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ABSTRACT
Soil moisture (SM) has been recognized as one of the essential climate variables in Earth science. 
Incorporating spatiotemporal information from satellite SM observations into land surface models 
via land data assimilation (LDA) has emerged as a promising method to improve continuous SM 
modeling and climate extreme monitoring. Since the reliable satellite SM error dynamics are crucial 
for successful LDA applications but often assumed to remain static over time, this study presents 
a novel framework that combines triple collocation analysis (TCA) with advanced machine learning 
techniques, such as Light Gradient Boosting Machine (LGBM) and Deep Neural Networks (DNN), to 
accurately quantify spatially and temporally continuous satellite-based SM characteristics on 
a global scale. In this study, the stand-alone TCA-based time-variant SM error prediction models, 
which rely exclusively on data used for the Soil Moisture Active Passive (SMAP) retrieval, were 
developed and comprehensively evaluated. These models successfully recover error information 
over areas where SMAP SM error data were previously unusable due to uncertain error character
istics. In addition, the stand-alone SMAP-based model demonstrates superior performance com
pared to model that relies on external datasets, such as the Global Land Data Assimilation System 
(GLDAS). These findings provide valuable insights into the dynamic nature of satellite-based SM 
error under various environmental conditions and present a novel way to improve LDA. 
Furthermore, the proposed methodology can be extended to predict error dynamics for other 
satellite-based geophysical datasets, broadening its potential applications beyond SMAP.
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1. Introduction

The soil moisture (SM) is a key variable for predicting 
weather and natural disasters, as understanding its 
accurate dynamics offers valuable insights into land- 
atmosphere interactions, such as global-scale energy, 
water resources, and carbon cycles (Seneviratne et al.  
2006). Various approaches have been proposed to 
characterize spatiotemporal SM variation, including 
observation-based (e.g. in-situ and remote sensing 
measurements) and simulation-based methods (e.g. 
land surface models). While in-situ sensors (Kim, Cosh, 
et al. 2020; Nguyen, Kim, and Choi 2017) can provide 
accurate SM data and are often used as benchmark for 
the calibration and validation of satellite- and model- 
based SM data, their limited point-scale representative
ness, labor-intensive construction, and uneven global 
distribution hinder their effective applications over 
large-scale areas (Dorigo et al. 2011).

On the contrary, remote sensing technologies have 
emerged as a useful instrument for periodic, large- 
scale, and less labor-intensive SM retrieval. Microwave 
satellite sensors, typically the Soil Moisture and Ocean 
Salinity (SMOS), Soil Moisture Active Passive (SMAP), 
Advanced Scatterometer (ASCAT), and the novel 
bistatic radar-based Cyclone Global Navigation 
Satellite System (CYGNSS), provide a promising tool 
for SM monitoring and environmental applications at 
high temporal resolution due to the high sensitivity of 
microwave signals to the land surface and subsurface 
water content (Calvet et al. 2011; Engman and 
Chauhan 1995; Entekhabi et al. 2010; Kim and 
Lakshmi 2018; Lakhankar, Krakauer, and Khanbilvardi  
2009; Nguyen et al. 2025). However, problems includ
ing radio frequency interference, discontinuous 
observations, poor spatial resolution, and numerous 
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parameter constraints significantly contribute to the 
inherent uncertainties of satellite-based techniques 
more worse (Li et al. 2021; Petropoulos, Ireland, and 
Barrett 2015). On the other hand, simulation-based 
methods, such as land surface models (LSMs), which 
are based on a set of physical and conceptual equa
tions, have become a viable way to provide multiscale 
and continuous SM data. Despite their potential, LSMs 
have several limitations, such as imperfect underlying 
physics assumptions and uncertainties in model cali
bration and validation. These factors may create dis
crepancies between simulated and actual SM 
conditions, hindering their widespread utilization 
(Fisher and Koven 2020).

While microwave satellite systems are limited in 
providing continuous SM measurement compared 
to the LSMs, they offer a unique advantage in captur
ing extreme events- and human-induced sudden 
changes, which are often not well represented in 
LSMs. The complementary relationship between 
space-borne observations and LSM simulations high
lights the need to integrate satellite-derived SM data 
into LSM through land data assimilation (LDA) tech
niques to improve SM estimation. Many previous stu
dies have explored LDA to improve LSM and weather 
prediction model’s performance in estimating SM by 
incorporating SM products from various satellite mis
sions, including the SMOS (Zhao et al. 2014), ASCAT 
(Aires et al. 2021; Kwon et al. 2024), SMAP (Kwon et al.  
2024), and CYGNSS (Kim et al. 2021). These studies 
demonstrate the improved accuracy of SM estimation 
through LDA. Nevertheless, these previous studies 
applied a fixed error variance for satellite systems in 
LDA, assuming spatially and temporally constant 
observation errors. This assumption limits the effec
tiveness of their SM LDA systems, making them sub
optimal for capturing the true variability in SM error 
dynamics. In addition to the importance of under
standing accurate error characteristics in satellite- 
based SM data for the optimal LDA, merging different 
sources of satellite-based SM datasets also depends 
on knowing their relative accuracy (Gruber et al. 2016; 
Kim et al. 2018). However, to the best of our knowl
edge, no studies have addressed time-variant error 
characteristics in merging SM data, largely due to 
the challenge of obtaining continuous time-variant 
SM error information within each satellite system.

Since the traditional satellite-based products are 
mainly validated using ground-based measurement 

networks, their applicability to regional scales is still 
restricted and requires further reference datasets for 
improving the evaluation. To address these limita
tions, this study employed triple collocation analysis 
(TCA), a widely used method for estimating global- 
scale error variance in satellite data without reference 
dataset, to generate time-variant SM error informa
tion on a global scale (Kim et al. 2023; Stoffelen 1998; 
Wu et al. 2021; Yilmaz and Crow 2014). Nevertheless, 
TCA results exhibit several limitations, particularly 
when it is challenging to apply assumptions are diffi
cult to implement or when there are insufficient 
simultaneous SM retrievals (Kim et al. 2023; Yilmaz 
and Crow 2014). Therefore, when TCA assumptions 
are violated or simultaneously available triplet data 
are missing, the computed error variance becomes 
physically infeasible (Kim, Wigneron, et al. 2020). 
This lack of error information in satellite-based SM 
data constrains its comprehensive use in diverse 
research fields, making it essential to explore alterna
tive strategies and methodologies.

Data-driven machine learning (ML) and deep 
neural networks (DNN) have recently emerged as 
potential approaches in hydrology research field (Xu 
and Liang 2021). Nevertheless, the application of 
advanced ML and DNN for dynamic SM error predic
tion remains underexplored, and these approaches 
often rely on external data products. Therefore, it is 
necessary to investigate their feasibility and robust
ness for reconstructing time-variant error information 
from satellite-based SM observations on a global 
scale. The major goal of this study is to leverage the 
combination of the TCA with ML and DNN to improve 
accurately quantifying spatiotemporal error estima
tions of global satellite SM data. We selected the 
SMAP SM dataset – observations from the widely 
used microwave satellite sensor designed specifically 
for SM measurement – as the target SM dataset for 
dynamic error prediction.

The methodologies to reach our primary objectives 
are organized as follows: First, we calculated the TCA 
error variance to quantify the uncertainty in SMAP SM 
data, considering both time-invariant and time- 
variant error assumptions and demonstrated the sig
nificance of understanding time-variant error charac
teristics. Second, we developed tree-based ML and 
DNN error prediction models with two different sets 
of predictors: one for a stand-alone error prediction 
model relying solely on data from SMAP, and the 
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other incorporating external data sources such as the 
Global Land Data Assimilation System (GLDAS). We 
also highlighted the superior performance of the 
stand-alone error prediction models. Finally, we 
reconstructed the missing time-variant error informa
tion for SMAP, which has not been addressed in pre
vious studies, and demonstrated how our proposed 
methods effectively overcome the limitations of TCA 
while providing new insights into the time-varying 
error characteristics of SMAP SM datasets. Therefore, 
through accomplishing the major objectives, we 
investigated the feasibility of developing effective 
ML- and DNN-based time-variant error prediction 
models relying exclusively on data used to retrieve 
SMAP SM data, which does not depend on the sup
port from other products.

2. Datasets

In this study, we aim to investigate the application of 
tree-based ML and DNN models to predict the time- 
variant error in SMAP SM data using variables from its 
own observations (i.e. stand-alone model) or external 
products (i.e. external-source model). To achieve this, 
we developed models from different predictors: 
a stand-alone model that uses only variables from 
SMAP and an externally sourced model that incorpo
rates external predictors from GLDAS data. Both mod
els were designed to predict the error in the SMAP SM 
data, as derived from the TCA method.

Note that no quality control (QC) flags were 
applied to the raw data used in this study for the 
SMAP and ASCAT SM data. As previously noted by 
Kim et al. (2023), the QC flags supplied with SMOS, 
SMAP, and ASCAT SM data might be misleading, per
haps eliminating good-quality data or keeping bad- 
quality data, hence decreasing their reliability for such 
applications. Therefore, by using SM data without QC 
flags, the raw data quality is preserved, enabling us to 
develop a comprehensive error prediction model 
without modifying the SM data.

2.1. SMAP soil moisture and additional predictor 
variables

The SMAP mission, launched in January 2015, is 
National Aeronautics and Space Administration 
(NASA)’s first sun-synchronous Earth observation 

mission designed specifically for global SM measure
ment purposes, leveraging both L-band passive 
(radiometer) and active (radar) sensors, with an 
expected performance of Root Mean Square Error 
(RMSE) of 0.04 m3m−3 over sparsely to moderately 
vegetated regions (Entekhabi et al. 2010). However, 
due to the malfunction of the SMAP radar system, 
only measurements from the SMAP passive radio
meter are currently available for this study. 
Particularly, the current SMAP radiometer provides 
measurements at a spatial resolution of 36 km with 
a revisit time of 2–3 days across two overpasses 
encompassing the descending (06:00 local time) and 
ascending (18:00 local time) passes. In this study, the 
global 36 km SM data from the SMAP Level-3 (SMAP 
L3) version 9 product for the 2015–2023 period, which 
adopts the dual channel algorithm and is projected 
on the Equal-Area Scalable Earth version 2.0 (EASE-2) 
Grid system, was considered (O’Neill et al. 2023). The 
data are freely accessible via the NASA National Snow 
and Ice Data Center Distributed Active Archive Center 
(NSIDC DAAC).

In the present study, variables in the SMAP L3 
product, together with the SMAP ancillary data, were 
utilized as predictors to develop the SMAP-based 
model for obtaining the target SMAP time-variant 
SM error. A list of SMAP L3 and SMAP ancillary variable 
products used in this study is summarized in Table S1.

2.2. ASCAT soil moisture

The C-band active microwave ASCAT sensor 
onboard the Meteorological Operational (MetOp) 
satellite mission, operated by the European 
Organisation for the Exploitation of Meteorological 
Satellites (EUMETSAT), was selected to provide sup
plementary unbiased satellite SM observations for 
supporting the TCA error characterization. The 
MetOp mission consists of three satellites: MetOp- 
A, launched in October 2006, MetOp-B, launched in 
2012, and MetOp-C, launched in 2018. Notably, 
MetOp-A was recently decommissioned, with its 
operational duties taken over by MetOp-B and 
MetOp-C, continuing the global SM monitoring. 
ASCAT provides measurements at an original spatial 
resolution of 25–34 km across two overpasses: the 
descending pass at 09:30 local time and the ascend
ing pass at 21:30 local time. The ASCAT SM data was 
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developed using the Technische Universität Wien 
(TU Wien) change detection algorithm and are cur
rently monitored by the EUMETSAT Satellite 
Application Facility on Support to Operational 
Hydrology and Water Management (H-SAF) 
(Wagner et al. 2013). From 0% (totally dry soil) to 
100% (fully saturated soil), the ASCAT SM value is 
expressed in the degree of saturation relative to 
pore volume and represents an estimate of the 
water content in the top 0–5 cm of the soil layer. 
Thus, we converted the ASCAT SM’s unit into abso
lute volumetric units (m3/m3) by using soil porosity 
information. This study employed the MetOp ASCAT 
global SM Climate Data Record (CDR) version 7 (v7) 
resampled to a 12.5 km grid during the study period 
of 2015–2023.

2.3. GLDAS soil moisture and additional predictor 
variables

Along with the remotely sensed observation products, 
the SM dataset simulated from the model-based GLDAS 
was also employed in this study to support the error 
characterization using the TCA. GLDAS is a reanalysis 
product that was developed by NASA’s Goddard Space 
Flight Center, aiming to provide optimal simulations of 
land surface states and fluxes by assimilating ground- 
and satellite-based observational data into offline LSMs 
such as Noah, Mosaic, Community Land Model, and 
Variable Infiltration Capacity (Rodell et al. 2004). Here, 
we employed the global surface soil layer (0–10 cm) 
dataset, 3-hourly, 0.25° × 0.25° gridded GLDAS Noah 
Land Surface Model version 2.1 product 
(GLDAS_NOAH025_3H 2.1) for the period of 2015 to 
2023, which is distributed via the NASA Goddard Earth 
Sciences Data and Information Service Center (GES DISC) 
(Beaudoing and Rodell 2020).

Moreover, to evaluate the potential of satellite- 
based dynamic error data prediction from model- 
based simulations using ML, as a comparison to 
that from the SMAP observations, several meteoro
logical and hydrological variables provided by the 
GLDAS were also considered as predictors to con
struct the GLDAS-based error model. Datasets of the 
GLDAS variables used in this study were obtained for 
the same study period and are summarized in 
Table S2.

2.4. MODIS LULC

Apart from the major SM and other variables used for 
time-variant SM error data prediction, the Land Use 
Land Cover (LULC) dataset is required to analyze the 
proposed method across different land surface con
ditions. To this end, the commonly used satellite- 
based LULC product from the Moderate Resolution 
Imaging Spectroradiometer (MODIS) sensor onboard 
the Terra and Aqua satellites was employed. 
Specifically, this study utilized the L3 MODIS Land 
Cover Climate Modeling Grid (MCD12C1) version 6.1 
product, which provides yearly data at a spatial reso
lution of 0.05° (Friedl and Sulla-Menashe 2015). It is 
important to note that, as of the time this paper was 
written, LULC data for 2023 was unavailable. 
Therefore, only data from the period of 2015–2022 
were taken into account; the missing 2023 data was 
replaced with data from 2022.

3. Methodology

We used Random Forest Regressor (RFR) for the fea
ture selection process and subsequently developed 
both Light Gradient Boosting Machine (LGBM) and 
DNN models for the error prediction (Ma et al. 2024). 
The overall research workflow is depicted in Figure 1, 
which outlines eight distinct processes. Detailed 
explanations of each methodology are provided in 
the following subsections.

3.1. Data preprocessing

3.1.1. Conversion of UTC to LT
Since the triplet components for the TCA-based error 
calculation should be closely aligned in time, the 
GLDAS data that is provided in Coordinated 
Universal Time (UTC) needs to be converted to Local 
Time (LT). As we consider SMAP, ASCAT, and GLDAS as 
triplet, we select GLDAS LT as 8 AM and 8 PM to align 
as closely as possible with the SMAP and ASCAT 
acquisition times, which are 6 AM/PM and 9:30 AM/ 
PM, respectively. Given that the GLDAS Noah dataset 
is provided at 3-hour intervals, there are eight data
sets available per day. As 1 hour roughly corresponds 
to 15° of longitude, we extracted data within a 45° 
range, which indicates selecting data within ± 1 hour 
of the target LT, from every eight files per day. These 
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patched UTC datasets were then integrated to create 
a single LT dataset for each day (Process 1 in Figure 1)

3.1.2. Data resampling
To obtain a spatially consistent dataset, the GLDAS 
and ASCAT datasets were resampled to align with the 
36-km EASE-2 grid system. The raw dataset was 
divided into nine pixels per original pixel and then 
aggregated by averaging the values within the same 
EASE-2 grid cell. During this process, interpolation 
with nearest-neighbor sampling was applied to the 
original grid system. This indicates that for any given 
input, the value from the closest available point in the 
original dataset is used. Meanwhile, the MCD12C1 
datasets were resampled to align with the same grid 
using the same interpolation method, but aggregated 
by selecting the most frequent value within each 
EASE-2 grid cell. These processes are illustrated as 
Process 2 and 5 in Figure 1.

3.1.3. Extracting major LULC type
As the LULC dataset is acquired annually, we treated it 
as a static variable by extracting the most frequent 
LULC type for each spatial pixel across the study 
period (2015–2023). This static LULC map can be 
used as a predictor in GLDAS-based model, similar 
to static ancillary datasets for soil properties in SMAP- 
based model. Furthermore, the extracted static LULC 
information was used to analyze the distribution of 

SMAP SM and TCA error with respect to different LULC 
types. The process of extracting the major LULC types 
is depicted as Process 6 in Figure 1.

3.2. Triple collocation analysis (TCA)

3.2.1. TCA for error quantification
Due to the inherent uncertainty – stemming from 
detection limitations – various methods have been 
developed to quantify the relative error without 
a true reference. In this study, we employed the 
TCA method to quantify the error in the observa
tion dataset. This method determines the unknown 
error variance among three independent measure
ment systems, without assuming any one system to 
be a perfectly true reference. The TCA method 
relies on a linear error model where errors are 
uncorrelated with each other and the target vari
able. The error model for TCA typically follows this 
form: 

i ¼ αi þ βiΘþ εi (1) 

where i 2 X; Y; Z½ � are three collocated datasets, Θ is 
the true SM state, αi is additive bias, βi is multiplicative 
bias, and εi is zero-mean random noise of dataset i 
(Stoffelen 1998). Using this error model, the variance 
and covariance of each dataset can be calculated. 

σ2
i ¼ h i � �ið Þ i � �ið Þi ¼ β2

i σ2
Θ þ 2βiσΘεi þ σ2

εi
(2) 

Figure 1. Overall research flowchart. Yellow boxes represent the datasets, green boxes indicate the processes, red boxes highlight the 
key results, and blue boxes represent the corresponding figures in this study.
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σij ¼ h i � �ið Þ j � �jð Þi ¼ βiβjσ2
Θ þ βiσΘεj þ βjσΘεi þ σεiεj

(3) 

where σ2
i is the variance of SM product of i, σ2

εi 
is the 

variance of error of i, and σij is the covariance between 
i and j SM products.

The TCA requires several underlying assumptions 
as follows: (i) linearity between the true SM signal 
and the estimation, (ii) signal and error stationarity, 
(iii) error orthogonality (i.e. σΘεi ¼ 0), and (iv) zero 
error-cross correlation (i.e. σεiεj ¼ 0). If these assump
tions are satisfied, the variance and covariance can 
be expressed in a simplified form: 

σ2
i ¼ β2

i σ2
Θ þ σ2

εi
(4) 

σij ¼ βiβjσ2
Θ (5) 

Since a higher βi indicates a stronger response of 
dataset i to SM changes, β2

i σ2
Θ is considered as the 

sensitivity of the dataset to SM variations. This sensi
tivity can be estimated by combining covariances as 
follows: 

β2
i σ2

Θ ¼
βiβjσ2

Θβiβk σ2
Θ

βjβk σ2
Θ
¼

σijσik
σjk

(6) 

Therefore, the TCA-based error variance for each indi
vidual SM product can be calculated using the var
iance of the individual dataset and the covariance 
between different datasets acquired from SM 
observations. 

σ2
εi
¼ σ2

i �
σijσik

σjk
(7) 

Moreover, this TCA-based error variance can be uti
lized to calculate the widely used metric that quanti
fies the relationship between observed signal and 
error: the signal-to-noise ratio (SNR). The SNR can be 
calculated as follows: 

SNRi ¼
β2

i σ2
Θ

σ2
εi

(8) 

Using the definition of SNR, the fractional Mean 
Squared Error (fMSE) can be calculated, offering 
a normalized and intuitive representation of SNR 
(Gruber et al. 2016): 

f MSEi ¼
σ2

εi
σ2

i
¼

σ2
εi

β2
i σ2

Θþσ2
εi

¼ 1
1þSNRi

(9) 

When fMSE is close to 0, the SNR is extremely high, 
indicating that data noise is significantly low. 
Conversely, when fMSE is close to 1, the SNR 
approaches to 0, meaning data noise is significant. 
When fMSE is 0.5, the SNR is 1, indicating that the 
observed SM signal is equal to the noise variance. The 
calculated fMSE results in this study will be discussed 
in detail in Section 4.

3.2.2. Calculation of standard deviation for 
time-invariant and time-variant errors
When calculating the covariance across three data
sets, our focus is on covariance values that reflect 
noise levels, not background seasonalities. If back
ground seasonalities are present, they can obscure 
the noise level in the covariance. Hence, deseasona
lizing datasets before calculating TCA error is neces
sary. In this study, we applied deseasonalization by 
subtracting a moving average with a window size of 
201, which corresponds to 100 days of both ascend
ing and descending data, roughly representing the 
length of one season (Process 3 in Figure 1).

After removing seasonality from the datasets, we 
characterized TCA error standard deviation (SD) with 
two types: time-invariant error SD (hereinafter σTI

ε ) 
and time-variant error SD (hereinafter σTV

ε ). For the 
calculation of σTI

ε , we set the threshold for the mini
mum number of valid points, to be 100. The σTI

ε 

assumes that errors remain constant (i.e. unchanged 
over time) throughout the entire period, which may 
oversimplify the error characteristics as it overlooks 
potential error sources that fluctuate over time. 
Beyond that, σTV

ε , which is calculated with a smaller 
threshold of available SM dataset (i.e. 25) and 
a window size (i.e. 201), provides a more nuanced 
and accurate understanding of the data compared 
to the σTI

ε , as it is more effective approach in dynamic 
and realistic estimations of σε. The selected window 
size is same in the part on removing seasonality: 201 
points in the time series, which includes 100 points 
(i.e. 50 days) before and after the point of interest, 
plus the point itself. If this window size is too short 
and the valid data threshold is high, the σTV

ε becomes 
sparse. Therefore, considering a threshold of 25 valid 
data points, we determined the window size based on 
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one season length of approximately 3 months. The 
calculation of σTI

ε and σTV
ε is depicted as Process 4 in 

Figure 1, with a detailed diagram provided in Figure 2.

3.2.3. Four masking flags in TCA calculation
Due to the inherent limitations of TCA, gaps can 
occur in both σTI

ε and σTV
ε results. These gaps arise 

because data points were masked using four spe
cific flags: (i) the correlation flag, which indicates 
whether the correlation between two covariance 
values is below a specified threshold (set to 0 in 
this study), (ii) the valid number flag, which 
checks if the number of valid data points below 
a certain node threshold (set to 100 for σTI

ε and 25 
for σTV

ε in this study), (iii) the fMSE flag, which 
identifies cases where the fMSE value is either 
less than 0 or greater than 1, and (iv) the negative 
error variance flag, which marks points where the 
variance of the error is less than 0 (Kim et al.  
2023). If the TCA calculation result triggers any 
of these flags, the corresponding data points are 
masked, leading to substantial spatial and tem
poral gaps. To address this issue, we proposed 
the tree-based ML and DNN framework to predict 
σTV

ε of SMAP. This model fills in missing σTV
ε where 

the SMAP SM dataset is available by using other 
simultaneously existing parameters as predictors 
within an ML model. We evaluated this approach 
using two thematic models: (i) a GLDAS-based ML 
model (i.e. external sourced model), trained on 
GLDAS variables, and (ii) a SMAP-based ML/DNN 
model (i.e. stand-alone model), trained on SMAP 
variables.

3.3. Uncertainty prediction

3.3.1. Feature selection with random forest regressor
For effective model performance, the application of 
feature selection algorithms is widely recommended 
in the ML field (Belgiu and Drăguţ 2016). Among 
various algorithms, Random Forest (RF) is a suitable 
strategy for this task, as it can capture intricate inter
actions among features by constructing multiple deci
sion trees, each based on a random subset of features 
(Jovic, Brkic, and Bogunovic 2015). After training the 
RF model, features with high importance scores are 
selected as the most relevant. This RF-based feature 
selection algorithm identifies the key variables as pre
dictors, facilitating the construction of an effective ML 
model. In this study, we used a Random Forest 
Regressor (RFR) for the feature selection process. 
Note that before inputting the supervised predictor 
and outcome into the RFR or predictive models, we 
applied standard scaling to both the predictor and 
outcome values separately to standardize the data
sets. This process prevents imbalanced scaling within 
the predictor values and makes the outcome value’s 
range more manageable, allowing the loss function to 
be effectively computed without unintentionally 
weighting variables with larger values. After the ML 
model predicted the outcome variable, we converted 
it back to its original scale.

Given the large size of the datasets, which consist 
of 406 (latitude) � 964 (longitude) � Ndoy (days 
of year from 2015 to 2023) � 2 (ascending and des
cending) � Nvariables (number of variables), we applied 
the feature selection process to each year’s dataset 
individually. We carefully designed the feature 

Figure 2. Schematic diagram illustrating the calculation of time-invariant TCA error standard deviation (σTI
ε ) and time-variant TCA 

standard deviation (σTV
ε ).

GISCIENCE & REMOTE SENSING 7



selection process using a two-step approach: initially 
identifying important features using the RFR, followed 
by a detailed correlation analysis. The RFR enabled us 
to rank predictors based on their importance for the 
target variable, while the correlation analysis using 
Spearman’s rho allowed us to identify and remove 
the redundant variable with high inter-correlation, as 
shown in Figure S1. For example, we excluded 
tb_v_uncorrected due to its high correlation with 
tb_v_corrected, which rendered it redundant. 
Nevertheless, we retained predictors with meaningful 
physical relevance to SMAP σTV

ε predictions, even if 
their correlation values were high. For instance, we 
retained variables associated with digital elevation 
model (DEM), even though they exhibited high corre
lation with each other, because they capture mean
ingful terrain information that supports SM 
prediction. Furthermore, the selection of predictors 
based on the correlation matrix also considered the 
physical properties of the data. For example, we 
removed boresight_incidence because, even though 
it is a critical variable in retrieving SM data from 
SMAP, it showed minimal variation around SMAP’s 
constant incidence angle of 40 degrees and had 
very low correlation with the response variable.

These rigorous processes result in the exclusion 
of unnecessary variables, reducing our top 20 pre
dictors (Figure S1) to 18. This comprehensive con
sideration ensured that the selected predictors were 
relevant, minimally redundant, and physically mean
ingful, resulting in a more robust and efficient input 
set for the error prediction model. The selected 
features are highlighted in light blue in Table S1 
for SMAP-based model and in Table S2 for GLDAS- 
based model. It is important to note that some 
variables were considered static, assuming they do 
not change over time: SMAP ancillary variables for 
the SMAP-based model (i.e. CoastalMask, DEM, 
DEMSLP, DEMSLPSTD, DEMSTD, dist2water, rough
ness, and sand) and LULC variable in the GLDAS- 
based model (i.e. Majority_Land_Cover_Type_1). To 
construct the predictor dataset, these static vari
ables were duplicated across time and combined 
with other dynamic variables by matching each 
pixel location and time. This approach allowed us 
to develop a single ML/DL model that is better 
generalized for various land property conditions. 
Figure S2 displays the bar charts of feature 

importance scores for these top 18 predictors across 
nine years (2015–2023) for both models (Process 7 
in Figure 1). The mutually influential relationship 
among several variables may affect the feature 
importance scores. For instance, Figure S2(a) 
shows that the scores for roughness and vegetatio
n_opacity in 2016 and 2020 differ from those in 
other years. In these two years, the feature impor
tance scores of roughness are low, while the scores 
for vegetation_opacity are high, indicating a trade- 
off connection.

3.3.2. Light gradient boosting machine
We utilized the LGBM algorithm which is based on the 
gradient boosting decision tree framework and is 
widely used because LGBM can achieve similar or 
even better performance with less computational cost 
than many other gradient boosting frameworks (Ke 
et al. 2017). Additionally, the hyperparameter tuning 
of the LGBM model was performed by Bayesian opti
mization. Bayesian optimization constructs 
a probabilistic model of the objective function and 
iteratively selects hyperparameters by maximizing an 
acquisition function, which predicts where the most 
promising results are likely to be found. This approach 
is especially beneficial for intricate, high-dimensional 
spaces where traditional grid search or random search 
methods might be inefficient (Shahriari et al. 2016). The 
negative Mean Squared Error (MSE) was used as the 
optimization score. Since Bayesian optimization’s 
objective is to maximize the acquisition function, 
using a positive MSE is inappropriate because a lower 
MSE indicates better model performance, which is 
opposite to the direction of maximization. Therefore, 
by using negative MSE as the score, maximizing the 
score effectively means finding the best hyperpara
meters. As noted in the previous section, due to the 
large dataset size, we trained the error prediction mod
els separately for each year using the same selected 
predictors. The hyperparameters of each year are listed 
sequentially in Table S3.

3.3.3. Deep neural network
To expand our research into the deep learning (DL) field, 
we used the DNN model, which is well-known for its 
foundational architecture that mimics the human brain’s 
recognition process, such as the function of neurons. 
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DNNs are well-suited for processing high-dimensional 
data because of their deep hidden architectures, which 
allow them to grasp complex, non-linear relationship 
between inputs and outputs. Using a simple DNN struc
ture, we examined this potential to see whether DL can 
achieve promising performance. The network architec
ture consists of an input layer with 18 neurons (reflect
ing the top 18 predictors), four hidden layers, and an 
output layer with one neuron (representing the pre
dicted σTV

ε value). We designed the four fully connected 
hidden layers with neuron counts [128-64-32-16], which 
indicate a decreasing number of neurons. In order to 
capture the non-linear relationship in the data, we also 
used the Rectified Linear Unit (ReLU) activation function 
after each hidden layer. To effectively reduce the MSE 
loss function, we utilized the Adaptive Moment estima
tion (Adam) optimizer with a learning rate of 0.001 
(Kingma and Ba 2017). During model training, we set 
the batch size to 128, and the validation set was ran
domly 20% selected from the training set for each 
epoch. To avoid overfitting, we used an early stopping 
callback. This callback monitors the validation loss and 
saves the best model, terminating training when no 
improvement is shown after a predetermined patience 
time (30 epochs in this study). The DNN model architec
ture is illustrated in Figure S3.

3.3.4. Elastic Net
To demonstrate the significance of ML’s non-linear 
approach, we compared the results from LGBM and 
DNN models with those obtained using Elastic Net 
(EN), a regularized multivariate linear regression 
model that combines L1 and L2 priors as regularizers 
(Zou and Hastie 2005). The hyperparameters for EN, 
specifically alpha and L1 ratio, were also optimized 
using Bayesian optimization. The optimal hyperpara
meters were determined to be an alpha of 0.1 and an 
L1 ratio of 0.1 across all years. However, because the 
data do not exhibit a linear relationship, these hyper
parameters poorly represent the dataset, as evi
denced by the prediction results. The features and 
advantages of each prediction model that we consid
ered in this study are summarized in Table S4.

3.3.5. Prediction and reconstruction
As mentioned above, due to the large dataset size, 
three model structures (i.e. LGBM, DNN, and EN) 
were considered separately for each year, and the 

results were concatenated to create the total pre
dicted σTV

ε . Additionally, using the trained models 
with the optimized hyperparameters, we recon
structed the missing σTV

ε values where SM data 
were available but σTV

ε values were missing. 
Likewise, these reconstructed results were 
obtained for each year and the total central ten
dency and variability of σTV

ε were obtained by cal
culating the temporal average and SD of 
concatenated σTV

ε (Process 8 in Figure 1).

4. Results

4.1. Comparison of time-invariant vs. time-variant 
TC-based error

Figure 3(a) highlights dry and wet regions, employing 
a range of colors to signify SM levels, with light blue 
denoting drier areas and dark blue representing wet
ter areas. The regions with low SM values include 
western North America, eastern and southern South 
America, northern and southern Africa, Southwest 
Asia, Central Asia, northern East Asia, and Australia. 
On the contrary, the regions with high SM values are 
found in eastern and northern North America, wes
tern and northern South America, Central Africa, 
northern Europe, southern East Asia, and Southeast 
Asia. This spatial variability of SM underscores the 
importance of understanding the error characteristics 
for each pixel in the SMAP SM product. Furthermore, 
Figure 3(b) shows the static global map of LULC, 
which includes 17 categories, and Figure 3(c) presents 
a violin plot illustrating time-averaged SMAP SM 
values (top) and data availability (bottom) across dif
ferent LULC types, with SM values arranged from 
highest to lowest. Evergreen Broadleaf Forest (EBF) 
has the highest SM values, while Barren or Sparsely 
Vegetated (BSV) has the lowest. However, due to the 
challenges of acquiring SM in densely vegetated 
regions, EBF shows relatively lower data availability, 
whereas BSV has higher data availability. This could 
be attributed to the fact that dense canopy in the 
forested regions tends to keep more water in the 
soil, resulting in the highest SM values observed in 
EBF areas. On the other hand, the data availability 
increases with decreasing vegetation density, with 
relatively higher data counts in BSV and lower data 
counts in EBF (Figure 3(c)), highlighting the 
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limitations associated with vegetation effect on SM 
retrieval from SMAP.

These available SM distributions across LULC types 
also result in variations in TCA calculation. For exam
ple, the TCA calculation is restricted in areas like EBF, 
where insufficient observations make it impossible to 
calculate. Meanwhile, the TCA-based error estimates 

are likely more reliable in regions such as BSV, which 
possess more SM observations. As a result, locations 
with sparse data have been less explored regarding 
the uncertainty of satellite-based SM data than those 
with more frequent observations.

Additionally, we investigated the number of available 
SMAP SM data points for each EASE2 grid pixel (from 

Figure 3. Analysis of SM and associated standard deviation of errors considering LULC. (a) Global map of SMAP SM values, where light 
blue indicates lower values and dark blues indicates higher values. (b) Global map of LULC types from MCD12C1, categorized into 17 
types. (c) Violin plot of data from SM and available SM counts with respect to the LULC types in (b)
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2015 to 2023). As expected, and as shown in the map at 
the center of Figure 4, the global distribution of SMAP 
SM data is uneven. For example, the Amazon region has 
fewer data points, indicated by light purple, whereas 
Europe has a plentiful data points, represented by dark 
purple.

We further examined the temporal evolution of 
SMAP SM and its associated σTI

ε and σTV
ε . Their corre

sponding time series of randomly selected pixels, with 
one pixel chosen from each of the six continents (i.e. 
Africa, Asia, Australia, Europe, North America, and South 
America), are extracted and shown in Figure 4, together 
with the SMAP SM data availability map. For each time- 

series plot, the top section displays whether any of the 
four flags (described in Section 3.2.3) were raised during 
the calculation of TCA. For example, if all four flags are 
raised, the entire row of the top subplot would be filled, 
while if only flag 1 is raised, only the first row will be 
marked in black. This table-like flag plot is useful for 
investigating why, at certain times, the time-variant 
error variance, σTV

ε ; of SMAP SM data could not be 
calculated using TCA. The middle subplot shows SM 
values, with blue dots representing solely existence 
without the σTV

ε time series and pink dots indicating 
concurrent existence with the σTV

ε time series. The bot
tom subplot illustrates the associated σTI

ε and σTV
ε over 

Figure 4. Global map of available SMAP SM counts and time series of six randomly selected points from six continents, marked with 
red stars: North America (37.08°N, 93.92°W), South America (4.95°S, 67.78°W), Europe (48.58°N, 18.11°E), Africa (20.93°N, 5.04°E), Asia 
(27.10°N, 111.47°E), and Australia (22.44°S, 126.41°E). In the central global map, light purple indicates fewer available SMAP SM counts, 
while dark purple indicates more available SMAP SM counts. In the time series plot, there are three subplots. In the upper subplot, the 
black lines represent the points that satisfy flags (flag 1: correlation flag, flag 2: valid number flag, flag 3: fMSE flag, and flag 4: negative 
error variance flag). In the middle subplot, blue indicates SM values that do not coincide with σTV

ε , while pink indicates SM values that 
do. In the lower subplot, the green dot represents σTI

ε and the red dot represents σTV
ε .
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time, with the green dots representing σTI
ε and the red 

dots depicting σTV
ε . For example, in the bottom subplot 

(beneath the center map), which represents a point in 
Africa, the average SM value is around 0.05 (indicated by 
the blue dots in the middle subplot), and both σTI

ε and 
σTV

ε could not be calculated, as explained by the flag 
information in the top subplot. In contrast, the lower left 
subplot, representing a point in the Amazon region of 
South America, highlights fewer SM data points in vege
tated regions due to masking. These results highlight 
that even when SMAP SM data is available, the error for 
many SM values could not be calculated due to various 
factors, which represents a significant data loss for the 
SMAP mission. In summary, both σTI

ε and σTV
ε are not 

always concurrently available with the SMAP SM data, 
due to the issues highlighted in the top flag plots.

4.2. Analysis of spatial SMAP SM error patterns and 
their seasonality

Figure 5 presents the spatial maps of both σTI
ε and time- 

averaged σTV
ε on a global scale. In Figure 5(a), the σTI

ε 

shows higher error in wetter regions with dense vege
tation, such as the Amazon, and lower error in the drier 
regions, such as Australia. In Figure 5(b), the time- 
averaged σTV

ε values for each pixel were calculated to 
demonstrate the central tendency of SMAP SM σTV

ε . The 

time-averaged σTV
ε map resembles the overall error 

patterns of the σTI
ε map and fills in many of the gaps 

present in the σTI
ε map. Additionally, as seen in 

Figure 5(c), the standard deviation of σTV
ε was plotted 

in order to investigate its variability. The central ten
dency and variability of σTV

ε show similar patterns in 
certain locations, but not in others. For example, north
ern Africa has both low averaged σTV

ε and low SD of σTV
ε , 

whereas the Amazon shows high averaged σTV
ε and 

high SD of σTV
ε . On the other hand, Australia displays 

low averaged σTV
ε but high SD of σTV

ε . Since these areas, 
characterized by a higher SD in σTV

ε , are regions where 
reliance on σTI

ε is insufficient, calculating σTV
ε is particu

larly necessary in these regions for practical SMAP SM 
applications. Special attention should be given to these 
regions, particularly for LDA and data merging. In other 
words, areas with high SD of σTV

ε can benefit more from 
applying σTV

ε instead of σTI
ε . Moreover, the temporally 

averaged global map for fMSE, as explained in 
Equation (9) in Section 3.2.1, is provided in 
Figure 5(d). A lower fMSE indicates that the noise influ
ence is significantly lower than the SM signal, whereas 
a higher fMSE represents that noise has a stronger 
influence compared to the SM signal. For example, 
although northern Africa has a low averaged σTV

ε 

value, the high averaged fMSE indicates that the SM 

Figure 5. Global maps of (a) σTI
ε , (b) temporal mean of σTV

ε , and (c) temporal standard deviation of σTV
ε , and (d) temporal mean of fMSE.
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signal has relatively lower impact than the noise signal. 
Therefore, considering both σTV

ε and fMSE together 
provides a more comprehensive assessment of SM 
signal quality. For readers who are interested in explor
ing the spatial patterns of fMSE over all seasons, Figure 
S4 offers global maps of seasonal values for fMSE.

Furthermore, we investigated the spatiotemporal 
variation of σTV

ε , by making Hovmöller diagrams, 
a graphical tool commonly used in meteorology 
and climatology to display the temporal evolution 
of a spatial variable (Hovmöller 1949; Peng et al.  
2023; Wu et al. 2021). We employed this Hovmöller 
diagram to examine the spatial variability along 
a line of constant latitude. Figure 6 shows distinct 
seasonal patterns, particularly in regions closer to 
the poles where σTV

ε tends to increase during spe
cific periods. This finding is consistent with the fact 
that satellite-based SM retrievals are more prone to 
inaccuracy in areas that experience seasonal varia
tions, such as snow cover, freeze-thaw cycles, and 
changes in vegetation density. For example, during 
the winter months at higher latitudes (e.g. around 
60°N), the presence of snow and frozen ground can 
introduce significant uncertainty in SMAP’s SM 
retrieval, as the satellite’s ability to accurately detect 
SM is reduced under such conditions. This leads to 
an increase in σTV

ε , which is clearly depicted in the 
peaks observed at higher latitudes in the diagram.

The mid-latitudes (e.g. around 30°N) also exhibit 
some degree of seasonal fluctuation and this can be 
attributed to agricultural activities, precipitation varia
bility, and vegetative cycles that influence the accu
racy of SM retrieval. In contrast, lower latitudes (e.g. 
around 0°), where tropical climates dominate, gener
ally exhibit less seasonal fluctuation in σTV

ε , though 
still present periodic increases likely due to tropical 
rainfall or other localized events that temporarily 
affect SM accuracy.

Note that the use of a relatively large window size 
(201 points) in calculating σTV

ε , helps smooth out some 
of the data gaps that would otherwise be more pro
minent, given the challenges of consistent satellite 
retrieval in certain regions. However, despite this, 
some gaps in the time series remain, corresponding 
to periods when SMAP SM retrievals were unavailable 
(e.g. 2019 and 2022), further emphasizing the diffi
culty of consistently measuring SM in certain geo
graphic areas.

Overall, Figures 5, 6, and S4 highlight how the 
spatial and temporal distribution of σTV

ε is influenced 
by both seasonal and latitudinal factors. 
Comprehending these patterns is important for 
improving satellite-based SM error correction and 
ensuring more reliable data integration into LDA sys
tems, especially in areas prone to significant seasonal 
variation.

Figure 6. Hovmöller diagrams of latitudinal-mean σTV
ε . The areas close to the blue color indicate low values, whereas the red color 

represents high values.
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4.3. SMAP SM time-variant error prediction models

We utilized two thematic LGBM model architectures 
to develop the SMAP SM σTV

ε prediction models using 
different predictors: the external-source SMAP SM 
σTV

ε prediction model and the stand-alone SMAP SM 
σTV

ε prediction model. The external-source model 
utilized the GLDAS dataset as predictors, while the 
stand-alone model used the SMAP L3 and ancillary 
dataset as predictors. Additionally, to demonstrate 
the importance of the LGBM and DNN models’ ability 
to capture non-linear relationships in the data, we 
compared the results of the these models with those 
of the EN model, a form of multivariate linear regres
sion model. Hence, Figure 7 presents the prediction 
results for the combination of the two thematic pre
dictors (i.e. GLDAS-based vs. SMAP-based model) 
and the three model architectures (i.e. LGBM, DNN, 
and EN).

First, by comparing Figures 7(a,b), we observed 
that the stand-alone LGBM model demonstrates 
greater accuracy than the external-source LGBM 
model, as indicated by its closer alignment with 
the diagonal 1:1 line. We used Mean Absolute 

Error (MAE) as the evaluation metric because it 
assigns equal weight to all individual errors, making 
it less sensitive to outliers compared to MSE. The 
MAE for the stand-alone LGBM model is 0.006891, 
whereas the MAE for the external-source LGBM 
model is 0.008797. This indicates that the stand- 
alone model is better equipped to capture the 
dynamic properties of SMAP σTV

ε owing to the con
current acquisition of SM and other parameters 
from the same SMAP satellite mission. In addition, 
the stand-alone model offers an advantage in devel
oping the error prediction models as it involves 
fewer data preprocessing steps compared to the 
external-source model.

Next, Figure 7(c) shows the effectiveness of the 
stand-alone DNN model, with an MAE of 0.007249. 
Despite the DNN model exhibiting a slightly higher 
MAE compared to the LGBM model, the overall 
prediction outcomes remain closely aligned with 
the 1:1 line, indicating the potential of DL 
approach. This suggests that further research to 
find optimized DL model architecture could be 
beneficial. Furthermore, a comparison of Figures 7 
(b,c) with Figure 7(d) clearly demonstrates that 

Figure 7. Stand-alone model (LGBM, DNN, and EN) vs. external-source model. (a) external-source LGBM model, (b) stand-alone LGBM 
model, (c) stand-alone DNN model, (d) stand-alone EN model.
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both ML and DNN models outperform the EN 
model. The stand-alone EN model’s MAE is 
0.009489, which is even higher than that of the 
external-source LGBM model. This emphasizes the 
importance of accounting for non-linear relation
ships between predictors and σTV

ε values.

4.4. SMAP SM time-variant error reconstruction 
from stand-alone error prediction models

In the previous section, we observed that the 
SMAP data-based (i.e. stand-alone models) outper
formed both the external-source ML model and 
stand-alone EN model. Therefore, in this section, 
we focus on reconstructing σTV

ε values where SM 
and other SMAP predictors are available using two 
stand-alone LGBM and DNN models. For the LGBM 
model, we utilized the best hyperparameters iden
tified through Bayesian optimization to construct 
each annual model. We trained these LGBM annual 
models using all available datasets for supervised 
learning and then temporally concatenated the 
annual results. Using these trained models, we pre
dicted σTV

ε values for points where SM and other 
predictor values were available but σTV

ε values were 
missing. For the DNN model, we used the same 
annual models from Figure 7(c) for reconstruct 

σTV
ε , instead of retraining the model with all avail

able datasets, as was done with the LGBM model. 
This decision was made because re-training the 
DNN model is a time-consuming process. 
Furthermore, since we had previously split the 
data into training and testing sets with an 8:2 
ratio, we assumed that the training set sufficiently 
reflects the distribution of all available data.

Figure 8 illustrates the reconstructed SMAP SM σTV
ε 

from the stand-alone LGBM and DNN models. Please 
note that this map was produced by integrating the 
predicted σTV

ε values from LGBM and DNN models 
(hereinafter ensemble ML models), to improve the 
robustness of σTV

ε predictions. Figure 8(a) shows the 
temporal mean global map of the reconstructed σTV

ε 

values, while Figure 8(b) presents the temporal SD of 
the reconstructed σTV

ε values. The reconstructed σTV
ε 

values exhibit regional differences, with some areas 
showing lower and others higher central tendencies 
and variability compared to Figures 5(b,c), which 
depict the temporal mean and SD of σTV

ε prior to 
reconstruction.

To clearly compare the temporal mean and SD 
before (Figures 5(b,c)) and after the reconstruction, 
Figures 8(c,d) illustrate how the distribution of σTV

ε 

changed after reconstruction. This comparison high
lights the adjustments made by the reconstruction 

Figure 8. Global maps of (a) temporally averaged σTV
ε , (b) SD of σTV

ε , and (c) the difference between temporal averaged σTV
ε vs. temporal 

averaged reconstructed σTV
ε , and (d) the difference of temporal SD between before and after reconstruction. (i.e. raw – ensemble ML).
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process, showing where the models captured 
increased or decreased error variability, improving 
the representation of spatial and temporal dynamics 
in the reconstructed σTV

ε values. The blue regions in 
Figure 8(c) illustrate areas where the ensemble ML 
models yielded greater σTV

ε than raw values, such as 
northern Africa, while red regions show areas where 
the models produced lower σTV

ε than raw values, like 
the Amazon and central Africa. Similarly, in 
Figure 8(d), green regions indicate areas where the 

ensemble ML models produced higher variability in 
σTV

ε than raw values, such as northern Africa, 
whereas purple regions indicate areas where the 
models produced lower variability of σTV

ε than raw 
values, as seen in overall except of northern Africa.

In Figure 9, the central global map presents the 
ratio of recovery relative to the available SM counts, 
ranging from 0 to 1. This ratio is defined by dividing 
the count of reconstructed σTV

ε by the count of avail
able SMAP SM data. A value of 0 indicates that 

Figure 9. Global map of ratio of recovery relative to the available SMAP SM counts and time series of six randomly selected points from 
six continents, marked with red stars: North America (37.08°N, 93.92°W), South America (4.95°S, 67.78°W), Europe (48.58°N, 18.11°E), 
Africa (20.93°N, 5.04°E), Asia (27.10°N, 111.47°E), and Australia (22.44°S, 126.41°E). In the central global map, light purple indicates 
lower ratio of recovery, while green-blue indicates higher ratio of recovery. In the time series plot, there are three subplots 
corresponding to Figure 4. In the upper subplot, the black lines represent the points that satisfy flags (flag 1: correlation flag, flag 
2: valid number flag, flag 3: fMSE flag, and flag 4: negative error variance flag). In the middle subplot, blue indicates SM values that do 
not coincide with σTV

ε , while pink indicates SM values that do. In the lower subplot, the green dot represents σTI
ε and the red dot 

represents σTV
ε . The newly added elements compared to Figure 4 are the lgbm-reconstructed σTV

ε , shown in orange, and the dnn- 
reconstructed σTV

ε , shown in yellow.
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σTV
ε values were available whenever SMAP SM data 

was present, while a value of 1 means that all σTV
ε 

values were missing despite the availability of SMAP 
SM data. Regions with high recovery ratios are indi
cated in green-blue, while regions with low recovery 
ratios are shown in light purple.

To further illustrate the reconstruction results over 
time, Figure 9 also presents time series of both the 
LGBM and DNN reconstructed versions across the 
same randomly selected points as in Figure 4. The 
σTV

ε reconstructed by the LGBM model is shown by 
the orange scatter plots, whereas the σTV

ε recon
structed by the DNN model is indicated by the yellow 
scatter plots. Although the overall trends of both σTV

ε 

predictions are similar, slight differences in the spread 
are observed, particularly in locations with fewer raw 
σTV

ε data points, such as in South America, Africa, and 
Australia. These locations may exhibit reduced robust
ness in the proposed framework due to insufficient 
training data. Nonetheless, the predicted points 
reflect dynamic properties in response to the status 
of the predictors, as compared to σTI

ε .
Finally, for a more detailed sensitivity analysis, we 

utilized violin plots in Figure 10, categorized by LULC. 
These plots show the distribution of the error recov
ery ratio, shown in Figure 9, across different LULC 
types. BSV regions exhibit the highest median error 
recovery ratio, while Cropland/Natural Vegetation 
Mosaic (CNVM) has the lowest. Additionally, EBF 

regions, which has the highest SM values, but rela
tively low SM counts in Figure 3(c), has wide distribu
tion of recovery ratio. This result aligns with previous 
challenges in calculating σTV

ε in these areas, underscor
ing the limitations of SM retrieval in regions with 
complex land cover.

5. Discussion

The proposed error prediction model can provide the 
increase in the temporal resolution of SM error esti
mation, approximately 119.47% (Figures 9 and 10). 
This implies that LDA and data merging can benefit 
significantly from the current method, as it maximizes 
the possible error recovery rate, allowing for 
improved data integration and application. However, 
although the proposed error prediction model’s fea
sibility and robustness were shown, we identified 
several drawbacks. Thus, it is important to discuss 
the limitations and applications of the current study 
and compare our findings with those of previous 
research.

First, error recovery is not possible when predic
tor values are not concurrently available with SMAP 
SM. For instance, the “sand” variable in SMAP ancil
lary data does not always coincide with the avail
ability of SM in certain areas, resulting in still 
missing time-variant error results even when SMAP 
SM data is available. To overcome this issue, one 
potential approach can be to either filling the gaps 

Figure 10. Violin plots of the ratio of recovery relative to the available SM counts with respect to the LULC types.
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in the predictor variables before designing the error 
prediction model or replacing the predictor with an 
alternative data source. As shown in Figure 7(a), our 
results indicate that the GLDAS-based model per
forms reasonably well. Therefore, we expect that 
the proposed framework can incorporate some 
(though not all) variables from different sources 
when predictors from a single source are insuffi
cient to construct a stand-alone error prediction 
model.

Second, setting the threshold in TCA is arbitrary 
without the optimal selection process. Wu et al. 
(2023) set the window size of 101-day – roughly 
equivalent to our study’s 201 window (accounting for 
both AM and PM) – and set the threshold of minimum 
sample for σTV

ε to be 90. However, to obtain the suffi
cient number of time-variant errors, Wu et al. (2023) 
applied the temporal interpolation on the SMOS and 
SMAP SM datasets before applying TCA calculation. 
They mentioned that temporal interpolation method 
can induce additional errors into SM time series, but it 
has relatively small impacts. In contrast, to create train
ing dataset for supervised learning, our study set a low 
threshold (i.e. 25). This lower threshold allowed us to 
generate more σTV

ε values across different regions and 
time periods, however, it resulted in reduced robust
ness compared to using a higher threshold.

Third, our study only considers the one combina
tion of SM triplet acquired from SMAP, ASCAT, and 
GLDAS. Meanwhile, Gruber et al. (2017) employed SM 
datasets obtained from ASCAT, Advanced Microwave 
Scanning Radiometer for EOS (AMSR-E), and GLDAS as 
SM triplet, and Kim et al. (2023) explored various 
triplet combinations. Therefore, for future study, 
a more robust framework can be constructed by con
sidering multiple triplet combinations as suggested 
by these studies.

Finally, the methodology proposed in this study 
possesses considerable potential for broader applica
tions beyond SMAP SM data. This framework can be 
adapted to other satellite systems for hydrometeoro
logical variables such as SM data from the SMOS 
mission or precipitation data from the Global 
Precipitation Measurement (GPM) mission, enabling 
precise error prediction and offering a reliable solu
tion for estimating time-variant errors in a variety of 
remote sensing products. According to Wu et al. 

(2023), other SM products, such as ASCAT and 
SMOS, had superior efficacy in estimating SM 
dynamics under specific conditions based on land 
cover analysis. Therefore, further research may 
explore incorporating other SM products to estimate 
error characteristics and developing region-specific 
ML/DL models.

6. Conclusion

In this study, stand-alone triple collocation analysis 
(TCA)-based time-variant soil moisture (SM) error pre
diction models were developed using tree-based 
machine learning and deep learning methods: Light 
Gradient Boosting Machine (LGBM) and Deep Neural 
Networks (DNN). The SM dataset from Soil Moisture 
Active Passive (SMAP), Advanced Scatterometer 
(ASCAT), and Global Land Data Assimilation System 
(GLDAS) are utilized as the triplet to calculate the 
time-variant TCA error in SMAP SM estimates globally 
over the period from 2015 to 2023.

The robustness of the proposed stand-alone 
SMAP SM error prediction model was evaluated 
with that of a model developed using external 
datasets, such as GLDAS. The stand-alone LGBM 
model achieved an MAE of 0.0069, outperforming 
the external source model’s MAE of 0.0088 by 
approximately 21.7%. Furthermore, our recon
structed time-variant error standard deviation 
(σTV

ε ) by the proposed SM error prediction models 
results in an approximately 119.47% increase in 
the temporal resolution of σTV

ε on global scale. 
These findings demonstrated that the proposed 
error prediction models effectively capture global 
spatiotemporal changes in SMAP SM error under 
varying environmental conditions and can effec
tively retrieve error information whenever SMAP 
SM data is available, addressing a significant gap 
witnessed in previous SMAP applications.

As global environmental monitoring efforts con
tinue to expand, the ability to dynamically predict 
error characteristics will be critical for improving the 
accuracy and reliability of satellite-derived datasets. 
Knowing the accuracy of satellite-based SM data will 
eventually enhance land data assimilation (LDA) prac
tices and advance our understanding of Earth’s cli
mate processes. For future research, we anticipate 
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that the spatiotemporal dynamic error information of 
satellite-based SM data will not only support the pro
vision of data masking flags but also facilitate the 
merging of different SM products through diverse 
LDA methods.
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