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A B S T R A C T

Forests are a critical component of the Earth system, accounting for approximately one-third of global photo
synthetic activity and carbon storage. They also provide essential habitats for countless species and vital re
sources for human activities. Low-frequency (L-band; 1–2 GHz) microwave radiometry enables the measurement 
of forest soil moisture (SM) and L-band vegetation optical depth (L-VOD), offering valuable insights into pro
cesses such as tree growth, water infiltration, soil fertility, fuel moisture, carbon stocks, wildfire vulnerability, 
and biodiversity dynamics. These measurements also support the study of carbon and water fluxes, tree responses 
to hydrological stress (e.g., drought), and fuel moisture estimation. However, existing algorithms for retrieving 
SM and L-VOD were primarily developed for low-biomass vegetation types (e.g., grasslands and croplands), 
differing structurally from forests. This motivates the present review to evaluate the current retrieval approaches, 
their performance assessment methods, and available validation resources. The review found that systematic 
uncertainties persist in forest retrievals, despite the demonstrated sensitivity of L-band brightness temperature 
(TB) to forest SM and L-VOD. Moreover, the focus on non-forest ecosystems has led to a lack of suitable ground 
truth and reference data for validating forest SM and L-VOD products, and current validation techniques remain 
underdeveloped. To fully harness the potential of L-band radiometry in forest monitoring, new retrieval algo
rithms that account for the unique structural and compositional characteristics of forests are required. Addi
tionally, validation efforts must be enhanced both quantitatively and qualitatively—particularly for L-VOD—to 
improve confidence in these remote sensing products.

1. Introduction

1.1. Background and motivation

Forests cover over 30 % of the land surface and constitute a vital 
component of the Earth system. They account for ~30 % of the total 
global photosynthetic activity, store ~30 % of the total carbon, and 
provide a habitat for countless species. At the same time, they offer 
critical resources to anthropogenic activities, such as timber, firewood, 

fiber, and food (e.g., Bonan, 2008; Lutz et al., 2018; Powell et al., 2020; 
FAO, 2020). However, monitoring the growth and disturbance processes 
of forests is challenging because instrumenting forests is logistically 
tricky or even prohibitive (e.g., Robinson et al., 2008). Remote sensing 
offers an invaluable tool for effectively providing information on large 
and remote areas.

Soil moisture (SM) [m3/m3], above-ground biomass (AGB) [kg/ha], 
and vegetation water column (VWC) [kg/m2] (see Table 1) of trees are 
some of the most critical parameters describing forests and their various 
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interactions with the atmosphere and the ground. SM has a vital role in 
controlling processes such as the growth of trees, water infiltration into 
the ground, soil fertility evolution, and fuel moisture (e.g., Robinson 
et al., 2008; Oren et al., 1999; Rakhmatulina et al., 2021). Monitoring 
AGB serves, for example, quantifying carbon stock and wood fuel, 
assessing wildfire vulnerability, and tracking the evolution of biodi
versity (e.g., Malhi and Phillips, 2004; FAO, 2020; Bunker et al., 2005). 
VWC of forests is needed for understanding carbon and water fluxes, 
observing trees’ response to the soil’s and atmosphere’s hydrologic state 
(e.g., droughts and vapor pressure deficit (VPD)), and estimating fuel 
moisture for wildfire management (Bohrer et al., 2005; Anderegg et al., 
2018; Nelson, 2001). SM and AGB are identified as Essential Climate 
Variables (ECVs) by the World Meteorological Organization (WMO) 
because of their vital roles in improving the monitoring and under
standing of the climate system (WMO, 2022; Zhou et al., 2025).

Detecting SM in forested environments requires a detectable signal 
from the soil to penetrate the vegetation canopy, such as brightness 
temperature (TB) in the case of microwave radiometry (e.g., Ulaby and 
Long, 2014). Low-frequency microwave radiation features this property 

while being sensitive to ground permittivity and L-band Vegetation 
Optical Depth (L-VOD) (e.g., Njoku and Entekhabi, 1996), which is 
defined as the attenuation of electromagnetic (EM) waves propagating 
through vegetation canopies at L-band. The former can be translated 
into SM and the latter into, e.g., AGB and VWC when combined with the 
physical properties (e.g., effective temperatures, composition, and 
structure) of ground and vegetation (e.g., Ulaby et al., 1986; Wigneron 
et al., 2024). Using radiometry in the protected band (1.400–1.427 GHz) 
within the L-band (1–2 GHz) to retrieve SM dates back to the 1970s 
(Schmugge et al., 1974); VOD can be retrieved simultaneously with SM 
from the vertically and horizontally polarised TB (Njoku and Li, 1999; 
Yueh et al., 2008). Compared to higher microwave frequencies, the L- 
band exhibits superior SM retrieval performance as it has a larger 
sensing depth and is less susceptible to surface roughness and vegetation 
effects (e.g., Schmugge et al., 1986; Gao et al., 2022). The spaceborne L- 
band radiometers enabled the global measurements of forest SM and 
VOD. In 2009, ESA (European Space Agency) launched the SMOS (Soil 
Moisture Ocean Salinity) mission (Kerr et al., 2010); in 2011, NASA 
(National Aeronautics and Space Administration) launched the Aquarius 
mission (Le Vine et al., 2010), and in 2015, NASA launched the SMAP 
(Soil Moisture Active Passive) mission (Entekhabi et al., 2014).

This article aims to review the current state of L-band radio
metry–based SM and L-VOD retrieval methodologies and their valida
tion for forest environments. Given the high importance of these 
parameters and the potential benefits of further algorithm development, 
we were motivated to conduct this review. We focus on L-band radi
ometry because of its demonstrated capability to measure both SM and 
L-VOD in forests, with sensitivity to AGB and VWC. Although active L- 
band measurements (radar) have also shown promise for SM and AGB 
retrieval, this article is limited to passive radiometry to maintain a 
focused scope. Review papers exist on SM and VOD retrievals (e.g., 
Babaeian et al., 2019; Frappart et al., 2020; Li et al., 2021a; b; Wigneron 
et al., 2017, 2024), but apart from Wigneron et al. (2024), they do not 
focus on forests, and none of them address the unique challenges of 
forested regions in the context of improving the reliability and scientific 
impact of these parameters. Here, we aim to fill that gap and support the 
community in advancing scientifically robust SM, AGB, and VWC re
trievals for forests.

The well-established, straightforward interactions between thermal 
L-band emission and short vegetation, e.g., grass and crops (e.g., Jack
son and Schmugge, 1991; Jackson et al., 1995; Wigneron et al., 1995, 
2007; Kerr et al., 2012; Chan et al., 2016), do not apply to forests. For 
example, Ferrazzoli and Guerriero (1996) proposed a microwave emis
sion model (MEM) to consider multiple scattering effects in the vege
tation, which are much more important for forests than for low 
vegetation. In addition, the microwave propagation through forests is 
complex, as they are neither homogeneous nor isotropic masses of 
vegetation but highly heterogeneous constructs of varying densities of 
stems, branches, and leaves. The attenuation of L-band waves when they 
pass through the forest canopy is influenced by multiple and variable 
scattering processes that depend on the density, orientation, and di
mensions of the leaves, branches, and stems, together with the macro 
parameters such as the canopy heights and gaps (e.g., Jeong et al., 
2023b; Zhou et al., 2024). Furthermore, TB measurements are spatial 
averages, with a footprint including a range of these conditions, so the 
eventual effective emission and penetration represent an aggregate of 
the different conditions. This means that the penetration of upwelling L- 
band emission from the forest ground does occur mostly through various 
less woody parts (leaves) and gaps in the canopy, rather than through 
the stems and branches. Thus, despite the potentially substantial water 
amounts in forest vegetation, several studies point to the fact that L-band 
satellite radiometry is sensitive to SM under forests along with L-VOD (e. 
g., Guglielmetti et al., 2008; Rahmoune et al., 2014; Colliander et al., 
2020; Ayres et al., 2021). The gaps and the less-dense parts of the 
vegetation canopy undoubtedly play a role in this; therefore, this paper 
reviews EM modelling approaches that attempt to account for these 

Table 1 
Variables used in this paper.

Variable Unit Comment

α – Absorption coefficient
AGB kg/ha Above-ground biomass

b 1/(kg/ 
m2)

A coefficient relating VWC to VOD

C – Parameter determining the weight between TG,surf and TG, 

deep for the computation of Teff

εG – Ground permittivity
e(N)

sp
– Nth-order RT solution of p-polarised emission

Eex,q V/m Exciting electric field of the qth tree, after multiple 
scattering as governed by Foldy-Lax equations

Einc V/m Incident electric field on the forest
ϕ deg Azimuth angle
f Hz Frequency
F – Scattering amplitude
G – Green’s function

HR – Roughness parameter
I ​ Intensity
κε ​ Attenuation rate in forest due to summation of scattering 

and absorption (extinction)
λ m Wavelength
l m Length

LAI – Leaf Area Index
lc m Correlation length

MD ​ Mean difference
n[H/V], 

NRV, 
NRH

– Exponential parameter for the incidence angle 
dependency of the HQN roughness correction

ωeff – Effective scattering albedo
Ω(n)

p
​ nth-order multiple-scattering contribution to the zero- 

order solution
P ​ Phase matrix of bistatic scattering of intensities
θ deg Incidence angle (off-nadir)
Q – Polarisation mixing parameter for the HQN roughness 

correction
ρsoil g/cm3 Soil bulk density

r m Radius
R – Pearson correlation

RMSD ​ Root-mean-square difference
σ m Root-mean-square height variation

SM m3/m3 Volumetric soil moisture
τeff – Vegetation optical depth
T ​ T-matrix of bistatic scattering of complex electric field

TB K Brightness temperature
Teff K Effective ground temperature

TG,[surf/ 

deep]

K Ground temperature: surface or deep layer

ubRMSD ​ Unbiased root-mean-square difference
VOD – Vegetation optical depth
VWC kg/m2 Vegetation water column
VWD m3/m3 Vegetation water density
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effects and the multiple scattering effects by stems and branches. The 
main categories are (i) MEMs that adapt the assumption of the statistical 
homogeneity within RT approaches (Section 3.2) and (ii) MEMs that 
explicitly model the EM interactions in the canopy based on the actual 
forest geometry (Section 3.3).

The relatively sparse occurrence of field experiments (see Section 4) 
targeting these questions culminated recently in field experiments 
executed at an unprecedented scale in the northeastern US and the 
southern boreal zone in Canada by the SMAP mission and its partners 
(Colliander et al., 2025; Berg et al., 2025). The L-band community 
needed this data to improve and validate the forest SM and L-VOD re
trievals, which is also one of the focus areas of SMAP’s extended mission. 
The experiments provide reference data to answer these questions for 
temperate and boreal zone forest types. While the retrieval of forest SM 
and L-VOD has received less attention, there were some focused studies 
already before the era of spaceborne low-frequency radiometry. For 
instance, Mätzler (1994) investigated and posed research questions that 
are very similar to what is currently still being asked when analysing the 
now available satellite data. These questions concern how to parame
terise the vegetation in the SM retrieval, how to translate L-VOD into 
vegetation parameters, such as AGB and VWC, and how to develop MEM 
to represent thermal L-band radiation emitted by forested grounds 
realistically.

The main challenges in retrieving SM and L-VOD for forests are: i) 
significant spatial heterogeneity of SM and vegetation at the satellite 
footprint-scale, ii) parameterization of ground roughness (ground sur
face scattering and impedance matching), iii) effects of organic cover 
layers (litter, moss, lichen), iv) parameterization of vegetation volume 
scattering (scattering albedo), v) seasonality of tree phenology, vi) snow 
in canopy and on ground, vii) freezing and thawing of the soil and 
vegetation, and viii) the small-scale vegetation heterogeneities (e.g., 
variations in stem density, crown depth, branch orientations, gaps in the 
canopy). This paper aims to review the status of the research dedicated 
to forest SM and L-VOD, the retrieval algorithms, and the data products 
to support the continued development of forest SM and L-VOD 
retrievals.

1.2. Forest soil and vegetation parameters

1.2.1. Soil
SM [m3/m3], also known as soil volumetric water content in soil 

sciences, represents the volume of water within a given volume of soil. 
Its evolution is driven by wetting and drying processes, where precipi
tation or irrigation typically causes wetting, while infiltration, evapo
ration, and transpiration govern drying (e.g., Hillel, 1998).

SM influences soil permittivity, which in turn determines soil emis
sivity, enabling SM measurement using L-band radiometers (e.g., 
Schmugge et al., 1986). Due to wetting and drying dynamics, SM is 
distributed unevenly throughout the soil column (e.g., Hillel, 1998). L- 
band radiometer measurements are governed by the profiles of soil 
permittivity and temperature, with the received emission originating 
from the surface to a depth that varies according to the permittivity 
profile (e.g., Njoku et al., 1977). However, the near-surface SM dictates 
the emissivity because of the significant permittivity gradient at the air- 
ground interface, compared to variations within the soil column (e.g., 
Shellito et al., 2016; Colliander et al., 2017).

The permittivity of the soil-water-air mixture is influenced not only 
by water content but also by factors such as how water interacts with soil 
particles (e.g., free or bound water), soil texture (sand, silt, clay), 
organic matter content, soil structure (bulk density, porosity), and 
freezing status (e.g., Topp et al., 1980; Seyfried and Murdock, 2004; 
Mavrovic et al., 2021). Converting the permittivity retrieved from L- 
band radiometer measurements to SM requires accounting for these 
additional parameters, making it a complex process (e.g., Dobson et al., 
1985; Hallikainen et al., 1985; Schwank and Mätzler, 2006; Mironov 

et al., 2009, 2019; Park et al., 2019). This paper will discuss these issues 
from the viewpoint of forest SM retrieval, needing to account for 
extremely complex textural and structural composition, organic matter 
variability, and temperature distribution.

1.2.2. Vegetation
AGB [kg/ha] refers to the total mass of living plant material (without 

water), including stems, leaves, and branches, found above the ground 
surface (CEOS, 2025). The vegetation interacts with microwaves 
through the permittivity of its components, determined by the plant 
tissue-water-air mixture (El-rayes and Ulaby, 1987; Ulaby and El-rayes, 
1987). At L-band, the dry plant tissue has a relatively low permittivity 
compared to that of water, causing changes in the water content of the 
plants to have a notable impact on the propagation of L-band emission in 
forests (e.g., Ulaby and El-rayes, 1987).

The relationship between AGB and the L-band propagation param
eters (attenuation and scattering) in the forest is complex because the 
size, distribution, and orientation of the canopy constituents (stems, 
branches, leaves/needles) affect the propagation partly independently 
from the AGB (e.g., Ferrazzoli and Guerriero, 1996). In general, forest 
AGB is slowly varying, apart from disturbances, which would lend itself 
well to a reliable AGB retrieval, given enough information about the 
structure is available. However, because the vegetation effect on L-band 
propagation also depends on the permittivity, which is dominated by the 
water content, L-VOD is a function of structure and water content, 
making retrieving these quantities challenging.

Often, dynamics in L-VOD retrieval is attributed to changes in VWC 
[kg/m2], assuming a constant AGB (e.g., Konings et al., 2021). However, 
the propagation of the microwave signals does not only depend on the 
amount of water in the path, but how it is distributed (for example, in 
extreme cases, the same amount of water could be in a continuous slab of 
liquid water or droplets of water spread out in a large volume, with a 
very different result (e.g., Ulaby et al., 1986). Therefore, a quantity of 
vegetation water density (VWD) [m3/m3], for example, could be defined 
in relation to L-VOD. Both VWC and VWD account for the total volume 
occupied by the vegetation, while for many ecohydrological applica
tions, it is their relationship to the water content of vegetation constit
uent pieces (stem, branches, leaves/needles) that is critical. This paper 
will discuss the reported L-VOD, AGB, and VWC retrievals, the chal
lenges, and how to potentially overcome them with state-of-the-art 
vegetation emission modelling.

2. L-band emission of forest ground

To retrieve forest parameters from TB, a forward operator (incor
porating a MEM as the central component) is needed to relate the 
measured TB to parameters such as SM and L-VOD. The essential com
ponents of a forest are: (i) the forest ground, defined as a layered system 
of soil, cover layer (litter, moss, etc.), and possibly snow (Fig. 1) and (ii) 
wooden tree components (branches and trunks) and leaves or needles, 
depending on the tree type (Section 3). The forest ground is defined as 
soil with a rough surface overlaid with an organic cover layer because 
the decomposing dead organic material (litter) gradually becomes the 
upper soil horizon, resulting in no clear boundary between the upper soil 
horizon and the organic cover layer that has not yet decomposed. At L- 
band, and especially when the cover layer is dry, TB upwelling from the 
forest ground is affected by the thermal emission of the soil below the 
cover. Soil emission is determined by its effective temperature and 
emissivity, when Local Thermal Equilibrium (LTE) is assumed (Sections 
2.1 and 2.2). The influence of the cover layer on thermal L-band emis
sion has been less investigated compared to an exposed soil. However, 
experimental evidence shows that moist leaf litter can dominate forest 
ground emission, and methods for modelling the TB of litter-covered 
soils have been proposed (Section 2.3).
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2.1. Effective ground temperature of forests

The effective ground temperature Teff is computed by integrating the 
ground temperature profile T(z) over depth z considering the microwave 
absorption coefficient α(εG(z) ) defined by the profile εG(z) of complex 
ground permittivity (Wilheit, 1978; Ulaby and Long, 2014). In practice, 
this integral (eq. 3 in Schneeberger et al., 2004) cannot be calculated 
because usually neither the temperature nor the absorption profile of the 
ground is known. As a way out, Choudhury et al. (1982) developed an 
empirical approach to estimate Teff from a near-surface temperature 
(TG,surf) and a deep-ground temperature (TG,deep), which typically 
represent ground temperatures at depths 0 cm to 5 cm and 50 cm to 100 
cm, respectively. An empirical parameter C determines how close Teff is 
to either TG,surf or TG,deep, depending on the integrated losses and 
emission above the deep ground layer. Accordingly, C is a function of 
frequency f and the depth profile of εG, because α depends on f and εG. 
To take into account the sensitivity of C on εG, Wigneron et al. (2001)
proposed an L-band specific parametrization by expressing C as a 
function of surface SM, making C lower for dryer ground and resulting in 
Teff closer to TG,deep and vice versa. Holmes et al. (2006) proposed the 
parameterization according to the complex permittivity of the ground 
surface. Because the absorption coefficient α is in proportion to the 
relation of the imaginary and real part of the ground permittivity 
(Chanzy et al., 1997), this parameterization has a better physical base 
and is shown to be more robust compared to the parameterization 
proposed by Wigneron et al. (2001). Lv et al. (2014, 2016) presented 
two-layer and multi-layer models using the ground complex permittivity 
to compute the scaling coefficients without fitting parameters.

However, none of the approaches mentioned for estimating Teff have 
been specifically calibrated for forest ground covered by litter or moss, 
meaning that simulated forest Teff are subject to additional un
certainties. In general, the assumption is that the Teff impact on the 
modelled TB is small because of its small relative uncertainty (in units of 

Kelvin), which is crucial for successful retrievals over the globe. Most L- 
band retrieval algorithms use land surface models as the source of 
ground temperatures in absence of simultaneous optical or higher mi
crowave frequency measurements available with SMAP and SMOS (e.g., 
Chaubell et al., 2022; Kerr et al., 2016). The modelling of the ground 
temperature in the forests is particularly challenging because of the 
difficulty modelling the thermal effect of forest canopy on the forest 
ground (e.g., Paul et al., 2004).

2.2. Ground emissivity of forests

Traditionally, ground emissivity is simulated in three steps: i) the 
ground effective permittivity is calculated using dielectric mixing 
models; ii) specular surface reflectivity is computed from the effective 
permittivity with the Fresnel equations; iii) specular reflectivity is 
adjusted to represent the more realistic non-specular (partially diffuse- 
scattering) reflectivity of the air-to-surface interface, commonly 
referred to as a rough surface (e.g., Njoku and Entekhabi, 1996; 
Schwank and Mätzler, 2006). The radiometer measurements are 
affected by the rough surface reflectivity, after the temperature 
compensation, and forward operators with various parameters and in
puts are needed to retrieve SM.

2.2.1. Dielectric mixing models
A straightforward empirical approach to express the real part of the 

complex soil permittivity by means of volumetric soil moisture (SM) was 
developed by Topp et al. (1980). The advantage of this purely empirical 
model is that it does not need any information on soil texture and 
temperature. It performs well for coarse-textured soils with a maximum 
specific matrix surface of <100 m2g− 1 and bulk densities in the range of 
1.35 g/cm3≲ρsoil≲1.50 g/cm3. However, soils are complex porous multi- 
phase media consisting of several dielectric phases such as air, free- and 
bound water, mineral and organic components of different dimensions, 

Fig. 1. (a) Schematic diagram of the vertical composition of a forest ground and its interpretation in SM retrieval. (b) Example photo of the vertical composition of a 
boreal forest ground.
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and possibly ice. A large number of physics-based dielectric mixing 
models (Sihvola, 1999) are available and used in microwave remote 
sensing (e.g., Chapter 4 in Mätzler, 2006; Wang and Schmugge, 1980; 
Dobson et al., 1985; Mironov et al., 2004) to relate soil permittivity to 
SM, whereas the more complex the model, the more soil parameters are 
needed.

In the context of L-band radiometry applied to forested areas, it is 
essential to recognise that forest ground typically has high amounts of 
organic matter due to slowly decomposing litter, consisting of plant 
debris, moss, or lichen. Organic-rich soils have small bulk densities, high 
porosities, and large specific surface areas compared to mineral soils. 
This leads to extremely high water holding capacities of up to 0.8 to 0.9 
m3/m3 compared to the typical 0.4 to 0.6 m3/m3 of mineral soils 
(Kellner and Lundin, 2001; Li et al., 2004), as well as to higher fractions 
of bound water (de Loor, 1983; Santamarina et al., 2001; Bircher et al., 
2016).

Fig. 2 (a) shows an example of the permittivity as a function of SM for 
a ground dominated by mineral and organic matter, demonstrating the 
large range of the real part of the ground permittivity (RDC) for the same 
SM value. A mixing model specifically developed for organic-rich soils in 
thawed and freezing conditions was developed by Mironov et al. (2010). 
SMOS has been using Mironov et al. (2013) after a series of model im
provements, simplifications regarding the parameterisation, and making 
it specific for L-band. The model attempts to strike a balance between 
requiring very few input parameters: SM, soil temperature, and clay 
content, rather than including a large number of difficult-to-measure 
and potentially erroneous input parameters, which is important for 
practical retrieval approaches.

2.2.2. Flat surface (specular) reflectivity
The reflectivity at the boundary between two dielectric media, which 

are homogeneous, isotropic, and non-scattering and whose interface is 
flat and smooth, can be computed from the media’s complex permit
tivities using the Fresnel equation (Ulaby et al., 1982). Fig. 2 (b) shows 
the reflectivity as a function of VSM. The reflectivity is computed from 
the ground complex permittivity (εG = έG + i⋅έǴ; note that the sign of the 
imaginary part is convention-based) based on Mironov models for 
mineral (Mironov et al., 2009) and organic (Mironov et al., 2019) soils 
using VSM and 40◦ off-nadir angle. The reflectivity is also computed 
using similar values but with έǴ = 0. The plot shows that έǴ has very 
little effect on reflectivity, meaning that έG can be solved reliably from 
reflectivity by considering the imaginary part zero, simplifying the 

inversion considerably. However, as explained in Section 2.1, έǴ is still 
relevant for determining the effective ground temperature (or in 
multilayer soil emission modelling).

As έG can be retrieved from radiometer measurements, a dielectric 
mixing model (Section 2.2.1) can be applied separately. This is partic
ularly beneficial for forested cases, for which the ground composition is 
complex and poorly known globally, and the dielectric mixing models 
for such grounds have substantial uncertainties, allowing the investi
gation and potential validation of έG independently from applying the 
dielectric mixing model (e.g., Colliander et al., 2020, 2025; Mavrovic 
et al., 2021).

2.2.3. Air-surface interface correction
The forest ground surface is not flat and smooth, and the ground is 

neither homogeneous nor isotropic; therefore, it cannot be treated as 
non-scattering, making it necessary to correct the Fresnel specular 
reflectivity to account for these factors, which are further compounded 
by the varying effect of different spatial scales of the surface roughness 
(e.g., Neelam et al., 2020; Schwank et al., 2010a). Optical or mechanical 
assessments of the surface roughness (e.g., needle boards or a laser 
profilometers, see de Rosnay et al. (2006)) cannot directly translate to 
microwave reflection due to L-band’s emission depth (a few cm in moist 
soils, tens of cm in dry soils; Jackson et al., 1996) and its inability to 
distinguish topographic features from dielectric heterogeneities 
(Schwank and Mätzler, 2006). Semi-empirical correction of specular 
surface reflectivity (e.g., Shi et al., 2002; Schwank et al. 2010a), or even 
EM modelling (e.g., Fung, 1994; Chen et al., 2003) is needed to simulate 
microwave rough ground reflectivity.

Fung (1994) and Tsang et al. (1994; 2000; 2001) provide exhaustive 
reviews of surface emission and scattering models, but these require 
extensive computational effort and detailed ground data (e.g., correla
tion length and autocorrelation function type), hampering their prac
tical use in traditional retrieval algorithms. Shi’s fast-model (Shi et al., 
2002), derived from the Integral Equation Model (IEM) (Fung, 1994), 
computes L-band reflectivities at horizontal and vertical polarisation 
across incidence angles, root mean square (rms) height variations (σ), 
correlation lengths (lc), and permittivities. However, quantifying σ and 
lc globally at the spatial scales of spaceborne L-band radiometers re
mains a significant challenge.

The HQN model, developed by Wang and Choudhury (1981), is a 
semi-empirical ground roughness model widely used in SMOS and SMAP 
SM and L-VOD retrieval algorithms to simulate rough ground 

Fig. 2. (a) Soil permittivity, computed using the Mironov soil dielectric models for mineral (Mironov et al., 2009) and organic (Mironov et al., 2019) soils (35 % 
organic content), as a function of volumetric soil moisture (SM). (b) Reflectivity as a function of SM. The reflectivity is computed using the Fresnel equation in two 
cases for the mineral and organic cases: 1) the complex permittivity with the actual computed imaginary part, and 2) the complex permittivity with the imaginary 
part set to zero, as a function of VSM.
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reflectivities. While the four parameters (HR, Q, nH, nV) are interde
pendent, their main impacts are distinct: HR reduces Fresnel reflectivity 
equally for horizontal (H) and vertical (V) polarisation by accounting for 
small-scale surface undulations (Wigneron et al., 2011), Q decreases 
polarisation differences by increasing polarisation mixing, and nH and nV 
reflect the incidence angle-dependent effects of roughness. HQN pa
rameters have not been validated globally and they are not likely to 
exist; parameters for operational data products are therefore determined 
empirically to align retrieved SM with corresponding in situ measure
ments. Consequently, developing new data products (e.g., forest SM, L- 
VOD, or snow properties) requires reviewing roughness 
parameterisation.

Ground surface roughness can also be viewed as “small-scale” 
dielectric heterogeneities, or “dielectric roughness” (Wigneron et al., 
2017). The Air-to-Soil (A2S) transition model (Schneeberger et al., 2004; 
Mätzler, 2006; Schwank et al. 2010a) describes the soil-air boundary as 
a gradual transition zone influenced by surface undulations (Fig. 3(a)). 
Apart from the “small-scale” topography, this zone can also account for a 
range of non-scattering dielectric heterogeneities, such as moisture 
variations (e.g., local ponding), soil structure (e.g., stones), and over
laying materials (e.g., litter, sparse vegetation, or light snow). The 
dielectric transition (Fig. 3 (d)) is represented by a dielectric mixing 
model that considers the increasing volume fraction (Fig. 3 (c)) of bulk 
soil with depth. Rough ground reflectivities are calculated using a 
coherent radiative transfer model (Bass et al., 1995). A fast-model 
detailed in Chapter 4.7.5 of Mätzler (2006) computes rough-soil 
reflectivity relative to the specular Fresnel reflectivity, with relative 
roughness defined by the ratio between standard deviation of surface 
height and observation wavelength. This fast model is adaptable for 
different wavelengths by considering the Bragg limit for small-scale 
undulations. Its form is similar to the HQN model and other semi- 
empirical roughness models (e.g., Wegmüller and Mätzler, 1999; Mo 
and Schmugge, 1987).

The forest ground surface layer is typically mixed with significant 
amounts of organic matter (O-horizon), compounding the problem of 
defining the surface roughness, including the dielectric roughness, 
because of organic matter’s low bulk density and its variability (e.g., 
Colliander et al., 2025; Berg et al., 2025). This amplifies the problem of 
transforming the Fresnel reflectivity of an idealised specular surface to 
the actual reflectivity with ad hoc parameters. At the same time, high- 
fidelity EM modelling is difficult because of the complexity of parame
terising the volume with physically based descriptors, and finding those 
descriptors globally for retrieval algorithms is challenging.

2.3. Ground cover layer in forests

The forest ground is typically covered with decomposing leaves or 
needles deposited by the trees or a living layer of moss or lichen. The 
type and thickness of this cover layer vary based on multiple factors, 
including forest type, soil type, climatology, growth stage of the forest, 
etc. Over time, this cover layer contributes to the formation of the humus 
layer (e.g., Berg and McClaugherty, 2008) (Fig. 1). The effect of the 
cover layer on microwave emission has not been investigated exten
sively, but there are a few studies that have attempted to quantify this 
effect; in each case, the forest floor composition was different.

Schwank et al. (2008) used the Forest Soil Moisture Experiments 
(FOSMEX) at the Research Centre Jülich (Germany) to investigate SM 
detectability under a deciduous forest using L-band radiometry. They 
retrieved forest ground information and L-VOD from L-band TB, noting 
minimal differences between foliated- and defoliated states. An 
aluminium foil isolated ground effects, while irrigation showed that TB 
responded only for a few hours as the water drained through the cover 
(litter) layer into the soil, which remained wet for days. This suggested 
that L-band radiometry over forests is influenced mainly by the moisture 
in the cover layer, complicating SM inference (Fig. 1). Measurements 
with ~1.2 kg/m2 leaf litter showed that the ~2 cm litter layer was 
nearly “invisible” when dry but significantly affected TB when wet. An 
empirical model simulating TB over time, assuming an exponential 
decay of litter moisture, closely matched the measured TB.

Kurum et al. (2012b) used a ground-based microwave active/passive 
instrument to study a Virginia Pine forest, collecting data on tree bio
physical parameters and forest ground characteristics. The site had 
medium-sized evergreen conifers (12 m tall) and a forest ground with 
loose debris, needles, and an organic transition layer above mineral soil 
(Fig. 1). To assess the impact of surface litter, half the site was cleared 
under wet soil conditions. Removing the cover (litter) layer led to a 
detectable decrease in emissivity for both polarizations. A first-order 
radiative transfer model, incorporating the multilayer forest floor and 
ground truth data, accurately reproduced experimental results, showing 
that the cover (litter) layer increases TB while masking soil emissions.

Seppänen et al. (2016) conducted airborne TB measurements to 
study the microwave emissivity of a boreal coniferous forest under 
varying moisture conditions, alongside ground observations of SM and 
vegetation. The L-band Microwave Emission of the Biosphere (L-MEB) 
model (Wigneron et al., 2007), used in the SMOS SM algorithm (Section 
4.1.1.1) was applied to simulate forest emissions, incorporating a moss 
and organic matter cover layer. With proper parameterization, the 
model accurately simulated forest and soil-cover emissions, achieving a 
correlation of 0.75 and a root-mean-square difference of 4.4 K. The study 
highlighted that while the humus layer complicates SM retrieval, opti
mising its parameterization could improve moisture estimates in SMOS 
observations.

Despite the successful demonstrations, modelling thermal L-band 
emissions from covered forest ground is still in its early stages, and 
further research is needed to reliably quantify SM in forests using L-band 
radiometry.

2.4. Snow on forest ground

Considering the effect of snow is relevant for SM and L-VOD re
trievals because it is possible that the soils remain thawed under snow 
(e.g., Kumawat et al., 2022), and even if the soils were frozen, retrieving 
L-VOD is desirable in these cases. While research on how snow on forest 
grounds affects L-band TB is limited, microwave radiative transfer in 
snow and ice has been extensively studied, resulting in models (Royer 
et al., 2017) like MEMLS (Mätzler, 1998; Wiesmann and Mätzler, 1999), 
HUT-nlayers (Lemmetyinen et al., 2010), DMRT-QMS (Chang et al., 
2014), DMRT-ML (Picard et al., 2013), and WALOMIS (Leduc-Leballeur 
et al., 2015). These MEMs vary in how they represent the snow micro
structure, which is less critical at L-band due to insignificant volume 

Fig. 3. Sketch of the concept used in the Air-to-Soil (A2S) transition model to 
represent impacts of surface roughness on ground reflectivity. a) The cross section of 
the soil “small-scale” topography of dimensions smaller than the resolution limit; b) 
the postulated A2S transition zone; c) the profile of the volumetric soil fraction 
(υA2S(z)) used in the simulation; d) the permittivity profile (εA2S(z)) finally used to 
compute reflectivities.
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scattering (Schwank et al., 2014; 2015). Current knowledge suggests 
several effects of snow on L-band TB and SM retrievals.

First, while dry snow is mostly transparent at L-band (e.g., Fig. 2 in 
Mätzler, 2001), it influences TB through impedance matching between 
air and ground permittivities and through reflection and refraction at 
both sides of the snowpack (Schwank et al., 2014; Lemmetyinen et al., 
2016). At horizontal polarisation, refraction reduces TB across all inci
dence angles (θ). At vertical polarisation, TB decreases for θ smaller than 
the Brewster angle (typically θ≲50◦ ) but increases at larger angles (Fig. 5
in Lemmetyinen et al., 2016). Moreover, if the snow is even slightly 
moist, both the real and imaginary parts of its permittivity increase 
significantly (Mätzler et al., 1984). This increases the reflectivity of the 
snow surface as well as the snow layers’ absorption, and thus its thermal 
L-band emission. The reflectivity of the underlying ground determines 
whether wet snow will increase or decrease L-band TB (Fig. 10 in 
Naderpour et al., 2017).

Second, in addition to the impacts of snow on the L-band microwave 
radiation transfer, it also affects the physical temperatures of the forest 
ground (and Teff). As demonstrated in Fig. 4(c) in Naderpour et al. 
(2017), snow has a strong thermal insulating effect, which can lead to 
delayed adjustment of ground temperatures to ambient temperatures 
well below 0 ◦C for months. Conversely, during melt periods, ground 
temperatures show the characteristic “0 ◦C curtain” associated with the 
thermal inertia of melting snow of ~0 ◦C (Prince et al., 2019).

Third, the snow cover affects the surface roughness effect on radia
tive transfer by reducing the actual roughness and making the roughness 
effect larger through shortened wavelengths. The physical impact of 
snowpack on the ground may be particularly significant for forest 
grounds because of their soft organic cover layer. However, there are 
currently no systematic studies exploring these effects.

3. Microwave emission modelling of vegetation

A critical part of the TB forward operator is modelling the EM 
interaction with complex forest structures. The primary challenges 
concern the understanding of forest structure and its representation in a 
MEM. While Maxwell’s equations (Maxwell, 1865) can precisely 
describe EM interaction, computational feasibility and adequate para
metrisation of the problem are challenging. To address the trade-off 
between the high complexity of forest structures on the one hand and 
the limitation of required descriptive data on the other, radiative 
transfer (RT) theory is often used with statistically homogeneous as
sumptions. Recent advances, however, have enabled the use of exact 
solutions through the Multiple Scattering Theory of Foldy-Lax (MST-FL). 
RT equations can be derived in two ways: i) heuristically, based on 

physical intuition (Chandrasekhar, 1960; Section 6 of Ulaby and Long, 
2014), or ii) rigorously from MST-FL using effective field and ladder 
approximations of Dyson’s and Bethe-Salpeter equations (Frisch, 1968; 
Furutsu, 1975; Tsang et al., 1985).

Approximations are inherent in the RT equations (RTE), while MST- 
FL equations are exact solutions of Maxwell’s equations for each reali
zation of the random medium. RTE involves incoherent superpositions 
of intensities, while MST-FL equations use complex electric fields. 
Because RTE averages are pre-calculated, the computed propagation 
parameters are correspondingly defined by those averages. In contrast, 
MST-FL solves individual scatterer realisations, with results averaged 
afterwards. Ensemble-averaged fields and intensities are not Maxwell 
equation solutions, whereas MST-FL solutions for each realization are 
exact.

Table 2 summarizes the key differences between RT and MST-FL 
formulations. Typically, 20 to 30 realisations are used to obtain aver
aged results. RTE assumes a constant density, independent of horizontal 
coordinates, while MST-FL does not. Foldy-Lax equations account for 
structured scatterer arrangements like tree trunks and branches, while 
RTE averages attenuation due to the effective field approximation. In 
MST-FL, the attenuation is derived numerically through transmissivity 
averages, rather than imposed as in RTE.

Understanding how MST-FL differs from RTE, commonly used in SM 
and VOD retrieval algorithms (Section 4), is crucial for the forest ap
plications due to MST-FL’s potential to enhance retrieval methods 
(Section 3.3). Foldy-Lax equations, derived from Maxwell’s equations 
via integral equations, T-matrices, and the extinction theorem (Foldy, 
1945; Lax, 1951; Peterson and Strom, 1973; Tsang et al., 1985), essen
tially solve Maxwell’s equations. Here, we will separately focus on these 
two categories, i) statistical approximation with RTE (Section 3.2) and 
ii) exact solution with MST-FL (Section 3.3), for forest emission 
modelling, as they both have and will play a role in developing forward 
operators.

3.1. Effective temperature of vegetation

The physical temperature of the forest canopy generally has a sig
nificant effect on the total forest TB because the emission of the vege
tation is proportional to VOD as the amount absorbed is also emitted 
based on Kirchoff’s law in LTE (e.g., Ulaby and Long, 2014). Fig. 4(a) 
shows simulated vertically polarised L-band TB at 40◦ incidence angle as 
a function of VOD for vegetation temperatures of 10 ◦C and 30 ◦C using 
the τ-ω (tau-omega) MEM (Section 3.4) with zero ω, as it mainly acts as 
an offset (the simulation computes the soil emission using the Mironov 
et al. (2009) dielectric model with SM of 0.25 m3/m3 and clay fraction of 

Fig. 4. (a) Simulated vertically polarised L-band brightness temperature (TB) at 40◦ incidence angle as a function of VOD for vegetation temperatures of 10 ◦C and 
30 ◦C. The simulation computes the soil emission using Mironov et al. (2009) dielectric model with soil moisture of 0.25 m3/m3 and clay fraction of 5 %. The plot 
shows the total TB, the vegetation part of the total TB, and the soil TB transmitted through the forest. No scattering was assumed in the vegetation. (b) The fraction of 
the soil TB transmitted through the vegetation of the total TB.
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Table 2 
Relationships and similarities between the radiative transfer equation (RTE) and the multiple scattering theory Foldy-Lax (MST-FL) equation.

RT Equation MST-FL Equation Key Point in Comparison

Multiple Scattering 
Effects Yes Yes

RTE includes multiple scattering of intensities. FL considers multiple 
scattering using complex electric fields.

Governing equation
dI(θ,ϕ, z)

dz
= − κeI(θ,ϕ, z) + n0

∫ π
0 dθ́ sinθʹ ∫ 2π

0 dϕʹ × P(θ,ϕ; θʹ,ϕʹ)I(θʹ,ϕʹ, z)

(1,2)
Eex

q = Einc +
∑N

p=1,p∕=q
GTpEex

p , q = 1, 2,…,N (3,4,5)

RT is heuristically based using energy balance and incoherent addition of 
intensities s. FT is equivalent to Maxwell’s equations as they are derived 
exactly from them. FL considers multiple scattering of trees. Trees are 
labelled with index p,q = 1,2,3, …,N up to N trees. Eex

q is the final 
exciting/incident field on tree q

Directions
θ inclination angle, discretized 

ϕ azimuthal angle 
cosϕ and sinϕ harmonic expansions

kz = kcosθ, discretized 
k = 2π/λ 

θ inclination angle 
ϕ azimuthal angle 

cosϕ and sinϕ harmonic expansions

In RT, propagation of intensity is in direction of 
Inclinations angles and azimuthal angles. In FL, propagation of electric 
fields is decomposed also into Inclinations angles and azimuthal angles

Relation to scattering 
amplitudes 
f(θ,ϕ; θʹ,ϕʹ)

P(θ,ϕ; θʹ,ϕʹ) = |f(θ,ϕ; θʹ,ϕʹ) |2 (1,2) T(θ,ϕ; θʹ,ϕʹ) = 4πf(θ,ϕ; θʹ,ϕʹ) (1,2)
RT phase matrix uses absolute value of scattering amplitude of cylinders 
and disks. FL T-matrix uses complex amplitude from an entire tree.

Derivations 
of RT and FL

using effective field approximation and ladder approximation FL derived From Maxwell equations using integral equations, 
T matrices, and extinction theorem

RT originates from FL as it is derived from FL, using approximations. 
MST-FL just solve FL numerically without approximations

Solution of Maxwell’s 
equation Approximate

Exact solution of Maxwell equation for each realization of 
random medium

RT results cannot be validated from numerical electromagnetic software. 
Numerical results of FL have been validated from commercial software.

Intensity vs complex 
electric field Intensities are real Complex electric field with amplitude and phase Maxwell’s equations consist of complex electric fields.

Averaging Phase matrices averaged quantities and then substituted in RT equations
Electric field solutions of FL are computed for each 
realization. Results are subsequently averaged over 

realisations

Averaging order differs: RT first averages single-object bistatic cross 
sections into phase matrices and then solves the RT equations; FL first 
solves full-wave Maxwell for whole-tree forests and only then averages 
the numerical results.

Distribution of forest 
components

Constant, independent of horizontal coordinates Scatterers attached in structural manner in trees with clusters 
and gaps

RT assumes uniform-density cylinders/disks filling the forest (no gaps)— 
ok for trunks, not branches/leaves. 
FL computes whole-tree T-matrices directly, avoiding such assumptions.

κe 

Attenuation 
coefficient

Explicit attenuation κe in RTE equation
Attenuation obtained from averaged transmissivity that gives 

effective attenuation

In RT, attenuation rate is assumed to exist. In FL, no such assumption is 
made. In electromagnetics, bistatic scattering and transmissions are 
calculated for an entire forest

1. Tsang et al., 1985; 2. Tsang et al., 2000; 3. Tsang et al., 2001; 4. Tsang et al., 2022; 5. Jeong et al., 2025
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5 %). The plot shows the total TB, the vegetation part of the total TB, and 
the soil TB transmitted through the forest. Fig. 4(b) shows the fraction of 
the soil TB transmitted through the vegetation of the total TB.

The plots highlight the high vegetation TB (>100 K) and the low 
fraction of soil TB transmitted through vegetation (<50 %) for VOD 
values above 0.5, typical of forests (e.g., Chaubell et al., 2022). Accu
rately estimating vegetation TB requires its correct physical tempera
ture. As VOD increases, the importance of vegetation TB grows, 
especially as the contribution of soil TB diminishes.

Retrieving SM and VOD requires correctly estimating the different 
TB components in the measured TB. Traditionally, retrievals for low 
VOD areas assume soil and vegetation share the same physical tem
perature. However, in forests, vegetation temperature can differ signif
icantly from soil temperature (e.g., Colliander et al., 2020), amplifying 
the challenge. Additionally, the vegetation temperature used in re
trievals must effectively represent the forest components that absorb and 
emit radiation, a topic that has received little attention in the literature.

Global retrieval algorithms typically use modelled temperature to 
estimate soil Teff, which is then applied to vegetation as well (e.g., Kerr 
et al., 2016; Chaubell et al., 2022). However, few land models separately 
estimate vegetation temperature, making it difficult to incorporate an 
informed value. Model errors further complicate the issue; a potential 
solution—combining air and soil temperatures—remains untested. 
However, it has been shown for boreal forest that air temperature is a 
good proxy for vegetation temperature, which could be retrieved from 
common climate models or reanalysis (Roy et al., 2020).

3.2. Forest emission modelling using statistical forest representation

The most common method for simulating thermal microwave emis
sion from vegetated landscapes is RT theory, which accounts for single 
and multiple scattering. In RT, the forest canopy is modelled as an 
ensemble of tree components with known statistical properties. Because 
of the independent scattering assumption, RT is inherently incoherent, 
ignoring phase information. However, in microwave remote sensing, 
considering coherent effects is often not necessary as they average out 
over large radiometer footprints, especially at low frequencies like L- 
band. The RT approach remains widely utilised in microwave radiom
etry of vegetation for its simplicity and intuitiveness. Numerous 
methods for interpreting measurements solve the inverse problem of RT 
equations, though the multi-scale heterogeneity of forests challenges the 
inherent assumption of statistical homogeneity.

The “discrete scatterers” model represents the forest canopy with a 
unique configuration for each scatterer and a permittivity distinct from 
the background (air) (Lang, 1981; Tsang et al., 1985). These scatterers 
are typically modelled as dielectric disks (for leaves) and finite-length 
dielectric cylinders (for trunks, branches, and needles). Analytical 
scattering models for these shapes have been developed (LeVine et al., 
1983, 1985; Seker and Schneider, 1988; Karam et al., 1988). The 
averaged single-scattering characteristics of these elements determine 
the canopy’s total extinction (attenuation plus scattering). This model 
directly links to tree biophysical properties, including water content, 
orientation, and size distribution.

Solving RT equations becomes complex when scattering is signifi
cant, as it couples equations for polarised intensities and upward and 
downward radiation. Depending on the medium’s effective scattering 
properties, the phase function is ignored (Mo et al., 1982), simplified 
(Schwank et al., 2018), considered small (Kurum et al., 2011; Salim 
et al., 2021; Chen and Tan, 2023), or combined with other terms 
(Karam, 1997) for analytical approximations. Methods for handling 
strong scattering in forest canopies with high scattering albedo include 
iterative techniques (Mo et al., 1982; Karam, 1997; Kurum et al., 2011; 
Salim et al., 2021; Chen and Tan, 2023), the two-stream microwave 
emission model (2S-MEM) (Schwank et al., 2018), and combined active/ 
passive methods (Ferrazzoli and Guerriero, 1996; Chauhan et al., 1999; 
Martinez-Vazquez et al., 2002). These vary in complexity based on 

assumptions regarding absorption, scattering, and canopy structure. We 
will first outline forward models and their assumptions, then summarise 
efforts to parameterise them effectively.

3.2.1. Iterative solutions
Iterative methods are commonly used in the RT calculations to 

handle multiple orders of scattering (Ishimaru, 1978; Tsang et al., 1985; 
Ulaby et al., 1986; Fung, 1994). A scattering-related parameter (e.g., 
volume scattering, phase function) is chosen as a perturbation param
eter, and the RT equation is cast solved iteratively, generating successive 
approximations (zeroth order, first order, etc.). In each iteration, the 
previous order’s TB serves as the excitation source. This process con
tinues until the solution converges to a desired level of accuracy. The 
iterative approach allows for physically interpretable and separable 
scattering paths but increases computational cost, making it less 
appealing for use in inversion-based retrieval methods.

3.2.1.1. Successive orders of scattering. The most common perturbation 
parameter is the phase function, representing collective scattering from 
a unit volume in the vegetation. This technique, known as “successive 
orders of scattering” (SoS) (Lenoble, 1985), expands emission into a 
series of scattering mechanisms, which are added iteratively to the 
overall emission. In formal terms, the Nth-order RT solution of p-polar
ised emission can be written as: 

e(N)
sp (θ) = e(0)sp (θ)+

∑N

n=1
Ω(n)

p (θ) (1) 

where Ω(n)
p (θ) represents the nth-order multiple-scattering contribution 

to the zero-order solution (i.e., e(0)sp (θ)), resulting from ground and 
vegetation layer emissions scattered n-times by the vegetation constit
uents representing the forest canopy layer. The zero-order solution ne
glects scattering, with the phase function set to zero (Mo et al., 1982), 
meaning that the vegetation layer is considered as an effective medium 
with no volume scattering but a given attenuation (denoted as VOD or 
τp). Scattering is introduced through the single-scattering albedo 
(denoted by ωp), forming the τ − ω model. For forest canopies, the 
single-scattering albedo caused by large scatterers with dimensions of 
the order of the wavelength, such as branches and trunks, is around 0.5 
to 0.6 (see Ferrazzoli et al. (2002); Kurum et al. (2011)), requiring 
higher-order solutions for better vegetation emission estimates.

Kurum et al. (2011) derived the first-order scattering solution (i.e., 
e(1)sp (θ)) explicitly and validated it with truck-based TB measurements at 
L-band over small deciduous trees. This new formulation adds a new 
scattering term (i.e., Ω(1)

p ) to the τ − ω model (the zero-order RT solu
tion), accounting for single scattered radiation from vegetation con
stituents in the layer caused by ground and vegetation layer emissions. 
This enhanced model improves upon the tau-omega model by consid
ering scattered vegetation and ground radiation, which significantly 
influences observed emissions. Additionally, Feldman et al. (2018)
extended this work by implementing a ray tracing method to include 
simplified first-order scattering terms, aiming to resemble theoretical 
terms from the previous study. This simplified model is designed for use 
in spaceborne retrieval algorithms and represents the first attempt to 
explicitly address higher-order scattering terms in a retrieval algorithm 
at a satellite scale, particularly for quantifying multiple-scattering ef
fects from grasslands to forests.

Salim et al. (2021) conducted numerical iterations up to the fourth 
order to examine the effects of multiple scattering in a vegetation layer 
with a high scattering albedo and optical thickness. At an observation 
angle of 40 degrees, their calculations revealed that contributions to the 
RT from the zeroth to the second order were 79 %, 15.6 %, and 3.8 % for 
vertical polarisation, and 82.9 %, 12.84 %, and 3.2 % for horizontal 
polarisation, within a forest composed of aspen trees with a VWC of 15 
kg/m2 associated with 0.24 trees/m2. Chen and Tan (2023) introduced 
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an efficient numerical iterative procedure for computing multiple scat
tering to RT equations, particularly in situations with strong forward 
scattering, as observed in forests comprising tree trunks with electrical 
dimensions comparable with the observation wavelength. Their 
approach involves dividing the phase matrix into forward scattering and 
non-forward scattering directions, redefining scattering parameters by 
excluding forward scattering within a specific angular range around the 
forward scattering direction. This reformulation resulted in new RT 
equations that lead to faster convergence, reducing the number of orders 
required for convergence.

3.2.1.2. Albedo expansion. Karam (1997) rearranged the RT equations 
with respect to the scattering coefficients (i.e., single scattering albedo 
defined as the ratio between scattering and extinction (= sum of scat
tering and absorption)). He performed an iterative process on these 
modified RT equations, treating the albedo as a small perturbation 
parameter. This iterative approach led to explicit expressions for the 
zero and first-order solutions of the albedo expansion. Notably, the first- 
order solution in albedo was shown to be equivalent to Peake’s emis
sivity formula (Peake, 1959) for canopies with uniform physical tem
perature. The solution led to the definition of specular and diffuse 
albedos, which are scene albedos and different from the single-scattering 
albedos of vegetation components. In active microwave remote sensing 
terms, the specular albedo can be interpreted as the power scattered by 
the ground in the specular direction with a two-way loss in the vege
tation layer, while the diffuse albedo represents the portion of incident 
power scattered from the layer into a hemisphere above the layer.

Karam (1997) established equations for the first-order diffuse al
bedo, and it is theoretically feasible to derive higher-order diffuse al
bedo through additional iterations. The influence of multiple scattering 
is integrated into the diffuse albedo. It is worth emphasising that the 
diffuse albedo is subtracted from the zero-order solution, contrasting 
with adding solutions related to multiple-scattering orders to the zero- 
order solution in the SoS method. Furthermore, the single scattering 
albedo, characterising the proportion of the incident radiation that un
dergoes scattering as opposed to absorption and is related to vegetation 
constituent properties, can be combined with both specular and diffuse 
albedo to account for the directional distribution of scattered radiation 
throughout the medium.

3.2.2. Two-stream emission model
Schwank et al. (2018) adopted the two-stream microwave emission 

model (2S-MEM) originally used in the Microwave Emission Model of 
Layered Snowpacks (MEMLS) (Wiesmann and Mätzler, 1999) for its use 
in the simulation of TB above vegetated landscapes. The simplest version 
of the 2S-MEM adopted to vegetation involves the assumption that 
vegetation can be represented by a single “soft-layer” (diffuse layer) that 
assumes neither reflection nor refraction at its upper interface. Thereby, 
the single “soft-layer” incorporates a few key parameters such as single- 
scattering albedo and optical depth, making the single-layer version of 
the 2S-MEM well-suited for implementation in inversion-based retrieval 
algorithms (as it is demonstrated in, e.g., Li et al., 2020 and Kumawat 
et al., 2022). From a forward modelling perspective, the 2S-MEM can be 
configured with multiple layers, allowing for the consideration of ver
tical variations in forest structure. However, the 2S-MEM accounts for 
multiple scattering and multiple reflections among the vegetation layers 
and between the vegetation and the ground.

In MEMLS, the scattering layer is conceptualized as a series of hor
izontal planar layers with flat boundaries. Each layer is characterized by 
its interface reflectivity, its internal (volume) reflectivity, emissivity, 
and transmissivity, along with its associated temperature. The interac
tion between up- and downwelling TB at the layer boundaries is 

governed by energy conservation principles. To determine the radiative 
properties of each layer, the RT equations are established. Under the 
assumption of local homogeneity and isotropy in the layers, these RT 
equations are then simplified to a second-order differential equation, 
facilitating the calculation of the propagation of upwelling and down
welling radiations.

3.2.3. Compound model “MEMLV” using discrete scatter model and 2S- 
MEM

To implement the 2S-MEM in modelling forested-land emission, the 
compound model, named “Microwave Emission Model for Layered 
Vegetation” (MEMLV), was developed (Zhou et al., 2023; Zhou et al., 
2024). It is based on a hybrid approach that combines the Single-Layer 
Discrete Scatter Model (SL-DSM) (Lang and Sighu, 1983; Zhou et al., 
2020), the Multi-Layer 2S-MEM (Schwank et al., 2018), and a Tree 
Structure Model (TSM) describing the vegetation structure by statistical 
means to simulate TB of forested land.

The SL-DSM represents a vegetation layer as an effective mean me
dium with embedded dielectric scatterers to calculate the single scat
tering albedo (ω) and VOD (τ) of this layer. The embedded scatterers 
represent tree constituents such as leaves/needles, branches and trunks. 
Their scattering amplitudes, which are dependent on the scatterers’ size, 
orientation and permittivity, are computed based on the approximate 
analytic approach developed in (Seker and Schneider, 1988). An 
example of the scattering pattern of a vertically oriented dielectric cyl
inder having radius of r = 1 cm and length of l = 26 cm is shown in Fig. 5
(c).

A single layer, however, is not enough to adequately represent the 
complex structure of forest canopies. To characterize tree macro- 
structures as well as the statistical distributions of their constituents, 
the TSM was developed. The TSM represents the canopy as multiple 
stratified layers, with each layer described by certain probability density 
functions (PDFs) expressing the statistical distributions of canopy con
stituents’ dimensions, orientation, and occurrences. The primary goal in 
developing the TSM was to describe the structure of a forest canopy 
using a minimal set of parameters most relevant to microwave RT. An 
example of a three-layer (N = 3) conical tree model is shown in Fig. 5 
(Zhou et al., 2024), which shows that the TSM can be parameterized 
according to the tree crown dimensional parameters, the shape param
eter α, and the canopy-gap parameter β. In addition, the size- and 
orientation distribution (represented by PDFs) of tree constituents (e.g. 
branches of different sizes and orientations) in each layer can also be 
adjusted in order to represent realistic tree physiological characteristics. 
Finally, the upwelling TB of the multi-layer structure, is obtained by the 
sum of the TB emitted from each layer of the stack (red wide arrows in 
Fig. 5(b)) weighted by their corresponding surface area Sj (Fig. 5(a)). To 
have a realistic parameterization of the TSM, the ground-truth for a fir 
tree collected from the “JRC experiment” (Zhao, 2013) has been used.

Finally, the simulated TB is used in a cost function to find the 
effective VOD (τeff) and albedo (ωeff) of the TB emitted from an equiv
alent single-layer canopy to bridge the gaps between sophisticated 
multi-layer forward modelling and retrieval practice. This has been 
further described in section 3.4.2.

3.3. Forest emission modelling using real forest geometry

For the forest emission modelling, the scatterer (a tree) has trunks, 
branches, and leaves attached together in a structured manner with an 
architectural pattern. As.

Table 2 shows, the RTE phase matrix and Foldy-Lax T-matrix are 
essentially the same. However, while the RTE phase matrices are addi
tive sums of the bistatic cross sections of trunks, branches, and leaves 
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uniformly positioned with a uniform number of density n0, the MST-FL 
can retain the impact of the realistic forest structure in emission 
modelling, as discussed in Section 3.

In the past, exact solutions of 3D Maxwell equations for vegetation 
volume scattering and rough surface scattering were deemed formidable 
and not practical. However, the fast methods were started in 2022 and 
have been developing at a rapid pace making exact solutions of Maxwell 
equations possible and lookup tables assembled quickly. The results of 
fast method have accuracies validated by commercial electromagnetic 
software such as FEKO for small sample size such as 8 trees. On the other 
hand, the fast hybrid methods are much more efficient than commercial 
software in both memory and CPU. Fast Hybrid methods have been used 
to solve a large sample forest with 300 trees which is not possible with 
commercial software such as HFSS or FEKO.

3.3.1. Fast hybrid method of numerical solutions of MST-FL
The work of full-wave simulations of forests began with initial work 

on uniformly positioned cylinders (Huang et al., 2017, 2019). Later 
work modelled realistic trees with trunks and primary and secondary 
branches attached to the trunk (Gu et al., 2022; Jeong et al., 2023a; 
2023b). The computation efficiency of the initial Hybrid Method (Gu 
et al., 2022) was significantly improved with the development of the 
Fast Hybrid Method (FHM) (Jeong et al., 2023a; Jeong et al., 2023b).

FHM consists of three steps (Jeong et al., 2023b): i) Extraction of the 
T-matrix (Gu et al., 2022; Jeong et al., 2023a; 2023b) of a tree by uti
lising the method of moments (e.g., Altair, 2023). The tree is enclosed by 
a cylinder, and the T-matrix elements relate incident waves to scattered 
waves outside the cylinder (Fig. 6). ii) The MST-FL (Jeong et al., 2023b; 
Tsang and Kong, 2001) is used to obtain the multiple scattering among 
trees, and the various orders of the multiple scattering solutions are then 
solved iteratively. iii) The Triple FFT is applied to compute each order of 
the multiple scattering solutions, reducing the CPU time and memory 
requirements significantly (Jeong et al., 2023a).

To ensure that the FHM gives accurate solutions of 3D Maxwell 
equations, the simulated solutions for a smaller number of trees were 
compared with method of moments solutions (Jeong et al., 2023a). 
However, the method of moments can give results only for a small 
number of trees and requires an overwhelming amount of memory for a 
large number of trees. For example, using FEKO (Altair, 2023) problems 
with a tree height of 17 m have been limited to 8 trees. The comparisons 
to these cases have demonstrated agreement with the scattered field 
solutions of Maxwell equations and the electric field spatial distributions 

at the bottom plane of the trees. Large-scale simulations with 91 trees 
that are 17 m tall were carried out to compute the transmissivity through 
the trees demonstrating its applicability for use in remote sensing 
problems (Jeong et al., 2023b). The spatial distribution of electric fields 
also shows the effects of gaps and shadows; the amplitude of the electric 
field can be as high as twice that of the incident wave because of 
constructive interference. These effects cannot be simulated with radi
ative transfer approaches.

3.4. Bridging the gap between forward model complexity and retrieval 
requirements

While the TB forward modelling aims to capture fundamental 
physical mechanisms and represent the natural complexity of scattering 
and absorption over forested land, the retrieval of SM and VOD has 
typically relied on simplified MEM implementation. The reduced num
ber of parameters and minimal a priori information make them more 
convenient for operational applications. The challenge is finding the 
balance between the complexity, accuracy, and feasibility. In general, 
there are three ways to bridge the forward modelling with retrieval 
applications: simplified MEM, effective parameterisation, and look-up 
tables.

Fig. 5. Illustration of the TSM. (a) Panoramic forest structure with marked layer height hj, thickness d, and surface area Sj. (b) Side view of a tree with marked macro 
parameters Hlow, Htop, α, β, and L1, together with TB,j emitted from stacks of j layers and the total upwelling TML

B (c) Three-dimensional spatial patterns of scattering 
amplitudes F (H,H) simulated for vertically oriented cylinders illuminated by a wave incident at a nadir angle of 40◦. This figure is reproduced from Zhou 
et al. (2024).

,

Fig. 6. In MST-FL numerical solutions, an entire tree is treated as a single 
scatterer to obtain the T-matrix of a tree.
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3.4.1. Simplified MEM in the retrieval processes
The tau-omega model underpins nearly all SM retrieval algorithms 

due to its simplicity, ease of inversion, and implementation, along with 
extensive validation in areas with light to moderate vegetation (Jackson 
and Schmugge, 1991; Wigneron et al., 2007). However, theoretically, its 
applicability diminishes in large, heterogeneous vegetation with elec
trically large scatterers, such as branches and trunks, at the L-band.

The single-layer 2S-MEM model (Schwank et al., 2018), which ac
counts for multiple reflections and scattering, relies on a few key pa
rameters, including scattering albedo and VOD, making it suitable for 
inversion algorithms (Gao et al., 2020; Li et al., 2020; Holmberg et al., 
2024). In addition, a simplified first-order RT model (Feldman et al., 
2018) is implemented for parameter inversion, as its first-order scat
tering terms are expressed in terms of key vegetation parameters like 
VOD and scattering albedo.

Vegetation emission can also be modelled using the bulk parameters 
for the total transmission and scattering (Colliander et al., 2018), 
making it compatible with inversion algorithms (Colliander et al., 2020; 
Ambadan et al., 2022). However, comparisons between these parame
ters and those of the tau-omega or the 2S-MEM (and their derivatives) 
require caution, as they are fundamentally defined differently.

3.4.2. Effective parameters for simplified retrieval implementation
Ferrazzoli et al. (2002) first suggested that the tau-omega model can 

implicitly account for multiple scattering through effective parameters. 
Vegetation parameters VOD and scattering albedo are calibrated using a 
multiple-scattering model (Ferrazzoli and Guerriero, 1996) and 
measured canopy data. Subsequent studies refined and validated this 
approach against radiometric measurements (Saleh et al., 2005; Della 
Vecchia et al., 2007; Della Vecchia et al., 2010; Grant et al., 2008). 
Kurum (2013) later established a direct physical link between effective 
vegetation scattering parameterisation and the tau-omega model, 
incorporating multiple scattering and single-scattering effects into an 
effective scattering albedo while preserving the model’s form. Unlike 
single-scattering albedo, which depends solely on vegetation properties, 
the effective albedo is shown to be dynamic, influenced by factors like 
SM. It also exhibits lower sensitivity to observation angle and polar
isation, aligning more closely with the empirical values used in SM 
retrieval algorithms.

Chen and Tan (2023) introduced a method to parameterise the RT 
model using an effective tau-omega formulation that accounts for mul
tiple scattering. By equating higher-order and zero-order RT solutions in 
two sequential steps, they determined the effective optical depth and 
effective scattering albedo. Their results showed that the vegetation 
layer transmissivity derived from the equivalent parameter is consid
erably higher than theoretical VOD values from RT solutions and closely 
matches full-wave simulations (Huang et al., 2017). This underscores 
the importance of considering multiple scattering and heterogeneity 
effects to extend RT theory’s applicability.

The MEMLV (Section 3.2.3) further optimises the retrieval of effec
tive VOD (τeff) and scattering albedo (ωeff) using simulated TB from 
realistic tree structures. This two-parameter retrieval depends on forest 
physiological parameters such as tree height, canopy gap, and dry- 
matter fraction of constituents (Zhou et al., 2024). By parameterising 
retrieval algorithms with simulated (ωeff) based on external sensor 
data–e.g., tree height from Lidar or forest-hole fraction from optical 
sensors–VOD retrievals could become more dynamic and accurate.

3.4.3. Reducing the number of unknown retrieval parameters with other 
data sources

Beyond simplifying forward MEMs, the number of free parameters in 
retrieval algorithms can also be reduced by incorporating auxiliary data. 
For example, VOD retrieved from multi-angle SMOS TB can support SM 
retrieval from single-angle SMAP TB, thereby reducing the risk of 
underdetermined inversions. Lidar-derived vegetation structure can 
help constrain parameters such as the single-scattering albedo. Likewise, 

active and passive microwave observations at other frequencies (e.g., C- 
and X-band) provide complementary information in regions with dense 
vegetation, where shorter-wavelength TBs are dominated by vegetation 
emission. In all these cases, auxiliary data facilitate the separation of soil 
and vegetation contributions, thereby improving the robustness of L- 
band two-parameter retrievals. Nevertheless, auxiliary datasets them
selves introduce uncertainties that may propagate into the retrieved 
parameters, underscoring the need for careful error propagation analysis 
when integrating such data into retrieval algorithms.

3.4.4. Look-up tables
Retrievals can also be performed using pre-computed multi-dimen

sional look-up tables (or data cubes), allowing complex forward models 
to be applied with a limited number of available parameters. This 
approach has been used for SM retrieval with L-band radar (Kim et al., 
2017) and for retrieving meltwater amounts in ice sheets using L-band 
radiometry (Mousavi et al., 2022).

The results of the forward MEM can be structured based on available 
ancillary data, such as tree height, forest fraction, tree density, clump
ing, and phenology. For unavailable parameters—such as exact tree 
location and branch geometry—ensemble averages from simulations are 
used. Since multi-dimensional look-up tables can be large, computa
tional methods like coarser discretisation and multi-dimensional inter
polation help manage their size while maintaining retrieval accuracy.

4. SM and VOD retrieval approaches and products

4.1. Retrieval approaches

This Section summarizes the main approaches for retrieving SM and 
L-VOD in forests. For soil covered by vegetation, retrieval typically in
volves inverting an appropriate MEM. While an accurate MEM should 
account for various processes affecting emission from soil and vegeta
tion, simpler models are generally preferred for manageability, despite 
reduced representation of specific properties, see Section 3.4. For for
ests, the procedure requires specific attention due to the limited avail
ability of experimental data and the complexity of the scattering and 
emission processes within the canopy.

Before the launch of SMOS in 2009, passive L-band observations over 
forests were limited but prompted key empirical studies that informed 
early retrieval algorithm development. Airborne ESTAR radiometer 
measurements over coniferous forests in Virginia showed a strong cor
relation between H-polarised TB and AGB, and also detected poorly 
drained soils (Lang et al., 2000). Subsequent experiments in Germany’s 
Jülich Forest (Guglielmetti et al., 2007, 2008) and over an Italian poplar 
plantation (Santi et al., 2009) used multifrequency and bidirectional 
measurements to estimate forest albedo and L-VOD under foliated and 
defoliated conditions. These early studies, though empirical, provided 
initial estimates of RT model parameters for forests (Wigneron et al., 
2007). They confirmed that L-band optical depth was lower than at C- 
and X-band—especially in leaf-off conditions—and that forest albedo 
typically ranged from 0 to 0.12. Litter also played a notable role in L- 
band signal behaviour, particularly in higher latitudes.

Advanced models, such as the two-stream microwave emission 
model (2S-MEM) and first-order radiative transfer approaches, enhance 
the physical realism of canopy scattering and emission by accounting for 
multiple scattering effects and vertical heterogeneity in vegetation 
structure (Section 3). In parallel, dual-channel and multi-angular 
inversion algorithms have been developed to improve the simulta
neous retrieval of SM and VOD, with spatially constrained and regu
larised approaches increasing retrieval robustness and reducing noise. 
Despite these advancements, simplifying assumptions—such as uniform 
canopy layers or fixed scattering albedo—can limit the ability to capture 
the full complexity of forest heterogeneity and temporal dynamics, 
warranting further investigation. In particular, parameter uncertainties 
in scattering albedo and transmissivity remain a significant source of 
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retrieval errors and represent a key area for future improvement (e.g., 
Ambadan et al., 2022; Li et al., 2015).

4.1.1. Approaches using SMOS

4.1.1.1. SMOS level 2 and level 3 algorithms. The average ground reso
lution of SMOS is about 43 km. The Level 1 (L1) data product provides 
multi-angular and multi-polarisation L-band TB on the ISEA-4H9 grid 
(DGG), with a 15 km internode distance for each overpass and grid point 
(Suess et al., 2004). Over land, Level 2 (L2) products include SM and L- 
VOD (Kerr et al., 2012, 2020). The retrieval minimises a cost function 
based on the squared weighted differences between measured and 
modelled TB data for various observation angles and polarisations. The 
tau-omega MEM (Wigneron et al., 2007) is used with inputs from land 
cover, soil texture, topography, and leaf area index (LAI); TB is derived 
from the modelled emissivity and surface temperature data from Euro
pean Centre For Medium-Range Weather Forecasts (ECMWF). Each grid 
node covers an area subdivided by land categories, with the retrieval 
done for the dominant fraction, while the other fractions contribute 
fixed TB values. After the initial formulation, the algorithm evolved; in 
particular, changes were applied to the soil dielectric model and the land 
cover database. In the latest version (V700), low vegetation and forest 
areas were merged into a single fraction, smoothing retrievals and 
reducing retrieval failures. The SMOS L1 and L2 science data can be 
downloaded from the ESA SMOS Online Dissemination Service after 
registration (https://smos-diss.eo.esa.int/oads/access/). The Level 3 
(L3) algorithm is similar to the L2 algorithm but uses a “slowly varying 
optical depth” concept over a 7-day period with a 25 km internode 
distance (Al Bitar et al., 2017). SMOS L3 data are available from both the 
ESA Dissemination Service and from the web application of the Centre 
Aval de Traitement des Données SMOS (CATDS) at the following link: 
https://www.catds.fr/sipad/.

When forests are the dominant fraction, the algorithm retrieves SM 
and L-VOD using fixed values for albedo (ω) and soil roughness pa
rameters (HR, NRV, and NRH) as defined by Wigneron et al. (2007). This 
approach required developing a forward model providing accurate es
timates of ω, HR, NRV, NRH, and a realistic prior value for L-VOD τ, for 
initialising the retrieval process. ω and the prior value of τ were obtained 
using the method of Ferrazzoli et al. (2002), but the fitting process was 
extended to all forests using only LAI. The Tor Vergata model (Ferrazzoli 
and Guerriero, 1996) was used to generate lookup tables relating 
simulated multi-angular emissivities (for the SMOS configuration) to 
SM, for three aggregated forest types: needle-leaf, broad-leaf, and 
mixed. Geometrical and biophysical values required by the MEM were 
related to the maximum yearly LAI value (LAImax) using allometric 
equations. Seasonal changes, such as defoliation and understory vege
tation, were accounted for by variations in LAI. Rahmoune et al. (2013)
detailed this process, and a constant ω of 0.08 was determined.

In the latest V700 version, the parameters were refined using 
multiyear SMOS data. The maximum yearly τ is now linearly related to 
LAImax, with coefficients of 0.18 for broadleaf and 0.14 for needleleaf 
forests. Multiyear data suggested a slight reduction in albedo, with both 
a three-parameter algorithm (retrieving SM, τ, and ω) and TB mea
surements from tropical forests of Amazonia and Congo confirming ω of 
0.06 for tropical forests (Vittucci et al., 2017; Parrens et al., 2017). This 
value was extended globally, though boreal forests showed slightly 
higher ω. HR was set at 0.3, and NRV and NRH were fixed at 0 and 2, 
respectively.

4.1.1.2. SMOS-IC algorithm. An alternative SMOS product, developed 
by INRA (Institut National de la Recherche Agronomique) and CESBIO 
(Centre d’Etudes Spatiales de la BIOsphère) called SMOS-INRA-CESBIO 
(SMOS-IC) aimed to create a simpler algorithm with less reliance on 
auxiliary data compared to the SMOS L2 and L3 algorithms. The SMOS- 
IC data are disseminated by the CTADS at the following link: https 

://data.catds.fr/cecsm/Land_products/L3_SMOS_IC_Soil_Moisture/. 
The L2 and L3 algorithms faced issues due to uncertainties in land cover 
and other auxiliary data, especially with mixed pixels. SMOS-IC uses the 
same grid as SMOS L3, with the retrieval based on minimising the dif
ference between the SMOS-measured multi-angular TB and those 
generated by a zeroth-order MEM. Unlike the L2 and L3 algorithms, 
SMOS-IC retrieves SM and L-VOD over wholly homogeneous pixels 
(Fernandez-Moran et al., 2017). A constant initial value of 0.2 m3/m3 

was set for SM, and L-VOD was initialised with a yearly average 
computed from previous runs. Weighted averages were used for fixed 
parameters like vegetation albedo and soil roughness, with land cover 
fractions as weights. For forests, albedo and HR were set to 0.06 and 
0.30 for the L2 and L3 algorithms, and NRV and NRH were − 1 and 1, 
respectively. Version 2 introduced several improvements (Wigneron 
et al., 2021). Particularly, an improved multi-temporal L-VOD retrieval 
was introduced, assuming slow temporal changes of L-VOD.

4.1.1.3. Other approaches using SMOS. Li et al. (2020) included the 2S- 
MEM (section 3.2.2) in the SMOS-IC algorithm as an alternative for the 
originally implemented tau-omega MEM. SM and L-VOD retrievals were 
compared against the ones obtained using the standard SMOS-IC. Details 
about this comparison are discussed in 4.2.1.

Bai et al. (2022) attempted a different retrieval approach. The multi- 
angular and multitemporal TB measured by SMOS was used to simul
taneously retrieve SM, L-VOD, the albedo, and the roughness parameters 
using only single polarisation (vertical or horizontal).

Another alternative approach was based on the use of neural net
works (Rodríguez-Fernández et al., 2015). The objective was to produce 
near-real-time retrievals with accuracy comparable to the L2 and L3 
products. The network was trained using the SM global data set of 
ECMWF in addition to measured TB data at both polarisations and in an 
angle range of 25◦ - 60◦. Improvements achieved by adding ASCAT 
backscattering coefficients and/or MODIS NDVI data were assessed. 
Rodriguez-Fernandez et al. (2017) trained the network using the SMOS 
L2 SM, besides dual polarisation measurements in the 30◦ - 45◦ range.

Thanks to the multiangle capabilities of SMOS, a new approach to 
estimate biomass directly from multi-angular L-band TB a neural 
network retrieval approach was proposed in Salazar-Neira et al. (2023), 
thus eliminating the use of L-VOD.

4.1.2. Approaches using SMAP
The SMAP TB measurements are obtained using a single feedhorn 

and parabolic mesh reflector. The footprint is about 40 km, and the 
average incidence angle is 40◦ (Piepmeier et al., 2017). A Backus-Gilbert 
optimal interpolation scheme, taking advantage of the SMAP radiometer 
oversampling is used to generate an optimally interpolated TB record on 
a 9-km grid, maintaining the native 40-km resolution.

4.1.2.1. SMAP single and dual channel algorithms. The SMAP Single 
Channel Algorithm (SCA) uses one polarisation (vertical or horizontal). 
TB is converted to emissivity using GMAO GEOS-5 temperature data, 
which is then corrected for vegetation and surface roughness to obtain 
soil emissivity. The Fresnel equation calculates the soil permittivity, and 
a dielectric mixing model retrieves SM. Only SM is retrieved, while L- 
VOD is treated as a known parameter based on the linear relation with 
VWC (Jackson and Schmugge, 1991), though non-linear improvements 
have been considered (O’Neill et al., 2021). VWC is computed from 
NDVI measured by MODIS, using foliage and stem water content esti
mates, the latter depending on the vegetation type. The stem water 
content could refer to the water content residing in the herbaceous stems 
of crops (e.g., corn stalks) or the woody stems of trees (Chan et al., 
2013). For forests, fixed parameters include albedo (= 0.05), HR (=
0.16), NRV (= 2) and NRH (= 2). The b coefficient used in the L-VOD to 
VWC (kg/m2) relation is 0.10 for evergreen and 0.12 for deciduous 
forests. The stem factor varies widely, from 7.98 for deciduous 
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needleleaf to 19.15 for evergreen broadleaf forests.
The Dual Channel Algorithm (DCA) uses both H-polarised and V- 

polarised TB observations to simultaneously retrieve SM and L-VOD by 
minimising the differences between modelled and measured TB. Similar 
to the SCA, some estimates of model parameters (e.g., surface temper
ature, surface roughness, and ω) are provided via ancillary data, but soil 
roughness and ω are parameterised differently. The original DCA was 
modified by optimising the roughness and ω and named MDCA 
(Chaubell et al., 2020), with ω of 0.07 for all forest types. A further 
refinement introduced a regularised minimisation cost function; the 
algorithm was named RDCA (Chaubell et al., 2022).

The SMAP SM products are mapped onto the Equal-Area Scalable 
Earth (EASE) grid, available at nominal (36 km) and enhanced (9 km) 
spatial resolutions. A near-real-time L2 product is also available at 
nominal resolution (O’Neill et al., 2022). L3 products provide gap-free, 
near-global daily coverage by aggregating L2 data, and are available at 
both nominal (O’Neill et al., 2023a,c) and enhanced (O’Neill et al., 
2023b,d) resolutions. Additionally, Level 4 products offer model- 
assimilated outputs, including root-zone soil moisture (Reichle et al., 
2019) and net ecosystem exchange of carbon (Kimball et al., 2025), 
providing valuable information for land surface and carbon cycle 
studies.

The SMAP SM L2 and L3 products are primarily distributed through 
the National Snow and Ice Data Center (NSIDC) Distributed Active 
Archive Center (DAAC) at the following main access link: https://nsidc. 
org/data/smap/data.

Further dual polarisation retrieval options, such as the Land 
Parameter Retrieval Model (Owe et al., 2002) and the Extended Dual 
Channel Algorithm, are described in O’Neill et al. (2021).

4.1.2.2. Other approaches using SMAP. Konings et al. (2016, 2017)
proposed a multitemporal algorithm, using dual polarisation TB 
measured by SMAP in at least two subsequent dates (MTDCA). Similar to 
previously illustrated algorithms, the retrieval is based on minimising 
the differences between measured data and the ones simulated by the 
tau-omega MEM. The algorithm uses a moving window to combine re
trievals from two consecutive overpasses, assuming L-VOD to be con
stant over those overpasses. This regularisation approach contrasts with 
the Tikhonov regularisation used by Chaubell et al. (2022) to regulate 
the change of the retrieved VOD, especially under dense vegetation and 
low-sensitivity conditions. The algorithm also retrieves the albedo, 
again using a multitemporal approach. The albedo was assumed to be 
constant over a one-year time interval. Retrievals of SM and L-VOD will 
be illustrated in the following subsections. On average, the retrieved 
albedo over pixels dominated by forests was in the 0.07–0.10 range, 
slightly higher than the default values adopted in other SMOS and SMAP 
algorithms. Variations related to forest classes were moderate.

The SMAP-IB algorithm illustrated in Li et al. (2022a) retrieves SM 
and L-VOD using SMAP dual polarisation TB, utilising an approach 
similar to the V2 version of SMOS-IC. In particular, the same para
metrisation is used, as well as the multitemporal technique, which is 
extended to SM. Zeng et al. (2020) proposed a soil moisture index (SMI) 
that differentiates the impacts of SM and core disturbance factors (i.e., 
vegetation and surface roughness) on emissivity and polarisation dif
ference ratio, which can track SM variations independently of the tau- 
omega MEM. The SMI retrieval approach was also applied to higher 
frequencies by Meng et al. (2024).

4.1.3. Machine learning approaches using SMOS and SMAP for SM 
retrieval

Conceptually, SM estimation integrates remote sensing observations, 
ground measurements, and environmental variables through predictive 
modelling frameworks (Batchu et al., 2023). This integration links data 

fusion, model architecture, and environmental heterogeneity to 
improved SM prediction accuracy (Wang et al., 2023). Deep learning 
techniques using ’s SMAP TBs have become central to advancing un
derstanding of land–atmosphere interactions, hydrological processes, 
and climate change impacts (Klingmüller and Lelieveld, 2021).

Since the launch of SMOS, SM retrieval has evolved from the 
inversion of physically based MEMs to data-driven approaches, 
advancing from early neural network implementations (Rodríguez- 
Fernández et al., 2015; Srivastava et al., 2013) to modern deep learning 
architectures (Wang et al., 2023; Zhang et al., 2023). Traditional ap
proaches, such as random forests and shallow neural networks, 
improved retrieval accuracy but struggled with missing data and spatial 
heterogeneity (Srivastava et al., 2021). In contrast, deep architectur
es—particularly convolutional neural networks (CNNs), long short-term 
memory (LSTM) models, and hybrid combinations—offer enhanced 
feature extraction and temporal modelling capabilities (Ge et al., 2018; 
Li et al., 2022b; Alemohammad et al., 2018), despite limited interpret
ability (Klingmüller and Lelieveld, 2021; Huang et al., 2023). Numerous 
studies have shown that these models can outperform traditional 
methods (Ge et al., 2018; Rodríguez-Fernández et al., 2015), with hybrid 
and physics-informed variants further improving accuracy and reducing 
bias (Orth, 2021; Wang and Xu, 2021; Han et al., 2023). Models trained 
on in situ and simulated datasets using MEMs effectively capture spatial 
and temporal variability, achieving RMSE reductions of 10–20 % rela
tive to standard methods (Wang et al., 2021; Lee et al., 2024e).

Beyond forests, deep learning has enabled substantial gains in spatial 
and temporal resolution, including downscaling from SMOS and SMAP 
footprints (~25–36 km) to ≤1 km (Ning et al., 2023; Zhang et al., 2024b; 
Wen et al., 2021; Senanayake et al., 2024), and producing daily or near- 
real-time estimates via recurrent architectures such as LSTM and 
ConvLSTM (Zhang et al., 2023). Computationally, random forests and 
shallow networks remain efficient and scalable for operational use (Ning 
et al., 2023), whereas complex models with attention mechanisms or 
physics-informed designs demand higher resources but yield superior 
accuracy (Zhang et al., 2024b; Xu et al., 2023). Consequently, practical 
deployment requires balancing model complexity and efficiency 
(Alemohammad et al., 2018).

Interpretability remains a key consideration. Explainable AI (XAI) 
methods—such as SHAP values, permutation importance, and attention 
visualisation—are increasingly used to elucidate deep learning behav
iour (Wang et al., 2023; Huang et al., 2023). Meanwhile, physics- 
informed and hybrid frameworks enhance both interpretability and 
physical consistency by embedding domain-specific constraints and 
principles (Singh and Gaurav, 2024; Xu et al., 2023).

4.1.4. Effect of forest type
Key differences arise when applying retrieval algorithms to 

temperate and boreal forests compared with tropical regions. Tropical 
forests generally exhibit stable SM climatology but complex and highly 
variable canopy water content dynamics (Ma et al., 2023; Monsivais- 
Huertero et al., 2020). Tropical broadleaf forests, characterized by low 
albedo and intricate VOD seasonality, require tailored parameterisations 
(Rahmoune et al., 2013; Vittucci et al., 2016). Incorporating structural 
information from lidar missions can help address this complexity, for 
example, by initialising VOD in retrieval schemes such as the ESA SMOS 
algorithm (Vittucci et al., 2023).

In contrast, boreal and temperate forests pose challenges related to 
snow cover, freeze–thaw cycles, and thick litter layers (surface covers) 
that affect microwave emission (e.g., Kumawat et al., 2024; Holmberg 
et al., 2024). Owing to the frost hardiness of boreal tree species, the 
dielectric properties of tree tissues change markedly as the temperature 
drops below freezing. This results from complex processes involving 
tissue shrinkage and water redistribution among different cellular 
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compartments. Moreover, these dielectric properties continue to vary 
with further decreases in temperature (e.g., Lin, 1967a, b; El-rayes and 
Ulaby, 1987; Repo, 1992; Beck et al., 2004). Coniferous forests, in 
particular, display substantial seasonal and temperature-dependent 
variations driven by canopy interception and freeze–thaw dynamics 
(Salim et al., 2021; Zheng et al., 2017; Kurum et al., 2012a; Li et al., 
2019). Accounting for seasonal and phenological processes—especially 
rapid canopy water fluctuations in tropical regions and freeze–thaw 
transitions in boreal zones—is therefore critical for next-generation 
retrieval schemes (Monsiváis-Huertero et al., 2019; Mavrovic et al., 
2018).

Advanced parameterisation approaches that integrate improved 
initialisation within the tau–omega MEM, along with multiple scat
tering, vertical heterogeneity, and radiative inertia, are highlighted as 
key to improving retrieval accuracy and robustness (Chen and Tan, 
2024; Wang et al., 2024a; Gao et al., 2020). Including dynamic vege
tation parameters further enhances ecosystem representation (Mon
siváis-Huertero, 2019). Moreover, recent advances in machine learning 
(ML) (Section 4.1.3)—particularly deep neural networks trained on 
combined radiometric, in situ, and assimilated datasets—show promise 
in capturing nonlinear relationships and mitigating scale mismatches, 
thereby improving SM retrieval performance and inversion stability in 
complex forest environments (Lee et al., 2024; Ayres et al., 2024).

4.2. Forest SM retrieval results

SMOS, SMAP, and much of the community initially focused on low- 
vegetation areas with VWC less than 5 kg/m2, excluding most forests. 
After SMOS launched, strong Radio Frequency Interference (RFI) and 
irregular angular TB trends complicated the SM retrieval, including 
some forested areas (e.g., Oliva et al., 2012). SMAP incorporated RFI 
filtering capabilities in its instrument design to reduce the impact, but 
some areas are still affected (Piepmeier et al., 2014; Mohammed et al., 
2016). Although the RFI problem is a serious one, we will not address it 
further here, as it is not specifically related to forests. In any case, the 
remedies that are urgently needed to fix this problem will also benefit 
the forest retrievals. Issues also arose from uncertainties in the forward 
operator, especially for mixed pixels and surface temperature charac
terisation. A lack of test sites and insufficient in situ measurement 
density hindered full SMOS pixel characterisation. SMAP also faced 
challenges with accurately characterising forest L-VOD, which is crucial 
for SM retrieval. Despite these difficulties, important advances were 
achieved, refining algorithms and improving retrieval results.

4.2.1. Global and regional investigations with measurement networks and 
models

A number of systematic global investigations on SMOS and SMAP SM 
retrievals have been carried out using various networks considered 
forests only marginally (Rodríguez-Fernández et al., 2017; Al-Yaari 
et al., 2019; Ma et al., 2019; Dong et al., 2020; Bai et al., 2022; Chaubell 
et al., 2022; Colliander et al., 2022, 2023); here we review studies that 
did focus on forested areas.

4.2.1.1. Results with traditional retrieval algorithms. The SMOS L2 SM 
retrievals over forested areas were initially tested against Soil Climate 
Analysis Network (SCAN) in the US, focusing on pixels with 70 % - 100 
% forest fraction. Rahmoune et al. (2014) and Vittucci et al. (2016)
reported a wide range of Pearson correlation coefficient (R) and root 
mean square difference (RMSD) values, with poor results in some pixels, 
especially in northern US forests. These early tests faced challenges, 
including short comparison period, algorithm (V620) limitations, 
particularly for mixed pixels, and inadequate spatial representativeness 
of in situ measurements, with a single measurement site available for 
most pixels that were not located inside forests. Significant improve
ments came with the V700 algorithm (Kerr et al., 2021), with further 

evaluation ongoing. In subtropical African woodlands, SM trends from 
SMOS L2 (V650) showed seasonal correspondence with the rainfall data 
from the climate research unit dataset (Vittucci et al., 2019a).

The SMOS-IC SM retrieval quality, including forested areas, was 
investigated by Fernandez-Moran et al. (2017), Li et al. (2020), and 
Wigneron et al. (2021). Fernandez-Moran et al. (2017) compared the 
performances of SMOS-IC (V105) and SMOS L3 (V300) with the ECMWF 
model SM (Albergel et al., 2012) for 2010–2015 and found that SMOS-IC 
performed better than SMOS L3 globally, except in parts of northern 
Europe and Asia. Li et al. (2020) compared two options of SMOS-IC 
version 105: one using the basic algorithm using the tau-omega MEM 
(Section 4.1.1.2) and the other using the 2S-MEM (Section 3.2.2) as a 
forward model. Comparisons involved SM from ECMWF and sparse SM 
networks distributed through the International Soil Moisture Network 
(ISMN) for 2011–2017. The retrievals achieved with the 2S-MEM 
exhibited some local improvements in unbiased RSMD (ubRMSD) but 
worsened the mean difference (MD), though the differences were min
imal. Wigneron et al. (2021) compared SMOS-IC V2 with V105, using 
ERA-5 Land modelled SM (Hersbach et al., 2020) and the data from 
ISMN, finding V2 performed better in nearly all comparisons.

Since SMOS-IC V2 performed best in the comparisons, looking into 
its performance over forests is relevant for this review paper. Wigneron 
et al. (2021) reported median R and the average statistical metrics after 
comparing SMOS-IC with ERA-5 Land and ISMN (Tables 4 and 5 in 
Wigneron et al., 2021). Forest classes showed appreciably lower R with 
ERA-5 Land than the non-forest classes, with median R values of 0.37 for 
evergreen needleleaf and 0.34 for evergreen broadleaf forests, compared 
to the global average of 0.66. Forest ubRMSD ranged 0.06–0.07 m3/m3, 
and dry bias exceeded 0.12 m3/m3. Differences between forest and non- 
forest sites were reduced when using the data from ISMN, with median R 
values higher than 0.6 and metrics similar to those of non-forest sites. 
Increasing L-VOD or LAI did not significantly degrade retrieval perfor
mance (Fig. 2 and Supplemental Fig. S7 of Wigneron et al. (2021)). 
Furthermore, ERA-5 Land includes tropical and boreal forests, while 
ISMN does not include data for these areas (see Fig. 1 of Li et al., 2020), 
potentially impacting the relative performances.

Recent investigations into the ability of SMAP’s SM products to 
retrieve SM under forests, led by Ayres et al. (2021), compared SMAP 
retrievals with National Ecological Observatory Network (NEON) mea
surements across the US. The study used the SMAP L2 enhanced 
radiometer-based SM product for 19 forest and 21 non-forest sites. Over 
the forested sites, the SCA-V algorithm yielded an average ubRMSD of 
0.06 m3/m3, R of 0.42, and MD of 0.050 m3/m3. Performance varied 
widely and worsened with increasing forest growth metrics, such as 
height, AGB, and normalised difference infrared index (NDII). Poorer 
results occurred in northern US forests. SCA-H and DCA performed 
similarly (though SCA-H showed an MD of − 0.005 m3/m3), underlying 
the sensitivity of the retrievals to the algorithm parameterisation. Non- 
forested sites performed better, as expected, and results were compa
rable to previous sparse network validation studies (e.g., Colliander 
et al., 2022).

Gorrab et al. (2025) compared L-band SM retrievals from both SMAP 
(L3/V5) and SMOS (L3/V330) over 16 boreal forested in situ monitoring 
sites located within North America. The results compared TB, soil 
reflectivity, and SM. Mixed results were found in sites with a seasonal 
drying trend. Higher correlation values (> − 0.5) were found between 
SMAP and SMOS TB and the in situ SM measurements. However, in soils 
with limited seasonality due to consistency and relatively high SM, very 
low correlations were found. In comparison, the individual site corre
lations between in situ measurements and TB and soil reflectivity were 
higher (negative correlations) than those for the L3 SM products. Cor
relations between the L3 and in situ SM rarely exceeded 0.5 at any of the 
study sites for either the SMAP or SMOS soil products.

A recent investigation based on comparisons with ERA5 climatology 
covered tropical latitudes (Ma et al., 2023). The study considered four 
SMAP algorithms (SCA-V, DCA, MTDCA and SMAP-IB) and one SMOS 
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algorithm (SMOS-IC). In areas covered by rainforests, significant time 
lags between the SM from all the considered L-band algorithms and the 
SM from ERA5 were found, with maximum correlation coefficients in a 
0.5–0.7 range for all algorithms. In forest sites of the Fluxnet network, 
significant correlation coefficients with ERA5 climatology were ob
tained (mean values in a 0.66–0.75 range). Wang et al. (2024b)
compared multiple products as well, finding that the L-band SMAP and 
SMOS products performed better than C/X-band AMSR2 and FY-3 SM 
products in forest regions; all products were influenced by surface het
erogeneity in vegetation coverage, land cover, and terrain.

Another recent study enhanced SMAP spatial resolution to finer 
scales, showing correlation improved from 0.46 to 0.55 over boreal 
forests, with RMSE reduced from 0.103 to 0.092 m3/m3, while retaining 
the temporal and large-scale spatial variability of the original SMAP 
product (Jääskeläinen et al., 2025).

4.2.1.2. Results with machine learning methods. Advancements in ML 
improved the spatial resolution and accuracy of satellite-derived SM 
products. Specifically, Random Forest (RF) models have been widely 
implemented for downscaling satellite SM. For example, Wen et al. 
(2021) found that RF downscaled SMAP and SMOS data, achieving a 
lower RMSE of 0.0255 m3/m3 compared to 0.0317 m3/m3 for SMOS, 
with better point and watershed-scale correlation and improved spatial 
detail in the Alpine Mountains scenario. Similarly, Ning et al. (2023)
used an RF algorithm to achieve high-resolution 30-m SM mapping with 
a high Kling-Gupta Efficiency (KGE) of 0.69 and a low RMSE of 0.063 
m3/m3, demonstrating the algorithm’s potential over other ML methods 
like Extra-Trees, Gradient Boosting Regression Trees (GBRT), and 
XGBoost for field-scale drought monitoring. Beyond RF, deep learning 
models like Long Short-Term Memory (LSTM) have also proven effective 
in different observation scenarios, including forests. Hybrid ML ap
proaches have also been successful, as Shangguan et al. (2023) com
bined multiple ML techniques in their MATCH method to downscale SM 
to 1 km, yielding an ubRMSE of 0.047 m3/m3, which was lower than 
SMAP’s 0.056 m3/m3, accurately reflecting both temporal variations 
and spatial patterns.

Ma et al. (2024) demonstrated the success of fusing SMAP and 
ASCAT data globally using an RF model, achieving an R of ⁓0.756 and a 
low ubRMSE of ⁓ 0.042 m3/m3. This integrated approach proved su
perior to single-sensor ML estimates, significantly improving the tem
poral resolution by over 60 % in most areas, with RF outperforming 
Long Short-Term Memory, SVM, and CNN in fusion accuracy. For 
downscaling, Nadeem et al. (2023) successfully downscaled SMAP from 
9 km to 1 km with gap-filling using an RF-based method combined with 
Terra data. This method achieved an R ⁓ 0.54 and an ubRMSE as low as 
0.034 m3/m3 for the best combination, also noting that RF was superior 
to Artificial Neural Networks for this task, though accuracy was affected 
by vegetation attenuation, with lower correlation observed in woodland 
areas.

4.2.2. Tests over specific sites
SM retrieved by SMOS L2 V620 (two pixels) and SMOS-IC (one pixel) 

were compared to ground measurements in Kang et al. (2019) for 
2014–2015. The pixels, located in the Malaysian peninsula under oil 
palm cover, showed that SMOS L2 and SMOS-IC underestimated SM in 
ascending and descending passes, with an ubRMSD over 0.06 m3/m3. 
After optimising soil roughness and vegetation parameters using local 
information, the statistical metrics improved substantially.

Abdelkader et al. (2022) compared SMAP L2 enhanced SM to in situ 
SM observations from a dense network in Millbrook, New York, between 
2019 and 2021. The network comprised 25 stations across a 33-km 
SMAP pixel with a 70 % broadleaf deciduous forest cover and a 
maximum LAI of 4–5. Excluding December to February, the ubRMSD 
ranged from 0.03 m3/m3 in September to 0.06 m3/m3 in March, with a 
wet bias and MD over 0.08 m3/m3 in all months, exceeding 0.15 m3/m3 

from July to November. The retrieval error was attributed mainly to the 
uncertainty in the effective temperature used by the SMAP algorithm.

Measurements from the Millbrook and Massachusetts sites in 2019 
were used to test L-band TB sensitivity to SM in Colliander et al. (2020). 
Both sites, covered mainly by broadleaf deciduous forests, had dense 
measuring networks. SM was retrieved using the SMAP TB, and ground 
data provided soil and vegetation temperatures. After fitting model 
parameters using detailed ground measurements, good statistical met
rics were achieved (ubRMSD of 0.042–0.052 m3/m3, R of 0.75–0.85, 
and low MD). The fitted vegetation optical depth was much lower, and 
the fitted roughness parameter was higher than the SMAP algorithm 
values.

The performance of the SMAP retrieval algorithm was tested over a 
northern Boreal site by Ambadan et al. (2022), near Candle Lake, Sas
katchewan, part of the Boreal Ecosystem Research and Monitoring Sites 
(BERMS) in Canada. The study, conducted from June to September in 
2018 and 2019, used 17 SM stations within a single SMAP 33-km pixel. 
The standard SMAP product significantly overestimated SM compared 
to in situ measurements, with a retrieved SM range of 0.2–0.45 m3/m3 

versus a measured SM range of 0.07–0.16 m3/m3. It was found that by 
increasing VOD and the roughness parameter the results improved, 
suggesting an issue with the product parameter values when applied to 
boreal forest.

Andreadis et al. (2022) tested the performance of the SMAP algo
rithm over seven New Zealand sites covered by commercial “Pinus 
radiate” forests, aged 5 to 20 years, with forest fractions of 35 % to 64 %. 
Three SMAP SM products at 33 km, 3 km, and 1 km resolutions were 
evaluated, with the latter two combining SMAP and Sentinel-1 data. The 
number of in situ sensors per site ranged from 1 (four sites) to 23. The 
study covered the 2017–2020 period, but data availability varied by site 
and product. The enhanced SMAP L2 product had a mean ubRMSD of 
0.08 m3/m3 and an R of 0.58, while the 3- and 1-km products had 
ubRMSD of 0.03 m3/m3 and 0.04 m3/m3, and R of 0.75 and 0.66, 
respectively. Results must be interpreted with caution, because they 
varied widely by site, and the higher-resolution products had limited 
samples.

The performances of SMOS and SMAP algorithms were tested in the 
Biosphere Reserve of Calakmul (BRC), Mexico’s largest tropical forest 
area with 20–40 m tall trees from January to June 2015 (Monsiváis- 
Huertero et al., 2019). SMOS algorithms (L2, L3, and IC) significantly 
underestimated measured SM, with high ubRMSD. SMAP, at 33 km and 
9 km resolutions, provided SM values closer to measurements but 
showed a large difference between morning and afternoon overpasses 
(over 0.2 m3/m3), not seen in ground data. After optimising model pa
rameters, the retrieval results improved. The authors noted significant 
differences between on-site vegetation temperatures and those used in 
the algorithms.

4.3. Forest L-VOD retrieval results

Experimental and theoretical studies have shown that forest emis
sivity at L-band increases with forest biomass more smoothly than at 
higher frequencies (Lang et al., 2000; Macelloni et al., 2001), with 
branches being the main contributors (Ferrazzoli and Guerriero, 1996). 
Spaceborne radiometric data and retrieval algorithms have confirmed 
these properties globally, highlighting L-VOD’s sensitivity to forest 
characteristics. Frappart et al. (2020) provided an exhaustive review on 
multifrequency VOD and its use in vegetation studies. This Section fo
cuses on recent L-band results, testing L-VOD’s potential for monitoring 
forest properties by estimating its spatial correlation with forest state 
variables such as canopy height and biomass, using Pearson correlation 
coefficient R for comparisons.

4.3.1. Tests against reference data sets
Early studies using SMOS L2 L-VOD (V620) demonstrated its sensi

tivity to forest structural properties. Rahmoune et al. (2014) showed a 
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clear, monotonic increase of L-VOD with canopy height across all major 
forest types, with minimal seasonal variability. Vittucci et al. (2016)
extended this analysis to South America, reporting strong correlations 
with forest height (R = 0.83) and airborne lidar biomass (R = 0.86) 
using data from the Carnegie Airborne Observatory. Chaparro et al. 
(2019) confirmed L-VOD’s superior performance in capturing biomass 
variations compared to higher-frequency VODs and optical indices using 
SMAP MTDCA retrievals and generalized additive models.

Several studies compared SMOS and SMAP L-VOD products to 
vegetation structure and biomass datasets. Konings et al. (2017) re
ported strong correlations (R = 0.91) between MTDCA L-VOD and 
global canopy height, with reduced seasonal variation relative to SMOS 
L2. Rodriguez-Fernandez et al. (2018) benchmarked SMOS-IC (V103), 
L2 (V620), and L3 (V300) L-VOD products across Africa, finding that 
SMOS-IC achieved the highest correlations with biomass (R =

0.85–0.94) and canopy height (R = 0.87), while also exhibiting delayed 
saturation at high biomass levels.

Further validation of L-VOD’s utility in biomass estimation came 
from Vittucci et al. (2019b), who used Random Forest models to inte
grate L-VOD (V650) with climatic drivers over tropical Africa and South 
America. Using only L-VOD, biomass predictions achieved R =

0.76–0.85, which improved to ~0.89 when combined with potential 
evapotranspiration. Mialon et al. (2020) found SMOS-IC L-VOD strongly 
correlated with biomass from Saatchi et al. (2011) (R = 0.91) and 
GlobBiomass (R = 0.94), though performance declined in high northern 
latitudes and for low-vegetation classes. As later shown in Schwank et al. 
(2021, 2024), the lower performance can be attributed to the freezing of 
the forest vegetation.

Wigneron et al. (2021) compared spatial and temporal patterns of 
SMOS-IC L-VOD (V105 and V2) with various biomass and vegetation 
indices. Spatial correlations remained high (R = 0.86–0.88), while 
temporal correlations with NDVI were largely limited to low-biomass 
areas, supporting the interpretation that L-VOD primarily reflects 
woody biomass, as is demonstrated by tower-based measurements pre
sented in Guglielmetti et al. (2008). Li et al. (2021a) expanded the 
intercomparison across nine VOD products, reaffirming L-VOD’s supe
rior correlation with biomass and canopy height globally, particularly in 
tropical regions.

Recent comparisons with spaceborne lidar datasets further support 
L-VOD’s relevance to such structural parameters as tree height and plant 
area index. Vittucci et al. (2021, 2023) correlated SMOS L2 L-VOD 
(V700) with (GEDI) (Tang and Armston, 2019) and ICESat-2 
(Neuenschwander and Pitts, 2019) observations (2019–2021), finding 
strong agreement in tropical regions (R > 0.88 for canopy height and 
plant area index). In temperate and boreal latitudes, correlation strength 
declined seasonally, with boreal summer values reaching R = 0.62. 
Chaubell et al. (2022) reported similar spatial agreement (R = 0.83) 
between SMAP RDCA and SMOS L3 L-VOD, though correlations with 
biomass (R = 0.53) were lower.

4.3.2. Specific investigations
Schwank et al. (2021) provided key insights into the influence of low 

temperatures on L-VOD in boreal forests by using an upward-looking L- 
band radiometer (ELBARA II; Schwank et al., 2010b) beneath a Scots 
Pine forest in Sodankylä, Finland (67.3◦ latitude) to derive L-VOD using 
Mätzler’s (1994) model. A decrease from 0 ◦C to − 15 ◦C reduced 
ELBARA II L-VOD from ~0.25 to ~0.07, while synchronous SMOS 
measurements from February 1 to May 31 showed L-VOD decreasing 
from 0.35 to 0.40 (at 0 ◦C) to about 0.15 (at − 35 ◦C). This was explained 
by the L-VOD model, originally developed in Schwank et al. (2021) and 
refined in Schwank et al. (2024), which expresses L-VOD as a function of 
vegetation temperature and other forest parameters. Schwank et al. 
(2021) focused on the Sodankylä area, while Schwank et al. (2024)
demonstrated the temperature effects across the entire boreal forest 
zone.

Olivares-Cabello et al. (2022) analysed VOD sensitivity at L-, C- and 

X-bands across various vegetation types using a global unsupervised 
classification. The results confirmed L-VOD’s suitability for monitoring 
dense canopies, while X- and C-VOD exhibited higher sensitivity to 
vegetation in savannahs, shrublands and grasslands.

Baur et al. (2021) conducted a theoretical study on noise effects in 
retrieving ω and L-VOD. They found that vegetation attenuation greatly 
impacts sensitivity to noise. The ω retrieval is weakly constrained in low 
vegetation but nearly time-invariant for dense canopies, while L-VOD 
becomes more susceptible to noise. These findings were confirmed 
through global retrievals using SMAP TB over drylands and dense 
forests.

Roy et al. (2020) compared L-VOD retrievals from 2 tower-based 
radiometers and dielectric measurements in a boreal forest site over 
cold and warm seasons. The results showed a good correlation between 
L-VOD and tree dielectric constant, confirming that tree hydraulic 
characteristics influence L-VOD. Similarly, Holtzman et al. (2021)
showed in a temperate forest (red oak) that L-VOD exhibited a diurnal 
cycle similar to that of leaf and stem water potential. L-VOD was also 
positively correlated with both the measured dielectric constant and 
water potentials of the stem xylem over the growing season.

Bousquet et al. (2021) examined how seasonal inundations affect L- 
VOD retrieval. Using a MEM for mixed scenes including standing water, 
they found that the partially inundated scenes cause SM overestimation 
and L-VOD underestimation. While the problem is significant for 
grasslands, it can lead to a 10 % underestimation of L-VOD in flooded 
forests. Thus, retrieval algorithms should consider surface water 
seasonality.

4.3.3. Applications
Previously cited studies found a good correlation between all L-VOD 

products and forest variables from different databases, though with 
some differences. These results encouraged the use of SMOS L-VOD for 
forestry applications, some of which are summarised below. Carbon 
losses in African drylands from 2010 to 2016 were estimated using 
SMOS-IC L-VOD (Brandt et al., 2018a). Conversely, biomass increased in 
Southern China from 1999 to 2017, as monitored using SMOS-IC L-VOD 
and higher-frequency VOD from SSMI, Windsat, and AMSR-E (Brandt 
et al., 2018b). L-VOD retrievals helped investigate seasonal variations in 
ecosystem-scale plant water storage and their relationship with leaf 
phenology (Tian et al., 2018). For boreal and temperate forests, plant 
water storage variations were synchronous with leaf phenology, in 
tropical woodlands, storage development lagged leaf area by up to 180 
days. Scholze et al. (2019) estimated the mean European carbon sink 
over 2010–2015 using SMOS-IC L-VOD and SM combined with other 
data sources. Fan et al. (2019) used SMOS-IC L-VOD signatures to 
quantify annual aboveground carbon (AGC) fluxes, finding the tropical 
net AGC budget was balanced during 2010–2017. Wigneron et al. 
(2020) showed that after the severe drought and extreme heat of 
2015–2016, tropical AGC recovery was slow in 2017, with AGC levels by 
year-end still below pre-drought levels of 2014.

The reliability of using VOD from different microwave frequencies 
and temporal aggregation methods for estimating decadal biomass 
carbon dynamics was investigated by Dou et al. (2023). The magnitude 
of VOD diurnal variations was used to evaluate its ability to reflect 
decadal dry biomass carbon changes. SMOS-IC L-VOD and LPDR X-VOD 
(retrieved by AMSR2 and AMSR-E) were found reliable for estimating 
decadal carbon dynamics for about 77 % and 70 % of the global vege
tated land, with caution in areas like the eastern Amazon rainforest. 
Vaglio et al. (2020) explored the ability of SMOS L-VOD (V650 of L2) to 
provide forest functional information for tropical forests in Africa and 
South America in 2011–2014 using the FLUXNET ecosystem functional 
properties (EFPs) as the reference dataset. L-VOD combined with water 
deficit information explained 93 % (Africa) and 87 % (South America) of 
the yearly variability in both flux upscaled maximum gross primary 
productivity and light use efficiency functional properties. Bousquet 
et al. (2022) examined post-fire recovery during 2012–2020, comparing 
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performance of several remote sensing parameters, including EVI and 
VOD at different frequencies (X-, C-, and L-band). C- and X-VOD were 
more sensitive to fire impact on low-vegetation areas (grass and 
shrublands) or on tree leaves, while L-VOD (SMOS L2 V720) depicted 
fire impact on tree trunks and branches better, making it a more reliable 
tool for assessing biomass fire damage. Parrens et al. (2025) showed that 
SMOS root zone SM anomalies provide good prefire conditions infor
mation in the Canadian Boreal Forest, while VOD provided no additional 
information.

5. Forest ground truth availability for satellite retrievals

Generally, the challenge of validating remotely sensed geophysical 
retrievals is the availability of reference measurements representing the 
variability of land surface conditions (e.g., Colliander, 2014). Validation 
requires reference measurements corresponding to the area-averaged 
observable at the scale corresponding to the effective footprint of the 
remote sensing measurement. The implementation design of the refer
ence defines the representativeness error between the retrieval and the 
in situ references; the type and magnitude of the representativeness 
error dictate the applicability of the reference in the validation process 
(e.g., Cosh et al., 2004; Famiglietti et al., 2008; Montzka et al., 2021; 
Peng et al., 2025). For example, a single SM measurement within a 
SMAP or SMOS footprint has very little skill to represent the actual value 
of the area-averaged SM at the footprint scale, but it still has skill to 
predict the temporal trends of the area-averaged SM (e.g., Crow et al., 
2012; 2022); multiple measurements within the footprint, on the other 
hand, can have the skill to also represent the actual area-averaged SM (e. 
g., Chen et al., 2019). In this Section, we discuss the availability of such 
in situ reference measurements and their applicability for validating 
SMAP and SMOS forest SM and L-VOD retrievals.

5.1. Soil moisture reference data

The SM reference measurements need to correspond to the L-band 
sensing depth, which depends on the SM and soil composition (e.g., 
Escorihuela et al., 2010; Zheng et al., 2019; Montzka et al., 2020). As 
discussed above, the characterisation of the forest SM is particularly 
challenging because of the complexity of the O-horizon and the typically 
overlaying cover layer of leaf litter, moss, or lichen (Section 1.2). The 
microwave emission is affected by the full layer from the surface down 
to a depth that can be deeper than the normally expected 5 cm for the 

mineral soils (Fig. 1), and not capturing the moisture conditions in the 
full layer may lead to misrepresenting what is expected based on L-band 
radiometry.

Operational in situ SM measurements are relatively scarce, especially 
for forested areas; the vast majority of SM in situ networks are deployed 
in non-forested regions (e.g., Colliander et al., 2022). In some cases, the 
in situ measurements are installed in landscapes dominated by forests 
but at locations where SM and soil conditions do not represent that of the 
surrounding forest, such as openings or road-side areas, because of easy 
access, operability (e.g., solar panel illumination), the network’s mea
surement protocol, or some other reasons; the data availability di
minishes even further when looking for the depth representation of the 
SM measurements inside forests.

The in-forest SM measurements can be divided into sparse and dense 
networks following the SMAP approach (Colliander et al., 2022): Sparse 
networks have one or a few measurement stations in a small area within 
the SMAP footprints, and dense networks have multiple stations 
distributed over an area corresponding to the footprint’s size. Table 3
lists dense and sparse observation networks that provide surface SM data 
in forests. The sparse networks can be used for determining the bias- 
insensitive metrics (ubRMSD and R), and the dense networks can also 
be used for determining the bias-sensitive metrics (RMSD and MD) 
(Chen et al., 2019).

Field experiments supporting the use of the networks are extremely 
valuable as they can characterize the soil and calibrate the sensors (e.g., 
Cosh et al., 2005; Colliander et al., 2012; Rowlandson et al., 2013), 
determine the surface roughness parameters (e.g., Peischl et al., 2012b; 
McNairn et al., 2015), establish the spatial representativeness errors (e. 
g., Cosh et al., 2004; Coopersmith et al., 2016), and characterize the 
vegetation (e.g., Peischl et al., 2012a; Colliander et al., 2019), increasing 
the reliability of the validation and enabling further studies into the 
retrieval performance, which is particularly important for forests having 
still considerable uncertainties.

5.2. L-VOD reference data

As discussed earlier, L-VOD is relative to the energy transmitted 
through and emitted by the forest canopy at the L-band. Its primary 
validation challenge is the lack of local in situ references. To circumvent 
the problem, several studies have used various remote sensing param
eters to assess the credibility of the retrieved L-VOD (Section 4.3). 
However, these proxies cannot serve as quantified validation references 

Table 3 
Soil moisture in situ networks in forests.

Dense/ 
Sparse

Location Site Name(s) No. sensors 
(short-term)

Climate 
Regimea

Forest Type References

D Austria HOAL 37 Temperate Crop-grass-forest mix Blöschl et al. (2016)
S Brazil Caxiuana, Jaru 2 Tropical Tropical ​
D Brazil BIONTE 7 Tropical Tropical Negrón-Juárez et al. 

(2020)
S Brazil K34-Valley 2 Tropical Tropical ​
D Canada Alberta 30 Cold Mixed forest Bourgeau-Chavez et al. 

(2025)
D Canada BERMS 17(20) Cold Evergreen needleleaf Berg et al. (2025)
D Finland Sodankylä 25 Cold Evergreen needleleaf Ikonen et al. (2015)
S Malaysia NG 2 Tropical Tropical ​
S Panama Panama 3 Tropical Tropical ​
S Peru Tampobata, Los Amigos, 

Panguana
3 Tropical Tropical ​

D USA (Mass.) Harvard Forest (23) Cold Deciduous broadleaf Colliander et al. (2025)
D USA (New 

York)
Millbrook 7(25) Cold Deciduous broadleaf Coopersmith et al. 

(2016)
D USA 

(N. Carolina)
Coweeta 34 Subtropical Deciduous broadleaf Miniat et al. (2021)

S USA NEON 19 
(47 total)

Cold to 
Subtropical

Evergreen needleleaf; deciduous and 
evergreen broadleaf

Ayres et al. (2021, 
2024)

a Koeppen-Geiger climate classification (Peel et al., 2007).
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for L-VOD. Ground-based radiometers, including upward-looking ones 
under the canopy, can measure L-VOD by leveraging the high contrast 
with downwelling sky TB at L-band (approx. 5 K). However, a single- 
location radiometer only captures L-VOD at that specific spot, and 
small-scale spatial variability (as discussed previously) can significantly 
influence the measurement. Measurements would need to be conducted 
at multiple locations to obtain a locally representative L-VOD value, and 
capturing L-VOD at the spatial scale of the current L-band satellites re
quires repeating the measurements at several sites within the tens-of-km 
footprint to obtain a representative L-VOD estimate (analogous to a 
dense SM network).

The temporal variability of L-VOD adds another layer of complexity. 
Studies have shown that L-VOD varies over time at daily and seasonal 
scales, so the measurements must be conducted simultaneously at 
multiple sites, requiring numerous L-band radiometers (e.g., Schwank 
et al., 2021, 2024; Colliander et al., 2025). While the cost of the L-band 
radiometer technology has reduced dramatically over the past few years 
(e.g., Houtz et al., 2020, 2023; Zhang et al., 2024a), the cost and 
complexity of carrying out such a campaign, together with other sup
porting measurements, pose real practical challenges, let alone repli
cating it globally to capture different forest types.

There are also examples utilising a single L-VOD observation point 
for comparisons with SMOS-based L-VOD retrievals (Kontu, 2022; 
Holmberg et al., 2024, 2025). While there are no studies experimentally 
verifying the autocorrelation of L-VOD temporal changes over large 
distances, considering the spatial variability of environmental factors (e. 
g., temperature, SM, land cover) driving vegetation changes and L-VOD, 
it can be hypothesized, as in Holmberg et al. (2024, 2025), that the 
single location can represent the temporal changes within the footprint 
(analogous to the SM case), especially the large freezing driven changes 
(Schwank et al., 2021, 2024). These changes observable during freezing 
and thawing cycles are also illustrated in a study by Roy et al. (2020), 
which utilised tower-mounted L-band radiometers at a boreal forest site 
to understand the L-VOD during boreal freezing and thawing cycles. In 
the Roy et al. (2020) study, measurements of the real dielectric 
permittivity of trees showed the highest correlations with the L-VOD 
measurements.

Global Navigation Satellite System Transmissometry (GNSS-T) is a 
recently introduced approach to determine the attenuation of the L-band 
signal by forest canopy by computing the difference of the GNSS signal 
measured under the canopy and above or outside of the canopy (e.g., 
Camps et al., 2020; Guerriero et al., 2020; Humphrey and Frankenberg, 
2023; Ghosh et al., 2024; Ghosh, 2025). The method does not directly 
measure the radiometric L-VOD because the receiver under the canopy 
does not capture all transmitted coherent radiation after the scattering 
processes in the canopy, thereby not corresponding to the total energy 
transmission represented by L-VOD.

Few studies have attempted to translate proxy measurements into L- 
VOD using EM modelling due to its complexity, and the uncertainty of 
the modelled L-VOD would not likely meet the requirements of a vali
dation reference. The state-of-the-art models discussed in Section 3 rely 
on vegetation physical parameters to accurately characterize EM prop
agation within the canopy. Whether using a statistical RTE approach or 
solving Maxwell’s equations for ensembles, these models require 
detailed parameterisation of vegetation structure. Ongoing research 
explores the level of detail needed and whether alternative data sour
ces—such as remote sensing measurements of water content, height, 
basal area, and density—could provide a basis for such simulations. 
Alternatively, only highly detailed, on-ground measurements of three- 
dimensional structures using portable terrestrial laser scanners or 
manual methods may offer sufficiently accurate input for these com
putations. Different tree hydraulic measurement methods, such as 
dielectric probes (Matheny et al., 2015; Mavrovic et al., 2018), den
drometers (Pappas et al., 2018), and sap flow (Granier, 1987), can also 
provide valuable information to link VOD with tree water status. The 
deployment of such instrumentation could facilitate the evaluation of 

satellite L-VOD; however, further investigations are needed to clarify the 
link between VOD and tree hydraulic.

6. Discussion and future directions

Retrieving SM under forests has proven challenging, with statistical 
metrics often worse than for low vegetation and poor in some cases. 
Better results were achieved in US forests with temperate climates and 
moderate density, where mixed pixels are managed well by the SMAP, 
SMOS-IC, and SMOS-L2 v700 algorithms, and dense in situ networks are 
available. Overall, the statistical metrics suggest that there is potential 
for SM monitoring under forests, although it is more problematic in 
tropical and boreal forests. In tropical forests, high canopy attenuation 
hinders SM retrieval, even with small calibration uncertainties, although 
some studies, like Kang et al. (2019) and Monsiváis-Huertero et al. 
(2019), reported lower L-VOD (1.2 and SM over 0.2–0.3 m3/m3), con
trasting other investigations (Vittucci et al., 2019a; Wigneron et al., 
2021; Vittucci et al., 2023). Further testing is needed, especially 
regarding physical temperature uncertainty and the differences between 
V- and H-polarisation canopy emissivity, which is assumed to be equal to 
0 in most adopted MEMs. In high-latitude forests (mostly Canada and 
Siberia), canopy attenuation is lower than at lower latitudes, but sea
sonal variations in wood permittivity associated with the freeze-thaw 
state of sap water affect L-VOD and ω (e.g., Mavrovic et al., 2018; 
Gorrab et al., 2025). Surface temperature characterisation is also critical 
in these regions, requiring algorithm refinements and new experiments. 
While local optimisations of MEM parameters improve results in specific 
studies, they cannot replace existing algorithms but can guide their 
further improvement.

Retrieved L-VOD over forests showed a good spatial correlation with 
biomass and canopy height, with improvements with respect to higher 
frequency VOD products and optical products. Therefore, retrieved L- 
VOD is a valid tool for mapping forest biomass (or height) and moni
toring slowly varying processes, such as deforestation or afforestation. 
For monitoring short-term or seasonal phenology-related effects, a 
synergic use of L-VOD and higher frequency VOD is convenient because 
of the frequency-dependent sensing depth. However, at temperatures 
below the freezing point of water, the interpretation of VOD retrieved 
from TB at any microwave frequency requires caution, as the freezing of 
sap water can markedly reduce VOD. Consequently, VOD at <0 ◦C 
should not be interpreted as physiological forest properties. The influ
ence of water bodies within radiometric footprints is a critical issue, too.

Forests vary widely and can be classified in numerous ways, 
commonly by leaf type (broadleaf or needleleaf) and whether trees are 
deciduous or evergreen. However, for L-band radiometry, classification 
should focus on factors that influence emission rather than traditional 
forestry categories. Retrievals benefit from spatially continuous, quan
tified data such as tree height, stem density, canopy thickness (e.g., 
lidar-based), cover layer type and thickness, and O-horizon depth. 
Species maps can help inform parameters like dominant branch orien
tation, even though specific species knowledge is less critical. However, 
using global species maps would require categorising species by traits, a 
process fraught with uncertainties. More advanced MEMs and retrieval 
approaches can better leverage these data sources in any case, reducing 
artefacts introduced by traditional land cover classifications in re
trievals. Studies have also shown that the scattering albedo can vary 
over time (both forests and non-forests, e.g., Park et al. 2024), 
prompting the need to model or retrieve ω. Time-dependent vegetation 
biases can cause interpretation issues for SM (e.g., Zwieback et al., 
2018). Similarly, surface roughness parameters have the potential to 
vary over time, although this variation is less pronounced in forests than 
in cultivated agricultural lands (e.g., Walker et al., 2019). Some studies 
have shown the potential for retrieving them along with SM and VOD 
with certain assumptions (e.g., Park et al. 2024; Lee et al., 2024; 
Holmberg et al., 2025; Schwank et al., 2024).

A non-negligible portion of forests lies in complex terrains, such as 
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mountainous regions or areas with a high fraction of water bodies, 
where retrieval performance often degrades (e.g., Kouki and Colliander, 
2025). These conditions challenge SM and VOD retrievals regardless of 
forest cover, implying that similar mitigation approaches may be 
applied in both forested and non-forested areas. Correcting for water 
body effects requires accurate modelling of their TB (e.g., Chaubell 
et al., 2019) and reliable estimates of fractional water coverage within 
the sensor footprint (e.g., Du et al., 2023). In mountainous regions, 
characteristically strong spatial variability in topography, soil type, and 
land cover further increases the heterogeneity of SM and VOD within 
coarse radiometer footprints. Consequently, few studies have attempted 
retrievals in such environments, though some have begun addressing 
these challenges (e.g., Wen et al., 2021; An et al., 2025).

Forest SM validation requires a broader network of sites, particularly 
those equipped to monitor surface water dynamics through the cover 
and organic soil layers. Sites should include multiple near-surface sen
sors per location and sufficient spatial replication to capture the radi
ometer’s footprint-scale average. Sparse networks suffer from 
representativeness error, degrading the performance metrics (e.g., Ayres 
et al., 2021), which is especially problematic in forests where SM 
retrieval performance is inherently worse than for areas covered with 
low vegetation. High-fidelity reference measurements are therefore 
essential for accurately assessing retrieval accuracy and potential im
provements, which might otherwise be obscured by background vari
ability introduced by the representativeness error. The ideal validation 
site would include both SM and L-VOD reference measurements at the 
radiometer footprint scale, although the L-VOD validation approaches 
are still being developed in the community.

There are several opportunities envisioned for new and emerging 
technologies to assist in the validation of SM and L-VOD products. As 
discussed, the coarse spatial resolution of spaceborne radiometers and 
the substantial sub-footprint variability present major challenges for 
linking in situ field observations to the satellite scale. Airborne cam
paigns, where L-band radiometers are flown over forested regions, such 
as those described by Colliander et al. (2015, 2019, 2025), Berg et al. 
(2025), can be used to improve modelling as TB emissions can be iso
lated to unique features on the ground. This type of modelling has 
previously been completed using radiometers operated on towers (Roy 
et al., 2020) or on trucks (e.g. O’Neill et al., 2009); however, these 
studies are often limited in the spatial variability that can be captured. 
Emerging technologies such as UAS-mounted L-band radiometers 
(Houtz et al., 2020; Kim et al., 2024) may address this spatial resolution 
challenge, providing much higher-resolution footprints. It is also envi
sioned that improved characterisation of structures and permittivities of 
forest canopies will advance our understanding of L-VOD. As discussed, 
L-VOD has been statically associated with biomass estimates derived 
from spaceborne LIDARs such as IceSAT2 (Neuenschwander and Pitts, 
2019), however new opportunities for canopy characterisation using 
tools such terrestrial LiDAR scanning completed during the SMAPVEX- 
2019-2022 field campaigns (Colliander et al., 2025; Berg et al., 2025), 
may offer new insights into how the canopy can be represented partic
ularly when paired with higher resolution L-band TB data.

7. Conclusion

Over the past several decades, the development of L-band radiometry 
has revealed a unique and robust sensitivity to both soil moisture (SM) 
and vegetation optical depth (VOD), enabling the retrieval of key forest 
properties such as biomass and vegetation water column. This review 
highlights the significant progress made in L-band-based retrievals over 
forested regions, while also identifying key limitations that remain.

Current operational retrieval algorithms and products—such as 
those from SMOS and SMAP—have demonstrated meaningful 

capabilities, but their performance over forests is often suboptimal. This 
is largely due to the fact that many retrieval algorithms were originally 
designed and calibrated for low-vegetation or open landscapes. Forested 
environments, by contrast, present a more complex radiative transfer 
scenario due to dense canopies, heterogeneous structure, and layered 
organic soils.

Nevertheless, a growing body of experimental studies, including 
airborne campaigns and empirical analyses, has shown that L-band 
radiometry holds untapped potential for forest applications. These 
studies underscore the need for new retrieval approaches specifically 
designed for forested ecosystems that more accurately represent canopy 
structure, permittivities of vegetation constituents, litter layers, and 
seasonal dynamics.

A major barrier to further progress is the limited availability of high- 
quality validation data. The validation of L-VOD products, in particular, 
is hindered by a lack of ground-based observations of L-VOD and mea
surements designed to quantify forest canopy water content and biomass 
in a way that is compatible with the spatial scale and signal character
istics of satellite radiometers. Similarly, forest SM validation is con
strained by sparse site networks and representativeness challenges. To 
overcome this, there is a critical need for expanded ground validation 
infrastructure, including sites equipped to monitor both SM and L-VOD 
with sufficient spatial replication and temporal resolution. Ideally, these 
sites would include multiple sensors within radiometer footprints and 
focus on capturing soil–vegetation interactions.

In sum, while current L-band products provide valuable information 
over forests, the full potential of L-band radiometry for forest applica
tions remains only partially realised. Continued algorithm development, 
expanded field validation, and better integration with ancillary datasets 
(e.g., lidar, optical, and meteorological data) will be essential to advance 
the state of the science and support improved monitoring of forest hy
drology, structure, and carbon dynamics.
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