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ABSTRACT

Detailed soil surveys involve costly and time-consuming work and require expert knowledge. Since soil surveys provide information

to meet a wide range of needs, new methods are necessary to map soils quickly and accurately. In this study, multilayer perceptron

artificial neural networks (ANNs) were developed to map soil units using digital elevation model (DEM) attributes. Several optimal

ANNs were produced based on a number of input data and hidden units. The approach used test and validation areas to calculate

the accuracy of interpolated and extrapolated data. The results showed that the system and level of soil classification employed had

a direct effect on the accuracy of the results. At the lowest level, smaller errors were observed with the World Reference Base (WRB)

classification criteria than the Soil Taxonomy (ST) system, but more soil classes could be predicted when using ST (7 soils in the case

of ST vs. 5 with WRB). Training errors were below 11% for all the ANN models applied, while the test error (interpolation error) and

validation error (extrapolation error) were as high as 50% and 70%, respectively. As expected, soil prediction using a higher level of

classification presented a better overall level of accuracy. To obtain better predictions, in addition to DEM attributes, data related to

landforms and/or lithology as soil-forming factors, should be used as ANN input data.
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Although at present there is a high demand for de-

tailed soil surveys for different purposes, in many coun-

tries (particularly developing countries) only a few or

no areas are covered by detailed soil maps (scales of

1:25 000 or more detailed). The main reasons are their

high cost and the time involved in their elaboration.

Due to these constraints, predictions of soil classes in

soil mapping have generally been based on the relation-

ships between soil properties and related features that

are readily measureable, such as physiographic units

and geomorphic landforms. Conventional approaches

in soil mapping, such as soil-landscape relationships

used in Iran (Mahler, 1970; Bagheri Bodaghabadi,

2011), the interpretation of aerial photography widely

used in UK (Areola, 1974) and USA (Soil Survey Divi-

sion Staff, 1993), and geopedology used in the Nether-

lands (Zinck, 1988), are relevant examples of different

methodologies for soil mapping. In these methods, the

relationships between soil development and hydrogra-

phy, vegetation cover, land use and relief play a very

important role. The advent of digital mapping tech-

niques has opened new horizons in soil mapping, with

it now being possible to develop new methods to map

soils in detail at a lower cost and in a faster time than

when conducting conventional soil surveys.

McBratney et al. (2003) and Scull et al. (2003) re-

viewed a series of modern approaches for the digital

representation of soil maps and environmental vari-

ables which, taken together, helped to create the con-

cept of predictive soil mapping. These techniques can

be used to improve the understanding of the relation-

ships between soils and the environment, and to exploit

the results obtained by digital soil mapping (DSM),

which can be defined as the computer-assisted produc-

tion of soil maps. It entails the creation of spatial soil

information based on numerical models, which account

for spatial and temporal variations in soil properties on

the basis of soil information and related environmental
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variables (Lagacherie and McBratney, 2007). In DSM,

many different methods can provide solutions, inclu-

ding fuzzy logic, decision trees, expert knowledge, ar-

tificial neural networks (ANNs) and others.

ANNs are being widely used in soil science research.

They are mainly used for predicting soil properties

and, though to a lesser extent, the spatial distribu-

tion of taxonomic classes. Some examples of the use of

ANNs for prediction of soil properties are: soil physi-

cal properties (Pachepsky and Rawls, 1999; Sarmadian

and Taghizadeh Mehrjadi, 2008; Khalilmoghadam et

al., 2009; Banu Ikizler et al., 2010; Erzin et al., 2010),

soil chemical properties (Patel et al., 2002; Amini et

al., 2005; Saffari et al., 2009; Zhao et al., 2010), yield

prediction (Kaul et al., 2005; Alvarez, 2009; Norouzi,

2010; Dai et al., 2011), heavy metals (Shang et al.,

2004; Amegashie et al., 2006; Anagu et al., 2009), and

soil erosion (Licznar and Nearing, 2003; Kim and Gi-

lley, 2008; Abdollahzadeh et al., 2011). Another im-

portant application of ANNs has been the prediction

of pedotransfer functions, particularly soil hydraulic

properties (McBratney et al., 2003).

Some researchers such as Lehmann et al. (1999),

Zhu (2000) and Behrens et al. (2005) have conducted

soil mapping based on the spatial distribution of soil

taxonomic classes by means of ANNs. The work of

Lehmann et al. (1999), which was one of the first in

this field, described the ANN topologies and the lear-

ning algorithms applied. However, because they did

not provide the details of the results and the accuracy

of using these soil maps to make predictions, it has not

been possible to carry out any meaningful comparison.

Zhu (2000) developed an ANN approach to populate a

soil similarity model using fuzzy logic. The output was

a set of similarity values for a given number of soil clas-

ses, which were used for the hydroecological modeling

of watersheds. The soil map derived from the ANN was

much more detailed and accurate than the conventio-

nal soil map (Zhu, 2000). McKenzie and Ryan (1999)

reported that the use of suitable environmental vari-

ables was more important than the choice of the pre-

diction method. Along these lines, Behrens et al. (2005)

focused on the development of a methodology based on

ANN and digital elevation data to predict the spatial

distribution of soil units. They found that the combi-

nation of ANN and digital terrain analysis was time-

saving and also cost effective, providing notable results.

Another example of this approach can be found in

the work of Bagheri Bodaghabadi et al. (2011), who

demonstrated a relatively strong correspondence be-

tween soil series distribution and topographical pro-

perties using a digital elevation model (DEM) and ca-

nonical correspondence analysis (CCA). The topograp-

hical factors measured in their study explained 71.8%

of the total variation in soil distribution. However, the

part of the variation not explained by the model sug-

gested that other factors or interactions that were not

taken into account should also be considered. These

could include parent material and vegetation, which

could help to elucidate the complexity of the relation-

ships between DEM attributes and soil series (Bagheri

Bodaghabadi et al., 2011).

Pedogenetic factors can also play an important role

in digital soil mapping. Grinand et al. (2008) and Mö-

ller et al. (2008) demonstrated that predictive soil dis-

tribution models could be generated on the basis of

the relationships between soil classes and geomorpho-

logical units. Jafari et al. (2012) showed that digital

terrain analysis with clear descriptions of geomorpho-

logical, geological and pedological processes could be a

promising key technology in future soil mapping, since

pedogenic factors and terrain-related attributes have

a high correlation. Gessler et al. (2000) used terrain

attributes for modeling soil-landscape properties and

argued that the distribution of soil classes suggested 3

topographically driven pedogeomorphic process zones:

i) concave areas dominated by processes of accumula-

tion or gain of water and sediment, ii) convex areas

dominated by losses of sediment and water, and iii)

a relatively stable shoulder area dominated by in situ

soil forming processes such as vertical translocation.

Terrain analysis quantifies the relief component of mo-

dels characterizing soil formation. Accordingly, terrain

analysis will be more useful in the environments where

topography is one of the main processes driving soil

formation (McKenzie et al., 2000).

From this background, and with the aim of impro-

ving soil unit predictions based on digital soil mapping

techniques, the main objective of the present work was

to use ANNs and terrain-related attributes extracted

from a DEM to predict the spatial variability of soil u-

nits. The geopedological approach, which assumes the

existence of soil-relief relationships, was adopted for

this purpose. The work also evaluated the application

of the obtained ANNs to similar soil-landscape rela-

tionships in Central Iran.

MATERIALS AND METHODS

Study area and sampling design

The study area (31◦54′–31◦56′ N, 51◦12′–51◦15′ E)

covered approximately 1 000 ha and was located in the
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Borujen region of Chaharmahal-Va-Bakhtiari Pro-

vince, Central Iran (Fig. 1). This area has two domi-

nant landscape units: hill-land and piedmont. Mean

annual precipitation and temperature of this region are

255 mm and 10.7 ◦C, respectively. Mean altitude is

2 277 m a.s.l. Irrigated wheat and pastures comprise

the main land uses in this area. According to Soil Ta-

xonomy (Soil Survey Staff, 2010), the soil moisture and

temperature regimes of the area are xeric and mesic,

respectively. The main soil orders described in the area

are Inceptisols, Entisols and Alfisols (Soil Survey Staff,

2010). The Entisols and some of the Inceptisols are

located in the upper part of the study area (hilly land),

whereas most of the Inceptisols and Alfisols are loca-

ted in the lower part of the area (piedmont). The soils

of the hilly area have developed on thick-bedded con-

glomerate, interbedded with marlstone, dark-grey silt-

stone, massive limestone and marls (partly slaty lime-

stone). The soils of the piedmont have formed on dark-

grey, massive limestone, well-bedded dark-grey lime-

stone and dark shale (Geological Survey and Mineral

Exploration of Iran, 2008).

An existing soil map based on a geopedological

approach, created by Esfandiarpoor Borujeni et al.

(2009), was used as reference for soil sampling in

the present study. The sample area (training area of

the ANN calculation) included several types of land-

forms and covered about 10% of the total study area

(Fig. 1). Ninety-four soil profiles were dug in the sample

area on a 125-m2 sampling grid in order to obtain basic

soil properties (Table I). Another 35 soil profiles were

sampled in two zones different from the training area,

referred to as validation areas VA1 and VA2, in order

to determine the reliability of the extrapolated results

based on the ANN (Fig. 1). The geographical position

of the soil profiles was determined by a Garmin eTrex

Vista handheld GPS, with ± 5 m precision. Table II

shows the classification of representative pedons of the

dominant soil series in the study area based on two

different soil classification systems.

Fig. 1 Location of the study area within the Borujen region of Chaharmahal-Va-Bakhtiari Province, Central Iran. VA1 and VA2

represent validation areas 1 and 2, respectively.
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TABLE I

Summary of physicochemical propertiesa) for representative pedons of the dominant soil series in the study area

Soil Horizon Depth Sand Silt Clay Gravel CCE OM Texturec) pH EC CECd)

seriesb)

0.1–2 mm 2–75 mm

cm % g kg−1 dS m−1 cmol(+) kg−1

A Ap 0–15 13 46 41 0 36 465 6.3 SiC 7.6 0.39 -
Bk1 15–35 7 40 53 0 27 400 4.0 SiC 7.8 0.24 -
Bk2 35–60 5 32 63 0 44 642 1.0 C 7.9 0.20 -
Bkm > 60 - - - - - - - - - - -

B Ap 0–15 15 40 45 10 17 380 6.3 SiC 7.6 0.32 -
Bk1 15–30 16 37 47 11 23 420 8.6 C 7.8 0.19 -
Bk2 30–65 18 34 48 15 34 670 7.1 C 7.9 0.23 -
Bkm > 65 - - - - - - - - - - -

C A 0–10 28 46 26 24 17 270 11.2 L 7.6 0.46 -
Bk1 10–30 20 40 40 14 15 270 10.6 SiC 8.0 0.25 -
Bk2 30–65 21 37 42 15 22 500 5.9 C 7.6 0.22 -
R > 65 - - - - - - - - - - -

D A 0–20 8 58 34 4 5 160 10.3 SiCL 7.5 0.34 -
Bk1 20–50 6 55 39 4 12 240 6.2 SiCL 7.6 0.24 22.2
Bk2 50–95 11 52 37 8 12 260 3.2 SiCL 7.8 0.18 21.1
Bk3 95–150 12 52 36 9 8 290 2.1 SiCL 7.8 0.20 23.4

E Ap 0–15 14 44 42 8 25 210 12.6 SiC 7.4 0.55 -
Bk 15–70 25 34 41 22 29 610 3.7 C 7.6 0.27 -
C 70–150 41 47 12 38 24 730 0.7 L 8.0 0.25 -

F Ap 0–18 8 53 39 4 3 270 5.2 SiCL 7.7 0.36 -
Bk 18–60 22 36 42 18 32 660 7.1 C 7.7 0.29 -
CBk1 60–105 55 32 13 49 40 730 3.1 SL 7.7 0.21 -
CBk2 105–155 64 27 9 60 70 700 7.1 SL 7.5 0.43 -

G Ap 0–15 10 51 39 6 5 190 9.0 SiCL 7.5 0.36 -
Btk 15–45 8 44 48 4 12 310 7.6 SiC 7.8 0.23 22.1
Bk1 45–85 13 41 46 9 12 360 4.1 SiC 8.0 0.26 -
Bk2 85–120 18 38 44 15 20 390 5.9 C 7.8 0.23 -
BkC 120–150 19 35 46 16 38 450 4.5 C 7.8 0.24 -

a)CCE = calcium carbonate equivalent; OM = organic matter; EC = electrical conductivity; CEC = cation exchange capacity.
b)Soil series have been referred to by letters because they have not been fully defined and named in Iran yet.
c)C = clay; L = loam; S = sandy; Si = silty.
d)Determination of CEC was necessary for classification at soil family level for these horizons.

TABLE II

Classification of representative pedons of dominant soil series in the study area based on two different soil classification systems: Soil

Taxonomy (ST) and World Reference Base (WRB)

Soil ST WRB
seriesa)

Description Subgroup Description Subgroup

symbolb) symbolc)

A Clayey-skeletal, carbonatic, mesic Petrocalcic Calcixerepts PCP Hypercalcic Endopetric Calcisols AB
(Epiclayic)

B Fine, carbonatic, mesic Petrocalcic Calcixerepts PCP Hypercalcic Endopetric Calcisols AB
(Epiclayic)

C Fine, carbonatic, mesic Typic Calcixerepts TCP Endoleptic Calcisols (Clayic) C
D Fine, mixed, active, mesic Typic Calcixerepts TCP Haplic Calcisols (Siltic) D
E Fine-loamy, carbonatic, mesic Typic Calcixerepts TCP Hypercalcic Calcisols (Epiclayic) EF
F Loamy-skeletal, carbonatic, mesic Typic Calcixerepts TCP Hypercalcic Calcisols (Epiclayic) EF
G Fine, mixed, active, mesic Calcic Haploxeralfs CHF Luvic Calcisols (Episiltic) G

a)Soil series have been referred to by letters because they have not been fully defined and named in Iran yet.
b)Classified according to Soil Survey Staff (2010).
c)Classified according to IUSS Working Group WRB (2006).

Terrain-related attributes

According to Wilson and Gallant (2000), 15 ter-

rain attributes were derived from a DEM of the study

area (10 m resolution) (National Cartographic Center,

2009). These included slope (angle), aspect, curvature,
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maximum and minimum curvature, planform curva-

ture, profile curvature, tangent curvature, wetness in-

dex, power index, sediment index, solar radiation, di-

rect radiation, diffuse radiation and direct duration.

Table III lists these attributes, which were derived u-

sing the GIS software ILWIS 3.4 and ArcGIS 9.2.

Artificial neural networks

ANNs are flexible computational networks that can

be used to describe complex non-linear relationships

between related variables (Ripley, 1996). An ANN is

also a group of functions for fitting algorithms that

makes no assumptions about the distribution of errors

(Gahegan, 2000, 2003). It is therefore a powerful tech-

nique and offers the potential advantage of abstraction

when applied to large areas.

As some researchers in soil science have reported

(see references in the INTRODUCTION section and

also Huang et al., 2010), the most common ANN model

is the multilayer perceptron (MLP). This is sometimes

used as a synonym for a feed-forward network. Since

the MLP requires a known output in order to learn

and train the network, this type of neural network is

known as a supervised network. MLP creates a model

that maps the input to the output using training data,

so that the model can be used to predict the output

when it is unknown. In the present work, and after

some primary tests to select the model, multilayer feed

forward back-propagation ANN was applied (Behrens

et al., 2005; Moonjun, 2007), using Statistica 8.0 soft-

ware. The BFGS (Broyden-Fletcher-Goldfarb-Shanno)

and Scaled Conjugate Gradient algorithms were used

to train the ANN (Bishop, 1995). The BFGS is a po-

werful second order training algorithm with very fast

convergence, but high memory requirements, and is

one of the most recommended techniques for training

TABLE III

Digital elevation model attributes, abbreviations, definitions and units

Attribute Abbreviation Definition Unit

Slope Sl The first derivative along the steepest slope or the rate of change of elevation in

the direction of the steepest descent, calculated according to Zevenbergen and

Thorne (1987)

%

Aspect Asp The direction of the steepest downslope, calculated according to Zevenbergen

and Thorne (1987)

◦

Curvature Cv A measure of total curvature within a group of grid cells (often 3 cell × 3 cell),

calculated according to Zevenbergen and Thorne (1987)

◦ m−1

Minimum curvature Min Cv Minimum curvature using a kernel function of 3 cell × 3 cell ◦ m−1

Maximum curvature Max Cv Maximum curvature using a kernel function of 3 cell × 3 cell ◦ m−1

Profile curvature Prf Cv The rate of change of slope down a slope line or the curvature in the direction

of the maximum slope, calculated according to Zevenbergen and Thorne (1987)

◦ m−1

Planform curvature Plf Cv The rate of change of aspect along a contour or the curvature of a contour drawn

through the grid point, calculated according to Zevenbergen and Thorne (1987)

◦ m−1

Tangent curvature Tg Cv Planform curvature multiplied by the sine of the slope angle ◦ m−1

Wetness index Wet I A measure of topographic control over soil wetness or the ratio between the

catchment area and slope to reflect flow accumulation, calculated according to

Moore et al. (1991)

Sediment index Sed I Sediment transport capacity index, a measure of the topographic control over

the sediment transport (USLE’s LS factor), calculated according to Moore et al.

(1991)

Power index Pow I Stream power index, a topographic index for stream forming power of flow or

time rate energy expenditure per unit of contour width, calculated according to

Moore et al. (1991)

Direct duration Dir Du Daily duration of direct radiation, the mean duration for which direct radiation

is received per day or the duration of direct incoming solar radiation, calculated

according to the Solarflux model by Rich et al. (1995)

h

Direct radiation Dir Ra Amount of direct shortwave radiation received per day which is the largest com-

ponent of total radiation, calculated according to the Solarflux model by Rich et

al. (1995)

W h m−2

Diffuse radiation Dif Ra Intercepted solar energy that is scattered by the atmosphere, calculated based on

an isotropic model, i.e., all sky directions contribute equally to diffuse radiation

according to the Solarflux model by Rich et al. (1995)

W h m−2

Solar radiation Sol Ra Sum of direct, diffuse and reflected radiation W h m−2
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neural networks. Fig. 2 shows a graphical representa-

tion of the MLP ANN used in the present research. The

data types used in the input and output layers were

15 DEM attributes and 7 soil series, respectively. The

number of hidden neurons in the hidden layer was ini-

tially 5, which was considered too low for the ANN. It

was then progressively increased 1 at a time up to a to-

tal of 40. Test and validation accuracy were measured

using the overall accuracy (see accuracy analysis sec-

tion) for each ANN. The higher the overall accuracy,

the better the ANN.

Fig. 2 Graphical representation of the multilayer perceptron

artificial neural network used in the present research. DEM is

the digital elevation model, and HN1, HN2, · · ·, HNn are the

hidden neurons in the hidden layer. See Tables I and II for the

detailed descriptions of A, B, C, · · ·, and G.

The 7 dominant soil series used in the ANN were

selected on the basis of a previous study by Bagheri

Bodaghabadi et al. (2011). They covered more than

80% of the study area. The other 20% of the study

area was covered by 16 additional soil series, which

were not considered in the present study as insufficient

soil data were available to train the ANN; i.e., there

were too few profiles for efficient learning (sometimes

only one profile).

The data set of the dominant soil series included

97 soil profiles, with 70 pedons in the sample area and

27 pedons in the validation areas. For the purposes of

analyses, these soil profiles in the ANN process were

divided into: 1) training data set, including 54 soil pro-

files, which were randomly chosen from the set of 70

soil profiles in the sample area and imported to ANN

for training; 2) test data set, including 16 soil profiles

in the sample area, which were not used to train the

ANN. The interpolation accuracy of the ANN was cal-

culated based on this data set; 3) validation data set,

including 27 soil profiles in the validation areas, which

were not used for ANN training or testing. The extra-

polation accuracy of the ANN was calculated based on

these profiles.

After the training of the ANN was completed, a

raster soil map with predicted soil series was created.

For this purpose, the ANN was provided with a table

containing the latitude and longitude of the cell center

points of a 10 m × 10 m grid covering the study area,

and a column in which to write the predicted soil se-

ries for each point. The predicted soil series for each

cell center was converted to raster format to create the

predicted soil map using ILWIS 3.4 software. The test

and validation maps were also generated based on the

GPS-determined profile positions (coordinates).

Accuracy analysis

Classification (or prediction) performance was qua-

ntitatively assessed by an accuracy analysis. For this

purpose two map sources were used: the predicted or

classified map and the reference or ground truth map,

which was generated from the observed data. An er-

ror or confusion matrix was then created to calculate a

range of measures to describe the accuracy of the pre-

dicted map with respect to the reference map. In the

present work, the following measurements were calcu-

lated from the confusion matrix (Congalton and Mead,

1983; Rossiter, 2000; Legros, 2006).

Overall accuracy (OA) is the percentage of correct-

ly classified or predicted pixels with respect to the total

number sampled (Eq. 1).

OA =

n∑
i=1

Xii

n∑
i=1

n∑
j=1

Xij

( n∑
i=1

n∑
j=1

Xij = ntot

)
(1)

where Xii is the diagonal elements in the error matrix,

or correct predictions; Xij is the number of samples in

the ith row and jth column; i is the number of rows

which show predicted data (from 1 to n); j is the num-

ber of columns which show reference (ground truth)

data (from 1 to n); n is the number of classes; and ntot

is the total number of samples in the error matrix (the

training total, test total or validation total).

Error of omission (EO) is the percentage of the pi-

xels incorrectly excluded from a particular class with

respect to the total number of pixels in the particular

class (Eq. 2).

EOj =

n∑
i=1

(Xij −Xjj)

n∑
i=1

Xij

(j = 1, 2, · · · , n) (2)
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Error of commission (EC) is the percentage of the

pixels incorrectly assigned to a particular class, which

actually belong to other classes, with respect to the

total number of pixels in the particular class (Eq. 3).

ECi =

n∑
j=1

(Xij −Xii)

n∑
j=1

Xij

(i = 1, 2, · · · , n) (3)

Over-fitting ratio (OR) is defined as the ratio of

OA in the test area (OAtest) to OA in the training

area (OAtrain) for each ANN (Eq. 4).

OR =
OAtest

OAtrain
(4)

The closer the OR value is to 1, the better the

generalization of the ANN model is. Nevertheless, ac-

cording to Behrens et al. (2005), OAtest may be higher

than OAtrain, in which case OR will be greater than 1.

Total accuracy (TA) is the percentage of correctly

classified or predicted samples in the training, test and

validation areas. In contrast, TA is the weighted ave-

rage of OA in the training, test and validation areas

(OAtrain, OAtest and OAval, respectively) (Eq. 5).

TA =
OAtrain ·ntrain +OAtest ·ntest +OAval ·nval

ntot
(5)

where ntrain, ntest and nval are the numbers of samples

in the training, test and validation areas, respectively.

Total proficiency (TP) is the ratio of TA to OAtrain

(Eq. 6). Overall, a TP value close to 1 shows a good

level of prediction of the ANN model.

TP =
TA

OAtrain
(6)

These measurements helped us to choose the best

ANN since the predicted variable was categorical. The

following constraints were taken into account based on

the research objective and previous expert knowledge:

TA > 50% (limitation: accuracy too low), OAtest >

40% (limitation: prediction too low), OAtrain > 70%

(limitation: high training error), and OR > 50% (limi-

tation: over-fitting too high).

RESULTS AND DISCUSSION

A large number of ANN models (more than 30 000),

different in terms of the total number of hidden neurons

and input data, were constructed to obtain the most

accurate results in predicting soil series. Only the best

ANN results are presented here. Table IV shows some

of the best models, their properties, and their overall

accuracy (OA), over-fitting ratio (OR), total accuracy

(TA) and total proficiency (TP) parameters.

As shown in Fig. 3, there were several possible ANN

models. All the ANNs were 3-layer feed-forward net-

works, as in Zhu (2000) and Behrens et al. (2005). The

best ANNs (corresponding to ANN 1–8 in Fig. 3) were

those with high OR and TP values and minimum ab-

solute values for OR minus TP. In the present case,

ANN 6 was finally selected because of its better per-

formance and lower need for input data which inclu-

ded daily duration of direct radiation (direct duration),

sediment transport capacity index, slope degree, wet-

ness index and aspect. Other ANNs would have been

feasible options. For example, ANN 4 offered even bet-

ter accuracy (higher OR and TP values) than ANN 6,

but needed more input data than ANN 6.

Fig. 3 Possible artificial neural network (ANN) models used

for the present study. OR is the over-fitting ratio and TP is the

total proficiency.

The soil map of the study area based on ANN 6

is shown in Fig. 4. According to Forbes et al. (1982),

the minimum legible area (MLA) on a map is 0.4 cm2.

Since the scale of the existing soil map was 1:25 000,

the MLA on the ground was 2.5 ha. Soil units of less

than 2.5 ha were included in larger units.

Table V shows the predicted results of soil series

by applying ANN 6, selected for the training area. Ex-

cept for soil series A, which had considerable error

(EO = 50%), the other soil series had low EO. It

is worth noting that, for the training area, the EO

and EC for all the soil series in some of the ANNs

were too low. In some cases, the EO was 0 (i.e., OA

= 100%), but these cases were not selected (Table

IV). These ANNs indicated a slight over-fitting, with

networks over-predicting the soil series, because the

OA for the test area exhibited a major decrease (OR

< 50%). When the generalization ability decreases, if

over-fitting occurs, the OA in the test area becomes
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TABLE IV

Properties and overall accuracy (OA), over-fitting ratio (OR), total accuracy (TA) and total proficiency (TP) parameters of the best

artificial neural network (ANN) models

ANN No. of No. of ANN name OA TA OR TP TP − OR

No. neurons inputs
Training data Test data Validation data

1 8 12 MLP 17-8-7 97.67 54.55 12.50 66.85 55.85 68.45 12.60

2 5 14 MLP 19-5-7 86.05 50.00 21.03 62.01 58.11 72.06 13.95

3 10 14 MLP 19-10-7 86.05 50.00 21.03 62.01 58.11 72.06 13.95

4 6 14 MLP 19-6-7 81.40 50.00 29.44 61.76 61.43 75.87 14.44

5 5 5 MLP 10-5-7 88.88 50.00 25.01 64.69 56.26 72.78 16.52

6 7 5 MLP 10-7-7 88.88 50.00 29.63 65.97 56.26 74.23 17.97

7 6 5 MLP 10-6-7 79.07 45.45 29.62 59.76 57.48 75.58 18.10

8 5 12 MLP 17-5-7 81.40 45.45 29.62 61.06 55.84 75.01 19.17

9 8 10 MLP 15-8-7 88.88 45.45 25.01 63.94 51.14 71.94 20.80

10 8 14 MLP 19-8-7 88.88 45.45 25.23 64.00 51.14 72.01 20.87

11 10 15 MLP 20-10-7 88.88 45.45 25.23 64.00 51.14 72.01 20.87

12 7 12 MLP 17-7-7 86.05 45.45 29.62 63.65 52.82 73.96 21.14

13 11 5 MLP 10-11-7 79.07 40.91 25.01 57.73 51.74 73.01 21.27

14 8 10 MLP 19-8-7 90.70 45.45 25.23 65.01 50.11 71.68 21.57

15 13 16 MLP 21-13-7 90.70 45.45 25.23 65.01 50.11 71.68 21.57

16 8 14 MLP 19-8-7 86.05 45.45 33.64 64.76 52.82 75.26 22.45

17 8 10 MLP 15-8-7 90.70 45.45 29.62 66.23 50.11 73.03 22.92

18 11 10 MLP 15-11-7 81.40 40.91 29.62 60.31 50.26 74.09 23.83

19 37 9 MLP 14-37-7a) 100.00 45.45 20.84 68.97 45.45 68.97 23.52

20 12 14 MLP 16-12-7a) 74.42 36.36 16.82 52.11 48.86 70.02 21.16

21 7 14 MLP 19-7-7a) 67.44 45.45 29.44 53.24 67.39 78.94 11.55

22 14 14 MLP 16-14-7a) 53.49 45.45 25.23 44.30 84.97 82.81 −2.16

a)Examples of removed ANNs that did not meet the limitation conditions.

Fig. 4 Soil map of the study area based on the artificial neural

network model 6. See Tables I and II for the detailed descri-

ptions of soil series A–G.

smaller than the OA for the training area. This is why

the OR was defined and limited to 50% as mentioned

above. The mean of EO and/or EC was 11.11%, which

was considered an acceptable error. As shown in Ta-

ble V, the OA was 88.89%, while the training error

was about 11%. Behrens et al. (2005) also reported a

similar level of error.

The calculated results of ANN 6 for soil series in

the test profiles are presented in Table VI. As shown

in the matrix, the OA was 50%. In the study by Zhu

(2000), the OA was 77% for the test sites, but the data

inputs included geology, canopy cover and some DEM

attributes. In contrast, in the present study only DEM

attributes were used. Based on the soil series, EO and

EC ranged from 0% to 66.67%. It can be seen that

the ANN made accurate predictions for the D and F

soil series, acceptable predictions for the A and C soil

series, but unacceptable predictions for the other soil

series. On the other hand, other ANNs were success-

ful in some of the soil series examined during the in-

terpolation process. The same results were presented

by Behrens et al. (2005), who showed that different

soil units do not necessarily offer the same accuracy

and precision.

The predicted results for soil series in the valida-

tion areas by ANN 6 are shown in Table VII. The high

prediction error values were seen in the table, perhaps

due to using only terrain-related attributes (extracted

from a DEM) to make the predictions of the soil series

in an area different from the training and test areas. It

should be noted that it was possible to use a suitable

ANN with sufficient accuracy to obtain desirable soil
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TABLE V

Confusion matrix for soil series in the training area by applying artificial neural network model 6, with rows and columns showing

predicted and reference (or ground truth) soils, respectively

Soil series A B C D E F G Error of commission

%

A 3 0 0 0 0 0 0 0

B 2 9 0 1 0 0 0 25

C 0 0 6 0 0 0 0 0

D 1 0 0 8 0 1 0 20

E 0 0 0 0 8 0 0 0

F 0 0 0 1 0 8 0 11.11

G 0 0 0 0 0 0 6 0

Error of omission (%) 50 0 0 20 0 11.11 0 Overall accuracy = 88.89%

TABLE VI

Confusion matrix for soil series in the test area by applying artificial neural network model 6, with rows and columns showing predicted

and reference (or ground truth) soils, respectively

Soil series A B C D E F G Error of commission

%

A 2 1 0 0 0 0 0 33.33

B 0 1 0 0 1 0 1 66.67

C 0 0 1 1 0 0 0 50

D 0 0 0 1 0 0 0 0

E 0 0 0 1 1 1 0 66.67

F 0 0 0 0 0 1 0 0

G 0 0 1 0 0 1 1 66.67

Error of omission (%) 0 50 50 66.67 50 66.67 50 Overall accuracy = 50.00%

classes. For example, ANN 6 was good for making pre-

dictions in soil series G (EC = 25%), but ANN 9 had

an EC = 0%. Thus, if we were looking for the soils of

G series, we could use ANN 9, though this option had

a smaller OA than ANN 6.

One constraint in the present study was the fact

that the relief in the sample and training areas was

different from that in the validation areas. This can

be seen in Fig. 1, where the distance and form of the

contour lines were different in the two areas. More-

over, since the input data considered were only DEM

attributes, it is logical that the accuracy would tend

to decrease considerably in the validation areas with

different relief.

The results of applying ANN 6 for soil subgroups

classified by Soil Taxonomy system (Soil Survey Staff,

2010) are presented in Table VIII. The values of

OAtrain, OAtest and OAvalid were 94.44%, 75.00% and

44.44%, respectively. It is logical that the OAs in-

creased.

Table IX shows the results for soil subgroups classi-

fied by WRB by ANN 6. The values of OAtrain, OAtest

and OAvalid were 87.04%, 62.50% and 40.74%, respec-

tively.

Comparing the OA values in Tables VIII and IX,

the accuracy and precision of ANN model were relative

TABLE VII

Confusion matrix for soil series in the validation area by applying artificial neural network model 6, with rows and columns showing

predicted and reference (or ground truth) soils, respectively

Soil series A B C D E F G Error of commission

%

A 1 0 0 0 1 1 0 66.67

B 2 2 0 2 0 1 2 77.78

C 0 0 2 0 0 0 2 50

D 1 0 0 0 1 0 1 100

E 0 0 0 0 0 0 0 –

F 1 0 2 0 0 0 1 100

G 1 0 0 0 0 0 3 25

Error of omission (%) 83.33 0 50 100 100 100 66.67 Overall accuracy = 29.63%
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TABLE VIII

Confusion matricesa) for soil subgroups, classified by Soil Taxonomy system, in the training, test and validation areas by applying

artificial neural network model 6, with rows and columns showing predicted and reference (or ground truth) soils, respectively

Sub- Training area Test area Validation area

groupb)

PCP TCP CHF EC PCP TCP CHF EC PCP TCP CHF EC

% % %

PCP 13 1 0 7.14 4 1 1 33.33 5 5 2 58.33

TCP 2 22 0 8.33 0 7 0 0 2 4 4 60

CHF 0 0 6 0 0 2 1 66.67 1 1 3 40

EO (%) 13.33 4.34 0 OA = 94.44% 0 30 50 OA = 75% 37.5 60 60 OA = 44.44%

a)EC = error of commission; EO = error of omission; OA = overall accuracy.
b)See Table II for the descriptions of soil subgroups classified by Soil Taxonomy system.

TABLE IX

Confusion matricesa) for soil subgroups, classified by World Reference Base, in the training, test and validation areas by applying

artificial neural network model 6, with rows and columns showing predicted and reference (or ground truth) soils, respectively

Sub- Training area Test area Validation area

groupb)

AB C D EF G EC AB C D EF G EC AB C D EF G EC

% % %

AB 15 0 1 0 0 6.25 4 0 0 1 0 20 5 0 1 3 2 54.54

C 0 4 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 –

D 0 0 8 0 0 0 0 0 2 1 1 50 2 2 0 0 2 100

EF 0 2 1 17 3 26.09 0 1 0 3 1 40 2 2 0 1 0 80

G 0 0 0 0 3 0 0 0 1 0 0 100 0 0 0 0 5 0

EO (%) 0 33.33 20 0 50 OA = 87.04% 0 50 33.33 40 100 OA = 62.50% 44.44 100 100 75 44.44 OA = 40.74%

a)EC = error of commission; EO = error of omission; OA = overall accuracy.
b)See Table II for the descriptions of soil subgroups classified by World Reference Base.

and varied according to their categorization. Further-

more, classification based on crisp classes (e.g., Soil Ta-

xonomy and/or WRB) influenced the results obtained.

For example, in Table I, the weighted average for the

rock fragments in the control section for soil series B

was 32.6% (i.e., 2.4% units lower than 35%, which is

the marginal value between the “fine” and “clayey-

skeletal” particle size classes). The difference between

soil series A and B in these pedons, therefore, referred

to a value of less than 3.0% for the rock fragments in

the pedon of soil series B. It is possible that this was a

result of the laboratory analysis, but based on Soil Ta-

xonomy (Soil Survey Staff, 2010) these soils should be

placed in two different classes, even though they were

really very similar.

CONCLUSIONS

This research evaluated the suitability of using fe-

ed-forward ANNs and DEM attributes to predict soil

classes based on data from existing soil surveys. ANNs

were able to identify structures in the distribution of

soil units using terrain-related attributes. According

to our results, the use of relief attributes was suffi-

cient to achieve good prediction results, showing the

importance of DEM attributes in soil-landscape mo-

deling. However, this was not a sufficient condition to

apply the ANN to similar unsampled areas. In these

cases, other soil-forming factors should also be consi-

dered. So, it might be necessary to include, for exam-

ple, geomorphic surfaces (landforms) and/or lithology

as ANN input data for improving soil unit predictions.

In addition, the integration of data-mining methods

and digital terrain analysis could also provide more ro-

bust results in future predictions of soil units.

According to the results of the present work, es-

timations would be relevant as long as the prediction

area (such as the test or validation area) exhibited si-

milar conditions to those found in the training area

in terms of soil-forming factors and/or soil genesis. As

prediction accuracy depends on the categorization sys-

tem used, it is important to select the most appropriate

soil classification system in order to obtain the best re-

sults.
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