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gsimcli: a geostatistical procedure for the homogenisation of climatic time series 31 

Abstract 32 

Climate data homogenisation is of major importance in monitoring climate change and in validating 33 

weather forecasts, general circulation and regional atmospheric models, modelling of erosion and 34 

drought monitoring, among other impact studies. Discontinuities in the time series, also named 35 

inhomogeneities, may lead to biased conclusions in such studies, so they should be detected and 36 

corrected. Previous studies have suggested a geostatistical stochastic approach, which uses Direct 37 

Sequential Simulation (DSS), as a promising methodology for the homogenisation of precipitation 38 

data series. Based on the spatial and temporal correlation between the neighbouring stations, DSS 39 

calculates local probability density functions at a candidate station to detect inhomogeneities. Here, 40 

we present a new method named gsimcli (Geostatistical SIMulation for the homogenisation of 41 

CLImate data), which is an improved and extended version of that approach. This technique is 42 

novel in its incorporation of spatial correlation metrics for the homogenisation of climate time 43 

series. The method's performance is assessed with annual and monthly precipitation, and monthly 44 

temperature data from two regions of the COST-HOME benchmark data set, and the results are 45 

compared using performance metrics. We also evaluate a semi-automatic version of the gsimcli 46 

method, which performs additional adjustments for sudden shifts. Both gsimcli versions provided 47 

similar results in the homogenisation of annual series. The gsimcli method was more efficient in the 48 

homogenisation of the benchmark’s precipitation series than the original geostatistical approach. 49 

The gsimcli approach performed more closely to state-of-the-art procedures in the homogenisation 50 

of monthly data than in the homogenisation of annual data. We expect that the proposed procedure 51 

will open new perspectives for the development of techniques that detect and correct 52 

inhomogeneities in climate data with monthly and sub-monthly resolution. 53 

 54 
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1 Introduction 58 

Climatic time series may be affected by non-natural irregularities caused by sudden or gradual 59 

changes on the surrounding environment of the weather station, or changes in the process of 60 

measurement and recording of the climate variable (e.g., Aguilar et al., 2003; Brunet and Jones, 61 

2011; Trewin, 2010). Station relocations, repositioning at different heights and changes in the 62 

instrumentation are examples of the former. Gradual changes may be exemplified by slowly urban 63 

development around a weather station, contributing to the phenomenon known as urban heat island 64 

effect (Sahin and Cigizoglu, 2010). The presence of inhomogeneities can distort or even hide the 65 

true climatic signal, and thus bias the results of studies (e.g., Domonkos, 2013; Yozgatligil and 66 

Yazici, 2016). Several homogenisation methods have been developed in the last decades to detect 67 

inhomogeneities and to adjust the climatic time series in order to improve their temporal 68 

consistency (Domonkos et al., 2012; Ribeiro et al., 2015a). Homogenisation methods depend on the 69 

climate variable (temperature, precipitation, pressure, evaporation), on the temporal resolution of 70 

the observations (annual, seasonal, monthly or daily), on the availability of information on the 71 

history of the weather station, and on the spatial density of monitoring stations within the study area 72 

(Costa and Soares, 2009). Ribeiro et al. (2015a) classified the homogenisation methods according to 73 

their characteristics: non-parametric tests, classical tests, regression methods, Bayesian approaches, 74 

and procedures specifically proposed for the homogenisation of climate data series. Those authors 75 

also describe comparison studies that evaluated the efficiency of homogenisation methods, and 76 

summarise many methods applications. Domonkos et al. (2012) present a chronological review of 77 

the theoretical properties of the most relevant statistical tools that have been developed for the 78 

homogenisation of temperature series. Aguilar et al. (2003) and the World Meteorological 79 

Organization (2010) emphasise the importance of metadata in the homogenisation of climate time 80 

series. By using all the available metadata and stations’ history, it is possible to anticipate and 81 
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preview the type of problems that climate data may have and when they should appear. Since this is 82 

often unattainable, it is advisable to compare the stations’ history with the data analysis, in a double 83 

check process. 84 

Homogenisation approaches can be classified as absolute and relative. Absolute methods only 85 

consider the climatic time series of the station to be homogenised (candidate station), while relative 86 

homogenisation uses time series from neighbouring stations. Absolute homogenisation may be 87 

problematic, because it is difficult to determine if changes, or lack of changes, result from non-88 

climatic or climatic influences without the support of the station’s history information (Peterson et 89 

al., 1998). Absolute approaches are not recommended as they can even introduce more errors into 90 

the climate series (Begert et al., 2005; Guijarro, 2011; Venema et al., 2012). Relative 91 

homogenisation is preferred when the spatial density and coherence of the observed data allows it 92 

(Costa and Soares, 2009; Domonkos, 2013; Ribeiro et al., 2015a). Relative homogenisation relies 93 

on comparing the candidate time series to multiple reference series from surrounding stations in a 94 

pairwise fashion, or to a single composite reference series computed from multiple neighbouring 95 

stations (Venema et al., 2012). More specifically, time series comparisons can rely either on 96 

building one composite reference series for each candidate series, on using multiple reference 97 

comparisons for each candidate series, or on using multiple comparisons without defining which are 98 

the candidate and the reference series (Domonkos, 2013). Composite reference series are usually 99 

built as a weighted average of data from surrounding stations by using some measure of statistical 100 

similarity between them (Aguilar et al., 2003). The comparison series are computed as the 101 

difference (in case of temperature, pressure, etc.) or ratio (precipitation, wind, etc.) between the 102 

candidate and the reference. The comparison series are statistically tested, or a penalised likelihood 103 

criteria is used, to assess the significance of changes. Homogenisation corrections may be estimated 104 

directly from the comparison series as follows (Aguilar et al., 2003). If a series must be adjusted for 105 
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a sudden shift, a common approach is to calculate separate averages on the comparison series for 106 

the two sections defined by the breakpoint. Then, the obtained means are compared by calculating 107 

their ratio or their difference, depending on the variable, and the resulting factor is then applied to 108 

the inhomogeneous part. When gradual inhomogeneities are detected, the usual approach is to de-109 

trend the inhomogeneous section using the slope calculated on the ratio time series. When multiple 110 

references or pairwise estimates are available, a combination of those estimates is used (e.g., a mean 111 

or median). A different approach based on multiple reference series is used by MASH – Multiple 112 

Analysis of Series for Homogenisation (Szentimrey, 1999), which considers the adjustment-factors 113 

as the lower limits of confidence intervals to keep a low false alarm detection rate (Domonkos, 114 

2013). Once a first correction has been performed, most methods perform a review (Venema et al., 115 

2012). 116 

Aguilar et al. (2003) recommend the adoption of a reverse chronological approach to adjust annual 117 

(monthly) series experiencing more than one discontinuity, in which the most recent homogeneous 118 

period is used as a standard and earlier periods are adjusted to reflect these current conditions. By 119 

doing so, incoming data in the future will still be homogeneous unless further changes occur in the 120 

monitoring station. Moreover, even if additional changes take place, another advantage of this 121 

strategy is that it allows for easier updating (Auer et al., 2005). Allen and DeGaetano (2000) argue 122 

that it is also reasonable to base adjustments on the longest stationary homogeneous period within a 123 

station’s record, and then proceed chronologically, but with the decision to adjust earlier or more 124 

recent periods again based on the series length. One advantage of this approach is that the quantity 125 

of data that is subject to adjustment is minimised. 126 

The selection of the homogenisation procedure is an effortful task. Domonkos (2015) refers three 127 

reasons for the complexity of the selection of the homogenisation procedure: first, the applicability 128 

of the method highly depends on the properties and the spatial and temporal structure of the climatic 129 
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records to be homogenised; second, the efficiency of the homogenisation can be measured 130 

empirically only with synthetic test data sets, even though the observed efficiency might differ from 131 

the true efficiency due to the deviations in the test data set from the real data; and, third, metadata 132 

sometimes provide more reliable information than statistical tests. In 2008, the HOME project 133 

(COST Action ES0601) gathered a group of climate experts in order to compare, evaluate and 134 

develop homogenisation methods using a benchmark dataset of temperature and precipitation series 135 

(Venema et al., 2012). To create the COST-HOME benchmark datasets, known inhomogeneities 136 

and other data disturbances were inserted. Under this project, 25 contributions based on 13 137 

statistical homogenisation algorithms were submitted before the release of the list of known/inserted 138 

inhomogeneities (the “truth”) in the data sets (blind contributions), and their results were evaluated 139 

with performance metrics. Later, some of the blind contributions were improved to address 140 

problems revealed by the results. One of the main conclusions of the HOME project is that the most 141 

efficient methods are those that deal with inhomogeneous neighbouring series, as well as with the 142 

interactions of multiple breakpoints and their effects on the calculation of correction terms, namely 143 

ACMANT (Domonkos et al., 2011a), MASH (Szentimrey, 1999, 2007, 2008), PRODIGE 144 

(Caussinus and Mestre, 1996, 2004) and USHCN (Menne and Williams Jr., 2009; Menne et al., 145 

2009). According to Domonkos et al. (2012), these procedures provide the reconstruction and 146 

preservation of true climatic variability in observational time series with the highest reliability. 147 

Although more limited regarding some tasks, the Craddock method (Brunetti et al., 2006; 148 

Craddock, 1979) also had an excellent performance and it is recommended for practical use 149 

(Domonkos, 2013; Venema et al., 2012). 150 

Several methods proposed in the literature have been developed as software packages, which intend 151 

to reduce the time consumed during the homogenisation process and to minimise the users’ 152 

interaction. Ribeiro et al. (2015a) describe their main characteristics, namely of ACMANT and its 153 
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units ACMANT2 (Domonkos, 2015), Climatol (Guijarro, 2006), RHTest (Wang, 2008), AnClim 154 

and ProClimDB (Štepánek, 2008a, 2008b), and HOMER (Mestre et al., 2013). More recently, the 155 

ACMANT3 unit has been released (Domonkos and Coll, 2016). Some of the methods 156 

recommended by the HOME project are available in HOMER for monthly data, and 157 

HOM/SPLIDHOM for daily data (Mestre et al., 2011). 158 

This article presents the gsimcli method, which is an extension of the geostatistical approach 159 

proposed by Costa and Soares (2009) and Costa et al. (2008a). Costa et al. (2008a) proposed to use 160 

the DSS – Direct Sequential Simulation algorithm (Soares, 2001) to calculate the local probability 161 

density function (pdf) at a candidate station's location. The DSS algorithm generates realisations of 162 

the climate variable through the resampling of the global pdf using the local mean and variance of 163 

the candidate station, which are estimated through a spatiotemporal model using Ordinary Kriging. 164 

The local pdf from each instant in time is then used to verify the existence of irregularities in the 165 

candidate station’s series. Costa and Soares (2009) proposed to adjust the candidate series by 166 

replacing the inhomogeneous records with the mean (or median) of the pdfs calculated at the 167 

candidate station's location for the inhomogeneous periods. The capability of the geostatistical 168 

approach to detect inhomogeneities in real precipitation data was tested with very auspicious results 169 

by Costa and Soares (2009) and Ribeiro et al. (2016). However, the original geostatistical approach 170 

was considered slow, laborious and very computationally intensive. 171 

The gsimcli method aims to provide more local information to the calculation of the local pdf of the 172 

candidate station, in order to better estimate the climatic signal of its surrounding area. Furthermore, 173 

we propose a different approach to adjust for sudden shifts in the inhomogeneous series, which is 174 

based on composite reference series derived from the estimated local pdf. Along with the 175 

implementation of the new methodology, a software package was developed, also named gsimcli, 176 
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with the purpose of making its application easier and more direct. The gsimcli software and its 177 

source code are freely available on the internet (http://iled.github.io/gsimcli). 178 

The gsimcli method’s efficiency was assessed through the homogenisation of annual and monthly 179 

precipitation data from surrogate networks of the COST-HOME benchmark. This was also the main 180 

type of artificial data considered by researchers under the HOME project, because the surrogate 181 

data provide an estimate of the accuracy of the homogenisation algorithms. Unlike most of those 182 

researchers, we evaluated the gsimcli method’s performance using precipitation data, which is more 183 

difficult to homogenise than temperature. 184 

This article is organised as follows. Section 2 describes the methodology, including the gsimcli 185 

method formulation and the considered performance metrics. The study area and the surrogate 186 

precipitation data are addressed in Section 3. Several homogenisation exercises have been 187 

performed using the (original) geostatistical approach and different implementation strategies of the 188 

gsimcli method, as detailed in Section 3. The results of the different homogenisation exercises are 189 

presented and discussed in Section 4. Finally, the conclusion and future work are presented in 190 

Section 5. 191 

2 Methodology 192 

2.1 gsimcli method 193 

Climate observations correspond to realisations (outcome values) of a spatiotemporal random 194 

variable  that can take a series of values at any location in space u and instant in time t 195 

according to a probability distribution. The set of climate data measured at n locations u and in ti 196 

time instants is 197 

http://iled.github.io/gsimcli
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, 198 

where  denotes the set of values of the candidate station, and 199 

 denotes the set of values of the reference stations. For 200 

each instant in time ti, the DSS algorithm is applied in order to obtain a set of m equally probable 201 

realisations of  using the whole set of climate data except the  value. In practice, m 202 

equally probable surfaces are simulated on a grid without taking into account the candidate’s data 203 

for the period being tested. 204 

The DSS algorithm simulates directly in the original data space and does not rely on multi-Gaussian 205 

assumptions. The simulated surfaces have the same statistical characteristics (auto-covariance, 206 

global sample mean and variance, and histogram) of the original variable (Soares, 2001). Because 207 

kriging interpolation requires a positive definite model of spatial variability, a variogram model 208 

must be specified. For long-term time series, it is advisable to split the series in smaller sections, in 209 

order to guarantee that the statistical properties are consistent within these sections, as 210 

recommended by Costa et al. (2008b) and Durão et al. (2010). Accordingly, the DSS algorithm 211 

should be applied independently on those smaller sections (e.g., by decade). 212 

In the gsimcli method, the local pdf of the candidate station, for each instant in time (ti), is defined 213 

by the set of spatiotemporal random variables that belong to a circular local neighbourhood centred 214 

at the candidate station's location: 215 

, 216 



11 

 

where Wr denotes the number of locations within a circle of radius r (local radius parameter) 217 

centred at the candidate station location (u0). Accordingly, the estimated local pdf of the candidate 218 

station for a given instant in time t0 is the set of simulated values: 219 

, 220 

When r = 0, it is implied that the local pdf of the candidate station will only depend on the 221 

simulated values at its exact location. This parameter allows estimating the local pdf of the 222 

candidate station with data that contribute to better describe the climatic signal of the area on which 223 

the candidate is located. The corresponding empirical cumulative distribution function gives the 224 

estimated probability that the variable Z at location u0 in space and instant t0 in time is no greater 225 

than any given threshold z: . 226 

For the detection of irregularities (breakpoints, trend-type inhomogeneities and outliers), the 227 

method proceeds as proposed by Costa and Soares (2009). An irregular record z(u0, t0) is identified 228 

if the interval of a specified probability p (detection parameter, e.g., 0.95), centred in the estimated 229 

local pdf of the candidate station for the instant t0, does not contain the observed z(u0, t0) value: 230 

or  231 

The detection and correction of irregularities, as well as missing values filling, are automatic 232 

procedures in the original geostatistical approach (Costa and Soares, 2009). Missing values are 233 

replaced by the mean of the local histogram of the candidate station for the corresponding time 234 

instant. Irregular values can be replaced by the mean, median, or other statistic (correction 235 

parameter) of the estimated local pdf for the inhomogeneous period(s). If the correction parameter 236 

is set to a percentile value equal to p (e.g., 0.95), irregularities are replaced with the percentile (1–237 
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p)/2 or 1–(1–p)/2, depending on the irregularities being located in the lower or upper tail of the pdf, 238 

respectively. In such case, the values of the percentiles (p) used for detection and correction do not 239 

have to be the same. The geostatistical approach deals with trend-type inhomogeneities by 240 

correcting multiple irregularities within inhomogeneous periods. No further corrections and 241 

adjustments have been proposed by Costa and Soares (2009) and Costa et al. (2008a). 242 

Once a candidate station is tested, the corrected time series is included in the detection process of 243 

the next candidate station as a reference time series for the calculation of the local pdf. Therefore, 244 

the detection of inhomogeneities in the second candidate station benefits from the corrections 245 

applied to the first candidate station, the third one will benefit from the previous two, and so on and 246 

so forth. Accordingly, it would be desirable to homogenise the most inhomogeneous series first, but 247 

those are unknown when homogenising real data. To overcome this limitation, the homogenisation 248 

sequence may be determined by an indicator of the level of the series inhomogeneity, such as the 249 

descending order of variance or the decreasing value of the difference between the station average 250 

and the network average (network deviation). The gsimcli software includes several alternative 251 

options to determine the order in which stations are tested: ID order, network deviation, random, 252 

variance (greater or lower), and the sequence specified by the user (e.g., to start with the series with 253 

more missing values in order to fill them in). 254 

The automatic gsimcli method, previously described, can be extended to adjust for sudden shifts 255 

using a semi-automatic approach. Adjustments should be done cautiously and station history 256 

information should be used to support decisions, since corrections may introduce higher errors than 257 

the irregularities they try to remove. Moreover, Domonkos et al. (2011b) state that “not correcting 258 

some detected breaks may well sometimes lead to more accurate data”. 259 

The homogenisation adjustments are estimated from a comparison series, which is computed as the 260 

ratio (in case of precipitation) between the automatically corrected candidate series and the 261 
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corresponding composite reference series. This reference series is defined by the time series of the 262 

means  calculated from the local pdfs of the candidate station for each instant in time ti: 263 

 264 

The reason for considering the time series of the means, instead of another statistic, was that the 265 

mean and the median have very similar time series if the number of simulations is high enough 266 

(Ribeiro et al., 2016). Besides, the detection percentile should not be used because its time series 267 

has high variability, since in some instances in time it takes values corresponding to the lower tail of 268 

the local pdf, and for other instances it corresponds to the upper tail value. 269 

The dates of the detected irregularities, together with the inspection of both the comparison series 270 

and the candidate series, serve to judge each detected inhomogeneity as a potential sudden shift, an 271 

outlier or a trend-type inhomogeneity. When decisions cannot be supported by stations’ metadata, 272 

the comparison series can be statistically tested to assess the significance of such changes. In this 273 

study, we used the Buishand range test (Buishand, 1982) with a 5% significance level for this 274 

purpose. 275 

Outlier and trend-type inhomogeneities are adjusted using the correction parameter, as suggested by 276 

Costa and Soares (2009), before applying any adjustments for sudden-shifts. The dates of sudden 277 

shifts are used to divide the comparison series into segments, and separate averages are calculated 278 

on each segment. Then, the obtained means are compared by calculating their ratio (in case of 279 

precipitation) with the mean of the most recent period. The resulting factors are then applied to the 280 

corresponding segments of the automatically corrected candidate series. 281 
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2.2 Performance metrics 282 

From the climatologists’ point of view, efficiency metrics are more appropriate to evaluate the 283 

homogenisation methods capability to improve the temporal consistency of the climatic time series 284 

than detection scores (Domonkos et al., 2011b). Domonkos (2013) discusses the problems that arise 285 

from the application of the hit rate and detection skill, which are the most traditional efficiency 286 

measures used by developers of homogenisation methods. In this study, we used the efficiency 287 

metrics proposed by Venema et al. (2012) to assess the homogenisation methods’ performance. 288 

A well-known statistical metric for measuring model performance is the root mean square error 289 

(RMSE): 290 

 , 291 

where the xi are the homogenised values, the ti are the true (fully homogeneous) values, and n is the 292 

sample size. The RMSE can be calculated for various time units of the observed series (e.g., month, 293 

year, and decade time units). 294 

Venema et al. (2012) introduced a modified version of RMSE, the Centred RMSE (CRMSE), which 295 

is used as a basic accuracy metric of the data at the highest available resolution. The motivation of 296 

using CRMSE instead of RMSE in the HOME project was to eliminate the effect of unknown mean 297 

station effects (Domonkos, 2013). The Station CRMSE is defined as the RMSE of the anomalies 298 

relative to the mean bias, and it is computed on single station data directly: 299 

 , 300 
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where the upper stroke means arithmetical average, and X and T stand for homogenised and true 301 

(fully homogeneous) time series, respectively. This metric is similar to the standard deviation of the 302 

time series of the difference between the homogenised data and the truth. 303 

The Station CRMSE quantifies the homogenisation efficiency for each station individually. The 304 

Network CRMSE measures the efficiency of the homogenisation of the network, as a whole. It is 305 

calculated using the mean CRMSE, by network. The Station [Network] Improvement evaluates the 306 

enhancement over the inhomogeneous data, and it is computed as the ratio of the Station [Network] 307 

CRMSE of the homogenised networks with the Station [Network] CRMSE of the same 308 

inhomogeneous networks. As in Venema et al. (2012), data corresponding to missing data or 309 

outliers were not taken into account in the above computations. 310 

The performance metrics were also computed for the blind submissions to the HOME project 311 

using the homogenised series available at the HOME project’s website 312 

(http://www.homogenisation.org; accessed May 2016). 313 

3 Climate data and homogenisation framework 314 

The HOME project (COST Action ES0601) included the creation of a benchmark data set 315 

containing real inhomogeneous data, as well as simulated data with inserted inhomogeneities. 316 

Venema et al. (2011) discuss the generation of this benchmark data set, the climate variables 317 

considered, which types of data are considered, how they have been produced, the ways to 318 

introduce artificial inhomogeneities, and additional specifications such as length, missing data and 319 

trends. The benchmark has different types of monthly datasets (temperature and precipitation) 320 

organised in three sections: real, surrogate, and synthetic data. Real inhomogeneous data is 321 

composed of temperature and precipitation monthly data series from a set of weather stations 322 

located in Europe, because of their importance for climate studies, and because they represent two 323 

http://www.homogenisation.org/
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important types of statistics (additive and multiplicative, respectively). These real data sets allow 324 

the comparison between different homogenisation methods with the most realistic type of data and 325 

inhomogeneities (Venema et al., 2011). The objective of the surrogate data set is to reproduce the 326 

structure of measured data accurately enough that it can be used as substitute for measurements. 327 

Surrogate climate networks reproduce the temporal cross-correlation structure of existing 328 

homogenised networks, as well as the temporal auto-correlation functions of the stations (Venema 329 

et al., 2012). Inhomogeneities were random and independently inserted in the surrogate data sets, 330 

with a normal distribution of the breakpoint sizes, and they were simultaneously introduced in 331 

multiple station series within a simulated network (Venema et al., 2012). These inhomogeneous 332 

surrogate data sets also include outliers, missing data periods and local station trends. Additionally, 333 

a stochastic nonlinear network-wide trend was added. The synthetic data sets are based on the 334 

surrogate networks, though the differences between the stations have been modelled as uncorrelated 335 

Gaussian white noise. The statistical properties of the synthetic data are those assumed by most 336 

statistical tests used for homogenisation. This data is easier to homogenise than the more realistic 337 

surrogate data (Venema et al., 2012). 338 

3.1 Study area and data 339 

Only surrogate series from the COST-HOME benchmark were subject to homogenisation. The 340 

following describes the precipitation data from networks 5 and 9 that have been homogenised. 341 

These networks have nine and five weather stations, respectively, and are both located in France 342 

(Figure 1). Network 9 includes five of the nine weather stations from network 5, but the time series 343 

are different in the two networks. The benchmark data set comprises precipitation monthly data for 344 

a period of 100 years (1900 – 1999). It also contains temporal intervals with missing data, which 345 

occur in the first decades (1900 – 1930) and in the beginning of the fifth decade (1940 – 1945). The 346 

lack of data intends to mimic the absence of weather stations in the beginning of the century, and 347 
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the absence of measurements during the Second World War, respectively. Networks 5 and 9 cover a 348 

rectangular area of approximately 4000 km2 (50 km x 80 km). These two networks were selected 349 

because they correspond to the precipitation networks homogenised by the MASH Marinova 350 

submission to the HOME project (MASH method operated by a first-time user named Marinova) 351 

described by Venema et al. (2012). 352 

In this study, the monthly and annual precipitation data from those networks were subject to 353 

exploratory data analysis and homogenisation. The annual precipitation series were derived from 354 

the monthly series. As expected, the annual and monthly series from all stations have high 355 

variability and several potential outliers. Regarding network 5, station 21142001 has the highest 356 

precipitation values in the first decades. Considering the data from all nine stations, there are 102 357 

years with missing precipitation data. The correlation coefficients of the stations’ annual series vary 358 

between 0.496 and 0.847. The lowest correlation corresponds to two stations located at the centre of 359 

the network (21142001 and 21425001). The highest correlation corresponds to the stations 360 

21142001 and 21386001. Considering the annual series from network 9, all stations have similar 361 

distributions, except station 21584001 that has higher values. The correlation coefficients of the 362 

stations’ annual series vary between 0.498 (stations 21454001 and 21425001) and 0.883 (stations 363 

21454001 and 21109001). 364 

The main spatial patterns of the precipitation data were also investigated, particularly the presence 365 

of anisotropy. An attribute has an anisotropic behaviour when it exhibits a different spatial auto-366 

correlation structure for different directions. The possible existence of anisotropy was analysed by 367 

producing an interpolated surface of the precipitation data for a sample of years using the Inverse 368 

Distance Weighting (IDW) interpolator. Although time consuming, these analyses were important, 369 

because if an attribute shows different auto-correlation structures in different directions, then an 370 

anisotropic variogram model should be developed to reflect these differences. The most commonly 371 
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employed model for anisotropy is the geometric anisotropy, with the variogram reaching the same 372 

sill in all directions, but at different ranges. The interpolated surfaces obtained using IDW neither 373 

revealed an overall trend, nor an overall anisotropic pattern in any of the networks. 374 

Considering that the variogram modelling is a very important stage of geostatistical methods, a 375 

thorough variography analysis was undertaken. Due to the variability of precipitation data, the lack 376 

of data in several decades, and, mainly, the reduced size of the monitoring networks, that analysis 377 

revealed to be a challenging task. Many experimental variograms exhibit a variability pattern such 378 

that the correlation between stations’ data seems to be lost at short distances. Accordingly, the 379 

spatial features of precipitation occur at scales smaller than the distance between monitoring 380 

stations. For this reason, modelling the experimental variograms, and the nugget effect in particular, 381 

was not a straightforward task. Moreover, with very widely spaced data, a realistic estimate of the 382 

range parameter was also sometimes difficult to obtain. A way to overcome these drawbacks is the 383 

use of additional data provided by other weather stations located in the surrounding study area. 384 

However, such task could not be performed, since only the provided data sets by the HOME project 385 

could be used in the process. 386 

In previous exploratory homogenisation activities with the original geostatistical approach, different 387 

variogram models for the spatial continuity structure of the data were assessed (Costa et al., 2015). 388 

The variogram models that lead to the best performance metrics are considered in this study. As 389 

recommended by Costa et al. (2008b) and Durão et al. (2010), variograms were first estimated by 390 

decade in order to account for possible long-term trends, or fluctuations, in the precipitation auto-391 

correlation structure. This approach was followed in the case of annual data from network 5 (Table 392 

1). Due to the small number of stations in network 9, a single variogram model for the whole 1900–393 

1999 period was estimated for the annual data (Table 1). Previous exploratory homogenisation 394 

activities indicated that using all yearly data to infer a single variogram model for network 9 395 
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provided similar results to using the same decadal variogram models inferred for network 5 (Costa 396 

et al., 2015). Hence, estimating a single variogram model for the whole period is the recommended 397 

solution in case of small networks. 398 

Due to the lack of data in the monthly series, a unique variogram model was estimated for the first, 399 

second and third decades (1900–1929) from network 5, for each month (Table A1 of the Appendix). 400 

For the same reason, the fourth and fifth decades’ data were also combined in order to obtain 401 

another single variogram model. Seven variogram models were prepared for each monthly series, in 402 

a total of 84. The estimated variogram models for network 5 were also used in network 9 (Table A1 403 

of the Appendix), since the reduced number of stations in this network did not allow to obtain a 404 

reliable estimate of the variogram model. 405 

3.2 Specifications of the homogenisation exercises 406 

Several homogenisation exercises were undertaken for the precipitation networks 5 and 9 from the 407 

COST-HOME benchmark using different sets of parameters (Table 2). We investigated the impact 408 

of two strategies on the definition of the simulation grids. The homogenisation exercises used a 409 

regular grid comprising 9882 cells (81 x 122 cells) for a grid cell size of 1 km, except one exercise 410 

with annual data that used a regular grid with 425 cells (17 x 25 cells) having a cell size of 5 km. 411 

Different values of the local radius parameter (r) were also considered, ranging from 1 to 5 cells 412 

(Table 2). All homogenisation exercises with the gsimcli method used the following common set of 413 

parameters: 414 

• Candidates order = descending order of the stations’ data variance; 415 

• Number of simulations (m) = 500; 416 

• Detection parameter (p) = 0.95; 417 

• Correction parameter =percentile value of 0.975. 418 
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The annual series were homogenised using both the automatic and semi-automatic versions of 419 

gsimcli. Considering that the later did not significantly improve the method’s efficiency, the 420 

monthly series were only homogenised using the automatic gsimcli. In the adjustments stage of the 421 

annual series, whenever the candidate series had missing values in the beginning of the time series, 422 

it was considered the existence of a breakpoint at the first date with data in the automatically 423 

corrected candidate series. Therefore, the missing values that were automatically estimated were 424 

also adjusted, despite the fact that these data are not used in the computation of the performance 425 

metrics. 426 

The original geostatistical approach (Costa and Soares, 2009) was also used to homogenise the 427 

annual time series from networks 5 and 9. This was accomplished by setting the local radius 428 

parameter (r) to zero, and the correction parameter to the mean of the local pdf of the candidate 429 

station. No further adjustments were applied in these homogenisation exercises. The simulation grid 430 

was defined with cells of 1 km2. 431 

4 Results and discussion 432 

The automatic gsimcli method homogenises candidate time series using the correction parameter 433 

derived from the estimated local pdf for the inhomogeneous periods. In the semi-automatic version, 434 

the automatically corrected candidate series are further adjusted using correction factors derived 435 

from comparison series. These are based on composite reference series corresponding to the series 436 

of means computed from the estimated local pdfs. The different parameters used in the 437 

homogenisation of the precipitation series are described in Section 3.2. The following sections 438 

detail the results of the precipitation data homogenisation. 439 
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4.1 Annual precipitation series 440 

For illustration purposes, Figure 2 shows the candidate time series of station 21142001 from 441 

network 5, and the homogenised series that were obtained using the gsimcli method with the 442 

parameters specified for Test #6 (Table 2), as well as the corresponding composite reference series 443 

and comparison series. The Buishand range test identified a significant sudden shift in 1952 in this 444 

candidate time series. No other significant breakpoints were identified in the segments before and 445 

after this year. 446 

The irregular years identified in the automatic stage of gsimcli, as well as the years corresponding 447 

to significant sudden-shifts identified by the Buishand’s test are listed in Table A2 of the Appendix. 448 

This table also presents the years defined by HOME project as breakpoints and outliers. It is 449 

important to note that these irregularities were introduced in the monthly time series of the 450 

benchmark data set. Certain inhomogeneities might only be evident at certain timescales of 451 

variability (Yan and Jones, 2008). In this study, those monthly irregularities were considered as 452 

annual breakpoints for comparison purposes, thus the detection results should be analysed with 453 

caution. Those inhomogeneities might not be detected as breakpoints in the homogenisation 454 

exercises, since the annual amounts of precipitation may smooth those monthly irregularities. 455 

The number of years with detected irregularities by the automatic gsimcli does not seem to be 456 

dependent of the local radius parameter (r), since it is similar in the different homogenisation 457 

exercises. It is higher than the number of breakpoints defined by the HOME project. In some cases, 458 

a sequence of more than two consecutive years with irregularities is detected, which can be assumed 459 

as the detection of a trend-type inhomogeneity in the candidate series by the automatic gsimcli (e.g., 460 

in the station 21454001 from network 5 there are breakpoints detected consecutively from 1911 to 461 

1914, from 1940 to 1946, and from 1987 to 1993). 462 
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The breakpoint years detected by the Buishand’s test are similar for all homogenisation exercises, 463 

varying from zero to three, thus the performance metrics obtained with the automatic and semi-464 

automatic gsimcli are also similar (Table 3).The automatically corrected candidate series from 465 

stations 21454001, 21501003 and 21584001 from network 5, and station 21109001 from network 9, 466 

were considered as homogeneous by the Buishand’s test in all homogenisation exercises. One 467 

additional breakpoint year (1984) was identified in the automatically corrected candidate series 468 

from station 21310001 from network 5, and two additional years (1906 and 1918) in station 469 

21584001 from network 9, using the homogenisation Test #6. Only one breakpoint year (1926) was 470 

identified in station 21425001 from network 9 using the homogenisation Test #1, whereas all other 471 

homogenisation exercises identified two breakpoint years (1917 and 1926) in this station. The 472 

breakpoint year of 1937 was not identified in station 21711001 from network 9 using the 473 

homogenisation Test #2. 474 

The performance metrics were computed for the homogenisation exercises considering the 475 

application of the automatic gsimcli method (without adjustments for sudden shifts), and the semi-476 

automatic version (with the additional adjustments stage) (Tables 3 and 4). The performance 477 

metrics were also computed for the homogenisation activities undertaken with the original 478 

geostatistical approach, and for the blind submissions to the HOME project that homogenised 479 

networks 5 and 9. All the homogenisation exercises undertaken with the annual precipitation data 480 

from network 9 (Table 4) made the data more inhomogeneous, i.e. had a Station improvement 481 

quotient over the inhomogeneous data above one. However, the original geostatistical approach was 482 

the only homogenisation activity undertaken that made the data from network 5 (Table 3) more 483 

inhomogeneous. The higher number of stations in network 5 might explain the better results 484 

obtained for this network than for network 9. All the values of the Station CRMSE of the gsimcli 485 

method are at least 24% smaller than those of the original geostatistical approach. Considering the 486 
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Network CRMSE, the efficiency increase of the gsimcli method is greater for the automatic version 487 

(at least 44%) than for the semi-automatic one (at least 24%). Accordingly, the gsimcli method is 488 

more efficient than the original geostatistical approach. Nonetheless, the gsimcli method 489 

underperformed all the blind submissions to the HOME project, except the absolute method (h008 - 490 

PMFred abs) for network 5. 491 

Considering the performance of the automatic and semi-automatic versions of gsimcli, both provide 492 

similar results. For the Station’s CRMSE and Improvement, the semi-automatic gsimcli was more 493 

efficient (in average, 2%) for network 5, and less harmful (in average, 11%) for network 9. 494 

Regarding the Network’s CRMSE and Improvement, the automatic gsimcli provided better results 495 

than the semi-automatic gsimcli (in average, 35% in network 5 and 16% in network 9). These 496 

results seem to indicate that the automatic gsimcli increases the temporal consistency of the regional 497 

climate signal more than the semi-automatic version. 498 

In network 5 (Table 3), the smallest Network metrics were obtained for the homogenisation Test #6 499 

with both the automatic (Network CRMSE = 2.86; Network Improvement = 1.07), and the semi-500 

automatic (Network CRMSE = 3.78; Network Improvement = 1.41) versions of gsimcli. The 501 

efficiency of the semi-automatic gsimcli Test #6 was lower than the Climatol (h010) and AnClim 502 

main (h018) procedures by 17% and 21%, respectively, in terms of Station CRMSE. However, all 503 

automatic versions of gsimcli were more efficient (at least 2%) than the Climatol (h010) in terms of 504 

Network CRMSE. The efficiency of the automatic gsimcli Test #6 was lower than the C3SNHT 505 

(h006), AnClim main (h018) and PRODIGE main (h002) procedures by 11%, 12% and 13%, 506 

respectively, in terms of Network CRMSE. Considering the results of network 9 (Table 4), the 507 

automatic gsimcli homogenisation Test #5 was the less harmful (Network CRMSE = 2.87; Network 508 

Improvement = 1.53), whereas using the semi-automatic version the “best” homogenisation Test 509 

was #2 (Network CRMSE = 3.08; Network Improvement = 1.64). These results indicate that using 510 
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the local radius parameter (r) with values greater than 1 does not conclusively increase the gsimcli’s 511 

efficiency. However, using larger grid cells generally improves the gsimcli method efficiency and 512 

decreases the processing time, since the size of the simulation grid cells has a significant impact in 513 

the computational effort. These results are consistent with a preliminary sensitivity analysis of the 514 

gsimcli’s parameters that was undertaken using monthly precipitation data from the benchmark’s 515 

network 16 (Ribeiro et al., 2015b), which is located in Austria and comprises 15 stations. 516 

4.2 Monthly precipitation series 517 

The monthly series were homogenised with the automatic gsimcli method as described in Section 518 

3.2. Even though the performance metrics of the homogenisation exercises provided similar values, 519 

the best results were obtained in Tests #8 and #9 (Table 5), which used a local radius parameter 520 

greater than zero. In the previous homogenisation exercises, using a local radius parameter (r) equal 521 

to zero provided similar results to the Tests #8 and #9. These results might be explained by the fact 522 

that the correction parameter was the percentile of 0.975, whereas the original geostatistical 523 

approach used the mean as the correction parameter in the homogenisation of the annual series. This 524 

suggests the high importance of the correction parameter in the overall homogenisation efficiency. 525 

The efficiency of the automatic gsimcli was higher than the C3SNHT (h006), AnClim main (h018) 526 

and Climatol (h010) procedures by 24%, 19% and 8%, respectively, in terms of Station CRMSE. 527 

However, it underperformed the PRODIGE monthly (h021) and the MASH Marinova (h009) 528 

procedures by 9% and 22%, respectively. It is noticeable that, in comparison with other procedures, 529 

the efficiency of gsimcli in the homogenisation of monthly series is higher when compared to the 530 

annual series. 531 
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5 Conclusion 532 

In the original geostatistical approach (Costa and Soares, 2009; Costa et al., 2008a), the detection 533 

and correction stages of the homogenisation process were automatic procedures based on individual 534 

pieces of data. The proposed gsimcli algorithm includes a new parameter (local radius) that aims to 535 

provide more local information to the calculation of the local pdf in order to reproduce the climatic 536 

signal of that location more realistically. Moreover, the gsimcli method may include another stage 537 

that aims at further adjusting the candidate time series by examining the characteristics of segments 538 

of data (semi-automatic version). Both automatic and semi-automatic versions of the gsimcli 539 

method proved to be more efficient in the homogenisation of the benchmark’s precipitation series 540 

than the geostatistical approach proposed by Costa and Soares (2009) and Costa et al. (2008a). 541 

The semi-automatic version of gsimcli uses comparison series that can be statistically tested in 542 

order to proceed with further inhomogeneities detection and adjustments. In this study, both gsimcli 543 

versions provided similar results in the homogenisation of annual precipitation series. We used the 544 

Buishand’s test in the semi-automatic gsimcli, but the application of other techniques should be 545 

investigated. 546 

Even though the geostatistical homogenisation made the data slightly more inhomogeneous in many 547 

experiments, the gsimcli approach outperformed a few procedures in the homogenisation of 548 

monthly precipitation data (Table 5), and Climatol in the homogenisation of monthly temperature 549 

series (as shown in Table S3). It is also important to point out that the benchmark’s networks are 550 

relatively small, and that the gsimcli method is more appropriate for larger networks. Ribeiro et al. 551 

(2016) tested the gsimcli method with a real data set of 66 monitoring stations from Portugal 552 

(0.0015 stations/km2 in a simulation grid with 1 km2 cells), whereas networks 5 and 9 have nine and 553 

five stations, respectively (0.0009 and 0.0005 stations/km2 in the simulation grids with 1 km2 cells, 554 

respectively). 555 
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Geostatistical techniques are suitable for variables that exhibit spatial correlation, which is modelled 556 

by the variogram. A higher number of observations that are spatially well distributed allows for a 557 

more accurate estimation of the variogram, thus improving the quality of the kriging predictions. A 558 

major limitation of this study was the reduced number of points available to estimate the variogram 559 

models. The modelling was particularly difficult for the shorter lag distances, which tend to have 560 

very few pairs of points. This is an important weakness of gsimcli, since the variogram’s behaviour 561 

near the origin is the most important to characterise. Accordingly, further research with larger 562 

networks should be pursued. 563 

Another direction for future research is the application of Direct Sequential Cosimulation (coDSS; 564 

Soares, 2001), which is an extension of the DSS algorithm that allows incorporating covariates such 565 

as elevation. Such extension of the gsimcli procedure could be suited for homogenising 566 

climatological networks from mountainous regions. However, the variography analysis would be 567 

even more challenging, because the coDSS algorithm requires a linear model of coregionalisation 568 

(i.e., modelling the spatial correlation structure through the simple and cross variograms). Another 569 

potential drawback is that the computational effort would highly increase. 570 

The proposed approach is a valuable contribution to this research field, particularly the new 571 

methods’ capability for filling missing values, and irregularities filtering. However, data 572 

corresponding to missing data or outliers were not taken into account in the computation of the 573 

performance metrics. 574 
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Supporting Information 582 

The automatic version of the gsimcli method (without adjustments for sudden shifts) was also used 583 

to homogenise monthly temperature data from network 4 (Figure S1) of the HOME benchmark, 584 

considering different sets of parameters (Table S2). The Supporting Information describes these 585 

analyses and their results, which were evaluated with the performance metrics (Table S3). 586 

Titles of Figures in the Supporting Information: 587 

• Figure S1 – Location of stations from network 4 in the North of the Bay of Biscay (Digital 588 

Elevation Model source: Jarvis A, Reuter HI, Nelson A, Guevara E. 2008. Hole-filled 589 

seamless SRTM data V4, http://srtm.csi.cgiar.org; accessed November 2015). 590 

Titles of Tables in the Supporting Information: 591 

• Table S1 – Variogram models of the monthly temperature series from network 4. 592 

• Table S2 – Parameters of the homogenisation exercises of monthly temperature data from 593 

network 4. 594 

• Table S3 – Performance metrics of the monthly temperature series from network 4 for the 595 

homogenisation exercises undertaken and for the blind contributions to the HOME project. 596 
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 739 

Tables’ captions 740 

Table 1 – Variogram models of the annual precipitation series from networks 5 and 9. 741 

Table 2 – Parameters of the homogenisation exercises with the gsimcli method. 742 

Table 3 – Performance metrics of the annual precipitation series from network 5 for the 743 

homogenisation exercises undertaken and for the blind contributions to the HOME project. 744 

Table 4 – Performance metrics of the annual precipitation series from network 9 for the 745 

homogenisation exercises undertaken and for the blind contributions to the HOME project. 746 

Table 5 – Performance metrics of the monthly precipitation series from networks 5 and 9 for the 747 

homogenisation exercises undertaken and for the blind contributions to the HOME project. 748 

Table A1 – Variogram models of the monthly precipitation series from networks 5 and 9. 749 

Table A2 – List of the years with breakpoints and outliers defined by the HOME project (the 750 

“truth”), and of the irregular years that were detected in the homogenisation exercises. Years 751 

marked in bold are correctly detected breakpoints (with a tolerance of 2 years), and years marked in 752 

bold and underlined are correctly detected outliers. 753 

 754 

Figures’ captions 755 

Figure 1 – Location of stations from networks 5 and 9 in France (Digital Elevation Model source: 756 

Jarvis et al., 2008). 757 

Figure 2– Graphic (a) shows the candidate time series of station 21142001 from network 5, and the 758 

corresponding homogenised series using the automatic and semi-automatic versions of gsimcli with 759 

the parameters specified for Test # 6. Other graphics show the composite reference series (b) and 760 
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the comparison series (c) used in the homogenisation of this candidate series with the semi-761 

automatic gsimcli. 762 
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