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Abstract. Accurate field-scale soil moisture is essential for hydrological processes such as 15 

infiltration, land–atmosphere exchange, and agricultural water management. UAV-borne L-band 

radiometry offers a promising intermediate scale between in situ measurements and satellite 

observations, but retrieval remains ill-posed due to uncertainties in vegetation attenuation, surface 

temperature, and sub-footprint heterogeneity. This study develops an uncertainty-aware Bayesian 

retrieval framework that integrates dual-polarized UAV L-band brightness temperature with RGB 20 

and thermal infrared information through footprint-consistent priors. Optical fraction cover, thermal 

state, and texture descriptors are used to constrain vegetation optical depth and its uncertainty at the 

scale of the radiometric footprint. The method was evaluated over heterogeneous cropland in 

Pengzhou, China, using independent calibration (4 scenes, ~1.3 ha) and validation datasets (6 scenes, 

~3.3 ha). The proposed approach reduced RMSE from ~0.07 to ~0.04 m³ m⁻³ and largely eliminated 25 

the systematic dry bias of the conventional τ–ω inversion. Analysis further shows that sub-footprint 

heterogeneity primarily increases uncertainty in vegetation attenuation, leading to representation 

error in soil moisture retrieval. These findings highlight that retrieval performance is fundamentally 

constrained by observation scale and surface heterogeneity. Overall, the study demonstrates that 

physically informed multi-source priors can improve both accuracy and interpretability, providing 30 

a pathway toward more reliable field-scale soil moisture estimation for hydrological applications. 

1. Introduction 

Soil moisture regulates energy partitioning, infiltration and runoff processes, and plant water use, 
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making it a key state variable in hydrology and land-atmosphere interactions (SU et al., 2014; Li et 

al., 2022; Wang et al., 2023). Satellite passive microwave missions such as SMOS and SMAP have 35 

established L-band radiometry as a physically meaningful approach for large-scale soil moisture 

monitoring due to its sensitivity to near-surface dielectric properties and reduced influence from 

vegetation (Kerr et al., 2010; Meyer et al., 2022; Jääskeläinen et al., 2025). 

UAV-borne L-band radiometry offers a useful middle scale between plot measurements and 

satellites. Compared with satellite sensors, drone platforms provide much finer spatial resolution, 40 

more flexible acquisition timing, and better control over repeat surveys. The PoLRa platform is one 

example of a portable L-band system designed for field deployment and UAV integration (Houtz et 

al., 2020). Recent studies have shown that portable or UAV-compatible L-band radiometers can 

retrieve meaningful soil moisture under both bare and vegetated conditions, and can be used to test 

retrieval concepts before transfer to coarser airborne or spaceborne applications (Zhang et al., 2024; 45 

Lv et al., 2024; Krishnan et al., 2025; Wang et al., 2024). 

However, high spatial resolution does not remove the core inversion difficulty of passive microwave 

retrieval. L-band brightness temperature still integrates multiple physical controls, including soil 

dielectric properties, vegetation attenuation, single-scattering albedo, soil surface temperature, and 

local roughness. In practice, the τ–ω forward model is often calibrated with simplified assumptions, 50 

and different combinations of soil moisture and vegetation optical depth can explain similar 

brightness temperatures. This leads to compensation effects, biased solutions, and uncertainty that 

is difficult to quantify when the inversion is performed with weak or static priors (Wigneron et al., 

2007; Ebtehaj et al., 2019; Zhao et al., 2021; Li et al., 2023; Gibon et al., 2024). Related studies on 

error propagation in joint microwave retrievals have shown that uncertainty in vegetation terms can 55 

directly amplify soil moisture uncertainty, particularly under mixed cover conditions (Feldman et 

al., 2021; Lu et al., 2025). For field-scale UAV applications, where crop type can change within a 

short distance, these issues become even more pronounced. 

Optical and thermal remote sensing provide a natural complement to L-band radiometry because 

they describe canopy cover, surface temperature state, and fine-scale spatial organization at a much 60 

higher resolution than the microwave footprint. RGB and thermal infrared data cannot replace L-

band observations, but they can constrain the physically plausible range of vegetation attenuation 
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and indicate whether the microwave footprint is homogeneous or internally mixed. This idea is 

consistent with broader optical-thermal soil moisture research. Surface temperature and energy-

balance approaches can inform root-zone or shallow soil wetness patterns (Alburn et al., 2015; 65 

Sahaar et al., 2022; Gao et al., 2022), while drone-based RGB-TIR studies show that thermal and 

visible cues can improve field-scale soil moisture estimation under crop canopies when local 

structure is considered explicitly (Li et al., 2022; Shi et al., 2024; Vahidi et al., 2025). Reviews of 

UAV thermal remote sensing in agriculture also emphasize that thermal imagery becomes more 

informative when linked to canopy structure and field context rather than interpreted as a standalone 70 

moisture proxy (Messina et al., 2020). 

Another unsolved issue is the mismatch between the coarse effective support of L-band radiometry 

and the much finer support of RGB and thermal products. Even at low UAV altitudes, the 

radiometric footprint remains several meters wide, so the observed brightness temperature 

represents an area-integrated signal rather than a point measurement (Gruber et al., 2020). When the 75 

footprint contains mixed crops, exposed soil, or strong small-scale thermal contrasts, the inversion 

becomes a nonlinear averaging problem, for which retrieval from averaged brightness temperature 

is not equivalent to averaging pointwise retrievals. Previous studies have shown that such sub-pixel 

heterogeneity can distort passive microwave soil moisture retrievals, with errors depending on 

vegetation and land-cover contrasts within the support area (Burke et al., 2003; Lakhankar et al., 80 

2009; Barrée et al., 2021). In addition, the effective sensing depth of L-band radiometry is itself 

moisture-dependent, further complicating the relationship between surface measurements and 

footprint-scale observations (Escorihuela et al., 2010; Shen et al., 2021). 

More recent studies have emphasized that addressing scale mismatch and sub-footprint 

heterogeneity often requires integrating multi-source observations and spatial context information, 85 

particularly when bridging coarse microwave signals with high-resolution optical or thermal data 

(Peng et al., 2023). However, existing retrieval approaches rarely incorporate high-resolution 

optical-thermal information in a physically consistent manner that matches the microwave footprint 

and explicitly propagates uncertainty. 

This study addresses these challenges by developing an uncertainty-aware Bayesian joint retrieval 90 

framework that integrates UAV L-band radiometry with RGB and thermal infrared information, 
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explicitly accounting for footprint-scale heterogeneity. The approach has three key advances. First, 

it introduces physically informed priors, in which RGB-TIR features constrain vegetation optical 

depth and temperature-related states in a scene-dependent manner. Second, it formulates the 

retrieval as an uncertainty-aware inversion, enabling joint estimation of soil moisture and its 95 

posterior uncertainty. Third, it incorporates footprint-consistent texture integration, ensuring that 

high-resolution optical and thermal information is aggregated in a manner consistent with the 

radiometric support. 

The framework is evaluated over heterogeneous agricultural fields in the Pengzhou irrigation district, 

Sichuan Province, using independent calibration and validation datasets. This design allows us to 100 

assess not only retrieval accuracy, but also how sub-footprint heterogeneity influences retrieval 

uncertainty and representation error. In this way, the study provides a physically interpretable 

pathway for improving field-scale soil moisture estimation and its use in hydrological analysis under 

heterogeneous land-surface conditions. 

2. Materials and Methods 105 

2.1 Study Area and Observation Targets 

The study area is located in Pengzhou irrigation district, Sichuan Province, China, on the 

northwestern margin of the Chengdu Plain (31.0°N, 103.9°E). The region has a humid subtropical 

monsoon climate, characterized by abundant precipitation, frequent rainfall events during the 

growing season, and relatively high soil moisture variability. The region is an intensively managed 110 

agricultural landscape with relatively flat terrain and mixed land use. The campaign focused on 

cropland parcels containing wheat, garlic, bare soil, rapeseed, lettuce, and maize. According to field 

notes and local land-use context, the cultivated soils are dominated by paddy-derived and alluvial 

agricultural soils that are typical of irrigated plains in the basin margin. The target variable of the 

study was volumetric surface soil moisture. Scene boundaries and field positions were recorded in 115 

campaign geospatial files and were used together with orthomosaics and GPS information for scene 

registration and validation. 

The chosen landscape is suitable for testing the proposed framework because it combines moderate 

regional uniformity with strong field-scale variability. Adjacent parcels often differ in canopy cover, 
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row structure, irrigation history, and exposed soil fraction. This creates local contrasts in vegetation 120 

optical depth, surface temperature, and sub-footprint heterogeneity. From a retrieval perspective, 

these differences challenge any inversion that assumes one homogeneous land surface inside the 

radiometric support area. From an application perspective, they reflect the actual conditions faced 

by precision agriculture and smallholder field management in the Chengdu Plain. 

2.2 UAV Remote-Sensing System 125 

Two UAV sensing systems were used. The microwave observations were acquired with a DJI 

Matrice 600 platform carrying the PoLRa v3.1 drone-mounted portable L-band radiometer. PoLRa 

operates at approximately 1.4 GHz, records dual-polarized brightness temperatures, and is designed 

for field deployment where a lightweight, portable radiometric package is needed (Houtz et al., 

2020). The use of dual polarization is important because the joint response of horizontal and vertical 130 

channels improves sensitivity to soil dielectric conditions while still retaining information on 

vegetation attenuation and scene thermal state. 

High-resolution optical and thermal data were acquired with a DJI Mavic 2 Enterprise Advanced. 

The visible sensor provided RGB imagery for orthomosaics, vegetation fraction proxies, and 

luminance-based texture analysis, while the thermal sensor provided surface temperature patterns 135 

and thermal texture descriptors. 

 

Figure 1. Field deployment of the UAV sensing system, including the (a) DJI Matrice 600 platform carrying 

the PoLRa v3.1 dual-polarized L-band radiometer and the (b) DJI Mavic 2 Enterprise Advanced used for 

RGB-TIR survey. 140 
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2.3 Flight Experiment Design and Ground Data Collection 

The PoLRa flights were performed at approximately 6 m above ground. The effective microwave 

support area was approximately 4 m × 7 m based on the radiometric footprint geometry, which 

later motivated the ellipse-based footprint treatment tested in this paper. The RGB-TIR flights were 

conducted at approximately 25 m, with 80% forward overlap and 70% side overlap. The resulting 145 

products reached an optical ground resolution of about 8 mm and a thermal resolution of roughly 

10 cm after mosaicking. These settings provided enough detail to summarize sub-footprint structure 

while still covering each scene efficiently. 

Ground truth soil moisture was measured using a portable TDR probe (HydraGO, Stevens Water 

Monitoring Systems, USA). At each sampling location, the probe was measured repeatedly and the 150 

repeated values were averaged to reduce point noise. The sensing depth was consistent with the 

shallow near-surface layer that dominates the L-band radiometric response under the observed 

moisture conditions. The validation labels used in the paper were subsequently spatially clustered 

to approximately 3 m support in order to stabilize the comparison between point-scale observations 

and footprint-scale retrievals.  155 

The formal training subset consisted of four scenes (~1.3 ha, a total of 52 calibration points) 

collected on 03/04 for model calibration. The independent validation subset was based on repeated 

experiments conducted over two consecutive days (04/04-05/04), during which six scenes were 

surveyed each day, collectively covering approximately 3.3 ha of agricultural land (57 matched 

validation points in total). Notably, a rainfall event of approximately 3 mm occurred in the early 160 

hours of 05/04; thus, the two validation days represent pre- and post-rainfall conditions, with 

approximately three days of dry conditions preceding the observations on 04/04. All experimental 

observations were conducted between 11:00 and 16:00 local time. Representative measurement 

transects and ground sampling points are shown in Figure 2. 

All remote-sensing products were aligned in a common spatial frame using GPS information and 165 

manual co-registration checks. The RGB and thermal images were first mosaicked, and the thermal 

data were converted to temperature layers. The microwave flight lines were corrected for UAV 

attitude and then interpolated to scene grids for visualization and point matching. Because the 

support area of the L-band radiometer is larger than the support area of RGB-TIR pixels, the optical 
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and thermal variables were summarized inside the assumed microwave footprint rather than sampled 170 

at a single pixel. This aggregation step is central to the methodology because it allows the fine-scale 

imagery to inform the inversion in a way that is consistent with the radiometer’s actual sampling 

geometry. 

 

Figure 2. RGB orthomosaic backgrounds with UAV flight trajectories and in situ validation points for 175 

representative fields (a-d). Blue lines denote flight tracks and yellow circles denote clustered ground 

measurements used for calibration or validation. 

2.4 Soil Moisture Retrieval Algorithm 

The whole framework of the algorithm is shown in Figure 3 (a). The retrieval core is the dual-

polarized τ–ω emission model. For polarization p, the brightness temperature can be written as: 180 

𝑇𝐵𝑝 = 𝑇𝑔[(1 − 𝜔)(1 − Γ)(1 + 𝑟𝑝Γ) + (1 − 𝑟𝑝)Γ] 
(1) 

where Tg is the effective ground or vegetation-soil composite temperature, ω is the single-scattering 

albedo, rp is the soil reflectivity at polarization p, and Γ = exp(-τ / cos θ) is the canopy transmissivity 

with optical depth τ and incidence angle θ. The reflectivity term is linked to the complex dielectric 

constant through the Fresnel equations, while the dielectric constant is related to soil moisture with 

the Dobson mixing model (Dobson et al., 1985). Equation (1) is standard in L-band passive 185 
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microwave retrieval and forms the physical backbone of both the baseline and the proposed methods 

(Wigneron et al., 2007). 

 

Figure 3. Workflow of the Bayesian joint retrieval. (a) the L-band radiometric pathway and the RGB-TIR 

prior pathway, and (b) the physically matched 4 × 7 m ellipse footprint used to summarize high-resolution 190 

optical and thermal information before Bayesian inversion. 

Tg and ω were treated as sample-wise auxiliary states in the forward model. The effective surface 

temperature Tg was estimated by combining a baseline temperature with a bounded correction 

informed by thermal observations and optical indicators, including vegetation fraction and footprint-

scale heterogeneity. This formulation allows Tg to adapt to local thermal and structural conditions 195 

while remaining within physically plausible limits. The single-scattering albedo ω was 

parameterized as a heterogeneity-dependent term, in which a baseline value was adjusted as a 

function of a normalized heterogeneity index and constrained within a physically reasonable range. 

These dynamically estimated Tg and ω values were then used as inputs to the L-MEB τ–ω forward 

model for likelihood evaluation during the Bayesian retrieval. 200 
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In the baseline inversion, soil moisture Ws and vegetation optical depth τ are solved jointly from 

the observed TBH and TBV, using fixed or weakly varying ancillary terms and no learned remote 

prior. This is a practical benchmark because it follows the common strategy of using the microwave 

observation itself to determine both dielectric and attenuation terms. However, in heterogeneous 

scenes this joint inversion can become under-constrained. Similar brightness temperatures may be 205 

reproduced by a wetter soil with a lower attenuation or by a drier soil with a higher attenuation, 

especially when independent information on canopy state is limited (Ebtehaj et al., 2019; Zhao et 

al., 2021). 

The proposed framework introduces a Bayesian prior pathway driven by RGB and thermal features. 

First, RGB orthomosaics were converted into vegetation-sensitive descriptors, including excess 210 

green and an Otsu-thresholded fraction vegetation cover term (Meyer and Neto, 2008). Second, both 

RGB and thermal data were summarized into footprint-scale texture statistics. In practice, the local 

standard deviation of optical luminance and the local standard deviation of thermal temperature 

were computed inside moving windows matched to the microwave support area. These variables 

summarize internal heterogeneity, row structure, thermal contrast, and exposed soil mixing. The 215 

retrieved feature set can be written as: 

𝑓 = [𝐹𝑉𝐶, 𝑇𝑜𝑝𝑡, 𝑇𝑡𝑖𝑟 , 𝐻] 
(2) 

where FVC is the optical fraction vegetation cover, Topt denotes optical texture, Ttir denotes thermal 

texture, and H is a heterogeneity-related descriptor assembled from the footprint-scale statistics. 

Texture features were defined as local dispersion metrics computed over a footprint-matched 

neighborhood. For each sample location 𝑖, a spatial window 𝑊𝑖 was extracted to match the effective 220 

microwave support, implemented as a heading-oriented ellipse (approximately 7 × 4 m) or, when 

disabled, a square approximation shown in Figure 3 (b). 

Optical texture was computed from the luminance channel derived from RGB imagery 

(𝐿=0.2989𝑅+0.5870𝐺+0.1140𝐵) (ITU-R, 2012), while thermal texture was computed from the co-

registered surface temperature field. The texture metrics were defined as the standard deviation 225 

within the footprint window. 

Using the four calibration scenes, the feature vector f was mapped to a prior mean and prior 

uncertainty for τ: 
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𝜇𝜏,𝑖 = 𝛽0 + 𝛽1𝑓𝑐,𝑖 

𝑙𝑜𝑔𝜎𝜏,𝑖 = 𝛾0 + 𝛾1𝐻𝑖 + 𝛾2𝑓𝑐,𝑖 

𝜎𝜏,𝑖 = 𝑐𝑙𝑖𝑝[exp(𝑙𝑜𝑔𝜎𝜏,𝑖) , 𝜎𝑚𝑖𝑛, 𝜎𝑚𝑎𝑥] 

(3) 

(4) 

(5) 

Here, 𝑓𝑐,𝑖  denotes the fraction vegetation cover and 𝐻𝑖  is the footprint-scale heterogeneity 

descriptor. The coefficients 𝛽  and 𝛾  were estimated from the calibration dataset. Calibration 230 

targets 𝜏𝑖
∗ were obtained by inverting the τ–ω forward model using matched in situ soil moisture 

observations. 

In the implementation, these scene-dependent estimates were stored as sample-wise variables and 

used together with auxiliary fields such as effective temperature, vegetation fraction, and 

heterogeneity level. Rather than assuming a universal 𝜏 prior, the method leverages high-resolution 235 

imagery to adapt both the expected attenuation level and its associated uncertainty to each 

microwave sample. The prior mean is primarily controlled by vegetation fraction, while the prior 

uncertainty is modeled through a log-linear function of heterogeneity and vegetation conditions. 

This strategy is consistent with previous findings that retrieval performance improves when passive 

microwave inversions are constrained by physically informed priors reflecting local vegetation state 240 

(Feldman et al., 2021; Barrée et al., 2021). 

The posterior distribution is then defined as: 

𝑝(𝑊𝑠, 𝜏 | 𝑇𝐵, 𝑓)  ∝  𝑝(𝑇𝐵 | 𝑊𝑠, 𝜏, 𝑇𝑔 , 𝜔) ∙ 𝑝(𝜏 | 𝑓) ∙ 𝑝(𝑊𝑠) 
(6) 

with a Gaussian likelihood: 

𝑝(𝑇𝐵 | 𝑊𝑠, 𝜏, 𝑇𝑔 , 𝜔)  ∝  𝑒
[
−(𝑇𝐵𝑜𝑏𝑠−𝑇𝐵𝑚𝑜𝑑)2

(2𝜎𝑇𝐵
2)

]
 

(7) 

and a feature-informed prior: 

𝜏 | 𝑓 ∼ 𝑁(𝜇𝜏(𝑓), 𝜎𝜏
2(𝑓)) 

(8) 

The soil moisture prior was weak and mainly used to keep the solution within the physically 245 

admissible range. Posterior inference was performed through Metropolis-Hastings sampling in the 

two-dimensional state space of (Ws, τ). Each chain was run for a fixed number of iterations (e.g., 

1,000), with an initial burn-in period (e.g., 200 samples) discarded to reduce the influence of initial 

conditions. Convergence was assessed by inspecting the stability of posterior traces and ensuring 

that summary statistics (mean and variance) remained stable across the retained samples. The 250 

implementation stored posterior mean, posterior standard deviation, 95% credible interval bounds, 
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and entropy-like diagnostics for each retrieval. 

2.5 Accuracy Evaluation and Baseline Comparison 

Accuracy was evaluated using multiple statistical metrics, including root mean square error (RMSE), 

mean absolute error (MAE), and bias, to comprehensively assess both the magnitude and systematic 255 

deviation of the predictions. 

The independent validation used experiments from six different scenes (~3.3 ha, 57 validation 

points), collected over two consecutive days (04/04/2026-05/04/2026), spanning pre- and post-

rainfall conditions, with approximately three days of dry conditions preceding the first observation 

and a rainfall event occurring in the early hours of 05/04/2026. Calibration was performed 260 

exclusively on four scenes (~ 1.3 ha, 52 calibration points) in 03/04/2026, which makes the reported 

results a generalization test rather than a same-day fit. The calibration dataset included bare soil, 

garlic, and wheat fields, while the validation dataset included bare soil, garlic, rapeseed, wheat, 

maize, and lettuce fields. 

The principal baseline was a Dobson plus dual-parameter τ–ω inversion without the RGB-TIR 265 

Bayesian prior. For the proposed method, 95% bootstrap confidence intervals were computed for 

the overall metrics to summarize uncertainty due to the finite validation sample. 

Additional analyses were performed by land-cover class, by scene, by footprint representation, and 

by the relationship between texture and retrieval uncertainty. 

3. Results 270 

3.1 Retrieval performance under varying soil moisture conditions 

The proposed Bayesian joint retrieval substantially improved independent validation performance 

relative to the baseline under relatively wet conditions on the first day after rainfall (05/04/2026), 

shown in Figure 4 (a). Across all 57 matched points, the proposed 4 m × 7 m ellipse configuration 

achieved RMSE = 0.0418 m³ m⁻³, MAE = 0.0243 m³ m⁻³, and bias = −0.0030 m³ m⁻³. In contrast, 275 

the baseline produced RMSE = 0.0769 m³ m⁻³, MAE = 0.0684 m³ m⁻³, and bias = −0.0637 m³ m⁻³. 

The bootstrap confidence intervals of the proposed solution were also compact, with RMSE = 

0.0418 [0.0270, 0.0566] m³ m⁻³ and MAE = 0.0243 [0.0163, 0.0336] m³ m⁻³. Figure 4a shows that 

https://doi.org/10.5194/egusphere-2026-2193
Preprint. Discussion started: 24 April 2026
c© Author(s) 2026. CC BY 4.0 License.



12 

 

the improvement is not limited to one metric. The proposed method reduced both absolute error and 

signed underestimation. The bias result is especially important because it indicates that the RGB–280 

TIR prior pathway corrected the strong dry bias of the unconstrained tau–omega inversion instead 

of merely trading one error type for another. 

A consistent improvement was also observed under relatively drier conditions on the day before 

rainfall (04/04/2026). In Figure 4 (b), the proposed method achieved RMSE = 0.038 m³ m⁻³, MAE 

= 0.023 m³ m⁻³, and bias = 0.004 m³ m⁻³, whereas the baseline yielded RMSE = 0.067 m³ m⁻³, MAE 285 

= 0.055 m³ m⁻³, and bias = −0.035 m³ m⁻³. The corresponding bootstrap confidence intervals for the 

proposed method remained compact, with RMSE = 0.038 [0.023, 0.054] m³ m⁻³ and MAE = 0.023 

[0.015, 0.033] m³ m⁻³. Similar to the wetter case, the proposed approach substantially reduced both 

RMSE and MAE and brought the bias much closer to zero. Although the baseline still showed a 

clear negative bias under drier conditions, the proposed method largely removed this systematic 290 

underestimation. Taken together, Figure 4 demonstrates that the advantage of the Bayesian joint 

retrieval is robust across both relatively wet and relatively dry post-rainfall conditions, improving 

not only overall accuracy but also bias behavior across changing moisture regimes. 
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Figure 4. Comparison of overall validation RMSE, MAE, and bias between the proposed Bayesian joint 295 

retrieval and the baseline inversion. Error bars denote the 95% bootstrap confidence interval for the proposed 

method. (a) Results on the day after rainfall (relatively wet) (05/04/2026), (b) Results on the day before rainfall 

(relatively dry) (04/04/2026). 

Figure 5 presents representative retrieval maps overlaid on the optical orthomosaics for two 

moisture states, with panels (a-d) corresponding to the relatively drier conditions on 04/04 and 300 

panels (e-h) corresponding to the wetter conditions on 05/04 after the early-morning rainfall event. 

In both cases, the proposed retrieval preserves the broad field-scale soil moisture patterns while 

avoiding the pronounced dry shift evident in the baseline maps. Under the drier conditions, the 

proposed product maintains spatial gradients without collapsing toward unrealistically low values, 

whereas under the wetter conditions it captures the overall increase in soil moisture while remaining 305 

coherent with field boundaries and within-field structure. The posterior estimates retain meaningful 

local variability while remaining within a physically plausible range supported by the auxiliary 
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optical and thermal information. In contrast, the baseline retrieval tends to drift toward overly dry 

values in both moisture states, especially where vegetation attenuation and temperature effects 

cannot be reliably separated from brightness temperature alone. 310 

 

Figure 5. Representative soil moisture maps overlaid on optical orthomosaics. Panels (a-d) correspond to 

04/04/2026 (relatively dry conditions) and panels (e-h) to 05/04/2026 (post-rainfall, relatively wet conditions). 

In each group, (a, c, e, g) show the baseline retrieval and (b, d, f, h) show the proposed Bayesian joint retrieval. 

3.2 Retrieval performance under varying land cover 315 

Land-cover stratification reveals that the gain of the proposed method was not uniform but remained 

positive across all categories represented in the validation set. Table 1 shows that the largest relative 

improvements occurred for wheat and maize, with RMSE decreasing from 0.0921 to 0.0088 m³ m⁻³ 
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and from 0.0857 to 0.0187 m³ m⁻³, respectively. Bare soil also improved substantially (0.0507 to 

0.0226 m³ m⁻³), while lettuce, garlic, and rapeseed (oilseed rape) showed more moderate but 320 

consistent gains. This consistent improvement across contrasting land-cover types indicates that the 

method is not exploiting crop-specific features, but rather provides a more stable attenuation 

constraint applicable across different surface conditions. 

Table 1. Validation accuracy by land-cover type for the baseline retrieval and the proposed Bayesian joint 

retrieval 325 

Type 
Baseline Bayesian joint retrieval 

RMSE MAE Bias RMSE MAE Bias 

Bare soil 0.0507 0.0428 -0.0292 0.0226 0.0135 0.0098 

Garlic 0.0844 0.0749 -0.0749 0.0692 0.0454 -0.0407 

Wheat 0.0921 0.0889 -0.0889 0.0088 0.0068 0.0033 

Lettuce 0.0757 0.0661 -0.0606 0.0500 0.0364 0.0146 

Rapeseed 0.0797 0.0776 -0.0776 0.0396 0.0318 -0.0285 

Maize 0.0857 0.0830 -0.0830 0.0187 0.0143 0.0143 

Note: Values are reported in m3 m-3. Lower RMSE and MAE indicate better performance. Positive bias indicates 

wet overestimation. 

A clear pattern is that the baseline retrieval exhibits a systematic negative bias across nearly all land-

cover types, whereas the proposed method markedly reduces this dry bias and in some cases slightly 

overcorrects it. For example, wheat and maize biases shift from -0.0889 and -0.0830 m³ m⁻³ to 330 

values close to zero. This suggests that the unconstrained τ–ω inversion tends to over-attribute the 

signal to drier soil conditions, while the RGB-TIR-informed prior improves the partitioning between 

vegetation attenuation and soil emission. 

The magnitude of improvement also varies with surface structure. Strong gains in wheat and maize 

likely reflect relatively uniform canopy conditions at the footprint scale, where prior constraints 335 

effectively reduce inversion ambiguity. Bare soil benefits mainly from reduced structural mismatch. 

In contrast, smaller improvements in lettuce, garlic, and rapeseed are consistent with more 

heterogeneous canopy-soil configurations, where sub-footprint mixing introduces representation 

error that cannot be fully resolved within the homogeneous τ–ω framework. 

This pattern is also evident in Figure 5. In both the drier (04/04) and wetter (05/04) conditions, the 340 

baseline exhibits stronger dry shifts in areas with denser or more heterogeneous vegetation, whereas 

more uniform or bare surfaces show smaller distortions. The proposed method reduces these biases 
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across moisture states, but the magnitude of improvement remains dependent on canopy structure 

within the footprint, consistent with the class-based statistics in Table 1. This pattern suggests that 

retrieval performance is controlled by canopy structural homogeneity at the footprint scale. 345 

4. Discussion 

4.1 Sub-footprint heterogeneity and its role in soil moisture observation uncertainty 

The uncertainty analysis highlights a key implication of footprint-scale observations: not all forms 

of sub-footprint heterogeneity contribute equally to the ambiguity of soil moisture retrieval. Figure 

6 summarizes the relationships between optical and thermal texture metrics across different land-350 

cover types and their associations with τ prior uncertainty, posterior retrieval uncertainty and 

absolute soil-moisture error. 

Figure 6 shows that optical texture, quantified here as the standard deviation of optical luminance 

inside the assumed microwave footprint, had a clear and significant positive association with the 

posterior uncertainty of τ and with the absolute error of retrieved soil moisture. The relationship 355 

with τ uncertainty was moderate but significant (Spearman ρ = 0.47, p = 0.0002), and the 

relationship with |error| on soil moisture was similarly strong (Spearman ρ = 0.46, p = 0.0003). In 

contrast, the direct relationship between optical texture and posterior soil-moisture standard 

deviation was weak and not significant (ρ = 0.09, p = 0.49). Thermal texture showed weaker 

associations overall. It was significantly related to τ uncertainty (ρ = 0.30, p = 0.023), but not 360 

significantly related to posterior soil-moisture standard deviation or to absolute soil-moisture error. 

This pattern suggests that optical texture is the stronger indicator of internal structural mixing in the 

observed fields, while thermal texture is informative but more scene-dependent. 
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Figure 6. Relationships between footprint-scale optical and thermal texture and retrieval uncertainty. Panels 365 

(a)-(c) show optical texture versus posterior soil-moisture standard deviation, posterior tau uncertainty, and 

absolute soil-moisture error. Panels (d)-(f) show the corresponding thermal-texture relations. 

These findings are physically plausible. The L-band radiometer measures an area-integrated 

brightness temperature over a footprint several meters wide. When the support area contains mixed 

canopy density, row structure, exposed soil patches, residue, or irrigation patterns, the measured 370 

brightness temperature becomes the nonlinear average of multiple sub-footprint states. In that 

situation, the inversion is asked to explain one aggregated microwave signal with one effective pair 

of soil moisture and vegetation optical depth. The solution therefore represents an equivalent state 

rather than a true point state. Because the τ–ω forward model is nonlinear, averaging before 

inversion is not equivalent to inversion before averaging. This Jensen-type effect is one of the 375 

reasons why heterogeneous scenes are intrinsically more difficult for passive microwave retrieval 

(Burke et al., 2003; Lakhankar et al., 2009; Chan et al., 2016). Recent L-band studies over 

heterogeneous scenes report similar behavior for the coupled retrieval of soil moisture and 

vegetation optical depth (Barrée et al., 2021; Feldman et al., 2021). 

The present results refine the understanding of how sub-footprint heterogeneity affects soil moisture 380 

retrieval in two ways. First, they show that heterogeneity primarily enters the posterior through τ-

related uncertainty rather than through a strong inflation of posterior soil-moisture variance. This 
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suggests that ambiguity in the microwave signal initially arises from vegetation attenuation and 

canopy–soil partitioning within the footprint, since τ directly controls the attenuation component in 

the tau–omega model. Different sub-footprint canopy arrangements can produce similar aggregate 385 

transmissivity, so the posterior of τ widens before the soil-moisture estimate becomes obviously 

unstable. Second, the fact that optical texture correlates more strongly with |error| than with σWs 

indicates that part of the representation error remains outside the posterior uncertainty term. In other 

words, while the inversion captures part of the ambiguity, the remaining error reflects structural 

mismatch between the real heterogeneous footprint and the homogeneous tau–omega representation. 390 

This distinction is important because it highlights that uncertainty estimates are informative for 

diagnosing retrieval ambiguity, but cannot fully substitute for improved physical representation of 

sub-footprint heterogeneity in hydrological observations. 

The land-cover-specific results support the same interpretation. Lettuce fields show the strongest 

within-class relationship between optical texture and absolute error, consistent with the fine-scale 395 

canopy contrast and mixed exposed-soil structure visible in the orthomosaics, as lettuce is typically 

sparsely planted with interspersed bare soil and vegetation. Bare soil shows a weaker but still 

positive tendency, reflecting residual heterogeneity in surface conditions. In contrast, wheat exhibits 

only a weak within-class relation in the present sample, likely because the canopy structure is more 

spatially uniform at the scale of the radiometer footprint and because the prior pathway effectively 400 

constrains attenuation in these scenes. From a hydrological standpoint, this indicates that the role of 

“texture” is context-dependent rather than universal. Its influence depends on whether the high-

resolution heterogeneity corresponds to physically meaningful contrasts in soil–vegetation structure 

that affect the L-band support area and the interpretation of soil moisture at the field scale. 

The footprint experiment reinforces the mechanism argument. The 4 m × 7 m ellipse outperformed 405 

the 5 m × 5 m square even though both footprints covered similar total area. The most likely reason 

is not a change in total support size but a better match between the anisotropic radiometric support 

and the optical-thermal aggregation window. When the auxiliary priors are summarized over a shape 

that better approximates the actual microwave support, the resulting FVC and texture descriptors 

are more representative of what the radiometer “saw.” This improves both the prior mean and the 410 

uncertainty term. It is evidence that physically consistent support matching matters when high-
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resolution auxiliary data are injected into passive microwave retrieval. 

Table 2. Comparison of retrieval accuracy between the physically matched 4 × 7 m ellipse footprint and a 

simplified 5 × 5 m square footprint 

Footprint RMSE MAE Bias 

4*7 (Ellipse) 0.0418 0.0243 -0.0030 

5*5 (Square) 0.0443 0.0291 0.0021 

Note: The ellipse footprint better matches the field-estimated support area of the UAV L-band radiometer. 415 

4.2 Sensitivity Analysis of Core Hyperparameters 

The sensitivity analysis further shows that the proposed framework is not excessively fragile to 

moderate hyperparameter changes. Figure 7 summarizes one-at-a-time experiments for four key 

parameters: the microwave likelihood spread σTB, the scale applied to the τ prior mean, the prior-

strength parameter κ, and the scale applied to the τ prior width. The resulting validation RMSE 420 

curves are relatively flat, and the spread of the error bars is larger than the change in the mean RMSE 

over much of the tested range. This indicates that the method is relatively stable once the prior 

pathway and support-matching strategy are in place. 

 

Figure 7. Sensitivity of validation RMSE to four key hyperparameters. The panels summarize one-at-a-time 425 

perturbations of the (a) microwave likelihood spread, (b) tau-prior mean scale, (c) prior strength, and (d) tau-
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prior width; red squares indicate calibrated settings used in the sensitivity experiment. 

The observed trends are nevertheless informative, as they consistently reflect the balance between 

fitting the microwave observations and enforcing physically meaningful prior constraints on soil 

moisture and vegetation attenuation. Increasing the effective likelihood spread from the lower tested 430 

values initially improved retrieval performance by preventing overfitting to noisy or structurally 

mismatched brightness temperatures, which can be interpreted as reducing the influence of 

representativeness error arising from sub-footprint heterogeneity. Similarly, moderate increases in 

the prior mean scale improved performance, indicating that the RGB-TIR-derived attenuation prior 

provides physically meaningful information on vegetation effects when appropriately weighted. The 435 

prior-strength experiment showed a clear monotonic improvement in RMSE until the curve flattened, 

suggesting that stronger prior control enhances retrieval stability by constraining physically 

unrealistic solutions, but only up to a point beyond which additional constraint limits the 

contribution of the microwave observations themselves. Consistent with previous findings in 

uncertainty-aware retrieval systems, physically meaningful regularization improves transferability 440 

as long as the prior does not overly constrain the solution and suppress observation-driven 

information (Karthikeyan et al., 2020; Konings et al., 2017). The width-scale experiment further 

supports this interpretation, showing a shallow optimum that confirms both under-confident and 

over-confident priors can lead to suboptimal representation of soil moisture under heterogeneous 

field conditions. 445 

Taken together, these sensitivity experiments indicate that the calibrated parameter settings lie 

within a low-curvature region of the RMSE response surface. From a hydrological perspective, this 

suggests that the retrieval framework captures a stable balance between observation constraints and 

prior information across the tested conditions, rather than relying on narrowly tuned parameter 

values. Such behavior implies that the inferred soil moisture states are not highly sensitive to 450 

moderate perturbations in hyperparameters, which is important for maintaining physical consistency 

when transferring the method across fields with varying vegetation structure and surface conditions. 

This robustness is particularly relevant for field-scale hydrological applications, where calibration 

data are limited and environmental heterogeneity introduces unavoidable uncertainty. 
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4.3 Limitations and Future Directions  455 

Several limitations remain. Although the independent validation was designed as a two-day repeated 

experiment (04/04-05/04) across six scenes per day and 57 matched points (~3.3 ha), providing a 

controlled test of short-term reproducibility under post-rainfall conditions, the overall sample size 

is still limited, and the results should be interpreted as indicative rather than definitive. The 

campaign represents a restricted set of dates and management conditions. While the calibration and 460 

validation scenes span multiple crops, they do not cover the full seasonal range of canopy 

development, irrigation dynamics, or surface roughness evolution. In particular, the validation 

focuses on two consecutive days following rainfall, capturing relatively wet and drier states but not 

longer-term temporal variability. Consequently, further validation across multiple seasons and 

broader environmental conditions is needed to fully assess the robustness and transferability of the 465 

proposed framework. The method should therefore be regarded as a well-supported field-scale 

prototype rather than a final universal model. 

The RGB-TIR feature pathway can also be expanded. In the present study, optical and thermal 

information was summarized with simple and robust descriptors, especially fraction vegetation 

cover and local texture statistics. These descriptors worked well, but they do not fully represent 470 

canopy architecture, row orientation, spectral variability, or directional effects. More advanced 

optical or thermal descriptors, and additional multispectral or hyperspectral channels, could help to 

further separate canopy effects from soil-background effects. This direction is supported by recent 

optical-thermal soil moisture studies that obtained additional gains when canopy context was 

described more explicitly (Sahaar et al., 2022; Shi et al., 2024; Vahidi et al., 2025). 475 

Another useful extension would be broader uncertainty partitioning. The present framework 

quantifies posterior uncertainty conditioned on the chosen forward model and prior pathway, but it 

does not separately decompose measurement noise, co-registration error, and model structural error. 

Future work could combine the current Bayesian retrieval with hierarchical error models, alternative 

support representations, or explicit assimilation strategies. Related recent studies in Bayesian remote 480 

sensing and hydrologic inversion indicate that this is a promising pathway for improving both 

interpretability and operational confidence (Jing et al., 2025). 
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5. Conclusion 

This study developed a Bayesian joint retrieval framework for UAV-based L-band soil moisture 

estimation that integrates RGB and thermal infrared information through physically consistent, 485 

footprint-scale priors. The results highlight that field-scale soil moisture retrieval is fundamentally 

constrained by sub-footprint heterogeneity and observation support mismatch. 

Three main conclusions can be drawn. 

(1) Incorporating RGB-TIR-informed priors significantly improved retrieval performance and 

reduced the systematic dry bias of the conventional τ–ω inversion, demonstrating the value of 490 

physically constrained auxiliary information. 

(2) Sub-footprint heterogeneity was identified as a key source of retrieval ambiguity, primarily 

affecting vegetation attenuation (τ) uncertainty and canopy-soil partitioning rather than directly 

destabilizing soil moisture estimates. This indicates that representation error plays a central role in 

field-scale soil moisture observation. 495 

(3) Physically consistent support matching, implemented through an ellipse-shaped footprint, 

improved retrieval performance, emphasizing that the integration of multi-source data must respect 

the actual observation scale of microwave measurements. 

Overall, the findings suggest that improving soil moisture retrieval is not only a matter of algorithm 

design, but also of better representing the relationship between observation scale, surface 500 

heterogeneity, and physical processes. This has direct implications that rely on spatially 

representative soil moisture, including infiltration estimation, land–atmosphere exchange, and field-

scale water management. 

The current results are based on a limited number of scenes and short-term observations, and further 

evaluation across broader environmental conditions is required to assess the generality of the 505 

proposed framework. 
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