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Abstract: Arsenic (As) toxicity has become a major problem
since a few decades in different parts of Bangladesh mainly due
to the massive groundwater extraction for both drinking and
irrigation purposes. This study was undertaken to investigate
the spatial variation and spatial dependency of soil As at four
locations in Bangladesh. Composite soil samples were collected
at 0 — 45 cm depth in a grid area of 1 m?to conduct the study
of a shallow tube well command area (micro level). Based
on composite soil sampling in four different study locations,
laboratory analysis and statistical modelling, the spatial
variation and dependency of soil As was estimated. Four study
area maps were digitised using ArcGIS. Arsenic concentration
varied widely within the study areas. The extent and
propensity of As concentration was higher in areas with a high
concentration of As in groundwater and soil. About 15.01 ppm
of As is loaded into soils through groundwater irrigation every
year in the As affected areas. The semi-variogram model for
describing spatial dependency of soil As was found to be scale
dependent. At study area scale, the appropriate model was
identified as spherical. Kriging method appeared to be more
suitable to create an interpolated surface for study area scale.
Development of As tolerant rice varieties, promoting cropping
patterns that require less irrigation water, and alternate wetting
and drying (AWD) method can be remedial measures to reduce
As contamination in soil as well as in the food chain.

Keywords: Arsenic, geostatistics, interpolation, kriging, semi-
variogram, soil.

INTRODUCTION

Soil pollution is posing a significant threat to human
health and environmental quality across the globe.

Among the range of pollutants, deposition of different
heavy metals (HM) has drawn considerable attention
over the last few decades (Franssen et al., 1997). Arsenic
(As) concentrations in soils in some areas, particularly
in agricultural lands, have reached threat levels. In order
to develop effective management recommendations,
spatial patterns of pollutants must be known. In practice
however, it is difficult to characterise this spatial pattern
accurately. Polluted areas show complex spatial patterns,
high coefficient of variation and occurrence of hot spots
of locally contaminated soils (Franssen et al., 1997).
Predictions of polluted areas are often based on geo-
statistical methods, which calculate unbiased estimates
of heavy metal concentrations at un sampled locations
(Atteia et al., 1994; Goovaerts, 1997; Meuli et al., 1998;
Van Meirvenne & Goovaerts, 2001). These methods
provide either an estimated mean value of heavy metal
concentration or the probability of exceeding a given
threshold level (Cattle et al., 2002).

Bangladesh is one of the most severely As polluted
countries in the world. The scenario of As pollution
has become critical, particularly because of the
massive groundwater extraction for both household
and agricultural purposes. Majority of the wells in the
As prone areas are, however, known to be naturally
contaminated by As, which occurs in alluvial soils of
Bangladesh (Acharyya et al., 1999). About 35 million
people in Bangladesh are vulnerable to As pollution
through drinking polluted water containing >50 pg L' As.
In addition, cultivation of staple crops such as rice and
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other cereals and vegetables in large areas of Bangladesh
mainly depends on As contaminated groundwater as
the source of irrigation (Nickson et al., 1998; Panaullah
et al., 2003). Such agricultural practices increase the
level of As pollution in arable soil (Alam & Satter, 2000),
which in turn may lead to increased As concentrations
in cereals, vegetables and other agricultural consumables
(Abedin, 2002; Alam & Rahman, 2003; Duxbury et al.,
2003; Meharg & Rahman, 2003). It is evident from
the above that As is causing a high level of poisoning
in Bangladesh through drinking polluted water coupled
with consuming As contaminated foodstuff. Therefore, it
is of utmost importance to improve our understanding of
the As problem and find a way of mitigation by exploring
the sediment-water-soil-crop-human system.

The primary requisite to develop an effective
pollution-mitigation strategy is to understand the
spatial distribution pattern of the particular pollutant.
However for As, it is often challenging to accurately
characterise the affected areas because of its complex
spatial pattern of distribution, high degree of variation
among different locations and occurrence of hot spots
in locally contaminated soils (Franssen et al., 1997).
Predictions of polluted areas are often based on geo-
statistical methods, which calculate unbiased estimates
of heavy metal concentrations at unsampled locations
(Atteia ef al., 1994; Goovaerts, 1997; Meuli et al., 1998;
Van Meirvenne & Goovaerts, 2001). These methods
provide either an estimated mean value of the heavy
metal concentration or the probability of exceeding a
given threshold level of the pollutant (Cattle ez al., 2002).

Little is known on the spatial variability of As
concentration in irrigated and non irrigated soil and its
impact on As accumulation in rice grain and straw. To
understand the geo-statistical processes, knowledge on
the spatial variability of As in soils is essential. Geo-
statistical methods can be utilised as powerful tools to
explore As pollution, provided that sufficient data on the
spatial variability of As in soils is available. Such methods
are generally used for characterising large-scale spatial
distributions of soil properties in precision agriculture. It
has a number of implications: it can potentially delineate
the spatial variability of soil As; it will reveal the real
situation of As pollution in Bangladesh, which may
assist formulating a future policy on the management
of As problem. It can also provide with an advanced
methodology to facilitate spatial interpolation and
quantification of spatial temporal variability in soil
variables (McGrath et al., 2004; Robinson & Metternicht,
2006). The geo-statistical approach has gained popularity
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for analysing spatial structure and spatial distribution of
other soil heavy metals (Imperato et al., 2003; Ahsan
et al., 2009; Wu et al., 2009; Zhang et al., 2009). For
example, ‘kriging’ is a precise estimator for spatial data
analysis as it is unbiased and is capable of minimising
total uncertainty (Isaaks & Srivastava, 1989). Although
Bangladesh is one of the most As affected countries in
the world, the spatial variation and spatial dependency
of soil As concentration are still mostly unknown.
Therefore, this paper is aimed at describing the spatial
variation of As in Bangladesh soils and also identifying
an appropriate semi-variogram model for describing
spatial dependency of soil As.

METHODOLOGY
Study site

The study was conducted in four different locations:
Faridpur Sadar (Faridpur District), Tala (Faridpur
District), Brahmin Baria (Brahmin Baria District)
and Sonargaon (Narayanganj District) in Bangladesh
(Figure 1).

Soil sampling and analysis

Soil samples were collected from Boro Rice (dry season
rice) fields irrigated with As contaminated water and
transferred to airtight polyethylene bags. Composite
soil samples were collected from 0 — 45 cm depth in a
1 m? area in 2004 and brought back to the Soil Science
Laboratory of the Bangladesh Rice Research Institute
(BRRI). The collected soil samples were immediately
sun-dried and then oven-dried at 60 °C for 72 hrs. The
dry soil samples were ground and sieved through a
2.0 mm sieve. Each sample point was geo-referenced
using GPS coordinates. For Faridpur command area the
sample size was 101 (Figure 1); 63 for Tala (Figure 2);
96 for Brahmin Baria (B. Baria) (Figure 3) and 144 for
Sonargaon (Figure 4). Distribution of the sampling points
covered the field quite evenly for all command areas. The
average sampling interval was 12.35 m grind points over
an area of 1.54 ha for Faridpur. It was 12.64 m grind
points over an area of 1.01 ha, 13.9 m grind points over
an area of 2.43 ha and 18.53 m grind points over an area
0f'4.95 ha, respectively for Tala, B. Baria and Sonargaon.

Smaller sampling intervals were chosen to resolve
any short-scale variation that might be present. The soil
samples were air-dried and analysed by Tri Acid method
and the results of the soil elements (As, Fe, Mn, P, OC,
pH and soil texture) were recorded accordingly.
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Figure 1: Distribution of the sample points in Faridpur command
area, Faridpur

Figure 2: Distribution of the sample points in Tala command area,
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Figure 3: Distribution of the sample points in Brahmin Baria
command area, Brahmin Baria

Geo-statistical methods

Descriptive statistical analysis (such as mean, median,
mode, minimum, maximum, standard deviation,
coefficient of variation and percentages) was used to
summarise soil As concentration data. Semi-variograms
were calculated to determine the spatial variations in
As content. After normalisation of the data, maximum
lag distance and lag interval for the semi variance were
determined iteratively to best fit the model having the
highest R? and the lowest residual sum of squares (RSS).
Akaike information criterion (AIC) and inverse distance
weight (IDW) methods were used for interpolation of the
soil As kriging. Finally, the best method of interpolation

Figure 4: Distribution of the sample points in Sonargaon command

area, Narayanganj

was selected using the root mean square error (RMSE)
and cross validation. A map of soil As distribution was
prepared using this interpolation data and geographical
information system (GIS).

Semi-variogram models

Normally a variogram model is fitted through the
emperical semi-variogram values for the distance classes
or lag classes. Variogram properties such as the sill, range
and nugget can provide insights on which model will fit
best (Cressie 1993; Burrough & McDonnell, 1998). The
experimental variogram is fitted by a theoretical model
v(h), which can be a spherical, exponential or Gaussian
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model, and three parameters of the fitted model - the
nugget effect, the sill and the range - are determined
(Deutsch, 2002). These models can be categorised by the
presence or absence of a sill and by the behaviour at the
origin, which is either linear or parabolic. Figure 5 shows
the experimental variogram.
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Figure 5: Experimental variogram

Co, which is commonly called the nugget effect, provides
the intercept of the semi-variogram with the vertical axis.
In an ideal case where there is no measurement error,
the nugget value is zero. A, commonly called the range,
provides a distance beyond which the variogram value
remains essentially constant. Co + C, commonly called
the sill, will no longer increase with distance, causing
a flat region on the semi-variogram. Sill represents the
maximum variance of the variogram and spatially-
independent variance. Data locations separated by a
distance beyond which semi-variance does not change,
i.e. after the model asymptote or sill, are spatially
independent of one another. Theoretically the sill is
equivalent to sample variance.

h is the distance between the locations, which
includes both observed and estimated locations.
Proportion of spatial structure or C/(Co+C) provides a
measure of the proportion of sample variance (Co+C)
that is explained by spatially structured variance C. R?
or regression coefficient provides an indication of how
well the model fits the variogram data. RSS or residual
sums of squares provide an exact measure of how well
the model fits the variogram data; the lower the reduced
sums of squares, the better the model fits. GS+ uses RSS
to choose parameters for each of the variogram models
by determining the combination of parameter values that
minimises RSS for any given model.

Akaike information criterion or AIC is a measure of
the relative goodness-of-fit of a statistical model. For
fitting, the likelihood is given by
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AIC =nlIn (RSS

)+2k+C
n

where k is the number of parameters in the model and
C is a constant independent of the model used, which
can be ignored in model comparisons. Given a set of
candidate models for the data, the preferred model is the
one with the minimum AIC value.

Thus, the best model for fitting an experimental
variogram was selected based on the highest R?, the
lowest RSS and the proportion of spatial structure close
to unity. The quality of the semi-variogram fit to the
data was indicated using R?, and an F-test calculated as
follows (Wang et al., 2001):

R ? n -k
— X
1-R k -1

where k is the number of parameters in the regression
model, and n is the number of samples with (k-1), (n-k)
degrees of freedom.

Spherical model
The most commonly used variogram model is the
spherical model. When the nugget variance is important

but not large and there is a clear range and sill, a curve
known as the spherical model often fits the variogram

well.
3
crafis)-4
2\ a 2\ a forh € 0, and

c,+C,

y(h)

forh>a

where a is the range, h is the lag or distance and C+C,
is the sill.

Exponential model

If there is a clear nugget and sill but only a gradual
approach to the range, the exponential model is often
preferred.

(1)
y(h)y=C, +C J1-e \2/} forh>0

Gaussian model

The Gaussian model is a transition model that is often
used to model extremely continuous phenomena. If the
variation is very smooth and the nugget variance is very
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small compared to the spatial random variation, then the
variogram can often be best fitted by a curve having an
inflection such as the Gaussian model:

h

2
y(h)=C,+C, l—e_(aj forh>0

Linear model

Non-transitive variograms have no sill within the sampled
area and may be represented by the linear model:

y(h) = C, +bh

Spatial prediction methods
Kriging

Kriging is the estimation procedure used in geo-statistics
using known values and a semi-variogram to determine
unknown values. The experimental variogram measures
the average degree of dissimilarity between unsampled
values and a nearby data value (Deutsch & Journel,
1998), and thus can depict autocorrelation at various
distances. The value of the experimental variogram for a
separation distance of h (referred to as the lag) is half the
average squared difference between the value at z(x;)
and the value at z(x; + h) (Lark, 2000; Robinson &
Metternicht, 2006):

n(h)

1 2
v(h) = T(h); [z(x;) —z(x; + h)]

where 2n (h) is the number of data pairs within a given
class of distance and direction. If the values at z(x;)
and z(x; + h) are auto correlated, the result of the
equation will be small relative to an uncorrelated pair
of points. From analysing the experimental variogram,
a suitable model (e.g. spherical, exponential, Gaussian
and linear to sill models) is then fitted. Cross validation
was done to validate the accuracy of the fitted models
for prediction. The models were compared using R? and
RSS and the best fit was selected for the kriging phase.
The model with the highest R? and the lowest RSS value
was selected. The spatial dependency of As in soil was
evaluated by weighted least squares and the parameters
(e.g. range, nugget and sill) were then used in the kriging
procedure.

Inverse distance weight (IDW)

In interpolation with the IDW method, a weight is
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attributed to the point to be measured. The amount
of this weight depends on the distance of the point to
another unknown point. These weights are controlled on
the bases of power of ten. With increase of the power
of ten, the effect of the points further diminishes. Lesser
power distributes the weights more uniformly between
neighburing points. In this method, the distance between
the points counts, so the points of equal distance have
equal weights (Burrough & McDonnell, 1998). In this
method, the weight factor is calculated with the use of
the following formula:
- o
o= P

1: n
- o
> D
i=1

). is the weight of point, D, is the distance between point i
and the unknown point, and o is the power ten of weight.

Comparison between the different methods

Finally, the RMSE was used to evaluate model
performances in cross-validation mode. The smallest
RMSE indicates the most accurate predictions. The
RMSE was derived from the following equation
1< )
RMSE = \gZ[Z(xi)—Z*(xi)]

i=1

where z(X,) is the observed value at point X;, Z >“(xi)]z
is the predicted value at point X;, and N is the number
of samples.

Data analysis

Data were analysed using different statistical software
packages. The descriptive statistical parameters were
calculated using SPSS (version 16). Maps were produced
using ArcGIS (version 9.2). The geo-statistical analyses
and the probability calculations were performed using
GS+ ( for windows version 5).

RESULTS AND DISCUSSION

The descriptive statistics of soil As at the four study sites
are shown in Table 1. Results revealed that the mean
concentrations of soil As were 9.42, 13.15, 20.40 and
8.82 ppm within the range of 3.21 to 24.43, 6.99 to 18.99,
14.26 to 25.19 and 4.31 to 15.79 ppm, respectively in B.
Baria, Faridpur, Tala and Sonargaon. For agricultural soil
the acceptable As limit is 20.0 ppm as recommended by
the European Community (Smith, 1998; Abedin, 2002;
Rahman et al., 2007). According to WHO recommendation
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the permissible As limit in rice grain is 1.0 ppm (Smith,
1998; Abedin, 2002; Rahman et al., 2007). Therefore,
soil As concentration has exceeded the critical level
(>20 ppm) only in Tala. The mean concentration of As
in rice grain from the command areas was found to vary
from 0.23 to 0.42 ppm (ranging from 0.08 to 1.07 ppm)
which did not exceed the permissible limit (1.0 ppm)
according to WHO recommendation (Rahman et al.,
2007; Abedin et al., 2002; Smith, 1998). The remarkable
shielding of rice grains from contaminated soil As is
consistent with several previous studies (Abedin, 2002;
Rahman et al., 2007). The median value of soil As in
Tala (20.46 ppm) exceeded the critical value (20 ppm),
however, all the other descriptive values were lower than
the critical value. The higher mean value than the median
value indicated the influence of a few samples with
high As levels. Comparing the standard deviations with
means, the distributions were not found to be symmetrical
(Atteia et al., 1994). The standard deviation of soil As at
Sonargaon was close to 1/3 of the mean. All the other
values of standard deviation were not equal to 1/3 of the
mean indicating the non-normality of the distribution of
As data. According to Carvalho ef al. (2002) values of
skewness and kurtosis were close to 0 and 3, respectively
and are indicative of a normal distribution. Skewness of
soil As in Faridpur (0.09 ppm) was close to 0 and other
data on As was strongly skewed. In case of kurtosis,
none of the coefficient of kurtosis values was close to 3.
Non-normality of the distribution of As data in terms of
skewness and kurtosis is an indication of the need for
transformation of data for further analyses. The required
transformation was determined using GS+ software
based on the criteria of having skewness close to 0 and
kurtosis close to 3. In B. Baria and Sonargaon soil As
data required log normal (LN) transformation; however,
in Faridpur and Tala no transformation was required.
The coefficient of variation (CV) was classified as:
<10 % low; 10 — 20 % medium; 20 — 30 % high and
>30 % very high (Gomes & Garcia, 2002). A very high
variability was observed in soil As in B. Baria ranging
from 32.89 to 69.36 % except for that in Faridpur, Tala
and Sonargaon. Soil management may be contributing
to the great variability of data in the study area because
distribution of irrigation water was not homogeneous
due to the lack of plot levelling. This fact might have
caused a modification of the natural spatial variability of
soil elements.

Concentration of As in soil samples in four command
areas

The concentration of As in soil samples obtained from
the four command areas is presented in Table 2. In the
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case of soil sampled from B. Baria, 65 % contained less
than 10 ppm As, 29 % contained between 10 — 20 ppm
and 6 % contained more than 20 ppm. In Faridpur,
8 % of the samples contained less than 10 ppm As and
92 % contained between 10 — 20 ppm. In Tala, the As
concentration was less than 10 ppm in 47 % of the samples
and was between 10 — 20 ppm in 53 % of the samples.
In Sonargaon, 73 % soil samples contained As less than
10 ppm and 27 % contained between 10 — 20 ppm.

Table 1: Descriptive statistics of soil As in Faridpur, Tala, B. Baria

and Sonargaon

Parameters Soil As (ppm)
Faridpur Tala B.Baria  Sonargaon

Mean 13.15 20.40 9.42 8.82
Median 12.90 20.46 4.85 8.42
Mode 13.26 19.41 3.21 11.31
Min 6.99 14.26 3.21 431
Max 18.99 25.19 24.43 15.79
Sd 2.51 2.48 5.38 2.63
Skewness 0.09 -0.11 0.89 0.78
Kurtosis -0.18 -0.25 -0.10 -0.12
CV (%) 19.10 12.13 54.05 29.80
Transform None None LN LN
Table 2: Percentage distribution of As concentration in soil in

Faridpur, Tala, B. Baria and Sonargaon

As Percentage

concentration Faridpur Tala B. Baria Sonargaon
<10 ppm 8 47 65 73

10 — 20 ppm 92 53 29 27

> 20 ppm 0 0 6 0

Table 3: Soil As and textural parameters of surface soil under

different command areas

Location  Sample SoilAs OM Soil textural parameters
size (no.)  (ppm) Sand % Clay % Silt %
Faridpur 100 13.15  1.23 2450 3442 38.08
Tala 60 20.40  1.07 4.98 3540 56.62
B. Baria 96 9.42 2.10 20.33 2643 5324
Sonargaon 144 8.82 1.99 4.69 85.31 4.00
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Relationship between soil As and soil parameters

The relationship of soil As, organic matter (OM) and soil
texture is presented in Table 3. It was observed that the
soil As content decreased with the increase of soil OM.
Besides, soil As content was higher for soils with higher
silt and lower with higher clay contents.

Semi-variogram models
Selection of the best semi-variogram model

From Tables 4a to 4d, it is evident that the range of spatial
dependency of soil As within the study areas of B. Baria,
Faridpur, Tala and Sonargaon was about 250.6, 31.1, 64.1
and 66.8 m, respectively. The lag distance was 207, 80,
90 and 222 m, respectively in B. Baria, Faridpur, Tala and
Sonargaon. Such findings indicate that the As content in
Sonargaon soil is more dispersed and weakly correlated
with increasing distance followed by B. Baria, Tala and
Faridpur. The lag interval in B. Baria, Faridpur, Tala and
Sonargaon was 20.7, 8.0, 9.0 and 22.2, respectively. The
nugget effect of soil As was 0.001, 0.29, 1.1 and 0.06,
respectively in B. Baria, Faridpur, Tala and Sonargaon
indicating a small analytical error and less variability
in B. Baria and Sonargaon. A high analytical error and
a high variability of soil As was found in Faridpur and
Tala within the lag intervals. The sill value of soil As
was 0.573, 5.55, 7.9 and 0.116, respectively in B. Baria,
Faridpur, Tala and Sonargaon. The proportion of spatial
structure or C/(C+C) statistic provides a measure of the
proportion of sample variance (C +C) that is explained
by spatially structured variance C. The proportion of
spatial structure to sampling variance was close to unity
for soil As at B. Baria (100 %), Faridpur (95 %) and Tala

185

(86 %), indicating less variability in As within the lag
intervals, and the semi-variogram model explained most
of the sampling variation. For soil As at Sonargaon, only
52 % of the sampling variance within the lag interval
could be attributed to spatial structure, which indicated
that some factors other than the distance contributed to
the variation of As levels within the command areas.
Regression coefficient (R?) provides an indication of
how well the variogram model fits the data. The value of
R? for soil As was 0.98, 0.98, 0.98 and 0.93, respectively
in B. Baria, Faridpur, Tala and Sonargaon. All the
regression coefficients were highly significant at Fo o, i1, nk
indicating that in almost all the cases the spherical model
fits very well with the variogram data, where k is the
number of parameters in the model. Residual sums of
squares (RSS) provide an exact measure of how well the
variogram model fits the data; the lower the residual sum
of squares, the better the model fit. The minimum value
of RSS for soil As was 0.0076, 0.388, 0.891 and 0.0002,
respectively in B. Baria, Faridpur, Tala and Sonargaon.
Akaike information criterion (AIC) values provide a
means for model selection. The lowest values of AIC
for soil As were -900.62, -555.75, -262.29 and -1936.13,
respectively in B. Baria, Faridpur, Tala and Sonargaon.
For soil As, the neighbourhoods were 10, 10, 10 and 6,
respectively in B. Baria, Faridpur, Tala and Sonargaon.
Finally the results showed that based on the criteria
used to judge the competence of a model, the spherical
model, in general, fitted well in almost all the cases. In
many previous studies, the spherical model was found
to be the most used for computing semi-variograms of
soil (Cambardella et al., 1994; Grego & Vieira, 2005;
Siqueira et al., 2008). The semi-variograms of soil As for
all the command areas were therefore computed using
the spherical model and are presented in Figure 6.

Table 4a: Comparison of variogram models for soil As in B. Baria

Parameters Spherical Exponential Linear Linear to sill Gaussian
Range (m) 250.6 1354.8 196.4 413.7 189.5
Lag distance 207 207 207 207 207
Lag interval 20.7 20.7 20.7 20.7 20.7
Nugget (C,) 0.001 0.001 0.018 0.020 0.043
Sill (C,+ C) 0.573 1.581 0.574 1.186 0.546
Proportion of structural

variance to total sampling 1.00 1.00 0.97 0.98 0.92
variance: Q = C/(C+C))

C,/(C+C,) *100 0.0 3.0 2.0 8.0
R? 0.99 0.98 0.95 0.95 0.96
RSS 0.0076 0.0076 1.150 0.013 0.025
AIC - 900.62 -900.62 -418.76 - 849.09 -786.31
Neighbourhood 10 10 10 10
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Figure 6: Semi-variogram models for soil As in the command areas

Spatial dependency of the semi-variogram models

The ratio of nugget variance to sill is presented in Tables
4a to 4d, showing that for soil As this ratio was < 25 %
in B. Baria, Faridpur and Tala, which exhibited strong
spatial dependence among sample points. However,
in Sonargaon, it showed moderate spatial dependence
(48.7 %). Therefore, there was no spatial dependency
beyond the above ranges of the command areas. However,
within a study area, the nature and extent of dependency
were not uniform in all the sampling sites. In B. Baria, the
extent of spatial dependency spread up to long distances in
all cases, whereas in Tala it was true for most of the cases.

Selection of interpolation methods

For the determination of the most suitable interpolation
method, root mean square error (RMSE) technique was
used. The results of RMSE are presented in Table 5.
Irrespective of the location and variates the RMSE value
of kriging was less than that of inverse distance weight

(IDW). The results indicated that the geo-statistic
method (kriging) was relatively more precise than the
IDW method. This result was in line with the previous
findings of Safari (2002), Nazari et al. (2006), Ahmed
(2002) and Barca and Passarella (2007).

Spatial variability of soil As in command areas

The interpolated maps of soil As are presented in
Figure 7. As observed 40 % of the area of B. Baria
exhibited an As level >10 ppm, while more than 5 % of
the area fell under As level >20 ppm. On the other hand,
in Faridpur, more than 90 % of the area fell under As
level >10 ppm. In Tala, it was 100 % and in Sonargaon
it was more than 30 %. Among the command areas
the As concentration in the soil of B. Baria showed a
decreasing trend with the increase of distance from the
tube well. Such a trend, however, was not consistent
in the other study areas, where As was distributed in
patches spread over the study areas. However, in Tala
the As concentration was high along the irrigation drains
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Table 4b: Comparison of variogram models for soil As in Faridpur

Parameters Spherical Exponential Linear Linear to sill Gaussian
Range (m) 31.1 39.6 76.1 144.7 25.8
Lag distance 80 80 80 80 80
Lag interval 8 8 8 8 8
Nugget (C)) 0.290 0.010 3.125 3.140 1.060
Sill (C, +C) 5.548 5.732 6.379 9.287 5.541
Proportion of structural

variance to total sampling 0.95 1.00 0.51 0.66 0.81
variance: Q = C/(C+C))

C,/(C+C)) *100 5.0 0.0 49.0 34.0 19.0
R? 0.98 0.97 0.58 0.58 0.98
RSS 0.388 0.531 36.7 6.74 0.388
AIC - 555.75 - 524.06 -96.25 -267.41 - 555.75
Neighbourhood 10 10 10 10 10

Table 4c:  Comparison of variogram models for soil As in Tala

Parameters Spherical Exponential Linear Linear to sill Gaussian
Range (m) 64.1 80.4 85.3 125.0 53.35
Lag distance 90.0 90.0 90.0 90.0 90.0
Lag interval 9.0 9.0 9.0 9.0 9.0
Nugget (C)) 1.10 0.010 2.894 2.920 2.060
Sill (C,+ ©) 4.897 8.487 9.024 11.849 4.881
Proportion of structural

variance to total sampling 0.86 1.00 0.68 0.75 0.74
variance: Q = C/(C+C))

C,/(C+C,) *100 14.0 0.0 32.0 25.0 26.0
R? 0.98 0.97 0.81 0.81 0.97
RSS 0.891 1.16 114.0 4.43 1.14
AIC -262.29 -245.67 43.36 -161.25 - 246.76
Neighbourhood 10 10 10 10 10

Table 4d: Comparison of variogram models for soil As in Sonargaon

Parameters Spherical Exponential Linear Linear to sill Gaussian
Range (m) 498.0 192.6 210.1 4344 484.1
Lag distance 222 222 222 222 222
Lag interval 222 222 222 222 222
Nugget (C)) 0.075 0.057 0.0773 0.0774 0.085
Sill (C,+ ©) 0.152 0.116 0.120 0.167 0.171
Proportion of structural

variance to total sampling 0.50 0.50 0.36 0.54 0.50
variance: Q = C/(C+C))

C,/(C+C,) *100 0.50 0.50 64.0 46.0 50
R? 0.79 0.93 0.77 0.77 0.64
RSS 0.0005 0. 0002 0.0074 0.0005 0.0008
AIC - 1804.18 - 1936.13 - 1416.16 - 1804.18 - 1736.50
Neighbourhood 6 6 6 6 6
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Table 5:  Best interpolation method according to
RMSE
Command area Soil IDW
kriging
B. Baria 3.458 3.550
Faridpur 6.6529 6.6872
Tala 3.458 3.572
Sonargaon 4.4413 4.7120

and the low zone of the command area. This may be due
to more As deposition in the lowest areas compared to
the elevated areas. Besides, due to the variability in soil
characteristics a safe level in one soil may be unsafe in a
different soil.

Cross-validation analysis of interpolated surface of
As concentration

The results of cross-validation analysis of interpolated
surface of As concentration based on scatter diagram
and the estimated regression lines are displayed in

M.S. Kabir et al.

Figure 8, and the results are summarised in Table 6 for
all study areas to satisfy the hypothesis testing regression
coefficient (B) of estimated interpolated values on actual
values, = 1, with alternative hypothesis § # 1, showed
that the regression coefficient in all study areas were
close to 1. This indicates a fairly good agreement of the
estimated regression line with the 45- degree line on the
graph.

CONCLUSION

Detailed geo-statistical analysis of As distribution helps
to gather more information on the variability of As
concentrations in soil. The spatial dependency of soil As
gives an indication that longer irrigation channels prior
to inlets into rice fields, and prevention of standing water
for long periods in rice plots could be positive measures
in reducing As loading in irrigated rice soils. Moderate to
strong spatial dependence was observed at micro level.
At all levels of command areas the As concentrations
in soil varied widely. The concentration of As in soil
decreased with the distance from the tube well and
with increase of soil OM. Besides, soil As content was

Soil As (ppm)
34-5.7
569-80
103 - 126

. 126 - 149
149 - 172
172 - 105
195-218

80-103
B 218 - 242

B. Baria

Soil As (ppm)
275- 1084
1509 - 15.98
1599 - 16.87

B 1687 - 17.76

Farldpur 1064- 11.53
1153 12.92
12.42- 13.31
1331- 14.2
142 - 1509

Tala

Soil As (ppm).

Sonargaon

14.37 - 15.36

Figure 7: Map of spatial variation of soil As in four locations
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Figure 8: Cross validation interpolated surface of soil As in four command areas
Table 6: Regression coefficient for cross validation of B.C., Guha S. & Bhowmik A. (1999). As poisoning in the

interpolated surface

Command area

Interpolated surface

Soil As
Regression SE
coefficient (b)
B. Baria 1.00 ns 0.073
Faridpur 0.85 ns 0.109
Tala 0.98 ns 0.153
Sonargaon 0.76 ns 0.129

higher for soils with higher silt and lower with higher clay
content. Within the command area, the nature as well as
the extent of dependency was not the same in all locations.
The spherical model, in general, fitted well to almost all
the cases in command areas. Based on the results the geo-
statistic method (kriging) was relatively more precise than
the IDW method for micro level studies.
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