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Abstract. Some of the important elements to be considered by the designer in the field of 
water defences and hydraulic structures include the determination of the maximum 
environmental loads such as maximum wave height, maximum water level and 
maximum river discharge at the locations of interest. These variables are usually 
described by statistical distribution functions. The parameters of these distribution 
functions can be estimated by various methods based on observed datasets. The main 
point of interest is the behaviour of each method for predicting the extreme values. The 
calculated value should be as close as possible to the true value and its uncertainty 
should be as small as possible. In this paper, firstly, an overview is given of data 
management techniques, which are needed to further extreme value analysis. Secondly is 
focused on statistical methods to model the occurrence probabilities of extreme values. 
The methods is applied for the prediction of extreme waves along the Dutch North Sea 
coast and extreme storm surges along the Vietnamese South China Sea coast. 

1.   Introduction 

It has long been recognized that many annual environment datasets are too short 
to allow for a reliable estimation of extreme events. Thus, the difficulties are 
related to the identification of the appropriate statistical distribution for 
describing the data and to the estimation of the parameters of a selected 
distribution. In civil engineering practice the problem of unbiased and efficient 
estimation of extreme quantiles from small samples is commonly encountered. 
For example, annual river discharges, storm surge data at sea and ocean wave 
data may be available for the last 30 to 100 years, on that basis one may have to 
estimate a design level corresponding to a 500 to 10.000 years return period. It is 
desirable that the quantile estimate is unbiased, hence its expected value should 
be as close as possible to the true value and, that an unbiased estimate is 
efficient, i.e. its variance is as small as possible.   



 2 

Regionalization provides means to cope with this problem by assisting in the 
identification of the shape of potential parent distributions, leaving only a 
measure of scale to be estimated from the at-site data. This is known as the 
regional frequency analysis method and will be used in this study.  

Regional frequency analysis (RFA) has been an established method in 
hydrology for many years. An example is the earlier use of the index-flood 
proceduce in Dalrymple (1960). In fact, regional flood frequency analysis calls 
for assumptions, tests, and methods of a somewhat ad hoc nature. In general, it is 
difficult to assess or compare the performance of regional estimation methods, 
because the degree to which implied assumptions are valid is hard to measure or 
quantify in practice. At present, the index flood method is the most used regional 
flood frequency procedure. A fundamental assumption of the index flood method 
is that data at different sites in a region follow the same distribution except for 
scale (Hosking and Wallis, 1993).  

In this paper it is concentrated on the investigation of the RFA to model the 
occurrence probabilities of extreme maximum values for sea data and its quantile 
estimates. Some data screening techniques are presented before fitting an 
analytical probability distribution to represent adequately the sample 
observations. These steps involve trend analysis, stationarity tests and detecting 
and verifying if the data time series are stationary. Finally the peak over 
threshold method (POT) is used for filtering the data before applying the RFA. 

2.   Data management methods in extreme value analysis 

2.1.   POT in data filtering 

Extreme value predictions of hydrological data are traditionally based on 
statistical analysis of annual maxima of site observed data, using one of the 
Generalized Extreme Value (GEV) distributions, typically the Gumbel 
distribution (Gumbel, 1958). However, the statistical extrapolation to estimate 
the storm surge levels and waves corresponding to 1000-10.000 year return 
period is contaminated by sampling and model uncertainty, if data are just 
available for a limited period (e.g. 20~30 years). This has motivated the 
development of approaches to enlarge the sample extreme values beyond the 
annual maxima.  

As the recent popular alternative to the Annual Maxima Gumbel, the Peaks 
over Threshold (POT) method models the peaks of a time series exceeding a 
threshold by the Generalized Pareto distribution (GPD), which is shown to be 
the domain of attraction of the peaks (Pickands, 1975; Simiu and Heckert, 1996).  
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The main point of POT is that, in order to model the upper tail of the maxima 
distribution, consider k exceedances of X (n samples) over a threshold u and let 
Y1, Y2, . . ., Yk denote the peaks, i.e., Yi = Xi − u. Pickands (1975) showed that in 
some asymptotic sense, the conditional cumulative distribution of the excess Y = 
X − u of the variate X over the threshold u given X > u for u sufficiently large, 
i.e., P[Y = (Xi − u) < y | Xi > u], follows the GPD.  

 It does efficiently increase the number of samples included in the analysis 
and correspondingly reduces the statistical uncertainty of quantile variances as 
expected (Pandey, 2002). However, the application of POT is confounded if the 
considered time series is non-stationary (van Gelder et al., 1999).  Thus, in order 
to apply the POT in modeling extreme values an important task is to determine if 
there is the existence of any trend in the data and how to achieve stationarity 
when the data is nonstationary. The issues of trend analysis and the 
nonstationarity are discussed briefly in the following subsection.  

2.2.   Trend analysis and stationarity test 

The trend test for annual series gives an overview of the change in coastal time 
serie. To examine the possible changes occur in smaller timescale, we need to 
investigate the monthly coastal series. Monthly coastal data usually exhibit 
strong seasonality. Trend test techniques for dealing with seasonality of 
univariate time series fall into three major categories (Helsel and Hirsh, 1992): 
(i) fully nonparametric method, i.e., seasonal Kendall test (Kendall, 1938; Mann, 
1945); (ii) mixed procedure, i.e., regression of deseasonalized series on time; 
(iii) parametric method, i.e. regression of original series on time and seasonal 
terms. The first approach, namely, seasonal Kendall test is applied in this study 
to the coastal time series. 
At present there are two groups of methods for testing stationarity. The first 
group is on basis of analyzing the statistical differences of different segments of 
a time series (e.g. Chen & Rao, 2002). If the observed variations in a certain 
parameter of different segments are found to be significant, hence it is outside 
the expected statistical fluctuations, the time series is regarded as nonstationary. 
Another group of stationarity tests is based on statistics for the full sequence 
(Wang, 2006). In this paper the later is adopted by using two methods, the 
augmented Dickey-Fuller unit root test by Dickey and Fuller (1979) (was 
modified by Said and Dickey, 1984); and the KPSS test proposed by 
Kwiatkowski et al. (1992).  



 4 

3.   Regional frequency analysis to model extreme values 

Main idea of the RFA is to extending dataset by using information from 
neighbouring locations which are considering from homogeneous regions. Data 
from several sites are used to extend datasets in estimating event frequencies at 
any one site. The main stages of the RFA procedure are: (i) screening of the data; 
(ii)  identification of homogeneous regions; (iii)  choice of a regional frequency 
distribution; and (iv) estimation of the regional frequency distribution. For more 
details on algorithms and implementation of these given stages one can refer to 
Hosking and Wallis (1997). The performance of any regional estimation method 
strongly depends on the grouping of sites into homogeneous regions.  

To aid the presentation, a formal definition is given as follows: Let Qij , 
j=1,...,ni, be observed data at N sites of a region, with sample size ni at site i, and 
let Qi(F), 0<F<1, be the quantile function of the distribution at site i. A region 
of N sites is called homogeneous if: 

( ) ( ), 1,... .i iQ F q F i Nµ= =
  (1) 

The quantile function of regional frequency distribution:  

( ) ( ) / , 1,... .i iq F Q F i Nµ= =   (2) 

where iµ  is the site-dependent scale factor and q(F) is the quantile of the 
regional frequency distribution. The site dependence scale is naturally estimated 
by

_ _

i iQµ = , the sample mean of data at site i.  
The basic dimensionless rescaled data _

/ , 1,... , 1,... .iij iijq Q j n i Nµ= = =  is used for estimating the regional growth 
curve ( )q F , 0<F<1. 

In the RFA data are assumed to come from homogeneous regions. The 
question can be posed how to derive homogeneous regions on the basis of 
statistical techniques and physics-based considerations. Hosking and Wallis 
(1997) developed a unified robust approach to RFA, based on L-moments 
described by Hosking (1990) that involves objective and subjective techniques 
for defining homogeneous regions, of assigning sites to regions, identifying and 
fitting regional probability distributions to data and testing hypotheses about 
distributions. The physical based consideration supports in step of data screening 
to see if datasets has similar physical characteristics for homogeneous 
consideration and it later can be evident for excluding heterogeneity sites.  

Hosking and Wallis (1997) recommend to use the standard discordance 
measure of Wilks, Di, for identifying unusual sites in a region on basis of sample 
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L-moments ratios diagrams (L-CV, L-SKEW, L-KURT); a heterogeneity measure, 
for assessing whether a proposed region is homogeneous; and a goodness-of-fit 
measure, for assessing whether a candidate distribution provides an adequate fit 
to the data. Additionally several of its alternatives, denoted by RDi(.), based on 
robust estimates of the location and scatter are applied in this study to identify 
unusual sites in a region. The RFA is an iterative procedure. 

4.   Applications 

4.1.   Datasets 

Wave heights data from various locations along the Dutch Coast, North Sea was 
made available by the Dutch Ministry of Transport, Public Works and Water 
Management (RIKZ). The following information is available at the nine sites: 
station name, coordinates, time, significant wave height Hm0 (in meter). 
Second dataset is storm surge water levels at nine locations along Vietnamese 
coast, in the South China Sea. The water level data is available from 1962 to 
2001 (39 years).  

All time series data were tested for by trend, stationarity and seasonality 
analysis. After removal of seasonal periodical trends and normalization of the 
observed data we have stationary data. After that the peaks over thresholds data 
are derived. They are made identically independence by using a filter of 48 
hours. Each site contains between 20 to 70 peaks for wave data, 80 to 110 peaks 
for water level data.  

4.2.   Regional frequency analysis of the sea data 

The RFA is performed using POT datasets given above. The objective is to 
identify regional probability distributions for extrapolating the extreme high 
quantile values. For each site L-moment ratios, discordance measure and robust 
distances were calculated. The station MPN (in the wave data) and station Hon 
Dau (in the water level data) appeared as discordances according to the 
Mahalanobis distance (3D(i)=6.47 and 6.96 respectively);  

Table 1. Sites characteristics, N: Number of peaks 
Wave data along Dutch Coast Water data along Vietnamese Coast 
name of station  ACR. N D(I) name of station  ACR. N D(I) 

K13a platform  SCW 23 1.96 PhuLe NamDinh Phule 108 0.46 

Schiermonnikoog  MPN 24 2.43 VanUc ThaiBinh Vanuc 80 0.25 

Eierlandse Gat  SWB 47 1.35 DoSon HaiPhong Doson 100 2.32 

IJmuiden  LEG 33 0.9 CuaCam HaiPhong Cuacam 91 0.99 

Noordwijk meetpost  ELD 52 0.11 HonDau HaiPhong Hondau 100 1.89 
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Euro platform  EUR 67 0.45 VanLy NamDinh  Namdinh 99 1.04 

Lichteiland Goeree  K13 72 0.17 BinhMinh NinhBinh Ninhbinh 87 0.31 

Schouwenbank  SON 58 1.23 BaLat-SongHong Balat 60 0.04 

Scheurwest Wandelaar YM6 61 0.42 AnPhu HaiPhong Anphu 100 1.71 

The L-moment diagrams of given datasets are shown in Figure 1. It shows 
the unusual sites (outside the inner (1-sigma) or outer (2-sigma) ellipse) whose 
data need a closer examination; i.e. those sites whose L-moments are notably 
different from those of the other sites in the data set. 

  
Wave heights datasets Water level data 

Figure 1. L-moment diagrams of the wave heights datasets 

Site MPN and Hondau is far outside of the 2-sigma ellipse. Together with 
the rather high Mahalanobis distance, it was decided to exclude from the RFA 
site MPN of the wave data and site Hondau of the water level data. Thus the 
RFA was performed for the remaining with 8 sites for both cases. 

At the last step, five three-parameter distributions: Generalized Logistic (GL), 
Generalized Extreme Value (GEV), Generalized Pareto (GPD), Lognormal (LN3), 
Pearson type III (PEIII) were fitted to the regional data. Table 2 shows that the 
Generalized Pareto is selected as the optimal distribution function, according to the 
Hosking and Wallis (1997) goodness-of-fit measure.  

The regional frequency algorithm gives output in Figure 2 and 3. Apart from 
the parameter estimates for the GPD, also the parameter estimates for the 5-
parameter Wakeby distribution are made. The differences between GPD and 
Wakeby remain very small. It should also be noted that the differences between 
the regional and at-site estimates which can be in the order of 100 cm for the 10-

4 quantile. 
Table 2. Goodness of fit measures (based on 500 simulations) 

Wave data Water level data 
Distribution 

L-Kurt. Z Value L-Kurt. Z Value 

GEN. LOGISTIC 0.212 6.21 0.167 11.8 

GEN. EXTREME VALUE 0.178 4.23 0.108 7.53 

GEN. NORMAL 0.165 3.48 0.123 8.59 
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PEARSON TYPE III 0.141 2.1 0.122 8.56 

GEN. PARETO 0.097 -.52 * 0.002 -0.21* 

From Figure 2 and 3, after normalization, it is quite clear to notice the 
discordant behaviour of site MPN and site Hondau, accordingly. It can be seen 
that indeed the GPD gives a satisfiable regional fit. It has a curvature downwards 
in both cases, indicating that there should be some maximum credible 
normalized extreme wave height and storm surge levels. Physically this could be 
due to the fact that the limited water depth and fetch length have induced some 
sources of maximum significant wave height and the storm surge level.  

 
Figure 2. RFA of Wave Height data along Dutch coasts; the discordant site MPN with “x” 

 
Figure 3. RFA of Water Levels data along Vietnamese coasts, the discordant site Hondau with “x” 



 8 

5.   Concluding remarks 

The GPD appears to be the optimal regional fit for the POT extreme sea 
datasets. Differences between the at-site quantile estimates and the regional 
quantile estimates can be quite high (up to 1m for the extreme extrapolations of 
10.000 years). It is better to rely on the regional quantile estimates for decision 
making, as is shown in Hosking and Wallis (1997). For further investigation, it 
would be good to extend the data base with measurements from other stations in 
the neighbourhood since nowadays, due to the Internet, it is relative easy to 
obtain wave height measurement at various locations in the world.  

A convex curvature is presented in the normalised regional growth curve 
which could lead to a regional extremely limit of wave heights and storm surge 
levels. This could be physically relevant since the maximum wind-driven waves 
and surges are limited by several energy dissipated processes i.e. bottom friction 
induced wave reduction, white capping, wave breaking and wave-wave 
interactions. 

Adding more sites to the existing databases for each data type may result in 
more accurate predictions of the extreme quantiles. In that case also the 
alternative more advanced method (based on robust distances) can be used in the 
discordancy analysis of the sites.  

Uncertainty of the RFA results appears to be higher with the water level data 
of the Vietnamese coast. This could be due the fact that the data at different 
locations and in different periods comes from various authorities. More closer 
data inspection and transformation need to be done in order to get more reliable 
data for analysis.      

The regional frequency analysis in this paper deals with POT data. The 
choice of the threshold for the various sites thus strongly determines how far the 
region is homogeneous. Since the mean of the peaks generally varies over the 
region, there remains in fact only one parameter that may be constant over the 
region.  
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