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Abstract: A physically-based image processing approach, based on a single-source surface energy bal-
ance framework, is developed here to model the land surface temperature (LST) over complex/rugged
geologic terrains at medium to high spatial resolution (<10% m). This approach combines atmospheric
parameters with a bulk-layer soil model and remote-sensing-based parameterization schemes to
simulate surface temperature over bare surfaces. The model’s inputs comprise a digital elevation
model, surface temperature data, and a set of land surface parameters including albedo, emissivity,
roughness length, thermal conductivity, soil porosity, and soil moisture content, which are adjusted
for elevation, solar time, and moisture contents when necessary. High-quality weather data were
acquired from a nearby weather station. By solving the energy balance, heat, and water flow equa-
tions per pixel and subsequently integrating the surface and subsurface energy fluxes over time, a
model-simulated temperature map/dataset is generated. The resulting map can then be contrasted
with concurrent remote sensing LST (typically nighttime) data aiming to remove the diurnal effects
and constrain the contribution of the subsurface heating component. The model’s performance and
sensitivity were assessed across two distinct test sites in China and Iran, using point-scale observa-
tional data and regional-scale ASTER imagery, respectively. The model, known as the Surface Kinetic
Temperature Simulator (SkinTES), has direct applications in resource exploration and geological
studies in arid to semi-arid regions of the world.

Keywords: surface energy balance; land surface modeling; temperature simulation; SKinTES; diurnal
effect removal

1. Introduction

Land surface temperature (LST) is a critical state variable relevant to many land surface
processes that is generally derived from thermal infrared remote sensing data [1-3]. LST has
been used in several applications within the field of geology and natural resources [4-6], al-
though it is predominantly used for mapping and monitoring thermal anomalies associated
with geothermal and volcanic activities [7-12].

In geological studies, temperature measurements are assumed to arise from the com-
bined effects of surface and subsurface processes, with the latter component being of
fundamental importance to characterize and differentiate. However, owing to the pre-
vailing effects of diurnal solar heating, the subsurface heating component is confidently
recognized only when it presents a pronounced contrast against the background temper-
ature trend [8,11,13]. In the majority of cases, though, the subsurface temperature signal
becomes indistinguishable from the background mostly due to heterogeneity in the heat-
ing rates of surface and near-surface materials. This complexity is caused by multiple
factors, encompassing meteorological forcing, surface physical properties (i.e., surface
albedo, emissivity, thermal inertia, and surface roughness length), topography, vegetation
cover, and soil moisture availability [5,13,14]. The cumulative effect of these factors has

Remote Sens. 2023, 15, 4877. https:/ /doi.org/10.3390/1s15194877

https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs15194877
https://doi.org/10.3390/rs15194877
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-9043-0757
https://orcid.org/0000-0001-5366-3439
https://doi.org/10.3390/rs15194877
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs15194877?type=check_update&version=2

Remote Sens. 2023, 15, 4877

2 of 26

significantly restricted the practical application of remotely sensed LST data in geology and
resource exploration.

To avoid the disturbances caused by topography and solar heating, LST has been
commonly acquired during nighttime. Nevertheless, residual solar heating effects can
persist until the pre-dawn hours [11,12,15,16]. Several methods have been proposed to
remove the diurnal effects from remotely sensed LST data. These methods range from using
a variable-sized box-shaped moving window to define a background temperature against
which anomalous temperatures are characterized (e.g., [9]), to simplified statistical tech-
niques deployed to determine a surface temperature baseline from which the topographic
effects are removed [17]. The spatial-based insolation model introduced by Fu and Rich [18]
represents another approach used to mitigate the solar and topographic effects in remote
sensing temperature data. Coolbaugh, Kratt, Fallacaro, Calvin, and Taranik [7] developed
empirical relationships to correct for surface albedo, thermal inertia, and topographic slope
effects, aiming to generate a pseudo-temperature image that can be subtracted from the
corresponding LST data. This approach has been further refined by Gutiérrez, et al. [19] by
accounting for the altitude lapse rate effects. More recently, Malbéteau, et al. [20] developed
an energy balance model for normalizing satellite-derived LST, accounting for illumination
and elevation effects in topographically rugged terrains, assuming uniform albedo and
emissivity values across the entire modeling domain.

Land surface modeling based on energy balance equations attempts to rigorously
model energy and water exchanges at the interface of land and atmosphere using a combi-
nation of physical and empirical models [21]. Land surface models (LSMs) are widely used
for mapping evapotranspiration [22-24], estimating soil moisture contents [25], modeling
climatological variations and surface temperature patterns [1,26-29], and correcting the
cooling effects of clouds on LST [30,31].

The majority of existing LSMs are developed for and applied to studies conducted at
either point scale (10° m) or regional and global scales (>10° m) [1,25,32-34]. Spatial resolu-
tions of >10? m, however, are considered too coarse for detailed mapping and modeling of
surface temperature patterns in geologically heterogeneous environments [8]. At this scale,
topography comprises a major source of spatial heterogeneity in the distribution of surface
solar radiation and atmospheric forcing, the neglect of which can introduce significant un-
certainties in modeling results [20,32,35]. In addition, the spatial heterogeneity introduced
by complex geologic terrains is often inadequately integrated into the modeling processes.
Thus far, investigations into the potential use of LSMs to quantitatively model and correct
diurnal heating effects within medium- to high-resolution surface temperature data have
been limited. Romaguera, Vaughan, Ettema, Izquierdo-Verdiguier, Hecker, and van der
Meer [32] represent perhaps the only study of this kind, that assessed the application of
the Noah LSM to correcting coarse-resolution (i.e., 3.5 km) geostationary satellite data at
the mesoscale.

In this context, we introduce SKinTES (Surface Kinetic Temperature Simulator), a
single-source energy balance model tailored specially for modeling LST dynamics over
complex geological areas spanning hundreds to thousands of square kilometers. Developed
in the Interactive Data Language (IDL) environment (Version 8.1, NV5 Geospatial Soft-
ware), the code aims to overcome the limitations encountered when correcting LST data at
sub-100 m scales for diurnal and terrain effects, although it can be used as a general tool for
surface temperature modeling. The underlying hypothesis of the approach is that by model-
ing and removing the effects of diurnal temperature variations, one can uncover the subtle
temperature anomalies (of either positive or negative form) associated with subsurface
geologic processes. SKinTES is explicitly designed to retrieve the LST over bare surfaces
and surfaces with sparse vegetation cover (defined by NDVI < 0.2) and is applicable under
clear-sky conditions with minimal cloud cover and precipitation. A notable advantage of
the model is its independence from in situ measurements, except for weather data, which
are typically acquired from nearby weather stations. The model is built upon satellite-based
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parameterization schemes for parameter estimation and model implementation, with the
capability to explicitly account for complex geology and rugged topography.

This article presents the theoretical basis of the model, outlines its parameterization
schemes, and provides the first results obtained by applying the model to simulate surface
temperature patterns at two distinct sites in China and Iran. The studies are conducted at
two different spatial scales (point and regional scale) and across varying elevation ranges.
The application of the model to specific geologic studies will be covered in a separate article.

2. Model Description

Assuming that the ground surface is a homogeneous medium, the temperature can be
described by the following one-dimensional heat flow equation:

T o°T

i 1

ot K azz )
where T (K), t (s), and z (m) are temperature, time, and depth, respectively, and x is thermal
diffusivity (m? - s~1) with a dependency on soil moisture content. The surface energy bal-
ance equation at the earth-atmosphere interface determines the upper boundary condition:

S¢+Rys—Rg—H—AE—G=0 )

where S¢ (W - m2) is the global shortwave solar radiation, R, is the downwelling longwave
radiation from the atmosphere, R, is the upwelling longwave radiation from the ground,
H is the sensible heat flux, AE is the latent heat flux, and G is the surface heat flux positive
downward. The expression of each term of the energy budget is given below.

2.1. Solar Radiation (Insolation)
The global broadband shortwave solar radiation (S¢) over rugged terrain is expressed as:

S¢ =Sy +Ss+Sr (3a)

where Sy, S;, and S, are direct beam solar irradiance, diffuse irradiance from the sky, and
adjacent terrain-reflected irradiance, respectively. The direct solar radiation is modeled as:

Sp=(1—ag) %cos PLTy (3b)
where Gg. is the solar constant (= 1366.1 W - m~2), 1/d? is the relative Earth-Sun distance,
Ty, is the beam transmittance of the atmosphere defined in Appendix A, ¢V, is the local solar
illumination angle (the angle between the normal to the surface and the sun), and ay (-) is
the broadband surface albedo defined in Section 3.2.1. By using the slope (8¢) and aspect
(B4) angles derived from a digital elevation model (DEM), the local illumination angle of a
sloping surface could be calculated:

cos ¢, = sin(g,)cos(Bs) + cos(@,)sin(Bs)cos(p, — B4) (3c)

where ¢, and ¢, are the solar elevation angle and the solar azimuth angle, respectively,
both of which are assumed to be spatially uniform at each given time.
The diffuse sky irradiance by the atmosphere on a slopping surface is formulated
as [36]:
G
Sq = (1—uag) %cos @, ViTg (3d)
where @, is the solar zenith angle, V; (-) is the sky view factor (0 < V; < 1) defined as the
ratio of diffuse sky irradiance at a pixel to the total possible irradiance on a flat surface
under isotropic diffuse illumination conditions [37], and 7, is the diffuse transmittance
of the atmosphere that together with 1}, in Equation (3b) are parametrized by Yang's
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model [38,39] (see Appendix A), recognized as one of the most reliable models for retrieving
solar irradiance [40].
The terrain-reflected irradiance is expressed by:

Sy = (1—a,)T, @5 G (3e)

where &g is the average albedo of the adjacent terrain, and C; (-) is the terrain configuration
factor (0 < C; < 1) defined as the area of surrounding slopes visible to the target point
approximated by Dozier and Frew [36] as:

1+ cos Bg

Ct% 5

— Vi (31)

I, in Equation (3e) is the average irradiance > arriving at adjacent slopes at a radius of
about 0.5-1 km calculated by using cos ¢/, and V; to approximate the direct and diffuse
sky irradiance, respectively:

_ G _ _
I ~ d—szc(cos QLT + cos 9,V Ty) (3g2)

Here, cos ¢/, is obtained by substituting the average slope (B;) and aspect (8 ,) in
Equation (3c), and Vj is the average sky view factor of the neighboring pixels.

2.2. Longwave Radiations

The upwelling longwave radiation from the ground is calculated using Equation (4):
Ry = €g0Ty (4)

where ¢ is the Stephan-Boltzmann constant (=5.67 x 108 kg~s’3-K_4), T; (K) is the
ground surface (skin) temperature (to be determined), and ¢; (-) is the surface broadband
emissivity defined in Section 3.2.2.

The downwelling longwave radiation from the atmosphere is given by:

Ry = egea0 V4T, (5a)

where T, (K) is the measured air temperature at the screen level adjusted adiabatically for
the altitude (see Section 3.1) and ¢, (-) is the effective atmospheric emissivity (0 < g; < 1)
calculated using Prata’s model [41] for clear skies. ¢, is adjusted by an experimental correc-
tion factor suggested by Alados, Foyo-Moreno, and Alados-Arboledas [42] to compensate
for the underestimation of sky emissivity during the daily cycle.

In rugged terrains, a portion of the upwelling irradiance from adjacent slopes is
emitted to and absorbed by the nearby surfaces, the magnitude of which depends on the
terrain configuration factor (Equation (3f), the average temperature (Tg), and emissivity (&)
of the neighboring pixels. Since Ty is unknown at each time step, it is not straightforward
to account for this flux exactly, though it can be approximated by assuming that Ty ~ T,:

Rl = egg0Ci Ty (5b)
A portion of the R, is also re-emitted to the nearby terrain:
Rl = (1 — &) CVgegeqao T, (5¢)

2.3. Sensible Heat Flux

The sensible heat flux is implicitly computed using the Monin—-Obukhov similarity
theory [22,26]:
@g - @g

a

H=p,cm (6a)
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where p, is the air density (kg - m_3), ¢ is the specific heat of dry air (] kgl K
Oy (K) is the potential surface temperature (= T, for bare surfaces), @, is the potential
air temperature, and 7, (s - m~!) is the aerodynamic resistance to heat transfer specified
according to Equation (6b) [22,26]:

i () ~¥n(2) +‘PHTHH (5) ~¥n() +¥u ()

Yqg = 2

(6b)

where Y and ¥, (-) are the stability correction factors for the heat flux and the momentum
flux, zoy and zpy,, (m) are the surface roughness length for heat transfer and momentum,
respectively, vy (m - s’l) is the mean wind speed measured at a standard height of z; (i.e.,
2 m), k, = 0.41 is the von Karman'’s constant, and L (m) is the Obukhou stability length.
Yy and ¥, are determined using the equations described in Appendix B. Whereas zgp,
is assigned for each land cover type (Section 3.2.5), zgy is parametrized using the scheme
proposed by Yang, et al. [43]. Since both r, and H, as well as zoy and Ty are unknown at
each time step, an iterative solution is required, as described in Section 2.6.

2.4. Ground Heat Flux

The heat flux (G) conducted into the ground assuming a homogenous medium is
given by [27]:
T,— Ty
Az @)
where T; (K) is the ground temperature in the uppermost layer (z = 1) derived from
Equation (9), Az in the depth step size (m), and K (W - m~! . K1) is the soil thermal
conductivity with a dependency on soil moisture content (6) described in Section 3.2.4.

G = K(0)

2.5. Latent Heat Flux

In non-vegetated areas, the latent heat flux is primarily determined by evaporation,
estimated here by using the Penman-Monteith equation [44]:

Ps—Po
AE = QA(R -G)+ Pqu Va (82)
A+
where R, = S¢ + R; — Rq is the surface net radiation (W-m~2), A (kPa-K™1) is the slope of
the saturation vapor pressure curve in relation to temperature estimated by Equation (8b) [45],
A(- kgfl) is the latent heat, v = cpupa/€eA (kPa-K™1) is the psychrometric coefficient,
pa (kPa) is the actual (barometric) atmospheric pressure, € = 0.622 (-) is the ratio of the
molecular weight of water vapor to dry air, and p, and ps (in kPa) are actual and saturation
vapor pressure. ¢;; and p, are as defined previously.

Ps(Tg) = Ps(Ta)

A:
T, — T,

(8b)

where py (1) and py(1,) (kPa) are the saturation vapor pressure at the surface and air tem-
perature, respectlvely 2’) (-) is the coefficient of evaporation (the ratio of actual to potential

evaporation) and serves as an indication of water stress levels in the ecosystem [46]:

A
1+2

=7 _ (8¢)
Ay &
14248

where g, and g; are aerodynamic and surface conductances (m - s’l) quantifying how
easily fluxes and water are transported from the surface to the atmosphere, respectively.

ga is given by 1/r, and g is calculated according to Sakaguchi and Zeng [47] described
in Appendix F. Over impermeable bedrocks where 8; = 0 (see below), () is forced to zero
(no evaporation).
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2.6. Numerical Solution of the Heat Flow Equation

The heat flow equation is converted into a set of ordinary differential equations of the
form given in Equation (9) and solved using the Runge-Kutta 5th- and 6th-order methods:

T " . — 2T 4+ 1"
d _ K( i+1 1 1—1) (9)

dt AZ>

where 1 and i represent the time and spatial steps, respectively, and Az (m) is the depth step
size with « being assumed to be a constant here (in practice, it is updated as a function of 6).
The main advantage of this solution is that it is unconditionally stable allowing larger At
steps to be used. The lower boundary is considered to be at some appropriate depth below
which the diurnal heating wave is not reached (i.e., zero temperature gradient), which is
usually at a depth between 1 and 3 m [27]. The upper boundary condition is obtained from
Equation (2). By substituting Equations (3)—(9) into Equation (2) and rearranging the terms,
a fourth-order polynomial for T, can be obtained, but since the solution of this nonlinear
equation is computationally expensive, it is linearized using the first-order Taylor series
expansion. As a consequence, the equation is reduced to:

(5g+Ru+RZ+R§z+3sg‘TTﬂ4+ wa( _ AQT%) o <Ta _Q%>
payizm N (é +4eg¢7Ta3) ( - fi&)

This equation runs at least 7x faster while introducing a maximum error of just 0.1 Kin Ty
estimation, which is negligible when compared to other uncertainties.

The interval between the two boundaries is divided into i-computational layers of Az thickness
(~0.5-2.5 cm), with the possibility of increasing it exponentially downwards. In each iteration, Ty is
retrieved from Equation (10) and is used to update the subsurface temperature profile using Equation
(9). By iterating for a predefined time (spin-up) period, a complete set of temperature values is
achievable for each pixel as a function of time and depth, although the skin temperature values (T)
at the end of the given interval are typically registered to be compared with measured temperature
data (Figure 1).

Ty = (10)

2.7. Soil Water Flow Model

The volumetric soil water content (0) is a key state variable governing the partitioning of
available energy between latent and sensible heat fluxes [48]. Here, the flow of water in unsaturated
soil is modeled using the linearized form of Richards’s equation:

20 %0 o0

= Dp— —ky — 11

o5 02 iy, (11a)
where Dy (m? - s71) is the soil water diffusivity and kj, (m - s~!) is a constant linearly related to 6 and
K}, the unsaturated soil hydraulic conductivity (K, = 0k,). The analytical solution to Equation (11a)
is given by Warrick [49]:

exp (*Z* + %)Plu(z*,n) n=1

2

n

exp (—22* n %)Flu(z*,n) + 1 (Fi—F) U(Z =i+ 1AT) n>1
i=

Pu(Zi) = (11b)

where U is the solution for (0 — 0) /60 when F(Ty) = 1 and Z,, T+, p, and F are normalized
variables (-) as defined in Appendix C. Under clear-sky conditions, the net flux is assumed to be
confined to the actual evaporation flux (f = —E) (kg-m~2-s71). 6 (m3 - m~3) is the long-term
average of soil moisture contents setting the lower boundary condition [50]. It is estimated from
Warrick’s equation, as formulated in Appendix C.

Equation (11b) is applied to calculate the soil moisture distribution at any given depth during
n-time steps of At intervals. The evaporation flux (—E in Equation (8a)) is fed into Equation (11b) to
estimate the soil moisture profile and subsequently to calculate/update the K(0) and x(8) profiles
alongside the a¢(6) and e¢ () parameters (see Figure 1). Considering that evaporation is a slow
process, the soil moisture profile is updated every 20-30 min using the cumulative latent heat fluxes.
The soil profile is assumed to be comprised of a uniform and homogeneous layer, and the soil water
balance of each pixel is estimated independently. Soil water content is not permitted to drop below
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the residual (6,) or exceed the saturated (6;) soil water content. The water flow equations are only
solved for pixels where §; > 0. Over impermeable bedrocks, soil moisture is set to zero and thereby
the heat transfer is calculated independent of 6. Dy is derived from the empirical soil hydraulic
scheme described in Appendix D, using the average soil moisture profile. K}, is treated as a constant
(more on this in the Discussion section).

Remote Sensing & N Meteorological
Topographic parameters parameters

Y Y
Apply neighbor averaging | | Interpolate to the time
filter to Bs, Ba, Va, g, &g step of the model

‘ Y

Y

Calculate S, R, R, flux |« Srid SP atie ”Y usi g
g a1V .
elevat|0n data

4

T

Y

Set initial conditions for
T and 0

Y
Retrieve T, from Eq. 10 e
initially
Y
Retrieve H, 1, Q, Zoy Use derived
and T, iteratively vy,
7
Derive AE flux
Compute 6 and T profiles
Y
Update K(0), x(0),
ag(0),e4(0) values [ Save Ty

Yes

Figure 1. Simplified workflow of the SKinTES land surface model for simulating surface temperature
patterns (Tg) in a per-pixel fashion. The acronyms are a,: surface albedo; ¢g: surface emissivity;
Bg: topographic slope; B 4: topographic aspect; 0: soil moisture content; x(0): thermal diffusivity;
K(0): thermal conductivity; T: soil temperature profile; t: time; and ¢ ;: overall simulation time.

2.8. Iterative Retrieval of r, and Ty

Initially, the model assumes a neutral atmospheric condition at which Y = ¥;;, = 0 [23] and obtains
an initial value for r, and subsequently for () and T, using Equations (6b), (8c), and (10), respectively. zog
is initially assumed to be %ZOm following Choudhury, Reginato, and Idso [51]. The obtained H and
¢ (Equation (Al)) are then used to calculate new values for ¥y and ¥, (and zgy) using Equations
(A3)—(A7). This process is repeated until a threshold level (e.g., AH < 1) is satisfied (see Figure 1).
The retrieved ¥, and ¥ are then used as initial values for the next time step to make the iterative
process converge faster. In this way, the algorithm converges to the exact values after only one or
two iterations.

The resulting T is used to update the soil temperature profile and calculate the evaporation
rate. The value of A in Equation (8b) is calculated using the temperature of the previous time step
(Tg‘l) with an error of <1%, which can be treated as negligible.

2.9. Initial Conditions

The initial temperature profile of each pixel is assigned using a sinusoidal analytical model [52]:
T(z,ty) = Ty — AT, - z 12
(z,to) = Tg — ATexp D, cos | wty +as — D, (12)

where AT is the daily amplitude of the ground temperature, Dj = 4/ %" is the damping depth (m),
w (rad-s~1) is the angular frequency, a¢ (rad) is the phase angle of the time at which temperature is
minimal, z (m) is the depth (positive downward), Tg is the mean daily surface temperature, and (m?-
s~1) is thermal diffusivity, here assumed to remain constant with depth. When T'(0, o) is available



Remote Sens. 2023, 15, 4877

8 of 26

from thermal remote sensing data, T could be obtained as Ty = T(0, t9) + ATcos (wto +a f>. AT
could be approximated by either a pair of daytime and nighttime temperature data or by assuming it
to be equivalent to the daily air temperature amplitude. As is discussed in Section 6, a spin-up period
of several days would then be required to obtain realistic initial conditions.

For the soil moisture, the initial profile derived from the Warrick equation is combined with
a simple moisture profile obtained by linear interpolation between 6 at the surface and 6., at the
bottom of the profile.

3. Parameter Estimation
3.1. Meteorological Parameters

Assuming that the atmospheric forcing is uniform across a given area at each moment, any
observed variations could be presumed to arise from topographic elevation. Such conditions can
then be represented by a single weather station located within or close to the study area. The
meteorological parameters comprising air temperature (T;), air pressure (p,;), and relative humidity
(Rp) together with the calculated air density (p,), are initially interpolated to a At time step using the
shape-preserving cubic spline method and are then spatially gridded using elevation data (Figure 1).

The power law (v(Z) = vy (Z% ) ”, where 0.11 < a < 0.14 is the exponential value for the vertical
wind profile and Z is the altitude of the weather station, is used to correct for the vertical profile of
the wind speed (v;) against topographic height Z (m). This simplified model applies only to hilly
terrains, and over complex topography it would be erroneous. Accurate and reliable prediction of the
wind flow fields over complex terrains demands solving the Navier-Stokes equations using wind and
topographic data (e.g., [53]), the discussion of which is beyond the scope of this article. Nonetheless,
SKinTES has the capability of incorporating wind maps derived from specialist programs like WAsP
(Roskilde, Denmark) into the analysis.

3.2. Remote Sensing Parameters

The topographic data and derived products (i.e., Bg, B4, V4, and C;) are obtained from a
high-spatial-resolution DEM. The remaining parameters are derived from remote sensing data as
outlined below. Considering that each dataset comes from different sources/sensors, meticulous
orthorectification is required (and applied) to ensure that they are spatially closely aligned with the
underlying topography.

3.2.1. Broadband Surface Albedo

The broadband surface albedo in the range between 0.3 and 3.0 um is derived by applying
narrow-to-broadband conversion coefficients to the corresponding satellite remote sensing data [54].
The narrow bands (R)) (-) are initially corrected for topographic/illumination effect using the
formulation provided in Richter [55]:

7\ M
R, = R, (cos goz) (cos q)z> (13)

cos @} ) \ cos @,

where cos ¢/, is the solar incident angle calculated from Equation (3c) for the image acquisition time,
@, is the corresponding solar zenith angle, ¢, is defined as a function of ¢,, and M (-) is an empirical
parameter here set to 0.5 for non-vegetated terrain.

In dry regions, the volumetric soil water content (f) has little variation over short time periods,
and accordingly, a¢ can be treated independently of 6. Otherwise, their relationship is given by [56]:

ag(0) = agexp (—m0) (14)

where a; is dry surface albedo derived from topographic corrected data, and a; is an empirical
[ (90)
aad

coefficient determined as the slope of —ln(
t=0.

The effect of the diurnal cycle on surface albedo is modeled according to Equation (15), which
is a variant of the Dickinson model [57] here modified to incorporate albedo at the time of image
acquisition (see Appendix E for the derivation):

) against 6y, which is the soil moisture content at

1+2d
ag(p) = “gTzd];O (15)
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where p is the cosine of the solar zenith angle (cos ¢,), a4 is the satellite-derived surface albedo at
the zenith angle y, (corresponding to image acquisition time), and d (-) is a constant here set to 0.15
according to Wang, et al. [58]. Equation (15) only applies to flat surfaces. For rugged terrains, u
should be substituted with cos ¢/, obtained from Equation (3c).

3.2.2. Broadband Surface Emissivity

The broadband surface emissivity (eg) in the range between 8 and 13.5 um is derived from
narrowband emissivities following a linear conversion [59]. Surface emissivity is known to be strongly
affected by soil moisture content (6), the effect of which could be modeled using a logarithmic equation
of the following form [60]:

£¢(0) = bp + b10 + byln (0) (16)

where b; are regression coefficients. by could be determined by time series analysis of emissivity data
during dry seasons when 6 ~ 0. For broadband emissivity, by is set to zero. Thus, given the remotely
sensed soil moisture content (60) and broadband emissivity (eg,) at t = 0, b could be estimated for
—bo

each image pixel as b, = ln(9 Y

3.2.3. Soil Moisture Content

The thermal-optical trapezoid model described in Sadeghi, et al. [61] is used to estimate the
volumetric soil moisture contents (m3 - m~3). The § provided by this approach is known to be
representative of the uppermost layer (i.e., 0-5 cm). The moisture contents of the lower layers are
estimated /updated using the hydrological scheme described in Section 2.7.

3.2.4. Soil and Rock Thermal Properties

The surface thermal conductivity, K(9), is calculated as:
K(6) = Kary + KE (Ksut - Kdry) (17a)

where K, (-) is the degree of saturation, and Ks;¢ and Ky, (W -m ~1.K=1) are the dry and saturated
thermal heat conductivities derived from a modified form ofl/ the Johansen [62] model:

Ksat = (ks)l_eskwe5 (17b)

where 65 (m® - m~3) is the saturated volumetric soil water content, ky, is the thermal conductivity of
water (taken as 0.57W - m~1 -K_l), and k; is that of solid particles assessed by using the generalized
geometric mean method [63]:

ks = ]‘[]. Kin, with Z]. x=1 (17¢)

where k;, is the thermal conductivity of mineral/rock j with x volumetric proportion, approximated
here using the mineral abundance maps derived from topographically corrected multispectral remote
sensing data (see the details in Section 4.2). A similar methodology, based on mineral maps, is used
to calculate Cs (M]J - m 2 - K1), the volumetric heat capacity of solid rocks.

For impermeable bedrock, K, is assumed to be equal to Ks. For permeable rocks and soil
media, it is given by:
0.135(1 — 6s)p, + 64.7

ps — 0.947(1 — 65)p,

o= Y 00 with Y% =1 (17e)

where p,, (kg - m~2) is the mean bulk density of rock type j with x volumetric proportion.

Kiry = 17d)

3.2.5. Surface Roughness Length

The surface roughness length (z(,,) of bare surfaces typically spans several orders of magnitude,
ranging from 0.0001 to 0.01 m. Here, z,, is parametrized using remote sensing land cover analysis
guided by geological knowledge. In this approach, the study area is partitioned into N segments
using supervised classification techniques and subsequently, a representative zg,, value is assigned to
each segment by considering the characteristics of the surface and a set of guidelines compiled from
the literature for the roughness length of bare surfaces. In rugged terrains, the assigned values are
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further adjusted for the topographic slope effect (B, in degree) using a simple function proposed by

Allen, Tasumi, and Trezza [23]:
-5
zom = Zom (14 55557 19)

4. Numerical Experimentation
4.1. Study Sites

To give credibility to the developed model, its performance was tested over two different
landscapes at two different spatial scales under a range of soil moisture, elevation, and meteorological
conditions. This includes the Tongyu observation site located in the semiarid region of NE China
(44°25'N, 122°52E) at an elevation of 184 m [33] and the Qom area in Central Iran spanning between
34°36" and 34°42'N, and 50°40’ and 50°47E at elevations varying from 930 to 1600 m (see Figure
8a). The Tongyu site comprises point-scale observational data collected in 2005 and provided to us
for the current study. It includes high-temporal-resolution meteorological data and soil temperature
measurements at depths of 0, 2, 5, 10, 20, 50, and 80 cm recorded at half-hour intervals. This dataset
was used to evaluate the model’s overall performance in simulating the diurnal surface temperature
and energy flux densities, find the optimum settings for the step sizes, spin-up period, and initial
conditions, and perform a sensitivity analysis. The Qom area, on the other hand, is comprised of
a rugged topography (as depicted in Figure 8a) with a complex geologic setting characterized by
a diverse range of sedimentary rocks, including sandstones, limestones, shales, and alluviums (as
shown in Figure 8b) and ruled by an arid to semiarid climate. This site was covered by ASTER
thermal remote sensing data.

4.2. Model Setup

The parameters of the first experiment are listed in Table 1. The simulation was carried out
for an eight-day period from 23 to 30 April 2005, which falls within the dry season of early spring
with no vegetation cover (i.e., bare soil). The simulation in this study was synchronized with the
timing of satellite data overpass (e.g., 10:30 a.m. to 10:30 p.m.). The measured surface temperature
in conjunction with Equation (12) was used to set the initial temperature profile. The soil moisture
profile was initialized by running the Warrick equation for 40 h and combining the results with a
linearly interpolated moisture content between 6 and 6. A spin-up period of six days was used to
initialize the simulation.

Table 1. Surface parameters of the Tongyu cropland station (after Xia [33]).

Model Parameter Value
Surface albedo 0.28
Surface emissivity 0.964
Soil porosity 0.415
Sand (%) 58
Clay (%) 35
Saturation hydraulic conductivity (m?-s~1) 7.11 x 1076
Aerodynamic roughness length (m) 0.006

The second study area was covered by a pair of day- and nighttime ASTER (Advanced Spaceborne
Thermal Emission and Reflection Radiometer) thermal remote sensing satellite data on 10 and 15 August
2020. We derived surface kinetic temperature and surface emissivity data from AST08 and AST05
standard products, respectively (Figure 8c), using the GDAS model for the atmospheric moisture profile
(earthdata.nasa.gov accessed on 3 October 2023). The datasets were initially orthorectified and their
inherent stripping noise was removed in the frequency domain using the Fast Fourier Transform (FFT).
The broadband surface emissivity was calculated following the conversion coefficients offered by Cheng,
Liang, Yao, and Zhang [59] (i.e., &g = 0.025¢19 + 0.057¢11 + 0.237¢15 + 0.333¢13 + 0.146¢14 + 0.197, where
g are emissivities at channels 10-14). The plot of NDVI from VNIR bands against kinetic surface
temperature was used to estimate the soil moisture content at the time of image acquisition. Given
that the ASTER SWIR detector was no longer functional, the land surface broadband albedo was
calculated from a topographically corrected Landsat-8 Level-2 data product acquired on 9 August
2020 by the following equation: ag = 0.356a; + 0.130a4 + 0.373as + 0.085a4 + 0.072a7 — 0.0018, where
«; is the narrowband spectral reflectance of the band “i” of the instrument [54]. The multispectral
datasets in combination with a 1:100 K geologic map and some field observations were used to assign
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the surface roughness length values. For this aim, the scene was classified into four land covers (i.e.,
sandstones, limestones, shales/marls, and alluviums; Figure 8b) and a zg,;, value ranging between
0.0015 and 0.02 m was assigned to each cover type. The daytime emissivity data were used to estimate
the quartz content of the surface constituents. The abundance maps of clay, limestone, and sandstone
were derived from the ASTER-SWIR bands [64] and the Landsat-8 Level-2 product, respectively.
The clay and quartz abundance maps were used to calculate soil hydraulic parameters according
to Appendix D. The thermal properties of rocks were mapped using Equations (17b)—(17e) and the
values listed in Table 2 for thermal conductivity, mean density, and heat capacity. Elevation data
at a 30 m spatial resolution were derived from the ALOS DEM (JAXA, Japan). The sky view factor
was calculated following the procedure described in Zaksek, Ostir, and Kokalj [37], which involves a
search radius of 20 pixels and 32 search directions. Initial conditions were derived from the pair of
temperature datasets using the approach described in Section 2.9. The rest of the parameters were
estimated according to the methods detailed in Section 3. In the end, raster inputs were aggregated
to a 90 m pixel size to align with the measured temperature data. A six-day period, from 10 to 15
August 2020, was used to spin up the model. Historical meteorological data were obtained from the
Qom weather station at three-hour intervals. Since the simulation time coincided with the dry season,
no corrections were applied to ¢, and a, for soil moisture contents.

Table 2. Values of thermal conductivity (km), mean density (p,,), and volumetric heat capacity of
solids (Cs) used to map the rock thermal properties of the Qom study area.

Rock Type Km W-m~1.K™1) Pm (kg-m~3) Cs MJ.m—3.K™1)
Quartz 7.7 2650 -
Sandstone 3.0 2800 2.8
Limestone 2.5 2700 24
Shale 2.0 2650 2.5
Alluvium 2.0 2700 2.0

4.3. Model Evaluation

The model’s performance was evaluated using several statistical metrics, including the root
mean square error (RMSE) and the mean bias deviation (MBD). These metrics help identify any
systematic under- or overestimation tendencies in the model when compared to measured data. A
linear regression analysis was also conducted on the paired data, with the regression line forced
through the origin. The coefficient of determination, R?, was used to evaluate the variance of the
model. The absolute temperature difference between the simulated and measured data at the last
time step was used as an additional metric for model performance evaluation.

4.4. Sensitivity Analysis

A sensitivity analysis was conducted to evaluate the impact of input parameter uncertainties
on model performance. A total of 19 parameters were selected and each was permitted to vary by
+25% around its base value, with the three exceptions of Dy, kj,, and Z,,, which were allowed to
vary one order of magnitude around their base values. The sensitivity of the model was assessed
by calculating the RMSE and MBD for the increased (O ) and decreased (O_) outputs against the
output from the base values.

5. Results

Figure 2 shows a comparison of simulated and observed surface temperatures (Tg) at the Tongyu
station during a one-week period from 23 to 30 April 2005. The two datasets agree with each other to
within 2.5 °C, exhibiting an MBD of 0.18 °C, R? of 0.94, and a regression slope of 1.0005. The largest
discrepancies tend to occur around the daily maximums and minimums and the temperature disparity
in the interval between them is minimal. Importantly, at the last time step, the temperature difference
remains below 0.98 °C.

The observed and simulated energy fluxes for the same period accompanied by statistical errors
are depicted in Figure 3. For the net radiation (Figure 3a), the RMSE and MBD are equal to 77.6 and
7.2 W-m~2, respectively, with 89% of the variance being described by the model. The bias, however, is
not uniformly distributed throughout the simulation period, with some days (e.g., 25 April) showing
excellent agreement with the observations. The most significant discrepancies tend to occur at night,
when R, is largely underestimated.
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Figure 2. Comparison between model-simulated and observed land surface temperatures at the
Tongyu cropland station for the period from 23 to 30 April 2005. The temperature difference at the

last time point is 0.98 °C.
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Figure 3. Time series of observed and simulated surface fluxes at the Tongyu cropland station
for the period from 23 to 30 April 2005. (a) Net radiation flux (R;), (b) sensible heat flux (H),
(c) latent heat flux (AE), and (d) ground heat flux (G). The simulated sensible heat flux (Figure 3b)
is highly correlated with the observed values (R? = 80), with MBD and RMSE values recorded at
12.5 and 49.6 W - m~2, respectively. The largest disparities are observed during the nights of April
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28th and 30th. The latent heat flux (Figure 3c) has the lowest simulation error, with RMSE and MBD
values of 204 and 1.73 W - m ™2, respectively, even though only 63% of the variance is explained. On
the other hand, the simulated ground heat flux agrees rather well with the observations during the
day but tends to be underestimated at night, with RMSE up to 59.6, MBD of —12.7 W-m~2, and R2
of 0.66. Crucially, the sum of sensible, latent, and ground heat fluxes stays within +3.3% of the net
radiation (R;), implying that the energy balance is well preserved in the model.

The volumetric soil water content at 5 cm depth is systematically overestimated by the model
(Figure 4). However, its difference with the observed values remains <0.05 m3-m~3, as evidenced
by an RMSE and MBD of 0.05 and 0.049 m®-m~3, respectively. The model-simulated data also show
a lower amplitude and a phase shift in the oscillations when compared to the measured data. The
corresponding soil moisture profile along the depth, though not shown, closely aligns with the
observations, with an RMSE of 0.018 and MBD of —0.004 m3-m 3.
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Figure 4. The model-simulated versus measured volumetric soil moisture content at 5 cm depth at
the Tongyu station for the period from 23 to 30 April 2005.

Although the update time interval of the soil moisture content (see Section 2.7) has no noticeable
effect on the overall accuracy of the retrieved 6 (and Ty) values, it was found to have profound
impacts on the overall processing time. Accordingly, for the sake of efficiency, the soil moisture profile
was set to update every 20-30 min. The effect of step sizes on the overall performance of the model is
summarized in Figure 5. It indicates that time spacing could be increased up to 180 s at the expense
of a slight decline in the overall accuracy, though at At = 240 s the model starts to give unrealistic
results. According to Figure 5, the optimal node spacing and time intervals fall within the ranges of
1.5-2.5 cm and 60-90 s, respectively. The optimal lower boundary condition was determined to be
1.0 m below the surface.

We tested to see whether the temporal resolution of meteorological data affects the accuracy
of Ty predictions and realized that by decreasing the interval from half an hour to three hours, the
RMSE of the prediction remains almost unchanged. At four-hour intervals, however, we observed a
10% increase in RMSE and a 25% increase in MBD. Furthermore, by using the diurnal air temperature
maxima/minima as inputs to Equation (12), the results closely resembled those depicted in Figure 2,
with differences of <0.1 °C. By contrast, the spin-up period was found to profoundly affect the results,
particularly the simulated temperature at the last time step (Figure 6). A decrease in the spin-up
period was found to progressively increase the relative error such that at a spin-up rate of 12 h, the
error reached 90% of the initial setting (i.e., spin-up rate of 13.5 days).

The sensitivity analysis results, as summarized in Figure 7, indicate that T, 6, &g, Pa, and €g are
the principal sensitive parameters of the model when simulating the diurnal surface temperature
pattern followed by the Z,, and wq parameters (Figure 7b). By contrast, the simulated temperature
at the last time step is mainly sensitive to T, and to a lesser extent 0, ¢, Ksst, and wy (Figure 7a).
Amongst the input parameters, 0, Ky, and Z,, appear to be more sensitive to overestimations,
whereas Ty, pa, Ksat, and ag show sensitivity to both under- and overestimations. &g show to be highly
sensitive to underestimation. Notably, the model (explicitly Equation (11b)) has no sensitivity to the
kj, value, and thus it is treated as a constant (= 1.15741 x 102 m-s~1).

Figure 8c,d show the measured and model-simulated land surface temperatures across the Qom
study area. The simulated temperature map (Figure 8d) appears to reproduce the spatial patterns
of the ASTER-derived LST in large parts of the area. The RMSE and MBD between the paired data
are equal to 1.74 and —0.35 °C, respectively. The simulated skin temperature accounts for 19% of
the variance of the remotely sensed kinetic temperature data. The largest discrepancies are found
over the north-facing slopes (depicted by U; in Figure 8d) and alluvial fans towards the south (U,
in Figure 8d) over which the temperature is largely underestimated. By contrast, the temperatures
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in small patches toward the NE and central zones appear to be overestimated (O in Figure 8d). It is
worth noting that while the remote sensing LST data of Figure 8c are used as a reference, there appears
to be a dependency between the range and quality of temperature data and the applied atmospheric
correction methodology, with MODIS-based atmospherically corrected images appearing to retain
relatively poor quality.

2.0 1-06
—4-0.8
219 o
= 1-1.0%
w a
2 @
14 ® 30 4-12=
i 60
1.8 90
120
° 150
17 l . I . L o180,
1 2 3 5
Az (cm)

Figure 5. Impact of space (Az) and time (At) step sizes on model performance calculated by using the
Tongyu datasets.
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Figure 6. Relative error of the simulated surface temperature at the last time point as a function of
the spin-up period calculated relative to the spin-up period of 13.5 days.
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Figure 7. Sensitivity of the SKinTES model to its input parameters. (a) Surface temperature yielded
at the last time step corresponding to 10:30 p.m. on 30 April 2005. (b) Diurnal surface temperature



Remote Sens. 2023, 15, 4877

15 of 26

pattern. O; and O_ denote changes in the model outputs due to increased and decreased input
parameters, assessed in comparison to the base output using the absolute temperature difference
(AT) and RMSE metrics, respectively. The abbreviations are, T,: air temperature; p,: air pressure; v,:
wind speed; Ry: relative humidity; 6, 65, and 6,: actual, saturated, and residual volumetric soil water
contents; Oe: soil moisture content at depth; Dy: soil water diffusivity; Kj: soil hydraulic conductivity;
Kdry and Kig: dry and saturated thermal heat conductivities; Cs: volumetric thermal heat capacity of
solids; Zomy: surface roughness length for momentum; ag: surface albedo; ¢g: surface emissivity; wq
and b: empirical parameters related to surface conductance; /1: thickness of the topsoil layer.

Figure 8. (a) Shaded-relief digital elevation model of the Qom study area. (b) Generalized geologic
map of the area displayed on ASTER-VNIR color composite imagery. The abbreviated geologic
units are reddish sandstones, siltstones, and conglomerates (SS), marly sandstones (mSS), limestones
(LS), marls and bituminous shales (SH), and Quaternary alluvium and Pliocene conglomerate (Qal).
(c) ASTER nighttime kinetic temperature data from 15 August 2020, superimposed on the shaded
relief image. The data are atmospherically corrected using the GDAS model and filtered to remove
the stripping noise using FFT. (d) Simulated land surface temperature data concurrent to the image
data in (c) calculated using an air temperature lapse rate of 0.0075 °C - m~!. The RMSE, MBD, R?,
and slope of the regression line between the datasets of Figure 8c,d are equal to 1.74 °C, —0.35 °C,
0.19, and 0.9997, respectively. U; and O represent areas wherein the temperature is under- and
overestimated, respectively.

6. Discussion

Under clear-sky conditions, there is an uncertainty of about 25 W - m~2 in the calculation of R,
(Figure 3a) attributed to Prata’s model (g, in Equation (5a)) [65]. Given the low uncertainty of Yang’s
model in estimating S¢ flux, measured to be <10 W - m~2 [35,40], and considering the systematic
underestimation of R, by Prata’s model over the Tongyu site (indicated by MBD = —46.9 and RMSE
=545 W - m~2), it becomes evident that the main source of uncertainty in R, calculation (Figure 3a)
is related to cloud effects. Under cloudy conditions, the overestimation of solar radiation during
daytime is partly compensated by the underestimation of the downwelling longwave radiation [42].
During the night, however, clouds introduce a large discrepancy between the modeled and observed
net radiation (Figure 3a). So, even the diurnal corrections of sky emissivity (Section 2.2) fail to alleviate
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the shortcomings of the model. Overall, Prata’s model appears to consistently underestimate R, flux
by between 8 and 30%.

To understand the extent to which a clear sky model like SKinTES is affected by clouds, the ratio
of downwelling longwave radiation in a cloudy sky (R,¢) to that of a clear sky (R,) was calculated
(RR—ff =1+ qcN?, where 0.04 < g, < 0.25 is an empirical constant dependent on cloud type/elevation
and 0 < N < 1 is the cloudiness [42]) and plotted against cloudiness for different cloud types
(Figure 9). The graph indicates that a cloudiness level up to 0.4 results in <4% (equivalent to <12
W-m~2) increase in R, flux, regardless of the cloud type. This signifies that the SKinTES model would
not be confined to perfectly clear skies and that it could be confidently applied to partly cloudy
conditions. Under a fully cloudy sky, however, R, would be underestimated by more than 25% using
Prata’s model, which closely matches the 30% level observed in the Tongyu site. On the other hand,
the presence of small cloud patches casting shadows over a pixel has a negligible effect on both the
global solar radiation (Sg) and Ty simulations, because blocking the direct sunbeam at around midday
for up to five minutes (to mimic the effects of passing clouds) resulted in a mere 0.05 °C change in the
RMSE of the retrieved Ty values shown in Figure 6. This is important because, in practice, finding
a temporal window with completely cloud-free skies to spin up the model is often challenging, if
not impossible. It is important to note that since clear skies are a prerequisite for successful remote
sensing data acquisition for geological applications, such problems could be largely circumvented by
careful data selection/acquisition.

The discrepancy between the simulated and measured Ty in Figure 2 is largely related to inaccu-
racies in estimating the ground heat flux, which in turn, is caused by systematic underestimation of
Ry, flux (Figure 3a). During the night, the dominance of the ground heat flux in the energy balance
directly affects the net longwave radiations, and thereby, the retrieved T, values (Figure 2) [26,34,66].
This is why evaporation maintained a positive rate throughout the nights (Figure 3c). By contrast, the
underestimation of Ty during midday hours (Figure 2) is likely related to the overestimation of soil
moisture content (Figure 4).

The shift in the frequency of the soil moisture profile (Figure 4) can be attributed to positive
evaporation rates at night and likely to the way Dy is calculated /updated under the assumption
of a homogeneous soil profile, which neglects across-layer water flow [33,48]. The systematic
overestimation of soil moisture content, however, is mostly due to an unrealistic initial condition
(see Section 2.9), because by setting the initial conditions appropriately using the measured 6, for
instance, the RMSE of Figure 4 declines to 0.02 m3-m~—3. This shows that coupling the Warrick
equation with an advanced analytical model (e.g., the principle of maximum entropy) to set a
more realistic initial condition can effectively predict the soil moisture dynamics in both space and
time [50]. Similarly, the relatively accurate estimate of the latent heat flux (Figure 3c) indicates that
the evaporation coefficient () function) effectively constrains potential evaporation [47] and that the
Penman-Monteith equation is viable to calculate the diurnal latent heat of evaporation over bare
surfaces, provided that it is coupled with the physically correct formula for A (Equation (8b) and an
elaborate water budget [44,46].
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Figure 9. The effects of cloudiness on downwelling longwave radiation (RR—"“C) for different cloud types.
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The underestimation of T, over the alluvial deposits in the Qom area (U, in Figure 8d) is
likely related to the cooling effect of evaporation caused by unusually high soil moisture contents
(i.e., 0.18 m3-m*3) derived from the trapezoid method, as well as the tendency of the Warrick
equation to overestimate soil moisture content under dry conditions [50] (Figure 4). In geologically
heterogeneous and sparsely vegetated regions, the thermal-optical relationship often deviates from
the norm, leading to higher uncertainties in soil moisture estimations. In such cases, the optical
trapezoid model proposed by Sadeghi, Babaeian, Tuller and Jones [61] could provide an alternative
means of mapping soil moisture contents. Furthermore, arid and semi-arid regions typically feature a
very shallow soil layer underlain by impermeable bedrock among which the moisture flux is zero [66].
Ignoring this vertical heterogeneity has been identified as a significant source of errors in LSMs [48].
To account for this phenomenon, a multilayered soil model is planned for future incorporation into
the SKinTES model.

On the other hand, the underestimation of Tg over the north-facing slopes (U; in Figure 8d)
can be attributed mostly to unrealistic initial conditions arising from the topographic slope and
aspect of the daytime temperature data used to set Equation (12), although multiple reflections
between the ground and sky (not yet accounted for in the model; Equation (3a)) may play a role.
It is important to note that modeling the ground temperature profile correctly is crucial to avoid
underestimating the land surface temperature [66]. While a longer spin-up period could potentially
alleviate this issue (Figure 6), it is not a feasible option here due to computational expenses. In the
current design, the spin-up period of SKinTES is confined to the interval between pairs of day- and
nighttime temperature data. Over flat areas, a spin-up period of >60 h can yield reliable results
(Figure 6). However, achieving more realistic initial conditions over north-facing slopes requires a
tailored solution, which is currently under development. It is worth noting that the model’s relative
insensitivity to the temporal resolution of meteorological data suggests that by adopting a proper
interpolation technique (e.g., shape-preserving cubic spline), the impact of low temporal resolution
in meteorological datasets can be largely circumvented during numerical modeling (e.g., [34]).

Over dry regions with limited soil water content, the surface temperature becomes highly
sensitive to thermal inertia, and this parameter significantly influences the spatial distribution of
temperature patterns [66,67]. The overestimation of temperature in Figure 8d is likely partly related to
inaccuracies in the parameterization of surface thermal properties, particularly Ksa: values (Figure 7).

In geological applications, a low uncertainty is required for the model to effectively detect
subtle subsurface temperature anomalies. Typically, uncertainties in the prediction of LST stem from
two major sources: (i) uncertainty in input parameters, and (ii) model uncertainty due to simplified
underlying assumptions [21]. When accurate estimates of incoming fluxes are used (equivalent to
using measured fluxes as input to SKinTES), the model’s uncertainty was observed to reduce to <1.8
°C for the diurnal temperature profile and <0.5 °C for the temperature at the last time step (Figure 5).
This level of uncertainty likely represents the inherent cumulative error of the model related to model
realization. This is comparable to the detection limit of other similar methodologies, which has been
reported to range between 2 °C and 5 °C [19,32].

Among the sensitive input parameters identified in Figure 7, surface albedo (ag) and emissivity
(g¢) can be estimated with an accuracy greater than +0.05 absolute units following the procedures
described in Section 3.2. However, it is crucial to adjust these parameters for soil moisture content,
because in dry regions such as the Qom, as an example, emissivity can vary by up to 0.04 units
between dry and wet seasons. Failing to account for this variation could lead to a 3 °C uncertainty in
T, estimation, a figure that exceeds the 1-2 °C variability reported in the study by Malbéteau, Merlin,
Gascoin, Gastellu, Mattar, Olivera-Guerra, Khabba, and Jarlan [20].

The main challenge in simulating surface temperature patterns, however, is to generate a
spatially distributed air temperature (T,) with adequate accuracy (Figure 7). Under spatially uniform
meteorological conditions, the predominant source of spatial variability in T, is the air temperature
lapse rate, which is known to exhibit significant variability during diurnal and seasonal cycles, with
the lowest rates (i.e., 0.0045-0.005 °C - m 1) occurring in summer and the steepest rates (i.e., 0.006—
0.0075 °C - mfl) occurring in spring and autumn [68,69]. Consequently, in complex terrains with a
high degree of elevation variability, uncertainties in the lapse rate can lead to significant uncertainties
in the spatial gridding of T, (and to a lesser extent p,) values.

To examine this effect, a random lapse rate ranging from 0.002 to —0.008 °C - m™* was generated
and used to adjust the T, values for the Tongyu site. The results were then compared to a temporally
constant lapse rate of —0.0065 (and —0.005 °C - m ') at a range of elevations. This analysis indicated
that every 100 m increase in elevation causes an uncertainty of about 0.45 °C (0.29 °C) in T, adjustment.
On this premise, whenever a diurnal lapse rate profile is available from observations, it should be
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introduced into the model as an additional meteorological parameter. Otherwise, to reduce the
interpolation errors arising from a temporally constant lapse rate, the model should be executed
multiple times using a range of lapse rates aiming to either find the optimal lapse rate or to average
the results out at the end of the simulation runs, as was practiced for the map in Figure 8d. This
should help to reduce the uncertainty associated with a constant lapse rate. Similarly, the best way
to assign zg,, values while keeping its uncertainty below a specified threshold might be to evaluate
a range of possible values for each cover type. Future studies should investigate the possibility
of deriving the air temperature lapse rate from the MODIS Level-2 atmospheric profile product
(MOD07_L2) and mapping zo,, from the radar backscatter coefficient (o) [70].

Over the Qom region, the simulated surface temperature shows a low error
(RMSE = 1.74 °C) compared to measured data, yet the coefficient of determination is small (R? = 0.19).
One reason could be the low range of variability in Ty values (7°C according to Figure 8c), but it
could also be due to sub-pixel variability not captured by the model over heterogeneous land cover,
as discussed earlier. Based on this study, the main sources of spatial heterogeneity are air temperature
lapse rate, soil moisture content, porosity, and saturated thermal heat conductivity, together with
unrealistic initial conditions.

In the optimization process, analyzing the correlation between residual temperature (the differ-
ence between model-derived and measured temperature) and model parameters might be useful to
reveal inappropriately specified input parameter(s). Once this step is completed, the results could
be compared to remotely sensed LST to detect possible temperature anomalies. It is noteworthy to
highlight that not all the discrepancies between simulated and measured LST data can be attributed
to the subsurface heating contribution because uncertainties from other sources could be involved in
the residual temperature map. This includes uncertainties in numerical modeling (model realization
and input parameters, as discussed above), uncertainties in land surface temperature retrievals from
thermal infrared data (for instance, for the ASTER instrument, this is equal to 1.2 K [71]), atmospheric
correction errors, and instrumental noise (i.e., noise equivalent delta temperature; NEdT). In the
Qom area, for instance, the type of atmospheric moisture profile (MODIS vs. GDAS model) used to
obtain the AST08 product resulted in a systematic offset of ~10 °C in the temperature products, with
the GDAS-derived map (Figure 8c) yielding better performance (Alan Gillespie, personal commu-
nication). Adopting the best approach to compensate for these uncertainties is a subject of its own
that will be addressed in follow-up research. Some aspects of the methodology that are yet to be
determined include the detection limit (°C) of the model and the smallest detectable temperature
anomaly (m?). Note that since datasets from different sources/sensors are combined, the land surface
modeling could be considered a multi-source data fusion framework. Accordingly, it could be subject
to the same sort of problems associated with multimodal data analysis, comprising inconsistent data,
missing values, noise, data misalignment, and resolution differences [72].

An important point to mention here is that the simulated and measured diurnal surface temper-
atures have their lowest deviation from each other on either side of the daily temperature maxima
(see the graph in Figure 2 and also Figure 1 in Ait-Mesbah, Dufresne, Cheruy, and Hourdin [66]). On
this basis, the best time to contrast the two datasets would be around 10-11 a.m. and/or 9-10 p.m.,
both of which correspond to the data acquisition time by polar remote sensing satellites (e.g., ASTER)
in ascending and descending modes, respectively. This implies that the methodology developed
here to highlight the subsurface heating component would not be restricted to nighttime data, as
originally planned. Instead, it could be equally applied to simulate the LST during the daytime. This
is significant because high-quality surface temperature data, such as the dataset from the ECOSTRESS
thermal imaging instrument, are more abundant during the day than at night.

In terms of computational efficiency, SKinTES is optimized to fully leverage vectorized process-
ing. Its core functionality revolves around just two loops, iterating through space and time. However,
solving the heat and water flow equations remains a computationally intensive task, with the iterative
retrieval of 7, and Ty (Section 2.8) contributing to it. Nevertheless, it takes approximately one second
to obtain T values for a single pixel and several hours to model the surface temperature over a small
study area, which can be considered quite efficient given the complexity of the calculations involved.
The most time-consuming aspect of the process is the preparation of input parameters.
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7. Summary and Conclusions

A new single-source energy balance modeling scheme for bare surfaces, known as SKinTES, has
been developed and successfully validated over two different sites in China and Iran. The model
performs a reanalysis process by integrating energy fluxes across heterogeneous land surfaces at high
spatial and temporal resolutions aiming to simulate the spatially distributed land surface temperature
patterns. SKinTES inherits key features from the existing land surface models. Nevertheless, the
scheme distinguishes itself by various novel aspects including (i) the formulation of ground surface
temperature (as described in Equation (10)) derived from the surface heat balance equation, (ii) the
incorporation of the intricate effects of complex topography and its associated processes into the
modeling of solar insolation and longwave radiation fluxes (Equations (3)—(5)), (iii) the estimation
of actual evaporation using the Q) coefficient coupled to the Penman—-Monteith equation, (iv) a
hydrological scheme encompassing the linearized form of the Richards equation, (v) a procedure
for correcting surface albedo and emissivity, accounting for zenith angle, topographic effect, and
soil moisture contents, and (vi) the integration of geologic information in the form of lithology and
mineral maps into the modeling processes.

The reasonable performance of the model in predicting the surface temperature patterns and
partitioning of energy fluxes under the challenging conditions of the Tongyu site and Qom area indi-
cates that the model is coherently built. Nevertheless, there remains room for further improvements
such as (i) the implementation of a heterogeneous multi-layer soil model, (ii) the development of
an analytic model to initialize the soil moisture profile, (iii) an improved model for temperature
profile initiation, particularly over north-facing slopes, (iv) the inclusion of irradiance due to multiple
reflections between the ground and sky, (v) the inclusion of sub-daily atmospheric advection and
convection effects into the modeling domain, and (vi) improved parametrization schemes for soil
moisture content, elevation lapse rate, and surface roughness length.

SKinTES has been designed to maintain low uncertainty in modeling the LST and is accurate
to within a few (i.e., <3) degrees Celsius, which is comparable to the detection limit of other similar
methodologies reported to be between 2 °C and 5 °C [19,32]. The model-simulated data could
be deployed to remove the effects of diurnal temperature variation from remotely sensed surface
temperature data to uncover the anomalous temperature zones, both positive and negative, arising
from subsurface geologic processes. The model could also be adjusted to give an accurate estimate of
the volumetric thermal inertia of the geologic materials at a high spatial resolution.

The methodology developed herein has the potential to advance/broaden the application of
satellite-derived surface temperature data in the field of geology and resource exploration over arid
to semiarid regions (which constitute approximately one-third of Earth’s total land area). Notable ap-
plications include targeting blind geothermal systems, exploration of oil and gas resources, detection
of shallow groundwater systems, hydrothermal monitoring, mineral exploration under cover, and
volcanology.
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Abbreviations

Symbol Definition (Unit) Symbol Definition (Unit)
T Temperature (K) ky Von Karman'’s constant (-)
Tq Ground surface temperature (K) g Atmospheric stability parameter (-)
T, Air temperature (K) L Monin-Obukhou stability length (1)

Time (s) g Gravitational acceleration (m - s~2)
z Depth (m) U Friction velocity (m - s72)
Z Topographic height (m) Y Constant in atmospheric stability calculation (-)
S¢ Shortwave solar radiation (W - m~2) K Soil thermal conductivity (W - m~1.K1)
R, Downwelling longwave radiation (W - m2) Kgat Saturated thermal heat conductivity (W - m~1. K1)
Rg Upwelling longwave radiation (W - m~2) Kiry Dry thermal heat conductivity (W - m~ LK)
RZ;:, Upwelling irradiance from the adjacent slopes  ky Thermal conductivity of water (W - m~1.K~1)
RE Re-emitted R, to nearby terrain (W-m~2) K Thermal diffusivity m2.s71)
H Sensible heat flux (W-m~—2) Cs Volumetric heat capacity of solids MJ.m 3K
AE Latent heat flux (W-m~2) 0 Soil moisture content (m3 - m—3)
G Surface heat flux (W - m~2) 05 Saturated vol. soil water content (m® - m~3)
Sp Direct beam solar irradiance (W - m~2) 0, Residual vol. soil water content (m? - m~3)
S4 Diffuse irradiance from the sky (W - m2) Oco Long-term soil moisture content (m?-m3)
Sy Adjacent terrain-reflected irradiance Ry Relative humidity (%)
Gse Solar constant (W - m~2) Dy Soil water diffusivity (m2-s71)
I Average irradiance (W - m~2) Dy Vapor diffusivity within the soil (m?2-s71)
dg Broadband albedo (-) D, Molecular diffusion of water vapor in the air
&g Broadband emissivity (-) ky, Soil flow equation constant (m - s
€ Atmospheric emissivity (-) E Actual evaporation flux (g-m=2-s71)
o Stephan-Boltzmann constant (kg - sT3. K™% f Net flux (g - m~2.s71)
@, Solar azimuth angle (rad) A The latent heat (J - kgfl)
?, Solar zenith angle (rad) (@) Coefficient of evaporation (-)
?, Solar elevation angle (rad) A Saturation vapor pressure curve slope (kPa - K1)
oL Local solar illumination angle (rad) 0% Psychrometric coefficient (kPa - K1
Bs Topographic slope (rad) € Water vapor/dry air molecular weight (-)
Ba Topographic aspect (rad) Pa Actual atmospheric pressure (kPa)
Vi Sky view factor (-) Po Actual saturation vapor pressure (kPa)
Ct Terrain configuration factor (-) Ps Saturation vapor pressure (kPa)
T Atmosphere transmittance (-) 8a Aerodynamic conductance (m - s
04 Air density (kg - m—3) gs Surface conductance (m - s~ 1)
05 Dry bulk density of the soil /rock (kg - m~3) wo Surface conductance parameter (-)
Cm Specific heat of dry air (] - kg_1 K af Phase angle of the time (rad)
m Air mass (-) hy Thickness of the topsoil layer (m)
O, Potential surface temperature (K) a A constant to correct wind profile (-)
Q, Potential air temperature (K) M Empirical param. to correct albedo (-)
Oy Virtual potential temperature (K) b Empirical parameter (-)
Ta Aerodynamic resistance (s - m~!) U Cosine of the solar zenith angle (-)
Yy Stability correction factor (-)
Yo Stability correction factor (-)
Z0H Surface roughness length—heat (m)
Z0m Surface roughness length—momentum (m)

) Mean wind speed at screening level (m - s~ 1)
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Appendix A. Formulations of Beam Transmittance

The formulation of the broadband radiative transmittances of the atmosphere by Yang's
model [38,39] is summarized in Table A1.

Table Al. Formulations of the beam transmittance of the atmosphere.

Parameter Formulation

Beam transmittance of the atmosphere Tp = TwTozTpgTrTa — 0.013
Diffuse transmittance of the atmosphere Ty = 0.5 (TwTozTmg(1 — TaT;) +0.013)
Water vapor absorption Tw = (0.909 — 0.036In(m Py)) <1
Ozone absorption Toz = exp(—0.0365 (mlo)0.7136>
Permanent gas absorption Tpg = exXp (0.0117 m9'3139)
Rayleigh scattering 7 = exp(—0.008735 m; A;4%%)
Aerosol extinction Ty = exp (_th )\;1'3>

- Ar = 0.547 4+ 0.014m, — 0.00038m2 + 4.6 x 107 m3

- Mg = 0.6777 4 0.1464(my,) — 0.00626(mi,)*

1

airmass M = Sin 9, 10.15(57.2969,13.885) 2
pressure-corrected air mass me = m%
The thick f th 1 _ —80\% | (d-120)
e thickness of the ozone layer (cm) b= 0.44 — 0'16\/<¢60 > + (263_¢)

Ja J4 < 300
Day of the year d=

Ja—366 J; =300
Precipitable water (cm) Py = %exp <26.23 _ 54Tj )
Angstrém turbidity coefficient 17; = (0.025 + 0.1cos ¢)exp (%) + AB;
Correction factor for seasonal deviation An, = £(0.02 ~ 0.06)

Pa is air pressure corrected for altitude, pg = 1013.25 mbar is the standard atmospheric pressure,
Ry (%) is relative humidity, Z (m) is the pixel elevation, ¢, (rad) is the solar elevation angle, ¢ (°) is
geographic latitude, J; is the Julian day, and T, (K) is the lapse-corrected air temperature.

Appendix B. Computation of Stability Correction Factors

The stability correction factors (Y and ¥,;) are determined using the atmospheric stability
parameter { expressed as:

Zs
;-2 (A1)

where L (m) is the Monin—Obukhou stability length given by:

_pucmlﬁ’@z]

L= k.gH

(A2)
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In Equation (A2), g (m-s—2)is gravitational acceleration, H is the sensible heat flux (Equation
(6a)), ®y is the virtual potential temperature (K), and U (m - s~ 1) is the friction velocity defined using

the following equation:
krUZ

In (2) = ¥u(3) +¥n ()

Z0m

when the atmosphere is stable (i.e., L > 0 or T, > Ty), the stability functions for moderately stable
(¢ < 1) and very stable ( > 1) conditions are defined as [51]:

_ -5 >1
wmflpH*{_5é' O§C§1 (A4)
Under unstable atmospheric conditions (i.e., L < 0 and —5 < < 0) it is given by [73]:
2

1/)H—21n(1+2y> (A5)

2
, =2In (ﬂ) +ln (1 +Y ) otan v+l (A6)

2 2 2
Y= (1-167)"* (A7)
Appendix C. Variables of the Warrick Equation

- khZ
Z, = Dy (A8)
Ty = k%‘t A9
- (A9)
0= (g—l)exp( 5 +Z) (A10)

__f
F= oo (A11)

z T z 2
U(Zo, T.) = —05exp (Z.) (Zo + T+ Verfe(05( L=+ VT ) ) + 1/ Zexp < (05(& - vTo)) )

’ ' (A12)

+erfc <O.5 <§—T - m))
where erfc is the complementary error function and 6 is the long-term average of soil moisture
content.
By considering that at n = 1, both F; and ®; are known, Warrick’s equation (Equation (11b))
could be rearranged to obtain an analytic solution for 6:

= f+0k,
Bec = k(1 +U(Zy, Ts) (A13)

where f is the net flux and 6 is the remotely sensed soil moisture content.

Appendix D. Soil Pedotransfer Function

The continuous pedotransfer function is expressed as [48]:

9 b+2
Dy = D; ((7> (A14)
S
Ds = st% (A15)
S
KS = 7.0556 x 1076,884+0.0153(sand) (A16)

1/Js — —0.01 % 101.8870.0131(Sand) (A17)
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b = 2.91 + 0.159(clay) (A18)

where Ds (m?-s71) is the saturated soil water diffusivity, 8 and 65 are as previously defined, b (-) is
an empirical parameter related to the pore size distribution of the soil matrix, K; is the saturated
hydraulic conductivity (m - s, 1, is the soil water potential at air entry (m), ‘sand” is the percentage
of sand in the soil particles here taken equivalent to the quartz fraction, and ‘clay’ is the fraction
of clays in the soil particles quantitatively derived from emissive and reflective multispectral data,
respectively [64].

Appendix E. Zenith Angle Formulation
The broadband surface albedo («¢ in Equation (15)) is assumed to vary with the solar zenith
angle according to the following equation proposed by Dickinson [57]:

1+d
1+ 2du

ag(1) = aos5 (A19)
where y is the cosine of the solar zenith angle (¢,), ag5 is albedo for y = 0.5 (the equivalent of
@, = 60°), and d is a constant controlling the strength of the zenith angle dependence. Since the
albedo (a¢ (1)) is commonly derived from polar satellite data collected at 10:30 a.m. local time
corresponding to zenith angle ., we solved Equation (A19) for ag 5 to yield the following equation:

1+ 2du,

nos5 = “g(?‘o)ﬁ (A20)
Substituting a5 from Equation (A20) into Equation (A19) gives:

B 14 2dp,

ag(p) = “g(P’o)il T 2du (A21)
Appendix F. Surface Conductance
D

gs = L—:’ (A22)

0 2+4-3b
Dy = Dabs*(1 = 57) (A23)

S
exp (1—4)") =1

Ly =My - - (A24)

where D, (m2-s71) is the vapor diffusivity within the soil, L; (m) is the dry layer thickness, D,
(m? - sfl) is the molecular diffusion coefficient of water vapor in the air given by D, = 2.29 x

1.
105 <27€—5’15> [74], 6, 6,, and 0 are actual, residual, and saturated volumetric soil water contents

(m3-m~3), respectively, e (=2.718) is the Euler’s number, /1 (m) is the thickness of the topsoil layer,
and b and wy (-) are empirical parameters [47]. & is estimated by fitting an equation (h; = —0.0716; +
0.045, where 0 is the soil moisture at the topmost layer) to the graph in Holmes, Owe, De Jeu, and
Kooi [52]. In practice, since the evaporation is confined to the upper soil layer [66], k1 varies between
0.015 and 0.05 m.
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