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1. INTRODUCTION
Over the last few decades advances in computing have created 
new opportunities for soil mapping, enabling the creation of more 
detailed soil maps at lower costs and in less time. The idea of 
digital soil mapping (DSM) is that existing soil information can 
be combined with auxiliary data using geoinformation and math-
ematical methods. By analyzing the relationship between soil and 
soil forming factors, outdated and less detailed soil maps can be 
improved. Furthermore, with the help of prediction models infor-
mation may be obtained on areas where soil data are limited or 
soil surveys have never been conducted. In the “scorpan” frame-
work (MCBRATNEY et al. 2003) seven important factors are 
defined and recommended for use in soil modelling and mapping:

 S=f(s,c,o,r,p,a,n) 

where: s=soil, c=climate, o=organism, r=relief, p=parent mate-
rial, a=age and n=spatial position. 

Auxiliary data are generally derived from thematic maps 
(relief, land cover, geology, and climate). These provide a wealth 
of data on environmental conditions, but in some cases it is dif-
ficult to extract useful information for DSM. This study focuses 
on geology, which is examined in detail less frequently as an aux-
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Abstract
There is no standard methodology which allows the incorporation of geological information into 
digital soil mapping (DSM) despite the great potential of geology as environmental covariate in 
DSM. To fill this gap, in this study, a geochemical parent material classification scheme was 
tested on the watershed area of Lake Balaton, for which soil maps at a finer scale have not yet 
been created. A parent material map was prepared on the basis of a 1:100 000 surface geology 
map in order to make the incorporation of soil modelling and mapping possible. Legacy data of 
12400 soil sample points was used in order to examine the role of geology in the quantitative 
distribution of some soil properties and element content (liquid limit, soil organic carbon, pH(KCL), 
CaCO3, Mg, Cu, Zn, Mn). Results confirm that the SiO2 content of the parent material influences 
the properties of the derived soils.
In the second part of the study Random Forest models were developed for three major soil prop-
erties (liquid limit, soil organic carbon, pH) with the use of additional environmental covariates: 
elevation, slope, aspect, curvature, topographic position index (TPI), annual average tempera-
ture, annual average precipitation, remote sensing based normalized difference vegetation index 
(NDVI) and land cover information. The performance and accuracy of the models were evalu-
ated on the basis of the coefficient of determination (R2) and root mean square error (RMSE), 
calculated on a randomly selected validation dataset (20% of the database). The models perfor-
med with R2 values of 0.72, 0.6 and 0.68 for liquid limit, soil organic carbon and pH respectively. 
The importance of variables was also examined in the RF models, and this demonstrated that 
while geology is among the best-performing predictors, in neither case is it the most important 
variable. Ninety metre resolution maps of the three major soil properties were compiled by mak-
ing spatial predictions with the RF models developed here. For validation of the maps, an inde-
pendent soil database was used, which showed that the prediction performed well on the culti-
vated area where the concordance correlation coefficients (CCC) were 0.73, 0.73 and 0.69 for 
liquid limit, pH and soil organic carbon respectively.

iliary data layer, despite its importance in soil formation. JENNY 
(1941) defined parent material as the initial state of the soil sys-
tem which is the substratum of soil formation, and the physical 
and chemical properties of the underlying rocks are important 
factors in the process. This geological background as a passive 
factor affects the formation of the soil profile (STEFANOVITS 
et al., 2005). 

Generally, the most readily available source of parent mate-
rial information can be found in surface geology maps. However, 
on the basis of comprehensive studies, geological maps are only 
used in less than a quarter of DSM projects (GRAY et al., 2016). 
This degree of neglect may generally be ascribed to the difficulty 
of interpretation of geological maps from a pedological point of 
view. Geology is also commonly omitted from the analyses on 
account of its lack of explanatory power in soil modelling (BE-
GUIN et al., 2017), though this may also be the result of the in-
appropriate use of geology as an environmental covariate; special 
expert knowledge is often required in order to convert the infor-
mation contained in geological maps into meaningful soil co-
variates (BEHRENS et al., 2005).

The main problem is that the classification of the units on 
geology maps is generally based on the age and the genesis of 
rocks, while this information is irrelevant in DSM. In addition, 
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usually too many units are distinguished on a geology map, mak-
ing it difficult to explore the relationship between the geology and 
the derived soils. To alleviate this problem, geological units are 
usually reclassified based on rock type. In the FAO system there 
is a detailed classification scheme which allows the easy conver-
sion of the units used in geological maps into parent material 
(PM) categories (FAO, 2006). However, this four-level classifica-
tion places too great an emhasis on the genesis of rocks. Besides 
this, several important rock types are missing, and it is thus not 
well suited to the creation of PM categories. 

Other PM classification schemes have also been developed 
which are more suitable for the purposes of DSM. SOTER is a 
harmonization and a mapping method combining landform clas-
ses and PM categories to define terrain units, which are then in 
turn represented by typical soils. Based on the results of the e-
SOTER project a new PM classification has been developed which 
is the revision of the previous FAO scheme but it has a pedologi-
cally relevant structure (VAN ENGELEN & DIJKSHOORN, 
2013). The basis of this five-level classification system is the geo-
chemical character of rocks, and the classes are clearly distin-
guished, being reflected in the various derivative soils.

Undoubtedly the most important feature of any parent mate-
rial is its geochemical character. The basic concept of this ap-
proach is that the SiO2 content is one of the most important fea-
tures in rock classification, and especially in igneous rocks, which 
are classified into ultrabasic, basic, intermediate and acid groups 
based on the percentage of SiO2 in their geochemical composi-
tion. GRAY et al. (2016) developed a reclassification method for 
all the rock types, including sedimentary and metamorphic rocks, 
based on their SiO2 content, and this method has proven to be 
very effective in modelling and mapping soil properties. They 
demonstrated that certain important soil properties (soil organic 
carbon, pH, cation exchange capacity, sum of bases, total P and 
clay %) stand in clear relationship to SiO2 content. This re-
lationship allows the use of geological information in a se-
mi-quantitative form through the application of a ‘silica in-
dex’which can be determined based on the median of the 
measured SiO2 values in the new geological categories. The index 
works in the following way: in a parent material, high SiO2 cont-
ent generally means higher quartz content; this in turn has an in-
verse relationship with  the clay and base cation content of the 
derivative soils. As soil texture is determined by the mineral frac-
tions present in the soil (relative proportions of sand, silt and 
clay), it is obvious that the SiO2 content of the parent material also 
plays a key role in soil physical properties.

Despite the effectiveness of GRAY’s method, it does have 
several shortcomings. Any individual geochemical PM classifi-
cation requires a great quantity of X-ray fluorescence (XRF) test 
data, in most cases not available locally, while the use of geo-
chemical data measured elsewhere could distort the results. A 
typical case is that of loess, in which significant differences oc-
cur in SiO2 content in different regions of the world (ÚJVÁRI et 
al. 2008). Regional averages of the SiO2 content of these sedimen-
tary rocks range from 60% to 80%; they cannot, therefore, be as-
signed to a single category, due to the high degree of diversity in 
their geochemical composition. Sedimentary rocks are generally 
problematic in this regard, and as a result, a unified geochemical 
PM classification scheme cannot be developed, so this approach 
cannot be standardized. Nevertheless, in cases where locally 
measured geochemical data are available, this method seems to 
be the most suitable for pedological purposes.

Despite the fact that DSM methods have already been widely 
used and recognition of the importance of geology is on the in-
crease,  only limited information is available concerning the pro-
per use of geology as an auxiliary data source, and also about its 
role in the prediction of soil properties. One task is to resolve the 
contradictory nature of our understanding of geology as an envi-
ronmental covariate: in some studies it is considered the strongest 
(GRAY et al. 2016) or one of the strongest (VAYSSE & LAGACH-
ERIE, 2016, XIONG et al. 2014, WIESMEIER, 2011) pre dictors 
in DSM, while in most cases it cannot be used effectively. 

Since a surface geology map is available for Hungary 
(GYALOG & SÍKHEGYI, 2005), and it is detailed enough for 
DSM purposes, the decision was made to examine the role of ge-
ology in the spatial distribution of soil properties. In this study 
the aim was to compile a parent material map on the basis of the 
surface geology map using GRAY’s geochemical approach, then 
to use it in our DSM project. Models based on geology and other 
environmental covariates were developed for three selected soil 
properties - liquid limit, pH and soil organic carbon - which are 
important features of the soils and are also important factors in 
soil classification. Based on the developed models, predictions 
were made for our whole study area.  One important purpose of 
this study is to evaluate the role of geology in soil modelling and 
mapping, but a further aim was to compile fine resolution maps 
of the three selected soil properties for the watershed area of Lake 
Balaton in order to serve the increasing need for more detailed 
soil data for environmental impact assesment in this area.

2. MATHERIALS AND METHODS
2.1. Study area
The watershed area of Lake Balaton (the largest freshwater lake 
in central Europe) is located between longitude 16°17’43’’E and 
18°11’26’’E and latitude 47°6’47’’N and 46°17’32’’N (Fig. 1). Fine 
scale soil maps of the whole watershed have not yet been created, 
although detailed legacy soil information is available. For envi-
ronmental reasons (especially for water quality protection) it is 
particularly important to create detailed soil maps, as a large part 
of the watershed lies on cultivated land. Detailed soil maps could 
support the more accurate assessment of diffuse phosphorus 
loads, and also aid in the targeting of erosion and runoff control 
measures. 

From a geological point of view, the watershed can be di-
vided into two parts. The Balaton Highland is located to the north 
of the lake, where older (Palaeozoic-Mesozoic), mainly carbonate 
rocks dominate, but basalt, sandstone, and methamorhic rocks 
are also present in notable quantities. 

This elevated area together with the Keszthely Hills at the 
southwestern end of Lake Balaton represents the southern part of 
the Transdanubian Central Range. The other part of the water-
shed is located south and west of the lake (Somogy and Zala river 
subwatershed), lies at a lower altitude, and is mainly covered by 
younger (Neogene and Quaternary) alluvial and aeolian sedi-
ments. 

From a pedological point of view the watershed also shows 
a great diversity. The following World Reference Base (WRB) 
units can be distinguished in the area: Rendzic Leptosols domi-
nate the upland area, with Haplic Luvisols on the foothills, in the 
valleys and on the deeply weathered basalt plateaus. In the lower 
areas, the dominant soils are Haplic Luvisols, coloured with Eu-
tric Cambisols in drier regions, Stagnic Luvisols in the western 
areas with high precipitation, Lamellic and Dystric Arenosols in 
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the southern part, Sapric Histosols near to the lake in former bays, 
and in general, Gleysols and Fluvisols in the valleys. Soil erosion 
by water is prevalent in certain regions with high relief.

The climate of this area is a typical European continental 
climate, with warm summers and fairly cold winters.  The annual 
precipitation is about 400-600 mm.

2.2. The 1:100 000 scale surface geology map  
and the derived parent material map
The Hungarian Geology Institute published a 1:100 000 scale 
digital surface geology map, the result of more than ten years of 
harmonisation and updating, in 2005 (GYALOG&SÍKHEGYI, 
2005). In lowland areas, 1:100 000 scale geological mapping had 
been completed in the course of the preceding 10-30 years. How-
ever, in hilly areas, finer scale legacy maps (e.g. 1: 10 000, 1:25 
000 and 1:50 000) formed the basis of this new map. This is the 
reason why it appears far more detailed and accurate than soil 
maps with the same nominal scale (e.g. AGROTOPO, 1:100 000, 
1994), especially in those hilly areas for which limited soil infor-
mation is available. 

The 1:100 000 scale surface geology map shows the presence 
of 143 geological units in the watershed of Lake Balaton: 3 Pal-
aeozoic, 42 Mesozoic, 3 Palaeogene, 24 Neogene, and 71 Quater-
nary formations with more than 20 rock types. We classified these 
units into broad categories based on their approximate SiO2 con-
tent. The basis of this new classification was the scheme devel-
oped by GRAY et al. (2016), modified to take into account the 
fact that different rock types dominate in the watershed than in 
the Australian study area. 

The first step was the selection of some characteristic rocks 
and sediment types common in our study area. These were the 
following: aeolian sand, aeolian loess, fluvial sediments of vary-
ing grain size, sandstone, limestone, dolomite, marl, basalt, and 
sesquioxides. The average SiO2 content of these rocks was deter-
mined, and the framework of a broad geochemical classification 
constructed. An attempt was made to place each geological for-
mation into one or other of the new geological categories based 
on SiO2 content. In several cases, legacy X-ray fluorescence 
(XRF) data were available (BUDAI&CSILLAG, 1999; ÚJVÁRI 
et al. 2008; BOHN, 1979; JUHÁSZ, 1962; GYALOG&HORVÁTH, 
2004; EMBEY-ISZTIN et al. 1993), but data measured in our 
study area cannot be then simply assigned to all rock types. In 
such cases, research was conducted for legacy data of similar 

rocks from all over the world. To estimate the approximate SiO2 
content of the various rocks the free GEOROC database 
(SARBAS&NOHL, 2008)  was employed, with additional legacy 
XRF data (PETTIJOHN 1963; CLARKE 1920; GU et al., 2013).

Our final classification structure contains nine groups, based 
on approximate SiO2 content (Table 1). 

Each original geological formation was assigned to one of 
these groups.   In some cases this classification was difficult, es-
pecially where a combination of rock types or sediments were 
present. On the basis of the method employed by GRAY et al. 
(2016), in these cases an overall single class was determined; 
though this was actually an average of several classes.  Sesqui-
oxides and carbonate rocks were not excluded from our SiO2 con-
tent based classification scheme, even though these classes have 
a low SiO2 content.

A property other than SiO2 content had to be taken into con-
sideration in the last group, because organic material has a strong 
effect on derivative soils. For this reason, a separate group was 
created for those sediments with the highest organic matter con-
tent. 

The parent material map compiled from these nine groups 
can be seen in Fig. 2.

2.3. Other environmental covariates
The basis of DSM is the empirical quantitative description of soil 
formation as a function of climate, organism, relief (topography), 
parent material, age and spatial position. In order to build predic-
tive soil models, detailed information concerning these soil 

Table 1. Broad geochemical classification of rocks and sediments.

Geological 
classes

Approximate 
SiO2 %

Rock 
types

1 80–90% aeolian sand, quartzite

2 70–80% alluvial sand, gravel, proluvial and deluvial sand, 
sandstone, loessy sand

3 65–70% loess, sandy loess

4 60–65% aleurite (alluvial, limnic, slope, deluvial)

5 50–60% clay (alluvial, limnic, slope, deluvial)

6 45–50% basalt

7 20–30% bauxite, bauxitic clay, clayey bauxite, 

8 1–10% limestone, dolomite, marl

9 – organic (peat)

Figure 1. Location of the watershed of Lake Balaton in Europe (left) and the elevation of the area (right) based on the 90 m resolution digital elevation model (NA-
SA, SRTM).
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forming factors is required. Besides geology, a different set of 
climate, topography, vegetation and land cover covariates was 
used. These are summarized in Table 2. The geoinformatical 
processing of the environmental covariates was carried out in 
ArcGIS 10.0.0.
2.3.1. Topograpy: 
a digital elevation model (SRTM DEM) at a resolution of 90 m 
was used in the analysis (JARVIS et al. 2008). Slope, aspect, and 
curvature were derived from the DEM, and the topographic po-
sition index (TPI) was also calculated for each cell following the 
method developed by WEISS (2001) and JENNESS (2016). A 
circle of 2000 m radius was used to determine the topographic 
position, which is an index for the quantitative description of geo-
morphology. The five topographic factors (elevation, slope, cur-
vature, aspect, TPI) were used as quantitative variables in the 
description of  relief.

2.3.2. Climate: 
averaged annual precipitation and temperature data selected from 
the free WorldClim bioclimatic variables (FICK&HIJMANS, 
2017) were used in the analysis. These rasters have a resolution 
of approximately 750 m.
2.3.3. Land cover:
CORINE land cover categories produced by the European Envi-
ronment Agency (2013) based on satellite images from the land 
surface were used. In our study area, 22 of the original 44 CO-
RINE categories appear. This land cover database provides con-
current information on both land use and vegetation. 
2.3.4. Vegetation:
The Normalized Difference Vegetation Index (NDVI), de-
rived from MODIS (NASA) satellite data at a resolution of 
250 m (for the month of June 2016) was used in the analysis 
(MOD13Q1).

Table 2. Description of environmental covariates.

predictor variable source resolution type range

elevation NASA SRTM DEM 90 m q 104.8–592.6 m

slope NASA SRTM DEM 90 m q 0–61.8°

curvature NASA SRTM DEM 90 m q –8.8–5.4

aspect NASA SRTM DEM 90 m q 0–360°

TPI NASA SRTM DEM 90 m q –5.3–13.6

annual precipitation WorldCLIM database 750 m q 544–776 mm

annual temperature WorldCLIM database 750 m q 8.6–10.9 °C

land cover European Environment Agency, CORINE 1:100 000 c 1–22

geology Geological and Geophysical Insitute of Hungary 1:100 000 c 1–9

NDVI NASA MODIS satellite 13Q1, 09-JUN-2016 250 m q 1564–9296

q: quantitative, c: categorical

Figure 2. Parent material map of the watershed area of Lake Balaton. The categories (1-8) are in descending order based on the approximate SiO2 content 
(see  Table 1).
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2.4. Soil dataset
Soil data (12400 points) from the National Pedological and Crop 
Production Database (NPCPD) collected between 1985-1989 were 
used in the analysis. The nationwide soil property map series for 
agricultural areas in Hungary had also been previously created 
based mainly on this database (TÓTH et al. 2015). It contains liq-
uid limit (KA) according to ARANY (1943), humus, pH, CaCO3, 
Mg, N, P, K, Cu, Zn, Mn values measured in the upper 25 centi-
metres of the soil. The detailed description of the database includ-
ing the methodology of the soil tests were presented previously by 
KOCSIS et al. (2014). Here only the three mapped soil properties 
are discussed in detail. Organic carbon content was measured af-
ter wet combustion with kalium-bichromate sulfuric acid solution 
by the titration method and then humus content was calculated. 
Before the modelling and mapping processes were carried out, 
humus was converted back to soil organic carbon content (SOC) 
by dividing by 1.724 because SOC is more stable than humus and 
more comparative data are available about this parameter. The pH 
was measured in either distilled water or 1 M KCl solution in 1:2.5 
soil to solution ratio supension after thorough wetting and two 
hours shaking. The ‘KA’ stands for liquid limit according to 

ARANY (1943). It refers to the quantity of water (cm³) necessary 
for the creation of a fully water saturated “aggregate free” soil 
paste from a 100 g oven-dry soil sample to reach the “endpoint 
indicator”, the “sticky point” (VÁRALLYAY, 2013). KA was sim-
plified from the traditional liquid limit determination (CASA-
GRANDE, 1932) for agricultural purposes. Liquid limit can be 
considered a good proxy for a particle size distribution test. It 
ranges from sandy (KA=~25-30) to clayey soils (KA>50). The ma-
jor advantage of this measure is its simplicity and time-efficiency.

Some elements of the NPCPD database (plant available P, K, 
and N) were ignored in our analysis, as they may have been 
strongly influenced by temporarily and temporally variable ef-
fects such as those from fertilization. The soil information de-
rived from the NPCPD database is summarized in Table 3.

Since the NPCPD represents mainly cultivated land, addi-
tional data were required, and especially those concerning for-
ested areas. Fifty forest points were selected from the land evalu-
ation database maintained by the land registery offices in Hungary. 
They record the exact geographical positions and soil profile de-
scriptions of reference sites, which are then used to judge the rel-
ative primary production value of all plots of productive land.

Table 3. Summary of the NPCPD soil data.

soil property KA SOC pH(KCl) CaCO3 Mg Zn Cu Mn

dimension cm3 % – % ppm ppm ppm ppm

range 24–81 0.30–3.19 3.52–7.76 0–20 10–440 0,4–11.8 0–13.2 2.1–132

Figure 3.  Spatial distribution of the soil sample points and the validation points.
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The final soil property maps were validated based on the top-
soil data from the Soil Conservation Information and Monitoring 
System (SIMS), which is independent of the NPCPD, similar meth-
ods were, however, used in  measurement of the soil properties 
(VÁRALLYAY et al., 2010). SIMS consists of 1,236 soil profile 
descriptions nationwide with highly detailed physical and chemi-
cal test data. Sixty eight points fall within the watershed, and from 
these the humus, pH and liquid limit data were used (Fig. 3).

2.5  Spatial prediction of soil properties using  
the Random Forest algorithm
Firstly a correlation matrix was calculated in order to identify the 
highly correlated variables and avoid the distortion effect of re-
dundant features in our analysis.

For the modelling of major soil properties (liquid limit, pH, 
soil organic carbon) the Random Forest algorithm was used. The 
use of this method, developed by BREIMAN (2001), is very 
widespread in environment modelling because it has lots of ben-
efits. It can also be used for classification and regression tasks, 
and there are no restrictions on the types of variables. The Ran-
dom Forest model consists of a number of decision trees from 
which a predefined number of randomly selected independent 
variables (different subsamples of the data) are used. The final 
result is derived from the mean predictions made on the basis of 
individual trees. In this study the soil properties are dependent 
variables and the environment covariates are independent (pre-
dictor) variables. For each soil property, an individual model was 
constructed using the predictors. In the analysis, 80% of obser-
vations were randomly selected and used for RF modeling and 
the other 20% for model validation.

For each model, the optimum number of randomly selected 
independent variables was determined. The Recursive Feature 
Elimination (RFE) method was applied in feature selection in or-
der to identify the most relevant predictors; in the final models 
only these variables were used. RFE algorithm ranks the varia-
bles by its importance and automatically selects a subset of the 
most predictive features (KUHN, 2008).

The coefficient of determination (R2), defined by the percen-
tage of variation explained by the model, was employed to eva-
luate prediction performance, and RMSE (root mean square er-
ror) to measure the accuracy of the models.

For the analyses the ‘Random Forest’ (LIAW&WIENER, 
2002) and the ‘caret’ (KUHN, 2008) package were used in the R 
environment (R CORE TEAM, 2017).

2.6.  Evaluation of the role of geology in the spatial 
distribution of soil properties
The effect of geology was analyzed independently of other envi-
ronment covariates, and its importance in the soil property mod-
els was also evaluated.

Since accurate geochemical data are not available for all geo-
logical formations, it was decided not to use the ‘silica index’ 
(GRAY et al., 2016), but  instead use broad categories based on 
the approximate  SiO2 content of the various rocks. For this rea-
son, analyses of variance (ANOVA) - in which the nine geologi-
cal classes are factors and accurate values for SiO2 content are 
not required - were carried out in order to examine the effect of 
geology on soil properties.

The other approach to the evaluation of the role of geology 
was the measurement of variable importance in the soil property 
models in which a comparison with other environment covariates 
was also possible.

3. RESULTS
3.1. Correlation analysis of the predictor varaiables
The correlation matrix (Table 4.) of the numerical predictor vari-
ables showed that in the dataset used here the variables are not 
highly correlated (maximum absolute correlation is 0.67, but val-
ues are generally lower than 0.4).

3.2. Model performance and accuracy
The results show that in the RF models the environmental pre-
dictor variables explain 69.65%, 57.78% and 65.31% of the varia-
tion of the liquid limit, SOC, and pH, respectively if all indepen-
dent variables are used. In order to construct models with a higher 
degree of accuracy and better performance, the RFE method was 
employed. After removing non-relevant variables based on the 
results of RFE, the performance of these models increased to 
72.4%, 60.3% and 68.4%. Aspect, curvature and NDVI were ig-
nored in all three models, as was slope in the case of liquid limit 
and pH. The final models were constructed from 500 regression 
trees using 4 randomly selected variables from the relevant pre-
dictors.

The observed RMSE values of the validation samples were 
5.29 for the liquid limit, 0.27 for SOC and 0.54 for pH in the final 
models.

3.3. The effect of geology on soil properties  
and its importance in RF models
One of the most important goals of the analysis was to evaluate 
the role of geology in the spatial distribuiton of soil properties. 
Firstly, the effect of geology was analyzed independently of other 
environment covariates using the ANOVA method. Significant 
differences were found in geological classes in the case of all the 
soil properties of the NPCPD. Tukey post hoc tests show which 
groups may genuinely be distinguished from each other (Table 
5.) Although not all classes differ significnatly, the means show 
an interesting trend, namely, that almost all soil properties in the 
NPCPD show an inverse relationship with  the approximate SiO2 

Table 4. Correlation matrix of the numerical predictor variable.

aspect curvature precipitation elevation slope temperature TPI NDVI

aspect 1 0 0.05 0.07 0.09 –0.03 0.02 –0.04

curvature 1 0.04 0.08 004 –0.03 0.16 0.01

precipitation 1 0.29 0.05 –0.54 0.19 –0.05

elevation 1 0.3 –0.67 0.38 –0.07

slope 1 –0.23 0.09 0.06

temperature 1 –0.12 0.08

TPI 1 –0.07

NDVI 1
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content. Consequently, this PM classification provides relevant 
information for pedological purposes, and it may be expected to 
be well suited for use in the modelling and mapping of soil prop-
erties.

The actual importance of geology in the major soil property 
models was evaluated based on the results of the RFE and vari-
able importance plots of the RF models.  The RFE method 
showed that geology is a relevant predictor in the case of all three 
major soil properties. Variable importance plots ranked the inde-
pendent variables based on the increase of MSE and node purity 
in the RF models after removing the variables (PRASAD et al., 
2006). This method enables the examination of the importance 
of geology in comparison to the other variables. The results of 
these may be seen in Fig. 4. The best performing predictors can 

be seen on the top of the plots. Judging by the importance of the 
variables, geology is among the top predictors, but unlike its po-
sition in GRAY’s results, it is not the most important variable in 
any case. 

3.4. Major soil property maps compiled using  
the RF models 
In order to compile soil property maps rasters were created at a 
resolution of 90 m, and predictions for each cell were made using 
the developed RF models.  The ’raster’ R package (HIJMANS, 
2016) was used in the creation of the final maps.

The results of these are three soil property maps for the wa-
tershed of Lake Balaton (Fig. 5), which are at present the most 
detailed soil maps of the area. 

Table 5. The results of the Tukey post hoc tests.

Geology 
classes

Liquid limit
(cm3)

SOC
(%)

pH
(KCl)

CaCO3
(%)

Mg
(ppm)

Zn
(ppm)

Cu
(ppm)

Mn
(ppm)

1 28.31a 0.75a 5.14a 0.20a 91.95a 1.49a 1.95a 103.36b,c

2 34.89b 0.89a,b 5.81b 0.73a,b 134.20b 1.96a,b 2.71a,b 89.12a,b,c

3 38.60b,c 0.92a,b 5.81b 0.53a,b 176.44c 1.72a 2.77a,b 97.84a,b,c

4 42.12c,d 1.08b 6.15b,c 1.24b,c,d 197.18c 2.07a,b 2.87b,c 77.88a,b

5 44.03d,e 1.35c 6.16b,c 1.66b,c,d 199.95c 2.43b,c 2.86b,c 73.38a

6 44.40d,e 1,10b 6.17b,c 2.13d,e 245.33d 2.51b,c 3.27b,c 98.28a,b,c

7 45.80d,e 1,42c 6.55c,d 1.92c,d,e 269.51d 2.64c 3.71c 108.06c

8 47.81e 1.41c 6.69d 3.01e 260.78 d 2.53b,c 3.71c 82.09a,b

9 (organic) 46.71e 1.38c 6.48c,d 1.69c,d 185.71c 2.09b,c 3.27b,c 80.76a,b

a,b,c,d,e:  the means with the same letter are not significantly different (p-value < 0.05).

Figure 4. Variable importance plots of the RF models based on the precentage increase of MSE and node purity.
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3.5. Validation of the maps
For the validation of the maps, data of 64 soil sample points 
from the Soil Conservation Information and Monitoring Sys-
tem (SIMS) were used.

Lin’s concordance was employed to compare predicted and 
observed values. The concordance correlation coefficients (CCC) 
were 0.55, 0.59 and 0.50 for liquid limit, pH and SOC, respec-
tively. But if points were selected only from cultivated areas, the 
CCC values increased to 0.73, 0.73 and 0.69 (Fig. 6.). The main 
reason seems to be that the dataset forming the base of our soil 
property models contains data primarly from cultivated land, and 
thus it is in such locations the prediction models perform better.

4. DISCUSSION
In the present study, digital maps of three major soil properties, 
liquid limit, pH and soil organic carbon (SOC) were created for 
the watershed area of Lake Balaton based on legacy soil informa-
tion using the Random Forest algorithm. While different sets of 
environmental covariates were employed in the prediction, par-
ticular attention was paid to the role of geology. A parent mate-
rial map was prepared through the application of a geochemical 
approach, with the reclassification of the original map units from 
the 1:100 000 surface geology map. It was confirmed that SiO2 
content based PM categories are capable of providing relevant 
information for soil prediction. Nonetheless, a great deal of XRF 
data are required in order to arrive at the correct classification, 
and it is precisely this which is the main drawback to the method 

proposed by GRAY et al. (2016). In the case of the classification 
constructed here, this type of inaccuracy may also distort the fi-
nal results. This, in turn, may well be one of the reasons why in 
the derived RF models geology is not the strongest predictor, in 
contrast to the conclusions arrived at by GRAY et al. (2016). The 
other possible explanation for this is the scale dependency of the 
importance of geology, i.e. the study area in the present paper is 
not large enough, and is less diverse from a geological point of 
view. Another factor is that the spatial distribution of the soil 
sample points can weaken the result, as the soil database used 
covers mainly cultivated land where the geology is less diverse. 
Although the database was broadened with additional points on 
forest land, this was not sufficient to eliminate the imbalance in 
distribution of the sample points; it is possible that this also re-
duced the importance of geology in the models developed. 

Scale dependency and the imbalance in the spatial distribu-
tion of the sampling points may well have led to a result in which 
geology is not the most important predictor, but this assumption 
cannot be verified due to a lack of comparative data. Although a 
similar geochemical PM classification scheme has yet to be used 
in other studies, it is remarkable that in general, geology is not 
the most important predictor in DSM projects. Unfortunately, ge-
ology is not often examined in detail as a predictor variable in 
DSM, and thus only a few data are available with which it would 
be possible to compare the results arrived at here. Usually, dif-
ferent variables dominate in each model, depending on the target 
variables. This is a realistic consequence, since soil formation is 
the function of several environmental factors. 

Figure 5. Spatial prediction of major soil properties.  
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According to VAYSSE & LAGACHERIE (2014), the predic-
tion of SOC is driven primarily by climate co-variables. ARAUJO 
et al. (2017) also demonstrated in a recent study that the effect of 
climate on SOC can be stronger than the parent material driven 
textural and mineralogical control of SOC retention because the 
soil organic matter decomposition rate is strongly dependent on 
climatic conditions (e.g. in a relatively cool environment the sta-
bilization of soil organic matter is more efficient). Besides cli-
matic variables, remote sensing vegetation indices (NDVI, EVI) 
and land use information may also have greater predictive value 
in SOC models (DHARUMARAJAN et al., 2017). Only SILVA 
et al. (2016) found that parent material plays a decisive role in de-
termining soil characteristics and that geology has a stronger ef-
fect on SOC than climate under humid-semi-arid conditions. Al-
though WIESMEIER at al. (2011) also reported a high value for 
the predictive role of geology in modelling soil organic matter, it 
should be mentioned that they do not use any climatic variables, 
and that even then, land use was a stronger predictor than geol-
ogy in their model. The results of the present study confirm that 
both geology and climate, and especially annual precipitation, 
have a strong effect on SOC, but land use and vegetation data 
(land cover) are also important factors. 

In the case of pH, we arrived at similar conclusions. Some 
studies have reported that geology has the strongest influence on 
the pH of the derived soils (e.g. VAYSSE & LAGACHERIE 
2014), but climatic factors are also important, and elevation is of-
ten a key factor (DHARUMARAJAN et al., 2017), similar to the 
pH model in this paper.

Liquid limit comparative data are not available for the eval-
uation of the role of geology in soil because this physical property 
is in general used only in Hungary. Since liquid limit is related 
to soil texture, it is obvious that this property also stands in close 
relation to climate and geology, as it is essentially these two fac-
tors which determine weathering processes. Similar results were 
reported by RODRÍGUEZ-LADO & LADO (2017) about the 
scaling properties of particle size distributions where parent ma-
terial and climatic indices are the most influential variables. In 
our liquid limit model, climate is a stronger factor than geology, 
as was also the case in the pH and SOC models.

Summarizing the results, the importance of geology in soil 
prediction has been definitely established, and SiO2 content based 
PM classification may be considered suitable for DSM purposes, 
despite the fact that geology turned out not to be the most impor-
tant variable.  Nevetheless, it is also important to note that, al-
though our study area was relatively small in geographical extent, 
climatic variables (especially annual precipitation) still have the 
strongest influence on soil properties. The explanation for this 
may be the young age of the sediments covering the greater part 
of the watershed, as these are less weathered and landscape for-
mation is still in its initial phase, with the presence of intensive 
weathering processes.

The relatively small effect in the studied area of certain top-
ographical variables (aspect, curvature, slope) on soil properties 
is also interesting, although other authors have reported similar 
results (CAMERA et al. 2017, DHARUMARAJAN et al. 2017, 
WIESMEIER et al. 2011).

Figure 6. Concordance correlation plots for liquid limit (cm3), pH and SOC (%).
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The most important results of the present study are the three 
final soil property maps, which are the most detailed soil maps 
for the watershed area of Lake Balaton currently in existence and 
is to be hoped that they can be used in future assessments.

Finally, an important outcome of the validation of the maps 
is that the spatial distribution of the existing soil sample points 
can and does result in great differences in the degree of uncer-
tainty of the predicted maps in different regions. This is one of 
the main disadvantages of the use of legacy data, and it indicates 
the need for new soil surveys in the area. The validation results 
showed that our predictions were more accurate on cultivated 
land, from which most of the soil data originated. This is in line 
with previous work (TÓTH et al., 2015), in which this database 
was used for nationwide soil modelling and mapping and the pre-
dictions proved to be reliable only on cultivated land. However, 
based on these results the areas from which additional soil sam-
ples should be taken can easily be delineated and this, in turn, 
would improve any future maps.

5. CONCLUSION 
The method of digital soil mapping developed in the last few de-
cades is one of the most important innovations in soil science. 
However, the effective use of DSM requires lots of information 
about the role of soil forming factors including parent material. 

In this study a geochemical approach developed by GRAY 
et al (2016) was applied in order to convert geology to a usable 
soil covariate. A legacy database (NPCPD) with 12400 soil test 
data and the 1:100 000 scaled surface geology map of Hungary 
facilitated the performance of a comprehensive analysis of the 
relationship between geology and soils and evaluation the role of 
geology in soil modelling and mapping. Well performing predic-
tive models could be built using geology and further environmen-
tal covariates (climate, topography, land cover) for three major 
soil properties (liquid limit, soil organic carbon, pH) in our study 
area. Based on the results, it has been confirmed that the geo-
chemical classification of the rocks is useful for DSM purposes, 
but accurate geochemical data would be essential to improve this 
method. Nevertheless it should be mentioned that the potential 
use of more accurate geochemical data does not necessarily re-
sult in determining that geology acts as the most influental vari-
able in soil prediction because additional factors are also involved 
including scale dependency, other soil forming factors, spatial 
distribution of the soil data. In our study area it seems that cli-
mate (especially annual precipitation) has a greater impact on soil 
properties than geology.

By using the developed models, predictions were made 
which resulted in the most detailed soil maps available at present 
for the watershed of Lake Balaton. However, map validation 
showed that the uncertainty is much higher in the areas (forests 
and hilly areas) where limited soil data is available but a new soil 
survey in these areas could improve both the models and the pre-
dictions.
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