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Abstract: The results of investigations on shaping the soil moisture ratio in the mountain basin of the
Mątny stream located in the Gorce region, Poland, are presented. A soil moisture ratio was defined
as a ratio of soil moisture in a given point in a basin to the one located in a base point located on a
watershed. Investigations were carried out, using a TDR device, for 379 measuring points located in
an irregular network, in the 0–25 cm soil layer. Values of the soil moisture ratio fluctuated between
0.75 and 1.85. Based on measurements, an artificial neural network (ANN) model of the MLP type
was constructed, with nine neurons in the input layer, four neurons in the hidden layer and one
neuron in the output layer. Input parameters influencing the soil moisture ratio were chosen based
on physiographic parameters: altitude, flow direction, height a.s.l., clay content, land use, exposition,
slope shape, soil hydrologic group and place on a slope. The ANN model was generated in the
module data mining in the program Statistica 12. Physiographic parameters were generated using
a database, digital elevation model and the program ArcGIS. The value of the network learning
parameter obtained, 0.722, was satisfactory. Comparison of experimental data with values obtained
using the ANN model showed a good fit; the determination coefficient was 0.581. The ANN model
showed a minimal tendency to overestimate values. Global network sensitivity analysis showed
that the highest influence on the wetness coefficient were provided by the parameters place on slope,
exposition, and land use, while the parameters with the lowest influence were slope, clay fraction
and hydrological group. The chosen physiographic parameters explained the values of the relative
wetness ratio a satisfactory degree.

Keywords: soil moisture; physiographic parameters of basins; artificial neural network (ANN);
redundancy analysis (RDA)

1. Introduction

Soil moisture [1,2], especially in the context of climate change, is one of the greatest
problems in hydrological responses [3,4], agriculture and on industrial sites [5–9]. The
question of the influence of initial soil moisture, despite being mentioned by many studies
as a significant erosion factor, has rather rarely been extensively researched [10]. The actual
state of soil moisture determines the beginning of surface runoff. Surface runoff is shaped
by many phenomena, including exceeding a soil’s full saturation and filtration possibilities,
subsurface outflow, and groundwater filtration [11,12]. The spatial distribution of soil
moisture is realized by various methods [13], such as: direct measurements; the use of
models based on physiographic basin parameters [14] as well as remote sensing data [15,16];
and in many cases, a combination of the above methods; and has been the subject of interest
of many authors.

Gómez-Plaza et al. [17] carried out investigations of moisture distribution in a small
basin located in Spain, using 50 sample points over a 20 m × 20 m regular network.
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They used a TDR (time domain reflectometry) device to measure the soil moisture at
depths of 15 cm. They connected the spatial distribution of soil moisture with use of TWI
(topographic wetness index). They also pointed out a use for these indicators for rather
wet climates. TWI is calculated by the following equation:

TWI = ln
(

α

tanβ

)
(1)

where: α is the specific catchment area defined as the local upslope area draining through a
unit contour length, which is equal to the grid cell width in this study; and β is the local
slope gradient [18].

Tombul [19], simulating surface runoff depending on soil initial moisture, introduced
shaping of the spatial distribution in the upper soil layer. The investigations were carried
out in the Kurukavak river basin, located in Turkey, in a 4.25 km2 area. Soil moisture
measurements were carried out by means of a TDR device. For investigation of spatial
distribution, he used the Xinanjiang model [20], based on basic hydrological responses
such as: evapotranspiration, runoff generation and flow routing, connecting soil moisture
distribution with wetness index (WI):

θWI = θs·
1−

(
1− θ

θs

) 1
1+b

1− (1−WI)
1
b

(2)

where: θWI is the critical value of capacity, θs is the moisture at full saturation, θWI ≤ θs, θ is
the actual moisture, b is the shape parameter.

For his investigations, he used high-resolution DEM, constructed based on a topo-
graphic map, using the vector model TIN (triangulated irregular network). The introduced
distribution was substituted by a topographic index.

Zhang et al. [21] researched the spatial distribution of soil moisture at the 10-cm layer,
on a 9.8-ha experimental plot, using a 15 m × 15 m network comprising 250 points in
total. They showed that moisture was characterized by the normal distribution. Spatial
distribution was examined using kriging, using the module Spatial Analyst connected in
the program ArcGIS release 9.0. They showed the significance of investigations of moisture
distribution for fertilization and irrigation needs.

Merdun et al. [22] studied the spatial distribution of water retention, for three various
initial moistures (dry, mean, and wet), obtained using a rainfall simulator on soil at the
experimental centre of the University of Sutcu Imam in Turkey, using 100 sampled points.
The structure of the spatial distribution and the semivariogram were executed in the
program GS+ 5.1.

Penna et al. [23] investigated moisture distribution in the upper soil layer, in a 1.9 km2

area located in a mountain basin in the Italian Alps, using 42 sample points. They showed
the significance of relief parameters and atmospheric conditions, including slope, TWI,
exposition, and solar radiation for the shaping of this property, showing a 42% share of
these factors to explain moisture distribution.

Temimi et al. [24] studied the distribution of soil moisture in the Mackenzie River
basin, over a 4000 km2 area located in Canada. In their investigations, they used a modified,
not-statistical topographic wetness index (TWI), determined based on DEM:

TWI = ln(a)− ln(α·tan(β))·e−u LAI) (3)

where: a is the alimentation area, β is the local slope, LAI is the leaf area index, µ is the
coefficient of radiation extinction, depending on plant cover, with values between 0.35
and 0.70.

DEM was determined in the framework of the program Shuttle Radar Topography
Mission (SRTM). LAI was in turn determined from satellite observations.
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Fan et al. [25] carried out investigations on spatial variability of soil moisture, using a
regular 50 m network with 20 sample points, on an experimental field in China. They used
kriging, realized in the program ArcGIS release 9.0.

Nikolopulos et al. [11] carried out investigations on the influence of initial soil moisture
in the Fella river basin, including an area of 623 km2 and their subbasins, located in the
Italian Alps, using peak flow and outflow discharge during a rainstorm. For investigation
of the spatial distribution of soil moisture, they used the hydrologic model Triangulated
Irregular Network (TIN), based on the Real-Time Integrated Basin Simulator. They used a
DEM with a resolution of 20 m.

Jia et al. [26] examined the temporary stability of spatial distribution of moisture in
loess soil in China, on five experimental plots of dimension 61 × 5 m, in 10 cm intervals,
up to a depth of 1 m. They showed that the vertical distribution of moisture does not
have a unitary trend; however, the horizontal distribution was similar for the same layers,
irrespective of a density increase.

This work aims to present the concept of determination of soil moisture distribution,
based on physiographic parameters of a basin, realized by the use of artificial neural
networks (ANNs).

2. Materials and Methods
2.1. Study Sites

The study was carried out in the Outer Western Carpathians, in the southern region
of Małopolska Province, Poland (Figure 1). The Mątny Stream (1.47 km2) flows into the
Mszanka River in the hamlet of Skiby at 20◦9′2.35′′ E, 49◦37′30.52′′ N. The main watercourse
starts at 20◦08′28.52′′ E, 49◦36′25.44′′ N. The mean annual air temperature is 7.4 ◦C. The
lowest temperature of −25.8 ◦C was recorded on 3 February 2012 and the highest, 33.0 ◦C,
on 8 July 2013. The long-term annual average total precipitation is 846.63 mm and the total
precipitation over the years in the study was 948.1 mm. The highest daily precipitation
was 100.7 mm on 15 May 2014. The snow usually starts to melt at the beginning of March.
The growing season starts around 10 April, and the winter begins around 30 November.
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The terrain comprises low- and medium-height mountains with peak heights rang-
ing from 617.6 m above sea level (m.a.s.l.) to 732.0 m.a.s.l. The lowest point is situated
490.0 m.a.s.l. The mean height of the catchment is 582.66 m.a.s.l. [27]. The slope distribution
is as follows: <5%, (0.06 km2); 5–10% (0.27 km2); 10–18% (0.67 km2); 18–27% (0.31 km2);
and >27% (0.16 km2). The weighted average slope for the entire catchment was 16.28% [28].
The catchment land use structure was dominated by grassland (73.5%); arable lands consti-
tuted 14.3% and included the following crops: spring oats (Avelana sativa), 7.3%; potatoes
(Solanum tuberosum), 4.3%; and common wheat (Triticum aestivum), 2.7%. Forests accounted
for 9.5% and urban areas for 2.7% of the catchment land (Figure 2). The catchment area is
cut by a network of dirt roads. Most of them are deeply furrowed and tend to transform
into water-carrying streams during and after rain events.
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Figure 2. Photos showing typical land use of the Mątny basin.

Soils in the catchment area are diverse, depending on slope location. The soil cover in
the Mątny stream catchment is dominated by loamy soils, including sandy clay loam, loam,
silt loam, clay loam and sandy loam. Pedological conditions were identified by analysis of
a 1:25,000 agricultural soil map and categorized into the respective groups according to
USDA standards [29].

2.2. Experimental Design/Models Applied

Calculations implementing the soil moisture ratio (wetness coefficient) model algo-
rithm were performed using the interface of ArcGIS 10.3.1 software [30]. The spatial data
were obtained based on the Polish State Surveying Coordinate System (PUGW). The follow-
ing parameters were determined: altitude, slope, flow direction, exposition, shape of the
slope, situation on the slope, hydrological group, use, and clay fraction. Thematic layers
were developed using the sources specified in Table 1.
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Table 1. Description of parameters used in coefficient wetness model.

Parameter Explanation

DEM Geodesic and Cartographic Documentation Centre Scale 1:5000, resolution 5 m

Altitude meters mean sea level m.a.s.l.

Slope Differences of heights between the points ∆h divided by length of
projection of direction between the points, l; [%] 1 Intervals, %:0–5; 5–10; 10–18; 18–27; >27

Flow direction

Determined based on height difference between the given cell
determined each of the eight adjacent cells, based on one-direction

points model D8 2 [31], where: Z is the number of adjacent cells, h is the
resolution of the GRID model, hØ(i) is the distance between the middle

points of cell, 1 for the ones situated in the cardinal directions
(N,E,S,W), root square for the two remaining ones.
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Situation on a slope Determined using a five-grade scale: hilltop, slope outset, slope middle,
slope bottom, slope foot
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Clay fraction
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where: 1 is S = ∆h
l ·100 ; 2 is SD8 = maxi=1,8

Z9−Zi
h∅(i) .

Three sampling time periods were adopted for each of the three growing seasons: dry
(period I), medium (period II) and wet (period III) AMC (Antedescent Moisture Conditions),
distinguished based on the sum of rainfall from the previous 5 days (mm) and the season
category (dormant or growing) (Table 2). In botany and agriculture, the growing season is
defined as the portion of each year when native plants and ornamental plants grow, while
the dormant season is when growth and development are temporarily stopped [33]. In
much of Europe, the growing season is defined as the average number of days with a 24-h
average temperature of at least 6 ◦C; in southern Poland, this typically lasts from April
to September.
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Table 2. AMC classes [34].

AMC Classes Vegetative Dormant Season Vegetative Growing Season

I Less than 12.7 Less than 35.5

II 12.7 to 28.0 35.5 to 53.3

III More than 28 More than 53.3

The soil moisture ratio Kw,i in point i was determined based on the concept of wetness
coefficient [35,36]:

Kw,i =
θi
θb

(4)

where: θi is the soil volumetric water in the given point i within the basin area [m3·m−3],
and θb is the soil volumetric water content in the basal point [m3·m−3].

From this, the soil moisture in a point i in a basin can by determined as:

θi = θb·Kw,i(p1, p2 . . . pn) (5)

where: Kw,i(p1, p2 . . . pn) is the relative wetness coefficient determined based on the
following parameters: place on a slope, exposition, land use, shape of slope, altitude, flow
direction, slope, clay fraction, hydrological group.

The purpose of the wetness coefficient was to assess the distribution of soil moisture in
the catchment area, based on the measurement from a basal point located on a hilltop. Soil
moisture was measured in 2014, between 11:00 pm and 14:00 am during days without and
with rainfall using the TDR device, as a mean value in the 0–0.10 m layer, for 379 measuring
points (153 for period I, 100 for period II and 126 for period III). The distribution of points
was random, taking into account the specific character of the mountain catchment. The
measurements were made, for period I, on 25 July (the sum of rainfall from the previous
5 days was 21.2 mm, in the vegetative growing season); for period II, on 4 October (the
sum of rainfall from the previous 5 days was 21.7 mm, in the growing season); and for
period III, on 25 September (the sum of rainfall from the previous 5 days was 34.8 mm, in
the dormant season) (Figure 3).
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2.3. Statistical Analysis and Data Procedure

An ANN (artificial neural network) model in the form of a multilayer perceptron
(MLP) was used to generate wetness coefficients, using Statistica software (release 12.5).
A total of 70% of all variables were applied for the learning process; 15% were used for
validation and 15% to test the model. A quasi-Newton algorithm with a Broyden–Fletcher–
Goldfarb–Shanno (BFGS) modification was selected for the learning neural network. The
sum of squares (SOS) was treated as the error function. The artificial neural network
model was used to establish the association between the wetness coefficient, whereas a
physiographic parameter, indicative of the soil and its use, was applied in all data set as
an independent variable. The multi-layer perceptron consisted of three layers of neurons:
(1) an input layer, (2) an output layer and (3) intermediate (hidden) layers. Each neuron
had a number of inputs (from outside to the subsequent layer or out of the network) [37].
In this study, the network system included an input and a hidden layer made of nine
neurons (altitude, slope, flow direction, exposition, shape of the slope, situation on a slope,
hydrological group, land use and clay fraction) and an output layer with one neuron
(wetness coefficient).

Studies on the percentage effect of selected soil, use and physiographic parameters
were carried out using ANN based on a global network sensitivity analysis [38–40].

RDA (redundancy analysis) of standardized environmental variables was performed
to explain and describe the pattern of variability in a parameter [41] Multivariate analysis
showed the presence of two main gradients of environmental variables. Positions of the
vectors of independent variables were proportional to the loading factors. The multivariate
analysis was carried out with Canoco for Windows version 4.51.

The analysis of empirical model adjustment to experimental data was carried out
using the following metrics [42], presented in Table 3.

Table 3. Measures of model performance [43,44].

Measure Equation

Mean error of prediction MEP 1

Root mean square error RMSE 2

Mean percentage error MPE 3

Model efficiency ME 4

where: 1 is MEP = 1
n ·∑

n
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(
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i
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2

∑n
i−n(cm

i −c)
2 ; cm

i is the measured values, cp
i is the computed values, and n is the number of data.

Spatial variability of the investigated and measured values of the soil moisture ratio
was determined using kriging. The kriging method allows to obtain the most probable
values in any part of an investigated area and to find the location for new measuring points.
To briefly define the technique of kriging, it is a method for optimizing the estimation of
the spatially correlated quantity Z, both in stationarity and non-stationarity instances.

3. Results

Moisture at the base point was 0.146 m3·m−3 in the dry season (period I), 0.247 m3·m−3

in the medium season (period II), and 0.433 m3·m−3 in the wet season (period III). The
measured moisture fluctuated between 0.086 m3·m−3 and 0.226 m3·m−3 for period I, be-
tween 0.146 m3·m−3 and 0.354 m3·m−3 for period II, and between 0.145 m3·m−3 and
0.441 m3·m−3 for period III. The obtained values were in accordance with the ones intro-
duced in the literature [45] The ANN model was then generated based on the results of the
investigation of physiographic parameters (Figure 4).
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The best-fitting model turned out to be the MLP 9-4-1, with four perceptrons in the
hidden layer. The MLP 9-4-1 model is characterized by high fitting quality and low error,
and therefore presents a good adjustment (Table 4). Thanks to the global sensitivity analysis
(Table 5), the relative and absolute influence of a number of parameters on the soil moisture
ratio Kw were determined.

Table 4. Analysis of quality and errors of the MLP 9-4-1.

Quality

learning 0.757

testing 0.752

validation 0.807

Error

learning 0.006

testing 0.009

validation 0.004

Perceptron activation functions
hidden

output

Table 5. Global sensitivity analysis of the MLP 9-4-1 model.

No. Parameter Relative Sensitivity Absolute Influence [%]

1 Place on slope 11.3 40
2 Exposition 3.5 12
3 Use 3.0 11
4 Shape of the slope 2.9 10
5 Altitude 2.9 10
6 Flow direction 1.6 5.0
7 Slope 1.3 5.0
8 Clay fraction 1.0 4
9 Hydrological group 1,0 4
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In the Mątny stream basin, the parameters place on the slope (40%) and exposition
(12%) had the highest impact (Table 5). Values of the soil moisture ratio fluctuated between
0.75 and 1.85. Based on the simulated values of the soil moisture ratio for every one of
the measured points, the map of the spatial distribution of this parameter was generated
using Surfer 10 and ArcGIS, based on data generated by ANN 9-4-1 (Figure 5a) and on the
measurement date (Figure 5b). The highest values of the soil moisture ratio occurred in the
northwest part of the basin. Figure 6 presents a comparison between the ANN simulated
values of the soil moisture ratio and the one elaborated based on measured data. Values of
the simulated wetness coefficient ranged between 0.89 and 1.13. Model efficiency measures
for the MLP 9-4-1 were as follows: MEP: 0.004, RMSE: 0.104, MPE: −0.6%, ME: 0.580 and
R2: 0.581 (Table 6).
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Table 6. Model efficiency measures for the MLP 9-4-1.

Model Efficiency Measures.

MEP RMSE MPE [%] ME [-] R2 [-]
0.004 0.104 −0.6 0.580 0.581
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Figure 6. The measured versus simulated soil moisture ratio.

Multivariate analysis (RDA) was employed to explain the relative importance of par-
ticular explanatory variables and underline differences between parameters. The patterns
of the independent variables for soil factors and environmental parameters are shown on
the plot (Figure 7). We noted a positive correlation among the flow direction, slope, clay
content and wetness coefficient. Generally, multivariate analysis for the studied parameters
indicated a strong positive correlation among the soil hydrologic group. Moreover, we saw
a correlation between altitude and place on the slope. On the other hand, only exposition
N, exposition E and exposition W were strongly negatively correlated to other examined
parameters. The first component described 27.43% of the total variation, and the second
component explained 42.01% of the total variance among the study parameters.
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4. Discussion

In this study, the concept of relative wetness coefficient was developed as a base for
determination of the spatial distribution of soil moisture on an area of a mountain basin.
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The idea of the coefficient is based on the observations that there is a relation between soil
moisture in a point on a slope and on a flat in a basin. Values of relative wetness coefficient
were obtained by the ANN model generated based on nine basin parameters: place on
a slope, exposition, land use, shape of slope, altitude, flow direction, slope, clay fraction
and hydrological group and direct measurements of soil moisture on the area of small
Carpathian basin (1.47 km2). Parameters of ANN learning, testing, validation, and model
efficiency measures were very satisfactory. The model overestimated prognosed values
only of 0.6%. Model was fitted to the experimental data very well. Based on the ANN
model, the sequence of significance of the particular basin parameters were arranged to
provide the relative wetness coefficient explanation. The highest influence had: place on
slope, exposition, and land use. In turn, clay fraction and the hydrological group had no
significance, because the investigated basin is not highly differentiated regarding soil. A
very interesting model for evaluation of the relative wetness coefficient foe small basin
was presented by Svetlitchnyi et al. [33]. It was based on basin parameters such as: the
shape of slope, distance from the divide, slope aspect and overall length of a slope. The
obtained model errors were very satisfactory. The relative wetness coefficient can be used
as an easy way to determine the distribution of soil moisture in the upper layer in small
mountain basins.

5. Conclusions

The soil moisture ratio, as a relation between soil moisture in a given point and in
a basal point located on a flat, generated based on basin parameters, by use of artificial
neural networks is one of the simplest ways to determine the distribution of soil moisture
on an area of small mountain basin. The main basin parameters that can influence the
relative soil moisture ratio are the place on a slope, exposition, land use (if it is not uniform
on an area of a basin), shape of slope and altitude. Our investigations showed that they
controlled the relative soil moisture ratio in sum in 83%. The model for determination of
the relative soil moisture ratio, generated by use of the ANN, gave very satisfied results in
terms of errors, and explained as many as 58% of cases. The ANN model overestimated
prognosis values only of 0.6%. For larger basins and basins with highly differentiated soil,
the next studies have to be carried out.
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