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A B S T R A C T

L-band vegetation optical depth (VOD) from NASA's Soil Moisture Active Passive (SMAP) mission is widely used 
to study carbon, water, and energy exchange. Its retrieval relies on the τ-ω radiative transfer model, constrained 
by Normalized Difference Vegetation Index (NDVI) climatology and a constant surface roughness parameter 
(Hrp). However, constant Hrp fails to capture dynamics from agricultural practices and weather, while NDVI 
saturates under dense canopies and cannot directly reflect vegetation structure. To address these limitations, we 
propose a new algorithm that incorporates leaf area index (LAI) climatology and its dynamic Hrp into the con
strained multi-channel algorithm (CMCA) that can account for smooth temporal vegetation variations, with the 
final aim to improve VOD retrievals by optimizing Hrp parameterization and prior information of VOD. Based on 
Passive Active L-band Sensor (PALS) data from SMAPVEX16-MB, we first evaluated four Hrp parametrization 
schemes across three well-developed algorithms (the regularized dual-channel algorithm (RDCA), the multi- 
temporal dual-channel algorithm (MT-DCA), and CMCA). The schemes include two constant models based on 
surface geometry, one dynamic model based on LAI and brightness temperature (TB), and the original algorithm 
parameterization. Then, we assessed measured LAI and NDVI climatology as prior information for constraining 
VOD, demonstrating that measured LAI provides more accurate VOD estimates due to its superior character
ization of vegetation water content (VWC) and biomass dynamics. Synergistically upscaling field-based LAI and 
Hrp to satellite footprint-scale consistently enhanced the three algorithms, though to varying degrees, with 
retrieved dynamic Hrp via VOD determined by LAI climatology. We found that the CMCA performs best, with the 
correlation coefficients (R) between VOD and VWC/biomass across the three crops ranging from 0.73 to 0.88 and 
0.84–0.88, respectively. This improvement stems from the better ability of LAI climatology to capture VWC and 
biomass variations than NDVI climatology, the physical constraints in CMCA, and the dynamic Hrp that char
acterizes surface roughness. The proposed algorithms were validated against vegetation water content and 
biomass measurements from SMAPVEX12. Results suggest that LAI climatology can significantly improve VOD 
retrieval from SMAP observations: R values between VOD and VWC/biomass were 0.71–0.81/0.68–0.90 for the 
improved algorithm versus 0.38–0.81/0.37–0.94 for the original. Overall, this study highlights the importance of 
incorporation LAI and dynamic roughness parameter for improved VOD retrieval, which is essential for carbon 
cycle studies dependent on accurate vegetation dynamics.
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1. Introduction

A better understanding of the exchanges of carbon, water, and en
ergy between land surfaces and the atmosphere is crucial for global 
climate and ecosystem research (Pan et al., 2014; Hamilton and Friess, 
2018; Abbott et al., 2019). As a key parameter in the zero-order solution 
of the microwave radiative transfer (RT) equation (i.e., the τ-ω model), 
vegetation optical depth (VOD) quantifies how vegetation layers atten
uate microwave radiation emitted or reflected by Earth's surface (Mo 
et al., 1982; Pardé et al., 2003; Wigneron et al., 2017). Estimated by 
passive microwave measurements, VOD is closely related to vegetation 
water content (VWC) and aboveground biomass, making it a promising 
tool for such studies (Scholze et al., 2019; Kumar et al., 2020; Wigneron 
et al., 2020; Wang et al., 2021a). Numerous large-scale studies of land- 
atmosphere exchanges and ecosystem sustainability have been sup
ported by VOD (Brandt et al., 2018; Fan et al., 2019; Kumar et al., 2020; 
Fan et al., 2024; Poulter et al., 2025). For example, VOD has been used to 
simulate ecosystem functional properties (e.g., gross primary produc
tivity, light use efficiency, evapotranspiration, and biospheric carbon 
dioxide exchange) (Kumar et al., 2020; Laurin et al., 2020; Poulter et al., 
2025), monitor biomass (Liu et al., 2015; Brandt et al., 2018; Rodríguez- 
Fernández et al., 2018; Fan et al., 2019; Fan et al., 2024), analyze 
phenology (Jones et al., 2014; Dannenberg et al., 2020), and track 
drought and vegetation conditions (Momen et al., 2017; Laurin et al., 
2020; Zotta et al., 2023).

L-band microwave offers better penetration than higher microwave 
frequencies (K-band, X-band, or C-band), making it more effective for 
monitoring vegetation with moderate to dense cover. NASA's Soil 
Moisture Active Passive (SMAP) and ESA's Soil Moisture and Ocean 
Salinity (SMOS) satellite missions (Kerr et al., 2010; Entekhabi et al., 
2010) utilize L-band sensors to detect VOD and soil moisture (SM). 
These missions typically use the τ-ω model to account for the in
teractions between soil emission and vegetation canopy layer. The τ-ω 
model describes top-of-atmosphere emission as a summation of three 
components: i) upwelling soil emission propagated through the vege
tation; ii) upwelling emission from the vegetation; and iii) downward 
emission from vegetation reflected by soil and attenuated by the 
vegetation.

In this model, soil emission is related to rough surface reflectivity, 
which is modeled in relation to smooth surface reflectivity and surface 
roughness parameters using the semi-empirical HQN roughness model, 
with a critical roughness parameter Hrp (Wang and Choudhury, 1981; 
Wigneron et al., 2001; Escorihuela et al., 2007; Wigneron et al., 2017). 
Smooth surface reflectivity is derived from the Fresnel equations, which 
require soil dielectric constant and observation angle (Mironov et al., 
2009; Mironov et al., 2017; Wang et al., 2021b). The Mironov dielectric 
model uses soil temperature and clay fraction to convert soil dielectric 
constant to SM (Mironov et al., 2009; Mironov et al., 2017). In SMAP 
algorithms, soil texture and temperature source from the 250 m SoilGrid 
dataset and the Goddard Modeling and Assimilation Office (GMAO) 
model, respectively (O'Neill et al., 2020). Furthermore, SMAP retrieval 
algorithms assume isothermal conditions for surface and vegetation 
temperatures during the overpass at local 6:00 AM (O'Neill et al., 2015), 
both of which are parameterized using the effective soil temperature, i. 
e., a weighted average of the top two soil layers. This approach follows 
the methodology of Choudhury et al. (1982), using soil temperature 
forecasts from the NASA Goddard Space Flight Center GEOS-5 model.

In contrast, VOD and single scattering albedo are used to parame
terize vegetation-induced extinction (absorption and scattering) and 
scattering above the soil, respectively, both of which are associated with 
VWC and canopy architecture (Ulaby and Jedlicka, 1984; Jackson and 
Schmugge, 1991; Chahuan et al., 1994; Kurum, 2013; Long and Ulaby, 
2015; Gao et al., 2020a). VOD derived from low-frequency bands (L- 
band, C-band, and X-band) shows insensitivity to atmospheric in
fluences, clouds, and solar radiation (Li et al., 2021), and its retrieval 
algorithms vary by band: for L-band VOD, which is primarily derived 

from the aforementioned SMOS and SMAP observations, SMOS uses 
official Level 2 (L2) and Level 3 (L3) algorithms (Kerr et al., 2012; Al 
Bitar et al., 2017), while SMAP uses the dual-channel algorithm (DCA) 
and its regularized modification, the regularized dual-channel algorithm 
(RDCA)—both proposed and improved successively (O'Neill et al., 2020; 
Chaubell et al., 2021). By comparison, C-band and X-band VOD are 
primarily derived from the Advanced Microwave Scanning Radiometer 
for EOS (AMSR-E) (2002− 2012) and Advanced Microwave Scanning 
Radiometer 2 (AMSR2) (2012-present), retrieved mainly via the land 
parameter data record (LPDR) algorithm (Du et al., 2017) and the land 
parameter retrieval model (LPRM) algorithm (Owe et al., 2001; Owe 
et al., 2008).

Due to the single observation angle and frequency channel in SMAP, 
retrieving target parameters (VOD and SM) faces ill-conditioning, as 
dual-polarization brightness temperatures (TBs) show strong correlation 
(Montpetit et al., 2015; Konings et al., 2016; Gao et al., 2020a, 2020b, 
2020c; Wang et al., 2021a). To address this, a priori knowledge of single 
scattering albedo and Hrp is often incorporated as known inputs, typi
cally pre-determined as constants based on land covers, with values 
calibrated through early numerical experiments or field campaigns 
(Chaubell et al., 2020; O'Neill et al., 2020). Alternatively, they can be 
directly inverted from the τ-ω model using multiple spatiotemporal 
observations or by fixing SM/VOD (Konings et al., 2016; Vittucci et al., 
2017; Chaubell et al., 2020; Gao et al., 2020b). Additionally, Hrp can be 
decoupled from TR—a single parameter combining vegetation and 
roughness effects—based on the TR-LAI linear relationship, with TR and 
SM retrieved simultaneously via τ-ω inversion (Parrens et al., 2016). 
When compared with the surface roughness parameter, the weak scat
tering effects within vegetation contribute less to TB (Wigneron et al., 
2004; Kurum, 2013; Karthikeyan et al., 2019). As a result, TB is pri
marily influenced by the combined effects of VOD and Hrp, along with 
SM.

Diverse algorithms have been developed for the SMAP mission with 
two strategies often employed to handle VOD (Gao et al., 2021): (1) 
direct calculation using VWC derived from NDVI climatology and land 
cover-specific b values in single-channel algorithms (SCA) (Jackson, 
1993; Bindlish et al., 2015), and (2) simultaneous retrieval together with 
SM in dual-channel algorithms (DCA) (Njoku et al., 2003). With ad
vancements in retrieval algorithms, strategies have evolved to incor
porate physical constraints and assumptions as a priori information, 
helping mitigate spatiotemporal noise and resolve ill-posed problems 
(Gao et al., 2021). Specifically, the regularized DCA (RDCA) improves 
stability by introducing a regularization term for VOD based on NDVI 
climatology, mitigating the impact of spatiotemporal noise (O'Neill 
et al., 2020). Multi-temporal DCA (MT-DCA) assumes constant VOD 
over a week and uses multi-temporal observations to enhance accuracy 
(Konings et al., 2017). To tackle the ill-posed problem caused by highly 
correlated polarized emissivity and consider the smooth temporal 
changes in VOD, the constrained multi-channel algorithm (CMCA) in
tegrates Tikhonov (Tikhonov, 1963) and Sobolev-norm regularizations 
(Adams and Fournier, 2003) into MT-DCA, imposing box constraints to 
ensure that the retrieval aligns with the phenology of VWC (using NDVI 
climatology) and SM retention capacity (Ebtehaj and Bras, 2019; Gao 
et al., 2020c). In this study, VOD retrieval was attempted using an 
approach similar to Baur et al. (2019) and Wang et al. (2021a). This 
approach retrieves only a vegetation parameter, while SM is derived 
from ancillary data. The single-parameter retrieval avoids the 
redundancy-induced issue mentioned above; however, it still suffers 
from retrieval errors due to observational or modeling noise. It is worth 
noting that NDVI climatology is used to constrain VOD in both SMAP 
official algorithms (e.g., SCA and RDCA) and other mainstream algo
rithms (e.g., CMCA).

Therefore, a priori information on VOD is of crucial importance, 
although its performance varies with inversion strategies. However, 
NDVI tends to be saturated easily and its climatology fails to capture 
changes resulting from agricultural practices or extreme events such as 
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forest fires, which can introduce significant uncertainties in SMAP re
trievals (Jiang et al., 2008; Konings et al., 2017; Zeng et al., 2022; Feng 
et al., 2025).

Previous studies have shown that VOD is closely associated with 
various vegetation parameters, including biomass (Liu et al., 2015; 
Rodríguez-Fernández et al., 2018; Vittucci et al., 2018; Vittucci et al., 
2019), LAI (Saleh et al., 2006; Saleh et al., 2007; Kerr et al., 2012; Kumar 
et al., 2020), NDVI (Jones et al., 2012; O'Neill et al., 2015), and canopy 
height (Vittucci et al., 2021; Li et al., 2022; Vittucci et al., 2023). 
Although the correlation coefficients of VOD with NDVI, LAI, and can
opy height are comparable, VOD has a more linear relationship with LAI 
and height than with NDVI (Wigneron et al., 2017; Li et al., 2021). 
Compared with canopy height data, dynamic satellite LAI data are more 
easily obtained. Compared with NDVI, LAI provides clearer biophysical 
significance (Cao et al., 2023), as it is closely related to canopy structure 
and biomass. Since VWC (in kg m− 2) correlates with biomass (Xiao et al., 
2016; Fang et al., 2019), LAI is likely a more suitable choice as prior 
information for VOD retrievals.

As mentioned earlier, the roughness parameter Hrp in the HQN model 
affects VOD retrieval significantly. Several studies have investigated the 
parameterization of surface roughness (Pan et al., 2014; Gao et al., 
2020a; Konkathi and Karthikeyan, 2022). Initially, Hrp was linked to 
physical roughness characteristics like RMS height (s) and auto- 
correlation length (l) (Choudhury et al., 1979; Wigneron et al., 2001; 

Mialon et al., 2012; Lawrence et al., 2013). However, field measure
ments of these parameters are time-consuming (Martens et al., 2015) 
and site-specific, failing to adequately represent footprint-scale condi
tions. Parameter Hrp has also been modeled as a function of soil mois
ture, relying on the linear relationship between Hrp and soil moisture 
(Escorihuela et al., 2007; Saleh et al., 2007; de Jeu et al., 2009). This 
relationship is valid for sandy soils but not for heavy clay soils (Panciera 
et al., 2009; Martens et al., 2015). Moreover, the parameter Hrp exhibits 
significant temporal variability because it is influenced by weather 
events such as precipitation and strong winds, as well as agricultural 
activities like tillage (Zeng et al., 2016; Walker et al., 2019; Walker et al., 
2023). To address these limitations, an empirical model was proposed to 
capture the dependence of the surface roughness parameter (Hrp) on 
roughness, soil moisture, and vegetation effects via TB and LAI (Martens 
et al., 2015; Wigneron et al., 2017). The authors noted that although this 
data-driven model lacks a physical basis, it is not site-specific as it ac
counts for diverse land cover and soil textures. Notably, the underlying 
multivariate nonlinear relationship remains unchanged—thus laying the 
foundation for cross-regional applicability. Additionally, validating this 
model is meaningful, given its readily available and consistent param
eters, its potential to decouple the Hrp-SM dependence and further 
improve SM retrieval accuracy (Wigneron et al., 2017), and its ability to 
provide dynamic daily Hrp.

Field experiments are essential for developing, validating, and 
improving soil moisture and VOD retrievals. To address uncertainties in 
SMAP soil moisture retrievals, several Soil Moisture Active Passive Ex
periments (SMAPVEX) have been conducted across different regions, 
including North America and Canada (Colliander et al., 2012; Colliander 
et al., 2019). Using PALS observations, Colliander et al. (2019) found a 
deviation between measured VWC and NDVI climatology derived VWC 
in SMAP, particularly during the growing seasons. At the carman site, 
Colliander et al. (2019) identified that discrepancies in soil moisture 
retrievals were related to variations in vegetation and surface roughness. 
Therefore, the SMAPVEX-16 dataset from Carman provides an oppor
tunity to validate the effectiveness of VOD with measured VWC and 
biomass, and to refine the retrieval strategy.

Therefore, this study aims to improve SMAP VOD retrieval by syn
ergistically considering VOD and Hrp. This study attempts to answer the 
following questions: 1) Compared to constant Hrp, to what extent can the 
daily dynamic Hrp improve VOD retrieval across various inversion al
gorithms? 2) Compared to NDVI climatology, to what degree can 
measured LAI more effectively constrain VOD retrievals across various 
inversion algorithms? 3) How can we synergistically upscale field-based 
LAI and Hrp to improve satellite footprint-scale VOD retrieval? To 
address these questions, we utilize the dataset from the SMAPVEX16 
field experiment conducted at Carman (SMAPVEX16-MB) to investigate 
these tasks. First, we calibrate Hrp by comparing four parameterization 
schemes across three inversion algorithms (MT-DCA, RDCA and CMCA). 
Based on the optimal Hrp parameterization, we evaluate two types of 
prior information—measured LAI and NDVI climatology—for VOD re
trievals across the MT-DCA with constrained bounds (constrained MT- 
DCA, C-MT-DCA), as well as RDCA and CMCA. Measured LAI is 
considered effective prior information for VOD, as it reflects real-time 
vegetation status and is less prone to saturation. Finally, we investi
gate how to synergistically upscale field-based Hrp and LAI to satellite 
footprint scale to achieve applicability at the satellite pixel scale. This is 
mainly enabled by the similar passive signature between SMAP and 
PALS observations.

2. Materials

2.1. Study sites

The study area, located in southwestern Winnipeg, Carman, Canada, 
is characterized by intensive agriculture, with representative crops such 
as canola, soybeans, oats, and corn cultivated annually. It exhibits 

Fig. 1. PALS flight lines and in-situ measured agricultural fields during the 
SMAPVEX16-MB campaigns and SMAPVEX12 in Manitoba, Canada (Wang 
et al., 2021b).
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significant variation in soil texture, ranging from sandy loam in the 
southwest to heavy clay in the northeast. Due to this diversity in soil and 
vegetation, several research initiatives, including the Soil Moisture 
Active Passive Validation Experiments (SMAPVEX12 and SMAPVEX16- 
MB), were conducted at this site. In SMAPVEX12, the study area span
ned 13 × 70 km2, covering 55 agricultural fields, while in SMAPVEX16- 
MB, the area was 26 × 48 km2 and included 50 fields, each approxi
mately 800 m by 800 m. The observations during the SMAPVEX12 and 
SMAPVEX16-MB campaigns comprised airborne L-band TB using PALS 
(Bhuiyan et al., 2018; Wang et al., 2021b), ground truth soil moisture 
measurements, and data on vegetation and surface roughness. Fig. 1
shows the locations of Carman and the distribution of manual sampling 
fields. Detailed descriptions can be seen in the studies of Colliander et al. 
(2016), McNairn et al. (2017), Bhuiyan et al. (2018), and Cosh et al. 
(2019).

2.2. Datasets

2.2.1. SMAPVEX12 and SMAPVEX16-MB

2.2.1.1. PALS brightness temperature. The PALS instrument is charac
terized by its ability to provide spatiotemporally coincident measure
ments from both a radiometer and a radar, with both sets of data 
acquired via the same antenna through a fast-switching sequence 
(Wilson et al., 2001; Colliander et al., 2015). PALS has previously been 
deployed in a range of soil moisture research efforts, as documented in 
studies by Njoku et al. (2002), Narayan, Lakshmi, and Njoku (2004), 
Bindlish et al. (2009), and Colliander et al. (2012), among others. For 
the SMAPVEX16-MB campaign, PALS was mounted on a DC-3 aircraft 
(Colliander et al., 2019), while for the SMAPVEX12 campaign, it was 
mounted on a Twin Otter aircraft (Colliander et al., 2015). The instru
ment facilitated a full 360◦ conical scan at a 40◦ incidence angle, 
consistent with the observing angle of SMAP. The arrangement in the 
SMAPVEX16-MB included high-altitude (3000 m) and low-altitude 
(1200 m) flight modes, producing ground footprints of 1500 m by 
2000 m and 600 m by 800 m, respectively, with effective resolutions of 
about 1500 m and 600 m (derived from the square root of the footprint 
ellipse area). In contrast, the aircraft in the SMAPVEX12 flew at altitudes 
of 2750 m and 1200 m, producing ground footprints of 1330 m by 1780 
m and 580 m by 780 m, respectively, with effective resolutions of about 
1360 m/ 1400 m and 600 m (derived from the square root of the foot
print ellipse area) (Colliander et al., 2015; McNairn et al., 2015). The TB 
obtained from the high-altitude flights covered the entire experimental 
domains, while those from the low-altitude flights encompassed por
tions of the domains, with effective resolutions aligning with typical 
field sizes in the area. The SMAPVEX16-MB campaign centered on two 
intensive observation periods (IOPs): June 8–20 and July 14–22, 2016, 
while SMAPVEX12 focused on an IOP from June 7 to July 19, 2012.

2.2.1.2. Soil parameters. Soil temperature and moisture measurements 
were taken along two parallel transects (200 m apart) for each field, 
with 16 evenly distributed sample points collected from June 7 to July 
19, 2012, and from June 8 to July 22, 2016 (Bhuiyan et al., 2018; Wang 
et al., 2018). Soil temperature was recorded at 5 cm and 10 cm depths 
across four points using a digital pocket thermometer, while surface 
temperatures were measured with a thermal infrared thermometer in 
both sunlight and shade (McNairn et al., 2017). Soil moisture at a depth 
of 0–6 cm was determined with Stevens Hydra Probes (McNairn et al., 
2015; McNairn et al., 2016; McNairn et al., 2017; Wang et al., 2018).

Surface roughness parameters such as s and l, were measured 
randomly at two of the 16 locations in each field with a 1-m mechanical 
profiler (McNairn et al., 2017). To obtain the 3-m profile, the instrument 
was moved twice to capture three consecutive 1-m profiles (Wang et al., 
2021b).

2.2.1.3. Crop parameters. During the experimental periods from June 
11 to July 18 in 2012, and from June 13 to July 21, 2016, various 
vegetation parameters (temperature, volumetric water content (Mv, m3/ 
m3 or %), fresh and dry biomass, height, and LAI) were determined. 
Vegetation temperatures were measured concurrently in both sunlight 
and shade using a thermal infrared thermometer at the same plots where 
soil temperatures were recorded (McNairn et al., 2017). Destructive 
sampling provided data on crop height, biomass, and VWC. LAI was 
measured using digital hemispheric photographs, with 14 images 
captured along two transects at each of the three vegetation locations 
(McNairn et al., 2017).

2.2.2. Optical observations
Satellite-based optical indices, NDVI and LAI, were obtained at 

spatial resolutions of 30 m and 500 m, respectively. The 16-day NDVI 
was calculated from Landsat 8 Collection2 Level 2 Tier1 Surface 
Reflectance (LANDSAT/LC08/C02/T1_L2), while the 4-day LAI was 
derived from the MODIS MCD15A3H product. Following the method 
proposed by Bindlish et al. (2011), the 10-day NDVI climatology was 
generated using data from 2014 to 2023. Similarly, LAI climatology was 
derived using the same approach as for the NDVI climatology.

3. Methodology

3.1. Existing radiative transfer models and inversion algorithms

3.1.1. τ-ω model
The model has three components: i) upward soil emission attenuated 

by vegetation; ii) upward emission from vegetation; and iii) downward 
emission from vegetation, reflected by soil and further attenuated by 
vegetation. Therefore, the observed brightness temperature (TBp) is 
simulated as follows: 

TBp = epγpTs +
(
1 − ωp

)(
1 − γp

)
Tc +

(
1 − ωp

)(
1 − γp

)
Tcrpγp (1) 

where Ts and Tc represent the effective temperatures of soil and canopy, 
respectively; ωp refers to the effective scattering albedo of the canopy at 
p polarization; γp denotes the canopy transmissivity at p polarization; 
and ep denotes the soil emissivity, which is derived from the soil 
reflectivity (rp) using the equation ep = 1 - rp. Here, the subscript p ∈ {h, 
v} represents horizontal (h) or vertical (v) polarization.

The canopy transmissivity γp is related to the vegetation optical 
depth (τp) through the following attenuation equation: 

γp = e− τp/cos(θ) (2) 

where θ is the incidence angle and τp is assumed to be linearly propor
tional to the vegetation water content, with bp as the linear coefficient 
(Jackson and Schmugge, 1991; Van de Griend and Wigneron, 2004a). 

τp = τNAD p
(
ttpsin2θ+ cos2θ

)
(3) 

τNAD p = bp ×VWC (4) 

In this equation, with τNAD_p as the vegetation optical depth at nadir; and 
ttp is the vegetation- and polarization-dependent parameter.

The reflectivity of rough soil (rp) is empirically linked to the reflec
tivity of bare smooth soil (rp/rq, p, q = h or v; p ∕= q): 

rp =
[
(1 − Q)⋅rps +Q⋅rqs

]
⋅e(− HrpcosNp (θ) ) (5) 

where rps and rqs are the p- and q-polarized specular reflectivity; Np de
scribes the soil roughness depending on the incidence angle (Colliander 
et al., 2016; Wigneron et al., 2017); and Q represents the effect of soil 
roughness on polarization mixing (Martens et al., 2015). The parame
terization is provided in Section 3.1.3.
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3.1.2. Different inversion algorithms
MT-DCA, RDCA, and CMCA are three well-developed retrieval al

gorithms that can simultaneously retrieve SM and VOD (Konings et al., 
2016; Konings et al., 2017; Ebtehaj and Bras, 2019; Chaubell et al., 
2020; Chaubell et al., 2021; Gao et al., 2021). Below is a concise over
view of these algorithms.

3.1.2.1. Regularized dual channel algorithm (RDCA). A regularization 
term for VOD is incorporated into the classic DCA to reduce spatio
temporal noise during the retrieval process. Details of this algorithm can 
be found in Chaubell et al. (2020), O'Neill et al. (2020), and Chaubell 
et al. (2021). 

min
SM,VOD

J(Y) =
(

eobs
p − esim

p

)2
+ λ(VOD − VOD*)

2 (6) 

where eobs
p and esim

p are the observed and simulated soil surface emis
sivity, respectively; eobs

p is calculated as TBp/Ts; the regularization 
parameter λ is set to 2 via the combination of a searching method and a 
cross-validation method—a common approach used in the passive mi
crowave retrieval algorithms (Ebtehaj and Bras, 2019; O'Neill et al., 
2020; Gao et al., 2021); and VOD* is the initial estimate of VOD calcu
lated from NDVI climatology.

3.1.2.2. Multi-temporal dual channel algorithm (MT-DCA). The MT-DCA 
leverages emissivity observations from at least two consecutive over
passes, typically spanning one week. This algorithm assumes that VOD 
remains constant, while SM changes temporally within this time frame 
(Konings et al., 2016; Konings et al., 2017). 

min
SMt ,VOD

J(Y) =
∑T

t=0

(
eobs

pt − esim
pt

)2
(7) 

where SMt = (SM1, …, SMt). When three overpasses are available per 
pixel, the algorithm enables the simultaneous retrieval of parameter ω, 
SM, and VOD.

3.1.2.3. Constrained multi-channel algorithm (CMCA). The CMCA in
corporates Tikhonov (Tikhonov, 1963) and Sobolev-norm regularization 
(Adams and Fournier, 2003) terms into the MT-DCA to consider gradual 
temporal changes in VOD and mitigate the ill-conditioning of the 
retrieval problem caused by highly correlated polarized emissivity (Eq. 
(8)) (Ebtehaj and Bras, 2019). Simultaneously, the estimation of SM and 
VOD is constrained within their reliable bounds using box-constrained 
least-squares methods (Sorensen, 1982; Celis et al., 1984; Byrd et al., 
1987). For more details, see Ebtehaj and Bras (2019). 

min
SMt ,VODt

J(Y) =
∑T

t=0

(
eobs

pt − esim
pt

)2
+ λ(D1γt)

2

subject to SMl
t ≤ SMt ≤ SMu

t , VODl
t ≤ VODt ≤ VODu

t

(8) 

where SMt = (SM1, …, SMt) and VODt = (VOD1, …, VODt); λ is the 
regularization parameter, with a suggested value of 50 determined by 
the combination of searching method and cross-validation method 
mentioned above (Ebtehaj and Bras, 2019; O'Neill et al., 2020; Gao et al., 
2021); D1 is the first discrete derivative operator; and the retrieval 
bounds are defined as the lower (l) and the upper (u) bounds. The 
bounds of SM are based on the wilting point and field capacity for 

various soil types, while the VOD bounds are derived from MODIS NDVI 
climatology, utilizing the linear relationship between VOD and VWC 
(Chan et al., 2013).

3.1.3. Parameterization for the retrieval algorithms
PALS TB (with a spatial resolution of 600 m) is used to retrieve VOD. 

The mean TB for each field is calculated by averaging values from the 
footprint center within 150 m of the field center. Through this method, 
the PALS footprints showing the highest overlap with a particular field 
are chosen to estimate a representative TB for that field (Colliander 
et al., 2016; Wang et al., 2021b). The effective soil temperature is 
determined by averaging 5-cm-depth and the surface soil temperatures 
(accounting for both sunlight and shade conditions) (Colliander et al., 
2015; Wang et al., 2021b), while the effective canopy temperature is 
assumed to be equal to it based on soil-canopy thermal equilibrium 
(Colliander et al., 2016; Colliander et al., 2019). Theoretically, the 
effective soil temperature depends on surface/deep soil temperature and 
soil moisture (Choudhury et al., 1982; Wigneron et al., 2017; O'Neill 
et al., 2020). The SMAP algorithms typically use a modified formulation 
of the Choudhury model, in which the soil moisture effect is included in 
a calibrated fixed parameter C (O'Neill et al., 2020). However, the exact 
physical temperature distribution in soils is difficult to obtain. The soil- 
canopy thermal equilibrium assumption is adopted by SMOS/SMAP 
official algorithms at 6:00 AM/PM. Theoretically, this assumption is 
most robust at 6:00 AM due to weak canopy transpiration and more 
vertically uniform soil temperature/dielectric property profiles 
(Fagerlund et al., 1970; Basharinov and Shutko, 1975; O'Neill et al., 
2020). Notably, this study's measurements were conducted in the early 
morning or early evening, avoiding midday and drought periods to 
minimize thermal equilibrium violations caused by temperature het
erogeneity from extreme radiative forcing. Though this simplification 
deviates from basic energy balance principles, it has been adopted in 
retrieval studies using SMOSREX and SMAPVEX datasets (Wigneron 
et al., 2004; Saleh et al., 2006; Schlenz et al., 2012; Colliander et al., 
2015; Colliander et al., 2019), mainly because precise vertical-spatial 
temperature profiles of soil and vegetation are hard to measure in the 
field. Additionally, we tested an alternative, widely used parameteri
zation for effective canopy temperature (i.e., averaging sunlit and 
shaded canopy temperatures) (Pardé et al., 2003; Colliander et al., 2012; 
McNairn et al., 2015; Colliander et al., 2016). This method yielded VOD 
retrievals consistent with the thermal equilibrium assumption, mainly 
because the temperature difference between this average and the soil 
temperature average is small—introducing minimal error in surface 
reflectivity (Colliander et al., 2012; McNairn et al., 2015).

The reflectivity of bare, smooth soil is calculated using Fresnel 
equations and the Mironov dielectric model (Njoku and Entekhabi, 
1996; Mironov et al., 2009; Mironov et al., 2017). The parameter ttp is 
set to one, assuming that vegetation behaves isotropically with respect 
to microwave propagation. In fact, ttp is theoretically vegetation-type 
specific and exhibits seasonal differences or temporal changes due to 
structural changes in vegetation (Pardé et al., 2003; Wigneron et al., 
2004; Peischl et al., 2012; Schwank et al., 2012; Yan et al., 2015; 
Wigneron et al., 2017). To ensure a fair comparison of the three algo
rithms and reduce their degree of freedom (Konings et al., 2015), all 
algorithms use field-averaged in-situ soil moisture measurements as 
input. Regularization parameters in the RDCA and CMCA are calibrated 
based on experimental data via the combination of a searching method 
and a cross-validation method mentioned above (Adagbasa et al., 2019; 
Ebtehaj and Bras, 2019; O'Neill et al., 2020; Ghorbanzadeh et al., 2020; 
Gao et al., 2021). Additionally, the parameterizations of b, ω, Q, Hrp and 
Np vary across retrieval algorithms, but these algorithms assume them to 
be independent of polarization (Konings et al., 2016; Konings et al., 
2017; Ebtehaj and Bras, 2019; O'Neill et al., 2020), as shown in Table 1. 
Theoretically, these five parameters depend on polarization and exhibit 
temporal changes (Van de Griend and Wigneron, 2004b; Lawrence et al., 
2013; Martens et al., 2015; Wigneron et al., 2017), but this assumption 

Table 1 
Parameterizations of b, ω, Q, Hrp and Np in the τ-ω model across three algorithms.

Algorithms b ω Q Hrp Np

RDCA 0.11 0.06 0.1771 Hr Retrieval 2
MT-DCA / Retrieval 0 0.13 0
CMCA 0.11 0.05 0 0.12 2
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remains commonly used. This is because there is currently a lack of 
reference standards for their parameterizations across various crops. In 
RDCA and CMCA, VWC is calculated from NDVI climatology using 
Landsat data from 2014 to 2023, as detailed in Section 3.2.2. The LAI 
climatology is generated in the same manner as the NDVI climatology 
(Bindlish et al., 2015). Unless specified otherwise, all parameters in this 
study follow the parameterizations outlined above.

3.2. Improvement of VOD retrieval algorithm

Fig. 2 presents the development of the new algorithm using PALS 
data from the SMAPVEX16-MB dataset. We first compare four parame
terization schemes, including three Hrp models and the original algo
rithm parameterization across three well-developed retrieval 
algorithms: MT-DCA, RDCA, and CMCA. Two models rely on geometric 
characteristics, typically measured once due to measurement diffi
culties, while one dynamic model incorporates microwave observations 
and vegetation information for daily updates (Choudhury et al., 1979; 
Lawrence et al., 2013; Martens et al., 2015). This dynamic model is 
theoretically optimal for capturing Hrp changes from agricultural prac
tices and weather. During Hrp tuning, we compare the Pearson correla
tion coefficient (R) of different parameterization schemes between VOD 

retrievals and VWC/biomass to screen for the most effective parame
terization scheme. This tuning method leverages the well-established 
correlation between VOD and VWC/biomass (Jackson and Schmugge, 
1991; Pardé et al., 2003; Van de Griend and Wigneron, 2004a), aligning 
with algorithm development, improvement, and validation in previous 
studies (Martens et al., 2015; Colliander et al., 2019; Wang et al., 2021a; 
Wang et al., 2021b). This tuning method is mainly justified because VOD 
and Hrp, as radiative transfer parameters, cannot be directly measured in 
situ (Wigneron et al., 2017; Li et al., 2021). As a critical premise for this 
method, this linear relationship between VOD and VWC/biomass is 
stable, driven by the intrinsic physical mechanism of “VWC-driven mi
crowave attenuation”. Notably, this linear relationship is unaffected by 
the above retrieval algorithms because the retrieval constraints in these 
algorithms solely optimize parameter inversion stability (without 
altering the physical mechanism). Comparing these three algorithms 
(MT-DCA, RDCA, and CMCA) also helps identify their strengths, weak
nesses, and improvement potentials.

Based on the optimal Hrp parameterization, we evaluate in-situ 
measured LAI and NDVI climatology as prior information across 
RDCA, C-MT-DCA, and CMCA. C-MT-DCA (MT-DCA with constrained 
bounds like CMCA) may enhance retrieval precision and help assess the 
effectiveness of prior information. Consistent with the Hrp tuning 
method, we screen candidate prior information by evaluating the cor
relation between VOD retrievals and VWC/biomass, and further verify 
its validity using the correlation between the prior information and 
VWC/biomass. LAI is a more reasonable indicator for constraining VOD, 
as it directly reflects vegetation growth, photosynthetic capacity, can
opy structure, and biomass, all closely linked to VWC (Xiao et al., 2016; 
Fang et al., 2019).

To scale up the retrieval approach, measured LAI will be replaced 
with satellite-derived LAI climatology. Once LAI and Hrp are upscaled to 
satellite-derived data, the algorithm can be applied to SMAP, given the 
consistent passive signature between PALS and SMAP observations. In 

Fig. 2. Flow chart presenting the retrieval algorithm of VOD from PALS data (The process consists of three main steps: 1) Assessment of four Hrp parameterization 
schemes across three algorithms; 2) Evaluation of two types of prior information across three algorithms; 3) Synergistic upscaling of field-based Hrp and LAI to 
satellite footprint-scale to achieve applicability at the SMAP pixel scale.)

Table 2 
Coefficient values of dynamic Hrp model (Eq. (9)).

LAI Coefficients

c1h c2h c3h c4h c1v c2v c3v c4v

0–2 − 1.28 0.0096 2 − 0.13 − 3.69 0.0181 2 − 0.08
2–3 − 1.36 0.0108 2 − 0.2 − 3.19 0.0168 2 − 0.14
3–4 − 1.58 0.0117 2 − 0.18 − 4.57 0.0214 2 − 0.09
4–6 − 1.44 0.0141 2 − 0.34 − 3.6 0.022 2 − 0.35

This table refers to Martens et al. (2015).
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this process, the improved algorithm is selected primarily based on the 
correlation between VOD and VWC/biomass. A supplementary valida
tion is conducted using the R and root mean squared error (RMSE) be
tween forward-simulated TB (input with VOD retrievals) and observed 
TB—an approach widely used in passive microwave retrieval studies 
(Martens et al., 2015; Colliander et al., 2016; Colliander et al., 2019; 
Wang et al., 2021b). Finally, the improved algorithm is independently 
validated using the SMAPVEX12 dataset. Notably, though real-time 
dynamic LAI is more accurate for capturing vegetation responses to 
climate extremes, it is rarely observed at the field scale (typically 800 m) 
during the observation days of SMAPVEX16-MB. Future studies will 
explore the impact of real-time dynamic LAI on VOD retrievals for SMAP 
retrievals.

3.2.1. Four parameterization schemes for effective roughness parameter
Four parameterization schemes are evaluated, which include three 

models representing two distinct strategies for Hrp calculation (Eqs. (9)– 
(12)) and the parameterization scheme from the original algorithm 
(Hrp_Ori; Table 1). The three models are as follows:

1) One of the models is an empirical model proposed by Martens 

et al. (2015) and referred to as the dynamic Hrp model (Hrp_Dyn) (Eq. 
(9)), which characterizes a dynamic roughness parameter that depends 
on polarization. This model links roughness to TB and LAI and can 
provide daily parameter values, showing potential for large-scale 
application. In this study, two variants of Hrp derived from this model 
are distinguished by LAI data sources: Hrp_DynMes (calculated with in- 
situ measured LAI) and Hrp_DynSat (using satellite-derived LAI clima
tology), with the latter used in subsequent Sections 3.2.3 and 4.3. 

Hrp Dyn =
(
c1p + c2pTBp + c4pLAI

)c3p (9) 

where the values of c1p, c2p, c3p and c4p are taken from Martens et al. 
(2015) (Table 2).

2) The second model, proposed by Choudhury et al. (1979) and 
termed the classic Hrp model (Hrp_Cla), relates Hrp to s (Eq. (10)) and is 
insensitive to microwave frequency (Montpetit et al., 2015). 

Hrp Cla = 4k2s2 (10) 

3) Another model, developed by Lawrence et al. (2013) and referred 
to as Hrp_A, links Hrp to physical surface roughness characteristics such as 
s and l (Eqs. (11)–(12)). Hrp_A is one of six models (A-F) sharing the same 

Fig. 3. The correlations between VWC and VOD retrieved from RDCA, MT-DCA, and CMCA, using four Hrp parameterizations (Hrp_DynMes, Hrp_Cla, Hrp_A and 
Hrp_Ori). Hrp_DynMes represents the Hrp derived from the Hrp_Dyn model with in-situ measured LAI input. Parameter b is the slope of the zero-intercept linear 
regression between VOD and VWC. ** and *** represent statistical significance at the 0.01 and 0.001 significance levels (i.e., P < 0.01 and P < 0.001), respectively.
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exponential function structure and exhibiting similar trends in the 
retrieved parameters. Hrp_A shows a slightly lower RMSE between TB 
simulated by the HQN model and that observed by the PORTOS radi
ometer, as well as between retrieved and measured soil moisture. 
Moreover, the zs parameter demonstrates a stronger correlation with the 
radar backscattering coefficient than the s parameter (Zribi et al., 2014). 

Hrp A = 2.651
(
1 − e− Zs/2.473) (11) 

Zs = s2/l (12) 

3.2.2. Two types of vegetation indicators as prior information
Based on the optimal Hrp parameterization, we evaluate the perfor

mance of both in-situ measured LAI and NDVI climatology across RDCA, 
CMCA, and C-MT-DCA. In the two SMAP algorithms (RDCA and CMCA), 
VOD is constrained by VWC from the NDVI climatology (Eq. (13)) and 
the b values obtained from the IGBP land cover-based lookup table 
(Jackson, 1993; Bindlish et al., 2015). 

VWC = 1.9134NDVI2 − 0.3215NDVI+ StemFactor
NDVImax − NDVImin

1 − NDVImin

(13) 

where NDVImax and NDVImin represent the annual maximum and mini
mum NDVI values, respectively. According to the SMAP official algo
rithm, for croplands the current NDVI is used for NDVImax (O'Neill et al., 
2020), consistent with the NDVI applied in the first two terms. The 
default NDVImin value for croplands in the SMAP algorithm is set to 0.1 
(O'Neill et al., 2020). The stem factor in the SMAP algorithm signifies the 
maximum amount of water that can be stored in the stems of crops, and 
it is assigned a value of 3.5 (O'Neill et al., 2020).

In the SMOS L2 & L3 algorithms, VOD is initialized with a first guess 
derived from LAI and b′ (Eq. (14)). It is noted that b′ in Eq. (14) differs 
physically from the b used to generate the initial guess for VOD via Eq. 
(13). 

τNAD = b'⋅LAI+ b'' (14) 

where parameters b′ and b″ are set to 0.06 and 0, respectively.

Fig. 4. The correlations between biomass and VOD retrieved from RDCA, MT-DCA, and CMCA, using four Hrp parameterizations (Hrp_DynMes, Hrp_Cla, Hrp_A and 
Hrp_Ori). Hrp_DynMes represents the Hrp derived from the Hrp_Dyn model with in-situ measured LAI input. Parameter b is the slope of the zero-intercept linear 
regression between VOD and biomass. *, **, and *** represent statistical significance at the 0.05, 0.01 and 0.001 significance levels (i.e., P < 0.05, P < 0.01, and P <
0.001), respectively.
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The operational SMOS Level 2 algorithm uses typical b′ values for low 
vegetation like croplands, with b″ set to 0 for simplicity (Martens et al., 
2015). Actually, b′ and b″ vary with vegetation type. For example, 
Schlenz et al. (2012) found that b′ = 0.12 and b″ = 0.08 for SMOS when 
LAI constrains VOD. In contrast, for SMAP official algorithms, parameter 
b typically ranges around 0.12 (±0.03) across vegetation types (Jackson 
and Schmugge, 1991; Van de Griend and Wigneron, 2004b; Wigneron 
et al., 2017).

Theoretically, VOD retrieval can be influenced by temporal varia
tions in LAI or NDVI climatology, as b′ and b are generally assumed 
constant and b″ is set to 0. Hence, b′ and b function in a similar manner in 
VOD retrieval and are thus uniformly referred to as b for convenience. 
Based on b values from 0.06 to 0.12 in previous studies, we test 
parameterizing b (0.06, 0.09 and 0.12) with LAI as prior information, 
setting b″ to 0. For CMCA, considering the high accuracy of field- 
measured LAI, we evaluate 10% and 15% multiplicative errors. For 
NDVI climatology, following the CMCA, we apply a 15% multiplicative 
error (Ebtehaj and Bras, 2019). Additionally, when using NDVI clima
tology to constrain VOD, the b values are prescribed according to the 
original algorithms (Table 1).

3.2.3. Upscaling field-based Hrp and LAI to satellite footprint scale
As anticipated, using dynamic Hrp parameterization and LAI as prior 

information will form the foundation for improving VOD retrieval. If b 
values do not significantly affect VOD retrieval, we set b to 0.10 within 
its common range of 0.06 to 0.12 (Van de Griend and Wigneron, 2004a; 
Saleh et al., 2006; Wigneron et al., 2007; Kerr et al., 2012; Schlenz et al., 

2012; Lawrence et al., 2014; Ebtehaj and Bras, 2019; O'Neill et al., 
2020), when using b and LAI to constrain VOD. Notably, due to the 
model's insufficient robustness and inherent errors in satellite-derived 
LAI, its direct application for upscaling Hrp and LAI to satellite-derived 
data may yield limited performance. To address uncertainties in the 
dynamic Hrp model and satellite-derived LAI climatology, as well as their 
complex interactions during VOD retrieval, we employ two methods to 
calculate dynamic Hrp: 1) using the dynamic Hrp model with satellite- 
derived LAI climatology input (Hrp_DynSat); 2) inverting from the τ-ω 
model with VOD determined by LAI and averaging the retrieved dy
namic Hrp from two or three consecutive observations within a week 
(Hrp_DynRet). The latter adopts the Hrp upscaling strategy consistent with 
the SMAP official RDCA algorithm (Chaubell et al., 2020; O'Neill et al., 
2020). This method incorporates Hrp as a co-optimization variable 
directly into the inversion process, theoretically completely avoiding the 
reliance on external empirical dynamic models such as Eq. (9). If the 
designed scheme performs as expected, the SMAPVEX12 dataset can 
serve as an independent validation dataset for the improved algorithm in 
this study.

We also explore the effects of NDVI climatology as prior information 
under both dynamic Hrp parameterizations: Hrp_DynSat and Hrp_DynRet. 
Because satellite-derived vegetation indicators interact with Hrp during 
VOD retrieval, complicating the identification of the best option. Addi
tionally, we test a wide range of constraint bounds in C-MT-DCA and 
CMCA, applying a 20%–50% multiplicative error in 10% increments, 
and an additional 15% error for NDVI climatology following the CMCA.

3.3. Impact of input parameter uncertainties on VOD retrievals

To estimate the uncertainty of VOD retrieval, we employ the sto
chastic perturbation experiment and the τ-ω forward model, with a 5% 
perturbation applied to three input parameters (Colliander et al., 2012; 
Colliander et al., 2019): SM, LAI, and Ts. The stochastic perturbation 
experiment is a classical method for quantifying parameter sensitivity 
and evaluating model anti-interference ability, and has been widely 
used in fields such as remote sensing retrieval and numerical simulation 
(Xu et al., 2019; Ye et al., 2024; Shen et al., 2025).

We use the relative sensitivity coefficient (S, Eq. (15)) to quantify the 
response of VOD retrievals to unit perturbations of input parameters. To 
further analyze the perturbation effects, we calculate the R and RMSE 
between retrieved VOD values under two scenarios: perturbed and 
unperturbed. 

S = (ΔVOD/VOD0)/(ΔX/X0) (15) 

where VOD0 and X0 denote the retrieved VOD and input parameter value 
under unperturbed (baseline) conditions, respectively; ΔVOD = VODpost- 

perturbation – VOD0 represents the difference between post-perturbation 
and baseline VOD, and ΔX = Xpost-perturbation – X0 represents the differ
ence between post-perturbation and baseline parameter values.

4. Results and discussions

4.1. Comparison of different soil roughness parameter parameterizations

Figs. 3–4 summarize the correlations between VWC/biomass and 
VOD retrieved from RDCA, MT-DCA, and CMCA, using four Hrp pa
rameterizations. The three algorithms exhibit a linear VOD-VWC/ 
biomass correlation, while different Hrp parameterizations do not alter 
this relationship. For the same Hrp parameterization, although the zero- 
intercept regression slopes (parameter b) of VOD versus VWC show 
cross-algorithm differences for the same crop, they generally fall in a 
similar order of magnitude—all within the crop-specific range 
(0.05–0.45) reported (Saleh et al., 2006; Wigneron et al., 2017; O'Neill 
et al., 2020; Li et al., 2021; Wang et al., 2021b). Overall, RDCA produces 
higher VOD-VWC slopes for the same crop, while CMCA's slopes are very 

Fig. 5. Parameterization schemes for surface roughness parameter Hrp from 
three models and rainfall during SMAPVEX16-MB. Hrh_DynMes and Hrv_DynMes 
represent the Hrp at p polarization derived from the Hrp_Dyn model with in-situ 
measured LAI input.
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close to these higher values for all crops. In contrast, MT-DCA has lower 
slope values than RDCA and CMCA.

The dynamic Hrp model (Hrp_DynMes) outperforms other models 
(Hrp_A and Hrp_Cla) or the parameterization in the original algorithms 
(Hrp_Ori), particularly in improving the correlation between VOD from 
MT-DCA/CMCA and VWC/biomass for wheat with complex structure. 
This superiority stems from three main factors. First, the dynamic model 
accounts for dielectric properties and vegetation effects across diverse 
land covers and soil textures (Martens et al., 2015). In contrast, the other 
two models rely solely on surface geometry, neglecting these effects 
(Choudhury et al., 1979; Lawrence et al., 2013; Martens et al., 2015). 
Notably, Hrp is determined by surface geometry when soil is saturated. 
However, as soil dries, water is retained in preferential locations, 
resulting in a heterogeneous water distribution and variations in soil 
dielectric properties, increasing soil dielectric roughness without 
changing physical roughness (Martens et al., 2015).

Second, the dynamic model considers polarization and dynamic 
characteristics. Hrp is theoretically dependent on polarization and dy
namic changes caused by weather and agricultural activities 
(Escorihuela et al., 2007; Lawrence et al., 2013; Martens et al., 2015; 

Zeng et al., 2016; Walker et al., 2019; Walker et al., 2023), while geo
metric parameters are typically measured only once and are difficult to 
monitor over time. Observed polarization differences and dramatic Hrp 
fluctuations during crop growth suggest that assuming constant surface 
roughness fails to capture significant changes, impacting VOD retrieval 
(Fig. 5). Notably, no straightforward correlation between Hrp and indi
vidual rainfall events is observed in Fig. 5. This is because the dynamics 
of Hrp represent an integrated effect of multiple factors. In agricultural 
regions, farming activities (e.g., tillage) are typically the dominant 
driver (Zobeck and Onstad, 1987; Walker et al., 2019; Walker et al., 
2023), exerting a greater influence than weather variations. Although 
heavy rainfall can alter bare soil roughness (Abban et al., 2017), its 
direct impact on Hrp is significantly attenuated under vegetation cover 
due to canopy shielding. Moreover, the influence of precipitation is 
intricately coupled with simultaneous changes in SM and VWC within 
the radiometric signal, making it challenging to isolate in either physical 
or retrieval terms (Colliander et al., 2016; Feldman et al., 2018). 
Therefore, due to the reasons outlined above, the dynamic variations of 
Hrp in vegetated areas do not exhibit a clear empirical relationship with 
individual rainfall events, which is consistent with existing 

Fig. 6. The correlations between VWC and VOD retrieved from RDCA, C-MT-DCA with constraint bounds, and CMCA, using measured LAI as prior information for 
VOD with a b value of 0.09 and the dynamic Hrp model. Parameter b is the slope of the zero-intercept linear regression between VOD and VWC. *** represents 
statistical significance at the 0.001 significance level (P < 0.001).
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understanding (Colliander et al., 2016; Walker et al., 2019; Walker et al., 
2023; Feng et al., 2025).

Finally, surface geometric parameters reflect only the sampling 
location, not the pixel-covered area average. In contrast, Hrp from the 
dynamic model uses the average information of the entire pixel, making 
it more representative. Similarly, the parameterization in the original 
algorithms also faces the aforementioned issues. For example, MT-DCA 
and CMCA prescribe a single empirical Hrp constant value for both po
larizations based on land cover, calibrated from early numerical or field 
experiments (Konings et al., 2017; Ebtehaj and Bras, 2019; Chaubell 
et al., 2020; O'Neill et al., 2020). RDCA retrieves Hrp from the τ-ω model 
as a constant for both polarizations, with VOD determined by NDVI 
climatology (Chaubell et al., 2020). Additionally, Hrp_A outperforms 
Hrp_Cla, consistent with Wang et al. (2021b). Specifically, by incorpo
rating l in addition to s, Hrp_A simultaneously captures both the height 
variation characteristics and spatial continuity of the surface. This 
possibly mitigates the issue of Hrp_Cla: relying solely on s, Hrp_Cla tends 
to overestimate roughness as s increases under intermediate or strong 
roughness conditions (i.e., when s > about 10 mm) (Wigneron et al., 
2011). In SMAPVEX16-MB, s ranges from 0 to 20 mm (Wang et al., 

2021b), where Hrp_Cla's overestimation bias may thus be pronounced.
It should be noted that the results demonstrate the application po

tential of the direct implementation of the empirical model combined 
with high-quality in-situ measurements for improving VOD retrieval 
accuracy in the SMAPVEX16-MB study area. However, the robustness of 
such empirical relationships (e.g., Eq. (9)) and their transferability to 
different geographical regions, ecosystems or spatial scales still require 
thorough validation with more extensive independent datasets.

In Figs. 3–4, MT-DCA exhibits the highest sensitivity to Hrp, followed 
by CMCA and then RDCA, aligning with the retrieval strategies. 
Generally, constraint boundaries provide physical limits, while regula
rization enhances flexibility and stability. Therefore, VOD retrieval in 
RDCA and CMCA is less influenced by Hrp. In RDCA, the regularization 
term based on NDVI climatology provides a stronger constraint, making 
the retrieval relatively independent of Hrp but strongly dependent on 
prior information. By contrast, the regularization term in CMCA, based 
on gradual VOD changes, serves as a weaker and more flexible 
constraint. Although CMCA uses NDVI climatology as a box constraint 
for VOD, its overall constraint may be weaker than that of RDCA. 
Compared with them, MT-DCA only assumes that VOD remains 

Fig. 7. The correlations between biomass and VOD retrieved from RDCA, C-MT-DCA with constraint bounds, and CMCA, using measured LAI as prior information for 
VOD with a b value of 0.09 and the dynamic Hrp model. Parameter b is the slope of the zero-intercept linear regression between VOD and biomass. *** represents 
statistical significance at the 0.001 significance level (P < 0.001).
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unchanged during consecutive two or three observations (Konings et al., 
2016; Konings et al., 2017).

Additionally, the Hrp values in the original MT-DCA and CMCA are 
closely aligned, at 0.13 and 0.12, respectively (Table 1) (Konings et al., 
2017; Ebtehaj and Bras, 2019), which can characterize the surface 
roughness of fields such as those covered by canola. However, under 
each of the four Hrp parameterizations, the correlations between VOD 
and VWC/biomass differ between the two algorithms. This difference is 
primarily due to variations in their strategies, assumptions, or con
straints. Our analysis shows that MT-DCA generally yields accurate re
sults, with strong correlations between VOD and VWC/biomass for 
canola and soybean, demonstrating high sensitivity (Figs. 3–4). For 
wheat, scattered VOD data points are observed; despite the scattering, 
their overall correlation with biomass and VWC remains linear. In 
summary, each of the three algorithms presents potential advantages for 
the three crops when coupled with the optimal Hrp parameter
ization—the dynamic Hrp model (Hrp_Dyn). Further, introducing 
reasonable constraints to MT-DCA may enhance VOD retrieval and 
improve the understanding of prior information in VOD retrieval.

4.2. Evaluation between LAI and NDVI climatology as prior information

Figs. 6–7 show the correlations between VWC/biomass and VOD 
retrieved from RDCA, C-MT-DCA, and CMCA, using measured LAI as 
prior information for VOD, based on the dynamic Hrp model with in-situ 
measured LAI input (Hrp_DynMes). The selection of prior information 
does not influence the VOD-VWC linear relationship. Similarly, the 
regression slopes (parameter b) for each crop show negligible cross- 
algorithm differences, remaining within the aforementioned value 
range (0.05–0.45).

Compared with the results obtained using NDVI in Figs. 3–4, all VOD 
estimates show strong correlations with VWC/biomass across the three 
crops (R > 0.85), with high sensitivities, highlighting that accurate prior 
information for VOD input is far more important than Hrp. These results 
underscore the effectiveness of LAI as prior information for VOD, sup
ported by its ability to effectively characterize VWC/biomass (Fig. 8; 
Fig. S11). This finding is consistent with numerous published studies, 
such as those in Saleh et al. (2006), Saleh et al. (2007), Jones et al. 
(2012), Kerr et al. (2012), and O'Neill et al. (2015), which highlight the 
strong relationship between VOD and LAI/NDVI. Specifically, VOD ex
hibits a linear correlation with LAI and a non-linear relationship with 
NDVI (Grant et al., 2016; Wigneron et al., 2017). Theoretically, LAI 
offers clearer biophysical significance (Cao et al., 2023): it primarily 
characterizes leaf quantity and directly reflects vegetation growth and 
photosynthetic capacity, serving as a key indicator for estimating 
vegetation biomass and assessing canopy structure (Xiao et al., 2016; 
Fang et al., 2019). In contrast, VWC is a physiological trait that scales 
with biomass (dependent on both dry matter and water content per unit 
dry matter), with most plant water stored in stems. Despite these dif
ferences, the shared connection of LAI and VWC to biomass drives their 
correlation at the canopy scale. Given that VOD is closely related to 
canopy structure, biomass, and VWC, LAI is likely a suitable prior in
formation for VOD.

As anticipated, the VOD retrieval in RDCA and CMCA is more 
responsive to variations in vegetation indicators (as prior information) 
but is insensitive to the constant parameter b values (Figs. 6–7, S5–S8). 
Moreover, RDCA has a strong reliance on prior information and lower 
sensitivity to Hrp. When reliable prior knowledge of LAI is available, 
RDCA is preferred. However, given uncertainties in satellite-derived 
LAI, all three algorithms should be evaluated.

4.3. Upscaling LAI and Hrp to satellite-derived data

Coupling dynamic Hrp (retrieved dynamic Hrp /dynamic model- 
derived Hrp) with LAI climatology or NDVI climatology as prior 
knowledge, the correlations between VOD, VWC, and biomass for RDCA, 
C-MT-DCA, and CMCA are depicted in Figs. 9–10, S9–S10 and Tables S4- 
S5. The VOD-VWC/biomass linear relationship is maintained even with 
varied Hrp parameterizations or VOD prior information. For the same 
crop type, the RDCA and CMCA consistently produce higher sensitivity 
of VOD to VWC than C-MT-DCA. Overall, LAI climatology outperforms 
NDVI climatology as prior information in improving VOD retrieval 
across three algorithms, under both the retrieved dynamic Hrp 
(Hrp_DynRet) and the dynamic model-derived Hrp (Hrp_DynSat). This 
improvement is attributed to LAI climatology's superior representation 
of vegetation characteristics, akin to real-time LAI, in capturing the 
trends of VWC and biomass (Fig. 8). When combined with retrieved 
dynamic Hrp, LAI climatology further enhances VOD retrieval. Specif
ically, CMCA achieved the best performance (R > 0.73) when con
strained by LAI climatology with a 50% multiplicative error. In contrast, 
the other two algorithms did not consistently improve VOD retrieval for 
all vegetation types when using retrieved dynamic Hrp and LAI clima
tology as prior information. For example, for soybeans, C-MT-DCA and 
RDCA showed far lower correlations between VOD and VWC/biomass 
when compared with NDVI climatology as prior information (Figs. 9–10
(g, h)). This suggests that CMCA's retrieval strategy, supported by 

Fig. 8. Trends of in-situ measured VWC, biomass and LAI, as well as NDVI 
climatology, VWC derived from NDVI climatology, and LAI climatology at the 
field scale during SMAPVEX16-MB.
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physical constraints such as a regularization term based on the slow 
variation of VOD (Ebtehaj and Bras, 2019; O'Neill et al., 2020), provides 
stability and flexibility, with sensitivity to Hrp and prior information of 
VOD. Specifically, this physical constraint is more theoretically sound 
than the assumption of C-MT-DCA (Konings et al., 2017; Ebtehaj and 
Bras, 2019). Compared to RDCA, it helps incorporate more observations, 
thus increasing the information (Konings et al., 2015). Additionally, it 
makes CMCA more sensitive to Hrp and less reliant on prior information 
than RDCA (Figs. 3–4, 9–10).

We also observe that this physical constraint generally enables 
CMCA to retrieve accurate VOD without constraint bounds. However, 
weak constraints are required when observational noise is high to limit 
outliers, which explains why CMCA performs well under weak bound 
constraints. Additionally, combining LAI climatology as prior informa
tion with the retrieved dynamic Hrp may not introduce additional data or 
model noise. This reduces errors in VOD retrieval compared with other 
combinations, including dynamic model-derived Hrp with NDVI clima
tology, dynamic model-derived Hrp with LAI climatology, and retrieved 
dynamic Hrp with NDVI climatology (Figs. 9–10 and S9–S10; Tables S4- 
S5).

The R and RMSE between forward-simulated TB (input with VOD 
retrievals) and observed TB for the three algorithms confirm that 

retrieved dynamic Hrp (Hrp_DynRet) combined with LAI climatology is 
superior (Table S1-S2). Under this combination, all three algorithms 
achieve high correlation coefficients (R = 0.93–0.97 for horizontal po
larization, 0.88–0.97 for vertical polarization) between forward- 
simulated and observed TB. Among them, CMCA and C-MT-DCA have 
lower RMSE than RDCA (especially for horizontal polarization); with 
optimal bound constraints (CMCA: 50% multiplicative error; C-MT- 
DCA: 40%–50% multiplicative errors), their TB RMSE is further reduced, 
and CMCA still maintains higher VOD-VWC/biomass correlation 
(Figs. 9–10). This consistency between numerical accuracy (TB match
ing) and physical relevance (VOD-vegetation parameter correlation) 
fully confirms the effectiveness of the improved retrieval strategy.

The sensitivity of the three inversion algorithms to prior information 
and Hrp parameterization is examined by varying one while keeping the 
other constant, based on the correlation between VOD, VWC, and 
biomass (referred to as correlation). VOD is retrieved from three algo
rithms, each providing the best overall performance for the three crops. 
When using dynamic model-derived Hrp, MT-DCA with 40% multipli
cative error and CMCA with 40% multiplicative errors achieve the best 
results. When using retrieved dynamic Hrp, MT-DCA with 40% multi
plicative error and CMCA with 50% multiplicative errors show optimal 
performance (Figs. 9–10 and S9–S10). In the following analysis, 

Fig. 9. Correlations between VWC and VOD retrieved from RDCA, MT-DCA with constraint bounds (C-MT-DCA), and CMCA, using Hrp retrieved from the τ-ω model 
via VOD determined by satellite-derived LAI climatology (retrieved dynamic Hrp, Hrp_DynRet), with LAI climatology used as prior information for VOD. Parameter b is 
the slope of the zero-intercept linear regression between VOD and VWC. *** represents statistical significance at the 0.001 significance level (P < 0.001).
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differences in correlation are categorized as three levels: no difference 
(< 0.06), higher difference (0.06–0.10), and far higher difference (>
0.10). As discussed in Section 4.1, RDCA is less sensitive to Hrp, with 
similar correlations under both Hrp parameterizations (Figs. 9–10 (a, d, 
g)). On the other hand, RDCA is more sensitive to prior information, as 
correlation for canola is far higher with LAI climatology than with NDVI 
climatology (Figs. 9–10 (a)), while soybeans show lower correlations 
(Figs. 9–10 (g)). In contrast, CMCA is more sensitive to both Hrp and 
prior information. For example, wheat shows large differences in cor
relation under different Hrp parameterizations and prior information 
constraints (Figs. 9–10 (f)). For soybean, correlation is much higher with 
LAI climatology than with NDVI climatology (Figs. 9–10 (i)). Addi
tionally, C-MT-DCA is sensitive to prior information and Hrp under LAI 
climatology constraints. For example, under NDVI climatology con
straints, C-MT-DCA shows similar correlations across the two Hrp pa
rameterizations for all three vegetation types. However, under LAI 
climatology constraints, the correlation for canola is far higher, 
compared to NDVI climatology constraint (Figs. 9–10 (b)). With the LAI 
climatology, canola and wheat show higher correlation with the 
retrieved dynamic Hrp than with the dynamic model-derived Hrp, 
whereas for soybean, the opposite is found (Figs. 9–10). Further analysis 

indicates that using the retrieved dynamic Hrp generally yields higher 
correlations than the dynamic model-derived Hrp for CMCA and C-MT- 
DCA (Figs. 9–10 (b, c, e, f, h, i)), likely due to the higher uncertainties in 
the dynamic Hrp model and satellite LAI data. This demonstrates that the 
retrieved dynamic Hrp is more effective.

When using the retrieved dynamic Hrp, LAI climatology constraints 
reduce CMCA's sensitivity to multiplicative errors compared to NDVI 
climatology. For instance, for canola, the correlation between VOD and 
VWC ranges from R = 0.38 to 0.87 under NDVI climatology constraints, 
but remains steady at R = 0.87–0.89 under LAI climatology constraints 
(Figs. 9–10 (c)). In contrast, C-MT-DCA shows good universality and low 
sensitivity to multiplicative errors under both climatology constraints 
(Figs. 9–10 (b, e, h)), further validating the effectiveness of LAI clima
tology constraints and retrieved dynamic Hrp.

4.4. Validation of the proposed algorithm using independent data

The development and optimization of the proposed algorithm in this 
study, including all evaluations of parameterization schemes and prior 
information (Section 3.2), were conducted exclusively using the 
SMAPVEX16-MB dataset. To provide an independent evaluation of its 

Fig. 10. Correlations between biomass and VOD retrieved from RDCA, MT-DCA with constraint bounds (C-MT-DCA), and CMCA, using Hrp retrieved from the τ-ω 
model via VOD determined by satellite-derived LAI climatology (retrieved dynamic Hrp, Hrp_DynRet), with LAI climatology used as prior information for VOD. 
Parameter b is the slope of the zero-intercept linear regression between VOD and biomass. *** represents statistical significance at the 0.001 significance level (P 
< 0.001).
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performance, we validated the final selected algorithm configuration 
(CMCA incorporating LAI climatology and its dynamic Hrp) using the 
SMAPVEX12 dataset. This independent test was designed to validate the 
algorithm's effectiveness and robustness under different spatiotemporal 
conditions.

The evaluation with the SMAPVEX12 dataset includes only wheat 
and soybean, while canola data are unavailable. Overall, our modified 
retrieval algorithm outperforms the original one (Fig. 11, Table S3). For 
wheat, the modified algorithm yields VOD values that show significantly 
less deviation from the best fitted line for VWC/biomass, although the 
correlation coefficients are similar to the original model. For soybean, 
the retrieved VOD using the modified model presents a significantly 
higher correlation with the VWC/biomass compared with the original 
algorithm. For low-height vegetation such as soybean, where TB has 
strong soil contributions, optimizing the dynamic Hrp appears to 
contribute more to improving the retrieval performance than for high 
vegetation like wheat. Additionally, compared with the original algo
rithm, R between simulated and observed TB has significantly increased, 
while RMSE has significantly decreased.

4.5. Impact of key parameter uncertainties on VOD retrievals

We analyzed the impact of uncertainties in input parameters (Ts, SM, 
and LAI) on the uncertainty of VOD retrieval—using an improved 

algorithm that incorporates LAI climatology and its dynamic Hrp into the 
CMCA—by combining a stochastic perturbation experiment with the τ-ω 
model (Table 3). Results indicate that although SM and LAI exhibited 
higher unit perturbation response intensities on VOD retrieval than Ts, 
the three parameters had comparable impacts under the current 
perturbation magnitude. This is evidenced by the low RMSE between 
VOD retrievals in perturbed and unperturbed scenarios. Critically, sto
chastic perturbations of input parameters only caused a slight offset in 
retrieved VOD values; they did not influence the physical causal rela
tionship between VOD and VWC/biomass, nor did they affect VOD's 
temporal trends. This preserved VOD's robust ability to characterize 
VWC/biomass while verifying the stability of the τ-ω model and the 
reliability of VOD estimation.

While the above results quantify the impact of parameter perturba
tions on VOD retrieval, more importantly, random parameter pertur
bations only alter the numerical value of retrieved VOD and do not 
undermine this physical causal relationship. This stability stems from 
the core physical meaning of VOD: it essentially represents the vegeta
tion's microwave attenuation capacity, which is determined by VWC, 
biomass and structure (Ulaby and Jedlicka, 1984; Jackson and 
Schmugge, 1991; Chahuan et al., 1994; Kurum, 2013; Long and Ulaby, 
2015; Gao et al., 2020a). Uncertainties in input parameters do not alter 
the relational logic of “vegetation properties → microwave attenuation 
→ VOD”. Additionally, perturbations are non-directional fluctuations 

Fig. 11. The validation of the new algorithm with the SMAPVEX12 dataset. Parameter b is the slope of the zero-intercept linear regression between VOD and 
biomass. ** and *** represent statistical significance at the 0.01 and 0.001 significance levels (i.e., P < 0.01 and P < 0.001), respectively.

Table 3 
Relative sensitivity coefficient (S), Pearson correlation coefficient (R), and Root mean square error (RMSE) for retrieved VOD before and after the stochastic 
perturbation experiment of input parameters including soil temperature (Ts), soil moisture (SM), and leaf area index (LAI).

Perturbation stage Perturbed parameter Metrics Canola Wheat Soybean Total

Before perturbation / R 0.88/0.87 0.73/0.88 0.85/0.84 /
After perturbation Ts S 3.79 4.59 5.86 4.93

R 0.90/0.90 0.76/0.84 0.85/0.83 /
RMSE 0.04 0.06 0.06 0.05

SM S 10.88 16.31 8.79 11.00
R 0.90/0.89 0.77/0.85 0.85/0.84 /
RMSE 0.05 0.06 0.06 0.06

LAI S 11.91 17.02 8.75 11.46
R 0.88/0.88 0.75/0.83 0.84/0.82 /
RMSE 0.06 0.07 0.05 0.06
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within a reasonable physical range, which only cause a slight overall 
offset in retrieved VOD values without disrupting its temporal trends (e. 
g., the low→high→low pattern of VOD during the growing season). 
Ultimately, this maintains VOD's stable capability to characterize VWC 
and biomass.

5. Conclusion

Although Normalized Difference Vegetation Index (NDVI) clima
tology and a fixed surface roughness are employed to constrain various 
retrieval algorithms for SMAP soil moisture (SM) and vegetation optical 
depth (VOD), NDVI is prone to saturation, and a constant surface 
roughness does not account for the variations driven by agricultural 
activities. This results in inaccuracies in SM and VOD retrieval. To 
address this, this study proposes an alternative algorithm for VOD 
retrieval using the SMAPVEX2016-MB dataset. This algorithm builds on 
the retrieval strategy of CMCA, incorporating satellite-derived LAI 
climatology as prior information for VOD and a flexible surface rough
ness parameterization, with the key output being enhanced VOD 
retrieval through optimizing surface roughness (Hrp) parameterization 
and VOD prior information. The algorithm's performance is assessed by 
comparing its VOD retrievals with in-situ VWC and biomass from the 
SMAPVEX2012 dataset.

The τ-ω model performs best with in-situ measured LAI as prior in
formation across the three retrieval algorithms (RDCA, MT-DCA with 
constrained values, and CMCA), mainly because LAI is not prone to 
saturation and effectively characterizes vegetation structure changes. 
Additionally, the evaluation of four parameterization schemes—two 
models based on geometric characteristics with constant values, one 
dynamic model based on microwave observation and vegetation infor
mation with dynamic values, and the values used in the original algo
rithm—reveals that dynamic parameterization provides the most 
accurate VOD retrieval. Consequently, incorporating dynamic surface 
roughness into the retrieval algorithm enhances SMAP VOD retrieval, in 
addition to prior information of VOD. Notably, when prior information 
sufficiently describes vegetation changes, it is far more important than 
surface roughness. Due to uncertainties in the satellite-derived LAI data, 
the dynamic model, and their interaction during VOD retrieval, directly 
calculating dynamic surface roughness using satellite-derived LAI in the 
dynamic model is less effective than using in-situ LAI. When satellite- 
derived LAI climatology is used as prior information in the three 
retrieval algorithms, CMCA performs better with the derived dynamic 
surface roughness via VOD determined by LAI climatology compared 
with NDVI climatology. This discrepancy is mainly due to differences in 
retrieval strategies and uncertainties in satellite-derived data.

Theoretically, using LAI to constrain VOD is more effective for 
diverse vegetation types, as LAI is less prone to saturation and more 
accurately reflects vegetation changes across different ecosystems. 
Future research should focus on the effects of real-time LAI, as it can 
better capture vegetation responses to climate extremes. Additionally, 
the impact of different surface roughness parameterizations (e.g., 
monthly, seasonally or annual averages, or constant surface roughness) 
needs to be explored. From this perspective, we plan to investigate these 
effects on a large scale in SMAP pixels.

Finally, the VOD retrieved from RDCA, MT-DCA, and CMCA can 
characterize VWC and biomass along with crop growth. Among these 
methods, RDCA and CMCA demonstrate broad applicability across all 
three crops. In contrast, MT-DCA performs better on some crop types 
(canola and soybean) but worse on others (wheat).
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