sources of uncertainties in each measurement, estimate, model 
result, or analysis. Its goal is to understand how these uncertainties might affect the results, 
conclusions, or decisions, and to communicate the level of confidence in those results. 
Uncertainty in satellite-based data products can be assessed using various methods and 
approaches at different stages of production. In this study, uncertainty assessments are 
categorized as ex-ante and ex-post (Figure 1-3). Ex-ante assessments are performed 
prior to output data generation to analyse and estimate potential errors and uncertainties, 
which are crucial steps in model development and calibration. Ex-post assessments are 
conducted after output data generation, using independent datasets (e.g., a reference 
dataset or other estimates) to evaluate the compound and relative uncertainty of the 
satellite-based data product. 

The sources of uncertainty mentioned previously (Figure 1-3) stem from the technical 
factors of a given satellite-based ETa model such as its structure, parameters, or input data. 
These “technical uncertainties” can be assessed through standard methods like 
probability and statistics. For example, the uncertainty from parameters and input data 
can be quantified with uncertainty analysis, also called uncertainty propagation or error 
propagation (Crosetto et al., 2001; Heuvelink, 1998). 
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There are many techniques for uncertainty propagation and their suitability depends on 
several factors, including the number of uncertain inputs, uncertainty distribution and 
correlation of input variables, and model linearity (Mohammadi and Cremaschi, 2022). 
For satellite-based models, analytical techniques which are based on propagation of 
moments formulas (Taylor, 1997) are not always suitable because these models have 
complex relationships and input uncertainty is not always normally distributed. 
Numerical techniques are generally applicable to outputs from satellite-based models 
(Crosetto et al., 2001; Heuvelink, 1998). 

The contribution of each input factor to the total uncertainty in the model output can be 
determined by sensitivity analysis (Crosetto et al., 2001; Rakovec et al., 2014; Saltelli et 
al., 2021). Such analysis is primarily used to identify the factors that contribute most to 
the model uncertainty (Saltelli et al., 2019). In general, there are two main approaches to 
sensitivity analysis: local and global sensitivity analysis. Local sensitivity analysis 
defines the model’s sensitivity to an input factor (e.g., parameter or variable) as the first-
order partial derivative of the model with respect to this input factor (Saltelli et al., 2019). 
In contrast, global sensitivity analysis explores the whole variation range of input factors 
(Razavi and Gupta, 2015). 

Validation is often applied to confirm a data product’s fit-for-purpose instead of 
sensitivity analysis and uncertainty analysis of its retrieval model (Crosetto et al., 2001). 
The definition of validation in modelling is context-dependent and has become more well-
defined over time (Bellocchi et al., 2011). Model validation does not prove that the model 
is true but rather proves that it is empirically adequate (Oreskes et al., 1994). A valid 
model is one that does not contain known or detectable flaws and is internally consistent, 
rather than being an assertion of the reality. Meanwhile, validation of model results 
involves quantifying the accuracy compared to a reference (often in-situ datasets), which 
proves the validity of the data for its intended application. 

In RS, validation often only refers to the data itself and not the model (Bayat et al., 2021; 
Loew et al., 2017; Wu et al., 2019b). Because RS-derived data products are model results, 
their validation depends on the quality and quantity of input parameters and the accuracy 
of auxiliary hypotheses that were used to derive them (Oreskes et al., 1994).  Therefore, 
validating a satellite-based ETa model does not imply that the model can be applied with 
any forcing data or settings to produce accurate output. 

Uncertainty also arises from differences in modelling approaches and subjective choices 
when establishing the workflow illustrated in Figure 1-3. These “methodological 
uncertainties” are sometimes not consciously recognized by modelers and often not 
easily captured by statistics (Melsen, 2022; Melsen et al., 2019). Methodological 
uncertainty is present throughout the entire workflow in Figure 1-3, including the choice 
of uncertainty assessment method and reference data. It arises from the choices made by 
scientists and engineers, such as the specific algorithms used to retrieve data, the 
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assumptions embedded in physical models, techniques for handling missing data or fusing 
different data sources, and even the selection of uncertainty assessment methods. 

1.4 RESEARCH OBJECTIVES 

This research aims to enhance the understanding of both technical and methodological 
uncertainties in satellite-based ETa estimation and further explore the implications of 
these uncertainties for water management. Specifically, the study aims to: 

1. Identify how uncertainty has been evaluated in academic literature on satellite-
based ETa models and data products, and the status of uncertainty reported. 

2. Evaluate the technical uncertainties of a satellite-based ETa data product through 
both ex-ante and ex-post uncertainty assessments. 

3. Explore the implications of uncertainties in a satellite-based ETa data product for 
its applications. 

1.5 RESEARCH APPROACH AND DESIGN 

This research approached the uncertainties in satellite-based estimation of ETa from two 
perspectives: one informed by academic literature and the other by direct engagement 
with the development and application of a satellite-based ETa model (Figure 1-4). From 
the first perspective (Part I), a systematic quantitative literature review was conducted to 
examine how uncertainties in satellite-based ETa are assessed in academic literature 
published between 2011 and 2021, a decade before the inception of this research. This 
approach examines the evidence base for claims regarding the accuracy and precision of 
satellite-based ETa estimates. Quantified uncertainties from the reviewed literature were 
then surveyed and analysed using a meta-analysis approach to determine the overall status 
of uncertainty in satellite-based ETa within academic literature. 
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Figure 1-4. The research approach and outline of this thesis. 

The second perspective (Part II) focuses on a specific satellite-based ETa model for two 
primary reasons. First, the implications of uncertainties in satellite-based ET estimation 
are case-specific and depend on the actors and decisions involved in the development and 
application of a model (FAO, 2023a). Second, this research was funded by and 
undertaken as part of the WaPOR project3, which aims to monitor water productivity 
using remote sensing data (FAO, 2020a, 2018a, 2018b). This allowed the research to 
benefit from the project’s resources and acquired data. To some extent, the funding source 
pre-determined the satellite-based ETa model to be evaluated. This work contributes to 
the WaPOR project’s technical work package focused on the quality assessment of its 
ETa data, independent from the data provider.  

The research design both shaped and was shaped by the quality assessment activities 
within the WaPOR project. Based on the appraisal of uncertainty assessment methods in 
Part I, a set of suitable methods was selected to evaluate technical uncertainties in both 
the input data and the model (ex-ante assessments), as well as in the derived data product 
(ex-post assessments). The range and distribution of uncertainty metrics from Part I 
served as the baseline for ex-post uncertainty assessment conducted in Part II. For the ex-
ante uncertainty assessment, the uncertainties in meteorological forcings and their impact 

 

3 https://www.fao.org/in-action/remote-sensing-for-water-productivity/en  
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on the estimation of ET for a reference crop in Africa and Southwest Asia were assessed 
(Figure 1-5). This assessment was conducted as part of the WaPOR project’s first quality 
assessment report, focusing on the period from 2018 to 2022 (FAO and IHE Delft, 2024). 
For the ex-post uncertainty assessment, the relative and compound uncertainties of the 
WaPOR version 3 global data product was assessed across various locations with in-situ 
references worldwide, also for the same period. This assessment was conducted as part 
of the WaPOR project’s second quality assessment report. Additionally, the compound 
uncertainty from direct validation was compared with the relative uncertainty obtained 
from alternative methods to investigate the applicability of these approaches for future 
quality assessments. 

 

Figure 1-5. Geographical regions corresponding to the areas of interest in each chapter. 

A qualitative approach was adopted to explore the implications of uncertainties in 
satellite-based estimation of ETa for its applications. This involved a reflexive analysis of 
the WaPOR project, specifically examining problem framings, model choices, and 
configurations, as well as the consequences of uncertainties. Drawing on Holland's (1999) 
definition of reflexivity as the process of “turning back upon, or taking account of, itself” 
this analysis focused on the WaPOR project’s entire process of ET modelling, not just its 
final ETa estimates, to understand how decisions and assumptions influenced its outcomes. 
Using a reflexive lens (Walsh, 2003), lessons were drawn from multiple studies and 
secondary sources, including water accounting studies in the Litani and Niger Basins, and 
irrigation advisory services in Egypt and Tunisia. 
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1.6 RESEARCH QUESTIONS 

The research process for this dissertation involved the iterative formulation and 
refinement of specific research questions as the research approach and design were 
implemented. Table 1-2 presents research questions addressed in this dissertation. 

Table 1-2. Research questions and their links to research objectives and thesis chapters. 

Research 
objective 

Research questions (RQs) Addressed 
in chapter 

Objective 
1 

RQ 1.1: What are the common and emerging methods used 
to assess uncertainty in satellite-based ETa estimates? 
RQ 1.2: What are the advances and caveats of these 
uncertainty assessment methods? 
RQ 1.3: In which contexts are the uncertainties of satellite-
based ETa assessed with these methods? 

Chapter 2 

RQ 1.4: Which metrics are used to report uncertainty in 
satellite-based ETa estimates? 
RQ 1.5: What is the typical range of uncertainty in 
satellite-based ETa estimates globally based on 
performance metrics reported from previous studies? 

Chapter 3 

Objective 
2 

RQ 2.1: What is the uncertainty of meteorological forcing 
from the input datasets for modelling ET? 
RQ 2.2: What is the impact of uncertainty in 
meteorological variables on the estimated ETo? 

Chapter 4 

RQ 2.4: What is the compound uncertainty of the WaPOR 
project’s ETa data product? 
RQ 2.5: How well can the relative uncertainty of the 
WaPOR’s ETa data product predict the compound 
uncertainty from direct validation? 

Chapter 5 

Objective 
3 

RQ 3.1: What are the problem framings that influence the 
model choices and configurations in the WaPOR project? 
RQ 3.2: What the impacts of subjective modelling choices 
observed in the WaPOR project? 
RQ 3.3: How are uncertainties stemming from the 
development and application of the ETLook model 
specifically perceived and managed within the WaPOR 
project? 

Chapter 6 
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1.7 THESIS OUTLINE 

The rest of this thesis includes two parts and a synthesis chapter (Figure 1-4). Each 
chapter presents a different set of methods; therefore, the detailed methods are presented 
in each chapter instead of in a separate chapter.  

Part I focuses on the assessment of uncertainty on satellite-based ETa estimation in the 
academic literature, which comprises Chapter 2 and 3. Chapter 2 examines the methods 
and existing gaps in uncertainty assessment through a systematic quantitative literature 
review. Chapter 3 presents the status of uncertainty in satellite-based ETa estimates 
reported in the literature through a meta-analysis of studies that employed the most 
common uncertainty assessment method. 

Part II of this dissertation focuses on the satellite-based ETa model that was developed 
and applied in the WaPOR project, known as ETLook. Part II begins with a brief 
introduction to the WaPOR project, the ETLook model, and the global data product 
generated using this model.  Chapter 4 presents an ex-ante uncertainty assessment of the 
ETLook model, investigating the uncertainties in the model’s meteorological forcings, 
and analysing how these uncertainties impact the estimation of ET for a reference crop. 
Chapter 5 provides an ex-post uncertainty assessment, evaluating the compound and 
relative uncertainty in outputs of the ETLook model, specifically the WaPOR version 3 
data product. Chapter 6 contains an analysis on how uncertainties in the ETLook model 
are influenced by the problem framings, model choices and configurations, and how 
uncertainty in its outputs was perceived and managed within the WaPOR project. 

Finally, the key outputs of this research and the answers to the research questions are 
synthesized in Chapter 7. This synthesis aims to provide recommendations for water 
managers, policymakers, and RS data providers regarding the quality assessment of 
satellite-based ET data products. Chapter 7 also includes the author's personal reflection 
on the research processes that led to this dissertation.



 

 

 

 

 

 

 

 

PART I: UNCERTAINTY ASSESSMENT 
IN THE LITERATURE  
In Part I, the uncertainty assessments of ETa estimate derived from satellite-based models 
from previous studies are appraised through a systematic quantitative review of their 
methods (Chapter 2) and a meta-analysis of their results (Chapter 3). 
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2.1 INTRODUCTION 

Previous literature reviews have discussed satellite-based ETa estimates and uncertainty 
(Figure 2-1). Many of these reviews focused on outlining the methods to estimate ETa 
using satellite-based models (e.g., Courault et al., 2005; Kustas and Norman, 1996; Wang 
and Dickinson, 2012; K. Zhang et al., 2016) and sometimes discussed the uncertainties in 
the estimation (Glenn et al., 2011; Kalma et al., 2008; Karimi and Bastiaanssen, 2015). 
However, none of these explored how uncertainties of satellite-based ETa estimates are 
currently being assessed, which is an important issue in remote sensing and the production 
of spatial data (Bielecka and Burek, 2019; Mayr et al., 2019; Wu et al., 2019b). In an 
overview of Essential Climate Variables, Bayat et al. (2021) concluded that satellite-
based ETa data products lack a good practice protocol for operational validation, 
compared to other variables. Meanwhile, in-situ measurements of ETa also suffer from 
errors and uncertainty (Allen et al., 2011a) and, thus, require complete documentation 
that provides sufficient information to ascertain the expected accuracy and 
representativeness of the reported ETa estimates (Allen et al., 2011b). 

 

Figure 2-1. Previous literature reviews on satellite-based ETa estimation, uncertainty, 

and validation of RS-derived data. 

These reviews highlight the need to better advance the uncertainty assessment of satellite-
based ETa, leading to the following research questions: 

• What are the common and emerging methods used to assess uncertainty in 
satellite-based ETa estimates? 

• What are the advances and caveats of these uncertainty assessment methods? 

• In which contexts are the uncertainties of satellite-based ETa assessed with 
these methods? 
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To answer these questions and build on existing literature, this chapter provides a 
literature review of previous studies that assessed the uncertainty or accuracy of satellite-
based ETa models or the output data products of these models. Given that many literature 
reviews on the uncertainty or accuracy of ETa estimation have been published prior to 
2011 (Figure 2-1), we focus on the period from 2011 onward to evaluate whether the 
studies in this period adopted the valuable contributions and recommendations from these 
previous reviews. Given the growing volume of literature published in the field, we 
followed a systematic quantitative review approach to avoid subjectivity or bias towards 
particular products, authors, or approaches. We identified research articles with a set of 
predetermined criteria and categorized these articles based on the methods used to assess 
uncertainties and the context where uncertainties were evaluated. We then quantified the 
number of articles per category to identify any trends or gaps in literature. Furthermore, 
we appraised the advances and caveats of the existing methods and provided 
recommendations for future studies. 

The rest of this chapter is organized as follows: Section 2.2 describes the methods used 
to analyse literature. The results of the literature analysis concerning assessment methods 
and the context when these methods are used are discussed in Section 2.3 and 2.4. Finally, 
Section 2.5 summarizes the key points and recommendations for future research. 

2.2 SYSTEMATIC QUANTITATIVE LITERATURE REVIEW METHOD 

In this literature review, we specifically focus on how quantifiable uncertainty in satellite-
based ETa estimates has been assessed in recent years (2011-2021). We employed 
Pickering and Byrne’s (2014) systematic quantitative literature review method, which 
includes systematic search, categorization, and quantification of literature. We chose this 
approach to objectively highlight trends and gaps in current satellite-based ETa 
uncertainty assessment methods through quantitative results. The literature search is 
systematic, but undeniably not exhaustive; thus, certain papers may be omitted if they do 
not meet the specified inclusion criteria. 

2.2.1 Identification and database search 
The academic electronic databases Web of Science and Scopus were searched (last access: 
24/07/2023) using the combination of the three search terms: “evapotranspiration”, 
“remote sensing”, and “uncertainty”, or their variants (Table 2-1). The term 
“transpiration” and “interception” were not used since they only represent components of 
ETa. Since different terms for satellite remote sensing, evaporation, and uncertainty can 
be used in the title and abstract, the variants of search terms were identified based on a 
set of 34 prior articles (Badgley et al., 2015; Bhattarai et al., 2019; Byun et al., 2014; 
Chen et al., 2015, 2014; Guillevic et al., 2019; He et al., 2020; Jiménez et al., 2011; H. C. 
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Jung et al., 2019; Khan et al., 2018; Kiptala et al., 2013; Li et al., 2015; W. Liu et al., 
2016; Long et al., 2014; McCabe et al., 2016; B. Mueller et al., 2013; Mueller et al., 2011; 
Shufen Pan et al., 2020; Rajib et al., 2018; Ramoelo et al., 2014; Rodell et al., 2011; 
Ruhoff et al., 2013; Senkondo et al., 2019; Sörensson and Ruscica, 2018; Vinukollu et al., 
2011a, 2011b; S. Wang et al., 2015; Westerhoff, 2015; Xu et al., 2019; Yang et al., 2017, 
2015b; Yilmaz et al., 2014; Yuan et al., 2012; Zeng and Cai, 2018). These articles were 
identified in a preliminary literature search prior to this study. 

Table 2-1. Search terms and variants. Search terms were combined using AND operator 
and variants were combined using OR operator. The asterisk * was used to include 

similar terms. 

 Search terms combined by < AND > 
Variants combined 

by < OR > 
Evaporation 
Evapotranspiration 
Latent heat 

Remote sensing 
Remotely-sensed 
Remotely sensed 
Earth observation 
Satellite* 
Global ** product 
Global ** data* 

Uncertainty 
Accuracy 
Data quality 
Variability 
Reliability 
Evaluat* 
Validat* 
Performance 

The search result was limited to a publication date from 2011 to 2021, and duplicates 
were removed. Only English articles (> 99 % of results) that reported original research 
and were published in scientific peer-reviewed journals were considered. Review papers, 
conference proceedings and grey literature were not included because they have different 
formats and provide limited details of the methods used for uncertainty assessment. 

2.2.2 Relevance and eligibility screening 
From the search result, we identified papers that attempted to assess the accuracy or 
uncertainty of one or more satellite remote sensing-based estimations of terrestrial ETa, 
either from model simulations or analysis-ready data products. The models of interest 
were diagnostic satellite-based ETa models4, such as the models that were reviewed by 
Chen and Liu (2020), Courault et al., (2005), and Zhang et al. (2016). To identify relevant 
papers, we screened the title and abstract using the ASReview software, a semi-automated 
screening system that incorporates an active learning classifier to rank the order of papers 
based on their relevance to the articles that were included previously (van de Schoot et 
al., 2021) [Website: https://asreview.nl/]. ASReview assists by identifying 95 % of the 
eligible studies after screening between 8 to 33 % of the sampled studies (van de Schoot 

 

4 Diagnostic satellite-based ET models are static models that estimate ET at single period of time (snapshot) using 

satellite data as the primary inputs for independent variables in the models.  
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et al., 2021). Based on the number of articles and the efficiency of ASReview, we 
established criteria to stop screening when 100 irrelevant records had been found 
consecutively (3 % of the total records) and at least 10 % of the total records had been 
screened. After screening titles and abstracts, we assessed the eligibility of each paper by 
reading the full-text articles and finally included 676 articles in our review (Figure 2-2). 

 

Figure 2-2. Results of article selection from database search (identification), title and 
abstract screening (screening), and full-text assessment (eligibility). 

2.2.3 Article organization and analysis 
Each included article was classified into categories based on methods, objectives of the 
study, and results (Table 2-2). The total number and percentage of research papers per 
category were then synthesized from the literature database, and the patterns and trends 
in assessing the uncertainty of satellite-based ETa were discerned. 
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Table 2-2. Categories and subcategories used to organize the included papers. 

Category group Categories 
Objective of the study 
 

Model development, Model improvement, Model 
implementation, Product evaluation, Model evaluation 

Sources of uncertainty Compound uncertainty, Relative uncertainty, 
Change of spatial scale, Change of temporal scale, Model 
parameterization, Input data, Gap filling 

Types of approach Sensitivity analysis, Uncertainty propagation, Validation, 
Inter-comparison, Others 

Uncertainty metrics RMSE, bias, variance, … 
Types of reference In-situ measurement (EC, lysimeter…) 

Catchment water balance 
Temporal support Sub-daily, daily, from 5 to 16 days, monthly, season, 

annual 
Spatial support Less than 100 m, from 100 m to 500 m, from 500 m to 

5km, from 5 km to 1o, more than 1o, basin, continent, 
global. 

Spatial coverage Field, region, continent, global 

2.3 REVIEW OF THE METHODS FOR UNCERTAINTY ASSESSMENT 

The selected articles assess uncertainty in satellite-based ETa using mainly 8 approaches: 
(1) validation, (2) intercomparison, (3) sensitivity analysis, (4) evaluation of input data, 
(5) uncertainty propagation, (6) three-cornered hat and triple collocation (TCH/TC), (7) 
physical consistency, (8) ensemble of estimates. Figure 2-3 shows the upset plot (Lex et 
al., 2014) of all reviewed articles by the approach of uncertainty assessment and the 
intersections of more than one approach. Most articles (532 out of 601) used a validation 
approach. There are a few other approaches that were less frequently used and often in 
combination with validation, as shown by the number of intersections with ‘Validation’ 
(Figure 2-3). 
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Figure 2-3. Uncertainty assessment approaches used in the reviewed articles (N = 676). 
The horizontal bar chart displays the number of articles using specific approaches 

(categories), while the vertical bar chart represents article counts within the intersections 
of multiple categories. Each vertical bar corresponds to an intersection in the column 
beneath it. Black circles denote the categories on the respective rows present in the 

intersection, while grey circles signify categories absent from the intersection. 
Intersections with less than 2 articles were excluded from the graph for improved 

presentation. TCH/TC stands for ‘Three-Cornered Hat/Triple Collocation’. ‘Others’ are 
approaches that are used only once, which are recorded in (Tran, 2023). 

Except for the validation and intercomparison approach, other approaches showed no 
increasing or a decreasing proportion in selected literature from 2011 to 2021 (Figure 
2-4). Approaches other than validation and intercomparison have only been used by a 
small group of researchers and not applied widely or increasingly. Thus, this section 
discusses the application of the most common uncertainty assessment approaches. 
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Figure 2-4. The proportion of reviewed articles per year for each approach to assessing 
satellite-based ETa uncertainties. 

2.3.1 Validation 
In validation, satellite-based ETa model results are compared to a ‘reference’ method that 
is considered by the researcher as the ‘best’ or most valid measure. The choice of the 
‘reference’ method introduces subjectivity into the model evaluation (Melsen et al., 2019). 
In the case of satellite-based ET, three types of ‘reference’ are typically used: (1) in-situ 
measurements (N = 572), (2) catchment water balance (N = 83) and (3) output from 
models run with ground-based input data (N = 9). Almost all articles that used the 
validation approach considered an in-situ measurement as their reference (Figure 2-5), 
while other types of reference data were much less considered. 

a. Using in-situ measurements as the validation reference 

Several in-situ methods have been developed to estimate ETa on the ground, including 
Eddy Covariance (EC), lysimeters, the Bowen ratio energy balance (BREB), etc. (Table 
A-1). These measurements are often considered the ‘observation’ or ‘reference’ to 
validate satellite-based ETa. Among these, EC is the predominant method for validation 
and was considered in 424 out of 600 articles (Figure 2-5). Four factors explain the 
popularity of the EC method: (1) its relatively large network of stations, (2) long-term 
temporal coverage of flux towers, (3) open access of data (e.g., FLUXNET5) and (4) 
direct measurement of water vapor concentration and vertical wind speed of the air 
parcels to calculate latent heat flux. 

 

5 An international network of hundreds of EC sites (and researchers) mainly in the Global North., which aims to 

provides long-term observations of ecosystem through monitoring ET and carbon fluxes. See https://fluxnet.org/. 

https://fluxnet.org/
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Figure 2-5. Different reference data (a) and in-situ estimation methods (b) used for 
satellite-based ETa validation in reviewed articles (N = 600). *Other methods for in-situ 

ETa estimation include volumetric soil water content difference (N = 1), canopy 
temperature and meteorology monitoring system (N = 1), portable chamber (N = 1), 

atmometer (N =1), Open Top Chamber (N = 1), and crop coefficient method using ETo 
equations other than FAO-56 (N = 1). 

Using in-situ methods for validation faces three main challenges: (1) the cost to set up 
and maintain measuring stations; (2) the mismatch between the source area of 
measurement and the spatial resolution of an RS-based estimate, and (3) errors in 
measurements and assumptions. For example, the cost of a complete EC system is about 
ten times the cost of a weather station with basic meteorological instruments. Although 
the EC method can be used to monitor other fluxes (e.g., carbon dioxide and nitrogen 
oxide), the high cost of the EC system still limits the number of sampling points and 
regions (FLUXNET, 2017; Oliphant, 2012). The low sampling density can be 
compensated for with low-cost systems (Markwitz and Siebickeor, 2019) but at the 
expense of lower accuracy. In order to obtain validation data at a global scale, EC 
networks need to be expanded in many regions (e.g., Africa, South Asia, Southwest Asia, 
and South America). 

Spatial support of in-situ measurements often does not overlap with the pixel footprint of 
the satellite images (i.e., the area the pixel value represents). The spatial support of in-
situ measurements varies among methods, averaging from 1 m2 (micro-lysimetry) to a 
few km2 depending on wind speed and wind direction (eddy covariance and 
scintillometry). Certain methods for measuring components of ETa have more limited 
spatial support (e.g., sap-flow measurement for transpiration). For homogeneous pixels 
(with the same geophysical and ecological characteristics), in-situ measurements can be 
representative of an entire pixel. However, when the pixel covers a large area, satellite-

(b)(a)



2.3. Review of the methods for uncertainty assessment 

 

28 

 

based ETa validation frequently involves heterogeneous pixels. Therefore, multiple sites 
and upscaling methods are required to best aggregate from site-specific to pixel-scale 
information (e.g., Li et al., 2018; Liu et al., 2016). 

Every in-situ measurement technique is subject to uncertainty and error. Even the most 
widely used technique, the EC flux tower, has limitations in terms of measurement (10–
20 % error) and spatial support (Glenn et al., 2011; J. Wang et al., 2015). All methods 
have common sources of error and uncertainty, such as sensor response (detection limit), 
calibration error (sensor drift over time), noise (spurious random spikes in the signal from 
the sensor), and poor installation and maintenance (Allen et al., 2011a). Additionally, 
each method has specific sources of error and uncertainty due to its theoretical 
assumptions. For example, the EC method requires fully developed turbulent fluxes to 
ensure that the net vertical transfer of water vapor is caused by eddies, and the area must 
be horizontal and uniform. Moreover, the lack of energy balance closure in EC 
measurements needs particular attention, since the gap can be up to 30 % of available 
energy (Allen et al., 2011b; Bambach et al., 2022; Vendrame et al., 2020; Wilson et al., 
2002). The problem arises due to a scale mismatch of energy balance components and 
unaccounted exchange fluxes on heterogenous landscapes (Foken, 2008). 

Dealing with scale mismatches and uncertainty of reference in-situ measurements is 
challenging, and there is no consistent method in the reviewed literature. Some studies 
only mentioned these issues when discussing the validation result. Information about the 
spatial support and uncertainty of in-situ measurements is not always available to 
researchers if they acquire reference data from other sources. However, without reporting 
the spatial support and uncertainty of measurements, we might easily draw biased 
conclusions: when the validation results are good, we might conclude that the model is 
good without questioning the quality of the reference, but when the results are not so good, 
we could argue that it is because of the imperfect reference measurements and conclude 
that the model still is good. Hence, it is important to accompany validation results with 
the best knowledge about the uncertainty and scale mismatches of reference datasets. 

b. Using the residual of the water balance as the validation reference 

ETa of an area can be estimated as the residual of the water balance (WB) when the inflow 
(e.g., precipitation, irrigation supply), change in storage, and outflows of water (e.g., 
runoff, water conveyance) of that area are known. This approach is mainly used for 
assessment at a river basin scale. It assumes that the residual from the basin WB should 
be the total ETa of the basin: ETa = 𝑃𝑃 − 𝑄𝑄 − d𝑆𝑆

d𝑡𝑡
, where 𝑃𝑃  is precipitation, 𝑄𝑄  is river 

discharge, and d𝑆𝑆
d𝑡𝑡

 is the total change in basin water storage over time. This water balance 
approach assumes that there is no other water inflow or outflow across the catchment 
boundary. In some studies, d𝑆𝑆

d𝑡𝑡
 is assumed to be negligible over a long period of time (a 

year or longer), which results in a more simplified water balance ETa = 𝑃𝑃 − 𝑄𝑄. 
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For long-term periods (e.g., years, decades), total water storage change (TWSC) over time 
(d𝑆𝑆
d𝑡𝑡

) is assumed to be zero, such that ETa estimates are then validated with only 𝑃𝑃 − 𝑄𝑄 
(e.g., Vinukollu et al., 2011). However, this assumption does not hold true in many 
regions of the world where groundwater is overexploited at an accelerated rate. For short-
term periods (i.e., months), TWSC is often estimated from GRACE RS-based total water 
storage anomaly (TWSA) products. However, the TWSA products only cover the period 
from 2002 with a gap of 11 months from 2017 to 2018 between the GRACE and GRACE-
FO missions. Some techniques have been developed to reconstruct this gap in the GRACE 
time series (e.g., Yang et al., 2021). However, the uncertainties in gap-filled d𝑆𝑆

d𝑡𝑡
 estimates 

are still less known than uncertainties in the initial estimates from GRACE and GRACE-
FO (Boergens et al., 2022). 

The uncertainty in ETa estimated by this approach depends on the choice and data quality 
of other variables (e.g., precipitation and river discharge) in the WB (Senay et al., 2011). 
Lehmann et al. (2022) have compared the residual calculated from 1694 combinations of 
𝑃𝑃 , 𝑄𝑄 , and ETa datasets with d𝑆𝑆

d𝑡𝑡
 derived from GRACE and found that none of these 

combinations can close the WB in all tested basins. They also suggested that using some 
combinations of 𝑃𝑃, 𝑄𝑄, and ETa datasets cancels their errors in the GRACE-based WB. 
Because of the errors in the P, Q, and d𝑆𝑆

d𝑡𝑡
 components, studies that use WB-derived ETa as 

a reference to validate ETa without accounting for uncertainties in these components risk 
biased conclusions. 

To account for errors in P, Q, and d𝑆𝑆
d𝑡𝑡

, some researchers have tried to use multiple datasets 
(e.g., Weerasinghe et al., 2020). Recently, Schoups and Nasseri (2021) proposed treating 
uncertainties in datasets as unknown random variables. Instead of using the WB to 
determine these uncertainties, they estimated ETa (and other water fluxes) by combining 
WB constraints and uncertainty estimation into a comprehensive probabilistic model. 
Although only applicable for river basins where GRACE resolution is suitable, this could 
be a good direction for future research on these water fluxes. 

2.3.2 Intercomparison 
Intercomparison is the second most widely used method (212 out of 676 studies). In 
intercomparison, the satellite-based ETa estimates from multiple models are compared 
without assuming a superior one. This approach is mainly used to evaluate the relative 
uncertainty of a model compared to others (170 out of 212 studies). Intercomparison has 
also been used to evaluate other sources of uncertainty. For example, uncertainty from a 
change of spatial support can be evaluated by comparing model outputs using different 
input upscaling methods (e.g., Ershadi et al., 2013; Sharma et al., 2016). Intercomparison 
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has also been used to evaluate uncertainty due to the choice of input datasets (e.g., 
Badgley et al., 2015; Long et al., 2011; Wang et al., 2016). 

Since the satellite-based ETa datasets have both temporal and spatial dimensions, 
comparing satellite-based ETa models or products is usually done by aggregating over 
one or two dimensions (i.e., resampling to a lower resolution). The simplest method of 
intercomparison involves aggregating ETa estimates both temporally and spatially into 
one value (e.g., global annually averaged ETa) and then comparing this value from 
different models or products (e.g., Mueller et al., 2013; Pan et al., 2020). Other methods 
of intercomparison involve comparing time series of spatially aggregated ETa (e.g., 
monthly basin-scale ETa). Aggregating over one of the two spatial dimensions is 
sometimes applied (e.g., Chen et al., 2019; Pan et al., 2020). The time series can also be 
aggregated by land cover classes (e.g., Weerasinghe et al., 2020) or climate zones (e.g., 
Trambauer et al., 2014), describing how satellite-based ETa uncertainty varies in different 
conditions. For spatial intercomparison, temporally aggregated satellite-based ETa maps 
can be compared visually (e.g., Weerasinghe et al., 2020) or by using simple map algebra 
(e.g., M. Jung et al., 2019). Only a few studies have applied metrics to evaluate the spatial 
similarity between two datasets, such as the Spatial Efficiency metric (SPAEF) (H. C. 
Jung et al., 2019; Stisen et al., 2021) and the degree correlation measure of spherical 
harmonic coefficients (López et al., 2017). None of these methods can characterize 
uncertainty in satellite-based ETa fully, thus, combining them would provide a more 
comprehensive intercomparison. 

2.3.3 Uncertainty propagation 
Only 8 out of 676 articles applied the uncertainty propagation approach, mainly the Monte 
Carlo (MC) methods, to evaluate uncertainty in satellite-based ETa. In MC methods, the 
model inputs are randomly sampled from their distributions and fed into the model to 
generate outputs repeatedly. The variance of the output distribution will then be 
considered as the uncertainty in the model output (i.e., ETa estimate) associated with the 
input variables. The limited application of uncertainty propagation can be attributed to its 
complexity and computational demand. Sensitivity analysis and uncertainty propagation 
are ideally carried out in tandem (Crosetto et al., 2001; Saltelli et al., 2019), but only 5 
out of 8 articles combined these approaches. The uncertainty propagation approach was 
also used for investigations beyond uncertainty quantification. For example, Talsma et al. 
(2018) used MC methods to determine the uncertainties in ETa partitioning (i.e., soil 
evaporation, interception, and transpiration) in three satellite-based ETa models (MOD16, 
PT-JPL, and GLEAM) due to the relative uncertainty in the key variables. 

In the reviewed studies, uncertainty propagation was done only at one or a few fixed 
locations by assuming the probability distribution of the input variables, then simulating 
a range of ETa values at these locations. This approach is computationally inexpensive 
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but does not fully characterize uncertainties in a spatial field of ETa. To fully quantify 
uncertainty in a scene, Cawse-Nicholson et al. (2020) introduced a method based on MC 
methods and spatial-statistical models (Cressie, 1993). With this method, the probability 
distribution of ETa per pixel in a satellite scene can be quantified and presented as 
percentile maps. This distribution was almost always non-Gaussian for all pixels in ETa 
scenes, which means simple linear error propagation is not possible (Cawse-Nicholson et 
al., 2020). Future studies of satellite-based ETa would benefit from the development of 
new methods to quantify uncertainty spatially. 

2.3.4 Sensitivity analysis 
Sensitivity analysis is the third most used approach in the reviewed literature but is only 
applied in a small proportion of the reviewed studies (61 out of 676 articles). Out of these, 
only 7 studies applied global sensitivity analysis. Sobol′s (2001) method was applied to 
the parameters of the MODIS16 algorithm (K. Zhang et al., 2019), the TSEB model 
(Burchard-Levine et al., 2020), and three satellite-based ETa models (PT-DTsR, 
MODIS16 algorithm, and PML) (Cao et al., 2021). This method was also applied to input 
variables of satellite-based ETa models alone (e.g., Gomis-Cebolla et al., 2019). Elhag 
(2016) applied a similar variance-based sensitivity measure for the SEBS model but did 
not refer to Sobol’s method. The Extended Fourier Amplitude Sensitivity Test has also 
been applied for global sensitivity analysis (García et al., 2013). This limited number of 
studies shows the application of global sensitivity analysis onto satellite-based ETa 
models has been under-researched during the last decade, despite the importance of global 
sensitivity analysis in environmental modelling (Saltelli et al., 2021). 

Most articles that applied sensitivity analysis (54 out of 61) did not mention or apply a 
global sensitivity analysis method and thus, were considered local sensitivity analysis. In 
most of these studies, local sensitivity analysis was done by changing one parameter at a 
time (One-at-A-Time) and calculating the ratio of change in ETa over change in parameter 
(e.g., Long et al., 2011). In the reviewed articles, the One-at-A-Time method has been 
implemented differently in terms of three factors: (1) the selection of parameters for local 
sensitivity analysis according to their importance judged by the researchers, (2) the range 
of values over which parameters are allowed to vary, and (3) the calculation of sensitivity 
for specific land covers. This suggests that local sensitivity analysis is influenced by the 
subjectivity of the researchers. 

2.3.5 Evaluation of input data 
The uncertainties of key input datasets are sometimes evaluated by researchers in studies 
that assess uncertainty in satellite-based ETa without explicitly being propagated to model 
outputs. This approach ranked fourth in the number of articles with 20 out of 676. The 
key input datasets considered by researchers include air temperature, incoming shortwave 
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radiation, incoming longwave radiation, wind speed, and land surface temperature (e.g., 
Li et al., 2017; Pardo et al., 2014; Peng et al., 2016; Vinukollu et al., 2011a). Input datasets 
were evaluated through validation with their in-situ counterpart. Although other input 
datasets like Vegetation Indices are also important in satellite-based ETa models, the in-
situ measurements of these are often not available for evaluation (Vinukollu et al., 2011a). 
Some of the forcing datasets of satellite-based ETa models are not remotely sensed data 
but are products from atmospheric data assimilation systems (e.g., Global Land Data 
Assimilation System (GLDAS) and ECMWF reanalysis (ERA)), which are sometimes 
provided with uncertainty estimates from data providers. Evaluating the input data 
provides crucial a priori information for propagating uncertainty to ETa estimates. 
Furthermore, even if uncertainty propagation is not conducted, these assessments can help 
to identify sources of uncertainty in satellite-based ETa; as the saying goes, “garbage in, 
garbage out”. 

2.3.6 Triple collocation and three-cornered hat method 
The Three-Cornered Hat method (TCH) (Premoli and Tavella, 1993) and Triple 
Collocation (TC) (McColl et al., 2014; Stoffelen, 1998) are related to the intercomparison 
approach in the sense that these techniques assess the relative uncertainty of three datasets 
without assuming one is the best. Therefore, these techniques are useful when there is a 
lack of high-quality reference datasets. Both TC and TCH methods require a set of three 
datasets with the assumption that their errors are independent (Sjoberg et al., 2021). The 
difference between TCH and TC is that TC can only be used to assess uncertainties of 
uncorrelated datasets, while TCH can be used when there are correlations with proper 
constraints (Sjoberg et al., 2021; Xu et al., 2019).  However, to date few studies have 
evaluated uncertainties in satellite-based ETa using TC (Barraza Bernadas et al., 2018a; 
Khan et al., 2018; Kibria et al., 2021; Miralles et al., 2011a) and TCH (He et al., 2020; 
Long et al., 2014; Xu et al., 2019). The proportion of studies that used these methods is 
less than 2 % of the total reviewed articles and is not increasing (Figure 2-4). This low 
adoption might be attributed to the limitations of these methods: (1) the lack of 
information about biases and only estimation of random errors (e.g., RMSE, standard 
deviation, or variances), (2) the required conditions to achieve reliable error estimates 
(large samples, similar scales and magnitudes of errors between datasets) (Sjoberg et al., 
2021), and (3) the reliability of TCH as an alternative to direct validation (Wu et al., 
2019a). 

2.3.7 Physical consistency 
Physical consistency can be understood as the plausibility that an ETa estimate is 
consistent with the physical conditions or characteristics of the area it represents. 
Consistency check or physical validation was proposed by Zeng et al. (2015) as the final 
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step in a general validation process for big remote sensing datasets. When there is limited 
reference data and ground-based measurements, physical validation is critical to assess 
the quality of data products (Blatchford et al., 2020b). Although physical validation does 
not quantify uncertainty using metrics, it provides an evaluation of the data quality. This 
is useful to identify the regions and conditions in which RS estimates are more uncertain 
and where more effort in direct validation approaches is required. 

Only 6 studies in the selected literature have attempted to quantify this plausibility 
(Figure 2-3), but they defined physical consistency differently.  For example, Rwasoka 
et al. (2011) used ETo estimates as a threshold to decide whether ETa estimates from the 
SEBS model were physically inconsistent. Blatchford et al. (2020) used the ETa 𝑃𝑃⁄  ratio 
and water availability (𝑃𝑃 −  𝑄𝑄) to evaluate the physical consistency of the WaPOR ETa 
product. López et al. (2017) developed a technique to assess the hydrological consistency 
of ETa by transforming both ETa and 𝑃𝑃 data into spherical harmonics and then using 
spherical harmonic coefficients to calculate the degree correlation. These studies are not 
the same as validating satellite-based ETa with 𝑃𝑃 −  𝑄𝑄  or 𝑃𝑃 −  𝑄𝑄 − d𝑆𝑆

d𝑡𝑡
 as discussed 

previously, since these residuals were not considered the best reference of ETa. 

Another method to assess physical plausibility without explicit water balance is through 
the Budyko curve. The Budyko curve describes the semi-empirical relationship between 
long-term ETa and its limiting factors, i.e., precipitation and potential ET (ETp), for river 
basins (Budyko, 1974). Koppa and Gebremichael (2017) validated the physical 
consistency of ETa by calculating the RMSE of the Euclidean distance between the data 
points and the Budyko curve in ETa 𝑃𝑃⁄  and ETp 𝑃𝑃⁄  space. Weerasinghe et al. (2020) 
simply calculated the mean difference (bias) between satellite-based ETa and Budyko-
derived ETa to evaluate which satellite-based ETa product exceeds the energy and water 
limit defined by the Budyko curve. They also noticed that if a data point does not align 
with the Budyko curve, it might also mean that the ETa of the basin exceeds the water or 
energy limit, for example, due to human activities. Therefore, the interpretation of 
physical plausibility needs to consider the actual knowledge about water resources in the 
basin, instead of focusing only on model generated numbers. 

2.3.8 Using ensemble of estimates 
Intercomparison studies sometimes lead to ensemble-mean products of all available 
products, based on the assumption that no model performs best, so an ensemble of them 
would be preferable (Bhattarai et al., 2019; Elnashar et al., 2021). This approach has been 
used the least in the reviewed articles (Figure 2-4). Some researchers have evaluated the 
uncertainty in an ensemble (a set) of satellite-based ETa estimates from different models 
by calculating the average and range of all members in the ensemble (Elnashar et al., 2021; 
Guo et al., 2020; Vinukollu et al., 2011a). This approach is the same as the multi-model 
ensembles in climate modelling. The model structural uncertainty can only be quantified 
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if independent models are sampled from the entire possible model space and avoid the 
over-representation of one model structure (Abramowitz and Gupta, 2008). For example, 
Vinukollu et al. (2011a) selected three satellite-based ETa models, namely SEBS (Su, 
2002), PM-Mu or MODIS16 (Mu et al., 2007), PT-Fi or PT-JPL (Fisher et al., 2008), 
which are based on distinct equations used to estimate ET. 

Using ensembles of satellite-based ETa estimates provides uncertainties of the ensemble 
but not each individual member of the ensemble. Thus, some studies went further by 
merging the datasets of the ensemble and calculating the difference between this merged 
dataset with each ensemble member (Baik et al., 2018; Elnashar et al., 2021). If simply 
averaging all the ETa products, the bias of different models can be cancelled in regions 
where they perform differently but accumulated in regions where they perform in the 
same manner. Hence, the ensemble products may arguably produce better estimation in 
some areas (Yao et al., 2017), but not a better understanding of the physical processes 
and drivers needed to improve satellite-based ETa (Yao et al., 2017; K. Zhang et al., 2016). 
Therefore, it is considered more useful to use the range of the ensemble to identify the 
outlier data products or the uncertainty of all data products. 

2.4 CONTEXT OF UNCERTAINTY ASSESSMENT 

The context in which the uncertainty of satellite-based ETa is assessed determines which 
method is selected and how it is applied. This context includes the objective of the 
satellite-based ETa estimates, the spatial and temporal support at which ETa is assessed, 
geographic location, and the availability of reference datasets. This section describes the 
context in which 676 reviewed articles assessed uncertainties in satellite-based estimation 
of ETa. 

2.4.1 Objectives of reviewed articles 
The review shows that uncertainties in satellite-based ETa estimates were assessed at all 
stages, from developing a new model to evaluating its data product. Uncertainty in 
satellite-based ETa was assessed in the context of model implementation (34 % of 
reviewed articles), model development (13 % of all reviewed articles), model 
improvement (17 %), model evaluation (19 %), and product evaluation (16 %) (Figure 
2-6). Here, model implementation means that a pre-existing model was applied to new 
case studies or to achieve some specific research objective without considerable 
modification or further development of the model.  
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Figure 2-6. Research objective of the reviewed articles (N = 676). 

The prominence of model implementation as the main objective in the reviewed articles 
could be due to a perceived need to assess the uncertainty of satellite-based ETa estimates 
for each application despite previous validation. This is an important attitude in the 
research community since it helps to provide feedback on appropriate applications, and 
improvement of satellite-based ETa models. Therefore, studies in the context of model 
implementation should not be overlooked. 

2.4.2 Sources of uncertainty evaluated 
The reviewed articles evaluated all sources of uncertainty as categorized in the theoretical 
framework (Figure 1-3), with a strong focus on compound uncertainty. Figure 2-7 shows 
that the majority (406 out of 676) of reviewed articles assess only compound uncertainty 
without disaggregating into other sources. The second largest set of articles assessed both 
compound uncertainty and the relative uncertainty of satellite-based ETa estimates. Other 
sources of uncertainty are remarkably less evaluated in the selected literature. According 
to the number of articles in each set (Figure 2-7), the level of interest in different sources 
of uncertainty can be ranked as follows: compound, relative, input data, model 
parameterization, change of spatial support, change of temporal support, and finally gap 
filling. This does not necessarily show the ranking of importance of the uncertainty 
sources, but rather the availability of methods and data needed to assess them. 
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Figure 2-7. The source of uncertainty assessed in reviewed articles (N = 676). The 
horizontal bar chart displays the number of articles assessing specific sources of 

uncertainty (categories), while the vertical bar chart represents article counts within the 
intersections of multiple categories. Each vertical bar corresponds to an intersection in 

the column beneath it. Black circles denote the categories on the respective rows present 
in the intersection, while grey circles signify categories absent from the intersection.  

Intersections with less than 2 articles were excluded for improved presentation. 

The uncertainties due to temporal upscaling are affected by several factors related to 
location (Jiang et al., 2021). These factors includes vegetation cover, soil moisture 
(Gentine et al., 2007; Hoedjes et al., 2008), cloud coverage (as discussed in research by 
Van Niel et al., 2012), cloud frequency (as explored in studies by Xu et al., 2015), air 
pollution effects (as indicated in research by Zhang et al., 2013), the return interval of the 
satellite (Alfieri et al., 2017), the satellite overpass time (Jiang et al., 2021), and the 
number of instantaneous values used for upscaling (Liu, 2021). Consequently, applying 
a single temporal upscaling method for the entire globe results in spatially varying 
uncertainties in satellite-based ETa estimates. 

2.4.3 Spatial and temporal support of assessments 

Uncertainties in satellite-based ETa estimates are specific for different spatial and 
temporal supports. The reviewed studies evaluated satellite-based ETa uncertainties at 
spatial supports ranging from less than 100 m up to global, and temporal support ranging 
from sub-daily to annual (Figure 2-8). Most studies evaluated uncertainties in satellite-
based ETa estimates at spatial supports of 500 m to 5 km (268 out of 676) and less than 
100 m (191 out of 676). This can be attributed to the availability of RS datasets that are 
widely used to estimate ETa, such as MODIS (250 m to 1 km) and Landsat (30 m to 
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100 m). In the case of validation, the spatial support of uncertainty assessment was 
determined by the spatial support of the ground truth reference. For temporal support, 
uncertainty was mostly evaluated by daily ETa (365 out of 676), although RS datasets 
provide observations at the satellite overpass time with a temporal resolution of 5-16 days. 
This shows that the temporal support of uncertainty assessment is driven more by 
practical needs and less by the availability of datasets. 

 

Figure 2-8. Number of articles per range of spatial and temporal support at which 
uncertainty in satellite-based ETa was assessed (total number of articles N = 676). 

2.4.4 Geographical distribution 
Assessment of satellite-based ETa uncertainties is not evenly distributed across the globe. 
The number of articles per country where uncertainties in satellite-based ETa were 
assessed is shown in Figure 2-9. Each article was tagged by the country where the sites 
of study are located. The highest number of articles assessed ETa in China. Because the 
most common approach is validation and the most common reference used is EC 
measurements, ETa was mainly assessed where there are EC stations (i.e., AmeriFlux, 
AsiaFlux, ChinaFlux, OzFlux, EuroFlux, FLUXNET). Even when the studies aimed to 
validate satellite-based ETa globally, the estimated uncertainty is not universal since these 
networks do not cover many regions. These studies were also included in Figure 2-9. 
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Figure 2-9. Number of articles per country where uncertainties in satellite-based ETa 
were assessed, as identified using the study area or locations of in-situ reference sites in 

the articles’ full-text. 

Based on its popularity, EC can be considered the de facto standard ETa estimation 
approach for validation of satellite-based ET. However, this popularity is mainly driven 
by the number of publications in countries where EC towers are more densely distributed 
(e.g., China and the United States of America). In countries where there are very few or 
no EC towers available, the most common reference used for validation of satellite-based 
ETa is the water balance method (Figure 2-10). In a few countries in North Africa and 
Southwest Asia, the most common method is to use the FAO-56 method (Allen et al., 
1998) in combination with crop coefficients to estimate ground-based references for 
validation (e.g., Egypt and Iran). 

 

Figure 2-10. The most common reference used for validation of satellite-based ETa per 
country, as identified in the articles’ full-text. 
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2.5 CONCLUSIONS 

This chapter identifies and appraises methods for uncertainty assessment of satellite-
based ETa estimates by applying a systematic quantitative literature review approach. The 
majority of reviewed articles assess uncertainty in satellite-based ETa estimates by 
validation against EC measurements. In regions where in-situ measurements are limited, 
most studies used the residual in the water balance as a reference for validation. It is 
important to make use of existing EC networks for global validation of satellite-based 
ETa estimates. However, there is still a gap in the availability of in-situ data for global 
validation, as most are concentrated in North America, East Asia, and Europe. Moreover, 
the challenges in energy balance closure and scale mismatch persist through the reviewed 
studies. 

Comparing performance of satellite-based ETa models and investigating the sources and 
geographical distribution of uncertainty in their ETa estimates remains important for 
many applications. Global assessments provide a broad perspective on satellite-based ETa 
uncertainties by considering factors that affect data quality on a large scale, such as 
satellite sensor characteristics, model characteristics, geographical and climatic factors. 
Local assessments, on the other hand, focus on specific study areas, which may have 
unique conditions and sources of uncertainty that are overlooked in global assessments. 
Therefore, future research should combine local and global evaluation efforts. 

For validation of satellite-based ETa estimates with in-situ methods, we provide specific 
recommendations: 

• The uncertainty of the reference datasets, including correction for surface energy 

balance closure, should be evaluated and reported. 

• Satellite-based ETa estimates should be converted to values at the temporal and 

spatial scale of reference datasets. 

• The common metrics (RMSE, bias/mean error, correlation coefficient, coefficient 

of determination), their formulations, and mean ETa or scale-independent metrics 

should be reported in validation studies. 

• The statistical significance of validation metrics should be tested, and the number 

of data points used should be reported. 

• In addition, uncertainties in satellite-based estimates should be characterized using 

multiple metrics that are scale-independent to facilitate comparison of studies 

across regions with different ETa ranges. 
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• Validation of satellite-based ETa models and data products should be reported at 

different levels of spatial and temporal scales, covering multiple locations. 

This chapter highlights the importance of applying multiple and diverse approaches for 
assessing uncertainty in spatiotemporal satellite-based ETa data, particularly when 
validation datasets are limited. Key methods include intercomparison, sensitivity analysis, 
uncertainty propagation, physical consistency check, input data evaluation, triple 
collocation, and the ensemble of estimates. Among these, sensitivity analysis and 
uncertainty propagation are especially valuable for advancing satellite-based ETa 
techniques, as they help identify and quantify sources of uncertainty. However, this 
chapter highlights a notable gap in the literature: few studies have applied these 
techniques, with most relying on less computationally intensive options. This limits the 
ability to capture the detailed spatiotemporal distribution of satellite-based ETa 
uncertainty. 

Since uncertainty is an inherent characteristic of any satellite-based data products, a 
challenge remains in effectively characterizing it across space and time. This involves not 
only estimating overall errors but also pinpointing where and when uncertainty is likely 
to be highest. Several studies have aimed to offer spatially explicit uncertainty in thematic 
classification, such as land cover and soil type. These studies, like the ones mentioned by 
Woodcock (2002), have primarily focused on qualitative mapping techniques. However, 
for quantitative remote sensing, which involves mapping continuous variables like ETa, 
there is a need for methods that can effectively characterize spatially explicit uncertainty.
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3.1 INTRODUCTION 

Despite the extensive body of literature assessing uncertainty of satellite-based estimation 
of ETa (Chapter 2), only a few studies attempted to synthesize their results. For example, 
a review by Karimi and Bastiaanssen (2015) employed statistical methods to synthesize 
the results of 32 studies that validated satellite-based ETa estimates. This synthesis 
included estimating the probability density function of mean absolute percentage error 
(MAPE) from 46 estimations of seasonal ETa. Kalma et al. (2008) summarized the 
relative error and RMSE of satellite-based ETa estimates reported in 30 studies. These 
syntheses are limited in number of studies considered (N < 50) and the selection of studies 
were not systematic. Another limitation of synthesizing these results is that the selected 
studies used different validation data and field instruments, which do not have equivalent 
spatial support and accuracy. Therefore, this chapter aims to synthesize and analyse the 
results of the reviewed articles in Chapter 2, in order to provide an updated status of 
uncertainty in satellite-based ETa estimates in terms of accuracy and precision. The 
outcomes of this analysis would be a useful reference for future studies to evaluate the 
results of satellite-based ETa uncertainty assessment. The main research questions of this 
chapter are: 

• Which metrics are used to report uncertainty in satellite-based ETa estimates? 

• What is the typical range of uncertainty in satellite-based ETa estimates globally 
based on performance metrics reported from previous studies? 

3.2 ON THE USE OF METRICS TO REPORT UNCERTAINTY 

The 676 articles included in the systematic review in Chapter 2 mainly reported 
uncertainty (RMSE), accuracy (bias or mean error), and the goodness-of-fit with a 
reference dataset (𝑅𝑅2) (Figure 3-1). Although quantifiable uncertainty in measurement is 
theoretically represented as a probability distribution, this has rarely been done in the 
literature. The reviewed studies used a wide range of metrics to report their uncertainty 
assessment (33 metrics). Most studies used three metrics, while some used up to twelve. 
Larger number of metrics provide more description of uncertainty, but some metrics 
might be challenging to interpret. 
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Figure 3-1. Number of studies per choice of metric to report uncertainty and the 
number of metrics used. 

Root Mean Square Error (RMSE) is the most widely used metric in the reviewed articles 
(531 out of 676 articles). Metrics related to RMSE include normalized RMSE (normalized 
by standard deviation) and relative RMSE (as a percentage of mean ETa). Very few 
studies (17 articles) used modified RMSE to report more robust results and few consider 
random error and systematic error, such as robust RMSE (Bisquert et al., 2016), 
systematic and unsystematic RMSE (Yebra et al., 2013), biased and unbiased RMSE 
(Martens et al., 2017). 

Other commonly used metrics are mean error (ME), coefficient of determination (𝑅𝑅2), 
Pearson’s correlation (𝜌𝜌), percentage bias (PBIAS), which are used in more than 200 
articles out of 676 articles (Figure 3-1). These metrics complement RMSE by diagnosing 
different facets of uncertainty (Section 1.3). ME and PBIAS reveal systematic over- or 
under-estimation (accuracy), 𝑅𝑅2 quantifies the proportion of variance in reference data 
explained by satellite-based estimates, and 𝜌𝜌  captures the strength of the linear 
relationship between satellite-based estimates and reference. However, many studies only 
reported RMSE, without other metrics or with only one or two (most studies used less 
than three metrics). 

We also observed inconsistent use of metrics such as 𝑅𝑅2 , which might cause 
misinterpretation of results, especially when comparing studies. For example, the second 
most used evaluation metric was referred to using many names including mean error, 
mean difference, bias error, or bias. Meanwhile, the coefficient of determination (𝑅𝑅2) has 
the opposite issue, in which the same term was used with different formulas. 𝑅𝑅2 is a 
measure of goodness-of-fit for regression models. There are at least 8 formulas for 𝑅𝑅2 in 
the literature (Kvålseth, 1985), but only one formula can be used for any type of model 
fitting (i.e., 𝑅𝑅12 in Kvålseth, 1985). Since many studies did not report which formula they 
used, we did not distinguish between different 𝑅𝑅2 formulas in Figure 3-1. Nevertheless, 
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we observed that at least four different formulas of 𝑅𝑅2 were used in the reviewed articles 
including the squared coefficient of correlation (Table B-1). 

3.3 META-ANALYSIS METHOD 

To quantify the overall range of uncertainty in satellite-based ETa estimates reported in 
the literature, we conducted a meta-analysis of reported performance metrics. Meta-
analysis is a quantitative method for synthesizing results from multiple studies to derive 
more robust conclusions than a single study alone (Gurevitch et al., 2018). Meta-analysis 
offers a way to accumulate knowledge and interpret divergent results from primary 
studies in a meaningful, overarching way (Evaristo and McDonnell, 2017). The following 
sections outline the research steps in this study. 

3.3.1 Study selection 
For a meta-analysis of uncertainty in satellite-based ETa estimates, we included only 
studies that applied the same assessment method and reported the same metric. We 
selected the most commonly used uncertainty assessment method in order to include the 
largest number of data points. From the systematic quantitative literature review 
(Chapter 2), the majority of studies used EC flux towers as reference for in-situ validation. 
We selected these studies for meta-analysis of reported satellite-based ETa uncertainty (N 
= 372) (Figure 3-2). Next, we screened the identified studies based on the performance 
metrics mentioned. We selected articles that used RMSE, the most commonly used metric. 
From 372 articles, 348 articles that reported RMSE of satellite-based ETa estimates from 
the validation with EC flux tower were included. RMSE cannot always be interpreted as 
the same effect size across studies with different underlying magnitudes of ETa (e.g., 
humid vs. arid climates). To complement results of RMSE and analyse systematic bias in 
satellite-based ETa estimates, we also included studies that reported PBIAS (including 
ones that reported ME together with mean ETa to derive PBIAS). Bias caused by the 
model structure or systematic errors in input data is a critical issue in ETa estimates (Chen 
and Liu, 2020). We evaluated the results section of each study to extract the reported 
performance metrics from in-situ validation against EC measurements (Section 3.3.2).  
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Figure 3-2. Number of articles included in meta-analysis after further screening 
systematic quantitative literature review dataset in Chapter 2. 

3.3.2 Data extraction 
For the studies identified for the meta-analysis, the reported performance metrics of in-
situ validation (i.e., effect sizes) are recorded for each EC site or a group of EC sites in 
the studies. Heterogeneity in effect sizes can be caused by many factors, including model 
performance, input data, EC site characteristics, and reference quality. Therefore, the 
study characteristics that could explain the heterogeneity (i.e., moderators) are also 
investigated. The process of extracting effect sizes and moderators involved reviewing 
the full text of each article and identifying tables, figures, or key sentences that reported 
mean error, bias, or PBIAS of satellite-based ETa estimates when validated against EC 
data. 

Effect sizes 

In meta-analysis, effect size is a standardized measure of the outcome that can be 
compared across studies (Nakagawa et al., 2023). For satellite-based model’s 
performance or accuracy, effect size could be the goodness-of-fit statistics of model 
estimates against in-situ data, such as coefficient of determination (𝑅𝑅2) (Bahrami et al., 
2022), Pearson correlation coefficient (𝜌𝜌) (Hinge et al., 2021) and residual standard error 
(Zolkos et al., 2013). The effect size chosen must be comparable or standardized across 
studies, meaning that all included studies should be reporting essentially the same 
quantity or one that can be converted to a common metric. 

RMSE has the unit of the estimates, so it can be expressed in mm⋅d -1 for ETa or W⋅m-2 
for latent heat flux. RMSE is scale-dependent, which means RMSE values are not 
inherently standardized. Therefore, to quantify the overall RMSE from across different 

Articles excluded (n = 304) due to: 
- not using in-situ validation and eddy 

covariance (EC) as a reference to 
assess uncertainty (n = 304)

Articles included in systematic quantitative 
literature review (Chapter 2)

(n = 676)

Articles assessed by results
(n = 372)

Articles included in meta-analysis
(n = 368)

Articles reported RMSE
(n = 348)

Articles reported PBIAS
(n = 135)

Articles excluded (n = 24) due to: 
- not reported validation results in 

numerical values of RMSE, ME or 
PBIAS (n = 4)
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studies, unit conversion is needed. Recorded RMSE values were thus converted to a 
common unit and temporal scale (for example, daily or monthly ETa in mm⋅d-1) to 
facilitate pooling of reported values into expected error magnitude. RMSE values in units 
other than mm⋅d-1 were converted to mm⋅d-1 assuming constant rate of ETa over the 
temporal support. For example, 365 mm⋅year-1 was converted to 1 mm⋅d-1 and 0.1 mm⋅h-

1 was converted to 2.4 mm⋅d-1. 

We also used PBIAS as the effect size for cross-model and cross-site comparison. We 
further selected 135 studies that reported PBIAS or provided sufficient data to derive 
PBIAS (i.e., mean error and mean ETa). 

Moderators 

A moderator in a meta-analysis is any study-level characteristic that is examined to 
explain why effect sizes differ across studies (Li et al., 2020). The examined model-
specific characteristics include types of model and input data. Based on the model 
classification schemes commonly used in various literature reviews of satellite-based ETa 
estimation methods (Figure 2-1), we grouped reported PBIAS based on types of models: 

• “Factor”: models that computes a reduction factor to scale reference/potential ETa 
or available energy (𝑅𝑅n − 𝐺𝐺), 

• “Empirical”: statistical or machine-learning methods that derive ETa from direct 
relationship with RS observables, 

• “Ts-VI”: models that use the triangular/trapezoidal relationship between ETa, 
surface temperature and vegetation indices, 

• “1SEB” and “2SEB”: models that calculates sensible heat flux and then derive 
latent heat flux as a residual from either one-source (“1SEB”) or two-source 
(“2SEB”) surface energy balance, 

• “PM” and “PT”: models that relies on combined formulas such as Penman-
Monteith (“PM”) or Priestley-Taylor (“PT”). 

Models that are not identified as one of the mentioned types considered are grouped into 
the “Others” type since they have a limited sample size (i.e., only one study). 

It is important to note that EC flux measurements do not necessarily provide the true ETa 
values but simply represent ground-based conditions. One challenge of EC measurements 
is that they often fail to close the surface energy balance (1.1), meaning that LE measured 
by EC is not equal to 𝑅𝑅n − 𝐺𝐺 − 𝐻𝐻 measured at the same EC tower. Typically, only about 
70-90 % of the available energy is captured by sensible and latent heat flux, resulting in 
a 10-30 % gap (Wilson et al., 2002). Several advancements in instruments and data post-
processing have improved the energy imbalance of EC techniques, however, there is still 
at least 15 % gap is irreducible imbalance (Mauder et al., 2024). Therefore, when 
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validating satellite-based estimates, the energy balance gap is an important factor that 
could affect the resulting accuracy. 

3.3.3 Data analysis 
Summary statistics of RMSE and PBIAS in satellite-based ETa estimates were calculated 
based on the data extracted from selected literature. To mitigate the disproportionate 
influence of outliers on statistical analyses, we removed data points that fell outside of 
the conventional ± 2 standard deviations from the mean of PBIAS distribution (less than 
1 % of the original data). This approach, which captures roughly the 95 % confidence 
interval, was applied prior to the analysis (Helsel et al., 2020). The Mann-Kendall test 
(Kendall, 1955; Mann, 1945) was used to detect whether there is a yearly monotonic trend 
in effect sizes. In order to choose an appropriate statistical test for PBIAS cross-model 
and cross-site studies, we first determine if the PBIAS distribution of each model type is 
normally distributed using the Shapiro-Wilk test (Shapiro and Wilk, 1965). 

When the PBIAS results for the different moderator types (i.e., model type) are not 
normally distributed or have imbalanced sample size, we applied a two-stage non-
parametric hypothesis test for significant differences between groups (Helsel et al., 2020; 
Strobl et al., 2020). First, the Kruskal-Wallis H-test (Kruskal and Wallis, 1952) was 
applied to assess the null hypothesis (significant level α = 0.05) that the distributions of 
PBIAS are identical across moderator types. Kruskal-Wallis tests the equality of median 
ranks and ignores distribution shape, which is robust for skewed distributions and unequal 
variances. When the Kruskal-Wallis test was significant, we performed post-hoc pairwise 
comparisons of mean rank sums using Dunn’s test with Holm’s α-adjustment to 
determine which pair of model types differed significantly (Dunn, 1964). When there was 
a significant difference between a pair, descriptive statistics were compared to identify 
which model type had a lower mean and standard deviation of PBIAS across included 
studies. 

3.4 GLOBAL UNCERTAINTY FROM REPORTED RMSE 

The reported RMSE values for daily ETa (N = 3,167) range from 0.01 to 6.65 mm⋅d-1 with 
the mean value of 1.18 mm⋅d-1 (Table 3-1), which is comparable with RMSE previously 
reported by Kalma et al. (2008). When converting RMSE values from the reported unit 
to a common unit of mm⋅d-1, the mean RMSE is the highest for validation of instantaneous 
ETa estimates (2.81 mm⋅d-1) and the lowest for monthly (0.78 mm⋅d-1). In general, studies 
with larger temporal support for validation have lower mean RMSE in mm⋅d-1. For the 
validation at temporal support of 3-hour, 10-day, and week, definitive conclusions are 
hindered by the small number of studies and records. The decrease of RMSE with 
increasing temporal support is due to the averaging and corrective effect of temporal 
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upscaling. Therefore, improving temporal upscaling and gap-filling methods are crucial 
for reducing uncertainty in satellite-based estimation of ETa. 

Table 3-1. Descriptive statistics of reported RMSE values (in mm⋅d-1) in reviewed 
articles (N = 348) with validation of satellite-based ETa estimates with EC flux towers. 

STD is standard deviation, pct is percentile. 

Temporal 
support 

Number of 
records (N) median mean STD min 25th 

pct 
75th 
pct max 

instantaneous 703 0.93 2.81 1.46 0.20 1.67 3.61 8.63 
30-min 130 1.59 1.66 0.80 0.16 0.10 2.16 4.13 
hour 135 0.62 1.03 1.03 0.16 0.40 1.29 6.00 
3-hour 18 2.48 2.58 0.80 1.44 1.92 3.11 4.54 
day 3,167 0.93 1.18 0.82 0.01 0.70 1.30 6.65 
week 237 0.76 0.82 0.35 0.02 0.58 1.00 2.61 
8-day 528 0.75 0.87 0.47 0.02 0.56 1.10 3.40 
10-day 22 0.93 1.04 0.43 0.4 0.80 1.18 2.20 
16-day 53 0.49 0.50 0.14 0.22 0.40 0.62 0.89 
month 499 0.62 0.82 0.35 0.02 0.58 1.00 2.6 
year 71 0.83 0.80 0.31 0.15 0.61 1.02 1.49 
overall 5,563 0.95 1.31 1.06 0.01 0.67 1.49 8.63 

Figure 3-3 shows that very high RMSE values were mainly from validation results that 
used a single EC site. Validation using data from a greater number of EC sites tends to 
yield lower RMSE values. This might be attributed to the fact that when papers only 
report average RMSE values across multiple EC sites, the average RMSE is lower than 
the individual site with highest RMSE . Moreover, the random errors at each site are likely 
to be uncorrelated or partially cancel each other out when averaged, which further reduces 
the overall RMSE. As RMSE is inherently dependent on the scale of ET, sites with lower 
ETa values or the practice of averaging ETa across multiple sites are more likely to exhibit 
lower average RMSE values. Unfortunately, only a limited number of studies provided 
information on relative RMSE or the average ETa corresponding to RMSE values, which 
hindered the derivation of scale-independent RMSE values across all studies. 
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Figure 3-3. RMSE (mm⋅d-1) of satellite-based ETa estimates from the validation with 
Eddy Covariance (EC) observations in reviewed articles (N = 348). The scattered dots 

represent RMSE values reported in articles. The colour of the dots shows the number of 
EC sites used in validation. The green area under the curve represents the kernel density 

estimation of the underlying probability distribution. The box-and-whiskers plot 
represents 5th, 25th, 50th (median), 75th, and 95th percentiles of the distribution. The 

orange circle inside the box-and-whisker plot represents mean value. 

The large range of RMSE obtained from the meta-analysis can be explained by the 
diversity of reviewed studies in terms of models, resampling methods, and validation 
context (e.g., temporal scales, land cover, climate, amount of data). For example, some 
studies validate satellite-based estimates of ETa from global products, while others 
validate estimates from models that were calibrated to reduce RMSE. Moreover, many 
studies reported RMSE of latent heat flux (in W⋅m-2 or MJ⋅m-2⋅d-1) averaged from 
estimates at the satellite overpass time. The reported accuracy varies at different times of 
the day due to weather conditions, and is, thus, not representative of the entire day. We 
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converted these values to mm⋅d-1 (Table 3-1) only for comparison between different 
temporal supports. The range of RMSE presented in Figure 3-3 and Table 3-1 should 
only be considered as a baseline for typical error in satellite-based estimation of ETa. 
Using only RMSE to compare ETa model performance across different studies or 
validation sites is not recommended. The following section analyses PBIAS, which is a 
scale-independent performance metric commonly reported in studies. 

3.5 ACCURACY FROM REPORTED PBIAS 

3.5.1 PBIAS distribution  
The reported PBIAS values for ETa estimates (N = 2,063) from 135 studies range from 
-164 to 230 %, excluding the outliers beyond two standard deviations (Figure 3-4). The 
mean PBIAS of all records is 6.8 %, and standard deviation is 33 %. The probability 
distribution of PBIAS in ETa estimates is unlikely to be normal and it is skewed in the 
positive range of PBIAS (Figure 3-4b). This suggests a slight overestimation of ETa over 
the included studies. Karimi and Bastiaanssen (2015) analysed the mean absolute 
percentage error (MAPE) of satellite-based ETa estimates and also found positively 
skewed distribution, with a mean MAPE of 5.4 % and a standard deviation of 5 %. 

 

Figure 3-4. Distribution of PBIAS in satellite-based ETa estimates from 135 studies that 
validated against EC flux tower data: (a) histogram and (b) Q-Q plot 

The range of PBIAS is much wider than the range of mean absolute percentage error 
(MAPE) in a study by Karimi and Bastiaanssen (2015) (up to 20 %). This is likely due to 
the difference in validation period and number of studies. Karimi and Bastiaanssen (2015) 
only considered validation results from 31 studies (N = 46) where at least a season (6 
months) or longer period is considered. In this study, we considered a larger number of 
studies (135) with any validation periods (Figure 3-5). Overall, a longer validation period 
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results in narrower distribution of PBIAS, with smaller standard deviation and less 
outliers. However, there was no significant difference between medians of different 
validation periods (Kruskal-Wallis p-value = 0.52). 

 

Figure 3-5. PBIAS (%) in satellite-based ETa estimates categorized by the length of 
validation period. 

The distribution of PBIAS over the years of study publication is shown in Figure 3-6. 
There is no statistically significant trend in both the mean and median PBIAS over the 
study period from 2011 to 2021, as indicated by the Mann-Kendall test (p = 0.76 for mean 
PBIAS and p = 0.27 for median). This suggests that the reported accuracy of satellite-
based ETa estimates has remained relatively stable over the decade. The number of 
validation records per year increased substantially from only 14 in 2011 to 573 in 2021. 
This reflects both a growing number of publications (as shown in Chapter 2) and 
validation efforts in the academic literature on satellite-based estimation of ETa. 
Additionally, the 2021 publications show a narrower PBIAS range, due to the larger 
number of data points compared to earlier years, such as 2012 and 2018, which had 
similar mean PBIAS values but with larger standard error due to limited data size. 
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Figure 3-6. Mean and standard deviation of PBIAS in satellite-based ETa estimates by 
the year of publication. 

3.5.2 PBIAS by model type 
The distribution of PBIAS demonstrates the overall expected performance of each model 
type across included studies. The mean (± standard deviation) of PBIAS ranges from 
0.1 ± 32.3 % for PM type to 16.8 ± 65.2 % for Ts-VI type (Table 3-2). Empirical model 
type demonstrates slightly higher average but lower variation of PBIAS than PM model 
type (1.0 ± 12.5 %). Empirical models, which range from simple regression to machine 
learning algorithms, estimate ETa by calibrating the relationship between in-situ ETa data 
with satellite-based input data. Therefore, their performance is likely more precise than 
other process-based models (Table 3-2). The mean PBIAS is generally lower for complex 
model types (which require more inputs), such as PM (0.1 ± 32.3 %) and 2SEB 
(7.5 ± 23.2 %), than for simpler models like Ts-VI (16.8 ± 65.2 %), PT (11.3 ± 34.9 %), 
and 1SEB (11.7 ± 39.3 %). 
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Table 3-2. Descriptive statistics of reported PBIAS values (in %) by model type in 
reviewed articles (N = 135) with validation of satellite-based ETa estimates with EC flux 

towers. STD is standard deviation, pct is percentile. 

Model 
Type count mean STD min 

25th 
pct median 

75th 
pct max 

1SEB 556 11.7 39.3 -89.0 -9.0 7.3 24.6 230.3 
2SEB 407 7.5 23.2 -61.8 -7.0 3.3 18.8 127.0 
Empirical 113 1.0 12.5 -62.4 -1.5 1.1 6.0 33.0 
Factor 106 9.3 29.2 -64.3 -6.1 3.8 15.7 137.0 
PM 573 0.1 32.3 -164.0 -15.8 0.5 13.8 191.6 
PT 250 11.3 34.9 -85.2 -8.7 8.6 28.9 163.9 
Ts-VI 30 16.8 65.2 -82.6 -6.3 5.7 25.0 189.6 
Others 28 6.8 14.4 -30.0 2.2 7.5 15.2 38.6 

The probability distribution of PBIAS varies moderately by model type (Figure 3-7a). 
Studies using PM, 1SEB and 2SEB types of models accounted for the largest number of 
studies, suggesting their popularity. Dunn’s post-hoc test indicated that median PBIAS 
were significantly different between PM and three other models: 1SEB, 2SEB, and PT 
(Figure 3-7b). For other pairs, no significant difference was detected, which could also 
be due to small sample sizes of some model types such as Ts-VI and Others. It could be 
inferred that mean PBIAS in PM model types (0.1 ± 32.3 %) is generally lower than 1SEB, 
2SEB, and PT model types. This confirms the observation by Chen and Liu (2020) that 
two-leaf conductance-based models—primarily of the PM type—apparently exhibit the 
lowest bias when compared to flux measurements.  
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Figure 3-7. PBIAS (%) in satellite-based ETa estimates categorized by model type. (a) 
The box-and-whisker plot represents the 5th, 25th, 50th (median), 75th, and 95th 

percentiles of the distribution. (b) Dunn’s post-hoc test results at a significant level of 
α = 0.05 (significant p-values marked with **). Note: y-axis is displayed on a log scale. 

Figure B-1 shows the same figure on linear scale. 

3.6 IMPACT OF CORRECTING ENERGY BALANCE IN EDDY COVARIANCE 
ESTIMATION 

Multiple strategies are developed to address the EC energy imbalance. For validation of 
satellite-based ETa estimates using post-processed EC data, the most common approach 
is to force closure, adjusting 𝐻𝐻 and LE proportionally so that their sum equals available 
energy while preserving the Bowen ratio (𝛽𝛽 = 𝐻𝐻

LE
). The Bowen ratio (BR)-based 

correction assumes the imbalance affects both 𝐻𝐻 and LE similarly (Twine et al., 2000). 
Studies using airborne and lysimeter comparison show that this assumption is reasonable 
in many cases (Mauder et al., 2020). Alternatively, some studies assign the entire energy 
residual (ER) of the balance to either 𝐻𝐻 or LE, which improved the agreement of EC with 
other methods at specific sites (Mauder et al., 2020). 

Either using BR, ER-based, or other partitioning schemes, the choice of correction has 
significant effects on validation results, leading to up to 50 % uncertainty in daily ETa or 
30 % of cumulative crop water use in a growing season (Bambach et al., 2022). To 
evaluate the impact of surface energy balance correction on the PBIAS of satellite-based 
ETa estimates across studies, we further selected 10 (out of 135) studies that explicitly 
described the treatment methods and applied more than one energy balance closure 
treatment (Table B-2). 
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There is a significant difference in median PBIAS between unclosed and closed 
treatments (Kruskal-Wallis p-value < 0.01). Figure 3-8 shows that correction methods 
such as ER and BR significantly reduced PBIAS in ETa estimates. These findings suggest 
that correcting EC flux measurements for energy balance closure could potentially 
improve the resulting accuracy of ETa estimates. Since most studies did not explicitly 
state how energy balance closure was addressed, it is unclear whether the reported PBIAS 
values are overestimated. 

 

Figure 3-8. PBIAS (%) in satellite-based ETa estimates categorized by treatment of 
energy balance closure. (a) The box-and-whisker plot represents the 5th, 25th, 50th 

(median), 75th, and 95th percentiles of the distribution. (b) Dunn’s post-hoc test results 
at a significant level of α = 0.05 (significant p-values marked with **). ER: Energy 

residual method. BR: Bowen ratio conservation method. LR: Linear regression. 
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3.7 LIMITATIONS OF META-ANALYSIS 

The control factors of ETa and uncertainty in their estimates are not the same globally (K. 
Zhang et al., 2016). As the distribution of validation sites is concentrated in regions where 
EC flux towers are available (Figure 2-10), the results of the validation, thus, are not 
necessarily transferable to other areas. Therefore, when interpreting the uncertainty of 
satellite-based ETa estimates for a specific application, we should consider the validation 
metrics at each site individually and the variation of these metrics among all locations. 
Moreover, the study-level factors, including model-specific characteristics, influence the 
effect size of the meta-analysis. They can also attenuate or amplify each other’s effect. In 
this study, the interaction effects between two moderators (e.g., model type and land cover 
type) were neglected because the number of records across their joint categories was too 
sparse and uneven. 

No matter which metrics are used, the validation metrics that compare estimate with 
reference only represent actual error if the reference is the absolute truth. This is never 
the case because in-situ measurements and upscaling methods are never perfect. Wu et al. 
(2019b) suggested that validation should be performed in conjunction with uncertainty 
associated with in-situ measurements and the statistical significance of performance 
metrics. However, uncertainty in in-situ measurements has not been reported in the 
selected literature. Therefore, this study only analysed studies that reported results from 
different treatments of errors in energy balance from EC flux measurements. 

The results of this meta-analysis do not necessarily invalidate site-specific conclusions 
drawn from individual primary studies. Rather, the primary utility of meta-analysis lies 
in evaluating overall model performance across a broad range of study variations 
(Evaristo and McDonnell, 2017). These variations include, for example, model 
parameterization, input data, site characteristics, and even the modeler’s expertise. For 
instance, a single study may compare one representative model from PM, PT, 1SEB, and 
2SEB types and find that one model outperforms the others. However, such a result is 
contingent on the specific conditions of that study, including the chosen model 
configuration, input data, and the modeler’s expertise. Meta-analysis does not confirm or 
refute the findings of individual studies but instead offers a synthesized comparison 
across a larger body of evidence. Nonetheless, its conclusions are limited by the quality, 
consistency, and reporting standards of the underlying primary studies. 

3.8 CONCLUSIONS 

This chapter discusses the use of performance metrics in reporting uncertainty of satellite-
based ETa estimates and analyses the reported RMSE and PBIAS from studies validated 
with EC flux measurements. Most studies use a set of three performance metrics or less, 
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with RMSE, ME, and 𝑅𝑅2 being the most used. Each performance metric only reflects an 
aspect of model performance and does not reveal the variation of uncertainty in satellite-
based ETa estimates due to various factors, including both model-specific and site-
specific factors. While RMSE stands as the most employed metric in literature, it is 
unsuitable for comparing uncertainties across different studies due to its inherent scale 
dependency. Therefore, meta-analyses were conducted on both the reported RMSE and 
PBIAS from studies that evaluated satellite-based ETa estimates by validating against EC 
flux measurements. 

The meta-analysis of 348 studies reveals the distribution and RMSE across studies. 
RMSE varies among studies due to different ranges of ETa, models, resampling methods, 
and site conditions, ranging from 0.01 to 6.65 mm⋅d−1, with a mean of 1.18 mm⋅d−1.  
Validation with multiple sites reported a lower average and smaller variation of RMSE 
than validation at single sites. In general, studies with larger temporal support of 
validation have lower values of mean RMSE in mm⋅d-1. 

The meta-analysis of PBIAS values reveals that the mean PBIAS across 135 studies was 
6.8 ± 33 %, with a range from -164 to 230 %. Over a decade, studies have not reported a 
significant improvement in accuracy. Studies reported significantly higher accuracy for 
the PM model type across studies than for the 1SEB, 2SEB, and PT model types. Other 
model types are less reported, thus resulting in insufficient sample size in literature. The 
correction of energy balance closure in EC flux measurements could improve PBIAS of 
satellite-based ETa estimates significantly. 

Reported metrics from a single validation exercise only reflect the uncertainty of satellite-
based ETa estimates at specific locations and for specific model implementation. 
Therefore, continuous and consistent validation practice remains important to control the 
quality of ETa models and data products, especially when new input data or model 
modifications are used. The synthesized distribution of RMSE and PBIAS reported in this 
chapter offers a baseline for the uncertainty in satellite-based estimation of ETa for 
consequent chapters and future studies. 

 



 

 

 



 

 

 

 

 

 

 

 

PART II: UNCERTAINTY ASSESSMENT 
IN THE WAPOR PROJECT 
Part II comprises three chapters focused on assessing the technical uncertainties inherent 
in the WaPOR project’s AETI data products through ex-ante (Chapter 4) and ex-post 
approaches (Chapter 5) and the methodological uncertainties of the overall project 
through reflexive analysis (Chapter 6). Before addressing the research questions in the 
following chapters, the introduction of Part II presents the WaPOR project, its data 
products and satellite-based model: the ETLook model.  

1. WAPOR PROJECT 

WaPOR stands for “Water Productivity through Open access of Remotely sensed derived 
data”. The WaPOR project is led by the Food and Agriculture Organization of the United 
Nations (FAO) and funded by the Ministry of Foreign Affairs of the Netherlands. The 
first phase of the WaPOR project (2016 – 2020) focused on the development and 
improvement of the WaPOR portal’s database. The second phase of the project (2021-
2026) continues the improvement and expansion of the WaPOR database to global 
coverage. At the same time, it places a greater focus on applying and using the data 
through collaboration with key stakeholders in partner countries6.  

2. WAPOR DATA PORTAL 

The WaPOR project developed a database that comprises several variables related to land 
and water, including ETa (coded in the WaPOR database as Actual Evapotranspiration 
and Interception, or AETI) and reference ET (RET). The WaPOR data are openly 
accessed through the WaPOR web portal (Figure II-1). The WaPOR portal is also 

 

6 Algeria, Mali, Tunisia, Iraq, Jordan, Palestine, Egypt, Sudan, Ethiopia, Kenya, Mozambique, Pakistan and Colombia. 
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complemented with an Application Programming Interface (API)7. The API connects the 
WaPOR database with web portals8 and other application software (e.g., Python package, 
QGIS plugin, mobile apps), enabling direct access to data on several variables. Users 
interact with the web portal and software to extract information about land and water for 
specific applications, such as estimating crop water consumption and evaluating irrigation 
performance. 

 

Figure II-1. Diagram of the WaPOR project's data flow. AETI: Actual 
Evapotranspiration and Interception. RET: Reference Evapotranspiration. E: 

Evaporation. T: Transpiration. I: Interception. PCP: Precipitation. NPP: Net Primary 
Production. TBP: Total Biomass Production. GBWP: Gross Biomass Water 

Productivity. RSM: Relative root-zone Soil Moisture. 

2.1. WaPOR-ET data products 
The WaPOR-ET data products, which include Actual Evapotranspiration and Interception 
(AETI), and components of ETa (i.e., Transpiration, Evaporation, and Interception) are 
available at three distinct levels of spatial resolutions. These levels are the global level, 
with a spatial resolution of 250-300 m (Level 1); the national level, 100 m (Level 2); and 
the sub-national level, 20–30 m (Level 3). The highest temporal resolution is dekad9 
(Table II-1). This makes WaPOR-ET one of the highest-resolution global satellite-based 
ET products (Huang et al., 2025). Moreover, the WaPOR-ET data products are 
operational with a latency of 5 days, which enables near real-time10 applications such as 

 
7 API is a digital tool that allows streamlined connection between different computer systems. An API simplifies 

interaction by hiding a system’s complexity, exposing only useful parts while keeping the front end consistent, even if 

the system changes.  

8 https://data.apps.fao.org/wapor/ or http://wapor.apps.fao.org/ (deprecated since December 2023) 

9 A dekad is defined as a period of roughly 10 days. A calendar month is divided into 3 dekads: dekad 1 (from the 1st 

to 10th day), dekad 2 (from 11th to 20th day) and dekad 3 (from 21st to the end of the month). Dekad 1 and 2 consists of 

10 days, while the duration of dekad 3 ranges from 8 to 11 days (FAO, 2020a). 

10 Near real-time refers to data that are available almost immediately after it is collected, but with a small delay. 
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forecasting and monitoring. Since its first version, the WaPOR-ET data products have 
been updated, incorporating improvements in methodology, input data, and spatial 
coverage. Table II-1 also describes the different versions of the WaPOR-ET data 
products. These versions progressively revised the database methodology, prioritising 
improvements that are based on the findings of quality assessments carried out by IHE 
Delft and ITC-Twente (FAO, 2021; FAO and IHE Delft, 2019). 

Table II-1. Overview of different versions of WaPOR-ET data. D: dekadal, A: annual, 
S: seasonal, M: monthly. Source: https://www.fao.org/in-action/remote-sensing-for-

water-productivity/wapor-data/en (last access: 10/12/2024). 

WaPOR 
version Level 

Spatial 
resolution 

(m) 

Temporal 
resolution Spatial coverage 

Tempor
al 

coverag
e 

Release  

v1 

L1 250 D, A Africa and the Near East11 
2009 - 
2018 

June 
2018 L2 100 D, S, A Selected basins and 

countries 
L3 30 D, S, A Selected pilot areas 

v2 

L1 250 D, M, A Africa and the Near East 
2009 - 
2023 

June 
2019 L2 100 D, M, A Selected basins and 

countries 
L3 30 D, M, A Selected pilot areas 

v3 

L1 300 D, M, A Global 
2018 - 
Present 

October 
2023 L2 100 D, M, A Africa, the Near East, 

Colombia, Sri Lanka 
L3 20 D, M, A Selected pilot areas 

2.2. Uses of WaPOR-ET data 
The WaPOR-ET data have been used in several studies for various purposes. At the river 
basin scale, it has been used in quantification of water consumptive use (Al-Bakri et al., 
2022; Al-Omoush et al., 2025) and its trend (Barideh and Nasimi, 2022), calculation of 
groundwater balance (Kivi et al., 2022) and basin water accounting (Al-Omoush et al., 
2025; Amdar et al., 2024; Kivi et al., 2022). At the field scale, it has been used to quantify 
crop water consumption (Mebrie et al., 2023), crop and economic water productivity 
(Hazimeh and Jaafar, 2024; Jaafar et al., 2024; Pitoro et al., 2025; Sequeira et al., 2025), 
evaluate irrigation performance (Blatchford et al., 2020a; Chukalla et al., 2022), predict 

 

11 The term "Near East" is a location referenced in relation to Europe, whereas "Southwest Asia" offers a more objective 

geographic reference to the position of the same region on the Asian continent. 

https://www.fao.org/in-action/remote-sensing-for-water-productivity/wapor-data/en
https://www.fao.org/in-action/remote-sensing-for-water-productivity/wapor-data/en
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user crop biomass (Servia et al., 2022), estimate applied irrigation volume (Corbari et al., 
2025), and monitor land and water productivity gaps (Chukalla et al., 2024). 

As the second phase of the WaPOR project focuses on demand-driven data applications, 
it develops a compendium of user-focused solutions and practical tools based on 
information from the WaPOR database. Most uses and applications presented on the 
WaPOR project website are by user organizations based in the Netherlands (e.g., IHE 
Delft, Wageningen University and Research), Europe (e.g., European Space Agency, 
FAO), Sri Lanka (e.g., International Water Management Institute) (Figure II-2). Some 
applications are by user organizations within the project’s partner countries, such as Egypt, 
Tunisia, Iran, Jordan, Lebanon, Ethiopia, Rwanda, and Kenya. The WaPOR database is 
used and applied mostly African countries (e.g., Ethiopia, Kenya, Egypt…), which is 
mostly due to the coverage of WaPOR version 2. This demonstrates the project’s strong 
focus on applications in the regions of Africa and Southwest Asia, while the tools and 
solutions are mainly developed by project partners in the Global North. 

 

Figure II-2. Users and uses of the WaPOR-ET data products. (a) Countries with user 
organization (top 10 with most applications). (b) Countries with most uses and 

applications (top 10). (c) Links between country with user organization and country 
with uses, coloured by country. Data source: https://www.fao.org/in-action/wapor-uses-

applications-catalogue/en/ (last access: 10/12/2024). 

3. ETLOOK MODEL 

ETLook is a model developed by Pelgrum et al. (2010) and Bastiaanssen et al. (2012) to 
estimate ET under all weather and surface conditions by combining satellite-based data 
from optical and passive microwave sensors. The WaPOR project adopted the ETLook 
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model as the core algorithm for generating the WaPOR-ET data at the three levels (Table 
II-2). 

3.1. Model formulation 
The ETLook model uses the Penman-Monteith equation (Monteith, 1965), which has 
been modified to separately calculate evaporation from soil (II.1) and transpiration from 
canopy (II.2) (Bastiaanssen et al., 2012). It estimates interception using the model by von 
Hoyningen-Hune (1983) with satellite-based vegetation indices and precipitation data 
(II.3). 

 𝜆𝜆𝜆𝜆e =
𝛥𝛥�𝑅𝑅n, soil − 𝐺𝐺� + 𝜌𝜌𝑐𝑐p �

𝛥𝛥e
𝑟𝑟a,soil

�

𝛥𝛥 + 𝛾𝛾 �1 + 𝑟𝑟soil
𝑟𝑟a,soil

�
 (II.1) 

 𝜆𝜆𝜆𝜆t =
𝛥𝛥�𝑅𝑅n, canopy � + 𝜌𝜌𝑐𝑐p �

𝛥𝛥e
𝑟𝑟a,canopy

�

𝛥𝛥 + 𝛾𝛾 �1 +
𝑟𝑟canopy
𝑟𝑟a,canopy

�
 (II.2) 

 
𝐸𝐸i

86400
= 0.2LAI �1 − �

1

1 +
�𝑐𝑐veg�𝑃𝑃
0.2LAI

�� (II.3) 

where 𝐸𝐸e, 𝐸𝐸t, and 𝐸𝐸I [kg⋅m-2⋅s-1] are the soil evaporation, transpiration, and interception, 
respectively; 𝜆𝜆  [J⋅kg-1] is the latent heat of vaporisation of water at specific air 
temperature; 𝑅𝑅n,soil  and 𝑅𝑅n,canopy  [W⋅m-2] are the net radiation partitioned for the soil 
and canopy; 𝐺𝐺 [W⋅m-2] is the ground heat flux; 𝜌𝜌 [kg⋅m-3] is the air density; 𝑐𝑐p [J⋅kg-1⋅K-

1] is the specific heat of dry air; 𝛥𝛥e [Pa] is the vapour pressure deficit (VPD), which is the 
difference between the saturated and actual vapour pressure (𝑒𝑒s − 𝑒𝑒a); 𝛥𝛥 [Pa⋅K-1] is the 
slope of the saturation vapour pressure curve; 𝛾𝛾 [Pa⋅K-1] is the psychrometric constant; 
𝑟𝑟soil and 𝑟𝑟canopy [s⋅m-2] are the surface resistances of soil and canopy; 𝑟𝑟a,soil and 𝑟𝑟a,canopy 
[s⋅m-2] are the aerodynamic resistances of soil and canopy; LAI [m2⋅m-2] is the Leaf Area 
Index; 𝑐𝑐veg [-] is the vegetation cover; and 𝑃𝑃 [mm⋅d-2] is the precipitation. 

In the ETLook model, 𝑅𝑅𝑛𝑛, 𝐺𝐺, ∆, 𝑐𝑐𝑝𝑝, 𝛾𝛾, and ∆𝑒𝑒 are calculated from meteorological data 
following the standard procedures described in the FAO Irrigation and Drainage paper 56 
(FAO56), by Allen et al. (1998). The ETLook model integrates several other models to 
derive the variables required for the equations (Bastiaanssen et al., 2012), including net 
radiation partitioning (Shuttleworth and Wallace, 1985), soil surface resistance (Camillo 
and Gurney, 1986; Dolman, 1993; Shu Fen Shun, 1982), canopy surface resistance 
(Choudhury et al., 1986; Holtslag, 1984), aerodynamic resistance (Jiang et al., 2006), 
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vegetation cover (Carlson and Ripley, 1997), and effective LAI (Allen et al., 2006; Ben 
Mehrez et al., 1992). 

3.2. Model implementation 
The ETLook model was developed and operationalized on a global scale by eLEAF12, a 
partner of the WaPOR project. This implementation, referred to here as WaPOR-ETLook, 
generates the WaPOR-ET data products. FAO has developed an open-source Python 
implementation of the ETLook model, called pyWaPOR (FAO, 2025a). The pyWaPOR 
model can be implemented at any location, although its spatial extent can be limited by 
computational power and the availability of cloud-free satellite images. The pyWaPOR 
model also allows model users to customize input data sources and model 
parameterization. 

The ETLook model requires several input data for its implementation, such as 
meteorological data, soil moisture, surface reflectance (for vegetation index and albedo), 
a digital elevation model (DEM) and land cover classification (LCC). Meteorological data 
includes air temperature, air pressure, wind speed, humidity, precipitation, and solar 
radiation. These are derived from either in-situ weather stations (Bastiaanssen et al., 2012) 
or a combination of climate reanalysis and meteorological satellites (FAO, 2020a, 2018a, 
2018b).  

The WaPOR-ETLook model differs from the first version of ETLook model mainly in 
the derivation of soil moisture information (Blatchford et al., 2020b). In the WaPOR-
ETLook model, the relative soil moisture content is estimated using a modified trapezoid 
model proposed by Yang et al. (2015a). This model uses optical and thermal imagery 
rather than passive microwave remote sensing as applied in the original model (FAO, 
2020a, 2018a, 2018b). Therefore, land surface temperature (LST) is also a key input in 
the WaPOR-ETLook model (Table C-1). The sources of input data for the WaPOR-ET 
data production vary by level and version (Table C-2). 

4. PREVIOUS UNCERTAINTY ASSESSMENTS 

Prior to the WaPOR-ETLook implementation, Bastiaanssen et al. (2012) conducted the 
first local sensitivity analysis of the ETLook model in the Indus basin. This analysis 
focused on two representative land uses (bare soil and irrigated rice-wheat) and five 
selected input parameters: relative and saturated soil moisture, normalized difference 
vegetation index (NDVI), soil surface resistance parameters, and minimum stomatal 

 

12 https://eleaf.com/  

https://eleaf.com/
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resistance. Among these, surface soil moisture was found to be the most influential for 
describing ET variability at the selected locations. The uncertainty analysis of the selected 
input parameters indicated only a 3.4 % error in the model’s output, which demonstrate 
the promising applicability of the ETLook model for agricultural land (Bastiaanssen et al. 
(2012). However, this uncertainty assessment was limited to specific locations, a selective 
set of parameters, and the assumed uncertainty of those input parameters. 

Several ex-post uncertainty assessments of the ETLook model have been conducted 
through the quality assessment activities within the WaPOR project (Blatchford et al., 
2020b; FAO, 2021; FAO and IHE Delft, 2019). These assessments inform the 
applications of the WaPOR-ET data products and the development of subsequent versions. 
The quality assessment of WaPOR version 1 focused on the consistency of the WAPOR-
ET data with various sources, such as other data products, hydrological model outputs, 
water balance for large river basins, and Eddy Covariance (EC) flux towers in Africa 
(FAO and IHE Delft, 2019). The report suggested higher errors in locations with higher 
aridity and highlighted the need to improve the spatial resolution of input data, which was 
later implemented in the version 3 (Appendix C). While WaPOR version 2 primarily 
improved other variables, a key change to the ET data was an update to the land cover. 
Evaluations of the version 2 WaPOR-ET data products found them to perform well, 
though with some overestimation in irrigated fields in Egypt (Blatchford et al., 2020b). 
The report also recommended verifying the behaviour of meteorological and thermal data, 
noting lower performance at sites with lower quality of NDVI and LST inputs, or at sites 
that are energy-limited (FAO, 2021). 

Outside of the model development context, some studies have evaluated the WaPOR-ET 
data products using different methods, focusing on a specific study area or application. 
Some studies have suggested that the uncertainties in the WaPOR-ET data might 
influence their results (Al-Bakri et al., 2022; Al-Omoush et al., 2025; Chukalla et al., 
2022; Hazimeh and Jaafar, 2024; Kivi et al., 2022; Mebrie et al., 2023). For example, Al-
Omoush et al. (2025) found that the estimates from WaPORv2L2 ET data were 
approximately 50 % lower compared to other five ET data products in the Amman-Zarqa 
Basin, Jordan. This underestimation can lead to an exaggeration of recoverable water in 
their ground water model if the WaPOR-ET data was not correct. Beyond the 
uncertainties inherent to the WaPOR-ET data, methodological uncertainties stemming 
from the choice of ET models (Hazimeh and Jaafar, 2024) and spatial resolution 
(Blatchford et al., 2020a) also impact analyses such as crop water productivity and 
irrigation performance (Seijger et al., 2023).  
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5. SIGNIFICANCE AND RELEVANCE 

The WaPOR project presents an interesting case study for understanding the implication 
of uncertainties in satellite-based estimation for water resources assessment and 
management. By stitching several empirical and semi-empirical models and data sources 
together, the ETLook model simplifies and enables the efficient calculation of ET for 
various surface and climate conditions on a global scale. As Van Stan II and Simons (2025) 
argued, this form of "patchwork empiricism" risks creating a mismatch between global 
models and local realities. For example, the vegetation cover model was tested by Jiang 
et al. (2006) using ground-based surface reflectance measurements from cotton 
experiments conducted by Huete et al. (1985) in Arizona. Meanwhile, the effective LAI 
model used by Ben Mehrez et al. (1992) was based on experimental studies of different 
corn strata in Canada (Rochette et al., 1991). Consequently, the choice of these sub-
models introduces methodological uncertainties when the ETLook model is applied to 
different locations across the world. 

The influence of the ETLook model extends beyond scientific research on ET, as it could 
affect water management practices or tools that rely on WaPOR-ET data products. As 
one of the most easy-to-access and high-resolution ET data in many regions, particularly 
Africa and Southwest Asia (Table II-1), the WaPOR-ET data products are used in 
analyses of water resources at multiple scales. Furthermore, the WaPOR-ET data 
products are supported by FAO and various governments for being used in tools and 
applications that inform farmers, water managers, and policy makers. 

From the above, it is important for the quality assessment of the WaPOR-ET data to 
include uncertainty assessments, which are presented in this part of the thesis. Chapter 4 
focuses on ex-ante uncertainty assessment by examining the input meteorological data. 
This is particularly relevant because the major updates in version 3 of the WaPOR-ET 
data is a change of input datasets (Appendix C). Chapter 5 focuses on the ex-post 
uncertainty assessment of the WaPOR-ET data version 3 Level 1. Its global coverage 
makes it possible to validate the data in regions where Eddy Covariance data are available 
(Figure 2-10). These analyses contribute directly to the quality assessment of the latest 
version of the WaPOR-ET data products. Chapter 6 analyses the influence of problem 
framings, model choices and configurations on the WaPOR-ETLook model, as well as 
the perception and management of output uncertainties in the WaPOR project. 
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4.1 INTRODUCTION 

Almost all the methods to calculate reference ET (ETo) and actual ET (ETa), including 
the FAO56 method, require data of at least some meteorological variables that are often 
measured with standard weather stations, such as air temperature, pressure, humidity, 
windspeed, and solar radiation. Since some variables are not always available, the FAO56 
guideline provides alternative equations to estimate missing meteorological variables 
(Allen et al., 1998, chap. 3). Still, many regions lack weather stations, especially Africa 
and Southwest Asia (Dinku, 2019; van de Giesen et al., 2014). Therefore, mapping ETo 
over large regions depends on either interpolated gridded weather datasets or climate 
reanalysis data (Abatzoglou et al., 2018; Singer et al., 2021). At the same time, the 
estimation of ETa aided by satellite observation are also dependent on models and forcing 
inputs (McCabe et al., 2017; Tran et al., 2023). Meteorological data are therefore essential 
forcing inputs for both ETo and ETa calculations. Despite the increasing development and 
use of spatial ETo data, there is limited understanding of the accuracy and precision of 
these data, and how they are related to the uncertainties of the meteorological input data. 

Reanalysis is a compelling alternative to interpolated gridded weather datasets for 
mapping ETo. Reanalysis are data generated using data assimilation techniques to couple 
numerical weather prediction (NWP) models with past observations (Eyre et al., 2022; 
Slivinski, 2018). Recent developments in atmospheric reanalysis have greatly improved 
spatial resolution, notably the fifth generation of the European Centre for Medium-Range 
Weather Forecasts (ECMWF) atmospheric reanalysis (ERA5) and its derived dataset 
AgERA5 (up to about 11 km resolution) (Copernicus Climate Change Service, 2020; 
Hersbach et al., 2020). In addition, the short latency of some NWP models and data 
assimilation systems facilitates operational near real-time monitoring of ETo and ETa. For 
example, the FAO’s portal to monitor Water Productivity through Open access of 
Remotely sensed derived data (WaPOR) provides global daily ETo updated within 3 days 
calculated using the Goddard Earth Observing System version 5 (GEOS5) dataset, which 
has a latency of less than a day (FAO, 2024). 

Parker (2016) argued that the reliability of reanalyses is unclear due to partial 
understanding of the errors and uncertainties in NWP models and thus advocated both 
quantitative and qualitative assessment of uncertainties in reanalysis data. The explicit 
and standardized quantification of uncertainties in NWP models and input parameters is 
often overlooked. For example, Wang et al. (2024) emphasized that uncertainties in cloud 
optical thickness, aerosol optical depth, and ozone significantly impact solar radiation 
estimates, a key input for ETo and ETa calculation. Lang et al. (2024) demonstrated that 
coarse-resolution reanalysis data can introduce substantial errors in solar radiation 
estimates, due to mixed-pixel effects, especially under cloudy conditions (L. Wang et al., 
2024a). 
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Since the sensitivity of ETo models to errors in meteorological forcing varies with 
different models, space, and time (Fisher et al., 2017), it is important to analyse 
uncertainty in each ETo model when using reanalysis data. Furthermore, climate 
reanalysis and reanalysis-based evaporation estimates are increasingly used to study 
hydrological processes, which may lead to errors in these estimates being amplified and 
misinterpreted in hydrological studies. This necessitates a comprehensive review and 
description of both evaporation retrieval models and their forcing components (McCabe 
et al., 2017). The reliability of ETo calculated using particular reanalysis datasets has been 
investigated, mainly in southern Europe and China (e.g., Ippolito et al., 2024; Martins et 
al., 2017; Xu et al., 2024) where past weather observations for reanalysis are more 
available than in other parts of the world (Brönnimann et al., 2018; Soci et al., 2024). For 
instance, in Africa and Southwest Asia, where weather observations are scarce, the 
reanalysis data quality is largely unknown as well as the impact of the meteorological 
uncertainty on ETo calculations. 

The objective of this chapter is therefore to assess the uncertainty of meteorological 
forcing from reanalysis products (namely GEOS5, ERA5, and AgERA5) and the resulting 
uncertainty in ETo over Africa and Southwest Asia. In this study, we focused on ETo since 
the definition and calculation of ETo depends only on meteorological forcing. However, 
we also extend our discussion to the impact of uncertainty in meteorological forcing on 
ETa estimation where relevant. 

4.2 MATERIALS AND METHODS 

We assessed the uncertainty of three reanalysis data products (GEOS5, ERA5, AgERA5) 
for five meteorological inputs in the FAO56 ETo calculation, namely air temperature, 
atmospheric pressure, windspeed, vapour pressure, and solar radiation for a five-year 
period (from 2018 to 2022). Our assessment entails three components: uncertainty 
between products, nominal accuracy, and quantitative impact of uncertainty in inputs on 
ETo (Figure 4-1). The uncertainty between products was assessed by spatial and temporal 
pair-wise comparison. The nominal accuracy13 was assessed by comparison with time-
series data from in-situ measurements. Finally, the impact of uncertainty in inputs on ETo 
was assessed by two error propagation methods (Monte Carlo simulations and Taylor 
expansion). 

 
13 The results from comparison with in-situ measurement is considered nominal accuracy since 

in-situ measurements also have errors and not necessarily present true values of the grid cells 

due to spatial scale mismatch. 
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Figure 4-1. Schematization of the methodological framework. Collected reanalysis data 

(GEOS5, AgERA5, and ERA5) were resampled and processed for spatio-temporal pair-

wise comparison to calculate difference between products, which represents uncertainty 

between products. Time-series were extracted at grid cells for comparison with in-situ 

measurements, to calculate performance metrics, which represent nominal accuracy. 

The ensemble spread of ERA5, which represents uncertainty within ERA5 product, was 

used to propagate errors in FAO56 reference evapotranspiration (ETo) calculation using 

Monte Carlo and Taylor expansion methods. 

4.2.1 Study areas and in-situ data 
This study covers the land mass of Africa and Southwest Asia (30⁰S – 60⁰N, 40⁰W – 40⁰E) 
with a wide range of climates, from arid to tropical (Figure 4-2). About half of the study 
area is arid desert in the North Africa and Southwest Asia regions. There are a few climate 
monitoring networks that cover only fractions of the study area. The Trans-African 
Hydro-Meteorological Observatory (TAHMO) is an initiative that has successfully 
extended a network of meteorological and hydrological stations in sub-Saharan Africa 
(van de Giesen et al., 2014). Currently, TAHMO provides hydro-meteorological 
measurements from the largest number of stations in the region of interest. However, most 
stations are distributed in specific regions: western, eastern and southern Africa (Figure 
4-2). 
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Figure 4-2. Climate classification map of study area and the locations of in-situ 
observations. Data source: TAHMO, Köppen-Geiger map (Beck et al., 2023). Base 

map: Natural Earth NE1_50M_SR_W. 

In-situ climate data were collected from 174 TAHMO stations (Figure 4-2). Table 4-1 
shows the distribution of TAHMO stations by climate classes. The dataset includes hourly 
measurement of standard meteorological variables (i.e., air temperature, relative humidity, 
wind speed and direction, solar radiation and atmospheric pressure) from ATMOS 41 
sensors (METER, 2023). Daily mean air temperature [⁰C], relative humidity [%], wind 
speed at 2 m [m⋅s-1], air pressure [mbar], and solar radiation [W⋅m-2] were computed by 
averaging hourly data (TAHMO, 2023). 

Table 4-1. Number of stations per each of major climate classes in study area. The 
classes with <0.5% of total area and no stations are omitted from the table. 

Code Description Area [% of total] Number of stations 
BW Arid, desert 51.0 3 
Aw Tropical, savannah 22.1 114 
BS Arid, steppe, hot 14.6 9 
Cw Temperate, dry winter 4.5 14 
Am Tropical, monsoon 2.5 4 
Cs Temperate, dry summer 2.1 13 
Af Tropical, rainforest 1.8 4 
Cf Temperate, no dry season 0.5 13 
Total area 99.1 174 
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The quality of in-situ data varies and depends on the accuracy specification of sensors, 
sensor performance and operation continuity. We acquired data from stations with the 
best quality flags provided by the TAHMO quality control procedure (van de Giesen et 
al., 2014). Quality control procedure for TAHMO stations is extended from the 
procedures in the Oklahoma Mesonetwork (Shafer et al., 2000). TAHMO employs both 
automated and manual methods to ensure data quality, including tests for range, sensor 
accuracy, climate condition, temporal changes, dips and spikes, and changes in variance 
(Annor, 2023, p. 125). In addition, we evaluated the quality and integrity of the acquired 
dataset by visually checking the time series of each climatic variable at each station. 

4.2.2 Reanalysis data 

a. Datasets description 

We selected and retrieved data for a study period of five years, from 1/1/2018 to 
31/12/2022, which we considered sufficient sample of daily values for analysing spatio-
temporal pattern of uncertainty (1826 data points per time-series). This is also the period 
for which we have access to TAHMO climate data. The hourly GEOS5 and ERA5 data 
and daily AgERA5 data were retrieved from the sources that are provided in Table 4-2.  

Table 4-2. Spatial and temporal resolution of the three reanalysis datasets used. The 
specific data products were acquired from the data source given in parenthesis. 

Dataset 
name 

Spatial 
resolution  

Temporal 
resolution 

Product name (data source) 

GEOS5 0.31⁰ × 0.25⁰ 
(~30 km at 
the equator) 

hourly GEOS-FP tavg1_2d_slv_Nx  
(https://opendap.nccs.nasa.gov/dods/GEOS-
5/fp/0.25_deg/assim/tavg1_2d_slv_Nx.info) 
GEOS-FP tavg1_2d_rad_Nx 
(https://opendap.nccs.nasa.gov/dods/GEOS-
5/fp/0.25_deg/assim/tavg1_2d_rad_Nx.info) 

ERA5 0.25⁰ × 0.25⁰ 
 (~28 km at 
the equator) 

hourly ERA5 hourly data on single levels from 1940 
to present 
(https://doi.org/10.24381/cds.adbb2d47)  
(Hersbach et al., 2023) 

AgERA5 0.1⁰ × 0.1⁰ 
(~11 km at 
the equator) 

daily Agrometeorological indicators from 1979 to 
present derived from reanalysis 
(https://doi.org/10.24381/cds.6c68c9bb)  
(Boogaard et al., 2020) 

GEOS5 stands for the Goddard Earth Observing System version 5, a global atmospheric 
model, developed by the NASA Global Modelling and Assimilation Office (GMAO) 
(Rienecker et al., 2008). The GEOS Data Assimilation System is the integration of 
GEOS5 Atmospheric General Circulation Model and the Grid-point Statistical 

https://opendap.nccs.nasa.gov/dods/GEOS-5/fp/0.25_deg/assim/tavg1_2d_slv_Nx.info
https://opendap.nccs.nasa.gov/dods/GEOS-5/fp/0.25_deg/assim/tavg1_2d_slv_Nx.info
https://opendap.nccs.nasa.gov/dods/GEOS-5/fp/0.25_deg/assim/tavg1_2d_rad_Nx.info
https://opendap.nccs.nasa.gov/dods/GEOS-5/fp/0.25_deg/assim/tavg1_2d_rad_Nx.info
https://doi.org/10.24381/cds.adbb2d47
https://doi.org/10.24381/cds.6c68c9bb
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Interpolation Analysis (Rienecker et al., 2008). GMAO runs the GEOS Forward 
Processing stream, which generates both forecasts and assimilation products. The 
meteorological variables from the time-average 1-hourly data, 2-dimensional, single-
level 14  atmospheric state variables (tavg1_2d_slv_Nx) and radiative fluxes 
(tavg1_2d_rad_Nx) data products were retrieved. The GEOS5 dataset includes the 
following variables: hourly air temperature at 2 m [K], northward and eastward 
components of wind at 10 m [m s-1], specific humidity at 2 m [kg kg-1], sea level pressure 
[Pa], surface pressure [Pa], and surface incoming shortwave flux [J m-2 h-1]. The GEOS5 
system derives air pressure at surface level from mean sea level pressure using the United 
States Geological Survey’s 1-km Global Elevation (GTOPO30) raster data (Rienecker et 
al., 2008). 

ERA5 is the fifth generation of the ECMWF atmospheric reanalysis of the global climate. 
ERA5 is generated by combining the model forecasts from the Integrated Forecasting 
System Cy41r2 with vast amounts of historical observations using the 4D-Var 
assimilation scheme (Hersbach et al., 2020). ERA5 provides data products for several 
climate variables at 137 pressure levels from the surface up to 80 km. In this study, the 
ERA5 hourly data on single levels (Hersbach et al., 2023) was retrieved from ECMWF’s 
Climate Data Store (CDS). The ERA5 dataset includes the following variables: hourly 2 
m temperature [K], 2-m dewpoint temperature [K], 10-m v-component and u-component 
of wind speed [m⋅s-1], mean sea level pressure [Pa], surface pressure [Pa], and surface 
solar radiation downwards [J⋅m-2⋅h-1]. ERA5 surface pressure was computed using 
surface elevation data interpolated from the Shuttle Radar Topography Mission Digital 
Elevation 30m data (SRTM30) combined with other surface elevation datasets (ECMWF, 
2024a). 

AgERA5 comprises agrometeorological indicators derived from reanalysis, providing 
input needed for most crop growth models. Daily AgERA5 data is produced by 
aggregating ERA5 hourly data to daily at the local time zone and downscaling towards a 
finer topography at a 0.1° spatial resolution (Boogaard et al., 2023). The ERA5 data was 
corrected using regression equations that were calibrated with the ECMWF’s operational 
high-resolution atmospheric model (HRES) for each variable and grid (Boogaard et al., 
2020). AgERA5 provides data products for 12 meteorological variables at the surface 
level and daily timestep. The AgERA5 dataset was collected from ECMWF’s CDS, 
which includes the following variables: daily 2-m temperature [K], 2-m dewpoint 
temperature [K], 10-m wind speed [m⋅s-1], and solar radiation flux [J⋅m-2⋅d-1]. 

 

14 In the context of climate reanalysis, single level data includes variables measured or modelled close to the surface. 
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b. Reanalysis data pre-processing 

Prior to our analysis, we applied a pre-processing procedure on the retrieved reanalysis 
data products to ensure consistency among variables and units for accurate comparisons. 
Simple linear temporal and spatial aggregation were applied to achieve the same 
resolution for comparison of different input datasets. For spatial and temporal comparison, 
we analysed meteorological variables at the coarser resolution of the data products to 
avoid introducing errors due to spatial downscaling and elevation correction. Reanalysis 
data was converted to the same unit as in-situ data. 

The average windspeed at 10 m is derived from the windspeed components collected from 
ERA5 and GEOS5: 

 𝑢𝑢10 =  �𝑢𝑢10𝑥𝑥2 + 𝑢𝑢10𝑦𝑦2 (4.1) 

where 𝑢𝑢10  [m⋅s-1] is wind speed at 10 m,  𝑢𝑢10𝑥𝑥  [m⋅s-1] is 10-m eastward wind or u-
component, and 𝑢𝑢10𝑦𝑦 [m⋅s-1] is 10 m northward wind or v-component. 

Notably, the reanalysis datasets do not have relative humidity except for AgERA5. 
Therefore, we compared vapour pressure derived from ERA5 and AgERA5 dew-point 
temperature and from GEOS5 specific humidity, which is required for the calculation of 
ETo. The calculation of vapour pressure from specific humidity is: 

 𝑒𝑒𝑎𝑎 =
𝑞𝑞𝑣𝑣 ∙ 𝑃𝑃
𝜀𝜀

 (4.2) 

where 𝑒𝑒𝑎𝑎  [kPa] is vapour pressure, 𝑞𝑞𝑣𝑣  [kg⋅kg-1] is specific humidity, 𝑃𝑃  [kPa] is air 
pressure, and 𝜀𝜀 [-] is the ratio of molecular weight of water to dry air (𝜀𝜀 = 0.622). 

The saturation vapour pressure at actual temperature was calculated following Allen et al. 
(1998, Eq. 11): 

 𝑒𝑒𝑠𝑠(𝑇𝑇) = 0.6108 exp �
17.27 𝑇𝑇
𝑇𝑇 + 237.3

� (4.3) 

where 𝑒𝑒𝑠𝑠(𝑇𝑇) is saturated vapour pressure [kPa] at the actual air temperature 𝑇𝑇 [⁰C]. 

The actual vapour pressure 𝑒𝑒𝑎𝑎  [kPa] equals the saturated vapour pressure 𝑒𝑒𝑠𝑠  at the 
dewpoint temperature 𝑇𝑇𝑑𝑑 [⁰C]: 𝑒𝑒𝑎𝑎 = 𝑒𝑒𝑠𝑠(𝑇𝑇𝑑𝑑). Therefore, the saturated vapour pressure was 
calculated by substituting 𝑇𝑇𝑑𝑑  from reanalysis data for 𝑇𝑇  in Equation (4.3), following 
Allen et al. (1998). 

For in-situ dataset, vapour pressure was derived from minimum and maximum relative 
humidity following Allen et al. (1998, Eq. 17) since dew-point temperature was not 
available: 
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 𝑒𝑒𝑎𝑎 =
𝑒𝑒𝑠𝑠(𝑇𝑇min) × RHmin

100 + 𝑒𝑒𝑠𝑠(𝑇𝑇max) × RHmax
100

2
 (4.4) 

where RHmin is daily minimum relative humidity [%], RHmax is daily maximum relative 
humidity [%], and 𝑒𝑒𝑠𝑠(𝑇𝑇) is the saturation vapour pressure [kPa] at the same temperature. 

4.2.3 Uncertainty assessment methods 

a. Spatial and temporal pair-wise comparison 

The uncertainty between products was assessed by pair-wise comparison. Before that, we 
aggregated hourly reanalysis data to daily, daily to monthly, and monthly to yearly by 
arithmetic averaging. The higher-resolution datasets (GEOS5 and AgERA5) were 
resampled to the spatial resolution of ERA5 to ensure that all datasets represent the same 
level of detail, allowing for an unbiased comparison. For spatial comparison, we 
computed the yearly average of the differences between each pair for mean air 
temperature at 2 m, wind speed at 10 m, vapour pressure, and solar radiation. For 
atmospheric pressure, we compared the pressure at sea level and the pressure at surface 
originally retrieved from GEOS5 and ERA5. Since the AgERA5 dataset does not include 
data of air pressure, it was excluded from air pressure comparison. For spatio-temporal 
comparison, we used the latitude-time Hovmöller diagrams of monthly average maps 
(Hovmöller, 1949), which helps visually detect seasonal anomalies or any dynamics of 
the discrepancy between datasets. 

b. Comparison with in-situ data and performance metrics 

The nominal accuracy of reanalysis data was evaluated by comparison with in-situ 
measurements. Daily time-series of air temperature, air pressure, windspeed, vapour 
pressure, and solar radiation were extracted from the reanalysis datasets at the grids 
containing observation stations. The performance metrics we used to validate reanalysis 
data against in-situ data include the coefficient of determination (𝑅𝑅2); the root mean 
square error (RMSE), the bias, and the relative bias (PBIAS) (Table B-1). The 𝑅𝑅2 metric 
is the square of Pearson correlation coefficient, which measures how well the variables 
from in-situ data are correlated to the temporal variation of variables derived from 
reanalysis products. The bias measures mean residuals, while the RMSE measures the 
root mean square difference between reanalysis and in-situ data. These metrics are widely 
used in in-situ validation of earth observation data (Mayr et al., 2019; Tran et al., 2023). 
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4.2.4 Error propagation methods 
We analysed the impact of uncertainty in ETo propagated from the meteorological inputs 
from reanalysis on ETo by applying error propagation methods in the FAO56 calculation 
of ETo. We applied and compared the Monte Carlo (MC) method with the Taylor method. 
The MC method is a statistical approach to estimate the uncertainty in a complex 
mathematical model 𝑔𝑔(∙) by performing random sampling (Heuvelink, 1998). It entails 
randomly simulating inputs based on known or assumed probability distributions, 
applying these inputs to the model, and deriving the uncertainty and variability from the 
resulting outputs (Kroese and Rubinstein, 2012). The MC method is well-suited for non-
linear functions and models with multiple variables. However, it can be computationally 
expensive and time-consuming when a large number of simulations are needed to obtain 
accurate estimates of the probability distribution (Heuvelink, 1998; Kroese et al., 2014). 

The Taylor method is based on the theory of error propagation, which applies the Taylor 
expansion for linear approximation of non-linear functions (Taylor, 1997). The main 
advantages of using Taylor method are efficient computation and the analytical form of 
the variance of the output error. However, when the operation 𝑔𝑔(∙) is strongly non-linear 
or involves many inputs, like the ETo calculation, the approximation error may increase 
and computational efficiency may decrease (Heuvelink, 1998, p. 43). Therefore, 
comparing the Taylor method and the MC method can provide more insights to guide 
future applications of ETo error propagation. Our intention was to evaluate whether 
Taylor method can be an alternative to MC method for operational ETo uncertainty 
estimation. 

a. Calculation of FAO56 reference evapotranspiration 

The daily ETo [mm⋅d-1] was calculated following the FAO56 Penman-Monteith equation 
for reference crop following the procedure described by Allen et al. (1998): 

 ETo =
0.408∆(𝑅𝑅n − 𝐺𝐺) +  𝛾𝛾 900

𝑇𝑇mean + 273 𝑢𝑢2(𝑒𝑒s − 𝑒𝑒a)

∆ +  𝛾𝛾(1 + 0.34𝑢𝑢2)  (4.5) 

where ∆ [kPa⋅⁰C-1] is the slope of saturation vapour pressure curve, 𝑅𝑅n [MJ⋅m-2⋅d-1] is the 
net radiation at the reference crop surface, 𝐺𝐺 [MJ⋅m-2⋅d-1] is the soil heat flux density 
assumed to be zero for day period, 𝛾𝛾 [kPa⋅⁰C-1] is the psychrometric constant, 𝑇𝑇mean [⁰C] 
is the daily mean air temperature, 𝑢𝑢2 [m⋅s-1] is daily average wind speed at 2 m, 𝑒𝑒s [kPa] 
is saturation vapour pressure, 𝑒𝑒a [kPa] is actual vapour pressure, 𝑇𝑇mean is the average of 
minimum and maximum air temperature (𝑇𝑇min and 𝑇𝑇max). 

The slope of saturation vapour pressure curve (∆) was calculated following Allen et al. 
(1998, Eq. 13). The psychrometric constant (𝛾𝛾) was calculated following Allen et al. 
(1998, eq. 8).  
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The net radiation (𝑅𝑅n) was calculated by subtracting the net longwave radiation (𝑅𝑅nl) 
from the net shortwave solar radiation (𝑅𝑅ns): 

 𝑅𝑅n = 𝑅𝑅ns − 𝑅𝑅nl = (1 − 𝛼𝛼)𝑅𝑅s − 𝑅𝑅nl (4.6) 

where 𝛼𝛼 = 0.23 is surface albedo for the hypothetical grass reference and 𝑅𝑅s [MJ⋅m-2⋅d-

1] is the incoming solar radiation from reanalysis data. 𝑅𝑅nl [MJ⋅m-2⋅d-1] was calculated 
following Allen et al. (1998, Eq. 39). 

 
𝑅𝑅nl = 𝜎𝜎 �

(𝑇𝑇min + 273.16)4 + (𝑇𝑇max + 273.16)4

2
�

× �0.34 − 0.14�𝑒𝑒a� × �1.35
𝑅𝑅s
𝑅𝑅so

− 0.35� 
(4.7) 

where 𝜎𝜎 = 4.903 ∙ 10−9  MJ⋅K-4⋅m-2⋅d-1 is Stefan-Boltzmann constant, �0.34 −
0.14�𝑒𝑒a� and �1.35 𝑅𝑅s

𝑅𝑅so
− 0.35� are correction terms for air humidity and cloudiness 

respectively, and  𝑅𝑅𝑠𝑠𝑠𝑠  [MJ⋅m-2⋅d-1] is the clear-sky radiation calculated from the 
extraterrestrial radiation 𝑅𝑅a, which was, in turn, calculated following Allen et al. (1998, 
Eq. 21). 

The wind speed at 2 m was estimated from reanalysis windspeed at 10 m using the 
logarithmic wind speed profile (Allen et al., 1998, Eq. 47): 

 𝑢𝑢2 =  𝑢𝑢10
4.87

ln(67.8 × 𝑧𝑧 − 5.42) (4.8) 

where 𝑢𝑢10 [m⋅s-1] is the wind speed at 10 m, 𝑢𝑢2 [m⋅s-1] is the wind speed at 2 m, and 𝑧𝑧 = 
10 m is the height at which wind speed is calculated. 

b. Uncertainty estimation of reanalysis datasets 

Since only the ERA5 data product comes with uncertainty estimation, we focused on the 
propagation of ERA5 data uncertainty estimates in the FAO56 ETo calculation. The 
uncertainty estimates of the ERA5 data product was produced by ECMWF by sampling 
from 10 underlying ensemble members every 3 hours (ECMWF, 2023b). This uncertainty 
estimation addresses mostly random errors in the observations and sea surface 
temperature model parameterization. The estimates are closely related to the uncertainty 
of the assimilated observations, which have evolved considerably over time. The ERA5 
uncertainty estimates vary in different zones due to the uneven distribution of 
measurements that are used to correct the forecasting model through data assimilation. 
However, the systematic errors were not addressed and not correlated to the computed 
uncertainty estimates (ECMWF, 2023b). 
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The mean and spread (standard deviation) of the ERA5 ensemble were retrieved from 
ECMWF’s CDS (Hersbach et al., 2023) (Figure S1, Appendix D). We considered each 
meteorological variable as a quantitative spatial attribute 𝐴𝐴(∙) = {𝐴𝐴(𝑥𝑥) |  𝑥𝑥 ∈ 𝐷𝐷} where 
D is the domain of interest in a 3-dimensional space (longitude-latitude-time). Then, 𝐴𝐴(𝑥𝑥) 
is the value of 𝐴𝐴(∙) at a certain point in time and space 𝑥𝑥 ∈ 𝐷𝐷. An error model of that 
variable was assumed: 𝐴𝐴(𝑥𝑥) = 𝑏𝑏(𝑥𝑥) + 𝑉𝑉(𝑥𝑥), where 𝑏𝑏(𝑥𝑥) is a deterministic function of x, 
and 𝐴𝐴(𝑥𝑥) and 𝑉𝑉(𝑥𝑥) are random variables (Heuvelink, 1998, p. 10). We assumed that  
𝑉𝑉(𝑥𝑥) were the random errors that follow a normal distribution 𝑁𝑁(𝜇𝜇,𝜎𝜎2), where 𝜇𝜇 is the 
mean (equal to zero) and 𝜎𝜎2 is the variance. Instead of assuming an error model for 𝜎𝜎(𝑥𝑥), 
we utilized the hourly ensemble spread 𝜎𝜎(𝑥𝑥) at each ERA5 grid, which presents the 
temporal and spatial variability of errors, the covariance of meteorological variables, and 
autocorrelation. 

c. Monte Carlo method 

The Monte Carlo (MC) method was applied to propagate random errors from the five 
meteorological variables to ETo. Since each daily output ETo map is computed from the 
five input maps 𝐴𝐴i(∙) (𝑖𝑖 = 1, … , 5), the output ETo maps are also random functions: 
𝑈𝑈(∙) = 𝑔𝑔(𝐴𝐴1(∙), … ,𝐴𝐴5(∙)), where 𝑔𝑔(∙) is the FAO56 ETo calculation. The MC method 
randomly samples N sets of realizations 𝑎𝑎I,j(𝑥𝑥)(𝑗𝑗 = 1, … ,𝑁𝑁) from the distribution of 
𝐴𝐴i(𝑥𝑥) described by the daily ERA5 ensemble mean and standard deviation maps. For 
each set of realizations, an ETo map 𝑢𝑢j(𝑥𝑥) = 𝑔𝑔(𝑎𝑎1,j(𝑥𝑥), … ,𝑎𝑎5,j(𝑥𝑥)) was calculated. The 
error of ETo was estimated by calculating the statistics of N outputs 𝑢𝑢j(𝑥𝑥), including 
standard deviation normalized with mean values (𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛), and percentiles.  

Although the MC method can generate the entire distribution of 𝑢𝑢j(𝑥𝑥), the level of 
accuracy may be arbitrary depending on the method of the random generator and number 
of simulations. Since the efficiency of MC method is proportional to √𝑁𝑁 (Heuvelink, 
1998, p. 106), we experimented with N between 100 to 10,000 (10 times less efficient) to 
assess the impact of N on the results. Due to the computational burden of random 
sampling, we employed the Latin-Hypercube sampling (LHS) (Lee et al., 2014; Stein, 
1987) to improve computational efficiency. 

d. Taylor method 

For implementing the Taylor method, we utilized the Python package uncertainties 
(Lebigot, 2017) to facilitate the calculation of derivatives. For that, we defined the daily 
ensemble mean and ensemble spread of ERA5 reanalysis products as the nominal mean 
and standard deviation of uncertain arrays (uncertainties.unumpy.uarray) for each 
meteorological variable. The uarray objects of each meteorological variable were used 
directly as inputs in each equation in the FAO56 ETo calculation procedure to estimate 
the uncertain arrays of daily ETo over the study area. The advantage of this stepwise 
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calculation is that we can analyse also the propagated errors of intermediate variables, 
such as ∆, 𝛾𝛾, and 𝑅𝑅n. 

4.3 RESULTS AND DISCUSSION 

4.3.1 On the uncertainty of meteorological forcings from climate 
reanalysis 

a. Spatial and temporal pair-wise comparison 

The scatterplots of meteorological variables show that all products are well correlated 
grid by grid (Figure 4-3). The correlation between paired datasets for air pressure, air 
temperature and vapour pressure are very high (0.97 to >0.99). Meanwhile, windspeed 
(0.85 to 0.94) and solar radiation (0.82 to 0.98) show slightly lower correlation, especially 
between GEOS5 and other two products. The data points in the scatterplot exhibit the 
largest spread for solar radiation, followed by windspeed, vapour pressure, air 
temperature, and air pressure. The highest correlation of the three pairs is between 
AgERA5 and ERA5 (Figure 4-3 a, d, g, and j), which is expected since AgERA5 is 
derived from ERA5. However, the comparison between AgERA5 and ERA5 shows the 
largest mean bias of air temperature (-0.41 ⁰C) and windspeed (0.14 m⋅s-1) among three 
pairs (Figure 4-3 a & d). 

The difference between datasets varies with location (Figure 4-4). In case of air 
temperature, the largest difference between AgERA5 and ERA5 can be seen in areas with 
variable elevation (e.g., the Great Rift Valley and the Iranian highlands) (Figure 4-4a). 
This can be explained by the fact that an elevation correction using vertical lapse rate is 
applied to derive AgERA5 from ERA5 (Boogaard et al., 2023). GEOS5 air temperature 
is lower near the equator, while it is higher at mid-latitude when compared to both ERA5 
and AgERA5 (Figure 4-4 b & c). 
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Figure 4-3. Comparison of mean annual air temperature, windspeed, vapour pressure, 
solar radiation, and air pressure at the surface from ERA5, AgERA5, and GEOS5 for 
the period 2018-2022. The scatterplots show the correlation between each pair of two 

datasets (column) for each meteorological variable (row). The performance metrics (𝑅𝑅2, 
RMSE, BIAS, PBIAS) and linear regression coefficients were calculated grid-wise by 
reshaping mean annual 2-dimensional arrays into 1-dimensional series, showing the 

spatial correlation between two products. 
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The difference between AgERA5 and ERA5 windspeed is close to zero in the majority 
of the grid cells, and slightly negative near the coastline and mountainous areas (Figure 
4-4 d). This is likely due to the topographical correction algorithm of AgERA5. Compared 
to GEOS5, both AgERA5 and ERA5 show greater windspeed below the Sahel, in Iran, 
and in the Southern Africa and lower windspeed in the Sahara and Congo rainforest, with 
differences up to 3 m⋅s-1 (Figure 4-4 e & f). Moreover, the difference between the 
products over the Congo rainforest increases below the equator. Given that GEOS5 is 
prone to a larger error (Rienecker et al., 2008, p. 25) and ERA5 exhibits lower uncertainty 
in the Southern hemisphere (Figure S1, Appendix D), the larger difference between the 
two products is likely due to the errors in GEOS5. 

In case of vapour pressure, the difference between products is greater in the middle range 
(between 20 and 25 mbar) (Figure 4-3 g-i). The difference between AgERA5 and ERA5 
is slightly positive over the majority of the area (lower than 2 mbar) and greater in 
Western Africa and the coastline of the Red Sea (Figure 4-4g). The difference in vapour 
pressure between GEOS5 and ERA5 is highest among the three pairs. GEOS5 vapour 
pressure is found to be higher than ERA5 and AgERA5 in the Sahel and Congo rainforest, 
but lower in the Ethiopian highlands (Figure 4-4 h & i). 

GEOS5 estimates higher solar radiation values than ERA5 and AgERA5 in the humid 
tropical parts of Western and Central Africa (10⁰S – 20⁰N, 0⁰ – 30⁰E), and lower over the 
rest of the continent (Figure 4-4 k & l). Although AgERA5 is derived from ERA5, it 
shows slightly lower solar radiation values than ERA5 in most areas, except for the 
mountainous areas around Lake Victoria and Ethiopia (Figure 4-4 j). This is likely due 
to the topographic correction used for AgERA5. 

When comparing air pressure at the surface, ERA5 and GEOS5 exhibit greater similarity 
than for other variables (Figure 4-3 m). Differences between the two products are 
primarily observed in regions with high elevation and coastlines (Figure 4-4 m). However, 
these differences appear to be random and only present in a small number of grid cells, 
which does not affect the overall correlation. The difference between the two datasets for 
air pressure at the surface is much smaller than the difference in air pressure at sea level 
(Figure S2, Appendix D), which underlines the effect of topographical correction of air 
pressure for both datasets. 
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Figure 4-4. Mean annual difference of air temperature, windspeed, vapour pressure, 
solar radiation, and air pressure at the surface from ERA5, AgERA5, and GEOS5 for 

the period 2018-2022. 
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Figure 4-5. Hovmöller diagrams showing the monthly and latitudinal variation of mean 
difference in air temperature, windspeed, vapour pressure, solar radiation, and air 

pressure at the surface between GEOS5, AgERA5, and ERA5 for the period 2018-2022. 

The differences between the datasets vary seasonally, especially for air temperature, 
vapour pressure, and solar radiation (Figure 4-5). The highest discrepancy in air 
temperature between the GEOS5 and ERA5 or AgERA5 products occurs between May 
and July (up to 2 ⁰C). Moreover, during these months, the differences of air temperature 
near the equator are larger than the other months. In case of vapour pressure, the largest 
difference between GEOS5 and the other two products occurs between May and July 
below the equator and between July and September above the equator. The vapour 
pressure difference shows a seasonal pattern aligning with air temperature differences, 
but it has an inverse relationship – positive air temperature differences correspond to 
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negative vapour pressure differences, and vice versa. The difference in solar radiation 
between GEOS5 and the other two products also varies seasonally. From June to October, 
GEOS5 provides higher solar radiation values, whereas for the rest of the year, GEOS5 
values of solar radiation are lower below the equator. In case of windspeed, the latitudinal 
pattern of differences between the products is mostly consistent throughout the year. The 
difference in air pressure at the surface is also very low (<5 mbar) and not seasonally 
variable. 

 

Figure 4-6. Hovmöller diagrams showing the temporal and latitudinal variation of mean 
difference in air temperature, windspeed, vapour pressure, solar radiation, and air 

pressure at the surface between GEOS5, AgERA5, and ERA5 for the period 2018-2022. 

The time-series of air temperature, windspeed and vapour pressure difference between 
GEOS5 and the other two datasets show a shift in pattern from March 2020 (Figure 4-6). 
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This shift also coincides with an increase in the spatial difference between the data 
products, where GEOS5 air temperature becomes even lower near the equator and higher 
at mid-latitude compared to ERA5 and AgERA5. After the shift, the difference in 
windspeed between the data products becomes more positive in the tropics (between 20⁰N 
and 20⁰S), where the values of GEOS5 become smaller than ERA5 and AgERA5. In case 
of vapour pressure, this shift causes GEOS5 values to become lower than ERA5 and 
AgERA5 between the 10⁰S and 10⁰N. For other latitudes, the shift has less impact on 
vapour pressure differences. 

According to the notices from Global Modelling and Assimilation Office (GMAO), the 
developer of GEOS5, the GEOS-FP model was updated on April 7, 2020. This upgrade 
introduced two changes that addressed (1) a bias in the heating tendency within the 
stratosphere and (2) errors in the diagnostics of convective mass flux (GMAO, 2020). 
Although it was not clearly mentioned how this upgrade affected each variable in the final 
data product, the shift observed in Figure 4-6 suggests that these changes might have 
caused the temporal inconsistency of the reanalysis datasets. The Hovmöller plots for 
solar radiation and air pressure at the surface do not show any discernible shift between 
GEOS5 and the other two products. Since GEOS5 derives solar radiation data from the 
tavg1_2d_rad_Nx product and other variables originate from tavg1_2d_slv_Nx, the 
discrepancy suggests a systematic change within the GEOS5 model that specifically 
affects the tavg1_2d_slv_Nx product. 

b. Comparison with in-situ data and performance metrics 

In terms of nominal accuracy, the comparison with TAHMO stations shows that all 
datasets exhibit comparable performance (Figure 4-7). ERA5 and AgERA5 show slightly 
better performance metrics than GEOS5. AgERA5 performs slightly better than ERA5 
for all variables, except for vapour pressure. Among the five variables, reanalysis datasets 
perform best for air pressure at surface and air temperature, showing bias close to zero 
and high correlation. Meanwhile, the nominal accuracy for windspeed, vapour pressure, 
and solar radiation is much lower. In general, all three datasets overestimate windspeed 
and solar radiation, and underestimate vapour pressure. In case of windspeed and solar 
radiation, the reanalysis datasets show very low correlation (𝑅𝑅2  < 0.5) at almost all 
stations. Some outlier stations have windspeed PBIAS up to –200 %, while solar radiation 
PBIAS is up to +100 %. For vapour pressure, the correlation between reanalysis and in-
situ data is similar to air temperature (𝑅𝑅2 > 0.6), although PBIAS is generally from –5 % 
to –10 %. The overestimation of windspeed and solar radiation, and the underestimation 
of vapour pressure derived from dew-point temperature is also observed in validation 
studies of other reanalysis data in Iran (Radmanesh et al., 2023), Spain and Portugal 
(Martins et al., 2017) and China (Xu et al., 2024). 
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Figure 4-7. Performance metrics of meteorological variables from reanalysis datasets 
(indicated by different colours) compared to measurements at 174 TAHMO sites. The 
box-and-whiskers plots represent the 25th (Q1), 50th (median), 75th (Q3) percentiles of 

the probability distribution. The orange circles inside the box-and-whisker plots 
represent the mean value. The white circles represent outliers, which exceed the range 

[Q1 – 1.5 × IQR, Q3 + 1.5 × IQR], where IQR = Q3 – Q1 is the interquartile range. 

Figure 4-8 shows the spatial variability of the average 𝑅𝑅2 at the TAHMO sites, averaged 
over the three reanalysis datasets. The maps for RMSE, BIAS, and PBIAS are shown in 
Figure S4-6 (Appendix D). Overall, the area with the best performance is Southern 
Africa, with less stations covering a smaller surface area. The other two areas have a 
lower performance, due to their complex topography (Eastern Africa) and proximity to 
the coast (Western Africa). These observations are aligned with findings from validation 
of reanalysis datasets in other regions (Pelosi et al., 2020; Pelosi and Chirico, 2021). In 
case of air temperature and vapour pressure, the average 𝑅𝑅2 of the reanalysis datasets 
shows a decreasing pattern towards the coastline, which is not observed for solar radiation, 
air pressure, and windspeed. 
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Figure 4-8. Spatial variability of the average 𝑅𝑅2 computed at the TAHMO sites, 
averaged over the three reanalysis datasets, AgERA5, ERA5, and GEOS5. Base map: 

Natural Earth Shaded Relief and Rivers. 
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c. Comparing the uncertainty of reanalysis from multiple assessments 

The uncertainties associated with the meteorological variables from the reanalysis 
datasets were assessed by different approaches. The uncertainty estimates from the ERA5 
ensemble represent the random errors within ECMWF’s NWP model and its data 
assimilation system. Meanwhile, the discrepancy between different reanalysis datasets 
indicates the relative errors between the different NWP models. The performance metrics 
calculated using in-situ measurements as reference indicate the nominal accuracy of the 
reanalysis data. Here, we compare and discuss the findings from the three approaches to 
identify commonalities. 

The uncertainty estimates for the ERA5 reanalysis show that all variables have the largest 
ensemble spread between May and September, especially around 20⁰N (Figure S1, 
Appendix D). The seasonal variability of the discrepancy between reanalysis datasets is 
also higher between May and September, but only for air temperature and between the 
equator and 20⁰S (Figure 4-5). While ERA5 has a larger ensemble spread in the Northern 
hemisphere than in the Southern hemisphere in general, the differences between the 
reanalysis products do not show the same pattern. This spatial variability between 
products is more aligned with the reported errors from the GEOS5 NWP initial estimates 
and assimilated observations for wind and humidity, which is larger in the Southern 
hemisphere than in the Northern hemisphere (Rienecker et al., 2008, p. 25). Unfortunately, 
the GEOS5 data products do not include uncertainty estimates or quality indicators for 
quantitative analysis. 

The spatial variability of the ERA5 ensemble spread is different for each variable (Figure 
S1, Appendix D). Air temperature has the largest yearly average uncertainty estimates in 
the tropics. Dew point temperature and wind component speed are most uncertain in the 
Sahara and semi-arid Southern Africa and air pressure in Central Africa (Figure S1, 
Appendix D). The discrepancy between the datasets also tends to be higher in the tropics 
for air temperature (Figure 4-4). However, for vapour pressure and windspeed, the 
discrepancy is higher in the Congo rainforest and below the Sahel. 

The spatial difference between ERA5 and AgERA5 is mainly observed in mountainous 
and coastal areas. This is likely because AgERA5 is derived by calibrating ERA5 data 
with ECMWF’s operational high-resolution atmospheric model (HRES). According to 
Boogaard et al. (2023), the greatest enhancements of AgERA5 compared to HRES are 
observed at grid points situated in mountainous regions or along coasts and lakes, 
improved particularly for the variables of temperature, humidity, and windspeed. 
However, AgERA5 data is still limited by the accuracy of the HRES operational model, 
since it is assumed that HRES represents actual conditions the best. The performance 
metrics at coastal stations (Figure S7, Appendix D) show AgERA5 performs better for 
windspeed, but worse for air temperature, and the same for solar radiation and vapour 
pressure in comparison with all stations (Figure 4-7). In case of stations at elevations 
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higher than 1000 m (Figure S8, Appendix D), the performance metrics of AgERA5 are 
only marginally better than ERA5 for all stations. 

4.3.2 Impact of meteorological input uncertainties from 
reanalysis data 

a. Propagation of reanalysis error in reference evapotranspiration calculation 

The ETo uncertainty estimated using the Taylor method shows the exact same spatial and 
temporal pattern compared to the MC method (Figure 4-9). However, it overestimates 
the normalized standard deviation up to about 20 % in the Sahara, especially in the 
summer months (Figure 4-9). In areas with a high uncertainty of ETo, such as the Western 
coastline, the Taylor method shows better agreement with the MC method (𝜎𝜎norm,MC

𝜎𝜎norm,T
≈ 1). 

The MC simulation result with N = 500 realizations were found to be optimal, as they 
provided similar outcomes to simulations with larger sample size, while significantly 
reducing computational time, which is slightly more than using the Taylor method 
(Figure S9, Appendix D). 

Figure 4-9. Yearly average and monthly-latitudinal variation of normalized standard 
deviation 𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 of daily reference evapotranspiration estimated by Monte Carlo method 

(first row), Taylor method (second row), and their ratio (third row). 
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The advantage of the MC method is that a probability density function (PDF) and 
confidence interval can be estimated from the sampled realizations. Daily ETo was 
calculated for 500 MC simulations of ERA5 meteorological inputs by Latin-Hypercube 
sampling (LHS). From the ensemble of ETo, the standard deviation (𝜎𝜎 ) and 90 % 
confidence interval of the ETo values were estimated for each grid cell. Figure 4-10 
shows the spatial and temporal variation of the estimated ETo uncertainty. The Sahara 
shows the highest standard deviation [mm⋅d -1] but a relatively lower normalized standard 
deviation (𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛) compared to other regions. This is likely due to higher ETo values in 
the Sahara (Figure 4-10 Area [1]). The tropics shows a high 𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛, especially at the 
Western coastline (Figure 4-10 Area [3]) and the Congo rainforest (Figure 4-10 Area 
[4]). The time-series of 90 % confidence intervals shows that this high uncertainty is 
consistent throughout the years for these regions (Figure 4-10). Meanwhile, for other 
regions, the estimated uncertainty varies with season (Figure 4-10 Area [1] and Area [2]). 

 

Figure 4-10. Standard deviation of daily reference evapotranspiration (ETo) resulted 
from 500 Monte Carlo simulations, averaged for 5 years (top left) and normalized with 
daily mean ETo (bottom left), and the dekadal ETo in four specific areas indicated in the 

maps, with 90 % confidence interval (right column).  

Since the month of June is where the MC method and the Taylor method show the largest 
difference in estimated 𝜎𝜎norm (Figure 4-9), we compared the PDF of the MC samples to 
a normal distribution 𝒩𝒩(𝜇𝜇,𝜎𝜎2) characterized by the 𝜇𝜇 and 𝜎𝜎 obtained from the Taylor 
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method on one day of June (Figure 4-11). In general, the PDF obtained from the MC 
method fits quite well with the normal distribution obtained from the Taylor method, even 
when the ETo model involves a non-linear combination of input variables. At locations 
where the normal distribution is rejected by the Kolmogorov-Smirnov test, the Q-Q plot 
and histogram show that the largest discrepancy is observed in the tail quantiles, where 
ETo is extremely low (Figure 4-11 location [1] and [3]). This suggests that while the 
Taylor method provides a reasonable estimate of the PDF for the central part of ETo 
values range, it overestimates the occurrence of extremely low ETo values. Therefore, in 
cases where accurate estimation of tail quantiles is critical, the MC method is preferred 
over the Taylor method. Since the MC results are not in analytical form, it is not feasible 
to analyse the effect of changing the input error on the output without running the entire 
simulation again (Heuvelink, 1998, pp. 44–45). For this reason, where the Taylor method 
matches well with the MC result in the central quantiles, it can be applied to update 
uncertainty estimates when more information about input errors becomes available. 

 

Figure 4-11. Kolmogorov-Smirnov normality test comparing Monte Carlo sample of 
calculated ETo (N = 500) to the normal distribution 𝒩𝒩(𝜇𝜇,𝜎𝜎2) with 𝜇𝜇 and 𝜎𝜎 obtained 

from the Taylor method (significance level of α = 0.05). The Q-Q plot and histogram at 
location [1] and [3] (normal distribution is rejected) and location [2] (not rejected) are 

on the right panel. 

b. Impact of uncertainties in meteorological data from reanalysis 

The uncertainties associated with meteorological variables from reanalysis datasets can 
affect the accuracy and precision of ETo estimation. The propagation of ERA5 errors in 
ETo estimates shows that random errors are particularly high in the tropics and the Sahel 
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(Figure 4-9). The estimated uncertainty in ETo also varies seasonally, following similar 
patterns to the errors in input variables (Figure S1, Appendix D). This indicates that non-
stationary uncertainty in the reanalysis data also leads to non-stationary uncertainty in 
ETo calculations. 

Since ETo estimates are used to calculate crop water requirement, high uncertainty in ETo 
can affect irrigation recommendations. Given that ETa in arid and semi-arid climates is 
predicted to be primarily controlled by water supply (rainfall or irrigation) (K. Zhang et 
al., 2016), effective irrigation management is essential to limit agricultural water 
consumption. Therefore, precise and accurate ETo estimates are crucial in these regions. 
The estimated uncertainty of ETo propagated from input reanalysis data is generally less 
than 15 % of ETo, based on 𝜎𝜎norm (Figure 4-9). In terms of mm⋅year-1, this uncertainty 
is highest in the Sahel (Figure 4-10). Therefore, application of ETo for irrigation in this 
region could be improved considerably with more accurate input meteorological data.    

Furthermore, the differences between reanalysis datasets indicate that the choice of input 
dataset may influence the estimated ETo, particularly for solar radiation, vapour pressure, 
and wind speed (Figure 4-3). Since the nominal accuracy of ERA5 and AgERA5 at 
TAHMO sites is generally better than that of GEOS5 (Figure 4-7), these datasets are 
more recommended for field-scale estimation. If GEOS5 is needed for high-latency 
applications, the error propagation methods employed in this study can be applied to 
GEOS5, assuming its uncertainty quantification is feasible. This will provide more robust 
results with a clearer understanding of the confidence or reliability of the estimates. 

4.3.3 Limitations of ex-ante uncertainty assessment methods 
The multiple uncertainty assessment methods used in this study have certain limitations. 
Firstly, the inter-comparison approach requires all datasets to have equivalent spatial 
resolution (grid size), temporal resolution, and physical quantity. We resampled higher-
resolution dataset to coarser resolution to avoid bias caused by the loss of detail in coarser-
resolution dataset. However, it is difficult to separate the impact of spatial resampling 
from the differences between datasets. For example, AgERA5 data is derived from ERA5 
by applying both spatial downscaling and bias correction for topographical condition and 
coastal areas (Boogaard et al., 2024). As a result, the differences between AgERA5 and 
ERA5 represent both these corrections and the errors introduced by downscaling and 
subsequently upscaling processes. 

Secondly, comparing reanalysis data with in-situ measurements only provides nominal 
accuracy at a few clusters of TAHMO sites, mainly in tropical savannah climate. These 
clusters do not cover the tropics and the Sahara, which are the areas with the largest 
uncertainties indicated by spatio-temporal comparison and ERA5 ensemble spread. 
Furthermore, the accuracy of in-situ measurements is also a factor influencing the 
resulting performance metrics. For example, in-situ windspeed measurement at 2 m can 
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be affected by local terrain effects at some sites (Pelosi and Chirico, 2021). For equivalent 
comparison, the reanalysis windspeed at 10 m was used to derive windspeed at 2 m using 
a logarithmic windspeed profile, however, this cannot account for local terrain effects.  

Thirdly, the error propagation method requires an assumption for the error models of 
input variables. In this study, we assumed that the errors in meteorological variables from 
reanalysis data follow a normal distribution. For ERA5, we characterized the error 
distribution using the mean and standard deviation provided by its ensemble uncertainty 
quantification. However, in the case of AgERA5 and GEOS5, where such uncertainty 
quantification is not available, making assumptions about the mean and standard 
deviation of errors would be inherently incomplete, as they vary for every grid cell and 
every time step. Additionally, none of these approaches account for systematic error and 
uncertainty due to different NWP models. 

The challenge of uncertainty propagation is that one needs to define the prior uncertainty 
of inputs, the parameter space, and the models. Obtaining that information at every pixel 
is challenging. We tested uncertainty propagation for one day (with the largest uncertainty) 
to investigate the magnitude and spatial distribution of uncertainty. In fact, the most 
challenging part is estimating prior uncertainty realistically. Even when all prior 
uncertainties are known, significant computational power is needed to estimate 
uncertainty at every pixel. This is also a challenge: the more Monte Carlo simulations, 
the more time and computational power required. Therefore, if we want to use uncertainty 
propagation to quantify uncertainty at every pixel and every date in the spatio-temporal 
datasets, the computational demand will be immense. However, if we accept that some 
uncertainty is irreducible, we can move away from increasingly complex and detailed 
models and instead use uncertainty propagation as a tool to assess the validity of claims 
based on data. 

Lastly, it is important to note that the methodological uncertainties associated with the 
FAO56 ETo equation were not evaluated in this study. Given that the FAO56 definition 
of ETo is based on idealized conditions, ambiguity regarding the consideration of local 
advection effects may introduce biases in FAO56 ETo estimates when applied to arid and 
semiarid regions with non-ideal or smaller fields (de Bruin et al., 2016; Pereira et al., 
2021). Therefore, updates on the FAO56 ETo equation still need to be considered for its 
use in estimating water demand. 

4.4 CONCLUSIONS 

This chapter evaluates the uncertainty of meteorological data inputs for FAO56 ETo 
calculation from GEOS5, ERA5, and AgERA5 reanalysis data products through 
spatiotemporal inter-comparison (between-product uncertainty), comparison with in-situ 
measurements (nominal accuracy), and ensemble spread (within-product uncertainty). 
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The spatio-temporal inter-comparison of all data products shows that the differences 
between products are non-stationary. The major differences between climatic input 
datasets are in Central and Southern Africa, and Southwest Asia. This uncertainty 
between reanalysis datasets is due to the model uncertainty of the employed numerical 
weather prediction model and estimated errors of observations in data assimilation 
systems. All reanalysis datasets predict air temperature and air pressure well, but 
overestimate windspeed and solar radiation and underestimate vapour pressure at the 
reference sites in TAHMO network. Comparison with in-situ data shows that all 
reanalysis datasets have comparable performance, but ERA5 and AgERA5 perform 
slightly better. Although having better latency, GEOS5 has lower nominal accuracy and 
some temporal inconsistency due to changes in the data assimilation system. Therefore, 
near-real time applications that depend on the GEOS5 dataset are subject to more errors 
and not recommended to be used for trend analysis. 

The study also analyses the error propagation in the FAO56 ETo calculation using 
reanalysis as meteorological forcing. This is part of the ex-ante uncertainty assessment in 
the development of WaPOR version 3. The error propagation results show that the 
uncertainty in ETo estimates propagated from the estimated uncertainty in the ERA5 
reanalysis dataset is consistently higher in the tropics. The Taylor method showed a 
consistent spatial and temporal pattern of uncertainty and adequate accuracy compared to 
the Monte Carlo method. Since every uncertainty assessment method has its limitations, 
applying multiple approaches and comparing their results could help identify the 
limitation in reanalysis data and better inform the application of reanalysis data, especially 
in data-scarce regions like Africa and Southwest Asia. 
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5.1 INTRODUCTION 

Ex-post uncertainty assessments are instrumental in understanding the reliability of 
satellite-based data products. These assessments often involve comparison with a 
reference or other equivalent data products (Chapter 2) to quantify uncertainty in terms 
of performance metrics (Chapter 3). The most widely used ex-post uncertainty assessment 
method for satellite-based ETa estimation is validation against an in-situ reference dataset, 
such as Eddy Covariance (EC) flux measurements (Figure 2-5). This method relies on 
the existing international network of ETa measurement sites. The major challenges for 
these in-situ measurements are insufficient spatial coverage and energy balance closure 
(Yi et al., 2024). Due to the limited spatial coverage of in-situ measurements, the 
validation of satellite-based ETa estimation in many regions often relies on residuals from 
the basin water balance as a reference (Figure 2-10). While this method is useful for 
evaluating ETa at the basin scale, it is affected by uncertainties in other components of 
the water balance and does not reveal the spatial and temporal pattern of uncertainty 
within the basin. 

These challenges are also observed in the quality assessments of the WaPOR-ET data 
products. Previous validation of the WaPOR-ET v2 data products was conducted at 
multiple scales, from pixel to river basin, across the African continent. Due to the sparse 
distribution of EC sites and other ground-based measurements in Africa, the evaluation 
of WaPOR v2 relied on in-situ validation against 14 EC sites and basin water balance 
(Blatchford et al., 2020b). As in-situ validation alone is insufficient for a comprehensive 
assessment of the WaPOR-ET product across continental Africa, Blatchford et al. (2020b) 
further evaluated the consistency between WaPOR data levels and their plausibility based 
on vegetation and climatic conditions. This provides qualitative information about the 
data quality and physical plausibility, but not uncertainty estimates. 

The evaluation of the WaPOR-ET v2 data product provided important recommendations 
for the improvement in the WaPOR-ET v3 data product, which was released in 2023 with 
global coverage (Table II-1). This version incorporates several improvements, including 
the downscaling of thermal data and the use of higher-resolution meteorological and other 
input data. To continue the uncertainty assessment of the WaPOR-ET data product, in-
situ validation needs to be extended to other regions and updated with more reference 
datasets now available within the spatial coverage of the WaPOR-ET v3 data product. 
Since the WaPOR-ET v3 L1 product, hereinafter WaPORv3L1, covers a global extent, it 
presents more opportunities for validation with EC data from international and regional 
EC networks (e.g., FLUXNET, ICOS, OzFlux, AmeriFlux). 

Other approaches for ex-post uncertainty assessment have been developed and applied in 
many studies, such as intercomparison, Triple Collocation (TC), Three-Cornered Hat 
(TCH), physical consistency, and ensemble of estimates (Section 2.3). Among these 
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methods, the TC and TCH methods are potentially useful for ex-post uncertainty 
assessment because of its ability to estimate uncertainty (error variances) in three or more 
datasets, without assuming one “true” reference. This is especially valuable for ETa 
estimation because, while numerous methods exist including satellite-based models , 
high-quality reference data are available only in limited regions. Moreover, several 
studies have used TCH and TC methods to quantify uncertainty spatially (Khan et al., 
2018; Miralles et al., 2011a). By spatially and temporally collocating three datasets, these 
methods can quantify uncertainty at every pixel in the dataset. However, only a few 
studies have utilized the TC (Barraza Bernadas et al., 2018a; Khan et al., 2018; Kibria et 
al., 2021; Miralles et al., 2011a) and TCH (He et al., 2020; Long et al., 2014; Xu et al., 
2019; Zhu et al., 2022) methods to evaluate uncertainty in satellite-based ETa estimates 
(Chapter 2). Given the advantages but underutilization of the TCH and TC methods, its 
reliability for uncertainty assessment needs to be evaluated and compared with the 
conventional in-situ validation approach. 

This chapter aims to explore the applicability of the TC and TCH methods for ex-post 
uncertainty assessment, using the WaPORv3L1 data product as an example. We 
compared its performance metrics with the results from in-situ validation. Given that the 
choice of the ETa data can influence the outcomes of the TC and TCH methods (Shao et 
al., 2022; Wu et al., 2019a), we also evaluated the impact of data selection on their outputs 
using multiple satellite-based ETa data products. This chapter will address the following 
research questions: 

• What is the compound uncertainty of the WaPOR-ET data product based on 
in-situ validation? 

• How well can the relative uncertainty of the WaPOR-ET data product predict 
the compound uncertainty from in-situ validation? 

The remainder of this chapter is structured as follows: First, a brief review of the TC and 
TCH methods is provided, leading to the selection of a methodological procedure. Second, 
the materials and methods used for compound uncertainty and relative uncertainty are 
described. The results of this analysis are presented in Section 5.4, followed by a 
discussion of the implications and recommendations in Section 5.5. Finally, the chapter 
concludes with a summary of the key findings. 

5.2 TRIPLE COLLOCATION AND THREE-CORNERED HAT APPROACH 

The TC and TCH methods were independently developed (Sjoberg et al., 2021). Both 
methods estimate error variances of three collocated datasets, assuming they estimate the 
same physical quantity at approximately same time and location (Premoli and Tavella, 
1993; Stoffelen, 1998). The key difference between the two methods is that the TCH 
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method assumes that the three datasets have been calibrated with only additive bias and 
random error (Sjoberg et al., 2021): 

 𝑋𝑋𝑖𝑖 = 𝑎𝑎𝑖𝑖 + 𝛩𝛩 +  𝜖𝜖𝑖𝑖 (5.1) 

where 𝑋𝑋𝑖𝑖 (for 𝑖𝑖 ∈ {1,2,3}) represents the 𝑖𝑖-th dataset; 𝛩𝛩 is the unknown true value; 𝑎𝑎𝑖𝑖 is 
the additive bias; and 𝜖𝜖𝑖𝑖 is the random error from the 𝑖𝑖-th dataset. 

Meanwhile, the TC method assumes uncalibrated datasets with calibration coefficient or 
multiplicative bias (𝑏𝑏𝑖𝑖) (Stoffelen, 1998):  

 𝑋𝑋𝑖𝑖 = 𝑎𝑎𝑖𝑖 + 𝑏𝑏𝑖𝑖𝛩𝛩 +  𝜖𝜖𝑖𝑖 (5.2) 

where 𝑏𝑏𝑖𝑖 is the multiplicative bias or calibration coefficient, which is different from one 
for uncalibrated dataset. 

Both TC and TCH assume that linear calibration of the datasets is sufficient. For this 
linear system to be solvable, both methods rely on two assumptions regarding the random 
errors 𝜖𝜖𝑖𝑖. First, it is assumed that the random errors have a zero mean (𝜖𝜖𝚤𝚤� = 0), which 
means that the estimated error component is purely random and not a systematic error. 
Second, the random errors of all datasets are uncorrelated to each other (zero error cross-
correlation), which implies the error covariance between two different datasets is zero 
(𝐶𝐶𝐶𝐶𝐶𝐶�𝜖𝜖𝑖𝑖, 𝜖𝜖𝑗𝑗� =  0  for 𝑖𝑖 ≠ 𝑗𝑗). Based on the variances of pairwise differences between 
datasets, the TCH method derives the variance of random errors in each dataset as 
(Premoli and Tavella, 1993; Sjoberg et al., 2021): 

 𝜎𝜎𝜖𝜖𝑖𝑖
2 =

1
2
�𝜎𝜎𝑥𝑥𝑖𝑖−𝑥𝑥𝑗𝑗

2 + 𝜎𝜎𝑥𝑥𝑖𝑖−𝑥𝑥𝑘𝑘
2 − 𝜎𝜎𝑥𝑥𝑗𝑗−𝑥𝑥𝑘𝑘

2 � (5.3) 

where 𝜎𝜎𝜖𝜖𝑖𝑖
2 is the random error variance of the 𝑖𝑖-th dataset; 𝜎𝜎𝑥𝑥𝑖𝑖−𝑥𝑥𝑗𝑗

2  is the variance of the 
difference between the 𝑖𝑖-th and 𝑗𝑗-th datasets; 𝜎𝜎𝑥𝑥𝑖𝑖−𝑥𝑥𝑘𝑘

2  is the variance of the difference 
between the 𝑖𝑖-th and 𝑘𝑘-th datasets; 𝜎𝜎𝑥𝑥𝑗𝑗−𝑥𝑥𝑘𝑘

2  is the variance of the difference between the 𝑗𝑗-
th and 𝑘𝑘-th datasets. 

In addition, the TC method assumes the random errors to be uncorrelated with the true 
value (error orthogonality), which means the covariance of the errors with the true values 
is zero (𝐶𝐶𝐶𝐶𝐶𝐶(𝜖𝜖𝑖𝑖,𝛩𝛩) =  0). By substituting the linear error model (5.2) in covariance 
equations and applying the three assumptions, the TC method leads to the reduced 
equations (Gruber et al., 2016b; Stoffelen, 1998): 

 𝑄𝑄𝑖𝑖𝑖𝑖 = 𝐶𝐶𝐶𝐶𝐶𝐶�𝑋𝑋𝑖𝑖,𝑋𝑋𝑗𝑗� = �
𝑏𝑏𝑖𝑖2𝜎𝜎𝛩𝛩2 + 𝜎𝜎𝜖𝜖𝑖𝑖

2  ,   for 𝑖𝑖 = 𝑗𝑗
𝑏𝑏𝑖𝑖𝑏𝑏𝑗𝑗𝜎𝜎𝛩𝛩2, for 𝑖𝑖 ≠ 𝑗𝑗

 (5.4) 
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where 𝑖𝑖, 𝑗𝑗 ∈ {1,2,3}; 𝑄𝑄𝑖𝑖𝑖𝑖 is the covariance of the 𝑖𝑖-th and 𝑗𝑗-th datasets; 𝜎𝜎𝛩𝛩2 is the variance 
of the true values; and 𝜎𝜎𝜖𝜖𝑖𝑖

2  is the random error variance of the 𝑖𝑖-th dataset. 

From a linear system of six equations based on (5.5), we can solve for six unknowns (𝜎𝜎𝜖𝜖𝑖𝑖
2  

and 𝑏𝑏𝑖𝑖2𝜎𝜎𝛩𝛩2  for  𝑖𝑖 ∈ {1,2,3} ). Given the three variances ( 𝑄𝑄𝑖𝑖𝑖𝑖 for  𝑖𝑖 ∈ {1,2,3} ) and 
covariances (𝑄𝑄𝑖𝑖𝑖𝑖 for  𝑖𝑖, 𝑗𝑗 ∈ {1,2,3} and 𝑖𝑖 ≠ 𝑗𝑗) are known from sufficient collocated data 
points of the three datasets, the TC method estimates the random error variances (𝜎𝜎𝜖𝜖𝑖𝑖

2 ) and 
the signal variances (𝑏𝑏𝑖𝑖2𝜎𝜎𝛩𝛩2) as (Gruber et al., 2016b; Stoffelen, 1998): 

 𝑏𝑏𝑖𝑖2𝜎𝜎𝛩𝛩2 =
𝑄𝑄𝑖𝑖𝑖𝑖𝑄𝑄𝑖𝑖𝑖𝑖
𝑄𝑄𝑗𝑗𝑗𝑗

 

𝜎𝜎𝜖𝜖𝑖𝑖
2 = 𝑄𝑄𝑖𝑖𝑖𝑖 −

𝑄𝑄𝑖𝑖𝑖𝑖𝑄𝑄𝑖𝑖𝑖𝑖
𝑄𝑄𝑗𝑗𝑗𝑗

 

(5.5) 

where 𝑖𝑖, 𝑗𝑗, 𝑘𝑘 ∈ {1,2,3} and 𝑖𝑖 ≠ 𝑗𝑗 ≠  𝑘𝑘. 

The TCH method yields in the same estimates as the TC method when the three datasets 
are similarly (un)calibrated to each other (similar 𝑏𝑏𝑖𝑖), except it does not assume error 
orthogonality (Sjoberg et al., 2021). The impact of violating the error orthogonality 
assumption is generally negligible for error variance estimation (𝜖𝜖𝑖𝑖), but considerable for 
the calibration coefficient (𝑏𝑏𝑖𝑖) (Gruber et al., 2016b; Vogelzang et al., 2022). Meanwhile, 
violating the assumption of calibrated datasets has a large impact on the estimation of the 
error variances when three datasets are uncalibrated and present largely different 
multiplicative biases (Sjoberg et al., 2021). Hence, for geophysical variables like ETa, for 
which satellite-based models are usually not extensively calibrated, the TC method is 
preferred to the TCH method. 

The key challenge of both TC and TCH is that the assumption of zero error cross-
correlation is not easily upheld or verified in practice. For satellite-based ETa estimation, 
many datasets are derived from the same sensors or satellite platforms (e.g., MODIS, 
Landsat), utilize the same sources of meteorological input (e.g., reanalysis, gridded 
meteorological dataset), or employ the same modelling scheme (e.g., PM, SEB) or data 
processing (e.g., gap-filling). Studies that applied the TC method for satellite-based ETa 
data often used a combination with datasets from in-situ measurements, reanalysis, or 
land surface models (Barraza Bernadas et al., 2018b; Khan et al., 2018; Miralles et al., 
2010). These studies assumed that different sources of ETa estimation have zero error 
cross-correlation. This assumption is typically based on the premise that the datasets 
originate from different sources are independent. However, non-zero error cross-
correlation has been observed even in datasets where error independence is commonly 
assumed (Gruber et al., 2016a; Yilmaz and Crow, 2014). For example, He et al. (2025) 
tested the reliability of TCH-estimated relative uncertainty and found it is sensitive to the 
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choice of dataset, even in combinations of three ETa datasets from independent models 
and input data sources. 

Using datasets of largely different spatial support might cause representativeness errors 
in the estimation of error variances (Gruber et al., 2016b). Representativeness errors occur 
when the three datasets represent the same phenomena, but not the same quantity due to 
different spatial and temporal supports (Vogelzang and Stoffelen, 2022). For example, 
satellite-based data usually has spatial resolution higher or close to the spatial support of 
in-situ measurements, (e.g., 100 to 1000 m for EC flux towers), but lower than that of 
land surface models and reanalysis products (10 km to 100 km). For such a combination, 
the TC method will penalize both in-situ and coarse-resolution datasets, but the 
uncertainty estimation of the intermediate-resolution dataset will remain unbiased 
(Gruber et al., 2016b). This combination, however, still requires the availability of in-situ 
data, similar to the conventional in-situ validation approach. Wu et al. (2019) noted that 
the TC technique is less affected by representativeness errors than in-situ validation, 
which is hampered by the scale mismatch between satellite-based and ground-based 
estimates. In case a combination of satellite-based ETa data with two coarse-resolution 
land surface models or reanalysis datasets was used for TC, the higher-resolution satellite-
based data will be disproportionately penalized (Gruber et al., 2016b). 

There have been also several developments based on the classical TC method by Stoffelen 
(1998), primarily focusing on extending its applicability to a number of datasets other 
than three (Pan et al., 2015; Su et al., 2014; Vogel and Ménard, 2023; Vogelzang and 
Stoffelen, 2022, 2021), addressing non-zero error cross-correlations (González-Gambau 
et al., 2020; Gruber et al., 2016a), and deriving correlation coefficients (McColl et al., 
2014). Notably, the Extended Triple Collocation (ETC) method proposed by McColl et 
al. (2014) allows the estimation of the correlation coefficient with the unknown true signal 
only from the covariance of three datasets: 

 𝜌𝜌𝛩𝛩, 𝑋𝑋𝑖𝑖
2 =

𝑄𝑄𝑖𝑖𝑖𝑖𝑄𝑄𝑖𝑖𝑖𝑖
𝑄𝑄𝑖𝑖𝑖𝑖𝑄𝑄𝑗𝑗𝑗𝑗

 (5.6) 

where 𝜌𝜌𝛩𝛩, 𝑋𝑋𝑖𝑖
2  is the squared correlation coefficient (coefficient of determination) of the 𝑖𝑖-

th dataset (𝑋𝑋𝑖𝑖) with the unknown true signal (𝛩𝛩), for 𝑖𝑖, 𝑗𝑗, 𝑘𝑘 ∈ {1,2,3} and 𝑖𝑖 ≠ 𝑗𝑗 ≠  𝑘𝑘. 

This method provides more insights from the same combination of three datasets without 
altering the core assumptions or increasing the computational burden since 𝜌𝜌𝛩𝛩, 𝑋𝑋𝑖𝑖

2  is 
estimated from the same covariances as 𝜎𝜎𝜖𝜖𝑖𝑖

2 . Similar to TCH and TC, the estimation of 
random error variance and correlation coefficient from the ETC method also depends on 
the choice of three datasets and only represents the relative uncertainty of the selected 
dataset in reference to one another (Wu et al., 2019a). Therefore, caution should be taken 
when ranking datasets by uncertainty estimated using any TCH and TC methods. 
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5.3 MATERIALS AND METHODS 

The uncertainty metrics were estimated using the conventional in-situ validation with 
Eddy Covariance (EC) flux measurements, which is the most used method in literature 
(Chapter 2). The conventional in-situ validation metrics indicate the compound 
uncertainty of the WaPORv3L1 data product. The ETC procedure was selected to 
estimate its relative uncertainties, indicated by the random error variance and correlation 
coefficient in comparison with other datasets. To address the second research question, 
the results of the two approaches were compared and analysed to understand the 
applicability of the TC method as an alternative for in-situ validation. 

5.3.1 Eddy Covariance flux dataset 
Eddy Covariance flux data was used as reference for in-situ validation. The most 
comprehensive EC flux dataset is FLUXNET2015 with 212 sites (Pastorello et al., 2020), 
including gap-filled time-series, estimated uncertainties, and measurement metadata. 
However, this dataset covers only the period until 2014. Therefore, in order to evaluate 
the WaPORv3L1 data product (available from 2018), we acquired FLUXNET data 
products available from regional networks, including AmeriFlux, ICOS (Integrated 
Carbon Observation System), and OzFlux (Table 5-1). 

Table 5-1. Summary of FLUXNET data products collected from regional networks. 

Dataset Sources Number of sites 

AmeriFlux https://ameriflux.lbl.gov/ (last access: 09/10/2024) 131 

ICOS Warm Winter 2020 Team and ICOS Ecosystem Thematic 
Centre (2022), and Drought 2018 Team and ICOS 
Ecosystem Thematic Centre (2020) 

77 

OzFlux https://data.ozflux.org.au/  (Isaac et al., 2017) 
(last access: 04/11/2024) 

14 

The FLUXNET data products are EC flux measurements that have been post-processed 
using ONEFlux (Open Network-Enabled Flux processing pipeline), the standard data 
processing procedure used for the FLUXNET2015. The ONEFlux pipeline includes the 
quality control of half-hourly turbulent fluxes and the gap-filling of missing and quality-
flagged hourly data, energy balance closure correction, and aggregation to daily intervals 
(Pastorello et al., 2020). The post-processed data product using ONEFlux was used so 
that the data quality of all flux sites is controlled following a standardized flux data post-
processing procedure that is widely accepted within the flux measurement community. 

https://ameriflux.lbl.gov/
https://data.ozflux.org.au/
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For the study period from 2018 to 2022, FLUXNET data products from 222 EC flux sites 
were used (Figure 5-1). 

 

Figure 5-1. Distribution of EC flux sites used in this study across (a) the range of the 
annual precipitation and reference evapotranspiration (Data: AQUAMAPS-AgERA5), 
(b) geographical regions, (c) International Geosphere-Biosphere Programme (IGBP) 
land classification, and (d) Köppen-Geiger climate classification. Basemap: Köppen-

Geiger climate classification 1991-2020 (Beck et al., 2023). 

5.3.2 Satellite-based global data products  
To estimate the relative uncertainty at a spatial support similar to that of WaPORv3L1 
(300 m, dekadal), global satellite-based datasets with comparable spatial and temporal 
support were selected (Table 5-2). Time-series data were acquired from the selected 
products for the five-year study period (2018–2022), which is the overlap period of these 
products. 

  

(a) (b)
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Table 5-2. Description of satellite-based global data products. List of abbreviations: 
ERA5 (European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis 

5), AgERA5 (Agrometeorological indicators derived from ERA5), GMAO (Global 
Modelling and Assimilation Office), MERRA (Modern-Era Retrospective analysis for 

Research and Applications), VIIRS (Visible Infrared Imaging Radiometer Suite), 
MODIS (Moderate Resolution Imaging Spectroradiometer), GLDAS (Global Land Data 

Assimilation System), FEWS NET (The Famine Early Warning Systems Network). 

 
Dataset 
name 

Resolution Methodology 
 

Data source Spat. 
(m) 

Temp. 
(days) Model (type) Main data inputs 

W
aP

O
R

v3
L1

 300 10 WaPOR-
ETLook  
(PM) 

Meteorological: 
ERA5, AgERA5, 
GEOS5. 
Satellite: 
VIIRS (TIR and 
VNIR) 

Actual evapotranspiration 
and interception (Global - 
Dekadal - 300m) - 
WaPOR version 3 (FAO, 
2025b) 

M
O

D
16

A
2G

F 500 8 MODIS16 
(Mu et al., 
2013, 2011) 
(PM) 

Meteorological: 
GMAO, MERRA.  
Satellite: 
MODIS (TIR and 
VNIR) 

MODIS/Terra Net 
Evapotranspiration Gap-
Filled 8-Day L4 Global 
500m SIN Grid V061 
(Running et al., 2021) 

PM
Lv

2 

500 8 PML_V2 
(Gan et al., 
2018; Y. 
Zhang et al., 
2019, 2016) 
(PM) 

Meteorological: 
GLDAS. 
Satellite:  
MODIS (TIR and 
VNIR) 

Penman-Monteith-
Leuning 
Evapotranspiration 
Version 2 (PML_V2) 
v0.1.8 

SS
EB

op
v6

1 1000 10 (Senay et al., 
2023) (1SEB) 

Meteorological: 
TerraClimate. 
Satellite: 
VIIRS (TIR) 

SSEBop Actual 
Evapotranspiration 
Products 
(Version 6.1) 
(FEWS NET, 2024) 
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5.3.3 OpenET dataset 
The ensemble of satellite-based ETa models in the OpenET project was utilized to explore 
the impact of combining different model structures on the results of TC. The OpenET 
project provides an operational data generation system to provide high-resolution and 
low-latency satellite-based ETa data from an ensemble of models for water managers in 
the Western United States (Melton et al., 2022). The benchmark validation dataset of the 
OpenET ensemble includes post-processed daily (and monthly) ETa data for 194 locations 
with in-situ ETa measurements within the contiguous United States (CONUS) (Volk et 
al., 2023c). For the study period from 2018 to 2022, the OpenET dataset was available 
for 53 sites, spreading over 10 land cover types (Figure 5-2). The post-processing 
methods for the EC data is detailed in Volk et al. (2023). 

 

Figure 5-2. Locations of the selected sites from the OpenET benchmark dataset. Data 
source: Volk et al. (2023b). 

In addition, the satellite-based ETa daily time-series for these locations, derived from 
multiple models within the OpenET ensemble, were provided by Volk et al. (2023c). 
Table 5-3 describes the five satellite-based ETa models that constitute the OpenET 
ensemble. The SIMS (Satellite Irrigation Management Support) model is also an 
ensemble member and available from Volk et al. (2023d). However, it was not included 
in this study due to a large gap in data for the study period (47 % of the time-series). 

  



5. Ex-post uncertainty assessment 

 

105 

 

Table 5-3. ETa datasets from the OpenET ensemble of models. Data source: Volk et al., 
(2023d). Adapted from Melton et al. (2022, Table 1 and 2). List of abbreviations: PT 
(Priestley-Taylor), 1SEB (One-source Surface Energy Balance), 2SEB (Two-source 

Surface Energy Balance), CIMIS (California Irrigation Management Information 
System), NLDAS (North American Land Data Assimilation System), gridMET 

(Gridded Surface Meteorological), CFRS (Climate Forecast System Reanalysis). 

Dataset 
name 

Resolution Methodology 

Spat. 
(m) 

Temp. 
(days) Model (type) Main inputs 

PT-JPL 30 1 Priestley-Taylor Jet 
Propulsion Laboratory, ver. 
0.2.1 (PT) 

Meteorological: CIMIS, 
NLDAS. 
Satellite: Landsat (TIR 
and VNIR), MODIS 
(fAPAR). 

eeMETRIC 30 1 Google Earth Engine 
implementation of the 
METRIC model, ver. 
0.20.15 (1SEB) 

Meteorological: CIMIS, 
NLDAS, gridMET. 
Satellite: Landsat (TIR, 
VNIR). 

geeSEBAL 30 1 Surface Energy Balance 
Algorithm for Land using 
Google Earth Engine, ver. 
0.2.1 (1SEB) 

Meteorological: NLDAS, 
gridMET. 
Satellite: Landsat (TIR, 
VNIR). 

DisALEXI  30 1 Disaggregation of the 
Atmosphere-Land 
Exchange Inverse, ver. 
0.0.27 (2SEB) 

Meteorological: CFRS. 
Satellite: Landsat (TIR 
and VNIR), MODIS 
(VNIR).  

SSEBop  30 1 Operational Simplified 
Surface Energy Balance, 
version 0.1.5 (1SEB) 

Meteorological: CIMIS, 
gridMET. 
Satellite: Landsat (TIR 
and VNIR). 

5.3.4 In-situ validation 
The objective of in-situ validation is to evaluate the compound uncertainty of the 
WaPORv3L1 dataset through direct comparison with in-situ estimates from the EC flux 
measurements. For that, dekadal ETa time-series were derived from both datasets. The 
satellite-based datasets were sampled at the coordinates of the flux sites. Since the 
horizontal wind direction information was missing in the obtained EC flux dataset, it was 
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not possible to conduct dynamic flux footprint analysis for all sites. Instead, we applied 
weighted average sampling using a buffer area centred by the selected flux sites (a 
synthetic pixel) to sample dekadal ETa time-series. This sampling method helps reduce 
bias caused by spatial heterogeneity (Zhou et al., 2025) especially when flux sites are 
located at the corner of the original pixels. The selected buffer distance was 100 m based 
on the length of synthetic pixel (200 m) that closely matches with the representative static 
flux footprint (Chu et al., 2021; Volk et al., 2023a). 

The final gap-filled latent heat flux (LE) product from ONEFlux was used, which 
consisted only of measured or high-quality gap-filled records (LE_F_MDS). The daily 
time-series of LE from the EC flux datasets were aggregated to dekadal ETa by averaging 
daily values. Daily LE values were converted to daily ETa by dividing by the latent heat 
of vaporization. The latent heat of vaporization (𝜆𝜆) can vary with air temperature (Stull, 
1988): 

 𝜆𝜆 = (2.501 − 0.0023 × 𝑇𝑇air) × 106 (5.7) 

where 𝑇𝑇air [⁰C] is the daily average air temperature. 

However, since air temperature data was not available at all flux sites, a constant latent 
heat was used: 𝜆𝜆 = 2.45 ×106 J⋅kg-1 at 𝑇𝑇air = 20 ⁰C (Allen et al., 1998). For 75 stations 
without gaps in the air temperature data, we compared the difference between daily ETa 
calculated using constant and temperature-dependent latent heat (Equation (5.7)) was 
minimal (Figure E-1). Therefore, we considered the assumed constant 𝜆𝜆 for all stations 
to be sufficient. Finally, daily ETa data was aggregated to dekads by arithmetic averaging. 

The energy balance closure is the largest source of uncertainty in the EC flux 
measurements (Mauder et al., 2024). However, there is currently no one-site-fit-all 
method to correct for the energy balance closure (T. Wang et al., 2024) since each flux 
site presents a unique set of biometeorological factors that contribute to the lack of energy 
balance closure (Cui and Chui, 2019). Therefore, the energy balance closure correction 
was considered only as an indicator of uncertainty in in-situ daily ETa. The LE values 
corrected for the energy balance closure (EBC) factor was calculated at 169 sites 
following the ONEFlux method (Figure E-2), which preserves the half-hourly Bowen 
ratio (Pastorello et al., 2020). For the other 53 sites, the EBC-corrected LE was missing 
due to lack of net radiation and ground heat flux measurements at flux sites. 

The compound uncertainty of satellite-based data products was evaluated using four 
performance metrics from in-situ validation: bias, percent bias (PBIAS), root mean square 
error (RMSE), and coefficient of correlation (𝜌𝜌) (Table B-1). The results are presented 
in Section 5.4. For comparison with the random error variance estimates from the ETC 
method, centred or unbiased RMSE (uRMSE) was also calculated (Table B-1). 
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5.3.5 Triple collocation analysis (TCA) 
To estimate error variance and correlation coefficient, ETa values from the three datasets 
were first collocated for approximately the same spatial and temporal support. For the 
estimation of uncertainty in the WaPORv3L1, all datasets were resampled to dekadal 
temporal resolution. The 8-day datasets were resampled using linear interpolation, where 
the 8-day value was uniformly assigned to each day within the period, and then these 
daily values were averaged to obtain dekadal values. The daily datasets were resampled 
by averaging all values within each dekad. The sample size of collocated data (i.e., the 
number of triplets) should be at least 100, with an optimal size exceeding 500 to achieve 
highest precision (Scipal et al., 2008; Tsamalis, 2022). Thus, for each triple combination, 
a minimum threshold of 100 triplets was used. For locations with less than 100 triplets, 
the results were considered invalid. 

The covariance matrix for each combination of WaPORv3L1 and two other datasets other 
from either Table 5-2 or Table 5-3 was computed using their collocated dekadal time-
series. Applying the ETC solution by McColl et al. (2014), we calculated the error 
variance (𝜎𝜎𝜖𝜖WaPOR

2 ) and coefficient of determination (𝜌𝜌Θ, 𝑋𝑋WaPOR
2 ) for the WaPORv3L1 

data with Equation (5.5) and (5.6) respectively. The results of the TCA for the 
WaPORv3L1 provide uncertainty information are expressed as uRMSE and correlation 
coefficient: 

 uRMSETC = �𝜎𝜎𝜖𝜖WaPOR
2  (5.8) 

where uRMSETC is the unbiased root mean squared error based on the TC approach, 
which is estimated from TC analysis result for 𝜎𝜎𝜖𝜖WaPOR

2 . 

 𝜌𝜌TC = �𝜌𝜌Θ, 𝑋𝑋WaPOR
2  (5.9) 

where 𝜌𝜌TC is the correlation coefficient based on the TC approach, which is estimated 
from TC analysis result for 𝜌𝜌Θ, 𝑋𝑋WaPOR

2 . These metrics were compared with the uRMSEval 
and 𝜌𝜌val resulting from in-situ validation (Section 5.3.4). In case of negative solutions for 
𝜎𝜎𝜖𝜖WaPOR
2  and 𝜌𝜌Θ, 𝑋𝑋WaPOR

2 , indicating some assumptions of the TC method were violated, 
the results were also considered invalid. The results of triple collocation represent relative 
uncertainty (Section 5.4.2). 

a. Triple collocation with global datasets 

To estimate the uncertainty of the WaPORv3L1 dataset spatially, we used global datasets 
described in Table 5-2. The collocated time-series of the study period (2018 – 2022) 
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consists of 180 data points (5 years × 36 dekads) at each pixel. The required conditions 
for achieving reliable uncertainty estimates using TCA include large sample sizes and 
similar scales and magnitudes of errors among datasets (Sjoberg et al., 2021). Therefore, 
we resampled all global datasets to the same grid size as the coarsest dataset in a 
combination to address the difference in the spatial resolution and avoid bias towards 
higher-resolution datasets. We tested the assumption that linear calibration is sufficient 
by inspecting scatterplots of each pair of datasets. Since the scatter points are distributed 
evenly along a straight line (Figure 5-3), the assumption is likely to hold (Vogelzang, 
2024). The assumption of non-zero error correlation might not hold when some datasets 
are not completely independent, e.g., due to common source of input data. Thus, the 
impact of the dataset selection was inspected by comparing TCA results derived from 
different combinations of three datasets selected from the four global datasets. This 
analysis reflects the uncertainty associated with uncertainty estimates using TCA. 

 

Figure 5-3. Cross-correlation of dekadal ETa from satellite-based global datasets 
(WaPORv3L1, PMLv2, MOD16A2GF, and SSEBopv61) at the locations of 222 EC 

flux sites. The diagonal sub-plots show histogram of dekadal ETa for each data product. 
The off-diagonal sub-plots show the scatter plots of each pair of data products. RMSD 

and 𝜌𝜌 were calculated using formulas in Table B-1. 
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b. Triple collocation with the OpenET dataset 

In addition to the global datasets, we conducted TCA using the OpenET benchmark 
dataset since it provides ETa estimates from a diversity of model structures. The spatial 
support of the OpenET flux sites was bounded by a static flux footprint (210 m or 7×7 
pixels of 30 m), which was determined based on optimal upwind direction and speed, and 
representativeness of the hourly footprint model (Volk et al., 2023b, 2023a). This is close 
to spatial resolution of the WaPORv3L1 (300 m) so we considered the OpenET model 
datasets can be collocated with the dekadal timeseries from WaPORv3L1. The OpenET 
dataset provides post-processed daily ETa data from EC measurement and ensemble 
member models at the spatial support of flux sites. The daily ETa values were aggregated 
to dekadal intervals by averaging. Similar to Figure 5-3, we also tested the assumption 
that linear calibration is sufficient for the OpenET benchmark datasets in Figure E-3. 

5.4 RESULTS 

5.4.1 Compound uncertainty from in-situ validation 

a. Performance of the WaPORv3L1 data product 

The performance metrics of the WaPORv3L1 dekadal ETa across the selected EC flux 
sites are presented in Figure 5-5. The site-average metrics shows good correlation (𝜌𝜌 = 
0.69) and low bias (bias = 0.084 mm⋅d-1, PBIAS = 9.15 %) (Figure 5-5). The site-average 
RMSE is 0.80 mm⋅d-1, relatively low compared to the typical RMSE for satellite-based 
dekadal ETa estimates in the literature (0.8 to 1.18 mm⋅d-1) (Table 3-1). 

Figure 5-4 also shows that there is a great variation of performance metrics across all 
flux sites. For the majority of the flux sites, the correlation of WaPORv3L1 with in-situ 
estimate is high (𝜌𝜌 > 0.8) and RMSE is low (RMSE < 1 mm⋅d-1). The site-specific values 
of average bias and PBIAS for WaPORv3L1 are symmetrically distributed with respect 
zero, ranging from -2 to 2 mm⋅d-1 for bias (mostly within 100 % for PBIAS). The scatter 
plot of WaPORv3L1 against in-situ dekadal ETa values for all site-intervals also shows a 
symmetrical distribution with respect to the 1:1 line. This means the WaPORv3L1 dataset 
might overestimate and underestimate dekadal ETa at specific sites, but there is no notable 
systematic bias across all the included flux sites. 
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Figure 5-4. Performance of WaPOR-ET v3L1 product at 222 EC sites between 2018–
2022. (a) Taylor diagram, (b) regression analysis of all data points, and kernel density 
estimation (KDE) of the probability density function for four performance metrics: (c) 

coefficient of correlation 𝜌𝜌, (d) bias, (e) RMSE, and (f) PBIAS. 

The variation of performance metrics across the land cover types and climates of the flux 
sites provides guidance on the suitability of WaPORv3L1 in different conditions. The 
performance of the WaPORv3L1 dataset for cropland, shrubland and forest is relatively 
better than for savannah, water, and snow. The results also show lower bias and higher 
RMSE for homogeneous cropland (CRO) sites than for mixed mosaic of cropland (CVM) 
sites (Figure 5-5). For sites located in temperate, continental, and polar climates, 
WaPORv3L1 demonstrates an overall good correlation ( 𝜌𝜌  > 0.5). Meanwhile, 
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WaPORv3L1 exhibits low correlation (𝜌𝜌 < 0.5) and high relative RMSE and bias for sites 
located in tropical and dry climates (Figure 5-5). However, the number of sites per land 
cover class and climate class is not always comparable (Figure 5-1), thus limiting the 
robustness of the comparison. For example, the number of CRO sites (37) is much higher 
than CVM sites (2). 

 

Figure 5-5. Average normalized performance metrics of WaPORv3L1 product by (a) 
International Geosphere-Biosphere Programme (IGBP) land cover classification and (b) 

Köppen–Geiger climate classification. 

The validation results in Figure 5-4 and Figure 5-5 using the EBC-corrected data records 
at 169 EC flux sites are shown in Figure E-4 and Figure E-5. The average performance 
metrics across these sites shows lower correlation (𝜌𝜌 = 0.66), higher bias (-0.12 mm⋅d-1) 
and RMSE (0.82 mm⋅d-1). The scatter plot between WaPORv3L1 and EBC-corrected 
dekadal ETa values for all site-intervals also shows less agreement with respect to the 1:1 
line, with more underestimation for high values of ETa (Figure E-4). Figure E-5 shows 
the average performance metrics of WaPORv3L1 for difference land cover classes and 
climate classes when applying EBC correction to the EC flux data. The correlation 
coefficients are not affected by the EBC correction for most sites, compared to Figure 
5-5. However, the bias and RMSE decrease for cropland (CRO) and forest (DBF, EBF, 
ENF) but increase for shrubland (CSH). For other land cover classes, the changes are less 
discernible. The EBC-corrected LE flux was unavailable for comparison over water 
bodies (WAT). This constraint also applied to the sites located in the tropical climate 
zones (Af and Am). For sites located in other climates, the average bias becomes more 
negative and the average RMSE increases for most cases (Figure E-5). 

b. Comparison with other global data products 

Compared to the global datasets in Table 5-2, the WaPORv3L1 data has performance 
metrics that are within the same range of values across all flux sites (Figure 5-6). This 
finding aligns with expectations, given that the four datasets also exhibit a strong 
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correlation, as shown in Figure 5-3. WaPORv3L1 shows slightly higher median 
correlation than SSEBopv61 and MOD16A2GF and closely approaches that of PMLv2. 
The median bias and PBIAS of WaPORv3L1 are also closer to zero and comparable to 
PMLv2 than other products. However, the range of PBIAS is the largest for WaPORv3L1. 
Notably, SSEBopv61 shows the highest median bias and PBIAS and systematically 
overestimates ETa, which could be partially because SSEBopv61 has the lowest spatial 
resolution (1 km) among these data products. 

 

Figure 5-6. The averaged performance metrics of dekadal ETa from WaPORv3L1, 
SSEBopv61, MOD16A2GF, and PMLv2 across EC flux 222 sites.  

Based on the statistical summary of performance metrics, WaPORv3L1 showed 
performance similar to that of WaPORv2L1, based on 14 EC flux sites in Africa (𝜌𝜌 = 
0.71, RMSE = 1.2 mm⋅d-1, BIAS = 0.5 mm⋅d-1) (Blatchford et al., 2020b). However, the 
dataset previously used to validate WaPORv2 was excluded from the WaPORv3L1 
validation due to a temporal coverage mismatch and the lack of the ONEFlux post-
processed data products. To evaluate the improvement of WaPORv3L1, we specifically 
compared the performance metrics of WaPORv2L1 and WaPORv3L1 at 9 flux sites and 
for 24 river basins in Africa for their overlapping period (2018 – 2022) (Figure E-7 and 
Figure E-10). The results of these analyses also demonstrate that both versions of 
WaPOR-ET data perform similarly across 9 flux sites. However, an improvement in 
WaPORv3L1 performance is observed at 3 sites, with a slightly lower performance at the 
remaining sites (Figure E-7). At basin scale, WaPORv3L1 exhibits better agreement than 
WaPORv2L1 with the basin water balance residual, which was calculated using an 
ensemble of multiple datasets of precipitation, storage change, and runoff (Figure E-10). 
However, both versions of the WaPOR-ET data insufficiently reproduced the interannual 
variability in the water balance residual, a challenging issue also observed in other leading 
satellite-based products (Zhao et al., 2025). 
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5.4.2 Relative uncertainty from triple collocation analysis 

a. Spatial distribution of relative uncertainty 

Figure 5-7 shows the spatial distribution of relative uncertainty estimated by the TCA of 
WaPORv3L1 with two combinations of satellite-based global data products. In many 
regions, both combinations show high correlation with the underlying signal of ETa (𝜌𝜌TC 
close to 1) and low uRMSE, which is indicated by green colour. Regions with high 
uRMSE and low correlation, coefficient indicated by red colour, are found in Western 
and Central Africa, Indian Subcontinent, Greater Mekong Subregion, Central-West Brazil 
and Northern Australia. These are regions dominated by tropical savanna climates (Aw). 
In the dry regions, such as the Sahara, Southwest Asia, and Central Australia, the TCA 
using WaPORv3L1-SSEBopv61-PMLv2 showed low correlation coefficient and low 
uRMSE in WaPORv3L1. This could be due to low ETa ranges and the challenges to detect 
the variation of ETa at low range (< 1 mm⋅d-1). Meanwhile, the TCA using WaPORv3L1-
MOD16A2GF-PMLv2 yielded invalid results in these regions due to data masks within 
MOD16A2GF dataset. 

One of the advantages of TCA is its capability to estimate both 𝜌𝜌TC and uRMSE at the 
pixel level. This is essential for spatially investigating the relative uncertainty of 
WaPORv3L1 within a region. For example, in the Nile delta, satellite-based global 
datasets exhibit variation in ETa estimates in terms of trends, magnitude, and spatial 
distribution (Figure 5-8). As a result, the relative uncertainty estimated by TCA also 
shows spatially varied results, even within a region with similar climate and land cover. 
Spatially variable uncertainty (both correlation coefficient and random error variance) 
can unintentionally lead to a misinterpretation of ETa spatial and/or temporal variations. 
This risk is of particular concern when the ETa estimates are used in comparative analyses 
such as land and water productivity gap analyses (e.g. Chukalla et al., 2024). Therefore, 
spatially distributed estimation of relative uncertainty could provide complementary 
information for the applications of satellite-based ETa data products.  
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Figure 5-7. Temporal average of error standard deviation (uRMSETC) and correlation 
coefficient (𝜌𝜌TC) of dekadal ETa from WaPORv3L1 calculated by triple collocation 

analysis (TCA) with (a) MOD16A2GF and PMLv2, (b) SSEBopv61 and PMLv2, and 
(c) SSEBopv61 and MOD16A2GF. TCA was conducted at pixel level: 500m for (a) and 

1000 m for (b), then resampled to 30km resolution for visualization. Results are not 
shown for areas where TCA yielded invalid estimates.  
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Figure 5-8. Temporal average of correlation coefficient of dekadal ETa from 
WaPORv3L1 calculated by triple collocation analysis (TCA) with MOD16A2GF and 

PMLv2. High-resolution map zooming into the Nile delta, Egypt (left panel). 
Comparison of the three satellite-based datasets at pixel-scale (right panel). The high-
resolution maps can be viewed at: https://ee-wapor.projects.earthengine.app/view/tca 

b. Impact of dataset selection on triple collocation analysis 

The selection of datasets influences the estimated uncertainties derived from TCA (Wu 
et al., 2019a). Figure 5-7 also indicates that TCA using SSEBopv61 underestimated the 
uRMSETC of WaPORv3L1 relative to the results obtained from the TCA performed with 
PMLv2 and MOD16A2GF. This difference is likely attributed to the presence of non-
zero error cross-correlation among the selected datasets. All four satellite-based global 
datasets were generated using distinct meteorological data sources and algorithms. 
However, because WaPORv3L1 and SSEBopv61 were both derived using satellite data 
from the same sensor (i.e., VIIRS) (Table 5-2), it is likely that their random errors are 
cross-correlated, which violates a major assumption of TCA. The results presented here 
confirm that this is violation may lead to underestimation of error variances of those 
datasets (González-Gambau et al., 2020). Conversely, TCA using the WaPORv3L1-
MOD16A2GF-PMLv2 combination is expected to penalize uncertainty of WaPORv3L1, 
because the three data products rely on the same satellite data sources (i.e., MODIS). 

https://ee-wapor.projects.earthengine.app/view/tca
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Figure 5-9. Correlation coefficient (𝜌𝜌TC) and random error (uRMSETC) of 
WaPORv3L1-ET calculated by triple collocation with OpenET’s ensemble models at 53 
benchmark sites (a-b), and average values of all combinations (c-d). ‘SSEBop’ refers to 

an ensemble member model in the OpenET dataset, while ‘SSEBopv61’ refers to the 
global data product. ‘Annual crops’ include all sites with field crops (e.g., maize, corn, 
wheat, alfalfa…). The TCA at the remaining land cover types did not yield valid results 

due to insufficient sample size (N < 100). 

While using the same input data is a common cause of error correlation (as two datasets 
share errors arising from the sensors, calibration, or processing chain), other suggested 
causes include shared algorithms or models  (Pan et al., 2015), shared ancillary data, such 
as observed data assimilated into reanalysis products to derive meteorological inputs 
(Gruber et al., 2020), and violations of other TC assumptions, such as error non-
orthogonality and random errors (Gruber et al., 2016a; Vogelzang and Stoffelen, 2022). 
While identifying all the causes for inaccurate estimation of uncertainty using TCA is 
beyond the scope of this study, we utilized the OpenET ensemble-member models to 
investigate the influence of shared models on TCA results. These datasets were all derived 
using VNIR and TIR data from Landsat, while using different model structure. Therefore, 
we would expect the estimation of uncertainty in WaPORv3L1 to be conservative (or 
overestimated) when collocating with two other datasets that are more correlated to each 
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other than to WaPORv3L1 (Figure E-3). At the same time, the variation of TCA results 
when using ETa estimates from different models would indicate the impact of modelling 
schemes. Figure 5-9 shows the variation of TCA-estimated uRMSETC  and 𝜌𝜌TC  using 
various combinations of WaPORv3L1 and two other satellite-based  modelling schemes 
from the OpenET suite. Most combinations showed TCA results with high correlation of 
WaPORv3L1 in orchards, vineyards and mixed forests (𝜌𝜌 > 0.8). Most land cover types 
showed low average uRMSETC (< 1 mm⋅d-1), except annual crops. This indicates that 
WaPORv3L1 differs greatly from other datasets in annual crops. 

The results of TCA varied both due to different combinations of datasets and land cover 
classes. The uncertainty range, however, appeared wider across different land cover types 
than across different data combinations. For example, the TCA results (average of all 
combinations) showed the uRMSETC of WaPORv3L1 ranges from 0.4 (orchards) to 1.3 
mm⋅d-1 (annual crops), and the correlation coefficient ranges from 0.7 (annual crops and 
shrublands) to 0.9 (orchards). Meanwhile, the largest uncertainty range across different 
combinations was uRMSETC from 0.43 to 1.3 mm⋅d-1  in mixed forest, and from 0.66 to 
0.92 for correlation coefficient in evergreen forest. It is also noteworthy that the results 
exhibit significant differences across the three distinct crop types as defined by OpenET, 
particularly since these are categorized under a single class (CRO) in global 
classifications (Figure 5-5).  

The disagreement in TCA results between different combinations is most notable in 
evergreen forest and mixed forest. For evergreen forest, the TCA using a combination of 
a SEB model (e.g., geeSEBAL, SSEBop, eeMETRIC, and disALEXI) and a PT-type 
model (i.e., PT-JPL) yielded lower uRMSETC  (0.64 to 0.75 mm⋅d-1) and higher 
correlation coefficient (0.86 to 0.90) compared to combinations using two SEB models 
(0.95 to 1.1 mm⋅d-1; 0.66 to 0.76). Njuki et al. (2023) observed that one-source surface 
energy balance (1SEB) models tend to have biases when estimating ETa in tall, dense 
forests due to the treatment of the land surface as a single homogeneous layer and 
inadequate parameterization of canopy turbulence in heat transfer processes. Rashid and 
Tian (2024) reported larger bias by the PT-JPL model in denser vegetation. In their study, 
Blatchford et al. (2020) also drew attention to the lowest performance of the WaPORv2 
data product at an evergreen forest site. In light of these studies, the higher range of 
uncertainty estimates in TCA at forest sites suggests that the underlying biases of different 
models in specific biomes influence the error correlation between datasets, and thus, 
variability of TCA results.  
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5.4.3 Comparison of relative and compound uncertainty 
The relationship between the compound uncertainty, indicated by uRMSEval  and 𝜌𝜌val 
from validation against EC flux measurement, and the relative uncertainty, indicated by 
uRMSETC and 𝜌𝜌TC estimated by the TCA with global ETa products, was investigated. 
Their scatter plots for uRMSETC and 𝜌𝜌TC and linear regression relationship at 215 EC flux 
sites are shown in Figure 5-10.  The TCA results for WaPORv3L1 included three cases: 
WaPORv3L1-MOD16A2GF-PMLv2, WaPORv3L1-SSEBopv61-PMLv2, and 
WaPORv3L1-SSEBopv61- MOD16A2GF. Since the direct comparison with in-situ ETa 
estimates from the EC flux measurements is considered the de facto standard for 
uncertainty assessment of satellite-based ETa estimates, the relationship between TCA 
and validation against EC was regarded here as a reference for evaluating the reliability 
of dataset choice for TCA. 

The uRMSETC  are weakly correlated with uRMSEval  for all cases (𝜌𝜌  = 0.40 to 0.51) 
(Figure 5-10). The 𝜌𝜌val  and 𝜌𝜌TC  are slightly more correlated than uRMSE (𝜌𝜌 = 0.6 to 
0.64). All TCA combinations underestimate random error (uRMSE) and overestimate 
correlation coefficient (𝜌𝜌), compared to results from in-situ validation. The TCA with 
WaPORv3L1-MOD16A2GF-PMLv2 resulted in highest uRMSETC and lowest 𝜌𝜌TC. As 
discussed in Section 5.4.2, this was expected since the TCA using MOD16A2GF-PMLv2 
penalizes WaPORv3L1 more than when using SSEBopv61-PMLv2 and SSEBopv61-
MOD16A2GF due to different satellite data input (Table 5-2). However, TCA using 
MOD16A2GF-PMLv2 results were slightly closer to the compound uncertainty 
indicators than using SSEBopv61-PMLv2 and SSEBopv61-MOD16A2GF. Since 
MOD16A2GF and PMLv2 are both based on PM-type models like WaPORv3L1, but 
using different satellite input, the TCA results suggests that the independence of input 
data for ETa models leads to more agreement between TCA and in-situ validation.  



5. Ex-post uncertainty assessment 

 

119 

 

 

Figure 5-10. The correlation coefficient (𝜌𝜌) (a) and random error (uRMSE) (b) of 
WaPORv3L1 at 222 EC flux sites, derived from in-situ validation against EC flux 

dataset and from TCA with MOD16A2GF-PMLv2 and SSEBopv61-PMLv2. 

To further investigate the impact of underlying independent models on the relationship 
between relative uncertainty estimated and compound uncertainty, the Euclidean 
distances between uRMSETC  and uRMSEval,  and between 𝜌𝜌val  and 𝜌𝜌TC  for each 
combination of OpenET datasets were calculated across different land cover classes 
(Figure 5-11). As previously shown in Section b, the TCA using PT-JPL with one SEB-
type model resulted in higher uRMSETC  and lower 𝜌𝜌TC  than other combinations, 
especially for forest sites. Here, the Euclidean distances showed better agreement between 
the compound and relative uncertainty when the TCA using PT-JPL with one SEB-type 
model. In case of 𝜌𝜌TC , the three combinations with the lowest Euclidean distance to 
𝜌𝜌val were PT-JPL-geeSEBAL, PT-JPL-eeMETRIC, and PT-JPL-DisALEXI. Meanwhile, 
PT-JPL-eeMETRIC, PT-JPL-SSEBop, and PT-JPL-DisALEXI were the three 
combinations with highest similarity between uRMSETC and uRMSEval . Given the 
expectation that TCA using WaPORv3L1, PT-JPL and SEB-type model would exhibit 
greater independence in modelling schemes, the results in Figure 5-11 also supports that 
TCA results using datasets derived from more independent modelling schemes agree 
more with in-situ validation results. 
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Figure 5-11. Euclidean distance (d) between 𝜌𝜌TC and 𝜌𝜌val (a) and between uRMSETC 
and uRMSEval (b). 

Figure 5-11 also shows the results from the TCA with global data products, SSEBopv61, 
PMLv2, and MOD16A2GF. These products have much larger spatial support (300 to 
1000 m) than the OpenET dataset (210 m or 7×7 pixels of 30 m), thus, their ETa estimation 
will contain signals from larger area. Therefore, we would expect that the relative 
uncertainty derived from TCA using global data products would exhibit lower similarity 
to the compound uncertainty from in-situ validation (higher d) than the TCA using the 
OpenET models, which is the case for uRMSETC (Figure 5-11). However, the 𝜌𝜌TC by the 
TCA with SSEBopv61 shows relatively close to in-situ validation compared to the TCA 
with only SEB-type models. This suggests that underlying dependent models affect the 
𝜌𝜌TC from TCA more than representativeness errors.  

5.5 DISCUSSION 

5.5.1 Limitations of ex-post uncertainty assessment methods 
Uncertainty assessment methods have limitations and gaps, which are previously 
reviewed and discussed in Chapter 2. This chapter applied and discussed the utility of 
TCA for assessing correlation and random errors, which enables uncertainty 
quantification across the entire spatial extent of satellite-based datasets even in the 
absence of in-situ data. The non-zero error cross-correlation and representativeness errors 
indicate the uncertainty of the TCA results. The spread of uRMSE in Figure 5-10 could 
be partially explained by the suboptimal TCA sample size, 180 triplets (5 years × 36 
dekads) per location, which causes uncertainty in estimated error variances (Scipal et al., 
2008; Tsamalis, 2022). On the other hand, in-situ validation with EC flux measurements, 
despite having its own inherent uncertainties due to data quality and scale mismatch, is 
still dominantly used to assess uncertainty in satellite-based ETa. The limited data sample 
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also affects in-situ validation, and even more so since long-term EC data records are also 
not available in many locations.  Furthermore, some assumptions of TC and TCH methods 
are also required for in-situ validation (Gruber et al., 2016b). Since both in-situ validation 
and TCA have uncertainty, the purpose of TCA was to evaluate the relative uncertainty 
of WaPORv3L1, not ranking datasets by lowest error variance and highest correlation. 

The inherent energy imbalance observed in EC flux measurements affects the quality of 
in-situ reference at many flux sites. Post-processed EC flux data at 169 sites demonstrates 
that applying energy balance correction can alter the daily ETa value by a substantial 
range, from -40 to 80 % (Figure E-2). Furthermore, the spatial scale mismatch, driven 
by the dynamic flux footprint variation and the heterogeneity of the surrounding surface, 
may introduce errors in the sampled ETa value when compared to a larger sampling area. 
For example, the source of latent heat flux measured at a site might originate mainly from 
a pixel not directly collocated with the site’s location. This potential representativeness 
error, however, is considered manageable in the current study because the sampling area 
is defined as within 100 m around the site. While one could employ a dynamic EC flux 
footprint model (Kljun et al., 2015) to account for high heterogeneity, the impact of 
footprint variation is considered minimal for the current EC datasets, as they exhibit 
considerable surface homogeneity. 

In this study, the assumptions of TCA have been investigated to some extent by using 
scatter plots (system biases between datasets are minimal), comparing different datasets 
(the impact of dependent errors), using datasets with similar spatial and temporal 
resolution (limit representativeness errors). Two of the main concerns about triple 
collocation were investigated: the choice of datasets and reliability compared to in-situ 
validation. The choice of datasets was limited to global datasets that have similar spatial 
and temporal resolution as WaPORv3L1, which allows for applying TCA at 
WaPORv3L1’s resolution. This leads to inevitable non-zero error correlation, which 
impact was evaluated by comparing different combinations of datasets. Although TCA 
metrics are useful for indicating correlation and random errors, they do not account for 
bias. 

5.5.2 Future research 
This chapter has shown the implementations and comparison of in-situ validation and 
TCA as ex-post uncertainty assessments for WaPORv3L1. This section discusses 
potential future research agendas to improve ex-post uncertainty assessment for satellite-
based ETa data production at global and continental scales. 

To improve the robustness of TCA, several refinements should be considered. First, 
implementing TCA at a coarser resolution is recommended to focus on the investigation 
of spatial pattern rather than absolute results. This approach allows for the inclusion of 
other coarse-resolution and reanalysis datasets, such as GLEAM and GLDAS. Second, to 
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improve the precision of the results and increase the statistical sample size, the analysis 
period should be extended (aiming for more than 500 dekads, which equates to at least 
14 years of data). Currently, WaPORv3L1 data is only available from 2018 to the present, 
which limits the current sample size. Finally, future studies could employ more 
specialized techniques like Extended Collocation (Gruber et al., 2016a) for more than 
three datasets and Correlated Triple Collocation (González-Gambau et al., 2020) for 
combinations with two datasets exhibiting strong errors correlation. These methods 
explicitly account for error correlation of one pair of datasets, while still relying on non-
zero error correlation for other pairs. Finally, the presentation and interpretation of TCA 
can be enhanced with recent visualization methods, such as Triple Collocation Diagram 
(Siu et al., 2024) and Comparison Map Profile (He et al., 2025). 

This study also underscores the importance of the existing publicly available datasets 
from regional flux networks for evaluation and quality assessment of satellite-based ETa 
data products. These datasets serve a purpose extending beyond the validation of satellite-
based data, including other applications, such as monitoring greenhouse gas emission. 
Ongoing initiatives are important to improve the access and accuracy of EC flux data, 
such as the FLUXNET Data System (The FLUXNET Coordination Team et al., 2025) 
and improving the ONEFLUX post-processing pipeline (Zhang et al., 2024), and 
development of benchmark dataset development for validation of ensemble models (Volk 
et al., 2023a). Regional networks that are not yet part of FLUXNET could provide a 
source of in-situ data despite not employing FLUXNET standards yet, such as the NENA-
ET and SAEON networks. Strategic in-situ validation could focus on designing 
campaigns to collect in-situ ETa measurements over a short period in critical areas, 
including areas with high heterogeneity, less observed types of climates and land cover 
(Yi et al., 2024, fig. 2). 

Over the past two decades, significant advancements have been made in improving EC 
measurements and interpretation, particularly in reducing the systematic energy 
imbalance (Mauder et al., 2024). In addition, recent efforts to address the scale mismatch 
such as investigating spatial sampling methods (Zhou et al., 2025), the impact of 
heterogeneity (Burchard-Levine et al., 2021; Wu et al., 2023), and upscaling methods of 
in-situ measurements (Du et al., 2023; Li et al., 2021), should be considered for improving 
future in-situ validation of satellite-based ETa data products. 

The strategy of combining in-situ measurements and multiple satellite-based ETa models 
could help address the lack of long-term observation, while opportunistically providing 
new information and insights for improving global satellite-based ETa modelling and data 
production. New methods for reconciling and utilizing existing data are instrumental for 
this purpose. Constraining uRMSETC and 𝜌𝜌TC using in-situ validation at certain quality 
control flux site. Improvements in mapping uRMSETC  and 𝜌𝜌TC  could be achieved by 
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employing specialized TC and TCH methods and global datasets that are derived using 
independent models and input datasets. 

Without robust and consistent methods for uncertainty assessment, claims about the 
improvement in accuracy seem elusive, most likely based on the increase in spatial 
resolution of the thermal sensor (e.g., ECOSTRESS, VIIRS). However, this only reduces 
the uncertainty due to spatial scale mismatch. In other words, more detailed data is not 
necessarily more accurate and more useful for all applications (Braun, 2021), for example, 
improving hydrological understanding (McCabe et al., 2017). This is also true for 
temporal variability, however, since TCA estimates temporal average uncertainty, it 
could not indicate this. For this, temporal trends comparison, such as with water balance 
residual, can be used instead. As Zhao et al. (2025) argued, a critical limitation of satellite-
based ETa products (in their analysis, GLEAM and OpenET) is the interannual variability. 
This undermines the uses of satellite-based estimation for detecting trends of ETa (water 
use, hydrological responses) over time. 

5.6 CONCLUSIONS 

This chapter assessed the compound uncertainty of WaPORv3L1 through in-situ 
validation against 222 Eddy Covariance flux sites. Furthermore, the relative uncertainty 
was evaluated using extended triple collocation with global data products and OpenET 
ensemble models. The compound uncertainty of WaPORv3L1 falls within the typical 
range of performance metrics reported in the existing literature. Overall, the performance 
of WaPORv3L1 is comparable to other data products with similar spatial resolution and 
coverage. Most validation sites exhibit strong performance, characterized by a correlation 
coefficient exceeding 0.8 and a RMSE of less than 1 mm⋅d-1. However, the performance 
metrics demonstrate significant variability across different climate and land cover types. 
WaPORv3L1 achieves good performance in continental and temperate climates but 
shows reduced skill in dry and tropical regions, which is potentially exacerbated by the 
limited number of available flux sites in those climatic zones. Performance is notably low 
over certain land cover types: evergreen broadleaf forests, savannas, water bodies, and 
snow. Furthermore, the current validation lacks representation from urban sites. It is also 
observed that sites presenting very low correlation, high RMSE, and substantial bias often 
exhibit high land surface heterogeneity and a large residual in energy balance closure. 

The relative uncertainty exhibited only a weak correlation with the compound uncertainty. 
Both the TCA using global data products and the analysis employing the OpenET 
ensemble models consistently underestimated RMSE and overestimated the correlation 
coefficient. Furthermore, the TCA using global data products indicated that uncertainty 
is higher in tropical regions than in temperate regions, which is consistent with the in-situ 
validation results. Our investigation into the impact of dataset selection on TCA results 
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suggests that the use of shared input data has a greater influence on the reliability of the 
TCA than the use of shared underlying models. While the RMSE derived from TCA is 
more affected by representativeness errors, the correlation coefficient is more influenced 
by the shared underlying models. Moreover, the influence of shared underlying models 
on TCA results was particularly prominent in evergreen and mixed forests. 

In conclusion, TCA represents a valuable additional assessment to in-situ validation, as it 
reveals the spatial variation of uncertainty estimates, which is particularly useful in areas 
that lack in-situ data. However, the absolute RMSE and correlation coefficient derived 
from TCA are often overly optimistic, and its reliability is highly dependent on data 
selection, representativeness errors, and land cover types. Therefore, TCA should be used 
with caution, especially for ranking the performance of models or data products. In this 
study, we selected data products with similar temporal and spatial resolutions as for TCA, 
in order to estimate relative uncertainty at WaPORv3L1 resolution. However, when 
uncertainty estimation at the native spatial resolution of the data product is not required, 
priority should be given to selecting data products that feature a greater diversity of input 
data and underlying models. 
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6.1 INTRODUCTION 

Statistical methods, particularly probability theory, have been widely used to represent 
uncertainty, as repeatable measurements and simulations allow for quantification in 
probabilistic terms (Montanari, 2007; Povey and Grainger, 2015). However, as Nearing 
et al. (2016) point out, uncertainty is not solely a technical issue; epistemological 
uncertainty, which arises from the choice of probability frameworks, as well as 
philosophical and linguistic uncertainties, resist quantification. Melsen (2022) refers to 
this distinction by categorizing statistical approaches as addressing only ‘technical 
uncertainty’. While probability-based approaches capture an important subset of 
uncertainty, they do not fully encompass the broader epistemological and methodological 
challenges inherent in environmental modelling. 

Beyond technical uncertainty, methodological uncertainties arise from the subjective 
choices embedded in modelling practices, including model selection, calibration 
strategies, and conceptual framing (Foody and Atkinson, 2003; Melsen et al., 2019). 
Methodological uncertainties emerge from differences in approaches and interpretations 
among researchers, reflecting the epistemological underpinnings of the study rather than 
just the mechanics of the model. A similar typology of uncertainties is also discussed in 
satellite remote sensing (RS). While RS practitioners typically focus on quantifying errors 
that are known, Povey and Grainger (2015) argue that there are other types: "known, 
unquantifiable unknowns", factors that are recognized but cannot be measured, and 
"unknown unknowns", factors that remain entirely unobserved or unrecognized. Since 
the methodological uncertainties are often not quantified or quantifiable, explicit 
reflection and account for these uncertainties are important to avoid rhetorical use of 
models (Saltelli and Funtowicz, 2014). 

Krueger and Alba (2022) contend that the hydrology community’s long-standing debate 
on uncertainty fosters reflexive engagement with ontological and epistemological 
commitments in interdisciplinary water research (e.g., Beven, 2002; Nearing et al., 2016). 
Reflexivity, widely discussed in qualitative research, has been defined and applied in 
various ways. For example, Walsh (2003) observed four distinct practices: personal 
reflexivity, interpersonal reflexivity, methodological reflexivity, and contextual 
reflexivity. Methodological reflexivity “acknowledges the theoretical commitments that 
surround each research project” while contextual reflexivity is “concerned with situating 
a given study in its cultural and historical milieu” (Walsh, 2003, p. 56). 

Nevertheless, reflexivity seems less prominent in quantitative research like water 
modelling (ter Horst et al., 2024). Sensitivity auditing builds on sensitivity analysis, a 
well-established approach in modelling communities (Saltelli, 2004), thus, introduces 
reflexivity without requiring a radical departure from current modelling workflows. 
Reflexivity in sensitivity auditing is operationalized through tasks such as identifying and 
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scrutinizing assumptions, evaluating uncertainties, and ensuring transparency in model 
design and use (Lo Piano et al., 2022). 

Inspired by methodological and contextual reflexivity (Walsh, 2003) and sensitivity 
auditing (Saltelli et al., 2014), we open up our reflection on the uncertainty assessment of 
the WaPOR-ET data and the ETLook model to investigate beyond the technical 
uncertainties. Specifically, we assess how the methodological uncertainties can be 
ascribed to the institutional, social or political context of commissioning, developing, and 
using the outputs of the ETLook model (i.e., the WaPOR-ET data). We ask, ‘What are 
the conditions, assumptions, and problem framings that influence how the WaPOR 
project was developed and the ETLook model was developed and applied?’, ‘How are 
the uncertainties in the WaPOR data due to the choices in developing and applying 
ETLook model addressed in the project?’, and ‘What are potential consequences of 
methodological uncertainties?’. By explicitly discussing these questions, we demonstrate 
how sensitivity auditing could enhance methodological and contextual reflexivity, before 
using the WaPOR data indiscriminately. 

Our engagement with the WaPOR project over seven years (2019-2025) was 
predominantly through the application of the ETLook model outputs for various 
applications, mainly water accounting, and the quality assessment 15  of the WaPOR 
database. Therefore, we position ourselves more as data and model users than modelers16, 
although we were involved in a few meetings with modelers to provide feedback on 
model development. As model users, we have made ourselves familiar with the ETLook 
model through self-studying: reviewing project and model documents (FAO, 2020b, 
2020a, 2018a, 2018b), running an open-source 17 version of the model in small areas 
(FAO, 2025a), and developing educational resources on the concepts and tools used in 
the model (IHE Delft, 2023). 

In addition to our direct experience, we are also informed by project documents and 
reports, meeting recordings, and interpersonal exchanges with professionals in the 
WaPOR project and those who are utilising the WaPOR-ET data. Our major limitation is 

 
15  Data quality assessment could entail evaluating various criteria such as accuracy, coherence, comparability, 

accessibility, timeliness and relevance (FAO, 2023b). It typically involves comparing outputs against reference data, 

verifying adherence to best practices, and ensuring methodological soundness (Barsi et al., 2019). 

16 Within this chapter, we heuristically define modeler as the specialist who creates and develops a model, model user 

as the analyser who runs and configures the model for specific cases, and data user as end-user who consumes and 

interprets output data from the model. 

17 Open source refers to a type of software or model that is made publicly available (through online repository) for 

anyone to use, modify, and distribute freely. 
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our lack of interaction with different actors within and around the WaPOR project, who 
potentially use and are influenced by the use of the ETLook model outputs. Therefore, 
we learn about their experiences regarding the use of the WaPOR-ET data through 
secondary sources, mainly from fieldwork activities of colleagues in Lebanon, Tunisia, 
Jordan, and Egypt (Contractor et al., 2023; El-Wattar, 2022; Matar, 2019). 

6.2 WAPOR’S SATELLITE-BASED MODEL AND ITS ECOSYSTEM 

We first unpack the social and technical context of the WaPOR project, which is situating 
the WaPOR-ET data and the ETLook model. Since 2015, the Dutch Government has 
supported FAO to establish the WaPOR project and database. The origins of this initiative 
can be traced to a pivotal encounter described in a blog post by a former diplomat 
specializing in water affairs at the Dutch Ministry of Foreign Affairs (MoFA) and First 
Secretary of the Netherlands Embassy in Sana’a, Yemen, in which he recounts the visit 
by a professor and their exchange about the use of satellite images for monitoring 
agricultural water use in Yemen (Appendix F). This account highlights the role of the 
professor’s visit in shaping the early conceptualization of the WaPOR project. By linking 
a funding request for domestic water supply in Yemen and a simplified inference about 
the cause of water shortage18 by this professor, the diplomat was motivated to advocate 
for the use of “satellite information” to manage water resources. 

Once the idea of developing satellite data to map water use in agriculture was conceived 
by the ministry, many organizations in the network of experts in water management and 
geospatial technology also got involved, mainly Dutch institutes (Box 1). 

  

 
18 Yemen has been undeniably suffering from water crisis, and its agricultural production consumes a large proportion 

of its water. However, this apolitical explanation about the cause of domestic water shortage abstracts the issue from 

its local context, neglecting the external economic forces and political ramification that shifted Yemeni rain-fed 

agriculture towards irrigated cash cropping (Varisco, 2019).  
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Box 1. Key partners in the WaPOR project19 

The Dutch Ministry of Foreign Affairs serves as the main funder for the WaPOR 
project, contributing to the initiative’s goal of using remote sensing for monitoring and 
enhancing water productivity. FAO serves as the executing agency for the project, 
leading its technical and methodological coordination. Within FAO, the Land and 
Water Division is responsible for budget management and overall project oversight, 
ensuring alignment with Sustainable Development Goal (SDG) 6 (clean water and 
sanitation) and SDG 2 (zero hunger). 

IHE Delft is responsible for developing water accounting reports using remotely sensed 
data (WA+), database quality assessment, and delivering specialized training curricula 
targeting stakeholders such as government agencies, academia, and technical staff. The 
International Water Management Institute (IWMI) is also a key partner for 
implementing capacity-building activities and piloting field-level applications of 
WaPOR data in selected countries. 

The FRAME Consortium, who won an open tender to develop and operationalize the 
WaPOR database version 1 and 2 in phase 1 (2016 – 2020), comprises the following 
key partners: eLEAF, University of Twente’s Faculty of Geo-Information Science and 
Earth Observation (ITC-Twente), the Flemish Institute for Technological Research 
(VITO), and WaterWatch. Later in phase 2 (2021 – 2026), eLEAF, a Dutch private 
company specializing in satellite-based monitoring technologies, was primarily 
responsible for producing the WaPOR database. 

Through synergy with another project20, Wageningen University & Research (WUR) 
also contributes to the WaPOR project with its expertise in agricultural research and 
resource management, providing a scientific foundation for WaPOR's tools and 
methodologies. In the same project, MetaMeta, a social enterprise in the Netherlands, 
focuses on end-user needs and engagement. 

The WaPOR project capitalized on the advancements in remote sensing technology 
pioneered by Dutch geospatial technology institutions (eLEAF and ITC-Twente) and the 
Netherlands’ expertise in water management (IHE Delft and WUR). These capabilities 

 

19 It is not difficult to recognize that the key partners in the project are the same “old epistemic friends who share a long 

history of developing and actively promoting and circulating a particular body of water knowledge” in the Water 

Accounting initiative (Zwarteveen et al., 2019, p. 235). 

20 Water Productivity Improvement in Practice. See https://www.wur.nl/en/project/Water-Productivity-Improvement-

in-Practice-Water-PIP.htm (accessed on 31 January 2025) 

https://www.wur.nl/en/project/Water-Productivity-Improvement-in-Practice-Water-PIP.htm
https://www.wur.nl/en/project/Water-Productivity-Improvement-in-Practice-Water-PIP.htm
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aligned with the Dutch Ministry of Foreign Affairs’ international development objectives, 
particularly regarding sustainable agriculture and water resource management in the 
Global South. Meanwhile, FAO brought its longstanding institutional platform for 
capacity building in the Global South to design the project for practical applicability. By 
funding the WaPOR project, the Dutch government reinforces its international influence 
in water knowledge and sustainable development, particularly in target countries in the 
West Asia, Northern Africa, Sahelian and Horn of Africa regions (FAO, 2020b). The 
WaPOR data portal and API are instrumental in expanding WaPOR’s technical 
ecosystem with development of ICT-based applications in target countries where the 
project aims to increase national capacity and make the WaPOR data utilized at field level 
more. 

6.2.1 Counting ‘crop per drop’ 
The MoFA funds the WaPOR project to monitor and improve agricultural water 
productivity (WP) gaps (briefly defined in Box 2), aligning with the global objective, 
particularly SDG Indicator 6.4.1 “Change in water use efficiency (WUE) over time” 
(United Nations, 2021). This initiative is embedded in a broader institutional shift from 
traditional irrigation efficiency (IE) metrics toward WP. 

Box 2. Water Productivity (WP) definition and the use of WaPOR data for WP indicator 

The WaPOR project defines WP as the net quantity of output per unit of water used to 
produce that output. Since there are many ways to define output for agricultural water 
management, there can be many indicators for WP, such as biophysical, nutritional, 
economic, and social WP (van Steenbergen et al., 2022). Among those, only 
biophysical WP can be monitored with satellite RS. The project focuses on the indicator 
of biophysical WP, which is specifically calculated as the amount of crop (biomass or 
yield) produced per unit of water consumed by the crop through evapotranspiration 
(ET), expressed in kg⋅m-³. 

The definition of WP gaps as “the difference between the maximum attainable WP and 
the currently achieved WP at the field scale” (Zheng et al., 2018) was adopted in the 
project. The maximum attainable WP could be determined by, for example, the highest 
levels of productivity that a farm has already reached under real-world conditions 
(Chukalla et al., 2024). 

As early as 1958, the agricultural WUE was expressed by researchers at WUR in terms 
of kg crop production per m3 water transpired, indicating the physiological performance 
of crops in optimizing water for plant growth (Bessembinder et al., 2005). IWMI later 
broadened this concept to “the physical mass of production or the economic value of 
production measured against gross inflow, net inflow, depleted water, process depleted 
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water, or available water” (Molden, 1997, p. v). Molden contends that irrigation 
efficiency (IE) is a limited measure for agricultural water use, which ignores crop yield 
and water reuse. This critique underpinned the shift from IE to WP, positioning it as a 
more comprehensive framework for assessing benefits from water use at the basin scale. 

However, both WUE and WP have been contested for their reductionist focus on water 
as a single input for agricultural production (Giordano et al., 2021; Zoebl, 2006). Drawing 
on dry-farming studies and historical agronomic perspectives, Zoebl (2006) demonstrates 
that high WP values do not inherently indicate better agricultural practices, forewarning 
that the shift toward WP, mainly promoted by IWMI and FAO, risks oversimplifying the 
complexities of water and agricultural management and sidelining broader sustainable 
farming concerns. 

The topic of IE and productivity encompasses diverse perspectives and ongoing debates 
(Boelens and Vos, 2012; Knox et al., 2012; Seijger et al., 2025; van Halsema and Vincent, 
2012), which cannot be settled through scientific and methodological approaches. As 
Lankford (2012) suggests, these discussions must be linked with political and societal 
concerns regarding resource governance. In the light of this academic debate, the concept 
of monitoring ‘crop per drop’ to enhance agricultural water management adopted by the 
WaPOR project is not merely a technical intervention but also a politically charged 
standpoint. 

6.2.2 Turning the eyes from space onto water 
The institutional shift from IE to WP and its operationalization coincided with the rapid 
proliferation of satellite-based models in the late 1990s. Traditionally, WUE or WP data 
were collected at the field scale, where most variables were readily available to 
practitioners—except, perhaps, for ETa (Bessembinder et al., 2005). The diversity of 
satellite-based ETa models, the growing number of satellites, and advancements in sensor 
technology have made obtaining ETa data more accessible to researchers, yet not fully 
providing sufficient capabilities for global ET-based applications (Fisher et al., 2017). 

Among all the data layers offered in the WaPOR database, ETa data seems to be 
appreciated and adopted the most, since it has more potential use for water management 
beyond WP calculation, such as basin water assessment, drought impact study, and crop 
water use21. While FAO has several modelling tools to determine ETa and crop yield at 
field level (e.g., FAO-56, AquaCrop), “none of those tools can be used in an operational 

 
21 Almost three fourths of the applications listed on FAO’s catalogue of WaPOR uses and applications use ET data 

layer, more than other data layers https://www.fao.org/in-action/wapor-uses-applications-catalogue/en/ (accessed on 

17 December 2024) 

https://www.fao.org/in-action/wapor-uses-applications-catalogue/en/
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way to assess and monitor water productivity rapidly, routinely and consistently in time 
and space at affordable costs” (FAO, 2020b, p. 7). Therefore, the need for the WaPOR 
database has been justified with this technological gap “to develop an improved 
methodology to monitor water productivity at low costs22, in near real-time, that can be 
applied at different spatial scales” (FAO, 2020b, p. 7). This approach attempts to mitigate 
these challenges by centralizing WP data through an open-access portal, thereby lowering 
technical entry barriers for (potential) WP practitioners, allowing them to bypass the 
complexity of modelling 23 and focus solely on interpreting the data (i.e., the model 
outputs). 

From the above, we could infer that the WaPOR project, which frames the use of satellite-
based models, has socio-political and technical commitments to operationalize the WP 
concept and capitalize on satellite RS for water management. In the next two sections, we 
describe how these commitments are affected by methodological uncertainties of the 
ETLook model, through two main themes: the choices in and about modelling24 of ETa 
and the perception and management of uncertainties. 

6.3 A PARTIAL ACCOUNT OF CHOICES 

Modelling entails a myriad of choices and junctures25, which would be impossible to 
unpack completely in the limited space of this chapter. Here, we discuss the choice of 
modelers and models and provide some examples of modelling choices that are made to 
meet the requirements of the WaPOR database. 

6.3.1 The modelers and the model 
As part of the FRAME Consortium, eLEAF was appointed through a public tender 
process to develop and implement the production of the WaPOR data. The Netherlands-
based high-tech company capitalizes on its proprietary in-house developed ETLook 

 
22 The WaPOR data is free of charge and publicly available. The cost here most likely refers to the cost for database 

production, dissemination, maintenance, and other project cost, which was roughly five million euros. 

23 This complexity also includes choosing a model out of the various models in Table 1-1. 

24 Choices within the modelling process itself and choices regarding the adoption and application of models. 

25 Junctures are “where things are done in a way that could be different” and other choices could be made that change 

the socio-political outcomes of model (Krueger and Alba, 2022, p. 12). 
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model, which forms the core of its geospatial consultancy services26. Compared to other 
satellite-based ETa models, ETLook is a rather new model, first introduced by Pelgrum 
et al. (2010) at the Remote Sensing and Hydrology symposium, presenting some 
examples of field-level applications in China, Australia, and India. ETLook is “the 
successor of SEBAL” (Brombacher et al., 2022), which is one of the most academically 
used models for estimation of ETa. The ETLook model uses the Penman-Monteith (PM) 
equation, a longstanding method which is also used by FAO in its guideline for crop water 
requirement (Allen et al., 1998). The PM equation relies on the quantification of surface 
and aerodynamic resistance, both of which are contingent upon the varying biophysical 
conditions of the canopy and soil surfaces. In order to quantify canopy and soil parameters 
required in the PM equation, the modelers at eLEAF predefine parameter values for each 
land cover class. Consequently, the accuracy of the ETLook model outputs rely on the 
accuracy of land cover classification data (Brombacher et al., 2022) and the underlying 
assumption that a single parameter value can be generalized for each land cover class 
regardless of location. 

Additionally, the access to the ETLook model is not completely open, limiting 
independent verification or modification by an external party. On FAO’s request, eLEAF 
provides description of the model in methodology reports and a set of computer code in 
Python programming language which contains mathematical formulas for calculating soil 
and canopy parameters, meteorological variables and spectral indices27 to solve the PM 
equation. However, the complete procedure for data processing and gap-filling28 remains 
proprietary since it is, as an expert at eLEAF explained to us, their business to provide 
data processing services. Moreover, eLEAF relies on paid cloud-computing platforms29 
to handle the vast computational demands of running the ETLook model at continental 

 
26 eLEAF delivers satellite-derived data for crop monitoring, irrigation planning, yield forecasting, and specialized 

solutions for sugarcane cultivation, supporting the entire agri-business value chain. See 

https://eleaf.com/science/algorithms/ and https://eleaf.com/services/agriculture/ (accessed on 30 November 2024) 

27 Spectral indices are mathematical combinations of different bands of light captured by satellite sensors, reducing the 

complex surface conditions to numerical values that indicate various surface characteristics from vegetation greenness 

to soil variations.  
28 Satellite data are collected at specific moments, much like a snapshot. As satellites orbit the Earth, they revisit the 

same location only after several days, leading to potential gaps, which deteriorates the ET model accuracy (Wang et 

al., 2023). These gaps are typically addressed using various statistical techniques to ensure continuity in data. However, 

gap-filled data cannot fully assure the same quality as actually captured data (Song et al., 2021). 

29 A cloud-computing platform, Amazon Web Services in this case, provides pay-as-you-go access to Amazon’s 

computing servers over the internet. 

https://eleaf.com/science/algorithms/
https://eleaf.com/services/agriculture/
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and global scale. This underscores an economic barrier to the computational infrastructure 
required to replicate the output of the ETLook model. All these factors make the model 
highly specialized and exclusive30. 

As discussed, the ETLook model is not merely a technical tool. It plays a role in 
circulating certain methodologies of water quantification and centralizing the 
management and distribution of water data within organizations and countries that have 
technical capacity and infrastructure. Although WaPOR data products are generated using 
a common methodology that aims to support consistent cross-region and cross-period 
comparisons of ETa, their accuracy varies because model performance differs under 
varying regional conditions (see Chapter 5). Arguably, the dissemination of outputs from 
the ETLook model through WaPOR portal balance the unequal access and capacity to 
satellite RS technology by providing data free-of-charge and readily available through the 
internet.  

6.3.2 The database 
The specific assignment of developing a low-cost, near real-time, and multi-scale WP 
database requires specific configurations of ETLook model for each spatial level. The 
configuration choices are related to spatial resolution, data input, and data preprocessing. 
For example, the spatial resolution of thermal data31 used in ETLook is coarser than the 
desired resolution of the continental and global levels. Instead of running the model at the 
original resolution of thermal data, eLEAF modelers decided to apply resampling and 
downscaling techniques32 to enhance the spatial resolution of thermal data to meet the 
technical requirement by the project. This choice could be explained technically in that 
the computer model requires all input data to be in the same grid size, which allows 
performance of calculation pixel by pixel. However, an alternative could be running the 
model at native resolution of thermal data, to reduce uncertainties due to resampling and 

 
30 In contrast to this exclusive reliance on a single model, a project in the western USA with a similar focus on 

addressing ET data gaps through satellite RS has adopted multiple models developed by various research groups 

(https://etdata.org/). 

31 WaPOR version 2 was produced using MODIS thermal data (1 km resolution). WaPOR version 2 uses VIIRS data 

(375 m resolution). In ETLook, thermal data is used in combination with vegetation information to infer the soil 

moisture, which has effect on the transpiration of plant. 

32 Resampling refers to simple averaging the numbers at the large pixel into smaller pixel size, generalizing the value 

for smaller pixels. Downscaling involves another model to relate the coarse-resolution data to other sources of data 

with finer resolution, using their statistical relationship to estimate the desired data at finer resolution. 

https://etdata.org/
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downscaling33. However, the ETLook model might not be equivalently valid at all levels 
of resolutions. Moreover, this alternative is seen as less desirable to the project as it would 
not result in a good enough resolution for quantification of ET at field level, which would 
attract more potential uses of the WaPOR database (FAO, 2020b, p. 20). 

Another crucial configuration choice concerns the temporal extent of the model. Since 
RS data are only available for the period during which a satellite remains in its orbit, data 
availability presents a fundamental challenge for modelling. This limitation, often 
perceived as a technical issue, has led modelers, in the case of WaPOR version 2 (2009–
2022), to integrate two different sources of multispectral data 34: one providing finer 
resolution from 2014 onward and another covering the period from 2009 to 2014 with 
coarser resolution (FAO, 2018b). The impact of this decision on the temporal patterns of 
ET analysis became evident to us only through our water accounting study of the Niger 
River Basin (FAO and IHE Delft, 2020, p. 38). We could have exercised greater caution 
regarding the limited temporal availability of satellite data and avoided modelling for the 
desired period continuously, which creates the illusion of long-term ET data suitable for 
historical analysis. However, the modelers appear to have prioritized their responsibility 
for the database requirements over these concerns. 

From the discussion above, we have demonstrated that while model configuration choices 
may be technically justified, they can have immense impacts on water assessments based 
on model outputs. These examples further highlight the importance of evaluating 
modelling decisions alongside case-specific assessments, rather than uncritically treating 
WaPOR data as an inherently reliable and continuous source for interpreting water fluxes. 
Moreover, we recognize that many consequences cannot be fully anticipated during the 
modelling process. This reflection reminds us that use of model results should not be 
presented as representing absolute truth but rather as contingent upon the assumptions, 
limitations, and context in which they were produced. 

6.4 PERCEPTION AND MANAGEMENT OF UNCERTAINTY 

Since uncertainties in modelling are inevitably present and, particularly in the case of 
satellite-based models, often exceedingly challenging to assess, sensitivity auditing 
encourages a critical examination of whether these uncertainties have been understated to 

 
33 The uncertainties due to spatial resampling and downscaling in satellite ET retrieval are especially challenging to 

evaluate and have only been studied in a few cases (see Chapter 2). 

34 This was a particular issue for the national level data. For continental level data, only the lower resolution was used, 

which does not show the same issue. 

https://www.zotero.org/google-docs/?Ok74ep
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make results appear more robust. To reflect on this question, we draw on our own 
experience using WaPOR data for water accounting, as well as insights from other users, 
to explore how uncertainty is perceived and managed within the WaPOR project. 

6.4.1 Data users 
As a WaPOR data user in the Netherlands, we conducted water accounting studies for 
five river basins (Litani, Jordan, Awash, Niger, and Nile) using WaPOR data as 
prescribed in the project’s terms of reference35. A simple basin water balance36 is the first 
step to check if the total amount of water entering the basin (precipitation) equals the 
amount leaving basin (ET, river discharge to the sea), accounting for any changes in 
storage. Our calculation for Litani using WaPOR data revealed an imbalance of 
approximately 20 % of precipitation. 

In response to this issue, an expert in the team, who had been previously a co-developer 
of ETLook (Pelgrum et al., 2010), explained that this was mostly due to bias in ET data, 
suggesting multiplying the basin ET value with a correction factor to close the water 
balance. The expert’s attributing water imbalance to ET inaccuracy suggests less 
confidence in this data than other components (precipitation and change in water storage). 
However, at that time, we had no clear understanding of this presumption and no possible 
explanation for the shortfalls of ETLook in this area. 

Later, thanks to the data acquired from the Litani River Basin Authority for another study 
(Matar, 2019), we found that by accounting for the huge amount of water diversion from 
the basin for hydropower generation and for domestic uses in Beirut (which cannot be 
observed with RS data), we could resolve this discrepancy without ‘correcting’ ET data. 
If this adjustment had been applied, we fear that it would have led to us making a 
substantial overestimation of agricultural water consumption in the Bekaa Valley, Litani, 
thereby misinterpreting the potential of reducing agricultural water use to improve WP at 
basin level. 

A similar pattern of scepticism and adjustment of ET values is also observed in the 
Egyptian Ministry of Water Resources and Irrigation (MWRI) in utilizing WaPOR data 

 
35 IHE Delft is responsible for implementing the project output ‘Assessment of the consequences and sustainability of 

possible increases in water productivity by means of water accounting’. This output has been delayed due to staff 

turnover at IHE. As we started our positions at IHE Delft in the middle of the WaPOR first phase, we took over these 

studies with very limited time for implementing them. 

36 Water balance assumes the principle of mass conservation, a common assumption in hydrology. Uncertainties arise 

due to measurement errors, unobserved water fluxes (such as deep percolation or water diversion by human). 

Discrepancies in water balance signal the need to check for these issues. 
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for a project to improve the management and use of water. El-Wattar (2022)’s interviews 
with MWRI officials revealed that data users exhibited a dual attitude toward WaPOR 
data, simultaneously appreciating its ET data while expressing scepticism regarding its 
accuracy when findings deviated from their expectations or estimation by other methods. 
Notably, one MWRI data user, tasked with designing a national monitoring system for 
water allocation, addressed uncertainty in the ET values from WaPOR by applying a 
similar approach suggested to us by the expert in the water accounting study of the Litani 
Basin: multiplying the ET values with different correction factors until the output aligned 
with her common-sense judgment (El-Wattar, 2022, p. 30). 

From the above, it can be inferred that the perception of uncertainty in the modelled ET 
values creates a tendency among data users to modify the data. Since users have neither 
access to the underlying ETLook model nor the technical capacity to re-run the model, 
the application of correction factors serves as an informal calibration process37. However, 
as shown in the case of Litani water accounting, this approach could introduce arbitrary 
bias, particularly when assumptions remain implicit and unverified, and potential 
alternative explanations are overlooked. In both cases, we contend that field data and local 
insights are crucial in explaining the uncertainties of using WaPOR data. Therefore, 
WaPOR data should be used in a complementary manner with field data to enhance the 
accuracy and contextual relevance of analyses. 

However, some applications of WaPOR data implicitly assume that satellite RS alone 
provides a superior or sufficient basis for decision-making at field level. For example, 
there have been some attempts to use WaPOR data to provide advisory services to farmers 
to irrigate their fields. The pioneering example is the PlantVillage mobile app, which was 
developed and introduced in Kenya by Penn State University (USA), “because they 
consider WaPOR a powerful instrument to provide open-access and reliable data for their 
extension/advisory work focusing on good practices of soil and moisture conservation” 
(FAO, 2020b, p. 37). The inclusion of access to the WaPOR database in this mobile app 
happened even before the first WaPOR data quality assessment had been published in 
2019. This early adoption gives a sense of trust in the reliability of the data by the institute 
and, at the same time, demonstrates their technical advantage in leveraging the, at that 
time, relatively underutilized API provided by FAO to enhance access to the database. 

In contrast, other cases of the field-level mobile app using WaPOR data faced significant 
challenges in adoption and trust. National institutions, such as the National Agricultural 
Research Centre in Jordan and the Institut National des Grandes Cultures (INGC) in 

 
37 Model calibration refers to the process of adjusting a model’s parameters to make its outcomes more accurate when 

compared to observation data (Oreskes et al., 1994). In this case, the data user introduced a new parameter (i.e., the 

correction factor) and the observation data is replaced with their own perception of the right ET amount. 



6.4. Perception and management of uncertainty 

 

138 

 

Tunisia, expressed low trust in WaPOR’s ETa data, due to the lack of validation at field 
level, so they used the ETo data 38  instead of ETa for the calculation of crop water 
requirement in their irrigation advisory mobile apps (Contractor et al., 2023). The ET-
based irrigation advice given by mobile app was not trusted and used by the farmers in 
Tunisia “as it asked them to irrigate when they did not have the water to do so” 
(Contractor et al., 2023, p. 45). Although using ETa could have provided a more realistic 
estimation of crop water needs, it still would not address broader constraints such as 
limited access to water and other essential agricultural inputs. This habitual reliance on 
model outputs, repackaged and disseminated as part of the WaPOR database, often occurs 
without “doing the right sums”39, highlighting that the consideration of methodological 
uncertainty is as important as technical uncertainty. 

6.4.2 Modelers and model users 
In the WaPOR project, both eLEAF modelers and model users have engaged in the quality 
assessment of the WaPOR database. During the second phase of the project, our team was 
responsible for evaluating the quality of version 3 data. This assessment encompasses all 
WaPOR data components, including biomass production, precipitation, and ETo. 
However, given that this chapter focuses on the ETLook model, we limit our discussion 
to our experience with ETa data. 

One of the main challenges in assessing data quality is acquiring reliable reference 
sources and field data for comparison with WaPOR data. As outlined in Chapter 2, the 
standard practice in evaluating remotely sensed data involves validation against ground 
measurements. In the case of satellite-based ETa estimation, the eddy covariance (EC) 
technique40 is considered the most reliable reference, as it is widely used for validation 
in the majority of studies (Chapter 2). However, in WaPOR’s target regions (Africa and 
Southwest Asia) the availability of such data is severely limited, both in spatial 
distribution and temporal coverage. For instance, FLUXNET includes only a few stations 
in these regions, and the temporal extent of the available datasets is often restricted to 
specific historical periods. While we acknowledge that no measurement technique is 
entirely free of bias and error, the lack of field data significantly hampers our ability to 

 
38 WaPOR’s ETo is calculated using the PM equation parameterized for a hypothetical reference crop in FAO-56 report 

(Allen et al., 1998).  

39 Rule 6 in sensitivity auditing is about asking whether the use of quantification is not foreclosing important alternative 

ways of problem framing while focusing on a narrow-defined problem (Saltelli et al., 2020) 

40 Eddy Covariance techniques estimate ET flux by measuring vertical wind speed and moisture concentration in the 

air mass at the sensor placed above the vegetation canopy.  

https://www.zotero.org/google-docs/?Po9Jdq
https://www.zotero.org/google-docs/?Po9Jdq
https://www.zotero.org/google-docs/?si0GKk
https://www.zotero.org/google-docs/?5TT50R
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evaluate satellite-based data quality. To mitigate this limitation, we supplemented our 
comparisons with flux site data by incorporating alternative data sources, including other 
models and methodologies. Our assessments are partial and inherently constrained by the 
extent of our knowledge about other available references and actual field conditions. 

During the development phase of version 3, we had several meetings with experts from 
eLEAF, as well as the FAO project manager and technical officer, to discuss potential 
adjustments to the database methodology based on data quality assessments. Based on 
these discussions, the eLEAF team conducted several runs of the model to test adjusted 
configurations and parameterizations in selected areas. The choice of these test areas was 
informed both by concerns over uncertainty in specific conditions (such as irrigation in 
semi-arid regions) and by the availability of reference data. Each team conducted 
independent evaluations of preliminary model outputs using a range of methods and data 
sources. 

The eLEAF team concentrated on comparisons with data from a limited number of EC 
sites, to which they had access through professional contacts. In discussions with a 
manager at eLEAF, she emphasized their primary objective: to determine whether the 
model’s results were ‘good enough’ and to identify areas for improvement. By testing the 
model at a few selected locations, they were able to evaluate its performance in specific 
contexts. However, a key unresolved issue remains: the extent to which a model calibrated 
for a handful of locations can be reliably applied across entire continents. 

Meanwhile, the FAO team focused on assessing the water balance of major river basins 
and comparing WaPOR data with outputs from other models. Through collaboration with 
a project funded by European Space Agency, the FAO team also facilitated the 
comparison of ETLook with another widely used model, TSEB, in case studies conducted 
in Tunisia, Lebanon, and Spain (Guzinski et al., 2021). This collaboration has led to 
methodological advancements, particularly in thermal data downscaling, which 
contributed to improvements in ETLook’s ability to model ETa at the field level. As part 
of this effort, the team developed an open-source version of ETLook, called pyWaPOR, 
which incorporates data processing and gap-filling functionalities (FAO, 2025a). 

While the quality assessment activities only provide a partial understanding of 
uncertainties, they demonstrate the significant effort and commitment of both modelers 
and data users to refining model outputs. As illustrated here, the primary focus of quality 
assessment has been on technical uncertainties, specifically inconsistencies between 
WaPOR data and reference datasets. This approach assumes that ET data accuracy can 
be statistically inferred from comparisons with field data. However, given the limited 
representativeness of available validation sites, even perfect alignment with field-level 
data at selected locations does not necessarily imply broader accuracy across diverse 
landscapes. Thus, while ongoing quality assessments contribute to improving the model’s 
robustness, uncertainty remains an inherent challenge. 
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The development of pyWaPOR presents a valuable opportunity to explore technical 
uncertainties in the modelling process by enabling quantitative experiments with different 
configurations, as well as uncertainty and sensitivity analyses. However, the 
computational demands of running ETLook over large geographic areas present a 
significant challenge for implementing these analyses across the entire WaPOR domain. 
Nevertheless, as an open-access model, ETLook invites users to implement and refine it 
according to their specific applications. To support this process, we have incorporated 
pyWaPOR into our training curriculum as part of the project. Our goal is to familiarize 
WaPOR data users with the concepts and methodologies involved in the modelling 
process, enhancing transparency and allowing earthly eyes to scrutinize the assumptions 
underpinning the model. 

6.5 CONCLUSIONS 

The emphasis on agricultural water use and the rising interest in water productivity among 
powerful nations and institutions, coupled with advancements in their capacity for 
satellite RS and ET modelling, has legitimized the use of satellite-based ETa models in 
developing a global database for monitoring WP. Inspired by the call for greater 
reflexivity in quantitative modelling, we have examined the socio-political context of 
utilizing the WaPOR data considering the uncertainties of employing the ETLook model. 
These include associated methodological uncertainties, problem framing, model selection, 
and configuration choices. Although alternative satellite-based ETa models exist, the 
socio-political commitments of the WaPOR project have led to the exclusive use of the 
ETLook model in specific configurations to meet prescribed requirements for the 
database. Furthermore, we examined how the uncertainties associated with WaPOR data 
are perceived and managed by various users and modelers. In applications such as water 
accounting and irrigation advisory, as well as in quality assessments conducted by 
modelers and model users, diverse approaches are employed to understand and assess 
uncertainty, with a predominant focus on technical dimensions. 

WaPOR represents a coordinated effort by governments and institutions to democratize 
access to RS by providing global satellite-based data for enhancing WP. However, neither 
improving WP nor simplifying access to data inherently result in more just and 
sustainable water management. Modelers, model users, and data users must critically 
evaluate uncertainties and, when necessary, adapt methodologies to local and context-
specific conditions, ensuring that the ‘eyes from space’ vision is effectively anchored in 
observations on the ground. This imperative arises not only because all methods 
inevitably contain errors that influence spatial and temporal WP evaluation, but also due 
to the broader political and societal implications of using WP concepts and satellite RS. 
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Recognizing that data derivation from satellite-based models involves subjective 
decisions and framing makes purely technical solutions less straightforward than it seems. 
Uncertainty research encourages exploring alternative data, model structures, and 
parameters in modelling. By explicitly admitting and addressing uncertainties, modelling 
can be more open and involve participation from data users, who would have more 
insights and knowledge about the actual condition in the area of interest. The retrieved 
ET data could have supported a wider array of applications beyond WP. Through 
contextual and methodological reflexivity in using the satellite-based model, we can 
create opportunities for alternative pathways toward a more just and sustainable approach 
to water management, both through and beyond increasing overall WP. 
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7 EPILOGUE 

 

 

This chapter summaries the main conclusions from the previous chapters and addresses 
the research questions in Chapter 1. Following that, this chapter provides the author’s 
personal reflection on the research leading to this dissertation. Finally, this chapter 
concludes with an outlook for future research. 
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7.1 MAIN CONCLUSIONS 

This dissertation assesses uncertainties in satellite-based estimation of ET from two 
perspectives, through both the literature (Part I) and the case study of the WaPOR-ET 
data product (Part II). 

First, methods for assessing uncertainty in satellite-based ETa estimates were identified 
and appraised through a systematic quantitative literature review (Chapter 2). This review 
indicates that efforts to assess uncertainties vary in methodology and are constrained by 
the availability of reference data. The most common method found in the literature is in-
situ validation against Eddy Covariance (EC) measurements. However, this primary 
approach faces a significant gap as EC data availability is heavily concentrated in North 
America and Europe. In regions where such in-situ measurements are limited, studies 
must rely on the residual in the water balance as a reference for validation. Even where 
EC data exists, persistent challenges remain across reviewed studies, including non-
closure of the energy balance and a space-time scale mismatch. Given the limits of in-situ 
validation, this research highlights the importance of applying diverse approaches, 
especially when validation datasets are limited. 

In addition, a meta-analysis of studies that validated satellite-based ETa estimates against 
EC measurements reveals the status of reported compound uncertainty in terms of the 
most employed metric, Root Mean Square Error (RMSE), and percent bias (PBIAS) 
(Chapter 3). While RMSE is the most employed metric, it is a measure of error variance 
and scale dependent. PBIAS represents systematic errors and is scale-independent, which 
would be more suitable for comparing uncertainties across studies. The meta-analysis 
found RMSE ranged from 0.01 to 6.65 mm⋅d−1, with a mean of 1.18 mm⋅d−1. For PBIAS, 
the overall mean is 6.8 ± 33 %, without a significant improvement over the past decade. 
This analysis also shows that bias in satellite-based ETa estimation can vary significantly 
across studies utilizing different model types. Therefore, continuous and consistent 
uncertainty assessment practice remains important for ET models, especially when they 
are applied to generate global data products. 

The general challenges of uncertainty assessment are exemplified in the WaPOR project 
(Part II), which presents an interesting case study for exploring the implications of 
uncertainties for applications in water management. The ETLook model, the core 
algorithm for generating the WaPOR-ET data, is the interface between satellite 
observation and derived ET data. The modelling choices in the ETLook model introduce 
methodological uncertainties when this model is applied worldwide. This is not merely a 
scientific issue as WaPOR-ET data products are among the most accessible high-
resolution ETa data in many regions and are supported by the FAO and various 
governments for use in tools that inform farmers and decision-makers, particularly Africa 
and Southwest Asia. To address these shortcomings, more diverse approaches were 
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proposed and later explored in Part II, including uncertainty propagation (Chapter 4) and 
triple collocation (Chapter 5), which offer the ability to quantify the spatiotemporal 
distribution of uncertainties. 

The ex-ante uncertainty assessment of input meteorological data (Chapter 4) is 
particularly relevant as WaPOR version 3 considers a change of input datasets. This 
assessment of reanalysis data (GEOS5, ERA5, and AgERA5) for Africa and Southwest 
Asia revealed that the largest differences between products occur in Central and Southern 
Africa and Southwest Asia, the very regions where in-situ validation data is scarcest.  It 
also found that, while air temperature and pressure align well with in-situ reference, the 
datasets tend to overestimate windspeed and solar radiation, and underestimate vapour 
pressure. The ex-post uncertainty assessment (Chapter 5) then validated the WaPORv3L1 
data product against 222 EC flux sites globally. The results showed the WaPORv3L1’s 
performance is generally comparable to other global products, with strong performance 
in continental and temperate climates. However, the performance was significantly 
reduced in dry and tropical regions and over challenging land covers like evergreen 
broadleaf forests and savannas. This finding confirms that compound uncertainty in 
satellite-based ETa estimates is highest in data-scarce regions, where they are more relied 
on. Relative uncertainty was evaluated using triple collocation analysis (TCA), which is 
valuable for revealing the spatial variation of uncertainty, where reference data is missing. 
However, the TCA results were overly optimistic, consistently underestimating RMSE 
and overestimating correlation coefficient compared to in-situ validation. The reliability 
of TCA was found to be highly dependent on data selection, with common input data 
having a greater influence than common model structure. 

Finally, Chapter 6 explored the implications of uncertainties in a satellite-based ETa data 
product for its applications by investigating the problem framings that influence the 
model choices and configurations, the observed impacts of these choices, and how 
uncertainties were perceived and managed within the WaPOR project. It shows how these 
subjective factors are bound by the socio-techno-political context of the WaPOR project. 
The emphasis on agricultural water use and water productivity by powerful nations and 
institutions legitimized the development of the WaPOR database and choices that 
configure the ETLook model to meet the prescribed requirements of the WaPOR database. 
Uncertainties are mainly perceived and managed by users and modelers predominantly 
as a technical problem, often overlooking the politically charged standpoint of governing 
water as a resource intended for optimized productivity. 

While some uncertainty arising from technical sources can be quantified partially, other 
sources of uncertainties stem from subjective factors that cannot be quantified. Therefore, 
uncertainty quantification is partial and subjective and should only be used to indicate 
areas for improvement and caution. Moreover, uncertainty assessments are contingent on 
the specific methods, reference data, and methodological choices employed. Therefore, 
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modelers and data users must critically evaluate uncertainties, adapt methodologies to the 
specific context, and reflect on the implications for the specific application of the data. 

7.2 OUTLOOK  

7.2.1 Development of data quality information 
The Committee on Earth Observation Satellites (CEOS)’s Quality Assurance Framework 
for Earth Observation (QA4EO; http://qa4eo.org/; last access: 19/11/2025) defines five 
validation stages, from Stage 0 (Product accuracy has not been assessed) to Stage 4 
(Uncertainty quantification and characterization are systematically updated when new 
product version is released and as the time-series expands) (Gruber et al., 2020). This 
framework should be used to guide the data quality assessment efforts for satellite-based 
ETa data products, including WaPOR and those similar to it. According to this framework, 
the quality assessment of WaPORv2 has reached Stage 2, which implies that product 
accuracy is estimated  over a considerable set of locations and time periods, and the spatial, 
temporal, and product-to-product consistency with similar data products has been 
evaluated (Blatchford et al., 2020b; FAO, 2021). 

This dissertation contributes to the validation Stage 3 of WaPORv3 by: (1) quantifying 
uncertainties in the product through in-situ validation; (2) propagating uncertainties from 
meteorological analysis; and (3) characterizing uncertainties over multiple locations and 
time periods through triple collocation analysis with similar products. Further 
development of the WaPOR database should incorporate these estimated uncertainties as 
data quality layers. For instance, these data quality layers could include the uncertainties 
estimated by propagating uncertainties in meteorological forcings (Chapter 4) and those 
derived from triple collocation analysis with other data products (Chapter 5). Such 
complementary data quality layers would guide users on the reliability of data products 
within their regions of interest. 

The WaPORv3 data quality layers report data gaps in the Normalized Difference 
Vegetation Index (NDVI) and Land Surface Temperature (LST) inputs as an indicator of 
the data quality. The assumption is that high data quality when these input gaps are 
minimal or absent. As shown in this research, this assumption is often invalid when the 
primary source of uncertainty originates elsewhere, such as in meteorological data or the 
ETLook model itself. Therefore, data quality information should be expanded to include 
insights from this research’s ex-ante and ex-post uncertainty assessments. More 
importantly, qualitative information, such as known issues and user feedback on specific 
applications, should be made publicly available on the data repository. This transparency 
would complement the quality assessment reports and highlight areas for continuous 
improvement, especially for areas lacking in-situ validation. 
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The Copernicus Land Monitoring Service (CLMS) has recently adopted the ETLook 
model, as well as the TSEB-PT model, for the generation of a global ET data product 
(Guzinski et al., 2025). The CLMS ET data product continues the effort of the WaPOR 
project in providing global ET data product at 300 m and dekadal resolution. The 
validation of the CLMS prototype data product was limited in tropical climates, where 
the number of cloud-free satellite images is the lowest (Guzinski et al., 2025). The 
uncertainty assessment methods applied in this dissertation could be useful for quality 
assessment of the CLMS ET product. First, the techniques detailed in Chapter 4 and 
Chapter 5 can provide uncertainty estimates spatially even in regions lacking in-situ data. 
Second, these methods can be implemented over continental and global extents using 
relatively low computational resources, making them suitable for operational data 
products. 

7.2.2 Improving ex-ante uncertainty assessment 
Sources of uncertainty that are outside the scope of previous chapters include the 
calibration and validation of raw satellite imagery. Addressing these uncertainties would 
greatly increase the scope of research beyond ET estimation to include the satellite 
observations themselves. Including uncertainties from raw satellite imagery poses 
challenges in estimating prior uncertainty, as this often requires assumptions regarding 
their probability distribution. One approach is to make assumptions about the uncertainty 
distribution of NDVI (e.g., normally distributed with zero mean and constant variance 
across temporal and spatial domains) and propagate these through the ETa model. 
However, these uncertainties can be spatially variable (e.g., LST uncertainty), similar to 
meteorological forcings (Chapter 4). 

Uncertainties in satellite observation, such as reflectance and brightness temperature, 
depend on the inverse solution of Radiative Transfer Models (RTMs), which simulates 
how radiation propagates through and interacts with different media, such as the 
atmosphere, vegetation, or soil (Gallucci et al., 2024). Uncertainties in RTMs are also 
dynamic, stemming from a combination of input data variability, model approximations, 
and external factors that change over time and space (Gallucci et al., 2024; Gorroño et al., 
2024). Therefore, further ex-ante uncertainty assessments should investigate other critical 
inputs to ETa models, including satellite-based LST and vegetation indices. 

7.2.3 Improving ex-post uncertainty assessment 
To advance ex-post uncertainty assessment methods, future research should prioritize 
several areas, focusing on advancing triple collocation techniques. This includes applying 
Multiple Collocation or Extended Collocation for satellite-based estimation of ETa, for 
example, building on frameworks developed in the soil moisture community (Gruber et 
al., 2020). Future work should also use Extended Collocation (Gruber et al., 2016a) to 
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quantify the impact of non-zero error cross-correlation between datasets. Concurrently, 
efforts to improve validation references should be continued, especially through the 
development of benchmark datasets at field/pixel scale (similar to the OpenET 
benchmark). Such datasets should be operationalized and continuously updated for use in 
the uncertainty assessment of extended and updated data products. 

Recent research and development efforts in remote sensing are focused on improving 
spatiotemporal resolution, driven by advances in missions, including ECOSTRESS 
(Ecosystem Spaceborne Thermal Radiometer Experiment on Space Station), SBG 
(Surface Biology and Geology) (Hook, 2025), LSTM (The Copernicus Land Surface 
Temperature Monitoring) (Courtier et al., 2025), TRISHNA (Thermal infrared Imaging 
Satellite for High-resolution Natural resources Assessment) (Hagolle et al., 2025), and 
Landsat Next (Roy et al., 2026). In addition, small satellite constellations, such as 
Hydrosat (Hydrosat, 2023) and Copernicus Contributing Missions (Copernicus Data 
Space Ecosystem, 2025), are increasingly used for field-scale applications. Therefore, 
further improvements in ex-ante and ex-post uncertainty assessment methods are needed 
to also address the challenges of evaluating satellite-based ETa estimates at high 
resolution (less than 100 m). 

7.3 REFLECTIONS 

7.3.1 Ontological and epistemological commitments 
Knowledge creation is fundamentally shaped by ontology and epistemology. Ontology 
defines what exists and what is recognized as a meaningful subject of knowledge. 
Epistemology defines what can be known, how it can be known, and what counts as valid 
knowledge. To critically reflect on my ontological and epistemological commitments, I 
initially formulated two questions: 

• How do I know uncertainty exists in satellite remote sensing? 

• How do I conceptualize and acquire knowledge about uncertainty? 

As a practitioner of water accounting (defined here as the systematic acquisition of 
information about water fluxes, flows, and storage), I used satellite remote sensing data 
products for three years prior to this PhD research. Through this practical experience, I 
was exposed to the inconsistencies between various satellite-based data products and 
other sources of data. These discrepancies lead to scepticisms and doubts among data 
users (including myself) regarding the information these data products represent. I 
interpreted these observed inconsistencies and doubts as ‘uncertainty’. This heuristic 
interpretation serves as my ontological commitment to the existence of uncertainties in 
satellite-based data. 
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Regarding the conceptualization of uncertainty and the nature of knowledge about it, I 
applied my prior training in probability, statistics, and hydrology. I conceptualized 
uncertainty as the probability distribution of errors derived from repeated measurements. 
Consequently, the uncertainty of a dependent variable can be propagated from the 
uncertainties in independent variables. However, the applicability of probability theory is 
limited in the field of remote sensing for several reasons. First, every satellite retrieval 
constitutes a single, one-time measurement. There are no practical repeated 
measurements of surface reflectance or radiometric temperature at the specific time of 
satellite overpass. While pre-mission calibration can estimate uncertainty in satellite 
retrieval, this process does not fully account for conditions onboard satellites or 
throughout the mission lifespan. Second, space agencies still face challenges in providing 
rigorous uncertainty estimates for derived data products that extend beyond the sensor 
specification (e.g., the accuracy of a Thermal Infrared (TIR) sensor calibrated in lab 
conditions). Without reliable uncertainty estimates for satellite retrieval (e.g., the 
accuracy of a TIR sensor in mission conditions), probability theory would propagate 
uncertainty estimates that are not grounded in measured or validated statistics. 

Acknowledging these limitations, my adoption of probability theory represents an 
epistemological commitment to this dominant approach to uncertainty within the natural 
sciences and technology. Within the probability framework, uncertainty assessment is 
intrinsically a modelling practice, which entails conceptualization (of uncertainty), 
formalization (selection of appropriate models and parameters), implementation, and 
evaluation of the estimated uncertainties. Therefore, the outputs of uncertainty assessment 
are also contingent upon these modelling choices. For that reason, I chose to explore and 
compare several uncertainty assessment methods (Chapter 4 and 5), while also analysing 
the methods and results detailed in the literature (Chapter 2 and 3). 

The value of probability theory lies in its ability to offer a quantitative approach for 
assessing how substantial or negligible uncertainty is, typically by examining standard 
errors or the spread of the probability distribution. However, this type of uncertainty 
information is not directly actionable and requires a decision-support model to relate the 
uncertainty information to optimal actions and the probability of consequences (Gruber 
et al., 2025). Furthermore, there are facets of uncertainty that cannot be described by 
probability theory, such as complete ignorance (total lack of information), ambiguity 
about which model to use, and subjective modelling choices (Beven, 2016; Melsen et al., 
2019). This study applied this epistemology of uncertainty to improve understanding and 
support its effective operationalization in practice. However, uncertainty quantification 
does not aim to reduce or eliminate uncertainties; instead, it allows for reflection on the 
limits of knowledge. 
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7.3.2 Interdisciplinary research 
During the final two years of my PhD research, I participated in several interdisciplinary 
programs, including the Constructive Advanced Thinking program, the Situated 
Hydrological Modelling summer school at IRI THESys (Integrative Research Institute on 
Transformations of Human-Environment Systems), and the Decolonising Science course 
at IHE Delft. These opportunities facilitated interdisciplinary conversations regarding the 
practices and impacts of remote sensing and quantitative modelling. The outcomes of this 
engagement were twofold. First, the disagreements and points of confusion encountered 
in these conversations helped to situate my research within the specific context of the 
WaPOR project and its broader social and political dimensions. Second, this process led 
to a reflection on my own previously discussed ontological and epistemological 
commitments. 

My collaboration with two human geographers and a political scientist within the 
Constructive Advanced Thinking program focused on investigating the practices of 
modelling in water governance (Alba et al., 2025a). Through this interdisciplinary 
engagement, I was introduced to concepts such as reflexivity (Krueger and Alba, 2022), 
power sensitivity (ter Horst et al., 2023), and situated modelling (Klein et al., 2024). The 
primary outcome of this collaboration was our proposal to engage with the power of 
models by situating modelling practices (Alba et al., 2025b). We argued that situating 
modelling within its broader context entails examining where and how models are 
produced, who develops and applies them, for whom they are intended, and how their 
results shape reality.  

In Chapter 6, I operationalized reflexivity to investigate methodological uncertainties 
inherent in satellite-based estimation of ET, specifically those uncertainties that cannot 
be quantified. These reflections shifted the focus from the limitations of technical 
uncertainty assessment methods discussed in Chapter 1 to the methodological 
uncertainties that remain unaddressed in literature. This approach also helps to interrelate 
quantified uncertainty with unquantifiable uncertainty, without integrating them into a 
single unified framework. 
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APPENDICES 
Appendix A SUPPLEMENTARY INFORMATION FOR CHAPTER 2 

Table A-1. Methods to measure Evapotranspiration (ET) or Latent Heat Flux (LE). 
N/A: Not Applicable. 

Method Instruments Measurement Intermediate 
calculations 

Method to 
derive ETa or 

LE 

E
dd

y 
co

va
ri

an
ce

 (E
C

) Infrared Gas 
Analyser (IRGA) 
 

Water vapor 
concentration 
 

Calculation of 
mixing ratio of 
water vapor and 
dry air 

Derivation of 
LE from eddy 
covariance 
using 
Reynolds 
averaging 
(Foken et al., 
2012; 
Montgomery, 
1948) 

Sonic 
anemometer 

3-direction 
wind speed 
 

Calculation of 
covariance of 
vertical wind 
velocity and 
mixing ratio 

L
ys

im
et

ry
 

Weighing 
lysimeter, 
Drainage 
lysimeter or Soil 
water content 
sensor (e.g. 
neutron probe) 

Soil weight or 
Soil water 
content 

Calculation of 
change in soil 
water storage 

Derivation of 
ET as residual 
of soil water 
balance (e.g., 
Teuling, 2018) 

Rain gauge 
 

Rainfall Calculation of 
water inflow 

Flow meter Irrigation 

Sc
in

til
lo

m
et

ry
 

 

Large Aperture 
Scintillometer 
(LAS) 
• Transmitter 
• Detector   

Log-variance 
of the intensity 
variations of 
the received 
light beam 
signals 
 

Calculation of 
structure 
parameters of 
refractive index, 
temperature, 
specific 
humidity 

Derivation of 
sensible heat 
(H) and Latent 
heat flux (LE) 
based on 
Monin-
Obukhov 
Similarity 
Theory 
(Beyrich et al., 
2021; Frehlich, 
1992; Hill, 
1997) 

Temperature 
probe 

Air 
temperature at 
different 
heights 

Determination 
of sensible heat 
(H) direction 
based on 
temperature 
gradient 
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B
ow

en
 r

at
io

 e
ne

rg
y 

ba
la

nc
e 

(B
R

E
B

) 

Temperature 
probe, Relative 
humidity probe, 
Barometer 

Gradient of 
atmospheric 
temperature, 
air moisture 
content (actual 
water vapor 
pressure) 
 

Calculation of 
Bowen ratio 
 
 

Derivation of 
H and LE from 
Bowen ratio 
and surface 
energy balance 
 

Net radiometer, 
Wind speed and 
direction sensor 

Net radiation 
 
 

Calculation of 
sum of H and 
LE from surface 
energy balance 
equation 

Soil heat flow 
plates, Soil 
moisture probe 

Soil heat flux 

Su
rf

ac
e 

re
ne

w
al

 
(S

R
) 

Fine-wire 
thermocouple 

High 
frequency 
temperature 
fluctuation 

Calculation of 
sensible heat (H) 
based on a 
solution of the 
scalar 
conservation 

Derivation of 
LE as residual 
of surface 
energy balance 
(Paw U et al., 
1995) 

Net radiometer, 
Wind speed and 
direction sensor 

Net radiation 
 
 

Calculation of 
sum of H and 
LE from surface 
energy balance 
equation 

Soil heat flow 
plates, Soil 
moisture probe 

Soil heat flux 

A
dv

ec
tio

n-
ar

id
ity

 
(A

A
) 

Anemometer 
Pressure sensor 
Thermometer 
Hygrometer 

Windspeed 
Air pressure 
Air 
temperature 
Relative 
humidity 

Calculation of 
wet surface ET 
(P-T), potential 
ET (Penman), 
and relative 
evaporation 

Derivation of 
ET based on 
complementar
y relationship 
(Brutsaert and 
Stricker, 1979)  

C
om

bi
na

to
ry

 m
et

ho
d 

(C
M

) 

Anemometer 
Pressure sensor 
Thermometer 
Hygrometer 
 

Windspeed 
Air pressure 
Air 
temperature 
Relative 
humidity 

Calculation of 
LE and H 
without stability 
correction 

Derivation of 
LE using 
stability 
correction 
(Thom et al., 
1975; Zhong et 
al., 2019) Temperature 

probe, 
Net radiometer 

Net radiation 
Soil heat flux 

Calculation of 
stability 
function 
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FA
O

-5
6 

C
ro

p 
co

ef
fic

ie
nt

 
Net radiometer 
Anemometer 
Pressure sensor 
Thermometer 
Hygrometer  

Net radiation 
Windspeed 
Air pressure 
Air 
temperature 
Relative 
humidity 
 

Calculation of 
FAO-56 
potential ET for 
a reference crop 
 
 

Derivation of 
ET using crop 
coefficients 
(*need crop 
information) 
(Allen et al., 
1998) 

E
va

po
ra

tio
n 

pa
n  

Class A pan Depth of water 
evaporated 

Calculation of 
evaporation of 
open water  

N/A 

Sa
p 

flo
w

 
 

Thermal 
dissipation probe 

Movement of 
xylem sap 

Calculation of 
plant 
transpiration (Lu 
et al., 2004) 

N/A 
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Appendix B SUPPLEMENTARY INFORMATION FOR CHAPTER 3 

Table B-1. Metrics used for uncertainty assessment in the reviewed articles in the 
systematic quantitative literature review. 

Name Formula Unit Best 
value 

Standard 
deviation (𝜎𝜎𝑦𝑦) 

𝜎𝜎𝑦𝑦 = �
1
𝑁𝑁
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2
𝑁𝑁

𝑖𝑖=1

 

𝑦𝑦𝑖𝑖: estimate from remotely sensed data 
𝑥𝑥𝑖𝑖: estimate of in-situ data 

𝑦𝑦�: average of 𝑦𝑦𝑖𝑖 

Unit of x 0 

Variance (𝜎𝜎𝑦𝑦2) 𝜎𝜎𝑦𝑦2 =
1
𝑁𝑁
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2
𝑁𝑁

𝑖𝑖=1

 Squared 
unit of x 0 

Mean error (ME), 
Mean bias error 

(MBE), Bias 

ME =
1
𝑁𝑁
�𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖

𝑁𝑁

𝑖𝑖=1

 

𝑥𝑥𝑖𝑖: estimate of in-situ data 

Unit of x 0 

Relative error 
(RE) or Mean 

error percentage 
(MEP) or Percent 

Bias (PBIAS) 

PBIAS = MEP =
ME
𝑥̅𝑥

× 100 % 0 

Normalized mean 
bias (NMB) NMB =

ME
𝜎𝜎𝑥𝑥

 - 0 

Mean absolute 
error (MAE) or 
mean absolute 

difference 
(MAD) 

MAE =
1
𝑁𝑁
�|𝑥𝑥𝑖𝑖−𝑦𝑦𝑖𝑖|
𝑁𝑁

𝑖𝑖=1

 Unit of x 0 

Mean absolute 
percentage error 
(MAPE) or mean 

absolute 
percentage 
difference 
(MAPD) 

MAPE =
MAE
𝑥̅𝑥

× 100 
 

MAPE =
1
𝑁𝑁∑ |𝑥𝑥𝑖𝑖−𝑦𝑦𝑖𝑖|𝑁𝑁

𝑖𝑖=1

𝑥̅𝑥
× 100 

 
 

% 0 
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Pearson’s 
coefficient of 
correlation (𝜌𝜌) 

𝜌𝜌 =
𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦)
𝜎𝜎𝑥𝑥𝜎𝜎𝑦𝑦

=
∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥)(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)𝑁𝑁
𝑖𝑖=1

�∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥)2𝑁𝑁
𝑖𝑖=1 ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2𝑁𝑁

𝑖𝑖=1

 
- 1 

Regression 
coefficient:  slope 

(𝑎𝑎) 
𝑎𝑎 =

𝑁𝑁∑ (𝑥𝑥𝑖𝑖𝑦𝑦𝑖𝑖)𝑁𝑁
𝑖𝑖=1 ∑ (𝑥𝑥𝑖𝑖)𝑁𝑁

𝑖𝑖=1 ∑ (𝑦𝑦𝑖𝑖)𝑁𝑁
𝑖𝑖=1

𝑁𝑁∑ (𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1 (∑ (𝑥𝑥𝑖𝑖)𝑁𝑁

𝑖𝑖=1 )2  - 1 

Regression 
coefficient: 
intercept 𝑏𝑏 

𝑏𝑏

=
∑ (𝑦𝑦𝑖𝑖)𝑁𝑁
𝑖𝑖=1 ∑ (𝑥𝑥𝑖𝑖)2𝑁𝑁

𝑖𝑖=1 − ∑ (𝑥𝑥𝑖𝑖)𝑁𝑁
𝑖𝑖=1 ∑ (𝑥𝑥𝑖𝑖𝑦𝑦𝑖𝑖)𝑁𝑁

𝑖𝑖=1

𝑁𝑁 ∑ (𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1 (∑ (𝑥𝑥𝑖𝑖)𝑁𝑁

𝑖𝑖=1 )2  - 0 

Coefficient of 
determination 

(𝑅𝑅2) 

𝑅𝑅12 = 1 −
∑ (𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1
∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥)2𝑁𝑁
𝑖𝑖=1

 - 1 

𝑅𝑅22 =
∑ (𝑦𝑦𝑖𝑖 − 𝑥̅𝑥)2𝑁𝑁
𝑖𝑖=1

∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥)2𝑁𝑁
𝑖𝑖=1

 - 1 

𝑅𝑅62 = 𝜌𝜌2 =
�∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥�)�𝑦𝑦𝑖𝑖 − 𝑦𝑦��𝑛𝑛

𝑖𝑖=1 �
2

(∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥�)2𝑛𝑛
𝑖𝑖=1 ) �∑ �𝑦𝑦𝑖𝑖 − 𝑦𝑦��

2𝑛𝑛
𝑖𝑖=1 �

 - 1 

𝑅𝑅72 = 1 −
∑ (𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1
∑ (𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1

 - 1 

Mean squared 
error (MSE) MSE =

1
𝑁𝑁
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 Unit of x 0 

Systematic MSE 
MSE𝑠𝑠 =

1
𝑁𝑁
�(𝑦𝑦�𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

𝑦𝑦�𝑖𝑖: estimate of 𝑦𝑦𝑖𝑖 based on the ordinary 
least-squares regression 𝑦𝑦�𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑥𝑥𝑖𝑖 

Squared 
unit of x 0 

Unsystematic 
MSE 

MSE𝑢𝑢 =
1
𝑁𝑁
�(𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

𝑦𝑦�𝑖𝑖: estimate of 𝑦𝑦𝑖𝑖 based on the ordinary 
least-squares regression 𝑦𝑦�𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑥𝑥𝑖𝑖 

Squared 
unit of x 0 

Root mean 
squared error 

(RMSE) 
RMSE = �

1
𝑁𝑁
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 Unit of x 0 

Systematic RMSE 
sRMSE = �

1
𝑁𝑁
�(𝑦𝑦�𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

𝑦𝑦�𝑖𝑖: estimate of 𝑦𝑦𝑖𝑖 based on the ordinary 
least-squares regression 𝑦𝑦�𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑥𝑥𝑖𝑖 

Unit of x 0 
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Unsystematic 
RMSE 

usRMSE = �
1
𝑁𝑁
�(𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

𝑦𝑦�𝑖𝑖: estimate of 𝑦𝑦𝑖𝑖 based on the ordinary 
least-squares regression 𝑦𝑦�𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑥𝑥𝑖𝑖 

Unit of x 0 

Normalized 
RMSE or 

fractional RMSE 
nRMSE =

RMSE
𝜎𝜎𝑥𝑥

 - 0 

Relative RMSE rRMSE =
RMSE
𝑥̅𝑥

× 100 % 0 

Centred or 
Unbiased RMSE uRMSE = �

1
𝑁𝑁
�[(𝑥𝑥𝑖𝑖 − 𝑥̅𝑥) − (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)]2
𝑁𝑁

𝑖𝑖=1

 Unit of x 0 

Coefficient of 
variation (CV) 

𝐶𝐶𝐶𝐶𝑦𝑦 =  
𝜎𝜎𝑦𝑦
𝑦𝑦�

 -  

Nash-Sutcliffe 
Efficiency (NSE) NSE = 1 −

∑ (𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖)2𝑁𝑁
𝑖𝑖=1
∑ (𝑥𝑥𝑖𝑖 − 𝑥̅𝑥)2𝑁𝑁
𝑖𝑖=1

 - 1 

Index of 
agreement (𝑑𝑑2) 

𝑑𝑑2 = 1 −
∑ 𝜔𝜔𝑖𝑖(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2𝑁𝑁
𝑖𝑖=1

∑ 𝜔𝜔𝑖𝑖(|𝑦𝑦𝑖𝑖 − 𝑦𝑦�| + |𝑥𝑥𝑖𝑖 − 𝑥̅𝑥|)2𝑁𝑁
𝑖𝑖=1

 

𝜔𝜔𝑖𝑖: irregularly weight that represent relative 
size of the ith interval or cell size. 

- 1 

Modified index of 
agreement (𝑑𝑑1) 

𝑑𝑑1 = 1 −
∑ 𝜔𝜔𝑖𝑖|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|𝑁𝑁
𝑖𝑖=1

∑ 𝜔𝜔𝑖𝑖(|𝑦𝑦𝑖𝑖 − 𝑦𝑦�| + |𝑥𝑥𝑖𝑖 − 𝑥̅𝑥|)𝑁𝑁
𝑖𝑖=1

 

𝜔𝜔𝑖𝑖: irregularly weight that represent relative 
size of the ith interval or cell size. 

- 1 

Taylor skill score 
(TSC) 

TSC =
4(1 + 𝜌𝜌)

�𝜎𝜎�𝑓𝑓 + 1
𝜎𝜎�𝑓𝑓
�
2

(1 + 𝜌𝜌0)
 

𝜎𝜎�𝑓𝑓 =
𝜎𝜎𝑦𝑦
𝜎𝜎𝑥𝑥

 

𝜌𝜌0:   Maximum attainable correlation (𝜎𝜎�𝑓𝑓 →
1,  𝜌𝜌   → 𝜌𝜌0) 

 

- 4 

Kling-Gupta 
Efficiency (KGE) 

KGE

= 1 −�(𝜌𝜌 − 1)2 + �
𝜎𝜎𝑦𝑦
𝜎𝜎𝑥𝑥
− 1�

2
+ �

𝑦𝑦�
𝑥̅𝑥
− 1�

2
 

- 1 

Standard error 
(SE) 

SE = �∑ (𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖)2𝑁𝑁
𝑖𝑖=1
𝑁𝑁 − 1

 

 

Unit of x 
and y 0 
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Similarity index 
(𝛺𝛺) 

𝛺𝛺 =
𝑚𝑚𝜎𝜎𝑏𝑏2 − 𝜎𝜎2

(𝑚𝑚− 1)𝜎𝜎2
 

 
𝑚𝑚: number of ensemble members 
𝜎𝜎2: total variance of all members 

concatenated 
𝜎𝜎𝑏𝑏2: variance of the time series that results 

from calculating the ensemble mean of each 
time step 

- 1 

Spatial Efficiency 
(SPAEF) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

= 1 −�(𝜌𝜌 − 1)2 + �
𝐶𝐶𝐶𝐶𝑦𝑦
𝐶𝐶𝐶𝐶𝑥𝑥

− 1�
2

+ (𝛾𝛾 − 1)2 

𝛾𝛾 =
∑ min(𝐾𝐾𝑖𝑖, 𝐿𝐿𝑖𝑖)𝑁𝑁
𝑖𝑖=1
∑ 𝐾𝐾𝑖𝑖𝑁𝑁
𝑖𝑖=1

 

𝛾𝛾: histogram matching term 
𝐾𝐾: histogram of reference map 
𝐿𝐿: histogram of simulated map 

- 1 

Median 
symmetric 

accuracy (MSA) 

MSA = 100�𝑒𝑒𝑀𝑀(|(𝑄𝑄)|) − 1� 
M: median of the data 

𝑄𝑄 =
𝑦𝑦
𝑥𝑥

 
% 0 

Degree 
correlation (𝑟𝑟𝑙𝑙) 

𝑟𝑟𝑙𝑙 =
1
𝜂𝜂
��𝐶𝐶𝐴𝐴𝑙𝑙𝑙𝑙𝐶𝐶𝐵𝐵𝑙𝑙𝑙𝑙 + 𝑆𝑆𝐴𝐴𝑙𝑙𝑙𝑙𝑆𝑆𝐵𝐵𝑙𝑙𝑙𝑙�
𝑙𝑙

𝑚𝑚=0

 

𝜂𝜂

= ���𝐶𝐶𝐴𝐴𝑙𝑙𝑙𝑙
2 + 𝑆𝑆𝐴𝐴𝑙𝑙𝑙𝑙

2 �
𝑙𝑙

𝑚𝑚=0

���𝐶𝐶𝐵𝐵𝑙𝑙𝑙𝑙
2 + 𝑆𝑆𝐵𝐵𝑙𝑙𝑙𝑙

2 �
𝑙𝑙

𝑚𝑚=0

 

𝐶𝐶𝐴𝐴𝑙𝑙𝑙𝑙 and 𝑆𝑆𝐴𝐴𝑙𝑙𝑙𝑙 are spherical harmonic 
coefficients of degree 𝑙𝑙 and order 𝑚𝑚 of 

dataset A 
𝐶𝐶𝐵𝐵𝑙𝑙𝑙𝑙 and 𝑆𝑆𝐵𝐵𝑙𝑙𝑙𝑙 are spherical harmonic 
coefficients of degree 𝑙𝑙 and order 𝑚𝑚 of 

dataset B 

- 1 
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Figure B-1. PBIAS (%) in satellite-based ETa estimates categorized by model type. (a) 
The box-and-whisker plot represents the 5th, 25th, 50th (median), 75th, and 95th 

percentiles of the distribution. (b) Dunn’s post-hoc test results at a significant level of 
α = 0.05 (significant p-values marked with **). 
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Table B-2. Comparison of PBIAS (%) in satellite-based ET estimates resulting from 
different treatments of energy balance closure of EC flux measurement. 

Reference Energy balance 
closure treatment 

PBIAS (%) 

N mean std min max 

(Liaqat and Choi, 2015) 

Unclosed 10 91.5 27.4 50.7 142.4 
Energy residual 10 -29.8 17.7 -58.1 -8.0 
Bowen ratio 10 7.1 15.4 -11.5 33.2 
Linear regression 10 17.7 10.2 6.3 36.8 

(Sur et al., 2015) 
Unclosed 2 -4.5 2.2 -6.1 -3.0 
Bowen ratio 2 -0.2 0.6 -0.7 0.2 

(Byun et al., 2014) 
Unclosed 12 106.4 97.5 2.4 278.0 
Energy residual 12 -33.5 14.0 -56.8 -8.7 
Bowen ratio 12 -9.4 22.9 -46.3 22.3 

(Hwang and Choi, 2013) 
Unclosed 4 -88.5 46.0 -129.5 -26.5 
Bowen ratio 4 -24.2 30.2 -51.1 16.5 

(Knipper et al., 2020) 
Unclosed 8 45.7 21.2 15.1 71.0 
Bowen ratio 8 24.4 10.3 15.8 40.8 

(Guzinski et al., 2020) 
Energy residual 4 -3.5 18.0 -23.1 12.2 
Bowen ratio 4 37.8 27.3 7.6 61.2 

(Knipper et al., 2019) 
Unclosed 3 26.7 6.4 20.4 33.2 
Energy residual 3 -1.5 3.2 -4.6 1.8 

(Liaqat and Choi, 2017) 
Unclosed 4 58.0 50.3 12.5 125.6 
Energy residual 4 -29.4 9.7 -39.7 -17.9 
Bowen ratio 4 -9.4 19.6 -26.8 18.7 

(Michel et al., 2016) 
Unclosed 16 46.1 57.8 -17.9 160.2 
Energy residual 16 21.4 53.8 -34.2 148.6 

(Feng and Wang, 2013) 
Unclosed 4 40.5 31.5 6.7 82.4 
Energy residual 4 -13.1 15.3 -31.1 3.1 
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Appendix C  ETLOOK INPUT DATA DESCRIPTION 

Table C-1. The required variables in the WaPOR-ETLook model and the corresponding 
input data that are pre-processed to obtain these variables. Source: The WaPOR 

methodology report (FAO, 2020) and WaPOR data manual (FRAME, 2020). A spatio-
temporal variable varies in both space and time. A static variable varies spatially but not 

temporally. *The required variables are derived from reference values of each land 
cover type in look-up tables, which are roughly estimated in the literature. 

Input data ETLook required variables 

Type Datasets Variables Spatio-
temporal Static 

Satellite 
sensors 

Surface 
reflectance 

Normalised Difference 
Vegetation Index ●  

Surface albedo ●  
Latitude, longitude  ● 

Land surface 
temperature Daily land surface temperature ●  

Static 
input data 

Digital 
Elevation 

Model 

Elevation  ● 
Slope  ● 
Slope aspect  ● 

Land Cover* 

Minimum soil resistance  ● 
Minimum stomatal resistance  ● 
Observation height  ● 
Maximum light use efficiency  ● 

Climate 
reanalysis 

Air pressure at 
sea level 

Daily air pressure ●  
Hourly air pressure ●  

Temperature at 
2m 

Daily air temperature ●  
Hourly air temperature ●  
Yearly air temperature amplitude  ● 
Yearly air temperature optimum  ● 

Windspeed Daily windspeed ●  
Hourly windspeed ●  

Relative 
humidity 

Daily specific humidity ●  
Hourly specific humidity ●  

Precipitation Daily precipitation ●  
Shortwave 
radiation 

Daily solar radiation ●  
Daily atmospheric transmissivity ●  

Globally 
calibrated 

FAO-56 Longwave radiation slope  ● 
FAO-56 Longwave radiation offset  ● 
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There are two types of variables in WaPOR-ETLook: static variables and spatio-temporal 
variables. Static variables refer to quantities or characteristics that are considered constant 
at all times and varied in space (e.g. elevation), and spatio-temporal variables are those 
that varied in space and time. The spatio-temporal variables derived from satellite sensors 
are land surface temperature and surface reflectance, which are used to calculate NDVI 
and surface albedo. Like most satellite-based ET models, ETLook requires 
meteorological data (e.g., wind speed, air temperature, air pressure, relative humidity) to 
constrain the total available energy (Rn – G). The operational WaPOR-ETLook model 
obtains spatio-temporal meteorological variables from global climate reanalysis (e.g., the 
Goddard Earth Observing System – GEOS5) or global data products (e.g., the Climate 
Hazards Group InfraRed Precipitation with Stations – CHIRPS). The input data can be 
obtained from different sources, depending on the desired spatial resolution of output data 
product. WaPOR-ET data products have 3 level of spatial resolution: Level 1⸺250m, 
Level 2⸺100m, and Level 3⸺30m. For each level, different sources of input datasets are 
used to achieve the desired spatial resolution (Table C-2) 
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Table C-2. Changes in input data from version 2 to version 3 of WaPOR ET data 
production. 

Level 
Input 

variables 
WaPOR v2 WaPOR v3 Justification of changes 

A
ll 

le
ve

ls
 

Air 

temperature, 

Windspeed1, 

Vapour 

pressure2, Air 

pressure 

MERRA23 

(~56km, hourly); 

GEOS-54 

(~28km, 6-hour) 

ERA55 (~30km, 

hourly); AgERA56 

(~11km, daily), 

GEOS-57 (~28km, 

hourly) 

Improved spatial and 

temporal resolution, 

temporal consistency in 

historical data 

Land cover  Copernicus 

(100m) 

WorldCover land 

cover (10m) 

Improved spatial 

resolution 

DEM SRTM (90m) Copernicus GLO-90 

(90m) 

SRTM DEM is only 

available between -60o 

and 60o latitudes 

L
ev

el
 1

 

v2
: 2

50
m

,│
 v

3:
 3

00
m

 

Albedo, 

NDVI/fAPAR 

MODIS VNIR 

(250m, daily) 

VIIRS VNIR (375m, 

daily) 

MODIS is past the end 

of its design life (2020) 

Land surface 

temperature 

(LST) 

MODIS TIR 

(1000m, daily) 

VIIRS TIR8 (375m, 

daily) 

MODIS is past the end 

of its design life (2020). 

Improved spatial and 

temporal resolution 

Precipitation9 CHIRPS (5km, 

daily) 

GEOS-5 (~28km, 

hourly) 

CHIRPS is only 

available between -50o 

and 50o latitudes 

Solar radiation MSG10 (3km, 15-

minute) 

AgERA56 (~11km, 

daily); GEOS-57 

(~28km, 3-hour) 

MSG is only available 

for Africa/Europe and 

Indian Ocean 

L
ev

el
 2

 

10
0m

 

Albedo 

NDVI/fAPAR 

MODIS VNIR11 

(250m, daily), 

PROBA-V12 

(100m, 5-day), 

Sentinel-213 (10-

20m, 5-day) 

Sentinel-2 (10-20m, 

5-day) 

PROBA-V terminated 

operational service in 

2020. 

Improved temporal 

consistency. 
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Land surface 

temperature 

(LST) 

MODIS TIR 

(1000m, daily) 

resampled to 

100m using 

bilinear 

interpolation 

VIIRS TIR9 (375m, 

daily) downscaled to 

100m using 

Sentinel-2 (20m, 5-

day)  

MODIS is past the end 

of its design life (2020). 

Improved spatial and 

temporal resolution 

L
ev

el
 3

 

v2
: 3

0m
 │

 v
3:

 2
0m

 

Albedo  

NDVI/fAPAR 

Landsat VNIR 

(30m, 16-day) 

Sentinel-2 (20m, 5-

day); Landsat VNIR 

(30m, 16-day) 

Improved temporal 

resolution and temporal 

coverage 

Land surface 

temperature 

(LST) 

Landsat TIR 

(100m-120m, 16-

day) 

VIIRS TIR9 (375m, 

daily) sharpened to 

20m; Landsat TIR 

(100m, 16-day) for 

selected areas 

Improved spatial and 

temporal resolution (for 

selected areas – Libya 

and Yemen – the 

historical archive of 

Landsat was prevalent) 
1Windspeed is calculated as the mean square root of the sum of the eastward (u) and northward (v) 
components squared 
2Vapour pressure is derived from GEOS-5 specific humidity or ERA5/AgERA5 dewpoint temperature. 
3MERRA is input for WaPOR until 21-2-2014. 
4GEOS-5 is input for WaPOR from 21-2-2014 onwards. 
5 ERA5 is used only for historical data production due to a latency of 5 days, and the final release is 2 
months after the month in consideration. 
6AgERA5 is used for historical data production due to a latency of 8 days and the final release is 2 months 
after the month in consideration. 
7GEOS-5 is used only for Near Real-Time data production. 
8VIIRS has not published LST data product at 375m resolution. Instead, the Brightness Temperature data 
product is used to calculate Land Surface Temperature. 
9Data source that is used as precipitation in the interception model. 
10MSG shortwave radiation product is used to derive daily transmissivity, from which solar radiation is 
calculated. 
11MODIS VNIR is resampled and used for the period before 2014. 
12PROBA-V is used for the period 2014-2020. 
13Sentinel-2 is used for the period after 2020. 
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Appendix D SUPPLEMENTARY INFORMATION FOR CHAPTER 4 

Supplementary figures for this chapter can be accessed online at: 

https://doi.org/10.1080/02626667.2025.2600682 

Appendix E SUPPLEMENTARY INFORMATION FOR CHAPTER 5 

E1. Eddy Covariance flux dataset post-processing 

 

Figure E-1. Comparison of dekadal ET values calculated from latent heat flux by using 
constant and temperature-dependent latent heat of vaporisation at 75 flux sites. 

  

https://doi.org/10.1080/02626667.2025.2600682
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E2. OpenET benchmark dataset 

 

Figure E-3. Cross-correlation of dekadal ET values from the WaPORv3L1 and OpenET 
ensemble models at the locations of 53 EC flux sites in the contiguous United States. 
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E.3. In-situ validation of WaPORv3L1 dekadal ET at 169 flux sites 
with EBC correction of LE 

  

 

Figure E-4. Performance of WaPOR-ET v3L1 product at 169 EC flux sites with EBC 
correction between 2018–2022. (a) Taylor diagram, (b) regression analysis of all data 
points, and kernel density estimation (KDE) of the probability density function for four 
performance metrics: (c) coefficient of correlation (ρ), (d) bias, (e) RMSE, and (f) PBIAS. 
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Figure E-5. Average performance metrics of WaPORv3L1 product by (a) International 
Geosphere-Biosphere Programme (IGBP) land cover classification and (b) Köppen–
Geiger climate classification, calculated using EBC-corrected in-situ ET estimates. 

E.4. In-situ validation of WaPORv2 and WaPORv3 dekadal ET at 
flux sites in Africa41 
Comparison of WaPOR v2L1, v3L1 and v3L2 performance was conducted by in-situ 
validation against 9 flux tower stations in the South African Environmental Observation 
Network (SAEON) (Bieri et al., 2022) and African Monsoon Multidisciplinary Analysis 
- Coupling the Tropical Atmosphere and the Hydrological Cycle (AMMA-CATCH) data 
portal (AMMA-CATCH, 1990; Galle et al., 2018). The AMMA-CATCH stations locate 
in Senegal and the SAEON stations locate in South Africa (Figure E-6). 

 
41 This section is partly based on the technical report: IHE Delft, 2024. WaPOR Quality 
Assessment: Technical report evaluating WaPOR v3. IHE Delft Institute for Water 
Education, Delft, The Netherlands. 
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Figure E-6. Locations of the AETI stations in South Africa and Senegal. (Basemap: the 
difference of annual ET between WaPORv3L1 and WaPORv2L1 for 2022). 

For data from Eddy Covariance towers, we filtered low-quality data based on the latent 
heat flux (LE) quality flag from EddyPro and EasyFlux postprocessing software (quality 
grade greater than 3), total number of samples per 30 minutes (less than 50 %), and energy 
balance closure (less than 60 % and greater than 120 %). Then, we calculated ET rate by 
dividing LE by latent heat of vaporization using Equation (5.7). The 30-min ET was 
aggregated to daily and then, averaged for every dekad. Since all the sites are 
homogeneous with footprint sizes range from 100 m to 2 km, we considered the average 
of WaPOR AETI data within the 100 m distance surrounding the flux towers. 

We validated WaPOR v2L1, v3L1, and v3L2 with the dekadal average ET (mm⋅d-1) from 
flux sites. We do not observe a systematic bias or outperformance of WaPOR v3 over all 
the stations (Figure E-7, Figure E-8, and Figure E-9). Among the three products, 
WaPOR v3L1 performed the best over three sites (Middleburg Karoo 1 and 2, 
Mthimkhulu-Cutplot). WaPOR v3L2 performed the best over four sites (SNNs-
FAIDHERBIA, Jonkershoek, Benfontein Karoo, Benfontein Savanna). WaPOR v2L1 
performed best over two sites (SNNr-RAGOLA, Mthimkhulu-Control). 
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a) 

 
 

b) 

 
 

c) 

 
 

Figure E-7. Taylor diagram (left) and time-series (right) of WaPOR AETI compared to 
uncorrected observations at SNNr-RAGOLA (a), SNNr-FADHERBIA (b), and 

Jonkershoek (c). The grey contour lines on Taylor diagram represent centred RMSE. 
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a) 

 
 

b) 

 
 

c) 

 
 

Figure E-8. Taylor diagram (left) and time-series (right) of WaPOR AETI compared to 
uncorrected observations at Benfontein Karoo (a), Benfontein Savanna (b), and 

Middelburg Karoo 1 (c). The grey contour lines on Taylor diagram represent centred 
RMSE. 
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a) 

  

b) 

 
 

c) 

  

Figure E-9. Taylor diagram (left) and time-series (right) of WaPOR AETI compared to 
uncorrected observations at Middelburg Karoo 2 (a), Mthimkhulu-Control (b), and 

Mthimkhulu-Cutplot (c). The grey contour lines on Taylor diagram represent centred 
RMSE. 



Appendices 

 

209 

 

E.5. Comparison between WaPORv2 and WaPORv3 monthly and 
annual ET at basin scale42 
The ET-WB database contains ET estimates from multi-source datasets (23 precipitation, 
7 storage change, 29 runoff datasets) which are derived from satellite products, in-situ 
measurements, reanalysis, and hydrological simulations for the period 2002-2021 (Xiong 
et al. 2023). The ET-WB data contains information on 168 river basins globally, of which 
24 are in Africa (the head waters of the Tigris and Euphrates basins are not covered by 
WaPOR v2 and therefore not included). These ET estimates are compared to the WaPOR 
AETI estimates for the same 24 river basins (Figure E-10). The results show that monthly 
WaPOR data varies less compared to the ET-WB datasets, but in most cases WaPOR v3 
data falls within the 25th-75th percentile (8 out of 12 months) whereas WaPOR v2 
estimates of AETI generally fall within the higher values with 6 out of 12 months falling 
in the 75th-95th percentile and one month (September) far exceeding the 95th percentile. 

 

Figure E-10. Monthly average values (mm⋅month-1) and annual timeseries (average 
mm⋅month-1) of the ET-WB and WaPOR-ET over area covered by selected river basins 
in Africa during the period 2018–2021. The shading shows the spread range among 
different datasets, with the central solid line indicating the ensemble median value. 

  

 
42 This section is partly based on the technical report: IHE Delft, 2024. WaPOR Quality 
Assessment: Technical report evaluating WaPOR v3. IHE Delft Institute for Water 
Education, Delft, The Netherlands. 
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Appendix F SUPPLEMENTARY INFORMATION FOR CHAPTER 6 

F.1. Excerpt from blog post “WaPOR Born Out of Necessity!” 
“I was visited by a professor on a World Bank mission. He informed me about a training 
he had given to the Yemeni Ministry of Water on the use of satellite information in 
agriculture. I linked this to the water supply request and the findings. He wasn’t surprised 
and expected that this wouldn’t be the last time I would receive this kind of request. 
According to him, the shortage of water for domestic use was easy to explain. Satellite 
information showed that agriculture was the largest user of water. Crops produced in 
this country consumed three times more water than crops in similar areas and conditions. 
This information gave me a different perspective on how to approach water scarcity 
management, agriculture, and domestic water use. I raised the issue of the use of satellite 
information with the competent authority. They were sceptical about this. It took time, but 
after several expert meetings, they were convinced that the use of satellite data could have 
added value. In the end, the ministry even decided to develop an information database 
system to map water use in agriculture using remote sensing” (Kleijn, 2024). 
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Appendix G DECLARATION OF USE OF GENERATIVE ARTIFICIAL 
INTELLIGENCE 

The author acknowledges the use of generative artificial intelligence (GenAI) to identify 
errors in programming code and provide suggestions for improving the clarity and 
academic style of original texts. Any output generated by GenAI was thoroughly 
reviewed and verified by the author to ensure that the final code and text meet the 
standards of accuracy, clarity, and relevance. The specific GenAI models used were GPT-
4-turbo and GPT-5-mini (developed by OpenAI, Inc.) and Gemini 2.5 Flash and Gemini 
2.5 Pro (developed by Google, Inc.). Inputs provided by the author to these GenAI models 
were withheld from the training and improvement of these models. 
 



 

 

 



 

 

 

LIST OF ABBREVIATIONS 
1SEB One-source Surface Energy Balance 
2SEB Two-source Surface Energy Balance 
  
AETI Actual evapotranspiration and Interception 
ALEXI Atmosphere-Land Exchange Inverse 
  
BR Bowen Ratio 
BREB Bowen Ratio Energy Balance 
  
DisALEXI Disaggregation of the Atmosphere-Land Exchange Inverse 
  
EB Energy Balance 
EBC Energy Balance Closure 
ECMWF European Centre for Medium-Range Weather Forecasts 
eeMETRIC Google Earth Engine implementation of the METRIC model 
ET Evapotranspiration 
ETa Actual Evapotranspiration 
ETo Reference Evapotranspiration 
ETp Potential Evapotranspiration 
ETC Extended Triple Collocation 
ER Energy Residual 
ERA5 The fifth generation ECMWF reanalysis 
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Evapotranspiration (ET) is a major water 
flux in the terrestrial water balance and 
a key link between water and surface 
energy balances. In water sciences and 
management, the quantification of ET is 
required but challenging to gauge in 
situ, leading to the popularity of models 
based on satellite-derived data. 
However, uncertainties in satellite-
based estimation arise from both 
methodological and technical factors. 
This study examines and assesses 
uncertainties in satellite-based 
estimation of ET.  Part I provides a 
systematic quantitative literature 
review, showing the diversity of 
approaches and constraints arising from 
the availability and quality of reference 
data. A meta-analysis of in-situ 

validations against eddy covariance 
measurements quantifies the status of 
uncertainty in terms of reported 
performance metrics. Part II focuses on 
the assessment of a satellite-based ET 
data product for monitoring water 
productivity from field to global scales. 
Technical uncertainties through ex-ante 
and ex-post methods, including error 
propagation, in-situ validation, and 
triple collocation analysis are provided. 
The results highlight spatial variability 
in uncertainty, limitations of validation 
data, and challenges in dry and tropical 
regions providing guidance to users of 
such products. Finally, this thesis 
reflects on methodological uncertainties 
arising from problem framings, model 
choices, and configurations.
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