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A B S T R A C T

Root zone soil moisture (RZSM) is a critical variable for understanding land–atmosphere interactions, hydro-
logical processes, and agricultural productivity. Direct remote sensing of RZSM remains challenging due to the 
shallow sensing depth and the ill-posed nature of inversing a profile, with the existing global RZSM products 
mainly derived from model-based data assimilation. These products offer valuable information but exhibit 
inconsistent accuracy and disparate vertical discretizations. As no single root-zone soil moisture product is su-
perior globally, fusing them offers a means to integrate their complementary strengths into a unified and 
consistent framework. In this study, a DeepProfile framework was proposed for estimating the continuous soil 
moisture profile throughout the top 100 cm layer of soil by integrating three widely used RZSM products; Soil 
Moisture Active Passive level 4 (SMAP L4), Global Land Data Assimilation System (GLDAS) version 2, and the 
fifth generation European Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis (ERA5-
land). Unlike traditional fusion methods requiring harmonized inputs, DeepProfile treats parent products as 
learning targets, optimizing the integral of a polynomial profile to match heterogeneous layers without enforcing 
identical vertical or spatiotemporal coverage. This yields a continuous analytical profile for flexible depth 
extraction, utilizing location-specific triple collocation weights to optimally balance product contributions. 
Evaluation against in-situ measurements from 2373 stations across 45 global networks demonstrated strong 
agreement in near-surface and intermediate layers (≤50 cm), with median RMSE values below 0.06 m 3 /m 3 and 
correlation coefficients (R) exceeding 0.72. The use of SMAP near-surface soil moisture was found critical for the 
satisfactory results for the top 50 cm. The model also showed promising performance at deeper layers of >50 cm 

(R > 0.65), although accuracy declined with depth due to weaker observational constraints. The proposed 
DeepProfile offers a scalable and transferable solution for generating depth-resolved soil moisture estimates, with 
potential applications in hydrological modeling, drought monitoring, and weather forecasting.

1. Introduction

Root zone soil moisture plays a crucial role in understanding land-
atmosphere interactions, agricultural productivity, and hydrological 
processes (Bengough, 2012; Stocker et al., 2023). Accurate information 
on root zone soil moisture is vital for predicting droughts (Hirschi et al., 
2014), optimizing irrigation, and improving water resource manage-
ment (Zhang and Long, 2021). It also serves as a critical parameter in 
land surface models (Shrestha et al., 2018). Monitoring and modeling

root zone soil moisture is therefore essential for advancing under-
standing of the terrestrial water cycle and ensuring effective adaptation 
to climate variability and change.

Remote sensing techniques have been widely used for soil moisture 
monitoring using optical/thermal, passive (radiometer) and/or active 
(radar) microwave sensors (Peng et al., 2020), with most studies 
focusing on the surface soil moisture (< 5 cm) due to their limited ca-
pabilities of penetrating into deeper soil layers. While some recent 
studies have made successful retrievals of soil moisture to 60 cm depth
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using the longer wavelength P-band (Brakhasi et al., 2024; Li et al., 
2024; Shen et al., 2024; Tabatabaeenejad et al., 2015) observations, 
they suffer from a varying reliable sensing depth in time and space as a 
result of the varying soil moisture profile (Brakhasi et al., 2023; Shen 
et al., 2020). Moreover, remote sensing of root zone soil moisture is 
challenging even with the knowledge of sensing depths, as the number 
of parameters for describing a soil moisture profile should be smaller 
than that of the independent observations for a stable inversion. While 
some constraints may be used in the inversion (Zhu et al., 2023), most 
studies have used 2–3 parameters to provide an over-simplified soil 
moisture profile (Brakhasi et al., 2024; Sadeghi et al., 2016; Tabata-
baeenejad et al., 2015).

The alternative has been to estimate the soil moisture profile using a 
hydrology or land surface model (Hamman et al., 2018; Rodell et al., 
2004), which divide the soil column into multiple layers representing 
different depths, and calculating the soil moisture content at each layer 
by solving the governing equations of soil water redistribution. Assim-
ilation of in-situ and/or remote sensing measurements into these models 
has been shown to be critical for reliable estimates, with some 
commonly used methods including direct insertion, statistical correc-
tion, Newtonian Nudging, Kalman filtering and variational approaches 
(Vereecken et al., 2008). Several global root zone soil moisture products 
have been produced in this framework, such as the NASA Soil Moisture 
Active Passive (SMAP) level-4 soil moisture (Reichle et al., 2019), the 
Global Land Data Assimilation System version 2 (GLDAS-2) root zone 
soil moisture (Rodell et al., 2004), and the fifth generation European 
Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric 
reanalysis (ERA5) soil moisture (Hersbach et al., 2020).

These products have been evaluated at a regional to global scale 
using in-situ soil moisture (Das and Mohanty, 2006; Liu et al., 2024; Xu 
et al., 2021), being mainly based on the International Soil Moisture 
Network (ISMN, Dorigo et al., 2021). Statistical methods such as triple 
collocation (TC) and three-cornered hat have also been used for evalu-
ation, which do not require any ground truth (Xu et al., 2021). While 
different evaluation results have been reported for varying regions 
under different evaluation schemes (Fan et al., 2022; Liu et al., 2024), 
none of the products clearly outperformed another, and thus multiple 
products are required in order to get an “optimal” root zone soil mois-
ture estimate. However, a challenge of jointly using these products is the 
different spatial grids and layer thicknesses for which soil moisture is 
calculated, requiring a fusion approach in order to achieve a consistent 
data framework.

Fusion of multiple products is widely acknowledged as an effective 
solution to produce a more reliable product with high spatial-temporal 
continuity. A few studies have fused existing root zone soil moisture 
products using either the TC or three-cornered hat methods (Tian and 
Zhang, 2025), mostly requiring a pre-processing step that converts the 
source data to a consistent spatiotemporal grid and layer/depth system. 
In contrast, machine learning methods are more flexibly able to inte-
grate data with varying spatial and temporal resolutions, such as in-situ 
soil moisture, soil proprieties, optical and thermal data (Fuentes et al., 
2022). Despite the great flexibility, the soil moisture data included for 
fusion were generally used as inputs (Babaeian et al., 2021; Sahaar and 
Niemann, 2024), with spatial and/or temporal discontinuities and 
different time coverage. Thus, spatial and/or temporal gap filling along 
with temporal extrapolation is required. This commonly requires a 
complex, multi-stage workflow, often applying different interpolation or 
re-gridding techniques for each data source, thus restricting the ability 
to seamlessly integrate new products with differing spatiotemporal 
characteristics.

In this study, an inversion fusion strategy was proposed for esti-
mating the soil moisture profile. The inversion fusion starts from 

building a deep learning model with the output being the soil moisture 
profile from 0 to 100 cm. Three root zone soil moisture products (ERA5-
land, SMAP L4 and GLDAS) were treated as learning targets, while the 
state variables included in the SMAP L4 geophysical dataset were used

as the input variables of the deep learning model. During the training 
stage, the model learned the root-zone soil moisture dynamics captured 
by these three products, with the TC method applied to determine the 
appropriate learning weights for each target based on its relative reli-
ability. The trained model was then employed to produce a continuous, 
spatially distributed representation of the soil moisture profile. Unlike 
existing approaches that treat parent products as inputs and require 
identical start and end dates and continuous global coverage, the pro-
posed approach does not require the parent products to share the same 
global spatial and temporal extent. Because the products serve as 
learning targets rather than inputs, the model can be trained on valid 
overlapping samples wherever they exist, without requiring the entire 
dataset to be aligned. This eliminates the need for spatial gap-filling or 
temporal interpolation to force the datasets into a uniform space-time 
cube, thereby avoiding the introduction of artificial uncertainties asso-
ciated with these harmonization steps. Another advantage of inversion 
fusion is that it provides an analytical soil moisture profile estimation, 
and thus discrete soil moisture values for specific depths or layers can be 
calculated directly, seamlessly matching various applications that have 
different depth systems. A comprehensive evaluation of the proposed 
inversion fusion method has been made using the soil moisture stations 
available in the ISMN.

2. Data and preprocessing

2.1. Root zone soil moisture products

The SMAP L4, ERA-5 land and GLDAS soil moisture were selected for 
model training, considering their relatively higher resolutions and ac-
curacy among the existing root zone soil moisture products (Xu et al., 
2021). The SMAP L4 root zone soil moisture dataset is generated by 
integrating SMAP L-band brightness temperature (Tb) observations into 
the catchment land surface model using the ensemble Kalman filter data 
assimilation method. The assimilation algorithm combines L-band Tb 
measurements with the water and energy balance constraints embedded 
in the land surface model, along with meteorological forcing data. Since 
SMAP Tb was required to produce this product, the temporal coverage 
starts from the first release date of SMAP data (March 31, 2015). The 
SMAP L4 contains three sub-products and the geophysical data product 
(SPL4SMGP, Reichle et al., 2019), which was additionally used in this 
study. This product provides three soil moisture values every 3 h on the 
9 km Equal-Area Scalable Earth Grids version 2 (EASE-2.0), being near-
surface soil moisture (0–5 cm), root zone soil moisture (0–100 cm) and 
entire soil moisture profile being from the soil surface to the bedrock 
depth. Moreover, 43 extra variables are provided, including surface 
meteorological forcing variables, soil temperature, evapotranspiration, 
net radiation and error estimates for a few state variables. Since this 
study was focused on the daily averaged soil moisture profile, daily 
average values of 39 these variables were calculated (Table A1 in 
Appendix).

ERA5-land is an hourly product of surface variables with a spatial 
resolution of ~9 km (Mu˜ noz-Sabater et al., 2021). The data is a replay of 
the land component of the ERA5 climate reanalysis, with a temporal 
coverage from 1950. ERA5-land provides four soil moisture values in 
m 3 /m 3 , being for the 0–7 cm, 7–28 cm, 28–100 cm and 100–289 cm 

layers. The hourly soil moisture of the first three layers were averaged on 
a daily basis, and the daily average values of these three layers projected 
to the EASE-2.0 grid of SMAP L4 using a bilinear interpolation. 

GLDAS-2 simulations have three options, being GLDAS-2.0, GLDAS-
2.1 and GLDAS-2.2, with the main difference being the varying forcing 
data and whether data assimilation is applied (Rodell et al., 2004). 
GLDAS-2.2 is produced using a data assimilation method and is thus 
expected to have a better accuracy than the other two options, but its 
simulation was forced with the ECMWF data which is consistent with the 
ERA5-land. Thus it was not used in this study, to ensure that more in-
dependent information was incorporated in the learning system. GLDAS-
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2.0 was forced with the Princeton meteorological forcing input data 
covering only a historic period of 1984–2014, while GLDAS-2.1 was 
forced with a more comprehensive combination of model and observa-
tion data from 2000 to present. Accordingly, GLDAS-2.1 was selected in
this study. GLDAS-2.1 has four soil layers being 0–10 cm, 10–40 cm, 
40–100 cm and 100–200 cm, and so the soil moisture of the first three 
layers were used. These soil moisture values are provided in kg/m 3 and 
have a spatial resolution of 0.25 deg. They were converted to m 3 /m 3 and 
reprojected to the EASE-2.0 grid of SMAP L4 using a bilinear 
interpolation.

2.2. Ground soil moisture observations

To evaluate the accuracy of the estimated soil moisture profiles, in-
situ measurements from 2373 stations of 63 monitoring networks 
around the word were collected, covering the period 2015–2024. There 
were 2167 station records derived from the ISMN with the remaining 
206 stations from the QLB-NET (Chai et al., 2024), Saihanba (Jiang 
et al., 2020), RAAM (Benninga et al., 2018), OzNet (Smith et al., 2012), 
Little Washita (Cosh et al., 2006) and Fort Cobb networks. Since this 
study focused on estimating daily soil moisture profiles at a spatial 
resolution of 9 km, soil moisture measurements collected from the same 
depth and calendar date were averaged as the truth. However, soil 
moisture values measured at a point can have large discrepancies with 
the 9 km estimates and the uncertainty caused by the scale mismatch 
varies in time and space (Peng et al., 2024). The existing calibration/ 
validation activities of satellite missions commonly have a few core 
validation sites where dense stations are available for soil moisture 
upscaling (Colliander et al., 2017). However, they could not be directly 
used in this study as they were focused on the top 5 cm.

In this study, the daily averaged soil moisture values of stations 
within the same 9 km grid cell were averaged according to measuring 
depths. Two criteria were applied to select grid cells with sufficient 
ground truth: 1) the maximum sensing depth of the grid-averaged soil 
moisture must exceed 10 cm, and 2) the number of valid daily averaged 
measurements must be ≥ 180 (approximately six months). The selected 
grid cells were then grouped into “core” and “extra” categories, with 
core grid cells defined as those containing at least three working stations 
for spatial average. The filtering resulted in 54 core grid cells and 984 
extra grid cells across 45 monitoring networks. Evaluation on the core 
grid cells is expected to be more reliable than that on the extra grid cells. 
A summary of these grid cells by network is provided in Table 1, with 
their spatial distribution shown in Fig. 1. Twelve networks containing 
core grid cells were selected for detailed analysis, with three networks 
chosen from each of the four major regions, i.e., North America, Europe, 
Asia, and Oceania. Measurement depths across the networks were 
categorized into 9 groups in the results section: 0–5 cm, 5–10 cm, 15 cm, 
20 cm, 20–30 cm, 40–45 cm, 50 cm, 60–80 cm, and 100 cm. Notably, the 
0–5 cm group represents the soil moisture content within the top 5 cm of 
the soil profile, whereas the remaining groups correspond to the specific 
depths at which measurements were taken. These 9 groups were spe-
cifically defined to aggregate in-situ stations into bins with sufficient 
sample sizes, which was necessary to robustly analyze the relationship 
between model accuracy and soil depth.

2.3. Preparation of samples for training and validation

A sample was defined as a combination of input variables X and 
target soil moisture values Y. The commonly used input variables used 
for soil moisture estimation include soil texture, terrain features, 
weather variables, vegetation descriptors, optical and/or microwave 
remote sensing observations (Zhu et al., 2025a; Zhu et al., 2025b). These 
factors are well represented by the geophysical variables provided in 
SMAP L4, which were therefore used as the primary inputs. These var-
iables include meteorological forcing and a set of surface state variables, 
enabling global estimation of root zone soil moisture within a consistent

Table 1
A summary of the core and extra grid cells selected from 45 networks.

Network Depths
[cm]

# Stations per 
grid cell*

# Grid cells Reference

Core Extra Core Extra

BIEBRZA_S-1 5–50 9 9–18 1 2 (Cook, 2016)
CTP_SMTMN 0–50 3–7 1–4 3 26 (Yang, 2013)
Fort Cobb 5–45 3–4 3–4 2 2

HOAL 5–50 32 4 1 1 
(Bl¨ oschl et al.,
2016)

IMA_CAN1 10–10 12 – 1 –
KIHS_CMC/
SMC 10–90 18–19 – 2 –

Little Washita 5–45 6 – 1 –
(Cosh et al., 
2006)

MySMNet 0–100 5 2 1 1 (Kang et al., 
2016)

NAQU 5–80 3 1–4 1 4 
(Su et al., 
2011)

OZNET 0–90 3-8 1–4 6 18
(Smith et al., 
2012)

PTSMN 7–43 9-11 – 2 –
(Hajdu et al., 
2022)

QLB-NET 5–30 3–15 3–4 12 2 (Su et al., 
2011)

RAAM 5–80 3-5 – 2 –
(Bogena et al., 
2018)

SKKU 5–40 11 4 1 1 
(Nguyen et al., 
2017)

SMN-SDR 3–50 8 1 1 23 (Zhao et al., 
2020)

SNOTEL 5–50 3 1–2 2 372 (Service, 2022)

SOILSCAPE 4–75 4–33 – 11 –
(Moghaddam 

et al., 2016)
SONTE-China 5–40 10 – 2 – (Li et al., 2022) 
Saihanba 5–10 12 – 1 –

iRON 5–50 3 1–2 1 6 (Osenga et al., 
2021)

AMMA-CATCH 5–135 – 1–2 – 5 (Galle et al., 
2018)

ARM 2–175 – 1–3 – 15
(Galle et al., 
2018)

COSMOS 0–101 – 1–4 – 10
(Zreda et al., 
2008)

COSMOS-UK 0–50 – 1–2 – 49 (Cooper et al., 
2021)

FLUXNET-
AMERIFLUX

2–20 – 1–2 – 2

FR_Aqui 5–90 – 1–3 – 3 
(Al-Yaari et al., 
2018)

HOBE 0–55 – 1–5 – 11
(Jensen and 
Refsgaard, 
2018)

LABFLUX 10–40 – 1–2 – 3

MAQU 5–80 – 1–3 – 14 (Su et al., 
2011)

MOL-RAO 8–150 – 1 – 2

NGARI 5–80 – 1–3 – 13
(Su et al., 
2011)

NVE 10–60 – 1 – 2

RISMA 0–150 – 1–4 – 14 (Ojo et al., 
2015)

Ru_CFR 5–100 – 2 – 1

SCAN 5–203 – 1–3 – 198
(Schaefer
et al., 2007)

SD_DEM 5–200 – 1 – 1 (Ardö, 2012)

SMOSMANIA 5–30 – 1–3 – 20
(Calvet et al., 
2016)

TAHMO 5–60 – 1–2 – 5

TERENO 5–50 – 1 – 5 (Bogena et al., 
2018)

TWENTE 5–80 – 1–5 – 20
(van der Velde 
et al., 2023)

UMBRIA 5–45 – 1 – 3 
(Brocca et al., 
2011)

USCRN 5–100 – 1–2 – 110 (Bell et al., 
2013)

(continued on next page)
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SMAP L4 framework. Moreover, elevation, slope and aspect were 
extracted from the Shuttle Radar Topography Mission Digital Elevation 
Data Version 3 (SRTM DEM V3) and used as supplementary inputs. Slope 
and aspect were first calculated at the native 30 m resolution and then 
resampled to the 9 km EASE-2.0 grid to preserve fine-scale terrain var-
iations. The target variable Y consisted of soil moisture values from the 
aforementioned three root zone soil moisture products, covering 8 
distinct layers.

The input variables were globally available from March 2015, 
resulting in billions of potential samples. While all samples could be 
used for model training, the benefit of additional data becomes negli-
gible once a sufficient training size is reached. In this study, 2500 
“other” grid cells were randomly selected, and their input variables 
extracted for use in the training and validation set. Since the core and 
extra grid cells are densely distributed in the Contiguous United States 
(CONUS), the 2500 other grid cells were selected from outside the 
CONUS region (Fig. 1). In total, approximately 11.5 million samples 
were extracted from the 54 core, 984 extra, and 2500 other grid cells. All 
variables were normalized to the range 0–1 using the min–max 
normalization method.

3. Methods

3.1. Architecture of DeepProfile model

The proposed DeepProfile architecture (Fig. 2) consists of a temporal 
feature extractor, a dense block and a regression block, following several 
successful architectures for surface parameter retrieval (Zhu et al., 2024; 
Zhu et al., 2021). The temporal feature extractor includes four sequen-
tial one-dimensional (1D) convolution (Conv1D) layers, each followed 
by batch normalization, a Linear rectification function (ReLU) activation 
layer, and an average pooling layer. The number of filters for the four 
Conv1D layers is 32, 32, 16 and 8 respectively, with corresponding 
average pooling sizes of 2, 2, 2 and 5. An approximately one-year long 
time series (360 days) of 39 SMAP L4 geophysical variables was fed into 
the temporal feature extractor to learn the temporal dynamics of 
meteorological forcing and surface state variables. After the pooling 
operations, the time series length was reduced sequentially to 180 (360/ 
2), 90 (180/2), 45 (90/2) and finally 9 (45/5). The resulting temporal 
feature size was 72, calculated as 8 filters × 9 time steps.

The extracted temporal features were then concatenated with 6 
auxiliary features and fed into the dense block, consisting of 6 sequential 
fully connected layers. Each layer was then batch normalized and a 
ReLU activation function applied. A fixed number of 128 neurons was 
used for all fully connected layers. Additionally, two shortcut connec-
tions were introduced to enable feature reuse and to enhance parameter 
efficiency (Huang et al., 2017b). The first shortcut connects the temporal 
feature block directly to the fourth fully connected layer, while the 
second passes the output of the third fully connected layer to the 
regression block. In total, 336 features were learned by the temporal 
feature extractor and the dense block, calculated as 80 + 128 + 128. 

The regression block consists of n parallel regression networks. Each 
network shares an identical architecture comprising three fully con-
nected layers, with batch normalization and ReLU activation applied 
after each layer. The first layer uses 32 neurons as a bottleneck to reduce 
the dimensionality of the learned features. The second layer expands to

Table 1 (continued )

Network Depths
[cm]

# Stations per 
grid cell*

# Grid cells Reference

Core Extra Core Extra

VDS 1–20 – 1 – 4

WEGENERNET 20–30 – 1–2 – 2
(Fuchsberger 
et al., 2021)

XMS-CAT 5–100 – 1–2 – 14
Total – – 54 984 –

* The number of working stations within each grid cell vary in time and can be 
smaller than the values listed.

Fig. 1. Spatial distribution of core, extra, and other grid cells. Core and extra grid cells correspond to locations with in-situ measurements, while other grid cells were 
randomly selected for model training and validation. Twelve networks containing core grid cells are labeled, with three networks selected from each of the four major 
regions: North America, Europe, Asia, and Oceania.

L. Zhu et al. Remote Sensing of Environment 339 (2026) 115408 

4 



128 neurons to capture specific regression relationships, followed by a 
single-neuron output layer. The outputs of DeepProfile are a set of n 
regression values {y 1 , y 2 , …, y n }, which can represent either soil mois-
ture values at specific layers or analytical parameters describing the full 
soil moisture profile.

3.2. Inverse-fusion

The proposed fusion method treats multiple root zone soil moisture 
products as learning targets, allowing critical temporal and spatial 
patterns of root zone soil moisture to be learned through the back-
propagation process (Fig. 3). Accordingly, this method was named as 
inverse-fusion, being different from most existing fusion methods where 
multiple sources are used as the inputs rather than targets. The target 
soil moisture profiles were generally represented by discrete values at 
specific soil layers, with varying layer systems applied across the 
different products leading to potential overlaps between layers. To 
accommodate these differences, a finer-resolution layer system was 
needed. As an alternative, the soil moisture profile can be described 
using an analytical function of depth. This study adopted the analytical 
approach, which offers greater flexibility for learning from heteroge-
neous layer structures and facilitates the future integration of additional 
soil moisture observations. Accordingly, the outputs of DeepProfile {y 1 , 
y 2 , …, y n } represent the analytical parameters to be estimated.

Various analytical functions have been used to describe the soil 
moisture profile shape in remote sensing applications (Brakhasi et al., 
2024; Njoku and Kong, 1977; Sadeghi et al., 2016; Shen et al., 2020), 
including exponential functions, polynomial functions and simplified 
solutions of the Richard Equation. The number of parameters to be 
determined was typically limited to less than 4 as the number of inde-
pendent observations is generally less than 4 in microwave remote 
sensing. In contrast, DeepProfile allows for an arbitrary number of 
output parameters, constrained only by GPU memory. According to the 
Weierstrass Approximation Theorem, every continuous function defined 
on a closed interval can be uniformly approximated by a polynomial 
function. Polynomial functions were thus used in this study to represent 
the soil moisture profile. This avoided the need to handle multiple 
function types and provides flexibility for learning from diverse layer 
structures. The general form is

Fig. 2. The architecture of DeepProfie. The Conv1D, BN, ReLU, AvgPoorl1D 
and FC are the 1D convolution layer, batch normalization, activation layer of 
ReLU, 1D average pooling layer and fully connected layer, respectively. The 
numbers in the brackets are the dimensions of the input variables, referring to 
the number of filters for Conv1D and the pooling size of AvgPool1D. All of the 
FC layers in the dense block have 128 neurons, while the neuron numbers of the 
n identical regression networks are 32, 128 and 1 respectively.

Fig. 3. Schematic of the inverse-fusion strategy implemented in DeepProfile. Unlike traditional fusion methods that merge inputs, the DeepProfile model outputs 
polynomial coefficients (β i ) to generate a continuous analytical soil moisture profile θ(z). This profile is then integrated over specific depth intervals to calculate layer-
equivalent soil moisture values. These values are trained against the disparate target layers of ERA5-Land, SMAP L4, and GLDAS. The optimization is driven by the 
root zone loss (L root ), surface loss (L surf ) and two regularization terms (L o and L neg ). The influence of each product layer is controlled by location-specific weights (w) 
derived from Triple Collocation, layer thickness in meter and the spatial scale factor. MSD refers to mean squared difference.
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θ(z) = 
∑n− 1

i=1 
β i z i , z ∈ [0, 100] (1)

where θ(z) is the soil moisture at depth z (0–100 cm), with the n un-
known coefficients β needing to be determined for soil moisture 
estimation.

The three root zone soil moisture products provide the average soil 
moisture of several distinct layers. The corresponding estimations for 
each layer are expressed as

θ(a, b) =
1 

b − a

∫ b

a
θ(z)dz (2)

where a and b are the lower and upper boundaries of the soil layer, 
respectively. A total of 8 soil moisture layers were involved in this study, 
being the SMAP-L4 0–5 cm and 0–100 cm, ERA5-Land 0–7 cm, 7–28 cm 

and 28–100 cm, GLDAS 0–10 cm, 10–40 cm and 40–100 cm. A few 

studies have evaluated these products using ground measurements and/ 
or statistical methods, all focusing on the average soil moisture across
the full profile of 0–100 cm (Sahaar and Niemann, 2024; Tian and
Zhang, 2025). Layer-specific weights cannot be directly derived from
these evaluations. Accordingly, the commonly used TC method was used
to estimate location-specific weights using the full records from March
2015 to February 2025.

TC is a statistical technique that estimates the error variance and
correlation structure among three mutually independent data sources
measuring the same variable (Stoffelen, 1998). Consequently, the esti-
mated error variances are used as indicators of data reliability. Prior to
applying TC, all soil moisture products were aggregated to a common
0–100 cm soil column depth. For ERA5-Land and GLDAS, this was done
using

θ ERA5 = (7θ 1 + 21θ 2 + 72θ 3 )/100 (3)

θ GLDAS = (10θ 1 + 30θ 2 + 60θ 3 )/100 (4)

where θ 1 , θ 2 and θ 3 are volumetric soil moisture values for the respective 
layers. Assuming that the errors in the three products are uncorrelated 
with each other and with the unknown truth, the error variance of ERA5 
were estimated as

σ 2ERA5 = cov(θ ERA5 , θ SMAP )cov(θ ERA5 , θ GLDAS ) 
/ 
cov(θ SMAP , θ GLDAS ) (5)

where cov is the covariance function. Error variances for SMAP and 
GLDAS were estimated in a similar way. The weight for ERA5 was 
defined as inversely proportional to its error variance, i.e., 1/σ 2 ERA5 ,
which was further normalized using

W ERA5 = 1 
/

σ 2ERA5
/( 
1 
/

σ 2ERA5 + 1 
/

σ 2SMAP + s 
/

σ 2GLDAS
) 

(6)

A spatial scale factor s was introduced specifically for GLDAS to ac-
count for the mismatch in spatial information content between its 
coarser grid (0.25 ◦ ) and the finer resolution of the target profile (9 km or 
0.1 ◦ ). Since the coarser product represents a spatially aggregated 
average, it lacks the sub-grid variance present in the finer products. To 
prevent the optimization from suppressing valid high-resolution details 
in an attempt to fit the smoother coarse-scale target, s was assigned to a 
fixed value of 0.4. This value corresponds to the linear resolution ratio 
(0.1 ◦ /0.25 ◦ ), effectively down-weighting the GLDAS contribution in the 
loss function to reflect its lower spatial fidelity relative to the estimation 
grid.

The weight for each ERA5 soil moisture layer can be further deter-
mined using a scaling factor proportional to the layer length according 
to:

wjERA5 = l j ⋅W ERA5 (7)

where l j is the thickness of the soil layer j in meters (i.e., 0.07, 0.21, 0.72 
m). According to Eqs. (6) and (7), the summation of all layer's weights is

1. A joint loss function (L root ) was defined taking the three root zone soil 
moisture products as the learning targets:

L root = w SMAP MSD(θ, ̂  θ) + 
∑3

1 
wjERA5MSD 

( 
θ j , ̂  θ j 

) 
+ 
∑3

1 
wjGLDASMSD 

( 
θ j , ̂  θ j 

) 

(8)

where MSD refers to the mean squared difference between the estimated 
soil moisture (θ j ) and the corresponding value from products ( ̂ θ j ). 

Apart from the 0–1 m root zone soil moisture, SMAP L4 also provides 
near-surface soil moisture for the 0–5 cm depth. This value was pri-
marily derived from SMAP L3 near-surface observations and has been 
extensively validated worldwide. Incorporating reliable near-surface 
soil moisture as input has been shown to improve root zone soil mois-
ture estimation (Babaeian et al., 2021). Accordingly, the MSD between 
the SMAP L4 and the estimated near-surface soil moisture was included 
as a second loss term L surf . Moreover, to avoid overfitting and reduce the 
influence of high-order terms that may introduce oscillatory artifacts or 
hinder generalization, an order-aware regularization term was add to 
the loss function as

L o = 
∑n

i=2 
i 2 ⋅Е 

[ 
β 2i
]

(9)

where n is the maximum polynomial degree in Eq. (1). Е 
[ 
β2i
] 
represents 

the mean squared value of the i-th coefficient across samples. This term 

applies a weighted L2 penalty to the polynomial coefficients starting 
from the second-order term, with higher-order coefficients penalized 
more heavily based on the square of their degree. This approach limits 
excessive curvature in the fitted profile while preserving flexibility to 
capture key nonlinear patterns in soil moisture distribution.

To discourage negative soil moisture values, a non-negativity penalty 
term was introduced using the ReLU function

L neg = 
∑ 

max(0, − θ 100cm ) (10)

where θ 100cm is the predicted soil moisture at 1 m depth. Together with 
L surf , this term helped ensure non-negative soil moisture values at both 
the surface and bottom boundaries, providing sufficient constraint for a 
physically realistic profile.

The final loss function used in this study is

L = L surf + L root + L neg + λL o (11)

where λ is the regularization coefficient, set to a small value such as 1e-
3. The term L neg typically becomes zero after a small number of training 
batches as the presence of negative values leads to a large penalty. This 
strong signal drives the model to eliminate negative predictions early in 
the training process. Eq. (11) also suggests that L surf and L root are equally 
important, considering that near-surface soil moisture provides a reli-
able constraint for profile estimation. The code and trained models are 
shared at https://github.com/rszlj/DeepProfile.

3.3. Training and testing

The prepared samples were extracted from 54 core, 984 extra, and 
2500 other grid cells. Half of the extra and other grid cells (1742) were 
randomly selected, resulting in approximately 5.74 million samples for 
the training set. To evaluate the impact of training size on model per-
formance, an additional 30% of extra and other grid cells were desig-
nated as candidate training samples. The remaining grid cells, together 
with all core grid cells, were assigned to the validation set. Model 
training was conducted using Eq. (11) as the loss function together with 
the Adam optimizer having default settings (Kingma and Ba, 2014). To 
balance computational efficiency and convergence stability, a batch size 
of 128 and a learning rate of 10 − 3 were adopted. Training proceeded for 
50 epochs without early stopping. To enhance robustness and reduce 
variance, the final model parameters were obtained by averaging those
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from the last five epochs, being a strategy known as snapshot ensemble 
(Huang et al., 2017a).

The training and validation fusion losses were first analyzed to 
evaluate the performance of the trained model and assess the influence 
of key hyperparameters. Specifically, the potential benefit of increasing 
the number of training samples was examined by increasing the training 
samples from 50% to 80% of the extra and other grids. The joint effect of 
n in Eq. (1) and λ in Eq. (11) was investigated, as these two parameters 
together control the shape and smoothness of the estimated soil mois-
ture profile. Based on the validation fusion loss, an ‘optimal’ trained 
model was selected for subsequent analysis.

The ‘optimal’ trained model was further evaluated using ground 
truth data. Samples from the core grid cells were entirely unseen during 
training and were associated with reliable ground measurements. Four 
commonly used accuracy metrics were calculated for these samples, i.e., 
bias, correlation coefficient (R), RMSE and unbiased RMSE (ubRMSE). 
For the extra grid cells, which typically contain only one or two stations, 
the correlation coefficient was used as the evaluation metric to assess 
consistency between estimated and observed soil moisture. Other met-
rics were excluded due to their higher sensitivity to uncertainties in the 
ground truth data.

4. Results

4.1. Location specific weights of the three products

Fig. 4 presents the spatial distribution of weights assigned to the 
three source soil moisture products used during model training. Each 
grid cell was color-coded using an RGB fusion scheme, where the red, 
green, and blue channels represent the relative contributions of ERA5, 
GLDAS, and SMAP, respectively. The boxplots in the bottom-left corner 
of the figure summarize the distribution of these weights. SMAP ach-
ieved the highest median weight (0.367), followed by ERA5 (0.316), and 
GLDAS (0.258). Although SMAP had a slightly higher median value, the 
differences among the three products were relatively modest, suggesting 
that the fusion model maintained a balanced integration of the three 
sources across most regions. GLDAS had the lowest median weight due 
to the scale factor applied in Eq. (6). However, its error standard devi-
ation estimated by TC was lower than that of SMAP and ERA5, being 
consistent with Xu et al. (2021).

A notable feature in the map was the presence of black points, which 
accounted for approximately 22.1% of the total grid cells. These points 
represented locations where weights could not be determined using TC. 
Unlike the RGB-colored areas, these regions lacked consistent data 
across the three products, making TC application infeasible. The spatial 
distribution of these black points did not show any clear geographic 
pattern, appearing scattered across various climatic zones and land 
cover types. As a result, the fusion model defaulted to using the median 
weights of ERA5, GLDAS, and SMAP for these locations.

The RGB fusion map revealed clear spatial patterns in the dominance 
of individual products. In tropical rainforest regions such as the Amazon 
Basin, GLDAS contributed the most, likely due to its robust land surface 
modeling in humid, vegetated environments. In contrast, arid and 
sparsely populated regions like the Sahara Desert were dominated by 
ERA5. SMAP showed higher weights in regions such as the western 
United States, where its extensive ground soil moisture measurement 
networks (Fig. 2) were already partly used in the production of the 
products. Similarly, southern China exhibited a strong GLDAS signal, 
consistent with its performance in subtropical climates with dense 
vegetation and frequent precipitation. These spatial variations in prod-
uct weighting highlight the importance of region-specific fusion strate-
gies. In this study, such adaptability was achieved by assigning grid-cell-
specific weights, even though the overall contributions of each product 
remained relatively balanced.

4.2. Behaviors of training and validation loess

Fig. 5a shows the training and validation loss curves across 50 
epochs, offering insights into the model's learning dynamics. Both losses 
decreased steadily as training progressed, with convergence generally 
achieved around epoch 15. The consistently narrow gap between 
training and validation losses indicates strong generalization perfor-
mance and minimal overfitting. Notably, the validation loss was slightly 
lower than the training loss, which may be attributed to the regulari-
zation effects or the stochastic nature of the validation sampling. The 
losses for surface soil moisture (L s ) and root zone soil moisture (L r ) 
decreased in a synchronized manner, highlighting the model's ability to 
jointly optimize both targets under the collaborative loss framework. In 
contrast, the loss related to profile shape (L o ) dropped sharply during the 
initial 5 epochs but then fluctuated and slightly increased, suggesting 
that the model struggled to consistently capture the structural patterns 
of soil moisture profiles. Among the three loss terms, L r remained the 
largest, primarily due to inconsistencies among the three source prod-
ucts used in training.

Fig. 5b illustrates the impact of an increased training sample size on 
the model's validation losses for L s , L r , and L o . Contrary to expectations, 
the variation in validation losses remained minimal as more training 
samples were added, indicating that the model's generalization perfor-
mance did not substantially improve with additional training data. In 
some cases, the effect was slightly negative, suggesting diminishing 
returns. This phenomenon aligns with the observation in Fig. 5a, where 
the training and validation loss curves nearly overlap, implying that the 
model had already achieved a high level of generalization with the 
initial dataset. The results suggest that approximately 50% of the 
training grid cells exceed the saturation threshold, beyond which further 
data contributes little to performance gains. Given that the grid cells 
were randomly selected across space, this also points to a degree of 
spatial redundancy in the training data.

Fig. 4. Spatial distribution of weights estimated for the three source soil moisture products together with the boxplots (bottom left corner) of each product's weights. 
The color of each point is an RGB fusion based on the weights of the three products. Grey points are these with similar weights for three products.
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Fig. 5c and d examine the influence of the regularization parameter λ 
on the model's validation loss and the structural characteristics of the 
estimated soil moisture profiles. In the absence of regularization (λ = 0), 
the model exhibited the greatest flexibility in shaping the soil moisture 
profiles, resulting in high-frequency fluctuations from the surface to 100 
cm depth. This is reflected in the elevated values of higher-order β co-
efficients (e.g., β₇, β₈, β₉), which dominate the profile representation. 
Such behavior suggests that without regularization, the model tended to 
overfit the profile shape, capturing noise or unrealistic variations that 
are not physically plausible. Introducing a small regularization (e.g., λ = 

0.2 × 10 − 3 ) substantially reduced the profile shape loss (L o ), while only 
slightly increasing the surface soil moisture loss (L s ). In this case, the 
higher-order β coefficients were nearly zero, indicating that the esti-
mated profiles were effectively constrained to low-order polynomials 
(typically third-order) resulting in smoother and more physically 
consistent moisture gradients. Further increases in λ continue to sup-
press high-frequency components, but also led to marginal increases in 
L s , suggesting a trade-off between smoothness and surface accuracy. 
Notably, the impact of λ on root zone soil moisture loss (L r ) remained 
negligible across all tested values, implying that regularization primarily 
affects the vertical structure rather than the integrated moisture content. 
Given that real soil moisture profiles rarely exhibit sharp fluctuations 
within the top 100 cm, a λ value of 0.2 × 10 − 3 was selected, balancing 
physical realism with predictive accuracy.

4.3. Inter-comparison with the three sourced products

Soil moisture for any depth within the 0–100 cm range can be 
calculated using Eq. (2), allowing direct inter-comparison with the three 
source products. Fig. 6 shows the root mean square difference (RMSD) 
between the estimated soil moisture and the 8 layers from SMAP L4, 
ERA5-land, and GLDAS over the validation grid cells. Among these, the

estimation achieved the highest agreement (R = 0.949, RMSD = 0.035 
m 3 /m 3 , bias = 0.0247 m 3 /m 3 ) with the SMAP L4 0–5 cm value. This 
superior consistency was mainly due to the larger weight assigned to the 
SMAP L4 0–5 cm soil moisture during training as shown in Eq. (11), 
which constrained the model to better fit SMAP L4 0–5 cm with an 
improved consistency on the testing set. Spatially, the estimations had 
widespread low RMSD around the world with respect to SMAP L4 0–5 
cm. At similar depths of near-surface soil moisture, the estimations 
achieved moderate and consistent RMSD values of 0.059 m 3 /m 3 and 
0.060 m 3 /m 3 with ERA5 0–7 cm and GLDAS 0–10 cm respectively, both 
with small negative biases. However, distinct spatial patterns of RMSD 
were observed between ERA5 and GLDAS. The RMSD of ERA5 0–7 cm 

was generally larger than 0.12 m 3 /m 3 across much of Asia and had 
relatively higher values in South America, whereas GLDAS 0–10 cm had 
large RMSD in Russia and northwestern North America.

At intermediate depths, the estimations maintained comparable 
correlation (R = ~0.79) with ERA5 7–28 cm and GLDAS 10–40 cm. The 
median RMSD values (~0.047 m 3 /m 3 ) were substantially lower than 
those of their near-surface layers (0.060 m 3 /m 3 ). This difference can be 
attributed to the fact that near-surface soil moisture was strongly 
influenced by the SMAP L4 0–5 cm soil moisture, which does not provide 
detailed information for intermediate depths. Consequently, soil mois-
ture at these depths was primarily determined by ERA5 7–28 cm and 
GLDAS 10–40 cm. Both layers achieved relatively small RMSD in eastern 
North America and western Europe, while areas with higher RMSD were 
scattered across the globe without a clear spatial pattern. For the deepest 
layers, the estimations achieved a consistent median RMSD of ~0.043 
m 3 /m 3 with GLDAS 40–100 cm and ERA5 28–100 cm. The spatial RMSD 
pattern of each layer was generally consistent with its corresponding 
intermediate depth.

SMAP L4 provides a single root zone layer spanning 0–1 m, which 
had widespread low RMSD over regions with low-to-moderate

Fig. 5. The training and validation loss with respect to epochs (a), the effect of training sample size on the validation losses (b), the effect of regularization parameter
λ on the validation losses (c), and the distribution of betas using different λ (d). L s , L r and L o are the losses of surface soil moisture, root zone soil moisture and profile 
shapes in Eq. (11).
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vegetation such as the Great Plains, European lowlands, and eastern 
China, while relatively higher RMSD was observed in dense tropical 
forests and snow-affected latitudes. These discrepancies may result from 

greater uncertainties in SMAP L4 retrievals under dense canopy and 
frozen conditions. The SMAP L4 0–1 m layer achieved a small RMSD of 
0.028 m 3 /m 3 and a high correlation of 0.938 with the estimated soil 
moisture, being substantially better than the ERA5 and GLDAS layers. 
This advantage is partly related to differences in layer thickness. Ac-
cording to Eq. (4) and Eq. (5), the weight of each ERA5 or GLDAS layer 
was normalized by the total thickness of 1 m. Consequently, the SMAP 
L4 0–1 m layer received a larger weight than individual ERA5 or GLDAS 
layers, which partially explains why RMSD decreased from 0.059 m 3 /m 3 

to 0.042 m 3 /m 3 across the three ERA5 layers.

4.4. Evaluation using ground measurements

Fig. 7 presents violin plots illustrating model performance across the
9 soil depth intervals. Each plot depicts the distribution of performance 
metrics across core grid cells, with black dots representing individual 
grid cell values. The depth intervals were defined based on the

availability of core grid cells, which decreased with increasing depth. 
Bias values were generally centered around zero across most depths 
(Fig. 7a), indicating small systematic overestimation or underestima-
tion. Shallower depths (<10 cm) show narrow distributions with low 

variance, while deeper layers such as 60–80 cm and 100 cm show 

broader spreads and slightly increased bias variability.
The R values were highest in the upper soil layers (Fig. 7b), with 

median values close to 0.8 in the 0–5 cm and 5–10 cm intervals, indi-
cating strong agreement between estimations and observations. No clear 
depth-dependent trend in R was observed, suggesting balanced predic-
tive skill across different depths. However, the spread of R values 
increased with depth, reflecting reduced model consistency in deeper 
layers. This pattern was also observed in RMSE. The lowest median 
RMSE values, around 0.05 m 3 /m 3 , were observed at 15 cm and 50 cm, 
although these depths included fewer than 10 grid cells. Across the top 
20 cm and intermediate layers such as 40–45 cm and 50 cm, RMSE
values remained generally consistent, with medians below 0.06 m 3 /m 3 .
Estimation errors were substantially reduced after removing grid cell-
specific bias, with all median ubRMSE values falling below 0.05 m 3 / 
m 3 . A clear decreasing trend in ubRMSE with depth indicates that grid-

Fig. 6. Root mean square difference (RMSD) between the estimated soil moisture and the 8 layers from the three soil moisture products involved in the fusion. (a)-(h) 
are the results for ERA5 0–7 cm, ERA5 7–28 cm, ERA5 28–100 cm, GLDAS 0–10 cm, GLDAS 10–40 cm, GLDAS 40–100 cm, SMAP 0–5 cm and SMAP 0–100 cm, 
respectively. The median bias, R and RMSD of all grid cells is also provided at the bottom left corner of each panel.
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specific bias contributed more substantially to retrieval errors in deeper 
layers.

Fig. 8 presents the evaluation results of the proposed method across 
12 selected networks containing core grid cells, as identified in Fig, 1. 
Among the three North American networks, the method achieved the 
lowest errors and highest correlations on Fort Cobb, with RMSE values 
below 0.04 m 3 /m 3 for the upper two layers. On the SoilSCAPE network, 
which included the largest number of core grid cells, the method 
maintained consistent accuracy across depths from 0 to 50 cm, with 
RMSE values remaining below 0.06 m 3 /m 3 . In contrast, higher RMSEs 
(0.07 to 0.08 m 3 /m 3 ) were observed on SNOTEL, likely due to the 
complex terrain characteristics of its grid cells.

Across the three European networks, the method generally per-
formed well, particularly on HOAL and IMA_CAN1. Satisfactory accu-
racy was also achieved on RAAM, where a decreasing ubRMSE trend was 
observed from 0.051 m 3 /m 3 at 5 cm to 0.028 m 3 /m 3 at 80 cm. However, 
substantial depth-dependent bias was present, with RMSE at 80 cm 

largely driven by bias, suggesting that the estimated profiles for RAAM 

did not fully capture vertical soil moisture variation.
A similar pattern was observed for SONTE-China in Asia, where 

absolute bias increased from 0.02 m 3 /m 3 at 5 cm to 0.075 m 3 /m 3 at 20 
cm before decreasing to 0.058 m 3 /m 3 at 40 cm, resulting in a depth-
dependent RMSE. In contrast, relatively stable and satisfactory accu-
racy across depths were achieved on the other two Asian networks. For 
Oceania networks, increasing RMSE with depth was observed on 
MySMNet and OZNet, primarily driven by growing bias. However, 
PTSMN achieved the lowest overall RMSE (~0.03 m 3 /m 3 ) and the 
highest correlation (~0.89) among the Oceania networks, indicating 
comparatively better performance in this region.

Fig. 9 shows the spatial distribution of R between estimated soil 
moisture and in-situ measurements, including the extra grid cells for an 
extended evaluation. Overall, the model achieved acceptable perfor-
mance across most regions, with a median R of 0.729 at the top 5 cm 

layer (Fig. 9a). Large uncertainties were limited to a few grid cells, 
primarily located in Hawaii, central United States, Puerto Rico, South 
Korea, and the Qinghai-Tibet Plateau. Similar results were observed for 
the 5–10 cm interval (Fig. 9b), with a median R of 0.723. Although only 
a small number of grid cells were located south of 10 ◦ N latitude, they all 
achieved R values above 0.75 in the top 10 cm. The lowest median RMSE 
of 0.073 m 3 /m 3 was observed at 15 cm; however, these grid cells were 
mostly located in the United Kingdom and may not reflect global

performance. In contrast, results at 20 cm depth were notably poorer, 
with many grid cells showing R values <0.2, particularly in the western 
United States, Alaska, and China.

At the intermediate depths (Fig. 9e and f), grid cells were more 
scattered globally. European sites generally showed better performance, 
while those in western China had the lowest R values. Among the deeper 
layers (Fig. 8g, h, and i), the 60–80 cm interval included only 89 grid 
cells, with relatively better performance observed in Europe. Grid cells 
at 50 cm and 100 cm depth were mainly clustered in the CONUS, where 
R values at 50 cm were substantially higher than those at 100 cm, with 
the median value dropping from 0.617 to 0.406. Fig. 9j presents violin 
plots of R for each depth or depth interval, along with a fitted poly-
nomial curve for the median R values. A clear decreasing trend is 
observed, with performance degrading more rapidly in deeper layers 
than in shallow ones.

The performance of the proposed DeepProfile model was further 
investigated across different land cover types (Fig. 10a) and soil textures 
(Fig. 10b). The performance of the proposed DeepProfile model was 
further investigated across different land cover types (Fig. 10a) and soil 
textures (Fig. 10b). Land cover data was extracted from the MCD12C1 
V006 (Friedl and Sulla-Menashe, 2015), while the soil texture was 
extracted from the Harmonized World Soil Database v2.0. Categories or 
depths with fewer than 20 grid cells were excluded to ensure robustness. 
Consistent with general trends (Fig. 9j), the median R for all land cover 
types decreased as soil depth increased. However, this performance 
deterioration was less pronounced in forest areas compared to other 
types. In the near-surface layers (0–5 cm and 5–10 cm), cropland ach-
ieved slightly higher median R values compared to grassland and forest 
areas, though a Student's t-test indicated that this difference was sta-
tistically significant (p < 0.05) only between grassland and cropland at 
the 5–10 cm depth. For the deeper layers (50 cm and 100 cm), although 
median R values exhibited larger variations across land cover types, the 
differences were generally statistically insignificant. However, this lack 
of significance can be partly attributed to the limited sample size 
(number of available grid cells) at these depths. Similarly, performance 
differences among soil textures were found to be statistically insignifi-
cant across all depths. Sandy soils had slightly lower median R values in 
the 0–5 cm and 5–10 cm layers but achieved higher correlations at the 
20 cm depth. Clay loam maintained relatively stable median correla-
tions at intermediate depths (≤ 50 cm) but had a wide spread of outliers 
at 100 cm, likely reflecting the heterogeneity of moisture retention

Fig. 7. Performance on the core grid cells. Violin plot is for 9 depths/depth groups. Each black point represents a core grid cell, with the number of available core 
grid cells reducing as the depth increased.
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characteristic of finer-textured soils.
The effect of the TC status was investigated in Fig. 10c. In this 

analysis, grid cells were categorized based on whether the source 
products satisfied the statistical assumptions required for TC. The vali-
dation revealed that the “TC valid” subset consistently outperformed the 
“TC failed” and “All” stations groups across all depths, maintaining 
higher median R values and narrower distributions. Even at the 100 cm 

depth, where overall correlations are lowest, the “TC valid” locations 
maintained a median R noticeably higher than the “TC failed” group. 
This persistent performance gap indicates that locations where source 
products violate TC assumptions tended to yield lower agreement with 
in-situ observations.

5. Discussion

The proposed inversion fusion strategy introduced a paradigm shift 
in root zone soil moisture estimation by reframing the fusion problem as 
a supervised learning task with multiple products as learning targets

rather than inputs. This inverse fusion strategy removed the need for 
spatial and temporal harmonization of heterogeneous datasets, enabling 
the model to learn from partially overlapping products with differing 
layer systems. Soil moisture profiles are represented analytically using 
flexible polynomial functions, enabling smooth interpolation across 
arbitrary depths and the direct extraction of layer-specific values for 
diverse applications. The DeepProfile architecture further strengthened 
this capability by incorporating temporal dynamics and auxiliary spatial 
features through a modular deep learning design with shortcut con-
nections. The proposed inversion fusion addresses key limitations of 
traditional fusion methods, including rigid input requirements, over-
simplified profile structures, and the need for gap-filling. It also partially 
mitigates the uncertainty of triple collocation by using TC-derived 
weights for the sole purpose of guiding loss balancing, rather than 
directly determining outputs. However, as shown in Fig. 5, the 
assumption of mutual independence among the three source products 
was violated in approximately 22% of grid cells globally. This violation 
coincided with elevated estimation uncertainty and notably lower

Fig. 8. Performance on the twelve selected networks containing core grid cells, as identified in Fig. 1. Three networks were selected from each of the four major 
regions: North America, Europe, Asia, and Oceania.
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accuracy in those regions (Fig. 10c). The diminished performance in 
these TC-failed areas is likely attributable to two primary factors: first, 
the potential unsuitability of applying global median weights to regions 
with distinct local error structures; and second, the fact that the intrinsic 
accuracy of the source products themselves was significantly lower in 
these locations compared to other areas (Fig. A1). To address these

limitations, future studies could explore learned weighting strategies 
that leverage in-situ measurements and transfer learning. However, 
adopting such approaches would represent a fundamental shift from the 
unsupervised fusion framework presented in this study toward super-
vised calibration.

The DeepProfile model was trained using a globally distributed

Fig. 9. Correlation coefficient between estimated and in-situ measurements of soil moisture. (a)-(i) are the results for 0–5 cm, 5–10 cm, 15 cm, 20 cm, 20–30 cm, 
40–45 cm, 50 cm, 60–80 cm and 100 cm, respectively. The median bias, R, RMSD and ubRMSE of all sites is also provided at the bottom left corner of each figure. (j) 
is the relationship between R and average depth of each group, with the red line being the fitted line for the median values of each violin plot. (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.)
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dataset, and analysis of the validation fusion loss revealed that 
increasing the number of training samples contributed negligibly 
(Fig. 4b). This suggested that the DeepProfile model had already 
captured the dominant patterns present in the fusion targets of ERA5, 
GLDAS, and SMAP L4. However, it is important to note that the vali-
dation dataset used to evaluate fusion loss consisted of unseen samples 
from these same products, rather than independent ground truth ob-
servations. Consequently, the fusion loss reflects internal consistency 
with the source products rather than true physical accuracy. This 
highlights a critical limitation, that the fusion targets themselves may 
contain biases or structural uncertainties that were not revealed through 
product-based validation. It is for this reason that this study focused on

establishing the theoretical and operational validity of the inverse fusion 
framework, rather than releasing a global soil moisture product. The 
current outputs primarily reflect the consensus of the parent products. 
To produce a definitive, application-ready global dataset requires the 
additional integration of in-situ measurements to correct for the 
inherent biases of these parent models. Consequently, further training or 
fine-tuning using in-situ soil moisture measurements as the reference 
truth, particularly those collected from core validation sites with dense 
and reliable observations, could enhance the physical realism and 
improve the relevance of the estimated soil moisture profiles for appli-
cations. This opens a promising direction for transfer learning, where the 
pretrained DeepProfile model can be adapted to specific regions or

Fig. 10. Performance of the proposed DeepProfile (a) under different landcover types, (b) under different soil types and (c) for grid cells where triple collocation 
failed, where it was valid, and for all grid cells combined. Depth and/or categories with fewer than 20 grid cells were excluded.
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networks using ground measurements to refine its predictive accuracy 
(Zhu et al., 2025a).

Following established approaches for root zone soil moisture esti-
mation from remote sensing (Brakhasi et al., 2024; Sadeghi et al., 2016), 
polynomial functions were adopted in this study to approximate the 
complex vertical variations of soil moisture profiles. Although the 
DeepProfile model supports high-order polynomial representations, the 
maximum degree was limited to 9 to balance expressiveness and 
computational stability. The effective order of the fitted profiles was 
further constrained by an order-aware regularization term (λ), which 
penalizes higher-order coefficients to suppress overfitting and oscilla-
tory artifacts. Empirical analysis showed that increasing the freedom of 
higher-order coefficients yielded only marginal improvements in vali-
dation losses (Fig. 4c and d), indicating limited benefit from higher-
order terms. Accordingly, a relatively small regularization coefficient 
(λ = 0.2 × 10 − 3 ) was selected to preserve essential nonlinear patterns 
while maintaining physical plausibility. The resulting soil moisture 
profiles were typically governed by second- or third-order polynomials, 
being consistent with remote sensing based studies (Brakhasi et al., 
2024; Sadeghi et al., 2016).

Inter-comparison between the estimated soil moisture profiles and 
the eight layers from SMAP, ERA5, and GLDAS products demonstrates 
the effectiveness of the fusion strategy in capturing depth-resolved soil 
moisture dynamics (Fig. 5). The highest agreement was observed for 
SMAP 0–5 cm, which achieved a strong median correlation (R = 0.949) 
and low median RMSD (0.035 m 3 /m 3 ). This performance is driven by 
the independent surface loss term (L surf ), which explicitly anchors the 
upper boundary of the estimated profile to the SMAP L4 near-surface soil 
moisture. By enforcing consistency with this satellite-derived signal, the 
framework effectively functions as a learning-based “assimilation” sys-
tem, propagating the high-fidelity remote sensing observation into the 
deeper root-zone. Notably, the performance over forest was comparable 
to that of other land cover types, with no statistically significant dif-
ferences observed (Fig. 10). The model maintained high correlations 
even in densely vegetated regions, such as parts of Malaysia and Ghana 
(Fig. 9a). While direct L-band retrievals typically degrade under dense 
canopy, such improvement suggests that the fusion framework can 
leverage the complementary stability of the model-based targets (ERA5 
and GLDAS) to partially mitigate potential retrieval artifacts while 
preserving the temporal dynamics of the satellite signal. The SMAP 
0–100 cm layer achieved the lowest RMSD overall (0.028 m 3 /m 3 ), 
benefiting from its integrated depth and higher relative weight. 
Considering the low RMSD of the SMAP L4, the trained DeepProfile 
model may be interpreted as a vertical resolution enhancement method 
for SMAP L4. Beyond merely improving vertical granularity, Deep-
Profile demonstrated superior performance compared to the three in-
dividual source products, their simple arithmetic average, and standard 
TC-based fusion, across both the near-surface layer and the entire root 
zone. However, the difference is generally marginally between the 
proposed method and the TC-based method (~ 0.02 in R). Since the 
proposed method is a supervised learning method, it's reasonable that 
the performance is broadly consistent with its “teacher”. It is important 
to acknowledge that the reference “truth” for the 0–100 cm layer was 
aggregated from discrete measurements at limited depths. The reli-
ability of this evaluation thus is constrained by the uncertainty inherent 
in estimating a continuous vertical profile from sparse in-situ observa-
tions. Similarly, the different depths of the three near-surface soil 
moisture bring in unknown uncertainty in this comparison. Conse-
quently, this comparison was provided in Appendix (Fig. A1). 

Evaluation against in-situ soil moisture measurements confirmed the 
reliability of the DeepProfile model across a range of depths and 
geographic regions. Strong agreement was observed in the upper soil 
layers, particularly within the top 10 cm where median correlation
values exceeded 0.72 and median RMSE remained below 0.06 m 3 /m 3 .
This reflects the model's ability to capture surface dynamics, likely aided 
by the strong constraint from SMAP surface observations. Although no

consistent depth-dependent trend in correlation was observed across 
core grid cells, deeper layers exhibited greater variability and bias, 
indicating reduced consistency in vertical profile estimation. This 
pattern became more pronounced with the inclusion of extra grid cells, 
revealing a clear global decline in correlation with depth. The reduced 
accuracy at deeper layers is primarily attributed to the coarser vertical 
resolution of the source products and weaker constraints during 
training. Incorporating more detailed vertical soil moisture information 
from advanced data assimilation systems and/or a further transfer 
learning using in-situ measurements of deep layers may further help to 
improve deep-layer estimates. Network-specific analysis further showed 
that depth-dependent bias is a major contributor to error at greater 
depths (Fig. 7). Moreover, spatial evaluation across both the core and 
extra grid cells highlighted regional discrepancies, with notably lower 
accuracy in high-latitude and mountainous regions such as Alaska, the 
Qinghai-Tibet Plateau, and Hawaii.

The proposed method is a data driven solution and thus does not 
require the complex scattering modeling and the cumbersome inversion 
process of remote sensing data. The critical limitation of shallow sensing 
depth of remote sensing data was mitigated by using the sensed soil 
moisture as a surface constraint. Apart from the first continuous solution 
for RZSM, the proposed method provides a valuable opportunity to 
partly address the two major challenges in direct RZSM inversion from 

remote sensing data. The estimated soil moisture profiles can serve as 
prior information in the inversion process, either as an initial guess of the 
profile shape or as bounds on soil moisture at different depths. Such 
prior knowledge has been widely recognized as essential for addressing 
the ill-posed nature of near-surface soil moisture (Zhu et al., 2022; Zhu 
et al., 2023). More importantly, the continuous soil moisture profile 
enables further investigation into the varying sensing depths of the 
commonly used C, L and P band radar and radiometer (Shen et al., 
2020), allowing a unique opportunity to advance root zone scattering 
and emission models.

6. Conclusion

This study introduced an inverse fusion strategy for estimating the 
root zone soil moisture profile by leveraging the complementary infor-
mation embedded in three widely used products; SMAP L4, ERA5-Land, 
and GLDAS. By treating these products as learning targets rather than 
inputs, the proposed DeepProfile model effectively learned spatial-
temporal patterns of soil moisture, and produced continuous analyt-
ical profiles from 0 to 100 cm. The use of polynomial functions, guided 
by order-aware regularization, enabled flexible and physically consis-
tent profile estimation across diverse regions and depth systems. 
Location-specific weights derived from triple collocation allowed the 
DeepProfile model to adaptively balance the influence of each product, 
while the inclusion of SMAP surface observations provided a strong 
constraint on the upper boundary. Evaluation against in-situ measure-
ments confirmed the model's reliability, particularly in the top 50 cm, 
and revealed that depth-dependent bias and terrain complexity remain 
key challenges in deeper layers. The inverse fusion strategy and the 
DeepProfile model not only improved vertical resolution for SMAP L4 
but also offers a scalable foundation for future integration of additional 
products and ground observations through transfer learning. These 
findings highlight its potential to support more accurate and 
application-ready soil moisture datasets for hydrological forecasting, 
agricultural management, and climate adaptation.
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Appendix A. Appendix

The performance of the proposed DeepProfile model was evaluated against five benchmark datasets for both the near-surface and root-zone layers. 
For the near-surface layer, in-situ measurements at depths ≤5 cm served as the ground truth. The comparison included ERA5 0–7 cm, SMAP 0–5 cm, 
GLADS 0–10 cm, the simple arithmetic average of these three products, their TC-based fusion, and the DeepProfile estimates for 0–5 cm. For the root 
zone (0–100 cm), in-situ soil moisture measurements from varying depths were aggregated into a single 0–100 cm value using the midpoint boundary 
method. This method assigns a representative soil layer thickness to each sensor based on the midpoints between adjacent sensor depths. Specifically, 
for sensors at depths d 1 , d 2 , …, d n , the first sensor represents the layer from 0 cm to (d 1 + d 2 ) / 2. The last sensor represents the layer from (d n-1 + d n ) / 2 
to 100 cm. Intermediate sensors cover the interval between the midpoints of their respective upper and lower neighbors. The depth-weighted average 
is thus calculated as

θ 0− 100 = 

∑n
i=1(θ i ⋅L i )
100

(A1)

where θ i is the measured soil moisture at depth i, and L i is the layer thickness determined by the midpoint method. As shown in Fig. A1, 
DeepProfile demonstrated superior robustness compared to the baselines. In both the surface and root-zone layers, DeepProfile achieved 
median R values that matched or exceeded those of the best-performing individual source (SMAP) and the conventional fusion methods 
(Average and TC).

Fig. A1. Performance of the three source products, their average, and the fusion product derived using the triple collocation method at (a) the surface layer and (b) 
the 0–100 cm depth. In-situ measurements at ≤5 cm were used as the reference in (a), while integrated 0–100 cm in-situ values served as the reference in (b). 
Correction coefficients (R) were calculated separately for grid cells where triple collocation failed, where it was valid, and for all grid cells combined.
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Table A1
The geophysical variables of SPL4SMGP used as the input.

Classification Geophysical variables Physical meanings

Meteorological Forcing (11 variables)

surface_pressure Surface pressure
height_lowatmmodlay Height of the lowest atmospheric model layer 
temp_lowatmmodlay Temperature of the lowest atmospheric model layer 

specific_humidity_lowatmmodlay Specific humidity of the lowest atmospheric model layer 
windspeed_lowatmmodlay Wind speed of the lowest atmospheric model layer 

radiation_shortwave_downward_flux Downward shortwave radiation flux
radiation_longwave_absorbed_flux Absorbed longwave radiation flux
net_downward_shortwave_flux Net downward shortwave radiation (surface absorbed) 
net_downward_longwave_flux Net downward longwave radiation (surface absorbed) 
precipitation_total_surface_flux Total precipitation flux

snowfall_surface_flux Snowfall flux

Surface State Variables (17 variables)

sm_profile Profile soil moisture
sm_surface_wetness Surface soil moisture wetness index
sm_rootzone_wetness Root zone soil moisture wetness index
sm_profile_wetness Profile soil moisture wetness index

surface_temp Land surface skin temperature
soil_temp_layer1 Soil temperature of layer 1
soil_temp_layer2 Soil temperature of layer 2
soil_temp_layer3 Soil temperature of layer 3
soil_temp_layer4 Soil temperature of layer 4
soil_temp_layer5 Soil temperature of layer 5
soil_temp_layer6 Soil temperature of layer 6

snow_mass Snow water equivalent
snow_depth Snow depth

land_fraction_saturated Fraction of saturated land
land_fraction_unsaturated Fraction of unsaturated land

land_fraction_wilting Fraction of land at wilting point
land_fraction_snow_covered Fraction of snow covered land

Auxiliary Quantities (11 variables)

vegetation_greenness_fraction Greenness vegetation fraction (GVF)
leaf_area_index Leaf area index (LAI)

mwrtm_vegopacity Microwave vegetation opacity (τ)
land_evapotranspiration_flux Latent heat flux / Evapotranspiration

overland_runoff_flux Overland runoff flux
baseflow_flux Baseflow flux (subsurface runoff)
snow_melt_flux Snowmelt flux

soil_water_infiltration_flux Soil water infiltration flux
heat_flux_sensible Sensible heat flux
heat_flux_latent Latent heat flux
heat_flux_ground Ground heat flux

Data availability

Data will be made available on request.
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