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Abstract: The social impacts of extreme rainfall events are expected to intensify with climate
change, making reliable statistical analyses essential. High quantile estimation requires
substantial data; however, available records are sometimes limited. Additionally, finite
data and variability across statistical models introduce uncertainties in the final estimates.
This study addresses the uncertainty that arises when selecting parameters in Regional
Frequency Analysis (RFA) by proposing a method to objectively identify statistically homo-
geneous regions. Station coordinates, elevation, annual mean rainfall, maximum annual
rainfall, and l-skewness from 55 meteorological stations are selected to study annual maxi-
mum daily rainfall. These covariates are employed to investigate the interdependency of
the covariates in Principal Component Analysis (PCA) as a preprocessing step in cluster
analysis. Network theory, implemented through an iterative clustering process, is used in
network creation where stations are linked based on the frequency of their co-occurrence in
clusters. Communities are formed by maximizing the modularity index after creating a
network of stations. RFA is performed in the final communities using L-moment theory to
estimate regional and InSite quantiles. Quantile uncertainty is calculated through paramet-
ric bootstrapping. The application of PCA has a negligible effect on network creation in the
study area. The results show that the iterative clustering approach with network theory
ensures statistically created homogeneous regions, as demonstrated in Thessaly’s complex
terrain for regionalisation of extreme rainfall.

Keywords: regional frequency analysis; uncertainty; PCA; k-means; extreme rainfall;
network theory; modularity

1. Introduction

Climate change is expected to amplify the already big societal consequences that
extreme rainfall events have [1]. Because the infrastructure in urban environments, espe-
cially the water systems, is vulnerable, it is necessary to reliably statistically analyse these
events [2]. For high quantile estimation, a large amount of data is required but there is not
a specific agreed-upon record length. In many cases, because of negligence or even the
absence of rainfall stations historical records are scarce or unavailable [3]. Therefore the
development of a method to transfer and group information is of extreme importance [4].
The grouped statistical analysis is called regional frequency analysis and in the literature,
many different methods have been proposed [5]. An important variant of RFA is the “index
flood” method [6,7]. This method is based on the assumption that if we split the study area
into statistically homogenous regions, and the data inside the defined regions are scaled
by an index statistic (e.g., median, mean value) can be described by a common parent
distribution [8].
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Hosking and Wallis [9] proposed a unified approach, merging the index-flood tech-
nique with the L-moments, estimating quantiles and regional parameters as well as con-
structing regional statistics, and creating homogenous areas. This method has been used for
regional analysis of many different variables such as such as floods [10-12], droughts [13-15]
and extreme rainfall [16-23] and is considered to be among the most relevant and efficient
approaches [24].

The process, proposed by Hosking and Wallis [9], has the following steps. First, data
are pre-processed to address errors and inconsistencies. Homogeneous regions are then
identified to ensure that data within each region follow identical distributions. Appropriate
probability distributions are fitted to the pooled and scaled data for each homogeneous
region using L-moments. Finally, desired quantiles are calculated with the “index-flood”
method. Regional homogeneity in RFA is assessed using the heterogeneity measure Hj,.
This criterion evaluates the sample L-moment ratios of the region against those expected in
a homogeneous region. A region with H, > 2 is considered “definitely heterogenous” [9].
Despite various approaches for identifying homogeneous regions, there is no guarantee
that the resulting regions will have H,, < 2.

There is no single, universally accepted method for performing frequency analysis of
extreme precipitation events. Even within the framework established by Hosking and Wal-
lis, various procedural variants have been proposed. Treating Regional Frequency Analysis
(RFA) as a statistical model, different types of uncertainties can impact the accurate estima-
tion of high quantiles [25]. Key sources of uncertainty include data characteristics (such as
correlation, stationarity, and record length), choice of frequency distribution, parameter
estimation, and the homogeneity of the regions where data pooling occurs [26]. Creating
statistically homogeneous regions often requires station covariates. In the international
bibliography, different covariates are used, including elevation, average annual maximum
rainfall depth, and mean annual dry days. Dinpashoh et al. [27] used 57 covariate (mainly
climatological) variables in a principal component analysis of 77 weather stations. Feidas
et al. [28] studied precipitation and air temperature patterns in Greece. Using Pearson’s
correlation coefficient, they identified factors (i.e., NDVI-Normalized Difference Vegetation
Index, spatial coordinates and elevation) that most affect the spatial variability of these
weather patterns. Additionally, elevation has shown that is a suitable explanatory variable
in the design of intensity-duration-frequency curves in Thessaly region [29]. In the same
region, several studies show the importance of spatial covariates and elevation in monthly
rainfall analysis [30,31]. In the Mediterranean, the same covariates are identified for ex-
treme rainfall [23,32]. Finally, Hosking & Wallis [9], recommend using location, elevation,
and rainfall to form homogeneous regions in RFA.

A critical step in regional frequency analysis is defining homogeneous regions. Com-
monly, study areas are delineated based on climate, geographical, or topographical bound-
aries, however, this approach may not guarantee statistical homogeneity, as rainfall char-
acteristics can vary significantly within continuous areas. To improve homogeneity, al-
ternative methods are employed, including cluster analysis (CA), self-organizing maps
(SOM), regions of interest (ROI), principal component analysis (PCA), or PCA combined
with CA [5,27,33-42]. Multivariate cluster analyses have also been used to analyse the
non-stationarity of extreme precipitation with teleconnection indices [43,44]. Recent studies
in hydrology utilize complex networks and community detection, originally derived from
social network analysis, to group hydrological variables [45-50]. This method involves two
main steps: creating a network by determining links between stations using a similarity
metric and applying a community detection algorithm to group similar stations [51]. Corre-
lation [52] and mutual information (MI) [53] are commonly used as similarity metrics in the
first step. For the second step, the crucial factor is the setting of a threshold for the similarity
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metric that determines which nodes are connected in the network. Various methods exist,
including selecting thresholds based on network metrics like modularity [54,55], but further
research is needed to develop a standardized approach [50].

Multivariate analysis and clustering techniques with applications in RFA show in-
consistencies in identifying homogenous regions. Forestieri et al. [1] used PCA and the
k-means algorithm to identify homogeneous groups in Sicily, Italy, with annual maximum
precipitation data. They found potential heterogeneity in the North-Center region (1-h
duration) and the Center-South region (6-h and 12-h durations). Gall et al. [20] using
daily precipitation data in Switzerland, compared traditional RFA with their modified
clustering algorithm and found that all regions showed strong heterogeneity, especially
in the Alpine areas. Finally, Joo et al. [49] showed the potential of using network theory
in delineating homogenous regions for flood frequency analysis when compared with
multivariate clustering techniques.

Studies on defining homogeneous regions typically follow a “top-down” approach,
where all stations in the study area are grouped into regions, which are then assessed
for homogeneity; heterogenous regions undergo further adjustments, including station
exclusion. Our methodology, by contrast, adopts a “bottom-up” approach to minimize the
subjectivity of covariate selection. For this implementation, we use PCA and Non-PCA
cluster analysis to study annual daily maximum rainfall in the Thessaly region. Several
station covariates are selected based on preliminary RFA in the Thessaly area [56]. Station
coordinates, elevation, annual mean rainfall, maximum annual rainfall, and l-skewness are
proven reliable covariates in studying annual maximum extreme rainfall. These covariates
are employed in this study to investigate the interdependency of the covariates in PCA as
a preprocessing step in cluster analysis. Through an iterative clustering process using all
possible covariate combinations, we create a network where stations are linked based on
the frequency of their co-occurrence in clusters at the end of the process. Final communities
are formed by maximizing the modularity index in the station network and in these
communities; RFA is performed using L-moments theory.

2. Materials and Methods
2.1. Study Area and Data Sources

Thessaly (Figure 1) is located in central Greece and covers a total area of about
14,000 km?, 11% of the total area of the country with an average altitude of 500 m is
bordered by Pelion and the Aegean Sea to the east, Mount Olympus to the north, Pindos to
the west, and Mount Othrys to the south. The central Thessalian plain, traversed by the
Pinios River and its tributaries, lies within these mountainous boundaries. In terms of cli-
mate, Thessaly has hot, dry summers with temperatures reaching 40 °C in July and August.
Average annual rainfall in Thessaly ranges from 400 mm at low altitudes to 1850 mm in
the western mountain range. The average precipitation is 700 mm [57]. The variations in
the spatial characteristics of the region make Thessaly a valuable region for the analysis of
extreme precipitation and how it depends on various geographical variables.

For the analysis of extreme precipitation, we use the rainfall database developed in a
recent study [29] for the region of Thessaly. In this study, comprehensive quality control
procedures are applied to ensure the reliability and accuracy of the rainfall data. Further
details can be found in Iliopoulou et al. [29]. Most rainfall stations are in the western part
of the Pindos mountain range, from north to south, because this area receives the highest
rainfall. However, as we move east, the number of rain gauges decreases significantly
(Figure 1). The data used are annual 24-h rainfall maxima from 55 precipitation stations.
Table 1 presents summary statistics for the rain gauges in Thessaly, showing the minimum,
25th percentile, median, 75th percentile, and maximum values for elevation and the number
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of years of data available. The station at the lowest altitude is in Anchialos, at 15 m, while
the highest station is in Livadi, at 1179 m. The station with the shortest operating time is
Pythio (15 years), and the longest-operating station is Meteora (69 years). The intermediate
time of operation is 44 years, ranging from 1940 to 2013. Tables A1 and A2 in Appendix A
provide details on each station’s characteristics.
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Figure 1. Map of the study area in Thessaly, Greece.

Table 1. Summary statistics for the rain gauges in the region of Thessaly.

Min Qs Q5o Qs Max
Elevation (m) 15 282 688 850 1179
Number of data (years) 15 31 44 62 69

2.2. Index Flood Procedure Based on L-Moments

The L-moments, proposed by Hosking & Wallis [9] are linear combinations of the
probability-weighted moments [58] and describe the distribution probability by represent-
ing location, scale and shape just like conventional moments. Suppose we have a sample of
size n, in ascending order [X1., < Xp.; < X34 - - - < Xy:n). The L-moments are defined as:

- r—1

v T ( ) E(Xr—jr) (1)
j=0 j

The expectation of the order statistics is:

n!

(r—1!(n—r)!

The probability-weighted moments can be described as:

E(Xm) = [ e (1w @

M = Bo 3)

Ay = 2B1— Po (4)
Az = 682 —6B1 + Bo 5)
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Ay = 20B3 — 3062 + 1281 — Po (6)
Hosking & Wallis [9] also defined a “dimensionless version” of the Loments, the L-moments
ratios:
L-mean = 11 = A ()
L-cv = 5 = % (8)
A
L-skewness = 73 = -° )
A2
L-kurtosis = 74 = M (10)
Az

The advantages of the L-moments, studies [59,60] have shown that L-moments are superior
to the classical moments [61], provide more unbiased estimations [62], and can describe
better highly skewed distributions [63].

The frequency estimation of a hydrological variable can be estimated in two ways. The
first is the at-site approach, where data, collected from a single site are used; the accuracy
of this estimate depends on the quantity and quality of the data. The second approach is
the regional method, which addresses data scarcity by assuming that, within a statistically
homogeneous region, data share a common parent distribution. This allows for data
grouping across sites [61]. The procedure used in this study follows the unified method
proposed by Hosking & Wallis [9] and can be summarized in the following equation:

Qi = wiqr(F) (11)

where: Q; is the quantile function in a specific station which belongs to a statistically
homogenous region R and y; is the index variable where the data of R are scaled. In this
study, the mean of the data series is used following the studies of [1,4,11]. Finally, gr(F) is
the scaled dimensionless quantile function also called the growth curve.

2.3. Multivariate Analysis and Clustering Techniques

Multivariate analysis and clustering techniques are essential tools in hydrology and
environmental sciences for handling large datasets and extracting meaningful patterns.
In this study, two methods are used, the Principal Component Analysis (PCA) and the
k-means clustering algorithm.

PCA is widely used as a linear dimensionality reduction method and as a preprocess-
ing step to eliminate the effects of data correlation before applying methods like regression
or clustering [64]. The goal of Principal Component Analysis (PCA) is to reduce the dimen-
sionality of data, thus simplifying the problem while retaining as much of the original data
variability as possible. PCA achieves this by calculating principal components, which are
new variables formed as linear combinations of the original variables. The first principal
component (PC) captures the maximum variance in the data. The second PC, orthogonal to
the first, captures the next highest variance while remaining uncorrelated. Subsequent PCs
are computed similarly, each being orthogonal to the previous component and containing
as much of the remaining information as possible [65].

X1
LetX = | ! |, withx; = [x17,...x1, | beam x n matrix where m are the number
Xm
of variables and 7 are the samples of the variable. We want to transform the data or find a

matrix Y so that
Y = PX (12)
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In PCA, the aim is to find a new basis that the variance is maximized and at the same time
the data are uncorrelated. The variance can be expressed as:

1
o = ErrT (13)

Generalizing that expression, we have the covariance matrix:

Cx = %XXT (14)

Based on that, we need to maximize the diagonal, and minimize the off-diagonal elements
of Cy but, since the minimum value of covariance is zero, Cy needs to be a diagonal
matrix. Through eigenvector decomposition, it can be proven that if the rows of P are the
eigenvectors of XX then Cy is diagonal [66].

The k-means algorithm is a clustering method that partitions data into a predefined
number of clusters (k). Each cluster represents a group of observations with similar char-
acteristics [67]. Data clustering is of significant interest across many disciplines [68]. In
regional frequency analysis, clustering techniques started to be used more frequently [69].
The k-means algorithm partitions the data in clusters so that the variance inside each is
minimized [70,71]. The loss criterion is defined as:

K N2
Yk =1 e, (Xij = %) (15)
where: i are the data that belong to cluster Cy and K are the total clusters [72].

2.4. Network Analysis and Community Detection

A network, also referred to as a “graph” in a mathematical context, consists of vertices
(nodes) and edges (connections). The study of networks originated in graph theory, a
branch of discrete mathematics. Nowadays, network research analyses the large-scale
statistical properties of networks, facilitated by advancements in computational power and
data collection. This progress has enabled deeper insights into the structure and function of
complex networked systems [73]. Random graphs have a homogeneous edge distribution,
but in contrast, real-world networks exhibit significant inhomogeneities. This leads to an
uneven edge distribution, with some nodes densely connected in some regions and poorly
connected in the in-between regions. We refer to this distinct local and global inhomogeneity
as community structure, which reflects the organization of real networks [74]. Researchers
have used several community identification algorithms in a number of ways [75].

Modularity is a measure that quantifies the difference between the actual number
of edges within groups and the expected number in a random network [51]. In this
study the method of Optimal Modularity is used. Modularity spans from zero to one,
with values near zero representing a generally random network and values near one
suggesting a significant community structure with usual ranges between 0.3-0.7 in real case
studies. Optimizing modularity has proven effective for community detection. Methods
like simulated annealing have achieved high accuracy on test networks, outperforming
other techniques. However, due to computational demands, this approach is impractical
for large networks. Different types of heuristics, like greedy algorithms and extremal
optimization, can help find optimal solutions [55,76,77].

Newman studied this network property [55,77,78] proposing the modularity index
Q, which shows the proportion of edges in the network studied versus the edges that are
placed randomly.

2m

1 kik;
Q = (Aij - 2m]>5(ci, C]) (16)
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with m the number of edges, k; and k; are the degrees of the vertices, A;; the adjacency
matrix and J the Kroenecker delta function. Equation (16) can be reduced to [79]:

no Lo (k)
Q = Zc_lli—v(m) ] 7)

where: ¢ being all the communities, m is the number of edges, L. is the number of intra-
community links, k. is the sum of degrees of the nodes, and % is the resolution parameter.
The modularity maximization can be transformed into an integer programming problem.
Specifically, given a graph G = (V,E) with n : |V| nodes, we have n? decision variables
Xuo € {0,1}. The objective function of modularity then becomes:

1 o o
m Zu,vEVZ (E“U - % >Xuv (18)

2.5. Regional Frequency Analysis
2.5.1. Heterogeneity Measures

Hosking and Wallis proposed a heterogeneity measure based on the fact that a sta-
tistically homogenous region “have the same population L-moments ratios” [9]. The
heterogeneity measure is calculated as

H; = Vi;” (19)
P SUIGELRE (20)
b ZzNzlni

N (R ()Y

Vo = n (21)
igl Z AR
1
N iRV (iR 2
Vi3 = Z ni[(?’ 3)2N (2 i) (22)
i=1 i=1"

where: y, o are the mean value and standard deviation of the simulated values of V;, and
t, £, ) the sample L-moment ratios and X, 5, tK the regional average. In our study the H;
measure is used because of its good performance and the lack of power of the other two
Hj and Hj [80]. The region is considered “acceptably homogeneous” if Hy <1, “possibly
heterogeneous” if 1 < Hj < 2 or “definitely heterogeneous” if H; > 2 [9].

2.5.2. Selection of the Appropriate Probability Distribution

Choosing an appropriate parent distribution for a homogenous region is not an easy
task. Due to spatial and temporal variabilities of rainfall maxima, there is no general
agreement on which distribution is the best with different studies using different probability
models [81]. Comparative studies in Canada [81,82] used the Generalized Logistic (GLO),
Generalized Extreme Value (GEV), Generalized Normal (GNO), Pearson Type III (PE3),
Generalized Pareto (GPA). Studies in Arizona and France and the UK [17,83,84] selected the
GEV distribution while in Japan the best distributions are found to be the PE3 and LP (Log-
Pearson) [85]. These examples show the importance of testing the suitability of a multitude
of distributions. In this current study we will test the following distributions: Normal,
Log-Normal, Generalized Extreme Value (GEV), Pearson Type III (PE3), Generalized Pareto
(GP), and General Logistic (GLO).
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The selection of the “best” distribution can be done by either graphical methods or
goodness-of-fit test [86]. A well known graphical method is the L-moment ratio diagrams [9,63]
where the L-kurtosis and the L-skewness are plotted. The subjectivity of the graphical
methods, although, makes the goodness of fit tests such as the chi-squared test, Kolmogorov—
Smirnov (KS) test, and the Anderson—Darling (AD) test, preferable [87]. Comparing the
above three, the AD test is being used in this study because of its high qualities in hydro-
logical probability model selection and its ease of use [88].

2.5.3. Uncertainty Analysis

A key advantage of Regional Frequency Analysis (RFA) is that data pooling reduces
sampling variability, thus decreasing the uncertainty in higher quantiles. This uncertainty
can be quantified by calculating confidence intervals (CIs). To estimate ClIs across various
return periods, the bootstrap method can be applied. Bootstrapping is classified as para-
metric if new samples are generated using a fitted distribution, or non-parametric if based
on resampling the original data. In this study, parametric bootstrapping was chosen due
to its reliability for high quantiles [89]. The parametric bootstrap procedure used follows
these steps [4]:

Fit an appropriate distribution to the original data using the L-moments method.
Generate a sample of equal size from the fitted distribution.

Refit the distribution to the generated sample and calculate the desired quantiles.
Repeat this process multiple times (N = 10,000 in this study).

SAER I

Determine the 5-95% CIs for the target quantiles.

2.6. Methodology Application

Our method is divided into two different variants depending on whether we use
the PCA method or not (Figure 2). Starting with the first step and using six station
covariates (annual mean rainfall, longitude, latitude, elevation, mean maximum annual
precipitation and l-skewness) we create every possible combination taking two to five at a
time (56 different combinations). Next, with each of the covariate combinations, we apply
the PCA method and choose the appropriate number of principal components that explain
at minimum 90% of the total variance. In the next step, we take the rotations from the PCA
variant and the scaled covariates from the non-PCA variant and we form clusters with the
k-means. For every different input in the k means algorithm, we choose from two to seven
different clusters. At this point, we have 280 different cluster formations in our region (in
the PCA and in the non-PCA variants). After that, for every different number of clusters
we form station networks. The connections are created so that the two stations are in the
same cluster 50 out of the 56 times. The number is set arbitrarily by us so that with high
confidence and independently of the covariates and the number of them the two stations
will be in the same cluster. Next, using the igraph package v. 2.1.2 [90] in R programming
language, we form communities maximizing the modularity measure. The communities
formed are going to be the regions that will be tested with the heterogeneity measure and
after that, the appropriate ones are going to be used for the regional frequency analysis.
First, the best distribution is chosen with the Anderson-Darling goodness of fit tests and
after that the distribution is fitted with L-moments [9]. Next the regional (with the index
flood equation) and the InSite quantiles are estimated. Finally, the quantile uncertainty is
quantified with parametric bootstrap.
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3. Results
3.1. Multivariate Analysis and Clustering Results

As outlined in the introduction, our method has two variants based on the use of
PCA. First, we generate all combinations of two to five station covariates (out of the six
total: annual mean rainfall, longitude, latitude, elevation, mean annual maximum daily
precipitation, and I-skewness), yielding 56 unique combinations. For each combination, we
apply PCA and select the number of principal components that capture at least 90% of the
variance. We then use the PCA rotations (PCA variant) or scaled covariates (non-PCA vari-
ant) as inputs to form two-to-seven clusters using the k-means algorithm. Station networks
are subsequently constructed using at least two rainfall stations, linking stations that are
in the same cluster at least 50 out of the 56 maximum combinations, and communities are
identified by optimizing the modularity index. Tables 2 and 3 show the H; heterogeneity
measure for each community. Rainfall stations that fail to satisfy the necessary membership
condition are excluded from the subsequent analysis.

Table 2. Communities formed using PCA for different k values used in the k-mean algorithm,
evaluated with the Hy heterogeneity measure.

PCA Variant
C1 Cc2 C3 C4 C5 Ceo Cc7 CS8 Cco9

1.089 0.067 2579 1926 0.389 1.118

0.438 2.846 2.055 1.027 0.158 0.543 0.928

1.621  —1.047 0318 1.748 —0.757 1.037 0.158 0.615 1.106
0797 —0.113 2157  0.264 0.846 0.829 0.881 1.234
2.021 —0.040 6.074  1.047

1.981 0.334 0999  0.968 0.619 1.170

~~~~rRr R R
I
NN Ok W




Water 2025, 17, 38

10 of 25

Table 3. Communities formed using non PCA for different k value used in the k-mean algorithm,
evaluated with the H1 heterogeneity measure.

Non PCA Variant
C1 Cc2 C3 C4 C5 Ce6 Cc7 C8 Cc9
k=2 0.847 2.660 1.930 0.278 0.561 1.065
k=3 0.442 3.142 1.915 0.867 0.120 0.601 6.071 1.075
k=4 1.634 3.756 1.980 1.015 —0.820 —0.186 0.859 0.882
k=5 0.788 —0.463 1.893 —0.285 0.270 0.919 0.870 1.011
k=6 0.427 2.138 —0.815 0.283 1.131 1.560
k=7 2.071 0.241 0.870 0.920 0.699 0.897

In Table 2, each row represents the communities formed at different cluster (k) levels,
indicating that the composition of Community 3, for instance, varies across values of k. Our
focus is thus on understanding the heterogeneity and structure of each unique community
set within each k level. At k = 2, heterogeneity ranges widely, with Community 3 having
the highest score (2.579) and Community 2 has the lowest (0.067). Communities 1, 4, 5, and
6 have intermediate values of 1.089, 1.926, 0.389, and 1.118, respectively. Community 4
has the most stations (13), while communities 5 and 6 each have only 2 stations. Atk =3,
Community 2 has the highest score (2.846), followed by communities 3 (2.055) and 4 (1.027),
with Community 5 scoring lowest (0.158). Community 3 has the most stations (11), while
Community 6 has only 2. At k = 4, Community 1 has the highest heterogeneity (1.621),
whereas communities 2 and 5 show negative values (—1.047 and —0.757). Community
1 has the highest station count (7), while communities 8 and 9 have just 2 stations each.
For k = 5, 6, and 7, community properties remain relatively consistent, with station counts
varying between 2 and 3, except for Community 2 at k = 6, which includes 5 stations. At
k =5, Community 3 has the highest heterogeneity (2.157), while Community 2 scores near
zero (—0.113). At k = 6, Community 3 exhibits significant heterogeneity (6.074), while
Community 2 is near zero (—0.040). At k =7, Community 1 has the highest score (1.981),
and Community 2 the lowest (0.334). Overall, the heterogeneity measure (H1) remains
under 2 across most communities, suggesting acceptable homogeneity. The highest score
(6.074) is seen in Community 3 at k = 6. Notably, the number of communities does not
directly correspond to the number of clusters, with k = 4 showing a total of 9 communities.
In contrast, as k increases, the total station count decreases, with 36 stations at k = 2.

In Table 3 we observe similar results with the non-PCA variants. At k =2, Community
2 has the biggest value (2.660), while Community 4 has the smallest (0.278). Community 3
and Community 5 have moderate values of 1.93 and 0.561, respectively. Community 1 (14)
and Community 3 (13) have the largest number of stations. At k = 3, Community 7 has the
highest values, followed by Community 2, at 3.142. Community 5 has the smallest value of
0.120, and Community 3 has the biggest number of stations (11).At k = 4, Community 2
shows a high value of 3.756, while Community 5 has the smallest negative value (—0.820).
Just as in the PCA variant, in the non-PCA variant for k = 5, 6, 7, the number of stations is
2-3. For k = 5, the highest value is 1.893, seen in Community 3. At k = 6, Community 2
shows the top value of 2.138. Lastly, at k = 7, the highest value is 2.071 in Community 1.

Both methods effectively form homogeneous station groups, with nearly identical
communities created by both approaches. Table 4 lists the rain gauges and their commu-
nity assignments for k = 2. In the PCA variant, Communities 1 (Anavra, Agchialos,
Makryraxh, Zileuto, Farsala, Mgoula, Skopia, Trilofo) and 2 (Myra, Farkadona, Elassona,
Larisa, Tyrnavos, Karditsa, Soterio, Zappeio) merge to form Community 1 in the non-PCA
variant, excluding two stations (Trilofo and Makryraxh), which belong to Community 5. In
Figure 3 we see how the non-PCA communities are distributed in the study region. Since
unified Community 1 offers a longer pooled record, we will use the first three communities
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from the non-PCA variant for the RFA method. This choice, as noted in the previous

sections, enhances the reliability of high-quantile estimation.

Table 4. Rainfall station names and their total number in parentheses that form each Community for
the PCA and Non PCA variants and k = 2.

PCA Communities

Station Names

Non PCA Communities

Anavra, Agchialos, Makryraxh, Zileyto, Farsala,

C1(8) Magoyla, Skopia, Trilofo Anavra, Agchialos, Zileyto, Farsala, Magoyla,
Mvra. Farkadona. Elassona. Larisa. Tvrnavos C1(14) Skopia, Myra, Farkadona, Elassona, Larisa,
yra, , , Larisa, Tyrnavos, T , Karditsa, Swthrio, Z i
2 Karditsa, Swthrio, Zappeio yInavos, Ratdiisa, SWIto, £appeio
ElatiDEH, Agiofyllo, . . . . .
C3(7) KipourgioKoniskos, Megalh_kerasia, Meteora, C2(7) ElatiDEH, Ag1ofyuo, Kipourgio, Komg kos,
Pyloroi Megalh_kerasia, Meteora, Pyloroi
Drakotrypa, Amarantos, FragmaPlastira, Neoxori, Drakotrypa, Amarantos, FragmaPlastira, Neoxori,
C4(13) Tymfristos, Argithea, ElatiYPEKA, Paleioxori, C3313) Tymfristos, Argithea, ElatiYPEKA, Paleioxori,
Chrysomilia, Moloha, Stoyrnaraiika, Vrontero, Chrysomilia, Moloha, Stoyrnaraiika, Vrontero,
Malakasio Malakasio
C5(2) LivadiYPGE, LivadiYPEKA C4(2) LivadiYPGE, LivadiYPEKA
C5(22 Trilofo, Mak: h
C6() Redina, Pitsiota @) Troto, Maxtytax
C6(2) Redina, Pitsiota
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Figure 3. Map of study region with the communities that are formed with the PCA and Non PCA
variant.

3.2. Distribution Fitting

In this section, the results from the Anderson-Darling (AD) goodness of fit tests for the
communities chosen are presented (Table 5). The results have been created with the NsRFA
v. 0.7-17 [91] package in R. As stated in the documentation of the package, the P(A2) is
one minus the p-value that the tests usually statistics use, meaning P(A2) is the probability
of obtaining an AD score A2 smaller than the one observed. In the next paragraphs we
will refer to this value as P. In the first community, the Log-Normal, Normal, P3 and
GP distributions, their P score show strong evidence against the null hypothesis. The
GEV distribution has a high P score and we cannot reject the null hypothesis. For this
community, we will choose the GLO distribution since it has the lowest P score. For the
second community the distributions Normal, GP and GLO with P scores 1, 1 and 0.95 are
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rejected for a level of 5%. For the distributions LN, GEV and P3 with P scores 0.41, 0.38,
0.37 we do not have enough evidence to reject the null hypothesis. In this community,
even though the P3 distribution has a marginally better P score we are choosing the GEV
distribution. The reason of this decision comes from the fact that according to classical
extreme value theory [92], the GEV distribution has more solid theoretical foundation in
describing block-maxima extreme random variables [81]. For the third community, the
AD rejects all the distributions accept the GLO with P score of 0.91 where we cannot reject
at significance level of 5%. The L-moment ratio diagram (Figure 4) validates the results
from the AD test, and in Table 6, the parameters of the fitted distributions with L-moments
are presented.

Table 5. Results from the AD goodness of fit test in the communities of the Non PCA variant.

AD Test Normal Log-Normal Generalized Extreme Value P3 Generalized Pareto GLO
Cc1 A2 29.04 1.58 0.48 25.86 44.86 0.14
P(A2) 0.98 0.86 1 1 0.03
Co A2 3.08 0.23 0.22 0.26 12.19 0.59
P(A2) 1 0.41 0.38 0.37 1 0.95
C3 A2 3.88 0.68 0.74 0.88 21.36 0.51
P(A2) 1 0.98 0.99 0.99 1 0.91
ﬂ‘. — 7. //’
o | e GLO ,7-/ ol
--- GEV S Anra
™
g
~N
g
5
X
4
g —
g O E
o e
I I e e + v G
o Community 1 X L
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Figure 4. L-moment ratio diagram for the communities of the Non PCA variant.

Table 6. Distribution parameters for the Non-PCA variant communities calculated with the L-moments.

Xi Alpha Kappa
C1-GLO 0.882 0.216 —0.296
C2-GEV 0.845 0.286 0.040
C3-GLO 0.967 0.168 —0.115

In Figures 5-7, regional cumulative distribution functions (CDFs) are shown alongside
their InSite counterparts. In the InSite methodology, the same distribution is fitted to each
station, consistent with the distribution selected for the pooled data of the Community to
which each station belongs. The grey band represents the 5-95% confidence interval for
the community’s average CDF, calculated by multiplying the growth curve by the mean
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of all records within the community. In Community 1, most regional and InSite CDFs fall

within this confidence interval, while in the other two communities, quantile estimates
across stations are more dispersed.
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Figure 5. Regional and InSite CDF’s for the Community 1 formed with the Non-PCA variant.
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Figure 6. Regional and InSite CDF’s for the Community 3 formed with the Non-PCA variant.
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Figure 7. Regional and InSite CDF’s for the Community 2 formed with the Non-PCA variant.

3.3. Quantile Estimation and Confidence Intervals

A deeper understanding of the previous figures can be gained by analyzing Figure 8,
specifically for Community 1. This figure shows probability plots that compare two
estimation methods, InSite and RFA, by displaying their distributions. The first notable
observation is that both methods show an increase in values with higher quantiles, although
the rate of increase differs. For instance, at the Zileyto and Magoula stations, the RFA
curve rises more rapidly than the InSite curve, while the opposite occurs at the Swtirio and
Larisa stations. The gray band in the figure represents the 5-95% confidence interval (CI),
calculated using the parametric bootstrap method. It is important to note that, with both
the RFA and InSite methods, we are working with finite data, meaning that the true parent
distribution and true quantile values are unknown [93].

Furthermore, Figure 8 shows that some InSite quantiles fall within the RFA confidence
intervals, while others do not. Due to sampling variability in both methods, comparing them
requires evaluating their confidence intervals and specific quantile estimates. This study uses
the T = 100 return period, commonly applied in hydrological infrastructure design.

In Figure 9 is presented the 5-95% confidence intervals calculated with the parametric
bootstrap method for the RFA and InSite methodologies together with their estimation. In
Table 7, some summary statistics are presented for the CI ranges and the Absolut error of
estimation between the two methodologies.

Starting with InSite method, Community 1 has the highest average CI range at 122.46,
compared to Communities 2 (45.63) and 3 (73.59). Community 1 also has the largest
maximum range (223.98) in Tyrnavos station, followed by Community 3 (138.97) in Elati
station and Community 2 (87.83) in Kokiniskos station. The minimum range in the InSite
method is in Community 2 (16.96). For RFA method, Community 1 again appears to have
the highest average range at 57.14, followed by Community 3 (25.41) and Community 2
(19.37). The maximum RFA CI range value in Community 1 (76.43) is also higher than in
Community 3 (31.84) and Community 2 (23.70), respectively.
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Figure 9. Diagram with the 5-95% CI’s of the RFA and InSite methodology together with their
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Table 7. Summary characteristics of the RFA and InSite results for T = 100 years.
InSite RFA
Communities 5-95% 5-95% %]f)%osltlil :r?a];:;;gr
CI Range CI Range

Mean 122.46 57.14 32.17

C1 Max 223.98 76.43 75.03

Min 39.34 44.42 2.00

Mean 45.63 19.37 15.84

C2 Max 87.83 23.70 56.39

Min 16.96 12.60 0.96

Mean 73.59 25.41 21.87

C3 Max 138.97 31.84 50.61

Min 30.23 19.98 0.28

Turning to Absolute Error of Estimation, the results show Community 1 has the highest
mean absolute error at 32.17, followed by Community 3 at 21.87 and with Community 2
having the lowest at 15.42. Similarly, the maximum (75.03) absolute error appears also
in Community 1 in Swthrio station. In contrast, both Community 2 and Community 3
show minimum error values of around 0, implying cases with very accurate estimations.
Community 1’s minimum error, at 2.00, suggests that even at its most accurate, some error
remains. Finally we observe that the in all communities the Insite CI ranges are bigger that
their RFA counterparts which is something we expect since we have a bigger number of
data in the second method. Also, in all the communities there are stations that their inside
estimation for T = 100 years don't fall inside the RFA CI’s. Specifically, in Community 1
and 3 we have six stations and in Community 2 we have 3 stations. Overall, Community
1 appears to have the biggest sampling variability, with the highest values for InSite and
RFA confidence intervals and estimation errors while Community 2, shows relatively low
values for InSite and RFA, with narrow confidence intervals and the smallest absolute error.

4. Discussion

Extreme rainfall events are defined as occurrences over a specific period (annual,
seasonal, or daily) where rainfall significantly exceeds the average for a given location.
Understanding the probability of such events is crucial. These events are influenced
by regional topography and dynamic factors [94]. Identifying homogeneous zones and
clustering hydrometeorological variables are essential for studying extreme events [95].

Several studies incorporated PCA to study extreme rainfall [27,96-98]. For example,
studies in Switzerland [20], Southeast Australia [99] and Italy [1] employed PCA com-
bined with k-means to analyse extreme rainfall, reporting mixed success in identifying
homogeneous regions. The challenges of achieving statistical homogeneity in RFA have
been examined in the international literature. Hosking and Wallis’s seminal work on
L-moments established a unified framework for RFA but relied heavily on predefined
regional boundaries, which can introduce bias in heterogeneous landscapes [9]. Despite
various approaches for identifying homogeneous regions, there is no guarantee that the
resulting regions will be homogeneous [1,20,27,99-102]. For example, Pansera et al. [100],
using monthly rainfall data from Parand, Brazil, applied different clustering methods and
found that, with their hierarchical algorithm, two of the six regions had heterogeneity
measure H; = 4.10 & H; = 5.39. Similarly, Jingyi and Hall [101] clustered 86 stations
in southeastern China and found that one region had H; = 2.71. Dinpashoh et al. [27]
divided Iran into six regions, one of which had H; = 5.19. Other studies, such as those
by Forestieri et al. [1] and Gall et al. [20], report similar findings. Furthermore, a recent
study from the authors in Thessaly area found that hydrological regions in Thessaly are het-
erogeneous when k-means clustering algorithms are combined with RFA (as proposed by
Hosking and Wallis [9]) to analyse daily extreme rainfall [56]. In contrast, our method’s it-
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erative clustering approach with network theory ensures statistically created homogeneous
regions, as demonstrated in Thessaly’s complex terrain. Similar findings have been found
in network theory application for delineation of homogenous regions in flood frequency
analysis [49].

In the classical RFA method, the delineation of the area into homogenous regions
is done by first selecting several appropriate variables. This choice is done a priori or
by applying a preprocessing step, that analyses the significance of these variables. In
the two-step network analysis, two main factors are considered, the similarity measure
and the construction of the network. Our method tackles the subjectivity of the covariate
selection by creating all possible clusters. Next, by combining all clusters and selecting the
connections (edges) that appear in at least 50 out of the 56 possible covariate combinations
(~=95% of occurrences) we create a similarity threshold measure. The two variants of our
method (PCA and Non-PCA) are used to identify if PCA affects the network structure. PCA
and Non-PCA network structure is presented in Figure 10 where similar spatial patterns are
observed. This result is also verified by the modularity score, whereas PCA network and
Non-PCA achieve modularity scores of 0.674 and 0.624, respectively. These results show
that the homogenous regions in an RFA context also show strong community structure if a
rainfall network is formed when the subjectivity of the covariates is removed. However,
it should be noted that application of the method in other climatic areas could help to
generalise the results of our study.

a b

Non PCA variant PCA variant

— Network (Non PCA variant) —— Network (PCA variant)
¢ Rainfall stations * Rainfall stations
[ Region of Thessaly, Greece [ Region of Thessaly, Greece

Figure 10. (a) PCA and (b) Non-PCA network structure.

To understand implications of our findings, we compared the results from the our
RFA method with the Greek national IDF curves [103] which are shown in Figure 11. In
Community 1, both the RFA and IDF values are generally centered around 150 mm, with
no clear trend observed. However, in Communities 2 and 3, the IDF values consistently
overestimate rainfall, with Community 3 showing the largest overestimations. Additionally,
positive trends are evident in the InSite estimations. These results highlight the limitations
of relying solely on national IDF curves, which may not capture local rainfall variability
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accurately. Region-specific analyses, as demonstrated by our method, are crucial for
improving design standards and risk assessments.
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Figure 11. Comparison between RFA and national IDF curve estimates for the T = 100 years quantile.

This study’s implications extend beyond Thessaly. The methodology can be applied
to regions with similar data limitations or complex hydrological conditions. Integrating
climate model projections into the clustering framework could further enhance its predictive
capabilities. Future research could explore incorporating hydrological covariates, such
as land-use changes or soil moisture indices, to refine homogeneous region definitions.
Moreover, the scalability of the proposed approach allows for its adaptation to global
hydrological challenges, including flood and drought frequency analyses. By addressing
the uncertainties inherent in RFA, this study provides a robust framework for advancing
water resource management and climate adaptation strategies on a broader scale.

5. Conclusions

This paper addresses the uncertainty associated with parameter selection in applying
regional frequency analysis (RFA). Our methodology employs a “bottom-up” approach to
reduce the subjectivity involved in covariate selection. By utilizing an iterative clustering
process that considers all potential combinations of covariates, we establish a network in
which stations are connected based on how frequently they co-occur in clusters throughout
the process. Specifically, we propose a method to streamline decision-making when identi-
fying statistically homogeneous regions, with two variants: one incorporating Principal
Component Analysis (PCA) and the other without PCA. Starting with six station covariates
(i.e., annual mean rainfall, longitude, latitude, elevation, mean maximum annual precipi-
tation, and L-skewness) we generate all possible combinations of two to five covariates,
totalling 56 combinations. For each, we apply PCA, selecting principal components that
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explain at least 90% of the variance. Next, we use either PCA rotations (for the PCA
variant) or scaled covariates (for the non-PCA variant) as inputs to cluster data with the
k-means algorithm, testing two to seven clusters per input. Using the igraph package
in R, we form communities by maximizing the modularity index, identifying regions to
assess for heterogeneity. After defining communities, we identify the best-fit distribu-
tion via the Anderson-Darling goodness-of-fit test, fit distributions using L-moments,
and estimate both regional and InSite quantiles. Quantile uncertainty is calculated using
parametric bootstrapping.

Our study area, Thessaly, includes annual maximum daily precipitation data from
55 rain gauges uniform distributed across the region. Results show that each variant of
our method creates similar communities with the communities from k = 2 in k-means
algorithm to be used in, further in our study. The AD test shows that the best distributions
are the GEV, P3, and GLO. The estimation analysis for T = 100 years quantile between RFA
and Insite shows that the Community 1 generally has the highest values, and the greatest
variability compared to the Community 2 that exhibits the lowest and smallest values
for all metrics, with tight confidence intervals and minimal estimation error. Community
3 falls between the other two with relative moderate values and variability. Finally, the
estimates that come from the national IDF’s are explored. The results show, for Community
one, a mix of overestimation and underestimation between IDF and RFA. In the other
communities, we have a constant overestimation of the IDF values with positive trends
to appear.

The proposed methodology could help the decision-making process for identifying
homogeneous regions in extreme precipitation studies. It highlights the utility of cluster-
ing techniques combined with PCA in enhancing the robustness of covariate selection,
ultimately leading to improved estimation of extreme precipitation quantiles under uncer-
tainty. This approach is particularly useful for data scarce regions like Thessaly. Overall,
this research contributes significantly to the field by providing a structured framework for
dealing with parameter uncertainty in extreme precipitation modelling, emphasizing the
importance of robust statistical methods in regional frequency analyses.
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Appendix A

Table A1. Station characteristics.

Mean of
Name Y Z I\I;[ree?:lil I?tl;ﬂg;l Maximun Annual Lca
P Daily Rainfall

Agchialos 396,203.00 4,341,105.00 15.00 501.72 55.31 0.24

Agiofyllo 291,669.00 4,415,392.00 600.00 790.78 59.40 0.15

Agrelia 322,649.00 4,397,952.00 700.00 548.35 48.60 0.14
Amarantos 315,620.00 4,342,587.00 800.00 1159.08 86.97 —0.02

Anavra 372,326.70 4,327,101.00 208.00 735.11 73.81 0.21

Argithea 288,679.00 4,358,079.00 992.00 1649.70 80.02 0.12

Chrysomilia 285,140.00 4,385,948.00 940.00 1238.19 95.38 0.02
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Table Al. Cont.
Mean of
Name X Y Z 1},/[1,?3 ?tl;?igil Maximun Annual Lca
P Daily Rainfall
Drakotrypa 293,185.00 4,365,363.00 680.00 1336.82 81.95 0.24
Elassona 344,494.00 4,417,838.00 314.00 538.81 59.04 041
ElatiDEH 313,872.20 4,427,213.00 663.60 734.38 65.96 0.14
ElatiYPEKA 287,748.00 4,376,618.00 900.00 1630.37 99.38 0.24
Farkadona 333,800.00 4,384,747.00 87.00 548.58 55.74 0.24
Farsala 359,598.90 4,350,003.00 250.00 627.10 62.56 0.19
FragmaPlastira 304,154.00 4,344,717.00 850.00 1241.14 84.85 0.00
iannota 333,296.00 4,427,329.00 500.00 583.38 57.70 0.20
Kallipeyki 368,844.00 4,424,784.00 1050.00 710.89 97.11 0.45
Karditsa 321,757.00 4,359,103.00 103.00 607.73 62.90 0.36
Karpero 296,204.00 4,424,125.00 504.40 638.67 45.50 0.25
Kipourgio 274,279.30 4,425,745.00 828.20 916.37 49.46 0.07
Koniskos 311,401.00 4,405,624.00 860.00 800.00 62.84 0.23
Kryovrisi 357,491.00 4,426,838.00 1030.00 679.91 59.75 0.33
Larisa 368,210.00 4,387,785.00 79.00 414.67 48.11 0.38
Liopraso 314,719.40 4,393,282.00 688.00 713.12 60.87 0.03
LivadiYPEKA 342,182.00 4,443,797.00 1179.00 718.00 64.14 0.17
LivadiYPGE 342,182.00 4,443,797.00 1179.00 718.49 62.70 0.29
Loutsopigh 331,211.00 4,331,131.00 730.00 916.89 72.95 0.28
Magoyla 343,054.60 4,343,956.00 170.00 581.52 51.10 0.14
Makrinitsa 412,260.00 4,361,258.00 690.00 836.88 103.59 0.16
Makryraxh 340,690.60 4,327,788.00 602.90 777.98 60.35 0.18
Malakasio 267,150.00 4,406,840.00 842.00 1209.57 67.39 0.08
Megalh_kerasia 285,604.00 4,402,599.00 500.00 889.16 67.71 0.10
Meteora 296,980.00 4,400,438.00 596.00 809.63 69.17 0.19
Moloha 315,446.00 4,335,188.00 790.00 1092.66 89.76 0.13
Moyzaki 298,972.00 4,367,063.00 226.00 1128.61 64.78 —-0.07
Myra 375,034.00 4,367,317.00 320.00 535.48 55.65 0.19
Neoxori 314,969.00 4,314,839.00 800.00 1100.05 80.68 0.13
Paleioxori 278,037.00 4,388,000.00 1050.00 1166.62 88.84 0.14
Pitsiota 317,985.00 4,320,322.00 800.00 1287.63 61.45 0.30
Pyloroi 299,745.90 4,439,832.00 715.10 793.03 40.12 0.13
Pyrgetos 380,116.00 4,417,196.00 31.00 797.63 81.07 0.04
Pythio 349,135.00 4,436,253.00 750.00 648.67 60.42 0.39
Raxhoyla 315,664.00 4,344,437.00 330.00 1122.11 72.34 —0.09
Redina 325,324.00 4,325,708.00 903.00 1253.70 66.23 0.31
Skopia 367,299.00 4,334,140.00 450.00 547.24 57.29 0.27
Sphlia 384,223.00 4,406,031.00 813.00 848.79 103.41 0.20
Stoyrnaraiika 283,294.00 4,371,187.00 860.00 1849.46 113.00 0.18
Swthrio 389,455.00 4,372,649.00 54.00 409.02 63.07 0.36
Trikala 307,901.00 4,379,795.00 114.00 697.73 54.79 0.04
Trilofo 345,367.00 4,317,887.00 580.00 632.52 52.54 0.08
Tymfristos 319,174.00 4,309,189.00 850.00 1005.41 67.24 0.02
Tyrnavos 352,688.00 4,399,169.00 92.00 528.02 60.86 0.48
Verdikoysa 327,102.00 4,405,255.00 863.00 799.62 66.72 0.10
Vrontero 286,305.10 4,375,195.00 853.00 1542.36 111.90 0.15
Zappeio 366,461.00 4,369,310.00 170.00 499.96 57.03 0.32
Zileyto 349,557.00 4,310,404.00 120.00 712.53 50.28 0.14
Table A2. Statistical properties of annual maximum of daily precipitation.

Name Min 1st Qu Median 3rd Qu Max

Agchialos 21.13 34.64 47.07 70.37 159.78

Agiofyllo 24.30 44.89 54.41 72.01 108.48
Agrelia 15.82 27.12 45.20 64.98 92.66

Amarantos 37.29 66.67 91.19 100.23 141.25

Anavra 25.61 51.87 67.80 83.62 180.80

Argithea 16.05 57.18 82.15 94.13 183.51

Chrysomilia 41.06 75.77 100.57 108.48 176.85

Drakotrypa 27.12 63.51 74.58 91.53 165.54

Elassona 20.57 35.29 47.97 69.42 279.11

ElatiDEH 27.70 47.05 68.60 73.95 128.10

ElatiYPEKA 47.00 73.50 91.85 111.50 312.50

Farkadona 24.86 40.68 49.15 66.28 127.69
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Table A2. Cont.

Name Min 1st Qu Median 3rd Qu Max
Farsala 32.88 45.85 57.63 76.92 107.35
FragmaPlastira 37.29 73.45 85.32 96.90 124.30
iannota 22.94 45.85 54.52 64.52 102.83
Kallipeyki 36.65 66.66 76.74 112.69 329.44
Karditsa 13.45 41.98 54.81 71.76 298.32
Karpero 20.90 31.60 40.15 56.93 90.50
Kipourgio 30.00 38.50 47.75 58.08 81.50
Koniskos 26.44 40.23 53.68 78.82 118.65
Kryovrisi 37.52 46.90 52.55 67.91 124.30
Larisa 16.16 29.02 39.33 5291 159.44
Liopraso 14.24 48.87 63.28 69.44 116.39
LivadiYPEKA 21.81 44.52 61.02 75.99 175.15
LivadiYPGE 40.23 48.31 55.94 73.45 102.83
Loutsopigh 25.69 42.07 62.32 90.30 178.77
Magoyla 27.35 40.68 47.18 62.61 81.36
Makrinitsa 33.33 70.17 98.31 127.86 220.35
Makryraxh 27.91 45.34 57.18 69.89 122.04
Malakasio 29.15 51.87 66.56 81.14 139.78
Megalh_kerasia 30.96 51.64 68.14 82.61 113.45
eteora 30.85 54.13 64.97 81.36 163.85
Moloha 35.60 73.56 83.62 105.99 186.45
Moyzaki 17.48 39.84 70.63 88.65 114.02
Myra 21.47 40.82 51.42 68.08 110.18
Neoxori 49.20 62.60 80.20 94.80 135.50
Paleioxori 51.08 67.80 84.75 105.20 142.38
Pitsiota 42.00 51.20 57.80 66.40 124.60
Pyloroi 21.00 32.35 37.00 49.30 70.00
Pyrgetos 20.11 54.72 85.20 99.04 156.51
Pythio 29.04 37.86 50.85 74.02 155.94
Raxhoyla 43.39 65.99 74.13 77.52 95.37
Redina 30.85 51.14 60.68 71.81 216.73
Skopia 20.34 40.12 51.08 63.38 124.30
Sphlia 36.84 7441 98.54 118.31 300.24
Stoyrnaraiika 67.91 91.73 110.18 127.86 276.29
Swthrio 20.79 36.16 50.28 75.03 203.40
Trikala 13.33 4421 52.94 66.27 129.05
Trilofo 19.21 39.33 51.64 62.15 110.74
Tymfristos 13.56 53.09 67.35 81.70 133.11
Tyrnavos 28.48 42.38 51.30 65.54 292.22
Verdikoysa 22.94 49.89 63.73 81.93 123.06
Vrontero 68.93 89.02 103.06 136.17 178.54
Zappeio 23.73 43.40 51.42 62.77 169.50
Zileyto 10.62 37.26 47.86 57.97 113.00
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