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Abstract. In this paper, results from three different inter- and the lowest ones are observed in the interior fluvial val-
polation techniques based on Geostatistics (ordinary krigingleys. Annual rainfall amounts show a complex distribution
kriging with external drift and conditional simulation) and because of the importance of the interactions between atmo-
one deterministic method (inverse distances) for mapping tospheric and geographical variables (Carballeira et al., 1983,
tal monthly rainfall are compared. The study data set com-De UnaAlvarez, 2001). In this region, an increase of rainfall
prised total monthly rainfall from 1998 till 2001 correspond- with elevation and a decrease of rainfall with distance to the
ing to a maximum of 121 meteorological stations irregularly shoreline is an expected result, because of the general cir-
distributed in the region of Galicia (NW Spain). Further- culation pattern with fronts arriving from the West, mainly
more, a raster Geographic Information System (GIS) wasrom the Southwest. However, generally, a loss of regularity
used for spatial interpolation with a 5800 m grid digital  in the rainfall regime is observed when the distance to the
elevation model. Inverse distance technique was appropriatshoreline increases, which may be attributed to the influence
for a rapid estimation of the rainfall at the studied scale. Inof topography at smaller scale (DéiblAlvarez, 2001).

order to apply geostatistical interpolation techniques, a spa- Rainfall is a spatio-temporal intermittent phenomenon dis-
tial dependence analysis was performed; rainfall spatial deplaying large spatial and temporal variability and rain gauge
pendence was observed in 33 out of 48 months analysed, theetworks only collect point estimates. Thus, providing an
rest of the rainfall data sets presented a random behaviouestimate of rainfall spatial distribution within an area from
Different values of the semivariogram parameters caused theaingauges data frequently remains a problem of interpola-
smoothing in the maps obtained by ordinary kriging. Kriging tion. Indeed, other methods do exist which can provide bet-
with external drift results were according to former studiester resolution without interpolation, such as radar measure-
which showed the influence of topography. Conditional sim-ments, but nowadays only one radar is installed in our study
ulation is considered to give more realistic results; howeverregion so that and of the area of Galicia is not covered by this
this consideration must be confirmed with new data. device.

Traditional interpolation methods, such as inverse dis-
tances, are appropriate for a rapid estimation and they can
be integrated into a Geographical Information System (GIS)
as well. On the other hand, geostatistical methods require

Rainfall is one of the main variables that define the climate® COMPIete previous analysis of the spatial structure of the
of a region so its spatial characterisation is highly relevant.Studied phenomenon and might be non-applicable in all the

In Galicia, Northwestern Spain, the influence of topography©ccasions but they perform a better interpolation when the
and distance from the coast on rainfall had been describedfariable shows a spatial dependence. _
previously from annual isohyets maps obtained by traditional Several studies have demonstrated the convenience of
interpolation methods (DefthAlvarez, 2001). Highest rain- performing geostatistical analysis for mapping rainfall in
fall values observed for an average of 30 years are locatedifférent geographical locations (Goovaerts, 200@n@z

on the eastern mountains and on the precoastal elevatiorfdémandez et al., 2001; Militino et al., 2001), mainly at the
yearly scale. Moreover, the use of a complex technique is no

Correspondence tal. M. Miras-Avalos warranty of a better performance in a given regioift&z
(jmirasa@udc.es) Herrandez et al., 2001).

1 Introduction
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Fig. 1. Digital elevation model of Galicia and raingauge distribution.

In this paper, monthly rainfall data from Galicia (NW 3 Interpolation methods
Spain) are interpolated using a deterministic method (inverse
diStanceS) and geOStatiStica| methods (Ol’dinary kriging, kl’lg-31 Inverse distances interpo'a‘[ion
ing with external drift and gaussian conditional simulation).

Interpolation performances of the different algorithms are|verse distances method was used as a reference for map-

compared. ping monthly rainfall data: rainfall is estimated as a linear
combination of several surrounding observations, with the

2 Data and domain weights being inversely proportional to the square distance
between observations and the point to be estimated (Bur-

Data sets used in this work corresponded to total monthlyrough and McDonnell, 1998).

rainfall (in millimetres) during the period from January 1998

to December 2001 and are referred to 121 rain gauges whicB.2 Semivariogram analysis

are distributed irregularly on Galicia. In order to carry out

spatial interpolation using geostatistical techniques, & COMgayia| variability was primarily evaluated through semivar-

plete analysis of the spatial structure of this data set was Pefogram calculation, graphing, model fitting and comparison

formed using GSTAT software (Pebesma, 2000) in_tegrated iBor each variable (Burgess and Webster, 1980). To verify
a GIS called PCRaster (Van Deursen and Wesseling, 1992)h¢ gpatial variability of rainfall, results were analyzed as de-
_ The basis for performing interpolations by both geostatis-¢yiheq by Vieira (2000), based on the assumptions of sta-
tical and inverse distance methodologies was a digital elegjonarity in accordance with the intrinsic hypothesis. Geo-

vation model of Galicia (Thonon and Paz Gafez, 2004)  gi4tistical data treatment comprised the analysis of semi-

which consists oﬁf]regular cells of 500 by 500 m covering anyariograms and fitting of their respective model parameters.
area of 29 750 km(Fig. 1). Raingauge distribution is shown gased on the mathematical model used to fit the data, the fol-

in Fig. 1 as well. , o _ __ lowing semivariogram parameters were defined: a) nugget
Data sets were characterised statistically; this descriptionyfect (Co), which is the value of the semivariogram when

included the calculation of mean, median, mode, minimum,gisance is 0; b) range of the spatial dependence (d), which
maximum, coefficient of variation, standard deviation, skew-is the range or distance at which semivariogram remais ap-
ness and kurtosis. Number of data varied from 71 t0 121,4,imately constant, after increasing as distance increases:

measurements depending on the month. _ c) treshold Co+C1) which is sill value approaching the data
Moreover, an analysis of correlation between rainfall and, 5 iance.

Itit nd distance to the shoreline w. rri tin or- L . .
altitude and distance to the shoreline was carried out in o All semivariograms were estimated using GSTAT software

derto !ncorporate comprehenswe alt|_tud§ and _dlstance t_o th‘EPebesma, 2000). Initially, the method used to select the pa-
shoreline data as secondary information in the interpolations;

rameters (nugget effect, range, sill) of the different semivari-
ogram models was the weighted least-squares method, where
the weights were the number of datapairs that provided the
information needed to calculate the experimental semivari-
ograms. Then, the cross-validation technique &hénd
Delfiner, 1999) was used to check model performance.
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Table 1. Statistical summary of the monthly rainfall of 1999 (SD = standard deviation; CV = coefficient of variation).

Date N Mean Median SD CV  Min. Max. Mode Skewness Kurtosis
(mm)  (mm) (%) (mm)  (mm)  (mm)
January 103 121.19 114.7 58.5 0.48 34.5 357.3 81 1.66 4.21
February 105 60.53 57.5 249 041 12 158.2 49 1.04 1.94
March 109 164.24 152.0 78.7 0.48 46.1 429.6 81 0.9 0.75
April 105 159.03 155.2 56.7 0.36 20.79 3524 195.1 0.57 0.55
May 105 123.03 117.0 421 0.34 46 268.3 85 1 1.15
June 101 30.98 29.9 15.2 0.49 3.8 69.3 18 0.43 -0.55
July 94 19.82 17.5 11.3 0.57 4.2 64.8 13 1.59 3.12
August 104 70.90 69.0 295 042 12.3 153 81 0.47 -0.27
September 109 232.33 231.5 84.6 0.36 84.4 472.4 124 0.4 —-0.04
October 105 222.86 214.0 88.2 0.40 62.3 502 142 0.75 0.42
November 101 91.75 69.5 47.0 057 165 2422 56 0.88 0.56
December 110 210.26 185.5 90.2 0.43 83.5 599.6 106 1.51 3.14

Because of the limited number of measured data only thehe local means of the primary variable and performs simple
omnidirectional semivariogram was computed, and hence thé&riging on the corresponding residuals (Goovaerts, 2000).
spatial variability is assumed to be identical in all directions. Conditional simulation was performed as described by
Classic criteria for calculating semivariograms were takenDeustch and Journel (1992). The method used the Gaussian
into account (Samper Calvete and Carrera Ram 1996;  conditional simulation through LU (lower-upper) decompo-

Goovaerts, 1997). sition of the variance matrix. Conditional simulation com-
o _ _ bines the data at the observation points with the information
3.3 Kriging and simulation from the variogram to compute the most likely outcomes per

cell as a function of the variogram parameters. When a suf-
Geostatistical interpolation was performed according to theficient realization number is used, mean values obtained by
following methods: simulation are expected to be similar to those obtained by
kriging. Conditional simulation was performed as described

— Ordinary kriging (OK). by Deustch and Journel (1992). When a sufficient realiza-

— Kriging with external drift (KED). tion number is uscled,. mean values obtgined by si.m.ulation are
expected to be similar to those obtained by kriging. This
— Gaussian conditional simulation (GS). method does not provide estimation error maps. For con-

ditional simulation analysis, 100 different realizations were

The complete mathematical description of these methodrun. From these data, a mean value was computed as well as
ologies is beyond the scope of this report (Samper Calvetatandard deviation.
and Carrera Rafrez, 1996; Goovaerts, 1997; Césl and
Delfiner, 1999) so they are described only briefly.

OK is by far the most common type of kriging in practice 4 Results and discussion
(Webster and Oliver, 2001). Kriging interpolation methods
provide each cell with a local, optimal prediction and an es-4.1 Statistical analysis
timation of the error that depends on the variogram and the
spatial configuration of the data (Burrough and McDonnell, Mean annual rainfall during the study period varied from
1998). Kriging is a generalized technique that allows onel214.3mm in 1998 to 1772.5 mm in 2000; the wettest month
to account for the spatial dependence between observationgjas March 2001 (467.4 mm) and the driest one was August
as revealed by the semivariogram, into spatial predictionsl998 (6.6 mm). Table 1 shows the results for the statistical
(Goovaerts, 2000). The OK weights are determined such aanalysis of monthly rainfall during 1999, as an example.
to minimize the estimation variance (Goovaerts, 2000). Coefficients of variation (defined as the ratio of the stan-

KED incorporates secondary information into the kriging dard deviation to the mean) of monthly rainfall values, which
system when the main and secondary variable are correlatedaried between 20% and 146%, showed the spatial hetero-
Itis necessary to know the value of the secondary variable agjeneity of the rainfall in Galicia; this variability was higher
all points where the primary variable is going to be estimatedin the dry season, from June to August (see Table 1 andMir
(Goovaerts, 1997). The secondary information is used to findAvalos, 2003).
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Table 2. Rainfall mean values estimated by the different methodologies used in this study. Data appear in millimetres.

Month Measured Inverse distance OK KED altitude KED distance to the shoreline GS
January 1998 143.2 142.8 144.2 122.4 138.9 158.9
June 1998 314 31.1 30.8 32.2 31.0 33.3
July 1998 43.8 44.9 45.8 43.5 45.7 50.6
August 1998 6.6 6.9 7.3 7.8 7.3 8.9
November 1998 82.1 82.0 81.5 87.1 82.2 86.6
December 1998 121.4 120.8 120.2 112.8 118.2 132.6
January 1999 121.2 121.2 120.7 116.1 117.8 133.1
February 1999 60.5 60.2 60.1 60.7 59.1 66.1
March 1999 164.2 166.3 163.3 172.4 166.0 183.6
April 1999 159.0 160.3 158.6 146.0 156.6 177.4
May 1999 123.0 123.3 124.1 121.1 123.3 136.4
July 1999 19.8 20.2 20.0 19.8 20.1 22.6
August 1999 70.9 70.5 70.6 66.8 70.0 78.4
September 1999 232.3 233.3 230.6 221.5 229.1 260.8
October 1999 222.9 222.8 225.2 203.9 223.6 248.1
November 1999 81.8 82.3 84.0 86.8 83.5 90.1
December 1999 210.3 206.9 202.3 213.8 204.2 226.7
March 2000 29.7 30.4 30.8 31.0 30.8 34.5
April 2000 314.8 312.3 306.9 313.9 306.2 342.3
May 2000 96.0 95.9 95.2 96.7 95.3 106.5
June 2000 16.3 16.6 17.0 18.1 16.8 18.6
July 2000 60.9 60.2 62.3 62.4 61.6 68.7
August 2000 47.3 46.0 43.7 44.7 43.7 48.2
September 2000 79.7 79.2 79.1 73.1 77.0 87.0
October 2000 173.2 172.2 1715 161.4 168.5 189.1
November 2000 410.3 404.7 398.4 397.3 394.7 439.9
December 2000 445.4 451.2 458.9 461.1 451.9 508.1
January 2001 368.1 370.2 365.0 373.9 365.4 404.4
March 2001 467.4 465.1 459.7 476.8 460.4 511.6
April 2001 82.5 81.5 81.7 84.7 80.9 88.3
July 2001 82.1 82.8 82.8 86.4 83.4 92.0
August 2001 56.6 57.0 56.0 59.3 56.2 60.8
October 2001 226.9 224.1 216.5 224.7 216.4 251.2

Skewness and kurtosis coefficient values were close t@patial dependence was observed in 33 out of 48 months an-
those of a standard Gaussian variable. From this test, it waalyzed; the rest of the rainfall data sets presented no spatial
assumed that monthly rainfall data followed a Gaussian disstructure and were modelled by a pure nugget effect. The
tribution, which is a requisite for standard semivariogram most frequently used model was the exponential which was
analysis. fitted to 18 monthly data series; spherical model was fitted to

On the other hand, by linear regression analysis it wasl3 data series, gaussian and linear models were fitted to one
found that correlation between altitude and rainfall rangeddata set each. An example of experimental semivariogram
from 0.04 to 0.55, whereas correlation between rainfall andand its fitted model is shown in Fig. 2, each number in the
distance to the shoreline varied from 0.004 to 0.71. The usdigure represents the number of pairs for each lag. Range
of this comprehensive secondary information into the map-and nugget effect of the fitted models were variable fluctu-
ping of rainfall was only worth accounting when correlation ating, the former, between 2.99 and 59.87 km and, the latter,
coefficients were statistically significant. between 0 and 64.02% of the sill value. Generally, spatial de-

pendence ranges were higher for the spherical models than
for the exponential ones; ranges were lower than 10km in

] . ] ) o 8 occasions, were between 10 and 30 km in 14 months and
Different theoretical functions (spherical, exponential, linearyere higher than 30km 11 times. Due to the short spatial

and gaussian) with variable nugget effects depending on thgependence range, kriging interpolation results showed high
analyzed month were fitted to experimental data. Rainfall

4.2 Spatial dependence analysis

Adv. Geosci., 10, 51-57, 2007 www.adv-geosci.net/10/51/2007/
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kriging estimation errors as the distance to the rain gauges
increased. Nugget effects were nule or lower than 10% in ¥
15 months; between 10 and 25% in seven months and highe &
than 25% in 11 months. Therefore, half of the studied data o 7m0
series showed a high spatial dependence. Cross-validatiol § s
showed that the theoretical structures described the spatia
dependence of rainfall adequatelly (data not shown;aMir
Avalos, 2003).

5000

4000

Semivariance (|

3000

4.3 Inverse distances 2000

1000
Inverse distance technique was the only method that could be o 100 Nug(D) +9413 62 Exp(16831.7) ——
used for mapping monthly rainfall in Galicia in all the studied 0 10000 20000 30000 40000 50000 G000
months. Maps obtained by this technique showed a division Distance m)

in more or les distinct areas and, within them, usually punc-
tual areas corresponding to high or low rainfall values were
observed, which resulted in a discontinuous appearance o'?p
the maps (Fig. 3). Generally, differences between mean val-
ues measured at the gauges and those obtained by inver
distances method were lower thai0 mm (Table 2).

Fig. 2. Example of experimental variogram and its fitted model,
ril 2000.

afd they showed similar values, as well (data not shown;
Miras Avalos, 2003).

4.4 Ordinary kriging (OK) 4.6 Gaussian conditional simulation (GS)

Maps of mean monthly rainfall obtained by this method __ . N
showed distribution patterns similar to those obtained by in-Th'_S technique gave average maps that presen'ted a variability
verse distances (Fig. 3). However, these maps were todvhich made them to seem real, reproducing, simultaneously,

smooth for reproducing measured maximum and minimummeasured values (Fig. 3). Generally, coefficients of varia-
data; moreover, error maps tended to show a high and unit_ion of each 100 simulation set were lower than 25%. This

form uncertainty pattern (Fig. 4). Thus, OK offered both methodology seemed to overestimate the rainfall mean val-
smoothed maps and high kriging errors. In fact, estimated'®S betyvgen 2% and 35% (Table 2_)'

extreme values showed a lower oscillation ratio than those Conditional simulation interpolation reproduced monthly
which were measured, but sometimes they were not very diff@infall minimum and maximum values when nugget effect
ferent. Overall, OK tended to underestimate rainfall meanV&s nule or low. However when nugget effects were high,
values (Table 2). Kriging errors were high in most of the oscillation ranges of simulated values were lower than those
study area except in those areas located nearby the raifgistered at the rain gauge network. _
gauges. In fact, due to the small range of spatial dependence, The fact that montly mean rainfall values obtained by
generally in the order of 10 km, kriging errors with small val- conditional simulation were systematically higher than those
ues were limited to a close neighbourhood around the rairf€gistered, might be a good approximation to reality, because

gauges. of the irregular distribution in altitude of the rain gauges used
for this study. In other words, higher values of rainfall are ex-
4.5 Kriging with external drift (KED) pected in mountain areas where the rainfall network is scarce,

thus conditional simulation results could be a more accurate

Additional information (altitude and distance to the shore- approximation to real rainfall over Galicia than mean values
line) was used in order to enhance the previous estimation bybtained from measurement network.
using the KED technique. A noticeable influence of topogra-
phy over the rainfall estimated values was observed (Fig. 3)4.7 Comparison of kriging and simulation results
The influence of altitude over rainfall estimated values is
more obvious when spatial dependence range is lower thahike the inverse square distance method, geostatistical inter-
10 km; however, when distance to the shoreline was used agolation aims at estimating the unknown rainfall depth at the
secondary information, this technique gave maps similar tounsampled location as a linear combination of neighbouring
those obtained by ordinary kriging. observations. The main advantage of kriging is to provide

KED tended to underestimate monthly rainfall mean val- kriging estimation error maps. OK main drawbacks in this
ues up to 15% (Table 2). Results using altitude as secondargtudy were the smoothing of the estimation maps and the
information showed differences regarding those of ordinaryhigh values of the kriging errors.
kriging and inverse distances. Moreover, KED estimation KED yields maps whose trends reflect the variability of
uncertainty showed a similar pattern to that obtained by OKthe secondary attribute but it is not proof that those trends

www.adv-geosci.net/10/51/2007/ Adv. Geosci., 10, 51-57, 2007
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Conditional simulation Inverse distances

Fig. 3. Rainfall distribution for November 1999 interpolated by different techniques.
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48.15
46.25
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38.64
36.74

Rainfall (mm)
288.3
263
237.7
212 .4
187.2
161.9
136.6
111.3
B6.61

ESTIMATES ERRORS

Fig. 4. Rainfall distribution for April 1999 interpolated by ordinary kriging and estimation errors for the same data set.

necessarily pertain to the study variable (Deustch and Jourtion variable. Nevertheless, the aims of these techniques are
nel, 1992). The relation between elevation and rainfall isdifferent: kriging tries to minimize the estimate variance er-
assessed locally, which allows one to account for changes imor while conditional simulation tries to reproduce the spatial
correlation across the study area (Goovaerts, 2000). In thisariability of the studied phenomenon.

exercise, KED maps showed a high influence of the altitude Conditional simulation has been considered to be a method

when semivariogram ranges were short. This effect of thefor optimizing kriging results. Some authors (Samper Cal-

altitude on the rainfall was previously described by other aU- o160 and Carrera Rdrez, 1996, Chas and Delfiner, 1999)

thors. For this reason and taking into account the tOpOg-z’raphi%uggested to combine conditional simulation results with
characteristics of Galicia, interpolation performed using aIti—those of kriging in order to achieve the advantage of know-
tude as e>_<ternz?1I drift was more pla_lusible than the one pering the estimation uncertainty. In this study, GS provided
formed using distance to the shoreline. a better description of the maximum and minimum rainfall
Kriging and conditional simulation are geostatistical tech- values than that offered by other methods. Monthly rainfall
niques that have the advantage of optimizing an interpolaimean values were higher than those recorded, what could be
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