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Abstract

The representation of point-observed environmental variables in Geographic Information Systems (GIS)
has often been inadequate to meet the need of regional-scale ecological and environmental applications. To
create a map of continuous surface that would represent more reliable spatial variations for these applications, I
present three spatial estimation methods. Using a secondary variable of the proximity to coast line together with
rainfall acidity data collected at the 63 acid rain monitoring stations in Korea, average rainfall acidity map was
created using co-kriging. For comparison, two other commonly used interpolation methods (inverse distance
weighting and kriging) were also applied to rainfall acidity data without reference to the secondary variable.

These estimation methods were evaluated by both visual assessments of the output maps and the
quantitative comparison of error measures that were obtained from cross validation. The co-kriging method
produced a rainfall acidity map that showed noticeable improvement in reproducing the inherent spatial
pattern as well as provided lower statistical error as compared to the methods using only the primary variable.
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INTRODUCTION

" The validity of information derived from a geographic information system(GIS) is crucially
dependent on the quality of data in each of the map layers. Each map layer will have some
inherent errors regarding the positional and thematic accuracies as a result of the map generation
procedure. These errors will be compounded when data are manipulated in multiple-map
operations. Of particular concern are errors generated when data derived from course sampling
are applied at a fine scale. This is often the case with data collected from sparsely distributed
point observations, such as data from climate variables, soil survey, geological survey, and many
other environmental variables.

Although these variables are among the critical variables in GIS analysis for a variety of
environmental and ecological applications, it has been difficult to define proper methods and
procedures for generating suitable data layers for GIS databases. Traditionally, point observation
data are transformed to map by tedious hand- drawing of contours, requiring visual
interpolation among the sparse point data from measurement locations. Today the process is
often automated in a two-step procedure. The first step is to predict the unknown values of a
vatiable of interest for every grid point using simple local averaging procedure or more
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sophisticated interpolation algorithms(Willmott et al., 1985; Harcum and Loftis, 1987). The
second step is to construct contour lines on the interpolated grid surface. In this paper, I will
focus on the first step of estimating data at the unsampled grid points.

Automated interpolation schemes are generally based either on a simple local averaging
process(i.e., inverse distance weighting) or on rather sophisticated interpolation methods that use
geostatistical theory. In either case, the estimation at the unsampled locations is essentially based
on a weighted linear combination of the known sample data:

L Y A 1)
i=1

where Uy is the estimate of a point variable at the unsampled location o, Ui is the actual
measurements of the variable, and w; is the weight for Ui. In case of inverse distance weighting
method, the weight w; is determined to be inversely proportional to its distance from the location
of Uy For geostatistics-based interpolation schemes such as kriging, the weights are calculated
using a spatial autocorrelation function(semivariogram) that defines the spatial self-dependence
of a variable by the lag-distance. More detailed descriptions of spatial interpolations including
inverse distance weighting and kriging can be found in Cressie (1991a, 1991b), Isaaks and
Srivastava (1989), and Burrough (1986).

For the case of environmental variables where the distances between measurement points
are sparsely distributed, the interpolated maps created by these procedures may not be adequate
to represent the site specific variations. It is similar situation for the acid rain monitoring in Korea
where the average distance between the monitoring stations is about 40 km. Furthermore, it is
important to produce a map where the estimates of the unsampled area have appropriate degree
of accuracy. The objective of this study is to define a proper methodology to create map of point
observed environmental variables, which will have more reliable estimations over the
unsampled locations.

STUDY AREA AND DATA USED

As a case study, I attempted to create rainfall acidity maps over the southern part of Korean
Peninsula. During the last few years, there has been a growing concern about acid rain over the
country. Consequences of rapid industrialization accomplished during the last few decades in
Korea have brought several environmental problems that are increasingly getting public
awareness. Acid rain is one of the environmental elements that are great concern to public and its
impacts on natural ecosystems as well as human life are often recognized as one of critical
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environmental problems in this country.

Starting from 1991, the Forestry Research Institute (FRI), a government research
organization, initiated the acid rain monitoring program to study a long term effects of acid rain
on forest ecosystem. Considering that forest lands occupy two third of the total land in Korea, the
program would contribute substantial information that are useful for maintaining forest
productivity as well as analyzing overall environmental conditions in Korea. Currently there are
total 65 acid rain monitoring stations and they are evenly distributed all over the country (Figure
1). For this study, I used rainfall acidity data that were collected during the three months from
March to May in 1992 and the average value was calculated for each of the 63 monitoring
stations within the main land. The site related data (longitude, latitude, elevation, proximity to
coast line, etc...) were collected and introduced into a GIS database. The longitude and latitude of
the monitoring stations were converted to a plane rectangular coordinate system that includes
the whole area as a single coordinate zone.
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Figure 1. Location of the 63 acid rain monitoring stations used for this study.
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SPATIAL ESTIMATIONS

Typical interpolation methods use known values of one variable to predict the same
variable at unknown locations. For instance, temperature data collected at the weather stations
are used to predict temperature values at unknown grid points. However, considering that there
are several other variables (such as elevation for the temperature) that may be correlated to the
primary variable of interest, it would be useful to include these secondary variables in the
estimation. By incorporating secondary variables during the estimation process, we might expect
advantages of both presenting site-specific variation and improving the estimation accuracy.

Incorporating the secondary variables is beneficial only when they correlate with the
primary variable to be estimated. To find the secondary variables that are correlated with rainfall
acidity, several geographical and topographical factors were analyzed.

Proximity to the coast line of western and southern part of the country showed the highest
correlation with the acidity data among the possible secondary variable analyzed (Figure 2).
Once the coordinates of each of the 63 monitoring stations were digitized, its proximity from
coast line was obtained by a simple map overlay. Topographic variables (elevation and aspect)
did not show any significant correlations with the acidity data. Since the 63 monitoring stations
were located at relatively low elevation and flat areas, the range of variations for these variables
is relatively narrow. Therefore, it seems reasonable to observe the poor correlation between
topography and acidity measurements.

A simple way to incorporate secondary variable is a regression model in which the
environmental variable can be estimated from a set of independent variables. The regression
model can be derived from the acidity data and the corresponding location variables including
longitudinal coordinate, latitudinal coordinate, and proximity to coast line. Several regression
models, however, derived from the data set did not show adequate evidence to explain the total
variation and, therefore, were not considered for this study.

Co-kriging method, that is relatively unknown to general GIS user community, was used to
incorporate a secondary variable to create rainfall acidity map. In addition to the two-variable

. estimation method, rainfall acidity maps were generated using two other commonly used single-
variable interpolation methods for comparison. Unlike co-kriging, the two other interpolation
methods (inverse distance weighting and ordinary kriging) use only a single variable itself to be
estimated without incorporating the secondary variable.

Co-Kriging Estimation

Like linear interpolation (Equation 1), co-kriging is a weighted linear estimation. However,
unlike kriging, which is a linear combination of only one primary variable, co- kriging is a linear
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i Figure 2. The relationship between the average rainfall acidity and proximity to coast
‘ line (based on the sample data collected at the 63 monitoring stations).

combination of both the primary variable to be estimated and a secondary variable that is
correlated to the primary variable. Co-kriging estimate is defined by

(@)
M=z

0=
i=1

U +% 3/ ——— )
]:

where Uy is an estimate at location o, U, is a measured point data from the primary variable,
V;is a sample from the secondary variable, and 4; and b; are the corresponding weights for U; and
V. The numbers (m and n) of neighboring samples are not usually the same for U and V unless
the two variables are only measured at the same locations.

Co-kriging can be divided into two major steps. The first step is to define the spatial self-
dependence for each of the two variables and the spatial inter-dependence between the two
variables. The spatial dependence is defined by modeling the semivariogram and cross-
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semivariogram from the sample data. Once the semivariogram and cross-semivariogram
functions have been found, the co-kriging weights 4; and b; are calculated from a system of
equations designed to minimize the variance of the estimation errors. Minimization of the error
variance is one of features that makes kriging and co-kriging more robust than other ordinary
interpolation methods. Detailed descriptions of co-kriging and the system of equations are given
by Myers (1983) and Isaaks and Srivastava (1989).

For the co-kriging estimate, [ initially calculated semivariances for each of the acidity data
and the proximity data. Semivariance is calculated by

(h)—1
W=

[NgE

(A T 3)

m =1

where m is the number of pairs separated by the lag-distance h, U, is the value of a rainfall
acidity or proximity to coast line at location i, and U, is the value at the distance h away from 1.
While there were only 63 samples for rainfall acidity data, proximity to coast line could be
obtained anywhere on the country. To calculate the semivariance and cross-semivariance,
proximity values were systematically obtained at a spacing of 10x10 km. Semivariograms
representing the change in semivariance of each variable with increasing lag-distance h, were
produced (Figure 3).

The idea of using a semivariogram to describe the spatial dependence of a variable with
itself can be extended to situations with two variables. Instead of considering the change in only
one variable, cross-semivariances consider the simultaneous change in two variables with

increasing lag distance. The cross- semivariances between rainfall acidity and proximity were

calculated as follows:
1 um
7110(1’1) = Z (Ul - ui+]1) (Vl _Vi+h) ....................................................... (4:)
2m =1

where m is the number of pairs compared, U; and V; are the sample values of rainfall acidity and
proximity respectively, and Uy,;, and V,, are the sample values of rainfall acidity and proximity
separated by the lag-distance h.

Since we are dealing with two-dimensional space rather than a one-dimensional function,
the semivariograms are also two dimensional. To examine the directional variability of
semivariances, I calculated four semivariograms from each of four major directions. Using the
four semivariograms, the anisotropy ratio and angles were determined. Each of the sample
semivariograms and cross-semivariogram was then fitted to an appropriate mathematical
function by nonlinear least square minimization procedure. As can be seen in Figure 3, the best
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fitting models for both the semivariograms and cross-semivariogram were found using
exponential function.

Once the semivariogram and cross-semivariogram models were obtained, the rainfall
acidity value at an unknown grid point could be estimated by calculatin® the co- kriging weights
in equation (2) from the following system of matrix equation:

L e S & 2O )

where W is a vector of the co-kriging weights ai and b;, C is a matrix showing the covariances of
the acidity and proximity between the neighboring samples surrounding the point to be
estimated, and D is a vector of covariances between the unknown point to be estimated and the
nearby sample points. The components in system C and D were computed from the
semivariogram and cross-semivariogram models obtained previously in Figure 3. Rainfall acidity
estimates were made for each of 2x2 km? grid cells over the country of 163x235 grids. Most co-
kriging computations described above were performed using a geostatistics package developed
by the Environmental Protection Agency (Yates and Yates, 1990).

Inverse Distance Weighting and Kriging

To compare the outcome of co-kriging estimation method, additional rainfall acidity maps
were created by applying more commonly used interpolation methods that did not use the
secondary variable. The first method used was inverse distance squared weighting to interpolate
the 63 sample data over the space of the same 163x235 grid cells. In this method, the prediction at
an unknown location was made by solving the weights in equation (1):

1/d#

3 1/d2
i=1

w; =

where d; is the distance between the sample point of U; and the location being estimated.

The kriging estimation followed essentially the same steps as co-kriging method except that
the kriging uses only rainfall acidity data without the help of the secondary variable of proximity
data. In the kriging method, only one semivariogram model (Figure 3) derived from the acidity
data was used to compute the covariances in the system of matrix C and D in equation (5).
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EVALUATIONS OF DIFFERENT METHODS

Although the ideal evaluation would be to compare the predicted values with the true
values, it is unrealistic to acquire a comprehensive data set that measures rainfall acidity for
every grid points over the entire area. The three estimation methods were evaluated by both
visual interpretations of the outcome acidity maps and quantitative assessment of statistical error
measures.

A simple and effective evaluation was carried out by visually comparing the rainfall acidity
mapé produced from the above estimation methods (Figure 4). The two acidity maps created by
inverse distance weighting and kriging, which did not incorporate the secondary variable, are
very similar in which they show a plain monotonic change from one monitoring station to
another. These two maps show a spatial pattern of rainfall acidity that tend to decrease toward
eastern part of the country.

The acidity map created by co-kriging is not much different from the two single-variable
estimation methods. Although the overall patterns of rainfall acidity are similar for all three
maps, the map created by co-kriging method shows subtle directional details that toward north-
eastiern part of the country. In addition, it does not show the distinct positional pattern
corresponding to the location of the 63 monitoring stations, which are noticeable on the two other
map%. The north-eastern directional pattern displayed at the co-kriging map is not surprising
givejn that the secondary variable used for this estimation is the proximity to south-western coast
line.% Since the proximity values are also monotonically changed to one direction without site
variation, the acidity map estimated by incorporating proximity data does not appear to
represent the site specific variations. If elevation was the secondary variable that showed high
correlation with rainfall acidity, the co-kriging acidity map would have shown site specific
variations influenced by elevation.

The reliability of the estimate is often assessed by the mean squared error (MSE) which can
account for both bias and stability of the error distribution:

1 & .
MSE = —— 2 (U; - U;)2 rverrseeveeneenenisneeseeenssnssesmsenssssssssssessssessessenss (7)
n =l

Since the three estimation methods (co-kriging, kriging, and inverse distance weighting) are
exact interpolator, in which they produce the exact sample value for each sample location, their
mean squared errors are all zero. To compensate for this limitation, I used a technique called
cross validation to indirectly measure the estimation error using the sample data set. In cross
validation, one of the 63 samples was temporarily eliminated from the data set and the
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L%

Figure 4. Maps of the estimated rainfall acidity values by three different interpolation methods:
(a) inverse distance squared weighting, (b) kriging, and (c) co-kriging.
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estimation was carried out for the location of the eliminated sample point. The estimated value
was then compared to the true value at the sample point. This exercise was repeated for each of
the remaining 62 samples. At the above equation, Ui is the measured sample value at the station i
and Ui is the estimated value at the same location obtained by cross validation.

The cross validation was applied to all three different methods. Table 1 shows the summary
statistics for the estimation errors of three methods. Co-kriging method shows the lowest
estimation error among the three methods while inverse distance weighting and kriging have
slightly higher error. Although the level of estimation error was not significant among the three
methods, co-kriging method that incorporates the secondary variable shows lower estimation
error as compared to the two single variable methods. As can be seen from Figure 5 that shows
the size of residuals by sample value, the two single-variable estimation methods show larger
residuals at low and high sample values than the co-kriging estimate. It is worthwhile to mention
that cross-validation is a way of comparing the three methods and may not be used as an
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Figure 5. Distribution residuals obtained from cross-validation. Note that the sizes of
residuals are decreased at the co-kriging estimate as compared to inverse
distance weighting and kriging.
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Table 1. Summary statistics of estimation errors computed using the 63 sample data
set. These statistics are based on the residuals produced by cross validation.

Co-Kriging Inverse-distance . Kriging
SSE 14.967 16.098 17.064
RMSE 0.487 0.502 0.516
MAE 0.368 0.392 0.399

absolute measure to advocate one method over others. True benefit of co-kriging method can be
found from its theoretical strength that minjimizes the error variance during the estimation
process.

DISCUSSIONS

The comparison of the three estimation methods was carried out usiﬁg different
approaches. The error estimates were computed based on the sample data from the 63 acid rain
monitoring stations. The stations were limited in number, restricted to relatively level areas, and
sited at low elevation area. Without an independent set of true-measured data that can be used to
test the estimated values, selecting one best estimation method could be misleading. Yet, some
general results are worth pointing out. Throughout the comparison it was clear that co-kriging
method using the secondary variable produced rainfall acidity map that shows the north-eastern
spatial pattern that is correlated to the acidity data. More importantly, the co-kriging estimates
were more reliable in terms of low estimation errors derived from cross-validation.

Probably, the most profound factor that can distinguish co-kriging method from ordinary
inverse-distance weighting method can be found from the strong theoretical basis. Co-kriging
method uses the spatial inter-dependence of the two variables that are highly correlated and
interpolates using only those neighboring samples that are within the range of influence. The
geostatistics-based methods are often considered better (or optimal) since the interpolation
weights, w; in Equation (1), are determined in a way that minimizes the variances of estimation
errors in the kriging and co-kriging methods (Burrough, 1986). Minimization of the error
variance is one of features that makes kriging and co-kriging more robust than other ordinary
interpolation methods.

The search strategy to find the neighboring samples is another important step in spatial
interpolation and deserves some comment. There is no clear rule to decide the search radius and
the number of the neighboring samples to be used for local averaging interpolations, such as
inverse distance method. With co-kriging and kriging, the search radius can be defined more
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effectively using the range of influence determined from semivariograms. The numbers of
neighboring samples to be used for predicting a rainfall acidity value are not the same for the
acidity and proximity variables. While there are only 63 points of rainfall acidity data, the
proximity data exist for every point over the entire area. In cases such as this, where the sample
number of the primary variable to be estimated is small but the secondary variable can be
collected more frequently, co-kriging should be a particularly effective estimation method.
Environmental data are often collected by relatively small number of point observations. To
overcome the limitation using only the small number of point observed data itself, other
secondary variables that is highly correlated with the environmental variable of interest can be
incorporated into the estimation procedure.

Geostatistics-based spatial interpolation techniques, particularly kriging, are used
increasingly for spatial estimation. However, it is rare to find examples of spatial interpolation
using co-kriging method. This might be due to several factors including the lack of software to
carry out the intensive computations and, more importantly, the lack of understanding in the
theofy behind co-kriging. As Cressie (1991) pointed out, co- kriging should be considered for the
anal;}sis of the multivariate spatial data. Finally, there might be several other variables that can
affect: the site-specific variations of the rainfall acidity in Korea. Prevailing wind pattern, land
use/land cover, and proximity to urban/industrial area would be other important factors that
should be considered in creating a better rainfall acidity map.

SUMMARY AND CONCLUSIONS

Point observed environmental variables are often required in ecological and environmental
applications of geographic information systems. To create a more reliable rainfall acidity map
that would better represent the spatial variations over the country, three spatial estimations were
applied. Using sample data collected from the 63 acid rain monitoring stations and its proximity
to coast line, average rainfall acidity during the spring season of 1992 was estimated by co-
kriging method. For comparison, | also used two estimation methods based only on the sample
data without introducing the secondary variable.

Comparison between different estimation methods was carried out using both qualitative
and quantitative evaluations of the outcome of each method. By incorporating the secondary
variable of proximity to coast line, the estimated rainfall acidity map using co-kriging showed
improvement over the estimations from inverse distance weighting and kriging methods.
Although co-kriging method is unfamiliar and relatively complex to implement, it has great
potentials to numerous situations of creating spatial map layer for point observed environmental
variables. As we are dealing with a variety of environmental data that are measured at sparsely
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distributed points and have to covert the point measured data into a map layer in GIS
environment, it became more crucial to better represent both thematic and locational accuracies.
In cases where there are a limited number of samples of the primary variable but other spatial
variables are highly correlated with the primary variable, co-kriging method will be a very
appropriate method to be considered.
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