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1 Introduction
Development of reliable real time automatic statistical interpolation model is a common issue in the GIS community. In the Geostatistical Analyst, we regularly update
and improve the semivariogram model ﬁtting algorithm and the most recent version of the software performs much better than the ﬁrst one released in 2001 and
described in [1]. However, there is little hope that the default semivariogram model
will be close to optimal because in practice the observations may include erroneous
values, measurement errors can be large and vary across space, the data are often
contaminated by trend, and the data are rarely Gaussian.
In practice, interactive data exploration and modeling allows the researcher to ﬁnd
a reliable geostatistical model when the number of samples is relatively small, usually
less than a thousand. However, a large number of GIS users prefer non-interactive
interpolation for both small and very large datasets.
In the case of nearly perfect data (several hundred samples of nearly stationary
Gaussian data without errors), a known solution for the automatic data interpolation
problem is fully Bayesian kriging with non-informative or objective prior distributions for the parameters, although there are still some problems, including large
computational time and understanding of the meaning of the prior distributions.
Since there are many Geostatistical Analyst users who asked for automatic interpolation, our goal became the development of a series of semi-automatic empirical
Bayesian kriging models that work reasonably fast; do not require speciﬁcation of
the prior distributions for the model parameters; produce reliable outputs with default
parameters; allow moderate local and large global data non-stationarity; allow for
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varying measurement error; locally transform data to Gaussian distribution, if needed;
use explanatory variables; work with counts and proportions collected in points or
polygons; simulate (transformed) Gaussian, binomial, and negative binomial ﬁelds;
and potentially can be used on supercomputers or clusters.
A non-technical description of Geostatistical Analyst’s empirical Bayesian kriging models can be found in [2] and an article with mathematical details is under
review. In this paper we brieﬂy describe our basic models and illustrate their usage
using 1.35 billion samples collected using LiDAR technology.

2 Empirical Bayesian Intrinsic Random Function Kriging and
Kriging with Local Data Transformation
There are several model candidates for semi-automatic interpolation, including
objective Bayesian kriging [3], low-rank kriging [4], approximations by Gaussian
Markov random ﬁelds [5], and Bayesian bootstrap [6]. Although all these models are
valuable, we found that they cannot be safely used in general purpose commercial
software for reasons speciﬁc to each model.
We decided to work on the Bayesian bootstrap model enhancements and generalization. The authors of [6] use informative priors simulated from the data by simple
kriging with estimated covariance model. It was assumed that the data are normally
distributed and the mean value is constant and independent from the covariance
model parameters. The main differences between our implementation and the model
discussed in [6] are the following:
• Our calculations are done locally on spatially-contiguous subsets, possibly overlapping, and the simulations from each subset are mixed together to capture the
local spatial structure. The authors of [6] do calculations globally (on the entire
dataset).
• All model parameters are estimated simultaneously.
• After each simulation, we do a Bayesian model update while the authors of [6]
keeps simulating from the same model without updating. The difference between
prior and posterior semivariograms is usually large as shown in Fig. 1.
• We support intrinsic random function kriging (IRFK) of order zero and one and
also simple kriging with or without ﬁrst order trend removal. The authors of [6]
considers simple kriging without detrending. We use the following generalized
covariance models: linear, power, thin plate spline (with IRFK) and the K-Bessel
covariance model (with simple kriging.)
• The authors of [6] supports Box-Cox transformation. We support a much more
ﬂexible data transformation described in [7].
• Our software is interactive (the user can see a large number of graphs at the speciﬁed
locations, including those that are shown in Figs. 1 and 2) and it works very fast
due to large effort spent on algorithms optimization.
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Fig. 1 An example of prior (left) and posterior (right) power semivariogram models. Red lines
show quartiles of the distributions. Prior models are weighted equally. The weight of each posterior
model is represented by line darkness

Fig. 2 Distributions of the data transformations (left) and the range parameter (right)

Prediction with variable model parameters is very useful when the number of
samples is insufﬁcient for accurate model ﬁtting. It can be even more useful in the
case of large datasets when the model is changing across space and the changes can
be non-smooth, as in the case study in [8].
When the dataset is large, the software creates subsets with speciﬁed number of
samples M (M can vary from 30 to 500) recursively by splitting the data locations on
two or three subsets. The division on two subsets is a straight line which divides the
data into two equal parts in such a way that the sum of the squares of the deviation of
each point from the corresponding center of mass is the lowest. In the case of three
subsets, three beams from the center of the area divide the plane. For each subset
with the number of samples not equals to M, the samples are added or removed to get
exactly M samples, if possible. When the prediction searching neighborhood includes
observations from several data subsets, the datum contribution to the prediction is
divided between the subsets.
Figure 3 shows an example of predictions and prediction standard errors produced
using more than a billion samples collected using LiDAR technology in part of Ohio,
USA [9]. We used a model with the least number of parameters, IRFK, with linear
semivariogram (this model describes Brownian motion, which can be relevant to
elevation formation). It is interesting that the variation of the prediction standard
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Fig. 3 Predictions using 1.35 billion samples collected using LiDAR technology in part of Ohio,
USA (left) and enlarged prediction standard errors in the central part of the data domain (right).
The data are from [9]. The units are feet. IRFK with linear semivariogram was used

errors is much larger than the variation of the predictions (however, the result of
elevation modeling, a DEM, is almost always available as a prediction surface only.)
Extensive testing using a large variety of data showed that our model is a reliable
automatic interpolator, which produces accurate predictions with non-stationary and
non-Gaussian data even when the data vary non-smoothly across space.
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