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Abstract.  The field of geostatistics has evolved tremendously since it was invented for use in the mining 
industry. Today, geostatistics is used in a variety of disciplines including agriculture and natural resources, 
environmental science, and, most recently, geography and public health. This advancement into new 
disciplines has facilitated the development of many new geostatistical methods and techniques.  In this paper, 
we review several of the areas that have seen significant advances within the field of geostatistics, and those 
that deserve more attention by geostatisticians. The list of topics identified here is intended to be provocative, 
as we believe questioning leads to the scientific and practical advancement of a discipline.    
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1. Introduction  
The field of geostatistics has evolved tremendously since it was invented for use in the mining industry.  
Today, geostatistics is used in a variety of disciplines including agriculture and natural resources, 
environmental science, and, most recently, geography and public health.  This advancement into new 
disciplines has facilitated the development of many new geostatistical methods and techniques.  Yet, 
substantial challenges remain.  

In this paper, we review several of the areas that have seen significant advances within the field of 
geostatistics, and those that deserve more attention by geostatisticians.  This list is certainly not meant to be 
comprehensive.  It is necessarily biased by our knowledge and filtered through our experience.  Space 
constraints prevent us from reviewing even the majority of new and novel techniques, and there is limited 
room in a single paper to provide all the relevant details and references.  In pondering this review, we 
realized that there are also several areas that either remain, or have emerged, as challenges for the field.  The 
list of topics identified here is intended to be provocative, as we believe questioning leads to the scientific 
and practical advancement of a discipline.    

The reader may agree with some points, will probably disagree with others, and may wonder why some 
important ideas have been omitted altogether.  Agree or disagree, our intent is to provide a thought-
provoking discussion of advances in, and challenges for, the field of geostatistics that will hopefully engage 
all readers to take a larger view of the discipline.  

2. What’s Hot: Important Advances in Geostatistics 

2.1. Non-Euclidean Distance Measures 
One of the fundamental assumptions in geostatistics is that observations closer together tend to be more alike 
than observations farther apart. This idea of spatial autocorrelation is quantified through the semivariogram, 
which is, fundamentally by definition, a function of distance.  The distance measure used in most books, 
papers and studies is straight-line or Euclidean distance: 
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for si=(xi, yi).  However, in many practical applications, this measure of distance may not be realistic.  For 
example, mountains, irregularly-shaped domains, and water bodies (e.g., lakes, bays, and estuaries) can 
present barriers to movement.  Although two points on either side of a barrier may be physically close, it 
may be unrealistic to assume that they are related.  For example, with estuaries, distances should be 
measured “as the fish swims.”  More generally, when barriers are present, distances measures should reflect 
the barrier by either preventing communication between data values separated by the barrier, or by 
computing them along a path around the barrier that more accurately reflects movement.  

Using such distance measures in geostatistics is problematic since valid semivariogram models, i.e., ones 
that satisfy the theoretical properties of a semivariogram function, are required.  The common semivariogram 
models provided in textbooks and software programs all satisfy these properties provided the distance 
measure used is Euclidean distance.  Unfortunately, as Curriero ([1]) shows by example, many of the 
semivariogram models commonly used in geostatistics are not valid when used with distance measures other 
than Euclidean distance, even when the distance measure used satisfies the mathematical properties of a 
“metric:”  
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Thus, for any geostatistical application using non-Euclidean distance measures, it is necessary to provide 
proof that the semivariogram model being used remains valid when used with the alternative distance 
measure.  This is not an easy task!  It is not sufficient to show that the corresponding covariance matrix is 
positive definite.  While this may suffice for a particular problem with specified locations, the validity may 
change when based on a different spatial configuration, including that which may be considered for spatial 
prediction. 

There are essentially two approaches to solving this problem, both proposed fairly recently and neither 
yet implemented routinely.  The first of these, called isometric embedding, uses transformations of the spatial 
coordinates ([1]).  The goal here is to transform the spatial coordinates in such a way that the non-Euclidean 
distance metric computed with the original coordinates is equivalent to the Euclidean distance metric used 
with the transformed coordinates. Exact isometric embedding can be difficult to accomplish theoretically.  
However, it can be done approximately using a multivariate statistics technique known as multidimensional 
scaling. Schabenberger and Gotway [2] give a simple example of this technique in spatial statistics. Further 
details and examples can be found in many statistical textbooks on multivariate analysis.  Many statistical 
software programs offer multidimensional scaling as part of their suite of multivariate analysis tools.   

The second approach to using non-Euclidean distance measures in geostatistics uses kernel convolutions 
or moving average models.  This approach is based on the premise that correlated data can be expressed as 
linear combinations of uncorrelated data. A random function Z(s) can be expressed in terms of a kernel 
function K(u) and a white noise process X(u) as 
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The semivariogram of this convolved process is  

.))()(()( 2∫ −−=
u

uhuuh dKKγ  

Theoretical relationships between some of the common autocorrelation functions and the corresponding 
kernel functions are given in [3].  For example, the Gaussian kernel function (equivalent to the Gaussian 
density function) leads to the Gaussian semivariogram model.  However, any kernel or moving average 
function, K, can be used provided it has a finite volume, permitting a much richer class of functions for 
describing spatial dependence.  Describing a correlated process in this way defines the semivariogram of the 
process indirectly.  Instead of asking what parametric semivariogram model describes the spatial dependency 
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structure, we ask what parametric convolution kernel K(s-u, θ) could have given rise to the data.  Thus, 
estimation of the semivariogram parameters from the empirical semivariogram has been translated into 
estimation of the kernel parameters from the data.   

Practical implementation uses linear (in one dimension) or planar (in two dimensions) structures to 
define the kernel so that the moving average function is a step function (in 1- or 2-D) ([4]).  This is what 
makes the approach so attractive for use with non-Euclidean distance measures, and with stream networks, in 
particular, since distances can be described on linear segments connected in a piecewise fashion.  
Krivoruchko and Gribov [5] use kernel convolutions to create valid semivariogram models for spatial 
prediction using cost weighted distance, a common raster function in a Geographic Information System 
(GIS), that permits flexible measures of distance that reflect travel time, cost, and specified routes.  The use 
of kernel convolutions is also useful for constructing valid cross-covariance functions needed for cokriging 
(e.g., [6]; [7]) and for modeling non-stationary spatial processes. 

2.2. Spatial Support 
The practical problems driving the initial development of geostatistics were those encountered in the mining 
industry, with a primary problem being the prediction of the average grade of ore in a mining block from 
drill core samples.  Thus, most change of support problems were concerned with “upscaling,” the prediction 
of a variable whose support is larger than that of the observed data.  A familiar example of this is block 
kriging where Z(B), a regularized variable with support B, is predicted from data Z(s1),…, Z(sn) with point 
support.  The widespread availability of digital spatial data and the capabilities of GIS have radically 
changed the playing field here.  More often than not, data have been collected at different spatial scales, and 
each of the scales may be different from the one of interest.  Data may have point, areal or even volumetric 
support, and in many applications the data values of interest are areal averages over geographic units and the 
geographic units may differ with the source of the data.  A GIS may be useful for spatially-aggregating 
point-level data over irregularly-shaped regions, but increasingly, the inferential goal is not limited to 
upscaling. For example, modeling hydrological and soil processes often involves making predictions from 
models that have relatively coarse spatial resolution and these then need to be downscaled to the watershed 
level or combined with digital elevation data of point support.  In many studies in public health, sociology, 
and political science, the data are counts or rates aggregated over areal regions (e.g., per postal code or per 
census unit), but individual-level inference is desired.   

It seems natural to try to extend the relatively rich ideology on change of support developed in 
geostatistics to more general change of support problems.  Stein et al. [8] used regression modeling for 
downscaling environmental indicators.  Gotway and Young ([9], [10]) generalized block kriging beyond the 
usual application of upscaling (aggregation) to include downscaling and side-scaling (area-to-area kriging 
allowing overlapping units), and intensity estimation (area-to-point kriging).  Goovaerts [11] adapted these 
ideas to Poisson kriging.  Practical implementation requires inference of a point-support covariance function 
or semivariogram from data with larger supports.  Gotway and Young [10] solve this problem using 
generalized estimating equations, extending the ideas of Mockus [12] to allow for auxiliary covariates.  
Using the basic algorithm proposed by Journel and Huijbregts ([13], p. 90) for deconvolution of a 
semivariogram, Goovaerts [14] developed an iterative deconvolution method that seeks the point-support 
semivariogram model that minimizes the difference between the regularized semivariogram model and the 
model estimated from areal data, an adaptation of Mockus’ approach using semivariograms.  Pardo-
Iqúzquiza and Atkinson [7] use a different approach based on linear systems theory to provide theoretical 
relationships between semivariogram and cross-semivariograms needed for downscaling with cokriging.   

While this work is a good start on a difficult problem, much work remains to develop change of scale 
models for routine applications and use in other disciplines.  In particular, it would be interesting to see if 
isofactorial models can be practically adapted to more complex change of support problems such as those 
described here.   

2.3. Kriging Discrete Data 
Geostatistical methods assume the usual random field model in which the data are a realization from a 
random process that is spatially continuous, i.e., datum Z(s) could be, at least theoretically, observed at any 
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location in D.  However, in many application areas, this assumption is not realistic.  The binomial and 
Poisson distributions are foundational distributions in ecology and public health applications where the 
outcome of interest is typically aggregated over a region of interest.  In ecology, the number of animals of a 
certain species is often tallied by quadrants.  In public health applications, disease incidence is measured as 
the number of new cases of the disease per unit population at risk.  Thus, as geostatisticians have branched 
out into new application areas, new methods for geostatistical analysis with non-Gaussian data based on 
discrete distributions have developed.  A defining characteristic for discrete probability distributions such as 
the binomial and the Poisson is that the variance depends on the mean.  The Box-Cox family of 
transformations includes transformations which stabilize variance, and using the appropriate transformation 
from this family in a trans-Gaussian kriging formulation may work well.  However, models that explicitly 
account for the variance-mean relationships inherent in many discrete distributions are warranted.   

Binomial kriging was developed by McNeill [15] for mapping the spatial distribution of bird species.  It 
was independently derived by Lajaunie [16] for predicting the risk of a rare disease and then further adapted 
in this context by [17]. In this context, we assume that }:)({ 2ℜ⊂∈Dssπ is an unobservable risk process, 
with 0≤π(s)≤1 for all s in D.  Assume this process has mean µπ and covariance function Cππ(si, sj).  Further 
assume that, conditional on this process, the observed relative frequencies (proportions), R(ui), associated 
with an areal region centered at location ui, are independent binomial random variables with means π(ui) and 
variances [π(ui) (1-π(ui))]/n(ui), where n(ui) is the population in the ith region.  If we assume a linear 
prediction function for π(s), then the predictor of the risk process at location s0 is 
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where n is the number of regions and optimal weights, λi, can be obtained by solving  
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To make use of these equations, the cross-covariance function between the risk process and the observed 
frequencies must be inferred from the data. Given the model assumptions, standard conditioning arguments 
can be used to show that (see, e.g., [16])  
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where δij=1 when i=j and 0 otherwise. These equations relate the moments of the data process R to those of 
the latent process π, allowing estimation and inference on π from the observed relative frequencies.  

The development of Poisson kriging ([18], [19]) is similar.  In this case, we write R(ui)=Z(ui)/n(ui), 
where Z(ui) is the count or total over the ith region, then we assume that [Z(ui)|π(ui)] are conditionally 
independent Poisson random variables with means (and variances) n(ui)π(ui).  In this case, π(ui), is an 
underlying intensity process, assumed to be positive, but not bounded above. The resulting kriging equations 
(and cross-variable moment relationships) are similar to those for binomial kriging (see [19]).  The 
fundamental ideas underlying binomial and Poisson kriging are extended to a completely Bayesian 
framework in the “model-based” geostatistics paradigm of Diggle et al. [20].  We note in passing a lurking 
change of support problem as π(si) is assumed to be of point-support whereas the data R(ui ) are aggregated 
over areal regions.  

Gotway and Stroup [21] use an alternative approach that more closely resembles traditional geostatistics.  
They develop spatial generalized linear models (of which the binomial and Poisson are special cases) using a 
marginal, rather than, a conditional approach.  Their approach is similar to that of trans-Gaussian kriging, 
using Taylor series to linearize the problem so that the usual kriging predictor is optimal, but with variance-
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mean relationships built into models for spatial dependence.  Of great interest today is the comparison of 
conditionally-specified models (e.g., those conditioned on a latent process for which Bayesian models 
prototypical) and the traditional geostatistical approach which is a marginal approach ([22], [23], [24]).  The 
jury is still out on which models work best in a given situation, but models that explicitly reflect the 
variance-mean relationships in discrete distributions are becoming more well-known.  

2.4. Geospatial Workforce and Career Development 
The explosive growth in the availability of geospatial data and utilization of geospatial tools and 
technologies has led to a substantial demand for well-trained geospatial scientists.  While each of us might 
bask in the demand for our knowledge and services and take pride in the popularity of our discipline, in order 
to advance the discipline as a whole it is necessary to take a broader, “industry” view of geospatial workforce 
and career development.  The growth of this industry translates directly to the need for education, training 
and development of geospatial professionals.  If, as a profession, we do not meet this demand, and in a 
customer-focused way, students from our education programs will not be competitive for jobs, which in turn 
will cause students to look for training opportunities in other programs.  Conversely, jobs will be filled by 
those trained in other disciplines and they may not (in fact, they most likely will not) have the analytical 
skills necessary to make the best use of geospatial technology and information. Already, there are many who 
believe that geostatistics can be done in a GIS and many more that believe that inferences from visualization, 
data management, and spatial queries are sufficient.   

The existing geospatial workforce is multidisciplinary.  This makes it difficult to delineate specific 
components of the workforce in terms of desirable knowledge and skills.  However, The GeoSpatial 
Workforce Development Center (GeoWDC) at the U.S. University of Mississippi, sponsored by U.S. 
National Aeronautics and Space Administration (NASA), has begun a systematic approach to characterizing 
the geospatial workforce.  A first step is constructing a “competency model” that attempts to describe work 
and jobs in a broader more comprehensive way and produce a common language across positions within an 
industry.  Competencies delineate the knowledge, skills and abilities required for the performance of work 
responsibilities.  Competency models can be used by employers to improve employee recruitment and to 
help develop employees professionally within the industry, and can also be used by educators, both academic 
institutions and technical training programs, to create the most effective training and education opportunities 
for those in the given occupation.  These models have been found to be useful in other disciplines, most 
recently in epidemiology ([25]).  Competency development has also begun in the field of informatics.  Of 
interest here is the fact that Mississippi has defined competencies for geospatial technology 
(http://www.geowdc.com/research/research.htm). 

For the competency model developed by Mississippi for geospatial technology, a literature review 
produced a preliminary list of geospatial technology roles, competencies, and stakeholders.  A series of focus 
groups and expert discussion was used to refine these results.  Several organizations were considered 
industry stakeholders including: American Society for Photogrammetry and Remote Sensing (ASPRS), 
Environmental Systems Research Institute (ESRI), National State Geographic Information Council (NSGIC), 
Pennsylvania Department of Military and Veteran’s Affairs, University Consortium for Geographic 
Information Science (UCGIS), U.S. Department of Interior, USGS EROS Data Center, and Urban and 
Regional Information Systems Association (URISA).  More than 35 competencies were agreed upon, in four 
areas: technical, business, analytical, and interpersonal. The only competency pertaining to statistical or 
geostatistical analysis appears to be “spatial information processing” which is defined as “the process of 
modeling, examining and interpreting model results necessary for evaluating suitability and capability, for 
estimating and predicting, and for interpreting and understanding.”  It is not considered to be a core 
competency, and “GIS theory and application” is considered more essential.   

Several key messages resulting from this model are relevant for this paper and the corresponding keynote 
address.  First, we wonder how many of us are annoyed by the lack of statistical and geostatistical capability 
in existing GIS software?  Is this likely to change under this competency model?  What does the future of 
geospatial science look like if this model is adopted by an even broader consensus?  Eventually, it will guide 
the development of curricula in universities in order to provide the education and training needed for 

http://www.geowdc.com/research/research.htm
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individuals to master these competencies.  This framework, and the alliances that result, can have a huge 
impact on the future directions of our discipline. Did anyone in geostatistics have input into this model?  If 
not, why not?  Regardless of whether geostatisticians have had input or not, we feel strongly that we must 
have input in the future in order to advance our discipline and geospatial science in general.   

3. What’s Not: Challenging Problems in Geostatistics 

3.1. Blocks 
Most of the early geostatistical work on change of support was motivated by mining applications in which 
the inferential unit of interest was a block of ore.  The rectangular shape of the mining blocks made it 
possible to use a regular grid to discretize the blocks into points and approximate the integrals needed for 
block kriging using just a relatively few number of points.  However, with the greater availability of 
geospatial data, and the use of geostatistics in other disciplines such as public health, users are often working 
with geographic units such as those defined by postal codes, political boundaries, and census administration 
units.  These units often vary considerably in size and are irregular in shape.  If a regular grid is used for 
discretatization, in order to adequately characterize small units and units with very irregular shapes, the grid 
must be very fine (i.e., have a very small spacing between grid nodes).  This slows down computations 
tremendously and is inefficient since the larger units are over-characterized.  Thus, we need to rethink some 
of the long-standing practical recommendations concerning the implementation of block kriging and change 
of support models and create new ones that work more efficiently with the variety of geospatial units 
commonly used today.   

3.2. Stationarity 
As a discipline, geostatistics has not dealt with non-stationarity in a comprehensive or even rational way.  
“Trend” is often treated as an annoyance for which various strategies for kriging in local neighborhoods have 
emerged.  Universal kriging was developed for the case where “trend” is modeled as a function of spatial 
coordinates and is also called “kriging with a trend model.”  If, instead of a trend function, explanatory 
information supplied by one or more auxiliary variables is used, spatial prediction is called “kriging with 
external drift.”  “Regression kriging” is a term used to describe an approach where a regression model is 
used to predict the expected value (trend) of the outcome variable and ordinary kriging is used to predict 
residuals and the results are summed to give predictions of the outcome variable.  The fact is, when 
implemented properly, these methods are all exactly the same.  There is no need to distinguish “trend” from 
“external drift” from “auxiliary information.”  However, a real issue is the practical implementation of these 
methods. Estimating the trend, kriging residuals, and summing the results will give best linear unbiased 
predictions, but the standard errors will be incorrect as they fail to account for the estimated trend.  This is 
analogous to the difference between simple kriging assuming a known mean and ordinary kriging that 
accounts for an estimated mean.   

Hengl et al. [26] discuss the different terms applied to spatial prediction with “trend” variables and 
borrow from the field of statistics to give a general framework that encompasses all of these techniques.  We 
applaud these authors for a well-written paper that attempts to clear up these issues and validates our 
thinking for almost two decades.  They give the general form of the predictor (which is actually due to [27]) 
as 
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GLS

1
GLS00 βXZσβxs −Σ′+′= −Z , 

where X is the matrix containing the auxiliary variables (or covariates) recorded at the data locations, x0 is 
the vector of auxiliary variables observed at location s0, Z is the data vector with variance-covariance matrix 
Σ, σ is the covariance vector between the data and the new variable to be predicted, and  GLSβ̂  is the 
generalized least squares estimator of the “trend” parameters β.  The prediction standard error is  
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where σ2=var(Z(s0)).   The first term is the uncertainty associated with predicting a new observation, and the 
second term incorporates the uncertainty associated with estimating the trend parameters.  Using the 
residuals from generalized least squares to predict a residual at a new location and then adding the estimated 
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trend back in will give equivalent predictions, but there is no way to obtain the correct prediction error unless 
the above formula is used. The correct procedure can be done using the universal kriging equations or the 
kriging with external drift equations presented in [28].  We favor sole use of the term “regression kriging” to 
describe this approach.  The main issue is how to obtain the covariance function of the underlying stationary 
process, which is why statisticians favor maximum likelihood methods that estimate covariance parameters 
and trend parameters simultaneously.   

To move into other application areas, we might need an entire paradigm shift.  As we noted in a previous 
section, the need for geostatistical techniques predicated on discrete distributions is increasing.  However, 
with both binomial and Poisson kriging, the marginal variance (that assumed for the given data) and 
covariance function (or semivariogram) depends on n(ui) ([19]).  Weighting the empirical semivariogram by 
factors that are inversely proportional to the standard deviation of the data ([18], [19]) ameliorates the 
problem, but does not remove the fact that the semivariogram of the data process is only estimable (and 
arguably only even defined) for intrinsically stationary processes.  This is indeed where the Bayesians have 
an advantage as they implicitly assume enough information to remove inferential difficulties.  Neither 
approach is entirely satisfactory.  

3.3. Positivity 
Ideally, predictions of positive quantities should be positive.  Unfortunately, most geostatistical methods for 
spatial prediction with positive or bounded data values do not necessarily provide predictions that lie in the 
parameter space.  A classic example is indicator kriging which, theoretically, predicts probabilities, which, 
theoretically, should by contained in [0,1].  However, any user of indicator kriging knows that predicted 
probabilities from this method can be negative or exceed 1. Poisson kriging, binomial kriging, and any 
kriging method that uses linear geostatistics to make predictions will have this problem.  There are several 
possible approaches to spatial prediction with positive variables.  These include disjunctive kriging methods 
([29]), Bayesian methods that work with the appropriate probability distributions (often with priors that 
reflect positivity constraints) or nonlinear programming techniques that minimize variance subject to, not 
only unbiasedness, but also to given constraints.  Unfortunately, none of these approaches is ready for 
routine use.  However, if geostatistics is to see increased use in other fields, these techniques must be adapted 
for routine use for those unfamiliar (or uninterested) in geostatistical theory, or new ones must be developed 
that can produce predictions in the parameter space.  

4. Other Food For Thought 
We conclude our brief overview with two topics that are both advances in, and challenges for, the field.  The 
first concerns the role of geostatisticians in geoinformatics, a rather new discipline that applies information 
science to problems in the geosciences.  Wikipedia, the online encyclopedia, notes that geostatistics is a 
geoinformatics tool, but we believe that geoinformatics and geostatistics are overlapping disciplines.  The 
development of software, in particular, is arguably the one thing that has advanced the use of geostatistics in 
other disciplines such as forestry, environmental science, geography, and public health, and many 
geostatisticians have advanced and promoted geoinformatics long before it was a discipline in its own right.   

Second, we ask whether the random field paradigm that underlies traditional geostatistics can be 
expanded (or even abandoned) to address spatial analysis problems in other disciplines.  Many scientists only 
casually familiar with geostatistics believe geostatistical methods are only suitable for spatial processes with 
a continuous spatial index.  Yet, the richness of these methods leads many of us to apply them to other 
problems that do not really fit this paradigm.  The paradigm is more crucial than it might appear, since most 
inference relies on the need for a joint probability distribution. Circumventing this need leads to problems 
(e.g., order relation problems in indicator geostatistics), and new methods such as multiple point geostatistics, 
while intuitively appealing, seem rather circumspect from an inferential point of view.  Nevertheless, many 
of us applying geostatistical methods in other disciplines have undoubtedly noticed robustness of the 
methods to violations in the underlying paradigm and the assumption of stationarity needed for valid 
inference.  Thus, we suspect that there is richness to the discipline of geostatistics that remains undiscovered.  
We leave this as the ultimate challenge for the field and we look forward to the discovery and new 
adaptations of geostatistical methods in a variety of new application areas, both today and in the future.   
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