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ABSTRACT
The concept of erodibility has gained a great importance in the field of soil erosion modelling and applications of soil
conservation. Soil erodibility factor has become one of the key factors which determine soil particles resistance to be
detached by water erosion. This study was performed to determine soil erodibility factor and assess spatial variability
of soil erodibility using geostatistics at El Hammam catchment. In this study 51 samples of surface soil (0-20cm) were
collected across the study area of 1000 Ha by preparing point map at GIS. Sampling points were identified in field by
a Global Positioning system. Some soil properties and organic matter were measured at laboratory, and permeability
and structure were determined using soil texture analysis. Amount of soil erodibility changed from 0.16 to 0.66. The
variability analysis has shown that soil properties and erodibility factor have varied signiﬁcantly in cropland and have
ranged from 63% in organic matter and 39% in K factor. The statistical analysis indicated negative correlations of
erodibility with clay, organic matter and permeability and negative correlations of this factor with silt, sand and soil
structure. Based on kriging interpolation method, soil erodibility factor map was generated using Ordinary Kriging.
The spherical model has given the best model to predict spatial variability of soil erodibility which root-mean-square
error and mean error values of interpolated map were very low. The range of the spatial dependency was equal to
460 m. The study basin has been classified as highly erodible and ecologically vulnerable.
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1. INTRODUCTION
Soil is one of the most important natural resources of each country. One of
the main and effective parameters in soil erosion is the natural
characteristics of the soil which is erodibility [1,2]. The productive
capacity of the soil is the most important resource for human food supply
[3,4]. However, depletion in productive capacity and an increase of soil
erosion rates are progressing with the growth of population and
agricultural intensification. We can prevent various disadvantages
resulting from soil erosion or reduce them through better recognition and
evaluation. Water erosion causes soil degradation, particularly on hillsides
and hills, and deterioration of infrastructure.
In order to control soil erosion, scientists have realized that it is necessary
to provide policy makers and soil researchers with information about the
processes of soil erosion based on a reliable assessment of vulnerability
and risk levels [5]. Soil erodibility is the ease with which soil is detached
by splash during rainfall, by surface flow or both and it is one of the
important indicators of land degradation [6,7].
Recently, the development of GIS has provided new methods for soil
erosion research, such as geomatics approach and geospatial approach [811]. In addition, genetic algorithm can be used in regions with scarce data
to estimate the average erodibility parameters [12]. These new methods
make the mapping of soil erodibility faster and more accurate.
The concept of soil erodibility is commonly represented by the K factor.
The erodibility factor (K) indicates, qualitatively and quantitatively, the

natural sensitivity of separates of particular soil to being detached and
transferred by erosion processes and specifies the effects and interactions
of many factors that affect erosion. This factor is a good way to assess and
determine soil loss worldwide, a strong correlation between K factor and
soil loss was proven. K-factor values are best obtained from long-term
direct measurements on natural runoff plots, but this method is hard to
use at a large scale [13]. Therefore, the estimate of K values by using soil
physical or chemical properties attracts more attention [14-17]. The K
parameter is linked to the combined actions of rainfall, runoff and
infiltration on soil [18-20].
Quantitative assessment of land erosion has been undertaken by various
approaches using spatially distributed data. There are numerous
mathematical and process-based models to predict soil erosion, but the
Revised Universal Soil Loss Equation (RUSLE) is most widely used [21-25].
It is simple, easy to use and successfully integrate the ecosystem
parameters. Two basic methods have been used for K factor
determination. First method is direct measurement of K factor from
standard plots and the second method is USLE nomograph which was
derived by a researcher [26]. In these two methods based on soil
properties include primary particles (silt. sand and clay), organic matter
content, permeability and structure of soil, K factor is computed.
According to a research, the erodibility factor (K) has a strong correlation
with the percentage of unstable aggregates (smaller than 0.25 mm) and
sand (larger than 0.1 mm) [27]. A researcher suggested that clay usually
reduces soil erodibility [28]. According to a study, Chaghkhord watershed
located in Chaharmahal Bakhtiari province, by increasing the percentage
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of clay and organic matter, soil erodibility would decrease, and it increases
by the increase of silt [29]. A group of researchers investigated the
erodibility of soil in Talvarchai in Kordestan province and concluded that
soil erodibility would increase by the increase of sand to silt ratio [30].
According to a researcher, the K factor is strongly correlated with soil loss
and it is the key to predict the soil erosion [31]. Another researcher have
argued that GIS tools used together with geostatistical models favour more
realistic modeling, once the error related to the process has been
attributed [32]. Knowledge of the spatial distribution of soil erodibility is
the principal mechanism for implementing practices aimed at controlling
erosion.
A previous researcher has argued that spatial investigation of soil physical
properties is essential for understanding the spatial distribution of soil
erodibility, a principal mechanism for implementig practices aimed to at
controlling erosion [33]. In this way, geostatistics is emerging as an
alternative for the prediction of spatial variability in different
environments, with the correlation of soil erodibility. Geostatistics
includes different methods that have increasingly used Kriging algorithms
for estimating spatially continuous variables and spatial interpolation of
values at unsampled locations, and it can be utilized for assessing spatial
variability of K factor and distribution of soil properties [34-36].
The objectives of this study was based on: i) examining soils within El
Hammam catchment to determine their erodibility factor (K) using

alternative sources of soil sampling data; ii) evaluating and analyzing
spatial variability of soil erodibility factor by using kriging model of
geostatistics method and generating a spatial distribution map of soil
erodibility, providing thus a more realistic means of evaluating spatial
variability of K factor. This map associated with the soil physical
properties could help to ascertain areas prone to erosion within the area
of study.
2. MATERIALS AND METHODS
2.1 Study area
The El Hammam catchment is one of the sub-basins that constitute the
Mellah catchment (550 km²) and its main stream (El Hammam Wadi) is a
tributary of the Seybouse River. It is located at the village of El Barnous,
County of Hammam N'Bails (Figure 1).
The study catchment, with an area of 1000 Ha, has a Southwest - Northeast
orientation. It drains the waters of the region of Douar Aine Ketoune. The
use of the Digital Elevation Model (DEM) to generate the study catchment,
with a spatial resolution of 30 m STRM, has shown that the elevation of El
Hammam catchment is ranging from 346 to 1242 m. The El Hammam
Wadi and its tributaries originate from hills such as Schvara Hills (864 m),
Zouara Hills (1242 m), Bou Aichoun Hills (1102 m) and Besbessa Hills
(963 m).

Figure 1: Map of the study area showing the elevation distribution
The study area is composed mainly of Mio-Pliocene weathered
conglomerates with an area of 8.50 km² corresponding to 77% of the basin
area. The northeastern part consists mainly of clay and Triassic gypsum
with 8.00% and Cretaceous limestones with 7.50%, located in the South.
The extreme southwest is composed of limestone and Upper Senonian
marl (7.50%). The alluvium occupies the plain of Ch’Ramet wadi. The
study basin is composed mainly of calcareous soils in association with
Solonetz soil type [37].

The land use, which plays an important role in running water and soil
erosion, is distinguished in the North-East part and the West part by large
grasslands (63%). The North is occupied by crops (12.00%). The South has
a sparsely forested area (16%) composed mainly of cork oak. The center
of the basin consists of uncultivated land (3%). In the East, there are dense
shrubs such as Oleo-mastic species (6%).
The basin is subject to a subhumid Mediterranean climate, which is part of
the extreme north-east of Algeria, and shows a relatively well-watered
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region of North Africa. The average annual rainfall from 1995 to 2016 is
equal to 535mm. The study area is very wet during the autumn and winter
periods. The spatial nuance of precipitation is likely to result in differential
water erosion from year to year and from season to season within the
same watershed.
2.2 Soil sampling and analysis
A ﬁeld survey was been conducted to analyze the soil properties and study

the soil erodibility status in the proposed catchment area. A systematic
random technique was used for ﬁeld sampling during April–May 2018.
Grid sampling in addition to transect sampling have been done with grid
size of 450m×550m. A total of 51 sample locations were identiﬁed to
collect the soil samples. A Garmin portable GPS was employed in the field
to collect the spatial location from each soil sample site (Figure 2).
Disturbed and undisturbed soil samples were taken from a depth of 0 - 20
cm. For the undisturbed samples, a Uhland auger was used and the
disturbed samples were collected with the aid of a hoe.

Figure 2: Soil sampling locations in the study catchment
The physical analysis of soil has been determined in the Soils and
Sustainable Development Laboratory of the University of Annaba. The
collected soil samples were taken to the laboratory, dried naturally and
sieved with a 2mm sieve. The Robinson’s pipette method was used for
particles less than 20 µm. The size classes of soil particles in this study
were based on USDA classes and were as follows: sand (0.005–2.0mm), silt
(0.002–0.05mm), and clay (<0.002mm) [38]. Organic carbon was
quantified by the Walkley–Black method (dichromate oxidation) and
converted to organic matter by multiplying it by 1.724.
Soil permeability code was determined from the National Soils Handbook
[39] and soil structure code was obtained using Soil Textural Pyramid [3941]. To calculate soil erodibility, the formula of a researcher was used as
[42]:
100𝐾 = 2.173 × 2.1 × 𝑀1.14 × (10−4) × (12 − 𝑎) + 3.25 × (𝑏 − 2) + 2.5 × (𝑐 − 3)

(1)

Where:
K = soil erodibility (t∙ha∙h∙ha−1∙Mj−1∙ mm−1), M = particles percentage (% of
very fine sand + % of silt * (100 - %clay), a = organic matter content (% C
* 1.724), b = soil structure code (very fine granular: 1-2mm; fine granular:
2-5mm; medium or coarse granular: 5-10mm; blocky, platy or massive:
>10 mm), c = permeability code (c = 1, high to very high (>12.5cm/h); c =
2, moderate to high (6.25-12.5cm/h); c = 3, moderate (2-6.25cm/h); c = 4,
low to moderate (0.5-2cm/h); c = 5, low (0.125-0.5cm/h); c = 6, very low
(<0.125cm/h).
2.3 Geostatistical analysis
Geostatistics is based on spatial correlation between observations and this
correlation can be expressed with a mathematical model which is called
"variogram". Semivariogram, which is defined as half a variogram, was
calculated to examine the spatial correlation within the measured data
points. Geostatistical methods were employed to comprehend soil

erodibility and its association with geomorphic conditions. Spatial
inconsistency was estimated as a semivariogram which portrayed the
mean square variability between the two neighbouring sample locations
of distance h as shown in Eq. (2) [43]:
(2)
Where (xᵢ) and (xᵢ+h) are sampling locations separated by a distance h.
Z(xᵢ) and Z(xᵢ + h) are measured values of the variable Z at the
corresponding locations. The experimental semivariogram (h) is ﬁtted
with a theoretical model, such as spherical, exponential, linear, or Gaussian
to determine three parameters, such as the nugget (c0), the sill (c), and the
range (r).
By programming Equation (2) we could compute the experimental
variogram from data. The result depends on the precise way we apply the
program and the decisions we make, that could be discussed after
modelling [44]. The experimental variogram consists of semi variances at
a finite set of discrete lags, whereas the underlying function is continuous
for all h. The fitted smooth curve to the experimental values must have a
mathematical expression that can describe the variances of random
processes with changing lag and guarantee non-negative variances in the
obtained predictions.
When calculating the experienced variogram, fitting a theoretical model is
necessary to generalization of deduction and estimation of variables in
points where they have not been sampled [45]. In the next spatial
interpolation and spatial map creation of K factor, the kriging method was
used. In this analysis an ordinary kriging was used because the
mathematical expectation of the regionalized variable Z*(x) was unknown.
Also, it is considered as one of the most accurate interpolation techniques
which assumes that variables close in space tend to be more similar than
those further away [46].
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During calculation of experimental semivariogram values, maximum
separation distance was ﬁxed as half of the extent of the sampling area.
The calculated experimental semivariogram values could be then ﬁtted in
the spherical during weighted least square ﬁtting and defined by the
following equation (3):

if the test statistic, D, is greater than the critical value obtained from a table
[48].
The optimal ﬁtting would be chosen on the basis of the cross-validation
procedure, which checks the compatibility between the data and the
structural model. In order to assess the accuracy of the model determined
in theoretical variograms, parameters such as mean error (ME), root mean
squared error (RMSE), index of spatial dependence (SPD) by a researcher,
were calculated taking into account the observed and estimated values
[49]. The performance measures were calculated considering the
following equations:

(3)
In which h = |h| is the lag distance, and the parameters are c0, the nugget
variance, c the spatially correlated variance (sill variance), and r the range
of distance parameter, which is the limit of spatial correlation. The
quantity, c0 + c, estimates the variance of the random process and is known
as the ‘partial sill’. The nugget variance, c0, represents the uncorrelated
variation at the scale of sampling; it is the variation that remains
unresolved including any measurement error. The quantity c is the
correlated component of the variation that represents continuity.
One of the major issues in variographic analysis is the selection of total lag
distance for variogram fitting to experimental data [47]. For example, if
the lag size is too large, short range autocorrelation may be masked. If the
lag size is too small, there may be many empty bins, and sample sizes
within bins will be too small to get representative averages for bins. The
separation distance is selected based on the criterion that 95% pairs
should have been used for variogram model fitting. The effect of removing
data pairs at larger separation distance significantly might improve
variogram model fitting to the soil erodibility data of El Hammam
catchment.
The predictive performance of the fitted model was also checked by using
ggplot function in R software package, contour plot of prediction of
erodibility factor (K) has been depicted as it should be shown latter
together with plot of standard error variance. The standard error (SE) of
the estimate (usually an estimate of a parameter) is defined as
the standard deviation of its sampling distribution or an estimate of that
standard deviation. It is the standard deviation divided by the square root
of the sample size.
2.4 Statistical analysis
Data were subjected to classical analysis using Gstat-R package to obtain
descriptive statistics, namely the mean, minimum and maximum, standard
deviation (SD), coefﬁcient of variation (CV), and skewness of each
parameter. Skewness is the most common statistical parameter to identify
a normal distribution that is conﬁrmed with skewness values varying from
−1 to +1. A logarithmic transformation is considered where the coefﬁcient
of skewness is greater than 1. Prior to using geostatistics to obtain
prediction maps, a preliminary analysis of data was done to check data
normality. The normality of each dataset was checked by Kolmogorov–
Smirnov test to ensure normal distribution, using XLSTAT 2018 program.
The goodness of fit test was performed in order to test the following
hypotheses: H0 (null hypothesis): The K factor data follow the normal
distribution; and H1: the K factor data do not follow the specified
distribution. The hypothesis regarding the distributional form is rejected

(4)

(5)

(6)
Where Z(xi) is the observed value at location i. Z*(xi) is the predicted value
at location i, and n is the sample size. Squaring the difference at any point
gives an indication of the magnitude of differences, in such a way that a
value of RMSE close to zero illustrates the accuracy of prediction of the
model. It is assumed that if the variogram model is correct, ME should be
almost zero [50]. Also, C0 is the nugget effect and C1 is the contribution.
Adjusting the classification given by a scholar, the following induced SPD
classification was explained by: weak spatial dependence (SPD (%) ≤ 25
%), moderate spatial dependence (25 % < SPD (%) ≤ 75 %), and strong
spatial dependence (SPD (%) > 75 %) [51].
3. RESULTS
3.1 Descriptive statistics of soil properties and erodibility
Basic statistical parameters of the soil properties for the topsoil (0–20 cm)
layers are listed in Table 1. The mean content of sand in the topsoil
(28.06%) was slightly lower and that of silt (42.03%) slightly higher,
whereas the clay content was equal to 29.91%. Mean organic matter (OM)
in the topsoil layer was 3.45%.
As indicated by the coefficient of variation (CV), the largest variations were
exhibited by the clay content (53.04%), intermediate − the sand content
(48.91%), and the lowest − the silt content (27.56%). The organic matter
was much more variable (63.14%). In addition, the soil erodibility factor
(K) has shown a mean value of 0.36 and CV of 38.82%. According to the
classification proposed by Dahiya et al. [52], CV values were medium (1575%) for all the soil properties (sand, clay, silt, and organic matter).

Table 1: Summary statistics for content of soil textural fractions. soil organic matter content (OM).
Parameter
Minimum
Maximum
Mean
Standard deviation
Coefficient of variation
Skewness
Kurtosis

Sand (%)
5.80
59.60
28.06
13.73
48.91
0.51
2.66

The skewness for a normal distribution is zero, and any symmetric data
should have skewness near zero. Negative values for the skewness
indicate data that are skewed left and positive values for the skewness
indicate data that are skewed right [53]. Moreover, the kurtosis for a
standard normal distribution is three. Positive kurtosis indicates a

Clay (%)
7.52
63.52
29.91
15.86
53.04
0.53
2.49

Silt (%)
16.88
65.88
42.03
11.58
27.56
0.01
2.21

OM (%)
0.10
9.01
3.45
2.18
63.14
0.92
3.27

K
0.16
0.66
0.36
0.14
38.82
0.42
2.06

"peaked" distribution and negative kurtosis indicates a "flat" distribution
[53].
Distribution of soil properties, except the silt content, and K factor were
positively skewed, indicating moderate to high values in this area of El
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Hammam (0.42-0.92). Meanwhile, the silt content has the lowest
skewness, indicating a normal distribution of the data. The organic matter
and sand contents had the highest positive kurtosis value, indicating a
"peaked" distribution. Nevertheless, the application of the Kolmogorov
and Smirnov test has indicated that all the K erodibility data were
normally distributed. It was found that D calculated (D = 0.103) was
greater than the critical value (here D critical = 0.19 or p-value of 0.62) at
the 0.05 significance level, the hypothesis on the distributional form could
not be rejected.

3.2 Relationships between K factor and soil properties
Table 2 has presented Pearson correlation coefficients (r) between the soil
parameters and soil erodibility factor at p < 0.05. In table 2, K factor was
significantly and negatively correlated with the topsoil clay content and
soil permeability (–0.72 and −0.64) and positively correlated with the silt
and sand contents and soil structure (0.48, 0.42, 0.21). Topsoil organic
matter was significantly and negatively correlated with K factor.

Table 2: Correlation coefficients (r) between soil variables and erodibility factor.
Variables

Clay

Silt

Sand

OM

Perm.

Struc.

Clay

1.00

Silt

-0.54

1.00

Sand

-0.70

-0.22

1.00

OM

0.00

-0.04

0.03

1.00

Perm

0.93

-0.42

-0.72

0.06

1.00

Struc

0.08

0.06

-0.14

-0.17

0.15

1.00

K

-0.72

0.48

0.42

-0.48

-0.64

0.21

Perm.: Soil permeability; Struc.: soil structure
It seems from the soil permeability classification, mentioned in the
previous section, that 39.22% of the basin soils have moderate
permeability (class 3) corresponding mainly to loam silt, loam; followed
by 23.53% of soils having moderate to low permeability (class 4) and
indicating a texture of sandy clay loam, clay. The soils of very low
permeability have occupied 19.61% and they were composed of silty clay,
clay. Nevertheless, in most cases soil permeability and K-factor have
correlated significantly with the amount of loam, sandy clay, clay and
organic matter. Concerning the soil structure, as shown in Table 2, it has
low relationships with the other soil properties and K factor. The study
basin has shown 31.37% of soils with very fine granular structure (class
1). These soils might represent a texture of fine sand and silt greater than
50%. The rest of soil structures have been varying from coarse granular
(25% of area) to fine granular - compact or massive structure (22% of
area).

K

1.00

3.3 Geostatistical analysis
The distributions of the measurement data were similar to the normal
distribution and thus have met the condition of a stationary or quasi
stationary process in geostatistical analysis with the exception of the clay
and organic matter contents in the topsoil layer [54]. Nevertheless, K
factor has shown a good normal distribution. The spherical model well
matched the empirical semivariogram data for all quantities of K.
The spatial dependency “nugget-to-sill” for the K factor was strong
(<25%). The nugget eﬀect did exist in the chosen spherical model. The
greatest value for the sill was equal to 0.0204 for the K factor (Figure 3).
The eﬀective range of the spatial dependence for the latter parameter has
a value of 703.71 m.

Figure 3: Semivariogram of K factor
Cross-validation facilitated the selection of the best-fit semivariogram for
an interpolation K map, which could provide the most accurate prediction.
Closer values of the ME and RMSE to 0, suggested that the prediction
values were close to measured values. The K model was best fitted with a

spherical model, and the statistical values, such as ME with 4.042e-05 and
RMSE having a value of 0.00162, have given a good semivariogram pattern
that was well fitted with the observed data at a lag size equivalent to 460m.
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4. DISCUSSION
This study has provided information on how K factor were correlated and
spatially dependent on selected soil physical properties. The discussion
has focused on the spatial pattern of the soil erodibility factor and in a way
the context of sustainable ﬁeld management to raise and line up the yields
on the different soil types.

and wind. High sandy soil content encourages high rate of permeability of
water into soil, which induces landslide and erosion [57].
Nevertheless, helpful conclusions regarding the relationship of the
erodibility K factor to a specific soil property could be drawn from the
study of particular components of the overall variables if all terms, that
could involve different soil properties, were considered together as a
single entity.

4.1 Correlation analysis
4.2 Geostatistical analysis and spatial distribution
In general, the Pearson correlation coeﬃcients between the studied soil
properties and K factor were rather moderate to fairly high (Table 2). This
was related to the fact that erodibility El Hammam conditions were a
resultant of both positive and negative eﬀects of soil factors, weather
conditions, and diﬀerent spatial distribution patterns of soil properties
and morphogenic processes. The highest negative and signiﬁcant
correlations in this study were obtained for clay soils and permeability,
which were -0.72 and -0.64. This might indicate that a reduction of clay
content in the soil might increase soil erosion; leading to a critical decrease
of particle cohesion in soil.
Laboratory and visual observations of the ﬁeld carried out by the authors
have indicated no excessively wet periods that could induce insuﬃcient
aeration (oxygen stress) occurred on the highly permeable soil. Hence, the
negative relationship between the K factor and soil permeability relative
to the excess of silt content could result mostly from low excessive
penetration of water in denser soils. It is known that the content silt + very
fine sand lacks adhesion properties and it can be moisturized, this content
becomes easily broken and transported, leading to an increased impact on
soil erodibility.
The value for organic matter, of 3.45% in this class of soil, has reduced the
erodibility value but not by enough to alter its classification of high
erodibility (mean value of 0.36) (Table 1). The dataset of organic matter
has shown that almost 65% of the OM content had soil organic carbon
(SOC) less than 2%, which could explain that soil aggregates were
considered unstable; meanwhile, only 24% of SOC content had soil
aggregates very stable (SOC > 2.5%) [55]. Consequently, increasing the
amount of organic matters in soil protect aggregates from disintegration
in such a way that by considerable increase of organic matters,
disintegration of the aggregates could be reduced. Also, the presence of
organic and clay coatings usually increases soil aggregate stability, hence
soil degradation and erodibility [56]. Moreover, the soil erodibility
increase with samples from croplands has higher values of susceptibility
as a result of their high sandy content. Sandy soils are known to have low
cohesive force and are prone to detachment and transportation by water

The cross-validation results of the mean K value of the estimation of error
(ME) was very low, i.e. close to zero, which has shown that a spherical can
be estimated by the Kriging method. Also, the low value of the root mean
square of error (RMSE) indicated that the estimation had an acceptable
accuracy. Therefore, the results of the control semivariogram have shown
the suitability of estimation by Kriging (Figure 3). Thus, these two
statistical parameters previously analyzed have presented summarily the
indicators which helped to choose the most appropriate model of
semivariogram for the creation of a prediction K map. Also, the strong
spatial dependency, due to the changes in intrinsic soil characteristics, was
controlled by such elements as the soil texture and the soil type.
Gstat-R package was used to calculate the soil erodibility factor and create
the spatial distribution map for the entire study area. The variability of
spatial soil properties can be inﬂuenced by natural factors (such as
particle-size composition and topography) and anthropogenic factors
(such as land cover or management practices) [58]. The map of the spatial
variation of K factor has shown that El Hammam catchment has relatively
moderate erodibility that ranged from 0.17 to 0.28 t.ha.h.ha−1.Mj−1.mm−1
with a contribution of 24.50% (Figure 4a). Meanwhile, the severe and
considerably severe soil erodibility levels were greater than 0.28 and
included 75.41% of the basin area. These levels were considered poorly
graded silt or fine sandy soil.
The general trend has shown that lower soil erodibility was mainly
observed in western, southwestern and southern part and higher soil
erodibility was predominant in the middle, western, extreme
southwestern and southeastern parts, as shreds, in the study area (Figure
4a). The intensive cultivation triggered the dominance of silt particles and
lack of SOM in the soil system. These intensive practices decreased OM in
soils, making them poor and vulnerable to the soil erosion process. This
eventually led to the aggravation of soil erosion. The eastern part of the
basin is bestowed with sparse forest land. In fact, land use types played
the most prominent role in determining the variation of soil properties
and thereby dictated the risk of soil erosion.
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Figure 4: Soil erodibility map (a) and K standard error map (b) for El Hammam catchment.
Areas with severe erodibility in the basin have high amounts of silt and
very fine sand, as a result, these soils tend to have moderate to low
permeability and low resistance to particle detachment. El Hammam
catchment is less rich on clay particles. It should be noted that these
particles might be less susceptible to erosion than other types because of
their ability to form stable aggregates. It is notable that in the study basin,
despite being a clay soil in some parts of the basin, it has the influence of
chemical properties that affect this property such as the high exchangeable
Na+ percentage found in the the Solonetz soil, because it acts as an ion that
disperses the soil particles. It is also responsible for separating organic
matter particles of sand, silt and clay, causing poor structure in the soil
[59].
To ascertain further reliability of the erodibility surface map developed by
ordinary kriging, the standard error maps were also created (Figure 4b).
The error map has indicated that the interpolated surface map to predict
the spatial variation of soil erodibility was quite reliable and can be used
for developmental purpose. It is northworthy to mention that higher error
values were associated with the areas having low sampled point cloud and
where higher potential erosion risk was expected.

error. The range of the spatial variation of soil erodibility factor was 460m.
Results of this research have revealed that the soil erodibility in this
catchment was classified from moderate up to severe level. The estimated
soil erodibility factor had the highest values, exceeding 0.28, spread all
over the basin, while the lowest values of soil erodibility factor were
observed as small and scattered parts. Soil texture, organic matter content,
soil structure, and permeability have presented the soil properties that
could influence the soil erodibility. However, the ability of clay particles to
form stable aggregates that might oppose particle detachment could not
reduce the potential soil erodibility because of its reduced content in the
study area. In addition, erodibility values were derived solely from soil
properties and did not consider factors such as slope, rainfall, land use or
agricultural soil practices.
The spatial patterns of soil erodibility obtained from the semivariogram
model were successfully acquired over the study area and quite reliable. It
can have a significant implication in prediction of land degradation and
help to define the location and the type of soil conservation practices to
use through the catchment.
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