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ABSTRACT 

Increasing populations, shifting demographics and changes in diet are driving 

increases in crop production. However, any increases in food demand are 

ultimately limited by water availability, which is under pressure globally, but 

especially so in arid and semi-arid regions. To address this challenge, spatially 

distributed information on crop water use, vegetation health, soil moisture status 

and a range of other water, energy and carbon variables are all required. However, 

critical to the determination of many of these processes is an accurate 

characterization of the land surface temperature (LST). The only feasible manner 

by which to estimate this variable across a range of spatial and temporal scales is 

using thermal infrared (TIR) satellite data. Here we investigate the estimation of 

LST, focusing on its accurate retrieval across a range of different spatial scales. 

First, we examine the influence of atmospheric correction on retrieval accuracy by 

employing a radiative transfer model and Landsat data using a variety of available 

atmospheric profile data, with the aim of identifying an optimal product 

combination for retrieval. Using these results, we then investigate the potential to 

downscale coarse resolution (O~103 m) MODIS satellite data to scales appropriate 

for agricultural application (less than O~102 m), using a machine-learning 

approach. To further advance the downscaling technique, we explore the utility of 

novel Cubesat data to produce within-field scale (O~101 m) distributions of land 

surface temperature. Finally, to expand upon the multi-resolution/multi-satellite 

LST strategy explored here, we examine the capacity of ultra-high resolution 

(O~10-1 m) thermal imagery from an unmanned aerial vehicle to characterize 

surface temperature response and behavior, focusing on the retrieval accuracy 

and diurnal variability of these spatially and temporally varying land surface 
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temperature estimates. The ultimate goal of this research is to advance the utility 

of LST for agricultural application by providing description and insights into 

product development, accuracy issues, and identifying some limitations and 

opportunities of both current and future remote observation platforms. 
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Chapter 1     
 
Introduction  

1.1 Research Motivation 

Maintaining population increases at current growth rates will have an 

impact on food demand and associated water resources for years to come. Indeed, 

it is predicted that the amount of food needed by 2050 will be twice that needed 

today (Tilman et al., 2011). With agriculture currently consuming around 70% of 

the world's water resources (Gilbert, 2012) and 45% of the world's food supply 

coming from irrigated lands (Doell & Siebert, 2002), an increase in food demand 

will make the allocation of the current water resources an even more serious 

challenge than it is today. Moreover, climate change predictions indicate an 

increase in drought frequency and intensity (Trenberth et al., 2013) that will 

undoubtedly exert an influence in arid and semi-arid areas (Kaniewski et al., 2012; 

Seager et al., 2007). The ability to increase the efficiency in crop growth and the 

effective management of these systems, especially in terms of water resources, 

will be critical to achieving food security for global populations. The following 

introduction to this thesis will provide a general overview on the importance of 

studying land surface temperature (LST) and the role of this physical variable in 

agricultural and hydrological systems. The subsequent Chapters of this Thesis will 

progress on the current challenges associated with LST retrieval and 

characterization, including atmospheric correction, thermal sharpening, and 

multitemporal and multiscale analysis and assessment. 
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1.2 Importance of Land Surface Temperature 

Satellite remote sensing offers the capacity to retrieve information on a 

range of land surface variables that have proven useful for mapping diverse 

processes and responses, including land surface energy fluxes (Heusinkveld et al., 

2004; Kustas et al., 2003; Norman et al., 2003), evapotranspiration (ET) (Corbari 

et al., 2015; Ershadi et al., 2013; Glenn et al., 2007; Kite & Droogers, 2000), and 

climate change (Mahowald et al., 2006; Wang et al., 2012), amongst many others. 

Key amongst these is the land surface temperature (LST), representing the skin 

temperature of the Earth's surface.  

LST represents one of the key climate variables retrievable from space-

based remote sensing platforms, offering insight into a range of environmental 

processes and linking multiple disciplines across the natural and physical 

sciences. Apart from being a fundamental variable in quantifying elements of the 

surface energy budget (Gallego-Elvira et al., 2016), LST has been used to study 

ocean-atmosphere interactions (Haffke & Magnusdottir, 2015; Poveda et al., 2005; 

Qu et al., 2004), to track global warming and climate change impacts (Albright et 

al., 2011; Guo et al., 2012; Zhang et al., 2004), as well as being widely used in 

studies of vegetation monitoring, drought persistence (Wan et al., 2004) and 

urban climate assessments (Arnfield, 2003; Weng, 2009). LST also plays a critical 

role in linking the water and energy cycles through its relationship with surface 

heat fluxes (Anderson et al., 2008; Kalma et al., 2008). Thermal infrared (TIR) 

observations represent a fundamental element in efforts to map the spatial 

distribution of evaporation (Anderson et al., 2012; Kalma et al., 2008; Kustas & 

Anderson, 2009) as well as in efforts to constrain land surface model simulations 

(Szilagyi, 2014; Wang & Dickinson, 2012; Zoogman et al., 2011).  
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Given the role that LST plays across broad aspects of earth and 

environmental sciences, determining its spatial and temporal variability is of 

considerable interest (Li et al., 2013). However, accurately determining its 

absolute value, in addition to describing its spatial and temporal variability, is 

challenging given that LST varies considerably throughout the diurnal cycle as a 

function of the surface radiative balance, as well as expressing a broad range of 

spatial and temporal variations due to changing land surface and atmospheric 

conditions (Bastos et al., 2014).  

Thermal infrared observations from space offer the only plausible option 

for mapping LST over large areas, since in-situ measurements are unable to 

provide the density of coverage for adequate spatiotemporal information. A range 

of space-based thermal infrared platforms are available to retrieve the LST, 

including sensors onboard polar orbiting satellites such as the Moderate 

Resolution Imaging Spectroradiometer (MODIS) (Jacob et al., 2004), the Visible 

Infrared Imaging Radiometer Suite (VIIRS) (Guillevic et al., 2014), Gaofen 4 (Wang 

et al., 2016), the Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) (Gillespie et al., 1998), Sentinel-3 (Donlon et al., 2012), 

Landsat (Wang et al., 2015), as well as several geostationary platforms including 

Meteosat (Schmetz et al., 2002). The Landsat series of satellites offers one of the 

most complete and informative long-term records of surface temperature, 

providing a unique high spatial resolution (i.e. 60 – 120 m) thermal sequence that 

began with the launch of Landsat 4 in 1982 (Houborg et al., 2015). Although most 

of this extensive record only provides radiance data from a single infrared 

channel, the most recent addition to the Landsat fleet provides two longwave 
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bands: Band 10 (10.60 - 11.19 m) and Band 11 (11.50 - 12.51 m),  at a 100 m 

ground resolution and a 16 days temporal resolution (Neeck & Volz, 2013).  

Obtaining accurate thermal infrared observations from space remains a 

challenging task, with both spatial and radiometric considerations impacting the 

fidelity of results. Generally, satellite based thermal infrared sensors are usually 

coarser in spatial resolution than their shortwave counterparts. For instance, the 

Moderate Resolution Imaging Spectroradiometer (MODIS) (Jacob et al., 2004) is 

able to measure TIR radiation at 1 km spatial resolution, while sensing shortwave 

data at a finer 250 m resolution. Likewise, the Landsat series of satellites, the most 

complete long-term record of space-based surface observations (Roy et al., 2014), 

suffers a similar constraint, with the most recent Landsat platform acquiring TIR 

data at 100 m spatial resolution while the visible and near-infrared (VNIR) bands 

resolution ranges from 10 m to 30 m. In terms of radiometric accuracy, thermal 

infrared radiation interacts strongly with the atmosphere, particularly with water 

vapor, resulting in either a reduced or saturated signal that is dependent on the 

prevailing atmospheric conditions at the time.  

In order to enhance the utility of TIR data, sharpening techniques that 

improve the spatial resolution of the coarser thermal imagery are required (Gao 

et al., 2017; Mukherjee et al., 2014). Further, any spatial enhancement approaches 

need to be implemented alongside improved atmospheric correction approaches 

(Vidal, 1991), which require comprehensive information on the composition of 

the atmosphere at the time of acquisition. Undertaking an evaluation of the impact 

of removing atmospheric effects and the role of sharpening techniques on 

enhancing predictions against independent sources, is a critical need in assessing 

the utility of these methodologies. Chapters 2 and 3 of this thesis will explore the 
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discussion on the atmospheric correction of thermal satellite imagery, as well as 

on the sharpening of coarse-resolution LST, respectively. 

In recent years, very high spatial resolution (≤101 m) imagery from 

satellites has become a possibility through the use of constellations of 

nanosatellites (McCabe et al., 2017b). These satellite platforms, also known as 

CubeSats (Puig-Suari et al., 2001), attempt to address the spatiotemporal 

challenges from current single- and multi-satellite missions. CubeSat is the term 

generally used for compact satellites, commonly part of a constellation of several 

other members of the same spatial dimensions. Typically, a single-unit (1 U) 

CubeSat measures 10 x 10 x 11.35 cm3 and weights 1.33 kg, and forms the base 

level building block for larger compact satellites, increasing as integer multiples 

of 1 U (e.g. 3, 6, or 12 U) (McCabe et al., 2017b). These compact platforms are a 

cost-effective alternative to the expensive agency missions (e.g. Landsat from 

NASA and Sentinel from ESA) thanks to sensor miniaturization and the ability of 

CubeSats to be launched as a secondary payload in other missions (Woellert et al., 

2011). The combination of these new satellite platforms with current coarse 

resolution TIR imagery can allow for a new range of very high spatial resolution 

LST imagery through the use of sharpening techniques. Chapter 4 will explore the 

case of using high-resolution red, green, blue, and near-infrared imagery from 

Planet’s (http://www.planet.com) constellation of nano-satellites in the 

sharpening of Landsat LST. 

New and emerging technologies in remote sensing, such as the CubeSats 

previously described, confront some of the spatial and temporal limitations that 

current satellite missions endure. The challenges associated with the 

spatiotemporal resolution of satellite platforms have, in recent years, been 

http://www.planet.com)/
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addressed with the advent of unmanned aerial vehicles (UAVs) (Gago et al., 2015; 

Saari et al., 2011; Zarco-Tejada et al., 2012). These platforms have allowed for 

affordable ultra-high resolution thermal imagery at the centimeter scale (O~10-1 

m). UAVs have proven useful for the monitoring of agricultural resources (Gago et 

al., 2015; Lelong et al., 2008; Primicerio et al., 2012), drought and flood mapping 

(Bendig et al., 2012; Feng et al., 2015), fire detection (Ambrosia, 2005), wildlife 

monitoring (Gonzalez et al., 2016), volcanic geothermal monitoring (Chio & Lin, 

2017), and snow depth retrieval (Vander Jagt et al., 2015), amongst many other 

applications. The relatively low operational costs, combined with a near real-time 

acquisition, make these tools ideal for mapping and monitoring applications. 

Given the importance of LST in understanding of the interactions between the 

surface and the atmosphere (Karnieli et al., 2010; Kustas & Anderson, 2009), the 

characterization of this variable at ultra-high spatiotemporal resolutions is 

therefore of much interest. The demonstrated capabilities of UAVs in hydrological 

processes monitoring (Feng et al., 2015; Vander Jagt et al., 2015), and particularly 

in agricultural applications (Hoffmann et al., 2016; Zhang & Kovacs, 2012), allow 

for UAV-based LST analyses with the objective of advancing the characterization 

of the diurnal LST cycle at the ultra-high spatial resolution. Chapter 5 will continue 

the discussion on the application of UAV imagery and explore some of the current 

challenges associated with the acquisition and use of these data. 
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1.3 Research Objectives 

The following Chapters seek to integrate remotely sensed LST at different 

temporal and spatial resolutions, proceeding from atmospheric correction to the 

sharpening of thermal satellite imagery for potential applications in precision 

agriculture. In addition to studying satellite imagery at different resolutions, ultra-

high resolution thermal images from UAVs will be analyzed alongside in-situ 

measurements in an irrigated farm in Saudi Arabia. Specifically, this dissertation 

aims to provide an optimized approach to calculate LST using from the latest 

Landsat mission (Landsat 8) over an arid zone farmland by exploring atmospheric 

profile data derived from AIRS, MOD07, ECMWF, NCEP, and balloon-based 

radiosonde data (described in Chapters 2.2.4-2.2.6) as input to the radiative 

transfer model MODTRAN (Chapter 2.2.7). This remote sensing study of LST will 

utilize in-situ measurements of LST acquired through installation and 

management of two meteorological stations. These meteorological stations record 

thermal infrared measurements alongside meteorological variables such as wind 

speed, air temperature, humidity, amongst others.  

Moreover, uncertainties related to the role that aerosols play in the 

prediction of LST are of interest. Atmospheric correction in the thermal infrared 

is often focused on adequately accounting for the influences of water vapor and 

other trace gases (Cristóbal et al., 2009; Jiménez-Muñoz et al., 2010), while usually 

ignoring the impact of aerosols and the role that dust plays in attenuating the 

satellite observed signal. In order to understand the influence of atmospheric 

parameters in the atmospheric correction of LST over arid farmlands, a sensitivity 

analysis on the five different atmospheric profiles mentioned earlier will be 

performed by applying randomly distributed errors into profile parameters such 
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as temperature and relative humidity, as well as to ozone, CO2, and aerosol optical 

depth. 

Furthermore, this dissertation will attempt to enhance the utility of coarse 

(1 km) and high (120 m) resolution LST in arid-lands agriculture by exploring the 

potential of sharpening MODIS and Landsat LST to spatially higher 250 m and 30 

m resolutions, respectively, using a regression tree approach. Thermal sharpening 

provides a relatively computationally inexpensive way of improving satellite 

thermal acquisitions. This objective will be pursued by evaluating the sharpening 

of MODIS LST against aggregated Landsat LST. The typical thermal-to-VNIR 

resolution ratio for sensors onboard the same satellite platform varies from 2 to 6 

(Gao et al., 2012; Roy et al., 2014). Therefore, to explore the challenges associated 

with real-life thermal-to-VNIR resolution ratios in thermal sharpening, Landsat 

LST sharpening will be evaluated by aggregating Landsat LST to different spatial 

resolutions (e.g. 240 m, 480 m, and 960 m), followed by thermal sharpening to the 

original (120 m) resolution. In the absence of very high resolution LST evaluation 

data, a visual analysis of Landsat LST sharpening to 30 m will also be undertaken. 

The work will also focus on the utility of sharpening techniques to downscale 

thermal satellite imagery from Landsat down from 100 m to 3 m spatial resolution 

by using VNIR imagery from a new constellation of nano-satellites (i.e. CubeSats) 

from Planet (http://www.planet.com). In this analysis, we explore whether 

thermal sharpening may provide a relatively computationally inexpensive way of 

advancing beyond more traditional satellite thermal acquisitions. 

 In addition to thermal sharpening, this dissertation will examine the 

capabilities of UAV-based thermal data to estimate the cycle of diurnal LST across 

a range of surface types at an unprecedented spatial resolution (approx. 0.06 - 

http://www.planet.com)/
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0.09 m): an effort that has not been possible from traditional satellite platforms at 

these scales. To this end, aerial and in-situ measurements were collected across a 

range of land surface types. In an attempt to evaluate the multi-scale 

spatiotemporal consistency between UAV and available high-temporal resolution 

satellite data, an intercomparison against geostationary satellite retrievals from 

MSG-SEVIRI was also undertaken. The work aims to present one of the first efforts 

to capture the ultra-high resolution spatially varying diurnal cycle of LST using 

UAV platforms, providing unique insight and an improved characterization of 

surface temperature dynamics over two distinct land cover types.  Using 

consistent LST data in an agricultural context, provides an enhanced capacity 

related to planning of water resources utilization (Agam et al., 2007).  

1.4 Organization of Thesis 

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

thermal infrared land surface temperature measurements in advancing irrigated 

agriculture, with a particular focus on arid environments. In the first instance, the 

atmospheric correction of Landsat 8 TIR imagery using a radiative transfer 

method and a single channel (Band 10) from Landsat will be explored for accuracy 

and consistency. In an effort to broaden the availability of satellite data at a 

resolution appropriate for field-based investigations, the thesis will then 

investigate the utility of a thermal sharpening technique by evaluating several 

cases involving the downscaling of MODIS imagery to Landsat resolution. Finally, 

emerging remote sensing technologies involving both CubeSats and unmanned 

aerial vehicles, will be examined in the context of retrieving high-resolution 
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thermal imagery to study both the spatial and diurnal LST over an agricultural 

area in Saudi Arabia. 

Specifically, Chapter 2 describes a methodology for the atmospheric 

correction of a single-channel TIR imagery from Landsat 8 and evaluates the 

influence of utilizing five different atmospheric profiles for the modeling of the 

atmosphere by comparing the results against in-situ LST measurements over bare 

soil and alfalfa. Additionally, this Chapter explores the sensitivity of the radiative 

transfer model to errors in the input profiles by introducing randomly distributed 

errors of different amplitudes to the atmospheric data. Finally, comparisons 

between available in-situ and Landsat 8 derived LST illustrate a range of seasonal 

and land surface dynamics and provide an assessment of retrieval accuracy 

throughout the 9-month long study period. 

Chapter 3 focuses on the use of a thermal sharpening technique that uses a 

regression-tree approach to sharpen thermal satellite imagery from MODIS and 

Landsat down from 1000 m to 250 m, and from 100 m to 30 m, respectively. 

Moreover, intermediate sharpening cases, including MODIS 500, 250, and 100 m 

are studied. When useful MODIS data is unavailable, the downscaling approach is 

evaluated by aggregating Landsat LST to the desired coarse resolution. The 

Chapter provides results over two heterogeneous irrigated agricultural sites in 

Saudi Arabia. 

Chapter 4 continues the work on the sharpening from Chapter 3 by 

downscaling Landsat imagery to 3 m resolution by using novel CubeSat platforms 

from the Planet constellation, based on red, green, blue, and near-infrared data, 

and evaluates the sharpening performance against UAV-based LST.  
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Finally in Chapter 5, the diurnal cycle of LST is retrieved across a range of 

surface types by measuring LST from a thermal camera onboard a quad-copter 

based UAV system, a geostationary satellite platform, and a number of in-situ 

monitoring stations. Chapter 5 evaluates the multi-scale spatiotemporal 

consistency between UAVs and available high-temporal resolution satellite data 

by intercomparing the UAV-based data against MSG-SEVIRI retrievals.  

Chapter 6 provides a summary of the findings of this work and identifies 

important areas for future research. 
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Chapter 2       
 
Land Surface Temperature Estimates Using MODTRAN 

This Chapter focuses on examining the impact of atmospheric correction on the 

estimation of LST, using atmospheric profiles derived from a range of in-situ, 

reanalysis and satellite data. Radiance data from the thermal infrared (TIR) sensor 

onboard Landsat 8 was converted to LST by using the MODTRAN version 5.2 

radiative transfer model, allowing the production of an LST time series based 

upon 28 Landsat overpasses. LST retrievals were then evaluated against in-situ 

thermal measurements collected over an arid zone farmland comprising both bare 

soil and vegetated surface types. Atmospheric profiles derived from AIRS, MOD07, 

ECMWF, NCEP, and balloon-based radiosonde data were used to drive the 

MODTRAN simulations. In addition to examining the direct impact of using 

various profile data on LST retrievals, randomly distributed errors were 

introduced into a range of forcing variables to better understand retrieval 

uncertainty.  Comparisons between available in-situ and Landsat 8 derived LST 

illustrate a range of seasonal and land surface dynamics and provide an 

assessment of retrieval accuracy throughout the 9-month long study period.  

This Chapter is an edited version of: Rosas, J., Houborg, R., and McCabe, M. F., 

Sensitivity of Landsat 8 surface temperature estimates to atmospheric profile 

data: a study using MODTRAN in dryland irrigated systems, Remote Sensing 2017, 

9(10), 988; doi:10.3390/rs9100988.1 

 
 

1 Reprinted with permission from Jorge Rosas, Rasmus Houborg, and Matthew F. McCabe, 
Sensitivity of Landsat 8 surface temperature estimates to atmospheric profile data: a study using 
MODTRAN in dryland irrigated systems, Remote Sensing 2017, 9(10), 988; 
doi:10.3390/rs9100988. Copyright © 2017 MDPI AG (Basel, Switzerland). 

http://dx.doi.org/10.3390/rs9100988
http://dx.doi.org/10.3390/rs9100988
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2.1 Introduction 

 
Direct estimation of LST from thermal infrared measurements is a 

challenging task since the radiances measured by the satellites are influenced by 

both surface and atmospheric effects (Li & Becker, 1993; Ottle & Stoll, 1993; Prata 

et al., 1995). By using two TIR bands, atmospheric correction of the thermal data 

can be achieved using well developed split-window approaches (Becker & Li, 

1990) or temperature-emissivity separation techniques (Gillespie et al., 1998). 

The split-window method proposed by McMillin (1975), was based on differential 

absorption across adjacent spectral windows and allowed for an estimate of sea 

surface temperature to be obtained by a linear combination of spectrally adjacent 

brightness temperatures. An adaptation of the McMillin (1975) approach for 

application to land surfaces was presented by Becker and Li (1990). More 

recently, both Jimenez-Munoz et al. (2014) and Rozenstein et al. (2014) proposed 

split-window algorithms for the Landsat 8 thermal infrared sensor (TIRS). Using 

simulated thermal infrared data, the studies estimated mean errors of less than 

1.5 K and 0.93 K, respectively. These methods were validated using simulated data 

from the Thermodynamic Initial Guess Retrieval and Standard Atmospheres 

included in MODTRAN code (Jimenez-Munoz et al., 2014) and simulated radiance 

for a mid-latitude summer atmospheric profile with known LST and land surface 

emissivity () (Rozenstein et al., 2014).  

The synthetic nature of these studies requires ongoing evaluation against 

in-situ measurements to further assess the performance of the LST algorithms 

over a range of land cover types and conditions. The temperature-emissivity 

separation (TES) approach of Gillespie et al. (1998) developed for ASTER data, 
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uses an iterative technique to remove reflected sky radiance. The TES algorithm 

hybridizes three established algorithms and estimates normalized emissivity first, 

while calculating emissivity band ratios afterward. Using simulated ASTER data, 

Gillespie et al. (1998) recovered temperatures within ±1.5 K and emissivities 

within ±0.015. Wang et al. (2015) used the same temperature-emissivity 

separation algorithm for Landsat 8, combining the two thermal bands with 

atmospheric profile data from the National Centers for Environmental Prediction 

(NCEP), and determined the average absolute error between their estimated LST 

and four surface radiation sites (Augustine et al., 2000) to be 1.74 K, varying from 

1.04 to 2.56 K.  

The US Geological Survey (USGS) recently reported a calibration problem 

in the TIRS caused by stray light, resulting in a higher bias in one of its two bands 

(4% in Band 11, 2% in Band 10) (USGS, 2016). As such, relying on split-window 

algorithms for the estimation of LST from Landsat 8 becomes increasingly 

problematic, as the introduction of errors may prove difficult to quantify (Barsi et 

al., 2014; Cook et al., 2014). An alternative approach is to estimate LST using a 

single band or single-channel (SC) algorithm (Price, 1983; Qin et al., 2001; Sobrino 

et al., 2004). Three different single-channel methods are commonly found in the 

literature, including: 1) the radiative transfer equation (RTE) (Li et al., 2004; Price, 

1983); 2) the mono-window algorithm developed by Qin et al. (2001), and 3) the 

generalized single-channel (GSC) method developed by Jiménez-Muñoz and 

Sobrino (2003). These methods use the radiance measured by one of the Landsat 

TIRS bands and then correct the radiance using atmospheric profile data or total 

column water content. Atmospheric profiles can be obtained from ground-based 



 33 

atmospheric radio-soundings, satellite vertical sounders, or from meteorological 

forecasting models and reanalysis data.  

Unfortunately, ground-based radio-soundings are often difficult to obtain 

at the time of the satellite overpass and are sparsely recorded, making them 

suitable only for validation at specific sites (Coll et al., 2005). To circumvent the 

spatial limitations of ground-based sounding data, atmospheric profiles derived 

from satellite platforms provide a large spatial extent, but can be compromised by 

relatively poor temporal resolution (Jacob et al., 2004; Jiménez-Muñoz et al., 2010; 

Li et al., 2004). To overcome this spatiotemporal constraint, reanalysis data from 

weather prediction models provide a practical alternative to the spatial limitation 

of radio-soundings, while offering a flexible temporal resolution that can match 

retrieval requirements. Given the increasing availability of ground-based and 

reanalysis sources, a greater understanding of the limitations and uncertainties 

involved in using such data in LST retrieval schemes is required.  

An example of a single-channel method that utilizes reanalysis data is a 

web-based correction tool proposed by Barsi et al. (2003) that uses the NCEP 

modeled atmospheric global profiles as input to the MODTRAN radiative transfer 

model (Berk et al., 1989). This procedure allows one to obtain the atmospheric 

transmission, upwelling radiance, and downwelling radiance values needed to 

convert sensor radiance into surface brightness temperature. McCarville et al. 

(2011) expanded on this process by using the NCEP North American Regional 

Reanalysis (NARR) database as inputs.  

In a more recent study involving Landsat 8, Tardy et al. (2016) evaluated 

MODTRAN using an automated Python tool that relies on the European Centre for 

Medium-Range Weather Forecasts (ECMWF) ERA-Interim product (Dee et al., 
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2011) as the source of atmospheric profile data. The authors evaluated the tool in 

southwestern France and central Tunisia by comparing the retrieved Landsat 

LSTs against in-situ LST measurements, resulting in an RMSE of 2.55 K for France 

and an RMSE of 1.8 K for Tunisia. These and related investigations have tended to 

examine the estimation of LST from Landsat using a single atmospheric profile 

source (Coll et al., 2010; Jimenez-Munoz et al., 2009; Tardy et al., 2016). 

Importantly, relatively little attention has been paid to characterizing the 

sensitivity of LST to different atmospheric profile sources. Likewise, studies 

examining the atmospheric correction of Landsat 8 TIR imagery in arid lands are 

rather limited, despite the increased availability of cloud-free Landsat scenes in 

these environments that may help improve insights into spatiotemporal 

variability.  

In addition to the origin of atmospheric profile data, another potential 

source of uncertainty relates to the role that aerosols play in the prediction of LST. 

While the atmospheric correction in the thermal infrared is often focused on 

adequately accounting for the influences of water vapor and other trace gases 

(Cristóbal et al., 2009; Jiménez-Muñoz et al., 2010), a key consideration in many 

regions of the world is the impact of aerosols and the role that dust plays in 

attenuating the satellite observed signal. The Saharan desert and its surrounds 

produce 50% of the mineral dust in the world (Ginoux et al., 2012; Vergé-Dépré et 

al., 2006), and dust is a recurrent feature throughout many arid and semi-arid 

environments (Escribano et al., 2016; Hahnenberger & Nicoll, 2014). While the 

impact of dust on the optical region of the electromagnetic spectrum has been well 

studied, understanding the role it plays on the thermal portion of the spectrum 
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(Vergé-Dépré et al., 2006) and in dryland systems has not been examined as 

thoroughly (Houborg & McCabe, 2017).  

Previous investigations have illustrated that even small increases 

in aerosol concentrations can significantly affect radiative fluxes (Kaskaoutis et 

al., 2014; Kaufman & Tanré, 1992). A recent study focusing over the Red Sea and 

Arabian Peninsula estimated that the simulated domain average contribution of 

mineral dust to the total aerosol optical depth (AOD) was 87% (Kalenderski & 

Stenchikov, 2016). Clearly, understanding the impact of the aerosol effect on 

retrieved surface temperature in such environments is an area of needed research 

and is one aspect explored herein.  

The overall objective of this work focuses on the atmospheric correction of 

Landsat 8 thermal data over dryland systems (Wang et al., 2012), a climate zone 

that is relatively poorly represented in satellite-based temperature investigations, 

despite their importance in global energy budgets (Heusinkveld et al., 2004; Milly 

& Shmakin, 2002) and food production (Abahussain et al., 2002; Le Houerou, 

2000; Wang et al., 2012). We explore this topic by characterizing the impact of 

using five different atmospheric profile records as input to MODTRAN. The 

atmospheric profile sources include satellite-based data from the Atmospheric 

Infrared Sounder (AIRS) onboard the Aqua satellite (Aumann et al., 2003), as well 

as the Moderate Resolution Imaging Spectroradiometer Atmospheric Profile 

Product from the Terra platform (MOD07) (Seemann et al., 2003), global 

reanalysis data from the ECMWF ERA-Interim (Dee et al., 2011), the NCEP 

National Center for Atmospheric Research (NCAR) Reanalysis 1 (Kalnay et al., 

1996), and in-situ balloon-based radiosonde releases from the Integrated Global 

Radiosonde Archive (IGRA) (Durre et al., 2006). Furthermore, in order to evaluate 
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the impact of input parameter errors on the atmospheric correction of Landsat 8 

TIR data, a sensitivity analysis on the satellite and reanalysis atmospheric profiles 

was performed by applying randomly distributed errors into profile parameters 

such as temperature and relative humidity, as well as to ozone, CO2, and aerosol 

optical depth. 

2.2 Materials and methods 

 

2.2.1 Study Site 

The evaluation study was undertaken at the Tawdeehiya Arable Farm, 

which is located in the Al-Kharj region of Saudi Arabia, approximately 200 

kilometers southeast of Riyadh (Figure 2-1). The farm covers an area of around 

70 square kilometers and is comprised mostly of center-pivot irrigation fields 

producing crops that include alfalfa, carrot, Rhodes grass, barley, wheat, and 

maize. The region is largely cloud free for much of the year, providing an ideal 

environment to evaluate satellite data.  

Despite experiencing a predominance of cloud-free conditions, the farm is 

subject to occasional sandstorms that can influence measurements derived from 

remote sensors. Serendipitously, the site is located towards the edge of the 

Landsat 8 overpass, resulting in increased satellite coverage with a revisit time 

approaching 8 days (although missing the westernmost portion of the farm). The 

increased coverage results in a much greater density of usable imagery, which for 

this investigation includes 28 scenes collected through April to December for the 

year 2015. Only Landsat scenes with a cloud cover metadata value below 30% 

were included in the study. 
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Figure 2-1. The Tawdeehiya Farm, located southeast of Riyadh in Saudi Arabia at 
an approximate latitude and longitude of 24.17 and 48.05. Landsat 8 (Path 164 
Row 43 and Path 165 Row 43) provides coverage of the farm every 8 days. The 
right-hand side of the image shows the land surface temperature (LST) for day of 
year (DOY) 336 in 2015, as well as the location of the ground-based LST 
measurements.  

2.2.2 Ground-based land surface temperature measurements 

In-situ LST measurements were obtained using two Apogee SI-111 

infrared radiometers (Apogee Instruments) that were connected to collocated 

meteorological stations, with the sensors recording high-frequency data that was 

averaged every minute. Two instruments provide long-term monitoring, with one 

placed inside an alfalfa field and the other over a bare desert soil (Figure 2-2). The 

radiometers cover an area of approximately 3 m2 and the spectral range of the 

Apogee sensor is 8 to 14 μm. The manufacturer reported accuracy of the 

instrument is 0.2 K from -20 to 65 °C when the target and detector temperature 

are within 20 K and 0.5 K from -40 to 80°C when target and detector temperature 

differ by more than 20 K (Apogee Instruments). Surface temperature, together 

with meteorological measurements including air temperature, wind-speed, 

humidity, net-radiation and soil temperature, have been collected on a continuous 

basis since April 2015. The 2 m air temperature (used in Equation 2-1 below) was 
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collected from the weather stations using a Vaisala HUMICAP humidity and 

temperature probe (HMP155). 

 

Figure 2-2. Meteorological stations over alfalfa (left) and bare soil (right) in the 
Tawdeehiya Farm. Humidity and air temperature are among the meteorological 
variables collected by these instruments.  

Determining an accurate LST can be achieved by removing the 

downwelling sky irradiance that is reflected into the sensor by the soil or canopy. 

If the sky temperature and surface emissivity are known, the surface temperature 

can be estimated following the Stefan-Boltzmann Law: 

Equation 2-1 

Ts = √
Tm

4 −(1−ϵ)Tsky
4

ε

4

, 

where Ts (K) is the surface temperature, Tm (K) is the surface temperature 

measured by the radiometer, Tsky (K) is the sky temperature, and ε is the surface 

emissivity. Vegetation and bare soil emissivity values were assigned based on the 

ASTER Global Emissivity Dataset (GED) AG100 (Hulley et al., 2015), which 

provides static emissivity information of all ASTER data acquired over a specific 

region for the period 2000-2008 at 100 m spatial resolution. The ASTER 
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emissivity database is limited to this period due to failure of the ASTER SWIR 

detectors in 2008, resulting in cloud masking difficulties for the data beyond this 

period (Hulley et al., 2015).  

For the studied agricultural region, emissivity varies considerably between 

bare soil and vegetated areas. It is therefore important to distinguish between the 

different land cover pixels in an automated manner. Given that the Normalized 

Difference Vegetation Index (NDVI) has been demonstrated as an effective 

indicator of fractional vegetation in this particular environment (Houborg & 

McCabe, 2016), a simple NDVI threshold method was introduced to distinguish 

differences in the fractional vegetation coverage. The process identifies pixels 

with atmospherically- and adjacency-corrected Landsat 8 NDVI values (Houborg 

& McCabe, 2017) above 0.5, classifying these as full cover vegetation, while values 

below or equal to 0.2 were classified as bare soil. In the case of 0.2≤ NDVI≤ 0.5, the 

pixel is composed of a mixture of bare soil and vegetation, and the emissivity is 

calculated as follows (Sobrino et al., 2004):   

Equation 2-2 

ε = ε𝑣𝑃𝑣 + 𝜀𝑠(1 − 𝑃𝑣), 

where εv is the vegetation emissivity (0.973) and εs is the soil emissivity (0.954). 

Vegetation emissivity was selected based on pixels with the highest NDVI (as 

provided by ASTER GED within the same product) in the alfalfa field as this would 

be a more realistic value for a fully vegetated area than the exact location of the 

alfalfa radiometer. In contrast, soil emissivity was selected based on the location 

of the bare soil radiometer. The standard deviation of each particular emissivity 

value is 0.006 and 0.012, respectively. Pv is the vegetation proportion:   
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Equation 2-3 

Pv = [
NDVI − NDVImin

NDVImax − NDVImin
]

2

, 

Emissivity therefore changes from 0.973 to 0.954 following a quadratic 

function of NDVI for values between 0.5 and 0.2, while remaining constant (ε𝑣 or 

ε𝑠) for the rest of the NDVI range. Sky temperature Tsky can be derived following 

Li et al. (2017). In their study, Li et al. (2017) developed a comprehensive model 

for the estimation of the downward atmospheric longwave radiation for clear and 

cloudy sky conditions, with a relative root mean square error (rRMSE) of 2.77% 

for clear-sky conditions. The proposed model for daytime clear-sky conditions is 

a calibrated version from Brunt (1932) and utilizes ambient temperature and 

partial pressure of water vapor as follows: 

Equation 2-4 

𝑇𝑠𝑘𝑦 = 𝑇𝑎𝑖𝑟 √(0.598 + 0.057√𝑃𝑊)
4

, 

where Tsky is the sky temperature, Tair is the ambient temperature, and PW is the 

partial pressure of water vapor. The partial pressure of water vapor PW can be 

expressed as a function of relative humidity ϕ (%) and ambient temperature Tair 

(K) (Alduchov & Eskridge, 1996):  

Equation 2-5 

𝑃𝑊 = 610.94 (
𝜙

100
) exp (

17.625(𝑇𝑎𝑖𝑟−273.15)

𝑇𝑎𝑖𝑟−30.11
), 

Combined with the emissivity data, substitution of Equation 2-4 into 

Equation 2-1 allows one to obtain the LST (𝑇𝑠). 
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2.2.3 Satellite based thermal infrared data 

As noted earlier, due to known calibration problems in the dual thermal 

bands of Landsat 8 (USGS, 2016), we explore the estimation of LST from using the 

single-channel method (Li et al., 2004; Price, 1983). This method uses the radiance 

determined from Band 10 onboard the Landsat 8 TIR scanner and corrects the 

radiance for residual atmospheric attenuation and emission using atmospheric 

profile data. The atmospheric profiles for this particular study are derived from 

AIRS, MOD07, NCEP-NCAR Reanalysis 1, and ECMWF ERA-Interim: further details 

of which are provided in Chapter 2.2.4. The technique requires a priori knowledge 

of the pixel emissivity in the TIR channel, which were acquired from the ASTER 

Global Emissivity Dataset (GED) AG100 (Hulley et al., 2015) as described in 

Chapter 2.2.2. 

Landsat 8 data were retrieved as Level 1 (L1T) (version LPGS 2.5.1) data 

products. The L1 product consists of quantized and calibrated scaled digital 

numbers (DN) representing image data. A conversion to top of atmosphere (TOA) 

radiance is achieved through use of:  

Equation 2-6 

Lλ = MLQcal + AL , 

where Lλ is the TOA spectral radiance [W/(m2. srad. μm)], ML is the band-specific 

multiplicative rescaling factor from the metadata (RADIANCE_MULT_BAND_X, 

where X is the band number), AL is the band-specific additive rescaling factor from 

the metadata (RADIANCE_ADD_ BAND_X, where X is the band number), and Qcal 

is the quantized and calibrated standard product pixel values (DN) (USGS, 2013).  
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The TIRS band data is converted to brightness temperature using the 

following: 

Equation 2-7 

T =
K2

ln (
K1
Lλ

+ 1)
 , 

where T is the at satellite brightness temperature (in Kelvin), Lλ is the TOA 

spectral radiance W/(m2. srad. μm), and K1 [𝑊/(𝑚2. 𝑠𝑟𝑎𝑑. 𝜇𝑚)] and 𝐾2 [K] are the 

band-specific thermal conversion constant from the metadata 

(K1_CONSTANT_BAND_X and K2_CONSTANT_BAND_X, where X is the band 

number). 

Although the Landsat TIR data is sensed at a 100 m resolution, a cubic 

resampling to 30 m pixel resolution is provided. The full swath Landsat data were 

subset to an 800 x 800 pixel region covering the Tawdeehiya Farm. In deriving 

surface temperature, the atmospheric profile geographically closest to the 

weather stations was selected for each unique Landsat 8 scene. However, the 

closest profile is not always the most representative of the region, so errors in the 

real-time composition of the atmosphere are to be expected. This becomes a 

pertinent issue when using MOD07 profiles since the frequency of observations 

gradually declines towards the Equator. 

2.2.4 Satellite based meteorological data 

Meteorological data sensed by satellites can provide the geopotential 

height, temperature, and relative humidity parameters that are needed for the 

atmospheric correction of TIR data. Ozone and CO2 are also measurable through 

multispectral platforms, such as MODIS, and provide further details into the 
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composition of the atmosphere at the time of Landsat 8 overpasses. In addition to 

these parameters, information on aerosols is available in the form of aerosol 

optical depth, which can also be used in the atmospheric correction of TIR data. 

The various needed parameters and their respective sources are briefly described 

below, with additional information provided in the associated references.    

Atmospheric Infrared Sounder (AIRS): The AIRS instrument onboard the Aqua 

satellite is designed to measure atmospheric water vapor and temperature 

profiles on a global scale (Aumann et al., 2003). The high-resolution spectrometer 

has 2,378 bands in the thermal infrared (3.7 to 15.4 μm) and 4 bands in the visible, 

with a 45 km spatial resolution. The AIRS L3 atmospheric profile product has a 

temporal difference of three hours with the Landsat 8 satellite overpass time, with 

Landsat 8 covering the Tawdeehiya Farm at approximately 10:10h and AIRS at 

13:30h local time. Retrieved air temperature and geopotential height are provided 

at 28 standard pressure levels, from the surface to 10 Pa. The temperature profile 

product is provided at an accuracy of 1 K per 1 km thick layer in the troposphere, 

while the moisture profile product has a reported accuracy of 15% per 2 km thick 

layer in the lower troposphere (20%-60% in the upper troposphere) (Diao et al., 

2013). Geopotential height, temperature, and relative humidity were obtained 

from this platform and used for the atmospheric correction of Landsat 8 TIR 

imagery. In addition to water vapor and temperature, AIRS also provides a CO2 

product that is required for the atmospheric correction of TIR imagery: the AIRS 

mid-tropospheric Carbon Dioxide (CO2) Level 3 Daily Gridded Retrieval with 

values presented in a 2.5° × 2° global grid and with units of mole fraction (106 x 

data = ppm in volume). A study by Chahine et al. (2005) found that a comparison 

between the AIRS retrieved CO2 mixing ratio and Matsueda (Matsueda et al., 2002) 
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flask measurements result in a bias (Matsueda-AIRS) of 1.15 ppmv, with a 

standard deviation of ±3.1 ppmv. The AIRS mid-tropospheric CO2 product also 

provides standard deviations and standard retrieval means. 

MODIS atmospheric profiles product: The MOD07 product onboard Terra 

provides information on total-ozone burden, temperature and moisture profiles, 

as well as atmospheric water vapor (Seemann et al., 2008; Seemann et al., 2003). 

These parameters are produced day and night at a 5 km pixel resolution. The 

MOD07 L2 atmospheric profile product has the benefit of a near temporal 

coincidence with the Landsat 8 satellite overpass time. MOD07 uses 11 infrared 

MODIS bands (25, and 27-36) providing atmospheric parameters at 20 pressure 

levels. Sobrino et al. (2015) compared MOD07 to radiosonde data over the Iberian 

Peninsula and found that values extracted from daytime water vapor show a bias 

of 0.3±0.5 cm, with an RMSE of 0.55 cm. The authors also found the air 

temperature profiles from MOD07 to have an RMSE of around 3.6 K on average. 

Geopotential height, temperature, and relative humidity were obtained from 

MOD07 and used in the atmospheric correction. 

MODIS aerosol product: The MODIS Gridded Atmospheric Product (MOD08, 

Collection 6) provides information on aerosols at a daily scale (Remer et al., 2005). 

MOD08 contains statistics derived from several science parameters from the Level 

2 Atmosphere products, with values presented in a 1° × 1° global grid. The MOD08 

product reports aggregated information on aerosols retrieved from the MODIS 

Aerosol Product (MOD04) that employs the MODIS Deep Blue algorithm for the 

estimation of aerosol optical depth over bright land areas (Hsu et al., 2006). Hsu 

et al. (2006) found that the aerosol optical depth (AOD) values from the Deep Blue 

algorithm were generally within 20%–30% of those measured by sun-
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photometers. Furthermore, Sayer et al. (2015) found the expected error (EE) for 

the algorithm to be ±(0.03 +  0.23 ∙ AOD) over land when comparing the MODIS 

Collection 6 product to 60 Aerosol Robotic Network (AERONET) validation sites.  

2.2.5 Reanalysis based meteorological data 

In order to obtain the necessary fields of geopotential height, temperature 

and relative humidity needed for atmospheric correction, and to test the 

sensitivity of the retrieval algorithms to different forcing data sources, a range of 

reanalysis products were also employed in parallel to the atmospheric profiles 

determined from satellite observations. These are described briefly below, with 

additional information provided in the listed references.  

NCEP/NCAR Reanalysis 1: NCEP/NCAR Reanalysis 1 (Kalnay et al., 1996) dataset 

contains atmospheric profile information from 1948 to present-day and has a 6-

hour daily temporal coverage (0:00, 06:00, 12:00, 18:00 UTC) with a 2.5-degree 

by 2.5-degree spatial resolution. The data assimilation scheme is a three-

dimensional variational (3D-VAR) that produces global fields of geopotential 

height, temperature and relative humidity. These parameters are mostly provided 

across 17 pressure levels (Kalnay et al., 1996; Kistler et al., 2001), while the 

relative humidity is provided at 8 pressure levels (to 300 𝑚𝑏).  

ECMWF ERA-Interim: The ECMWF European Reanalysis (ERA) Interim product 

(Dee et al., 2011) is a global atmospheric reanalysis covering the period from 

January 1979 to present. The data assimilation system to produce this dataset is 

based on a 2006 release of the IFS (Cy31r2) and includes a 4-dimensional 

variational analysis (4D-Var) with a 12-hour analysis window. The spatial 

resolution of the ERA-Interim dataset is approximately 80 km and consists of 6-
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hourly atmospheric fields across 60 vertical model levels, providing pressure, 

potential temperature and potential vorticity from the surface up to 0.1 ℎ𝑃𝑎.  

2.2.6 Radiosonde meteorological data 

In addition to the satellite and reanalysis based atmospheric profiles, 

radiosonde data from the Integrated Global Radiosonde Archive (IGRA) were 

utilized in our investigation. IGRA consists of balloon-based radiosonde 

observations that have been released from over 2700 global stations. The closest 

station to our study site is located near the city of Riyadh, at the King Khaled 

International Airport (station SAM00040437, with a latitude and longitude of 

24.93 and 46.72). The data from this site provide twice-daily (around noon and 

midnight) relative humidity and temperature products from 1984 onwards, 

including up to 40 pressure levels (1000 to 10 ℎ𝑃𝑎) and can serve as a benchmark 

against which to compare the satellite and reanalysis profiles. The radiosonde 

data from noontime releases are used in our analyses, as this time is in close 

proximity to the Landsat 8 overpass time. 

2.2.7 Atmospheric correction using MODTRAN 

Although there are a number of radiative transfer models available for 

atmospheric correction that have been proposed and reviewed in the literature, 

such as SMAC (Rahman & Dedieu, 1994), 6S (Vermote et al., 1997) and ATCOR 

(Richter, 1996), the present study explores the application of the widely employed 

MODTRAN model (Berk et al., 1989). MODTRAN is an atmospheric radiative 

transfer model that has been employed in a wide variety of remote sensing 

applications, including the atmospheric correction of TIR satellite data (Coll et al., 
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2010; Scarano & Sobrino, 2015; Sobrino et al., 2004) as well as thermal and 

narrowband multispectral data from unmanned aerial vehicles (Berni et al., 

2009a).  

The radiative transfer model is controlled by an input file, known as 'tape5' 

or 'rootname.tp5', which consists of a sequence of six or more formatted input 

lines detailing variables and flags necessary for its operation. In addition to 

employing a range of standard atmospheric profiles for radiative transfer 

estimation, the user has the option to modify or supplement vertical profiles for 

temperature, pressure, and default molecular gases such as O3 and CO2 (amongst 

others). In addition to this, the variable IHAZE in the code specifies the aerosol 

model used for the boundary-layer (0 to 2 km), chosen to be DESERT (IHAZE = 10) 

for this study.  

Furthermore, default aerosol options specified by IHAZE can also be 

modified or supplemented by the user in the form of meteorological visibility 

range (VIS) or through definition of the 550 nm AOD. Atmospheric vertical profiles 

from both satellite-based MOD07 and AIRS products and reanalysis derived 

NCEP/NCAR and ECMWF datasets were introduced into MODTRAN. However, 

defining atmospheric profiles in the MODTRAN code limits the atmospheric 

modeling to the available data. AOD values at 550 nm were extracted from the 

MOD08 product and used in the main aerosol component of MODTRAN to evaluate 

their influence on the LST results.  

By modeling the atmosphere with MODTRAN, the radiances emitted by the 

surface of the Earth can be estimated if the radiances at the sensor (satellite) are 

known. The sensor radiance 𝐿𝑆𝑗  can be expressed as (Schmugge et al., 1998): 

Equation 2-8 
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𝐿𝑆𝑗 = [𝑗𝐿𝑗
𝐵𝐵(𝑇) + (1 − 𝑗)𝐿𝑗

𝑠𝑘𝑦
]𝜏𝑗 + 𝐿𝑗

𝑎𝑡𝑚  , 

where, 𝑗 is the surface emissivity at wavelength 𝑗, 𝐿𝑗
𝐵𝐵(𝑇) is the spectral radiance 

from a blackbody at surface temperature T, 𝐿𝑗
𝑠𝑘𝑦

 is the spectral radiance incident 

upon the surface from the atmosphere (calculated from MODTRAN), 𝐿𝑗
𝑎𝑡𝑚 is the 

spectral radiance emitted by the atmosphere (from MODTRAN), 𝜏𝑗  is the spectral 

atmospheric transmission (also from MODTRAN), and 𝐿𝑆𝑗  is the spectral radiance 

observed by the sensor. 

If band emissivity is known, it is possible to correct for the downwelling 

sky radiation in Eq. 10 and the surface temperature can be calculated by inversion 

of Planck’s Law (Li et al., 2004):  

Equation 2-9 

𝑇𝑠 =
𝑘2

ln [
𝑘1

𝐼𝜆
𝐵 + 1]

 , 

where, 𝑇𝑠 is the surface temperature in Kelvin, 𝐼𝜆
𝐵 is the band radiance (from 

Equation 2-8, 𝜖𝑗𝐿𝑗
𝐵𝐵(𝑇)), and 𝑘1 and 𝑘2 are calibration constants chosen to optimize 

the approximation for the band pass of the sensor (𝑘1 = 774.89, 𝑘2 = 1321.08 for 

Landsat 8). 

2.2.8 Description of evaluation statistics 

A number of standard statistical metrics were used in the evaluation of 

satellite-based LST retrievals using in-situ estimates. These include: 

Mean Absolute Error: Mean Absolute Error (MAE) is defined as follows: 

Equation 2-10 
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MAE =  𝑛−1 ∑|𝑃𝑖 − 𝑂𝑖|

𝑛

𝑖=1

 , 

where, 𝑃𝑖 is a prediction, 𝑂𝑖 is an observation, and 𝑛 is the number of observations. 

In other words, the MAE is the average of the absolute difference between the 

predictions and the observations.  

Mean Error: Similar to MAE, the mean error (ME) (or bias) is the average of all 

errors, with the exception that the errors (𝑃𝑖 − 𝑂𝑖) are not absolute. ME is defined 

as follows: 

Equation 2-11 

ME =  𝑛−1 ∑ 𝑃𝑖 − 𝑂𝑖

𝑛

𝑖=1

 , 

The mean error is useful in determining if a model is underestimating 

(ME < 0) or overestimating (ME > 0) the observed variables. 

Root-mean Squared Error: The Root-mean Squared Error (RMSE) is defined as 

follows: 

Equation 2-12 

RMSE =  [𝑛−1 ∑|𝑃𝑖 − 𝑂𝑖|
2

𝑛

𝑖=1

]

1
2

, 

Coefficient of determination: The coefficient of determination (R2) is defined as 

follows: 

Equation 2-13 

R2 =  1 −
∑ (𝑦𝑖 − 𝑓𝑖)

2
𝑖

∑ (𝑦𝑖 − �̅�)2
𝑖
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where 𝑦𝑖 represents the dataset, �̅� the mean, and 𝑓𝑖 the modeled value. In this 

study, the modeled values are obtained by a linear regression of the form 𝑓𝑖 =

𝑦𝑖𝑚 + 𝑏, where m and b are calculated by ordinary least-squares regression. 

2.3 Results 

 
Landsat-derived LST were discriminated into four different categories, 

relating to the source of the profile data used for the atmospheric correction i.e. 

MOD07, AIRS, NCEP, and ECMWF driven LST retrievals. Radiosonde data were 

used in the bare soil and alfalfa analyses to both evaluate the satellite and 

reanalysis profile data and to compare the derived LST products against the in-

situ measurements. In addition to Landsat-derived temperature comparisons 

against the in-situ data (Chapter 2.3.1), the sensitivity of MODTRAN to relative 

humidity, temperature, emissivity, CO2, ozone, and AOD (Chapter 2.3.2) was also 

evaluated by introducing randomly distributed errors into the atmospheric 

variables. Applying these uncertainties to the satellite and reanalysis atmospheric 

parameters, with errors introduced into one atmospheric input variable while 

others were kept constant, allows a perturbation experiment to be undertaken.    

2.3.1 Evaluation against in-situ observations 

Evaluation of atmospherically-corrected satellite TIR imagery was 

performed by comparison against the in-situ data collected from the Apogee 

infrared radiometers installed at both the alfalfa (Figure 2-3) and bare soil desert 

sites over the period April to December, 2015. Multiple Landsat 8 data were 

compiled, with a total of 28 images for bare soil analysis selected for the period of 

April to December, and a total of 23 images for alfalfa selected for the period June 
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to December. The differing periods correspond to the start of operations of the 

weather stations over the different land cover types. As this is a working 

agricultural farm, the alfalfa field is subject to periodic harvesting. Unfortunately, 

to reduce potential damage to the instrument during harvesting, the area over 

which the infrared radiometer senses is not routinely trimmed, resulting in a 

potential land cover related bias relative to the rest of the field. As such, only 

radiometer data that provides a representative measurement (i.e. when the field 

is well covered in vegetation) are used in the analysis.  

For the atmospheric correction of the Landsat 8 TIR imagery, atmospheric 

profile data from the four different sources was ingested into MODTRAN. A single 

LST pixel corresponding to the location of the in-situ measurements was extracted 

from the imagery for each of the distinct Landsat 8 profile records and compared 

against the in-situ measurements at a time coincident with the Landsat 8 overpass. 

LST from in-situ locations was calculated following Equation 2-1 and Equation 2-4 

(see Chapter 2.2.2), making use of air temperature and humidity that was 

collected by the weather stations collocated with the radiometer data, as well as 

emissivity data following Equation 2-2.  

Figure 2-4 and Figure 2-5 illustrate the differences between the Landsat-

derived LST estimates and in-situ LST for each of the studied land covers. The 

Landsat-coincident in-situ LST record is also shown for reference (Figure 2-4a 

and Figure 2-5a). Examining the bare soil response (Figure 2-4a), the in-situ LST 

shows a temperature variation of over 20 K during the study period at the time of 

the Landsat overpass. The highest recorded in-situ temperature at the time of 

Landsat overpass is 56.2 °C, while the lowest recorded temperature is 28.2 °C. LST 
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over bare soil in the summer days varies considerably within the same day, 

showing a diurnal temperature range of over 40 K in some instances.  

 

 

Figure 2-3. (a) Landsat-derived LST (in Celsius) calculated using the European 
Centre for Medium-Range Weather Forecasts (ECMWF) profile; (b) Normalized 
Difference Vegetation Index (NDVI) over the alfalfa field as derived from Landsat; 
and (c) in-situ LST (in Celsius) response for DOY 185, 256, and 336 at a single-
point in the alfalfa field (see arrow in center panel) for the year 2015. The cross in 
(c) represents the Landsat overpass time (around 10:10 local time). Time is 
shown in Coordinated Universal Time (UTC). 
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For example, the highest recorded temperature for DOY217 is 64.4 °C, 

while the lowest (for the same day) recorded temperature is 21.5 °C. As expected, 

bare soil LST during the December winter period has a lower variability during 

the same day. For DOY352, the highest recorded in-situ temperature is 33.2 °C, 

while the lowest recorded temperature for the same day is 7.4 °C. In other words, 

the in-situ LST diurnal difference during the summer is almost twice of that during 

the winter over bare soil.  

LST calculated from all the atmospheric profile sources (ECMWF, NCEP, 

AIRS, and MOD07) over bare soil generally underestimates (Figure 2-4) the in-

situ LST in the period from April to June (subsequently referred to as the spring 

period), while mostly overestimating the in-situ LST for the rest of the study 

period. Interestingly, the spring period has a larger AOD than other periods of the 

year, except for DOY153. It is important to note that during the spring period, 

calculated LST from all the profile sources for DOY153 (with an AOD of 0.21) are 

overestimated.  

The analysis from the spring period suggests that MODTRAN is not 

accurately correcting for the influence of AOD in the satellite signal. The effect of 

AOD on LST can be seen again on DOY297, where an increase in AOD (AOD=0.78) 

corresponds to an underestimation of calculated LST from all the profile sources. 

Although there is a predominant trend, there are a few instances (DOY 105 and 

288) where this is not reflected. Further analysis on the influence of perturbing 

AOD and its influence on LST will be presented in Chapter 2.3.2. 

Overall, the LST calculated from the AIRS atmospheric profile product 

(AIRS LST), with an R2 of 0.97 and an MAE of 1.19 K (Table 2-1), indicates the best 

performance for the bare soil analysis. The AIRS LST result also compares to the 
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NCEP based LST result from our study, with an R2 of 0.96 and an MAE of 1.25 K. 

Similarly, the ECMWF LST has an R2 of 0.96 for bare soil, albeit with a larger MAE 

of 1.44 K when compared to the NCEP LST, respectively. These values are 

consistent with the work of Tardy et al. (2016), who undertook an analysis in a 

comparable arid land environment using ECMWF atmospheric profiles as input to 

MODTRAN. Here, the RMSE from the ECMWF LST for the Tawdeehiya based 

example is 0.26 K lower (Table 2-1) than the Tardy et al. results, based upon a 

similar number of data points over undisturbed soil (38 days in Tunisia versus 28 

days in Saudi Arabia). 

The MOD07-based bare soil LST performed the poorest with an R2 of 0.94 

and an MAE of 1.77 K. The MOD07 result was somewhat surprising given the 

similar sensor observation time to Landsat, as well as having the highest spatial 

resolution among all the profile sources (Chapter 2.2.4). Further analysis of the 

MOD07 atmospheric profile indicated that the coverage of the MODIS Terra 

satellite over the farm at the dates of Landsat overpasses is located mostly at the 

edge of the swath, with a viewing angle ranging from 10° to 60°, which may impact 

upon retrievals. In contrast, the viewing angle of the MODIS Aqua satellite (upon 

which AIRS is installed) is associated with comparatively lower values during the 

same conditions than the MODIS Terra satellite. In addition to the better viewing 

angle, the hyperspectral sensing capabilities of AIRS make it a potentially better 

Earth-observing platform than MODIS over the study region and may provide an 

explanation for the improved performance of this dataset relative to other 

profiles.  

For the alfalfa field response (Figure 2-5), the temperature variation 

during the same period is approximately half (11.8 K) of that over the bare soil, 



 55 

with the highest recorded temperature having a value of 34.4 °C and the lowest 

recorded temperature a value of 22.6 °C. In-situ LST over alfalfa in the summer 

shows a diurnal temperature variation of approximately 20 K: half of that over 

bare soil. For example, using the same day as the previous example over bare soil, 

the highest recorded in-situ temperature over alfalfa is 37 °C (64.4 °C over bare 

soil), while the lowest temperature is 17.5 °C (21.5 °C over bare soil).  

Contrary to the bare soil example, LST over alfalfa in the winter days has a 

similar diurnal variability to that of the summer days. Following the previous 

example over bare soil, in-situ LST during the same day ranges from 7.1 to 25.5 K. 

This result is not surprising, since although land surface temperature is expected 

to change abruptly in arid lands, plants are able to regulate their temperature 

throughout the year via transpiration, reducing the amplitude of the alfalfa 

response. 

Landsat-derived LST estimates over alfalfa (Figure 2-5) illustrate a 

positive bias relative to the in-situ measurements for all the atmospheric profile 

sources. There are a number of anomalously large differences that can be seen 

between in-situ measurements and all of the Landsat-derived profile estimates 

throughout the study period. These large differences correspond to periods 

shortly after crop harvesting, as indicated by the NDVI provided in Figure 2-5a. In 

these instances, the satellite-based estimates can measure between 8-14 K higher 

(Figure 2-5) than the corresponding in-situ radiometer measurement.  
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Figure 2-4. Comparison between: (a) in-situ and Landsat-derived LST calculated 
from: (b) ECMWF; (c) National Centers for Environmental Prediction (NCEP); (d) 
Atmospheric Infrared Sounder (AIRS); (e) Moderate Resolution Imaging 
Spectroradiometer Atmospheric Profile Product from the Terra platform 
(MOD07); and (f) radiosonde (Integrated Global Radiosonde Archive, IGRA) 
atmospheric profiles over bare soil. The top panel (a) illustrates the in-situ based 
LST as derived from the Apogee radiometers and the aerosol optical depth (AOD) 
from the MODIS Gridded Atmospheric Product (MOD08), time coincident with the 
Landsat overpasses (i.e., approximately 10:10 a.m. local time). Panels b–f show 
ΔLST (Landsat minus in-situ LST) for the different atmospheric profile sources (in 
Celsius). The bottom x-axis (f) represents the DOYs for 2015. There were 24 
scenes (instead of 28 for the rest) available for the radiosonde LST. 
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Table 2-1. Statistical measures describing the agreement between satellite-
derived and in-situ measured LST. Results are shown for soil, alfalfa, and alfalfa 
following a temporal-based NDVI filter. Alfalfa LST error is significantly reduced 
when incorporating the NDVI filter. Note that the radiosonde (IGRA*) statistics are 
not completely comparable with the other profile results, as they are based on a 
lower number of Landsat scenes (24). 

Atm. 
Profile 

MAE ME (Bias) RMSE 𝐑𝟐 

Soil Alfalfa 
Alfalfa 
(Filt.) 

Soil Alfalfa 
Alfalfa 
(Filt.) 

Soil Alfalfa 
Alfalfa 
(Filt.) 

Soil Alfalfa 
Alfalfa 
(Filt.) 

ECMWF 1.44 4.95 3.57 0.37 4.92 3.52 1.58 6.14 3.90 0.96 0.64 0.91 

NCEP 1.25 4.57 3.31 −1.13 4.52 3.24 1.56 5.86 3.60 0.96 0.64 0.93 

AIRS 1.19 5.12 3.82 0.01 5.06 3.74 1.44 6.31 4.14 0.97 0.65 0.93 
MOD07 1.77 5.03 3.80 −0.03 5.00 3.77 2.03 6.30 4.17 0.94 0.64 0.93 
IGRA* 1.12 5.61 4.17 0.10 5.62 4.17 1.37 6.71 4.42 0.96 0.60 0.91 

 

To avoid introducing these spurious events, a temporal filter based on the 

NDVI was implemented to ignore days when the radiometer is unable to provide 

a representative measurement. Pixels with atmospherically- and adjacency-

corrected NDVI values (Houborg & McCabe, 2017) greater than 0.3 were 

considered as fully vegetated, while pixels not fulfilling these conditions were 

ignored. After having discarded such instances, the total number of available 

scenes for alfalfa was reduced to 17. Statistics for both data sets (filtered vs 

original) are provided (Table 2-1).  

The LST calculated from the NCEP atmospheric profile product shows a 

coefficient of determination of 0.93 and a mean absolute error of 3.31 K (Table 

2-1), providing the best performance for the alfalfa analysis. There are a number 

of possible explanations for the high uncertainties over the alfalfa canopy. On one 

hand, the emissivity estimated from the ASTER Global Emissivity Dataset might 

be more suitable as a first guess over homogeneous land covers, such as bare soil, 

than over heterogeneous land covers, such as vegetation. Moreover, emissivities 

from the ASTER GED are within ±0.015 (Gillespie et al., 1998), which could 

result in larger errors in the estimation of LST. On the other hand, the Apogee 
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radiometer over the alfalfa field is located near the center of the pivot, meaning 

that Landsat is observing a mixed signal from the bare soil in the center and the 

surrounding alfalfa (Figure 2-3).  

The mixed response is apparent in the positive bias (Table 2-1 and Figure 

2-5) of the alfalfa analysis. McCabe et al. (2008) studied the subpixel temperature 

variability and found it to exceed 1 K in the 8-12 𝜇𝑚 band with a subpixel 

temperature difference of 30 K. A temperature difference of 30 K between 

vegetation and bare soil is certainly possible in these arid environments (Figure 

2-4a and Figure 2-5a). Furthermore, differences in the emissivity between the soil 

and the alfalfa are also contributing to the temperature bias. In the same study, 

McCabe et al. (McCabe et al., 2008) found that for a 50:50 material mixture at the 

same temperature, changes in emissivity of 0.02 (from 0.98 to 0.96) produce a 

temperature difference of approximately 0.4 K in the 8-12 𝜇𝑚 band.  

In visits to the Tawdeehiya Farm during the study period, the plants in the 

immediate vicinity of the radiometer indicated signs of insect or fungal infestation. 

The potential land cover related bias relative to the rest of the field might have 

affected the in-situ LST measurements in a way such that the in-situ 

measurements are not entirely representative of the alfalfa field as seen from 

Landsat. These, together with other potential sources of error including 

atmospheric profile data, are examined in the following section. 

In addition to the four atmospheric profile sources, radiosonde data (Durre 

et al., 2006) was ingested into MODTRAN to calculate LST over bare soil. However, 

the number of available Landsat scenes is reduced to 24 as per the availability of 

the radiosonde data. Figure 2-4f and Figure 2-5f show the calculated LST for the 

same time period as previously described. The LST derived from balloon-
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radiosonde shows a similar coefficient of determination to AIRS (0.96), albeit with 

a smaller MAE of 1.11 K (1.18 K for AIRS) for the 24 Landsat scenes over soil. 

Despite being around 200 km away from the Tawdeehiya Farm, the LST derived 

from the radiosonde site performs well over bare soil.  

The difference in LST (Landsat minus in-situ) generally decreases when 

using the radiosonde profile, although the LST calculation has issues on the same 

days as the LST calculated from the other profile sources (i.e. DOY 153, 224, 240). 

Interestingly, the radiosonde-based LST for alfalfa performs poorly when 

compared to the rest of the profiles (Table 2-1). Upon close inspection, it can be 

seen from Figure 2-5 that the missing radiosonde days correspond to data with a 

lower LST difference, which results in an overall higher MAE when these are not 

considered. 



 60 

 

 

Figure 2-5. Comparison between (a) in-situ and Landsat-derived LST calculated 
from (b) ECMWF, (c) NCEP, (d) AIRS, (e) MOD07, and (f) radiosonde atmospheric 
profiles over alfalfa. Panels (b-f) show ΔLST (Landsat minus in-situ LST) for the 
different atmospheric profile sources (in Celsius). The bottom x-axis (f) represents 
the DOYs for 2015. Similarly to Figure 2-4, the number of available scenes for the 
radiosonde LST is reduced by four. Large differences between satellite and in-situ 
LST are seen following a harvest (DOYs 185, 224, 256, and 288) as illustrated by 
the NDVI plot on the (a) top panel.   
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2.3.2 The Role of Variability in Atmospheric Profiles 

The sensitivity of MODTRAN to discrepancies in the atmospheric profiles 

was analyzed by introducing normally distributed errors into the relative 

humidity (RH), air temperature (T), carbon dioxide (CO2) and ozone (O3). The 

form of the introduced errors follows a normal (or Gaussian) distribution with 

mean () 1 and variance () 0.1 and is multiplied by the error. Similarly, a negative 

error is also studied with =-1 and =0.1. For example, the introduced 

perturbation for a 15% error is comprised of a normally distributed number 

(=±1, =0.1) that is multiplied by the error range (in this case 15%).  

For this example, and given that 95% of values in a normal distribution are 

found within ±2, the additive or subtractive error could be anywhere from ±12% 

to ±18% but predominantly around ±15%. This is done for each profile at each 

measurement height, and seeks to replicate the introduction of uncertainty into 

the atmospheric profile measurements to study sensitivity in LST retrievals. 

Contrary to uniformly distributed errors (Frey et al., 2017) and fixed errors 

(Jimenez-Munoz et al., 2014) introduced to atmospheric profiles when assessing 

sensitivity, a normally distributed perturbation provides a behavior commonly 

found in nature (Maxwell, 1860).  

The 15% error introduced to the RH profiles is chosen following the 

previously reported accuracy of the RH in the AIRS atmospheric profiles products 

(Chapter 2.2.4). Similarly, an error around ±1 K was introduced to all the 

temperature profiles as a first guess, also following the reported accuracy of T in 

the AIRS atmospheric profiles products. An example of the RH and T profiles from 

AIRS, ECMWF, NCEP, MOD07, and radiosonde for DOY 105, 240, and 288 is shown 

in Figure 2-6.  
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The radiosonde profiles, despite being 200km away from the farm, appear 

to be adequately represented by the AIRS and ECMWF profiles. Differences 

between the MOD07 and radiosonde profiles are evident, particularly in DOY 288 

(Figure 2-6c). MODTRAN sensitivity to aerosol optical depth at 0.55 μm in the TIR 

region was also analyzed following the expected error in the MODIS Deep Blue 

algorithm (Hsu et al., 2006) (Chapter 2.2.4) for the highest quality retrievals over 

land. The impact of error in emissivity was also studied by introducing an error 

around ±0.01 ( ranges from 0 to 1). Percentage errors in the range from ±5-20% 

were examined across each of the variables. The impact of the errors of ±5%, 

±10%, ±15% and ±20% were introduced into all the atmospheric profile sources 

for the year 2015 and detailed below. Since the impact of variations in O3 and CO2 

resulted in minimal variation in LST (below 0.01 K and 0.1K, respectively), these 

are not discussed in further detail.    
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Figure 2-6. Example of the relative humidity (RH, solid line) and temperature (T, 
dashed line) profile examples used in this analysis for (a) DOY105, (b) DOY 240, 
and (c) DOY 288 in 2015 from AIRS, ECMWF, NCEP, MOD07, and radiosonde. AIRS 
and ECMWF seem to be able to adequately represent the radiosonde 
measurements.  
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2.3.2.1 Relative Humidity 

Relative humidity is an important parameter in the calculation of satellite-

based LST, as small changes in water content accuracy, due to the absorption of 

TIR radiation by water vapor (Jiménez-Muñoz & Sobrino, 2003), can result in large 

LST deviations. As can be seen from Figure 2-7, an error of 15% in relative 

humidity (RH15) over bare soil produces a mean difference of 0.19 K in the 

ECMWF LST, 0.37 K for the NCEP LST, 0.39 K for the AIRS LST, and 0.32 K for the 

MOD07 LST (Figure 2-7a-d respectively). Interestingly, an RH15 over alfalfa 

produces a mean difference of roughly half of that for soil (0.11 K) for the ECMWF 

profile, 0.22 K for the NCEP profile, 0.22 K for the AIRS profile, and 0.19 K for the 

MOD07 profile (Figure 2-7e-h). Figure 2-8 shows the influence of the errors 

(RH05, RH10, RH15, and RH20) in Landsat-derived LST for all the atmospheric 

profile sources over bare soil, while Figure 2-9 depicts the influence of the errors 

over alfalfa. A consistent increase in the LST error is seen both over soil and alfalfa 

when introducing errors in relative humidity, albeit having a smaller influence 

over alfalfa. Differences in LST are up to 1.5 K (Figure 2-8) when an error of 20% 

is introduced (RH20) over bare soil and over 1 K over alfalfa (Figure 2-9).  

An error of 20% (RH20) is not unusual in the retrieval of satellite-based 

relative humidity, reaching 7-27% near the land surface for AIRS (Diao et al., 

2013). Accuracy in the retrievals of relative humidity for the estimation of LST are 

particularly important near the boundary layer, as a larger amount of water vapor 

is present in this zone than in the upper layer. Moreover, the coarse spatial 

resolution of satellite platforms may not discriminate the water vapor signal at the 

spatial resolution of irrigated fields and could be a source of further uncertainties 

in these and the reanalysis data (since they also ingest satellite data). The different 
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LST results for soil and alfalfa suggest that changes in the atmospheric 

composition in regard to relative humidity have a weaker effect over the vegetated 

areas due to the overall lower energy emission by the vegetated land cover when 

compared to the bare soil, i.e. LST over alfalfa is consistently 20 K to 30 K cooler 

than bare soil (Figure 2-4 and Figure 2-5). 

 

Figure 2-7. Land surface temperature absolute differences over bare soil (a, b, c, 
d) and alfalfa (e, f, g, h) when introducing randomly distributed errors of 15% to 
relative humidity (RH), 1 K to temperature (T), 40 ppmv to CO2, 30 Dobson units 
to O3, ±(0.03 +  0.23 ∙ AOD) to aerosol optical depth (AOD), and 0.01 to emissivity 
(e) to all the atmospheric profile sources. Errors in RH and  produce the largest 
errors in LST for all the profile sources. Red crosses represent values outside of 
1.5 standard deviations (black whiskers) from 25% and 75% of the distribution 
(blue box), while the red line represents the median.   
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Figure 2-8. Land surface temperature absolute differences over bare soil when 
introducing randomly distributed errors of 5%, 10%, 15%, and 20% in RH, T, AOD 
and  (e.g. for relative humidity: RH05, RH10, RH15, RH20) to the (a) ECMWF, (b) 
NCEP, (c) AIRS, and (d) MOD07 atmospheric profiles. Errors in RH and ε produce 
the largest errors in LST. Red crosses represent values outside of 1.5 standard 
deviations (black whiskers) from 25% and 75% of the distribution (blue box), 
while the red line represents the median. 
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2.3.2.2 Emissivity 

Emissivity is a critical variable in the estimation of LST, since the energy 

emitted from the surface in the TIR region is a function of emissivity (Eq. 8). As 

can be seen in Figure 2-7, an error of 0.01 in emissivity (e10) over bare soil 

produces a mean difference of 0.74 K in the LST calculated from the ECMWF 

profile, 0.70 K for the NCEP profile, 0.71 K for the AIRS profile, and 0.74 K for the 

MOD07 profile (Figure 2-7a-d).  

Contrary to the RH case, the LST differences due to discrepancies in 

emissivity do not follow the same pattern. An error of 0.01 in the ECMWF profile 

over alfalfa produces a mean difference of 0.67 K, while the NCEP results in a mean 

difference of 0.64 K (Figure 2-7e-f). In addition, similar errors in the AIRS profile 

produce an LST mean difference of 0.66 K and the MOD07 profile produce an LST 

difference of 0.69 K for the same 0.01 error (Figure 2-7g-h). Errors of 0.005, 0.15, 

and 0.20 (e05, e15, and e20) were also introduced into the LST calculations for all 

the atmospheric profiles. As can be seen in Figure 2-8, discrepancies in emissivity 

have a stronger influence on the LST than the rest of the parameters, including RH. 

An emissivity error of 0.01 is not unusual and actually below the ±0.015 range that 

the ASTER GED product is expected to provide (Gillespie et al., 1998). Having used 

an annual average value for emissivity for bare soil and alfalfa, it would be 

reasonable to expect errors in Landsat-derived LST to exceed 1 K (errors of 0.01-

0.02 in emissivity) using the single-channel method and ASTER GED emissivity. 
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Figure 2-9. Land surface temperature absolute differences over alfalfa when 
introducing randomly distributed errors of 5%, 10%, 15%, and 20% in RH, T, AOD 
and  (e.g. for relative humidity: RH05, RH10, RH15, RH20) to the (a) ECMWF, (b) 
NCEP, (c) AIRS, and (d) MOD07 atmospheric profiles. Similar to Figure 2-8, errors 
in RH and ε produce the largest errors in LST. Red crosses represent values 
outside of 1.5 standard deviations (black whiskers) from 25% and 75% of the 
distribution (blue box), while the red line represents the median.  



 69 

2.3.2.3 Temperature 

Temperature profiles are also an essential variable in the atmospheric 

correction of TIR imagery, as water vapor content is calculated in the RTE from 

RH using temperature profile data. Randomly distributed errors of 0.5 K, 1 K, 1.5 

K and 2 K (T05, T10, T15, and T20) in the air temperature were introduced into 

all the atmospheric profile sources. However, errors introduced to the 

temperature profile have a smaller effect than those to the relative humidity and 

emissivity (Figure 2-7), having a mean error ranging from 0.06 K to 0.1 K for soil 

and almost zero (0.05 K to 0.08 K) for alfalfa. Temperature profile accuracy 

appears to have an effect on Landsat-derived LST when it exceeds 2 K, as 

differences in satellite-sensed LST can reach values as high as 0.7 K over bare soil 

(Figure 2-8). Similar to the RH case, the effect of the lower energy emission by the 

vegetated land cover (when compared to the bare soil) is apparent in the 

temperature perturbation (Figure 2-8 and Figure 2-9). 

2.3.2.4 Aerosol Optical Depth (AOD) 

The effect of varying aerosol loadings is often ignored (i.e. defined as an 

atmosphere with a constant visibility) in the atmospheric correction of TIR 

imagery (Li et al., 2004; Sobrino et al., 2004; Tardy et al., 2016), despite evidence 

of dust affecting the satellite signal (Tanre et al., 1988). For arid land agricultural 

systems, the potential increases in dust loadings (Mahowald et al., 2006) 

constitutes a valid concern on characterizing such influences. Other agricultural 

regions in the world might be able to escape the need for quantifying the effects 

of aerosol optical depth (AOD) in the LST calculations, as the AOD values are 

generally lower than over arid lands throughout the year (Papayannis et al., 2008). 
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Overall, LST values calculated using all the atmospheric profile sources were less 

affected by the introduction of errors to AOD than some other variables.  

The expected error for the MODIS Deep Blue algorithm (Hsu et al., 2006) 

(Chapter 2.2.4) produced an LST difference below 0.25 K (Figure 2-7). However, 

studies have found that the discrepancies between the Deep Blue algorithm and 

ground truth are somewhat larger over bright desert surfaces than over other land 

cover types (Sayer et al., 2013), suggesting that errors in AOD could be larger in 

arid lands. Following this, larger variations to those suggested by Kahn et al. 

(2010) and Sayer et al. (2015) were introduced into the calculations. The larger 

variations in AOD did not result in large LST errors, being below 0.5 K for AOD 

errors of up to 40% (Figure 2-7 and Figure 2-8): potentially far from the actual 

expected errors of AOD from the MODIS Deep Blue algorithm over arid lands. 

Furthermore, the results from Chapter 2.3.1 (Figure 2-4) suggest that MODTRAN 

might not be properly correcting for the effect of aerosols on high AOD days, as 

LST from days with a high AOD are mostly underestimating the in-situ radiometer 

measurements.  

2.4 Discussion 

 
The work presented here contributes to the atmospheric correction of 

Landsat 8 in arid lands, a climate zone that is relatively poorly represented in 

satellite-based temperature investigations. The increased availability of cloud-

free Landsat scenes in these environments provides a rich dataset that helps to 

improve insights into spatiotemporal variability. Results indicate that the major 

physical parameters controlling the accuracy of the satellite retrieved LST include 

the relative humidity and emissivity.  
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An introduced uncertainty of 20% in relative humidity can result in LST 

errors as high as 1.5 K for bare soil and 1 K over alfalfa in irrigated arid 

environments, while an uncertainty in emissivity values of 0.01 can result in 

errors between 0.7 and 1 K for both land cover types. Typically, determining the 

emissivity with any degree of precision is a challenging task, so an error of 0.01 in 

emissivity is certainly not unusual and in line with the reported standard 

deviation in the emissivity values taken from the ASTER GED. Ozone and CO2 were 

found to have much smaller influences on the estimated LST for all the 

atmospheric profiles and were not seen to significantly affect the results relative 

to the other sources of error.  

The AIRS profiles generally better performance over bare soil might be 

attributed to its capacity to represent the local atmospheric conditions better than 

reanalysis sources. Figure 2-6 suggests that the AIRS and ECMWF are consistent 

with the available radiosonde record. In contrast, MOD07 seems to be unable to 

accurately represent the conditions sensed by the radiosonde. This is particularly 

evident in DOY 288 (Figure 2-6c), where MOD07 has serious discrepancies 

compared to the rest of the profiles. Landsat-derived LST from the MOD07 profile 

was expected to provide better results, as the overpass time is within 30 minutes 

of that from Landsat. However, it was discovered that the MOD07 profile is located 

at the edge of the swath, affecting the quality of the data. Moreover, contrary to 

AIRS, MOD07 is not a sounding instrument and its precision might be lower than 

that of AIRS for the same conditions in the region. 

Aerosol optical depth is of interest in arid lands since dust sources, 

regardless of size or strength, can usually be associated with topographical lows 
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located in these regions (Prospero et al., 2002). Furthermore, aerosols covering 

large areas in the region affect the satellite signal (Tanre et al., 1988), and AOD 

variability is seldom considered in the estimation of LST (Jiménez-Muñoz & 

Sobrino, 2003; Li et al., 2004; Sobrino et al., 2004; Tardy et al., 2016). Recent 

studies have found that the discrepancies between the Deep Blue algorithm and 

ground truth are somewhat larger over bright desert surfaces than over other land 

cover types (Sayer et al., 2013). In particular, over arid sites and across 16 

AERONET validation sites, 37% of the studied points fall outside of the reported 

error for the Deep Blue algorithm (Sayer et al., 2015). The arid sites region 

includes the “Solar Village”, located approx. 200 km northwest of the Tawdeehiya 

Farm. The Deep Blue algorithm for this site has an RMSE of 0.16, larger than the 

average of 0.145 for all the arid sites (Sayer et al., 2015). In addition, 40% of the 

studied points fall outside of the reported error, suggesting that the AOD errors in 

this region could be larger.      

The effect of AOD in the satellite signal is apparent in the Landsat-derived 

LST validation of the atmospheric correction results, where LST from days with a 

high AOD were mostly underestimating the radiometer measurements (Figure 

2-4). While not necessarily a problem in many regions of the world, for arid land 

agricultural systems further attention should be focused on characterizing such 

influences, particularly in the light of potential increases in dust loadings 

(Engelstaedter et al., 2006; Harrison et al., 2001; Mahowald et al., 2006). For the 

irrigated arid study area, errors of up to 0.25 K in the estimation of LST appear 

when AOD has an error of 20%, in line with recently reported errors (Sayer et al., 

2013), suggesting that the parameter needs to be considered in accounting for LST 

uncertainty in arid environments. Despite substantial uncertainties associated 
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with satellite-based AOD retrievals over this region (Houborg & McCabe, 2016; 

Houborg & McCabe, 2017), further challenges arise, as MODTRAN seems unable 

to accurately simulate the aerosol conditions for the TIR bands. While the AOD 

influence on reflectance over arid lands is relatively well understood (Houborg & 

McCabe, 2017), a better characterization of aerosol influence in the TIR bands for 

the single-channel method might be needed in this region. 

The data derived from the Landsat 8 TIRS sensor has suffered a variety of 

calibration adjustments that impact the fidelity of retrievals (Barsi et al., 2014). 

Starting in August 2013, discrepancies between Bands 10 and 11 were noted, 

resulting in water surface temperatures derived from TIRS data being warmer 

than measured temperatures by 2 K or more. The source of these errors has been 

attributed to thermal energy from outside the normal field of view, also known as 

stray light. These excess energy leakages of 0.29 and 0.51 Wm-2sr-1μm-1 result in 

a temperature error of 2.1 K and 4.4 K at 300 K in Band 10 and 11, respectively. 

Unfortunately, these discrepancies are not consistent across the focal plane, 

making a correction a challenging task (Barsi et al., 2014; Montanaro et al., 2014a). 

Since these errors were reported, several calibration and reprocessing efforts 

have been carried out (Montanaro et al., 2014a; Montanaro et al., 2015; Montanaro 

et al., 2014b).  

The Landsat Calibration-Validation Team (CVT) temporally adjusted the 

TIRS band’s radiometric bias to improve the absolute radiometric error for typical 

Earth scenes during the growing season. Irrigated arid lands are perhaps outside 

of the typical Earth scenes domain and this adjustment might not be adequate for 

the region. The estimated stray light error by the CVT was found to be 0.29 ± 0.12 
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Wm-2sr-1μm-1 for Band 10. It is likely that errors caused by stray light could be 

larger in arid lands since the area surrounding the TIRS field of view typically has 

higher than average temperature values. In other words, the higher temperatures 

that the farm is subject to throughout the year, compared with many other 

agricultural regions in the world, could influence the amount of thermal energy 

that the sensor is observing due to the stray light discrepancy. This is apparent by 

the positive bias during the summer period in this study (Figure 2-4).  

After this study was carried out, the CVT released a new stray light 

correction method for the TIRS that reduces the TIRS uncertainty to under 0.5% 

(Gerace & Montanaro, 2017), reducing the errors from 2 K @ 300 K with no 

correction to 0.3 K with the stray light correction for band 10. The study also found 

out that light was impinging on the detectors from a ring about 13° outside of the 

field of view, suggesting that the overall higher bias during the hot days might be 

attributable to hot desert soil around the study area reaching the TIRS. Currently, 

work is underway to assess whether the correction is adequate for split-window 

correction methodologies and the CVT still does not recommend the use of band 

11 for split-window techniques.  

The errors seen in the different seasons could be a combination of the stray 

light errors and atmospheric profile errors. Further studies with stray-light-

corrected Landsat 8 TIRS imagery might be necessary to reassess the feasibility 

and choice of the source of the atmospheric profile for single-channel TIR 

atmospheric correction. However, the sounding capabilities of AIRS (despite the 

3h difference in overpass time relative to Landsat) might provide a better 
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representation of the local moisture conditions (i.e., irrigation) of the farm than 

the ECMWF or NCEP profiles.  

Furthermore, the location of the farm in the Terra MOD07 profiles is far 

from ideal, having a large viewing angle due to the orbital co-geometry of the 

Landsat 8 and Terra satellites. In reality, the atmospheric conditions in the 

troposphere are the main driver for the atmospheric correction of TIR imagery, as 

most of the moisture in the atmosphere is located in this region and water vapor 

is the main absorber in the TIR (Jiménez-Muñoz & Sobrino, 2003). Following this, 

the higher vertical resolution from NCEP and ECMWF does not seem to be playing 

a significant role in the atmospheric correction results (Figure 2-4 and Figure 

2-5). An analysis showed that for a given day, LST calculated using ECMWF 

produced a 0.2 K difference when using the full profile (1 mbar) versus that only 

using up to 15 km altitude (125 mbar), suggesting that the precision of 

atmospheric conditions at the surface (AIRS) is preferred to enhanced vertical 

resolution. 

The availability of Landsat-scale spatially consistent alfalfa in-situ LST was 

limited by the harvesting schedule of the field. After each harvest, LST 

measurements from the infrared radiometer are not consistent with the Landsat 

8 TIRS imagery since the area covered by the infrared radiometer is not harvested. 

Therefore, the data corresponding to these days for the alfalfa LST validation were 

discarded following the implementation of an NDVI threshold approach. Despite 

using this data separation technique, the difference between in-situ and satellite 

LST values remain considerably large, presenting LST differences of up to 4 K. The 

large bias (Table 2-1) might be explained by the different conditions that the 
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unharvested patch in the alfalfa field has in relation to the whole field. 

Furthermore, the Apogee radiometers could be a source of inaccuracies if their 

calibration has deviated from their optimal operating parameters.  

An obvious source of error could come in the form of discrepancies when 

comparing satellite pixels to point observations (Crow et al., 2012). Variations of 

subpixel surface geometry and shadows from the canopy are always present but 

rarely considered, resulting in emissivity and temperature variations that are 

combined into a single pixel (McCabe et al., 2008). These variations can interact in 

nonlinear ways, as the combined radiance depends on the surface materials and 

on the temperature distributions of each of those materials. The effect of mixed-

pixel response is apparent in the results, particularly over alfalfa (Figure 2-3) 

where the Landsat-derived LST consistently overestimates the in-situ LST (Figure 

2-5) as the Apogee radiometer is located near the center of the pivot. However, in-

situ monitoring remains the best way to evaluate these high-resolution LST 

retrievals, despite their limitations.  

2.5 Conclusion 

 
The influence of incorporating five different sources of atmospheric profile 

records for determining LST via the application of MODTRAN was examined. 

Overall, the best performing atmospheric profile for this particular arid-land site, 

relative to available in-situ measurements, was determined to be AIRS. The AIRS 

LST reflected an R2 value of 0.97 and an MAE of 1.2 K over bare soil. Given the 

stray light discrepancy that the Landsat CVT has reported, with an expected error 

for the TIRS band 10 of 0.87 K (±0.12 Wm-2sr-1μm-1) for the Northern 
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Hemisphere summer (Barsi et al., 2014), the 1.2 K MAE result over bare soil seems 

satisfactory. Our results were shown to be comparable to studies undertaken in 

similar climate zones, and could potentially be transferred to regions reflecting 

the local arid-land conditions. The results determined over the alfalfa crop were 

not as encouraging. A variety of sources of error are apparent, ranging from the 

accuracy of the in-situ radiometer to the representation of surface temperature 

conditions at the sub-pixel level as sensed by Landsat 8 TIRS. NCEP provides the 

best results over alfalfa, with an MAE of 3.3 K. However, taking the heterogeneity 

of the crop into account, the bare soil results are likely more reliable in identifying 

the best profile source for the region, as emissivity and mixed-pixel response 

could be playing a major role over the alfalfa field. 

Apart from examining the direct impact of using different profile data on 

LST retrievals, randomly distributed errors were introduced to better understand 

retrieval uncertainty, with results indicating differences in LST of up to 1 K for 

expected errors in emissivity and profile measurements, with relative humidity 

being the most sensitive parameter. This analysis also highlighted the challenges 

in modeling AOD efficiently in MODTRAN in the TIR bands. Errors of up to 20% in 

AOD resulted in LST errors below 0.25 K, while days with high AOD content in the 

validation study seem to be consistently underestimating the in-situ LST by 1-2 K 

(Figure 2-4). Additional work is needed to determine the accuracy of MODTRAN 

retrievals for particularly high AOD days in arid lands, as the larger energy 

emission in the region makes these inaccuracies relevant. 

Future work will need to focus on the use of the newly-corrected Landsat 

8 TIRS imagery that takes the stray light anomaly into account. Another aspect 



 78 

requiring attention is a detailed examination of the atmospheric water content 

within the surface layer. Significant amounts of water vapor (due to evaporation) 

are circulated within the first few hundreds of meters of the atmosphere in these 

arid-land irrigated environments. It is likely that this portion of the lower 

atmosphere is the most important in establishing the accuracy of TIR retrievals. 

Techniques to monitor and characterize the near-surface meteorology are the 

focus of ongoing investigations in the context of ultra-high resolution estimates of 

surface temperatures from unmanned autonomous vehicles and higher resolution 

satellite imagery. The following Chapter will explore the use of higher-resolution 

imagery through what is known as thermal sharpening.    
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Chapter 3       
 
Multi-scale Sharpening of Thermal Imagery Using a Regression 
Tree Approach 

This Chapter will focus on the use of a thermal sharpening technique that employs 

a regression-tree approach to sharpen (also known as downscale) thermal 

satellite imagery from MODIS and Landsat from 1000 m to 250 m, and from 100 

m to 30 m, respectively. Intermediate sharpening cases, including MODIS 500, 

250, and 100 m are also studied to examine scale related effects. Thermal 

sharpening is achieved by using reflectances derived from satellite data at a 

resolution higher than the available thermal imagery, and then constructing 

reflectance-radiance relationships built at the coarse TIR scale. To allow a 

seamless assessment, the Data Mining Sharpener (DMS) downscaling approach 

was also evaluated by aggregating Landsat LST to MODIS equivalent (as well as 

intermediate) resolutions. Results over two heterogeneous irrigated agricultural 

sites in Saudi Arabia show the DMS to be an appropriate way of acquiring higher 

resolution LST, particularly when thermal imagery approaches the 250 m spatial 

resolution. Thermal sharpening provides a relatively computationally inexpensive 

way of improving satellite thermal acquisitions, which are routinely coarser than 

their visible and near-infrared (VNIR) band counterparts.  
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3.1 Introduction  

Chapter 2 described the importance of LST as a key climate variable 

retrievable from satellite remote sensing platforms, offering insight into several 

global processes. However, thermal imagery from satellites have limitations in 

terms of both its spatial and temporal resolution, which constrains their ability to 

characterize complex landscapes through time. Despite the general lack of 

availability, regular in time retrieval of high spatial resolution (≤ 102 m) TIR 

imagery is of much interest in remote sensing applications. 

While there is capacity to obtain thermal infrared data from satellites at a 

relatively high spatial resolution (c.a. 100 m), the temporal resolution of these 

systems is rather low, with a revisit time of approximately 16 days (Chapter 2.1). 

Although there are other Earth observing TIR sensors that are available at more 

frequent intervals, these are compromised by much coarser spatial resolutions on 

the order of a kilometer or more. For example, there exist both polar orbiting and 

geostationary systems that provide frequent-observing platforms at daily and 

even up to every 15 minute resolutions. However, while the MODIS platform 

(Jacob et al., 2004), with its 1 km spatial resolution for TIR and 250 m for the 

visible and near-infrared (VNIR) bands, provides data twice-daily (day and night), 

the coarse TIR spatial resolution makes it unsuitable for providing agricultural 

information at the field scale (McCabe & Wood, 2006). Figure 2-3 (Chapter 2) 

provides a clear example of this problem, as the variation of land cover in these 

farms is difficult to observe at the 1 km spatial resolution. This limitation is 

exacerbated in the case of geostationary platforms, which provide a high-temporal 

repetition capable of resolving the diurnal cycle, but only at the expense of a 

spatial resolution on the order of several kilometers.  
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Apart from MODIS, there are a range of thermal infrared satellite sensors 

available for the retrieval of TIR data, including sensors onboard satellites such as 

the Visible Infrared Imaging Radiometer Suite (VIIRS) (Guillevic et al., 2014), the 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) 

(Gillespie et al., 1998), Sentinel-3 (Donlon et al., 2012), Landsat (Chapter 2.2.3) 

(Wang et al., 2015), as well as several geostationary satellites including Meteosat 

(Schmetz et al., 2002). In general, satellite platforms usually have fewer thermal 

sensors than optical sensors, and the spatial resolution of these sensors is 

normally lower than their optical counterparts, resulting in a mixed-pixel ground 

signal acquired by the thermal sensor (Zhan et al., 2013) that is more evident than 

in optical sensors.  

The mixed-pixel signal in the TIR region is known as the “thermal mixture 

effect”, which can be defined as the blending of multiple thermal signals derived 

from different components into a larger thermal pixel (McCabe et al., 2008). In 

order to address this issue, the sharpening of coarser spatial resolution thermal 

imagery is an active field of study. Such downscaling or sharpening approaches 

have also been referred to as disaggregation or downscaling techniques in recent 

works (Gao et al., 2012). Early attempts at improving the utility of coarse thermal 

imagery started with relatively simple linear regression based approaches, such 

as those described by Nishii et al. (1996); Tom et al. (1985) illustrated their ease 

of implementation and robustness, although they inevitably failed to adequately 

address any nonlinear relationships between the signals reflected and emitted by 

surfaces (Zhan et al., 2013).  

Taking a different approach to disaggregation, Mariethoz et al. (2010) 

developed the direct sampling algorithm, which generates stochastic fields that 
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can present complex statistical and spatial properties. In most cases, these 

complex properties are inferred from a training image. However, Mariethoz et al. 

(2012) has shown that this method can also work without the use of training 

images if a large portion of the domain is known.   

Physically based radiative transfer methodologies have also been used to 

sharpen thermal imagery. Merlin et al. (2012) developed a technique based upon 

a linearized radiative transfer equation that ingests fractional green and senescent 

vegetation cover, fractional open water, and soil hydric status. The weight of each 

parameter in this approach can be quantified accordingly. Results using 

aggregated ASTER thermal imagery (1 km sharpened to 90 m) over the 

Coleambally Irrigation Area in south-eastern Australia, showed errors (RMSE) of 

1.16 K with a correlation coefficient value of 0.89. However, when applying this 

technique to MODIS temperature data at 1 km and sharpened to 250 m, the RMSE 

between MODIS and ASTER was 3 K, with a correlation coefficient of 0.52. Merlin 

et al. (2012) attribute this error to the discrepancy at the 1 km spatial resolution 

between the MODIS and ASTER thermal data.  

The spatial disparity between the resolution of optical and TIR sensors has 

also been exploited in the downscaling of TIR imagery, with the assumption that 

variability in surface temperature is (in part) driven by the variability in 

observable land cover changes. Indeed, the relationship between TIR imagery and 

vegetation indices (VIs) has been used in a number of remote sensing based 

energy balance models (Gillies & Carlson, 1995; Price, 1990). One example is that 

proposed by Kustas et al. (2003), which describes a technique referred to as 

TsHARP. The TsHARP algorithm uses NDVI-TIR relationships to sharpen TIR 

imagery to the resolution of the VNIR bands that constitute NDVI. Kustas et al. 
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(2003) used a second-degree polynomial least squares regression for the 

description of NDVI-TIR relationships and obtained errors of ~1.5 K when 

sharpening 1550 and 770 m TIR imagery to 250 m. Despite being useful, recent 

studies (Dominguez et al., 2011; Inamdar et al., 2008; Zakšek & Oštir, 2012) have 

shown that the relationships between temperature and NDVI (and other VIs) may 

only exist for particular classes of land cover encompassing vegetated and mostly 

homogeneous air and soil conditions.  

In order to avoid the dependence on VIs and other higher order input 

products (e.g., albedo, emissivity, land cover type), Gao et al. (2012) developed a 

robust sharpening technique that does not need VIs or higher order data products 

as input, but instead relates TIR temperature directly to available VNIR spectral 

data using a regression tree approach. This data-mining sharpening method 

(DMS) (Gao et al., 2012) has been successfully implemented in an irrigated 

agricultural area over complex terrain, with an MAE of ~1 K for a sharpening of 4 

times the original coarser image (e.g. sharpening from 120 m to 30 m): hereafter 

referred to as sharpening ratio. Larger sharpening ratios (up to 16, or 960 m to 60 

m) were also tested in Gao et al. (2012). However, these larger sharpening ratios 

consistently produced larger errors in the estimation of sharpened LST, having an 

MAE of 1.67 K for a sharpening ratio of 8 over a complex terrain example, 

compared to having an MAE of 0.78 for a sharpening ratio of 2. It is important to 

note that this study was limited to 5 Landsat scenes covering rainfed (3), irrigated 

(1), and heterogeneous (1) sites. More recent work by Bisquert et al. (2016) 

studied the performance of the DMS using MODIS and Landsat 7 imagery over 

Barrax, Spain. The region includes an experimental farm, as well as being used by 

the European Space Agency as a test site for the SEN2FLEX (Sobrino et al., 2008) 
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and DAISEC (Berger et al., 2001) international campaigns. The authors found that 

the DMS algorithm had an average RMSE of 2.48 K across DOYs 67, 163, 195, and 

202 in 2014 at a sharpening ratio of 16 (960 to 60 m).  

In this analysis, we seek to evaluate the performance of the DMS over an 

arid irrigated agricultural landscape in Saudi Arabia. We do this by downscaling 

MODIS LST using the reflectance bands from the same platform, and then 

employing Landsat TIR imagery as an independent source to evaluate the DMS 

algorithm performance. The typical thermal-to-VNIR resolution ratio for sensors 

onboard the same satellite platform varies from 2 to 6 (Gao et al., 2012; Roy et al., 

2014). Therefore, to explore the challenges associated with real-life thermal-to-

VNIR resolution ratios in thermal sharpening, thermal imagery from MODIS and 

Landsat was sharpened from 1000 m to 250 m, and from 100 m to 30 m, 

respectively. Intermediate sharpening cases, including MODIS at 500, 250, and 

100 m spatial resolutions were also studied. Due to the lack of suitable time-

coincident MODIS and Landsat data, synthetic MODIS LST were prepared by 

aggregating Landsat LST and then applying the DMS. The results from different 

sharpening ratios might be helpful in informing satellite mission design intending 

to cover challenging environments (e.g. arid lands). 

3.2 Data and Methodology 
 

3.2.1 Study site  

The study was undertaken over two similar, but geographically distinct 

landscapes, in Saudi Arabia. A preliminary investigation was first carried out over 

the Tawdeehiya Farm, which is described in detail in Chapter 2.2.1. In addition to 

the Tawdeehiya Farm, further analysis was undertaken in the Al Jouf province in 
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northern Saudi Arabia. The Al Jouf farmland region (also known as Tubarjal or 

Tabarjal; see Figure 3-1) is located at an approximate latitude and longitude of 

30.27° and 37.97°, and has been exploiting fossil groundwater resources over the 

last 30 years to grow crops in the desert. Similar to the Tawdeehiya Farm, 

groundwater is reached by deep drilling [150 m] and pumped onto agricultural 

fields via center-pivot sprinklers. The region has experienced a dramatic land 

cover change over the last 30 years, from practically bare soil prior in the year 

1987 to encompass approximately 460,000 ha of agricultural fields (Gomaa, 2012) 

(Figure 3-2). The variety of crops cultivated in the region include wheat, barley, 

alfalfa, sorghum, as well as fruits and vegetables such as watermelon, carrot and 

lettuce. The Al Jouf region is characterized by a dry climate, with a hot summer 

and cool winter, ranging from 10 °C during January and 34 °C during August, with 

a mean annual rainfall of 55 mm (Gomaa, 2012).  

3.2.2 Satellite data 

MODIS. The Collection 6 (C6) MODIS LST product (MOD11) used in this 

study is derived from radiance data collected by the MODIS Terra satellite 

platform. Terra data is used for the derivation of a number of satellite products, 

some of which have been utilized in Chapter 2 (MOD07 and MOD08; Chapter 

2.2.4). The MOD11 C6 product is retrieved at a 1 km spatial resolution by means 

of a generalized split-window algorithm at a daily scale. The accuracy of the 

MOD11 Collection 5 (C5) has previously been evaluated  by Coll et al. (2009) by 

comparing ground LST measurements against the MOD11 product over 

homogeneous rice fields in Valencia, Spain and over the Hainich forest in 

Germany. The authors found an average bias (MODIS satellite minus ground) of -
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0.3 K and an RMSE of ±0.7 K. A more recent study over bare soil undertaken by 

Duan et al. (2017) found the absolute biases from MOD11 C6 product to be 0.2-

1.5 K when compared to ASTER LST, which is approximately two times less than 

those of the differences between the MOD11 Collection 5. As a result, that study 

recommend the use of MOD11 C6 instead.  

In addition to the MOD11 product, shortwave visible and near-infrared 

information is required for application of the DMS algorithm (Chapter 3.2.3). The 

MOD09 product provides such information through several reflectance products 

available at 500 m and 250 m spatial resolution in a daily and 8-day gridded 

product in the sinusoidal projection. The VNIR data in the MOD09 8-day 500 m 

product (MOD09A1) includes 620-670 nm (Band 1, Red), 841 to 876 nm (Band 2, 

NIR), 459-479 nm (Band 3, Blue), 545–565 nm (Band 4, Green), 1230-1250 nm 

(Band 5), 1628-1652 nm (Band 6), and 2105-2155 nm (Band 7).  In contrast, the 

MOD09 8-day 250 m product (MOD09Q1) includes the red and NIR spectral 

bands. All the data from MODIS Terra and Aqua is available online at 

https://lpdaac.usgs.gov/data_access/data_pool. 

 

https://lpdaac.usgs.gov/data_access/data_pool
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Figure 3-1. The Tubarjal agricultural region, located in northern Saudi Arabia at an approximate latitude and longitude of 30.27° and 
37.97°. Landsat 8 (Path 172 Row 39) provides coverage of the area every 16 days. The right-hand side of the image shows the land surface 
temperature (LST) in degrees Celsius for day of year (DOY) 90 in 2013. Each center-pivot field is approximately 800 m in diameter. 
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Figure 3-2. Landsat 4 and 5 TM, and Landsat 7 ETM+ imagery (bands 7, 4, and 2) over the region of Al Jouf, depicting the continued growth 
of the agricultural area. Healthy vegetation appears bright green. The total agricultural region consists of approximately 460,000 ha 
(Gomaa, 2012). Images are from https://www.nasa.gov/images/content/634811main_Wadi_Saudi-4panel_lg.jpg 

https://www.nasa.gov/images/content/634811main_Wadi_Saudi-4panel_lg.jpg
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Landsat 8. The Landsat 8 TIR data used in this study is described in 

Chapter 2.2.3. TOA Reflectance data derived from Landsat 8 were used following 

USGS (2016): 

Equation 3-1 

𝜌𝜆′ = 𝑀𝜌𝑄𝑐𝑎𝑙 + 𝐴𝜌 

where 𝜌𝜆′ is the TOA planetary reflectance, without correction for solar angle, 𝑀𝜌 

is the band-specific multiplicative rescaling factor from the metadata 

(REFLECTANCE_ MULT_BAND_X, where X is the band number), 𝐴𝜌 is the band-

specific additive rescaling factor from the metadata (REFLECTANCE_ 

ADD_BAND_X, where X is the band number), 𝑄𝑐𝑎𝑙  is the quantized and calibrated 

standard product pixel values (DN). In order to correct for solar angle, the 

following expression is used: 

Equation 3-2 

𝜌𝜆 =
𝜌𝜆′

𝑐𝑜𝑠(𝜃𝑆𝑍)
=

𝜌𝜆′

𝑠𝑖𝑛(𝜃𝑆𝐸)
 

where 𝜌𝜆 is the TOA planetary reflectance, 𝜃𝑆𝐸  is the local sun elevation angle, and 

𝜃𝑆𝑍 is the local solar zenith angle; 𝜃𝑆𝑍 = 90∘ − 𝜃𝑆𝐸. The scene center sun elevation 

angle in degrees is provided in the metadata (SUN_ELEVATION). The reflectance 

data derived from Landsat 8 are used to build LST-reflectance rules in the DMS 

algorithm (Chapter 3.2.4).  

3.2.3 Data Mining Sharpener (DMS) 

The Data Mining Sharpener (DMS) is designed to sharpen coarser thermal 

imagery by utilizing available VNIR band information that is usually available from 

the same satellite platform. Generally, thermal infrared bands onboard satellite 

platforms have a coarser resolution than their VNIR counterparts. For example, 
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Landsat 8 (and many of its predecessors) provides thermal infrared bands at 100 

m spatial resolution (resampled to 30 m), while the VNIR bands are available at 

30 m spatial resolution. 

Taking advantage of this property, the DMS approach uses the reflectances 

from the shortwave visible and the near-infrared spectral bands as independent 

variables in order to build relationships between the VNIR and the TIR data. To do 

this, reflectance data are first aggregated to match the coarser TIR band pixel 

resolution. Then, high quality (identified as homogeneous, Equation 3-5) land 

surface temperature and coarse-resolution (aggregated) reflectance (R) data are 

used to build the LST-R relationship leveraging a regression tree method. The 

regression tree method generates rule-based linear multivariate regressions that 

are then applied to fine resolution VNIR spectral reflectance to predict TIR 

temperature at the finer pixel resolution (Figure 3-3).  In the final step, the 

predicted LST from the T-R regression tree at fine resolution are aggregated to the 

original TIR resolution following the Stefan-Boltzmann law and a conversion to 

radiance: 

Equation 3-3 

𝑗∗ = 𝜀𝜎𝑇4 

where 𝑗∗ is the black-body radiance, 𝜀 is the emissivity, 𝜎 is the Stefan-Boltzmann 

constant, and 𝑇 is the LST in K. Since emissivities at the fine resolution are typically 

not available, we can assume that the emissivities of adjacent pixels are similar 

and thus, the aggregated temperature can be calculated as follows: 

Equation 3-4 

𝑇𝑎𝑔𝑔 = √
1

𝑛
∑ 𝑇𝑖

4
𝑛

𝑖=1

4
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where 𝑛 is the total number of fine resolution pixels in the coarse resolution cell. 

The differences (residuals) at the aggregated resolution are then redistributed 

across the sharpened LST values within each coarse pixel to guarantee that the 

aggregation of the high-resolution LST matches the original coarse values.  

 

Figure 3-3. Data Mining Sharpener workflow (Gao et al., 2012). TIR (LST) and 
reflectance (R) relationships are built from homogeneous LST-R samples using a 
regression tree approach that creates rules on both a local and global model. 
Afterwards, the two models are combined to calculate sharpened LST. 

The DMS utilizes a global and a local model, where the global model creates 

rules based on the entirety of the image, while the local model uses a moving 

window. Different window sizes can be evaluated, where local regressions are 

determined and applied to coarse pixels within that window. Homogeneous pixels 

at the fine resolution are preserved in the training process on the basis of the 

averaged coefficient of variation of the sub-pixel reflectances as follows: 

Equation 3-5 

𝐶𝑣 =
1

𝑛
∑

𝜎𝑖

𝜇𝑖

𝑛

𝑖=1
 



 92 

where 𝑖 represents the spectral band, 𝑛 is the total number of spectral bands, 𝜎 

and 𝜇 are the mean and standard deviation of the fine resolution reflectances 

within the coarse resolution pixel. As the equation describes, the smaller the 𝐶𝑣 

value, the purer the sample. In reality, a purely homogenous pixel (𝐶𝑣 = 0) is not 

common. Following this, the criteria for pure homogeneous samples can be varied, 

but is usually defined as below 20% (𝐶𝑣 < 0.2). Gao et al. (2012) found that the 

20% threshold for 𝐶𝑣 resulted in 80-90% of the pixels being classified as useful in 

the study cases investigated.  

3.3 Results 
 

3.3.1 MODIS downscaling 

Tubarjal Region. MODIS LST from the MOD11 product (1 km spatial 

resolution) were sharpened to 250 m by using the available reflectance bands 

from the Terra satellite platform using the DMS approach described in Chapter 

3.2.3. First, LST from MODIS Terra were sharpened to the Surface Reflectance 8-

day L2G 500 m product (MOD09A1) using Bands 1-7. The resulting 500 m LST 

was further sharpened to the Surface Reflectance 8-day L2G Global 250 m product 

(MOD09Q1) using Bands 1-2. Landsat data were corrected for atmospheric effects 

using the atmospheric radiative transfer model MODTRAN (see Chapter 2.2.7), 

with atmospheric profiles derived from the MOD07 product (Chapter 2.2.4). The 

MOD11 and MOD09 products were resampled to the Universal Transverse 

Mercator (UTM) projection using the MODIS Reprojection Tool (MRT) (Dwyer & 

Schmidt, 2006).   
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The geographic position of the Al Jouf farms, combined with the acquisition 

days of MODIS and Landsat, results in a high variability in the MODIS off-nadir 

view angle for the majority of the matching Landsat 8 overpasses. The increased 

view angle produces a larger pixel size due to the bow tie effect (Figure 3-4). Over 

the Al Jouf region, the MODIS view angle can reach values larger than 60 degrees 

off-nadir, resulting in larger pixel sizes of approximately 5 km (Figure 3-5 top). In 

addition, some MODIS scenes are composed of two different MODIS acquisitions, 

producing large LST differences between MODIS and Landsat (Figure 3-6).    

 

Figure 3-4. Bow tie effect results in larger MODIS pixels particularly at the edge 
of the swath, reaching up to 5km in length. Image taken from the NASA Official 
website at https://darktarget.gsfc.nasa.gov/algorithm. 

As can be seen in Figure 3-5 (bottom) and Figure 3-6 (bottom), the DMS 

algorithm is unable to accurately represent the MODIS LST at the 250 m resolution 

when compared to Landsat. The inability of the DMS algorithm to reproduce the 

finer resolution MODIS LST stems from the low quality of the MODIS LST input, 

having a larger pixel size than the expected resolution (1 km). Similarly to the 

MODIS LST, the MODIS reflectance inputs (MOD09A1 and MOD09Q1) employed 

by the DMS suffer from the bow tie effect, further increasing the errors in the DMS.

https://darktarget.gsfc.nasa.gov/algorithm
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Figure 3-5. MODIS Terra LST (MOD11) and aggregated Landsat 8 for DOY 100 in 2013 over the Tubarjal region of northern Saudi Arabia. 
The top panel shows the LST at 1 km spatial resolution for MODIS, aggregated Landsat, and the MODIS minus Landsat residuals. The 
bottom panel shows the LST at a 250 m spatial resolution for MODIS (using the DMS algorithm) and Landsat (aggregating the 90 m original 
resolution to 250 m). The view angle from MODIS is 61.34 degrees off- nadir, resulting in a pixel size close to 5 km. Temperatures are in 
degrees Kelvin. 
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Figure 3-6. MODIS Terra LST (MOD11) and aggregated Landsat 8 for DOY 299 in 2013 over the Tubarjal region of northern Saudi Arabia. 
The top panel shows the LST at 1 km spatial resolution for MODIS, aggregated Landsat, and the MODIS minus Landsat residuals. The 
bottom panel shows the LST at a 250 m spatial resolution for MODIS (using the DMS algorithm) and Landsat (aggregating the 90 m original 
resolution to 250 m). The view angle from MODIS is 64.27 degrees off- nadir, resulting in a pixel size close to 5 km. The MODIS scene is 
composed of two swaths, resulting in large temperature differences between Landsat and MODIS. Temperatures are in degrees Kelvin
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The inability of the DMS to accurately predict fine MODIS LST on DOYs with 

a large view angle is further evidenced by the LST distribution on these days. 

Figure 3-7 depicts density scatter plots for DOYs 100 and 299, with an R2 value of 

0.42 and 0.04, respectively. For DOY 100, MODIS and Landsat LST are not 

generally coincident, particularly at the lower temperature values as evidenced by 

the box-like shape in Figure 3-7 (left). Low MODIS LST values (around 300 K) 

correspond to nearly the range of Landsat LST values for DOY 100. Similarly to 

DOY 100, low MODIS LST values (around 295 K) for DOY 299 correspond to the 

majority of the range of Landsat LST values.  

Despite the routinely coarser LST pixels from MODIS, a scene with a 

relatively small off-nadir angle is still available. The scene for DOY 90 in 2013 has 

an off-nadir angle of 15°, with this angle resulting in a pixel resolution closer to 

Figure 3-7. Density scatter plot of scale consistent (250 m) Landsat 8 LST and 

MODIS LST for DOY 100 (left) and DOY 299 (right) 2013 over the Al Jouf region. 

The scatter density plot increases from black to white (left to right), where red, 

yellow, and white colors correspond to higher densities. Temperatures in degrees 

Kelvin. 



 97 

the reported 1 km spatial resolution for the MOD11 product. Figure 3-8 shows the 

Landsat 8 LST and the MOD11 for DOY 90 over the Tubarjal area. The top panel 

shows the LST at 1 km spatial resolution for MODIS, aggregated Landsat for 

comparison (also 1 km spatial resolution), and the MAE (MODIS minus Landsat) 

between them. The bottom panel shows the LST at a 250 m spatial resolution for 

MODIS (using the DMS algorithm) and Landsat (aggregating the original 100 m 

resolution to 250 m, following Equation 3-4).  

A density scatter plot for DOY 90 at both the 1 km and 250 m resolutions is 

shown in Figure 3-9. A downscaling ratio of 2 (1 km to 500 m) for this region 

results in an MAE of 2.16 K and R2 of 0.55 between MODIS and Landsat (MODIS 

minus Landsat), while a downscaling ratio of 4 (1 km to 250 m) results in an MAE 

of 2.35 K and R2 of 0.56. The moving window size used in the TIR analysis was set 

to 10 pixels as recommended by Gao et al. (2012) for heterogeneous sites, with 

𝐶𝑣 = 0.2 (Equation 3-2). The results for a sharpening ratio of 2 (1 km to 500 m) 

are larger than the findings of Gao et al. (2012), whose downscaling from 120 to 

60 m resulted in MAEs of 0.56, 0.47, and 0.35 K and R2 values of 0.97, 0.97, and 

0.94 for three different scenes over a relatively homogeneous rainfed agricultural 

area. It is important to recognize that the sharpening ratio of 2 from the Gao et al. 

(2012) study corresponds to a much higher spatial resolution sharpening than 

that undertaken here, with the expectation of greater spatial detail being retained 

in the imagery. In addition, the difference in landcover (relatively homogeneous 

in the Gao et al. (2012) study) certainly can influence the better performance in 

the Gao et al. (2012) study. For a sharpening ratio of 4 applied to the MODIS bands, 

larger errors were found. This result is expected as the coarser the pixels, the 
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larger the amount of mixed spectral signals the sensor observes. The results for 

the 1 km to 250 m sharpening undertaken in our study (MAE of 2.35 K and R2 of 

0.56) were also poorer than the corresponding sharpening ratio of 4 (240 m to 60 

m) in the Gao et al. (2012), who presented MAE of 0.78, 0.64, and 0.48 K, and R2 

values of 0.94, 0.95, and 0.88 for the previously mentioned rainfed scenes.  

Over an irrigated agricultural area, Gao et al. (2012) found the DMS 

algorithm to perform better at the same sharpening ratio, albeit at a different 

resolution (960 to 240 m) from the rainfed study. The MAE value over the 

irrigated agricultural land was found to be 0.58 K for a single Landsat scene. The 

differences between the MAEs and R2 values from our study and those found by 

Gao et al. (2012) can certainly be attributed to the coarser pixel sizes examined 

over the Tubarjal area. Additionally, the Landsat scene over the irrigated 

agricultural land in the Gao et al. (2012) analysis is reported to have a mean LST 

of 298 K, with a standard deviation of 2.5 K. Therefore, the LST difference between 

the Al Jouf region (Figure 3-8 and Figure 3-9) and the Gao et al. (2012) study, 

which reaches 6 degrees on average, could be affecting the performance of the 

DMS algorithm. Another important difference is the nature of the LST source. The 

Gao et al. (2012) is providing results using synthetic data for the coarse resolution 

LST, whereas the study presented here is using MODIS LST as the source of the 

coarse resolution LST. 

In the cases examined here, the coarse resolution of the MODIS LST (1 km) 

makes it challenging for the platform to provide thermal infrared information at 

the field scale, since the diameter of the irrigated center pivot fields is of the same 

order (approx. 800 m). Given the nature of the DMS algorithm, homogenous 
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samples (that are the foundation of the T-R relationships) are therefore harder to 

obtain without thermal information at the sub-pixel scale. In addition to the LST 

differences observed due to the difference in pixel size, further errors are 

apparent in the form of differences between the MODIS and Landsat LST products. 

When aggregating the Landsat 8 LST to the resolution of MODIS (Equation 3-4), 

the MAE is 1.76 K and R2 is 0.71. Taking the LST difference between MODIS and 

Landsat into account, we could expect the DMS algorithm to provide better results 

(when compared to Landsat LST) if the LST products showed no bias.  
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Figure 3-8. MODIS Terra LST (MOD11) and aggregated Landsat 8 for DOY 90 in 2013 over the Tubarjal region of northern Saudi Arabia. 
The top panel shows the LST at 1 km spatial resolution for MODIS, aggregated Landsat, and the MODIS minus Landsat residuals. The 
bottom panel shows the LST at a 250 m spatial resolution for MODIS (using the DMS algorithm) and Landsat (aggregating the 90 m original 
resolution to 250 m). Temperatures are in degrees Kelvin.
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Figure 3-9. Density scatter plot of scale consistent Landsat 8 LST and MODIS LST 
at 1 km (left) and 250 m (right) spatial resolution for DOY 90 in 2013, over the 
Tubarjal area. The scatter density plot increases from black to white (left to right), 
where red, yellow, and white colors correspond to higher densities. Temperatures 
in degrees Kelvin. 

Tawdeehiya Arable Farm.  Similarly to the Al Jouf region, time-coincident 

MODIS and Landsat data over the Tawdeehiya Farm are not available (Figure 

3-10) during the period of analysis. Coincident MODIS LST with Landsat 8 

overpasses are either at the edge of the swath (Figure 3-10, top) or completely 

miss the farm (Figure 3-10, bottom). All of the MODIS LST available scenes for 

2015 suffer from this effect. Therefore, synthetic MODIS LST were prepared by 

aggregating the Landsat LST following Equation 3-4. Several sharpening ratios (2, 

4, and 8) were studied, along with different thermal resolutions encompassing 

thermal data from 960 m (MODIS-like) to 240 m. In addition, Landsat LST at 120 

m resolution was also sharpened by using the reflectance bands sensed by the 

Operational Land Imager (OLI) sensor.  
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While the satellite-sensor-surface related bow tie effect (Figure 3-4) 

presents a challenge in terms of downscaling, a more problematic issue is the 

complete lack of MODIS data as a consequence of orbital configuration (Figure 

3-10, bottom). At the time of Landsat 8 overpass in the Tawdeehiya Arable Farm, 

MODIS Terra does not collect imagery over the farm, resulting in a no useable data 

for the entirety of the study undertaken in Chapter 2 (year 2015). While the 

MODIS Aqua satellite could provide some insight into the conditions at the farm, 

the temporal discrepancy of 3 hours between Landsat 8 and MODIS Aqua (10:30 

am local time for Terra, 1:30 pm local time for Aqua) would make the comparison 

of LST an unrealistic proposition. In addition to the difference in overpass time, 

MODIS Aqua is not necessarily available at a better view-angle than MODIS Terra.  

In this case, the DMS algorithm is better evaluated using synthetic MODIS-

like LST imagery. The necessary synthetic LST data was produced by aggregating 

Landsat 8 LST (following Equation 3-4) derived from MODTRAN and the AIRS 

atmospheric profile, as discussed in Chapter 2.3. Landsat LST from the AIRS profile 

has been found to be the best source of remotely sensed atmospheric profile data 

in dryland irrigated systems  (Rosas et al., 2017). As described in Chapter 2 (Figure 

2-1), Landsat 8 is able to observe the farm every 8 days, in contrast to the reported 

16-day coverage (Figure 3-25). However, the western part of the farm is only 

visible on the standard 16 days repeat cycle.  

A total of 37 Landsat scenes for the year 2015 are available over the 

Tawdeehiya Farm, ranging from DOY 009 to 361. Most of the available scenes 

match the days when in-situ LST in bare soil and alfalfa was being monitored (see 

Figure 2-5 in Chapter 2.3.1). 
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Figure 3-10. MODIS LST (MOD11A1) product over the Arabian Peninsula for the 
year 2015 DOYs 121 (top) and 112 (bottom). Coincident MODIS LST with Landsat 
8 overpasses are either at the edge of the swath (top) or are completely missed 
(bottom). Pixels at the edge of the swath are also subject to the “bow tie” effect 
(Figure 3-4). All of the MODIS LST available scenes for 2015 suffer from this effect. 
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LST was first aggregated from its 100 m resolution (provided as a 

resampled 30 m product) to 1 km (960 m) to create the MODIS-like LST imagery. 

Similar to the MODIS analysis described above, the moving window size (in TIR 

resolution) was set to 10 pixels as recommended by Gao et al. (2012) for 

heterogeneous sites, with 𝐶𝑣 = 0.2 (Equation 3-2). Preliminary analysis also 

supports this value for the heterogeneous Tawdeehiya site. Three different 

sharpening ratios were analyzed, including 2, 4, and 8 (480 m, 240 m, and 120 m, 

respectively).  

Thermal sharpening from 960 m to 480 m (sharpening ratio of 2) resulted 

in an MAE of 0.86 K across all the Landsat scenes, with a standard deviation of 0.22 

K (Table 3-1). Despite a relatively low MAE for the scene, larger errors were 

observed over vegetation than over bare soil (Figure 3-11). A greater difference 

between DMS-derived LST and the reference aggregated Landsat-derived LST is 

apparent in DOYs with a larger average temperature (i.e. in the summer). Overall, 

the average RMSE and R2 for a sharpening ratio of 2 are 1.34 K and 0.80, 

respectively (Table 3-1). Despite some apparent influence of land cover in the 

DMS-derived LST, this is not distinctively visible at the aggregated resolution of 

480 m due to the increased mixing of soil and vegetation pixels (Figure 3-11). 

Table 3-1. Average statistical results outlining the level of agreement between the 
(aggregated) Landsat-derived LST and the DMS-derived LST for 3 different 
sharpening ratios (2, 4, and 8) at 960 m spatial resolution over the 37 available 
Landsat scenes.  

Resolution MAE MAE 
ME 

(Bias) 
ME RMSE RMSE 𝐑𝟐 𝐑𝟐 

960 to 120 m 1.28 0.43 0.02 0.02 1.99 0.70 0.68 0.18 

960 to 240 m 1.17 0.39 0.01 0.02 1.83 0.68 0.70 0.15 
960 to 480 m 0.86 0.22 0.00 0.02 1.34 0.40 0.80 0.10 
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Figure 3-11. DMS-derived LSTs from 960 to 480 m for DOY 32, 160, 224, and 320 
in 2015. The left column shows the DMS-derived LST, while the middle column 
shows the difference between the DMS-derived LST and the aggregated Landsat-
derived LST. The right column shows the NDVI at 480 m resolution calculated 
from the Landsat 8 red and near-infrared bands for the same day. Temperatures 
are in degrees Kelvin.  

The thermal signal mixing seems to be positively influencing the 

performance of the DMS over vegetation, since the temperature variation at the 

coarser spatial resolution (960 m) is reduced. Considering the DMS performance 

at a sharpening ratio of 4 (960 to 240 m, Figure 3-12), land cover differences start 

to become apparent in the LST maps. The observed MAE over the entire study 

period and including all pixels within the Landsat scene is 1.17 K, larger than that 

for the sharpening ratio of 2 at the same thermal resolution. 
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Figure 3-12. DMS-derived LSTs from 960 to 240 m for selected DOYs in the year 
2015. The left column shows the DMS-derived LST, while the middle column 
shows the difference between the DMS-derived LST and the original Landsat-
derived aggregated LST. The right column shows the NDVI at 240 m resolution 
calculated from the Landsat 8 red and near-infrared bands for the same day. 
Temperatures in degrees Kelvin. 
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The relatively low MAE over the entire farm obscures the vegetation-based 

assessment.  Larger temperature differences (than the farm-wide MAE) are seen 

in the individual vegetated fields (Figure 3-12). By applying a land cover mask 

(Figure 3-13) to the imagery and ignoring the differences between the DMS and 

the reference LST over soil, the MAE for the study period increases from 1.17 K for 

the entire scene to 2.66 K for the pixels identified as vegetated fields. Larger errors 

in the estimation of LST are expected as the sharpening ratio increases, since the 

relationship between LST and the VNIR bands becomes weaker. In other words, 

the representative homogeneous samples that the DMS depends on are harder to 

obtain at the MODIS-like LST resolution (960 m), since the center-pivot fields are 

almost the same as the coarse LST resolution. 

 

Figure 3-13. Land cover map at 30 m spatial resolution over the study area. The 
lighter blue color represents alfalfa, turquoise represents grass, green represents 
carrots, orange represents corn, and yellow represents fields without crops. Dark 
blue represents bare soil. 

In order to examine whether a seasonal trend influences the DMS output 

throughout the year, a seasonal analysis encompassing 3 months per period 
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(January-February-March; April-May-June; July-August-September; and October-

November-December) was performed. MAE, RMSE, and R2 values were calculated 

for each period. Figure 3-14 shows the 37 scenes divided into their respective 3-

month periods.  

The seasonal analysis shows that the hotter July-August-September (JAS) 

months are prone to larger errors over the vegetated areas, whereas the colder 

April-May-June (AMJ) and October-November-December (OND) months appear to 

have reduced errors. Interestingly, the DMS-derived LST seems to be consistently 

underestimating the Landsat-derived LST by up to 5 K over the two agricultural 

fields with no vegetation (Figure 3-14, left), along with a field just north of the 

easternmost grass field. The relatively large spatial resolution (240 m) makes it 

challenging to properly identify the agricultural fields.  

The temporal trend is also visible when comparing all of the available 

pixels during each period. Figure 3-15 shows scatter plots of DMS-derived and 

Landsat-derived LST for the JFM, AMJ, JAS, and OND periods. The R2 value for the 

JFM period is 0.95, with an MAE of 0.92 K and RMSE of 1.39 K. As the days get 

warmer (AMJ period), the performance of the DMS algorithm decreases. R2, MAE, 

and RMSE are equal to 0.93, 1.14 K, and 1.85 K, respectively. During the hotter 

summer months (JAS period), the performance of the DMS algorithm is the worst. 

R2 decreases to 0.78, while MAE and RMSE increase to 1.44 K and 2.37 K, 

respectively. In addition to the detriment of the statistical parameters during the 

JAS period, Figure 3-15 (bottom-left) shows more LST-pairs away from the unity 

line, with some values differing by over 20 K. Finally, during the colder OND 

period, the DMS algorithm returns to performing well. R2 during this period 
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increases to 0.97, while the MAE and RMSE decrease to 1.02 K and 1.64 K, 

respectively. The seasonal trend in this dryland region is clearly affecting the 

output of the DMS algorithm at this sharpening ratio, performing noticeably better 

Figure 3-14. DMS-derived LSTs from 960 to 240 m for four seasonal periods in 

2015, covering January-March (JFM), April-June (AMJ), July-September (JAS) 

and October-December (OND). The left column shows the DMS-derived LST, 

while the middle column shows the difference between the DMS-derived LST 

and the aggregated Landsat-derived LST. The right column shows the NDVI at 

240 m resolution calculated from the Landsat 8 red and near-infrared bands for 

the same period. Temperatures in degrees Kelvin. 
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during the colder months (JFM and OND periods), while decreasing significantly 

during the warmer month (JAS period).  

By increasing the sharpening ratio to 8 (960 to 120 m, Figure 3-16), the 

agricultural fields are visually identifiable. The MAE for all the scenes increases to 

an average of 1.28 K (from 1.17 K for a sharpening ratio of 4). This is accompanied 

by a decrease in the average R2 value to 0.68, compared to 0.7 for the sharpening 

ratio of 4. In addition, the MAE over vegetation also increased from 2.66 K (960 to 

240 m) to 2.94 K, reaching values of up to 8 K over the bare soil fields during the 

summer period (Figure 3-16). Clearly, the larger sharpening ratio, in combination 

with the coarse input LST, makes the identification of homogenous samples in the 

DMS algorithm even more challenging. Similar problems to the previous smaller 

sharpening ratios are apparent, particularly over the bare fields but also over the 

rest of the fields. Furthermore, the problems with hotter scenes leading into larger 

temperature differences become more apparent at this larger sharpening ratio.  

Figure 3-17 shows scatter plots of the seasonal analysis during the four 

different periods (JFM, AMJ, JAS, and OND). In addition, Figure 3-17 (bottom-left) 

shows the warmer JAS period and the overall poorer performance, evidenced by 

the lower R2, and higher MAE and RMSE values, compared to the other periods. R2 

during the JAS period is 0.78, while MAE and RMSE are 1.55 K and 2.49 K, 

respectively. 

The large errors over the center-pivot fields in the study, when sharpening 

the 960 m resolution LST, can primarily be attributed to the individual-field sizes. 

The fields are similar in dimension to a single MODIS-like LST pixel and thus, intra-

field thermal variability is unable to be accounted for in the regression tree. 
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Obviously, a higher resolution LST over the vegetated areas would provide a 

larger number of training samples from which homogenous samples could be 

retrieved. Following this, sharpening ratios of 2 and 4 were analyzed while 

decreasing the coarse LST resolution to half of that previously examined (i.e. 480 

m). By doing this, intra-field thermal variability can be included in the model, as a 

single 1 km field would have four LST pixels for training instead of one.  

 

Figure 3-15. Density scatter plot of DMS-derived LST from 960 m to 240 m and 
the original Landsat-derived LST from 960 m to 240 m for the four different 
periods (JFM, AMJ, JAS, and OND). The linear regression fit improves as the input 
thermal resolution increases. The red line represents the linear fit. Yellow and 
white points correspond to a higher density distribution, while black represents 
the lowest. Temperatures in degrees Kelvin. 
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Figure 3-16. DMS-derived LSTs from 960 to 120 m for four seasonal periods in 
2015 during JFM, AMJ, JAS, and OND. The left column shows the DMS-derived LST, 
the middle column shows the difference between the DMS-derived LST, and the 
original Landsat-derived aggregated LST. The right column shows the NDVI at 240 
m resolution calculated from the Landsat 8 red and near-infrared bands for the 
same period. Temperatures in degrees Kelvin. 
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Figure 3-17. Density scatter plot of DMS-derived LST from 960 m to 120 m and 
the original Landsat-derived LST from 960 m to 120 m for the four different 
periods (JFM, AMJ, JAS, and OND). The linear regression fit improves as the input 
thermal resolution increases. The red line represents the linear fit. Yellow and 
white points correspond to a higher density distribution, while black represents 
the lowest. Temperatures in degrees Kelvin. 

 
Figure 3-18 and Figure 3-19 show the results for the 480 to 240 m 

(sharpening ratio of 2) case. The MAE and R2 significantly improved when 

compared to the 960 to 480 m example (Figure 3-19). For the sharpening ratio of 

2, MAE decreased from 0.86 to 0.71 K and R2 increased from 0.80 to 0.88. 
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Furthermore, the MAE over vegetation (i.e. excluding bare soil pixels) decreased 

from 1.79 to 1.68 K. The RMSE was also reduced from 1.34 to 1.20 K. Similarly to 

the previous sharpening ratio examples, the performance of the DMS algorithm 

during the JAS period decreases (Figure 3-19). The R2 value decreases from 0.99 

during the OND period to 0.92 during the hotter JAS period, while the MAE and 

RMSE increase from 0.60 K and 1.04 K to 0.85 K and 1.46 K, respectively. 

Following these results, a sharpening ratio of 4 (480 to 120 m) was 

examined. Histogram plots for all the scenes are provided in Figure 3-20, Figure 

3-21, Figure 3-22, and Figure 3-23. The histograms for DOYs 208 and 217 provide 

an interesting study. The DMS-derived LST is warmer than the aggregated 

Landsat-derived LST at the lower temperatures (crop), while colder at the higher 

temperatures (soil). One potential explanation for this effect might be the 

irrigation schedule of the farm, as fields with low NDVI but colder temperatures 

due to irrigation might provide a challenging scenario for the DMS at larger 

temperature differences between crop and soil achieved in the warmer months. 

In addition to this, Landsat observes warmer pixels over the edge of the fields, 

while the DMS identifies such pixels as vegetation, due to the higher spatial 

resolution VNIR information, and thus estimate the LST accordingly. This is 

particularly evident over the eastern portion of the farm between the fields 

(Figure 3-25, center).  Figure 3-26 shows a decrease in MAE and RMSE, from 1.17 

to 0.73 K and from 1.83 to 1.23 K, respectively (Table 3-2). The R2 value also 

improved from 0.70 to 0.88.  
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Figure 3-18. DMS-derived LSTs from 480 to 240 m for four periods in 2015 during 
JFM, AMJ, JAS, and OND. The left column shows the DMS-derived LST, the middle 
column shows the difference between the DMS-derived LST, and the original 
Landsat-derived aggregated LST. The right column shows the NDVI at 240 m 
resolution calculated from the Landsat 8 red and near-infrared bands for the same 
period. Temperatures in degrees Kelvin. 
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Figure 3-19.  Density scatter plot of DMS-derived LST from 480 m to 240 m and 
the original Landsat-derived LST from 480 m to 240 m for the four different 
periods (JFM, AMJ, JAS, and OND). The linear regression fit improves as the input 
thermal resolution increases. The red line represents the linear fit. Yellow and 
white points correspond to a higher density distribution, while black represents 
the lowest. Temperatures in degrees Kelvin. 
 



  

 

Figure 3-20. Histogram plots of DMS-derived LST to 120 m spatial resolution and 
the original Landsat-derived LST at 120 m spatial resolution for DOYs 009 to 121. 
The x-axis represents temperature in degrees Kelvin, while the y-axis represents 
the normalized counts for each temperature bin. 
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Figure 3-21. Histogram plots of DMS-derived LST to 120 m spatial resolution and 
the original Landsat-derived LST at 120 m spatial resolution for DOYs 137 to 208. 
The x-axis represents temperature in degrees Kelvin, while the y-axis represents 
the normalized counts for each temperature bin. 
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Figure 3-22. Histogram plots of DMS-derived LST to 120 m spatial resolution and 
the original Landsat-derived LST at 120 m spatial resolution for DOYs 217 to 288. 
The x-axis represents temperature in degrees Kelvin, while the y-axis represents 
the normalized counts for each temperature bin. 
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Figure 3-23. Histogram plots of DMS-derived LST to 120 m spatial resolution and 
the original Landsat-derived LST at 120 m spatial resolution for DOYs 297 to 361. 
The x-axis represents temperature in degrees Kelvin, while the y-axis represents 
the normalized counts for each temperature bin. 



 121 

Table 3-2. Average statistical results outlining the level of agreement between the 
(aggregated) Landsat-derived LST and the DMS-derived LST for 2 different 
sharpening ratios (2 and 4) and different spatial resolutions over the 37 available 
Landsat scenes. Note that the sharpening from 120 to 30 m is evaluated against 
the Landsat TIR provided resampled product (30 m) for visualization purposes 
and not the reported Landsat TIR resolution (100 m). 

Resolution MAE MAE 
ME 

(Bias) 
ME RMSE RMSE 𝐑𝟐 𝐑𝟐 

480 to 120 m 0.73 0.18 -0.01 0.01 1.23 0.34 0.88 0.05 
480 to 240 m 0.71 0.19 0.01 0.00 1.20 0.34 0.88 0.05 
240 to 120 m 0.55 0.15 -0.01 0.00 0.99 0.30 0.93 0.02 
120 to 30 m* 0.41 0.11 0.00 0.00 0.77 0.23 0.96 0.02 

 

The DMS algorithm shows improvement in the seasonal analysis, with 

Figure 3-24 showing the scatter plots for the four study periods. R2 values 

increased to 0.98, 0.97, 0.92, and 0.99 for the JFM, AMJ, JAS, OND periods, 

respectively. Furthermore, the MAE and RMSE values decreased when compared 

to the previous sharpening ratio examples. The DMS algorithm continues to 

perform the worst during the JAS period: the hottest part of the year. 

As can be seen in Figure 3-26, the center-pivot fields show an overall better 

performance (DMS-derived minus Landsat-derived LSTs closer to zero), with the 

bare soil fields still being underestimated by the DMS. Clearly, the algorithm is 

confusing soil pixels within the farm, perhaps with vegetated fields. One possible 

explanation of this might be the difference in soil type within the bare soil field 

when compared to the surrounding desert soil, while also having less 

homogeneous samples for this particular land cover type. Figure 3-26 shows 

another interesting phenomenon: the fields seem to be surrounded by a halo of 

colder pixels, meaning that the DMS is overestimating the areas around the fields 

when evaluating it against the native resolution (120 m) LST. The halo effect 

surrounding the fields can be attributed to effects of adjacency, as the sharp 
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temperature difference between the hot desert soil and the colder vegetation 

result in an artificial temperature being observed by the TIRS onboard Landsat  

(Figure 3-27). 

 
Figure 3-24. Density scatter plot of DMS-derived LST from 480m to 120 m and 
the original Landsat-derived LST from 480m to 120 m for the four different 
periods (JFM, AMJ, JAS, and OND). The linear regression fit improves as the input 
thermal resolution increases. The red line represents the linear fit. Yellow and 
white points correspond to a higher density distribution, while black represents 
the lowest. Temperatures in degrees Kelvin.
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Figure 3-25. DMS-derived LSTs from 480 m to 120 m for DOY 208 and 217 in 2015. The left column shows the DMS-derived LST, while 
the middle column shows the difference between the DMS-derived LST and the aggregated Landsat-derived LST. The right column shows 
the NDVI at 240 m resolution calculated from the Landsat 8 red and near-infrared bands for the same day. Temperatures in degrees Kelvin.
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Figure 3-26. DMS-derived LSTs from 480 to 120 m for four periods in 2015 during 
JFM, AMJ, JAS, and OND. The left column shows the DMS-derived LST, the middle 
column shows the difference between the DMS-derived LST, and the original 
Landsat-derived aggregated LST. The right column shows the NDVI at 240 m 
resolution calculated from the Landsat 8 red and near-infrared bands for the same 
period. Temperatures in degrees Kelvin. 
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Figure 3-27. DMS sharpened LSTs from 240 to 120 m for four periods in 2015 
during JFM, AMJ, JAS, and OND. The left column shows the DMS LST, the middle 
column shows the difference between the DMS LST, and the original Landsat 
aggregated LST. The right column shows the NDVI at 240 m resolution calculated 
from the Landsat 8 red and near-infrared bands for the same period. 
Temperatures in degrees Kelvin. 
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The original Landsat LST resolution allows for one further sharpening case 

with a sharpening ratio of 2 (240 to 120 m). Figure 3-28 shows the sharpened LST 

at 120 m spatial resolution, along with the DMS-derived LST minus Landsat-

derived LST map, which is predominantly white (almost zero). The MAE for the 

sharpening ratio of 2 is improved from 0.71 (from 480 m) to 0.55 K, along with an 

Figure 3-28. Density scatter plot of DMS-derived LST from 240m to 120 m and 

the original Landsat-derived LST from 240m to 120 m for the four different 

periods (JFM, AMJ, JAS, and OND). The linear regression fit improves as the input 

thermal resolution increases. The red line represents the linear fit. Yellow and 

white points correspond to a higher density distribution, while black represents 

the lowest. Temperatures in degrees Kelvin. 
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improvement in RMSE from 1.20 to 0.99 K and an R2 from 0.88 to 0.93. In addition, 

the MAE over vegetation is also reduced from 1.68 to 1.33 K. Interestingly, the 

overestimation of the DMS over the bare soil fields (Figure 3-10, yellow fields) 

also appears to have disappeared. These results further support the argument on 

the importance of the number of homogenous samples available for the decision 

tree. A higher thermal resolution (240 m in this case) provides more LST-

reflectance relationships within each field, resulting in a potentially larger number 

of homogeneous samples for use in the DMS approach.  

3.3.2 Landsat downscaling  

Figure 3-29 provides a clear example on the attained improvement when 

using higher resolution LST as input to the DMS. Over the study area, sharpening 

ratios between 2 and 8 perform relatively well (Table 3-2). This is particularly 

true when analyzing the 240 to 120 m sharpening, where the average MAE is as 

low as 0.55 K during the study period. Following this, it would be safe to assume 

that the MAE from attempting to sharpen LST from 120 to 30 m should be around 

or potentially below this value, along with an RMSE around or below 0.99 K and 

an R2 value around or above 0.93 (Table 3-2). However, there is no available LST 

at a higher resolution during this period to evaluate this sharpening case. By using 

the available high-resolution VNIR bands from OLI onboard Landsat as input to 

the DMS, the original Landsat TIR resolution could be improved from 100 to 30 m.  

Figure 3-30 shows the sharpened Landsat LST at 30 m resolution for 35 of 

the 37 Landsat scenes available. DOYs 009 and 361 were not included in order to 

present most of the data in one figure. At this higher spatial resolution, the 

agricultural fields show detailed spatial characteristics, such as roads, that were 
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not otherwise visible at the original Landsat thermal imagery resolution. In 

addition, the halo effect observed in the original Landsat TIR imagery seems to 

disappear in the downscaled imagery.  

Overall, the DMS seems to provide satisfactory results even in these 

dryland environments that show significant spatial temperature differences. In 

addition to benefiting from a higher spatial resolution, some artifacts in the 

original Landsat imagery seem to be addressed (i.e. the halo effect) when 

incorporating the DMS into the estimation of Landsat LST.  
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Figure 3-29. Density scatter plot example for DOY 192 for the 6 different 
sharpening scenarios. The linear regression fit improves as the input thermal 
resolution increases. The red line represents the linear fit. Yellow and white points 
correspond to a higher density distribution, while black represents the lowest. 
Temperatures in degrees Kelvin. 



 130 

 

Figure 3-30. DMS-derived LST maps sharpened from 120 to 30 m for DOYs 025 
to 352 in 2015. DOY values increase downwards. Temperatures in degrees Kelvin. 
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3.4 Discussion 

 
Here we undertook an analysis to understand the thermal sharpening of 

coarse resolution (1000 to 120 m) and mid-resolution (120 to 30 m) land surface 

temperature, especially as relates to evaluating the DMS algorithm in arid land 

agricultural environments. Previous studies (Bisquert et al., 2016; Gao et al., 2012) 

have focused on evaluating the DMS algorithm using a few Landsat scenes. In 

contrast, this study analyses a robust dataset (37 Landsat scenes) under extreme 

conditions within the same calendar year, allowing for a deeper understanding on 

the influence of seasonality in LST sharpening. The large spatial temperature 

differences existing in dryland agricultural systems presents a challenging task to 

any earth observation workflow, but particularly in efforts to estimate water and 

energy budgets that rely on accurate retrievals of high resolution LST.  

Results indicate that the number of available homogeneous samples 

greatly affects the sharpened LST, with this being in direct proportion to the 

starting resolution of the downscaled imagery. The vast desert areas surrounding 

agricultural regions in these environments contributes to a disproportionate land 

cover distribution. Therefore, a study area with a balanced number of land cover 

types might provide improved results, even if the overall number of available 

samples is limited (i.e. at coarser spatial resolutions).  

The Al Jouf agricultural region provides a study area with a similar 

distribution of soil and agricultural land cover, having approximately 460,000 ha 

of farmland tightly concentrated within the desert. However, the geographic 

location of this region is subject to MODIS LST pixel sizes of 5 km for the majority 

of Landsat 8 overpasses. While MODIS LST is available at a more appropriate 1 km 
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resolution over the Al Jouf region, these data are rarely coincident with Landsat 8 

during the majority of the year. Clearly, this makes a time series evaluation study 

quite challenging. In addition, the use of 5 km LST as input would limit the 

evaluation of downscaling algorithms at a relatively large sharpening ratio (5000 

to 250 m), which would inevitably result in large errors.  

Despite the almost complete lack of useable data, one suitable scene was 

identified. The scene for the year 2013 DOY 90 provided the reported 1 km spatial 

resolution for the MOD11 product. Results from the MODIS LST sharpening, with 

a ratio of 2 (1 km to 500 m) showed an MAE of 2.16 K and R2 of 0.55 between 

MODIS and Landsat (MODIS minus Landsat) LST, while a downscaling ratio of 4 

(1 km to 250 m) resulted in an MAE of 2.35 K and R2 of 0.56. The MAE results are 

larger than the findings of Gao et al. (2012), where downscaling from 120 to 60 m 

(sharpening ratio of 2) results in MAEs of 0.56, 0.47, and 0.35 K for three different 

scenes over rainfed land. In addition, the MAE results from Gao et al. (2012) at the 

sharpening ratio of 4 are 0.78, 0.64, and 0.48 K for the previously mentioned 

scenes. The MAE value over an irrigated agricultural land was found to be 0.58 K 

for a single Landsat scene. The differences between the findings from Gao et al. 

(2012) and those from our study are likely attributable to the coarser pixel sizes 

examined over Al Jouf, as well as the LST bias between Landsat and MODIS LST.  

Moreover, the Landsat scene over the irrigated agricultural land in the Gao et al. 

(2012) analysis is colder than the Al Jouf region (Figure 3-8 and Figure 3-9), which 

could impact the performance of the DMS algorithm. 

MODIS LST data availability, at the time of Landsat 8 overpass, is an issue 

in other regions of Saudi Arabia (and across the globe generally). In the case of the 
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Tawdeehiya Farm (Chapter 2), MODIS LST is unavailable at the reported 1 km 

resolution due to an unfortunate orbital configuration of the sensor at this 

location. Instead, the same spatial resolution (stretched 5 km pixels) as observed 

over Al Jouf is seen for 2015. In order to evaluate the DMS over the same study 

region as in Chapter 2, the readily available Landsat LST from the previous 

Chapter was aggregated to match the MODIS LST resolution. This rich dataset 

consists of 37 cloud-free Landsat 8 scenes for the year 2015. In addition to the 

MODIS LST resolution, three more spatial resolutions were considered. The 

results of downscaling the synthetic MODIS LST (960 m) to 480 m show an 

average MAE of 0.86 K and an R2 of 0.80. These results are an overall improvement 

from the DMS results over the Al Jouf region and closer to the findings of Gao et al. 

(2012) for the sharpening ratio of 2 (120 to 60 m). Sharpening of synthetic MODIS 

LST to 240 m also improved when compared to MODIS LST over Al Jouf, having an 

MAE of 1.17 and R2 of 0.70. Findings from Gao et al. (2012) over a single irrigated 

agricultural area scene, with similar spatial characteristics to the Tawdeehiya 

Farm, show an MAE of 0.58 K and R2 of 0.88 for sharpened results from 960 to 240 

m.  

Sharpening results from 960 to 120 m over the Tawdeehiya Farm show an 

MAE of 1.28 K and R2 of 0.68. These results are also poorer than the findings from 

Gao et al. (2012) at the same resolution, being 0.67 K and 0.86, respectively. The 

study by Bisquert et al. (2016) is not comparable because the sharpening ratio 

(16) analyzed by the authors is larger. The differences in MAE and R2 over the 

Tawdeehiya Farm at the synthetic MODIS LST resolution were found to be 

influenced by the overall scene average temperature, with the DMS consistently 

producing larger errors over the hotter summer months (Figure 3-15, Figure 3-17). 
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When evaluating the DMS sharpening from higher spatial resolutions (480 to 240 

and 120 m), the MAE and R2 improved significantly. The MAE at the sharpening 

ratio of 4 was reduced from 1.17 (960 to 240 m) to 0.71 K, while the R2 increased 

from 0.70 to 0.88. The improvement in the results further supports the argument 

that the center-pivot fields might be too large to be properly characterized at the 

960 m spatial resolution. Another reason for the improvement could be related to 

the larger number of homogenous samples available, as a thermal spatial 

resolution of 480 m would allow for approximately four times more samples (per 

field) than the 960 m thermal resolution case. This finding is also supported by 

the 240 to 120 m case, where the MAE is reduced to 0.55 K and the R2 value 

increases to 0.93. This is considerably closer to the findings of Gao et al. (2012) 

under similar  conditions over a heterogeneous site, with an MAE of 0.78 K and R2 

value of 0.98.  

The generally better performance of DMS over bare soil throughout this 

study might be attributed to the larger number of soil pixels relative to the number 

of vegetated ones, as depicted in the histogram plots in Figure 3-20 and Figure 

3-22. In addition, the bare soil pixels appear to be quite homogenous when 

compared to the range of crops being grown, as well as the irrigated and non-

irrigated portions of the fields. Given the nature of the DMS algorithm, 

homogenous samples (that are the foundation of the T-R relationships) are hard 

to obtain without thermal information at the sub-pixel scale.  

The seasonal analysis in all the studied scenarios (Figure 3-19, Figure 3-24, 

Figure 3-28, Figure 3-29) consistently shows that the DMS algorithm struggles to 

perform well during the extreme hotter summer months, while improving during 
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the colder periods. This is particularly apparent in the 960 to 240 m resolution 

sharpening, where R2 values decrease from 0.97 during the OND period to 0.78 

during the JAS period and RMSE increases from 1.64 K to 2.37 K, respectively. For 

the 480 to 240 m sharpening, R2 values decreased from 0.99 (OND) to 0.92 (JAS), 

while RMSE increased from 1.04 to 1.46 K, respectively. These results show that 

the LST-R relationships created by the DMS algorithm might not be as useful at 

larger LST values. 

Landsat sharpening from 120 to 30 m seem to be performing well visually, 

and the results from the 240 to 120 m downscaling might provide some awareness 

into the errors that could be expected from the DMS implementation in dryland 

environments. Regions where MODIS LST could be consistently provided at the 1 

km resolution (i.e. away from the equator) would allow for the estimation of high- 

and mid-resolution LST throughout the year by implementing downscaling 

techniques. Figure 3-31 provides some evidence for this conjecture, where MODIS 

LST could be downscaled to 250 m resolution on a near-daily basis with Landsat 

LST providing additional information at the 30 m resolution (when downscaled). 
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Figure 3-31. Possible scenario of mid- to high-resolution LST from Landsat and 
MODIS. Useful MODIS sharpening is limited to near-nadir acquisitions. DOYs 98 
and 100 show the coarse 5 km pixel resolution from MODIS. 

 

3.5 Conclusion 
 

Thermal sharpening techniques provide LST at a finer temporal and spatial 

resolution, and are thus an important tool in any application that utilizes satellite-

observed LST. This study aims to identify both the potential, and limitations, of the 

DMS algorithm in arid irrigated lands by evaluating sharpening ratios ranging 

from 2 to 8, and input thermal resolutions from 240 to 960 m. The lack of 
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availability of MODIS LST in some of the study regions resulted in the use of 

synthetic MODIS LST by aggregating the Landsat 8 LST provided in Chapter 2 to 

960 m. Additional coarse resolution LST cases were also studied. 

The average MAE in this study varies from 0.55 to 1.28 K for the 

aforementioned sharpening ratios and resolutions, with errors increasing as the 

input LST becomes coarser and as the sharpening ratio becomes larger. Results 

also showed that the scene temperature has an influence on the sharpened 

product, with larger errors being observed during the hotter summer months. In 

addition, the DMS over arid agricultural regions is unable to accurately predict the 

field temperatures at the 960 m resolution, with temperature differences reaching 

8 K due to the overall smaller number of samples identified as homogenous by the 

DMS at the coarse resolution. Downscaled Landsat LST at the 30 m resolution is 

visually accurate, and the results from the 240 to 120 m downscaling case provide 

a range for the expected errors (MAE < 0.55 K, R2 > 0.93) of the DMS 

implementation in arid agricultural environments.   

Overall, the sharpening of thermal band imagery undertaken herein 

represents a computationally inexpensive means for obtaining thermal imagery 

at finer resolutions. However, the sharpening approach has limitations in the sub-

pixel variability of temperature, as coarser resolution data will always contain 

noise and inaccuracies.  
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Chapter 4       
 
Sharpening of Landsat Land Surface Temperature using Planet 
Imagery 

The following Chapter will focus on the previously discussed thermal sharpening 

technique (Data Mining Sharpener (DMS), Chapter 3) to sharpen (also known as 

downscale) thermal satellite imagery from Landsat down from 100 m to 3 m 

spatial resolution. Thermal sharpening is achieved by using digital numbers (DNs) 

derived from CubeSat based Planet imagery obtained at a higher resolution (3 m) 

than the available thermal imagery (100 m), and then using DN-radiance 

relationships built at the coarse TIR scale (see Chapter 3.2.3). The downscaling 

approach is evaluated by comparing Planet-derived LST against Landsat LST using 

scale-consistent pixel-wise comparisons. In addition, the performance of the 

Planet-derived LST is evaluated against UAV-derived thermal imagery from a 

quadcopter over a corn field in the Tawdeehiya Arable Farm. Results from six 

Landsat scenes over heterogeneous irrigated agricultural fields in Saudi Arabia 

show the DMS to be an appropriate way of acquiring very high resolution LST.  

  



 139 

4.1 Introduction 

Chapter 2 and Chapter 3 have highlighted the current satellite remote 

sensing capabilities in the analysis of LST, with emphasis on irrigated arid-lands 

agriculture. MODIS and Landsat sensors, to name a few, have consistently aided in 

the observation of the Earth over several decades (Anderson et al., 2012; McCabe 

& Wood, 2006). These single-platform satellite missions have achieved 

considerable progress in advancing the effective management and assessment of 

terrestrial systems (Gallego-Elvira et al., 2016; Roy et al., 2014), but are 

constrained by current technology and orbital configurations, which translates 

into a compromise between spatial and temporal resolution (McCabe et al., 

2017a).  

Very high spatial resolution (≤101 m) imagery from satellites has recently 

become a possibility through the use of constellations of nanosatellites (McCabe 

et al., 2017b). Compared to traditional space agency based satellites, these new 

platforms are relatively easy to replace and cheap to build, taking advantage of 

economies of scale (Esper et al., 2000) and reductions in the price of launching 

satellites. Planet (www.planet.com) operates the largest constellation of such 

nanosatellites in orbit (150-200 satellites), acquiring visible and near-infrared 

(VNIR) imagery at 3-5 m spatial resolution on a near-daily scale.  

Satellite data with a high spatiotemporal resolution provides an obvious 

opportunity for change detection and surface characterization of terrestrial 

systems. For agriculture, data with a high spatiotemporal resolution would be able 

to provide within-field information on growing conditions that are useful in 

precision agriculture (Zhang et al., 2002), particularly by optimizing production 

efficiencies (Moran et al., 1997). These advances in remote sensing not only 
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contribute to a better understanding of agricultural systems, but also to ensuring 

food security for future generations (Gebbers & Adamchuk, 2010).   

The increasing constellation of Planet satellites relies on comparatively 

inexpensive sensor designs and commercial of the shelf components that are not 

necessarily tailor-made, in contrast to the satellite missions from space agencies. 

Because of the sensor and components characteristics, Planet-derived imagery 

does not match the signal-to-noise features, radiometric performance, cross-

sensor dependability, or spectral improvements that traditional space agency 

based satellites usually possess (Houborg & McCabe, 2016). Houborg and McCabe 

(2016) attempted to address these potential issues by employing a data mining 

approach (similar to that discussed in Chapter 3) to build a set of rule-based 

regression models that can relate RGB data from Planet imagery to 

atmospherically corrected Landsat 8 Normalized Difference Vegetation Index 

(NDVI). Their results on the regression models resulted in NDVI predictabilities 

with R2 values of 0.97 and Mean Absolute Deviation of 0.014 (around 9%). 

Following the demonstrated utility of Planet imagery through the 

implementation of Planet-based NDVI (Houborg & McCabe, 2016), and the 

positive Landsat LST sharpening results obtained in Chapter 3, here we attempt 

to downscale Landsat LST (100 m resolution) to Planet resolution (3 m) using the 

DMS algorithm discussed in Chapter 3.2.3. The potential for sharpening Landsat 

TIR imagery to the Planet spatial resolution will be studied by evaluating the 

Planet-derived LST against Landsat LST using scale-consistent pixel-wise 

comparisons (100 m resolution). In addition, the Planet-derived LST will be 

evaluated against UAV-derived thermal imagery from a quadcopter-based 

collection over a corn field at the Tawdeehiya Arable Farm (see Chapter 4.3.2). 
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4.2 Materials and methods 
 

4.2.1 Study site 

The study was undertaken over the Tawdeehiya Arable Farm, described in 

the preceding Chapters (see Figure 2-1). Here, the study focuses separately on the 

agricultural fields TE-10 (alfalfa) and TE-2 (maize), as well as the Tawdeehiya 

Farm Extension on the eastern side of the farm (Figure 4-1).  

A total of 6 near-coincident Landsat-Planet scenes between August 2016 

and May 2017 (Table 4-1) were selected to evaluate the performance of the DMS 

algorithm in the derivation of very high spatial resolution (3 m) LST imagery from 

Landsat and Planet. First, five Landsat-Planet scenes between August 2016 and 

December 2016 were chosen for the evaluation of Planet LST (3 m spatial 

resolution) by comparing the aggregated 100 m Planet LST to the original 100 m 

Landsat LST (Chapter 4.3.1). Then, the performance of the downscaling 

methodology was further evaluated by comparing the Planet LST product to aerial 

thermal imagery from a UAV platform. Aerial data is limited to a single UAV 

campaign over the TE-2 field (Figure 4-1, outlined in blue) and thus, the 

comparison between Planet LST and UAV LST (Chapter 4.3.2) is limited to one 

Landsat-Planet near-coincident scene on May 2017 (Table 4-1).  

Table 4-1. Acquisition dates of Landsat, Planet, and UAV data utilized in the 
Tawdeehiya Arable Farm study. Landsat and Planet imagery have a 1-day 
acquisition time difference in 4 of the 6 scenes (DOY 242, 340, 354 in 2016, and 
DOY 134 in 2017).  

DOY (Year) Landsat Planet UAV 
242 (2016) 243 (2016) 242 (2016) - 
275 (2016) 275 (2016) 275 (2016) - 
307 (2016) 307 (2016) 307 (2016) - 
340 (2016) 339 (2016) 340 (2016) - 
354 (2016) 355 (2016) 354 (2016) - 
134 (2017) 133 (2017) 134 (2017) 133 (2017) 



 142 

 

 

Figure 4-1. The Tawdeehiya Farm Extension and the two focus fields (TE-2 
outlined in blue, TE-10 outlined in red) of this study. UAV thermal imagery was 
collected over TE-2.  

4.2.2 Satellite data 

Planet CubeSats. Planet satellite data are acquired at a 3 m spatial 

resolution in the red, green, blue (RGB) and near-infrared (NIR) spectral bands, 

with variable view and sun illumination geometries (Houborg & McCabe, 2016). 

Even though the data from Planet have undergone sensor and basic radiometric 

calibrations, the correction for atmospheric effects or top of the atmosphere 

radiances is still lacking. Houborg and McCabe (2016) have attempted to address 

this issue by producing a high-resolution NDVI product from the available Planet 

satellite data using a data mining approach to build regression models that relate 

RGB data to atmospherically corrected Landsat 8 NDVI. A study by McCabe et al. 

(2017a) also explored the usefulness of Planet imagery in the estimation of very 

high resolution leaf area index (LAI). Planet data for this study were taken from 
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the NIR and RGB bands for DOYs 242, 275, 307, 340, and 354 in 2016, and DOY 

134 in 2017. 

Planet NDVI. The NDVI utilized in this study was derived from Planet’s RGB 

imagery as described in Houborg and McCabe (2016). The framework developed 

by the authors (Houborg & McCabe, 2016) employs a data mining approach that 

creates a set of rule-based regression models that relate RGB data to 

atmospherically corrected Landsat 8 NDVI. The data mining approach from which 

Planet-scale NDVI (Planet NDVI hereafter) is derived is similar to that discussed 

in Chapter 3 for Landsat/MODIS LST sharpening. The generated regression 

models in the estimation of Planet NDVI are specific to each Planet scene, with the 

aim of reducing potential uncertainties induced by variations in the calibration 

and acquisition characteristics, such as view angle and illumination geometry. The 

final product is a high-resolution Planet-based NDVI map at 3 m spatial resolution. 

Landsat Satellite. Landsat LST imagery, derived from MODTRAN (Chapter 

2), was processed at a 100 m spatial resolution for the near-coincident Planet 

imagery. See Chapter 2.2.3 for further information on the acquisition and pre-

processing of Landsat TIR imagery. 

4.2.3 Landsat LST downscaling  

Coarse-resolution Landsat LST imagery (100 m) was sharpened to 3 m 

resolution (Figure 4-3) using the Data Mining Sharpener (DMS) algorithm 

described in Chapter 3.2.3. The DMS is capable of sharpening coarser thermal 

imagery by utilizing available visible and near-infrared (VNIR) band information 

(in this case, near-infrared and visible from Planet) that is usually available from 

the same satellite platform. However, in contrast to Chapter 3, the methodology 
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employed here is different as the thermal and near-infrared data are obtained 

from two different satellite platforms (i.e. Landsat and Planet). 

In this approach, the DMS uses the visible and the near-infrared spectral 

bands from Planet as independent variables in order to build relationships 

between them and the Landsat LST (Figure 4-2). To do this, digital numbers (DNs) 

from Planet are first aggregated to match the coarser Landsat LST pixel resolution 

(100 m). Then, homogeneous (Equation 3-5) land surface temperature and DNs 

Figure 4-3. 100 m Landsat LST (left) and 3 m Planet-derived LST (right) over the 

Tawdeehiya Farm Extension for DOY 307 in 2016. Temperature in degrees Kelvin. 

Homogeneous T-R samples 

Landsat LST (100 m) 

Planet LST (3 m) 

Planet VNIR (3 m) 

Figure 4-2. Data Mining Sharpener workflow for Planet LST. Landsat LST and 

Planet VNIR (T-R) relationships are built from homogeneous samples using a 

regression tree approach to calculate sharpened LST. 
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data are used to build the LST-DN relationship, leveraging a regression tree 

method. The regression tree method generates rule-based linear multivariate 

regressions that are then applied to fine resolution VNIR spectral DNs to predict 

TIR temperature at the finer pixel resolution (3 m). Please refer to Chapter 3.2.3 

for further information on the implementation of the DMS algorithm. 

4.2.4 UAV thermal data 

UAV thermal data was collected during a field campaign over the TE-2 field 

(Figure 4-1, outlined in blue) on May 14, 2017. The campaign consisted of a single 

flight at approximately the same time of the Landsat overpass (10:20 am AST). 

The survey employed a DJI M100 quadcopter equipped with a TeAx Thermal 

Capture Camera (640x512 pixel resolution) integrated with a 3-axis gimbal. The 

TeAx system has a thermal accuracy of 2 K and a thermal sensitivity of 0.04 K. 

Further information regarding the methodology for the collection and processing 

of UAV imagery derived from the TeAx sensor is described in Chapter 5.2.3, which 

focuses on UAV thermal data. In-situ temperature measurements over TE-2 could 

not be gathered given the height of the maize crop (approx. 2 m). Thus, the in-situ 

component is not available for this analysis and the proceeding LST evaluation 

will focus solely on the sharpened Landsat data and UAV-derived LST products.  
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4.3 Results 

4.3.1 Evaluation of Planet LST 

A total of five near-coincident Planet-Landsat scenes from the year 2016 

were selected for this study. An additional Planet-Landsat scene, alongside a UAV 

LST dataset, is available for the year 2017 and will be discussed in Chapter 4.3.2. 

To evaluate the performance of the DMS, Planet-derived LST (named Planet LST 

hereafter) data were aggregated to 100 m spatial resolution, as described in 

Equation 3-4, and compared to the original Landsat LST over the Tawdeehiya 

Farm Extension (Figure 4-1).  

 Figure 4-4 shows the original Landsat LST, sharpened Planet LST, and 

Planet NDVI over the Tawdeehiya Farm Extension for DOYs 242, 275, 307, 340, 

and 354 in 2016. Planet NDVI was obtained following the approach by Houborg 

and McCabe (2016) and described in Chapter 4.2.2. Sharpening results over the 

Farm Extension show an overall good visual agreement with the input Planet 

imagery throughout the year, as evidenced by the accurate representation of in-

field roads and features (Figure 4-4, center), and the Planet NDVI maps (Figure 

4-4, right). The Planet NDVI maps in Figure 4-4 provide spatial context to the 

vegetation distribution in the farm. For example, DOY 242 (Figure 4-4) shows 

predominantly lower LST values for pixels that correspond to healthier vegetation 

(i.e. greener pixels) in the Planet NDVI map. The TE-2 field (Figure 4-1, outlined 

in blue) provides a good example of this effect for DOY 242 (Figure 4-4), where 

lower LST values correspond to greener pixels in the Planet NDVI map. However, 

the Planet LST product does not seem to be accurate over partially vegetated 

areas, such as over TE-10 (Figure 4-1, outlined in red).  
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Figure 4-4. 100 m Landsat LST, and 3 m Planet LST and Planet NDVI for DOYs 242, 

275, 307, 340, and 354 (top to bottom) for 2016 over the Tawdeehiya Farm 

Extension. Temperature in degrees Kelvin. 
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The comparatively high difference in spatial resolution between Landsat 

and Planet (i.e. 100 m and 3 m, respectively) likely exacerbates the challenges in 

LST sharpening due to land cover heterogeneity. DOY 275 provides an interesting 

case study. The Farm Extension in Figure 4-4 shows primarily vegetated fields, 

with lower LST values over vegetated areas than over soil. However, some 

discrepancies between LST and NDVI are evident. The bottom-left field (half-

vegetation and half-soil, Figure 4-4) shows larger LST values over the half-soil 

area of the field than over the desert soil. The spectral discrepancy between the 

LST and the VNIR bands over the half-soil field and the desert appears to be an 

additional challenge in the sharpening of LST over arid farmland, as the DMS 

algorithm has a relatively smaller area over which to create the necessary LST-DN 

relationships. With the availability of higher-quality training data (i.e. 

homogeneous land surface temperature and DNs, Equation 3-5), the DMS 

algorithm is able to more accurately predict fine resolution LST (e.g. Planet LST), 

such as in the case of the vegetated fields. 

The aggregated Planet LST (100 m) seems to mostly match the original 

Landsat LST over the farm, as reflected in the histogram plots of Figure 4-5, which 

show similar distributions. However, the DMS algorithm seems to be slightly 

overestimating the number of soil pixels (largest count in the histogram plots) 

throughout the studied scenes. One potential explanation for this effect might be 

the large sharpening ratio (and thus, large aggregation ratio when comparing the 

histogram plots) employed in the DMS i.e. sharpening from 100 m to 3 m. In 

addition, sharpening artifacts are noticeable in the Farm Extension results. For 

example, box-like effects appear around the edges of the fields, particularly on the 

bottom-left part of the LST maps in Figure 4-4. These box-like effects were also 
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present in Chapter 3 when large sharpening ratios were studied (e.g. sharpening 

from 960 m to 120 m, Figure 3-16). Figure 4-6 and Figure 4-7 (left) show scatter 

plots between the Planet LST and Planet NDVI over the Tawdeehiya Extension for 

DOYs 242, 275, 307, 340, and 354 in 2016. The negative correlation between NDVI 

and LST (Figure 4-6 and Figure 4-7, left) shows that LST decreases as NDVI 

increases, as the irrigated vegetation maintains a lower temperature than the 

desert soil due to evapotranspiration. The relationship between LST and NDVI 

shown in Figure 4-6 and Figure 4-7 is well known in remote sensing and has been 

extensively studied and used to estimate evapotranspiration (Sayago et al., 2017; 

Stisen et al., 2008; Wang et al., 2001). The LST distribution for lower NDVI values 

(e.g. over soil) over the Tawdeehiya Extension (Figure 4-6 and Figure 4-7, left) is 

significantly larger than for larger NDVI values (e.g. over vegetation), particularly 

during the warmer DOYs (DOY 242, 275, and 307). This effect provides insight 

into the challenges that the DMS algorithm encounters for non-vegetated pixels at 

large sharpening ratios (e.g. 100 m to 3 m) over arid farmland during the hotter 

August, September, and October months (Figure 4-6), as lower NDVI values 

correspond to larger range of LST values than for larger NDVI values. Despite the 

potential limitations of the DMS algorithm, sharpening results over the Farm 

Extension are more than satisfactory, with MAEs ranging between 0.32 and 0.93 

K (0.93, 0.73, 0.59, 0.32, and 0.28 K for DOYs 242, 275, 307, 340, and 354, 

respectively). In addition, the MAEs are reduced as the year progresses from 

warmer summer days to colder winter days. Figure 4-8 shows density scatter 

plots for the five different DOYs, with R2 values ranging between 0.93 and 0.94. 

Furthermore, RMSEs also decrease throughout the year with values of 1.47, 1.21, 

0.92, 0.48, and 0.45 K for DOYs 242, 275, 307, 340, and 354, respectively. 
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Figure 4-5. Histogram plots for Planet LST (red bars) and Landsat LST (blue bars) 

at 100 m spatial resolution for DOYs 242, 275, 307, 340, and 354 (top to bottom) 

for 2016 over the Tawdeehiya Farm Extension. The y-axis shows the pixel counts 

for each histogram bar, while the x-axis shows temperature in degrees Kelvin.  



 151 

 

 

 

Figure 4-6. Density scatter plots between Planet LST and Planet NDVI (3 m 

resolution) for DOYs 242, 275, and 307 (top to bottom) for 2016 over the 

Tawdeehiya Farm Extension (left), TE-10 (center), and TE-2 (right). The red line 

represents the linear fit. Yellow and white points correspond to a higher density 

distribution, while black represents the lowest. Temperatures in degrees Kelvin. 
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Figure 4-7. Density scatter plots between Planet LST and Planet NDVI (3 m 

resolution) for DOYs 340, and 354 (top to bottom) for 2016 over the Tawdeehiya 

Farm Extension (left), TE-10 (center), and TE-2 (right). Contrary to TE-10, the TE-

2 field shows a reduced LST range as a result of a harvesting event that took place 

in October 2016. The red line represents the linear fit. Yellow and white points 

correspond to a higher density distribution, while black represents the lowest. 

Temperatures in degrees Kelvin. 
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Figure 4-8. Density scatter plots between Landsat and Planet LST (100 m 

resolution) for DOYs 242, 275, 307, 340, and 354 (top to bottom) for 2016 over 

the Tawdeehiya Farm Extension. MAE and RMSE decrease as the year progresses. 

The red line represents the linear fit. Yellow and white points correspond to a 

higher density distribution, while black represents the lowest. Temperatures in 

degrees Kelvin. 
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In addition to the Farm Extension study, two field-scale cases were 

examined: TE-2 (Figure 4-1, outlined in blue) and TE-10 (Figure 4-1, outlined in 

red). The focus on each case aids in the reduction of unnecessary spatial spectral 

relationships (for agricultural purposes) in the imagery, such as those deriving 

from buildings and fuel tanks. For example, the DMS algorithm is unable to predict 

high-resolution LST (Planet LST) for DOY 275 over a building complex (Figure 4-4, 

in black) potentially due to the lack of an LST-DN relationships over that particular 

area. Furthermore, reducing the number of desert soil pixels (which are largely 

homogenous in nature), might help to provide a better understanding on the 

performance of the DMS at very high resolutions over these environments. 

Figure 4-9 shows Planet LST over the TE-10 field for the five DOYs. Similar 

to the Farm Extension study, sharpening results over TE-10 show an overall good 

visual agreement with the input Planet imagery throughout the year. Indeed, the 

very high resolution provided by the Planet LST maps allows for unprecedented 

insight into in-field characteristics previously unseen in thermal satellite imagery, 

such as the emergence of within-field roads and pivot tracks, clearly represented 

by the lower NDVI values in Figure 4-9. However, DOY 340 and DOY 354 (Figure 

4-9) show reduced LST differences between soil and vegetation due to the LST 

during the winter months being significantly smaller (approx. 10 K, Chapter 2.3.1) 

than during the summer months. Furthermore, the influence of vegetation cover 

on LST (even during the winter months) is evident by evaluating the temperature 

difference between the desert soil and field. The LST difference between soil and 

vegetation for the TE-10 field is approx. 5 K (DOY 340, Figure 4-9) for NDVI values 

over vegetation in the range 0.5-0.6, while being approx. 3 K for NDVI values of 

approx. 0.2 (DOY 354, Figure 4-9).  
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Figure 4-9. 100 m Landsat LST, and 3 m Planet LST and Planet NDVI for DOYs 242, 

275, 307, 340, and 354 (top to bottom) for 2016 over the TE-10 field. Temperature 

in degrees Kelvin. 
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The positive impact of high-resolution LST is evident for fields that are not 

being fully utilized for growing crops. For example, intra-field NDVI differences 

are evident for DOY 340, where the outer part of the field has a lower NDVI than 

the center part (Figure 4-9). While coarse resolution Landsat LST (100 m 

resolution) provides a uniform value over the TE-10 field, the finer Planet LST (3 

m resolution) shows temperature differences within the field that follow the 

spatial distribution of Planet NDVI (Figure 4-9) i.e. lower LST values for pixels 

with higher NDVI values, and higher LST values for pixels with lower NDVI values.   

In contrast to the Farm Extension study, the aggregated Planet LST (100 

m) and Landsat LST histogram plots do not match as closely (Figure 4-10). The 

DMS seems to be slightly underestimating the number of vegetated pixels for 

DOYs 275, 307, and 340. Furthermore, sharpening artifacts are evident 

throughout the year, as demonstrated by the box-like features at the edge of the 

Planet LST maps (e.g. for DOYs 242 and 275 in Figure 4-9). As previously 

discussed in this section, the appearance of box-like features might be attributed 

to the large sharpening ratios pursued in this study.  

Despite achieving a very high LST resolution from a coarse LST product (i.e. 

from Landsat LST), the MAEs between the aggregated Planet LST and Landsat LST 

remain below 1 K (Figure 4-11). The density scatter plots provided in Figure 4-11 

show an overall good agreement between aggregated Planet LST and Landsat LST, 

with R2 values ranging between 0.84 and 0.91. Certainly, MAEs and RMSEs 

decrease as the year progresses (as LST also decreases), with MAEs decreasing 

from 0.94 to 0.36 K between DOYs 242 and 354, respectively (Figure 4-11). 
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Figure 4-10. Histogram plots for Planet LST (red bars) and Landsat LST (blue 

bars) at 100 m spatial resolution for DOYs 242, 275, 307, 340, and 354 (top to 

bottom) for 2016 over the TE-10 field. The y-axis shows the pixel counts for each 

histogram bar, while the x-axis shows temperature in degrees Kelvin. 
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Figure 4-11. Density scatter plots between Landsat and Planet LST (100 m 

resolution) for DOYs 242, 275, 307, 340, and 354 (top to bottom) for 2016 over 

the TE-10 field. MAE and RMSE decrease as the year progresses. The red line 

represents the linear fit. Yellow and white points correspond to a higher density 

distribution, while black represents the lowest. Temperatures in degrees Kelvin. 
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The correlation between Planet LST and Planet NDVI is significantly better 

over the TE-10 field when compared to the Farm Extension study (Figure 4-6 and 

Figure 4-7). The scatter plots between Planet NDVI and Planet LST in Figure 4-6 

and Figure 4-7 show a more defined trend, with higher LST densities around the 

upper (i.e. vegetation) and lower (i.e. desert soil) bounds of NDVI, shown in red 

and yellow. The better relationship shown in the scatter plots in Figure 4-6 and 

Figure 4-7 suggests that the DMS algorithm is able to more accurately predict fine 

resolution LST (Planet LST), supported by the overall decrease in MAEs (Figure 

4-11) when compared to the Farm Extension study.  

Figure 4-12 shows Planet LST over the TE-2 field for all DOYs. The Planet 

LST maps from the TE-2 field display richer spatial features than those from the 

TE-10 field for DOYs 242 and 275 (Figure 4-9). Farm features, such as pivot tracks, 

are clearer than in previous LST maps. One possible explanation for the richer 

spatial features over TE-2 relies on the type of crop being grown in the two fields 

(i.e. TE-10 and TE-2). Corn typically grows vertically and away from the pivot 

tracks, while alfalfa has the potential to spread over some of the pivot tracks. The 

bottom-right side of the LST map for DOY 275 (Figure 4-12) shows what appears 

to be a patch of land without vegetation, highlighting the potential of very high 

LST spatial resolution in the detection of intra-field variability. However, the 

Planet NDVI does not seem to capture this feature despite the Planet NIR band 

detecting the potential patch without vegetation (Figure 4-13).  The discrepancy 

between both datasets might be explained by the lack of Planet NIR information 

in the estimation of Planet NDVI. The first generation of CubeSats only provided 

RGB information, with the addition of the NIR channel occurring at a later stage.  



 160 

 

Figure 4-12. 100 m Landsat LST, and 3 m Planet LST and Planet NDVI for DOYs 

242, 275, 307, 340, and 354 (top to bottom) for 2016 over the TE-2 field. 

Temperature in degrees Kelvin. 
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Figure 4-13. 3 m Planet NIR band over TE-2 for DOY 275 in 2016. The bottom-

right side of the field appears to show a patch without vegetation, displaying a 

similar signal to that of bare soil. The bar on the right-side of the map represents 

the digital number values of each pixel. 

Therefore, due to NIR information from CubeSats not being available at the 

time of the study, the algorithm developed by Houborg and McCabe (2016) utilizes 

coarser resolution NIR information solely from Landsat (30 m) and MODIS (250 

m). LST maps for DOYs 307, 340, and 354 show the TE-2 field after the harvest of 

corn, without noteworthy spatial features (i.e. the fields blend in with their 

surroundings due to a lack of vegetation). 

The histogram plots in Figure 4-14 show an overall good agreement 

between aggregated Planet LST and Landsat LST for the TE-2 field. This is 

particularly the case for DOYs 340 and 354, where LST does not vary significantly 

as a result of the lack of vegetation (Figure 4-12) and colder temperatures during 
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the winter months. Not surprisingly, a homogenous scene does not pose a great 

challenge to a sharpening algorithm such as the DMS algorithm, so is not a good 

test case to consider its merits. However, being able to track the dynamics over a 

growing season (from bare-field to full canopy) is an important feature of any 

downscaling approach. MAEs over all the DOYs range between 0.09 and 0.97 K, 

while RMSEs range between 0.12 and 1.47 K (Figure 4-15). In addition, R2 values 

range from 0.81 to 0.94, with values of 0.94 and 0.93 for DOYs 242 and 275 (where 

vegetation was present), respectively. Despite the lack of vegetation over TE-2 in 

DOY 307, the adjacent fields appear to be satisfactorily represented in the LST 

map. In addition, the predicted LST in the adjacent fields seems to match the 

Planet NDVI, displaying lower LST values for vegetated fields (e.g. DOY 275 in 

Figure 4-12) and warmer temperatures  for non-vegetated fields (e.g. DOY 242 in 

Figure 4-12). LST maps on DOYs 340 and 354 do not provide much insight, as the 

surrounding soil temperature is very close to the field temperature (Figure 4-12), 

essentially providing information solely on soil temperature. 

Overall, it seems that the DMS can deliver a reliable LST product at very 

high spatial resolution (3 m). However, evaluation with in-situ LST data is needed 

to accurately assess the accuracy of the LST maps derived herein. The following 

section will focus on the evaluation of the Planet LST by comparing the LST 

product to a UAV-derived LST map. 
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Figure 4-14. Histogram plots for Planet LST (red bars) and Landsat LST (blue 

bars) at 100 m spatial resolution for DOYs 242, 275, 307, 340, and 354 (top to 

bottom) for 2016 over the TE-2 field. The y-axis shows the pixel counts for each 

histogram bar, while the x-axis shows temperature in degrees Kelvin. 
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Figure 4-15. Density scatter plots between Landsat and Planet LST (100 m 

resolution) for DOYs 242, 275, 307, 340, and 354 (top to bottom) for 2016 over 

the TE-2 field. MAE and RMSE decrease as the year progresses. The red line 

represents the linear fit. Yellow and white points correspond to a higher density 

distribution, while black represents the lowest. Temperatures in degrees Kelvin. 
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4.3.2 Comparison between Planet LST and UAV LST 

The previous section (Chapter 4.3.1) showed the results of Landsat LST 

sharpening using the DMS algorithm and Planet spectral information. Here we 

expand on this analysis by introducing a UAV-derived LST dataset (named TeAx 

LST hereafter) to evaluate the performance of the DMS algorithm in the derivation 

of very high resolution (3 m) LST. Similar to Chapter 4.3.1, Landsat LST is 

downscaled to 3 m spatial resolution using Planet VNIR imagery (Figure 4-3). The 

evaluation data, TeAx LST, consists of a single aerial LST acquisition over the TE-

2 field (Figure 4-16) collected on May 14, 2017 (DOY 134) at approximately the 

same time as the Landsat (10:20 am AST), with a spatial resolution of 0.06 m.  Fifty 

hectares of corn were being grown in the TE-2 field at the time of the survey, with 

a planting date of March 2017. The field was harvested in the end of June 2017. A 

full description on the methodology and equipment employed in the survey over 

TE-2 is described in Chapter 5.2.3.  

 

Figure 4-16. 0.06 m TeAx LST (left) and aggregated 3 m TeAx LST (right) over TE-

2 on May 14, 2017. Pivot tracks, as well as the irrigation pivot cooling effect are 

visible at this ultra-high resolution. Temperature in degrees Kelvin.  
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Landsat LST was sharpened from 100 m to 3 m resolution (named Planet 

LST hereafter) following the methodology developed in Chapter 4.3.1 for the 

individual fields. Planet imagery was unavailable for the same day as Landsat (May 

14, 2017) and thus, Planet data from a day before (i.e. from May 13, 2017) was 

utilized. This data was then compared to the TeAx LST by aggregating the 0.06 m 

resolution TeAx LST to the same spatial resolution as the Planet LST (from 0.06 m 

to 3 m resolution, Figure 4-16). 

Figure 4-17 (top) shows the Planet LST over the same area as the TeAx LST, 

as well as the histogram plot for Planet and TeAx LST. The histogram plot shows 

Planet LST (Figure 4-17) to be larger than TeAx LST, with an MAE of 9.78 K and 

RMSE of 10.01 K.  Ongoing research within the HALO group exploring the accuracy 

of the TeAx sensor has identified a relatively constant biases inherent to this 

thermal infrared cameras. Given the nature of these biases (i.e. appearing to be 

constant), further discussion regarding them will not be the focus of this Chapter. 

Low correlation between the two datasets was observed, with an R2 value 

of 0.18 (Figure 4-17). The low correlation between the Planet and TeAx datasets 

might be attributable to spatial incongruencies in the data. The area that a pixel 

from the Planet sensor (3 m resolution) observes is almost certainly not the same 

as that detected by a pixel from the TeAx sensor (0.06 m resolution). Furthermore, 

the spatial aggregation of the TeAx imagery (0.06 m to 3 m) might be contributing 

to the potential spatial mismatch between the two datasets (Figure 4-16). In 

addition to low correlation between the datasets, a relatively large bias (close to 

10 K) between the Landsat and TeAx datasets was observed (Figure 4-17). As 

noted, the bias is attributable to measurement inaccuracies in the thermal band of 

both the TeAx sensor and the Landsat 8 thermal infrared sensor (TIRS). For 
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example, Chapter 2 discussed the calibration problem in the Landsat TIRS caused 

by stray light, resulting in large average radiometric calibration errors of -0.29 

Wm-2sr-1μm-1 (~2.1 K) and -0.51 Wm-2sr-1μm-1 (~4.4 K) in Bands 10 and 11, 

respectively. 

To adjust for the bias in both the Landsat and TeAx LST, a correction of  

-1.5 Wm-2sr-1μm-1 (~10 K) was applied to the Planet LST resulting from the 

downscaled Landsat LST. Figure 4-18 (top) shows the adjusted Planet LST, as well 

as the histogram for both Planet and TeAx datasets. After the bias adjustment, the 

temperature values from both Planet and TeAx are comparable, as is evidenced in 

the resulting histogram, MAE, and RMSE (Figure 4-18). MAE decreased from 9.78 

to 1.96 K, while RMSE decreased from 10.01 to 3.72 K. As expected, no change in 

the correlation between the two datasets was observed as the bias adjustment is 

merely a constant adjustment for the linear fit equation employed in the 

correlation analysis. As previously described, the spatial incongruencies between 

the two datasets might be the cause for the poor correlation between the Planet 

and TeAx data. 

Despite the somewhat large LST difference (prior to the bias correction) 

between the two datasets, the DMS seems to largely predict the spatial 

distribution of LST at high-resolution (Figure 4-17 and Figure 4-18). However, 

care must be taken when evaluating different land covers. The type of crop (corn 

in the case of the TE-2 field) could influence the effectiveness of the DMS 

algorithm. The results from Chapter 4.3.1 over alfalfa (TE-10 field) and corn (TE-

2 field) indicate slightly larger MAEs over corn than over alfalfa (Figure 4-11 and 

Figure 4-15). However, scale differences between TeAx and the Landsat-derived 

Planet LST are likely the main sources of error. The MAE plots in Figure 4-17c and 
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Figure 4-18c provide some insight into potential errors arising from scale 

differences between the Planet and TeAx LST, where the wider center pivot wheel 

tracks present in the Planet LST (Figure 4-17a) seem to spatially match to 

vegetation observed by the TeAx sensor, resulting in large LST differences 

between the two datasets over that region in the TE-2 field. With a lack of such 

intercomparisons present in the literature, further studies are needed that 

Figure 4-17. Planet LST (a) over the TE-2 field on May 14, 2017, as well as the 

histogram plot (b) for Planet (red) and TeAx (blue) LST. (c) shows the MAE 

between TeAx and Planet LST (TeAx minus Planet LST), while (d) shows the 

scatter plot for the same data. Temperature in degrees Kelvin. The red line in (d) 

represents the linear fit, while yellow and white points correspond to a higher 

density distribution, and black represents the lowest. 
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examine high-resolution LST derived from Landsat (or other TIR sensors) and 

very-high resolution LST from aerial platforms to investigate the potential utility 

of  coarser resolution (100 m) satellites in very-high resolution LST estimates. 

 

Figure 4-18. Bias-corrected Planet LST (a) over the TE-2 field on May 14, 2017, 

as well as the histogram plot (b) for Planet (red) and TeAx (blue) LST. (c) shows 

the MAE between TeAx and Planet LST (TeAx minus Planet LST), while (d) shows 

the scatter plot for the same data. Temperature in degrees Kelvin. The red line in 

(d) represents the linear fit, while yellow and white points correspond to a higher 

density distribution, and black represents the lowest. 
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4.4 Discussion 

Land surface temperature has generally been limited to either coarse 

resolution (1000 m) daily products (e.g. MODIS) or occasional mid-resolution 

products (e.g. Landsat) obtained every 16 days. The advent of nanosatellite 

constellations such as Planet, has enabled an opportunity to exploit spectral 

information at very high resolution. Despite some recent attempts to sharpen LST 

to 30 m using kernel-driven and fusion-based methods (Xia et al., 2019), 

sharpening products have not previously utilizing very high resolution spectral 

data to obtain LST. The purpose of this study was to explore the thermal 

sharpening of mid-resolution (100 m) to very high resolution (3 m) land surface 

temperature using the DMS algorithm discussed previously in Chapter 3. The 

results provide insight into the utility of very high resolution LST, particularly as 

relates to monitoring intra-field variability in arid land agricultural environments. 

The sharpening results show an overall good visual agreement with the 

input Planet imagery throughout the year, as demonstrated by the accurate 

representation of spatial features seen in the Planet NDVI maps (Figure 4-4). The 

results follow the expected values over the two different land covers: soil and 

vegetation, predominantly showing lower LST values for pixels that correspond 

to healthier vegetation (i.e. greener pixels) in the Planet NDVI map, while 

displaying larger LST values for pixels that correspond to desert soil. Indeed, the 

very high resolution provided by the Planet LST maps allows for unprecedented 

insight into in-field characteristics, such as the emergence of in-field roads, soil 

patches, and pivot tracks, that have previously been unseen in thermal satellite 

imagery.  
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In addition to a seemingly accurate visual representation, the Planet LST 

provides satisfactory results when compared to Landsat LST. MAEs between 

aggregated Planet LST and Landsat LST for the Farm Extension study ranged from 

0.28 to 0.93 K, while MAEs for the single-field studies ranged between 0.09 to 0.97 

K. Correlation was strong, with R2 values ranging between 0.8 to 0.94 in all the 

study cases. In addition, it was observed that MAEs consistently decrease as the 

year progresses from warmer summer to colder winter days. This effect provides 

insight into the challenges that the DMS algorithm encounters during the hotter 

months, as lower NDVI values correspond to a larger range of LST values in the 

scatter plots (Figure 4-6 and Figure 4-7). Moreover, the aggregated Planet LST 

(100 m) seems to closely match the original Landsat LST spatial distribution 

throughout the different case studies. 

The individual field-scale studies aided in reducing the number of desert 

soil pixels that might be contributing to errors in the downscaling of LST. Overall, 

the individual field-scale studies showed positive results, particularly in regard to 

the correlation between NDVI and LST. The range of LST values between Planet 

NDVI and Planet LST at low NDVI values significantly decreased, while showing 

an increase in the average R2 values from 0.48 to 0.68 when compared to the Farm 

Extension study (Figure 4-6 and Figure 4-7).  The better relationship shown in the 

scatter plots in Figure 4-6 and Figure 4-7 suggests that the DMS algorithm is able 

to more accurately predict fine resolution LST (Planet LST), supported by the 

decrease in MAEs (Figure 4-11) when compared to the Farm Extension study. 

The positive impact of high-resolution LST is particularly evident for fields 

that are not being fully utilized for growing crops. For example, while coarse 

resolution Landsat LST (100 m resolution) provides a uniform value over the TE-
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10 field, the finer Planet LST (3 m resolution) shows temperature differences 

within the field that follow the spatial distribution of Planet NDVI (Figure 4-9). 

That is, the results show lower LST values for pixels with higher NDVI values, and 

higher LST values for pixels with lower NDVI values.   

High-resolution LST provides further insight into the influence of 

vegetation cover on LST (even during the winter months). For example, the 

temperature difference between the desert soil and the TE-10 field shows LST 

values between soil and vegetation of approximately 5 K (DOY 340, Figure 4-9) 

for NDVI values over vegetation in the range 0.5-0.6, while being approximately 3 

K for NDVI values of around 0.2 (DOY 354, Figure 4-9).  

Despite the overall positive results, the Planet LST product is less accurate 

over partially vegetated areas. The large difference in spatial resolution between 

Landsat and Planet (i.e. 100 m and 3 m, respectively) might contribute to 

exacerbate the challenges in LST sharpening due to land cover heterogeneity. 

Partially vegetated areas are subject to a reduced number of training data, as the 

DMS algorithm has a comparatively smaller area over which to create the 

necessary LST-DN relationships. With the availability of higher-quality training 

data, the DMS algorithm would be able to more accurately predict fine resolution 

LST. In addition, box-like effects that consistently appeared in the Planet LST maps 

suggest that the DMS algorithm might be at the limit of its sharpening capabilities, 

primarily due to the large sharpening ratio explored in this study. As discussed in 

Chapter 3, larger sharpening ratios may result in a lower number of “pure 

samples” as denoted by 𝐶𝑣 (Equation 3-5), with a lower number of pixels being 

classified as useful. Furthermore, errors in the DMS algorithm might be 

exacerbated by Planet’s lack of radiometric calibration. The operational nature of 
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a constellation of nanosatellites (150-200 satellites) means that for any location 

on any particular day, spectral data can be acquired by a different satellite with its 

own unique sensor characteristics (i.e. there may be no sensor consistency 

through time). The Cubesat enabled Spatio-Temporal Enhancement Method 

(CESTEM) derived by Houborg and McCabe (2018), which addresses this issue 

directly by providing a Landsat 8 consistent atmospherically corrected surface 

reflectances in the Planet VNIR bands, could be beneficial in reducing errors in the 

DMS algorithm. 

The evaluation of the DMS algorithm by comparing Planet LST and UAV-

derived LST (TeAx LST) did not provide satisfactory results. Large errors were 

found when evaluating Planet LST against TeAx LST, with an MAE of 9.78 K and 

RMSE of 10.01 K. The relatively large bias is likely attributable to measurement 

inaccuracies in the thermal band of both the TeAx sensor and the Landsat 8 

thermal infrared sensor. The correlation was also low when comparing these two 

datasets, with an R2 value of 0.18, which might be attributable to spatial 

incongruencies (e.g. mismatches in the areas observed/calculated, differences in 

spatial reference systems, etc.) in the data.  

After adjusting for the bias in both the Landsat and TeAx LST, a correction 

of -1.5 Wm-2sr-1μm-1 (~10 K) resulted in a decrease in MAE from 9.78 to 1.96 K, 

and a decrease in RMSE from 10.01 to 3.72 K. The scale differences between TeAx 

and Planet LST are likely the main sources of error. Further studies on high-

resolution LST derived from Landsat (or other TIR sensors) could be beneficial in 

identifying the potential utility of coarser resolution (100 m) TIR sensors in very-

high resolution LST estimates. 
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The DMS algorithm was originally developed to take advantage of higher-

resolution VNIR bands onboard the same satellite platform. Given that Planet and 

Landsat are two different platforms, spatial incongruencies between the products 

is another potential source of error in the sharpened product. Spatial 

incongruencies can also appear when evaluating sharpening techniques, such as 

the spatial mismatches observed in this study between UAV-derived LST (TeAX 

LST) and very high resolution sharpened LST (Planet LST). In the interest of 

evaluating factors influencing thermal sharpening performance, the parallel 

evaluation of other sharpening techniques might be beneficial to discard potential 

errors pertaining to each algorithm and to help identify factors primarily derived 

from sensor data that influence thermal sharpening. New developments in 

thermal sharpening using statistical and machine learning methods, such as Direct 

Sampling (Mariethoz et al., 2010), Random Forest Regression (Yang et al., 2017b), 

Support Vector Regression (Keramitsoglou et al., 2013), or Extreme Learning 

Machine (Ebrahimy & Azadbakht, 2019) might help to identify the physical 

parameters influencing the accurate representation of LST at a high spatial 

resolution, which contributes to further advancing the utility of coarse-resolution 

thermal imagery in arid-lands agriculture. 
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4.5 Conclusion 

Very high spatial resolution (≤101 m) imagery from satellites has recently 

become a possibility through the use of constellations of nanosatellites, which has 

the potential to provide useful information across a variety of fields, including 

precision agriculture. This work evaluated the use of Planet visible and near-

infrared (VNIR) imagery at 3 m resolution in conjunction with Landsat thermal 

imagery (100 m resolution) to provide LST at a very high spatial resolution (3 m). 

Very high resolution LST was achieved by using the Data Mining Sharpener (DMS), 

which leverages a regression tree method for sharpening thermal imagery. 

Previous studies have focused on coarse-resolution sharpening (e.g. from 1000 m 

to 250 m, 100 m to 30 m, etc.) but have not addressed the increased challenge of 

recreating accurate in-field characteristics and the inherent spatial variability of 

LST. Sharpening results for the study area showed a good visual agreement with 

the Planet imagery throughout the year, as demonstrated by the accurate 

representation of spatial features seen in the NDVI maps. Moreover, the 

aggregated Planet LST (100 m) seems to closely match the original Landsat LST. 

Errors were acceptable, with MAE values ranging between 0.09 to 0.97 K and R2 

values ranging between 0.80 to 0.94. When evaluated against UAV-derived LST 

imagery, the results were not satisfactory, with an average MAE of 9.78 K and an 

R2 value of 0.18. However, several avenues require further examination, including: 

1) use of additional sharpening methods; 2) spatial incongruencies between the 

products; 3) sensor calibration (e.g. Planet VNIR and UAV thermal imaging); and 

4) study of additional land cover types. Overall, the study presents a previously 

unexamined scale of LST outputs (3 m) from any satellite platform, and highlights 

some of the outstanding challenges in sharpening LST to such resolutions. 
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Chapter 5  
 
Diurnal Cycle Analysis of Land Surface Temperature from an 
Unmanned Aerial Vehicle (UAV) 

This Chapter focuses on the application of Unmanned Aerial Vehicles (UAVs) for 

the collection of ultra-high resolution LST. The following work details the 

collection and analysis of a UAV-based LST dataset, with the purpose of examining 

the diurnal surface temperature response: something that has not been possible 

from traditional satellite platforms at these scales. Two campaigns were 

conducted over bare desert in combination with harvested maize. Interestingly, a 

comparison of the UAV-based diurnal cycle with METEOSAT geostationary 

satellite data yielded comparable results. Overall, the analysis presented here 

reveals a greater diurnal variability over the desert surface than the harvested 

maize. The findings presented in this Chapter highlight the considerable potential 

to utilize UAV-based retrievals to enhance investigations across multi-disciplinary 

studies in agriculture, hydrology and land-atmosphere investigations. 

The data presented in this Chapter was collected by Jorge Rosas and forms the 

basis of the experiments executed and described in this study. The results of this 

Chapter also provided data for material published in: Yoann Malbéteau, Stephen 

Parkes, Bruno Aragon, Jorge Rosas, and Matthew F. McCabe, Capturing the Diurnal 

Cycle of Land Surface Temperature Using an Unmanned Aerial Vehicle, Remote 

Sensing 2018, 10(9), 1407; doi:10.3390/rs10091407.    

http://dx.doi.org/10.3390/rs10091407
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5.1 Introduction  

In previous Chapters, there was a broad focus on land surface temperature 

(LST) estimates at the coarse-, mid- and high-resolution scale, including both their 

accurate retrieval and downscaling. Despite advances in satellite remote sensing 

(McCabe et al., 2017b), for the most part, current thermal infrared sensors remain 

constrained to a resolution on the order of 102 m (Liu et al., 2006; Rosas et al., 

2017), which is not particularly suited for agricultural applications at the field 

level: and specifically those applications where within field retrievals are required 

(i.e. precision agriculture). New prototyping satellite missions that aim to advance 

thermal sensing from space, such as the ECOsystem Spaceborne Thermal 

Radiometer Experiment on Space Station (ECOSTRESS) launched in 2018, 

improve only slightly on the current available thermal imagery from Landsat, with 

a resolution of approximately 70 m (Hulley et al., 2017). 

While airborne remote sensing is able to provide data that is suitable for 

vegetation monitoring at the field scale, providing imagery at spatial resolutions 

as high as 10-1 m, it is not operationally feasible to provide wide area mapping on 

a repeatable basis. Numerous experimental based studies that employ aerial 

thermal imagery in their analyses have been undertaken, supporting studies on 

the potential for water stress detection in crops (Jackson et al., 1981), site-specific 

field management practices (Sepulcre-Cantó et al., 2006) and the detection of 

temperature differences at high-resolution (Sepulcre-Cantó et al., 2007). Still, 

airborne missions have been restricted due to high operating costs, long 

turnaround times (due to high volumes of data requiring processing), and lack of 

private investment that would provide more cost-effective products (Berni et al., 

2009b).  
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With the advent of unmanned aerial vehicles (UAVs) (Gago et al., 2015; 

Saari et al., 2011; Zarco-Tejada et al., 2012), affordable ultra-high resolution 

imagery at the centimeter scale (10-1 m) is now a reality. UAVs, commonly referred 

to as drones, involve the use of an autonomous aircraft that operates without a 

human pilot aboard. The encapsulation of the aircraft (UAV), the ground-based 

controller, and the communication system have also been referred to as an 

unmanned aerial system (UAS). The idea of a fleet of airborne thermal scanners 

collecting data over irrigated fields is not entirely new. Jackson et al. (1977) 

envisioned such an automated decision support system back in 1977, detailing the 

technological availability and constraints at the time. Back then, Jackson et al. 

(1977) proposed the framework that current thermal UAV systems are pursuing, 

involving the collection of aerial thermal imagery and processing at a central 

station, followed by the creation of maps that would aid in the management of 

water resources in the area. However, after 40 years, this vision still remains 

somewhat futuristic given the constraints in revisit times and restrictions in 

centralized and automated processing. In recent times, the use of UAVs in remote 

sensing has increased due to the decrease in price of the UAV platforms, as well as 

the availability of imagery collection systems in the visible (RGB), near-infrared 

(NIR), and thermal infrared (TIR) range (Berni et al., 2009b; Candiago et al., 2015). 

The relatively low operational costs, combined with a near real-time acquisition, 

make these tools ideal for mapping and monitoring in remote sensing.  

Perhaps one of the first instances of UAVs for agricultural remote sensing 

includes the NASA-funded solar-powered Pathfinder Plus, which flew over coffee 

orchards in Hawaii (Herwitz et al., 2002) and included two high-resolution digital 

cameras: an RGB and a multispectral system for narrow-band imaging in the 
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visible and infrared. Since the times of the Pathfinder Plus (ca. 2002), sensors have 

significantly reduced in size and computation power increased exponentially, 

enabling a new generation of comparatively inexpensive sensors and UAVs 

(Herwitz et al., 2002). The two main UAV platforms employed for agricultural 

management include fixed wing airplanes and helicopters (including multirotors 

or quadcopters) (Berni et al., 2009b; Zarco-Tejada et al., 2012). These platforms 

differ greatly in their advantages and limitations. Fixed wing airplanes offer longer 

flight times and simpler flight systems, which allows them to cover larger areas, 

but require additional space for take-off and landing. In contrast, helicopters and 

multirotors are subject to more complex flight systems and lower flight altitudes, 

combined with an overall shorter flight time than their fixed wing counterparts. 

However, helicopters and multirotors are able to hover (maintain a stable position 

in flight) around an area of interest, or to conduct flights at lower speeds, which is 

needed for ultra-high resolution collection (centimeter to sub-centimeter scale). 

This hovering capacity allows multirotor platforms to take-off and land almost 

anywhere, with minimum requirements or operational constraints.  

Studies in agriculture utilizing UAVs include the development of a remote 

sensing system for vegetation monitoring (Berni et al., 2009a; Sugiura et al., 2005), 

as well as applications in precision agriculture (Zhang & Kovacs, 2012) and for 

vegetation health and stress monitoring (Zarco-Tejada et al., 2012; Zarco-Tejada 

et al., 2013). In addition to agriculture, the performance of UAVs in hydrological 

process studies has been demonstrated in the retrieval of snow depth (Vander Jagt 

et al., 2015), irrigation monitoring (Bellvert et al., 2016), and flood mapping (Feng 

et al., 2015). Remotely sensed LST from UAVs in agriculture has been used for 

evaporation estimation (Hoffmann et al., 2016), drought mapping (Bendig et al., 
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2012), and assessment of plant water stress (Gago et al., 2015). Of course, 

applications of UAV-based thermal remote sensing are not limited to agriculture 

and have seen application in a range of studies including fire detection (Ambrosia, 

2005), wildlife monitoring (Gonzalez et al., 2016), and volcanic geothermal 

monitoring (Chio & Lin, 2017). More recently, these platforms have also started to 

see application for plant-phenotyping experiments, by combining sensing 

capabilities across the visible, near-infrared and thermal spectrum (Johansen et 

al., 2019). 

Given the importance of LST in understanding the interactions between the 

surface and the atmosphere (Anderson et al., 2008; Karnieli et al., 2010; Kustas & 

Anderson, 2009), the characterization of this variable at ultra-high spatiotemporal 

resolutions is of great interest. Approaches using LST derived from satellite 

platforms have been pursued in the past decades including evapotranspiration 

monitoring (Yang et al., 2017a), soil moisture estimation (Gallego-Elvira et al., 

2016), and urban monitoring (Zakšek & Oštir, 2012), to name but a few. LST varies 

considerably both in space and time (Prata et al., 1995) due to the rotation of the 

Earth, the varying sun-surface geometry over the course of the diurnal cycle, 

atmospheric influences and surface heterogeneities and landcover related effects. 

Approaches that can characterize and monitor this variability are still needed. 

High-resolution polar-orbiting satellites, such as Landsat (Chapter 2), are unable 

to adequately capture the variability of LST within a day given their low revisit 

time (approx. 16 days). Moreover, coarse-resolution platforms such as MODIS 

(Chapter 3), while able to provide daily information over a large portion of the 

Earth, can only do so at a significantly lower spatial resolution compared to 

Landsat (1 km vs 100 m). The spatiotemporal trade-off between resolution and 
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revisit time remains a challenging aspect of single-platform polar-orbiting 

satellite missions. In the same vein, geostationary platforms equipped with a 

thermal infrared sensor are capable of providing information every 15 minutes 

and thus, are able to capture the diurnal cycle of LST from a regional and global 

scale. However, the spatial resolution of geostationary satellites is generally too 

coarse (3-5 km) for applications in agriculture at the field scale, where surface 

types with different temperatures are mixed into a single pixel (Chapter 3.1), 

complicating the appropriate characterization of LST. 

Given the demonstrated capabilities of UAVs in hydrological process 

monitoring (Feng et al., 2015; Vander Jagt et al., 2015), and particularly in 

agricultural applications (Hoffmann et al., 2016; Zhang & Kovacs, 2012), UAV-

based LST provides an opportunity for further exploration of potential 

applications, with the objective here of advancing the characterization of the 

diurnal LST cycle at ultra-high spatial resolutions. The following Chapter will 

evaluate the performance of LST from a quadcopter in order to estimate the 

diurnal LST cycle over two land-cover types (i.e. bare desert soil and harvested 

maize) located at the Tawdeehiya Arable Farm (Figure 2-1). In addition to UAV-

based LST, in-situ LST measurements were obtained coincident with the UAV 

acquisitions using Apogee SI-111 infrared radiometers (Chapter 2.2.2) in order to 

evaluate the thermal data acquired with the quadcopter. To assess larger spatial 

trends, LST data from the geostationary MSG-SEVIRI platform was also employed 

to aid in the evaluation of the UAV derived diurnal cycle.  
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5.2 Materials and methods 

5.2.1 Study site  

The study was undertaken over the Tawdeehiya Arable Farm, previously 

described in Chapter 2 (Figure 2-1). Two campaigns were conducted over the field 

TE-10, covering bare desert soil and harvested maize (Figure 5-1). Thermal 

measurements over the TE-10 field and the adjacent bare desert soil were 

undertaken throughout the day to capture a large part of the diurnal cycle on 

December 13, 2016 and January 30, 2017. The December campaign consisted of 

13 UAV flights (at 8:30, 8:50, 9:30, 10:15, 10:35, 11:30, 12:30, 13:30, 14:30, 15:15, 

15:45, 16:15, and 16:45 hrs.), while the January campaign consisted of 7 UAV 

flights (at 9:15, 11:15, 12:45, 14:00, 15:00, 15:45, and 16:30 hrs.). 

Surveys were conducted under clear sky conditions, with sunrise occurring 

at 6:25 am and 6:32 am and sunset at 17:04 pm and 17:35 pm (local time) for the 

December and January campaigns, respectively. Figure 5-2 shows the net 

radiation and air temperature at the site when surveys were performed, reflecting 

the clear sky conditions. Although, wind speeds were largely stable within each 

day, the wind speed during the January 30 campaign was higher (Figure 5-3). 

 

Figure 5-1. The Tawdeehiya Farm and the TE-10 field (in red) where UAV surveys 
were conducted in December and January.  
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Figure 5-2. Diurnal variations of net radiation (blue line) and air temperature 
(red line) for December 13, 2016 (left) and January 30, 2017 (right). 

 

Figure 5-3. Wind speed at the meteorological station for December 13, 2016 (left) 
and January 30, 2017 (right).  

5.2.2 Satellite data 

MSG-SEVIRI 

Meteosat Second Generation (MSG) is a geostationary satellite that 

observes four specific geographical regions of the Earth (Europe, Africa, North and 

South Africa, and South America) with a repeating cycle of 15 minutes (Schmetz 

et al., 2002) from an earth-satellite distance of approximately 36,000 km. The 

Spinning Enhanced Visible and Infrared Imager (SEVIRI) radiometer is able to 

acquire thermal infrared data at a 3 km spatial resolution. The retrieval of LST is 

based on clear-sky measurements from MSG system in the thermal infrared 
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window (MSG/SEVIRI channels IR10.8 and IR12.0) and employs ancillary data 

from the ECMWF (Chapter 2) for atmospheric correction. 

The accuracy of retrievals is influenced by the performance of the sensor, 

the identification of cloudy pixels, atmospheric corrections, and the spectral 

variation in surface emissivity. The Land Surface Analysis Satellite Application 

Facility (LSA SAF) target accuracy for the LST product is set at 2 K. In a recent 

study over a desert area in Africa, Göttsche et al. (2016) found the LST uncertainty 

to be 0.8 ± 0.12 K when compared to in-situ measurements.  

5.2.3 UAV thermal data collection and processing  

The surveys over TE-10 employed a DJI M100 quadcopter (Figure 5-4) 

equipped with a TeAx Thermal Capture Camera (640x512 pixel resolution, 13 mm 

lens) integrated with a 3-axis gimbal. The TeAx system has a thermal accuracy of 

2 K and a thermal sensitivity of 0.04 K. The TeAx camera has a capacity to 

Figure 5-4. DJI M100 quadcopter equipped with a TeAx Thermal Capture Camera. 
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automatically account for flat-field corrections (FFC) during imagery capture, 

which recalibrate the thermal core of the system while in operation and ensures 

thermal consistency. The FFC was performed every 100 frames (83.3 seconds) 

during both of the field collection campaigns. During image acquisition, the sensor 

also collects information on the camera’s internal temperature. In combination 

with measurements of the ambient air temperature, humidity, and emissivity of 

surface (which is set prior to a flight), the Non-Uniformity Coefficients (NUC) used 

to convert the raw 16-bit Digital Number (DN) to radiometric values, can be 

continually updated. The December survey over TE-10 consisted of 13 flights 

throughout the day, capturing surface imagery between 8:30 am and 4:45 pm 

(Arabian Standard Time, AST). The January survey consisted of 7 flights between 

9:15 am and 4:30 pm.  

The UAV platform consisted of the flight controller, propulsion system 

(four propellers), GPS and a remote control. The December campaign made use of 

the DJI GO app way point feature which requires one manual flight to define the 

navigation route, saving the GPS position and altitude that the aircraft would 

follow in the subsequent 12 flights during the day. The manually defined flight 

path resulted in some lateral overlap difference between each flight line, providing 

a flight path of 9 flight lines, each with 70-80% lateral overlap. The flying altitude 

of the UAV was maintained at 75 m, resulting in a ground resolution of 

approximately 0.09 m and a footprint of 62.8 x 50.2 m. In contrast, the UAV during 

the January campaign was controlled by Universal Ground Control software 

(UgCS, LATVIA), which allowed for a larger surveying area while maintaining an 

80% lateral overlap, resulting in 10 flight lines. This time, the altitude of the 

aircraft was maintained at 50 m, resulting in a ground resolution of approximately 
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0.065 m and a footprint of 41.8 x 33.5 m. The flight speed in both campaigns was 

maintained at 5 m/s, averaging 13 min flight time. Despite the camera collecting 

thermal imagery at a frame frequency of 8.33Hz, only 8 frames were used in the 

structure from motion and photogrammetry software, resulting in a frontal 

overlap of approximately 90%. The reduction in the number of utilized images did 

not have an effect on the reconstructed thermal maps while significantly reducing 

the processing time.  

The workflow of the UAV acquisition can be divided into two main 

processes: data collection and image processing. Before starting the survey, a 

quick assessment of the area of interest is carried out. This first evaluation results 

in the initial identification of physical variables that might affect the data 

collection, such as air temperature and wind speed, and also other items in the 

landscape that could disrupt the flight, such as trees, buildings, or communication 

towers. Once potential issues in the area have been identified, a flight plan (Figure 

5-6) that takes into account the newly acquired information is created. The 

construction of the flight plan requires information on airspeed, heading, altitude, 

and the required number of flight lines.  

Following the creation of the flight plan, ground control points (GCPs) are 

deployed under the planned flight trajectory. For this study, circular aluminum 

pizza trays and white/black targets were chosen to be deployed as they are easily 

visible in the thermal frames. Once in place, the GCPs were measured using a Leica 

GS10 base station and a GS15 rover to provide Real Time Kinematic (RTK) 

positioning with an accuracy of approximately 2 cm (Figure 5-5). With the GCPs 

in place, the aerial survey was conducted. This stage is fully autonomous, with the 

possibility of automatic take-off and landing. However, it is good practice to 
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perform these steps manually since this allows for a more delicate handling of the 

aircraft, particularly if the pilot is experienced. As soon as the aircraft landed, a 

quick check on the newly acquired data was carried out, followed by regular data 

backup after each flight.  

 

Figure 5-5. Field measurement of Real Time Kinematic positioning using the Leica 
GS15 rover over a white and black target.  

After the thermal image acquisition, data were exported as video files for 

post-processing. The raw DN and radiometrically calibrated video frames were 

then extracted from the video file as 16-bit TIFF files. The computer software 

Photoscan Professional (Agisoft, Russia) was used to perform the georeferencing 

and mosaicking of the 16-bit TIFF thermal imagery. The first step in the Photoscan 

workflow is image alignment, which employs structure from motion (SfM) 

techniques to recreate the scene based on common points (pixels) detected and 

matched across all images (Figure 5-6) (Westoby et al., 2012). In addition, the 



 188 

image alignment step also calculates the position of the camera for each image. 

The final thermal orthomosaics are built using mean value composition and the 

three-dimensional point clouds that are computed from the camera positions 

(Figure 5-6). 

In order to obtain the final LST product, the generated temperature 

orthomosaic from PhotoScan needs to be atmospherically corrected in the same 

way as described in Chapter 2.2.2. However, one key difference when analyzing 

UAV imagery is that the influence of atmospheric parameters such as 

transmittance (𝜏𝑗 , Equation 2-8) and path radiance (Lj
sky

, Equation 2-8) on the 

TeAx camera can be neglected. In contrast to the satellite atmospheric correction 

(Chapter 2.2.7), the TeAx camera is only affected by the first 50 meters of 

atmosphere, in comparison to the entire atmospheric column influencing the 

satellite sensor (on the order of tens of kilometers). 

 

Figure 5-6. Point cloud calculation using structure from motion (SfM) techniques 
and RGB imagery. Every green point corresponds to a single image acquired by 
the sensor following the flight plan.  
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Following Equation 2-1, LST can be calculated following the Stefan-

Boltzmann Law, as described in Chapter 2.2.2, for ground-based temperature 

measurements. The sky temperature (Tsky) was estimated from the long wave 

downwelling irradiance measured by a meteorological station in the farm and 

Equation 3-3 as follows: 

Equation 5-1 

𝑇𝑠𝑘𝑦 =  √
𝐿𝑊

𝜎

4

 

where Tsky is the sky temperature, LW is the long wave downwelling irradiance, 

and 𝜎 is the Stefan–Boltzmann constant. Note that Tsky can be calculated using 

ambient temperature and relative humidity as described in Equation 2-4. 

However, given the availability of the down-welling LW radiation, the method 

described in Equation 5-1 was selected. The TE-10 field contains relatively sparse 

vegetation as a result of the maize harvest and emissivity was therefore set to 

0.954 based on ASTER observations for bare soil (Rosas et al., 2017), as well as 

details presented in Chapter 2.2.2.  

5.2.4 In-situ measurements 

Apogee SI-111 infrared radiometers (Chapter 2.2.2) were used as in-situ 

sources of evaluation data for the UAV collected LST. These sensors have a spectral 

range spanning 8 to 14 μm, and an operational temperature range from −40°C to 

80°C, with and a stated manufacturer accuracy of ± 0.5°C. In-situ temperatures 

were recorded at three (December) and four (January) field locations during each 

campaign. Stations for the December campaign are referred to as D1, D2, and D3, 
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while stations for the January campaign are referred to as J1, J2, J3, and J4 (Figure 

5-7). The retrieved brightness temperature from the Apogee sensors were 

corrected for the downwelling sky irradiance and emissivity (0.954) as described 

in Chapter 2.2.2. Field measurements were collected using a data logger and the 

Apogee SI-111 infrared radiometers over the specific field locations (stations) 

throughout the day (see Figure 5-7). The radiometers were positioned on wooden 

support poles at a height of 1 m and at an angle of 30°, resulting in a ground 

sampling area of approximately 0.8 m2 for all the stations (Figure 5-8) 

corresponding to between 100 and 120 thermal pixels. Note that there was some 

small variation around this, given the instrument set-up and incidence angle with 

the uneven surface. At each station, temperature was measured between 08:00 

and 17:00 hrs. at a 1 sec interval, and recorded on DataTaker DT80M loggers 

(DataTake, AUSTRALIA). 

Figure 5-7. Location of the Apogee infrared radiometers (in-situ LST 

measurements) for the December (left) and January (right) campaigns as seen 

from the TeAx sensor. Temperatures in degrees Kelvin. 



 191 

 

  

Figure 5-8. Apogee sensor coupled with a data logger (DataTaker DT80M) over 

bare soil in the Tawdeehiya Farm. 
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5.3 Results 

5.3.1 Comparison between UAV-based and in-situ LST 

The results from the UAV-based LST (hereafter, TeAx LST) were evaluated 

against the in-situ LST collected by the Apogee sensors over TE-10 for the 

December and January campaigns. Measurements from the Apogee sensors were 

extracted for the duration of each flight (approx. 15 min total flight time each), and 

then averaged to conduct a reliable comparison between each flight and the in-

situ LST. In addition, the UAV-based radiance data were extracted and then 

spatially averaged over the Apogee sensor field of view (approx. 0.8 m2). To 

understand the temporal (in-situ) and spatial (TeAx) variation of LST, the 

standard deviation of each data point was calculated (Figure 5-9).  

The location of each Apogee sensor (D1-D3, J1-J4) is shown in (Figure 5-7). 

The standard deviation of the Apogee sensors was calculated to evaluate the 

variation of LST measured by the sensors over the 15 min flight time. LST mean 

intra-day standard deviation values (i.e. mean of all LST standard deviation values 

per station) for the Apogee sensors were 0.59, 0.61, and 0.49 K for the December 

campaign (D1-D3, respectively) and 0.26, 0.21, 0.32, and 0.24 K for the January 

campaign (J1-J4, respectively), with mean standard deviation values across all 

stations of 0.56 and 0.26 K for the December and January campaigns, respectively 

(Figure 5-9). The standard deviation values are within the stated manufacturer 

accuracy of ± 0.5°C, suggesting that the average Apogee LST (over the approx. 15 

minutes flight time) can be reliably used to evaluate TeAx LST.   

Since the Apogee sensors observed a large area (100-120 TeAx pixels) in 

each campaign, it is important to assess the TeAx LST response due to the mixed 

surface type. Aerial observations showed a larger spatial LST variability than 
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temporal in-situ LST variability, with TeAx LST mean intra-day standard deviation 

values of 0.33, 0.63, and 1.05 K (D1-D3) for the December campaign and 0.14, 0.23, 

0.24, and 0.20 K (J1-J4) for the January campaign, showing mean standard 

deviation values across all stations of 0.66 and 0.20 K, respectively (Figure 5-9). 

The relatively large spatial standard deviation of the D3 station (mean value of 

1.05 K, Figure 5-9) can be attributed to the heterogeneity of the area around the 

station (Figure 5-10a). While the D1 and D2 stations observed relatively 

homogeneous terrain (i.e. bare soil and harvested vegetation), the D3 station was 

collected over an area with varying residual weeds height and spatial distribution 

that the TeAx sensor was able to capture (Figure 5-10b).  

The correlation between TeAx LST and in-situ LST across all stations was 

observed to be high, with an R2 value of 0.78 (Figure 5-11). Further, the MAE 

across all stations in both campaigns was 3.41 K, while the RMSE was 3.93 K 

(Figure 5-12 and Figure 5-13). The January campaign had the largest MAE over 

soil (J1-J2 stations), with an MAE of 5.13 K, while the MAE over soil during 

December (D1 station) was lower at 2.86 K. The large MAE over soil in the January 

campaign is rather unexpected given that desert soil is considered to be 

homogenous, and thus, the differences between TeAx and in-situ LST values 

resulting from surface heterogeneity should be minimal. The MAE results inside 

the TE-10 field (over harvested maize) between TeAx LST and in-situ LST (D2-D3, 

J3-J4 stations) were closer in value, with MAE values ranging between 2.74 and 

3.04 K for the January and December campaigns, respectively. The larger MAE 

values over the harvested maize than over soil during the December campaign is 

expected given that the harvested maize is heterogeneous when compared to 

desert soil, resulting in larger differences between TeAx and in-situ LST. 
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Figure 5-9. Standard deviation (in degrees Kelvin) of in-situ (temporal 
variability) and TeAx LST (spatial variability) during the December (D1-D3, top) 
and January (J1-J4, bottom) campaigns. The largest variation of LST occurs during 
the December campaign for the TeAx LST, reaching mean standard deviation 
values between 0.33 and 1.05 K. 
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While there was a degree of agreement in the spatial and temporal 

variability within collection days, the LST difference between TeAx and in-situ 

LSTs varied significantly between the two campaigns. The December campaign 

showed lower LST differences between TeAx and in-situ LST values (Figure 5-12) 

than did the January campaign (Figure 5-13). The MAE results over bare soil in 

the January campaign show the potential challenges in the evaluation of LST 

derived from UAVs, as demonstrated by their larger MAE values (up to 8.36 K) 

around midday for the J1-J2 stations when compared to the stations over 

vegetation (J3-J4) as shown in Figure 5-13.   

One potential source of error could originate from the larger wind speeds 

during the January campaign than during December (Figure 5-3). The TeAx sensor 

performs automatic flat-field corrections while it is recording, which are 

influenced by the internal temperature of the camera and the ambient air 

temperature. The larger wind speeds during the January campaign could be 

contributing to abrupt internal temperature changes in the sensor, which in turn 

could translate to inaccurate flat-field corrections. 

The reduced temporal and spatial availability of TeAx LST data during the 

January campaign may be a contributing factor to the larger errors found in 

January than in December. However, these results are not necessarily as 

straightforward as the data suggests. During the January campaign, 7 observations 

were conducted throughout the day (versus 13 for the December campaign, 

Figure 5-14). Further, the aerial observations during the January campaign were 

unable to cover stations J3 and J4 in 3 of the 7 flights (Figure 5-14), contributing 

to a reduced sample size over the harvested maize.  
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Figure 5-10. Apogee sensor assembly for the December campaign showing the D3 
station (a) and TeAx LST over the D3 station (b). The red circle in (b) shows the 
target area of the Apogee sensor. The station D3 observes residual weeds with 
differences in crop height and spatial distribution.  

 

 

Figure 5-11. Density scatter plot between in-situ LST and TeAx LST during the 
December (D1-D3) and January (J1-J4) campaigns. Temperatures in degrees 
Kelvin. 
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The results between the December and January campaigns (which 

employed the same sensors) seem to be inconsistent, as the MAE over soil in 

January is significantly larger (approx. 2.5 K larger) than in December. Therefore, 

care must be taken when evaluating different surface types with the TeAx and 

Apogee instruments.  

Regardless of the large errors during the January campaign, the TeAx LST 

diurnal cycle shows good agreement with in-situ LST measurements over the 7 in-

situ stations (Figure 5-11). Further, the harvested maize showed a similar 

behavior during the December and January campaigns, likely due to the LST 

variability being constrained by the lack of irrigation during both campaigns. 

Figure 5-12. Temperature difference between TeAx LST and in-situ LST (TeAx 

minus in-situ LST) in December for stations D1-D3. TeAx LST over vegetation (D3 

station, Figure 5-10) underestimates relative to the in-situ LST measurements, 

while TeAx LST over soil (D1 station) and harvested maize (D2 station) 

overestimates relative to the in-situ LST measurements. Temperatures in degrees 

Kelvin. 
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However, the MAE between the TeAx and in-situ sensors across all stations (3.41 

K) is not satisfactory when compared to the ±2 K sensor error suggested by the 

manufacturer (Maes et al., 2017). As previously mentioned, ongoing research 

within the HALO group exploring the accuracy of the TeAx sensor identified biases 

inherent to these thermal infrared cameras and could therefore provide further 

insights into the utility of the TeAx sensor in retrieving LST across the diurnal 

cycle. Furthermore, the accuracy of the individual Apogee sensors needs to be 

evaluated, as errors could also be arising from the calibration (or lack thereof) of 

these sensors. 

 

Figure 5-13. Temperature difference between TeAx LST and in-situ LST (TeAx 
minus in-situ LST) for the January campaign for stations J1-J4. TeAx LST 
overestimates relative to the in-situ LST measurements in stations J1-J3. 
Temperatures in degrees Kelvin.  
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Figure 5-14. Diurnal cycle of TeAx LST (blue line) and in-situ LST (red line) for 
the December (D1-D3) and January (J1-J4) campaigns. TeAx LST overestimates 
relative to the in-situ LST in all stations except D3 and J4. Temperatures in degrees 
Kelvin. 
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5.3.2 Spatial distribution of LST 

The TeAx derived spatial LST maps for the December and January 

campaigns are shown in Figure 5-15 and Figure 5-16, respectively. The December 

and January campaigns show relatively homogeneous LST during the early 

morning retrievals, with LST not varying significantly across the different surfaces 

(i.e. soil and harvested vegetation). However, LST progressively increases as the 

day advances due to an increasing amount of incident solar radiation heating the 

surface, reaching its maximum temperature value around solar noon (Figure 

5-15). LST over bare soil is significantly higher than the LST over harvested maize, 

with a mean LST difference between 4 and 5 K (December and January, 

respectively), likely caused by evaporative cooling or shading effects from the 

vegetation over the soil surface. Again, this was reflected in the LST difference 

between the two landcovers being larger during the hottest periods of the day, 

with bare soil approximately 9 K warmer than the vegetation at 13:30 hrs in 

December and 7 K at 14:00 hrs. in January.  

Examining this response further, the LST differences between soil and 

harvested maize remain relatively constant until the last measurement of the day 

(16:45 and 16:30). Figure 5-2 shows the LST of the bare soil to be larger than air 

temperature until 15:00. The lack of moisture limits the evaporative cooling 

process and thus, the desert soil is only able to reemit the incident solar radiation 

in the form of sensible heat. The complete lack of moisture within the desert soil 

reveals  a strong spatial homogeneity, in contrast to the harvested maize LST 

which was considerably more heterogeneous in all observations.  

Some anomalous high temperature pixels can be observed at the top edge 

of the LST maps on several instances (e.g. 09:00 to 10:15 hrs. in the December 
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campaign), or close to the sides of the image (e.g. 11:15 and 15:00 hrs. in the 

January campaign). These high temperature pixels appear due to thermal 

mosaicking artefacts (Gonzalez-Dugo et al., 2013; Zarco-Tejada et al., 2012), and 

do not display actual landscape features. The highest temperature variability can 

be seen around the peak of solar incidence during the day (between 10:00 and 

14:00, Figure 5-15 and Figure 5-16); where intrinsic surface heterogeneities, such 

as albedo and water status, increase the variability of surface reactions to the solar 

warming and thus provide a larger variation of LST (Gentine et al., 2011).  

Figure 5-15. TeAx LST maps between 8:30 and 16:45 hrs. on December 13, 2016. 
Temperatures in degrees Kelvin.  
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Figure 5-16. TeAx LST maps between 9:15 and 16:30 hrs. on January 30, 2017. 
Temperatures in degrees Kelvin. 

5.3.3 UAV-based and in-situ LST comparison against MSG LST 

The results from the TeAx and in-situ LST over the TE-10 field were 

evaluated against the LST measured by the Meteosat Second Generation (MSG) 

satellite (Chapter 5.2.2) to explore the utility of UAVs in improving evaluation 

strategies of coarse scale satellite derived retrievals, as well as to evaluate the 

reliability of the in-situ LST measurements. However, since the resolution of the 

LST measured by the MSG satellite (MSG LST hereafter) is coarse (3-5 km), the 

comparison between the MSG satellite and the TeAx and in-situ LST is inevitably 

hindered by the substantial differences in scale, which are around several orders 

of magnitude.  

Figure 5-17 shows a scatter plot of all the TeAx LST pixels (per flight) and 

the MSG LST for the December and January campaigns. Overall, the correlation 

between TeAx and MSG LST is surprisingly high, with an R2 value of 0.86. 

Interestingly, the LST difference between TeAx and MSG LST in the December 

campaign was lower than in the January campaign, with an MAE of 1.27 K in 
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December and 3.54 K in January, and an RMSE of 1.43 K and 3.57 K in December 

and January, respectively. The difference in MAE between the December and 

January campaigns further suggests that the TeAx LST during January might not 

be reliable, as both the in-situ (Apogee) and satellite (MSG) observations 

significantly deviate from the TeAx LST measurements in this campaign. In 

addition, the TeAx LST appears to underestimate relative to the MSG LST around 

solar noon in the December campaign, while overestimating relative to the MSG 

LST in the January campaign (Figure 5-18). The difference in LST between the 

December and January campaigns might be attributed to TeAx LST acquisition 

errors, as described in Chapter 5.3.2. Further, the obvious differences in field of 

view between the MSG and TeAx LST contribute to the differences in LST. 

Figure 5-17. Density scatter plot between TeAx LST and MSG LST in December 
(blue) and January (red). Temperatures in degrees Kelvin. 
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However, despite the relatively larger errors in the January campaign, the TeAx 

LST appears more than capable of capturing the diurnal cycle of LST. 

To address the scale differences between the MSG and TeAx LST, 

Malbéteau et al. (2018) attempted to estimate the proportion of vegetation in the 

MSG LST pixel by using Sentinel 2 NDVI to classify the land cover around the TE-

10 field. The authors found the MSG LST to be composed of 84% desert and/or 

bare soil over the TE-10 field. Following this, the in-situ LST measurements over 

bare soil in the December (station D1) and January (stations J1-J2) campaigns 

were evaluated against the MSG LST. As expected, Figure 5-19 shows the in-situ 

LST over bare soil to be consistent with the MSG LST for both campaigns given the 

strong diurnal variability, with an R2 value of 0.92 and an MAE of 1.45 K. Thus, the 

strong correlation and relatively low MAE between the MSG and the in-situ LST 

across both campaigns suggests that the MSG LST can offer useful insights into 

land surface condition that are consistent with ultra-high resolution UAV-based 

retrievals, at least in this particular environment. Furthermore, the relatively good 

agreement between the in-situ measurements and the MSG LST during the 

Figure 5-18. Diurnal cycle of MSG LST (black line) and TeAx LST for bare soil 
pixels only (blue line) and all pixels (red line) during the December (left) and 
January (right) campaigns. Temperatures in degrees Kelvin.  
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January campaign highlights the possibility of external factors affecting the 

accuracy of the TeAx sensor during this particular campaign.   

 

Figure 5-19. Density scatter plot between in-situ LST and MSG LST over bare soil 
in December (D1) and January (J1-J2). Temperatures in degrees Kelvin. 
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5.4 Discussion 

With the advent of unmanned aerial vehicles and lightweight thermal 

sensors, low-cost capabilities to observe the spatial patterns of LST throughout 

the day are now a reality. The results presented in this Chapter highlight the utility 

of LST obtained from thermal infrared sensors onboard UAVs in identifying the 

diurnal response differences between harvested maize and desert surfaces, as 

well as the differences between observation platforms (i.e. satellite, UAV and 

ground-based measurements). The harvested maize showed a similar behavior 

during the December and January campaigns, likely due to the surface 

temperature variability being constrained by the lack of irrigation in both 

scenarios. Diurnal variation over the harvested maize and the desert bare soil 

could also be a response to variations in solar radiation, soil thermal properties, 

and other related surface features, although discriminating between these 

presents an analysis challenge.  

The evaluation of TeAx LST against in-situ LST measurements across the 

two campaigns showed satisfactory results (Figure 5-11), with an R2 value of 0.78 

and an MAE of 3.41 K. The large MAE in LST values (up to 8.36 K over bare soil) in 

the January campaign show a potential limitation of UAVs in arid land 

environments, possibly due to the larger wind speeds during the campaign. High 

wind speeds have the potential to introduce rapid changes in the internal 

temperature of the sensor, which in turn could translate to inaccurate adjustments 

of the observed temperature. Ongoing research within the HALO group is 

currently exploring the accuracy of the TeAx sensor, including the influence of 

wind on the measurements.  
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Apart from meteorological influences, inaccuracies in emissivity values can 

also translate to errors in the estimation of LST, and have the potential to affect 

derived temperatures in the range between 0.2 and 0.4 K (Jiménez-Muñoz & 

Sobrino, 2006) or between 0.7 and 1 K over arid irrigated farmland, for 

uncertainties in emissivity values of 0.01 (Chapter 2.3.2.2). Additional research on 

the effect of emissivity values derived from other sources, such as near-infrared 

sensing alongside the thermal sensor, remains to be investigated, as this study 

utilized constant emissivity values for soil and harvested vegetation due to the 

lack of more detailed surface data. In addition, cross-sensitivities between the 

thermal sensor and environmental variables can further exacerbate the errors in 

the observed temperature values. For example, spatial non-uniformity, such as the 

vignetting effect2, are likely to require consideration. However, current literature 

on these effects remains rather limited (Smigaj et al., 2017) given the emerging 

nature of these sensors. 

In addition to the inaccuracies in the LST retrieval and the TeAx sensor 

itself, errors related to the structure from motion (SfM) process (used to create 

the thermal maps derived from the UAV, Chapter 5.2.3) are likely to present 

artefacts in this study. Studies investigating the stitching of thermal images using 

SfM software have reported difficulties in creating accurate orthomosaic maps 

(Hoffmann et al., 2016; Pech et al., 2013), due to the fact that thermal imagery 

contains a lower degree of spatially differentiable information when compared to 

RGB images. This problem has the potential to be further exacerbated by the rapid 

 
 

2 In photography and optics, vignetting refers to the reduction in brightness or saturation in the 
corners of an image when compared to the center. Vignetting is the main optical artifact in 
thermal cameras (Smigaj et al., 2017). 
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changes in LST during the course of the flight (approx. 15 minutes), as each 

particular pixel can be observed with a different temperature, depending on its 

position in the flight line induced by the changing position of the sun. 

The analysis undertaken in this study showed that LST can significantly 

vary in both space and time, even over seemingly homogenous surface types such 

as bare desert soil. The evaluation of coarse-resolution LST represents a major 

challenge (Prata et al., 1995) due to the large mismatch between the spatial 

resolution of observations from space and the in-situ measurements. However, 

the diurnal LST derived from the MSG platform showed a high degree of 

consistency with both UAV- and in-situ based LST acquisitions (Figure 5-17 and 

Figure 5-19). Nevertheless, methods that bridge the gap between these 

incompatible scales are needed. Thermal sharpening techniques, such as the DMS 

discussed in Chapter 3 and Chapter 4, might help in bridging the gap between 

spaceborne and UAV-based observations. Thermal imagery from current satellite 

platforms (e.g. Landsat 8), despite being coarser than UAV-based LST imagery, can 

still provide useful data until newer and more capable (i.e. higher temporal and 

spatial resolution) thermal infrared satellite platforms become available. 

Regardless of the many potential errors in the retrieval of LST from satellite, UAV 

or in-situ sensors, the TeAx LST diurnal analysis presented here revealed insights 

into surface response and behavior over this particular agricultural setting. 
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5.5 Conclusion 

The rapid evolution of UAV systems, and particularly the integration of 

miniaturized sensors in them, provides new platforms to observe the diurnal cycle 

at an unprecedented spatial and temporal resolution. Here we undertook an 

analysis and assessment of land surface temperature derived from a UAV over 

irrigated farmland in a dryland environment. Results show that the created LST 

orthomosaic maps reflect a strong diurnal cycle that is consistent with expected 

behavior. However, a significant degree of spatial and temporal variability was 

observed within and between the harvested maize and bare desert soil. Results 

show that UAV-based LST (TeAx LST) are consistent with both ground-based and 

satellite measurements, with R2 values of 0.78 (ground-based) and 0.86 (satellite), 

and MAE values of 3.41 K (ground based) and 2.06 K (satellite). The results from 

this work contribute to advancing our understanding of the diurnal cycle of land 

surface temperature, showcasing a rather unique means with which to inform 

upon this key surface energy balance process. Information on the diurnal cycle of 

LST can be beneficial to multi-disciplinary studies in agriculture, hydrology, and 

land-atmosphere interactions. Furthermore, UAV platforms are able to provide 

new satellite evaluation strategies, such as the comparison between high-

resolution satellite LST from Landsat and Planet, and UAV-derived LST described 

previously (Chapter 4.3.2). Overall, the results shown in this Chapter offer new 

insights into the behavior of the land surface in arid land environments and at 

spatiotemporal scales that are unreachable from traditional satellite platforms. 
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Chapter 6       
 
Concluding Remarks 

This Chapter presents a brief discussion on the major findings of this thesis, 

as well as the challenges involved during the research, as well as the overall 

conclusions that are reached. Further, it presents recommendations for future 

research, with particular focus on the importance of studying land surface 

temperature (LST) in arid agricultural and hydrological systems in general.  
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6.1 Introduction 

The ability to increase efficiencies in crop growth and yield, and the 

effective management of agricultural systems and their water resources, will be 

critical to achieving food security for growing global populations. The Chapters 

presented in this Thesis provide an examination on the importance of studying 

land surface temperature (LST) and the role of this physical variable in 

agricultural systems. Remotely sensed LST retrievals, performed across a range of 

temporal and spatial resolutions and different platforms, were analyzed from a 

perspective of both atmospheric correction and also the sharpening of thermal 

imagery to very-high resolutions, suitable for precision agricultural application. 

The main objective of this dissertation was to explore the utility of land surface 

temperature derived from remote platforms for its application to improving 

irrigated dryland farmland. In particular, this work focused on improving the 

accuracy of LST products through enhancements in atmospheric correction 

(Chapter 2), on advancing the utility of coarse-resolution LST through thermal 

image sharpening (Chapters 3 and 4), and on the application of Unmanned Aerial 

Vehicles (UAVs) for the collection of ultra-high resolution LST (Chapter 5). The 

following subsections review these dissertation elements and highlight the key 

findings that were reached in these investigations. 

6.2 Atmospheric Correction of Thermal Infrared Imagery 

Chapter 2 focused on understanding the role of atmospheric correction on 

thermal infrared imagery from Landsat 8 over dryland systems, using 

atmospheric profiles derived from a range of in-situ, reanalysis and satellite data. 

Typically, atmospheric correction of spaceborne thermal imagery can be achieved 
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by using split-window approaches that utilize two thermal bands onboard the 

same satellite platform. However, the US Geological Survey (USGS) reported a 

calibration problem in the thermal infrared (TIR) sensors onboard Landsat 8 that 

resulted in biases in the final thermal product (USGS, 2016). As such, relying on 

split-window algorithms for the estimation of LST from Landsat 8 may prove to 

be problematic. An alternative approach to using a split-window approach is to 

estimate LST using a single band or single-channel (SC) algorithm (Price, 1983; 

Qin et al., 2001; Sobrino et al., 2004). However, the characterization of the 

sensitivity of LST to different atmospheric profile sources has not been thoroughly 

investigated. Likewise, studies examining the atmospheric correction of Landsat 

8 TIR imagery in arid lands are rather limited, despite the increased availability of 

cloud-free Landsat scenes in these environments that may help improve insights 

into spatiotemporal variability. In addition, another potential source of 

uncertainty relates to the role that aerosols play in the prediction of LST. While 

the impact of dust on the optical region of the electromagnetic spectrum has been 

well studied, understanding the role it plays on the thermal portion of the 

spectrum and in dryland systems has not been examined as thoroughly. 

To address these problems, the study presented in Chapter 2 explored 

atmospheric correction by characterizing the impact of using five different 

atmospheric profile records as input to the MODTRAN radiative transfer model. 

Furthermore, in order to evaluate the impact of input parameter errors on the 

atmospheric correction of Landsat 8 TIR data, a sensitivity analysis on the satellite 

and reanalysis atmospheric profiles was performed by applying randomly 

distributed errors into profile parameters such as temperature and relative 

humidity, as well as to ozone, CO2, and aerosol optical depth.  
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Results from 28 Landsat 8 scenes showed that the best performing 

atmospheric profile for this particular arid-land site, relative to available in-situ 

measurements, was AIRS. The AIRS LST reflected an R2 value of 0.97 and an MAE 

of 1.2 K over bare soil. Given the stray light discrepancy that the Landsat CVT has 

reported, with an expected error for the TIRS band 10 of 0.87 K (±0.12 Wm-2sr-

1μm-1) for the Northern Hemisphere summer (Barsi et al., 2014), the 1.2 K MAE 

result over bare soil seems more than satisfactory. Further, these results were 

shown to be comparable to studies undertaken in similar climate zones (Tardy et 

al., 2016), and could potentially be transferred to regions reflecting the local arid-

land conditions experienced in Saudi Arabia. 

In addition, the study presented in Chapter 2 found that uncertainties of 

20% in relative humidity can result in LST errors as high as 1.5 K for bare soil and 

1 K for alfalfa in irrigated arid environments, while an uncertainty in emissivity 

values of 0.01 can result in errors between 0.7 and 1 K for both land cover types. 

Further, errors of up to 0.25 K in the estimation of LST appear when AOD has an 

error of 20%, in line with recently reported errors (Sayer et al., 2013), suggesting 

that the parameter needs to be considered in accounting for LST uncertainty in 

arid environments. Days with high AOD content seem to be consistently 

underestimating the in-situ LST by 1-2 K. Indeed, additional work on the role that 

aerosols play in the prediction of LST require further exploration.  

6.3 Land Surface Temperature Sharpening  

Chapter 3 focused on enhancing the utility of coarse-resolution thermal 

imagery by leveraging sharpening techniques that provide LST at a finer spatial 

resolution than is otherwise available. This work identified both the potential and 
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the limitations of the DMS algorithm (Gao et al., 2012) in arid irrigated lands by 

evaluating the procedure across a range of sharpening ratios. Originally, the intent 

of this study was to evaluate the sharpening of coarse-resolution LST (1 km) 

derived from MODIS (Coll et al., 2009). However, the lack of availability of MODIS 

LST in some of the study regions resulted in the use of synthetic MODIS LST, 

developed by aggregating the Landsat 8 LST (developed in the Chapter 2) to 

coarser resolutions. Results from a robust dataset of 37 Landsat scenes showed 

an average MAE between 0.5 and 1.3 K for a variety of sharpening ratios, with 

errors increasing as the input LST became coarser and as the sharpening ratio 

became larger. Further, the number of available homogeneous samples (Equation 

3-5) greatly affected the sharpened LST, with this being in direct proportion to the 

starting resolution of the downscaled imagery. In addition, the scene temperature 

had an influence on the sharpened product, with larger errors being observed 

during the hotter summer months.  

Chapter 4 expanded on the findings from Chapter 3 by focusing on the 

utility of the DMS algorithm in providing LST at a very high spatial resolution from 

Landsat 8 thermal imagery (100 m resolution) and visible to near-infrared Planet 

imagery (3 m resolution). To achieve this, six Landsat 8 scenes over 

heterogeneous irrigated agricultural fields in Saudi Arabia were studied. Overall, 

sharpening results showed good visual agreement with the Planet imagery 

throughout the year, as evidenced by the accurate representation of in-field roads 

and features. The results follow the expected values over the two different land 

covers (soil and vegetation), predominantly showing lower LST values for pixels 

that correspond to healthier vegetation (i.e. greener pixels) in the Planet NDVI 

map, while displaying larger LST values for pixels that correspond to desert soil.  
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Reducing the influence of the soil pixels in the DMS algorithm, by analyzing 

individual fields, aided in reducing the number of errors in the downscaling of LST.  

Overall, the individual field-scale studies showed positive results, 

particularly in regard to the correlation between NDVI and LST. The range of LST 

values between Planet NDVI and Planet LST at low NDVI values significantly 

decreased, while showing an increase in the average R2 values from 0.48 to 0.68 

when compared to the full farm study. MAEs between the aggregated Planet LST 

and Landsat LST over the full farm ranged from 0.28 to 0.93 K, while MAEs for the 

single-field studies ranged between 0.09 to 0.97 K. Despite the predominantly 

favorable results when evaluating the aggregated product (MAEs between 0.1 and 

1 K), the box-like effects that consistently appeared in the sharpened LST maps 

suggest that the DMS algorithm might be at the limit of its sharpening capabilities. 

Despite the limitations in the sharpening capabilities at high sharpening ratios, the 

aggregated Planet LST (100 m) seemed to closely match the original Landsat LST 

spatial distribution throughout the different case studies. Previous studies have 

focused on coarse-resolution sharpening (e.g. from 1000 m to 250 m, 100 m to 30 

m, etc.) but have not addressed the increased challenge of recreating accurate in-

field characteristics and the inherent spatial variability of LST. 

Overall, the sharpening of thermal band imagery as undertaken in Chapters 

3 and 4 represents a computationally inexpensive means for obtaining thermal 

imagery at finer resolutions. The results provide insight into the utility of very 

high resolution LST, particularly as relates to monitoring intra-field variability in 

arid land agricultural environments. Given the lack of planned high-resolution 

satellite-based thermal imagers, further investigations on the utility of 
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downscaling approaches are required if applications for precision agriculture are 

to be realized.  

6.4 Land Surface Temperature from Unmanned Aerial Vehicles 

In addition to studying the reproduction of high-resolution LST from 

Landsat 8 and Planet, Chapter 4 evaluated the performance of the DMS sharpening 

algorithm by comparing the high-resolution Planet LST product (3 m) against 

thermal imagery from a UAV platform (TeAx LST hereafter). The objective of this 

work was to provide additional evaluation data to assess the performance of the 

DMS algorithm in the derivation of very high resolution (3 m) LST. Low correlation 

between the two datasets was observed, with an R2 value of 0.18. The low 

correlation between the datasets might be attributable to spatial incongruencies 

in the data. In addition, a relatively large bias (~10 K) between the Landsat and 

TeAx datasets was observed, attributable to measurement inaccuracies in both 

sensors. To adjust for the bias in both instruments, a correction of-1.5 Wm-2sr-

1μm-1 (~10 K) was applied to the Planet LST resulting from the downscaled 

Landsat LST. After the bias adjustment, the temperature values from both Planet 

and TeAx were comparable, as MAE decreased from 9.78 to 1.96 K, while RMSE 

decreased from 10.01 to 3.72 K. Clearly, further work needs to be directed towards 

identifying the particular contributing elements to this temperature correction.  

To understand the potential benefits of utilizing UAVs in thermal remote 

sensing, Chapter 5 expanded on the findings from Chapter 4 by focusing on the 

application of UAVs for the collection of ultra-high resolution LST with the 

purpose of examining the diurnal surface temperature response: something that 

has not been possible from traditional satellite platforms at these scales. Two 
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campaigns were conducted (over bare desert in combination with harvested 

maize) to understand the influence of different landcovers on the LST diurnal 

cycle over arid farmland during the period between December 2016 and January 

2017. The evaluation of TeAx LST against in-situ LST measurements across the 

two campaigns showed satisfactory results, with an R2 value of 0.78 and an MAE 

of 3.41 K. However, large MAE in LST values (up to 8.36 K over bare soil) in the 

January campaign showed the potential limitations of UAVs in arid land 

environments. These errors may be possibly due to the larger wind speeds during 

the January campaign than during the December campaign, as high wind speeds 

have the potential to introduce rapid changes in the internal temperature of the 

sensor, which in turn could translate to inaccurate adjustments of the observed 

temperature. Despite the December results suggesting that temperature 

differences are independent of the diurnal cycle, care must be taken when 

evaluating different surface types, as the results between the December and 

January campaigns suggest a degree of inconsistency. Regardless of the large 

errors during the January campaign, the TeAx LST diurnal cycle shows good 

agreement with in-situ LST measurements over the 7 in-situ stations employed in 

the study. The created LST orthomosaic maps reflect a strong diurnal cycle that is 

consistent with expected behavior at spatiotemporal scales that have not been 

previously explored. 

Rapid developments in UAV capabilities, particularly their ability to 

integrate miniaturized sensors, provide a unique opportunity to observe the 

diurnal cycle at unprecedented spatial and temporal resolutions. Regardless of the 

many potential errors in the retrieval of LST from satellite, UAV or in-situ sensors, 



 218 

the TeAx LST diurnal analysis presented in Chapter 5 provided results that are 

consistent with expected behavior over this particular agricultural setting. 

6.5 Recommendations for Further Research 

The work presented in this Dissertation contributed to advancing the 

utility of spaceborne and aerial thermal imagery in irrigated arid-lands agriculture 

through improvements in the atmospheric correction of LST, development of high 

and very-high spatial resolution LST maps through thermal sharpening, and the 

procurement and evaluation of ultra-high resolution LST maps from UAVs. 

However, several areas of improvement on the research conducted throughout 

the previous Chapters have also been identified. The following recommendations 

have the potential to further advance upon the findings of this work. 

Atmospheric Correction of Land Surface Temperature. While the atmospheric 

correction study of Chapter 2 provided a reliable estimation of LST over arid-land 

irrigated environments, there is certainly room for potential improvements in the 

proposed methodology. For instance: 

• A detailed examination of the atmospheric water content within the 

surface layer is needed in order to improve the accuracy of LST estimates 

after atmospheric correction. Significant amounts of water vapor (due to 

evaporation) are circulated within the first few hundreds of meters of the 

atmosphere in these arid-land irrigated environments. It is likely that this 

portion of the lower atmosphere is the most important in establishing the 

accuracy of TIR retrievals. However, atmospheric profile data, such as 

AIRS, do not provide information on the composition of the lower 
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atmosphere. Therefore, techniques to monitor and characterize the near-

surface meteorology, such as the retrieval of atmospheric parameters (e.g. 

relative humidity and air temperature) using UAVs, could provide greater 

insights into estimating LST and thus, improve its accuracy. UAV systems, 

such as the one employed in Chapters 4 and 5 for the collection of thermal 

imagery, are readily available and are able to conduct vertical surveys up 

to several hundred meters above the surface, and would provide a much 

cheaper alternative to atmospheric sounders (although at the expense of 

temporal frequency).  

• Further understanding of the role that aerosols play in the atmospheric 

correction of thermal infrared imagery is required. This would be of 

particular importance for days with high AOD, as the larger energy 

emission in the region makes AOD inaccuracies relevant. Studies that 

encompass a series of data with high AOD content over arid lands would 

provide key insights on the role that aerosols play in the estimation of LST. 

Thermal Sharpening of Land Surface Temperature. The original intent of the 

sharpening study was to evaluate the performance of the DMS algorithm in the 

downscaling of MODIS LST (1 km resolution), down to 100 m over arid irrigated 

environments. However, synthetic MODIST LST was used instead to achieve 

temporal coincidence with Landsat 8 in order to provide thermal evaluation data 

to the sharpened MODIS LST. In addition, the Planet LST study could benefit from 

the use of additional sharpening methods, improvement in the spatial 

incongruencies between the products, better sensor calibration (e.g. Planet VNIR 

and UAV thermal imaging), and the study of additional land cover types.  
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The following points encapsulate some of the above comments with specific 

recommendations:  

• Further studies that take advantage of both MODIS LST and Landsat 8 LST 

in the evaluation of sharpening algorithms over arid irrigated lands would 

help advance our capability to detect changes and characterize terrestrial 

systems at daily scales.  

• Additional surveys of very high resolution thermal evaluation data (3 m 

resolution), possibly from UAV platforms, would be beneficial for the 

evaluation the sharpening algorithms applied to high-resolution (100 m) 

thermal imagery at the 101 m scale.  

• The vast desert areas surrounding agricultural regions in arid land 

environments contribute to a disproportionate land cover distribution. 

Therefore, a study area with a balanced number of land cover types might 

provide improved results, even if the overall number of available samples 

is limited (i.e. at coarser spatial resolutions).  

• The Planet LST study employed digital numbers (DNs) in the sharpening 

methodology. The use of the Cubesat enabled Spatio-Temporal 

Enhancement Method (CESTEM), recently derived by Houborg and 

McCabe (2018), provides a Landsat 8 consistent atmospherically corrected 

surface reflectances in the Planet VNIR bands instead of DNs, and may 

prove to be beneficial in reducing errors in the DMS algorithm. 

• The evaluation of additional sharpening methods that employ other 

statistical and machine learning tools such as Direct Sampling (Mariethoz 

et al., 2010), Random Forest Regression (Yang et al., 2017b), Support 
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Vector Regression (Keramitsoglou et al., 2013), or Extreme Learning 

Machine (Ebrahimy & Azadbakht, 2019) might help to identify the physical 

parameters influencing the accurate representation of LST at a high spatial 

resolution, particularly as it relates to estimation of Planet-resolution (3 

m) LST derived from Landsat 8. 

• A reduction of spatial incongruencies between Landsat 8 and Planet, 

through the use of mismatch detection algorithms (Lowe, 2004), could be 

beneficial in reducing errors in the final sharpened LST product.  

Determining Land Surface Temperature from Unmanned Aerial Vehicles. 

The assessment of land surface temperature derived from UAVs showed that the 

constructed LST maps reflect a strong diurnal cycle that is consistent with 

expected behavior, but with considerable spatial and temporal variability 

observed within and between the different land covers. The following 

recommendations have the potential to greatly improve the accuracy of UAV-

based LST: 

• The effect of wind on the TeAx sensor requires further work, as high wind 

speeds have the potential to introduce rapid changes in the internal 

temperature of the sensor, and thus, introduce inaccuracies in the 

observed temperature.  

• Temporal non-uniformity (i.e. a temperature-dependent drift problem) 

and spatial non-uniformity (e.g. vignette effect) require description and 

characterization, and further work on these effects will certainly add value 

to the relatively limited literature that currently explores this subject.  
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• Additional research on the effect of emissivity values derived from other 

sources, such as near-infrared sensing alongside the thermal sensor, 

remain to be investigated, as the study in Chapter 5 utilized constant 

emissivity values for soil and harvested vegetation. 

• The UAV-based LST evaluation study utilized between 3 and 4 ground-

based stations as evaluation data. However, a larger number of stations, 

perhaps over different landcovers within the same agricultural field, would 

increase the reliability and flexibility of the evaluation data. 

• The evaluation of thermal sharpening techniques against UAV thermal 

imagery, as discussed in Chapter 3 and Chapter 4, might help in bridging 

the scale-gap between spaceborne and UAV-based observations. Similar to 

the previous recommendations on high-resolution thermal sharpening, 

additional work combining different sharpening techniques and UAV-

based LST will expand our understanding of intra-field variability in arid 

land agricultural environments.  

• Similar to the recommendations on thermal sharpening, the use of 

mismatch detection algorithms (Lowe, 2004) can certainly reduce errors 

in the evaluation of sharpening techniques between spaceborne LST 

products (e.g. Planet LST) and UAV-based LST. 

Overall, the work presented in this thesis contributes to increasing our 

knowledge of LST in irrigated arid-lands agriculture, which (through advances in 

evapotranspiration estimations) will help towards the efficient allocation of water 

resources in crop growth and contribute towards the effective management of 

these systems, critical to achieving food security for global populations.  
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