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Abstract: Accurate high-resolution soil moisture maps are crucial for a better understanding of
hydrological processes and energy cycles. Mapping strategies such as downscaling and interpolation
have been developed to obtain high-resolution soil moisture maps from multi-source inputs. However,
research on the optimization performance of integrating downscaling and interpolation, especially
through the use of mutual covariates, remains unclear. In this study, we compared four methods—
two standalone methods based on downscaling and interpolation strategies and two combined
methods that utilize soil moisture maps as mutual covariates within each strategy—in a case study
of daily soil moisture mapping at a 1 km resolution in the Tibetan Plateau. We assessed mapping
performance in terms of prediction accuracy and differences in spatial coverage. The results indicated
that introducing interpolated soil moisture maps into the downscaling strategy significantly improved
prediction accuracy (RMSE: —5.94%, correlation coefficient: +14.02%) but was limited to localized
spatial coverage (6.9% of grid cells) near in situ sites. Conversely, integrating downscaled soil
moisture maps into the interpolation strategy resulted in only modest gains in prediction accuracy
(RMSE: —1.07%, correlation coefficient: +1.04%), yet facilitated broader spatial coverage (40.4% of grid
cells). This study highlights the critical differences between downscaling and interpolation strategies
in terms of accuracy improvement and spatial coverage, providing a reference for optimizing soil
moisture mapping over large areas.

Keywords: spatial prediction; machine learning; random forest; variable importance; digital soil mapping

1. Introduction

Today, more research focuses on the processes, mechanisms, and interactions between soil
moisture and natural factors such as vegetation, precipitation, and atmosphere [1-3]. These
studies are typically modeled at a fine spatiotemporal scale. Therefore, more accurate soil
moisture maps with high-resolution is crucial for a better understanding of hydrological
processes and energy cycles [4-6].

The heterogeneity of soil moisture makes it highly variable and nonlinear in both
time and space [7]. Soil moisture dynamics are influenced by many factors such as tem-
perature [8], precipitation [9], vegetation [10], land cover [11], and soil properties [12].
For example, precipitation and temperature control the water cycle and evapotranspira-
tion, which are primary drivers of long-term soil moisture variability [9,13]. Additionally,
vegetation morphology is directly related to evapotranspiration and influences the feed-
back of evapotranspiration on soil moisture [10]. The latest advances in soil mapping
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provide an unprecedented opportunity but also pose challenges due to inappropriate uses
or inaccurate estimates of these products [14,15].

Various mapping strategies, including downscaling and interpolation, have been
developed to obtain high-resolution soil moisture products by utilizing multi-source soil
moisture inputs with different spatial supports. The downscaling strategy enhances the
resolution of soil moisture maps by integrating coarse-resolution soil moisture satellite data
with high-resolution auxiliary data [16-18]. It includes microwave data-fusion-based tech-
niques [19], statistical models [20,21], and data assimilation techniques [22]. For example,
Zheng et al. [23] constructed a global daily 1 km resolution soil moisture dataset using a
downscaling method based on multi-source optical remote sensing data. However, satellite-
based soil moisture data, such as those from the Soil Moisture Active Passive (SMAP)
mission, offer wide coverage but often have resolutions exceeding tens of kilometers, which
may not provide accurate spatial estimates of soil moisture at finer scales [24].

The interpolation strategy estimates soil moisture at unobserved locations by utilizing
available site-scale measurements, thereby producing a continuous spatial distribution
of soil moisture [25-27]. It involves incorporating covariates following the “SCORPAN"
factors of digital soil mapping [28]. This strategy includes machine learning and geostatisti-
cal methods [29,30]. For example, Li et al. [31] presented a 1 km resolution long-term soil
moisture dataset derived through the random-forest-based interpolation method trained
by in situ observations in China. Despite in situ soil moisture data providing more ac-
curate measurements, their limited spatial support leads to issues of insufficient spatial
representativeness in sparsely observed areas [32].

With the increasing popularity of machine learning in spatial predictive modeling [33,34],
a growing number of studies have used it to integrate multiple covariates and model
their nonlinear relationships for predicting soil moisture through both downscaling and
interpolation mapping strategies [18]. However, few studies have effectively combined
downscaling and interpolation strategies to fully utilize the strengths of each method in soil
moisture mapping, particularly in terms of integrating their results as mutual covariates.
In addition, it is still necessary to assess the importance of various covariates in different
strategies to ensure the appropriate selection of covariates and accurate estimation of
soil moisture.

In this study, we assessed the performance of machine-learning-based downscaling
and interpolation strategies for soil moisture mapping over the Tibetan Plateau, both with
and without the inclusion of mutual covariates. Using random forest, we compared four
methods: the downscaling method, the interpolation method, and two methods that com-
bine soil moisture maps as mutual covariates with each strategy. These prediction maps
may differ in accuracy and show variations across broader or more localized areas. There-
fore, the mapping performance was evaluated based on prediction accuracy and differences
in spatial coverage. To examine the contribution of different covariates in downscaling
and interpolation strategies, we introduced 13 covariates across four categories—climate,
vegetation, topography, and soil factors—to evaluate their influence on modeling. The
objectives of this work are (i) to evaluate whether incorporating mutual covariates improves
prediction accuracy compared to methods that do not use mutual covariates across different
strategies; (ii) to analyze differences in spatial coverage between the soil moisture maps
and determine whether these differences are concentrated in specific small areas or spread
across larger regions; and (iii) to investigate the contributions of various types of covariates
within different strategies.

2. Materials and Methods
2.1. Study Area

The Tibetan Plateau (TP), located in southwestern China and covering about
2.5 million km? (26.5°—40°N, 73°~105°E), is the largest and highest plateau in China. Its
average elevation surpasses 4000 m, with the terrain rising higher in the west and sloping
lower towards the east (Figure 1a). Known as the “roof of the world”, the TP is charac-
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terized by extensive permafrost and glaciers [35,36]. It has significant variation in annual
precipitation, ranging from approximately 1500 mm to less than 100 mm, mainly concen-
trated from June to September [37-39]. The dominant vegetation includes meadows and
grasslands in the central and eastern regions, forests and shrubs in the southeast, and
deserts in the northwest, with meadows and grasslands comprising about 70% of the total
vegetation cover [40,41].
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Figure 1. The location, land cover types, and elevation of the TP (a). Land covers and sensor locations
for four networks: (b) Naqu, (c) Pagri, (d) uHRB, and (e) Maqu.

2.2. Data
2.2.1. In Situ Data

The in situ soil moisture observations originate from the Tibet-Obs network, which
monitors soil temperature and moisture on the Tibetan Plateau (Tibet-Obs), and from the
wireless sensor network in the upper reaches of the Heihe River Basin (uHRB), Qinghai
Province, China [42,43]. Tibet-Obs includes stations at Naqu, Pagri, and Maqu
(Figure 1b,c,e) [44,45], while uHRB is strategically located in the Babao River basin of
the upper Heihe River (Figure 1d), and has been optimized for data collection [46]. Table 1
details these networks. Additionally, we utilized the most recently released soil moisture
dataset from the long-term, quality-assured land-atmosphere interactions project [47],
which includes sporadic data outside the four main networks, with a total of 9 samples. We
processed data from the unfrozen period between June and September 2016. After ensur-
ing data availability and high quality, records from 117 sites were retained for modeling
and analysis.
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Table 1. Information of in situ soil moisture observation networks.
Networks Name Naqu Pagri Maqu uHRB
Number of 53 19 11 25
stations
Time frequency 15 min 15 min 15 min 1h
Latitude (N) 31.0°-31.9° 27.7°-28.2° 33.6°-34.0° 37.9°-38.3°
Longitude (E) 91.7°-92.5° 89.1°-89.3° 101.8°-102.6° 100.2°-101°

2.2.2. Satellite Data

The soil moisture satellite products used in this study were sourced from the Soil
Moisture Active Passive (SMAP) mission, managed by NASA [48]. The L-band radiometer
of SMAP provides daily surface soil moisture estimates for the topsoil layer (top ~5 cm) at a
spatial resolution of approximately 36 km [48,49]. Specifically, we used data from the SMAP
L3 Radiometer Global Daily 36 km descending product by NASA, Pasadena, California,
USA. This dataset includes advanced calibration methods for brightness temperature and
a sophisticated land surface model, significantly enhancing the accuracy of soil moisture
estimation in the TP [40,50]. To align with in situ observations and ensure comprehensive
data coverage, SMAP collected daily data throughout the thawing period from June to
September 2016.

2.2.3. Auxiliary Data

The auxiliary data (i.e., environmental covariates) for this study were obtained from
the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn/, accessed on 22 October
2020). These covariates include 13 covariates in four categories: climate, vegetation, terrain,
and soil physical and chemical properties. Climate and vegetation factors vary over time,
whereas the others remain constant (Table 2). To maintain consistency across our analyses,
we resampled all covariates to raster datasets at a resolution of 1000 m based on the bilinear
interpolation, ensuring that information was uniformly extracted for all sites.

Table 2. Information of environmental covariates in our study.

Type Covariate ! Original Resolution Data Source
Climate Rainfall 1000 m 1 days Jiang et al. [51]
LST_D 1000 m 1 day Tang et al. [52]
LST_N 1000 m 1 day
Vegetation NDVI 250 m 30 days Gao et al. [53]
Terrain DEM 30 m - https:/ /earthdata.nasa.gov
Aspect 30 m - (accessed on 22 October 2020)
Slope 30 m -
Soil physical Sand 250 m - Liu et al. [54]
and chemical Silt 250 m -
properties Clay 250 m -
pH 250 m -
SOC 250 m -
BD 250 m -

! Abbreviations: LST_D and LST_N, land surface temperature during day and night; NDVI, normalized difference
vegetation index; DEM, digital elevation model; SOC, soil organic carbon content; BD, soil bulk density.

2.3. Prediction Models and Processes

We introduced four methods: the downscaling method (DM), the interpolation method
(IM), and two combined downscaling—interpolation methods that integrate soil moisture
maps as mutual covariates—one based on the downscaling framework (CB1) and the other
based on the interpolation framework (CB2) (Figure 2). Random forest was used to model
and predict soil moisture for each method (RFpy, RFv, RFcpi, and RFcpp). Additionally,
we used boosted regression trees instead of RF to perform the same steps in order to
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validate the robustness of the modeling results. The results presented in the main text are
based on the RF predictions; the results generated by boosted regression trees are provided
in the Supplementary Materials. First, all covariates listed in Table 2 were utilized for the
DM and IM to generate 1 km soil moisture maps, as indicated by the gray boxes in Figure 2.
Next, these two fine-scale soil moisture maps were incorporated as additional covariates
into the optimized downscaling and interpolation frameworks, respectively, to update the
combination of covariates. Based on the updated covariates, the two combined methods
within the downscaling and interpolation frameworks produced optimized soil moisture
prediction results. This allowed for a comparative analysis between the DM and CB1 in the
downscaling framework, and the IM and CB2 in the interpolation framework.
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Figure 2. Flowchart of the downscaling, interpolation, and combined downscaling—interpolation
methods used in this study. Color coding: orange for downscaling methods, green for interpolation
methods, and blue for combined methods. Abbreviations: SM, soil moisture; RF, random forest; DM,
downscaling method; IM, interpolation method; CB1, combined method incorporating interpolated
SM as covariate within a downscaling framework; CB2, combined method including downscaled SM
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as covariate within an interpolation framework.

2.3.1. Machine Learning Models

Random forest (RF) was used in this study to predict soil moisture based on four
distinct methods. RF is a machine learning algorithm that combines the bagging method
with random variable selection, using a series of “trees” to form a “forest” [55]. RF adopts
bootstrap sampling for each tree, with the out-of-bag error serving as an indicator of
model performance [56]. It is used to predict the dependent variable from covariates with
its training dataset consisting of paired observations of the dependent and independent
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variables. Depending on the type of dependent variables (continuous or categorical), RF
can handle both regression and classification problems. In this work, we used RF for
regression, as soil moisture is a continuous variable.

The advantages of RF include its ability to handle covariates without requiring normal-
ization. By aggregating predictions from multiple trees, RF mitigates the risk of overfitting
compared to individual decision trees. In RF, variable selection is achieved by randomly se-
lecting subsets of covariates at each node split. The split at each node of a tree is determined
by the covariate from the subset that achieves the largest reduction of the loss function.
Adjustable parameters in RF include the number of trees (ntree), the minimum number of
observations per leaf node (nodesize), and randomly selected covariates for each node split
(mtry). Specifically, ntree influences the robustness of RF by averaging predictions across
trees; nodesize ensures each leaf node has enough samples for reliable predictions; mtry
determines the number of features considered at each split, promoting diversity among
trees. The importance function generates rankings of environmental covariates based on
their significance for soil moisture when modeling. Variable importance was assessed
with the permutation method, which assesses the importance by randomly permuting
feature values and observing the resulting decrease in model accuracy. The RF algorithm is
available within the “caret” R package (version 6.0-80) [57].

To demonstrate the robustness of the results in this study, we also used the boosted
regression trees (BRT) model [58,59] to perform the same modeling process as RF for
different strategies and compared it with the RF model. Detailed information and results
regarding the BRT model can be found in Supplementary Materials.

2.3.2. Downscaling Method

The downscaling method (DM) utilizes remote sensing satellite soil moisture data as
inputs, employing RF (denoted as RFpys) to model the relationship between environmental
covariates and soil moisture at the satellite scale. Subsequently, this coarse-scale relationship
is combined with fine-scale environmental covariates to predict fine-scale soil moisture.
Therefore, the DM follows a structured three-step process:

Step 1: Pre-processing of soil moisture satellite products and obtaining coarse- and fine-scale
covariates. We first employed the bilinear interpolation to resample the daily SMAP soil
moisture products into regular 36 km x 36 km grids. Next, all covariates were also resam-
pled from their original spatial resolutions to both 1 km and 36 km using the same bilinear
interpolation method, thereby producing fine- and coarse-scale covariates, respectively.

Step 2: Establishment of a RF regression model at the coarse scale in RF downscaling frame-
work. The RFpy; was used to establish relationships between daily coarse-scale soil moisture
SMAP products and covariates at a spatial resolution of 36 km. We established separate
regression models for soil moisture and covariates for each day. In selecting covariates, we
considered that surface soil moisture for a given day may depend not only on the time-
varying covariates of that day but also on covariate values from previous days, reflecting
the delayed effect of these covariate changes on soil moisture [60]. Therefore, we included
average rainfall and land surface temperature from the previous 14 days.

Step 3: Prediction of soil moisture at the fine scale. After training models at 36 km resolu-
tion using coarse soil moisture satellite products and covariates, this relationship derived
from RFpy; was combined with 1 km covariates to obtain the prediction of downscaled
soil moisture at 1 km resolution (Figure 2). This involved predicting 1 km soil moisture
using the RFpy regression model from step 2 and 1 km covariates from step 1 within an
area-to-area prediction framework.

2.3.3. Interpolation Method

The interpolation method (IM), differing from the DM, utilizes in situ data rather than
remote sensing data. It employs the same covariates as those used in the downscaling
framework based on the “SCORPAN" factors of digital soil mapping [28]. RF was also
applied to the IM to predict soil moisture (denoted as RFy). Therefore, the primary
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distinction between the IM and DM lies in the type of soil moisture data used during model
training. The process of predicting soil moisture using the IM consists of two main steps:

Step 1: Extraction of covariate information from in situ sites and establishment of an RF
regression model at the site scale. Initially, to use in situ soil moisture for the interpolation of
soil moisture, we first aggregated these in situ measurements to daily averages to align
with dynamic covariates with the highest temporal resolution, such as rainfall and LST.
Next, we extracted environmental information from covariates at 1 km resolution at the
measurement locations and dates from in situ sites (Table 1). Using this data, RFp\ was
employed to model a regression that describes the relationship between soil moisture and
covariates at the site scale.

Step 2: Generation of interpolated soil moisture maps at 1 km grids. We predicted the
site-scale relationship into grid scale to generate spatial interpolation of soil moisture. The
relationships derived from the site-scale RFp were applied across 1 km grids to create soil
moisture interpolated maps by combining with fine-scale covariates. Thus, the predictions
of 1 km soil moisture using the IM require the RFpy regression relationship and 1 km
covariates (Figure 2) within a point-to-area prediction framework.

2.3.4. Combined Downscaling-Interpolation Methods

In this study, leveraging the established downscaling and interpolation frameworks,
the two combined methods, CB1 and CB2, integrated soil moisture maps as mutual co-
variates. Specifically, CB1 incorporated soil moisture maps generated by the IM into the
downscaling framework, whereas CB2 integrated DM soil moisture maps into the interpo-
lation framework (Figure 2). These approaches allowed each combined method to leverage
the strengths of both single methods, enabling more comprehensive modeling of soil mois-
ture using data from multiple scales. The specific steps of the two combined methods (CB1
and CB2) are as follows:

Step 1: Generation of fine-scale soil moisture maps at 1 km resolution using single mapping
strategies for both downscaling and interpolation. Initially, 1 km soil moisture maps were
generated using the DM and IM based on the downscaling and interpolation frameworks,
respectively. In addition, the optimization strategy in the downscaling framework (CB1)
requires integrating soil moisture maps at both coarse and fine scales for modeling and
prediction. This involves generating both 1 km and 36 km interpolated soil moisture maps.
The latter can be obtained by either combining observed in situ soil moisture with coarse-
scale covariates or resampling the 1 km soil moisture maps (Figure 2). The methods for the
single downscaling and interpolation strategies are detailed in Sections 2.3.2 and 2.3.3.

Step 2: Updating the combination of environmental covariates used in different frameworks.
Based on the selected environmental covariates in this study (Table 2), different 1 km
soil moisture maps were added to form updated combinations of covariates for down-
scaling and interpolation strategies. Specifically, for the CB1 strategy in the downscaling
framework, the updated covariates consisted of all previous covariates along with the soil
moisture maps generated by the IM; for the CB2 strategy in the interpolation framework,
the updated covariates comprised all previous covariates in conjunction with the soil
moisture maps generated by the DM.

Step 3: Generation of new soil moisture predictions combining with the updated combinations
of covariates within different frameworks. Based on the updated combinations of covariates,
the two combined strategies, CB1 and CB2, repeated the key steps of the DM and IM under
the downscaling and interpolation frameworks to produce optimized soil moisture maps.

2.4. Validation and Evaluation
2.4.1. Validation Method

To ensure comparability across all models (DM, IM, CB1, and CB2), an independent
dataset validation method was employed, even though the DM does not directly use in situ
data during the modeling process. The soil moisture in situ data were randomly divided
into two independent datasets: a training set (60%) and a test set (40%). To maintain data
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integrity, data from each location were explicitly assigned to either the training or the
test set. These sets were then used to train the models and evaluate their performance,
respectively. This validation process was repeated 30 times to ensure robust results.

2.4.2. Validation Indicators

For validation indicators, we used the mean error (ME, m?/m?), root mean square
error (RMSE, m®/m?3), and the correlation coefficient (R, dimensionless) to evaluate model
performance. This direct validation method, which compares in situ observations with
1 km prediction results, was also used to reflect the mapping performance. Scatter density
plots were applied to evaluate the overall effectiveness of the predictions, comparing
observed outcomes to predicted results. A closer alignment of the linear fitting slope to
the 1:1 line indicates superior model performance. Furthermore, we monitored the daily
prediction performance of the four methods—DM, IM, CB1, and CB2—and analyzed the
daily improvements achieved by the combined methods over the single methods. The
equations for ME, RMSE, and R are as follows:

ME =Y (0~ P), )
j f— 2
RMSE = \/ ;Zizl (O; — P, )

Re_ Lima((0i-0)x(A-P))
VI (0 = O x Xy (B — P2

where O; and P; are the observed and predicted values of soil moisture at site i; O and
P represent the mean of observed and predicted values of soil moisture, respectively; n
denotes the number of in situ sites. ME and RMSE evaluate the bias and accuracy of the
model, respectively. An ME value close to 0 and a lower RMSE value indicate better model
performance. R values approaching 1 signify high consistency between predicted and
observed values.

To evaluate the spatial differences between soil moisture maps generated from the
combined and single methods across the TP, we first set the 15% and 85% percentile of
the differences between prediction maps as the significance threshold, which was that
the prediction differences of these locations were significant. Subsequently, we quantified
the percentage of grid cells that showed significant differences out of the total number
of grid cells across the TP. In addition, to reveal the impact of in situ observation on
spatial differences, a buffer zone of 100 km around the in situ sites was established, which
accounted for 14.3% of the total area of the TP. We calculated the percentage of significantly
different grid cells within the buffer zone relative to the total number of significantly
different grids:

)

N .
Protal = N& x 100%, (4)
total
N .
Pijte = NL”’ x 100%, (5)
sig

where Py, is the percentage of all significantly different grid cells in the TP, N;, denotes
the number of grid cells with significant numerical differences, N, represents the total
number of grid cells in the TP, and Ps;s, and Ngj, indicate the percentage and the number
of significantly different grid cells within the 100 km buffer zones, respectively. All data
preprocessing, model training, and validation processes were conducted using R software
(version 4.3.0) [61].
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3. Results
3.1. Accuracy Evaluation of Single and Combined Models

The independent dataset validations revealed that both the DM and IM produced
nearly unbiased predictions overall. However, the IM demonstrated superior performance,
with its regression slope closer to 1, a lower RMSE, and a higher R compared to the DM
(Figure 3a,c). In comparison, the combined methods—CB1 and CB2—which utilized soil
moisture maps as mutual covariates, outperformed the single models. Specifically, the
improvement offered by CB1 relative to the DM was more substantial, with a decrease in
RMSE by 5.94% and an increase in R by 14.02%. Conversely, the enhancements from CB2
compared to the IM were more modest, with RMSE reducing by 1.07% and R increasing by
1.04% (Figure 3b,d). The validation results from the BRT model also reached similar conclu-
sions to RF, further highlighting that integrating soil moisture maps into the downscaling
and interpolation framework led to varying degrees of improvement in overall prediction
accuracy (Figure S1).
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Figure 3. Scatter density plot of soil moisture based on RF comparing the overall accuracy of
observation and prediction of (a) DM, (b) CB1, (c) IM, and (d) CB2. Red solid lines represent the linear
regression fitting for the observed and predicted values, while black dashed line indicates the 1:1
line. The gray dots represent the collection of predicted values and corresponding observed values
from the test set across all available time periods and sites in the independent dataset validation. The
captions SM_IM and SM_DM refer to the soil moisture maps generated by the IM and DM.

Figure 4 demonstrates the differences in daily performance between the combined and
single methods over the available time periods using RE. The optimization pattern observed
aligns with the overall evaluation—integrating interpolated soil moisture maps into the DM
framework (CB1) led to more substantial daily improvements compared to the standalone
DM (Figure 4a—d). Specifically, CB1 demonstrated daily enhancements compared to the
DM, with average improvements of 5.9% in RMSE and 16.7% (Figure 4e). However, the
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enhancements from incorporating downscaled soil moisture maps into the IM framework
(CB2) were less consistent. The number of days in which RMSE and R worsened accounted
for 29-33% of the available time periods, leading to a decrease in average improvement
(Figure 4f). Furthermore, in the comparison of R and BRT, the improvement in R based on
BRT was stronger than that of RF for certain days (Figure S2f), highlighting the differences
between RF and BRT modeling. However, the predictions from BRT also revealed a similar
pattern to that of RE, where the improvement in daily prediction accuracy of CB1 relative
to the DM was more pronounced than that of CB2 relative to the IM (Figure S2).
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Figure 4. Daily prediction performance and differences for the single methods (DM and IM) and
the combined methods (CB1 and CB2) using RF. (a,b): daily comparisons of RMSE and R between
DM and CB1; (c¢,d): daily comparisons of RMSE and R between IM and CB2; (ef): percentage
improvement in RMSE and R of CB1 and CB2 relative to their respective single method (DM and IM).
Day 1 corresponds to 1 June 2016. An average value over the available time periods is represented by
a horizontal dashed line, and shaded areas represent the 95% prediction intervals.

3.2. Spatial Coverage Differences and Improvement Patterns

To reveal the differences in spatial coverage between the optimized strategies and
the single strategies, we conducted difference mapping within the downscaling and inter-
polation frameworks. The analysis of spatial coverage differences between the combined
and single methods revealed distinct patterns of improvement and limitations. The spatial
improvement of CB1 over the DM was notably confined, primarily around in situ data
sites. Specifically, on Day 67, which saw the greatest improvement in RMSE for CB1, the
predictions of CB1 closely mirrored those of the DM in the northwestern parts of the TP.
This similarity is attributed to the lack of in situ data in these regions, highlighting the
dependence of CB1 on local data for enhancing predictions. Only 24.6% of the grid cells
were significantly different; however, the grid cells around the in situ sites contributed
17.7% (Figure 5a).
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Figure 5. Difference mapping for spatial coverage in 1 km downscaled or interpolated soil moisture
maps generated using single (DM and IM) and combined (CB1 and CB2) methods across different
temporal resolutions based on RF: (a,b) daily scales; (c,d) monthly scales; (e,f) four-monthly scales.
Soil moisture at the monthly scale was assessed by averaging values over the specified periods. The
distribution of spatial differences is plotted in the lower left corner of each graph, with the red area
representing the 85% percentile.

In contrast, the improvements by CB2 over the IM were more widely distributed in the
TP, with 32.5% grid cells showing significant differences (Figure 5b). However, only 12.9%
were close to the in situ sites. This widespread enhancement underscores the effectiveness
of CB2 in leveraging downscaled data to refine interpolation across diverse geographical
areas. As the analysis time scale extended, the magnitude of spatial coverage differences
between methods decreased, and these differences for CB1 were increasingly concentrated
in in situ sites (Figure 5c,e). The average difference over four months showed that only 6.9%
of grid cells were significant, of which 20.8% came from the buffer zone around the in situ
observations, suggesting that the benefits of this method are most pronounced where dense
data are available. On the contrary, the optimization achieved by CB2 remained extensive
across the TP; about 40.4% of the area of the TP had benefited from this improvement and
was not affected by in situ observations (7.3%), indicating the broad applicability of the
remote sensing data (Figure 5d,f). The spatial differences based on different frameworks
were also clearly evident in the results generated by the BRT model (Figure S3).

3.3. Covariate Contributions in Downscaling and Interpolation

To elucidate the differing impacts of various covariates in the downscaling and inter-
polation frameworks, a variable importance analysis revealed that climate and vegetation
covariates, such as daily rainfall and LST, were crucial for both downscaling and interpola-
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tion. These dynamic covariates directly influence the variability of soil moisture, making
them central to both modeling approaches.

For terrain and soil variables, the downscaling framework highlighted that terrain vari-
ables (e.g., elevation, slope) were deemed more significant than soil properties
(Figure 6a). This suggests that in areas where downscaling is applied, the physical ge-
ography plays a crucial role in determining soil moisture variability. Conversely, in the
interpolation framework, soil properties (such as BD and SOC) held higher importance than
terrain variables. This indicates that local soil characteristics are more influential in predict-
ing soil moisture at specific sites where interpolation is utilized (Figure 6b). Additionally,
the downscaled and interpolated soil moisture maps indicated different importance in the
two combined methods.

Rainfall
LST_D
LST_N

NDVI

(a) Downscaling method

(b) Interpolation method
——
——

——

DEM o )
Aspect{ -@ <)
Slope e e
Sand e Lo
Silt —— -0
Clay = ‘o
pH —— -
BD —— -
SOC —— -
SMpap| SM_IM—g SM_DM—e¢

20 40 60 80 20 40 60 80
Variable importance with 95% CI Variable importance with 95% CI

Figure 6. The variable importance within downscaling and interpolation frameworks for different
covariates including soil moisture maps. SMmap refers to the soil moisture map produced by the DM
or IM. Points indicate the daily average importance, and short lines represent the 95% confidence
intervals (Cls). The mean importance of different covariate types is highlighted using vertical dashed
lines in various colors.

4. Discussion and Conclusions
4.1. Factors Influencing Differences in Soil Moisture Predictions

Consistent with prior research, our results confirm that incorporating additional or
diverse covariates typically enhances the performance of machine learning models [62-65].
However, we emphasize that the integration of soil moisture maps as mutual covariates
into the downscaling and interpolation frameworks (i.e., the optimized strategies) resulted
in notable differences in both prediction accuracy and spatial coverage compared to the
single strategies.

The different characteristics of the soil moisture data used by the two frameworks
lead to variations in the prediction results. The in situ observation data utilized by the
IM are typically concentrated within small geographic networks for ease of monitoring
and maintenance [66,67], resulting in lower sampling density but higher local accuracy. In
contrast, the DM relies on remote sensing data, providing broader spatial coverage and
greater environmental adaptability, albeit with lower observational accuracy [68]. Therefore,
in CB1, integrating high-accuracy interpolated soil moisture maps into the downscaling
framework significantly enhanced prediction accuracy. However, due to the limitations
of localized observations from in situ stations, this optimized strategy could only achieve
notable coverage differences within a small area of the TP. For CB2, since the downscaled
soil moisture maps depend on low-precision remote sensing data, the improvement in
prediction accuracy was limited when integrated into the interpolation framework, as the
interpolation algorithm placed more emphasis on the spatial structure and correlation of
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local data. Nevertheless, the broad coverage of remote sensing data allowed the optimized
strategy to generate coverage differences over a larger area of the TP.

The importance of different types of covariates also highlighted the differences. First,
the topographical features of the TP are complex, and the influence of terrain on soil mois-
ture is particularly pronounced in this unique cold plateau region [69,70]. Factors such as
slope, aspect, and altitude all affect soil moisture distribution. For instance, in areas with
steeper slopes, moisture is more prone to runoff [71,72]; aspect influences the amount of
solar radiation received, which in turn affects the evaporation of soil moisture [73]. The
DM, which is based on remote sensing data, is capable of capturing more of the topograph-
ical features of the TP, which is crucial for spatial coverage differences. Therefore, the
downscaling framework’s reliance on the complex terrain information of the TP indicated
that terrain factors play a more significant role than soil factors (Figure 6a), consistent with
recent research findings [74,75]. By further integrating the downscaled soil moisture maps
into the interpolation framework, CB1 revealed differences from the single strategy by
reflecting more detailed terrain features.

Second, the terrain information extracted from the locations of the in situ stations
may be limited due to the relatively homogeneous terrain features of these local networks.
However, these stations contain richer soil information, leading to a higher importance
of soil attributes (including soil moisture) (Figure 6b). The vegetation types in the TP are
relatively uniform (Figure 1), which restricts the variability of soil characteristics across
the entire region. Therefore, the in situ stations are sufficiently representative of the soil
characteristics in the TP. Additionally, the relatively high importance of soil attributes in
the interpolation framework is crucial for enhancing local prediction accuracy. From the
perspective of soil influence mechanisms, more detailed soil information can improve
prediction accuracy based on site-scale validation. For example, different soil particle
sizes have varying impacts on moisture retention and movement concerning soil physical
properties [76,77]. Fine-textured soils (e.g., clay) can retain moisture better, while coarse-
textured soils (e.g., sand) drain more quickly [78]. Furthermore, incorporating more detailed
soil chemical properties, such as pH and SOC, can provide a more comprehensive reflection
of soil structure and water-holding capacity [79,80]. Using the IM soil moisture map as a
covariate in the downscaling framework is beneficial for predicting soil moisture behavior,
thereby improving the accuracy of local predictions.

An intriguing aspect of our analysis was the variable importance disparities between
different soil moisture maps. Although interpolated soil moisture maps significantly improved
accuracy, their importance was relatively minor within the DM framework, likely because
the DM prioritizes broader spatial patterns captured through remote sensing [81-83]. In
contrast, the importance of downscaled soil moisture maps was comparable to climate
factors, underscoring the value of integrating downscaled data into the IM to enhance
regional-scale understanding [84-86].

4.2. Applicability and Limitations

The range of applicability of the study is limited to statistical machine learning models,
particularly tree-based machine learning. In this study, we utilized two tree-based models,
RF and BRT, to generate prediction results for different strategies, revealing the conclusions
through a focused analysis of RF results. In addition, the comparison of predictions from
the two tree-based models demonstrated that the conclusions are consistent across both
models, highlighting the robustness of these results. However, modeling methods that
integrate more geographical information and geoscience knowledge may yield different
outcomes. Therefore, we emphasize that the results of this study are robust within the
context of tree-based machine learning, underscoring the mapping differences between
single and optimized methods under various strategies. Future research should consider
more advanced methods to enhance the extensibility of the study. For example, physics-
informed machine learning can incorporate geographic and physical knowledge to provide
more interpretable results [87,88]. Additionally, geostatistical extension methods, like
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the Bayesian maximum entropy method, can integrate different mapping strategies by
combining hard and soft data [89,90].

We also recognize that our study has certain limitations. First, our study is limited to
modeling soil moisture in the top layer of 0-5 cm. As the depth increases, the deeper soil
moisture maps (e.g., root-zone soil moisture) generated by different strategies might affect
our conclusions, especially when considering soil moisture processes and mechanisms (e.g.,
vertical infiltration) [91,92].

Second, our case study in the Tibetan Plateau cannot demonstrate the generalizability
of our conclusions to other regions or even globally. Future research needs to test multiple
datasets in various locations to provide more robust evidence. Therefore, we recommend
that researchers carefully consider the spatial and temporal scales and depth of soil moisture,
as well as the prediction models and strategies to produce the most accurate soil moisture
maps in future studies. Currently, for optimizing soil moisture mapping over large areas,
if there is a wealth of available station data within the study area, then we recommend
integrating interpolated soil moisture maps as covariates into the downscaling framework
(i.e., the CB1 method).

Finally, from the perspective of data input, the integration of downscaling and inter-
polation merges information from multiple scales, potentially mitigating errors associated
with scale effects. From the validation perspective, scale effects may still exist. In this study,
site-based validation metrics such as RMSE and R were used to represent the performance
of spatial predictions, where in situ data were employed to validate 1 km soil moisture pre-
dictions. This validation approach, known as direct validation, is one of the main methods
currently used for downscaled soil moisture validation [93-95]. However, this leads to a
scale mismatch between in situ and downscaled soil moisture [94,96]. A potential solution
is to strengthen the upscaling of in situ measurements in validation studies and consider
various indirect validation methods, such as cross-validation based on multiple predic-
tions (or products) [97] and evaluating the consistency between the downscaled results
and environmental covariates [98]. These approaches can systematically and accurately
assess the errors and uncertainties in soil moisture spatial predictions, thus improving their
reliability [99,100].

4.3. Conclusions

This paper evaluates the performance of machine-learning-based downscaling and
interpolation strategies, as well as their optimized strategies using the downscaled and
interpolated soil moisture maps as mutual covariates, applying an example of the Tibetan
Plateau (TP) daily soil moisture mapping at a 1 km resolution. We found that incorporating
interpolated soil moisture maps within the downscaling framework significantly enhanced
its accuracy but was restricted to narrow spatial coverage linked to in situ observations.
Conversely, incorporating downscaled soil moisture maps into the interpolation framework
showed a modest enhancement in prediction accuracy, but this improvement extended
across the entire TP. Our results indicated the critical differences in the improvement of
prediction accuracy and spatial coverage when using downscaled and interpolated soil
moisture maps as mutual covariates. Moreover, terrain and soil factors showed different
variable importance within the downscaling and interpolation frameworks, implying the
need for the targeted selection of appropriate covariates for different methods.

Our findings underscore the roles that mutual covariates play in modeling, which helps
in tailoring appropriate modeling approaches to better capture the spatial and temporal
variability of soil moisture. Moving forward, the challenge lies in balancing the optimization
of soil moisture prediction concerning both prediction accuracy and spatial coverage. This
study provides a reference for optimizing soil moisture mapping at a large scales and
highlights the critical differences between methods in improving prediction accuracy and
expanding spatial coverage.
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