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State Space Analysis of Soil Water Content and Textural
Fractions

A.M. Al-Omran
Soil Science Department, College of Agriculture,
King Saud University, Rivadh, Saudi Arabia

Abstract. Soil texturai fractions were measured jointly with soil water content (%) along 450 m transect
in calcareous loamy (Torripasamments}) at the College of Agriculture Experimental Station, Rivadh.,
Saudi Arabia. Soil samples were taken every 5 m along the transcct. State space approach was used to
analyze the two series of sand and water contents. The results indicate that the technique could be used
to interpolate the sand percent values from soil water content data with very few measured data of sand
percent. They indicate that 35 m distance between sand determinations can be used to interpolate sand %
for distance of 5 m apart. Using the state space approach with observed values at 35 m of sand % and at
5 of soil watcr content resulted a correlation coefficient of 0.89 of measured vs estimated sand % at a dis-
tance of 5 m.

Introduction

The large spatial variability of textural fractions and soil water content in the fields
has been reported by many investigators [1-4]. Due to the large spatial variability of
textural fractions in soils investigators suggested that many observations were
required to characterize the soil properties along the field. However, applying the
concepts of geostatistics in analyzing the data provides mean of reducing the number
of observations necessary to characterize these properties. For instance, Vauclin e¢
al. [4] found that the measurements of sand, silt, clay and available water content can
be taken at the range of 35-50 m rather than 10 m apart without losing the precision
of the measurements using the geostatistical technique. State space model intro-
duced by Shumway [5] provides another approach to analyze the field observations
of agronomy and soil science. Morkoc et al. [6] showed that observations of soil tem-
perature and incomplete observtions of soil water content can be jointly used to esti-
mate missing soil water content values. Shumway et al. [7] reported on the data of
Morkocetal. [6 & 8] using mean transect values of crop yield, water content, temper-
ature and salt concentration at intervals of 1 m. They compared a multivariate model
of state space to univariate spline model, and concluded that a multivariate model of
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crop yield, temperature, water content and salt concentration does not significantly
improve the crop yield estimate over that of the univariate (yield) model. However,
joint analysis of correlated variables can be used to estimate the variable that is more
time consuming and difficult to measure.

The objectives of this study are (1) to introduce state space technique as a new
method for data interpretation to researchers in agronomy and soil science at the
College of Agiculture, Riyadh; (2) to utilize the state space approach in analyzing
sand % and soil water content along the transect; and (3) to demonstrate the utility
of the model to interpolate the sand and soil water content along the transect.

Experimental data

The data were collected from the field at King Saud University Experimentai
Research Station, Riyadh. The experimental site consists of about 19 hectares in
northwestern corner of the station. The soil is classified as calcareous loamy soil
(Torripsamments) and was not cultivated. One transect was laid out in the experi-
mental site and was sampled from south to north every 5 m for 450 m long. The
gravimeteric soil water content measurements were taken in October 1989, where
soils in the region were very dry after a long hot and dry summer. Particles size distri-
butions were estimated by hydrometer method for all the samples at the same loca-
tions on the less than 2-mm fractoin. Sand % was determined by the difference.

Theory

To achieve our objectives in determining the textural propertics which are cor-
related with space to soil water content, state space models were used. The state
space approach was introduced by Kalman [9] and Kaiman and Bucy {10] in their
aerospace research. The method has been applied to data in different academic fields
such as economics [11], hydrology [12] and soil science [5, 6, 8, 13 & 14]. The general
model as described by Shumway et ¢l [7] in details, assumes that some unobserved
pxi vector of X; = (X;,....X,,) can be observed through the gxl observation equa-
tion:

Y, = A X;+V,,i=12.n (1)

where Y, denote the observed vector of soil parameters at spatial point i, A, is
qxp measurement matrix and v;is a gxl zero-mean vector with qxq covariance matrix,
cov(v;) = R. The state vector X, satisfies the state space equation, which describes
the way X; moves through space,
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X, = @ X;, + W;,i=1,2..n )

where @ is pxp transition matrix and w, is the state noise vector with mean zero and
covariance matrix Q. The model describes the way X; moves through space (dis-
tance). Since there is no assumption needed to use the approach, unlike that in krig-
ing method, measurements of sand % and soil water content do not have to be sta-
tionary as in kriging. The initial value of X is to X, with mean vectoru and covariance
E. In state spacing modeling u, ¢, E, Q, and R are estimated from the observed
series Y,,i=1,2...n by an iterative procedure using Kalman filtering, smoothing and
expeciation maximization (EM) algorithm given in Shumway [15]. The procedure is
repeated until we obtain stable value of -log likelihood function. The equations rep-
resent the observation and state space equation for the first order state space model
which we used for our data. Higher orders models can be used as described by Shum-
way [15].

Resuits and Discussion

The data of soil water content and sand % along the transect are shown in Fig.
1{a & b). Inasmuch as only one measurement of each soil water content and sand %
was made at each location. it is assumed that the local error is incorporated in each
measurement along the transect. The soil of the transect was dry art the south and
north section and wettest at the middle of the transect. The wettest section corres-
ponded to lowest sand %. There was more sand % toward each end of the transect.
The linear regression of soil water content versus sand % is shown in Fig. 2. The cor-
relation coefficient of the two variables was found to be (.69, The diagram shows the
functional relationship between two propertics, yet it ignores their spatial locations,
The use of state space approach as suggested by Shumway [5] may provide better
information by relating the two variables to each other in estimating and interpolat-
ing one variable based on information of both variables. The best suited model of
state space can be determined by using Akaike’s Informatin Criteria (AIC), Akaike
[16], and 12 value between observed and estimated data Shumway [7].

AIC = — log likelihood + 2 (number of parameters). The best suited model can
be chosen with minimum value of AIC.

The observed and estimated soil water content, using state space approach for
all determined values of both sand and soil water content, are presented in Fig. 3(a
& b). The r? value of estimated vs observed soil water content was 0.869. Fig4 (a&b)
shows the observed and estimated sand% using both variables with state space model
with all observations. The 12 valte of observed vs estimated sand % was 0.997.
Figures (3 & 4) show the state space models to estimate soil water content and sand
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Fig. 1. Gravimetric soil water content (open circles) and sand% (closed circles) along the transect.
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Fig. 2. Linear regression of soil water content and sand %.
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Fig. 3. Estimated and observed soil water content using all determined sand % and soil water content
observations (a). Regression of estimated vs measured values of soil water content {b).
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%, respectively. The coefficients in the models of soil water content and sand % are
heavily weighted on previous soil water content value and with lower weight on pre-
vious sand %. This result may indicate that so0il content can be used to interpolate
sand % values with high estimate of sand %.

The other objectives of state space model as noted by Morkoc ef ai. [6] and
Shumway er al. [7] is to utilize the approach with missing observations. Thus, such
approach was used to interpolate the values of sand % and soil water content at dis-
tance of 5 m from values of greater distances. Fig. (5) shows the estimted soil water
content considering values of soil water content at distance of 10 m and values of sand
%% at distance of 5 m to interpolate soil water content values at distance of 5 m. The
12 value of estimated vs observed is equal to 0.949. Fig. (6) shows the linear regres-
sion of estimated vs observed values of sand %, considering the value of sand % at
distance of 10 m and all values of soil water content. The results clearly indicate the
advantage of state space technique in interpolating missing values of variables as
suggested by Morkoc et al. and Shumway et al. [6 & 7]. The results showed that state
space approach is useful in estimating the missing values and interpolate the values
of sand and soil water content. Thus, the joint analysis of different variables can be
used to estimate the variable that is more time consuming and difficult to measure
from some values of the same variable and data of relevant variable which can be eas-
ity determined.

Another attempt was made to use very few determined values of sand % and all
values of soil water content to interpolate the values of sand % at distance of Sm. The
results presented in Fig. 7 show the relationship between r? values of measured vs
estimated sand % . using all data of soil water content and few data of sand %. and
the number of missing sand observations in order to cstimate them at distance of
5 m. To reach this objective all measured data of two the variables were used to esti-
mate sand %. then postulated values of sand % at given distance rather than that
uscd for measured ones:; namely at 10, 15,20, 30, and 35 m, were used beside the use
of all measured soil water content values at 5 m. The 1 values of measured and esti-
mated using only few values to cstimate all other values along the transect is indica-
tive of the goodness of the state space models. The results indicate that only 12 values
of sand % at distance of 35 m can be used in the presence of all values of soil water
content at 5 m to estimate sand % at 5 m distance. The correlation coefficient
between observed and estimated values was 0.89. Thus, we may conclude that state
space approach can be used with fewer values of sand % and all values of soil water
content to estimate the values of sand % at closer distances.
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Fig. 5. Linear regression of estimated vs measured soil water content considering 50% of soil water con-
tent data and all of sand % data.
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Fig. 7. Relationship between r? values of measured vs estimated sand % with 91, 46, 31, 23, 19, and 12 data
points used in state space models with all values of soil water content.

Conclusion

The state space approach was used on jointly measured series of sand and soil
water content every 5 meters along a transect. The results indicate that the technique
could be used to interpolate the sand % from soil water content data with few mea-
sured sand % data. Sand % can be estimated by the state space approach at 5 m using
values at 35 m of sand % and all observatoins of soil water content 5 m apart. The cor-
relation coefficient of measured vs estimated sand % at this condition was (.89 which
might indicate the precision of the state space models in interpolating the data.
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