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Abstract — The objective of this work was to test the extrapolation of soil-landscape relationships in a reference
area (RA) to a topographic map (scale 1:50,000), using digital soil mapping (DSM), and to compare these
results to those obtained in similar studies previously conducted in Brazil. A soil survey in a 10 km? RA, using
conventional mapping techniques (scale 1:10,000), was made in order to map a 678 km? physiographically
similar area (scale 1:50,000) using DSM. The decision tree technique was employed to build a predictive
extrapolation model based on soil classes and eight terrain attributes in the RA. The validation of DSM by
application of field observation points resulted in a 66.1% global accuracy and in 0.36 kappa index. The most
representative soils in the area were correctly predicted, whereas the less representative and less frequent
soils in the landscape (and consequently with reduced sampling) had their prediction compromised. The
RA proportion, which equals 1.5% of the total area, is a limiting factor in the formulation of soil-landscape
relationships to precisely represent the mapped area by DSM.

Index terms: landscape stratification, pedometrics, predictive soil mapping, reference area, terrain attributes.

Mapeamento digital do solo e suas implicagoes na extrapolagao
das relagoes solo-paisagem em escala de detalhe

Resumo — O objetivo deste trabalho foi testar a extrapolagdo das relagdes solo-paisagem de uma area de
referéncia (AR), por meio de mapeamento digital de solos (MDS), para uma carta topografica (1:50.000), e
comparar os resultados aos obtidos em estudos similares anteriormente desenvolvidos no Brasil. O trabalho
consistiu no levantamento de solos, com técnicas convencionais de mapeamento de uma AR de 10 km? (na
escala 1:10.000), para mapear uma area fisiograficamente similar de 678 km? (na escala 1:50.000), tendo-se
utilizado o MDS. A técnica de arvore de decisdo (AD) foi utilizada para a constru¢do do modelo preditivo
de extrapolag@o, com base nas classes de solos e em oito atributos de terreno da AR. A valida¢do do MDS,
com pontos de observagao de campo, resultou em 66,1% de exatidao global ¢ 0,36 de indice kappa. Os solos
mais representativos da area foram preditos corretamente, enquanto solos menos representativos ¢ de menor
ocorréncia na paisagem e, consequentemente, com amostragem reduzida, tiveram sua predigdo comprometida.
A proporgdo da AR, igual a 1,5% da area total, é um fator limitante a formulag@o das relagdes solo-paisagem
para representar precisamente a area mapeada por MDS.

Termos para indexagdo: estratificacdo da paisagem, pedometria, mapeamento preditivo de solos, area de
referéncia, atributos de terreno.

Introduction

In Brazil, among the studies using digital soil
mapping (DSM) stand out those based on legacy
data. According to Giasson et al. (2013), among
the legacy data are maps and reports generated
without proper field validation. As there are no

estimates on the uncertainty involved in these soil
inventories, any eventual errors may be propagated
further. Additionally, most of the soil legacy data
are presented in scales that are not compatible to
support DSM at detailed scales (between 1:5,000 and
1:20,000). Therefore, these data do not supply the
demand of soil information on agricultural planning
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for watersheds and rural properties, according
Dalmolin et al. (2004).

The DSM approach employs basic concepts of
pedometrics by using soil spatial prediction functions
(SSPF). Based on the assumptions derived from the
soil-landscape relationships, these functions constitute
a frame for empirical fitting among quantitative
correlations between the soil and the environment
(McBratney et al., 2003). This approach has been
frequently used in order to predict soil classes and/
or properties in nonsampled locations at the regional,
national, and global levels (ten Caten et al., 2012;
Hengl et al., 2014; Dalmolin & ten Caten, 2015; Teske
et al., 2015).

In an area having a small geographical extension
into the same physiographic region, soil formation
factors such as parent material, organisms, and
climate may often show small spatial variations. In
these locations, relief is the main factor involved in
outlining soil types, and is responsible for most of the
variation found in these landscapes. In such regions,
small representative areas, previously mapped, may be
designated as reference areas (RA), as suggested by
Lagacherie et al. (1995). The RAs are used as a basis
for extrapolation of the soil-landscape relationships,
which enables mapping of the neighboring areas with
similar characteristics.

The RA approach for DSM was applied at
municipality scale in Rio Grande do Sul state, Brazil
by ten Caten et al. (2011), who found that Lithic
Leptosol showed the highest value (above 98%) of
mapping accuracy (MA). According to the authors,
this observation is associated with the fact that nine
predictive covariates were used to generate the models
derived from the relief that, in the evaluated area, shows
a strong correlation with Lithic Leptosols. Bagatini
et al. (2016) employed DSM on two watersheds in
Rio Grande do Sul state, by extrapolating data from
previously mapped soil found in the RA. In their
model, a higher accuracy was observed in the model
training areas, in comparison with the validation areas,
and that the representativeness of soil classes affected
the accuracy of the prediction models. Despite the
intensification of DSM research in Brazil, studies based
on RA are still scarce, and most of them employ legacy
data for extrapolation of soil-landscape relationships
to map neighboring regions. In general, legacy data
does not show compatible scales for conducting more
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detailed surveys. In areas for which no soil maps are
available, such as Missoes region in Rio Grande do
Sul state, it is necessary to develop a methodology to
acquire these data, on a scale compatible with the user
requirements. The use of RA, with a greater degree of
detail than the area of interest, was the strategy used in
the present study.

The objective of this work was to test the extrapolation
of soil-landscape relationships in a reference area (RA)
to a topographic map (scale 1:50,000), using digital
soil mapping (DSM), and to compare these results to
those obtained in similar studies previously conducted
in Brazil.

Materials and Methods

The study area is depicted in the topographic chart
of Carajazinho (SH.21-X-B-VI-1), scale 1:50,000, and
is located in the physiographic region of Missoes, in
the state of Rio Grande do Sul, Brazil, occupying an
approximate area of 678 km? (Figure 1 A). This area
was chosen as it appropriately represents a region of
the state which is a large producer of grains. However,
there is not detailed soil information on this region. The
climate of the region is a humid subtropical climate
(Cfa, according to the classification of Koppen-Geiger),
with rainfall uniformly distributed throughout the year,
average annual precipitation of 1,771 mm, and average
annual temperature of 18.5°C (Alvares et al., 2013). In
general, the area has a flat to gently undulated terrain,
with steep slopes near the drains, with occasional hills
with slopes from 3 to 10%. The geological substrate
consists of basalt of the Formagao Serra Geral. After
exploring the entire region of study, an area of 10 km?
[1.5% of the total area (TA)] was chosen for the detailed
soil survey and designated as the RA (Figure 1 B). A
topographical survey was conducted in the RA, in
order to generate a digital elevation model (DEM-RA)
which was used for understanding the soil-landscape
relationships, and for conventional soil mapping on
a 1:10,000 scale. Twenty complete soil profiles were
described and sampled using the method described by
Santos et al. (2015), and 280 observation points were
surveyed by auger sampling systems. Physical and
chemical analyses of the soil profiles were performed
according to Donagema et al. (2011). Soils were
classified up to the series level, based on the Brazilian
Soil Classification System (SiBCS) (Santos et al., 2013).
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In this survey, we used the methodology described by
the Brazilian Institute of Geography and Statistics
(IBGE, 2015), and identified 23 mapping units (MUs)
(Figure 1 C). In order to extrapolate the soil-landscape
relationships obtained by DSM to the entire chart area,
the MUs of the RA were grouped under the second
categorical level of the SiBCS, generating a map with
a simplified legend and five MUs (Figure 1 D), out of
which 2,500 points comprising a density of 0.4 points
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per hectare were selected by random sampling for
prediction model training. On the basis of the DEM-
RA representing the relief, eight covariates were
extracted to predict soil distribution in the landscape,
which included elevation (ELEV), topographic
wetness index (TWI), profile curvature (PROF), plan
curvature (PLA), aspect (ASP) and slope (SLOP),
vertical distance from channel network (VDCN),
and geoform classes. Extraction of these covariates
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Figure 1. Chart of Carajazinho, RS, Brazil (A); reference area (RA) location in the Carajazinho chart (B); conventional soil
map at 1:10,000 scale (C); and a map of the RA with a simplified legend (D). Datum: Sirgas2000, UTM projection, Zone

21S (Sirgas..., 2017).
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was performed using the geographical information
system software SAGA GIS, version 2.2.3 (SAGA
User Group Association, University of Hamburg,
Germany), and the geoform classes were obtained
using the LandMappeR (MacMillan, 2003). For each
of the 2,500 points in the RA, the predictive covariate
values and the soil classes up to the second SiBCS
categorical level were obtained. These data were
exported to the software WEKA, version 3.6.3 (Hall
et al., 2009), before proceeding to model training
based on the decision tree (DT) methodology, which
was executed using the algorithm J48, in order to
establish the soil-landscape relationships in the RA.

The DEM for the entire area of study (DEM-chart)
was generated at a resolution of 30 m by using contour
interpolation, and vectorized and structured following
the method described by Hasenack & Weber (2010).
The same eight predictive covariates above mentioned
for the RA were extracted from the DEM-chart, and
an interpolation of the trained model using DT on the
RA was performed using a SIG environment interface
(SAGA GIS 2.2.3). Subsequently, a digital soil map
was generated for the entire area (DSM-chart).

The DSM-chart was validated using 595 points,
sampled in the field through observation of profiles
and random drilling, along with soil identification up
to the second SiBCS categorical level. An error matrix
was generated (Congalton, 1991), and the following
accuracy indicators were calculated: global accuracy
(GA), producer accuracy (PA), user accuracy (UA),
and kappa index (K). The GA specifies the proportion
of accurate predictions in relation to the total number
of pixels; PA expresses how much of the MU surface
obtained using the conventional survey was mapped
using DSM as well; UA indicates the probability of
a DSM MU (represented by a pixel) coinciding with
the MU of a conventional survey; K represents an
association measure used to describe the concordance
level in the MU prediction.

Moreover, in order to evaluate the extrapolation
capacity of the soil-landscape relationships by the
prediction model, a DSM data clipping for the
RA boundaries was performed, and the DSM was
validated using 149 field observation points randomly
distributed in the RA. Further, an error matrix was
generated to assess the evaluation accuracy using the
indicators GA, PA, UA, and K.
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The obtained results were compared with the
findings of studies previously conducted in Brazil by
using RA for DSM (ten Caten et al., 2011; Arruda et al.,
2013, 2016; Villela, 2013; Silva et al., 2016). Scientific
articles were searched using the Scielo, Scopus, and
Web of Science platforms, based on a study by ten
Caten et al. (2012). The main criterion for the data
to be included in the table was that the RAs should
represent up to 20% of the total surveyed area.

Results and Discussion

The DSM generated by extrapolating soil-landscape
relationships of the RA to the Carajazinho chart
(Figure 2) predicted five MUs: Gleissolo Melédnico
(GM) - Umbric Gleysols; Neossolo Regolitico (RR)
- Leptic Regosol; Neossolo Litolico (RL) - Dystric
Leptosol; Nitossolo Vermelho (NV) - Rhodic Nitisols;
and Latossolo Vemelho (LV) - Rhodic Ferralsol. The
highest representation is showed by the LV, which
comprises 72% of the total area; this soil occurrence is
predicted in areas with flat to gently undulated terrain
and in geoforms having smooth top, rectilinear slopes,
and platforms/plateaus.

The areas classified as GM had the second highest
representation, comprising 17.37% of the total, and
were predicted in regions near the drainage network.
The RL and RR areas represented 11.31% of the total,
predicted in landscapes with divergent slopes (RL) and
divergent shoulders/convergent slopes (RR). The NV
area had the lowest representation, accounting for only
0.11% of the total, which was predicted in the same
locations as RR. The occurrence of RR, RL, and NV
in similar locations often hindered the establishment of
soil-landscape relationships. Arruda et al. (2016), also
working with DSM, observed that similar behavior of
environmental covariates complicated the distinction
between soil classes.

Soils in the NV class were the less representatives
both in the RA and in Carajazinho map, thus, they
showed a lower number of samples in the model
training, which resulted in a relatively small area
predicted as NV. This fact agrees with Hengl et al.
(2007), who showed that predictive mapping should be
performed with a minimal representation from each
soil class, in order to allow that the models capture the
complexity of soil formation in the area to be mapped,
ensuring that soils of all classes be represented.
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Figure 2. Digital soil map of the Carajazinho chart at 1:50,000 scale. Datum: Sirgas 2000, UTM projection, Zone 21S
(Sirgas..., 2017).
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In the error matrix for DSM (Table 1), UA values
were as follows: LV showed the highest one, 77.5%,
RL and GM had intermediate values, 40.0 and 37.4%,
respectively; and RR, the lowest one, 25.0%. The
percentages represent proportion of the area that was
accurately mapped. The class NV recorded no value in
the matrix, indicating that this class was not predicted
by the model. Values for PA followed the same trend, as
follows: the highest value for LV, 90.6%; intermediate
values for MG (52.3%) and RL (34.8%); and, the lowest
values for RR (4.1%) and NV (0.0%).

The soil classes RR and NV had low representation
in the area of study, and thus, reduced sample
number, which explains their low UA and PA values,
highlighting the NV class. ten Caten et al. (2011),
also observed this fact and showed that prediction for
soils from less represented classes was compromised
when performing DSM based on multiple logistic
regression analyses. In their study, the topography was
heterogeneous, varying from plain to mountainous.
Since there is no defined protocol for DSM (Grunwald,
2009), we hypothesized that in an area with more
homogeneous relief, the limitation described by ten
Caten et al. (2011) could not occur in our area of
study. Furthermore, soils from these classes occur
contiguously in the entire region, predominantly
in the geoforms with divergent shoulders and
convergent slopes, which hinders the differentiation
by our predictive model, which is entirely based on
terrain attributes. Bagatini et al. (2016) extrapolated
preexisting soil maps to physiografically similar areas
using DSM in two distinct watersheds. Their models
overestimated the MUs with higher representation
and underestimated those less represented, both in
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the training and in the validation areas. Besides,
the use of DT methodology in the DSM showed low
efficiency for the extrapolation of preexisting soil
maps. Their predictive model reproduced GA values
of 63 and 68% in the training areas in both watersheds.
On extrapolation, these GA values dropped to 50 and
54%.

In the generated DSM, GA was 66.1%, which
indicates the proportion of accurately predicted
observations (agreement between predicted soil
classes and reference classes) in relation to the total
number of observations. The K value was 0.36, which
is lower than the average value of 0.47 observed in
similar studies conducted in Brazil (ten Caten et al.,
2012). However, Giasson et al. (2013) observed an
average K of 0.37 in the Lajeado Grande watershed,
which shows characteristics similar to the area of
the present study. Likewise, Bagatini et al. (2015)
obtained a GA similar to those in the present study;
in their study, depending on the sampling point
density, GA varied between 60 and 76% in the Rio
Santo Cristo watershed, and between 54% (lowest
density, 0.1 points ha') and 74% (highest density,
4 points ha') in the Rio Lajeado Grande watershed.
This GA behavior was similar to that observed in
the Carajazinho chart, which belongs to the same
physiographic region evaluated by Giasson et al.
(2013) and Bagatini et al. (2015).

High UA and PA values for LV and MG, especially
those for the LV obtained in this study (AU of 77.5%,
and PA of 90.6%), are associated with the high
proportion of soils belonging to these classes in the
study area, to a higher number of training samples, and
to their positions in the landscape.

Table 1. Error matrix and evaluation parameters for DSM accuracy in the Carajazinho chart.

Validation points > rows UA(%)
Classes GM RL RR NV LV
GM 34 15 21 1 20 91 374
E RL 12 24 11 2 11 60 40.0
2 RR 6 3 0 2 12 25.0
£ NV 0 0 0 0 0 0 -
LV 18 24 38 13 320 413 77.5
> columns 65 69 73 16 353 576 -
PA (%) 52.3 34.8 4.1 0.0 90.6 - -
GA 66.1% K=0.36

GM, Gleissolo Melanico (Umbric Gleysols); RL, Neossolo Litdlico (Dystric Leptosol); RR, Neossolo Regolitico (Leptic Regosol); NV, Nitossolo Ver-
melho (Rhodic Nitisols); LV, Latossolo Vermelho (Rhodic Ferralsol); UA, user accuracy; PA, producer accuracy; GA, global accuracy; K, kappa index.
®Total number of field validation points was 595, out of which 19 points were classified as rocky outcrop.
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The size of the RA (only 1.5% of the TA) also affects
the quality of prediction. This factor could be verified
by comparing the single reliability measurements with
the prediction data. Due to its small representation in
the RA, the NV limited the number of pixels predicted
in MUs during the algorithm training, compromising
the establishment of relationships between the
environmental covariates.

The DSM results obtained for the Carajazinho
chart allowed to evidence that the determination of
spatial position and collection of data in the RA are
the two most important steps in the DSM technique,
since the RA should comprise all MUs depicting
territorial expression, in order to be considered
representative of the landscape to be mapped.
However, there are no reports recommending a
minimal RA size in relation to the TA. Nevertheless,
Hofig et al. (2014) reported a reduced ability of the
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predictive models to reproduce MUs with small
representation in the evaluated areas.

In the comparison between the conventional RA
map (Figure 3 A) and the snipped DSM-generated RA
(Figure 3 B), a visual similarity in the spatialization
of soil MUs was observed. The error matrix (Table 2)
shows 72.92% GA and 0.54 K of, both higher than the
values found for the entire Carajazinho chart area.
UA and PA values for LV and MG were still higher,
especially for LV (UA 80.4%, and PA 92.5%). UA and
PA values for NV and RR also increased, probably
due to the reduced distance of the extrapolation of
soil-landscape relationships to the area of interest.
Therefore, it is important to investigate the f
environmental covariates of their ability to predict
and classify soils located at different distances from
the RA. The main studies with RA in Brazil present
different methodologies and do not suggest a minimum

B
748000
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Figure 3. Soil maps obtained by the conventional method (A), and the reference area (RA) section in the digital soil mapping
(DSM) of the Carajazinho chart at 1:50,000 scale (B). Datum: Sirgas 2000, UTM projection, Zone 218 (Sirgas..., 2017).
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size of RA to be used. There is no correlation between
RA size, in relation to TA of extrapolation, and the
DSM accuracy (Table 3).

The study 1 (Table 3) presents the work developed
by Silva et al. (2016), who obtained high-accuracy
values (70.97% GA, and 0.55 K) using an RA/TA of
only 0.27% for extrapolation of different soil classes
in an area with undulated terrain. The study 2 (Arruda
et al., 2016) presents an RA of 500 ha located in the
center of the area of study (scale 1:10,000), which was
planned with the aim at building a DSM based on
artificial neural networks (ANN), using environmental
covariates that expressed soil-landscape relationships
for an area of 110.72 km? in an undulated terrain,
generating high values of GA (83.7%) and K (0.80).

Study 3 presents the results of this work, where a
low-K value was obtained, in comparison with the
other values shown in Table 3, due to the small RA
size (1.47% of the extrapolation), contributing to the
low accuracy of our DSM chart. In the study 4 (Arruda
et al., 2013), five RAs (total 12 km?) were selected
by grouping, in order to extrapolate soil-landscape

relationships to an area of 120 km? thus, obtaining
77.5% GA and 0.74 K. In the study 5 (Villela, 2013), a
conventional detailed soil survey was performed in an
area of 80 km?, which was used as RA to extend the
map using DSM techniques to an area of 730 km? with
scale reduction and legend simplification. Four DSM
charts were built, from which two were trained by
models based on the conceptual model of the pedologist
for the area of study, and two were trained by models
based on the statistical analyses of information on the
RA. The techniques proved efficient for MU prediction
in the area of study, with GA varying between 74.62
and 88.81%, and K ranging from 0.68 to 0.85. In the
study 6 (ten Caten et al., 2011) used an RA of 143 km?
for extrapolation of soil-landscape relationships to an
area of 874 km? with heterogeneous terrain attributes,
and found 61.79% GA and a 0.46 K.

Therefore, the best results (high-GA and K values)
were achieved by Villela (2013), who reported
satisfactory quality indices in a plain terrain using
an RA corresponding to 11% of the TA, which are
values very close to the ones observed by Arruda et al.

Table 2. Error matrix and evaluation parameters for assessing the accuracy of the predicted map using digital soil mapping

(DSM) of the reference area (RA).

Validation points > rows UA (%)
Classes GM RL RR NV LV
GM 18 4 2 0 2 26 69.23
e RL 7 3 0 2 13 53.85
= RR 2 3 5 0 1 11 45.45
£ NV 0 0 1 1 2 50.00
LV 5 6 6 1 74 92 80.43
3" columns 26 20 16 2 80 144
PA (%) 69.23 35.00 31.25 50.00 92.50
GA 72.92% K = 0.54

GM, Gleissolo Melanico (Umbric Gleysols); RL, Neossolo Litolico (Dystric Leptosol); RR, Neossolo Regolitico (Leptic Regosol); NV, Nitossolo Ver-
melho (Rhodic Nitisols); LV, Latossolo Vermelho (Rhodic Ferralsol); UA, user accuracy; PA, producer accuracy; GA, global accuracy; K, kappa index.

Table 3. Size correlations between the RA and the extrapolated area, as reported by the studies conducted in Brazil®.

Study Reference Predominant relief RA RA TA GA kappa index
(%) (km?) (km?) (%)
1 Silva et al. (2016) Undulated 0.27 4.85 1.771.9 70.97 0.55
2 Arruda et al. (2016) Undulated 4.5 5 111 83.7 0.81
3 This study Gently undulated 1.5 10 678 66.1 0.36
4 Arruda et al. (2013) Undulated 10 12 120 71.5 0.74
5 Villela (2013) Flat 11 80 730 74.6 to 88.8 0.68 to 0.85
6 ten Caten et al. (2011) Heterogeneous 16.4 143 874 61.8 0.46

(MR A, reference area; TA, total area; and GA, global accuracy.
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(2013, 2016). It was not possible to infer the covariates
responsible for the different results achieved in the
mentioned studies (Table 3). Therefore, although the
kappa values were considered to be at least satisfactory,
it was impossible to conclusively establish an ideal
ratio between RA and TA (Table 3).

This shows that further research is required to
indicate the ideal size of an RA, considering the
different relief configurations, the RA position in the
area to be extrapolated, and strategies to obtain the
cartographic base and soil map of the RA in regions
where soil data are scarce.

The present work and the evaluation of previous
studies using RA performed in Brazil reinforce the
need for further research to establish protocols for the
identification of the ideal RA size.

Conclusions

1. The use of a reference area (RA) in digital soil
mapping (DSM) showed that it is possible to acquire
soil information in unmapped areas.

2. Soil classes showing a low level of occurrence in
the RA cannot be accurately predicted by extrapolation
of soil-landscape relationships.
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