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Abstract

Microwave satellite vegetation parameters are widely used to monitor ecosystem spatiotem-
poral dynamics. Among these, vegetation optical depth (VOD) stands out as a critical
microwave vegetation indicator, widely used for applications such as monitoring crop
yield, estimating carbon stocks, and assessing risks threatening forests and their resilience
to them. However, current VOD products are available at a coarse resolution, often around
tens of kilometers, limiting their usefulness to only large-scale applications or those that
do not need high spatial precision. Nevertheless, although extensive research has been
conducted to improve the spatial resolution of several geophysical indicators, such as soil
moisture, advances have been scarce for VOD. Here, we review the advances conducted
to estimate VOD at medium-high spatial resolutions, overviewing the state of the art of
different methods and their potentials and limitations. Basedon the available literature, we
propose a taxonomy that classifies existing VOD downscaling approaches into proxy-based
methods, which exploit the relationship between VOD and auxiliary variables, and data-
fusion strategies that combine complementary microwave observations across sensors and
frequencies. Also, we synthesize the suitability of different proxy variables according to
the VOD frequency band, showing that while optical vegetation indices perform well for
high-frequency VOD, the downscaling of low-frequency VOD benefits from the integration
of complementary radar-derived proxies. Additionally, we examine the effectiveness and
affordability of current validation methods and review the potential of emerging ones,
such as GNSS technology and land surface models, to guarantee the reliable quality of
future VOD downscaled products. Finally, we highlight the capabilities of future missions,
particularly the upcoming CIMR multiresolution capability across frequency bands, which
could considerably aid in obtaining VOD at better spatial scales.

Keywords: microwave remote sensing; vegetation optical depth; spatial resolution;
downscaling algorithms

1. Introduction
Vegetation is essential to regulate the water and carbon cycles, maintain the energy

balance, preserve biodiversity, and mitigate the impacts of climate change. Plants are also
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critical in the provisioning of food and timber needed for human well-being. However,
the increasing number and severity of droughts in many regions of the world, the longer
and more severe fire seasons and their occurrences, as well as the increased frequency and
intensity of heat waves, threaten vegetation worldwide. This poses a high risk of forest
burn, drought-induced forest mortality, vegetation changes, and increased food insecurity
due to reduced crop yields [1,2]. Hence, vegetation monitoring at multiple spatiotemporal
scales is essential to understand the dynamics and trends of Earth’s ecosystems and identify
critical shifts driven by multiscale phenomena.

In this regard, Earth Observation satellites have become a key technology capable of
offering vegetation data from local to global scales, and over extended periods. Multiple
Vegetation Indices (VIs) have been developed over the years, which, depending on the
sensor’s characteristics (e.g., type, frequency, polarization), provide distinctive information
on vegetation properties. Traditionally, optical indices based on reflectance ratios and
derived from multispectral images have provided valuable information about the top
canopy layers at medium resolutions (e.g., 30 m from Landsat and 10 m from Sentinel-2).
The Normalized Difference Vegetation Index (NDVI) and, to a lesser extent, the Enhanced
Vegetation Index (EVI) have been among the most frequently used optical indices in a
vast majority of applications. These indices are frequently used in agriculture to assess
crop development [3,4], quantify biomass health [5], and study photosynthetic activity [6].
However, these reflectance-derived indices are more prone to saturate rapidly in dense
canopies [7,8], and are significantly affected by atmospheric effects (e.g., clouds and aerosol
scattering) and by reduced solar illumination, which weakens their robustness. In addition,
they are limited in monitoring the top of the canopy, and are insensitive to woody vegetation
components [9,10].

Microwave observations overcome part of the limitations of optical indices as they are
less sensitive to clouds, and at the L- and C-band, they are sensitive to a great part of the
vertical distribution of canopy layers through different forest densities and types [11,12].
In addition, microwaves are less prone to saturation effects than optical indices. Hence,
multiple vegetation indicators are retrieved from microwave observations by applying
different vegetation retrieval algorithms and models. Among these, vegetation optical
depth (VOD) is a dimensionless parameter that rates the attenuation of electromagnetic
waves as they pass through the vegetation canopy. The VOD depends on the biomass, the
water content, and the structure of the vegetation, as well as on observation parameters
(e.g., wavelength, viewing angle, and polarization) [9,13]. As VOD is derived from mi-
crowave radiative and parametric models, numerous studies have analyzed its correlation
with other remote sensing metrics and vegetation characteristics to better understand its
sensitivity [14–16]. Based on these linkages, VOD has been used as a metric for crop yield
assessment [17], as an indicator to monitor phenology [15,18] as well as to study defor-
estation and vegetation drought-induced mortality [19], loss of rainforest resilience [20],
carbon balance of land ecosystems [9,21], and biomass changes [22,23], and for modelling
wildfires [24].

VOD products can be retrieved from passive and active microwave instruments on-
board satellite platforms at different frequency bands (see Table 1 in [7] for satellite missions
relevant to VOD retrieval). While passive systems measure brightness temperatures (TBs),
which quantify the natural radiation emitted by the soil and vegetation, active systems
measure the energy reflected after transmitting a pulse of microwave energy. Radiometers
(passive instruments) and scatterometers (active instruments) provide low spatial resolu-
tion (e.g., >25 km at L-band) as they measure large-scale phenomena across extensive areas,
using a wide field of view to detect low-energy emissions and backscatter, respectively.
Consequently, a given VOD pixel can encompass several land covers. This landscape
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heterogeneity combines different phenological signals, as well as different biomass sys-
tems within the same pixel, preventing the determination of linkages between specific
vegetation patterns and the VOD signal. Moreover, this heterogeneity strongly limits
potential VOD validation strategies by making the point-to-pixel scale gap (between the
validation point and the satellite footprint) highly challenging. Consequently, VOD has
limited applicability in small-scale applications such as field-level agricultural monitoring,
localized vegetation stress detection, forest degradation and edge-effect assessment, and
local-scale ecohydrological analyses.

Within this context, VOD products with better spatial resolution could significantly
aid in several local (small-scale) applications (e.g., agriculture, forest mortality detection,
assessment of forest water status, and vulnerability to drought). In addition, highly re-
solved VOD could also complement the information provided by optical indices, and even
improve soil moisture (SM) retrieval robustness through a more accurate representation of
the vegetation component in the retrieval and radiative transfer models. Hence, several
approaches have been proposed to estimate the VOD at an enhanced spatial resolution.
However, in contrast to SM, for which numerous disaggregation and retrieval models (e.g.,
physically based, semiempirical, and data-based models) have been developed to produce
SM products at enhanced spatial resolutions (e.g., 1 km, 300 m, 60 m, etc. [25–27]), most
VOD downscaling methodologies remain in a nascent phase, with fewer than ten studies
published to date. These methodologies mainly focus on evaluating the VOD correlation
with other potential proxies available at relevant spatial resolutions.

In this regard, this manuscript investigates the advances proposed in the literature
to enhance VOD spatial resolution and, to the authors’ knowledge, constitutes the first
comprehensive review of VOD downscaling methodologies. A comprehensive review
of the literature was conducted to ensure coverage of the main developments in VOD
downscaling. Relevant studies were identified through major scientific databases using
keyword combinations associated with vegetation optical depth, downscaling and dis-
aggregation approaches, data fusion methods, and complemented by cross-referencing
of key publications and related review articles (see Supplementary Material). Given the
relatively limited number of studies specifically focused on VOD downscaling, all available
peer-reviewed contributions at the time of writing were considered to provide a complete
overview of the current state of the field. The resulting taxonomy and classification of the
different downscaling approaches were derived directly from the methods and studies
identified in the literature. This review describes the methods used, explores potential
validation approaches, and highlights how the enhanced capabilities of future satellite
missions can be leveraged to advance VOD downscaling. Through this, the review seeks to
connect established knowledge with emerging opportunities, thereby offering a forward-
looking perspective.

The paper is organized as follows. Section 2 discusses the vegetation models and
retrieval algorithms used to estimate VOD from microwave remote sensing techniques,
in particular, from radiometry, radar, Global Navigation Satellite Systems Reflectometry
(GNSS-R), and Transmissometry (GNSS-T) observations. Moreover, the limitations and ca-
pabilities of each microwave remote sensing technique for VOD retrieval are discussed. Al-
though this review focuses on high-resolution VOD, Section 2 provides a concise overview
of coarse-resolution retrievals, offering essential context for the review. It presents VOD esti-
mation across multiple microwave techniques rather than from a single-method perspective.
As these products often serve as benchmarks for high-resolution approaches, summarizing
their models, assumptions, and constraints clarifies each technique’s capabilities and limita-
tions and frames the subsequent analysis. In addition to reviewing coarse-resolution VOD
retrievals, this section highlights emerging microwave techniques capable of retrieving
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VOD directly at medium to high spatial resolutions. Although these approaches are not
downscaling methods themselves, they represent a promising complementary pathway
toward enhanced VOD spatial resolution. Section 3 details the methodologies and ana-
lytical approaches employed in the literature to downscale VOD. Section 4 gives insights
into potential validation solutions, highlighting the scarcity of validation sites and their
detrimental impact on progress toward disaggregated VOD products with remarkable
quality. Finally, Section 5 presents the main conclusions and outlines potential directions for
future research. Figure 1 presents a comprehensive overview of the manuscript, outlining
the flow and the organizational framework of the review.

Section 2: VOD Retrievals

Section 3: Downscaling Taxonomy Section 4: Validation
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Figure 1. Schematic framework of the review, outlining the review’s core sections and their concep-
tual progression.

2. VOD Retrievals
2.1. VOD from Radiometric Systems

In order to model the Earth’s emitted radiation as observed by satellite sensors, it is
essential to consider not only scattering and attenuation of soil radiation but also the intrin-
sic emission from vegetation [28]. Consequently, the brightness temperatures collected by
microwave radiometers (see Figure 2) account for both soil emission and vegetation effects.
TBs are influenced by surface physical temperature and emissivity, which, in turn, depend
on parameters such as incidence angle, soil moisture, and surface roughness [29]. Some
terrestrial emission models have been proposed to infer the contribution of vegetation
from the collected brightness temperatures. From these models, SM and VOD are com-
monly retrieved using the τ − ω model derived from the radiative transfer equation [29].
This model is a zeroth-order radiative transfer model that neglects multiple scattering
and does not explicitly account for the scattering phase function. Also, it represents the
vegetation components and soil by a single homogeneous layer. Thus, the modeled TBs
are represented as the sum of: (1) the upward emission from vegetation, (2) the downward
emission from vegetation that reflects off the soil surface and is then attenuated by the
canopy, and (3) the direct emission from soil, attenuated as it passes through the vegetation
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layer [29]. The impact of scattering is represented by the single-scattering albedo (ω),
whereas the attenuation of microwave radiation through the vegetation is parametrized by
the vegetation optical depth (VOD, which is more often represented in retrieval equations
by the Greek letter τ) [29]. Several studies have proposed higher-order radiative transfer
models applicable over dense canopies. For instance, the stream emission model (1S) [30],
and the two-stream emission model (2S) [31] tackle the limitation of the τ − ω model by
considering the multiple reflections between soil and vegetation. Nevertheless, most of
the alternative models proposed have not shown relevant improvement in VOD retrievals,
which makes the τ −ω model the current framework of vegetation modelling in microwave
radiometry observations.

Radar Radiometry

GNSS-T

GNSS-R

GNSS Receiver

GNSS Satellite

Figure 2. Visual representation of vegetation monitoring using microwave radiometry, radar, space-
borne GNSS-R, and GNSS-T techniques. As microwave radiometers collect the emissions from the
soil and the vegetation, radars exploit the backscattering of the emitted signal to infer vegetation
properties. In GNSS-T, the differential attenuation is used to infer the canopy attenuation and VOD.

Numerous algorithms have been developed to retrieve VOD depending on the chosen
emission model, observational characteristics of the sensor (e.g., polarization, incidence
angles, overpasses over the same pixel), and other assumptions related to vegetation and
soil temperature, scattering albedo, dielectric models, and soil roughness modelling. These
retrieval techniques aim to use the least amount of ancillary data to acquire the maximum
environmental parameters from the received microwave signal. Different algorithms are
used to retrieve VOD from different satellite missions. In the case of the European Space
Agency (ESA) Soil Moisture and Ocean Salinity (SMOS) mission, the satellite interferometric
radiometer collects the brightness temperatures as it moves along the track, thus acquiring
TBs at multiple incidence angles and two polarizations. This multiangular and dual-
polarization configuration allows the simultaneous retrieval of SM and VOD without
auxiliary data [32]. The retrieval process relies on the inversion of the L-band Microwave
Emission of the Biosphere (L-MEB) model [33], which exhibits a remarkable accuracy on
a wide range of incidence angles. Currently, the vegetation optical depth (τ) is provided
by several SMOS products such as Level 2 (L2) [34], Level 3 (L3) [35], and SMOS-IC [36].
Whilst the L2 and L3 products are derived from the SMOS SM algorithm, which has been
continuously improved since 2009, the SMOS-IC differs from the former ones by employing
new parametrizations for the soil roughness and effective vegetation scattering albedo.
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Regarding the Soil Moisture Active Passive (SMAP) mission [37], considering that the
radiometer collects TBs at only one incidence angle (40°), several retrieval algorithms have
been proposed depending on the polarization exploited. In that regard, the Single Channel
Algorithm (SCA) [38] uses only one polarization of the brightness temperature (SCA-V
when TBV or SCA-H when TBH) to obtain SM using the Fresnel equations, with V and
H indicating vertical and horizontal polarizations, respectively. Since only one source of
information is used, only SM can be retrieved [39]. Thus, the VOD is derived from ancillary
data assuming a linear relationship between it and the vegetation water content (VWC):
VOD = b·VWC [40]. The b parameter depends on the properties of the vegetation, the
wavelength, polarization, and the angle of incidence [40]. It is empirically defined over
land cover using look-up tables [41]. Concerning the VWC, which quantifies the amount
of water contained within the vegetation canopy, it is estimated from NDVI and a stem
factor [42]. Alternatively, the Dual Channel Algorithm (DCA) uses vertical and horizontal
polarizations to simultaneously obtain the SM and VOD [43]. In addition to the single
angular observation difference between SMAP and SMOS, this algorithm is similar to the
SMOS SM one, as both parameters are obtained by minimizing the Root Mean Square
Error (RMSE) between modeled and observed TBs. Several other algorithms derived
from the DCA have been proposed to reduce the retrieval errors and gain robustness
in the VOD retrievals. Konings et al. [44] proposed the Multitemporal DCA (MT-DCA)
based on the assumption that optical depth varies more slowly than the SM and remains
relatively constant between two successive overpasses. This algorithm uses a moving
window of two consecutive overpasses to retrieve two SM values, a single value of VOD,
and a single temporally scattering albedo per pixel. Furthermore, Chaubell et al. [45]
recently introduced the modified DCA method (MDCA), which retrieves SM and VOD
simultaneously and more accurately than the conventional DCA by modifying roughness
parameters and adjusting the albedo values. Importantly, efforts have been devoted to
improving the effective spatial resolution of SMAP radiometer observations, particularly
through the application of Backus–Gilbert interpolation to enhance brightness temperatures
to a 9 km resolution [46,47]. These enhanced brightness temperature observations have
subsequently enabled the retrieval of higher-resolution estimates of soil moisture, VOD, and
scattering albedo, thereby improving the characterization of land-surface and vegetation
dynamics [48].

Besides the mentioned algorithms, the Land Parameter Retrieval Model (LPRM) is
an alternative method to retrieve SM and VOD from dual-polarized measurements at low
frequencies [49,50]. In addition, this algorithm has been tested at higher frequencies (C, X,
and Ku bands) [51] using data from multiple sensors, such as the Scanning Multichannel
Microwave Radiometer (SMMR) and Special Sensor Microwave/Imager (SSM/I) [52]. The
LPRM combines the information of different channels to establish relationships between the
indices obtained and indicators of interest [49,50]. Specifically, LPRM uses the Microwave
Polarization Difference Index (MPDI), and its relationship with soil dielectric properties to
derive SM and VOD data [49,50].

2.2. VOD from GNSS Reflectometry and Transmissometry

In addition to microwave radiometry, VOD can also be derived using GNSS-R and
GNSS-T. GNSS-R operates as a bistatic radar configuration based on Signals of Opportunity
(SoOp) in which the transmitted signal is sent by GNSS satellites and received after being
scattered off the Earth’s surface [53]. The characteristics of the reflected signal depend
on various geophysical parameters, including roughness, SM, and VOD, which can be
retrieved by processing the signal [53]. On the other hand, the GNSS-T takes advantage of
the direct GNSS signals transmitted by measuring the extinction of the signal propagating
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through the vegetation layers [54]. As all GNSS constellations transmit signals within
the L-band range, GNSS-R and GNSS-T are inherently limited to this band [55]. Indeed,
GNSS techniques offer high sensitivity to vegetation water content and robust canopy
penetration [56], but their single-band operation limits multi-frequency characterization.

Several studies have estimated VOD and VWC using these techniques on different
GNSS receiver platforms—ground, airborne, or spaceborne—which significantly impact the
spatiotemporal resolution of VOD retrievals. For example, Rodriguez-Alvarez et al. [57]
retrieved VOD by estimating the differential attenuation of signals received by two GNSS
receivers on the surface: one located in open-sky conditions and the other under the vegetation.
Using the attenuation relationship given by (1), VOD was then derived according to (2),

L =

√
PA
PB

(1)

τ = ln(L) cos(θi) (2)

where in (1) L is the attenuation due to the vegetation, PA and PB are the powers received by the
GNSS receiver in open-sky and the one beneath the vegetation canopy, respectively, whereas
in (2) τ is the vegetation opacity and θi is the incidence angle. Subsequently, the water content
of leaves was estimated after determining the b parameter by performing field experiments.
Similarly, by deploying two GNSS receivers, one positioned beneath the canopy and the other
one in an open-sky location on a tower, Humphrey and Frankenberg [54] measured L-band
VOD (LVOD) in a forested site over eight months. The study demonstrated that variations in
GNSS Signal-to-Noise Ratio (SNR) reflect biomass density distribution within the canopy and
highlighted the ability to capture changes in VOD and canopy water content at sub-hourly
intervals. By deploying a GNSS receiver connected to a dual-polarization zenith-looking
antenna under a beech forest, Camps et al. [58] analyzed the attenuation and depolarization
effects of the vegetation layer on Global Positioning System (GPS) signals at varying elevation
angles. When comparing the collected Carrier-to-Noise (C/N0) to different datasets such as
the greenness, blueness, and redness indices, rain data, Leaf Area Index (LAI), and NDVI, the
results showed a strong correlation with NDVI (R2 > 0.85) independently of the elevation
angle. Moreover, large depolarization effects were also significant at elevation angles above
50°. The study demonstrated that NDVI is a good descriptor of vegetation attenuation in
GNSS-R soil moisture retrievals, and that L-band multi-angular attenuation measurements
can be exploited to infer VWC. For further context and comparison, readers are encouraged to
consult some studies such as [59–62], which present similar research approaches. Given its
straightforward instrumentation, cost efficiency, and relevant spatial and temporal resolution,
this ground-based technique could serve as a potential method for future validation, as
further addressed in Section 4. Although the relevant spatial resolution data, ground-based
techniques’ coverage can only reach a small area. In this context, despite their typically coarse
spatial resolution, which depends on orbital parameters and surface scattering properties,
satellite platforms are essential to provide wider coverage.

Several spaceborne GNSS-R missions, such as TechDemoSat-1 (TDS-1) launched in
2014 [63], NASA’s Cyclone GNSS (CyGNSS) in 2016 [64], and the 3Cat-5 A/B (FSSCat
mission) in 2020 [65], have provided extensive spaceborne GNSS-R data and contributed
significantly to advancements in various fields, including SM retrieval and vegetation
monitoring. However, few studies have attempted to estimate VOD from these missions,
resulting in limited availability of established VOD products. Among the few approaches,
Xu et al. [66] developed a physics-based model trained using CYGNSS reflectivity, SMAP
SM, and NDVI-derived VWC. Firstly, they estimated surface roughness by averaging data
over periods when SMAP and CYGNSS observations overlapped, under the assumption
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that surface roughness remains temporally invariant. Afterward, they were able to correct
for the effects of SM and surface roughness, allowing the subsequent retrieval of VOD.
As compared to the SMAP-derived VOD, the retrieved VOD showed good agreement in
agricultural regions in Asia but tended to underestimate the values in dense forest areas.
Bu et al. [67] proposed an Extreme Randomized Tree (ET) ensemble machine learning algo-
rithm to infer VOD by integrating Bistatic Radar Cross Section (BRCS), effective scattering
area, CYGNSS variable parameters (e.g., equivalent isotropic radiated power, receiver an-
tenna gain, among others), and surface auxiliary parameters (e.g., SM, surface temperature,
and the roughness coefficient). The retrieved VOD correlated well with the SMAP VOD,
and results showed that the ET model achieves superior accuracy in regard to other models,
such as Adaptive Boosting (AdaBoost), Support Vector Machine (SVM), and Gradient
Boosting Decision Tree (GBDT). Similarly, Zhang et al. [68] developed a spaceborne high
spatial-temporal resolution GNSS-R model for the retrieval of VWC using five machine
learning algorithms—Bagging Tree (BT), GBDT, Extreme Gradient Boosting (XGBoost),
Random Forest (RF), and Light Gradient Boosting Machine (LightGBM)—and integrating
key inputs such as BRCS, effective scattering area, variables derived from CYGNSS, and
surface auxiliary data. When assessing the models with SMAP data, RF and BT showed
superior retrieval accuracy as compared to the other models. Although all these approaches
exist, globally established VOD datasets derived from GNSS techniques remain scarce
compared to those derived from microwave radiometry.

2.3. VOD from Active Observations

Although VOD is derived primarily from passive microwave observations, it has also
been retrieved from active microwave observations as they can offer distinct vegetation
and soil attributes [69]. In this regard, for instance, several studies have derived VOD by ex-
ploiting the extensive long-term dataset at the C-band and VV polarization provided by the
Advanced SCATterometer (ASCAT) instruments, onboard the Meteorological Operational
satellite constellation (Metop-A/B/C). For example, Vreugdenhil et al. [70] retrieved global
VOD (TU-VOD) by a change detection method, using the Water Cloud Model (WCM) [71]
as the vegetation scattering model when assessing the vegetation correction in the TU-Wien
SM retrieval algorithm. However, the initial TU-VOD version did not account for inter-
annual variability. To address this, Vreugdenhil et al. [72] proposed an updated version
that extracts climatological signals and demonstrates TU-VOD’s sensitivity to interannual
variability in vegetation dynamics across Australia. Similarly, by using the WCM for
vegetation scattering and the Ulaby linear model [73] for soil scattering, and the SM from
the ERA5-Land product as an input parameter in the retrieval algorithm, Liu et al. [74]
retrieved VOD from ASCAT backscatter over Africa from 2015 to 2019. In terms of spatial
correlations, the VOD obtained exhibited a good linear relationship when compared to the
Above-Ground Biomass (AGB) (R = 0.92) and Light Detection And Ranging (LiDAR) tree
height data (R = 0.89) [74]. As this initial version of the algorithm showed imperfect results
when extended globally [75], an updated version was proposed to retrieve global VOD
and vegetation scattering parameters [76]. On the other hand, Quast et al. [77] presented
a semi-empirical first-order radiative transfer model that uses the angular and temporal
variations in the backscattering to infer SM and VOD. Using ASCAT measurements, the
model was applied to retrieve SM and VOD at 158 sites in France.

However, as passive radiometers, VOD data derived from scatterometer observations
are at low spatial resolution. To overcome this limitation, several studies retrieved VOD
over small regions by exploiting the high spatial resolution of Synthetic Aperture Radars
(SAR; e.g., 5 m × 20 m in the case of Sentinel-1 single-look and Interferometric Wide
Swath mode configuration). For example, by using Sentinel-1A and Sentinel-1B SAR data
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and employing the WCM, El Hajj et al. [78] estimated VOD separately for σVV and σVH

polarizations, and ascending and descending modes at a plot scale for non-irrigated regions
of Catalonia. Unlike the VOD derived from σVH polarization, the VOD estimated from σVV

polarization exhibited a medium-good correlation with the temporal dynamics of Sentinel-2
NDVI, with a coefficient of determination ranging between 0.39 and 0.61. Similarly, by
using Sentinel-1A backscatter observations and SM to calibrate the Ulaby model and WCM,
Zhou et al. [79] retrieved VOD at 1 km resolution over the grasslands of the Heihe River
basin. The resultant VOD showed strong temporal dynamics (R ≥ 0.75) when correlated
with optical VIs (NDVI, LAI, and EVI). Similarly, more recently, Lu et al. [80] developed
a 1 km VOD retrieval algorithm based on Sentinel-1 C-band backscatter by coupling the
Water Cloud Model with a semi-empirical soil backscatter model. The retrieval framework
was developed over locations with in situ SM measurements, which served as ancillary
inputs to the algorithm. The retrieved VOD showed strong consistency with NDVI and
EVI, achieving temporal Pearson correlation coefficients of 0.70–0.79 depending on land-
cover type, demonstrating the potential of combining the WCM with a semi-empirical soil
backscatter model for high-resolution VOD retrieval.

3. VOD Downscaling Methods
While SAR-based approaches have enabled higher-resolution VOD estimation, their

application has generally remained restricted to site-specific studies, limiting their scal-
ability to continental and global contexts. Consequently, several strategies have been
proposed to enhance VOD spatial resolution. In light of the relatively limited literature
(see Table 1), the taxonomy adopted here distinguishes between correlation-based and
data fusion approaches, which reflect the two dominant categories found in the literature.
Indeed, Section 3.1 focuses on downscaling algorithms that exploit spatial and temporal
correlations of VOD products and various satellite vegetation indicators (e.g., optical, radar)
and environmental variables across diverse land covers to determine the optimal proxies of
VOD. Section 3.2 focuses on downscaling algorithms based on the disaggregation of TBs
through active–passive algorithms and other data fusion methods.

Table 1. Overview of published VOD downscaling approaches, with details on input datasets,
target resolutions, methodologies approached, and performance assessments. Direct VOD retrieval
approaches based on active microwave observations or GNSS-T techniques are not included, as
they aim to estimate VOD directly at medium-high spatial resolution rather than downscale existing
coarse VOD products.

VOD
Product

Auxiliary
Data

Spatial/Temporal
Resolution

Algorithm
Type

Performance
Assessment Ref.

XVOD AMSR2
MODIS

NDVI/NDWI/Albedo/
LST/SRTM Elevation

1 km/3-day composite Machine Learning Compared with
Sentinel-2 NDVI [81]

AMSR-E/AMSR2 VOD
NDVI/LST/Elevation/

Slope/Lagged
VOD/Precipitation

0.01° Machine Learning Compared with
NDVI/LAI/EVI [82]

- AMSR-E C/Ka band
Brightness Temperature 10 km/Daily Sharpening Compared with MODIS

NDVI [83]

-
SMOS L3 Brightness

Temperature/Sentinel-1
VV/VH

1 km/Annually Active–Passive Synergy
Compared with MODIS

NDVI/ESA CCI
AGB/SMOS-IC

[84]
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3.1. Correlation Between VOD and Proxy Indicators for Downscaling Applications
3.1.1. Optical Indices

The vegetation information represented by the VOD parameter depends notably on
the frequency band. Microwave systems operating at lower frequencies (e.g., L-band) are
capable of sensing deeper vegetation layers — passive systems by capturing brightness
temperatures, and active systems by enabling greater signal penetration. As frequency in-
creases, the signal becomes less susceptible to Radio-Frequency Interference (RFI); however,
the penetration capability decreases, thus acquiring information only on the upper layers
of the canopy [85]. For this reason, VOD and optical VIs exhibit an increasing correlation
for increasing frequencies and for decreasing canopy density [9]. Several studies have
explored the relationship between VOD and indices derived from optical sensors, typically
NDVI, EVI, and LAI, to understand the representativeness of VOD in green vegetation and
assess these indices as possible proxies for downscaling. For instance, Lawrence et al. [86]
compared the temporal trends of SMOS L2 VOD product [34] with Moderate-resolution
Imaging Spectroradiometer (MODIS) NDVI, EVI, LAI, and Normalized Difference Water
Index (NDWI) over crop zones in the USA, obtaining an average R2 of 0.32-0.35 for the dif-
ferent optical vegetation indices considered. When comparing a global vegetation product
derived from SSM/I (1987–2007), Tropical Rainfall Measuring Mission/Microwave Imager
(TRMM/TMI) (1998–2008), and Advanced Microwave Scanning Radiometer (AMSR-E)
(2002–2008) with the Advanced Very High Resolution Radiometer (AVHRR) NDVI product,
Liu et al. [87] demonstrated that, like the NDVI, the VOD also captures seasonal cycles and
interannual variations. Grant et al. [88] also examined the spatial and temporal behavior
at a global scale of the LVOD (from SMOS L3 [89]), the C-band VOD (CVOD) (obtained
from AMSR-E), and optical VIs (from MODIS) such as NDVI, EVI, LAI, and NDWI. The
CVOD showed a higher correlation with VIs than the SMOS LVOD, and among all VIs
considered, NDVI exhibited the highest correlation with both VOD products. In addition,
besides a noteworthy correlation with LVOD (R = 0.68), LAI displayed a linear relationship
with VOD.

Using the relationship between VOD and biomass [90,91], Chaparro et al. [9] compared
the capability of NDVI, X-band VOD (XVOD), CVOD, and LVOD to monitor carbon
stocks, finding that L-band is the most appropriate for forest, but also how VOD at higher
frequencies and optical VIs perform well at low vegetation densities, in which these
signals do not saturate. Considering the linear relationship between VWC and VOD,
Chen et al. [92] evaluated the correlation between NDVI and NDWI derived from MODIS
and Landsat and ground-based VWC from the Soil Moisture Experiments in 2002 (SMEX02)
experiment in corn and soybeans. The results showed a linear regression between corn
VWC and NDWI of R2 = 0.72–0.84, demonstrating the possibility of estimating VWC from
optical indices. Figure 3, and more extensively Table S1 (Supplementary Material), present
additional analogous studies, outlining the indices employed, the regions and periods
analyzed, and references to the corresponding studies. Several conclusions can be drawn
from Figure 3. From [93], SMOS-IC exhibits a slightly stronger correlation with NDVI
and EVI compared to other datasets, highlighting its relevance as a baseline VOD product
for initiating resolution enhancement efforts employing optical indices. Similarly, in [74],
the correlations obtained demonstrate that passive VOD products (AMSR-2 LPRM V5,
VOD Climate Archive (VODCA)) show higher correlations with optical indices than active
ones (ASCAT-IB, ASCAT V16). These findings reinforce the importance of passive VOD
products for resolution enhancement methods that integrate optical indices. As expected,
in [88,94], VOD products at C- and X-band frequencies present stronger correlations with
optical indices than LVOD. These results suggest that optical indices serve as more effective
proxies for downscaling CVOD and XVOD products than for LVOD.
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Figure 3. Pearson spatial correlation found between MODIS optical indices and VOD products
in several studies. Table S1 (Supplementary Material) highlights the temporal correlations, other
correlation types (e.g., Spearman, Kendall), and the precise sensor frequency, among other supporting
information. For simplicity, VOD products are categorized into three frequencies (L, C, and X).
Certain products, such as VODCA and AMSR-2 LPRM V5, are available at multiple frequencies (C
and X). Accordingly, the color of the bars represents the frequency associated with each product.
References: Grant et al. [88], Rodríguez-Fernández et al. [93], Li et al. [94].

All these statistical relationships show that optical indices can be used as proxies
to disaggregate VOD at improved spatial resolution. Nevertheless, few studies (e.g.,
Mohite et al. [81], Yan et al. [82]) have approached disaggregation algorithms by using
these relationships. Among these studies, Mohite et al. [81] proposed a disaggregation
algorithm in India to obtain XVOD at a spatial resolution of 1 km using MODIS optical VIs
and Shuttle Radar Topography Mission (SRTM) observations as input for the algorithm.
Specifically, besides optical VIs, it uses the Land Surface Temperature (LST) and albedo
from MODIS at 1km, and elevation data from SRTM at 90 m. After masking and extracting
non-agriculture pixels and resampling all the variables to 25 km, it evaluated different
regression models (e.g., Random Forest, Support Vector) to obtain VOD at 1 km (see
Figure 4). The estimated VOD is correlated with NDVI from Sentinel-2 in a wheat crop,
where both variables capture the same trends.

MODIS NDVI 
500 m

MODIS NDWI 
500 m

MODIS Albedo 
500 m

MODIS LST       
1 km

SRTM Elevation    
90 m

Agri-Non Agri Mask

MODIS NDVI  
25 km

MODIS NDWI 
25 km

MODIS Albedo 
25 km

MODIS LST       
25 km

SRTM Elevation    
25 km

Regression 
Models

3-day composite

Vegetation Optical Depth  
25 km

3-day composite

Validation and 
Model Finalization

Prediction using 
the Best Model

Vegetation Optical Depth  
1 km

Figure 4. Algorithm baseline proposed by Mohite et al. [81]. Figure adapted from Mohite et al. [81].
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3.1.2. Radar Backscatter

Using optical indices to obtain VOD at higher spatial resolutions exhibits several
limitations and gaps. Besides the cloud coverage effects, the optical vegetation indices
frequency range may be convenient for VOD disaggregation at high microwave frequencies
(e.g., X and Ku bands). However, at low frequencies (e.g., L-band) where optical thickness
provides information about different canopy layers, VIs may be necessary but incomplete.
Thus, active microwave observations, particularly synthetic aperture radar, with its high
sensitivity to vegetation, are a potential proxy for downscaling the coarse-resolution VOD.
The high spatial resolution of SARs and the high accuracy and temporal resolution of
microwave radiometers can be exploited synergistically to enhance the VOD spatial reso-
lution. In this context, various studies assessed the relationship between VOD and radar
backscatter. For instance, L-band radiometer (1.413 GHz) and scatterometer (1.26 GHz)
measurements from the Aquarius/Satélite de Aplicaciones Científicas (SAC)-D satellite
were used by Rötzer et al. [95] to investigate the relationship between σHV and VOD at
a global scale, finding a linear relationship and that 80% of the variations in VOD are
explained by σHV. Vreugdenhil et al. [96] obtained high spatial and temporal correlations,
especially in grasslands and croplands, between Sentinel-1 cross-ratio (CR = σVH/σVV)
and active microwave VOD from ASCAT and passive microwave VODCA product over
Europe, except for those types of land cover with sparse vegetation and deciduous forests.
Likewise, recently Zhong et al. [97] studied the correlation of VOD products at different
frequencies (L, C, and X) with active-microwave proxies, particularly, with Sentinel-1 σVH,
σVV, and CR across the US. Accordingly, the two proxies that showed the strongest spatial
relationship with LVOD products were σVH (R = 0.80) and NDVI (R = 0.77), whereas, in
terms of temporal correlation, NDVI had the highest overall performance with all VOD
products, although CR and σVH also demonstrated a good relationship. In contrast to
the relationship found with optical indices, LVOD exhibited stronger correlations with
radar-derived parameters than CVOD and XVOD (see Figure 5). Similar studies are summa-
rized in Figure 5, and, in more detail, in Table S2 (Supplementary Material). Despite these
relationships, no algorithms that utilize radar vegetation parameters at fine and medium
resolutions for VOD downscaling have been proposed.

Figure 5. Spearman spatial correlation found between radar parameters and VOD products. Table S2
(Supplementary Material) highlights spatial and temporal correlations of additional studies. Here,
for simplicity, VOD products are categorized into three frequencies (L-, C-, and X-band). Note that
AMSR-2 LPRM V5 product is available at multiple frequencies (C and X). Accordingly, the color of
the bars represents the frequency associated with each product. References: [97].
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3.1.3. Other Potential Variables for VOD Downscaling

Apart from optical and radar proxies, VOD has shown a significant relationship with
various vegetation indicators derived from LiDAR technology, which can be leveraged to
advance the development of downscaled VOD datasets. For instance, VOD from SMOS
L2 v700 and the maximum above-ground height of the canopy (RH100) from the Global
Ecosystem Dynamics Investigation (GEDI) instrument demonstrated a robust monthly
spatial correlation (R > 0.8) over a one-year analysis in tropical regions [98]. Further, the
cumulative distribution properties showed a significant physical relationship between
the two parameters [98]. Although with slightly lower spatial correlations, similar
results were observed when substituting RH100 with the GEDI Plant Area Index (PAI)
parameter, defined as half of the area of all elements composing the canopy structure
divided by the unit ground surface [98]. Konings et al. [48] also compared LiDAR-
derived canopy height from the Geoscience Laser Altimeter System (GLAS) with the
estimated SMAP VOD, showing that the temporal average of the global VOD has a strong
positive correspondence to the LiDAR canopy height estimates. Given these findings
and noting that different spaceborne LiDARs have led to medium-high resolution global
vegetation height maps [99–101], it would be reasonable to use vertical height and
explore other LiDAR-derived vegetation metrics to downscale VOD.

Beyond its relationship with other vegetation indicators, VOD also demonstrated
connections with environmental and topographic variables. For example, to estimate the
effect of temperature on VOD variations, Zhao et al. [102] found a significant impact of
temperature on the seasonality of VOD in the X band, particularly at higher latitudes.
Similarly, Schwank et al. [103] determined that VOD in the L-band is typically maximal
around 0 °C and decreases toward negative and positive temperatures in boreal forests.
This temperature-dependent behavior was associated with the freezing of tree sap water
and the temperature sensitivity of the dielectric permittivity of the water. On the other hand,
from a topographic standpoint, the strong conditioning effect of altitude on vegetation
characteristics was reflected in significant VOD variability across different altitudinal
ranges [104]. The inclusion of these parameters in downscaling methods, in addition to
vegetation proxies, could allow for more precise VOD estimations, particularly in regions
with pronounced topographic and significant climatic gradients.

3.2. VOD Estimation Derived from Disaggregated Brightness Temperatures

In addition to the relationship results between various vegetation indicators and VOD
products, some approaches have also focused on downscaling the spatial resolution of
brightness temperatures as an intermediate step to disaggregate radiometric variables.
Specifically, the aim of most brightness temperature disaggregation studies has been fo-
cused on enhancing the spatial resolution of SM. However, as VOD and SM are obtained
concurrently when employing certain retrieval algorithms (e.g., MT-DCA, SMOS-IC), most
of the research can be leveraged for VOD disaggregation purposes. As a result, the disaggre-
gation of brightness temperatures can also be seen as a step toward VOD downscaling. In
particular, this section focuses on active–passive algorithms and multifrequency data fusion
techniques, two of the most common brightness temperature disaggregation methods.

3.2.1. Active–Passive Algorithms

To tackle the inherent limitations of passive and active observations, one method to
disaggregate radiometer-based brightness temperatures has been to employ spatial patterns
of landscape characteristics inferred from SAR backscatter. Indeed, this constituted the base-
line of the SMAP active–passive downscaling algorithm [37,105,106], which disaggregates
brightness temperatures from a coarse-resolution (36 km) grid into a medium-resolution
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grid (9 km) using radar backscatter at 3 km. The algorithm is based on the assumption
of a near-linear relationship between the radar backscatter and the radiometer brightness
temperatures (see Figure 6). The algorithm equation is given by (3):

TBp(Mj) = TBp(C) + β(C){(σpp(Mj)− σpp(C))

+Γ · (σpq(C)− σpq(Mj))}
(3)

where p and q represent the polarization (V or H), M and C are the medium (9 km) and
coarse (36 km) grid cells, respectively, and β(C) is the radiometer grid scale (C) conversion
factor that relates the co-polarization backscatter variations to those of brightness tempera-
ture. The Γ parameter depends on the vegetation and surface roughness heterogeneity and
is determined by linear regression of spatial co-polarization and cross-polarization at the
M scale within each C cell. The algorithm performance was tested with the Passive and
Active L-band System (PALS) data and the simulated SMAP datasets, thus implementing
Equation (3) to obtain the disaggregated brightness temperatures, and afterward, the single
channel algorithm to retrieve SM. By using data collected from the Soil Moisture Active Pas-
sive Experiments (SMAPEx) in South-Eastern Australia, Wu et al. [107] tested the algorithm
across a wide range of land conditions, obtaining an average RMSE in the downscaled
TBs of 3.1 K and 2.6 K for V, and H polarizations, respectively, and 8.2 K and 6.6 K when
applied at 1 km resolution. Similarly, Leroux et al. [108] evaluated the algorithm using
data collected from multiple airplane campaigns. They found that when radar data are
combined with radiometer measurements, SM retrievals over different types of cropland
are more accurate, demonstrating that the active–passive approach improves temporal
correlation and decreases random errors. On the other hand, some studies have estimated
SM based on a radar-radiometer change detection method. For instance, Piles et al. [109]
proposed an SM downscaling algorithm to retrieve SM at 10 km, assuming that SM and
the log of radar backscatter are linearly related at a 10 km scale, and that the variation on
vegetation type occurs principally at scales larger than 10 km. These assumptions were
verified using PALS data from the SMEX02 field campaign. When applying the method to
four-month Observation System Simulation Experiment (OSSE) data, results showed better
performance than those from radiometer-only inversions.

Beyond these methods, other downscaling techniques that combine active and passive
synergy have been investigated. For example, Wang et al. [110] proposed a SMAP TBs disag-
gregation method to retrieve SM at a high spatial resolution by using the surface scattering
component extracted from polarimetric RADARSAT-2. Compared to the conventional
backscattering coefficient, the surface scattering component showed a closer relationship
with TBs, while being less influenced by vegetation features. Zhan et al. [111] integrated the
36 km radiometer brightness temperature with noisy 3 km radar backscatter observations
using a Bayesian approach. Using Hydros OSSE data sets, this method yielded better SM
retrievals than conventional numerical inversions of radar or radiometer-only observations.

Despite these advances, the vast majority of studies employing brightness-temperature
disaggregation and active–passive microwave synergies have focused on SM downscaling,
with VOD generally treated as an ancillary variable within SM retrieval algorithms. A
recent study, however, demonstrated the feasibility of generating 1 km L-band VOD by inte-
grating Sentinel-1 backscatter and SMOS brightness temperatures within an active–passive
downscaling framework [84]. The resulting product showed strong agreement with inde-
pendent vegetation indicators, including NDVI and aboveground biomass, captured finer
spatial details than the original SMOS-IC L-VOD product, and successfully captured vege-
tation responses to hydroclimatic disturbances, including a delayed response to prolonged
precipitation deficits. Nevertheless, this work represents one of the first dedicated demon-
strations of active–passive VOD retrieval and was evaluated within a specific regional
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setting. Consequently, the applicability and generalizability of active–passive downscaling
approaches for VOD remain considerably less explored than for SM. Further research is
therefore needed to assess how these methodologies perform across different environments
and to critically examine whether the assumptions originally developed for SM retrieval
can be adapted when VOD is treated as the primary retrieval target.

Figure 6. Grid topology of radiometer, radar, and merged products, where nf and nm are the numbers
of area pixels of radar and merged products, respectively, within one radiometer area pixel nc. Figure
extracted from Das et al. [105].

3.2.2. Multifrequency Data Fusion Techniques

Another alternative to improve the spatial resolution of TBs is based on multifrequency
data fusion techniques. The Smoothing Filter-based Intensity Modulation technique (SFIM)
proposed by Liu [112] is one of the most widely used image fusion methods. As channels
operating at higher frequencies have a smaller footprint than those of lower frequencies,
thus providing a better spatial resolution, the SFIM technique uses the data at higher-
frequency channels to downscale the low-spatial resolution provided by lower-frequency
channels. Even though it was applied initially to multispectral images and panchromatic
data [112], this technique has been extended to microwave data to retrieve several geo-
physical variables. For instance, considering the Ka-band and L-band as the high- and
low-frequency bands, respectively, the technique consists of two main steps: (1) aggregation
of the Ka-band TBs to the coarse spatial resolution of the L-band, and (2) application of
the SFIM processing equation given by (4) to obtain the disaggregated TBs at the L-band.
Santi [113] was one of the first studies to apply this technique using microwave data.
The study proposed an algorithm derived from the SFIM technique to disaggregate the
AMSR-E’s C-band brightness temperature from approximately 50 km resolution to 10 km
by utilizing the Ka-band’s high spatial resolution. The algorithm was tested over different
land cover (e.g., water, ice, and dense vegetation), preserving brightness temperatures
collected over uniform areas and allowing the identification of different surface features in
mixed pixels.
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TBL−high = TBL−low
TBKa−high

TBKa−low
(4)

The forthcoming Copernicus Imaging Microwave Radiometer (CIMR), which will
simultaneously carry sensors operating at bands L, C, X, Ku, and Ka, presents new
opportunities to apply multifrequency data fusion approaches. In a recent study,
Zhang et al. [114] investigated the feasibility of improving the spatial resolution of the
CIMR L-band measurements (<60 km) by synergistically combining them with higher-
resolution C-band observations (<15 km) through footprint overlap analysis. By means of
a linear regression model, and using existing SMAP (L-band) and AMSR2 (C-band) bright-
ness temperature datasets, a global-scale analysis was conducted to assess the C-band’s
usefulness for L-band resolution sharpening. The analysis highlighted the potential of the
C-band to contribute valuable spatial information that enhances L-band observations and
underscored the importance of future CIMR multifrequency capabilities for generating
products at different scales.

Nonetheless, only a few studies have taken a step forward and retrieved SM and VOD
products from those disaggregated brightness temperatures by exploiting the SFIM and other
data fusion techniques. For example, in Parinussa et al. [115], a microwave radiometer SM was
obtained at 10 × 10 km over the Iberian Peninsula after using the SFIM approach to downscale
the TBs and apply the LPRM retrieval algorithm. The resulting SM was compared to active
microwave, thermal infrared, and in situ SM measurements, showing good agreement for
approximately 40% of the study area. Similarly, Gevaert et al. [83] presented a VOD and
SM resolution enhancement over Australia by applying the SFIM technique to the C-band
AMSR-E brightness temperatures, and then using the LPRM as the retrieval algorithm. To
evaluate the VOD retrieved, NDVI and VOD anomalies were compared temporally and
spatially. High temporal correlations (R = 0.78) were observed in most of Australia, except for
some regions with lakes, coastal and dense vegetation, while in terms of spatial correlation,
coastal regions showed increases in correlation, except for some inland regions where spatial
correlations decreased.

4. Validation Methods of Disaggregated VOD Products
Validation of satellite-derived products is critical to quantify their uncertainties and en-

sure their adequacy for subsequent use. However, obtaining VOD reference measurements
to ensure analytical comparison with satellite-based VOD estimations poses significant
challenges. While numerous SM in situ validation networks have been deployed across
various countries, leading to significant collaborative efforts, such as the International Soil
Moisture Network (ISMN), in situ validation of satellite-derived VOD has been scarce.
Aside from that, SM has been the primary focus of the scientific community thus far; the lack
of VOD in situ networks is largely attributable to the instruments’ costs and the challenges
related to the Relative Water Content (RWC) and biomass in situ measurements [116,117].
Rather, VOD has been compared with in situ measurements of VWC (e.g., [118]), mod-
eled values of the same variable [119], AGB (e.g., [8]), and Live Fuel Moisture Content
(LFMC) (e.g., [120]), each yielding varied insights on the VOD. However, these in situ
measurements are available at a point spatial scale (<1 m) [117], which hinders an accurate
comparison with a satellite-derived 36 km pixel, especially in heterogeneous land covers.
Ahead of these constraints, most of the satellite-derived VOD retrievals have been assessed
exclusively by investigating spatial and temporal correlations with other satellite-derived
vegetation indicators considered as a benchmark.

At large scales, these existing validation methods are the most viable and practical to
assess the quality of the downscaled VOD. However, future disaggregated VOD products
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might take advantage of promising techniques. Among these, field-based GNSS sensors
have emerged as a promising technique that can serve for VOD validation purposes.
With this technique, VOD is estimated at high spatial resolution (hundred-meter scales),
and timescale (e.g., hourly measurements) [117], exhibiting high correlations with leaf
water potential [57], and in situ VWC measurements [121]. Alongside the GNSS-based
techniques, land surface models integrating plant hydraulic schemes have also emerged as
a potential method for VOD validation, being implemented by several studies [122,123].
These models use empirical parameterizations to characterize the resistance of some parts
of the plant’s vascular system and the gradients of soil and plant water potentials in
addition to the atmospheric vapor pressure deficit, thus simulating water movement along
the soil, the plant components, and the atmosphere [117,122,123]. These methods provide
VOD estimations at spatial scales over 10 km [117], and then could be used to assess the
quality of satellite VOD data, but also as information sources for potential downscaling of
VOD. For more details on these emerging methods, the reader is referred to studies such
as [57,117,122,123], among others.

5. Conclusions and Future Directions
Satellite VOD data with relevant spatial resolution can significantly facilitate the moni-

toring of biomass and water stress at small scales. Except for certain plot-scale approaches
at specific locations and interpolation methods, little research has been conducted on it
compared to other geophysical variables, such as SM. The primary objective of most ap-
proaches has been to determine the best spatial and temporal proxies of VOD for use in
subsequent potential VOD downscaling algorithms. However, to date, VOD downscaling
algorithms are scarce. Several proxies have been evaluated to downscale VOD, outlining
several conclusions and key considerations to take into account. First, considering the
distinct aspects of vegetation structure and water content captured by VOD across differ-
ent frequency bands, the proxy selection strategy must be adapted accordingly for each
frequency. Second, common proxies correlate differently depending on the characteristics
and dynamics of the land cover. Thus, it is important to select downscaling proxies that
more accurately reflect the local relationships between VOD and vegetation characteristics.
Based on the literature reviewed, NDVI tends to show higher spatial correlations with VOD
at C and X bands than at L band, suggesting that, alongside other optical VIs, they hold
important relevance when aiming to downscale VOD at C and X bands. However, these cor-
relations depend strongly on land cover characteristics and vegetation density. Thus, as in
regions with sparse vegetation, signal sensitivity could remain relatively consistent across
bands, in dense vegetation, the correlation between optical VIs and VOD—particularly at
L-band—can decline markedly. Interestingly, despite being retrieved at the same frequency
band, NDVI, EVI, and LAI exhibited stronger correlations with passive VOD products than
with active ones, underscoring the greater reliability of passive retrievals as a reference
framework. When radar-based proxies were evaluated, σVH emerges as the radar proxy
that tends to show better spatial correlation with VOD. In particular, VOD at L-band ex-
hibits higher spatial correlation when compared to CVOD and XVOD from both active and
passive products, emphasizing the radar’s structural sensitivity, even at C-band. Further,
L-band VOD and LiDAR vegetation height demonstrated not only an empirical, but also
a physical relationship with VOD [124]. Thus, as VOD at C and X band may rely more
on optical indices, given its sensitivity to vertical vegetation structure, downscaling of
L-band VOD may rely more heavily on LiDAR proxies such as PAI and RH100 parameters.
However, the operational use of LiDAR data at global scale remains constrained by cur-
rent limitations in spatial and temporal coverage, sampling density, and data continuity.
These constraints limit their direct applicability for fully global and routinely updated

https://doi.org/10.3390/rs18152530

https://doi.org/10.3390/rs18152530


Remote Sens. 2026, 18, 2530 18 of 27

downscaling products. Future developments aimed at harmonizing multi-mission LiDAR
observations and integrating them with complementary globally available datasets will be
essential to fully exploit their potential in operational VOD downscaling frameworks.

Apart from vegetation proxies, given the established influence of climatic and to-
pographic conditions on VOD, it is necessary to integrate these variables to reflect the
ecological context and refine spatial patterns. Therefore, it is relevant to incorporate param-
eters such as land surface temperature, rainfall, SM, evapotranspiration, and elevation of
the terrain to estimate more accurate and realistic products. Despite the demonstrated rele-
vance of these candidate predictors, strong statistical relationships with VOD alone do not
guarantee their suitability for downscaling. Instead, these candidate predictors should be
evaluated within the complete downscaling framework, where their contribution depends
on the modelling approach, their interaction with other predictors, and the environmental
conditions in which the model is applied.

On the one hand, more research is required in several directions when comparing
VOD products. First, as VOD retrieved at a similar frequency and land cover must the-
oretically be the same independently of the remote sensing technique used, significant
discrepancies have been observed when contrasting, for instance, VOD derived from radar
and radiometry data [97]. Therefore, additional evaluation is necessary to identify the most
reliable VOD. Likewise, further investigation is crucial to assess the uncertainties of VODs
retrieved at the same frequencies, but from distinct missions or retrieval algorithms, as most
of these VODs serve as benchmarks for prospective downscaled VOD products. In addition,
whereas VOD from microwave radiometer observations has been inferred at multiple fre-
quencies (e.g., L, C, and X bands), from radar observations it has commonly been inferred
only at C-band. Hence, the assessment of radar-derived VOD and its insights at different
frequencies remains to be further investigated, particularly in light of forthcoming L-band
radar missions such as the Radar Observing System for Europe (ROSE-L), and the synthetic
aperture radar of the NASA-ISRO SAR Mission (NISAR). Alongside the P-band BIOMASS
mission, these radar missions can significantly improve downscaling methods and retrieval
accuracy by refining and validating the assumptions used in passive microwave radia-
tive transfer models to derive VOD. For instance, given dual-pol L-band SAR (σHH and
σHV) high sensitivity and characterization of the surface roughness, it will be practical
to derive high-resolution dynamic roughness maps from NISAR/ROSE-L to replace the
usual static roughness assumptions in passive VOD retrieval models, enabling a more
realistic representation of surface dynamics driven by agricultural practices and weather
variability [125]. Additionally, as VOD retrievals are derived from models assuming a
homogeneous vegetation layer, by using backscatter ratios, Radar Vegetation Index (RVI),
and polarimetric decomposition—surface scattering (e.g., soil), volume scattering (e.g.,
leaves and branches), double bounce (e.g., trunks)—these P- and L-band missions could
provide valuable insights on vegetation height, orientation, and structure. Indeed, retriev-
ing these vegetation properties could complement VOD and improve retrieval accuracy,
particularly in heterogeneous, structurally complex canopies. Furthermore, the limited
availability of active microwave VOD products arises not only from data availability but
also from the challenges inherent to active microwave retrieval algorithms. In particular,
continued refinement of semi-empirical models, including improved representations of
radar scattering and parameter calibration, is essential for advancing enhanced-resolution
VOD retrievals.

Although GNSS-R and GNSS-T studies have demonstrated their potential for charac-
terizing vegetation water content, most existing studies remain focused on demonstrating
the sensitivity of GNSS signals to vegetation conditions rather than developing scalable
VOD retrieval or downscaling frameworks. A major challenge for their broader application
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is the limited availability of spatially and temporally consistent observations. Ground-
based GNSS-T approaches can provide valuable local measurements but are restricted
by the distribution of receiver networks and therefore cannot currently provide spatially
representative observations at regional or global scales. Satellite-based GNSS-R observa-
tions provide a larger spatial domain; however, available missions still have limitations
in terms of coverage, observation frequency, and continuity. For example, considering
CYGNSS’s limited tropical coverage and the spatial gaps present in its daily observations,
future multifrequency multi-GNSS constellations are expected to provide more extensive
coverage and improved spatial resolution observations of surface features [126]. Therefore,
future research should also consider how the capabilities of upcoming GNSS-R missions
can be incorporated to advance VOD downscaling. In particular, ESA’s HydroGNSS mis-
sion is expected to broaden coverage into higher latitudes [127], which can aid in research
on boreal freeze–thaw dynamics and their implications for VOD retrieval in permafrost
regions with vegetation and improve downscaling performance in these areas [94].

On the other hand, despite limited studies on VOD retrievals from disaggregated
brightness temperatures, forthcoming Earth Observation missions utilizing various fre-
quency bands may provide a significant opportunity for exploiting the SFIM technique
and estimating VOD at better spatial resolution. Specifically, the CIMR mission, scheduled
for launch by 2030, is designed to operate across five spectral bands (L, C, X, K and Ka
bands), offering multiresolution observation capabilities, and an improved temporal revisit
frequency (capable of >95% global coverage of all Earth surfaces every day) [114,128]. In
addition to maintaining L-band continuity with established missions like SMAP and SMOS,
CIMR’s unique combination of multifrequency capability will offer two key advantages
for uncertainty reduction when aiming to apply data fusion techniques. First, simultane-
ous measurements across all spectral bands at consistent local times (6:00 AM/PM) will
minimize temporal collocation errors. Further, the minimal variation in observation zenith
angle between bands (52.0° ± 1° for L-band and 55.0° ± 2° for C, X, K, and Ka bands) will
significantly reduce the effect of angular dependence [114,128]. However, these down-
scaling methods rely on the preservation of spatial patterns across bands. Thus, as each
frequency is sensitive to different vegetation and soil properties, this assumption may not
hold in practice, which could lead to artifacts in the downscaled product. Therefore, it is
critical to examine the spatial characteristics of VOD at both the original and downscaled
resolutions to ensure that the downscaled product preserves physical relevance [129].

Another critical consideration is related to the temporal resolution at which down-
scaled VOD products are generated. When larger timescales are targeted (e.g., monthly),
short-term variability is generally less influential. However, for shorter timescales (e.g., sub-
daily), VOD estimates can be significantly affected by soil–vegetation thermal equilibrium
assumptions and by diurnal fluctuations linked to vegetation water stress and transpiration
processes. These factors can substantially bias hydrological processes and vegetation water
stress responses, thereby limiting the accuracy and interpretation of VOD downscaled
measurements. Hence, when aiming to derive VOD at higher spatial resolution and short
timescales, the methodology must avoid merging multisensor datasets (e.g., proxies, mul-
tifrequency datasets) with differing overpass times. Instead, it is advisable, to the extent
possible, to employ time-aligned auxiliary datasets and explore diurnal correction models
to account for the VOD diurnal variability.

Based on the evidence and discussion presented throughout this review, the main
research priorities for advancing VOD downscaling can be summarized as follows:

• Comprehensive uncertainty assessment of VOD products derived from different
missions, frequencies, and retrieval algorithms to establish reliable benchmarks for
future high-resolution products.
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• Standardized validation and benchmarking frameworks for the objective comparison
of VOD retrieval and downscaling methods.

• Extension of radar-derived VOD retrievals at L-band, leveraging upcoming missions
such as ROSE-L and NISAR.

• Further refinement of semi-empirical and physically based retrieval models, including
improved scattering representations and parameter calibration.

• Conducting future research leveraging forthcoming missions, such as CIMR, to de-
velop next-generation VOD downscaling approaches that combine multi-frequency
microwave observations with advanced modelling techniques to improve the accuracy,
spatial detail, and temporal continuity of VOD products.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/rs18152530/s1, Table S1: Overview of various spatial and temporal
correlations found between optical indices and VOD products in several studies; Table S2: Overview
of various spatial and temporal correlations found between radar vegetation coefficients and VOD
products in several studies.
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LAI Leaf Area Index
LiDAR Light Detection And Ranging
LPRM Land Parameter Retrieval Model
LMEB L-band Microwave Emission Biosphere
LST Land Surface Temperature
MPDI Microwave Polarization Difference Index
MODIS Moderate-resolution Imaging Spectroradiometer
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NDVI Normalized Difference Vegetation Index
NDWI Normalized Difference Water Index
OSSE Observation System Simulation Experiment
PAI Plant Area Index
PLAS Passive and Active L-band System
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RMSE Root Mean Square Error
RVI Radar Vegetation Index
SAR Synthetic Aperture Radar
SCA Single Channel Algorithm
SFIM Smoothing Filter-based Intensity Modulation
SM Soil Moisture
SMAP Soil Moisture Active Passive
SMAPEx Soil Moisture Active Passive Experiments
SMEX02 Soil Moisture Experiments in 2002
SMOS Soil Moisture and Ocean Salinity
SMMR Scanning Multichannel Microwave Radiometer
SNR Signal-to-Noise Ratio
SoOp Signals of Opportunity
SSM/I Special Sensor Microwave/Imager
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TRMM Tropical Rainfall Measuring Mission
VOD Vegetation Optical Depth
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