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Reliable estimation of environmental variables is critical for understanding land–atmosphere 

interactions, ecosystem functioning, and the global carbon cycle, and for supporting applications 

such as natural hazard prediction, resource management, and sustainable development. However, 

current environmental datasets derived from satellite observations, in-situ measurements, and 

process-based ecosystem models have inherent limitations. Satellite observations provide broad 

spatial coverage but may be affected by observational constraints and the indirect nature of satellite 

measurements. In-situ observations provide highly accurate measurements but are spatially sparse 

and often temporally incomplete. Process-based models simulate ecosystem dynamics with 

physical interpretability but often depend on simplified assumptions. Therefore, effectively 

integrating these complementary data sources remains a key challenge for Earth system monitoring. 



  

This dissertation develops artificial intelligence (AI)-driven integration frameworks that combine 

satellite, in-situ, and simulation data, particularly through knowledge-guided machine learning 

(KGML), to improve environmental variable estimation. The proposed frameworks address both 

uni-temporal and multi-temporal variable estimation tasks, with two representative case studies: 

land surface temperature (LST) and gross primary productivity (GPP), where LST serves as a 

concrete example of uni-temporal (snapshot) variable estimation, while GPP serves as a concrete 

example of multi-temporal (time-series) variable estimation. 

The first study conducts a systematic evaluation of existing satellite-based LST products and 

ecosystem model GPP simulations using satellite observations, model outputs, and in-situ 

measurements. The analysis identifies key limitations in current environmental datasets, including 

the strong dependence of LST retrieval on surface properties and the sensitivity of GPP estimation 

to vegetation composition. 

The second study applies a machine learning (ML)-based framework for improving snapshot 

retrieval of LST. A transfer learning (TL) approach integrates radiative transfer simulations (RTMs) 

with real-world observations. By combining shortwave and longwave top-of-atmosphere (TOA) 

observations, the proposed TL method reduces reliance on external emissivity inputs and improves 

retrieval accuracy compared with conventional single-channel (SC) and split-window (SW) 

algorithms. 

The third study proposes a KGML framework for time-series estimation of GPP. The framework 

introduces a decomposition-and-resembling (DERE) strategy to link process-based ecosystem 

simulations with satellite-derived vegetation composition observations. In addition, a probabilistic 

label expansion module based on diffusion modeling is introduced to address the limited temporal 

coverage of flux tower observations. Experiments across multiple observational networks 



  

demonstrate that the proposed DERE framework improves estimation performance for GPP 

compared with conventional baseline and KGML algorithms. 

Overall, results show that the proposed methods consistently improve estimation accuracy 

compared with existing approaches across both tasks, highlighting the effectiveness of AI-driven 

and knowledge-guided data integration. By integrating satellite, in-situ, and simulation data, the 

proposed approaches improve environmental variable estimation and contribute to more reliable 

Earth system monitoring. 
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Chapter 1: Introduction 

1.1 Motivation 

Earth system monitoring plays a critical role in understanding the interactions among the land 

surface, atmosphere, and biosphere, with important implications for climate change, ecosystem 

dynamics, and environmental management (Bonan & Doney, 2018). Reliable estimation of 

environmental variables is essential for characterizing surface energy balance and ecosystem 

functioning. These variables support a wide range of applications, including drought monitoring, 

agricultural assessment, and the evaluation of ecosystem responses to environmental variability. 

Over the past decades, substantial progress has been made in observing and modeling land surface 

processes through satellite remote sensing, in-situ measurement networks, and process-based 

ecosystem models (Pasetto et al., 2018). These data sources provide complementary information 

across spatial and temporal scales. Satellite observations offer extensive spatial coverage but are 

often indirect and affected by observational constraints. In-situ measurements provide high-

accuracy observations but are spatially sparse. Process-based models encode mechanistic 

understanding but rely on simplified representations and parameterizations. Existing approaches 

often struggle to effectively utilize the complementary information provided by these data sources 

for accurate environmental variable estimation. 

Traditional modeling approaches are often constrained by trade-offs between physical consistency 

and data adaptability. Physics-based methods provide interpretable and physically grounded 

estimates but often rely on simplified assumptions. Data-driven approaches, particularly machine 

learning methods, offer strong flexibility in modeling complex and nonlinear relationships but may 

lack physical interpretability and robustness under limited data conditions. These limitations 
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highlight the need for approaches that can bridge the gap between physical knowledge and data-

driven learning. Knowledge-guided machine learning (KGML) methods have emerged to address 

this need. 

Furthermore, environmental variable estimation involves fundamentally different modeling 

paradigms depending on their temporal characteristics. Environmental variable estimation can be 

broadly categorized into two paradigms: uni-temporal (snapshot) and multi-temporal (time-series) 

variable estimation. Variables associated with energetic processes, such as land surface 

temperature (LST), are typically estimated from instantaneous observations using snapshot 

retrieval approaches. In contrast, variables associated with ecological processes, such as gross 

primary productivity (GPP), evolve continuously over time and require time-series modeling 

approaches to capture their temporal dynamics. This distinction introduces additional challenges 

for developing modeling approaches that can effectively address both types of variables. 

By developing methods that incorporate physical knowledge into data-driven frameworks, this 

research aims to improve both uni-temporal and multi-temporal variable estimation, while 

enhancing the consistency and reliability of multi-source Earth system monitoring.  

1.2 Data and Modeling Frameworks 

To address the challenges associated with multi-source data integration and variable estimation, 

this section introduces the primary data sources and modeling frameworks. Accurate estimation of 

key land surface variables requires both reliable data sources and appropriate modeling approaches 

(Kalma et al., 2008; Liang, 2007). This section first outlines the complementary roles of satellite 

observations, in-situ measurements, and process-based simulations, and then describes physics-

based and machine learning approaches, followed by two modeling paradigms: snapshot retrieval 
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and time-series prediction. 

1.2.1 Multiple Data Sources 

Over the past decades, significant advances in satellite remote sensing, in-situ measurement 

networks, and process-based modeling have greatly improved our ability to observe and simulate 

land surface processes (Pan et al., 2020; Pasetto et al., 2018). However, energetic and ecological 

processes operate across a wide range of spatial and temporal scales, and no single observational 

system can fully capture their complexity (Balsamo et al., 2018). Accurate monitoring of surface 

dynamics relies on information derived from multiple complementary data sources (S. Xu, D. 

Wang, et al., 2024). 

Satellite remote sensing has become one of the primary tools for observing the Earth system at 

regional to global scales (Dash & Ogutu, 2016; Zhao et al., 2022). Satellite instruments provide 

repeated measurements of land surface properties over large spatial extents, enabling consistent 

monitoring of surface dynamics (Z. L. Li et al., 2023; Ustin & Middleton, 2024). Optical, thermal 

infrared, and microwave sensors provide information related to vegetation structure, surface 

temperature, soil moisture, and land cover dynamics (Jones et al., 2011; Qin et al., 2021). Because 

of their systematic and long-term coverage, satellite observations play a critical role in 

characterizing environmental variability and supporting large-scale Earth system analysis (Yang 

et al., 2013). 

However, many land surface variables cannot be measured directly by satellites and must be 

inferred from radiative signals through retrieval algorithms (Kalma et al., 2008; Z. L. Li et al., 

2023). In addition, satellite observations may be affected by cloud contamination, viewing 

geometry, and limited temporal sampling (Favrichon et al., 2019; A. Jia et al., 2021; Li et al., 2009). 
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Consequently, although satellite data provide extensive spatial coverage, they often require 

additional information or modeling frameworks to derive accurate estimates of key environmental 

variables. 

In contrast to satellite observations, in-situ measurements provide direct and highly accurate 

observations of environmental variables at local scales (Albergel et al., 2012; Centurioni et al., 

2019). Ground-based measurement networks, including eddy-covariance flux towers, 

meteorological stations, and ecological monitoring sites, provide detailed observations of land 

surface conditions and ecosystem processes (Balzarolo et al., 2011). These measurements offer 

valuable insights into local-scale dynamics and serve as essential references for validating remote 

sensing products and evaluating model simulations. 

Despite their high accuracy, in-situ measurements are inherently limited in spatial coverage. This 

limitation is partly due to the high cost and logistical challenges associated with establishing and 

maintaining measurement networks, resulting in sparse measurement sites across many regions 

(Wang, 2011). Consequently, while in-situ observations provide high-quality information at 

specific locations, they cannot independently support large-scale monitoring of land surface 

processes. 

In addition to observational data, theory-driven simulations provide an important complementary 

source of information (Maass et al., 2018; Taghikhah et al., 2021). Process-based land surface and 

ecosystem models represent the underlying physical, ecological, and biogeochemical mechanisms 

governing land–atmosphere interactions (Duveiller et al., 2018; Zhao & Li, 2015). These models 

include radiative transfer models and ecosystem process models, which are formulated based on 

physical laws and mechanistic representations of radiative, ecological, and biogeochemical 

processes. By integrating environmental drivers, vegetation processes, and surface energy balance, 
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they enable the simulation of variables such as ecosystem productivity, carbon exchange, and 

surface energy fluxes.  

Such simulation frameworks offer several advantages for Earth system analysis (Flato, 2011). 

They enable consistent representation of environmental processes across spatial scales and allow 

exploration of system responses under diverse environmental conditions (H. Wang et al., 2024). 

However, model simulations inevitably rely on parameterizations and simplified representations 

of complex processes (Luo & Schuur, 2020; McFarlane, 2011), which may introduce structural 

uncertainties. In addition, representing multiple interacting processes often makes these models 

computationally expensive (J. Zhang et al., 2018). 

Taken together, satellite observations, in-situ measurements, and process-based simulations 

provide complementary perspectives on land surface processes. Therefore, integrating information 

from these different sources plays a crucial role in improving the estimation of key land surface 

variables. 

1.2.2 Physics-Based and Data-Driven Modeling 

Traditional approaches for estimating environmental variables can generally be categorized as 

physics-based methods or data-driven approaches (Erge & Van Oort, 2022; Willard et al., 2022). 

These approaches represent different strategies for translating observational information into 

quantitative representations of land surface processes (X. Li et al., 2024). 

Physics-based methods rely on radiative transfer theory or process-based ecosystem modeling to 

estimate environmental variables (Verrelst et al., 2025). By explicitly representing underlying 

physical and ecological processes, these approaches ensure physical consistency and 

interpretability (J. Wang et al., 2022). However, they often rely on simplified assumptions and 
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predefined parameterizations of complex environmental processes (Camporese & Girotto, 2022). 

In addition, physics-based models typically require pre-derived parameters and accurate ancillary 

inputs, such as atmospheric conditions, surface properties, or vegetation characteristics (Hong & 

Lee, 2019). Furthermore, the rigid structure of physics-based models can limit their flexibility in 

fully exploiting the rich information contained in satellite observations. 

Data-driven approaches provide an alternative strategy by learning relationships directly from data 

(Bergen et al., 2019; Liu et al., 2022). In recent years, machine learning techniques have become 

one of the most widely used data-driven approaches in environmental research (Sun & Scanlon, 

2019; Zhu et al., 2023). These methods have demonstrated strong capability in modeling nonlinear 

and high-dimensional relationships and can integrate heterogeneous inputs from multiple 

observational sources (Strielkowski et al., 2023). Because machine learning models do not require 

explicit specification of mechanistic equations, they offer greater flexibility in capturing complex 

dependencies among environmental variables (Pichler & Hartig, 2023). However, purely data-

driven models typically require large labeled datasets for training and may lack physical 

interpretability (Karniadakis et al., 2021). Their performance may also degrade when observational 

data is limited (Ahmadi et al., 2025). 

To address the limitations of both paradigms, recent methodological advances seek to integrate 

physical knowledge with the flexibility of data-driven models (Kasilingam et al., 2024). Physics-

guided machine learning incorporates physical constraints, process-based insights, or intermediate 

representations within data-driven frameworks to improve robustness, interpretability, and 

physical consistency (Karpatne et al., 2024; Wang & Yu, 2025). By combining the strengths of 

physics-based and data-driven approaches, these hybrid frameworks provide a promising direction 

for improving environmental variable estimation in multi-source Earth system monitoring (J. 
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Wang et al., 2022). 

1.2.3 Snapshot and Time-Series Models 

In environmental research, two broad modeling paradigms are commonly adopted based on their 

temporal characteristics: snapshot retrieval models and time-series prediction models (Kuenzer et 

al., 2015; Xu et al., 2015). 

Snapshot retrieval models estimate variables from uni-temporal observations acquired at a single 

time step (Fernández-Manso et al., 2020). In this framework, the model uses observations collected 

at a specific time point to estimate the corresponding environmental variable at the same time 

(Carmona et al., 2015; Xiao et al., 2011). Because snapshot models rely on observations at a single 

time point, they primarily focus on estimating spatial states of environmental variables and 

typically do not explicitly exploit temporal dependencies. 

Time-series prediction models, in contrast, incorporate multi-temporal observations to capture 

temporal dynamics in environmental processes (Koehler & Kuenzer, 2020). Instead of relying on 

a single observation, these models use sequences of historical inputs to learn temporal 

dependencies and describe how environmental variables evolve over time (Zhou et al., 2025). In 

practice, time-series models are often initialized using historical observations and generate 

predictions for subsequent time steps (Kooistra et al., 2024; Zrira et al., 2024).  

1.3 Scientific Background 

As mentioned earlier, snapshot retrieval models emphasize instantaneous estimation of 

environmental states across space, whereas time-series prediction models focus on modeling the 

temporal evolution of environmental processes. To explore these two paradigms, case studies are 

needed to enable concrete analysis.  
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Two widely used variables representing fundamentally different land surface processes are 

selected as case studies in this dissertation. Snapshot retrieval uses LST as a case study, whereas 

time-series prediction uses GPP as a case study. 

1.3.1 Earth System Monitoring 

Earth system monitoring provides the observational and analytical foundation for understanding 

the dynamic interactions among the land surface, atmosphere, biosphere, and hydrosphere 

(Balsamo et al., 2018; Steffen et al., 2020; Ustin & Middleton, 2021). The land surface functions 

as a critical interface where energy, water, and carbon are continuously exchanged with the 

atmosphere (Betts et al., 1996; Blyth et al., 2021; Crisp et al., 2022). These exchanges regulate 

surface temperature, ecosystem productivity, and biogeochemical cycling, thereby shaping 

regional environmental variability and global system dynamics (Denman et al., 2007; B. Wang et 

al., 2024). 

Because the land surface plays a central role in the Earth system, accurate monitoring of its states 

and processes is essential for both scientific understanding and practical applications (Balsamo et 

al., 2018; Z. L. Li et al., 2023). Land surface dynamics are governed by both energetic exchanges 

that regulate the surface energy balance and ecological processes that control ecosystem 

productivity. Reliable estimates of land surface variables facilitate drought detection, agricultural 

productivity assessment, ecosystem disturbance monitoring, and resource management (Crow et 

al., 2012; Fensholt et al., 2013; Mashala et al., 2023). Diagnosing surface energy balance dynamics 

helps characterize energetic processes at the land surface (Brunsell & Gillies, 2003; Friedl, 2002), 

while quantifying terrestrial carbon uptake provides critical insights into ecosystem productivity, 

the carbon cycle, and ecosystem resilience (Frank et al., 2015; Runge et al., 2025; Trumbore, 2006). 
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Together, these applications highlight the central role of Earth system monitoring in environmental 

science and ecosystem management. 

Beyond these applications, Earth system monitoring also enables the diagnosis of environmental 

variability by providing systematic observations of land surface conditions across spatial and 

temporal scales. In particular, monitoring energetic processes and ecological processes provides 

complementary perspectives on land–atmosphere interactions and ecosystem functioning. 

1.3.2 Energetic Processes: Land Surface Temperature (LST) 

Energetic processes describe how incoming solar radiation is absorbed, reflected, stored, and 

redistributed at the land surface (Gray et al., 2010; S. Liang et al., 2019). These processes regulate 

the partitioning of available energy into sensible, latent, and ground heat fluxes and play a central 

role in land–atmosphere interactions (Gentine et al., 2019; Mauder et al., 2020). Surface heating 

influences atmospheric boundary layer development, evapotranspiration dynamics, and 

hydrological processes, making energetic processes a fundamental component of Earth system 

dynamics (Niyogi, 2019). 

At the land surface, energetic processes are influenced by multiple environmental factors, 

including surface albedo, vegetation structure, soil moisture, and atmospheric forcing (Zhao & Li, 

2015). Variations in these factors modify the balance between incoming and outgoing radiation 

and consequently affect surface thermal conditions (Halawa et al., 2014). These interactions 

illustrate the complexity of surface energy balance and the need for accurate characterization of 

energetic processes. 

LST serves as a representative variable for energetic processes (Z. L. Li et al., 2023; Taheri et al., 

2022). LST reflects the thermal state of the land surface and integrates the combined effects of 
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radiative forcing, surface properties, and environmental conditions (Reiners et al., 2023; Weng, 

2009). Because of its integrative nature, LST has been widely used to investigate surface energy 

balance, evapotranspiration, drought monitoring, and land–atmosphere interactions (Karnieli et al., 

2010; Liou & Kar, 2014). In addition, LST provides important information for diagnosing surface 

heat extremes and understanding feedback between land surface conditions and atmospheric 

processes (Jia et al., 2024; Reiners et al., 2023). 

Accurate estimation of LST is essential for improving our understanding of energetic processes 

and their impact on the Earth system. Therefore, LST is selected as a representative case study for 

investigating snapshot retrieval models in this dissertation. 

1.3.3 Ecological Processes: Gross Primary Productivity (GPP) 

Ecological processes govern ecosystem functioning, vegetation growth, and carbon assimilation 

within terrestrial ecosystems (De Deyn et al., 2008; Luo et al., 2015; Schimel et al., 2015). Through 

photosynthesis, plants convert atmospheric carbon dioxide into organic carbon, forming the 

primary entry point of carbon into the terrestrial biosphere (Baldocchi, 2008; Hari & Tyagi, 2022). 

These processes regulate terrestrial carbon cycling and influence ecosystem productivity, 

vegetation dynamics, and carbon–atmosphere interactions (Heimann & Reichstein, 2008). 

Ecological activity is controlled by a combination of environmental drivers, including solar 

radiation, temperature, soil moisture, nutrient availability, and vegetation phenology (Bonato 

Asato et al., 2023; Comas et al., 2010). These controls vary across climate zones, vegetation types, 

and disturbance regimes, resulting in strong spatial and temporal variability in ecosystem 

productivity (Liu et al., 2020; Potter et al., 2008). Understanding these dynamics is essential for 

evaluating ecosystem responses to environmental variability and assessing the role of terrestrial 
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ecosystems in the global carbon cycle. 

GPP represents a key variable for characterizing ecological processes (Anav et al., 2015). GPP 

quantifies the total carbon uptake by vegetation through photosynthesis and serves as a 

fundamental indicator of ecosystem productivity (Liao et al., 2023). Because GPP integrates the 

effects of environmental drivers and vegetation physiology, it provides critical information for 

understanding ecosystem functioning and carbon exchange between the land surface and the 

atmosphere (Anav et al., 2015; Yuan et al., 2025). 

Unlike energetic variables such as LST, which often reflect near-instantaneous surface states, GPP 

exhibits strong temporal dependencies driven by phenology, environmental conditions, and 

ecosystem memory effects (Zhang et al., 2025). Seasonal vegetation cycles, environmental 

variability, and disturbance events can all influence GPP dynamics over time (De Pue et al., 2023). 

Capturing these temporal dynamics is essential for accurately characterizing ecosystem 

productivity and terrestrial carbon cycling. Therefore, GPP is selected as a representative case 

study for investigating time-series prediction models in this dissertation. 

1.4 Research Objectives and Questions 

The previous sections highlight a fundamental challenge in Earth system monitoring. Although 

multiple data sources and modeling paradigms are available, effective integration across satellite 

observations, in-situ measurements, and process-based simulations remains limited. 

To address this limitation, approaches that can integrate physical knowledge with data-driven 

learning are needed. This dissertation investigates whether physics-guided machine learning can 

enable the integration of multi-source information to improve environmental variable estimation. 

In particular, the research focuses on two representative variables: LST and GPP. 
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Figure 1.1 illustrates the overall research framework of this dissertation, including the three 

interconnected studies. The central question of this dissertation is whether physics-guided machine 

learning can provide a framework for integrating multi-source information to improve both 

snapshot retrieval of energetic variables and time-series prediction of ecological variables. 

 
Figure 1.1 The overall diagram of the dissertation. 

To address this question, this dissertation focuses on three specific objectives. First, the 

dissertation systematically analyzes gaps in existing LST and GPP datasets. These identified gaps 

motivate the methodological developments in the subsequent studies. 

Second, the dissertation develops an artificial intelligence (AI)-driven framework for improving 

snapshot LST retrieval. This study focuses on integrating multi-source observations to enhance 

LST estimation accuracy while reducing dependence on ancillary inputs. 

Third, the dissertation proposes a physics-guided machine learning framework to improve time-

What are the gaps in 
current data 
products? 

Assess the existing 
datasets, highlighting 
key challenges that 
require attention. 

Study 1 

Can physics-guided ML 
improve snapshot 

retrieval using multi-
source data? 

Develop a retrieval 
algorithm based on 

physics-guided ML to 
integrate multi-source 
data and improve the 
retrieval accuracy of 
uni-temporal task. 

Study 2 

Can physics-guided ML 
improve time-series 

prediction using multi-
source data? 

Develop a prediction 
model using physics-
guided ML and multi-
source data to improve 
the prediction accuracy 
of multi-temporal task. 

Study 3 

Overarching Question: 
Is the integration of satellite, in-situ and simulation data through physics-guided 
machine learning (ML) effective in enhancing variable retrieval and prediction? 
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series prediction of GPP. By incorporating complementary information from satellite observations, 

in-situ measurements, and process-based ecosystem simulations, the proposed approach aims to 

better capture the temporal dynamics of ecosystem productivity. 

Together, these objectives establish a methodological framework centered on physics-guided 

multi-source integration for environmental variable estimation. 

1.5 Dissertation Structure 

This dissertation is organized into five chapters and presents three interconnected studies that 

collectively address the central research question. 

Chapter 1 introduces the scientific background, data and modeling frameworks, research questions, 

and overall objectives of the dissertation. 

Chapter 2 evaluates existing LST and GPP datasets. By comparing datasets derived from satellite 

observations, in-situ measurements, and model simulations, this chapter identifies key gaps and 

limitations in current datasets. These findings motivate the methodological developments 

presented in the following chapters. 

Chapter 3 focuses on snapshot retrieval and presents an AI-based framework for improving LST 

estimation using multi-source satellite observations. 

Chapter 4 addresses time-series prediction and develops a physics-guided machine learning 

framework to improve GPP prediction through the integration of satellite observations, in-situ 

measurements, and ecosystem model simulations. 

Finally, Chapter 5 summarizes the major findings of the dissertation, highlights the main 

contributions, discusses limitations, and outlines future research directions for physics-guided 

multi-source integration in Earth system monitoring. 



 

 

14 
 

Chapter 2: Gap Analysis of Existing Datasets 

2.1 Background 

Over the past decades, numerous datasets have been developed to estimate key land surface 

variables such as LST and GPP (Z. L. Li et al., 2023; Liao et al., 2023). These datasets are derived 

from a variety of sources, including satellite observations, in-situ measurements, and process-

based ecosystem models (Pandey et al., 2024; Worden et al., 2025). Advances in remote sensing 

technologies and modeling approaches have significantly improved the availability of 

environmental datasets and enabled large-scale monitoring of land surface processes (Balsamo et 

al., 2018; Chen et al., 2022; S. Xu, Y. Liu, et al., 2024). 

Despite these advances, existing datasets often differ substantially in spatial resolution, temporal 

coverage, retrieval algorithms, and underlying assumptions (Zhao & Li, 2015). Satellite-based 

products may be affected by observational constraints such as cloud contamination or limited 

temporal sampling, while model-based and machine learning–derived datasets may exhibit 

uncertainties related to model structure, training data, and input variables (Bishop, 2013). As a 

result, different datasets may produce different estimates of the same environmental variable, 

leading to uncertainties in environmental analysis and limiting their effective use in scientific 

applications. 

Despite substantial progress, several challenges remain in the evaluation and application of these 

datasets. For LST, multiple satellite-derived products are available, but their validation is often 

conducted using different in-situ datasets and evaluation approaches, making it difficult to directly 

compare their performance (Y. Liu et al., 2024; Xu & Wang, 2022). A systematic evaluation of 

existing datasets is therefore necessary to better understand their characteristics and limitations. 

For GPP, process-based ecosystem models have been widely developed and successfully applied 
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in long-term carbon monitoring. These models provide physically interpretable simulations and 

have been extensively used in studies of ecosystem dynamics and the global carbon cycle. 

However, a focused evaluation of model simulations against in-situ observations remains 

necessary to examine their performance and consistency under real-world conditions. These 

considerations further emphasize the importance of a comprehensive evaluation of both LST and 

GPP datasets. 

This chapter conducts a comprehensive analysis of existing LST and GPP datasets. By comparing 

datasets derived from satellite observations, model simulations, and in-situ measurements, this 

study aims to identify key gaps and limitations in current data products. These findings provide 

the foundation for the methodological developments presented in the following chapters, where 

improvements in LST retrieval and GPP prediction are further explored.  

2.2 LST Data Analysis 

2.2.1 LST Datasets 

Near-surface temperatures, such as LST, air temperature, and soil temperature, play significant 

roles in surface radiation and energy balance. Among these variables, LST is an important 

parameter for characterizing surface energy balance and serves as a representative variable of 

energetic processes (Xu & Cheng, 2021; Xu et al., 2021).  

This section focuses on the evaluation of LST datasets, including products derived from thermal 

infrared (TIR), passive microwave (PMW), reanalysis, and all-weather LST datasets. For 

comparison purposes, air temperature and soil temperature are also considered. 

Eight gridded datasets were collected for this study, and their key characteristics are presented in 

Table 2.1. All available data for the year 2014 were collected. Moderate Resolution Imaging 
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Spectroradiometer (MODIS) official LST products consist of two separate data suites. The 

MXD11 and MXD21 LST data are generated using the split-window technique (Wan, 2014; Wan 

& Dozier, 1996), and ASTER temperature/emissivity separation (TES) techniques (Hulley et al., 

2014), respectively. The quality flag of MXD11 data is determined by cloud effects, average 

emissivity, and LST error; while that of MXD21 data is determined by missing data and calibration 

conditions, cloud conditions, atmospheric opacity, LST accuracy, emissivity, min-max difference 

for thermal bands and algorithm iteration rate (Hulley et al., 2016; Tan et al., 2021).  

The Copernicus LST version 2 datasets include LST data from multiple sensors onboard different 

geostationary (GEO) satellites, including the Meteosat Second Generation (MSG), Geostationary 

Operational Environmental Satellite (GOES), and Multifunction Transport Satellite (MTSAT). 

These LST data are estimated from the top-of-atmosphere (TOA) brightness temperature (BT) 

from the infrared spectral channels, together with the albedo, vegetation cover, and soil moisture 

(Freitas et al., 2013). Himawari-7 data, which covers the study area, was used in this study.  

The Atmospheric Infrared Sounder (AIRS) is a grating spectrometer (R = 1200) onboard Aqua 

that consists of 2378 infrared channels and four visible/near-infrared channels. The AIRS retrieval 

system is designed to obtain highly accurate atmospheric temperature and moisture profiles, as 

well as a variety of additional earth/atmosphere products. The fundamental principle of this system 

is to generate clear column radiances for each channel (Susskind et al., 2014). Its products have 

been widely used to improve weather and drought forecasting. The AIRS/Aqua L3 Daily Standard 

Physical Retrieval (AIRS-only) 1 °× 1 ° product (v006) was used in this study (Kahn et al., 2014).  
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Table 2.1 Key information for the temperature datasets used in this study. 

Name in 
this study Short name Product name Variables Product 

type 
Spatial 

resolution 
Temporal 
resolution 

MXD11 

MOD11A1 

MODIS/Terra Land Surface 
Temperature/Emissivity 

Daily L3 Global 1km SIN 
Grid V061 

LST TIR 1 km Daily 

MYD11A1 

MODIS/Aqua Land Surface 
Temperature/Emissivity 

Daily L3 Global 1km SIN 
Grid V061 

LST TIR 1 km Daily 

MXD21 

MOD21A1
D 

MODIS/Terra Land Surface 
Temperature/3-Band 

Emissivity Daily L3 Global 
1km SIN Grid Day V061 

LST TIR 1 km Daily 

MYD21A1
D 

MODIS/Aqua Land Surface 
Temperature/3-Band 

Emissivity Daily L3 Global 
1km SIN Grid Day V061 

LST TIR 1 km Daily 

MOD21A1
N 

MODIS/Terra Land Surface 
Temperature/3-Band 

Emissivity Daily L3 Global 
1km SIN Grid Night V061 

LST TIR 1 km Daily 

MYD21A1
N 

MODIS/Aqua Land Surface 
Temperature/3-Band 

Emissivity Daily L3 Global 
1km SIN Grid Night V061 

LST TIR 1 km Daily 

Himawari 
-7 MTSAT Copernicus LST version 2 LST TIR 5 km Hourly 

AIRS AIRS3STD 

AIRS/Aqua L3 Daily 
Standard Physical Retrieval 
(AIRS-only) 1 degree x 1 

degree V006 

LST TIR 1 degree Daily 

MIRS MIRSAIMG MIRS Precipitation and 
Surface Products LST PMW ~27 km Daily 

All-
weather 

LST (Xu) 
- 1 km seamless land surface 

temperature dataset of China LST All-
weather 1 km Daily 

All-
weather 

LST 
(Zhang) 

TRIMS 
LST-TP 

Western China Daily 1 km 
spatial resolution all-weather 

land surface temperature 
data set V1 

LST All-
weather 1 km Daily 

ERA5 ERA5 ERA5 hourly data on single 
levels from 1979 to present 

Air/ Skin/ 
Soil 

temperature 

Re-
analysis 0.1 degree Hourly 
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The Microwave Integrated Retrieval System (MIRS) is a 1-D variational and iterative physical 

inversion system (Boukabara et al., 2011). Some sounder products (JPSS_SND) are generated by 

using Cross-track Infrared Sounder (CrIS) and Advanced Technology Microwave Sounder 

(ATMS) sensor data records and intermediate products from the Joint Polar Satellite System 

(JPSS). The MIRS precipitation and surface products are JPSS_SND products that provide skin 

temperature. The data have a similar observation time as the MODIS/Aqua data, and its spatial 

resolution is approximately 25-30 km at the nadir, increasing to approximately 100 km at scan 

edge.  

Xu’s 1 km seamless LST dataset of China is generated by fusing MODIS/Aqua LST and Advanced 

Microwave Scanning Radiometer for EOS (AMSR-E)/Advanced Microwave Scanning 

Radiometer 2 (AMSR2) data (Xu & Cheng, 2021). First, an empirical retrieval algorithm based on 

a look-up table (LUT) and a downscaled algorithm based on geographically weighted regression 

(GWR) is used to generate the AMSR-E/AMSR2 LST and 1 km downscaled AMSR-E/AMSR2 

LST. The cumulative distribution function (CDF) matching method is then used to adjust the 

downscaled AMSR-E/AMSR2 LST to improve its accuracy and fill the MODIS LST to generate 

the completely filled MODIS LST. Finally, the multi-scale Kalman filter (MKF) approach is used 

to fuse the AMSR-E/AMSR2 LST, and the completely filled MODIS LST to generate a 1 km 

seamless LST dataset.  

Zhang’s Western China daily 1 km spatial resolution all-weather LST dataset V1 is generated 

using a method based on temporal component decomposition (Zhang et al., 2019). In this method, 

LST is decomposed into three temporal components: the annual temperature cycle component 

(ATC), diurnal temperature cycle component (ΔDTC), and weather temperature component 

(WTC). Its main input data include MODIS/Aqua LST, AMSR-E/AMSR2 data, and LST from the 
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China Meteorological Administration Land Data Assimilation System (CLDAS) and Global Land 

Data Assimilation System (GLDAS). In this method, the 1-km ATC is derived from discontinuous 

MODIS/Aqua and AMSR-E/AMSR2 LST, and the 1-km ΔDTC is derived from CLDAS and 

GLDAS LST. Then, the 1-km WTC is derived from the continuous daily AMSR-E/AMSR2 LST, 

and the daily 1 km all-weather LST is obtained by summing the ATC, ΔDTC, and WTC.  

Re-analysis data are a combination of model forecasts and newly acquired observations to form 

the best new estimate using data assimilation methods (Hennermann & Berrisford, 2017). The 

ECMWF develops several atmospheric and ocean re-analysis products (Dee et al., 2011). The 

Fifth-generation ECMWF atmospheric reanalysis (ERA5) is its latest atmospheric re-analysis data, 

offering a global improvement based on 10 years of model and data assimilation development. The 

ERA5 hourly data on single levels from 1979 to the present were used in this research and provide 

hourly estimates for a large number of atmospheric, ocean waves, and land surface quantities 

(Hersbach et al., 2018). In this study, 2 m air temperature, skin temperature, and soil temperature 

levels 1/2/3 (soil depths: 0-7, 7-28, and 28-100 cm) were used. 

In addition to the gridded data, the in-situ measurements, and auxiliary data on land cover (LC) 

type and elevation were collected for validation and analysis. Ground measurement data were 

collected from a hydrometeorological observation network dataset generated by the Heihe 

Watershed Allied Telemetry Experimental Research (HiWATER) project (X. Li et al., 2013; Liu 

et al., 2018). The data from 7 stations were utilized. These measurements were collected from 

multiple sites located in close proximity but representing different LC types, providing an 

opportunity to generate new in-situ data that matches the spatial resolution of the satellite data and 

help explore the spatial heterogeneity issue. The key information for these sites is provided in 

Table 2.2. Surface upwelling longwave radiation (LWUP), downward longwave radiation 
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(LWDN), 2 m air temperature, and soil temperatures at levels 1–3 from multiple sites were used 

in this study.  

Table 2.2 Key information for the station observation used in this study. 

Station Arou 
Shenshawo 

Sandy 
Desert 

Dashalong Zhangye 
Wetland 

Bajitan 
Gobi 

Huazhaizi 
Desert 
Steppe 

Daman 

Short Name AR SSW DSL ZY BJT HZZ DM 

Landscape  
(Liu et al., 2018) 

subalpine 
meadow 

sandy 
desert 

marsh 
alpine 

meadow 
reed Reaumuria 

desert 

Kalidium 
foliatum 

desert 
maize 

Longitude (°) 100.46 100.49 98.94 100.45 100.3 100.32 100.37 
Latitude (°) 38.05 38.79 38.84 38.98 38.92 38.77 38.86 

Elevation (m) 3033 1594 3739 1460 1562 1731 1556 
MODIS LC Type Grasslands Barren Grasslands Crops Barren Grasslands Crops 

The selected in-situ measurements are those that are close to the pixel observation time, with a 

maximum time difference of 5 minutes. The air and soil temperatures are directly obtained from 

field measurements. To obtain LST, the LWUP and LWDN are input to the Stefan-Boltzmann 

(Equation 1): 

( )
1/4

1
  b

s
b

F F
T

ε
σε

↑ ↓ − −
=  
    

(1) 

where sT  denotes the LST in Kelvin (K);  F ↑ and F ↓  are the measured LWUP and LWDN in 

watts per square meter (Wm-2), respectively; bε  represents the surface broadband emissivity 

(BBE); and 𝜎𝜎 is the Stefan–Boltzmann constant (5.67×10-8 Wm-2 K-4). bε  is estimated from the 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Emissivity 

Database (GED) product (Hulley & Hook, 2009), coupled with a linear equation that integrates 

the narrowband surface emissivities from ASTER bands 10 to 14, as detailed by Cheng et al. 

(2013): 
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10 11 12 13 140.197 0.025 0.057 0.237 0.333 0.146bε ε ε ε ε ε= + + + + +  (2) 

where 10ε - 14ε  are the surface narrowband emissivities of ASTER bands 10-14, respectively. 

For coarse-spatial-resolution products (spatial resolution ≥ 1°), including AMSR2, MIRS, and 

AIRS with spatial resolutions of 25 km, 27 km, and 1°, respectively, land-cover-weighted 

aggregation of in-situ measurements is used for comparison. Specifically, in-situ observations are 

aggregated according to land-cover type and their relative fractional area within each pixel. 

2.2.2 LST Results 

Table 2.3 presents the percentages of valid pixels and the overall root mean square errors (RMSEs) 

for the LST datasets used in this study. The comparison reveals clear trade-offs among different 

LST datasets in terms of data availability and retrieval accuracy.  

Table 2.3 The percentages of valid pixels and overall root mean square errors (RMSEs) for the 

LST datasets assessed in this study. 

Type Data Available Pixel 
Percentage-Day (%) 

Available Pixel 
Percentage-Night (%) 

RMSE-
Day 

RMSE-
Night 

TIR MOD11A1 57.4 54.8 4.15 K 4.03 K 
TIR MOD21A1 54.3 43.1 4.61 K 2.51 K 
TIR MYD11A1 51.4 58.3 4.68 K 3.24 K 
TIR MYD21A1 50.8 45.5 4.36 K 1.90 K 
TIR Himawari-7 44.4 56.3 6.64 K 3.54 K 
TIR AIRS 74.2 81.0 6.35 K 4.58 K 

PMW MIRS 94.9 94.7 5.51 K 7.44 K 
All-weather All-weather LST (Xu) 100 100 4.72 K 3.68 K 
All-weather All-weather LST (Zhang) 100 100 4.81 K 3.76 K 
Re-analysis ERA5 100 100 8.79 K 6.04 K 

TIR products generally achieve relatively high accuracy, with RMSE values mostly below 5 K. 

However, their available pixel percentages are significantly limited, typically ranging from 

approximately 44% to 74%, mainly due to cloud contamination. The AIRS dataset shows a higher 
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valid pixel percentage than other TIR products because it includes both cloud-free observations 

and data collected under thin cloud conditions (Evan Manning et al., 2020). 

In contrast, PMW products provide much higher data availability, with valid pixel percentages 

exceeding 94% for both daytime and nighttime observations. Nevertheless, their retrieval accuracy 

is lower than that of most TIR products, with RMSE values exceeding 5 K and reaching 7.44 K 

during nighttime. 

All-weather LST datasets achieve complete spatial coverage, with valid pixel percentages reaching 

100% for both daytime and nighttime conditions. Their RMSE values remain comparable to or 

slightly higher than those of TIR-based products, suggesting that all-weather approaches can 

substantially improve data availability while maintaining reasonable retrieval accuracy. 

Reanalysis datasets such as ERA5 also provide full spatial coverage but exhibit substantially larger 

errors, with RMSE values exceeding 8 K during daytime. This result suggests that reanalysis 

products have limited capability to accurately represent LST. 

Overall, this comparison indicates that the quality of current LST products remains limited. To 

examine whether this difficulty is unique to LST, land surface, air, and near-surface soil 

temperatures were compared within the same ERA5 framework. Table 2.4 presents the valid pixel 

percentages and RMSEs for land surface, air, and near-surface soil temperatures from the ERA5 

dataset. The results show that LST exhibits larger RMSE values than the other temperature 

variables.  
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Table 2.4 Valid pixel percentages and overall root mean square errors (RMSEs) for land surface, 

air, and near-surface soil temperatures derived from the ERA5 dataset. 

Data Variables 
Available Pixel 
Percentage-Day 

(%) 

Available Pixel 
Percentage- 
Night (%) 

RMSE-
Day 

RMSE-
Night 

 LST 100 100 8.79 K 6.04 K 
 Air temperature 100 100 4.61 K 2.51 K 

ERA5 Soil temperature (0 - 7 cm) 100 100 5.73 K  5.02 K  
 Soil temperature (7 - 28 cm) 100 100 3.37 K 3.92 K  

 Soil temperature (28 - 100 
cm) 100 100 3.62 K 3.56 K  

One possible explanation is that air temperature and soil temperature are thermally smoother, 

whereas LST exhibits a larger dynamic range. In addition, LST shows stronger dependence on 

surface properties. These characteristics highlight the greater complexity of LST estimation and 

motivate the development of improved approaches for LST retrieval by incorporating satellite-

derived surface property information and in-situ observations, which will be further explored in 

Chapter 3. 

2.3 GPP Data Analysis 

2.3.1 GPP Datasets 

GPP represents the total carbon uptake of ecosystems through photosynthesis and is a key indicator 

of ecosystem functioning and carbon cycling. Accurate estimation of GPP is therefore essential 

for understanding ecosystem productivity and evaluating land–atmosphere carbon exchange 

processes. 

In this study, GPP estimates from the Ecosystem Demography (ED) model (Hurtt et al., 1998; Ma 

et al., 2021; Moorcroft et al., 2001) were compared with in-situ observations. The ED model is a 

process-based terrestrial biosphere model that simulates vegetation dynamics and carbon cycling 

across spatial and temporal scales. Developed over the past two decades, it has been widely used 
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in studies of global carbon cycling, land-use change, and ecosystem responses to climate 

variability. The model has also supported major scientific and policy efforts, including the Global 

Carbon Budget (Friedlingstein et al., 2023; Friedlingstein et al., 2024) and the National 

Aeronautics and Space Administration (NASA) Carbon Monitoring System (Hurtt et al., 2019). 

To evaluate model performance, in-situ GPP measurements were collected from flux tower 

observations, including those from the NASA Arctic Boreal Vulnerability Experiment (ABoVE) 

dataset (Bill et al., 2023). The spatial distribution of the sites is shown in Figure 2.1. These 

measurements provide direct estimates of ecosystem carbon fluxes and are widely used for 

validating ecosystem models and remote sensing products. 

 

Figure 2.1 Spatial distribution of the flux tower stations used for gross primary productivity (GPP) 

measurements. 

In addition, plant functional type (PFT) information was obtained from the European Space 

Agency (ESA) Climate Change Initiative (CCI) product. The dataset provides satellite-derived 

estimates of vegetation types and their spatial components. Because different PFTs exhibit distinct 
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productivity characteristics, the representation of PFT composition can strongly influence GPP 

simulations in ecosystem models. 

By combining ED model simulations, in-situ observations, and satellite-derived PFT information, 

this study evaluates the consistency between modeled and observed GPP and explores potential 

factors influencing model performance. 

2.3.2 GPP Results 

Figure 2.2 shows example comparisons of GPP between the ED model simulations and in-situ 

measurements. In many cases (e.g., the first column), the ED model shows good agreement with 

the in-situ observations, capturing both the seasonal variations and the magnitude of GPP. 

However, in some cases, the ED simulations reproduce similar temporal patterns but differ in 

magnitude from the in-situ observations. These discrepancies suggest that certain factors 

influencing ecosystem productivity may not be fully represented in the model simulations. 

To further investigate this issue, the PFT composition used in the ED simulations was examined. 

Different PFTs exhibit distinct productivity patterns. For example, broadleaf forests and needleleaf 

forests often show different seasonal dynamics and productivity levels. As a result, variations in 

PFT composition may influence simulated GPP. 
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Figure 2.2 Comparison of gross primary productivity (GPP) between the Ecosystem Demography 

(ED) model and in-situ measurements. 

Figure 2.3 compares PFT composition between the ED model and the ESA CCI product, 

corresponding to the two panels in the second row of Figure 2.2. Four PFT classes are considered 

in this comparison: broadleaf forest (BL), needleleaf forest (NL), grass and shrub (GS), and others 

(OT). In this figure, PFT fractions from the ED simulations and satellite observations are shown 

using stacked bar charts. Different colors represent different PFT classes, and the largest fraction 

indicates the dominant PFT. 

In the first column of Figure 2.3, the two datasets identify the same dominant PFT. Under these 

conditions, the ED simulations generally produce GPP estimates that align well with the in-situ 

observations (Figure 2.2, second row, first column). However, in the second column of Figure 2.3, 
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the dominant PFT differs between the datasets. Further examination shows that changes in PFT 

composition are associated with differences in the simulated GPP (Figure 2.2, second row, second 

column). 

 
Figure 2.3 Comparison of plant functional types (PFTs) between the Ecosystem Demography 

(ED) model and the European Space Agency (ESA) Climate Change Initiative (CCI) product for 

four classes: broadleaf forest (BL), needleleaf forest (NL), grass and shrub (GS), and others (OT). 

These results suggest that the representation of PFTs plays an important role in determining GPP 

prediction performance. This finding highlights the importance of accurately representing 

vegetation composition and motivates the development of improved approaches for time-series 

GPP prediction by integrating satellite-derived PFT information with in-situ observations, which 

will be further explored in Chapter 4. 

2.4 Conclusion 

This chapter conducted a systematic evaluation of existing datasets for two key land surface 

variables: LST and GPP. By comparing satellite products, model simulations, and in-situ 

observations, this analysis identified key challenges and limitations in current environmental 

datasets. 

For LST, the comparison across multiple datasets revealed clear trade-offs between data 
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availability and retrieval accuracy. Thermal infrared products generally provide relatively high 

accuracy but suffer from limited spatial coverage due to cloud contamination, while passive 

microwave and reanalysis products offer higher data availability but often exhibit lower accuracy. 

Further comparison with air and soil temperatures within the ERA5 framework shows that LST 

exhibits larger RMSEs than other temperature variables. One possible explanation is that LST has 

a larger dynamic range and is strongly influenced by surface properties. These characteristics 

highlight the complexity of LST estimation and suggest that incorporating surface-related 

information may help improve LST retrieval. 

For GPP, comparisons between ED model simulations and in-situ observations show that although 

the model can capture the seasonal dynamics of ecosystem productivity, discrepancies in 

magnitude occur in some cases. Further analysis indicates that these differences are associated 

with variations in PFT representation. Because different vegetation types exhibit distinct 

productivity patterns, inconsistencies in dominant PFT composition can lead to differences in 

predicted GPP, suggesting that incorporating PFT-related information may help improve GPP 

estimation. 

Overall, the results of this chapter highlight two key challenges in current environmental datasets. 

First, LST retrieval is strongly linked to surface properties, suggesting the need to incorporate 

satellite-derived surface information together with in-situ observations. Second, GPP prediction 

varies with dominant PFT representation, highlighting the importance of accurately representing 

vegetation composition. These findings motivate the methodological developments presented in 

the following chapters. Chapter 3 focuses on improving LST retrieval by integrating satellite 

surface property information with in-situ observations, while Chapter 4 investigates improved 

approaches for GPP prediction by integrating satellite-derived PFT information with in-situ data. 
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Chapter 3: Artificial Intelligence (AI)-Driven Snapshot Data Integration to 
Enhance Variable Retrieval: A Case Study with LST 

3.1 Background 

Variables that are estimated from instantaneous observations are typically treated as snapshot 

variables. LST is a representative example, defined as the radiative skin temperature of the land 

surface and calculated from measured radiance (Szagri et al., 2023). It represents the 

thermodynamic temperature of a thin layer at the interface between soil, vegetation, or other 

surface components and the atmosphere (Z.-L. Li et al., 2023). LST serves as a key parameter in 

various studies, including research on urban heat islands (Feng et al., 2023; A. Jia et al., 2020; F. 

Liu et al., 2024), climate change (Eleftheriou et al., 2018; S. Xu et al., 2023), evapotranspiration 

(Jia et al., 2026; Moura et al., 2019; Zhang et al., 2022), hydrological cycles (Gampe et al., 2016; 

Jia et al., 2025; Olivera-Guerra et al., 2022), and vegetation monitoring (Ding et al., 2024; Zilin 

Li et al., 2024). In particular, LST's significance is pronounced in analyzing the urban heat island 

effect and in understanding the broader impacts of climate change. The urban heat island effect is 

a phenomenon characterized by higher temperatures in urban areas compared to rural areas (Oke, 

1982; Yang et al., 2022). The monitoring and mitigation of urban heat islands rely heavily on 

accurate LST measurements, enabling policymakers to implement effective heat management 

strategies and improve urban livability (Voogt & Oke, 2003). Additionally, LST is recognized by 

the Global Climate Observing System as a vital parameter in the land biosphere (Hollmann et al., 

2013). It plays a crucial role in the development of climate change indices, offering essential data 

for researchers and policymakers to monitor and evaluate the effects of climate variability and 

change on both local and global scales (Halder et al., 2021).  

Therefore, high-quality LST datasets are required to provide effective scientific support for 
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environmental and climate change research (Jia et al., 2022; Jia et al., 2023; Xu et al., 2019). Field 

stations can serve as one of the sources for LST data. They offer precise measurements but are 

limited in spatial extent (Vancutsem et al., 2010; Shuo Xu et al., 2023). This constraint has spurred 

the use of TIR remote sensing, which provides spatial information crucial for environmental and 

climatic studies (Xu & Cheng, 2021; Zhang et al., 2020).  

Various algorithms have been developed for deriving LST from TIR data, each with its strengths 

and limitations. The single-channel (SC) method utilizes a single radiative transfer equation (RTE) 

but requires accurate land surface emissivity (LSE) and atmospheric conditions (Cristóbal et al., 

2009; Jimenez-Munoz et al., 2008; Qin et al., 2001). The split-window (SW) method mitigates 

atmospheric effects by utilizing two TIR bands, improving the retrieval process, but still dependent 

on accurate LSE (Mao et al., 2005; Wan & Dozier, 1996; Ye et al., 2022). Multichannel methods 

use multiple TIR channels for atmospheric correction, but most require precise LSE 

measurements, and the inclusion of mid-infrared (MIR) channels can often introduce errors 

(Gillespie et al., 1998; Liang, 2001; Wan, 2004). The TES algorithm retrieves the LST and LSE 

simultaneously without external LSE data as input but requires precise atmospheric correction 

(Gillespie et al., 1998; Malakar & Hulley, 2016). Machine learning (ML) techniques offer 

significant improvements over traditional physical models, and ML models benefit from extensive 

training data (Yuan et al., 2020; Y. Zhang et al., 2018). However, they struggle with data from 

diverse domains, such as simulations and real-world observations, and depend heavily on auxiliary 

data such as LSE, water vapor content (WVC), downward shortwave radiation (DSR), and 

vegetation indexes (H. Jia et al., 2021; Mao et al., 2007; Xu et al., 2021). 

In summary, current approaches for LST retrieval face notable shortcomings: 1) conventional ML 

methods rely heavily on training data, but cannot effectively utilize data from distinct domains, 
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such as simulation and the real world; and 2) traditional LST-retrieval methods are constrained by 

the coupling of the LST, the LSE and the atmosphere. As a result, both traditional physical LST-

retrieval methods and ML LST-retrieval methods frequently rely on auxiliary data, particularly 

LSE. 

Transfer learning (TL) represents a cutting-edge methodology that capitalizes on the knowledge 

from a distinct source domain to enhance the learning tasks within a target domain (Pan & Yang, 

2010). Specifically, TL can transfer the knowledge accumulated in a pre-trained model from the 

source domain to a target model by utilizing model parameters, and fine-tune the model for the 

target domain by using data from the target domain (Pan & Yang, 2010). Despite its successful 

application across a variety of remote sensing endeavors (Khaki et al., 2021; Li et al., 2022; Tong 

et al., 2020; Zhou et al., 2020; Zhou et al., 2023), the application of TL to improve LST estimation 

remains underexplored.  

This study introduces an innovative TL-based approach for LST retrieval that effectively bridges 

the simulation domain and the real-world domain, serving as the source and target domains, 

respectively. This approach utilizes comprehensive knowledge from radiative transfer model 

(RTM) simulations alongside empirical observations, facilitating the development of models with 

enhanced accuracy. The proposed TL framework solely relies on the integration of shortwave and 

longwave TOA data. Strong correlations have been found between shortwave spectral reflectance 

or derived indices and thermal emissivity (Meng et al., 2019; Tang et al., 2015). With the addition 

of shortwave data, the proposed method can retrieve LST without the explicit requirement for 

external LSE information. The LST data generated by this study can provide valuable support for 

research in environmental and climate change. 

The remainder of this paper is structured as follows: Section 3.2 introduces the data used in this 
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study, including in-situ measurements and satellite data. Section 3.3 outlines the methodology, 

encompassing the generation of simulation data as well as the development of both the ML and 

TL models. Section 3.4 provides a comprehensive examination of the LST values derived using 

the ML and TL techniques, comparing these with the official Landsat LST product based on SC 

(Cook et al., 2014; Malakar et al., 2018) and the SW-derived LST data (Meng et al., 2019), while 

also illustrating the spatial distribution patterns of these different LSTs. Section 3.5 discusses the 

advantages of incorporating shortwave data into the proposed models, examines the performance 

of various algorithms across different LC types, and extends the application of the proposed 

methodologies to other Landsat missions. Finally, a summary of findings and conclusions is 

provided in Section 3.6. 

3.2 Data 

3.2.1 In-Situ Measurements 

Our research extensively utilized in-situ measurements from four prominent networks: Surface 

Radiation Budget Network (SURFRAD), FLUXNET, Baseline Surface Radiation Network 

(BSRN), and AmeriFlux Network, offering comprehensive observations across various climate 

regions, LC categories, and ecosystems. This extensive geographical coverage enables robust 

conclusions and facilitates representative analysis and discussion in this study. 

Funded by the National Oceanic and Atmospheric Administration’s (NOAA) Office of Global 

Programs, SURFRAD's primary goal is to supply ground truth references essential for climate 

research (https://www.esrl.noaa.gov/gmd/grad/surfrad/overview.html) (Augustine et al., 2000; 

Augustine et al., 2005). Overall, the SURFRAD network consists of seven stations located in 

different climate zones with different surface coverage types. FLUXNET, initiated by the 
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Lawrence Berkeley National Laboratory (USA), employs the eddy covariance technique to 

measure the cycling of carbon, water, and energy between the biosphere and atmosphere 

(https://fluxnet.org/) (Pastorello et al., 2020). The network encompasses over a thousand flux 

measurement sites, distributed throughout numerous climatic zones and representative biomes. 

Launched by the World Climate Research Program (WCRP), the radiometric network BSRN aims 

to detect important changes in the Earth’s radiation field (https://bsrn.awi.de) (Driemel et al., 2018; 

Ohmura et al., 1998). The network covers different climatic zones from 80° N to 90° S and 

currently comprises 74 stations (58 active). Established by the Department of Energy (DOE) of 

the United States, AmeriFlux aims to quantify the variability in water and carbon exchanges 

between terrestrial ecosystems and the atmosphere (https://ameriflux.lbl.gov/about/about-

ameriflux/) (Hargrove et al., 2003). This network includes more than 100 stations covering various 

ecosystem types. 

In-situ LST data derivation involved the Stefan–Boltzmann equation (Equation 1), utilizing 

measurements of LWUP and LWDN. Data collection spanned more than a decade (March 2013 

to November 2023). Through specific filtering criteria, focusing on the availability of Landsat-8 

LST data for geographical location and minimal spatial heterogeneity, 241 sites (including 6 from 

SURFRAD, 40 from FLUXNET, 13 from BSRN, and 182 from AmeriFlux Network) were 

selected for this study, enhancing the data's representativeness and reliability for the analysis. 

Given the Landsat-8 dataset's approximately 30-meter or 100-meter (TIR) spatial resolution, it was 

imperative to acknowledge and address the potential for significant spatial heterogeneity at certain 

sites, which might compromise the representativeness of their corresponding satellite pixels (Shuo 

Xu et al., 2023). Therefore, the spatial heterogeneity was assessed and served as a key criterion for 

site selection. This study utilized Landsat-8 LST data from the same period and performed a 

https://fluxnet.org/
https://bsrn.awi.de/
https://ameriflux.lbl.gov/about/about-ameriflux/
https://ameriflux.lbl.gov/about/about-ameriflux/
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standard deviation (STD) analysis of the pixels surrounding each site using a 3 × 3 window to 

quantify spatial heterogeneity. Sites with an average STD exceeding 4 K were deemed unsuitable 

and subsequently excluded from the dataset. This careful site selection and filtering process was 

aimed at mitigating spatial heterogeneity issues, thereby ensuring the dataset's enhanced accuracy 

and representativeness for subsequent analysis. 

The distributions of the selected 241 sites are shown in Figure 3.1 and Table S1 in Appendices. 

Additional details regarding LC types are accessible via the respective networks' websites.   

For the LST derivation from the chosen 241 sites, their LWUP and LWDN readings were input 

into the Stefan–Boltzmann equation (Equations 1 and 2 in Section 2.2.1). SURFRAD, FLUXNET, 

BSRN, and AmeriFlux Networks provide high-quality and continuous ground-based LWUP and 

LWDN measurements at temporal resolutions ranging from 1 to 3 minutes, 30 minutes, 1 to 60 

minutes, and 30 minutes, respectively. This study utilized in-situ measurements that closely 

aligned with the Landsat-8 product pixels' observation times, ensuring temporal relevance and 

consistency. 
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Figure 3.1 Distributions of the land surface temperature (LST) measurement stations used in this 

study. 

This meticulous approach to data collection, site selection, and LST derivation ensures the 

robustness and integrity of the analysis, ensuring that the findings are based on accurate and 

representative datasets. 

3.2.2 Satellite Top-Of-Atmosphere (TOA) Data 

The Landsat program provides relatively high-spatial-resolution satellite data (30 or 100 meters), 

making it invaluable for various research endeavors. Landsat-8, launched on February 11, 2013, 

stands out with its advanced instrumentation, carrying the Operational Land Imager (OLI) and the 
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Thermal InfraRed Sensor (TIRS) instruments. Notably, Landsat-8 TIRS features an additional 

thermal band compared to Landsat 4–5 Thematic Mapper (TM) and Landsat 7 Enhanced Thematic 

Mapper Plus (ETM+). This additional thermal band not only enhances the extraction of thermal 

information but also supports the effective application of SW algorithms, expanding the potential 

for improved thermal analysis. 

For this study, Landsat-8's TOA observations across various spectral bands were utilized, 

including bands 1–4 (visible), band 5 (near-infrared (NIR)), bands 6–7 (shortwave infrared 

(SWIR)), and bands 10–11 (TIR), alongside surface temperature (LST) data. The inclusion of these 

diverse spectral bands allows for an in-depth monitoring and characterization of various surface 

attributes. Data spanning more than a decade (March 2013 to November 2023) were used to 

provide a broad temporal coverage for comprehensive analysis. The TOA observations were 

obtained from the USGS Landsat 8 Collection 2 Tier 1 TOA Reflectance dataset available on 

Google Earth Engine (GEE) (https://developers.google.com/earth-

engine/datasets/catalog/LANDSAT_LC08_C02_T1_TOA).  

3.2.3 Satellite LST Data from Single-Channel (SC) and Split-Window (SW) Algorithms 

The SC and SW methods are two widely used algorithms for deriving LST from TIR data. The SC 

method, as exemplified by the official Landsat-8 LST data, predominantly relies on the thermal 

data from TIR band 10. The SC process begins with an atmospheric correction for the TIR data, 

followed by an emissivity correction, and concludes with an SC inversion, utilizing the LUT 

method (Cook et al., 2014; Malakar et al., 2018). To compare the performance of the proposed 

algorithm with the SC method, Landsat-8 LST data were obtained from the USGS Landsat 8 Level 

2, Collection 2, Tier 1 dataset provided by GEE (https://developers.google.com/earth-
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engine/datasets/catalog/LANDSAT_LC08_C02_T1_L2). Quality attributes were also obtained 

and applied for effective cloud masking, which enhanced the reliability of the satellite data used 

in this study. 

The SW method derives LST using observations from two TIR bands (typically channels 10 and 

11 in Landsat-8). There are three frequently employed SW algorithms that exclusively rely on LSE 

and TOA observations (Meng et al., 2019; Ye et al., 2022): the generalized linear algorithm (Wan 

& Dozier, 1996), the nonlinear SW algorithm (Du et al., 2015; Wan, 2014), and the NOAA JPSS 

enterprise algorithm (Liu et al., 2019). The research on Landsat-8 (Meng et al., 2019) indicates 

that the nonlinear SW algorithm (Du et al., 2015; Wan, 2014) provides the highest accuracy in 

most cases. To compare the performance of the proposed algorithm with the SW method, the 

nonlinear SW algorithm was implemented in this study. The algorithm is expressed in the 

following equations. 

( )2
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+ −  
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where T10 and T11 are the Landsat-8 brightness temperatures of channels 10 and 11, respectively; 

ε and Δε are the LSE mean and difference, respectively. ε=(ε10+ε11)/2, Δε=ε10−ε11; Bi (i = 0~7) are 

the algorithm coefficients determined using simulated data. The improved NDVI-based threshold 

method (Cheng et al., 2018) and the vegetation cover method (Valor & Caselles, 2005) were 

selected to estimate the LSE for vegetated and non-vegetated areas, respectively.  

3.3 Methodology 

The extensive simulation data generated by RTMs (source domain) encompasses diverse 

atmospheric conditions and surfaces. These simulations were employed to train a comprehensive 
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ML model, which served as a starting point for the TL model. The pre-trained ML model was then 

further refined using a subset of real-world data (target domain), which included satellite and in-

situ data, to develop the TL model. Another subset of real-world data was employed to predict and 

validate LST results from both the ML and TL models. Figure 3.2 provides the overall flowchart 

of the TL algorithm. 

 

Figure 3.2 Flowchart of the transfer-learning (TL)-based method to retrieve land surface 

temperature (LST). 

Section 3.3.1 details the simulation data generation process, while Sections 3.3.2 and 3.3.3 

elaborate on the construction processes of the ML and TL models respectively.  

3.3.1 Simulation Data Generation 

To provide comprehensive inputs for the models, TOA observations in both longwave and 

shortwave spectra were utilized. Longwave measurements, particularly TIR data, are pivotal for 

capturing the radiation emitted from the Earth's surface, directly informing LST interpretations. 
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Conversely, shortwave data, encompassing the visible, NIR, and SWIR bands, reflect solar 

illumination and are instrumental in characterizing land surface inherent attributes. 

In theory, it is possible to produce the all-wave simulation by running RTMs across the shortwave 

and longwave spectrum. However, it is computationally inefficient to achieve reasonably fine 

spectral intervals in both shortwave channels (in wavelength) and longwave channels (in 

wavenumber). As an alternative, simulations in shortwave and longwave channels are first 

conducted separately and then integrated to balance the requirement in spectral resolution and the 

computing demand. Table 3.1 presents the parameters used in the RTMs, and Figure 3.3 provides 

the schematic representation of the data generation and matching process. 

Table 3.1 The parameters used in the radiative transfer models (RTMs). 

Model Name Parameters Values 

MODTRAN LST (K) AT0 - 5, AT0, AT0 + 5, AT0 + 10, AT0 + 15, AT0 + 20 
VZA (°) 0, 10, 20 

libRadtran 

AOD 0.01, 0.025, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5 
SZA (°) 0, 10, 20, 30, 40, 50, 60, 70, 80 
RAA (°) 0, 30, 60, 90, 120, 150, 180 
WV (cm) 0, 1.5, 3.0, 4.5, 6.0, 7.5, 9.0, 10.5 
Altitude (km) 0, 1, 2, 4, 6, 8 
VZA (°) 0, 10, 20 

For the generation of longwave simulation data, MODTRAN 6.0 (Berk et al., 2014) was employed 

to generate longwave simulation data, as it is widely recognized for its accuracy in atmospheric 

transmission and radiative transfer simulations. Specifically, to simulate the TOA radiance of the 

Landsat-8 TIR channels (Band 10 and Band 11), several key parameters were considered, 

including emissivity, LST, water vapor (WV), altitude, and viewing zenith angle (VZA). These 

channels are centrally located at wavelengths of 10.89 μm for band 10 and 11.98 μm for band 11.  
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Figure 3.3 Generating and matching longwave and shortwave simulation data. 

Emissivity values were derived from the ASTER spectral library (Baldridge et al., 2009) together 

with the spectral response functions (SRF) of the Landsat-8 TIR bands (https://nwp-

saf.eumetsat.int/downloads/rtcoef_rttov13/ir_srf/rtcoef_landsat_8_tirs_srf.html). The selected 

spectra include a variety of types: soils (alfisol, aridisol, entisol, inceptisol, lunar, mollisol, and 

utisol), rocks (igneous, metamorphic, and sedimentary), vegetation (grass, and trees), and water 

(sea, distilled, ice, snow, and tap), etc. The atmospheric profiles, specifically regarding air 

temperature (AT), WV, and altitude, were informed by the clear-sky Global Atmospheric Profiles 

from Reanalysis Information (GAPRI) (Mattar et al., 2015). The base air temperature from these 

profiles (AT0) was used to set the LST values (Table 3.1), following the methodology outlined by 

Jiménez-Muñoz et al. (2014). Given the statistical range of VZA for Landsat-8 (0° to 20°), three 



 

 

41 
 

distinct VZA values were selected for simulations (Table 3.1). The detailed equation can be found 

at Berk et al. (1998), Berk et al. (2005), and Berk et al. (2014). 

The simulation of shortwave data was conducted using libRadtran (Mayer & Kylling, 2005), 

recognized for its efficiency in modeling solar radiation transmission. This involved generating 

TOA reflectance values for Landsat-8's shortwave bands (1–7), requiring inputs such as SR, 

aerosol optical depth (AOD) at 550 nm, solar zenith angle (SZA), relative azimuth angle (RAA), 

WV, altitude, and VZA. The central wavelengths for these bands range from 0.44 μm to 2.20 μm. 

SR for bands 1–7 was calculated using spectral data from the ASTER spectral library (Baldridge 

et al., 2009) and the SRF of the Landsat-8 bands 1–7 (https://nwp-

saf.eumetsat.int/downloads/rtcoef_rttov13/ir_srf/rtcoef_landsat_8_oli_srf.html). The AOD at 

550 nm, SZA, RAA, WV, altitude, and VZA were set as Table 3.1, and input into libRadtran to 

simulate the necessary data (Mayer & Kylling, 2005). The detailed equation can be found at Mayer 

and Kylling (2005), and Emde et al. (2016). Optical atmospheric parameters were obtained from 

libRadtran, and the TOA reflectance for Landsat-8 Bands 1–7 was then calculated according to 

Equation 4. 

R(μ0) = R0(μ0) +  
𝛾𝛾𝑠𝑠 𝜌̅𝜌

1 − 𝛾𝛾𝑠𝑠 𝜌̅𝜌 
μ0𝛾𝛾(μ0) (4) 

Where, R(μ0) is TOA reflectance, R0(μ0) is path reflectance, 𝛾𝛾𝑠𝑠 is SR, 𝜌̅𝜌 is the spherical albedo, 

μ0 is the cosine of the solar zenith angle, and 𝛾𝛾(μ0) is the total transmittance (Y. Zhang et al., 

2018). 

For both longwave and shortwave simulations, it was imperative to ensure consistency across key 

parameters such as WV, altitude, and VZA. This facilitated the matching of longwave and 

shortwave data sets, as depicted in Figure 3.3. The aligned data sets, encompassing matched LST 

https://nwp-saf.eumetsat.int/downloads/rtcoef_rttov13/ir_srf/rtcoef_landsat_8_oli_srf.html
https://nwp-saf.eumetsat.int/downloads/rtcoef_rttov13/ir_srf/rtcoef_landsat_8_oli_srf.html
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values and corresponding TOA observations for bands 1–7, 10, and 11, were then utilized for 

further analysis in the development of ML and TL models.  

3.3.2 Machine Learning (ML) Modeling  

The ML model was based on a neural network. It is a numerical model of the neural network of 

the brain, which uses interconnected nodes or neurons in a layered structure that mimics the 

structure of the human brain. The most important feature of neural networks is their ability to be 

"trained" and approximate complex relationships using learning algorithms (Takenaka et al., 

2011).  

To construct the models, simulations from RTMs were utilized as the source domain. TOA data 

from 1–7, 10, and 11 were available as independent variables (X). However, the inclusion of nine 

bands, although comprehensive, may introduce potential redundancies. To streamline the band 

selection and identify the optimal set of bands, a principal component analysis (PCA) was 

conducted. The first three principal components can explain 99.99% of the total variance. 

Specifically, bands 10 and 11 are predominant in the first and second principal components, while 

bands 1-5 significantly contribute to the third principal component. Consequently, the models 

focus on bands 1-5, 10, and 11. In the ML model, the simulated TOA observations 1–5, 10, and 

11 are used as the independent variables (X), and the simulated LST is used as the dependent 

variables (Y), as shown in Figure 3.2. 

To determine the optimal hyperparameters for the ML model, experiments were conducted with 

different combinations, balancing accuracy and computational efficiency. The result was the 

development of a four-layer neural network model, which included one input layer, two hidden 

layers, and one output layer. The input layer was designed with seven neurons, corresponding to 
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the seven selected TOA bands (1–5, 10, and 11), ensuring that each band's unique contribution to 

LST could be captured. The output layer consisted of a single neuron, representing the LST value. 

The hidden layers, comprising twenty-five neurons in the first layer and five neurons in the second, 

were meticulously calibrated to provide the neural network with sufficient complexity to model 

the relationships in the data while maintaining computational manageability.  

This structured approach to ML modeling ensures that the neural network can effectively learn 

from the RTM-generated simulations, providing a robust foundation for accurate LST prediction 

and serving as a critical step toward the development of the TL model. 

3.3.3 Transfer Learning (TL) Modeling 

The TL algorithm utilizes the pre-trained model as a starting point, extracting and refining its 

features and weights, and fine-tuning them to produce an optimal model (H. Liang et al., 2019). 

This approach not only streamlines the model development process but also ensures adaptability 

to diverse datasets across different domains, thereby broadening the applicability and effectiveness 

of ML.  

In this study, the TL paradigm was employed to adapt the previously developed ML model to 

better align with real-world observations, thereby transitioning from the source domain of 

simulated data to the target domain of satellite and in-situ measurements. This adaptation process 

involved integrating the learned features and weights from the ML model and meticulously fine-

tuning them with a subset of real-world data, culminating in the development of an advanced TL 

model.  

This refined TL model utilizes both theoretical simulations and empirical data. Traditional ML 

methods heavily rely on extensive training datasets. Simulations from RTMs are comprehensive 



 

 

44 
 

and cover a wide range of scenarios. Station data, representing real-world conditions, helped 

mitigate discrepancies between simulation data and actual observations. Fine-tuning the model 

with station data allowed the TL model to better approximate real-world conditions, thereby 

improving its predictive performance. The use of these datasets ensures both the quantity and 

quality needed for accurate and reliable predictions. 

The real-world dataset, comprising Landsat-8 satellite observations alongside in-situ LST 

measurements, played a pivotal role in fine-tuning the TL model. To prevent overfitting and ensure 

robust model validation, the dataset was strategically divided into training and test subsets. The 

training data, obtained from SURFRAD and FLUXNET, were utilized to fine-tune the ML model, 

thereby establishing the TL model. Conversely, the test data, sourced from AmeriFlux and BSRN, 

were instrumental in evaluating the performance of both the ML and TL models. 

Initially, the TL model adheres to the same structural framework as the pre-trained ML model, 

maintaining a consistent architecture that includes one input layer, two hidden layers, and one 

output layer. This architectural consistency ensures that the TL model retains the foundational 

strengths of the ML model while incorporating the necessary refinements to enhance its 

applicability to real-world data. Next, the learned features and weights were transferred from the 

ML model, with the first hidden layer frozen to preserve the general features learned during 

pretraining. Real-world data were then used for training, where Landsat-8 TOA observations 

(bands 1–5, 10, and 11) served as the independent variables (X), corresponding to seven neurons 

in the input layer, and the in-situ LST measurements were specified as the dependent variable (Y), 

corresponding to one neuron in the output layer. Finally, with the first hidden layer’s weight fixed, 

the model undergoes further training with real-world data, allowing the weights to be refined and 

the model’s accuracy to be enhanced. 
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The evaluation results of the predicted Landsat-8 LST by the ML and TL models are presented in 

Section 3.4.1. This evaluation not only highlights the model's enhanced predictive capabilities but 

also emphasizes the effectiveness of incorporating real-world data in improving the model's 

predictive accuracy. 

3.4 Results 

In this section, the performance of the proposed ML and TL models is assessed, and the proposed 

algorithm is compared with the SC and SW algorithms. Additionally, the spatial distribution of the 

retrieved LST is examined. 

3.4.1 Performance of ML and TL Models 

The efficacy of the ML and TL models in estimating LST was rigorously evaluated, utilizing a 

subset of in-situ measurement data. The validation sites are sourced from AmeriFlux and BSRN. 

There are 182 sites from AmeriFlux and 13 sites from BSRN. Detailed information, including 

surface type, elevation, latitude, and longitude, can be found in Table S1 in Appendices. 

This evaluation aimed to assess the predictive accuracy and reliability of both models in rendering 

precise LST estimations from Landsat-8 satellite observations. Figure 3.4 depicts the validation 

results for Landsat-8 LST derived from these models.  
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Figure 3.4 Comparison between the Landsat-8 land surface temperature (LST) product generated 

by the single-channel (SC) algorithm, the Landsat-8 LST data generated by the split-window (SW) 

algorithm, the Landsat-8 LST predicted by the machine learning (ML) model, and the Landsat-8 

LST predicted by the transfer-learning (TL) model over in-situ measurements. 

The performance metrics for the ML model showed an R² of 0.94, indicating a strong correlation 

between the predicted and observed LST values. The model also recorded a RMSE of 3.64 K, 

reflecting the average magnitude of the prediction errors, and a bias of 1.24 K, indicating the 

average deviation from the actual measurements. 

Building upon this foundation, the TL model, which was fine-tuned using a subset of in-situ 

measurements, demonstrated an enhanced performance. The TL model achieved an R² of 0.95, an 

RMSE of 3.18 K, and a bias of 0.35 K. These improvements in the TL model, with a lower RMSE 
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and bias by 0.46 K and 0.89 K, respectively, underscore its superior predictive capability compared 

to the ML model. 

These findings demonstrate the effectiveness of the TL approach in leveraging the foundational 

theoretical knowledge encapsulated within the pre-trained ML model, further enhancing its 

accuracy with the integration of real-world data. This highlights the promising potential of 

combining simulations from RTMs with real-world observational data to refine and enhance LST 

prediction models. 

In recognition of its enhanced performance and potential for broader application, the TL model 

has been made publicly available on GEE. Interested readers can directly apply the code to estimate 

LST from Landsat 8 and 9 data. 

3.4.2 Comparison with SC and SW Algorithms 

In addition to evaluating the ML and TL models, comparisons were conducted with traditional 

LST retrieval methodologies, namely the SC algorithm (Cook et al., 2014; Malakar et al., 2018) 

and the SW algorithm (Du et al., 2015; Meng et al., 2019; Wan, 2014). Figure 3.4 also displays 

the validation results for the official Landsat-8 LST product and Landsat-8 LST data generated by 

the SW algorithm (Meng et al., 2019). 

The Landsat-8 LST product generated by the official SC algorithm had an RMSE of 4.02 K, while 

the Landsat-8 LST data generated by the SW algorithm had RMSE values of 3.75 K. When 

compared, the LST estimations from ML and TL models demonstrated even more enhanced 

accuracy, with RMSEs of 3.64 K and 3.18 K, respectively.  

This comparative analysis highlights that both ML LST and TL LST surpass the accuracy of the 

official Landsat-8 LST product. This success can be largely attributed to the models' exclusive 
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reliance on observed TOA data, combined with the strategic incorporation of shortwave data, 

which effectively enhances land surface information capture. In contrast, the official Landsat-8 

LST products rely on auxiliary data such as LSE, and these intermediate data may introduce errors 

in the LST estimation process. 

Furthermore, the accuracy of LST estimations by the proposed ML and TL models surpassed those 

derived from the SW algorithm. Although the ML model uses only shortwave and longwave TOA 

data, its accuracy is higher than the SW algorithm utilizing LSE, meaning that combining 

shortwave and longwave can eliminate the dependency on external LSE data. Further elaboration 

on this concept and its implications is provided in Section 3.5.1. In addition, the TL model 

demonstrated further enhanced accuracy over the SW algorithm. The TL model utilized both 

simulations and real-world data, where the simulation data provides a comprehensive theoretical 

basis and the real-world data enhances the model's alignment with actual conditions. 

Consequently, this method surpasses traditional techniques in accuracy, despite relying solely on 

TOA data, highlighting the potential of the proposed TL model in improving LST retrieval.  

3.4.3 Spatial Distribution of Different LSTs 

The spatial distribution of LSTs is also examined. For this purpose, two cloud-free Landsat images 

were selected: one from a winter day on January 23, 2022, and another from a summer day on July 

5, 2014.  

The LST maps generated by the TL method for these days are illustrated in Figure 3.5 (a) and (g). 

To evaluate the spatial distribution of LST derived using the TL method, LST products from the 

SC method, SW method, and MODIS dataset are also presented in Figure 3.5 (b) and (h), Figure 

3.5 (c) and (i), and Figure 3.5 (d) and (j). To facilitate a visual assessment of their similarities, 
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histograms depicting the distribution of LST values are provided in Figure 3.5 (e) and (k). 

Furthermore, MODIS LC types are provided in Figure 3.5 (f) and (l) to show the diversity of LC 

types. The MODIS LC data is obtained from MODIS Land Cover Type Yearly Global 500m 

products (MCD12Q1.061). This product is downloaded from 

https://lpdaac.usgs.gov/products/mcd12q1v061/. 

The spatial patterns revealed by the TL LST closely mirror those observed in SC LST, SW LST, 

and MODIS LST datasets, affirming the TL method's alignment with established LST estimations. 

Notably, the TL LST adeptly highlights temperature extremes, such as higher temperatures in 

cropland regions and cooler temperatures over small water bodies. This precision in capturing 

temperature variances attests to the TL model's ability to accurately represent geographical and 

thermal extremities. 

Furthermore, the finer spatial resolution of the TL LST, alongside the SC and SW LST datasets, 

offers a more detailed observation of surface characteristics compared to the broader MODIS LST 

maps. This advantage underscores the importance of high-resolution data in detecting subtle 

geographical features and temperature nuances across diverse landscapes, enhancing our 

understanding and analysis of surface temperature distributions. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

   
Figure 3.5 The spatial comparison of various winter (a–f) and summer (g–l) land surface 

temperature (LST) data. (a) and (g): transfer-learning (TL) LST; (b) and (h): single-channel (SC) 

LST; (c) and (i): split-window (SW) LST; and (d) and (j): MODIS LST. Additionally, (e) and (k): 

their histograms; and (f) and (l): MODIS land cover (LC) types (1: Evergreen Needleleaf Forests; 
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2: Evergreen Broadleaf Forests; 3: Deciduous Needleleaf Forests; 4: Deciduous Broadleaf Forests; 

5: Mixed Forests; 8: Woody Savannas; 9: Savannas; 10: Grasslands; 11: Permanent Wetlands; 12: 

Croplands; 13: Urban and Built-up Lands; 14: Cropland/Natural Vegetation Mosaics; 16: Barren; 

17: Water Bodies). 

3.5 Discussion 

This section further investigates the advantages of incorporating shortwave data into the model 

inputs, examines accuracy improvements across different LC types, and explores the application 

of the proposed algorithms to other Landsat missions. 

3.5.1 The Effectiveness of Incorporating Shortwave Data 

While shortwave signals are not directly linked to LST, they offer valuable information about 

surface emissivity within thermal ranges due to inherent correlations in surface properties across 

spectral regions.  

Various researchers have explored the connection between shortwave parameters or indices and 

thermal emissivity. Notably, studies by Van de Griend and Owe (1993), Valor and Caselles (2005), 

and Tang et al. (2015) have demonstrated a significant correlation between LSE and the NDVI. 

Moreover, a physical relationship exists between LSE and spectral albedos or reflective variables, 

particularly over non-vegetated surfaces, as highlighted by Cheng et al. (2010), Cheng et al. 

(2018), and Meng et al. (2019). Therefore, incorporating shortwave data can enrich emissivity 

information. 

To further illustrate the idea, the relationship between the shortwave TOA observations (bands 1–

5) and thermal emissivity (band 10 or 11) was examined using the simulated data. As shown in 

Section 3.3.1, a substantial amount of simulation data was generated. Each record, as depicted in 
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Figure 3.3, incorporates shortwave TOA observations for different bands along with their 

corresponding thermal emissivities (Emissivity 10 and 11). These shortwave TOA observations 

and thermal LSE values were then used to train the ML method. The shortwave TOA observations 

were used as independent variables and the thermal LSE as dependent variables. An ML model 

based on a neural network was trained, allowing us to derive LSE by inputting TOA reflectances 

into this ML model. A scatter plot, depicted in Figure 3.6, showcases the relationship between 

actual LSE values and those predicted, revealing a notable correlation. This confirms that 

shortwave TOA data are intrinsically linked to thermal emissivity, suggesting that the integration 

of shortwave data into models can effectively reduce the reliance on direct LSE measurements. 

 

Figure 3.6 Comparison of thermal land surface emissivity (LSE) and predicted LSE from 

shortwave top-of-atmosphere (TOA) observations. 

Additionally, longwave data play a crucial role in interpreting LST, whereas shortwave data 

provide valuable insights into land surface attributes, such as vegetation, moisture, and emissivity. 

These spectral bands cover different ranges, enabling the extraction of comprehensive information. 

According to Fahlen et al. (2021), the inclusion of additional channels can be beneficial for 
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improving the measurement of phenomena that encompass multiple spectral ranges, such as WV.  

3.5.2 Accuracy Improvement for Different Land Cover Types 

Our TL model's performance was evaluated across various LC types, comparing it with the official 

SC algorithm, SW algorithm, and ML algorithm. Their LST outputs were aligned with in-situ data 

to analyze RMSE, R2, and bias for different LC types, as detailed in Table 3.2.  

Table 3.2 The performance of different algorithms on different land cover (LC) types. 

LC Types Number 

Single-Channel 
Algorithm 

Split Window 
Algorithm Machine Learning Algorithm 

SC - Landsat-8 Product SW ML TL 

RMSE 
(K) R2 Bias 

(K) 
RMSE 

(K) R2 Bias 
(K) 

RMSE 
(K) R2 Bias 

(K) 
RMSE 

(K) R2 Bias 
(K) 

Shrublands 1482 5.27 0.97 3.65 4.77 0.97 3.48 4.03 0.96 2.45 3.32 0.97 1.57 
Croplands 2270 4.13 0.94 1.95 3.92 0.92 1.62 3.70 0.93 1.14 3.20 0.94 0.48 

Forests 2140 3.29 0.95 0.61 2.85 0.94 0.15 3.14 0.94 0.87 2.85 0.94 -
0.20 

Grasslands 2784 4.32 0.94 1.84 3.91 0.93 1.12 3.77 0.92 0.70 3.41 0.94 -
0.12 

Permanent 
Wetlands 1657 3.30 0.96 1.19 3.66 0.93 1.17 3.31 0.95 1.25 2.84 0.95 0.16 

Savannas 940 5.61 0.94 4.08 4.60 0.94 3.03 4.88 0.92 3.49 4.06 0.93 2.50 
Barren 
Sparse 

Vegetation 
142 3.07 0.97 1.10 5.21 0.94 3.81 2.99 0.97 1.63 2.40 0.97 0.59 

Snow and 
Ice 36 5.31 0.87 3.50 5.57 0.74 3.70 5.34 0.86 3.75 4.17 0.87 2.60 

Water 
Bodies 32 2.56 0.72 -0.81 3.29 0.51 0.19 2.55 0.71 0.56 2.52 0.72 -

0.62 

Rock 62 2.16 0.96 0.55 2.11 0.97 0.73 2.17 0.96 0.51 2.11 0.96 -
0.16 

Tundra 434 2.93 0.96 -0.71 5.51 0.88 2.68 2.67 0.96 -
0.93 2.64 0.96 -

0.20 
Desert 
Gravel 188 5.25 0.89 4.37 3.88 0.91 2.96 2.80 0.85 1.32 2.09 0.90 0.45 

All LC 
Types - 
Overall 

12167 4.02 0.96 1.59 3.75 0.94 1.29 3.64 0.94 1.24 3.18 0.95 0.35 
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The SC algorithm's performance varied widely, with RMSE values ranging from 2.16 K to 5.61 

K, R² values between 0.72 and 0.97, and biases from -0.81 K to 4.37 K. Notably, shrublands and 

savannas exhibited higher RMSEs at 5.27 K and 5.61 K, respectively, potentially due to the 

inherent uncertainties in atmospheric correction or errors in LSE estimation. The snow and ice LC 

types presented an RMSE of 5.31 K, attributed to the challenges in distinguishing clouds from 

snow and the issue of incomplete snow coverage at the pixel scale, as suggested by Duan et al. 

(2021).  

The SW algorithm showed a slight improvement with RMSEs spanning 2.11 K to 5.57 K, R² from 

0.51 to 0.97, and biases between 0.15 K and 3.81 K. In tundra regions, the RMSE of Landsat-8 

LST generated by the SW algorithm is 5.51 K, likely due to inaccuracies in LSE. The accuracy of 

the SW algorithm mainly depends on the confidence of LSE. Similar to the SC algorithm, snow 

and ice regions had a considerable RMSE of 5.57 K, with similar reasons to the SC algorithm at 

snow and ice regions.  

The ML algorithm's performance ranged with RMSEs from 2.17 K to 5.34 K, R² from 0.71 to 0.97, 

and bias from -0.93 K to 3.75 K. The TL model, building upon the ML algorithm, demonstrated 

notable improvements, achieving RMSEs from 2.09 K to 4.17 K, R² from 0.72 to 0.97, and biases 

from -0.62 K to 2.60 K, indicating the highest accuracy among the LC types when compared to 

the LST products from SC, SW, and ML results. 

The RMSE difference between the SC algorithm and the TL algorithm has a range from 0.04 K to 

3.16 K, with desert gravel showing the largest RMSE difference at 3.16 K. The low accuracy of 

the SC algorithm in desert gravel may be caused by the large LSE uncertainty. Desert regions 

exhibit significant LSE variations, influenced by aspects such as soil composition, texture, and 

moisture content (Yu et al., 2006). The challenges in precisely determining LSE result in high 
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uncertainties in LST retrieval for desert surfaces (Z.-L. Li et al., 2013). In contrast, the TL 

algorithm, which relies exclusively on TOA data, is not influenced by these LSE-related 

uncertainties. 

Comparatively, the RMSE difference between the SW algorithm and the TL algorithm did not 

exceed 2.87 K. Except for barren sparse vegetation and tundra, the RMSE difference between the 

SW algorithm and TL algorithm did not exceed 1.79 K. For barren sparse vegetation and tundra, 

their RMSE differences are 2.81 K and 2.87 K, respectively, likely a result of accumulated LSE 

errors. However, the TL model, by relying solely on TOA data, remains unaffected by such error 

accumulation. 

Lastly, the RMSE difference between the ML and TL models ranges from 0.03 K to 1.17 K, with 

the TL model providing more accurate LST estimates than the ML model. This enhanced accuracy 

in the TL model stems from utilizing the simulation data and real-world data. The simulations 

provide a comprehensive basis, and incorporating real-world data enhances the model's alignment 

with actual conditions. Additionally, despite the exclusion of specific LC types such as rock, 

tundra, desert gravel, barren sparse vegetation, snow and ice, and water bodies from the fine-tuning 

dataset, the TL approach exhibited good performance across these categories. This indicates that 

the TL model is effectively generalizing. 

3.5.3 Application to Other Landsat Missions 

Our methodology has been extended to encompass additional Landsat missions, particularly the 

latest Landsat-9 satellite, which was launched on September 27, 2021. This satellite is equipped 

with the advanced Operational Land Imager-2 (OLI-2) and Thermal Infrared Sensor-2 (TIRS-2) 

instruments, continuing the legacy of its predecessors in providing high-quality earth observation 
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data.  

This analysis specifically focused on a case study using Landsat-9, covering the period from 

October 2021 to November 2023. The TOA observations for Landsat-9 were acquired from the 

USGS Landsat-9 Collection 2 Tier 1 TOA Reflectance dataset available through GEE 

(https://developers.google.com/earth-

engine/datasets/catalog/LANDSAT_LC09_C02_T1_TOA#bands), while the Landsat-9 LST data 

was sourced from the corresponding USGS Landsat-9 Level 2, Collection 2, Tier 1 dataset, also 

available through GEE (https://developers.google.com/earth-

engine/datasets/catalog/LANDSAT_LC09_C02_T1_L2). Quality attributes essential for accurate 

cloud masking were also downloaded and applied to the datasets. 

In evaluating the effectiveness of various LST estimation algorithms on Landsat-9 data, the official 

SC algorithm, the SW algorithm, the ML algorithm, and the TL algorithm were included. The 

validation outcomes, illustrated in Figure S1 in Appendices, reveal a striking consistency with the 

results obtained from Landsat-8 data.  

The LST estimations derived from the official SC algorithm for Landsat-9 data recorded an RMSE 

of 4.20 K, whereas the SW algorithm demonstrated a slightly improved RMSE of 3.74 K. In 

contrast, the developed ML and TL models yielded even more favorable RMSEs of 3.70 K and 

3.32 K, respectively. This superior accuracy of the TL model highlights the efficacy of the 

proposed TL methodology. Strategically incorporating shortwave data significantly reduces 

reliance on explicit LSE data, while the combined use of simulations and real-world observations 

greatly enhances the precision of LST estimations. 

The code for estimating LST from Landsat data is available on Google Earth Engine at 

https://code.earthengine.google.com/6bd47d83730403dd4ae9f55661622162 (Landsat 8) and 

https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC09_C02_T1_TOA#bands
https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC09_C02_T1_TOA#bands
https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC09_C02_T1_L2
https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC09_C02_T1_L2
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https://code.earthengine.google.com/1725716fcfdf724c362db3d6641f1226 (Landsat 9). 

3.6 Conclusion 

In environmental studies, the Landsat program has played a critical role by offering long-term, 

high-resolution LST data, which is crucial for assessing urban heat islands, climate change, 

evapotranspiration, hydrological cycles, and vegetation monitoring. However, conventional 

approaches for LST retrieval from satellite data face challenges in decoupling LST and LSE and 

often rely on auxiliary LSE data. Meanwhile, traditional ML methods require extensive training 

data and struggle to utilize information from diverse domains such as simulation and the real world. 

In this study, these limitations were addressed by exclusively utilizing shortwave and longwave 

TOA data without auxiliary data and proposing a novel TL approach that allows for the combined 

use of simulated and real-world data.  

The essence of longwave data in interpreting LST and the invaluable perspective provided by 

shortwave data on land surface characteristics underscore the benefit of integrating the two types 

of satellite data. Despite shortwave signals not being a direct measure of LSE, empirical analyses, 

supported by existing literature, highlight a notable connection between shortwave inputs (like 

shortwave TOA observations, NDVI, spectral albedos, or reflective variables) and thermal LSE. 

This integration of shortwave data not only enriches LSE information but also diminishes the 

dependency on direct LSE measurements, addressing a significant challenge in traditional LST 

retrieval frameworks. 

The fusion of comprehensive knowledge from RTM simulations with the nuanced realities 

captured in actual observations amplifies both the generalization capabilities and the accuracy of 

the models. In the TL framework, an ML model was first developed using simulated data generated 
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by RTMs, which was then used to initialize and refine the TL model with real-world data. This 

approach overcomes the traditional ML methods' limitations in bridging data from different 

sources. 

Our evaluation encompassed a decade of Landsat observations and in-situ measurements across 

diverse geographical regions and LC types. The comparative assessment of ML model (RMSE: 

3.64 K) and TL model (RMSE: 3.18 K) against the conventional SC algorithm (RMSE: 4.02 K) 

and SW algorithm (RMSE: 3.75 K) highlighted the superiority of TL models. The TL model's 

consistent outperformance across varied LC types further emphasizes its robustness, notably 

overcoming the SC algorithm's limitations in desert gravel due to LSE uncertainties and the SW 

algorithm's inaccuracies in barren sparse vegetation and tundra due to LSE error accumulation. 

Moreover, in the analysis of LST errors using simulated data, the TL algorithm demonstrated 

smaller LST errors compared to the SW algorithm for the same level of emissivity error, indicating 

that the TL method is more robust under these conditions.  

This study presents a novel framework to estimate LST purely from satellite TOA data without 

external input of LSE information. The TL algorithm, by utilizing both shortwave and longwave 

data, minimizes the reliance on LSE and is immune to LSE-related errors or their accumulation. 

By utilizing RTMs' theoretical simulations and actual observational data, the TL algorithm boosts 

the model's accuracy and generalization capabilities.  

Our observations indicate that the quality of LST retrieval varies significantly under different WV 

conditions, with the TL algorithm showing relatively larger errors at higher WV levels. 

Additionally, while the ASTER GED dataset offers comprehensive spatial coverage and relatively 

high spatial resolution, its coarse temporal resolution may miss seasonal emissivity changes, 

introducing LST errors in sparsely to moderately vegetated areas. Future research will incorporate 
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WV data or satellite datasets with WV bands, as well as emissivity products with higher temporal 

resolution, to further refine the proposed methodology. 

The TL-based algorithm has been implemented on GEE and made freely available for estimating 

LST from Landsat 8 and 9 data. The retrieved LST data generated by the proposed method can 

provide valuable support for research in environmental studies. 
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Chapter 4: AI-Driven Time-Series Data Integration to Enhance Variable 
Prediction: A Case Study with GPP 

4.1 Background 

Time-series modeling is essential for understanding and predicting ecosystem processes that 

evolve continuously over time. Forest ecosystems play a central role in these long-term processes, 

particularly in regulating the global carbon cycle through carbon uptake, storage, and exchange 

with the atmosphere (Grace, 2004; Lorenz, 2010; Malhi et al., 2002). Quantifying forest carbon 

fluxes at regional to global scales is essential for improving our understanding of carbon–climate 

feedbacks and for supporting climate mitigation and forest management (Haya et al., 2023; 

Hurteau, 2021). Among key carbon flux variables, GPP is widely used to characterize ecosystem 

carbon uptake and to benchmark terrestrial biosphere models (Seiler et al., 2022; Wang et al., 

2020). 

Earth observation has substantially expanded our ability to monitor forest ecosystems (Hirschmugl 

et al., 2017; Holzwarth et al., 2020). Satellite remote sensing provides repeated observations over 

time at large spatial scales related to forest structure and composition, such as land cover, PFTs, 

and canopy properties (Zadbagher et al., 2023). Meanwhile, eddy-covariance flux towers offer 

direct and high-frequency measurements of ecosystem carbon exchange at local scales (Baldocchi, 

2003). In parallel, process-based ecosystem models provide physically and ecologically 

interpretable frameworks to simulate carbon dynamics under comprehensive environmental 

conditions. In particular, the ED model has been developed over the past two decades and has been 

widely adopted in large-scale carbon monitoring efforts (Hurtt et al., 1998; Ma et al., 2021; 

Moorcroft et al., 2001).  

Despite these advances, effectively integrating multi-source time-series data, including satellite 
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observations and flux tower measurements, into process-based ecosystem modeling remains 

challenging (Xu et al., 2025). First, most process-based models, including the ED model, rely on 

process-based formulations. These models rely on simplified or fixed assumptions, which limit 

their ability to refine their predefined structures using real-world observations. Second, many 

remote sensing products provide aggregated, high-level information, whereas ecosystem models 

represent ecosystem dynamics through detailed internal structures, including PFT-specific or age-

specific processes. This granularity mismatch limits the direct use of satellite observations to 

correct internal model states. For example, ecosystem models often simulate vegetation dynamics 

through a set of subprocesses corresponding to different age groups, while satellite observations 

typically provide aggregated ecosystem-level information. Third, flux tower observations, 

although highly accurate, are spatially sparse and often temporally incomplete relative to the multi-

decadal duration of ecosystem simulations, as illustrated in Figure 4.1. 

 
Figure 4.1 Example of in-situ data availability from the ABoVE dataset. 

Recent studies have explored deep learning models for learning temporal patterns and performing 

time-series prediction. Transformer-based architectures have become widely adopted due to their 
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ability to capture long-range dependencies (Devlin et al., 2018; Dosovitskiy et al., 2021; Vaswani 

et al., 2017), outperforming earlier models based on recurrent structures (Chen, Kalanat, et al., 

2023; Lai et al., 2018; Wang et al., 2023; L. Xu et al., 2024). Several variants of transformer-based 

models have been proposed to further improve performance. Examples include ProbSparse self-

attention in Informer (Zhou et al., 2021), frequency-domain attention in FEDFormer (Zhou et al., 

2022), cross-feature and cross-time modeling in Crossformer (Yunhao & Junchi, 2023), exogenous 

feature integration in TimeXer (Y. Wang et al., 2024), time-variable inversion in iTransformer 

(Liu et al., 2023), and multivariate modeling in SimpleTM (Chen et al., 2025). Although these 

models have shown strong performance in general forecasting tasks, they are primarily data-driven 

and often do not explicitly incorporate physical knowledge from process-based models. This 

limitation can affect their performance when only limited in-situ observations are available for 

large-scale environmental applications. 

ML models have also been explored as emulators of process-based simulations. These approaches 

aim to approximate the behavior of complex physical models using deep learning techniques. For 

example, learning-based emulators have been developed to approximate climate models (Mooers 

et al., 2021; Rasp et al., 2018; X. Wang et al., 2022; S. Yu et al., 2024) and weather forecasting 

systems (Bonev et al., 2023; Kurth et al., 2023; Lam et al., 2023). Previous work has also explored 

learning-based emulators for ecosystem and carbon cycle simulations at the global scale (Li et al., 

2026; Wang et al., 2025; Wang et al., 2023). However, these approaches mainly focus on 

improving computational efficiency rather than integrating physical knowledge with observational 

data to enhance predictive accuracy. 

More broadly, KGML has emerged as an important direction for scientific modeling (Willard et 

al., 2022). Early approaches mainly focused on residual learning between process-based 
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simulations and observations (Forssell & Lindskog, 1997; Wan et al., 2018; Xu & Valocchi, 2015). 

More recent strategies incorporate physical knowledge through simulation-based pretraining (Ham 

et al., 2019; Hurtado, 2018; Read et al., 2019; Sultan et al., 2018; Yu et al., 2025), physics-

constrained loss functions (X. Jia et al., 2020; Zongyi Li et al., 2024; Raissi et al., 2019; Read et 

al., 2019; R. Yu et al., 2024), architectural modifications inspired by physical processes (Anderson 

et al., 2019; Feng et al., 2022; Muralidhar et al., 2018), or multi-model integration (Chen, Kalanat, 

et al., 2023; Chen, Xie, et al., 2023; He et al., 2023; X. Jia et al., 2021; Z. Wang et al., 2024). While 

these methods improve interpretability and generalization, they focus on directly matched 

variables between simulations and observations. They typically do not consider satellite-based 

indirect labels, where high-level observations are not directly compatible with the subprocess-level 

representations used in ecosystem models. 

Despite these advances, an important gap remains. Satellite-derived PFT products are available at 

large spatial scales and long time spans, but they are difficult to use for constraining internal 

ecological processes in age-structured ecosystem models. To address this gap, this work proposes 

a KGML framework that bridges indirect remote sensing observations and process-based 

ecosystem representations. The framework introduces a decomposition-and-resembling design to 

represent intermediate ecological processes and connect them with aggregated satellite PFT 

observations. In addition, to better utilize sparse and temporally incomplete flux tower 

observations, this work introduces a probabilistic label expansion strategy to estimate missing 

observations with associated uncertainty. In summary, this study makes the following 

contributions: 

• A knowledge-guided decomposition-and-resembling framework that links aggregated satellite 

observations to intermediate ecological processes underlying carbon flux prediction. 
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• A multi-source integration strategy that integrates process-based simulations, satellite-derived 

PFT observations, and in-situ flux tower measurements. 

• A diffusion-based probabilistic label expansion module with uncertainty awareness that 

increases the effective temporal coverage of flux tower supervision. 

Together, these contributions provide a unified approach for integrating physical modeling and 

real-world observations to enhance large-scale carbon flux prediction and ecosystem monitoring. 

4.2 Data 

Multi-source datasets were used in this study, including initial states and auxiliary drivers, process-

based model simulations, remote sensing PFT observations, and in-situ measurements. Figure 4.2 

provides an overview of datasets used in this research. The goal of this study is to predict carbon 

flux ecosystem variables across large spatial domains and over long temporal periods. 

 
Figure 4.2 Multi-source data. 

These datasets provide three complementary sources of information for ecosystem carbon flux 

prediction. Process-based model simulations provide physically consistent and spatially complete 

estimates across large spatial domains and long time periods, driven by environmental inputs such 

as meteorological conditions, soil properties, and atmospheric CO₂ concentration, but they may 

contain biases due to structural assumptions and uncertain internal ecological states. Flux tower 

observations provide direct measurements of ecosystem carbon fluxes, but they are available only 
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at a limited number of sites and often contain temporal gaps. Satellite-derived PFT observations 

provide large-scale information on vegetation composition with broad spatial coverage and long 

temporal records, but these observations are typically aggregated and not directly compatible with 

the subprocess-level representations used in ecosystem models. 

Process-based simulations from the ED model (Hurtt et al., 1998; Ma et al., 2021; Moorcroft et 

al., 2001) were utilized in this study. As mentioned in Section 2.3.1, the ED model has been widely 

used to estimate the global carbon budget and support major carbon monitoring initiatives such as 

Global Carbon Budget (Friedlingstein et al., 2023; Friedlingstein et al., 2024) and NASA’s Carbon 

Monitoring System (Hurtt et al., 2019). The model takes initial states and auxiliary environmental 

drivers as inputs, including meteorological variables, soil properties, and atmospheric CO₂ 

concentration. Meteorological data were obtained from NASA’s Modern-Era Retrospective 

Analysis for Research and Applications, version 2 (MERRA-2) (Gelaro et al., 2017) 

(https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/). Soil property data were obtained from the 

ROSETTA database (Montzka et al., 2017) (https://doi.pangaea.de/10.1594/PANGAEA.870605). 

Surface CO₂ concentration data were obtained from the NOAA CarbonTracker database (Peters et 

al., 2007) (https://gml.noaa.gov/ccgg/carbontracker/). Using these inputs, the ED model can 

simulate multiple ecosystem variables. In this study, time-series carbon flux variables such as GPP 

were used as the primary prediction targets. To enforce carbon balance as a physical constraint, 

ecosystem respiration (RECO) and net ecosystem exchange (NEE) were also predicted. 

In addition, satellite-derived PFT information from the ESA CCI product (Harper et al., 2023) was 

used to represent vegetation composition. As discussed in Section 2.3.2, these satellite 

observations provide global coverage and can help improve ecosystem variable prediction by 

providing additional constraints on vegetation structure. 

https://gml.noaa.gov/ccgg/carbontracker/
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In-situ carbon flux datasets were also collected from the ABoVE dataset (Bill et al., 2023) and the 

CarbonSense benchmark (Fortier et al., 2024). The CarbonSense benchmark integrates data from 

several major flux tower networks under diverse environmental conditions. In this study, 

representative datasets from the ABoVE, AmeriFlux, FLUXNET, and ICOS-WW networks were 

selected. Many sites contain overlapping records across different networks, and these sites were 

merged to form a combined dataset referred to as “Multiple”. Figure 4.3 shows the geographic 

distribution of sites across the different datasets. 

For model training and evaluation, each dataset was spatially divided into training and testing sets, 

with 80% of sites used for training and the remaining 20% used for testing. This split ensures site-

level separation between training and testing. 

 

Figure 4.3 Spatial distribution of in-situ observation sites. 

4.3 Methodology 

To enable effective integration of indirect remote sensing observations with process-based 
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ecosystem modeling, a knowledge-guided learning framework with a decomposition-and-

resembling structure (DERE) was established. The framework links ecosystem simulations with 

multiple observational constraints, including satellite-derived PFT observations and flux tower 

measurements, to improve large-scale carbon flux estimation. 

The core challenge addressed by this framework lies in the mismatch between observation types 

and model representations. Process-based ecosystem models simulate carbon dynamics through 

age-structured cohorts and PFT-specific processes. In contrast, satellite observations typically 

provide aggregated PFT composition. Meanwhile, flux tower measurements offer direct 

observations of carbon exchange but are spatially sparse. As a result, these observational sources 

cannot be directly incorporated into process-based ecosystem models without mechanisms that 

align observational information with internal ecological processes. 

To address this challenge, the proposed methodology consists of three main components, as 

illustrated in Figure 4.4 using GPP as an example. 
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Figure 4.4 Overview of the proposed decomposition-and-resembling (DERE) framework for 

integrating process-based ecosystem simulations with satellite-derived plant functional types 

(PFTs) and flux tower observations, illustrated using gross primary productivity (GPP) as an 

example. 

First, a knowledge-aligned decomposition explicitly represents intermediate ecological processes 

within age-structured ecosystem simulations. In this step, carbon flux variables are decomposed 

into PFT-specific contributions across different age groups, producing intermediate 

representations that include age-specific PFT fractions and age–PFT carbon flux contributions. 

This representation makes the internal ecological structure, including PFT composition and age-

related processes, available for subsequent integration with observational data. Second, a 

knowledge-aligned resembling step integrates real-world observations with ecosystem processes. 

The age-specific PFT fractions derived from the decomposition step are aggregated across age 

groups to obtain grid-level PFT composition, which can then be aligned with satellite-observed 
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PFT fractions. Through this alignment, satellite observations provide indirect constraints on the 

internal ecological representation while maintaining consistency with ecosystem simulations. In 

addition, flux tower measurements are used as supervision for carbon flux prediction during model 

training. Finally, a probabilistic label expansion step with uncertainty-aware fine-tuning is 

introduced to better utilize temporally sparse flux tower records. This step estimates missing 

observations and incorporates the associated uncertainty to guide model training. 

4.3.1 Knowledge-aligned decomposition: explicit representation of intermediate ecological 

processes 

Process-based ecosystem models simulate carbon dynamics through multiple interacting 

ecological processes, including vegetation growth, competition among PFTs, and age-dependent 

ecosystem development. However, large-scale ecosystem simulations, such as those produced by 

the ED model, typically archive only carbon flux outputs. Intermediate ecological states, including 

PFT-specific contributions and age-cohort structure, are typically not archived in large-scale 

ecosystem simulations because storing these variables would significantly increase storage 

requirements and regenerating them requires substantial computational resources. 

Many observational datasets, particularly satellite-derived forest composition products, are more 

directly related to these intermediate ecological processes than to aggregated carbon flux variables. 

Satellite observations often describe vegetation structure, such as the proportions of different PFTs, 

which reflect internal ecosystem composition rather than final carbon exchange. 

To enable meaningful integration with satellite-based observations, the proposed framework 

introduces a knowledge-aligned decomposition step that explicitly represents intermediate 

ecological processes within ecosystem simulations. In this step, grid-level carbon fluxes are 
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separated into contributions associated with different PFTs and forest age groups. This 

representation captures how PFT-specific physiological characteristics and age-dependent 

ecosystem dynamics contribute to carbon flux variables such as productivity and respiration. The 

decomposed PFT-specific contributions remain consistent with the original grid-level carbon 

fluxes, since they can be recombined through proportion-weighted aggregation and competitive 

interactions in the subsequent resembling step.  

Through this decomposition step, internal ecological structures such as PFT composition and age-

related ecosystem processes are explicitly represented while remaining consistent with the 

behavior of process-based ecosystem simulations. 

The resulting intermediate ecological representation serves as a structural bridge between 

ecosystem modeling outputs and satellite-derived vegetation composition observations. It provides 

a physically interpretable internal state that can later be constrained by large-scale remote sensing 

data. 

4.3.2 Knowledge-aligned resembling: integrating satellite observations with ecosystem 

processes 

After intermediate ecological processes are explicitly represented through the decomposition step, 

the next stage integrates observational data from multiple sources to constrain both ecosystem 

structure and carbon flux predictions. 

Flux tower measurements provide direct observations of ecosystem carbon exchange, including 

variables such as GPP, NEE, and RECO. These measurements are highly accurate and process-

relevant, but they are available at only a limited number of sites and often have short temporal 

coverage. In the proposed DERE framework, flux tower observations are used to constrain the 
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predicted carbon flux variables during model training, ensuring that the model remains anchored 

to physically observed ecosystem exchange. 

In contrast, satellite observations provide broad spatial coverage and long-term information about 

vegetation composition, particularly PFT composition. These observations are available on a 

global scale and therefore contain valuable large-scale ecological information. However, satellite 

PFT products represent aggregated vegetation composition at the grid scale and do not resolve 

age-specific, or cohort-level processes represented in ecosystem models. 

To address this difference in representation, the intermediate ecological outputs derived from the 

decomposition step are aggregated across age states to obtain grid-level estimates of vegetation 

composition. These model-derived estimates can then be directly compared with satellite 

observations of PFT fractions. 

By enforcing consistency between satellite-observed PFT composition and the composition 

derived from ecosystem simulations, satellite observations provide indirect but physically 

meaningful constraints on internal ecological processes. During model training, two types of 

observational supervision are applied simultaneously: flux tower measurements constrain the 

predicted carbon flux outputs, while satellite observations constrain vegetation composition 

derived from the intermediate ecological representation. Through this joint supervision, the 

framework improves both predictive accuracy and ecological consistency. 

4.3.3 Probabilistic label expansion and uncertainty-aware fine-tuning 

A major limitation of flux tower observations is incomplete temporal coverage. Many towers 

operate only during part of the simulation period due to installation timing, maintenance 

interruptions, or data quality issues. As a result, observational records often cover only a fraction 
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of the multi-decadal duration of ecosystem simulations. 

To enhance the effective use of available in-situ observations, the proposed framework introduces 

a probabilistic label expansion strategy to estimate missing carbon flux measurements together 

with associated uncertainty. Instead of performing deterministic gap filling, the method generates 

multiple plausible values for missing flux observations based on the available records within each 

site's time series. This probabilistic reconstruction is implemented based on the Conditional Score-

based Diffusion Imputation (CSDI) framework (Tashiro et al., 2021), which enables the generation 

of realistic samples conditioned on partially observed time series. 

Probabilistic reconstruction produces expanded supervisory signals along with predictive 

uncertainty. The estimated uncertainty is then incorporated into the training process through 

uncertainty-aware fine-tuning. Expanded labels associated with lower predictive uncertainty exert 

stronger influence during training, while those with higher uncertainty are assigned to lower 

weights. This strategy increases the usable temporal coverage of flux tower supervision while 

maintaining robustness and avoiding over-reliance on uncertain estimates. 

Overall, the framework is trained using three complementary sources of information: process-

based ecosystem simulations, satellite-derived vegetation composition observations, and flux 

tower measurements. Process-based simulations provide physically consistent large-scale 

ecosystem dynamics, satellite observations constrain vegetation structure across broad spatial 

domains, and flux tower data anchor carbon flux predictions at observed sites. By jointly utilizing 

these complementary data sources, the framework improves predictive accuracy for large-scale 

carbon flux estimation. 
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4.4 Results 

4.4.1 Candidate Methods 

In this study, four categories of candidate methods are included for comparison: (1) the process-

based ED model; (2) several advanced time-series ML models; (3) knowledge-guided extensions 

of these time-series ML models; and (4) the proposed method, DERE. For training, the 

hyperparameter settings recommended in the original studies were adopted when available. All 

models were trained until convergence using early stopping with a patience criterion based on 

validation performance. The validation set comprised 10% of the training data and remained 

independent from the test dataset. 

• Transformer (Vaswani et al., 2017): The vanilla Transformer serves as the fundamental 

sequence modeling framework with self-attention to help capture long-range temporal 

dependencies. 

• Informer (Zhou et al., 2021): A Transformer variant that employs sparse attention and 

generative-style decoding to enhance long-sequence prediction efficiency. 

• FEDFormer (Zhou et al., 2022): A Transformer variant using frequency-domain attention to 

strengthen series decomposition and boost forecasting accuracy. 

• iTransformer (Liu et al., 2023): A Transformer variant that adopts an inverted design, 

emphasizing feature dimensions over time steps to exploit correlations among inputs. 

• Timexer (Y. Wang et al., 2024): A Transformer variant that refines attention by integrating 

inter-target and input-target relations to better capture temporal dependencies. 

• SimpleTM (Chen et al., 2025): A lightweight time series forecasting model that streamlines 

architecture and improves computational efficiency while maintaining strong predictive 
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performance. 

For each forecasting method, two variants were considered: a default data-driven version 

(baseline) and an extension with KGML. The baseline models are trained directly using in-situ 

observations as target values. The KGML variants incorporate two commonly adopted strategies. 

First, models are pre-trained using ED simulation data and then fine-tuned with in-situ 

observations. Second, the training objective incorporates physics-constrained loss functions 

derived from the carbon mass balance relationship (e.g., NEE = RECO − GPP), in addition to the 

standard mean squared error (MSE) loss computed from in-situ measurements.  

These strategies are also incorporated into the proposed DERE model. DERE model is 

implemented with the Transformer baseline serving as the backbone. 

4.4.2 Overall Performance Evaluation 

The models compared in this study include the process-based ED model, several baseline models, 

several KGML models, and the proposed DERE framework. Table 4.1–Table 4.3 present the 

overall testing performance for GPP, RECO, and NEE. For convenience, the number of times each 

method ranked within the top two across all columns (Top-2 counts) was also calculated. 
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Table 4.1 Gross primary productivity (GPP) result comparison (top results in bold; runners-up 

with underlines). 

  Methods 
ABoVE AmeriFlux FLUXNET ICOS-WW Multiple Top-2 

Count MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 
Physical ED 0.427 0.703 0.883 1.419 0.822 1.110 0.713 0.968 0.678 1.010 0/10 
Baseline Transformer 0.502 0.684 1.030 1.405 0.850 1.147 0.955 1.235 0.736 0.997 0/10 

 Informer 0.523 0.729 1.093 1.465 0.882 1.180 0.859 1.096 0.817 1.065 0/10 
 FEDformer 0.451 0.626 0.917 1.347 0.768 1.025 1.154 1.524 0.790 1.080 0/10 
 iTransformer 0.561 0.662 1.007 1.480 0.887 1.162 1.009 1.340 0.851 1.149 0/10 
 TimeXer 0.685 1.001 1.250 1.939 1.156 1.602 1.451 1.860 1.100 1.547 0/10 
 SimpleTM 0.631 0.782 1.057 1.549 0.972 1.251 1.132 1.434 1.007 1.346 0/10 

KGML Transformer 0.352 0.541 0.651 1.033 0.699 0.951 0.711 1.014 0.636 0.919 2/10 
 Informer 0.373 0.555 0.604 0.947 0.756 1.011 0.839 1.141 0.618 0.888 4/10 
 FEDformer 0.369 0.531 0.769 1.115 0.726 0.926 0.830 1.121 0.701 1.003 0/10 
 iTransformer 0.363 0.508 0.678 1.027 0.654 0.885 0.641 0.919 0.621 0.909 3/10 
 TimeXer 0.375 0.566 0.657 1.036 0.649 0.879 0.791 1.050 0.678 0.990 1/10 
 SimpleTM 0.406 0.587 0.737 1.102 0.669 0.855 0.651 0.916 0.680 0.976 3/10 

Proposed DERE 0.302 0.485 0.663 1.068 0.598 0.863 0.682 0.888 0.585 0.890 7/10 
 
Table 4.2 Ecosystem respiration (RECO) result comparison (top results in bold; runners-up with 

underlines). 

  Methods 
ABoVE AmeriFlux FLUXNET ICOS-WW Multiple Top-2 

Count MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 
Physical ED 0.431 0.657 0.603 0.855 0.603 0.833 0.464 0.620 0.457 0.649 3/10 
Baseline Transformer 0.602 0.857 0.804 1.040 0.559 0.743 0.698 0.886 0.488 0.709 0/10 

 Informer 0.498 0.719 0.720 0.941 0.546 0.749 0.697 0.927 0.530 0.740 0/10 
 FEDformer 0.431 0.611 0.616 0.867 0.482 0.638 0.832 1.054 0.574 0.804 0/10 
 iTransformer 0.412 0.526 0.543 0.774 0.510 0.662 0.679 0.969 0.535 0.752 0/10 
 TimeXer 0.607 0.854 0.946 1.279 0.713 0.960 1.386 1.770 0.784 1.031 0/10 
  SimpleTM 0.503 0.660 0.620 0.865 0.561 0.709 0.862 1.126 0.626 0.859 0/10 

KGML Transformer 0.328 0.467 0.526 0.705 0.438 0.583 0.586 0.756 0.466 0.655 3/10 
 Informer 0.354 0.495 0.448 0.614 0.475 0.626 0.559 0.716 0.463 0.638 3/10 
 FEDformer 0.319 0.443 0.533 0.736 0.506 0.645 0.582 0.781 0.541 0.727 2/10 
 iTransformer 0.348 0.492 0.439 0.650 0.445 0.585 0.595 0.796 0.537 0.733 2/10 
 TimeXer 0.388 0.543 0.591 0.769 0.512 0.640 0.739 0.914 0.555 0.744 0/10 
  SimpleTM 0.385 0.555 0.492 0.694 0.487 0.643 0.519 0.707 0.545 0.733 0/10 

Proposed DERE 0.320 0.472 0.465 0.671 0.393 0.557 0.502 0.639 0.442 0.627 7/10 
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Table 4.3 Net ecosystem exchange (NEE) result comparison (top results in bold; runners-up with 

underlines). 

  Methods 
ABoVE AmeriFlux FLUXNET ICOS-WW Multiple Top-2 

Count MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 
Physical ED 0.276 0.386 0.599 0.920 0.613 0.889 0.530 0.691 0.537 0.770 0/10 
Baseline Transformer 0.413 0.500 0.615 0.875 0.575 0.790 0.489 0.665 0.532 0.726 0/10 

 Informer 0.217 0.287 0.626 0.860 0.561 0.787 0.466 0.589 0.554 0.741 2/10 
 FEDformer 0.201 0.266 0.546 0.805 0.548 0.769 0.535 0.680 0.529 0.735 0/10 
 iTransformer 0.365 0.427 0.711 1.026 0.697 0.940 0.585 0.762 0.625 0.855 0/10 
 TimeXer 1.288 2.209 0.714 1.129 0.770 1.126 1.340 1.644 0.843 1.474 0/10 
  SimpleTM 0.334 0.415 0.692 0.997 0.664 0.912 0.640 0.827 0.655 0.894 0/10 

KGML Transformer 0.177 0.244 0.507 0.733 0.504 0.722 0.511 0.721 0.489 0.691 4/10 
 Informer 0.186 0.252 0.456 0.700 0.509 0.721 0.519 0.730 0.501 0.699 3/10 
 FEDformer 0.197 0.268 0.506 0.741 0.522 0.735 0.475 0.627 0.492 0.698 2/10 
 iTransformer 0.179 0.239 0.540 0.770 0.600 0.834 0.485 0.641 0.534 0.737 1/10 
 TimeXer 0.192 0.264 0.529 0.800 0.532 0.760 0.563 0.735 0.505 0.714 0/10 
  SimpleTM 0.187 0.255 0.582 0.842 0.588 0.790 0.527 0.709 0.492 0.698 0/10 

Proposed DERE 0.175 0.244 0.496 0.713 0.478 0.683 0.505 0.696 0.476 0.692 8/10 

The purely data-driven baselines do not outperform the process-based ED model, likely due to 

generalization challenges under limited observational constraints. As a reference, the ED model is 

a well-established ecosystem model that has been widely used in major systems such as the NASA 

Carbon Monitoring System. In contrast, KGML approaches outperform the purely data-driven 

baselines, highlighting the importance of incorporating physical knowledge into machine learning 

frameworks.  

Compared with the process-based ED model and several advanced time-series machine learning 

models (including both baseline and KGML approaches), the proposed DERE method achieves 

the best overall performance. The improved performance of DERE model can be attributed to its 

integration of multiple sources of supervision, including direct labels, indirect labels, probabilistic 

labels, and simulation data. These results demonstrate the strong potential of integrating indirect 

satellite-derived information to improve ecosystem carbon flux prediction. 
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To further examine model performance beyond MAE and RMSE, performance is evaluated using 

absolute mean-based normalized RMSE (NRMSE). In this study, NRMSE is defined as the RMSE 

normalized by the mean absolute value of the true flux. This absolute-value-based normalization 

provides a stable and scale-independent metric, particularly for flux variables that may have small 

mean values or sign variability. Additionally, the average NRMSE across all networks is reported. 

As shown in Table 4.4, compared to both the process-based ED model and the baseline model 

(Transformer), the proposed DERE method consistently reduces relative error across all variables. 

For GPP, the average NRMSE across networks decreases from 0.82–0.85 to 0.64, and for RECO, 

it decreases from 0.75–0.88 to 0.60. For NEE, although the values remain higher due to its smaller 

magnitude and higher variability, DERE still reduces the average NRMSE from 1.43–1.46 to 1.15, 

indicating more accurate estimation of ecosystem carbon fluxes. 

Table 4.4 Absolute mean-based normalized RMSE (NRMSE) and its average across networks. 

Variable Methods 
NRMSE Average 

NRMSE  ABoVE AmeriFlux FLUXNET ICOS-WW Multiple 

GPP 
ED 1.020 0.817 0.786 0.589 0.711 0.817 

Transformer 0.993 0.845 0.812 0.751 0.702 0.845 
DERE 0.704 0.643 0.611 0.540 0.626 0.643 

RECO 
ED 1.070 0.752 0.910 0.450 0.588 0.752 

Transformer 1.396 0.879 0.812 0.643 0.642 0.879 
DERE 0.769 0.598 0.609 0.464 0.568 0.598 

NEE 
ED 1.708 1.430 1.347 1.342 1.273 1.430 

Transformer 2.212 1.462 1.197 1.291 1.200 1.462 
DERE 1.080 1.152 1.035 1.351 1.144 1.152 

 

To further examine where the proposed DERE performs better, the spatial distribution of NRMSE 

is compared across the baseline Transformer, KGML Transformer, and DERE for all sites, using 
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GPP as an example (Figure 4.5). Here, NRMSE is defined as the RMSE normalized by the mean 

absolute value of the true GPP flux. 
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Figure 4.5 Spatial comparison of gross primary productivity (GPP) normalized RMSE (NRMSE) 

for the baseline, knowledge-guided machine learning (KGML), and decomposition-and-

resembling (DERE). White circles indicate locations where DERE achieves an NRMSE reduction 

greater than 0.5 compared to the baseline or KGML. 

From these maps, DERE reduces errors at several locations and produces a more consistent spatial 

pattern compared to the baseline and KGML. The improvements are not uniform, but are more 

evident in regions where the baseline and KGML exhibit relatively higher errors. To highlight 

stronger improvements, sites where DERE achieves an NRMSE reduction greater than 0.5 relative 

to the baseline or KGML are marked with white circles. 

In particular, improvements are primarily observed in high-latitude North America (especially 

Alaska and northwestern Canada), where both baseline and KGML show relatively large errors 

for GPP. Additional scattered improvements are observed in other regions, including parts of 

Australia, particularly at locations with relatively high errors. These regions are associated with 

more challenging environmental conditions, such as higher climate variability, extreme 
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temperature regimes, and relatively sparse observations, which increase modeling difficulty. The 

reduction of errors in these areas indicates improved robustness under such conditions.  

The improvement can be attributed to several aspects of the framework: 

(i) the decomposition design models sub-processes learned from process-based simulations, 

capturing more physically consistent relationships than the baseline; 

(ii) the resembling mechanism aligns model components with real-world observations (satellite 

and in-situ), providing stronger observational constraints; and 

(iii) the probabilistic label expansion provides additional supervision and supports learning from 

temporally sparse data. 

In addition, physical constraints (e.g., carbon mass balance) further regularize the model. 

Overall, these components enable DERE to better integrate simulation, satellite, and in-situ data 

while respecting physical structure, leading to improved robustness across challenging 

environments. 

4.4.3 Time-Series and Scatter Plot Analysis 

Figure 4.6 illustrates example temporal dynamics of GPP derived from the baseline Transformer 

model, the KGML Transformer model, the proposed DERE method, and in-situ observations. 

These examples provide a qualitative comparison of model performance. Overall, the proposed 

method shows closer agreement with the in-situ observations than the other models. Both the 

KGML model and the proposed DERE method capture more stable and consistent temporal 

patterns compared with the baseline model. 
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Figure 4.6 Example of time-series predictions of gross primary productivity (GPP). Both the 

baseline and the knowledge-guided machine learning (KGML) models are based on Transformer 

architecture. 

Figure 4.7 further presents scatter plots comparing predicted GPP with in-situ observations across 

the ABoVE network. The results indicate that the proposed DERE method effectively reduces 

many prediction deviations highlighted by the red boxes, leading to improved agreement with the 

observations and overall prediction accuracy. 

 

Figure 4.7 Scatter plot examples of observed versus predicted gross primary productivity (GPP) 

for the ABoVE dataset. Both the baseline and knowledge-guided machine learning (KGML) 

models are implemented using iTransformer architecture. 

4.4.4 Probabilistic Label Expansion Strategy  

Figure 4.8 illustrates examples of probabilistic label expansion on in-situ data using the conditional 



 

 

82 
 

diffusion framework. The green line represents the mean value of the sample predictions. Within 

the masked regions, the predicted time series closely matches the hidden in-situ observations, 

demonstrating the capability of the model to accurately reconstruct missing GPP values. 

The green shaded region represents the 5%–95% confidence interval across the imputed time 

series, reflecting the uncertainty associated with the probabilistic predictions. This prediction 

variance can be further utilized by the uncertainty-aware fine-tuning module to improve the 

effectiveness of the probabilistic labels during model training. 

In addition, the reconstructed temporal patterns remain relatively stable under varying proportions 

of missing data, suggesting that the model benefits from the incorporation of auxiliary 

environmental inputs. 

 
Figure 4.8 Probabilistic label expansion examples. The green shaded regions represent the 5%–

95% confidence interval based on sampled time series. 

4.5 Discussion 

4.5.1 Ablation Study 

Table 4.5 presents the ablation study results for GPP, RECO, and NEE. The evaluated models 

include the baseline model, the KGML model, the KGML model with indirect labels, and the 

proposed DERE framework. For convenience, the number of times each method ranked within the 

top two across all columns (Top-2 counts) was also calculated. 
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Table 4.5 Ablation study (top results in bold; runners-up with underlines). 

  
Methods 

ABoVE AmeriFlux FLUXNET ICOS-WW Multiple Top-2 
Count   MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

GPP 

Baseline 0.502 0.684 1.030 1.405 0.850 1.147 0.955 1.235 0.736 0.997 0/10 

KGML 0.352 0.541 0.651 1.033 0.699 0.951 0.711 1.014 0.636 0.919 2/10 
KGML + 

indirect labels 0.321 0.536 0.677 1.084 0.619 0.850 0.685 0.888 0.573 0.888 8/10 

DERE 0.302 0.485 0.663 1.068 0.598 0.863 0.682 0.888 0.585 0.890 10/10 

RECO 

Baseline 0.602 0.857 0.804 1.040 0.559 0.743 0.698 0.886 0.488 0.709 0/10 

KGML 0.328 0.467 0.526 0.705 0.438 0.583 0.586 0.756 0.466 0.655 3/10 
KGML + 

indirect labels 0.334 0.526 0.526 0.721 0.409 0.567 0.508 0.639 0.402 0.596 7/10 

DERE 0.320 0.472 0.465 0.671 0.393 0.557 0.502 0.639 0.442 0.627 10/10 

NEE 

Baseline 0.413 0.500 0.615 0.875 0.575 0.790 0.489 0.665 0.532 0.726 2/10 

KGML 0.177 0.244 0.507 0.733 0.504 0.722 0.511 0.721 0.489 0.691 2/10 
KGML + 

indirect labels 0.179 0.242 0.475 0.723 0.471 0.677 0.505 0.696 0.482 0.698 7/10 

DERE 0.175 0.244 0.496 0.713 0.478 0.683 0.505 0.696 0.476 0.692 9/10 
 
The results show that incorporating physical knowledge and additional supervisory signals 

consistently improves prediction performance. Compared with the baseline model, the KGML 

model significantly reduces both MAE and RMSE across most datasets, indicating that integrating 

physics knowledge helps improve model generalization. Further extending KGML with indirect 

remote sensing labels leads to additional performance gains, demonstrating the benefit of 

incorporating supplementary supervisory information. 

The proposed DERE model with probabilistic labels and uncertainty-aware tuning achieves the 

best overall performance across the three variables. In particular, DERE achieves the highest Top-

2 counts for GPP (10/10), RECO (10/10), and NEE (9/10). These results confirm that each 

component of the proposed framework contributes to improving ecosystem carbon flux prediction. 
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4.6 Conclusion 

This study presented a knowledge-guided learning framework based on the proposed DERE 

approach for improving ecosystem carbon flux prediction. The framework bridges process-based 

ecosystem models and machine learning models to leverage multiple sources of supervision, 

including direct observational labels, indirect labels derived from related variables, probabilistic 

labels generated through CSDI, and simulation data. By integrating these complementary 

information sources, the proposed approach aims to improve prediction accuracy and model 

generalization. 

Extensive experiments were conducted using datasets from multiple observational networks with 

global coverage, including the ABoVE dataset and the CarbonSense benchmark. The results 

demonstrate that the proposed DERE-based KGML framework consistently improves prediction 

performance for key ecosystem carbon variables, including GPP, RECO, and NEE, compared with 

both purely data-driven baselines and existing KGML approaches. In addition to improved 

quantitative metrics, qualitative analyses show that the proposed method produces more stable 

temporal dynamics and better alignment with in-situ observations. The ablation study further 

confirms the contribution of each component in the framework, highlighting the importance of 

integrating physical knowledge and multiple sources of supervision. 

Despite these improvements, several limitations remain. The in-situ datasets used in this study 

have relatively dense coverage in regions such as North America and Europe due to the availability 

of flux tower observations, while other regions, including parts of Africa, remain sparsely 

monitored. As a result, the model performance in these underrepresented regions may be less well 

characterized. In addition, scenario-based evaluations under different climate zones, vegetation 

types, and environmental conditions were not explored in this study.  
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Future work will extend the proposed framework in several directions. First, the approach can be 

expanded to support forecasting tasks that predict ecosystem carbon dynamics under future 

environmental conditions. Second, scenario-based evaluations across different climate zones and 

forest types will be investigated to better understand model robustness under diverse ecological 

conditions. Finally, additional methodological developments will explore approaches for handling 

anomalous or rare environmental events. The implementation of the proposed framework will be 

made publicly available to support further research in data-driven ecosystem monitoring. 
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Chapter 5: Conclusion 

5.1 Summary of the Dissertation 

This dissertation investigates methods for improving the estimation of key land surface variables 

through the integration of multi-source data and AI approaches. Accurate estimation of 

environmental variables plays a central role in Earth system monitoring because it enables the 

characterization of interactions among the land surface, atmosphere, and biosphere. Such 

understanding is essential for studying land–atmosphere interactions, ecosystem dynamics, and 

environmental change. 

In recent decades, substantial progress has been made in developing environmental datasets 

derived from satellite observations, in-situ measurements, and process-based ecosystem models. 

Satellite observations provide extensive spatial coverage and long-term monitoring capability. In-

situ measurements offer highly accurate observations at local scales. Process-based models 

simulate ecosystem processes using physically interpretable formulations. However, each data 

source also has inherent limitations. Satellite observations may be affected by observational 

constraints such as cloud contamination and indirect measurement mechanisms. In-situ 

measurements are spatially sparse and often temporally incomplete. Process-based models rely on 

simplified assumptions and parameterizations that may introduce structural uncertainties. 

Consequently, effectively integrating information from these complementary data sources remains 

a key challenge for advancing Earth system monitoring. 

This dissertation uses LST and GPP as case studies, as these variables represent two major 

categories of land surface processes and correspond to two distinct modeling paradigms. LST 

reflects energetic processes governing radiation and heat exchange at the land–atmosphere 

interface and is typically retrieved from satellite observations using snapshot retrieval methods. In 
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contrast, GPP reflects ecological processes associated with vegetation activity and ecosystem 

carbon uptake, which evolve continuously over time and therefore require time-series prediction 

approaches. Studying these two variables provides a unified framework for investigating both 

energetic and ecological dynamics in Earth system monitoring while examining methodological 

challenges associated with snapshot retrieval and time-series prediction. 

To address the challenge of multi-source information integration, this dissertation investigates 

whether physics-guided machine learning can improve environmental variable estimation. It is 

organized into three interconnected studies that progressively examine environmental datasets, 

snapshot retrieval methods, and time-series prediction approaches. 

The first study conducted a systematic evaluation of existing LST products and GPP simulations 

using satellite observations, model simulations, and in-situ measurements. The analysis revealed 

several important limitations in current environmental datasets. For LST, comparisons across 

multiple datasets showed a clear trade-off between data availability and retrieval accuracy. TIR 

products generally provide relatively accurate estimates but suffer from limited spatial coverage 

due to cloud contamination, while PMW and reanalysis products offer higher data availability but 

often exhibit larger retrieval errors. For GPP, comparisons between ecosystem model simulations 

and flux tower observations showed that process-based models can capture seasonal dynamics of 

ecosystem productivity but may exhibit discrepancies in magnitude at some sites. Further analysis 

indicated that these discrepancies are closely related to differences in PFT representation. These 

findings highlight two key challenges in current environmental datasets: the strong dependence of 

LST retrieval on surface properties and the sensitivity of GPP prediction to vegetation composition. 

The second study addressed the challenge of improving snapshot retrieval of LST. Traditional LST 

retrieval methods often rely on auxiliary inputs such as LSE, which is not always available or 
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accurately known. In addition, conventional ML approaches typically rely on large training 

datasets and often struggle to integrate information from different data domains. To address these 

limitations, this study proposed a TL–based framework that integrates radiative transfer 

simulations with real-world observations. The approach first uses simulation data generated by 

RTMs to train ML models and then fine-tunes the model using satellite observations and in-situ 

measurements. By integrating shortwave and longwave TOA observations, the proposed 

framework reduces dependence on external LSE inputs and improves LST retrieval accuracy. 

Extensive validation using Landsat observations and in-situ measurements demonstrated that the 

proposed TL model outperforms conventional SC and SW algorithms, highlighting the potential 

of ML-based multi-source integration for improving snapshot retrieval of energetic variables. 

The third study focused on improving time-series prediction of ecosystem carbon flux variables 

such as GPP. Existing approaches face challenges in integrating information from satellite 

observations, process-based ecosystem simulations, and in-situ measurements. In particular, 

satellite observations often provide aggregated ecological information, whereas ecosystem models 

represent vegetation dynamics through detailed internal structures such as age-dependent and PFT-

specific processes. To address this challenge, this study proposed a KGML framework based on 

DERE design. The framework first decomposes ecosystem model outputs into intermediate 

ecological components, including age-specific PFT fractions and carbon flux contributions across 

PFTs and age groups, making the internal ecosystem structure available for learning. Second, it 

performs a knowledge-aligned resembling step that aggregates age-specific PFT fractions to obtain 

overall PFT composition and aligns it with satellite-derived PFT observations, enabling satellite 

data to provide indirect structural constraints. Flux tower measurements are also used as 

supervisory signals for carbon flux prediction. Third, a probabilistic label expansion module is 
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introduced to better utilize temporally sparse observations by estimating missing flux values and 

incorporating uncertainty during model training. Experimental results across multiple 

observational networks demonstrate that the proposed DERE framework consistently improves 

prediction performance for GPP compared with both purely data-driven models and existing 

knowledge-guided learning approaches. 

Overall, these studies demonstrate the potential of KGML to integrate multiple complementary 

environmental data sources. By combining process-based simulation knowledge, satellite 

observations, and in-situ measurements, the proposed approaches improve environmental variable 

estimation and enhance the effective use of multi-source data, highlighting the potential of KGML 

for integrating observations and process knowledge in Earth system monitoring. 

5.2 Main Contributions 

This dissertation makes several important contributions to environmental variable estimation and 

Earth system monitoring. 

First, the research provides a systematic evaluation of existing LST products and GPP simulations 

using satellite observations, model outputs, and in-situ measurements. By identifying key 

limitations related to surface property dependence and vegetation composition representation, the 

study offers insights into the sources of uncertainty in current environmental datasets and provides 

guidance for improving environmental variable estimation. 

Second, this dissertation develops an ML-based framework for improving snapshot retrieval of 

LST through the integration of radiative transfer simulations and real-world observations. The 

proposed TL approach demonstrates an effective strategy for combining simulation knowledge 

with observational data to enhance satellite-based retrieval accuracy while reducing reliance on 
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auxiliary inputs such as LSE. 

Third, the research introduces a KGML framework for time-series prediction of ecosystem carbon 

flux variables. The proposed DERE strategy enables the integration of satellite-derived vegetation 

information with internal ecosystem model representations, bridging indirect satellite observations 

with ecological process-based modeling. 

Finally, this dissertation demonstrates the broader potential of KGML for integrating multiple 

complementary environmental data sources. By combining process-based simulations, satellite 

observations, and in-situ measurements, the proposed approaches improve both predictive 

performance and effective use of multi-source environmental information. 

5.3 Limitations 

Despite the improvements achieved in this dissertation, several limitations remain. 

First, the spatial distribution of in-situ observations used in this research is uneven. Flux tower 

networks are relatively dense in regions such as North America and Europe, while other regions, 

including parts of Africa and South America, remain sparsely monitored. As a result, model 

performance in these underrepresented regions may be less well characterized. 

Second, although satellite observations provide valuable large-scale information, integrating 

satellite-derived variables with the internal representations of process-based ecosystem models 

remains challenging due to differences in spatial resolution and ecological representation. 

Third, the proposed frameworks primarily focus on improving estimation and reconstruction of 

environmental variables rather than long-term forecasting under changing environmental 

conditions. 
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5.4 Future Research Directions 

Future research can extend the work presented in this dissertation in several directions. 

First, the proposed frameworks can be extended to support forecasting tasks that predict variables 

under future environmental conditions. Integrating climate projections and ecosystem simulations 

may provide new opportunities for long-term ecosystem prediction. 

Second, future studies can conduct evaluations across different climate zones, vegetation types, 

and disturbance regimes to better understand model robustness under diverse environmental 

conditions. 

Third, additional methodological developments can explore approaches for handling anomalous 

or rare environmental events. Improving model performance under such conditions will enhance 

the reliability of environmental predictions. 

Finally, expanding observational datasets and incorporating new satellite missions will further 

improve the effectiveness of multi-source data integration in Earth system monitoring. 
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Appendices 
 

Table S1. Basic information of the sites used in this study. 

Network 
Name Site ID Surface Type Elevation 

(m) 
Latitude 
(°) 

Longitude 
(°) 

AmeriFlux BR-Npw Woody Savannas 120.00 -16.50 -56.41 
AmeriFlux CA-ARB Permanent Wetlands 90.00 52.70 -83.95 
AmeriFlux CA-ARF Permanent Wetlands 88.00 52.70 -83.96 
AmeriFlux CA-BOU Permanent Wetlands 108.00 50.52 -63.21 
AmeriFlux CA-Ca3 Evergreen Needleleaf Forests null 49.53 -124.90 
AmeriFlux CA-Cbo Deciduous Broadleaf Forests 120.00 44.32 -79.93 
AmeriFlux CA-DB2 Permanent Wetlands 4.00 49.12 -123.00 
AmeriFlux CA-DBB Permanent Wetlands 4.00 49.13 -122.99 
AmeriFlux CA-DSM Permanent Wetlands null 49.09 -122.90 
AmeriFlux CA-Gro Mixed Forests 340.00 48.22 -82.16 
AmeriFlux CA-LP1 Evergreen Needleleaf Forests 751.00 55.11 -122.84 
AmeriFlux CA-TP4 Evergreen Needleleaf Forests 184.00 42.71 -80.36 
AmeriFlux CA-TPD Deciduous Broadleaf Forests 260.00 42.64 -80.56 
AmeriFlux CL-SDF Evergreen Broadleaf Forests 50.00 -41.88 -73.68 
AmeriFlux CL-SDP Permanent Wetlands 50.00 -41.88 -73.67 
AmeriFlux MX-Aog Deciduous Broadleaf Forests 367.28 27.00 -108.79 
AmeriFlux MX-PMm Permanent Wetlands 10.00 20.85 -86.90 
AmeriFlux PR-xGU Evergreen Broadleaf Forests 143.00 17.97 -66.87 
AmeriFlux PR-xLA Grasslands 24.00 18.02 -67.08 
AmeriFlux US-A03 Barren Sparse Vegetation 5.00 70.50 -149.88 
AmeriFlux US-A10 Barren Sparse Vegetation 4.00 71.32 -156.62 
AmeriFlux US-A32 Grasslands 335.00 36.82 -97.82 
AmeriFlux US-A74 Croplands 337.00 36.81 -97.55 
AmeriFlux US-ALQ Permanent Wetlands null 46.03 -89.61 
AmeriFlux US-An1 Open Shrublands 600.00 68.99 -150.28 
AmeriFlux US-An2 Open Shrublands 600.00 68.95 -150.21 
AmeriFlux US-An3 Open Shrublands 600.00 68.93 -150.27 
AmeriFlux US-ARM Croplands 314.00 36.61 -97.49 
AmeriFlux US-Bi2 Croplands -5.00 38.11 -121.54 
AmeriFlux US-BRG Grasslands 180.00 39.22 -86.54 
AmeriFlux US-BZB Permanent Wetlands 100.00 64.70 -148.32 
AmeriFlux US-BZF Permanent Wetlands 95.00 64.70 -148.31 
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AmeriFlux US-CC1 Croplands 314.00 44.07 -89.68 
AmeriFlux US-CC2 Croplands 320.00 44.10 -89.62 
AmeriFlux US-CRK Evergreen Needleleaf Forests 151.00 31.46 -95.34 
AmeriFlux US-CRT Croplands 180.00 41.63 -83.35 
AmeriFlux US-CS1 Croplands 328.00 44.10 -89.54 
AmeriFlux US-CS2 Evergreen Needleleaf Forests 328.00 44.15 -89.50 
AmeriFlux US-CS4 Croplands 328.00 44.16 -89.55 
AmeriFlux US-CS6 Croplands 328.00 44.43 -89.54 
AmeriFlux US-DFC Croplands 264.90 43.34 -89.71 
AmeriFlux US-DFK Croplands 210.00 43.35 -89.72 
AmeriFlux US-Dmg Permanent Wetlands 1.00 38.00 -121.67 
AmeriFlux US-DS3 Croplands -7.00 38.12 -121.55 
AmeriFlux US-EDN Permanent Wetlands null 37.62 -122.11 
AmeriFlux US-EML Open Shrublands 662.00 63.88 -149.25 
AmeriFlux US-GLE Evergreen Needleleaf Forests 3197.00 41.37 -106.24 
AmeriFlux US-HB1 Permanent Wetlands 0.10 33.35 -79.20 
AmeriFlux US-HB2 Evergreen Needleleaf Forests 4.70 33.32 -79.24 
AmeriFlux US-HB3 Evergreen Needleleaf Forests 7.30 33.35 -79.23 
AmeriFlux US-HBK Deciduous Broadleaf Forests 367.00 43.94 -71.72 
AmeriFlux US-Hn3 Open Shrublands 120.90 46.69 -119.46 
AmeriFlux US-Ho1 Evergreen Needleleaf Forests 60.00 45.20 -68.74 
AmeriFlux US-Ho2 Evergreen Needleleaf Forests 61.00 45.21 -68.75 
AmeriFlux US-HRA Croplands null 34.59 -91.75 
AmeriFlux US-Hsm Permanent Wetlands 1.11 38.24 -122.02 

AmeriFlux US-HWB Cropland/Natural Vegetation 
Mosaics 378.00 40.86 -77.85 

AmeriFlux US-Jo1 Open Shrublands 1188.00 32.58 -106.64 
AmeriFlux US-KFS Grasslands 310.00 39.06 -95.19 
AmeriFlux US-KLS Grasslands 373.00 38.77 -97.57 
AmeriFlux US-KM4 Grasslands 246.30 42.44 -85.33 
AmeriFlux US-Kon Grasslands 417.00 39.08 -96.56 
AmeriFlux US-KPL Permanent Wetlands 100.60 60.54 -150.51 
AmeriFlux US-KS3 Permanent Wetlands 0.00 28.71 -80.74 
AmeriFlux US-Los Permanent Wetlands 480.00 46.08 -89.98 
AmeriFlux US-MC2 Croplands 900.00 48.18 -114.21 
AmeriFlux US-Me2 Evergreen Needleleaf Forests 1253.00 44.45 -121.56 
AmeriFlux US-MH2 Croplands 891.00 45.97 -108.20 
AmeriFlux US-Mj1 Croplands 1285.00 46.99 -109.61 
AmeriFlux US-MMS Deciduous Broadleaf Forests 275.00 39.32 -86.41 
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AmeriFlux US-Mo1 Croplands 260.00 39.23 -92.12 
AmeriFlux US-Mo2 Grasslands 275.00 38.95 -91.99 
AmeriFlux US-Mo3 Croplands 261.00 39.23 -92.15 
AmeriFlux US-MOz Deciduous Broadleaf Forests 219.40 38.74 -92.20 
AmeriFlux US-Mpj Woody Savannas 2196.00 34.44 -106.24 
AmeriFlux US-MtB Evergreen Needleleaf Forests 2573.00 32.42 -110.73 
AmeriFlux US-NC2 Evergreen Needleleaf Forests 5.00 35.80 -76.67 
AmeriFlux US-NC3 Evergreen Needleleaf Forests 5.00 35.80 -76.66 
AmeriFlux US-NC4 Permanent Wetlands 1.00 35.79 -75.90 
AmeriFlux US-Ne1 Croplands 361.00 41.17 -96.48 
AmeriFlux US-Ne2 Croplands 362.00 41.16 -96.47 
AmeriFlux US-Ne3 Croplands 363.00 41.18 -96.44 
AmeriFlux US-NGB Snow and Ice 5.27 71.28 -156.61 
AmeriFlux US-NGC Grasslands 35.00 64.86 -163.70 
AmeriFlux US-NR1 Evergreen Needleleaf Forests 3050.00 40.03 -105.55 
AmeriFlux US-ONA Grasslands 25.00 27.38 -81.95 
AmeriFlux US-OWC Permanent Wetlands 174.00 41.38 -82.51 
AmeriFlux US-PAS Grasslands 27.10 27.39 -81.95 
AmeriFlux US-PFb Evergreen Needleleaf Forests 474.00 45.97 -90.32 
AmeriFlux US-PFc Deciduous Broadleaf Forests 473.00 45.97 -90.31 
AmeriFlux US-PFe Water Bodies 480.00 45.98 -90.30 
AmeriFlux US-PFf Grasslands 464.00 45.95 -90.29 
AmeriFlux US-PFg Evergreen Needleleaf Forests 475.00 45.97 -90.27 
AmeriFlux US-PFk Deciduous Broadleaf Forests 476.00 45.91 -90.34 
AmeriFlux US-PFm Deciduous Broadleaf Forests 484.00 45.92 -90.31 
AmeriFlux US-PFn Deciduous Broadleaf Forests 478.00 45.94 -90.28 
AmeriFlux US-PFo Water Bodies 476.00 45.92 -90.27 
AmeriFlux US-PFp Deciduous Broadleaf Forests 497.00 45.94 -90.26 
AmeriFlux US-PHM Permanent Wetlands 1.40 42.74 -70.83 
AmeriFlux US-Prr Evergreen Needleleaf Forests 210.00 65.12 -147.49 
AmeriFlux US-Rls Closed Shrublands 1608.00 43.14 -116.74 
AmeriFlux US-Ro1 Croplands 290.00 44.71 -93.09 
AmeriFlux US-Ro2 Croplands 292.00 44.73 -93.09 
AmeriFlux US-Ro4 Grasslands 274.00 44.68 -93.07 
AmeriFlux US-Ro5 Croplands 283.00 44.69 -93.06 
AmeriFlux US-Ro6 Croplands 282.00 44.69 -93.06 
AmeriFlux US-Rpf Deciduous Broadleaf Forests 497.00 65.12 -147.43 
AmeriFlux US-Rws Open Shrublands 1425.00 43.17 -116.71 
AmeriFlux US-Seg Grasslands 1596.00 34.36 -106.70 
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AmeriFlux US-Ses Open Shrublands 1604.00 34.33 -106.74 
AmeriFlux US-Sne Grasslands -5.00 38.04 -121.76 
AmeriFlux US-Snf Grasslands -4.00 38.04 -121.73 
AmeriFlux US-SRM Woody Savannas 1120.00 31.82 -110.87 
AmeriFlux US-SSH Deciduous Broadleaf Forests 310.00 40.67 -77.90 
AmeriFlux US-Syv Mixed Forests 540.00 46.24 -89.35 
AmeriFlux US-Ton Woody Savannas 177.00 38.43 -120.97 
AmeriFlux US-TrB Water Bodies 499.00 46.04 -89.69 
AmeriFlux US-TrS Water Bodies 495.00 46.00 -89.71 
AmeriFlux US-Tw1 Permanent Wetlands -5.00 38.11 -121.65 
AmeriFlux US-Tw2 Croplands -5.00 38.10 -121.64 
AmeriFlux US-Tw3 Croplands -4.00 38.12 -121.65 
AmeriFlux US-Tw4 Permanent Wetlands -5.00 38.10 -121.64 
AmeriFlux US-Tw5 Permanent Wetlands -5.00 38.11 -121.64 
AmeriFlux US-Uaf Evergreen Needleleaf Forests 155.00 64.87 -147.86 

AmeriFlux US-UC1 Cropland/Natural Vegetation 
Mosaics 390.00 40.75 -78.01 

AmeriFlux US-UC2 Cropland/Natural Vegetation 
Mosaics 396.00 40.76 -78.00 

AmeriFlux US-UiA Croplands 224.00 40.06 -88.20 
AmeriFlux US-UiB Croplands 224.00 40.06 -88.20 
AmeriFlux US-UiC Croplands 224.00 40.06 -88.20 
AmeriFlux US-UiD Grasslands 224.00 40.06 -88.20 
AmeriFlux US-UM3 Water Bodies 234.00 45.57 -84.67 
AmeriFlux US-UMB Deciduous Broadleaf Forests 234.00 45.56 -84.71 
AmeriFlux US-UMd Deciduous Broadleaf Forests 239.00 45.56 -84.70 
AmeriFlux US-UTB Barren Sparse Vegetation 1287.00 40.78 -113.83 
AmeriFlux US-Vcp Evergreen Needleleaf Forests 2500.00 35.86 -106.60 
AmeriFlux US-Vcs Evergreen Needleleaf Forests 2752.00 35.92 -106.61 
AmeriFlux US-WCr Deciduous Broadleaf Forests 520.00 45.81 -90.08 
AmeriFlux US-Wkg Grasslands 1531.00 31.74 -109.94 
AmeriFlux US-WPT Permanent Wetlands 175.00 41.46 -83.00 
AmeriFlux US-Wrc Evergreen Needleleaf Forests 371.00 45.82 -121.95 
AmeriFlux US-xAB Evergreen Needleleaf Forests 363.00 45.76 -122.33 
AmeriFlux US-xAE Grasslands 516.00 35.41 -99.06 
AmeriFlux US-xBA Permanent Wetlands 6.00 71.28 -156.62 
AmeriFlux US-xBL Deciduous Broadleaf Forests 183.00 39.06 -78.07 
AmeriFlux US-xBN Evergreen Needleleaf Forests 263.00 65.15 -147.50 
AmeriFlux US-xBR Deciduous Broadleaf Forests 232.00 44.06 -71.29 
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AmeriFlux US-xCL Grasslands 259.00 33.40 -97.57 
AmeriFlux US-xCP Grasslands 1654.00 40.82 -104.75 
AmeriFlux US-xDC Grasslands 559.00 47.16 -99.11 
AmeriFlux US-xDJ Evergreen Needleleaf Forests 529.00 63.88 -145.75 
AmeriFlux US-xDL Mixed Forests 22.00 32.54 -87.80 

AmeriFlux US-xDS Cropland/Natural Vegetation 
Mosaics 15.00 28.13 -81.44 

AmeriFlux US-xGR Deciduous Broadleaf Forests 579.00 35.69 -83.50 
AmeriFlux US-xHA Deciduous Broadleaf Forests 351.00 42.54 -72.17 
AmeriFlux US-xHE Open Shrublands 705.00 63.88 -149.21 
AmeriFlux US-xJE Evergreen Needleleaf Forests 44.00 31.19 -84.47 
AmeriFlux US-xKA Grasslands 1329.00 39.11 -96.61 
AmeriFlux US-xKZ Grasslands 381.00 39.10 -96.56 
AmeriFlux US-xLE Deciduous Broadleaf Forests 20.00 31.85 -88.16 
AmeriFlux US-xMB Open Shrublands 1767.00 38.25 -109.39 
AmeriFlux US-xML Deciduous Broadleaf Forests 1126.00 37.38 -80.52 
AmeriFlux US-xNG Grasslands 578.00 46.77 -100.92 
AmeriFlux US-xNW Evergreen Needleleaf Forests 3513.00 40.05 -105.58 
AmeriFlux US-xPU Evergreen Broadleaf Forests 1685.00 19.55 -155.32 
AmeriFlux US-xRM Evergreen Needleleaf Forests 2743.00 40.28 -105.55 
AmeriFlux US-xRN Deciduous Broadleaf Forests 334.00 35.96 -84.28 
AmeriFlux US-xSB Evergreen Needleleaf Forests 45.00 29.69 -81.99 
AmeriFlux US-xSC Deciduous Broadleaf Forests 361.00 38.89 -78.14 
AmeriFlux US-xSE Deciduous Broadleaf Forests 15.00 38.89 -76.56 
AmeriFlux US-xSJ Savannas 368.00 37.11 -119.73 
AmeriFlux US-xSL Croplands 1364.00 40.46 -103.03 
AmeriFlux US-xSR Open Shrublands 983.00 31.91 -110.84 
AmeriFlux US-xST Deciduous Broadleaf Forests 481.00 45.51 -89.59 
AmeriFlux US-xTA Evergreen Needleleaf Forests 135.00 32.95 -87.39 
AmeriFlux US-xTE Evergreen Needleleaf Forests 2147.00 37.01 -119.01 
AmeriFlux US-xTL Permanent Wetlands 843.00 68.66 -149.37 
AmeriFlux US-xTR Deciduous Broadleaf Forests 472.00 45.49 -89.59 
AmeriFlux US-xUK Deciduous Broadleaf Forests 335.00 39.04 -95.19 
AmeriFlux US-xUN Mixed Forests 518.00 46.23 -89.54 
AmeriFlux US-xWD Grasslands 579.00 47.13 -99.24 
AmeriFlux US-xWR Evergreen Needleleaf Forests 407.00 45.82 -121.95 
AmeriFlux US-xYE Evergreen Needleleaf Forests 2116.00 44.95 -110.54 
SURFRAD BND Croplands 230.00 40.05 -88.37 
SURFRAD DRA Shrub Land 1007.00 36.62 -116.02 
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SURFRAD FPK Grasslands 634.00 48.31 -105.10 
SURFRAD GWN Pasture 98.00 34.25 -89.87 
SURFRAD PSU Croplands 376.00 40.72 -77.93 
SURFRAD SXF Croplands 473.00 43.73 -96.62 
BSRN ALE Tundra 127.00 82.49 -62.42 
BSRN BAR Tundra 8.00 71.32 -156.61 
BSRN BUD Grasslands 139.10 47.43 19.18 
BSRN CAB Grasslands 0.00 51.97 4.93 
BSRN CAP Tundra null 79.27 101.75 
BSRN GOB Desert Gravel 407.00 -23.56 15.04 
BSRN IZA Rock 2372.90 28.31 -16.50 
BSRN NYA Tundra 11.00 78.92 11.93 
BSRN PAY Cultivated 491.00 46.81 6.94 
BSRN SEL Grasslands 602.00 15.78 -91.99 
BSRN TAT Grasslands 25.00 36.06 140.13 
BSRN TIK Tundra 48.00 71.59 128.92 
BSRN TOR Grasslands 70.00 58.26 26.46 
FLUXNET AU-Cum Evergreen Broadleaf Forests null -33.62 150.72 
FLUXNET AU-Dry Savannas null -15.26 132.37 
FLUXNET AU-Gin Woody Savannas null -31.38 115.71 
FLUXNET AU-Rob Evergreen Broadleaf Forests null -17.12 145.63 
FLUXNET AU-Stp Grasslands null -17.15 133.35 
FLUXNET AU-Wom Evergreen Broadleaf Forests 705.00 -37.42 144.09 
FLUXNET AU-Ync Grasslands null -34.99 146.29 
FLUXNET BE-Bra Mixed Forests 16.00 51.31 4.52 
FLUXNET BE-Lon Croplands 167.00 50.55 4.75 
FLUXNET CZ-BK1 Evergreen Needleleaf Forests 875.00 49.50 18.54 
FLUXNET CZ-wet Permanent Wetlands 426.00 49.02 14.77 
FLUXNET DE-Akm Permanent Wetlands -1.00 53.87 13.68 
FLUXNET DE-Geb Croplands 161.50 51.10 10.91 
FLUXNET DE-Gri Grasslands 385.00 50.95 13.51 
FLUXNET DE-Kli Croplands 478.00 50.89 13.52 
FLUXNET DE-Lkb Evergreen Needleleaf Forests 1308.00 49.10 13.30 
FLUXNET DE-Obe Evergreen Needleleaf Forests 734.00 50.79 13.72 
FLUXNET DE-RuR Grasslands 514.70 50.62 6.30 
FLUXNET DE-RuS Croplands 102.76 50.87 6.45 
FLUXNET DE-SfN Permanent Wetlands 590.00 47.81 11.33 
FLUXNET DE-Spw Permanent Wetlands 61.00 51.89 14.03 
FLUXNET DE-Tha Evergreen Needleleaf Forests 385.00 50.96 13.57 
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FLUXNET DE-Zrk Permanent Wetlands 0.00 53.88 12.89 
FLUXNET DK-Sor Deciduous Broadleaf Forests 40.00 55.49 11.64 
FLUXNET FI-Hyy Evergreen Needleleaf Forests 181.00 61.85 24.29 
FLUXNET FR-Pue Evergreen Broadleaf Forests 270.00 43.74 3.60 
FLUXNET GF-Guy Evergreen Broadleaf Forests 48.00 5.28 -52.92 
FLUXNET GH-Ank Evergreen Broadleaf Forests 124.00 5.27 -2.69 
FLUXNET IT-CA1 Deciduous Broadleaf Forests 200.00 42.38 12.03 
FLUXNET IT-CA2 Croplands 200.00 42.38 12.03 
FLUXNET IT-Col Deciduous Broadleaf Forests 1560.00 41.85 13.59 
FLUXNET IT-Isp Deciduous Broadleaf Forests 210.00 45.81 8.63 
FLUXNET IT-Lav Evergreen Needleleaf Forests 1353.00 45.96 11.28 
FLUXNET IT-Noe Closed Shrublands 25.00 40.61 8.15 
FLUXNET IT-Ren Evergreen Needleleaf Forests 1730.00 46.59 11.43 
FLUXNET IT-SR2 Evergreen Needleleaf Forests 4.00 43.73 10.29 
FLUXNET NL-Loo Evergreen Needleleaf Forests 25.00 52.17 5.74 
FLUXNET RU-Cok Open Shrublands 48.00 70.83 147.49 
FLUXNET RU-Fyo Evergreen Needleleaf Forests 265.00 56.46 32.92 
FLUXNET SJ-Adv Permanent Wetlands 17.00 78.19 15.92 

 

 
 
Figure S1. Comparison between the Landsat-9 land surface temperature (LST) product generated 
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by the single-channel (SC) algorithm, the Landsat-9 LST data generated by the split-window (SW) 

algorithm, the Landsat-9 LST predicted by the machine learning (ML) model, and the Landsat-9 

LST predicted by the transfer-learning (TL) model over in-situ measurements. 
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