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ABSTRACT

Soil moisture, which impacts various hydrological processes, can be estimated from point measurements in a
watershed or via remote sensing. As both methods are expensive and complex, efforts have been made to develop
empirical models based on data that affect the occurrence of soil moisture. However, these models have been
based only on surface-layer data. We present an original approach for investigating regional empirical models of
soil moisture, both for the surface (0-10 cm) and subsurface (10-20 cm) layers, and evaluate the main factors
which affect the model results. Based on data about the climate, soil properties, topographic features and rainfall,
we applied artificial neural network soil-moisture models for a small watershed, in southern Brazil. The models
for each layer, with all selected variables, showed Nash-Suitcliffe coefficients of 0.870 and 0.893, respectively,
for the surface and subsurface models. We then tested the effects of removing each variable or categories of
variables. The most important variables for the surface model were the season, followed by exponential weighted
moving average (EWMA) of rainfall. For the subsurface model, the most important variables were the season
(although less so than for the surface model), followed by microporosity. All of the variable categories were
important in the surface model. In the subsurface model, the soil-related variables were the most important,
whereas the rainfall and topography variables were of little importance. It was possible to estimate soil moisture
for both layers with good performance. The subsurface model, which used only the soil- and climate-related
variables, explained more of the variance in soil moisture than the other models. The subsurface layer is
easier to model, because the variation in moisture that is induced by recent climate and precipitation effects is
attenuated by the physical features of the soil which control water infiltration.

1. Introduction

uncertainty, enhancing watershed flood prediction (e.g. Alvarez-garre-
ton et al., 2014; Berthet et al., 2009; Massari et al., 2014; Meng et al.,

Soil moisture is characterized as a key hydrological and ecological
variable of the Earth’s surface systems (Gao et al., 2013). Above all, it
governs the exchange of energy and water between the surface of the
earth and the atmosphere, controlling hydrological, meteorological, and
ecological processes (Cho and Choi, 2014; Pan et al., 2017). Including
soil moisture in hydrological models significantly reduces their

2017; Tayfur et al., 2014; Wooldridge et al., 2003;Zhong et al., 2019).
Hydrological models for watershed soil moisture estimation have many
potential applications.

However, soil moisture presents high spatial and temporal variability
(Gao et al., 2013; Huang et al., 2016; Suo et al., 2018; Zhu et al., 2014),
produced by the effects of climate, soil, topography and vegetation

Abbreviations: ANNS, artificial neural networks; NS, Nash-Sutcliffe coefficient; SWC, soil water content; TDRs, Time Domain Reflectometry; SMOS, Soil Moisture
and Oceans Salinity; SMAP, Soil Moisture Active Passive; SPI, Standardized Precipitation Index; SPEI, Standardized Precipitation Evapotranspiration Index; TWI,
topographic wetness index; EMBRAPA, Brazilian Corporation of Agricultural Research; ETo, reference evapotranspiration; EWMA, exponential weighted moving
average; MLP, multilayer perceptron; r, correlation coefficient; MAE, mean absolute error; RMSE, root mean squared error.
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(Hagen et al., 2020; Li et al., 2013). Soil properties such as density,
organic matter content, texture, structure and macroporosity impact
water retention and transport in the soil column (Famiglietti et al.,
1998). Features linked to the land cover, root system and plant litter
layer impact hydrological aspects such as seepage, surface runoff,
interception and evapotranspiration (Jacobs et al., 2004). Topography
plays a key role in determining the spatial distribution of soil moisture.
In watersheds, steep parts tend to be dryer than flat parts, due to their
lower infiltration rates, faster subsurface drainage, and higher surface
runoff (Famiglietti et al., 1998). Further, concave surface areas are more
humid than convex areas, due to the accumulation of surface and sub-
surface lateral flow in the surrounding area (Rosenbaum et al., 2012;
Zhu et al., 2014). Aspect (hillslope orientation) affects the sun’s angle of
incidence, and consequently impacts water evaporation (Famiglietti
et al., 1998; Moore et al., 1988), altering soil moisture. Grayson et al.
(1997) analysed spatial patterns of water distribution during humid
periods (when rainfall exceeds evapotranspiration) and dry periods
(when evapotranspiration exceeds rainfall) in two Australian catchment
areas. In the humid periods, the water movement was mostly surface and
subsurface lateral movement, and was mostly determined by topog-
raphy; in the dry periods, most of the flows were vertical, and the spatial
distribution of soil moisture was determined mostly by the soil proper-
ties and topography of highly converging areas, such as highly curved
depressions (Grayson et al. 1997).

Soil water content is conventionally measured via sample collection
and drying (the gravimetric method). However, although this method is
reliable, it is impractical because it requires destructive sampling, and
has high costs, both in terms of labour and time (Elshorbagy and Para-
suraman, 2008; Topp et al., 1984). Devices such as neutron probes,
electromagnetic sensors and heat pulse tracers are used to obtain in situ
point-specific soil moisture data (Gao et al., 2013; Robinson et al.,
2008). Time Domain Reflectometry (TDR) is a noteworthy method; this
approach determines soil moisture by measuring the dielectric constant
following an electromagnetic pulse emission (Topp et al., 1984).

In the last decade, the use of remote sensing applied to large areas
(river basins larger than 2,500 km?) has increased, with the launch of
projects to study soil moisture, such as Soil Moisture and Oceans Salinity
(SMOS) and Soil Moisture Active Passive (SMAP) (McCabe et al., 2017).
The use of point-specific measurements via in situ sensors has increased.
Nonetheless, there remains a gap in the assessment of intermediate-scale
areas, for which information on watershed characteristics, including
spatiotemporal soil-moisture dynamics, is lacking (Robinson et al.,
2008; Western et al., 2002). For intermediate scales (subwatersheds or
small watersheds of 1-80 km?; Robinson et al., 2008), the understanding
of soil moisture is limited, both by the lack of in situ soil moisture
measurements, and because of the complexity of the watershed envi-
ronments, which are characterized by a range of soil types, diverse
topography and multiple land-use types (Hagen et al., 2020). Therefore,
the use of data-driven models such as artificial neural networks (ANNSs)
are an efficient alternative for soil moisture modelling and for examining
related problems at small watersheds.

ANNSs for modelling soil moisture typically use remote sensing data
for large areas (Cui et al., 2016; Hachani et al., 2019; Rodriguez-
Fernandez et al., 2015; Santi et al., 2016; Yao et al., 2017), and point-
specific data for small catchment areas (smaller than 1 km? area),
based on meteorological parameters, soil properties, land use and
topographic features (Arsoy et al., 2013; Contador et al., 2006; Elshor-
bagy and Parasuraman, 2008; Oliveira et al., 2021; Yang et al., 2018).
However, very few studies have addressed intermediate-scale catch-
ments (Al-mukhtar, 2016; Gill et al., 2006; Oliveira et al., 2017). For
instance, Oliveira et al. (2017) used ANNs to analyse spatiotemporal
variation in SWC in a 78 km? watershed in Brazil, based on climate data,
soil physical properties and topographic variables. The results show that
it is possible to estimate SWC efficiently (Nash-Sutcliffe statistic (NS) =
0.770) using topographic data, soil physical properties and rainfall.
Alternatively, SWC can be estimated via simplified models using rainfall
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and topographic information, although with less satisfactory perfor-
mance (NS = 0.65). However, Oliveira et al. (2017) modelled soil
moisture for only the surface layer, leaving a knowledge gap that will be
addressed by modelling of the subsurface layer.

The primary purpose of this research was to assess the ability of
regional empirical soil moisture models to predict both surface and
subsurface layer dynamics, using data on climate, soil properties,
topographic features, and rainfall, for a small watershed. Further, we
evaluated which variables are most important in determining the per-
formance of these models. To do this, we used ANN modelling with the
Multilayer Perceptron (MLP) architecture, due to its relative simplicity
and high capacity for approximating nonlinear relationships (Hornik
et al., 1989).

2. Materials and methods
2.1. Study area

The study was performed in the Arroio do Ouro watershed, with an
area of 17.17 kmz, in the state of Rio Grande do Sul, Brazil (Fig. 1). The
elevation ranges from 76 to 326 m above sea level; the mean slope is
7.4°, and it can reach up to 30° (Bartels et al., 2021). The region is
located at the Pelotas batholith, a plutonic complex which includes
granite, gabbro and diorite, located in the Dom Feliciano belt geotec-
tonic unit, in southern Brazil (Philipp et al., 2016). The soils are
considered Acrisols and Regosols, distinguished for being shallow and
predominantly containing sandy loam (35%-75% sand), based on
World Reference Base ratings (FAO, 2014) (Bartels et al., 2016; see also
Fig. 2b). The climate is humid subtropical (Cfa in the Koppen classifi-
cation), with hot summers and well distributed rainfall throughout the
entire year (Peel et al., 2007). Annual rainfall is 1400 £+ 299 mm, annual
reference evapotranspiration is 1077 + 33 mm, and mean annual tem-
perature is 18.5 £+ 0.5 °C (1971-2018).

Dry/wet variation results from the interaction of precipitation and
evapotranspiration (Hu et al., 2018). Thus, drought indices have been
widely used for monitoring local dry and wet conditions. We applied two
indices — the Standardized Precipitation Index (SPI) (McKee et al., 1993)
and the Standardized Precipitation Evapotranspiration Index (SPEI)
(Vicente-Serrano et al., 2010) — to evaluate the representativeness of the
soil moisture monitoring period, using a long time series (1971-2019).
Although we tested these indices at various time scales (e.g., 1, 3, 6, and
12 months; supplementary material section), we analysed only at the
one-month scale in this study, because of the strong correlations found
with soil moisture (Scaini et al., 2015).

2.2. Soil moisture measurement

Surface (0-10 cm) and subsurface (10-20 cm) soil samples were
collected at 39 points at the site (Fig. 2), from 28 February 2018 to 3
September 2018, during ten surveys (Fig. 3). In each survey, soil samples
were collected over four consecutive days (two surveys) and five
consecutive days (eight surveys), totalling 24 soil samples per layer at
each of the 39 measurement points. In total, 936 samples were collected
from each layer. As it was not possible to sample all points in a single
day, it was necessary to divide the 39 sampling points into two sets: set A
with 18 points, and set B with 21 points (Fig. 2a).

Gravimetric soil moisture determination (the ratio between water
mass and dry soil mass) was performed in a lab, by weighing the wet
samples, then drying them in a drying oven at 105 °C for a minimum
time of 24 h, and weighing the dried samples. The median soil moisture
value obtained from triplicate measurements was used in network
training and validation, avoiding possible errors associated with
extreme values.
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Fig. 1. (a) Study area in the State of Rio Grande do Sul, Brazil; (b) Arroio do Ouro watershed showing digital elevation model, streams (blue lines) and the locations
of the tensiometer (red point), rain gauges (blue points) and flow station (yellow triangle); (c) Topographic wetness index (TWI); (d) Slope.
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points at the surface (red dots) and subsurface (black dots); (c, d) Soil texture rating at the 39 points for the surface and subsurface, respectively.
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Fig. 3. Soil moisture monitoring for the samples from sets A and B, from 28 February to 3 September 2018. Sets A and B were divided spatially to enable sampling of

one set on one day.

2.3. Model input variables

In total, 48 input variables were tested using ANN models, to select
those variables that improved the estimation of soil moisture spatial and
temporal variability. The variables were divided in four categories: (i)
Topography (6 variables); (ii) Soil properties and land use and cover
(14); (iii) Climatic variables (17); and (iv) rainfall-related variables (11).

2.3.1. Topographic variables

Six topographic variables were tested; four reflect point-related
features (elevation, slope, distance from sample point to the closest
river reach, and difference in elevation between the sampling point and

Table 1

the closest river reach). The two others, terrain curvature and topo-
graphic wetness index (TWI), are associated with the water mass, which
is proportional to the contributing area, and its momentum, which is
proportional to the slope (Contador et al., 2006). TWI was originally
drafted by Beven and Kirkby (1979), calculated as follows:
a

TWI = In (m> 1)

where a represents the upstream contribution area per unit contour
length (specific area) and f is the local slope.

All topographic variables were extracted from the digital elevation
model, with a spatial resolution of 30 m. The topographic variables are

Topography, climate, and rainfall-related variable categories that were used as input for the artificial neural network models, and the model output (soil moisture), for

the surface and subsurface soil layers.

N° Variable Categories Minimum Maximum Mean Median SD

1 Elevation (m) Topography 94.00 269.00 188.26 188.00 48.45
2 Slope (%) 1.37 39.17 13.47 10.70 9.15
3 ITWI () 4.34 13.37 7.01 6.41 2.00
4 Curvature (-) -1.32 1.44 0.03 0.12 0.63
5 2DTR (m) 15.70 533.50 193.96 157.80 129.68
6 3DNR (m) 0.00 84.00 22.59 21.00 20.16
7 “Season (-) Climate - - - - -

8 Min. air temp. (°C) 2.40 20.90 11.84 11.10 4.83
9 Max. air temp. (°C) 9.20 32.60 20.89 21.30 6.39
10 Mean air temp. (°C) 6.33 25.80 15.91 15.34 5.17
11 Min. Rel. humid. (%) 24.80 99.70 64.00 61.40 18.51
12 Max. Rel. humid. (%) 82.30 100.00 98.91 100.00 3.44
13 Mean Rel. humid. (%) 55.71 100.00 86.14 87.85 10.58
14 Soil Temp. 5 cm (°C) 9.10 28.30 17.59 16.20 5.48
15 Global solar radiation (cal.cm 2 day’l) 27.00 564.70 273.77 260.80 158.34
16 SETo (mm) 0.40 5.00 2.30 2.35 1.32
17 8Cum. ETo with 5 days (mm) 2.70 21.20 11.68 10.80 5.00
18 ¢ Cum. ETo with 7 days (mm) 6.30 27.90 16.12 14.15 6.79
19  Cum. ETo with 14 days (mm) 15.10 60.10 31.66 27.25 14.26
20 6 Cum. ETo with 21 days (mm) 23.00 90.30 47.28 40.20 21.49
21 6 Cum. ETo with 30 days (mm) 38.00 139.70 70.87 60.00 32.34
22  Cum. ETo with 45 days (mm) 60.00 207.80 110.38 86.50 52.06
23 6 Cum. ETo with 60 days (mm) 83.90 287.20 154.92 131.15 72.24
24 7 Cum. rainfall with 6 h (mm) Rainfall 0.00 18.45 1.24 0.00 3.38
25 7 Cum. rainfall with 12 h (mm) 0.00 26.79 2.33 0.00 5.29
26 8 Cum. rainfall with 1 day (mm) 0.00 29.73 4.93 0.11 8.01
27 8 Cum. rainfall with 2 days (mm) 0.00 100.78 11.07 3.27 18.68
28 8 Cum. rainfall with 3 days (mm) 0.00 145.39 16.80 7.00 25.73
29 8 Cum. rainfall with 4 days (mm) 0.00 175.27 21.24 11.80 30.32
30 8 Cum. rainfall with 5 days (mm) 0.00 196.90 26.51 17.54 34.58
31 8 Cum. rainfall with 10 day (mm) 1.89 198.31 43.94 42.61 37.01
32 8 Cum. rainfall with 15 days (mm) 10.02 255.66 72.38 61.82 44.31
33 8 Cum. rainfall with 25 days (mm) 43.89 270.40 124.65 106.35 60.45
34 SEWMA of past hour rainfall (mm) 0.00 1.53 0.21 0.06 0.34
- Soil Moisture (g g~') — Layer: 0-10 cm Output 0.013 0.438 0.193 0.192 0.074
- Soil Moisture (g g~!) - Layer: 10-20 cm 0.014 0.383 0.178 0.179 0.063

N°: Identification of the respective variable; SD: Standard deviation; ! Topographic wetness index; 2 Distance from sampled point to the closest river stretch; > Dif-
ference in elevation between the sampling point and the closest river stretch; 4 Season (summer, 1; autumn, 2; winter, 3); ° Reference evapotranspiration (ETo); 6
Cumulative Eto over the preceding 5 to 60 days; 7 Cumulative rainfall over the preceding 6 to 12 h; ® Cumulative rainfall over the preceding 1 to 25 days; “EWMA:

Exponential weighted moving average.
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described in Table S1, and their descriptive statistics are presented in
Table 1.

2.3.2. Soil variables

The soil variable category comprises 14 variables: land use and
cover; soil bulk density; macroporosity; microporosity; total porosity;
clay; silt; total sand content; very coarse sand; coarse sand; medium
sand; fine sand; very fine sand; and soil water tension. Except for land
use and cover, these variables were collected in three replicates, of
which we used the median, from the surface (0-10 cm) and subsurface
(10-20 cm) layers at each point (Table S2).

Land use and cover was scored as follows: native forest, 1; native
grassland, 2; fruit crops, 3; annual crops with vegetable covering, 4;
annual crops without vegetable covering, 5; commercial forests, 6.
These scores reflect the spatiotemporal variability in land use and cover.

Undisturbed soil samples were collected in metal tubes (0.076 m
diameter; 344.1 cm® core volume) using a Uhland soil sampler, to
determine soil bulk density, total porosity, macroporosity and micro-
porosity. Soil microporosity corresponds to water retained at a pressure
potential of 6 kPa (pore diameter equivalent to 50 pm), and macro-
porosity was calculated as the difference between total porosity and
microporosity (Danielson and Sutherland, 1986). Samples were then
dried for 24 h at 105 °C to determine soil bulk density (Blake and Hartge,
1986). Mean total porosity was slightly higher for the surface layer than
for the subsurface layer. However, the subsurface layer exhibited higher
amplitude in variation (between the maximum and minimum micro-
porosity) than the surface layer (Table 2). For the surface layer, native
forest had the lowest soil bulk density and highest total porosity.

Disturbed soil samples were air-dried, sieved through a 2 mm sieve,
and used to analyse soil granulometry (clay, silt, and sand percentages)
using the pipette method (Gee and Bauder, 1986). Sandy loam pre-
dominated in both layers (Fig. 2b). Soil water tension was measured
daily throughout the study period using tensiometers installed in the
watershed (Fig. 1b). The tensiometers were installed with two repli-
cates, at depths of 7 cm and 15 cm from the soil surface, to measure the
surface and subsurface layers, respectively. As input into the neural
network models, we used soil water tensions obtained on the same days
as the sample surveys. The amplitude of variation in soil water tension
was higher in the surface than in the subsurface layer (Table 2).

2.3.3. Climatic variables

Seventeen climatic variables, measured daily, were tested as inputs
for the ANN models. The season variable was used, based on the season
in which the soil moisture samples were collected: summer, 1; autumn,
2; and winter, 3. This approach has been performed with satisfactory
results (Oliveira et al., 2017). Air relative humidity and air temperature
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(minimum, medium, and maximum) were obtained from two automatic
stations installed in the watershed (HS-PLU-AO-01 and HS-PLU-AO-03,
Fig. 1b). The other variables — soil temperature at 5 cm depth, global
solar radiation and reference evapotranspiration (ETo) — were obtained
from a weather station of the Empresa Brasileira de Pesquisa Agro-
pecuaria (Brazilian Corporation of Agricultural Research - EMBRAPA),
located about 17 km from the watershed (Latitude 31° 41’ S; Longitude
52° 26’ O; elevation: 57 m). ETo was calculated via the Penman-
Monteith equation, as recommended by the FAO (Allen et al., 1998).
Along with ETo values, another eight input variables were tested in the
model (ETo on the day of soil moisture measurement, and the cumula-
tive ETo from day 5 before soil moisture sampling (hereafter “cumula-
tive 5-d Eto”); the same naming convention is then applied to
cumulative ETo on days 7, 14, 21, 30, 45, and 60 before soil moisture
sampling). The sample surveys were conducted on days with low and
high global solar radiation, which affects ETo; ETo exhibited a large
range (0.4 to 5.0 mm day ') during the monitoring period (Table 1).

2.3.4. Rainfall variables

We selected 11 rainfall-related variables: cumulative rainfall in the 6
h and 12 h before soil moisture measurement (hereafter “cumulative 6-h
rainfall” and “cumulative 12-h rainfall”); cumulative rainfall on day 1
before soil moisture measurement (hereafter “cumulative 1-d rainfall”;
the same naming convention is then applied to cumulative rainfall on
days 2, 3, 4, 5, 10, 15, and 25 before soil moisture measurement); and
the exponential weighted moving average (EWMA) of rainfall. EWMA
was introduced by Moore (1980) to represent soil moisture in rainfall-
based models. EWMA assigns a higher weight to more recent rainfall
events; it has been used (Oliveira et al. 2017) as an important variable in
estimating soil moisture via ANNs.

Rainfall data were obtained from three tipping-bucket rain gauges
installed in the watershed (Fig. 1b). We calculated average rainfall over
the watershed using the Thiessen polygon method, and used this in the
model.

Table 1 describes the topography, climate, and rainfall variable
categories that were used as inputs for the ANN models, as well as the
model output (soil moisture). Table 2 describes the soil-related variables
used as input for the ANN models.

2.4. ANN models

ANNs emerged with the artificial neuron concept of McCulloch and
Pitts (1943). However, it was only after the 1990 s that they were
applied with success to hydrology and related areas (ASCE, 2000;
Dawson and Wilby, 2001) . They achieved relevance following the
development by Rumelhart et al. (1986) of the algorithm for training

Table 2

Soil characteristics used as input for the artificial neural network models.
N° Variable Minimum Maximum Mean Median SD Minimum Maximum Mean Median SD

Layer: 0-10 cm Layer: 10-20 cm

35 1Land use and cover (-) - - - - - _ _ _ _ _
36 2BD (g em™3) 0.886 1.663 1.401 1.468 0.207 1.064 1.710 1.433 1.449 0.146
37 3Macro (em® cm %) 0.050 0.313 0.156 0.132 0.079 0.039 0.305 0.146 0.135 0.074
38 “Micro (em® em™%) 0.104 0.413 0.296 0.303 0.071 0.066 0.472 0.281 0.292 0.076
39 5TP (cm® ecm™%) 0.356 0.611 0.451 0.430 0.066 0.329 0.574 0.427 0.424 0.052
40 Soil water tension (cm Hg) 0.00 22.00 3.84 2.00 4.34 0.00 9.50 3.26 2.38 2.63
41 Clay (%) 5.37 34.92 16.42 16.19 5.51 3.67 43.82 18.86 17.82 7.87
42 Silt (%) 15.42 31.16 23.10 22.67 4.42 13.90 34.90 22.87 22.38 4.59
43 Total sand (%) 41.03 72.72 60.48 61.73 7.35 34.78 74.73 58.28 58.75 8.88
44 Very coarse sand (%) 2.56 37.79 17.30 15.16 9.31 1.34 37.51 16.29 15.72 9.28
45 Coarse sand (%) 5.69 27.21 14.22 13.62 3.52 4.27 24.54 13.78 13.74 3.50
46 Medium sand (%) 6.97 19.55 11.88 11.56 3.00 6.20 21.78 11.73 10.70 3.58
47 Fine sand (%) 8.11 20.26 13.00 12.16 3.12 3.64 21.66 12.22 11.98 3.33
48 Very fine sand (%) 0.40 9.51 4.07 3.94 2.23 0.52 8.07 4.27 4.38 2.30

N°: Identification of the respective variable; SD: Standard deviation; ! Land use and cover (native forest, 1; native grassland, 2; fruit crops, 3; annual crops with
vegetable covering, 4; annual crops without vegetable covering, 5; commercial forests, 6); 2 Soil bulk density; > Macroporosity; 4 Microporosity; ® Total porosity.
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MLP networks; according to this algorithm, the set of artificial neurons is
arranged into a layered structure, and the outputs from previous neural
layers are used as inputs by the following neurons in determining the
next output layer. An MLP network with a three-layer architecture is
considered capable of approximating any continuous function to any
desired degree of accuracy, if it is appropriately trained and relies on a
sufficient number of neurons in the inner layer (Hornik et al., 1989). We
chose it for this research because of these features.

The backpropagation algorithm (Rumelhart et al., 1986) and
convergence acceleration techniques of Vogl et al. (1988) were applied
to network training. However, because of their approximation capabil-
ities, ANNs may be overly adjusted to the data, which would make the
model unviable for other applications. To prevent this overfitting, the
cross-validation technique (Hecht-Nielsen, 1990) was implemented,
with the available dataset divided into three parts, for training, valida-
tion, and verification. In this way, one can identify the training cycle in
which performance with training samples continues to improve while
performance with data other than the training data decreases. Such a
cycle indicates model overfitting, and the training of the network should
be interrupted. Finally, the trained network is submitted to a verification
sample which was not included in the training stage, to guarantee the
model’s capacity to generalize (Hecht-Nielsen, 1990).

Through systematic sampling, the same frequency distribution of the
complete original series was maintained for training, validation, and
verification sub-samples. For the training subsample, additional care
was taken to ensure the representativeness of the entire data domain
(extreme values), both in terms of the input and output variables (soil
moisture).

At the initialization of the neural network, synaptic weights are
randomly assigned to the neurons, which may result in an unfavourable
beginning. Therefore, a series of repetitions is used to identify the ANN
whose training results in the best validation performance.

Due to the high number of variables (48) that could be included in
the input layer, we adopted an initial method to select the variables to be
tested. The selection method departed from the Pearson correlation
coefficient (r) between the input variables and soil moisture (Table 3).
Variables with higher correlations with soil moisture were chosen;
among them, those with a correlation among themselves below a given
limit (r = 0.9) were selected. Linear correlation applied to variable se-
lection provides an indication of which variables are worth including as
inputs in the model for soil moisture estimation. However, using
strongly correlated variables duplicates the information used by the
model, which confuses the ANNs, often reducing network performance,
as observed by Oliveira et al. (2017). We used this method for initial
model selection, and included variables that were not highly correlated
with soil moisture, but that are known to be affect soil moisture
dynamics.

We used a method first presented by Sari et al. (2017) to estimate the
number of inner layer neurons. From an oversized network, the number
of inner-layer neurons is progressively reduced until a reduction in its
generalization capacity, due to the reduced degrees of freedom, is
observed. The lowest number of neurons observed before the reduction
in generalization capacity is chosen. This must be assessed using the
validation sample, since the verification sample must not be used in the
training of synaptic weights or in choosing the ANN architecture (Hecht-
Nielsen, 1990).

The ANN models were developed, trained, and verified by the au-
thors using MATLAB® R2012b. In total, 144 ANN models were tested,
with different input variable combinations.

2.5. Evaluation of model performance

After training, validation and verification, the statistical indicators
were calculated based on the errors between the observed and simulated
values: mean absolute error (MAE); root mean squared error (RMSE);
Nash-Sutcliffe efficiency coefficient (NS); and the quantiles of the error
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Table 3
Pearson linear correlation (r) between the input variables and soil moisture at
the surface (0-10 cm) and subsurface (10-20 cm) layers.

Variable r (0-10 r (10-20 Variable r (0-10 r (10-20
cm) cm) cm) cm)
Elevation (m) 0.163 0.155 Min. Rel. 0.207 0.195
humid. (%)
Slope (%) —0.223 —0.321 Max. Rel. —0.039 —0.038
humid. (%)
TWI (-) 0.170 0.222 Rel. humid. (%)  0.148 0.137
Curvature (-) —0.078 —0.102 Soil Temp. 5 cm —0.334 —0.298
(O]
DTR (m) —-0.120 -0.178 Global solar —0.338 —0.322
radiation (cal
em~2 day™)
DTR (m) —-0.168 —-0.248 ETo (mm) -0.332 —0.308
Land use and —0.419 —0.271 Cum. ETo of 5 —0.369 —0.349
cover (-) days (mm)
BD (g cm’3) —0.533 —0.442 Cum. ETo of 7 —-0.379 —0.354
days (mm)
Macro (cm® —0.162 —0.371 Cum. ETo of 14 —0.385 —-0.370
cm ™) days (mm)
Micro (cm® 0.651 0.710 Cum. ETo of 21 —0.400 —0.384
cm ™) days (mm)
TP (crn3 0.503 0.507 Cum. ETo of 30 —0.408 -0,385
cm ) days (mm)
Soil water —0.344 —0.390 Cum. ETo of 45 —0.419 —0.390
tension (cm days (mm)
Hg)
Clay (%) 0.492 0.557 Cum. ETo of 60 —0.416 -0.377
days (mm)
Silt (%) 0.422 0.342 Cum. rainfall of 0.148 0.151
6 h (mm)
Total sand —0.624 —0.671 Cum. rainfall of  0.229 0.232
(%) 12 h (mm)
Very Coarse —-0.578 —0.648 Cum. rainfall of  0.256 0.256
sand (%) 1 day (mm)
Coarse sand —-0.126 —0.193 Cum. rainfall of 0.233 0.214
(%) 2 days (mm)
Medium sand 0.096 0.054 Cum. rainfall of  0.234 0.211
(%) 3 days (mm)
Fine sand (%) 0.190 0.134 Cum. rainfall of 0.220 0.195
4 days (mm)
Very Fine 0.169 0.038 Cum. rainfall of  0.205 0.175
sand (%) 5 days (mm)
Season (-) 0.402 0.361 Cum. rainfall of 0.164 0.160
10 days (mm)
Min. air temp.  —0.230 —0.197 Cum. rainfall of  0.279 0.260
Q) 15 days (mm)
Max. air —-0.276 —0.252 Cum. rainfall of  0.251 0.230
temp. (°C) 25 days (mm)
Mean air —0.266 —0.236 EWMA of past 0.275 0.264
temp. (°C) hour rainfall

(mm)

distribution (10, 50, and 90%). MAE, RMSE, and NS are calculated as
follows:

N

1
MAE:NZ

J=1

Yi—Yj 2)

3

4

where y; is the jth observed variable;y; is the jth simulated variable
assessed;y is the average of all observed values, and N is the total number
of measurements.

Since the NS coefficient represents the proportion of the variance
explained by the model, the difference in NS between the complete
model and a simpler model reflects the proportion of explained variance
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lost by using the simpler model. Therefore, this difference can be used to
quantify comparisons.

3. Results
3.1. Analysis of correlation with soil moisture

Table 3 presents the correlation coefficient (r) between the 48 vari-
ables and soil moisture. In both layers, soil moisture was most strongly
correlated with microporosity (0.651 and 0.710) and total sand content
(—0.624 and — 0.671), for the surface and subsurface layers, respec-
tively. The strong positive correlation for microporosity is understand-
able, because it represents the soil’s water retention capacity. The
opposite correlation, for the proportion of sand, makes sense because
higher sand content improves soil infiltration and reduces its moisture
retention capacity.

In terms of topography, soil moisture was most highly correlated
with slope, followed by the difference in elevation between the sampling
point and the closest river reach (negative correlations), and TWI
(positive correlation; Table 3). A steep slope increases runoff to lower-
lying regions. The highest points in the watershed had lower soil
moisture than points at similar elevation as the channel network,
reflecting water movement from the top hillslope towards the channel
network. Further, as the upstream contributing area increases (resulting
in more cumulative flow), the downstream soil moisture increases.

The climatic variables were more strongly correlated with soil
moisture in the surface layer than in the subsurface layer. Compared to
the climatic variables, the rainfall-related variables were less strongly
correlated with soil moisture (Table 3). This suggests that these climatic
variables affect soil moisture more than rainfall-related variables,
especially at the surface layer.

3.2. Temporal and spatial soil moisture variation in the watershed

During the monitoring period (February to September 2018), soil
moisture ranged from 0.013 to 0.438 g g~ for the surface and 0.014 to
0.383 g g~ ! for the subsurface, presenting very similar mean values

01/01/18  31/01/18

02/03/18 01/04/18

Daily rainfall (mm)
a B WN =
o O O O O

[=2]
o

01/05/18
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throughout the period (Table 1). Average soil gravimetric moisture was
lowest during the first week of surveys, at 0.123 g g~! for the surface and
0.114 g g~ for the subsurface.

Temporal soil moisture variation was influenced by rainfall and
evapotranspiration seasonality (Fig. 4a). From summer to the end of
autumn (21 December 2017 to 20 June 2018), there was 605.2 mm
cumulative rainfall and 624.2 mm cumulative ETo. In the winter (21
June to 22 September 2018), cumulative rainfall was 646.8 mm, while
ETo was only 156.8 mm. In both layers, soil moisture was lowest during
the first five surveys (summer and autumn; Fig. 4b, c), presenting av-
erages of 0.167 g g~ for the surface and 0.159 g g~! for the subsurface.
In winter, average soil moisture was higher, at 0.218 g g~! for the sur-
face and 0.195 g g~! for the subsurface, respectively.

These findings reflect the fact that soil moisture responds to rainfall
(which raises it) and evapotranspiration (which lowers it). SPI (SPEI)
ranged from — 1.0 to 1.56 (—1.1 to 1.6) at the one-month time scale
(Figs S1 and S2). SPI and SPEI can be classified as near-normal (—0.99 to
0.99), moderately wet (1.0 to 1.49), and severely wet (1.50 to 1.99). For
the period 1971 to 2019, the proportions of samples falling into these
categories, for SPI (SPEI), were 70% (65%) for near-normal, 10.0%
(10.5%) for moderately wet, and 4.1% (5.8%) for severely wet (Fig. S3).
Overall, the frequency of SPI (SPEI) explained 81% (80%) of the vari-
ation in the time series. This indicates that the conditions during the
monitoring period were near-normal, both in terms of dry and wet
conditions.

High soil moisture was observed even during the driest period (the
first five weeks), and low soil moisture even during the wet period (the
last four weeks), particularly in the subsurface (Fig. 4b, c). This becomes
more evident when comparing the two sets of sample points: set A points
have lower soil moisture variability than set B points, in both layers
(Fig. 5). Point P14 had the highest median surface and subsurface soil
moisture (at 0.322 and 0.357 g g™}, respectively; Fig. 5b, d). This point
had the highest proportion of clay, and highest microporosity, in the
surface layer (Table S2). In contrast, point P30 had the lowest median
soil moisture (0.038 and 0.031 g g~ 1), lowest proportion of clay and
lowest microporosity, in both layers. This reflects the importance of soil
granulometry and porosity for water retention.
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Fig. 4. (a) Rainfall and reference evapotranspiration (ETo) variation during the study period. Box-plot of gravimetric moisture measurements for the ten surveys at
(b) the surface layer (0-10 cm) and (c) the subsurface layer (10-20 cm). A, B, and A/B: group of points displayed, according to Fig. 2a. Box edges: 25th and 75th
percentiles; Central line: median; Whiskers: lower and upper non-divergent limits; Crosses: outliers.
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Fig. 5. Spatial and temporal distribution of soil moisture for the 39 measurement points. (a, b) Surface-layer soil samples from sets A and B, respectively; (c, d)
Subsurface soil samples from sets A and B, respectively. The numbers on the x-axes indicate the soil sampling points.

Topography and land use and cover may also explain the differences
in soil moisture between sample sets A and B. For both layers, spatial
heterogeneity of soil moisture was higher in set B (CV = 0.44) than in set
A (CV = 0.29). The average slope of set B points (17.5%) was higher than
that of set A points (8.8%). Further, land use and cover affected soil
moisture: points in native forest had greater variability (CV = 0.35) than
those in grassland (CV = 0.28). One-third of the area of sample set B is
native forest.

3.3. Soil moisture estimation via ANN models

We used one-third of the records from each subsample for cross-
validation training, and the same training configuration was used for
all models (20 repetitions and a maximum of 90,000 cycles). Starting
with an oversized initial network, with 20 neurons in the hidden layer,
each model was tested to determine its optimal complexity (Section 2.4).
All models whose complexity was researched resulted with up to six
neurons in the inner layer. Since, in all cases, the possible excess of
complexity was contained by means of cross-validation, the number of
six neurons was adopted as a reasonable standard for the final

complexity of all models.

By assessing their linear correlations (Section 2.4), we selected 14
variables for the surface and 15 for the subsurface. We then tested the
effects of including or removing certain variables. The initial selection of
input variables had the greatest impact in selecting the best models for
each layer (Table S3). The best models contained more topographical
variables and fewer soil-related variables. Tables S4 and S5 present data
on model performance evaluation during network verification, for the
39 models analysed.

For the subsequent analysis, we used the verification subsample
(one-third of the samples). The main models for this stage of the analysis
had NS coefficients ranging from 0.477 to 0.887 for the surface and
0.213 to 0.893 for the subsurface (Table 4). The two best models were
M38 (surface, with 11 network input variables) and M49 (subsurface,
with 13 network input variables), representing all of the variable cate-
gories (topography, soil, climate, and rainfall; Table S4). Model M38
(NS = 0.870) had the following input variables: elevation, slope, TWI,
land use and cover, soil bulk density, microporosity, total sand content,
season, cumulative 6-h rainfall, EWMA, and cumulative 7-d ETo (model
statistics, in g g~': RMSE = 0.026, MAE = 0.02, E10 = — 0.03, E50 =
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Table 4

Statistical verification performance of the best models for the surface and subsurface layers.

54 55 56 49 64 65 66 67 68 69

53

51 52

38

Model

Subsurface (10-20 cm)

16,618

Surface (0-10 cm)

18,273

Layer

1193

49,176 3784 53,695 13,096

61,888

5852

13,005 34,215

48,001 16,781

62,377

35, 40, 7,

1, 2, 3, 35,
36, 38, 41,

43

1,2, 3,35, 36,
38, 40, 41, 43,
7,22

1, 2,3, 35,
36, 38, 40,
41, 43, 26,

34

1,2,3,7,
26, 34, 22

35, 36, 38,

1, 2, 3, 35, 36,
38, 40, 41, 43,
7, 26, 34, 22

35,7, 24,
34,18

1,2,3,35,
36, 38, 43

1,2, 3, 35,
36, 38, 43,

7,18

1, 2, 3, 35,
36, 38, 43,

24, 34

1,2,3,7,
24, 34,18

35, 36, 38,
43,7, 24,
34,18

1, 2,3, 35,
36, 38, 43,

Input variables?

26, 34,22

40, 41, 43,7,
26, 34, 22

7,24, 34,18

Verification
—0.03
0.001

—0.07

—0.045
0.0018
0.047
0.03

—0.025

—0.027
0.0044
0.041

—0.042

—0.029
0.0025
0.03

—0.021
0.0002
0.025
0.015

—0.061
0.0033
0.063
0.04

—0.054

0

—0.036

—0.046
0.0033
0.064
0.035

—0.038
—0.003
0.046
0.027

—0.033
0.0014
0.041

E10
E50
E90

0.0036
0.057
0.043
0.055
0.224

—0.0013
0.028

—0.0005
0.043
0.026
0.034
0.708

—0.0045
0.036
0.023
0.031

0.049

0.033
0.02

0.017

0.021

0.018

0.034

0.023

MAE

0.040
0.594

0.027 0.022

0.816

0.031 0.035 0.045 0.044 0.052 0.020 0.024
0.617

0.026

RMSE
NS

0.880

0.635 0.497 0.893 0.858

0.824

0.824 0.770

0.870

L J: number of cycles used in model selection. 2 Input variables: 1, elevation; 2, Slope; 3, TWI; 7, Season; 18, Cumulative 7-day ETo; 22, Cumulative 45-day ETo; 24, Cumulative 6-h rainfall; 26, Cumulative 1-day rainfall;

34, EWMA of rainfall in the hour before sampling; 35, Land use and cover; 36, Soil bulk density; 38, Microporosity; 40, Soil water tension; 41, Clay; 43, Total Sand.
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0.001, and E90 = 0.033; Fig. 6a, Table 4). The symmetrical error dis-
tribution (E10 versus E90), its MAE, and the E50 close to zero, indicates
good neural network adjustment during the verification stage.

In contrast, model M49 (the best subsurface model; N = 0.893)
included soil water tension and clay percentage; further, rather than
cumulative 7-d ETo, it included cumulative 45-d ETo; and rather than
cumulative 6-h rainfall, it included cumulative 24-h rainfall (model
statistics, in g gfl: RMSE = 0.020, MAE = 0.015, E10 = — 0.021, E50 =
0.0002, and E90 = 0.025 (Fig. 6b, Table 4). M49 also had symmetrically
distributed errors, with low MAE and E50 values, indicating good neural
network adjustment, even better than for the surface model (M38).

The good verification performance of both M38 and M49 demon-
strates that ANNs can be used to model soil moisture, and to make
predictions even for situations not presented during training, thus con-
firming their capacity to generalize. Given that M49 presented better
verification performance statistics, the performance statistics cannot be
used alone to compare the surface and subsurface models. Nonetheless,
it may be important to address large differences in model performance
statistics, particularly in NS.

3.3.1. Importance of input variables in the ANN models

For the surface model (M38), removing the season variable caused
the largest reduction in network predictive capacity, reducing NS by
0.076, producing a model with NS = 0.794, RMSE = 0.033 g g~ !, MAE
= 0.026 g g~1. EWMA of rainfall in the hour before sampling was the
second most important input variable: its removal reduced the model’s
predictive capacity, reducing NS by 0.053, producing a model with NS
= 0.817, RMSE = 0.031 g g~!, MAE = 0.023 g g~ '. Therefore, ENMA
and its interactions with the other variables were important predictive
factors, although without a strong linear relationship with soil moisture.

For the subsurface layer model (M49), removing microporosity and
the season variable caused the largest reductions in predictive perfor-
mance (NS = 0.846 and 0.842, RMSE = 0.025 for both, with NS re-
ductions of 0.047 and 0.051 g g~!, MAE = 0.019 and 0.018 g g%,
respectively). These findings indicate that, for the subsurface soil
moisture, microporosity is as important as the season variable. Further,
the season variable was less important in the subsurface model than in
the surface model. These results highlight the relevance of easily
obtainable input variables for predicting both surface and subsurface
soil moisture.

3.3.2. Importance of the variable categories for the best models

The performance statistics of the M38 and M49 models, and of those
obtained by removing all of the variables in each of the four variable
categories, are shown in Fig. 7. The reductions in NS are relative to the
complete models.

Removing the topographic variables reduced the verification per-
formance of both models, noticeably increasing the dispersion of errors,
with reductions in NS of 0.046 (M51, surface) and 0.035 (M64,
subsurface).

Removing soil-related variables caused larger reductions in perfor-
mance than removing topography-related variables, reducing NS by
0.100 (M52, surface) and 0.185 (M65, subsurface). This indicates that
soil-related variables affected the subsurface model more than the sur-
face model. M52 and M65 had similar E10 and E90 values: E10 was
slightly higher in M65 (—0.042 g g~1) than in M52 (—0.038 g g™ 1).

Removing climate-related variables reduced the predictive perfor-
mance of the surface and subsurface models (M53 and M66, respec-
tively). For the surface model, removing climatic variables had more
effect than removing the other variable categories, reducing NS by
0.253; for the subsurface model, the reduction in NS was lower, at 0.077.
The errors were larger, and the error distribution was more asymmetric,
for M53 (E10 = — 0.046 g g%, E90 = 0.064 g g~ 1) than for M66 (E10 =
—0.027 g g~ !, E90 = 0.041 g g~ 1). M53 tended to overestimate low soil
moisture values and underestimate high soil moisture values (Fig. 7).

Removing rainfall-related variables reduced model performance less
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for the subsurface model (M67) than for the surface model (M54), with
NS reductions of 0.013 and 0.046, respectively. Although both models
had symmetrical error distributions, the errors more dispersed for M54
(E10 = —0.036 g g, E90 = 0.036 g g~1) than for M67 (E10 = — 0.025
gg 1, E90 = 0.028 g g7 1).

In summary, although all four variable categories are important for
the surface model, those related to climate are the most important,
followed by those related to soil. For the subsurface model, soil-related
variables are the most important, followed by those related to climate;
rainfall and topographical variables are of little importance for the
subsurface model.

3.3.3. Importance of spatial and temporal variables for the best models

The input variables were separated based on spatial features (for
elevation, slope, TWI, land use and cover, soil bulk density, micropo-
rosity, clay content, and total sand content) and temporal features (land
use and cover, soil water tension, climate, cumulative 6-h rainfall, cu-
mulative 1-day rainfall, EWMA of rainfall in the hour before sampling,
and cumulative 7-day and 45-day ETo). Because it is a spatial variable
with patterns that change over time, land use and cover was considered
as both spatial and temporal. Not surprisingly, excluding either the
spatial or temporal information from the models reduced their predic-
tive potential (Fig. 8, Tables S4 and S5).

Removing the spatial features from the models reduced the predic-
tive performance of the subsurface model (M69) more than that of the
surface model (M56). Although they had similar median errors (E50 =
0.0036 and 0.0033 g g~ ! for M69 and M56, respectively), the error
distribution of M69 was more asymmetrical (E10 = — 0.07 g g%, E90 =
0.057 g g~ 1) than that of M56 (E10 = — 0.061 g g%, E90 =0.063 g g~ 1).
This confirms our earlier finding that removing the soil-related variables
reduces predictive performance more for the subsurface model than the
surface model.
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Removing temporal variables similarly reduces the predictive per-
formance of both the subsurface model (M68: NS = 0.594, RMSE =
0.040 g g}, and MAE = 0.03 g g~ 1) and the surface model (M55: NS =
0.635, RMSE = 0.044 g g~ and MAE = 0,034 g g 1). The errors of M55
were larger and more asymmetrically distributed (E10 = — 0.054 g g},
E90 = 0.049 g g™ 1) than those of M68 (E10 = — 0.045 g g™, E90 =
0.047 g g~1). Although the climate and rainfall-related variables had
little influence on the performance of the subsurface model, removing
all of the temporal variables (climate and rainfall-related variables, land
use and cover, and soil water tension) reduced the model’s predictive
performance. This is because the soil-related variables have a strong
influence on model performance.

For the surface model, removing spatial variables reduced predictive
performance more than removing temporal variables. However, the ef-
fect of removing spatial variables was less strong for the surface than for
the subsurface model. Although spatial variables are important for the
surface model, they have a larger effect on the subsurface model (M69).
This provides further evidence that the climatic variables are more
relevant to the performance of the surface model.

4. Discussion

The effects of topography, soil, climate, land use, and land cover on
soil moisture have been widely investigated (e.g. Hu and Cheng, 2014;
Korres et al., 2015; Liang, 2017; Yang et al., 2017). In the studied
watershed, for both layers, spatial heterogeneity of soil moisture was
higher for set B than set A samples, which can be attributed to the higher
average slope of set B. Further, the higher CV of soil moisture for the
native forest than for the grassland indicates that land use and cover also
influenced soil moisture variability. The greater heterogeneity of soil
moisture on steep slopes and in native forest is consistent with previous
findings (Korres et al., 2015; Yang et al., 2017).
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Fig. 7. Model performance testing by removing each variables category
(topography, soil, climate and rainfall). The 1:1 line depicts the ideal adjusted
values. For soil moisture, the colder (blue) and hotter (red) colors depict higher
negative errors (overestimates) and higher positive errors (underestimates),
respectively.

All four of the input variable categories (topography, soil, climate,
and rainfall) were included in the best-performing ANN-based soil
moisture models (M38 and M49). This reflects the complex spatiotem-
poral dynamics that determine soil moisture, at the watershed scale. The
fact that variables with low linear correlations with soil moisture (e.g.,
elevation, EWMA; Table 3) were included in the best models indicates
that even low-correlation variables can affect ANN performance. This is
because ANNs build nonlinear relationships among input and output
variables (Oliveira et al., 2017).

Both of the best-performing models (M38 and M49, for surface and
subsurface, respectively) performed well during the verification stage.
The slightly superior performance of the subsurface model probably
reflects the fact that the soil moisture has lower coefficients of variation

11

Catena 207 (2021) 105631

in this layer. Similarly, Contador et al. (2006) obtained good results
when using ANN modelling to estimate soil moisture in a Spanish
watershed, emphasizing the effects of changes in land cover on soil
moisture. Further, Kornelsen and Coulibaly (2014) reported that ANNs
can explain nonlinear soil moisture dynamics; however, they achieved
good results for deeper layers only when using surface soil moisture as a
network input. Using the same variable categories that we used, Oliveira
et al. (2017) also achieved good results, for a watershed of the same
climatic type but with very different land use, land cover, soil hydro-
physical features, and topography. In the present study, cumulative 6-
h rainfall was more important in predicting surface soil moisture,
whereas cumulative 24-h rainfall was more important in predicting
subsurface soil moisture, indicating that rainfall affected surface soil
moisture faster than subsurface soil moisture. Similarly, cumulative 7-
day ETo was more important for the surface model, whereas cumula-
tive 45-day Eto was more important for the subsurface model, indicating
that the surface soil dries out faster than the subsurface soil. This sug-
gests that surface soil moisture responds to the most recent rainfall and
climatic conditions, whereas subsurface soil moisture is attenuated by
the soil’s hydro-physical features, which control water infiltration and
delay the effects of rainfall and climate conditions, as observed by Lv
et al. (2019). Furthermore, the linkage of soil moisture in surface and
subsurface is dependent on the kind of transition between soil horizons
(Hagen et al., 2020). Water reallocation to greater depths causes soil
moisture to be more stable at greater depths (Rosenbaum et al., 2012).

Excluding the input variable categories had different effects on the
performance of the surface and subsurface ANN models. In both layers,
excluding the soil-related variables caused greater loss of performance
than removing the topographic variables. Gwak and Kim (2017) and Hu
and Cheng (2014) report that soil-related properties are more important
than topography in determining the soil moisture distribution. Various
other studies have reported that topography, land use and land cover are
essential in characterizing catchment-scale soil moisture variability
(Liang, 2017; Yang et al., 2017; Yu et al., 2018).

For the surface layer, climate-related variables were more important
than topography, soil, and rainfall-related variables in predicting soil
moisture. This probably related to the observed differences in cumula-
tive rainfall and ETo between dry periods (summer and autumn) and
humid periods (winter). By assigning a numeric value to each season,
this information is indirectly included in the model. Further, for small
watersheds, it has been reported that changes in soil moisture over time
may influence processes which control spatial patterns of soil moisture
(e.g. Hu and Cheng, 2014; Liang, 2017; Western et al., 2004). In this
context, for a small watershed in Germany, Rosenbaum et al. (2012)
observed that temporal changes in the surface layer (0-5 cm) were
strongly influenced by climatic forcing.

Consistent with Oliveira et al. (2017), we found that including sim-
ple, accessible, and low cost variables (such as land use and cover, and
season) improved network performance in estimating soil moisture.
Excluding rainfall-related variables caused small losses in predictive
performance, especially for the subsurface layer. This is consistent with
other experimental and modelling studies. For instance, Metzger et al.
(2017), in a forest-parcel experiment, observed that soil wetting and
rainfall patterns were weakly associated; they attributed this to the rapid
drying of soil after rainfall, with dry soil being the stable condition over
time. Using a Richards equation-derived 3D model for a hillslope,
Coenders-Gerrits et al. (2013) observed that rainfall influences soil
moisture predictions, but only during and shortly after a rainfall event,
with bedrock topography being the limiting factor most of the time.

5. Conclusions

For a small watershed, we investigated the capacity of ANN models
to predict regional soil moisture, both for surface and subsurface layers,
and evaluated the main driving factors. The models were configured
using inputs in four categories (topography, soil properties, climate, and
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Fig. 8. Model performance following removal of temporal and spatial variables. The 1:1 line depicts the ideal adjusted values. For soil moisture, the colder (blue) and
hotter (red) colors depict higher negative errors (overestimates) and higher positive errors (underestimates), respectively.

rainfall) and were classified as spatial (having invariant physical char-
acteristics) and temporal (varying over time, such as rainfall and ETo).

For both layers, the complete models showed excellent performance.
We then evaluated model performance by removing each one of the
variables, categories, or spatiotemporal classes, in turn. The most
important variable for the surface model was climate, followed by the
EWMA of rainfall. For the subsurface model, climate was also the most
important variable (although less so than for the surface model), fol-
lowed by microporosity. Although all four categories were important for
the surface model, the most important was climate, followed by soil
properties. For the subsurface model, the most important categories
were soil properties, followed by climate; rainfall and topography were
of little importance. For both layers, the models were more sensitive to
exclusion of spatial than of temporal variables.

In conclusion, it is possible to estimate soil moisture for both layers
with good performance, using the selected variables, which represent
the physical conditions affecting soil moisture. However, the surface
model requires more input variables to achieve good performance. In

contrast, for the subsurface model, more variance in soil moisture can be
explained using only soil and climate-related variables (in particular,
season and microporosity). This is because the most recent rainfall and
climate conditions determine changes in surface soil moisture, whereas
subsurface soil moisture is attenuated by soil properties, which control
water infiltration and delay the effects of rainfall and climate.
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