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GRAPHICAL ABSTRACT

INTRODUCTION

Sensor interoperability is defined as the ability of different sensor systems to exchange, process, and utilize the remote sen
sing data in a seamless manner despite the differences in the spatial, temporal, spectral, and radiometric resolutions 
(Lehmann et al. 2015). The purpose of effective interoperability is to ensure that data from various sensors are integrated 
efficiently to improve the accuracy and utility of research, such as soil moisture estimation (Toth & Józḱów 2016). With 
advancements in remote sensing technology and a multitude of remote sensors, it is important to reduce the human 
effort involved in field validation (Pricope et al. 2019). The information gathered by one sensor could be validated using 
another sensor, thus establishing sensor interoperability and enhancing the reliability of findings (Weiss et al. 2020). Multi
sensor integration and sensor interoperability represent the future of remote sensing technology and are an invaluable tool 
for saving cost and labor involved in field validation of remote sensing research outputs (Pettorelli et al. 2014).

Multisensor remote sensing data integration and sensor interoperability become even more crucial for studying highly 
dynamic phenomena like soil moisture estimation (Samadzadegan et al. 2025). Soil moisture is an important soil health par
ameter that affects soil electrical conductivity (Tripathi & Tiwari 2021), soil organic carbon (SOC), and the concentration of 
soil micro- and macronutrients. Soil moisture is of two types – gravimetric and volumetric (Tripathi & Tiwari 2022). Gravi
metric soil moisture is chemically bound soil moisture by weight, which is not available for plant root uptake during normal 
metabolic processes (Kramer 1944). In contrast, volumetric soil moisture is the volume-based moisture available for plant 
root uptake (Moradi et al. 2011). However, it is important to have volumetric soil moisture above the permanent wilting 
point to ensure that the plants can continue to absorb water (Tripathi & Tiwari 2022). Several factors such as temperature, 
porosity, void ratio, and evapotranspiration (ET) govern soil moisture availability (Duddek et al. 2023). With the help of 
devices such as lysimeters, accurate measurements of ET can be obtained, enabling the estimation of soil moisture deficits 
(Bwambale et al. 2022). However, these measurements are usually localized and are collected as point data (Moniruzzaman 
et al. 2022).
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Soil moisture is an important variable in studying climate change, hydrology and agricultural droughts as shown in Berg & 
Sheffield (2018). Accurate measurements of soil moisture require multisensor remote sensing data integration due to limit
ations of individual satellite systems in terms of coarse spatial resolution and low temporal resolution as demonstrated by 
Grillakis (2019). Recent advances in machine learning (ML) based multisensor remote sensing data integration have enabled 
more robust and accurate soil moisture estimations by leveraging harmony in integrating data from Climate Hazards Group 
Infrared Precipitation with Station Data (CHIRPS), Moderate Resolution Imaging Spectroradiometer (MODIS), and Soil 
Moisture Active Passive (SMAP) missions (Abbes et al. 2024).

Challenges in multisensor remote sensing-based soil moisture estimation

A major challenge in the multisensor-based soil moisture estimation is to understand the differences in the sensor charac
teristics and resolutions as discussed before (Adewole et al. 2019). Microwave remote sensors such as SMAP provide soil 
moisture estimates but at very coarse spatial resolutions (Babaeian et al. 2019). The study by Zhang & Zhou (2016)
shows that the optical and thermal sensors provide soil moisture variations at finer spatial resolutions, but these sensors 
are affected by cloud and weather conditions. The CHIRPS precipitation data complements the MODIS and SMAP datasets 
by providing precipitation inputs, thereby supplementing the analysis of soil moisture dynamics (Peng et al. 2017). However, 
there is still a need to develop more data fusion and downscaling techniques for better integration of multisensor remote 
sensing data for regional-level analysis (Li et al. 2021).

ML for remote sensing data integration-based soil moisture estimation

ML algorithms – particularly ensemble models, long-short term memory (LSTM) networks, and deep learning models – have 
proven to be very effective in multisensor remote sensing data integration in recent years, as explained by Wang et al. (2024). 
Random forest (RF) and artificial neural networks (ANNs) have been used to downscale MODIS and SMAP datasets in sev
eral studies (Nadeem et al. 2023). Similarly, LSTM models have been used to temporally integrate the SMAP and CHIRPS 
datasets for soil moisture estimations and bridging the sensor interoperability gaps as mentioned by Zhang et al. (2023a, b).

Recent advances

Recent studies have highlighted the need for lightweight models for soil moisture estimations in regions with scarce data 
availability, as explained by Senanayake et al. (2024). Hybrid algorithms that combine empirical and data-based ML 
models show promising sensor interoperability and multivariate analysis approaches as shown in the study by Saha et al. 
(2021). Additionally, cloud computing platforms such as the Google Earth Engine (GEE) have facilitated near-real-time 
soil moisture monitoring by seamlessly integrating multisensor remote sensing data with Weather Research and Forecasting 
models (Amani et al. 2020). Recent studies, such as those conducted by Nguyen et al. (2022) and Ma et al. (2024), have 
enhanced soil moisture estimation to the next level with the successful integration of satellite data and ML techniques, 
while addressing the limitations of working with single-sensor data. Techniques involving deep learning and LSTMs have 
also shown increased robustness in capturing the spatio-temporal interdependencies in optical and microwave data, as 
shown by Liu et al. (2024) and Liu & Yang (2022). Meanwhile, sensor interoperability-based studies are also gaining 
momentum, such as integrating Sentinel-1-derived soil moisture with SMAP-based validation, as shown by Foumelis et al. 
(2022). Amazirh et al. (2022) showed the advantage of combining MODIS NDVI with SMAP and MODIS LST for 
enhanced soil moisture estimation in arid regions. However, such methods are computationally intensive and limited to cer
tain specific geographical zones and scales. This study contributes to the synergistic utilization of CHIRPS, MODIS, and 
SMAP data for soil moisture estimation at different geographical scales.

Rationale for using CHIRPS, MODIS, and SMAP for soil moisture estimation

The selection of CHIRPS, MODIS, and SMAP for this study is based on their complementary capabilities and the potential 
for synergistic data integration (Yu et al. 2020). CHIRPS offer long-term precipitation data using both satellite measurements 
and ground-based station inputs, making it an ideal choice for rainfall-induced soil moisture analysis in regions with data 
scarcity (Bai et al. 2019). The MODIS MOD16 product provides the global ET data at 500 m and 8-day frequency, which 
is highly useful for dynamic soil water loss estimation (Sandeep et al. 2021). SMAP, on the other hand, is a global microwave 
remote sensing-based mission that measures soil moisture directly at a very coarse spatial resolution (10–36 km) and has a 
2–3-day revisit period (Hu et al. 2004). With the integration of MODIS ET, SMAP, and CHIRPS, the study aims to effectively 
model the net soil moisture balance as explained further.
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However, the tri-sensor data integration is not only aimed at overcoming the individual limitations of each dataset (such as 
coarse spatial resolution as in SMAP and CHIRPS, and sensitivity to atmospheric interference as in the case with MODIS) 
but also to ensure accurate and temporally consistent estimates of soil moisture at different geographical scales. The inter
operability of these sensors, combined with ML algorithms like support vector regression (SVR), allows for a simplified yet 
scientifically rigorous estimation framework that is both cost-effective and operationally viable (Shen & Zhang 2008).

For soil moisture measurements over large areas in a limited time, remote sensing sensors are the most obvious choice 
(Singh et al. 2023), and the findings are validated with point measurements on the ground (Tripathi & Tiwari 2019a). How
ever, to save costly and time-consuming field validations for soil moisture measurements, multisensor remote sensing 
interoperability is very important (Tripathi et al. 2018). This study aims to 

1. establish sensor interoperability for the accurate estimation of soil moisture,
2. reduce fieldwork dependency for soil moisture validation,
3. compare the different SVR kernels for soil moisture estimation.

The hypothesis behind this study is that the multisensor data fusion, combined with SVR, can produce soil moisture esti
mates comparable to ground truth data, minimizing field validation needs.

The synergistic integration of CHIRPS, SMAP and MODIS datasets through a SVR framework for estimation of soil moist
ure with improved spatio-temporal consistency is a novel feature of the study. While the recent works are focused mainly on 
deep learning-based models with high-computational demands or limited datasets (such as NDVI and SMAP), this study 
explicitly models the soil moisture by the water balance method using CHIRPS, SMAP, and MODIS data. This tri-sensor 
combination captures the input and output components of soil moisture dynamics, which is not detailed in the contempor
ary studies.

MATERIALS & METHODS

The study is the entire country of India, the state of Bihar and Danapur subdivision in Patna district. The datasets used are 
from CHIRPS for precipitation, MODIS ET for ET, and soil moisture datasets from the SMAP sensor.

Study area

As explained, this study explores sensor interoperability for soil moisture estimation at the country, state and subdivision 
levels. The study area map is shown in Figure 1.

Data sets used

Time-series precipitation, ET, and soil moisture data from CHIRPS, MODIS ET and SMAP sensors were used for this study 
at different levels – pan-India, Bihar state, and the Danapur subdivision. The details of the datasets used are given in Table 1.

CHIRPS precipitation data

The Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) is an over three-and-a-half decade-old, quasi- 
global precipitation dataset (Tripathi & Tiwari 2021; Aziz et al. 2022). The CHIRPS dataset was developed by the University 
of California, Santa Barbara, in collaboration with NASA and the National Oceanic and Atmospheric Administration 
(NOAA) (Raney et al. 1994; Li et al. 2019). CHIRPS covers latitudes from 50° N to 50° S and provides data from 1981 
to the present. CHIRPS combines in-house climatology with 0.05° resolution satellite imagery, along with rain gauge data 
from stations located at various sites (Will et al. 2019). The data collected are interpolated to generate comprehensive pre
cipitation data for areas with missing or no rain gauge stations (Tripathi et al. 2018; Tripathi & Tiwari 2019b).

MODIS ET data

The MODIS ET data were developed to estimate global ET (Modi et al. 2024). The MOD16 data product from the MODIS 
satellite can be used for the calculation of the global and regional water-energy balance and status of soil water content 
(Pandey et al. 2015). MODIS ET is an important remote-sensing satellite sensor product for agricultural water management 
and has been used globally for ET and agricultural drought-related research (Tomar et al. 2014). The datasets are available at 
1 km2 spatial resolution on an 8-day average from January 2000 to the present (Li et al. 2019). This study utilizes the gap- 
filled 8-day temporal resolution MODIS ET (MOD16) data available at 500 m spatial resolution.
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SMAP data

The SMAP mission was launched in January 2015 and commenced operations in April 2015, providing global surface soil 
moisture data (Pandey et al. 2015; Chan et al. 2016; Modi et al. 2024). The temporal resolution is 2–3 days, with soil moist
ure and soil freeze/thaw state products that indicate the state of the soil (Pandey et al. 2015; Zeng et al. 2016). The spatial 
resolutions of the SMAP data vary from 10 to 36 km with soil freeze/thaw data products available at 10 m spatial resolution 
(Burgin et al. 2017). The SMAP satellite consists of active and passive L-band RADAR that measures the soil moisture con
tent and generates a soil moisture composite data product in Network Common Data Form (NetCDF) format (Wang et al. 
2021).

Methodology

The CHIRPS precipitation, MODIS ET, and SMAP soil moisture data were aggregated at an 8-day average owing to the high 
temporal resolution of the CHIRPS and SMAP datasets. The average values of CHIRPS, ET, and SMAP datasets were taken 
over 8 days after pixel resampling to bring the datasets to a common spatial resolution of 500 m (original spatial resolutions: 

Figure 1 | Study area map.

Table 1 | Datasets used

SL. No. Data/Sensor Time-period

1. CHIRPS precipitation data May 2021–May 2023

2. MODIS ET data May 2021–May 2023

3. SMAP soil moisture data May 2021–May 2023
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CHIRPS at 55.5 km, SMAP at 36 km, and MODIS ET at 500 m). The nearest neighbor method was applied as the pixel 
resampling technique, being the most widely used for this purpose.

To ensure temporal consistency, daily CHIRPS precipitation was summed over each 8-day window to match the MODIS 
ET composite period, while SMAP daily soil moisture was averaged over the same window (typically three–four observations 
per window). Missing data were handled as follows: MODIS ET pixels flagged as poor quality (cloud, snow, and high aero
sol) were excluded; isolated missing values were filled by linear interpolation between adjacent valid composites; persistent 
gaps (e.g., during monsoon) were filled using the multiyear average for those 8-day period. SMAP data with retrieval quality 
flags were filtered, and remaining gaps were filled using temporal interpolation when <16 days, otherwise using seasonal 
climatology. The final dataset had <2% gap-filled pixels for the study period. Table 2 summarizes the preprocessing steps 
and outcomes (Tripathi et al. 2018; Sreekesh & Kaur 2019; Tripathi & Tiwari 2019a). Table 3 shows the comparision in 
R2 values at the three different scales-India, Bihar and Danapur sub-divisions.

Multisensor data preprocessing pipeline

The integration of multisensor remote sensing data from CHIRPS, MODIS, and SMAP required a systematic preprocessing 
pipeline to address differences in temporal resolution, spatial resolution, projection systems, and data quality. Figure 2(a)
illustrates the complete preprocessing workflow, with detailed descriptions of each step provided below.

1. Data acquisition and initial format

All datasets were acquired through the GEE Python API, which provides direct access to preprocessed collections: 

• CHIRPS: Climate Hazards Group InfraRed Precipitation with Station data (UCSB/CHIRPS/DAILY) – daily precipitation 
at 0.05° resolution.

• MODIS ET: MOD16A2.006 Terra ET (MODIS/006/MOD16A2) – 8-day composite ET at 500 m resolution.

• SMAP: SMAP L3 Radiometer Global Daily 36 km EASE-Grid Soil Moisture (NASA/SMAP/SPL3SMP/006) – daily soil 
moisture at 36 km resolution.

2. Temporal alignment and aggregation

The primary challenge in temporal alignment stemmed from the varying temporal resolutions of the three sensors: 

• CHIRPS: Daily precipitation

• MODIS ET: 8-day composite (aggregated from daily estimates)

Table 2 | Summary of multisensor preprocessing steps

Step CHIRPS MODIS ET SMAP

Native resolution 0.05° (∼5.5 km) 500 m 36 km

Native temporal Daily 8-day composite Daily (2–3 day revisit)

Temporal 
alignment

Summed to 8-day 
totals

Used as an 8-day composite Averaged to 8-day means

Spatial resampling Nearest neighbor to 
500 m

Reprojection only Nearest neighbor to 500 m

Missing data 
handling

<0.1% missing; no 
filling needed

Quality filtering; temporal interpolation; 
seasonal climatology for persistent gaps

Quality filtering; temporal interpolation; 
seasonal climatology for persistent gaps

Final data 
completeness

100% 98.9% 99.4%

Table 3 | The results from both splitting approaches were compared with ensure robustness

Split Method Linear Kernel R2 (India) Linear Kernel R2 (Bihar) Linear Kernel R2 (Danapur)

Random 70:30 0.762 0.710 0.792

Temporal block 0.741 0.689 0.763
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• SMAP: Daily soil moisture (with 2–3 day revisit interval)

To achieve temporal consistency while preserving the physical relationship between precipitation input, ET output, and 
soil moisture state, we implemented the following temporal alignment strategy:

Step 2.1: Reference Temporal Grid Definition
An 8-day temporal grid was established based on the MODIS ET composite dates, as MODIS provided the coarsest native 

temporal resolution. The study period (May 2021–May 2023) was divided into 91 consecutive 8-day periods, aligned with 
MODIS composite intervals (days of year: 001, 009, 017, … , 361). This resulted in approximately 11–12 composites per 
month, varying slightly due to leap year considerations.

Step 2.2: CHIRPS Temporal Aggregation
For each 8-day period defined above, daily CHIRPS precipitation values were summed to generate 8-day total precipi

tation

P8day ¼
X8

i¼1

Pdaily,i (1) 

where Pdaily,i represents the CHIRPS precipitation value for day i within the 8-day window. This summation approach pre
serves the physical meaning of total water input to the soil system over the aggregation period. Days with missing CHIRPS 
data (rare, <0.1% of days) were excluded from summation, and the total was adjusted proportionally if fewer than 8 days 
were available (see Section 4 on missing data handling).

Step 2.3: SMAP Temporal Aggregation
SMAP daily soil moisture values were averaged within each 8-day window

SM8day ¼
1
n

Xn

i¼1

SMdaily,i (2) 

where n is the number of available SMAP observations within the 8-day period (typically 3–4 observations given the 2–3 day 
revisit interval). This averaging approach smooths over day-to-day variability while preserving the mean soil moisture state 

Figure 2 | Methodology flow diagram.
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during the period. For periods with fewer than two SMAP observations (approximately 8% of periods), the temporal gap- 
filling procedure described in Section 4 was applied.

Step 2.4: MODIS ET Direct Use
MODIS ET data were already provided as 8-day composites, so no further temporal aggregation was required. However, 

quality assurance flags were used to filter low-quality pixels (see Section 4).

3. Spatial resampling and harmonization

Step 3.1: Spatial Reference System Harmonization
All datasets were reprojected to a common coordinate reference system: WGS 1984 UTM Zone 45N (EPSG:32645), 

which covers the entire study area (India) with minimal distortion. Reprojection was performed in GEE using bilinear 
interpolation for continuous variables (precipitation, soil moisture) and nearest neighbor for categorical quality flags.

Step 3.2: Resampling to Common Grid
A consistent 500 m grid was defined for the entire study area, aligned with the MODIS sinusoidal grid but reprojected to 

UTM. All datasets were resampled to this target grid using the following methods: 

• CHIRPS (coarse-to-fine downscaling): Nearest neighbor resampling was applied to CHIRPS precipitation data. While 
this creates blocky artifacts at 500 m resolution (each original 5.5 km pixel becomes approximately 121 pixels of 
500 m), it preserves the original precipitation values without introducing artificial spatial variability. Alternative downscal
ing methods (e.g., bilinear or cubic convolution) were considered but rejected because they would generate synthetic 
precipitation gradients not supported by the original data.

• MODIS ET (matching resolution): MODIS ET at 500 m native resolution required only reprojection to UTM, with no 
resampling needed. Pixel values were extracted directly using the target grid.

• SMAP (coarse-to-fine downscaling): SMAP data at 36 km resolution were downscaled to 500 m using nearest neighbor 
resampling. Each original SMAP pixel (36 × 36 km) covers approximately 5,184 pixels in the target 500 m grid. This 
approach maintains the original SMAP soil moisture values while enabling pixel-wise integration with MODIS ET and 
CHIRPS data.

Step 3.3: Validation of Resampling Accuracy
To assess the impact of resampling on data integrity, we compared zonal statistics before and after resampling for ran

domly selected polygons (n = 50) at various scales. The mean absolute percentage error (MAPE) introduced by 
resampling was 

• CHIRPS: <0.1% (nearest neighbor preserves values exactly)

• MODIS ET: <0.1% (reprojection only)

• SMAP: <0.1% (nearest neighbor preserves values exactly)

While nearest neighbor resampling preserves original data values, it does not add information at finer scales. The resulting 
500 m grids contain repeating blocks of identical values corresponding to the original coarse pixels. This limitation is 
acknowledged in the discussion section.

4. Missing data handling

Missing data in satellite time series can arise from multiple causes: cloud cover (MODIS), orbital gaps (SMAP), or sensor 
downtime. We implemented a tiered approach to missing data handling:

Step 4.1: Quality Flag Filtering 

• MODIS ET: The MOD16A2 product includes a quality control (QC) layer. Pixels with the following QC flags were 
excluded: cloud contaminated, high aerosol, snow/ice, or pixel not produced. Only pixels with ‘good quality’ (QC = 0) 
were retained.

• SMAP: SMAP data include a retrieval quality flag. Only pixels with ‘recommended quality’ (flag = 0) were used in analysis.

• CHIRPS: CHIRPS does not include pixel-level quality flags; missing data occur only as complete missing days (<0.1% of 
time series).

Step 4.2: Temporal Gap Filling
For isolated missing pixels (sporadic):
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When a pixel was missing in an otherwise complete 8-day composite, temporal interpolation was performed using adja
cent valid composites

Vt ¼
v1Vt� 1 þ v2Vtþ1

v1 þ v2
(3) 

where weights w1 and w2 are inversely proportional to the temporal distance from the missing observation (linear interp
olation). This method was applied only when both adjacent composites (t − 1 and t + 1) were available and the gap was 
≤16 days (two composite periods).

For extended missing periods (e.g., monsoon cloud cover):
When cloud cover persisted for multiple consecutive composites (common during the Indian monsoon, June–September), 

temporal interpolation was insufficient. In these cases, the long-term mean for that 8-day period was used as a fill value

Vt,fill ¼
1
N

XN

y¼1

Vt,y (4) 

where N is the number of available years with valid data for the same 8-day period (2021–2023). This approach assumes that 
seasonal patterns are more stable than interannual variability – a reasonable assumption for climatological means but one 
that may smooth over extreme events.

Step 4.3: Spatial Gap Filling for Persistent Gaps
For pixels with persistent gaps even after temporal filling (e.g., permanently cloudy areas), spatial interpolation using 

inverse distance weighting (IDW) was applied

Vi ¼

Pk

j¼1

Vj

d2
i,j

Pk

j¼1

1j

d2
i,j

(5) 

where k = 8 nearest valid pixels within a 10 km radius, and dij is the Euclidean distance between target pixel i and source 
pixel j. This method was used sparingly (<2% of pixels) only when temporal filling was insufficient.

Step 4.4: Composite Quality Assessment
After gap-filling, each 8-day composite was assessed for overall data quality. Composites with >30% of pixels filled through 

gap-filling procedures were flagged in the metadata. The June 2023 estimation period had <5% gap-filled pixels, indicating 
high data quality for the primary analysis period.

Final dataset compilation

Following preprocessing, all datasets were compiled into a unified multiband image collection with the following structure 
for each 8-day period: 

• Band 1: CHIRPS precipitation (mm/8-day)

• Band 2: MODIS ET (mm/8-day)

• Band 3: SMAP soil moisture (m3/m3)

• Band 4: CHIRPS-MODIS difference (mm/8-day) –- calculated as Band 1–Band 2

• Band 5: Quality flag (0 = all original data, 1 = temporally filled, 2 = spatially filled)

This compiled dataset formed the input for subsequent correlation analysis and SVR modeling. For the Danapur subdivi
sion, pixel-wise extraction was performed to generate the time series used in model training and validation.

After resampling, the datasets were re-projected to the WGS1984 projection system. The detailed methodology flow dia
gram is shown in Figure 2.
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SVR model

The SVR is a ML algorithm that is based on the support vector machine (SVM) and is designed to learn both linear and 
nonlinear relationships between the dependent and independent variables (Shah et al. 2022). The SVR maintains that a 
predicted value shall not deviate from the actual value by more than a specified margin, which should be as flat as poss
ible (Kohansarbaz et al. 2024). The objective function given in Equation (1) is used to approximate the target values 
defined by f(x) within a specified margin ɛ (Khalid & Javaid 2020). The objective function is defined as (May Tzuc 
et al. 2019).

f(x) ¼ vTw(x)þ b (6) 

where ‘ω’ is the weight vector in the linear function, representing the direction of the regression hyperplane, ‘φ(x)’ is a 
nonlinear mapping function that transforms the input data ‘x’ into a higher-dimensional feature space (used in nonlinear 
SVR models with kernels) and ‘b’ is the Bias term (intercept) in the SVR model. The SVR also uses an Epsilon-insensitive 
loss function that keeps the predicted values within an error margin ‘ɛ’ around the actual value without being penalized 
(Shamshirband et al. 2015). This loss function is given by Equation (2) (Tuia et al. 2011).

L1(y, f(x)) ¼
0 if jy � f(x)j � 1

jy � f(x)j � 1 otherwise

� �

(7) 

To handle the different relationship trends in the predicted and actual data values, the SVR utilises different kernel func
tions such as linear, polynomial, radial basis function (RBF) and Sigmoid. The linear kernel is given by Equation (3) (Tuia 
et al. 2011; Khelif et al. 2017).

K(xi, xj) ¼ xT
i xj (8) 

where xi and xj are the input feature vectors (in this case, representing the satellite-derived parameters such as precipitation, 
ET, and soil moisture at different time steps or locations). The linear function is the dot product of input vectors. The linear 
kernel raised to the power ‘d’ where d is the dimension of the function implies into the polynomial kernel as shown in 
Equation (4) (Pasolli et al. 2011).

K(xi, xj) ¼ (xT
i xj þ c)d (9) 

The RBF kernel is a Gaussian kernel, and the width of the Gaussian kernel defines the flexibility of the model and the 
proper fitting of the model. The RBF kernel is defined in Equation (5) (Ma et al. 2017).

K(xi, xj) ¼ exp
jjxi � xjjj

2

2s2

 !

(10) 

The SVR also is closely linked with the ANN using the activation function module of the ANN. The ANN activation 
module-based kernel is defined as the Sigmoid kernel and is defined in Equation (6) (Kim et al. 2013).

K(xi, xj) ¼ tanh (axT
i xj þ c) (11) 

SVR hyperparameter tuning and optimization strategy

To ensure optimal model performance and avoid overfitting, a systematic hyperparameter tuning approach was 
implemented for all SVR kernels evaluated in this study. The dataset comprising 91 temporally aggregated observations 
(May 2021–May 2023) was partitioned using a 70:30 random split, with 64 samples allocated for training and 27 samples 
reserved for independent testing and validation. This splitting ratio was selected to balance model learning with robust per
formance evaluation, ensuring sufficient training data while retaining a representative test set.
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For each kernel type (linear, polynomial, radial basis function [RBF], and sigmoid), hyperparameter optimization was con
ducted using a grid search combined with 10-fold cross-validation on the training set. The grid search systematically explored 
combinations of key hyperparameters to identify the configuration that minimized the cross-validated root mean square 
error (RMSE) while maximizing the coefficient of determination (R2).

The hyperparameter search spaces were defined as follows-
Regularization parameter (C ): {1, 10, 50, 100, 150, 350, 500} 

• Controls the trade-off between model complexity and training error. Higher C values penalize errors more heavily, poten
tially leading to overfitting, while lower C values promote smoother decision functions.

Epsilon (ε): {0.001, 0.01, 0.05, 0.1, 0.15, 0.2} 

• Defines the epsilon-tube within which no penalty is associated with prediction errors. Smaller ε values aim for higher accu
racy but may increase model complexity.

Kernel-specific parameters: 

• RBF kernel: Gamma (γ) ∈ {0.001, 0.01, 0.1, 1, ‘scale’, ‘auto’}

Gamma determines the influence range of individual training samples; low values produce smoother decision boundaries. 

• Polynomial kernel: Degree (d) ∈ {2, 3, 4, 5}, Coef0 (c) ∈ {0, 1}

The degree controls the polynomial’s flexibility, with higher degrees capturing more complex relationships. 

• Sigmoid kernel: Coef0 (c) ∈ {0, 1}, Gamma (γ) ∈ {0.01, 0.1, 1}

The grid search was implemented using Scikit-learn’s GridSearchCV with 10-fold cross-validation. For each kernel, the 
combination of hyperparameters yielding the highest mean cross-validated R2 score was selected as optimal. Table 4 presents 
the sensitivity analysis results for key hyperparameter combinations across spatial scales.

To evaluate the predictive accuracy and reliability of the SVR-based soil moisture estimation model, three standard stat
istical metrics were employed: Coefficient of Determination (R2), RMSE, and mean absolute error (MAE). These metrics 

Table 4 | Sensitivity analysis of SVR hyperparameters (C and ε) for soil moisture estimation using the linear kernel at country, state, and 
subdivision levels

Kernel Optimal C Optimal ε Kernel-specific Parameters CV R2 (Mean ± Standard Deviation) Test R2

Linear

- India 350 0.15 – 0.758 ± 0.042 0.762

- Bihar 95 0.01 – 0.703 ± 0.038 0.710

- Danapur 150 0.01 – 0.788 ± 0.031 0.792

RBF

- India 100 0.05 γ = 0.1 0.671 ± 0.055 0.662

- Bihar 50 0.05 γ = 0.1 0.604 ± 0.049 0.591

- Danapur 100 0.01 γ = 0.01 0.521 ± 0.067 0.50

Polynomial

- India 50 0.05 d = 2, c = 1 0.547 ± 0.072 0.52

- Bihar 100 0.01 d  = 2, c = 1 0.539 ± 0.061 0.52

- Danapur 50 0.05 d = 3, c = 1 0.549 ± 0.058 0.53

Sigmoid

- India 100 0.05 γ = 0.01, c = 1 0.652 ± 0.044 0.643

- Bihar 50 0.05 γ = 0.01, c = 1 0.452 ± 0.071 0.432

- Danapur 50 0.05 γ = 0.01, c = 1 0.461 ± 0.063 0.442

Note: CV, cross-validation; std, standard deviation; γ, gamma parameter; d, polynomial degree; c, intercept parameter.
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were computed by comparing the predicted soil moisture values from the SVR model against the observed soil moisture 
values from the SMAP dataset for both the training and testing datasets.

The coefficient of determination (R2) measures the proportion of variance in the dependent variable that is predictable 
from the independent variables. It ranges from 0 to 1, with values closer to 1 indicating stronger agreement between 
observed and predicted values.

The RMSE quantifies the average magnitude of the error between predicted and observed values, providing insight into 
the model’s precision. It penalizes larger errors more than smaller ones, making it useful for detecting models that occasion
ally perform poorly.

The MAE, on the other hand, provides a linear score based on the average absolute differences between predicted and 
actual values, offering a more interpretable measure of overall accuracy without overpenalizing extreme values. The MAE 
and RMSE were also calculated using the following Equations (7) and (8) (Shamshirband et al. 2015).

MAE ¼

Pn

i¼1
jyi � xij

n
(12) 

where yi is the predicted value, xi is the actual value, and ‘n’ is the number of data points (Jondhale & Deshpande 2019).

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1
jjxi � yijj

2

n

v
u
u
u
t

(13) 

Ancillary data for representativeness analysis

To assess the spatial representativeness of ground validation points, two ancillary datasets were utilized: 

1. Soil texture data: Obtained from the ISRIC Soil Grids database (https://soilgrids.org/) at 250 m resolution, providing 
dominant soil textural classes based on the FAO classification system.

2. Land-use/land cover (LULC) classification: Generated from Sentinel-2 multispectral imagery (10 m resolution) acquired 
in June 2023, coinciding with the ground validation campaign. A supervised classification using the RF algorithm was 
performed in GEE with 200 training points per class (total 800 points) validated against high-resolution Google Earth 
imagery and field observations. Four LULC classes were identified: agricultural land, built-up/urban, vegetation/ 
fallow, and water bodies. Overall classification accuracy was 89% (Kappa coefficient = 0.86).

Temporal considerations and data pre-processing

The input datasets (CHIRPS precipitation, MODIS ET, and SMAP soil moisture) spanning from May 2021 to May 2023 
were harmonized to a common temporal resolution by computing 8-day averages. The resulting datasets form a time 
series with 91 data points each over 2 years. However, to limit complexity and ensure sensor interoperability, this study 
uses aggregate values to estimate soil moisture for June 2023. Future work may incorporate time-series models (example: 
LSTM) to better capture temporal dynamics.

The selection of the May 2021–May 2023 study period was guided by three considerations: (i) the launch and operational stab
ility of the SMAP mission’s enhanced L3 product, which achieved optimal calibration by 2021; (ii) the availability of coincident 
ground validation data collected during June 2023 in the Danapur subdivision; and (iii) computational constraints associated 
with processing the full multisensor archive at 500 m resolution across three spatial scales. While this 2-year period is insufficient 
to capture the full spectrum of interannual climate variability (e.g., drought vs. flood years) or establish robust climatological base
lines, it provides a focused window for demonstrating sensor interoperability and model feasibility. The inclusion of both 2022 
(near-normal monsoon) and 2023 (deficit monsoon in parts of Bihar) captures some degree of interannual contrast. However, the 
relatively short time series means that the model’s performance during extreme events (e.g., severe droughts or floods) remains 
untested, and extrapolation to years with substantially different climatic conditions should be undertaken with caution. Future 
work will extend the temporal domain as the SMAP time series grows and incorporate longer-term datasets (e.g., CHIRPS and 
MODIS archives since 2000) to enable robust trend analysis and extreme event assessment.
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Spatial autocorrelation analysis using Moran’s index (MI)

In spatial data modeling, it is crucial to assess whether residuals from ML models exhibit spatial autocorrelation, as this can 
violate the assumption of independence and indicate that spatial structure remains unexplained. In this study, Global 
Moran’s I was used to quantify the degree of spatial autocorrelation present in the residuals of the SVR-based soil moisture 
estimation model at three spatial scales: national (India), state (Bihar), and subdivision (Danapur). Other autocorrelation 
measures were not adopted since MI is the most widely used and accepted Spatial autocorrelation analysis algorithm. How
ever, a detailed comparative analysis on spatial autocorrelation using various techniques shall be carried out in future work.

Equation (9) gives the MI calculation mechanism

I ¼
N
W
�

PN

i¼1

PN

j¼1
wi,j(xi � �x)(xj � �x)

PN

i¼1
(xi � �x)2

(14) 

where N is the number of spatial units or pixels, xi and xj are the residual values at data points i and j, �x is the mean residual, 
wi,j is the spatial weight between data points i and j based on a first-order queen contiguity matrix, and W is the sum of all 
spatial weights. The index ranges from −1 (strong negative spatial autocorrelation) to +1 (strong positive spatial autocorrela
tion), with values near 0 suggesting spatial randomness. The statistical significance was evaluated using a permutation test 
with 999 simulations.

A 10-fold cross-validation approach was used to perform on the training set (70% of the data), for model selection. Model 
combination with the highest values of R2 and lowest values of MAE and RMSE was used and the best performance across 
all the spatial levels was consistently achieved by the linear kernel.

Training-Testing split strategy and cross-validation framework

The temporal nature of the dataset (91 observations from May 2021 to May 2023) necessitated careful consideration of the 
data splitting strategy. While random splitting preserves statistical independence between training and test sets, it may inad
vertently introduce data leakage when observations are temporally correlated. To address this concern, we implemented and 
compared two splitting approaches:

Approach 1: random 70:30 split (primary approach)

• Training set: 64 randomly selected observations.

• Test set: 27 randomly selected observations.

• Advantage: Maintains statistical representation of the full data distribution.

• Limitation: Potential temporal autocorrelation between adjacent observations in training and test sets.

Approach 2: temporal block split (validation approach)

• Training set: Observations from May 2021 to December 2022 (first ∼80% of time series).

• Test set: Observations from January 2023 to May 2023 (remaining ∼20%).

• Purpose: Evaluates model performance on truly unseen future data.

The comparable performance between random and temporal splits (maximum difference of 0.029 R2) confirms that tem
poral autocorrelation does not substantially bias the results, and the random split approach with cross-validation 
provides reliable performance estimates. All reported results in the main manuscript are based on the random 70:30 split 
with 10-fold cross-validation to ensure consistency with standard ML reporting practices.

Cross-validation implementation details 

• Method: Stratified 10-fold cross-validation repeated three times with different random seeds.

• Implementation: Scikit-learn’s RepeatedKFold with n_splits = 10, n_repeats = 3, random_state = 42.

• Evaluation metric: Negative mean squared error (for compatibility with GridSearchCV).
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• Computational resources: All model training and tuning performed on a standard workstation (Intel i7, 16GB RAM) with 
average training time <30 seconds per model configuration.

Sensitivity analysis

The sensitivity analysis of the model was carried out by varying the values of C and ε while keeping all other parameters 
constant. Table 4 summarizes the model performance (R2) for different combinations-

From Table 4, it is observed that model performance (in terms of R2 on testing data) varies with changes in the regular
ization parameter (C) and epsilon (ε). The optimal combinations differed slightly across scales: C = 350, ε = 0.15 at the 
country level, C = 95, ε = 0.01 at the state level, and C = 150, ε = 0.01 at the subdivision level. Higher C values helped capture 
more spatial complexity at broader scales, while smaller C values sufficed at finer resolutions. The model is moderately sen
sitive to these settings, reinforcing the need for careful tuning at each spatial scale.

Kernel selection rationale

The superior performance of the Linear kernel across all spatial scales (R2 = 0.762–0.792 on test data) compared with non
linear kernels provides important insights into the underlying relationship between the input features (CHIRPS precipitation 
and MODIS ET difference) and SMAP soil moisture observations. Several factors explain this observation: 

1. Linear relationship dominance: The water balance approximation (precipitation minus ET) exhibits a predominantly 
linear relationship with surface soil moisture dynamics at the 8-day temporal aggregation scale used in this study. This 
aligns with physical principles where soil moisture changes are linearly proportional to net water flux over short to 
medium time periods, assuming relatively stable soil properties.

2. Risk of overfitting with complex kernels: Nonlinear kernels (RBF, Polynomial, Sigmoid) demonstrated a tendency to 
overfit the training data, as evidenced by the larger gap between training and testing performance (e.g., Polynomial 
kernel: training R2 = 0.82 vs. testing R2 = 0.52 at the state level). The limited sample size (n = 91) combined with the 
high flexibility of nonlinear kernels allowed these models to capture noise rather than true underlying patterns.

3. Feature space dimensionality: With only two primary input features (precipitation and ET differences), the feature space 
is relatively low-dimensional, reducing the need for complex kernel transformations. The Linear kernel operates directly 
in this original feature space, maintaining interpretability while achieving optimal generalization.

4. Regularization effectiveness: The Linear kernel with appropriate C regularization effectively balances bias and variance. 
The optimal C values identified through grid search (ranging from 95 to 350 across scales) indicate that moderate regu
larization was sufficient to prevent overfitting while capturing the essential signal.

The systematic underperformance of nonlinear kernels suggests that introducing additional complexity through kernel 
transformations does not guarantee improved accuracy and may, in fact, degrade generalization performance when training 
data are limited relative to model complexity. This finding has important implications for operational soil moisture monitor
ing applications, where model simplicity, interpretability, and computational efficiency are valuable attributes.

RESULTS

The different datasets were downloaded from the (GEE) and were utilized together for soil moisture estimation using the 
SVR model. The soil moisture estimations were carried out at different scales – India (country level), Bihar (state level), 
and Danapur (subdivision level in Patna district of Bihar state). From the results, it is observed that the difference product 
of the CHIRPS precipitation and MODIS ET gave high values of correlation with SMAP data. The correlation analysis and 
estimations of soil moisture were carried out at three different levels. The results of the correlation analysis at the India, state 
and subdivision levels using the mean monthly datasets (May 2021 to May 2023), are presented in Figures 3–5.

The datasets at different levels were fed into the SVR regressor model and estimations for Soil Moisture variations were 
carried out. The SVR model was trained with 70% of the data from May 2021 to May 2023 and the remaining 30% for testing 
and validation purposes. The performances of the different SVR kernels at various levels are shown in Table 5.

The estimated soil moisture (measurements in the same unit as SNAP data: m3/m3) maps at the India level, Bihar state 
level, and Danapur subdivision level are shown in Figures 6–8.

The estimated soil moisture for the Danapur subdivision was validated with the ground-collected soil moisture at 15 differ
ent points across different locations in the Danapur subdivision using an SMEC300 soil sensor from Spectrum USA. The 
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Figure 3 | Scatter plot for precipitation and evapotranspiration difference with SMAP soil moisture variation data, at the country level.

Figure 4 | Scatter plot for precipitation and evapotranspiration difference with SMAP soil moisture variation data at the state level.

Figure 5 | Scatter plot for precipitation and evapotranspiration difference with SMAP soil moisture variation data at the subdivision level.
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correlation plot between the estimated soil moisture (m3/m3) and the field-recorded soil moisture for the Danapur subdivi
sion (volumetric soil moisture in %) is shown in Figure 9.

The spatial autocorrelation analysis results using MI have been summarized in Table 6.
From Table 6, it is observed that at the national and state levels, the significant positive Moran’s I values indicate that the 

SVR residuals exhibit spatial clustering, suggesting that the model did not fully account for spatial dependence in the input– 
output relationship. At the subdivision level, Moran’s I was weaker and not statistically significant (p ≈ 0.06), implying that 
residuals are more randomly distributed at the subdivision level with coarse spatial resolutions.

Spatial representativeness of ground validation sites

To assess the representativeness of the 15 ground validation points used for model validation in the Danapur subdivision, we 
analyzed their spatial distribution across dominant soil types and land-use/land cover (LULC) classes. This analysis is essen
tial for understanding the extent to which the validation dataset captures the environmental heterogeneity of the study area 
and, consequently, the confidence we can place in model generalization.

Soil type coverage

The Danapur subdivision is characterized by alluvial soils of the Indo-Gangetic plain, with two predominant soil textural 
classes based on the FAO soil classification system and validated against the Soil Grids database (ISRIC): 

• Silty clay loam: Occupying approximately 62% of the subdivision area, primarily in low-lying areas near the Ganges River 
floodplain.

• Silt loam: Covering the remaining 38%, found in higher elevation areas away from the river.

Table 7 presents the distribution of validation points across these soil types:

Table 5 | SVR kernel performance in soil moisture estimation

SVR Kernel

R2

A B C

Linear Training: 0.790 Training: 0.76 Training: 0.81
Testing: 0.762 Testing: 0.71 Testing: 0.792

Polynomial Training: 0.61 Training: 0.82 Training: 0.59
Testing: 0.52 Testing: 0.52 Testing: 0.53

Sigmoid Training: 0.651 Training: 0.65 Training: 0.57
Testing: 0.643 Testing: 0.432 Testing: 0.442

Radial Basis Function (RBF) Training: 0.67 Training: 0.676 Training: 0.64
Testing: 0.662 Testing: 0.591 Testing: 0.50

MAE

A B C

Linear 21.08 19.09 20.44

Polynomial 27.77 27.76 21.11

Sigmoid 23.41 29.91 31.98

Radial Basis Function (RBF) 23.55 32.09 35.44

RMSE

A B C

Linear 41.11 32.21 30.01

Polynomial 42.23 33.33 39.91

Sigmoid 40.41 37.77 38.65

Radial Basis Function (RBF) 37.23 36.08 36.25

Note: A, India level; B, Bihar state level; C, Danapur subdivision level.
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The validation points show good proportional representation of both soil types, with sampling intensities nearly equal 
(0.15 vs. 0.16 points/km2). This balanced coverage ensures that the model validation captures potential variations in soil 
moisture dynamics arising from textural differences, particularly the higher water-holding capacity of silty clay loam com
pared with silt loam.

Figure 6 | Estimated soil moisture map for India using SVR regressor model.
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Figure 7 | Estimated soil moisture map for Bihar state using SVR regressor model.
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Figure 8 | Estimated soil moisture map for Danapur subdivision using SVR regressor model.
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LULC coverage

Land-use classification was performed using Sentinel-2 imagery (10 m resolution) from June 2023, coinciding with the vali
dation period. Four primary LULC classes were identified in the Danapur subdivision: 

• Agricultural land: 58% of area, dominated by rice, maize, and vegetable cultivation

• Built-up/urban: 22% of area, including parts of the Patna urban agglomeration

• Vegetation/fallow: 12% of area, including mixed vegetation and temporarily fallow agricultural plots

• Water bodies: 8% of area, primarily the Ganges River and associated wetlands

Table 8 presents the distribution of validation points across LULC classes:
The validation points are disproportionately concentrated in agricultural land (73.3% of points representing 58% of area), 

with under-representation of built-up areas. This sampling bias reflects the primary focus of the study on agricultural soil 
moisture estimation, which is appropriate given the intended applications in precision agriculture and drought monitoring. 
However, it limits the model’s validated applicability in urban environments where soil moisture dynamics differ substan
tially due to impervious surfaces and managed irrigation.

Figure 9 | Scatter plot of SVR Estimated Soil Moisture and Field Collected Soil Moisture for the Danapur subdivision.

Table 6 | Spatial autocorrelation analysis results using Moran’s I

Spatial scale Moran’s I Z-score p-value Interpretation

India (national) 0.372 4.91 <0.01 Moderate positive spatial autocorrelation: residuals cluster spatially.

Bihar (state) 0.294 3.77 <0.01 Mild spatial clustering of residuals, particularly in drier districts.

Danapur (local) 0.132 1.87 ≈0.06 Weak spatial autocorrelation; residuals largely independent.

Table 7 | Distribution of ground validation points by soil type in Danapur subdivision

Soil type Area (%) Number of validation points Percentage of validation points Sampling intensity (points/km2)

Silty clay loam 62% 9 60% 0.15

Silt loam 38% 6 40% 0.16

Total 100% 15 100% 0.15
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Implications for model generalization

The representativeness analysis reveals both strengths and limitations regarding model generalization:
Strengths: 

• Good representation of the two dominant soil textural classes with proportional sampling intensity

• Adequate coverage of agricultural areas, which constitute the primary application domain

• Sampling points distributed across the subdivision extent (minimum distance between points >500 m) minimizing spatial 
autocorrelation in validation data

Limitations: 

• Under-representation of built-up areas limits confidence in applying the model for urban soil moisture estimation

• No validation points in areas with extreme soil textural classes (e.g., pure sand or clay) that may exist in small pockets 
below the mapping resolution

• Validation confined to a single subdivision, leaving model performance in regions with different soil-landscape associ
ations untested

• The balanced soil type representation suggests that the model captures texturally-controlled soil moisture variability 
reasonably well. However, the land-use bias toward agricultural areas means that the reported validation accuracy (R2  

= 0.7123) is most applicable to agricultural landscapes with similar cropping patterns and management practices. Appli
cation of the model to regions with substantially different land-use composition (e.g., urban-dominated watersheds, 
forested areas) would require additional validation.

DISCUSSION

The study presents an ML-based framework that integrates CHIRPS, MODIS, and SMAP data for soil moisture estimation at 
varying spatial scales. The results confirm the multisensor interoperability potential with consistent R2 values of 0.66 
(national level), 0.69 (state level), and 0.62 (subdivision level) when correlating the CHIRPS precipitation and MODIS 
ET difference with SMAP soil moisture.

Scale-dependent performance: influence of spatial resolution mismatch, surface heterogeneity, and climatic 
gradients

The variation in model performance across spatial scales (national R2 = 0.66, state R2 = 0.69, subdivision R2 = 0.62 for the 
CHIRPS-MODIS difference correlation, and linear SVR testing R2 = 0.762, 0.71, and 0.792, respectively) warrants deeper 
examination of the underlying factors controlling scale-dependent behavior in multisensor soil moisture estimation. Follow
ing the conceptual framework outlined in Liu et al. (2023), we identify three primary factors contributing to these scale- 
related variations:

Spatial resolution mismatch and resampling artifacts

The integration of multisensor data with inherently different native spatial resolutions introduces scale-related uncertainties 
that propagate through the modeling chain: 

• CHIRPS precipitation data at ∼5.5 km resolution (0.05°) captures broad-scale rainfall patterns but averages out localized 
convective precipitation events that are critical for soil moisture dynamics at finer scales. At the subdivision level 

Table 8 | Distribution of ground validation points by land-use class in Danapur subdivision

Land-use class Area (%) Number of validation points Percentage of validation points Sampling intensity (points/km2)

Agricultural land 58% 11 73.3% 0.25

Built-up/urban 22% 1 6.7% 0.06

Vegetation/fallow 12% 2 13.3% 0.22

Water bodies 8% 1 6.7% 0.17

Total 100% 15 100% 0.15
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(Danapur), this averaging effect may explain the slightly lower correlation (R2 = 0.62) compared with the state level (R2 =  
0.69), as localized rainfall variability becomes more significant at finer spatial units.

• MODIS ET at 500 m resolution provides relatively fine-scale ET estimates but is subject to cloud contamination and 
atmospheric interference, particularly during the monsoon season when soil moisture dynamics are most active. This 
introduces noise that disproportionately affects smaller spatial extents where individual cloudy pixels constitute a larger 
fraction of the total area.

• SMAP soil moisture at ∼36 km resolution represents the coarsest input, requiring substantial downscaling through the 
nearest neighbor resampling method. At the national scale, this coarse resolution may actually benefit the analysis by 
smoothing out local variability and revealing broad regional patterns, contributing to the moderate R2 (0.66). However, 
at the subdivision level, the mismatch between SMAP’s native resolution (36 km) and the study extent (Danapur subdivi
sion covers approximately 100 km2) becomes critical – individual SMAP pixels may encompass the entire study area or 
extend beyond its boundaries, leading to representational inaccuracies.

The resampling process itself introduces additional uncertainty. The nearest neighbor method preserves original data 
values but creates blocky artifacts at the target 500 m resolution, particularly evident in the estimated soil moisture maps 
(Figures 6–8). These artifacts are more visually apparent and statistically impactful at finer scales where the ratio between 
native and target resolutions is largest.

Surface heterogeneity and landscape complexity

Surface heterogeneity – the spatial variability of soil properties, land cover, topography, and vegetation – operates at multiple 
scales and interacts differently with model performance across study extents: 

• National scale (India): At the broadest scale, surface heterogeneity is partially averaged out, allowing the precipitation ET 
balance to explain regional soil moisture patterns effectively (R2 = 0.66). India encompasses diverse climatic zones (from 
arid Rajasthan to humid Northeast), soil orders (Inceptisols, Vertisols, Alfisols), and land use types. The moderate R2 indi
cates that while the water balance approach captures first-order controls, substantial unexplained variance remains due to 
this heterogeneity. The Moran’s I value of 0.372 (moderate positive spatial autocorrelation) confirms that residuals cluster 
spatially, suggesting that region-specific factors (e.g., soil texture variations, irrigation practices) not captured by the model 
create systematic prediction biases.

• State scale (Bihar): The higher correlation (R2 = 0.69) at the state level may reflect more homogeneous climatic conditions 
within a single state, reducing one source of variance. Bihar is dominated by alluvial soils of the Indo-Gangetic Plain with 
relatively consistent soil texture (silt loam to sandy loam) and intensive agricultural land use. However, the Moran’s I of 
0.294 (mild spatial clustering) indicates that even within this apparently homogeneous state, spatial structure in residuals 
persists – particularly in drier districts where groundwater irrigation creates localized soil moisture patterns decoupled 
from precipitation inputs.

• Subdivision scale (Danapur): The correlation drops slightly (R2 = 0.62) despite the SVR model achieving its highest test
ing accuracy (R2 = 0.792) at this scale. This apparent paradox requires careful interpretation. The CHIRPS-MODIS 
difference correlation represents a simple linear relationship without the benefit of ML, while the SVR model leverages 
both precipitation and ET as separate features with optimized weights. The lower simple correlation suggests that at 
fine scales, the relationship between net water flux and soil moisture becomes more complex due to

(a) Localized irrigation from the Ganges River and groundwater pumping, which decouples soil moisture from precipi
tation inputs

(b) Urban-rural gradients within Danapur (which includes both Patna urban periphery and agricultural villages)
(c) Micro-topographic effects on water redistribution not captured by coarse-resolution input data

The near-random residual distribution at Danapur (Moran’s I = 0.132, p ≈ 0.06) indicates that the SVR model successfully 
captures local-scale spatial structure, despite the challenges of sensor resolution mismatch.

Climatic gradients and seasonal dynamics

The 8-day temporal aggregation used in this study interacts with climatic gradients across scales: 
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• National scale: India spans multiple climate types (tropical monsoon, tropical wet and dry, semi-arid, arid, humid subtro
pical). The monsoon-driven precipitation regime creates strong seasonal soil moisture signals that dominate the national- 
scale pattern, contributing to the model’s ability to capture broad-scale variability despite limited input features.

• State scale: Bihar experiences a more uniform monsoonal climate with 80–90% of annual rainfall occurring June-Septem
ber. The reduced climatic variability within the state may explain the improved correlation (R2 = 0.69) compared with the 
national scale, as the precipitation- ET balance operates within a more constrained hydroclimatic regime.

• Subdivision scale: At the local scale, microclimatic effects (urban heat island effects from nearby Patna, riverine influ
ences from the Ganges) and intraseasonal rainfall variability become proportionally more important. The June 2023 
estimation period coincides with the onset of the monsoon, a time of rapid soil moisture change when the lag between 
precipitation input and soil moisture response may vary spatially based on antecedent moisture conditions and soil 
hydraulic properties.

Implications for multisensor interoperability

The scale-dependent performance observed in this study has important implications for operational soil moisture 
monitoring: 

• Sensor selection must consider the target scale of application. For national-scale drought monitoring, the coarse-resol
ution SMAP product combined with CHIRPS and MODIS provides adequate accuracy. For field-scale agricultural 
applications, the current framework requires downscaling or integration with higher-resolution sensors (e.g., Sentinel-1 
SAR).

• Residual spatial autocorrelation at broader scales (India: Moran’s I = 0.372) indicates the need for spatially explicit mod
eling approaches (e.g., geographically weighted regression, spatial autoregressive models) when applying the framework to 
continental-scale assessments.

• Regional calibration may be necessary to account for systematic variations in soil properties and climate regimes. The 
optimal hyperparameters identified for different scales (C = 350 at the national level vs. C = 150 at the subdivision 
level) suggest that model complexity requirements scale with spatial extent and heterogeneity.

• Temporal aggregation choices influence scale-dependent performance. The 8-day aggregation used in this study smooths 
over diurnal and day-to-day variability, which may be acceptable for regional monitoring but limits applicability for near- 
real-time applications requiring daily soil moisture estimates.

Comparison with literature

Our findings align with the scale-dependent performance patterns reported in Zhang et al. (2023a, b), who demonstrated 
that ML model performance in geoscientific applications varies systematically with spatial scale due to the interaction 
between input data resolution, surface heterogeneity, and the characteristic scales of underlying physical processes. Similar 
scale-dependent behavior has been observed in soil moisture downscaling studies (Im et al. 2016; Peng et al. 2017), where 
the relationship between auxiliary variables (such as land surface temperature and vegetation indices) and soil moisture 
weakens at finer scales due to the increasing influence of local factors not captured by coarse-resolution predictors.

The superior performance of the Linear SVR at the subdivision level (R2 = 0.792), despite the coarse native resolution of 
SMAP and CHIRPS, suggests that ML can partially compensate for resolution mismatches by learning optimal feature 
weights. However, the physical interpretability of the model – grounded in the water balance concept – provides confidence 
that the learned relationships are robust rather than spurious correlations.

The interoperability achieved shall enable accurate soil moisture estimation in regions where field validation is impracti
cal, costly, or logistically difficult, and enhances confidence in remote sensing-derived estimates. The observed R2 values 
ranging from 0.62 to 0.69 indicate a moderately strong correlation between CHIRPS-MODIS-derived estimates and 
SMAP soil moisture measurements, consistent with previous multisensor studies (such as Ang et al. 2007; Shaban et al. 
2016; Hu et al. 2017). However, minor deviations in the correlation across scales may arise due to resolution differences, 
regional soil variability, and inherent uncertainties within each sensor.

Building temporal soil moisture databases through multisensor fusion is crucial, given the highly dynamic nature of soil 
moisture driven by climatic variability, land use, and seasonal patterns. This approach ensures continuity even when the 
operational life of a satellite sensor concludes, mitigating gaps in long-term monitoring efforts. Combining the strengths 
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of different sensors and utilizing ML models like SVR offers a cost-effective alternative to traditional field data collection, 
particularly valuable for drought monitoring, agricultural water management, and climate resilience planning. Moreover, 
interoperability-driven models can facilitate the calibration of new sensors and ensure continuity in soil moisture estimation 
protocols, supporting remote sensing-based agricultural and hydrological applications.

This study further confirms that surface soil moisture dynamics are primarily governed by the balance between precipi
tation and ET processes. Nonetheless, accounting for soil heterogeneity remains essential. Future studies could integrate 
auxiliary datasets such as soil texture maps, LULC classifications, and digital elevation models to enhance spatial detail 
and physical realism.

Among the SVR kernels tested, the Linear kernel consistently outperformed others, as indicated by higher R2 values and 
lower MAE and RMSE scores. This suggests a predominantly linear relationship between the precipitation ET difference and 
the SMAP-observed soil moisture backscatter. These findings are congruent with previous research using active SAR remote 
sensing, which often shows linear or near-linear soil moisture responses under specific surface roughness and vegetation 
conditions.

Compared with the existing literature, this study has an advantage in terms of methodological simplicity and operational 
feasibility. While the recent studies such as Zhang et al. (2023a, b) & Nadeem et al. (2023) are based on deep learning and 
LSTM models for integration of datasets from CHIRPS, MODIS, and SMAP, they also require extensive computational 
facilities, black box approaches, and large amount of ground truth data for model training. In contrast, the current approach 
is lightweight, interpretable, robust and re-producible, thus making it more applicable for low-resource environments. Fur
thermore, studies such as Liu et al. (2022) and Senanayake et al. (2024), have thoroughly emphasized the need for 
downscaling the coarse resolution data using MODIS or Sentinel-2 (10 m spatial resolution) variables. However, most of 
the studies have overlooked the need for the integration of hydrological drivers such as precipitation and ET, directly for 
the modelling process, instead using LST or NDVI as proxies. This study directly incorporates these hydrological variables 
(CHIRPS and MODIS ET), aligning more closely with the water balance perspective and ensuring a physically consistent 
basis for soil moisture estimation.

To further validate the approach, future studies could explore ensemble learning methods (e.g., RF, Gradient Boosting) or 
deep learning architectures that might capture nonlinearities better across diverse environmental conditions. Also, cross- 
validation across different regions and climatic zones could provide broader generalizability for operational soil moisture 
monitoring frameworks.

Limitations of the study and datasets used

Despite promising results, this study has several limitations. First, the variability in soil types, permeability, porosity, and void 
ratios across India was not accounted for, which may affect soil moisture retention and infiltration rates. Secondly, incorpor
ating such soil physical parameters in future models could substantially enhance prediction accuracy. Additionally, potential 
seasonal and land cover influences were not separately analyzed, which could have introduced some bias in model perform
ance during different times of the year. The other limitations of the study are as follows- 

• The reported 500 m spatial resolution of the estimated soil moisture maps represents a resampled grid based on nearest 
neighbor downscaling of coarse-resolution inputs (CHIRPS at ∼5.5 km, SMAP at 36 km) rather than true high-resolution 
soil moisture retrievals. The effective information content remains at the native resolution of the coarsest input (36 km for 
SMAP), and the 500 m grid should be interpreted as a cartographic product that facilitates integration with MODIS ET 
data, not as independent 500 m soil moisture measurements. Future work incorporating high-resolution Sentinel-1 SAR 
or Sentinel-2 optical data could achieve genuine downscaling to finer resolutions.

• The 2-year study period (2021–2023) represents a limited temporal window that may not fully capture interannual varia
bility or extreme climatic events. While the period includes both normal and deficit monsoon years in parts of the study 
area, the model’s robustness during severe droughts or floods remains unvalidated. Longer time series are needed to estab
lish climatological baselines and assess model performance across the full range of hydroclimatic conditions.

• The primary validation approach relies on comparisons with satellite-derived SMAP soil moisture data, which, while pro
viding spatially extensive reference, shares inherent uncertainties with the input data (e.g., coarse resolution, surface-only 
sensing). The independent ground validation, though valuable, is limited to 15 points in a single subdivision and may not 
capture the full range of environmental variability. Future validation efforts should include larger ground networks across 
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multiple agro-climatic zones and consider comparison with in-situ networks (e.g., ISRO’s soil moisture validation sites, 
ICAR agricultural research stations) to provide more robust independent assessment.

• The ML model was developed using 91 temporally aggregated observations (May 2021–May 2023), which represents a 
relatively small sample size for SVR training. While the 10-fold cross-validation strategy mitigates overfitting to some 
extent, the limited sample may not capture the full range of soil moisture variability across different seasonal and climatic 
conditions. This constrains the model’s ability to learn complex nonlinear patterns and may affect generalization to years 
or regions with characteristics not represented in the training data. The superior performance of the linear kernel over 
nonlinear alternatives is partly attributable to this sample size limitation, as complex kernels require more data to estimate 
decision boundaries reliably. Future work should extend the temporal domain as the SMAP time series accumulates and 
consider incorporating spatial replicates across multiple subdivisions to increase effective sample size.

• The ground validation dataset comprises only 15 in situ observations within a single subdivision (Danapur). While repre
sentativeness analysis confirms proportional coverage of dominant soil types and agricultural land uses, the small sample 
size limits statistical power and may not capture the full spatial heterogeneity of soil moisture across the region. The vali
dation R2 of 0.7123 should therefore be interpreted as indicative rather than definitive and may be optimistic relative to 
performance across the entire subdivision. The concentration of sampling points in accessible agricultural areas (73.3%) 
means that performance in under-sampled land-use classes (urban, water bodies) remains unvalidated. Future validation 
campaigns should employ stratified random sampling with larger sample sizes (n > 50) across multiple subdivisions to 
enable more robust model evaluation.

The datasets used have the following limitations: 

• There is a possibility for underestimation of extreme rainfall events in areas with limited or scarce ground stations in the 
case of CHIRPS data.

• The MODIS ET data is often impacted by cloud cover and atmospheric noise, thus reducing their accuracy during mon
soons or highly humid conditions.

• SMAP data has a highly coarse (36 km) spatial resolution which limits the applicability of SMAP for field-level soil moist
ure measurements.

• SMAP only provides surface soil moisture (maximum up to 5 cm depth) which does not give a clear indication of the 
deeper root-zone soil moisture which is important from an agricultural perspective.

• While comprehensive hyperparameter tuning was conducted using grid search with cross-validation, the optimal par
ameters identified may be specific to the study region and time period. The sensitivity of SVR performance to 
hyperparameter choices (particularly C and ε values) suggests that models may require recalibration when applied to differ
ent geographical regions or climatic conditions. Future studies should explore adaptive hyperparameter optimization 
techniques, such as Bayesian optimization, that can dynamically adjust parameters based on regional data characteristics.

• Future work will focus on improving model accuracy and generalizability through integration of additional high-resolution 
predictors:

Sentinel-2 multispectral variables: The 10–20 m resolution of Sentinel-2 offers several vegetation and soil indices that can 
serve as effective covariates for soil moisture downscaling- 

1. NDVI and EVI to capture vegetation water stress and canopy cover effects on surface soil moisture.
2. NDWI (Normalized Difference Water Index) as a direct proxy for vegetation and soil moisture content.
3. Brightness and greenness tasseled cap transformations to characterize soil exposure and vegetation condition.
4. Red-edge bands for improved sensitivity to vegetation water content in cropped areas.

• These indices can be incorporated as additional features in the SVR framework, potentially improving spatial detail 
from 500 m to 10–20 m resolution through established downscaling approaches (e.g., RF or convolutional neural net
works trained on coincident Sentinel-2 and SMAP observations).

• Sentinel-1 SAR variables: C-band Synthetic Aperture Radar (SAR) at 10–20 m resolution provides cloud-penetrating 
capability and sensitivity to surface dielectric properties-

1. Backscatter coefficients (VV, VH) directly sensitive to surface soil moisture.
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2. Polarimetric decompositions (e.g., Freeman-Durden, H/A/alpha) to separate surface scattering from vegetation volume 
scattering.

3. Interferometric coherence as an indicator of vegetation structure and soil surface stability.

• Integration with Sentinel-1 would enable soil moisture estimation under all-weather conditions and at field scales 
relevant for precision agriculture.

• Soil databases as static predictors: Incorporating soil physical properties as time-invariant layers would account for 
texture-controlled soil moisture variability-

1. SoilGrids (ISRIC) at 250 m resolution: sand, silt, clay fractions; bulk density; organic carbon content; cation exchange 
capacity; pH.

2. FAO Harmonized World Soil Database: soil type classifications, textural classes, depth to bedrock.
3. Hydrologic Soil Groups derived from NRCS or national soil surveys to characterize infiltration capacity.

• These static layers can be integrated as additional features in the SVR model, enabling the framework to learn texture- 
specific responses to precipitation and ET forcing. For example, sandy soils would show rapid response to rainfall 
and quick drying, while clay soils would exhibit slower dynamics – patterns that the current model must infer 
solely from temporal signals.

• Three integration strategies will be evaluated:
1. Strategy A – Feature stacking: All predictors (CHIRPS, MODIS ET, Sentinel indices, soil properties) concatenated as 

input features to a single SVR or ensemble model.
2. Strategy B – Two-stage downscaling: Coarse-resolution SVR estimation followed by residual correction using high-resol

ution Sentinel variables, similar to thermal sharpening approaches.
3. Strategy C – Regional stratified modeling: Separate models calibrated for each soil type-land use combination, with Sen

tinel variables providing the stratification map at high resolution.

• Expected improvements: Preliminary analysis suggests that incorporating Sentinel-2 NDVI and SoilGrids clay frac
tion could-

1. Increase spatial resolution from 500 m to 10–20 m (field scale)
2. Improve R2 by an estimated 0.08–0.12 by capturing within-pixel soil texture variability.
3. Reduce MAE by 15–20% in heterogeneous agricultural landscapes.
4. Enable differentiation between surface and root-zone soil moisture through vegetation-coupled modeling.

• Computational considerations-
1. Integration of high-resolution (10–20 m) predictors over large regions (national scale) will require-
2. Cloud computing platforms (GEE, AWS).
3. Efficient data cube architectures for multiresolution data.
4. Scalable ML implementations (Dask, Spark).
5. Active learning approaches to reduce training data requirements.

• These enhancements will transition the current framework from regional monitoring (500 m, 8 days) to field-scale 
precision agriculture applications (10 m, daily) while maintaining the physical interpretability of the water balance 
foundation.

• While the ground validation points in Danapur subdivision provide a reasonable representation of dominant soil 
types and agricultural land uses, they do not comprehensively sample all environmental strata present in the study 
area. The under-representation of built-up areas and the absence of validation in areas with minor soil textural classes 
limits our understanding of model performance in these contexts. Furthermore, validation was confined to a single 
sub-division, and the representativeness of these points for broader regional application remains untested. Future 
validation campaigns should employ stratified random sampling designs based on soil type-land-use combinations 
to ensure comprehensive coverage of environmental gradients.

• The preprocessing pipeline, while comprehensive, introduces certain limitations that should be acknowledged-
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1. Nearest neighbor resampling of coarse-resolution CHIRPS and SMAP data to 500 m creates blocky artifacts and does 
not add sub-pixel information. This limits the effective resolution of soil moisture estimates to the coarsest input resol
ution (36 km for SMAP), despite the 500 m output grid. Future work should explore physically based downscaling 
approaches that incorporate high-resolution auxiliary data (e.g., Sentinel-1 SAR, Landsat thermal data) to add real 
sub-pixel information.

2. Temporal aggregation to 8-day composites smooths over rapid soil moisture dynamics following precipitation events. 
This is acceptable for regional monitoring but limits applicability for daily or sub-daily applications. The choice of 
8-day aggregation was constrained by MODIS ET product specifications.

3. Gap filling during monsoon periods relies on multiyear averages that may not capture extreme events or interannual 
variability. The 2021–2023 period includes both normal and deficit monsoon years, but the climatological filling 
approach may bias estimates during unprecedented extremes.

Quality flag filtering of MODIS ET removes cloud-contaminated pixels but also eliminates valid observations during the 
critical monsoon period, increasing reliance on gap-filled estimates precisely when soil moisture dynamics are most active.

Practical policy implications

The study has the following practical policy implications for India and similar agrarian economies of the world 

• By providing accurate soil moisture estimates with open-access satellite data, the study supports the need for real-time irri
gation advisory and early warning mechanisms for agricultural droughts.

• The methodology can be incorporated into the crop insurance schemes such as the Pradhan Mantri Fasal Beema Yojna 
(PMFBY) of the Government of India owing to the open-access satellite data used for enhancing transparency in soil 
health research and crop damage assessment.

• The insights generated from the multisensor remote sensing data integration through this study are of vital importance for 
the LULC change-induced cropping pattern changes.

• The approach is aligned with the goals of the National Mission on Sustainable Agriculture (NMSA) and Digital India and 
can be scaled through partnerships with agencies such as ISRO, ICAR, MoA, and FW, and state agricultural departments 
for operational monitoring and planning.

Future work

While the SVR model performed well in capturing overall soil moisture dynamics using multisensor remote sensing data, the 
presence of moderate spatial autocorrelation in residuals at broader spatial scales indicates the potential benefit of incorpor
ating spatial modeling approaches. At the subdivision level, the model residuals exhibited minimal spatial dependence, 
suggesting strong localized predictive capability. These results emphasize the need to explore spatially adaptive methods 
(e.g., spatial cross-validation, GWR, or spatially embedded kernels) in future studies to further improve the robustness of 
soil moisture predictions at regional and continental scales. The future work of the study will focus on improving model 
accuracy and generalizability by exploring other ensemble-based ML models such as XGBoost and RF, deep learning 
models, and LSTMs for capturing temporal variability, and hybrid models that combine physical and statistical principles. 
Within the SVR framework, there is a need for kernel optimization by using adaptive and composite kernels. Emphasis 
should be also placed on cross-validation strategies such as spatial k-fold and leave-one-region-out for assessing model accu
racy, across distinct geographical and seasonal contexts. Future work will focus on improving model accuracy and 
generalizability through integration of additional high-resolution predictors: 

1. Sentinel-2 multispectral variables: The 10–20 m resolution of Sentinel-2 offers several vegetation and soil indices that 
can serve as effective covariates for soil moisture downscaling: 

• NDVI and EVI to capture vegetation water stress and canopy cover effects on surface soil moisture

• NDWI (Normalized Difference Water Index) as a direct proxy for vegetation and soil moisture content

• Brightness and greenness tasseled cap transformations to characterize soil exposure and vegetation condition

• Red-edge bands for improved sensitivity to vegetation water content in cropped areas
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These indices can be incorporated as additional features in the SVR framework, potentially improving spatial detail from 
500 m to 10–20 m resolution through established downscaling approaches (e.g., RF or convolutional neural networks 
trained on coincident Sentinel-2 and SMAP observations). 

2. Sentinel-1 SAR variables: C-band Synthetic Aperture Radar (SAR) at 10–20 m resolution provides cloud-penetrating 
capability and sensitivity to surface dielectric properties:

• Backscatter coefficients (VV, VH) directly sensitive to surface soil moisture
• Polarimetric decompositions (e.g., Freeman-Durden, H/A/alpha) to separate surface scattering from vegetation 

volume scattering
• Interferometric coherence as an indicator of vegetation structure and soil surface stability

Integration with Sentinel-1 would enable soil moisture estimation under all-weather conditions and at field scales relevant 
for precision agriculture. 

3. Soil databases as static predictors: Incorporating soil physical properties as time-invariant layers would account for tex
ture-controlled soil moisture variability-

• SoilGrids (ISRIC) at 250 m resolution: sand, silt, clay fractions; bulk density; organic carbon content; cation 
exchange capacity; pH

• FAO Harmonized World Soil Database: soil type classifications, textural classes, depth to bedrock
• Hydrologic Soil Groups derived from NRCS or national soil surveys to characterize infiltration capacity

These static layers can be integrated as additional features in the SVR model, enabling the framework to learn texture- 
specific responses to precipitation and ET forcing. For example, sandy soils would show rapid response to rainfall and 
quick drying, while clay soils would exhibit slower dynamics – patterns that the current model must infer solely from tem
poral signals. 

4. Integration architecture approaches:

Three integration strategies will be evaluated:
Strategy A – Feature stacking: All predictors (CHIRPS, MODIS ET, Sentinel indices, soil properties) concatenated as input 

features to a single SVR or ensemble model.
Strategy B – Two-stage downscaling: Coarse-resolution SVR estimation followed by residual correction using high-resol

ution Sentinel variables, similar to thermal sharpening approaches.
Strategy C – Regional stratified modeling: Separate models calibrated for each soil type-land use combination, with Senti

nel variables providing the stratification map at high resolution. 

5. Expected improvements:

Preliminary analysis suggests that incorporating Sentinel-2 NDVI and SoilGrids clay fraction could 

• increase spatial resolution from 500 m to 10–20 m (field scale),
• improve R2 by an estimated 0.08–0.12 by capturing within-pixel soil texture variability,
• reduce MAE by 15–20% in heterogeneous agricultural landscapes,
• enable differentiation between surface and root-zone soil moisture through vegetation-coupled modeling.

6. Computational considerations:

Integration of high-resolution (10–20 m) predictors over large regions (national scale) will require 

• cloud computing platforms (GEE, AWS),

• efficient data cube architectures for multiresolution data,

• scalable ML implementations (Dask, Spark),

• active learning approaches to reduce training data requirements.

Extension of the analysis to longer time periods (e.g., utilizing the full CHIRPS and MODIS archives since 2000) will 
enable robust assessment of interannual variability, trend detection, and model performance during extreme events. 
These enhancements will transition the current framework from regional monitoring (500 m, 8 days) to field-scale precision 
agriculture applications (10 m, daily) while maintaining the physical interpretability of the water balance foundation.
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CONCLUSIONS

This study proposes a novel ML-based framework for soil moisture estimation by integrating freely available satellite 
data – MODIS, CHIRPS, and SMAP – through sensor interoperability and a linear SVR model. The findings demon
strate that simple, finely tuned ML models such as the SVR, particularly using the linear kernel, can provide reliable 
and accurate soil moisture estimates even for highly dynamic surface conditions. By minimizing the need for synchro
nized fieldwork, this open-access, interoperable approach enhances the scalability and cost-effectiveness of soil moisture 
monitoring across national to local scales. Moreover, the approach shows strong potential for operational hydrological 
monitoring, agro-informatics applications, and drought risk assessment, where quick and reliable soil moisture infor
mation is crucial. Establishing interoperability between sensors not only extends the usability of existing remote 
sensing datasets but also creates opportunities for model continuity when sensor missions end or when ground data 
collection is limited.

Moving forward, future work should incorporate soil physical properties such as porosity, permeability, and void ratio to 
further refine the soil moisture estimates. Additionally, integrating information on predominant cropping patterns and devel
oping models that differentiate between surface and root-zone soil moisture would significantly enhance the reliability of 
results. Seasonal variations and the influence of diverse climatic conditions across regions should also be systematically 
studied to expand the applicability of the model globally. In conclusion, this study offers a dependable and practical meth
odology for soil moisture estimation that can be further extended to monitor other critical soil health parameters such as soil 
salinity, SOC, and soil nutrient status through multisensor satellite data integration.

The practical utility of this framework extends to several operational applications:
For drought monitoring: The 8-day soil moisture estimates at 500 m resolution enable early detection of agricultural 

drought conditions. For instance, during the critical monsoon break periods (June–September), persistent negative 
anomalies in estimated soil moisture relative to the 2021–2023 baseline could trigger early warnings for rainfed agricultural 
zones in Bihar, providing farmers and disaster management authorities approximately 10–15 days lead time before visible 
crop stress. The framework’s ability to integrate real-time CHIRPS precipitation data allows continuous updating of drought 
indices (e.g., Soil Moisture Deficit Index) without waiting for ground survey reports.

For agricultural water management: Irrigation advisory services can leverage the framework to optimize water schedul
ing. In the Danapur sub-division, where rice-wheat rotation dominates, the model’s soil moisture estimates can inform 
precision irrigation decisions – for example, recommending irrigation only when estimated root-zone soil moisture 
(inferred from surface estimates using soil texture relationships) falls below 50% of field capacity. This could reduce 
water consumption by an estimated 15–20% compared with conventional scheduling, based on pilot studies in similar 
alluvial plains. The open-access nature of the input data makes this feasible for state agricultural extension services 
with limited budgets.

For long-term climate assessment: The 2021–2023 baseline established in this study provides a benchmark against which 
future soil moisture trends can be assessed. As the time series extends, the framework can detect shifts in seasonal soil moist
ure patterns – for example, earlier onset of summer soil drying or delayed monsoon recharge – that signal climate change 
impacts on agricultural water availability. Policy planners can use such trend information to adjust cropping calendars, 
revise irrigation infrastructure investments, or target climate adaptation programs to districts showing persistent drying 
trends.

The novel features of the study are as follows: 

• Enables cost-efficient, real-time soil moisture estimation using open-access satellite datasets.

• Demonstrates reliable sensor interoperability across national, state, and subdivision levels with acceptable accuracy.

This study lays the groundwork for multisensor soil health monitoring, including parameters like salinity, SOC, and nutri
ent content. In summary, the study successfully demonstrates that leveraging sensor interoperability combined with simple, 
finely tuned ML models offers a promising, cost-effective, approach to soil moisture estimation. This framework holds 
promise for enhancing hydrological and agricultural resilience not only in India but also in other data-scarce regions glob
ally, where ground-based observations are limited.

Integration of high-resolution Sentinel-1/2 variables and soil property databases in future work promises to enhance 
spatial resolution to field scales (10–20 m) while maintaining the physical basis of the water balance approach.
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