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A fused soil moisture product integrating linear fusion 
method and error characteristics approach
Anuj Singh, C.T. Dhanya and M. Saharia

Department of Civil Engineering, Indian Institute of Technology Delhi, New Delhi, India

ABSTRACT
Soil moisture is critical for understanding the hydrological cycle and 
managing climatic extremes such as floods and droughts. This 
study evaluates the accuracy of satellite-derived soil moisture esti
mates from remote sensing satellite products Soil Moisture Active 
Passive (SMAP), Soil Moisture and Ocean Salinity (SMOS), and 
Advanced Microwave Scanning Radiometer-2 (AMSR-2) in the 
absence of ground observations. A selective fusion algorithm is 
introduced that enhances accuracy by fusing data only in regions 
where it improves the precision of soil moisture estimates, rather 
than applying a uniform fusion approach across all regions. Using 
Extended Triple Collocation (ETC) analysis, the error characteristics 
of individual satellite products are assessed across spatial, temporal, 
and meteorological aspects. Additionally, Mutual Information (MI) 
analysis with precipitation data quantifies the information content 
of each product to validate their effectiveness. Our results demon
strate that SMAP consistently exhibits the lowest error characteris
tics and highest information content. Notably, AMSR-2 shows 
superior performance in hot desert and semi-arid regions, high
lighting the need for a spatially adaptive fused soil moisture pro
duct. An integrated fusion algorithm, guided by a decision map 
based on these analyses, optimizes the selection of soil moisture 
products across India’s diverse regions. This decision map revealed 
the highest spatial coverage by SMAP (62.5%), followed by AMSR-2 
(25.7%) and SMOS (5.6%), with the remainder attributed to various 
combinations of products that provide superior soil moisture esti
mates in specific contexts. This modified fusion approach is imple
mented using a Linear Weight Fusion (LWF) technique, significantly 
enhancing the reliability of the resultant soil moisture product, 
particularly evident from its validation against data from three in- 
situ stations. The integrated approach not only refines the accuracy 
of satellite-derived soil moisture data but also provides a robust 
framework for enhancing hydrological model predictions, espe
cially in drought monitoring.

HIGHLIGHTS
● Performed Extended Triple Collocation (ETC) and Mutual 

Information (MI) analysis to evaluate and merge SMAP, AMSR- 
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2, and SMOS satellite-derived soil moisture estimates across 
India.

● Demonstrated that each product shows better results over 
a certain region, emphasizing the importance of region-specific 
product suitability.

● Developed a fused soil moisture dataset using ETC and MI 
informed Linear Weight Fusion (LWF) algorithm, enhancing spa
tial and temporal consistency over data-sparse Indian regions.

● Validated the fused product against in-situ observations 
(COSMOS) and model-based (GLEAM and ERA5) datasets.

● Proposed framework holds potential for integration of resulting 
product with land surface models for early-warning systems, 
water resource management, and climate impact studies under 
changing climate scenarios.

1. Introduction

Soil moisture is a key variable in the hydrological cycle which affects climate and weather 
patterns, by playing a vital role in regulating land-atmosphere interactions and influencing 
energy and water fluxes (Entekhabi 1995). Although it constitutes only ~0.15% of Earth’s 
freshwater, soil moisture significantly impacts ecological and agricultural systems by govern
ing plant growth, evapotranspiration, and the spatio-temporal availability of water (Dingman 
and Dingman 2015; Rodriguez-Iturbe 2000). Its variability is closely linked to climatic factors 
such as temperature and precipitation, and affects key land surface processes including energy 
partitioning, runoff generation, and vegetation dynamics (Huszár et al. 1999; Porporato, Daly, 
and Rodriguez-Iturbe 2004; Riley and Shen 2014; Rosenbaum et al. 2012; Si et al. 2023; Wang 
et al. 2019). Furthermore, soil moisture monitoring is essential for predicting extreme events 
like droughts and floods, and for assessing plant stress and crop yield responses under 
changing climate conditions (Erdenebat and Sato 2018, Ajaz et al., 2018; Vogel, Zscheischler, 
and Seneviratne 2018; Whan et al. 2015; Xu et al. 2020).

Soil moisture is typically monitored through in-situ measurements such as gravimetric 
method, neutron probes, electromagnetic methods, etc., and through remote sensing 
measurements such as microwave remote sensing, that ensures large-scale measure
ments (Engman and Chauhan 1995; Jackson, Schmugge, and Engman 1996; Schmugge, 
Jackson, and McKim 1980). Realizing the need for a well-distributed soils moisture net
work across the world, in 2009, International Soil Moisture Network (ISMN) was estab
lished to validate and calibrate model and satellite-based data using a global in-situ soil 
moisture database comprising 3202 stations across 80 networks (https://ismn.earth/en/ 
dataviewer/). However, the sparse distribution of these stations posed challenges in 
validating the data at continental-scales, particularly in regions like India where stations 
are few (W. A. Dorigo et al. 2011, 2013). The Indian COSMOS Network (ICON), using Cosmic 
Ray Neutron Probe (CRNP) technology, offers data from merely seven major stations and 
therefore lacks sufficient coverage for comprehensive validation across diverse climatic 
zones in India (Upadhyaya et al. 2021; Zreda et al. 2012).

Due to the limited spatiotemporal coverage of in-situ data, satellite-derived soil 
moisture datasets are increasingly used for hydrological and climate studies (Nouri and 
Homaee 2021). Missions such as Soil Moisture Active Passive (SMAP) (Entekhabi et al.  
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2010) and Soil Moisture and Ocean Salinity (SMOS) (Al Bitar et al. 2017), deploy different 
algorithms to convert passive microwave data into soil moisture, resulting into diverse 
mean, variance, and skewness in these products. These have been already applied to soil 
moisture products like Advanced Microwave Scanning Radiometer (AMSR)-E (Jackson  
1993; Jones et al. 2009; Koike et al. 2004; Njoku, Jackson, and Chan 2004; Owe, de Jeu, 
and Walker 2001). This use of multiple algorithms to retrieve soil moisture data makes it 
difficult to determine which technique is most accurate.

In the absence of reliable ground truth, statistical approaches such as Triple Collocation 
Analysis (TCA) (Stoffelen 1998) are widely employed to assess satellite soil moisture product 
performance (Cheema, Bastiaanssen, and Rutten 2011; W. A. Dorigo et al. 2010; Draper et al.  
2013; Scipal et al. 2010, 2008; Xu et al. 2021). Additionally, several studies leveraged the 
relationship between soil moisture and precipitation variability to evaluate satellite soil 
moisture accuracy; for example, Tuttle and Salvucci (2014), Salvucci (2001), Karthikeyan and 
Kumar (2016), Huggannavar and Indu (2020), Krishnan, Pradhan, and Indu (2022) deployed 
variety of approaches including Mutual Information (MI), water balance method, influence of 
land use and elevation on satellite-derived soil moisture etc.

Beyond evaluation, many studies attempted to fuse different datasets with diverse char
acteristics to generate merged soil moisture products through various fusion approaches like 
Linear Weight Fusion (LWF), Non-Linear Weight Fusion, Artificial Neural Network (ANN), 
Copula-based data fusion, Multiple Linear Regression, and Least Square Method (Das et al.  
2016; Kim et al. 2015; Liu et al. 2012; Santi et al. 2018; Xie et al. 2022). More recent advances 
have emphasized the importance of accounting for spatially and temporally varying error 
characteristics during fusion. For example, Gruber et al. (2017) introduced a triple-collocation 
based merging scheme that adapts weights according to regional error statistics, Zhou et al. 
(2021) proposed a two-dimensional (time-space) triple collocation framework to address non- 
stationary error structures, Peng et al. (2021) demonstrated the integration of model simula
tions and satellite products for high-resolution soil moisture estimates in Great Britain, and 
Zhao et al., (2024) compared traditional triple collocation techniques with deep learning 
approaches such as Long Short Term Memory (LSTM) network for adaptive soil moisture 
fusion. Collectively, these studies highlight the necessity of spatially adaptive schemes to 
improve fused products. Therefore, understanding and incorporating spatially varying error 
structures into the fusion framework is essential for improving soil moisture estimates.

Addressing these gaps, in this study we aim to analyse the error structure of the widely used 
soil moisture products such as SMAP, AMSR-2, and SMOS, by performing Extended Triple 
Collocation (ETC) analysis (McColl et al. 2014), followed by a validation of these products using 
a MI analysis to explicitly evaluate and optimize multi-sensor fusion across the highly hetero
geneous hydro-climatic regions of India, where the absence of dense in-situ observations 
presents additional challenges. Further, we propose a novel stepwise fusion algorithm con
sidering the spatial error characteristics to obtain a merged soil product with minimized error 
characteristics.

The sections of the study are structured as follows. Section 2 describes the study area and 
data used in this study. The methodology used for a comprehensive evaluation of soil moisture 
datasets is outlined in Section 3. In Section 4, we discuss the ETC and MI analysis, followed by 
fusion of the soil moisture products based on the decision map and the validation of newly 
formed soil moisture products. The study concludes with Section 5, elaborating the conclu
sions drawn from this study and the implications of the findings.

INTERNATIONAL JOURNAL OF REMOTE SENSING 3



2. Study area and data used

We selected the Indian region, to demonstrate the proposed methodology, due to its diverse 
hydrometeorological characteristics. The dependency on monsoon-fed agriculture in India 
makes the study of soil moisture dynamics particularly vital. The region’s agriculture heavily 
relies on accurate soil moisture data to optimize irrigation practices, enhance crop yields, and 
refine the forecasting accuracy of climatic extremes through hydrological models. The study 
utilizes Köppen-Geiger climatic classification map to analyse and visually depict the spatial 
variability of results across India. The Köppen-Geiger classification map is derived using three 
air temperature (WorldClim V1 and V2, CHELSA V1.2) and four precipitation (WorldClim V1 and 
V2, CHELSA V1.2, and CHPclim V1) climatic datasets (Beck et al. 2018). For Indian region, six 
major climatic zones constitute for more than 90% among all the climate types which 
specifically includes Am (Tropical Monsoon Climate), Aw (Tropical wet and dry or savanna 
climate), Cwa (Monsoon), BSh (Hot semi-arid climate), BWk (Cold desert climate), and BWh (Hot 
desert climate), as shown in Figure 1.

2.1. Soil moisture data

We considered three passive satellite retrieved soil moisture datasets, one model-based 
soil moisture product, and one active soil moisture product, as detailed in Table 1.

2.1.1. Passive soil moisture products
Level 3 passive satellite-retrieved soil moisture products, such as SMAP (Entekhabi et al.  
2010; ONeill et al. 2023), AMSR-2 (Teng and Parinussa, 2021) and SMOS (Al Bitar et al. 2017) 
are used, these products aggregate both ascending and descending overpasses into 
single daily composite product. All three products are in volumetric units, i.e. m3/m3 to 
facilitate comparative analysis. These satellites measure brightness temperature (TB) in 
Kelvin [K], which is then converted into soil moisture values using distinct retrieval 
algorithms for each of the satellite. Among them, SMAP works in L-band (~1.41 GHz), 
AMSR-2 works in X-band and SMOS again works in L-band (~1.40 GHz). Despite SMAP and 

Figure 1. Köppen-Geiger climatic classification over India.
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SMOS operating on similar frequencies, different algorithms deployed for retrieval makes 
them independent of each other. All the products are rescaled using bilinear interpolation 
considering SMAP L3 enhanced product as the reference.

2.1.2. Model-based soil moisture product
Global Land Data Assimilation System (GLDAS; Rodell et al. 2004), is an advanced land surface 
modelling and data assimilation system to produce highly accurate land surface states. GLDAS 
drives three main land surface models, i.e. Catchment Land Surface Model (CLSM), Noah, and 
Variable Infiltration Capacity (VIC). Each model utilizes unique sets of land surface character
istics and meteorological forcing datasets for simulation. For this study, GLDAS CLSM version 
2.2 which integrates meteorological analysis fields obtained from the operational European 
Centre for Medium-Range Weather Forecast (ECMWF) Integrating Forecasting System is 
selected. We used the improved GLDAS products assimilated using the total terrestrial water 
anomalies data from Gravity Recovery And Climate Experiment (GRACE) satellite (Li et al. 2019), 
available from 2003 to 2023. The GLDAS CLSM daily soil moisture product is available at 0.25° 
spatial resolution. Soil moisture values in kg/m2, are converted into volumetric units (m3 /m3) 
using the corresponding soil depth layer to standardize the unit of measurement and facilitate 
comparison with other satellite-derived soil moisture products.

2.1.3. Active soil moisture product
We used European Space Agency-Climate Change Initiative (ESA-CCI) ACTIVE SM version 08.1, 
an active soil moisture product in this study. ESA-CCI offers three soil moisture datasets – 
passive, active, and combined: facilitating integration of new instruments during its opera
tional phase. The active product integrates data from three active sensors, i.e. Active 
Microwave Instrument-WindScat (AMI-WS), ASCAT-A, and ASCAT-B (Advanced 
SCATterometer). These sensors estimate soil saturation degree (%) using the Soil Water 
Retrieval Package and reference backscattering coefficients for extreme dry and wet condi
tions (Zhu et al. 2019). To convert soil saturation to volumetric moisture (m3 /m3), the product is 
scaled using global soil porosity data from the GLDAS-CLSM Soil Porosity Map (https://ldas. 
gsfc.nasa.gov/gldas/soils).

2.1.4. In-situ soil moisture data
This study used in-situ soil moisture daily data from 2016 to 2019 at three stations- Berambadi 
(BMB), Madahalli (MDH), and Singanallur (SGR), belonging to the Indian COSMOS Network 
(ICON) (Upadhyaya et al. 2021); for the fused product validation purpose. These stations use 
Cosmic Ray Neutron Probe (CRNP) sensors, which provide area-integrated soil moisture 

Table 1. Different soil moisture products used in the study.

Sensor Product File naming convention
Time 

period Band Resolution References

Passive SMAP L3_SM_P_E 2016–2019 L-band 9 km Entekhabi et al. (2010)
AMSR-2 LPRM_AMSR2_L3_DS_D 2016–2019 X-band 10 km Teng and Parinussa (2021)
SMOS SM_RE07_MIR_CLF3SD 2016–2019 L-band 0.25°×0.25° Al Bitar et al. (2017)

Model GLDAS GLDAS_CLSM025_DA1_D2.2 2016–2019 0.25°×0.25° Rodell et al. (2004)
Active ESA-ACTIVE ESACCI_L3_ACT 2016–2019 0.25°×0.25° W. Dorigo et al. (2017); 

Gruber et al. (2019); 
Preimesberger et al. 
(2021)
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estimates at the field scale and are primarily sensitive to near-surface soil layers. The ICON 
observations are independent of satellite-based soil moisture retrievals and serve as reference 
data for product evaluation.

2.2. Gridded precipitation dataset

We used the daily gridded rainfall dataset at 0.25°×0.25° resolution by India Meteorological 
Department (IMD) (Pai et al. 2014), prepared from daily rainfall records from around 6955 rain 
gauge stations over the country using Shepard method (Shepard 1968). The dataset is 
adjusted for orographic and other factors (Bharti et al. 2016; Pai et al. 2015), and ensures 
accurate representation of regional rainfall.

2.3. Irrigation data

Irrigation data through Global Map of Irrigation Areas – Version 5.0 (Siebert et al., 2013) at 5 arc 
minutes (~0.08°) resolution from Food and Agricultural Organization (FAO) is used. It utilizes 
annual data on irrigation water withdrawal (m3) gathered at national and sub-national levels 
and is disseminated through FAO’s global water database, AQUASTAT (https://www.fao.org/ 
aquastat/en/).

3. Methodology

All soil moisture datasets are rescaled to the SMAP spatial grids for the period 2016 to 
2019. Considering the 2–3 days revisit times of SMAP/SMOS, this study period provided 
more than 400 collocated observations per pixels. Triplets of the soil moisture data are 
then formed, with passive-model-active combination, ensuring independence and zero 
error cross correlation among the datasets. The triplets formed, where the model and 
active data remain the same in all the three triplets, are structured as follows.

Triplet 1 - [SMAP – GLDAS – ESA_ACTIVE]
Triplet 2 - [AMSR_2 – GLDAS – ESA_ACTIVE]
Triplet 3 - [SMOS – GLDAS – ESA_ACTIVE]
Further, we developed a two-step analytical approach to evaluate the spatio-temporal 

error characteristics of these soil moisture products: (i) an Extended Triple Collocation 
(ETC) analysis to evaluate the spatio-temporal error characteristics of soil moisture pro
ducts, and (ii) a validation using Mutual Information (MI) analysis between precipitation 
data and soil moisture products. ETC and MI analyses are performed to quantify the biases 
in soil moisture products and assess their dependencies on precipitation. The error 
variance from ETC and maximum information from MI for each grid are then considered 
in a decision map. This map suggests the best accurate soil moisture product at each grid 
point spatially over the entire domain at 9 km spatial resolution.

Further, comprehensive insights derived from these analyses are integrated into 
a fusion algorithm, while merging the datasets based on least error characteristics and 
highest information content of a specific dataset at a particular grid point. The overall 
methodology adopted in this study is shown as a flowchart in Figure 2.

A brief description of the methods adopted is provided below.

6 A. SINGH ET AL.
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3.1. Extended triple collocation

TCA is a robust statistical method extensively applied to evaluate the accuracy of satellite- 
retrieved soil moisture products by quantifying systematic biases and random errors 
(Stoffelen and Vogelzang 2012), particularly in scenarios devoid of in-situ data. It has 
four major assumptions: the linearity between true and observed soil moisture, 

Figure 2. Workflow flowchart to generate new soil moisture product using ETC & MI analysis.
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orthogonality of errors relative to true soil moisture, zero error cross-correlations across 
independent datasets, and a minimum of 100 independent collocated observations are 
required in the sample to ensure the statistical robustness (Gruber et al. 2016; Scipal, 
Dorigo, and DeJeu 2010). These assumptions ensure that TCA can effectively isolate and 
quantify the random errors inherent in each dataset without any ground truth reference. 
The basic error model in TCA is given as: 

which says that the retrieved soil moisture (SM, m3/m3) in each pixel is expressed as a linear 
relationship between true soil moisture (t;m3/m3) and random error (ε), where α and β are the 
coefficients that represent intercept and slope of the linear relationship between true and 
observed soil moisture. Further, the error variance, σ2

εi 
and correlation coefficients, ρ2

t;SMið Þ
are 

expressed as: 

where Qij denotes the covariance matrix and i; jð Þε 1; 2; 3½ � signifies the three different 
passive products of each triplet. Lower error variance values depict more accurate and 
reliable dataset, whereas higher correlation coefficient implies stronger association 
between soil moisture measurements and dataset measurements.

3.2. Mutual information

MI analysis is utilized to quantify the non-linear dependencies between soil moisture and 
precipitation, as an indirect performance analysis of satellite soil moisture products. MI 
values help to assess the relationship between observed precipitation and soil moisture. 
A higher MI value suggests a strong relationship, indicating that the changes in soil 
moisture levels are closely associated with the changes in the precipitation. MI of two 
variables X and Y are expressed as, 

where p x; yð Þ denotes the joint probability distribution of variables X and Y, and 
p xð Þandp yð Þ signify the marginal probability distribution of variables X and Y respectively.

3.3. Linear weight fusion

LWF technique is applied on those grids where fusion of soil moisture data is suggested by the 
decision map. When multiple datasets are required to fuse at a specific pixel, weights are 
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calculated (Xie et al. 2022) for each satellite soil moisture measurement. The weights are 
computed using the error variance (σ2

ε ) values from ETC method, as shown in Equation 4. 

When only two datasets are considered for fusion as per the decision map, the weights 
are computed as, 

When only one of three surface soil moisture datasets is available, that dataset will be 
used right away during the fusion process with weightage of unity and zero weightage to 
the others.

Finally, fused soil moisture value at a pixel is calculated as, 

where (w1;w2;w3) signifies the weightage value assigned to each of the three-satellite 
dataset and (SM1; SM2; SM3) depicts the corresponding satellite soil moisture values for 
the pixel.

4. Results and discussion

4.1. Quantification of bias in satellite soil moisture data

Error structure in the soil moisture data is quantified spatially over India by calculating the 
error variance (σ2

ε ) and correlation coefficient (ρ2) using ETC analysis. Spatial variation of 
the 90th percentile of error variance (σ2

ε ) and correlation coefficient (ρ2), for SMAP, AMSR-2, 
and SMOS, are depicted in Figure 3.

SMAP exhibits least error variance in the range 0–0.002, covering around 65.9% of 
India. While, for the same error variance range, the coverage of AMSR-2 is limited to only 
29%, followed by SMOS with the least spatial coverage of 19%. Lower error variance 
metric implies less variability of satellite retrieved data with respect to ground truth, 
suggesting higher accuracy and reliability. To provide a more comprehensive evaluation, 
correlation coefficients were also analysed to assess the agreement between satellite- 
derived and ground truth data. It reflects the ability of satellite data to track ground truth 
variations, offering insights into the overall accuracy and consistency of the dataset. For 
the range of 0.8–1, SMAP has 38%, which reduced to 22.6% for AMSR-2 and 15% for SMOS, 
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underscoring the superior performance of SMAP in terms of providing accurate soil 
moisture data.

A comprehensive analysis of error structure of individual dataset showed that SMAP 
has minimum variability of error variance values with median lying at 0.0014, followed by 
AMSR-2 at 0.0032 and SMOS with the highest median at 0.0038 (Figure 4). This signifies 
the lowest variability of the SMAP dataset with respect to actual ground data. In terms of 
correlation coefficient values, SMAP showed the highest correlation coefficient values 
with median lying at 0.746, followed by AMSR-2 and SMOS at 0.639 and 0.615 respec
tively. The pattern suggests that SMAP not only offers lower error variances but also 
maintains higher reliability in capturing soil moisture dynamics when compared to AMSR- 
2 and SMOS.

Figure 3. Spatial distribution of (a) error variance and (b) correlation coefficient for three datasets – 
SMAP, AMSR-2, and SMOS.

Figure 4. Dispersion of (a) error variance and (b) correlation coefficient (right) for datasets (SMAP, 
AMSR-2, SMOS) respectively, shown as boxplots.
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Notably, it was hypothesized that SMAP, operating in L-band (~1.41 GHz) and featuring 
Radio Frequency Interference (RFI) mitigation techniques, would outperform other pro
ducts over India (Chakravorty et al. 2016). However, a comparative analysis (Figure 5) 
revealed that while SMAP generally exhibited low error variances, it showed limitations in 
accurately capturing soil moisture in BWh (hot desert) and BSh (hot semi-arid) climatic 
zones, particularly in western and south-western regions of India. This was evident by 
SMAP’s reduced correlation coefficients in these areas, suggesting a weaker relationship 
with ground data. Conversely, AMSR-2 demonstrated superior performance in these 
climatic zones, with lower error variances and consistently higher correlation coefficients, 
thus effectively capturing soil moisture dynamics. AMSR-2’s robust performance in arid 
regions may be attributed to its sensor’s resilience to sunlight, clouds, and dust alongside 
its efficiency in analysing surface moisture in sparsely vegetated areas (Wu et al. 2016; 
Gade et al., 2023; Rao & Chaudhari, 2009). This efficacy is further supported by its 
extensive spatial and temporal data coverage, which provides a more reliable sample 
for error analysis (Hu et al. 2022).

This analysis underscores AMSR-2’s adaptability to BWh and BSh zones, suggesting that 
soil moisture retrieval algorithms for SMAP require re-evaluation to improve accuracy in 
these areas. Ma et al. (2019) also highlighted the need for further improvement in the 
L-band (SMAP, SMOS) products in tropical or desert regions. Therefore, AMSR-2’s observa
tions may be preferentially weighted in these climatic zones to enhance the fused 
product’s reliability and accuracy.

The seasonal dynamics of error variance are examined, as shown in Figure 6. The spatial 
plots of temporal variation of error are shown in the supplementary material (Figure S1). 
This analysis explores how error variance fluctuates over the seasons as categorized by 
IMD: Winter (January-February), Pre-monsoon (March-April-May), Monsoon (June-July- 
August-September) and Post-monsoon (October-November-December). A consistent 
increase in error variance was observed across all three products (SMAP, AMSR-2, SMOS) 
during the onset of monsoon, with SMAP exhibiting the smallest increase. The increase in 
error variance can be attributed to dynamic changes in vegetation cover, including dense 
vegetation growth during the monsoon which can attenuate microwave signals differ
ently, leading to uncertainties in soil moisture retrievals. During the pre-monsoon season, 
an increase in error variance was noted, potentially influenced by extensive irrigation 

Figure 5. Spatial variation of error structure of (a) SMAP, (b) AMSR-2, (c) SMOS over six major climatic 
zones of India (Am, Aw, BWh, BWk, BSh, Cwa).
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activities for agriculture, causing more attenuation and dispersion of microwave signals. 
Moreover, the inherent coarser resolution of original SMOS and AMSR-2 products con
tributes to discrepancies in capturing small-scale soil moisture variability, particularly 
problematic in areas with diverse land cover, where finer spatial resolution is crucial for 
accurate soil moisture detection, leading to increased error variance in these products. It is 
deduced from this comprehensive analysis that data fusion strategy should be applied 
consistently throughout the year rather than limiting to specific time period of the year, to 
accommodate the temporal variability observed across different seasons.

4.2. Influence of rainfall and irrigation

Satellite-retrieved data captures the surface soil moisture layer up to few centimetres i.e.  
~ (3–5) cm, the layer that quickly responds to precipitation events, outcomes of which are 
distinctly reflected in the soil moisture datasets. This study quantitatively assessed the 
correlation between soil moisture and precipitation across India’s diverse climatic zones. 
SMAP consistently demonstrated highest correlation coefficients, indicating its superior 
capability to accurately capture precipitation events when compared to AMSR-2 and 
SMOS data. For this purpose, we used standard Level-3 daily soil moisture products, 
which provide daily composites rather than separate AM and PM overpass retrievals. 
Therefore, the results are based on daily aggregated values rather than specific overpass 
time. The overpass timing can influence soil moisture-precipitation relationships, 

Figure 6. Seasonal variation between soil moisture and error variance.
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particularly in regions such as India where afternoon precipitation events and irrigation 
activities introduce strong diurnal variability. Because daily aggregated products were 
used, these diurnal effects are partially smoothed in our analysis. Importantly, all datasets 
were evaluated under the same daily temporal framework, ensuring that the relative 
performance comparison and fusion outcomes remain valid. MI analysis was subse
quently performed based on these correlations, providing a robust framework for asses
sing the complementary information content of the different datasets. Future studies 
could explore explicit AM versus PM retrievals to better capture diurnal soil moisture 
dynamics.

Further, the seasonality of soil moisture and precipitation data when averaged spatially 
across India (Figure 7(a)) reinforced the robust performance of SMAP, with highest 
correlation of 0.93 with IMD precipitation dataset, higher than SMOS at 0.84 and AMSR- 
2 at 0.65. This comprehensive evaluation, incorporating ETC and considering spatial, 
temporal, and meteorological aspects, conclusively shows that the SMAP outperforms 
AMSR-2 and SMOS across most regions of India.

While SMAP demonstrated the highest correlation with precipitation indicating robust 
tracking of precipitation-induced soil moisture variations, it is important to note that not 
all the soil moisture variations can be attributed to rainfall, and there may exist high soil 
moisture values even in the absence of precipitation events, showcasing weaker relation
ship between them (Figure 7(b)). As in most of the agricultural regions in North India, 
irrigation practices are adopted to meet the water demand of the crops throughout 
various stages of growth. Irrigation factor, independent of rainfall, significantly alters 
the soil moisture profiles. Therefore, we investigated the ability of SMAP soil moisture 
product to capture irrigation events. Rainfall ≥ 0.5 mm/day and <0.5 mm/day are used to 
consider a rainy and non-rainy event respectively, as very light precipitation is statistically 
unreliable for both the rain gauge stations and satellite precipitation measurements 
(Chaudhary and Dhanya 2020; Sunilkumar et al. 2015; Tang et al. 2015). As soil moisture 
value fluctuates between 0 and 1, implying very dry and saturation conditions respec
tively, a range of 0.25 to 0.55 is considered as an optimum soil moisture value for plant 
growth as it covers most of the soil types (including sandy, loamy, silty, clay and their 
different combinations) under various climatic conditions across India (following the 
conclusions derived by Archontoulis et al. (2020) and Dietzel et al. (2016)). Further, we 

Figure 7. (a) Seasonality of (SMAP, AMSR-2, SMOS) soil moisture and IMD precipitation data, spatially 
averaged over whole India, (b) correlation of SMAP soil moisture with IMD precipitation data.
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hypothesize that when precipitation is <0.5 mm/day but soil moisture value is >0.25 m3/ 
m3; it reflects a miss event, highlighting the potential irrigated regions where existing soil 
moisture values are high in the absence of rainy events, otherwise it reflects a hit event 
where precipitation is >0.5 mm/day and soil moisture value is >0.25 m3/m3. The spatial 
variation of hit and miss events is shown in Figure 8(a). It was noticed that most of the 
resulting grid points of miss events are lying in Indo-Gangetic plain (Figure 8(b)) which is 
proved to be the largely irrigated area over India region.

Upon comparing the results with FAO irrigation data of the parameter ‘percentage of 
area equipped for irrigation’ (shown in Figure 8(c)), it was observed that the percentage of 
area equipped for irrigation lying between 60% and 100%, predominantly covering the 
Indo-Gangetic plains, is accurately represented by SMAP data. The temporal analysis 
further revealed that these irrigation signatures prominently emerge during the rabi 
crops season (October-December), a period characterized by minimal rainfall in India. 
Consequently, irrigation practices predominantly meet the crop water requirement dur
ing this season. While SMAP dataset effectively captures irrigation patterns, particularly in 
Indo-Gangetic plains, it also indicates other parts of eastern and south-western regions of 
India as irrigated areas. It can be attributed to the higher rainfall in the regions, which 
naturally maintains high soil moisture values, thus challenging the threshold condition 
used for detecting irrigation signals. Hence, a deeper investigation into differentiating 
irrigation-induced and rainfall-induced soil moisture variations, while considering diverse 
soil types, crop types, and climatic conditions across India, is required to optimize soil 
moisture assessments for improved agricultural and hydrological modelling.

4.3. Assessing satellite soil moisture and precipitation dependency

In the absence of a dense network of in-situ ground stations in India, this study considered 
large-scale precipitation data as a proxy to validate satellite-derived soil moisture pro
ducts. By analysing the joint and marginal probability distributions, MI values are calcu
lated to quantify the non-linear relationship between soil moisture and precipitation. 
Higher MI values indicate a strong alignment of satellite soil moisture data with observed 
precipitation patterns, that further indicate an effective validation of the product. This 

Figure 8. (a) grid points corresponding to hit and miss events, (b) potential irrigated grid points (using 
SMAP), (c) percentage of area equipped for irrigation.
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method provides a critical assessment tool in regions where conventional ground-based 
validation is limited.

After calculating MI values between each of SMAP, AMSR-2, and SMOS product with 
respect to IMD precipitation data, a choice map based on MI analysis is plotted. Figure 9(a) 
illustrates the grids where SMAP/SMOS/AMSR displayed the highest MI value. SMAP 
covered around 60% area with highest MI value, followed by AMSR-2 in 30%, and SMOS 
in 10%. The corresponding high MI values at each grid are shown in Figure 9(b).

Notably, AMSR-2 again showed high MI values in the western and south-western 
Indian regions (Figure 9(a)), which re-confirmed its superior performance from ETC 
analysis, i.e. in BWh and BSh climatic zones (detailed comparison is shown in Figure S2). 
A potential reason for AMSR-2 soil moisture product’s enhanced performance in these 
areas could be its frequent observations cycle with more spatial coverage under 2 days 
temporal resolution in comparison to SMAP and SMOS, which enables more effective 
monitoring of soil moisture fluctuations in regions characterized by limited rainfall and 
high evaporation rates.

4.4. Generation of final fused product

The best grid points for each satellite product SMAP, AMSR-2, and SMOS were identified 
based on ETC analysis, i.e. grid points with lowest error variance and highest correlation 
coefficient values. A comparative analysis between the best grid points of AMSR-2 
product from ETC and those from MI analysis revealed a remarkable consistency in 
AMSR-2’s performance across both the methodologies. This consistent performance 
suggests that though SMAP is better for the majority of the grids, AMSR-2 should be 
preferentially included for regions where it showed superior performance (highlighted in 
Figure S2). Such integration could leverage the strengths of AMSR-2 in capturing soil 
moisture dynamics under these specific climatic conditions. The comprehensive analysis 
of all the grid points across Indian region at a spatial resolution of 9 km further elaborates 

Figure 9. (a) choice map from MI analysis indicating which data is best at a certain grid point i.e. SMAP 
(blue), AMSR-2 (yellow), SMOS (green). (b) MI value corresponding to selected dataset.
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diverse scenarios emerging from both ETC and MI analysis. Through MI, the best- 
performing grid points were identified for SMAP, AMSR-2, and SMOS individually, high
lighting the specific regions where each product excels. ETC further extended this 
evaluation by incorporating the combined performance of multiple products. This analy
sis revealed regions where SMAP, AMSR-2, or SMOS performed optimally as single 
products, as well as areas where combinations of two or more products, such as (SMAP 
& AMSR-2), (AMSR-2 & SMOS), or (SMAP & SMOS), achieved superior accuracy. Notably, 
certain grid points demonstrated the highest reliability when all three products (SMAP, 
AMSR-2, & SMOS) were utilized together. Following these findings, a decision map was 
created (Figure 10) showing the relative efficacy of individual and combined products, as 
it illustrates the distribution of best soil moisture products over India. The decision map 
improves soil moisture retrieval accuracy and reliability by identifying places where either 
specific or a combination of products perform the best.

Contrary to typical approaches in the existing literature, which often apply a uniform 
fusion algorithm across the entire study area without considering the strengths and 
weakness of the individual datasets, we questioned the necessity of fusion at each specific 
grid point, and suggested fusion only where it adds value, thereby enhancing the 
precision and applicability of the final fused soil moisture dataset. The decision map 

Figure 10. Final decision map showing distribution of satellite products (SMAP, AMSR-2, SMOS).
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excludes those grid points where a single dataset (either SMAP, AMSR-2, or SMOS) is the 
best from the fusion process, i.e. linear weight fusion algorithm will retain the original 
dataset for those locations. Conversely, at grid points where the decision map identifies 
a combination of two or all three datasets (SMAP, AMSR-2, SMOS), the fusion algorithm 
engages Equation 4 or 5, respectively. These equations integrate the error variance 
derived from the ETC analysis to calculate and assign appropriate weightages to each 
dataset. Subsequently, Equation 6 is applied to fuse the datasets, to generate 
a comprehensive soil moisture value for each grid point as indicated by the decision 
map. This method ensures that the fusion process is dynamically adjusted to enhance soil 
moisture estimation accuracy based on the specific data characteristics and error metrics 
of each grid point.

The LWF algorithm integrates the three soil moisture products from 2016 to 2019, 
resulting in a synthesized soil moisture dataset, as presented in Figure 11. The final fused 
product is expected to exhibit enhanced potential for assimilation into hydrological 
models, especially for applications in drought monitoring.

4.5. Performance analyses of fused product

Initially, ETC analysis is reapplied to evaluate and compare the error characteristics of the 
fused product against those of the original individual datasets. This step ensures that any 
improvements in error metrics due to the fusion process are quantitatively assessed. 
Subsequently, the fused product is assessed against the modelled/reanalysis soil moisture 
datasets, i.e. GLEAM and ERA5. Correlations are calculated and spatially plotted for the 
relationships between the fused product and GLEAM, as well as fused product and ERA5. 
Given that the decision map indicates SMAP as the optimal product across more than 85% 
of the spatial domain, these correlation plots are then compared with those of SMAP 
against GLEAM and ERA5. The analysis highlighted areas where the fused product out
performs SMAP, with the observed differences being consistent across both GLEAM and 
ERA5, particularly in regions where the decision map does not identify SMAP as the best 
product. Finally, the accuracy of the fused product is validated by comparison with in-situ 
soil moisture data from three stations: Singanallur (SGR), Madahalli (MDH), and Berambadi 
(BMB), which are included in the Indian COSMOS Network (ICON). This comprehensive 
validation approach provides a robust assessment of the fused product’s performance, 
ensuring its reliability for practical applications in hydrological modelling and monitoring.

Figure 11. LWF applied to dataset (a) SMAP, (b) SMOS, (c) AMSR-2 in order to produce (d) fused 
product.
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4.5.1. Performing ETC on fused soil moisture product
ETC analysis was conducted with the fused product included with the triplet config
uration [FUSED PRODUCT – GLDAS – ESA_ACTIVE], replacing the passive products 
that included (SMAP, AMSR-2, SMOS). This process of reapplication of ETC on the 
fused product was carried out as a diagnostic and consistency analysis to examine 
the relative error characteristics of the fused product under same reference frame
work used for the input datasets. It is important to note that this analysis does not 
represent an independent validation of the fused soil moisture product, and the 
primary and independent evaluation of the fused product is based on in-situ soil 
moisture measurements (Section 4.5.3.). The ETC results presented here are intended 
to provide insights into changes in error and correlation structure following the 
fusion process. The spatial plots of ETC analysis, as shown in Figure 12, indicate 
that the fused product generally exhibits lower random error variance and higher 
correlation coefficients relative to individual passive products, particularly in regions 
where SMAP previously underperformed, such as BWh and BSh climatic zones of 
western and south-western India. This improvement highlights the efficacy of inte
grating AMSR-2 characteristics, which are particularly robust in arid zones, into the 
fused product. Overall, this analysis suggests that the decision map-based fusion 
framework effectively adapts to regional differences in product performance and 
improve the internal consistency of soil moisture estimates across diverse hydro- 
climatic regimes in India.

4.5.2. Comparison with GLEAM and ERA5 soil moisture products
The fused soil moisture product is evaluated against the GLEAM (Miralles et al., 2010; 
Martens et al., 2017) and ERA5 (W. Dorigo et al. 2017) datasets. Given that the decision 
map indicates SMAP as the optimal product across more than 85% of the spatial domain, 
the fused product is specifically assessed in regions where SMAP is not identified as the 
superior product. Accordingly, comparisons are conducted between the fused soil moist
ure product and SMAP.

Spatial correlation analysis is performed between the fused product with GLEAM 
and ERA5, as well as for SMAP with GLEAM and ERA5. Given the observed similarity 

Figure 12. (a) error variance and (b) correlation coefficient of fused soil moisture product.

18 A. SINGH ET AL.



in the spatial correlation patterns, the correlation differences between the fused 
and SMAP soil moisture products are plotted, using both GLEAM and ERA5 as 
reference datasets, as illustrated in Figure 13. Regions where the fused soil moist
ure product exhibits a higher correlation with GLEAM or ERA5 compared to SMAP 
are indicated in blue. Conversely, red regions denote areas where SMAP shows 
a stronger correlation with GLEAM or ERA5 than the fused product. With respect to 
the decision map, it is evident that the majority of blue regions align with areas 
where SMAP is not identified as the best product, with other products, such as 
AMSR-2 or their combinations, prevailing. These findings suggest that the fused 
product demonstrates a stronger correlation, i.e. its soil moisture estimates are 
more closely aligned with the GLEAM or ERA5 values than those of the SMAP 
product. Thus, the fused product offers enhanced accuracy over individual pro
ducts, particularly SMAP, when benchmarked against modelled or reanalysis 
datasets.

4.5.3. Comparison with in-situ ground data
The evaluation of the fused soil moisture product against individual datasets was 
rigorously conducted to determine if it exhibits superior error characteristics, i.e. 
specifically lower error variance and higher correlation coefficient. In-situ soil moist
ure data from three COSMOS network stations SGR, MDH, and BMB, which monitors 
the top 5 cm of the surface soil moisture layer, were utilized in this analysis. Since 
COSMOS was launched in 2015 in India, the availability of in-situ data from 2016 to 
2019 aligns with our study period, enabling a direct comparison of the datasets. 
Figure 14 validates the efficacy of the decision map, i.e. it shows that the fusion 
algorithm optimally selected SMAP as predominant product over the grid points 
where these stations are located. This selection is evident from the scatter plots in 
Figure 14, where the fused soil moisture product and SMAP data exhibit similar 
patterns, confirming the reduced variability and high correlation coefficients at 0.78, 
0.83 and 0.69 for SGR, MDH and BMB, respectively. Figure 14 shows the 

Figure 13. Correlation difference between fused and SMAP soil moisture product, using (a) GLEAM, (b) 
ERA5.
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corresponding correlations (r) and their statistical significance (p < 0.05) for each 
subplot. The time series plots for visualizing the temporal dynamics and assessing 
the performance of fused soil moisture product over time are shown in Figure S3. 
While the identical behaviour of the fused product with SMAP in scatter plot 
indicates limited addition value of fusion at these particular locations, the broader 
advantage of the method lies in enhancing spatial coverage and temporal complete
ness. As shown in Figure 11(d), the fused dataset consistently provides more spatial 
coverage than any single product alone, thereby improving data availability over the 
entire study domain and period.

This alignment demonstrates the fused product’s reliability and its enhanced 
performance in capturing accurate soil moisture levels compared to the individual 
products. AMSR-2 soil moisture product tends to overestimate soil moisture values, 
with correlation coefficient value of 0.55, 0.64 and 0.63 at SGR, MDH and BMB 
stations respectively. Conversely, the SMOS product generally underestimates soil 
moisture values, achieving correlation coefficients of 0.69, 0.74 and 0.64 at these 
same stations. This variation in performance highlights the distinct characteristics 
and potential biases inherent in each satellite product.

Figure 14. Scatter plots for (a) SMAP, (b) SMOS, (c) AMSR-2 and (d) fused soil moisture products at (i) 
Singanallur, (ii) Madahalli, and (iii) Berambadi; where correlations (r) are considered statistically 
significant at a significance level of 0.05.
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5. Conclusions

Soil moisture being a crucial variable affects land-atmosphere interactions, plant devel
opment, and water availability in the hydrological cycle. And hence, understanding its 
variability is pivotal in studying and managing hydrological and climatic extremes. This 
study utilized ETC and MI analysis to enhance the accuracy of satellite-derived soil 
moisture estimates across India, a region with limited in-situ ground soil moisture data 
network and high reliance on remote sensing-based data. The findings claim that the LWF 
technique, informed by ETC and MI analysis, successfully integrated the strengths of 
SMAP, AMSR-2 and SMOS, creating a superior soil moisture dataset. Notably, SMAP 
displayed the lowest error variances and highest correlation coefficients overall, under
scoring its efficacy in most of India except for BWh and BSh zones where AMSR-2 
outperformed, suggesting the need for product-specific applications based on regional 
climatic conditions.

The new soil moisture data from this selective fusion approach demonstrated signifi
cant improvements in soil moisture accuracy, particularly in hot desert and semi-arid 
regions. Validation against modelled/reanalysis products like GLEAM and ERA5, and in- 
situ data from COSMOS network confirmed the fused product’s enhanced performance. 
This fused dataset not only reduces dependence on any single satellite product but also 
offers broader spatial and temporal coverage, improving the detection and characteriza
tion of extreme hydrological events. In extreme weather conditions, the fused product 
delivers robust estimates from several sources, reducing the risks of dependency on 
a single remote sensing product and minimizing potential misinterpretations or over
looked events.

This research has laid a foundation for integrating soil moisture data into hydro
logical models more effectively, enhancing their ability to forecast and manage cli
matic extremes like floods and droughts. The advanced analytical methodologies 
employed here offer robust framework for future enhancements in remote sensing 
applications, providing a pathway towards more resilient and accurate environmental 
management and disaster mitigation strategies. These conclusions underscore the 
importance of selective satellite data fusion techniques to address specific regional 
challenges, advancing our capability to manage water resources and predict natural 
disasters in a changing climate. This soil moisture data has crucial practical applica
tions in the development of early-warning drought monitoring systems, where agri
cultural and ecological stakes are high, including other applications in water resource 
management, and climate science, highlighting the importance of accurate soil moist
ure data in sustainable environmental management.
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