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Abstract we propose a novel physics-aware sampling framework to extract the most informative training
instances (critical points) from the conventional 70% training data set using six diversified sampling strategies.
These critical points are used to train a spectral Fourier Neural Operator (FNO) augmented with a lagged term to
predict subsurface soil moisture (20 and 40 cm) from near-surface observations (5 cm). This approach is
evaluated at eight stations of the International Soil Moisture Network spanning two climatic regimes (Dwc:
monsoon-influenced subarctic; and BWk: arid and cold desert) with hourly soil moisture measurements
available at these depths. We demonstrate that judiciously selected training subsets achieve predictive accuracy
comparable or even superior to the full-training-data baseline model. Uncertainty-based sampling is optimal for
Dwc stations (with 10% training data). Distribution-based selection excels at BWk sites incorporating training
proportions between 10% and 62% with minimal nRMSE. Temporal analysis of the selection of critical points
reveals significant climatic controls.

Plain Language Summary Soil moisture plays an important role in soil and crop health monitoring,
water resource management, and environmental and weather applications. However, measuring moisture in
deeper layers is expensive and often limited by poor data availability. We designed a novel method that carefully
selects only the most important instances (critical points) from soil moisture records using six different selection
methods. We then used these data points to develop a model to estimate deeper soil moisture from surface
measurements. Tested at eight sites with different climates, we found that critical samples help the model
achieve accuracy comparable to that of the traditional approach while using significantly less data points. This
means that we can effectively monitor the conditions of the underground soil with fewer measurements, saving
time and resources. This intelligent data selection makes soil monitoring more practical and affordable,
especially in regions where collecting long-term data is difficult, making it useful for both scientists and
farmers.

1. Introduction

Subsurface soil moisture is a key component of terrestrial water, energy, and carbon cycles, strongly regulating
land-atmosphere interactions (Liao et al., 2024; Wu et al., 2024; A. Singh et al., 2023). Recent machine learning
approaches have improved subsurface soil moisture estimation (Chavoshi et al., 2025; A. Singh, Singh, &
Gaurav, 2025b; A. Singh et al., 2026), overcoming several limitations of empirical, semi-empirical, and physi-
cally based models (Draper & Reichle, 2015; Verma & Nema, 2022; Zhang et al., 2024). For instance, Chavoshi
et al. (2025) developed a physics-informed neural network (PINN) constrained by Richards' equation using time,
depth, precipitation, vegetation indices, air temperature, wind speed, and cumulative precipitation as inputs.
However, this approach requires site-specific hydraulic parameters that are difficult to obtain and generalize. To
address this limitation, A. Singh, Singh, & Gaurav (2025b) proposed a physics-aware diffusion framework with
weak physical constraints, removing the need for explicit soil hydraulic parameters and relying mainly on
remotely available surface soil moisture observations (A. Singh et al., 2026; A. Singh & Gaurav, 2024; Xu
et al., 2022; Ahmad et al., 2022; Li et al., 2021).

Despite these advances, learning-based models remain highly dependent on the quantity and representativeness of
training data (Hu et al., 2025; A. Singh et al., 2025). Most studies use large training fractions, typically >60% of
the available time series, to capture seasonal variability and event-scale dynamics (V. Singh, Verma, et al., 2025;
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Houben et al., 2025; Wang et al., 2023). This requirement is challenging in practice because long-term, high-
resolution subsurface observations are often limited by installation cost, sensor degradation, calibration drift,
and data gaps, especially in remote or harsh environments. This raises an important question: can robust pre-
dictive models be developed using substantially reduced but strategically selected training samples?

To address this gap, we propose a domain-informed, physics-aware sampling framework that replaces the con-
ventional fixed training fraction, for example, 70%, with a minimal yet dynamically informative subset of critical
points. We used six different sampling strategies to extract important temporal patterns from near-surface soil
moisture observations. These selected samples are then used with a spectral Fourier Neural Operator (FNO) to
predict subsurface soil moisture at multiple depths. Here, “active learning” is formulated mathematically rather
than as a conventional model-in-the-loop process. Training points are ranked using information-theoretic and
statistical measures, including variance, entropy, spectral energy, distributional coverage, and predictive un-
certainty, to identify samples with high informational density. These criteria are then linked to soil moisture
processes such as wetting events, regime transitions, frequency attenuation with depth, and uncertainty under
heterogeneous hydrological states. Thus, the framework combines mathematical methods with physics-aware
sampling.

The framework is evaluated across eight International Soil Moisture Network (ISMN) stations representing
contrasting hydroclimatic regimes, using hourly in situ observations. This study addresses the following research
questions:

¢ Can a strategically selected subset of critical points achieve predictive skill comparable to models trained
using the conventional 70% data fraction?

¢ How do hydroclimatic regimes influence the effectiveness of different sampling strategies, and do certain
strategies perform better under specific climatic conditions?

¢ How do dominant monsoonal and diurnal processes control sampling relevance and model performance?

2. In Situ Observations

We used in situ soil moisture observations acquired from eight long-term monitoring stations (Figure S1 in the
Supporting Information S1) within the ISMN (Dorigo et al., 2011, 2021; Gruber et al., 2013) distributed across
three major networks in China (Dente et al., 2012; Su et al., 2011). The stations include MAQU_NST-24,
NAQU_NQO1, NAQU_NQMS, NAQU_NQNorth, NGARI_SQ05, NGARI_SQO08, NGARI_SQ09, and
NGARI_SQ14 (listed alphabetically). The naming convention consists of the network name followed by the
station identifier (e.g., MAQU_NST-24, where “MAQU” is the network, and “NST-24" is the station ID). Based
on the Koppen Geiger climate classification, MAQU and NAQU stations are located in regions with a cold, dry
winter and cool summer climate (Dwc), and the NGARI stations are characterized by an arid, cold-desert
environment (BWk) (Beck et al., 2023). The duration of monsoonal influence extends from April-October at
MAQU_NST-24, May-October across NAQU stations, and June-September across NGARI sites. Soil moisture
records are analyzed at standardized depths of 5, 20, and 40 cm. The selected depths offer a representative vertical
sampling column to capture near-surface and subsurface soil moisture dynamics. The selected sites provide
continuous hourly measurements of soil moisture data spanning a minimum of 3 years which prolongs up to a
decade at certain stations (Figure Sla in Supporting Information S1). MAQU_NST-24 employs an ECH20
EC-TM sensor, while the remaining stations use STM sensors, all based on Frequency Domain Reflectometry
(FDR). Collectively, these stations encompass a broad scope of hydroclimatic regimes, land cover types, and
soil textural compositions (Figures S1b and Slc in Supporting Information S1). This diversity provides an
effective testbed for evaluating model robustness and transferability across heterogeneous environmental settings.

3. Model Development

We develop a physics-aware sampling strategy to identify critical points (or samples) from time-series data. The
critical points are instantaneous data instances representing distinct soil moisture regimes at 5 cm depth which can
best estimate the soil moisture distribution at deeper soil depths (20 and 40 cm). These samples are then used to
train a predictive model, aiming to achieve comparable or better accuracy than the conventional approach of using
a large contiguous training set (e.g., the first 70% of the data). Our methodology consists of two components: (a)
selective sampling of informative time points (critical points) based on multiple criteria that capture the
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underlying physics and dynamics of the system, and (b) training a spectral FNO model with a lagged input term on
those selected critical points.

Consider a univariate time series x(f) representing a measured physical variable (e.g., soil moisture at the surface
layer) and a target time series y(¢) representing a related variable (e.g., soil moisture at a deeper layer) that we aim

. . N
to estimate. We have observations {x,-, yi}i=1

over time (with i/ indexing discrete time steps). A conventional
training approach might use the first 70% of the sequence (i = 1 to i = N, With Ny, = 0.7N) to train a
model and reserve the remainder for testing. In our approach, we do not use all N, points for training. Instead,
we identify a subset of “critical” time indices S C {1, ..., N, } that are particularly informative about the system's
behavior. We employ several sampling strategies to score or rank each candidate time point in the training period
by how “informative” or “critical” it is. Each strategy is motivated by physical insights into the system's dy-
namics. These include variance-, entropy-, Fourier-, distribution-, uncertainty-based, and combined sampling

methods as described below;

o Variance-based selection: High variance in the input signal indicates rapid changes or transient events, such as
rainfall-induced increases in soil moisture or rapid dry-downs. To capture these dynamics, we compute the
local variance of x(¢) over a sliding window of length N,, for example, 96 time steps. For each time index i, the
window is defined as W; = {i — N, + 1,...,i}, and the variance is computed using Equation 1:

(i) = NL i (x5 — %), (0

V j=i—N,+1

where

Xi=ar DI 2

v j=i—N,+1

is the local window mean. Larger ¢>(i) values indicate stronger fluctuations around the mean. Points are therefore
ranked in descending order of 6%(i), so that periods with the highest variability are selected first. Physically, these
points often correspond to important hydrological events, including wetting pulses and rapid drying phases.
Selecting them ensures that the model is exposed to sharp changes and extremes that are critical for learning soil
moisture response dynamics.

o Entropy-based selection: Irregular or unpredictable periods in natural systems can be identified using signal
entropy. We compute Shannon entropy as defined in Equation 3 over a moving window of length N,, for
example, 96 points, ending at time index i. The values {x; : j € W;} are binned into B intervals, and the cor-
responding probabilities p; , are estimated.

B
H(i)=—=)p,Inp, ®)
b=

Here, H(i) measures the uncertainty or spread of recent values in the time series. Higher entropy indicates that the
window contains more diverse, widely distributed, or multimodal values rather than a single dominant state.
Points are ranked by H(i), and high-entropy points are prioritized because they represent complex system
behavior. Physically, such windows may correspond to transition periods, where soil moisture shifts between wet
and dry states due to intermittent inputs. Including these points exposes the model to rapid regime changes and
improves its ability to learn complex dynamics.

o Spectral (Fourier) energy-based selection: Soil moisture dynamics exhibit characteristic temporal frequency
components, including diurnal and seasonal fluctuations, along with higher-frequency responses to transient
rainfall events. To ensure that the model captures these dynamics, we select points associated with high
spectral energy in x(¢). A short-time Fourier transform is applied over sliding windows. For a window of
length Ny ending at time index i, let X, () denote the Fourier coefficient at frequency wy. The spectral energy
is defined according to Equation 4:
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N-1

ED =Y X )

k=0

In practice, this can be computed efficiently using the real Fast Fourier Transform. Time indices are then ranked
by E(i), with higher values indicating windows containing strong oscillatory or transient behavior. Physically,
large spectral energy may represent periodic soil moisture variability, such as diurnal evaporation cycles, or
abrupt wetting events that generate broadband frequency content. Including these points helps the model learn the
system's frequency response, including the attenuation of high-frequency surface fluctuations with depth.

o Distribution-based (stratified) selection: To ensure that the model observes the full range of input conditions,
including physically important extremes, we use stratified sampling over the distribution of x(7). The range of
x is divided into D bins of equal width, and each training index i is assigned to the bin containing x;. Let
By,B,,...,Bp denote the corresponding index sets, sorted by time or value. An ordered sequence is then
constructed in a round-robin manner by repeatedly selecting one index from each non-empty bin until all bins
are exhausted.

This produces an ordering that approximately balances coverage across the value distribution, ensuring that dry,
wet, and intermediate soil moisture states are all represented. This prevents the model from being biased toward
moderate conditions and improves its ability to learn from rare but important extremes, where prediction errors
are often largest.

o Uncertainty-based selection: We use model uncertainty to identify critical points, assuming that highly un-
certain predictions correspond to complex, rare, or poorly represented regions of the input space. A pre-
liminary Random Forest (RF) regressor is trained on a small stratified subset of the training data, for example,
10% of the points stratified by input value, to predict y from x and, where applicable, recent input history. The
RF consists of M decision trees {fm}f:lz

Equation 5:

,- For each training point i, we estimate ensemble disagreement using

& 1 & ?
Uncert(i) = i Do Su) = <M Do (%')) (5)
m=1 m=1

Here, Uncert(i) represents the standard deviation of predictions across the RF trees. Points are ranked in
descending order of uncertainty, and the most uncertain points are selected. Physically, high uncertainty can
indicate unusual or nonlinear conditions, such as a sharp wetting front or an atypical soil moisture profile across
depths, where different trees produce inconsistent predictions. Including such points provides an active-learning-
like mechanism that guides the final model toward regions where prediction errors are likely to be largest.

o Combined critical sampling: Each sampling strategy described above captures a different aspect of infor-
mativeness, including variability, entropy, frequency content, state coverage, value extremes, and model
uncertainty. Since these criteria partly overlap but also identify unique points, we combine them using a voting
scheme to obtain a robust, physics-aware training set. For each method m (variance, entropy, Fourier, dis-
tribution, and uncertainty), the top ¢ fraction of ranked points is selected as its critical candidate set C,,, for
example, the top ¢ = 50% points. The combined critical set is then defined as the points selected by at least V
methods (Equation 6):

Ccombined =qi: Z l{lecm} >V ) (6)

method m

where 1{ - } is the indicator function. In our implementation, we used V = 4 out of total methods. Thus, C.ompined
contains time indices consistently flagged as important across multiple criteria.

These consensus points form the “head” of the final ordering. The remaining points are appended as the “tail,”
sorted by an aggregate score such as the average rank across methods. This produces a complete ordered list of
training points, with the most universally critical samples placed first. Physically, this strategy prioritizes points
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that are important from several perspectives. For example, a sharp rain-induced spike in x(r) may exhibit high
variance, entropy, spectral energy, and model uncertainty, causing it to receive multiple votes and enter C,ompined-
Therefore, the combined strategy captures extreme events, regime shifts, and complex dynamics within a single
sampling framework.

To model the relationship between the input time series x(¢) and target series y(¢), we use FNO, a deep learning
architecture designed to learn mappings between function spaces and solution operators of partial differential
equations using spectral representations (Azizzadenesheli et al., 2024; Cao et al., 2024; Wen et al., 2022). This
choice is motivated by the physical nature of soil moisture propagation, where surface conditions are mapped to
subsurface responses through an underlying operator (A. Singh, Singh, & Gaurav, 2025a; Wang et al., 2024). The
spectral formulation of FNO is well suited for capturing multi-scale temporal patterns and frequency-dependent
behavior common in physical systems (Azizzadenesheli et al., 2024; Liu et al., 2023; Wen et al., 2022).

At each time step ¢, the model uses a window containing the L most recent normalized input values together with a
one-step lag. The window is transformed into the frequency domain, where the first K low-frequency modes are
linearly transformed with complex parameters to capture temporal scales and suppress high-frequency noise.
Reverted to the time domain, this signal is combined with linear current/lagged inputs and a bias to represent
multi-scale dynamics, short-term dependencies and transfer characteristics. Model parameters are trained using
MSE loss optimized with Adam (Kingma & Ba, 2014), followed by evaluating on a 30% test set using normalized
RMSE, Pearson correlation coefficient, and bias.

The FNO is trained only on selected samples {x,-,yi (e S} obtained from each sampling strategy and compared
with a baseline FNO trained on the full training data set (Ny;,). We further conduct an incremental analysis by
increasing the selected training subset by 1% steps from an initial 10% data until baseline performance is matched
or exceeded or until the complete baseline training set is used (70%). This quantifies how effectively each strategy
reduces data requirements while maintaining predictive accuracy. Details of the FNO architecture are provided in
Section S1 of Supporting Information S1.

4. Results and Discussion
4.1. Model Performance

We evaluated key performance metrics, including the correlation coefficient (R), normalized root-mean-square
error (nRMSE), and bias, for each model scenario combining the sampling strategy with the FNO across eight
ISMN stations at two soil depths (20 and 40 cm), using surface soil moisture as reference (Table S2 in Supporting
Information S1). We further explain the model performance based on the test nRMSE values at both depths
(Figure 1). For each approach, the nRMSE is computed using the incremental analysis. To maintain clarity and
consistency, the performance at each ISMN site and corresponding subsurface depths is denoted using only the
station ID followed by soil depth in parentheses. For instance, the site MAQU_NST-24 is represented as NST-24
(20) and NST-24(40) for depths of 20 and 40 cm, respectively.

At station NST-24(20), the uncertainty-based strategy most efficiently surpasses the baseline nRMSE threshold of
0.628 (black dashed line) which requires only 10% of the training data to attain an nRMSE of 0.326. The vari-
ance-, entropy-, and distribution-based methods demonstrate comparable performance utilizing 18%, 22%, and
61% of the baseline subset, showing nRMSE values of 0.625, 0.622, and 0.627, respectively. In contrast, the
Fourier-based and combined methods applied the full training data set to meet the baseline performance. At NST-
24(40), the variance-, entropy-, combined, and distribution-based strategies exhibit substantial improvement,
achieving baseline accuracy with 10%, 10%, 28%, and 54% of the training data, respectively.

Across the remaining stations, sampling performance varies with site characteristics and depth, but several
consistent patterns emerge. At NQO1, all methods utilize the complete baseline training subset, although
uncertainty-based sampling shows improved efficiency at deeper depth. This method frequently performs best,
notably at NQMS and NQNorth stations, where it consistently achieves baseline performance with minimal
training data across both depths. In contrast, distribution-based sampling is most effective at stations SQ05, SQ09,
and SQ14, where it consistently outperforms other methods. At SQO8, multiple strategies perform well, with
uncertainty- and Fourier-based strategies achieving robust results at shallow and deeper layers, respectively. At
this site, combined sampling shows improved efficiency at greater depths, whereas uncertainty and distribution-
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Figure 1. Performance comparison of sampling strategies across eight stations for subsurface soil moisture prediction at 20 and 40 cm soil depths. The plots present the
variation in test normalized root-mean-square error (NRMSE) as a function of the proportion of baseline training data (% train) employed by each selection method. The
baseline (dashed black line) denotes the reference model performance derived from the complete chronological training data set (70%). The gray shaded region marks
the initial phase wherein a minimum of 10% of the baseline training data is utilized by each method. Beyond this threshold, the trajectories illustrate efficiency of each
method in attaining or surpassing the baseline nRMSE with reduced training data fractions. Inset panels within each subplot provide station-specific summaries of model
performance across depths and sampling approaches.

based methods exhibit increments up to 20%, indicating depth-sensitive variability in information gain. The
corresponding selection of critical training points illustrating how each sampling strategy behaves under the
varying moisture regime characteristic of this site is detailed in Section S2 in Supporting Information S1,
accompanied by a comprehensive visual example (Figure S2 in Supporting Information S1). Other strategies like
Fourier-based, followed by combined, uncertainty-, entropy-, and variance-based also show robust performance,
with a general reduction in data requirements at deeper layer. This suggests improved representativeness and
reduced redundancy at greater depths.

Our findings emphasize that the sampling efficiency is strongly modulated by climatic forcing. Uncertainty-based
strategy proves most effective at the MAQU and NAQU stations, attaining benchmark accuracy with 10% of the
baseline data. This indicates that the model benefits most from training points representing rapid transitions and
high predictive ambiguity. Such conditions are common in snow-affected climates with pronounced seasonal
cycles (Dwc). Conversely, at the NGARI stations (BWk), distribution-based method performs best, requiring
only 10%-62% of the baseline training subset. This suggests that dry regions experiencing infrequent precipi-
tation where temporal variability is slightly muted between monsoonal months with short-term wetting peaks, it
becomes crucial to ensure uniform coverage of the full value range than targeting uncertainty peaks. Combined
sampling further exemplifies depth-stratified efficiency across most sites, demonstrating maximal training
fraction reductions. This highlights the need for climate specific optimization of sampling design to ensure robust
and data efficient soil moisture prediction.
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Figure 2. Distribution of deviations in predicted soil moisture obtained from different sampling strategies relative to the baseline method across eight stations and two
subsurface depths (20 and 40 cm). Each violin depicts the spread and density of prediction differences, where the width corresponds to the frequency of occurrence
around specific deviation magnitudes. Positive and negative values represent under- and overestimation compared to the baseline, respectively. The plots highlight
inter-site and depth-wise variations, reflecting the consistency and bias tendencies of different selection methodologies.

4.2. Prediction Deviation Assessment Across Strategies

We analyzed the difference between the baseline-predicted soil moisture and that derived from six other sampling
strategies for each station at near-surface (20 cm) and deeper layers (40 cm). To comprehensively illustrate this
relationship, we used violin plots where the width of each violin represents the spread of deviation, while the
median and standard deviation values quantify the central tendency and variability of the difference (Figure 2).

At the MAQU and NAQU stations, the deviation between baseline and alternative sampling methods remains
minimal, indicating strong consistency in soil moisture prediction. Uncertainty-based sampling exhibits slightly
larger variability, with standard deviation () up to 0.005 at 20 cm and 0.008 at 40 cm depth. Other sampling
methods yield narrower distributions with average ¢ of 1.5 X 10™* at near-surface and 3.3 x 10™* at deeper
layers. The median of differences under the uncertainty-based method average —0.005 and —0.01 at 20 and 40 cm,
respectively, while other sampling methods exhibit near-zero median values. This signify that it is effective in
capturing dynamic soil moisture variability. However, it may slightly overestimate predictions relative to the
baseline, specifically in the deeper layer where subsurface heterogeneity increases.

The NGARI stations show broader spreads, especially for distribution-based sampling. It records an average o of
0.001 at 20 cm and 0.002 at 40 cm. Other sampling methods show comparatively lower variability (average ¢ of
4 x 107* at 20 cm and 7 x 107* at 40 cm). The median deviations for this strategy average 1.25 x 107 at
shallower depth which subsequently increase to 6.5 X 107* at greater depth, reflecting a consistent positive bias
(underestimation) relative to the baseline.
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Overall, these results highlight a systematic inverse relationship between training data fraction and prediction
dispersion relative to baseline performance. Stations located in Dwc climate exhibit remarkably stable predictions
across all sampling methods. This stability arises from regular seasonal cycles and distributed precipitation, which
provide abundant informative variability that supports efficient model training with minimal data. In contrast, the
NGARI stations with BWk climate show a slightly greater dispersion and bias, a pattern attributable to the
episodic nature of soil moisture dynamics in dry regions. Here, variability concentrates in rare precipitation events
separated by extended dry periods. It creates a challenging sampling scenario where reduced training subsets risk
underrepresenting critical wetting episodes. Moreover, the reduced variability range in arid systems limits the
information content per observation. Consequently, larger samples are required to capture the full moisture
spectrum to adequately represent event-driven dynamics and maintain predictive fidelity.

4.3. Seasonal Dependence on Sampling Selection

We evaluated the efficacy of multiple sampling strategies, in conjunction with the baseline approach, for iden-
tifying monthly selection of critical training points. To visualize this temporal distribution of selected samples, we
used stem plots, wherein the baseline selections leverages the full training data set and inherently captures all data
points each month (Figure 3a).

At station NST-24(20), both Fourier-based and combined methods exhibit comparable count of training points as
elected by the baseline. The remaining methods demonstrate varying degrees of data reduction. A distinctive
seasonality in sampling density emerges across all strategies, with substantially fewer training samples selected
during the monsoon regime (April-October) than in non-monsoon months. Specifically, uncertainty-based
sampling incorporates fewest number of samples, about 117-370 (12%—-25%) in the dry period and only 4-35
(0.5%—5%) samples during the monsoon followed by variance-, entropy- and distribution-based strategies. A
consistent pattern persists at NST-24(40), where the reduction is even more pronounced. This suggests a
diminished need for the training subset size in the deeper layer, likely due to weaker hydrological variability. At
NQO1, most methods use the full training data set at both depths, with only minor reductions observed (about
20%) for Fourier-based method at 40 cm during the monsoon months. At NQMS, uncertainty-based sampling
consistently selects the smallest subset, especially during the monsoon. Similarly, at NQNorth(20), multiple
methods (variance-, entropy- and uncertainty-based) reduce data usage, particularly during the monsoon regime.
At NQNorth(40), only variance-based strategy exhibits this behavior, highlighting depth-dependent stability in
sampling behavior.

The NGARI stations exhibit a contrasting monsoonal response. At SQO05 (both depths) distribution-based method
distinctly surpasses other methods utilizing fewer training samples while maintaining predictive robustness, with
an increase in selected samples during the monsoon to capture enhanced soil moisture variability. Other stations
(SQO08, SQO09, and SQ14) show similar seasonal modulation, with higher sampling density during the wet season
compared to the dry period across both depths.

Overall, a distinct climatic control governs the selection behavior of critical training points across the study sites.
The MAQU and NAQU stations reveal a prominent reduction in sample utilization during the monsoon where
uncertainty-based sampling yields superior performance. However, the NGARI stations present an alternate
pattern, with a higher points selection during the same period. For these sites, distribution-based method proves
most effective, emphasizing the climatic dependence of optimal data selection frameworks. This divergence
persists consistently across both surface and subsurface layers. The reduced sampling demand at the first four
stations reflects the higher temporal persistence of soil moisture under sustained precipitation and limited vari-
ability during the wet season. Conversely, the NGARI sites experience greater short-term fluctuations in soil
moisture due to sporadic convective rainfall and rapid evaporation, necessitating a denser sampling
representation.

4.4. Diurnal Controls on Critical Sampling Efficiency

We employed polar plots to exemplify the diurnal distribution of critical training points identified by each
sampling strategy (Figure 3b). At station NST-24(20), uncertainty-based strategy selects the fewest samples
(37-81) while the Fourier-based, combined, and baseline methods integrate a substantially higher number of
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Figure 3. (a) Monthly distribution of selected training samples across eight stations at 20 and 40 cm soil depths. Each stem and marker denote the total number of critical
points identified in a given month by different sampling strategies. The plots demonstrate the varying emphasis of different selection methods on distinct seasonal
periods, with the blue-shaded region highlighting the monsoon season for each station. (b) Polar plots showing the diurnal distribution of critical training samples across
eight stations at 20 and 40 cm soil depths. The angular axis represents the 24-hr cycle (at one-hour intervals) and the radial axis indicates the number of samples selected
during each hour by different sampling methods. The plots reveal the capacity of each strategy to capture diurnal soil moisture variability and its temporal prioritization
across depths and hydro-meteorological settings.
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samples (529-531) across the day. A distinct pattern is identified under uncertainty-based method, wherein the
14:00-23:00 interval exhibits an increase in selected points (50-81) compared to earlier hours (37-50), reflecting
enhanced data prioritization during the post-noon to evening period. At NST-24(40), most methods (combined,
entropy-, variance-, distribution-based) show a marked reduction in selected samples relative to the shallower
depth, while uncertainty-based sampling continues to emphasize greater selection after 14:00 hr. This indicates
depth specific variability in sampling dynamics. At the NAQU stations, most sampling strategies produce
analogous performance with a few notable deviations. At NQO1(20), Fourier-based method performs best
whereas uncertainty-based strategy consistently selects fewer samples at NQMS and NQNorth stations, with
noticeable increases during midday to evening hours.

At the NGARI stations, stronger spatial and depth-dependent variations are observed. Distribution-based method
is most efficient at SQO05 and SQO09, consistently selecting the fewest critical points, with increased sampling
between noon to evening. At SQ08, multiple methods perform well, with combined and Fourier-based strategies
showing substantial reductions in sample usage (up to 88%) at 40 cm, while uncertainty-based and combined
methods exhibit pronounced diurnal sample selection. At SQ14, all strategies use fewer samples than the baseline,
particularly at greater depth, with predominant sample selection exhibited by uncertainty-, distribution-based and
combined methods during 11:00-20:00 hr.

In summary, uncertainty-based strategy is the best performer at the MAQU and NAQU stations, integrating a
smaller fraction of samples during the morning hours that progressively increases after noon. At the NGARI
stations, distribution-based method uses the fewest critical training points, while Fourier- and uncertainty-based
strategies also demonstrate strong performance. Uncertainty-, distribution-based, and in some cases, combined
sampling exhibit a coherent diurnal modulation in sample selection. Among these, uncertainty-based method
presents the most significant response across both depths. This pattern likely reflects soil-atmosphere coupling
processes. During the afternoon, intensified evapotranspiration and radiative heating enhance soil moisture
variability and surface energy exchange. This increases the informational value of samples selected during these
hours. Alternatively, the nocturnal stabilization of soil moisture near midnight reduce variability, leading to a
lower frequency of training point selection.

5. Conclusion

The proposed approach demonstrates that optimized critical subsets can replicate, and in some cases surpass, the
predictive accuracy of a conventional model trained with 70% of the data. This indicates that reliable performance
does not necessarily require extensive training fractions. Evaluation across eight ISMN stations spanning two
contrasting hydroclimatic regimes reveals a strong climate-dependent control on sampling efficiency.
Uncertainty-based sampling performs best under continental cold monsoonal conditions, where pronounced
seasonal and diurnal variability creates informative transition states. In contrast, distribution-based and combined
strategies are more effective in high-altitude desert environments, where soil moisture variability is limited and
full-range state representation becomes essential. Although the 70% baseline is used here to benchmark sampling
efficiency, it is not a prerequisite for future application. In practice, the framework is most suitable for data-sparse
regions where some long-term reference stations exist within comparable hydroclimatic regimes, enabling
transfer of the most effective strategy to nearby or similar sites. For regions without such reference data, the
optimal strategy cannot be known with certainty a priori; however, physically interpretable approaches such as
distribution-, variance-, entropy-, or combined sampling provide a practical starting point. Overall, the framework
reduces dependence on extensive training data while retaining the value of representative observations for
regime-specific calibration.
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