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“I wandered through http://www.r-project.org. To state the good I found
there, I'll also say what else I saw.

Having abandoned the true way, I fell into a deep sleep and awoke in a deep dark
wood. I set out to escape the wood, but my path was blocked by a lion. As I fled to
lower ground, a figure appeared before me. ‘Have mercy on me, whatever you are,” I

2

cried, ‘whether shade or living human’.

Patrick Burns in “The R inferno”
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Foreword

This guide evolved from the materials that I have gathered over the years, mainly as lecture notes used for
the 5-day training course GEOSTAT. This means that, in order to understand the structure of this book, it is
important that you understand how the course evolved and how did the students respond to this process. The
GEOSTAT training course was originally designed as a three-week block module with a balanced combination
of theoretical lessons, hands on software training and self-study exercises. This obviously cannot work for PhD
students and university assistants that have limited budgets, and increasingly limited time. What we offered
instead is a concentrated soup — three weeks programme in a 5-day block, with one month to prepare. Of
course, once the course starts, the soup is still really really salty. There are just too many things in too short
time, so that many plates will typically be left unfinished, and a lot of food would have to be thrown away.
Because the participants of GEOSTAT typically come from diverse backgrounds, you can never make them all
happy. You can at least try to make the most people happy.

Speaking of democracy, when we asked our students whether they would like to see more gentle intros
with less topics, or more demos, 57% opted for more demos, so I have on purpose put many demos in this
book. Can this course be run in a different way, e.g. maybe via some distance education system? 90% of our
students said that they prefer in situ training (both for the professional and social sides), as long as it is short,
cheap and efficient. A regular combination of guided training and (creative) self-study is possibly the best
approach to learning R+GIS+GE tools. Hence a tip to young researchers would be: every once in a while
you should try to follow some short training or refresher course, collect enough ideas and materials, and then
take your time and complete the self-study exercises. You should then keep notes and make a list of questions
about problems you experience, and subscribe to another workshop, and so on.

If you get interested to run similar courses/workshops in the future (and dedicate yourself to the noble
goal of converting the heretics) here are some tips. My impression over the years (5) is that the best strategy
to give training to beginners with R+GIS+GE is to start with demos (show them the power of the tools), then
take some baby steps (show them that command line is not as terrible as it seems), then get into case studies
that look similar to what they do (show them that it can work for their applications), and then emphasize the
most important concepts (show them what really happens with their data, and what is the message that they
should take home). I also discovered over the years that some of flexibility in the course programme is always
beneficial. Typically, we like to keep 40% of the programme open, so that we can reshape the course at the
spot (ask them what do they want to do and learn, and move away irrelevant lessons). Try also to remember
that it is a good practice if you let the participants control the tempo of learning — if necessary takes some
steps back and repeat the analysis (walk with them, not ahead of them). In other situations, they can be even
more hungry than you have anticipated, so make sure you also have some cake (bonus exercises) in the fridge.
These are the main tips. The rest of success lays in preparation, preparation, preparation... and of course in
getting the costs down so that selection is based on quality and not on a budget (get the best students, not the
richest!). If you want to make money of R (software), I think you are doing a wrong thing. Make money from
projects and publicity, give the tools and data your produce for free. Especially if you are already paid from
public money.
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viii

Almost everybody I know has serious difficulties with switching from some statistical package (or any
point-and-click interface) to R syntax. It’s not only the lack of a GUI or the relatively limited explanation of the
functions, it is mainly because R asks for critical thinking about problem-solving (as you will soon find out, very
frequently you will need to debug the code yourself, extend the existing functionality or even try to contact
the creators), and it does require that you largely change your data analysis philosophy. R is also increasingly
extensive, evolving at an increasing speed, and this often represents a problem to less professional users of
statistics — it immediately becomes difficult to find which package to use, which method, which parameters
to set, and what the results mean. Very little of such information comes with the installation of R. One thing
is certain, switching to R without any help and without the right strategy can be very frustrating. From my
first contact with R and open source GIS (SAGA) in 2002, the ‘first encounter’ is not as terrible any more
as it use to be. The methods to run spatio-temporal data analysis (STDA) are now more compact, packages
are increasingly compatible, there are increasingly more demos and examples of good practice, there are
increasingly more guides. Even if many things (code) in this book frighten you, you should be optimistic about
the future. I have no doubts that many of you will one day produce similar guides, many will contribute new
packages, start new directions, and continue the legacy. I also have no doubts that in 5-10 years we will
be exploring space-time variograms, using voxels and animations to visualize space-time; we will be using
real-time data collected through sensor networks with millions of measurements streaming to automated
(intelligent?) mapping algorithms. And all this in open and/or free academic software.

This foreword is also a place to acknowledge the work other people have done to help me get this guide out.
First, I need to thank the creators of methods and tools, specifically: Roger Bivand (NHH), Edzer Pebesma
(University of Miinster), Olaf Conrad (University of Hamburg), Paulo J. Ribeiro Jr. (Unversidade Federal do
Parand), Adrian Baddeley (University of Western Australia), Markus Neteler (CEALP), Frank Warmerdam
(independent developer), and all other colleagues involved in the development of the STDA tools/packages
used in this book. If they haven’t chosen the path of open source, this book would have not existed. Second,
I need to thank the colleagues that have joined me (volunteered) in running the GEOSTAT training courses:
Gerard B. M. Heuvelink (Wageningen University and Research), David G. Rossiter (ITC), Victor Olaya
Ferrero (University of Plasencia), Alexander Brenning (University of Waterloo), and Carlos H. Grohmann
(University of Sdo Paulo). With many colleagues that I have collaborated over the years I have also become
good friend. This is not by accident. There is an enormous enthusiasm around the open source spatial data
analysis tools. Many of us share similar philosophy — a similar view on science and education — so that there
are always so many interesting topics to discuss over a beer in a pub. Third, I need to thank my colleagues at
the University of Amsterdam, most importantly Willem Bouten, for supporting my research and for allowing
me to dedicate some of my working time to deliver products that often fall far outside our project deliverables.
Fourth, I need to thank all participants of the GEOSTAT schools (in total about 130 people) for their interest
in this course, and for their tolerance and understanding. Their enthusiasm and intelligence is another strong
motive to continue GEOSTAT. Fifth, a number of people have commented on the draft version of this book and
have helped me improve its content. Herewith I would especially like to thank Robert MacMillan (ISRIC) for
reading the whole book in detail, Jeff Grossman (USGS) for providing the NGS data set and for commenting
on the exercise, Niels Batjes (ISRIC) for providing the ISRIC WISE data set and for organizing additional
information, Jim Dalling (University of Illinois) for providing extra information about the Barro Colorado
Island plot, Nick Hamm (ITC) and Lourens Veen (University of Amsterdam) for reading and correcting large
parts of the book, Chris Lloyd (Queen’s University Belfast), Pierre Roudier (Australian Centre for Precision
Agriculture), Markus Neteler, Miguel Gil Biraud (European Space Agency), Shaofei Chen (University of Texas
at Dallas), Thomas E. Adams (NOAA), Gabor Grothendieck (GKX Associates Inc.), Hanry Walshaw, Dylan
Beaudette (U.C. Davis) for providing short but critical comments on various parts of the book. I also need to
thank people on the R-sig-geo mailing list for solving many questions that I have further adopted in this book
(I think T am now on 50:50% with what I get and what I give to R-sig-geo): Roger Bivand, Barry Rowlingson
(Lancaster University), Dylan Beaudette and many others.

Finally, however naive this might seem, I think that all geoscientists should be thankful to the Google
company for making GIS popular and accessible to everybody (even my mom now knows how to navigate and
find things on maps), and especially for giving away KML to general public. The same way I am thankful to the
US environmental data sharing policies and organizations such as USGS, NASA and NOAA, for providing free
access to environmental and remotely sensed data of highest quality (that I extensively used in this guide).
Europe and other continents have still a lot to learn from the North American neighbors.

I have never meant to produce a Bible of STDA. What I really wanted to achieve with this guide is to bridge
the gap between the open source GIS and R, and promote regression-kriging for geostatistical mapping. This



ix

is what this guide is really about. It should not be used for teaching geostatistics, but as a supplement. Only
by following the literature suggested at the end of each chapter, you will start to develop some geostatistical
skills. The first book on your list should definitely be Bivand et al. (2008). The second Diggle and Ribeiro Jr
(2007), the third Kutner et al. (2004), the fourth Banerjee et al. (2004) and so on. Much of literature on SAGA
can be freely downloaded from web; many similar lecture notes on R are also available. And do not forget to
register at the R-sig-geo mailing list and start following the evolution of STDA in real time! Because, this is
really the place where most of the STDA evolution is happening today.

This book, both the digital and printed versions, are available only in B/W; exclusive the p.147 that needs
to be printed in color. To reproduce full color plots and images, please obtain the original scripts and adjust
where needed. For readers requiring more detail about the processing steps it is important to know that
complete R scripts, together with plots of outputs and interpretation of processing steps, are available from
the contact authors’ Wiki project. This Wiki is constantly updated and new working articles are regularly
added by the author (that then might appear in the next version of this book). Visit also the book’s homepage
and submit your comments and suggestions, and this book will become even more useful and more practical.

I sincerely hope to keep this book an open access publication. This was a difficult decision, because open
access inevitably carries a risk of lower quality and lower confidence in what is said. On the other hand, I have
discovered that many commercial companies have become minimalist in the way they manage scientific books
— typically their main interest is to set the price high and sell the book in a bulk package so that all costs of
printing and marketing are covered even before the book reaches market. Publishing companies do not want
to take any risks, and this would not be so bad if I did not also discover that, increasingly, the real editorial
work — page-layouting, reviewing, spell-checking etc. — we need to do ourselves anyway. So why give our
work to companies that then sell it at price that is highly selective towards the most developed countries? For
somebody who is a dedicated public servant, it is hard to see reasons to give knowledge produced using public
money, to companies that were not even involved in the production. Hopefully, you will also see the benefits of
open access publishing and help me improve this book by sending comments and suggestions. When preparing
this book I followed the example of Paul Bolstad, whose excellent 620 pages tour de Geoinformation Science
is sold for a symbolic $40 via a small publisher. Speaking of whom, I guess my next mission will be to try to
convert Paul also to R+SAGA+GE.

Every effort has been made to trace copyright holders of the materials used in this book. The author
apologies for any unintentional omissions and would be pleased to add an acknowledgment in future
editions.

Tomislav Hengl

Amsterdam (NL), November 2009
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Disclaimer

All software used in this guide is free software and comes with ABSOLUTELY NO WARRANTY. The informa-
tion presented herein is for informative purposes only and not to receive any commercial benefits. Under no
circumstances shall the author of this Guide be liable for any loss, damage, liability or expense incurred or
suffered which is claimed to resulted from use of this Guide, including without limitation, any fault, error,
omission, interruption or delay with respect thereto (reliance at User’s own risk).

For readers requiring more detail, the complete R scripts used in this exercise together with the
data sets and interpretation of data processing steps are available from the books’ homepage! (hence,
avoid copying the code from this PDF!). The R code might not run on your machine, which could be due to
various reasons. Most importantly, the examples in this book refer to the MS Windows operating systems
mainly. There can be quite some difference between MS Windows, Linux and Mac OS X, although the same
functionality should be available on both MS Windows and Linux machines. SAGA GIS is not available for
Mac OS X, hence you will need to use a PC with a dual boot system to follow these exercises.

You are welcome to redistribute the programm codes and the complete document provided under certain
conditions. For more information, read the GNU general public licence?. The author of this book takes no
responsibility so ever to accept any of the suggestions by the users registered on the book’s website. This book
is a self-published document that presents opinions of the author, and not of the community of users
registered on the books’ website.

The main idea of this document is to provide practical instructions to produce quality maps using open-
source software. The author of this guide wants to make it clear that maps of limited quality can be produced
if low quality inputs are used. Even the most sophisticated geostatistical tools will not be able to save the data
sets of poor quality. A quality point data set is the one that fulfills the following requirements:

m [t is large enough — The data set needs to be large enough to allow statistical testing. Typically, it is
recommended to avoid using <50 points for reliable variogram modeling and <10 points per predictor
for reliable regression modeling®.

m [t is representative — The data set needs to represent the area of interest, both considering the geograph-
ical coverage and the diversity of environmental features. In the case that parts of the area or certain
environmental features (land cover/use types, geomorphological strata and similar) are misrepresented
or completely ignored, they should be masked out or revisited.

m ]t is independent — The samples need to be collected using a non-preferential sampling i.e. using an
objective sampling design. Samples are preferential if special preference is given to locations which
are easier to visit, or are influenced by any other type of human bias. Preferably, the point locations

http://spatial-analyst.net/book/
2http://www.gnu.org/copyleft/gpl.html
3Reliability of a variogram/regression model decreases exponentially as n approaches small numbers.
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should be selected using objective sampling designs such as simple random sampling, regular sampling,
stratified random sampling or similar.

m [t is produced using a consistent methodology — The field sampling and laboratory analysis methodology
needs to be consistent, i.e. it needs to be based on standardized methods that are described in detail and
therefore reproducible. Likewise, the measurements need to consistently report applicable support size
and time reference.

m [ts precision is significantly precise — Measurements of the environmental variables need to be obtained
using field measurements that are significantly more precise than the natural variation.

Geostatistical mapping using inconsistent point samples (either inconsistent sampling methodology, incon-
sistent support size or inconsistent sampling designs), small data sets, or subjectively selected samples is also
possible, but it can lead to many headaches — both during estimation of the spatial prediction models and
during interpretation of the final maps. In addition, analysis of such data can lead to unreliable estimates of
the model. As a rule of thumb, one should consider repetition of a mapping project if the prediction error of
the output maps exceeds the total variance of the target variables in >50% of the study area.



Frequently Asked Questions

m Geostatistics

(1)

(2)

(3)

4)

(5

(6.

What is an experimental variogram and what does it shows?
An experimental variogram is a plot showing how one half the squared differences between the
sampled values (semivariance) changes with the distance between the point-pairs. We typically
expect to see smaller semivariances at shorter distances and then a stable semivariance (equal to
global variance) at longer distances. See also §1.3.1 and Fig. 1.9.

How to include anisotropy in a variogram?

By adding two additional parameters — angle of the principal direction (strongest correlation) and
the anisotropy ratio. You do not need to fit variograms in different directions. In gstat, you only
have to indicate that there is anisotropy and the software will fit an appropriate model. See also
Fig. 1.11.

How do I set an initial variogram?

One possibility is to use: nugget parameter = measurement error, sill parameter = sampled vari-
ance, and range parameter = 10% of the spatial extent of the data (or two times the mean distance
to the nearest neighbor). This is only an empirical formula. See also §5.3.2.

What is stationarity and should I worry about it?

Stationarity is an assumed property of a variable. It implies that the target variable has similar sta-
tistical properties (mean value, auto-correlation structure) within the whole area of interest. There
is the first-order stationarity or the stationarity of the mean value and the second-order stationarity
or the covariance stationarity. Mean and covariance stationarity and a normal distribution of values
are the requirements for ordinary kriging. In the case of regression-kriging, the target variable does
not have to be stationary, but only its residuals. Of course, if the target variable is non-stationary,
predictions using ordinary kriging might lead to significant under/over-estimation of values. Read
more about stationarity assumptions in section 2.1.1.

Is spline interpolation different from kriging?

In principle, splines and kriging are very similar techniques. Especially regularized splines with
tension and universal kriging will yield very similar results. The biggest difference is that the
splines require that a user sets the smoothing parameter, while in the case of kriging the smoothing
is determined objectively. See also §1.2.3.

How do I determine a suitable grid size for output maps?

The grid size of the output maps needs to match the sampling density and scale at which the pro-
cesses of interest occur. We can always try to produce maps by using the most detailed grid size that
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(10.)

11.)

our predictors allow us. Then, we can slowly test how the prediction accuracy changes with coarser
grid sizes and finally select a grid size that allows maximum detail, while being computationally
effective. See also §10.6.1 and Fig. 10.10.

What is logit transformation and why should I use it?

Logit transformation converts the values bounded by two physical limits (e.g. min=0, max=100%)
to [—o0,+00] range. It is a requirement for regression analysis if the values of the target variable
are bounded with physical limits (binary values e.g. 0-100%, 0-1 values etc.). See also §5.4.1.

Why derive principal components of predictors (maps) instead of using the original predic-
tors?

Principal Component Analysis is an useful technique to reduce overlap of information in the predic-
tors. If combined with step-wise regression, it will typically help us determine the smallest possible
subset of significant predictors. See also §8.2.4 and Fig. 8.6.

How can I evaluate the quality of my sampling plan?

For each existing point sample you can: evaluate clustering of the points by comparing the sampling
plan with a random design, evaluate the spreading of points in both geographical and feature space
(histogram comparison), evaluate consistency of the sampling intensity. The analysis steps are
explained in §5.2.1.

How do I test if two prediction methods are significantly different?

You can derive RMSE at validation points for both techniques and then test the difference between
the distributions using the two sample t-test (assuming that variable is normally distributed). See
also §5.3.3.

How should I allocate additional observations to improve the precision of a map produced
using geostatistical interpolation?

You can use the package spatstat and then run weighted point pattern randomization with the map
of the normalized prediction variance as the weight map. This will produce a random design with
the inspection density proportional to the value of the standardized prediction error. In the next
iteration, precision of your map will gradually improve. A more analytical approach is to use Spatial
Simulated Annealing as implemented in the intamaplnteractive package (see also Fig. 2.13).

m Regression-kriging?

1)

(2)

(3)

What is the difference between regression-kriging, universal kriging and kriging with external
drift?

In theory, all three names describe the same technique. In practice, there are some computational
differences: in the case of regression-kriging, the deterministic (regression) and stochastic (krig-
ing) predictions are done separately; in the case of kriging with external drift, both components
are predicted simultaneously; the term universal kriging is often reserved for the case when the
deterministic part is modeled as a function of coordinates. See also §2.1.4.

Can I interpolate categorical variables using regression-kriging?

A categorical variable can be treated by using logistic regression (i.e. multinomial logistic regression
if there are more categories). The residuals can then be interpolated using ordinary kriging and
added back to the deterministic component. In the case of fuzzy classes, memberships u € (0,1)
can be directly converted to logits and then treated as continuous variables. See also §2.3 and
Figs. 5.11 and 9.6.

How can I produce geostatistical simulations using a regression-kriging model?

Both gstat and geoR packages allow users to generate multiple Sequential Gaussian Simulations
using a regression-kriging model. However, this can be computationally demanding for large data
sets; especially with geoR. See also §2.4 and Fig. 1.4.



4.)

(5

(6.

(7.

8)

)

How can I run regression-kriging on spatio-temporal point/raster data?

You can extend the 2D space with a time dimension if you simply treat it as the 3rd space-dimension
(so called geometric space-time model). Then you can also fit 3D variograms and run regression
models where observations are available in different time ‘positions’. Usually, the biggest problem
of spatio-temporal regression-kriging is to ensure enough (>>10) observations in time-domain. You
also need to provide a time-series of predictors (e.g. time-series of remotely sensed images) for the
same periods of interest. Spatio-temporal regression-kriging is demonstrated in §11.

Can co-kriging be combined with regression-kriging?

Yes. Additional, more densely sampled covariates, can be used to improve spatial interpolation of
the residuals. The interpolated residuals can then be added to the deterministic part of variation.
Note that, in order to fit the cross-variograms, covariates need to be also available at sampling
locations of the target variable.

In which situations might regression-kriging perform poorly?

Regression-kriging might perform poorly: if the point sample is small and nonrepresentative, if
the relation between the target variable and predictors is non-linear, if the points do not represent
feature space or represent only the central part of it. See also §2.10.2.

Can we really produce quality maps with much less samples than we originally planned (is
down-scaling possible with regression-kriging)?

If correlation with the environmental predictors is strong (e.g. predictors explain >75% of variabil-
ity), you do not need as many point observations to produce quality maps. In such cases, the issue
becomes more how to locate the samples so that the extrapolation in feature space is minimized.

Can I automate regression-kriging so that no user-input is needed?

Automation of regression-kriging is possible in R using the automap package. You can further com-
bine data import, step-wise regression, variogram fitting, spatial prediction (gstat), and completely
automate generation of maps. See for example §6.4.

How do I deal with heavily skewed data, e.g. a variable with many values close to 0?
Skewed, non-normal variables can be dealt with using the geoR package, which commonly imple-
ments Box-Cox transformation (see §5.5.3). More specific non-Gaussian models (binomial, Pois-
son) are available in the geoRglm package.

m Software

(1)

(2)

(3)

In which software can I run regression-kriging?

Regression-kriging (implemented using the Kriging with External Drift formulas) can be run in
geoR, SAGA and gstat (either within R or using a stand-alone executable file). SAGA has a
user-friendly interface to enter the prediction parameters, however, it does not offer possibilities
for more extensive statistical analysis (especially variogram modeling is limited). R seems to be
the most suitable computing environment for regression-kriging as it permits the largest family of
statistical methods and supports data processing automation. See also §3.4.1.

Should I use gstat or geoR to run analysis with my data?

These are not really competitors: you should use both depending on the type of analysis you intend
to run — geoR has better functionality for model estimation (variogram fitting), especially if you
work with non-Gaussian data, and provides richer output for the model fitting. gstat on the other
hand is compatible with sp objects and easier to run and it can process relatively large data sets.

Can I run regression-kriging in ArcGIS?

In principle: No. In ArcGlIS, as in ILWIS (see section 3.1.1), it is possible to run separately re-
gression and kriging of residuals and then sum the maps, but neither ArcGIS nor ILWIS support
regression-kriging as explained in §2.1. As any other GIS, ArcGIS has limits considering the so-
phistication of the geostatistical analysis. The statistical functionality of ArcView can be extended
using the S-PLUS extension or by using the RPyGeo package (controls the Arc geoprocessor from
R).

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

20

30

31

32

33

34

“4.)

How do I export results of spatial prediction (raster maps) to Google Earth?

The fastest way to export grids is to use the proj4 module in SAGA GIS — this will automatically
estimate the grid cell size and image size in geographic coordinates (see section 5.6.2). Then you
can export a raster map as a graphical file (PNG) and generate a Google Earth ground overlay
using the maptools package. The alternative is to estimate the grid cell size manually (Eq.3.3.1),
then export and resample the values using the akima package or similar (see section 10.6.3).

m Mastering R

1)

(2)

(3)

“4.)

(5.

Why should I invest my time to learn the R language?

R is, at the moment, the cheapest, the broadest, and the most professional statistical computing en-
vironment. In addition, it allows data processing automation, import/export to various platforms,
extension of functionality and open exchange of scripts/packages. It now also allows handling and
generation of maps. The official motto of an R guru is: anything is possible with R!

What should I do if I get stuck with R commands?

Study the R Html help files, study the “good practice” examples, browse the R News, purchase
books on R, subscribe to the R mailing lists, obtain user-friendly R editors such as Tinn-R or use
the package R commander (Rcmdr). The best way to learn R is to look at the existing demos.

How do I set the right coordinate system in R?

By setting the parameters of the CRS argument of a spatial data frame. Visit the European Petroleum
Survey Group (EPSG) Geodetic Parameter website, and try to locate the correct CRS parameter by
browsing the existing Coordinate Reference System. See also p.119.

How can I process large data sets (>>10° points, >10° pixels) in R?

One option is to split the study area into regular blocks (e.g. 20 blocks) and then produce predic-
tions separately for each block, but using the global model. You can also try installing/using some
of the R packages developed to handle large data sets. See also p.94.

Where can I get training in R?

You should definitively consider attending some Use R conference that typically host many half-day
tutorial sessions and/or the Bioconductor workshops. Regular courses are organized by, for exam-
ple, the Aarhus University, The GeoDa Center for Geospatial Analysis at the Arizona State Univer-
sity; in UK a network for Academy for PhD training in statistics often organizes block courses in R.
David Rossiter (ITC) runs a distance education course on geostatistics using R that aims at those
with relatively limited funds. The author of this book periodically organizes (1-2 times a year)
a 5-day workshop for PhD students called GEOSTAT. To receive invitations and announcements
subscribe to the R-sig-geo mailing list or visit the spatial-analyst.net Wiki (look under “Training in
R).



Geostatistical mapping

1.1 Basic concepts

Any measurement we take in Earth and environmental sciences, although this is often ignored, has a spatio-
temporal reference. A spatio-temporal reference is determined by (at least) four parameters:

(1.) geographic location (longitude and latitude or projected X,Y coordinates);

(2.) height above the ground surface (elevation);

(3.) time of measurement (year, month, day, hour, minute etc.);

(4.) spatio-temporal support (size of the blocks of material associated with measurements; time interval of

measurement);

SPATIO-TEMPORAL
DATA ANALYSIS

SPATIO-TEMPORAL
STATISTICS

REMOTE SENSING
IMAGE PROCESSING

TREND ANALYSIS
CHANGE
DETECTION

Image analysis
(feature extraction)

GEOMORPHOMETRY

Quantitative land
surface analysis
(relief)

POINT
PATTERN
ANALYSIS
S Finite
objects

Fig. 1.1: Spatio-temporal Data Analysis is a group of research

fields and sub-fields.

If at least geographical coordinates are assigned
to the measurements, then we can analyze and vi-
sualize them using a set of specialized techniques.
A general name for a group of sciences that pro-
vide methodological solutions for the analysis of spa-
tially (and temporally) referenced measurements is
Spatio-temporal Data Analysis (Fig. 1.1). Image
processing techniques are used to analyze remotely
sensed data; point pattern analysis is used to an-
alyze discrete point and/or line objects; geostatis-
tics is used to analyze continuous spatial features
(fields); geomorphometry is a field of science spe-
cialized in the quantitative analysis of topography.
We can roughly say that spatio-temporal data anal-
ysis (STDA) is a combination of two major sciences:
geoinformation science and spatio-temporal statistics;
or in mathematical terms: STDA = GIS + statistics.
This book focuses mainly on some parts of STDA, al-
though many of the principles we will touch in this
guide are common for any type of STDA.

As mentioned previously, geostatistics is a subset of statistics specialized in analysis and interpretation of
geographically referenced data (Goovaerts, 1997). Cressie (1993) considers geostatistics to be only one of the
three scientific fields specialized in the analysis of spatial data — the other two being point pattern analysis
(focused on point objects; so called “point-processes”) and lattice! statistics (polygon objects) (Fig. 1.2).

IThe term lattice here refers to discrete spatial objects.
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2 Geostatistical mapping

For Ripley (2004), spatial statistics is a process
of extracting data summaries from spatial data and
comparing these to theoretical models that explain GEOSTATISTICS
how spatial patterns originate and develop. Tem-
poral dimension is starting to play an increasingly
important role, so that many principles of spatial
statistics (hence geostatistics also) will need to be

Continuous features

adjusted. o . o POINT PATTERN
Because geostatistics evolved in the mining in- ANALYSIS
dustry, for a long time it meant statistics applied to
geology. Since then, geostatistical techniques have Point objects

successfully found application in numerous fields
ranging from soil mapping, meteorology, ecology,

oceanography, geochemistry, epidemiology, human LATTICE '
geography, geomorphometry and similar. Contem- STATISTICS /)
porary geostatistics can therefore best be defined as Areal objects (polygons)

a branch of statistics that specializes in the anal-
ysis and interpretation of any spatially (and tem- Fig. 1.2: Spatial statistics and its three major subfields after
porally) referenced data, but with a focus on in- Cressie (1993).
herently continuous features (spatial fields). The
analysis of spatio-temporally referenced data is certainly different from what you have studied so far within
other fields of statistics, but there are also many direct links as we will see later in §2.1.

Typical questions of interest to a geostatistician are:

m How does a variable vary in space-time?

m What controls its variation in space-time?

m Where to locate samples to describe its spatial variability?

m How many samples are needed to represent its spatial variability?
m What is a value of a variable at some new location /time?

m What is the uncertainty of the estimated values?

In the most pragmatic terms, geostatistics is an analytical tool for statistical analysis of sampled field data
(Bolstad, 2008). Today, geostatistics is not only used to analyze point data, but also increasingly in combination
with various GIS data sources: e.g. to explore spatial variation in remotely sensed data, to quantify noise in
the images and for their filtering (e.g. filling of the voids/missing pixels), to improve DEM generation and for
simulations (Kyriakidis et al., 1999; Hengl et al., 2008), to optimize spatial sampling (Brus and Heuvelink,
2007), selection of spatial resolution for image data and selection of support size for ground data (Atkinson
and Quattrochi, 2000).

According to the bibliographic research of Zhou et al. (2007) and Hengl et al. (2009a), the top 10 applica-
tion fields of geostatistics are: (1) geosciences, (2) water resources, (3) environmental sciences, (4) agriculture
and/or soil sciences, (5/6) mathematics and statistics, (7) ecology, (8) civil engineering, (9) petroleum en-
gineering and (10) meteorology. The most influential (highest citation rate) books in the field are: Cressie
(1993), Isaaks and Srivastava (1989), Deutsch and Journel (1998), Goovaerts (1997), and more recently
Banerjee et al. (2004). These lists could be extended and they differ from country to country of course.
The evolution of applications of geostatistics can also be followed through the activities of the following re-
search groups: International Association of Mathematical Geosciences? (IAMG), geoENVia®, pedometrics?,
R-sig-geo®, spatial accuracy® and similar. The largest international conference that gathers geostatisticians
is the GeosTaTs conference, and is held every four years; other meetings dominantly focused on the field of
geostatistics are GEOENV, STATGIS, and ACCURACY.

2nttp://www.iamg.org

Shttp://geocenvia.org

“http://pedometrics.org
Shttp://cran.r-project.org/web/views/Spatial .html
Shttp://spatial-accuracy.org


http://www.iamg.org
http://geoenvia.org
http://pedometrics.org
http://cran.r-project.org/web/views/Spatial.html
http://spatial-accuracy.org

1.1 Basic concepts 3

For Diggle and Ribeiro Jr (2007), there are three scientific objectives of geostatistics:

(1.) model estimation, i.e. inference about the model parameters;
(2.) prediction, i.e. inference about the unobserved values of the target variable;
(3.) hypothesis testing;

Model estimation is the basic analysis step, after which one can focus on prediction and/or hypothesis
testing. In most cases all three objectives are interconnected and depend on each other. The difference
between hypothesis testing and prediction is that, in the case of hypothesis testing, we typically look for the
most reliable statistical technique that provides both a good estimate of the model, and a sound estimate of
the associated uncertainty. It is often worth investing extra time to enhance the analysis and get a reliable
estimate of probability associated with some important hypothesis, especially if the result affects long-term
decision making. The end result of hypothesis testing is commonly a single number (probability) or a binary
decision (Accept/Reject). Spatial prediction, on the other hand, is usually computationally intensive, so that
sometimes, for pragmatic reasons, naive approaches are more frequently used to generate outputs; uncertainty
associated with spatial predictions is often ignored or overlooked. In other words, in the case of hypothesis
testing we are often more interested in the uncertainty associated with some decision or claim; in the case of
spatial prediction we are more interested in generating maps (within some feasible time-frame) i.e. exploring
spatio-temporal patterns in data. This will become much clearer when we jump from the demo exercise in
chapter 5 to a real case study in chapter 6.

Spatial prediction or spatial interpolation aims at predicting values of the target variable over the whole
area of interest, which typically results in images or maps. Note that there is a small difference between
the two because prediction can imply both interpolation and extrapolation. We will more commonly use the
term spatial prediction in this handbook, even though the term spatial interpolation has been more widely
accepted (Lam, 1983; Mitas and Mitasova, 1999; Dubois and Galmarini, 2004). In geostatistics, e.g. in the
case of ordinary kriging, interpolation corresponds to cases where the location being estimated is surrounded
by the sampling locations and is within the spatial auto-correlation range. Prediction outside of the practical
range (prediction error exceeds the global variance) is then referred to as extrapolation. In other words,
extrapolation is prediction at locations where we do not have enough statistical evidence to make significant
predictions.

An important distinction between geostatistical and conventional mapping of environmental variables is
that geostatistical prediction is based on application of quantitative, statistical techniques. Until recently, maps
of environmental variables have been primarily been generated by using mental models (expert systems).
Unlike the traditional approaches to mapping, which rely on the use of empirical knowledge, in the case
of geostatistical mapping we completely rely on the actual measurements and semi-automated algorithms.
Although this sounds as if the spatial prediction is done purely by a computer program, the analysts have
many options to choose whether to use linear or non-linear models, whether to consider spatial position or
not, whether to transform or use the original data, whether to consider multicolinearity effects or not. So it is
also an expert-based system in a way.

In summary, geostatistical mapping can be defined as analytical production of maps by using field
observations, explanatory information, and a computer program that calculates values at locations of
interest (a study area). It typically comprises:

(1.) design of sampling plans and computational workflow,

(2.) field data collection and laboratory analysis,

(3.) model estimation using the sampled point data (calibration),
(4.) model implementation (prediction),

(5.) model (cross-)evaluation using validation data,

(6.) final production and distribution of the output maps’.

7By this I mainly think of on-line databases, i.e. data distribution portals or Web Map Services and similar.
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4 Geostatistical mapping

Today, increasingly, the natural resource inventories need to be regularly updated or improved in detail,
which means that after step (6), we often need to consider collection of new samples or additional samples
that are then used to update an existing GIS layer. In that sense, it is probably more valid to speak about
geostatistical monitoring.

1.1.1 Environmental variables

Environmental variables are quantitative or descriptive measures of different environmental features. Envi-
ronmental variables can belong to different domains, ranging from biology (distribution of species and biodi-
versity measures), soil science (soil properties and types), vegetation science (plant species and communities,
land cover types), climatology (climatic variables at surface and beneath/above), to hydrology (water quanti-
ties and conditions) and similar (Table 1.1). They are commonly collected through field sampling (supported
by remote sensing); field samples are then used to produce maps showing their distribution in an area. Such
accurate and up-to-date maps of environmental features represent a crucial input to spatial planning, deci-
sion making, land evaluation and/or land degradation assessment. For example, according to Sanchez et al.
(2009), the main challenges of our time that require high quality environmental information are: food security,
climate change, environmental degradation, water scarcity and threatened biodiversity.

Because field data collection is often the most expensive part of a survey, survey teams typically visit
only a limited number of sampling locations and then, based on the sampled data and statistical and/or
mental models, infer conditions for the whole area of interest. As a consequence, maps of environmental
variables have often been of limited and inconsistent quality and are usually too subjective. Field sampling
is gradually being replaced with remote sensing systems and sensor networks. For example, elevations
marked on topographic maps are commonly collected through land survey i.e. by using geodetic instruments.
Today, airborne technologies such as LiDAR are used to map large areas with >1000 times denser sampling
densities. Sensor networks consist of distributed sensors that automatically collect and send measurements to
a central service (via GSM, WLAN or radio frequency). Examples of such networks are climatological stations,
fire monitoring stations, radiological measurement networks and similar.

From a meta-physical perspective, what we are most often mapping in geostatistics are, in fact, quantities
of molecules of a certain kind or quantities of energy®. For example, a measure of soil or water acidity is the
pH factor. By definition, pH is a negative exponent of the concentration of the H* ions. It is often important
to understand the meaning of an environmental variable: for example, in the case of pH, we should know that
the quantities are already on a log-scale so that no further transformation of the variable is anticipated (see
further §5.4.1). By mapping pH over the whole area of interest, we will produce a continuous map of values
of concentration (continuous fields) of H* ions.

(a) occurrence-only records (b) presence/absence records (c) density records (d) attribute variable

+ 0 0 17
++ 11 ! 19472 e
++ 1 8.3
+ + 11 0 P 3122 .
+ + 1 1 8.0 10.1
oy 119 ¢ 7] 62 12145
0 0 < 7
+ 1 0 0 0 7.2
+ 1 55

support : point
variable : NA

support : point
variable : Bernoulli

support : irregular volume
variable : counts

support : point
variable : physical variable

Fig. 1.3: Types of field records in ecology.

In the case of plants and animals inventories, geostatistical mapping is somewhat more complicated. Plants
or animals are distinct physical objects (individuals), often immeasurable in quantity. In addition, animal

8There are few exceptions of course: elevation of land surface, wind speed (kinetic energy) etc.
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species change their location dynamically, frequently in unpredictable directions and with unpredictable spa-
tial patterns (non-linear trajectories), which asks for high sampling density in both space and time domains.
To account for these problems, spatial modelers rarely aim at mapping distribution of individuals (e.g. repre-
sented as points), but instead use compound measures that are suitable for management and decision making
purposes. For example, animal species can be represented using density or biomass measures (see e.g. Latimer
et al. (2004) and/or Pebesma et al. (2005)).

In vegetation mapping, most commonly field observations of the plant occurrence are recorded in terms
of area coverage (from O to 100%). In addition to mapping of temporary distribution of species, biologists
aim at developing statistical models to define optimal ecological conditions for certain species. This is often
referred to as habitat mapping or niche modeling (Latimer et al., 2004). Densities, occurrence probability
and/or abundance of species or habitat conditions can also be presented as continuous fields, i.e. using raster
maps. Field records of plants and animals are more commonly analyzed using point pattern analysis and
factor analysis, than by using geostatistics. The type of statistical technique that is applicable to a certain
observations data set is mainly controlled by the nature of observations (Fig. 1.3). As we will show later on
in §8, with some adjustments, standard geostatistical techniques can also be used to produce maps even from
occurrence-only records.

1.1.2 Aspects and sources of spatial variability

Spatial variability of environmental variables is commonly a result of complex processes working at the same
time and over long periods of time, rather than an effect of a single realization of a single factor. To explain
variation of environmental variables has never been an easy task. Many environmental variables vary not only
horizontally but also with depth, not only continuously but also abruptly (Table 1.1). Field observations are,
on the other hand, usually very expensive and we are often forced to build 100% complete maps by using a
sample of <1%.

Imagine if we had enough funds to inventory
each grid node in a study area, then we would be
able to produce a map which would probably look
as the map shown in Fig. 1.4°. By carefully look-
ing at this map, you can notice several things: (1)
there seems to be a spatial pattern of how the values
change; (2) values that are closer together are more
similar; (3) locally, the values can differ without any
systematic rule (randomly); (4) in some parts of the £
area, the values seem to be in general higher i.e.
there is a discrete jump in values.

From the information theory perspective, an en-
vironmental variable can be viewed as a signal pro-
cess consisting of three components:

1000.0
800.0
600.0
400.0
200.0
0.0

Z(s)=Z*(s)+ €' (s)+¢&” (1.1.1)

where Z*(s) is the deterministic component, £’(s) is
the spatially correlated random component and ¢” is
the pure noise — partially micro-scale variation, par- ] ‘
tially the measurement error. This model is, in the t
literature, often referred to as the universal model e ;
of variation (see further §2.1). Note that we use a Fig. 1.4: If we were able to sample a variable (e.g. zinc con-
capital letter Z because we assume that the model is centration in soil) regularly over the whole area of interest
probabilistic, i.e. there is a range of equiprobable re- (each grid node), we would probably get an image such as
alizations of the same model {Z(s),s € A}; Z(s) indi- this.

cates that the variable is dependent on the location s.

9This image was, in fact, produced using geostatistical simulations with a regression-kriging model (see further Fig. 2.1 and Fig. 5.12;
§5.5.1).
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6 Geostatistical mapping

Table 1.1: Some common environmental variables of interest to decision making and their properties: SRV — short-range
variability; TV — temporal variability; VV — vertical variability; SSD — standard sampling density; RSD — remote-sensing

detectability. % — high, x — medium, — — low or non-existent. Levels approximated by the author.
> a a
. . &
Env1ronment.al CoTnmon Varlabk?s' . & E ; 7
features/topics of interest to decision making
Mineral exploration: oil, mineral occurrence and concentrations of minerals; - ko« «
gas, mineral resources reserves of oil and natural gas; magnetic anomalies;
0,, ammonium and phosphorus concentrations in
Freshwater resources and . .. . _
. water; concentration of herbicides; trends in * * * *
water quality .
concentrations of pollutants; temperature change;
population density; population growth; GDP per km?;
Socio-economic parameters life expectancy rates; human development index; noise * * - K Kk
intensity;
. number of infections; hospital discharge; disease rates
Health quality data 15, 10SP A8 - x - K =
per 10,000; mortality rates; health risks;
Land degradation: erosion, soil loss; erosion risk; quantities of runoff; dissolution . « - - %
landslides, surface runoff rates of various chemicals; landslide susceptibility;
Natural hazards: fires, burnt areas; fire frequency; water level; earthquake
floods, earthquakes, oil hazard; financial losses; human casualties; wildlife *x Kk - * Kk
spills casualties;
Human-induced radioactive = gama doze rates; concentrations of isotopes; PCB levels ok - ¥

contamination found in human blood; cancer rates;
. e organic matter, nitrogen, phosphorus and potassium in
Soil fertility and gam ’ gen, puospuor p
.. soil; biomass production; (grain) yields; number of * ok x * *
productivity

cattle per ha; leaf area index;

concentrations of heavy metals especially: arsenic,

Soil pollution cadmium, chromium, copper, mercury, nickel, lead and *x  * - % -
hexachlorobenzene; soil acidity;
o . occurrence of species; GPS trajectories (speed);
Distribution of animal . ! Sp ; yectories (sp . .)’ . * *x - _
. e biomass; animal species density; biodiversity indices; *
species (wildlife) . -,
habitat conditions;
N land cover type; vegetation communities; occurrence of
Distribution of natural . . . N * K
species; biomass; density measures; vegetation indices; * * -

vegetation

species richness; habitat conditions;

Meteorological conditions

temperature; rainfall; albedo; cloud fraction; snow
cover; radiation fluxes; net radiation;
evapotranspiration;

Climatic conditions and

mean, minimum and maximum temperature; monthly
rainfall; wind speed and direction; number of clear

) ) . - Kk x Kk
changes days; total incoming radiation; trends of changes of
climatic variables;
Global atmospheric aerosol size; cirrus reflectance; carbon monoxide; total ok k- %
conditions ozone; UV exposure;
NO,, SO, concentrations; emission of greenhouse
Air quality in urban areas gasses; emission of primary and secondary particles; *x Kk ok Kk —

ozone concentrations; Air Quality Index;

Global and local sea
conditions

chlorophyll concentrations; biomass; sea surface
temperature; emissions to sea;
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In theory, we could decompose a map of a target environmental variable into two grids: (1) the determin-
istic part (also know as the trend surface), and (2) the error surface; in practice, we are not able to distinguish
the deterministic from the error part of the signal, because both can show similar patterns. In fact, even if
we sample every possible part of the study area, we can never be able to reproduce the original signal exactly
because of the measurement error. By collecting field measurements at different locations and with different
sampling densities, we might be able to infer about the source of variability and estimate probabilistic models
of spatial variation. Then we can try to answer how much of the variation is due to the measurement error,
how much has been accounted for by the environmental factors, and how much is due to the spatial proximity.
Such systematic assessment of the error budget allows us to make realistic interpretations of the results and
correctly reason about the variability of the feature of interest.

The first step towards successful geostatistical mapping of environmental variables is to understand the
sources of variability in the data. As we have seen previously, the variability is a result of deterministic and
stochastic processes plus the pure noise. In other words, the variability in data is a sum of two components:
(a) the natural spatial variation and (b) the inherent noise (¢”), mainly due to the measurement errors
(Burrough and McDonnell, 1998). Measurement errors typically occur during positioning in the field, during
sampling or laboratory analysis. These errors should ideally be minimized, because they are not of primary
concern for a mapper. What the mappers are interested in is the natural spatial variation, which is mainly due
to the physical processes that can be explained (up to a certain level) by a mathematical model.

(a) A Z (b) A Z

\ 4
\ 4

\4

Fig. 1.5: Schematic examples of models of spatial variation: abrupt changes of values can be modeled using a discrete
model of spatial variation (a), smooth changes can be modeled using a continuous model of spatial variation (b). In reality,
we often need to work with a mixed (or hybrid) model of spatial variation (c).

Physical processes that dominantly control environmental variables differ depending of the type of feature
of interest (Table 1.1). In the most general terms, we can say that there are five major factors shaping the
status of environment on Earth:

abiotic (global) factors — these include various natural forces that broadly shape the planet. For example,
Earth’s gravity, rotation cycle, geological composition and tectonic processes etc. Because abiotic factors
are relatively constant/systematic and cannot really be controlled, they can be regarded as global fixed
conditions.

biotic factors — these include various types of living organism, from microbiological to animal and plant
species. Sometimes living organisms can be the major factor shaping environmental conditions, even for
wide areas.
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8 Geostatistical mapping

anthropogenic factors — these include industrial and agricultural activities, food, water and material con-
sumption, construction of dams, roads and similar. Unfortunately, the human race has irreversibly
changed the environment in a short period of time. Extreme examples are the rise in global temper-
ature, loss of biodiversity and deforestation.

transport and diffusion processes — these work upon other abiotic and biotic factors and shape the land-
scape locally. Unlike global factors, they are often non-linear and highly stochastic.

extra-terrestrial factors — including factors that control climate (e.g. incoming solar radiation, factors that
control ice ages etc.), tectonic processes (meteors) and similar.

To illustrate how various factors shape an environmental feature, we can look at land surface (topography)
as an example. Land surface is formed, first, as the result of tectonic and volcanic processes. Erosional pro-
cesses further produce hydrological patterns (river networks, terraces, plains etc.). Living organisms produce
soil material and form specific landscapes etc. In some cases extreme events happen such as fall of meteorites,
that can suddenly completely change the initial conditions. Again, all these factor work in combination and
often with chaotic behavior, so that no simple simulation model of land surface evolution can be constructed.
Hence the only way to get an accurate estimate of land surface is to sample.

The second step towards reliable modeling of environmental variables is to consider all aspects of natural
variation. Although spatial prediction of environmental variables is primarily concerned with geographical
variability, there are also other aspects of natural soil variation that are often overlooked by mappers: the
vertical, temporal and scale aspects. Below is an overview of the main concepts and problems associated with
each of these (see also Table 1.1):

Geographical variation (2D) The results of spatial prediction are either visualised as 2D maps or cross-
sections. Some environmental variables, such as thickness of soil horizons, the occurrence of vegetation
species or soil types, do not have a third dimension, i.e. they refer to the Earth’s surface only. Oth-
ers, such as temperature, carbon monoxide concentrations etc. can be measured at various altitudes,
even below Earth’s surface. Geographical part of variation can be modeled using either a continuous,
discrete or mixed model of spatial variation (Fig. 1.5).

Vertical variation (3D) Many environmental variables also vary with depth or altitude above the ground
surface. In many cases, the measured difference between the values is higher at a depth differing by a
few centimeters than at geographical distance of few meters. Consider variables such as temperature or
bird density — to explain their vertical distribution can often be more difficult than for the horizontal
space. Transition between different soil layers, for example, can also be both gradual and abrupt, which
requires a double-mixed model of soil variation for 3D spatial prediction. Some authors suggest the
use of cumulative values on volume (areal) basis to simplify mapping of the 3D variables. For example,
McKenzie and Ryan (1999) produced maps of total phosphorus and carbon estimated in the upper 1 m
of soil and expressed in tons per hectare, which then simplifies production and retrieval. See also further
section 7.6.

Temporal variation As mentioned previously, environmental variables connected with distribution of animal
and plant species vary not only within a season but also within few moments. Even soil variables such
as pH, nutrients, water-saturation levels and water content, can vary over a few years, within a single
season or even over a few days (Heuvelink and Webster, 2001). Temporal variability makes geostatistical
mapping especially complex and expensive. Maps of environmental variables produced for two different
times can differ significantly. Changes can happen abruptly in time. This means that most of the maps
are valid for a certain period (or moment) of time only. In many cases the seasonal periodicity of
environmental variables is regular, so that we do not necessarily require very dense sampling in time
domain (see further §2.5).

Support size Support size is the size or volume associated with measurements, but is also connected with
properties such as shape and orientation of areas associated with measurements. Changing the support
of a variable creates a different variable which is related to the original, but has different spatial proper-
ties (Gotway and Young, 2002). The concept of spatial support should not be confused with the various
discretization level of measurements. In the case of spatial predictions, there are two spatial discretiza-
tion levels: the size of the blocks of land sampled (support size), and grid resolution of the auxiliary
maps. Both concepts are closely related with cartographic scale (Hengl, 2006). Field observations are
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typically collected as point samples. The support size of the auxiliary maps is commonly much larger
than the actual blocks of land sampled, e.g. explanatory variables are in general averaged (smoothed),
while the environmental variables can describe local (micro) features. As a result, the correlation be-
tween the auxiliary maps and measured environmental variables is often low or insignificant (Fig. 1.6).
There are two solutions to this problem: (a) to up-scale the auxiliary maps or work with high resolution
satellite images, or (b) to average bulk or composite samples within the regular blocks of land (Patil,
2002). The first approach is more attractive for the efficiency of prediction, but at the cost of more
processing power and storage. The second solution will only result in a better fit, whereas the efficiency
of prediction, validated using point observations, may not change significantly.

LI

=
S
5

Fig. 1.6: Influence of the support (grid cell) size: predictions of the same variable at coarse grid will often show much less
contrast, i.e. it will miss many local hot-spots. Example from Thompson et al. (2001).

In practice, given the space-time domain and feature of interest, one makes measurements by fixing either
2D space, elevation/depth or time. Mixing of lab data from different seasons, depths and with different
support sizes in general means lower predictive power and problems in fully interpreting the results. If the
focus of prediction modeling is solely the geographical component (2D), then the samples need to be taken
under fixed conditions: same season, same depths, same blocks of land. Likewise, if the focus of analysis is
generation of spatio-temporal patterns, some minimum of point samples in both space and time domains is
needed. Analysts that produce 2D maps often ignore concepts such as temporal variability and support size.
To avoid possible misinterpretation, each 2D map of environmental variables generated using geostatistics
should always indicate a time reference (interval), applicable vertical dimension'®, sampling locations,
borders of the area of interest, and the size of sampling blocks (support size).

1.1.3 Spatial prediction models

In an ideal situation, variability of environmental variables is determined by a finite set of inputs and they
exactly follow some known physical law. If the algorithm (formula) is known, the values of the target variables
can be predicted exactly. In reality, the relationship between the feature of interest and physical environment
is so complex!! that it cannot be modeled exactly (Heuvelink and Webster, 2001). This is because we either
do not exactly know: (a) the final list of inputs into the model, (b) the rules (formulas) required to derive the
output from the inputs and (c) the significance of the random component in the system. So the only possibility
is that we try to estimate a model by using the actual field measurements of the target variable. This can be
referred to as the indirect or non-deterministic estimation.

Let us first define the problem using mathematical notation. Let a set of observations of a target variable
(also known as response variable) Z be denoted as z(s;), 2(s5),. .., 2(s,), where s; = (x;,y;) is a location and
x; and y; are the coordinates (primary locations) in geographical space and n is the number of observations
(Fig. 1.7). The geographical domain of interest (area, land surface, object) can be denoted as A. We deal
with only one reality (samples 2(s,)), which is a realization of a process (Z = {Z(s), Vs € A}) that could have
produced many realities.

100rthogonal distance from the ground surface.
Because either the factors are unknown, or they are too difficult to measure, or the model itself would be too complex for realistic
computations.
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10 Geostatistical mapping

Assuming that the samples are representative, non-preferential and consistent, values of the target variable at
some new location s, can be derived using a spatial prediction model. In statistical terms, a spatial prediction
model draws realizations — either the most probable or a set of equiprobable realizations — of the feature of
interest given a list of inputs:

2(so) = E{Zl2(s;), qx(sp), y(h), s€ A} (1.1.2)

where z(s;) is the input point data set, y(h) is the covariance model defining the spatial autocorrelation
structure (see further Fig. 2.1), and q,(s,) is the list of deterministic predictors, also known as covariates or
explanatory variables, which need to be available at any location within A. In other words, a spatial prediction
model comprises list of procedures to generate predictions of value of interest given the calibration data and
spatial domain of interest.

(a)

A
Z(Sl)\ T z(s)A
~e o °
e T T e
[ T ) =2 " .
o x(s) —

Fig. 1.7: Spatial prediction is a process of estimating the value of (quantitative) properties at unvisited site within the area
covered by existing observations: (a) a scheme in horizontal space, (b) values of some target variable in a one-dimensional
space.

In raster GIS terms, the geographical domain of
interest is a rectangular matrix, i.e. an array with
rows X columns number of grid nodes over the do-
main of interest (Fig. 1.8):

z={z(sj),j=1,...,m}; s; €A (1.1.3)

e m

where z is the data array, z(s;) is the value at the grid
node s;, and m is the total number of grid nodes.
Note that there is a difference between predicting
values at grid node (punctual) and prediction val-
ues of the whole grid cell (block), which has a full
topology'2.

There seem to be many possibilities to interpolate point samples. At the Spatial Interpolation Comparison
2004 exercise, for example, 31 algorithms competed in predicting values of gamma dose rates at 1008 new
locations by using 200 training points (Dubois and Galmarini, 2004; Dubois, 2005). The competitors ranged
from splines, to neural networks, to various kriging algorithms. Similarly, the software package Surfer!® offers
dozens of interpolation techniques: Inverse Distance, Kriging, Minimum Curvature, Polynomial Regression,
Triangulation, Nearest Neighbor, Shepard’s Method, Radial Basis Functions, Natural Neighbor, Moving Aver-
age, Local Polynomial, etc. The list of interpolators available in R via its interpolation packages (akima, loess,
spatial, gstat, geoR etc.) is even longer.

Fig. 1.8: Spatial prediction implies application of a prediction
algorithm to an array of grid nodes (point d point spatial pre-
diction). The results are then displayed using a raster map.

12The sp package in R, for example, makes a distinction between the Spatial Pixel data frame (grid nodes) and a Spatial Grid data
frame (grid cells) to distinguish between regular grid with point support and block support.
Bnttp://www.ssg-surfer.com
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An inexperienced user will often be challenged by the amount of techniques to run spatial interpolation.
Li and Heap (2008), for example, list over 40 unique techniques in their extensive review of the spatial
prediction methods. Most spatial prediction models are in fact somehow connected. As we will see later
on, many standard linear models are in fact just a special case of a more general prediction model. This
makes things much less complicated for the non-geostatisticians'®. It is thus more important to have a clear
idea about the connection or hierarchy of predictors, than to be able to list all possible predictors and their
variants.

Spatial prediction models (algorithms) can be classified according to the amount of statistical analysis i.e.
amount of expert knowledge included in the analysis:

(1.) MECHANICAL (DETERMINISTIC) MODELS — These are models where arbitrary or empirical model
parameters are used. No estimate of the model error is available and usually no strict assumptions about
the variability of a feature exist. The most common techniques that belong to this group are:

m Thiessen polygons;

m [nverse distance interpolation;
m Regression on coordinates;

m Natural neighbors;

m Splines;

.

(2.) LINEAR STATISTICAL (PROBABILITY) MODELS — In the case of statistical models, the model param-
eters are commonly estimated in an objective way, following probability theory. The predictions are
accompanied with an estimate of the prediction error. A drawback is that the input data set usually need
to satisfy strict statistical assumptions. There are at least four groups of linear statistical models:

m kriging (plain geostatistics);
m environmental correlation (e.g. regression-based);

m Bayesian-based models (e.g. Bayesian Maximum Entropy);

hybrid models (e.g. regression-kriging);
"

(3.) EXPERT-BASED SYSTEMS — These models can be completely subjective (ergo irreproducible) or com-
pletely based on data; predictions are typically different for each run. Expert systems can also largely be
based on probability theory (especially Bayesian statistics), however, it is good to put them in a different
group because they are conceptually different from standard linear statistical techniques. There are at
least three groups of expert based systems:

m mainly knowledge-driven expert system (e.g. hand-drawn maps);
m mainly data-driven expert system (e.g. based on neural networks);

m machine learning algorithms (purely data-driven);

Spatial prediction models can also be classified based on the:
Smoothing effect — whether the model smooths predictions at sampling locations or not:

m Exact (measured and estimated values coincide);

m Approximate (measured and estimated values do not have to coincide);

Transformation of a target variable — whether the target variable is used in its original scale or trans-
formed:

m Untransformed or Gaussian (the variable already follows close to a normal distribution);

14As we will see later on in §2.1.2, spatial prediction can even be fully automated so that a user needs only to provide quality inputs
and the system will select the most suitable technique.
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12 Geostatistical mapping

m Trans-Gaussian (variable transformed using some link function);
Localization of analysis — whether the model uses all sampling locations or only locations in local proximity:

m Local or moving window analysis (a local sub-sample; local models applicable);

m Global (all samples; the same model for the whole area);
Convexity effect — whether the model makes predictions outside the range of the data:

m Convex (all predictions are within the range);

m Non-convex (some predictions might be outside the range);
Support size — whether the model predicts at points or for blocks of land:

m Point-based or punctual prediction models;

m Area-based or block prediction models;
Regularity of support — whether the output data structure is a grid or a polygon map:

m Regular (gridded outputs);

m [rregular (polygon maps);
Quantity of target variables — whether there is one or multiple variables of interest:

m Univariate (model is estimated for one target variable at a time);

m Multivariate (model is estimated for multiple variables at the same time);

Another way to look at spatial prediction models is to consider their ability to represent models of spatial
variation. Ideally, we wish to use a mixed model of spatial variation (Fig. 1.5¢) because it is a generalization of
the two models and can be more universally applied. In practice, many spatial prediction models are limited to
one of the two models of spatial variation: predicting using polygon maps (§1.3.3) will show discrete changes
(Fig. 1.5a) in values; ordinary kriging (§1.3.1) will typically lead to smooth maps (Fig. 1.5b).

1.2 Mechanical spatial prediction models

As mentioned previously, mechanical spatial prediction models can be very flexible and easy to use. They can
be considered to be subjective or empirical, because the user him/her-self selects the parameters of the model,
often without any deeper analysis, often based only on a visual evaluation — the ‘look good’ assessment.
Most commonly, a user typically accepts the default parameters suggested by some software, hence the name
mechanical models. The most widely used mechanical spatial prediction models are Thiessen polygons, inverse
distance interpolation, regression on coordinates and various types of splines (Lam, 1983; Myers, 1994; Mitas
and Mitasova, 1999). In general, mechanical prediction models are more primitive than statistical models and
are often sub-optimal. However, in some situations they can perform as well as statistical models (or better).

1.2.1 Inverse distance interpolation
Probably one of the oldest spatial prediction techniques is inverse distance interpolation (Shepard, 1968).

As with many other spatial predictors, in the case of inverse distance interpolation, a value of target variable
at some new location can be derived as a weighted average:

2(sg) =Zki(s0) -2(s;) (1.2.1)
i=1

where A; is the weight for neighbor i. The sum of weights needs to equal one to ensure an unbiased interpo-
lator. Eq.(1.2.1) in matrix form is:

2(sg) = Ay -z (1.2.2)
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The simplest approach for determining the weights is to use the inverse distances from all points to the
new point:

1

B .
Alsg) =22 gy (1.2.3)

1
2 Tom

i=0

where d(sy, s;) is the distance from the new point to a known sampled point and f is a coefficient that is used
to adjust the weights. The principle of using inverse distances is largely a reflection of Waldo Tobler’s first law
in geography which states that “Everything is related to everything else, but near things are more related than
distant things.” (Tobler, 1970, p.236); hence, points which are close to an output pixel will obtain large weights
and that points which are farther away from an output pixel will obtain small weights. The 8 parameter is used
to emphasize spatial similarity. If we increase 3 less importance will be put on distant points. The remaining
problem is how to estimate 3 objectively so that it reflects the true strength of auto-correlation.

Inverse distance interpolation is an exact, convex interpolation method that fits only the continuous model
of spatial variation. For large data sets (>>10° points) it can be time-consuming so it is often a good idea to
set a threshold distance (search radius) to speed up the calculations.

1.2.2 Regression on coordinates

Assuming that the values of a target variable at some location are a function of coordinates, we can determine
its values by finding a function which passes through (or close to) the given set of discrete points. This group
of techniques can be termed regression on coordinates, although it is primarily known in literature by names
trend surfaces and/or moving surface interpolation, depending on whether the function is fitted for the
whole point data set (trend) or for a local (moving) neighbourhood (Hardy, 1971). Regression on coordinates
is based on the following model (Webster and Oliver, 2001, p.40-42):

Z(s)=f(x,y)+e (1.2.4)

and the predictions are made by:

2(sg) = Z a,,-x"y'=a’-s, (1.2.5)

r,sen

where r +s < p is the number of transformations of coordinates, p is the order of the surface. The model
coefficients (a) are determined by maximizing the local fit:

Z & — zl-)2 — min (1.2.6)
i=1

which can be achieved by the Ordinary Least Squares solution (Kutner et al., 2004):

a= (sT . s)il . (sT . z) (1.2.7)

In practice, local fitting of the moving surface is more widely used to generate maps than trend surface
interpolation. In the case of a moving surface, for each output grid node, a polynomial surface is fitted to a
larger'® number of points selected by a moving window (circle). The main problem of this technique is that, by
introducing higher order polynomials, we can generate many artifacts and cause serious overshooting of the
values locally (see further Fig. 1.13). A moving surface will also completely fail to represent discrete changes
in space.

15The number of points needs to be at least larger than the number of parameters.
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14 Geostatistical mapping

Regression on coordinates can be criticized for not relying on empirical knowledge about the variation of a
variable (Diggle and Ribeiro Jr, 2007, p.57). As we will see later on in §1.3.2, it is probably advisable to avoid
using x, y coordinates and their transforms and instead use geographic predictors such as the distance from
a coast line, latitude, longitude, distance from water bodies and similar. Similar recommendation also applies
to Universal kriging (see p.36) where coordinates are used to explain the deterministic part of variation.

1.2.3 Splines

A special group of interpolation techniques is based on splines. A spline is a type of piecewise polynomial,
which is preferable to a simple polynomial interpolation because more parameters can be defined including
the amount of smoothing. The smoothing spline function also assumes that there is a (measurement) error in
the data that needs to be smoothed locally. There are many versions and modifications of spline interpolators.
The most widely used techniques are thin-plate splines (Hutchinson, 1995) and regularized spline with
tension and smoothing (Mitasova and Mitas, 1993).

In the case of regularized spline with tension and smoothing (implemented e.g. in GRASS GIS), the pre-
dictions are obtained by (Mitasova et al., 2005):

ﬁ(SO) =a; + Zwi 'R('Ui) (1.28)

i=1

where the a; is a constant and R(v;) is the radial basis function determined using (Mitasova and Mitas, 1993):

R(v;)) = - [E1(Ui)+1n(vi)+cg] (1.2.9)
h, 72
v = |:(P : ?i| (1.2.10)

where E;(v;) is the exponential integral function, C;=0.577215 is the Euler constant, ¢ is the generalized
tension parameter and hy, is the distance between the new and interpolation point. The coefficients a; and w;
are obtained by solving the system:

dDw, = 0 (1.2.11)

< @
a, +ZW1 |:R(Ul)+51]goi| = Z(Si); j:1,..,n (1212)
i=1

1

where @,/ are positive weighting factors representing a smoothing parameter at each given point s;. The
tension parameter ¢ controls the distance over which the given points influence the resulting surface, while
the smoothing parameter controls the vertical deviation of the surface from the points. By using an appropriate
combination of tension and smoothing, one can produce a surface which accurately fits the empirical knowl-
edge about the expected variation (Mitasova et al., 2005). Regularized spline with tension and smoothing
are, in a way, equivalent to universal kriging (see further §2.1.4) where coordinates are used to explain the
deterministic part of variation, and would yield very similar results.

Splines have been widely regarded as highly suitable for interpolation of densely sampled heights and
climatic variables (Hutchinson, 1995; Mitas and Mitasova, 1999). However, their biggest criticism is their
inability to incorporate larger amounts of auxiliary maps to model the deterministic part of variation. In
addition, the smoothing and tension parameters are commonly determined subjectively.

1.3 Statistical spatial prediction models

As mentioned previously, in the case of statistical models, model parameters (coefficients) used to derive
outputs are estimated in an objective way following the theory of probability. Unlike mechanical models, in
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the case of statistical models, we need to follow several statistical data analysis steps before we can generate
maps. This makes the whole mapping process more complicated but it eventually helps us: (a) produce
more reliable/objective maps, (b) understand the sources of errors in the data and (c) depict problematic
areas/points that need to be revisited.

1.3.1 Kriging

Kriging has for many decades been used as a synonym for geostatistical interpolation. It originated in the
mining industry in the early 1950’s as a means of improving ore reserve estimation. The original idea came
from the mining engineers D. G. Krige and the statistician H. S. Sichel. The technique was first'® published in
Krige (1951), but it took almost a decade until a French mathematician G. Matheron derived the formulas and
basically established the whole field of linear geostatistics'” (Cressie, 1990; Webster and Oliver, 2001). Since
then, the same technique has been independently discovered many times, and implemented using various
approaches (Venables and Ripley, 2002, pp.425-430).

A standard version of kriging is called ordinary kriging (OK). Here the predictions are based on the model:

Z(s)=u+¢€'(s) (1.3.1)

where u is the constant stationary function (global mean) and &’(s) is the spatially correlated stochastic part
of variation. The predictions are made as in Eq.(1.2.1):

Zox(So) = Zwi(so) -z(s;) = lg z (1.3.2)
i=1

where A, is the vector of kriging weights (w;), z is the vector of n observations at primary locations. In a
way, kriging can be seen as a sophistication of the inverse distance interpolation. Recall from §1.2.1 that
the key problem of inverse distance interpolation is to determine how much importance should be given to
each neighbor. Intuitively thinking, there should be a way to estimate the weights in an objective way, so the
weights reflect the true spatial autocorrelation structure. The novelty that Matheron (1962) and colleagues
introduced to the analysis of point data is the derivation and plotting of the so-called semivariances —
differences between the neighboring values:

r(0) = 2 [ (st~ 2G5, + )] 133)

where z(s;) is the value of a target variable at some sampled location and z(s; +h) is the value of the neighbor
at distance s; +h. Suppose that there are n point observations, this yields n - (n — 1)/2 pairs for which a
semivariance can be calculated. We can then plot all semivariances versus their separation distances, which
will produce a variogram cloud as shown in Fig. 1.9b. Such clouds are not easy to describe visually, so the
values are commonly averaged for a standard distance called the “lag”. If we display such averaged data, then
we get a standard experimental or sample variogram as shown in Fig. 1.9c. What we usually expect to see
is that semivariances are smaller at shorter distance and then they stabilize at some distance within the extent
of a study area. This can be interpreted as follows: the values of a target variable are more similar at shorter
distance, up to a certain distance where the differences between the pairs are more less equal to the global
variance'®.

From a meta-physical perspective, spatial auto-correlation in the data can be considered as a result of
diffusion — a random motion causing a system to decay towards uniform conditions. One can argue that, if
there is a physical process behind a feature, one should model it using a deterministic function rather than

16 A somewhat similar theory was promoted by Gandin (1963) at about the same time.

7Matheron (1962) named his theoretical framework the Theory of Regionalized Variables. It was basically a theory for modeling
stochastic surfaces using spatially sampled variables.

18For this reason, many geostatistical packages (e.g. Isatis) automatically plot the global variance (horizontal line) directly in a vari-
ogram plot.
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Fig. 1.9: Steps of variogram modeling: (a) sampling locations (155) and measured values of the target variable, (b)
variogram cloud showing semivariances for all pairs (log-transformed variable), (c) semivariances aggregated to lags of
about 100 m, and (d) the final variogram model fitted using the default settings in gstat. See further p.130.

treating it as a stochastic component. Recall from section 1.1.2, diffusion is a random motion so that there is
a meta-statistical argument to treat it as a stochastic component.

Once we calculate an experimental variogram, we can fit it using some of the authorized variogram mod-
els, such as linear, spherical, exponential, circular, Gaussian, Bessel, power and similar (Isaaks and Srivastava,
1989; Goovaerts, 1997). The variograms are commonly fitted by iterative reweighted least squares estima-
tion, where the weights are determined based on the number of point pairs or based on the distance. Most
commonly, the weights are determined using N; /h?, where N; is the number of pairs at a certain lag, and h;
is the distance (Fig. 1.9d). This means that the algorithm will give much more importance to semivariances
with a large number of point pairs and to shorter distances. Fig. 1.9d shows the result of automated variogram
fitting given an experimental variogram (Fig. 1.9¢) and using the N;/ hjz.—weights: in this case, we obtained an
exponential model with the nugget parameter = 0, sill parameter = 0.714, and the range parameter = 449 m.
Note that this is only a sample variogram — if we would go and collect several point samples, each would
lead to a somewhat different variogram plot. It is also important to note that there is a difference between the
range factor and the range of spatial dependence, also known as the practical range. A practical range is the
lag h for which e.g. y(h) =0.95 y(00), i.e. that is distance at which the semivariance is close to 95% of the sill
(Fig. 1.10b).

The target variable is said to be stationary if several sample variograms are ‘similar’ (if they do not differ
statistically), which is referred to as the covariance stationarity or second order stationarity. In summary,
three important requirements for ordinary kriging are: (1) the trend function is constant (u =constant);
(2) the variogram is constant in the whole area of interest; (3) the target variable follows (approximately) a
normal distribution. In practice, these requirements are often not met, which is a serious limitation of ordinary
kriging.

Once we have estimated'® the variogram model, we can use it to derive semivariances at all locations and

9We need to determine the parameters of the variogram model: e.g. the nugget (C), sill (C;) and the range (R) parameter. By knowing
these parameters, we can estimate semivariances at any location in the area of interest.
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log1p(kg / m"2)

3.20
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1.70

predicted Soil Organic Carbon

5.0
3.3
17
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Fig. 7.3: Predicted values of the target variable (Loglp (SOC)) using the 20 most significant predictors and multiple linear
regression module in SAGA GIS (above). ISRIC WISE coverage map — sampling density on 0.5 arcdegree grid derived
using kernel smoothing (below).

= : ISRIC WISE profile density

Grid system: 0.1; 3600x 1300y; -179.95x -64.9b5y
Source: S0C_reg

Target: [not setl

Shapes: [not set]

X Coordinates: [not set]

Y Coordinates: [not setl

Create X/Y Grids: no

Target: grid system

Interpolation: Bilinear Interpolation

Source: +proj=longlat +datum=WGS84

Target: +proj=aea +lat_1=-5 +lat_2=-42 +lat_0=-32 +lon_0=-60 +x_0=0
+y_0=0 +ellps=aust_SA +units=m +no_defs

Save grid: m_S0C_reg.sgrd...
ready
> gridsSA <- readGDAL("m_SOC_reg.asc")

m_SOC_reg.asc has GDAL driver AAIGrid
and has 770 rows and 586 columns
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> names(gridsSA) <- "SOC_reg"

> proj4string(gridsSA) <- CRS(SA.aea)
> SA.bbox <- gridsSA@bbox

> SA.bbox

min max
x -2932000 2928000
y -2602000 5098000

which will reproject and resample the predicted 1loglp(S0C) map from geographic coordinates to the Albers
Equal-Area Conic projection system'3, commonly used to represent the whole South American continent.

7.4 Modeling spatial auto-correlation

We have explained some 36% of variation in the SOC values using worldmaps. Next we can look at the
variograms i.e. try to improve interpolations using kriging. Because we focus only on the South American
continent, we also need to subset the point map of profiles:

# reproject the profile data:

> GSPD.aea <- spTransform(GSPD, CRS(SA.aea))

> writeOGR(GSPD.aea, "GSPD_aea.shp", ".", "ESRI Shapefile")

# subset the points:

> rsaga.geoprocessor(lib="shapes_tools", module=14,

+ param=1list (SHAPES="GSPD_aea.shp", CUT="m_GSPD_aea.shp",

+ METHOD=0, TARGET=0, CUT_AX=SA.bbox[1,1], CUT_BX=SA.bbox[1,2],
+ CUT_AY=SA.bbox[2,1], CUT_BY=SA.bbox[2,2]))

which will subset the input point map to 1729 points. These can be now analyzed for spatial auto-correlation:

> m_SOC <- readShapePoints("m_GSPD_aea.shp", CRS(SA.aea))

> m_S0C.ov <- overlay(gridsSA, m_S0C)

> m_S0C.ov$S0C <- m_S0C$SOC

> m_S0C.ov <- remove.duplicates(m_S0C.ov) # many duplicate points!

> sel <- !is.na(m_SOC.ov$S0C)&!is.na(m_SOC.ov$SOC_reg)

> res_S0C.svar <- variogram(loglp(SOC) ~ SOC_reg, m_SOC.ov[sel,])

> S0C.rvgm <- fit.variogram(res_SOC.svar, vgm(nugget=var(S0C.ov$S0C, na.rm=T)/2,
+ model="Exp", range=80000, sill=var(SOC.ov$SOC, na.rm=T)/2))

>

S0C.rvgm
model psill range
1 Nug 0.3879486 0.0

2 Exp 0.1151655 823650.5

which shows that the residuals are correlated up to the distance of >1000 km. This number seems unrealistic.
In practice, we know that soils form mainly at watershed level or even at short distances, so chances that
two profile locations that are so far away still make influence on each other are low. On the other hand, from
statistical perspective, there is no reason not to utilize this auto-correlation to improve the existing predictions.

Variograms for the original variable and regression residuals can be seen in Fig. 7.4. Note also that the
variance of the residuals is about 70% of the original variance, which corresponds to the R-square estimated
by the regression model. Compare also this plot to some previous exercises, e.g. Fig. 5.8. We can in general
say that the nugget variation of SOC is relatively high, which indicates that our estimate of global SOC will be
of limited accuracy.

7.5 Adjusting final predictions using empirical maps

Once we have estimated the variogram for residuals, we can proceed with regression-kriging!:

Bhttp://spatialreference.org/ref/esri/102033/
In this case implemented as kriging with external drift, and with a single predictor — regression estimate (see §2.1.4).


http://spatialreference.org/ref/esri/102033/
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Fig. 7.4: Variograms for SOC fitted in gstat using standard settings.

# block regression-kriging:
> m_SO0C.rk <- krige(loglp(S0C) ~ SOC_reg, m_SOC.ov[sel,], gridsSA, SOC.rvgm,
+ nmin=30, nmax=40, block=c(10e3, 10e3))

[using universal kriging]

Warning message:

In points2grid(points, tolerance, round, fuzz.tol)
grid has empty column/rows in dimension 2

# back-transform values:
> m_SO0C.rk$S0C_rk <- expml(m_SOC.rk$varl.pred)

in this case, gstat reported about empty pixels in the map that have been removed. The final regression-kriging
map of S0C for South American continent can be seen in Fig. 7.5. The RK model predicts even in the areas
where there are almost no soil profiles, hence the map is possibly of poor quality in some regions. To improve
this map, we can use the USDA-produced Soil Organic Carbon Map'®, which is shown in Fig. 7.5 (2):

# reproject and import the USDA map:

> download.file("http://spatial-analyst.net/worldmaps/SOC.zip",

+ destfile=paste(getwd(), "/S0C.zip", sep=""))

> unzip("S0C.zip")

# resample to the same grid:

> rsaga.esri.to.sgrd(in.grids="S0C.asc", out.sgrd="S0C.sgrd", in.path=getwd())
> rsaga.geoprocessor(1lib="pj_proj4", 2,

+ param=1list (SOURCE_PROJ="\"+proj=longlat +datum=WGS84\"",

+ TARGET_PROJ=paste('"', SA.aea ,'"', sep=""),

+ SOURCE="S0C.sgrd", TARGET="m_SOC_USDA.sgrd", TARGET_TYPE=2, INTERPOLATION=1,
+ GET_SYSTEM_SYSTEM_NX=m_S0C.rk@grid@cells.dim[[1]1],

+ GET_SYSTEM_SYSTEM_NY=m_SOC.rk@grid@cells.dim[[2]],

+ GET_SYSTEM_SYSTEM_X=m_SOC.rk@grid@cellcentre.offset[[1]],

+ GET_SYSTEM_SYSTEM_Y=m_S0C.rk@grid@cellcentre.offset[[2]],

+ GET_SYSTEM_SYSTEM_D=10000))

> rsaga.sgrd.to.esri(in.sgrds="m_SOC_USDA.sgrd", out.grids="m_SOC_USDA.asc",

+ out.path=getwd(), prec=3)

> m_SO0C.rk$SOC_USDA <- readGDAL("m_SOC_USDA.asc")$bandl

http://soils.usda.gov/use/worldsoils/mapindex/


http://soils.usda.gov/use/worldsoils/mapindex/
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Recall from §2.1.3 that, if we know the uncertainty of both maps, we can derive a weighted average and
create a combined prediction. In this case, we do not have any estimate of the uncertainty of the USDA SOC
map; we only have an estimate of the uncertainty of RK SOC map. Because there are only two maps, the
weights for the RK map (Fig. 7.5 (3)) can be derived using the inverse of the relative prediction variance (see
p.25); the remaining weights for the USDA map can be derived as 1 — w. Or in R syntax:

# merge the two maps (BCSP formula):

> w <- sqrt(m_SOC.rk$varl.var)/sqrt(var(loglp(m_SOC.ov$S0C), na.rm=T))

> m_S0C.rk$w <- 1-w/max(w, na.rm=TRUE)

> m_S0C.rk$S0C.f <- m_SOC.rk$w * m_SOC.rk$SOC_rk + (1-m_SOC.rk$w) * m_SOC.rk$SOC_USDA

ISRIC WISE

correction

0.850
0.767
0.683
0.600

corrected map

kg/mr2

25
18
12
5

kg /m"2

25
18
12
5

Fig. 7.5: Soil Organic Carbon stock (kg C m~2) for South America: (1) predicted using regression-kriging, (2) the USDA
S0C map produced using soil regions; (3) sampling locations and map of weights derived as the inverse relative prediction
error; (4) the final corrected map of SOC derived as a weighted average between the maps (1) and (2).

The final corrected map of SOC is shown in Fig. 7.5 (4). In this case, the USDA map is assume to be more
spatially ‘consistent’ about the actual SOC stock. The weighted average between the two maps is possibly the
best estimate of the Soil Organic Carbon given the limited data. To validate this map, one would need to
collect block estimates of SOC with a support size of 10 km (Heuvelink and Pebesma, 1999).

7.6 Summary points

Estimation of organic carbon stock using ISRIC WISE profiles and geostatistical techniques is possible, but the
final map is of limited quality: (a) soil samples are fairly clustered (Fig. 7.3, below), for many regions there
are still no measured soil data; (b) predictors used are rather coarse (cca. 10 km), which limits the regression
modeling; (c) the residuals for SOC consequently show high nugget. The map presented in Fig. 7.5 (1) can
be considered to be especially poor where the density of point samples is low. The question remains whether
the models would improve if one would consider fitting variogram models locally (moving window), or by
using finer-grain predictors (<10 km) that could potentially be able to explain short-range variation. On the
other hand, we know that there is inherent uncertainty in the geo-locations of WISE profiles, so that not even
finer-grain predictors would help us improve the predictions.

If you repeat a similar analysis with other soil variables of interest, you will notice that the gridded predic-
tors explain only between 10-40% of the observed variability in the values (e.g. 36% for SOC, 11% for HOTH,
22% for SAND, 28% for SILT, 15% for CLAY), which means that these maps are of limited accuracy. The var-
iograms also show relatively high nugget, which also means that about 30-60% of variability in these target
variables cannot be explained by regression-kriging. This is particulary problematic for large regions that are
completely under represented — most of the former Russian federation, Australia and Canada (see the map in
Fig. 7.1). Nevertheless, the main patterns of soil parameters produced using ISRIC WISE will often correspond
to our empirical knowledge: high soil organic carbon mainly reflects the cold and wet temperatures (Batjes,
1996); deep soils are predicted in the tropical regions and areas of high biomass (Eswaran et al., 1993);
texture classes are connected with the land cover, relief and soil mapping units etc.
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The advantage of automating the operations, on the other hand, is that these maps can be easily updated
once the ISRIC WISE becomes more representative and of higher quality. Due to the data processing automa-
tion, many other important soil parameters from the ISRIC WISE database could easily be revised once updates
with better geographical coverage are released .

Self-study exercises:

(1.) Estimate nugget variation for SOC for the five largest countries in the world. Plot the variograms one
over the other.

(2.) Compare the Global Biomass Carbon Map distributed by The Carbon Dioxide Information Analysis Cen-
ter and the total soil carbon map shown in Fig. 7.5(4). Are the two maps correlated and how much?
Where is the difference highest and why?

(3.) Repeat the spatial prediction of soil carbon by focusing on the North American continent (HINT: resam-
ple the maps following the previous exercise in §6.5.)

(4.) Which country in the world has highest reserves of organic carbon in absolute terms (total soil carbon
in tones), and which one in relative terms (average density of carbon)?

(5.) Compare spatial prediction of SOC for South America and Africa (regression-kriging variance). Why are
soil profile data in South America more suited for geostatistical mapping?

(6.) Interpolate soil textures (SAND, SILT, CLAY) using the same procedure explained in the text and produce
global maps.

(7.) Focus on Australia and compare the soil organic carbon map available from the Australian soil atlas with
the map shown in Fig. 7.3. Plot the two maps next to each other using the same grid settings.

Further reading:

% Batjes, N.H., 2009. Harmonized soil profile data for applications at global and continental scales: up-
dates to the WISE database. Soil Use and Management 25, 124-127.

% Lagacherie, P, McBratney, A.B., Voltz, M., (eds) 2006. Digital Soil Mapping: An Introductory Perspec-
tive. Developments in Soil Science, Volume 31. Elsevier, Amsterdam, 350 p.

% Ruesch, A., Gibbs, H.K., 2008. New IPCC Tier-1 Global Biomass Carbon Map For the Year 2000. Carbon
Dioxide Information Analysis Center, Oak Ridge National Laboratory, Oak Ridge, Tennessee, 45 p.

% http://www.isric.org — ISRIC World Soil Information center;
% http://www.pedometrics.org — The international research group on pedometrics;

% http://www.globalsoilmap.net — International consortium that aims to make a new digital soil
map of the world using state-of-the-art and emerging technologies for soil mapping and predicting soil
properties at fine resolution;
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8

Species’ occurrence records (bei)

8.1 Introduction

A special group of Species Distribution Models (SDMs) focuses on the so-called occurrence-only records —
pure records of locations where a species occurred (Tsoar et al., 2007). Although such point data set can be
considered of interest to geostatistics, standard geostatistical techniques cannot be used to generate (realized)
species’ distributions using occurrence-only data, mainly for two reasons: (1) absence locations are missing
(‘I’s only), so that it is not possible to analyze the data using e.g. indicator geostatistics; and (2) the sampling
is purposive and points are often clustered in both geographical and feature spaces, which typically causes
difficulties during the model estimation.

Spatial statisticians (e.g. Diggle (2003); Bivand et al. (2008)) generally believe that geostatistical tech-
niques are suited only for modeling of features that are inherently continuous (spatial fields); discrete objects
(points, lines, polygons) should be analyzed using point pattern analysis and similar methods. This exercises
tries to bridge this gap. It demonstrates how to combine geostatistical techniques with conceptually different
techniques — point pattern analysis and Niche analysis — to allow prediction of species’ distributions using
regression-kriging. For more info about the theoretical basis for this approach see section 2.6. This chapter is
based on an article published in Ecological Modeling journal (Hengl et al., 2009b).

We will use the data set bei, distributed together with the spatstat! package, and used in school books
on point pattern analysis by Baddeley (2008) and many other authors. This data set consists of a point map
showing observed locations of trees of the species Beilschmiedia pendula Lauraceae. This is only a small part
of the Barro Colorado Island 50 Hectare Plot?> Data set (Panama) that contains about 2 million records —
complete inventory of all plant species and numerous plant and environmental attributes for six time periods
(Leigh et al., 2004).

8.1.1 Preparation of maps
To run the bei.R script, you will first need to load the following packages:

library(spatstat)
library(adehabitat)
library(gstat)
library(splancs)
library(rgdal)
library (RSAGA)

vV V.V V V YV

We load the bei data set directly from R:

'http://spatstat.org
’http://www.stri.org/english/research/facilities/terrestrial/barro_colorado/
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> data(bei)
> str(bei)

List of 5
$ window :List of b
$ type : chr "rectangle"
$ xrange: num [1:2] O 1000
$ yrange: num [1:2] 0 500
$ units :List of 3
..$ singular : chr "metre"
..$ plural : chr "metres"
..$ multiplier: num 1
.- attr(x, "class")= chr "units"

.$ area : num 5e+05
..- attr(x, "class")= chr "owin"
$n : int 3604
$ x : num [1:3604] 11.7 998.9 980.1 986.5 944.1
$y : num [1:3604] 151 430 434 426 415
$ markformat: chr "none"

- attr(*, "class")= chr "ppp"

Fig. 8.1: The bei data set — locations of Beilschmiedia pendula Lauraceae trees, and a 5 m DEM used as environmental
predictor. Viewed from south to north.

This shows locations of individual trees (a total of 3604 trees) observed in a 1000 m by 500 m rectangular
window®. The beginning of the rectangle is at Lat. 9.15125°, Long. -79.8553°. The bei object is of type ppp,
which is the native spatstat format (point pattern data set in the two-dimensional plane). If you would try to
analyze this data set using some geostatistical package, you would soon find out that not much can be done
because this is not even a binary variable.

8.1.2 Auxiliary maps

In addition to the point map a map of elevation and slope gradient is provided in the bea.extra data set:
> str(bei.extra, max.level=1)

List of 4
$ elev :List of 11
.- attr(*, "class")= chr "im"
$ grad :List of 11
.- attr(x, "class")= chr "im"

3What makes this data set especially suitable for this exercise is the fact that the complete population of the trees has been mapped for
the area of interest.
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We can extend the initial list of covariates and attach two more maps that we can derive in SAGA and then
import back into R — the wetness index and vertical distance from the channel network (Fig. 8.2):

grids <- as(bei.extral[[1]], "SpatialGridDataFrame")

names(grids) [1] <- "elev"

grids$grad <- as(bei.extral[[2]], "SpatialGridDataFrame")$v

write.asciigrid(grids["elev"], "dem.asc")

write.asciigrid(grids["grad"], "grad.asc")

Generate the wetness index and vertical distance from the channel network:

rsaga.esri.to.sgrd(in.grids="dem.asc", out.sgrds="dem.sgrd", in.path=getwd())

Filter the spurious sinks:

rsaga.geoprocessor(lib="ta_preprocessor", module=2,
param=list (DEM="dem.sgrd", RESULT="dem_f.sgrd"))

rsaga.geoprocessor{(lib="ta_hydrology", module=15, param=list(DEM="dem_f.sgrd",
C="catharea.sgrd", GN="catchslope.sgrd", CS="modcatharea.sgrd", SB="twi.sgrd", T=10))

rsaga.geoprocessor(lib="ta_channels", module=0, param=1ist(ELEVATION="dem.sgrd",
CHNLNTWRK="chnlntwrk.sgrd", CHNLROUTE="channel_route.sgrd", SHAPES='"channels.shp",
INIT_GRID="dem_f.sgrd", DIV_CELLS=10, MINLEN=30))

rsaga.geoprocessor(lib="ta_channels", module=3, param=1ist(ELEVATION="dem.sgrd",
CHANNELS="chnlntwrk.sgrd", ALTITUDE="achan.sgrd", THRESHOLD=0.1, NOUNDERGROUND=TRUE))

rsaga.sgrd.to.esri(in.sgrds=c("twi.sgrd","achan.sgrd"),
out.grids=c("twi.asc","achan.asc"), prec=1, out.path=getwd())

grids$achan <- readGDAL("achan.asc")$bandl

grids$twi <- readGDAL("twi.asc")$bandl
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Fig. 8.2: Auxiliary (environmental) maps used to explain species’ distribution: Elevation (elev), Slope in % (grad),
Topographic Wetness Index (twi) and Altitude above channel network in m (achan) derived in SAGA GIS.

where twi.sgrd is the Topographic Wetness Index, and achan.sgrd is the Altitude above channel network.
For more info about the SAGA syntax, see section 3.1.2 or refer to Conrad (2007).

We will now implement all steps described in §2.6 to predict the spatial density of trees over the area of
interest (M =20301 grid nodes). To test our algorithm we will use a 20% sub-sample of the original population
and then validate the accuracy of our technique versus the whole population.
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8.2 Species distribution modeling
8.2.1 Kernel density estimation

We start by estimating a suitable bandwidth size for kernel density estimation (Eq.2.6.3). For this we use the
method of Berman and Diggle (1989), as described in Bivand et al. (2008, p.166-167), that looks for the
smallest Mean Square Error (MSE) of a kernel estimator:

gridbbox <- as.points(list(x=c(grids@bbox[1,1], grids@bbox[1,2], grids@bbox[1,2],

grids@bbox[1,1]), y=c(grids@bbox[2,1], grids@bbox[2,1], grids@bbox[2,2], grids@bbox[2,2])))

bw <- mserw$h[which.min(mserw$mse)]

>
+
> mserw <- mse2d(as.points(coordinates(bei.pnt)), gridbbox, 100, 10%bei.pixsize)
>
> plot(mserw$h,mserw$mse, type="1")

15

10

mserw$mse

mserw$h

Fig. 8.3: Selection of the optimal bandwidth using the method of Berman and Diggle (1989).

This shows that the optimal bandwidth size is about 4 m. But since our grid cell size is 5 m this bandwidth
is not really suited for this scale of work. Based on the plot from above we only know that we should not use a
bandwidth finer/smaller than 5 m; coarser bandwidths are all plausible. We can also consider the least squares
cross validation method to select the bandwidth size using the method of Worton (1995), as implemented in
the adehabitat package:

> bei.pnt <- data.frame(x=bei$x, y=bei$y, no=rep(1l, length(bei$x)))

> coordinates(bei.pnt) <- ~ x+y

> dem.asc <- import.asc("dem.asc")

> bei.kdens <- kernelUD(xy=as.data.frame(bei.pnt@coords), id=NULL, h="LSCV", grid=dem.asc)

Warning message:
In kernelUD(xy = as.data.frame(bei.pnt@coords), id = NULL, h = "LSCV",
The algorithm did not converge within the specified range of hlim: try to increase it

This does not converge either®, hence we need to set the bandwidth size using some ad hoc method. As a
rule of thumb we can start by estimating the smallest suitable range as the average size of block:

p = v/ area(Byg)/N (8.2.1)

and then set the bandwidth size at two times this value. There are 3605 trees () in the area of size
507,525 m?, which means that we could use a bandwidth of 24 m (H):

4This is unfortunately a very common problem with many real point patterns.
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> bei.pixsize <- sqrt(areaSpatialGrid(grids)/length(bei$x))
> bei.pixsize

[1] 11.86687

We next derive a relative kernel density map using the standard methods in the spatstat package (Eq.2.6.7).
The resulting density map is shown in Fig. 8.4:

> bei.ppp <- ppp(coordinates(bei.pnt)[,1], coordinates(bei.pnt)[,2],
+ marks=bei.pnt$no, window=as(grids[1], "owin"))

# reformat the point pattern so it fits the grids:

> summary (bei.ppp)

Marked planar point pattern: 3604 points
Average intensity 0.0071 points per square unit
marks are numeric, of type 'double'
Summary :
Min. 1st Qu. Median Mean 3rd Qu. Max.
1 1 1 1 1 1

Window: binary image mask

101 x 201 pixel array (ny, nx)

pixel size: 5 by 5 units

enclosing rectangle: [-2.5, 1002.5] x [-2.5, 502.5] units
Window area = 507525 square units

bei.dens <- density(bei.ppp, sigma=2x*bei.pixsize)

grids$dens <- as(bei.dens, "SpatialGridDataFrame")$v

relative density:

grids$densr <- grids$dens/(max(grids$dens, na.rm=T))

bei.pnt.plot <- list("sp.points", bei.pnt, pch="+", cex=.7, col="black")

plt.densl <- spplot{(grids["densr"], scales=list(draw=F), at=seq(0,1,0.025),
col.regions=grey(rev(seq(0,1,0.025))), sp.layout=bei.pnt.plot)
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Fig. 8.4: Relative intensity estimated for the original bei data set (left), and its 20% sub-sample (right). In both cases the
same bandwidth was used: H=24 m.

If we randomly subset the original occurrence locations and then re-calculate the relative densities, we
notice that the spatial pattern of the two maps does not differ significantly, and neither do their histograms:

Randomly subset points:

sel <- runif(length(bei.pnt$no))<0.2

bei.sub.pnt <- bei.pnt[sel,]

bei.sub <- ppp(coordinates(bei.sub.pnt)[,1], coordinates(bei.sub.pnt)[,2],
marks=bei.sub.pnt$no, window=as(grids[1], "owin"))

plot(bei.sub)

Derive kernel density:

H H + V V V H®
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bei.sub.dens <- density(bei.sub, sigma=2+*bei.pixsize)

grids$sub.dens <- as(bei.sub.dens, "SpatialGridDataFrame")$v

grids$sub.densr <- grids$sub.dens/(max(grids$sub.dens, na.rm=T))

Plot the second map:

bei.sub.pnt.plot <- list("sp.points", bei.sub.pnt, pch="+", cex=.7, col="black")

plt.dens2 <- spplot(grids["sub.densr"], scales=list(draw=F), at=seq(0,1,0.025),
col.regions=grey(rev(seq(0,1,0.025))), sp.layout=bei.sub.pnt.plot)

print(plt.densl, split=c(1,1,1,2), more=T)

print(plt.dens2, split=c(1,2,1,2), more=T)

VV + VYV HV VYV

then check if the two maps follow the same distribution:

> t.test(grids$sub.densr, grids$densr)
> t.test(grids$sub.densr, grids$densr)

Welch Two Sample t-test

data: grids$sub.densr and grids$densr
t = -6.5351, df = 40567.5, p-value
= 6.432e-11
alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:
-0.010186940 -0.005486209
sample estimates:
mean of x mean of y
0.1125212 0.1203578

which confirms that the two maps basically follow the same distribution. This supports our assumption that
the relative density map (Eq.2.6.7) can be indeed reproduced also from a representative sample (n=721).

We proceed with preparing the environmental predictors and testing their correlation with the density val-
ues. We can extend the original single auxiliary map (DEM) by adding some hydrological parameters: slope, to-
pographic wetness index and altitude above channel network. We want to attach the SpatialGridDataFrame
class maps to the original im class bei.extra, which means that we need to ‘coerce’ the objects to format of
interest:

> bei.extra$twi <- as.im(as.image.SpatialGridDataFrame(grids["twi"]))
> bei.extra$achan <- as.im(as.image.SpatialGridDataFrame(grids["achan"]))
> plot.im(bei.extra, col=grey(rev(seq(0,1,0.025))))

which will produce the map shown in Fig. 8.2. The result of fitting a non-stationary point process with a
log-linear density using the ppm method of spatstat shows that density is negatively correlated with wetness
index, and positively correlated with all other predictors (Baddeley, 2008):

> bei.sub.ppm <- ppm(bei.sub, ~ elevtgradt+twitachan, covariates=list(elev=bei.extra$elev,
+ grad=bei.extra$grad, twi=bei.extra$twi, achan=bei.extra$achan))
> summary(bei.sub.ppm)

Point process model

fitted by maximum pseudolikelihood (Berman-Turner approximation)
Call:

ppm(Q = bei.sub, trend = ~ elev + grad + twi + achan,

covariates = list(elev = bei.extra$elev,...

Edge correction: "border"

FITTED MODEL:
Nonstationary Poisson process

---- Intensity: ----

Trend formula: ~ elev + grad + twi + achan
Model involves external covariates
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Fitted coefficients for trend formula:
(Intercept) elev grad twi achan
-9.00309481 0.01675857 4.24494406 -0.07240637 0.03017035

We can actually use this model to predict the species density by using the generic predict method: 1

> bei.ppm.trend <- predict(bei.sub.ppm, type="trend", ngrid=c(grids@grid@cells.dim[2],
+ grids@grid@cells.dim[1]), window=as(grids[1], "owin"))

> plot(bei.ppm.trend)

> plot(bei.sub, add=T, pch=".")

Trend model (density) Habitat Suitability Index (0-100%)

0.005
0.004
0.003
0.002

0.001

0.000

Fig. 8.5: Trend model "ppm" predicted using elevation, slope, topographic wetness index and altitude above channel
network as environmental covariates (left); Habitat Suitability Index (0-100%) derived in the adehabitat package using
the same list of covariates (right).

Visually (Fig. 8.5), we can see that the predicted trend seriously misses some hot-spots i.e. clusters of points.
It seems that using point pattern analysis techniques to map (realized) species’ distribution with covariates is s
of limited use. A comparison between the Akaike Information Criterion (AIC) for a model without predictors 4
and with predictors shows that there is a slight gain in using the covariates to predict the spatial density: 5

> fitnull <- ppm(bei.sub, ~ 1)
> AIC(fitnull)

[1] 10496.56

> AIC(bei.sub.ppm) # this is a slightly better model

[1] 10289.79

Just for a comparison, we can also fit a GLM model® using all grid nodes: 6
> bei.ppp.lm <- glm(sub.densr ~ grad+elev+twitachan, grids@data, family=poisson())

There were 50 or more warnings (use warnings() to see the first 50)

> summary (bei.ppp.1lm)

This shows a similar picture: the best predictor of the density is TWI. 7

5We need to use the log as the link function because the density values are heavily skewed.
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8.2.2 Environmental Niche analysis

We proceed with the Environmental Niche Factor Analysis (Hirzel and Guisan, 2002), as implemented in the
adehabitat® package (Calenge, 2007). Our objective is to derive the Habitat Suitability Index (0-100%) which
basically shows potential spreading of a species in the feature space (environmental preference). We need to
prepare the maps in the adehabitat native format:

> beidata <- data2enfa(as.kasc(list(dem=import.asc("dem.asc"), grad=import.asc("grad.asc"),
+ twi=import.asc("twi.asc"), achan=import.asc("achan.asc"))), bei.sub.pnt@coords)

# run ENFA and make predictions of habitat suitability index:

> enfa.bei <- enfa(dudi.pca(beidata$tab, scannf=FALSE), beidata$pr, scannf=FALSE, nf=2)

Warning message:

In predict.enfa(enfa.bei, beidata$index, beidata$attr)
the enfa is not mathematically optimal for prediction:

please consider the madifa instead

bei.dist <- predict(enfa.bei, beidata$index, beidata$attr)

grids$bei.dist <- as.SpatialGridDataFrame.im(asc2im(bei.dist))$v

Convert to 0-100 scale:

sum.dist <- summary(grids$bei.dist)

grids$rankv <- rank(grids$bei.dist, ties.method="first")

grids$hsit <- ifelse(grids$bei.dist<sum.dist[["Median"]],
(1-grids$rankv/max(grids$rankv))*100, (1l-grids$rankv/max(grids$rankv))=*100)

grids$hsi <- 100*round((grids$hsit-min(grids$hsit, na.rm=T))/(max(grids$hsit,
na.rm=T)-min(grids$hsit, na.rm=T)), 3)

plt.HSI <- spplot(grids["hsi"], at=seq(0,100,2.5), col.regions=bpy.colors())

VvV + %V + V VYV H®HV YV

The resulting HSI map shows that this species generally avoids the areas of high wetness index, i.e. it
prefers ridges/dry positions (Fig. 8.5, right). This spatial pattern is now more distinct (compare with the trend
model in Fig. 8.5, left). This demonstrates the power of ENFA, which is in this case more suited for analysis of
the occurrence-only locations than regression analysis and/or the point pattern analysis.

8.2.3 Simulation of pseudo-absences

In the next section we will use the results of Niche analysis to generate pseudo-absences. Recall (§2.6) that
insertion of pseudo-absences is an important step because it will allow us to fit regression models. We use
two maps as weight maps to randomize allocation of the pseudo-absences: the geographical distance from the
occurrence locations and habitat suitability index. We first derive the buffer distance to the points in SAGA
GIS:

first the buffer distance:

rsaga.geoprocessor(lib="grid_gridding", module=3, param=1ist(GRID="bei_buffer.sgrd",
INPUT="bei_sub.shp", FIELD=0, LINE_TYPE=0, USER_CELL_SIZE=grids@grid@cellsize[[1]],
USER_X_EXTENT_MIN=grids@bbox[1,1]+grids@grid@cellsize[[1]]/2,
USER_X_EXTENT_MAX=grids@bbox[1,2]-grids@grid@cellsize[[1]]/2,
USER_Y_EXTENT_MIN=grids@bbox[2,1]+grids@grid@cellsize[[1]]/2,
USER_Y_EXTENT_MAX=grids@bbox[2,2]-grids@grid@cellsize[[1]]/2))

now extract a buffer distance map and load it back into R:

(the parameters DIST and IVAL are estimated based on the grid properties)

rsaga.geoprocessor(lib="grid_tools", module=10, param=1ist(SOURCE="bei_buffer.sgrd",
DISTANCE="bei_dist.sgrd", ALLOC="bei_alloc.sgrd", BUFFER="bei_bdist.sgrd",
DIST=sqrt (areaSpatialGrid(grids))/3, IVAL=grids@grid@cellsize[[1]]))

rsaga.sgrd.to.esri(in.sgrds="bei_dist.sgrd", out.grids="bei_dist.asc",
out.path=getwd(), prec=1)

grids$buffer <- readGDAL("bei_dist.asc")$bandl

relative distance:

grids$bufferr <- grids$buffer/max(grids$buffer, na.rm=T)
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Shttp://cran.r-project.org/web/packages/adehabitat/


http://cran.r-project.org/web/packages/adehabitat/

