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Our study focuses on reconstruction root zone soil moisture (RZSM) in the Kulunda plain, a
representative dry steppe area in southern Western Siberia, using remote sensing data (RSD)
and machine learning techniques. We employed modern machine learning methods with soil
surface layer moisture data from the AMSR2 passive microwave radiometer as the primary
predictor. Additionally, we incorporated data from local meteorological and soil hydrological
stations, as well as gravity lysimeter data for 2015-2017. This choice of predictors was based
on the extensive time series of continuous observations and the availability of selected
meteorological parameters. Among the machine learning models we evaluated, Random
Forest (RF) and Extreme Gradient Boosting (XGW) yielded the best results, achieving
statistical metrics of R-squared (R2) values of 0.96 and 0.94, respectively, with corresponding
root mean square error (RMSE) values of 0.34 and 0.41.
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Soil moisture (SM) profoundly influences water, energy, greenhouse gases, and climate cycles
(Seneviratne et al. 2010; Dong et al. 2016; Mao et al. 2020; Luo et al. 2020; Humphrey et al. 2021).
Given the increasing scarcity of freshwater resources, the concept of green water, encompassing
atmospheric precipitation, evaporation, and root-zone soil moisture (RZSM), has gained
significance (Lai et al. 2022; Wang-Erlandsson et al. 2022; Huang et al. 2023). Defining RZSM,
particularly the soil horizons involved, is essential. In this study, we focus on RZSM depths between
25 and 35 cm.

Estimating RZSM is particularly crucial in arid regions, which make up 40% of the world's land
surface and are prone to soil degradation (FAO, 2000). This degradation affects 34% of all
agricultural lands globally, with 733 million ha in drylands. These regions also experience high
levels of "water stress" (35-70%). In light of climate and land use changes, investigating
greenhouse gas emissions, soil moisture use efficiency, evapotranspiration, drought, and crop
yields is essential for arid areas (Changming et al. 2002; Robinson et al. 2008; Bodner et al. 2015,
Fisher et al. 2017; Zhang et al. 2018; Lal 2020; Liu et al. 2022; Afshar et al. 2022; Chai et al. 2023;
Yue et al. 2023; Kamran et al. 2023; Zhang et al. 2023). Many of the above challenges are related to
the introduction of conservation agriculture (CA), among which No-Tillage (hereafter NT) and Mini-
Tillage (hereafter MT) are the best known (Kassam et al. 2019).

Various approaches for monitoring surface soil moisture (SSM) and RZSM include ground
observations, remote sensing inversion, and data assimilation methods (Margulis et al. 1997;
Walker et al. 2001; Drusch 2007; Albergel et al. 2008; Draper et al. 2009; Wyatt et al. 2021; Qin et
al. 2022; Li et al. 2022; Travova 2022; Shahi et al. 2023). While direct soil moisture measurements
are accurate, they have limitations (Seneviratne et al. 2010; Babaeian et al. 2019; Li et al. 2022).
Groundbased observations encompass labor-intensive gravity measurements, handheld devices, and
automatic observation stations (Robinson et al. 2008; Seneviratne et al. 2010; Zhang et al. 2016;
Dong et al. 2016; Li, Zhang 2021; Hodges et al. 2023).

The world's largest platform for collecting and publishing soil moisture measurements from more
than 2800 sensors worldwide is the International Soil Moisture Network (hereafter ISMN, Dorigo et
al. 2021).

Remote sensing provides continuous spatial coverage, primarily for SSM observations (Remote ...
2013; Babaeian et al. 2019; Travova 2022). Passive microwave radiometers, such as AMSR-E and
AMSR-2 (AMSR?2), hold promise for regionalscale SSM estimation with high temporal coverage
(Wigneron et al. 2003; Travova 2022). However, extracting RZSM from remote observations is non-
trivial due to the nonlinear relationship between SSM and RZSM (Babaeian et al. 2019, Cheng et al.
2022). Various methods have attempted to link satellite SSM to RZSM, including multiple
regression, exponential filters, data assimilation, and artificial intelligence, Al (Mahmood et al.
2012; Pal et al. 2016; Baldwin et al. 2017; Li 2021; Stefan et al. 2021; Tian et al. 2022; Yu et al.
2022; Celik et al. 2022; Yinglan et al. 2023).

While data assimilation is efficient, it is computationally expensive. Exponential filters have
limitations, especially during drought and with increasing soil depth. Machine learning (ML)
algorithms, such as Random Forest (RF), support vector machine (SVM), k Nearest Neighbors
(kNN), and Boosting, offer promise for modeling soil moisture at different depths.

In Russia, only 2% of the land has optimal moisture conditions, with over 78% of arable land
concentrated in arid zones (State... 2018). The Kulunda plain, in southern Western Siberia, is a
prime example. Conservation technologies like No-Till and Mini-Till are being introduced to combat
soil degradation, accompanied by a monitoring network studying meteorological and soil
hydrological parameters (Kulunda 2020).

Our study's objective is to reconstruct RZSM at a 30 cm depth using satellite SSM data, machine
learning models, and additional regressors like air temperature, humidity, and atmospheric
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precipitation from local monitoring networks and Roshydromet's open data.

Materials and methods

The continental climate of the Kulunda steppe is characterized by a long, cold, lowsnow winter and
a short but hot summer. The average annual temperature is about 0 °C, the average temperature in
January is -19 °C, the absolute minimum is -47 °C, the average temperature in July is +19 °C, and
the absolute maximum is +40 °C. The frost-free period lasts 112-120 days a year from May 15-25
to September 10-15. Annual precipitation is about 250-450 mm and about 200 mm in April-October.
The region represents the eastern edge of the Dfb Koppen climate (snow/humidity/ warm summer)
and is quite humid compared to the drainless areas further south in the Republic of Kazakhstan
(Bsk Koppen). The soil cover of the dry steppes of Kulunda is represented by chestnut, meadow-
chestnut, meadow soils, solonts, and solonchaks of different degree of hydromorphism. Chestnut
soils differ considerably in granulometric composition as a result of the ancient limnic and aeolian
genesis of the territory. Loamy loam (15-19 % clay, 11-20 % silt, 65-70 % sand) prevails, the
humus content (2-4 %) is relatively high (Balykin et al. 2016). Of the total steppe area, only 2.8
million ha can be attributed to fallow lands and natural grasslands (Wesche et al 2020). Taking into
account climatic changes, especially the increasing aridity found in western Siberia (Kharlamova
2020), the adaptation of conservation tillage (CA) technologies that focus on greenhouse gas
sequestration and improving the water regime is important here (Kulunda 2020).

We used data from weather station (hereafter WS), two lysimetric station (hereinafter Lys 1 and
Lys 1) to study the water regime under different farming technologies, in natural and agricultural
cenoses and the data from two soil hydrological stations to study "No-Tillage" (hereinafter NT) and
Conventional Tillage (hereinafter CT) in the dry steppe subzone since 2013. Our model plots was in
the farm "Partner" located in the central part of the Kulunda steppe (village Poluyamki,
Mikhailovsky district, Altai Krai, Russia) - see Fig. 1.
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Figure 1. Location map of the stations for measuring meteorological and soil hydrological parameters in the dry steppe
subzone of southern western Siberia (Kulunda steppe, Altai Krai, Poluyamki village). Google Earth substrate. WS and
lysimetric station coordinates: E79°42.786' N52°03.959'; CT: N52°04.180 E79°54.014; NT: N52°04.128 E79°54.006.

WS is equipped with pyranometer CMP3 (Kipp&Sonnen, Netherlands): solar radiation (R),
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W/m?and multisensor WXT 536 (Vaisala, Finland): temperature (T)°C and of the air humidity (@) %,
liquid precipitation (P) mm, air pressure (p) hPa, wind speed (V) m/s and direction (degrees) - see
Fig. 2. Soil stations measure soil moisture (%) and temperature (°C) using Hydra Probe (Stevens,
USA) TDR sensors and osmotic pressure (pF) at depths of 30 cm, 60 cm and 120 cm in automatic
mode (Fig. 3).

The common methods among dielectric classes are time domain reflectometry (TDR), frequency
domain reflectometry (FDR), amplitude domain reflectometry (ADR), time domain transmission
(TDT), and electrical capacitance volume tomography (ECVT). Sensors that measure SM using Time
Domain Reflectometry (TDR) principle are the most accurate (error 1-2 %) (Mukhlisin et al. 2021).
A study of the calibration accuracy of eight commercially available (TDR) sensors showed (we
highlight only the two most used) that higher accuracy was demonstrated by the Theta Probe
product (Delta-T Devices, UK) compared to the Hydra Probe sensor (Stevens, USA) (Vaz et al.
2013). In another field experiment in two types of soils, these sensors also showed different
accuracy but were evaluated as the most suitable (even without calibration to local conditions) for
organizing a monitoring network for SM content (Jabro et al. 2018).

Figure 2. Meteorological station in Poluyamki village (photo by Bondarovich).
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Figure 3. Installation of the "Hydra Probe" (Stevens, USA) of the soil hydrological station (photo by Bondarovich).

During June to August 2013, a containerized weighable lysimeter station (Polyethylene PE-HD;
manufacturer ‘UGT Muencheberg’, BRD) was installed at the ‘Partner’ test farm of the KULUNDA
project in Poluyamki. The soilmonoliths (surface area of 1m?, 2 m depth) extracted from both an
arable land site (furthermore Lys 1) and a fallow site which was plowed once in the 1950s, but
since then covered with natural steppe vegetation (Bunch-grass steppes, dominant species -
Stipapennata) (furthermore Lys 2 Figs 4, 5). The lysimetric station performs actual
evapotranspiration (ETa) and soil solution measurements using precision scales, as well as using
Watermark TDR sensors (Spectrum Technologies, USA), moisture (%) and temperature (°C) at
depths of 30, 50 and 120 cm (Balykin et al. 2016; Bondarovich et al. 2020).

The soil in the test sector is identified as dark chestnut soils (WRB classification - Haplic, FAO
classification - Kastanozem) (Balykin et al. 2016; Mizgirev et al. 2020). In Lys 1 the following crop
rotation in 2013 - Triticum aestivum L., in 2014 - Pisum, in 2015 - Triticum aestivum L., in
2016-2018 - fallow (Fig. 6).

To characterize the moisture content of vegetation periods at the time of field experiments, we give
the hydrothermal coefficient (HTC) of Selyaninov (Hydrothermal Coefficient 2023). We see that this
period 2013-2018 can be characterized as "quite wet" with values ranging from 0.9 to 1.3 (see
Table 1). Consequently, the use of these data in the training sample of the model does not make it
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possible to predict the subsequent dry growing seasons of 2019-2020, which were also recorded in
the neighboring Republic of Kazakhstan (Abdrakhmanova and Filippova 2022).

A more detailed description of the monitoring network, test soil profiles, results on soil temperature
and moisture data processing, and evapotranspiration have been published in a number of papers
(Balykin et al. 2016; Bondarovich et al. 2020; Meissner et al. 2020; Bondarovich et al. 2021). In the
field experiment, due to soil tillage (in CT variant up to 24 cm, in NT variant up to 5 cm), it was not
possible to install sensors for SSM measurement (1-5 cm). Based on the objectives of the
experiment at Lys, identical horizons were selected for observation, and SSM was also not
observed. Thus, continuous SSM data are not available. To obtain SSM data within the test farm,
express measurements were made from 5 to 100 cm, every 10 cm, but these were periodic and of
little use for statistics. In the context of this study, we were only interested in ground-based RZSM
data at 30 cm depth from Lys 1 and Lys 2, CT and NT, and a set of WS meteorological parameters
for model training.
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Figure 4. Scheme of the two-section gravity lysimeter (Balykin et al. 2016).
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Figure 5. Above-ground part of the two-section (Lys 1 - left section, Lys 2 - right ) gravity lysimeter in the village of
Poluyamki (photo by Bondarovich).

Figure 6. View of monoliths, Lys 1, arable mechanical fallow (left), Lys 2, steppe vegetation, Stipa pennata (right),
Poluyamki village (photo by A.A. Bondarovich).

The SSM information was obtained from the AMSR2 passive microwave radiometer on board the
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GCOM-W1 (Global Change Observation Mission 1 Water) satellite, which was launched by the
Japan Aerospace Exploration Agency (JAXA) in May 2012. According to the orbit configuration of
GCOM-W1, AMSR2 performs both upward (13:30 local time) and downward (01:30 local time)
imaging of the Earth's surface. The spatial resolution of the product AMSR2 SMC (Soil Moisture
Content up to a 5 cm depth) is 0.1 degrees (~ 10 km), and the data are presented on hourly, daily,
and monthly time scales. The survey results are freely available and distributed through the JAXA
electronic resource (https://gcm-wl.jaxa.jp). There are various works dedicated to assessing the
reliability of satellite SSM data (instruments: AMSR2, ASCAT, SMOS, and SMAP) and the results of
their assimilation into soil models, such as: AMSR2 JAXA algorithm, Land Parameter Retrieval
Model, SMAP and ERAS reanalysis. Meanwhile, AMSR2 estimates show higher precision in arid
areas (Chen et al. 2012; Kim et al. 2015; Zhang et al. 2017; Liu et al. 2019; Ma et al. 2019; Kaihotsu

etal. 2019; Li et al. 2022; Yi et al. 2023; Min et al. 2023).

Year Transition Transition Vegetation Sum of active Sum of Selyaninov HTC
through +5/ through +5/ st |period (days) temperatures precipitation for
start/end of art/end of (through +10, [the vegetation
vegetation vegetation °C) period (mm)
period period

2013 01.05' /3.10 21.05/27.09 156! 22621 295.9! 0.9

2014 29.03/08.10 30.04/18.09 193 2350 260 1.1

2015 11.04/11.10 18.04/21.09 183 2785 257 0.9

2016 01.04/04.10 15.04/01.10 186 2791 340 1.2

2017 11.04/23.09 16.04/22.09 165 2691 338 1.3

2018 12.04/14.10 21.04/08.10 185 2450 313 1.3

Table 1. Dates of transition of stable mean daily air temperatures through 5 °C, 10 °C, sum of active temperatures and
Selyaninov HTC in 2013-2018 according to WS "Poluyamki" data

Note: ! - data from 01.05.2013.

Result

A critical step in recovering RZSM information from satellite observations is selecting the optimal
set of regressors. These regressors can be readily obtained from local monitoring networks or open
databases. Given the limited global operational system for ground-based SM observations,
parameters from the surface layer of the atmosphere, such as air temperature, relative humidity,
precipitation, and evapotranspiration, become the primary sources of information for accurate
RZSM forecasting (Travova 2022). It's worth noting the importance of including predictors like
topography and physicochemical soil properties (Celik et al. 2022), as well as various climatic index
parameters to enhance the description of nonlinear relationships (Chang et al. 2023).

As previously mentioned, machine learning techniques have established themselves as effective
tools for addressing these problems. In the following sections, wepresent results for several of the
outlined approaches, evaluating the quality of the models using widely accepted metrics such as
Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-
squared (R2).

In our current study, we analyzed a set of meteorological parameters derived from data spanning
2013 to 2020 from CT, NT, Lys 1, Lys 2, and WS stations. Two essential points to consider are: a)
WS and Lys 1/Lys 2 stations are located within a 5-meter radius, while CT and NT stations are
approximately 13,000 meters away from WS and Lys 1/Lys 2 (see Fig. 1); and b) Lys sensors tend to
overestimate RZSM readings at a depth of 30 cm by roughly 50% compared to CT and NT data.
This discrepancy is due to the steel vessel walls of the Lys monoliths, which prevent horizontal
runoff and consequently increase moisture in the confined space (Bondarovich et al. 2021). We also
note that CT and NT data were excluded from the subsequent analysis, because the observations of
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Lys 1 and Lys 2 are, in our opinion, of higher quality (fewer omissions and artifacts in the data), and
the time series is the longest. Following an initial analysis of the observation vector, we selected
the following values for training our regression models:

L1: Soil moisture at a 30 cm depth (in %) from lysimetric observations (Lys 1). This sample
represents soil cultivated using deep-loosing methods typical for agrocenoses in dry and arid
steppes on chestnut soils.

L2: Soil moisture at a 30 cm depth (in %) from lysimetric observations (Lys 2). This sample reflects
undisturbed areas of the dry steppe.

T, f, p, P: Observations from the automatic weather station, including temperature, humidity, and
air pressure at 2 meters above the soil surface at the locations of lysimeters L1 and L2, as well as
daily precipitation (P) in millimeters obtained via a precipitation gauge.

SMC5: Information on soil moisture in the surface soil layer up to a 5 cm depth from the
AMSR-2/GCOM-W1 radiometer.

Additionally, we considered several features related to data recording intervals and seasonal
variations in different parameters. These observations had varying temporal resolutions, for
instance, AMSR2 data were available at 12-hour intervals, while the weather station and lysimeters
provided hourly measurements. Thus, during data preparation, the 2015-2017 series were
normalized to daily averages The transition to daily average values is due to the fact that the
process of moisture change in deeper soil layers occurs with a time delay and less intensity
compared to the surface layer. The position of non-linear dependence between surface and depth
moisture content is now almost axiomatic in monitoring and modeling of soil moisture regime.
(Biniak-Pierdg 2017; Li, Zhang 2021).

Out of all the data spanning 2013-2020, we obtained continuous observation series (Lys 1, Lys 2, T,
f, p, P) only for the growing seasons of 2015, 2016, and 2017. In 2016, a fallow (mechanical fallow)
experiment was conducted on the Lys 1 monolith to measure evapotranspiration, ensuring that crop
transpiration did not affect RZSM. To properly utilize data from both monoliths, we corrected the
2016 Lys 1 data for the transpiration effect. This correction utilized observations from Lys 1 (L1)
and Lys 2 (L2) in 2015 and 2017 to calculate the relative difference (Cdif) between Lys 2 and Lys 1
readings, defined as:

Cdif = p (L1(2015) - L2(2015) e L1(2015) n L2(2015)) + pn (L1(2015) - L2(2015)
e L1(2015) U L2(2015)) / 2.

Subsequently, we applied this correction to the L1(2016) observations using the following
expression:

L1(2016) cor = L1(2016) + Cdif * (L1(2016) - L2(2016)).

In the next section, we present the seasonal RZSM dynamics for 2016 based on L1 and L2, along
with the transpiration-corrected RZSM observations for Lys 1 2016 (L1(2016) cor) (see Fig. 7). This
figure illustrates how incorporating transpiration effects in the soil-atmosphere system influences
the temporal dynamics of soil moisture.
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Figure 7. Seasonal variation of the RZSM (soil moisture content at a 30 cm depth) from the Lys 1 and Lys 2 data and
transpiration-corrected RZSM observations for Lys 1 (L1(2016) cor).

A crucial aspect of modeling is identifying the degree of statistical intercorrelation among the
regressors. While some authors often apply correlation analysis for this purpose (Grjibowski 2008),
it's worth questioning its applicability due to certain limitations, particularly the assumption of
linearity in trait relationships (David 1938). The relationship between soil moisture at different
horizons during the growing season is typically nonlinear (Li et al. 2021). Our constructed
correlation matrix (Pearson R2) reveals that the relationship between meteorological parameters
and RZSM values from Lys 1 and Lys 2 data is indeed nonlinear in nature (see Fig. 8a). In addition
to the correlation coefficient, we've also explored other methods, such as Mutual Information
Connectivity (MI) (Mutual... 2023), which has unveiled significant interrelations between lysimeter
readings, meteorological parameters, and SMC5 (see Fig. 8a, b). The work at this stage was
performed with different types of geospatial data, where Lys 1 and Lys 2 are point observations and
AMSR?2 results are integral over a 10x10 km area. However, most of the pixel used covers arable
land, so the results obtained characterize the water regime of agrocenoses.
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Figure 8. Thermal correlation matrix (Pearson coefficient): a) between RZSM (%) at 30 cm depth according to both
monoliths Lys 1, Lys 2, meteorological parameters: T (C°) - air temperature, ¢ (%) - air humidity, p (hPa) - atmospheric
pressure, P (mm) - precipitation according to WS WXT 536 , SMC5 (%) at 1-5 cm depth by AMSR2; (b) MI between
meteorological parameters, SMC5 (from AMSR2 data) and Lys 1; (c) MI between meteorological parameters, SMC5 (from
AMSR?2 data) and Lys 2. Note: in b and c, the blue color is the smoothing one day, the orange color is the smoothing with a
window of 20 days.

In previous studies (Bondarovich et al. 2020; 2021), it was established that the dynamics of soil
moisture and temperature at a 30 cm depth are indeed correlated with atmospheric parameters,
but this relationship exhibits inertia, as previously observed patterns dictate. Moreover, the
amplitude of changes in parameters Lys 1 and Lys 2 during the growing season was notably less
significant compared to meteorological parameters. Consequently, we employed a temporal
smoothing procedure for all parameters except Lys 1 and Lys 2. Empirically, we determined the
optimal smoothing window size by assessing the relationship between RZSM and the selected
regressors using the Mutual Information (MI) method. The best results, within the range of 5-30
days, were achieved with a 20-day window size (refer to Fig. 8c). The outcomes of the smoothing
process are depicted in Fig. 9. Notably, the seasonal variations in the dataset now closely resemble
the variations in the Lys 1 and Lys 2 series (see Fig. 9).
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Figure 9. Seasonal course of RZSM in % from Lys 1 and Lys 2 data and air temperature by WS (top figure), as well as SMC5
in % (from AMSRZ2 data) and precipitation by WS in 2014- 2018 after the smoothing procedure (window of 20 days).

Additionally, we introduced two supplementary parameters, namely, the cumulative sum of active
temperatures (Com T) exceeding 10°C and the ordinal number of calendar months (Month). The
inclusion of these parameters aimed to capture the temporal dynamics and seasonality of the
modeled process, thereby reducing noise in the forecast data, especially towards the end of the
growing season.

Following preprocessing, the selected regressors were as follows: T (air temperature), f (air
humidity), p (atmospheric pressure at 2 m level), P (sum of daily precipitation), SMC5 (soil moisture
at 5 cm from AMSR?2 satellite data), Month (month number), and Com T (cumulative sum of active
temperatures). The final dataset consisted of 474 values covering the period from 2015 to 2017.
Observations were limited to the growing season, spanning from April 15 to September 30.

According to the customary practice, we split the training dataset into training and test subsets in
an 80/20% proportion (Kisekka et al. 2022). Model training was performed separately for the Lys 1
and Lys 2 series. We used default hyperparameter values for most methods (default scikit-learn
library for Python), except for K-nearest Neighbors (KNN), where the number of nearest neighbors
was set to 20. Notably, the applied approaches did not employ autoregressive principles. The
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metrics obtained during model training are summarized in Table 2.

Metrics for Lys 1 model
Metric KNN RF XGB
R2 0.883 0.984 0.981
MAE 1.013 0.287 0.310
MSE 1.614 0.215 0.267
RMSE 1.271 0.464 0.517
Metrics for Lys 2 model
Metric KNN RF XGB
R2 0.937 0.996 0.994
MAE 0.901 0.195 0.268
MSE 1.736 0.113 0.168
RMSE 1.318 0.337 0.410

Table 2. Quality and statistical metrics of RZSM prediction models Lys 1, Lys 2

These results demonstrate that the outlined approaches yield high-quality predictions in the test
dataset, with prediction errors falling within the range of 0.2- 0.3%. A visual representation of the
metric quality is presented in the scatterplot (refer to Fig. 10).
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Figure 10. Scatter plot diagram of the inhabited by roots of the soil layer moisture content in 2015-2017. obtained from
observations from the test dataset (Lys 1 in the left figure, Lys 2 on the right figure).

We also observed the seasonal variations in soil moisture at a 30 cm depth from 2015 to 2017, as
predicted from the test sample data (Fig. 11). It's worth noting that the obtained series align with
the seasonal distribution typical of the dry steppes of Eurasia (Banzragch et al. 2010; Kukharuk et
al. 2017).
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Figure 11. Seasonal behavior of soil moisture at 30 cm depth in 2015-2017 predicted from the test sample data.

In the final stage of the study, we predicted soil moisture behavior at a 30 cm depth for the years
2014 and 2018, as only for this period the initial meteorological data were representative. The
prediction results were generated using K-nearest Neighbors (KNN), Random Forest (RF), and

Extreme Gradient Boosting (XGB) models (Fig. 12). Notably, these methods, in general, replicate
the seasonal trends of the desired value.
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Figure 12. Predicted seasonal course of RZSM (30 cm) in 2013-2018, predicted from the data from the full dataset (test and
trane) Lys 1, Lys 2.

The RF and XGB methods demonstrated the highest quality in reproducing the seasonal patterns of
soil moisture at a 30 cm depth. These models have a proven track record of successful applications
in predicting RZSM in arid regions (Adab et al. 2020, Carranza et al. 2021, Acharya et al. 2021,
Zhang et al. 2022, Wang et al. 2022, He et al. 2022, Kisekka et al. 2022, Wang, Fu 2023). Some

authors have also highlighted the superior performance of the XGB model for forecasting tasks
using both satellite and ground data (Nguyen et al. 2022).

However, it's important to note that the outlined approaches excel in a space bounded by the
extremes of the training dataset, and they may struggle with extrapolation in cases with limited
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data, a situation known as the cold start model training problem (Zhiyuan et al. 2023).

In summary, our study showcases the successful application of machine learning models,
specifically K-nearest Neighbors (KNN), Random Forest (RF), and Extreme Gradient Boosting
(XGB), in predicting root zone soil moisture (RZSM) at a 30 cm depth. These models demonstrate
high predictive accuracy and reproduce the seasonal dynamics of soil moisture, especially in dry
steppe regions like the Kulunda plain. While RF and XGB exhibit better performance, it's crucial to
consider data limitations when applying these models, particularly in situations with sparse or
limited datasets. Nonetheless, our findings provide valuable insights into RZSM forecasting, which
is vital for addressing water resource challenges in arid regions.

To validate the models we conducted a comparison between the predicted estimates, Selyaninov's
HTC, and the standardized precipitation index (SPI), recognized by the World Meteorological
Organization as a key tool for monitoring mete- orological droughts (WMO, 2016).

These comparisons reveal a reasonable agreement between monthly mean RZSM from the XGB
model and the Selyaninov HTC and SPI indices. This alignment underscores the reliability of the
predictive estimates (Table 3). Due to the lack of alternative ground-based sources of RZSM
information, this approach was proposed to verify the model results. We also estimated the
correlation coefficient between the reconstructed RZSM and HTC, which is approximately equal to
0.2. Obviously, the above approach can be conditionally used to verify the quality of the previously
obtained model, in view of the implicit mechanism linking HTC and RZSM. The solution of this
problem requires additional research.

In general, the highest-quality models were obtained using the Lys 2 steppe vegetation monolith
data. This result can be explained to the fact that various products, such as AMSR2 and SMAP,
consistently demonstrate better performance in extracting soil moisture from vegetated areas
(Zhang et al. 2017). In the regional context, the prediction results for arable land (Lys 1) take on
greater significance, as it forms the foundation for the dry steppe subzone of Altai Krai. Notably,
this is where we observe the most significant prediction errors, which may be attributed to factors
including the retrieval of multiple 2016 values and the unique aspects of moisture dynamics
associated with crops and agricultural practices. Future research should consider these factors to
enhance the accuracy of soil moisture predictions at reference sites.

Furthermore, it is important to highlight that our proposed models were solely trained on new data,
without accounting for past experience and autoregressive principles. The incorporation of
historical data and the consideration of temporal dependencies hold the potential for further
improving the predictive capabilities of these models (Zliobaité et al. 2015).

Additionally, it is crucial to acknowledge that this study was conducted with a relatively small
dataset, which could limit the generalizability of the results. This limitation has been addressed in
separate publications (Hosovsky et al. 2023). Expanding the dataset and conducting studies in
diverse geographical regions can serve to validate and refine these findings.
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Figure 13. Table 3. Comparison of RZSM predictions with Selyaninov HTC and SPI

Note: * - summary soil moisture of month (mm).

Conclusion

This research is focused on developing a method to reconstruction soil moisture content at the root
layer level using meteorological data and AMSR?2 satellite microwave radiometer information. Our
approach leverages advanced machine learning techniques, including KNN, XGB, and RF. Here are
the key findings:

By employing a 20-day moving average window to preprocess the input data, we achieved a twofold
increase in the correlation between selected predictors and root zone soil moisture (RZSM).

The models we developed consistently demonstrated high-quality predictions, with prediction
errors falling within the narrow range of 0.2-0.3 %. Notably, the predicted seasonal variations in
soil moisture at a 30 cm depth from 2015 to 2017 closely matched the area's actual distribution
characteristics.
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When it comes to replicating the seasonal RZSM patterns at a 30 cm depth in 2014 and 2018, the
RF and XGB methods outperformed others. Comparing these predictive results with the monthly
moisture availability index of HTC and SPI revealed a satisfactory level of agreement.

These findings underscore the effectiveness of our methodology in forecasting soil moisture levels
and its potential utility in various applications.
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