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Abstract Surface fluxes and states can recur and remain consistent across various spatial and temporal
scales, forming space‐time patterns. Quantifying and understanding the observed patterns is desirable, as they
provide information about the dynamics of the processes involved. This study introduces the empirical spatio‐
temporal covariance function and a corresponding parametric covariance function as tools to identify and
characterize spatio‐temporal patterns in remotely sensed fields. The method is demonstrated using 2 km hourly
GOES‐16/17 land surface temperature (LST) data over the Contiguous United States by splitting the area into
1.0° × 1.0° domains. The summer day‐time LST ESTCFs for 2018 to 2022 are derived for each domain, and a
parametric covariance model is fitted. Clustering analysis is applied to detect areas with similar spatio‐temporal
LST patterns. Six main zones within CONUS are identified and characterized based on their variance and
temporal and spatial characteristic length scales (i.e., scales for which the temperature variations are temporally
and spatially related), respectively: (a) Eastern plains with 3 K2, ∼6 hr, and 0.15°, (b) Gulf of California with
60 K2, ∼8 hr, and 0.34°, (c) mountains and coasts transition 1 with 16 K2, ∼11 hr, and 0.25°, (d) central US,
Midwest, and South cities with 5.5 K2, ∼8 hr, and ∼0.2°, (e) mountains and coasts transition 2 with ∼10 K2,
∼8 hr, and 0.2°, and (f) largest mountains and coastlines with ∼19 K2, ∼13 hr, and 0.3°. The tools introduced
provide a pathway to formally identify and summarize the spatio‐temporal patterns observed in remotely sensed
fields and relate those to more complex processes within the Soil‐Vegetation‐Atmosphere System.

Plain Language Summary Specific processes on Earth's surface, like heat and water fluxes and air
movement, often exhibit coherent patterns across space and time. Figuring out where these patterns occur can be
helpful as they can aid to explain how the underlying physical processes work. This research introduces a new
tool to find and describe these patterns and applies it to temperature data derived from satellites. The United
States is divided into smaller areas, and the developed tool is used to analyze the land temperature data within
those areas; then, regions with similar temperature patterns are identified. These results help to determine that
certain landscape features, like coastlines, mountains, and cities, influence how temperature patterns behave in
space, time and both. These tools help us to recognize and describe the patterns we see in satellite observations
and ultimately, connect them to more complicated processes happening in the Soil‐Vegetation‐Atmosphere
System.

1. Introduction
For climate, environmental, and hydrological applications, the simultaneous identification of spatially coherent
persistent structures (i.e., spatio‐temporal patterns) of surface states and fluxes is desirable, as they provide in-
formation about the dynamics of the processes affecting them. Generally, the spatio‐temporal nature of these
patterns is non‐separable, as their spatial and temporal dimensions are highly intertwined (Faghmous &
Kumar, 2014). For instance, let us consider the distribution of inundation in a flood‐prone area. Multiple pro-
cesses determine the inundation dynamics within a watershed, including the spatio‐temporal distribution of
precipitation, watershed‐distributed physical characteristics (i.e., soil properties, antecedent soil moisture content
(SMC)), and human modifications. The spatio‐temporal evolution of the flooding as it moves downstream due to
re‐infiltration, evaporation, preferential flow, and other processes would be missed by looking only at the spatial
or temporal dimensions independently (Cressie &Wikle, 2015). Another case where the simultaneous space‐time
evolution of variables is pivotal for process understanding is the initiation of heterogeneity‐driven atmospheric
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circulations at multiple scales. Under favorable atmospheric boundary layer (ABL) and synoptic background
conditions, larger spatial scales of surface heterogeneity can generate temporally persistent structures of surface
heating and moisture, initiating circulations that, for large enough scales, can increase the likelihood of shallow or
even deep convection (F. Chen & Avissar, 1994; Cheng & Cotton, 2004; Courault et al., 2007; Gentine
et al., 2019; Pielke, 2001; Taylor et al., 2007; Weaver, 2004; C. Wu et al., 2015). The two previous examples
highlight the need for approaches that succinctly and effectively identify and summarize the spatio‐temporal
patterns observed in climatic, environmental, and hydrological data sets.

Several statistical approaches have been developed to identify, summarize, and extract relevant patterns from
spatio‐temporal geophysical data sets. The reader is referred to (Cressie & Wikle, 2015; Vereecken et al., 2016)
for a detailed exploration of some of these approaches, their advantages, and their information content. Most
approaches are based on decomposing the spatial and temporal signals according to their statistics or scales.
Examples of decomposition approaches include the Empirical Orthogonal Function (EOF) method, also known as
Principal Component Analysis (PCA) by statisticians, unsupervised classification (i.e., clustering), Orthogonal
Probability Density Function Decomposition (OPDFD), Wavelet Transform (WT), Empirical Mode Decompo-
sition (EMD), and Ensemble Empirical Mode Decomposition (EEMD). These approaches can be applied in space
and/or time and have proved to be helpful in the simplification of complex data sets, the decomposition and
identification of relevant spatial and temporal signals, and the determination of critical scales of processes within
the Soil‐Vegetation‐Atmosphere System (SVAS) (Biswas, 2014; Z. Fang et al., 2015; Graf et al., 2012; Katul &
Parlange, 1995; Katul et al., 2001; Kim & Barros, 2002; Koch et al., 2015; Korres et al., 2010; Rudi et al., 2010;
Stoy et al., 2005; Vargas et al., 2010; D. Wagner et al., 1990). However, some of these approaches are only meant
to analyze time or space dimensions independently (i.e., EOF and EMD), assume spatial and temporal dimensions
as separable (i.e., EEMD and clustering) (Z. Wu et al., 2016), and often encounter challenges providing a physical
meaning for their results (i.e., clustering, PCA, OPDFD, EEMD) (Dommenget & Latif, 2002; Hannachi
et al., 2007; Monahan et al., 2009). Finally, all approaches display challenges in representing non‐stationary
processes and computational issues affecting the analysis of almost all large‐scale environmental data sets
(Kuusela & Stein, 2018).

Geostatistical theory, developed to model the variability of geophysical and environmental regionalized variables,
stands as a straightforward alternative to relatively complex decomposition approaches. In geostatistics, it is
assumed that expected values of the variables are spatio‐temporally dependent, meaning that data points close to
each other are more similar than data points at larger spatio‐temporal distances (Tobler, 1970; van derMeer, 2012;
Vereecken et al., 2016). Observations are considered realizations of a random process where the variable has a
spatial and temporal dependence structure that can be modeled. The modeled dependence structure has found
extensive applications in prediction in space (i.e., smoothing or interpolation), prediction in time (i.e., fore-
casting), downscaling, mapping, and designing sampling of in situ data. For specific examples of these appli-
cations, the reader is referred to van der Meer (2012), Wikle (2015), and Zakeri &Mariethoz (2021). Even though
geostatistical theory can make significant assumptions about the characteristics of the spatio‐temporal fields and
associated patterns (i.e., stationarity, spatio‐temporal dependence, isotropy, and homoscedasticity, among
others), it is still widely used as a compact and straightforward evaluation method of the structure of the
observation fields. Moving window sampling (MWS) techniques have been implemented to deal with the sta-
tionarity assumption: while environmental phenomena exhibit heterogeneity in both their mean and covariance
structure, it is often possible to regard the process as approximately homogeneous within subregions (Guttorp &
Sampson, 1994; Haas, 1990a, 1990b; Kuusela & Stein, 2018; Risser & Turek, 2020). Moving window sampling
(MWS) results in spatially variable assessments of the spatio‐temporal dependence structure based on data,
providing results that reflect the non‐stationarity of the underlying random fields. Additionally, MWS is
computationally efficient, as it processes only a subset of the complete data set at any given time and allows for
full parallelization of the computation windows (Kuusela & Stein, 2018). Finally, MWS is highly flexible and has
the advantage of providing with localized assessments of the spatio‐temporal structure of fields without being
limited by the domain shape or size, except for sampling purposes.

A straightforward approach that comes from classical geostatistics in space and time is the covariance function. It
provides measures of the strength and structure of dependence between values at different locations and time
points as a function of the spatio‐temporal separation. It can be derived either from a fitted stochastic model or
inferred from the empirical covariance of the data (i.e., empirical spatio‐temporal covariance function (ESTCF)).
Under the assumptions of second‐order stationarity in space and time (i.e., the covariance between two points is
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the same for a given distance and direction, regardless of which two points are chosen) and isotropy in space, the
ESTCF can be estimated directly from the observed data (W. Chen et al., 2021; Cressie & Huang, 1999;
Faghmous & Kumar, 2014; Gneiting, 2002; Stein, 2005). The ESTCF is also able to capture various forms of
dependence, such as spatial correlation, temporal correlation, and spatio‐temporal interactions (Cressie &
Huang, 1999; Gneiting, 2002; Guttorp & Sampson, 1994; Ma, 2003; Stein, 2005). Finally, the ESTCF can handle
irregularly sampled data or missing values more effectively than other statistical approaches (e.g., spectral
analysis), making it more suitable for real‐world applications where data may be sparse or irregularly collected
(Demel & Du, 2015; Montero et al., 2015; Stein, 1999). When a closed form of a stochastic model is unavailable,
or observations are too sparse to compute the ESTCF, a common practical approach is to choose a covariance
function from a parametric family with members known to be positive‐definite functions (W. Chen et al., 2021;
Gneiting, 2002; Ma, 2005). Ideally, the selected covariance function structure should respond to what is quan-
titatively known about the system physical dynamics. However, in reality, the knowledge of the system might be
limited, and the structure of the function and parameter values must be tailored to reflect the dependence structure
of the observed underlying physical field (Kuusela & Stein, 2018). The reader is referred to (Cressie &
Huang, 1999; Cressie & Wikle, 2015; Montero et al., 2015; Stein, 2005) for a comprehensive review of some of
the available parametric model structures.

A comprehensive geostatistical exploration of the space‐time dependence structure for any variable requires high‐
resolution data in both space and time (Stein, 2020). Although this analysis is possible with contemporary
spatially distributed hydrologic and land surface models (e.g., Chaney et al., 2016), it remains a challenge using
in‐situ data due to the lack of widespread, long‐term, high‐resolution, spatially distributed in‐situ observations of
surface fluxes and states (Stisen et al., 2011, 2021; Vereecken et al., 2008; Zink et al., 2018). Hence, satellite
remote sensing remains the only direct source of long‐term, spatially distributed Earth surface observations.
Although the quantitative precision of this data is still hard to determine, its main asset is its spatial and temporal
information content over extensive domains (Crow et al., 2009; H. T. Li et al., 2009; Stisen et al., 2011).
Currently, sensors onboard satellites provide spatially distributed estimates of several surface states, including
land surface temperature (LST) (L. Fang et al., 2014; Shi & Bates, 2011; Wan, 2014; Wan & Dozier, 1996; Yu
et al., 2012), SMC (Chan et al., 2018; Entekhabi et al., 2010; Kerr et al., 2012; Parinussa et al., 2015; W. Wagner
et al., 2013), evapotranspiration (Boschetti et al., 2019; J. B. Fisher et al., 2020; Martens et al., 2017; Running
et al., 2019; Su, 2002), snow cover fraction (Painter et al., 2009; Tsai et al., 2019), and changes in water storage
(Tapley et al., 2004). This availability of observations reduces the need for data prediction/interpolation,
permitting to focus on inferring spatio‐temporal properties of the available variables. For instance, Kuusela and
Stein (2018) proved how local estimation of covariance function parameters for sea temperature along latitudes
and longitudes agree with known features of processes. Therefore, the joint use of the ever‐growing available
remote sensing spatio‐temporal data and geostatistics provides a promising path forward in the multi‐scale
characterization of the heterogeneity of processes and dynamics in multiple compartments of the SVAS.

One especially promising variable for studying land surface processes is LST (Duffy et al., 2022; Koch
et al., 2016; Zink et al., 2018). As a critical state variable of the land surface, LST encodes information on local
energy and water fluxes, including energy partitioning into sensible and latent heat fluxes (Duffy et al., 2022;
Holzman et al., 2014; K. Li et al., 2021; Sims et al., 2008; K. Wang & Dickinson, 2012). This information is vital
as energy partitioning can affect the state of the atmosphere by supplying water vapor, inducing convection and
lateral convergence, and growing the planetary boundary layer (Levine et al., 2016; Pielke, 2001; Tuttle &
Salvucci, 2016). Additionally, Simon et al. (2021) showed that accounting for the spatial patterns of sensible heat
flux, a surface flux tightly coupled to LST, plays a crucial role in driving the atmospheric response to land surface
heterogeneity. Recently, enhanced spatio‐temporal resolution global LST products have been released, including
the ECOsystem Spaceborne Thermal Radiometer on the International Space Station (ECOSTRESS) (Hook &
Hulley, 2019), Landsat Provisional (Anderson et al., 2012), the National Oceanic and Atmospheric Adminis-
tration (NOAA) Geostationary Operational Environmental Satellites (GOES) (L. Fang et al., 2014; Yu
et al., 2012), and Sentinel‐3 (Polehampton et al., 2022). However, increased spatial resolutions are often not
accompanied by enhanced temporal resolutions. Products derived from sensors onboard satellites with polar
orbits, such as NASA's Moderate Resolution Imaging Spectroradiometer (MODIS), are accurate and extensively
validated. However, due to the nature of the satellite orbit and the intermittency of the revisit times, the temporal
resolution of the resulting products is limited, and diurnal and sub‐diurnal variations cannot be captured. On the
other hand, sensors onboard geostationary satellites (e.g., GOES) remain in fixed positions overlooking the Earth,
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providing full disk observations every 10 min. Geostationary satellites also provide increased robustness to cloud
coverage (Duffy et al., 2022; Hashimoto et al., 2021), a desirable feature for the study of atmospheric motions
generated by landscape discontinuities (F. Chen & Avissar, 1994). The possibility to explore the dynamics in
space and time (i.e., movies) of LST at the diurnal cycle using succinct summaries like the space‐time covariance
function is a unique opportunity, particularly in the study of land‐atmosphere interactions (Dickinson, 1995;
Entekhabi, 1995; Gentine et al., 2019; Nicholson, 1988; Santanello et al., 2018).

This study introduces the ESTCF as a tool to assess the spatial coherence (i.e., spatial characteristic length scale)
and memory (i.e., temporal characteristic length scale) of remotely sensed spatio‐temporal fields and identify
patterns that might be relevant in the dynamics of processes within the SVAS. Additionally, the study presents a
new 4‐parameter covariance function model to summarize the spatio‐temporal structure displayed by the ESTCF
and provides physical interpretations for its parameters. These tools are applied to remotely sensed fields of sub‐
diurnal LST to evaluate whether they can identify areas where landscape features (e.g., coastlines, topographic
gradients, and urban areas, among others) might be responsible for triggering surface heterogeneity‐driven at-
mospheric circulations. These developments are implemented and tested over CONUS by using a computa-
tionally efficient MWS approach, splitting the entire country into a mosaic of 1.0° × 1.0° domains, deriving the
summer day‐time surface temperature ESTCF for each domain independently, and fitting the parametric
covariance function model to each specific domain. Once the parametric covariance functions for all domains are
known, clustering analysis is applied to the obtained parameter maps in order to detect areas with similar spatio‐
temporal surface temperature dynamics. The key developments in this study include (a) a flexible and
comprehensive tool to characterize and represent the spatio‐temporal dependence structure of remotely sensed
fields, (b) a parametric covariance function model to more concisely describe the spatio‐temporal patterns
captured with the ESTCF, (c) a multi‐dimensional clustering approach to determine areas with similar spatio‐
temporal dependence structures, and (d) data‐driven local estimates of the spatial, temporal and spatio‐
temporal dependence scales for LST over CONUS. The tools introduced here provide a pathway forward to
formally identify and summarize the spatio‐temporal patterns observed in remotely sensed fields and relate those
to the footprint of more complex dynamic processes within the SVAS. The methods and results sections focus on
computing the space‐time covariance from the data and then analyzing them via spatial maps of parameters as
well as clustering maps; the potential implications for land‐atmosphere interactions are discussed in more detail in
the discussion section.

2. Data and Methods
2.1. Data

2.1.1. GOES‐16 LST and Sea Surface Temperature (SST)

The NOAA's GOES are the latest and main operational geostationary weather satellites in orbit over the Western
hemisphere (Desai et al., 2021). Recently, the GOES‐R Advanced Baseline Imagers (ABIs) on board the new
generation GOES‐16 and GOES‐17 satellites have been generating an LST operational product based on scans at
roughly 5 min with an approximate 2 km spatial granularity over the continental United States (CONUS). The
GOES ABI LST estimates are produced using a thermal channel split‐window retrieval based on the bands
centered at 10.8 and 12.3 μm with high surface emission and low atmospheric absorption. Additionally, the al-
gorithm uses a prescribed surface emissivity and an atmospheric radiative transfer model. For further details on
the retrieval algorithm, the reader is referred to (Yu&Yu, 2020). The final operational product has been generated
at an hourly time scale from May 2017 to the present. Evaluations have shown that the product is high quality,
with validation studies indicating an approximate accuracy of 1.5 K (Chang et al., 2021; Desai et al., 2021; Yu
et al., 2012). Given the characteristic spatial and temporal scales reported for mesoscale heterogeneity‐driven
circulations, it is expected that GOES‐16 provides an observational source with both sufficiently high spatial
resolution (i.e.,∼2 km over. CONUS) and high temporal resolution (i.e., 1 hr) to perform the subsequent analyses.

A SST product is also produced from the ABI retrievals on board the GOES satellites. The ABIs on board GOES‐
16 and 17 offer improved capabilities for SST retrievals, over its predecessors, including five narrow bands that
can be used to estimate SST. Other advantages include accurate sensor calibration, image navigation and co‐
registration, spectral fidelity, and sophisticated preprocessing. Using this information, the Level 2 Pre-
processed (L2P) SST product is derived at the native sensor resolution (2 km at nadir, degrading to 15 km at view
zenith angle, 67°) using NOAAAdvanced Clear‐Sky Processor for Ocean (ACSPO) system (Ignatov et al., 2019).
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SST is derived from the original 10‐min full‐disk brightness temperatures using the ACSPO clear‐sky mask
(Petrenko et al., 2010) and the Non‐Linear SST algorithm (Petrenko et al., 2014). Four longwave bands centered
at 8.4, 10.3, 11.2, and 12.3 μm are used. The regression is calibrated against quality‐controlled in situ SST ob-
servations from drifting and tropical mooring buoys in the NOAA iQuam system (Xu & Ignatov, 2014). Finally,
the 10‐min full‐disk data is unified in time to produce the 1‐hr L2P product, with improved coverage and reduced
cloud leakages and image noise, compared to each 10‐min image.

Given the interest to explore the spatio‐temporal patterns of remote sensing LST that can lead to the development
of heterogeneity‐driven atmospheric circulations, coastal regions are relevant (e.g., land‐sea breezes are one of the
most evident examples of an increased land‐atmosphere coupling strength). In this sense, a LST product alone is
insufficient to perform the analysis; an SST product must also be used. For this study, the hourly GOES‐16 LST
data over CONUS is superimposed on the hourly GOES‐16 SST data over the Americas region from January 2018
to December 2022. The resulting 1‐hr, 2‐km, CONUS‐wide surface temperature data set is then bounded to only
consider pixels containing at least 30% of land in their area. This data set is then used to determine the spatio‐
temporal dependence structure of the LST fields in different domains. The obtained structures are expected to
show consistent behaviors in places where landscape features can contribute to generating heterogeneity‐driven
circulations. We acknowledge that differences in the algorithms used to retrieve SST and LST might generate
inconsistencies in the values between water and land in the consolidated LST data set. However, the main reason
for merging the data is to analyze the contrasting temperatures in coastal patches that would be impossible to
analyze using an LST product alone.

It is well established that atmospheric motions influenced by landscape discontinuities develop mainly during
summer daytime hours and are optimum under clear sky conditions (F. Chen & Avissar, 1994). For this reason,
analyses in this study use only warm months (i.e., June, July, August, and September), daytime hours, and clear‐
sky pixels of the LST data set. Daytime hours are determined locally for each individual domain over CONUS
(see Section 2.2) as the period between 2 hr after sunrise and 2 hr before sunset. The raw GOES‐LST and GOES‐
SST data sets are provided in the native ABI fixed grid coordinates; therefore, reprojection to the WGS84
projection (i.e., EPSG:4326) is implemented before further analyses.

2.1.2. Related Physical Covariates

An analysis of some landscape variability features of the analyzed domains is performed to determine some static
physical and climatological characteristics that might relate to the LST spatio‐temporal dynamics. For the
analysis, a stack of high‐resolution open‐access environmental data sets for topography, land cover, and
climatology are used to assess the spatial standard deviation of the properties inside 1° × 1° domains (as shown in
Figure 1). The selected data sets attempt to represent multiple sources of static physical heterogeneity known to
affect the spatio‐temporal dynamics of surface temperature through shading (e.g., elevation and tree cover
fraction), albedo (e.g., land cover), and climatological variability (e.g., precipitation, incident radiation, and air
temperature). This multivariate data set does not attempt to capture all possible physical sources of variability for
surface temperature but provides a first‐order assessment of the potential dominant features. The specifications of
the data sets used in this study are presented in Table 1. The products include the one arcsec (∼30 m) USGS
National elevation data set (NED), the one arcsec (∼30 m) National Land Cover Database (NLCD), the one arcsec
(∼30 m) 2015 Global Forest Cover Change (GFCC) Tree Cover Multi‐Year Global data set and the 30 arcsec
(∼800 m) Parameter‐elevation Regressions on Independent Slopes Model (PRISM) data set, that provides 30‐
year climatologies of relevant variables (Daly et al., 1997; Gesch et al., 2010; Homer et al., 2015; Rupp
et al., 2022; Townshend, 2016).

The maps presented in Figure 1 are directly obtained from computing the standard deviation of selected physical
characteristics on 1° × 1° subdomains (as described in Section 2.2.2): Figure 1a presents elevation from NED,
Figures 1b–1d PRISM precipitation climatology, PRISM air temperature climatology, and PRISM shortwave
downward sloped solar radiation climatology, respectively, and Figure 1e tree cover fraction from GFCC.
Figures 1f–1i are all derived from NLCD by assigning a value of 1 to pixels containing a certain land cover type
(i.e., water, urban, forest, and bare soil) and 0 to all pixels not containing those values; then, the standard deviation
inside each domain is computed over the obtained classes maps. Since the spatial extent of all the data sets is not
the same (i.e., some are meant to analyze only US territories while others are global), only subdomains containing
information of all the data sets are considered in the analysis.
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2.2. Methods

2.2.1. ESTCF

The summer, daytime ESTCF of LST between 2018 and 2022 is computed for all the 1.0° × 1.0° subdomains
across the country (see Section 2.2.2 for details on the subdomain definition). The objective is to summarize and
characterize the long‐term spatio‐temporal dynamics of the LST fields in subdomains across CONUS.

The ESTCF expresses how the linear statistical dependence of two measurements in a spatio‐temporal random
field reduces as the distances (in space and time) between them increase, up to the lengths of statistical inde-
pendence where a relation no longer exists and the covariance tends to zero (Cressie & Wikle, 2015; Mälicke
et al., 2020). The spatio‐temporal dependence structure displayed by the observed realizations is summarized
using the ESTCF. The mathematical procedure used to compute the ESTCF for a random field is presented next
and explained based on (Montero et al., 2015).

Let Z(·,·) be an intrinsically stationary process observed on a set of n spatio‐temporal locations {(s1, t1),…, (sn, tn)}
where si is the spatial location and tj the observation time. The classical alternative to estimate the empirical
covariance function using the observed values if the process is second‐order stationary is proposed by Math-
eron (1989). This classical estimation is obtained by implementing the Method‐of‐Moments estimator (MoM),
which for the covariance function takes the form:

Figure 1. Maps of standard deviation of physical features for land‐containing domains. Each pixel represents the central
0.25° × 0.25° for each 1.0° × 1.0° analyzed domain. (a) Elevation standard deviation, (b) precipitation climatology, (c) air
temperature climatology, (d) shortwave downward solar radiation, (e) tree cover fraction, (f) water versus no water, (g) urban
versus no urban, (h) forest versus no forest, and (i) bare soil versus no bare soil.

Table 1
Specifications of Environmental Data Sets Used in the Study

Group Parameter Data source Period Spatial resolution (m) Referencesa

Thirty‐year climatology Precipitation PRISM 1991–2020 ∼800 Daly et al. (1997) and Rupp et al. (2022)

Short wave radiation

2 m air temperature

Land cover Land cover classification NLCD 2016 30 Homer et al. (2015)

Topography Elevation NED – 30 Gesch et al. (2010)

Tree cover Tree cover fraction GFCC 2015 30 Townshend (2016)
aAll the data sets are open access and available at the provided references.
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C(h(l), τ(k)) =
1

#N(h(l), τ(k))
∑

(si , ti), (sj , tj)
∈N(h(l), τ(k))

(Z(si,ti) ( Zti) (Z(sj, tj) ( Ztj) (1)

Where Zi =
1
n∑mZ(sm,ti) is an estimator of the mean μi of the random field for the time ti andN(h(l), τ(k))= {(si, ti)

(sj, tj)∶si ( sj ∈ T(h(l)), ti ( tj ∈ T(τ(k))}, where T(h(l)) is the tolerance region on Rd around h(l), T(τ(k)) is the
tolerance region onR around τ(k), and #N(h(l), τ(k)) is the number of different elements inN(h(l), τ(k)), with l= 1,
… ,L and with k = 1, … ,K.

In general, the areas T(h(l)) and T(τ(k)) are chosen to yield disjoint sets with enough elements to generate stable
estimates. Suppose the hypothesis of isotropy is reasonable for the spatial process under analysis. In that case, the
area of spatial tolerance around each of the values h(l) can be defined as [h(l) ( dl /2,h(l)+ dl /2], with dl being the
spatial tolerance to be used. Also common is to make the temporal component take values in Z, in which case the
empirical covariance function is computed for τ(k) = 0, 1, …, obtained as the subsequent differences in time at
which the process is observed. To better illustrate the described procedure, a simplified example is included next.

Let us suppose there is a set of spatio‐temporal measurements taken at three points in time, t1, t2, and t3, on a
regular grid of size 3 × 3 with a spacing of 2 km (Figure 2a). Assuming the resulting spatio‐temporal random field
is isotropic and stationary and that tolerance regions are not used, the classical ESTCF will be given by the
simplified form of Equation 1:

C(h, τ) =
1

#N(h, τ)
∑

N(h, τ)
(Z(si, ti) ( Zti) (Z(sj, tj) ( Ztj) (2)

In this example, it is easy to show that there are 9 × 3 = 27 spatio‐temporal points at a distance (h, τ) = (0 km, 0).
Therefore, for Equation 2, #N(h, τ) = 27. By definition, C(0 km, 0) is the spatio‐temporal variance of the random
field, σ2.

Suppose the distance is (h, τ) = (0 km, 1), then #N(h, τ) = 9 × 2 = 18. Finally, if the distance is (h, τ) = (0 km, 2),
#N(h, τ) = 9 × 1 = 9. If the empirical covariance is computed for all the previously defined spatio‐temporal
distances, the purely temporal empirical covariance function is obtained (i.e., only time varies). It is also triv-
ial to prove that: #N(2 km, 0)= 12× 3= 36 and #N(4 km, 0)= 6× 3= 18. If the empirical covariance is computed
just for the distances (h, 0), the purely spatial empirical covariance is obtained. Additionally, cases where both the
spatial and temporal lags are different from zero, can also be considered, though the pairs of points must be
determined carefully. For instance, Figure 2b shows the 12 pairs of points separated by a spatio‐temporal distance

Figure 2. (a) Schematic view of a regularly‐spaced 2‐km grid over a time axis with 3 compartments; (b) 12 pairs of points
separated by a spatial distance of 4 km and a temporal lag of 2 ((h, u) = (4 km, 2)), colors represent sides of the spatial grid
where the origin point is located: yellow for left, red for back, green for right, and blue for front.
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(h, u) = (4 km, 2). It is important to mention that this procedure does not consider diagonal spatial distances for
simplicity.

Since the produced LST data set already uses a regular spatio‐temporal grid, the procedure described for the
example is directly applied. As mentioned before, only clear sky, summer daytime pixels are used for the analysis
in this work. If one or both points contained in any pair used to compute the ESTCF contain a missing value, the
pair is ignored from the summation in Equation 2, and #N is modified accordingly by subtracting one. Addi-
tionally, to determine the spatial separation between points, h, each pixel is assigned its central coordinates in
degrees.

Two conditions are implemented regarding the spatial distribution and number of missing values of the LST data
set within each subdomain for every time step (i.e., quality control): (a) the average latitude and longitude of the
LST valid pixels within the subdomain has to be within a range of ±0.15° of the central latitude and longitude of
box, as a guarantee of centrality in the observations within the subdomain; otherwise, the time step LST values for
the subdomain are considered missing and; (b) the fraction of missing LST values within each subdomain per time
step cannot be higher than 0.25, to ensure a large enough sample of observations; otherwise, the time step values
are considered missing.

Figure 3 summarizes the process to obtain the ESTCFs for each 1° × 1° subdomain over CONUS. The figure
includes a graphic description of the original CONUS‐wide LST data set described in Section 2.1.1, theMWS and
extraction of summer, daytime LST values for each subdomain, described in Section 2.2.2, and the quality control
and ESTCF computation described in this section (Section 2.2.1).

2.2.2. Study Domain and MWS

Figure 4a shows the study domain used over CONUS, considering only the 1.0° × 1.0° subdomains containing at
least 30% of land in their area. The central 0.25° of each 1.0°× 1.0° squared box obtained from the sliding window
approach (introduced below) is presented in green. Coordinates every 5° are also displayed to aid in georefer-
encing. The selected CONUS‐wide study domain has boundaries in 124.99°W, 64.83°W, 23.88°N, 50.92°N.

A sliding window approach is applied to the constructed LST data set over CONUS to deal with the inherent
limitations of the stationarity assumption of the selected geostatistics method. The approach works by first
defining a subdomain of size 1.0° × 1.0° and then moving it over the remotely sensed field by a distance of 0.25°
in the zonal and meridional directions, as shown in Figure 4b. The 1.0° × 1.0° box size is determined as a typical
resolution used in ESMs and General Circulation Models. For each position of the box, the whole spatio‐temporal
field of observations over summer daytime is retrieved (as shown in Figure 3). By adopting this approach, a
comprehensive analysis is performed as different combinations of landscape features are considered, and it can be
assumed that the stationarity assumption holds if LST is characterized as approximately homogeneous within the
subdomains. The overlap of the nearby subdomains results in smoothly varying local estimates of the later fitted
covariance function model parameters.

2.2.3. Sensitivity of ESTCFs to Sampling

The obtained ESTCF for each subdomain is largely impacted by the chosen limits for quality control affecting the
spatio‐temporal sampling (i.e., centrality threshold and maximum missing value fraction per time step) as well as
by the used time period, or temporal sampling. However, there is still limited knowledge on how changes in those
will ultimately influence the resulting covariance structure. A sensitivity analysis is thus performed to understand
the individual effect of the spatio‐temporal sampling in the resulting ESTCF for seven subdomains. The effects
are evaluated both visually and through two metrics computed with respect to the baseline ESTCF, obtained using
the thresholds defined in Section 2.2.1 and the full record period, 2018–2022. The two selected metrics are (a) root
mean square error (RMSE) and (b) mean bias (mBIAS). Five scenarios, including the baseline simulation, are
evaluated as described in Table 2.

2.2.4. A Parametric Model for the Spatio‐Temporal Covariance Function

Once the ESTCF is computed for every subdomain in CONUS, a parametric model is fitted to it to summarize the
results even further. Additionally, the obtained parameters are used to determine the similarity in the spatio‐
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Figure 4. Study domain over CONUS and detail of the sliding window approach used. (a) Study domain over CONUS; the
central 0.25° of each 1.0° × 1.0° squared subdomain obtained from the sliding window approach is presented in green;
coordinates every 5° are presented to aid in georeferencing. (b) Detail of the sliding window approach used for sampling over
a subdomain in the California‐Nevada border. Three 1.0° × 1.0° subdomains separated by 0.25° from subdomain 1 in the
horizontal (subdomain 2) and vertical (subdomain 3) directions are displayed.

Figure 3. Flowchart summarizing the method for determining the land surface temperature empirical spatio‐temporal covariance function for each 1° × 1° sub‐domain
over CONUS. The approach relies on three interacting main stages as described in Sections 2.1.1 and 2.2.
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temporal dependence structures between subdomains. This analysis is possible and informative only by sum-
marizing the main features of the space‐time covariance function in a limited number of parameters.

As mentioned in the Introduction section, the end goal of this study is not predicting LST but rather the char-
acterization of the spatio‐temporal dynamics of the LST fields within the subdomains. In this sense, the positive‐
definite nature of the selected parametric model is not a requirement since it is not used for Kriging. However, it is
desirable that the chosen model uses a reduced number of parameters to facilitate optimization, minimize
parameter equifinality (Beven, 2006), and enable physical interpretation of the parameters. For this reason, a
modified form of the non‐separable parametric model presented by Cressie and Huang (1999) is selected:

C(h,u) = σ2e
( ( τ

a
γ )( (

ha
λ )

(3)

where C(h, u) is the parametric covariance at a spatio‐temporal distance (h, u); σ2 is the spatio‐temporal variance
of the random field, computed directly from the data; γ is the fitted temporal characteristic length‐scale; λ is the
fitted characteristic spatial length‐scale; and a is the fitted spatio‐temporal interaction exponent. Several other
parametric models were tested on the available data, but the one selected showed improved performance with the
lowest number of parameters.

2.2.5. Impact of the Parameters in the Spatio‐Temporal Covariance Parametric Model

In the selected parametric covariance function model, the space‐time interaction exponent (a) determines the
shape of the space‐time interaction, while the characteristic length scales (i.e., γ and λ) modify the magnitude of
the spatial and temporal distances after they have been affected by the exponent (i.e., patches size and patches
memory in time). Figure 5 displays the parametric spatio‐temporal covariance functions obtained as the values of
the parameters are successively modified. The figure allows us to see how:

• Larger values of the characteristic temporal length scale, γ, correspond to longer memory (see Figure 5c). In
other words, for the produced parametric model, high covariance values are bound to persist longer in time as γ
increases. When fitted to an observational data set, a high value of γ implies that the variable patterns (i.e.,
similar temperature patches) tend to remain for longer at the given location. The opposite behavior (i.e.,
shorter memory) can also be achieved by reducing γ, as observed in Figure 5a.

• Increased spatial memory of the modeled covariance function is achieved by raising the spatial length scale, λ
(see Figure 5f). A fitted high λ suggests a large spatial coherence of the spatial patterns in the domain. In that
case, the values of the observations for two points far from each other are highly correlated. The contrasting
case (i.e., smaller spatial patches of similar temperature) can be modeled by decreasing λ, as presented in
Figure 5d.

• Higher values of the space‐time interaction exponent, a, lead to an increased interaction between space‐time in
the computed covariance function. The space‐time interaction is directly related to the shape of the curves in
the modeled covariance function. As a rises over one (see Figure 5i), the interaction between space and time
becomes stronger, and the modeled transition between the pure‐spatial and pure‐temporal covariance occurs
by displaying a convex shape. The opposite case (i.e., a < 1.0) generates a concave shape in the transition
between pure‐spatial and pure‐temporal covariance, as seen in Figure 5g. Additionally, due to the function

Table 2
Sensitivity Analysis Scenarios Tested Including Spatial Centrality Threshold, Maximum Missing Fraction per Time Step and
Time Period of Observations Used for Empirical Spatio‐Temporal Covariance Function Computation

Scenario Centrality threshold (°) Max. Missing fraction (( ) Time period

1 0.15 (baseline) 0.25 (baseline) 2018–2022 (baseline)

2 0.05 0.10 2018–2022

3 0.20 0.50 2018–2022

4 0.15 0.25 2018–2020

5 0.15 0.25 2018, 2020, 2022
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structure, the modeled memory and spatial coherence emulated by the parametric model are also directly
influenced by the magnitude of the spatio‐temporal interaction exponent, a. In each dimension, the presence of
the exponent determines a stretched exponential shape for the correlation function, which encompasses longer
tails (a < 1.0) or shorter tails (a > 1.0) compared to a simple exponential, while retaining a characteristic scale
(Laherrère & Sornette, 1998).

Additionally, modified forms of the spatial and temporal characteristic length scales can be derived to obtain an
approximation unaffected by the spatio‐temporal interaction exponent and identify the individual effects of space
and time on the joint spatio‐temporal dynamics. Tests on the data have shown that the modified forms of the
characteristic length scales correspond to coordinates where the covariance is reduced to ∼50% of its maximum
value at h = 0 km and τ = 0 hr. These modified forms are estimated as the fitted characteristic length scales
operated by the fitted spatio‐temporal interaction exponent, as displayed in Equations 4 and 5.

γ′ =
̅̅̅
γa

√
(4)

λ′ =
̅̅̅
λa

√
(5)

To fit the ESTCFs to the parametric model, non‐linear least squares regression is used. The function is set up to
use the Trust Region Reflective method, TRF, to perform the minimization. The TRF method is particularly
suitable for large sparse problems with bounds, and it is generally robust. Based on an analysis of the selected
function, the bounds for the parameters to be fitted are defined as 0 < γ ≤ 100, 0 < λ ≤ 10, and 0.5 < a ≤ 3.

Figure 5. Parametric spatio‐temporal covariance function obtained by individually increasing the values of the three main
model parameters: (a–c) varying γ with λ = 0.4 and a = 1.5; (d–f) varying λ with γ = 3 and a = 1.5; and (g–i) varying a with
λ = 0.4 and γ = 3.
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2.2.6. Clustering Analysis

Once the parametric model is fitted to the ESTCFs, an unsupervised clustering algorithm determines subdomains
with relatively homogeneous parameter values. Such spatial clustering has been used to map zones that represent
co‐varied features in a tractable manner (e.g., Devadoss et al., 2020; Wainwright et al., 2022). The commonly
used k‐means method is selected as a clustering algorithm. The features used to perform the clustering are the
fitted spatio‐temporal characteristic length scales and interaction exponent, as well as the spatio‐temporal vari-
ance computed directly from the LST data. Each feature is normalized by its minimum and maximum values
before performing the clustering. The dissimilarity between two data points is determined based on the Euclidean
distance. To determine the appropriate number of clusters to use, the elbow method is adopted. In the elbow
method, k‐means clustering is performed on the data set for a range of k values (i.e., number of clusters). Then, for
each k, the method computes an average score for all clusters. By default, the distortion score is computed. The
distortion scores the sum of square distances from each point to its assigned center in the clustering. Once this
metric for k is plotted, it is possible to visually determine the best value for the number of clusters, as the k where
the inflection point of the curve occurs. Using the obtained number of clusters, k‐means is applied, and the
resulting clusters are mapped out and analyzed in terms of their characteristic spatio‐temporal covariance function
(CSTCF), which for each cluster is computed using the parametric model with the mean value of all the sub-
domains contained within the same cluster.

3. Results
3.1. ESTCF Over CONUS

The summer daytime ESTCFs over CONUSwere computed using all the available LST observations according to
the procedure described in Sections 2.2.1 and 2.2.2. The obtained ESTCFs for seven locations with various
landscape features are presented in Figure 6. The figure shows the site‐specificity of the obtained ESTCFs. As
expected, the spatio‐temporal variance of LST (i.e., the maximum value of the color bar) was higher for
mountainous areas (i.e., Colorado and Lake Tahoe, Figures 6b and 6c), and for coastal regions, including lake
coastlines (i.e., New York City and Lake Michigan, Figures 6f and 6g), due to contrasting landscape features such
as topography and material thermal properties. The observed variance values for flat areas were relatively low,
with values around 3 K2 for the Louisiana, Atlanta, and North Dakota domains (Figures 6d, 6e, and 6h).

It was observed that the contrast between land cover types, particularly water versus land, increased the space‐
time interaction by producing a convex transition between space and time in the ESTCFs. The same convex
transition was observed for mountainous regions (Figures 6b and 6c). Additionally, domains containing features
such as rivers, cities, and small lakes (Figures 6d, 6e, and 6h), which had generally homogeneous landscapes
except for the small‐scale features (i.e., in the order of 10–30 km), displayed a relatively sharp decay in their
spatial coherence. Domains displaying large‐scale heterogeneity, driven by topography or contrasting land cover
(especially land vs. water), showed larger spatial coherences (see Figures 6b, 6c, 6f, 6g).

Regarding the temporal memory of the ESTCFs in the analyzed domains, it was observed that the presence of
large‐scale landscape features, such as bodies of water and topographic gradients, increased the temporal memory
of the ESTCF. The domains with the longer memory of summer daytime LST were the ones located in Colorado
(∼5 hr, Figure 6c), California (∼4 hr, Figure 6b), and New York City (∼2.5 hr, Figure 6f). Smaller memory
values, in the order of 1 hr, were detected for all the other domains.

3.2. Sensitivity to Sampling

As described in Section 2.2.3, the sensitivity of the ESTCFs was tested with respect to the spatio‐temporal
sampling used. This procedure was performed for the five scenarios presented in Table 1 and the seven loca-
tions introduced in Figure 6a. Figure 7 summarizes the results of this sensitivity evaluation.

Figure 7 shows how the overall structures of the baseline‐ESTCFs (i.e., first column shapes) are preserved for
varying spatio‐temporal sampling scenarios. In general, the spatio‐temporal dynamics observed for the domains
does not show major variations due to differential sampling, a finding backed up by relatively low values of
RMSE and mBIAS. This finding points at the relative robustness of the ESTCFmethod to the sampling. However,
the temporal scales of variation (i.e., temporal lag associated with maximum covariance values) does show to be
influenced by the sampling, particularly in the New York City and Michigan domains (Figures 7e and 7f). This
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effect is explained by the reduced availability of spatio‐temporal observations (scenario 2) driven by the harsher
centrality and missing value thresholds for the New York city case. In the Michigan case, on the other hand, the
major changes in the temporal scale seem to be induced by the reduction in the time period used for the analysis
(scenario 4). In this case, the no inclusion of observations for the years 2021 and 2022 increased the overall
difference with respect to the baseline scenario. This temporal‐sampling‐dependence of the resulting ESTCF can
also be observed, in a smaller proportion, for the Louisiana, Atlanta, and North Dakota domains, with increased
values of the RMSE and mBIAS.

Figure 6. Zoomed‐in satellite visible imagery with coordinates for seven 1.0° × 1.0° domains over CONUS. The obtained summer daytime land surface temperature
ESTCFs for each domain are also presented. (a) Location of the seven domains within CONUS; visible satellite imagery of the landscape and computed empirical
spatio‐temporal covariance function for (b) the Lake Tahoe area, California‐Nevada border; (c) the Mount Mitchell area, Colorado; (d) Mississippi River, Lousiana;
(e) Atlanta, Georgia; (f) New York City; (g) Lake Michigan shore, Indiana‐Michigan border; (h) Leeds county, North Dakota.
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Figure 7. Results of sensitivity to sampling on seven domains over CONUS. Each column represents a sampling scenario as described in Table 1. Each row represents
the domain, corresponding to the ones presented in Figure 5a: (a) Lake Tahoe area, California‐Nevada border; (b) Mount Mitchell area, Colorado; (c) Mississippi River,
Louisiana; (d) Atlanta, Georgia; (e) New York City; (f) Lake Michigan shore, Indiana‐Michigan border; (g) Leeds county, North Dakota.
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3.3. Spatio‐Temporal Covariance Function: Parametric Model Over CONUS

Once the ESTCFs were computed for CONUS, the selected parametric model for the spatio‐temporal covariance
function was fitted to them, as described in Sections 2.2.4 and 2.2.5. The obtained parametric fits for the seven
domains analyzed in Figure 6 are presented in Figure 8. For the locations of the domains over CONUS, the reader
is referred to Figure 6a.

Figure 8 shows the performance of the selected parametric model in reproducing the observed ESTCFs. The
Figure displays zoomed‐in satellite imagery for each domain, the ESTCFs computed from the LST observations,
the obtained fit, the set of parameters corresponding to that fit, and the normalized root mean square error
(nRMSE) as a performance metric. Visual inspection showed that, in general, the parametric model performed
well for the selected locations, particularly for the higher covariance values on the bottom left part of the spatio‐
temporal domains, 0.7 ≤ C/σ2 ≤ 1.0. This was expected, as these values played a more critical role in the normal
least squares minimization algorithm used in the fit. The obtained nRMSE values confirmed the results derived
from the visual inspection. Higher nRMSE values were observed for domains with larger spatio‐temporal
variance values (i.e., mountainous domains and coastal domains; Figures 8a, 8b, and 8e). This behavior can be
explained by the fact that the selected model was overly simplistic to represent the complex space‐time in-
teractions that could emerge in some regions.

Figure 8. Zoomed‐in satellite visible imagery with coordinates for the seven 1.0° × 1.0° domains over CONUS. The obtained summer daytime land surface temperature
ESTCFs for each domain and the fitted spatio‐temporal covariance function parametric model are presented. The plots for the fitted cases include the obtained set of
parameters and the normalized root mean square error for the fit. Visible satellite imagery of the landscape, computed empirical spatio‐temporal covariance function,
and fitted spatio‐temporal covariance function parametric model for (a) the Lake Tahoe area, California‐Nevada border; (b) the Mount Mitchell area, Colorado;
(c) Mississippi River, Louisiana; (d) Atlanta, Georgia; (e) New York City; (f) Lake Michigan shore, Indiana‐Michigan border; (g) Leeds county, North Dakota.
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Regarding the magnitude of the obtained parameters, it was clear that domains where interactions between land
and water existed (Figures 8e and 8f) and where significant topographic gradients were present (Figures 8a and
8b) displayed higher values of the temporal characteristic length‐scale, γ, and values of the spatio‐temporal
interaction exponent, a, over 1. For the remaining domains (Figures 8c, 8d, and 8g), the spatial characteristic
length‐scale, λ, seemed to play a more critical role in reproducing the ESTCF, with relatively high values.
Additionally, for these cases, the spatio‐temporal interaction exponent, a, kept values slightly under or over 1.0,
indicating an almost linear spatio‐temporal interaction.

The fit to the parametric spatio‐temporal covariance function model was performed for every 1.0° × 1.0° domain
under analysis with at least 2/3 of its area over land. Figure 9 presents the integrated results for this procedure as
maps. Each pixel represents the central 0.25° × 0.25° for each 1.0° × 1.0° analyzed domain. Maps for the fitted
spatio‐temporal characteristic length scales, γ and λ, are presented (Figures 9b and 9c), as well as for the fitted
spatio‐temporal interaction exponent, a, (Figure 9d) the computed spatio‐temporal variance, σ2, (Figure 9a) and
the nRMSE obtained for the fit (Figure 9e). It is worth mentioning that the ESTCFs presented in Figures 6 and 8
did not share the same time lag axis limits due to the location‐dependent day lengths. However, the temporal lag
axis was standardized for the CONUS‐wide fit, 0 ≤ τ ≤ 8 hr. The results reveal:

1. Spatio‐temporal variance (Figure 9a): A West to East decreasing gradient of variance was observed, showing
agreement with the long‐term precipitation climatology for the area. Additionally, the obtained gradient was
also consistent with the Köppen‐Geiger climate classification system for CONUS, with drier climates

Figure 9. Maps of results for the parametric spatio‐temporal covariance function fit for land‐containing domains. Each pixel
represents the central 0.25° × 0.25° for each 1.0° × 1.0° analyzed domain. (a) Computed spatio‐temporal variance, (b) fitted
temporal characteristic length‐scale, (c) fitted spatial characteristic length‐scale, (d) fitted spatio‐temporal interaction
exponent, and (e) normalized root mean square error for the parametric fit.
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displaying a larger LST variability with a lower influence of surface SMC. As expected, higher variance values
were observed in regions with significant topographic gradients, coastlines, urban areas, particularly in the
Midwest and the Mississippi River delta area in Louisiana. Coastal areas of the Atlantic and Pacific showed
clear differences, with the Pacific coast displaying larger variance values due to a sharper contrast in tem-
perature between land and water. The lowest values were located in flat areas in the central and eastern regions
of CONUS.

2. Temporal characteristic length‐scale (Figure 9b): The observations derived from Figure 7 were confirmed in
this case with increased values of γ in mountain areas and coastal regions, particularly in the Sierra Nevada,
Rocky Mountains, Coastal ranges, Appalachians, California Gulf, Northeast coastlines and Great Lakes
shorelines. Urban areas in the Midwest, South, and Northeast also showed elevated values in comparison to
their surroundings.

3. Spatial characteristic length‐scale (Figure 9c): An east‐to‐west decreasing gradient for this parameter was
observed. Higher values were identified for flat areas of theMidwest. Unlike the temporal characteristic length
scale, urban sites, coastlines, and mountain ranges displayed reduced values, probably due to a heavy influence
of the spatio‐temporal interaction exponent.

4. Spatio‐temporal characteristic length‐scale (Figure 9d): The patterns observed here resemble the ones for the
spatio‐temporal variance (Figure 9a). Concave spatio‐temporal interactions (a < 1) were found in flat areas of
the South, non‐coastal areas of the Midwest, and non‐urban portions of the Northeast. Linear relationships
between space and time (a ≅ 1) were identified for urban areas of the Midwest and South, as well as in
relatively homogeneous domains in the West. In general, domains containing coastlines and significant
topographic gradients consistently displayed a convex spatio‐temporal interaction (a ≥ 1).

5. nRMSE (Figure 9e): The model struggled to thoroughly capture the observed dynamics in the Appalachians,
Sierra Nevada, Rocky Mountains, Coastal ranges, and some urban areas of the Midwest and Northeast.
However, due to the general performance, it was concluded that the selected parametric model represented the
spatio‐temporal dynamics of LST in a relatively accurate way, with a CONUS‐wide mean nRMSE of ∼3%.

Alternative forms of the length scales were derived to obtain an approximation unaffected by the spatio‐temporal
interaction exponent and identify the individual effects of space and time on the joint spatio‐temporal dynamics.
These forms were estimated as the fitted characteristic length scales operated by the fitted spatio‐temporal
interaction exponent (as described in Section 2.2.5). Another goal of this procedure was to identify locations
where the spatial characteristic length‐scale displayed patterns that could not be placed directly from Figure 9.
Figure 10 shows the maps of the alternative forms of the spatio‐temporal characteristic length scales with units. In
general, the modified temporal characteristic length‐scale (Figure 10a) displayed some of the same patterns
identified using Figure 9b: increased values in mountainous areas and urban zones in the Midwest, South, and
Northeast with elevated values compared to their surroundings. For mountainous regions, the magnitude of the
modified temporal scale (i.e., memory) was in the range of 20–60 hr (i.e., one day to 2.5 days). For the urban areas
cases, the obtained memory was on the order of 10 hr. However, unlike Figure 9b, Figure 10a showed that the
contrast between land‐only domains and coastal domains, particularly in the California Gulf, the Great Lakes
shorelines, and the Northeast coastline, was not as high for the modified temporal characteristic length‐scale, with
memories slightly below 10 hr. This implies that the increased values of γ in these locations were caused by an
elevated space‐time interaction exponent rather than by a time‐only effect. On the other hand, the modified spatial
characteristic length‐scale (Figure 10b) displayed increased values in domains with persistent landscape features,

Figure 10. Maps of results for the modified forms of the spatio‐temporal characteristic length scales for land‐containing
domains. Each pixel represents the central 0.25° × 0.25° for each 1.0° × 1.0° analyzed domain. (a) Modified temporal
characteristic length‐scale, (b) modified spatial characteristic length‐scale.
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including coastlines and mountain ranges, a pattern expected but not observed on the original spatial characteristic
length‐scale map (Figure 9c). In this sense, for these locations, the spatio‐temporal interaction parameter reduced
the influence of the space‐only characteristic length‐scale, probably due to the magnitude of the distances
(below 1°).

3.4. Clustering Analysis and Related Physical Covariates

With all the parameter values from the model fit, an unsupervised clustering algorithm (i.e., k‐means) was used to
identify homogeneous zones. The number of clusters to be used (i.e., k = 6) was determined using the elbow
method based on the distortion score.

Figure 11 presents the spatial mapping of the clusters over CONUS, as well as the parametric representation of the
spatio‐temporal covariance function obtained from the mean cluster value of the parameters (i.e., the mean value
of the parameter values for all the domains contained within the same cluster) or CSTCF. The first observation
derived from Figure 11 is the variance discrimination between groups. In general, locations with higher variances,
σ2, (i.e., Pacific coast and Gulf of California, higher elevations of Rockies, Sierra, Coastal ranges and Appala-
chians, and shorelines of Lakes Superior, Michigan, Huron, and Ontario) were grouped by the clustering pro-
cedure in Cluster 2, Cluster 6, and Cluster 3, respectively (Figures 11b, 11f, and 11c). Due to the topographic and
material contrast within those high variance domains, the obtained shape for the CSTCF was predominately
convex with mean exponent values a over one, particularly in the Cluster 2 case. That was also the case for the
mean characteristic temporal length‐scale, γ, with the highest values associated with the larger variance clusters.
Due to the previously discussed influence of the spatio‐temporal interaction exponent, the mean characteristic
spatial length‐scale results were less clear. As for the lower variance clusters, Cluster 1, Cluster 4, and Cluster 5
(Figures 11a, 11d, and 11e, respectively), each exhibited distinctive characteristics. Besides presenting the lowest
σ2 values, Cluster 1 displayed low values of γ and a (i.e., concave shape). Cluster 4 featured the second lowest

Figure 11. Individual spatial mapping of the clusters over CONUS, next to the corresponding characteristic spatio‐temporal covariance function obtained as the mean
cluster value of the parameters for (a) cluster 1, (b) cluster 2, (c) cluster 3, (d) cluster 4, (e) cluster 5, and (f) cluster 6.
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variance with an almost linear space‐time interaction exponent, a, and rela-
tively low γ. Finally, Cluster 5 constituted a transitional group with the third
lowest variance but relatively high values of both a and γ.

To obtain an approximation unaffected by the spatio‐temporal interaction
exponent and identify the individual effects of space and time on the joint
spatio‐temporal dynamics, Table 3 displays the alternative forms of the length
scales for each CSTCF; the variance is also presented. The table shows how
Clusters 6 and 2 displayed the overall higher spatio‐temporal dynamics with
the highest values of variance and spatial length‐scale (Cluster 2) and highest
temporal length‐scale and second highest spatial length‐scale (Cluster 6).
Cluster 3 is also worth mentioning as it showed relatively high values of all
the parameters. Clusters 4 and 5 showed relatively low variance and spatial
length‐scale values but significant memory in time (∼8 hr). Finally, Cluster 1
displayed the least dynamic behavior with the lowest variance value, spatial
length‐scale, and temporal length‐scale.

Figure 12 presents the analysis of the physical features of the domains that could be relevant in determining the
obtained clustering of spatio‐temporal parameters. Mean values of spatial standard deviation for the domains
included in each cluster are presented for each tested physical feature. The mean standard deviations for all the
domains over CONUS are also presented (dotted lines). The Figure shows:

Table 3
Mean Variance and Alternative Forms of Temporal and Spatial Length
Scales per Cluster

Cluster ID σ2 (K2) γ′ (hr) λ′ (°)

1 3.28 5.92 0.15

2 60.80 7.59 0.34

3 15.87 10.65 0.25

4 5.51 8.39 0.19

5 9.74 8.63 0.20

6 18.67 13.47 0.29

Note. The colors indicate the scale of variation of each column (green for the
lowest values to red for the highest values).

Figure 12. Mean cluster values of standard deviations of physical features under analysis. The red dotted lines indicate the CONUS‐wide mean value for all domains.
(a) Elevation standard deviation, (b) precipitation climatology, (c) air temperature climatology, (d) shortwave downward solar radiation, (e) tree cover fraction, (f) water
versus no water, (g) urban versus no urban, (h) forest versus no forest, and (i) bare soil versus no bare soil.
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• Cluster 1 ‐ LV‐LTS‐LLS‐LSTI (i.e., lowest variance, alternative temporal length‐scale, alternative spatial
length‐scale, and spatio‐temporal interaction exponent): The domains contained within this cluster showed
reduced variance in elevation and its associated meteorological features (i.e., precipitation, air temperature,
and shortwave downward radiation). Although some variability in tree fraction and urban and forest coverage
was observed, these features were not large enough to increase the cluster's LST variance, memory (i.e.,
alternative temporal length‐scale), and spatial coherence (i.e., alternative spatial length‐scale). As for the
spatio‐temporal interaction exponent, the cluster displayed a relatively linear relation between space and time,
probably due to the dampening influence of the cluster's relatively dense vegetation in the surface temperature
dynamics.

• Cluster 2 ‐ HV‐LTS‐HSS‐HSTI (i.e., highest variance, second lowest alternative temporal length‐scale,
highest spatial length‐scale, and highest spatio‐temporal interaction exponent): In contrast to Cluster 1, the
domains contained within Cluster 2 showed increased variability in elevation, precipitation, shortwave
downward radiation, and water and urban coverages. The increased variability in multiple physical features,
and in particular the contrast in thermal inertia between the Pacific Ocean water and the arid land in the Gulf of
California, increased the overall variance of LST as well as the obtained coherence in space for the patterns in
the cluster (i.e., the characteristic spatial scale of the water patches, ∼0.3°, agrees with the mean standard
deviation of the cluster, ∼0.34). Finally, the spatio‐temporal interaction displayed a strong convex transition
associated with coastal domains (see Figures 6f and 6g). This shape might be related to the contrast in thermal
properties between land and water, determining the spatio‐temporal dynamics in these domains.

• Clusters 3 and 6 ‐ HV‐HTS‐LSS‐HSTI (i.e., second highest variances, largest alternative temporal length‐
scales, second highest alternative spatial length‐scales, and second highest spatio‐temporal interaction ex-
ponents): The domains contained within Clusters 3 and 6 displayed the highest variabilities in multiple
physical features such as elevation, precipitation, air temperature, tree cover fraction and forest and bare soil
coverages. This significant variability in multiple physical features increased the overall variance of LST and
the obtained memory in time for the patterns in these clusters (with values between∼10.5 and∼13 hr, Clusters
3 and 6 showed the highest memory). It is hypothesized that the high memory responds to the static topo-
graphic effect: high lands are consistently colder than lowlands, and the diurnal cycle (∼12 hr) is the main
temporal factor causing variations in the surface temperatures domain‐wise. As for the spatial length scales,
both clusters showed relatively high values, with scales ranging from 1/4 to 1/3 of the domain size (i.e., 0.25°–
0.3°). Again, this spatial coherence might respond to a topographic effect. Finally, unlike Cluster 2, Clusters 3
and 6 did not show the highest values of spatio‐temporal interaction exponent. Even though the obtained
spatio‐temporal transition is still convex, the material contrast in the domains is not as significant as that
observed between water and land for Cluster 2. However, especially for domains containing coastlines for
bodies of water smaller than the ocean (e.g., Great Lakes and Lake Tahoe) or coastal domains with weaker
temperature gradients between land and water (e.g., Northeast Atlantic coast), it appears that lower spatio‐
temporal interaction exponents than the ones needed for Cluster 2, might be enough to represent the transition.

• Clusters 4 and 5 ‐ LV‐ITS‐LSS‐LSTI (i.e., second lowest variances, intermediate alternative temporal
length‐scales, second lowest alternative spatial length‐scales, and second lowest spatio‐temporal interaction
exponents): Clusters 4 and 5 were mainly characterized by relatively low variability in most of the physical
features under analysis, except high variability in bare soil cover for Cluster 5. This lack of properties variation
led to a relatively low spatio‐temporal variance, spatial and temporal length scales, and spatio‐temporal
interaction exponents. However, for Cluster 5, the combined effect of topography, some coastal domains in
the Great Lakes and Northeast Atlantic coast, along with the increased variability between bare and vegetated
soil, produced a slightly increased spatio‐temporal interaction exponent (i.e., relatively convex transition
between space and time) and higher spatio‐temporal variance. Interestingly, coastal domains to the west of
Florida, contained in Cluster 4, did not increase the overall exponent (probably due to the smoother tem-
perature contrast between water and land in that zone of the Atlantic).

4. Discussion
4.1. General Implications and Specific Application Findings

4.1.1. General Implications

This study introduced the ESTCF to evaluate the spatial coherence and temporal memory of remotely sensed
spatio‐temporal fields. The main aim was to uncover significant spatio‐temporal patterns within the observed
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processes in the Soil‐Vegetation‐Atmosphere System (SVAS). The ESTCF was easily obtained from gridded
observations and proved flexible enough to deal with missing data, and varying spatio‐temporal aggregation
scales. Additionally, the ESTCF displayed the ability to characterize spatio‐temporal regimes based on features of
the fields such as spatio‐temporal variance, spatial coherence structure, temporal memory, and space‐time in-
teractions. Overall, the proposed parametric model of the covariance function accurately emulated the empirical
data while simultaneously summarizing the dynamics within the ESTCFs. The simplified features were then used
to identify areas with homogeneous spatio‐temporal dynamics, successfully classifying domains based on their
main spatio‐temporal features.

4.1.2. Application to LST: Implications for Land‐Atmosphere Interactions

Regarding the application of the proposed methods to the LST fields, the use of the clustering procedure allowed
the identification of zones with higher spatio‐temporal dynamics in coastal domains of the Gulf of California and
the South Pacific region and domains containing the highest elevations of mountainous areas (i.e., the Sierra
Nevada, Rockies, Coastal Ranges, Appalachian Mountains) as well as the coastal areas surrounding the largest
lakes in the Great Lakes region. These locations coincided with those reported in the literature where thermally
driven circulations develop including urban boundaries (Q. Li et al., 2021; Y. Wang et al., 2017), mountain
topography (J. S. Wagner et al., 2015), and land‐sea and land‐lake breezes (Crosman & Horel, 2010; Y. Wang
et al., 2017): Gulf of California sea breezes, Great Lakes lake breezes, Rocky Mountains mountain‐valley cir-
culations, and Appalachians low level moisture convergence (Banta, 1995; Douglas, 1995; Keen & Lyons, 1978;
Kindle et al., 2002; Lyons, 1972; Ohashi & Kida, 2002; Sills et al., 2011; Turnipseed et al., 2004; Whiteman
et al., 2009; Wilson & Barros, 2015; Zardi & Whiteman, 2013; Zuidema et al., 2007). The main drivers of the
increased spatio‐temporal variability in these locations were the temporal characteristic length‐scale and the
spatio‐temporal interaction component. These findings reinforce the essential influence of the memory of the
spatio‐temporal structure of the fields in the presumed potential of land‐atmosphere coupling development.

While large scale studies show clear impact of land heterogeneity on convection in atmospheric simulations
(Knist et al., 2020), literature specifically showing continental and global scale prevalence of heterogeneity driven
flows to fully evaluate the connection between spatio‐temporal structure and land‐atmospheric coupling is
limited. This is due in part to computational constraints in resolving these flows, which require grid resolutions
nearly four times the scales of heterogeneity to resolve thermally driven circulations (Zheng et al., 2021). As such,
much of the work has been limited to LES studies over specific locations. The clustering analysis presented here
identifies areas of known thermally driven circulations clustered with areas where the phenomenon has not been
studied, pointing to new locations where the surface thermal structure shows potential for atmospheric response
and prioritizing locations for evaluation of any new model parameterizations of these flows. Ongoing work is
exploring these flows and their broader atmospheric impact at the continental scale and connecting the observed
spatial patterns to variations in mesoscale motions.

4.2. Limitations and Implications of Method Choices

4.2.1. Issues Regarding the ESTCF

The ESTCF was selected in this study as the tool to summarize the spatio‐temporal dependence structure of
remotely sensed fields of LST over CONUS. The tool was chosen as it is generally readily attainable from the
available remotely sensed data, providing a relatively dense characterization of the heterogeneity degree on
different spatial and temporal scales. Although this tool provides a promising path forward for a robust evaluation
of the multi‐scale spatio‐temporal heterogeneity in large‐scale observational fields, the limitations of the meth-
odology should be considered.

1. Sampling issues: The accuracy of the ESTCF is highly dependent on the number of available observations for
the covariance computation in each spatio‐temporal distance. As mentioned in Section 2.1.1, cloud cover and
atmospheric aerosols directly influence the LST retrieval processes, as they can obstruct the satellite's view of
the surface, leading to spatial data gaps and reduced observations over time. In general, it is well known that
cloudiness leads to cool biases in satellite‐derived LST, particularly within cloudy areas (e.g., mountainous
areas). Additionally, developed heterogeneity‐driven circulations might lead to increased cloudiness, which
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could negatively impact the quality of the available fields of observation in specific domains. Some insight into
this effect was provided by the sensitivity analysis carried out in Section 3.2. Other factors affecting the
retrieval of different variables (SMC, snow coverage, vegetation fraction, and material differences, among
others) will undoubtedly impact the accuracy of the computed ESTCFs if different processes are analyzed. In
this sense, future work should investigate further the sensitivity of the ESTCFs to the availability of obser-
vations in data‐limited domains, as well as the effects of this sampling on the parameter values used for
characterization purposes.

2. Selection of a spatio‐temporal covariance parametric model: The selected structure for the covariance
function parametric model was chosen as a trade‐off between the number of parameters (and their physical
interpretability) and an accurate representation of the data‐derived ESTCFs. However, this structure represents
one of many possible alternatives to model the spatio‐temporal dynamics of geospatial fields. Research on
geostatistics has derived many forms for covariance models, and more are expected to be developed (Bolliger
et al., 2007; W. Chen et al., 2021; de Iaco, 2010; Gneiting, 2002; Ma, 2003; Schepanski et al., 2015). The
selected function imposes a specific a priori structure to the spatio‐temporal dependence that might not be
appropriate for all domains, variables, time aggregations, or applications (e.g., not all domains or variables
would benefit from a non‐separable, exponential parametric model). In the results of this work, this issue was
evident in the larger nRMSE values for the fits obtained for mountainous regions. Consequently, further in-
vestigations should apply the ideas exposed throughout this study to other spatio‐temporal covariance para-
metric models in order to determine the most appropriate version of it. Non‐stationary covariance structures
could also be considered for specific processes as it is expected that, in some cases, the covariance structure
may change in response to physical changes in the equilibrium state of the system under analysis. Finally,
directional effects might also need to be considered in the computation of the ESTCFs and their fitted para-
metric model as the assumption of isotropy might not be appropriate for all landscapes, applications, or
variables. The method can be adapted to account anisotropic effects in the fields by simply splitting the
sampling and computation into directional ESTCFs (e.g., vertical, horizontal, or diagonal).

3. Temporal and spatial resolutions and scales: In this study, the spatial extent of the domains was set to 1° × 1°
with an hourly temporal resolution over CONUS. Although these temporal and spatial resolutions were
appropriate to analyze mesoscale land‐atmosphere circulations with an ESM framework in mind, applications
requiring finer or coarser temporal and spatial resolutions (i.e., diurnal cycle evaluations) would most likely
require the definition of a different structure for the covariance function parametric model. It is possible that
the goodness of fit of analytical covariance functions may exhibit some dependence on the domain size used in
the analysis. Thus, further analyses of the proposed approach over varying time windows, domain sizes, and
spatio‐temporal scales are also a welcome follow‐up contribution. Preliminary work by the coauthors has
proved the utility of the ESTCF approach in summarizing the spatio‐temporal information contained within a
long‐term (i.e.,>10 years of record length), global, remotely sensed LST gridded product (Freitas et al., 2013).
However, further analyses will examine the effects of the selected moving window size, spatial offset,
analyzed time period, and temporal aggregation in the obtained ESTCFs. The accuracy of the proposed
parametric covariance model under these varying conditions will also be tested.
As for the temporal representativeness, the GOES‐LST product is generated once an hour for every CONUS
scan, with the duration of each scan being∼2.6 min. In this sense, even though during the ESTCF computation
procedure, it is assumed that the satellite observations are representative of an entire hour, they are only short
snapshots of the surface state during that time. A more comprehensive temporal representativeness would
inevitably involve using the available ABI CONUS scans every 5 min. However, this presents a new challenge
as the LST product is not available for that temporal scale, which would require the variable to be estimated
from the available raw bands. Future research directions should look into the impact of this issue on the
obtained ESTCFs.

4. Comparison to other statistical methods for spatio‐temporal analysis: In the Introduction section, multiple
statistical approaches for analyzing spatio‐temporal data sets were presented. These approaches can be applied
in space and/or time and have proved to be helpful in simplifying complex data sets, decomposing, and
identifying relevant spatial and temporal signals, and determining critical scales of processes within the SVAS.
As such, future work should compare these extensively used methods of spatio‐temporal analysis to the
proposed ESTCF‐parametric model method introduced in this study to determine advantages and differences
in the identified spatio‐temporal features.
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4.2.2. Remote Sensing of LST and SST

In this study, a coupled LST‐SST product was employed to explore the spatio‐temporal patterns of remote sensing
surface temperature. However, as mentioned in Section 2.1, remote sensing retrieval of LST and SST are
intrinsically different, with each of them presenting particular challenges.

Surface temperature remote sensing retrieval poses inherent challenges due to multiple factors impacting mea-
surement accuracy and precision. Among these challenges, the intrinsic diversity of Earth's surface materials
stands out. Each surface type possesses distinct thermal characteristics, emissivity values, and heat exchange
mechanisms, resulting in varying thermal energy emission patterns. This diversity makes the algorithm heavily
dependent on the feed surface emissivity values and land‐water mask. Furthermore, the presence of atmospheric
water vapor significantly affects the thermal infrared signal detected by satellites, often leading to an underes-
timation of actual surface temperature compared to the measured brightness temperature. The relationship be-
tween radiance and temperature is also nonlinear, rendering traditional linear models, like the single and split
channel methods, less precise, particularly in hot and humid atmospheric conditions (Duffy et al., 2022). This
discrepancy is amplified with increasing column water vapor, making the inclusion of water vapor data crucial for
enhancing LST accuracy (Sobrino et al., 1993). However, the spatial and temporal variability of the atmospheric
conditions further complicates the retrieval process, as they introduce error propagation and uncertainties into the
estimates.

In this sense, remote sensing‐derived surface states inevitably depend on assumptions about the overlying at-
mosphere and landscape features, and estimations ultimately constitute a model output. This produces a relatively
high uncertainty, mainly since there is no observational “truth” at the landscape scale for comparison (Stisen
et al., 2011). However, the information content present in the spatio‐temporal structure of the observed satellite
fields is intrinsically valuable, especially when considering the wide variety of variables of surface states and
fluxes currently estimated (e.g., SMC (Chan et al., 2018; Entekhabi et al., 2010; Kerr et al., 2012; Parinussa
et al., 2015; W. Wagner et al., 2013), evapotranspiration (Boschetti et al., 2019; J. B. Fisher et al., 2020; Martens
et al., 2017; Running et al., 2019; Su, 2002), snow cover fraction (Painter et al., 2009; Tsai et al., 2019), and
changes in water storage (Tapley et al., 2004)).

4.3. ESTCF Applications

4.3.1. Toward the Improved Representation of Land‐Atmosphere Interactions in ESMs

The approach presented in this study provides more than a tool to summarize the spatio‐temporal dependence
structure of remotely sensed fields. We have proved that ESTCF can also be employed to estimate the charac-
teristic length scales of heterogeneity, providing parametrizations with useful spatio‐temporal information over
macroscale grid cells. The method also assesses the spatial coherence and memory of the fields and allows the
identification of regions with homogeneous characteristics. By identifying these locations, ESTCF can help
inform parametrizations schemes for ESMs by distinguishing locations and times for which the common flux
averaging methods might be insufficient to represent interactions between model components, particularly the
interaction between land and atmosphere. Ultimately, the hope is that the type of approach presented through this
study drives the ESM community in a direction where the representation of the subgrid‐scale heterogeneity in
both space and time is considered both in model development and as a model diagnostic tool.

4.3.2. Model Evaluation: Spatially Distributed Hydrological Models

Physically based spatially distributed hydrological models allow the simulation of the spatial distribution of
hydrological and hydraulic processes within catchments while still providing discharge estimates for the river
network. However, most spatially distributed hydrological models are still calibrated and evaluated using a
goodness of fit metric describing the efficiency of the model representation of a catchment‐aggregated or point‐
retrieved quantity, such as discharge (Zink et al., 2018). This practice generally makes the models over‐
parametrized relative to the data available to constrain them (Stisen et al., 2011). It is widely accepted that
model calibration and validation practices for these models should take directions that agree more with the
spatially distributed nature of the outputs, including continuous spatial observation data (Beven, 2001). The main
issue, however, is the lack of a standard set of techniques and metrics to evaluate the goodness of fit of the models'
spatial predictions. Several spatial performance metrics have been developed (Ko et al., 2019; Koch et al., 2015,
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2016, 2017; H. T. Li et al., 2009; Stisen et al., 2011, 2021; Xiao et al., 2022; Zink et al., 2018) and reviewed in
their ability to constrain and evaluate models (Wealands et al., 2005). In general, simple global statistics operating
locally (i.e., pixel‐to‐pixel comparison of the modeled and observed maps) are insufficient as they are susceptible
to small‐scale spatial displacement errors and do not consider information on patterns or spatial correlation of the
data. More robust global statistical metrics such as mean bias, standard deviation, and variogram ranges are not
entirely appropriate, as they are also pattern agnostic. An approach like the one presented in this study can provide
a robust and compact tool to evaluate the performance of spatially distributed hydrological models while still
being “pattern aware.” The model representation of spatio‐temporal variables and processes such as SMC, runoff
generation, infiltration, and evapotranspiration can be characterized using the ESTCF tool; then, by adding
catchment‐aggregated observations such as streamflow, the proposed tool provides an additional constraint to be
used in the calibration stage. In addition to its flexibility in terms of spatial and temporal resolution, the proposed
ESTCF method has the advantage of not being limited to square or rectangular domain shapes and being readily
applicable to catchment‐based hydrological models.

Nevertheless, when assessing models in relation to hydrological states or fluxes derived from remote sensing, one
must acknowledge that this involves comparing models to models, with considerable uncertainty inherent in both
methods. This is especially true as there is no definitive observational “truth” available for landscape‐scale
comparisons. Furthermore, the careful selection of suitable evaluation variables and objective functions is
essential to guarantee the reliability of model assessments (Stisen et al., 2011).

4.3.3. Spatio‐Temporal Characterization for Alternative Applications

This study introduces the ESTCF as a versatile and comprehensive tool to depict and characterize the spatio‐
temporal interdependence structure of remotely sensed fields. Even though the tool is solely applied to LST
fields in this study, it is recognized that application to other spatio‐temporal fields might shed light on the dy-
namics of processes within different compartments of the SVAS. This section explores both the remote sensing
data available for other applications and systems and the processes that would benefit from the application of the
ESTCF method.

• SMC: Besides the relevance of soil moisture spatio‐temporal patterns in the initiation of land‐atmosphere
circulations (see Section 1), other essential processes, such as drought onset and evolution, infiltration, sur-
face and subsurface runoff, and inundation dynamics, all heavily depend on the spatio‐temporal structure of
SMC fields. However, the main limitations of the currently available SMC remote sensing products are their
long revisit times and low spatial resolution. These limiting factors reduce the current applicability of the
proposed methods to all the mentioned processes. However, regional flood and drought evolution analyses on
longer time scales (biweekly to monthly) are still feasible using the available data.

• Fractional vegetation cover, leaf area index, normalized difference vegetation index, and enhanced vegetation
index: Spatio‐temporal remotely sensed fields of vegetation‐related quantities and indices contain essential
information related to processes such as evapotranspiration, erosion, net primary productivity, crop produc-
tivity, agricultural droughts, and turbulent energy exchange between the land surface and the atmosphere. The
temporal and spatial resolution of the currently available products would enable weekly to monthly analysis
over seasonal scales and regional to continental domains.

• Evapotranspiration (ET): ET is a critical process in the hydrological cycle, linking the land surface water
balance, carbon cycle, and the land surface energy balance. Remote sensing provides a method to estimate ET
at regional to global scales with biweekly to weekly return rates. Spatio‐temporal analysis of this variable
would be primarily valuable for model evaluation and calibration purposes due to the vital role of estimated
ET in model structures.

• Reanalysis of atmospheric, land, and oceanic climate variables: Global, hourly, and extended records (∼1940–
present) ofmultiple variables related to different compartments of the SVAS are includedwithin reanalysis data
sets. The wide availability of this data might allow us to analyze the impacts of climate variability and climate
change on the spatio‐temporal dependence structure of multiple fluxes and states in systems within the SVAS.

5. Summary and Conclusions
Several approaches have been developed to identify, summarize, and extract relevant patterns from spatio‐
temporal geophysical data sets. These methods can be applied in both space and time, though, in general, they
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are only meant to analyze independent dimensions. In climate, environmental, and hydrological applications,
there is a clear advantage in concurrently detecting spatio‐temporal patterns as they offer insights into the dy-
namics of the processes influencing them. Among the tools developed for geostatistical analysis, the ESTCF
stands out for its simplicity. Under several assumptions, the ESTCF quantifies the strength and structure of
dependence between different locations and times. Once the computed, it becomes possible to select a parametric
covariance model and estimate its parameters by fitting the model to the empirical function. This process allows
us to gain insights into the spatio‐temporal properties and interactions of the original field based on the estimated
parameters.

This study introduced the ESTCF as a tool for evaluating the spatial consistency and temporal memory of
remotely sensed spatio‐temporal fields. It was used to identify patterns that could have significance in under-
standing the dynamics of processes within the Soil‐Vegetation‐Atmosphere System (SVAS). Additionally, the
study presented a parametric covariance model to summarize the spatio‐temporal structure revealed by the
ESTCF. These tools were then applied to remotely sensed LST fields over CONUS. Furthermore, the study
proposed a clustering approach to identify areas with homogeneous spatio‐temporal dependence structures. Thus,
the critical developments in this study included (a) a flexible and comprehensive tool to characterize and represent
the spatio‐temporal dependence structure of remotely sensed fields in the form of the ESTCF, (b) a 4‐parameter
covariance function model to more concisely describe the spatio‐temporal patterns captured with the ESTCF, (c) a
multi‐dimensional clustering approach to determine areas with similar spatio‐temporal dependence structures,
and (d) scientifically valuable local assessments of spatial, temporal, and spatio‐temporal dependence scales for
LST across CONUS, based on a data‐driven approach.

The ESTCF, derived from remotely sensed observations, was readily accessible and demonstrated adaptability
in handling missing data, varying spatio‐temporal sampling scenarios, and different temporal periods. It
showcased its capacity to characterize spatio‐temporal patterns using field characteristics like spatio‐temporal
variance, spatial coherence structure, temporal memory, and space‐time interactions. The proposed parametric
covariance function model was also reasonably accurate in emulating the empirical data while succinctly
summarizing its dynamics. The simplified attributes were then utilized to pinpoint regions with consistent
spatio‐temporal patterns, effectively categorizing domains based on their primary spatio‐temporal character-
istics. The combined use of the clustering procedure and the suggested combined metric for spatio‐temporal
memory facilitated the identification of zones with increased spatio‐temporal dynamics. These zones included
coastal areas in the Gulf of California and the South Pacific region, and regions with high elevations, such as
the Sierra Nevada, Rockies, Coastal Ranges, and Appalachian Mountains. Additionally, the method identified
coastal regions surrounding the largest lakes in the Great Lakes area. These findings aligned with prior
literature reports suggesting an increased likelihood of mesoscale land‐atmosphere circulations in locations
with those landscape features. These results, however, were specific to the selected domain size, temporal
aggregation, and parametric model structure. As such, it is recognized that this is just one of the many
possibilities to summarize the spatio‐temporal dynamics from remotely sensed fields and that more efficient
and accurate strategies might exist.

The developed approach is the first attempt to objectively analyze the complex spatio‐temporal dependence
structure from remotely sensed fields for analysis applications. Moving forward, the transferability of the
approach should be tested under various data availability scenarios, parametric model functional forms, clustering
techniques, temporal windows, domain sizes, and study areas (i.e., move to global scales). Furthermore, although
subject to errors and biases, using LST remotely sensed fields might help inform land‐atmosphere parametrization
schemes for ESMs of the real spatio‐temporal distribution of the surface fluxes. The introduced approach will also
be beneficial in calibrating and evaluating process‐based spatially distributed hydrological models and param-
etrizations for land surface models. The approach can also be easily transferred to several other available remote
sensing data sources, enhancing our understanding of the spatio‐temporal dynamics of processes within different
compartments of the SVAS. This work represents a step toward adapting model evaluation and parametrization
techniques to leverage the available high‐resolution data better, accounting for the dynamic nature of land surface
processes. Overall, the tools introduced here provide a path forward to formally identify and summarize the
spatio‐temporal patterns observed in remotely sensed fields and relate those to the footprint of more complex
dynamic processes within the SVAS.
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Data Availability Statement
The GOES‐16 LST and SST products used in this study are freely available from NOAA's Comprehensive Large
Array‐Data Stewardship System (CLASS). The data that support the findings of this study, including the scripts to
reproject the original data to a WSG84 projection, combine LST and SST products for the CONUS region, merge
individual hourly files into weekly netCDF4 files, extract the data for 1° × 1° domains over CONUS, compute the
daytime summer ESTCF for those domains, and analyze the results (i.e., mapping and clustering) are preserved at
https://doi.org/10.5281/zenodo.8428629 (Torres‐Rojas & Chaney, 2023). Table 2 references the open‐access data
sets used to analyze the physical features of the obtained clusters.
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