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ABSTRACT

This study was conducted in Katni district of Madhya Pradesh India to map the spatial variability of
major soil properties using geospatial technique. Surface soil samples of 505 locations (0-15 cm)
were collected by random sampling strategy using GPS. Soil physico-chemical properties were
measured in laboratory. In this paper we execute and compare the accuracy of various ordinary
kriging methods. Spatial variability of soil physico-chemical properties was quantified through semi-
variogram analysis and the relevant surface maps were prepared through ordinary kriging.
Exponential model fits well with experimental semi-variogram of pH, OC, available N, P, K, S and
Zn, where as in case of electric conductivity best fitted model was spherical. Coefficient of variation
of soil properties showed large variability with greatest variation observed in Zn (140%) while EC,
OC, N, P, and K has displayed moderate spatial variation whereas the smallest variation was in pH
(14.16% ). In case of EC and P the goodness of prediction (G) had a negative value while N, P, K,
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pH, Zn and S shows positive value. The pH value in north-east part of the study area was alkaline
and in the south-west portion of area was acidic in nature. Correlation coefficient between soil
nutrients shows strong positive relationship between Nitrogen and organic carbon (r= 0.955). Cross
validation of kriged map shows that spatial prediction of soil nutrients using semi-variogram
parameters is better than assuming mean of observed value for any un-sampled location.

Keywords: Geostatistics; ordinary kriging; spatial interpolation; semi-variogram; correlation coefficient.

1. INTRODUCTION

Soil is the soul of life. An intimate knowledge on
their spatial location, extent, distribution
characteristics, classification, is a prerequisite for
agricultural practices. Soil resource inventory
provides an insight into the potentialities &
limitation of soil for its effective exploitation [1].
Soils are characterized by a high degree of
spatial variability due to the combined effect of
physical, chemical and biological processes that
operate with different intensities and at different
scales [2].

In recent years, considerable interest has been
generated in assessment of the physical,
chemical, and biological quality of agricultural
soils [3,4]. Knowledge on spatial variation of soil
properties is important in several disciplines,
including Landuse planning, agricultural field trial
research and precision farming. In precision
farming, the concept of 'management zone' was
evolved in response to this large variability with
the main purpose of efficient utilization of
agricultural inputs with respect to spatial variation
of soils and its properties [5,6,7]. The most
common way to gather knowledge in this aspect
is to prepare soil surface maps through spatial
interpolation technique by using point-based
measurements of soil properties [8]. Geo-
statistical analyses were first developed in the
1950's as a result of interest in areal or block
averages for ore reserves in the mining industry
geostatistics has been applied in soil science for
more than 30 years [9,10,11]. It has been
observed that among different methods of spatial
interpolation of soil properties, kriging is an
optimal interpolation method [12]. Kriging is an
advanced geostatistical technique which produce
predicted surface from scattered sample points
by using z-values. It uses the semi-variogram to
guantify the spatial variation of a regionalized
variable. The fitted function to the experimental
semi-variogram provides the input parameters for
spatial prediction by kriging [13]. Geostatistical
methods can provide reliable estimates for
unsampled locations provided that the sampling
interval resolves the variation at the level of

interest [14]. Spatial prediction techniques, also
known as spatial interpolation techniques, differ
from classical modeling approaches in that they
incorporate information on the geographic
position of the sample data points [15]. The
common interpolation techniques estimate the
property of any unknown location by using
weighted average of nearby or known data. A
number of factors affect map quality including the
nature of the soil variability [16], intensity of
sampling and method of interpolation. Availability
of various interpolation methods has raised a
question to the researchers that which is the
most appropriate method in different contexts is
used for best accuracy. Among statistical
methods, geo statistical kriging-based techniques
[17] are widely applied, this model estimate
values at un sampled locations based on the
measurement at surrounding locations with
certain assigned weights for each measurement.
From a theoretical stand point, kriging is the
optimal interpolation method [12], however, its
correct application requires an accurate
determination of the spatial structure via semi
variogram construction and model-fitting. The
objective of this study is to determine the degree
of spatial variability of EC (Electric Conductivity),
pH, Organic carbon (OC), Nitrogen (N),
Potassium (K), Phosphorus (P) Sulphur (S) and
Zinc (Zn) with classical and geo statistical
analysis for Katni districts of Madhya Pradesh.

2. MATERIALS AND METHODS
2.1 Site Description

Katni district is situated in the east central portion
of Madhya Pradesh, India. Physiographically, the
study area falls between 23°17'44.93"N to
24°7'44.06"N and 79%48'53.88"E to
80%56'45.03"E and covers 4,949 km2 areas,
which comes under Kymore Plateau and Satpura
Hills Agro Climatic Zone (Zone-VII).The valley in
the middle part occupied by Mahakoshal group of
rocks and alluvial plains. The variety of soil
ranging from clay to silty clay and from loamy to
clay loam is distributed all over the district. The
climate is subtropical, highest temperature is




reached till 46<C in May and lowest is 5° in
January. The slope of the district is facing
gradually from south to north. It has an average
elevation of 390 meters.

2.2 Soil Sampling and Analysis

This study was conducted in Katni district of
Madhya Pradesh. The soils of the study area are
light to medium and some parts of the region are
heavy in texture. About 505 surface soil samples
(0-15 cm) were collected by using GPS from 6
blocks of Katni district, viz; Murwara, Vijay
raghavgarh, Barhi, Badwara, Dhimarkhera and
Rithi. The available N, P, K, Zn, S along with pH,
EC, and organic carbon (OC) were analyzed in a
laboratory. The soil samples were air-dried and
ground to pass a 2 mm sieve for the analysis of
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determined with a pH electrode at a soil to water.
Walkley and Black methodology for Organic
Carbon [18], alkaline permanganate
methodology for nitrogen content [19] and
Ammonia Acetate methodology for Potassium
content extraction [20] were used.

2.3 Statistical and Geostatistical Analysis

The main statistical parameters, including mean,
median, standard deviation, variance, coefficient
of variance, and maximum and minimum values,
which are generally accepted as indicators of the
central tendency and of the data spread, were
analyzed. The Pearson correlation coefficients
were estimated for all possible paired
combinations of the response variables to
generate a correlation coefficient matrix. These

soil pH, and macro nutrients (N, P and K) and statistical parameters were calculated in
micro-nutrients (Zn, and S). Soil pH was Microsoft Excel.
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The semi-variogram is half the expected squared
difference between paired data values Z[x]and
Z[x + h] to the lag distance h, by which locations
are separated [21].

1
v(h) = 5 E[z(x} — z(x + R)}*

The usual computing equation for the variogram
is:

N(h)

1
Y® = 356 Z [2Ge) = 7Gx + )]

Where Z(x;) is the value of the variable Z at
location of x;, h is the lag distance and N[h]is
the number of pairs of sample points separated
by h. For irregular sampling, it is rare for the
distance between the sample pairs to be exactly
equal to h. Therefore, the lag distance h is often
represented by a distance band.

Semi-variogram model is only an approximation
of spatial variability of the measured conditions,
appraised by means of cross-validation
procedure, cross-validation was used to obtain
study by better resolving the spatial structure
predicted and measured values. In this study,
Omni directional semi-variogram was computed
for each soil property because no significant
directional trend was observed. Best-fit model
with minimum root mean square error (RMSE)
and root mean square standardized (prediction)
errors (RMSSE) close to 1 were selected for
each soil property. The expression of RMSE is
given below.

13 "
RMSE = HZ(V] _yj)2
=

Where ¥, is the predicted value, y; the observed
value and n the number of values in the dataset
Finally, the cross-validation method was applied
to validate the parameters of the model [22].
Eight commonly used semivariogram models
were fitted for each soil property. These are the
Circular, spherical, Tetraspherical, Pentas
pherical  exponential, Gaussian, Rational
Quadrate and hole-effect model. In GIS domain,
Arc GIS Geo statistical analyst extension was
used to carry out exploratory variogram analysis,
and then this exploratory approach was extended
to spatial interpolation by way of kriging. Geo-
statistical analysis consisting of semi-variogram
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calculation, kriging, cross-validation, and
mapping was performed using the geo statistical
analyst extension of Arc GIS 9.3.

2.4 Validation of Soil Maps

Accuracy of the soil maps was evaluated through
cross-validation approach [23]. Among three
evaluation indices used in this study, i.e. mean
absolute error (MAE), mean squared error (MSE)
and goodness of prediction (G). Where in MAE
and MSE measure the accuracy of prediction,
whereas (G) measures the effectiveness of
prediction. MAE is a measure of the sum of the
residuals (e.g. predicted minus observed) [24].

n
1
MAE = =" |2 () = 2(x)
i=1

Where, (xi) is the predicted value at location i.
Small MAE values indicate few errors. The MAE
measure, however, does not reveal the
magnitude of error that might occur at any point
and hence MSE will be calculated,

n

1
MSE = 52[21 (x;) — 25 (x;)]

i=1

Squaring the difference at any point gives an
indication of the magnitude, e.g. small MSE
values indicate more accurate estimation, point-
by-point. The G measure gives an indication of
how effective a prediction might be relative to
that which could have been derived from using
the sample mean alone [25].

N [20e) -2 (x))?
N [zGe)-z ]2

G=|1—- ]XlOO

Where z is the sample mean. If G 100, it
indicates perfect prediction, whereas negative
values indicate that the predictions are less
reliable than using sample mean as the
predictors. The comparison of performance
between interpolations was achieved by using
mean absolute error (MAE).

3. RESULTS
3.1 Descriptive Statistics

Descriptive statistics for the analyzed 505 soil
samples for different soil parameters are
summarized in Table 1. The minimum,
maximum, mean, median, standard deviation



(SD), skewness, kurtosis and coefficient of
variation (CV) describe distribution of soil
property. The coefficient of variation is the ratio
of standard deviation to mean is a useful
measure of overall variability. There was
difference in CV of soil properties .The greatest
variation was observed in Zn (140%) where as
the smallest variation of soil pH (14.16%). The
normality of data distribution are analyzed by
plotting the histogram. If a variable has positive
ske wness, the confidence Ilimits on the
variogram are wider than they would otherwise
be and consequently, the variances are less
reliable. A logarithmic transformation s
considered where the coefficient of ske wness is
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greater than one [21]. Therefore, a logarithmic
transformation was performed for EC, P S and
available Zinc (zZn) parameters because their
skewness was greater than 1.

3.2 Semi-variogram of Soil Properties

RMSE and RMSSE are shown in Table 2 for
different theoretical semivariogram models to fit
the experimental semivariogram values for each
soil property. Among different theoretical models
tested, the Exponential model was found as the
best fit in most cases. In case of EC, spatial
variation was the best described by the spherical
model.

Table 1. Descriptive statistics of soil parameters

(0-15 cm depth) of 505 soil samples

Para- Mini. Maxi. Median Mean Std. Skewness Skewness Kurtosis CV%
meters (Log Tran.)
pH 4.00 8.00 6.60 6.48 0.92 -0.42 - 2.49 14.16
EC 0.01 0.97 0.12 0.14 0.10 3.96 0.1653 2497 7351
ocC 0.18 0.99 0.65 0.65 0.17 -0.27 - 2.70 25.68
N 102.19 454.03 310.42 309.44 8137 -0.36 - 2.62 26.29
P 2.38 4237 1030 14.08 1136 1.01 -0.0061 2.87 80.74
K 101.92 795.20 393.68 395.84 165.38 0.22 - 2.52 41.78
S 3.45 49.68 1380 1535 7.76 1.01 -0.4645 4.60 50.58
Zn 0.01 10.20 0.51 0.81 1.14 4.27 0.1529 25.33  140.19
Table 2. Parameters for different theoretical semi variogram models
Semivariogram Soil properties
model pH EC ocC N P K S Zn
Circular 0.7649 0.1047 0.1596 77.21 11.38 166.2 7.077 1.099
Spherical 0.7616 0.1047 0.1596 77.20 11.39 165.9 7.059 1.099
Tetraspherical 0.7588 0.1047 0.1595 77.18 11.36 165.9 7.056 1.099
Pentaspherical 0.7562 0.1048 0.1595 77.16 11.36 165.8 7.057 1.098
Exponential 0.7318 0.1049 0.1590 76.96 11.31 164.4 6.923 1.097
Gaussian 0.8083 0.1048 0.1602 77.55 11.41 168.4 7.191 1.102
Rational Quadrate  0.7857 0.1049 0.1599 77.32 11.38 167.3 6.952 1.101
Hole Effect 0.8067 0.1048 0.1602 77.52 11.4 168.6 7.317 1.101
Table 3. Semi variogram parameters of Soil Nutrient s
Soll Fitted Semi Range Nugget Partial Sill (C)  Sill Nugget/
nutrient variogram Model (km) (C0) Sill (%)
pH Exponential 95.80 0.4954 0.5405 1.04 47.82
EC Spherical 92.57  0.0106 0.00569 0.02 65.21
ocC Exponential 95.80 0.0234 0.00669 0.03 77.77
N Exponential 95.80 5483.6 1672 7155.60 76.63
P Exponential 2483  123.14 6.5539 129.69 94.95
K Exponential 95.80 24324 8873 33197 73.25
S Exponential 17.70 0.2136 0.07385 0.29 74.31
Zn Exponential 41.97 0.7803 0.11996 0.90 86.68




Semi-variogram parameters (range, nugget and
sill) and nugget sill ratio for each soil property
with the best-fitted model are shown in Table 3.
The range expressed as distance could be
interpreted as the diameter of the zone of
influence that represented the average maximum
distance over which a soil property of two
samples was related. At distances less than the
range, measured properties of two samples
became similar with decreasing distance
between the two points. Thus, the range
provided an estimate of areas of similarity. The
ratio of nugget to sill considered to have a strong
spatial dependence if the ratio is less than 25%
and has a moderate spatial dependence if the
ratio is between 25 to 75%. Otherwise the
variable has a weak spatial dependence [26].
The nugget sill ratio of pH, EC, K and S shows
moderate spatial dependency where as OC, N, P
and Zn shows weak spatial dependency.

3.3 Ordinary Kriging and Cross-validation

Spatial maps prepared through ordinary kriging
(Exponential and Spherical) using the semi
variogram parameters were cross-validated by
leaving 10% sample out and predicting for that
sample location based on rest of the samples.
Result from cross-validation of spatial maps of
soil properties are given in Table 4. This also
shows that semi variogram parameters obtained
from fitting of experimental semi variogram
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values were fairly reasonable to describe the
spatial variations. Spatial maps of soil properties
prepared through ordinary kriging are presented
in Figs. 2 to 9. pH, EC, S, Zn and available
potassium had almost a similar spatial variability,
eg. all soil nutrients decreased from north-east to
south west where as N and OC shows similar
spatial variability.

The critical limit of soil nutrient defined by IISS
Bhopal, interpolated maps of the study area
show a clear deficiency of soil micro-nutrients.
Sulphur is deficient in 94%, Zinc in 20% of the
area where as in case of pH above 50% of the
soil is acidic in nature.

For all soil parameters, it was observed that the
highest Mean Absolute Error (MAE) and Mean
Square Error (MSE) was found for K, followed by
N, P, S, Zn, OC, EC and pH. The goodness of fit
(G) values was positive for all soil nutrients
except EC and P. The highest G value was
observed for pH followed by K, S, OC, N and Zn.
For all the soil nutrients G value was greater than
zero,(except EC and P) which indicates that
spatial prediction is better than assuming mean
of observed value for any un sampled location.
Therefore it is a suitable alternative method for
accurate estimation of chemical properties of soil
in un-sampled positions as compared to direct
measurement which has time and costs concern
[27].
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Fig. 4. Soil Nitrogen (N) (kg ha ™)
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Table 4. Evaluation of ordinary kriging map of soil

nutrients through cross-validation

Soil nutrient Mean absolute error Mean square error Goodness of
(MAE) (MSE) prediction (G)

pH 0.058 0.5355 35.98

EC 0.059 0.0109 -7.85

ocC 0.127 0.025293 15.13

N 62.031 5923.003 14.78

P 8.992 127.944 -1.11

K 131.646 27031.87 22.044

S 5.059 47.930 21.21

Zn 0.574 1.20292 11.48

Table 5. Pearson’s correlation coefficients between

soil properties

pH EC oC N P K S Zn
pH 1.000
EC 0.151 1.000
ocC -0.015  0.004 1.000
N -0.048  0.005 0.955*  1.000
P -0.019  0.076 0.075 0.069 1.000
K 0.311*  0.111 -0.057 -0.080  0.187*  1.000
S 0.034 0.034 0.074 0.077 0.017  0.065 1.000
Zn -0.073  -0.034  0.027 0.040 0.032  0.005 0.051  1.000

** Correlation is significant at the 0.01 level (2-tailed)
* Correlation is significant at the 0.05 level (2-tailed)

10



3.4 Relation between Soil Nutrients

The Pearson’s correlation coefficients Correlation
studies shows that positive correlation between
organic carbon with Nitrogen (r = 0.955) and K
with pH (r= 0.311) Where as other soil
parameter shows very low or no correlation
between each other.

4. DISCUSSION

There are number of spatial interpolation
methods which are commonly used for spatial
interpolation of soil characteristics/nutrients. The
most frequently used is ordinary kriging
[26,27,28]. Measures for assessing the
performance of the spatial interpolation methods
are based on prediction errors such as the
RMSE. Compared spatial interpolation methods
revealed that for spatial distribution of soil

nutrients, methods that showed the best
performance are exponential and Spherical
models. In general, geo statistical methods

(kriging) were more frequently recommended
than non-geo statistical methods (e.g., Basic
Statistics). In our study, the interpolation method
that produced the smalless RMSE was
exponential and spherical. This finding is
consistent with [26] who found that exponential
model were best fitted for pH, OC, N and K for
spatial interpolation on similar type of soil texture
(Brahmaputra plain, North eastern India). In a
similar study of interpolation methods, [29]
compared four prediction methods; they found
that no one methods were suitable but different
methods should be used for different nutrient. He
found that ordinary kriging best suited for organic
carbon where as IDW and spline for electric
conductivity.

With respect to soil specific properties,
Phosphorus (P) and Electric Conductivity (EC)
were the only soil nutrients for which Goodness
of prediction G had a negative value. It shows
that the prediction would have been more reliable
if the sample means (Basic statistics) had been
used instead. Moreover, in the exploratory
analysis these nutrients did not reveal any kind of
tendency and it was not easy to detect any
spatial arrangement. Therefore, it should have
been excluded in advance from further analysis.
The rest of the soil properties had positive G
values, indicating that the interpolation model
used for nutrient mapping was suitable. The
source of errors and uncertainties of the
prediction maps can be minimized by selecting
different kriging parameters instead of default
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values. It might leads to different or better results
in this study, and also it would be highly useful to
change the sampling strategy and compare
these results with the differently sampled points.
It is also suggested that for mapping of spatial
distribution, other parameters such as slope
gradient, soil type and land use pattern should
also be considered. It can greatly influence the
concentration of the soil nutrients and their
spatial distribution significantly.

The other set of methods i.e. Deterministic could
have been used along with the non-deterministic
methods but the preference was given to find the
real processes which gave rise the spatial
variations measured in this study. One of the
best way is to find out is to prepare semi-
variogram and complement it with other
statistical indicators such as correlation. This
approach has worked quite well here as we could
find a similar semi-variogram for N and organic
carbon with high correlation coefficient. It
indicates that both  the  macro-nutrient
complement each other in the study area. It,
however, cannot be denied that deter ministic
methods has their own usefulness and in many
cases they prove more useful than non-
deterministic.

The interpolated map shows clear deficiency of
soil micro-nutrients across the district. Sulphur is
deficient in 94%, Zinc in 20 % of the area where
as above 50 % of the soil is acidic in nature (pH<
6.5). In the study area, more than 85 % of the
irrigated area has a fine soil texture. The
important factors which affect the soil fertility is
cropping practices resulted emergence of
multiple nutrient deficiencies in the area
especially if proper dose of additional fertilizer
not provided in the required ratios. The
deficiency of essential micro-nutrients in such a
big area is, indeed, alarming. Appropriate
measures should be taken to maximize the crop
yield in the district. Since the water scarcity is not
a problem in the area, crop yield can, suitably, be
increased too much higher levels to the present
levels. Furthermore, continuous monitoring of soil
quality and nutrient values will further help in
ensuring soil fertility. Continuous monitoring will,
in addition, help to sustain the land productivity
once it is achieved by the right crop practices
and fertilizers. In the future researches, more
micro-nutrients should be included along with the
cropping pattern details. These analyses would
further sharpen the results and narrow down the
nutrient-deficient areas. In such an Endeavour,
Remote Sensing and GIS will play a major role
by providing land use/land cover details.



5. CONCLUSION

The descriptive statistics of soil nutrients shows
that in the raw data sets of EC, P, S and Zn are
strongly positively skewed (greater than 1) and
the application of logarithmic transformation was
used for normalization, which affects the data.
Among different models tested for analyzing the
spatial variability of soil nutrients the exponential
model fits well of pH, OC, available N, P, K, S
and Zn where as in case of Electric conductivity
(Ec) best fited model was spherical. Soil
properties showed large variability with greatest
variation observed in Zn (140%) whereas the
smallest variation was in pH (14.16%). In case of
EC and P the goodness of prediction (G) had a
negative value while N, P, K, pH, Zn and S
shows positive value. The kriged interpolated
map of S, Zn and pH values in north-east part of
the study area was alkaline and in the south-west
portion of area has acidic in nature. Nitrogen and
organic carbon had strong correlation coefficient
(r =0.955) and as expected both the parameters
were best modeled by exponential model. This
further indicates that distributions of both the
nutrients are governed by same process. The
soil properties of both nutrients increased in
southern part of the study area and decrease
towards eastern part of the study area.

Since we have tested the random sampled
points, it would be highly useful to change the
sampling strategy and compare these results
with the differently sampled points.
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