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Abstract. This paper presents and reviews the modeling of satellite-observed L-band brightness temperature (BT) over land

using the two-stream multi-layer microwave emission model (2S-MEM). While the 2S-MEM has been applied in several earlier

studies, a comprehensive description tailored to the interpretation of satellite based passive L-band observations has been

lacking. Here, we consolidate and clarify the different components of the model formulation in the context of satellite-based L-

band radiometry and demonstrate its practical application across various scenarios. Three case studies from different in situ sites5

and corresponding L-band BT datasets from ESA’s SMOS and NASA’s SMAP satellites are presented. In each case study, BTs

are simulated from in situ measurements and compared with corresponding satellite observations. We discuss the challenges

of modeling coarse-resolution L-band BTs measured by satellite using in situ point data, and the resulting uncertainties in BT

simulations that must be considered in both forward and inverse applications, including geophysical parameter retrievals.

1 Introduction10

For more than a decade, operational satellite missions have provided a continuous stream of passive microwave observations

at L-band (1− 2 GHz). These missions measure the thermal emission of Earth surface at this low microwave frequency, ex-

pressed in brightness temperatures (BTs), providing a unique source of information for retrieving numerous essential climate

variables (ECVs) (Bojinski et al., 2014; Zhou and et al., 2026) defined by the Global Climate Observing System (World Me-

teorological Organization (WMO) et al., 2022). Prominent examples are the European Space Agency’s (ESA’s) Soil Moisture15

and Ocean Salinity (SMOS) mission (Kerr et al., 2010) launched in 2009, and the National Aeronautics and Space Adminis-

tration’s (NASA’s) Soil Moisture Active Passive (SMAP) (Entekhabi et al., 2010) missions launched in 2015. Both missions

are operational to date, providing unique and indispensable information on the state of the Earth’s surface layer; especially on

soil moisture and freeze/thaw state, forest biomass, and sea salinity and sea ice thickness.

As other microwave missions, SMOS and SMAP provide global, weather independent, and high temporal resolution with20

global revisit time between ∼ 3 days at the equator and daily to sub-daily on high latitudes. However, in contrast to other
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microwave frequencies, L-band BTs are highly sensitive to the volumetric content of liquid water in the Earth’s surface layer

and are less affected by scattering than active (radar) measurements at the same frequency. However, one of the main challenges

of passive L-band observations arises from their coarse spatial resolution, a fundamental hindrance resulting from the practical

limitation of deploying large antenna reflectors in space (Ulaby et al., 1981).25

A variety of conceptually different retrieval approaches are used in the passive microwave remote sensing. Empirical methods

use statistical relationships between observations and geophysical variables of interest (e.g., (Njoku and Entekhabi, 1996)),

while change detection approaches and threshold detection algorithms exploit temporal differences to identify anomalies or

geophysical state changes (e.g., (Piles et al., 2009; Rautiainen et al., 2016)). Machine learning techniques are employed to infer

geophysical parameters directly from the complex, nonlinear patterns present in the observed BTs (e.g., (Rodriguez-Fernandez30

et al., 2015; Kumawat et al., 2025b, a)). Inversion-based retrieval approaches rely on the numerical inversion of physics-

based forward models to identify the set of geophysical parameters that best reproduces the observed BTs through simulated

BTs (e.g., (Kerr et al., 2012; Holmberg et al., 2024; Ortet et al., 2025)), and data assimilation methods (e.g., (Lannoy and

Reichle, 2016; Reichle et al., 2017; Rodríguez-Fernández et al., 2019)) combine this with physical process models to improve

retrievals. Although the microwave emission model (MEM) acts as the forward operator in inversion-based retrievals and data35

assimilation, they can also support any other type of retrieval approach by enabling performance evaluation or generating

training datasets.

For the large footprints typically observed by space-borne L-band radiometers, modeling BT over land surfaces is chal-

lenging over heterogeneous natural landscapes. The use of a forward operator in inversion-based passive microwave retrievals

imposes two limitations: first, a computational threshold, particularly in operational applications due to large data volumes;40

second, a structural complexity threshold arising from limited information content to constrain complex parameterizations.

Accordingly, the forward operators used to simulate footprint-scale BTs provide only a crude approximation of the true scene-

integrated radiative behavior. In practice, current MEMs used in inversion-based passive microwave retrievals rely on sub-

stantial simplifications of the observed scene and its radiative behavior, introducing modeling errors. These modeling errors

propagate into errors and uncertainties in the retrieved geophysical variables. Therefore, improving existing MEMs and de-45

veloping new ones for forward modeling of BTs is essential for advancing the field, particularly through enhanced physical

realism and improved predictive capability.

Since the launch of the SMOS satellite, one of the most widely-used L-band forward operator was based on the so-called

τ −ω radiative transfer (Mo et al., 1982). It represents a zeroth-order approximation of the radiative transfer equation and

it is limited to the situation of a single vegetation layer above an infinite half-space representing the ground. An inherent50

assumption of the τ −ω model is that the reflectivity of the upper interface of the vegetation can be neglected. This so-called

“soft-layer” assumption is justified at the L-band for virtually all vegetation types, even for very dense forests. Furthermore,

multiple reflections between the vegetation layer and the ground interface are omitted, and effects associated with volume

scattering within vegetation is simplified. The τ −ω model expresses the upwelling BT at an nadir observation angle θ and

at horizontal or vertical polarization p=H,V as a function of effective physical temperatures and a set of radiative transfer55
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parameters characteristic of the observed scene:

T p,θ
B = (1−Γp,θ

g )tθvTg +(1− tθv)(1− ω̃v)Tv +Γp,θ
g tθv(1− tθv)(1− ω̃v)Tv + tθvΓ

p,θ
g tθvTsky. (1)

The radiative transfer parameters of the vegetation layer (assumed to be isotropic and homogeneous) are the single scattering

albedo ω̃ and the vegetation optical depth τ̃ . The latter defines the one-way vegetation transmissivity tθv = exp(−τ̃v/cosθ).

The radiative transfer parameter of the ground is expressed with its surface reflectivity Γp,θ
g that can be simulated on the basis60

of Fresnel equations, for instance. The effective physical temperatures of the ground and the vegetation are indicated as Tg and

Tv, respectively. Tsky is the downwelling sky radiance at L-band, which includes both the radiation emitted by the atmosphere

and the cosmic background radiation attenuated by the atmosphere (Pellarin et al., 2003).

The τ −ω model serves as the core of different forward operators implemented in operational SMOS and SMAP retrieval

approaches over land: Current SMOS soil moisture algorithms (Kerr et al., 2012; Fernandez-Moran et al., 2017; Al Bitar et al.,65

2017) employ derivatives of the L-band Microwave Emission of the Biosphere (L-MEB) model (Wigneron et al., 2007) as for-

ward operators, whereas SMAP soil moisture algorithms use slightly different forward operators (Entekhabi et al., 2010, 2025),

which are also based on the τ−ω model. These approaches have produced a long list of scientific achievements, yet some chal-

lenges remain, in particular related to i) forests (Colliander et al., 2026) and ii) cryosphere applications, such as soil freeze/thaw.

A common challenge in cryosphere applications arises from the complex layered structures (e.g., frozen and thawed soil, snow,70

and frozen water bodies with ice layer and snow layers) and surface reflections, which exceed the capabilities of zeroth-order

τ −ω model.

The concept of the two-stream (2S) radiative transfer (see e.g., Chapter 10 of (Ishimaru, 1978)) has been used in a previously

published microwave emission model (Wiesmann and Mätzler, 1999; Mätzler and Wiesmann, 1999, 2014) of layered snow

pack with a focus on higher microwave frequencies. Based on this multi-layer 2S approach, Schwank et al. (2014) introduced75

L-band-specific 2S L-MEM applicable to ground covered with an arbitrary number of snow layers. Because most structures

in snow are orders of magnitudes smaller than the L-band wavelength (λ∼ 15cm− 30cm), this 2S L-MEM neglects volume

scattering. Its use was first demonstrated for snow-covered ground in a modeling study (Schwank et al., 2015) and in an

empirical study based on tower-mounted L-band BT observations (Lemmetyinen et al., 2016). Schwank et al. (2018) extended

the 2S L-MEM to explicitly include vegetation, thereby broadening its applicability to a wider range of land surface scenarios.80

The 2S L-MEM has two distinctive advantages over the contemporary τ −ω based MEMs: i) It’s modeling of scattering

mechanism are more realistic, taking into account the multiple reflection and scattering within and inside the layers. ii) It has

an intrinsic ability to model an arbitrary number of layers, thus representing more complex scenarios such as dense multi-layer

vegetation, freezing soil, and layered snow. The computational cost of forward operators based on the 2S L-MEM is sufficiently

low to allow their use in inversion-based retrievals using satellite data at a global scale. Accordingly, the 2S L-MEM has been85

applied in multiple studies, both using tower-based close-range BTs (Lemmetyinen et al., 2016; Naderpour et al., 2017, 2021;

Wu, 2022) and in applications to satellite-based BTs (Li et al., 2020; Houtz et al., 2021; Holmberg et al., 2024; Schwank et al.,

2024; Ortet et al., 2025; Holmberg et al., 2025).
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While the 2S L-MEM was established in the mid-2010s and has been applied in multiple case studies, a comprehensive

reference paper describing the model, particularly in the context of modeling satellite-observed L-band BTs, is lacking. This90

manuscript therefore aims to provide a consolidated and structured description of the 2S L-MEM, its components, and its

application to modeling satellite-observed BTs. Specifically, the paper aims to i) review the previously published yet underused

2S L-MEM in L-band radiometry, ii) demonstrate its use in the context of passive L-band satellite observations, and iii) evaluate

its agreement with satellite BT measurements from the SMOS and SMAP missions through selected use cases. Furthermore,

we discuss key modeling aspects and the associated uncertainties within the context of these case studies.95

2 Microwave Emission from Layered Systems

In passive microwave remote sensing, the radiation measured by an radiometer is expressed as an antenna temperature TA.

Conceptually, the antenna temperature observed in direction u is modeled as the convolution of the antenna gain pattern, G(·),
with the brightness temperature (BT) field TB(u

′) = TB(robs,u
′) at the point of observation

TA(u) =

∫

S2

TB(u
′)G(u′ −u)ds(u′), (2)100

The BT field TB(r,u) represents the propagating radiation, and is a function of the spatial coordinate r ∈ R3 and the propaga-

tion direction unit vector u ∈ S2.

Within the context of modeling satellite observed BT data, it is reasonable to assume a narrow gain pattern G(·). Although the

gain pattern beam must be narrow, due to the large distance between the satellite and the observed surface, the surface area from

which the radiation emits is large (typically 40− 100 km diameter in the context of L-band satellite observations). Therefore,105

the observed scene over land surfaces is often heterogeneous in terms of land cover types and geophysical properties.

By approximating u′ ≈ u and assuming azimuthal symmetry, the observed temperature TA in Eq. (2) can be expressed as an

integral over the BT field T θ
B(r) on the Earth’s surface

T θ
A =

∫

area

T θ
B(r)G(r)dr, (3)

where G(r) is the measurement gain pattern on the observed part of the Earth’s surface and θ is the zenith angle of u. While110

Eq. (3) represents the forward operator for the satellite observation T θ
A, the integrand T θ

B(r) represents the local (point wise)

observation operator. The coordinate dependence of T θ
B(r) comes from the spatial variability of the land cover type (determin-

ing which kind of model configuration is used to simulate T θ
B) and geophysical properties (determining the values of the inputs

to the model used to simulate T θ
B).

This section gives a review of the previously established methods and framework to model the local forward operator T θ
B(r);115

the multi-layer setup, its parameterization in terms of its dielectric-, scattering-, and temperature properties, and modeling of

the upwelling BT from this layered system using the L-band-specific two-stream microwave emission model (2S L-MEM).

Later, in Section 3.1, the link between the dielectric- and geophysical variables are outlined.
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The upwelling BT from a sufficiently small homogeneous area is modeled by considering a system of homogeneous layers,

each representing a specific geophysical medium, such as soil, snow, or vegetation. The stack of finite, yet arbitrary number120

of layers, is limited by the half-infinite layer below the system (substrate) and the half-infinite layer above the system (super-

strate). Each layer, including the substrate and the superstrate, emit radiation according to their respective radiative transfer

properties and physical temperatures. The emitted radiation propagates through the layered medium, and is affected by inter-

face reflections, volume scattering, and absorption. The result of a MEM is the upwelling radiation in a zenith angle, computed

from the geophysical properties of the layers. This task has three parts:125

1) To convert the geophysical variables of each layer into their effective dielectric constant and, optionally, scattering

properties

2) To convert the layers dielectric properties into associated radiative transfer parameters.

3) From the radiative transfer parameters, to solve the radiative transfer problem for the upwards propagating radiation at a

given propagation angle and polarization.130

Similar to the conceptual structure used in Picard et al. (2018), these three steps are here referred to as the dielectric, electro-

magnetic, and radiative transfer models, respectively.

This section focuses on the electromagnetic and radiative transfer sub-models, while the dielectric sub-models are over

viewed in section 3.1. It should be noted that this sort of end-to-end paradigm of modeling the observation from the final vari-

ables of interest is not the only possible approach. Some remote sensing problems are solved by first retrieving an intermediate135

electromagnetic, radiative transfer, or heuristic model parameter, which are then translated into the geophysical variables of

interest using different regression approaches (e.g., (Rodriguez-Fernandez et al., 2018; Vittucci et al., 2019)).

2.1 Single Layer

The model that governs the BT field inside a single layer is the radiative transfer equation (see e.g, (Tsang et al., 2000)). Assum-

ing azimuthal symmetry, the BT field TB(z,µ) can be expressed as a function of the depth z and the cosine of the propagation di-140

rection zenith angle µ= cosθ. Fixing µ > 0 and defining upwards T ↑
B(z,µ) = TB(z,µ) and downwards T ↓

B(z,µ) = TB(z,−µ)

propagating components, the radiative transfer equation can be written as

µ
∂T ↑

B

∂z
=−κeT

↑
B +κaT +κsI

↑, (4a)

−µ
∂T ↓

B

∂z
=−κeT

↓
B +κaT +κsI

↓. (4b)

Variables κa and κs are the absorption and scattering coefficients, respectively, defining the extinction coefficient as κe =145

κa +κs. The layer’s physical temperature is denoted as T . The upwards scattering I↑ and downwards scattering I↓ integrals
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are given by

I↑ =

1∫

0

ΦF(µ;µ
′)T ↑

B(z,µ
′)dµ′ +

1∫

0

ΦB(µ;µ
′)T ↓

B(z,µ
′)dµ′, (5a)

I↓ =

1∫

0

ΦF(µ;µ
′)T ↓

B(z,µ
′)dµ′ +

1∫

0

ΦB(µ;µ
′)T ↑

B(z,µ
′)dµ′. (5b)

The ΦF(µ,µ
′) and ΦB are the forward and the backwards scattering parts of the normalized two dimensional scattering phase150

function. The above formulation uses a symmetry of the two dimensional scattering phase function, assuming that the medium

has no preferred up/down orientation for scattering.

The 2S MEM is obtained by assuming ΦF(µ;µ
′) = 0 and ΦB(µ;µ

′) = δ(µ−µ′), where δ(·) denotes the Dirac delta function.

Under this assumption, the two dimensional radiative transfer Equations (4a,4b) and (5a,5b) have a closed form solution for

a homogeneous layer. From this solution, the following layer equations, linking the boundary values of the upwards and155

downwards propagating BT fields, are obtained (see Appendix A for derivation and the original papers (Wiesmann and Mätzler,

1999; Mätzler and Wiesmann, 1999))

T ↑
B(z1,µ) = rT ↓

B(z1,µ)+ tT ↑
B(z0,µ)+ eT, (6a)

T ↓
B(z0,µ) = rT ↑

B(z0,µ)+ tT ↓
B(z1,µ)+ eT. (6b)

Here z0 and z1 are the vertical coordinates of the bottom and top interfaces of the layer. The radiative transfer properties of the160

layer are its internal reflectivity r, and transmissivity t, which define the layer’s emissivity e, assuming thermal equilibrium.

The radiative parameters r, t, and e are computed as

r =
1− t20

1− r2∞t20
r∞, t=

1− r2∞
1− r2∞t20

t0, e= 1− r− t (7)

where

t0 = exp

(
−τ

√
1−ω2

µ

)
, r∞ =

ω

1+
√
1−ω2

(8)165

and

τ = dκe, ω =
κs

κe
, κe = κa +κs. (9)

The coefficients t0 and r∞ are known as the one-way layer transmissivity and the infinite thickness reflectivity, and τ and ω

are the optical depth and scattering albedo.

BT fields in adjacent layers are coupled through the corresponding interface equations:170

T ↓
B(z1,µ) = s0T

↑
B(z1,µ)+ (1− s0)T

↓
B(z

+
1 ,µ), (10a)

T ↑
B(z0,µ) = s1T

↓
B(z0,µ)+ (1− s1)T

↑
B(z

−
0 ,µ). (10b)
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Here T ↓
B(z

+
1 ,µ) denotes the downwelling radiation from the layer above and T ↑

B(z
−
0 ,µ) denotes the upwelling radiation from

the layer below. The interface reflectivities at the layer’s bottom and top interfaces are denoted by s0 and s1, respectively.

To summarize, under the two-stream assumption, the BT streams T ↑,↓
B (z,µ) are independent of each other for different175

values of µ. Furthermore, for a fixed propagation direction µ, the field inside a homogeneous layer can be represented by the

four BT values; upwelling and downwelling BTs at the top and bottom interface (Equations (6a,6b)).

The assumption that scattering phase functions can be restricted to these discrete streams is a mathematical simplification.

The physical interpretation is that, at L-band frequencies, the radiation field is partitioned into strictly upper and lower hemi-

spheres, effectively ignoring lateral radiative fluxes. See (Wiesmann and Mätzler, 1999; Mätzler and Wiesmann, 1999) for180

physical interpretation that includes scattering in and from the horizontal radiation fluxes. While the two-stream assumption

simplifies the calculus, it does not account for inter-angular coupling in the volume scattering. Furthermore, the two-stream

approach treats the interface reflections as specular or quasi-specular. Also here, the limitation is the inability to account for

inter-angular coupling; the model assumes that radiation incident at direction µ reflects only into direction −µ, whereas real-

world surface scattering can be diffuse due to roughness, meaning that reflected radiative energy can be redistributed across a185

wide angular range. Finally, the horizontal and vertical polarizations are modeled independently, neglecting the interchange of

radiative fluxes at different polarizations.

2.2 Multiple Layers

Consider a system of N homogeneous layers bounded by a half-infinite substrate and a superstrate. Each of the n= 1, . . . ,N

layers is parameterized by the respective absorption- and scattering coefficients κa,n, κs,n, the layer thickness dn, and the190

physical temperature Tn. In addition, assume that the interface reflectivities sn (sn is for the top interface of layer n and s0

is for the bottom interface of the stack, i.e. the reflectivity of the substrate interface), and that the two boundary conditions;

the upwelling BT below the system T ↑
B(z

−
0 ,µ) and the downwelling BT above the system T ↓

B(z
+
N ,µ) are given. Combining

the layer Equations (6a,6b) and the interface Equations (10a,10b) for each layer n forms a linear system of 4N equations with

4N unknowns (i.e., 4 streams inside each layer), which has a unique solution. An important computational remark is that the195

system can be reduced to a system of 2N equations and unknowns before numerical solution (see (Wiesmann and Mätzler,

1999) for details). The solution of the linear system provides the upwelling and downwelling radiative streams inside each

N layers. In our application the value of interest is the upwelling BT above the stack of layers. This corresponds to the BT

stream T ↑
B(z

+
N ,µ) above the superstrate interface, i.e. at the top interface of the top most layer n=N . This BT is given by the

associated component of the solution vector and provides the final result of the 2S MEM.200

2.3 Layer parameterization

The typical characteristic dimensions of the constituents included in a layer representing soil, snow, or ice are small compared

to the long L-band wavelength 15cm≤ λ≤ 30cm. Therefore, the layer’s effective complex dielectric constant εn can be

computed using an appropriate dielectric mixing model (see e.g., (Sihvola and Kong, 2002)) and used to parameterize the

layer, which is practical because:205

7

https://doi.org/10.5194/egusphere-2026-2927
Preprint. Discussion started: 31 July 2026
c© Author(s) 2026. CC BY 4.0 License.



1) It describes both the absorption coefficient κs,n and the interface reflection sn between adjacent layers n and n+1,

reducing the degrees of freedom in the model’s inputs.

2) Existing dielectric models express εn as a function of geophysical variables, thus linking them to the observed BTs.

The absorption coefficient κa,n is expressed by the effective permittivity εn of a layer n as

κa,n = 2k0 imag(
√
εn) , (11)210

where k0 = 2π/λ is the free-space wavenumber. The propagation angle θn of the radiation inside each layer n is modeled

according to the Snell’s law, and the specular interface reflectivities s̃H,n and s̃V,n between two adjacent layers are computed

according to Fresnel’s law. The specular Fresnel’s reflectivities s̃H and s̃V are corrected empirically (Choudhury et al., 1979;

Wang and Choudhury, 1981; Wigneron et al., 2007) to obtain roughness corrected reflectivities sH and sV, as is used in the

radiative transfer model215

sH = P exp(−hcosNH θ)s̃H +Qexp(−hcosNV θ)s̃V

sV =Qexp(−hcosNH θ)s̃H +P exp(−hcosNV θ)s̃V (12)

In the above equation P = 1−Q, and the parameters h,Q,NH,NV characterize the interface roughness effects.

In addition, the above mentioned strong contrast between the long wavelength at L-band and the characteristic dimensions

of the layer’s constituents in soil, snow, and ice imply negligible scattering, such that the assumption κs = 0 is justified. In

particular, this simplification is not only well justified but also of considerable practical relevance. This is because modeling220

scattering would require detailed structural information, which is often difficult to obtain and parameterize reliably. However,

for vegetation with components whose dimensions are comparable to the observation wavelength λ∼ 15cm−30cm (e.g., tree

branches with diameters on the order of L-band wavelengths), volume scattering is neither negligible nor straightforward to

model. Models explaining the scattering behavior (either the scattering coefficient κs or albedo ω) as a function of the dielectric

and structural properties and with sufficiently low degree of complexity to be directly applicable to practical remote sensing225

problems do not exist at the moment. Consequently, the scattering coefficient κs or albedo ω are left as input parameters to the

model, and often the volume scattering in vegetation is accounted for by empirically assigning them.

In contrast to other nominal layers such as soil, snow, or ice, vegetation layers are modeled using the soft layer assumption

(Schwank et al., 2018, 2021). This includes omitting refractions and interface reflections between the layers (i.e. setting sH =

sV = 0.) Instead of effective permittivity, and interface roughness parameters, the vegetation layers are parameterized with their230

optical depth τ = dκe and single scattering albedo ω = κs/κe, or alternatively with the column scattering τs = dκs and column

attenuation τa = dκa. More complex models for the radiative transfer parameters of the vegetation from basic structural and

dielectric properties exist, although not directly applicable to practical remote sensing problems. One example is the Microwave

Emission Model of Layered Vegetation (MEMLV, (Zhou et al., 2024)), which represents the vegetation structure statistically

and treats radiative transfer as interactions with discrete dielectric cylinders representing canopy constituents (trunks, branches,235

and needles).
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To summarize, the nominal layers such as soil, snow, and ice are parameterized with their layer inputs vn = (dn,εn,κs/ωn)

and interface inputs in = (hn,Qn,NH,n,NV,n). The soft layers such as vegetation are parameterized with their volume inputs

v′
n = (τn,ωn) or v′

n = (dκs,n,dκa,n). These inputs are used to compute the radiative transfer parameters of each layer, which

in turn, together with the physical temperatures of each layer, are used to solve the upwelling BT from the layered system.240

Figure 1 shows a schematic of the described process and the layer inputs. To connect the resulting upwelling BT with the the

actual geophysical variables of interest, dielectric models describing the effective complex permittivities εn as functions of the

geophysical variables of each layers medium must be considered. Section 3 describes the specific modeling choices and the

used dielectric models.

Figure 1. Schematic of the generic layered system and its inputs (left) and the corresponding 2S radiative transfer setup used to solve the

upwelling BT in an observation angle θ above the system (right). Figure depicts a scenario where N hard layers (representing ground, water,

ice, snow) are covered by M soft layers (representing vegetation and atmosphere). The superstrate is the cold space above the atmosphere.

3 Land emission scenario models245

The framework described in Section 2 is used to construct layered systems representing abstractions of a selection of typical

natural land scenarios. An example of such a scenario would be a forested and snow covered scene, modeled by a stack of three

finite layers: snow, forest, and atmosphere, together with soil substrate and cold space superstrate (see Figure 1).
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Layer Parameterization Geophysical Variables Comments

Atmosphere τatm,Tatm Scattering omitted. Effective param-

eters are computed via empirical re-

gression formulas

Vegetation τv,ωv,Tv Vegetation column water content,

dry biomass, height

Soft layer assumption.

Snow ds, εs,Ts Mass density, liquid water content,

depth

Volume scattering is omitted. As-

suming specular top interface.

Ice di, εi,Ti Common choice is εi = 3.18, omit-

ting the imaginary part. Assuming

specular top interface.

Ground dg, εg,Tg, Hg,Qg,NH,g,NV,g Soil moisture, freeze-thaw state Scattering is omitted. Layer thick-

ness dg is not relevant if used as a

substrate.

Water dw, εw,Tw,

Hw,Qw,NH,w,NV,w

Scattering is omitted. Layer thick-

ness dw is not relevant if used as a

substrate.

Table 1. Summary of layers representing different natural media, their parameterization, relevant geophysical variables for land surfaces on

L-band, and key modeling choices and assumptions. Dry snow and ice have negligible absorption and scattering for typical land surface

targets at the L-band. Therefore, in these two cases the layer thickness d and temperature T have negligible effect, and can be omitted. For

meaning of the symbols, see text.

The common scenarios appearing in practical satellite remote sensing of land include ground, snow, vegetation, water, ice,

and atmosphere layers. Section 3.1 describes input parameters and different modeling choices for each of the above-mentioned250

layers used in our implementation of the model. Section 3.2 describes how these layers are combined to form a scenario

model, and how the scenario models are subsequently merged to simulate antenna temperatures representing the space-born

microwave radiometer measurement for a given configuration and geometry.

3.1 Layers

3.1.1 Ground255

The ground layer can act as a half-infinite substrate or as a finite layer. In the case where it acts as an half-infinite substrate,

it is parameterized with its complex effective permittivity εg, temperature Tg, and the interface roughness parameters ig =

(Hg,Qg,NH,g,NV,g). In this case, the physical temperature acts as the boundary condition (upwelling BT from the substrate)

T ↑(z−0 ,µ) = Tg, while εg and ig affect the reflectivity of the interface above the substrate as described in Section 2.

In the case when a ground layer is modeled as an finite layer (e.g., a finite layer of frozen ground above a thawed ground260

substrate), the layer thickness dg is needed in addition to the above mentioned inputs. While it is common to omit volume
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scattering (κs,g = 0) in the soil layers, as soil structures are typically smaller than L-band observation wavelengths, it can be

added if required.

The complex permittivity can be expressed as a function of the geophysical variables of the ground medium

εg = fg(mg,Tg;βg), (13)265

where mg is the volumetric soil moisture (liquid-water content) and βg includes any parameters appearing in the dielectric

function (e.g., soil texture variables such as porosity, bulk density, and clay, sand, and silt fractions). Many such models exists,

with varying basis in theoretical and empirical approaches (Hallikainen et al., 1985; Dobson et al., 1985; Peplinski et al., 1995;

Mironov et al., 2009, 2010, 2017). Mätzler and Schwank (2006) describes five models for calculating εg of varying complexity

and compares them. Two significant aspects to consider are the soil type that the model assumes (mineral or organic), and the270

valid temperature range of the model, and if it models soil freezing. Furthermore, the dielectric functions contain their own

errors/uncertainties. The magnitude and effect of these uncertainties to the final modeled BTs is a topic for future studies.

While the use of a dielectric function is necessary to connect the observed or modeled BT with the actual geophysical

variables, sometimes it might be more practical to consider the permittivity as an input to the model. For example, constant

value could be applied for frozen soil, either from the literature (e.g., (Hallikainen et al., 1985, 1984)) or fitted to observations.275

In forward modeling applications, however, if in situ sensors provide direct measurements of permittivity, their use as model

input may be preferable.

3.1.2 Water

For land applications, water layer will act as a substrate possibly covered by layers representing e.g. ice or vegetation. Similar to

the ground substrate, a water substrate is parameterized with its complex permittivity εw and temperature Tw, and the interface280

roughness parameters iw = (Hw,Qw,NH,w,NV,w). In the case of water bodies, the most straight forward option is to consider

a specular water-air interface characterized by iw = (0,0,0,0). However, this assumption might not be valid in case of a water

body exhibiting a frozen surface layer. A simple practical choice for the complex permittivity of water at L-band is to use

a value from the literature. Chapter 5 in (Mätzler et al., 2006) describes several commonly used models to compute εw as a

function of Tw, f , and salinity S.285

3.1.3 Snow and ice

A snow layer is parameterized by its thickness ds, complex permittivity εs and temperature Ts. The geophysical variables that

describe the effective permittivity of snow are the volumetric liquid water content ms, mass density ρs, and Ts. A dielectric

function expresses εs as function of the influential geophysical variables of the snow medium (see e.g., (Mätzler and Wiesmann,

2014))290

εs = fs(ms,ρs,Ts). (14)
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If the snow layer is considered as dry (ms = 0 m3/m3), a simple regression formula for its permittivity as a function of ρs

exists (Mätzler, 1996). As dry snow does almost not attenuate nor scatter at L-band (therefore, emission depths in dry snow can

reach several hundred meters, as shown in Fig. 2 of (Mätzler, 2001)), and we do not consider coherent interference effects, ds

and Ts have no effect on its radiative transfer. Nevertheless, the presence of even a completely dry snow layer above the ground295

affects L-band BTs via interface reflection and refraction, as has been demonstrated theoretically (Schwank et al., 2014, 2015)

and experimentally in (Lemmetyinen et al., 2016).

A key finding regarding the propagation of L-band radiation in snow is that volume scattering generally plays a minor role

(Schwank et al., 2014), except in the presence of prominent macro structures (such as ice lenses) with dimensions of the order

of the observation wavelength. Accordingly, assuming a scattering coefficient of κs,s = 0 m−1 for a snow layer is reasonable300

in most cases. This implies that at L-band the snow grain size, a relevant geophysical variable at higher frequencies, is assumed

not to affect snow radiative transfer at L-band. Furthermore, in most practical circumstances it is reasonable to assume snow

layer interfaces as specular; is = (0,0,0,0).

Similarly for ice, a dielectric model can be considered (see e.g., Chapter 5 of (Mätzler et al., 2006)). However, a constant

value from literature εi = 3.18 is a practical choice in many land applications. Such choice means lossless medium, and thus the305

ice layer’s thickness di and temperature Ti do not have an effect. This is not the case when the imaginary part of ice permittivity

is non-zero. Again, the interface roughness in the ice-air or ice-snow interface layer can be neglected in most practical cases;

is = (0,0,0,0).

Hossan et al. (2025) evaluated differences in simulated BTs arising from the use of various dielectric models for wet snow

permittivity. The study demonstrated that the choice of a dielectric function can lead to substantial differences in modeled310

L-band BTs. This underscores the uncertainty associated with the snow dielectric function, particularly in the case of wet

snow.

3.1.4 Vegetation and forest

Different choices are possible to parameterize the vegetation layer. A typical choice is to use the vegetation optical depth (VOD)

τv = dvκe,v and the single scattering albedo ωv = κs,v/κe,v, where κe,v = κa,v +κs,v. An alternative parameterizations is to315

use the column absorption and scattering coefficients τa = dvκa,v and τs = dvκs,v, or the layer transmissivity tv and reflectivity

rv (see Equations (7-9)).

At L-band, the soft-layer assumption is justified even for dense vegetation such as forests (Schwank et al., 2021), as the

effective permittivity of the layer is close to unity. Consequently, interfaces to air (εair = 1) or to another vegetation layer

are assumed not to induce refraction; i.e., the propagation angle remains unchanged, consistent with setting Re
(√

εv
)
= 1 in320

the Snell’s law. Moreover, reflections at a soft-layer interface are neglected, such that the interface reflectivities are assumed

sH = sV = 0. Accordingly, the parameterization of the interface roughness of a soft layer is of no relevance.

Typically, VOD has been considered as the parameter of interest in the retrieval of vegetation parameters derived from

passive microwave radiometry (Mo et al., 1982; Kerr and Njoku, 1990; Zotta et al., 2024; Mialon et al., 2020; Fan et al., 2019),

while the scattering albedo has been considered an a priori fixed nuisance/calibration parameter. However, recent retrieval-325
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(Schwank et al., 2021, 2024) and modeling studies (Zhou et al., 2024) have investigated links between the effective radiative

transfer parameters τv and ωv with geophysical variables of the forest: Schwank et al. (2021, 2024) introduced a model for the

optical depth of the type

τv = fv(mv,Mv,Tv;βv), (15)

where mv and Mv stand for the canopy column water content and above ground dry biomass, respectively. While this VOD-330

model focused on the temperature dependence of VOD, in principle it provides a function — conceptually similar to the

dielectric functions for soil and snow — linking the optical depth with the geophysical variables of interest at L-band, similarly

to the dielectric functions for soil expressing ground permittivity εg with soil water content.

Currently, there is no model that describes the scattering properties of a forest layer (i.e., κs,v or ωv) with a level of simplicity

low enough to be directly applicable to practical retrieval problems. However, more complex electromagnetic models account-335

ing for sophisticated forest architectures have been developed to simulate the effective radiative transfer properties, which can

then be used to support and guide the retrieval process (Zhou et al., 2024; Chen and Tan, 2024).

For example, Zhou et al. (2024) developed a hybrid model (the Microwave Emission Model for Layered Vegetation;

MEMLV), which is based on a combination of a tree structure model (TSM), the 2S MEM, and a discrete scatter model (DSM).

MEMLV discretizes the vegetation structure into multiple vegetation layers n= 1, . . . ,N based on the macro-parameters de-340

scribing the crown shape, the canopy-height, and the canopy gap fraction. The TSM and the DSM are used to compute the

single scattering albedo ωn and VOD τn of each layer, in which the number density, dimensions and size-distribution of vegeta-

tion constituents are considered. Similar to the approach described in Section 2, the 2S MEM is used to calculate the upwelling

BTs above the vegetation. Finally, an optimization procedure is used to obtain the effective radiative transfer parameters τeff

and ωeff , of the stack of vegetation layers representing the canopy. Although MEMLV’s parameterization is too complex for345

direct use in practical retrievals, statistical relationships could be established between its simulated effective radiative transfer

parameters (τeff ,ωeff) and bulk forest properties, namely canopy column water content mv and above-ground dry biomass

Mv. Early in the SMOS mission, equivalent propagation properties of different vegetation types (intended for use with the

zeroth-order τ −ω MEM) were estimated from BTs simulated using the matrix doubling algorithm (Ferrazzoli et al., 2003).

However, approaches leveraging the 2S MEM, which allows vegetation to be represented by multiple layers, have not yet been350

explored. Studies based on MEMLV, therefore, represent a promising avenue for future research.

3.1.5 Atmosphere

As illustrated in Figure 1, the atmosphere is considered as the topmost layer in every scenario model. The radiative transfer in

the atmosphere is represented by its optical depth τatm and its effective temperature Tatm. Volume scattering in the atmosphere

can be omitted ωatm = 0. Optical depth and effective temperature of the atmosphere layer are estimated using 2 meters above355

ground air temperature Tair (in units of K), humidity ϱatm (in units of g/kg), and the altitude of the footprint area above the

sea level hasl (in units of km) with the following empirical regression formulas originally developed by Pellarin et al. (2003)
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Coef. Value Unit Coef. Value Unit

a0 5.051× 100 − b0 −4.011× 100 −
a1 1.727× 10−3 K−1 b1 −3.34× 10−3 K−1

a2 −6.9× 10−3 km−1 b2 −2.193× 10−1 km−1

a3 1.92× 10−3 kg g−1

Table 2. Regression coefficients for the atmospheric effective temperature and optical depth regression formulas in Eq. (16).

and used later (with different parameter values) by Schwank et al. (2015).

Tatm = exp(a0 + a1Tair + a2hasl + a3ϱatm) [K]

τatm = exp(b0 + b1Tair + b2hasl) [−]. (16)

The used coefficients from (Schwank et al., 2015) are reported in Table 2. The superstrate above the atmosphere is the cold360

space. The known cosmic background radiation (Wilson, 1979) acts as the downwelling boundary condition T↓ = 2.7 K.

With the atmosphere as the topmost layer, upwelling BT at the top of the atmosphere (i.e., at the satellite radiometer antenna)

is simulated following the approaches outlined in Section 2.

3.2 Modeling the satellite-observed antenna temperature

In what follows we use γ to denote observation configuration of a particular satellite measurement, including (but not nec-365

essarily limited to) the observation angle θ, polarization p, and the antenna footprint pattern. As the antenna temperature T γ
A

measured by a space-borne radiometer is a convolution integral of BTs T γ
B(·) over a large footprint and the antenna’s gain pat-

tern G(·) (Eq. 3), it may include contributions from various different land cover types and surface conditions, each of which are

represented by an appropriate scenario model. To list common scenario models over land, we first distinguish between differ-

ent substrates: in all common cases it is either water or ground. A ground substrate can be covered by snow and/or vegetation,370

while a water substrate can be covered by ice or ice and snow layers. Such layer configurations define the common scenario

models, which can be made more complex by increasing the number of layers of any medium. Important use cases for multiple

layers of the same natural medium include freezing soil (e.g., thawed soil substrate below a frozen soil layer), melting snow

(e.g., snow wetness appearing in different parts of the snow pack), and vegetation (separate modeling of vegetation understory

and forest, or modeling dense forest canopies represented by multiple vegetation layers).375

We defined seven common scenario models to demonstrate and to constrain the explanation of modeling the satellite-

observed antenna temperature. The scenario models are referred to as by codes: G, GS, GV, GSV, W, WI, and WIS. The

seven scenarios are composed of five basic layer types: (G)round, (W)ater, (S)now, (V)egetation, and (I)ce. For example GSV

refers to a scenario model with ground substrate covered by snow, vegetation, and atmosphere layers. Since the atmospheric

top-layer is part of all seven model scenarios and is parameterized using the same radiative transfer parameters τatm and Tatm,380

it has been omitted from the scenario names. The collection C = {G,GS,GV,GSV,W,WI,WIS} denotes the set of scenarios
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that are considered in this section. In this section we restrict ourselves to this set of standard scenarios to maintain a clear and

focused description, but more complex multi-layered scenario models are used in later case studies.

The local observation operator, denoted as T γ
B(r) in Eq. (3), depends on the location r through the scenario (land cover type)

S(r) ∈ C and it’s geophysical variables X(r) ∈ X, i.e., T γ
B(r) = T γ

B(X(r),S(r)). While the relevant inputs between different385

scenario models vary, we consider X(r) to include all relevant inputs to every scenario model considered in C. Thus the state

space X⊂ RK for some K.

The model (not including observation errors) for the satellite-observed antenna temperature T γ
A(X,S) observed from the

fields X and S is therefore given by

T γ
A(X,S) =

∫

area

T γ
B(X(r),S(r))Gγ(r)dr, (17)390

Here T γ
B(x,s) is the scenario model (local forward operator) corresponding to scenario s= S(r), input x=X(r). Function

Gγ(r) is the satellite observation footprint patterns density function on the Earth’s surface.

Often in practice, Eq. (17) is further approximated depending on the application. For the evaluation of the forward model

simulated BTs with in situ observations and satellite data, the idealized circumstances are that there is a large number of sites

distributed within the satellite footprint, and that each site m= 1, . . . ,M measures input xm =X(rm) to a model scenario395

sm = S(rm) which represents conditions at site m. Then, the integral in Eq. (17) can be approximated with

T γ
A(x,s)≈

M∑

m=1

wmT γ
B(xm,sm). (18)

The weights wm are the representativeness of each site. In ideal circumstances, when the number M of sites is large, and the

sites are distributed according to the spatial density pattern Gγ(·), uniform weights wm = 1/M are justified. Since this is rarely

the case in practice, other weighting schemes based on the locations and land cover classes of the sites are used.400

On the contrary, when considering a retrieval problem, a common approximation is to omit the heterogeneity of the geophys-

ical variables by assuming a homogeneous field (X(r) = x ∈ X for every r) reducing the Eq. (17) to a sum over the scenario

models (i.e., land cover types)

T γ
A(x)≈

∑

s∈C
wγ(s)T γ

B(x,s), (19)

where the radiometric weights w(s) for the scenarios s ∈ S are given by405

wγ(s) =

∫

area

1s(S(r))G
γ(r)dr. (20)

Here 1s(S(r)) is the indicator function; 1s(S(r)) = 1 for S(r) = s and 1s(S(r)) = 0 otherwise. In practice these are computed

based on the satellite footprint pattern Gγ(·) and auxiliary land cover and snow information maps used to define the spatial

field S(r). This process is not considered a part of the model as we consider the weights w(s) as inputs, but it is outlined in

Appendix B. The simplified version in Eq. (19) has the practical advantage of reduced complexity (number of unknowns). Yet410

this implicit regularization introduces modeling and retrieval errors related to the heterogeneity of the geophysical variables

within the satellite footprint.

15

https://doi.org/10.5194/egusphere-2026-2927
Preprint. Discussion started: 31 July 2026
c© Author(s) 2026. CC BY 4.0 License.



4 Comparison of modeled and satellite-observed BTs

To demonstrate the capability of the modeling framework presented in Sections 2 and 3, this section compares antenna temper-

atures simulated with the forward operator to corresponding satellite observations for three case studies at distinct sites with415

available in situ data. Section 4.1 shows the use case from a complex arctic Boreal forest site located in Northern Finland and

using SMOS L1C BT data. Section 4.2 presents a case study focusing on an arctic site located in Alaska and applying SMOS

L3 BT data, with particular emphasis on stable winter conditions and the influence of sub-snow soil temperature to the BT.

Section 4.3 demonstrates the performance of modeled SMAP BTs from Massachusetts, one of the SMAP core validation sites

in Northern America.420

4.1 Simulation of SMOS L1C BTs over the Sodankylä site

The SMOS L1C (European Space Agency, 2009) is the primary BT data set used in the operational L2 science products of the

SMOS mission (Kerr et al., 2010, 2012; Reul et al., 2020; Boutin et al., 2021). For an individual SMOS overpass and grip point

location, the L1C BT data is expressed as a series of observations TB(γk), k = 1, . . . ,K, where the number of observations K

varies between the overpasses. The observation configuration γk includes information on the observation angle, polarization,425

rotation angle from ground to satellite reference frame, and the footprint pattern orientation and dimensions (elliptic major and

minor axis), all expressed in the L1C data. The data is given in the satellite reference frame. To compare BTs simulated by the

forward operator with corresponding observations at horizontal and vertical polarization, the former need to be transformed

into the satellite reference frame (see e.g, (Martín-Neira et al., 2002; Kerr et al., 2011)) via

TB,X

TB,Y


=


cos

2α sin2α

sin2α cos2α




TB,H

TB,V


 (21)430

where α= αgeom +αionos denotes the total rotation angle, composed of the geometric rotation αgeom and the ionosphere-

induced rotation αionos of the surface radiance.

To demonstrate the performance of the 2S L-MEM forward operator in modeling satellite BTs, a one-year-long time series

of SMOS L1C BTs was extracted over the Sodankylä region from October 2019 to October 2020. The corresponding BT time

series was modeled using data from the in situ stations located in the Sodankylä region (Ikonen et al., 2016). For each station, in435

situ measurements of soil permittivity and temperature from the multiple sensors were used as inputs to the 2S L-MEM forward

operator to simulate corresponding BT time series measured by a space-borne radiometer. Figure 2 shows approximately 120

km × 120 km section of the CCI land cover map of the Sodankylä region. The locations of the here used in situ stations are

marked with white triangles. Ellipses indicate the 90% footprints at different observation angles from a single SMOS overpass.

A scenario model adapted to the local conditions of each station was used; scenario model GV and GSV (defined in Sec-440

tion 3.2) were used for the station with forest vegetation on ground during summer and winter (including a snow layer),

respectively. Similarly, scenario models G and GS were used for open (non-forested) sites. The radiative transfer parameters

of the vegetation layer in the forested scenario models GV and GSV were set to ωv = 0.1 and τv = τv(Tv;β) simulated using

the L-VOD model of (Schwank et al., 2021, 2024). The parameterization β of the L-VOD model was obtained from previously
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Figure 2. Approximately 120 km × 120 km area including the Sodankylä region. Background map is the CCI land cover. The white triangles

show the locations of in situ soil moisture stations. Ellipses show SMOS L1C footprints for the observation angles θ = 20◦,40◦,60◦ and

for a single satellite overpass. The shown footprints correspond to the areas within which 90% of the signal originates from. The Tähtelä

research station is located approximately at the center of the SMOS footprints.
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performed calibration against upward-looking ground based radiometer observed VOD values in the Sodankylä region (Kontu,445

2022). The resulting simulated τv provides an input for the vegetation layer parameterization, capturing the strong tempera-

ture dependence of VOD, particularly near and below the freezing point (Schwank et al., 2021, 2024). Although calibrated,

the modeled τv is affected by errors from the representativeness of the local upward-looking radiometer measurements from

below canopy and spatial heterogeneity (e.g., due to variable biomass within the SMOS footprints over Sodankylä). Effects of

this heterogeneity on the simulated BTs for the GV and GSV scenario models are beyond the scope of this study and may be450

explored in future work.

In addition to the Sodankylä in situ stations, we considered a contribution from water bodies and water courses with the

scenario models W and WIS during summer and winter, respectively. A temperature dependent water permittivity εw = εw(Tw)

was used to parameterize the water substrate with temperature Tw assumed as the layer 1 (0–7 cm) soil temperature from the

ERA5 re-analysis data product, but not allowing it to drop below 275 K.455

To represent the radiative transfer within the ice layer, its permittivity was assumed to be εi = 3.18. This choice implies

that the ice layer does not emit nor absorb radiation, so neither its temperature Ti nor its thickness di affects the simulation.

In the GSV and WIS scenario models, the snow layer was assumed dry with a density of ρs = 250 kg/m3. As discussed in

Section 3.1.3, assuming the snow layer to be completely dry is expected to introduce substantial errors in the modeled BTs

when this assumption is violated, particularly during the early spring period when wet snow is likely to be present.460

The modeled BTs from each station were further averaged into land cover class specific BTs, corresponding to four classes:

open/forested with nominal/wetland soil. Figure 3 shows the simulated time series of land-cover-averaged BTs in the satellite

reference frame (X and Y) at the observation angle θ = (40± 2.5)◦, compared with the corresponding SMOS L1C BT obser-

vations. Figure 3 demonstrates the distinct difference in the dynamics between nominal and wetland sites between each other,

and compared to SMOS. Furthermore, the strong contrast between the wetland and nominal sites highlight the importance of465

modeling wetlands explicitly.

The modeled land cover averaged BTs were further averaged into a satellite scale BT by applying land cover weights

estimated from the SMOS L1C footprint pattern data; static weights wopen = 30%,wforest = 67%, and wwater = 3% were

used. Areal fraction of the wetlands were manually tuned into a realistic value; 50% of the open area was modeled as wetland,

i.e., 15% of the total area. Figure 4 shows the comparison between the simulated averaged BT time series and the corresponding470

SMOS L1C observations. Figure 5 shows the scatter plot comparing the modeled and observed BTs. Whereas the time series

Figures 3 and 4 are limited to instances with small rotation angle α for visual clarity, in the scatter plots in Figure 5 all data

instances are shown. Table 3 shows the standard statistics associated with Figure 5.

The over all visual agreement between the modeled and observed BTs seen in Figure 4 is good; the modeled BTs follow the

seasonal dynamics of the observed BTs and the absolute level match on a visual level. However, the periods expected to be475

influenced by wet snow (end of snow periods, shown by the horizontal black bars) demonstrate differences between the two:

the modeled BT time series does not show the same drop in its values as is seen in the observed BTs. Statistics in Table 3

shows that the mean difference between the modeled and observed BTs is low (0.2− 3.2 K), but the standard deviation of the

difference is larger (7.9− 9.5 K) than what would be expected based on the SMOS noise level alone (∼ 4 K).
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Figure 3. Time series of the SMOS L1C BTs from a grip point located in the Sodankylä region (DGG D4030676) and BTs modeled with

the forward operator using in situ sensor data, and averaged into four different land cover class, (a) X polarized and (b) Y polarized BT.

BTs correspond to the observation angle θ = (40± 2.5)◦. For visual purposes only values corresponding to total rotation angle α with

sin2(α)≤ 0.1 are shown.
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Figure 4. Weighted average of modeled BTs from Figure 3 with different land cover cases weighted according to the average SMOS footprint

weights (30% open (non-forested), 67% forested, and 3% water fraction) and adjusted using a free parameter representing a wetland factor:

50% of the open area was modeled as wetland. Periods with snow present are indicated with the black horizontal bars.

4.2 Simulating winter SMOS L3 BTs over Umiat site480

Previous research has demonstrated the feasibility of retrieving soil temperature below the snow pack from SMOS observations

during stable mid-winter conditions (Ortet et al., 2025). This section demonstrates a case study of modeling SMOS observed

BTs during winter seasons from one of the sites appearing in (Ortet et al., 2025), assuming stable winter conditions and

focusing on the temperature response of modeled and observed BTs. The study site is the U.S. Geological Survey (USGS)
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Figure 5. Scatter plots comparing the observed SMOS L1C and modeled average BTs at satellite reference frame linear polarizations X (a

panel) and Y (b panel) from the Sodankylä region at the observation angle θ = (40± 2.5)◦. All rotation angles α present in the data are

shown.

Polarization N MD SDD R

X 1901 3.2 K 9.5 K 0.49

Y 1873 0.2 K 7.9 K 0.58

X&Y 3774 1.7 K 8.9 K 0.52

Table 3. Number of samples (N), sample mean difference (MD), standard deviation of the difference (SDD) and correlation coefficient (R)

corresponding to Figure 5.

Umiat site (Urban and Clow), located in Alaska, USA. A time series of SMOS L3 BTs was extracted for the Umiat grid cell485

from 2010 to 2019. The corresponding modeled BTs were simulated using the GS model scenario (see Section 3).

In situ measurements continuously collected at the Umiat site were used to parameterize the ground and snow layers. In situ

data included air temperature at 2 m above ground, snow depth, and ground temperature at 5 cm depth. The permittivity of

frozen soil was assumed as a constant εg = 4+i0.1, and the roughness parameters of the ground–snow interface were assumed

as Hg = 0.8 and Qg =NH,g =NV,g = 0.490

While in situ snow depth was used, snow density was assumed as constant with ρs = 300 kg m−3 and the snowpack was

considered dry, i.e., ms = 0 m3/m3. Furthermore, the Umiat region cell was modeled as homogeneous, neglecting vegetation,
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water bodies, and heterogeneity in soil or snow properties. The areal fraction of water bodies evaluated from a land cover data

was approximately 2%, but during winter, the BT contrast between frozen water bodies and snow-covered soil is smaller than

in summer, justifying the omission of radiative effects of water bodies on the simulated BTs representing SMOS observations495

for the Umiat grid cell.

Figure 6 compares the angular profiles of SMOS L3 and modeled BTs, averaged over the 10 winter periods (January–April)

of the study period. The scatter plot in Figure 7 compares individual SMOS L3 and modeled BTs from the January–April 2016

winter period. Both figures demonstrate overall good agreement between observations and the model. Two notable discrepan-

cies are apparent from Figure 7: (i) greater variability in SMOS L3 BTs compared to the modeled values, and (ii) differences500

between observed and modeled BTs at horizontal polarization for the nadir angle θ = 60◦.

The first discrepancy can be attributed to SMOS instrumental noise and geophysical variability, as in situ measurements at

a single site may not fully capture the natural heterogeneity present at the Umiat grid cell. A likely contributing factor to the

second discrepancy arises from reduced SMOS data quality at large observation angles and from modeling limitations related

to the angular response of ground–snow roughness, which are neglected by assuming the empirical roughness parameters505

NH,g =NV,g = 0.
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Figure 6. Averaged SMOS L3 and modeled BT angular profiles for the 10 winter periods (January to April) from 2010 to 2019. Markers and

error bars show the mean and standard deviations of the SMOS L3 data, respectively.

4.3 SMAP use case from SMAPVEX19-22 Massachusetts site

L-band BTs were modeled for the SMAPVEX19-22 site in Massachusetts (Colliander et al., 2025) and compared with cor-

responding BTs measured by SMAP. The following in situ measurements available for the Massachusetts site are relevant

here: stations with sensors measuring three layers of ground permittivity and temperature, air temperatures, and zenith-looking510
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Figure 7. Scatter plot comparing the observed SMOS L3 and the modeled BTs for horizontal (a panel) and vertical (b panel) polarizations

for the winter season from January to April 2016. The sample mean difference, the standard deviation of difference, and the correlation

coefficient are 0.2 K, 4.5 K, and 0.73 for horizontal polarization, and -0.1 K, 3.0 K, and 0.56 for vertical polarization. The number of samples

was 1107.

cameras to determine plant area index (PAI; (Wohlfahrt et al., 2001)). The PAI time-series was used to separate the foliated

and defoliated stages of the trees.

BTs were modeled based on the GGVV model scenario (an extension of the GV scenario model, see Section 3) with the two

ground layers and the two vegetation layers parameterized by the mentioned in situ measurements. The parameters defining

the radiative transfer in these layers were set as follows: Permittivity εg,deep and temperature Tg,deep of the deeper ground515

layer were obtained from a horizontally installed in situ sensor at a depth of 5 cm. The permittivity εg,surf of the surface layer

was taken from the sensor installed vertically from the surface, but the temperature Tg,surf of the surface layer was also taken

from the sensor at 5 cm depth, because the temperature measured by the vertically installed sensor corresponds more to the

skin temperature than the near-surface soil temperature, since the thermistor is at the base of the sensor. The imaginary part

of the ground surface layer’s permittivity was solved by converting the real part measured by the sensor at 50 MHz to soil520

moisture, which was then converted to the imaginary part at 1.4 GHz using the Mironov 2019 model (Mironov et al., 2020).

This approach was adopted because the imaginary part measured at 50 MHz is expected to differ substantially from its value

at 1.4 GHz due to relaxation phenomena such as the Maxwell–Wagner effect (Santamarina et al., 2001), which are particularly

pronounced in fine-textured soils with high specific surface areas as found in soils with high organic matter and clay contents.
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The radiative transfer parameters of the two vegetation layers in the employed GGVV model scenario were defined so that525

the lower layer represents the woody parts of the trees (stems and branches), and the upper layer represents the foliage. The ver-

tically installed soil sensor (skin temperature) was used to represent the temperature of the vegetation’s woody part. The choice

was between air temperature, one of the soil temperatures, or their combination. Even though many studies use air temperature

to represent vegetation temperature, it exhibits large swings and may not reflect the more slowly responding temperature of the

woody vegetation parts of the trees, but rather the foliage; therefore, it was used to represent foliage temperature.530

The set of ground interface roughness parameters were assumed as Qg =NH,g =NV,g = 0, while the Hg and the scattering

albedo ωv,low of the lower vegetation layer, including the woody parts, were tuned during the defoliated stage of the trees. The

resulting ωv,low tuned for the defoliated stage was also applied during the foliated stage. The scattering albedo of the upper

layer, ωv,up, mostly including vegetation constituents smaller than the observation wavelength, was assumed as ωv,up = 0. The

VOD τv was simulated using the L-VOD model (Schwank et al., 2021, 2024), evaluated for the in situ measured biomass of535

the vegetation and its time dependent in situ temperature Tv.

Before performing the 2S-MEM forward simulation of BTs, the permittivities and temperatures were averaged to estimate

the values representing the SMAP footprint area. Figure 8 shows the time series of the observed and modeled BT using two

models, one with leaves modeled as described above, and other without. The modeled BT time series are smoothed for visual

purposes using a Gaussian filter with window size of σ = 3 days. Figure 8 shows improved agreement between the model and540

observations when leaves are modeled using the two vegetation layers. During the defoliated stage the two models agree.

Figure 9 shows scatter plots of observed versus the modeled BT. Black markers show the defoliated instances, where the

two models agree. Blue and orange markers show the two models. An improvement in terms of the mean difference between

the modeled and SMAP measured BTs was observed: at horizontal polarization from 3.6 K without leaves to -0.3 K when the

leaves were modeled, and similarly for vertical polarization mean difference dropped from 3.0 K to -0.1 K when considering545

leaves. Both the sample standard deviation of difference and correlation coefficient improved when the leaves were modeled,

but not significantly.

5 Discussion

The two-stream radiative (2S) transfer modeling has two intrinsic differences to the zeroth order τ −ω approach:

1. The 2S approach is not limited in terms of number of layers, while the nominal τ −ω is restricted to a soil substrate550

covered by a single vegetation layer.

2. Volume scattering is modeled differently between the two; in τ −ω the scattered radiation vanishes, while in 2S it is

transferred into the opposing stream of radiation.

The first difference is relevant in modeling more complex layered systems where the τ−ω setting is not sufficient. For example,

such instances appear related to soil freezing, presence of snow (in particular snow melting), and dense forest. The second555

difference is most relevant in case of dense vegetation and forest, where the volume scattering plays a significant role at L-
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Figure 8. SMAP and modeled BT at H-polarization (a) and V-polarization (b) over the Massachusetts site. In both panels, two modeling

choices are shown: i) the upper vegetation layer (foliage) with the tuned VOD and ii) zero VOD (no leaves). Option i) was applied when the

leaves were present based on the PAI estimates, and consequently the two models agree when leaves are not present. The modeled BTs are

smoothed with Gaussian filter and σ = 3 days window size for visual purposes.

band. The two models agree in a trivial case with only a soil substrate and an atmosphere layer. Addition of a scattering

vegetation layer creates a disagreement between the models due to the different scattering mechanisms. Without scattering, the

models agree. See (Schwank et al., 2018) for an analysis of the differences of the 2S and τ −ω modeling for vegetation.

Results in Section 4.1 demonstrated the performance of the 2S L-MEM on a heterogeneous Northern boreal site. This case560

study demonstrated the need for a multi-layer model in order to have a consistent modeled BTs across the season, including

the presence of snow. The model was able to capture both the absolute level and dynamics of the observed BT time series
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Figure 9. Observed versus modeled BT for H-polarization (a) and V-polarization (b) with the two foliage modeling options. Black markers

show the periods without leaves, when the two models agree, orange show cases where leaves were modeled and blue markers where they

were omitted from the model during the periods with leaves present. Modeling leaves improved the sample mean difference from 3.6 K to

-0.3 K for H polarization and 3.0 K to -0.1 K for V polarization. Both the sample standard deviation of difference and correlation coefficient

improved in for both polarizations, but not significantly.

(Figure 4), although the standard deviation of the difference between the observed and modeled BT was larger (∼ 9 K) than

what is the expected uncertainty of the SMOS observations (∼ 4 K). Two possible sources of modeling error are: First, presence

and amount of liquid water in the snow pack. Second: wetlands were modeled using a simple soil substrate. However, due to565

organic top layer and variable water level using multiple layers to model wetlands might be needed.

Section 4.2 demonstrated the use of the 2S L-MEM on an arctic tundra site located in Alaska, focusing on the stable winter

conditions. This was motivated by a previous study (Ortet et al., 2025), which demonstrated the feasibility of retrieving soil

temperature below the snow pack is such conditions. The results of Section 4.2 showed that on average, the modeled BT were

in good agreement with the observed values throughout the study period (Figure 6). The study site included only one in situ570

station, introducing large uncertainty in terms of the spatial heterogeneity and its effects to the BT.

Section 4.3 showed a comparison of the modeled BTs to the ones measured by the SMAP satellite over one of its core

validation sites with extensive in situ data. This case study demonstrated the use of the multi-layer capability using two soil

layers together and two vegetation layers. In particular, an explicit modeling of the forest foliage improved the agreement of the

modeled and SMAP BTs (Figures 8 and 9). In this case study the spatial heterogeneity of the soil permittivity was omitted by575
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using an average permittivity value. This was not seen to produce noticeable errors. This is likely due to relative homogeneity

of the site in terms of its soil permittivity.

As discussed in the Section 3.2, the satellite observed BT is modeled as an integral of the local observation operator, weighted

by the antenna pattern, over the observation area (Eq. (17)). From this viewpoint, the modeling errors can be divided into two

parts:580

1. Errors related to the spatial heterogeneity, originating from assumptions imposed on the spatial fields of the geophysical

variables and land cover.

2. Errors and uncertainties included in the local observation operator, i.e. in the scenario models.

The errors included in the first item are more explicit, while some of the errors and uncertainties related in the second item are

more implicit and difficult to address.585

In the present study, the spatial heterogeneity was partly considered in the case study of Section 4.1 by modeling BT

separately from multiple spatially distributed stations, and then averaging them into a BT representative of the satellite-observed

value. However, spatially homogeneous VOD value was used for the forested sites across the region. On the other hand, case

studies in Sections 4.2 and 4.3 omitted the spatial heterogeneity all together.

Errors and uncertainties related to the local observation operator include uncertainties in the underlying physics (e.g., re-590

flectivity of a rough surface and volume scattering within a complex vegetation structure) which have been simplified into

parameters such as Hg and ωv. These are usually not known from any in situ measurements, and have to be either calibrated by

matching the observed and modeled BT, or set manually. In this study, we took the latter approach in order to have relatively

simple demonstration of the 2S L-MEM, however, at the cost of introducing modeling errors.

Also structural model errors are present. For example, in the case study presented in Section 4.1, a more complex multi-layer595

model for wetlands should be considered. In Sections 4.2 a single soil substrate was used with in situ data from 5 cm depth. In

particular, during winter with deeply frozen soil a multiple soil layers could improve the modeling. In both of the case studies

a homogeneous and dry snow pack was assumed. In reality a multi-layer model representing natural density gradient and wet

snow layers should be considered.

The 2S radiative transfer is a special case of a more general N-stream radiative transfer, and thus introduces errors via600

the made simplification to the radiative transfer. Another source of uncertainty are the dielectric functions used to translate the

layer’s geophysical properties into effective dielectric properties. The L-VOD model has conceptually similar role of converting

the geophysical properties of the forest layer into effective radiative transfer parameter, VOD. These functions are often semi-

empirical which depend on medium’s structural characteristics (e.g., soil composition or forest structural parameters) and other

empirical regression coefficients. Consequently, the dielectric functions contain their own errors and uncertainties, on the one605

hand related to their inherent incomplete physics or empirical approach, and on the other hand, uncertain parameterization.

These errors propagate to the modeled BTs.
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6 Conclusions

This paper reviewed a previously established modeling framework for L-band remote sensing, and described its use to model

satellite observations. Three case studies were presented, demonstrating the models performance in typical scenarios requiring610

or benefiting from multi-layer approach, which is not possible in the contemporary τ −ω modeling approach. In particular,

the 2S L-MEM is able to model natural targets outside the scope of the τ −ω, such as freezing-soil, multi-layer snow pack,

and dense multi-layer vegetation. Modeling the satellite observed BT from the spatially distributed in situ data is a complex

task independent of the used model. First, the in situ data is rarely, if ever, sufficient and part of the required model inputs

have to be either manually set or calibrated based on the observations. The sparsely distributed in situ sites provide only615

partial information on the spatial heterogeneity of the observed area. While these uncertainties were partly addressed, more

focused studies are needed in order to have a better understanding and characterization of the modeling errors, in particular

over different land cover types.

Code and data availability. The 2S L-MEM source code, together with a runnable example that reproduces a representative simulation, is

archived on Zenodo under https://doi.org/10.5281/zenodo.20283043 (Holmberg et al., 2026). The satellite and reanalysis datasets used in the620

three case studies are publicly available from their respective archives: SMOS Level-1 products including L1C at https://doi.org/10.57780/

SM1-e20cf57 (European Space Agency, 2009); CATDS-PDC L3TB brightness temperatures at https://doi.org/10.12770/6294e08c-baec-

4282-a251-33fee22ec67f (Al Bitar et al., 2017); SMAP Enhanced L2 Radiometer Half-Orbit 9 km EASE-Grid Soil Moisture, Version 6,

https://doi.org/10.5067/BN36FXOMMC4C (ONeill et al., 2023); and ERA5-Land hourly data at https://doi.org/10.24381/cds.e2161bac

(Muñoz Sabater, 2019). The used in situ data used in Sections 4.1, 4.2, and 4.3 are available from https://litdb.fmi.fi/index.php, (Ikonen625

et al., 2016), https://doi.org/10.5066/F7VX0FGB, (Urban and Clow), and https://doi.org/10.5067/3LXL78PSKVXQ, (Cosh et al., 2020) and

https://doi.org/10.5067/14BX4UOPEVRX, (Kraatz et al., 2025), respectively. The application-specific processing scripts that combine the

model code with these inputs to produce the case-study results were developed across several authors in the course of the study and have not

yet been consolidated into a publishable software release; they are available from the corresponding author on reasonable request.

Appendix A: Derivation of the layer coefficients630

Consider a homogeneous layer with thickness d, temperature T , and absorption and scattering coefficients κa and κs, respec-

tively. Denote the upwards radiating field at a local propagation angle θ as a function of depth z by y(z) and similarly the

downwards radiating field by a(z). With respect to these two, the radiative transfer equation under the two-stream assumption

is written as a pair of linear first order differential equations

µy′(z)+κey(z) = κaT +κsa(z)

−µa′(z)+κea(z) = κaT +κsy(z), (A1)635
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where µ= cosθ and κe = κa +κs is the extinction coefficient. Defining new functions ỹ = y−T , ã= a−T and making the

change of variable s= κez/µ results in

ỹ′(s)+ ỹ(s) = ωã(s)

−ã′(s)+ ã(s) = ωỹ(s). (A2)

The general solution is

ỹ(s) =Aeks +Be−ks

ã(s) =A′eks +B′e−ks, (A3)640

with k = (1−ω2)1/2, A′ =A(1+k)/ω, B′ =B(1−k)/ω, and the coefficients A and B are the free constants to be determined

from the boundary conditions. Denote α= (1+ k)/ω and β = (1− k)/ω, and noting that αβ = 1, Eq. (A3) can be written as

ỹ(s) =Aeks +Be−ks

ã(s) = αAeks +
B

α
e−ks. (A4)

Inserting s= 0 (bottom interface) into the first and s= S (top interface) into the second equation in (A4), and considering the

inwards radiating fields ỹ0 = ỹ(0) and ã1 = ã(S) as fixed boundary conditions yields645

ỹ0 =A+B

ã1 =
1

rt
A+ rtB, (A5)

where t= e−kS and r = 1/α. Solving Equations (A5) yields expressions for A and B in terms of the boundary conditions

A=− r2t2

1− r2t2
ỹ0 +

rt

1− r2t2
ã1, B =

1

1− r2t2
ỹ0 −

rt

1− r2t2
ã1. (A6)

Inserting these back to Eq. (A4) gives first for ỹ1 = ỹ(S)

ỹ1 = ỹ0t
1− r2

1− r2t2
+ ã1r

1− t2

1− r2t2
, (A7)650

and similarly for ã0 = ã(0)

ã0 = ỹ0r
1− t2

1− r2t2
+ ã1t

1− r2

1− r2t2
. (A8)

Now, returning to the original variables y = ỹ+T and a= ã+T gives the volume equations linking the four radiation quantities

at the bottom and top interfaces of the layer

y1 = w1y0 +w2a1 +w3T

a0 = w2y0 +w1a1 +w3T (A9)655

where

w1 = t
1− r2

1− r2t2
, w2 = r

1− t2

1− r2t2
, w3 = 1−w1 −w2. (A10)
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Appendix B: Computing the satellite footprint’s radiometric weights

The usual values given in the satellite data that describe the footprint size and shape are the minor and major axis and the

azimuth angle (measured clockwise from North). Denote these three by Wa, Wb, and α, respectively.660

Consider first a local cartesian plane projection where r = [x,y]⊤ and r = r0 is the footprint center coordinate. Considering

a baseline shape G0(r), the footprint density pattern can be modeled as

G(r) =
1

z
G0

(
S−1
a,bR

−1
ϕ (r− r0)

)
(B1)

where z is a normalizing constant and

Rϕ =


 cosϕ sinϕ

−sinϕ cosϕ


 , Sa,b =


a 0

0 b


 . (B2)665

are the clockwise rotation and scaling matrices. For a standard Gaussian G0 ∝ exp(− 1
2 ∥r∥

2
) this results into G(r) being a

Gaussian density with covariance Σ=RϕSS
⊤R⊤

ϕ and mean r0. The values Wa and Wb provided in the satellite data often

are the full width −3 dB values of the footprint density with respect to its peak value. Assuming Gaussian density pattern, the

standard deviation values a and b of the scaling matrix are related to the Wa and Wb by

a=
Wa

2
√
2log2

, b=
Wb

2
√
2log2

(B3)670

This relation is fully dependent on the assumed shape of the footprint density pattern.

If the land cover data S(r) is available on a local Cartesian plane projection (e.g. UTM), then the footprint radiometric

weights for different land cover classes are given by the integrals

ws =

∫

S(r)=s

G(r)dr, (B4)

to which a practical approximation is to compute the following sums over the grid cells rij with land cover class s675

w̃s =
∑

S(rij)=s

G(rij)aij , (B5)

where aij denotes the area of the grid cell. The coefficients ws are obtained by normalizing w̃s over s.

However, often the land cover data is given in geographical coordinates, i.e. ℓ= [λ,ϕ]⊤. A practical approximation is to

consider a local Cartesian plane centered at the footprint center ℓ0 with coordinates u= [ux,uy]
⊤. Linearization

λ−λ0 ≈
ux

Rcosϕ0

ϕ−ϕ0 ≈
uy

R
(B6)680

can be used to approximate the footprint density pattern in the λ coordinates

Ggeo(ℓ) =
1

z
Gcart(A

−1(ℓ− ℓ0)), A=




1
Rcosϕ0

0

0 1
R


 (B7)

30

https://doi.org/10.5194/egusphere-2026-2927
Preprint. Discussion started: 31 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Here R is the Earth’s radius in the same units as ux and uy and longitude λ and latitude ϕ are in radians. If the density

pattern Gcart in the Cartesian coordinates is a Gaussian with mean u= 0 (by the definition of the local coordinate system)

and covariance Σcart =RϕSS
⊤R⊤

ϕ , then the approximate pattern Ggeo is Gaussian with mean ℓ0 and covariance Σgeo =685

AΣcartA
⊤. The land cover weights are then estimated similar to Eq. (B5).
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