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Abstract: Design rainfall return levels are critical inputs for engineering applications such as urban drainage design, flood 

mitigation, resilient transport infrastructure and climate-sensitive planning. However, their estimation is significanlty 

challenged by changing rainfall regimes, which can weaken the stationarity assumptions traditionally used in design 

rainfall analysis. A second challenge is data availability: design estimates rely on long gauge records that are often spatially 

sparse, while reanalysis products such as ERA5-Land provide spatial continuity but may poorly represent point-scale 

extremes, especially in convectively active and topographically complex settings. This study develops a reproducible GEE 

workflow to jointly examine these challenges by assessing temporal changes in extreme precipitation return levels and 

evaluating the reliability of ERA5-Land for design-oriented rainfall screening. Annual maxima from ERA5-Land daily 

precipitation are modelled using Gumbel and GEV distributions, with the workflow demonstrated globally and evaluated 

locally in Thessaloniki, Greece, against a long in-situ gauge record for return periods of 5, 10, 50 and 100 years. Results 

show that ERA5-Land systematically underestimates gauge-based design rainfall, with discrepancies increasing toward 

rarer events; consequently, gauge-to-ERA5-Land correction factors range from 1.17 to 1.29 under Gumbel and from 1.13 

to 1.46 under GEV. A reference-to-recent period comparison further indicates substantial gauge-inferred intensification, 

including an approximately 33% increase in the 100-year Gumbel return level, while ERA5-Land shows little 

corresponding change. The proposed framework is reproducible and transferable for screening applications, but correction 

factors remain site-specific and require local gauge validation before engineering use. 

 

Keywords: Extreme precipitation; Design rainfall; Extreme value theory; Correction factors. 

 
1 INTRODUCTION 

 

The hydraulic reliability of urban drainage elements (e.g., 

inlets, culverts, channels and underpasses) depends strongly on 

the magnitude of extreme rainfall that drives peak runoff 

(Willems, 2013; Ochoa-Rodriguez et al., 2015). In urban 

catchments, pluvial flooding can occur when rainfall intensity 

and accumulation exceed local conveyance capacity, producing 

rapid surface inundation and disruption to critical transport 

assets, as demonstrated for road-network disruption under 

pluvial flooding (Iliadis et al., 2023; Pregnolato et al., 2017); 

consequently, design rainfall (typically expressed through return 

levels for specified return periods) remains a key input to 

engineering design (Touloumidis et al., 2025) and flood-risk 

mitigation (Willems, 2013). 

Estimating design return levels is most robust when long, 

homogeneous gauge records are available to constrain Extreme 

Value Theory (EVT) inference (Coles, 2001; Katz et al., 2002; 

Koutsoyiannis, 2004), yet such records are often sparse, 

unevenly distributed or not representative of local micro-climatic 

conditions (Kidd and Huffman, 2011). This limitation has 

accelerated the use of Gridded Precipitation Products (GPPs), 

including reanalyses such as ERA5-Land (Muñoz-Sabater et al., 

2021) and multi-source merged precipitation datasets (Beck et 

al., 2017), while cloud-based platforms such as Google Earth 

Engine (GEE) have further enabled scalable, reproducible 

analysis of such datasets (Gorelick et al., 2017). 

However, in addition to well-known limitations in gridded 

precipitation estimation (Maggioni et al., 2016), including 

retrieval uncertainty, model-physics limitations, calibration 

uncertainty, bias-correction uncertainty, sampling constraints 

and land-surface or topographic influences, GPPs do not 

measure the same quantity as a point gauge since daily 

precipitation from ERA5-Land represents an areal mean over a 

grid cell (~0.1°), whereas gauges record point rainfall. For 

extreme events (particularly convective storms with small spatial 

footprints) this representativeness difference attenuates annual 

maxima in gridded data relative to gauges (Eggert et al., 2015). 

Studies report systematic underestimation of extreme rainfall by 

reanalysis products, with biases amplifying in topographically 

complex and convectively active areas where spatial averaging 

most smoothes localized peaks (de Leeuw et al., 2015; Hamouda 

and Pasquero, 2021; Gomis-Cebolla et al., 2023; Lavers et al., 

2022); critically, agreement in mean climatology does not imply 

agreement in the upper tail that governs design, as discrepancies 

emerge precisely at long return periods (>50 years) where 

extrapolation is most sensitive (Coles, 2001) and 

underestimation translates into under-design risk (Hamouda and 

Pasquero, 2021; Gomis-Cebolla et al., 2023; Lavers et al., 2022; 

Rivoire et al., 2022). 

Taken together, these findings indicate that the critical issue 

for engineering use is whether gridded products preserve the 

upper-tail structure required for design inference, not merely 

whether they reproduce mean precipitation or moderate rainfall 
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variability. In point-scale applications, spatial averaging, 

imperfect representation of convective processes and local 

orographic/coastal controls can jointly dampen long-return-

period estimates; for example, Lavers et al. (2022) and Gomis-

Cebolla et al. (2023) report larger ERA5/ERA5-Land 

precipitation errors for heavy/extreme precipitation metrics, 

particularly where convective activity, complex terrain or 

regional precipitation-regime characteristics challenge 

reanalysis representation. 

A second challenge is that conventional frequency analysis 

assumes stationarity of extremes (i.e., that exceedance 

probabilities inferred from historical samples remain valid for 

current conditions) (Coles, 2001; Milly et al., 2008). While fully 

non-stationary EVT frameworks exist (Coles, 2001; Katz et al., 

2002), they are not yet routine in operational design; therefore, a 

practical alternative is a period-stratified "stress test", estimating 

return levels separately for earlier and later periods to assess 

whether design-relevant extremes have shifted over time (Kyselý 

et al., 2011; Erić et al., 2021). 

Recent efforts have compared gridded or model-based 

precipitation extremes against gauge networks, quantified biases 

through diagnostic metrics and explored non-stationary EVT and 

correction approaches under changing climate (de Leeuw et al., 

2015; Lavers et al., 2022; Gomis-Cebolla et al., 2023; Maraun et 

al., 2017; Onderka et al., 2024). However, much of this literature 

still emphasizes characterizing discrepancies, while fewer 

studies translate these diagnostics into correction frameworks 

that planners can readily apply (de Leeuw et al., 2015; Lavers et 

al., 2022; Gomis-Cebolla et al., 2023), as many evaluations 

report performance without deriving transformation factors that 

adjust gridded return levels for engineering implementation 

(Maraun et al., 2017). Furthermore, rigorous tail evaluations in 

topographically complex, convectively dominated 

environments, where mechanisms of spatial mismatch are most 

pronounced, remain limited and workflows often rely on 

specialized tooling, which can constrain accessibility in data-

scarce regions (Onderka et al., 2024; Erić et al., 2021). 

Three operational barriers therefore persist (Gorelick et al., 

2017; Tamiminia et al., 2020; Hamouda and Pasquero, 2021; 

Ferguglia et al., 2024): cloud-based workflows enabling 

reproducible, at-scale analysis accessible to non-specialists 

remain limited; evaluations rarely derive return-period-specific 

correction factors that reconcile gridded estimates with gauge-

consistent design levels for direct engineering implementation; 

and systematic tail evaluation in convectively active, 

orographically complex environments is sparse, leaving 

uncertainty about GPP performance despite long-standing 

regionalization/scaling approaches used for Intensity-Duration-

Frequency (IDF) curves (Bara et al., 2010; Gaál et al., 2009). 

This study addresses these gaps using Thessaloniki, Greece, 

as a case study and ERA5-Land as the gridded dataset; 

Thessaloniki represents a challenging test environment as a 

coastal Mediterranean city where extreme rainfall is driven by 

convective activity, sea-breeze convergence and orographic 

enhancement, producing spatially heterogeneous storms that 

stress grid-scale representativeness. These mechanisms can 

operate across sub-daily to daily scales, as localized convection 

and thermodynamic controls are especially relevant for short-

duration intensities, whereas organized synoptic and mesoscale 

dynamics can shape daily precipitation totals. Therefore, the use 

of daily annual maxima is appropriate for 24-h design return 

levels, but it cannot resolve sub-daily process mixtures that may 

be important for IDF applications or for separating 

thermodynamic from circulation-driven intensification (Andria 

et al., 2025; Haslinger et al., 2025; Marra et al., 2026). 

Extreme rainfall is characterized using an Annual Maxima 

Series (AMS) of daily totals and return levels are estimated under 

both Gumbel and Generalized Extreme Value (GEV) models, 

with all computations implemented in GEE to ensure 

reproducibility and scalability. The objectives are to:  

i. demonstrate a reproducible GEE workflow for screening 

annual-maxima-based Gumbel and GEV return levels 

from gridded daily precipitation products; 

ii. evaluate ERA5-Land return levels against a long in-situ 

record at Thessaloniki for T = 5, 10, 50 and 100 years, 

quantifying bias structure across the return-period 

spectrum; 

iii. derive return-period specific correction factors for the 

Thessaloniki gauge–ERA5-Land comparison and assess 

how such factors can support engineering interpretation 

at locally evaluated sites; 

iv. quantify differences in inferred design rainfall between a 

reference period (1955–1980) and a recent period (1981–

2022) as a pragmatic stress test for temporal change in 

extreme rainfall. 

By combining tail-focused evaluation, site-specific 

correction factors and a scalable GEE workflow, this study 

provides diagnostic insight into the divergence of ERA5-Land 

from gauge-based extremes and demonstrates how gridded 

precipitation products can be linked with local calibration to 

support design-oriented screening. The remainder of the paper 

presents the study area and datasets, describes the EVT 

implementation and evaluation approach, reports results on 

return levels, biases and correction factors (including bootstrap 

uncertainty quantification) and discusses implications for the 

engineering use of gridded extremes under climate variability 

and change. 

 

2 STUDY AREA AND DATA 

 

Thessaloniki, Greece (40.63°N, 22.96°E), is selected as the 

case-study location (Fig. 1) as it combines a long, well-

documented rainfall record from the Aristotle University of 

Thessaloniki (AUTH) campus/Department of Meteorology and 

Climatology station with a documented history of extreme-

rainfall analysis and demonstrated engineering relevance for 

urban drainage performance under design storms. The station 

record has been utilized in peer-reviewed assessments of rainfall 

intensity and extremes (Philandras et al., 2010), including 

analyses of very long-period extreme precipitation behavior 

(Pakalidou and Karacosta, 2018) and the statistics of extreme 

rainfall events (Douka and Karacostas, 2018), while recent urban 

water-infrastructure work evaluates the response of the 

combined sewer network under storm events of different return 

periods, reinforcing the suitability of the city for research into 

design return levels and correction factors (Galiatsatou et al., 

2024).  

Daily gauge totals were screened prior to extreme-value 

analysis using year-level completeness criteria; a calendar year 

was retained when at least 95% of daily observations were 

available and when no consecutive missing-data gap longer than 

7 days occurred during the main heavy-rainfall season. Years not 

satisfying these criteria were excluded before extracting annual 

maxima so that the annual maximum was not inferred from an 

incomplete record during the period when intense rainfall is most 

likely to occur and from this screened daily series, an AMS of 

24-h precipitation totals was derived, yielding 73 valid annual 

maxima for 1950–2022. 

The evaluated gridded dataset is ERA5-Land (ECMWF), 

which was selected instead of ERA5 because it provides a land-
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focused reanalysis at finer spatial resolution (~0.1° × 0.1°, 

approximately 9 km) and is widely used for land-surface and 

hydrological applications, although previous evaluations suggest 

that ERA5 and ERA5-Land precipitation differences can be 

modest in some regions (Gomis-Cebolla et al., 2023). ERA5-

Land total precipitation is provided as accumulated water-

equivalent depth; these values were converted from metres to 

millimeters per day (mm/d) for consistency with the gauge 

record and sampled at the station coordinates using nearest-grid-

cell extraction. The resulting ERA5-Land AMS comprises 76 

years (1950–2025) and all analyses were performed on AMS 

derived from daily totals to ensure consistency between the point 

observations and the gridded product in both temporal 

aggregation and extreme-event definition.  

 

 
Fig. 1. Area of interest and location of in situ station. 

 

The AUTH station is located at approximately 32 m a.s.l., 

while the corresponding ERA5-Land grid-cell elevation sampled 

at the station location is 38 m a.s.l.; this elevation information is 

reported because point–grid differences may reflect not only 

horizontal representativeness but also differences in effective 

terrain height. The gauge series used here represents daily total 

precipitation as a 24-h accumulation, while ERA5-Land daily 

totals were harmonized to daily water-equivalent precipitation 

totals before AMS extraction, ensuring the two datasets are 

consistent in accumulation duration and variable definition, 

although small differences in the exact daily accumulation 

window may remain and are treated as a minor source of timing 

uncertainty. Solid precipitation is not expected to dominate the 

annual daily maxima at this Mediterranean lowland site, but 

ERA5-Land total precipitation is expressed as water equivalent. 

To provide a pragmatic stress test for potential temporal 

change, AMS and fitted return levels were estimated separately 

for a reference period (1955–1980) and a recent period (1981–

2022), using 1980 as a practical breakpoint consistent with 

documented 1980s climate regime shifts across environmental 

systems and with common hydroclimate practice of contrasting 

pre-1980 and post-1980 precipitation statistics (Reid et al., 2016; 

North et al., 2013; Higgins et al., 2013); this cautious 

interpretation is particularly relevant for Mediterranean 

precipitation, where high temporal variability may dominate 

over monotonic trend signals (Vicente-Serrano et al., 2025), 

while the split also roughly separates the pre-satellite and 

satellite-influenced reanalysis era around 1979, which may affect 

the quality and stability of ERA5/ERA5-Land precipitation 

estimates and further supports interpreting ERA5-Land period 

differences as descriptive diagnostics of temporal change.  

The gauge and ERA5-Land records therefore have slightly 

different effective lengths because the gauge series is constrained 

by observational availability and quality screening, whereas 

ERA5-Land provides continuous gridded coverage; full-period 

return levels were estimated from the available AMS of each 

source, while direct event-space comparisons used only years 

with finite values in both series, and for the split-period analysis, 

the shorter samples within each time slice increase sampling 

uncertainty, especially for GEV estimates at long return periods, 

consequently making the reference–recent comparison function 

as a diagnostic stress test of temporal differences in return levels. 

 

3 METHODOLOGY 

3.1 Extreme-value distribution fitting and return-level 

estimation 

 

Extreme rainfall was characterized using a block maxima 

approach based on the AMS of daily precipitation totals (Kyselý 

et al., 2011), wherein two extreme-value models were fitted to 

AMS: the GEV distribution (Coles, 2001) and the Gumbel 

distribution (Gumbel, 1962). The GEV cumulative distribution 

function (CDF) is defined as:  

 

𝐹(𝑥; μ, σ, ξ) = exp {− [1 + ξ (
𝑥−μ

σ
)]

−1/ξ

} , 1 + 𝜉 (
𝑥−𝜇

𝜎
) > 0   (1) 

 

where μ , σ , and ξ  denote the location, scale and shape 

parameters respectively. Parameters were estimated using the 

method of L-moments (probability-weighted moments, PWM) 

(Hosking, 1990) due to its robust behavior under moderate AMS 

sample sizes and suitability for stable server-side 

implementation; specifically, sample L-moments were 

computed from ordered AMS values using unbiased PWM 

weights (based on order index j and sample size n), from which 

L1, L2 and the L-skewness τ3 = L3/L2 were derived. For numerical 

stability, L2 was constrained to be positive (lower-bounded by a 

small ε) and τ3 was bounded to a finite interval prior to shape 

estimation using the standard Hosking-type approximation, 

which avoids iterative root solving and is well-suited to large-

scale gridded processing. For a return period T, the non-

exceedance probability is FT = 1 – 1/T and the return level xT is 

obtained by inverting the fitted CDF: 

 

𝑥𝑇 = {
μ −

σ

ξ
[1 − (−ln(FT))

−ξ
] , 𝜉 ≠ 0

μ − σ ln[− 𝑙𝑛(FT)] , 𝜉 = 0
          (2) 

  

In the implementation, the ξ = 0 (Gumbel-limit) case was 

explicitly handled by switching to the closed-form Gumbel limit 

when |ξ| falls below a small threshold, ensuring the continuity of 

return levels as the estimated shape approaches zero. 

The Gumbel model was fitted via linear least squares 

regression on Gumbel probability paper. Ordered maxima were 

assigned rank-based plotting positions consistent with the 

implementation (𝑝𝑚 = 𝑚/(𝑛 + 2), 𝑞𝑚 = 1 − 𝑝𝑚) where m=1 

corresponds to the largest annual maximum and reduced variates 

were computed as 𝑦𝑚 = −ln[ − ln⁡(qm)] and the linear model 

𝑥 = 𝑎 + 𝑏𝑦 used to derive return levels for the specified design 

periods. 
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3.2 Return levels and period-change ratio mapping 

 

For the global analysis, AMS were constructed per pixel from 

daily precipitation totals by extracting the maximum daily value 

within each calendar year; subsequently, GEV and Gumbel 

models were fitted at each pixel to compute return levels for 

periods spanning 5 to 100 years, thereby producing global return-

level surfaces (Rivoire et al., 2022). A global period comparison 

was conducted exclusively for ERA5-Land by utilizing the 

extensive temporal coverage of the dataset, wherein two time 

windows were defined (reference vs recent), and models were 

fitted independently within each period. A period-change ratio 

was consequently expressed as the ratio of return levels between 

the recent and reference periods: 

 

PCR𝑇 =
𝑥𝑇,Recent

𝑥𝑇,Reference
            (3) 

 

Similar relative-change calculations between earlier and later-

period quantiles are commonly employed in climate-impact 

contexts (Onderka et al., 2024), here, the period-change ratio is 

used as a descriptive screening indicator of temporal differences 

in design extremes, without assigning those differences to a 

specific forcing mechanism. 

 

3.3 Google Earth Engine implementation 

 

Cloud-native workflows in GEE are widely recognized for 

enabling scalable Earth-observation analytics (Tamiminia et al., 

2020; Gorelick et al., 2017) and have been successfully applied 

to diverse hydrological tasks ranging from global surface-water 

mapping (Pekel et al., 2016) to event-focused flood monitoring 

(DeVries et al., 2020). Leveraging this framework, all AMS 

extraction and EVT computations were operationalized within 

GEE to ensure reproducibility and scalable processing; 

specifically, the ERA5-Land daily precipitation product was 

ingested, filtered by analysis period and harmonized to 

consistent daily totals (including unit conversions where 

necessary). AMS were derived by extracting the maximum daily 

precipitation for each calendar year (computed per pixel for 

gridded mapping and at specific coordinates for the in-situ 

station), while statistical modeling relied on custom server-side 

functions developed to implement (i) probability-paper 

regression for the Gumbel distribution and (ii) L-moment/PWM 

estimation for the GEV distribution, thereby supporting a 

consistent period-stratified analysis across both the global and 

the local cases. 

 

3.4 Product evaluation and derivation of design correction 

factors 

 

For the Thessaloniki use case, return levels were computed 

for the in-situ gauge and each gridded precipitation product 

sampled at the station location; product performance was 

subsequently assessed by comparing return levels at matched 

return periods. Relative Bias (RB) was calculated as: 

 

RB𝑇 =
𝑥𝑇,ERA5−𝑥𝑇,Gauge

𝑥𝑇,Gauge
            (4) 

 

To translate discrepancies into implementable engineering 

guidance, multiplicative correction factors were derived per 

product and return period: 

 

CF𝑇 =
𝑥𝑇,Gauge

𝑥𝑇,ERA5
             (5)  

In the present case study, the Correction Factor (CF) 

expresses the gauge–ERA5-Land discrepancy in engineering-

relevant terms and provides a locally calibrated adjustment 

factor. 

 

3.5 Model evaluation and uncertainty quantification 

 

Uncertainty in return levels for the Thessaloniki evaluation 

(in-situ and ERA5-Land) was quantified using non-parametric 

bootstrap resampling of AMS; specifically, for each dataset, 

B=500 bootstrap samples were generated by resampling annual 

maxima with replacement using a deterministic pseudo-random 

generator with fixed seeds to ensure reproducibility.  For each 

replicate, Gumbel and GEV parameters were re-estimated and 

return levels recomputed, while the resulting distribution of xT 

was summarized using 95% Confidence Intervals (CI):  

 

𝐶𝐼95%(𝑥𝑇) = [𝑄0.025(𝑥𝑇), 𝑄0.975(𝑥𝑇)]          (6) 

 

where QP denotes the pth quantile of the bootstrap distribution, 

with the median reported as the central estimate. 

 

5 RESULTS AND DISCUSSION 

5.1 Global-scale return levels and period-change ratio maps 

 

The GEE workflow was first applied globally to ERA5-Land 

annual maxima to demonstrate scalability and provide a 

climatological plausibility check before the station-based 

evaluation, wherein global return levels were derived for a range 

of design-relevant return periods (5, 10, 50 and 100 years) under 

both distributional assumptions to produce global Gumbel and 

GEV return-level surfaces (Fig. 2).  

The Gumbel maps exhibit coherent climatological structures 

and highest extremes align with deep convection and monsoon 

regimes while dry subtropical belts and cold high-latitude 

interiors show lower values. Growth from shorter to longer 

return periods is spatially heterogeneous and tends to concentrate 

in regions where annual daily maxima are already large, 

consistent with known spatial patterns of heavy daily 

precipitation and supporting the internal consistency of the AMS 

extraction and fitting workflow (Westra et al., 2014). At the same 

time, this global plausibility does not imply local 

representativeness at the point scale, where spatial averaging, 

storm intermittency and localized convective structure can 

materially shift upper-tail behavior (Eggert et al., 2015; 

Hamouda and Pasquero, 2021; Lavers et al., 2022). 

To examine whether allowing upper-tail flexibility changes 

global design levels, the same annual maxima were also modeled 

using GEV (Fig. 3). The large-scale spatial pattern remains 

similar to Gumbel, yet hotspot regions show stronger 

amplification at 50 and 100 years, reflecting the influence of the 

GEV shape parameter on long-return-period growth; this 

confirms that distributional choice becomes consequential 

precisely in the high-return-period range where engineering 

sensitivity is greatest and tail damping (if present) will be 

expressed most clearly (Pfahl et al., 2017). Comparable multi-

dataset assessments show that continental-scale patterns of 

precipitation extremes are usually robust, but magnitudes and 

tails can diverge materially across gridded in-situ products and 

reanalyses, with the largest inter-dataset spread typically 

occurring for rare extremes and in regions where observational 

constraints or representativeness are challenging (Donat et al., 

2014; Dunn et al., 2014). These supports treating the global maps 

here primarily as a scalability check while reserving engineering 
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interpretation of the upper tail for location-specific evaluation 

and local calibration.  

For Europe, the broad spatial organization is consistent with 

the rationale of Rivoire et al. (2022), who also emphasized that 

high return-level estimates from ERA5 precipitation require 

careful treatment of spatial dependence and tail behavior; 

however, the present global maps are used only as screening and 

scalability outputs, as engineering interpretation remains tied to 

the local gauge-based evaluation. 

 

 
Fig. 2. Global Gumbel return-level maps from ERA5-Land daily precipitation for T = 5, 10, 50 and 100 years [mm/day]. 

 

 
Fig. 3. Global GEV return-level maps from ERA5-Land daily precipitation for T = 5, 10, 50 and 100 years [mm/day]. 

 

 
Fig. 4. Global period-change ratio PCR100 (recent/reference) for ERA5-Land: (a) Gumbel and (b) GEV. 
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A split-period analysis was used as a screening indicator of 

temporal differences in ERA5-Land design extremes. Fig. 4 

presents the recent-to-reference period-change ratio of the 100-

year return level (PCR100) under Gumbel and GEV; both show 

pronounced spatial heterogeneity rather than a uniform global 

signal. Differences between panels reflect distributional choice, 

as GEV can amplify contrasts where tail shape influences long-

return-period growth, while Gumbel-based ratios can display 

localized extreme values where the reference-period return level 

is very small and estimation becomes numerically unstable. 

Extreme ratio values should therefore be interpreted cautiously, 

especially in regions where reference-period return levels are 

small or where ERA5 precipitation errors are known to be large; 

this is particularly relevant in tropical regions where reanalysis 

precipitation uncertainty can be substantial (Lavers et al., 2022). 

PCR100 therefore serves as a screening layer to flag regions where 

ERA5-Land implies temporal differences in design extremes and 

where more detailed regional or site-specific evaluation may be 

valuable and to motivate site-specific evaluation rather than as a 

standalone adjustment for design (O’Gorman, 2015). The strong 

spatial heterogeneity in PCR100 is also consistent with regional 

evidence that changes in heavy precipitation can be non-uniform 

and regime-dependent, including elevation-conditioned behavior 

in reanalyses and projected changes in extremes that become 

more pronounced toward the upper tail (Ferguglia et al., 2024; 

Kyselý et al., 2011). 

An additional numerical qualification concerns the few non-

physical values that may appear in the Gumbel-based ratio map 

in extremely dry regions (Fig. 4); although precipitation return 

levels are physically non-negative, the unconstrained Gumbel fit 

can occasionally produce near-zero or slightly negative fitted 

reference-period return levels in hyper-arid grid cells where 

annual maxima are very small and parameter estimation is 

unstable, consequently requiring that the resulting ratio values be 

interpreted as fitting artefacts rather than meaningful 

precipitation-change signals and excluded from any engineering 

interpretation of PCR100. 

 

5.2 Annual-maxima behaviour at Thessaloniki and 

correspondence in event space 

 

The station-based evaluation focuses on Thessaloniki (AUTH 

gauge) and the co-located ERA5-Land grid cell sampled at the 

station location, where annual maxima were extracted for both 

datasets to yield 73 valid gauge years and 76 ERA5-Land years; 

these sample sizes define the basis for the subsequent inference 

of extreme values.  

Paired annual maxima were compared only for years with 

finite values in both datasets to assess year-paired 

correspondence between the gauge and the co-located ERA5-

Land grid cell (Fig. 5). The comparison shows substantial 

dispersion and increasing departure from parity at higher 

magnitudes, with Mean Absolute Error (MAE) = 12.1 mm, Root 

Mean Square Error (RMSE) = 16.5 mm, Mean Absolute 

Percentage Error (MAPE) = 26.7% and coefficient of 

determination (R²) = −0.10. These metrics should not be 

interpreted as strict storm-event matching performance, because 

the annual maximum recorded at a point gauge and the annual 

maximum represented by a grid-cell mean may occur on 

different dates within the same year; rather, they indicate that the 

two series do not preserve the same magnitude structure in event 

space. A date-lag or storm-event matching analysis would 

provide a useful complementary diagnostic of timing 

correspondence. 

The reduced-variate comparison further suggests that the 

central part of the distribution is more consistent than the upper 

tail, where ERA5-Land increasingly falls below the gauge, 

consistent with documented underestimation of heavier daily 

precipitation categories in ERA5/ERA5-Land evaluations 

(Gomis-Cebolla et al., 2023; Lavers et al., 2022). The separation 

becomes visually evident for annual maxima above roughly 40 

mm/day, and this threshold should be interpreted as an empirical 

feature of the Thessaloniki sample rather than as a universal 

physical cutoff, as a plausible explanation is that higher daily 

totals are increasingly influenced by localized convective or 

coastal–orographic events whose spatial footprint is poorly 

represented by a ~9 km grid-cell mean; this structured mismatch 

aligns with spatial averaging, storm intermittency and 

localization of convection acting together with coastal and 

topographic modulation of Mediterranean extreme precipitation 

(Mastrantonas et al., 2021; Dayan et al., 2015). 

 

5.3 Full-period design return levels and relative bias 

 

Return levels were estimated from the full annual-maxima 

samples using both models described in the Methods and 

evaluated across the standard design spectrum (5–100 years); the 

resulting return levels for the gauge and ERA5-Land, together 

with the corresponding relative bias (RBT), are reported in Table 

1. 

 

 
Fig. 5. Annual maxima correspondence scatter and Gumbel probability plot for the Thessaloniki gauge and ERA5-Land. 
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Table 1. Full-period design return levels and relative bias at Thessaloniki.  

 

Return period 

(years) 

xT,Gauge 

(Gumbel) 

[mm/day] 

xT,ERA5 (Gumbel) 

[mm/day] 

RBT 

(Gumbel) 

xT,Gauge  

(GEV) 

[mm/day] 

xT,ERA5  

(GEV) 

[mm/day] 

RBT  

(GEV) 

5 55.7 47.7 -0.15 54.4 48.3 -0.11 

10 65.7 54.3 -0.17 64.0 53.5 -0.16 

50 87.6 68.9 -0.21 86.3 62.8 -0.27 

100 96.9 75.1 -0.22 96.3 66.0 -0.32 
 

Across return periods and under both models, ERA5-Land 

produces lower design return levels than the gauge, and the 

separation increases toward rarer events (Gomis-Cebolla et al., 

2023; Lavers et al., 2022; Rivoire et al., 2022). Specifically, 

under GEV, the gauge increases from 54.4 mm/day (5 years) to 

96.3 mm/day (100 years) whereas ERA5-Land increases from 

48.3 to 66.0 mm/day, yielding a widening gap that exceeds 30 

mm/day at 100 years; under Gumbel, the gap is smaller but 

remains substantial. The return-period dependence indicates that 

the mismatch is not a constant offset but a damped upper tail in 

the gridded product, consistent with known limitations of 

gridded representations of point-scale extremes (Peleg et al., 

2024; Hamouda and Pasquero, 2021; Eggert et al., 2015; Ochoa-

Rodriguez et al., 2015).  

An exploratory comparison across the fitted design spectrum 

indicates that ERA5-Land underestimation is already present at 

the lower end of the annual-maxima distribution but becomes 

more pronounced toward the upper tail. For example, at T = 5 

years, ERA5-Land is lower than the gauge by approximately 8.0 

mm/day under Gumbel and 6.1 mm/day under GEV, whereas at 

T = 100 years the corresponding differences increase to 

approximately 21.8 and 30.3 mm/day, respectively; this suggests 

that the bias is not limited to the most extreme extrapolated 

quantiles, but its practical importance increases strongly for rare 

design levels. 

The present analysis is intentionally focused on annual 

maxima and therefore does not diagnose the full precipitation 

distribution or annual accumulation bias; consequently, the 

upper-tail underestimation reported here characterizes the 

design-relevant extremes and does not by itself describe mean 

daily precipitation or annual-total bias. In Mediterranean 

climates, annual accumulation may depend strongly on a small 

number of storms, but compensating errors across weak, 

moderate and heavy daily precipitation classes can allow a 

product to reproduce mean totals while still damping design-

relevant extremes. 

A further interpretation concerns the event-generating 

mechanisms represented within the AMS; in a Mediterranean 

coastal environment such as Thessaloniki, annual maxima may 

arise from different precipitation regimes, including localized 

convective storms, organized frontal systems, sea-breeze-related 

convergence and orographically enhanced rainfall. 

Consequently, the AMS may combine events generated by 

distinct seasonal or dynamical mechanisms; although this does 

not invalidate the block-maxima approach, it means that the 

classical EVT assumption of annual maxima as independent and 

identically distributed draws from a stationary homogeneous 

parent distribution may be only approximately satisfied, and in 

this context, ERA5-Land underestimation may reflect not only 

point–grid smoothing of intense convective cores but also 

imperfect representation of the relative frequency, intensity and 

spatial organization of the regimes generating station-scale 

annual maxima, particularly given the regime-dependent nature 

of Mediterranean extreme precipitation and its links to large-

scale atmospheric patterns, convection, coastal effects and 

orographic modulation (Dayan et al., 2015; Mastrantonas et al., 

2021). 

 
Fig. 6. Design return-level curves for return periods of 5, 10, 50, and 

100 years. 

 

Fig. 6 visualizes the widening curve separation (which is 

more pronounced under GEV), reflecting the interaction between 

distributional flexibility and tail behavior where GEV increases 

sensitivity to rare-event structure in the gauge record while 

ERA5-Land remains comparatively damped; consequently, for 

design interpretation, this supports presenting Gumbel and GEV 

as complementary envelopes rather than treating one as a 

redundant sensitivity case.  

It is also notable that Gumbel and GEV estimates are 

relatively close for the gauge over most of the evaluated range, 

whereas the ERA5-Land curves show stronger model 

dependence at longer return periods; this supports retaining both 

models because Gumbel provides a parsimonious and more 

stable benchmark while GEV exposes sensitivity to tail-shape 

estimation, allowing the two models to be interpreted as 

complementary sensitivity bounds rather than as competing 

claims of a single definitive design value. 

 

 
Fig. 7. Agreement in return-level space. 
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Agreement in return-level space (Fig. 7) shows systematic 

departure from the one-to-one relationship that strengthens with 

increasing return levels, reinforcing that the discrepancy is 

structured and concentrated in the design-relevant upper tail; in 

engineering terms, this implies that uncorrected gridded return 

levels can embed systematic under-design of drainage and flood-

mitigation measures, with the largest deficits occurring where 

design checks commonly anchor (50–100 years) and where 

rainfall–runoff responses and capacity thresholds can make 

consequences disproportionate (Ochoa-Rodriguez et al., 2015; 

Willems, 2013). 

 

5.4 Correction factors for design adjustment 

 

To express the discrepancy in a compact form suitable for 

engineering applications, return-period-specific correction 

factors CFT (calculated as the ratio of the gauge to ERA5-Land) 

were computed at each return period for both models (Table 2). 

 

Table 2. Return-period-specific correction factors CFT across 

return periods.  

 

Return period  

(years) 

CFT  

(Gumbel) 

CFT  

(GEV) 

5 1.17 1.13 

10 1.21 1.20 

50 1.27 1.37 

100 1.29 1.46 

 

The correction factors increase with return period under both 

models, consistent with a tail-dependent discrepancy rather than 

a constant multiplicative bias; specifically, under GEV the 

required adjustment reaches 1.46 at 100 years whereas under 

Gumbel it reaches 1.29. Operationally, this provides an 

implementable bridge wherein ERA5-Land can be treated as a 

spatially complete signal aligned to gauge-consistent tail 

behavior through return-period-specific calibration rather than as 

a substitute for local extremes. While related work has addressed 

the same design-translation problem via explicit bias-correction 

of extreme quantiles (e.g., Onderka et al. (2024) apply a time-

varying GEV framework to correct upper-tail rainfall quantiles 

from regional climate model outputs), the approach presented 

here provides a site-specific, return-period-indexed 

multiplicative correction for ERA5-Land anchored to the 

observed Thessaloniki gauge–reanalysis discrepancy. Their use 

at other locations, periods or return periods would require 

additional gauge-based validation or regionalization. 

The monotonic trend (Fig. 8) demonstrates that a single 

constant adjustment would not preserve return-period 

dependence. For hydraulic sizing and resilience of transport 

infrastructure, this distinction is critical because design rainfall 

enters nonlinearly into surcharge, overtopping and surface-flow 

concentration (Ochoa-Rodriguez et al., 2015; Willems, 2013); 

consequently, a damped tail can shift events into more frequent 

exceedance regimes and increase the likelihood of closures and 

cascading disruption during intense storms (Pregnolato et al., 

2017), while the dependence of correction magnitude on 

distributional choice further motivates reporting both models as 

bounds for uncertainty-aware design interpretation (Coles, 2001; 

Maraun et al., 2017). 

 

 
Fig. 8. Relative bias RBT of ERA5-Land return levels with respect 

to the gauge across return periods T (GEV and Gumbel). 

 

5.5 Reference and recent period stratification: changes in 

return levels 

 

Return levels were estimated separately for a reference period 

(1955–1980) and a recent period (1981–2022) to provide a test 

of whether design-relevant extremes differ between time slices; 

consequently, the slice-specific return levels and period-change 

ratios (PCRT) are reported for Gumbel in Table 3 and for GEV 

in Table 4. The gauge indicates substantial reference-to-recent 

increases (especially for rarer events) whereas ERA5-Land 

shows muted changes and under Gumbel, slight decreases across 

all evaluated return periods. This split-period comparison 

provides a diagnostic stress test of temporal differences and 

highlights that ERA5-Land alone may understate both the 

magnitude of the reference-period tail and the change implied by 

local observations (Bara et al., 2010). 

Under Gumbel (Table 3), the gauge indicates a clear 

reference-to-recent increase, with PCRT rising from 1.16 at T = 

5 years to 1.33 at T = 100 years, corresponding to an approximate 

33% increase in the 100-year daily return level, whereas ERA5-

Land shows PCRT values close to or slightly below 1.00 across 

all evaluated return periods; this contrast suggests that the 

inferred period-change signal depends on both the source of the 

precipitation data and the tail model, reinforcing the value of 

aligning gridded period-change diagnostics with local evidence 

where such evidence is available. 

 
Table 3. Reference and recent period return levels and period-change ratios PCRT under Gumbel.  

 

Return pe-

riod (years) 

Gauge refer-

ence 
Gauge recent 

PCRT (Gauge, 

Gumbel) 
ERA5 reference ERA5 recent 

PCRT (ERA5, 

Gumbel) 

5 50.6 58.8 1.16 48.4 48.0 0.99 

10 58.0 70.9 1.22 55.8 55.2 0.99 

50 74.5 97.4 1.31 72.1 70.9 0.98 

100 81.4 108.6 1.33 79.0 77.6 0.98 
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Table 4. Reference and recent period return levels and period-change ratios PCRT under GEV.  
 

Return pe-

riod (years) 

Gauge refer-

ence 
Gauge recent 

PCRT (Gauge, 

GEV) 
ERA5 reference ERA5 recent 

PCRT (ERA5, 

GEV) 

5 51.8 55.2 1.07 49.0 48.0 0.98 

10 56.6 67.4 1.19 54.1 53.9 1.00 

50 63.8 100.5 1.57 62.6 65.6 1.05 

100 65.9 117.6 1.78 65.3 70.1 1.07 
 

 
Table 5. Bootstrap CI for return levels (GEV and Gumbel).  

 

T (years) 
Gauge median  

(Gumbel) 

Gauge CI95  

(Gumbel) 

ERA5 median  

(Gumbel) 

ERA5 CI95  

(Gumbel) 

5 54.1 (−5.0/+5.1) 48.1 (−2.9/+2.7) 55.4 (−5.9/+5.3) 47.5 (−3.3/+2.9) 

10 63.4 (−7.4/+7.0) 53.2 (−4.2/+3.9) 65.1 (−7.9/+7.6) 53.9 (−4.4/+4.1) 

50 85.4 (−16.3/+15.7) 62.0 (−8.2/+9.0) 86.4 (−13.0/+12.0) 68.3 (−7.6/+6.2) 

100 95.0 (−22.9/+21.4) 65.0 (−10.1/+11.6) 95.4 (−15.0/+13.7) 74.3 (−8.8/+7.1) 
 

Under GEV (Table 4), the gauge shows stronger amplification 

toward rarer events, with PCRT reaching 1.57 at T = 50 years 

and 1.78 at T = 100 years, whereas ERA5-Land exhibits only 

modest increases at longer return periods and values close to 1.00 

at shorter return periods, indicating that the product does not 

reproduce the magnitude of upper-tail amplification implied by 

the gauge; this divergence is important for design-oriented 

screening since local extremes controlled by localized or mixed 

precipitation mechanisms may produce stronger upper-tail 

changes than those represented by the ERA5-Land grid cell. 

The divergence between the gauge-based and ERA5-Land 

split-period signals should also be interpreted in light of possible 

regime dependence; if the recent-period intensification in the 

gauge record is partly driven by localized convective or coastal–

orographic events, ERA5-Land may reproduce only a muted 

signal because the grid-cell representation smooths point-scale 

maxima and may not fully capture shifts in the relative 

contribution of the generating regimes. 

 

 
Fig. 9. Reference-to-recent percentage change in return levels as a 

function of T. 

 

Fig. 9 highlights the strong return-period dependence of 

change for the gauge (especially under GEV) versus the 

comparatively flat response in ERA5-Land.  

Fig. 10 provides the corresponding slice-based return-level 

curves and demonstrates that the strongest divergence emerges 

in the high-return-period range where design and risk screening 

are most sensitive; these results strengthen the conclusion that 

uncorrected gridded extremes can diverge materially from 

gauge-based design inference regarding both baseline magnitude 

and inferred change between periods. 

 

 
Fig. 10. Reference and recent return-level curves. 

 

5.6 Uncertainty quantification 

 

Sampling uncertainty in design return levels was quantified 

through non-parametric bootstrap resampling of the annual 

maxima series (500 resamples) by propagating variability 

through the full fitting and return-level estimation workflow 

under both GEV and Gumbel; the resulting medians and 95% 

confidence intervals are reported in Table 5. 

Under GEV, uncertainty widens markedly with return period 

and is slightly asymmetric, reflecting the sensitivity of upper-tail 

inference under finite samples, whereas intervals remain tighter 

under Gumbel due to the fixed-tail constraint. Across return 

periods, ERA5-Land medians remain below gauge medians and 

the separation increases toward rarer events, indicating that the 

discrepancy is systematic rather than explained by sampling 

variability alone. Fig. 11 displays the corresponding uncertainty 

bands around median return-level curves, demonstrating that 

even with tighter Gumbel bands the upper-tail separation 

persists, thereby supporting return-period-specific calibration for 

engineering use. The results of the uncertainty analysis also 

bound the interpretation of long-return-period extrapolation and 

of the reference–recent split, which reduces sample sizes within 

each period and can increase sensitivity, particularly for GEV 

estimates at long return periods; this motivates a careful 

interpretation of period-based differences, especially at longer 

return periods.  
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Fig. 11. Return levels with 95% bootstrap uncertainty bands (GEV and Gumbel). 

The transferability of correction factors depends on the 

stability of the point-to-grid relationship, which may vary with 

convection, orography, coastal gradients, elevation mismatch 

and the seasonality of event-generating processes, and although 

the present analysis does not quantify date-level event matching, 

seasonality of annual maxima or biases across low, moderate and 

high daily precipitation classes and annual accumulations, these 

diagnostics would support future extension of the correction-

factor approach across space and time. 

 

6 CONCLUSIONS 

 

A cloud-based, reproducible workflow for annual-maxima 

extreme-value analysis in GEE was developed and demonstrated 

by fitting both Gumbel and GEV models to estimate design 

rainfall return levels from gridded daily precipitation archives; 

the workflow was applied at two complementary scales 

comprising global mapping as a first-order screening exercise 

and local evaluation and calibration against a long in-situ record 

in Thessaloniki, Greece, where convective organization and 

coastal–orographic effects can amplify point-to-grid 

representativeness gaps. The contribution is primarily diagnostic 

as it evaluates how ERA5-Land represents upper-tail design 

rainfall at a Mediterranean coastal site and illustrates how local 

point–grid differences can be quantified for design-oriented 

screening. Key findings are: 

• Global design screening from gridded archives is 

operationally feasible in GEE. Automated AMS 

extraction and EVT fitting generate physically 

interpretable global return-level surfaces for T = 5–100 

years and provide a transparent pathway to derive 

screening-level design-relevant extremes from widely 

available gridded products. 

• Period-stratified fitting provides a pragmatic stress test 

for temporal change in gridded extremes. Separate 

estimation for reference (1955–1980) and recent (1981–

2022) periods and mapping recent-to-reference ratios 

yields a spatially heterogeneous screening layer 

indicating where gridded archives imply intensification 

or weakening. At Thessaloniki, this comparison indicates 

substantial gauge-inferred intensification at longer return 

periods, including an approximately 33% increase in the 

gauge-based 100-year Gumbel return level, which is 

weakly reproduced by ERA5-Land; this provides a basis 

for targeted local follow-up where design-relevant 

changes are indicated. 

• At Thessaloniki, ERA5-Land systematically 

underestimates gauge-consistent design return levels, 

with tail divergence increasing for rarer events. Across 

the design range, ERA5-Land return levels are below 

gauge-based estimates, with the gap widening toward 

long return periods and being more pronounced under 

GEV, indicating damping of the upper tail that governs 

design even when large-scale precipitation fields are 

climatologically coherent. 

• Return-period-specific correction factors provide locally 

calibrated adjustment factors for design-oriented 

interpretation. Multiplicative gauge-to-ERA5-Land 

factors increase with return period, spanning 

approximately 1.17–1.29 under Gumbel and 1.13–1.46 

under GEV for T = 5–100 years. This shows that a single 

constant correction is inadequate and their wider use 

would require validation across additional gauges. 

Beyond the Thessaloniki case study, the broader contribution 

is a transferable GEE-based EVT workflow that produces global 

return-level and period-change screening layers from gridded 

archives and provides a framework for site-specific calibration 

where gauges exist; future work should extend evaluation across 

additional gauges and climatic regimes, test duration dependence 

and sub-daily consistency with IDF practice, examine the 

seasonality and timing of annual maxima, evaluate biases across 

low, moderate and high precipitation classes and annual 

accumulations and apply moving-window or covariate-based 

non-stationary EVT formulations to determine whether 

reference–recent differences emerge gradually, abruptly or as a 

function of circulation and local thermodynamic conditions. 
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Google Earth Engine script used in this study: 
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