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ABSTRACT 

The understanding and modelling of hydrological extremes is a classic endeavor in 
hydrology and engineering, one which has received renewed interest during the past 
decades under climate change theory. Long before concerns regarding intensification 
of extremes became prominent, their inherent variability and uncertainty sufficed to 
make their understanding and modelling challenging. Stochastics, integrating 
probability, statistics, and the theory of stochastic processes, offer a uniquely 
appropriate and consistent framewor k to deal with the uncertain nature of extremes. 
While the marginal properties of extremes have been extensively studied in the 
literature, the same does not hold for their temporal properties, since extremes are 
traditionally treated as temporally indepen dent. As a consequence, their temporal 
behaviours have been either largely overlooked, or approached via deterministic 
reasoning. Yet, there are both empirical and theoretical grounds that question the 
independence assumption, namely the fact that hydrolog ical extremes originate from  
natural processes characterized by marked dependence at various scales.  

This Thesis aims to stochastically investigate and model the temporal variability and 
dependence of hydrological extremes from seasonal to climatic scales. The key 
innovation of the analysis is the identification of the temporal  behaviours of the 
extremes and their stochastic linkage to the inherent properties of the parent 
hydrological process. Such an approach creates new perspectives on understanding 
the temporal dynamics of hydrological extremes that can significantly improve the 
perception of related risk over time and inform  advanced mitigation practices . Two 
complementary objectives are pursued in this respect: (a) the characterization of their  
temporal properties, including the multi -scale dependence dynamics, from long -term 
hydrologic al records, and (b) the development of hydrologically relevant modelling 
frameworks that reproduce the observed extremal patterns. These objectives unfold at 
the followi ng three scales: (i) the seasonal scale, pertaining to extreme rainfall 
seasonality and dependence dynamics of seasonal streamflow extremes, (ii) the annual 
scale, with respect to the propagation of long-term persistence, i.e. Hurst -Kolmogorov 
(HK) dynamic s, from the parent process to the extremes and properties thereof, and 
last, (iii)  the climatic-scale, regarding  the theoretical and empirical basis of climatic 
projections of future  rainfall .  
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ĦīĴĦĮĨĳ ıĦĲĪĬĨĸĨ  

ĢĮĴĪīĦĪĭĦĮİ ĦĲĦĵĮĢĳ  

İ ŜőŏŒ «ŁŊőŜŔŁŔŁ» ŕŐŏńŇŋŞōŅŉ œŐļōŉŁ ŊŁŉ œŇŌŁōŔŉŊļ ŃŅŃŏōŜŔŁ Őŏŕ ŅĿōŁŉ ńŝœŊŏŋŏ 
ľ ŁŊŜŌŇ ŊŁŉ ŁńŝōŁŔŏ ōŁ ŐőŏłŋŅŖňŏŝō ŌŅ łļœŇ ŔŇō ŉœŔŏőŉŊľ ŅŌŐŅŉőĿŁ. īŁŔǋ 
ŁōŁŋŏŃĿŁ, ŔŁ ŁŊőŁĿŁ ŕńőŏŋŏŃŉŊļ ŖŁŉōŜŌŅōŁ œŗŅŔĿņŏōŔŁŉ ŌŅ ŔŇō ŅŌŖļōŉœŇ 
łőŏŗŏŐŔŞœŅřō ŊŁŉ ŁŐŏőőŏŞō ŁœŕōľňŉœŔŁ ŌŅŃļŋŇŒ ĽōŔŁœŇŒ ľ/ŊŁŉ œŕŗōŜŔŇŔŁŒ Őŏŕ 
ŁŐŏŔŅŋŏŝō Ņō ńŕōļŌŅŉ ŊĿōńŕōŏ ŃŉŁ ŔŇō ŁōňőŞŐŉōŇ ŊŏŉōřōĿŁ. ĳŕŃŊŅŊőŉŌĽōŁ, ŏŉ 
ŁŊőŁĿŅŒ łőŏŗŏŐŔŞœŅŉŒ ŊŁŉ ŐŋŇŌŌŝőŅŒ ŌŐŏőŏŝō ōŁ łŋļŘŏŕō Ŕŏ ńŏŌŇŌĽōŏ 
ŐŅőŉłļŋŋŏō, œŕŌŐŅőŉŋŁŌłŁōŏŌĽōřō œŇŌŁōŔŉŊŞō ĽőŃřō ŕŐŏńŏŌľŒ, ōŁ ńŉŁŔŁőļŎŏŕō 
ŔŇō ŏŉŊŏōŏŌŉŊľ ŊŁŉ ŁŃőŏŊŔŇōŏŔőŏŖŉŊľ ńőŁœŔŇőŉŜŔŇŔŁ ŐőŏŊŁŋŞōŔŁŒ ŏŉŊŏōŏŌŉŊĽŒ 
ŁŐŞŋŅŉŅŒ, ŅōŞ ŁŐŏŔŅŋŏŝō ļŌŅœŇ ŁŐŅŉŋľ ŃŉŁ ŔŇ ńŇŌŜœŉŁ ŕŃŅĿŁ. ěŔœŉ, Ň ŊŁŔŁōŜŇœľ 
ŔŏŕŒ Őŏŕ ĽŗŅŉ řŒ œŔŜŗŏ Ŕŏ ŌŅŔőŉŁœŌŜ Ŕŏŕ œŗŅŔŉŊŏŝ Ŋŉōńŝōŏŕ ŁŐŏŔŅŋŏŝœŅ ŁōĽŊŁňŅō 
ŐőŜŊŋŇœŇ, ŃŅōŉŊļ ŃŉŁ ŔŇō ŊŏŉōřōĿŁ, ŊŁŉ ŅŉńŉŊļ ŃŉŁ ŔŇō ŅŐŉœŔľŌŇ. ĴŉŒ ŔŅŋŅŕŔŁĿŅŒ 
ńŅŊŁŅŔĿŅŒ ŜŌřŒ, ŁŕŔľ Ň ŐőŜŊŋŇœŇ ĽŗŅŉ ŃĿōŅŉ ŁŊŜŌŁ ŌŅŃŁŋŝŔŅőŇ ŊŁňŞŒ 
ŁŌŖŉœłŇŔŅĿŔŁŉ ŐŋĽŏō őŉņŉŊļ Ň ĿńŉŁ Ň ŅŐļőŊŅŉŁ ŔŇŒ œŕŌłŁŔŉŊľŒ ŁōŔĿŋŇŘŇŒ ŃŉŁ ŔŇ 
ńŉŁŊŉōńŝōŅŕœŇ (Hall  et al., 2014). 

ĢŐŜ ŔŇ ŌĿŁ ŐŋŅŕőļ, Ň ŐŁŃŊŜœŌŉŁ ŊļŋŕŘŇ Ŕřō ŊŁŔŁœŔőŏŖŞō ŁŐŜ ŔŁ ŌĽœŁ 
ŅōŇŌĽőřœŇŒ ŁŝŎŇœŅ ŔŇ ńŉŁňŅœŉŌŜŔŇŔŁ ŐŁőŁńŅŉŃŌļŔřō ŊŁŔŁœŔőŏŖŉŊŞō 
ŕńőŏŋŏŃŉŊŞō ŃŅŃŏōŜŔřō (Barredo, 2007), ŐőŏŊŁŋŞōŔŁŒ ŏŋŏĽōŁ ŁŕŎŁōŜŌŅōŅŒ 
ŁōŇœŕŗĿŅŒ œŗŅŔŉŊļ ŌŅ ŔŇō ŅōŔŁŔŉŊŏŐŏĿŇœŇ Ŕřō ŁŊőŏŔļŔřō. İŉ ŁōŇœŕŗĿŅŒ ŁŕŔĽŒ 
ŅōŔŅĿōŏōŔŁŉ ŐŅőŁŉŔĽőř  ŁŐŜ ŔŉŒ ŐőŏłŋĽŘŅŉŒ ŔŇŒ ňŅřőĿŁŒ ŔŇŒ ŁōňőřŐŏŃŅōŏŝŒ 
ŊŋŉŌŁŔŉŊľŒ ŁŋŋŁŃľŒ. ĳŝŌŖřōŁ ŌŅ ŔŇō ŔŅŋŅŕŔŁĿŁ, ŏŉ ŁŕŎŇŌĽōŅŒ ŁōňőřŐŏŃŅōŅĿŒ 
ŅŊŐŏŌŐĽŒ ŁŅőĿřō ňŅőŌŏŊŇŐĿŏŕ ŔŉŒ ŔŅŋŅŕŔŁĿŅŒ ńŅŊŁŅŔĿŅŒ Ľŗŏŕō ŐőŏŊŁŋĽœŅŉ 
œŕœŔŇŌŁŔŉŊĽŒ ŁŋŋŁŃĽŒ œŔŇ ńŕōŁŌŉŊľ Ŕŏŕ ŊŋĿŌŁŔŏŒ Őŏŕ ŏńŇŃŏŝō œŔŇ ňĽőŌŁōœŇ Ŕŏŕ 
ŐŋŁōľŔŇ ŊŁŉ ŅōŔŁŔŉŊŏŐŏĿŇœŇ Ŕŏŕ ŊŝŊŋŏŕ Ŕŏŕ ōŅőŏŝ (IPPC, 2014; ıĽŌŐŔŇ ĽŊňŅœŇ 
ŁŎŉŏŋŜŃŇœŇŒ AR5). ĳŅ ŁŕŔľ ŔŇ łļœŇ, ĽŗŅŉ ŕŐŏœŔŇőŉŗňŅĿ ŁŐŜ ŌĽőŏŒ ŔŇŒ 
ŅŐŉœŔŇŌŏōŉŊľŒ ŊŏŉōŜŔŇŔŁŒ ŜŔŉ ŅĿōŁŉ ŁōŁŃŊŁĿŁ ŌŉŁ őŉņŉŊľ ŁōŁńŉŁŔŝŐřœŇ Ŕřō 
ŕŐŏňĽœŅřō ŊŁŉ Ŕřō ŌŅňŜńřō ŌŏōŔŅŋŏŐŏĿŇœŇŒ ŐőŏŊŅŉŌĽōŏŕ ōŁ œŕŌŐŅőŉŋŇŖňŅĿ 
ŁŉŔŉŏŊőŁŔŉŊļ Ň ŅŐĿńőŁœŇ Ŕřō ōĽřō ŁōňőřŐŏŃŅōŞō ŐŁőŁŃŜōŔřō (Milly  et al., 2008). 
Ģō ŊŁŉ ŁŕŔľ Ň ňĽœŇ ĽŗŅŉ ŅŐŉŊőŉňŅĿ œŅ ŌŅŃļŋŏ łŁňŌŜ œŔŇō ŕńőŏŋŏŃĿŁ (Cohn and Lins, 
2005; Mont anari and Koutsoyiannis , 2014; Koutsoyiannis  and Montanari , 2015; 
Serinaldi et al., 2018; Koutsoyiannis , 2020a), ŏŉ ŁōŇœŕŗĿŅŒ œŗŅŔŉŊļ ŌŅ ŔŇō 
ŅōŔŁŔŉŊŏŐŏĿŇœŇ Ŕřō ŁŊőŏŔļŔřō œŔŏ ŌĽŋŋŏō ŅĿōŁŉ ŊŕőĿŁőŗŅŒ œŔŇ œŗŅŔŉŊľ 
łŉłŋŉŏŃőŁŖĿŁ. 

ĢŐŜ ŔŇō ļŋŋŇ ŐŋŅŕőļ, ŅĿōŁŉ ŅŕőĽřŒ ŐŁőŁńŅŊŔŜ ŜŔŉ Ň ńŕōŁŌŉŊľ ŔŇŒ 
ńŉŁŊŉōńŝōŅŕœŇŒ ĽŗŅŉ ŁŋŋļŎŅŉ ŊŁŔļ Ŕŏō ŐŅőŁœŌĽōŏ ŁŉŞōŁ řŒ ŁŐŏŔĽŋŅœŌŁ 
œŕœŔŇŌŁŔŉŊŞō ŁŋŋŁŃŞō œŔŇō ĽŊňŅœŇ Ŕŏŕ ŁōňőŞŐŏŕ œŔŏō ŕńőŏŋŏŃŉŊŜ ŊĿōńŕōŏ. ĤŉŁ 
ŐŁőļńŅŉŃŌŁ, Ň ĽŊňŅœŇ Ŕŏŕ ŁōňőŞŐŏŕ œŔŏō  ŕńőŏŋŏŃŉŊŞō ŊĿōńŕōŏ ĽŗŅŉ ŁŕŎŇňŅĿ 
ńŉŁŗőŏōŉŊļ řŒ ŁŐŏŔĽŋŅœŌŁ ŔŇŒ ŁōňőŞŐŉōŇŒ ŔļœŇŒ ŃŉŁ ŏőŃļōřœŇ ŔŇŒ ņřľŒ œŔŇō 
ŅŃŃŝŔŇŔŁ ŕńőŏŋŏŃŉŊŞō ńŉŊŔŝřō (Ceola et al., 2014). ĴŁŕŔŜŗőŏōŁ, Ň ŅŕŐļňŅŉŁ ĽōŁōŔŉ 
ŁŊőŁĿřō ŕńőŏŋŏŃŉŊŞō ŃŅŃŏōŜŔřō ĽŗŅŉ ŅŐĿœŇŒ ŁŕŎŇňŅĿ ŋŜŃř ŔŇŒ ŕŘŇŋľŒ 
ŐŕŊōŜŔŇŔŁŒ ŐŋŇňŕœŌŏŝ œŔŁ ŁœŔŉŊļ ŊĽōŔőŁ ŊŁŉ ŔŇŒ ļōŁőŗŇŒ ŁœŔŉŊŏŐŏĿŇœŇŒ. ĭŜōŏ 
œŔŇō ĦŋŋļńŁ, Őļōř ŁŐŜ 200 ňļōŁŔŏŉ ŋŜŃř ŁŊőŁĿřō ŐŋŇŌŌŕőŞō Ľŗŏŕō ŁōŁŖŅőňŅĿ 
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ŁŐŜ Ŕŏ 1960, ŌŅ ŔŇō ŐŋŅŉŏŘŇŖĿŁ ŔŏŕŒ ōŁ œŕŃŊŅōŔőŞōŅŔŁŉ œŔŇō ĽōŔŏōŁ 
ŁœŔŉŊŏŐŏŉŇŌĽōŇ ŐŅőŉŏŗľ ŔŇŒ ĢŔŔŉŊľŒ.  

Ĩ ŕŐŅŊŔĿŌŇœŇ ŔŜœŏ Ŕŏŕ ŌŅŃĽňŏŕŒ Ŝœŏ ŊŁŉ ŔŇŒ œŕŗōŜŔŇŔŁŒ ŅŌŖļōŉœŇŒ Ŕřō 
ŁŊőŏŔļŔřō ŅĿōŁŉ, ńŕœŔŕŗŞŒ, œŕŗōŜŒ ŐŁőļŃŏōŔŁŒ œŅ ŐŅőŉŐŔŞœŅŉŒ ŕńőŏŋŏŃŉŊŞō 
ŊŁŔŁœŔőŏŖŞō ļōŅŕ ŐőŏŇŃŏŕŌĽōŏŕ (Mimikou  and Koutsoyiannis , 1995; Coles et al., 
2003; Koutsoyiannis  et al., 2012; Ntigkakis  et al., 2018). ĢōŇœŕŗĿŅŒ ŅŊŖőļņŏōŔŁŉ 
ŅŐĿœŇŒ řŒ ŐőŏŒ Ŕŏ ŅōńŅŗŜŌŅōŏ ŕŐŅŊŔĿŌŇœŇŒ ŔŇŒ ŐŉňŁōŜŔŇŔŁŒ ŁœŔŏŗĿŁŒ ŕŐŏńŏŌŞō 
ŊŁŉ ĽőŃřō ŌŅŃļŋŇŒ ŊŋĿŌŁŊŁŒ ŁŐŜ ŁŊőŁĿŅŒ łőŏŗŏŐŔŞœŅŉŒ ŊŁŉ ŐŋŇŌŌŝőŅŒ, ŊŁňŞŒ 
ŐŋľňŏŒ œŗŅŔŉŊŞō ŁœŔŏŗŉŞō ĽŗŅŉ ŁōŁŖŅőňŅĿ ŔŁ ŔŅŋŅŕŔŁĿŁ ŗőŜōŉŁ. ĳŕŃŊŅŊőŉŌĽōŁ, 
ŁŊőŁĿŁ ŕńőŏŋŏŃŉŊļ ŖŁŉōŜŌŅōŁ Ľŗŏŕō ŐőŏŊŁŋĽœŅŉ ŊŁŔŁœŔőŏŖĽŒ ŖőŁŃŌļŔřō, 
ŊŁŔŁőőŅŝœŅŉŒ ŃŅŖŕőŞō ŊŁŉ œŏłŁőĽŒ ŖňŏőĽŒ œŔŉŒ ŕŐŏńŏŌĽŒ ŌŅŔŁŖŏőŞō, 
œŕŌŐŅőŉŋŁŌłŁōŏŌĽōřō ńőŜŌřō ŊŁŉ œŉńŇőŏńőŜŌřō, ŐőŏŎŅōŞōŔŁŒ ŔŅőļœŔŉŅŒ 
ŏŉŊŏōŏŌŉŊĽŒ ņŇŌŉĽŒ ŊŁŉ ŁōňőŞŐŉōŅŒ ŁŐŞŋŅŉŅŒ (Wardhana ŊŁŉ Hadipriono , 2003; 
Serra-Llobet et al., 2013; Koskinas et al. , 2019; Kellermann  et al., 2019; Pizarro et al., 
2020). 

ĦĿōŁŉ ŖŁōŅőŜ ŜŔŉ Ň ŁōŁłļňŌŉœŇ Ŕŏŕ ŕńőŏŋŏŃŉŊŏŝ œŗŅńŉŁœŌŏŝ ĽōŁōŔŉ ŁŊőŁĿřō 
ŃŅŃŏōŜŔřō ŁŐŏŔŅŋŅĿ ŐŋĽŏō ŅŐŉŔŁŊŔŉŊľ ŁōļŃŊŇ ŕŘŇŋľŒ ŊŏŉōřōŉŊľŒ 
ŐőŏŔŅőŁŉŜŔŇŔŁŒ. ĢŐŜ ŁŕŔľō ŔŇō ļŐŏŘŇ, ŕŐŏœŔŇőĿņŅŔŁŉ ŜŔŉ, ŐőŏŔŏŝ ŅŎŅŔļœŏŕŌŅ ŔŇō 
ŅŐĿńőŁœŇ ŐŁŃŊŜœŌŉřō ŔļœŅřō ľ ŅŎřŔŅőŉŊŞō ŐŁőŁŃŜōŔřō, ŅĿōŁŉ ŊőĿœŉŌŏ ōŁ 
łŅŋŔŉřňŅĿ ŐőřŔĿœŔřŒ Ŕŏ ŕŐļőŗŏō ŅŐĿŐŅńŏ ŊŁŔŁōŜŇœŇŒ Ŕřō ŕńőŏŋŏŃŉŊŞō 
ŁŊőŏŔļŔřō, ŎŅŊŉōŞōŔŁŒ ŁŐŜ ŔŇ ńŉŅőŃŁœĿŁ ŔŇŒ łőŏŗŜŐŔřœŇŒ. ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ, 
ŅĿōŁŉ œŇŌŁōŔŉŊŜ ōŁ ŅŐŁōŅŎŅŔļœŏŕŌŅ ŐőŞŔŁ ŊŁŉ ŊŝőŉŁ, ŊŁŉ ŕŐŜ Ŕŏ ŖřŒ ōĽřō 
ńŅńŏŌĽōřō, ŔŇō ŅŃŊŕőŜŔŇŔŁ Ŕřō ŊŋŁœŉŊŞō ŕŐŏňĽœŅřō Őŏŕ ńŉĽŐŏŕō ŔŇ ŌŅŋĽŔŇ Ŕřō 
ŁŊőŏŔļŔřō. 

Ĩ ŗőŏōŉŊľ ŁōŅŎŁőŔŇœĿŁ ŅĿōŁŉ Ň ŊŕőĿŁőŗŇ ŕŐŜňŅœŇ œŅ ŅŖŁőŌŏŃĽŒ ňŅřőĿŁŒ 
ŁŊőŁĿřō ŔŉŌŞō, ŜŐřŒ œŕōŁōŔļŔŁŉ œŔŁ ŐŅőŉœœŜŔŅőŁ ŅŐŉœŔŇŌŏōŉŊļ ŅŃŗŅŉőĿńŉŁ. ěŔœŉ, 
ŅōŞ Ň ŐŅőŉňŞőŉŁ ŊŁŔŁōŏŌľ Ŕřō ŁŊőŏŔļŔřō ĽŗŅŉ ŌŅŋŅŔŇňŅĿ ŅŊŔŅōŞŒ œŔŇ œŗŅŔŉŊľ 
łŉłŋŉŏŃőŁŖĿŁ, Ň ŗőŏōŉŊľ ŌŅŔŁłŋŇŔŜŔŇŔŁ ŔŏŕŒ ŅĿŔŅ ŐŁőŁŃōřőĿņŅŔŁŉ ŅŎ ŏŋŏŊŋľőŏŕ 
ŅĿŔŅ ŌŅŋŅŔļŔŁŉ ŌĽœř ōŔŅŔŅőŌŉōŉœŔŉŊŞō ňŅřőľœŅřō, ŅŖŜœŏō ŔŁ ĿńŉŁ 
ŁōŔŉŌŅŔřŐĿņŏōŔŁŉ ŅŊ Ŕřō ŐőŏŔĽőřō řŒ ŁōŅŎļőŔŇŔŅŒ ŔŕŗŁĿŅŒ ŌŅŔŁłŋŇŔĽŒ. Ĩ 
ŕŐŜňŅœŇ řœŔŜœŏ ŔŇŒ ŗőŏōŉŊľŒ ŁōŅŎŁőŔŇœĿŁŒ ŅŐŉńĽŗŅŔŁŉ œŇŌŁōŔŉŊľŒ ŁŌŖŉœłľŔŇœŇŒ 
ŅŐĿ ŔŇ łļœŅŉ ŔŜœŏ ŅŌŐŅŉőŉŊŞō Ŝœŏ ŊŁŉ ňŅřőŇŔŉŊŞō ŋŜŃřō. İ ŊŕőŉŜŔŅőŏŒ ŁŐŜ ŁŕŔŏŝŒ 
ŅĿōŁŉ Ŕŏ ŃŅŃŏōŜŒ ŜŔŉ ŔŁ ŕńőŏŋŏŃŉŊļ ŁŊőŜŔŁŔŁ ŅĿōŁŉ ŐőŏŚŜō ŖŕœŉŊŞō ńŉŅőŃŁœŉŞō Őŏŕ 
ŗŁőŁŊŔŇőĿņŏōŔŁŉ ŏŉ ĿńŉŅŒ ŁŐŜ ŉœŗŕőĽŒ ńŏŌĽŒ ŅŎļőŔŇœŇŒ œŅ ńŉļŖŏőŅŒ ŊŋĿŌŁŊŅŒ. Ĩ 
ňŅřőĿŁ Ŕřō œŔŏŗŁœŔŉŊŞō ŌŅňŜńřō Ň ŏŐŏĿŁ ŅōœřŌŁŔŞōŅŉ ŔŉŒ ĽōōŏŉŅŒ ŔŇŒ 
ŐŉňŁōŜŔŇŔŁŒ, ŔŇŒ œŔŁŔŉœŔŉŊľŒ ŊŁŉ Ŕřō œŔŏŗŁœŔŉŊŞō ŁōŅŋĿŎŅřō, ŁŐŏŔŅŋŅĿ Ŕŏ ŐŋĽŏō 
ŐőŜœŖŏőŏ ňŅřőŇŔŉŊŜ ŐŋŁĿœŉŏ ŃŉŁ ŔŇ ŊŁŔŁōŜŇœŇ ŊŁŉ ńŉŅőŅŝōŇœŇ ŔŇŒ ŗőŏōŉŊľŒ 
ŌŅŔŁłŋŇŔŜŔŇŔŁŒ ŁŊőŏŔļŔřō Őŏŕ ŁŐŏŊŋĿōŏŕō ŁŐŜ ŔŇō ŉńŅŁŔľ œŕōňľŊŇ ŔŇŒ 
ŁōŅŎŁőŔŇœĿŁŒ (Koutsoyiannis , 2020b).  

İ ŊŅōŔőŉŊŜŒ œŔŜŗŏŒ ŔŇŒ ŐŁőŏŝœŁŒ ńŉŁŔőŉłľŒ ŅĿōŁŉ Ň œŔŏŗŁœŔŉŊľ ńŉŅőŅŝōŇœŇ 
Ŕřō ŕńőŏŋŏŃŉŊŞō ŁŊőŏŔļŔřō řŒ ŐőŏŒ ŔŇō ŗőŏōŉŊľ ŔŏŕŒ ŌŅŔŁłŋŇŔŜŔŇŔŁ ŊŁŉ 
ŅŎļőŔŇœŇ, ŊŁŉ Ň œŕōŅŐŁŃŜŌŅōŇ ŅŐŁōŅŎĽŔŁœŇ Ŕřō ŊŋŁœŉŊŞō ŕŐŏňĽœŅřō ŔŇŒ ŌŅŋĽŔŇŒ 
ŔŏŕŒ. Ĩ łŁœŉŊľ ŊŁŉōŏŔŏŌĿŁ ŅœŔŉļņŅŔŁŉ œŔŇō ŁōŁŃōŞőŉœŇ Ŕřō ŗőŏōŉŊŞō 
œŕŌŐŅőŉŖŏőŞō Ŕřō ŁŊőŏŔļŔřō ŊŁŉ œŔŇ œŔŏŗŁœŔŉŊľ œŝōńŅœľ ŔŏŕŒ ŌŅ ŔŉŒ ŅŃŃŅōŅĿŒ 
ŉńŉŜŔŇŔŅŒ ŔŇŒ ŌŇŔőŉŊľŒ ŕńőŏŋŏŃŉŊľŒ ńŉŅőŃŁœĿŁŒ. ĭŉŁ ŔĽŔŏŉŁ ŐőŏœĽŃŃŉœŇ ńŇŌŉŏŕőŃŅĿ 
ĽōŁ ōĽŏ ŐőĿœŌŁ ŊŁŔŁōŜŇœŇŒ ŔŇŒ ńŕōŁŌŉŊľŒ Ŕřō ŕńőŏŋŏŃŉŊŞō ŁŊőŏŔļŔřō Őŏŕ ŌŐŏőŅĿ 
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ōŁ łŅŋŔŉŞœŅŉ œŇŌŁōŔŉŊļ ŔŇō ŁōŔĿŋŇŘŇ Ŕŏŕ œŗŅŔŉŊŏŝ Ŋŉōńŝōŏŕ œŔŏ ŗőŜōŏ  ŊŁŉ ōŁ 
œŕōŅŉœŖĽőŅŉ œŔŇō ŁōŁłļňŌŉœŇ ŐőŁŊŔŉŊŞō ŌŅŔőŉŁœŌŏŝ ŔŇŒ ŕńőŏŋŏŃŉŊľŒ 
ńŉŁŊŉōńŝōŅŕœŇŒ.  ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ, ŊŁŔŁőŔĿņŅŔŁŉ ĽōŁ ńŕœŅŝőŅŔŏ œŝōŏŋŏ 
ŗőŏōŏœŅŉőŞō ŌŅŃļŋŏŕ ŌľŊŏŕŒ ŊŁŉ ŔĿňŅōŔŁŉ ńŝŏ ŅŐŉŌĽőŏŕŒ œŔŜŗŏŉ: (Ł) ŏ 
ŁŐŏŔŅŋŅœŌŁŔŉŊŜŒ ŗŁőŁŊŔŇőŉœŌŜŒ Ŕřō ŗőŏōŉŊŞō ŉńŉŏŔľŔřō ŊŁŉ ŔŇŒ ŅŎļőŔŇœŇŒ Ŕřō 
ŁŊőŏŔļŔřō ŁŐŜ ŅŐŏŗŉŊĽŒ ĽřŒ ŊŋŉŌŁŔŉŊĽŒ ŊŋĿŌŁŊŅŒ, ŜŐřŒ ŐőŏŊŝŐŔŏŕō ŁŐŜ ŔŉŒ 
ŉœŔŏőŉŊĽŒ ŗőŏōŏœŅŉőĽŒ, ŊŁŉ (ł) Ň ńŉŁŌŜőŖřœŇ ŌŅňŏńŏŋŏŃŉŊŞō ŐŋŁŉœĿřō 
ŌŏōŔŅŋŏŐŏĿŇœŇŒ ŃŉŁ ŔŇō ŁōŁŐŁőŁŃřŃľ Ŕřō ŐŁőŁŔŇőŇŌĽōřō ŗőŏōŉŊŞō ŐőŏŔŝŐřō. 
Ĩ ŁōļŋŕœŇ ŁŖŏőļ ŕńőŏŋŏŃŉŊļ ŁŊőŜŔŁŔŁ œŅ ŔőŅŉŒ ŗőŏōŉŊĽŒ ŊŋĿŌŁŊŅŒ: ŔŇō ŅŐŏŗŉŊľ,  
ŔŇō ŅŔľœŉŁ,  ŊŁŉ ŔŇō ŊŋŉŌŁŔŉŊľ. Ĵŏ Ŋŝőŉŏ œŞŌŁ ŔŇŒ ŁōļŋŕœŇŒ ŁŖŏőļ œŔŇ ńŉŅőŅŝōŇœŇ 
Ŕřō ŁŊőŁĿřō łőŏŗŏŐŔŞœŅřō, ŏŉ ŗőŏōŉŊĽŒ ŉńŉŜŔŇŔŅŒ Ŕřō ŏŐŏĿřō Ľŗŏŕō ŌŅŋŅŔŇňŅĿ 
ŅŋļŗŉœŔŁ œŅ œŗĽœŇ ŌŅ ŁŕŔĽŒ Ŕřō ŁŐŏőőŏŞō. Ĩ ŗőŏōŉŊľ ŅŎļőŔŇœŇ Ŕřō ŁŊőŁĿřō 
ŁŐŏőőŏŞō ńŉŅőŅŕōļŔŁŉ ŅŐĿœŇŒ ŌŅ ńŝŏ œŊŏŐŏŝŒ: (Ł) Ŕŏō ŅōŔŏŐŉœŌŜ ŅŐŏŗŉŊŞō ńŏŌŞō 
ŅŎļőŔŇœŇŒ Őŏŕ łŅŋŔŉŞōŏŕō ŔŇō ŐőŏłŋŅŘŉŌŜŔŇŔŁ Ŕřō ŁŊőŁĿřō ŁŐŏőőŏŞō, ŊŁŉ (ł) ŔŇō 
œŝŃŊőŉœŇ Ŕřō ŉńŉŏŔľŔřō ŔŏŕŒ ŌŅ ŁŕŔĽŒ ŔŇŒ łőŏŗŜŐŔřœŇŒ ŞœŔŅ ōŁ ŅŎŁŗňŏŝō 
ŅŕőŝŔŅőŁ ŕńőŏŋŏŃŉŊļ œŕŌŐŅőļœŌŁŔŁ. ıŁőŁŊļŔř ŃĿōŅŔŁŉ œŕōŏŐŔŉŊľ ŁōŁŖŏőļ 
œŔŏŕŒ œŔŜŗŏŕŒ ŊŁŉ œŔŁ ŅŕőľŌŁŔŁ Ŕřō ŅŐŉŌĽőŏŕŒ ŊŅŖŁŋŁĿřō. 

 
ķĲİĮĪīĨ ĦįĢĲĴĨĳĨ Ģıİ ĴĨ ĭĨĴĲĪīĨ ĳĴİķĢĳĴĪīĨ ĢĮĦĬĪįĨ ĳĴĢ 
ĢīĲİĴĢĴĢ ĴĨĳ: ĦıĪĳīİıĨĳĨ ĴĨĳ ģĪģĬĪİĤĲĢĶĪĢĳ  

ĳŔŏ ŊŅŖļŋŁŉŏ 2 ŁōŁŐŔŝœœŅŔŁŉ Ŕŏ ňŅřőŇŔŉŊŜ ŐŋŁĿœŉŏ ŔŇŒ ńŉŁŔőŉłľŒ. ĢőŗŉŊļ, 
ŐŁőŏŕœŉļņŏōŔŁŉ ŏŉ ňŅŌŅŋŉŞńŅŉŒ ĽōōŏŉŅŒ Ŕřō œŔŏŗŁœŔŉŊŞō ŁōŅŋĿŎŅřō ŊŁŉ 
ŐŅőŉŃőļŖŏōŔŁŉ ŔŁ łŁœŉŊļ ŅőŃŁŋŅĿŁ ŁōļŋŕœŇŒ ŔŇŒ ŗőŏōŉŊľŒ ŅŎļőŔŇœŇŒ Őŏŕ 
ŗőŇœŉŌŏŐŏŉŏŝōŔŁŉ. ıőŁŃŌŁŔŏŐŏŉŅĿŔŁŉ ŅŊŔŅōľŒ ŅŐŉœŊŜŐŇœŇ ŔŇŒ łŉłŋŉŏŃőŁŖĿŁŒ 
œŗŅŔŉŊļ ŌŅ ŔŇ ňŅřőĿŁ ŁŊőŁĿřō ŔŉŌŞō ŊŁŉ ŁōŁńŅŉŊōŝŏōŔŁŉ ŌŅőŉŊļ ŁŐŜ ŔŁ ŋŉŃŜŔŅőŏ 
ŃōřœŔļ ňŅřőŇŔŉŊļ ŁŐŏŔŅŋĽœŌŁŔŁ Őŏŕ œŗŅŔĿņŏōŔŁŉ ŌŅ ŔŇō ŅŎļőŔŇœŇ Ŕřō 
ŁŊőŏŔļŔřō. ĳŔŇ œŕōĽŗŅŉŁ, ŐŁőŏŕœŉļņŏōŔŁŉ ŊőŉŔŉŊļ ŏŉ ŊŕőĿŁőŗŅŒ ŌŅňŏńŏŋŏŃŉŊĽŒ 
ŐőŏœŅŃŃĿœŅŉŒ œŔŇ ŌŏōŔŅŋŏŐŏĿŇœŇ Ŕřō ŁŊőŏŔļŔřō. ĴĽŋŏŒ, ŐőŏœńŉŏőĿņŏōŔŁŉ 
ŁōŏŉŗŔĽŒ ňŅřőŇŔŉŊĽŒ ŅőřŔľœŅŉŒ œŗŅŔŉŊļ ŌŅ ŔŉŒ ŉńŉŜŔŇŔŅŒ ŁŊőŏŔļŔřō ŁŐŜ 
œŔŏŗŁœŔŉŊĽŒ ŁōŅŋĿŎŅŉŒ ŌŅ ŕŘŇŋľ ŗőŏōŉŊľ œŕœŗĽŔŉœŇ ŊŁŉ «łŁőŉĽŒ» ŏŕőĽŒ 
ŊŁŔŁōŏŌľŒ. 

 
ĦıĢĮĦįĦĴĢĳĨ  ĴĨĳ ĵıĢĲįĨĳ ĦĭĭİĮĨĳ ĳĴĨ ĥĪĦĲĤĢĳĪĢ ĴĨĳ 
ĦĴĨĳĪĢĳ ģĲİķİıĴĹĳĨĳ 

ĳŔŏ ŊŅŖļŋŁŉŏ 3 ńŉŅőŅŕōļŔŁŉ Ň ŝŐŁőŎŇ ŅŌŌŏōľŒ, ŁŋŋŉŞŒ ńŕōŁŌŉŊľŒ Hurst -
Kolmogorov , œŔŇ ńŉŅőŃŁœĿŁ ŔŇŒ ŅŔľœŉŁŒ łőŏŗŜŐŔřœŇŒ ŁŐŜ ŌĿŁ ŐŁŃŊŜœŌŉŁ łļœŇ 
ńŅńŏŌĽōřō. Ĩ ŁōŁŃōŞőŉœŇ ŔŇŒ ŝŐŁőŎŇŒ ŅŌŌŏōľŒ œŅ ŌŉŁ ŖŕœŉŊľ ńŉŅőŃŁœĿŁ ŁŐŏŔŅŋŅĿ 
ŉœŗŕőŜ ŊĿōŇŔőŏ  ŃŉŁ ŔŇ ńŉŅőŅŝōŇœŇ Ŕřō ŌŁŊőŏŐőŜňŅœŌřō ŗőŏōŉŊŞō ŉńŉŏŔľŔřō Ŕřō 
ŁŊőŏŔļŔřō ŔŇŒ. ĦōŞ Ň ŅŌŌŏōľ ĽŗŅŉ ŁōŁŃōřőŉœŔŅĿ řŒ ńŕōŁŌŉŊľ œŅ ŐŋľňŏŒ ŖŕœŉŊŞō 
ńŉŅőŃŁœŉŞō, Ň ŝŐŁőŎľ ŔŇŒ œŔŇ ńŉŅőŃŁœĿŁ ŔŇŒ łőŏŗŜŐŔřœŇŒ ŐŁőŁŌĽōŅŉ 
ŁńŉŅŕŊőĿōŉœŔŇ. ěŔœŉ, ŅŐŁōŅŎŅŔļņŅŔŁŉ ŅńŞ ŗőŇœŉŌŏŐŏŉŞōŔŁŒ ĽōŁ ŐŁŃŊŜœŌŉŏ œŝōŏŋŏ 
łőŏŗŏŌŅŔőŉŊŞō œŔŁňŌŞō. 

ĢŐŜ ŔŇō ŁōļŋŕœŇ Ŕŏŕ ŐŁŃŊŜœŌŉŏŕ œŕōŜŋŏŕ ńŅńŏŌĽōřō ŐőŏŊŝŐŔŏŕō 
ŁŎŉŏœŇŌŅĿřŔŅŒ ŅōńŅĿŎŅŉŒ ŝŐŁőŎŇŒ ŅŌŌŏōľŒ œŔŇō ŅŔľœŉŁ łőŏŗŜŐŔřœŇ. Ĩ ňŅřőŇŔŉŊľ 
ŔŉŌľ ŔŇŒ ŐŁőŁŌĽŔőŏŕ Hurst   å 0.58 Őŏŕ ŅŊŔŉŌľňŇŊŅ ŌĽœř ŁōļŋŕœŇŒ Monte Carlo 
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ŌŐŏőŅĿ ōŁ ňŅřőŇňŅĿ ŁōŔŉŐőŏœřŐŅŕŔŉŊľ ŃŉŁ ŔŇō ŐŋŅŉŏōŜŔŇŔŁ (97.5%) Ŕřō 1265 
œŔŁňŌŞō (ĦŉŊŜōŁ 1). Ĩ ńŏŌľ ŔŇŒ ŁŕŔŏœŕœŗĽŔŉœŇŒ łőĽňŇŊŅ ŅŐĿœŇŒ ŃŅōŉŊļ ŉœŗŕőŜŔŅőŇ 
ŁŐŜ ŔŇ ńŏŌľ ŅōŜŒ ŌŏōŔĽŋŏŕ Markov  ŊŁŉ œŕōŅŐľŒ ŌŅ ŔŇō ŁŕŔľō ŅōŜŒ ŌŏōŔĽŋŏŕ ŌŅ 
ŅŌŌŏōľ. İőŉœŌĽōŅŒ ŌŅŋĽŔŅŒ Őŏŕ ŅĿŗŁō ŗőŇœŉŌŏŐŏŉľœŅŉ ŌŉŊőŜŔŅőŁ ŌľŊŇ ńŅńŏŌĽōřō 
(Potter, 1979; Fraedrich and Blender, 2003; Kantelhardt  et al., 2006) ŕŐŏœŔľőŉŎŁō ŔŇō 
ŊŁŔŁŋŋŇŋŜŔŇŔŁ ŔŇŒ ńŏŌľŒ Markov , ŗřőĿŒ ŜŌřŒ ōŁ ńŉŅőŅŕōŏŝō ŔŉŒ ńŉŁŖŏőĽŒ ŌŅŔŁŎŝ 
ŐőŁŃŌŁŔŉŊľŒ ŊŁŉ ňŅřőŇŔŉŊľŒ ŁŕŔŏœŕœŗĽŔŉœŇŒ ŃŉŁ ńŉļŖŏőŅŒ ŗőŏōŉŊĽŒ ŕœŔŅőľœŅŉŒ. 
ĢŕŔĽŒ ŏŉ ńŉŁŖŏőĽŒ ŌŐŏőŅĿ ōŁ ŅĿōŁŉ ŌŉŊőĽŒ, řœŔŜœŏ, ĽŗŅŉ ŁŐŏńŅŉŗňŅĿ ŜŔŉ ŅōńĽŗŅŔŁŉ 
ōŁ Ľŗŏŕō œŏłŁőĽŒ ŅŐŉŐŔŞœŅŉŒ Ŝœŏō ŁŖŏőļ ŔŇō ŁłŅłŁŉŜŔŇŔŁ ŅŊŔĿŌŇœŇŒ 
(Koutsoyiannis  and Montanari , 2007). ĤŉŁ ŐŁőļńŅŉŃŌŁ, Ŝœŏō ŁŖŏőļ ŔŇ œŔŁŔŉœŔŉŊľ 
œŇŌŁōŔŉŊŜŔŇŔŁ Ŕřō ŔļœŅřō, ŏŉ ŐŁőŁŔŇőŏŝŌŅōŅŒ ŁŋŋŁŃĽŒ œŔŉŒ łőŏŗŏŐŔŞœŅŉŒ 
ŌŐŏőŅĿ ōŁ ňŅřőŇňŏŝō Őŏŋŝ Őŉŏ œŐļōŉŅŒ ŁŐŜ Ŝ, Ŕŉ ŅĿōŁŉ œŔŇō ŐőŁŃŌŁŔŉŊŜŔŇŔŁ (Cohn 
and Lins, 2005). ĴĽŋŏŒ, ŊŁŔŁńŅĿŗňŇŊŅ ŜŔŉ Ň ńŏŌľ ŔŇŒ ŁŕŔŏœŕœŗĽŔŉœŇŒ ŁŐŏŊŋĿōŅŉ 
œŇŌŁōŔŉŊļ ŁŐŜ ŔŇō ŐŅőĿŐŔřœŇ ŔŇŒ ŁōŅŎŁőŔŇœĿŁŒ. 

 

 

ĦŉŊŜōŁ 1 īŁŔŁōŏŌľ ŔŇŒ ŐŁőŁŌĽŔőŏŕŒ Hurst  ŁŐŜ ŐŁőŁŔŇőŇŌĽōŅŒ ŗőŏōŏœŅŉőĽŒ (ŌŐŋŅ 
ŗőŞŌŁ) ŊŁŉ ŁŐŜ œŕōňŅŔŉŊĽŒ ŗőŏōŏœŅŉőĽŒ (Ōřł ŗőŞŌŁ) ŁŐŜ œŔŏŗŁœŔŉŊľ ŁōĽŋŉŎŇ ŌŅ 
ŐŁőļŌŅŔőŏ  = 0.58. 

Ģō ŊŁŉ ŔŁ ŐŁőŁŐļōř ŅŕőľŌŁŔŁ ŔļœœŏōŔŁŉ ŕŐĽő ŔŇŒ ŝŐŁőŎŇŒ ŌŉŁŒ 
ŉœŗŕőŜŔŅőŇŒ ńŏŌľŒ ŅŎļőŔŇœŇŒ ŁŐŜ ŁŕŔľō Őŏŕ œŕōľňřŒ ŕŐŏŔĿňŅŔŁŉ œŔŇ 
łŉłŋŉŏŃőŁŖĿŁ (Potter, 1979; Fraedrich and Blender, 2003; Kantelhardt  et al., 2006), 
ŖŁĿōŅŔŁŉ ŜŔŉ ŕŐļőŗŅŉ ŌŉŁ ŁœŕŌŖřōĿŁ ŌŅŔŁŎŝ Ŕřō ŌŉŊőŜŔŅőřō ŊŁŉ ŌŅŃŁŋŝŔŅőŅŒ 
ŗőŏōŉŊĽŒ ŊŋĿŌŁŊŅŒ (Fraedrich and Larnder , 1993; Pelletier and Turcotte, 1997; Poveda, 
2011; Ault  et al., 2013). ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ, ńŅō ŐőĽŐŅŉ ōŁ ŐŁőŁłŋĽŐŅŔŁŉ Ň Őŉŏ 
œŇŌŁōŔŉŊľ ŐŇŃľ ŁłŅłŁŉŜŔŇŔŁŒ œŔŏō ŐőŏœńŉŏőŉœŌŜ ŔŇŒ ŅŌŌŏōľŒ, Őŏŕ ŅĿōŁŉ Ŕŏ ŌľŊŏŒ 
ŔŇŒ ŗőŏōŏœŅŉőļŒ (Koutsoyiannis , 2002; Koutsoyiannis  and Montanari, 2007). ěōŁ 
œŇŌŁōŔŉŊŜ œŕŌŐĽőŁœŌŁ Őŏŕ ŐőŏŊŝŐŔŅŉ ŁŐŜ ŔŇō ŁōļŋŕœŇ ŅĿōŁŉ ŜŔŉ ŏŉ ŐőŁŃŌŁŔŉŊĽŒ 
ŗőŏōŏœŅŉőĽŒ ŌŐŏőŅĿ ōŁ ŁŐŏŊŋĿōŏŕō œŇŌŁōŔŉŊļ ŁŐŜ ŁŐŋŏŐŏŉŇŔŉŊĽŒ ŕŐŏňĽœŅŉŒ Őŏŕ 
ŗőŇœŉŌŏŐŏŉŏŝōŔŁŉ œŔŇō ŐőļŎŇ, ŜŐřŒ Ň ŗőŏōŉŊľ ŁōŅŎŁőŔŇœĿŁ, ŊŁŉ řŒ ŅŊ ŔŏŝŔŏŕ, Ň 
ŅŌŐŅőŉœŔŁŔřŌĽōŇ ŌŅŋĽŔŇ Ŕřō ŉńŉŏŔľŔřō ŅŎļőŔŇœŇŒ ŅĿōŁŉ ŁŐŁőŁĿŔŇŔŇ, ŅŉńŉŊļ ŜŔŁō 
ŅōńŉŁŖĽőŏŕō ŌŁŊőŏŐőŜňŅœŌŏŉ ŗőŏōŉŊŏĿ ŏőĿņŏōŔŅŒ. 
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ķĢĲĢīĴĨĲĪĳĭİĳ īĢĪ ĭİĮĴĦĬİıİĪĨĳĨ ĴĨĳ ĢīĲĢĪĢĳ ĦıİķĪīĨĳ 

ģĲİķİıĴĹĳĨĳ  

Ĵŏ ŊŅŖļŋŁŉŏ 4 ŌŅŋŅŔļ ŔŇ ŗőŏōŉŊľ ŌŅŔŁłŋŇŔŜŔŇŔŁ Ŕřō ŁŊőŁĿřō łőŏŗŏŐŔŞœŅřō Őŏŕ 
ŐőŏŊŁŋŅĿŔŁŉ ŁŐŜ ŔŇō ŅŐŏŗŉŊŜŔŇŔŁ. ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ ŁōŁŋŝŅŔŁŉ ĽōŁ œŝōŏŋŏ 27 
œŔŁňŌŞō łőŏŗľŒ ŌŅ ńŅńŏŌĽōŁ ŇŌŅőľœŉřō ŊŁŔŁŃőŁŖŞō Őŏŕ ŕŐŅőłŁĿōŏŕō ŔŁ 150 ĽŔŇ. 
ıőŏŔŅĿōŅŔŁŉ ŌŉŁ ŊŁŉōŏŔŏŌŉŊľ ŌŅňŏńŏŋŏŃĿŁ Őŏŕ ŅŐŉŔőĽŐŅŉ Ŕŏō ŁōŔŉŊŅŉŌŅōŉŊŜ 
ŐőŏœńŉŏőŉœŌŜ ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ œŔŉŒ ŁŊőŁĿŅŒ ŇŌŅőľœŉŅŒ łőŏŗŏŐŔŞœŅŉŒ ŊŁŉ ŔŇ 
ŌŏōŔŅŋŏŐŏĿŇœŇ ŔŇŒ ŐŅőŉňŞőŉŁŒ ŊŁŔŁōŏŌľŒ Ŕřō ŁŊőŏŔļŔřō  ŊļňŅ ŅŐŏŗľŒ.  
Ĩ ŌŅňŏńŏŋŏŃĿŁ ŁōŁŃōŞőŉœŇŒ ŅŐŏŗľŒ ŅĿōŁŉ œŅ ňĽœŇ ōŁ ŐőŏœńŉŏőĿœŅŉ ŔŇ łĽŋŔŉœŔŇ 
ŅŐŉŋŏŃľ ŌŏōŔŅŋŏŐŏĿŇœŇŒ ŃŉŁ ŔŇō ŅŐŏŗŉŊľ ŁŊőŁĿŁ łőŏŗŜŐŔřœŇ, ŐőŏœńŉŏőĿņŏōŔŁŒ 
ŔŜœŏ Ŕŏ łĽŋŔŉœŔŏ ŁőŉňŌŜ ŅŐŏŗŞō Ŝœŏ  ŊŁŉ ŔŇ ŗőŏōŉŊľ ńŉļőŊŅŉŁ ŔŏŕŒ, łļœŅŉ Ŕŏŕ 
ŊőŉŔŇőĿŏŕ ŐŋŇőŏŖŏőĿŁŒ Akaike  (AIC ). ĢōŔĿ ŃŉŁ  ŔŇō ŁŕňŁĿőŅŔŇ ŊŁŉ ŌŁņŉŊľ ŅŖŁőŌŏŃľ 
Ŕřō 4 ŅŐŏŗŞō Ŕŏŕ ĽŔŏŕŒ, Ň ŌĽňŏńŏŒ ŐőŏŊőĿōŅŉ ŖŅŉńřŋľ ŊŁŉ ŊŁŔļ ŐŅőĿŐŔřœŇ 
ŌŏōŔŅŋŏŐŏĿŇœŇ ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ ŊļňŅ œŔŁňŌŏŝ Őŏŕ ŁŐŏńŅŉŊōŝŅŔŁŉ œŕōŅŐĽœŔŅőŇ 
ŊŁŉ ŁŐŏŔŅŋŅœŌŁŔŉŊŜŔŅőŇ ŃŉŁ ŔŇ ŌŅŋĽŔŇ Ŕřō ŁŊőŏŔļŔřō œŔŇō ŐőļŎŇ (ĦŉŊŜōŁ 2).  
 

 
ĦŉŊŜōŁ 2  ıŉňŁōŏŔŉŊļ ńŉŁŃőļŌŌŁŔŁ Gumbel ŔŇŒ ŐőŏœŁőŌŏŃľŒ ŔŇŒ ĤŅōŉŊŅŕŌĽōŇŒ 
īŁŔŁōŏŌľŒ ĢŊőŏŔļŔřō (GEV distribution ) œŔŁ ŅŔľœŉŁ ŊŁŉ ŅŐŏŗŉŊļ ŌĽŃŉœŔŁ łļœŅŉ (a) ŔŇŒ 
ŐőŏŔŅŉōŜŌŅōŇŒ ŌŅňŏńŏŋŏŃĿŁŒ ŊŁŉ (b) Ŕŏŕ œŕŌłŁŔŉŊŏŝ ŅŐŉŌŅőŉœŌŏŝ œŅ 4 ŅŐŏŗĽŒ ŃŉŁ ŔŇ 
ŗőŏōŏœŅŉőļ łőŏŗŏŐŔŞœŅřō ŔŇŒ ĢňľōŁŒ. 

īŁŔŁńŅŉŊōŝŅŔŁŉ ŅŐĿœŇŒ ŜŔŉ Ň ŝŐŁőŎŇ ŉœŗŕőľŒ ŅŐŏŗŉŊŜŔŇŔŁŒ ŅŐŇőŅļņŅŉ ŔŇō 
ŐŅőŉňŞőŉŁ ŊŁŔŁōŏŌľ Ŕřō ŁŊőŏŔļŔřō řŒ ŐőŏŒ ŔŉŒ ŐŁőŁŌĽŔőŏŕŒ ňĽœŇŒ ŊŁŉ ŊŋĿŌŁŊŁŒ 
ŔŇŒ ĤŅōŉŊŅŕŌĽōŇŒ īŁŔŁōŏŌľŒ ĢŊőŏŔļŔřō (GEV) ŏŉ ŏŐŏĿŅŒ ŅĿōŁŉ ŕŘŇŋŜŔŅőŅŒ ŔŇō 
ŕŃőľ ŐŅőĿŏńŏ. ĢōŔĿňŅŔŁ, Ň ŐŁőļŌŅŔőŏŒ œŗľŌŁŔŏŒ ŐŁőŏŕœŉļņŅŉ ŐŅőŉŏőŉœŌĽōŇ 
ŅŐŏŗŉŊľ ŌŅŔŁłŋŇŔŜŔŇŔŁ, ŊŁŉ ļőŁ Ň ŅŐŏŗŉŊŜŔŇŔŁ ńŅō ŅŐŇőŅļņŅŉ ŏŕœŉŁœŔŉŊļ Ŕŏ 
œŗľŌŁ ŔŇŒ ŏŕőļŒ ŔŇŒ ŊŁŔŁōŏŌľŒ. ıőŏŊŝŐŔŅŉ ŅŐĿœŇŒ ŜŔŉ Ň ŁōļŋŕœŇ Ŕřō ŅŔľœŉřō 
ŌŅŃĿœŔřō, ŗřőĿŒ ŅŐŁőŊľ ŐőŏœńŉŏőŉœŌŜ ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ, ŅĿōŁŉ ŕŐĽő œŕōŔŇőŇŔŉŊŏŝ 
œŗŅńŉŁœŌŏŝ, ńŅńŏŌĽōŏŕ ŜŔŉ œŕŌŐŅőŉŋŁŌłļōŅŉ ŔŉŒ œŐļōŉŅŒ ŐŅőŉŐŔŞœŅŉŒ ŁŊőŁĿřō 
ŃŅŃŏōŜŔřō œŇŌŁōŔŉŊŏŝ ŌŅŃĽňŏŕŒ Őŏŕ œŕŌłŁĿōŏŕō œŔŇō ŎŇőľ ŐŅőĿŏńŏ. ĹœŔŜœŏ, ŃŉŁ 
Ŕŏō ŅōńŏŅŔľœŉŏ ŕńőŏŋŏŃŉŊŜ œŗŅńŉŁœŌŜ, ŅĿōŁŉ œŇŌŁōŔŉŊŜ ōŁ ŋŇŖňŅĿ ŕŐŜŘŇ Ň ŅŐŏŗŉŊľ 
ŌŅŔŁłŋŇŔŜŔŇŔŁ Ŕřō ŁŊőŏŔļŔřō. Ĩ œŅŉőļ ŌĽŃŉœŔřō ŔŇŒ ŕŃőľŒ ŅŐŏŗľŒ ŐŅőŉĽŗŅŉ 
ŐŏŋŝŔŉŌŅŒ ŐŋŇőŏŖŏőĿŅŒ œŗŅŔŉŊļ ŌŅ Ŕŏ ŗőŜōŏ ŅŌŖļōŉœŇŒ Ŕřō Őŉŏ ŁŊőŁĿřō 
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ŃŅŃŏōŜŔřō, ŐŁőŜŔŉ Ŕŏ ŌĽŃŅňŏŒ ŔŏŕŒ ŁōŁŌĽōŅŔŁŉ ŊŏōŔļ œŔŏ ŅŊŔŉŌŞŌŅōŏ ŁŐŜ ŔŇ œŅŉőļ 
ŅŔľœŉřō ŌŅŃĿœŔřō. ĹœŔŜœŏ, Ň ŅŊŔĿŌŇœŇ ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ œŔŁ ŌĽŃŉœŔŁ ŅĿōŁŉ 
œŇŌŁōŔŉŊľ ŃŉŁ ŎŇőĽŒ ŕńőŏŋŏŃŉŊĽŒ ŐŅőŉŜńŏŕŒ ŞœŔŅ ōŁ ŁŐŏŖŅŕŗňŅĿ  ńŁŐŁōŇőľ 
ŕŐŅőŅŊŔĿŌŇœŇ Ŕřō ŌŅŃŅňŞō œŗŅńŉŁœŌŏŝ ŅŐŏŗŉŊŞō ĽőŃřō ŊŁňŞŒ ŊŁŉ ļœŊŏŐŇ 
ńŉŏŗĽŔŅŕœŇ ŐŋŇŌŌŕőŉŊŞō őŏŞō œŅ ŐŅőĿŐŔřœŇ ŔŁŌŉŅŕŔľőřō ŕńőŏńŜŔŇœŇŒ.  

ĴŁ ŅŕőľŌŁŔŁ ŁŕŔļ Ľŗŏŕō ļŌŅœŅŒ ŅŖŁőŌŏŃĽŒ ŔŜœŏ œŔŇ ňŅřőŇŔŉŊľ œŝŋŋŇŘŇ 
ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ œŅ ŁŊőŁĿŅŒ łőŏŗŏŐŔŞœŅŉŒ Ŝœŏ ŊŁŉ œŔŇ ŌŏōŔŅŋŏŐŏĿŇœŇ œŔŇō 
ŐőļŎŇ. ĳŅ ŌŅňŏńŏŋŏŃŉŊŜ ŅŐĿŐŅńŏ, œŕŌłļŋŋŏŕō œŔŇō ŅŕőŝŔŅőŇ ŊŁňŉĽőřœŇ ŊőŉŔŇőĿřō 
ŅŐŉŋŏŃľŒ ŌŏōŔĽŋřō œŔŇō ŕńőŏŋŏŃĿŁ, ŜŐřŒ Ŕŏ AIC, ŅōŞ ŁŐŏŔŅŋŏŝō œŇŌŁōŔŉŊŜ łľŌŁ 
ŐőŏŒ Ŕŏō «ŁōŔŉŊŅŉŌŅōŉŊŜ» ŐőŏœńŉŏőŉœŌŜ ŔŇŒ ŅŐŏŗŉŊŜŔŇŔŁŒ ŔŜœŏ œŅ ŔŏŐŉŊľ Ŝœŏ ŊŁŉ 
œŅ ŐŁŃŊŜœŌŉŁ ŊŋĿŌŁŊŁ. 
 
ĥĵĮĢĭĪīĦĳ ĦįĢĲĴĨĳĨĳ ĴĹĮ ĦıİķĪīĹĮ ĢīĲĢĪĹĮ ĢıİĲĲİĹĮ 

Ĵŏ īŅŖļŋŁŉŏ 5 ŌŅŋŅŔļ ŔŇō ŝŐŁőŎŇ ŅŎļőŔŇœŇŒ œŔŉŒ ŕŘŇŋĽŒ ŊŁŉ ŗŁŌŇŋĽŒ ŁŐŏőőŏĽŒ 
œŔŇō ŅŐŏŗŉŊľ ŊŋĿŌŁŊŁ, ŔŏŕŒ ŐŉňŁōŏŝŒ ŃŅřŖŕœŉŊŏŝŒ ŊŁŉ ŕńőŏŋŏŃŉŊŏŝŒ ŐŁőļŃŏōŔŅŒ 
Őŏŕ Ņŕōŏŏŝō ŔŇō ŅŊńľŋřœľ ŔŇŒ œŅ ŌŉŁ ŕńőŏŋŏŃŉŊľ ŋŅŊļōŇ ŊŁňŞŒ ŊŁŉ ŔŇ ńŕōŁŔŜŔŇŔŁ 
ŁŎŉŏŐŏĿŇœŇŒ ŔŇŒ œŗŅŔŉŊľŒ ŐŋŇőŏŖŏőĿŁŒ ŃŉŁ ŔŇ łŅŋŔĿřœŇ ŔŇŒ ŐŉňŁōŏŔŉŊľŒ 
ŐőŜłŋŅŘŇŒ ŐŋŇŌŌŕőŉŊŞō ŁŉŗŌŞō ŊŁŉ ŗŁŌŇŋŞō őŏŞō. ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ, 
ŁōŁŋŝŏōŔŁŉ ńŅńŏŌĽōŁ ŇŌŅőľœŉřō ŐŁőŏŗŞō ļōř Ŕřō 50 ŅŔŞō ŁŐŜ 224 ŐŏŔŁŌŏŝŒ œŔŇō 
ĦŕőŞŐŇ.  

ĴŁ ŁŐŏŔŅŋĽœŌŁŔŁ ńŅĿŗōŏŕō ŜŔŉ Ň ŐŋŅŉŏōŜŔŇŔŁ Ŕřō ŐŏŔŁŌŞō ŅŌŖŁōĿņŅŉ 
ŗŁőŁŊŔŇőŉœŔŉŊļ ŅŎļőŔŇœŇŒ œŔŇō ŅŐŏŗŉŊľ ŊŋĿŌŁŊŁ, Őŏŕ ŅŊńŇŋŞōŏōŔŁŉ řŒ ŃőŁŌŌŉŊľ 
œŕœŗĽŔŉœŇ ŌŅŔŁŎŝ Ŕřō ŐőŏŃŅōĽœŔŅőřō ŌĽœřō ŌŇōŉŁĿřō ŁŐŏőőŏŞō ŊŁŉ Ŕřō 
ŌŅŔŁŃŅōĽœŔŅőřō (Ł) ŐŋŇŌŌŕőŉŊŞō ŁŉŗŌŞō œŔŇō ŕŃőľ ŅŐŏŗľ (High  Flow Season; 
HFS) ŊŁŉ (ł) ŌĽœřō ŁŐŏőőŏŞō œŔŇ ŎŇőľ ŅŐŏŗľ (Low  Flow Season; LFS), ŁōŔĿœŔŏŉŗŁ. 
Ĩ œŕœŗĽŔŉœŇ ŃŉŁ ŔŉŒ ŁŐŏőőŏĽŒ ŔŇŒ ŎŇőľŒ ŅŐŏŗľŒ ŅĿōŁŉ ŕŘŇŋŜŔŅőŇ ŁŐǋ ŜŔŉ ŃŉŁ ŔŇŒ 
ŕŃőľŒ ŅŐŏŗľŒ, ŅōŞ ŊŁŉ œŔŉŒ ńŝŏ ŐŅőŉŐŔŞœŅŉŒ ŅŌŖŁōĿņŅŔŁŉ ŁŕŎŇŌĽōŇ ŗřőŉŊľ 
ŌŅŔŁłŋŇŔŜŔŇŔŁ ŊŁňŞŒ ŊŁŉ ŏŌŁńŏŐŏĿŇœŇ ŔŇŒ œŕœŗĽŔŉœŇŒ (ĦŉŊŜōŁ 4). 
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ĦŉŊŜōŁ 3 ķřőŉŊľ ŊŁŔŁōŏŌľ ŔŇŒ ŃőŁŌŌŉŊľŒ œŕœŗĽŔŉœŇŒ (Ł) Ŕřō ŐŋŇŌŌŕőŉŊŞō ŁŉŗŌŞō ŔŇō 
ŕŃőľ ŐŅőĿŏńŏ (HFS) ŌŅ ŔŉŒ ŌĽœŅŒ ŁŐŏőőŏĽŒ Ŕŏŕ ŐőŏŇŃŏŝŌŅōŏŕ ŌľōŁ (ŁőŉœŔŅőļ) ŊŁŉ (ł) Ŕřō 
ŌĽœřō ŁŐŏőőŏŞō ŔŇō ŎŇőľ ŐŅőĿŏńŏ (LFS) ŌŅ ŔŉŒ ŌĽœŅŒ ŁŐŏőőŏĽŒ Ŕŏŕ ŐőŏŇŃŏŝŌŅōŏŕ ŌľōŁ 
(ńŅŎŉļ). İ ŐĿōŁŊŁŒ ńŅĿŗōŅŉ ŔŁ ŗőŞŌŁŔŁ Őŏŕ ŁōŔŉœŔŏŉŗŏŝō œŔŉŒ ŊŋļœŅŉŒ Ŕřō œŕœŗŅŔĿœŅřō.  

ĢŐŜ ŔŇ ŌŅŋĽŔŇ ŐŋľňŏŕŒ ŃŅřŖŕœŉŊŞō ŊŁŉ ŕńőŏŋŏŃŉŊŞō ŗŁőŁŊŔŇőŉœŔŉŊŞō Ŕřō 
ŋŅŊŁōŞō ŁŐŏőőŏľŒ ŐőŏŊŝŐŔŅŉ ŜŔŉ łőŁńŝŔŅőŏŉ ŗőŜōŏŉ ŕńőŏŋŏŃŉŊľŒ ŁŐŜŊőŉœŇŒ ŔŇŒ 
ŋŅŊļōŇŒ, ŊŁňŞŒ ŊŁŉ Ň ŊŕőĿŁőŗŇ ŝŐŁőŎŇ łŁœŉŊľŒ őŏľŒ Ņŕōŏŏŝō ŔŇō ŅŐŏŗŉŊľ 
œŕœŗĽŔŉœŇ. ĢōŔŉňĽŔřŒ, Ň œŕœŗĽŔŉœŇ ŅĿōŁŉ ŗŁŌŇŋŜŔŅőŇ œŔŉŒ ŊŁőœŔŉŊĽŒ ŋŅŊļōŅŒ Őŏŕ 
ŁōŔŁŐŏŊőĿōŏōŔŁŉ ŃőľŃŏőŁ ŊŁňŞŒ œŅ ŋŅŊļōŅŒ ŌŅ ŕŘŇŋľ ŅŉńŉŊľ ŁŐŏőőŏľ ŊŁŉ 
ŕŘŇŋŜŔŅőŇ ŌĽœŇ łőŏŗŜŐŔřœŇ, ŐŉňŁōŞŒ ŋŜŃř ŔŇŒ ŐŁőŏŕœĿŁŒ ŊŏőŅœŌĽōřō œŕōňŇŊŞō 
œŅ ŕŃőŜŔŅőŁ ŊŋĿŌŁŔŁ ŊŁŉ ŔŇŒ ŁŕŎŇŌĽōŇŒ łőŁŗŕŐőŜňŅœŌŇŒ ŌŅŔŁłŋŇŔŜŔŇŔļŒ ŔŏŕŒ. 

ĹŒ ŐőŏŒ ŔŇō ŐőŁŊŔŉŊľ ŁŎĿŁ, ŐŁőŏŕœŉļņŅŔŁŉ ŌŉŁ ŅŖŁőŌŏŃľ ŁŎŉŏŐŏĿŇœŇŒ ŔŇŒ 
ŅŐŏŗŉŊľŒ œŕœŗĽŔŉœŇŒ ŃŉŁ ŔŇ ŌŅĿřœŇ ŔŇŒ ŁłŅłŁŉŜŔŇŔŁŒ Ŕřō ŅŐŏŗŉŊŞō ŐőŏłŋĽŘŅřō 
ŕŘŇŋŞō ŊŁŉ ŗŁŌŇŋŞō őŏŞō, ŌĽœř œŔŏŗŁœŔŉŊŞō ŌŏōŔĽŋřō Őŏŕ ŅōœřŌŁŔŞōŏŕō ōĽŅŒ 
ŐŁőŁŔŇőľœŅŉŒ œŅ ŌŇōŉŁĿŁ ŊŋĿŌŁŊŁ ŃŉŁ ŔŇō ŁōŁōĽřœŇ Ŕřō ŐŉňŁōŏŔŉŊŞō ŅŊŔŉŌľœŅŞō 
ŔŏŕŒ.  

ĴŁ ŁŐŏŔŅŋĽœŌŁŔŁ œŕōŇŃŏőŏŝō œŔŏ ŜŔŉ Ň ŝŐŁőŎŇ ŅŐŏŗŉŊľŒ ªŌōľŌŇŒ· Ŕŏŕ 
ŐŏŔŁŌŏŝ ŐŁőĽŗŅŉ œŇŌŁōŔŉŊĽŒ ŐŋŇőŏŖŏőĿŅŒ ŃŉŁ ŔŇō ŊŁŔŁōŜŇœŇ ŊŁŉ ŐőŜłŋŅŘŇ Ŕřō 
ŁŊőŁĿřō ŁŐŏőőŏŞō, ŅōŞ ŅŎŁœŖŁŋĿņŅŉ œŇŌŁōŔŉŊŜ ŗőŜōŏ ŏőĿņŏōŔŁ œŅ ŊŋĿŌŁŊŁ ŌŇōŞō, 
ŃŉŁ ŔŇ ŋľŘŇ ŁŐŏŖļœŅřō œŗŅŔŉŊļ ŌŅ ŔŇō ŐőŜŋŇŘŇ ŕńőŏŋŏŃŉŊŞō Ŋŉōńŝōřō œŔŇ 
ŋŅŊļōŇ. 
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ĦĭĭİĮĨ ĳĴĨĮ ĦĭĶĢĮĪĳĨ ĢīĲİĴĢĴĹĮ: İĭĢĥİıİĪĨĳĨ ĳĦ 
ıİĬĬĢıĬĦĳ īĬĪĭĢīĦĳ 

Tŏ ŊŅŖļŋŁŉŏ 6 ŐőŁŃŌŁŔŅŝŅŔŁŉ ŔŇ ńŕōŁŌŉŊľ ńŉļńŏœŇŒ ŔŇŒ ŅŌŌŏōľŒ ŁŐŜ ŔŇ ŌŇŔőŉŊľ 
œŔŏŗŁœŔŉŊľ ŁōĽŋŉŎŇ œŔŁ ŁŊőŜŔŁŔļ ŔŇŒ, ŅœŔŉļņŏōŔŁŒ œŔŏ ŖŁŉōŜŌŅōŏ ŔŇŒ 
ŏŌŁńŏŐŏĿŇœľŒ ŔŏŕŒ. Ĩ ŝŐŁőŎŇ ńŏŌľŒ ŏŌŁńŏŐŏĿŇœŇŒ Ŕřō ŁŊőŏŔļŔřō ŁŌŖŉœłŇŔŅĿ ŔŇō 
ŕŐŜňŅœŇ ŔŇŒ ŗőŏōŉŊľŒ ŁōŅŎŁőŔŇœĿŁŒ ŔŏŕŒ ŊŁŉ  ĽŔœŉ, Ň ŊŁŔŁōŜŇœľ ŔŇŒ ŅĿōŁŉ ŊőĿœŉŌŇ 
ŃŉŁ Ŕŏō ŕńőŏŋŏŃŉŊŜ œŗŅńŉŁœŌŜ ŊŁŉ ŔŇō ŁōŔĿŋŇŘŇ ŔŇŒ ŗőŏōŉŊľŒ ŅŎĽŋŉŎŇŒ Ŕŏŕ 
Ŋŉōńŝōŏŕ. ĦńŞ, ŅŐŉńŉŞŊŅŔŁŉ (Ł) Ň ňŅřőŇŔŉŊľ ŊŁŉ ŅŌŐŅŉőŉŊľ œŝōńŅœŇ ŌŅŔŁŎŝ ŔŇŒ 
ńŕōŁŌŉŊľŒ ŏŌŁńŏŐŏĿŇœŇŒ Ŕřō ŁŊőŏŔļŔřō  ŊŁŉ ŔŇŒ ŌŁŊőŏŐőŜňŅœŌŇŒ ŅŌŌŏōľŒ, ńŇŋ. 
ŔŇŒ ńŕōŁŌŉŊľŒ HK, ŊŁŉ (ł) Ň ŌŅňŏńŏŋŏŃĿŁ ŁōļŊŔŇœŇŒ  ŔŇŒ ńŅŝŔŅőŇŒ, ńŇŋŁńľ ŔŇŒ 
ŅŌŌŏōľŒ ŔŇŒ œŔŏŗŁœŔŉŊľŒ ŁōĽŋŉŎŇŒ, ŁŐŜ ŔŇō ŐőŞŔŇ, ńŇŋŁńľ ŗőŏōŉŊľ œŕŌŐŅőŉŖŏőļ 
Ŕřō ŁŊőŏŔļŔřō ŔŇŒ. ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ œŕŋŋĽŃŅŔŁŉ ŌŉŁ ńŕœŅŝőŅŔŇ łļœŇ 
ŕńőŏŋŏŃŉŊľŒ ŐŋŇőŏŖŏőĿŁŒ ŁŐŜ 60 ŇŌŅőľœŉŏŕŒ łőŏŗŏŌŅŔőŉŊŏŝŒ œŔŁňŌŏŝŒ Łōļ Ŕŏō 
ŊŜœŌŏ ŌŅ Őļōř ŁŐŜ 150 ĽŔŇ ŇŌŅőľœŉřō ŊŁŔŁŃőŁŖŞō. 

ěōŁ ŃŅōŉŊŜ œŕŌŐĽőŁœŌŁ Őŏŕ ŐőŏŊŝŐŔŅŉ ŅĿōŁŉ ŜŔŉ Ň ńŕōŁŔŜŔŇŔŁ ŁōŁŃōŞőŉœŇŒ 
ŔŇŒ ŅŌŌŏōľŒ ŁŐŜ ŗőŏōŏœŅŉőĽŒ ŌŅŃĿœŔřō ŅĿōŁŉ ŐŅőŉŏőŉœŌĽōŇ ŊŁŉ ŅŎŁœňŅōŅĿ œŔŁńŉŁŊļ 
ŊŁňŞŒ ŁŕŎļōŅŔŁŉ Ŕŏ ŊŁŔŞŖŋŉ Őļōř ŁŐŜ Ŕŏ ŏŐŏĿŏ œŕŋŋĽŃŏōŔŁŉ ŔŁ ŁŊőŜŔŁŔŁ. ĳŔŇ 
ŗőŏōŉŊľ œŕŌŐŅőŉŖŏőļ  Ŕřō ŁŊőŏŔļŔřō ŕŐļőŗŅŉ œŇŌŁōŔŉŊľ ŅŐŉőőŏľ ŔŜœŏ ŁŐŜ ŔŉŒ 
ŉńŉŜŔŇŔŅŒ ŅŎļőŔŇœŇŒ ńŅŝŔŅőŇŒ ŔļŎŇŒ (ńŕōŁŌŉŊľ HK ) Ŝœŏ ŊŁŉ ŁŐŜ ŔŉŒ őŏŐĽŒ ŕŘŇŋľŒ 
ŔļŎŇŒ ŔŇŒ ŌŇŔőŉŊľŒ ŁōĽŋŉŎŇŒ, ŊŁŉ ŅŐŏŌĽōřŒ ŅĿōŁŉ ŁŐŁőŁĿŔŇŔŇ Ň ŅŐĿŃōřœŇ ŊŁŉ Ŕřō 
ńŕŏ ŃŉŁ ŔŇō ŊŁŔŁōŜŇœľ ŔŏŕŒ.  ěŔœŉ, ŅŊŔŉŌľœŅŉŒ ŔŇŒ œŕœŗĽŔŉœŇŒ Ŕřō ŁŊőŏŔļŔřō ŌŜōŏ 
ŌŅ ŌŅňŜńŏŕŒ ńŅŕŔĽőŁŒ ŔļŎŇŒ ŜŐřŒ Ŕŏ ŊŋŉŌŁŊŜŃőŁŌŌŁ ŊŁŉ ńŅĿŊŔŅŒ ŏŌŁńŏŐŏĿŇœŇŒ 
łŁœŉœŌĽōŏŉ œŔŇ ńŉŁœŐŏőļ, ŕŐŏŅŊŔŉŌŏŝō ŔŇ œŕœŗĽŔŉœŇ ŁŊőŏŔļŔřō ŁŐŜ ŁōŅŋĿŎŅŉŒ ŌŅ 
ŌŇ-ĤŊŁŏŕœŉŁōľ œŕŌŐŅőŉŖŏőļ, ŏŉ ŏŐŏĿŅŒ ŅŐŇőŅļņŏōŔŁŉ ŁŐŜ őŏŐĽŒ ŕŘŇŋŜŔŅőŇŒ 
ŔļŎŇŒ. ĤŉŁ Ŕŏ ŋŜŃŏ ŁŕŔŜ ŐőŏŔŅĿōŅŔŁŉ ĽōŁŒ ōĽŏŒ ŐŉňŁōŏŔŉŊŜŒ ńŅĿŊŔŇŒ Őŏŕ 
ŗŁőŁŊŔŇőĿņŅŉ ŔŇō ŏŌŁńŏŐŏĿŇœŇ łļœŅŉ ŔŇŒ ŐŉňŁōŜŔŇŔŁŒ ŌŇ ŕŐĽőłŁœŇŒ ŅōŜŒ 
ńŅńŏŌĽōŏŕ ŊŁŔřŖŋĿŏŕ œŅ ŊŋĿŌŁŊŁ ŊŁŉ ŏōŏŌļņŅŔŁŉ ńŅĿŊŔŇŒ NEPvS (Non-Exceedance 
Probability  vs Scale). İ ńŅĿŊŔŇŒ ŌŐŏőŅĿ ōŁ ŗŁőŁŊŔŇőĿœŅŉ ŔŇō ŏŌŁńŏŐŏĿŇœŇ Ŕřō 
ŁŊőŏŔļŔřō ŁŐŜ ŐŋľňŏŒ ŁōŅŋĿŎŅřō, œŕŌŐŅőŉŋŁŌłŁōŏŌĽōřō ŁŕŔŞō ŌŅ ŉœŗŕőľ 
ŅŌŌŏōľ, ŔŝŐŏŕ HK, ŊŁŉ łŁőŉĽŒ ŏŕőĽŒ ŊŁŔŁōŏŌľŒ. ıőŏŔŅĿōŅŔŁŉ ŌļŋŉœŔŁ ŊŁŉ 
ŐőŏœŁőŌŏŃľ ŅōŜŒ ŌŏōŔĽŋŏŕ Őŏŕ ŅĿŗŅ ŁőŗŉŊļ ŐőŏŔŁňŅĿ ŃŉŁ ŔŇō ŐŅőŉŃőŁŖľ ŔŇŒ 
ŐŉňŁōŜŔŇŔŁŒ ŌŇ łőŏŗľŒ (probability  dry) ŁŐŜ Koutsoyiannis  (2006), Ŕŏ ŏŐŏĿŏ ŌŐŏőŅĿ 
ōŁ ŗŁőŁŊŔŇőĿœŅŉ Ŕŏō ŐőŏŔŅŉōŜŌŅōŏ ŐŉňŁōŏŔŉŊŜ ńŅĿŊŔŇ řŒ ŅŎľŒ: 

ẐẑẨ
Ẑẓ Ẑ ẑẑ

Ẕ Ẩẙ Ẑẑ (1) 

ŜŐŏŕ ẈŅĿōŁŉ Ŕŏ ŊŁŔŞŖŋŉ ŃŉŁ ŔŁ ŁŊőŜŔŁŔŁ,  Ň ŐŅőŉňŞőŉŁ œŕōļőŔŇœŇ ŊŁŔŁōŏŌľŒ, ŊŁŉ 
Ẕ ŐŁőļŌŅŔőŏŉ œŔŏ (0, 1). ĤŉŁ ŔŉŌĽŒ Ŕřō ŐŁőŁŌĽŔőřō  = 1 ŊŁŉ  = 0.5, ŐőŏŊŝŐŔŅŉ Ň 
œŕŌŐŅőŉŖŏőļ ŁōĽŋŉŎŇŒ ĬŅŕŊŏŝ ĩŏőŝłŏŕ, ńŇŋŁńľ ŗőŏōŉŊľŒ ŁōŅŎŁőŔŇœĿŁŒ. īŁňŞŒ 
ŁŕŎļōŅŔŁŉ Ň ŅŌŌŏōľ ŔŇŒ ŌŇŔőŉŊľŒ ŁōĽŋŉŎŇŒ, ŁŕŎļōŅŔŁŉ Ň ŐŉňŁōŜŔŇŔŁ ŌŇ ŅŌŖļōŉœŇŒ 
ŁŊőŏŔļŔřō œŅ ŌŉŁ ŊŋĿŌŁŊŁ (ŁōŔĿœŔŏŉŗŁ, ŏ ŌŅĿŏō ŋŏŃļőŉňŌŏŒ ŔŇŒ ŐŉňŁōŜŔŇŔŁŒ 
ŌŅŉŞōŅŔŁŉ ŜŐřŒ ŖŁĿōŅŔŁŉ œŔŇō ĦŉŊŜōŁ 4) ŊŁŉ ŏŉ ŐŁőļŌŅŔőŏŉ Ŕŏŕ ŌŏōŔĽŋŏŕ ŃĿōŏōŔŁŉ  
ầẙ ŊŁŉ ẩẘẖẠ. ĢŕŔľ Ň œŕŌŐŅőŉŖŏőļ ŕŐŏńŇŋŞōŅŉ ŜŔŉ Ň ļŋŋŇ ŜŘŇ ŔŇŒ ŝŐŁőŎŇŒ 
ŏŌŁńŏŐŏĿŇœŇŒ Ŕřō ŁŊőŏŔļŔřō ŅĿōŁŉ Ň ŝŐŁőŎŇ ŐŁőŁŔŅŔŁŌĽōřō ŗőŏōŉŊŞō ŐŅőŉŜńřō 
ŗřőĿŒ ŁŊőŁĿŅŒ ŐŁőŁŔŇőľœŅŉŒ. 
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ĦŊŔŅŔŁŌĽōŅŒ ŐőŏœŏŌŏŉŞœŅŉŒ œŕōňŅŔŉŊŞō ŗőŏōŏœŅŉőŞō Monte Carlo ŃŉŁ 
łőŏŗŏŌŅŔőŉŊŏŝŒ œŔŁňŌŏŝŒ ĽńŅŉŎŁō ŁŐŏŊŋĿœŅŉŒ ŁŐŜ ŔŇ œŕŌŐŅőŉŖŏőļ ŁōŅŎŁőŔŇœĿŁŒ 
ŊŁŉ œŕŌŖřōĿŁ ŔŇŒ ŏŌŁńŏŐŏĿŇœŇŒ Ŕřō ŁŊőŏŔļŔřō ŌŅ ŔŉŒ ŉńŉŜŔŇŔŅŒ ŅŎļőŔŇœŇŒ (ńŏŌľ 
HK) ŊŁŉ ŊŁŔŁōŏŌľŒ (ŁŊőŉłľŒ ńŉŁŔľőŇœŇ 4 ŐőŞŔřō őŏŐŞō) ŔŇŒ ŌŇŔőŉŊľŒ ŁōĽŋŉŎŇŒ, 
ŜŐřŒ ŖŁĿōŅŔŁŉ œŔŇō ĦŉŊŜōŁ 4. 

 

 
ĦŉŊŜōŁ 4 ĭŅĿŏō ŖŕœŉŊŜŒ ŋŏŃļőŉňŌŏŒ ŔŇŒ ŐŉňŁōŜŔŇŔŁŒ ŌŇ ŕŐĽőłŁœŇŒ Ŕŏŕ ŊŁŔřŖŋĿŏŕ ŐőŏŒ 
ŔŇō ŊŋĿŌŁŊŁ ŃŉŁ 28 ŗőŏōŏœŅŉőĽŒ łőŏŗľŒ œŔŇō İŋŋŁōńĿŁ ŌŅ ŁŖŁĿőŅœŇ ŅŐŏŗŉŊŜŔŇŔŁŒ 2 
ŐőŞŔřō őŏŐŞō, ŊŁňŞŒ ŊŁŉ 95% ŜőŉŁ Monte Carlo ŃŉŁ ňŅřőŇŔŉŊŜ ŌŏōŔĽŋŏ ŌŅ œŕœŗĽŔŉœŇ HK  
ŌŅ =0.7 ŊŁŉ ńŉŁŔľőŇœŇ 4 ŐőŞŔřō őŏŐŞō, ŃŉŁ 4 ńŉŁŖŏőŅŔŉŊļ ŊŁŔŞŖŋŉŁ ŁŊőŏŔļŔřō: (a) 10%, 
(b) 5%, (c) 1% ŊŁŉ (d) 0.5%. 

īŁŔŁŋľŃŏŕŌŅ œŔŏ œŕŌŐĽőŁœŌŁ ŜŔŉ ŔŁ ŁŊőŜŔŁŔŁ ŔŅĿōŏŕō ōŁ ªŊőŝłŏŕō· ŔŇō 
ŅŌŌŏōľ ŔŇŒ ŌŇŔőŉŊľŒ œŔŏŗŁœŔŉŊľŒ ŁōĽŋŉŎŇŒ, ŏńŇŃŞōŔŁŒ œŕŗōļ œŇŌŁĿōŅŉ 
ŋŁōňŁœŌĽōŁ œŔŏ œŕŌŐĽőŁœŌŁ ŔŇŒ ŗőŏōŉŊľŒ ŁōŅŎŁőŔŇœĿŁŒ. İŉ ŅŐŉŐŔŞœŅŉŒ ŜŌřŒ ŔŇŒ 
ŅŌŌŏōľŒ œŔŇō ŅŊŔĿŌŇœŇ Ŕřō ŁŊőŏŔļŔřō ŅĿōŁŉ ŕŐŁőŊŔĽŒ, ŐŁőŜŋŏ Őŏŕ Ň ŉœŗŝŒ Ŕřō 
ŅōńŅĿŎŅřō ŁŐŜ œŕōľňŅŉŒ ŗőŏōŏœŅŉőĽŒ ŅĿōŁŉ œŕŗōļ ŁńŝōŁŌŇ.  
 
ĦıĪĥĲĢĳĨ ĦĭĭİĮĨĳ ĳĴĨĮ ıĦĲĪĩĹĲĪĢ īĢĴĢĮİĭĨ ĴĹĮ ĢīĲİĴĢĴĹĮ 

īĢĪ ĪĥĪİĴĨĴĹĮ Ĵİĵĳ  

Tŏ īŅŖļŋŁŉŏ 6 ŅŎŅŔļņŅŉ ŔŇō ŅŐĿńőŁœŇ ŔŇŒ ŅŎļőŔŇœŇŒ œŔŇō ŐŅőŉňŞőŉŁ ŊŁŔŁōŏŌľ Ŕřō 
ŁŊőŏŔļŔřō ŊŁňŞŒ ŊŁŉ Ŕřō ŗŁőŁŊŔŇőŉœŔŉŊŞō ŉńŉŏŔľŔřō ŔŏŕŒ.  

ĳŔŏ ŐŋŁĿœŉŏ ŁŕŔŜ ŁŎŉŏŋŏŃŅĿŔŁŉ ŁőŗŉŊļ ŌĽœř ŅŊŔŅŔŁŌĽōřō ŐőŏœŏŌŏŉŞœŅřō 
Monte Carlo Ň ŅŖŁőŌŏœŉŌŜŔŇŔŁ Ŕřō ňŅřőŇŌļŔřō ŔŇŒ ňŅřőĿŁŒ ŁŊőŁĿřō ŔŉŌŞō ŊŁŉ 
ŅŉńŉŊļ Ň ŉœŗŝŒ ŔŇŒ ĤŅōŉŊŅŕŌĽōŇŒ īŁŔŁōŏŌľŒ ĢŊőŏŔļŔřō ŃŉŁ ĽŌŌŏōŅŒ œŔŏŗŁœŔŉŊĽŒ 
ŁōŅŋĿŎŅŉŒ ŌŅ ŅŎļőŔŇœŇ ŔŝŐŏŕ HK . ĶŁĿōŅŔŁŉ ŜŔŉ Ň ŐőŏœŁőŌŏŃľ ŔŇŒ ŊŁŔŁōŏŌľŒ ŌŅ ŔŇ 
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ŌĽňŏńŏ œŔŁňŌŉœŌĽōřō ŅŋŁŗĿœŔřō ŔŅŔőŁŃŞōřō ŅĿōŁŉ Őŏŋŝ ŉŊŁōŏŐŏŉŇŔŉŊľ ŁŊŜŌŇ ŊŁŉ 
ŃŉŁ ŌŇ ŁœŕŌŐŔřŔŉŊĽŒ œŕōňľŊŅŒ ŁōŅŋĿŎŅřō ŌŅ ĽōŔŏōŇ ŅŎļőŔŇœŇ. ĢŐŜ ŔŇō ļŋŋŇ 
ŐŋŅŕőļ, ŅĿōŁŉ ŁŌŖŉœłŇŔľœŉŌŏ Ņļō Ň ňŅřőĿŁ Ŕŏŕ ńŅĿŊŔŇ ŁŊőŁĿŁŒ œŕœŗĽŔŉœŇŒ (extremal 
index) ŃŉŁ ŁōŅŋĿŎŅŉŒ Őŏŕ ŐŁőļŃŏŕō ŌŜōŏ łőŁŗŕŐőŜňŅœŌŇ ŏŌŁńŏŐŏĿŇœŇ ŁŊőŏŔļŔřō 
ŅŐŁőŊŅĿ ŃŉŁ ōŁ ŐŅőŉŃőļŘŅŉ ŁŊőŜŔŁŔŁ ŁŐŜ ĽŌŌŏōŅŒ ŁōŅŋĿŎŅŉŒ. İŉ ŔŅŋŅŕŔŁĿŅŒ 
ŅŌŖŁōĿņŏŕō ŔŉŒ ŅŎľŒ ŉńŉŜŔŇŔŅŒ ŊŁŔŁōŏŌľŒ œŅ œŗĽœŇ ŌŅ ŐŋľőřŒ ŁōŅŎļőŔŇŔŅŒ 
ŁōŅŋĿŎŅŉŒ: (Ł) Ň ŐŁőļŌŅŔőŏŒ ŊŋĿŌŁŊŁŒ, Őŏŕ œŗŅŔĿņŅŔŁŉ ŌŅ ŔŇ ŌŅŔŁłŋŇŔŜŔŇŔŁ Ŕřō 
ŁŊőŏŔļŔřō, ŁŕŎļōŅŔŁŉ řŒ ŁŐŏŔĽŋŅœŌŁ ŔŇŒ ŁŕŎŇŌĽōŇŒ ŌŅŔŁłŋŇŔŜŔŇŔŁŒ ŔŇŒ 
ĽŌŌŏōŇŒ ŁōĽŋŉŎŇŒ œŔŇō ĿńŉŁ ŊŋĿŌŁŊŁ, (ł) Ň ŐŁőļŌŅŔőŏŒ ňĽœŇŒ ŔŇŒ ŊŁŔŁōŏŌľŒ 
ŌŅŉŞōŅŔŁŉ řŒ ŁŐŏŔĽŋŅœŌŁ ŔŇŒ ŏŌŁńŏŐŏĿŇœŇŒ Ŕřō ŁŊőŏŔļŔřō œŅ ŋŉŃŜŔŅőŅŒ 
ŊŋĿŌŁŊŅŒ, Łŋŋļ (Ń) Ň ŐŁőļŌŅŔőŏŒ œŗľŌŁŔŏŒ ńŅō ŅŐŇőŅļņŅŔŁŉ, ŊŁňŞŒ ňŅřőŇŔŉŊļ 
ŔŁŕŔĿņŅŔŁŉ ŌŅ ŔŇō ŐŁőļŌŅŔőŏ œŗľŌŁŔŏŒ ŔŇŒ ŏŕőļŒ ŔŇŒ ŐŅőŉňŞőŉŁŒ ŊŁŔŁōŏŌľŒ ŔŇŒ 
ŌŇŔőŉŊľŒ ŁōĽŋŉŎŇŒ. 

ĢōŁńŅŉŊōŝŅŔŁŉ ŅŐĿœŇŒ Ň ŅŐŉőőŏľ ŔŇŒ ŅŎļőŔŇœŇŒ œŔŉŒ ŉńŉŜŔŇŔŅŒ Ŕřō ŁŊőŁĿřō 
ŐŁőŁŔŇőľœŅřō ļōř ŊŁŔřŖŋĿŏŕ (Peaks Over Threshold; POT) œŅ ŅŔľœŉŁ ŊŋĿŌŁŊŁ. Ĩ 
ŁŐŏŕœĿŁ ŃŅŃŏōŜŔřō POT œŅ ĽōŁ ĽŔŏŒ ŅĿōŁŉ Őŉŏ ŐŉňŁōľ ŁŐŜ ŔŇō ŐŅőĿŐŔřœŇ ŔŇŒ 
ŐŋľőŏŕŒ ŁōŅŎŁőŔŇœĿŁŒ, Łŋŋļ œŔŇō ŐŅőĿŐŔřœŇ Őŏŕ ŁŕŔļ ŅŌŖŁōŉœŔŏŝō, ŁōŁŌĽōŅŔŁŉ 
ŕŘŇŋŜŔŅőŇ ńŉļőŊŅŉŁ ŔŇŒ ªœŕœŔļńŁŒ· ŁŊőŏŔļŔřō ŊŁŉ ŌŅŃŁŋŝŔŅőŇ ĽōŔŁœŇ. 
İŉ ŅŐŉŐŔŞœŅŉŒ ŁŖŏőŏŝō ŔŜœŏ ŔŇō ŅŊŔĿŌŇœŇ Ŕřō Ŋŉōńŝōřō ŐŋŇŌŌŝőŁŒ, řŒ ŐőŏŒ ŔŇō 
ŅŊŔĿŌŇœŇ ŔŇŒ ŗőŏōŉŊľŒ ŐŅőŉŜńŏŕ Őŏŕ ŌŉŁ ŐŅőŉŏŗľ ŅĿōŁŉ ŕŐŜ ŊŁŔļŊŋŉœŇ (Dimitriadis  
and Koutsoyiannis, 2020), Ŝœŏ ŊŁŉ ŔŇō ŅŊŔĿŌŇœŇ ŔŇŒ œŕŋŋŏŃŉŊľŒ ńŉŁŊŉōńŝōŅŕœŇŒ ŁŐŜ 
ŁňőŏŉœŔŉŊľ ĽŊňŅœŇ œŔŏō ŊĿōńŕōŏ Őŏŕ ŁŖŏőļ ŉńŉŁĿŔŅőŁ ŔŉŒ ŁœŖŁŋŉœŔŉŊĽŒ ŐőŁŊŔŉŊĽŒ 
ĽōŁōŔŉ ŖŕœŉŊŞō ŊŁŔŁœŔőŏŖŞō (Serinaldi and Kilsby , 2016b; Goulianou  et al., 2019; 
Manolis  et al., 2020; Papoulakos et al., 2020).  

ĢŐŜ ŔŇ ŌŅŋĽŔŇ ŗőŏōŏœŅŉőŞō łőŏŗŏŐŔŞœŅřō ŊŁŉ ŁŐŏőőŏŞō œŔŇō ĿńŉŁ 
ŕńőŏŋŏŃŉŊľ ŐŅőŉŏŗľ, ŐőŏĽŊŕŘŁō ŁŐŏŊŋĿœŅŉŒ ŔŇŒ ŗőŏōŉŊľŒ œŕŌŐŅőŉŖŏőļŒ Ŕřō 
ŁŊőŏŔļŔřō ŔŏŕŒ ŁŐŜ ŔŇō ŔŕŐŉŊľ œŕŌŐŅőŉŖŏőļ ŁōŅŎŁőŔŇœĿŁŒ, ŏŉ ŏŐŏĿŅŒ ľŔŁō Őŉŏ 
ĽōŔŏōŅŒ œŔŇō ŅŔľœŉŁ ŊŋĿŌŁŊŁ ŃŉŁ ŔŉŒ ŁŐŏőőŏĽŒ, ŜŐřŒ ŖŁĿōŅŔŁŉ œŔŇō ĦŉŊŜōŁ 5.  

 
ĦŉŊŜōŁ 5 ıŉňŁōŜŔŇŔŅŒ ŕŐĽőłŁœŇŒ Ŕřō ŅŔľœŉřō ŌŅŃĿœŔřō ŃŉŁ ŔŉŒ ŐŁőŁŔŇőŇŌĽōŅŒ 
ŗőŏōŏœŅŉőĽŒ ŊŁŉ ŗőŏōŏœŅŉőĽŒ ĿńŉŁ ŐŅőŉňŞőŉŁŒ ŊŁŔŁōŏŌľŒ Łŋŋļ ŁŐŏŕœĿŁŒ œŕœŗĽŔŉœŇŒ ŌĽœř 
ŔŕŗŁĿŁŒ ŁōŁńŉļŔŁŎŇŒ (shuffled  data) ŃŉŁ Ŕŏ œŔŁňŌŜ łőŏŗľŒ œŔŇ Bologna ŊŁŉ ŇŌŅőľœŉřō 
ŁŐŏőőŏŞō Ŕŏŕ ŐŏŔŁŌŏŝ Po. 
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ĭŏōŔĽŋŁ ŔŝŐŏŕ HK  ŐőŏœŁőŌŏœŌĽōŁ œŔŁ ńŅńŏŌĽōŁ ŁōŁŐŁőľŃŁŃŁō ŌŅ 
ŅŐŉŔŕŗĿŁ ŔŁ ŐŁőŁŔŇőŇŌĽōŁ ŗőŏōŉŊļ ŐőŜŔŕŐŁ Ŕřō ŁŊőŏŔļŔřō, ŜŐřŒ ŖŁĿōŅŔŁŉ œŔŇō 
ĦŉŊŜōŁ 6 ŃŉŁ Ŕŏō ŐŏŔŁŌŜ Po, ńŅĿŗōŏōŔŁŒ ŔŉŒ ńŕōŁŔŜŔŇŔŅŒ Ŕŏŕ œŔŏŗŁœŔŉŊŏŝ ŐŋŁŉœĿŏŕ 
HK  řŒ ŐőŏŒ ŔŇō ŅŎľŃŇœŇ ŊŁŉ ŁōŁŐŁőŁŃřŃľ ŔŇŒ ŗőŏōŉŊľŒ ŌŅŔŁłŋŇŔŜŔŇŔŁŒ Ŕřō 
ŁŊőŏŔļŔřō. 

 
ĦŉŊŜōŁ 6 ĪńŉŜŔŇŔŅŒ Ŕřō ŌŅŃĿœŔřō ļōř ŊŁŔřŖŋĿŏŕ (POT) ŃŉŁ ŔŇō ŗőŏōŏœŅŉőļ ŁŐŏőőŏŞō Ŕŏŕ 
ŐŏŔŁŌŏŝ Po (90 ĽŔŇ) ŊŁŉ 1000 œŕōňŅŔŉŊĽŒ ŗőŏōŏœŅŉőĽŒ  ŁŐŜ œŔŏŗŁœŔŉŊŜ ŌŏōŔĽŋŏ ńŏŌľŒ HK : 
(a) ŊŁŔŁōŏŌľ œŕŗōŜŔŇŔŁŒ ŅŌŖļōŉœŇŒ Ŕřō ŌŅŃĿœŔřō Łōļ ŗőŜōŏ, (b) ŐŉňŁōŜŔŇŔŁ ŕŐĽőłŁœŇŒ 
ŔŇŒ ŁňőŏŉœŔŉŊľŒ ĽōŔŁœŇŒ ŌŅŃĿœŔřō œŔŏ ĽŔŏŒ, (c) œŗĽœŇ Ŕŏŕ ŁőŉňŌŏŝ  ŌŅŃĿœŔřō Łōļ ĽŔŏŒ ŌŅ 
ŔŇ ŌĽœŇ ĽōŔŁœľ ŔŏŕŒ, ŊŁŉ (d) ŊŁŔŁōŏŌľ ŔŇŒ ŗőŏōŉŊľŒ ńŉļőŊŅŉŁŒ ŏŌļńŁŒ ŌŅŃĿœŔřō. 

 
īĬĪĭĢĴĪīĦĳ ıĲİģĬĦĸĦĪĳ ĴĢĳĦĹĮ ĭĦĬĬİĮĴĪīĹĮ ģĲİķİıĴĹĳĦĹĮ 

Ĵŏ ŊŅŖļŋŁŉŏ 8 ŅŎŅŔļņŅŉ ŔŇ ňŅřőŇŔŉŊľ ŊŁŉ ŅŌŐŅŉőŉŊľ łļœŇ ŔŇŒ ŌŅňŏńŏŋŏŃĿŁŒ 
ŌŏōŔŅŋŏŐŏĿŇœŇŒ ŊŁŉ ŐőŜłŋŅŘŇŒ ŊŋŉŌŁŔŉŊŞō ŔļœŅřō œŔŇ łőŏŗŜŐŔřœŇ.  īŁňŞŒ Ň 
ňŅřőĿŁ ŔŇŒ ŁōňőřŐŏŃŅōŏŝŒ ŊŋŉŌŁŔŉŊľŒ ŁŋŋŁŃľŒ ŐőŏłŋĽŐŅŉ ŔŇō ŅōŔŁŔŉŊŏŐŏĿŇœŇ 
Ŕŏŕ ŊŝŊŋŏŕ Ŕŏŕ ōŅőŏŝ  ŊŁŉ Ŕřō ŁŊőŏŔļŔřō œŔŏ ŌĽŋŋŏō, ĽōŁ ŌŅŃļŋŏ ŌĽőŏŒ ŔŇŒ 
œŝŃŗőŏōŇŒ ĽőŅŕōŁŒ ŃŉŁ ŔŁ ŁŊőŜŔŁŔŁ œŔŇō ŕńőŏŋŏŃĿŁ ŐŅőŉœŔőĽŖŅŔŁŉ Ńŝőř ŁŐŜ ŔŇ 
ōŔŅŔŅőŌŉōŉœŔŉŊľ ŌŅŋĽŔŇ Ŕřō ŗőŏōŉŊŞō ŁŋŋŁŃŞō Ŕřō ŁŊőŏŔļŔřō œŅ ŊŋŉŌŁŔŉŊľ 
ŊŋĿŌŁŊŁ, ŜŐřŒ ŖŁĿōŅŔŁŉ ŊŁŉ œŔŇō ĦŉŊŜōŁ 7.  
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ĦŉŊŜōŁ 7 ķőŏōŉŊľ ŌŅŔŁłŏŋľ ŊŁŉ ŊŉōŏŝŌŅōŏŒ ŌĽœŏŒ ŜőŏŒ Ŕŏŕ ŋŜŃŏŕ ŅŌŖļōŉœŇŒ ŔŇŒ ŋĽŎŇŒ 
Ǌtrendsǋ œŅ ńŇŌŏœŉŅŝœŅŉŒ Ŕŏŕ Google Scholar Őŏŕ ŐŅőŉĽŗŏŕō ľńŇ Ŕŏ œŕōńŕŁœŌŜ ŋĽŎŅřō 
Ǌprecipitation ǋ, Ǌhydrology ǋ ŊŁŉ Ǌextremesǋ. 

ĦōŞ Ň ŁōļŋŕœŇ ŉœŔŏőŉŊŞō ŔļœŅřō řŒ ŐőŏŒ ŔŇō ǊœŔŁŔŉœŔŉŊľ œŇŌŁōŔŉŊŜŔŇŔŁǋ 
ŔŏŕŒ ĽŗŅŉ ŊŕőŉŁőŗľœŅŉ œŔŇ łŉłŋŉŏŃőŁŖĿŁ, Ň ŁŎŉŏŋŜŃŇœŇ ŔŇŒ ŐőŏŃōřœŔŉŊľŒ 
ŉŊŁōŜŔŇŔļŒ ŔŏŕŒ řŒ ŌŏōŔĽŋřō ńŅō ĽŗŅŉ ŁŎŉŏŋŏŃŇňŅĿ, ŐŁőļ ŔŇō ŐőŏŖŁōľ œŇŌŁœĿŁ 
Őŏŕ ŅōĽŗŅŉ ŃŉŁ Ŕŏō ŌŅŋŋŏōŔŉŊŜ œŗŅńŉŁœŌŜ ĽōŁōŔŉ Ŋŉōńŝōřō. ĢŕŔľ Ň ĽőŅŕōŁ 
ŅŐŁōŁŔŏŐŏňŅŔŅĿ Ŕŏ ŐőŜłŋŇŌŁ ŔŇŒ ŁŎŉŏŋŜŃŇœŇŒ ŔļœŅřō, řŒ ŐőŜłŋŇŌŁ ŅŐŉŋŏŃľŒ 
ŌŏōŔĽŋŏŕ Őŏŕ ŐőŏœŁōŁŔŏŋĿņŅŔŁŉ œŔŇō ŁōŁŃōŞőŉœŇ Ŕŏŕ ŌŏōŔĽŋŏŕ ŌŅ ŔŉŒ ŊŁŋŝŔŅőŅŒ 
ŐőŏŃōřœŔŉŊĽŒ ŉńŉŜŔŇŔŅŒ, Ŕŏ ŏŐŏĿŏ ńŅō ŅĿōŁŉ ŏŝŔŅ ŉœŏńŝōŁŌŏ ŌŅ Ŕŏ ªŐőŁŃŌŁŔŉŊŜ· 
ŌŏōŔĽŋŏ ŏŝŔŅ ŌŅ Ŕŏ ŌŏōŔĽŋŏ Őŏŕ ŅŎŇŃŅĿ ŊŁŋŝŔŅőŁ ŔŇō ŐŅőĿŏńŏ łŁňŌŏōŜŌŇœŇŒ.  

ĤŉŁ Ŕŏ œŊŏŐŜ ŁŕŔŜ, ŅŉœļŃŅŔŁŉ ĽōŁ œŕœŔŇŌŁŔŉŊŜ ŐŋŁĿœŉŏ ŅŐŉŊŝőřœŇŒ Ŕřō 
ŐőŏŃōŞœŅřō Ŕřō ŔļœŅřō ŌĽœř ŔŇŒ œŝŃŊőŉœŇŒ Ŕŏŕ œŖļŋŌŁŔŏŒ ŐőŜłŋŅŘŇŒ (RMSE) 
ŌŅ ŁŕŔŜ Őŏŕ ŋŁŌłļōŅŔŁŉ ŁŐŜ ŁŐŋŏŝœŔŅőŁ ŌŏōŔĽŋŁ ŌĽœŏŕ Ŝőŏŕ. Ĵŏ ŌľŊŏŒ ŔŇŒ 
ŗőŏōŏœŅŉőļŒ ŅŐŉŌŅőĿņŅŔŁŉ œŅŉőŉŁŊļ œŅ ŐŅőŉŜńŏŕŒ łŁňŌŏōŜŌŇœŇŒ ŊŁŉ 30ŅŔĿŅŒ 
ŅŐŉŊŝőřœŇŒ ŊŁŉ ŁŎŉŏŋŏŃŏŝōŔŁŉ ŏŉ ŐőŏŃōŞœŅŉŒ ŌŅ łļœŇ ŔŉŒ ŔŏŐŉŊĽŒ ŔļœŅŉŒ (local 
trends), ŔŉŒ ŔļœŅŉŒ ŁŐŜ Ŝŋŏ Ŕŏ ŌľŊŏŒ ŔŇŒ ŗőŏōŏœŅŉőļŒ (global trends), Ŕŏō ŔŏŐŉŊŜ 
ŌĽœŏ Ŝőŏ (local mean) ŊŁŉ Ŕŏō ŏŋŉŊŜ ŌĽœŏ Ŝőŏ (global mean). ĴŁ ŌŏōŔĽŋŁ 
ŁŎŉŏŋŏŃŏŝōŔŁŉ řŒ ŐőŏŒ ŔŁ œŖļŋŌŁŔļ ŔŏŕŒ œŔŉŒ ŐőŏłŋĽŘŅŉŒ ŔŇŒ ŅŔľœŉŁŒ ŌĽŃŉœŔŇŒ, 
œŕōŏŋŉŊľŒ ŊŁŉ ŌĽœŇŒ łőŏŗŜŐŔřœŇŒ ŊŁňŞŒ ŊŁŉ ŔŇŒ ŅŔľœŉŁŒ ŐŉňŁōŜŔŇŔŁŒ ŌŇ łőŏŗľŒ 
ŃŉŁ 30 ĽŔŇ ŌŅŔŁŃŅōĽœŔŅőŁ ŔŇŒ ŐŅőŉŜńŏŕ łŁňŌŏōŜŌŇœŇŒ Ŕřō ŌŏōŔĽŋřō. ĴŁ 
ŁŐŏŔŅŋĽœŌŁŔŁ ŜŐřŒ ŐőŏŊŝŐŔŏŕō ŁŐŜ Ŕŏ œŝōŏŋŏ Ŕřō 60 œŔŁňŌŞō ļōř Ŕřō 150 ŅŔŞō 
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ńŅĿŗōŏŕō ŜŔŉ ŔŁ ŌŏōŔĽŋŁ ŊŁŔŁŔļœœŏōŔŁŉ ŁŐŜ Ŕŏ ŊŁŋŝŔŅőŏ œŔŏ ŗŅŉőŜŔŅőŏ řŒ ŅŎľŒ: 
ŔŏŐŉŊŜŒ ŌĽœŏŒ ŜőŏŒ, ŏŋŉŊŜŒ ŌĽœŏŒ ŜőŏŒ, ŏŋŉŊľ ŔļœŇ ŊŁŉ ŔŏŐŉŊľ ŔļœŇ (ĦŉŊŜōŁ 8).  
 

 
ĦŉŊŜōŁ 8 īŁŔŁōŏŌľ Ŕŏŕ ŌĽœŏŕ œŖļŋŌŁŔŏŒ ŐőŜłŋŅŘŇŒ (RMSE) ŊŁŉ ŔŇŒ ŔŕŐŉŊľŒ Ŕŏŕ 
ŁŐŜŊŋŉœŇŒ ŜŐřŒ ŅŊŔŉŌľňŇŊŅ ŁŐŜ ŔŇō ŅŐŉŊŝőřœŇ Ŕřō 4 ŐőŏŃōřœŔŉŊŞō ŌŏōŔĽŋřō œŅ 
ńŉŁńŏŗŉŊŏŝŒ ŅŐŉŌŅőŉœŌŏŝŒ Ŕŏŕ œŕōŏŋŉŊŏŝ ŌľŊŏŕŒ Ŕřō ŗőŏōŏœŅŉőŞō ŊŁŉ ŃŉŁ ŔŏŕŒ 60 
œŔŁňŌŏŝŒ łőŏŗŜŐŔřœŇŒ.  
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Ĩ ŎŅŗřőŉœŔľ ŅŎĽŔŁœŇ ŔŇŒ ŐŋĽŏō ŐőŜœŖŁŔŇŒ ŐŅőŉŜńŏŕ 30 ŅŔŞō ŃŉŁ ŊļňŅ œŔŁňŌŜ 
ŅŐŉłŅłŁĿřœŅ ŅŐĿœŇŒ ŔŇō ŐŁőŁŐļōř ŊŁŔļŔŁŎŇ Ŕřō ŌŏōŔĽŋřō, ŅōŞ ŊŁŌĿŁ œŕŃŊőŉŔŉŊľ 
ŁŝŎŇœŇ ŔŇŒ ŐőŏłŋŅŘŉŌŜŔŇŔŁŒ ńŅō ŅōŔŏŐĿœŔŇŊŅ ŃŉŁ Ŕŏ ŌŏōŔĽŋŏ ŔŏŐŉŊľŒ ŔļœŇŒ ŊŁŔļ 
ŔŇō Ŋŏŉōľ ŔŅŋŅŕŔŁĿŁ ŐŅőĿŏńŏ (1980-2009). ĴŁ ŁŐŏŔŅŋĽœŌŁŔŁ ńŅĿŗōŏŕō ŜŔŉ Ň 
ŌŅŋŋŏōŔŉŊľ ŌŅŔŁłŋŇŔŜŔŇŔŁ ŔŇŒ łőŏŗŜŐŔřœŇŒ ŐőŏłŋĽŐŅŔŁŉ ŊŁŔļ ŌĽœŏ Ŝőŏ 
ŊŁŋŝŔŅőŁ ŁŐŜ ŔŁ Őŉŏ ŖŅŉńřŋļ ŌŏōŔĽŋŁ ŌĽœŏŕ Ŝőŏŕ, ŃŅŃŏōŜŒ Ŕŏ ŏŐŏĿŏ 
ŕŐŏœŔŇőĿņŅŔŁŉ ŊŁŉ ŐŅŉőŁŌŁŔŉŊļ ŌĽœř ŐőŏœŏŌŏŉŞœŅřō ĽŌŌŏōřō ŁōŅŋĿŎŅřō. ĤŉŁ Ŀńŉŏ 
ŌľŊŏŒ ŗőŏōŏœŅŉőļŒ œŔŇō ŐŅőĿŐŔřœŇ ŉœŗŕőľŒ ŅŌŌŏōľŒ, ŏ ŔŏŐŉŊŜŒ ŌĽœŏŒ ĽŗŅŉ 
ŊŁŋŝŔŅőŅŒ ŉńŉŜŔŇŔŅŒ ŐőŜłŋŅŘŇŒ ŁŐŜ  Ŕŏō ŏŋŉŊŜ. ĳŅ œŗĽœŇ ŌŅ ŗőŏōŉŊļ ŁōŅŎļőŔŇŔŅŒ 
ŁōŅŋĿŎŅŉŒ, ŏŉ ĽŌŌŏōŅŒ ŁōŅŋĿŎŅŉŒ ŗŁőŁŊŔŇőĿņŏōŔŁŉ ŁŐŜ ŁŕŎŇŌĽōŇ ŌŅŔŁłŋŇŔŜŔŇŔŁ œŅ 
ŌŅŃļŋŅŒ ŊŋĿŌŁŊŅŒ. ķřőĿŒ ŅŐĿŃōřœŇ ŁŕŔľŒ ŔŇŒ ŉńŉŜŔŇŔļŒ ŔŏŕŒ,  Ň ŌŅŔŁłŋŇŔŜŔŇŔŁ 
ŁŕŔľ ŌŐŏőŅĿ ŅŝŊŏŋŁ ōŁ ŐŁőŅőŌŇōŅŕŔŅĿ řŒ ªœŕœŔŇŌŁŔŉŊľ ŔļœŇ· ŅŉńŉŊļ œŅ ŌŉŊőļ 
ŔŌľŌŁŔŁ Ŕřō ŗőŏōŏœŅŉőŞō ŔŏŕŒ.  

ĳŅ ŊļňŅ ŐŅőĿŐŔřœŇ ŐőŏŊŝŐŔŅŉ ŜŔŉ ŅŌŐŅŉőŉŊļ ńŅō ŔŅŊŌŇőŉŞōŅŔŁŉ Ň ŐőŁŊŔŉŊľ 
ŔŇŒ ŐőŏĽŊŔŁœŇŒ ŊŋŉŌŁŔŉŊŞō ŔļœŅřō łőŏŗŜŐŔřœŇŒ œŔŏ ŌĽŋŋŏō. Ĩ ŅŃŃŅōľŒ 
ŌŅŔŁłŋŇŔŜŔŇŔŁ ŔŇŒ łőŏŗŜŐŔřœŇŒ ŊŁňŉœŔļ ŏŝŔřŒ ľ ļŋŋřŒ ńŕœŗŅőľ ŔŇō ŐőŜłŋŅŘľ 
ŔŇŒ œŅ ŌŅŃļŋŅŒ ŊŋĿŌŁŊŅŒ, Őŏŋŝ ŐŅőŉœœŜŔŅőŏ ńŅ ŜŔŁō Ň ŐŏŋŕŐŋŏŊŜŔŇŔŁ Ŕřō 
ŐőŏŃōřœŔŉŊŞō ŌŏōŔĽŋřō ŁŕŎļōŅŔŁŉ. 
 
ĦıĪĬİĤİĳ īĢĪ īĢĴĦĵĩĵĮĳĦĪĳ ıĦĲĢĪĴĦĲĹ ĦĲĦĵĮĢĳ 

İ ŊŅōŔőŉŊŜŒ œŔŜŗŏŒ ŁŕŔľŒ ŔŇŒ ńŉŁŔőŉłľŒ ŅĿōŁŉ Ň œŔŏŗŁœŔŉŊľ ńŉŅőŅŝōŇœŇ ŊŁŉ 
ŌŏōŔŅŋŏŐŏĿŇœŇ ŔŇŒ ŗőŏōŉŊľ ŌŅŔŁłŋŇŔŜŔŇŔŁŒ ŊŁŉ ŅŎļőŔŇœŇŒ Ŕřō ŁŊőŏŔļŔřō ŁŐŜ 
ŅŐŏŗŉŊĽŒ ĽřŒ ŊŋŉŌŁŔŉŊĽŒ ŊŋĿŌŁŊŅŒ. ģŁœŉŊľ ŊŁŉōŏŔŏŌĿŁ ŁŐŏŔŅŋŅĿ Ň ŁōŁŃōŞőŉœŇ Ŕřō 
ŗőŏōŉŊŞō œŕŌŐŅőŉŖŏőŞō Ŕřō ŁŊőŏŔļŔřō ŊŁŉ Ň ŏőŃŁōŉŊľ œŝōńŅœľ ŔŏŕŒ ŌŅ ŔŉŒ 
ŅŃŃŅōŅĿŒ ŉńŉŜŔŇŔŅŒ ŔŇŒ ŌŇŔőŉŊľŒ ŕńőŏŋŏŃŉŊľŒ ńŉŅőŃŁœĿŁŒ. ĭŉŁ ŔĽŔŏŉŁ ŐőŏœĽŃŃŉœŇ 
ńŇŌŉŏŕőŃŅĿ ĽōŁ ōĽŏ ŐőĿœŌŁ ŊŁŔŁōŜŇœŇŒ ŔŇŒ ńŕōŁŌŉŊľŒ Ŕřō ŕńőŏŋŏŃŉŊŞō ŁŊőŏŔļŔřō 
Őŏŕ ŌŐŏőŅĿ ōŁ łŅŋŔŉŞœŅŉ œŇŌŁōŔŉŊļ ŔŇō ŁōŔĿŋŇŘŇ Ŕŏŕ œŗŅŔŉŊŏŝ Ŋŉōńŝōŏŕ œŔŏ ŗőŜōŏ  
ŊŁŉ ōŁ ŗőŇœŉŌŏŐŏŉŇňŅĿ ŃŉŁ ŔŇō ŁōŁłļňŌŉœŇ ŐőŁŊŔŉŊŞō ŌŅŔőŉŁœŌŏŝ ŔŇŒ ŕńőŏŋŏŃŉŊľŒ 
ńŉŁŊŉōńŝōŅŕœŇŒ.  
ıŅőŁŉŔĽőř ĽőŅŕōŁ ŅĿōŁŉ ŁŐŁőŁĿŔŇŔŇ ŃŉŁ Ŕŏō ŅōŔŏŐŉœŌŜ ŊŏŉōŞō ńŏŌŞō ŅŎļőŔŇœŇŒ 

ŁŊőŏŔļŔřō ŔŇŒ łőŏŗŜŐŔřœŇŒ ŊŁŉ ŁŐŏőőŏľŒ œŅ ŐŏŋŋŁŐŋĽŒ ŗřőŏŗőŏōŉŊĽŒ 
ŊŋĿŌŁŊŅŒ. Ĩ œŕŌŐŅőĿŋŇŘŇ Ŕřō ŐőŜœŖŁŔŁ ŁōŁŐŔŕŃŌĽōřō ŅŊŔŉŌŇŔőŉŞō őŏŐŞō 
ŕŘŇŋľŒ ŔļŎŇŒ œŔŇ ŌŅňŏńŏŋŏŃĿŁ ŅŊŔĿŌŇœŇŒ ŁŊőŏŔļŔřō (k-moments; Koutsoyiannis , 
2019c) ŅĿōŁŉ ŅŎĿœŏŕ ŊőĿœŉŌŇ ŊŁŉ ŁōŁŌĽōŅŔŁŉ ōŁ łŅŋŔŉŞœŅŉ ŔŇ ŌŏōŔŅŋŏŐŏĿŇœľ ŔŏŕŒ œŅ 
őŅŁŋŉœŔŉŊĽŒ Őőŏ-ŁœŕŌŐŔřŔŉŊĽŒ œŕōňľŊŅŒ, ŜŐřŒ ŁŕŔĽŒ Őŏŕ œŕōŁōŔŞōŔŁŉ œŔŇō 
ŕńőŏŋŏŃĿŁ. ĴĽŋŏŒ, ŅĿōŁŉ œŇŌŁōŔŉŊŜ ŐŋĽŏō ŔŇŒ ŊŁŔŁōŜŇœŇŒ ŔŇŒ œŔŏŗŁœŔŉŊŜŔŇŔŁŒ Ŕŏŕ 
ŕńőŏŋŏŃŉŊŏŝ Ŋŉōńŝōŏŕ, ōŁ ŌŅŋŅŔŇňŅĿ ŊŁŉ Ň œŔŏŗŁœŔŉŊŜŔŇŔŁ ŔŇŒ ŁōňőŞŐŉōŇŒ 
ŗőŏōŉŊľŒ ĽŊňŅœŇŒ ŊŁŉ ŅŕŐļňŅŉŁŒ (vulnerability ) ĽōŁōŔŉ Ŕŏŕ Ŋŉōńŝōŏŕ. ĮĽŏŉ ŔŝŐŏŉ 
ńŅńŏŌĽōřō Őŏŕ ŅōœřŌŁŔŞōŏŕō ŐŋŇőŏŖŏőĿŅŒ ŃŉŁ ŔŇ ńŉŅŐŁŖľ ŁōňőŞŐŏŕ ŊŁŉ ŕńŁŔŉŊŏŝ 
ŐŅőŉłļŋŋŏōŔŏŒ ŊŁňĿœŔŁōŔŁŉ ŏŋŏĽōŁ ŊŁŉ ŐŅőŉœœŜŔŅőŏŉ ńŉŁňĽœŉŌŏŉ ŊŁŉ ňŁ ŌŐŏőŏŝœŁō 
ōŁ œŕōńőļŌŏŕō ŐőŏŒ ŔŇō ŏŋŉœŔŉŊŜŔŅőŇ ŊŁŔŁōŜŇœŇ ŔŇŒ ŕńőŏŋŏŃŉŊľŒ ńŉŁŊŉōńŝōŅŕœŇŒ. 
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1.  INTRODUCTION  

1.1 Motivation  

The term Ǌextremesǋ signifies rare and consequential events that are difficult or even 
impossible to predict  from  past experience. By analogy, hydrological extremes pertain 
to the occurrence of rainfall and streamflow of least expected properties that are able 
to place human-water systems under severe stress. In particular, extreme rainfall and 
flooding can damage the built environment, including water -related and civil -
engineering infrastructure , may disrupt  financial activities  trigger ing economic losses, 
while pose direct threats to public health . Naturally  so, their understanding and 
mitigation  of associated risk have always been a challenge to society and science. In 
the past decades though , this challenge has become ever prominent  as the adequacy 
of the conventional  perception of risk has been radically questioned itself (Hall et al., 
2014).  

On the one hand, worldwide media coverage of disasters has increased the 
availability of examples of catastrophic hydrological events (Barredo, 2007), causing 
growing concerns on intensification of extremes. These concerns have been 
scientifically corroborated  by the anthropogenic climate change hypothesis. The latter 
suggests that the increased anthropogenic emissions of greenhouse gases over the past 
decades have induced systematic changes in the climate dynamics that lead to the 
intensif ication of the water cycle (IPPC, 2014; Fifth Assessment Report AR5). On this 
basis, it has been argued that a radical reformulation of assumptions  and modelling 
practices would be  required in order to explicit model  the presence of new 
deterministic drive rs (Milly e t al., 2008). Although this position  has been largely 
debated in hydrology (Cohn and Lins, 2005; Montanari and Koutsoyiannis, 2014; 
Koutsoyiannis and Montanari, 2015; Serinaldi et al., 2018; Koutsoyiannis, 2020a), the 
associated expectations of intensification of extremes in the future  are omnipresent in 
the literature .   

On the other hand, it is widely accepted that the risk dynamics may have altered 
during  the past century as a result of systematic changes in human exposure and 
vulnerability to extreme events. In this respect, it has been found that human exposure 
to flooding , stemming from living  in proximity to the river network , has consistently 
increased over the years (Ceola et al., 2014). At the same time, vulnerability to extreme 
events is further exacerbated by high population  density and uncontrolled 
urbanization. In Greece alone, over than 200 fatalities due to extreme flooding have 
been reported since 1960, with the majority of them concentrated in the highly 
urbanized area of Attica . At  the global scale, the series of the 1999 rainfall -induced 
flood events in the densely populated Vargas state of Venezuela, is considered one of 
the worst  water-related disasters worldwide resulting in more than 15 000 fatalities. In 
a later study, it was found that the occurrence of such rainfall was extreme but not 
implausible based on the historical record and could have been anticipated if a 
probabilistic  framework  accounting for uncertainty was applied (Coles et al., 2003).  

The latter case study highlights  the essential role exerted by hydrology in terms 
of frequency estimation of extremes and hence, risk preparedness. The 
underestimation of both the design quantiles and the frequency of occurrence of the 
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extremes is unfortunately, a common factor in cases of unprecedented hydrologic  
disasters (Mimikou and Koutsoyiannis, 1995; Coles et al., 2003; Koutsoyiannis et al., 
2012; Ntigkakis  et al., 2018). Furthermore, increasing concerns are expressed regarding 
the possible underestimation  of the probability of failure  of aging infrastructure and 
large-scale engineering projects as numerous engineering disasters triggered by 
extreme rainfall and flooding have been reported in recent years. These include dam 
accidents and disasters, bridge collapses  and severe damages to transport 
infrastructure, including roads and railways , that have caused massive economic 
losses and human fatalities (Wardhana and Hadipriono, 2003; Serra-Llobet et al., 2013; 
Koskinas et al., 2019; Kellermann et al., 2019; Pizarro et al., 2020).  

Therefore, the improvement of hydrological design  and risk mitigation 
emerges as a high societal priority. In this respect, it is argued that before considering 
the case for global trends or external drivers , the need to advance the understanding 
and modelling of extreme hydrological events, starting with rainfall,  is imperative.  To 
this aim, it is important to first  and foremost revisit the classic assumptions governing  
the study of extremes in light of new empirical evidence . 

1.2 Framing the research question 

The realm of civil and environmental engineering i s perhaps the scientific field most 
organically connected to the need for probabilistic estimation of extremal properties.  
Although the first statistical approach of hydrological extremes is found in Fuller 
(1914), it is widely acknowledged that it was the work of Gumbel (1941), who placed 
the probabilistic study of extremes at the core of hydrological science. Among a series 
of preceding theoretical works, Gumbelǋs work, popularized by his renowned book 
(1958), was the most influential to the engineering cycles, triggering a domino of 
studies in hydrology that provided probabilistic grounds to analysis of extremes in the 
decades to follow. Some landmark examples of probabilistic extreme value modelling 
include the estimation of the extreme sea level surge for the sea dike projects in the 
Netherlands (de Haan, 1994), the construction of consistent rainfall intensity -duration -
frequency curves for engineering design (Koutsoyiannis et al., 1998) as well as the 
estimation of regional flood frequency in the US (Stedinger and Griffis, 2008). A major 
advance has been the shift from deterministic approaches towards fully probabilistic 
modelling  of rainfall and streamflow extremes (Koutsoyiannis, 1999, 2004). The field 
of applications has since become so wide that the probabilistic methodologies of 
extremes are now integral to  the National Flood Insurance Program in the US (FEMA, 
2016).  

Contrary to inference for regular quantities which involves estimation within 
the range of available data, inference for extremes is synonymous to extrapolation to 
the range of unobserved behaviours. The latter is heavily dependent on assumptions 
regarding  their properties. Independence is the most central assumption in extreme 
value theory applications, encountered in most engineering textbooks. In Gumbelǋs 
words (1958):  

The observations from which the extreme values are drawn ought to be 
independent. This condition may be met in an experimental setup. However, it 
is seldom met in natural observations. Still, the asymptotic theory gives a very 
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good fit for such observations, because it is only the asymptotic  behaviour of 
the initial distribution which counts . 

In other words, Gumbel himself acknowledges the non-fulfilment of the independence 
assumption in observations, but suggests that the latter should be irrelevant to the 
estimation of the magnitude of extremes.  

Often the nuance of such statements is missed by standard practice and the 
asymptotic arguments for the distribution of extremes are misinterpreted  in favour  of 
the perception that observed extremes are in fact independent. The adherence to the 
independence assumption is further supported  by the widespread use of statistics in 
hydrology (Koutsoyiannis, 2019a), where the independence assumption is central. Yet 
while  in the field of statistics dealing with controlled experiments and idealized 
theoretical conditions , independence is a tenable assumption, it is rather a misplaced 
one in the case of real-world unique observations. In hydrology , ever since the works 
of Hurst  (1951), the presence of long-range temporal dependence in observations, else 
known as persistence of Hurst-Kolmogorov dynamics , has been widely acknowledged  
(e.g. Koutsoyiannis, 2003; Montanari, 2003; OǋConnell et al., 2016; Dimitriadis, 2017). 
By now, it has been theoretically and empirically established that presence of 
dependence in the data renders the application of classic statistics erroneous, 
introducing bias in the estimatio n of moments and quantiles, and inf lates confidence 
and prediction intervals. Thus, unawareness of dependence is bound to lead to severe 
underestimation of uncertainty,  which in the case of long-range dependence could be 
of the order of magnitude  (Cohn and Lins, 2005; Koutsoyiannis, 2005; Hamed, 2008; 
Koutsoyiannis and Montanari, 2007; Lombardo et al., 2014; Serinaldi et al., 2018).  

Notably , the independence assumption in hydrology is contradicted by 
empirical evidence of extremes at small scales, as in the case of long-duration rainfall 
and flood events and seasonal clustering of events, and more rarely, even at greater 
scales, as in the case of multi-year droughts and flood -rich/ flood -poor climatological 
periods (Hall et al., 2014; Merz et al., 2016).  Yet for a combination of the above reasons, 
reinforced by the limited availability of long  records and the peculiarities of extremes 
from dependent processes hiding  their properties, the independence assumption 
continues to dominate the modelling  of hydrological extremes.  

Stochastics, integrating statistics, probability calculus and the theory of 
stochastic processes, offer a self-contained and powerful framework fo r the study and 
modelling of uncertain processes, including extremes deviating from idealized 
randomness (Koutsoyiannis, 2020b). This thesis aims to employ  both stochastics and 
real-world empirical evidence to investigate the temporal properties and dependence 
dynamics of extremes, revisit ing the relevance that the common assumptions thereof, 
i.e. of being independent and identically distributed ( IID ), bear for hydrological 
practice. In this respect, primary focus is placed upon integrating  the understandin g 
and modelling of extremes to that of the parent process by exposing the hidden links 
between the two, from seasonal to climatic scales. To this end, a rare dataset of long-
term observational records is compiled and two specific objectives are developed: (a) 
to efficiently  characterize the temporal properties and dependence dynamics of 
observed extremes from seasonal to climatic  scales, and (b) to formulate 
hydrologically relevant and parsimonious modelling frameworks to reproduce them. 
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The main body of the analysis prioritizes the investigation  of rainfall extremes, 
the temporal properties  of which  are generally understudied compared to the 
streamflow ones. Dependence dynamics of streamflow extremes are explored as well 
with two purposes: (a) to identify d ependence dynamics of high operational relevance, 
as in the case of seasonal predictability of streamflow extremes, and (b) to gain 
additional  hydrologic al insights by comparing  their  dependence properties to those of 
the rainfall process. 

1.3 Structure of thesis  

The remainder of this  thesis is structured in eight chapters. More specifically, the thesis 
outline is  presented below. 

 Chapter 2 presents the basic stochastic framework that is employed throughout 
the thesis and provides a thorough literature review  on modelling extremes. It also 
identifies open questions in the literature and highlights present challenges.  

Chapter 3 revisits the subject of long-term persistence in the annual rainfall 
process via a global database. Although persistence in the streamflow process is well 
studied, persistence in the rainfall process is much less acknowledged. The findings of 
this chapter form the empirical basis for tracing dependence dynamics in rainfall 
extremes through a consistent stochastic framework.  

Chapter 4 deals with dropping the independently distributed  (ID) assumption 
in modelling of rainfall extremes, by accounting for their seasonality. It resolves the 
open question of optimal identification of extreme rainfall seasonality by introducing 
a new model selection method for the characterization and modelling of seasonal 
rainfall extremes.  

Chapter 5 switches the focus to the seasonal dynamics of streamflow extremes, 
exploiting short -term dependence for predictability of high and low flows. A large 
database of rivers is explored to identify potential for seasonal predictability and 
investigate the presence of physical drivers enhancing it. 

Chapter 6 deals with the propagation of persistence dynamics from the parent 
process to its extremes. It exposes the shortcomings of existing indexes in revealing 
persistence in extremes and addresses this gap by introducing a multi -scale 
probabilistic dependence characterization for extremes. An empirical investigation of 
dependence properties of rainfall extremes is carried out using a long-term dataset.  

Chapter 7 revisits theoretical results of Extreme Value Theory and approaches 
open questions pertaining to persistent processes through extensive simulations. The 
manifestations of dependence dynamics in the annual patterns of rainfall and 
streamflow extremes are investigated while the performance of the second-order 
stochastic framework is evaluated in terms of reproducing them . 

Chapter 8 completes the body of analysis on the facets of extremal dependence. 
A novel methodologi cal approach is introduced to evaluate the relevance of trend 
projections to the future, by examining the statistics of their predictive performance  in 
the past. Classic modelling principles and current approaches are discussed and tested 
against both data and simulations.  

Chapter 9 revisits the thesis motivation and objectives and outlines the most 
important  contributions. A discussion on future research directions is provided.  
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Appendix A  contains background information, sources and acknowledgments 
for the compilation of the long -term rainfall dataset, while Appendix B  contains 
supplementary material for Chapters 5, 6 and 8. A list of related publications is 
provided at the end.  

1.4 Innovation points  

The thesis formulates innovative modelling frameworks, the specific contributions of 
which are summarized in Chapter 9. Methodologically, the most fundamental 
innovation points are the following:  

(a) The research subject per se is an innovation point, as the mainstream practice is 
to focus solely on the marginal distrib ution of extremes, ignoring their temporal 
properties. It is shown that their temporal  behaviours critically affect our 
perception of risk and may affect various design properties.  

(b) The introduction of the notion of scale in the characterization of extremal  
dependence is novel on its own, as it is usually the lagged correlation that is 
explored. 

(c) The attempt to link extremal properties to the second-order properties of a 
process, both in terms of characterization and modelling is also a novelty of this 
work. Usually, the extremal properties are studied under asymptotic 
arguments, which allow disregarding the properties of the parent process.  

(d) The systematic evaluation of the predictive skill of trends is performed for the 
first time to the authorǋs knowledge. Although the evaluation  of models by their 
predictive  performance is established in hydrological literature , it has not been 
employed in such context so far. 

A few other points are considered innovative with respect to current practice, although 
they are in fact revisiting classic approaches. These include: 

(e) The compilation of a long-term observational dataset (>150 years) for studying 
rainfall extremal properties. There is a well-justified increasing interest in 
studying global databases, as these are essential for identifying common 
properties and investigating the ir  spatial distribution  as well. Yet, such 
databases are mostly comprised of short and medium-length records (<100 
years) that are insufficient for the study of long-term variability of extremes.  

(f) The use of parsimony as the modelling principle of choice. The parsimony 
principle is embedded in various sophisticated statistical procedures, however 
its meaning is often obscured by the standardized and complicated character of 
the former. Herein, the vi rtue of parsimony is highlighted, in an original 
fashion, directly linked to prediction.  
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2.  STOCHASTIC DEPENDENCE  DYNAMICS FROM THE 

PARENT PROCESS TO THE EXTREMES: A REVIEW  

This chapter lays the theoretical foundations of the thesis. It starts by presenting the 
fundamental  theoretical concepts of the stochastic framework and the analytical tools 
for second-order dependence which are used throughout the thesis. It also presents a 
thorough review on the history of extreme value theory and highlights some of  its less 
known results, related  to extremal dependence. It provides a critical overview  of 
common approaches in modelling extremes in hydrology and beyond , and identifies 
open theoretical questions and challenges. 

2.1 Definitions in a s tochastic framework  

In this section, we define the pivotal probabilistic and stochastic concepts that are 
ubiquitous throughout  the analysis. For a comprehensive presentation of stochastic 
theory reader is referred to Papoulis (1991) and Koutsoyiannis (2020b). 

 Random variables, stochastic processes and timeseries   

A random variable  is a function that maps outcomes of experiments from the non-
empty set , else called set of elementary events or states, to numbers. A formal 
definition of the concept, along with the axiomatic definition of probability, is owed to 
Kolmogorov (1933). To distinguish random variables from regular variables, we 
underline them following  the Dutch convention . A stochastic process is then an 
arbitrarily  large family of random variables ợẐẑ  (Papoulis, A., 1991). These variables 

are indexed by , which in our case, represents time, either from the discrete set of 
integers ╙ (resulting to a discrete-time stochastic process), or from the continuous set 
of real numbers ȩ, (resulting to a continuous-time stochastic process). Following  
Koutsoyiannis (2020b) we denote a continuous time stochastic variable by Ẑẑ, and a 
discrete one by . The stochastic variables per se can be either discrete (discrete-state 

stochastic process), as in the wet or dry day, or continuous, e.g. rainfall amount 
(continuous-state stochastic process). The index can also be multidimensional by e.g. 
referring to space. A realization Ẑẑ of stochastic process Ẑẑ is called a timeseries. Both 

its observation and simulation take place in discrete time, but for theoretical and 
physical consistency, it is desirable to deduce the theoretical properties thereof in 
continuous time . Then the discrete-time representation is derived from the integration 
of the continuous-time process as (Koutsoyiannis, 2020b): 

where  Ũ Ȯ represents the continuous time interval ỆẐ…ẙẑẔ Ỉ and  is the time 
step. It is important to distinguish between the notion of a timeseries and the one of a 
stochastic process, as the former is a finite sequence of numbers (observations), 
whereas the latter is a family of infinite stochastic variables.  

Ẩ
ẙ

Ẑẑỏ
Ẑ ẑ

 (1) 
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 Distribution function  and moments 

The distribution function of a random variable Ẑẑ is: 

This is called the first  order distribution function of the process , and generalizes for 
the n-th order as:   

A stochastic process is fully determined if we know the nth order distribution , or else 
joint distribution,  for any n. The most important moments of a process that we utilize 
herein are the following:  

i. The process mean: 

ii.  The process variance: 

iii.  The process autocovariance: 

iv.  The process autocorrelation  coefficient: 

 
v. The process coefficient of skewness: 

where ẐẑẨ Ẑ ẐẑẑẐẦẑ
ẓ

ỏ, the third central moment of the process. 

vi.  The process coefficient of kurtosis : 

where ẐẑẨ Ẑ ẐẑẑẐẦẑ
ẓ

ỏ, the fourth central  moment of the process. 

ẐẦẑẨ ỦẐẑ ủ (2) 

ẐẔ Ẕ⁪Ẕ ẦẔẔ⁪ẔẑẨ ỦẐẑ ẔẐẑ Ẕ⁪ẔẐẑ ủ (3) 

ẐẑẨẰỆẐẑỈẨ ẐẦẑ
ẓ

ỏ (4) 

ẐẑẨỡỌờỆẐỈẨ Ẑ Ẑẑẑ ẐẦẑ
ẓ

ỏ (5) 

ẐẦ│ẑẨỎỚỡỆ ẑẔẐẓ│ẑẨẰỆẐẑ Ẑẑ Ẑẓ│ẑ Ẑẓ│ẑỈ (6) 

ẐẦ│ẑẨỎỚờờỆ ẑẔẐẓ│ẑẨ
ẐẦ│ẑ

Ẑ Ẑẑ Ẑẓ│ẑẑẗ
 (7) 

ẐẑẨ
Ẑẑ

Ẑ Ẑẑẑẗ
 (8) 

ẐẑẨ
Ẑẑ

Ẑ Ẑẑẑ
 (9) 
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 Stationarity , cyclostationarity   and ergodicity  

A process is defined as stationary if its statistical properties are invariant with respect 
to a shift of time origin, i.e. Ẑẑ and Ẑ⁬ẑ have the same nth order distribut ion for any 

 and ⁬ (Kolmogorov, 1931; Khintchine, 1933). Kolmogorov  (1947) further defined  the 
special case of wide -sense stationarity in which  the mean is constant and the 
autocovariance depends only on the time lag. In these case, the time index  in 
equations (4) (7) could be dropped . On the contrary, a nonstationary process is one 
whose statistical properties are deterministic functions of time.  Recalling the 
distinction between a process and a timeseries, it is clear that (non)stationarity is a 
property of a process and it cannot be inferred from a timeseries alone.  

A nonstationary process could have some of its properties depend on time in a 
periodic manner, in which case it is called cyclostationary, and by adequate 
modifications can be modelled by stationary models. Such is the case of a process 
exhibiting  pronounced seasonality, examples of which are discussed in Chapter 4. 

A central problem in the study of stochastic processes is the estimation of their 
parameters from data. The fundamental property of processes that allows estimation 
from data and is tacitly implied in all timeseries analyses, is ergodicity  (Papoulis, A., 
1991). Ergodicity is a wider property of dynamical systems which can also be defined 
in the context of stochastic processes based on the ergodic theorem (Birkhoff, 1931; 
Khi ntchine, 1933) as follows (Koutsoyiannis, 2010). A stochastic process Ẑẑ is ergodic 
if the time -average of any integrable function ẐẐẑẑ equals the true expectation 

(ensemble average) as time tends to infinity, i.e. for a continuous process: 

and for a discrete-time process: 

The equation of the true expectation (right -side), i.e. a number, to the ensemble 
average (left-side), i.e. a stochastic variable, implies zero variance of the latter as the 
sample grows infinite , which is precisely the condition for  ergodicity (Koutsoyiannis, 
2020b).  If ẐẐẑẑẨ Ẑẑ, then the fulfillment  of equations (10)-(11) makes a process 

mean-ergodic, while other specifications exist depending on the type of the function 
, e.g. covariance-ergodic (Papoulis, A., 1991). The relationship of stationarity and 

ergodicity is a delicate one which also depends on the systems dynamics being 
stochastic or deterministic. For a stochastic system, the two do not necessarily coincide, 
but it  is possible and practical to formulate a stationary model that is ergodic too, 
considering that a nonstationary model is generally non ergodic (Koutsoyiannis, 2010; 
Koutsoyiannis and Montanari, 2015; Montanar i and Koutsoyiannis, 2014). For a 
deterministic process, the two are theoretically connected (see Mackey, 2011; and 
discussion in Koutsoyiannis, 2020b). 

ỗỔỘ
ⱱ

ẙ
ẐẐẑẑỏ ẨẰỆ ẐẑỈ (10) 

ỗỔỘ
ⱱ

ẙ
Ẑẑ

Ẩ

ẨẰỆ Ỉ (11) 
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 Dependence in time 

Unlike classical statistics dealing with samples of measurements and experimental 
outcomes which can be appropriately designed in order to be modelled as 
independent random variables, the study of timeseries introduces the notion of 
dependence in time, hence change in time. This is precisely  the focus of stochastics, as 
the mere definition of a stochastic process involves its time evolution  (Kolmogorov, 
1931).  

In hydrology, the study of dependence in time has a long history dating back 
to the works of Hurst  (1951), who observed that the annual behaviour  of the level of 
the Nile river deviated from that of a purely random process . It has since become a 
very active topic in hydrology  even under deterministic interpretations , discussed in 
Chapter 8. The stochastic patterns of manifestation of dependence in the rainfall and 
the runoff process form  the central subject of the thesis, and parts of the relevant theory 
are outli ned throughout all Chapters. In the following section,  we present and 
summarize the stochastic methodology for quantification of dependence in time for 
hydrological problems  that forms the reference framework for the main body of 
analysis.  

2.2 Second-order pr operties, scaling laws and HK dynamics   

The complete determination of a stochastic process requires knowledge of its nth order 
properties.  In terms of estimation from data, this is almost impossible considering the 
bias of higher-order classical moments (Lombardo et al., 2014). In this respect, the 
second-order moments of a stochastic process, i.e. the autocorrelation, autocovariance 
and functions thereof, provide  robust information o n their dependence, have lower 
estimation bias, and are useful in the simulation process. Not surprisingly , they are 
the most extensively used tool in stochastics (Papoulis, A., 1991). 
 A common characteristic of second-order properties is their association with 
asymptotic power laws  as Ẉⱱẘ or Ẉⱱ , or else scaling behaviour (Koutsoyiannis, 

2014). Power laws are functions of the form Ẑẑ  and can be visualized in the form 
of a straight line with slope  from a doubly logarithmic plot of Ẑẑ on . A power -law 
valid over the entire domain is called simple scaling, while power -laws valid in the 
domain of Ẉⱱẘ  define local  behaviour and the case Ẉⱱ , define global  behaviour 
(Koutsoyiannis, 2020b). Power laws have been studied in many domains, being 
popularized by Mandelbrot (1983), although first  mathematically described by 
Kolmogorov (1940).  
 In hydrology, scaling of the second-order properties  in long -time horizons  is a 
ubiquit ous behaviour, which was first observed in the Nilometer data by Hurst (1951), 
and hence is also known by the term Hurst behaviour/phenomenon (OǋConnell et al., 
2016). In order to give credit to the mathematical representation by Kolmogorov, in 
hydrology it is also known as the Hurst -Kolmogorov dynamics (HK dynamics; 
Koutsoyiannis, 2010). In the wider  literature, it  is known  as well as long-range 
dependence, long-term persistence, and long-memory  (Beran, 1994). The latter term 
though has been disputed on the basis that the induced long-range dependence is a 



41 
 

product of  long-term change instead of the result of a long-memory physical 
mechanism (KlemeĤ, 1974; Koutsoyiannis, 2011b). 
 

 Climacogram and climacogram-based modelling 

A comprehensive characterization of a processǋs second-order scaling properties can 
be achieved by inspecting its variance behaviour  when the process is averaged, or 
aggregated, over different scales. The function of the variance of the averaged process 
versus the scale is called the climacogram, while  the function of the cumulative process 
versus the scale is called the cumulative climacogram (Koutsoyiannis, 2010). The 
climacogram of a process Ẑẑ is defined as: 

where Ẑẑ is the cumulative climacogram, and Ẑẑ is the process Ẑẑ aggregated at 

timescale : 

or for a discrete-time process, with climacogram : 

The climacogram is theoretically  equivalent to other second-order properties, namely 
the autocovariance, autocorrelation and the power-spectrum, but it is advantageous 
estimation-wise for having  superior properties in terms of bias, discretization errors, 
and sampling uncertainty (Dimitriadis and Koutsoyiannis, 2015) . For these reasons, it 
is the basic tool employed herein for second-order characterization. 

The theoretical climacogram differs among processes with different second-
order dependence structure. For three key types of stochastic processes the following 
hold (Koutsoyiannis, 2020b). In case of an independent White -noise process in discrete 

time, the climacogram is a function of the variance of the process  and the scale Ŋ: 

which generalizes for the continuous-time by changing the scale to a real numberẈḧ
‖Ὀ 

For a continuous-time process Ẑẑ with variance Ẩ Ẩ ẐẘẑẨ Ẑẘẑ and short-range 

dependence, i.e. an AR(1), or Markov process: 

ẐẑẨỡỌờ
Ẑẑ
Ẩ
Ẑẑ

 (12) 

ẐẑẨ Ẑẑỏ (13) 

Ẩ ẓ ẓ ẓ  (14) 

Ẩ  (15) 

ẐẑẨ  (16) 
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where  is parameter with units of time.  In the case of a continuous process with 
asymptotic scaling at Ð, the climacogram is: 

where  and  are scale parameters, with dimensions ỆỈ andỆỈ while   is the so-
called Hurst parameter ranging in the interval (0,1). The latter equation is the 
definition for a Hurst -Kolmogorov process. The case ẨẘẖẠ corresponds to an 
independent process, while for ẘẖẠầ ầẙ the process is persistent and for ẘầ ầ
ẘẖẠ anti-persistent. 
  From equations (16) and (18) it is evident that when the scale tends to zero the 
processǋs variance reaches infinity, which is not plausible for natural process, as an 
infinite variance process would require infinite energy to materialize. In order to 
remedy this shortcoming, and improve flexibility of the model for dependence in 
shorter time scales, the filtered Hurst -Kolmogorov process is developed with several 
climacogram types (Koutsoyiannis, 2017). The generalized Cauchy-type climacogram 
is: 

where  is an added dimensionless parameter which controls the local scaling of the 
process (fractal behaviour), named  in honor of Mandelbrot (Koutsoyiannis et al., 

2018). Values of ầ  indicate a rough process, while ẩ  indicate a smooth process. 

For more, on the bounds of scaling the reader is referred to Koutsoyiannis (2017). The 
usefulness of this parameterization  in simulation is discussed next in Section 2.4.  
 

 Scaling in time  by the entropic view : from predictability to uncertainty   

A counter-intuitive characteristic of dependence in time is its non -equivalence to 
predictability, even more its association with increased unpredictability at greater time 
scales. The biased perception of dependence in favour  of predictability, reflected by 
the term Ǌmemoryǋ, is fortified  by the dominance of autocorrelation -based models in 
the literature. Autocorrelation  is intuitive for prediction purposes but does not expose 
uncertainty, on the contrary to the variance-based characterization of the climacogram.  

A rigorous  way to investigate the case for (un)predictability is through the 
unifying  notion  of entropy , which represents degree of uncertainty  or ignorance 
(Papoulis, A., 1991). The conditional entropy, i.e.  the uncertainty about the future  
when the past is observed, is directly linked to predictive uncertainty , while the 
difference between entropy and conditional entropy equals the information gain .  
Koutsoyiannis (2005, 2011) showed that the HK dynamics is a product of conditional 

ẐẑẨ
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ẗ
ẙ
ẙ

ẗ
 (17) 

ẐẑẨ  (18) 

ẐẑẨ ẙẓẐẑ  (19) 
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entropy maximization at large time scales, whereas the AR(1) model maximizes 
conditional entropy at small time -scales ( =1,2). An increase in model autocorrelation, 
signifies a decrease of conditional entropy at lower scales (1,2), thus improves 
predictability, whereas at higher scales the exact opposite is true. As the timescale 
increase, the conditional entropy of all models also decreases, yet at a different rate 
compared to the unconditional. For a scaling process (HK dynamics) the information 
gain remains constant with the scale, as does the autocorrelation function, due to the 
same rate of decrease of the conditional and unconditional entropies. However, this 
does not imply greater predictabi lity, as in fact, the conditional entropy still remains 
greater than the case of an AR(1) model (Koutsoyiannis, 2005). This view of 
predictability is particularly relevant when dealing with climate, which represents the 
average weather at scale =30 years (Koutsoyiannis, 2010). For a given scale, it is the 
role of time window  that becomes critical in determining the predictability  horizon, as 
highlighted in Dimitriadis et al. (2016). The relation of dependence with predictability 
is examined both at short time-scales, in Chapter 5, and at climatic-scales in Chapter 8.  

2.3 Dependence in extremes: theory and diagnostics  

 The development of classic extreme value theory  

Before considering the case of dependence, it is worth recapitulating  the fundamental 
results of extreme value theory which is now  well established. If Ẕ Ẕ⁪Ẕ  is a 

sequence of identically and independently  distributed (IID ) random variables, then 
the maximum of them, i.e. the largest order statistic, ḧỘỌợẈẐẔ Ẕ⁪Ẕ ẑ has the 

following  probability distribution function:   

ẐẑẨẐẐẑẑ (20) 

Results concerning the asymptotic behaviour  of this distribution as ⱱ  were 
obtained in the early 20th century. Fréchet (1927) was the first to identify the 
homonymous limiting law, Fisher and Tippett (1928) showed that there are only three 
possible types of the limiting laws, von Mises  (1936) identified sufficient conditions 
for convergence to the limiting laws and provided a common parameterization, while 
Gnedeko (1943) set the solid foundations for convergence to the limiting laws under 
weak conditions. Their  results were lately popularized to the engin eering community 
by the prominent  book of Gumbel (1958). A detailed presentation of the early history 
of the contributions is provided in Kotz and Nadarajah (2000). Specifically, the 
asymptotic theory for extremes states that for  extremes from IID  random variables, if  
there exist rescaling constants ẩẘ and , so that for the linearly rescaled maximum 
⁬ Ẉ  exists a non-degenerate limiting distribution, then this should be of the 

form:  

ẐẑẨ ⁬ẐẑẨỐợớ ẙẓ ẔỢỔởồẈẙẓ ẘ (21) 
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The latter is known as the generalized extreme value (GEV) distribution. In this 
parameterization ,  is a shape parameter Ũ ȩ, ẩẘ a scale parameter and  a location 
parameter Ũ ȩ. The shape parameter is unique and is identical to the tail index  of the 
parent process, but the scale and location parameters depend on . The first limiting 
law known as extreme value type I (EV1) is retrieved for Ŏ = 0 and is the well -known  
Gumbel distribution.  The second law, known as extreme value type II (EV2), emerges 
for Ŏ > 0 and is the Fréchet distribution . The third law (EV3) appears for Ŏ < 0 and is 
the reverse Weibull distribution , but it  is less of interest in applications of extremes, as 
it yield s an upper bound. A parent distribu tion  is said to belong to a domain of 
attraction if a linear transformation of its maxima follows one of the three limiting laws  
(Von Mises, 1936). For instance, light -tailed distribution and heavy-tailed distribution 
with tail index =0 belong to the domain of EV1, heavy-tailed with tail index >0 to 
the domain of attraction of EV2, and distributions bounded from above to EV3 
(Koutsoyiannis, 2020b).  For typical applications of finite , as in the annual maxima 
case, equation (21) is only an approximation of the distri bution of extremes, and its 
asymptotic validity could be questioned . Details on the strength of convergence in 
cases of interest to hydrology can be found in Koutsoyiannis (2004a, 2004b) and 
Papalexiou and Koutsoyiannis (2013), and are further discussed in Chapters 4 and 7.  
 The three limiting laws form exactly the class of max-stable distributions , 
meaning that if  is max-stable then it can be shown that it is of extreme value type, 
while the EV class has the property to be max-stable (Leadbetter et al., 2012). A max-
stable distribution as originally defined by  Fréchet (1927) is one which retains the same 
form under a linear transformation of its maxima, specifically , for any Ẉ ȡ and Ẉ
╔, there exists  >  0 and  such that: 
  

ẐẐ ẓ ẑẑẨ Ẑẑ (22) 

 

 Extreme value theory under dependence 

It is straightforward to see that some sort of restriction of the dependence structure is 
requi red in order to obtain an asymptotical result for the type of extremal behaviour. 
Otherwise it could be assumed that all  are equal arising from an arbitrary 

distribution function, in which case the distribution of its extremes   would be  this 

arbitrary distribution  (Leadbetter and Rootzen, 1988). As discussed in the previous 
section, the IID  assumption was fundamental in the early development of the classic 
extreme value theory. Juncosa (1949) was the first to generalize results in case of non-
ideally distri buted variables. Some years after a number of publications  emerged in 
the direction of relaxing the independence assumption. Early considerations of the 
case for dependence originated in the literature in the works of Watson (1954) and 
Newell (1964) who studied asymptotic results for extr eme value series from stationary 
sequences of -dependent random variables, i.e. considering events that occur more 
than time  apart as independent. Berman (1964) identified conditions for asymptotic 
independence of Gaussian processes and Loynes (1965) showed that -dependence 
could be replace by the uniform  mixing (else referred to as strong mixing) assumption 
for the parent process, which was further generalized by OǋBrien (1974). The uniform 
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or strong mixing assumption is first introduced in R osenblatt (1956) and is defined in 
probabilistic terms   requiring  that any two events separated in time tend to being 
independent as the separating time grows larger.  

A pivotal result concerning influence of dependence on extreme value theory 
was obtained by Leadbetter (1974) who studied weaker conditions under which the 
non-degenerate limits of dependent sequences are still extreme value distributions. In 
particular, Leadbetter introduced the distributional mixing condition known  as 
Ẑ ẑẈcondition  which states that under weak condit ions that exclude long-range 

dependence only for  high level exceedances  is still an extreme value distribution, or 
equivalently, it is max -stable. This is a condition much weaker than the strong mixing 
condition which applied  to all exceedances (uniform  mixing)  as presented in Loynes 
(1965). Examples of moving -maxima processes for which this holds are provided in 
Berliant et al. (2006a), comprising cases of validity in even weaker conditions of the 
original Ẑ ẑ, i.e. including periodi c Markov Chains. These results furth er establish 
the use of the EV theory and justify  its acceptable empirical performance through the 
years.  
 Although dependence under the Ẑ ẑẈcondition does not challenge the 
asymptotic validity of the extreme limit theorems, it may affect the choice of the limit 
distribution.  Leadbetter (1974) also introduced a second stricter condition known as 
⁬Ẑ ẑẈwhich limits the amount of short -range dependence in high-level exceedances, 

or else local clustering, by requiring the probability of more than one exceedance in a 
cluster to be negligible. This implies asymptotic independence and is satisfied in the 
early results obtained in the literature (e.g. Watson, 1954; Loynes, 1965). Together these 
conditions ensure that asymptotically the occurrence of exceedances form a Poisson 
process, while the possibility of clustering of events is limited . If the ⁬Ẑ ẑẈ does not 
hold  then the exceedances of the threshold can occur in clusters as a compound 
Poisson process. In particular, Leadbetter (1983) by extending a result of Chernick 
(1981), showed that the weak mixing Ẑ ẑẈ condition alone suffices for the asymptotic 
distribution of extremes from stationary processes to be precisely of the same type of 
that of an IID   sequence with the same marginal distribution . In this case though, 
dependence affects the parameterization of the limit distribution in terms of the 
linearly rescaling constants. The quantification of extremal dependence is defined in 
terms of a constant   ɴ[0, 1], which is called the extremal index, and for which the 
following  statement holds. If a process  has an extremal index, then for each  > 0:  

(i) there exists ẐẑẈsuch that Ẑẙ ẐẈẐẑẑⱱẈ , which suggests that the 
mean number of exceedances is constant asẈⱱ  , and  

(ii)   Ủ Ẑẑủⱱ  (23) 

which suggests that the extremal distribution converges to a generalization 
of the limiting form  for the IID  case, ὢ, where ὢ the limiting distribution 
for the associated IID  process ὢ.  

If (i) holds and Ẑ ẐẑẑẈ holds for each  and Ủ Ẑẑủ converges for some Ŕ>0 

then (ii) holds for some  ɴ  [0, 1] and all Ŕ>0, and therefore the process has an extremal 
index (Leadbetter et al., 2012). The case of  =0 is considered pathological as it leads 
to Ủ Ẑẑủⱱẙ for all Ŕ although it may have mar ginal meaning in specific cases. 

If  =1 this corresponds to the form  takes for IID  data, but in case  > 0, then the ( , 
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ὥ, ) parameters of  are related to the ones of the limiting distribution of the 

associated  independence sequence, ὢ (equation 21) by: 

Ẩ Ẕ Ẩ ὢẔ Ẩ ὢẓẐ ẙẑẔẈ (24) 

Therefore, only the shape parameter remains the same. These results can relate to ones 
deriv ed from the generalized Pareto distribution for over -threshold exceedances, 
whose connection to extreme value theory was established by Pickands (1975) while 
also previously found in an independent study by Balkema and de Haan (1974). For 
independent processes,  = 1, although the latter also hold s for some cases of 
dependent processes under the stricter condition ⁬Ẑ ẑẈ  which limits the amount of 
local clustering, i.e. short-range dependence in high-level exceedances (Leadbetter, 
1983a). This condition is equivalent to assuming asymptotic independence.  On the 
contrary, values of  <1 represent the tendency of exceedances to occur in clusters. 
 Therefore, the extremal index can be thought as way to link extremal clustering 
behaviour of the process to its parent dependence structure. It can be shown that the 

extremal index is related to various properties of clustering of events, e.g. ᾣ1Ẉ is the 
mean size of extremal clusters. Likewise , the extremal index is the reciprocal of the 
limiting  mean number of exceedances in blocks with at least one exceedance, thus it 
can be estimated as the ratio of the total exceedances of the threshold vs the number 
of cluster with at least one exceedance, which is known as the blocks estimator 
(Beirlant et al., 2006). It can be also related to the conditional time between 
exceedances, as well as the distribut ion of the maxima of the process, as shown before. 
Based on these properties, various estimators have been proposed in the literature, as 
the runs and maxima methods. A comparison of various methods is provided in  
Ancona-Navarrete and Tawn (2000) who point out  the strong dependence of the 
estimate on the selected threshold for extremes.  

It is worth reiterating however that fulfilment of the Ẑ ẑẈ  condition alone 
does not guarantee that a process has an extremal index. For the latter bothẈỦ
Ẑẑủ and the associated with the IID  process Ủὢ Ẑẑủ, need converge to a 

nondegenerate distribution (and thus of extreme value type).  OǋBrien (1974) and 
Leadbetter et al. (2012) construct a few counter-examples for which Ẑ ẑẈ  holds and 
Ủ Ẑẑủ converges, but the process does not have an extremal index because the 

associated IID  sequence does not converge; yet the latter are too artificial  and unlikely 
to be of practical interest. 
 In practi cal terms the above results show that weak forms of extremal 
dependence alter the parameters of the limiting distribution but do not invalidate its 
appropriateness. A slight decay has been reported in the rate of convergence to the 
asymptotic laws (e.g. Eichner et al., 2011), yet for normal sequences Leadbetter et al. 
(2012) prove that it is the same as in the independence case. In practice since the 
parameters are typically estimated from the data, regardless of the userǋs awareness 
of it , the effect of such dependence is incorporated in the model for extremes. Yet 
awareness of dependence is still  important in terms of the bias induced in the 
estimation  of extreme value quantiles (Koutsoyiannis, 2020b).   
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 Other measures of extremal dependence 

An alternative way of expressing  extremal dependence other than testing based on the 
⁬Ẑ ẑẈ condition, is in terms of the limiting behaviour of the joint distribution of 

extremes. This measure has found large applications in multivariate extreme value 
analysis of  independent random variables, where it is known as tail dependence 
coefficient (Ledford and Tawn, 1996). Sibuya (1960) was among the first to examine 
tail  dependence by provid ing the proof for the asymptotic independence of the 
bivariate normal distribution . Under the assumption that the multivariate variables 
have only weak long-range dependence, the concept can also be suited for the 
examining dependence in extremes, treated as lagged variables of a single process. If 
Ệ Ẕ Ỉ denotes a bivariate random vector with common marginal distribution 

function  representing distinct  exceedances of a threshold, then the coefficient of tail 
dependence between  and  is defined as: 

ẨỗỔỘ
ⱱ

Ệ ẩ | ẩ Ỉ   (25) 

where  denotes the upper end point of the common marginal distribution , given that 
the limit exists . The case of ẈẨẈẘ signifies asymptotic independence, whereas cases 
of ẘẈầẈẈ Ẉẙ denote asymptotic dependence. Threshold-dependent variants of the 
original coefficient have also been formulated, able to characterize dependence at sub-
asymptotic levels as well  (Coles et al., 1999). A number of other summaries of 
multivariate dependenc e exist (see eg. Beirlant et al., 2006; p. 273) but a more relevant 
discussion for applications in  univariate  processes and particularly  rainfall series is 
provided in Ledford and Tawn (2003). An obvious however limitation of th is approach 
is the increase in dimensionality when one is interested in characterizing dependence 
beyond the bivariate case. 
 

 Cases of stronger dependence 

It is recalled that the results and methods of the previous section are based on the 
assumption of some form of restriction of long -range dependence in high-level 
exceedances (Ẑ ẑẈ assumption). This is considered a weak assumption and it may be 
asymptotically valid for extremes even from classes of processes exhibiting long-range 
dependence, namely Gaussian linear processes (Embrechts et al., 1999). However, 
given the marked non-Gaussianity of natural processes and the fact that extremes from 
lower thresholds may also be of interest, inference based on related metrics is not as 
straightforward for persistent processes. We stress that results concerning the validity 
and uncertainty of these metrics in non-Gaussian long-term persistent processes are 
very scarce in the literature, in fact the topic is not covered at all in most textbooks (e.g. 
Galambos, 1994; Embrechts et al., 1999; Beirlant et al., 2006; Finkenstadt and Rootzén, 
2003; Kottegoda and Rosso, 2008; Kotz and Nadarajah, 2000; Leadbetter et al., 2012; 
Resnick, 2007; Beran, 2004). A notable exception are the mathematical contributions on 
extremal properties of self-similar processes by OǋBrien et al. (1990) showing that 
different limits may emerge for the extremes of self-similar processes, other than the 
ones suggested by EVT, and the former may not have a planar point process 
representation, i.e. as the Poisson point process for IID  extremes.  
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A few other contributions on the subject mainly refer to Gaussian processes. 
Normality is a convenient condition for the study of ext remes, as the joint moments of 
normal processes ǆwhich control the extremesǋ behaviour, are fully determined by 
their mean and covariance structure. For such processes, Mittal and Ylvisaker (1975) 
have shown that in cases of strong persistence defined in terms of the rate of decay of 
the covariance function, i.e. cases where the Ẑ ẑẈ condition is not satisfied,  the 
limiting distribution of extremes from normal processes is a normal distribution too.  

Therefore, the theoretical properties of extremes from heavy-tailed and 
persistent processes are understudied, despite their relevance to natural process. In 
practice though, simulation provides the means for circumventing this issue, as 
performed in Chapters 6-7. The modelling options to simulate extremal behaviour are 
discussed next. 

2.4 Treatment of dependence and extremes in common modelling  
approaches 

Having discussed the development of theory and inference tools for extremal 
dependence, in this section we examine how the latter is dealt by common modelling 
approaches of the wider statistical literature . Studies dealing directly with extremal 
dependence abound in the econometrics literature, relating  to modelling insurance 
and finance data (Embrechts et al., 2013), but are much scarcer in environmental 
literature . Below we review  the most relevant hydrological modelling approaches of 
two types; ones related to the joint modelling of extreme and nonex treme properties 
of the parent process, and ones focused on the tail of the distribution of the parent 
process. In the final section, we discuss potential for bridging  the two.  
 

 Joint modelling  of nonextreme and extreme properties of the parent process  

A complementary approach to the use of asymptotic theory for studying  extremes is 
the explicit modelling of the parent process generating the extremes. This approach is 
particularly useful in cases where modelling of  the parent process is required but 
preservation of  the extremal properties is also essential, as in the case of streamflow 
simulation for reservoir management. In such cases, achieving an efficient modelling 
of the whole process including the tails , is not only practical, but improves theoretical 
consistency of the model estimatesǋ as well. In general however, in parent process 
modelling extremal dependence is rarely explicitly dealt by, rather the behaviour  of 
extremes is assessed in terms of model validation. As preservation of the multi -scale 
properties of a process is rather challenging, often this approach differentiates between 
placing the modelling focus either on finer or larger time-scales. Attempts to achieve 
consistency among these scales typically make use of disaggregation techniques (e.g. 
Koutsoyiannis and Manetas; 1996). Below we revisit the most classic and some 
relevant emerging approaches with regard to their accounting for  extremes and 
dependence. Covering asymptotic results on general classes of stochastic models is not 
within the scope of this review ; namely the interested reader is referred to Rootzén 
(1986; 1988) for extremal dependence in Markov chains and moving -average processes 
with non -Gaussian tails. Rather the aim here is to outline the basic characteristics of 
hydrological models with respect to flexibilities in modelling long-term persistence 
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and extremes. In this respect, non-parametric models are not discussed as they do not 
allow  extrapolation to events beyond the range of the observed.  
 
 
 
Point process models 
Fine scale (sub-hourly, hourly or daily) rainfall requires  a different modelling 
approach to that of large scale rainfall (monthly, annual or inte r-annual) due to of the 
distinctive characteristics of rainfall at fine scales, i.e. prevalence of clustering 
mechanisms, including intermitten ce (Koutsoyiannis, 2006). Waymire and Gupta 
(1981) demonstrate mathematically that fine-scale rainfall properties are consistent 
with point process theory. According t o Cox and Isham (1980), a point process defined 
in the set of positive real numbers, ȩ+ is ǎa stochastic process for which each 
realization consists of a collection of points, each point having a well -defined position, 
usually in one-dimensional space, but possibly in some higher dimensional spaceǏ. 
The main categories of point processes are Poisson-cluster processes, Cox processes 
and renewal processes. The first category is the simplest and most widely used in 
literature  as established by Rodriguez-Iturbe et al. (1987a; 1987b).  In the general case 
of this approach, storms arrive according to a Poisson process of rate  triggering the 
generation of clusters of cells associated with each storm according to another process. 
Cells are characterized by duration usually following an exponential distri bution, and 
a random depth described in terms of its first three moments. Depending on the type 
of process that is employed for the cell clustering mechanism, two main models are 
identified in literature, the Neyman -Scott and the Bartlett-Lewis processes (Onof et al., 
2000). In the Neyman-Scott processes, the number of cells in a storm follows a random 
distribution, usually Poisson or ge ometrical, and the cell arrival times are 
exponentially distributed. In the Bartlett -Lewis processes, the cell arrival process is 
another Poisson process of rate , associated with the origin of each storm and 

terminated at an exponential rate . Thus, in the first case the arrival times of cells are 
modelled with respect to the storm origins, while in the second case the inter-arrival 
times between successive cells are of interest. The model is fitted upon minimizing the 
difference between theoretical properties of the model and observed rainfall statistics. 
Typically, the latter include first and second-order statistics (mean, variance, 
autocovariance) as well as the probability dry, from timescales ranging from 1 h to 24 
h, while inclusion of the third moment  has been proposed as well in order to improve 
the fit to the extremes (Cowpertwait, 1998).  
 Reproduction of the extremes is the most challenging task for this type of 
models, as they tend to underestimate hourly and sub-hour ly extremes (Verhoest et 
al., 2010), often followed  by an overestimation the daily (Onof and Wang, 2019). 
Inclusion of the skewness in the calibration set along with various re -
parameterizations of the original model  and coupling with disaggregation schemes 
have been found to contribute to better fitting to the extremes (Cowpertwait, 1998; 
Kaczmarska et al., 2014; Kossieris et al., 2018; Onof and Wang, 2019). Onof and Wang 
(2019) argue that it is of high importance to capture the fat-tailedness of the storm 
intensity distribution  as well, by employ ing a heavier tail distribution in the model . 
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The other critical issue with respect to the extremes relates to capturing their  
long-term variability.  By construction Poisson-cluster processes are characterized by 
short-term dependence induced by the clustering of cells within a storm , but lack long-
term dependence due to the use of a Poisson process for the generation of the storm 
arrivals and the independence of the cells among different storms (e.g.  Rodriguez-
Iturbe et al., 1987b). Marani (2003) highlighted the fact that accordingly Poisson -cluster 
models are expected to underestimate the variance for scales larger than those of 
calibration, which typically extends from  one to few days; which is also confirmed by 
Onof and Wang (2019) in spite of various amendments to the original model.  A 
remedy proposed by Park et al. (2019) is the coupling of the Bartlett -Lewis model with 
a seasonal autoregressive integrated moving average (SARIMA) model in order to 
capture the observed long-term rainfall variability. The model showed an improved 
fit to multi -scale extremes, which however  came at the cost of a substantial increase in 
the model parameters compared to the original version . Recently, Kim and Onof (2020) 
also attributed the underestimation of the variability and extremes at large -scales to 
the fundamental structure of Poisson cluster models and proposed the use of adequate 
reshuffling procedures to induce long-term dependence in the model output . These 
work s along with other prior  studies (Kim et al., 2013; Paschalis et al., 2014) converge 
to the fact that accounting for rainfall variability  across scales in this type of models is 
crucial for a better reproduction of the extremes.  
 
Two-part models 
Two-part models are based on the decomposition of the modelling of the rainfall 
process to the explicit modelling of the  occurrence process, i.e. dry or wet s tate, and 
that of the rainfall intensity process, i.e. the nonzero rainfall  of wet days (Srikanthan 
and McMahon, 2001).  This class of models is one of the oldest in rainfall modelling 
(Gringorten, 1966; Todorovic and Woolhiser, 1975) and also became popular under the 
term Ǌstochastic rainfall generatorsǋ (Wilks, 1999). The occurrence process is typically 
modelled by a Ǌchain-dependentǋ process, comprising two states, a wet and a dry, the 
alternation between which is determined by a matrix of transition probabilities. The 
latter is usually assumed to be a Markov chain of order , where  in case of daily 
rainfall indicates the number of days which are taken into account for  the estimation 
of the transition probabilit ies. The common choice is that of a first-order Markov chain, 
although the resulting  dependence pattern of dry spells is often underestimated (e.g. 
Wilks, 1999). This may be in part  amended by considering higher-order Markov 
chains, or different parameterizations for the transition probability scheme, 
incorporating stronger dependence (Koutsoyiannis, 2006). An important drawback 
however is that the modelling  of the rainfall intensity process typically entails the 
assumption of independence (Wilks, 1999). In fact, it is well -known that this class of 
models underrepresents the inter-annual rainfall variability (e.g. Buishand, 1978; Katz 
and Parlange, 1998). Possible improvements may come from the incorporation of 
hidden state Markov models which have shown potential in capturing  inter -annual 
variability (Sansom, 1998; Thyer and Kuczera, 2000).  
 
Multifractal  models 
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Multi -fractal models also known as multiplicative random cascade models, arise from 
the concept of self-similarit y, else scale-invariance, who shaped in the mid  20th century 
and became popular by the works of Mandelbrot (1974, 1983). A detailed review on 
the history of the concept, its definitions  and its applications in hydrology is given by 
Veneziano et al. (2006b)  and Veneziano and Langousis (2010). These models are 
mainly phenomenological based upon the empirical observation of scaling in nature 
(e.g. Newman, 2005). They are built upon the concept of perfect scaling of moments, 
and have been popular simulation algorithms of rainfall  during the past decades 
(Schertzer and Lovejoy, 1987; Gupta and Waymire, 1993; Marshak et al., 1994; Over 
and Gupta, 1994; Menabde et al., 1997; Langousis and Veneziano, 2007). A desirable 
feature of these models is that they reproduce variability  in a parsimonious fashion 
that also captures other statistical properties including the extremes (Veneziano and 
Langousis, 2010). At  the same time though  they encompass some fundamental 
limitations . First, typical models assume a single scaling exponent for all the moments 
of the process, which  has been questioned in the literature  for the rainfall process (e.g. 
Veneziano et al., 2006a; Molini et al., 2009; Serinaldi, 2010). In particular regar ding the 
autocovariance structure more complicated behaviours have been observed (Marani, 
2003; Markonis and Koutsoyiannis, 2016; Iliopoulou and Koutsoyiannis, 2019). 
Furthermore , the basis in multi-fractal analysis is the determination of the moment 
scaling function from the data, which is impacted by enormous estimation uncertainty 
considering classical moment estimators. In particular,  estimation beyond the order 
of three is shown to be highly unreliable (Lombardo et al., 2014). Apart from the latter, 
Koutsoyiannis et al. (2018) highlighted  a number of theoretical inconsistencies in the 
fractal approach and its applications, most notably the fact that scale invariance is a 
mathematical abstraction that violates certain natural laws as finiteness of energy and 
space. Rather the existence of scales beyond which a certain power law exists or ceases 
to hold appears to be a more applicable assumption for natural processes (Gneiting 
and Schlather, 2004; Gneiting et al., 2012; Koutsoyiannis, 2016). Considering the latter 
points, Koutsoyiannis et al. (2018) suggest that the useful concepts of fractal theory can 
be incorporated  into existing stochastic models, while related estimation issues may 
too be more rigorously  treated within the framework  of stochastics.  
 
Linear stochastic models 
The class of stochastic models has a long history dating back to early 20th century; a 
classification of dominant approaches is provided by Koutsoyiannis (2019a). The most 
widely known modelling approach is autoregressive models which originated in the 
works of Yule (1927) and Walker (1931) and gained stochastic foundations by the 
works of Wold (1938, 1948) and Whittle (1952, 1953). They became however popular 
by the acronyms ǆAR( ) (autoregressions of order ), MA( ) (moving -averages of 
order ), ARMA( Ẕ) (linear combination of the latter models) and ARIMA ( ẔẔ) 
(autoregressive integrated moving average), given in  the famous book of Box and 
Jenkins (1970). By construction they are short -range dependence models, with the 
exception of the ARFIMA( ẔẔ) model able of modelling long -range dependence 
through the  use of a real valued Ẉparameter, instead of the integer one (Granger and 
Joyeux, 1980; Hosking, 1981) 
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Despite their large popularity, this class of models suffers from a number of 
issues, namely definition in discrete time in contrast to the continuous -time evolution 
of natural systems, definition in terms of the autocorrelation structure whose 
estimation is negatively biased, and overparameterization, with the excepti on of 
simple AR(1), ARMA(1,1) , and ARFIMA(0,Ẉ, 0) versions (Koutsoyiannis, 2016). 
Koutsoyiannis (2000, 2002, 2016) developed an alternative parsimonious approach for 
model identification and fitting based on a generalized form of the autocovariance 
structure, and proposed a simulation algorithm, the symmetric moving -average 
scheme (SMA), suitable both for short- and long-range dependent processes. Another 
approach for long -range dependence is the approximation of the second-order 
structure by an infinite sum of Markov  processes (Mandelbrot, 1971), an approach 
parameterized for HK processes by Koutsoyiannis (2002). In contrast though to the 
flexibility of the SMA scheme, the former is a simple scaling approach and cannot 
preserve the dependence structure at timescales tending to zero (fractal behaviour; cf 
Dimitriadis and Koutsoyiannis, 2018) . A further advance to the moving -average 
scheme has been the development of its asymmetric variant (AMA) which enables 
preservation of temporal irreversibility  of the process (Koutsoyiannis, 2019a). The 
latter may be profound in atmospheric process at fine time-scales while it is 
particularly relevant for the simulation of the  streamflow processor time scales up to 
several days  (Ribatet et al., 2009; Mathai and Mujumdar, 2019; Serinaldi and Kilsby, 
2016a; Koutsoyiannis, 2019b). 

A marked challenge for the above models is the preservation of the marginal 
distribution of the process in cases of non-Gaussianity (see Tsoukalas, 2018; for a 
review of different approaches in hydrology ). The latter is particularly relevant for the 
reproduction of the extremes. The original version of the SMA model (Koutsoyiannis; 
2000, 2002, 2016) explicit ly  models the second-order properties of the process and 
approximates the marginal distribution by preserving the first three moments (thus, 
up to skewness). An extension of the model enabling preservation of four moments 
(up to kurtosis) has been provided by Dimitriadis and Koutsoyiannis  (2018a). An 
alternative approach was followed b y Papalexiou (2018) performing the simulation of 
the dependence structure in the Gaussian domain using autoregressions and back-
transforming to the non -Gaussian domain through the inverse transformation . The 
known  effect of the non-linear marginal transformation on the autocorrelation of the 
process (Embrechts et al., 2002) is dealt by prior to the model application , by inflat ing 
the correlation structure of the parent Gaussian process in order to preserve the target 
correlation of the arbitrary process. A similar modelling approach  based on the 
Gaussian auxiliary process but using the SMA model for the generation scheme 
instead, is developed by Tsoukalas et al. (2018). A general form of this approach is 
reviewed in Lavergnat (2016). Finally, an alternative approach of performing the 
simulation of the dependence structure in the frequency domain, instead of the time -
domain, using phase randomization and coupling with a parametric distribution is 
suggested by Brunner et al.(2019). 

It is worth recapitulating that short -range dependent Gaussian processes 
asymptotically do not exhibit extremal dependence (  = 1), while the same might be 
true even for Gaussian processes with weak long-range dependence (Leadbetter et al., 
1983; Embrechts et al., 1999; Ancona-Navarrete and Tawn, 2000). Therefore, in 
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presence of clustering of extremes and long-term rainfall variability , from the above 
class of linear models only the ones able to simulate long-range dependence and heavy 
tails should be of interest. 
 
Autoregressive conditional heteroscedasticity models 
These models are mainly developed in the econometrics literature around the concept 
of stochastic volatility . Stochastic volatility  refers to random changes of the variance 
as a function of time, defined in the context of stochastic recurrence (difference) 
equations (de Haan et al., 1989). These models were introduced in econometrics 
because usual linear models of the ARMA -type exhibited light tails and conditional 
constant variance and could not capture the peculiarities of financial timeseries. The 
latter refer to presence of heavy tails, changes in volatility , high correlations in the 
squares and absolute values of the data, clustering of high -threshold exceedances, 
while showing almost no correlation in the actual values of the data (Embrechts et al., 
2013). Hydrological processes share some similarities  with  the above properties, 
therefore although applications of this class of models are very limite d in hydrology, 
they represent a potentially interesting class for consideration. A relevant application 
of such a model for daily rainfall was performed by Laux et al. (2011). 

In discrete-time, models reproducing stochastic volatility are referr ed to as 
Ǌconditionally heteroscedasticǋ models and are of two general types. Engle (1982) 
introduced the AutoRegressive Conditionally Heteroscedastic process of order  
(ARCH), extended by Bollerslev (1986) who developed t he generalized version 
(GARCH( Ẕ)). In contrast to the linear case where the noise is additive, the noise in 
these models appears multiplicatively . The variance however is changing linearly, 
conditionally on the  values of past observations for the ARCH type, as well as on their 
conditional variance for the GARCH type , in a way that high volatility may arise either 
as a result of large absolute values of past data or from previous periods of large 
volatility (e.g. Embrechts et al., 2013). Therefore, a squared ARCH process can be 
represented as an ARMA process. Different definitions of the way in which the 
variance changes conditionally abound giving rise  to many variants of the type, while 
extensions to continuous time have also been proposed (Klüppelberg et al., 2004). An 
attractive property of these models have been the possibility to generate heavy tails 
using light -tailed noise terms, i.e. Gaussian innovations (Kesten, 1973). Conditions for 
the existence of stationary versions and for the existence of moments are discussed in 
Embrecths et al. (1996). A review on different types of ARCH models  and fitting  
methods is provided by Shephard (1996).  

The distinctive feature of  ARCH processes is that they exhibit  extremal 
clustering, which is the reason for their  wide popularity in finance and econometrics. 
The degree of clustering may be difficult to obt ain analytically, but can be 
approximated through Monte Carlo simulations as in de Haan (1989). Therefore, 
GARCH models implicitly capture some properties of persistent timeseries but in 
principle they do not preserve the correlation structure of the original process and they 
are not designed to reproduce long-range dependence, either. The reason is that in 
standard ARCH  and GARCH modelling the behaviour of the conditional variance  is 
modelled and this may appear persistent, irrespectively of the behaviour  of the 
unconditional one, which is the modelling focus in case of long-range dependence 
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(Mikosch and Starica, 2002). Modifications however have been proposed in order to 
capture LRD-type behaviour  defined in the absolute values and their  squares of log-
returns (Breidt et al., 1998; Giraitis et al., 2000; Ibragimov and Lentzas, 2008). Overall , 
the merits of the ARCH framework pertain to modelling heavy tails and clustering of 
extremes. Yet ARCH  theoretical properties are not as developed as in the case of linear 
stochastic processes, and the modelling of  the unconditional second-order dependence 
structure, which is important  in hydrology , is not straight-forward . 

 
Copula models  
The copula representation is a way of modelling continuous multivariate distributions 
by separating the modelling  of the univariate marginal distributions and that of their 
dependence structure (Joe, 2014). The latter is modelled through the copula which is a 
multivariate distribution comprising univariate dependent random variables 
uniformly distributed Ề(0, 1). The theoretical foundations are based upon Sklarǋs 
theorem (Sklar, 1959), showing that every multi variate cumulative distribution 
function of a random vector can be expressed in terms of its marginals and the copula, 
and the works of Fréchet (1951) and Hoeffding (1940) who derived the bounds of the 
copula. Applications of copulas abound in the statistical litera ture particularly due to 
their flexibility in modelling dependence structures other than the linear case ; for 
instance dependence measures of monotonic association such as the Kendallsǋ tau 
(1938) and Spearmansǋ rank correlation (1904) as well as more general dependence 
structures (cf. Joe, 2014). The linear dependence is argued to be counter-intuitive  and 
too restrictive for non-elliptical multivariate distributions (Embrechts et al., 2002).  A 
desirable property of copulas is that under strictly increasing transformations of the 
random variables, the copula properties, including dependence between extremes, 
remain inva riant.  The bivariate Gaussian copula is the most commonly applied due 
to the desirable properties of the multiva riate joint normal distribution . Yet with 
regard to capturing the behaviours of extremes, the Gaussian copula is not suited; e.g. 
see Sibuya (1960) for the proof of lack  of tail dependence in the bivariate Gaussian case. 
In such cases, the Gaussian copula will underestimate the joint tail probability, and 
therefore non-Gaussian copulas, such as the Archimedean (Genest and MacKay, 1986) 
are often employed.  

The great flexibility of the copula framework renders it a possible modelling 
option for a wide range of hydrological issues . Although in practice it has not been 
particularly popular for full process modelling , it is discussed in this section due to its 
potential of coupling with a wide range of  modelling approaches. Notable examples 
are studies using the copula approach coupled with the Markov -chains in order to 
simulate intermittent rainfall (Laux et al., 2009; Serinaldi, 2009a, 2009a), coupled with 
linear stochastic models for simulation of hydrological processes (Lee and Salas, 2011; 
Papalexiou, 2018; Tsoukalas et al., 2018), use of multidimensional copulas to 
characterize various dependence structures in hourly rainfall  (Salvadori and De 
Michele, 2006), as well as copula application s in the spatio-temporal modelling of 
rainfall (Villarini et al., 2008; Serinaldi, 2009; Bárdossy and Pegram, 2009; Laux et al., 
2011). A greater deal of copula applications are found  in the field of multivariate 
hydrological frequency analysis, as in intensity -duration rainfall models (De Michele 
and Salvadori, 2003; Zhang and Singh, 2007; Vandenberghe et al., 2010), and 
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multivariate flood modelling  (Favre et al., 2004; Grimaldi and Serinaldi, 2006; Serinaldi 
and Grimaldi, 2007). Currently,  the field  of applications is still rapidly growing 
(Salvadori and De Michele, 2010), following the similar trend in finance and insurance 
(Embrechts, 2009).  

Overall , the copula literature consists of a number of ad hoc approaches for 
modelling dependence structures and extremes. In terms of long-range dependence, 
Ibragimov and Lentzas (2008) employ a copula-based definition and show that there 
exists a range of copula-based Markov-processes that exhibit such dependence on the 
copula-level. However, these approaches do not form  a well-understood and stand-
alone framework for modelling long-range dependence, and tracking its effect on 
extremes. This shortcoming is prominent  when compared to the self-contained theory 
of stochastic processes, where both theoretical properties and sample estimation 
procedures for dependent data are established. In this respect, a critical point of view  
on the applications of copulas is provided by Mikosch (2006).  
 

 Extreme-oriented modelling  

Bortot and Tawn (1998) identify four critical components of the behaviours of extremes 
for stationary sequences: (i) the probability of exceeding the threshold, (ii) the 
distribution of the exceedances of the threshold, (iii) the long -range dependence 
between exceedances and (iv) the local clustering of exceedances within any set of 
dependent exceedances of the threshold. The basic theory behind impact of 
dependence in modelling of extreme, presented in Section 2.3., provides an asymptotic  
characterization of (ii), i.e. the distributional behaviour of extremes, by setting 
conditions on the rest of these properties. For high thresholds of extremes, it assumes 
presences of local clustering, quantified through the extremal index, but only weak 
long-range dependence between clusters. In general, the approaches to characterize 
between-cluster dependence fall under the following categories: (a) some formulation 
of probability mixing conditions, as Leadbetterǋs (1983) Ẑ ẑ, which require  that for 
extremes over an adequately high threshold a separation time exists above which they 
can be viewed as forming independent clusters, and (b) second-order dependence 
properties, suitable to characterize extremal dependence for Gaussian processes, as 
Bermanǋs (1964) condition on the rate of autocorrelation decay.  For within -cluster 
dependence the natural characterization is the extremal index approach as detailed 
above, but other conditional probability approaches, as the ones discussed in Section 
2.3.3, have been formulated as well.  

The asymptotic properties of extremes provide the theoretical basis for 
extrapolation  irrespective of knowledge of their parent distribution . In practice 
though, issues in terms of statistical estimation from data  arise. The main issues relate 
to determining  the rate of convergence to the asymptotic behaviour , quantifying  
estimation bias and uncertainty,  and identifying the  impact of the threshold for which 
dependence or independence is manifested. These are particularly relevant for the 
frequency analysis of hydrological data. For instance, it has been argued that the use 
of GEV distributi on via the blocks method, entails wasteful usage of data, as only the 
maximum per block is retained for modelling (Volpi et al., 2019), which is  a central  
arguments in favour  of  the peaks over threshold method instead (Pickands III, 1975). 
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The peaks over threshold method may increase the sample of observations but in 
theory, it too attempts to restrict the presence of persistence by selecting only the 
maximum o f a certain cluster, in order for the generalized pareto distribution to hold 
as an approximation of the distribution of exceedances (Coles et al., 2001; Ferro and 
Segers, 2003). In doing so, information on local clustering of data is discarded , without 
even considering the ambiguity in defining independent clusters . On the other hand, 
even for cases of asymptotic independence where the extremal index equals =1, it is 
possible that at finite levels of exceedances clustering is observed, with cluster size 
decreasing to 1 as the threshold increases; in essence, at sub-asymptotic levels the 
threshold is important in determining the behaviour of the process. Also the bias and 
the variability of the estimates are highly dependent on the model assumption, thus 
without formal modelling it is possible to misinterpret empirical results.  Apart from 
the functionals of extremes identified at the beginning, aggregate exceedances are also 
very important and heavily rely on the assumed model (Smith et al., 1997). In terms of 
convergence to the asymptotic distributions , it has been shown to be very slow for 
hydrological data (Koutsoyiannis, 2004a).  

The latter are important arguments in favour  of non-asymptotic methods for 
modelling extremes, even though in this case as well, asymptotic results are useful to 
infer the properties that should be retained in close-form modelling (Koutsoyiannis, 
2020b). Below, we review literature contributions  regarding  sub-asymptotic methods 
for extremes, which share three broad aims: i) modelling  of exact (instead of 
asymptotic) extremal properties based on the properties of the parent process, ii) 
modelling dependent exceedances of a given threshold by multivariate analysis of 
their up per joint tail , iii) modelling both dependence and marginal distribution  of 
extremes through autoregressive maxima models.   

In terms of exact results, a number of studies on extremes have been published 
in the hydrological literature. De Michele (2019) provide s a review of approaches to 
derive the exact distribution of maxima without assuming Ǌidentically distributed ǋ 
extremes. With a similar rationale but focused on relaxing the independence 
assumption, Lombardo et al. (2019) derive the exact distribution of maxima taken from 
low threshold POT with magnitudes characterized by an arbitrary marginal 
distribution and first -order Markovian dependence, and negative binomial 
occurrences. Volpi et al. (2015) derive the distribution function of the waiting time for 
processes with Markovian dependence, while Serinaldi and Lombardo (2020) derive 
the probability distribution of the waiting time till the th extreme also under long-
range dependence. A sub-asymptotic treatment of dependence in rainfall extremes in 
the framework of multifractal models is also described in Veneziano et al . (2006b). An 
explicit derivation  of ombrian models, i.e. generalized intensity-duration -frequency 
curves, incorporating persistence has been provided by Koutsoyiannis (2020b), using 
the extreme-oriented modelling framework based  on -moments (Koutsoyiannis, 
2019c). 

The second type of studies aim at explicitly modelling  local clustering of 
extremes. To this aim, a lot of studies model the joint distribution of threshold 
exceedances using bivariate dis tributions  and typically assuming a Markov -chain 
dependence structure (Ledford and Tawn, 1997; Smith et al., 1997; Bortot and Tawn, 
1998; Ribatet et al., 2009). Common choices for the joint distribution are the bivariate 
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-tail model, as well as bivariate extreme value models (Ledford and Tawn, 1997; 
Salvadori and De Michele, 2010). A marked issue however is the fact that Markovian 
dependence may underestimate properties of extremes, e.g. Ribatet et. al (2009) find 
that flood durations are under -estimated in the case of first-order Markov chain. On 
the other hand, use of higher-order Markov chains increases complexity.  A second 
approach is based on hierarchical modell ing by using a latent stochastic process to 
infer parameters of the distribution of threshold exceedances in order to simulate 
extremal clustering. Such models for rainfall extremes are proposed by Bortot and 
Gaetan (2014, 2016), who also provide a detailed discussion on the degree of extremal 
clustering that the models can produce.  

As far as autoregressive maxima approaches are concerned, to our knowledge 
applications in the hydrological literature  are very scarce. The moving-maxima 
process is a representation of the max-stable processes introduced by de Haan (1984). 
This approach refers to replacing sums by maxima in the linear time series approach 
and using a Fréchet distribution for the i nnovation terms , which lead to a max-stable 
process, since all its finite dimensional distributions are max -stable. Moving -maxima 
processes bare connections to multivariate extreme value distributions as well as to 
stable and moving-average processes; e.g. these are discussed in Hall et al. (2002). A 
special class of moving maxima process are max-ARMA processes, whose theoretical 
properties are studied by  Davis and Resnick (1989). For a first-order moving maxima 
process (ARMAX), the extremal index equals  = 1ī , while Berliant et al. (2006) show 
that for a general type of moving maxima processes, asymptotically it holds that Ẩ
ẐẙẑẨỘỌợ . Although the theoretical properties are well d eveloped (de Haan, 

1984; Davis and Resnick, 1989), the statistical applications are not as established in the 
hydrological domain . An exception is the work of Tyralis and Langousis (2019) 
modelling intensity -durati on-frequency curves through max -stable processes. 
Notably  more applications of max-stable process can be found for the spatial 
modelling of rainfall extremes (e.g. Davison et al., 2012). 
 

 Overview  of approaches  

The development of extreme value theory has enabled the decoupling of the mod elling 
of the extremes from that of the parent process. The limiting laws of maxima provide 
the basis for theoretically consistent extrapolation to the range of unobserved events 
requiring est imation only of the three first moments of the sample maxima. The latter 
is convenient because most available records are of short length and cannot support 
the any-order estimation of the processǋs distribution , while even for longer records, 
estimation based on higher-order ordinary  moments is very uncertain. This issue has 
been resolved only recently, by the development of approximately unbiased higher -
order moment estimators that employ  all data and are known as knowable ( -) 
moments (Koutsoyiannis, 2019c). The inclusion of higher -order moments in the model 
calibration may  bridge the modelling  of nonextreme properties of the parent process 
with  a faithful representation of its extremes.  

A lthough the decoupling of the distributional modelling of extremes from the 
parent process under EVT has been very practical, it has also led to a general disregard 
for the links of extremes to the parent process. Consequently, in the modelling  of the 
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parent process, behaviours of extremes other than their marginal distribution  are 
usually overlooked, by implicitly assuming independence. On the other hand, in 
extreme-oriented modelling approaches, absence of long-range dependence is 
commonly taken for grante d, whereas short-term clustering, i.e. local dependence, is 
treated as a separate behaviour , rather than a byproduct of temporal dependence in 
the parent process. In a more subtle way, the attachment to the assumption of 
independence is also manifested by the increasing number of trend studies invoking  
deterministic causality  in case of non-IID  extremes (Koutsoyiannis  and Montanari,  
2015). The deviations of hydrological extremes from the IID  assumption, their 
implications and modelling are the focus of Chapters 4-8, while Chapter 3 revisits the 
second-order structure of the rainfall process.  
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3.  REVISITING LONG -TERM PERSISTENCE IN THE 

RAINFALL PROCESS 

In this chapter, the second-order dependence theory is applied to the rainfall process 
with the aim to investigate its persistence dynamics. The identification of persistence 
in a natural process provides empirical grounds for investig ating the long-term 
temporal properties of its extremes. While persistence is identified in various natural 
processes, it is usually less acknowledged in the rainfall process. Thus, it is revisited 
here using a global rainfall dataset. 

3.1 Introduction  

Since Hurst (1951) brought l ong-term persistence, also known as long-range 
dependence (LRD), into scientific discourse, the interest in this behaviour has been 
rising. This is mainly due to its serious implications into the modelling and design 
processes in various scientific fields and  particularly in water resources (OǋConnell et 
al.). Another fact contributing to its growing p opularity is that LRD has been identified 
in many climatic variables, such as temperature (Pelletier, 1998; Koutsoyiannis, 2003), 
rainfall (Fraedrich and Larnder, 1993; Pelletier and Turcotte, 1997), wind power 
(Haslett and Raftery, 1989) and the North -Atlantic oscill ation index (Stephenson et al., 
2000). The Hurst behaviour has also a strong physical basis, as it is derived from the 
principle of entropy maximization (Koutsoyiannis, 2011a), a principle which can be 
used to determine the theoretical probability distribution model for rainfall 
(Papalexiou and Koutsoyiannis, 2012). More detailed discussion on the history and 
relevance of the Hurst behaviour can be found in the review paper by OǋConnell et al. 
(2016). 
      In this analysis, we aim to investigate the dependence properties of annual rainfall. 
Studies regarding LRD in annual rainfall are usually limite d in a specific area and/or 
utilize datasets of relatively short lengths (Kantelhardt et al., 2006; Bunde et al., 2013; 
Zhai et al., 2014). Short record lengths can introduce bias into the estimation of long-
term persistence properties, which in general, need more than 100 years in order to 
avoid underestimation (and, in cases of very strong dependence, even more than 1000) 
(Koutsoyiannis and Montanari, 2007). A majority of other studies  investigate the 
dependence structure of rainfall at sub-annual or even smaller scales (Papalexiou et 
al., 2011), but in that case, the phenomenon gets complicated due to the combined 
effects of seasonal variation and intermittency. On the other hand, paleoclimatic 
reconstructions suggest strong LRD behaviour in multi -decadal to centennial time 
scales (Pelletier and Turcotte, 1997; Markonis and Koutsoyiannis, 2015). Evidently, 
there are still ample grounds for research on the existence of LRD in annual 
precipitation.  
        Herein, we analyze more than one thousand annual precipitation records of 
length of a hundred years or more from different areas of the world . To quantify LRD, 
we estimate the Hurst coefficient, through the  variance-based method (climacogram) 
and employ Monte Carlo method to identify a common Hurst coefficient for all the 
records. Additionally,  we perform  a simple test on the autocorrelation structure of the 
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first few lags to examine whether the hypothesis of a Markovian autocorrelation 
structure is justified or not. Finally, w e discuss the effect of time-scale and record 
length on LRD estimation. 

3.2 Dataset 

The instrumental data are obtained from the Global Historical Climatology Network 
(GHCN -Daily, https://www.ncdc.noaa.gov/ghcnd -data-access), which contains daily 
data from more than 50 000 land surface stations around the globe. A significant 
percentage of these records exhibit the typical issues of most datasets available, i.e. 
missing values, short record length and rainfall values of questionable quality, such 
as unrealistic outliers. In order to restrict data quality to a sign ificantly high l evel, we 
filter  the dataset using certain criteria.  
        We study only the stations satisfying the following conditions: a) record length 
over 100 years, b) missing values less than 20% and, c) suspect values with quality 
flags less than 0.1%. Initially, in order to construct the annual series we delete all daily 
values assigned quality flags, indicating unrealistically large values, and then estimate 
the average daily value per year. Notably, because of the existence of missing values 
within most record s, summing up all daily values of a year would result to smaller 
annual estimates than the real ones; to a degree dependent on the number of missing 
values. It would be clearly more robust to estimate the daily mean values per year. 
This is only performed for the years having less than 20 missing daily values while the 
rest are considered missing. Then, all stations having more than 20% missing yearly 
values are removed. This screening results in 3477 stations with lengths varying from 
100 years to 173 years. Among the 3447 stations there are different combinations of 
record lengths and missing values, e.g., 558 stations having 100 years in a sequence 
with no missing values, 1474 stations with more than 100 values and only eight 
stations without any missing values. We choose to analyze 1265 stations having more 
than 100 values and a missing values percentage less than 15%. Obviously, this choice 
ensures a higher quality dataset for our analysis. 
    

3.3 Methodology and results 

 Variance scaling method 

The method employed herein is based on the study of the variability of the data 
averaged at different timescales. The method is sometimes referred to as aggregated 
variance method, but what is actually aggregate is the timescale and not the variance. 

Specifically, let   be a stationary process on discrete time  (referring to years in our 

case) with standard deviation  and let: 

Ẑẑ
Ẩ
ẙ

ẨẐ ẑẓ

Ẕ ẨẙẔẚẔẛ⁪ 
  

(26) 

denote the averaged process at timescale , with  standard deviation  Ẑẑ. In the case of 

an uncorrelated process, the standard deviation of 
Ẑẑ

 is obtained by ẐẑẨ
ẗ
. In the 
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opposite case, i.e. if the process is a Hurst-Kolmogorov process, as introduced in 
Section 2.2, the abovementioned law is invalid. Instead one obtains the elementary 
scaling property:  

ẐẑẨ    (27) 

where  is the Hurst coefficient, which for stationary and positively correlated 
processes varies in the range (0.5, 1). The value of ẨẘẖẠ denotes time independence, 
while smaller values are indicative of anti -persistence. The autocorrelation of the 
aggregated process is independent of the scale of aggregation  and is given as follows: 

Ẑẑ
Ẩ Ẩ

ẙ

ẚ
Ẑẓẙẑ ẓẐ ẙẑ Ẕ ẩẘ   (28) 

To apply the method to the data we use the climacogram tool (Koutsoyiannis , 2011b), 

which is the double-logarithmic plot of the standard deviation Ẑẑ
  of the aggregated 

time series at scale  versus the time scale . The Ẉvalue is estimated as the slope of 
the fitted line (least squares regression). In a variant of that method, the estimation 
bias of the standard deviation, which depends on the time-scale of aggregation, is also 
considered. 
        Each averaged time series is constructed as follows. For every scale , the data are 
divided into  groups, the number of which is obtained as the fraction of the data 
length  versus the scale value . For example in time scale  = 4, 120 years would be 
divided in 30 non -overlapping groups of 4 years. Subsequently, the values within each 
group are averaged according to equation (26). However, when missing values are 
encountered, the process of averaging may become problematic depending on the 
number of missing values; if more than a half of the values is missing, then the estimate 
would be quite uncertain (Markonis , 2015). To overcome the issue, we use a simple 
criterion on the number of missing values before estimating the averaged series within 
each group: a) for scale Ẉ= 2 the average value is estimated only when both values 
exist b) for scales ẛ  the average value is estimated only when there are at least 
three values within the group. According to the latter rule, we estimated the averaged 
series for all the scales between min  and max, where min  = 1 and max Ò  /10 so that 
the variance in the maximum  scale is estimated from at least 10 values (Koutsoyiannis, 
2003). For a 100-year record length this would be the variance of the decadal means. 
        The results of the algorithm implementation for the instrumental data are  shown 
in Table 3.1 and Figure 3.1, suggesting evidence of weak long range dependence. More 
specifically, it was found that 85% of the data exhibit Ẉ ẈẘẖẠ, yet with notable 
variation. For example, only half of the data show Ẉ ẈẘẖẠẤ, i.e. a more pronounced 
dependence structure. A very strong dependence structure, Ẉ Ẉẘẖảẘ is reported for 
the 2.5% of the records, while for 15% of them we observe lack of dependence. For the 
95% interval, Ẉvalues fluctuate between 0.4ǅ0.8.  
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Table 3.1 Summary statistics of the Hurst parameter as estimated from the climacogram 
method applied to the 1265 records. Q indicates the empirical quantile  

Min  
2̓.5

 
2̓5

 Median 
7̓5

 
9̓7.5

 Max Mean SD 

0.23 0.40 0.53 0.59 0.65 0.80 0.99 0.59 0.1 

 

 

 

Figure 3.1 Empirical distribution of the Hurst coefficient  as resulted by applying the 
aggregated variance method to the 1265 annual rainfall records. 

        In order to test the effects of our parametric choices for the value of the minimum 
and maximum scale, we examined how the median and the variance of  estimates 
vary for different min and max. As can be seen in Figure 3.2, the variance of the Hurst 
parameter estimate becomes larger as the value of the minimum scale kmin  increases; 
yet the value of the median in the estimate remains the same. Therefore, our choice of 

min  = 1 is well-justified, since greater values of min only amplify the uncertainty in  
estimation. In addition, the observation of the same median strengthens our 
hypothesis of the LRD structure, because in the alternative hypothesis of short term 
dependence, we would notice some change in the climacogram curvature and 
correspondingly to the logarithm ic slope. The results for the max were similar. It can 
be seen in Figure 3.3 that the decrease in the number of values in the last scale increases 
the variance of the Hurst parameter estimate in this case too. Therefore, the choice of 
Ẉ Ẉẙẘ leads to more reliable results compared to using smaller values of .  
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Figure 3.2 Box-plots depicting the sample differences resulting from variations in the value of 
minimum scale min  when applying the climacogram method. 

 

 

Figure 3.3 Box-plots depicting the sample differences resulting from variations in the number 
of minimum values   in max when applying the climacogram method. 

 Least Square Based on Standard Deviation Method (LSSD) 

Koutsoyiannis  (2003) demonstrated how the use of the classical estimator for the 
standard deviation can introduce significant negative bias in the estimation of the 
Hurst parameter by the variance scaling method. This is because the hypothesis of 
independence, which is a necessary condition for the use of the estimator, is violated 
in the case of processes with strong LRD behaviour. This shortcoming may be 
overcome by the use of the Least Square Based on Standard Deviation Method (LSSD) 
(Koutsoyiannis, 2003; Tyralis and Koutsoyiannis, 2011b), which performs a  
simultaneous estimation of the Hurst parameter  and the standard deviation œ using 
an approximately unbiased estimator for the latter.  
        Here, for simplicity reasons we applied the LSSD method (Tyralis and 
Koutsoyiannis, 2011) only to the sample of the 558 (44% of the total) stations with no 
missing values and then, compared our estimate with the one obtained by the simple 
climacogram method for the same sample. As shown in Table 3.2 and Figure 3.4 the 
two meth ods show small deviations from each other. Overall, the value of the bias 
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fluctuates between 1-2% with the bias in the estimate of the average being 
approximately 1%. The bias is negligible in this case because the estimated Hurst 
parameter is not very high.  
 
Table 3.2 Summary statistics of the Hurst parameter as estimated from the climacogram 
method and the LSSD method both applied to the 558 records without missing values. Q 
indicates the empirical quantile . 

 Climacogram 

method 

LSSD 

method 

Mean 0.56 0.58 

SD 0.10 0.09 

Min  0.28 0.33 

ẖ 0.37 0.40 

 0.50 0.52 

Median 0.56 0.57 

 0.63 0.64 

ẖ 0.78 0.79 

Max 0.90 0.92 

 

 

Figure 3.4 Double histogram depicting the empirical distribution of the Hurst coefficient  
resulting from the climacogram method (left) and from the LSSD method (right), both applied 
to the 558 annual rainfall records without missing values.  
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 Monte Carlo testing 

We also investigate the existence of a theoretical distribution of the Hurst coefficient 
that can satisfactorily match the empirical one; i.e. whether there is a unique Hurst 
coefficient which could be considered representative for all the records. In order to 
produce a theoretical sample of time series exhibiting HK  dynamics, we use a simple 
algorithm that generates Fractional Gaussian Noise based on a multiple timescale 
fluctuation approach (Koutsoyiannis , 2002). We generated 1265 time series that 
reproduce the record length, the mean and the standard deviation of the empirical 
sample, repeat the same procedure for several theoretical  values and then estimated 
the empirical ones. The distribution of the empirical estimates for the synthetic time 
series was compared to the distribution of the empirical estimates for the historic time 

series used in the analysis. It appears that the value of  Ẩ ẘẖẠả (Figure 6) yields the 
most satisfactory match. However, it is worth noticing that that 2.5% of the stations, 
exhibiting  ẈẩẈẘẖả, are outside the range of the theoretical distribution. 
 

 

Figure 3.5 Paired histogram depicting the match of the empirical (blue) and theoretical 
(purple) distribution of the Hurst coeffi cient  resulting from applying the aggregated 
variance method to the 1265 historical records and 1265 synthetic records respectively. The 
synthetic records are realizations of a stochastic process characterized by a theoretical Hurst 
coefficient  = 0.58. 

 Autocorrelation analysis  

The estimated Hurst coefficient is not high enough to allow for any certain conclusion 
on the type of the dependence structure, since relatively low Hurst coefficients (0.5-
0.6) can be estimated when there is short range dependence or no dependence at all 
due to algorithmic inadequacies, sample bias and estimation uncertainty. To this end, 
we also employ the autocorrelation function, to further examine the dependence 
properties of rainfall. Still one should keep in mind that the classical autocorrelation 
estimator, as in the case of standard deviation, is biased downwards (Koutsoyiannis, 
2003; Dimitriadis and Koutsoyiannis, 2015). However, since the estimator is biased 
downwards, any result in favour of LTP, would mean that in reality, the LTP is even 
stronger. 
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        The autocorrelation coefficients of the first three lags for the instrumental data are 
low  (Table 3.3).  
 
Table 3.3 Summary statistics of the estimated autocorrelation coefficients for lags 1, 2, 3. 
Q indicates the empirical quantile.  

 ő1 ő2 ő3 

Mean ẘẖẙẚ ẘẖẘẛ 0.05 

SD ẘẖẙẙ ẘẖẙẚ 0.11 

Min  ẘẖẙẤ ẘẖẛẠ -0.32 

ẖ ẘẖẙẘ ẘẖẙạ -0.15 

 ẘẖẘẠ ẘẖẘẠ -0.02 

Median ẘẖẙẙ ẘẖẘẚ 0.05 

 ẘẖẙả ẘẖẙẘ 0.12 

ẖ ẘẖẛẢ ẘẖẚẤ 0.27 

Max ẘẖạẚ ẘẖẠẤ 0.47 

 
On further investigation, we test  whether independence is a plausible scenario for the 
dependence structure of our data. We produced 1265 independent, i.e. uncorrelated, 
time series of the same sample size and estimated the sample autocorrelation 
coefficients (Figure 3.6). It can be seen that for all three lags the value of the median of 
the historic data is greater than the one estimated from uncorrelated synthetic data. 
This is more obvious in the case of autocorrelation of lag-1 where for the 95% interval 
the values of the independent data fluctuate in the range ǅ0.175 to 0.173, while the 
historic ones are in the range ǅ0.09 to 0.37. In addition, in all three cases, the historic 
samples exhibit significantly fewer negative values than the uncorrelated ones. 
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Figure 3.6 Box-plots depicting the resulting sample differences of the autocorrelation 
coefficient  between the empirical series and uncorrelated series for lags 1, 2, 3. 

        The above results could be typical for a Markov process too, also known as AR(1) 
process. To address this issue, a simple ad hoc test, which exploits the distinctive 
properti es of Markov processes, was designed. Under the Markov hypothesis, the 

theoretical autocorrelation coefficient for lag 2 would be estimated as Ẩ , where  
 is the known empirical autocorrelation. Likewise, the Markovian autocorrelation 

coefficient for lag 3 would be given as Ẩ . The resulting theoretical estimate is 

compared to the empirical one for the same lag; if the empirical value is higher than 
the theoretical AR(1) one, then the Markov hypothesis weakens. 
         We applied this comparison to the 52% of the stations for which all the 
autocorrelation coefficients for lags 1-3 are positive (Figure 3.7). It is evident that the 
empirical estimates are considerably higher than the theoretical ones resulting from 
an AR(1) structure and therefore, the Markov assumption becomes less likely. In 
addition, the empirical estimates do not follow the exponential convergence to zero of 
the Markovian ones, but instead, remain approximately stable for lags 2 and 3; this is 
in  agreement with the theoretical behaviour of LRD whose distinctive feature is the 
existence of slowly decaying autocorrelation function (Beran, 1994). 
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Figure 3.7 Box-plots showing the sample differences of the autocorrelation coefficient ő 
between the empirical series and synthetic series generated from an AR(1) model for lags 1, 2, 
3. 

        Having tested the cases of independence and short-range dependence, we finally 
examine whether the autocorrelation structure is consistent with that  of a FGN model. 
In Figure 3.8 the empirical autocorrelation coefficient  is plotted against the 

corresponding estimated Hurst coefficient  as obtained from equation (27). The 
diagram shows that the autocorrelation structure is consistent with that  of a FGN 
model. The deviation between the theoretical and the empirical estimates becomes 
greater in the region of high values of ; still this is justified due to the increased 
negative bias in the autocorrelation estimation in that case.  
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Figure 3.8 Observed Hurst coefficient  vs. autocorrelation coefficient 1 points of the 1265 
annual rainfall records and the theoretical line typical of a HK model. 

3.4 Discussion and conclusions 

The analysis of the global instrumental data set shows that there are notable indications 
of weak LRD in the annual rainfall. As the Hurst parameter is not very high, the simple 
application of the climacogram  method induces only 1-2% negative bias in the Hurst 
coefficient estimation and therefore, the estimated via Monte Carlo, theoretical 
common value of ẈẨẈẘẖẠả, may be considered accurately representative for 
instrumental data.  

The study of the autocorrelation function shows that it is consistent with the 
autocorrelation of a FGN model, even though for a certain percentage of the stations 
the Markov hy pothesis could not be falsified. Specifically, the existence of negative 
correlations in all three lags examined did not permit the performance of the 
abovementioned method in the case of the 48% of the stations. Some studies using 
smaller data sets (Potter, 1979; Fraedrich and Blender, 2003; Kantelhardt  et al., 2006) 
supported the appropriateness of the Markov structure, but they did not investigate 
the differences between actual and theoretical auto-correlation in  larger lags (Figure 
3.7). These differences might be quite small, it has been shown though, that they might 
have serious implications when it comes to the estimation uncertainty (Koutsoyiannis 
and Montanari, 2007). For instance, in terms of trend significance, the observed 
changes in rainfall might be considered quite rarer than they actually are (Cohn and 
Lins, 2005). Lastly, it was shown as well, that the autocorrelation function significantly 
departs from the case of independence. 
 Although the above findings are in favour of the existence of a stronger 
dependence structure than the one typically assumed in literature (Potter, 1979; 
Fraedrich and Blender, 2003; Kantelhardt et al., 2006), it seems that there is a 
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discrepancy between smaller and larger time scales (Fraedrich and Larnder, 1993; 
Pelletier and Turcotte, 1997; Poveda, 2011; Ault et al., 2013). To this end, the most 
important source of uncertainty in the determination of LRD, which is the record 
length, should not be overlooked (Koutsoyiannis, 2002; Koutsoyiannis and Montanari, 
2007). Although using stations with relatively high ǆcompared to the majority of the 
existing rainfall data recordsǆ record length, the accurate detection of long range 
dependence cannot be guaranteed because this behaviour may require even longer 
record length to be revealed. Subsequently, the low estimates of Hurst parameter in 
instrument al time series could be attributed to the limited record length available in 
some cases and therefore, should be considered characteristic only for this time 
horizon of approximately 100 years. This is also suggested by the work of Markonis 
and Koutsoyiann is (2015), which emphasizes the influence of time-scale when it comes 
to the analysis and reveal of the dependence of a time-series. An additional analysis of 
longer-term records is presented in Chapter 6. 
 It is also important to consider the uncertainty induced due to measurement 
errors or false homogenization techniques which may introduce bias to the estimation 
of LRD (Steirou, 2011).  GHCN-Daily highlights the potential bias provoked by 
changes in instrumentation over the years and it is possible that this kind of bias could 
also affect the estimation of .  
 Ultimately, the high variability of the results is in accordance with the inherent 
uncertainty of the phenomenon, apart from algorithmic or data choices. An important 
conclusion drawn from the analysis is that simplifying assumptions commonly used 
in practice, such as inter-annual independence, may, in cases, significantly, depart 
from reality and hence, a thorough and careful study of the dependence properties of 
the dataset, as performed here, is recommended, especially when longer time horizons 
are of interest.  
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4.  CHARACTERIZATION AND MODELLING OF 

EXTREME RAINFALL SEASONALITY  

This Chapter is the first of  the two dealing with the temporal dynamics of hydrological 
extremes induced by seasonality. A novel framework is formulated  to address the 
question of objectively characterizing and modelling seasonality of rainfall extremes. 
The effects of seasonality in the distributional modelling of rainfall extremes are 
discerned using extreme value theory. A robust parameterization approach is 
proposed to resolve consistency issues reported in the literature . The effectiveness of 
the proposed scheme for seasonal characterization and modelling  is highlighted when 
contrasted to results obtained from the conventional approach of using fixed 
climatological seasons. To these aims, a dataset comprising  long-term daily rainfall 
records (>150 years) is employed. 

4.1 Introduction  

Seasonality is a dominant feature of most hydrological processes including extreme 
rainfall (Hirschboeck, 1988). It implies intra -annual periodic variability  which pertains 
to both timing and magnitude of extreme r ainfall. An accurate and effective 
characterization of seasonality is critical to a wide variety of hydrological applications. 
For instance, it is useful in the scheduling of various flood preparedness measures, 
including management of stormwater infrastru ctures (Dhakal et al., 2015) and 
reservoir operation (Chiew et al., 2003; Fang et al., 2007; Chen et al., 2010a). Similarly, 
seasonality characterization is exploited in advanced schemes of flood-frequency 
analysis incorporating causative mechanisms (e.g. Sivapalan et al., 2005; Li et al., 2016) 
and may be useful for medium -range flood prediction (e.g. Koutsoyiannis et al., 2008; 
Wang et al., 2009; Aguilar et al., 2017), for which inclusion of seasonal extreme rainfall 
may increase prediction skill. Modelling  of seasonal rainfall extremes ǅ which typically 
implies some sort of frequency analysis ǅ may also inform the selection of design 
values for related infrastructure. Additionally, the latter provides support to within -
year operation of water resources systems, design rainfall estimation (Golian et al., 
2010; Efstratiadis et al., 2014) and probabilistic assessment of extreme events occurring 
in a given season. Nowadays, extreme rainfall seasonality also prompts renewed 
scientific interest as a field of trend analyses (Ntegeka and Willems, 2008; Dhakal et 
al., 2015; Tye et al., 2016; Wu and Qian, 2017). 

Characterization of extreme rainfall seasonality is scarcely dealt with by the 
relevant literature . Most of the established methods are devised to identify the 
temporal span of a wet season and assess its significance, typically by a priori 
identifying a single wet season. For example, directional statistics are typically applied 
to identify the high flow season  (Cunderlik et al., 2004a; Baratti et al., 2012; Chen et al., 
2013) and have also been applied  to characterize the timing of seasonal rainfall 
(Parajka et al., 2009, 2010a; Lee et al., 2012). However, directional statistics are 
inefficient when extremes occur over multiple seasons, which is very likely in the case 
of rainfall ( Cunderlik and Burn , 2002). Recently, Dhakal et al. (2015) provided an 
improvement to the traditional method of directional statistics by adopting a non -
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parametric approach to capture multiple modes in the timing of annual rainfall 
maxima. Yet they noted that the proposed method is sensitive to the subjective 
selection of threshold values to assess significance of circular density estimates. 
Multimodality of the seasonal regime is also dealt with by analyzing the m onthly 
relative frequencies of extreme occurrences (Cunderlik and Burn, 2002; Cunderlik et 
al., 2004a). This approach, however, relies on the subjective identification of the 
monthly time step to characterize seasonality. The latter along with the four 
climatological seasons are often used when large-scale or global analyses are 
performed (e.g. Rust et al., 2009; Villarini, 2012; Serinaldi and Kilsby, 2014; Papalexiou 
and Koutsoyiannis, 2016) but lead to disregarding the large spatial var iability of 
atmospheric patterns and may not align well with local behaviours (Pryor and Schoof, 
2008; Dhakal et al., 2015). Moreover, the fixed partitions do not resolve the crucial 
question of the identification of the optimal number  of seasons, therefore resulting in 
over-parameterization of the seasonal model of extremes due to the large number of 
seasons that is adopted, particularly in the 12 month model. 

A sub-optimal characterization of seasonality could be a reasonable 
compromise when one is interested in characterizing the timing of the most extreme 
events only. However, technical applications often require the modelling  of the 
frequency of extremes during the whole course of the year. In this regard, several 
previous studies have either considered climatological information or employed 
statistical methods along with some degree of subjective judgement to estimate the 
optimal number of seasons and their displacement in time (e.g. Durrans et al., 2003; 
Chen et al., 2010a; Baratti et al., 2012; Bowers et al., 2012). Coles et al. (2003) adopted a 
different approach  by treating seasonal temporal limits as unknown parameters to be 
identified within a Bayesian framework . Yet, they also identified the number of 
seasons a priori through subjective inference. 

The above literature review highlights a methodological gap in the objective 
identification of the optimal number of extreme rainfall seasons and their duration. To 
the best of the authorsǋ knowledge, existing methods are not suitable for directly 
inferring multimoda lity from the seasonal regime and concurrently identifying 
segmentation points between seasons in an objective manner. 

The research herein presented proposes a two-purpose framework for (a) 
objective seasonality identification and (b) modelling of rainfall  extremes in order to 
effectively estimate the seasonal probability of extreme events. To this end, we 
introduce two alternative methods for season identification , which are characterized 
by different level s of parsimony in terms of data requirements , therefore providing 
two options for practical applications . Our approach employs an information -theoretic 
framework  (Akaike Information Criterion, A IC) to estimate the optimal number of 
seasons. In order to describe the frequency of extremes in each identified season we 
use the GEV probability distribution. We discuss the consistency of the model at 
different time scales. Finally, in order to demonstrate the efficiency of our framework  
we present a comparison with the traditional 4-season approach. 

An extended dataset of long daily rainfall records is herein investigated, as 
detailed in the next section. The length of the records, the shortest one covering an 
observation period of 150 years, allows us to inspect the impact of uncertainty, which 
may be relevant for seasonal extreme value analyses (Cunderlik et al., 2004b). To 
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reduce uncertainty we propose a robust parameterization approach of seasonal-
annual distributions which is supported by empirical evidence.  
 

4.2 Dataset 

Our dataset includes 27 daily rainfall records each one spanning over 150 years. 
Eighteen of them are collected from global databases, namely, the Global Historical 
Climatology Network Daily database (Menne et al., 2012) and the European Climate 
Assessment & D ataset (Klein Tank et al., 2002). Figure 4.1 shows the geographical 
location of the stations, while Table A.1 (Appendix A)  reports the coordinates of each 
station, the observation period, as well as the number of years that are fully covered 
by observations after quality cont rol and screening of missing values. For the 
extraction of the annual maxima we employ a methodology proposed by Papalexiou 
and Koutsoyiannis (2013); accordingly, an annual maximum is not accepted if (a) it 
belongs to the lowest 40% of the annual maxima values and (b) 30% or more of the 
observations for that year are missing. For seasonal and monthly maxima we compute 
statistics only if number of missing values is less than 10% of the total sample (season 
or month) . The longest series is that of Padua, spanning a period of 275 years, that is 
the longest rainfall record existing worldwide (Marani and Zanetti, 2015). 

 

Figure 4.1 Map of the 27 analyzed stations with daily rainfall records spanning over 150 years. 

 

4.3 A new method for identifying s easonality of extreme rainfall  

The methodology that we propose to identify seasons is inspired by cluster analysis 
and model selection techniques. Seasons are regarded as groups (clusters) of 
consecutive months with similar behaviour of extremes. The question of selecting the 
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number of seasons that best describe the dataset is addressed here via a model 
selection process under the assumption that different numbers of clusters (seasons) 
represent alternative plausible models for the dataset. Two alternative methods for 
season identification characterized by different level of parsimony are considered here 
and described below. 

In what follows, we denote random vari ables by underlined symbols and their 
realizations by plain form , respectively. We also use bold characters for vectors. We 
denote season, month and year with the indexes  = 1,.. Ẕ  = 1,...,12, and  = 1,.. max, 
respectively, where  is the number of seasons and max is the record length in years. 
We assume that Ẉis fixed a priori and denote with Ẉthe vector containing the  values 
of contiguous months belonging to the same season , and with   its size. Accordingly, 
we define the following random variables:  

¶ ẔẔ is the maximum daily rainfall amount of season , month  and year ; 

¶ Ẕ is the temporal average of maximum daily rainfall of month  of season  

along the record, namely, Ẕ ẔẔẨ Ẉ ; 

¶    is the temporal average of the Ẕ values along the season , Ẕ. 

For instance, 2,5,12 for season =2 defined by =(5,6,7) denotes the maximum daily 
rainfall observed in May of the 12 th year of a given record and belonging to the 2nd 
identified season of the year, which also includes months June and July; likewise, 2,5 

is the sample average of maximum rainfall observed in all May days of the record, 
while, 2 is the sample average of all monthly averages belonging to season 2, in this 
case of May, June and July. 

We call the first method for season identification the SSD algorithm. It is based 
on the computation of Sum of Squared Deviations (SSD) of the Ẕvalues from their 

seasonal average,  for all seasons according to the equation:  

ẾẾắẨ ẐẔ ẑẈẈ

Ẩ

 
  

(29) 

This metric is evaluated for each possible clustering combination  of consecutive 
months for the given number of seasons, thus enabling the identification of the lower 
value of SSD, which identifies the optimal partition of the year into  seasons. We 
require a season to span at least two months and allow the algorithm to group months 
across different calendar years. The requirement for a season to span at least two 
months implies that the maximum number of seasons is 6, but preliminary 
investigations showed that more than three seasons are rarely present in extreme 
rainfal l. Therefore, we limit our attention to  values ranging in the interval (1-4). 

Essentially, the SSD algorithm minimizes the within -cluster variance of the 
average value over the years of the monthly rainfall maxima and can be considered as 
a simplification of the well -known -means algorithm (MacQueen, 1967). Since 
seasons may include contiguous months only, and the algorithm deals with only 12 
data points to cluster ǆthe average over the years of daily maximum rainfall values 
for each monthǆ the number of possible combinations is relatively low and the 
method is parsimonious.  
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 In order to identify the optimal number of seasons we define alternative 
probabilistic models, wit h different level of parsimony, to describe the frequency of 
occurrence of extreme events in each season and assess their ability to optimally fit the 
observed record. Accordingly, we first select a trial value for the number  of seasons 
in the range (1-4) and partition them by applying the above SSD algorithm. To describe 
the probability distribution of rainfall in each season and the whole year we form a 
mixture model with  seasonal components, each described by its own probability 
distribution. Hence , according to the law of total probability, the probability 
distribution of the seasonal model for a generic seasonal random variable  takes the 

form:  

Ẉ ẐẦ Ẕ⁪Ẕ ẑẨ ẐẦẑ

Ẩ

ẈẈẈẈẈẈẈẈẈẈẈẈẈ 
  

(30) 

where  are weights adding up to 1. They are obtained as the ratio of the seasonǋs 
length in months, , versus the whole twelve-month period, i.e. Ẩ ẙẚ₀ ; and  is a 
seasonal parameter vector. Here  is a seasonal probability distribution for 

describing realizations Ẉin season . Note that by applying the law of total 

probability instead of deriving the annual probability distribution as the product of 
the seasonal ones, we avoid relying on the assumption of independence of the random 
variables , which was adopted in other studies (Durrans et al., 2003). Therefore, this 

is a more general approach also appropriate for the cases of rainfall maxima being 
correlated among seasons. 

The above step requires identifying and fitting a candidate model for the 
 probability distribution. We propose two alternative models for the se asonal 

probability distribution  ẐẔ ) which are characterized by different level of 

complexity.  
The first option, which we call Average Based (AB) method, identifies the 

random variable ,  as the monthly temporal average Ẕ. Then, we assume that 

Ẕ
( ẔẔ ) is a uniform distribution given by:  

ẈẈẈẈẈẈẈ
Ẕ ẔẔ Ẩ

ẙ
Ẉ   (31) 

where in this case ╪contains only one parameter, namely, ẨỘỌợẔ . Preliminary  

analyses showed that the uniform distribution provides an efficient representation of 
the frequency of the Ẕ realizations, by minimizing the number of involved 

parameters. The above approach imposes an upper limit to the average value of the 
monthly maximum rainfall depth and sets the lower limit to zero.  

The second option, which we call Complete Data (CD) method, identifies the 
random variable ,  as the maximum daily rainfall in each month  of the season  for 
the year , which has been previously introduced as ẔẔ. Then, we assume that 

ẔẔ
( ẔẔ, ) is described by two alternative probability distributions with a different 

tail behaviour, i.e. one characterized by a lighter and one by a heavier right tail, in 
order to allow flexibility in fitting the observed rainfall maxima. The first is the two -
parameter Gamma distribution, given by:  
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ẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈ
ẔẔ ẔẔẔ Ẩ

ẔẔ

ẔẔ

ẈẐẑ
 

  

(32) 

where ẨẐẔẑ is the parameter vector with  and  being shape and scale 
parameters, respectively. The second is the two-parameter Weibull distribution:  

ẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈ
ẔẔ ẔẔẔ Ẩ

‘
Ὥ

‗Ὥ

ὙὭȟὮȟὯ

‗Ὥ

‘
Ὥ
ρ

Ὡ ὙὭȟὮȟὯȾ‗Ὥ
‘Ὥ

 
  

(33) 

where ẨẐẔẑ i is the parameter vector with  and  being shape and scale 

parameters, respectively. By working on the monthly maximum rainfall instead of 
their averages along the season, the CD method allows one to base the estimation of 
the probability model on a more extended dataset. 

The above methodology allows several modelling options, which differ for the 
number of seasons, the application of either AB or CD method and the selection of 
either the Gamma or the Weibull distribution in t he CD method. The best modelling  
option and the related optimal number of seasons is identified by applying the Akaike 
Information Criterion (AIC, Akaike, 1973, 1974). The criterion statistic for the th 
candidate model, AIC , is given by: 

ẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẈẬẴẮẨẚ ẚỗộ   (34) 

 
where  is the number of parameters and  is the likelihood of the th candidate 

model. The application of the criterion i s straightforward as it only requires estimation 
of the likelihood function for the candidate probability models defined by equation 
(30). The minimum AIC value identifies the best candidate model by evaluating the 
bias versus variance trade off; i.e., the condition in which as the model parameters 
increase the bias of the model estimates decreases, yet their variance increases 
(Burnham and Anderson, 2002). Hence, AIC provides an implicit interpretation of the 
principle of parsimony which is pivotal in model selection (Box and Jenkins, 1970). 
Although AIC has a solid foundation in information the ory both in mathematical 
terms and also from a philosophical point of view, its use is not still widely established 
in hydrological applications (Laio et al., 2009). For an insightful review of AICǋs 
properties, the reader is referred to Burnham and Anderson (2002). 
 Therefore, the workflow for season identification is as follows:  

1. A trial value is adopted for the number  of seasons in the range (1-4); 
2. The  seasons are partitioned by applying the SSD algorithm therefore 

identifying the vectors ,  = 1,ǖ, , of the indices of the months that are 
included in each season; 

3. AB and CD methods are applied to estimate the probability distribution of Ẕ 

and ẔẔ, respectively, in each season; 

4. AIC is computed for candidate models;  
5. The procedure is repeated for the other values of  in the range (1-4); 
6. The resulting AIC values are compared therefore identifying the optimal 

number of seasons, and their partition, for AB and CD methods. 
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7. If  values resulting from AB and CD methods are the same, then the procedure 
is terminated and the optimal partition of seasons is uniquely identified;  

8. If the estimated  values differ, then the user is allowed to select the preferred 
partition of seasons based on the suitability of Ẕ instead of ẔẔ, for the 

considered design problem. 

4.4 Extreme value analysis 

 Fitting the GEV distribution  

Once the optimal number of seasons and their partition have been identified, to 
estimate seasonal extremes one needs to fit a suitable probabilistic model for the 
seasonal block maxima series. The latter is formed by extracting from each identified 
season the maximum daily rainfall observed in each year. It is worth noting that 
distributions that were previously considered for seasonal partitioning (the Gamma 
and the Weibull) are not suited for fitting extreme values and therefore are not an 
option for the current ta rget.  

Extreme Value Theory (EVT) suggests that the distribution of the maximum of 
independent and identically distributed ( IID ) random variables asymptotically 
converges to three limiting laws (Fisher and Tippett, 1928), which are the Gumbel 
distribution (Type I), the Fréchet distribution (Type II) and the reversed Weibull (Type 
III), that can be unified under the single analytical form provided independently by 
von Mises (1936) and Jenkinson (1955) and known as Generalized Extreme Value 
(GEV) distribution , given by equation (21). As discussed in Section 2.3, in the case a 
limiting distribution exists  for extremes from any parent distribution of the u nderlying 
stochastic process, then this is the GEV. Therefore, it could be the limiting distribution 
also in the case of monthly rainfall maxima described by the Gamma and Weibull 
distributions as in the CD method above. Leadbetter (1974) showed that convergence 
to GEV is guaranteed even in the presence of short-range correlation in the underlying 
stochastic process. In our case, the implication is that GEV emerges as limiting 
distribution even if rainfall maxima are weakly correlated. Koutsoyiannis (2004a) has 
shown mathematically that GEV still emerges as asymptotical distribution in the 
presence of different parent distributions from season to season. In practical 
applications, though, in which a maximum value is extracted from a small number of 
events, the asymptotic condition is unlikely to hold. In this respect, Koutsoyiannis 
(2004a) demonstrated that the convergence of the distribution of maxima to the GEV 
with a positive shape parameter (Type II) is good even for a small number of events 
and also for parent distributions belonging to the domain of attraction of the Gumbel 
(Type I), due to the increased flexibility of the three -parameter distribution. On the 
contrary, convergence rates to the Gumbel distribution are very slow even for 
distributions belonging to the domain of attraction of the Gumbel family (see also 
Papalexiou and Koutsoyiannis, 2013). 

Here, we assume that the underlying stochastic process is given by the series of 
the monthly maxima of daily rainfall in each season. We aim to fit with the GEV 
distribution the seasonal samples that are obtained by extracting from each season 
Ẉand each year  the maximum daily value  Ẕ

ᶻ therefore obtaining a block maxima 

series, which is assumed to be a realization of the random variable Ẕ
ᶻ. We also fit the 
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series of the annual maxima ᶻwhich is assumed to be a realization of the random 
variable ᶻ. This approach shall allow one to estimate the extremes for the seasonal 

periods and the total annual period and ensures that both the seasonal and annual 
approaches refer to the same sample size when fitting the GEV, as the block maxima 
sampling method is used, i.e., one extreme event is sampled on a yearly basis for both 
the seasonal and annual periods. 

 

 Investigating consistency of seasonal and annual distributions 

A considerable part of related literature (e.g. Buishand and Demaré, 1990; Durrans et 
al., 2003; Chen et al., 2010b; Baratti et al., 2012) has focused on the estimation of 
seasonal and annual flood frequency distributions and their inter -relationship. 
Usually, it is suggested that an independent fitting of seasonal and annual 
distributions may lead to inconsistency among them, manifested as a ǎcrossing overǏ 
effect. The latter means that for extremely rare events seasonal quantiles may be higher 
than their annual counterparts. To resolve this inconsistency, a variety of methods for 
the joint estimation of the seasonal and annual distributions has been proposed. 

Durrans et al. (2003) attributed distributional inconsistencies in seasonal-
annual frequency analysis to three possible reasons: (a) the arbitrary parameterization 
of seasonal and annual distributions, (b) stochastic dependence among them and (c) 
estimation uncertainty. In this respect, we believe that the arbitrary specification of 
seasonal samples is also a major reason causing distributional inconsistencies (such a 
case is discussed and illustrated later in section 4.5). In our case though, we argue that 
the above inconsistency should rather be viewed as an empirical evidence of 
estimation uncertainty, which is particularly relevant in extreme value studies (Coles 
et al., 2003; Koutsoyiannis, 2004c). This is further supported by observing that the 
crossing over effect is manifested in the domain of extremely rare events, where 
uncertainty is prominent.  

To inspect the impact of estimation uncertainty, we fit the GEV probability 
distribution by applying three different methods, namely, maximum likelihood (ML), 
method of moments (MM) and a least squares estimation method (LS) for an improved 
fitting of the extremes (Koutsoyiannis, 2004d). We further investigate estimation 
uncertainty in each of the three methods by computing 95% Monte Carlo Prediction 
Limits (MCPL) for the resulting GEV quantiles. MCPL are estimated by applying a 
Monte Carlo simulation which is structured according to the following steps: (1) we 
estimate the GEV parameters by each method, (2) produce 1000 synthetic GEV series 
for each derived parameter set, (3) re-estimate the parameters by the same method, (4) 
compute the resulting GEV quantiles for each of them and then (5) identify the 95% 
confidence region for each quantile value. The scope is to assess whether the crossing 
over falls within the limits of the estimation uncertainty as evaluated from applying a 
set of different parameter estimation methods. To further reduce fitting uncertainty, 
we propose a simpler alternative to joint parameter ization, i.e. the joint estimation of 
a common shape parameter among seasonal-annual distributions ǅ since the shape 
parameter is the most difficult to estimate accurately ī and we discuss how this choice 
is supported by empirical evidence. 
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4.5 Results  

 Season identification for the observed records 

Table 4.1 shows the AIC values resulting from season identification for the available 
stations. Following Burnham and Anderson (2004), we denote with ĥAIC the 
difference in the AIC value of each model with respect to the best one. Therefore, the 
zero ĥAIC model is the best model, while models with ĥAIC<2 and ĥAIC>10 are 
assumed to have good and little support, respectively. An example of seasonal 
partition for the case of Florence is shown in Figure 4.2a and Figure 4.2b for 2 and 3 
seasons. We refer to this type of figures as climatograms, though the term is typically 
used for plots depicting both rainfall and temperature climatological regimes. 

The results point out that both methods identified the one -season (annual) 
model as the best solution for 11 stations (with 6 stations being the same for both 
methods). In four stations, the one-season model was preferred by the CD method, 
while t he two-season solution was indicated by the AB method. On further 
investigation, it was found that neither the Gamma, nor the Weibull provided 
satisfactory likelihood values for these stations. As a result, the more parsimonious 
one-season model was preferred by the AIC. The three-season model is identified as 
the best solution for five stations with the CD method, while the AB method did not 

select  = 3 for any station. This result was expected as the AB method exploits 
information from a limited dataset and therefore parsimonious models are likely to 
provide better AIC values. The Gamma distribution is selected as the best model in 21 
cases and the Weibull for the remaining 6.  

 

 

Figure 4.2 Climatograms showing the partition in two seasons (a) and three seasons (b) after 
application of the SSD clustering algorithm for the station of Florence. 
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Table 4.1 ĥAIC differences among the seasonal models (one, two or three seasons) under 
Average Based (AB) and Complete Data (CD) methods. A zero ĥAIC value indicates the 
model with the smallest AIC value which stands for the best model.  

Stations 

AB method  CD method  

Uniform distribution  Weibull distribution  Gamma distribution  

Number of seasons Number of seasons 

1 2 3 1 2 3 1 2 3 

Bologna 0 0.047 2.9 27.55 27.51 35.12 0 4.91 9.04 

Palermo 5.29 0 1.72 0 50.32 41.37 0.372 9.6 5.15 

Mantova  0 0.414 3.92 28.22 25.76 13.43 0 8.58 7.12 

Milan  0 0.639 3.86 8.633 10.75 0 30.72 33.5 34.7 

Genoa  3.38 0 0.67 9.215 0 6.641 5.797 10.5 18 

Florence 1.85 0 3.62 15.52 8.421 0 48.55 54.8 9.9 

Padua 0 1.058 4.914 0 9.72 11.12 100.19 56.43 65.84 

Newcastle  0.75 0 3.88 60.23 34.25 40.68 8.414 0 15.7 

Deniliquin  0 2.894 6.41 18.11 16.3 20.18 0 3.68 9.11 

Melbourne  0 0.903 4.58 139.1 76.04 78.35 37.31 0 5.27 

Robe  1.45 0 5.09 3.475 36.71 40.45 0 1.7 7.29 

Sydney  0 0.556 2.88 37.92 40.93 41.35 0 0.02 2.24 

Jena Sternwarte 4.6 0 3.69 208.1 123.2 131.6 46.77 0 1.45 

Hohenpeissenberg 5.5 0 3.25 85.83 63.77 67.7 0 8.93 6.95 

Armagh  0 0.78 3.71 161.3 103.2 106.9 3.412 0 3.04 

Radcliffe 0 0.682 3.68 129.6 70.5 77.79 0 0.74 0.75 

Zagreb  0.5 0 3.68 42.95 17.99 23.94 0 19.9 25.87 

Vlissingen  0.66 0 3.34 78.03 36.79 36.18 0 4.02 9.84 

Eelde 1.79 0 3.55 135.8 61.08 67.77 3.338 0 6.24 

Den Helder 0.36 0 3.7 201.4 137.5 118.7 27.93 3.58 0 

Helsinki  1.9 0 3.69 108.9 48.3 35.58 1.161 0 6.95 

Lisbon 8.18 0 7.07 58.26 0 3.646 72.71 7.33 3.04 

Prague 2.7 0 1.44 133.3 64.84 58.67 36.75 0.06 0 

Uppsala 4.73 0 3.17 187 72.35 58.84 27.02 0.38 0 

Stykkisholmur  0 0.657 4.39 103.1 75.99 82.57 2.13 0 6.42 

Athens 8.11 0 2.81 104 19.73 23.16 65.54 0 1.45 

Toronto  0 1.704 5.14 183.5 121.3 113.1 18.24 0 2.2 

 
To inspect the spatial coherence of the results, we present maps of the two regions of 
the dataset having neighboring stations, i.e. Europe and Australia (Figure 4.3). We 
group the stations in six clusters of similarity in their seasonal patterns and  we also 
mark single stations for which similarity falls below the accepted threshold. As 
similarity index we define the ratio of the number of the wet season months that the 
stations in the cluster have in common versus the span of each wet season and we 
require it to be at least 60% for each station in the cluster. More specifically, Clusters 1 
and 2 have 67% and 80% similarity, respectively, for both methods, while, Clusters 3, 
4 and 5 exhibit 100%-75%, 60%-75% and 80%-67% for the AB and CD methods, 
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respectively. On top of the maps, we also plot Köppen maps of climate classification 
by Chen and Chen (2013) covering the period 1901-2010, in order to allow a direct 
comparison of the observed spatial patterns to the climatological ones. Some 
interesting insights can be derived. First, spatial coherence does not fully coincide with 
climatological coherence and vice versa, and this is especially true in regions with 
complex topography/climatology. For example, in the wider Alpine region, where 
climate shows great diversity, the stations are less spatially consistent than in Central 
Europe. On the contrary, stations belonging to a Mediterranean climate (Cluster 1) 
show consistent patterns. In general, we notice that patterns are coherent on both 
levels: neighboring stations show very high simi larity (e.g. Cluster 3) and far apart 
stations belonging to a climatically homogenous region show medium to high 
similarity (see, e.g., Cluster 2). 
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Figure 4.3 Spatial and climatological coherence of the identified seasons for the regions of 
Europe (a,c,e) and Australia (b,d,f). Figures a,b show the location of the stations on a Köppen 
climatological map, while the rest show the stations clustered by similarity. White dots 
represent stations having one season; the remaining dots denote stations having at least 60% 
overlap of months belonging to the wet season. Red dots denote stations with a lower 
percentage of similarity to their neighboring stations.  

 Assessing temporal change in observed seasonality  

To demonstrate the applicability of the proposed season identification method in the 
inspection of temporal changes in seasonality, we analyze the four longest records of 
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the dataset, i.e. the stations of Padua (275 years), Prague (211 years), Bologna (195 
years) and Radcliffe (188 years). We split the observation period into equally sized 
sub-periods and apply the methodology independently to each period. We employ 
four sub-periods for the significantly longer station of Padua and three for the other  
records. 

Results are shown in Table 4.2. It can be seen that changes, both in the number 
and duration of seasons, are likely to emerge within each sub-period . For example, 
seasonality in Prague during the 2nd period changed in terms of the span of the wet 
season, but a two-season regime was selected for all sub-periods. Results for 3rd and 
1st window coincide. These characteristics of the methodology make it useful for 
analysis of climat ic changes. 

 
Table 4.2 Temporal changes in seasonality identified by application of Average Based (AB) 
and Complete Data (CD) methods for non-overlapping sub -periods for the four longest 
stations of the dataset. For the longer station of Padua, an additional sub-period is invest igated 
(4th window).  

 

Station 

 

Record length 

Number of Seasons 

1st window  2nd window  3rd window  4th window  

Method  Method  Method  Method  

AB CD AB CD AB CD AB CD 

Padua 1725-2013 1 1 1 1 1 1 1 1 

Bologna 1813-2007 1 1 2 1 1 1 ī ī 

Radcliffe 1827-2014 1 1 1 1 1 1 ī ī 

Prague 1804-2014 2 1 2* 2* 2 2 ī ī 

 

 

Span of wet season in months for Prague  

5-8 ī 5-9 5-9 5-8 5-8 ī ī 

 
 

 Fitting the GEV distribution  

Subsequently to the identification of seasons, we fitted the GEV distributi on via 
maximum likelihood (ML) estimation to each of the seasonal sets (or the annual set if 
one season was identified). Table 4.3 contains summary statistics of the GEV fitting for 
wet and dry seasons, as well as for the whole year, for the cases where the two- and 
three-season model were found prevalent under AB and/or CD methods. Summary 
statistics for the transition season (placed between the wet and dry season) in the three 
season model are omitted since the sample is small (5 stations). The main differences 
in the seasonal distributions lie in the values of the scale and location parameters, 
which are in their vast majority (93.8% and 100%, respectively, under AB method and 
100% and 100%, respectively, under CD method) higher for the wet season compared 
to the dry. What might be less anticipated is that there is limited seasonal variation in 
the value of the shape parameter , which is related to the shape of the tail of the 
seasonal maxima distribution. Hence, it is justifiable to represent the two seasons and 
the whole year by a common value for the shape parameter, therefore increasing 
robustness of the method, which is a desirable feature. Additionally, for the majority 
of the stations, the shape parameter takes positive values indicating the 
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appropriateness of heavier-tailed distributions for modelling  of extremes. It is also 
clear that the wet extreme properties are quite close to the annual maxima ones, which 
indicates that the annual maxima distribution is dominated by the wet season.  
 
Table 4.3 Comparative statistics of the GEV annual and seasonal parameters, i.e., shape 
parameter , scale parameter  and location parameter , as estimated via Maximum 
Likelihood method for the stations in which two or three seasons are identified by Average 
Based (AB) and Complete Data (CD) methods. The last column of each table shows the 
percentage (%) of stations in which the parameter value for the wet season is higher than the 
corresponding value for the dry season. 

AB method (16 stations) CD method (16 stations) 

 
Parameter 

 

Annual  
 

Wet  
Season 

 
Dry 
Season 
 

(wet>dry)
% 

Annual  
 

Wet 
Season 

 
Dry 
Season 
 

 
(wet>dry)
% 

 
 

 

Mean 0.112 0.091 0.097 62.5 0.115 0.106 0.104 45 

Percent 
Positive 

93.8 93.8 87.5 - 93.8 93.8 75 - 

 Mean 12.207 12.706 8.747 93.8 12.187 13.238 9.287 100 

 Mean 39.265 35.602 23.772 100 39.652 40.998 34.33 100 

 
The singular cases of the stations of Prague from Czech Republic and Florence from 
Italy are plotted in Figures 4 .4a and 4.4b. In the second case, there is small deviation 
between the wet season and the annual period, while in the first case the two lines are 
almost identical. In both cases, the dry-season probability line lies considerably lower. 
In the second case, in which the three-season model is preferred by the CD method 
(while two seasons were preferred by the AB method), the probability line of the 
transition season lies in the space between the wet and dry seasonsǋ probability lines, 
as expected. 
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.

 
Figure 4.4 Gumbel probability plots of the fitting of the GEV distribution to the annual maxima 
(red solid line), to the wet season maxima (blue dashed line) and to the dry season maxima 
(cyan dash-dotted line) for the stations of Prague (a) and Florence (b). For the station of 
Florence (b), the fitting of the GEV distribution to the transition season maxima (green dotted 
line) is also shown. 

 Assessing estimation uncertainty in seasonal-annual GEV parameterization  

The crossing over effect mentioned in Section 4.4 is observed in five cases (Eelde, 
Genoa, Hohenpeissenberg, Milan and Zagreb), where we found that the wet-season 
probability distr ibution lies higher than the annual one in the area of extremely rare 
events. We focus on the station in Genoa where the effect is more pronounced. We 
perform  additional parameter estimation by applying the method of moments (MM) 
and the least squares algorithm (LS). Figure 4.5a shows results from the application of 
the three estimation methods for the annual maximum series along with uncertainty 
bounds computed within each method by means of Monte Carlo analysis. Uncertainty 
bounds in the area of extremely rare events, where the crossing over effect is also 
observed, are large. The larger annual maxima fall within the 95% limits of the annual 
maxima GEV distribution only for the LS method. This is due to the better fitting 
capability of the LS algorithm for  extremely rare events (Koutsoyiannis, 2004d). To 
further improve the fitting we also estimate via LS a common shape parameter for the 
three distributions (two seasonal GEV and the annual one). In these cases as well, the 
choice of a common shape parameter is supported by empirical evidence from the 
previous independent fitting. The crossing over effect is significantly mi tigated (Figure 
4.5b), with a remaining positive difference between the quantiles of the wet season 
and annual distribution of 10 mm for the 0.5% annual exceedance probability, which 
is considered not significant in view of the large uncertainty in the hig h-quantile 
domain. The results for the other cases also showed that the crossing over effect was 
resolved. 
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Figure 4.5 Gumbel probability plot of the fitting of the GEV distribution to the annual maxima 
by the maximum likelihood method (blue color), least -squares method (magenta color) and 
method of moments (yellow color) along with 95% Monte Carlo Prediction Limits (MCPL) for 
each method for the station of Genoa (a). The crossing over distance observed in the area of 
high return periods, where the wet -season probability line (blue solid line)  crosses the annual 
probability line (red solid line), is greatly eliminated when a common shape parameter is 
employed via the least-squares method (b). 

 
The importance of taking estimation uncertainty into consideration is additionally 
showcased by applying ML, MM and LS estimation methods to the entire set of 
stations, as shown in Table 4.4. One notices that uncertainty is higher in the estimation 
of the shape parameter, as already discussed in literature (Koutsoyiannis, 2004d; 
Papalexiou and Koutsoyiannis, 2013). The fact that this result is empirically confirmed 
for the long rainfall records considered here is a further confirmation that for pra ctical 
applications uncertainty in the estimation of extremes is unavoidable even when 
dealing with long records.  
 
Table 4.4 Statistics of the GEV parameters, i.e., shape parameter Ŋ, scale parameter œ and 
location parameter Ř, as estimated for the Annual Maxima series for all stations (27) via 
Maximum Likelihood (ML), method of moments (MM) and Least Squares method (LS).  

Parameter of the annual 
model 

ML  MM  LS 

 
Mean 0.099 0.062 0.120 

Percent 
Positive  

92.6 88.9 96.3 

 Mean 12.638 10.500 12.732 

 Mean 40.510 42.246 40.295 
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 A comparison to traditional methods of seasonal clustering  

We compare our method to the climatological 4-season approach, which divides the 
annual period i n Winter, Spring, Summer and Fall seasons. First, to highlight that site-
specific season identification is important, we compare the monthly maxima plots for 
two stations in Europe for our method and the fixed seasonal partition (Figure 4.6). It 
is clear that climatological seasons are an inefficient partition for analyzing the extreme 
rainfall properties, and may also be a rather crude method for delineating the 
extremeǋs properties in multi-site analyses where seasonal differences in climate may 
be very pronounced among stations. As an example, seasonality of maximum rainfall 
in Jena (Germany) is completely out of phase with respect to Athens (Greece). The 
same could be argued for trend studies employing fixed characterizations of 
seasonality. For instance, the question of whether winter rainfall has increased is 
potentially ill -conceived, as it mostly pertains to a subjective interpretation of 
seasonality. A more relevant question is whether rainfall in the major rainy season has 
significantly changed, but  such a change is unlikely to be identified by considering an 
arbitrary partition in seasons.  

 

Figure 4.6 Partition in seasons resulting from application of the proposed season identification 
method versus the fixed 4-season partition for the stations of Athens (a, b respectively) and 
Jena (c, d respectively). 
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To demonstrate the effect that a fixed 4-season partition could have on the estimation 
of extreme value properties, we focus on the rainfall record of Athens (Figure 4.7). By 
applying the 4-season partition one obtains an apparent overfitting, as the seasonal 
lines are not clearly separated and even cross each other at several points (Figure 4.7b). 
It is evident that an inappropriate characterization of seasonality provides no valuable 
and practical information for seasonal planning and decision -making while, in fact, it 
obscures the presence of the existing seasonal regime (Figure 4.7a). Additionally, in 
the presence of parameter uncertainty and given the short record lengths that are 
usually available, adopting subjective characterizations of seasonality for the study of 
extreme values entails the risk of disproportionately increasing estimation 
uncertainty. The consequences of overfitting are even more obvious in stations with 
very low or no seasonality.  

 
Figure 4.7 Gumbel probability plots of the fitting of the GEV distribution to the annual and 
seasonal maxima for the station of Athens resulting from (a) the proposed season 
identification method and (b) from  the fixed 4-season partition. 

4.6 Discussion and Conclusions 

An objective methodology is proposed to allow season identification in extreme daily 
rainfall and the study of the resulting extreme properties  in each season. The 
methodology is evaluated on an extended dataset comprising 27 rainfall stations 
covering a period of more than 150 years of daily observations. In the following, we 
discuss methodological and modelling issues, the results of the extreme value analysis 
and their comparison to the no-seasonality approach, as well as relative strengths and 
potential limitations of our method.  

The season identification methodology herein proposed is based on the SSD 
algorithm, a simplified version of the -means clustering algorithm, whose results are 
evaluated by exploiting the model selection properties of the Akaike Information 
Criterion (AIC).  The method is able to identify the optimal model ling option for the 
seasonal extreme rainfall for a given dataset, discerning among the existence of 1 (no 
dominant season) to 4 seasons in the extreme rainfall properties and identifying their 
temporal span. Since AIC is a measure of relative performance of models, this task 
should be performed after thorough conside ration of the appropriateness of the 
candidate seasonal distributions to be assessed. In that respect, our methodology 



89 
 

provides additional flexibility as multiple probabilistic models may be simultaneously 
assessed. Overall, the methodology shows good spatial coherence, which makes it 
potentially appropriate for regionalization studies, and its flexibility allows one to 
inspect temporal changes in a range of ways, which is also a desirable feature 
concerning climatic variability and trend studies.  

In terms of generated results, the adopted scheme proved to be successful for 
the long rainfall records considered here, by both visual evaluation of the plots of the 
monthly maximum rainfall values (climatograms) and assessment of the resulting 
extreme seasonal distributional properties. For the cases where two or three seasons 
are identified, the differences in the distributional properties are reflected mainly in 
the value of the scale and location parameters of the GEV which are significantly 
higher for the wet season. The shape parameter shows limited seasonal variability, 
which implies that the seasonal distributional properties do not differ substantially in 
the shape of the distribution tail. Our results also confirm other studies regarding the 
prevalence of heavy-tailed distributions for daily rainfall extremes (Koutsoyiannis, 
2004d; Villarini, 2012; Papalexiou and Koutsoyiannis, 2013; Serinaldi and Kilsby, 2014; 
Mascaro, 2018). Some of these studies have also argued that a positive shape parameter 
emerges for extremes caused by multiple types of synoptic patterns, whereas a zero 
exponent (i.e. an exponential tail) may occur for a single-type of events. Apart from 
pronounced intra -annual variability, a positive shape parameter may be also 
portraying increased inter -annual variability in the extremes which has been linked to 
the presence of large-scale circulation patterns, i.e. the NAO, for certain stations of our 
dataset (Kutiel and Trigo, 2014; Marani and Zanetti, 2015a). In principle, we  believe 
that our findings are in agreement with previous research and strengthen the 
assumption that a heavier-tail behaviou r better captures conditions of enhanced 
natural variability and complex atmospheric forcing, as revealed by the inspection of 
our long and spatially sparse dataset. 

In comparison to the no-seasonality approach, in some cases the annual 
maxima series are found to be dominated by extreme events occurring in the wet 
season. This result is pointed out by the closeness in the estimated GEV parameter 
values between the annual and the wet seasonǋs probability distribution of extreme 
events. It also indicates that annual frequency analyses may suffice for studying the 
annual maxima (AM). Actually, studying the AM series is more in favour  of a 
conservative design approach, since the former takes into account the rare cases of 
extreme events of significant magnitude happening in the dry season. Furthermore, 
since the majority of AM in records with pronounced seasonality still stems from the 
wet season, strong seasonality is not significantly violating the IID  assumption in the 
GEV approach. A similar remark was also made by Allamano et al. (2011). However, 
for intra -annual hydrological design and management, it is crucial to take seasonal 
variability into account. The wet season maxima series contain valuable information 
on the timing of occurrence of the most extreme events, although it is likely that in 
some cases, their magnitude will be close to the AM estimated one. Yet when dry 
periods are of interest, using the AM series instead, i.e. adopting a no-seasonality 
approach, is likely to lead to costly overestimation of design values and floodwater 
waste.  
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A few key strengths of our methodology should be underlined. In general, 
estimation uncertainty in extreme studies is a known issue especially for the 
estimation of the shape parameter of the GEV distribution. Here, we show how an 
alternative choice of estimation methods, improving the model performance in the 
domain of extreme events, may resolve inconsistencies deriving from an independent 
seasonal and annual fitting. Given the latter, we consider the need for the laborious 
joint estimation of seasonal-annual distributions to be questionable and we propose a 
simpler procedure based on the estimation of a common shape parameter for the 
seasonal-annual parameterization, which is shown to increase robustness of the 
statistical model. On the whole, the entire methodology is compared to a conventional 
partition in fixed seasons and its advantageous features are highlighted both in that it 
enables consistent identification of seasonal regimes at single-site and multi -site levels, 
as opposed to arbitrary partitions, and that it consequently allows a more informed 
and parsimonious fitting of t he GEV distribution to seasonal extremes. 

A few limitations should be taken into account. We note that in case where the 
Average Based (AB) and the Complete Data (CD) methods diverge, there is some 
remaining degree of subjectivity in the choice for the most appropriate scheme. This 
constitutes a potential limitation of our method as results may not be fully conclusive. 
Yet this may be resolved if an equifinality framework is adopted and both options are 
considered. Additionally, it should be noted that the performance of AIC largely 
depends on the quality of the considered candidate models. Although the chosen 
distributions are representative of a variety of statistical behaviours, it is possible that 
there may be exceptions for which they do not perform wel l. Increasing the set of 
candidate distributions is another option to achieve a greater degree of confidence 
within a multi -model approach. 

Despite these limitations, we believe that our findings have direct applications 
both in the theoretical conceptualization of seasonality in extreme rainfall and in 
engineering applications. On a methodological level, they contribute to a wider 
establishment of model selection techniques, in this case AIC, in hydrological studies 
and pave the way for the objective identification of seasonality via automated schemes 
which are required for global -scale hydrology. 
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5.  SEASONAL  DEPENDENCE DYNAMICS OF 

STREAMFLOW EXTREMES  

It has been shown that the geophysical and hydrological processes governing river 
flow formation exhibit pe rsistence at several timescales, which may manifest itself 
with the presence of positive seasonal correlation of streamflow at several different 
time lags (Aguilar et al. 2017). This Chapter builds upon this idea dealing with the 
presence of dependence dynamics in river flow at the seasonal scale, the associated 
physical drivers, and the related potential for employing this information to improve  
probabilistic prediction of high and low flows . A dataset of 224 rivers from six 
European countries spanning more than 50 years of daily flow data is exploited . The 
practical benefit of the methodology is demonstrated by updating the frequency 
distribution of high and low flows one season in advance in a real-world case. Results 
suggest that there is a traceable physical basis for river memory which, in turn, can be 
statistically assimilated into high - and low -flow frequency estimation to reduce 
uncertainty and improve predictions for technical purposes.   

5.1 Introduction  

Recent analyses for the Po River and the Danube River highlighted that catchments 
may exhibit significant correlation between peak river flows and average flows in the 
previous months (Aguilar et al., 2017). Such correlation is the result of the behaviours 
of the physical processes involved in the rainfallςrunoff transformation that may 
induce memory in river flows at several different timescales. The presence of long-
term persistence in streamflow has been known for a long time since the pioneering 
works of Hurst (1951a) and has been actively studied ever since (e.g. Koutsoyiannis, 
2011b; Montanari, 2012; OǋConnell et al., 2016 and references therein). While a number 
of seasonal flow forecasting methods have been explored in the literature (e.g. 
Bierkens and van Beek, 2009; Dijk et al., 2013), attempts to explicitly exploit streamflow 
persistence in seasonal forecasting through information from past flows have been, in 
general, limited. Koutsoyiannis et al. (2008) proposed a stochastic approach to 
incorporate persistence of past flows into a prediction methodology for monthly 
average streamflow and found the method to outperform the historical analogue 
method (see also Dimitriadis et al., 2016, for theory and applications of the latter) and 
artificial neural network methods in the case of the Nile River. Similarly, Svensson 
(2016) assumed that the standardized anomaly of the most recent month will not 
change during future months to derive monthly flow forecasts for 1 ǅ3 months lead 
time and found the predictive skill to be superior to the analogue approach for 93 UK 
catchments. The above-mentioned persistence approach has also been used 
operationally in the production of seasonal streamflow forecasts in the UK since 2013, 
within the framework of the Hydrological Outlook UK (Prudhomme et al. 2017). A 
few other studies have included past flow information in prediction  schemes along 
with teleconnections or other climatic indices (Piechota et al., 2001; Chiew et al., 2003; 
Wang et al., 2009). Recently, it was shown that streamflow persistence, revealed as 
seasonal correlation, may also be relevant for prediction of extreme events by allowing 
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one to update the flood frequency distribution based on river flow observations in the 
pre-flood season and reduce its bias and variability (Aguilar et al., 2017). The above 
previous studies postulated that seasonal streamflow correlation may be due to the 
persistence of the catchments storage and/or the weather, but no attempt was made to 
identify the physical drivers.  

The present study aims to further inspect seasonal persistence in river flows 
and its determinants, by referring to a large sample of catchments in six European 
countries (Austria, Sweden, Slovenia, France, Spain, and Italy). We focus on 
persistence properties of both high and low flows by investigating the following 
research questions: (i) what are the physical conditions, in terms of catchment 
properties, i.e. geology and climate, which may induce seasonal persistence in river 
flow, and, (ii) can floods and droughts be predi cted, in probabilistic terms, by 
exploiting the information provided by average flows in the previous months? These 
questions are relevant for gaining a better comprehension of catchment dynamics and 
planning mitigation strategies for natural hazards. To r each the above goals, we 
identify a set of descriptors for catchment behaviours and climate, and inspect their 
impact on correlation magnitude and predictability of river flows.  

A few studies have analysed physical drivers of streamflow persistence on 
annual and deseasonalized monthly and daily time series (Mudelsee, 2007; Hirpa et 
al., 2010; Gudmundsson et al., 2011; Zhang et al., 2012; Szolgayova et al., 2014; 
Markonis et al., 2018) but the topic has been less studied on intra -annual scales relevant 
to seasonal forecasting of floods and droughts.  

To demonstrate the high practical relevance of the identified seasonal 
correlations we present a technical experiment for one of the studied rivers (Section 
5.7) in which the frequency distribution of both high and low flows is updated one 
season in advance by exploiting real-time information on the state of the catchment. 

5.2 Data and catchment description 

The dataset includes 224 records spanning more than 50 years of daily river flow 
observations from gauging stations, mostly from non -regulated streams. A few 
catchments are impacted by regulation. Among the 224 rivers, 108 are located in 
Austria, 69 in Sweden, 31 in Slovenia, 13 in France, two in Spain and one in Italy. 
Catchment areas vary significantly, the largest being the Po River basin in Italy (70 091 
km2) and the smallest being the Hålabäcken River basin in Sweden (4.7 km2). The 
geographical location of the river gauge stations as well as their climatic classification 
are shown in Fig. 5.1. Most of the examined rivers belong to either a warm temperate 
(C) or a boreal/snow climate (D) with a subset impacted by polar climatic conditions 
(E), according to the updated World Map of the KöppenςGeiger climate classification 
(Fig. 5.1) based on gridded temperature and precipitation data for the period 1951-
2000 (Kottek et al., 2006). More specifically, the majority of French and Slovenian and 
approximately one third of the Swedish basins belong to the warm temperate Cfb 
category characterized by precipitation distributed throughout the year (fully hum id) 
and warm summers. The rest of the Swedish catchments are impacted by a Dfc climatic 
type, i.e. a snow climate, fully humid with cool summers. The Austrian catchments 
belonging to the region impacted by the European Alps have the most complicated 
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regime due to their topographic variability. At the lowest altitudes, Cfb is the 
prevailing regime, but as proximity to the Alps increases, a Dfc regime dominates and 
progressively, in the highest altitude basins, the climate becomes a polar tundra type 
(Et), characterized primarily by the very low temperatures present. The characteristics 
of all the climatic regimes of the studied rivers are given in the legend of Fig. 5.1. A 
summary of the river basins under study in terms of the selected descriptors is also 
provided in Table 5.1, showing that the investigated rivers cover a wide range of 
catchment area sizes, flow regimes and climatic conditions. 

It is relevant to note that 16 of the Austrian rivers are subject to regulation, 
which may alter the persistence properties of river flows.  This relates to generally 
Ǌmildǋ forms of regulation, i.e. upstream regulation with a very low degree of flow 
attenuation, hydropower operations and flow diversions to and from the basin. A 
preliminary examination of these rivers di d not reveal any significant change during 
time of the flow regime. The presence of regulation does not preclude the exploitation 
of correlation for predicting river flows in probabilistic terms, but it may affect the 
analysis of physical drivers, as it may enhance or reduce persistence in the natural 
river flow regime. Given that detailed information is generally lacking on the impact 
of regulation (Kuentz et al. 2017), we assume stationarity of the river flows for all the 
catchments herein considered and additionally, assume that river management does 
not significantly affect the identification of the physical drivers.  

 
Figure 5.1 Updated KöppenςGeiger climatic map for period 1951ǅ2000 (Kottek et al., 2006) 
showing the location of the 224 river gauge stations. 
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Table 5.1 Summary statistics of the river descriptors. Summary statistics for PL, PG and PF 
variables are computed only for the subset of catchments with positive values (the total 
number of catchments is also reported in brackets). PK is used as a categorical variable (PK is 
either higher or lower than 50% of catchment area), therefore sample statistics are not 
computed in this case, but the number of stations with PK Ó 50% is reported as Ǌpositiveǋ 
presence of karst. 

Descriptor 
(Units )      

A  
(km2) 

BI   
(ǅ) 

SR                 
(m3 sǅ1  

kmǅ2) 

PL    
(%) 

PG      
(%) 

PF       
(%) 

PK      
(ǅ) 

P                        
(mm 
yearǅ1) 

T 
(°C) 

IDM         
(ǅ) 

Min  value 4.7 0.29 0.004 0.5 0.1 0.3 ǅ 444 ǅ1.8 29.41 

Max value 70091 0.99 0.088 19.5 56.5 100 ǅ 1500 13.7 153.40 

Standard 

deviation  
5904.3 0.14 0.018 4.04 15.54 32.56 ǅ 288.22 3.59 24.53 

Sample 

size 
224 224 224 

69 

(69) 

39 

(108) 

18 

(108) 

21 

(31) 
224 224 224 

5.3 Methodology  

The investigation of the persistence properties of river flows focuses separately on 
both high and low discharges and is articulated in the following steps: (a) 
identification of the high - and low -flow seasons, (b) correlation assessment between 
the peak flow in the high -flow season (average flow in the low-flow season) and 
average flows in the previous months; (c) analysis of the physical drivers for 
streamflow persistence and its predictability through principal component analysis 
(PCA), (d) real-time updating of the frequency distribution of high and low flows for 
a selected case study with significant seasonal correlation by employing a meta-
Gaussian approach. The above steps are described in detail in the following sections. 

 Season identification 

Season identification is performed algorithmically to identify the high -flow season 
(HFS) and low-flow season (LFS) for each river time series. For the estimation of HFS, 
we employ an automated method recently proposed by Lee et al. (2015), which 
identifies the high -flow season as the 3-month period centred around the month with 
the maximum number of occurrences of peaks over threshold (POT), with the 
threshold set to the highest 5% of the daily flows. To evaluate the selection of HFS, a 
metric constructed as the percentage of annual maximum flows (PAMF) captured in 
the HFS is used. The PAMFs are classified in the subjective categories of ǎpoorǏ 
(<40%), ǎlowǏ (40ǅ60%), ǎmediumǏ (60ǅ80%) and ǎhighǏ (>80%) values, denoting the 
probability that the identified HFS is the dominant high -flow season in the record. If 
the identified peak mon th alone contains more than or equal to 80% of annual maxima 
flows, a unimodal regime is assumed and the identification procedure is terminated. 
In all other cases, the method allows for the search of a second peak month and the 
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identification of a minor H FS, but we do not further elaborate on this analysis here, 
because we are only interested in the most extreme seasons for the purpose of 
predicting high and low flows.  

The method proposed by Lee et al. (2015) has several advantages that make it 
suitable for the purpose of this research. Most importantly, it is capable of handling 
conditions of bimodality, which is usually a major issue for traditional methods like, 
e.g. directional statistics (Cunderlik et al., 2004a). A potential limitation is the 
assumption of symmetrical extension of HFS around the peak month, along with the 
uniform selection of its length (3 -month period). The degree of subjectivity in the 
evaluation of the second HFS is another limitation, which is not relevant here as we 
focus on the main HFS. 

The LFS is herein identified as the 1-month period with the lowest amount of 
mean monthly flow. An alternative approach of estimating the relative frequencies of 
annual minima of month ly flow and selecting the month with the highest frequency 
as the LFS is also considered.  

 Analysis of streamflow correlation and its physical drivers   

 Correlation analysis 
In the case of HFS, a correlation is sought between the maximum daily flow occurring 
in the HFS period and the mean flow in the previous months, before the onset of HFS. 
For LFS, correlation is computed between the mean flow in the LFS itself and the mean 
flow in the previous months. We use the mean flow in the previous month as a robus t 
proxy of Ǌstorageǋ in the catchment that is expected to reflect the state of the catchment, 
i.e., wetter or drier than usual. Since we are interested in seasonal persistence, we 
compute the Pearsonǋs correlation coefficient for HFS lag up to 9 months and for LFS 
lag up to 11 months. 
 
Analysis of physical drivers  
a. Catchment, geological, and climatic descriptors. 
An extensive investigation is carried out to identify physical drivers of seasonal 
streamflow correlation, in terms of catchment, geological, and climatic descriptors.  
As catchment descriptors, we consider the basin area (A), the baseflow index (BI), the 
mean specific runoff (SR), the percentage of basin area covered by lakes (percentage 
of lakes PL) and glaciers (percentage of glaciers PG) and altitude as candidates for 
explanatory variables for streamflow correlation.  

The area A (km2) is primarily investigated, as it is representative of the scale of 
the catchment, under the assumption that in larger basins the impact of the 
climatological and geophysical processes affecting river flow becomes more 
significant and may lead to a magnified seasonal correlation. 

The BI is considered based on the assumption that high groundwater storage 
may be a potential driver of correlation. BI is calculated from  the daily flow series of 
the rivers following the hydrograph separation procedure detailed in Gustard et al. 
(2009). Flow minima are sampled from non -overlapping 5 -day blocks of the daily flow 
series and turning points in the sequence of minima are sought and identified when 
the 90% value of a certain minimum is smaller or equal to its adjacent values. 
Subsequently, linear interpolation is used in between the turning points to obtain the 
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baseflow hydrograph. The BI is obtained as the ratio of the volume of water beneath 
the baseflow separation curve versus the total volume of water from the observed 
hydrograph, and an average value is computed over all the observed hydrographs for 
a given catchment. A low index is indicative of an impermeable catchment with rapid 
response, whereas a high value suggests high storage capacity and a stable flow 
regime.  

SR (m3 sǅ1 kmǅ2) is computed as the mean daily flow of the river standardized 
by the size of its basin area. It may be an important physical driver as it is an indicator 
of the catchmentǋs wetness. PL (%) and PG (%) are investigated for the Swedish and 
Austrian catchments, respectively, as lakes and glaciers are expected to increase 
catchment storage thus affecting persistence. Lake coverage data are based on 
cartography and are available from the Swedish Water Archive 
(https://www.smhi.se/), while glacier coverage data are estimated from the CORINE 
land cover database (https://www.eea.europa.eu/publications/COR0-landcover). 

The effect of catchment altitude is also inspected using relief maps from the 
Shuttle Radar Topography Mission (SRTM) data (http://srtm.csi.cgiar.org/ ). The data 
are available for the whole globe and are sampled at 3 arch-seconds resolution 
(approximately 90 meters). Topographic information is available for all catchments 
located at latitudes lower than 60 degrees north, while a 1 km resolution digital 
elevation model is available for Austria.  

As geological descriptors we consider the percentage of catchment area with 
the presence of flysch (percentage of flysch PF) and karstic formations (percentage of 
karst PK) for Austrian and Slovenian catchments, respectively, where this type of 
information is available. A subset of Austrian catchments is characterized by the 
dominant presence of flysch, a sequence of sedimentary rocks characterized by low 
permeability, which is known to generate a very fast flow response. Karstic 
catchments, characterized by the irregular presence of sinkholes and caves, are also 
known for having rapid respon se times and complex behaviour; e.g. initiating fast 
preferential groundwater flow and intermittent discharge via karstic springs (Ravbar, 
2013; Cervi et al., 2017). Geological features are also presumed to be linked to 
persistence properties because geology is the main control for the baseflow index 
across the European continent (Kuentz et al. 2017). PK (%) and PF (%) are estimated 
from geological maps of Slovenia and Austria, respectively. 

As climatic descriptors, the mean annual precipitation P (mm yearǅ1) and the 
mean annual temperature T (°C) are selected. Corresponding gridded data are 
retrieved from the WorldClim database (http://www.worldclim.org/) at a spatial 
resolution of 10 arcminutes (approximately 18.55 km at the equator). We note that low 
mean temperature regimes are also associated with snow, the presence of which is also 
considered in the interpretation of the results. We also adopt the De Martonne index 
(IDM; De Martonne, 1926), as a climatic descriptor, which is given by )$-
ὖ Ὕ ρπϳ , and enables classification of a region into one of the following  6 climate 
classes, i.e., arid (IDM Ò 5), semi-arid (5 < IDM Ò 10), dry subhumid (10 < IDM Ò 20), 
wet subhumid (20 < IDM Ò 30), humid (30 < IDM Ò 60) and very humid (IDM Ó 60). 
Additionally, the KöppenςGeiger climatic classification (Kottek et al., 2006) of the 
rivers is assessed. 
 

http://srtm.csi.cgiar.org/
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Principal component analysis 
To identify which catchment, physiographic and climatic characteristics may explain 
river memory we attempt to regress the seasonal streamflow correlation on the 
physical descriptors introduced above. We expect the presence of multicollinearity 
among the predictor variables and therefore PCA (Pearson, 1901; Hotelling, 1933) was 
applied to construct uncorrelated explanatory variables. In essence, PCA is an 
orthonormal  linear transformation of  data variables into a new coordinate system of 
Ẉ Ẉ uncorrelated variables (principal components, PCs) ordered by decreasing 

degree of variance retained when the original  variables are projected into them 
(Jolliffe, 2002). Therefore, the first principal axis contains the greatest degree of 
variance in the data, while the second principal axis is the direction which maximizes 
the variance among all directions orthogonal to the first principal axis and each 
succeeding component in turn has the highest variance possible while satisfying the 
condition of orthogonality to the preceding components. Specifically, let   be a 
random vector with mean  and correlation matrix , and the principal component 

transformation of  is then obtained as follows:   

Ẩ ⁬   (35) 

 
where  is the transformed vector whose th column is the th principal component (  
=1, 2..p),  is the  ×  matrix of the coefficients or loadings for each principal 
component and Ẉ⁬is the standardized Ẉvector. Standardization is applied in order to 
avoid the impact of the different variable units on selecting the direction of maximum 
variance, when forming the PCs. The  values are the scores of each observation, i.e. 
the transformed values of each observation of the original  variables in the th 
principal component direction.  

PCA has useful descriptive properties of the underlying structure of the data. 
These properties can be efficiently visualized in the biplot (Gabriel, 1971), which is the 
combined plot of the scores of the data for the first two principal components along 
with the relative position of the  variables as vectors in the two-dimensional space. 
Herein, the distance biplot type (Gower and Hand, 1995), which approximates the 
Euclidean distances between the observations, is used. Variable vector coordinates are 
obtained by the coefficients of each variable for the first two principal components. 
After construction of the PCs, a linear regression model is explored for the case of HFS 
and LFS lag-1 correlation. 

 Technical experiment: real-time updating of the frequency distribution of high 
and low flows  

In order to evaluate the usefulness of the information provided by the 1 -month -lag 
seasonal correlation for flow signatures in HFS and LFS, we perform a real-time 
updating of the frequency distribution of high and low flows based on the average 
river flow in the previous month. A similar analysis for the high flows was carried out 
by Aguilar et al. (2017) for the Po and Danube Rivers. In principle, this is a data 
assimilation approach, since real-time information, i.e. observations of the average 
river flow, is used in order to update a probabilistic model and inform the forecast of 
the flow signature for the upcoming season.  
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In detail, a bi-variate meta-Gaussian probability distribution (Kelly and 
Krzysztofowicz, 1997; Montanari and Brath, 2004) is fitted between the observed flow 
signatures, i.e., peak flow in the HFS,  and average flow in the LFS, , and the 
average flow in the pre-HFS and LFS months, , respectively. The peak HFS flow 
and the average LFS flow are the dependent variables and are extracted as the peak 
river discharge observed in the previously identified HFS and the average river 
discharge observed in the previously identified LFS, respectively. The average flow in 
the month preceding the HFS and the LFS is the explanatory variable in both cases. In 
the following, random variables are denot ed by underscore and their outcomes are 
written in plain form.  

The normal quantile transform (NQT; Kelly and Krzysztofowicz, 1997)  is used 
in order to make the marginal probability distri bution of dependent and explanatory 
variables Gaussian. This is achieved as follows: a) the sample quantiles Ẉare sorted in 
increasing order e.g. , ǖ  , b) the cumulative frequency, e.g. ằẼ  is 

computed via a Weibull plotting position, and c) the standard normal quantile, e.g., 
ẹẼ  is obtained as the inverse of the standard normal distribution for each 

cumulative frequency, e.g., ẐằẼ ẑ. Therefore, all sample quantiles are discretely 

mapped into the Gaussian domain. To get the inverse transformation for any normal 
quantile, we connect the points in the above mapping with linear segments. The 
extreme segments are extended to allow extrapolation outside the range covered by 
the observed sample. 

In the Gaussian domain, a bi-variate Gaussian distribution is fitted between the 
random explanatory variable ẹẼ  and the dependent variables ẹẼ  and ẹẼ  by 

assuming the stationarity and ergodicity of the variables. We define the generic 
random variable ẹẼ  to represent any dependent flow signature, i.e.;ẈẹẼ  and ẹẼ  

in our case. Then, the predicted signature at time Ẉcan be written as: 

ẹẼẐẑẨ ẹẼ ẔẹẼ ẹẼ Ẑ │ẑẓẹ Ẑẑ   (36) 

where ẹẼ ẔẹẼ  is the Pearsonǋs cross-correlation coefficient between ẹẼ  and 

ẹẼ , │ is the selected correlation lag with │ = 1 in the present application, and ẹᾠẐởẑ 

is an outcome of the stochastic process ẹ , which is independent, homoscedastic, 
stochastically independent of ẹẼ  and normally distributed with zero mean and 

variance ẙ Ẉ ẹẼ ẔẹẼ . Then, the joint bi-variate Gaussian probability 

distribution function is defined by the mean ( ẐẹẼ ẑẈẨẈẘ and ẐẹẼ ẑẈẨẈẘ), the 

standard deviation ( ẐẹẼ ẑẈẨẈẙ and ẐẹẼ ẑẈẨẈẙ) of the standardized normalized 

series, and the Pearsonǋs cross correlation coefficient between the normalized series, 

ẹẼ ẔẹẼ . From the Gaussian bi-variate probability properties, it follows that for 

any observed ẹẼ Ẑ │ẑ, the probability distribution function of ẹẼ Ẑởẑ conditioned 

on ẹẼ  is Gaussian, with parameters given by: 

ẐẹẼ ẐẑẑẨ ẹẼ ẔẹẼ ẹẼ Ẑ │ẑ   (37) 
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ẐẹẼ ẐẑẑẨ ẙ Ẉ ẹẼ ẔẹẼ
ẖ

   (38) 

 
To derive the probability distrib ution of Ẽ Ẑẑ conditioned to the observed 

Ẽ Ẑ │ẑ, we first apply the inverse NQT, i.e., we use linear segments to connect the 
points of the previous discrete quantile mapping of the original quantiles into the 
Gaussian domain, and accordingly, obtain Ẽ Ẑẑ  for any ẹẼẐẑ. Subsequently, we 
estimate the parameters of an assigned probability distribution for the obtained 
quantiles in the untransformed domain. This is referred to as the updated probability 
distribution of the considered fl ow signature (ẹẼ   and ẹẼ   in our case). We use the 

Extreme Value Type I distribution for the peak flows and calculate the differences in 
the magnitude of estimated maxima for a given return period between the 
unconditioned and the updated distr ibution. The latter is conditioned by the 95% 
sample quantile of the observed mean flow in the previous month. To model the low 
flows we use the lognormal distribution, which was found to exhibit the best fit for the 
river in question among other typical c andidates for average flows, i.e. the Weibull 
and Gamma distribution. The low flows are conditioned by the lower 5% sample 
quantile of the observed mean flow in the previous month.  

5.4 Seasonal correlation of high and low flows   

 Season identification 

Approxima tely half of the 224 rivers are characterized by at least one high-flow season 
with medium or higher significance (PAMF of HFS Ó 60%). Among them, very strong 
unimodal regimes (PAMF of HFS Ó 80%) are observed in 63 rivers, the majority of 
which are located in Sweden. For 25% of the rivers, a high-flow season of low 
significance is found (PAMF of HFS between 40ǅ60%), while for the remaining 25% 
the high-flow distribution looks uniform throughout the year. Bimodality regimes are 
found with low and moderate significance in rivers located mostly in Austria and 
Sweden, but we focus here on the major high-flow season, as we are interested in the 
most extreme events. A minor HFS analysis would be perhaps relevant in other 
regions of the world where bimodal flood regimes are more prominent, as suggested 
by the analysis of Lee et al. (2015). 

Regarding the LFS identification, the two considered approaches (see Section 
5.3.1) agree for 139 out of 224 stations but the first method, i.e. the 1-month period with 
the lowest amount of mean monthly flow is selected for being more relevant to the 
purp ose of computing mean flow correlations.  

 Seasonal correlation 

LFS correlation is markedly higher than the corresponding HFS correlation for lags 1ǅ
5 and its median remains higher than 0 for more lags (Fig. 5.2). For the case of HFS 
correlation, we focus only on the most significant first lag, for which 73 rivers are 
found to have correlation significantly higher than 0 at 5% significance level.  In Fig. 
5.3, the autocorrelation of the whole monthly series is compared to the LFS correlation 
for lag of 1 and 2 months, in order to prove that the seasonal correlation for LFS is 
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significantly higher than its counterpart computed by considering the whole year. The 
latter is also confirmed by the Kolmogorov ςSmirnov test for both LFS lags 
(corresponding  values, lag1 < 2.2 ×10ǅ6 and lag2 < 2.2 ×10ǅ6  for the null hypothesis 
that the LFS correlation coefficients are not higher than the corresponding values for 
the monthly series autocorrelation; Conover, 1971). 

 

Figure 5.2 Boxplots of seasonal correlation coefficient against lag time for HFS (left panel) and 
LFS (right panel) analysis for the 224 rivers. The lower and upper ends of the box represent 
the 1st and 3rd quartiles, respectively, and the whiskers extend to the most extreme value 
within 1.5 IQR (interquartile range) from the box ends; outliers are plotted as filled circles.  

 

 

Figure 5.3 Boxplots of lag-1 and lag-2 correlation coefficients for LFS analysis (orange) and the 
whole monthly series (white) for the 224 rivers. The lower and upper ends of the box represent 
the 1st and 3rd quartiles, respectively, and the whiskers extend to the most extreme value 
with in 1.5 IQR (interquartile range) from the box ends. 

Figure 5.4 shows the spatial pattern of HFS and LFS streamflow correlations. It 
is interesting to notice the emergence of spatial clustering in the correlation magnitude, 
which implies its dependence on different spatially varying physical mechanisms. For 



101 
 

example, for HFS, a geographical pattern emerges within France, since the highest 
correlation coefficients are located in the northern part of the country, which is 
characterized by an oceanic climate and higher baseflow indices. 

 

Figure 5.4 Spatial distribution of the lag -1 correlation coefficients for HFS (left) and LFS (right) 
analysis. Legend shows the colour assigned to each class of correlation for the data. 

5.5 Physical interpretation of correlation  

To attribute the detected correlations to physical drivers, we define six groups of 
potential drivers of seasonal correlation magnitude, which are: basin size, flow indices, 
the presence of lakes and glaciers, catchment elevation, catchment geology, and hydro-
climatic forcing. For some of the descriptors the information is only available for a few 
countries.  

In what follows, we will use the term ǎpositive (negative) impact on 
correlationǏ to imply that an increasing value of the considered descriptor is associated 
with increasing (decreasing) correlation. For each descriptor, we also report, between 
parentheses, the Spearmanǋs rank correlation coefficient  (Spearman, 1904) between 
its value and the considered (LFS or HFS) correlation, and the Ẉvalue of the null 
hypothesis =0. Spearmanǋs coefficient is adopted in view of its robustness to the 
presence of outliers and its capability of capturing monotonic relationships of non -
linear type. 
 
Catchment area ǅ descriptor A 
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Figure 5.5 shows that there is only a weak positive impact of the catchment area (log-
transformed) on correlation for HFS ( = 0.17,  = 0.01) but a more significant positive 
one for LFS (  = 0.27,  = 5.5 × 10ǅ5). The presence of relevant scatter in the plots also 
indicates that it is not a key determinant of correlation.  
 

 

Figure 5.5 Scatterplots of lag-1 HFS (bottom panel) and LFS (top) streamflow correlation 
versus the natural logarithm of basin area Ẉ. 

 
Flow indices ǅ descriptors BI and SR 
The effect of the BI and SR is shown in Fig. 5.6. The BI (Fig. 5.6a) appears to be a marked 
positive driver for LFS (  = 0.6,  = 1.8 × 10ǅ23) while its effect for HFS is less clear, 
being weakly positive (  = 0.21,  = 0.001). For SR (Fig. 5.6b), it appears that both LFS 
and HFS streamflow correlations drop for inc reasing wetness (  = ǅ0.4,  = 4 × 10ǅ10 
and  = ǅ0.28,  = 2.8 × 10ǅ5 respectively). 
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Figure 5.6 Scatterplots of lag-1 HFS (bottom panels) and LFS streamflow correlation (top 
panels) versus baseflow index BI (a) and specific runoff SR (b). 

Presence of lakes and glaciers ǅ descriptors PL and PG 
Detailed information on the presence of lakes is available for the 69 Swedish 
catchments while areal extension of glaciers is known for the 108 Austrian catchments. 
Figure B.1 in Appendix B.1 shows that the impact of lake area (Fig. B.1a) on correlation 
for LFS and HFS is not significant  but positive (   = 0.10,  = 0.399 and   = 0.12,  = 
0.347). The results for glaciers show a positive impact for LFS (   = 0.28,  = 0.081) but 
a negative impact for HFS (   = ǅ0.34,  = 0.032). For a meaningful interpretation, these 
results should be considered in conjunction with the seasonality of flows for the 
Austrian catchments. Low flows for the glacier -dominated catchments typically occur 
in winter months, when glaciers are not contributing to the flow (Parajka et al., 2009). 
Thus the observed result for LFS more likely portrays the impact of low temperature 
(low evapotranspiration) and snow accumulation, the latter generally being a slowly 
varying process. For HFS, which typically occurs in the summer months for the 
considered catchments, flows are mainly determined by snowmelt, which is associated 
to reduced persistence (Appendix B.1; Fig. B.1b).  
 
Catchment elevation 
The areal coverage of the SRTM data is limited to 60° N and 54° S and therefore, data 
for the northern part of the Swedish catchments are not available. The rest of the rivers 
are divided in three regions based on proximity: Region I including the central and 
eastern part of the Alps and encompassing Austrian, Slovenian and Italian catchments; 
Region II including the western part of the Alps and encompassing French and 
Spanish territory; and Region III including the southern part of Sweden. Figure 5.7 
shows elevation maps along with the location of gauge stations and magnitude of 
correlations. Elevation seems to enhance LFS correlation, which is more evident in the 
mountainous Region I (Fig. 5.7). For HFS correlation there is not a prevailing pattern. 
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In the case of Austrian catchments, a 1 km resolution digital model is also used to 
extract information on elevation. Figure 5.8 confirms that there is a positive correlation 
pattern emerging with elevation for LFS. Based on local climatological information, it 
can be concluded that the spatial pattern for LFS correlation is reflective of the timing 
and strength of seasonality of the low flows in Austria, where dry months occur in 
lowlands during the summer due to increased evapotranspiration and in the 
mountains during winter (mostly February) due to snow accumulation which is 
characterized by stronger seasonality compared to the lowlands flow regime (Parajka 
et al., 2016; see Fig. 1). Concerning HFS in the same region, high flows are significantly 
impacted by the seasonality of extreme precipitation (Parajka et al., 2010b), which is 
highly variable, with the exception of the rivers where high flows are generated by 
snowmelt. Therefore, a spatially consistent pattern does not clearly emerge. 
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Figure 5.7 Relief maps from SRTM elevation data for the HFS and LFS lag-1 correlations of the 
rivers. Note that elevation scale is different for each region. Legend shows the colour assigned 
to each class of correlation for the data.  

 
 

 

Figure 5.8 Digital elevation model of the Austrian river networ k depicting the spatial 
distribution of lag -1 positive correlation for HFS (left) and lag-1 positive correlation for LFS 
(right).  Legend shows the colour assigned to each class of correlation for the data. 

 
Catchment geology ǅ descriptors PK and PF 
Two dif ferent geological behaviours are identified which may impact river correlation. 
We first focus on 21 Slovenian catchments (out of 31) where more than 50% of the basin 
area is characterised by the presence of karstic aquifers (percentage of karstic areas 
PK Ó 50%). Figure 5.9 shows boxplots of the estimated lag-1 correlation coefficient for 
both HFS and LFS against rivers where PK < 50%. It is clear that there is a significant 
decrease in correlation where karstic areas dominate for both for HFS and LFS.  

In a second analysis, we focus on Austrian catchments and investigate the 
relationship between correlation and percentage of flysch coverage, PF. Figure B.2 in 
the Appendix B.1 shows that there is not a prevailing pattern in either case (  = 0.13, 
 = 0.6 for LFS and  = ǅ0.19, Ẉ= 0.446 for HFS).  
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Figure 5.9 Boxplots of lag-1 correlation for Slovenian rivers with more than 50% presence of 
karstic formations PK and rivers with no or less presence for HFS analysis (left) and LFS 
analysis (right). The lower and upper ends of the box represent the 1st and 3rd quartiles, 
respectively, and the whiskers extend to the most extreme value within 1.5 IQR (interquartile 
range) from the box ends.             

 
Atmospheric forcing ǅ descriptors  and  
Figure 5.10 shows the lag-1 HFS and LFS correlations against estimates of the annual 
precipitation  and annual mean temperature  as well as the IDM. LFS correlation 
appears to be more sensitive than HFS to the above climatic indices, showing a 
decrease with increasing temperature and also a decrease with increasing precipitation 
(  = ǅ0.44,  = 3.1 × 10ǅ12 for  and  = ǅ0.57,  = 1.8 × 10ǅ20 for ).  HFS correlation is 
scarcely sensitive to these variables (  =  
ǅ0.17,  = 0.011 for P and  = 0.08,  = 0.208 for ). The IDM (Fig. 5.10 c) shows a mild 
decrease of both LFS (  = ǅ0.06,  = 0.368) and HFS correlation with increasing IDM 
(  = ǅ0.17,  = 0.01), while for the latter there seems to be a clearer trend (lower 
correlation with higher IDM) in very humid areas (dark blue points in Fig. 5.10c). 
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Figure 5.10 Scatterplots of lag-1 HFS and LFS correlation versus annual precipitation P (a), 
mean annual temperature T (b), and Index De Martonne IDM (c).                                                                                            
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Physical drivers of high correlation  
To gain further insight into the results we select the 20 catchments with the highest 
streamflow seasonal correlation coefficients for both HFS and LFS periods in order to 
investigate their physical characteristics in relation to the remaining set of rivers. Table 
5.2 summarizes statistics for selected descriptors in order to identify dominant 
behaviours. We also compare the number of rivers with distinctive features, i.e. lakes 

 (number of rivers with lakes), glaciers  (number of river with glaciers), flysch  

(number of rivers with flysch formations) and karst  (number of rivers with karstic 
areas) for the highest correlation group with those obtained from 1000 randomly 
sampled 20-catchment groups from the whole set of considered catchments to assess 
whether higher correlation implies distinctive features.  

By focusing on HFS, one can notice that the catchments with higher seasonal 
correlation are characterized by larger catchment area, higher baseflow index and 
temperature with respect to the remaining catchments, and lower specific runoff, 
precipitation and wetness. The presence of lake, glacier, karstic and flysch areas do not 
appear significantly effective  at a 5% significance level. More robust considerations 
can be drawn for the LFS: higher seasonal correlation is found for larger catchments 
with a higher baseflow index and lower specific runoff, precipitation and wetness. 
Decreasing temperature is strongly associated with higher correlation for the LFS. The 
presence of lakes plays a significant role both for lag-1 and lag-2 correlations with the 
latter also being significantly influenced by the presence of glaciers. 
 
Table 5.2 Differences in the mean values between the descriptors of the 20-highest-correlation-
river group for HFS and LFS versus the remaining rivers (204). , ,  and  columns 
contain the absolute number of rivers in th e higher correlation group with the specific 
descriptor (presence of lake, glacier, flysch and karst ) with * denoting significance at 5% 
significance level (two-sided test) and brackets containing the mean value from the 1000 
resampled 20-catchment subsets. 

Descriptor  

(Units)  

A        
(km2) 

BI          
(ǅ) 

SR                  
(m3 sǅ1  

kmǅ2) 

NL     
(ǅ) 

NG   
(ǅ) 

NF       
(ǅ) 

NK    

(ǅ) 

P           
(mm 
yearǅ1) 

T       
(°C) 

IDM    
(ǅ) 

HFS lag1 +38.7% +9.6% ǅ36.5% 5 (6) 5 (3) 1 (2) 1 (2) ǅ6.7% +11.7% ǅ11.3% 

LFS lag1 +358% +20.2% ǅ47.3% 17* (6) 3 (3) 0 (2) 0 (2) ǅ37.9% ǅ80% ǅ17.3% 

LFS lag2 +139.7% +18.9% ǅ40.8% 12* (6) 7* (3) 0 (2) 0 (2) ǅ26.5% ǅ64.2% ǅ8.8% 

 

5.6 Principal component analysis of the predictors and linear regression 

We attempt to fit a linear regression model to relate correlation to physical drivers, in 
order to support correlation estimation for ungauged catchments. To avoid the impact 
of multicollinearity in the regression while additionally summarizing river 
information, we apply PCA ( Section 5.3.2). Although correlation effects are efficiently 
dealt with via the PCA, we avoid including highly correlated variables in the analysis. 
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For example, the De Martonne index, precipitation and SR are mutually highly 
correlated (all Pearsonǋs cross-correlations are higher than 0.6) and therefore we only 
consider the SR in the PCA because it shows a more robust linear relationship with 
correlation magnitude. We select A, BI, SR and T as the variables to be considered in 
the PCA. A log transformation is applied to the basin area to reduce the impact of 
outliers. Table 5.3 shows the coefficients estimated for each component (the loadings) 
and the explained variance. The first principal component is primarily a measure of 
BI; the second principal component mostly accounts for T and the third principal 
component accounts for A. There is an evident geographical pattern emerging by the 
visualization of countries in the biplot (Fig. 5.11). Slovenian rivers cluster towards the 
direction of increasing SR and T, whereas Swedish rivers cluster towards the opposite 
direction of increasing BI and decreasing T. Austrian rivers, which are the majority, 
are the most diverse. The first two components together explain the 70% of the total 
variability in the data.  

Naturally, the sta tistical behaviour of the indices reflects the known local 
controls for certain rivers. For example, the observed lowest BI in Slovenia is consistent 
with the presence of karstic formations for the majority of the Slovenian rivers, as is 
the higher BI in Sweden and Austria, which is related to the presence of lakes and 
glaciers in both countries. 

In the case of HFS, all the examined linear models (combinations of ỗộẈ, SR, BI, 
, , IDM predictors) failed in explaining the streamflow correlation magnitud e. On 

the contrary, the linear regression model performs fairly well in explaining the 
correlation for LFS, with an adjusted R2 value of 0.58 and an F-test returning a  value 
< 2.2 ×10ǅ16. The coefficients for the first three PCs are found significantly different 
from zero at a 0.1% significance level and are included in the regression (Table 5.4). 
The highest coefficient is obtained for the first PC, which mostly accounts for BI 
importance. Diagnostic plots from linear regression for LFS are shown in Fig. 5.12. 
There is no clear violation of homoscedasticity in linear regression, apart from the 
presence of a limited number of outliers. There is a certain departure from normality 
in the lower tail of the residuals, which relates to the fact that the model performs 
better in the area of higher seasonal streamflow correlations and overestimates the 
lower correlations.  
 
Table 5.3 Loadings of the three Principal Components for ln A, SR, BI and T. The explained 
vari ance of each PC is denoted in parenthesis. 

Predictor 
variables 

PC1 (42.5%) PC2 (28.2%) PC3 (17%) PC4 (12.2%) 

ln   ǅ0.486 ǅ0.427 0.748 0.145 

SR 0.48 0.483 0.652 ǅ0.332 

BI ǅ0.619 0.262 ǅ0.11 ǅ0.731 

 0.385 ǅ0.718 ǅ0.04 ǅ0.577 
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Table 5.4 Summary of Linear Regression results for the LFS model.  

Predictor 

variables 

Estimate Standard 

Error  

 value Pr(>| |) Adjusted 

R2 

F-statistic 

intercept 0.659 0.009 77.065 < 2 ×10ǅ16 0.583 104.2 

-value:  

< 2.2 ×10ǅ16 

 

PC1 ǅ0.111 0.007 ǅ16.820 < 2 ×10ǅ16 

PC2 0.0318 0.008 3.936 1.1 ×10ǅ4  

PC3 ǅ0.039 0.010 ǅ3.754 2.2 ×10ǅ4 

 

 

Figure 5.11 Principal component distance biplot showing the principal component scores on 
the first two principal axes along with the vectors (brown arrows) representing the  coefficients 
of the baseflow index BI, specific runoff SR, natural logarithm of basin area ln A and mean 
annual temperature T variables when projected on the principal axes. Scores for the rivers are 
plotted in different colors corresponding to each count ry of origin and 68% normal probability 
contour plots are plotted for the countries.  
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Figure 5.12 Diagnostic plots of linear regression for the LFS model. Residuals versus the first 
(a), the second (b) and the third principal component (c) and the predicted values (d). Normal 
Q-Q plot of the residuals (e). Plot of the predicted values from linear regression versus the 
observed ones; red line is the diagonal line 1:1 (f). 

 

5.7 Real-time updating of the frequency d istribution  of high and low 
flows  for the Oise River 

We apply the technical experiment (Section 5.3.3) for high and low flows to the Oise 
River in France and assess the difference in the estimated flood and low-flow 
magnitudes. We update the probability di stribution of high and low flows after the 
occurrence of the upper 95% and lower 5% sample quantile of the observed mean flow 
in the previous month, respectively.  

The Oise River (55 years of daily flow values) at Sempigny in France has a basin 
area of 4320 km2 and its gauging station at Sempigny is part of the French national 
real-time monitoring system (https://www.vigicrues.gouv.fr/), which is in place to 
monitor and forecast floods in the main French rivers. The selected river has a high 
technical relevance since it experiences both types of extremes with large impacts. For 
instance, a severe drought event in 2005 led to water restrictions impacting agriculture 
and water uses in the region (Willsher, 2005), while the river originated an inundation 
during the 1993 flood events in northern and central France, which was one of the most 
catastrophic flood-related disasters in Europe in the period 1950-2005 (Barredo, 2007). 
It is characterized by HFS correlation Ẉ= 0.54, which is the 3rd largest lag-1 correlation 
for the HFS in our dataset and LFS correlation  = 0.80, which stands for the 70% 

quantile of the sample lag-1 correlation for LFS.  
A visual inspection of the residual plots is also performed (Fig. 5.13a, b) in order 

to evaluate the assumption of homoscedasticity of the residuals of the regression 
models given by equation (36). The residuals do not show any apparent trend and the 
Gaussian linear model is therefore accepted. Figure 5.13 (c, d) shows the conditioned 
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and unconditioned probability distri butions of peak and low flows in the Gaussian 
domain. As follows from equation (38), the variance of the updated (conditioned) 
distributions decreases. 

After application of the inverse NQT the conditioned peak flows are modelled 
through the EV1 distributio n and compared to the unconditioned (observed) peak 
flows. The corresponding Gumbel probability plot for conditioned and unconditioned 
distributions is shown in Fig. 5.13e. For the return period of 200 years, the updated 
distribution shows a 6% increase in the flood magnitude for the Oise River (307.7 m3 
sǅ1 to 326.44 m3 sǅ1). Likewise, the conditioned low flows are modelled through the 
lognormal distribution. The two cumulative distribution functions are compared in 
Fig. 5.13f showing a major departure in the estimated quantiles for the updated 
distribution; the occurrence of the predefined 5% quantile flow in the pre -LFS month 
induces a decrease of the exceedance probability of an average LFS flow of 15 m3 sǅ1 
from a prior 43% (according to the uncondition ed model) to 1%. 
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Figure 5.13 Conditioning the frequency distributions for high and low flows for the Oise 
River. Plots of the residuals of the linear regression given by Eq. (2) for the HFS (a) and LFS 
(b) models. Probability distribution of the unconditioned normalized peak flows NQ P (solid 
line) and the normalized peak flows  NQP conditioned to the occurrence of the 95% quantile 
(dotted line) for the HFS (c) and probability distribution of the unconditioned  normalized 
low flows NQ L (solid line) and the normalized low flows  NQL conditioned to the occurrence 
of the 5% quantile (dotted line) for the LFS (d). Gumbel probability plots of the return period 
versus the unconditioned peak flows QP (black line) and the peak flows QP modelled by the 
EV1 distribution and conditioned to the occurrence of the 95% quantile (red line) for the HFS 
(e). Cumulative distribution function of the unconditioned low flows QL (black line) and the 
low flows QL modelled by the lognorma l distribution and conditioned to the occurrence of 
the 5% quantile (red line) for the LFS (f). 
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5.8 Discussion  

The methodology presented herein aims to progress our physical understanding of 
seasonal river flow persistence for the sake of exploiting the related information to 
improve probabilistic prediction of high and low flows. The correlation of average 
flow in the previous months with the LFS flow and HFS peak flow was found to be 
relevant, with the former prevailing over the latter. This result was fores een since the 
LFS correlation refers to average flow while the HFS correlation is related to rapidly 
occurring events. We also aim to investigate physical drivers for correlation and 
quantify their relative impact on correlation magnitude. Therefore, a tho rough 
investigation of the geophysical and climatological features of the considered 
catchments was carried out.  

We found that the increasing basin area and baseflow index are associated with 
increasing seasonal streamflow correlation, yet the latter has a stronger impact. Ĵŏ this 
respect, Mudelsee (2007), Hirpa et al. (2010) and Szolgayova et al. (2014a) also found 
positive dependencies of long-term persistence on basin area, and Markonis et al. 
(2018) found a positive impact too but for larger spatial scales (> 2 × 104 km2), while 
Gudmunsson et al. (2011) found basin area to have negligible to no impact on the low-
frequency components of runoff. Our results additionally point out that catchment 
storage induces mild positive correlation, not only for low discharges which are 
directly governed by base flow, but also for high flows, which is less anticipated.  

Previous studies also pointed out that correlation increases for groundwater -
dominated regimes (Yossef et al., 2013; Dijk et al., 2013; Svensson, 2016) and slower 
catchment response times (Bierkens and van Beek, 2009), which concurs with the 
impact of the baseflow index found herein as well as with the observed impact of fast  
responding karst areas. The latter findings are also in agreement with our conclusion 
that correlation decreases with increasing rapidity of river flow formation, which for 
instance occurs in the presence of karstic areas and wet soils, explaining why 
persistence decreases with high specific runoff, as also confirmed by other studies 
(Gudmundsson et al., 2011; Szolgayova et al., 2014).  

Other contributions also reported higher streamflow persistence in drier 
conditions, either relating to lower specific runoff or  mean areal precipitation 
estimates (Szolgayova et al., 2014; Markonis et al., 2018). It was postulated that this is 
due to wet catchments showing increased short-term variability compared to drier 
catchments (Szolgayova et al., 2014) and having a faster response to rainfall due to 
saturated soil. A similar conclusion has been reached by other previous studies 
reporting that low humidity catchments ar e more sensitive to inter-annual rainfall 
variability (Harman et al., 2011), therefore leading to enhanced persistence. Yet, these 
studies refer to generally humid regions and cannot be extrapolated to more arid 
climates. A related conclusion is proposed by Seneviratne et al. (2006) who found the 
highest soil moisture memory for intermediate soil wetness. These results do not 
contrast with our findings, which refer to a wide range of climatic conditions. In fact, 
our finding that increased wetness has a negative impact on seasonal memory of both 
high and low flows, extends the above results to the seasonal scale and interestingly, 
to both types of extremes. 
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We also confirm the role of lakes in determining higher catchment storage and 
therefore positive correlations for the LFS, which has only been reported for annual 
persistence in a few sites (Zhang et al., 2012). 

The effect of snow cover for lag-1 LFS correlation is also revealed by the 
Austrian catchments. The mountainous rivers, directly affected by the process of snow 
accumulation, exhibit winter LFS and higher correlation than t he rivers in the 
lowlands, which are more prone to drying out due to evapotranspiration in the hotter 
summer months. The inspection of elevation data confirmed the role of high altitudes 
in increasing LFS correlation, which is likely related to storage effects due to snow 
accumulation and gradual melting. In this respect, Kuentz et al. (2017) found that 
topography exerts dominant controls over the flow regime in the larger European 
region, controlling the flashiness of flow, and being a particularly importa nt driver for 
other low flow signatures too.  In fact, topography may  affect the flow regime directly, 
through flow routing, but also indirectly, because of orographic effects in precipitation 
and hydroclimatic processes affected by elevation (e.g. snowmelt and 
evapotranspiration).  

Regarding atmospheric forcing, we find LFS correlation to be negatively 
correlated to mean areal temperature and annual precipitation. The former result may 
be explained considering that increased evapotranspiration (higher temperature) is 
likely to dry out LFS flows while snow coverage (lower temperature) was found to be 
associated with higher LFS correlation. An apparently different conclusion was drawn 
by Szolgayova et al. (2014a) and Gudmundsson et al. (2011), who reported increasing 
persistence with increasing mean temperature postulating that snow-dominated flow 
regimes smooth out interannual fluctuations. Yet, it should be noted that they refer to 
interannual variability while we refer here to seasonal correlation and therefo re to 
shorter time scales, which imply a different dynamic of snow accumulation and 
snowmelt; latitude may also play a relevant role in this, since in southern Europe the 
complete ablation of snow can occur more than once during the cold season, and 
sublim ation may account for 20ǅ30% of the annual snowfall (Herrero and Polo, 2016), 
decreasing the amount of snowmelt and impacting LFS flows in the summer season. 

Snowmelt mechanisms are found to increase predictive skill during low -flow 
periods in some other studies (Bierkens and van Beek, 2009; Mahanama et al., 2011; 
Dijk et al., 2013). However, in the glacier-dominated regime of western Alpine and 
central Austrian catchments, it is unlikely that this is a relevant driver of higher 
correlation, since low flow occurs in the winter months. Yet the mountainous, glacier -
dominated rivers still show increased LFS correlation compared to rivers in the 
lowlands, which agrees well with other studies that have found less uncertainty in the 
rainfallςrunoff modelling in this regime owing to the greater seasonality of the runoff 
process and the decreased impact of rainfall compared to the rainfall -dominated 
regime of the lowlands (e.g Parajka et al., 2016). 

Although the considerable uncertainty of areal precipitation estimates should 
be acknowledged, the contribution of annual precipitation interestingly complements 
the negative effect of increasing specific runoff ǅwhich is highly correlated to P 
estimatesǅ on the correlation magnitude for both LFS and HFS. This outcome confirms 
that catchments receiving significant amount of rainfall do show less correlation than 
drier regimes as discussed before. 
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5.9 Conclusions and outlook 

This research investigates the presence of persistence in river flow at the seasonal scale, 
the associated physical drivers and the prospect for employing the related information 
to improve probabilistic prediction of high and low flows by exploring a large s ample 
of European rivers. The main findings are summarized below:  
 

¶ Rivers in Europe show persistent features at the seasonal timescale, manifested 
as correlation between high- and low -flow signatures, i.e. peak flows in HFS 
and average flows in LFS, and average flows in the previous month. Correlation 
for LFS signatures is found to be consistently higher than HFS. 

¶ Seasonal correlation shows increased spatial variability together with spatial 
clustering. 

¶ Storage mechanisms, groundwater-dominated basins and slower catchment 
response time, as reflected by large basin areas, a high baseflow index and the 
presence of lakes, amplify seasonal correlation. On the contrary, correlation is 
lower in quickly responding karstic basins, and increased wetness conditions, 
as revealed by high specific runoff. 

¶ Low mean areal temperature is associated with higher LFS correlation owing 
to the weaker drying -out evapotranspiration force and the mechanism of snow 
accumulation in higher altitudes. Higher mean areal precipitation is associated 
with lower LFS predictability, possibly due to the presence of saturated 
conditions and increased short-term variability in wetter climates.  

¶ The drivers of LFS predictability are easier to identify and allow for the 
opportunity to construct regr ession models for possible application to 
ungauged basins (Section 5.6). 

¶ HFS and LFS correlation may directly apply to the probabilistic prediction of 
Ǌextremesǋ, i.e. high and low flows, as increased correlation can be exploited in 
various stochastic models. Such an application was performed in Section 5.7 in 
a data assimilation setting for a river of marked technical relevance. 
 
Regarding the last point, once a significant correlation is identified, it may be 

exploited in other model variants as well, e.g. adding more dependent variables of 
lagged flow and/or coupling with other relevant explanatory variables, such as 
teleconnections or antecedent rainfall, in multivariate prediction schemes. Indeed, the 
presence of river memory at the seasonal scale represents a possible opportunity to 
improve the prediction of water -related natural hazards by reducing uncertainty of 
associated estimates and allowing significant lag time for decision-making and hazard 
prevention. Besides the high relevance for extremes, this type of seasonal 
predictability could also be of interest to water resources management by, for instance, 
exploring the memory properties of a minor HFS.  

The inspection of the physical basis, apart from advancing our understanding 
of the catchment dynamics and enabling predictions in ungauged basins, is highly 
important as it may guide the search for other dependent variables and build 
confidence in the formation of process-based stochastic models (Montanari and 
Koutsoyiannis, 2012). A large sample of indices was herein inspected, yet more data 
are necessary in order to allow for more certain and generalized conclusions 
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worldwide. An important note is the effect of regulation, which, due to lack of 
objective data, is not completely understood. However, t he opportunity of exploiting 
correlation is not affected by the presence of regulation, provided that the 
management of river flow does not change in time. 

We conclude that our results point out that river memory provides interesting 
information that holds  both theoretical and operational potential to improve the 
understanding and prediction of extremes, support decision -making and increase the 
level of preparedness for water-related natural hazards. 
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6.  PERSISTENCE IN THE OCCURRENCE OF EXTREMES: 
MULTI -SCALE CLUSTERING OF RAINFALL  EXTREMES 

This Chapter deals with  the propagation of persistence from  the parent process to the 
occurrence process of its extremes. Clustering of extremes is critical for hydrological 
design and risk management and challenges the popular assumption of independence 
of extremes. Herein, we seek (a) the links between multi -scale clustering of extremes 
and long-term persistence, i.e. HK  dynamics, and (b) the possibility to infer  the former  
from the latter. To this aim, we highlight short comings of existing clustering indices 
and devise a new probabilistic index, which can reveal clustering, linking it to the 
persistence of the parent process. Its application to long-term rainfall records shows 
that the occurrence process of rainfall extre mes may exhibit noteworthy departures 
from independence, which are consistent with the HK dependence structure of the 
parent process. 

6.1 Introduction  

The identification of clusters in series of extreme events is an ongoing research topic 
in geosciences, including hydrology, one that is particularly challenging due to the 
large estimation uncertainties involved when studying series of rare events. 
Regardless of the complications, this question has multiple important implications for 
earth sciences which range from understanding natural variability and process 
dynamics to correctly applying stochastic models for the purposes of inference and 
prediction. This is evident as most relevant hydrological and engineering applications 
require settling this issue at the early stage of the analysis, by either assuming 
independence (e.g. Coles et al., 2001; Kottegoda and Rosso, 2008) or Ǌensuringǋ it 
through Ǌadequateǋ sampling techniques (Ferro and Segers, 2003). Thereby, the 
research focus can be uniquely placed on the more straightforward task of 
characterizing the probability distribution of extremes. For example, typical flood 
guidelines  suggest that successive flood events have at least a certain separation lag 
time in order to be considered independent for the application of models (Lang et al., 
1999).  

In light of concerns for intensification of hydrological extre mes due to 
anthropogenic forcing, the investigation of clustering receives additional interest 
(Ntegeka and Willems, 2008; Tye et al., 2018; Merz et al., 2016; Serinaldi and Kilsby, 
2018a), as attribution of trends to an external deterministic forcing presupposes that at 
least the presence of natural inherent variability has been beforehand properly 
accounted for. In this respect, increasing evidence reporting the presence of 
persistence in various hydroclimatic variables (Hurst, 1951b; Koutsoyiannis, 2003; 
Montanari, 2003; Markonis and Koutsoyiannis, 2016; OǋConnell et al., 2016; Iliopoulou 
et al., 2018b; Tegos et al., 2017; Dimitriadis, 2017) gives rise to the question of whether 
or not, and to what extent a regular behaviour of the extremes originating from 
persistent processes could be misinterpreted as a result of an anthropogenic cause.  

This study deals with the investigation of c lustering behaviour in records of 
maxima with a special focus on long-term daily rainfall observational records. As 
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recent studies reported evidence on the presence of persistence in annual rainfall 
(Iliopoulou et al., 2018b; Tyralis et al., 2018), the question of possible propagation of 
persistence to rainfall extremes naturally arises. Therefore, the research objectives can 
be articulated as follows: a) what are the links between persistence in the parent 
process and clustering of extreme events and can we infer the one from the other? and, 
b) what constitutes an informative characterization for clustering?  

Typically, the assessment of clustering properties of extremes from a timeseries 
implies the selection of a threshold based on which the sampling of Ǌextremeǋ events 
is performed. Then, clustering is quantified based on the departure of the properties 
of extremes from the ones of a purely random process. This evaluation is performed 
either by considering the series of the inter-arrival times of extremes or equivalently, 
the series of counts of extreme events over counting windows. There is a direct 
correspondence between the two; it is well-known for example, that  when the data 
come from a Poisson process, their inter-arrival times are exponentially distributed 
(Papoulis, A., 1991).  

In the hydrological literature, various ad -hoc, sometimes visual and subjective 
approaches are used in order to quantify departures of extremes ǆtypically floods ǆ 
from independence and characterize clustering. The most systematic usually consist 
of some type of Ǌwindowǋ analysis, where the timeseries is split into subperiods which 
are examined for presence of perturbations in the statistics of extreme events, often 
corroborated by statistical testing (Marani and Zanetti, 2015b; Ntegeka and Willems, 
2008; Willems, 2013). Avoiding the need for selection of time windows to study, Merz 
et al. (2016) applied a dispersion index, although mostly f ocused on a combination of 
kernel-based methods coupled with statistical significance tests to identify flood -rich 
and flood -poor periods in Germany. Yet, with a few exceptions only (Eichner et al., 
2011; Serinaldi and Kilsby, 2016b, 2018a), the majority of clustering characterizations 
for hydrological extremes are not studied in relation to the dependence properties of 
the parent process, which is the focal point here.  

To evaluate the clustering properties in a more comprehensive framework, two 
established indices are used in geophysical timeseries analysis, especially for the 
clustering analysis of earthquakes (Telesca et al., 2002) and storms (Vitolo et al., 2009) 
and are based on the Ǌcountsǋ approach: the index of dispersion and the Allan factor. 
Both can be used to formally test the data against the Poissonian assumption 
(Serinaldi, 2013; Serinaldi and Kilsby, 2013) and it is reported that their scaling 
behaviour can also reveal the fractal properties of the underlying process for ideal rate 
fractal processes (Thurner et al., 1997). The latter is related to the asymptotic 
dependence property for large time horizons, long -term dependence, quantified by 
the Hurst parameter. For revealing the HK dynamics, a number of methods examining 
the original series also exist with the climacogram (Koutsoyiannis, 2010), i.e. the 
variance of the aggregated process over scales, shown to be the most robust 
(Dimitriadis and Kou tsoyiannis, 2015).  

We briefly review the above methods based on their performance on revealing 
the clustering of extremes sampled from synthetic timeseries generated in order to 
exhibit various degrees of persistence and different marginal distributions.  We assess 
their degree of generality and showcase their shortcomings when extremes arrive from 
complex processes. We show how the interplay of persistence and moments of order 
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higher than 2 (skewness, kurtosis) can obscure the identification of the latter from 
extremes. Accordingly, we propose an alternative characterization of clustering based 
on a probabilistic index with distinctive features and test the proposed method on 
synthetic and real-world rainfall data. We find that the index exhibits some 
advantageous characteristics, namely it is capable of quantifying clustering by 
probabilistic means, linking it to the scaling behavio ur of the parent process for a range 
of distributional and dependence properties. It also enables modelling the 
probabilities of threshold exceedances across multiple timescales, which can be used 
as a simulation tool, that being an important advance over existing methods that have 
mainly an inferential character.  

6.2 Dataset 

An extended dataset comprising the 60 longest available daily rainfall records is 
investigated in terms of its extreme properties. The data used in this study are collected 
from global datasets, i.e. Global  Historical  Climatology  Network Daily  database  
(Menne et al., 2012) and European  Climate  Assessment and Dataset (Klein Tank et 
al., 2002) and third parties acknowledged in the acknowledgments sections. They 
present an update of the previous dataset explored in Iliopoulou et al. (2018a) of long 
rainfall records surpassing 150 years of daily values. A detailed description of the 
dataset is provided in Appendix A.1. The geographic location of the rain gauges is 
shown in Figure 6.1. The length of the timeseries enables the investigation of clustering 
on extended time horizons from daily to ye arly timescales. 
 

 
 
Figure 6.1 Map of the 60 stations with longest records used in the analysis. 
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6.3 Methodological framework  

 Definition of notation and mathematical formulation  

Let  be a stationary stochastic process in discrete time , i.e. a collection of random 
variables , and ấẨỦẔ⁪Ẉủ a single realization (observation) of the latter, i.e. a 

timeseries. Now for  being a threshold, ẈῄẈ╔, we define the process of peaks over the 
threshold (POT) consisting of events surpassing the threshold , i.e, 

Ẕ ẩ
ẘẔ  (39) 

Let also Ẑẑ be a counting process of POT occurrences in time which is an increasing 

function of time . We then define the process 
Ẑẑ
ấẨẈẐẑ… ẐẐ … ẙẑ as the number 

of occurrences of POT at timescale  and at discrete time ẈẨẙẔẖẖẔẗ. 

We also define by 
Ẑẑ

ỘỌợẐ ẑ Ủủ the block maxima series, which is 

formed by extracting the maximum order statistic of the observations divided in non -
overlapping equally sized periods of length (timescale) . In the following, we call the 
timescale Ẉas timescale of filtering of the maxima. Figure 6.2 visualizes all the above 
at two temporal scales for a realization of a random process with Hurst parameter 

=0.8 and the first four moments following a generalized Pareto distribution.  
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Figure 6.2 Explanatory graph of mathematical formulation. (a) Parent timeseries, (b) POT 
series, (c) temporal distribution of counts of POT at basic scale =1, (d) temporal distribution 
of counts of POT occurrences at scale =10 and (e) block maxima series at scale =10. 

 Generation of benchmark synthetic timeseries  

To evaluate the ability of clustering indices to discern the dependence characteristics 
of the parent (extreme generating) process, we first produce a set of synthetic 
timeseries with different dependence properties and marginal distributions. For the 
generation scheme, we employ a simulation procedure proposed by Dimitriadis and 
Koutsoyiannis (2018) which is capable of generating timeseries explicitly reproducing 
chosen theoretical moments up to any order together with any (long -term) persistence 
structure, i.e. the HK dynamics. We focus here only on processes exhibiting persistence 
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as these are the ones assumed consistent with the natural phenomena studied and also 
known to produce long -term clustering.  For the marginal distribution, we generate 
timeseries preserving up to the 4th order moments following the normal, generalized 
Pareto and gamma distributions. The higher-order moments of the generated 
timeseries follow the entropic distribution. Because the generation scheme preserves 
up to a specific number of moments from a distribution, the final shape may be slightly 
distorted with respect to the theoretical one, and therefore, we denote the generated 
series as type-gamma and type-Pareto, instead of gamma and generalized Pareto, 
respectively. For a detailed explanation of the generation scheme, the reader is referred 
to the Dimitriadis and Koutsoyiannis (2018). We focus only on the first four moments 
as higher-order classical moments cannot be reliably estimated from ordinary sample 
sizes (Lombardo et al., 2014).  

The properties of these timeseries are chosen in order to cover a range of 
statistical and stochastic characteristics in terms of skewness, kurtosis and  
parameter, and therefore, provide a good benchmark sample for testing the indices in 
typical but also more Ǌextremeǋ cases. Their properties are summarized in Table 6.1.We 
note that these timeseries are meant as theoretical case studies to test the 
appropriateness of the indices and are not to be considered as synthetic series of daily 
rainfall, which are the real -world data in question. How ever, since only the sequence 
of counts of extremes is of interest, and not their actual values, it is not necessary to 
strictly preserve other properties of daily rainfall, i.e. intermittency, and therefore in 
this sense comparison to the synthetic series is allowed. A sample of the timeseries is 
plotted in Figure 6.3. 

Additionally to the above benchmark timeseries, we generate ensembles of 
shorter timeseries having lengths of 150 × 365 values, i.e. equal to the minimum record 
length of the rainfall data, and preserving the same moments as the benchmark 
timeseries. These series are produced using fewer weights for the SMA scheme, up to 
2000, but applying proper weight adjustment scheme (Koutsoyiannis, 2016). They 
reproduce two dependence structures, white noise, and HK with  parameter 0.7, 
considered a representative value for hydrological processes. The purpose of the 
second benchmark sample is to test the methods in Ǌrealisticǋ record lengths and to 
evaluate estimation uncertainty by Monte Carlo simulations that require s ignificantly 
less computational effort compared to the first benchmark sample, which is generated 
using 106 weights, i.e. equal to the series length.  
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Table 6.1 Distributional properties of the benchmark sa mples used in the experiments with 
length 106 and  values in the range 0.5 0.99. 

Distribution  

type 

Parameters 
Mean Variance Skewness Kurtosis 

Shape Scale Location 

Normal  - 2.6 1.25 1.25 2.6 0 3 

Gamma  0.1 5.1 - 0.51 2.6 6.325 63 

Gamma  0.01  16.125 - 0.16 2.6 20 603 

Pareto 0.1 1 0 1.11 1.54 2.81 17.83 

Pareto 0.2 1 0 1.25 2.6 4.65 73.8 

 

 
Figure 6.3 Visualization of three timeseries with =0.8 and different marginal distributions 
generated from the 4-moment SMA scheme (Dimitriadis and Koutsoyia nnis, 2018). The 
legends report the mean, standard deviation, coefficient of skewness and coefficient of 
kurtosis of each distribution.  

 

 Second-order characterization of extremes  

The Hurst parameter is a well-established measure of persistence. It can be estimated 
from the slope of the double logarithmic plot of the standard deviation of the averaged 
process versus the averaging timescale, i.e. the climacogram (Koutsoyiannis, 2010; see 
Section 2.2.1). To test how the estimator is impacted when extremes are used instead 
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of the original values, we compute the Ẉparameter for extremes extracted from 
windows (scales) of length 1 to ẗẙẘ where  is the timeseries length. An example is 
provided in Figure 6.4. The first  value (scale = 1) is the value for the original data 
(the parent timeseries) and as the scale increases progressively the time series is 
filtered to show only the most Ǌextremeǋ data. For instance, if the basic timescale is 
daily, the estimated  parameter at timescale =365 corresponds to the  parameter 
of the annual maxima. To reduce computational time, we perform estimation every 50 
scales. The results are shown in Figure 6.4 are for the normal and the other benchmark 
timeseries. The impact of skewness and kurtosis on the estimator is striking as in the 
case of non-Gaussian timeseries, the  parameter quickly decays to 0.5, as if there was 
independence. On the contrary, for the normal timeseries it yields almost a stable 
value. To verify that this is not due to the impact of standard deviation bias induced 
by dependence, we performed estimation for selected timescales with the unbiased 
with respect to standard deviation, LSSV estimator (Koutsoyiannis, 2003; Tyralis and 
Koutsoyiannis, 2011b) as well. We also repeat the estimation for the shorter timeseries 
and plot the average values at each scale obtained from the Monte Carlo experiments. 
The same conclusion can be drawn. The climacogram estimator is severely biased 
dow nward for extremes originating from non -Gaussian processes and falsely 
indicates independence after a few scales of filtering. Therefore, we do not consider 
the climacogram estimator for the rest of the analysis on empirical data. Since it has 
been shown that the climacogram is closely related to other second-order 
characterizations, i.e. spectrum and autocovariance (Dimitriadis and Koutsoyiannis, 
2015), we also expect similar results from the latter. Furthermore, Barunik and 
Kristoufek (2010) have shown that even for the underlying process (the parent), the 
sampling properties of the Hurst parame ter estimation by some other approaches, i.e. 
the multifractal detrended fluctuation analysis and the detrending moving average, 
are also greatly impacted by heavy tails. 
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Figure 6.4  parameters estimated from block maxima series at increasing scale of filtering for 
(a) benchmark series of length 106 from HK models with Ẩ0.8 following normal and type -
Pareto distributions and (b) average  values from 103 Monte Carlo simulations fo r HK 
models with =0.7 and three different marginal distributions, type -gamma, type-Pareto and 
normal.  

 

 Clustering indices: the dispersion index  

A well -known measure of clustering of events is the index of dispersion of counts, also 
known as the Fano factor (e.g. Thurner et al., 1997), which is defin ed as the ratio of the 
variance of the counts of events versus their mean number at a specific timescale , i.e.: 

ẐẑẨ
ỆỈ

ỆỈ
 (40) 

For a Poisson point process, the dispersion index is unity for all timescales. According 
to the literature (Thurner et al., 1997) the dispersion index exhibits power -law scaling 
behaviour which is linked to the underlying persistence structure. Although the exact 
form of the equation provided could not be theoretically validated per se at small 
scales, we have confirmed the power-law scaling at large scales, which by revising the 
original equation (Thurner et al., 1997), can be expressed as: 

Ẑẑ Ẕ  (41) 

where  a real parameter and  denotes the scaling onset timescale (a minimum time 
scale, for which the above scaling law applies). It follows that the exponent 2  ǅ 1 can 










































































































































































































