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Abstract

Understanding and monitoring the Earth's water and carbon cycles are essential for addressing
climate change, land-use changes, and environmental sustainability. This dissertation investigates
leveraging geostationary satellite imagery and machine learning to improve the frequency mapping
and applicability of geostationary remote sensing for developing an integrated near real time
system for water and carbon cycle monitoring. A key innovation of this work is the use of high-
frequency observations from geostationary satellites, which offer an unprecedented temporal
resolution compared to traditional polar-orbiting sensors, enabling near real-time monitoring of

critical environmental variables.

This research utilized advanced machine learning methodologies for deriving high-frequency
downwelling shortwave radiation (DSR, Chapter 2) and land surface temperature (LST, Chapter
3) products using geostationary satellite data collected by Advanced Baseline Imager (ABI) sensor
mounted on the Geostationary Operational Environmental Satellite-R (GOES-R). These products
serve as essential inputs for modeling energy, water, and carbon fluxes, providing a more
comprehensive understanding of ecosystem dynamics. By integrating these satellite-derived
datasets as well as satellite observations with machine learning techniques, we advance the
estimation of gross primary productivity (GPP, Chapter 5), ecosystem respiration (RECO, Chapter
5), and evapotranspiration (ET, Chapter 6), demonstrating that high-frequency satellite
observations significantly enhance remote sensing-based monitoring capabilities. Additionally,
this study reveals that incorporating shortwave infrared (SWIR) reflectance into GPP estimation
models improves the accuracy of vegetation productivity assessments (Chapter 4), offering new

insights into terrestrial carbon fluxes.



X
The findings highlight the transformative potential of geostationary satellite observations for
developing near real-time, automated environmental monitoring systems. This dissertation shows
how high-resolution satellite data and machine learning models can improve monitoring water and
carbon cycles, contributing to scalable, data-driven solutions for ecosystem and Earth system
science. The final chapter discusses key insights, limitations, and future directions for expanding
these methodologies, showing the way for next-generation remote sensing applications in climate

resilience and sustainability.

Keywords: Remote Sensing, Carbon Cycle, Water Cycle, Machine Learning, Gross Primary

Productivity (GPP), Ecosystem Respiration (RECO), and Evapotranspiration (ET)
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Chapter 1. Brief literature review of geostationary satellites for terrestrial ecosystem

1.1. Introduction

Remote sensing is central to our understanding of the global carbon and water cycles and its responses to
anthropogenic pressures including global climate change (Schimel et al., 2015; Xiao et al., 2019). Many of
these advancements have come from polar orbiting satellites like Landsat (Wulder et al., 2019) and MODIS
(Heinsch et al., 2006; Running et al., 2004), which observe the land surface on times scales of days to
multiple weeks and provide estimates of terrestrial ecosystem variables including (the gross primary
productivity, GPP) and loss (ecosystem respiration, RECO), and ecosystem-atmosphere water flux
(evapotranspiration, ET) on time scales of days to years. In a world where extreme events and rapid
ecosystem changes are becoming ever more prevalent (Diffenbaugh et al., 2017), and where societal
decisions are increasingly tied to carbon dynamics (Dilling, 2007; Grace, 2004), rapid and real-time
inference about terrestrial ecosystem function may provide an important additional tool for understanding
the Earth system. The new generation of imagers on geostationary (“weather”) satellites (Table 1.1) around
the world can estimate GPP, RECO, and ET on the order of minutes (Jeong et al., 2023a; A. Khan et al.,
2022) and address important questions about the seasonality of vegetation function and its changes
(Hashimoto et al., 2021; Miura et al., 2019; MIURA and NAGALI, 2019; Wheeler and Dietze, 2021, 2019).
This begs the question: what are the advantages of such “hypertemporal” (Miura et al., 2019) remote sensing
of the carbon and water cycles, and why would one bother to estimate surface-atmosphere fluxes in real
time?

Table 1.1 List of Current Operational Geostationary Meteorological Satellites from Seven Major
Countries, Along with Their Respective Agencies Involved in Operations and Launching

Country Current Geostationary | Agencies Involved in Operations and Launch
Meteorological Satellites

USA GOES-14/ GOES-16/ GOES-17 | National Oceanic and Atmospheric Administration (NOAA)
/ GOES-18 / GOES-19 National Aeronautics and Space Administration (NASA)
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Japan Himawari-8 / Himawari-9 Japan Meteorological Agency (JMA)
Japan Aerospace Exploration Agency (JAXA)
Europe Meteosat-9 / Meteosat-10 /| European Organisation for the Exploitation of Meteorological
Meteosat-11 / MTG-I1 Satellites (EUMETSAT) European Space Agency (ESA)
India INSAT-3D / INSAT-3DR /| India Meteorological Department (IMD)
INSAT-3DS Indian Space Research Organisation (ISRO)
China FY-2G / FY-2H / FY-4A / FY- | China Meteorological Administration (CMA) National Remote
4B Sensing Center of China (NRSCC)
Russia Electro-L N2 / Electro-L. N3 /| Russian Federal Service for Hydrometeorology and
Electro-L N4 Environmental Monitoring (RosHydroMet)
Russian Federal Space Agency (Roscosmos)
South GEO KOMPSAT-2A / GEO | Korea Meteorological Administration (KMA)
Korea KOMPSAT-2B Korea Aerospace Research Institute (KARI)

This review explains why near-global, real time geostationary observations can be uniquely useful
for understanding the contemporary carbon and water cycles in our era of global change. We first provide
a brief background of geostationary satellites and their sensors. Then, we describe terrestrial ecosystem
modeling and a number of ongoing and emerging applications that highlight the unique capabilities of
geostationary surface-atmosphere flux estimates. Finally, we discuss the challenges, needs, and
opportunities ahead, focusing on the technological and data-driven hurdles to improve the accuracy and
scalability of geostationary flux estimates. We also highlight the potential for advancements in satellite
instrumentation, data processing, and the use of machine learning and Al to enhance these estimates,
enabling more effective applications in global change research and environmental decision-making.

Solutions to some of these challenges are underway with the Geostationary-NASA Earth Exchange
(GeoNEX) initiative (Nemani et al., 2020; W. Wang et al., 2020) that will help synthesize global
geostationary datasets (Vandal et al., 2021). Ultimately, one of the greatest uses of hypertemporal remote
sensing of terrestrial ecosystems may be its fusion with high spatial resolution and hyperspectral data
products (Shen et al., 2021) to help us understand carbon fluxes “everywhere and all the time” (Chu et al.,
2017). With forthcoming geostationary missions like GeoXO in their planning stages with further spectral
and spatial improvements in sight (Schmit et al., 2022), geostationary satellites will be with us for a long

time. Finding ways for them to help us understand the terrestrial carbon cycle will only enhance their
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immeasurable benefits to society and provide new insights into the ever-changing Earth system (Khan et

al., 2021a; Xiao et al., 2019).

1.2. Geostationary satellites and their sensors development for Earth observation
Geostationary satellites have a rich history, rooted in early 20th-century scientific theories. The concept
was first proposed by Russian scientist Konstantin Tsiolkovsky in 1928 (Zee, 2013), but a critical milestone
occurred in 1963 with NASA’s successful launch of the first geostationary satellite, Syncom 2 (Schroer,
2008; Zee, 2013). This event marked the practical beginning of utilizing geostationary orbits for Earth
observation and telecommunications (Schroer, 2008; Straubel, 1992). Over the ensuing decades,
geostationary satellites became integral to global communication (Furqan and Goswami, 2022),
meteorology (Menzel, 2020; Rao et al., 1990), and navigation (Giorgi et al., 2019). Figure 1.1 illustrates
the lifespan and data availability of geostationary satellites, which have primarily been designed for Earth

observation purposes.
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Figure 1.1: Lifespan and data availability of geostationary satellites for Earth observation.
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These satellites have expanded their role beyond communications to include vital Earth observation
applications. Continuous monitoring from geostationary orbits enables valuable insights into terrestrial
ecosystems, demonstrated by various satellite missions such as the Geostationary Operational
Environmental Satellite (GOES) series (Goodman et al., 2019; Ludwig and Johnson, 1981; Menzel and
Purdom, 1994), Himawari-8/9, and Fengyun-4A/B (Khan et al., 2021a; Menzel, 2020). Geostationary
satellites are distinct in their fixed positioning relative to a specific point on the Earth's surface, allowing
them to provide near-global observational coverage via a strategic network (Figure 1.2). This unique
stationary configuration underscores the pivotal role of geostationary satellites in our interconnected world,
where they contribute significantly to scientific research, meteorological forecasting, and ecosystem

modeling.
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Figure 1.2: Near-global coverage of the new generation of geostationary satellites for Earth
observation, showcasing full-disk images captured by GOES-E, Himawari, Meteosat, Elektro, and
Fengyun (a—e), respectively.

The launch of Syncom 2 in 1963, primarily designed as a communications satellite, also carried a
rudimentary radiometer capable of measuring cloud cover (Newell, 1965; Schroer, 2008). This early dual-
purpose design foreshadowed the potential for geostationary satellites to contribute to Earth observation

(Ilcev and Il¢ev, 2019). However, the true milestone in Earth observation via geostationary satellites came
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in 1975 with the launch of Meteosat 1 by the European Space Agency (ESA), the first satellite dedicated to
Earth observation (Ellrod and Pryor, 2019; Il¢ev and Ilcev, 2019). Equipped with a visible and infrared
(VIS/IR) sensor, Meteosat I marked a significant leap in Earth observation capabilities, allowing for
imaging of the Earth's surface and measurement of critical atmospheric parameters, such as temperature
and cloud cover (Brooks et al., 1984; Menzel, 2020). This sensor allowed for imaging of the Earth's surface
and the measurement of various critical atmospheric parameters, including temperature and cloud cover
(Brooks et al., 1984; Davis, 2007; Menzel, 2020). This laid the groundwork for geostationary satellites’

role in climate and weather monitoring (Menzel, 2020).

As the 1980s and 1990s progressed, geostationary Earth observation satellites continued to evolve,
particularly in spatial and spectral resolution. The integration of advanced sensors, such as water vapor and
ozone detectors, expanded their observational capabilities, enabling monitoring of a broader range of Earth
phenomena (Davis, 2007; Menzel, 2020). These advancements improved spatial resolution, reaching up to
1 km, providing more detailed and accurate data for scientists and meteorologists (Khan et al., 2021a;

Menzel, 2020).

Geostationary satellites like GOES and the Himawari series began to serve a dual role in weather monitoring
and observing ecosystem functions (Khan et al., 2021a; Menzel, 2020). These satellites provided real-time,
high-temporal-resolution imagery, which was particularly useful for monitoring vegetation health, land
cover changes, and atmospheric interactions, in line with ecological concepts of ecosystem functions and
services (Pettorelli et al., 2014). As ecological research gained prominence, geostationary satellites
extended their applications to encompass ecosystem monitoring, focusing on the detection of rapid
environmental changes and responses to disturbances such as extreme weather events and deforestation

(Jansen et al., 2010).

In the 2000s and 2010s, the launch of advanced geostationary satellites such as GOES-R, Himawari-8/9,

and Fengyun-4A/B marked another significant advancement in Earth observation (Khan et al., 2021a;


https://www.zotero.org/google-docs/?VA2xyX
https://www.zotero.org/google-docs/?K402Th
https://www.zotero.org/google-docs/?gbBxME
https://www.zotero.org/google-docs/?MIKNAn
https://www.zotero.org/google-docs/?3QAhqG
https://www.zotero.org/google-docs/?XgIjo0
https://www.zotero.org/google-docs/?XgIjo0
https://www.zotero.org/google-docs/?II5axT
https://www.zotero.org/google-docs/?PhCEKE
https://www.zotero.org/google-docs/?2IPCyy
https://www.zotero.org/google-docs/?vqrnDV

Menzel, 2020). These satellites were equipped with an array of sensors, including VIS/IR, near-infrared
(NIR), shortwave infrared (SWIR), and mid-wave infrared (MWIR) sensors (Ellrod and Pryor, 2019; Khan
et al., 2021a; Menzel, 2020). The enhanced sensors provided unparalleled detail and accuracy, improving
climate and weather forecasting, as well as enabling the monitoring of land use and environmental changes
(Goodman et al., 2019; Khan et al., 2021a; Kiigiik et al., 2022). The latest generation of geostationary
satellites, with their ability to collect NIR and SWIR data, has become an essential tool for monitoring
terrestrial ecosystems (Khan et al., 2021a; Xu et al., 2017). For instance, in tropical forests, these satellites
now play a key role in detecting changes in ecosystem functions, such as carbon storage and climate

regulation, resulting from disturbances like defaunation (Osuri et al., 2016; Peres et al., 2016).

1.3. Terrestrial ecosystem modeling with geostationary remote sensing

Terrestrial ecosystem functions, a term often used interchangeably with ecosystem services,
ecological processes, and ecosystem processes, lack a universally agreed-upon definition, posing
challenges for precise monitoring and scientific discourse (Dominati et al., 2010; Lawton et al.,
1993; Mace et al., 2012; Srivastava and Vellend, 2005). Pettorelli et al., (2018) defined terrestrial
ecosystem functions as attributes intrinsically linked to ecosystem performance, arising from one
or multiple ecosystem processes. These functions provide direct and indirect benefits to various
species, including humans, and encompass critical processes such as nutrient regulation, food
production, and water supply (Pettorelli et al., 2018, 2014). The ability to monitor and model these
functions has been enhanced by leveraging the sensor advancements in geostationary remote
sensing, which provides continuous, high-temporal-resolution observations of the Earth's surface.
The historical development of terrestrial ecosystem modeling using remote sensing data is closely
tied to the evolution of satellite sensor technologies. Early sensors, such as radiometers, provided
limited spectral information, but over time, advancements in visible, infrared, and NIR sensors

enabled more comprehensive monitoring of ecosystem dynamics (AghaKouchak et al., 2015; Xiao
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et al., 2019). Over the subsequent decades, advancements in sensor technologies on geostationary
satellites transformed them into indispensable tools for monitoring the terrestrial ecosystem,
including weather patterns (Lovett et al., 2005; Menzel, 2020), climate change (AghaKouchak et
al., 2015; Anderegg et al., 2020; Nemani et al., 2003), deforestation (AghaKouchak et al., 2015;
Sokolik et al., 2019), wildfire detection and natural disasters (Mohapatra and Trinh, 2022; Ye, 2022),
carbon assimilation and fluxes (Anderson et al., 2000; Xiao et al., 2019), surface-atmosphere
interactions (Sokolik et al., 2019; Veroustraete et al., 1996), vegetation dynamics (Dechant et al.,
2022a; Khan et al., 2021a; Massetti et al., 2019; Zhang et al., 2006), and water resources (Ellrod
and Pryor, 2019; Khan et al., 2021a; Ranjbar et al., 2024c).

Unlike polar-orbiting satellites, geostationary platforms offer the unique ability to monitor diurnal
and seasonal variations in key terrestrial ecosystem variables. This capability has enabled the
development of advanced models that leverage geostationary data to improve estimates of carbon
and water fluxes, supporting applications in climate research, agriculture, and environmental
management. One of the pioneering models in this domain is the ALEXI (Atmosphere-Land
Exchange Inverse) model, which estimates evapotranspiration (ET) by coupling canopy
conductance to carbon dioxide uptake and using land surface temperature (LST) data (Anderson
et al., 2000). ALEXI employs a two-source energy balance approach to partition heat fluxes from
soil and vegetation, reducing sensitivity to LST errors by focusing on morning temperature
changes (Kustas and Norman, 1999; Norman et al., 2003). This model has been widely applied for
drought monitoring, water resource management, and crop productivity estimation, with its
DisALEXI extension further enhancing spatial resolution by integrating Landsat thermal imagery
(Anderson et al., 2016, 2013; Otkin et al., 2018, 2014, 2013). To provide gridded ET information

at field scales for many applications in agriculture and water resource management, the ALEXI
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ET estimates at 4-km resolution are disaggregated using the DisALEXI approach and Landsat
thermal and optical imagery (Anderson et al., 2012; Norman et al., 2003). The ET data at 30-m
resolution have been incorporated into the OpenET ensemble simulation of ET for water
management in the western U. S. (Melton et al., 2022).

Similarly, the SEVIRI instrument on the METEOSAT Second Generation satellites provides
operational gross primary productivity (GPP) products that incorporate a water stress coefficient
(Cws) to account for reduced photosynthetic activity during droughts (Martinez et al., 2018). These
products have demonstrated exceptional performance in detecting water stress in Mediterranean
and savanna ecosystems (Martinez et al., 2020; Sanchez-Ruiz et al., 2017). Other notable models
include the MODIS GPP product, which uses light-use efficiency (LUE, (Wu et al., 2010))
principles to estimate global vegetation productivity, and the BIOME-BGC model, which
simulates carbon, nitrogen, and water fluxes across terrestrial ecosystems (Running et al., 1999;
Sanchez-Ruiz et al., 2018). Additionally, the LPJ (Lund-Potsdam-Jena) dynamic global vegetation
model and the ORCHIDEE land surface model have been instrumental in simulating vegetation
distribution and carbon-water interactions under changing climate conditions (Chang et al., 2013;

Jung et al., 2017).

ALEXI, LUE-based GPP products, SEVIRI/MSG, and several other approaches have been developed to
enhance the accuracy of ecosystem monitoring under water-limited conditions. The GPP product derived
from data has demonstrated its capability to capture short-term declines in photosynthetic activity due to
water stress, incorporating a water stress coefficient (Cws) based on the ratio of actual evapotranspiration
(AET) to potential evapotranspiration (PET) (Sanchez-Ruiz et al., 2018). This approach improves
sensitivity to drought effects by integrating a localized water budget into the GPP estimation algorithm.
However, studies have shown that vapor pressure deficit (VPD)-based downregulation of light-use

efficiency (LUE), as implemented in the MOD17 algorithm, may not adequately represent water stress
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impacts in semi-arid ecosystems, such as Mediterranean savannas (W. Chen et al., 2023; Pettorelli et
al., 2014). Instead, soil moisture-based stress factors have been found to enhance model performance in
these environments. At site-level scales, the MSG GPP product has proven effective in detecting drought
events across different latitudes, such as the severe El Nifo-induced drought at the Kruger National Park
FLUXNET site (ZA-Kru) in 2015/2016 and the extreme dry conditions in Spain’s Las Majadas site (ES-
LMa) during 2017 (Marshall et al., 2018; Martinez et al., 2020; Sanchez-Ruiz et al., 2017).
Furthermore, operational GPP products, such as the 8-day 1 km MODIS GPP and the 10-day Gross Dry
Matter Productivity (GDMP) from the Copernicus Global Land Service, have been compared against MSG-
derived estimates, with SEVIRI-based retrievals demonstrating robust responses to seasonal water stress
(Martinez et al., 2020). Similarly, land surface drought monitoring using satellite-based
evapotranspiration (ET) models remains an ongoing challenge. While conventional ET models have
primarily been applied at regional scales (Amani and Shafizadeh-Moghadam, 2023; Zhang et al.,
2016), recent advancements, such as SEVIRI-based reference and real ET products, have been leveraged
to assess drought occurrence in regions with strong land—atmosphere coupling, such as Southeastern Europe
(Stoyanova and Georgiev, 2010). These models, combined with geostationary data, have enabled
more frequent monitoring of ecosystem responses to environmental stressors, such as droughts and
heatwaves, and have supported large-scale assessments of ecosystem services. Despite these
advancements, challenges remain in improving the spatial resolution and accuracy of

geostationary-based models, particularly in heterogeneous landscapes.

The high temporal resolution of geostationary satellite observations, capturing diurnal and seasonal
variations at minute-scale intervals, provides unprecedented insights into key ecosystem processes. These
data are essential for monitoring diurnal cycling of terrestrial photosynthesis, improving phonological
assessments, and understanding plant water stress dynamics across diverse ecosystems, including the

Amazon (Hashimoto et al., 2021). Geostationary-based models enable real-time crop monitoring,
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facilitating early detection of water stress and optimizing agricultural management strategies. They also
play a crucial role in assessing the impacts of extreme climate events, such as flash droughts, which
significantly influence global GPP. Additionally, geostationary data enhance our understanding of
ecosystem responses to synoptic weather patterns, where even short periods of favorable conditions can
drive annual variability in carbon fluxes (Khan et al., 2021a; Ranjbar et al., 2024c). Studies have
demonstrated how synoptic weather events control carbon exchange across regions like the Great Lakes
(Randazzo et al., 2020), while geostationary monitoring improves tracking of episodic disturbances such
as air pollution episodes. These data also support ecological forecasting and data assimilation efforts,
advancing near-real-time predictions of ecosystem function. Geostationary-based evapotranspiration
models, including PT-JPL approaches that leverage NDVI and SAVI, provide key insights into land-
atmosphere interactions (Amani and Shafizadeh-Moghadam, 2023; Anderson et al., 2016). Furthermore,
the capacity to monitor fire events and burn scars allows for improved assessments of their carbon cycle
implications, offering critical information for climate mitigation and land management. Despite existing
challenges in refining spatial resolution, the integration of geostationary observations with advanced
ecosystem models continues to transform our ability to monitor and predict environmental changes with

greater accuracy and timeliness.

1.4. Challenges, needs, and opportunities
Geostationary satellites offer unique advantages for monitoring terrestrial ecosystems, yet several
challenges must be addressed to fully harness their potential. These challenges span sensor
limitations, data processing constraints, and the need for improved algorithms and international
collaboration (Ellrod and Pryor, 2019; Khan et al., 2021a; Shen et al., 2021). At the same time,
emerging opportunities present pathways to enhance geostationary remote sensing applications for
ecosystem modeling and climate studies.

One of the major challenges in geostationary satellite remote sensing is subpixel variability (Khan
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et al., 2021a; Ranjbar et al., 2024c), particularly in heterogeneous landscapes. Existing products
operate at varying spatial resolutions, which may not adequately capture fine-scale ecosystem
processes. Geostationary sensors typically provide kilometer-scale observations (Goodman et al.,
2019; Menzel, 2020), which can obscure small-scale variations in vegetation structure, land cover,
and microclimate. Additionally, regions with complex terrain, such as mountainous areas,
introduce further difficulties due to parallax effects (Losos et al., 2024a; Ranjbar et al., 2024c).
These distortions arise from the oblique viewing angles of geostationary satellites, affecting
geolocation accuracy and the interpretation of surface properties (Losos et al., 2024a). Advanced
topographic corrections and fusion with other satellite datasets are necessary to mitigate these
issues.

Cloud contamination remains a critical limitation in geostationary observations. Current cloud
masks often misclassify thin clouds and aerosols, leading to errors in surface parameter retrievals.
Enhancing cloud mask algorithms, incorporating machine learning techniques, and utilizing multi-
temporal and multi-spectral data could significantly improve the reliability of cloud-cleared
observations. The high temporal resolution of geostationary satellites generates vast amounts of
data, posing challenges for storage, processing, and real-time analysis (Ranjbar et al., 2024c,
2024d). Computational demands increase with higher spatial and temporal resolutions, requiring
efficient data handling solutions such as cloud computing, distributed processing, and scalable
storage architectures (Nemani et al., 2020; Ranjbar et al., 2024d).

Existing products, such as GOES-R Downward Shortwave Radiation (DSR), are typically
produced at hourly time steps due to historical computational constraints. However, higher-
frequency products, such as those generated at five or ten-minute intervals, which are the native

temporal resolution of GOES-R satellite observations (Ranjbar et al., 2024d), could better capture
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rapid changes in surface energy balance and improve applications in climate and ecosystem
modeling. Expanding the suite of geostationary-derived products presents new research
opportunities. For example, diffuse radiation estimates, which are critical for ecosystem
productivity modeling, remain underdeveloped. Additionally, fusion products that integrate
geostationary and polar-orbiting satellite observations could enhance data accuracy and coverage.
Open-source algorithms and transparent processing workflows can enhance reproducibility and
foster collaborative research. Platforms such as Google Earth Engine provide an opportunity to
improve data usability and accessibility by hosting geostationary datasets and enabling cloud-
based analyses (Kovacs et al., 2023; Tamiminia et al., 2020). Coordinated efforts across
international space agencies and research institutions can accelerate progress in geostationary
remote sensing. By sharing data, algorithms, and best practices, global initiatives can facilitate
harmonized products that benefit climate science, agriculture, and disaster response applications.
Integrating geostationary satellite observations with near real-time CO2 emissions data enables
more effective tracking of human impacts on the carbon cycle, improving our ability to monitor
and respond to changes in greenhouse gas dynamics (Xiao et al., 2019). Additionally, developing
algorithms for estimating ecosystem respiration and non-CO:z greenhouse gases, such as methane
and nitrous oxide, could enhance our understanding of biogeochemical feedback under changing
climate conditions. Addressing these challenges and leveraging new opportunities will be essential
for advancing geostationary remote sensing in terrestrial ecosystem studies. By improving
resolution, data processing, and algorithm development, geostationary observations can play a

pivotal role in monitoring and modeling ecosystem dynamics at high temporal scales.
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Chapter 2. High-Frequency Mapping of Downward Shortwave Radiation from GOES-R
Using Gradient Boosting

This chapter is published in the IEEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing: S. Ranjbar, D. Losos, S. Hoffman and P. C. Stoy, "High-Frequency Mapping
of Downward Shortwave Radiation From GOES-R Using Gradient Boosting," in IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing, vol. 17, pp. 11958-11968,
2024, doi: 10.1109/JSTARS.2024.3420148

Abstract

This study investigates high-frequency mapping of downward shortwave radiation (DSR) at
Earth's surface using the Advanced Baseline Imager (ABI) instrument mounted on Geostationary
Operational Environmental Satellite - R Series (GOES-R). The existing GOES-R DSR product
(DSRaB1) offers hourly temporal resolution and spatial resolution of 0.25°. To enhance these
resolutions, we explore machine learning (ML) for DSR estimation at the native temporal
resolution of GOES-R Level-2 Cloud and Moisture Imagery (CMI) product (five minutes) and its
native spatial resolution of two kilometers at nadir. We compared four common ML regression
models through the Leave-One-Out Cross-Validation (LOOCV) algorithm for robust model
assessment against ground measurements from AmeriFlux and SURFRAD networks. Results
show that Gradient Boosting Regression (GBR) achieves the best performance (R?=0.916, RMSE
= 88.05 W m?) with more efficient computation compared to Long Short-Term Memory (LSTM),
which exhibited similar performance. DSR estimates from the GBR model through the ABI Live
Imaging of Vegetated Ecosystems workflow (DSRaLive) outperform DSRasr across various
temporal resolutions and sky conditions. DSRaLive agreement with ground measurements at
SURFRAD networks exhibits high accuracy at high temporal resolutions (five-minute intervals)
with R? exceeding 0.85 and RMSE=122 W m2. We conclude that GBR offers a promising
approach for high-frequency DSR mapping from GOES-R, enabling improved applications for

near-real-time monitoring of terrestrial carbon and water fluxes.
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2.1. Introduction

Downward shortwave radiation (DSR) at the Earth’s surface has long been estimated using
geostationary (“weather”) satellites by combining measured top-of-atmosphere (TOA)
reflectances with radiative transfer models (Diak and Gautier, 1983; Gautier et al., 1980; H.-Y.
Kim et al., 2020; Laszlo et al., 2020a; Zhang et al., 2021a). The NOAA operational algorithm
using observations from the Advanced Baseline Imager (ABI) on the Geostationary Operational
Environmental Satellite - R Series (GOES-R) provides hourly estimates of DSR (Laszlo et al.,
2020a) (hereafter DSRaBI) despite scanning on five minute intervals across the conterminous
United States (CONUS) and ten-minute intervals across the Western Hemisphere “full disk”
(Schmit et al., 2017a; Schmit and Gunshor, 2020). This hourly cadence complicates nascent efforts
to apply geostationary remote sensing to estimate terrestrial carbon and water cycling in near-real
time (A. Khan et al., 2022; Ranjbar et al., 2023a), because additional approaches must be taken to
infer hourly DSR at more frequent intervals, which introduce uncertainty (Losos et al., 2024a).

The DSRaB1 product creates maps with 0.25° X 0.25° (0.25°=27-28 km) spatial resolution over

CONUS (Laszlo et al., 2020b) when most ABI products are created at two-kilometer resolution at
nadir, with many missing estimates that require uncertain gapfilling to obtain continuous data
(Figure 2.1). Reduced solar radiation, cloud cover, aerosol concentration, atmospheric pollution,
atmospheric moisture content, variations in surface albedo (reflectivity) and various other
environmental factors can contribute to data loss in the downward shortwave radiation product.
For instance, during winter, the DSRaBI typically experiences approximately two hours with 90%
or more of valid pixels in an image, reflecting periods of relatively clearer atmospheric conditions

conducive to accurate data collection.
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Figure 2.1. The proportion of valid pixels in the DSRasi product from GOES-16 across the CONUS
view in 2022, averaged over the course of the day for each month.

0.90,

Recent work has applied machine learning (ML) to estimate DSR and/or photosynthetically-
active photon flux density (PPFD) from the observations of multiple geostationary satellites (Hao
etal., 2019; Jiang et al., 2019; Yeom et al., 2019; Zhang et al., 2021a; Zhao et al., 2022). Artificial
Neural Networks (ANNs), recurrent ANNs like Long Short-Term Memory (LSTM), Random
Forest (RF), and deep learning approaches are often determined to have improved skill (Chen et
al., 2021; Jiang et al., 2019; R. Li et al., 2023; Ma et al., 2020; Peng et al., 2020; Ranjbar et al.,
2021; Yeom et al., 2019), due in part to their ability to capture nonlinear relationships amongst
multiple variables. Here, following the approach of (Ranjbar et al., 2023a) for carbon dioxide flux
estimation using GOES-R, we demonstrate how gradient boosting regression (GBR) can give
comparable skill in DSR estimation compared to more computationally expensive approaches like
LSTM, Multi-Layer Perceptron Neural Networks (MLP), and RF to efficiently estimate DSR in
near-real time from Level 2 Cloud and Moisture Imagery (CMI) reflectance factors and brightness

temperatures from the ABI across CONUS.
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2.2. Data

We utilized ground measurements from the Ameriflux and NEON tower networks and
SURFRAD networks, along with geostationary satellite observations obtained from the ABI
sensor mounted on GOES-R series satellites. To create an efficient estimate of DSR using ABI
data, we sampled time series of ABI Level 2 products at 99 sites across CONUS from pixels where
Ameriflux eddy covariance towers are located that measure incident shortwave radiation (SW-IN)
for the period 2020-2022 (Figure 2.2). Time series data collection followed the method proposed
in (Losos et al., 2024a), which applies a point-based terrain-correction to the ABI Fixed Grid
projection to mitigate the effect of parallax displacement. The 2020-2022 period captures a range
of atmospheric conditions across multiple climate zones for training and testing our model,
hereafter DSRaLive, following the ABI Live Imaging of Vegetated Ecosystems workflow (Ranjbar
et al., 2023a). The SW-IN measurements underwent consistent quality control checks through the
standardized Ameriflux processing scheme (Chu et al., 2023). These SW-IN data were combined
with GOES-R ABI Cloud and Moisture Imagery (CMI) observations, solar zenith angle (SZA),

and solar azimuth angle (SAA) (SZA and SAA were calculated using NOAA solar position

calculator following https://gml.noaa.gov/grad/solcalc/calcdetails.html) to build a database of
predictor variables (CMIs, SZA, & SAA) and target variables (SW-IN) to explore ML methods to
estimate DSRaLive. ABI CMI observations include 16 bands collected across the visible, near-
infrared, and infrared ranges of the electromagnetic spectrum (see (Schmit et al., 2017a; Schmit
and Gunshor, 2020) for more specific information about the bands). The model performance was
compared against independent SW-IN observations from the Ameriflux and NEON tower
networks and SURFRAD (Augustine et al., 2000; Chu et al., 2023; Metzger et al., 2019). The

SURFRAD network measures DSR (DSRsurrraD) every minute, providing high-quality data at
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seven sites ideal for evaluating DSRaLvE at various temporal intervals (refer to (Augustine et al.,
2000) for further information). The SURFRAD sites are located in seven different states across
US (Figure 2.2), including Illinois (with site code of BND), Colorado (TBL), Nevada (DRA),
Montana (FPK), Mississippi (GWN), Pennsylvania (PSU), South Dakota (SXF), and Oklahoma
(SGP). We further compared DSRaLive with DSRasi, and DSRas1 to SW-IN, to understand
differences that may arise between the different ABI-based data products. We analyzed data with
respect to clear and cloudy skies using the ABI Clear Sky Mask product, and also explored the
ability of the ABI Aerosol Optical Depth (AOD) product to improve predictions (Knapp et al.,
2005; H. Zhang et al., 2020), noting that AOD estimates from the ABI also include frequent

missing observations.

Figure 2.2. The location of Ameriflux towers (orang‘sares) and SURFRAD sites (mgenta circles)
used in this study, mapped onto GOES-16 CONUS “true color” imagery from Sept 21, 2022.

2.3. Methods
2.3.1 Regression models: RF, GBR, LSTM, and MLP
We explored four common ML regression models to create DSRaLive: RF, GBR, LSTM, and MLP
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(Diaz-Gonzalez et al., 2022; Thapa et al., 2023; Varghese et al., 2023).

RF and GBR, both ensemble models, blend decision trees via bootstrapping and feature bagging
(Friedman, 2001). As applied in remote sensing (Bahrami et al., 2021a; Sahin, 2020; Saini and
Ghosh, 2017; Zhang et al., 2022a), they gauge feature importance but differ in focus. RF prioritizes
simplicity and minimizing training set loss, while GBR emphasizes optimizing a loss function for
error reduction. GBR iteratively constructs an additive model through a forward stage-wise
approach, facilitating the optimization of diverse differentiable loss functions, while RF combines
trees independently (Bentéjac et al., 2021; Sahin, 2020). Both require hyperparameter tuning,
influencing model size and depth. In both models, shared hyperparameters include "number of

nn

estimators," "maximum depth," and "minimum samples per leaf." These parameters collectively
determine model complexity, regularization, and generalization ability (Bentéjac et al., 2021;
Ranjbar et al., 2021; Zhang et al., 2022a). The "number of estimators" controls the quantity of
decision trees in the ensemble, while "maximum depth" limits tree complexity to mitigate
overfitting. "Minimum samples per leaf" sets the threshold for node splitting, aiding in
regularization (Bahrami et al., 2021a; Zhang et al., 2022a). Finally, the learning rate parameter
modulates the contribution of each tree to the ensemble, fostering a balanced trade-off between
convergence speed and model stability (Bentéjac et al., 2021; Saini and Ghosh, 2017).

LSTM networks have proven instrumental in handling sequential data, showcasing proficiency
in time series forecasting (Hochreiter and Schmidhuber, 1997). Their efficacy in capturing long-
term dependencies, facilitated by unique memory cell architecture (Ghanbari et al., 2021;
Sutskever et al., 2014), addresses a key limitation of traditional Recurrent Neural Networks

(RNNs) and can handle non-linear relationships within sequences (Sutskever et al., 2014). Despite

their advantages, the complexity of LSTM architecture demands higher computational resources
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compared to simpler RNNs (Schuster and Paliwal, 1997; Yuan et al., 2020). Additionally,
achieving optimal performance often requires careful hyperparameter tuning, adding intricacy to
the training process (Hochreiter and Schmidhuber, 1997). Researchers must weigh these
computational costs and tuning challenges against the benefits when applying LSTMs, to tailor an
approach aligned with dataset characteristics and research goals (Ghanbari et al., 2021; Schuster
and Paliwal, 1997; Sutskever et al., 2014; Yuan et al., 2020). Our LSTM architecture utilized two
LSTM layers with an identical number of units. The first layer (‘return_sequences=True") retained
and returned the entire sequence of hidden states for each input sequence, crucial for capturing
temporal dependencies. Conversely, the second layer (‘return_sequences=False") only returned the
output at the last time step, effectively summarizing the learned information. Following the
LSTMs, two dense layers were added. The first dense layer, with 25 units, facilitated further
feature extraction and representation learning. The final dense layer, with a single unit, produced
the model's output.

MLP is an ANN for learning patterns through backpropagation (Baraldi et al., 2001; Gardner
and Dorling, 1998; Suliman and Zhang, 2015). With layers of interconnected neurons and non-
linear activation functions, MLP is versatile in approximating non-linear relationships (Bahrami
etal., 2021b; Baraldi et al., 2001; Suliman and Zhang, 2015). Hyperparameters contribute to model
complexity, non-linear mapping, convergence speed, and preventing overfitting (Shirmard et al.,
2022).

MLPs and LSTM networks rely on hyperparameters to optimize their performance. For MLPs,
activation functions, solver algorithms, hidden layer configurations (including size), and
regularization terms significantly impact the network's architecture, learning dynamics, and

overfitting tendencies (Ghanbari et al., 2021; Suliman and Zhang, 2015). In LSTMs, the number
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of units (neurons) determines memory capacity and computational complexity, while activation
functions modulate information flow within memory cells (Ghanbari et al., 2021). Optimizer
choice steers training dynamics and convergence, and batch size regulates efficiency and memory
usage during training iterations (Dhake et al., 2023; Ghimire et al., 2022). A mean squared error

loss function was used for both MLP and LSTM.

2.3.2 Model Development
We used Google Colab Pro with random access memory (RAM) up to 32 GB and an A100
graphics processing unit (GPU) for model development. To optimize model performance, we
employed a grid search algorithm, systematically testing hyperparameter combinations within
each ML model to identify configurations that maximize correlation (in terms of R?) and prediction
speed (Maxwell et al., 2018; Varghese et al., 2023). Table 2.1 outlines the hyperparameter search
specifications and ranges for each ML model.

Table 2.1 Grid Search Specifications and Hyperparameter Setting for Machine Learning Models

Model Hyperparameter Grid Setting
Number of estimators 100, 300, 500, 800, 1000

RF Maximum depth 5,8,10, 15,20, 30
min_samples_leaf 50, 100, 200, 500
Number of estimators 100, 300, 500, 800
Maximum depth 3,5,8,10

GBR
min_samples_leaf 50, 100, 200, 500
Learning rate 0.01,0.05,0.1
Activation "logistic', 'tanh', 'relu’
Solver 'adam’,'sgd'

MLP
Hidden layer 2,3,5
Hidden layer size 50, 100, 200, 500
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Alpha 0.0001, 0.001, 0.01, 0.1

Units (neurons) 32,64, 128, 256,512

Activation "logistic', 'tanh', 'relu’
LSTM

Optimizer 'adam','sgd'

Batch Size 32, 64, 128, 256

For validation and evaluation, we adopted a Leave-One-Out Cross-Validation (LOOCYV)
algorithm, reserving 20% of the data exclusively for testing, while the remaining data underwent
a four-fold cross-validation process with a 75:25 training-validation split (Maxwell et al., 2018).
To enhance reliability and robustness, we reran the algorithm ten times and averaged the results
using the Scikit-learn Python library (Pedregosa et al., 2011) and used the coefficient of
determination (R?) and root mean squared error (RMSE) to evaluate and compare models.
Following model comparison, we used feature importance results to identify key variables for
modeling DSR in a SHapley Additive exPlanations (SHAP) analysis (Lundberg and Lee, 2017).

SHAP is a powerful tool rooted in game theory for unraveling the opaque nature of ML
predictions (Lundberg and Lee, 2017). It uncovers individual feature contributions by quantifying
the direction and magnitude of their influence to identify synergistic or antagonistic relationships
that steer model behavior (Lundberg et al., 2020). SHAP is not a universal solution; computational
costs may scale with data size, and its effectiveness can be influenced by model complexity
(Molnar et al., 2018). Nevertheless, SHAP can clarify individual predictions, unveil feature
interactions, and demystify the "black box" nature of ML models. SHAP values are a unified
measure to explain the output of machine learning models by quantifying the contribution of each
feature to the prediction. Higher SHAP values denote features with more significant impact and

importance on the model's predictions.
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2.4 Results

2.4.1 ML performance

The GBR and LSTM models displayed better performance than the other models with R? of
0.92, an improvement over the relationship between DSRas1 against SW-IN observations for 314
Ameriflux sites (R? of 0.83 reported by (Losos et al., 2024a)). The prediction time for LSTM is
19.5 times that of GBR (Table 2.2), which decreases to 4.2 times that of GBR with the use of
Google Colab Pro A100 GPU. Given our objective of generating hypertemporal DSR maps from
ABI imagery captured every 5 minutes, prediction time is critical. In this context, GBR emerged
as the optimal choice among the ML models due to its similar accuracy and reduced prediction
time compared to LSTM.
Table 0.2 Models Performance vs. Prediction Time for ML model training using Google Colab

Pro. Prediction time unit is seconds per sample. The number in parentheses is the relative
prediction time compared to GBR. Units for RMSE are W m™.

Model Prediction Time Train R? [Train RMSE |Test R> |Test RMSE
RF oanr e, 02 090  [93.41 0884  [105.68
GBR |10 U 12 Bos (1) 093 8433 0916 8805

mep  |CPL 341 E03 ) o 090  [95.78 0888  [101.15
Lstm |SPL éﬁ,?JEsofFJ(IO%S(ZM) 092 [85.09 0914  [87.52

2.4.2 GBR model efficiency
To enhance efficiency of prediction time vs accuracy, we conducted training experiments on the
GBR model, varying the number of samples per site (with 20,965 available samples per site), the
model parameters maximum depth (m_depth), and the number of estimators (n_estimators). We
explored training with 200, 500, 1000, 2000, 4000, and 8000 samples per site, combinations of

m_depth between 3, 5, 8, 10, and 12, and n_estimators of 100, 300, 500, 800, and 1000.


https://www.zotero.org/google-docs/?XaZCAI

24

Models trained with 2000 samples per site exhibited better performance in terms of prediction
time versus accuracy compared to those trained with 200, 500, or 1000 samples per site (see Figure
2.3). Moreover, our analysis reveals that the model's performance stabilizes with 2000 samples per
site, suggesting diminishing returns with larger sample sizes. Therefore, optimizing the sample
size to balance accuracy and computational efficiency is paramount for our dataset generation
objectives. Through iteration, we identified the most efficient GBR model, balancing prediction
time (1.18E-5 second per sample) and correlation (R? of 0.91). This optimal model was trained
with 2000 samples per site with m_depth = 8 and n_estimator = 300. The selection of this model

is visually depicted by the black cross in Figure 2.3. We used this model for DSRALIVE.
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Figure 2.3. R? score vs. prediction time for GBR models (see Table 2.2) with different m_depth,
n_estimator, and training size. The black cross shows the selected GBR model that balances
prediction time and accuracy.

A density scatter plot illustrating the relationship between SW-IN and DSRaLIve is shown in
Figure 2.4. The R? between half-hourly SW-IN and DSRaLive is 0.92 with an RMSE of 86.12

W m?2.
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Figure 2.4. Density scatter plot between half-hourly DSRavLive and SW-IN measurements from

eddy covariance towers.

Table 2.3 presents the agreement of DSRacLive vs SW-IN from the average of running LOOCV
algorithm ten times. We computed R* and RMSE metrics by taking the mean DSR across different
temporal resolutions (half-hourly, daily, and weekly) and sky conditions (clear and cloudy).
Moreover, daily analysis revealed a more robust performance of the GBR model when comparing
estimated DSRaLive to SW-IN, with R? values of 0.99, RMSE of 10.30 W m, MAE 8.19 and bias
of -1.06 W m™.

Table 2.3 DSRaLive vs Ameriflux Towers Measurements at Temporal Resolution and Sky
Condition

Temporal Resolution |Sky Condition R? RMSE
clear 0.98 48.76
Half hourly cloudy 0.88 89.86
all 0.92 86.12
Daily all 0.99 10.30
Weekly all 0.99 6.68

2.4.3 DSRuLivE performance

The relationship between half hourly DSRaLive and SW-IN has an R? value of 0.98 for clear
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skies and 0.88 for cloudy skies, with little bias as a function of local (standard) time (Figure 2.5).

Bias for cloudy skies is larger, especially in the early morning.
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Figure 2.5. Temporal performance of the GBR model at half-hourly intervals throughout the

day under clear and cloudy conditions.

Mean DSRaLivE largely matches SW-IN across the range of SZA from 11 to 88 degrees (Figure

2.6) but slightly overestimates SW-IN at low SZA, especially in cloudy conditions (Figure 2.6d),

noting that less training data are available at low SZA across CONUS (Figure 2.2).
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Figure 2.6. Performance of the GBR model across varying SZAs on clear (a and c) and cloudy
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(b and d) days. SZA increments are 1-degree for panels ¢ and d and 0.001 degree for panels a and
b.

2.4.4 Feature analysis

We conducted SHAP analyses separately for clear and cloudy days and studied the top eight most
impactful features on the GBR model output for DSR predictions. SZA with the SHAP value of
0.79 1s most important, and CMI-CO1 at wavelength of 0.47 um (with SHAP value of 0.12) and
SAA (with SHAP value of 0.04) consistently rank among the top three most important features for
prediction (Figure 2.7). These features exhibit a positive correlation with the model prediction,
where higher values result in higher DSR. Following these, CMI-C06 at wavelength of 2.2 pm,
CMI-C15 at 12.3 pum, and CMI-C12 at 9.6 um emerge as the next most important features for clear
skies (Figure 2.7a), while for cloudy skies (Figure 2.6b), the order of importance shifts to CMI-
C15, CMI-C12, then CMI-C06. CMI-C15 displays a negative correlation impact on the model

output, and CMI-C02 and CMI-C04 exhibit similar but smaller impacts as CMI-C15.
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Figure 2.7. SHAP analysis for relative feature importance for ML model inputs to predict DSR
under clear (left) and cloudy (right) conditions.
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Our findings revealed a modest increase of 0.02 in the average R? when adding AOD to the GBR
model. However, the standard deviation of R? values at a specific hour across all DOY increased
by 0.05. Furthermore, 58% of our data was lost due to missing AOD pixel values. We expect there
to be similar proportions of missing AOD data in the future because the ABI AOD algorithm has
not changed. Using AOD as a predictor would therefore prevent DSR prediction at many

timestamps, creating the same DSR data outages that we are aiming to prevent.

2.4.5 DSRarive vs DSR4prvs SW-IN: Assessment at discrete hours across CONUS
Figure 2.8 presents an analysis of the GBR model performance trained on data from 2021 and
tested on 2022 data at a local standard time. By focusing on a specific hour on different DOY in
2022, from 99 sites spatially distributed across CONUS, we aimed to reduce the impact of time-
based variations across the distributed sites. Each box plot in Figure 2.8 represents the distribution
of R? values obtained for a particular hour across all 365 DOY's in 2022, excluding periods without

at least 80 sites in each computation.
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DSRaLvE demonstrates higher R? values compared to DSRasr when compared with SW-IN

throughout most hours, except for 6 - 8 PM local standard time (red box in Figure 2.8), during

which SZAs are characteristically low across the ABI CONUS scene (Figure 2.2). DSRaLIve and

DSRagr deviate from SW-IN measurements after 5 PM (Figure 2.8a and b), and the mean R?
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between SW-IN and both DSRaLive and DSRagr s less than 0.7 from 5 and 6 AM. DSR averages
less than 100 W m™ during these times (Figure 2.5).

Figure 2.9 presents the CONUS maps for estimated DSRaLive and DSRasr at 6PM UTC on Sept
21, 2022, providing a comparison extending beyond specific site locations. The analysis yielded
R2 of 0.83, RMSE of 132.15 W m?, and bias (DSRas-DSRaLive) of 85.86 W m™, notable
differences between the two products across space and with respect to cloud characteristics

revealed by storm systems. (Tropical Storm Ophelia can be seen on the right hand side of the

imagery.)
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Figure 2.9. DSRaBI, estimated DSRaLIvE, and their differences (ABI-ALIVE) maps at hour 6PM
UTC on Sep 21, 2022, with a CONUS view from the GOES satellite.

Figure 2.10 compares the model performance at Ameriflux sites (Figure 2.10a) with the full
images (Figure 2.10b) from Figure 2.9 using kernel density estimates. SW-IN and DSRaLive

exhibit closer correspondence compared to their relationship with DSRasr (Figures 10a). DSRaBb1
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typically shows higher estimates compared to the DSRaLive (Figures 9 and 8b). Figures 10a and b
depict density plots related to Sep 21, 2022, at tower sites, where DSRaLive and DSRaB1 maps are
available (see Figure 2.9). However, there is an observed bias of 85.86 W m™ between DSRALIVE
and DSRas1 maps which is evident in both the density plot (Figure 2.10b) and the difference

between the two maps, DSRas1 - DSRavLive (Figure 2.9 (ABI-ALIVE)).
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Figure 2.10. Comparison of DSR distribution using kernel density estimate: SW-IN vs DSRaB1
vs DSRaLive at 6 PM UTC on Sept 21, 2022 at (a) Ameriflux sites and (b) across CONUS from
maps presented in Figure 2.9.

2.4.6 DSRaLive performance at 5 minutes frequency vs DSRSURFRAD

We exclusively utilized DSRsurrraD for testing DSRaLive; none were used in training. We
selected the first week of July 2022 for time series comparison (Figure 2.11) and assessed
DSRaLIve performance across time intervals of 5, 15, and 30 minutes, as well as one and two-hours
(Table 2.4). Figure 2.11 illustrates significant fluctuations in DSRsurrraD at most sites, indicating
the potential influence of aerosols or clouds (Ma et al., 2020; Zhang et al., 2021b). Analysis of
AOD plots on the NOAA website, accessible at (National Oceanic and Atmospheric
Administration, 2022), further demonstrates substantial fluctuations in AOD values at these times

and locations.


https://www.zotero.org/google-docs/?avcB3O
https://www.zotero.org/google-docs/?JXZPIk
https://www.zotero.org/google-docs/?JXZPIk

33

BND: R?= 0.86

_— DSRSurfrad
DSRAUVE

f

1000 A

500 -

1000 -

500 -

0 4
1000 A

500

1000 HFPK: R?=0.77

zmﬂﬁﬁkw
BTN

PSU: R?= 0.79

A J/\ AN, ;}l‘\A\

Ju|01 Ju|02 Ju|03 Ju|04 JuIOS Jul06 Jul 07 Jul'oe
Local Time

Figure 2.11. Time series of DSRaLive vs. DSRsurrraD at 7 sites with a 5S-minute frequency
during the first week of July 2022. Sites abbreviations and R? between DSRaLive and DSRsurFrAD
measurements are noted.

Figure 11 indicates that the site DRA exhibits the highest agreement with an R? value of 0.98,
followed closely by SXL, BND, and TBL, each with R? values exceeding 0.85. In contrast, FPK

and PSU display lower R? values of 0.77 and 0.79, respectively.
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Table 2.4 presents the accuracy of DSRaLive vs DSRsurrraD across temporal intervals ranging
from 5 minutes to 2 hours. As temporal resolution increases, there is a corresponding improvement
in model performance, demonstrated by higher R? values and reduced error metrics such as RMSE,
MAE, and Bias. However, one may consider R? values of 0.85 at a 5-minute temporal resolution
to be promising for hypertemporal analysis, effectively capturing short-term variations in DSR,
noting that variability at shorter temporal scales, due to sub-pixel clouds and/or fast moving clouds,
will not be able to be resolved by the ABI.

Table 2.4. DSRaLive vs SURFRAD Measurements

5 Minutes 15 Minutes 30 Minutes 1 Hour 2 Hours
R? 0.85 0.86 0.88 0.90 0.91
RMSE [121.82 108.83 103.02 96.85 92.65
MAE 84.32 74.1 71.85 69.14 65.65
Bias 8.02 6.12 6.23 6.1 6.41

2.5 Discussion

2.5.1 ML performance and efficiency

Our study highlights the importance of selecting efficient ML models for predicting high
frequency DSR maps from ABI imagery. GBR emerged as the optimal choice, offering similar
accuracy to LSTM but with substantially faster prediction time, crucial for real-time applications
(Liang et al., 2023; Liu et al., 2021). Through optimization experiments, we identified a GBR
model configuration that balances prediction time and accuracy, making it well-suited for
generating ‘hypertemporal’ DSR maps for our objective.

The findings from the GBR model efficiency experiment suggest that models trained with a larger
volume of training data per site (2000 samples compared to 200, 500, or 1000) enhance the balance
between prediction time and accuracy, thereby increasing overall model efficiency. Although it is
well-known that a larger sample size improves ML performance (Maxwell et al., 2018), our study
shows that it also increases efficiency in terms of prediction time. However, 2,000 samples per site
appears to be the saturation point for efficiency (Figure 2.3). Increasing the number of samples

beyond this point increases training time with little improvement in fit. Furthermore, we observed
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that models with higher complexity (m_depth) and lower ensemble size (n_estimators) achieve

optimization in both computational efficiency and predictive accuracy (see Figure 2.3).

2.5.2 SHAP analysis

SZA emerges as the most critical predictor for modeling DSR, as widely demonstrated in
previous studies (Hao et al., 2019; R. Li et al., 2023; Ma et al., 2020; Zhang et al., 2021b).
Following SZA, CMI-CO1 and SAA are significant predictors (Figure 2.7). These features
demonstrate positive correlations with DSR, where higher values indicate higher DSR. CMI-CO01,
which measures blue visible reflectance at 0.47 pum; its importance is consistent with Rayleigh
scattering (Hao et al., 2019; Paxton et al., 2021; Rayleigh, 1899; Tan et al., 2020). SAA improved
time alignment of ABI observations with SW-IN measurements acquired at towers (see Figure
2.5). This improvement addresses the timing issue previously described in detail by (Losos et al.,
2024a); in brief, the Ameriflux SW-IN observations represent an average between observations
made at the top of the hour and half past the hour (or vice-versa) such that 15 and 45 minutes past
the hour represents the average time over which observations are averaged. Time alignment was
poorer before including SAA (results not shown).

Accurately estimating DSR presents a challenge influenced by factors beyond just cloud cover.
Research by (Chen et al., 2012; Igbal, 2012; Knapp et al., 2005) underscores the significant impact
of cloud properties—Ilike type, thickness, and composition—on solar radiation reaching the Earth's
surface. Additionally, AOD, as described by (Hao et al., 2019; Igbal, 2012; Knapp et al., 2005; H.
Zhang et al., 2020; Zhang et al., 2021a) in measuring atmospheric particle concentration, also
affects solar radiation attenuation. Although (Hao et al., 2019; Hou et al., 2020; Ma et al., 2020)
showed the significance of using AOD in DSR modeling, incorporating AOD into the model

results in only a modest increase in R? (0.02) for temporal patterns, but decreases R? between
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spatially distributed sites at specific hours, indicating prediction instability. Furthermore, the
significant loss of data due to missing AOD values (approximately 58%) raises concerns about the
reliability of the final DSR map at 5-minute frequency. In addition to AOD, many studies (Chen
etal., 2012; Hao et al., 2019; Li et al., 2015; Ma et al., 2020) show that cloud optical depth (COD),
and cloud fraction (CF) also play crucial roles in DSR/PAR modeling. Here we assume that the
ML model incorporates observations from the ABI TOA product (CMIs) for representing the
impacts of AOD, COD, and CF in DSR modeling. Previous research indicates that CMI
observations, particularly the blue band, contain valuable information regarding AOD levels. In
2022, Yoojin in (Kang et al., 2022) utilized GOCI geostationary satellite data to improve retrievals
of AOD using a light GBR (LGBM) model. They achieved R? of 0.92 by showing CHO1 (the
GOCI blue band at 0.412 pm) as the most informative feature. Remote sensing, combined with
ML, offers an effective tool for retrieving cloud microphysical parameters such as COD and CF
(Minnis et al., 2016; Yang et al., 2022).

The comparison between DSRas1 and DSRaLive maps (see Figure 2.9) reveals notable disparities,
particularly in regions with high cloud cover, such as during hurricanes (Tropical Storm Ophelia
is depicted on the southeast corner of Figure 2.9). It is important to note that DSRag1 products may
not be a perfect reference for validation (with absolute error of up to 125 W m (Laszlo et al.,
2020b)), especially in areas with frequent cloud cover or over oceans due to the lack of ground
stations. Incorporating additional variables related to clouds, such as COD and/or CF, may enhance
performance. However, relying on additional datasets would make DSRaLive more vulnerable to
data outages. Therefore, we have concluded that maintaining the simplicity of our algorithm is
advisable, especially considering its effective performance compared to measurements of SW-IN

measurements from towers.
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2.5.3 Data sources and uncertainty: Ameriflux vs SURFRAD

SURFRAD DSR measurements have lower uncertainty (+2% to £5%), compared to AmeriFlux's
stated £10% uncertainty for net radiation observations (Augustine et al., 2000). However,
AmeriFlux implements the AmeriFlux quality control (QC) method to ensure data quality (Chu et
al., 2023; Pastorello et al., 2020, 2014) and employs a multi-step QC process to guarantee the
integrity of eddy covariance and micrometeorological data (Aubinet et al., 2012; Pastorello et al.,
2014). Following initial processing by tower teams, data undergo rigorous assessment
encompassing individual variable inspection, evaluation of correlations between coupled variables
(e.g., solar radiation and photosynthetically active radiation), analysis of temporal patterns, and in-
depth examinations of interrelated variable variations (Aubinet et al., 2012; Chu et al., 2023).

Interestingly, despite the difference in uncertainty, our research showed good agreement (R* of
0.85 to 0.91) between models trained on AmeriFlux data and DSR measurements from the
SURFRAD network. This agreement held even at 5-minute intervals, even though the models were
trained on half-hourly data (Table 2.4). This suggests that AmeriFlux SW-IN data, despite higher

reported uncertainty, can be valuable for modeling purposes.

2.5.4 DSRarive performance against SW-IN, DSRasr and DSRsuURFRAD
We observed that DSRaLive generally outperformed DSRasr when compared with SW-IN
measurements, except during specific evening hours characterized by high SZAs (Figure 2.8). In
fact, both models performed more poorly compared to SW-IN measurements after 5 PM,
suggesting limitations in ABI to capture solar radiation dynamics during certain times of the day
with high SZAs. DSR maps across CONUS in Figure 2.9 revealed notable spatial differences
between DSRaLive and DSRasr products, particularly regarding their response to cloud

characteristics. While DSRaLive showed promising performance under clear sky conditions for
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data collected at the Ameriflux sites, differences persisted especially during periods of low solar
radiation and in the presence of clouds.

Our findings demonstrate that DSRaLive exhibits promising performance in estimating DSR at
high temporal resolutions (5-minute intervals) compared to ground-based measurements from the
SURFRAD network (Table 2.4). This is particularly significant because, to our knowledge, this is
the first study to explore DSR mapping at such fine time scales. Traditionally, DSR retrievals have
been limited to coarser temporal resolutions (half-hourly or hourly) due to constraints imposed by
satellite data availability and/or processing techniques (Chen et al., 2012; Hao et al., 2019; Ma et
al., 2020; Zhang et al., 2021a; Y. Zhang et al., 2020). The ability of DSRaLIvE to capture observed
short-term variations holds significant value for various applications. For instance, monitoring
rapid phenomena like heatwaves (Jahan et al., 2023; X. Li et al., 2023), wildfires (Massetti et al.,
2019; Mohapatra and Trinh, 2022; Xu and Zhong, 2017), water stresses and flash droughts (Hu et
al., 2020; Otkin et al., 2018), and other fast-changing environmental events often necessitates high-
frequency data. Similarly, studies investigating the carbon cycle or other processes sensitive to
short-term fluctuations in solar radiation benefit from high-resolution DSR data (S. Chen et al.,
2023; Jeong et al., 2023b; A. M. Khan et al., 2022; Ranjbar et al., 2023a). Our work paves the way
for utilizing DSRALIVE as a tool to analyze these critical Earth system processes at unprecedented
temporal detail.

It is important to note that while SURFRAD provides valuable ground-truth data, its network
primarily focuses on mid-latitude regions (Figure 2.2). This poses a limitation for validating
models like DSRaLIve, which might struggle to simulate DSR accurately at lower latitudes with
lower solar zenith angles (e.g. Figure 2.6). These limitations in the SURFRAD network highlight

the need for complementary validation strategies, potentially including future ground stations at
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lower latitude sites, to ensure the robustness of DSRaLive and similar approaches across more

geographical regions.

2.5.5 Comparing against recent studies on DSR

At half-hourly resolution, our GBR models showed impressive performance metrics against
Ameriflux sites (Table 2.3). Under clear sky conditions, our models achieve an R? of 0.98 with an
RMSE of 48.76 W/m?, surpassing the performance of DenseNET and CNNGRUnor architectures
(R. Lietal., 2023). In cloudy sky conditions, although the R? slightly decreased to 0.88, the RMSE
increased to only 89.86 W/m?. Overall, our model's performance under all conditions at half-hourly
resolution yields an R* of 0.92 and an RMSE of 86.12 W/m?, indicating improved accuracy in
comparison to recent studies (Chen et al., 2021; Letu et al., 2022; R. Li et al., 2023; Zhang et al.,
2021b; Y. Zhang et al., 2020). For hourly DSR mapping, the GBR model demonstrates robust
accuracy (see Figure 2.4) compared to previous studies. In (Zhang et al., 2021b), researchers
achieved an R? of 0.90 using a combination of GOES-16 and MODIS data and employing a look-
up table (LUT) at a 500 m spatial resolution. Additionally, in another study, researchers achieved
an R? of 0.82 using a combination of DSCOVR-EPIC data and employing an RF model for hourly
DSR mapping at a 10 km spatial resolution (Hao et al., 2019).

Shifting to performance on daily time scales, our model also outperforms compared to (Hao et
al., 2019; Zhang et al., 2021a), who achieved an R? of 0.88 and 0.93 compared to our daily R? of
0.99 (see Table 2.3). Our GBR models exhibit exceptional accuracy with an R? of 0.99 and an
RMSE of 10.30 W/m?, outperforming the RF model from (Chen et al., 2021), which achieved an
R? of 0.97 and an RMSE of 17.64 W/m?. At a weekly resolution, our models maintain high

accuracy, with an R? of 0.99 and an RMSE of 6.68 W/m?. The robustness of our GBR models in
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terms of prediction time vs model performance for estimating DSR from GOES-R ABI data has
significant implications for near-real-time carbon uptake mapping and solar energy applications.
When comparing DSRaLive against DSRsurrraD, high agreement (R? of 0.85) is achieved even
at S-minute frequency, although the GBR model was trained on half-hourly data from the
AmeriFlux network. To the best of our knowledge, there is no other DSR product available at a 5-

minute frequency for comparison.

2.6 Conclusion
We used public, quality-checked SW-IN ground measurements to train a ML model for

predicting DSR at the native temporal and spatial scale of GOES-16 ABI CMI measurements. Our
model outperformed the existing DSRapi algorithm under most solar conditions, with
opportunities for improvement, especially at lower SZA and early morning/late evening periods.
Additional surface SW-IN observations in subtropical and tropical regions for model training, and
ongoing efforts to use ML to improve physically-based atmospheric attenuation models, would
likewise advance DSR product development to better realize the extensive benefits of

geostationary satellite observations.
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Chapter 3. Near Real-time Mapping of All-Sky Land Surface Temperature from GOES-R
Using Machine Learning

This chapter is under review in the Wiley-Journal of Geophysical Research: Machine Learning
and Computation, see the preprint here: Sadegh Ranjbar, Danielle Losos, Sophie Hoffman, et al.

Near Real-time Mapping of All-Sky Land Surface Temperature from GOES-R using Machine
Learning. ESS Open Archive . October 04, 2024. DOI: 10.22541/essoar.172801403.30077549/v1

Abstract
Land surface temperature (LST) is crucial for understanding earth system processes. We

expanded the Advanced Baseline Imager Live Imaging of Vegetated Ecosystems (ALIVE)
framework to estimate LST in near-real-time for both cloudy and clear sky conditions at a five-
minute resolution. We compared two machine learning (ML) models, Long Short-Term Memory
(LSTM) networks and Gradient Boosting Regressor (GBR), using top-of-atmosphere observations
from the Advanced Baseline Imager (ABI) on the GOES-16 satellite against observations from
hundreds of observation sites for a five-year period. LSTM outperformed GBR, especially at
coarser resolutions and under challenging conditions, with a clear sky R of 0.96 (RMSE 2.31 K)
and a cloudy sky R? of 0.83 (RMSE 4.10 K) across CONUS, based on 10-repeat Leave-One-Out
Cross-Validation (LOOCV). GBR maintained high accuracy and ran 5.3 times faster, with only a
0.01-0.02 R? drop. Feature importance revealed infrared bands were key in both models, with
LSTM adapting dynamically to atmospheric changes, while GBR utilized more time information
in cloudy conditions. A comparative analysis against the physically-based ABILst product showed
strong agreement in winter, particularly under clear sky conditions, while also highlighting the
challenges of summer LST estimation due to increased thermal variability. This study underscores
the strengths and limitations of data-driven models for LST estimation and suggests potential

pathways for integrating ML models to enhance the accuracy and coverage of LST products.
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3.1 Introduction

Land surface temperature (LST) is a critical variable recognized by the Global Climate Observing
System for its essential role in various land surface processes and land—atmosphere interactions,
including biophysical, hydrological, and ecological function (Firozjaei et al., 2022; Li et al., 2023;
Lietal., 2013). Obtaining LST data at sub-daily resolutions is critical for understanding terrestrial
ecosystem function that varies dynamically in response to its thermodynamic environment (Jia et
al., 2022; Liu et al., 2023; Yan et al., 2023). High frequency LST data enable detailed monitoring
of rapid ecosystem changes, such as dynamic carbon uptake processes, ecosystem respiration, and
evapotranspiration, all of which are sensitive to temperature fluctuations (Chen & Liu, 2020; Jia
et al., 2020; Li et al., 2023; Wang et al., 2024). Precise LST measurements help assess the carbon
and water balance of ecosystems, providing insights into how temperature, water availability, and
plant physiological processes interact over time (Firozjaei et al., 2022; Li et al., 2013; Mavrovic
et al., 2023). This understanding is crucial for predicting ecosystem responses to climatic changes

and managing water resources effectively.

Satellite remote sensing can derive LST with high temporal and spatial resolution on continental
and global scales (Firozjaei et al., 2022; Li et al., 2023; Li et al., 2013; Zarei et al., 2021; Zhan et
al., 2013). Geostationary satellites can provide hemispheric scan coverage on the order of minutes,
offering sufficient data for subdaily LST retrievals (Jia et al., 2022, 2024; Liu et al., 2023; Yan et
al., 2023). While algorithms for estimating LST under clear sky conditions using thermal infrared
(TIR) data are well established (Li et al., 2013; Zarei et al., 2021; Zhan et al., 2013), the inability
of TIR signals to penetrate thick clouds presents a significant challenge (Jia et al., 2022; Liu et al.,
2023; Weng, 2009; Yan et al., 2023; Zarei et al., 2021; Zhan et al., 2013). This limitation results

in substantial data gaps, especially during cloud cover, which typically obscures 67% of the Earth's
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surface (Wang et al., 2020). Several recent studies have leveraged geostationary satellites for
estimating LST under cloudy conditions by integrating multi-source and/or hypertemporal
observations. For example, Jia et al., (2023) produced a global hourly five-km all-sky LST dataset
using a refined SEB-based cloudy sky LST recovery method, demonstrating improved accuracy
over existing clear sky products. Similarly, Ding et al., (2022) developed the RTG method, which
integrates reanalysis data with geostationary TIR observations to reconstruct hourly all-weather
LST, achieving high reliability over the Tibetan Plateau. Jia et al., (2022) introduced a 2-km, all-
sky, hourly LST product from ABI data, combining SEB modeling with cloud correction
techniques to enhance retrieval accuracy across diurnal cycles. Additional studies by Zhou et al.,
(2022) and Liu et al., (2023) further highlight the role of geostationary satellite data fusion in
minimizing cloud-related gaps. Hyper-temporal geostationary observations can be used to enhance
under-cloud LST estimation by enabling continuous monitoring, data fusion, and diurnal cycle
modeling. Unlike polar-orbiters, they provide high-frequency LST datasets with fewer cloud-

induced gaps, benefiting climate monitoring, hydrology, and extreme weather analysis.

Moreover, many efforts have focused on estimating LSTs under all-sky conditions using different
methods like surface energy balance (SEB), data fusion, and similar pixel techniques. Recently,
machine learning (ML) algorithms have gained prominence, attracting growing interest from the
geoscience community for their potential in improving all-sky LST estimates (Chen et al., 2012;
Cho et al., 2022; Jia et al., 2021, 2024; Li et al., 2021; Liu et al., 2023; Tang et al., 2023; Zhang et
al., 2024). Relationships between LST and remotely sensed variables under all-sky conditions can
be empirically modeled using machine learning algorithms (Ranjbar et al., 2021; Varghese et al.,
2023; M. Zheng et al., 2022). Various algorithms have been employed effectively for LST

estimation, such as neural networks (NNs), including recurrent and convolutional NNs (RNNs and
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CNNs) and tree-based ensemble learning models (Cho et al., 2022; Duan et al., 2023; Fu et al.,
2022; Wu et al., 2022; Zhang et al., 2024; Zhang et al., 2023; Zheng et al., 2022). For instance,
Shwetha & Kumar (2016) utilized NNs to predict high-resolution LST using microwave
polarization data, achieving a correlation coefficient (r) up to 0.96 and RMSE as low as 1.7 K
under clear skies. Under cloudy conditions, the model performed well with RMSE values lower
than those observed in clear skies. Similarly, Wu et al., (2022) developed a two-step deep learning
framework combining thermal infrared and passive microwave data to create gapless all-weather
LST over China's landmass, yielding RMSEs between 1.71 and 3.87 K, with R? values ranging
from 0.88 to 0.98 across different sky conditions. Cho et al., (2022) used a LightGBM model to
reconstruct 1 km MODIS LST in South Korea, achieving an R* of 0.89-0.91 during the day and
0.96-0.97 at night for clear sky conditions; under cloudy conditions, the model maintained an R?
of 0.55-0.63 during the day and 0.70-0.74 at night. Li et al., (2021) used Random Forest models
incorporating MODIS, reanalysis, and in situ data to estimate all-sky LST across the continental
United States, achieving R? of 0.943 to 0.963 and RMSE around 2.76 K. Additionally, Fu et al.,
(2022) leveraged a 3D-CNN model to reconstruct high spatiotemporal LSTs in urban areas,
reducing RMSE to 0.61 K. These studies demonstrate the capability of machine learning models
to generate accurate and gapless all-weather LST products using efficient models like tree based

ensemble learning and neural NNs (Gong et al., 2023; Li et al., 2021; Wu et al., 2022).

Despite their widespread use, these machine learning methods have limitations, such as a lack of
explanation for physical mechanisms and issues with generalizability (Zhang et al., 2024). Zhang
et al. (2024) proposed a two-step framework for all-sky LST estimation that combines physical
models with gradient boosting, achieving an RMSE of2.67 K for clear skies and 2.60 K for cloudy

skies, both with R? of 0.96. However, the method is not real-time, and does not utilize geostationary
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satellite observations for sub-daily inference. Most studies have been limited to small areas and
short time periods, with minimal focus on real-time or continental to global-scale applications.
Additionally, validation is often done with limited data, raising concerns about broader
applicability (Fu et al., 2022; Gong et al., 2023; Shwetha and Kumar, 2016; Zhao and Duan, 2020).
In this study, we demonstrate how machine learning can be used to estimate LST at a five-minute
temporal resolution across the Contiguous United States (CONUS) and evaluate the model against
ground observations from more than 100 AmeriFlux and Surface Radiation Budget Network
(SURFRAD) sites. We apply SHapley Additive exPlanations (SHAP) analysis (Lundberg and Lee,
2017) to uncover individual feature contributions by quantifying the direction and magnitude of
their influence, identifying synergistic or antagonistic relationships that affect model behavior

(Lundberg et al., 2020; Lundberg and Lee, 2017; Temenos et al., 2023).

The Advanced Baseline Imager Live Imaging of Vegetated Ecosystems (ALIVE,) framework
develops near-real-time estimates of terrestrial carbon dioxide and water flux from a geostationary
platform ((Losos, Ranjbar, et al., 2024a; Ranjbar et al., 2024b; Ranjbar, et al., 2024c)), which this
study aims to extend to LST estimation (here called ‘ALIVELst’). We use top-of-atmosphere
observations from the Advanced Baseline Imager (ABI) sensor onboard the Geostationary
Operational Environmental Satellite-R Series (GOES-R). This research seeks to generate high-
frequency CONUS LST maps, with temporal resolution of up to 5 minutes, under various sky
conditions. To achieve this, we will utilize two well-established machine learning models: Long
Short-Term Memory (LSTM) networks and Gradient Boosting Regression (GBR) models. We
explore these approaches because GBR consistently outperforms other tested methods for
downwelling shortwave radiation estimation (Ranjbar, et al., 2024b) and surface-atmosphere

carbon dioxide fluxes (Ranjbar, et al., 2024c), but LSTM may better simulate the time-varying
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nature of LST that includes lagged effects due to ecosystem heat capacity, and both feature in
contemporary LST research (Jia et al., 2024). Our approach evaluates these models' performance
across different sky conditions, seasons, and climatic regions, including comparisons against the

operational GOES-R and MODIS LST products.

3.2 Materials and Methods

3.2.1 Overview

This study integrates tower-based micrometeorological observations and geostationary satellite
imagery, with machine learning techniques to estimate and evaluate LST across diverse
environmental conditions. The workflow begins with data collection from AmeriFlux, NEON, and
SURFRAD networks (Figure 3.1, section 2.2) and ensuring temporal alignment with GOES-R ABI
satellite observations at tower locations (section 2.4). LST is derived from ground-based radiative
flux measurements at AmeriFlux, NEON, and SURFRAD network towers using the Stefan-
Boltzmann equation (Section 2.3). Tower-based derived LST serves as both training data and an
in-situ reference for estimating and validating satellite-derived LST products. Data from
AmeriFlux and NEON are utilized for training and evaluating machine learning models (section

2.5), while SURFRAD network data is exclusively employed for validation purposes (section 2.6).
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Figure 3.1. Schematic representation of the methodology used in this study, illustrating the
integration of tower observations, GOES-R ABI satellite data, and machine learning-based LST
estimation and validation.

3.2.2 Tower observations

We compiled micrometeorological data from AmeriFlux and NEON eddy covariance towers
following the methodology described in Losos et al. (2024b). We selected sites with data available
post-2019 to align with GOES-16 data availability (section 2.4), resulting in 101 sites distributed
across CONUS (see Figure 3.2 for locations and Table Al for details). Tower data availability

relies on the efforts of individual tower-operating teams who provide publicly available data that
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undergo quality control checks by Ameriflux and NEON (Pastorello et al., 2020, 2014; Sturtevant
et al., 2022). These data include half-hourly (or occasionally hourly) sums of carbon dioxide,
water, sensible heat, meteorological, micrometeorological, and radiometric variables, along with
other trace gas fluxes. All data undergo quality control via common algorithms. These files are
updated shortly after new data are uploaded, though in practice, updates may be delayed by months

to years after data collection as a result of quality control processes and time allocation.
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Figure 3.2. Locations of AmeriFlux, NEON, and SURFRAD sites used in this study overlaid on
the GOES-R ABI LST product from July 20, 2023, at 18:02 UTC. Areas with no LST values,
resulting from cloud cover, are displayed in gray.

We also utilized one-minute ground measurements from the SURFRAD network to evaluate the
estimated LST at five-minute intervals, aligning with the temporal resolution of CONUS ABI
observations. Established by NOAA in 1993, SURFRAD provides accurate, continuous, long-term
surface radiation measurements across diverse climatic regions in the United States. For this

analysis, data from seven stations, which collect independent observations of solar and infrared
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radiation along with meteorological parameters, were used (see Figure 3.2). To capture seasonal
variations, we selected one week of data centered around January 15, April 15, July 15, and
October 15, averaging one-minute SURFRAD observations to five-minute intervals for

comparison.

3.2.3 LST calculations at tower locations

LST can be estimated from tower-measured longwave incoming radiation (LWi) and outgoing
radiation (LWour) while accounting for emissivity using Eq. 3.1, proposed by (Thakur et al.,
2022). This approach is based on sites where incoming and outgoing broadband longwave
radiation are measured, usually with four-component net radiometers (Verma et al., 2016), and

through inverse application of the Stefan-Boltzmann (SB) law (Lhomme et al., 1988).

&0 &0

LST — AL\/LVI;IN _ LWy n LWouyr Eq. 3.1

Where ¢ is broadband emissivity and 6 = 5.67x 1078 Wm ™ *K™* is the Stefan-Boltzmann

constant (Lhomme et al., 1988). For emissivity (¢), we used a classification based approach
(Gillespie et al., 1998; Snyder et al., 1998). Theoretically, this method can accurately estimate the
LST for properly classified surfaces with well-known emissivities (Ren et al., 2017; Snyder et al.,
1998; Sobrino et al., 2016; Sobrino et al., 2008; Valor, 1996). We utilized the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) spectral library for
calculating emissivity values, incorporating the International Geosphere-Biosphere Programme
(IGBP) classification designated at each tower site. This approach involved using a lookup table,

which assigns emissivity values based on specific IGBP land cover categories (Table 3.1).

Table 3.1 The emissivity values for the respective IGBP categories as derived from the ASTER
spectral library.
IGBP Category Wavelength: 10.25 -10.95 pm  Wavelength: 10.95 - 11.65 pm |
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Evergreen Needleleaf Forest 0.971 +£0.004 0.980 +0.003
Evergreen Broadleaf Forest 0.973 £ 0.003 0.982 £ 0.002
Deciduous Needleleaf Forest 0.969 £ 0.005 0.977 +0.004
Deciduous Broadleaf Forest 0.972 +0.003 0.981 +0.002
Mixed Forest 0.970 + 0.004 0.979 +0.003
Closed Shrublands 0.967 +0.006 0.976 = 0.004
Open Shrublands 0.965 +0.007 0.974 +0.005
Woody Savannas 0.968 +0.006 0.977 £ 0.004
Savannas 0.966 = 0.007 0.975 £ 0.005
Grasslands 0.964 = 0.007 0.973 £ 0.006
Permanent Wetlands 0.972 £ 0.004 0.981 +0.003
Croplands 0.965 +0.007 0.974 +0.005
Urban and Built-up 0.960 + 0.008 0.969 + 0.006
Cropland/Natural Vegetation Mosaic 0.966 + 0.006 0.975 +0.004
Snow and Ice 0.983 +0.002 0.992 +0.001
Barren or Sparsely Vegetated 0.960 + 0.008 0.969 + 0.006
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These emissivity values offer a detailed characterization of the land cover types, which is
essential for accurate LST estimation under various environmental conditions. To compute the
broadband emissivity, we utilized the mean value of the emissivity from both bands (Wilber,

1999).

3.2.4 ABI observations from GOES-R satellite

We leveraged top of atmosphere observations obtained by the ABI sensor onboard the GOES-16
satellite, operational since November 2017. ABI captures imagery across 16 spectral bands with a
spatial resolution ranging from 0.5 to 2 km at nadir, depending on the band (Goodman et al., 2019).
It provides full-disk observations every 10 minutes and CONUS observations every 5 minutes in
its typical scan mode (Mode 6, Goodman et al., 2019; He et al., 2019). Our research synchronized

ABI data, specifically the GOES-R ABI L1 Cloud and Moisture Imagery (CMI) products from
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2019 to 2022, with ground-based eddy covariance measurement from 101 AmeriFlux and NEON
sites as detailed in (Losos et al., 2024b) and added information from 7 SURFRAD sites. The CMI
product measures reflectances and brightness temperatures at 16 bands spanning visible, near-
infrared (NIR), shortwave infrared (SWIR) and infrared (IR) wavelengths (Table 3.2, Goodman et
al., 2019; Khan et al., 2021). We used all CMI channels for model training and testing, as each
band can provide unique information on surface thermal properties and/or cloud cover (Goodman
et al., 2019; Ranjbar et al., 2024a; Schmit et al., 2017). We also anticipated that visible and NIR
bands would impact LST prediction because they are related to vegetation greenness, which

implies water availability and thereby differences in thermal capacitance.

Table 0.2 Summary of ABI bands and their primary uses.

ABI Wavelength | Band Primarv Uses
Band | (microns) Type y
. . Monitoring aerosols (smoke, haze, dust)
col 0.47 Visible Air quality monitoring through aerosol optical depth measurements
o2 0.64 Visible Dayt1m§ monitoring qf clouds (0.5-km spatial resolution)
Volcanic ash monitoring
High contrast between water and land
€03 0.86 NIR Assess land characteristics, including flooding, burn scars, and hail damage
C04 137 NIR Thin cirrus detectlpn fiurlng the day
Volcanic ash monitoring
Daytime snow, ice, and cloud discrimination
€05 1.6 NIR Input to “Snow/Ice vs. Cloud” RGB
Cloud particle size, snow, and cloud phase
€06 2.24 NIR Hot spot detection at emission temperatures >600K
Low stratus and fog detection
co7 3.9 IR Fire/hot spot detection and volcanic ash
Co08 6.2 IR Upper-level feature detection (jet stream, waves)
C09 6.9 IR Mid-level feature detection
C10 73 IR Low-level feature detection (EML, fronts)
Cloud-top phase and type products
cl 8.4 IR Volcanic ash (SO, detection) and dust
Dynamics near the tropopause
Cl2 9.6 IR Input to Airmass RGB
Less sensitive to atmospheric moisture
13 103 R brightness temperatures warmer than IR
IR window
cl4 1.2 IR Low stratus and fog detection
C15 12.3 IR Greater sensitivity to moisture
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cooler brightness temperatures

Mean tropospheric air temperature estimation

cle 133 IR Highlights high, cold, likely icy clouds

To further evaluate and validate the performance of our machine learning models, we
incorporated the physically-based GOES-R ABI LST product (hereafter ‘ABILst’) into our
analysis. ABILst is generated using the split-window technique applied to ABI bands 14 (11.2 um)
and 15 (12.3 um), providing LST estimates for land surfaces under clear sky conditions, with a
local zenith angle of up to 85 degrees for both daytime and nighttime with a mission requirement
of 2.5 K in precision and 2.3 K in accuracy (Laszlo et al., 2020b; Yu and Yu, 2020a). This product
is generated hourly for the ABI Full Disk, the CONUS, and Mesoscale regions, with spatial
resolutions of 2 km for CONUS view and 10 km for Full Disk (Yu and Yu, 2020a). We compared
our empirical machine learning approach with the physically-based ABILst retrieval method to
assess its consistency with standard satellite-derived products. The method employed by NOAA
for creating ABILst is a well-established approach in the remote sensing community for retrieving
land surface temperature from ABI observations (Duan et al., 2023; Li et al., 2021; Zhang et al.,

2024).

We also utilized the NOAA Enterprise Cloud Mask, an advanced cloud detection scheme derived
from the naive Bayesian cloud mask initially developed for the Pathfinder Atmospheres Extended
(PATMOS-x) Cloud Properties Climate Data Record (Heidinger et al., 2020). The Enterprise
Cloud Mask supports various sensors, including the ABI on GOES-16, -17, -18, and -19, VIIRS,
and MODIS, and provides a four-level cloud mask and cloud probability (Heidinger et al., 2020;
Lin et al., 2021). This allows for precise separation of cloud-affected and cloud-free pixels,

enhancing the accuracy of LST and sea surface temperature estimations. For our analysis, we used
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the "cloudy" and "clear" classifications, treating "probably clear" as clear and "probably cloudy"

as cloudy.

3.2.5 Machine learning regression models

We explored two popular machine learning regression models: Gradient Boosting Regressor
(GBR) and Long Short-Term Memory (LSTM). We found that GBR outcompetes other common
algorithms for estimating downwelling shortwave radiation (Ranjbar, et al., 2024b), and surface-
atmosphere carbon dioxide flux (Ranjbar, et al., 2024c), striking a balance between accuracy and
prediction time for real-time applications. Given these strengths, we aimed to evaluate GBR's
performance against LSTM models, which may offer improved accuracy due to the effectiveness
of GBR with time series data that may result in better consideration of ecosystem heat capacity

(Hulley et al., 2019).

GBR is an ensemble model that combines decision trees through bootstrapping and feature
bagging (Friedman, 2001). GBR aims to minimize errors by optimizing a loss function, iteratively
improving weak models by addressing errors (Bentéjac et al., 2021; Sahin, 2020). GBR requires
hyperparameter tuning, influencing model accuracy, size, depth, and speed. The hyperparameters

nn

include "number of estimators," "maximum depth," and "minimum samples per leaf"'. The
"number of estimators" controls the quantity of decision trees in the ensemble, while "maximum
depth" limits tree complexity to mitigate overfitting. "Minimum samples per leaf" sets the
threshold for node splitting, aiding in regularization. Finally, the learning rate parameter modulates

the contribution of each tree to the ensemble, fostering a balanced trade-off between convergence

speed and model stability (Bentéjac et al., 2021; Friedman, 2001; Sahin, 2020).
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LSTM networks excel at handling sequential data, particularly in time series forecasting
(Hochreiter & Schmidhuber, 1997). They can effectively capture long-term dependencies thanks
to their unique memory cell architecture, addressing a major limitation of traditional Recurrent
Neural Networks (RNNs) and managing non-linear relationships within sequences (Ghanbari et
al., 2021; Sutskever et al., 2014). However, their complex architecture requires more
computational resources compared to simpler RNNs (Sutskever et al., 2014). Achieving optimal
performance with LSTMs also involves careful hyperparameter tuning, adding complexity to the
training process (Ghanbari et al., 2021; Sutskever et al., 2014; Yuan et al., 2020). Our LSTM
architecture included 2 LSTM layers with the same number of units. The first layer, with
‘return_sequences set to ‘true’, retained and returned the entire sequence of hidden states for each
input sequence, which is crucial for capturing temporal dependencies. The second layer, with
‘return_sequences’ set to ‘false’, returns only the output at the last time step, effectively
summarizing the learned information. After the LSTM layers, we added two dense layers. The first
dense layer, with 25 units, facilitated further feature extraction and representation learning. The

final dense layer, with a single unit, produced the model's output.

3.2.6 Model development and assessment

We developed our models using Google Colab Pro, which provides up to 32 GB of RAM and an
A100 GPU. We used a grid search algorithm to systematically test different hyperparameter
combinations for each machine learning model to optimize performance. This approach helped us
identify the best configurations for maximizing correlation determination (R?*) and prediction
speed. Table 3.3 shows the specific hyperparameters and their ranges that we explored for each
model.

Table 0.3. Grid search specifications and hyperparameter setting for machine learning models.
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Model Hyperparameter Grid Setting
Number of estimators 100, 300, 500, 800
Maximum depth 5,8,10, 12,15
GBR
min_samples_leaf 50, 100, 200, 500
Learning rate 0.01,0.05,0.1
Units (neurons) 128, 256, 512, 1024
Activation "logistic', 'tanh', 'relu’
LSTM
Optimizer 'adam','sgd'
Batch Size 32, 64, 128, 256, 512

For validation and assessment, we utilized a Leave-One-Out Cross-Validation (LOOCYV)
technique, setting aside LST observations from 20% of the eddy covariance sites solely for testing.
The remaining sites underwent a four-fold cross-validation procedure using a 75:25 training-
validation ratio (Maxwell et al., 2018) to ensure reliable and robust performance across various
subsets of data. To further enhance model robustness, we repeated this process ten times, each
time using different random seeds to introduce variation in the training-validation splits. In each
repetition, the 20% of eddy covariance sites reserved for testing were randomly reselected, and the
training-validation splits in the four-fold cross-validation procedure were also adjusted
accordingly. This approach ensured that different data subsets were used in each iteration, reducing
potential biases and increasing the reliability of our results. The final outcomes were then averaged

to provide a more stable evaluation using the Scikit-learn Python library (Pedregosa et al., 2011).

In addition to the LOOCV evaluation process, we tested our selected model against LST
observations from the SURFRAD network, which provides five-minute observations. Unlike
AmeriFlux data, which is available at a half-hourly resolution, SURFRAD data was solely used
for validation to align with the temporal resolution of the GOES-R ABI CMI observations. For

evaluating model performance, we relied on standard metrics like coefficient of determination
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(R?), Root Mean Squared Error (RMSE), and bias to measure predictive accuracy and compare

different models.

After assessing performance, we turned to feature importance analysis to identify key variables
influencing LST modeling. We used SHapley Additive exPlanations (SHAP) (Lundberg and Lee,
2017), a tool rooted in game theory, to help us understand the impact of each feature on our
predictions. SHAP analysis is crucial for uncovering the intricate details of ML predictions,
revealing not just which features are important, but also how they interact and contribute to the
overall model behavior (Lundberg et al., 2020; Lundberg and Lee, 2017; Temenos et al., 2023).
SHAP offers a unified approach to explain and interpret machine learning outputs, bringing
transparency to what can sometimes be seen as a 'black box' in predictive modeling (Descals et al.,

2023; Temenos et al., 2023).

Additionally, we assessed the impact of time, land cover, and elevation-related features on model
performance by selectively incorporating and removing them during estimation. Specifically, we
tested the inclusion of solar zenith angle (SZA), solar azimuth angle (SAA), day of year (DOY),
International Geosphere-Biosphere Programme (IGBP) land cover classification, and elevation.
Based on these assessments, we selected the most influential features for modeling LST in all-sky

conditions.

3.3 Results

3.3.1 ML models performance

Table 3.4 summarizes the accuracy of LST estimated from the GBR and LSTM models
(ALIVELst), compared against calculated LST from Ameriflux and NEON towers for all-sky,

clear, and cloudy conditions. These results, averaged over ten runs of LOOCV, focus on sites


https://www.zotero.org/google-docs/?8I8ZoM
https://www.zotero.org/google-docs/?8I8ZoM
https://www.zotero.org/google-docs/?26bmGT
https://www.zotero.org/google-docs/?UvdeVl
https://www.zotero.org/google-docs/?UvdeVl

57

entirely excluded from the training process. Figure 3.3 presents the density plots comparing
ALIVELst from both LSTM and GBR models against calculated LST from tower measurements
for both clear and cloudy sky conditions in daytime and nighttime. Table 3.5 displays model
performance under all-sky conditions across various temporal resolutions, from 30 minutes to one
week, with longer time periods obtained by averaging the time series. The results highlight that
the LSTM model outperforms the GBR model under cloudy conditions, particularly in terms of

RMSE, with differences exceeding 0.5 K.

Table 0.4. Model accuracies at daytime/nighttime under different sky conditions (all-sky, cloudy,
and clear) for both GBR and LSTM models.

Condition R? RMSE (K) Bias (K)

LSTM GBR LSTM GBR LSTM GBR
All-sky (day & night) 0.91 0.9 3.66 3.78 -0.26 -0.24
All-sky (day) 0.9 0.89 3.75 4.02 -0.35 -0.48
All-sky (night) 0.9 0.88 3.56 3.66 -0.17 0.01
Clear (day) 0.96 0.95 2.42 2.76 -0.36 0.05
Clear (night) 0.95 0.94 2.13 2.48 -0.25 0.67
Clear (day & night) 0.96 0.94 2.31 2.60 -0.35 0.39
Cloudy (day) 0.83 0.84 3.99 4.4 -0.35 -0.98
Cloudy (night) 0.83 0.81 4.17 4.73 -0.82 -0.78
Cloudy (day & night) 0.83 0.83 4.10 4.61 -0.52 -0.81
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Figure 3.3. Density plots between the calculated LST from eddy covariance (EC) measurements
and ALIVELst from the (al-a4) GBR model and (b1-b4) LSTM model for clear/cloudy skies and
daytime/nighttime.

At the 30-minute resolution, the LSTM model consistently outperforms the GBR model. Under
all-sky conditions, LSTM achieves an R? of 0.91 and an RMSE of 3.66 K, slightly surpassing
GBR’s performance (R? of 0.90 and RMSE of 3.78 K). During the daytime, LSTM is more
accurate under clear skies, showing a slightly better fit with a higher R? (0.96) and lower error
(2.42 K) compared to GBR (R? of 0.95 and RMSE of 2.76 K). In cloudy conditions, both models
have similar R? values, but LSTM has a lower RMSE (3.99 K compare to 4.4 K). At night, the
advantage of LSTM becomes even more apparent, especially under clear skies. Even in cloudy
nighttime conditions, LSTM outperforms GBR with higher R? and a lower RMSE. Overall, the
LSTM model demonstrates stronger performance across all weather conditions, both day and

night.

The LSTM model demonstrates slightly better performance across different temporal resolutions
(Table 3.5). As the temporal resolution becomes coarser, both models continue to show higher

accuracy. For example, at the one-week resolution, LSTM achieves an R? of 0.97, compared to
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GBR's R? of 0.94. Both models’ performances at the one-day resolution have R? values of more
than 0.92 and RMSEs of less than 3 K. Moreover, both models exhibit low bias values (less than
1 K), indicating reliable predictions overall. However, in terms of prediction speed, the GBR
model is 5.3 times faster than the LSTM model when tested on Google Colab Pro, using a system

with 32 GB of RAM and an A100 GPU.

Table 3.5. Model performance under all-sky conditions, both day and night, at different temporal
resolutions.

R? RMSE (K) Bias (K)
Interval

LSTM GBR LSTM GBR LSTM GBR
30 minutes 0.91 0.90 3.66 3.78 -0.26 -0.24
1 hour 0.92 0.91 3.53 3.89 -0.27 -0.24
1 day 0.95 0.92 2.37 2.99 -0.24 -0.22
1 week 0.97 0.94 2.27 2.51 -0.24 -0.18

3.3.2 Feature importance

Table 3.6 summarizes the impacts of additional features on model performance, including
features related to time/solar geometry (SZA, SAA, and DOY), land cover (IGBP classification),
and elevation. Incorporating time-related features (SZA, SAA, and DOY) into the model resulted
in an improvement in performance compared to using only ABI CMI observations. Specifically,
the R? for the training data increased from 0.92 to 0.95 and RMSE dropped from 3.14 K to 2.82 K,
while the R? for the test sites improved from 0.91 to 0.92 and the RMSE was unchanged. When
IGBP classification (or elevation) was added to the CMI features, the model showed an increase
in R? for the training data, reaching 0.96 (0.95). However, the test site performance exhibited a
slight decline, with R? dropping to 0.90, with an increase in RMSE from 2.44 K to 3.59 K. This
suggests that while the model fit the training data more closely, its ability to generalize to new data

was somewhat compromised, potentially due to overfitting. In another scenario, when all
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additional features (elevation, IGBP, and timing) were added to the CMI features, the model
achieved the highest R? for the training data at 0.96 and the lowest RMSE at 2.43 K. However, the
test site performance saw no gains, with R? 0of 0.92 and RMSE of 3.26 K. In our final scenario, we
selected the best CMI features based on feature importance analysis, removing the visible and
shortwave infrared channels, as well as channels CO8 and C09, due to their weak performance in
both LSTM and GBR models (see Table 3.2 for band details). Additionally, IGBP and elevation
were excluded, as they did not improve the model fit for test sites. As a result, our final feature set
included the selected CMI thermal infrared channels (C07, C10, C11, C12, C13, C14, C15, and
C16), along with SZA, SAA, and DOY. Results from the final scenario show comparable accuracy

to the full feature set, with an R? 0of 0.92 and an RMSE of 3.23 K for the test set ( Table 3.6).

Table 0.6. Performance metrics (R? and RMSE) of the LSTM model across different feature
combinations for training and test sites.

Feature sets R RMSE 19
Training Test Training | Test
CMIs 0.92 0.91 3.14 3.23
CMIs + SZA + SAA + DOY 0.95 0.92 2.82 3.22
CMIs + IGBP 0.96 0.90 2.44 3.59
CMIs + Elevation 0.95 0.90 2.62 3.63
CMIs + Elevation + IGBP + SZA + SAA + DOY 0.96 0.92 243 3.26
Selected CMlIs (C07, C10, C11, C12, C13, C14, C15, C16) 0.93 0.90 2.96 3.37
S;lchcéfi\/lislj(g(?, Cl10, Cl11, C12, C13, C14, C15, Cl6) + 0.94 0.92 588 393

Figure 3.4 provides a detailed look at SHAP feature importance analysis, illustrating how
different features from the chosen feature set contribute to LST prediction using the LSTM and
GBR models under both clear and cloudy sky conditions. For clear sky conditions, both models
show similar feature importance. In the GBR model, the top three features are C07 (3.9 um), C13

(10.3 um), and C12 (9.6 um, see Table 3.2 for more details), with DOY and other thermal infrared
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bands (C10, C15) rounding out the top six. In the LSTM model, the best-performing features are
the same three in a different order, followed by C11, DOY, and C14. The overlap in the top three
features between the two models highlights the critical role of these thermal infrared bands for
clear sky LST predictions. However, LSTM shows a slightly higher reliance on C11 (8.4 pm), the

‘cloud top phase’ band (Table 3.2) compared to GBR.

Under cloudy sky conditions, feature importance shifts. The GBR model still places high
importance on C07, but DOY and C12 emerge as critical predictors. In contrast, the LSTM model
prioritizes a different top three: C11, C13, and C10. Interestingly, the SAA consistently appears
near the bottom of the feature rankings for both models and sky conditions despite known

morning/afternoon differences in LST.

(a) clear sky - GBR model (b) clear sky - LSTM model (c) cloudy sky - GBR model (d) cloudy sky - LSTM model
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Figure 3.4. SHAP features importance analysis for the LSTM and GBR models under clear and
cloudy skies.

3.3.3 ALIVELsr at five-minute frequency against SURFRAD network measurements

To assess model performance at a five-minute frequency, we used SURFRAD ground
measurements, which provide one-minute observations. Following our approach in Section 2.3,

we selected one week of data per season—centered around January 15, April 15, July 15, and

High

Low

Feature value
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October 15, 2022—to capture diverse LST conditions. Importantly, SURFRAD data were reserved

solely for testing, ensuring an independent evaluation in line with our LOOCV strategy (Figure

3.1).

Figure 3.5 presents density scatter plots comparing estimated ALIVELst from the LSTM and

GBR models with calculated LST from EC measurements, both for individual months and all

weeks combined. The combined data density plots show that both models performed well, with R?

values of 0.90 and RMSEs of 4.61 K and 4.42 K for the LSTM and GBR models, respectively.

Model performance at a five-minute frequency ranged from R? of 0.67 to 0.90 across different

months. Both models demonstrated weaker performance during the winter and summer months,

with R? values of 0.67 and 0.70 in January and 0.76 and 0.78 in July for the LSTM and GBR

models, respectively. The results show that the GBR model outperformed the LSTM model at a

five-minute frequency in January and July, while both models performed similarly in April and

October.
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Figure 3.5. Density scatter plots between estimated ALIVELst from LSTM and GBR models and
calculated LST from EC measurements at five-minute frequency at seven SURFRAD sites for four
weeks of data centered around January 15, April 15, July 15, and October 15, 2022.

Time series plots in Figure 3.6 show how the ALIVELst estimates from both models compare
with calculated LST from EC measurements for both daytime and nighttime at specific SURFRAD
sites. ALIVELsT estimates from both models closely matched ground-based LST measurements
on clear days with minimal fluctuations. The best match was observed at the TBL site in Colorado,
while the poorest match occurred at the FPK site in Montana. However, the models’ accuracy
declined on days with significant LST fluctuations, often due to cloud cover. Notably, a large bias
was observed during the week of April at the FPK site, with a similar bias present at the DRA site
in Nevada during July. Large biases are observed for FPK in April, likely due to continuous multi-
day cloud cover (see e.g. subplot FPK(Apr) in Figure 3.6). Additionally, the GBR model showed
significant biases on January 15 and October 18 at the SXF site in South Dakota, whereas the
LSTM model performed well, providing accurate estimates. A similar bias from the GBR model
was also observed on January 15 at the PSU site in Pennsylvania. However, LSTM exhibited larger

overall fluctuations, as indicated by the red dotted line corresponding to the LSTM estimates.
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Figure 3.6. Time series of ALIVELst from LSTM and GBR model vs. LST
calculated from EC measurements in five-minutes frequency at seven SURFRAD

sites in four weeks of data centered around January 15, April 15, July 15, and
October 15, 2022.
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3.3.4 ALIVELsr performance by month

Figure 3.7 presents the monthly performance of ALIVELst from the LSTM model under clear
and cloudy sky conditions. The model performs well under clear skies but shows reduced accuracy
in cloudy conditions, with the largest errors in February and March (RMSE ~4 K) and stable

performance in spring and autumn. Figure 3.7d illustrates a higher percentage of cloud cover

during the winter months.
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Figure 3.7. Monthly performance of the ALIVELst from the LSTM model under clear and cloudy
sky conditions. Panels (a), (b), and (c) present the R?, bias, and RMSE, respectively, while panel
(d) illustrates the average monthly cloud cover percentage across the 101 AmeriFlux sites.

The analysis of monthly model performance under clear sky versus cloudy sky conditions reveals
significant differences. For clear sky conditions, the model consistently achieves high R? values,
ranging from 0.92 to 0.95, indicating a strong correlation between predicted and observed values
across all months. In contrast, the cloudy sky scenarios present a lower R? range of 0.78 to 0.85,
reflecting a diminished predictive capacity. The RMSE values reinforce this disparity, with clear
sky RMSE values fluctuating between 2.29 K and 2.65 K, compared to higher RMSE values of

3.08 K to 4.75K for cloudy skies, suggesting greater prediction errors in the presence of cloud

COVCr.
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Examining seasonal variations, the model performs best in the summer months (particularly May
to August) for clear skies, maintaining R? values around 0.95 and RMSE values ranging from 2.29
to 2.55 K. In contrast, the cloudy sky performance shows a notable decline in accuracy during the
winter months (January to March), with R? values peaking at only 0.80 to 0.81 and RMSE values
significantly higher, ranging from 4.04 to 4.75 K. As the seasons transition to spring and summer,
cloudy sky performance improves slightly, with the best values recorded in May (R? of 0.85,

RMSE of 3.82 K). However, it does not reach the reliability of clear sky conditions.

3.3.5 Intercomparison: ALIVELst from LSTM and GBR vs. ABlLst

We compared ALIVELst from LSTM and GBR against the physically-based ABILst product
(Figure 3.8). This analysis was limited to clear sky conditions as the physically-based ABILst
product is only available for land surfaces under clear skies, with up to a local zenith angle of 85
degrees for both daytime and nighttime (Figure 3.8). January 21, 2023, and July 20, 2023, were
specifically selected for this comparison to capture the full range of LST values, representing a
winter day and a summer day in the northern hemisphere, respectively, while also minimizing

cloud cover.

On January 21, 2023, during night (09:02 UTC), ALIVELst from the GBR model showed strong
agreement with the ABILst product, with an R? of 0.88, an RMSE of 3.65 K, and a cold bias of -
2.14 K. The LSTM model performed better than the GBR model during the same period, achieving
a higher R? of 0.94, a lower RMSE of 3.0 K, and a reduced bias of -1.39 K. During the daytime
(18:02 UTC) on the same day, the agreement between ALIVELst from the GBR model and ABILst

improved. The GBR model achieved an R? of 0.96 with a lower RMSE of 2.79 K and a negligible
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bias of 0.04 K. The LSTM model also maintained a high R? of 0.95, although with a slightly higher

RMSE of 3.06 K and a warm bias of 0.7 K.

For July 20, 2023, the comparison results shifted significantly, reflecting the impact of warmer
summer conditions. At nighttime (09:02 UTC), the GBR model's performance remained consistent
with an R? 0f 0.86, an RMSE 0f2.04 K, and a bias of 0.3 K. The LSTM model performed similarly,
albeit with a slightly lower R? of 0.83 and a slightly higher RMSE of 2.34 K, alongside a warm
bias of 1.13 K. Daytime results (18:02 UTC) on the same day indicated a notable drop in
performance, particularly for the LSTM model. The GBR model retained a moderate R? of 0.82
with an RMSE of 3.61 K and a bias of only -0.21 K. In contrast, the LSTM model showed a more
pronounced decline, with an R? of 0.68, an RMSE of 4.62 K, and a warm bias of 0.85 K. These
results suggest that while both models struggled more in capturing daytime LST during the

summer, the GBR model remained more consistent than the LSTM model.

When comparing the two models directly, the scatter plots between ALIVELsT from GBR and
LSTM showed strong agreement, particularly on the January 21, 2023 test date, with R? values of
0.96 (nighttime) and 0.98 (daytime), and RMSEs of 2.5 K and 1.72 K, respectively. During July
20, 2023, the models exhibited slightly reduced agreement, with R? values of 0.93 (nighttime) and

0.89 (daytime), and RMSEs of 1.47 K and 2.71 K, respectively.
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Figure 3.8. Density scatter plots comparing ABILst and ALIVELsT estimates from GBR and
LSTM models, as well as between LSTM and GBR estimates. The plots are shown for nighttime
(09:02 UTC) and daytime (18:02 UTC) on January 21 and July 20, 2023. A random subset of
100,000 samples was selected from the total 3,750,000 samples for visualization, as repeated
observations confirmed that this subset effectively represents the entire dataset.

Figures 8 and 9 present a comparison of LST maps from the ABILst product and the estimated
ALIVELst generated by the GBR and LSTM models. Figure 3.9 shows LST maps for both
nighttime (09:02 UTC) and daytime (18:02 UTC) on January 21 and July 20, 2023, highlighting
how effectively the GBR and LSTM models capture spatial LST patterns relative to the ABILst
product. While the ABILst is limited to clear sky conditions, resulting in significant data gaps due
to cloud cover, the ALIVELsT estimates from both models provide continuous coverage under all-
sky conditions. Figure 3.9 provides difference maps that illustrate the deviations between the
ABILst and ALIVELst estimates from the GBR and LSTM models, as well as the differences

between the two models themselves. These maps reveal how closely the models align with the
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ABILst product and each other, while also exposing biases, particularly under cloudy conditions,

such as on and around the US-Mexico border on July 20, 2023 during daytime (18:02 UTC).
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Figure 3.9. Comparison of the ABILst product with estimated ALIVELst maps from GBR and
LSTM models, shown for nighttime (09:02 UTC) and daytime (18:02 UTC) on January 21 and
July 20, 2023.
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Figure 3.10. Difference maps showing the deviations between ABILst and ALIVELsT estimates
derived from the GBR and LSTM models, as well as the differences between the LSTM and GBR
estimates. The maps provide a comparative analysis for both nighttime (09:02 UTC) and daytime
(18:02 UTC) conditions on January 21 and July 20, 2023, highlighting seasonal and diurnal
variations in model performance.
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3.4 Discussion

3.4.1 ML performance

The results emphasize the LSTM model's strong performance, particularly under challenging
conditions like nighttime and cloudy skies, where temporal dependencies play a crucial role
(Dhake et al., 2023; Lara-Alvarez et al., 2024). The LSTM frequently outperforms the GBR model
as evidenced by the slightly higher R? (0.01-0.02) and lower RMSE values reported across both
daytime and nighttime conditions, for both clear and cloudy skies (Table 3.4). The LSTM model's
architecture, designed to handle sequential data, allows it to capture nuanced temporal patterns
that are critical for accurate LST estimation under variable environmental conditions, supporting
the model's slightly better performance (Lara-Alvarez et al., 2024; Miller et al., 2024; Moskolai et
al., 2021; Yuan et al., 2020). While the GBR model performs slightly poorer than the LSTM model
on average, it still delivers promising estimates and can outperform LSTM during certain periods.
The higher RMSE for the GBR model under both cloudy daytime and nighttime conditions
reinforces the observation that boosting weak learners, while effective in many cases, may not
capture the same level of temporal complexity as LSTM, leading to less accurate predictions under
more variable sky conditions (Bentéjac et al., 2021). LSTM's improved performance under cloudy
conditions (Table 3.4) is consistent with its ability to account for temporal dependencies, which is

crucial in situations with fluctuating cloud cover.

Both models show improved accuracy at longer temporal resolutions, but a key tradeoff exists
between the LSTM model's superior accuracy and the GBR model's faster computation speed.
While the LSTM model continues to outperform GBR at daily and weekly resolutions (Table 3.5),
the GBR model remains reliable (Liu et al., 2022). With the GBR model being 5.3 times faster

than LSTM in terms of prediction speed, it is an attractive option for real-time applications where
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speed is critical and minor trade-offs in accuracy are acceptable (Ranjbar et al., 2024c¢). While this
speed difference likely reflects both algorithmic efficiency and available computational resources,
it is uncertain how much additional GPUs or memory would impact the relative performance. For
example, adding more GPUs or memory might reduce the gap, but the fundamental differences
between the models would still play a role. The 5x speed advantage is particularly significant for
real-time applications, where faster predictions enable more responsive systems and lower latency
in decision-making processes. The choice between the LSTM's higher accuracy and the GBR's
faster performance should be carefully weighed based on the specific requirements of the

application.

3.4.2 Feature importance

The results offer a nuanced view of how additional features, particularly timing (SZA, SAA, and
DOY) and physical features (IGBP classification and elevation), affect model performance.
Incorporating timing features enhances the LSTM model's ability to capture temporal variations
(Table 3.6), for both the training and test datasets. This improvement reinforces the importance of
solar geometry and seasonal context in accurately predicting LST, as these factors drive surface
temperature changes over time. However, the results also highlight a trade-off when adding static
and physical features like land cover and elevation. While these features improve the fit to the
training data, they appear to contribute to overfitting, reducing generalization to unseen test sites,
suggesting that a simpler model might generalize better in this case (Dhake et al., 2023; Lara-

Alvarez et al., 2024; Miller et al., 2024).

The SHAP analysis provides deeper insights into feature prioritization across varying

atmospheric conditions. For both the LSTM and GBR models, the dominance of thermal infrared
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bands like C12 and C13 (see Table 3.2 for band details) under clear skies underscores their pivotal
role in capturing surface thermal properties. C12, sensitive to mid-level water vapor, and C13, key
for detecting temperature variations, consistently emerge as crucial features for accurate LST
predictions (Goodman et al., 2019). Interestingly, neither model prioritized bands C14 (11.2 pm)
and C15 (12.3 pm), which are the key bands for the ABILst product that uses the physically-based
split-window algorithm (Yu and Yu, 2020a). This discrepancy suggests that the machine learning
models leverage different feature interactions compared to the physically-based split-window
method. The LSTM model’s higher reliance on C11, compared to the GBR model, may reflect its
ability to integrate more complex relationships between the infrared bands, further refining its

predictions.

Under cloudy conditions, the LSTM model’s increased reliance on C11 and C10, compared to
the GBR model's continued emphasis on C07 and DOY, highlights its different ability to handle
cloud interference. The shift in feature importance between clear and cloudy skies illustrates how
the LSTM model dynamically adjusts to different atmospheric contexts, emphasizing features
more relevant to capturing the effects of moisture and cloud cover on surface temperature. C07,
which is sensitive to low-level clouds, plays a key role in the GBR model under both cloudy and
nighttime conditions, where accurate cloud detection becomes critical. The 3.9 um band (C07)
appears important in our SHAP analysis, likely due to its sensitivity to rapid surface temperature
changes and emissivity variations, especially in low-humidity conditions or during dawn and dusk
(Goodman et al., 2019). Moreover, it is useful for identifying fog and low clouds, detecting
volcanic ash, and estimating atmospheric conditions such as low-level vector winds (Goodman et
al., 2019; Heidinger et al., 2020). While typically used for fire detection, cloud characterization,

and sea surface temperature estimation (Goodman et al., 2019), its correlation with key thermal
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bands (C12, C13) may enhance LST predictions. Given its mixed emitted and reflected signals,
further investigation is needed to confirm its role in ML-based LST retrieval. Additionally, the
GBR model effectively leverages timing features such as DOY and SZA, using them to account
for seasonal and diurnal variations in solar radiation, further enhancing its predictions under

challenging conditions (Figure 3.4).

The exclusion of less impactful features like certain visible/shortwave infrared channels in the
final feature selection improves the model's balance between accuracy, generalization, and
prediction speed. Removing lower impact channels helps avoid overfitting without compromising
prediction quality. The final simplified feature set, with thermal CMI channels and timing
elements, achieves comparable accuracy to the full feature set, demonstrating that optimal feature
selection can streamline model complexity while maintaining high performance across varying
sky conditions. While timing features like SZA and DOY provide essential context for solar-driven
temperature changes, thermal bands remain the primary drivers of accuracy, especially under
variable sky conditions. The nuanced differences in feature importance between the LSTM and
GBR models further reflect their distinct approaches to handling complex environmental factors

in LST prediction.

3.4.3 ALIVELst performance: temporal and seasonal comparisons

The performance of the ALIVELst model was evaluated using both datasets, five-minute
SURFRAD network data and half-hourly AmeriFlux and NEON data, highlighting both the
strengths and limitations of the LSTM and GBR models across different temporal and seasonal
conditions. When evaluated against the five-minute SURFRAD data, both the LSTM and GBR

models showed overall strong performance. However, challenges arose during extreme conditions,
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particularly in January and July, where both models struggled to capture the large LST
fluctuations. The GBR model performed better during these months, suggesting a greater ability
to handle rapid temperature changes. However, biases at specific sites, such as SXF and PSU
(Figure 3.6), point to sensitivity to local conditions like sudden temperature change, snow and/or
cloud cover, which introduce variability in surface radiation, including emissivity (Chen et al.,
2012; Jia et al., 2021). In contrast, the LSTM model exhibited greater stability with fewer biases
under variable conditions, particularly in January and October, demonstrating robustness in
handling LST fluctuations over time. Despite this, the LSTM model showed larger fluctuations in
its estimates during periods of high LST variability, such as at FPK and DRA sites, likely due to
its recurrent nature, which can amplify errors when faced with noisy data or rapid changes
(Moskolai et al., 2021; Yuan et al., 2020). The LSTM model's ability to retain information from
previous timesteps offers dynamic memory advantages, though it can also lead to instability in
rapidly changing environments, while the GBR model's efficiency is tempered by biases under

extreme conditions.

When compared against the half-hourly AmeriFlux and NEON data, the seasonal variation
reveals that the model struggles particularly during winter, with heightened errors in February and
March, where RMSE values approached 4 K. These errors likely result from the combination of
low solar radiation and the presence of snow cover, both of which introduce significant challenges
(Robledano et al., 2022; Thiebault and Young, 2020; Williamson et al., 2017). The presence of
snow, especially at off-nadir angles, introduces errors due to its lower (and variable) emissivity
values compared to vegetative materials (Hori et al., 2006), complicating LST retrieval. Northern
Hemisphere winter’s inherent atmospheric variability, particularly under cloudy skies, further

compounds these challenges, leading to a performance drop, as seen in the increased error margins
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during the colder months. Additionally, the variability in snow emissivity likely contributes to this
effect, as emissivity for fresh snow is ~0.98-0.99, but older snow at large view zenith angles
exhibits lower emissivity, introducing further uncertainties in LST retrieval (Warren, 2019).
Interestingly, the ALIVELstT model maintains relatively stable performance during spring and
autumn, but a slight decline in accuracy is observed during the summer months, especially in July
and August. This decline contrasts with the expected consistent performance and may be attributed
to complex atmospheric conditions such as increased near-surface humidity and variable cloud
cover, including fair-weather cumulus clouds, which can affect LST retrieval (Jia et al., 2020;

Wang et al., 2024).

The reduced accuracy observed under cloudy skies across all seasons, particularly during winter
and autumn, reinforces the challenge of retrieving LST when cloud cover interferes with surface
thermal signals (Cho et al., 2022; Zhang et al., 2024; Zhang et al., 2023). As illustrated by the R?
decline under cloudy conditions, ranging from 0.78 to 0.85, the model’s decreased performance
suggests the need for improved techniques to handle cloud-related atmospheric complexities
(Shwetha and Kumar, 2016; Tang et al., 2023). Addressing these challenges, particularly during
winter and transitional seasons, could lead to significant improvements in the model's overall
robustness and accuracy under varying sky conditions. Continuous cloud cover reduces estimation
accuracy and introduces large biases (see e.g. subplot FPK(Apr) in Figure 3.6). This suggests that
future work could include a sensitivity analysis to evaluate model performance under varying
cloud cover durations, ranging from hourly to multi-day occlusions. Additionally, examining
RMSE variations at different times of the day, particularly during morning hours, could help refine

LST retrieval techniques and address spatiotemporal mismatches.
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3.4.4 Comparing ALIVELsr against ABILst and recent studies

The comparison between ALIVELst derived from the LSTM and GBR models against ABILst
highlights both the strengths and limitations of ML-based approaches relative to a physically-based
LST product. The ABI instrument provides a reliable source for generating LST products through
a split-window technique using thermal infrared bands (Goodman et al., 2019; Yu and Yu, 2020a)
and its stated precision, 2.5 K, is similar to our models under clear conditions Figure 3.7c¢), though
as noted, unlike our approach, is not designed to work under clouds. ABILst offers high temporal

and spatial resolution, making it an essential benchmark for evaluating the performance of the

LSTM and GBR models.

The strong agreement between ALIVELst and ABIlist during January, particularly under
nighttime and clear sky conditions, suggests that the data-driven models generally align well with
the physically-based model in cold environments. However, the presence of melting snow
introduces complexities, as the snow's surface temperature can hover around 273.15 K, while the
rest of the snowpack may be colder. This variation, along with challenges in accurately
determining the snow's emissivity (Hori et al., 2006), may impact the precision of LST estimates
in a physically-based algorithm. These factors likely make it harder for the models to perform
consistently across the full range of observed values (Jia et al., 2022; Jia et al., 2020). The GBR
model's strong daytime performance (Figure 3.8), with negligible bias and lower RMSE,

emphasizes its robustness under clear, consistent conditions.

In contrast, the agreement between ALIVELst and ABILst for both ML models declined during
July, with the LSTM model showing a more pronounced drop (Figure 3.8), especially during the

daytime. This decline underscores the challenges of predicting LST under the more variable
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conditions of summer, where higher solar radiation, diurnal temperature variations, and complex
surface dynamics come into play. These factors introduce a greater influence on the various input
variables used in both data-driven and physically based models for LST prediction. The better
consistency of the GBR model during this period can likely be attributed to its ensemble learning
framework, which tends to be more resilient to non-linearities and variability (Bahrami et al.,
2021a; Bentéjac et al., 2021). The notable warm bias in the LSTM model during summer suggests
that it struggles more with extreme daytime conditions, possibly due to over-reliance on learned
temporal patterns that may not fully capture the increased heterogeneity of summer landscapes
(Dhake et al., 2023). Min et al., (2021) identified a warm and dry bias in the summer and an
extreme nocturnal cold bias in the winter in the High-Resolution Rapid Refresh (HRRR) model
using data from the New York State Mesonet over the course of a year. The summer warm bias is
attributed to inaccuracies in land-surface and cloud processes, while the winter cold bias is linked
to misrepresentations in energy partitioning and soil hydrology (Min et al., 2021). This raises the
question of whether universal model training is misrepresenting key periods, leading to a

regression toward the mean.

The difference maps further highlight key spatial biases between the models and ABIwisr,
particularly under cloudy conditions, where both models provide continuous coverage while the
clear sky ABILst product has significant data gaps. The biases along the southeast U.S. coast
during January and around the US-Mexico border in July point to the ongoing challenges of cloud
interference (Figure 3.10), which both models struggled with. This reinforces the need for better
integration of cloud dynamics in machine learning models to improve their performance in cloudy
conditions. The ABILst product's physically-based approach provides a critical benchmark, while

the data-driven LSTM and GBR models offer the advantage of continuous coverage, underscoring
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the potential for integrated approaches in future LST research and applications (Cho et al., 2022;

Zhang et al., 2024).

Recent advances in all-sky LST estimation have focused on data fusion Sun et al., (2019),
machine learning-based retrieval (Cho et al., 2022; B. Li et al., 2021; Zhang et al., 2024, 2023),
and spatiotemporal modeling (Jia et al., 2024), to improve accuracy and gap-filling under cloud
cover. However, many approaches rely on complex multi-source inputs or operate at lower
temporal resolutions, limiting their real-time applicability. The ALIVE framework addresses these
gaps by leveraging near-real-time ABI observations and a lightweight GBR model, streamlining

all-sky LST retrieval for high-frequency monitoring while maintaining competitive accuracy.

3.5 Conclusion

This study successfully demonstrates the capability of two well-known machine learning
algorithms, Long Short-Term Memory (LSTM) networks and Gradient Boosting Regression
(GBR) models, to estimate LST under all-sky conditions for day and night time using top-of-
atmosphere ABI satellite data and timing features. The LSTM model excelled in capturing
complex temporal patterns, achieving high accuracy, particularly in clear skies with an R? of 0.96
and an RMSE of 2.31 K, and under cloudy conditions with an R? of 0.83 and an RMSE of 4.10 K.
Despite its slightly lower accuracy, the GBR model proved to be a more practical choice for real-
time applications, performing 5.3 times faster than LSTM with only a minimal reduction (0.01-
0.02) in R? and lower bias during key periods. The feature importance analysis revealed that the
infrared bands at 3.9 um (C07) and 10.3 pum (C13) are more influential than the commonly used
bands at 11.2 um (C14) and 12.3 um (C15) in physically-based LST estimations, highlighting the
model's ability to adaptively extract valuable information from various spectral bands. It shows

that ML takes a distinct approach by incorporating different feature interactions than the
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physically-based method. These findings emphasize the strengths and limitations of data-driven
approaches in LST estimation, providing valuable insights for improving near-real-time LST
mapping. Future research should focus on refining these models and exploring different machine
learning architecture to enhance the prediction speed, accuracy and spatial coverage of LST
products across the entire world, especially in challenging conditions such as cloudy skies and

regions with high thermal variability.
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Chapter 4. Using Geostationary Satellite Observations and Machine Learning Models to
Estimate Ecosystem Carbon Uptake and Respiration at Half Hourly Time Steps at Eddy
Covariance Sites

This chapter is published in the Wiley-Journal of Advances in Modeling Earth Systems (JAMES):
Ranjbar, S., Losos, D., Hoffman, S., Cuntz, M., & Stoy, P. C. (2024). Using geostationary satellite
observations and machine learning models to estimate ecosystem carbon uptake and respiration
at half hourly time steps at eddy covariance sites. Journal of Advances in Modeling Earth Systems,
16(10), e2024MS004341. https://doi.org/10.1029/2024MS00434 1

Abstract

Polar-orbiting satellites have significantly improved our understanding of the terrestrial carbon
cycle, yet they are not designed to observe sub-daily dynamics that can provide unique insight into
carbon cycle processes. Geostationary satellites offer remote sensing capabilities at temporal
resolutions of 5-minutes, or even less. This study explores the use of geostationary satellite data
acquired by the Geostationary Operational Environmental Satellite - R Series (GOES-R) to
estimate terrestrial gross primary productivity (GPP) and ecosystem respiration (RECO) using
machine learning. We collected and processed data from 126 AmeriFlux eddy covariance towers
in the Contiguous United States synchronized with imagery from the GOES-R Advanced Baseline
Imager (ABI) from 2017 to 2022 to develop ML models and assess their performance. Tree-based
ensemble regressions showed promising performance for predicting GPP (R? of 0.70 £ 0.11 and
RMSE of 4.04 +£1.65 umol m? s') and RECO (R? of 0.77 + 0.10 and RMSE of 0.90 + 0.49 pmol
m? s') on a half-hourly time step using GOES-R surface products and top-of-atmosphere
observations. Our findings align with global efforts to utilize geostationary satellites to improve
carbon flux estimation and provide insight into how to estimate terrestrial carbon dioxide fluxes

in near-real time.
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4.1. Introduction

Satellite remote sensing has revolutionized our understanding of the terrestrial carbon cycle
(Xiao et al., 2019) and demonstrated the critical role of terrestrial carbon fluxes in determining the
trends and variability of atmospheric carbon dioxide concentration (Friedlingstein et al., 2022; Zhu
et al., 2016). Many of these insights come from polar-orbiting satellites like MODIS (see Table
4.1), whose observations have been used to estimate key carbon cycle processes like gross primary
productivity (GPP) and ecosystem respiration (RECO), typically on time scales of weeks to years
(Running et al., 2004; Running and Zhao, 2015; Turner et al., 2006). These algorithms are being
continually improved using GPP and RECO estimates from eddy covariance measurements
(Heinsch et al., 2006; Huang et al., 2021; Wang et al., 2017), all of which have led to a greater
appreciation of the role ecosystems play in the global carbon cycle and the critical climate services

they provide (Novick et al., 2022).

Despite the key contributions of polar-orbiting satellites in carbon cycle research, a number of
challenges remain, especially with respect to changes to carbon cycle processes that happen
quickly. Rapid phenological transitions remain difficult to observe and model (Richardson et al.,
2013). Extreme events play a disproportionate role in carbon cycling at ecosystem to global scales
(Reichstein et al., 2013; Zscheischler et al., 2014), but their full impacts can be difficult to ascertain
with intermittent measurements, especially when cloudiness reduces data availability (Jeong et al.,
2023a). Observing diurnal patterns in variables linked to plant stress help fully understand the
impacts of drought and other disturbances (Li et al., 2023; Xiao et al., 2021). Model-data
integration efforts are increasingly recognizing the importance of sub-daily processes. Recent
developments in data-driven terrestrial land-atmosphere flux modeling through the FLUXCOM-

X framework and X-BASE products (Nelson et al., 2024) offer high-resolution estimates of
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terrestrial carbon dioxide and water vapor fluxes, with up to 0.05° spatial and hourly temporal

resolution.

To enable near real-time carbon cycle prediction, geostationary (“weather”) satellites are
increasingly being used to estimate land surface and carbon cycle processes on time scales as short
as minutes (Desai et al., 2021; Jeong et al., 2023; Khan et al., 2022; Li et al., 2023; R. Nemani et
al., 2020; Ranjbar et al., 2024; Wang et al., 2020; Xiao et al., 2021). “Hypertemporal” remote
sensing (Miura et al., 2019) may better capture the impacts of rapid changes on land surface
properties including those related to carbon cycling (Khan et al., 2021), and serve as a powerful

new tool for understanding our changing carbon cycle (Xiao et al., 2021).

Measuring variables related to carbon cycle processes from geostationary satellites has become
increasingly feasible, thanks to the enhanced spectral capabilities of new imagers in capturing data
in near-infrared spectrum (Schmit et al., 2017a; Schmit and Gunshor, 2020). The latest generation
of sensors mounted on geostationary satellites, like the Advanced Baseline Imager (ABI) mounted
on the Geostationary Operational Environmental Satellite - R Series (GOES-R) and Advanced
Himawari Imager (AHI) mounted on Himawari 8/9, can capture data in the visible, near-infrared
and infrared (Schmit and Gunshor, 2020). These observations can be used to calculate the
normalized difference vegetation index (NDVI, Wheeler and Dietze, (2021)), which is related to
the leaf area index and therefore to GPP. Geostationary satellite data products can also be used to
derive the near infrared reflectance of vegetation (NIRv), which is more closely related to GPP
than NDVI alone, even in pixels with mixed vegetation types (Badgley et al., 2019, 2017). Such
vegetation indices can be coupled with key products like land surface temperature (LST) and
downwelling shortwave radiation (DSR) that have been developed from geostationary satellite

observations for decades (Diak & Gautier, 1983; Gautier et al., 1980; Wang & Li, 2022). Coupling
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these variables can help develop models for GPP and RECO that are capable of capturing diurnal,
seasonal, and interannual patterns in the terrestrial carbon cycle (Jeong et al., 2023; Khan et al.,

2022).

There is no current synthesis on how to best employ geostationary satellite observations to
estimate GPP and RECO across multiple ecosystems, but notable recent progress has been made
in using geostationary satellites to estimate GPP at single sites or a suite of sites. Xiao et al. (2021)
demonstrated how observations from the Advanced Himawari Imager can be used to infer diurnal
patterns in regional GPP using a light use efficiency model similar to the MODIS GPP algorithm
across large swaths of Australia. Khan et al. (2022) noted that a model based on the NIRv
multiplied by photosynthetically active radiation (NIRvP, Dechant et al., (2022)) outperformed
light use efficiency models when estimating GPP from eddy covariance measurements at a savanna
ecosystem in California using observations from the ABI on the GOES-R series satellites. Jeong
et al. (2023) demonstrated how a GPP model also based on NIRvP derived from GeoKompsat-2A
observations can capture the diurnal and seasonal patterns of GPP estimated from multiple
ecosystems in Korea. These findings highlight the potential for geostationary satellites to estimate
GPP on time scales of minutes using visible and near infrared surface reflectance products coupled
with DSR as an estimate of photosynthetically active radiation. It remains unclear how well
geostationary satellites can estimate RECO, or the degree to which Machine Learning (ML)
techniques can improve predictive skill over established methods given their promise for
integrating eddy covariance and remote sensing observations (Jung et al., 2020; Li et al., 2022; Yu
et al., 2021). It is also unclear if additional measurements from geostationary satellites — like
measurements in the shortwave infrared and infrared related to atmospheric characteristics that are

infrequently used for carbon cycle science — may further improve terrestrial carbon flux estimates.
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It is crucial to develop a comprehensive understanding of how to effectively utilize geostationary

satellite observations to enhance terrestrial ecosystem science (Khan et al., 2021).

Here, we start to answer these questions by asking: (1) How accurately can ML techniques
developed using GOES-R ABI-measured reflectances, brightness temperatures, and data products
model GPP and RECO? (2) How do these models perform when estimating GPP and RECO from
hundreds of eddy covariance tower sites? (3) What is the impact of different input variables on the
performance of these machine learning models? We test the ability of different ML approaches
that use different inputs from both surface data products and top-of-atmosphere (TOA)
reflectances to estimate GPP and RECO using a Leave-One-Out Cross-Validation (LOOCV)
algorithm (Maxwell et al., 2018) and goodness-of-fit metrics. We focus our discussion on the
approaches and datasets that are necessary to further improve geostationary satellite carbon cycle
science with an eye toward developing real-time estimates of terrestrial carbon fluxes and their

associated uncertainties.
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Table 4.1. A list of abbreviations used in this study.

Abbreviation Full Form

ABI Advanced Baseline Imager

BRF Bidirectional Reflectance Factor

CMI Cloud and Moisture Imagery

DSR Downwelling Solar Radiation

EC Eddy Covariance

EDI Environmental Data Initiative

GBR Gradient Boosting Regression

GOES-R Geostationary Operational Environmental Satellite-R Series
GPP Gross Primary Productivity

IGBP International Geosphere Biosphere Programme
LST Land Surface Temperature

LOOCV Leave-One-Out Cross-Validation

MODIS Moderate Resolution Imaging Spectroradiometer
MAE Mean Absolute Error

MLP Multi-Layer Perceptron

ML Machine Learning

NN Neural Network

NDVI Normalized Difference Vegetation Index
NIRv Near Infrared Reflectance of Vegetation
NIRvVP NIRv multiplied by PAR

PAR Photosynthetically Active Radiation

R? Coefficient of Determination (R-squared)
RECO Ecosystem Respiration

RF Random Forest

RMSE Root Mean Square Error

SVR Support Vector Regression

SNR Signal-to-Noise Ratio

TOA Top-of-Atmosphere

4.2. Methodology

4.2.1. Overview
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The study follows a structured approach consisting of four main steps, as illustrated in Figure

4.1. We initially collected data from two sources — Ameriflux eddy covariance towers and the

GOES-R ABI — and then preprocessed the data as described in sections 2.2 Estimating GPP and

RECO from eddy covariance data and 2.3 GOES-R and the ABI. Subsequently, we aligned the
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processed data in time and stored it in a repository with the Environmental Data Initiative (EDI),
resulting in a unified, accessible dataset as described in Losos et al., (2024). We employed ML
algorithms to establish relationships between synchronized GOES-R observations and flux data,
including GPP and RECO, as detailed in section 2.4 Machine learning models. In the final step,
we trained the ML models and evaluated their performance using statistical metrics, specifically
R? and RMSE, as described in section 2.5 Model development and performance assessment. The
performance of the best model was assessed across different vegetation cover and seasons, while
also investigating the model's sensitivity to missing measurements of different lengths ('gaps') in

the eddy covariance data records following Moffat et al. (2007).

[ Ameriflux eddy covariance towers } [ GOES-R ABI J
Flux Variable extraction,
partitioning terrain correction

/

[ GPP and RECO ]——[ BRF, CMI, DSR, NIRvP J

Synchronize satellite-based pixel
observations with AmeriFlux tower data

Store data y
EDI H Combined tower-GOES time-series }

Repository

Division of dataset

using LOOCV algorithm
MODEL PERFORMANCE
DEVELOPMENT ASSESSMENT

o ——————— -

| Model selection via Grid-Search
1

! Predictors selection based on
| feature importance
1

| Performance evaluation over
< —hl various gap sizes, climate types,

ML Model ! segsons and land covers
1

___________ e e e

A
{ Time-series GPP & RECO models at site level }

Figure 4.1. The workflow used in the present study.
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4.2.2. Estimating GPP and RECO from eddy covariance data

&9

From a total of 314 AmeriFlux and NEON eddy covariance towers discussed in Losos et al.

(2024), we selected sites with a sufficient amount of eddy covariance data to partition carbon

dioxide flux measurements into GPP and RECO for the period 2017 to 2022, which resulted in

126 sites (see Figure 4.2). We partitioned fluxes using the hesseflux library (Cuntz, 2020) in

Python, which was created to process eddy covariance data in a similar way to the R-package

REddyProc (Wutzler et al., 2018). Hesseflux is designed to perform the standardized processing

steps described in Papale et al. (2006), for calculating half-hourly (or hourly) GPP and RECO and

their uncertainty estimates, using both daytime (Lasslop et al., 2010) and nighttime (Reichstein et

al., 2005) partitioning approaches.
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Figure 4.2. The spatial distribution of AmeriFlux and NEON eddy covariance sites used in this
study, mapped over IGBP vegetation types for sites in the GOES-16 Full Disk projection.

This partitioning is completed after filtering the data for varying levels of data quality, including
insufficient turbulence at night using a friction velocity (u*) filter (Reichstein et al., 2012a). We
elected to exclude forest sites that were unable to provide the in-canopy CO2 concentrations used
to calculate the storage flux in addition to the eddy flux, as GPP and RECO may be underestimated
when excluding carbon storage from forest site measurements (Fu et al., 2018). We describe the
workflow used to partition GPP and RECO at the Ameriflux and NEON network scale in the
Supplementary Material. In total, observations from 1,392,490 time points collected from the 126

sites dating back to 2017 were used in this study.

4.2.3. GOES-R and the ABI

The ABI measures radiation at 16 spectral bands from the visible to infrared (0.47 to 13.3 um)
spectra, with nominal spatial resolutions between 0.5 and 2 km at nadir. In the operational scan
mode (Mode 6), the ABI images the Western Hemisphere (full disk) at 10 minute intervals, the
Contiguous United States (CONUS) at 5 minute intervals, and 1000 x 1000 km mesoscale domains
at 30 second intervals that can be repositioned to monitor key meteorological events (Schmit et
al., 2017a; Schmit and Gunshor, 2020). We used observations from ABI aboard GOES-16 in the
present analysis because it became operational first on December 18, 2017, and because GOES-
17 was replaced by GOES-18 in 2022 due to overheating caused by a malfunctioning loop heat
pipe (McCorkel et al., 2019). Prior to April 2019, the full disk was scanned every 15-minutes
(Mode 3) rather than every 10-minutes. For the entire period, we averaged the two or three full
disk measurements over the half-hour, and aligned the half-hourly ABI imagery with the half-

hourly Ameriflux data. Additionally, we spatially aligned ABI pixels with tower locations by
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terrain-correcting to account for the parallax effect. Both data alignment processes are described
in Losos et al., (2024). For further information about Level 1b and 2+ ABI products and their

projections see Supplementary Material (Text S2).

In this study, besides the visible and NIR electromagnetic spectrum's surface products, including
ABI bidirectional reflectance factors (BRF) bands 1, 2, and 3 (BRF1, BRF2, and BRF3 at 0.47
um, 0.64 um, and 0.86 um), we also examined short-wave infrared (SWIR) bands to determine
whether they might provide additional information that could be valuable for estimating GPP and
RECO. Within the SWIR electromagnetic spectrum, the ABI sensor acquires two BRF bands:
BRFS5, Short-Wave Infrared 1 (SWIR1) at 1.6 um, and BRF6, Short-Wave Infrared 2 (SWIR2) at
2.2 um. Additionally, we used BRF2, BRF3, and DSR (Laszlo et al., 2020c) to calculate NIRvP
following (Losos et al., 2024). We note that this approximation introduces uncertainty, primarily
related to the conversion from the DSR product to PAR, which is influenced by various factors,
including atmospheric conditions and spectral differences in solar irradiance (Dechant et al., 2022;
Losos et al., 2024). However, the practical impact of these uncertainties is generally minimal

(Hwang et al., 2022; Laliberté et al., 2016).

We further explored 16 TOA bands, including visible, NIR, and TIR, to analyze their impact on
GPP and RECO estimation. Specifically, we focused on the significance of TOA infrared bands,
influenced by water vapor, clouds, atmospheric, and land surface temperature, as discussed in
previous studies (Ai et al., 2018, 2020; Yu et al., 2008, 2011; Yu & Yu, 2020). However, a
challenge arose due to the differing time series lengths of BRF and CMI products. While BRF data
became operational in August 2021, CMI records date back to July 2017. Despite BRF's robust

measurements less influenced by atmospheric processes, its shorter archive lacks the historical
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record richness of CMI time series, impacting model training. Therefore, we explored both

products individually and in combination within our ML approaches.

4.2.4. Machine learning models

We considered four commonly used ML regression models for handling nonlinear problems;
Random Forest (RF), Gradient Boosting Regression (GBR), Support Vector Regression (SVR),
and Multi-Layer Perceptron Neural Network (MLP). All of these models are widely employed for
estimation problems in data-driven approaches (Diaz-Gonzalez et al., 2022; Thapa et al., 2023;

Varghese et al., 2023).

RF and GBR are ensemble learning models that combine decision trees through bootstrapping
and feature bagging (Friedman, 2001), and are frequently employed in remote sensing (Ranjbar et
al., 2024; Sahin, 2020; Saini & Ghosh, 2017; Zhang et al., 2022). They offer feature importance
measures, enabling us to assess the significance of different features. However, they differ in their
approach and emphasis. RF focuses on simplicity and minimizing training set loss, while GBR
puts more emphasis on optimizing a loss function to minimize errors by creating an ensemble of
weak models, sequentially improving upon the mistakes made by previous models (Bentéjac et al.,
2021; Sahin, 2020). RF and GBR both require hyperparameter tuning for optimized modeling. The
number of trees in the ensemble determines the size and complexity of the model, and the
maximum depth of each tree determines the depth of the decision trees in the ensemble (Sahin,

2020; Saini & Ghosh, 2017; Zhang et al., 2022).

SVR, a regression algorithm based on Support Vector Machines (SVM), identifies the best
hyperplane in a high-dimensional feature space in order to maximize the margin between data

points (Mountrakis et al., 2011; Smola and Schélkopf, 2004), minimizing prediction error
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(Mountrakis et al., 2011). The SVR algorithm can model both linear and non-linear relationships
using various kernels, including Radial Basis Function (RBF), sigmoid, polynomial, and linear.
Key hyperparameters for SVR include penalty (“C”), gamma, epsilon, and, in the case of
polynomial kernels, the degree parameter (Ranjbar et al., 2021). The C parameter controls
regularization strength, gamma influences the shape of the decision function, epsilon sets the
tolerance margin, and the degree determines the complexity of the polynomial kernel (Mountrakis

etal., 2011).

Lastly, MLP is an artificial neural network that learns complex patterns and relationships through
backpropagation, making it a flexible tool for approximating non-linear relationships (Baraldi et
al., 2001; Gardner and Dorling, 1998; Ranjbar et al., 2021; Suliman and Zhang, 2015). It consists
of multiple layers of interconnected “neurons” and utilizes non-linear activation functions to model
intricate relationships between inputs and outputs (Baraldi et al., 2001; Suliman and Zhang, 2015).
MLP also has hyperparameters, including the number of hidden layers and neurons, activation
functions, learning rate, and regularization. The hidden layers and neurons determine the network's
complexity, activation functions control nonlinear mapping, the learning rate affects convergence

speed, and regularization prevents overfitting (Shirmard et al., 2022).

4.2.5. Model development and performance assessment

We used a grid search algorithm to ensure optimal performance of the models, aiding in the
identification of the most suitable configuration for maximizing predictive accuracy (Maxwell et
al., 2018; Varghese et al., 2023). Table 4.2 presents the search area for hyperparameter settings of

each ML model. To train and test the ML models, we adopted a Leave-One-Out Cross-Validation
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(LOOCYV) algorithm and two key statistical metrics, namely the coefficient of determination (R?,

Eq. 4.1) and root mean squared error (RMSE, Eq. 4.2).

RSS

RP=1--",
TSS

Eq. 4.1

where RSS is the sum of squares of residuals and TSS is the total sum of squares.

=1, o
RMSE = P00, Eq. 4.2

where i variable i, N is the number of non-missing data points, Xi are actual observations in the

time series, and X is the estimated time series.

In LOOCV, 20% of the available data was held out exclusively for testing purposes.
Subsequently, the remaining data underwent a four-fold cross-validation process, increasing the
models' generalization capabilities (Maxwell et al., 2018). To further enhance the reliability and
robustness of the results, the algorithm was rerun ten times, and the results were averaged for
assessment. We used the Scikit-learn python library to implement the grid search algorithm, ML

models, and LOOCYV algorithm (Pedregosa et al., 2011).

Table 0.2 Grid search specifications and searching range for hyperparameters of the machine
learning models.

Model | Hyperparameter Search Range

RF Number of estimators | 100, 300, 500, 800, 1000
Maximum depth 5,10, 15, 20, 50, 100

GBR Number of estimators | 50, 100, 200, 400
Maximum depth 3,5,8,10
Learning rate 0.01,0.05,0.1

MLP Activation 'logistic', 'tanh', 'relu’
Solver '‘adam’,'sgd'
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Hidden layer 2,3,5
Hidden layer size 50, 100, 200, 500
Alpha 0.0001, 0.001, 0.01, 0.1
SVR Penalty 0.1, 10, 100, 1000
Epsilon 0.001, 0.01, 0.2
Gamma 0.01, 0.1, 0.5,1,10
kernel 'RBF', 'sigmoid', 'poly', 'linear’

We further evaluated our model performance across diverse ecological and seasonal conditions,
namely the International Geosphere Biosphere Programme (IGBP) land cover types (Sulla-
Menashe et al., 2019) and month of the year (De Beurs and Henebry, 2005; Sulla-Menashe et al.,
2019). To do so, we calculated a signal-to-noise ratio (SNR) for each month. SNR was defined as
the mean GPP and RECO values divided by the mean absolute error (MAE), representing the
clarity of the signal in the presence of noise. We then converted SNR to decibels (dB) units using
multiplying the logarithm with base 10 by 10. Positive SNR values indicate that the signal is
stronger than the noise, while negative SNR values suggest that the noise is stronger than the

signal.

In addition to evaluating model performance across diverse ecological and seasonal conditions,
we also assessed the models' adaptability under different gap sizes to test their suitability for gap
filling purposes (Gao et al., 2023; Zhu et al., 2022). We chose 12 gap lengths ranging from one
hour to one year and randomly selected data from our available dataframe for each gap length from
all sites. We then kept these data out of training for testing purposes and trained the ML model
using the rest of the data. Lastly, we compared the diurnal dynamics of GPP estimated from ABI
observation against partitioned from tower measurements. Given RECQO's minimal diurnal

variation, we only presented the model performance for GPP, and RECO results are presented in
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Supplementary Materials. For this analysis, we selected four AmeriFlux sites, focusing separately
on GPP and RECO, ensuring that the chosen sites exhibited diurnal variability in the DOY during

the year 2022 with minimum, median, and maximum values.

4.3. Results

4.3.1. Assessment of the machine learning models performance

Figure 4.3 shows the comparison of the GPP and RECO modeled using four ML algorithms by
averaging the results of ten runs of the LOOCYV algorithm using surface products (i.e. BRFs and
DSR) as inputs for ML models. As GOES-16 surface product data are only available starting in
August 2021, we utilized data from August 2021 through December 2022 from a total of 89 sites
with available eddy covariance observations. RF and GBR demonstrated higher performance for
both GPP and RECO estimation with statistics presented in Table 4.3. MLP exhibited the worst

performance, and SVR was not as effective as the tree-based learning models (Table 4.3).
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Figure 4.3. GPP and RECO estimation with four machine learning models using GOES-R surface
reflectance products. (a) R* and (b) RMSE, based individual models trained on two years of data
from 89 eddy covariance sites. The median is depicted on the box plots.

With a mean (+ standard deviation) R? value of 0.71 + 0.11, and corresponding RMSE of 4.04
+£1.65 umol m™ s!, RF estimated GPP with slightly better fit than GBR, which had a mean R? of

0.70 = 0.12, and a slightly higher RMSE of 4.15 £ 1.73 pmol m™ s™!. For RECO estimation, similar
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trends emerged as observed in GPP estimation; RF and GBR continued to exhibit better
performance with R? of 0.77 + 0.10 and RMSE of 0.90 umol m™ s™'. Despite this equivalency in
accuracy, GBR exhibited notable advantages in terms of speed, with faster model training and

prediction times, as well as a smaller model size compared to RF.

Table 0.3. R? and RMSE for GPP and RECO estimation using two years of data from 89 eddy
covariance sites with multiple ML models (Mean + Standard Deviation).

GPP RECO

Test Cross validation Test Cross validation

R? RMSE R? RMSE R? RMSE R? RMSE
RF 0.71 £ 0.11 | 4.04 £1.65]0.68 £0.12|3.28 £1.74(0.77 £ 0.10 {0.90 + 0.52 |0.74 £0.10 |0.77 £ 0.50
GBR 0.70 £0.12 | 4.15+£1.73]0.68 £0.13|3.34 £ 1.81(0.77 £0.10 {0.90 £ 0.49 |0.75+0.11 |0.76 + 0.47
MLP 0.55+0.15 [ 5.23£2.06|0.55+£0.15{4.20£2.20(0.56 £ 0.16 {1.42 +0.60 |0.49 £ 0.20 |1.20 + 0.60
SVR 0.62+0.14 [4.70+£2.09]0.61 £0.13|3.81 £2.14(0.61 £0.15 [1.18 £ 0.60 0.62 £ 0.14 [0.99 + 0.59

Results from tests and cross-validation can assess model performance and generalization across
datasets. All models exhibit close test and cross-validation results, indicating comparable
predictive ability for both GPP and RECO. RF and GBR have slightly higher R? values in the test
set (0.71 £ 0.11 and 0.70 £ 0.12) compared to cross-validation (0.68 + 0.12 and 0.68 £ 0.13),

suggesting an increased variance in predicting GPP for test data.

4.3.2. Different ML models response to diurnal variability

Figure 4.4 presents the results of assessing ML models for estimating diurnal GPP dynamics,
comparing time series EC measurements with GOES-estimated values using the ML models in
three days during 2022 at four AmeriFlux sites. The three days chosen for this analysis represent
days with minimum, median, and maximum GPP values at the AmeriFlux sites in 2022. This

selection ensures that the analysis captures the full range of GPP variability. Since RECO exhibits
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little diurnal variation, we focused on evaluating the model's performance for GPP at the half-
hourly scale. Findings for GPP indicate that, among the ML models, GBR and RF exhibit the
highest agreement, while MLP displays the least. MLP and SVR consistently underestimate the
maximum GPP values at AmeriFlux sites US-xTR and US-Rms, with more pronounced
underestimation at US-Tw4. Additionally, MLP and SVR overestimate the minimum GPP values
at US-Rms and US-Tw4. All models excel in estimating peak GPP values around 12 PM (local
standard time) across the four sites, with GBR emerging as the most accurate model. For RECO,
GBR and RF also perform better than MLP and SVR across all sites and for minimum, median,
and maximum values. Similar to GPP, MLP and SVR consistently have underestimation and

overestimation problems.
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Figure 4.4. Time series GPP estimated at AmeriFlux towers using Eddy Covariance (EC)
measurements versus their corresponding GOES-estimated values using machine learning models
on three DOY with minimum, median, and maximum GPP values at the AmeriFlux sites in the
year 2022. The AmeriFlux sites are labeled in the top-left corner of the plots.

4.3.3. Feature importance

NIRvVP, NIRv, and BRF3 emerged as the most important features in the GBR model (Figure 4.5),
followed by DSR and BRF6 (SWIR 2.2um). BRF5 (SWIR 1.6um) and BRF1 (Blue) were the least
important features of those selected. DSR showed its importance after NIR-based features, even

though NIRVP, the top-ranked feature, was derived using PAR, which is computed by DSR.

BRF5
BRF1
BRF2
BRF6
DSR
BRF3
NIRv
NIRvP

T
0.0 0.2
Mean Score

Figure 4.5. Feature importance from the selected GBR model trained on GPP estimates from 89
eddy covariance sites. Abbreviations are listed in Table 4.1.

Further investigation for optimal model input led us to train and test three different GBR models
using only BRF features, only CMI features, and a combination of BRF and CMI features
separately. Comparing the results shows that the best feature combination for modeling GPP is the
combination of BRF and CMI, yielding an R? score of 0.69 = 0.12 and an RMSE of 2.92 + 1.27
pumol m? s (Figure 4.6). The results for RECO are similar to those for GPP. The combination of

BRF and CMI exhibits the best R? score of 0.74 + 0.11 with a RMSE of 0.67 + 0.31 pmol m? s!.
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Figure 4.6. A comparison of (a) R? and (b) RMSE for GPP and RECO estimation using up to two
years of observations from 89 eddy covariance sites and the selected GBR model using different
BRF and CMI feature configurations. The median is depicted on the boxes.

When considering only surface reflectance, the most influential features are BRF3 (NIR), BRF2
(red), and BRF6 (SWIR). Conversely, when solely utilizing TOA observations, the prominent
features become CMI_C3 (NIR), CMI _C12 (IR), and CMI _C6 (SWIR). Intriguingly, in the
context of combined feature utilization, surface reflectance features retain their significance,
outweighing TOA observations in importance for the three most important variables. However, it
is noteworthy that TOA observations still maintain relatively high feature scores, with BRF3,
BRF2, BRF6, CMI_C12, CMI_C3, and CMI_C6 emerging as the foremost informative features

(feature importance figures are provided in the Supplementary Material, Section S2)

4.3.4. The impacts of longer historical records on model performance

Using the CMIs features, which extend back to 2017 from GOES-16, we evaluated the impact of
longer data records on predicting GPP and RECO. Our analysis, depicted in Figure 4.7, shows that
by extending the historical data for training the GBR model, we can consistently improve the

predictive accuracy.

We considered historical data intervals of 1, 2, 3, and 4 years for training, ranging from 2020-

2021 to 2017-2021. Comparing these models to those trained solely on 2021 data, we found that
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incorporating longer historical records yielded a steady increase in accuracy. The R? increased by

up to 0.09 + 0.07, indicating better variance explanation, while the RMSE decreased by down to -

0.11 £ 0.17 umol m? s!, highlighting improved accuracy.
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Figure 4.7. Impact of historical GOES-R CMI data record length on GPP and RECO estimation
accuracy using a GBR model trained on eddy covariance data from 126 sites: (a) AR? and (b)

ARMSE differentiate the accuracy of models trained using 1, 2, 3, and 4 years more data than only
one year data. The median is depicted on the boxes.

4.3.5. Sensitivity of models performance to seasonal variations

For GPP estimations, July stands out as the month with the highest absolute uncertainty with a
standard deviation of 3.30 umol m™ s™'. In contrast, January emerges as the month with the lowest
absolute uncertainty, having a lower standard deviation of 1.22 pmol pmol m™? s!'. The SNR
analysis reaches a peak in July (SNR=8.13), signifying a relatively robust and reliable signal
compared to January with the lowest SNR at 4.47, indicating a weaker signal relative to the
background noise. Similarly, August is the month with the highest estimation error for RECO,
with a standard deviation of 0.773 pmol m? s!'. Conversely, January emerges with lowest
estimation errors, characterized by standard deviation of 0.296 pmol m™ s™!. Similar to GPP, the
SNR value for August was the highest at 9.53, indicating a notably stronger signal during this

month compared to the lowest SNR of 6.94 observed in January.
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Figure 4.8. The monthly variability in estimation errors and signal-noise ratio (SNR) for (a) GPP
and (b) RECO grouped by month from the GBR model.

Examining flux estimation across seasons reveals important insights into the model's
performance. In winter, the standard deviation of GPP and RECO estimation errors is relatively
low, at 1.31 and 0.299 pumol m™ s, respectively. This increases in spring, indicating more
variability in model estimations. During summer, the standard deviation peaks at 3.20 and 0.726
umol m? s for GPP and RECO, respectively. In autumn, the standard deviation decreases again.
The mean SNR values for each season reflect this trend, with lower values in winter and spring,

and higher values in summer and autumn for both GPP and RECO.

4.3.6. Sensitivity of model performance to vegetation type and magnitude of GPP

Our analysis reveals notable variations in the model's performance for GPP estimation across
different vegetation types (see Figure 4.9). Mixed Forests and Permanent Wetlands emerge as the

top-performing categories, exhibiting a mean R? value of 0.78 for both. Conversely, Savannas
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display the lowest mean R? value, at 0.64, followed by Shrublands with an R? of 0.68 (Tables S3
and S4). Moving on to other vegetation categories, R*> for GPP estimation is > 0.72, where the
lowest is for Evergreen Needleleaf.
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Figure 4.9. Performance of the GBR model trained on data from 89 eddy covariance sites for (a)
GPP and (b) RECO estimation, employing a combination of BRF and CMI features across various
IGBP vegetation types.

Similar trends are observed in the model's performance for RECO estimation. Permanent
Wetlands, Deciduous Broadleaf Forests, Croplands, Evergreen Needleleaf Forests, Grasslands,
and Mixed Forests have the highest mean R? value of 0.80. On the contrary, Savannas exhibit the
lowest mean R? value for RECO, at 0.69, pointing to relatively reduced accuracy but still predictive
skill even in this challenging vegetation type. Similar to GPP estimation, Shrublands showed the

lowest accuracy after Savannas in RECO estimation, with mean R? values of 0.73.
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We further investigated the sensitivity of model performance with respect to the magnitude of
(Figure 4.10). The best GPP estimation was achieved for GPP values between 35 and 52 pumol
umol m? s, followed by values between 23 and 35 pmol pmol m? s™'. The poorest performance
was observed at sites with the lowest and very highest GPP (between 5 to 23 and 52 to 52< pmol
m™ s7!, respectively). For RECO estimation, a similar trend was observed; sites with intermediate
values exhibited the best performance, while those with the highest and lowest biomass

demonstrated lower R? values.
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Figure 4.10. Performance of the GBR model trained on data from 89 eddy covariance sites for (a)
GPP and (b) RECO estimation across different GPP bins.

4.3.7. Models performance for gap filling

The accuracy of our GBR model for gap filling over various gap lengths reveals variations in
accuracy relative to gap length (Figure 4.11). As expected, the one-, two-, and four-hours intervals
exhibit the highest mean R? of 0.70 for GPP and 0.75 for RECO (Tables S5 and S6) and gap sizes

greater than one week exhibit the lowest mean R2.
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Figure 4.11. The GBR model performance for (a) GPP and (b) RECO gap filling for different gap
lengths.

Figure 4.11 shows that accuracy gradually decreases as the gap length increases beyond one day,
with a more pronounced decline observed after the three-day interval. However, according to GPP
results, the maximum R? values 0of 0.82 and 0.81 for six-month and one-year intervals, respectively,
demonstrate that the model maintained accuracy, even for longer gap sizes. The same trends are
observed for RECO, with maximum values of R? of 0.86 and 0.79 for six-month and one-year

intervals (Tables S5 and S6).

4.4. Discussion

4.4.1. Performance of the machine learning models

Our analysis of ML models with ABI data reveals that ensemble methods like RF and GBR
outperform individual models like MLP and SVR. This underscores the need for ensemble
techniques to capture complex relationships between surface-atmosphere fluxes and GOES-R

data, aligning with past research favoring ensemble models in remote sensing applications (Yu et


https://www.zotero.org/google-docs/?jiMhU2
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al., 2021; Zhang et al., 2022). For example, Yu et al. (2021) compared five ML models, including
RF, SVR and ANN, to upscale GPP using MODIS observations. Their results highlighted the

superiority of RF, achieving the highest accuracy (R? of 0.86 and RMSE of 0.99 g C m™? d™?1)

compared to the other models. Additionally, Li et al., (2023) used a Cubist regression tree model
with GOES-R data to predict daily GPP variations during the 2020 U.S. heatwave. They found the
regression tree effective in forecasting carbon-related variables, emphasizing the importance of
multiple factors in GPP estimation. This improvement is likely due to ensemble learning's ability
to merge predictions from multiple models, reducing variance and enhancing accuracy (Sagi &

Rokach, 2018; Zhang et al., 2022).

In ensemble models like RF and GBR, decision trees are used for predictions. GBR stands out
for employing a boosting algorithm to refine predictions. Ensemble models excel at managing
missing data and noise (Kursa, 2014), common in ecological datasets (e.g. Moffatt et al., 2007).
RF and GBR handle missing data by assigning weights to observed variable values' frequencies
based on their proximity. This technique benefits from post-training information from the mean-
imputed dataset (Ezzine and Benhlima, 2018). These learners are skilled at managing noisy data
(Elbeltagi et al., 2023) by averaging estimations from multiple decision trees, reducing the impact

of noise on overall performance (Jun, 2021).

Comparing ML approaches for time series analysis of diurnal GPP and RECO dynamics reveals
similar trends. GBR and RF consistently exhibit the highest agreement, while MLP shows the least
agreement, suggesting limitations in its ability to predict diurnal carbon flux. Notably, MLP and
SVR consistently underestimate maximum values and overestimate minimum values for both GPP

and RECO, which is a common challenge in ML modeling when estimating small and large values
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in the trained dataframe (Belitz and Stackelberg, 2021; Ye et al., 2021). Despite these nuances, all
models excel in accurately estimating peak GPP values around 12 PM, with GBR emerging as the
most precise. However, all models demonstrate fluctuations in RECO estimation, attributed to the
use of highly dynamic satellite observations as modeling inputs and the limited variability of tower

estimated values through partitioning EC measurements.

GBR demonstrates performance similar to RF but with a smaller digital model size and faster
prediction time, making it favorable for data-intensive geostationary workflows. Although GBR
models require more construction time than RF models due to tuning additional hyperparameters
and the sequential building process (Golden et al., 2019), they often exhibit superior predictive
capabilities (Golden et al., 2019; Shen & Yong, 2021; Zhang et al., 2022). By optimizing a reduced
set of predictors and the model's maximum depth, GBR achieves comparable predictive accuracy
to RF models but with fewer trees and maximum depths (Zhang et al., 2022), leading to expedited

training and a more compact digital model size.

4.4.2. Feature importance

The feature importance analysis in this study highlights NIRvP, NIRv, and BRF3 as crucial
factors influencing GPP and RECO estimation using GOES-R measurements and data products
(Khan et al., 2022; Todd & Hoffer, 1998). These features, all derived from the NIR spectral band,
underscore the significant role of vegetation reflectance in carbon exchange processes within
ecosystems (Khan et al., 2022; Richardson et al., 2013). Baldocchi et al., (2020) further
demonstrate a robust correlation between reflected near-infrared radiation and canopy
photosynthesis, emphasizing the effectiveness of near-infrared radiation as a cost-effective tool for

monitoring carbon assimilation across various conditions and time scales. Following these
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features, DSR is vital in estimating GPP and RECO as it serves as a proxy for PAR—the solar
radiation essential for photosynthesis (Dechant et al., 2022; Khan et al., 2022; Wohlfahrt et al.,
2010). DSR allows assessment of available light energy, positively impacting GPP when stressors
are absent, enabling plants to harness more energy for photosynthesis (Bosio et al., 2014; Oliphant
et al., 2011). Although the relationship between PAR and RECO is more nuanced, it is influenced

by GPP, which, in turn, is driven by PAR (Austin and Vivanco, 2006; Jia et al., 2020).

After DSR, SWIR2 at 2.2 pm (BRF6) stands out as a crucial feature, emphasizing the importance
of shortwave irradiance and spectral bands for vegetation functioning. The 2.2 pm channel aids
atmospheric correction, reducing noise and atmospheric interference (Hese et al., 2005). SWIR-
VIs, particularly when creating VIs using SWIR and NIR bands, perform comparably to VNIR-
VIs (creating Vs using visible and NIR bands) and excel in certain cases for vegetation monitoring
(Benseghir and Bachari, 2021; Massetti et al., 2019). For instance, SWIR-VIs explain 40% more
variability than VNIR-VIs in aboveground biomass estimation (Benseghir and Bachari, 2021).
SWIR-VIs have also been used for understanding the impacts of snow, phenological change, and
water availability on terrestrial ecosystem functioning. Whereas the particular mechanism by
which the GBR model identifies BRF6 as an important input is difficult to ascertain from ML
approaches, and a combination of the above factors is likely the cause of its importance at
ecosystems distributed across CONUS, our findings suggest that incorporating SWIR bands could

significantly improve the accuracy of geostationary satellite-based carbon cycle products.

Three distinct GBR models constructed by different combinations of TOA and BRF features
shows that the combination of both BRF and CMI features demonstrates superior performance
over models utilizing either TOA products or surface reflectances alone. However, we

acknowledge the complexity of converting TOA to surface reflectance, especially when correcting
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for BRDF effects, which presents significant challenges in accurately capturing surface properties.
Achieving good sub-daily estimations of GPP and respiration using only TOA observations
demonstrates the potential for simpler and more efficient remote sensing methods. CMIs show
comparable performance to BRFs, highlighting their potential as an alternative data source in
carbon cycle science. While TOA information is less utilized in vegetation science (Bayat et al.,
2020; Kovacs et al., 2023; Parente, 2013; Yuanyong and Shenghui, 2013), we argue that it holds
promise for enhancing geostationary satellite-based carbon cycle products. For training and
testing, our study used filtered data to exclude low-quality data using ABI quality flags. Further
research is needed to evaluate the utility of TOA observations under various data quality
conditions, including cloudiness and optically thick aerosol atmospheres. The analysis highlighted
the importance of surface reflectance features, even when combined with TOA observations, while
the thermal infrared band CMI_C12 also showed significance, warranting further investigation.
While the specific reason for CMI_C12's explanatory power in machine learning models remains

unclear, it is discussed in more detail in the Supplementary Materials.

4.4.3. Longer historical record effects on model performance

By assessing the influence of extending historical data records on the estimation accuracy of GPP
and RECO, we have demonstrated that extended historical data better explains their variance.
Several studies have shown the positive impact of longer data records on model performance in
ecological and environmental modeling (Han et al., 2023; Houghton et al., 1983; Nemani et al.,
2003). Furthermore, historical remote sensing and ground-based data improve predictive power
for greenhouse gasses and provide historical flux data, establishing reference emission levels
adjusted for national circumstances (COP15—Copenhagen, 2009). This enhanced understanding

can contribute to more informed decision-making and policy formulation regarding carbon
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sequestration, ecosystem health, and climate resilience (Anderegg et al., 2020; COP15—

Copenhagen, 2009; Millar et al., 2007).

4.4.4. Sensitivity of the model performance to seasonal variability

Assessment of model performance to seasonality offers valuable insights into the model's
accuracy and consistency across different seasons, which align with established ecological
patterns. July, characterized by the highest standard deviation in error estimations and SNR for
GPP, corresponds to the peak of Northern Hemisphere summer when factors such climate and
weather anomalies including temperature, water stress, precipitation, and photosynthesis
complicate accurate estimation of GPP from satellite remote sensing (Felton and Goldsmith, 2023;
Wei et al., 2017). In contrast, the lowest estimation errors and SNR values in winter are likely a
result of reduced environmental variability and near-zero photosynthesis in many ecosystems
during this season (Irisarri et al., 2012; Qiu et al., 2020). The contrast between high summer SNR
and low winter SNR values suggests that the discernibility of the carbon flux signal diminishes in
winter due to environmental factors. This makes winter data less reliable compared to summer.
Transitioning to spring, there is a noticeable surge in variability in estimation errors compare to
winter, which may be attributed to the onset of new growth and changing environmental conditions
(Weltzin et al., 2020), and result in spatial heterogeneity in carbon fluxes at fine spatial scales that

challenge the relatively coarse pixels of geostationary satellites (Khan et al., 2022).

Similar to GPP, RECO estimations exhibit seasonal variations. The highest estimation errors and
SNR values during summer months can potentially be explained by the intricate interplay of
temperature, moisture, and plant activity in this season (Felton and Goldsmith, 2023; Gong et al.,

2022; Younes et al., 2020). During winter, RECO estimates exhibit lower errors and SNR values
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(Figure 4.8), reflecting the impact of reduced environmental variability (at least under snow) and,
often, near-zero photosynthesis to which RECO is coupled. These lower errors are attributed to
smaller RECO values and reduced standard deviation during winter months (Gong et al., 2022;
Irisarri et al., 2012; Wei et al., 2017). The increase in variability during spring compared to winter
(Figure 4.8) aligns with the transition period when vegetation begins to emerge across much of the
study domain, resulting in rapid increases in both GPP and RECO. This growth and heightened
photosynthetic activity also contribute to an increase in SNR values, indicating stronger signals
over background noise for carbon flux data in spring (Gong et al., 2022; Younes et al., 2020).
These findings underscore the importance of seasonality in model skill, requiring further research
and model refinement during variable periods (Gong et al., 2022; Wei et al., 2017; White and

Hastings, 2020).

4.4.5. Sensitivity of the model performance to vegetation type and magnitude of GPP

Our analysis of the GBR model's performance across various vegetation types has revealed
variations in the accuracy of GPP and RECO estimation (Figure 4.9). Mixed Forests and
Permanent Wetlands consistently stand out as top-performing categories, while Savannas and
Shrublands exhibit comparatively lower predictability. This differential performance is critical to

understanding the model's adaptability within diverse ecological settings.

The challenges faced in predicting GPP and RECO in Savannas and Shrublands arise from their
inherent complexity and environmental variability. Savannas encompass a mix of grasses and
scattered trees, resulting in intricate and fluctuating carbon exchange dynamics that are challenging
to model accurately (Littlefield and D’Amato, 2022; Mistry, 2000). Similarly, Shrublands

comprise a mix of shrubs and grasses, leading to high spatial and temporal variability in carbon
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exchange processes which also makes them challenging to model (Li et al., 2021). Moreover, the
reduced estimation accuracy within Shrublands and Savannas can be attributed in part to the sub-
pixel variability in green-up (Gessner et al., 2013; Ma et al., 2013), resulting in fluctuating NIR

reflectance and challenges in remote sensing modeling.

Deciduous Broadleaf Forests, Croplands, Evergreen Needleleaf Forests, and Grasslands
demonstrate a similar degree of predictability, the model's performance varies across these
vegetation types. The forested vegetation types represent diverse ecosystems with distinct
physiological characteristics (Zhu et al., 2023) that the GBR model appears to simulate well in
Deciduous Broadleaf Forests, with poorer average fit in Evergreen Needleleaf Forests that

consistently challenge remote sensing modeling of their carbon cycle (Liu et al., 2016).

The variations in model performance among these vegetation types — when using satellite data
products alone — can be speculated to a combination of factors such as environmental conditions,
vegetation structure, and ecological dynamics. Deciduous Broadleaf Forests often exhibit well-
defined seasonal patterns of carbon exchange, making them more predictable in this regard
(Muraoka, 2022) but noting that phenological transitions remain difficult to model (Richardson et
al., 2013). Evergreen Needleleaf Forests have more subtle changes in greenness and canopy
structure, Grasslands may have different ecological dynamics including rapid recovery from
disturbances and fine-scale heterogeneity (Novick et al., 2004), which can be difficult to estimate

from space (Chen et al., 2023; Qiu et al., 2020).

4.4.6. The model performance for gap filling missing eddy covariance data

The eddy covariance method is the main monitoring tool for measuring the net ecosystem

exchange (NEE), defined as the net flux of CO2, balancing ecosystem respiration (release, RECO)
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and photosynthesis (uptake, GPP) (Gao et al., 2023; Zhu et al., 2022). These measurements are
reported on a half-hourly or hourly basis. However, calibrations, equipment failures, and low
turbulence conditions often result in gaps in these data series, with 20-60% or more of annual data
typically missing (Irvin et al., 2021; Moffat et al., 2007; Zhu et al., 2022). Testing the models'
adaptability under different gap sizes is crucial for ensuring the reliability and accuracy of gap-
filling techniques. Continuous NEE datasets are essential for estimating ecosystem carbon budgets,
evaluating process model predictions, and comparing with biometric measurements (Falge et al.,
2001). In the domain of strategies for filling gaps in C-cycle flux time series, a diverse array of
approaches including non-linear and linear regression techniques, semi-parametric models,
marginal distribution sampling, look-up tables, and the application of ML models has been widely
utilized (Irvin et al., 2021; Y. Kim et al., 2020; Moffat et al., 2007; Zhu et al., 2022). Nevertheless,
a nuanced comparison between these approaches showed that ML models, including NNs, RF, and
SVR, highlight their superiority over alternative approaches (Gao et al., 2023; Irvin et al., 2021;
Y. Kim et al., 2020). This study also investigates the potential of the GBR model for gap-filling
purposes. The model exhibits higher accuracy over shorter gap lengths (e.g., one hour to three
days), benefiting from more complete training data for three consecutive days (Figure 4.11), which
facilitates effective learning (Chen et al., 2018; Maxwell et al., 2018). Shorter intervals provide
less fragmented data, enhancing the GBR model's ability to capture short-term variations and
dependencies. The high level of accuracy achieved for gap sizes of up to one day is promising
(Figure 4.11, and Tables S5 and S6 shows R? 0f 0.75 for RECO and 0.7 for GPP), as it demonstrates
the model's capability to effectively fill approximately 99% of the gaps in time series data at the
site-level observation, as depicted in Figure 4.11. Nevertheless, the model maintains acceptable

performance in longer gap lengths, with an R? of more than 0.5 for gaps up to six months and one
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year. The maximum observed R? for longer gap lengths, including those up to one year, was more
than 0.85 for GPP and RECO at some sites, underscoring the ability of geostationary-based carbon

cycle estimates to fill extended data gaps alone, in the absence of micrometeorological data inputs.

Several methods offer distinct advantages and trade-offs for carbon flux observation gap filling
(LeCun et al., 2015; Moftat et al., 2007). Simple interpolation like mean diurnal variation have the
potential for bias and even more advanced techniques like the dual unscented Kalman filter,
multiple imputation, and terrestrial biosphere models still exhibit significant biases in gap filling,
lowering reliability (Moffat et al., 2007; Vekuri et al., 2023). ML models like the GBR exhibit
higher accuracy, particularly in capturing short-term variations and dependencies, without overly
taxing computational resources. While deep ML models like deep NNs are powerful (LeCun et al.,
2015; Yuan et al., 2020), they require substantial data and computational resources (Guicquero
and Sicard, 2022; Simran et al., 2020; Yuan et al., 2020). Physical methods offer accuracy but
demand extensive parameterization and domain-specific knowledge (Moffat et al., 2007; Zhu,
2014). The GBR model, known for its versatility, strikes a balance between accuracy and
efficiency (Sagi and Rokach, 2018; Sahin, 2020), making it arguably suitable for both short and

long gaps in GPP and RECO data across various ecosystem types.

4.4.7. Comparing GPP and RECO predictability using GOES-R data

Although both GPP and RECO were estimated with an R? of more than 0.70 by the GBR model,
RECO estimates were more accurate (Table 4.3); the RMSE of RECO (0.90 umol m-2 s-1) was
significantly lower than the RMSE of GPP (4.15 pmol m-2 s-1). The discrepancy in the RMSE
between GPP and RECO estimations obtained through the GBR can be attributed to two primary

factors.
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Firstly, the superior estimation of RECO over GPP using GOES-R satellite data underscores the
advantage of employing the spectral bands to capture essential facets of carbon cycling. The blue
and red bands are sensitive to vegetation chlorophyll and leaf structural properties, providing
valuable insights into photosynthesis processes (Gitelson et al., 2014; Magney et al., 2017). The
NIR and SWIR bands, on the other hand, offer critical information on vegetation and ecosystem
water content and canopy structure, factors closely linked to respiration (RECO) (Lees et al., 2018;
M. Wang et al., 2020). Moreover, in ecosystems where heterotrophic respiration significantly
contributes to the carbon budget, like forested environments with relatively high soil respiration
rates (Harmon et al., 2011; Mayer et al., 2017), the SWIR band's capacity to monitor soil moisture
(Tian and Philpot, 2015) and temperature (Yang et al, 2011) may become particularly
advantageous. These features are consistent with the drivers of RECO, which is dependent on
photosynthesis, soil and vegetation water content, and canopy structure in addition to temperature

(Lei et al., 2018).

Secondly, the broader range of actual values for GPP (8.72 + 9.14 umol m-2 s-1) in comparison
to RECO (3.11 £2.73 pmol m-2 s-1) leads to a larger RMSE for GPP, as RMSE gauges the average
magnitude of estimation errors relative to the actual values. To provide a more equitable basis for
comparison, we can explore the normalized RMSE (nRMSE) by dividing the RMSE values by the
respective mean values for GPP and RECO. This normalization allowed us to consider the scale
differences and, thus, revealed that the nRMSE for GPP (0.46) and RECO (0.30) reflects their
relative accuracy after accounting for the variable ranges. This finding is reinforced by our
comparison of SNR values between GPP and RECO. RECO consistently exhibits higher values,

indicating superior signal-to-noise performance compared to GPP. Lastly, the higher R? values in
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estimating RECO indicate superior performance compared to GPP (Table 4.3), similar to the

difference in nRMSE between RECO and GPP.

4.4.8. Strengths, Limitations, Suggestions and Opportunities

GOES-R data offer several strengths that bolster their utility in ecological modeling (Khan et al.,
2021; Losos et al., 2024). They provide “hypertemporal” coverage of 5-10 minutes or less across
key domains, and together with other geostationary satellites continuously monitor much of the
Earth's surface. This extensive coverage enhances our ability to capture high temporal ecological
processes over a wide geographic area. Furthermore, the multispectral nature of GOES-R
observations provides diverse information from surface and atmospheric characteristics
synchronized over time and space, making them valuable inputs for ML modeling (Khan et al.,
2022; Khan et al., 2021; Li et al., 2023). GOES-R data integration with ML models has shown
promise in estimating GPP and RECO, highlighting the potential of satellite-derived information
in ecological research (Li et al., 2023). Despite these strengths, the coarse spatial resolution of
GOES-R data can be a constraint, particularly when analyzing fine-scale ecological phenomena.
Moreover, GOES-R satellites collect data at off-nadir angles for most areas in its scene, leading to
angular distortions in observations, requiring careful preprocessing and quality control before
using the data (Khan et al., 2022; Losos et al., 2024). Therefore, to further leverage GOES-R data,
future research can explore spatial downscaling techniques and data fusion (L1 et al., 2022; Schmitt
& Zhu, 2016; Zhang, 2010) to enhance their resolution for more localized ecological modeling.
While the modeling approach from this study holds great potential for regional mapping and
applications such as near real-time carbon flux monitoring, exploring these applications is beyond

the scope of this paper.
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Eddy covariance data serve as robust validation tools for ecological models, offering the best
available ground-truth information. These measurements are collected from (often) strategically
placed sites representing various ecosystems and provide accurate and continuous records
(Running et al., 1999). However, limited spatial coverage and temporal gaps in the data can
constrain their global-scale applicability. Therefore, utilizing ML and/or satellite data to fill
temporal gaps is an important research problem which has been widely investigated (Irvin et al.,
2021; Y. Kim et al., 2020; Moffat et al., 2007). Furthermore, various global GPP products exist,
such as MODIS with an 8-day temporal resolution and 1 km spatial resolution or FluxCom with
higher temporal resolution and a coarser spatial resolution (0.5° to 1°) (Jung et al., 2019; Z. Sun et
al., 2019). This study demonstrates the accurate modeling of GPP and RECO at the site level using
observations from the geostationary satellite GOES-R ABI and ML models. However, the absence
of global flux products from geostationary satellites poses a significant research challenge.
Developing ML models for global flux maps utilizing remote sensing geostationary satellite data
can effectively address the scalability challenge in carbon cycle modeling, enabling the creation
of frequent (up to half-hourly) planetary-scale maps (Ai et al., 2020; Pabon-Moreno et al., 2022;

Turner et al., 2006; Yu et al., 2021).

Unlike our study's approach, global map generation combines data from all sites rather than
treating each site separately. Incorporating site-specific data in generating global maps improves
model interpretability and relevance by addressing local variations in factors like land use,
vegetation, climate, elevation, and location. Global maps also identify regions with high
uncertainty in carbon flux dynamics, potentially requiring additional monitoring. However, it may
pose challenges in terms of generalizability to ecosystems underrepresented in the site database

and variations in data quality. For example, if the number of sites in one dominant climate or
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ecosystem vastly outweighs those in other areas, the map generality for less-represented regions
becomes difficult to achieve, potentially leading to overfitting of the machine learning model in
that particular area. Conversely, if there's a significant lack of data in specific regions, it can
introduce bias into the global maps, affecting the accuracy of estimations in those underrepresented

arcas.

We note that other ML models not used in our study have demonstrated promising performance
for monitoring complex ecological processes, including deep learning (Nathaniel et al., 2023;
Yuan et al., 2020), recurrent neural networks (Nathaniel et al., 2023; Wong et al., 2023), and
Gaussian process regression (Ma et al., 2022), which can improve estimation accuracy. For
instance, Long Short-Term Memory (LSTM) is a well-known recurrent neural network used for
modeling time series data due to its potential to capture complex patterns (Hochreiter and
Schmidhuber, 1997; Talib et al., 2021), making it well-suited for tasks that involve capturing
temporal relationships and nuanced dependencies within the data (Reddy and Prasad, 2018).
However, because LSTM is computationally expensive (Guicquero and Sicard, 2022; Simran et
al., 2020; Zeng et al., 2020), we opted for MLP among NN models given its lower computational
requirements, while acknowledging the potential of LSTM and other deep learning approaches for

future exploration.

4.5. Conclusion

Our study demonstrates the potential of leveraging surface reflectance products (BRF) and top-
of-atmosphere products (TOA) data from the geostationary satellite GOES-R to estimate GPP and
RECO across 126 AmeriFlux sites at sub-daily scales. Gradient boosting regression (GBR) model
proves effective in this estimation. Notably, surface reflectance features, especially those in the

NIR spectral band, play a crucial role, while visible, SWIR, and IR reflectances, as well as
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radiances, further enhance performance. Combining TOA products with surface reflectance
improves estimation, with longer historical records proving valuable in capturing temporal
patterns. Moving forward, we envision an exciting path for further advancements in carbon flux
estimation and ecosystem understanding using GOES-R and other geostationary satellite
observations. Integrating meteorological and site-specific data with satellite imagery will help
account for local environmental variations to construct near-global scale machine learning models.
This expansion beyond site-level modeling promises a more comprehensive understanding of
carbon flux dynamics. We recommend diversifying modeling approaches to further enhance
estimation accuracy and accommodate temporal dependencies, which could involve integrating
computationally expensive deep learning techniques such as Long Short-Term Memory (LSTM).
Accurate prediction of GPP and RECO informs more robust ecological models, deepening our

understanding of the planet's carbon cycle and its environmental implications.
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Chapter 5. Harnessing Information from Shortwave Infrared Reflectance Bands to Improve
Satellite-based Estimates of Gross Primary Productivity

This chapter is published in the Wiley-Journal of Geophysical Research: Biogeosciences: Ranjbar,
S., Losos, D., Dechant, B., Hoffman, S., Basakin, E. E., & Stoy, P. C. (2024). Harnessing

information from shortwave infrared reflectance bands to enhance satellite-based estimates of

gross  primary  productivity. Journal of Geophysical Research: Biogeosciences,
https.//doi.org/10.1029/2024JG008240

Abstract

Monitoring Gross Primary Productivity (GPP), the rate at which terrestrial ecosystems fix
atmospheric carbon dioxide, is crucial for understanding global carbon cycling. Remote sensing
offers a powerful tool for monitoring GPP using vegetation indices (VIs) derived from visible and
near-infrared reflectance (NIRv). While promising, these VIs often suffer from sensitivity to soil
background, moisture, and variations in solar and view zenith angle (SZA and VZA). This study
investigates the potential of incorporating shortwave infrared (SWIR) reflectance from MODIS
and GOES-R advanced baseline imager (ABI) sensors to improve GPP estimation. We evaluated
various formulations for creating SWIR-enhanced Near-InfraRed reflectance of Vegetation
(sNIRv) by integrating SWIR information into established VIs across 96 Ameriflux and NEON
research sites. Our findings reveal that SNIRv improves correlation with GPP for ABI data by up
to 0.19 on a half-hourly basis for normalized difference vegetation index (NDVI) values below
0.25, with diminishing gains as NDVI values rise. Using MODIS data, sSNIRv matches r values of
NIRv for NDVI above 0.25, with a slight 0.05 increase for NDVI below 0.25. Analyses using
SCOPE model simulations further support the ability of sNIRv to capture fPAR (fractional
photosynthetically active radiation), a proxy for GPP, especially for ecosystems with low LAI
Results highlight that sNIRv-based VIs are less sensitive to soil background, SZA, and VZA

compared to NIRv. SHapley Additive exPlanations (SHAP) value analysis also identifies SNIRv
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as the best feature for GPP estimation using machine learning modeling across different land

covers, NDVI ranges, and soil water content (SWC) levels.

5.1 Introduction

Terrestrial vegetation plays a pivotal role in the Earth system, serving as the primary engine of
photosynthetic carbon fixation (Kustas and Norman, 1999; Tucker et al., 1986; Veroustraete et al.,
1996). Ecosystem carbon uptake (the gross primary productivity, GPP), underpins ecosystem
function, drives food webs, and helps regulate global climate (Chen et al., 2023; Nemani et al.,
2003; Wang et al., 2020; Weltzin et al., 2020). Monitoring GPP dynamics across space and time
is crucial for understanding the response of terrestrial ecosystems to environmental change
(Gitelson et al., 2014; Lei et al., 2018; Yang et al., 2007). Remote sensing has revolutionized our
understanding of the terrestrial carbon cycle, allowing for large-scale assessment of vegetation
productivity and highlighting the critical role of terrestrial carbon dioxide fluxes in determining
trends and variability in atmospheric carbon dioxide concentration (Friedlingstein et al., 2022;
Xiao et al., 2019). Ongoing innovations to remote sensing algorithms continue to improve our

ability to monitor GPP.

Vegetation indices (VIs) calculated using passive remote sensing are powerful tools for
extracting ecologically relevant information from vegetation and soil reflectances across multiple
spectral bands (Massetti et al., 2019; Tucker et al., 1986; Zeng et al., 2022). These mathematical
formulae condense spectral reflectance patterns into single values, acting as proxies for biophysical
attributes that offer crucial insights into plant structure and function (Tucker et al., 1986; Zeng et
al., 2022). In the context of GPP estimation, a diverse array of VIs has emerged, each with distinct

strengths and limitations, and therefore opportunities for improvement in specific ecological
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contexts and environmental conditions (Zeng et al., 2022). We briefly describe VIs as proxies for
GPP, focusing on the challenges posed by them, particularly in relation to soil backgrounds, snow,
saturation, and variations in solar zenith angle (SZA) and view zenith angle (VZA) over various

vegetation cover conditions.

The normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) are
widely used proxies for the leaf area index (LAI) and the fraction of absorbed photosynthetically
active radiation (fPAR), both of which have a direct relationship with GPP. Recent approaches
have aimed to develop formulations more closely related to the processes that control GPP.
Prominent among these are the near infrared reflectance of vegetation (NIRv, Badgley et al., 2017,
2019), the NDVI multiplied by near infrared reflectance, especially once multiplied again by
photosynthetically active radiation (PAR) to calculate the NIRvP (Chen et al., 2023; Chen et al.,
2023; Dechant et al., 2020, 2022; Jeong et al., 2023; Khan et al., 2022). Despite remarkably strong
relationships with tower-estimated GPP that can under certain situations exceed that of solar
induced fluorescence (SIF, (Baldocchi et al., 2020; Chen et al., 2023; Dechant et al., 2022; Liu et
al., 2023), NIRvP's dependence on canopy parameters may hinder grasp of the full complexity of

GPP.

One limitation of NIRVP, for example, is its sensitivity to soil background reflectance,
particularly in ecosystems with variable meteorology and canopy leaf area (Chen et al., 2023).
Although NIRv has demonstrated success in estimating LAI, even in mixed (Badgley et al., 2017),
it remains challenged by soil background, especially in sparsely vegetated areas such as
shrublands, savannas, and grasslands due in part to the persistent influence of soil background

reflectance (Dechant et al., 2022; Jiang et al., 2021), and variability in the carbon flux of dryland
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ecosystems is disproportionately important for the interannual variability of the global atmospheric

CO2 concentrations (Ahlstrom et al., 2015; Poulter et al., 2014).

To address the issue of soil background, recent research has proposed practical strategies that
leverage the robustness of NIRv against soil contamination. Zeng et al., (2021) proposed NIRv
from Hyperspectral data (NIRvH), an index for estimating vegetation NIR reflectance from
hyperspectral data, leveraging spectral shape variations in the red-edge region to mitigate the
impact of soil effects. NIRvH outperforms NIRv and the difference vegetation index (DVI) in
isolating vegetation NIR reflectance, crucial for accurate photosynthesis estimation. This strategy
paves the way for improved accuracy in NIRvVP retrievals, particularly in challenging landscapes
with significant soil background interference. Moreover, the Global Vegetation Moisture Index
(GVMI) was developed to retrieve vegetation water content rapidly and reliably on a global scale
using SPOT-VEGETATION data (Ceccato et al., 2002). Indices utilizing NIR and SWIR bands
have shown better performance in drought monitoring, especially in grasslands, by being sensitive
to soil moisture conditions (Zhu et al., 2024). Furthermore, the Vegetation-water Resistant Soil
Moisture Index (VRSMI) incorporates a physical relationship between NIR and SWIR reflectance,
supporting soil moisture content estimation even under low-moderate crop cover (Yue et al.,

2024).

Beyond soil, snow presence can also hinder accurate GPP estimation. Traditional VIs like NDVI
often struggle with snow cover, as the high reflectance in the NIR band confounds the vegetation
signal (Wang et al., 2017; Xu et al., 2021). The normalized difference phenology index (NDPI)
was developed in part to address this challenge by replacing the red band in the NDVI with a
weighted red-shortwave infrared (SWIR) combination designed to minimize the influence of both

soil and snow backgrounds (Wang et al., 2017; Xu et al., 2021). A combination of lower sensitivity
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at sparse vegetation and saturation in dense vegetation is a common limitation for many VIs
(Huang et al., 2021; Sun et al., 2021), which also demands attention. For example, while EVI
excels in dense vegetation stands, it falters in sparse grasslands due to lower sensitivity (Huang et
al., 2021; Sun et al., 2021; Xu et al., 2021) while NDVI saturates at the high LAI values for which
EVI is less prone to saturation (Huete et al., 1997). This highlights the importance of tailoring VI
selection to specific vegetation types and coverage levels to ensure accurate GPP estimates across
diverse landscapes. Angular effects also exert a significant influence on optical vegetation indices,
which varies across spectral bands and can be particularly pronounced during senescence,
highlighting the importance of selecting indices with minimized potential angular effects for

vegetation monitoring (Gu et al., 2021).

The quest for accurate GPP estimation extends beyond VIs. Approaches that combine the
strengths of multiple indices and spectral bands hold immense potential. For instance, the
Vegetation Photosynthesis Model (VPM) harnesses the ability of EVI to represent the light-
harvesting capacity of photosynthetic organs, quantified by the fPAR, while incorporating SWIR
bands for improved soil moisture retrieval (Xiao et al., 2004). Such innovative combinations offer
a more holistic perspective on GPP, but introduce modeling assumptions including temperature
and water stress scalars. While NIRvP and other VIs face challenges with soil backgrounds, snow,
saturation, and variations in SZA and VZA, the combination of SWIR bands with them stands out
as a promising contender, particularly in sparse vegetation, savannas, shrublands, and croplands
(Wangetal., 2017; Xu etal., 2021). SWIR bands collected by commonly-used satellites, primarily
centered around 1630 nm and/or 2200 nm (Khan et al., 2021; McCorkel et al., 2020), can be
effective for discriminating between soils with varying conditions (e.g. moisture content, see

Figure 5.1).
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Figure 5.1. Typical spectral signatures of soil, dry and green vegetation, and snow. Gray and
black bars show the spectral range measured by MODIS and GOES-R ABI bands, respectively.
Three soil spectra were obtained from the SCOPE model soil simulation tool (Van der Tol et al.,
2009), while the remaining spectral values depicted here were acquired from the freely available
United States Geological Survey (USGS) Spectroscopy Laboratory's Spectral Library 07a
(Splib07a) (Kokaly et al., 2017).

While these indices have made significant contributions to our understanding of vegetation
dynamics, particularly in the context of moisture content, drought, and snow, the combination of
SWIR bands with NIRv, to our knowledge, has not been extensively explored in a single, unified
index focused on GPP prediction. Here, we propose the SWIR-enhanced near-infrared reflectance
(NIR) of Vegetation (sNIRv) that integrates the strengths of NIRv with the potential of SWIR
bands measured using common remote sensing platforms (Fig. 1). Incorporating SWIR bands in
VIs may enhance their performance for more accurate monitoring of vegetation, particularly in
areas with varying soil conditions, by reducing sensitivity to soil background signals (Wang et al.,

2017; Xu et al., 2021).

SWIR wavelengths penetrate deeper into the leaf mesophyll, providing information on leaf
internal structure, water content, and canopy structure composition (Croeser et al., 2022). These
characteristics are crucial for determining photosynthetic efficiency, which directly influences

GPP (Jahan et al., 2023; Ranjbar et al., 2023; Xiong & Nadal, 2020). By incorporating SWIR
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information into NIRv, we aim to develop a sNIRv that captures a more comprehensive picture of
the factors influencing GPP across multiple ecosystems, and over time. We test different
mathematical formulations for sNIRv and evaluate their performance against established GPP
measurements at 96 AmeriFlux and NEON eddy covariance towers that capture a wide range of
vegetation type and seasonality. Additionally, we assess sNIRv performance against fractional
photosynthetically active radiation (fPAR) using hyperspectral data simulated by the SCOPE
model (Van der Tol et al., 2009). Finally, we conducted a feature importance analysis for GPP
modeling using different indices and machine learning (ML) to better understand what inputs are

important for prediction.

5.2 Materials and Methods

5.2.1 Eddy covariance

We compiled eddy covariance flux data from AmeriFlux and NEON eddy covariance towers as
described in Losos et al., (2024b) and selected sites that have data after 2021 to align with GOES-
16 ABI surface bidirectional reflectance factor (BRF) and MODIS surface reflectance
observations, described in 2.2, which results in 96 sites distributed across the Conterminous United
States (CONUS), Canada, and Puerto Rico (see Figure 5.2). The partitioning of carbon dioxide
flux measurements into GPP was conducted using the hesseflux library in Python (Cuntz, 2020)
following established algorithms for calculating GPP (Papale et al., 2006), along with uncertainty
estimates, utilizing both daytime (Lasslop et al., 2010) and nighttime (Reichstein et al., 2005)
partitioning approaches with an established friction velocity (u*) filter to exclude eddy covariance
measurements taken during periods of insufficient turbulence at night (Reichstein et al., 2012). We

use nighttime flux partitioning in the present analysis. Forest sites lacking in-canopy CO2
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concentration measurements to calculate storage fluxes were excluded to prevent underestimation
of GPP, following the recommendations of Fu et al., (2018). In total, our analysis included 231,702

time points collected from the 96 AmeriFlux and NEON sites from August 2021 - December 2023.

M Evergreen Needleleaf Forest
M Evergreen Broadleaf Forest

B Deciduous Needleleaf Forest
B Deciduous Broadleaf Forest

B Mixed Forest

[7] Closed Shrublands

("] Open Shrublands

] Woody Savannas

B savannas

B Grasslands

B Permanent Wetlands

I Croplands

["] Urban and Built Up

M Cropland Vegetation Mosaic

] Snow and Ice

[_] Barren or Sparsely Populated
B water

Figure 5.2. The spatial distribution of AmeriFlux and NEON eddy covariance sites used
in this study, mapped over IGBP vegetation types, for sites in the GOES-16 Full Disk projection.
Larger circle sizes represent sites with data size availability.

5.2.2 Remote sensing

5.2.2.1 GOES-R
This study harnessed remote sensing data from GOES-R and MODIS satellites, with an emphasis
on the Advanced Baseline Imager (ABI) aboard GOES-R for monitoring terrestrial ecosystems.
We use ABI observations from GOES-16, operational since November 2017, with BRF estimates
provided continuously since August, 2021. The ABI captures imagery across 16 spectral bands
with a nadir resolution of 0.5-2 km, providing full-disk observations every 10 minutes and CONUS

observations every 5 minutes in its most common mode (Mode 6). This research synchronized
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ABI data, particularly the GOES-R ABI L2 BRF products (He et al., 2019), spanning August 2021
to December 2023, with ground-based GPP data from 96 AmeriFlux and NEON sites as described
in Losos et al., (2024b). These BRFs encompass bands across visible, near-infrared (NIR), and
shortwave infrared (SWIR) wavelengths in the blue (BRF1, centered at 470 nm, see Figure 5.1),
red (BRF2, 640 nm), NIR (BRF3, 860 nm), shortwave infrared 1 (SWIR1, 1630 nm) and
shortwave infrared 2 (SWIR2, 2200 nm), provided every five minutes across CONUS and ten
minutes across the Western Hemisphere Full Disk. ABI's BRF product offers a clever way to
estimate ground reflectivity (surface reflectance) despite clouds. To do so, the BRFs consider both
sunlight angles and the satellite's view, which is important because the satellite's position is fixed.
The key is in retrieving Bidirectional Reflectance Distribution Function (BRDF) parameters,
which can then be used to model surface reflectance even on cloudy days (He et al., 2019). This is
achieved by analyzing clear-sky data (when available) or using BRDF information from previous

clear days (Losos et al., 2024b), and inferring BRFs during cloudy periods.

We also used the Downward Shortwave Radiation (DSR) product (Laszlo et al., 2020) for our
analysis. Despite potential uncertainty arising from differences between DSR and
Photosynthetically Active Radiation (PAR), this impact is generally minimal compared to natural
variations in solar irradiance (Dechant et al., 2022; Losos et al., 2024b; Ranjbar et al., 2024b). To
ensure data quality, ABI observations were processed by averaging within each half-hour period
and applying established techniques for temporal and spatial alignment with AmeriFlux data as
described in (Losos et al., 2024b). We analyze the relationship between VIs based on BRFs at halt-

hourly intervals.
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5.2.2.2 MODIS

MODIS, onboard the Terra and Aqua satellites, provides a complementary view of land surface
dynamics across the continental United States (CONUS) with seven spectral bands and moderate
spatial resolution (250 m). MODIS offers near-daily observations for monitoring a wide range of
land surface characteristics by capturing surface reflectance at seven visible, NIR, and SWIR bands
(Kim et al., 2017; Waggoner & Sokolik, 2010), and whereas it is past its expected mission duration,
it provided observations during the measurement period for comparison against the ABI. The
multi-year, near-daily coverage of MODIS enabled robust characterization of seasonal and inter-
annual variations in land surface phenomena. We utilized surface reflectance bands from MODIS
product MCD43A4.061 (MODIS Nadir BRDF-Adjusted Reflectance Daily 500m (Schaaf et al.,
2002)), including blue, red, NIR, and SWIR2 band (at 2200 nm), leveraging their sensitivity to
various land cover features and biophysical processes. By investigating MODIS data alongside
high-temporal-resolution GOES-R observations, our aim was to assess the robustness of indices
that incorporate the SWIR across multiple scales, capturing both detailed spatial features and

temporal patterns.

5.2.3 Simulation of canopy hyperspectral data using SCOPE

Vegetation models serve as effective tools for comprehending diverse plant physiological
phenomena. Among these models, radiative transfer models (RTMs) are extensively employed in
remote sensing due to their ability to establish a direct link between observations at the top of the
canopy (TOC) and vegetation characteristics such as chlorophyll content and leaf area index
(Houborg et al., 2007; Jacquemoud et al., 2009). The Soil Canopy Observation, Photochemistry
and Energy fluxes (SCOPE) model (Van der Tol et al., 2009), a physical model, offers deeper

insights, integrating radiative transfer and energy balance to simulate TOC reflected radiation,


https://www.zotero.org/google-docs/?t5i37t
https://www.zotero.org/google-docs/?ZcdB1a
https://www.zotero.org/google-docs/?ZcdB1a
https://www.zotero.org/google-docs/?94A3lL
https://www.zotero.org/google-docs/?94A3lL
https://www.zotero.org/google-docs/?oczxc2

130

fluorescence emission, photosynthesis, and flux characteristics such as fPAR (Schull et al., 2007;

van der Tol et al., 2016; Van der Tol et al., 2009).

SCOPE has been pivotal in understanding remotely sensed data including canopy photosynthesis,
and for utilizing reflectance and fluorescence to quantify plant traits (Jacquemoud et al., 2009; van
der Tol et al., 2016). Our study uses SCOPE to generate synthetic TOC reflected radiation,
photosynthesis, and total fPAR as a GPP proxy. By simulating data across various vegetation

characteristics (Table 5.1), we seek to gain deeper insights into how the sNIRv index is related to

fPAR.

Table 5.1. Ranges of SCOPE input parameters.
Parameter Explanation Unit Range
Cab Chlorophyll a + b content ug cm? 5to 85
Cdm Leaf mass per unit area gcm? 0t00.03
Cw Equivalent water thickness cm 0t00.03
Cs Senescence material (brown pigments) fraction Otol
Cca Carotenoid content ug cm? 0to 25
NI Leaf structure parameter - 1to3
LAI Leaf area index - 0to7
LIDFa Leaf inclination function parameter a - —-1to1
LIDFb Leaf inclination function parameter b - —-1to1
Os Solar zenith angle (SZA) ° 0 to 60
Ov View zenith angle (VZA) ° 0 to 60

In addition to analyzing vegetation characteristics, our study also examines three distinct soil
spectra (Soils 1, 2, and 3) and one snow spectrum, as shown in Figure 5.1. Soil 1 is dry, Soil 2 has
20% volume soil moisture, and Soil 3 has 30% volume soil moisture, contributing to the diverse
soil backgrounds explored in this study (Van der Tol et al., 2009). We utilized the Brightness—
Shape—Moisture (BSM) soil reflectance model (Verhoef et al., 2018; Yang et al., 2020) in SCOPE
simulations to generate soil spectral simulations and obtained the snow spectrum from the USGS

Spectroscopy Laboratory's Spectral Library 07a (SplibO7a, Kokaly et al., 2017).
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5.2.4 sNIRv formulations

We incorporated several established vegetation indices, including NIRv (Badgley et al., 2017),
bNIRv, and EVIv (refer to Equations (Eq.) 5.1-5.3), into our analysis. These established indices
serve as benchmarks for evaluating the performance of our newly proposed SWIR-enhanced near-
infrared reflectance (NIR) of Vegetation (sNIRv) indices, denoted as SNIRv; g1, SNIRVypp;,
SNIRVgy g2, SNIRVNpyixiswi> and SNIRVypy s (see Eq. 5.4-5.8) that leverage information
from SWIR bands. We experimented with various formulations for developing sNIRv, utilizing
both experimental methods and machine learning approaches. Ultimately, we developed sNIRv
based on existing SWIR-based indices from the literature and experimental methods. Specifically,
we employed the established vegetation indices NDPI (Xu et al., 2021), NDVI (Kriegler, 1969),
and Land Surface Water Index (LSWI, Chandrasekar et al., 2010) to propose and evaluate five
sNIRv formulations utilizing NDPI, SWIR?, LSWI, NDVIXLSWI and NDVI+LSWI. LSWI has
similar formulation as the Normalized Difference Water Index (NDWI, Gao, 1996)). NDPI
incorporates a parameter, a, taken to be 0.74 (Xu et al., 2021), to mitigate soil and snow
background effects. Further details on o's formulation and significance are provided in (Xu et al.,
2021). For sNIRv formulations, following sensitivity analyses, we employed the ‘SWIR2’ band at
2100 nm. We also investigated the ‘SWIR1’ band at 1630 nm in section 3.6, where we developed

a machine learning model to analyze the feature importance for GPP estimation.

NIRv = NDVIxNz’I"V—;Ifo, Eq. 5.1

bNIRv = bNDVI x N = ’IVV ;B’f" XN, Eq. 5.2

EVIv =25 x N-R XN, Eq. 5.3
N+ 6XR—-75XB+1

sNIRv,y; = LSWI X N = x—: XN, Eq. 5.4

sNIRvypp; = NDPI x N =1 @R+0-05) Eq.5.5

N+ (aR +(1-a) S) i
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_ _c2
SNIRVgy g2 = 2 X N, Eq. 5.6
N-R _N-S N%2— NxS — NXR + RXS
SNIRvypyixiswr = (NDVI X LSWI) X N = (N R N+S) XN = NZENXS - NXR + RxS )
Eq. 5.7
N-R N-S 2N% — 2RxS
SNIRUNDVI+LSWI - (NDVI + LSWI) X N - (N R + N+S) X N - N2+ NXS + NXR + RXS X N:
Eq. 5.8

Where B, R, N, and S represent blue, red, NIR, and SWIR reflectances, respectively, in
the equations.

5.2.5 Feature importance analysis

To identify informative variables for refining predictions of GPP using machine learning, we
employed SHapley Additive exPlanations (SHAP, Lundberg & Lee, 2017). SHAP helps pinpoint
features that may contain unexplained variance, potentially guiding further exploration of the GPP
prediction using sSNIRv compared to other VIs. SHAP is a powerful tool rooted in game theory for
unraveling the opaque nature of ML predictions (Lundberg & Lee, 2017) to understand individual
features' influence on a machine learning model's predictions. By calculating the direction and
strength of each feature's contribution, SHAP can reveal both collaborative (synergistic) and
opposing (antagonistic) relationships between features that ultimately guide the model's behavior
(Lundberg et al., 2020; Lundberg & Lee, 2017). SHAP can clarify individual predictions, unveil

feature interactions, and demystify the "black box" nature of ML models.

For the trained ML model utilized in the SHAP analysis, we employed a Gradient Boosting
Regression (GBR) model. GBR is proficient at capturing nonlinear relationships between variables
by integrating decision trees within an ensemble learning paradigm (Bentéjac et al., 2021; Golden
etal., 2019). Its applicability in environmental remote sensing, such as GPP and carbon respiration
(RECO) prediction (Cai et al., 2020; Ma et al., 2022; Ranjbar et al., 2023), DSR estimation
(Ranjbar et al., 2024b), LAI estimation (Liu et al., 2021), drought monitoring (Li et al., 2023;

Ranjbar et al., 2021) and more, has been well-established. The critical facet of hyperparameter
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tuning for GBR involves adjustment of the number of trees, maximum tree depth, learning rate
and minimum leaf samples executed through a systematic grid search algorithm. This fine-tuning
process is aimed to govern the model's dimensions, intricacy, and mitigate the potential for
overfitting (Bentéjac et al., 2021; Li et al., 2023; Ranjbar et al., 2021). The validity and robustness
of the trained GBR model were evaluated through the implementation of a leave-one-out cross-

validation (LOOCYV) algorithm (Ranjbar et al., 2021; Yates et al., 2023).

5.3 Results and Discussion

5.3.1 Comparison of Vs

We first investigated the relationship between tower-based GPP estimates and different VIs
across all 96 eddy covariance sites across CONUS. Figure 5.3 utilizes kernel density estimation
(KDE) plots to visually compare the Pearson correlation coefficients (r values) between GPP and
the VIs with the highest correlation (NIRv, SNIRvypp;, SNIRVgy g2, SNIRVNpyixiswi, and
SNIRvypy1+Lsw) at each study site. An analysis of half-hourly ABI products with KDE plots
(Figure 5.3a) revealed that VIs incorporating NIR, red, and SWIR bands exhibited a tendency
towards higher r values compared to other indices. Among the sNIRv indices using ABI BRFs,
SNIRvypyixLswr displayed the strongest correlation with GPP with peak r value of 0.78 in the
KDE plot, followed by sNIRvgy,,;z2 With a peak r value of 0.74. This pattern held true for daily
and weekly averaged data (Figure 5.3b & d). Table 5.2 additionally presents the median values
and interquartile ranges (IQRs) of the r values depicted in the KDE plot, due to their highly skewed

distribution (Figure 5.3).
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Figure 5.3: Kernel Density Estimation (KDE) plots comparing Pearson correlation coefficients
(r values) of the VIs with tower-based GPP estimates across 96 CONUS sites.

However, for daily MODIS data, NIRv exhibited superior performance compared to sNIRv

indices (Table 5.2), with a peak r value of 0.85 in the KDE plot. Among the sNIRv indices,

sNIRvypp;, with a peak r value of 0.83, and closely followed by sNIRvgy,;z2, with a peak r value

of 0.81. Similar trends are observed for weekly MODIS data, where NIRv has the highest

correlation closely followed by sSNIRvypp; and SNIRVgy, z2. Notably, bNIRv and SNIRv gy,

derived from both satellites exhibited the weakest correlations with GPP. Although EVIv derived

from ABI data showed the worst agreement with GPP at half-hourly, daily, and weekly resolutions,
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it demonstrates the best performance for MODIS data. For weekly MODIS data, a median r-value

0f 0.76, equal to NIRv, was achieved (Table 5.2).

Table 5.2 The median correlation coefficients (r-values) of the VIs with GPP for all sites using
(a) half-hourly ABI data, (b) daily ABI data, and (c) daily MODIS data. Interquartile Ranges
(IQR) also are presented in parentheses.

Indices GOES-R ABI MODIS
Half hourly Daily Weekly Daily Weekly

NIRv 0.61 (0.33) 0.70 (0.37) 0.80 (0.35) 0.75 (0.25) 0.76 (0.21)
SNIRVNpps 0.63 (0.31) 0.71 (0.37) 0.82 (0.32) 0.74 (0.29) 0.76 (0.27)
sNIRvVswir? 0.62 (0.34) 0.74 (0.41) 0.85 (0.32) 0.73 (0.38) 0.74 (0.32)
SNIRVNDvIXLSWI 0.64 (0.35) 0.74 (0.41) 0.86 (0.31) 0.71 (0.44) 0.73 (0.43)
SNIRVNDVILsWI 0.62 (0.35) 0.65 (0.39) 0.76 (0.39) 0.74 (0.37) 0.76 (0.30)
SNIRvLswi 0.57 (0.44) 0.62 (0.55) 0.73 (0.61) 0.68 (0.41) 0.74 (0.42)
bNIRv 0.52 (0.28) 0.62 (0.35) 0.71 (0.37) 0.71 (0.24) 0.75 (0.25)
EVIv 0.52 (0.44) 0.58 (0.57) 0.71 (0.58) 0.72 (0.29) 0.76 (0.19)

We further compute root mean square error (RMSE) values for the linear model fitted on the VIs
for GPP estimation. RMSE values also support our findings, where SNIRVypyxsw; performs
best for ABI data at all three temporal resolutions of half hourly, daily and weekly (median RMSE
of 2.23 to 4.40 umol m s'). Moreover, EVIv had the worst performance for ABI data (median
RMSE of 2.96 to 5.13 pmol m? s!). However, EVIv has the best performance for MODIS daily

and weekly data (median RMSE of 2.06 to 3.79 pmol m? s™).

Our analysis of the VIs derived from ABI and MODIS data against tower-based GPP estimates
reveals a critical role for VI choice and sensor characteristics in capturing GPP dynamics. A key
difference between ABI and MODIS data is that MODIS provides Normalized Bidirectional
Reflectance Factor (NBAR) products, while ABI data are BRFs, which are susceptible to viewing
angle effects. Different bands and VIs are affected by view zenith angle, leading to increases or
decreases in their correlation with GPP (Gu et al., 2021; Lobell et al., 2002). The higher correlation

coefficients observed with VIs for ABI data incorporating NIR, red, and SWIR bands highlight
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the importance of these spectral regions for accurate BRF-based GPP estimation. Notably, the
strong performance of SNIRvVypyxiswr across ABI data suggests its potential for robust GPP
estimation at finer temporal scales. However, the superiority of NIRv over sNIRv indices in daily
MODIS data underscores the influence of sun-sensor-view geometry on VI-GPP relationships.
This finding emphasizes the necessity of new analysis for different factors affecting satellite
observations including SZA, VZA, soil water content (SWC), and soil background. Additionally,
the persistent underperformance of bNIRv and sNIRvg, relative to other VIs — both which
exclude the Red band — underscores their limitations in accurately capturing GPP dynamics across

diverse temporal resolutions and ecosystem types.

5.3.2 Index performance over different ranges of NDVI

Figure 5.4 depicts the correlation between various VIs and GPP across different ranges of the
NDVI. We used the NDVI values derived from the ABI and MODIS data themselves (Eq. 5.1).
This analysis aims to investigate the influence of soil background effects on the VI-GPP
relationship as low NDVI values imply less vegetation and more likely soil background effects.
Figures 4a and 4b compare the VI-GPP correlations derived from ABI data at half-hourly and daily
temporal resolutions, respectively. We noted higher r-values for indices such as SNIRVypyixLswis
SNIRVgy g2, and sSNIRvVypp; when compared to NIRv for ABI data. SNIRvypy xsw; €xhibits
the strongest correlation with GPP across all NDVI ranges with an improvement in r of 0.19 for
NDVI values below 0.25, albeit with diminishing improvements as NDVI values increase. In the
context of MODIS data, SNIRvgy, gz demonstrates comparable r values to SNIRv when NDVI
exceeds 0.25, with a more modest enhancement of 0.05 in mean r values for NDVI values below

0.25. Conversely, NIRv surpasses SNIRVypyxsw 1n correlation with GPP for all NDVI ranges
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Similarly, in alignment with findings from ABI data, EVIv, bNIRv, and sNIRv; sy, exhibit lower

correlations with GPP.

. NIRv
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Figure 5.4. Correlation coefficients (r-values) of the VIs with GPP for all the sites in (a) half-

hourly GOES-16 ABI data, (b) daily ABI data, and (c) daily MODIS data. The black dotted lines
show r values of 0.4 for visual reference.

As noted, lower NDVI values typically indicate less vegetation cover, leading to a greater
presence of background signals, primarily from soils. This scenario presents a challenge for some
VIs, as demonstrated in previous studies that have shown drawbacks of NIRv in sparse vegetation
conditions (Dechant et al., 2022; Jiang et al., 2021), which can be due to its sensitivity to
background signals. In contrast, the current findings suggest that sNIRv, particularly
SNIRVNpyixswr for ABI data and sNIRvgy,zz for MODIS data, exhibits a more robust
correlation with GPP across low levels of NDVI. This resilience of sNIRv in ecosystems that can
be expected to have stronger soil background signals highlights its potential for accurate GPP
estimation, especially in environments with sparse vegetation cover or heterogeneous land
surfaces. These insights underscore the importance of considering both NDVI ranges and the
spectral characteristics of VIs when assessing their suitability for GPP estimation, ultimately
contributing to enhanced understanding of ecosystem productivity dynamics in response to

environmental changes.
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5.3.3 sNIRv sensitivity to solar zenith angle (SZA) and view zenith angle (VZA)

We conducted an analysis to investigate the sensitivity of sNIRv indices to SZA. We analyzed
GOES half-hourly data and found that as SZA increases, the correlation between NIRv and GPP
decreases for half hourly ABI data. However, sNIRv indices maintained a stronger correlation with
GPP even at SZAs exceeding 60 degrees (Figure 5.5a), where the r value of SNIRVypyixLswi
increased by 0.02 and that of NIRv decreased by 0.04. However, daily ABI data do not have a
similar trend; the correlation between sNIRv indices and GPP decreases as SZA increases similar
to the NIRv trend (Figure 5.5b). The impact of SZA was more pronounced in the analysis of daily
data, although the differences between the VIs were relatively smaller than half hourly data. When
examining daily data, it is apparent that there exists a confounding effect attributed to diurnal
versus seasonal variations in SZA, whereas the daily dataset strongly reflects the seasonal

component.

The analysis of daily MODIS data revealed that sNIRv indices follow the same trend as NIRv,
offering no improvement (Figure 5.5¢). This highlights the importance of investigating VZA
sensitivity for GOES data, particularly considering some eddy covariance research sites are located

in pixels with VZA up to 70 degrees when viewed by GOES-16 (Losos et al., 2024b).
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Figure 5.5. sNIRv indices performance in different solar zenith angles compared to NIRv for
half-hourly and daily GOES-16 ABI data and daily MODIS data. The black dotted line shows r
values of 0.6 for visual reference..

For ABI data, while the correlation between NIRv and GPP decreases notably as SZA increases,
sNIRv indices exhibit greater resilience to high SZAs. Particularly noteworthy is the slower rate
of the decrease in correlation observed for sNIRv indices compared to NIRv as SZA increases,
indicating the potential of sNIRv indices for robust GPP estimation at lower solar elevation angle.
This finding underscores the importance of considering SZA sensitivity when selecting vegetation
indices for GPP estimation, especially in environments where lower solar elevation angles are

prevalent, such as regions at higher latitude on the Earth or during certain seasons.

The VZA analysis revealed an interesting trend. As VZA increases, the sNIRv becomes more
reliable than NIRv in its correlation with GPP (Figure 5.6). If the initial SNIRv correlation is lower
than NIRv, the gap between them narrows with increasing VZA. Conversely, if the initial sSNIRv
correlation is higher than NIRv, the difference increases with increasing VZA. This trend is evident
in both half-hourly and daily data, suggesting that SNIRv reduces sensitivity to VZA compared to
NIRv. In other words, VZA has a greater impact on NIRv correlations with GPP compared to
sNIRv. Lobell et al., (2002) used the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS)
to show that SWIR reflectance, after normalizing reflectance measurements to SWIR wavelengths
at 2080 nm, exhibited minimal influence from the viewing angle. However, viewing angular
effects can be greater for SWIR bands (Gu et al., 2021; Lobell et al., 2002), which raises the
question of whether including SWIR bands could potentially mitigate the large anisotropy from

the red band.
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Figure 5.6. sNIRv indices performance in different view zenith angles compared to NIRv for
half-hourly and daily GOES-16 ABI data. The black dotted line shows r values of 0.5 for visual
reference.

5.3.4 Time series analysis across different plant functional types

We conducted an evaluation of the four most accurate VIs in the previous analysis: NIRv,
SNIRVNpyixiswi> SNIRVgy r2, and sNIRvypp;, at both half-hourly intervals (scatterplots
depicted on the left side of Figure 5.7) and daily resolution (time series plots presented on the right
side of Figure 5.7) across different International Geosphere-Biosphere Programme (IGBP)
categories from April to September 2022, a period with significant changes in phenological stages
across CONUS. We also conducted the same analysis for the full year of 2022. Our analysis
revealed that SNIRvypy«Lsw; €xhibited the strongest agreement with GPP across all categories,

followed closely by SNIRvgy 2.

Savannas displayed the most significant enhancement in r values with improvements of 0.33 for
daily resolution and 0.23 for half-hourly resolution when comparing sNIRv to NIRv. Similarly,
shrublands (open and closed shrublands were merged into one class) demonstrated considerable
enhancement, with an increase of 0.08 in daily resolution, reaching an r value of 0.85. Additionally,

sNIRv exhibited notable improvements, particularly in permanent wetlands, across both half-
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hourly and daily time scales. However, it is noteworthy that permanent wetlands displayed

comparatively lower r values compared to all other IGBP categories.

While Deciduous Broadleaf Forests and Croplands showcased exceptionally high r values—up
to 0.95 for DBF and 0.85 for croplands at the daily scale—the improvements in r values when

comparing sNIRv to NIRv were relatively modest for these vegetation types.
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Figure 5.7: Time series plots depicting GPP and the vegetation indices (VIs) at daily resolution,
alongside scatterplots between them using half-hourly ABI data across different vegetation

covers categorized by the IGBP.

Across half hourly and daily temporal resolutions and land cover categories, the evaluation of

VIs demonstrated sSNIRVypyixrswi and SNIRvgy, z2 as having the strongest correlations with

GPP. This highlights the effectiveness of these indices in capturing vegetation dynamics and
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productivity variations over time. Notably, the significant enhancement observed in r values for
savannas and shrublands, particularly with sSNIRv compared to NIRv, highlights the utility of the
SWIR band in VIs for characterizing vegetation responses in sparsely vegetated ecosystems. GPP
in savannas and shrublands, often characterized by sparse vegetation and exposed soil
backgrounds, exhibited notable improvements in correlation with sSNIRv, which was also observed
for NDVI values lower than 0.25. This finding aligns with previous studies (Dechant et al., 2020,
2022; Jeong et al., 2023), which have shown a lower correlation of NIRv with GPP in savannas
and shrublands. The enhanced performance of sNIRv in these ecosystems is consistent with its
reduced sensitivity to background signals, leading to higher correlations with GPP. The enhanced
performance of sNIRv in these ecosystems can be attributed, in part, to its reduced sensitivity to

background signals, resulting in higher correlations with GPP.

The high seasonal changes in GPP in Deciduous Broadleaf Forests, attributed to leaf-out in spring
and leaf fall in autumn, contribute to the pronounced variations in GPP, and relatively high r values
in these ecosystems suggest that sNIRv is largely able to capture these dynamics. Similarly,
croplands, subject to intensive agricultural practices and seasonal planting cycles, exhibit
significant fluctuations in GPP, leading to high correlations with the selected VIs. However, the
relatively modest improvements in r values when comparing sNIRv to NIRv in these categories
imply that while the existing indices perform well, there is room for refinement to better capture
the nuances of vegetation dynamics in such environments. These findings highlight the importance
of selecting appropriate VlIs tailored to specific land cover types and temporal resolutions to

accurately monitor and assess ecosystem productivity and phenological changes.
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5.3.5 sNIRv and fPAR relationship in SCOPE simulation

Figure 5.8 illustrates the r values between different VIs and fPAR across various categories of
soil conditions, LAI, the leaf inclination function parameter ‘a’ (LIDFa), SZA, and VZA ranges
obtained from SCOPE simulations. (LIDFa describes the orientation of leaves relative to the
ground, with a more negative value indicating a more horizontal leaf angle distribution.) Among
the indices evaluated, SNIRvg, g2 and SNIRVypy;+sw; consistently exhibit the highest r values

across all categories unless LAI is larger than 2 m*> m ™, followed closely by SNIRvypp; with an

average of 0.03 lower r values. Interestingly, SNIRVypyixLswi»> despite being identified as one of
the best indices and consistently outperforming NIRv in previous analyses based on ABI data,

displays lower r values compared to NIRv in the SCOPE simulations, similar to MODIS data.

When analyzing various soil conditions, the performance of SNIRvgy,, 2 1s notably enhanced in
soil condition 1 (soill), maintaining higher r values compared to NIRv in soils 2 and 3. SCOPE
simulations using snow spectra demonstrated the highest correlation between fPAR and
SNIRvypy1+Lswi»> closely followed by NIRv. Data from snow spectra significantly reduced the

correlation between fPAR, SNIRVgy g2, and SNIRVypp;.

Analysis of LAI indicates that r values for sNIRv indices are highest for LAI values less than 2

m® m~ %, with a considerable drop observed for LAI values exceeding 2 m? m~?. Notably, for LAI

values greater than 2 m*> m~?, NIRv demonstrates higher r values compared to all other indices.

Moreover, the sNIRvg, gz method shows a significant increase in r values when leaf angle
distribution is more horizontal (LIDFa <-0.5). Horizontal leaves allow for better canopy light

capture, explaining the observed improvement in r values.
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Figure 5.8. Correlation coefficients (r-values) of the VIs with fPAR as a proxy of GPP using
data from SCOPE simulation. The black dotted lines show r values of 0.4 and 0.6 for visual
reference.

Our findings from SCOPE also suggest a potential link between vegetation cover density and the
effectiveness of VIs for fPAR estimation, particularly at LAI values less than 2 m? m™. Sparser
vegetation cover, characteristic of low LAI, leads to stronger background signals in remote sensing
data. Prior analysis also showed that sNIRv is less sensitive to background information compared
to NIRv. This could explain the superior performance of sNIRv-based VIs (sNIRvgy, gz and
SNIRvypy+Lswi) In these conditions. These observations highlight the importance of considering
the interplay between vegetation density and background effects when selecting VIs for fPAR

retrieval.

Furthermore, the data simulations using snow backgrounds provide valuable insights into VI
performance under distinct environmental conditions. Notably, only SNIRVypy 4sw; €xhibited
improved performance compared to NIRv under snow cover. All other sNIRv indices displayed
low correlations with fPAR in this scenario. In particular, the correlation values for SNIRvgy,; 2

and sNIRvypp; dropped significantly, indicating their high susceptibility to snow. This suggests
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that VI effectiveness in fPAR estimation can vary considerably depending on the presence of snow
cover. Therefore, careful consideration of environmental factors is crucial for robust vegetation
monitoring and modeling efforts. Snow cover of course is associated with reduced or negligible
GPP, but understanding how different environmental conditions impact VIs provides additional

insight into their characteristics.

Moreover, we explored the data for individual soil types. Specifically, Figure 5.4 shows the r
values between different VIs and fPAR across various categories of LAI, the leaf inclination
function parameter ‘a’ (LIDFa), SZA, and VZA ranges obtained from SCOPE simulations for soill
(dry) and soil 3 (SWC=30%). Our findings revealed that variations across different LAI and angles
including LIDFa, SZA, and VZA are factors beyond soil background that influence NIRv and
sNIRv differences. Notably, we observed that SWC played a significant role in this context. For
instance, soill, characterized by a dried soil, exhibited a more pronounced enhancement in
SNIRvgy, gz compared to NIRv, with an increase of 0.18 in r-values for LIDFa values below -0.5.
Conversely, soil3, with a higher SWC of 30%, demonstrated a comparatively lesser improvement,
with only a 0.08 increase in r-values for LIDFa values below -0.5. These results suggest that soil
background exerts a more pronounced influence on SWIR band behavior under conditions of

higher SWC, leading to reduced correlation with fPAR as a proxy for GPP.

Figure 5.9 presents a density scatter plot visualizing the relationships between VIs (NIRv and
four sNIRv) and fPAR derived from the SCOPE simulation data. SNIRvgy,z2 has the strongest
correlation (with highest r-value of 0.77), closely followed by sNIRvypp; and SNIRVypy+Lswi-
Interestingly, NIRv exhibits higher r-value of 0.71 compared to SNIRVypyixiswi (the top
performance index in previous analysis for ABI data) with r value of 0.66, suggesting a potentially

more robust linear relationship between NIRv and fPAR.
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Comparing RMSE of the fitted linear regressions offers further insights. Notably, SNIRVgy; 2,
SNIRvnppr, and SNIRVypy+swi achieved RMSE values of 0.10. Conversely, SNIRVypyixLswi
exhibited a higher RMSE (0.12), indicating a potentially disproportionate increase in fPAR
estimates with increasing SNIRvypyi«Lsw; Values. This observation aligns with the visual
assessment in Figure 5.9, where the density scatter plots depict the relationships between various

vegetation indices (VIs) and fPAR.
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Figure 5.9. Density scatter plots between the VIs and fPAR using data from SCOPE simulations.
The black line represents the linear fitted line on the heatmap.

5.3.6 Unveiling key drivers of GPP prediction using ML through SHAP analysis

Building upon the exploration of sNIRv-GPP relationships, this section evaluates the
effectiveness of these VIs as predictor variables for GPP modeling using GBR at half-hourly
temporal resolution. To account for the influence of photosynthetically active radiation (PAR) on
vegetation productivity, we incorporated Downward Shortwave Radiation (DSR) as a feature into
the GBR model. This approach aligns with previous research suggesting the effectiveness of PAR-
adjusted VIs for GPP estimation (Baldocchi et al., 2020; Chang et al., 2020; Dechant et al., 2020,
2022; Mallick et al., 2024). Here, we considered two sets of feature inputs: one based on ABI
reflectance products plus the DSR feature, and the other including the VIs, the DSR feature, and
the SWIR1 band from ABI reflectances that was not used in the VIs. In the first scenario, we
achieved an average R 0of 0.80 and RMSE of 5.86 pmol m™ s™! through ten iterations of the LOOCV

algorithm. The second scenario achieved an average R of 0.82 and RMSE of 5.72 pmol m™2 s™'. To
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gain insights into feature importance, we applied SHAP analysis on the trained model using
categorized data by different NDVI values, soil water content (SWC) levels, and IGBP categories.

The results are visualized in Figure 5.10 for the first scenario and in Figure 5.11 for the second

scenario.
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Figure 5.10: SHAP feature importance analysis for the first scenario categorized by different soil
water content (SWC, %) levels (top row), NDVI values (second row), and IGBP categories (third
and fourth rows). Variables are ordered from top to bottom based on their overall importance
rank.

In the first modeling scenario, using ABI reflectance products with the DSR feature, Red and
NIR bands exhibited consistent prominence across all categories, with SWIR2 surpassing DSR for
SWC below 10% and NDVI below 0.5 (see Figure 5.10). Observations from NDVI and IGBP

categories also support previous findings regarding the lower sensitivity of sNIRv to soil

background signals. Notably, in scenarios with NDVI less than 0.5 and within savanna and
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shrubland IGBP categories, SWIR2 emerges as the third most important feature, suggesting its
effectiveness in mitigating soil background effects. Interestingly, SWIR1 exhibits lower
effectiveness in GPP prediction compared to SWIR2 across all categories, supporting our selection
of SWIR2 for VI investigation. Further analysis of SWC reveals that SWIR2 is more effective
when SWC is less than 10%, as it is less sensitive to soil background and exhibits stronger
correlation with GPP. Conversely, higher SWC levels exacerbate the influence of soil background
on SWIR2, resulting in reduced correlation with GPP. Different studies have demonstrated that
SWIR bands are sensitive to SWC (Babaeian et al., 2019; Norouzi et al., 2021; Tian & Philpot,
2015). As SWC increases, the influence of the soil background on the SWIR2 index also intensifies
(Lobell & Asner, 2002; Lingli Wang et al., 2008), which can lead to a heightened sensitivity of
the sNIRv indices to the soil background. Intriguingly, Red's superior influence on GPP prediction
over NIR emerged notably for SWC exceeding 20%, which suggests that NIR is also being
impacted by soil background with higher soil moisture levels (Amani et al., 2016, 2017; D. B.
Lobell & Asner, 2002). In the context of land cover types, SWIR2 emerged as a pivotal feature,
especially in Savannas and Shrublands, surpassing NIRv performance. In these land cover types,
NIRv showed the lowest performance (Dechant et al., 2022; Jiang et al., 2021). In other categories,
following NIR, Red, and DSR, SWIR2 ranked as the fourth most influential feature for GPP

prediction.

In the second scenario, which utilizes VIs, the DSR feature, and the SWIRI band,
SNIRvypyixLsw consistently ranks as the most informative feature for GPP modeling across all
SWC, NDVI and IGBP categories in Figure 5.11. This suggests the GBR model heavily relies on
this combined information for model development. DSR consistently ranks second in importance

for 13 out of 16 categories. However, in Savannas and Shrublands, SWIR1 alone showed a greater
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influence on GPP prediction compared to DSR. Interestingly, features like EVIv and SWIR1
emerged as more important than NIRv, ranking among the top four most influential features for
GPP prediction. Conversely, sNIRvypp; and SNIRVypy4swi consistently rank as the least

important features across all categories.
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Figure 5.11: SHAP feature importance analysis for the second scenario categorized by different
soil moisture (SWC) levels, NDVI values, and IGBP categories. Variables are ordered from top
to bottom based on their overall importance rank.

5.3.7 sNIRv for vegetation analysis: gains, conditions, and mechanisms

Through our analysis of various VIs, which include or exclude SWIR band information under
different environmental conditions, the enhanced ability of SNIRVypyxiswr and SNIRVgy, g2 to
capture GPP dynamics using ABI becomes apparent, particularly for low NDVI values. From our
analysis, we determined that using SWIR bands, especially SWIR2, improves GPP estimation
using ABI data but not the MODIS Nadir BRDF-Adjusted product. We briefly describe key
findings with an eye toward a mechanistic explanation of observations for improving satellite GPP

monitoring using geostationary observations.

The observed correlation patterns highlights the influence of NDVI ranges on VI-GPP
correlations, with SNIRvypy;xsw; €Xhibiting strong correlations across low NDVI values,
suggesting its potential for accurate GPP estimation in environments with sparse vegetation cover
(Dechant et al., 2022; Jiang et al., 2021). Furthermore, SWC impacts the GPP estimation using
sNIRv. While SWIR?2 offers strong predictive power for GPP at lower SWC levels (SWC<10%),
its effectiveness weakens as soil moisture increases due to enhanced soil background influences.
This is consistent with the finding SWIR bands are highly sensitive to higher soil moisture levels
(Amani et al., 2016, 2017; Babaeian et al., 2019), leading to a stronger soil background effect on
sNIRv and a consequent reduction in the correlation between sNIRv and GPP. A similar trend is
observed for the NIR band, where SWC exceeding 20% weakens its efficacy for GPP prediction

due to increased soil background effects.
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Angular effects are greater for SWIR bands (Gu et al., 2021; Lobell et al., 2002) yet they can also
provide key information on the soil background signal and ecosystem water content. It is likely
that the improvement introduced by adding SWIR to VIs, especially from SWIR2 from
geostationary platforms, is a combination of angular, soil, and hydrological effects. Notably,
SNIRvgy, g2 emerges as a strong VI, particularly in scenarios with low LAI and vertical and/or
horizontal leaf angles, showcasing its effectiveness in mitigating background signals and capturing

vegetation dynamics accurately.

Finally, comparing VI-GPP correlations for daily resolution data derived using ABI data at a
single time (at noon time, see Figure 5.4) and averaged half-hourly data (Figure 5.5) demonstrates
that the one derived from half hourly data capture subtle changes in GPP better than single
measurements, resulting in a more accurate representation of GPP dynamics (evident in the higher

r-values of Figure 5.5, with an average increase of 0.12).

5.4 Conclusions

Understanding GPP is crucial for studying global carbon cycling and its impact on Earth's
climate. The VIs based solely on NIR and Red bands often struggle in challenging scenarios like
low vegetation cover, high solar angles, and varying viewing geometries. This study introduces a
novel class of VIs, sNIRv, which incorporates SWIR bands alongside NIR and Red. Our findings
demonstrate that SNIRv-based Vls, particularly the SNIRvy pyi«sw outperform NIRv when using
ABI data by establishing stronger correlations with GPP across diverse land covers and improving
GPP estimation at low NDVI values which represent higher levels of soil background reflectance.
While further research is needed to fully understand the implications of SWIR bands for nadir

viewing geometries in dense vegetation, this work highlights the potential of sSNIRv-type VIs for
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robust GPP monitoring across various ecosystems and GOES-R ABI observations. By introducing
pathways to integrate SWIR bands, this research paves the way for the development of improved
VIs for more accurate GPP estimation, ultimately contributing to a better understanding of global

carbon cycling.
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Chapter 6. Near Real-Time Estimation of Daytime and Nighttime Evapotranspiration Using
GOES-R Observations and Machine Learning Models

This chapter is drafted and intended to submitted to the Wiley-Water Resources Research:

Abstract

Evapotranspiration (ET) is a critical component of the water cycle, influencing climate,
agriculture, and water resource management. However, most satellite-derived ET products are
limited to daily or coarser temporal resolutions, despite the strong diurnal variability of ET
processes. Existing satellite-based ET retrievals are largely restricted to daytime conditions, when
nighttime ET is a small but often non-trivial flux. In this study, we introduce the Advanced
Baseline Imager Live Imaging of Vegetated Ecosystems ET (ALIVEEr), a near real-time, five-
minute ET estimation framework, leveraging geostationary satellite observations from the GOES-
R Advanced Baseline Imager (ABI) and machine learning models under both clear and cloudy
conditions. We test Gradient Boosting Regression (GBR) and Long Short-Term Memory (LSTM)
models to assess their ability to estimate ET variations across the diurnal cycle. GBR captures
daytime ET with an R? of 0.74 (RMSE of 0.059 mm hh™!) while maintaining low computational
cost. For nighttime ET, where R? decreases by about 0.50 compared to daytime, LSTM models
trained on time-series observations perform better, achieving an R? of 0.24 (RMSE of
0.014 mm hh!) by leveraging temporal dependencies in land surface temperature (LST) and past
ABI observations. Comparisons against daily ET estimates from the physically-based ALEXI
model demonstrates good agreement but opportunities for improvement. This study demonstrates
the potential of integrating machine learning with geostationary remote sensing to advance high-
temporal-resolution ET estimation.

Keywords - Evapotranspiration, Machine Learning, GOES-R, Nighttime ET, Near Real-Time
Water Cycle Monitoring
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6.1 Introduction

As the second-largest flux in the terrestrial water cycle, evapotranspiration (ET) returns
approximately 60—80% of terrestrial precipitation to the atmosphere, eventually recycling nearly
all of it, thereby influencing regional and global climate patterns, water availability, and ecosystem
dynamics (Peterson et al., 1995; Tateishi and Ahn, 1996; Van Der Ent et al., 2010). It also plays a
fundamental role in the carbon cycle through the coupling of its dominant term — transpiration
through vegetation — with carbon dioxide uptake via stomatal function (Katul et al., 2012; Pan et
al., 2020). Accurate ET estimation is essential for hydrological modeling, drought assessment, and
sustainable agricultural water management, particularly in the face of increasing global food
demand and freshwater scarcity (Sabir et al., 2024; Wanniarachchi and Sarukkalige, 2022). ET
varies dynamically over the course of a typical day in response to environmental variability and
plant hydrological stresses. Ecosystem models struggle to simulate these dynamics, suggesting
gaps in our knowledge of key processes at the ecosystem scale (Brighenti et al., 2019; Matheny et
al., 2014). Retrieving sub-daily ET estimates from satellite observations to estimate these
dynamics at larger spatial scales also remains challenging due to cloud cover, sensor limitations,
and the need for robust methodologies to address data gaps (Qin et al., 2022; Ranjbar et al., 2024c;
Wang et al., 2023; Wanniarachchi and Sarukkalige, 2022). Moreover, most studies focused on
satellite-based ET retrievals are limited to daytime, assuming that nighttime ET negligible, when
it is often small but non-zero and important to understand especially in arid and semi-arid
ecosystems (Krishnan et al., 2012; Tabari et al., 2012) for improving water balance assessments

and land-atmosphere exchange modeling. Addressing these challenges is critical for advancing
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climate monitoring, optimizing irrigation strategies, and improving our understanding of land

surface processes.

Remote sensing has revolutionized ET estimation, offering large-scale assessments through
optical, thermal, and microwave sensors (Wanniarachchi and Sarukkalige, 2022). Methods such
as the Surface Energy Balance Algorithm for Land (SEBAL, (Bastiaanssen et al., 1998)) and the
Atmosphere-Land Exchange Inverse (ALEXI, (Anderson, 1997)) model leverage thermal infrared
observations to estimate ET by solving the surface energy balance equation (Anderson et al., 2012;
Wanniarachchi and Sarukkalige, 2022). Similarly, models like the MODIS-based Penman-
Monteith (McColl, 2020; Penman, 1948) and the Priestley-Taylor Jet Propulsion Laboratory (PT-
JPL, (Fisher et al., 2008; Ling et al., 2022)) frameworks integrate satellite-measured vegetation
indices and land surface temperature (LST) with meteorological inputs for global ET estimation

(Fisher et al., 2008).

Existing ET products face inherent trade-offs between spatial and temporal resolution, as well as
data latency. MODIS-based ET products, for instance, provide global coverage but are constrained
to daily or eight-day resolutions, limiting their effectiveness in monitoring diurnal ET variations
(C. Zheng et al., 2022). Similarly, Landsat-derived ET estimates offer higher spatial resolution
(30-100 m) but have extended revisit times of 8 to 16 days that are unable to observe sub-daily
processes and may miss rapid temporal changes in ET (Bai et al., 2017; Yang et al., 2013).
ECOSTRESS, on the International Space Station, provides unique opportunities to estimate ET
across different times of day, but often requires extensive extrapolation to infer diurnal patterns

(Fisher et al., 2020; Hu et al., 2022; Meerdink et al., 2019).
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Thermal infrared-based estimates of ET have a strong physical basis but are additionally
challenged by clouds, which obviously have a strong impact on ET by altering the surface energy
balance. Microwave-based ET retrievals, such as those from SMAP or AMSR-E (Sun et al., 2012;
Walker et al., 2019), offer all-weather capabilities but operate at coarser spatial scales (~10-50
km) (Sun et al., 2012). ET products derived from data fusion methods, such as OpenET, integrate
outputs from different remote sensing-based ET models to overcome existing limitations. OpenET
utilizes six well-established models to provide high-resolution (30-m spatial, daily temporal) ET
data, designed to support efficient water management and agricultural decision-making (Melton et
al., 2022). However, OpenET's dependence on multiple data sources makes it vulnerable to data
gaps and its daily resolution does not capture sub-daily ET variations, restricting its ability to

monitor ET dynamics on a diurnal scale.

Geostationary satellites, such as the GOES-R series, present a transformative opportunity for
high-frequency ET mapping by providing reflectances, brightness temperatures and derived
environmental variables every 5-10 minutes (Khan et al., 2021b; Ranjbar et al., 2024c, 2024d).
Recent advancements in DSR and LST estimation show that brightness temperature data—even
under clouds—can be used through both physically-based and machine learning approaches (Liu
et al., 2023; Ranjbar et al., 2024b, 2024d; Zhao and Duan, 2020). The Advanced Baseline Imager
(ABI) onboard GOES-R captures spectral information from visible to thermal wavelengths across
all sky conditions, enabling the inference of environmental variables based on cloudiness,
radiation, and moisture (Table 6.1). This capability allows for continuous monitoring of diurnal
ET variations, providing unique insights into water and energy fluxes at sub-hourly scales (Khan
et al.,, 2021b). Physical remote sensing approaches struggle with missing data due to cloud

contamination and limited nighttime observations (Ranjbar et al., 2024c, 2024d; Zhao and Duan,
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2020). To overcome these limitations, we leverage machine learning techniques to estimate ET
under various sky conditions, including nighttime retrievals. Specifically, we employ Gradient
Boosting Regression (GBR, (Friedman, 2001)) to capture nonlinear relationships between input
features (Cai et al., 2020; Dhake et al., 2023) and Long Short-Term Memory (LSTM, (Hochreiter
and Schmidhuber, 1997)) networks for temporal dependencies to model ET on a five-minute
interval across the GOES-16 CONUS scene. The integration of high-frequency observations from
geostationary satellites with machine learning models enhances near real-time ET estimation under
all-sky conditions, spanning regional to continental scales (He et al., 2019; Jeong et al., 2023b;
Khan et al., 2021b; Ranjbar et al., 2024c). We discuss the benefits and limitations of our approach,
which we call ALIVEEr (Advanced Baseline Imager Live Imaging of Vegetated Ecosystems) and
compare against a physically-based model that also uses geostationary observations, ALEXI, with

an eye toward clarifying the role of machine learning-based models in water cycle science.

6.2 Materials and Methods

6.2.1 Tower observations and ET calculations

We compiled micrometeorological data from AmeriFlux and NEON eddy covariance towers
following the methodology outlined in (Losos et al., 2024a). These publicly available datasets
include half-hourly (or occasionally hourly) fluxes of carbon dioxide, water, heat, meteorological
parameters, and radiometric variables, which undergo standard quality control (Pastorello et al.,
2020, 2017; Sturtevant et al., 2022). Data were filtered using quality control criteria, including the
application of a friction velocity (u*) threshold to address insufficient nighttime turbulence
(Reichstein et al., 2012b). We then synchronized tower data with GOES-16 observations and data
products (section 2.2), resulting in a time series for 101 locations across the Contiguous United

States (CONUS, Figure 6.1 and Table 6.A1).
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Figure 6.1. Locations of AmeriFlux and NEON sites used in this study, overlaid on the
International Geosphere-Biosphere Programme (IGBP) land cover classification.

We used latent heat flux (LE) measured by the towers to estimate actual ET using Eq. 6.1 (Allen

et al., 1998), which we used as the training target and in situ data for validation and testing.

Eq. 6.1

Where A is the latent heat of vaporization. Assuming a water density of 1000 kg m=, this yields

ET in mm per time. The latent heat of vaporization varies slightly with temperature and can be

computed using Eq. 6.2 (Allen et al., 2006, 1998):

2 =2.501— (2361 x1073) x Ta Eq. 6.2

Where Ta is air temperature in °C, and A is in MJ kg™
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6.2.2 ABI observations from GOES-R satellite

We used the Level 2 Cloud and Moisture Imagery (CMI) observations and land surface
bidirectional reflectance factor (BRF) products from the ABI aboard the GOES-16 satellite, which
has been operational since November 2017. The ABI captures data across 16 spectral bands,
spanning the visible, near-infrared (NIR), shortwave infrared (SWIR), and infrared (IR)
wavelengths, with spatial resolutions ranging from 0.5 to 2 km at nadir, depending on the specific
band (Table 6.1, Goodman et al., 2019; Khan et al., 2021; Schmit et al., 2017). The CMI product
provides top-of-atmosphere observations whereas the BRF product offers atmospherically surface
reflectance data for the reflective bands at visible, NIR and SWIR channels (BRFO1, BRF02,
BRF03, BRF05, BRF06, detailed in Table 6.1). The ABI provides full-disk imagery every 10
minutes and CONUS imagery every 5 minutes in its typical scan mode (Mode 6, (Goodman et al.,
2019; He et al., 2019)). For our analysis, we synchronized ABI data from 2019 to 2022 with
ground-based eddy covariance measurements from 101 AmeriFlux and NEON sites (Losos et al.,

2024a) across the GOES-R CONUS scene.

Table 6.1. Summary of ABI bands and their primary uses (Schmit et al., 2017b).

ABI Band Wavelength | Band Primary Uses
(pm) Type
.. Monitoring aerosols (smoke, haze, dust)
COI/BRFOI 0.47 Visible Air quality monitoring through aerosol optical depth measurements
C02/BRF02 0.64 Visible Daytlm.e momtorlr}g qf clouds (0.5-km spatial resolution)
Volcanic ash monitoring
High contrast between water and land
CO3/BRFO3 0.86 NIR Assess land characteristics, including flooding, burn scars, and hail damage
Co4 137 NIR Thin cirrus detectlpn (.1ur1ng the day
Volcanic ash monitoring
Daytime snow, ice, and cloud discrimination
CO5/BRFO5 1.6 NIR Input to “Snow/Ice vs. Cloud” RGB
Cloud particle size, snow, and cloud phase
CO6/BRFO6 224 NIR Hot spot detection at emission temperatures >600K
Low stratus and fog detection
o7 3.9 IR Fire/hot spot detection and volcanic ash
CO08 6.2 IR Upper-level feature detection (jet stream, waves)
C09 6.9 IR Mid-level feature detection
C10 7.3 IR Low-level feature detection (EML, fronts)
Cl1 8.4 IR Cloud-top phase and type products
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Volcanic ash (SO:2 detection) and dust
Dynamics near the tropopause
cl2 9.6 IR Input to Airmass RGB
Less sensitive to atmospheric moisture
C13 10.3 IR brightness temperatures warmer than IR
IR window
Cl4 1.2 IR Low stratus and fog detection
Cl5 123 IR Greater s§n51t1V1ty to moisture
cooler brightness temperatures
Cl6 133 IR Mean tropospheric air temperature estimation
) Highlights high, cold, likely icy clouds

In addition to ABI observations, we incorporated Solar Zenith Angle (SZA) data, ALIVE-derived
all-sky Downwelling Shortwave Radiation (ALIVEDsr, (Ranjbar et al., 2024d)) and ALIVE-
derived all-sky Land Surface Temperature (ALIVELst, (Ranjbar et al., 2024b)) estimates. From
the BRF bands, we calculated the NIR reflectance of vegetation (NIRv, (Dechant et al., 2022b))
and SWIR-enhanced NIRv (sNIRv, (Ranjbar et al., 2024a)) indices as proxies for vegetation
productivity due to their strong correlation with canopy gross primary productivity and its strong
relationship to ET. For the ET modeling, we used different configurations of variables for the
daytime and nighttime. For nighttime, we focused on CMI bands along with SZA, ALIVEDsg,
ALIVELsT, and the mean values of NIRv and sNIRv from the previous day (NIRv_ daily mean
and sNIRv_ daily mean). For daytime, we included CMI, BRF, SZA, ALIVEpsr, ALIVELsT,
NIRv, and sNIRv. We explored two feature strategies: one considering single real-time

observations and another incorporating time series features from the previous 24 hours.

To assess and validate the performance of our machine learning models, we compared against
the physically-based Atmosphere-Land Exchange Inverse (ALEXI, (Anderson, 1997)) ET product
into our analysis. ALEXI, developed with support from NASA, NOAA, and USDA ARS since
2003, estimates daily land-surface energy fluxes at a 5—-10 km resolution using thermal infrared
observations and vegetation indices from satellites. By combining a two-source (soil + canopy)

energy balance model (TSEB) with an atmospheric boundary layer model, ALEXI provides
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accurate ET estimates under both clear and cloudy conditions (Anderson et al., 2012, 2007; Talib
et al.,, 2021; Wanniarachchi and Sarukkalige, 2022). ALEXI is expanding globally through
integration with international satellites, and it has been validated using flux tower data (RMSE of
35-40 W/m?), making it a critical tool for ET and climate monitoring (Pan et al., 2020;
Wanniarachchi and Sarukkalige, 2022; C. Zheng et al., 2022). To ensure consistency, we compared
our ALIVEEr estimates from the empirical machine learning approach with the physical-based

ALEXI (Sun et al., 2017).

6.2.3 Machine learning modeling and assessment

After synchronizing satellite-based observations and derived ALIVEpsr and ALIVELst products
with tower-based measurements, we used the tower-derived ET measurements (described in
subsection 2.1) as the target for estimation. For predictors, we utilized the satellite-based features
outlined in subsection 2.2 in two strategies. In the first, we considered the single-time observations
at the time of measurement, while in the second, we incorporated time series features from the

preceding 24 hours.

We applied two machine learning regression models: GBR and LSTM. GBR has demonstrated
strong performance in estimating downwelling shortwave radiation (Ranjbar et al., 2024d), LST
(Ranjbar et al., 2024b), and surface-atmosphere carbon dioxide flux (Ranjbar et al., 2024c),
providing a balance between accuracy and computational efficiency for real-time applications. We
compared GBR against LSTM, given its effectiveness with time series data (Dhake et al., 2023),
which excels in capturing long-term dependencies in sequential data (Dhake et al., 2023;
Hochreiter & Schmidhuber, 1997; Reddy & Prasad, 2018) which we felt may improve estimation
of nighttime ET, dominated by soil evaporation, which is often modeled as a simple function of

time since precipitation (Brutsaert, 2014).
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GBR is an ensemble learning model, refining predictions iteratively by optimizing a loss function
through decision trees (Friedman, 2001). Key hyperparameters such as number of estimators,
maximum depth, minimum samples per leaf, and learning rate influence the model's accuracy,
complexity, and convergence speed (Bentéjac et al., 2021; Sahin, 2020). LSTM networks,
designed for sequential data, utilize a memory cell architecture to address non-linear dependencies
in time series forecasting (Ghanbari et al., 2021; Sutskever et al., 2014). Our LSTM architecture
included two LSTM layers, followed by dense layers for feature extraction and output generation.
The first LSTM layer retained the entire sequence (return_sequences=True), while the second layer
summarized the learned information (return_sequences=False). The time series features in LSTM
models are structured in a 3D input format, consisting of samples, time steps, and features. In
contrast, since the GBR model accepts a 2D input, we explicitly included past values by
incorporating the preceding 24 hours of time series features as individual predictors, with each
hour treated as a separate feature. Models were trained on Google Colab Pro (32 GB RAM, A100
GPU) using a grid search algorithm to optimize hyperparameters for correlation determination (R?)

and prediction speed (P.T., Table 6.2).

Table 6.2 Grid search specifications and hyperparameter setting for machine learning models.

Model Hyperparameter Grid Setting
Number of estimators 100, 300, 500, 800
Maximum depth 5,8,10,12, 15
GBR ]
min_samples_leaf 50, 100, 200, 500
Learning rate 0.01,0.05,0.1
Units (neurons) 128, 256, 512, 1024
Activation "logistic', 'tanh’, 'relu’
LSTM
Optimizer 'adam’,'sgd'
Batch Size 32, 64, 128, 256, 512
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For validation, we applied Leave-One-Out Cross-Validation (LOOCV), reserving 20% of eddy
covariance sites for testing while training on the remaining sites using a four-fold cross-validation

(75:25 training-validation split) (Maxwell et al., 2018).

This procedure was repeated ten times with different random seeds to enhance robustness and
minimize bias. Final results, including correlation determination (R? Eq. 6.3), root mean square
error (RMSE, Eq. 6.4), and normalized RMSE (nRMSE, Eq. 6.5) were averaged to ensure

reliability, using the Scikit-learn Python library (Pedregosa et al., 2011).

RSS

R?=1 ,
TSS

Eq. 6.3

where RSS is the sum of squares of residuals and TSS is the total sum of squares.

i=1,. o
RMSE = /W Eq. 6.4

nRMSE = 25E Eq. 6.5

Xmax

where x,,,,, 1S the maximum of the observations, i variable i, N is the number of non-missing

data points, Xi are actual observations in the time series, and X is the estimated time series.

6.3 Results
6.3.1 Model Performance for ALIVEEgr Estimates

Table 6.3 and Figure 6.2 illustrate the performance of LSTM and GBR models in estimating half-
hourly (hh) ALIVEET compared to EC-derived ET under daytime and nighttime conditions. During
the daytime (Figure 6.2a), the GBR model outperformed LSTM when using single-time features,

achieving the highest R? (0.74) and the lowest nRMSE (0.040). Incorporating time series features
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improved the LSTM model’s performance (R*> of 0.72 and nRMSE of 0.046), making it
comparable to the GBR model (R? of 0.71 and nRMSE of 0.051). While the LSTM model benefits
significantly from GPU acceleration—leveraging the A100 GPU (40GB/80GB VRAM, Tensor
Cores, High Throughput) in Google Colab Pro (32GB RAM) to reduce training and inference
time—it remains computationally expensive. The GBR model, on the other hand, primarily runs
on the CPU and does not gain performance boosts from GPU acceleration. Even with GPU
acceleration, the LSTM model still requires 5.3 times more computation time than GBR and fails
to surpass GBR in modeling accuracy for daytime ET estimation. At night (Figure 6.2b), GBR
model performance was notably lower. The LSTM model, trained on time series features,
performed slightly better (R? of 0.24 and nRMSE of 0.008) than GBR (R? of 0.21 and nRMSE of
0.011).

Table 6.3. Performance metrics (R?, nRMSE, and prediction time (P.T.)) of LSTM and GBR
models for half-hourly (hh) ALIVEEr vs. EC-derived ET for daytime and nighttime estimates.

LST™M GBR

Feature set R? nRMSE | P.T. (sec) R? nRMSE | P.T. (sec)

Daytime 0.69 | 0.062 3.5(3.87) 0.74 0.040 0.9 (T)
Single time features

Nighttime 0.12 | 0.020 2.9 (3.27) 0.11 0.019 0.8 (0.97)

Daytime 0.72 | 0.046 4.8(5.37) 0.71 0.051 1.2 (1.3T)
Time series features

Nighttime 0.24 | 0.008 4.1 (4.5T) 0.21 0.011 1.2 (1.3T)
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Figure 6.2. Density scatter plots of EC-derived ET (mm hh™") (a) vs. daytime ALIVEEr
estimated from GBR trained on single time observations and (b) nighttime ALIVEEr estimated
from LSTM trained on time series observations.

6.3.2 Model performance in representing diurnal dynamics and seasonal variability

Figure 6.3 demonstrates the ALIVEET model’s capability to capture diurnal variations in ET by
comparing its estimates with EC-derived ET across different local hours for both daytime and
nighttime conditions. Values are averaged across all sites for each local hour. During the daytime,
the model exhibits strong agreement with observed ET. ET values rise in the morning, peak around
midday, and gradually decline in the afternoon, closely mirroring the EC-derived ET trend.
However, during nighttime, ET values drop significantly due to the absence of solar radiation, and

while the model captures some fluctuations, biases from EC-derived ET are more noticeable.
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Figure 6.3. Mean values of EC-derived ET (mm hh) (a) vs. daytime ALIVEEr estimated from
GBR trained on single time observations and (b) nighttime ALIVEEr estimated from LSTM
trained on time series observations. Values are averaged across all sites for each local hour.

Figure 6.4 evaluates the model’s performance across different months. The R? follows a distinct
seasonal pattern, with lower values during late winter and early spring, and improved performance
from May to September. Additionally, the seasonal trend in LST, a key predictor variable, aligns
with model performance, as warmer months exhibit more accurate ET estimates while colder
months introduce greater uncertainty. Figure 6.4c shows the one year time series of daily ALIVEEt
estimates against calculated ET from EC measurements, which shows the model’s robustness, with

an annual R? of 0.99 and nRMSE of 0.028.
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Figure 6.4. Model performance across different months: (a) R? values, (b) nRMSE values, (c)
model fit for mean daily ET (mm hh!) over the entire year of 2023, and (d) LST distribution
showing monthly variability with boxplots.

6.3.3 Feature importance

For daytime ET modeling (Figure 6.5c), the most influential feature is NIRvVP, followed by
ALIVELst and sNIRvP. Other important predictors include ALIVEpsg, CMI CO03 (top-of-
atmosphere NIR at 0.86 um), and BRF5 (surface SWIR reflectance at 1.6 um). SHAP values
indicate that higher NIRvP and ALIVELst values positively affect ET predictions, underscoring
the importance of thermal and vegetation-related features. Lower-ranked features, such as
CMI_C04 and BRF3, have minimal impact on prediction, a point that is further discussed in the

discussion section.

For nighttime ET modeling (Figure 6.5a), a different set of predictors emerges, with ALIVELsr,
sNIRv_daily mean, and NIRv_daily mean standing out as the most dominant variables. Unlike
the daytime model, the absence of the surface reflectance product and DSR values near or equal
to zero shifts the focus toward top-of-atmosphere SWIR and thermal observations. The lower

SHAP values associated with specific CMI variables, such as CMI_C09 and CMI_CO08, indicate
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that these spectral bands have less influence on nighttime ET estimation compared to other
variables. Additionally, the time series analysis in Figure 6.5b emphasizes the significance of
remote sensing observations taken 2 and 4 hours before the ET prediction. In contrast, observations

from 12 to 18 hours prior to ET have the least influence, while those from 22 to 24 hours also gain

some importance.
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Figure 6.5. Feature importance analysis using SHAP values for (a) nighttime, (b) nighttime time-
step importance, and (c) daytime. Panels (a) and (c) rank the top features by importance for

nighttime and daytime, respectively, while (b) highlights time-step importance in the nighttime
model, where the LSTM with time series features performed best.

6.3.4 Model Performance Across different Koppen climate classes and IGBP vegetation
covers

We evaluated the model's performance across different Kdppen climate classifications (Figure

6.6) and IGBP land cover types (Figure 6.7) by comparing ALIVEET estimates with EC-derived

ET. We averaged the site-level estimates within each climate classification or land cover type. For
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this analysis, we focused on the five most prevalent climate types that cover the largest land areas
over CONUS. The Figure 6.6 left panels display density scatter plots comparing half-hourly
ALIVEEr estimates to EC-derived ET, while the right panels illustrate daily time series for the

years 2022 and 2023.

Across different climate zones, ALIVEer demonstrates varying levels of agreement with EC-
derived ET. In Mediterranean climates (Csa/Csb), the model achieves the highest agreement, with
R? values of 0.78 at the half-hourly scale and 0.91 at the daily scale. Similarly, in humid subtropical
(Cfa) and humid continental (Dfb/Dfa) climates, ALIVEEgt performs well, with R? values of 0.73
and 0.89 (Cfa) and 0.73 and 0.86 (Dfb/Dfa) at half-hourly and daily scales, respectively. The
normalized RMSE (nRMSE) remains low across these regions, ranging from 0.034 to 0.05,
indicating strong accuracy in capturing ET variability. In drier climates, performance slightly
declines. In semi-arid steppe (Bsk) regions, ALIVEET maintains reasonable accuracy, with R?
values of 0.64 (half-hourly) and 0.81 (daily), while the nRMSE increases slightly to 0.047 and
0.03. The lowest agreement occurs in arid desert climates (Bwk), where R? values drop to 0.57

(half-hourly) and 0.77 (daily), and the nRMSE reaches its highest values (0.093 and 0.046).
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Figure 6.6. ALIVEEr estimates compared to EC-derived ET across different Koppen climate
classes (see Table 6.A2 in the appendix for climate class full name). Left panels display density
scatter plots of half-hourly estimates, while right panels show daily time series of ALIVEEr vs.
EC-derived ET for 2022 and 2023.

Figure 6.7 presents a comparative evaluation of ALIVEEr estimates against EC-derived ET
across different land cover types classified according to the IGBP. Similar to Figure 6.6, the left
panels illustrate density scatter plots of half-hourly ET estimates, while the right panels depict
daily time series comparisons over two years (2022—-2023). The performance varies across land
cover types, with wetlands (WET) exhibiting the highest R? value of 0.81 and the lowest nRMSE
(0.055), suggesting a strong correlation and minimal error. Grasslands (GRA) and croplands
(CRO) also show relatively high agreement, with R? values of 0.77 and 0.72, respectively.

However, evergreen broadleaf forests (EBF) and savannas (SAV) exhibit lower R? values of 0.44
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and 0.40, respectively, suggesting a reduced predictive capability in these ecosystems, which are
not well-represented in the tower dataset (Figure 6.1). The time series plots on the right further
highlight the temporal consistency between ALIVEEr (dashed red) and EC-derived ET (black).
For WET, GRA, and CRO, ALIVEEr effectively captures seasonal variations, with peak ET values
aligning well with those observed from EC measurements. In contrast, EBF and SAV display

greater errors, with ALIVEEgr tending to underestimate peak ET fluxes and exhibit higher

variability.
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Figure 6.7. Comparison of ALIVEET estimates with EC-derived ET across different IGBP land
cover types (see Table 6.A2 in the appendix for full name). Left panels show density scatter plots
of half-hourly estimates, while right panels display daily time series of ALIVEET vs. EC-derived
ET for 2022 and 2023.
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6.3.5 Comparing ALIVEET against ALEX]

To assess the performance of the ALIVEET model spatially, we compared its daily aggregated
ET estimates against those derived from the physically-based ALEXI model. We selected four
days (DOY 117, 149, 179, and 218) from mid-May to mid-August 2022, ensuring a minimum 30-
day interval between them for a spatial and statistical comparison. These days were chosen based
on minimal cloud cover to ensure a fair comparison between the ET estimations. Since ALEXI
estimates ET under cloudy conditions using post-processing techniques, selecting clear-sky days
allows for a more direct evaluation of the models without the influence of these adjustments. The
first and second columns in Figure 6.8 illustrate the spatial distributions of ALEXI and ALIVEEkr,
respectively, while the third column depicts their differences (ALIVEer — ALEXI) alongside

density scatter plots and kernel density estimation (KDE) histograms.

ALIVEEgT exhibits strong agreement with ALEXI across different regions and time periods,
capturing similar spatial patterns of ET variability. However, noticeable differences emerge in
certain areas, particularly in the central and eastern United States, where ALIVEET estimates are
generally lower than ALEXI (Figure 6.8, Column 3). These differences are more pronounced on
DOY 149 and 179, where negative biases dominate, suggesting potential underestimation of

ALIVEEr relative to ALEXI in regions with relatively high vegetation density.

The density scatter plots indicate a generally strong correlation between ALIVEer and ALEXI,
with R? ranging from 0.62 to 0.74. RMSE values vary between 0.77 mm/day and 1.17 mm/day,
with biases fluctuating between -0.16 mm/day and -0.67 mm/day (about 2.8% to 11.9% relative to
the median ALEXT). These values highlight a consistent but slightly underestimated ET prediction
by ALIVEEt that we discuss further in the Discussion section. The KDE histograms further reveal

that ALIVEer and ALEXI share similar ET distributions, though ALIVEEr exhibits a higher
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density of lower ET values, which may be attributed to differences in model parameterizations or

the input data utilized by the machine learning framework.

Despite these differences, the results indicate that ALIVEEr successfully captures the overall
spatial and temporal trends of ALEXI. The observed discrepancies warrant further investigation,
particularly in refining the model’s ability to represent high-ET regions more accurately. Future
work will focus on incorporating additional constraints to mitigate biases and enhance the

robustness of ALIVEEr across diverse landscapes and climatic conditions.
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Figure 6.8. Comparison of daily ET estimates from ALEXI and ALIVE. Column 1 shows
ALEXIer maps, Column 2 presents ALIVEET maps, and Column 3 displays their differences in
units of mm/day, along with density scatter plots and KDE histogram distributions. Days of the
year (DOY) with the lowest cloud cover, selected from mid-May to mid-August in 2022, include
(a) 117, (b) 149, (c) 179, and (d) 218.

6.4 Discussion
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6.4.1 Model Performance for ALIVEEgr Estimates

The comparative analysis of GBR and LSTM models in estimating ALIVEEgr reveals a clear
trade-off between predictive accuracy, computational efficiency, and adaptability to near real-time
half hourly estimation. GBR outperforms LSTM during daytime, likely due to its ability to model
nonlinear interactions without requiring sequential dependencies (Bentéjac et al., 2021; Dhake et
al., 2023; Sahin, 2020). GBR efficiently captures the relationship between solar radiation,
temperature, and vegetation indices, providing accurate estimates of daytime ET with minimal
computational cost. LSTM, despite its capability to model temporal dependencies, fails to improve
predictions. The computational burden of LSTM further limits its practicality for large-scale, near

real-time applications (Ranjbar et al., 2024d).

At night, both models struggle, reflecting the inherent challenges of predicting nocturnal ET that
1s most strongly related to environmental drivers that are difficult to discern from space, namely
near-surface wind speed and vapor pressure deficit as well as air temperature (Fisher et al., 2007;
Novick et al., 2009). The absence of direct solar radiation reduces variability, making it difficult
for data-driven models to learn meaningful patterns. LSTM exhibits a slight advantage over GBR,
possibly due to its ability to capture residual heat flux and time since CMI observations that are
consistent with precipitation events through the sequential dependencies in time series data (Dhake
et al., 2023; Ghimire et al., 2022). However, this improvement remains marginal, indicating that
neither model fully accounts for the complex boundary layer processes governing nighttime ET.
Incorporating other data sources for meteorological and soil parameters, such as humidity
gradients and soil heat flux, could improve performance (Katul et al., 2012; Walker et al., 2019;

Wanniarachchi and Sarukkalige, 2022).
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These results underscore the importance of aligning model choice with application constraints.
GBR is more suitable for real-time ET monitoring due to its efficiency, while LSTM, despite its
potential for sequential modeling, remains limited by high computational costs (Ranjbar et al.,
2024d). A promising direction is the development of hybrid models that leverage GBR’s efficiency
for daytime ET and LSTM’s temporal learning for nocturnal predictions. Additionally, integrating
physical constraints into machine learning models could enhance reliability, reducing dependence
on purely empirical learning. Future work should explore attention-based architectures as a
computationally efficient alternative to LSTM for capturing temporal dependencies in nocturnal
ET estimation and seek to incorporate meteorological datasets, like the High Resolution Rapid
Refresh (HRRR) (Dowell et al., 2022; James et al., 2022), to better simulate the processes that

control ET.

6.4.2 Model performance in representing diurnal dynamics and seasonal variability

The ALIVEEr model effectively captures diurnal ET dynamics, closely mirroring the expected
daytime trend—rising in the morning, peaking at midday, and declining in the afternoon. This
alignment with observed patterns is largely due to the model’s empirical, data-driven nature, which
leverages statistical relationships between environmental variables and ET (Angelov and Gu,
2019; Belitz and Stackelberg, 2021; Brunton and Kutz, 2022). However, its reliance on mean
values across sites limits its adaptability to local-scale variations, potentially leading to

oversimplifications in heterogeneous landscapes (Brunton and Kutz, 2022).

At night, biases become more pronounced, with ET values dropping sharply in the absence of
solar radiation. While the model captures some nocturnal fluctuations, it struggles to estimate early
morning and late afternoon transitions accurately. This challenge likely stems from reduced

variability in key input features (Angelov and Gu, 2019), such as LST and radiation, which
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dominate ET estimation during daylight but provide weaker predictive signals at night. Addressing
this limitation requires integrating additional environmental drivers—such as humidity, soil
moisture, and boundary layer meteorology—to better characterize latent heat exchange under low-

energy conditions (Katul et al., 2012; Talib et al., 2021).

Seasonally, the model performs better during warmer months (May to September) and exhibits
reduced accuracy in colder months. This trend reflects the direct relationship between LST and
ET, where higher temperatures correspond to increased evaporative demand and more stable
model predictions due to higher ET variability. In contrast, winter months introduce uncertainty
due to lower LST values, as well as reductions in ET activity (Chen and Liu, 2020; Ling et al.,
2022). The model’s robustness at the annual scale, indicated by high R? for daily ET estimates,

suggests it effectively generalizes long-term ET trends despite seasonal variations.

6.4.3 Feature importance

During daytime, vegetation-related and thermal features—particularly NIRvP and ALIVELsT—
emerge as the most influential predictors, reinforcing the strong dependence of ET on plant activity
and temperature (Chen and Liu, 2020; Sun et al., 2012). The high SHAP values for NIRvP suggest
that increased photosynthetic activity, as captured by red absorption and NIR reflectance, leads to
higher ET rates (C. Zheng et al., 2022). Other relevant predictors, such as ALIVEpsk and
CMI _CO03, contribute by incorporating solar radiation and top-of-atmosphere near-infrared
signals. BRF3 is utilized in the computation of NIRvP and sNIRvP, both of which are key
predictors in the model. Therefore, BRF3 is assigned a lower importance ranking, which is a
characteristic outcome of machine learning models when handling highly correlated input features.

In such cases, the model prioritizes the most informative variable while diminishing the influence
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of redundant features to optimize predictive performance (Angelov and Gu, 2019; Brunton and

Kutz, 2022).

In contrast, the best nighttime ET estimation was achieved from time series features using LSTM
modeling. The model was primarily driven by surface temperature and the mean value of
vegetation indices (NIRv and sNIRv) from prior day rather than instantaneous radiation inputs.
ALIVELst remains the dominant predictor, aligning with the idea that nighttime ET is primarily
governed by residual surface heat and micrometorological variables like wind, temperature, and
atmospheric dryness rather than direct solar-driven processes (McColl, 2020; Wanniarachchi and
Sarukkalige, 2022). The significance of daily-averaged vegetation indices (sNIRv_daily mean
and NIRv_daily mean) indicates that plant water loss continues into the night, albeit at much lower
magnitudes, influenced by prior daytime conditions. Unlike daytime modeling, DSR is absent as

a predictor, leading to increased reliance on CMI observations.

Furthermore, the time-step analysis for nighttime modeling highlights the temporal dependencies
within the LSTM framework. Observations from 2 to 4 hours before the prediction time contribute
the most, emphasizing the short-term persistence of environmental signals in driving nighttime
ET. Conversely, observations from 12 to 18 hours prior show minimal influence, likely due to the
decoupling of past daytime energy inputs. Interestingly, inputs from 22 to 24 hours earlier gain
some relevance, potentially capturing the effects of previous nighttime cooling trends or delayed
surface moisture responses (Labedzki, 2011) but also consistent with correlation amongst
nighttime conditions. These findings highlight the need for tailored ET models, with nighttime
models relying on time-series features, particularly LST and indices, while daytime models benefit
from instantaneous reflectance, solar inputs, and LST. Future improvements could involve adding

new features, particularly for nighttime ET, where additional environmental variables might
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enhance predictive accuracy (Fisher et al., 2007; Katul et al., 2012; Novick et al., 2009; Walker et

al., 2019).

6.4.4 Model Performance Across different Képpen climate classes and IGBP vegetation
covers

The varying performance of ALIVEEr across climate classifications and land cover types
highlights the inherent challenges in modeling ET in diverse environmental conditions. The strong
performance in Mediterranean (Csa/Csb) and humid subtropical (Cfa) climates suggests that the
model effectively captures ET dynamics in regions with consistent seasonal cycles and relatively
high vegetation cover (Feng et al., 2019; Zhou et al., 2021). This is likely because these climates
exhibit strong and stable relationships between radiation, temperature, and vegetation indices,
which are key drivers of ET (Feng et al., 2019; Labedzki, 2011). Although, Mediterranean climates
present additional complexity due to pronounced shifts between energy-limited and water-limited
periods within the same year, where ET dynamics are strongly modulated by seasonal soil moisture
availability and growing season length (Ryu et al., 2008), the strong seasonal greenness signal and
surface temperature variability in these regions may enhance the ability of machine learning

models to capture ET dynamics.

However, the accuracy of ALIVEET declines in more arid regions such as semi-arid steppe (Bsk)
and arid desert (Bwk) climates. The higher errors in these environments can be attributed to the
increased influence of soil evaporation, sparse vegetation cover and its subgrid variability, the
pronounced spatial heterogeneity of these ecosystems, and the episodic nature of precipitation, all
of which introduce greater variability in ET rates (Krishnan et al., 2012; Tabari et al., 2012). The

model’s reliance on vegetation indices and thermal features may lead to oversimplifications in
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these water-limited regions, where plant water use efficiency and soil moisture interactions play

crucial roles in governing ET.

Another critical factor affecting model performance in drier climates is the role of advection and
non-local energy sources. ET is not solely controlled by local surface conditions but is also
influenced by large-scale atmospheric dynamics and horizontal energy transport, factors that are
difficult to capture using data-driven models based on local predictors (Krishnan et al., 2012; Pan
etal., 2020; Weill and Menzel, 2008). Furthermore, the increased nRMSE in these regions suggests
that the model may struggle with capturing sub-daily variability, particularly in conditions where
rapid changes in atmospheric demand or soil moisture availability occur. Future enhancements
may involve integrating soil moisture retrievals, atmospheric boundary layer dynamics, or
explicitly accounting for advection by incorporating upstream pixels in the model training process

to improve performance in these challenging regions.

The land cover analysis reveals similar challenges. While the model performs well in wetlands
(WET), grasslands (GRA), and croplands (CRO), it struggles in evergreen broadleaf forests (EBF)
and savannas (SAV). The strong performance in wetlands can be attributed to the dominance of
surface water evaporation, which is well captured by thermal and vegetation indices (Bao et al.,
2021; Drexler et al., 2004; Fleischmann et al., 2023). In contrast, the lower R? values in EBF and
SAV suggest that canopy structure, water use strategies, and plant functional diversity introduce
complexity that is not adequately represented by the current feature set (Y. Liu et al., 2022; Pan et
al., 2024), and there are currently few measurements in the CONUS scene with which to train
models. Dense canopies in EBF likely lead to discrepancies between surface temperature and
actual transpiration rates, as the thermal signal captured by satellites may not directly reflect the

evaporative demand within the canopy (Pan et al., 2024). Additionally, in savannas, the co-
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existence of vegetation and grass — with differing phenology — and bare soil likely leads to different
ET responses, further complicating estimation accuracy. Moreover, the underestimation of peak
ET fluxes in EBF and SAV suggests that ALIVEET may not fully account for plant physiological
responses. Trees in these ecosystems often exhibit deep rooting systems that allow them to access
groundwater, enabling sustained transpiration even when surface moisture is low (Miller et al.,

2010).

The findings emphasize the need for climate- and ecosystem-specific modeling approaches.
While ALIVEEr effectively captures ET dynamics in regions with predictable climate and land
cover characteristics, its limitations in arid and heterogeneous landscapes underscore the
importance of incorporating additional process-based constraints. Future advancements should
explore hybrid modeling frameworks that combine machine learning with physically-based
constraints, ensuring that key hydrological and physiological processes are better represented

across diverse environmental conditions.

6.4.5 Comparing ALIVEET against physically-based ALEXIEr

While ALIVEET demonstrates a strong agreement with ALEXIEr in capturing broad spatial and
temporal trends, systematic biases and discrepancies highlight areas requiring further refinement
and investigation. A key observation is the underestimation of ALIVEEr relative to ALEXIEr,
particularly in regions with high vegetation density and complex moisture dynamics. This
tendency is most pronounced on the DOY 149 and 179 comparisons, suggesting that ALIVEET
may struggle to fully capture the ET dynamics in peak growing seasons when evapotranspiration
rates are at their highest. The KDE histograms show that while ALIVEET successfully captures the
overall shape of the ET distribution, it may not fully replicate the higher-end variability observed

in ALEXIEgT. Previous studies have noted that machine learning models, despite their adaptability,
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often exhibit difficulties in accurately representing extreme values due to the reliance on training
data distributions (Amani and Shafizadeh-Moghadam, 2023; Maxwell et al., 2018; Ranjbar et al.,
2021; Thapa et al., 2023). The underestimation at higher ET values could stem from insufficient
representation of extreme conditions in the training dataset or limitations in the predictor variables
used by ALIVEEgr. ALIVEET also relies on eddy covariance measurements which on average do
not close the surface-atmosphere energy balance such that a small underestimation might be
expected (Mauder et al., 2024; Stoy et al., 2013; Wilson et al., 2002). Despite these limitations,
ALIVEEr’s ability to closely track ALEXI trends across multiple time periods and spatial regions
demonstrates its potential as an empirical alternative for large-scale ET estimation for model
benchmarking, or to further improve gapfilling of missing observations. The observed biases,
while systematic, are relatively modest and may be addressable through targeted model
improvements including additional filters for eddy covariance energy balance closure. Future work
should explore additional input features, such as soil moisture retrievals and vegetation water

content, to enhance model performance in high-ET regions (Katul et al., 2012; Walker et al., 2019).

Another possible explanation for the observed differences is the different parameterization
strategies employed by the two models. ALEXIEkr, a physically based model, explicitly accounts
for surface energy balance constraints and vegetation stress conditions (Anderson et al., 2012). In
contrast, ALIVEET, driven by machine learning algorithms, relies on statistical relationships
inferred from current and historical data, potentially leading to discrepancies in regions where
these relationships deviate from physical constraints. For instance, previous research has discussed
that machine learning models tend to generalize well under typical conditions but may struggle
with spatial heterogeneity, especially in highly dynamic landscapes such as forested or irrigated

agricultural areas (Amani and Shafizadeh-Moghadam, 2023; Talib et al., 2021). The inclusion of
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physics-informed constraints within the ALIVEer framework could help mitigate these

discrepancies and improve the model’s generalization capabilities.

The R? ranging from 0.62 to 0.74 indicate a moderately strong relationship between the two
models; however, the variations in RMSE (0.77 mm/day to 1.17 mm/day) and biases (-0.16
mm/day to -0.67 mm/day) suggest that performance inconsistencies exist across different climatic
and land cover conditions. These findings align with previous evaluations of machine learning and
biophysical models for ET estimation, which have discussed that the model performance degrades
in areas with complex hydrological and biophysical interactions (Bellocchi et al., 2010; Garcia et
al., 2013; Oliveira et al., 2024; Verhoef et al., 2018). The systematic negative bias observed in
ALIVEET could indicate a need for model recalibration, potentially through region-specific tuning
or transfer learning techniques that leverage site-specific data to adjust model parameters (Amani
and Shafizadeh-Moghadam, 2023; Oliveira et al., 2024) or additional consideration of energy
balance closure as noted. Future research should focus on incorporating physical constraints such
as energy balance closure and mass conservation, improving representation of extreme conditions
in training data, and developing hybrid models that seamlessly integrate machine learning with
process-based simulations to enhance generalizability and physical consistency (Ranjbar et al.,
2024d).

6.5 Conclusion

In this study, we demonstrate the potential of machine learning models, particularly GBR and
LSTM networks, for estimating high-frequency ET under various sky conditions, including
nighttime, using geostationary satellite data. Our findings reveal that GBR outperforms LSTM
during the daytime, offering greater efficiency and accuracy for real-time ET estimation due to its

lower computational cost. However, during nighttime, both models encounter challenges, as the
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lack of solar radiation and reduced variability in input features limit predictive performance.
LSTM slightly outperforms GBR in these conditions, capturing residual heat flux and subtle
atmospheric dynamics using the previous 24 hours of time series features. Despite this, the
improvements are marginal, highlighting the complexity of nocturnal ET processes. The results
emphasize the importance of adapting model choice to the specific application context. While
GBR is more suitable for operational, real-time ET monitoring, LSTM's ability to capture temporal
dependencies could enhance future efforts to improve nighttime ET predictions. Furthermore, the
integration of additional environmental variables, such as humidity, soil moisture, and boundary
layer parameters, could strengthen model performance, particularly during nighttime hours.
Hybrid models combining the strengths of GBR and LSTM, and fusion approaches with

physically-based models, could further enhance both daytime and nighttime ET estimates.
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Chapter 7. Conclusion and Future Directions

7.1 Summary and Key Insights

This dissertation has explored the application of geostationary satellite data to address
environmental challenges for high-temporal monitoring. By integrating high-resolution temporal
data with machine learning algorithms, this work advances our ability to monitor and model key
Earth system variables. We have demonstrated that geostationary remote sensing provides
invaluable, near real-time insights into ecosystem dynamics (Chapter 1). The research highlights
the power of geostationary satellite monitoring while emphasizing the need for continuous

refinement in our models and methodologies to overcome challenges in sub-daily observations.

Our studies have particularly focused on solar radiation (Chapter 2), land surface temperature
(Chapter 3), carbon fluxes (Chapter 4, Chapter 5), and evapotranspiration (Chapter 6). This
dissertation showcases how machine learning and high-frequency geostationary satellite data can
overcome common remote sensing limitations, such as cloud cover and data gaps. The high-
frequency mapping of shortwave radiation using GOES-R (Chapter 2) represents an advancement,
offering a near real time observation of atmospheric energy flows. This capability has practical
implications for applications like energy forecasting, diurnal plant productivity, and water cycle
monitoring. Similarly, the estimation of high-frequency land surface temperature under various
sky conditions (Chapter 3) is critical for understanding diurnal and seasonal temperature variations

that influence everything from crop productivity and water cycle to climate modeling.

Another major insight from this research is the ability to use geostationary satellites to estimate
diurnal carbon fluxes at fine temporal scales (Chapter 4, Chapter 5). In the context of ongoing
climate change, this enables near real-time tracking of the carbon cycle, providing crucial updates

on terrestrial ecosystem health. High-frequency satellite observations help monitor carbon cycle
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and offer early warnings for changes in ecosystem productivity or environmental stressors such as
wildfire, early frost, or flash drought. Likewise, our approach to near real-time evapotranspiration
estimation (Chapter 6) provides new opportunities for monitoring water use, with significant

implications for agricultural management and water resource planning.

Despite these findings, challenges remain for using geostationary satellites for terrestrial
ecosystem monitoring. While improvements in data quality and model accuracy have been
achieved, geostationary-based measurements are still affected by cloud interference, atmospheric
distortions, and other sources of uncertainty such as parallax effects. This dissertation
demonstrates the advances that can be achieved by leveraging the high-frequency observations of
geostationary satellites, but these limitations must be acknowledged and addressed in future
research. By advancing gap-filling techniques and incorporating novel machine learning
approaches, we can continue refining our ability to make real-time, reliable environmental
assessments.

7.2 Future Directions

Looking ahead, geostationary satellite data has the potential to transform how we monitor and
model the environment. But there are still important challenges to address. One of the biggest is
improving the machine learning models that process this data. This dissertation has shown that
existing models can estimate environmental variables well, but handling uncertainty remains a
challenge. Future research needs to focus on better ways to quantify uncertainty, making
predictions more reliable—especially for critical applications like disaster response and climate
adaptation. Understanding how confident we are in model predictions will be key for making fast,
informed decisions, whether it’s helping farmers manage crops during a drought or responding to

extreme heatwaves.
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Moreover, as geostationary satellites evolve, they will offer higher spatial resolution in addition
to their already impressive temporal frequency. Integrating such data with high-resolution
atmospheric models will allow for an even more detailed examination of Earth system processes.
However, this also introduces challenges related to processing vast amounts of data and storage.
Advances in computing power, alongside innovations in deep learning, will be essential for
handling large-scale datasets. Leveraging deep learning techniques such as CNNs and RNNs could

unlock further insights by identifying complex patterns in satellite images and time-series data.

Beyond refining models, combining data from multiple satellite sources is an exciting direction
to explore. By merging geostationary data with high-resolution observations from polar-orbiting
satellites, we could create hybrid models that take advantage of the high frequency observations
from geostationary platforms and the detailed spatial data from polar-orbiting systems. Adding
ground-based observations and sensor networks into this mix would further boost the accuracy and
reliability of Earth system models. By bringing together data from multiple sources, we can build
more complete models that enhance our understanding of key global processes, like local water

cycles and carbon fluxes, leading to a more holistic approach to Earth system science.

Looking further into the future, the development of self-sustaining, autonomous systems for
environmental monitoring could become a reality. Self-reinforcing machine learning models that
continuously update based on incoming data from geostationary satellites could enable real-time
monitoring, supporting autonomous decision-making systems for applications ranging from
disaster response to ecosystem management. While these advancements are promising, challenges
related to data integration, model scalability, and computational efficiency remain. Future research
should prioritize the development of efficient, automated data pipelines that process satellite and

ground-based measurements in real time. By addressing these challenges and embracing the latest
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advances in machine learning and data science, we can continue to refine geostationary remote
sensing capabilities, pushing the boundaries of Earth system science and environmental

monitoring.
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