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ABSTRACT 

Monitoring Agricultural Water Use Using High-Resolution Remote 

Sensing Technologies 

Bruno Jose Luis Aragon Solorio 

Over the coming decades, both food consumption and agricultural water 

use are expected to increase in response to growing populations. In light of these 

concerns, there has been a growing awareness and appreciation of the objectives 

of agricultural sustainability, which has the broad aim of securing food and water 

resources, without adversely affecting the environment or disenfranchising future 

generations. To ensure that irrigated fields optimize their water use towards a 

more sustainable application while remaining compliant with any imposed 

restrictions on access to water supplies (i.e. through water licensing), it is 

necessary to understand and quantify the water consumption of crops at 

appropriate spatial and temporal scales. Evaporation (E), also commonly referred 

to as evapotranspiration (ET), is the physical process of water vapor transport 

from the surface into the atmosphere. Evaporation can be estimated via 

interpretive modeling approaches that combine meteorological, radiative, 

vegetation, and other related properties to estimate land surface fluxes at any 

given time.  

The research presented herein aims to investigate the evaporative 

response of agricultural croplands across a range of spatial and temporal scales, 

with a focus on high-resolution and field-scale estimation. In particular, we 

explore the utility of novel CubeSat imagery to produce the highest spatial 
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resolution (3 m) crop water use estimates ever retrieved from space. These high-

resolution results are expanded through time by retrieving a daily evaporation 

product, offering an enhanced capacity to provide new insights into precision 

agriculture. The effects and implications of higher spatiotemporal resolutions are 

explored and contrasted against governmental satellite missions that operate at 

lower resolutions. An exploratory study on the use of unmanned aerial vehicles 

(UAVs) is also performed, specifically in the context of their capacity to mount 

miniaturized thermal sensors: with the accuracy and limitations of these sensors 

for deriving evaporation-type products examined. The overarching goal of this 

research is to advance the utility of space-based estimates of evaporation for 

precision agricultural applications, and to provide new high-spatial and temporal 

agricultural insights that can be directed towards improving water management 

and address food security concerns in a more sustainable manner. 
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Chapter 1     
 
Introduction and Research Significance 

1.1 Research Motivation and Context 

As a result of population increases and the subsequent need to feed this 

growing population, it has been estimated that food production will need to 

double by 2050 (Water, 2014), requiring in the most optimistic scenario, a 20% 

increase in agricultural water use. Unfortunately, water is a finite resource that is 

shared across multiple sectors, from industrial scale energy generation to human 

consumption and use in agricultural production. The Food and Agriculture 

Organization of the United Nations (FAO) estimates that globally, 69% of water 

withdrawals go towards agriculture, 12% for municipal consumption and 19% for 

industrial use (FAO, n.d.). As such, any water increases in demand will affect 

society across multiple levels (Beck and Walker, 2013). Indeed, energy, water and 

agriculture are inter-dependent and will ultimately compete for access to the 

same resource (Sanders and Masri, 2016). These demands are often coupled with 

poor water management practices and unsustainable groundwater extractions 

(Famiglietti, 2014), which are typical of current agricultural production. 

Currently, groundwater contributes to nearly 40% of irrigated agriculture 

(Siebert et al., 2010). While irrigated agriculture accounts for only 16% of the total 

arable land in the world, it contributes approximately 40% of total crop 

productivity (Tilman et al., 2002) representing a sizable proportion of a nation’s 

food security. Additionally, it is anticipated that water access problems are likely 

to intensify geopolitical tensions, accelerating both water and food security 

challenges (Kelley et al., 2015). Climate change is thought to exacerbate existing 
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challenges by increasing the intensity of extreme events that may be detrimental 

for agriculture, such as droughts (Lipper et al., 2014).  

Food and water security matters present a constant challenge for 

governments, and this is especially the case in environments where precipitation 

is insufficient to cover the potential evaporation of the region (i.e., the theoretical 

water demand from the atmosphere). Such regions are often referred to as water 

limited environments (WLE) and include the countries in the MENA region. 

Currently, about 50% of Earth’s terrestrial surfaces can be classified as water 

limited (Newman et al., 2006). In these environments, the additional demand for 

fresh water is usually met by extractions from the ground, which remain poorly 

regulated (Famiglietti, 2014). Indeed, individuals in most developing countries, as 

well as in the Middle East, have become the managers of these precious and often 

irreplaceable hydric resources, with little to no regulatory oversight. Inevitably, 

this has led to their over exploitation (Madramootoo, 2012). Such unregulated 

extraction has been justified based on poor crop productivity and the effort to 

secure food (Gleick, 2014). While it is true that some crops can grow without 

irrigation (depending only on rainfall), most regions need to have a stable water 

supply in order to ensure the stability of food supply.  

In recent years, there has been an emphasis on delivering “more crop per 

drop”: that is, to optimize the amount of food produced per unit of applied water. 

Indeed, water optimization in agriculture is necessary to ensure water and food 

security for both current and future generations (Howell, 2001; Monaghan et al., 

2013). This goal represents a considerable task and calls for accurate 

measurements of crop water use via knowledge of evaporation (E) across a 



 19 

variety of spatial and temporal scales (Ward and Pulido-Velazquez, 2008). 

Accurate information on evaporation makes it possible for farmers to implement 

tailored irrigation strategies, such as deficit irrigation, which is an increasingly 

popular strategy that deliberately puts the crop under water stress outside critical 

crop-growth development periods, without significant impact on end-of-season 

yield (English, 1990). Even on rain-fed fields, knowing the actual evaporation rate 

makes it possible to identify if the crops are experiencing water stress conditions, 

which can be promptly remedied by applying supplemental irrigation to reduce 

possible impacts to yield (Rockström et al., 2010). Given water’s close relationship 

with energy, increasing water productivity leads to a decrease in costs associated 

with irrigating and pumping (Lal, 2004), in addition to being a critical response to 

water scarcity problems (Molden et al., 2010). Ultimately, in order to address the 

many challenges of sustainable agriculture, key processes within the linked water-

energy-food nexus must be properly accounted for (Beck et al., 2013; Sanders et 

al., 2016): and none more so than characterizing a crops water use.  

1.2 Remote Sensing for Earth Observation 

One of the most feasible and consistent ways to gather spatial information in a 

timely and efficient manner is via the use of remote sensing technologies. Remote 

sensing provides a means to derive information about an area without the need to 

be physically present, and one of the most popular approaches is the use of 

satellite imagery, which leverages reflected or emitted electromagnetic signals to 

infer surface properties (Schmugge et al., 2002). The Earth Observation (EO) field, 

as we know it today, started shortly after the Corona satellite system, which was 

put into space between 1959 and 1972. The first weather satellite, launched by 
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the National Aeronautics and Space Administration (NASA) of the United States, 

was TIROS-1 in 1960, followed by the Earth Resources Technology Satellite (later 

known as Landsat I) in 1972, the first satellite designed to monitor the Earth’s 

surface (Xiong and Butler, 2017). With these initial satellite missions, human 

curiosity and ingenuity was ignited, starting a space observation revolution. The 

United States government’s decision to provide EO data free of charge and release 

its image archives in 2008, enabled a rapid advance in satellite remote sensing 

making it possible to conduct studies at a global scale for the scientific community 

(Zhu et al., 2019). Nevertheless, in using any satellite data for Earth observation 

purposes, there is generally a trade-off between the achievable spatial and desired 

temporal resolution. That is, one can either obtain imagery occasionally at high-

resolution, or frequently but at coarse resolutions (Figure 1-1; Aragon et al., 

(2018)). In addition to spatiotemporal constraints, one of the significant 

limitations for satellites operating in the visible to near-infrared (VNIR) portion of 

the electromagnetic spectrum is the requirement for clear sky conditions to image 

the Earth’s surface. To provide a rapid response to problems as they arise, there 

is also a need for frequent revisit times and a spatial resolution that is high enough 

to properly resolve the spatial variability of the studied system (Zhang and 

Kovacs, 2012).  

Addressing these problems required a change of paradigm from the more 

traditional single mission focus to a multi-mission approach. The European Space 

Agency (ESA) implemented such an approach with their various Sentinel satellite 

platforms, each of which form a pair of identical systems that enable higher 

spatiotemporal retrievals than could be achieved by a single system acting in 
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isolation (Drusch et al., 2012). In parallel, private companies have been adopting 

a constellation approach, advocating the launch of many smaller nanosatellite 

systems, referred to as “CubeSats”, which cost a fraction of traditional mission 

approaches and allow for the spatiotemporal constraints to be relaxed or removed 

(Selva and Krejci, 2012). To date, the commercial sector dominates the CubeSat 

space, with the private company Planet currently operating more than 170 small 

satellites in orbit. Planet CubeSats provide near-daily monitoring of the Earth’s 

surface at a 3 m pixel resolution, housing sensors that map from between four to 

seven spectral bands (Planet, 2020b). In many ways, CubeSats have 

revolutionized the Earth observation field, providing an extremely novel resource 

that has only just begun to be explored within the Earth and environmental 

sciences (Aragon et al., 2018; Cooley et al., 2019; Houborg and McCabe, 2018b; 

McCabe et al., 2017a; Sadeh et al., 2019). In this thesis, Chapter 2 explores the 

integration of CubeSat imagery to produce the highest resolution evaporation 

estimates ever retrieved from space, while Chapter 3 further analyzes the 

implications of a daily 3 m resolution evaporation product for precision 

agriculture and food security applications. 
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Figure 1-1. Comparison of the spatial resolution of different satellites platforms 
retrieved across the same spatial domain. From left to right: NASA Moderate 
Resolution Imaging Spectroradiometer (MODIS); NASA-USGS Landsat 8, ESA 
Sentinel-2, and Planet CubeSat. Even though MODIS enables daily imagery, its 
spatial resolution is too coarse for monitoring field-scale agriculture. While 
Landsat 8 and Sentinel-2 are able to resolve a higher degree of spatial detail, 
their revisit times tend to hinder operational monitoring in the presence of 
clouds. The CubeSat approach offers a high temporal frequency at 
unprecedented spatial resolution. 

1.3 Methodologies for Modelling Evaporation  

Satellite data is widely used by the hydrological research community, as a 

large number of parameters relevant to hydrology studies can be retrieved using 

remote sensing techniques (Lettenmaier et al., 2015; McCabe et al., 2017b; 

Schmugge et al., 2002). Here, we propose to examine one of the major indicators 

of water use in hydrology and agriculture: evaporation (E; also commonly 
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referred to in related disciplines as evapotranspiration; ET). Evaporation 

regulates the surface-atmosphere interactions of the energy budget (Roerink et 

al., 2000) and is composed of soil and open water evaporation, canopy 

transpiration, canopy interception, and snow sublimation. By quantifying 

evaporation, we aim to better understand both crop water status and also 

agricultural productivity (Gowda et al., 2008; Yang et al., 2015). The most accurate 

way to quantify evapotranspiration is by using in situ measurements from devices 

such as eddy covariance systems, weighing lysimeters, sap-flow meters, 

scintillometers and the Bowen ratio approach (Baldocchi et al., 1996; Sun et al., 

2009). These measurements, although considered the gold standard (Baldocchi et 

al., 1996), are generally expensive to install and come with their own challenges 

and limitations (Twine et al., 2000; Yang et al., 2015). Moreover, some of these 

measurements (e.g., sap-flow meters and lysimeters) are point scale in application 

and therefore cannot capture field-scale heterogeneities (Kalma et al., 2008), not 

to mention that they are sparsely distributed (McCabe and Wood, 2006). Even 

though there is an increasing number of eddy covariance instruments being made 

available for research (Baldocchi et al., 2001) they still have poor global coverage, 

which incentivizes the development of remotely sensed approaches for 

evaporation estimation.  

Remote sensing techniques for monitoring evaporation  provide a means 

of obtaining frequent retrievals at high spatial resolutions, with coverage ranging 

from plot to global scale (Kustas and Norman, 1996). The estimation of 

evaporation from remote sensing data can be achieved through a variety of 

models, although with no broad consensus on which model is the best to use 



 24 

(Kalma et al., 2008; K. Zhang et al., 2016). Much of the theoretical foundation 

underlying transport in the surface layer of the atmosphere comes from the 

Monin-Obukhov Similarity Theory (Monin and Obukhov, 1954; Wang and 

Dickinson, 2012), which provides a basis for describing the surface layer turbulent 

flux behavior (i.e., latent and sensible heat fluxes) and the estimation of 

aerodynamic resistances (Foken, 2006; Monin et al., 1954). Current models differ 

in their key parametrizations, simplifications and the operational assumptions 

they employ, but can be broadly classified into empirical methods or physical (K. 

Zhang et al., 2016). For the most part, empirical models are based on statistical 

analyses that relate evapotranspiration to remotely sensed explanatory variables 

and can range from simple regressions (Wang et al., 2007) to more complex 

machine learning algorithms (Jung et al., 2010). For physically-based approaches, 

we can distinguish from a range of models. Some of these models try to estimate 

gross primary production along with evaporation in an attempt to link water and 

carbon cycles (Ryu et al., 2011); others such as the water balance models estimate 

evaporation as a residual from the water balance equation (i.e., E = P – R – ΔSw 

where P is precipitation, R is runoff, and ΔSw is the change in water storage). 

However, some of the most amenable models for remote sensing are constructed 

around the concept of the surface energy balance (SEB) (Allen et al., 2007; 

Anderson et al., 2011; Norman et al., 1995; Roerink et al., 2000; Timmermans et 

al., 2007). SEB models often use an electrical circuit analogy between the land 

surface and heat or mass transfer between two points, which serves to drive heat 

fluxes in a fashion analogous to voltage sources. The relationship between 

temperature and aerodynamic resistances states that the rate of change of the 

desired quantity is a result of a difference in potential: in this case, a difference in 
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either water vapor concentration or heat flow. The controlling factors are 

modelled as resistances that are dependent on the atmospheric and 

environmental properties of soil and vegetation (Kalma et al., 2008). Depending 

on how the resistance terms are arranged, the SEB models are generally classified 

as i) single-source models and ii) multiple-source models (Figure 1-2). The main 

difference between single and multiple-source models is that the latter consists of 

different layers, such as  vegetation and soil that serve to accommodate the factors 

that influence radiometric and aerodynamic temperatures (Norman et al., 2006), 

whereas single source models treat the surface as an ensemble and often require 

site calibration, making them unsuitable to be applied to large areas without 

compromising accuracy. For instance, two-source models can discriminate 

between soil and canopy evaporation, and in general, offer better results without 

site calibration (Norman et al., 2006). Figure 1-2 shows a simplified schematic for 

a single and two-source model, where 𝑇𝑇𝑎𝑎 is air temperature at a reference height 

above the surface (typically 2 m), 𝑟𝑟𝑎𝑎 is the aerodynamic resistance between the 

canopy and the reference height, 𝑟𝑟𝑥𝑥 is the bulk resistance of the canopy, 𝑟𝑟𝑠𝑠 is the 

resistance to heat transport immediately above the soil layer, 𝑟𝑟𝑒𝑒𝑥𝑥 is the so called 

excess resistance term, and 𝑇𝑇𝑠𝑠 is the surface temperature. For single source 

models, it is usual to have an additional resistance term between  𝑟𝑟𝑒𝑒𝑥𝑥 and the soil, 

which is empirically adjusted for calibration purposes to provide reasonable 

estimates of the heat fluxes. 
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Figure 1-2. Schematic of single source (left) and dual source (right) resistance 
configurations; single source models do not distinguish between soil and 
canopy, treating them as an ensemble. Dual source models on the other hand, 
divide the surface into two interacting layers. (K. Zhang et al., 2016).   

 An example of a two source model is the Two-Source Energy Balance 

(TSEB) model, originally developed by Norman et al. (1995) for semi-arid and 

humid environments using data from the Monsoon 90 experiment and the 

International Satellite Land Surface Climatology Project (Sellers et al., 1988). In 

their study, they successfully tested the validity of TSEB evaporation estimates at 

a point scale, since the land surface temperature (LST) data came from infrared 

radiometers and not from thermal imagers. Nevertheless, the inclusion of 

brightness temperature paved the way to incorporating satellite brightness 

temperature measurements. Over the years, TSEB has had numerous 

improvements, with some of the latest additions described in Colaizzi et al. (2012), 

in which net radiation is computed from incoming shortwave radiation, and a time 

varying soil heat flux parametrization is included (Santanello and Friedl, 2003), 

rather than the constant fraction approach used previously. In addition, the initial 

estimate to canopy temperature in the model was based on the Penman-Monteith 

equation (Monteith, 1965; Penman, 1948), but with resistance values that are 

iteratively increased (Kustas and Anderson, 2009). Another modeling approach 
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based on TSEB, uses a data fusion approach that derives daily evaporation 

information by combining Landsat and Moderate Resolution Imaging 

Spectrometer (MODIS) evaporation products. The Atmosphere-Land Exchange 

Inverse (ALEXI) model (Anderson et al., 2012b; Martha C. Anderson et al., 2007), 

uses coarse scale LST data taken at two different times to minimize error on the 

LST retrievals, while the disaggregation ALEXI (DisALEXI) is a flux disaggregation 

algorithm to downscale ALEXI results to Landsat (30 m resolution) scale. 

Additionally, the Spatial Temporal Adaptive Reflectance Fusion Model (STARFM) 

(Semmens et al., 2016; Walker et al., 2012) is used to identify optimal MODIS and 

Landsat daily evaporation  to generate evaporation  predictions between dates, 

with the final output being a daily 30 m resolution evaporation  product.  

 Even though TSEB and by extension ALEXI-DisALEXI offer good 

performance, they require the knowledge of land surface temperature as well as 

information about a crops features (e.g. canopy height, surface emissivity and 

albedo) and wind speed, which can limit broader application of the model. 

Another category of evaporation modeling is based on so called combination 

equations which simultaneously solve the energy balance equation and the 

transport of heat and water vapor (Lhomme and Montes, 2014). The Penman-

Monteith equation (Penman, 1948; Monteith, 1965) already forgoes the need to 

have knowledge of the surface temperature, which is the main characteristic of 

the so called “combination equations” (Milly, 1991). However, using the Penman-

Montieth (PM) equation to estimate evaporation  still requires the computation of 

aerodynamic resistances (the resistance to heat transport from a thin non-

turbulent air layer close to the surface (Penman, 1948); and canopy conductance 
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(the degree of opening in leaf stomata that regulate transpiration; Monteith, 

1991)) that are often not possible to compute due to data availability. A further 

simplification of the combination equations came from Priestley and Taylor 

(1972), which forgoes the calculation of the aerodynamic and canopy resistances 

by deriving an empirical constant 𝛼𝛼𝑃𝑃𝑃𝑃 that has an average value of 1.26 under the 

assumption that the underlying surface is large and homogeneous so that the air 

is in equilibrium with the vegetated surface. The Priestley-Taylor (PT) 

evaporation equation results in a reference evaporation that depends only on air 

temperature and on the available energy (i.e., surface net radiation and soil heat 

flux). However simple, results from the PT equation for reference evaporation 

have been shown to be equivalent to those obtained by using the more complex 

PM equation (Utset et al., 2004). It is important to note that the PT equation was 

developed to estimate potential evaporation (i.e., evaporation from a well-

watered, short and uniform crop) rather than actual evaporation, and hence they 

usually result in larger fluxes of evaporation than the actual water use of the target 

crop (McMahon et al., 2013).  

 Fisher et al. (2008) designed an evaporation model that builds upon the PT 

equation with the aim of computing actual evaporation at a monthly scale, while 

requiring a modicum of forcing parameters. In its original formulation, the 

subsequent Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) model only 

required four inputs to derive actual evaporation. These inputs were net radiation 

(𝑅𝑅𝑛𝑛), normalized difference vegetation index (𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁), monthly relative humidity 

(𝑅𝑅𝑅𝑅) and monthly maximum air temperature (𝑇𝑇𝑚𝑚𝑎𝑎𝑥𝑥). PT-JPL scales the potential 

evaporation (PE) from the PT equation to actual evaporation and at the same time, 
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partitions total evaporation into three components: namely canopy transpiration 

(𝐸𝐸𝑐𝑐), soil evaporation (𝐸𝐸𝑠𝑠) and interception evaporation (𝐸𝐸𝑖𝑖).   

 Finally, it must be noted that even though the works presented on this 

thesis are based on evaporation results from PT-JPL, there are other evaporation 

models based on the PT equation that have also proven to work well across 

biomes and scales (McCabe et al., 2016; Miralles et al., 2016). An example of one 

of these models is the Global Land surface Evaporation: the Amsterdam 

Methodology (GLEAM) developed by Miralles et al. (2011). GLEAM estimates 

evaporation as the sum of three sources based on surface type: bare soil, short 

canopy, and tall canopy (with a separate module to estimate snow and ice 

sublimation). GLEAM consists of four interlinked modules, including: an 

interception model, a soil water module, a stress module and an evaporation 

module (based on the PT equation).  

1.4 The Priestley-Taylor Jet Propulsion Laboratory model 

 PT-JPL was chosen as the evaporation model for the research presented on 

this thesis due to its modicum input requirements and high agreement to 

measured values from global scale analysis across different biomes (Fisher et al., 

2008; Miralles et al., 2016; Vinukollu et al., 2011). As mentioned previously, PT-

JPL uses the PT equation to compute potential evaporation (PE) and then scales it 

down to evaporation. The scaling from PE to actual evaporation is done using a set 

of biophysical constraints that accounts for the green canopy fraction 𝑓𝑓𝑔𝑔, plant 

moisture 𝑓𝑓𝑀𝑀, ambient temperature 𝑓𝑓𝑃𝑃, surface wetness 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤, and soil moisture 𝑓𝑓𝑆𝑆𝑀𝑀. 
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The total evaporation flux is also the result of summing the three individual 

components as: 

𝐸𝐸 = 𝐸𝐸𝑐𝑐 + 𝐸𝐸𝑠𝑠 + 𝐸𝐸𝑖𝑖 (1-1) 

the transpiration component is given by 

𝐸𝐸𝑐𝑐 = (1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤) ∙ 𝑓𝑓𝑔𝑔 ∙ 𝑓𝑓𝑃𝑃 ∙ 𝑓𝑓𝑀𝑀 ∙ 𝛼𝛼
∆

∆ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐  (1-2) 

the soil evaporation is computed as 

𝐸𝐸𝑠𝑠 = �𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 + 𝑓𝑓𝑆𝑆𝑀𝑀 ∙ (1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤)� ∙  𝛼𝛼
∆

∆ + 𝛾𝛾
∙ (𝑅𝑅𝑛𝑛𝑠𝑠 − 𝐺𝐺) (1-3) 

and finally, the interception evaporation is equal to 

𝐸𝐸𝑖𝑖 = 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 ∙  𝛼𝛼
∆

∆ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐  (1-4) 

 where 𝛼𝛼 = 1.26 is the PT constant, ∆ is the slope of the saturation vapor 

curve, 𝛾𝛾 is the psychrometric constant, 𝐺𝐺 is the soil heat flux (negligible at monthly 

time scales) and the subscripts s and c corresponding to soil and canopy, 

respectively. The biophysical constraints are estimated as 

𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 = 𝑅𝑅𝑅𝑅4 (1-5) 

𝑓𝑓𝑔𝑔 =
𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴
𝑓𝑓𝐼𝐼𝑃𝑃𝐴𝐴𝐴𝐴

 (1-6) 

𝑓𝑓𝑃𝑃 = exp�−�
𝑇𝑇𝑚𝑚𝑎𝑎𝑥𝑥 − 𝑇𝑇𝑜𝑜𝑜𝑜𝑤𝑤 

𝑇𝑇𝑜𝑜𝑜𝑜𝑤𝑤
�
2

� 
(1-7) 

𝑓𝑓𝑀𝑀 =
𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴

𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴𝑚𝑚𝑎𝑎𝑥𝑥
 (1-8) 

𝑓𝑓𝑆𝑆𝑀𝑀 = 𝑅𝑅𝑅𝑅𝑉𝑉𝑃𝑃𝑉𝑉/𝛽𝛽 (1-9) 

 where 𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴 is the fraction of photosynthetically active radiation absorbed 

by green vegetation cover, and 𝑓𝑓𝐼𝐼𝑃𝑃𝐴𝐴𝐴𝐴 is the fraction of photosynthetically active 
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radiation intercepted by total vegetation cover, estimated as functions of the soil 

adjusted vegetation index, and the normalized difference vegetation index (NDVI), 

respectively as: 

𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴 = 𝑚𝑚1𝑆𝑆𝑆𝑆𝑁𝑁𝑁𝑁 + 𝑏𝑏1 (1-10) 

𝑓𝑓𝐼𝐼𝑃𝑃𝐴𝐴𝐴𝐴 = 𝑚𝑚2𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑏𝑏2 (1-11) 

 with 𝑚𝑚1 = 1.2 ∗ 1.136, 𝑏𝑏1 = 1.2 ∗ (−0.04), 𝑚𝑚2 = 1, and 𝑏𝑏2 = −0.05. 

 However, it has been shown that PT-JPL has a high sensitivity to errors in 

net radiation and relative humidity (Talsma et al., 2018). 𝑅𝑅𝑛𝑛 contributes to the 

total available energy in the system that can be made available for the evaporation 

process (as can also be inferred by equations 1-2 to 14) and as such, imposes a 

physical limit on evaporation in the model. Fisher et al. (2020) incorporated LST 

into the operational algorithm (i.e., PT-JPL) of the ECOsystem Spaceborne 

Thermal Radiometer Experiment on Space Station (ECOSTRESS) to compute 𝑅𝑅𝑛𝑛 

with higher accuracy. 𝑅𝑅𝑅𝑅 has an impact on the biophysical constraints for surface 

wetness and soil moisture (Fisher et al., 2008): 

with 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 directing the interception component of the energy partitioning, a term 

that is often small and can even be neglected in some environments or irrigation 

conditions (Moyano et al., 2018) such as in arid or semi-arid regions and when 

irrigation is applied directly (e.g., drip irrigation). 

where 𝑁𝑁𝑉𝑉𝑁𝑁 is the vapor pressure deficit and 𝛽𝛽 is a constant that affects the 

sensitivity of 𝑓𝑓𝑆𝑆𝑀𝑀 to the environmental demand for moisture. Aragon et al. (2018) 

found that increasing the 𝛽𝛽 from 1 to 3 significantly improved the models accuracy 

in arid environments (see Chapter 2). Marshall et al. (2020) also observed that PT-
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JPL was disproportionally sensitive to RH and linked it to a violation of the 

underlying PT equation, where the atmosphere is not in equilibrium with the 

surface moisture content: an observation that corroborates the discussion of 

Monteith (1991) on the PT equation. On the other hand, Garcia et al. (2013) 

suggested to replace the 𝑓𝑓𝑆𝑆𝑀𝑀 original parametrization with one that depends on 

land surface temperature (LST) via an apparent thermal inertia formulation. 

1.5 Scale Influence on Evaporation Models 

 As previously mentioned, satellite imagery provides a cost-effective means 

to estimate evaporation for large areas across the globe. However, there has been 

an inherent trade-off between spatial and temporal resolution (McCabe et al., 

2017a) in which fine temporal resolution products imply a coarse spatial 

resolution and vice versa. Such an outcome has posed problems at the field scale 

level, where having precise and frequent information on evaporation and other 

plant health indicators is needed to enable precision agricultural applications 

(Mulla, 2013), with the goal of having high spatiotemporal resolution (i.e., 

daily/sub daily and ≤ 10 m pixel size) for operational evaporation monitoring 

(Fisher et al., 2017). This spatio-temporal limitation can also lead to large errors 

in estimating evaporation for monitoring purposes. In addition to the reduced 

practical application of coarse resolution satellite data that cannot resolve field 

level heterogeneity, McCabe et al. (2006) conducted a study to evaluate the 

differences from computing evaporation with Landsat, Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) and MODIS, reaching the 

conclusion that while ASTER and Landsat were able to distinguish the influence of 

field heterogeneity, their limited retrieval times were insufficient to provide 
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information for proper monitoring, while the coarse resolution of MODIS only 

provided insights into the average response.  

Tian et al. (2012) analyzed the pixel scale influence on evaporation 

estimation in an oasis of north-western China, reaching the conclusion that 

thermal satellite bands need a pixel size of less than 500 m to provide useful 

information. However, it is also stressed that evaporation estimates are more 

accurate as a function of surface heterogeneity (i.e., the degree of vegetation 

cover). This remark was further verified by Ershadi et al. (2013b), who studied 

the influence of the spatial aggregation methods on evaporation retrievals, 

concluding that the estimation errors were a function of surface heterogeneity. In 

that study, the predominant factors were related to aerodynamic resistance 

calculations, which are significantly affected by surface properties. Wang et al. 

(2016) argued that a possible solution to the scaling problems of evaporation 

estimation would be the use of a model that was largely insensitive to scaling 

errors on the aerodynamic resistance terms, or one that did not require such 

calculations. Wang’s results indicate that as sensor resolution decreases (i.e., as 

pixel size increase), the model overestimates evaporation.  

Although previous studies have examined the input and output 

aggregation effects to evaporation estimates, scale effects at fine resolutions (≤ 10 

m) are underexplored and remain poorly understood. In addition, it is important 

to note that validating evaporation estimates against ground-based 

measurements such as eddy covariance towers, also implies an inherent scale 

effect, as the measurement footprint of the instrument dynamically changes 

according to both wind and surface conditions. The footprint observed by the 
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tower can range from several meters to even a few kilometers in length (Schmid, 

2002; Vesala et al., 2008) and so the accuracy of the validation procedure can be 

influenced by the size of the eddy covariance footprint if the pixel size used to 

compute evaporation is not representative of the underlying surface 

heterogeneity. These and some relate topics are explored further in Chapter 4.  

1.6 Beyond Satellite Observations 

 The recent availability of CubeSats has delivered finer spatial resolution 

imagery accompanied by higher revisit times (McCabe et al., 2017a). However, 

using CubeSat data is not always an option, given its commercial nature. A 

practical solution to obtain higher spatiotemporal resolution products involves 

the use of disaggregation and sharpening approaches, which aid the fusion of 

different spatial data sets (Anderson et al., 2012b; Gao et al., 2012; Maltese et al., 

2018; Rodriguez-Galiano et al., 2012; Wang et al., 2019). For instance, Guzinski 

and Nieto (2019) made use of a machine-learning approach to blend Sentinel-2 

optical imagery and Sentinel-3 thermal images into a 10 m spatial resolution 

weekly product. However, these data fusion and sharpening approaches do not 

convey precisely the same information as if they were taken with a high resolution 

sensor. In addition, further processing steps such as gap-filling and spatial co-

registration are required.  

 In recent years, miniaturized cameras that can be installed onto unmanned 

aerial vehicles (UAVs) have become commercially available and are increasingly 

being used for remote sensing applications (Aasen et al., 2018; Adão et al., 2017; 

Candiago et al., 2015; Manfreda et al., 2018). Xia et al. (2016) studied the feasibility 
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of using an aircraft mounted thermal and multispectral camera for evaporation 

estimation over grape vineyards using the TSEB model. In addition to being able 

to resolve field level heterogeneity, they achieved reasonable evaporation 

estimates when compared against eddy covariance measurements. Similarly, 

Hoffmann et al. (2016) employed the TSEB model to retrieve evaporation at a 

spatial resolution of 0.2 m using a UAV, with the major difference being that the 

thermal camera was not cooled, reaching the conclusion that UAVs enable a viable 

and cost effective alternative for field monitoring at high spatial resolutions with 

the added benefit of on-demand flights. However, a major drawback of employing 

UAV thermal imagery is the reliance on highly accurate thermal data (i.e., the 

measurement should be within 1°C of the actual temperature) to maintain 

relatively low errors on evaporation estimates (Kelly et al., 2019; Mesas-

Carrascosa et al., 2018; Xia et al., 2016). Unfortunately, uncooled thermal cameras 

have implicit challenges that limit their direct application for remote sensing 

purposes, including spatial non-uniformity (also known as vignette effect) and 

measurement bias (Aragon et al., 2020; Berni et al., 2009; Gerhards et al., 2019; 

Torres-Rua, 2017). All of the aforementioned issues need to be corrected prior to 

integrating them into any remote sensing applications that require stable and 

highly accurate measurements. For these reasons, it is necessary to develop 

camera calibration frameworks: a topic that is explored in Chapter 5.  

1.7 Objective of the Thesis 

From the literature review outlined in the preceding sections, a number of 

outstanding issues were identified for evaporation estimation at field scale and 

high spatial and temporal resolutions. The goal of this thesis is to address these 
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using state-of-the-art remote sensing sources and modelling approaches. A 

framework to estimate agricultural water use was developed for local scales, with 

the potential of being extended to larger areas. Additionally, the present thesis 

also paves the way to integrate UAV thermal imagery into evaporation models, 

with the development of a calibration routine that minimizes vignette effects and 

brightness temperature biases (when compared to a black body). To achieve the 

thesis objectives, the investigation uses: i) high-quality and high spatiotemporal 

resolution satellite imagery in the visible to near infrared spectrum; ii) 

meteorological and heat flux measurements from eddy covariance instruments for 

evaluation purposes; iii) sophisticated data analysis techniques and Python 

programming; UAV thermal imagery; and iv) in-house developed circuits for 

temperature measurements to aid the thermal calibration experiments. 

The four specific research objectives explored in this thesis can be 

summarized as: 

1. Uncover the potential of integrating CubeSat imagery into evaporation 

models; 

2. Reveal the use of daily CubeSat products for precision agriculture 

applications and crop water use management across a growing season; 

3. Quantify and intercompare the effects of different spatial and temporal 

resolution satellite imagery on the estimation of evaporation; 

4. Develop a calibration framework to correct for image vignette and 

brightness temperature bias for uncooled thermal instruments, including 

those that can be mounted on UAV platforms.     
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1.8 Organization of Thesis 

The dissertation will explore a range of topics related to the application of 

remote sensing imagery applied to agriculture. The thesis is structured based on 

both submitted and published manuscripts. As these publications, and the work 

contained within, were written independently, there may be some degree of 

repetition between the chapters. Each section of the thesis has an introduction 

that serves as a comprehensive literature review (at the time of paper submission) 

on its corresponding topic, followed by a description of the methodology, an 

explanation of the achieved results, a discussion and a conclusion section. A brief 

description of each chapter is presented below. 

Chapter 1: Introduction and Research Significance 

Chapter 1 provides background on the current state of the research presented in 

this thesis, with a focus on evaporation and agricultural monitoring. An 

introduction to remote sensing at multiple scales is provided along with theory to 

estimate and evaluate evaporation retrievals. Knowledge gaps are identified 

throughout the introduction along with proposed objectives of the research 

projects to address each knowledge gap.  

Chapter 2: CubeSats enable high spatiotemporal retrievals of crop-water use 

for precision agriculture 

Chapter 2 presents a modified version of the manuscript published in MDPI 

Remote Sensing entitled with the same title adapted to the thesis format. The 

highest spatial resolution evaporation retrievals from space are presented and 

used to assess crop water use in a farm in Saudi Arabia showcasing the use of 

CubeSats for precision agriculture. 
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Chapter 3: CubeSats deliver new insights into agricultural water use at daily 

and 3 m resolution 

Chapter 3 presents a modified version of the manuscript with the same title, 

submitted to Scientific Reports and adapted to the thesis format. In this study, the 

first ever daily and cloud-free CubeSat evaporation product is presented and 

evaluated at three farm sites in Nebraska, United States of America. The results of 

the research demonstrate how the derived evaporation could be used for 

improving irrigation management and for further incorporation into other 

agricultural workflows such as yield estimation.  

Chapter 4: Exploring the impacts of spatial and temporal resolution using 

multi-satellite estimates of evaporation  

Chapter 4 presents a modified version of the manuscript in preparation with the 

same title adapted to the thesis format. Evaporation retrievals from three different 

satellite platforms (Landsat 8, Sentinel-2 and CubeSats) are compared to each 

other to assess the effects of both spatial and temporal resolutions on crop water 

use monitoring. The results of this research show that there are considerable 

differences in evaporation retrievals amongst the various satellite systems and 

that both high spatial and high temporal resolution are needed for precision 

agriculture applications. 

Chapter 5: A Calibration Procedure for Field and UAV-Based Uncooled 

Thermal Infrared Instruments 

Chapter 5 presents a modified version of the manuscript published in MDPI 

Sensors with the same title adapted to the thesis format. UAVs are becoming an 
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increasingly important tool for farm monitoring, providing unprecedented spatial 

resolution. Commercially available thermal sensors have previously been used as 

an additional input to evaporation models due to their close relationship with 

surface moisture, and leaf and aerodynamic temperatures. However, before these 

thermal images can be applied towards agricultural monitoring, it is important to 

first identify and then correct for camera effects that can introduce bias and image 

vignetting. In this manuscript, a simple correction that can be applied to a wide 

range of thermal infrared instruments is presented, but with a focus on thermal 

cameras. A suggested field acquisition procedure is also described. 

Chapter 6: Concluding Remarks 

Chapter 6 provides a summary of the research findings of this thesis and identifies 

contributions towards addressing the knowledge gaps outlined in the aims and 

objectives. Additionally, recommendations and future research directions are also 

proposed and discussed, in addition to identifying some of the challenges and 

limitations encountered during the research process. 
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Chapter 2       
 
CubeSats enable high spatiotemporal retrievals of crop-water 
use for precision agriculture 

Chapter 2 examines the use of CubeSat imagery for high spatial resolution crop 

water use observation at a farm located in Al Kharj, Saudi Arabia. Normalized 

difference vegetation index (NDVI) and leaf area index (LAI) images were derived 

from Planet CubeSat constellation and introduced into the Priestley-Taylor Jet 

Propulsion Laboratory model along with in-situ measured net radiation, air 

temperature and humidity information. The evaporation retrievals were 

evaluated against eddy covariance measurements when the wind direction, and 

subsequently moisture transport, was coming from within the field. The remotely 

sensed evaporation was in good agreement with measured data, although 

modeled fluxes were underestimated, mainly due to the relative humidity forcing 

variable, which is not a good proxy for soil moisture when the surrounding 

environment is arid. In addition to evaluating evaporation, the CubeSat product 

was used to compare against irrigation amounts, finding that volumes of applied 

water were up to twice those needed to maintain adequate field moisture 

conditions during the growing season.   

 

Chapter 2 is an edited version of: Aragon, B., Houborg, R., Tu, K., Fisher, J. B., & 

McCabe, M. (2018) “CubeSats Enable High Spatiotemporal Retrievals of Crop-

Water Use for Precision Agriculture”, Remote Sensing, 10(12), 1867. 

doi:10.3390/rs10121867. 
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2.1 Introduction 

By the year 2050, agricultural water use can be expected to mirror the 

increase in food production required to feed a steadily growing population 

(Water, 2014). Globally, about 72% of fresh water withdrawals are being used for 

agricultural purposes (Wisser et al., 2008), with groundwater contributing nearly 

40% towards irrigated agriculture (Siebert et al., 2010). While only accounting for 

16% of the total agricultural land, agriculture under irrigation produces almost 

40% of total crop production (Tilman et al., 2002), so represents a vital element 

of global food security. With increasing water demands across all sectors, 

hydrological systems are already facing pressure to supply the water needed for 

existing irrigation activities (Famiglietti, 2014), let alone those in the future. It has 

been proposed that much of the increased demand in water resources can be met 

by a commensurate increase in irrigation efficiency (Wallace, 2000). However, 

achieving this is not trivial, given the needed changes in infrastructure, investment 

and monitoring that would have to be implemented, and the prohibitive costs that 

are likely required to realize this upgrade in agricultural production.  

Only by quantifying the amount of water that is being used in agricultural 

production is it possible to construct efficient (and responsible) water 

management strategies (Anderson et al., 2011). In order to effectively model and 

optimize the use of agricultural water resources, it is essential to first have a clear 

understanding (and quantification) of the component water fluxes (Zhuang and 

Wu, 2015). Evaporation (E) is considered one of the most critical elements of the 

water budget, representing the demand for water in the environment in the form 

of water transfer from the soil and canopy into the atmosphere (Kalma et al., 
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2008). The importance of evaporation is paramount in water-limited 

environments, where precipitation is, by definition, insufficient to cover the 

amount of potential evaporation (Newman et al., 2006). In such landscapes, 

evaporation comprises the predominant component of the water balance and, 

where agriculture exists, is a strong indicator of the crop water use.  

Evaporation can be derived via the use of interpretive modeling 

approaches, in which vegetation parameters, meteorological and radiative 

information and surface properties are combined to provide surface specific 

descriptions. Indeed, there exists a wide range of models that have been proposed 

for estimating evaporative fluxes at the land surface, each of which has distinct 

data requirements and associated accuracies (Kalma et al., 2008; Z. L. Li et al., 

2009; Wang et al., 2012; K. Zhang et al., 2016). Still, there remains no clear 

consensus on the best performing model (Ershadi et al., 2014; McCabe et al., 2016; 

Michel et al., 2016) and identifying an approach that is fit-for-purpose remains 

one of the many challenges in flux estimation. A common basis underlying many 

of these models is the concept of heat and vapor transport from the surface to the 

atmosphere: a process described by Monin-Obukhov similarity theory (Monin et 

al., 1954). Many energy balance models (Allen et al., 2007; Anderson et al., 1997; 

Roerink et al., 2000; Timmermans et al., 2007) derive evaporation as the residual 

in the surface energy equation, and treat the surface as either a homogeneous unit 

or as a mixture composed of soil and vegetation. However, in spite of being 

physically based, they are often very sensitive to accurate estimates of surface 

temperature as an input, and separating the radiometric temperature into soil and 

vegetation components can be complicated (Norman et al., 2000). In addition, 
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surface heterogeneity introduces errors in the calculation of aerodynamic 

resistances that are not well understood (Ershadi et al., 2013b; McCabe et al., 

2006). Another approach is to solve directly for evaporation by using the Penman 

Monteith combination equation (Monteith, 1965; Penman, 1948), which avoids 

the use of surface temperature (but still requires calculation of resistance terms). 

The Priestley-Taylor (PT) equation (Priestley et al., 1972) is a simplification of the 

Penman-Monteith method provides estimates of the potential evaporation flux 

without requiring direct knowledge of the aerodynamic resistances to heat 

transport. Fisher et al. (2008) developed and tested a modified approach, referred 

to as the Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) model, that 

introduced biophysical constraints to scale potential evaporation to actual 

evaporation using vegetation parameters that can be derived from optical satellite 

imagery and a minimum amount of meteorological data. The model has been 

employed at varying spatial and temporal resolutions, with good performance 

observed across a variety of different biomes (Chen et al., 2014; Ershadi et al., 

2014; Garcia et al., 2013; McCabe et al., 2016; Michel et al., 2016; Miralles et al., 

2016; Moyano et al., 2018; Vinukollu et al., 2011), and is now the primary 

evaporation retrieval algorithm for NASA’s ECOSTRESS mission (Fisher et al., 

2017). 

While the direct estimation of evaporation can be obtained at the local scale 

from a range of in situ devices, such as eddy covariance systems, lysimeters, 

scintillometers, and sap-flow meters, amongst others (Fisher et al., 2011), these 

instruments only provide point scale responses, and are therefore not generally 

representative of larger scales (Kalma et al., 2008). Unfortunately, although 
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providing a benchmark measurement, increasing the detection area with these 

systems is usually prohibitive as they come with high capital costs and ongoing 

maintenance needs (Twine et al., 2000). One approach to overcome the inherent 

spatial constraint of ground based monitoring is to use satellite based platforms, 

which provide information on surface properties at scales from around a meter to 

tens of kilometers (McCabe et al., 2017b). Equally important is that they can 

increasingly provide a long-term record for analysis of global and regional trends 

and variability (McCabe et al., 2016; Michel et al., 2016; Miralles et al., 2014). 

Indeed, to compensate for the spatial limitation of ground based measurement 

devices, there is an extensive history of combining satellite data with process 

based descriptions of the evaporative process to estimate evaporation (Kalma et 

al., 2008).  

In a recent synthesis, Fisher et al. (2017) highlighted the need to obtain 

evaporation with high accuracy and with high spatial and temporal resolutions. 

Nevertheless, to date, satellite based retrieval has generally required a 

compromise between spatial and temporal resolution. That is, one can either 

obtain imagery occasionally at high-resolution, or frequently but at coarse 

resolutions. While coarse resolution products are well suited for climate studies 

(Martha C. Anderson et al., 2007; McCabe et al., 2016; Michel et al., 2016; Miralles 

et al., 2014), they are ill-suited to realizing the fine spatial details required for farm 

scale analysis (Anderson et al., 2012b). For precision agricultural needs (Zhang et 

al., 2002), characterizing the spatial variability both between and within fields is 

necessary not only to quantify water needs and to establish meaningful irrigation 
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scheduling (Egea et al., 2017), but also to provide the level of detail needed to drive 

informed water and nutrient management decisions.   

A recent solution that is enabling these spatiotemporal constraints to be 

overcome has been the development and deployment of CubeSats (McCabe et al., 

2017a). These small satellite systems exploit the miniaturization of digital 

electronics and other commercial off-the-shelf components to provide an 

economical alternative to traditional satellite missions. The CubeSat concept was 

designed in a way to make it possible to launch several platforms in a “ride-

sharing” fashion i.e. they were not designed to be the principal focus of any space 

mission. The standard 1U CubeSat has approximate dimensions of 10 x 10 x 10 cm 

and a weight of around one kilogram, making it cost effective to launch (Toorian 

et al.), while providing a building-block upon which larger systems can be 

developed. The central concept behind achieving a high spatiotemporal density is 

that instead of launching a single CubeSat, multiple systems can be launched 

relatively cheaply, providing an expanded capacity for overpass repetition (and 

replacement, given their shorter lifetimes). One company that has taken 

advantage of the CubeSat approach is Planet (www.planet.com), which to date has 

deployed more than 170 small satellites into low earth orbit using a 3U 

configuration. Each of these satellites is equipped with an imaging unit that 

captures snapshots at up to 3 m pixel resolution from four bands in the blue, green, 

red and near-infrared portions of the spectrum. Using the entire constellation of 

Planet CubeSats, a near-daily monitoring of the Earth’s surface is enabled (Planet 

Team, 2017). Although these CubeSats “Doves” only provide optical imagery, they 

represent an entirely new resource that can be used to help derive hydrological 

http://www.planet.com/
http://www.planet.com/
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variables such as evaporation (McCabe et al., 2017a) or vegetation parameters 

(Houborg and McCabe, 2018a, 2018c) with unprecedented spatial and temporal 

resolutions. 

Given the unsustainable nature of water use in the agricultural sector 

globally, it is critical that a clearer understanding of crop water demand and 

requirements is available for both resource assessment and planning. Here we 

combine the new sensing capabilities afforded by CubeSats in conjunction with 

the well-established PT-JPL model to demonstrate the estimation of crop water 

use at unprecedented spatial and high temporal resolutions. PT-JPL uses a 

minimum of meteorological data, making it an ideal approach to employ in 

combination with remote sensing imagery, especially in data sparse regions. Apart 

from delivering some of the highest resolution temporal sequences of crop water 

use ever retrieved from space-based platforms, the key objectives of this work 

were to evaluate the capacity of CubeSats to deliver precision agricultural crop 

water use information, to assess these retrievals against a time-series of tower 

based flux measurements and irrigation flow-meter data, and to identify some of 

the modeling and data challenges related to using such high spatiotemporal 

imagery. 

2.2 Materials and methods 

2.2.1 Study Site 

The study focuses on a center-pivot irrigated farmland located in an arid to 

hyper-arid region of Saudi Arabia. The site, which operates as a commercial 

agricultural facility, is located between Al-Kharj and Haradh (Figure 2-1), 
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approximately 200 km southeast of Riyadh. The farm consists of 50 center-pivot 

fields, each with a diameter of approximately 800 m and representing an 

agricultural surface approaching 24 km2. The primary agricultural outputs from 

the farm during this study period were alfalfa, Rhodes grass, and maize. The region 

is mostly cloud-free throughout the year, but has an atmosphere with a sizeable 

aerosol loading (Houborg and McCabe, 2016a), with sandstorms occurring on a 

semi-regular basis. Typical of the region, the climate is extreme, with average high 

summer temperatures of 43°C and low annual precipitation values of around 100 

mm.year-1 (El Kenawy and McCabe, 2016). Given the negligible amount of 

precipitation, all the pivots are irrigated with water extracted from an unregulated 

fossil aquifer. 

 
 

Figure 2-1. Enhanced natural color representation of the Tawdeehiya arable farm 
using a 3 m Planet image from October 8, 2016. The location of the eddy 
covariance system and collocated meteorological station are marked with a blue 
ring.  

2.2.2 Satellite Data and Derivation of Vegetation Metrics 
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The constellation of Planet CubeSats provide an unprecedented 3 - 4 m ground 

sampling distance at a near-daily coverage over land. The analysis focuses on an 

intensive fieldwork period in 2016, with 16 Level 3A PlanetScope Ortho Tile 

images collected between September and December forming the basis of our 

analysis. It is worth noting that at that time, only ~75 Planet Doves formed part of 

the CubeSat constellation, so daily coverage was not yet available (see Figure 2-2). 

The PlanetScope Ortho Tile product merges consecutive Planet CubeSat scenes 

into a single 25 x 25 km tile that is orthorectified and referenced to a UTM 

projection, providing a final pixel size of 3.125 m (Houborg et al., 2018a; Planet 

Team, 2017). Further details on the CubeSat imagery used in this study can be 

found in (Houborg et al., 2018a). Available Landsat 8 images were acquired for the 

same period. Serendipitously, approximately half of the farm is observed by two 

different overlapping Landsat scene paths (165/43 and 164/43), increasing the 

temporal resolution from 16 to 8 days. The satellite overpass for the 165/43 path 

was at 10:16 am (local time) and 10:11 am for the 164/43 path. In both cases, 

nadir imaging was enforced. 

Conforming to the CubeSat approach of using commercial off-the-shelf 

components, the onboard sensors are not research grade, so have a reduced 

spectral response with broader bands compared to the imaging sensors on 

platforms such as Landsat 8 or Sentinel 2 (Houborg et al., 2018a). There are also 

inter-satellite sensor differences that need to be accounted for to produce 

consistent imagery for intercomparison and merging. In order to address these 

CubeSat specific issues (as well as to atmospherically correct the imagery), the 

recently developed CubeSat Enabled Spatio-Temporal Enhancement Method 
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(CESTEM) (Houborg et al., 2018a) was employed. CESTEM leverages a machine 

learning based workflow that integrates high radiometric quality satellite data 

(e.g. MODIS and Landsat 8) with CubeSat imagery to produce retrievals that are 

radiometrically consistent with Landsat 8 surface reflectances. Here, CESTEM is 

also employed to provide leaf area index (LAI) maps, following the approach 

outlined in Houborg and McCabe (Houborg et al., 2018b). Figure 2-2 shows the 

LAI time-series produced via CESTEM over the study center-pivot focus site, 

which was growing maize at that time. As can be seen, the full maize growing cycle 

for this pivot is well captured by the CubeSat imagery, showing a peak growth 

around day of year (DOY) 277, from a planting date of DOY 227. The total crop 

growth cycle covers a period of approximately 113 days, with a harvest on DOY 

340. 

 
Figure 2-2. Pivot-averaged CubeSat derived LAI time series for the study period 
corresponding to the maize crop where the eddy covariance tower was installed. 
The purple diamond indicates the retrieval date for LAI. The orange lines 
represent the Landsat 8 imagery acquisition days. The green line is a smooth-
curve fit to the LAI retrievals for illustration purposes. 

2.2.3 Eddy Covariance Measurements and Meteorological Data 
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In situ heat and water vapor flux measurements were acquired by an eddy 

covariance tower installed next to the focus pivot (blue circle on Figure 2-1) 

during the course of the study period at a frequency of 10 Hz. These high 

frequency data were processed, filtered and quality checked to provide 30-min 

average measurements, using the LICOR EddyPro software. Meteorological data 

were recorded in parallel using an automatic weather station attached to the eddy 

covariance tower. Measurements of net radiation (𝑅𝑅𝑛𝑛; taken with a Kipp and 

Zonen CNR4 radiometer), air temperature (𝑇𝑇𝑎𝑎), wind speed (𝑢𝑢) and direction, 

friction velocity (𝑢𝑢∗), relative humidity (𝑅𝑅𝑅𝑅), ground heat flux (𝐺𝐺) and other 

ancillary data were obtained. The eddy covariance sonic anemometer and infrared 

gas analyzer were placed at a measurement height of approximately 3.8 m, while 

the collocated weather station with the other meteorological probes was placed 

at 2 m height. Over the course of the study period, the energy balance closure of 

the system was estimated at 0.85 on average, with a minimum value of 0.59 and a 

maximum value of 1.23. Closure was forced upon the measurements following the 

Bowen ratio correction method (Twine et al., 2000), which assumes that the 

Bowen ratio is correctly measured by the eddy covariance system.  

Given the number of CubeSat observations collected over the study period 

(16), and considering that the eddy covariance flux footprint (Kljun et al., 2002) 

was not always centered over the crop field at the time of satellite overpass, 

meteorological forcing and flux evaluation data was chosen only for those values 

with wind direction between 0 and 100 degrees of the tower (i.e. data with flux 

gradients arriving from within the field). Doing this, we avoid the cross-sampling 

of fluxes from the desert and any subsequent mixed signal contributions. Only 

daytime fluxes were used. It was also assumed that LAI and normalized difference 
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vegetation index (NDVI) remained constant throughout the day. From the 285 

eddy covariance records overlapping with the 16 CubeSat observations, only 79 

records satisfied the wind direction and daytime constraint, 8 of these were 

removed as they corresponded to a period with no satellite coverage of the eastern 

side of the farm and 22 marked as low quality (following Matthias Mauder 

(2004)). After this quality control process, 49 sets of evaporation fluxes, together 

with their corresponding meteorological forcing data, were available for model 

simulation and product evaluation. To examine the utility of using instantaneous 

CubeSat observations for estimating daily evaporation for precision agriculture, 

an additional data set was composed using model simulations performed with 

forcing at 10 am, following the approach of Jackson et al. (1983) (which employs 

an approximation relating the ratio of daily incoming solar radiation to the 

instantaneous incoming solar radiation (𝑅𝑅𝑠𝑠24/𝑅𝑅𝑠𝑠) under clear sky conditions). It 

should be noted that the 30-min averaged measurements were used to represent 

instantaneous quantities both for model forcing, evaluation and daily 

extrapolation, which could contribute to disagreement between computed and 

observed fluxes (Colaizzi et al., 2006). 

2.2.4 Eddy Covariance Footprint Derivation 

The eddy covariance flux values are influenced by a time-varying source 

area i.e. the contributing area is not always the same size, as its orientation and 

dimensions change according to wind and atmospheric conditions. As such, at any 

given time, each footprint shape and size is determined by atmospheric stability, 

wind speed, wind direction, lateral wind dispersion, and instrument effective 

measurement height. To more realistically compare modeled evaporation fluxes 
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with observations from the eddy covariance system, it is necessary to 

mathematically determine the eddy covariance footprint at the time of the 

observation. To compute the effective measurement height (𝑧𝑧𝑚𝑚), a linear map 

between vegetation fractional cover and canopy height was implemented: 

𝑧𝑧𝑚𝑚 = 𝑧𝑧 − 𝑑𝑑0 = 𝑧𝑧 −
2
3
ℎ𝑐𝑐 = 𝑧𝑧 −

2
3

(ℎ𝑐𝑐𝑚𝑚𝑖𝑖𝑛𝑛 + (ℎ𝑐𝑐𝑚𝑚𝑎𝑎𝑥𝑥 − ℎ𝑐𝑐𝑚𝑚𝑖𝑖𝑛𝑛) ∙ 𝑓𝑓𝑐𝑐) (2-1) 

where 𝑧𝑧 is instrument height, 𝑑𝑑0 is the zero-plane displacement height, 

estimated as 2/3 of the canopy height ℎ𝑐𝑐 (Chen et al., 2013), 𝑓𝑓𝑐𝑐 = (𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 −

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑖𝑖𝑛𝑛)/(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑎𝑎𝑥𝑥 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑖𝑖𝑛𝑛) is the vegetation fractional cover (with 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑎𝑎𝑥𝑥 and 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚𝑖𝑖𝑛𝑛 being the maximum and minimum NDVI values for the 

period), and ℎ𝑐𝑐𝑚𝑚𝑎𝑎𝑥𝑥 = 2.5 𝑚𝑚 and ℎ𝑐𝑐𝑚𝑚𝑖𝑖𝑛𝑛 = 0.1 𝑚𝑚 are the maximum and minimum 

vegetation height values respectively. The fractional cover value was taken as an 

area average for the pivot next to the eddy covariance instrument to comply with 

the required homogeneity assumption of the footprint model. 

The footprints were computed using the approach of Kljun et al. (2015) up 

to the 90% contribution distance. This approach was selected based on its low 

computational requirements, ease of implementation for use with raster images, 

and overall accuracy. Here, the footprint is a mathematical construct that accounts 

for the effect of all sources or sinks that contribute to a measurement flux (Kljun 

et al., 2002), taking the form of the following relationship: 

𝐹𝐹𝑐𝑐(0,0, 𝑧𝑧𝑚𝑚) = � 𝑄𝑄𝑐𝑐(𝑥𝑥,𝑦𝑦) ∙ 𝑓𝑓(𝑥𝑥, 𝑦𝑦)𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦
𝔑𝔑

 (2-2) 

where 𝐹𝐹𝑐𝑐(0,0, 𝑧𝑧𝑚𝑚) is the measured flux at the receptor location and effective 

measurement height 𝑧𝑧𝑚𝑚, 𝑄𝑄𝑐𝑐(𝑥𝑥,𝑦𝑦) is the source or sink of the flux, and 𝑓𝑓(𝑥𝑥,𝑦𝑦) is the 

footprint function. The footprint function is defined as: 
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𝑓𝑓(𝑥𝑥,𝑦𝑦) = 𝑓𝑓𝑦𝑦����(𝑥𝑥) ∙ 𝑁𝑁𝑦𝑦 (2-3) 

where 𝑓𝑓𝑦𝑦����(𝑥𝑥) is the crosswind-integrated footprint and 𝑁𝑁𝑦𝑦 is the crosswind 

dispersion function. Further details on this approach can be found in Kljun et al. 

(2015). The footprint model was applied on a pixel basis to derive a 2D map that 

could be used in conjunction with the estimated evaporation maps. This required 

a resampling to 1 m and to use equation (2-1) with a discrete approach: 

𝐹𝐹𝑐𝑐(0,0, 𝑧𝑧𝑚𝑚) = �𝑄𝑄𝑐𝑐𝑖𝑖 ∙ 𝑓𝑓𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 (2-4) 

where n is the number of pixels that comprises the area up to the 90% 

contribution, 𝑄𝑄𝑐𝑐𝑖𝑖 is the flux value at the corresponding 𝑖𝑖th pixel and 𝑓𝑓𝑖𝑖 is the value 

of the footprint function of pixel 𝑖𝑖. 

2.2.5 Description of Eddy Covariance Footprints 

While performing the footprint integration process (to compare measured 

eddy covariance fluxes to those obtained by model simulations), it is important to 

analyze the characteristics of each individual footprint response. A common rule 

of thumb suggests that the footprint fetch is approximately one hundred times the 

measurement height, but this has been shown to commonly overestimate the 

extent (Arriga et al., 2017). Furthermore, the approximation provides no 

information on the width of the footprint. As already mentioned, the source area 

for the eddy covariance system has a time varying nature that is dependent on 

wind speed and direction and atmospheric conditions, with the implication that 

during periods of low ratio of wind to friction velocity and an unstable 

atmosphere, the contributions of the surface fluxes can come from a relatively 

small area (i.e. near the tower). Thus, there is a need for the CubeSat-derived heat 
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flux maps to have a high enough spatial extent (and resolution) to be comparable 

with the eddy covariance measured heat flux.  

Figure 2-3 presents a box plot of the 49 footprint estimated distances to 

their 90% contribution. For example, the left-most box plot (blue in color) 

summarizes all the footprint estimates, producing an average fetch of 167 m and 

indicating that half the footprints (i.e. the interquartile range) have a size between 

93 m and 265 m. This means that the typical footprint covers a relatively small 

area in relation to the total pivot area (c.a. 50 ha). The footprints were further 

stratified into three group according to wind direction. The first group comprises 

18 footprints that come from 0 to 20 degrees from north (orange box plot). In this 

first group, half of the footprints have narrow fetch distance close to 126 m. Still, 

some footprints had a large fetch and occurred at the end of the study period when 

the field was bare (reflected by the top whisker). The second grouping (grey box 

plot) also has 18 samples and shows footprints with origins from 20 to 40 degrees, 

with the plot showing a skew towards larger fetch distances. The last group (with 

13 samples) corresponds to footprints that come from 40 to 100 degrees, and 

shows both the smallest (16 m) and the largest fetch distances (324 m). 
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Figure 2-3. Footprint fetch distance to the 90% contribution distributions for the 
study period. Individual boxes show (from L-R): all computed footprints, 
footprints coming from 0 to 20 (N = 18), 20 to 40 (N = 18) and 40 to 100 (N = 13) 
degrees from north. The whiskers represent the minimum and maximum values 
of each group of footprints (i.e. the range of the footprint fetch), the lower side of 
the box is the 25th percentile, the upper side is the 75th percentile and the central 
line is the median. 

The small size or width of some of the footprints can make it difficult to 

compare the remotely estimated fluxes to the eddy covariance tower, especially if 

the spatial resolution is not sufficient to properly delineate the contributing area. 

Furthermore, the contribution to the measured flux is not uniform inside the 

footprint, with the most contributing flux sources tending to be closer to the tower 

location. In this environment, the lateral wind dispersion is also important, as 

some of the footprint can be outside of the desired area of study (i.e. sampling 

from the surrounding desert). For the eddy covariance system, this could mean a 

violation of the homogeneity assumption of the technique. For the remotely 

derived data, this also presents a challenge, as the footprint integration could 

combine fluxes from both vegetated and bare soil areas, lowering the evaporation 

estimates as a result. It should be noted that the footprints are derived from 
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different dates and times. The distance to the 90% contribution depends not only 

on crop height (which affect the effective measurement distance) and wind speed, 

but also on the atmospheric conditions, where the fetch distance is larger under 

stable conditions (Horst and Weil, 1994). 

2.2.6 Model Description (PT-JPL) 

The Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) retrieval model 

(Fisher et al., 2008) partitions actual evaporation into three components: canopy 

transpiration (𝐸𝐸𝑐𝑐), soil evaporation (𝐸𝐸𝑠𝑠), and canopy interception evaporation 

(𝐸𝐸𝑖𝑖). To compute the actual evaporation, the model downscales the potential 

evaporation for the three components based on a set of biophysical multipliers. 

These biophysical functions represent constraints for relative vegetation 

fractional cover (𝑓𝑓𝑐𝑐), the fraction of photosynthetically active radiation absorbed 

by the vegetation cover (𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴), surface wetness (𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤), fraction of green canopy 

(𝑓𝑓𝑔𝑔), plant temperature (𝑓𝑓𝑃𝑃), plant moisture (𝑓𝑓𝑀𝑀) and soil moisture (𝑓𝑓𝑆𝑆𝑀𝑀) (see 

Fisher et al. (2008) for a description of these equations). The potential 

evapotranspiration is computed using the Priestley-Taylor equation (Priestley et 

al., 1972). The total evapotranspiration is then expressed as: 

𝐸𝐸 = 𝐸𝐸𝑐𝑐 + 𝐸𝐸𝑠𝑠 + 𝐸𝐸𝑖𝑖 (2-5) 

The Priestley-Taylor equation is used in each of the three components and 

depends on the available energy to each of the layers: 

𝐸𝐸𝑐𝑐 = (1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤) ∙ 𝑓𝑓𝑔𝑔𝑓𝑓𝑃𝑃𝑓𝑓𝑀𝑀 ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐 (2-6) 

𝐸𝐸𝑠𝑠 = �𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 + 𝑓𝑓𝑆𝑆𝑀𝑀(1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤)� ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ (𝑅𝑅𝑛𝑛𝑠𝑠 − 𝐺𝐺) (2-7) 
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𝐸𝐸𝑖𝑖 = 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐  (2-8) 

where 𝑅𝑅𝑛𝑛𝑐𝑐, 𝑅𝑅𝑛𝑛𝑠𝑠, 𝐺𝐺, 𝛼𝛼, Δ, and 𝛾𝛾 are the net radiation to the canopy, net 

radiation to the soil, ground heat flux, Priestly-Taylor coefficient (with a constant 

value of 1.26), the slope of the saturation to vapor pressure curve and the 

psychrometric constant respectively.  

The model used in this study is a slightly modified version of the original 

PT-JPL approach described in Fisher et al. (2008), which was run at the month-to-

daily time scale, rather than on an instantaneous basis. Given the influence of the 

soil heat flux (G) at these smaller time scales, a separate computation of G based 

on the approach of Santanello et al. (2003) was included: 

𝐺𝐺 = 𝑆𝑆 ∙ cos�
2𝜋𝜋(𝑡𝑡 + 10,800)

𝐵𝐵
� ∙ 𝑅𝑅𝑛𝑛𝑠𝑠 (2-9) 

where 𝑆𝑆 = 0.31 represents the maximum expected value of 𝐺𝐺/𝑅𝑅𝑛𝑛𝑠𝑠 and 𝐵𝐵 =

74,000 is a constant that minimizes the deviation of 𝐺𝐺/𝑅𝑅𝑛𝑛𝑠𝑠, while 𝑡𝑡 is the time in 

seconds between the simulation time and solar noon.  

The plant temperature constraint (𝑓𝑓𝑃𝑃) was also modified to only depend on 

air temperature (𝑇𝑇𝑎𝑎) as opposed to the original parametrization that required the 

computation of an optimal growth temperature for global application. The 

derivation of optimal growth temperatures for semi-arid environments has been 

shown to be unnecessary (Garcia et al., 2013). Thus, by forgoing the computation 

of this parameter, we avoid the need for site specific calibration. Importantly, this 

new temperature parameter only constrains low temperature values. The 

modification was done based on our environment, which is characterized by non-

limiting air temperatures:  
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𝑓𝑓𝑃𝑃 =
1

1 +  e0.2∙(12 − Ta) (2-10) 

The parametrization of the fraction of photosynthetically active radiation 

absorbed by the vegetation cover (𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴), was adjusted using a parametrization 

based on NDVI (Carlson et al., 1995; Choudhury et al., 1994): 

𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴 = (NDVI − NDVIsoil)/(NDVIveg − NDVIsoil) (2-11) 

where 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑒𝑒𝑔𝑔 = 0.84 is the maximum NDVI value for the vegetated areas 

and 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑠𝑠𝑜𝑜𝑖𝑖𝑠𝑠 = 0.05 is the minimum value of NDVI over bare soil for the study 

period. This approach assumes that a pixel’s spectral response consists only of the 

linear combination of the green vegetation and bare soil. It was first proposed by 

Wittich and Hansing (1995) and has been shown to work adequately compared to 

other common methods (such as Xiao and Moody (2005)), while remaining 

computationally simple. The 𝑓𝑓𝐴𝐴𝑃𝑃𝐴𝐴𝐴𝐴 constraint is then incorporated into the model 

following the original study of Fisher et al. (2008). Another vegetation related 

parameter, the LAI, was specified as an input to the model rather than being 

derived through NDVI (as in the original formulation). The LAI product comes 

from the CESTEM framework, and shows good consistency to both Landsat 

derived LAI and to ground sampling (Houborg et al., 2016a, 2018a, 2018b; 

Houborg et al., 2015). 

Finally, given that we incorporate no specific information on the soil 

moisture or thermal data, the sensitivity parameter 𝛽𝛽 was increased from its 

original value of 1 to a more representative value of 3 for this environment. 

Modifying this parameter directly affects the value of the soil moisture constraint 

𝑓𝑓𝑆𝑆𝑀𝑀; the increase in 𝛽𝛽 translates to an increase in the value of 𝑓𝑓𝑆𝑆𝑀𝑀, or greater soil 

moisture availability. The value was modified due to the lower than expected 
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estimates for the soil moisture constraint over our well irrigated fields (i.e., the 

original parametrization underestimated soil moisture) and given the low vapor 

pressure deficit of the environment where our weather station was installed. This 

approach was previously outlined in Fisher et al. (2008). 

For comparison purposes, the original parametrization of the model was 

also evaluated, albeit with the addition of the soil heat flux estimation routine. This 

secondary set of retrievals serves as a benchmark to quantify potential model 

improvement. 

2.2.7 Model Evaluation Criteria 

The instantaneous retrievals from the remote sensing model were 

compared against eddy covariance data. The performance of the PT-JPL model 

was evaluated using the coefficient of determination (𝑅𝑅2) that measures the 

percent of the variability explained by the model, the bias that describe if the 

model over or underpredicts, relative mean bias difference (𝑟𝑟𝑟𝑟𝐵𝐵𝑁𝑁), the root 

mean square error (𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸), which gives an indicator of model accuracy, and the 

relative root mean square error (𝑟𝑟𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸): 

𝑅𝑅2 = �
𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥, 𝑦𝑦)
𝜎𝜎𝑦𝑦 ∙ 𝜎𝜎𝑥𝑥

�
2

 (2-12) 

𝑏𝑏𝑖𝑖𝑏𝑏𝑏𝑏 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

 (2-13) 

𝑟𝑟𝑟𝑟𝐵𝐵𝑁𝑁 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

�̅�𝑥�  (2-14) 

𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸 = �
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 (2-15) 
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𝑟𝑟𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸 = �
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

�̅�𝑥�  (2-16) 

where 𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦) is the covariance between the measured values 𝑥𝑥𝑖𝑖 and the 

footprint integrated remote sensing retrievals 𝑦𝑦𝑖𝑖 , 𝜎𝜎 is the standard deviation, �̅�𝑥 is 

the mean value of the observed values and 𝑛𝑛 is the number of samples. 

2.3 Results 

Using the available Planet CubeSat images, vegetation retrievals, and the 

previously described sets of combined meteorological forcing data and eddy 

covariance evaluation fluxes for the period from September to December 2016, 

we derived crop water use estimates using both the original and modified models 

(see Section 3.1). Both retrievals were footprint integrated and compared against 

eddy covariance observations. A demonstration of the potential for precision 

agricultural applications of the CubeSat derived water use estimates is presented 

in section 3.2.    

2.3.1 Impact of Model Adjustment on Flux Simulations 

Figure 2-4 shows the simulated evaporation values from both the original 

and modified PT-JPL model against the measured eddy covariance fluxes (n = 49). 

Both parametrizations present a consistent coefficient of determination of 

approximately 0.86, indicating that each model variant explains most of the 

observed variability. However, the modified version outperforms the original 

parametrization in other statistical aspects. The new formulation has less than 

half of the bias (-66.0 W.m-2 vs. -135.9 W.m-2), reflecting a relative mean bias of -

22.9% compared to -47.3% for the original parametrization. Moreover, the 

modified version also has a significantly lower rRMSE value (32.87% vs 55.53%). 
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In a different dryland system, Garcia et al. (Garcia et al., 2013) attributed the 

systematic underestimation of the original PT-JPL formulation to a 

misrepresentation of the underlying soil moisture status. Purdy et al. (2018) 

integrated SMAP soil moisture into PT-JPL, and found the most improvement in 

arid/semi-arid climates. The improvement for the modified version of the model 

is quite encouraging given the studies motivation to deliver reliable crop water 

use maps in dryland systems. Although there is still an underestimation trend at 

higher flux values, this is in line with previous studies in which advection can 

cause the observed evaporation to be greater than the available energy by 30-50 

percent (Yang et al., 2013). It follows that advective effects pose a parametrization 

constraint to models that use available energy to estimate potential evaporation. 

Another contributing factor to the underestimation trend can also come from the 

footprint integration of the fluxes, given that one of the underlying assumptions 

for the footprint model is that of a homogeneous surface and that sources closer 

to the eddy covariance tower contribute more to the integrated value.  
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Figure 2-4. Evaluation scatterplots for the original (left) and modified (right) PT-
JPL model. Fluxes where the corresponding LAI value is larger than four are 
displayed in red (n = 23), while the rest of the data points are shown in light blue 
(n = 26). The period with low LAI has higher rRMSE that may be attributed to an 
inadequate representation of the soil moisture. 

The performance of the modified model was analyzed by comparing 

retrievals from two periods discriminated by an LAI threshold value of 4 m2.m-2. 

This comparison is presented as part of Figure 2-5 in which fluxes where 𝐿𝐿𝑆𝑆𝑁𝑁 ≥ 4 

are shown as red circles for both the modified and original model. We can readily 

observe that for the original parametrization there was a large underestimation 

trend irrespective of vegetation condition, with an rRMSE of 46.8% and 69.5% for 

the high LAI and low LAI periods respectively. The modified model shows 

improvement under both regimes, for the low LAI period, the bias was -63.2 W.m-

2 and rRMSE was 49.0%. The two high LE points for this regime present a severe 

underestimation and occurred during DOY 255 when the crop was not fully 

developed, which points to a low soil evaporation component. The bias and rRMSE 

values during the high LAI period were -69.2 W.m-2 and 24.6% respectively, 
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reinforcing that the model performs worse under low LAI conditions. It is worth 

noting that the low value on this subset occurred in the late afternoon, when lower 

evaporation fluxes are to be expected. Two points should be emphasized here: 1) 

the footprint integration process for peak vegetation growth has values that are 

more representative of a smaller and more homogeneous area, given that the 

canopy height reduces footprint fetch distance and that the crop has mostly 

reached maturity; and 2) for the period with low LAI, most of the evaporation can 

be attributed to soil evaporation, and therefore the underestimation trend may be 

partly attributed to an inadequate soil moisture representation, as the major 

contributor to crop water use would likely derive from the soil component (𝐸𝐸𝑠𝑠). 

Given the location of the meteorological tower, this misrepresentation could be 

due to lower sensed RH values influenced by the surrounding dry air which is 

reflected on the 𝑓𝑓𝑆𝑆𝑀𝑀 function.  

To further examine the impact of footprint response on simulations, a 

comparison of the footprint integrated fluxes was undertaken, discriminating data 

based on the predominant wind direction (as was shown in section 2.5). Figure 

2-5 presents flux estimates when the wind was coming from 0-20 degrees from 

north (left; n = 18), from 20-40 (middle; n = 18) and from 40-100 degrees (right; 

n=13). In the first instance (0-20 degrees), when the source area is coming 

predominantly from the north of the tower, the model presents a degraded 

response, with a significant underestimation bias. For this sub-set results, 11 of 

the 18 measurements overlapped the peak growth period. As already mentioned, 

the poorer performance for low LAI cases may be due to soil moisture 

misrepresentation, while the underestimation during peak growth could be 

attributed to advection. For the 20-40 degree results, there is a strong correlation 
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to the data, although in other statistics it is comparable to the overall performance 

of the modified model, with an rMBD of -23.7% and rRMSE of 32.6% This set had 

only five observations during the period with high LAI, with three of these 

occurring later in the day where lower fluxes are expected. The 40-100 degree 

subset, which captures those fluxes derived from towards the center of the field, 

shows a strong statistical response, with low bias and rRMSE values (-23.1 W.m-2 

and 22.3%, respectively). These data also present the lowest rMBD of -9.6%, an 

error that is comparable to eddy covariance measurement uncertainty in the most 

ideal cases (Jiemin et al., 2015; Twine et al., 2000). The vegetation conditions in 

this subset (n = 13) were split almost evenly between low and peak growth LAI. 

Interestingly, the average wind speed and friction velocities for the 40-100 

direction were much lower than for the 0-20 data, with average values of 𝑢𝑢 =

0.9 𝑚𝑚/𝑏𝑏;𝑢𝑢∗ = 0.15 𝑚𝑚/𝑏𝑏 compared with 𝑢𝑢 = 2.6 𝑚𝑚/𝑏𝑏;𝑢𝑢∗ = 0.31 𝑚𝑚/𝑏𝑏 (for the 0-20 

degree data). These lower values could signal lower advective effects, thus 

favoring an increased agreement with the flux simulations.  

 

Figure 2-5. Evaluation scatterplots for the footprint integrated datasets, showing 
(left) fluxes from within 0-20 degrees of the tower (n = 18), (middle) fluxes within 
20-40 degrees (n = 18) and (right) the 40-100 degrees data (n = 13). 
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2.3.2 Potential of Crop Water Use Estimates From CubeSats for Precision 
Agriculture 

Using the modified PT-JPL model, we expand the analysis to estimate daily 

evaporative water use for the entire study site, assuming that the tower based 

meteorological information (see Figure 2-2) is representative of the whole farm. 

The instantaneous evaporation fluxes were extrapolated to daily values using the 

approach of (Jackson et al., 1983). Colaizzi et al. (2006) recommended that the 

instantaneous flux should be within two hours of solar noon, so we used derived 

fluxes at 10 am.  

As can be seen from Figure 2-6, which presents a daily evaporation map for 

DOY 277, there exists a high degree of spatial variability within many of the pivots, 

reflecting different planting dates (i.e. half of the pivot is planted at a different time 

to the other half), or that some are only partially planted (brown fields represent 

unplanted locations). Considerable within field variability can also be observed, 

possibly identifying areas affected by nutrient deficiency, water stress, soil salinity 

or related factors. Lower evaporation rates can be observed at the boundary of 

many of the pivots, which is likely a response of either plant stress (due to lower 

irrigation rates at the edges) or advection effects from the surrounding desert (i.e. 

hot dry winds affecting the health and vigor of these unprotected plants). 

Importantly, there is incredibly rich spatial (and temporal) detail that is present 

in these high-resolution CubeSat retrievals that even Landsat scale estimates are 

unable to retrieve (McCabe et al., 2017a). Using this figure, the amount of water 

being used by the 34 fields under active planting was estimated at 72,900 m3, or 

approximately 2,150 m3 per vegetated field.    
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Figure 2-6. Daily crop water use estimates in mm.day-1 for DOY 277 with a false 
color background, derived from high-resolution CubeSat LAI and ground 
measured meteorological data. For this day, the 34 crops under planting are using 
an estimated 72,900 m3, or approximately 2,150 m3 per irrigated (vegetated) field. 
Fields in brown are bare and not included in this estimate. 

To undertake a more detailed assessment of these CubeSat retrievals, a 

center-pivot planted with maize was selected for analysis. This particular field 

was fitted with a flowmeter during the campaign, allowing an estimate of the 

applied irrigation waters to be determined. The planting schedule was conducted 

on two different dates, with the upper half sown on DOY 210 and the lower half 

on DOY 218. Figure 2-7 shows the daily evaporation time-series for the pivot 

evolution in mm.day-1, from before sowing, through crop maturity, to after 

harvesting. As can be seen, the impact of the delayed planting schedule is clearly 

observable, as the lower half of the field has a consistently lower evaporation rate 

relative to the upper area. From on-farm records, nitrogen was applied as fertilizer 

on DOY 254, 259, 262, 266 and 270, with the effects of this treatment reflected in 

the CubeSat derived vegetation indices and subsequent evaporation rates. Despite 

a uniform fertigation treatment, the field still displays a significant degree of 
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variability, particularly on its lower half and edges, although these seem to 

normalize during the latter parts of the growing cycle. 

 

Figure 2-7. Crop development and water use for a selected maize pivot. The 
different planting dates for the upper and lower portions of the field introduce 
within-field variability that was observable from the CubeSat imagery, facilitating 
potential management response in a timely manner. Fertigation occurred 
between DOY 254 and DOY 270. 

In addition to monitoring the temporal water use, Figure 2-8 presents the 

field averaged LAI calculated using CESTEM (see Section 2.2). This field reveals 

quite a different response from the flux evaluation field used in Figure 2-2, with a 

peak LAI of 3.6 m2.m-2 that is 25% lower than the 4.8 m2.m-2 measured near the 

eddy covariance tower. As expected, the daily crop water use map of Figure 2-6 

(mm.day-1) reflects the development pattern of LAI, given the key role this 

variable plays in the PT-JPL model. An interesting response is evident from the 

two last crop water use estimates (DOY 340 and 348), which show a decreasing 

evaporation rate of approximately 1.7-1.3 mm.day-1, when LAI was negligible (i.e., 

almost zero). . As can be seen from Figure 8, the field was cropped close to DOY 

340, so this evaporation is coming as a response of the soil evaporation 

component. 
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Figure 2-8.  Pivot-averaged LAI time series and extrapolated daily evaporation 
values derived from a sequence of CubeSat imagery over a flow-monitored field of 
maize. The purple symbols indicate the CubeSat overpass dates (and LAI 
retrievals), while the orange bars provide daily evaporation rates (mm.day-1). The 
green line is a smooth fit to the available LAI values for illustration purposes only. 

Inspecting the flow meter data, the daily irrigation was approximately 12 

mm.day-1 (on average) with a standard deviation of 2.6 mm.day-1 for September, 

October, and November. Irrigation occurred daily, but was stopped on DOY 319, 

with the decreasing evaporation rates following this corresponding to the reduced 

LAI values. Irrigation efficiency, defined as the ratio of actual daily evaporation to 

applied irrigation (Jensen, 2007), was computed for all retrieval days in which 

irrigation was higher than E. As can be seen from Figure 2-9, irrigation efficiency 

ranged from 22% to 72%, with a mean value of 40%. The daily evaporation 

estimates are within the range of values reported in the literature. Li et al. (2017) 

reported a range from 1.5-6.5 mm.day-1 during the growing season of maize in 

northwest China, while, Chávez et al. (2008) found values in the range of 2.5-6.5 

mm.day-1 during the one month SMACEX and SMEX02 campaigns. Tyagi et al. 

(2003) observed a slightly larger range of 3-7 mm.day-1 during their experiment 

over Karnal, India for the growing seasons of 1996 and 1997, while Gu et al. (2017) 
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provided an estimate between 2-4 mm.day-1 for the whole maize season of 2008 

in the Zhangye Oasis. China. The expected mismatch between E and applied 

irrigation is due to several factors, including water losses due to infiltration 

beyond the root depth, evaporative losses of the sprinkler system (before the 

water reaches the field), water storage on the soil (ponding), as well as night time 

transpiration (which is not considered in this study) but which could account for 

3-8% of evaporative loss (Fisher et al., 2007; Tolk et al., 2006b). One of the most 

significant losses is related to sprinkler losses due to wind effects, which have 

been estimated at up to 17.5% (Martínez-Cob et al., 2008). 

 

Figure 2-9. Daily evaporation and irrigation rates in mm.day-1 for the study 
period. Irrigation efficiency is also shown for the days in which irrigation exceeds 
crop water use with an average value of 40%. The fields ceased irrigation on DOY 
319. 

2.4 Discussion 
 

CubeSats provide an unprecedented opportunity for land observation. By 

taking advantage of constellations of relatively inexpensive satellites, it is now 

possible to obtain high spatial resolution imagery with a short repeat time 
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(Houborg et al., 2018b). The present study has illustrated that it is possible to use 

such imagery for agricultural applications with reasonable accuracy (R2 = 0.86, 

rRMSE = 32.9%) through application of a modified PT-JPL model to estimate crop 

water use. Furthermore, the high spatial resolution (~3 m) afforded by these 

systems enables the capacity to undertake a more in-depth model evaluation than 

otherwise possible. A detailed flux footprint analysis was performed that, due to 

the high-resolution imagery, was able to minimize any mixed pixel influence at the 

footprint boundaries. Such an approach would not be possible using traditional 

single mission satellites such as Landsat’s 30 m capacity. With daily retrievals now 

available, such high spatiotemporal resolutions enable farmers to rapidly identify 

potential issues within the fields, such as stressed plants, issues with irrigation or 

nutrient application, or even soil physical properties that might affect plant 

growth. Such information is critical to providing managers with the insights 

needed to remedy observed issues. Given near-daily retrievals, it will also be 

possible to evaluate treatment response time and effectiveness at the subplot 

level: something that would not be possible by relying on ground-based 

observations or less frequent imagery. Although the present study addresses a 

less dense network of CubeSats than is available now, future studies will utilize 

more recent daily data to examine longer-term agricultural response in these 

harsh dryland environments (Houborg et al., 2018b). 

One of the motivations for this work was to examine whether existing 

modeling approaches could be employed at the spatiotemporal scales necessary 

for precision agricultural purposes. Indeed, recent advances in remote sensing 

platforms (Adão et al., 2017; Drusch et al., 2012; Selva et al., 2012) and modeling 

approaches (Anderson et al., 2011; Fisher et al., 2008; Miralles et al., 2011) have 
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afforded the opportunity to quantify within-field spatial variability of both inputs 

(e.g. water and fertilizer) and potential outputs (yield). CubeSat imagery may offer 

an ideal platform that allows this potential to be realized (Houborg and McCabe, 

2016b; McCabe et al., 2017a). Following the results of previous intercomparison 

studies that have highlighted the utility of PT-JPL (Ershadi et al., 2014; McCabe et 

al., 2016; Michel et al., 2016), we developed a modified version of this model for 

the particular features of both our study site and the dataset being employed. 

While encouraging, the results also indicated that there are additional 

improvements that could be incorporated into the model, as well as some existing 

limitations that may affect its more general application.  

A previously documented limitation (Garcia et al., 2013) relates to the 

models capacity to account for soil moisture status. A solution to this problem calls 

for the incorporation of additional information. One approach may be to use radar 

backscatter data (i.e. from Sentinel 1) to obtain a soil water index instead of using 

the current approach based on point-scale measured relative humidity (Amazirh 

et al., 2018; Lievens et al., 2017). Another could be the integration of land surface 

temperature, which may contain information on the soil moisture status (Garcia 

et al., 2013). Incorporation of thermal information could come from traditional 

satellite missions such as Landsat 8, although this would impose a constraint 

related to the spatial and temporal resolutions. The recently launched ECOSTRESS 

mission (Fisher et al., 2017; Hulley et al., 2017) may provide an opportunity to 

explore the value of diurnal temperature data, given its unique orbital 

configuration. Integrating thermal sensors into CubeSats would provide an ideal 

solution, but this has proven challenging (see Chapter 5), even for earth-bound 

unmanned vehicle platforms (Berni et al., 2009; Budzier and Gerlach, 2015; Kustas 
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et al., 2009; Lin et al., 2017) let alone space-based platforms (Xu et al., 2014). The 

addition of shortwave infrared capabilities might also provide needed insight into 

the surface moisture status (Yao et al., 2018). 

An intrinsic limitation of most existing evaporation models is their inability 

to account for advection. Indeed, under advective conditions in dry climates, 

evaporation can be higher than available energy by 30-50% (Yang et al., 2013). In 

such instances, modeled evaporation will invariably be lower than what is 

measured. A possible solution to this hurdle would be to incorporate advection 

terms into the model parametrization, or in the case of Priestley-Taylor based 

models, adjust the 𝛼𝛼 parameter. Song et al. (2016) evaluated the applicability of a 

landcover dependent 𝛼𝛼 parameter into a two-source energy balance model, 

showing that this led to better evaporation estimates under advective conditions. 

A more generic challenge in evaporation modeling relates to product evaluation. 

Indeed, a major theoretical limitation of footprint assessment approaches is the 

assumption of surface homogeneity, which in most cases, may not be realistic 

(Vesala et al., 2008). The impact of imprecise canopy heights on the footprint 

integration is reflected in slightly different footprint fetch distances. Importantly, 

this change does not dramatically affect the footprint integrated flux, as the 

contribution to the overall flux decreases with distance from the eddy covariance 

position (Kljun et al., 2015). However, care must be taken in tower positioning, as 

surface inhomogeneities close to the sensor have a substantial contribution to the 

footprint integrated flux (Schmid, 2002). As it turns out, the results of our flux 

footprint integration tend to be quite similar to those obtained by using pivot-

averaged flux values. The statistical results of the flux validation obtained from 

using a pivot-averaged flux yielded an 𝑅𝑅2 of 0.82 and an rRMSE of 36.5%. These 
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slightly degraded results are due to the different surface representativeness of the 

computed flux value.   

Overall, the results from our study show the potential of this technology for 

water management, enabling the visualization of water use trends and 

agricultural demand, with the possibility to be applied to similar locations and 

environments. As it stands, the use of water in agricultural production in Saudi 

Arabia, together with population increases, has been estimated to deliver a gross 

water shortage of around 10 km3 per year, which is expected to increase by at least 

a factor of two by 2050 (Droogers et al., 2012). This is especially concerning given 

that the majority of the freshwater available to the Kingdom is used for 

agricultural irrigation purposes, amounting to more than 80% of the total 

consumption. With no active river systems and limited renewable surface 

supplies, the demand for this water has almost exclusively been met via 

groundwater exploitation of fossil aquifer systems throughout the country, 

representing an unsustainable future.  

 Fisher et al. (2017) have previously highlighted the need for a higher 

spatiotemporal resolution in evaporation estimates. With the launch of the twin 

Sentinel-2 satellites, 10-20 m resolution optical imagery with a 5-day revisit time 

is now available, paving the way for a better understanding of scaling issues in 

evaporation retrievals and acting as a bridge between CubeSat and Landsat 8 

resolutions. Yet, the question remains as to how much resolution is enough. Is the 

CubeSat 3 m near daily resolution sufficient, or do we require the centimeter and 

sub-daily resolutions that are now available from UAV-based platforms (Manfreda 

et al., 2018)? At what point do our current suite of models, which were designed 

for much larger scales and based on assumptions of canopy homogeneity, 
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simplified aerodynamic resistances and the representativeness of key empirical 

parameters, fail relative to the forcing data being provided and the physics 

captured by the enhanced observations? While our observation capacity is 

becoming increasingly finer and finer, our modeling approach has not necessarily 

developed in parallel. That is, process development or physical understanding has 

often been deferred in favor of just applying existing models at higher resolutions. 

In examining such applications, the scaling insensitivity assumption of most 

evaporation models will be put to the test. If we are observing sub-canopy and 

leaf-scale processes, do we require models that can represent the physics of those 

scales? Clearly, multi-scale and multi-site studies are needed to shed light not just 

on the suitability of different models, but also on the need for more rigorous 

physical model definitions, as well as examining the compromise between 

generality and specificity (i.e., the ability to run the model over a wide range of 

climates and biomes, as opposed to site-dependent tuning).  

2.5 Conclusion 

Here we demonstrated the performance of a modified PT-JPL model that was 

adapted for instantaneous prediction in dryland climates, using remote sensing 

forcing data derived from high-resolution CubeSat imagery and coincident 

ground-based meteorology. The study provides the first time series examination 

of CubeSat data for crop water use estimation undertaken anywhere in the world. 

Using this CubeSat data, instantaneous evaporation estimates were calculated 

across the full development period of a maize field and evaluated against eddy 

covariance measurements. The PT-JPL derived fluxes showed good statistical 

agreement to flux tower values, with an R2 value of 0.86, a -66 W/m2 bias (22.9% 

relative bias) and rRMSE of 32.9%. Through footprint analysis, some of the bias 
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was attributed to an oasis effect caused by advection: a problem that requires the 

incorporation of advective terms to explicitly account for. After evaluating the 

field-based results, the approach was extrapolated to all active center-pivots on 

the farm, illustrating the insight that such an approach could provide for precision 

agriculture purposes. Our analysis was able to identify problem areas at the 

individual pivot level, and demonstrate the information that could be provided to 

farmers to initiate remedial crop responses. A comparison to pivot-based 

irrigation data determined that the irrigation efficiency was around 40%, 

implying that most of the water is lost to either infiltration or the surrounding 

environment. Further research is required to develop evaporation models that 

meet the needs and represent the scales relevant to precision agriculture. 

Incorporating an improved soil moisture parametrization and applying the model 

over extended time periods, varying scales and different environments, constitute 

crucial objectives for ongoing research.    

  



 76 

Chapter 3       
 
CubeSats deliver new insights into agricultural water use at 
daily and 3 m resolution 

Chapter 3 analyzes the potential of daily resolution gap-free CubeSat imagery to 

be used for crop water use estimation in a precision agricultural context. 

Evaporation retrievals were estimated via the PT-JPL model. In-situ net radiation, 

air temperature and humidity information was provided to the PT-JPL model from 

three different fields in Nebraska, USA. The E estimates were evaluated against 

eddy covariance data forced for closure, finding high correlation to measured 

fluxes and small biases that underestimate the measured E. The study used data 

for an entire growing season of maize, finding that the CubeSat product was 

capable of resolving both the spatial and temporal variability of each field, 

enabling smart irrigation practices to be developed. Interestingly, the cumulative 

E retrievals could also be linked to soil properties and related spatial deficiencies, 

showing as areas with lower E amounts at the end of the season. Finally, we 

discuss the possibility of integrating the E estimates or other derived vegetation 

indices for related precision agricultural purposes, such as their integration into 

crop models. 

 

Chapter 3 is an edited version of: Aragon B., Ziliani M. G., Houborg R, Franz T. E., 

and McCabe M. F. (in review) “CubeSats deliver new insights into agricultural 

water use at daily and 3 m resolution”, Scientific Reports  
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3.1 Introduction  

Globally, agriculture accounts for 85% of consumptive water use (i.e., water that 

is not returned to the environment) (Foley et al., 2005). Furthermore, even though 

approximately 80% of arable area is rainfed (Rost et al., 2008), irrigation accounts 

for 72% of fresh water withdrawals (Wisser et al., 2008), while delivering almost 

40% of crop production (Tilman et al., 2002). Due in large part to a growing 

sectoral demand, along with increasing awareness of the risks to sustainable 

water supplies, there has been a push to deliver “more crop per drop” to satisfy 

both future food requirements and secure freshwater availability (Howell, 2001; 

Monaghan et al., 2013). Securing hydric resources, mitigating scarcity, monitoring 

consumption, and enforcing water rights, all require accurate measurements of 

evaporation (E) at different spatiotemporal scales (Ward et al., 2008), with one of 

the most common and cost-effective approaches to retrieve E being the use of 

satellite-based platforms (McCabe et al., 2017b).  

Over the last several decades, government and private space agencies have 

launched numerous satellite missions (Belward and Skoien, 2015), providing 

unprecedented volumes of information on the Earth’s surface and an increasing 

range of sensing capabilities (McCabe et al., 2017b). Indeed, one of the most 

important collections for Earth science has been the decades long Landsat 

missions, which is responsible in large part for the rapid development of remote 

sensing as a science (Zhu et al., 2019). However, traditional satellite missions pose 

a significant monetary burden, with a typical launch costing on the order of 

billions of dollars (Selva et al., 2012). Using a range of these space-based 

platforms, there have been many studies that have investigated remotely sensed 

E, particularly at the regional-to-global scale (Anderson et al., 2011; McCabe et al., 
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2016; Miralles et al., 2016; Vinukollu et al., 2011). While such efforts are essential 

to characterize and describe large-scale processes and behavior, they have been 

produced at coarse spatial resolutions (generally between 1-25 km), which 

precludes their use in capturing smaller scale patterns and variability. Indeed, 

many of these approaches do not explicitly account for agricultural systems: at 

least at the field- and farm-scales needed for operational management and 

agricultural insights. Such information is particularly important for applications 

at the precision agricultural scale (Mulla, 2013), where farm management 

strategies such as irrigation scheduling (Aragon et al., 2018) and nutrient 

management (Zhang et al., 2015) represent key control variables. A commonly 

used solution to cope with the spatiotemporal limitations of traditional satellite 

platforms is to use image or sensor fusion approaches (Kalma et al., 2008). For 

instance, Fisher et al. (2020) combined Landsat-8 together with land surface 

temperature (LST) from the ECOsystem Spaceborne Thermal Radiometer 

Experiment on Space Station (ECOSTRESS) sensor to retrieve E at 70 m resolution 

every 5 days. In a high-resolution example, Guzinski et al. (2019) employed a 

machine-learning fusion framework to retrieve E at 10 m spatial resolution every 

five days, using data from the Sentinel-2 and Sentinel-3 satellites. Although these 

and related studies provide E at varying resolutions and scales, none have 

achieved the long-term high-spatial and high-temporal (daily) resolution 

retrievals needed to drive precision agricultural applications and advances (Mulla, 

2013; Stafford, 2000).  

An alternative approach to single-mission driven Earth observation is that 

whereby many nano-satellites (referred to herein as CubeSats) are launched in 

constellations that can act in unison to collect high-resolution data across the 
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globe at near-daily scales (Poghosyan and Golkar, 2017). CubeSats leverage 

improvements in component miniaturization, use of off-the-shelf components, 

and reusable launch vehicles to offer launch costs that are a fraction of traditional 

satellite missions (Preller and Smart, 2017; Woellert et al., 2011). As a downside, 

CubeSat sensors may lack the quality and rigorous calibration of more research-

grade sensors and incur cross-sensor discrepancies when acting as a 

constellation: although harmonization strategies have been developed to 

overcome these constraints (Houborg et al., 2018a; Leach et al., 2019). Recently, 

Houborg et al. (2016b) demonstrated the utility of CubeSats for precision 

agriculture, employing Planet imagery to produce 3 m resolution normalized 

difference vegetation index (NDVI) maps. Building on this work, McCabe et al. 

(2017a) showcased the potential of using CubeSat data for producing high-

resolution vegetation and terrestrial evaporation, while demonstrated CubeSat 

capability using a Priestley-Taylor based evaporation model to predict E over 

irrigated farmland in Saudi Arabia. Although previous studies have highlighted the 

spatial resolution advantages of CubeSats, none have provided E at the temporal 

scales required to accurately capture and track in-field crop water use dynamics 

(Fisher et al., 2017) (i.e., daily). 

Here we present the first CubeSat-based retrievals of daily E at 3 m resolution, 

using a year-long record of daily Planet (www.planet.com) cloud-free surface 

reflectances to estimate E over three agricultural sites in Nebraska, USA during 

the 2019 growing season. Our results detect heterogeneous plant growth and 

capture the day-to-day variability in E, providing new agroinformatic metrics to 

drive in-field management decisions (Fereres and Soriano, 2007) and timely 

responses to changing crop condition (Rembold et al., 2013). CubeSats overcome 

http://www.planet.com/
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the spatiotemporal constraints inherent in traditional Earth observation, 

providing the information required to deliver the promise of precision agriculture 

(Dash, 2019), and drive advances in crop modeling (Peng et al., 2020), forecasting, 

and yield prediction (Rembold et al., 2013). Apart from showcasing paradigm 

changing advances in Earth observation, our work demonstrates the game-

changing potential that CubeSats offer to a variety of fields, particularly those 

where space and time constraints have limited process insights and advances. 

3.3 Methods: Deriving an Ultrahigh Resolution Daily Evaporation 
Product 

3.3.1 Meteorological and Evaluation Data 

Needed meteorological forcing and surface heat flux data used for evaluation were 

sourced from three eddy covariance (EC) flux towers installed at three different 

sites (US-Ne1, US-NE2, and US-Ne3) as part of the University of Nebraska-Lincoln 

(UNL) Eastern Nebraska Research and Extension Center (ENREC) (Figure 3-1).  

 
Figure 3-1. Location of the three field sites forming part of the University of 
Nebraska-Lincoln (UNL) Eastern Nebraska Research and Extension Center 
(ENREC). The blue lines represent the approximate boundary of each field, while 
the green circles indicate the location of the eddy covariance towers in each field. 

The study area is characterized by cold winters, hot summers, and overall humid 

conditions (Sharma and Irmak, 2012) and has an extensive history of agronomic 
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data collections and analysis (Baldocchi et al., 2001). All study sites are operated 

under a no-till management policy and had fertilizer applied before each planting 

cycle. Sites US-Ne1 and US-Ne2 supplemented and fertigated through a center-

pivot irrigation system, while US-Ne3 relies solely on rainfall. For the 2019 

growing season, all fields grew maize (Zea mays L.). Sowing typically occurs 

between late April and early May, and irrigation starts in mid-June and continues 

until early September, depending on weather, field conditions, and crop status40. 

A summary of each site is provided in Table 3-1.  

Table 3-1. Summary data on each study site, including location, crop 
type, and management data for the planting seasons. 

Ameriflux ID US-Ne1 US-Ne2 US-Ne3 
Latitude, Longitude 

 
41.1653, -96.4766 41.164, -96.4701 41.179, -96.439 

Crop Type Continuous maize 
Rotation maize-

soybean 
Rotation maize-

soybean 
Sowing Dates April 19, 2019 April 23, 2019 April 24, 2019 

Harvesting Dates November 5, 2019 November 7, 2019 November 7, 2019 
Fertilizer  

(kg of urea N/ha) 
Applied 200-300 units before planting and incorporated into 

the soil 
Irrigation Type Automatic with 90% efficiency Rainfed 

Irrigation Events 
(mm) 

(applied over 2-3 
days) 

6.35 on June 13, 
2019 

6.35 on July 1, 2019 
30.48 on July 8, 

2019 
30.48 on July 15, 

2019 
0.4 on July 24, 2019 

31.75 on July 29, 
2019 

31.75 on August 9, 
2019 

 
 

30.48 on July 2, 
2019 

30.48 on July 8, 
2019 

30.48 on July 15, 
2019 

30.48 on July 29, 
2019 

 
 

- 
 

Total Rainfall (mm) 
(within growing 

season) 
910.97 (764.92) 896.87 (752.86) 803.60 (655.90) 
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The flux towers used for model evaluation monitor both irrigated and rain fed 

maize and soybean crops, and form part of the AmeriFlux network of eddy 

covariance stations (https://ameriflux.lbl.gov/). The meteorological information 

used in this study were recorded from the EC tower weather stations and 

consisted of hourly measurements of air temperature (𝑇𝑇𝑎𝑎, in °C) and relative 

humidity (𝑅𝑅𝑅𝑅, %). Radiation and heat flux terms consisted of hourly net radiation 

(𝑅𝑅𝑛𝑛), evaporation flux (𝐸𝐸), sensible heat flux (𝑅𝑅) and soil heat flux (𝐺𝐺) and were 

all measured in W/m2. EC towers are considered the gold standard for flux 

evaluation (Baldocchi et al., 1996; Marshall et al., 2020), even though they 

commonly underestimate heat flux values and require an energy closure 

correction (Baldocchi et al., 2001; Wilson et al., 2002). As there is no consensus on 

the most effective energy closure correction procedure (Twine et al., 2000), we 

evaluate the modeled latent heat flux using the residual corrected 𝐸𝐸 fluxes (i.e., 

𝐸𝐸 = 𝑅𝑅𝑛𝑛 − 𝐺𝐺 − 𝑅𝑅), which assumes that the H flux was measured correctly. Ten 

months of data were processed, with only daytime values used and records 

outside the crop growing season omitted for the evaluation process. Both 

meteorological and flux data were provided at hourly time steps for all days in 

2019. Missing records, which affected around 1.4% of the EC data, were filled 

using simple linear interpolation. Additionally, evaporation (𝐸𝐸) fluxes that were 

negative during the day were replaced by interpolated values (approximately 

2.5% of the records), on the assumption that condensation during daytime hours 

is unlikely (Norman et al., 1995). 

  

https://ameriflux.lbl.gov/
https://ameriflux.lbl.gov/
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3.3.2 Planet CubeSat Imagery 

The CubeSat data used in this study are sourced from Planet (www.planet.com), 

which operates a constellation of CubeSats to achieve near-daily land coverage at 

3 m spatial resolution. Each satellite is in a 3U configuration (Houborg et al., 

2018a) and is equipped with a multispectral camera that provides blue, green, red, 

and near-infrared (BGRN) reflectances. The Planet CubeSat constellation has 

inter-satellite differences that require correction for research purposes (Houborg 

et al., 2016b). The CubeSat Spatio-Temporal Enhancement Method (CESTEM) was 

used to correct the CubeSat data and produce radiometrically calibrated surface 

reflectance datasets (Houborg et al., 2018a). CESTEM is based on a machine-

learning approach that performs multivariate regressions between high-quality 

reference imagery and the CubeSat bands using the Cubist 2.07 framework 

(RuleQuest; www.rulequest.com) (Quinlan, 1996). The latest implementation of 

CESTEM uses the HLS surface reflectance data set (Claverie et al., 2018) as the 

reference imagery. The HLS combines Landsat 8 and Sentinel-2 (A/B) imagery 

into a single harmonized data set that is Nadir Bidirectional Reflectance 

Distribution Function-Adjusted Reflectance (NBAR) at 30 m spatial resolution, 

and with the retrieval frequency of the combined satellite overpasses. NBAR data 

from the Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua and 

Terra satellites was used to produce a daily cloud-free 3 m product from January 

1 to October 31, 2019.  The first step of the CESTEM methodology is to construct 

Planet Scope (PS) image stacks by intersecting available images to form a single 

mosaic. The mosaic process gives priority to PS images captured by newer 

CubeSats and to image strips captured by a single satellite to avoid cross-sensor 

inconsistencies. Next, the generated mosaics are calibrated against MODIS and 

http://www.planet.com/
http://www.planet.com/
http://www.rulequest.com/
http://www.rulequest.com/
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resampled to a 30 m resolution after which an iterative cloud masking process is 

performed. The cloud-masked mosaics are then harmonized using HLS reference 

data acquired over a ‘temporal calibration window’ around the capture time of the 

mosaic. In case there is no-coincident HLS-PS pair, HLS pixels are sampled from 

past/future day coincident pairs to produce a reference image that serves as the 

calibration reference (with preference given to HLS-PS pixels from closer to the 

date of interest and weighted as a function of surface reflectance change). Cubist 

is then used to produce regression relationships between Planet and the HLS 

reference. These Cubist regressions are then used to calibrate the original PS 

image. The harmonized PS-HLS imagery is then gap-filled using synthetic PS 

images produced with MODIS information resulting in a cloud-free daily PS image 

that is HLS consistent. Further details on the original CESTEM methodology can 

be found in Houborg et al. (2018a). 

3.3.3 The Priestley-Taylor Jet Propulsion Laboratory Evaporation Model 

To derive the high spatiotemporal resolution maps of evaporation, this study uses 

the Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) model (Fisher et al., 2008) 

in combination with Planet-CubeSat derived 3 m daily cloud-free NDVI data. PT-

JPL has been evaluated across a wide range of scales and biomes (Michel et al., 

2016; Miralles et al., 2016; Purdy et al., 2018) and forms the modeling basis for 

producing land surface fluxes as part of NASA’s ECOSTRESS mission (Fisher et al., 

2020). PT-JPL uses a small number of input parameters and partitions potential 

evaporation into three actual evaporation components (representing the soil (𝐸𝐸𝑠𝑠), 

canopy (𝐿𝐿𝐸𝐸𝑐𝑐), and interception (𝐸𝐸𝑖𝑖) evaporation fluxes) using a set of biophysical 

constraints accounting for green canopy fraction 𝑓𝑓𝑔𝑔, plant moisture 𝑓𝑓𝑀𝑀, ambient 
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temperature 𝑓𝑓𝑃𝑃, surface wetness 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤, and soil moisture 𝑓𝑓𝑆𝑆𝑀𝑀. The total latent heat 

flux is given by the sum of the three components i.e. 𝐸𝐸 = 𝐸𝐸𝑠𝑠 + 𝐸𝐸𝑐𝑐 + 𝐸𝐸𝑖𝑖 . Further 

details on the model equations can be found in Fisher et al. (2008). We forced the 

model at 1 h time intervals using CubeSat derived NDVI at 3 m resolution 

(assuming that NDVI stays constant throughout the day) together with 

meteorological information coming from each of the EC towers (only for daytime). 

Spatially varying soil heat flux (𝐺𝐺) was incorporated following the approach of 

Santanello et al. (2003). Instantaneous heat fluxes were evaluated against 

measured E at the field scale by extracting and averaging all the pixels contained 

within each site boundaries. Flux estimates were converted to mm/hr using:  

𝐸𝐸(𝑚𝑚𝑚𝑚/ℎ𝑟𝑟) = 𝐸𝐸(𝑊𝑊/𝑚𝑚2) ∗ 3600/𝜆𝜆 (3-1) 

where 𝜆𝜆 is the latent heat of vaporization (approx. 2,260 kJ/kg). Values were then 

aggregated to mm/day to present the results in a water accounting context. 

The performance of the retrieved E fluxes was evaluated using the coefficient of 

determination (r2) as a means to quantify the amount of the variability explained 

by the model, the mean bias (bias) that represents the over or underestimation of 

the modelled fluxes, and the mean absolute error (MAE) as a measure of the 

average magnitude of the error disregarding direction. In contrast to the 

commonly used root mean squared error, the MAE gives equal weights to 

individual differences. 

𝑟𝑟2 = �
𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦)
𝜎𝜎𝑦𝑦 ∙ 𝜎𝜎𝑥𝑥

�
2

 (3-2) 

𝑏𝑏𝑖𝑖𝑏𝑏𝑏𝑏 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

 (3-3) 
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𝑟𝑟𝑆𝑆𝐸𝐸 =
1
𝑛𝑛
� |𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 (3-4) 

3.2 Results 

3.2.1 Monitoring Heterogeneous Field Responses with CubeSat Data 

The study focuses on three fields of maize planted in Nebraska, USA, with two 

fields supplemented by irrigation (US-NE1 and US-Ne2) and the other rainfed (US-

Ne3) (see Figure 3-1 and Table 3-1 for additional information). Figure 3-2 

presents a 7-day sequence of CubeSat-derived E retrievals for each of the studied 

fields, using both spatial maps and histograms to capture any underlying field-

scale variability. The collection period corresponds to September 9-15, 2019 (day-

of-year, DOY: 252-258), which is towards the end of the growing season. During 

this time, E presents a decreasing trend and a corresponding drop in NDVI (see 

Figure 3-3). As can be seen from Figure 3-2, the irrigated US-Ne1 and US-Ne2 sites 

show low variability in E, evidenced by the narrow distributions of their 

respective histograms (Figure 3-2b,d), and presenting a maximum standard 

deviation of 0.06, and 0.07 mm/day, respectively. Even though both pivots are 

highly homogenous, small patches with different E can still be identified (Figure 

3-2a,c), becoming more discernable towards the end of the week. For the US-Ne3 

field (rainfed), the spatial maps and the histograms (Figure 3-2e,f) show higher 

variability (maximum standard deviation of  0.2 mm/day), reflecting the impact 

of no supplementary irrigation being applied in this particular field. The higher 

variability areas on the spatial maps show lower E than their surroundings (Figure 

3-2e), which is also reflected in the wider histogram distributions (Figure 3-2f). 
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Figure 3-2. Spatial maps and related histograms of daily CubeSat-based E for the 
period September 9-15 2019, around two months prior to field harvest. Panels (a-
b) correspond to US-Ne1, (c-d) to US-Ne2, and (e-f) to US-Ne3. 

A particular advantage of the CubeSat-driven simulations is that the data capture 

the development of the E fluxes throughout the course of the 2019 growing season 
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on a day-to-day basis. Figure 3-3 shows the time-series of each field, produced 

based on the extracted field averaged E values (in mm equivalent). To highlight 

any changes in E development over time, a Savitzky-Golay smoothing filter 

(Savitzky and Golay, 1964) was applied to each E time-series to remove temporal 

noise, while retaining the overall shape and trend (Marek et al., 2014). In all cases, 

the CubeSat-based E follows similar dynamics to the measured E, with both being 

governed by the changing phenology of the crop (represented here by the time 

series of NDVI) and site meteorology. Given that NDVI remained stable during the 

season peak in July (around DOY 203), it can be inferred that E was controlled by 

the atmospheric evaporative demand and the available energy. Importantly, the 

CubeSat information enabled the discrimination of high-frequency day-to-day 

changes in E that would otherwise be missed if more traditional satellite platforms 

were used (i.e., Landsat-8). As Figure 3-3 demonstrates, both the estimated and 

measured E have daily variations around the smoothed line, which could influence 

the total E amounts and lead to errors on irrigation scheduling when compared to 

coarser temporal resolution products. Indeed, the daily cloud-free product reveals 

a degree of variability in daily E between the scheduled Landsat-8 overpasses 

(represented by the dashed lines in Figure 3-3). These changes in daily E likely 

reflect variability in available energy, which is driven principally by cloud cover 

diminishing the amount of solar radiation able to reach the crops. Even though the 

CubeSat derived NDVI did not present the same daily changes, the model was able 

to reproduce this variability as it was forced with on-site net radiation (Rn) 

measurements, which capture the influence of cloud cover.   
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Figure 3-3. Time series of daily E for the CubeSat-based and closure-corrected EC 
measured fluxes, together with field-scale averaged NDVI for (a) US-Ne1, (b) US-
Ne2, and (c) US-Ne3. The solid lines for the residual corrected and CubeSat E are 
smoothed versions of the original time-series. The shaded areas represent the 
length of the growing season (typically May-October), while the dashed lines 
represent the scheduled Landsat-8 overpasses. 

Beyond daily level E dynamics, Figure 3-4 compares the cumulative precipitation 

(mm) with the cumulative E (mm) for each field during the growing season. The 

cumulative CubeSat E estimated for the irrigated fields was lower than the 

precipitation amounts (Figure 3-4a,c) which might indicate the lack of water 

stress conditions (assuming negligible runoff and infiltration to deeper soil 

layers), even if no irrigation was present to supplement the field. The CubeSat E 

underestimated the cumulative water depths compared to the cumulative E 
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measured by the on-site tower by 18.98%, 12.51%, and 11.29% for US-Ne1, US-

Ne2, and US-Ne3, respectively. It should be noted that this underestimation was 

accumulated throughout the season and that the tower E cannot show the spatial 

variability present in the CubeSat product. Importantly, these percentage errors 

are within the uncertainty levels of tower measurements (Twine et al., 2000). The 

rain events for US-Ne1 and US-Ne2 are characterized by the same shape and 

magnitude (black bars in Figure 3-4a,c), which is expected given their close 

proximity. Interestingly, the cumulative spatial variability for both fields (Figure 

3-4b,d) highlights areas of the field with lower E that cannot be appreciated on the 

spatial maps (panels a and c of Figure 3-2). This field variability could point 

towards areas that were under-developed during early growth stages that 

improved as the season progressed. Since the irrigated fields received an 

additional water supply of 137.6 mm (US-Ne1) and 123.2 mm (US-Ne2), 

respectively (see Table 3-1), the field variability may also reflect the underlying 

soil composition of the fields. Differences in nutrient amount and soil matrix 

structure have also been linked to crop yields at these sites (Franz et al., 2020). On 

the other hand, the cumulative CubeSat E of the rainfed US-Ne3 site was higher 

than the cumulative precipitation amounts for the period August 19 until 

September 21 (35 days), which overlap with the sequence shown in the spatial 

maps of Figure 3-2f. Given the rainfed conditions of US-Ne3, part of the spatial 

variability of the field could be linked to a change in soil moisture dynamics, 

leading to water stress (Porporato et al., 2004). On the other hand, the cumulative 

tower E was larger than cumulative precipitation for all sites and coincide with 

the dates when supplemental irrigation was applied. Interestingly, US-Ne3 had 

fewer precipitation events during the growing season than the other fields (Table 
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3-1), equivalent to a difference of 109 (US-Ne1) and 96 mm (US-Ne2), 

respectively. Such differences highlight that crops grown even within a few 

kilometers of each other can experience quite different meteorological conditions. 

Apart from providing crop water use insights, the high-resolution CubeSat-based 

retrievals facilitate the identification of underperforming areas, evidenced by low 

E values (and correspondingly low NDVI values). Given that areas with lower 

evaporation rates than their surroundings can be indicative of potential yield 

losses (Li et al., 2005), such information may be useful for prescribing remedial 

action in a timely manner. From a management perspective, the higher variability 

observed in US-Ne3 is likely the result of being rain-fed, and serves as a useful 

contrast to the irrigated fields. Being able to identify the within-field 

spatiotemporal variations in E provides a means for both farmers and water 

managers to allocate resources more effectively, driving precision agricultural 

improvements and optimizing end-of-season yields (Allen et al., 2005; Passioura, 

2006). 
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Figure 3-4. Cumulative plots of E and precipitation, together with spatial maps 
of cumulative E for the 2019 growing season (approximately DOY 109-311, see 
Table 3-1). The black bars represent the daily precipitation measured at each 
site. Panels (a-b) correspond to US-Ne1, (c-d) to US-Ne2, and (e-f) to US-Ne3. 

3.2.2 Performance of CubeSat-based Evaporation Retrievals 

While high spatiotemporal CubeSat retrievals are useful for identifying within-

field and daily variability, it is essential that crop water use estimates also have 

sufficient accuracy (Fisher et al., 2017) if they are to be of use for irrigation 

scheduling and other farm management activities. The gold-standard approach to 

evaluate E fluxes is by comparison against eddy covariance E flux measurements 

(Baldocchi et al., 1996). Figure 3-5 shows the evaluation of the E fluxes against 

hourly eddy covariance values from each study site during the growing season 

(from sowing to harvest, see Table 3-1). Across all sites, a strong correlation (r2 of 

0.86, 0.9, and 0.86 for US-Ne1, US-Ne2, and US-Ne3, respectively) was observed 
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between the measured and CubeSat-estimated fluxes. All sites presented negative 

bias values (normalized to the range of the measured values in parenthesis) of -

0.06 (5.51%), -0.03 (2.76%), and -0.03 (3.11%) mm/h for US-Ne1, US-Ne2, and 

US-Ne3, respectively. The consistent negative bias can be attributed to the 

particular E estimation model used herein, which has been shown to 

underestimate measured field E in a number of studies (Aragon et al., 2018; 

McCabe et al., 2016). The main reason for the underestimation is that the model is 

oversensitive to relative humidity (Talsma et al., 2018). More specifically, the 

modelling scheme assumes that the surface and atmospheric humidity are in 

equilibrium conditions, which is only the case for fully developed convective 

conditions (Monteith, 1995). A similar bias was reported in a recent study using 

the US-Ne1 and US-Ne2 sites (Marshall et al., 2020). It is also relevant to note that 

the majority of the fluxes were clustered around the lower end of the E range (i.e., 

from 0 to 0.25 mm/h), which was caused by an over-representation of the 

morning and afternoon fluxes in the satellite overpasses. Regardless, the relatively 

low bias, low mean absolute error, and the high correlation values (Figure 3-5a-c) 

provide confidence in the accuracy of the estimated E fluxes to drive precision 

agriculture insights and decisions making. 

 
Figure 3-5. Scatter plots of CubeSat-based E against residual corrected eddy 
covariance E fluxes for each of the US-Ne1, US-Ne2, and US-Ne3 field sites. 
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3.3 Discussion 

Our study presents the first daily, cloud-free, and 3 m resolution CubeSat-based 

evaporation product, and showcases its potential for advancing and delivering 

novel informatics of use to precision agriculture. From these results, it is clear that 

CubeSat data provide an unprecedented opportunity to drive decision making in 

agricultural contexts, particularly when farmers are being urged to increase 

resource efficiency and to produce “more crop per drop” (Morison et al., 2008; 

Wallace, 2000). At the same time, those responsible for water resource allocation 

and management require information to fulfill their operational mandate: an area 

of particular relevance to state and federal governments that are responsible for 

water distribution systems and supplies (Resnick, 2020). Results illustrate the 

utility of high spatiotemporal resolution CubeSat imagery to deliver insights not 

just into water use, but also its temporal variability and spatial distribution.  

Although demonstrated via a relatively small scale case-study, the scalability of 

the approach is such that regional to global application is imminently achievable, 

offering a useful tool to inform and improve food and water security efforts 

(Gebbers and Adamchuk, 2010). Nevertheless, application beyond the field scale 

will benefit from the availability of higher spatial resolution meteorological data, 

which drive the E models (Fisher et al., 2017). While this might come from 

advanced numerical weather prediction models (Fick and Hijmans, 2017), the 

increasing availability of distributed ground-based sensors in precision 

agriculture (Tzounis et al., 2017) may be a conduit for this much needed 

information. Furthermore, while reflectance derived vegetation indices are a good 

indicator of vegetation health and conditions, they cannot provide the early 

warning signals against yield losses relative to models that incorporate LST 
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(Pimstein et al., 2013) or fluorescence (Zarco-Tejada et al., 2012). Unfortunately, 

such alternative sources of information do not currently possess the 

spatiotemporal resolution attained by optical sensors. For instance, on an area-

equivalent basis, the ECOSTRESS LST pixel (70x70 m; 4,900 m2) is around 5.5 

times larger than the optical sensors from Landsat-8 (30x30 m; 900 m2), limiting 

the achievable spatial resolution of the ECOSTRESS evaporation product. Potential 

data fusion and downscaling approaches may provide a pathway to overcoming 

such constraints (Gao et al., 2012; Guzinski et al., 2019; Wang et al., 2019). 

It is worth noting that the daily cloud-free CubeSat used in this study assumes that 

past observations can accurately recreate missing data (e.g., areas affected by 

cloud contamination). Indeed, depending on the duration of cloud-cover, gap-

filling may not capture abrupt vegetation changes, such as field harvests. One 

solution would be to explore multi-sensor fusion approaches, such as Sentinel-1 

radar backscatter data, to act as an additional level of information on surface 

condition (Amazirh et al., 2018). Additionally, imagery from the Planet CubeSat 

constellation requires radiometric correction and harmonization to avoid cross-

sensor discrepancies, since the images collected over a given area are often taken 

by multiple CubeSats with slight sensor differences (Houborg et al., 2018a; Leach 

et al., 2019). The harmonization source for the CubeSat product used in this study 

derives from the harmonized Landsat and Sentinel-2 (HLS) surface reflectance 

data set (Claverie et al., 2018), which is dependent on the continuation of key 

satellite missions from the National Aeronautics and Space Administration 

(NASA) and the European Space Agency (ESA). As such, the quality and continuity 

of the product depend on the availability of HLS scenes. One potential substitute 

for inter-satellite calibration could be the use of ground-based reflectance 
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reference sites that can be used to perform vicarious calibration (Teillet et al., 

2001). The feasibility of using ground targets would depend on the development 

of a calibration network, and would still be subject to clear sky conditions and 

satellite coverage of the calibration site(s) (Bouvet et al., 2019). 

Finally, while our study focused on evaporation, high-spatiotemporal CubeSat 

products can be of use in monitoring and forecasting other farm activities, such as 

crop development, through integration with crop biophysical models (Pinter et al., 

2003). Indeed, improved approaches for yield prediction represents an incredibly 

valuable tool for both water and food security related issues (Gebbers et al., 2010). 

One of the best approaches to predict crop development is by simulating crop 

growth based on weather and management information (Wang et al., 2002). 

Recent studies have shown the considerable potential of using spatially 

distributed information from remote sensing to provide for enhanced prediction 

of yields (Jin et al., 2018). Although advances have been made in the integration of 

remote sensing data and crop models, previous applications have mainly focused 

on coarser resolution satellite data, which inhibit any capacity to explore the intra-

field variability required for in a precision agricultural context (Kasampalis et al., 

2018). Moreover, the daily CubeSat product can be of great benefit for other 

applications outside of agriculture such as drought monitoring (Littell et al., 2016) 

and ecosystem structure studies (Pereira et al., 2013). As such, future work should 

focus on exploring the different synergies of high spatiotemporal CubeSat datasets 

and their integration into other disciplines. 

 

 

  



 97 

Chapter 4       
 
Exploring the impacts of spatial and temporal resolution using 
multi-satellite estimates of evaporation 

Chapter 4 explores the impact of different satellite sensors on crop water use at 

field scale in northern Saudi Arabia. Estimates of evaporation were computed 

using Landsat 8, Sentinel 2 and Planet CubeSat imagery and the Priestley-Taylor 

Jet Propulsion Laboratory model. The retrievals were first evaluated against 

measured observations from an eddy covariance tower, finding that the higher 

overpass frequency of the CubeSats helped to better represent the actual field 

evaporation. To evaluate the temporal effects of satellite overpass frequency, four 

different interpolation methods were analyzed finding that there was no 

statistically difference between the interpolation method and only a small 

difference between Landsat 8 and Sentinel 2. Chapter 4 also analyzed the spatial 

variability captured with the three sensors on a coincident overpass date (along 

with MODIS for visualization purposes) reaching the conclusion that the moderate 

resolution sensors (e.g., Landsat 8) cannot properly resolve field level 

heterogeneity, especially for small fields. Finally, spatial upscaling methods were 

also evaluated, finding that there is a need to develop a physically based scaling 

approach for evaporation retrievals.  

 

Chapter 4 is an edited version of: Aragon, B., Fisher, J. B., & McCabe, M. (2021) (in 

preparation) “Exploring the impacts of spatial and temporal resolution using 

multi-satellite estimates of evaporation”, to be submitted to International Journal 

of Applied Earth Observation and Geoinformation  
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4.1 Introduction  

Hydrologic studies often focus on the supply side of water (Fisher et al., 2017), 

studying soil moisture, which describes the amount of water available in the upper 

soil layers (Amazirh et al., 2018; Ford et al., 2014; Gao et al., 2017; Purdy et al., 

2018), the quantification of groundwater resources (Famiglietti, 2014; Khashogji 

and El Maghraby, 2013; Siebert et al., 2010; Wisser et al., 2008) or precipitation 

(Jha et al., 2015; Trenberth, 2011), often within a climate change context. 

However, there is a parallel need to study the demand side of water, of which 

evaporation (E) is a key component, at different spatial and temporal scales 

(Fisher et al., 2017; Sanders et al., 2016). Knowledge of evaporation is of great 

importance in understanding natural ecosystems, since biomass and forest 

productivity are strongly related to water use (Sun et al., 2011). Indeed, 

evaporation has been used to develop water stress indices for drought detection 

and monitoring (Anderson et al., 2016; Maes and Steppe, 2012), which in turn are 

highly correlated with forest fire, vegetation die-off and socio-economic loss 

(Littell et al., 2016). In the context of this work, evaporation provides important 

information for managing irrigated agricultural areas, as it is a key variable in the 

water-food-energy nexus (Z.-L. Li et al., 2009; López Valencia et al., 2020; K. Zhang 

et al., 2016). Only by quantifying the amount of water used in agriculture  is it 

possible to develop effective management strategies (Anderson et al., 2011) and 

to meet present and future foot demands (Wallace, 2000). 

However, direct evaporation measurements using on-site instrumentation is 

challenging (Twine et al., 2000) and hard to extrapolate to large scales (Kalma et 

al., 2008). As has been discussed herein, one of the most effective means to derive 

surface evaporation is via the use of satellite-based remote sensing (Fisher et al., 
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2017). Over the past decades, multiple evaporation studies have leveraged 

satellite inputs and weather data to compute evaporation at varying spatial and 

temporal scales (Allen et al., 2007; Anderson et al., 2012a; Ershadi et al., 2014; 

McCabe et al., 2016; Michel et al., 2016). Nevertheless, there has been an inevitable 

tradeoff between spatial and temporal resolutions.   While coarse spatial 

resolution products have been used for global climatic (Fisher et al., 2008; Miralles 

et al., 2011; Miralles et al., 2016; Mu et al., 2011; Purdy et al., 2018) such products 

are incapable of providing the information needed to resolve within-field 

evaporation dynamics (Anderson et al., 2012b). Fisher et al. (2017) emphasizes 

the need for high spatiotemporal resolution evaporation products, recommending 

spatial resolutions approaching 10-100 m at daily or sub-daily time scales. 

Similarly, McCabe et al. (2017b) highlights the importance of having high-

resolution products to advance both our understanding of surface evaporation 

processes and to provide relevant information for agricultural monitoring. 

An often-explored solution to solve the spatiotemporal tradeoff relies on 

fusion approaches, which is the use of complementary satellite data sets to 

produce a higher resolution product (Wald, 1999). An early example was the use 

of panchromatic bands to sharpen coarse resolution multispectral images (Zhijun 

et al., 2005). However, panchromatic sharpening has been shown to produce 

suboptimal results by introducing radiometric distortions on the sharpened 

multispectral images (Wang et al., 2019). Norman et al. (2003) developed a 

disaggregation approach that uses visible and near-infrared (VNIR) bands 

together with land surface temperature (LST) from Landsat 8 to produce a 30 m 

evaporation product. Expanding on the spatial and temporal adaptive reflectance 

fusion model (STARFM) framework of Feng et al. (2006), Anderson et al. (2011) 
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were able to produce a daily 30 m evaporation product. In a more recent study, 

Guzinski et al. (2019) explored the feasibility of fusing Sentinel-2 and Sentinel-3 

imagery to produce a 10 m spatial resolution product using a data mining 

approach (Gao et al., 2012). However, results from data fusion products often do 

not provide the same insights nor reproduce the same spatial variability that could 

be achieved by a dedicated satellite mission with high spatiotemporal resolution 

(Guzinski et al., 2019; Wang and Atkinson, 2018). 

While it is possible to increase the temporal resolution of satellite missions by 

launching additional satellites, doing so comes with significant investment in the 

hundreds of millions of dollars (McCabe et al., 2017b). A promising solution to 

produce high spatiotemporal imagery is by employing miniature satellites, also 

known as CubeSats (Selva et al., 2012), that use off-the-shelf components. The use 

of cheaper components, as well as their smaller size reducing expensive launch 

costs, allows for significant cost reductions. Moreover, CubeSats can be configured 

as a constellation of satellites capable of covering large areas at approximately the 

same time, increasing the overpass frequency at high spatial resolutions 

(Poghosyan et al., 2017). A drawback of capturing images using multiple satellites 

with cheaper components, is the necessity to perform inter-satellite 

normalization procedures to account and correct for spectral and cross-sensor 

inconsistencies (Houborg et al., 2016b). Often, this process requires a high-quality 

reference (e.g., Landsat 8, Sentinel 2) that serves as the normalization target 

(Houborg et al., 2018a; Leach et al., 2019). The use of CubeSats for hydrology was 

first explored by McCabe et al. (2017a) and later applied by Aragon et al. (2018) 

at a farm in Saudi Arabia, producing the highest spatial resolution satellite 

evaporation product at the time of publication (see Chapter 2).  
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Varying spatial and temporal scales, in addition to radiometric differences, are 

likely to introduce discrepancies in any estimated evaporation products (and in 

general in remote sensing products): even when the same model might be used 

(Kustas et al., 2004). Moreover, there remains a need to develop an understanding 

of evaporation scaling, particularly when comparing coarse resolution global 

studies with high-resolution field-level surveys (Wu and Li, 2009). In some cases, 

the upscaling of a satellite product can be non-linear (McCabe et al., 2010) and 

needs to come from physical principles to be comparable to native coarse-

resolution products; applying a wrong upscaling approach can lead to incorrect 

data interpretations (Hufkens et al., 2008). Spatial scale influences are also 

strongly interconnected with land and atmospheric processes, and can lead to 

considerable uncertainties when integrated into land surface models (Sridhar et 

al., 2003). In general, coarse-scale satellite products are incapable of properly 

reproducing field heterogeneities, as has been demonstrated by McCabe et al. 

(2006), in their comparison of evaporation products derived from Landsat, 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), and 

Moderate Resolution Imaging Spectroradiometer (MODIS). Similarly, Tian et al. 

(2012) analyzed the pixel scale influence of evaporation estimates in north-

western China, concluding that their model required LST information with a pixel 

size lower than 500 m to provide valuable information. In related work, Ershadi 

et al. (2013b) found that spatial scale effects introduced aggregation errors on 

evaporation retrievals, due to the sensitivity of aerodynamic resistance 

calculations. Indeed, Brunsell and Anderson (2011) had found in an earlier study 

that length scales estimated by MODIS were significantly larger than those 

estimated by Landsat. Moreover, they also found that spatial scaling varied from 
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day to day. Among the aggregation or upscaling approaches, Sridhar et al. (2003) 

found that the nearest neighbor and bilinear methods were among the best 

performing approaches, which was verified in later studies (Ershadi et al., 2013b; 

Sridhar, 2007). Wang et al. (2016) proposed the use of a scale-insensitive model 

(i.e., a model that did not incorporate aerodynamic resistance or other length scale 

terms explicitly in its formulation) as a possible workaround to circumvent scaling 

effects in evaporation.  

 Drawing upon the findings of these and other previous studies that explore 

the spatio-temporal context of evaporation modeling, the work presented here 

showcases the scale effects on evaporation at a field scale by examining three 

different scenarios. First, a validation of evaporation fluxes derived from three 

high-resolution satellite platforms (Landsat 8, Sentinel 2, and Planet CubeSats) is 

performed during the period of peak phenology of an irrigated wheat field. Next, 

temporal interpolation techniques (linear, quadratic spline, cubic spline, and 

Savitzky-Golay) are compared in terms of cumulative water use in an accounting 

context. Finally, a spatial scale comparison is performed on a coincident retrieval 

day for MODIS, Landsat 8, Sentinel 2, and Planet CubeSats. To the authors’ 

knowledge, this study is the first spatiotemporal comparison between these 

satellite systems for evaporation estimation.  

4.2 Materials and Methods   

4.2.1. Study Site 

The study site is located in an arid region in the north of Saudi Arabia, and 

forms part of a large-scale commercial agricultural area located in the Al-Jouf 

region, one of the major agricultural hubs in the Kingdom (Figure 4-1). The Al-Jouf 

regions total arable area is approximately 1520 km2, out of which center pivot 
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fields account for ~1430 km2. For much of the year the region is cloud-free, 

making it ideal for remote sensing. It also has low annual precipitation in the range 

of 60-80 mm, occurring from late October to April (El Kenawy et al., 2014). The 

focus site is a ~40 ha irrigated wheat field with water coming from an unregulated 

fossil aquifer. The analysis period was from late January to early May 2019: a 

month after the wheat was planted and ending at crop maturity. The region is 

characterized by high ambient temperatures above 40 °C in the summer. During 

the study period, the mean ambient temperature was 14.65 °C, with minimum and 

maximum temperatures of 2.16 °C (occurring in early February) and 36.32 °C 

(occurring in May), respectively. 

 

Figure 4-1. Enhanced natural color representation of the wheat center-pivot 
field analyzed on this study employing a 3 m Planet image from March 18, 
2019. The concentric annuli were used to evaluate the spatial variability 
differences between satellite data sources. The eddy covariance and the 
collocated weather station location are marked with a blue circle on the edge 
of the field. 
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4.2.2. Remote Sensing Data 

The main sources of remote sensing data originate from three different 

satellite missions: Landsat 8, Sentinel 2 A/B and from the commercial CubeSats of 

Planet. Only the blue, green, red and near-infrared (BGRN) bands were used, with 

the latter employed to compute the normalized difference vegetation index 

(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = (𝑁𝑁𝑁𝑁𝑅𝑅 − 𝑅𝑅𝑅𝑅𝑑𝑑)/(𝑁𝑁𝑁𝑁𝑅𝑅 + 𝑅𝑅𝑅𝑅𝑑𝑑)). Table 4-1 offers a summary of each 

platforms revisit frequency and overpass times as well as their corresponding 

spatial resolutions. 

Table 4-1. Summary of the satellite revisit times and spatial resolutions used in 
this study. Two different Sentinel 2 paths covered the study area, with the path 

number shown in parenthesis. 

Sensor/mission Revisit 
frequency 

Spatial 
resolution 

(BGRN) 

Overpass time 
(local time) 

Number of 
scenes used 

Landsat 8 16 days 30 m 10:58 a.m. 4 

Sentinel 2 A/B 5 days 10 m 11:03 a.m. (35) 
/11:13 a.m. (78) 

12 (35) / 12 
(78) 

Planet 1-3 days 3 m 09:39 a.m. to 11:26 
a.m. 

35 

Figure 4-2 presents a time-line of the various satellite retrievals used in 

this study, where colored markers indicate if the image was used to estimate 

evaporation and white ones representing images excluded from the analysis (due 

to the presence of clouds or no available met data). Planet images that did not 

cover the full extent of the study were also excluded from the analysis. The grey 

shaded regions represent the availability of on-site measured fluxes and weather 

information. 
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Figure 4-2. Overview of the Planet, Landsat 8 and Sentinel 2 acquisition dates 
during the study period in 2019. Only one day (April 18/DoY 108) had 
coincident acquisitions for all platforms. Colored markers indicate the scenes 
used in the study, while circles represent those excluded due to cloud cover 
or the absence of coincident weather information. Grey regions denote 
periods where in-situ flux and weather information was available. 

4.2.2.1 MODIS Data 

Moderate Resolution Imaging Spectroradiometer (MODIS) data is used as an 

intermediate standardization references for the CubeSat atmospheric and 

radiometric correction described in section 2.2.5. The MCD43A4 product was 

chosen, as it is corrected with a bidirectional reflectance distribution function 

(BRDF) that also corrects for view angle influence, producing a consistent nadir 

BRDF product. The MCD43A4 is produced daily using 16 days of Terra and Aqua 

data at a 500 m spatial resolution. As part of the spatial scale effects analysis, one 

MODIS image was used to compute evaporation on April 18, 2019 (i.e., the only 

date where all satellites had a coincident overpass date; DoY 108). 

4.2.2.2 Landsat Data 

Landsat 8 (L8) data with a 16-day revisit frequency using the 172/39 

path/row acquisition, was acquired over the study region. L8 has a sun 

synchronous orbit with an overpass time at 10:58 a.m. (local time). The 

Operational Land Imager (OLI) acquires multispectral imagery at 30 m pixel 

resolution in nine spectral bands across the visible to near-infrared and 

shortwave infrared regions, while the thermal infrared sensor (TIRS) provides 
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two bands of thermal infrared data at 100 m. In this study only the blue (0.450–

0.515 µm), green (0.525–0.600 µm), red (0.630–0.680 µm) and NIR (0.845–0.885 

µm) bands were used (bands 2, 3, 4 and 5 respectively). The radiometrically 

calibrated and orthorectified Level-1 Terrain and Precision (L1TP) product was 

used. In total, four cloud-free images were acquired between February 13 to April 

18, 2019. 

At sensor radiance was converted to bidirectional surface reflectance for each 

band using the Second Simulation of the Satellite Signal in the Solar Spectrum 

(6SV) radiative transfer model (Kotchenova et al., 2006). 6SV simulates the 

reflection of the incoming radiance using a surface-atmosphere coupled model 

and requires inputs of sensor view zenith, sensor azimuth, sun zenith and sun 

azimuth angles, total ozone, aerosol optical thickness at 550 nm (AOT550) taken 

from the MOD08 product and atmospheric profiles of water and temperature from 

the Atmospheric Infrared Sounder (AIRS). Further details on the atmospheric 

correction approach are described in Houborg and McCabe (2017); Houborg et al. 

(2018a); Houborg et al. (2015). 

4.2.2.3 Sentinel Data 

Sentinel 2 A/B (S2) imagery was retrieved with a 5-day revisit frequency. 

Serendipitously, two orbits (35 and 78) cover our study site, reducing the overall 

revisit time to every 2 to 3 days. S2 has a sun synchronous orbit with an overpass 

at 11:03 a.m. and 11:13 a.m. for orbits 35 and 78, respectively (local time). L1C top 

of the atmosphere orthorectified images projected to a UTM/WGS84 reference 

system were used S2 has 13 spectral bands covering the visible to shortwave 

infrared spectrum at 10, 20 and 60 m pixel resolutions (Drusch et al., 2012). As 

was the case for L8, only the blue (0.490 µm), green (0.560 µm), red (0.665 µm) 
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and NIR (0.865 µm) bands were considered for analysis (bands 2, 3, 4 and 8a 

respectively). Given that the BGR bands have a spatial resolution of 10 m, whereas 

the NIR band pixel size is 20 m, Sen2Res (http://step.esa.int/main/third-party-

plugins-2/sen2res/) was employed to downscale the NIR band to a matching 10 

m spatial resolution (Brodu, 2017). S2 band 8a was chosen as the NIR band due to 

the similar wavelength that is has to L8. In total, 24 cloud-free images (12 images 

per orbit) were available for analysis between February 4 and April 30, 2019. For 

consistency purposes, the same approach based on 6SV that was described in 

section 2.2.2 was used to atmospherically correct all S2 images. 

4.2.2.4 CubeSat Data 

The CubeSat (CS) data used for this study comes from Planet, the largest 

commercial satellite provider, with over 170 active satellites in operation (Planet, 

2020a). Planet’s satellites are operated as a constellation that provide a 3 to 4 m 

ground sampling distance over land at near daily frequency. Each satellite adopts 

the 3U form factor with 10x10x30 cm dimensions, has an approximate mass of 4 

kg and is equipped with a four band multispectral camera. Each CubeSat has a 

unique spectral response, which has been reported to be broader and with lower 

signal to noise ratios than the equivalent L8 bands (Houborg et al., 2018a, 2018b) 

and is also dependent on the instrument generation aboard the satellite. However, 

the wavelength range and overlap has been improved with recent satellite 

launches. For instance, the CubeSats equipped with a PS2 sensor wavelengths are 

0.450–0.515 µm for the blue band, 0.500–0.590 µm for the green band, 0.590–

0.670 µm for the red band and 0.780–0.860 µm for the NIR band (Planet, 2020b). 

The overpass time for the CubeSat imagery was between 09:39 a.m. and 11:26 a.m. 

in local time. In total, 35 cloud-free images were acquired during the study period. 

http://step.esa.int/main/third-party-plugins-2/sen2res/
http://step.esa.int/main/third-party-plugins-2/sen2res/
http://step.esa.int/main/third-party-plugins-2/sen2res/
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The imagery used in this study was the level 3B product, the Ortho Scene top of 

the atmosphere radiance, which is orthorectified, resampled to 3 m pixel 

resolution with a UTM/WGS84 projection. Given the different CubeSat overpass 

times (which can introduce illumination and BRDF issues) and different sensor 

characteristics, directly applying an atmospheric correction to the imagery is a 

complicated endeavor. To produce consistent atmospherically corrected CubeSat 

imagery for this study, the CubeSat Enabled Spatio-Temporal Enhancement 

Method (CESTEM) (described below in section 4.2.2.5) was used. 

4.2.2.5 CESTEM 

CESTEM was chosen as the operational procedure to resolve inter-CubeSat 

sensor inconsistencies as well as to radiometrically calibrate them before using 

the imagery for estimating evaporation (Houborg et al., 2018a). CESTEM is based 

on a machine-learning framework that translates the broadband CubeSat spectral 

bands into surface reflectances that are consistent with a high radiometric quality 

satellite source. In this study, the reference imagery was that of L8. CESTEM builds 

multivariate regression relationships between the reference imagery and the 

CubeSat data using Cubist 2.07, a non-parametric machine-learning framework 

(RuleQuest; www.rulequest.com), which is based on a regression tree trained to 

learn the associations between the predictor variables (i.e., the CubeSat bands) 

and the target reference bands (Houborg et al., 2018a, 2018b). More detail about 

Cubist can be found in Quinlan (1996). Cubist regressions are built for each of the 

target bands (i.e., a regression for each of the BGRN bands). The first step of the 

CESTEM process is an image co-registration step as described in Houborg et al. 

(2016b, 2018a), with the objective to reduce image alignment error to a pixel or 

less. Next, all images are subset to the CubeSat extent and then the reference image 

http://www.rulequest.com/
http://www.rulequest.com/
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is atmospherically corrected using the Second Simulation of the Satellite Signal in 

the Solar Spectrum (6SV) radiative transfer model (Kotchenova et al., 2006) using 

scene-specific illumination conditions and geometry, atmospheric profiles from 

the Atmospheric Infrared Sounder (AIRS) and MOD 08 atmospheric optical 

thickness (AOD) data as input. When the CubeSat acquisition is near coincident 

with the L8 image (i.e., within ±1 day), the CubeSat data is resampled to the L8 

resolution (30 m) by pixel aggregation, and then Cubist models are trained with 

samples from the CubeSat domain. Afterwards, the trained Cubist Regression is 

applied at the CubeSat resolution. In the case that a CubeSat image has no near 

coincident L8 acquisition, the training pixels for the Cubist regression are sampled 

from bounding reference scenes (i.e., future and past CubeSat and L8 retrievals) 

in a way that the drawn pixels have only minor changes in spectral signatures. The 

relative spectral signature change is estimated as:  

𝑑𝑑𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗 = (𝑆𝑆𝑅𝑅𝑖𝑖

𝐶𝐶𝑆𝑆𝐶𝐶𝑎𝑎𝑦𝑦 − 𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗)/𝑆𝑆𝑅𝑅𝑖𝑖

𝑗𝑗  (4-1) 

where 𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗 is the surface reflectance of band 𝑖𝑖, 𝑗𝑗 indicates the given bounding 

reference scene and 𝐶𝐶𝑆𝑆𝐶𝐶𝑎𝑎𝑦𝑦 indicates the CubeSat scene to correct. Given the low 

radiometric quality and consistency of the CubeSat imagery, it is not possible to 

compute 𝑑𝑑𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗  using uncalibrated CubeSat imagery. To have enough bounding 

images, the MODIS MCD43A4 BRDF corrected product is used as an intermediary 

reference for Cubist regressions that produce MODIS-consistent images at L8 

resolutions. Using the bounding L8-CubeSat and MODIS-CubeSat image pairs, 

pixels with �𝑑𝑑𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗� lower than a predefined threshold are used to train the Cubist 

regression model. If a given pixel appears in multiple bounding reference scenes 

(e.g., the case of invariant pixels), a weighted average of the pixels is assigned as a 
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training sample where the weights are a function of 𝑑𝑑𝑆𝑆𝑅𝑅𝑖𝑖
𝑗𝑗 . The trained Cubist 

regression is then applied at the CubeSat resolution in a similar manner as in the 

near coincident case. This correction process is repeated for each of the CubeSat 

retrievals, the end result being CubeSat images that are atmospherically corrected 

and consistent with the L8 data. See Houborg et al. (2016b, 2018a) for a more 

detailed explanation of the CESTEM framework. 

4.2.3 Observed NDVI from Satellite-Derived Vegetation Metrics 

Figure 4-3 presents the observed phenology from field averaged values of the 

CubeSat retrievals (represented by NDVI) linearly interpolated over the study 

period, with L8 and S2 field averages overlain on top. This period corresponded 

with maximum NDVI, which indicates that most of the observed flux differences 

will be a result of meteorological conditions. It also possible to see that each 

platform had slightly different NDVI values, which were within ~2.5% of each 

other on average. It is important to note that these differences are most likely due 

to the particular radiometric characteristics of the various platforms. Field 

heterogeneity is represented as the light green envelope, which shows the CS 

time-series mean NDVI ± σNDVI. In general, field variability remained within 6.5% 

of the mean CS values. 
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Figure 4-3. NDVI time-series of field averaged values. The CubeSat retrievals were 
linearly interpolated for visualization purposes and bounded with one field 
standard deviation, highlighting the relatively low variability in NDVI (of 
approximately 6.5%) across the field. There were relatively small variations 
between the estimated NDVI values across the various platforms. 

4.2.4 Meteorological and Eddy Covariance Data 

Meteorological data was recorded with an automated weather station 

collocated with an eddy covariance tower installed at the edge of the field (blue 

circle on Figure 4-1). Forcing variables required by the evaporation model were 

collected, including: net radiation (Rn), air temperature (Ta), and relative 

humidity (RH) as well as ground heat flux (G) readings and other ancillary data. 

The ambient temperature and humidity sensor was installed at a 2 m height above 

ground level Data were filtered for spikes and averaged to 30 minutes. The eddy 

covariance system was equipped with an infrared gas analyzer (IRGA) and a sonic 

anemometer placed at approximately 4 m above ground level. High frequency 

measurements were taken at 10 Hz, with all processing, filtering and quality 

checks performed using LICOR EddyPro software, providing 30-min averaged 

sensible (H) and evaporation (E) flux measurements. Over the course of the study 

period, the IRGA malfunctioned as a result of power-supply and dust issues, 

compromising the evaporation measurements. To validate the evaporation fluxes, 

the H flux is assumed to have been measured appropriately by the sonic 
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anemometer and E was solved from the energy balance equation as a residual (i.e., 

E = Rn – G – H), a technique that is adequate to close the energy balance (Twine et 

al., 2000). In performing a residual correction, it is also assumed that the available 

energy (Rn – G) is representative for the measured surface. The eddy covariance 

system and meteorological tower provided forcing and validation data from 

January 28 to February 24 (DoY 28 to 55) and from March 4 to May 1, 2019 (DoY 

63 to 121). 

4.2.5 Evaporation Modelling - The Priestley-Taylor Jet Propulsion 
Laboratory Model 

To estimate the instantaneous LE fluxes for each satellite source, the 

Priestley-Taylor Jet Propulsion Laboratory model (PT-JPL) was used. PT-JPL 

partitions and scales potential evaporation into actual evaporation in three 

components: interception evaporation (Ei), soil evaporation (Es) and canopy 

transpiration (Ec) (Fisher et al., 2008). To partition and scale the potential LE flux, 

the model makes use of a series of biophysical multipliers that constrain the fluxes. 

These biophysical multipliers are fc (the relative vegetation cover constraint), 

fAPAR (the fraction of photosynthetically active radiation absorbed by the canopy), 

fwet (surface wetness), fg (fraction of green canopy), fT (plant temperature 

constraint), fM (plant moisture constraint) and fSM (soil moisture constraint). The 

potential evaporation is estimated using the Priestley-Taylor equation (Priestley 

et al., 1972), which does not require specific aerodynamic resistance 

parametrizations. The actual evaporation flux in PT-JPL is expressed as: 

𝐸𝐸 = 𝐸𝐸𝑐𝑐 + 𝐸𝐸𝑠𝑠 + 𝐸𝐸𝑖𝑖 (4-2) 
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where the subscripts c, s and i represent the canopy, soil and interception 

components respectively. Each of the three component fluxes is dependent on the 

available energy that reaches each model layer modelled as: 

𝐸𝐸𝑐𝑐 = (1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤) ∙ 𝑓𝑓𝑔𝑔𝑓𝑓𝑃𝑃𝑓𝑓𝑀𝑀 ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐 (4-3) 

𝐸𝐸𝑠𝑠 = �𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 + 𝑓𝑓𝑆𝑆𝑀𝑀(1 − 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤)� ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ (𝑅𝑅𝑛𝑛𝑠𝑠 − 𝐺𝐺) (4-4) 

𝐸𝐸𝑖𝑖 = 𝑓𝑓𝑤𝑤𝑒𝑒𝑤𝑤 ∙ 𝛼𝛼
Δ

Δ + 𝛾𝛾
∙ 𝑅𝑅𝑛𝑛𝑐𝑐 (4-5) 

where G, Δ, γ, α, Rnc and Rns, are the ground heat flux, the slope of the 

saturation to vapor pressure curve, the psychrometric constant, the Priestley-

Taylor coefficient (set at a constant value of 1.26), net radiation that reaches the 

canopy and net radiation that reaches the soil respectively. Net radiation was 

measured on site as 30-min averages as described on section 4.2.3 using a Kipp 

and Zonen CNR4 radiometer. The partitioning to soil and canopy components 

follows the original model’s parametrization approach:  

𝑅𝑅𝑛𝑛𝑠𝑠 = 𝑅𝑅𝑛𝑛 ∙ 𝑅𝑅−𝑘𝑘𝑅𝑅𝑅𝑅∙𝐿𝐿𝐴𝐴𝐼𝐼 (4-6) 

where kRn is a constant equal to 0.6 and LAI is the leaf area index obtained 

following Fisher et al. (2008) via the normalized difference vegetation index 

(NDVI). Rnc is then provided as a residual (i.e., Rnc = Rn – Rns). For a more detailed 

description of the PT-JPL biophysical multipliers and related equations, see Fisher 

et al. (2008). 

Finally, given the reported misrepresentation of the soil moisture component 

(Aragon et al., 2018; Garcia et al., 2013) and the location of the humidity sensor in 

the boundary between a vegetated surface and the dry bare soil surroundings, the 

sensitivity to relative humidity parameter β of the fSM multiplier was increased 
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from its original value of 1 to a more representative value of 3. The new value of β 

is more representative of Saudi Arabia’s environment and tower placement (i.e., 

the tower was placed under advective conditions) (Aragon et al., 2018). The 

modification of β results in an increased value of the fSM multiplier (computed as 

fSM = RHVPD/β, where RH is relative humidity and VPD is the vapor pressure deficit) 

that better represents the soil moisture availability inside the irrigated wheat 

field. Flux estimates were computed for daytime hours (defined as having Rn > 10 

W/m2). Additionally, given that the EC tower was installed at the edge of the field, 

similar to the tower placement in Aragon et al. (2018), fluxes were estimated only 

when the wind direction (Wdir) was coming from within the field (i.e., 235 < Wdir 

< 350 degrees from north).  

4.2.6 Soil Heat Flux Parametrization 

Given that the original PT-JPL model was developed for monthly time-scales 

rather than at 30-min time-steps, and that G has a higher influence on fluxes at 

smaller time scales, we evaluate three G parametrizations. The first is the 

parametrization from the Atmosphere–Land Exchange Inverse (ALEXI) model (M. 

C. Anderson et al., 2007) defined as: 

𝐺𝐺 = 0.31 ∙ 𝑅𝑅𝑛𝑛𝑠𝑠 (4-7) 

The ALEXI parametrization was studied by Purdy et al. (2016) and was 

identified as the leading G formulation that does not involve knowledge of surface 

temperature. The second G formulation is that of Santanello et al. (2003): 

𝐺𝐺 = 𝑆𝑆 ∙ cos�
2𝜋𝜋(𝑡𝑡 + 𝐶𝐶)

𝐵𝐵
� ∙ 𝑅𝑅𝑛𝑛𝑠𝑠 (4-8) 
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where A = 0.31 represents the maximum value of the G/Rns ratio, C = 10,800 

s is the offset of peak G to Rns, B = 74,000 s is a constant that minimizes the 

deviation of G/Rns from Equation 4-7. 

For the last parameterization, we calibrate Santantello’s formulation with 

daytime measured G on the days of CubeSat overpass (35 days) using non-linear 

least squares optimization (More et al., 1980). The optimization is based on the 

Levenberg–Marquardt algorithm (L-M), which is a gradient descent method 

similar to Newton’s least squares method. The L-M algorithm requires an initial 

solution as a starting point to converge to the optimal solution. As such, the default 

values for A, B, and C (see above) were used as a starting solution to the least 

squares problem. After the calibration process, the optimal values for the 

coefficients were 0.49, 86,445 s, and 5,408 s for A, B, and C, respectively. 

Out of the three parametrizations, the calibrated approach had the highest 

coefficient of determination (r2 = 0.72), the lowest mean bias (-0.29 W/m2) and 

mean absolute error (9.38 W/m2) (see Figure 4-4), so was the chosen method to 

compute G. Interestingly, all the formulations overestimated G when the actual 

flux was negative. This overestimation could lead to lower available energy in the 

early hours of the day. 
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Figure 4-4. Evaluation of the calibrated G parametrization (n = 718) a) ALEXI G 
b) Santanello G, and c) non-linear lest squares calibrated Santanello G. Each panel 
shows a 2D density scatterplot where darker hexagons represent higher data 
densities (count in bin). 

4.2.7 Estimation of the Eddy Covariance Footprint 

The fluxes measured by the eddy covariance technique represent a time-

varying footprint that changes depending on wind and atmospheric properties 

(Schmid, 2002). The footprint of the EC tower was modelled using the approach 

of Kljun et al. (2015) up to the 90% source contribution, where the 2D footprint of 

the flux measurement is a function of wind speed, wind direction, lateral wind 

dispersion, atmospheric stability and effective measurement height (zm). To 

compute the value zm, we used a linear map that relates vegetation fractional 

cover (fc) to measured maximum and minimum canopy heights (hcmax and hcmin) 

during the study period (Aragon et al., 2018): 

𝑧𝑧𝑚𝑚 = 𝑧𝑧 − 𝑑𝑑0 = 𝑧𝑧 −
2
3
ℎ𝑐𝑐 = 𝑧𝑧 −

2
3

(ℎ𝑐𝑐𝑚𝑚𝑖𝑖𝑛𝑛 + (ℎ𝑐𝑐𝑚𝑚𝑎𝑎𝑥𝑥 − ℎ𝑐𝑐𝑚𝑚𝑖𝑖𝑛𝑛) ∙ 𝑓𝑓𝑐𝑐) (4-9) 

where 𝑧𝑧 is the height to the sonic anemometer to ground level, d0 is the 

zero-plane displacement height, given by multiplying the canopy height by 2/3 

(Chen et al., 2013), and hcmax = 0.97 m and hcmin = 0.1 m. The footprint integrated 

value is then given as a mathematical construct that integrates all sources or sinks 
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that contribute to the measurement flux (Kljun et al., 2002) taking the following 

form: 

𝐹𝐹𝑐𝑐(0,0, 𝑧𝑧𝑚𝑚) = � 𝑄𝑄𝑐𝑐(𝑥𝑥,𝑦𝑦) ∙ 𝑓𝑓(𝑥𝑥, 𝑦𝑦)𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦
𝔑𝔑

 (4-10) 

where Fc(0,0,zm) is the flux measured at the anemometer location at the 

effective measurement height zm, Qc(x,y) is the flux source or sink, and f(x,y) is the 

2D footprint function. For an expanded explanation on the footprint integration 

process and related equations see Kljun et al. (2015) and Aragon et al. (2018). 

4.2.8 Modelled Flux Evaluation 

For each satellite data set (i.e., L8, S2, and CS), the performance of the 

estimated evaporation from PT-JPL was evaluated against the corresponding half 

hourly measured flux (subject to the wind direction and daytime constraints 

explained in Section 4.2.4). Model results using the pre-calibrated and calibrated 

soil heat flux estimates were evaluated with the coefficient of determination (r2) 

as a measure of the percent of the variability explained by the model. The mean 

bias difference (MBD) represents how much the model over or under predicts the 

measured evaporation. The normalized mean bias difference (nMBD) is the MBD 

normalized by the range of the measured evaporation values. The mean absolute 

error (MAE) serves as an indicator of model accuracy and a normalized MAE 

relative to the range of measured evaporation vales (nMAE): 

𝑟𝑟2 = �
𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦)
𝜎𝜎𝑦𝑦 ∙ 𝜎𝜎𝑥𝑥

�
2

 (4-11) 

𝑏𝑏𝑖𝑖𝑏𝑏𝑏𝑏 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

 (4-12) 
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𝑛𝑛𝑏𝑏𝑖𝑖𝑏𝑏𝑏𝑏 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

(𝑥𝑥𝑚𝑚𝑎𝑎𝑥𝑥 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑛𝑛)�  (4-13) 

𝑟𝑟𝑆𝑆𝐸𝐸 =
1
𝑛𝑛
�|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 (4-14) 

𝑛𝑛𝑟𝑟𝑆𝑆𝐸𝐸 =
1
𝑛𝑛
�|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

/(𝑥𝑥𝑚𝑚𝑎𝑎𝑥𝑥 − 𝑥𝑥𝑚𝑚𝑖𝑖𝑛𝑛) (4-15) 

where cov(x,y) is the covariance between the measured values (xi) and the 

average evaporation flux (yi), σ is the standard deviation, n is the number of 

samples, xmax and xmin are the maximum and minimum values of the evaporation 

measurements, respectively. 

4.2.9 Temporal Scale Effects Evaluation 

The effects of the satellite retrieval frequency were evaluated by first 

extrapolating 11 am instantaneous evaporation estimates to daily values using the 

approach of Jackson et al. (1983) applicable for clear sky conditions. These daily 

evaporation estimates were then interpolated using a) simple linear interpolation, 

b) quadratic spline interpolation, c) cubic spline interpolation, and d) a Savitzky-

Golay interpolation approach. The Savitzky-Golay interpolation is based on the 

smoothing filter of the same name (Savitzky et al., 1964). This filter combines a 

polynomial interpolation and a moving window, with the advantage of removing 

temporal noise while retaining the overall trend in the data (Marek et al., 2014). 

Since the captures were not at continuous steps, a simple linear interpolation was 

done before applying the Savitzky-Golay filter using an 11-day window and a 

second order polynomial. The average irrigated water volume was compared 
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between each interpolation method using a one-way analysis of variance 

(ANOVA) at an 𝛼𝛼 level of 0.05 with the null hypothesis of the test being: 

𝑅𝑅0: 𝜇𝜇𝑠𝑠𝑖𝑖𝑛𝑛𝑒𝑒𝑎𝑎𝑙𝑙 = 𝜇𝜇𝑞𝑞𝑞𝑞𝑎𝑎𝐶𝐶𝑙𝑙𝑎𝑎𝑤𝑤𝑖𝑖𝑐𝑐 = 𝜇𝜇𝑐𝑐𝑞𝑞𝑐𝑐𝑖𝑖𝑐𝑐 = 𝜇𝜇𝑆𝑆𝑎𝑎𝑣𝑣𝑖𝑖𝑤𝑤𝑆𝑆𝑘𝑘𝑦𝑦−𝐺𝐺𝑜𝑜𝑠𝑠𝑎𝑎𝑦𝑦 (4-16) 

If the null hypothesis is rejected (there is statistical difference between the 

means of the evaporation), the Tukey Honestly Significant Difference (HSD) post-

hoc test (Tukey, 1949) was performed to test for differences between means. The 

ANOVA and Tukey analysis were repeated to test for statistical differences 

between the same interpolation method but different satellite retrieval with the 

following null hypothesis: 

𝑅𝑅0: 𝜇𝜇𝐿𝐿8−𝑖𝑖𝑛𝑛𝑤𝑤𝑒𝑒𝑙𝑙𝑜𝑜 = 𝜇𝜇𝑞𝑞𝑆𝑆2(35)−𝑖𝑖𝑛𝑛𝑤𝑤𝑒𝑒𝑙𝑙𝑜𝑜 = 𝜇𝜇𝑆𝑆2(78)−𝑖𝑖𝑛𝑛𝑤𝑤𝑒𝑒𝑙𝑙𝑜𝑜 = 𝜇𝜇𝐶𝐶𝑆𝑆−𝑖𝑖𝑛𝑛𝑤𝑤𝑒𝑒𝑙𝑙𝑜𝑜 (4-17) 

where the subscript “interp” refers to the interpolation method i.e., all 

linear interpolations were compared against each other, and so on. Finally, the 

cumulative irrigated volume (expressed here as a depth equivalent) is presented 

along with the maximum difference at the end of the period for each interpolation 

method and satellite retrieval. 

4.2.10 Spatial Scale and Upscaling Effects Evaluation 

The evaporation upscaling effects between the different satellite 

evaporation products was evaluated during their coincident overpass on April 18, 

2019. The captured field variability was evaluated in terms of the field histograms, 

by varying the observation area (as shown in Figure 4-1) by progressively 

decreasing the diameter in steps of 100 m. Each platforms mean and standard 

deviation are presented to determine at which level one satellite stops giving 

relevant field information.  
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 Next, all daily evaporation products were upscaled to the Landsat 8 spatial 

resolution (i.e., 30 m) using average, nearest neighbor, bilinear, cubic spline and 

cubic convolution interpolation methods from the Geospatial Data Abstraction 

software Library (Warmerdam, 2008). We then analyze the evaporation estimate 

relative to the Landsat 8 values. Furthermore, the discrepancy between individual 

pixels is evaluated using a two-dimensional (2D) version of the MAE, a commonly 

used metric in image analysis given its mathematical simplicity and that is 

independent of the observer (H.S et al., 2009): 

𝑟𝑟𝑆𝑆𝐸𝐸2𝑉𝑉 =
1

𝑛𝑛 ∙ 𝑚𝑚
�� |𝑦𝑦𝑖𝑖,𝑗𝑗 − 𝑥𝑥𝑖𝑖,𝑗𝑗|

𝑚𝑚

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

 (18) 

 where xi,j is pixel i,j of the coarse resolution image, yi,j is the corresponding 

pixel in the upscaled raster, n and m are the number of row and columns, 

respectively.  

4.3 Results and Discussion  

4.3.1. Evaporation Evaluation 

Figure 4-5 shows the half-hourly estimated evaporation fluxes from PT-JPL 

evaluated against the eddy covariance observations (n=319) when the wind was 

coming from within the field. The top row presents the evaluation results using 

the uncalibrated ground heat flux parametrization for Landsat 8, Sentinel 2 (path 

35), Sentinel 2 (path 78), and Planet CubeSat, panels a, b, c, and d, respectively. In 

all cases, the correlation between estimated and observed fluxes was strong (r2 > 

0.9). However, the evaporation flux was underestimated by all platforms, with 

Landsat 8 presenting the highest average negative bias of -104.79 W/m2 (-16.0% 

when normalized against the range of the observation values), with path 78 of 
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Sentinel 2 presenting the lowest bias of -70.37 W/m2 (11%). Interestingly, the 

CubeSat estimates had a bias in the mid-point of both Sentinel 2 paths. This 

difference could be a result of how many observations were coming from the field 

at peak evaporation times, as from Figure 4-5b, it is clear that path 38 had a 

greater number of observations larger than 300 W/m2 and that the CubeSat 

retrievals had a more balanced observation count across the evaporation range. 

 
Figure 4-5. Evaluation density maps for each satellite platform using uncalibrated 
soil heat flux estimates (top row) and calibrated estimates (bottom row) for 
Landsat 8, Sentinel 2 (path 35), Sentinel 2 (path 78), and Planet CubeSat, panel 
groups (a, e), (b, f), (c, g), and (d, h), respectively. 

Interestingly, the flux validation performance decreased after introducing 

the calibrated soil heat flux estimates from Section 4.2.6 (bottom row of Figure 

4-5) for all satellite retrievals. Increasing the mean bias by 17%, 7%, 13%, and 

12% for Landsat 8, Sentinel 2 (path 35), Sentinel 2 (path 78), and Planet CubeSat 

(panels e, f, g, and h of Figure 4-5, respectively). This result is counterintuitive to 

the expected outcome of introducing a site-calibrated variable, especially given 

that the soil heat flux estimates shown in Figure 4-4 were significantly more 

accurate and had lower bias than the uncalibrated fluxes (r2 = 0, bias = -24.39 
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W/m2 compared to r2 = 0.72, bias = -0.29 W/m2 for the calibrated soil heat flux). 

This effect can be explained by analyzing the available energy component of PT-

JPL, which is given as the difference between net radiation and soil heat flux. Since 

the parametrization of Santanello shifts the soil heat flux with respect to the net 

radiation that reaches the soil, the uncalibrated values increase available energy 

by being lower than the actual values. Hence, this leads to lower evaporation 

underestimates. In other words, the evaporation estimates that used the 

uncalibrated soil heat flux component were more accurate for the wrong reasons. 

Figure 4-5 also shows that the larger number of evaporation retrievals enabled a 

more even distribution of the evaporation fluxes across the range of values, with 

most being clustered around the regression line i.e., compared with the other 

satellite retrievals, there was less dispersion. The underestimation of the 

evaporation fluxes was previously documented in Aragon et al. (2018) for a field 

in similar conditions. In that case, it was found to be the result of input degradation 

due to tower placement and to a previously reported misrepresentation of the soil 

evaporation component (see Purdy et al. (2018); Purdy et al. (2016); Garcia et al. 

(2013). However, it is also likely that the underestimation came from the NDVI-

derived leaf area index (LAI) using the model’s parametrization. In contrast with 

Aragon et al. (2018), LAI was estimated using PT-JPL’s equations rather than from 

Houborg et al. (2015) regularized model inversion approach. Lower LAI estimates 

would decrease the available energy for canopy transpiration, directing it towards 

the already underestimated soil component.  

4.3.2. Effects of Temporal Scale on Evaporation Estimates 

Figure 4-6 shows the temporal interpolation results for each method, where 

panels a, b, c, and d correspond to linear, quadratic, cubic and Savitzky-Golay 
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interpolation, respectively. Even though the interpolation methods varied, the 

ANOVA testing failed to reject the null hypothesis to conclude that there was 

statistically significant difference between the interpolation methods when 

applied to the same platform. That is, the mean evaporation value was not 

different in a statistical sense during the study period when testing against the 

same sensor. The implication for this result is that at least when NDVI remains 

more or less constant, the interpolation method had no significant effect on the 

predicted evaporation, at least in a statistical sense. However, it is clear that the 

quadratic and cubic interpolations introduce oscillations to the evaporation 

estimates, which is unlikely to reflect the underlying evaporation mechanics. The 

Savitzky-Golay interpolation smoothed the peaks of evaporation estimates and 

conserved the increasing and decreasing trends of the data, in contrast with the 

quadratic and cubic interpolations that point towards an increase in evaporation 

at the end of the period. This increase is unrealistic, given that the phenology 

started to decline after April 2nd (DoY 92 in Figure 4-3). 
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Figure 4-6. Interpolation during the period of maximum NDVI using a) linear 
interpolation, b) quadratic spline interpolation, c) cubic spline interpolation, and 
d) Savitzky-Golay interpolation for each satellite platform (65 days in the period).  

When comparing interpolation methods across satellite platforms, the null 

hypothesis could be rejected for the linear, quadratic and Savitzky-Golay 

interpolation methods with p values of 0.005, 0.010, and 0.005, respectively. The 

p value for the ANOVA analysis of the cubic interpolation was 0.074, which would 

make the difference significant at the 𝛼𝛼 = 0.1 significance level. When analyzing 

the Tukey test results to find which pairs had statistically significant differences, 

it was found that this happened only for the Landsat 8 and the Sentinel 2 (path 38) 

pairs for all interpolation methods with p values of 0.005, 0.006, 0.004 for linear, 

quadratic and Savitzky-Golay interpolations, respectively. This statistically 

significant difference can be appreciated in a visual context by examining the 

green and blue lines of Figure 4-6 (panels a, b, and d) in which the Sentinel 2 (38) 

time-series has a valley around DoY 84 that is not reflected in the Landsat 8 

retrievals. However, this valley is also present on the CubeSat time-series, but its 

magnitude is not as pronounced. Table 4-2 summarizes the cumulative water 

volumes (expressed as depths) from each satellite and each temporal 

interpolation method. The maximum difference in evaporation during the analysis 

period (65 days) was 29.04 mm (approx. 12.6%), which happened between the 

different Sentinel 2 paths. However, this value is well within uncertainty levels 

reported in the literature (Jiemin et al., 2015; Twine et al., 2000). 
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Table 4-2. Summary of the cumulative evaporation (expressed as depths, 
mm) between Day-of-Year (DoY) 44 and 108 (65 days in total) estimated 
by four temporal interpolation approaches. 

Sensor/Method Linear Quadratic Cubic Savitzky-
Golay 

Landsat 8 251.75 249.63 249.29 251.80 
Sentinel 2 (35) 259.68 260.08 253.75 259.68 
Sentinel 2 (78) 232.46 231.47 231.04 232.43 
CubeSat 241.41 242.65 242.75 241.38 

4.3.3. Captured Field Variability 

To investigate the degree to which spatial resolution becomes important, the 

spatial distribution of estimated evaporation was analyzed. The top row of Figure 

4-7 shows the field evaporation as observed by MODIS (7a), Landsat 8 (7b), 

Sentinel 2 (7c) and Planet CubeSat (7d) platforms. The bottom row shows the 

within field evaporation distribution for MODIS, Landsat 8, Sentinel 2 and CubeSat 

(panels e, f, g, and h respectively). Three things are apparent from inspecting this 

figure:  

1. The MODIS retrieval is significantly different from the others, with a mean 

value of ~2.6 mm/day that is almost 1 mm/day lower than the field 

average from the other sensors. This difference is due to pixel mixing (i.e., 

a pixel that contains bare soil and vegetation) between the fully vegetated 

fields and the surrounding desert soil. The spatial resolution of MODIS is 

not sufficient to resolve even the average field response, much less field 

level heterogeneity.  

2. The area outside the pivot for the Sentinel 2 retrieval is significantly larger 

than for the Landsat 8 and CubeSat estimated evaporation. The increased 

soil evaporation from Sentinel 2 could be due to radiometric differences 

that lead to higher NDVI values when compared to the other platforms. 
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Moreover, the model uses the same air temperature, net radiation and 

relative humidity values to estimate the bare soil evaporation outside the 

field, leading to an overestimation of the actual evaporation. These 

unusually high values for dry bare soil highlight the need for higher spatial 

resolution meteorological products, especially in areas that have a high 

degree of contrasting surfaces.  

3. The evaporation histograms for all platforms are similar to each other, with 

the exception of the MODIS retrieval that cannot capture any field 

variability due to the low number of pixels (i.e., 2) that cover the area.  

 

Figure 4-7. Comparison of the within-field scale evaporation distributions as 
observed by four different satellite platforms. From left to right, MODIS, Landsat 
8, Sentinel 2 and Planet CubeSat evaporation maps on April 18, 2019 with spatial 
resolutions of 500 m, 30 m, 10 m, and 3 m, respectively. 
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To explore the degree to which remotely sensed evaporation estimates 

become less useful as a farm management tool, we decreased the field covered 

area to simulate progressively smaller fields. The diameter of the field was 

reduced in steps of 100 m covering areas of 27.7, 19.2, 12.2, 6.8. 2.9 and 0.7 ha as 

shown on the top row of Figure 4-8. The Landsat 8 evaporation retrieval started 

to degrade when the field area was lower than the 12.2 ha field (third panel of 

Figure 4-8a). This degradation also happened for Sentinel 2, starting at field sizes 

below 2.9 ha (fifth panel of Figure 4-8b). The mean evaporation remained mostly 

the same (within a margin of ±0.2 mm/day) in all cases, which can be explained 

by the fact that there was no adverse pixel mixing during the analysis, since the 

area outside each annuli was still part of the irrigated field. However, under other 

circumstances, mixed pixel effects would have adversely affected the evaporation 

estimates. The CubeSat retrievals were able to resolve field level heterogeneity 

even at the lowest analyzed field size of 0.7 ha (rightmost panel of Figure 4-8c). 

The CubeSat retrieval covered the 0.7 ha field with 416 pixels: about the same 

number of pixels that Landsat 8 used to cover the original field (Figure 4-8b). 
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Figure 4-8. Histogram comparison of field level evaporation as observed by 
Landsat 8 (L8; a), Sentinel 2 (S2; b) and CubeSat (CS; c) over a field of 
progressively decreasing size.   

4.3.4. Effects of Spatial Upscaling on Evaporation Estimates 

Differences in field evaporation between the upscaled evaporation estimates 

from Sentinel 2 and the CubeSats are shown on Figure 4-9, with Landsat 8 used as 

the reference evaporation map. Five upscaling approaches were investigated: 

Average (Avg), Nearest Neighbour (NN), Bilinear, Cubic Spline (CSpline) and Cubic 

Convolution (CC). As can be seen, both platforms underestimated the observed 

evaporation compared to the Landsat 8 reference, with Sentinel 2 having a larger 

underestimation (up to 32.71% for the cubic spline approach) than the upscaled 

CubeSat retrievals for all methods. It is important to note that the largest 

difference in evaporation occurred for the nearest neighbour upscaling (up to 

104%), which is equivalent to a difference of approximately 1 mm/day. Moreover, 
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the spatial distribution of the aggregated flux is quite different from that of the 

native Landsat 8 estimate, with both the Sentinel 2 and CubeSat upscaled images 

retaining part of their native spatial variability. For example, the irrigation beam 

tracks can be faintly seen on the difference maps of Figure 4-9: a feature that is 

largely absent in the Landsat 8 retrieval (Figure 4-7b). Out of all the upscaling 

approaches, nearest neighbour and cubic convolution had the lowest rMAE 

(32.09%, and 32.05%, respectively). In the case of the CubeSat retrievals, the 

lowest rMAE came from the same upscaling approaches, with nearest neighbour 

having an rMAE of 23.3% and 21.63% for the cubic convolution. Table 4-3 

summarizes the statistics of the Sentinel 2 and CubeSat upscaling. 

 
Figure 4-9. Evaporation difference maps between Landsat 8 and Sentinel 2 
(top row) and CubeSat (bottom row) for five different upscaling approaches.  

Of particular concern is that the highest coefficient of determination was only 

0.14, which means that no upscaling method explained the same variability as the 

native sensor. This fact can be interpreted as an extension of McCabe et al. (2006) 

in which the upscaled fluxes can only be used to get the average field response 

rather than to inform on the actual field variability at the coarse resolution. 
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Additionally, the poor agreement between the upscaled CubeSat evaporation and 

the Landsat 8 retrieval highlights the need to develop a scaling function for PT-JPL 

for model comparison across scales. As explored in Wu et al. (2009), such scaling 

methods need to be developed to determine the accuracy of the retrieval products. 

While CESTEM surface reflectance is thought to be scale consistent with the 

reference product (i.e., Landsat 8 in this case), the small differences in reflectance 

translate to larger uncertainties once they are incorporated into PT-JPL.  
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Table 4-3. Summary of the upscaling statistics on the evaporation maps. 
Landsat 8 was used as the reference map to make pixel-wise statistics as it is 
the native 30 m sensor. 

Sensor and Statistic / Upscaling 
Method 

Avg NN Bilinear CSpline CC 

S2 r2 0.08 0.04 0.07 0.09 0.06 
S2 MAE (mm/day) 0.36 0.36 0.36 0.37 0.36 

S2 rMAE (%) 32.14 32.09 32.35 32.71 32.05 

S2 mean (mm/day) 3.5 3.5 3.5 3.49 3.5 
CS r2 0.12 0.07 0.13 0.14 0.11 
CS MAE (mm/day) 0.24 0.24 0.25 0.25 0.24 
CS rMAE (%) 21.88 21.3 21.95 22.32 21.63 
CS mean (mm/day) 3.63 3.63 3.62 3.62 3.63 

4. 4. Conclusions 

In this study, the Priestley-Taylor Jet Propulsion Laboratory (PT-JPL) model 

was applied to estimate field level evaporation over an irrigated center-pivot 

system located in a desert environment. Due to the PT parametrization, PT-JPL is 

thought to be relatively scale insensitive, as the aerodynamic resistance terms are 

not computed and instead form part of the empirically derived PT parameter (𝛼𝛼). 

However, retrieval frequency and pixel size are of great importance to understand 

field evaporation dynamics. This is particularly true for desert agriculture sites, 

which coarse resolution sensors cannot provide the required information to 

enable agricultural management techniques (due to the relatively small farming 

area). Importantly, the results presented here are also applicable to other regions, 

and in particular for small scale farmers. The usefulness of the satellite retrievals 

is also affected by the overpass frequency, since at coarser temporal resolutions, 

the evaporation estimates cannot reproduce day-to-day evaporation dynamics. 

However, the average field response can still be useful for end of season water 

accounting purposes, even at coarse resolutions (i.e., the bi-monthly Landsat 8 

retrieval frequency).  
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On a more technical note, understanding the upscaling behavior of high 

resolution evaporation estimates is essential in order to compare and validate 

with previous studies, or to integrate high-resolution estimates into land surface 

models that operate at coarser resolutions. As reported in section 4.3.4, these 

differences may not be trivial. Undoubtedly, as new and improved satellite 

platforms emerge, the topic of scale must be revisited to verify the validity of the 

modeling approach. 
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Chapter 5       
 
A Calibration Procedure for Field and UAV-Based Uncooled 
Thermal Infrared Instruments 

Chapter 5 explores the development of a cost-effective thermal calibration 

procedure for thermal infrared instruments. A high accuracy temperature 

reference and controlled ambient temperature variation were used to produce 

calibration equation using a multilinear regression approach. Three sensors were 

evaluated, including an infrared radiometer and two thermal cameras. In all cases, 

sensor bias and root mean squared error decreased significantly and in the case 

of the thermal cameras, vignette effect were also ameliorated. Importantly, a field 

data collection workflow is proposed to guide the collection of high quality 

information. Adjacency effects on thermal imagery are also examined as a possible 

source of error in which hotter surfaces bias the measured temperature of cooler 

targets.  

 

Chapter 5 is an edited version of: Aragon, B., Johansen, K., Parkes, S., Malbeteau, Y., 

Al-Mashharawi, S., Al-Amoudi, T., Andrade, C.F., Turner, D., Lucieer, A., McCabe, 

M.F., (2020), “A Calibration Procedure for Field and UAV-Based Uncooled Thermal 

Infrared Instruments”, Sensors, 20, 3316. doi:10.3390/s20113316.  
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5.1 Introduction  

Thermal infrared thermometers measure the surface brightness temperature 

of an object without physical contact by absorbing the infrared radiation onto a 

thermal detector element. The absorbed radiation changes the electrical 

resistance of the detector and is then transformed into an electrical signal from 

which temperature can be inferred (Gade and Moeslund, 2013). The most 

common thermal detectors are microbolometers due to lower cost, ease of 

integration into conventional electronic manufacturing processes and because 

their large temperature coefficients result in a wide range of resistance changes 

with radiation absorption (Rogalski, 2012). The large resistance change implies 

that microbolometers have the capacity to detect fine scale radiation changes, 

which translate into small temperature variations, making them an ideal 

thermometer. With advancements in semiconductor manufacturing technologies 

over the last decades, it has become possible to assemble a set of individual 

thermal infrared thermometers into an array located at the focal plane (FPA) of 

an imaging system (Rogalski et al., 2016). This array of instruments captures the 

emitted radiation of the surface or object of interest and transforms the received 

energy into an intensity map to determine a temperature distribution called 

infrared thermography (IRT). IRTs offer various advantages to activities requiring 

temperature monitoring such as non-contact and non-destructive two-

dimensional sampling, and they can be used for real-time applications 

(Usamentiaga et al., 2014). 

Due to the aforementioned advantages, IRTs have a wide area of application 

in multiple fields. For instance, Hui and Fuzhen (2015) used thermal images as a 

detection method for fault diagnosis in electrical equipment; Marino et al. (2017) 
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used IRT to study heat loss through building envelopes and Jones (1998) 

highlighted the potential use of thermal image analysis as a medical diagnostic 

tool. Thermal infrared cameras are also installed onboard satellites to measure 

surface temperature for Earth observation (Prata et al., 1995). Land surface 

temperature (LST) measured from satellite platforms can be used to detect urban 

heat islands and improve the planning and heat mitigation strategies of megacities 

(Deilami et al., 2018; Yang et al., 2019; Zhou et al., 2018). Additionally, LST is a key 

variable for monitoring environmental responses to water availability, such as 

forest fire risk and severity (Maffei et al., 2018; Quintano et al., 2017), 

evapotranspiration (Anderson et al., 2012b; Cammalleri et al., 2013; Colaizzi et al., 

2012; Kustas et al., 2009) and drought and water stress (Anderson et al., 2016; 

Egea et al., 2017; Hulley et al., 2017; Yao et al., 2018). However, with pixel sizes in 

the tens of meters, satellite based LST retrievals do not always reach the fine 

spatial or temporal resolutions required for many applications, with precision 

agriculture being a prime example (Malbéteau et al., 2018). 

An alternative to satellite-based LST acquisition is to mount uncooled thermal 

cameras on unmanned aerial vehicles (UAV) (also referred to as remote piloted 

aircraft systems, RPAS), which can increase the spatial resolution to the decimeter 

scale and enable the possibility to perform on-demand flights, even under 

overcast conditions (Hoffmann et al., 2016; Kelly et al., 2019). Indeed, the use of 

UAV-based thermal imagery offers many advantages for applications that require 

high spatial resolution and on-demand inspection capabilities. For instance, 

Quater et al. (2014) found that thermal images captured from a UAV are suitable 

for inspecting photovoltaic plant performance and for detecting panel failure. In 

recent years, the use of UAV technologies for environmental, agricultural and 
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plant phenotyping applications has been on the rise due to the reduced cost of 

implementation and the increase in camera resolution and overall spectral quality 

(Aasen et al., 2018; Candiago et al., 2015). For instance, Smigaj et al. (2017) found 

that miniature thermal cameras were capable of representing the spatial and 

temporal variation of canopy temperature in conifers for stress detection. Rud et 

al. (2014) used IRT images to derive a crop water stress index (CWSI) that was 

capable of identifying within-field variability of water availability because of 

different irrigation treatments. In another application, Hoffmann et al. (2016) 

used IRT from a camera mounted on a fixed wing UAV to retrieve field 

evapotranspiration, an indication of crop water use, using the two-source energy 

balance model. Another novel use of thermal information comes from the field of 

wildlife monitoring; the thermal signature of animals can be distinguished from 

vegetation, which enables applications for animal tracking, counting or 

conservation purposes (Baratchi et al., 2013). Lhoest et al. (2015) developed an 

automated algorithm that uses thermal images acquired from an UAV platform to 

count hippopotamuses achieving an accuracy that is comparable with manual 

delineations. 

For UAV applications, uncooled thermal cameras are required due to their 

smaller size and lower weight. However, the use of uncooled thermal cameras 

have inherent challenges that must be overcome before they can be used for 

monitoring purposes, given that the accuracy of the images is regularly required 

to be within 1 degree Celsius (°C) (Mesas-Carrascosa et al., 2018). Some of these 

challenges are spatial non-uniformity of the acquired temperatures on the images, 

sensor drift (i.e., measured temperature changes while the object’s temperature 

remains constant due to uncompensated FPA temperature), stabilization of the 
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FPA temperature, and measurement bias that is presented as an offset from the 

actual target temperature (Berni et al., 2009; Gerhards et al., 2019; Kelly et al., 

2019; Mesas-Carrascosa et al., 2018; Nugent et al., 2013; Peeters et al., 2017; 

Ribeiro-Gomes et al., 2017; Torres-Rua, 2017). All of the aforementioned 

challenges make the uncorrected IRT measurements unsuited for applications 

requiring accurate and stable measurement. For these reasons, camera calibration 

is necessary to achieve good results during UAV thermal surveys. 

One approach to camera calibration is to use ground reference sources to 

compensate for measurement bias. Torres-Rua (2017) proposed a vicarious 

calibration approach using a black body reference placed within the field of view 

of the UAV flight trajectory to post-process the thermal images to increase the 

absolute accuracy of the IRT. Similarly, Pestana et al. (2019) used melting snow as 

a constant 0 °C ground reference to correct the bias in the UAV thermal imagery. 

However, these approaches do not account for non-homogeneity effects that 

introduce unrealistic temperature distributions in the form of a vignette effect. 

 Kelly et al. (2019) highlighted that the effect of the non-uniformity 

corrections (NUC) performed by the camera manufacturers during acquisition 

time was not evident on vignetting reduction. IRT inaccuracies have also been 

linked to the FPA temperature (Nugent et al., 2013; Ribeiro-Gomes et al., 2017; 

Zhao et al., 2018). Dhar et al. (2015) aimed to correct for the FPA temperature 

dependency with their calibration approach using a polynomial fit approach in 

which a cubic drift-correction term was deemed the best for their camera. Ribeiro-

Gomes et al. (2017) analyzed a linear, polynomial and a neural network calibration 

approach in which the neural network performed the best, reducing the overall 

measurement error to <1.5 °C. Additionally, it was found that the calibration 
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approach of Ribeiro-Gomes et al. (2017) enabled an easier vicarious calibration 

post-processing step. However, the actual FPA temperature is often not available 

to the end user, which makes it impossible to apply the calibration methods that 

rely on the FPA temperature. Furthermore, uncooled thermal infrared cameras 

also have an initial stabilization period in which the acquired temperature and 

corresponding digital numbers deviate from the actual value until the camera has 

had enough time to stabilize (Berni et al., 2009; Kelly et al., 2019). Additionally, 

thermal cameras can have dead pixels that need to be accounted for, i.e., not all 

pixels of the camera are functional. Budzier et al. (2015) proposed an iterative 

approach for dead pixel identification, which is carried out after the calibration 

process. In a recent study, Gonzalez-Chavez et al. (2019) proposed an alternative 

method based on a Planck curve and polynomial regression. The approach was 

directed towards UAV surveys and required six input parameters, including 

ambient temperature, humidity levels and surface emissivity. Expanding their 

previous research, Papini et al. (2018) developed a radiometric calibration that 

estimates gain and offset parameters from thermal images. Using an iterative 

approach and a set of successive images taken at two blur levels yielded images 

with root mean squared error (RMSE) of less than 1.6 °C. 

It is important to note that larger cameras have also been used for field IRT 

measurements, both as handheld cameras for field measurements and mounted 

in autonomous vehicles. Deery et al. (2016) used a FLIR SC645 handheld camera 

(which has equivalent technical characteristics to the one used in this study) 

adapted for use with a small helicopter, e.g., for phenotyping applications in which 

lower canopy temperatures might be associated with better genetic gains and a 

sign of higher stomatal conductance. C. Y. Zhang et al. (2016) developed a 3D 
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robotic system for high throughput phenotyping using the FLIR A655sc camera, 

enabling on-demand diurnal analysis over a controlled agricultural environment 

for precision agricultural studies. Additionally, as a low-cost alternative, cheaper 

handheld radiometers are also used for point-based measurements. Mahan and 

Yeater (2008) highlighted that the Apogee radiometers provide accurate field 

based IRT measurements. Indeed, the Apogee radiometers are routinely used as a 

validation source for satellite and UAV-based studies that involve retrieval of LST 

(Malbéteau et al., 2018; Pérez-Díaz et al., 2017; Rosas et al., 2017). 

The contributions of the present study are twofold. First, we propose an 

ambient temperature-dependent calibration function that can be applied to a wide 

variety of infrared radiometers, evaluated here on the Apogee SI-111 infrared 

radiometer and the FLIR A655sc and TeAx 640 (based on a Tau 2 core) uncooled 

thermal cameras. To achieve this goal, we developed an accurate temperature 

reading based on resistance temperature detectors (RTDs) attached to a black 

body and suitable for a temperature range between 0–60 °C. This reference black 

body was placed in an environmental chamber to emulate different field 

conditions. Second, we apply the developed calibration function to correct for the 

vignette effect on the acquired IRT images. This objective was a byproduct of the 

calibration function by applying it on a pixel-by-pixel basis. The vignetting 

reduction was later verified by analyzing IRT images for different target black 

body temperatures and at different ambient temperatures. Our research provides 

a novel approach to radiometric calibration of IRT data by incorporating 

measurements of ambient temperature, as a proxy of FPA temperature, which is 

generally not available. The proposed calibration approach has implications for 

future projects that require the acquisition of highly accurate thermal information 
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across various disciplines and will benefit applications in natural ecosystem 

monitoring, precision agriculture, hydrology, urban planning among other fields. 

Finally, we provide a suggested workflow to ensure accurate thermal infrared 

field data collection and discuss other considerations for data post-processing. 

5.2 Materials and Methods 

Here, we propose a novel approach to develop an ambient temperature-

dependent calibration function for infrared radiometers. Special care was taken 

to acquire a precise reference temperature measurement during the laboratory 

calibration process, which was carried under four different ambient temperature 

conditions that emulate common field conditions and later evaluated against three 

thermal infrared sensors (Apogee SI-11, FLIR A655sc, TeAx 640). 

5.2.1 Thermal Instruments 

This study analyzed three different thermal infrared sensors. The first 

instrument was the Apogee SI-111 infrared radiometer (Apogee Instruments Inc., 

Logan, UT, USA, Figure 5-1a). The spectral range of this sensor is from 8 to 14 μm, 

with an operating temperature range from −40 °C to 80 °C, a manufacturer 

accuracy of ±0.5 °C and a measurement range of –60 °C to 110 °C. Apogee 

radiometers convert a voltage to a temperature reading that is representative of 

the averaged sensor footprint values (Apogee, 2020). Readings were taken every 

second. 

Next, we analyzed and calibrated the FLIR A655sc uncooled radiometric 

camera (FLIR System Inc., Wilsonville, OR, USA, Figure 5-1b) with a resolution of 

640 × 480 pixels and a weight of 0.90 kg. The sensor inside the camera has a 

spectral range of 7.5–14.0 µm, a dynamic range of 16 bits, a scene temperature 
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range of –40 °C to 150 °C (used in this study) and another range of 100 °C to 650 

°C and a manufacturer accuracy of ±2 °C or ±2% of the reading (FLIR, n.d.-b). 

Images were captured every second. 

Finally, we also calibrated the TeAx 640 radiometric thermal camera 

(TeAx, Wilnsdorf, Germany, Figure 5-1c) designed to be used on UAV platforms. 

This camera has a resolution of 640 × 512 pixels and a weight of 95 g. The sensor 

is based on a Tau 2 core (FLIR, n.d.-c; Teax, 2018) with a spectral range of 7.5–

13.5 µm, a manufacturer accuracy of ±5 °C or 5% of the reading, and a scene 

temperature range of −25 °C to +135 °C in the recommended high-gain mode 

(used in this study) and of −40 °C to +550 °C in the low-gain mode (Teax, 2018). 

The TeAx 640 camera performs non-uniformity corrections every 100 frames, but 

the effect of these corrections was not evident, as the images still presented 

significant vignette effects. The capture rate of the TeAx camera is 8.33 Hz (i.e., 

one image every ~120 ms) and frames were extracted to the closest second (i.e., 

taking the frame number that corresponds to ~1 s intervals) for consistency 

between all instruments and black body reading synchronization. For the TeAx 

640, the digital numbers were converted to Celsius brightness temperature values 

with the following conversion formula applicable for the Tau 2 core inside the 

camera (FLIR, 2017). 

𝑇𝑇𝑐𝑐𝑙𝑙𝑖𝑖𝑔𝑔ℎ𝑤𝑤𝑛𝑛𝑒𝑒𝑠𝑠𝑠𝑠  =  𝑁𝑁𝑁𝑁 ∗ 0.04 − 273.15 (5-1) 
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Figure 5-1. Instruments calibrated during this study a) Apogee SI-111 infrared 
radiometer, b) FLIR A655sc uncooled radiometric thermal camera, c) TeAx 640 
miniature uncooled radiometric thermal camera for unmanned aerial vehicle 
(UAV) applications. 

5.2.2 Calibration Workflow 

A three-step process was applied to develop a temperature dependent 

calibration function for infrared radiometers. As a first step, a series of resistance 

temperature detectors (RTDs) were calibrated across a temperature range from 

0 °C up to 60 °C using an ice bath that was gradually heated. These RTDs were 

attached to the back-plate of the FLIR 4 black body and were connected to a data 

acquisition card to record the temperature at regular one-second intervals. This 

setup ensured a consistent and highly precise temperature recording for the 

calibration of three distinct thermal instruments, i.e., the Apogee SI-111 infrared 

radiometer, the FLIR A655sc and TeAx 640 uncooled thermal cameras. A 

schematic of the calibration process is depicted on Figure 5-2. 
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Figure 5-2. Schematic of the calibration workflow. The first step was to produce 
a reliable temperature reference and then collect infrared temperature 
information at multiple temperatures in an environmental chamber to fit the data 
to the temperature reference using multilinear regression (MLR) to produce 
calibration equation matrices. Finally, these calibration matrices were applied to 
the uncalibrated thermal infrared data. This approach corrects for the ambient 
temperature effect as well as non-uniformity for each individual pixel in the image. 

5.2.3 Black body characterization 

To ensure a reliable and known temperature source, we built a set of RTD 

sensors to measure the black body temperature. Each RTD was based on the 

PT1000 platinum resistance element that has a nominal electrical resistance value 

of 1 k Ohms at 0 °C. Each circuit was powered by the voltage source arrangement 

displayed in Figure 5-3a, where the labels 𝑁𝑁𝑐𝑐𝑖𝑖𝑎𝑎𝑠𝑠, 𝑁𝑁+, and 𝑁𝑁− indicate points of 

physical connection to the other parts of the circuit. The RTDs were connected 

into an array of 1 k-Ohm resistors (with a 1% error value) called a Wheatstone 

bridge. The purpose of this electrical circuit was to measure the differential 

voltage (i.e., the voltage at 𝐵𝐵+ 𝑏𝑏𝑛𝑛𝑑𝑑 𝐵𝐵−) between the terminals of two resistors 
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powered by the same voltage source in parallel (Figure 5-3b). The RTD resistance 

value will be different from the other resistances in the Wheatstone bridge unless 

the ambient temperature is 0 °C. This difference in resistance due to the ambient 

temperature gives rise to a voltage differential that is proportional to the RTD 

value. Additionally, two 5 k Ohm resistors were placed in series with the bridge 

arrangement to avoid RTD self-heating (and a related bias in the voltage 

measurements) due to the circulating current (Figure 5-3b). This voltage 

difference is too small to measure directly, so the Wheatstone bridge arrangement 

was connected to an instrumentation operational amplifier (AD627AN) for signal 

conditioning (Figure 5-3c). The gain and bias of the amplifier were configured to 

maximize the voltage range of the analog-to-digital converter of the Labjack U12 

data acquisition card that takes an analog voltage and transforms it into a digital 

reading. The voltage range was set to correspond to a temperature range between 

–10 ℃ and 70 ℃. The Labjack had a ±10 V input range with a 12-bit resolution 

(LabJack, 2020). Trim potentiometers, a variable resistance that allows for fine 

adjustments, were used for accurately setting the gain of the amplifier. Before each 

experiment, the trim potentiometers of the amplifier circuit were offset to 1.75 k 

Ohm. This value was determined to fit the voltage range of the data acquisition 

card. The bias voltage was also checked before conducting the experiments and 

set to –9 V, thus ensuring the same gain for every experiment. 
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Figure 5-3. Resistance temperature detector (RTD) sensing circuit a), power 
source configuration for the Wheatstone bridge and signal conditioning of the RTD 
signal where 𝑁𝑁+,𝑁𝑁− and 𝑁𝑁𝑐𝑐𝑖𝑖𝑎𝑎𝑠𝑠 represents a physical point of connection to 12 V, –
12 V and 9 V respectively; b), Wheatstone bridge configuration for the two wire 
RTDs. The circuit is excited by the two voltage sources at 𝑁𝑁+ and 𝑁𝑁−. A change on 
the RTD nominal value creates a voltage difference between 𝐵𝐵+ and 𝐵𝐵−; c), 
instrumentation amplifier circuit, the AD627AN amplifies and shifts the value of 
the differential voltage between 𝐵𝐵+ and 𝐵𝐵− and outputs a ground referenced 
voltage 𝑁𝑁𝑜𝑜𝑞𝑞𝑤𝑤 that is connected to a data acquisition card (Labjack U12) for logging. 

For the RTDs to serve as a temperature reference, each of them was 

individually calibrated inside an ice bath that was heated from 0 °C to 60 °C in a 

stirring hotplate to ensure even heating. A linear regression was performed on 

each of the logged RTDs voltage values against observed temperatures from the 

average of two graduated mercury thermometers that were submerged with the 

RTDs in the ice bath. Each RTD was found to be linear (as expected), with a 

coefficient of determination ≥0.99. The calibrated RTDs were mounted on the 

back-plate of the FLIR 4 black body (FLIR, n.d.-a). The FLIR 4 black body has an 

emissivity value of 0.95 (FLIR application support, personal communication, 4 

February 2020) and a large target area, which allows for a larger measurement 

distance between the infrared sensors and the surface of the black body. This 

increased measurement distance reduced the possibility of a temperature bias on 
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the instruments produced by the emitted heat of the black body. The black body 

heats to a wide range of temperatures in proportion to the applied voltage at its 

terminals.  

5.2.4 Laboratory Setup 

Each instrument to calibrate along with the black body and related 

instrumentation were placed in an environmental chamber (i.e., a properly 

insulated room equipped with heating and cooling capabilities and control 

electronics to maintain the ambient temperature at a constant setting). Each 

experiment was repeated multiple times at varying ambient temperatures to 

properly account for any possible temperature dependence in the sensors. The 

different ambient temperatures were 4, 22, 33 and 37 ℃ as the chamber was 

shared between different research group’s long-term experiments, and so varying 

the temperatures was not possible. Nevertheless, these temperatures cover a 

range of commonly encountered field ambient temperatures. The environmental 

chamber used in this study was designed by Harris Environmental Systems and 

had floor dimensions of 4 × 3 m. To avoid draft influences, the calibration system 

was left to record data unattended during the experiment duration. To sense the 

ambient temperature, an additional RTD was left exposed to the outside 

temperature and its values were logged along with the black body temperature at 

the same one-second interval. 

Previous studies have found that thermal infrared instruments undergo a 

warm-up period during which the measurements are erratic (Berni et al., 2009; 

Grgić and Pušnik, 2011; Kelly et al., 2019). To avoid the effects of the warm-up 

period, we allowed the camera to reach thermal equilibrium with the 
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environmental chamber, and only those measurements recorded after 80 min of 

operation were considered for the calibration process. The RTDs were configured 

to sample every second. No smoothing was done to the reference data. It is 

important to note that the RTD temperature values are actual temperature 

readings rather than brightness temperatures. Therefore, the emissivity of the 

black body was used to correct the radiometer measurements prior to the 

calibration process by dividing the measured value by the emissivity of the black 

body (0.95). 

To reduce bias and self-heating interference due to the emitted heat from the 

black body, each instrument was placed at a fixed distance such that it could cover 

the black body’s surface in its field of view. The area of the heating surface of the 

black body is ~81 cm2. The field of view of the Apogee SI-111 was estimated using 

the equations on the manufacturer’s website (Apogee, n.d.), and that allowed us 

to place it at a distance of ~10 cm to the black body. The distance of the FLIR 

A655sc and the TeAx cameras to the black body was estimated visually from the 

captured images (i.e., the camera’s distance was evaluated such that the black 

body’s housing was no longer visible from the real-time camera feed) and 

determined to be ~8 cm to cover the maximum heating area of the black body. 

Each of the experiments lasted for around 50 min, which is the time it took 

the black body to go from ~60 °C to around ambient temperature. Using the cool 

down period to collect the temperature measurements (rather than collecting the 

samples while heating the black body) ensured a gradual temperature reduction 

that was better suited for our data collection approach without the need for 

implementing a temperature controller. A complete list of the materials and 

associated cost to replicate the calibration experiments is presented in Table 1. 
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The most expensive was the environmental chamber, but there are other 

commercial alternatives and brands that could offer a more cost effective solution. 

Table 5-1. Equipment and associated approximate costs used to develop 
the temperature radiometric calibration functions for the thermal 
infrared sensors. 

 

5.2.5 Derivation of Calibration Equations 

We assume that the observed temperatures form a plane in space that 

could be modelled by means of a multilinear regression (MLR) of the form: 

𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 = 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙2 𝛽𝛽3 + 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙𝛽𝛽2 + 𝑇𝑇𝑎𝑎𝛽𝛽1 + 𝛽𝛽0 (5-2) 

where 𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 is the calibrated measurement of temperature, 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙 is the 

non-calibrated radiometer measurement and 𝑇𝑇𝑎𝑎 is the ambient temperature. The 

parameters 𝛽𝛽3, 𝛽𝛽2, 𝛽𝛽1 and 𝛽𝛽0 are determined in such a way that the sum of squares 

residuals term is at a minimum. With 𝑛𝑛 independent observations, equation 5-1 

can be organized into a vector and matrix form: 

𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 = 𝐓𝐓𝜷𝜷 + ϵ (5-3) 

in which the least square estimate of the linear coefficients 𝜷𝜷 is: 

𝜷𝜷� = (𝑇𝑇′𝑇𝑇)−1𝑇𝑇′𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 (5-4) 

and the predicted value 𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠�  is then: 

Equipment Cost (USD) 
Instrumentation amplifier <10 

Breadboard (or a printed circuit board) <10 
Resistance Temperature Detector (RTD) <10 

Trim potentiometer <10 
1% resistors (x 6 per RTD) <10 

Laboratory power supply (triple output) ~400 
Stirring hotplate (for the RTD calibration process) ~70 

Labjack U12 data acquisition card ~200 
Black body ~2000–4000 (depending on model) 

Wires and solder material <10 
Soldering iron ~70 

Environmental chamber > 5,000 (depending on size) 
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𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠� = 𝑻𝑻𝜷𝜷� (5-5) 

In this way, the predicted values at different temperatures are given by 

multiplying the known measured values with the uncalibrated instrument and 

observed air temperature and the least squares coefficients (i.e., solving Equation 

5-2). Given the large number of observations of each instrument, a uniform 

random sampling of the dataset was performed across all the environmental 

chamber temperatures. This provided 100 samples from each environmental 

chamber experiment for a total of 400 samples, of which 330 samples were used 

for training and 70 for evaluation. The sample size was evaluated for the Apogee 

sensor and a small set of pixels from both thermal cameras by comparing the 

results from using all available data points and the 400 sample subset, yielding an 

RMSE and r2 within 2% each other. To avoid overfitting of the data and to increase 

the certainty of the corrected temperature measurements obtained with the 

regressed parameters, we performed k-fold cross-validation on the sampled 

dataset. To determine k, 5-fold to 10-fold cross-validation procedures were 

evaluated, for which k = 5 was found to be appropriate both in computational cost 

and convergence of the resulting parameters. The final parameter value is the 

average of all estimated parameters in the k folds to reduce the variance in the 

final parameter estimate (Jung and Hu, 2015). The choice of the fitting equation 

was made on three aspects. First, its computational simplicity; second, the ease of 

interpretation of the resulting calibration coefficients; and third, the ability to 

study in an indirect way the effects of the ambient temperature on the camera 

measurements and the vignette effect, which cannot be done with more complex 

methods (e.g., neural networks, random forest, SVM). Each pixel in the cameras 

was treated as an independent thermal infrared radiometer. 
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5.2.6 Calibration Evaluation 

The calibrated estimates were evaluated against the black body 

temperature measured by the RTD installed on the back-plate. The chosen 

statistics for evaluation are: the coefficient of determination (𝑟𝑟2), an estimate of 

the variability explained by the regression; the bias, which describes the over- or 

underprediction amount of the calibration; and the root mean square error 

(𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸). 

𝑟𝑟2 = �
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where 𝑐𝑐𝑐𝑐𝑐𝑐(𝑥𝑥,𝑦𝑦) is the covariance between the measured values 𝑥𝑥𝑖𝑖 and the 

estimated values 𝑦𝑦𝑖𝑖 , 𝜎𝜎 is the standard deviation and 𝑛𝑛 is the number of 

observations. For the FLIR and TeAx cameras, the vignette effect was evaluated by 

the interquartile range (IQR), estimated as the difference between the 75th and 

25th percentiles and the standard deviation, in which a value close to zero is 

considered to be better. The IQR and 𝜎𝜎 of the evaluation sample was done as a 

mean quantity across all the pixels of the images for the 70 validation samples. 

5.3 Results 

This section presents the results of the radiometric calibration for the three 

thermal instruments. First, we present the corrected Apogee measurements. Next, 

we show the calibration results and vignetting correction of the handheld FLIR 
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A655sc and UAV-based TeAx thermal infrared cameras over the different ambient 

temperature regimes. To use the proposed MLR methodology on the 2D thermal 

images of the cameras, we assume that each pixel in the camera is equivalent to 

an independent sensor and thus will have its own set of calibration coefficients. 

To correct an image from the thermal cameras, an element wise multiplication of 

matrices is performed between each term of the MLR equation. 

5.3.1 Apogee Calibration 

The Apogee radiometer that was calibrated during the laboratory 

experiments did not meet the manufacturer’s accuracy specifications, showing an 

overall bias = 0.458 °C and 𝑅𝑅𝑟𝑟𝑆𝑆𝐸𝐸 = 2.087 °C. Even though Apogee radiometers do 

take into account the sensor temperature when computing the target temperature 

(Kalma et al., 1988), it was found that the actual temperature varied as a function 

of the ambient temperature (Figure 5-3a). However, the instrument 

measurements remained highly linearly related to black body temperature 

readings, with an 𝑟𝑟2 = 0.956. This indicates that the Apogee instruments become 

biased after their initial calibration process. As can be seen in Figure 5-4a, the 

uncalibrated temperatures of the Apogee radiometer tracked the actual 

temperature change of the black body, needing mostly an offset compensation that 

depended on the environmental chamber temperature. This bias in the 

temperature measurements by the non-calibrated Apogee radiometer occurred 

for all ambient temperatures, but was more noticeable at high and low air 

temperatures where the bias was −2.773, 2.410 and 2.105 °C for air temperature 

of 4, 33 and 37 °C, respectively. The bias at an ambient temperature of 22 °C was 

only –0.429 °C.  
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Figure 5-4. a) A scatterplot of the uncalibrated Apogee measurements taken from 
inside the environmental chamber at different temperatures. The measurements 
from the Apogee sensor have a linear relationship with the reference black body 
temperature, but have a temperature dependent bias. b) The scatterplot after the 
calibration process, showing reduced measurement bias and an improved RMSE. 
The plots and the statistics were made from the evaluation dataset (n = 70). 

In Figure 5-4b, the scatterplot between the black body and the calibrated 

Apogee temperature measurements shows that the bias of the Apogee radiometer 

was reduced from 0.458 °C to –0.053 °C, while still maintaining the high linearity. 

A reduction in the RMSE of 1.561 °C (from 2.087 to 0.526 ℃) was observed and 

the r2 increased from 0.956 to 0.997, which was a significant improvement from 

the uncalibrated readings. The resulting calibration equation for the Apogee 

instrument was: 

𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 = −0.001 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙
2 + 1.020 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙 + 0.168 ∙ 𝑇𝑇𝑎𝑎 − 3.499 (5-9) 

As expected, the 𝛽𝛽0 calibration coefficient was the largest, indicating that 

the largest contribution in the calibration process came from the sensor bias. The 

ambient temperature also influenced the measurements by a 0.168 °C additional 

offset for every degree increase in temperature. The 𝛽𝛽2 calibration coefficient was 

almost unity, whereas the 𝛽𝛽3 coefficient was almost zero, and started to affect the 
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estimates only at high temperatures. This indicates that a linear form of the 

regression equation could also be a suitable alternative. It is important to note that 

this equation is unique to a particular sensor, so data collection and calibration 

experiment must be performed on individual radiometers.  

5.3.2 FLIR A655sc Calibration 

To calibrate the FLIR A655sc thermal infrared camera, we applied the same 

methodology that was described in Section 5.2.4, but under the assumption that 

each of the camera pixels was an independent spot radiometer i.e. that the value 

of each pixel is independent of any of the other pixel values in the thermography. 

This assumption comes from the FPA structure, in which each microbolometer is 

replicated and read independently from each other. Before the calibration 

process, the temperatures measured with the FLIR A655sc camera had a mean 

bias across all environmental chamber temperatures (4, 22, 33 and 37 °C) of –

5.965 °C, an RMSE of 6.219 °C and an r2 of 0.984 (Figure 5a). This implied that the 

camera performed poorly to detect the absolute temperature values and that it 

was overestimating the target temperature by a large margin (~6 °C). 
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Figure 5-5. Scatterplot of the average temperature readings of the FLIR A655sc 
camera before (a) and after (b) calibration. Error bars are included to show the 
spread from the mean temperature value of each image and are three times the 
standard deviation of each observation. However, for the FLIR A655sc, the 
standard deviation was small and the error bars are visible only for a couple of 
samples when the black body temperature was ~45 °C. The plots and the statistics 
were made from the evaluation dataset (n = 70). 

After the calibration process (Figure 5-5b), the measured temperature 

values displayed a better fit with the actual temperature of the black body, 

although at black body temperatures ≥50 C, there was a larger deviation from the 

1:1 line (RMSE of 1.290 °C compared to 0.688 °C when the black body temperature 

is below 50℃). The calibrated measurements of the FLIR A655sc had an overall 

bias of 0.119 °C, an RMSE of 0.815 C and an r2 of 0.994, increasing the r2 by 0.01, 

and decreasing the bias and RMSE by 6.084℃ and 5.404℃, respectively. To 

visualize the fitting equation, an average of all the pixel parameters is shown 

below: 

𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 = −0.001 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙2 + 0.998 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙 + 0.089 ∙ 𝑇𝑇𝑎𝑎 − 5.3134 (5-10) 

The 𝛽𝛽0 coefficient was one of the most significant, showing that on average 

across all pixels, the camera needed to be corrected for about 5.3 °C. Even though 
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the 𝛽𝛽1 coefficient was small (0.089), its influence increased with ambient 

temperature becoming significant (i.e., contributing 1 °C to the measurement) for 

each increase of 11.2 °C. 

The vignette effect could not be appreciated on either panel of Figure 5-5, 

for which the average 𝜎𝜎 was 0.109 °C and the IQR was 0.141 °C before calibrating 

the camera. However, the overall standard deviation and interquartile range 

decreased to 0.059 °C and 0.078 °C, respectively, after the calibration process. 

These results mean that the original images did not have a significant vignette 

effect, but the calibration did improve the images beyond correcting for the bias 

in the measurements. This improvement is displayed further in Figure 5-6a, where 

the temperature map of the uncalibrated image is shown. The pixel values across 

the image are mostly homogeneous and within less than a degree from the mean 

value, as is corroborated by the corresponding histogram (Figure 5-6c). Indeed, 𝜎𝜎 

was 0.076°𝐶𝐶 and the IQR was 0.041 °C for this specific image, indicating small 

deviations from the average temperature value. Nevertheless, the average bias 

from the true black body temperature was –3.817 °C. After the calibration process 

(Figure 5-6b,d), the vignette effect improved marginally, with the 𝜎𝜎 reduced to 

0.054 °C and the IQR to 0.030 °C. It is important to note that the bias of the 

calibrated image was reduced to 0.729 °C and that the pixel temperature values 

had a narrower distribution than before the calibration. 
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Figure 5-6. Temperature maps and histograms for the FLIR A655sc camera while 
looking at the black body with a temperature of 34.28 °C. Panels a) and c) show 
the results before the calibration process and panels b) and d) depict the results 
of the same image after applying the calibration equation to each pixel in the 
whole image. 

5.3.2 TeAx 640 Calibration 

The TeAx 640 is an uncooled thermal infrared camera packaged in a way 

that makes it suitable to mount onto a UAV platform. We applied the methodology 

of Section 2.4 on a pixel-by-pixel basis using an environmental chamber at four 

different temperatures during the cooling cycle of the FLIR black body. The 

uncalibrated thermal measurements had a mean bias across all ambient 

temperature conditions of 1.317 °C, an RMSE of 3.438 °C and an r2 of 0.968. These 

parameters mean that even though the camera had a high correlation with the 

actual black body temperatures, it underestimated the actual temperature values 

of the black body up to approximately 40 °C. At higher black body temperatures, 

an overestimation was identified (Figure 5-7a). Furthermore, the high RMSE value 
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would make the camera unsuitable for applications that need a precise 

temperature value. Additionally, there is significant deviation from the mean 

value of the images (Figure 5-7a) shown by the error bars (three times the 

standard deviation of each image) of each of the validation samples. 

 

Figure 5-7. Scatter plot of the average temperature readings of the TeAx 640 
camera before (a) and after (b) calibration. Error bars show the spread of the 
acquired temperature measurements that add up to the mean bias of the images. 
The error bars are three times the standard deviation of each sample as a measure 
of spread. The plots and the statistics were made from the evaluation dataset (n = 
70). 

After the calibration, the RMSE was reduced by 2.425 °C (from 3.438 to 

1.013 °C) across all the environmental chamber temperatures. Once the 

calibration process was applied, the TeAx 640 had a bias of –0.015 °C, with r2 

increasing to 0.992. The large difference between the bias (–0.015 C) and RMSE 

(1.013 °C) implies that the camera calibration process is under- and over-

estimating the target temperature in some instances as depicted on Figure 5-7b. 

A fitting equation using the mean of all pixel calibration coefficients is shown 

below: 

𝑇𝑇𝑐𝑐𝑎𝑎𝑠𝑠 = −0.007 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙
2 + 1.328 ∙ 𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙 − 0.009 ∙ 𝑇𝑇𝑎𝑎 + 0.288 (5-11) 
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The main contribution to the pixel temperature accuracy came from the 

uncalibrated measurements (𝑇𝑇𝑙𝑙𝑎𝑎𝐶𝐶𝑖𝑖𝑜𝑜𝑚𝑚𝑒𝑒𝑤𝑤𝑒𝑒𝑙𝑙) in the multilinear regression fit, 𝛽𝛽2 

being the largest calibration coefficient (1.328). Interestingly, the effect of the 

ambient temperature on the regression was quite small. On average, a change of 

111 °C in ambient temperature was required to affect the calibrated temperature 

measurement by 1 °C. This is counterintuitive given the frequent assumption of 

the ambient temperature influence on the vignette effect (Budzier et al., 2015; 

Nugent et al., 2013; Ribeiro-Gomes et al., 2017) that states that the camera 

response is dependent on the measured object, the camera optics and the FPA 

temperature (the latter two are directly influenced by the ambient temperature). 

However, the contribution of the 𝛽𝛽1 coefficient to the measured value is small 

(<0.3 °C on average) for temperature changes below ~33 °C, which are not 

common during normal field operating conditions. On the other hand, it is 

reasonable to assume that abrupt changes in the ambient temperature (e.g., by 

wind speed) have an impact on the FPA stabilization and require additional time 

for the camera to return to a thermal equilibrium condition. The ambient 

temperature perturbation response by the thermal cameras was documented in 

Zhao et al. (2018), where they reached a similar conclusion from observed data, 

i.e., that the camera needs an additional time to reach equilibrium after the FPA 

and camera optics are cooled/warmed by wind effects. 

In the case of the TeAx 640, the vignette effect before the calibration 

process can clearly be seen in Figure 5-7a, where the 𝜎𝜎 and IQR for the 

uncalibrated images were 1.059 °C and 1.387 °C on average respectively, for the 

validation samples. After the calibration process, the vignette effect was almost 
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fully compensated, as seen in Figure 5-7b and by the reduction of the standard 

deviation and IQR to 0.096 °C and 0.099 °C, respectively. 

An example of the vignette effect is shown in Figure 8a, which is also 

reflected in the temperature distribution histogram of Figure 5-8c. Before 

calibration, the 𝜎𝜎 and IQR of the image were 1.161 °C and 1.580 °C, respectively. 

After the calibration process the image had a 𝜎𝜎 = 0.094 °C and IQR = 0.107 °C, 

which was a significant improvement that translates to a more homogenous image 

(Figure 5-8b) and a tighter histogram with more normally distributed 

temperature measurements (Figure 5-8d). Additionally, the mean difference from 

the black body temperature after calibration was 0.772 °C (compared to 4.272 °C 

before calibration). 

 

Figure 5-8. Temperature maps in Celsius and histograms for the TeAx 640 camera 
while looking at the black body with a temperature of 34.44 °C. Panels a) and c) 
show the results before the calibration process and panels b) and d) depict the 
results of the same image after applying the calibration equation for each pixel to 
the whole image. 
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5.3.3 Impact of the 𝛃𝛃𝟏𝟏 and 𝛃𝛃𝟎𝟎 Calibration Coefficients on the TeAx 640 
Vignetting 

To quantify the impact of the 𝛽𝛽1 and 𝛽𝛽0 calibration coefficients on the vignetting 

of the TeAx 640 camera, we forced each of them to be zero one at a time (i.e., the 

coefficient influence was turned off). We chose four images with a similar black 

body temperature (within <0.1 °C from each other) from each experiment (i.e., one 

image from when the ambient temperature was 4 °C, 22 °C, 33 °C and 37 °C). When 

setting the 𝛽𝛽1 calibration coefficient to zero (which represents the ambient 

temperature influence on the calibration process) for the thermal images, most of 

the corrected image pixel values were concentrated towards the mean, with the 

vignette effect being most pronounced at 4 and 37 °C based on the temperature 

distribution of the histograms (Figure 5-9). In terms of accuracy, given the average 

low value of the 𝛽𝛽1 calibration coefficient (0.009), the average value of the image 

stayed within the manufacturer’s parameters, having an error lower than 1.5 °C 

for the tested images. 

 

Figure 5-9. (a) Thermal images from the TeAx 640 with the 𝛽𝛽1 coefficient set to 
zero with similar black body temperature under the four ambient temperatures 
of the calibration experiment. (b) The corresponding histograms show an average 
dispersion lower than 0.106 °C from the mean values (41.13, 38.37, 40.71, 38.95 
°C respectively). 
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Setting the 𝛽𝛽0 coefficient to zero (while leaving the other coefficients active) 

reintroduced the vignetting effect (Figure 5-10). While the average value of the 

measurements did not exceed the 5 °C difference specified by the manufacturer, 

staying within 1.5 °C of the black body temperature value, the standard deviation 

of the pixel values was on average 1.553 °C (in contrast to an average of 0.106 °C 

when the 𝛽𝛽1 coefficient was not active). 

 

Figure 5-10. (a) Thermal images from the TeAx 640 with the 𝛽𝛽0 coefficient set to 
zero with a similar black body temperature across all ambient temperatures. The 
vignette effect was present and had the same shape as the uncalibrated images. 
(b) The corresponding histograms are similar to the uncalibrated images with a 
dispersion of 1.553 °C from the mean values (40.78, 37.88, 40.12, 38.33 °C 
respectively). 

Table 5-2 presents the descriptive statistics for when the 𝛽𝛽1 and 𝛽𝛽0 

coefficients were set to zero for each of the evaluated images. Interestingly, the 

difference between the actual black body temperature and the measured 

temperature was not larger than 0.4 °C between each scenario. However, when 𝛽𝛽0 

was set to zero, the standard deviation and IQR of the images were up to 14.8 and 

25 times larger, respectively, than when the coefficient was active, which verifies 

that 𝛽𝛽0 has a large influence on mitigating the vignette effect of the images. 

Furthermore, the measured temperature values had a range of almost 10 °C when 

𝛽𝛽0 was set to zero as opposed to <1.5 °C when it was active. It also worth noting 
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that the mean and median values were the same when 𝛽𝛽0 was active (within 2 

significant figures after the decimal point), whereas there was a difference of up 

to 0.3 °C when set to zero. This small difference between the mean and median 

values indicates that the vignette effect does not bias the measured temperature 

if the temperature images are used to get a single average temperature of a 

homogeneous target. 

Table 5-2. Descriptive statistics to evaluate the impact of the 𝛽𝛽1 and 𝛽𝛽0 
coefficients in the vignetting of the TeAx 640 images. Having the 𝛽𝛽0 
coefficient active produced images with no apparent vignette effect and 
with lower standard deviation and interquartile range (IQR) under all 
evaluated ambient temperatures. 

 

5.4 Discussion 

5.4.1 Instrumentation Requirements of the Calibration Process 

Our results showed that the developed radiometric calibration functions for 

each of the three thermal sensors resulted in significantly improved temperature 

estimates when evaluated against the black body measurements, along with a 

reduction of the vignette effect in the case of the thermal cameras. While our 

approach can be applied to different kinds of thermal infrared sensors, it requires 

unique temperature radiometric calibration functions to be produced for each 

sensor. For replication of our calibration approach, we provided a complete list of 

equipment used for this experiment and associated costs (see Table 5-1 in Section 
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5.2.4 for further details). Most of the equipment used were relatively inexpensive 

with the exception of the black body and environmental chamber. 

While both the Apogee and FLIR A655sc sensors were found to be more 

sensitive to ambient temperatures, only small impacts were identified for the 

derived temperature measurements of the TeAx 640 camera. Therefore, an 

environmental chamber may not be required to produce the radiometric 

calibration functions for the TeAx 640 camera, which would significantly reduce 

the costs of equipment required for the calibration process. However, as we let the 

black body gradually cool down to the ambient temperature, it would be desirable 

to undertake the calibration process at lower ambient temperatures than the 

expected operating conditions to expand the range of black body temperature 

measurements. Without the use of an environmental chamber, it would also be 

important to ensure a relatively stable ambient temperature and humidity and no 

wind effects during the data collection process for collection of high-quality 

calibration data. However, it is important to highlight that the low sensitivity to 

ambient temperature could vary depending on the thermal camera even within 

the same models due to size, optics and manufacturing variability. As such, 

ambient temperature measurements should be as accurate as possible to ensure 

the reliability of the calibration process. 

5.4.2 Ambient Temperature and Vignette Effects 

Previous studies have found that the temperature measured by uncooled 

microbolometer detectors in thermal infrared cameras varies as a function of the 

temperature of a camera’s FPA, which in turn are affected by ambient temperature 

(Nugent et al., 2013; Sun et al., 2007). While the calibration function for the Apogee 
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radiometer showed that an ambient temperature of approximately 21 °C would 

cancel out the 𝛽𝛽0 offset coefficient and produce a near perfect 1:1 relationship 

between temperature readings and the black body temperature, a significant bias 

at low and very high temperatures was identified. On the other hand, the ambient 

temperature had only a small impact (e.g., 0.30 °C at 33.3 °C) on the UAV-based 

TeAx 640 measurements. Therefore, based on these observations, ambient 

temperature may not be as critical a factor for some thermal cameras as 

previously thought in other studies (Karunasiri et al., 2003). While Wolf et al. 

(2016) states that non-uniformity noise (including vignette effect) depends on the 

FPA temperature, our results (Figure 8) show otherwise, at least after an 80 min 

warm-up period to ensure stabilization of the camera. Such a long stabilization 

period may not be practical for all field applications. However, the amount of 

required warm-up time varies by instrument and it could potentially be shorter. 

The effects of ambient temperature on a camera’s FPA might to some extent be 

reduced by the packaging and optics of uncooled thermal infrared cameras, which 

highlights the importance of suitable insulation for improved camera 

performance. In fact, Zhao et al. (2018) emphasized the importance of proper 

insulation of the camera lens due to high thermal conductivity from the lens to the 

FPA. The exposure of the lens to wind during flights may also affect the 

measurements (Kelly et al., 2019): work that we are also currently exploring in 

which we have detected variations in temperature between flight strips. From our 

laboratory results, which found that different ambient temperatures have a minor 

impact on our camera accuracy once the FPA has reached thermal equilibrium, we 

can link these variations to an FPA stabilization process. Insulation of the camera 

can help to ameliorate the sudden wind effect contribution to the FPA 
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temperature stabilization. However, given that no shielding is perfect a possible 

solution could be the introduction of known temperature targets to undergo a 

vicarious calibration process for each flight strip. In addition, it should be noted 

that the impact of the wind’s cooling on the FPA is also dependent on the camera’s 

housing and heat dissipation characteristics, which could result in a higher 

temperature difference between the FPA and the ambient temperature. 

Given that the camera response is dependent on camera optics and the FPA 

temperature, which are directly influenced by the ambient temperature (Budzier 

et al., 2015; Nugent et al., 2013; Ribeiro-Gomes et al., 2017), it would be expected 

that the ambient temperature would influence the vignette effect. However, our 

results showed that the vignette effect was primarily affected by the 𝛽𝛽0 offset 

coefficient. Without the 𝛽𝛽0 offset coefficient, significant vignette effects were 

identified (Figure 5-9). Hence, a major contribution of our thermal radiometric 

calibration approach is the correction for vignette effects, which are generally 

assumed to occur because of lens optics and other non-uniformity effects that 

introduce unrealistic temperature distributions (Kelly et al., 2019). Similar to 

Kelly et al. (2019) we found that the non-uniformity corrections, performed 

automatically every 100 frames by the TeAx 640 camera, did not remove vignette 

effects, emphasizing the need for a vignette correction approach like ours. To 

further remove vignette effects during the generation of an orthomosaic, it may be 

advisable to select a blending mode favoring center pixels within each photo. For 

example, the “Mosaic” blending mode in the Agisoft MetaShape software assigns 

the highest weight to pixels, where the projection is closest to the normal vector. 

This means that only the center part of each photo is used in the majority of cases, 

as long as there is a large overlap between photos. However, as most approaches 
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for producing orthomosaics are based on optical rather than thermal data, further 

research is needed to produce improved thermal orthomosaics. 

5.4.3 Considerations for Field Based Applications 

Mesas-Carrascosa et al. (2018) emphasized that an accuracy of thermal 

images greater than 1 ℃ is generally required for applications that require 

accurate measurements. This highlights the need for careful planning of not just 

the data collection process, but also of data calibration and correction to reduce 

errors. Kelly et al. (2019) identified a number of sources of error, including 

radiometric calibration, sensor temperature, vignette effects, non-uniformity 

noise and atmospheric effects, target emissivity and distance to target. Our 

ambient temperature dependent radiometric calibration process significantly 

reduces temperature bias and vignette effects in the acquired imagery under 

laboratory conditions and provides calibration functions and matrices that are 

easy to interpret. Given that non-uniformity noise was incorporated into the 

calibration functions and that sensor temperature may be used as a proxy for 

ambient temperature after an 80 min stabilization period, only the atmospheric 

effects, target emissivity and distance to target remain for further correction. 

As field-based conditions are more complex than laboratory conditions and 

introduce a number of additional sources of error in thermal measurements, these 

require careful consideration as well. Aubrecht et al. (2016) identified target 

emissivity, temperature of surrounding objects reflected by the target object and 

attenuation of the measured signal by water vapor as important field conditions 

to consider. Others have found that the atmospheric attenuation of thermal 

radiation can cause large differences in temperature between the actual and 
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measured temperature (Berni et al., 2009; Hammerle et al., 2017; Meier et al., 

2011). For example, the temperature signal from vegetation may be contaminated 

by adjacency effects such as thermal reflections of air and surroundings as well as 

signal attenuation by water vapor (Aubrecht et al., 2016). An example of this could 

be edge effects along the perimeters of agricultural center pivots, where 

significant temperature gradients exist, especially in hot climates. The distance 

between the thermal camera and the target also impact temperature 

measurements (Kelly et al., 2019). 

In Figure 5-11, we provide an example of temperature measurements taken 

within 5 min of each other at 0.40 and 10 m height from the target. The images 

were taken around solar noon with a FLIR A655sc camera at an ambient 

temperature of 37 °C after applying the previously developed calibration matrices. 

The measured temperature of the ice’s surface had a difference of ~4 ℃. This 

temperature difference is an example of the adjacency effect, which appears when 

an adjacent surface, that acts as a radiation source, contributes to the radiation 

emitted by the observed object (Zheng et al., 2019). Such a temperature difference 

could be detrimental if a high accuracy is needed to measure a given object and is 

an error that can propagate further down the processing chain. As an example, 

LST needs to undergo a correction for background temperature (taken as the sky 

temperature) (Maes et al., 2012), for which it is a common practice to take the 

temperature of an aluminum plate captured during the UAV survey (Jones et al., 

2002; Maes et al., 2017; Park et al., 2017) (in using such approach, the sky 

temperature must be within the camera image temperature range). As such, 

adjacency effects could introduce additional uncertainty for applications that 

depend on accurate LST values. However, identifying the adjacency effect 
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behavior is complicated and depends on the surface’s properties and structure 

(Tu et al., 2017). Moreover, Zheng et al. (2019) identified that the adjacency effects 

increased with spatial resolution. 

 

Figure 5-11. (a) Temperature map of a cooler filled with ice taken at a distance of 
~40 cm with an ambient temperature of 37 °C. The average value of the ice pixels 
inside the cooler (represented by the green rectangle) was –0.105 °C. (b) 
Temperature map of same ice filled cooler taken at a distance of ~10m. The 
average value of ice only pixels (green rectangle) was 4.064 °C illustrating that 
thermographies can present adjacency effects. The images displayed were 
collected manually with a FLIR A655sc camera and subjected to the calibration 
matrices described in this research. 

In addition to our ambient temperature-dependent radiometric calibration 

approach for thermal imagery, there are many influences on thermal 

measurements that still need to be accounted for during field conditions. Most of 

those are related to atmospheric effects, if an uncooled thermal camera is used 

from a UAV platform. To correct for local atmospheric effects to estimate land 

surface temperatures, a vicarious calibration process may be used in combination 

with our radiometric calibration approach. To undertake vicarious calibration of 

thermal data, satellite-based studies have used homogenous surfaces such as 

water bodies and salt flats (Wan et al., 1999). For UAV-based campaigns, features 

that are temperature stable for the duration of a flight mission will suffice, but they 

should span the full range of temperatures encountered within the area of interest 
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[Kelly et al., 2019]. Hence, a black target to reach high temperatures and a cooler 

filled with ice (Figure 5-10) would ensure a large temperature range. Other 

natural features, such as bare ground might also be used. An Apogee sensor, 

calibrated with our presented method, would be suitable for collection of ground 

control temperatures. Also, its proximity to the targets would not be influenced by 

atmospheric conditions. Based on these observations, an empirical line method 

(Karpouzli and Malthus, 2010) could be used to convert UAV imagery to at-surface 

temperature. Using ground control temperature measurements for all 

representative surfaces would also benefit in characterizing the possible 

adjacency effects and the magnitude of their influence (Tu et al., 2017). 

Continuous measurements of temperature control targets with Apogee sensors 

throughout the duration of a flight mission would document any potential 

temperature variations, which might be used for estimating error propagation in 

the derived UAV temperature measurements. 

A general calibration scheme for UAV and field-derived thermal data would 

significantly benefit measurements. We have provided a proposed workflow in 

Figure 5-12, which involves the derivation of the calibration equations/matrices 

for each thermal sensor before the field data collection. During the thermal 

surveys, meteorological data (air temperature, relative humidity and wind speed 

and direction) should be recorded to apply the calibration and to better evaluate 

field conditions. The camera should be left to warm up for at least 15 min by 

powering it on before the survey to avoid adverse stabilization effects on the 

measurements. Reference temperature targets and/or ground truthing should be 

placed in the survey area for additional accuracy corrections (such as vicarious 

calibration). As an additional measure, it is advisable to shield the camera against 
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forced cooling caused by the wind during UAV flight mission to minimize errors 

due to FPA temperature instability. After the data collection, the previously 

developed calibration equations/matrices should be applied to the data before 

further post-processing. We also recommend the application of a linear stretch to 

the collected imagery based on the minimum and maximum observed 

temperatures to maximize the contrast in the images (Turner et al., 2014) before 

constructing an orthomosaic. Finally, it is important to ensure that any applied 

orthomosaicing method preserve the physical meaning of the thermal data. There 

are other effects to consider besides the use of our ambient temperature-

dependent radiometric calibration to reduce vignette effects and non-uniformity 

noise at various temperatures and the conversion to at-surface temperature using 

temperature control targets. Aubrecht et al. (2016) found emissivity to have the 

greatest influence on measurements of vegetation temperature. However, there 

are already established procedures in place for determining emissivity of 

vegetation (Chen, 2015). Uncooled thermal infrared cameras require an initial 

stabilization period (Berni et al., 2009; Kelly et al., 2019), but this issue can be 

mitigated by warming up the camera well in advance of a flight mission. However, 

the impact of wind and wind direction on collected thermal imagery requires 

further research (Kelly et al., 2019; Zhao et al., 2018). An important first step is to 

shelter the camera from wind as much as possible (Kelly et al., 2019), although as 

pointed out by Zhao et al. (2018), the sheltering should target the camera optics 

as well. Wind also changes the microclimate in terms of temperature, heat fluxes 

and humidity (Adkins and Sescu, 2017), which could introduce an error caused by 

differences between the ambient temperature around the camera and that of the 

ground measurements. In situ climate data, such as temperature, wind direction, 
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wind speed and humidity may improve thermal data interpretation and analysis 

of subsequent outputs (e.g., orthomosaics) from pre-processing routines. Sudden 

wind gusts during a flight mission may cause significant variations in surface 

temperature in overlapping images, which will subsequently affect the 

orthomosaic generation. Additionally, for long surveys the terrain temperature 

may vary significantly between each UAV transect affecting the agreement of the 

measured values between the overlapping areas. Further research is required to 

determine how different orthomosaic approaches impact temperature 

measurements. 

 

Figure 5-12. Proposed workflow for conducting a thermal data collection survey. 
The first step is the derivation of the calibration equations/matrices for the 
thermal sensor inside an environmental chamber. Next is the surveyed site setup 
and recording of ancillary data during the thermal data collection. The last step 
represents the application of the calibration equations/matrices to the collected 
thermal data, contrast maximization, the selection of an appropriate mosaicking 
algorithm, and the empirical line method to convert to at-surface temperature 
based on the reference temperature targets. 
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5.5 Conclusion 

A novel method for ambient temperature-dependent calibration suited to 

a variety of uncooled thermal infrared radiometers was developed. The results 

showed that with a relatively simple laboratory setup, it is possible to establish 

temperature dependent calibration functions and matrices that can be applied to 

thermal infrared radiometers (in this case the Apogee SI-11 sensor and FLIR 

A655sc and TeAx 640 cameras) to significantly reduce vignette effects and 

increase measurement accuracy. While temperature measurements by the 

Apogee SI-11 sensor were mainly affected by low and high ambient temperatures, 

measurement bias and vignette effects in the thermal images collected by the FLIR 

A655sc and TeAx 640 cameras were significantly reduced when applying the 

radiometric calibration matrices to correct each pixel. This research clearly 

showed that there is a need to calibrate thermal imagery, especially to achieve 

accuracies within 1 ℃. Our research provides a suitable approach for calibrating 

thermal data immediately after data collection and prior to further image 

processing in a computationally inexpensive and easy to interpret manner that is 

dependent on commonly available air temperature measurements. It is 

recommend that our approach be applied for all thermal sensors and UAV-based 

cameras prior to or shortly after data collection to develop the calibration 

matrices before using the data for agricultural applications. 

Extensions to our research should focus on determining how often there is 

a need to undertake ambient temperature-dependent calibration of thermal 

infrared sensors. Some manufacturers recommend to perform calibration every 

year. However, the one-year requirement needs to be evaluated by undertaking 

repeated calibrations on a regular basis. Only then will it be possible to compare 
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the derived calibration functions and matrices of individual cameras to determine 

when differences become significant over time, and hence should result in sensor 

recalibration. Our approach forms the initial step in a long line of correction 

procedures required to accurately measure temperature from thermal imagery. 

Several of the subsequent correction procedures require further research in order 

to reach an operational status. For example, the implications of FPA temperature 

changes due to wind speed and wind direction on UAV-based thermal imagery, 

both with and without the camera being sheltered during flight missions, needs to 

be examined. Adjacency effects should also be considered, as they can 

detrimentally affect the accuracy of the measurements and can propagate further 

into the application workflow. Finally, there is also a need to assess existing 

methods for developing a thermal orthomosaic, and potentially identify or 

develop new blending modes specifically designed for processing thermal data.  
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Chapter 6       
 
Concluding Remarks 

Chapter 6 presents a synthesis of the thesis outputs and highlights the 

various contributions to the field of remote sensing, as well as providing a 

summary of the overall conclusions. Future research recommendations and 

directions for each project are also presented, with a focus on uncertainty sources 

and recommended experiments for advising agricultural water use monitoring. 

6.1 Introduction 

Evaporative processes are a key component of the hydrological cycle and 

of paramount importance for developing efficient crop water use strategies (Allen 

et al., 2005; Li et al., 2005). Given its importance across a range of disciplines, 

evaporation has been the focus of many investigations that have been aimed at 

quantifying and characterizing this key process, leading to the development of a 

plethora of models having different data requirements and with mixed precision 

and resulting accuracy (Kalma et al., 2008; Z. L. Li et al., 2009; Wang et al., 2012; 

K. Zhang et al., 2016). Fisher et al. (2017) listed five requirements to attend to 

some of the outstanding gaps in our knowledge and address the needs of 

operational evaporation approaches. These included high accuracy, high spatial 

resolution, high temporal resolution, large spatial coverage, and long-term 

monitoring. The chapters presented in this thesis have dealt with the analysis of 

high spatiotemporal resolution satellite imagery (via the use of CubeSats) and the 

related implications for agricultural water use monitoring. Some of the 

outstanding challenges of evaporation estimation were briefly reviewed in 
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Chapter 1 and in more detail in the introduction of subsequent chapters. 

Consequently, the research objectives for the thesis were defined as: 

1. Uncover the potential of integrating CubeSat imagery into evaporation 

models; 

2. Reveal the use of daily CubeSat products for precision agriculture 

applications and crop water use management across a growing season; 

3. Quantify and intercompare the effects of different spatial and temporal 

resolution satellite imagery on the estimation of evaporation; 

Develop a calibration framework to correct for image vignette and brightness 

temperature bias for uncooled thermal instruments, including those that can be 

mounted on UAV platforms.    The following sub-sections serve as a review of the 

dissertation elements described in Chapters 2 to 5 and highlight the findings that 

were reached in each through a broad but interlinked discussion. Finally, after 

reviewing the main implications and results of each chapter, a discussion on 

future research directions is presented. 

6.2 CubeSats enable high spatiotemporal retrievals of crop-water 
use for precision agriculture 

One of the objectives of the thesis was to evaluate the suitability of 

integrating CubeSat imagery for enhancing crop water use estimates. The low 

radiometric quality of the early Planet CubeSat constellation and cross-sensor 

inconsistencies had prevented the direct application of Planet imagery for use in 

scientific applications. The CESTEM framework (Houborg et al., 2018a) was 

subsequently developed to atmospherically correct and normalize the CubeSat 

dataset to high-quality Landsat 8 imagery (Chapter 2, Chapter 3, and Chapter 4), 
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allowing it to be used as input into the Priestley-Taylor Jet Propulsion Laboratory 

(PT-JPL) model. The resulting product represented the highest spatial resolution 

evapotranspiration maps ever produced from space-based data. From a remote 

sensing perspective, Chapter 2 identified information on field variability at farm 

scales that would otherwise remain undetectable if more traditional satellite 

platforms were to be used (e.g., Landsat 8, MODIS).  

The results presented in Chapter 2 also highlighted the need for accurate 

water accounting, especially in arid environments, as the total applied water 

during a given day could exceed the physical crop requirements by as much as 

60%, resulting in a waste of resources in an already stressed system relying on 

fossil groundwater for irrigation (Figure 2-9). Although the Planet CubeSat 

constellation did not allow for daily image capture at the time that the research 

was performed, it did provide an average frequency of approximately 5 days (with 

occasional near-daily captures). This retrieval frequency, together with the high 

spatial resolution, made it possible to track the development of a selected field 

that was planted in two stages (Figure 2-7): that is, half of the field was sowed on 

one date followed by the other half at a later date. This difference in planting dates 

made the field development uneven, again resulting in resource loss since the field 

underwent uniform fertigation treatment (i.e., fertilizer was applied together with 

irrigation). Additionally, it was clear that crop water use and field development 

were highly correlated (Figure 2-8) and that field consumption peaked together 

with the peak in phenology. From a technical perspective, Chapter 2 presented 

the application of PT-JPL at previously unexplored spatiotemporal scales and 
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demonstrated that it can be used at such high resolutions (i.e., 3 m and 5 days) 

with satisfactory performance (r2 value of 0.86 and rRMSE of 32.9%).   

The use of CubeSat imagery also made it possible to perform an accurate 

footprint analysis to validate the study findings. Footprint analysis involves 

estimating the contribution of the evaporation sources that integrate to a value 

that better approximates the behavior of the eddy covariance measurements and 

is designed to provide a more accurate approach to flux validation, since it 

integrates the surface variability information of the remotely sensed evaporation.  

The model also required some relatively minor modifications to better represent 

the arid environment that surrounds the fields. While these modifications proved 

to be effective, it should be noted that this approach was of a similar nature to site-

specific calibration. The modifications enhanced the sensitivity of the soil 

moisture biophysical function to relative humidity, and limited the adverse impact 

of high air temperatures that are common to arid regions such as the northern 

provinces of Saudi Arabia. The eddy covariance tower also played a role in model 

validation and evaporation modelling since its placement was at the edge of the 

field. The effects of placing the tower in a non-ideal setting are possible violations 

of the eddy covariance assumptions (i.e., surface heterogeneity) (Foken, 2006; 

Twine et al., 2000) and the introduction of advective effects that could affect tower 

measurements. The advective effects could have increased evaporation at the 

edge of the field due to the contrasting surfaces between the dry desert and well-

irrigated crop surface, something that is not representative of the whole field 

(Lang et al., 1974; Tolk et al., 2006a). Additionally, the advective effects could also 

affect the meteorological measurements taken at the edge of the field and were 
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assumed to contribute to the observed negative bias present during model 

validation (Aragon et al., 2018). As a final element, the study presented in Chapter 

2 had a limitation related to the utilized meteorological products. It was assumed 

that the air temperature, relative humidity and net radiation observed at the field 

equipped with the eddy covariance tower was representative of the whole farm, 

but this is quite obviously not the case. However, without any possibility of 

spatially distributed meteorological data (unless relying on high-resolution 

numerical weather prediction information, which presents its own issues), this 

constraint is general to all remote sensing based approaches, and highlights the 

importance of understanding and quantifying model sensitivity to input 

parameters (Ershadi et al., 2013a). 

6.3 CubeSats deliver new insights into agricultural water use at 
daily and 3 m resolution 

Having established the utility and feasibility of incorporating CubeSat 

imagery for crop water use estimation, Chapter 3 further examines the benefits 

of CubeSats as an enhanced source of forcing data. Currently, the Planet CubeSat 

constellation has over 170 satellites in orbit, allowing for near-daily retrievals. 

Moreover, CESTEM was expanded to incorporate a gap-filling module that 

removed clouds and filled any missing data on the CubeSat time series (so called 

Analysis Ready Product). The maturity of the CubeSat constellation together with 

the improvements to CESTEM enabled research on using both high spatial and 

high temporal imagery for evaporation retrievals. Similar to Chapter 2, PT-JPL 

was used for estimating evaporation. However, a new study area was considered 

that included three sites located in Nebraska, USA at an experimental farm 

managed by the University of Nebraska-Lincoln (NE). The difference in 
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environmental conditions, with less extremes and regular precipitation, was well 

suited for the original parametrization of PT-JPL, which had previously been 

evaluated as one of the leading general purpose evaporation models (Ershadi et 

al., 2014; McCabe et al., 2016; Miralles et al., 2016). In Chapter 3, the focus was to 

track crop water use for an entire growing season every day, in line with the 

second objective of the thesis. Three fields were chosen for the analysis, each of 

which had eddy covariance towers and weather stations installed within the fields 

for model evaluation and forcing, respectively. The results of Chapter 3 revealed 

spatial differences on the analyzed fields, which was expected as one out of the 

three fields was not irrigated (i.e., it was only rainfed). The rainfed field (US-Ne3) 

showed greater spatial variability, which was depicted in Figure 3-2. In particular, 

the daily imagery coupled with the local forcing revealed a high temporal 

variability on crop water use (Figure 3-3). That is, the crop water use could vary 

significantly even on a day-to-day basis. This variability was mostly controlled by 

the energy available for evaporation, since the field phenology, represented by the 

NDVI time-series, remained stable during the season without any abrupt changes. 

It is important to note that high-frequency changes in evaporation would not be 

captured if coarser temporal resolution platforms were used, which could 

adversely affect irrigation scheduling decisions leading to water waste and 

potentially yield drops (Allen et al., 2005).  

Chapter 3 went beyond daily evaporation dynamics by comparing 

cumulative crop water use to received precipitation for the three fields. Figure 3-4 

shows the cumulative crop water use for the season, finding that even though the 

fields were mostly spatially homogenous at a daily time step, when looking at end-
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of-season crop water use, field variability appears. Given that the fields are 

managed following high quality practices at the University of Nebraska, field 

variability may be a result of differences in the underlying soil structure. The 

cumulative plots of Figure 3-4 also showed that the rainfed field could have been 

subjected to water stress, as cumulative evaporation exceeded precipitation and 

its biomass growth was lower than the other fields. Finally, Figure 3-4 also showed 

that even though the three fields were relatively close to each other, there were 

differences in rain events, highlighting the need for higher resolution 

meteorological products.  

Overall, these findings are important as they demonstrate the utility of a 

high spatiotemporal resolution product for water use estimation. Model 

evaluation (Figure 3-5) showed a high correlation to measured data with 

relatively low average negative bias (r2 > 0.86 and relative bias of <6% when 

compared to the mean evaporation). The main reason for model underestimation 

could be attributed to the relative humidity: but in contrast to Chapter 2, the 

problem was not due to advection, but rather to a violation on atmosphere and 

surface equilibrium of the model in the early morning/late afternoon.   

6.4 Exploring the impacts of spatial and temporal resolution 
using multi-satellite estimates of evaporation 

With the higher spatiotemporal resolutions available from newer satellite 

platforms come the need to understand the effect of these improvements on 

evaporation estimates. Chapter 4 analyzed evaporation differences between 

Landsat 8, Sentinel 2, and CubeSat retrievals in an applied setting. All three 

platforms had different spatial and temporal resolutions, ranging from 30 m bi-
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monthly down to 3 m every three days. As was the case for the previous chapters, 

PT-JPL was used as the evaporation model. The reason for choosing the same 

model was because it does not contain explicit computations for the aerodynamic 

resistance terms of other models, which have been shown to be sensitive to scale, 

dramatically affecting their estimated values and consequently, affecting the 

evaporation retrieval (Ershadi et al., 2014; McCabe et al., 2006). Moreover, in a 

previous study exploring scaling effects, Wang et al. (2016) showed that models 

that do not solve explicitly for these terms tend to be more consistent across 

different scales. As a first step, Chapter 4 evaluated the evaporation estimates 

from all of the surveyed platforms, finding a high degree of correlation to 

measured values. However, similarly to the evaporation retrievals presented in 

Chapter 2, the actual evaporation fluxes were underestimated by the model, 

which could be attributed tower placement and an underestimation of the actual 

soil moisture content of the field. The increased number of evaporation retrievals 

by the CubeSat platform decreased overall bias and made it clear that there was 

not a high degree of spread in the estimates (Figure 4-5). As a tangential result of 

the study, Chapter 4 also showed that errors in soil heat flux estimates, a quantity 

that affects the available energy for evaporation in the PT-JPL model, could result 

in better evaporation estimates: even if the parametrization is badly correlated 

with validation data (Figure 4-4).  

Chapter 4 also analyzed different temporal interpolation methods during 

a period of peak vegetation development, finding that there were no statistical 

difference between interpolation methods for the study site when applied to the 

same satellite - even though the interpolated results show different daily 
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evaporation dynamics (Figure 4-6). It is important to note that even though there 

is no statistical difference on the mean evaporation in the period, the satellite 

platforms did exhibit different patterns, with the CubeSat estimates having more 

daily variation, in line with what was observed in Chapter 3. Also, there was a 

significant difference between Landsat 8 and Sentinel 2, which illustrate the 

impact that different capture dates can have on the behavior and trend of the 

estimated evaporation. At the end of the analyzed period, the cumulative crop 

water use was not much different for any platform regardless of the interpolation 

method. While this was different to the conclusion reached by McCabe et al. 

(2006), in which the bi-monthly retrieval of Landsat was deemed insufficient, it 

should be noted that the analysis of Chapter 4 was limited in scope to a single 

field in a cloud free region.  

In addition to the temporal effects, Chapter 4 studied the amount of 

captured variability that can be expected by each sensor on a coincident overpass 

date, finding that the CubeSat retrievals have a considerable advantage for 

analyzing smaller fields (< 0.7 ha) and that the other platforms were not able to 

properly reproduce spatial variabilities at this scale. However, the coarser 

resolution sensors can still provide information for water accounting purposes, 

which would be useful for water rights tracking. Finally, Chapter 4 revisited the 

upscaling effects for evaporation comparison with coarser resolution retrievals by 

upscaling the evaporation fluxes from Sentinel 2 and CubeSat retrievals to the 

Landsat resolution. Here, it was found that even small differences in the spatial 

inputs to the model can result in large differences when aggregating the derived 

fluxes. This outcome highlights the need to develop a scaling function for 
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comparison with previously derived evaporation studies at coarser resolutions 

and also for future integration into land surface models that generally operate at 

coarser resolutions (Wu et al., 2009). 

6.5 A Calibration Procedure for Field and UAV-Based Uncooled 
Thermal Infrared Instruments 

While the previous chapters addressed evaporation dynamics using 

satellite platforms, Chapter 5 explores a calibration procedure for thermal 

infrared sensors. Thermal imagery can be integrated into crop water use models 

to increase the accuracy of the flux retrieval (Fisher et al., 2020; Kalma et al., 2008; 

Kustas et al., 2009; Maes et al., 2012) and to explicitly capture spatial variability, 

as surface temperature is often well correlated with soil moisture (Amazirh et al., 

2018). Advances in electronics manufacturing processes have enabled the 

creation of lightweight thermal cameras that can be mounted on unmanned aerial 

vehicles (UAVs) (Rogalski, 2012) offering unprecedented spatial resolutions (i.e., 

centimeter to decimeter pixel sizes). However, these lightweight instruments 

differ from their satellite counterparts in that they are uncooled, which introduces 

non-homogeneity problems (also referred to as a vignette effect), have lower 

accuracies, and their measurements are affected by the ambient temperature 

(Aragon et al., 2020; Mesas-Carrascosa et al., 2018; Rogalski et al., 2016; Wolf et 

al., 2016; Zhao et al., 2018).  

Chapter 5 focused on developing a cost effective approach for thermal 

infrared instrument calibration that took into account ambient temperature 

effects.  To reach the target goal, a three-step process was developed to arrive at a 

temperature dependent calibration function (Figure 5-2). The first step was to 
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generate a reliable temperature reference, starting with calibrating a set of 

resistance temperature detectors (RTDs) in an ice-bath, which were later attached 

to the backside of a blackbody. Each calibrated instrument (in this case, an 

infrared radiometer and two thermal cameras; see Figure 5-1) was placed in an 

environmental chamber at four different temperatures (4, 22, 33, and 37 ℃) and 

pointed towards the blackbody. Following the recommendations of previous 

studies, the instruments were allowed to stabilize by waiting 80 minutes before 

capturing the blackbody temperature (Berni et al., 2009; Kelly et al., 2019). Next, 

a multilinear least squares regression was performed to arrive at a final 

calibration equation, taking into account data sampled from each experiment and 

the ambient temperature. Finally, this calibration equation was applied to the 

original instrument’s readings to arrive at calibrated measurements. The results 

indicated that all instruments had a certain degree of bias that depended on the 

ambient temperature. For the thermal infrared radiometer (Apogee SI-111), this 

bias was positive when the ambient temperature was 4 ℃, meaning that the 

sensor overestimated the actual blackbody temperature, but shifted towards 

negative values as the ambient temperature increased (Figure 5-4a). After the 

calibration process, this bias was reduced by almost 0.4 ℃ on average from 0.458 

℃ to -0.053 ℃ (Figure 5-4b). Interestingly, for the FLIR A655-SC thermal camera, 

the results showed that it did not have a large vignette effect at any of the ambient 

temperatures. However, it did have an ambient dependent temperature bias 

(Figure 5-5a), which was mostly removed after calibration, going from -5.9 ℃ 

down to 0.12 ℃ on average (Figure 5-5b). For the TeAx 640, a compact thermal 

camera designed for UAVs, the calibration process removed most of the vignette 

effect present on the camera (Figure 5-8) as well as decreasing measurement bias 
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to -0.015 ℃ on average (Figure 5-7). For all instruments, the root mean squared 

error (RMSE) was within the 1 ℃ limit recommended for applications that require 

high thermal accuracy measurements (Mesas-Carrascosa et al., 2018).  

The findings of Chapter 5 are important for post-processing thermal 

measurements acquired during data collection surveys, and offer a workflow for 

conducting such surveys (Figure 5-12). Additionally, it brings to attention 

potential differences between experimental and field measurements settings, 

such as the need to consider emissivity corrections and measurement bias 

introduced by having highly contrasting surfaces i.e., cold and hot surfaces in a 

single image (Figure 5-11). These contrasting surfaces can introduce adjacency 

effects by biasing the captured temperatures of each other. Some limitations of the 

study include the inability to perform calibration experiments at more ambient 

temperatures as well as introducing forced cooling (perturbations) due to wind 

speed into the thermal instruments, in addition to not exploring negative 

temperature targets (i.e. for application in quite different regions than those 

studied herein). 

In the context of evaporation, the results from Chapter 5 serve the purpose 

of increasing the absolute accuracy of thermal measurements, a critical variable 

for estimating aerodynamic resistance components and the sensible heat flux of 

various evaporation models (Kalma et al., 2008) where small errors of 1 to 3 °C on 

land surface temperature values can lead to big changes on the estimated 

evaporation (Kustas et al., 1996). 

6.6 Recommendations for Further Research 
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The studies presented in this dissertation, contribute to advancing the 

understanding of evapotranspiration across different spatial and temporal scales, 

with particular focus on their application in agricultural water management as 

well as preparing the incorporation of accurate surface temperature information 

into evaporation models for future research. The opportunity provided by 

CubeSat imagery offers an unprecedented information resource that can help to 

resolve several outstanding research and application questions. Of course, 

evaporation is related to other broader topics such as food and water security, 

plant modeling, and climate studies, and the findings from this research have 

implications that are beyond those focus areas identified earlier. However, there 

are still several areas of improvement that were identified and that can serve as 

future avenues of research. The following recommendations serve as a list of some 

of these potential topics that can further advance the findings presented in this 

dissertation.  

6.6.1 Evapotranspiration Modeling in Arid Environments 

While Chapter 2 demonstrated that the incorporation of high spatial 

resolution satellite imagery into modeling approaches provided adequate 

estimates of crop water use, the results also highlighted areas of needed 

improvement. For instance, further analysis is required to increase the accuracy 

of water use estimates in arid land agriculture, where extreme temperatures and 

advective effects are the norm. A possible model modification would be the 

introduction of a better plant temperature parametrization that takes into account 

crop type, and plant stress dynamics, since different plants can exhibit distinct 

coping mechanisms to heat stress. Plants have evolved two general water 
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management mechanisms. In the first, plants maintain a constant midday water 

potential, whether water is abundant or not, by regulating their stomatal opening; 

these plants are called isohydric. On the other hand, the second mechanism 

maintains open stomata and higher levels of photosynthetic activity even when 

water becomes scarce; these plants are called anisohydric (Sade et al., 2012). 

Identification of the specific plant mechanism would also call for additional model 

input: in this case, land cover and classification information at high spatial 

resolutions. However, this could have the potential of increasing model 

performance by providing a stronger link to actual plant physics – something that 

is often missing in many hydrological attempts at conceptualizing the evaporative 

process.  

In the same vein, information about plant clumping could be incorporated 

into PT-JPL in a similar manner to ALEXI-DisALEXI (Anderson et al., 2012b). 

Incorporating vegetation clumping (and other structural parameters such as 

canopy height) could increase the accuracy of the component energy fluxes (i.e., 

canopy and soil evaporation) of the model, since canopy structure dictates 

radiation partitioning (Braghiere et al., 2020). Another modification that could be 

introduced into a model already exploiting land cover and structural parameters 

is the addition of a variable Priestley-Taylor coefficient, since the typical value 

used in PT models of 1.26 is an empirically derived average (Priestley et al., 1972) 

and may not be a representative value  for all biomes or locations.  

On a more technical aspect, eddy covariance tower location must be 

evaluated prior to its use for model evaluation to quantify the degree of advection 

influence on measurements and the amount of observations that are 
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representative of the field. A possible alternative would be the placement of an 

additional tower and/or placing additional sensors within the field to avoid 

measurement degradation and introduction of biases. Furthermore, there is an 

increasing need to evaluate how well evaporation models partition the energy 

fluxes. Eddy covariance flux partitioning is still on an early stage (Anderson et al., 

2017). However, model discrepancy on the evaporation components has already 

been identified even though they tend to agree on the total evaporation amount 

(Talsma et al., 2018). A possible solution to this would be to design large-scale 

studied with flux partitioning in mind using a combination of validation sensors 

such as eddy covariance towers, lysimeters and sap flow meters, the latter being 

a sensor that measures plant trasnpiration. A final recommendation would be the 

parametrization of advective effects as a function of distance from the edge of the 

field, size of the field, and wind and vapor pressure deficit. However, the 

development of such a function could pose a significant challenge. 

6.6.2 Estimation of Evapotranspiration at High Spatiotemporal Resolutions 

Chapter 3 introduced a high spatiotemporal satellite product for 

evaporation modeling and highlighted its effectiveness for precision agriculture. 

However, the model’s spatial variability was based on visible to near infrared 

imagery (VNIR). While VNIR is highly correlated with vegetation status and can be 

used to derive several vegetation indices in a cost-effective manner (Candiago et 

al., 2015), they are not able to provide direct information about heat stress (Jones 

and Schofield, 2008). A possible improvement to the PT-JPL model would then be 

the inclusion of land surface temperature (LST), obtained through sensing in the 

thermal infrared. Incorporating LST into PT-JPL has been considered previously 
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and found to increase model accuracy, especially in arid and semi-arid 

environments (Garcia et al., 2013) and indeed, it forms part of the current 

ECOSTRESS mission (Fisher et al., 2020). However, LST spatial resolution and 

retrieval frequency is not yet commensurate with VNIR data and can change 

dramatically during the day. Furthermore, LST cannot be retrieved from thermal 

infrared sensors during overcast conditions, which exacerbates the problem of a 

low overpass frequency. A possible solution is to explore other data sources, with 

synthetic aperture radar (SAR) being a prime candidate to incorporate LST or a 

soil moisture proxy (Amazirh et al., 2018; Gao et al., 2017; Lievens et al., 2017; 

Purdy et al., 2018).  

The availability of high spatiotemporal products can also broaden the 

research applications into crop and climate modeling schemes. For instance, 

remotely sensed evaporation could be used for model calibration in a data 

assimilation framework (Huang et al., 2019; Olioso et al., 2005). Finally, expanding 

the research to evaluate the societal impact of evaporation practices could be 

explored at unprecedented levels. As previously discussed, water is a finite 

resource that is shared across multiple sectors. Indeed, understanding the water-

food-energy nexus is imperative to guarantee the successful management, 

operation and sustainable supply of a nations resources (Gebbers et al., 2010; 

Lipper et al., 2014; Sanders et al., 2016). 

6.6.3 Effects of Scale on Evaporation estimation 

Chapter 4 introduced the notion of scaling effects for evaporation 

retrievals providing a novel comparison between some of the highest 

spatiotemporal resolution satellite platforms available(i.e., Landsat 8, Sentinel 2, 
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and Planet CubeSats). While the study produced interesting results, it was limited 

to a single evaporation modeling approach. Even though PT-JPL can be considered 

as “scale insensitive” (because there is no explicit computation of aerodynamic 

resistance terms), like all models, it is limited by the spatial variability of its 

meteorological inputs. A potential improvement to the analysis would be to use 

higher resolution meteorological products as they become available, preferably 

those capable of showing sub-field scale variations. Furthermore, the study was 

focused on a single pivot with (arguably) low heterogeneity. A needed extension 

would be to consider fields with varying land cover, irrigation scheduling or other 

management policies to better understand pixel mixing and upscaling effects into 

the PT-JPL modeling approach. Future research avenues should focus on the 

development of a scaling function that aggregates to the coarse pixel observation, 

since the tested upscaling approaches were not able to properly reproduce the 

native coarse resolution retrieval. Such a scaling function should be derived from 

physical principles that model evaporation aggregation from different sources, 

rather than a purely mathematical construct. Additionally, as mentioned in the 

preceding section, the incorporation of LST into the model would increase model 

accuracy: but it would also introduce another scale sensitive input. As was seen in 

Chapter 4, even small differences in the inputs can compound to large differences 

on evaporation estimates. A further research avenue would be to quantify the 

temporal reconstruction of the different interpolation methods mentioned in 

Chapter 4 by using the daily CubeSat retrievals as a baseline and artificially 

increasing the gaps on the data until there is significant statistic difference 

between the interpolated and daily data. In general, focused research effort is 

required to explore model sensitivity to inputs retrieved at different spatial and 
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temporal scales, as well as to develop an ensemble of alternative evaporation 

modeling schemes to provide an estimate of prediction uncertainty. 

6.6.4 Thermal Calibration and Integration into Evaporation models 

The thermal calibration routine developed in Chapter 5 provides a novel 

and cost-effective way to post-process field collected data from thermal infrared 

radiometers. However, there are some additional aspects of the experimental 

setup that could further improve the accuracy and effectiveness of the calibration 

procedure. First, the experimental setup was developed with a narrow 

temperature range to better reflect average field conditions. Nevertheless, having 

access to a blackbody capable of reaching negative temperatures and more than 

one temperature target could have increased the data available for calibration as 

well as to evaluate how fast the sensors can react to target temperature changes. 

Moreover, the experimental setup of Chapter 5 was constrained by the 

availability of the environmental chamber, limiting the choice of ambient 

temperatures for the experiment. Controlling ambient temperature at finer steps 

during the experiments could help to ameliorate calibration bias. Additional 

experiments should also be conducted that include a controlled relative humidity 

(RH) in the chamber. RH can interfere with radiometer measurements if the 

distance to the target is large (Rogalski et al., 2016). However, this effect can be 

negligible for low altitude surveys. Wind speed effects could also be modeled as 

they can affect the stability of the thermal sensor inside the instruments, 

especially if the sensor is mounted on a UAV, given that it is affected by both the 

draft created while flying and the wind speed at the height of the aircraft. It should 

be noted that the surface can also be influenced by wind speed and a wind profile 
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correction could therefore be introduced that takes into account surface 

roughness. A possible experiment would be to evaluate or derive the calibration 

during a field experiment focusing on thermal flights at varying illumination 

conditions, flight heights, and aircraft speeds while logging the air temperature 

and humidity levels at the surface and at UAV height. Given the possibility that 

some of these effects introduced by actual field conditions could be of a non-linear 

nature, other regression approaches could be explored, such as random forest 

regression (Breiman, 2001), support vector machine regression (Wang et al., 

2019) or non-linear least squares (More et al., 1980) approaches.  

Another future research avenue is to extend the research into thermal 

orthomosaic analysis by performing an error propagation analysis as a function of 

measurement bias, vignette effect and the time difference between captured 

images. Depending on the capture time, surface temperature can change 

dramatically during image collection (Malbéteau et al., 2018; Nearing et al., 2012) 

and could introduce additional uncertainty into the orthomosaic. Finally, these 

calibrated images could then be integrated into an evaporation model to create 

water stress indices for precision agriculture applications as well as establishing 

uncertainty bounds on the retrieved evaporation as a function of LST error. 
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