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abstract
Maximum sustained and peak gust winds from eighteen European
windstorms over the last 25 years were analyzed previously to develop surface-level wind predictions across a large and topographically varied landscape based on an anisotropic kriging interpolation
methodology for meteorological station data. Results suggested
that coastal and mountainous areas experience the highest wind
speeds and highest variability over short distances, resulting in the
highest errors across concurrent interpolated surfaces. This study
utilizes covariates in conjunction with cokriging to investigate the
use of cokriging as a method of improvement through the interpolation of five windstorms that impacted both the Alps region and
the topographically-varied coastal regions of Western Europe. Results show that cokriging improves isotach interpolation for windstorms in 8 out of 10 models by reducing root mean square error
and the total number of high-error stations, primarily in coastal
and mountainous areas. Land cover alone contributed to the greatest model improvement in a majority of the models, while aspect
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and elevation (singularly and collectively) also improved models
when compared to original kriging models. Improved surface interpolation is critical for improved understanding of macro-scale
windstorm patterns and resulting damage, thus improving risk and
vulnerability estimates.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Improved geospatial analytical modeling of windstorm-induced surface winds is critical to assess
wind events for damage correlation, probabilistic studies, and engineering analysis. Interpolation
of station-based measurements provides a method for developing a continuous surface of wind
speeds, while also incorporating the differences exhibited between stations (Akkala et al., 2010; Luo
et al., 2008). Station data depict wind fluctuations at the local scale better than other data types
(MacEachren and Davidson, 1987); however, stations often have poor spatial resolution, particularly
in topographically and meteorologically complicated terrain. Wind speed measurements between
stations can differ drastically based on station placement, topography, and the roughness of the
surrounding area (Wieringa, 1986); therefore, interpolated values may vary from observed values,
leading to large error between the interpolated surface and measured values at specific locations.
During excessive wind events, wind flows relatively uniformly across flat and smooth terrain,
but where terrain changes abruptly (e.g., coastal zones and/or the transition from flat land to hills
and mountains), wind velocity and direction change based on the extent and diversity of terrain
roughness (Tieleman, 1992). Wind speeds vary greatly in mountainous regions for two reasons:
(1) wind is deflected and funneled by varying topography (Wieringa, 1973, 1986); and (2) wind
speed changes as winds move upslope and downslope, resulting in local anomalies (Bowen and
Lindley, 1977; Hertenstein and Kuettner, 2005). Wind speeds vary greatly in coastal regions for two
reasons as well: (1) the land–ocean interface creates turbulence and deflection when the wind moves
across a surface discontinuity (Wieringa, 1973, 1986); and (2) wind observation stations rarely exist
over water, decreasing station density (MacEachren and Davidson, 1987; Wieringa, 1997). Because
elevation, aspect, and land cover significantly affect surface-level wind speeds and are representative
of landscape heterogeneity, consideration of these variables may have the potential to improve
interpolation results through reduction in high-error stations.
In a previous study (Joyner, 2013), ordinary kriging was used to estimate maximum sustained and
peak gust wind speed surfaces for 18 European windstorms over the past 25 years. While kriging
proved to be an accurate method of interpolation, high-error stations, defined for this study as
modeled values ±1.96 standard errors from station data (i.e., 2 standard deviations, p < 0.05),
were observed predominantly in areas of complex terrain. Recent research has noted that cokriging
improves the accuracy of wind surface estimates over ordinary kriging (Aznar et al., 2012; Li et al.,
2012; Luo et al., 2008, 2011; Odeh et al., 1995; Singh et al., 2011; Wang et al., 2011; Wenxia et al.,
2010; Zlatev et al., 2010); however, cokriging wind models focused on the use of elevation as the only
covariate, while suggesting that other covariates could be important (Luo et al., 2008; Sliz-Szkliniarz
and Vogt, 2011). No research has examined the improvement offered by cokriging with multiple
variables in estimating extreme winds. Further, based on station availability and the maximum use
of three covariates, model saturation is not expected (Bamber and van Santen, 1985, 2000). To create
more accurate surface wind interpolations and to improve understanding of local wind variability in
these environments, the present study examines the number of high-error stations produced when
interpolating station wind data using ordinary kriging and cokriging with elevation, aspect, and/or
land cover covariates. The research questions associated with this study are:
(1) To what extent does cokriging reduce high-error stations, compared to ordinary kriging methods,
associated with interpolated wind surfaces for European windstorms?
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Table 1
European windstorms selected.
Year

Date

Popular name

# Stations

Countries impacted

1999
2002

25–27 December
26–28 October

Lothar
Jeanette

322
1016

2007

16–19 January

Kyrill

637

2008

24–26 January

Paula

663

2008

29 February–2 March

Emma

496

France, Switzerland, Germany
UK, Denmark, Sweden, Germany,
Netherlands, France, Austria, Poland,
Czech Republic, Belgium, Ireland
France, Netherlands, Germany, UK,
Belgium, Austria, Ireland
Poland, Germany, Austria, Denmark,
Norway, Sweden
Germany, Austria, Czech Republic,
Belgium, Netherlands, Switzerland, Poland

(2) Depending on the effectiveness of cokriging, which covariate(s) is (are) most influential?
(3) If cokriging improves interpolated wind surfaces, where do the largest changes occur across the
study area?
The results of this research provide improved surface wind estimates for the selected windstorms
and are useful to meteorologists, geostatistical researchers, and insurance companies in identifying
the impact of these covariates on improving surface wind models.
2. Materials and methods
2.1. Windstorm and covariate data
Five European windstorms occurring between 1999 and 2008 were analyzed (Table 1). Stationlevel data (reported at World Meteorological Organization (WMO) standard exposure height of
10 m and corrected to ‘‘open terrain’’) were obtained from ImageCat, Inc. and maximum sustained
and peak gust wind speeds were processed following the methods of Joyner (2013). Since WMO
standards were followed across countries, no systematic differences in station measurements existed.
Additionally, the temporal resolution was as follows: maximum sustained wind speed measurements
were disjunctly-sampled (i.e., sampled 10 min prior to each hour), while peak gust wind speeds were
continuously-sampled. Because of disjunct sampling and missing peak gust data in some locations,
methods developed by Durst (1960) and Larsén and Mann (2006) and adapted by Joyner (2013) were
followed to produce a complete continuously-sampled dataset for both wind speed types. Storms
were selected based on extent, degree of intensity and impact, and availability of supporting data.
Each of the storms impacted both coastal and mountainous stations, which experienced the most
intra-storm wind speed variability and resulted in the highest standard errors from previous kriging
models (Joyner, 2013) thus underscoring the need for improvement in predicting surface winds.
Elevation data were collected from Version 4 of the National Aeronautic and Space Administration
(NASA) Shuttle Radar Topographic Mission (SRTM) 90-m digital elevation dataset through the
Consultative Group on International Agricultural Research Consortium for Spatial Information (CGIARCSI). Elevation data were clipped and resampled using the land cover dataset to match spatial
resolutions. Aspect data were derived from the 300-m resampled elevation dataset utilizing tools
available in the Spatial Analyst toolbox within ArcMap 10.1 and classified into equal categories of
30° each (e.g., 0°–30° (north–northeast), 30°–60° (northeast), 60°–90° (east–northeast), and so on)
(ESRI, 2010). The goal of reclassification was to reduce the impact of the northern ‘‘jump’’ between
0° and 360° and to provide broader cardinal directions for the model. Land cover data were obtained
from the European Space Agency (ESA) GlobCover Project Version 2 2008 database at a resolution
of 300 m (GlobCover, 2008). The GlobCover land cover dataset contains 22 land cover classification
types ranging from various tree types, shrubs, and grasslands to bare land, artificial surfaces, and
open water. A land cover dataset reduced to 6 classification types (Agriculture/Cropland, Forest,
Grassland/Shrubland, Wetland, Artificial/Urban, Water/Open) was created from the GlobCover dataset
and models were computed using both covariates for comparison.
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2.2. Kriging and cokriging methodologies
Compared with kriging, cokriging is an underutilized technique due to the added complexity
involved in selecting appropriate covariates. Researchers across disciplines, however, have found
improved performance with cokriging when (1) ample prior knowledge of influential covariates
exists; and (2) computational capacity is available for complex covariate relationship modeling.
Kriging and cokriging rely on probability and spatial autocorrelation when creating surface
estimates. Spatial autocorrelation refers to the extent to which adjacency of spatial entities (e.g., grid
cells) is correlated to attribute data representing them. Correlation between attributes (including wind
speed) typically decreases over distance. Spatial autocorrelation is a central tenet of geostatistics
because observations are generally not spatially independent of each other and geostatistical
techniques include location and distance during model creation. While kriging and cokriging rely on
the same process for surface estimation, cokriging incorporates one or more secondary variable(s) to
improve predictions in areas where simple autocorrelation may be insufficient (Cressie, 1993).
While ordinary kriging is described as
Ẑ (s0 ) =

N


γi Z (si )

i=1

where Z (si ) is the measured value at the ith location, γi is an unknown weight for the measured value
at the ith location, s0 is the prediction location, and N is the number of measured values, ordinary
cokriging is described as
Ẑ (s0 ) =

N


γi Z (si ) +

N


βj Z (tj )

j =i

i=1

where Z (si ) is the measured value at the ith location, γi is an unknown weight for the measured value
at the ith location, Z (tj ) is the value of a secondary regionalized variable at the ith location, and βj is
the unknown weight assigned to Z (tj ). If more than one covariate is used, the equation is expanded
to include those variables.
Cokriging utilizes spatial autocorrelation and cross-correlation to make predictions, but the
addition of one or more secondary covariates requires more estimation of unknown spatial
autocorrelation variables and increases output variability (Matheron, 1979). If no cross-correlation
exists, the original spatial autocorrelation theoretically remains the kriging baseline (ESRI, 2010);
however, the increased model variability of cokriging can increase overall standard error and the total
number of high-error stations (Stein and Corsten, 1991). In any form of kriging, random errors assume
second-order stationarity, indicating that errors have a mean of zero and are distance- and directiondependent (Krige, 1951). Because directional correlation occurs across a multi-country region during
wind storms (Joyner, 2013), an anisotropic (directional-dependent) semivariogram was applied to
each model.
Ordinary spherical kriging was employed for each storm and wind type and all covariate combinations were simulated. The maximum number of combinations resulted in eight (8) interpolated
isotach maps for both sustained (10-min) and peak gust (3-s) wind speeds (16 total interpolated surfaces for each storm):
n


n!

i! (n − i)!
i=0

.

The eight interpolated surfaces for the two wind speed averaging periods included: (1) ordinary kriging (K), (2) cokriging with elevation (CE), (3) cokriging with aspect (CA), (4) cokriging with land cover
(CL), (5) cokriging with elevation and aspect (CEA), (6) cokriging with elevation and land cover (CEL),
(7) cokriging with aspect and land cover (CAL), and (8) cokriging with elevation, aspect, and land cover
(CEAL). Corresponding maps were created to represent the maximum sustained and peak gust wind
speeds experienced across the region for each storm.
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Accuracy metrics were calculated through a process of cross validation (n − 1) during model
simulation and included two measures of intra-model comparison – mean error (ME) and root mean
square error (RMSE) – and a measure of inter-model comparison—the root mean square prediction
error (RMSPE). Additionally, stations with standard errors (SE) exceeding ±1.96 were identified as
high error stations. SE represents the standard deviation of the sampling distribution, thus a threshold
of 1.96 indicates a significant (p < 0.05) difference from the mean. High error stations have predicted
values that are significantly different than their actual values. The ME and RMSE represent goodness
of fit and provide an indication of overestimation or underestimation within the model, while RMSPE
provides a measure of comparison between models. For this study, optimal models are defined as
those that most significantly reduce the RMSE and number of high-error stations while maintaining
overall acceptable accuracy metrics.
3. Results
Windstorm Paula is used as an in-depth example to illustrate the wind surfaces created from
combinations of covariates and wind speed types and to show the location of high error stations across
models. A change detection for Paula was also performed to identify the areas where the most change
occurred between the K model and the ‘‘best’’ cokriging model. Results from the other four windstorms
are listed subsequently.
Paula was a midlatitude wave cyclone in January 2008 in the North Atlantic Ocean and had a long,
attached cold frontal boundary that impacted areas of Europe as far south as Austria. Strong winds
were distributed over relatively large areas with maxima occurring in the Alps south of the circulation
center. Paula moved from west to east with major damage occurring in Scandinavia, Germany, Poland,
and Austria. Only one death was reported, but ∼300 million in damage was attributed to Paula in
Austria (Lloyds, 2008; VRS, 2008). Several wind observation stations in Norway, Germany, Poland, and
Austria reported gusts exceeding 40 m s−1 —comparable to Saffir–Simpson Category 2 and Beaufort
12 (hurricane) wind speeds. Building roofs, communication and transport networks, power lines, and
trees were damaged by winds (VRS, 2008).
Interpolation models for maximum sustained (Fig. 1) and peak gust (Fig. 2) wind speeds provide
evidence of Paula’s strength and the general west–east storm track. Figs. 1(d) and 2(d) show the
surface wind speeds based on the subsequently defined optimal model that utilized land cover as
the only covariate. All other maps show differences (i.e., change detection) between each model and
the CL model. Peak gust winds for Paula most strongly affected coastal western Norway (>36 m s−1 ),
Denmark (>27 m s−1 ), northeastern Germany (>24 m s−1 ), and parts of western Poland (>20 m s−1 ).
Some differences in wind speed estimates were observed between models. For example, for maximum
sustained wind speeds, K and CA (Fig. 1(a) and (c), respectively), and for peak gust, K, CE, and CA
(Fig. 2(a)–(c), respectively) showed a pocket of higher winds around Copenhagen and another pocket
in southwestern Poland, while other models estimated a gradually weakening wind from west to
east. Amongst all wind storms, anisotropy remained in a range of ∼ 20° and specifically for Paula,
anisotropy ranged from 64° to 79° illustrating a general west–southwest to east–northeast elliptical
correlation in the wind speed surfaces.
To determine the accuracy of cokriging models for maximum sustained and peak gust wind speed,
multiple metrics were calculated (Table 2). For both maximum sustained and peak gust model sets,
ME was positive (overall ME average = 0.012), indicating that the kriging/cokriging methodologies
did not underestimate wind speeds and only slightly overestimated wind speeds. To evaluate model
estimation, RMSE is used. The CL (0.89) and CAL (0.89) for maximum sustained wind speeds have
the lowest RMSE and are highlighted in Table 2. Likewise, the CL (0.90) and the CAL (0.90) for peak
gust wind speeds have the lowest RMSE and are highlighted in Table 2. RMSPE scores, which indicate
model ‘fitness’, did not vary greatly between models and were less than ±0.2 from the K model. For
models utilizing land cover, all accuracy metrics were slightly better for the non-reduced (22 variable)
land cover dataset, therefore results for the non-reduced dataset are reported. Optimal models also
showed the highest reduction in the total number of high-error stations.
To examine the locations where high error calculations occurred in more detail, maps were
produced to identify high error stations, where modeled maximum sustained and peak gust wind
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Fig. 1. Maximum sustained wind surface estimates for windstorm Paula (2008) produced by the following models: K (A), CE
(B), CA (C), CL (D), CEA (E), CEL (F), CAL (G), and CEAL (H). CL wind estimates are shown in (D) and interpolation differences
between CL are shown in all other maps.

speeds differed from observed wind speeds by more than ±1.96 standard errors (Fig. 3(a)–(b)). Most
stations identified (39 of 46 for maximum sustained and 41 of 47 for peak gust) showed high error
calculations from multiple models. For sustained wind speed models, high-error calculations were
recorded by stations in the Alps of Austria and southern Germany, and at coastal and interior stations
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Fig. 2. Peak gust wind surface estimates for windstorm Paula produced by the following models: K (A), CE (B), CA (C), CL (D),
CEA (E), CEL (F), CAL (G), and CEAL (H). CL wind estimates are shown in (D) and interpolation differences between CL are shown
in all other maps.

in southern Norway. Other stations with high-error calculations were in coastal Sweden, Germany,
and Poland, as well as the rugged border between Germany and the Czech Republic. For peak gust
wind speed models, high-error calculations were recorded in nearly identical areas in mountainous
and coastal regions with a few exceptions.
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Table 2
Windstorm Paula (2008) accuracy metrics for each model indicating intra-model error comparison and inter-model error
comparison.
Method

Paula
K
CE
CA

Sustained

Peak gust

ME

RMSE

RMSPE

High-error stations (#)

ME

RMSE

RMSPE

High-error stations (#)

0.002
0.012
0.002

1.061
1.003
1.035

4.494
4.494
4.501

41
33
37

0.002
0.012
0.006

1.071
1.006
1.005

7.089
7.051
7.154

43
43
32

CL

0.020

0.894

4.583

20

0.019

0.901

7.252

19

CEA
CEL

0.012
0.014

1.001
1.003

4.494
4.516

33
33

0.011
0.013

1.013
1.025

7.078
7.122

32
32

CAL

0.020

0.894

4.583

20

0.019

0.901

7.258

19

CEAL

0.012

1.008

4.494

33

0.013

1.025

7.122

32

Fig. 3. Surface measurement stations for windstorm Paula for maximum sustained (A) and peak gust (B) winds, showing station
distribution and high error stations.

A change detection analysis was performed for Paula peak gust winds for all models (Fig. 2), but
modeled wind surfaces for both K and CL are mapped to better understand and identify the differences
between the K model and the CL model that resulted in the highest reduction in RMSE and higherror stations (Fig. 4). The main areas of change occurred on the mountainous borders between the
Czech Republic, Germany, and Poland; mountainous areas of southern Germany and Austria; coastal
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Fig. 4. Change detection for Paula peak gust winds, showing K model (A), CL model (B), and the difference between each model
(C).

areas of Denmark and northern Germany; coastal areas of Norway and Sweden; and the mountainous
central border of Norway and Sweden. In some areas, the surface differences exceed 8 m s−1 . High
error stations were reduced across the entire study area in every terrain type (Fig. 3), including
areas that showed less than a 2 m s−1 difference in wind speeds between the K model and the CL
model. Additionally, estimates of variance (standard error) surfaces were created for both maximum
sustained and peak gust CL models (Fig. 5). Variance estimates provide a level of accuracy across the
modeled surface. The semivariogram and cross-variogram from the CL model are illustrated in Fig. 6.
Accuracy metrics are listed in Table 3 for Lothar, Jeanette, Kyrill, and Emma. Intra-model
error comparisons of all five storms revealed a consistently positive bias (overall ME average for
sustained and peak gust models = 0.08), meaning that the kriging/cokriging methodologies did not
underestimate wind speeds and only slightly overestimated wind speeds. The overall RMSE average
for maximum sustained wind speed models was 0.98 and the overall RMSE average for peak gust
models was 0.97. To evaluate accuracy of model estimation, highest reduction in RMSE scores were
highlighted in Table 3. Optimal models also often showed the greatest reduction in the total number
of high-error stations.
4. Discussion
Optimal sustained wind cokriging models were clearly defined for Paula (CL, CAL), Lothar (CL, CAL),
Jeanette (K, CA), Kyrill (CA), and Emma (CL). For peak gust, optimal models were clearly defined for
Paula (CL, CAL), Lothar (CL, CAL), Jeanette (CEA), and Emma (CEL, CEAL), while kriging matched or
outperformed cokriging for Kyrill. Thus, for the five events, land cover alone (CL) was the covariate
for three events (60%), while CAL was identified for two events (40%), and CA was identified for two
events (40%) as optimal sustained wind interpolation methods. For peak gust, CL, CAL, and CEAL were
identified for two events (40%), while CEA was identified for one event (20%) as the optimal gust wind
interpolation method, with no cokriging methods counted for Kyrill, as ordinary kriging performed
better than or equal to the best cokriging methods. Only one of the 80 cokriging surfaces resulted
in entirely unacceptable results compared to ordinary kriging—CEA for Emma. For Paula, the optimal
sustained and peak gust interpolation methodologies were identical (CL and CAL) and CL and CAL
were identified for both sustained and peak gust winds for Lothar. None of the other events resulted
in the same interpolation methods identified for both sustained and peak gust wind speeds. From this
analysis, it appears that sustained wind speed surfaces are most improved from cokriging. This is not
surprising considering that the peak gust surfaces are not based on 100% measured values because of
(1) disjunct sampling adjustments (sustained winds were sampled continuously and did not require
adjustment), and (2) the calculation of missing peak gust values (Joyner, 2013). Furthermore, it is
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Fig. 5. Estimates of variance across the modeled surfaces for maximum sustained winds (A) and peak gust winds (B).

Fig. 6. Semivariogram for the CL Paula peak gust model and cross-variogram showing covariance between peak gust winds
and land cover.

likely that sustained winds are most improved because the averaging time smooths out turbulent
eddies that are reflected in 3-s gusts. Turbulent eddies reduce the spatial correlation of wind speeds
across a surface, thus subjecting the surfaces to increased error when interpolating. While sustained
winds result in the most improved surfaces, 3-s gust wind speeds are more strongly correlated to
building damage (ASCE 7-02, 2003; Cook and Mayne, 1979); thus, future research is needed regarding
peak gust interpolations.
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Table 3
Accuracy metrics for each model indicating intra-model and inter-model error comparison.
Method

Sustained

Peak gust

ME

RMSE

RMSPE

−0.010
0.004
0.004

1.031
0.974
1.001

CL

0.003

CEA
CEL

0.004
0.005

CAL

0.002

0.953

6.554

CEAL

0.005

0.968

6.353

Lothar
K
CE
CA

High-error stations (#)

ME

RMSE

RMSPE

High-error stations (#)

6.341
6.354
6.323

19
15
18

−0.030
0.002

1.001
1.044
1.022

10.314
9.812
10.308

17
20
21

0.953

6.554

14

0.974
0.971

6.351
6.352

15
14

0.001

0.972

10.581

16

0.002
0.003

0.991
0.993

10.287
10.287

17
17

14
14

0.002

0.972

10.591

16

0.003

0.992

10.293

17

0.002

Jeanette
K

0.001

0.871

4.781

31

0.007

0.872

7.797

33

CE

0.001

0.961

4.767

38

0.002

0.963

7.821

39

CA

0.008

0.871

4.777

31

0.006

0.861

7.802

33

CL

−0.001

0.892

4.841

30

0.001

0.934

7.802

40

CEA

0.001

0.959

4.777

38

0.008

0.723

7.831

21

CEL
CAL

0.002
0.001

0.968
0.941

4.781
4.781

37
36

0.001
0.001

0.964
0.929

7.824
7.802

39
40

CEAL

0.011

0.959

4.777

38

0.009

0.723

7.841

21

K

0.016

0.984

4.441

44

0.003

0.939

7.161

38

CE

0.009

0.985

4.394

43

0.005

0.990

7.192

45

CA

0.008

0.933

4.401

35

0.005

0.959

7.192

41

CL
CEA
CEL
CAL
CEAL

0.015
0.009
0.008
0.013
0.008

0.973
0.991
0.991
0.973
0.991

4.461
4.392
4.392
4.461
4.392

42
43
43
42
43

0.001
0.005
0.005
0.000
0.005

0.959
0.990
0.990
0.959
0.990

7.239
7.192
7.200
7.225
7.192

40
45
44
41
44

0.002
0.001
−0.015

0.958
0.921
0.823

5.047
5.024
5.159

22
17
14

0.005
0.000
0.006

0.958
0.913
0.952

8.247
8.213
8.247

22
20
20

Kyrill

Emma
K
CE
CA
CL

0.000

0.811

5.159

14

0.002

0.942

8.213

23

CEA

0.130

1.969

10.544

93

0.111

1.811

15.990

87

CEL

0.004

0.942

6.113

26

0.003

0.894

8.213

16

CAL

0.011

1.020

6.261

28

0.029

0.942

8.213

23

CEAL

0.005

0.914

5.019

18

0.003

0.894

8.213

16

For sustained wind speeds, cokriging models utilizing land cover (singularly or in conjunction with
elevation and/or aspect) generally reduced the number of high-error stations for each windstorm.
It is somewhat surprising that land cover resulted in the greatest improvements because WMO
standards require wind speed measurements to be adjusted to open terrain, and therefore require
no adjustment for land cover. It is uncertain if these results indicate a need for an improvement in
station-level corrections or if the exposure correction factors are appropriate as has been suggested by
Gatey (2011), Gatey and Miller (2007), and Wever (2012); however, surface wind speed is influenced
by mesoscale roughness between stations (Wever, 2012) and land cover may capture some of the
influence of roughness on wind speeds that is not adjusted for using exposure correction factors, thus
resulting in model improvement. One drawback to the use of land cover as a covariate is that these
models are much more computationally-intensive, typically requiring several hours (and occasionally
days, e.g., Jeanette) to complete, while models utilizing elevation and/or aspect were completed in
less than one hour. Regardless of modeling complexity and intensiveness, the general improvement
shown through utilization of land cover as a covariate is promising for future modeling efforts and
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future research could examine the individual land cover classes and distances around improved
stations.
Comparing the results of the identified optimal cokriging models with the ordinary kriging model
for each storm, for sustained and peak gust wind speeds, respectively:

• ME was improved for 3/1 events, the same for 1/0 events, and worsened for 1/2 events and RMSE
was improved for 4/4 events and no better for 1/1 events
• the average ME increased from 0.002 to 0.006/from 0.004 to 0.009
• the average RMSE decreased from 0.980 to 0.926/0.968 to 0.873
• the maximum reduction in high-error stations was 56%/53%, the minimum reduction in high-error
stations was 10%/0%, and the average reduction in high-error stations was 28%/23%.
For sustained winds, cokriging produced a 28% reduction in the number of high-error stations for
80% of the analyzed events and an average reduction in RMSE between the optimal cokriging and
ordinary kriging models of 5.5%. While RMSE is commonly used for accuracy reporting, Palmer (2008)
and Willmott and Matsuura (2005) found that it may not be the best metric for model performance.
The significant reduction in high-error stations indicates a substantially improved surface fit over
ordinary kriging, especially for heterogeneous terrain prone to the highest and most variable wind
speeds, and supplements the RMSE score with a second metric for confirming accuracy. Paula’s higherror stations were reduced by more than half (Table 2) and each model provides an example of how
a singular covariate (land cover in this case) can improve surface estimates markedly. In light of these
improvements, the reductions in ME and RMSE are considered insignificant, although future research
in the area of accuracy metrics to better understand kriging/cokriging outputs is warranted.

5. Conclusions
Cokriging with elevation, aspect, and/or land cover was tested as a method to improve RMSE scores
and reduce the number of high-error stations associated with interpolated wind speed surfaces for
European windstorms. Results showed improvement, particularly for maximum sustained wind speed
interpolations, with the most improvement attributable to the land cover covariate. Additionally,
improved wind surface estimates created through cokriging build on previous research that utilized
only one covariate (elevation) to model wind speeds and are useful for other related research. The
major findings include:
(1) Overall, RMSE and the total number of high-error stations were reduced in eight of ten model sets
by using anisotropic cokriging. High-error stations were reduced by more than 10% in each of the
eight ‘‘optimal’’ models and by more than 20% in six of those eight models.
(2) Whereas previous studies found elevation to be a useful covariate in improving interpolated wind
surfaces, cokriging with land cover as a covariate resulted in the greatest reduction of RMSE
and high-error stations in three of five sustained wind model sets. While no optimal covariate
combination was found for peak gust wind speeds, a similar reduction in high-error stations
occurred across models.
(3) Change detection for Paula peak gust winds revealed that the main areas of change between the
ordinary kriging model and the optimal cokriging with land cover model occurred primarily in
mountainous and coastal areas. These areas often aligned with the locations of high-error stations
and revealed that substantial changes occur between models.
Models and extreme-event climatologies of wind simulation and hazard/risk assessment that
are widely used in the insurance/reinsurance industry can be improved through the incorporation
of our research results. Results will also improve wind speed-damage/loss model correlations
and subsequently inform local cost–benefit studies. Improved wind speed surfaces also offer an
opportunity for adapting insurance needs.
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