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ABSTRACT: Efficient soil management practices depend on the spatial distribution of soil properties which
varies significantly even within the same field. Considering that it is impossible for any monitoring technique to
provide spatially continuous data, spatial interpolation plays an indispensable role in estimating the missing
values where no actual value was measured. The objective of this study was to evaluate various interpolation
techniques for the estimation of selected soil chemical properties in a study area located about 85km to the north
west of Cairo, Egypt. The studied soil properties included soil salinity, available phosphorus and nitrogen. The
interpolation techniques included two commonly used techniques namely, Ordinary Kriging (OK) and Inverse
Distance Weighting (IDW).The Artificial Neural Networks (ANN) method, which is considered a somewhat
new approach was also evaluated. Soil samples were collected at approximately 200x200 m grids at 0-25 cm
depth. The cross-validation method was used for evaluating the selected methods utilizing root mean square
error (RMSE) and mean relative error (MRE). This study revealed that ANN had the highest accuracy followed
by OK then IDW in terms of both RMSE and MRE when interpolating the studied soil properties. Nevertheless,
these results are dependent on the accuracy of the designed network which must have an overall accuracy of
coefficient of correlation (R) more than 0.80 between the predicted and the actual data. It also revealed that
the best IDW with the highest accuracy must have a power of 2 for salinity and nitrogen and a power of 3 for
phosphorus.

Keywords: Soil properties interpolation, Ordinary kriging, Inverse distance weighting, Artificial neural
networks

1. INTRODUCTION spatial autocorrelation of the data, which determines
the statistical relationship between values where
Soil properties which vary spatially and sample observations are available. When the
temporally from a field to a larger region scale, are relationship is established, it is used to predict the
influenced by both intrinsic soil formation factors, attribute values at unsampled locations [6].
such as soil parent materials and extrinsic factors On the other hand, inverse distance weighting
such as soil management practices, fertilization, and (IDW) is considered among the deterministic
crop rotation [1]. Soil properties variations should be interpolation methods. In IDW method, it is assumed
monitored and quantified for efficient farming that the rate of correlations and similarities between
practices. Hence, arise the importance of spatial neighbors is proportional to the distance between
interpolation  methods in  providing  spatially them and can be defined as a distance reverse
continuous data that otherwise unfeasible UtlllZIng function of every point from neighboring points [2]
in-site monitoring techniques. While kriging requires the preliminary modeling
Most common interpolation techniques calculate step of a variance-distance relationship, IDW does
the estimates for a property at any given location by not require such step and is very simple and quick.
a weighted average of nearby data. Weighting is Over the last two decades, conventional
assigned either according to deterministic or interpolation techniques such as OK and IDW have
statistical Criteria[Z]. GeOStatiStiCS, which is a branch been emp|0yed in agricu|tura| practices for
of applied statistics [3], can characterize the regular predicting spatial variability of soil properties.
component of the variation in natural objects, Nevertheless, various attempts have been introduced
including soils [4]. It can be considered as the tools to select the most appropriate method. According to
for studying and predicting the spatial structure of [7] OK and IDW methods gave similar root mean
georeferenced variables [5]. The basic tool of square error (RMSE) values when evaluating the
geostatistics is known as semivariogram analysis studied soil chemical parameters. On the other hand,
which is used to |dent|fy and describe the extent of most studies favored OK over IDW when Studying
Spatial varlablllty of regionalized variables [2] soil chemical properties [2], [8] and [9]
Kriging, as a geostatistical method, is based on Nevertheless, kriging and the inverse distance
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weight interpolation methods have various
limitations such as strong subjectivity, numerous
assumptions, poor adaptive variation, etc. [10].

Artificial neural network (ANN) is an
interconnected assembly of simple processing
elements, units or nodes (commonly referred to as
neurons), whose functionality is loosely based on the
animal neuron[11]. ANN models can be used to
overcome the non-linearity problem characterizing
the soil properties [12]. They also has the advantage
over conventional interpolation techniques in
defining the functional relationship between the
inputs and outputs of a model rather than estimating
the output using complex mathematical models [13].
Therefore, recently ANN was introduced as
alternative for estimation of soil properties[14]-[18].
Furthermore, when comparing ANN and IDW, ANN
gave better RMSE in estimating soil organic matter
content [19].

The aim of our work is to compare between
recently developed interpolation techniques i.e.
ANN, and the conventional interpolation techniques
such as OK and IDW in estimating three selected
soil ~ chemical properties namely; salinity,
phosphorus and nitrogen .

2. MATERIALS AND METHODS
2.1 Study Area and Field Work

The study area is located about 84 km to the
north-west of Cairo and covers an area of about 1.5
Km?. The area is irrigated via drip irrigation system
using groundwater as the only source of irrigation
water. The study area is considered a relatively new
reclaimed area (about twenty years), cultivated with
olive trees but with productivity problems that
caused changes in land use. The field work was
conducted in August 2015. Thirty-two soil samples
were collected at approximately 200x200 m grid
(Fig. 1) at 0-25 cm depth.

2.2 Laboratory Analysis

The collected soil samples were analyzed for
salinity measured as total dissolved solids (TDS) in
extract 1:1 (soil: water), using Hanna Instruments HI
2550 Benchtop Meter. Available phosphorus was
determined colormetrically using Olsen's sodium
bicarbonate extraction method, [20]. Nitrogen was
extracted using potassium chloride and determined
using Kjeldahl Apparatus according to [21]. All soil
properties were expressed in ppm.
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Fig. 1 Study area location and distribution of soil
samples

2.3 Data Pre-Processing

Using the ILWIS 3.3 software, a geographic
database was designed using the acquired point’s
locations and the laboratory data and projected into
Universal Transverse Mercator (UTM), datum WGS
84 and zone 36N. Furthermore, using Excel software
the data were statistically analyzed and the mean,
minimum and maximum were computed for each
soil property and the correlation between variables
was determined.

2.4 Data Processing

Both OK and IDW were performed using ILWIS
3.3 while the ANN was applied using Matlab 12a.
The data was directly processed in case of OK and
IDW using ILWIS, whereas in case of the ANN the
data were imported into Matlab, and processed using
the Neural Network toolbox and afterwards exported
as tiff into ILWIS software for data visualization and
further processing. When designing the neural
network, 70% of the samples were used for training,
15% for testing and 15% for validation. The
appropriate neural network was selected based on
the highest correlation between the actual and
predicted soil property expressed as R.

2.4.1 Ordinary Kriging (OK)
Ordinary kriging method was preformed utilizing

the semivariogram which measures the strength of
the statistical correlation as a function of distance,
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[9]. A semivariogram can be calculated as follows

[8]:

¥(h) = 2 BEPI2(0) — 20k + )

@)
Wherey(h) is the semivariance value at distance
interval h; N(h) is the number of sample pairs
within the distance interval h and Z(x; + h) and
z(xi) are sample values at two points separated by
the distance interval h.

When using the semivariogram models, basic
parameters including nugget, sill and range must be
calculated. The nugget is the variance at zero
distance, the range is the distance at which the
variables become spatially dependent of one another
and the sill is variance at which one point does not
influence the neighboring point or at the range
distance. In the process of selection of the
experimental semivariograms, these parameters were
changed until the smallest nugget with the best fitted
model was achieved [2].

The semivariograms models that were examined
included the Spherical model, Exponential model,
Gaussian model, Circular model, the Power model
and the best fitted model was selected for each soil

property.
2.4.2 Inverse Distance Weighting (IDW)

IDW estimates are made based on nearby known
locations. The weights assigned to the interpolating
points are the inverse of its distance from the
interpolation point. Consequently, the close points
are made-up to have more weights than distant
points and vice versa [9]. IDW interpolating
function is defined as [8]:

Z(X) = Z?zl Wizi/zn (2)

i:1wi

and W; = d;i" 3)

where Z(x) is the predicted value at an interpolated
point; Z;is the value at a known point; n is the total
number of known points used in interpolation;d; is
the distance between point i and the prediction point;
W;is the weight assigned to point i; and u is the
weighting power that decides how the weight
decreases as the distance increases.

The main factor affecting the accuracy of the
IDW is the value of the power parameter. In this
study we compared estimates of IDW using different
power parameter from 1 to 4 which are the
commonly recommended [7],[8].

2.4.3 Artificial Neural Network

In this study, we used a feedforward perceptron
network. In this network the neurons are logically
arranged in layers: an input layer, an output layer
and one or more hidden layers. The neurons interact
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with each other via weighted connections and each
neuron is connected to all the neurons in the next
layer. The input layer is the mean by which data are
presented to the network. The output layer holds the
response of the network to the input. The hidden
layers enable these networks to represent and
compute complicated associations between inputs
and outputs [14]. The architecture of the three layer
feedforward perceptron network used in this study is
shown in Fig. 2.
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Fig. 2 The neural network architecture (modified
after [6])

Currently, there is no analytical way of defining
the network structure as a function of the complexity
of the problem. The structure must be manually
selected using a trial-and-error process [6]. The
back-propagation learning algorithm which is the
most popular and extensively used neural network
algorithm was used. The performance of the ANN
model was assessed using the coefficient of
determination (R). A well trained model should
result in an R value close to 1.

2.5 Evaluation of Interpolation Methods

It is necessary to assess the performance of an
interpolation technique to determine if one technique
is better than the other. The cross validation is one of
the commonly used methods for comparing the
interpolation methods [8]. Utilizing this technique,
the sample points were arbitrarily divided into two
datasets, with one used to train a model and the other
used to validate the model [9]. This technique was
adopted for evaluating and comparing the
performance of the different interpolation methods
used in this study. The comparison of performance
between interpolation techniques was achieved using
the root mean square error (RMSE) and the mean
relative error (MRE). MRE is an important measure
since RMSE does not provide a relative indication in
reference to the actual data [9]. Smaller MRE and

RMSE values indicate fewer errors. MRE and
RMSE were calculated as follows [8]:
-1 @ () -Z(xi)
MER = 31, |7 = (4)
1
RMSE = [150,2:00) - 212 (9
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where Z(x;) is the observed value at location
i; Z*(x;) is the interpolated value at location i and n
is the sample size.

3. RESULTS AND DISCUSSIONS
3.1 Data Visualization and Analyses

Table 1 summarizes the statistical analyses of the
studied soil properties, while Table 2 demonstrates
the correlation analysis between these properties.
Figure 3 shows the spatial distribution of the studied
soil properties. The available N ranged from 19.32 -
67.62 ppm while the available P ranged from 2.90 -
8.75 ppm. According to [22] the available P was
considered low while available N ranged from low
to moderate. This is consistent with the relatively
low nutrient condition characterizing the sandy soils
alike the soils of the studied area. There was no
correlation between the studied soil parameters. The
spatial distribution of soil available N and P did not
follow any obvious trend. This could be affected by
the management practices especially fertilizers
applications, taking into account that the study area
is divided into small parcels of approximately
200x200 m area with different ownership and
consequently different management practices.

Furthermore, data visualization revealed that
most of the high soil salinity was clustered in the
southern part of the study area. This could be
associated with its position on the landscape (flat
area with low elevation) (Fig. 4), as the studied area
is characterized by similar conditions of climate,
parent material, and land use. This area is considered
a problematic area where olive orchards were
converted to field crops due to low productivity.

Table 1 Statistical summary of the studied soil
properties.

Parameter TDS N P
Max 1555.20 67.62 8.75
Min 317.44 19.32 2.90
Mean 609.54 46.94 5.60

Table 2 The correlation analysis between the studied
soil properties

Parameter TDS N P
TDS 1.000
N 0.212 1.000
P 0.266 0.039 1.000
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Fig. 3 The spatial distribution of the studied soil
properties
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Fig. 4 Digital elevation model of the studied area
3.2 Application of Interpolation Methods
3.2.1 Ordinary Kriging (OK)

The OK was preformed utilizing the
geostatistical analysis. Semivariogram for each soil
property was calculated and the best model that
describe the spatial structure of each property was
identified. In this process several models including
the Spherical model, Exponential model, Gaussian
model, Circular model and the Power model were
examined and evaluated in terms of the smallest
nugget, largest range and best sill and the best fitted
model was selected for each soil property. Spherical,
Exponential and Circular models were found to fit



International Journal of GEOMATE, Oct., 2017, Vol.13, Issue 38, pp.23-30

well the experimental semivariograms with lag
space of 100m for TDS and 75m for N and P. The
parameters of the selected semivariogram models
are shown in Table 3.

Table 3 Parameters of the semivariogram models for
studied soil properties

Variable Model Nugget Sill Range
TDS Circular 0.00 75000 180
N Circular 0.00 180 100
P Exponential 0.00 15 110

As seen in Table 3 the ranges of spatial
dependences showed considerable variability among
the parameters (from 85 m for P to 180 m for
TDS).The range of influence is considered as the
distance beyond which observations are not spatially
dependent. The range of influence for various soil
properties aids in determining where to resample if
necessary and in the design of future field
experiments to avoid spatial dependency [2]. The
difference in ranges of spatial correlation for soil
nutrients may be related to the ions mobility in the
soil. The interpolation maps for the studied soil
properties according to OK are shown in Fig. 5.

149334
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Fig. 5 Interpolation maps of the studied soil
properties using OK
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3.2.2 Inverse Distance Weighting (IDW)

IDW predictions were performed varying the
number of power (from 1-4) and the limiting
distances. After examining various distances the
limiting distance of 500m gave the best results and
was used with all numbers of power. The accuracy
of results obtained from the cross-validation
procedure for each of the used power value are
presented in Table 4.

Table 4 The accuracy of IDW interpolation for the
three soil properties using different power values

Soil properties

TDS N P
RMSE MRE RMSE MRE RMSE MRE
1131592 2197 695 1510 0.73 12.62
g 2130505 2140 6.62 14.44 0.67 11.28
£ 3(315.92 2197 6.76 1455 0.64 9.84
4132400 2402 7.00 1465 0.66 10.14

Both MRE and RMSE were lower for IDW with
power of 2 in comparison to that of other powers for
all the studied parameters except for P, where the
power of 3 gave better results, i.e. lower MRE and
RMSE. The interpolated maps of all soil properties
using the IDW with the lowest RMSE and MER are
shown in Fig. 6.

3.2.3 Artificial Neural Networks (ANN)

Using Matlab a network was designed with the
latitude and longitude coordinates as input, one
hidden layer and the measured soil parameter as
output. The network was trained and the
performance of the ANN model expressed as R was
evaluated while changing its architect. The results
revealed that the optimized network architecture
included two input nodes (latitude and longitude
coordinates) in the input layer and one node in the
output layer (soil parameter). The hidden layer
included 20 nodes for TDS, 25 nodes for N, 15
nodes for P. The accuracy of the designed networks
for the studied soil parameters expressed as overall
R are shown in Fig. 7. The designed ANN showed a
very high correlation (R more than 0.9) between the
actual and predicted soil salinity and the available
phosphorus and the latter had the highest accuracy
(R =0.98). On the other hand, soil available nitrogen
attained the lowest correlation between the actual
and predicted with R of about 0.72.

After processing the network in Matlab the data
were exported into ILWIS for visualization and the
predicted soil maps are shown in Fig. 8.
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Fig. 6 Interpolation maps of the studied soil

properties using IDW
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Fig. 8 Interpolation maps of the studied soil
properties using ANN

3.3 Evaluation of the Interpolation Methods

The cross validation is applied to evaluate the
accuracy of interpolation methods and the result of
the cross validation between ANN, OK and the best
IDW are shown in Table 5.

Based on these results it was concluded the ANN
presented the best accuracy in terms of both RMSE
and MRE followed by OK and lastly IDW. But it
should be mentioned that this improved accuracy
was only achieved when R was more than 0.8
between the actual and predicted values when
designing the ANN.

Table 5 Accuracy of the different soil interpolation
method

Interpolation method

OK IDW ANN
RMSE MRE RMSE MRE RMSE MRE
2 TDS[152.11 13.22 305.05 21.40 124.32 12.03
2 N | 679 13.06 6.82 1444 631 1241
S p | o062 787 064 984 049 693
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4. CONCLUSION

The spatial variability of soil properties is the
most important component in designing a reliable
agriculture management strategy that aim at
optimizing crop production and minimizing soil
fertility losses and consequently protecting the
environment. In this aspect, the best interpolation
method for selected soil chemical properties namely;
TDS, available P and N which are of main concern
in agriculture management was evaluated. The
evaluated methods included OK and IDW which are
two commonly used techniques for interpolating of
soil properties and ANN which is somewhat a recent
approach. While IDW is a simpler method to use,
our study as well as most previous studies revealed
that its accuracy is lower than OK. Contrary, OK
which has a higher accuracy has the complications
of designing the best fit semivariograms. On the
other hand, ANN is considered a promising
technique that can offer an alternative method for
interpolation of soil properties. In addition to its
higher accuracy compared to both OK and IDW,
ANN has the advantage of designing simplicity
compared to OK and the ability to evaluate the
accuracy of the method while designing the network.
Nevertheless, geostatistical analysis are still the best
way in defining the range of spatial dependence
which was found to vary within soil parameters and
considered a key factor in designing the sampling
strategy.
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