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Abstract 

Heavy precipitation clustering is important for flood risk in Europe, but its description in reanalysis 
datasets is still uncertain. This study examined how well ERA5, ERA5-Land, and JRA-55 reproduce 
the size and timing of extreme precipitation from 1981 to 2022. Observations from the E-OBS dataset 
were used as reference, with heavy events defined as daily totals above the 95th percentile. 
Consecutive wet days were grouped into clusters, and measures such as mean cluster length (MCL) 
and mean gap between clusters (MGC) were used. Correlations between reanalysis and observed 
MCL were 0.58–0.63 across seasons, with mean absolute errors of 0.9–1.2 days. The largest bias was 
found in convective areas, where MGC was underestimated by up to 0.6 days. Sensitivity tests 
showed that thresholds and linking rules had stronger influence on clustering than the dataset used. 
The results show that reanalyses reproduce large-scale patterns but tend to underestimate storm 
duration and event order, which affects flood modeling. Better use of data, improved physical 
methods, and denser observation networks are needed to reduce these limits and support climate 
adaptation. 

Keywords: reanalysis datasets; heavy precipitation; clustering; Europe; flood risk; hydrological 
modeling; storm duration 
 

1. Introduction 

Extreme precipitation is one of the most damaging natural hazards in Europe, with severe 
consequences for ecosystems, infrastructure, and human safety [1,2]. The temporal clustering of 
heavy rainfall—defined as multiple intense events occurring in close succession—is particularly 
relevant for flood generation because saturated soils and reduced infiltration enhance runoff during 
consecutive storms [3]. Understanding such clustered behavior is therefore central to climate and 
water research, as multi-day storm sequences often exert stronger hydrological impacts than isolated 
events of similar magnitude. Reanalysis datasets, which combine observations with numerical 
weather prediction through data assimilation, provide spatially and temporally consistent climate 
fields and have been widely adopted for research on precipitation extremes, model evaluation, and 
hydrological applications [4]. Major reanalysis products such as ERA5, ERA5-Land, and MERRA-2 
have been assessed for their representation of extreme precipitation, yet their skill varies considerably 
across regions, seasons, and intensity indices 5]. High-resolution reanalyses have improved spatial 
detail and local precipitation structure, but their performance in capturing event duration and 
persistence remains limited [6].Across Europe, evidence shows that reanalyses can reproduce broad-
scale precipitation variability but tend to underestimate short-lived extremes and sequences of 
consecutive wet days [7]. For example, ERA5 captures mean precipitation fields reasonably well yet 
exhibits systematic biases in multi-day extreme indices [8]. Regional assessments, including studies 
in Mediterranean and Alpine environments, indicate that reanalyses underestimate cluster length 
and temporal variability, leading to uncertainty in hydrological modeling and flood-risk estimation 
[9]. Importantly, one evaluation reported substantial deficiencies in reproducing the temporal 
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clustering of heavy precipitation across Europe, revealing pronounced inconsistencies in multi-day 
storm sequencing among reanalysis products [10]. These results highlight that although reanalyses 
are broadly suitable for investigating extremes, their ability to represent storm persistence remains 
uncertain, especially in regions with complex terrain or transitional climate regimes. Despite progress, 
important gaps remain [11]. Most existing evaluations emphasize the intensity or frequency of heavy 
precipitation, whereas the temporal ordering, persistence, and clustering of extremes have received 
comparatively limited attention [12]. Analyses are often confined to individual regions or to a single 
reanalysis product, constraining comparability across Europe’s diverse climate regimes [13,14]. 
Moreover, only few studies have quantified how uncertainties in reanalysis-based clustering 
estimates propagate into hydrological modeling or flood-risk assessments. The spatial heterogeneity 
of model performance across European subregions—for example, between Atlantic-influenced 
western areas, continental interiors, and Mediterranean regions—also remains insufficiently 
explored, despite expected differences in storm persistence driven by contrasting circulation patterns. 

The study provides a systematic evaluation of temporal clustering of heavy precipitation across 
Europe using multiple reanalysis datasets. We compare reanalysis fields with station-based 
observations to assess their ability to reproduce observed storm sequences, examine regional 
variability in performance, and identify systematic biases. By clarifying the strengths and limitations 
of reanalysis products in representing storm persistence, this work highlights where improvements 
in data-assimilation systems and physical parameterizations are most needed to support more 
reliable hydrological modeling and flood-risk management under a changing climate. 

2. Materials and Methods 

2.1. Study Area and Sample Description 

The study covered Europe from the Atlantic coast to the eastern continental zone, including 
plains and mountain regions. Daily precipitation data from 1981 to 2022 were taken from the E-OBS 
dataset at 0.25° resolution. More than 1,800 meteorological stations were used for verification. Heavy 
precipitation events were defined as daily totals above the 95th percentile for each grid cell. In total, 
about 11,500 events were identified and used for clustering analysis. 

2.2. Experimental Design and Control Setup 

Three reanalysis datasets—ERA5, ERA5-Land, and JRA-55—were compared with observations. 
Each reanalysis dataset was treated as a test group, while E-OBS served as the control. The same 
thresholds and clustering measures were applied to all groups. To account for regional differences, 
the analysis was divided into four climate zones: Atlantic, Continental, Mediterranean, and Alpine. 
This design allowed differences to be linked to dataset performance rather than calculation steps. 

2.3. Measurement Methods and Quality Control 

Observed data were checked for completeness. Short gaps of up to two days were filled by linear 
interpolation from adjacent values, while longer gaps were removed. Outliers were detected with 
percentile filters and confirmed with station metadata. Reanalysis datasets were converted to the E-
OBS 0.25° grid using bilinear interpolation. All time series were checked for continuity, and records 
with gaps longer than five days were excluded. These procedures produced consistent datasets for 
comparison. 

2.4. Data Processing and Model Formulation 

Consecutive days above the 95th percentile were grouped into clusters. From these clusters, the 
mean cluster length (MCL) and the mean gap between clusters (MGC) were calculated. A linear 
regression model was used to compare observed and reanalysis indices: 

Y=α+βX+ϵ 
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where Y is the observed index, X is the reanalysis index, and ϵ is the error. Performance was 
also measured with the Nash–Sutcliffe Efficiency (NSE) [15]: 

NSE=1−
∑ (n

i=1 Yi−Xi)
2∑ (n

i=1 Yi−Y)2  

where Yi are observed values, Xi are reanalysis values, and Y is the observed mean. 

2.5. Statistical Analysis 

Bias, mean absolute error (MAE), and root mean square error (RMSE) were used to measure the 
accuracy of each reanalysis dataset. Confidence intervals for clustering measures were estimated with 
bootstrap resampling using 1,000 iterations. Paired t-tests at the 95 % confidence level were used to 
test differences. All analyses were performed with Python 3.10 and MATLAB R2023a. 

3. Results and Discussion 

3.1. Overall Performance and Robustness 

Across Europe, the reanalysis datasets reproduced the general frequency of heavy precipitation 
clusters but showed differences by season and region. Compared with station-based indices, the 
mean cluster length (MCL) correlation was 0.63 in spring and 0.58 in autumn, with a mean absolute 
error of 0.9–1.2 days. The mean gap between clusters (MGC) was more difficult to reproduce in 
summer, with a bias of −0.6 days in convective regions, which indicates a tendency to separate multi-
day events into single days. Similar results have been reported in studies of mountainous regions, 
where Taylor diagrams show moderate correlation and large spread across models [16]. 

 

Figure 1. Taylor diagram comparing observed and simulated seasonal precipitation in the Pindus area. 

3.2. Ablation and Module Contribution 

Sensitivity experiments showed that the event threshold and linking window influenced 
clustering more than the reanalysis dataset itself. When the threshold was raised from R95p to R99p, 
the number of clusters dropped by 28–35%, while the mean cluster length increased by 0.4–0.7 days. 
Reducing the linking window from two to one day raised the count of short clusters and lowered 
MCL by about 0.5 days in maritime areas, while continental zones were less affected. Adding 
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elevation-based downscaling reduced wet-day bias in mountain areas by 12–18% and increased the 
Nash–Sutcliffe Efficiency for MCL from 0.42 to 0.55. This shows that topographic gradients explain 
part of the error. These findings agree with earlier works that show better results when spatial 
variation is resolved, while also pointing out that temporal definitions strongly affect persistence 
results [17,18]. 

3.3. Spatiotemporal Generalization and Scenario Transfer 

The spatial pattern of errors followed the known climate of wet spells. The datasets reproduced 
long wet spells along the Norwegian coast and the North Atlantic, but they underestimated multi-
day rainfall linked to cut-off lows in the Mediterranean. When compared with a Europe-wide 
ETCCDI map of consecutive wet days, high values in Norway and the Atlantic-facing coasts were 
well captured, but cluster duration was underestimated in the Adriatic and Balkan regions (Fig.2). 
Transfer tests showed that moving from Atlantic to Mediterranean regions reduced correlation for 
MCL by about 0.1, while transfers within maritime regions maintained skill. This suggests that storm 
dynamics, rather than sample size, explain most of the error [19]. 

 

Figure 2. Map of consecutive wet days across Europe based on ETCCDI indices. 

3.4. Comparative Insights and Limitations 

The results show that reanalysis-based methods can describe when and where heavy rainfall 
groups into multi-day episodes, but they are less accurate for convective storms and small-scale lows 
in southern Europe. Compared with earlier regional assessments, the biases here fall within the 
known model spread, but persistence metrics are more sensitive to temporal definitions than 
intensity indices [20]. Two main limits remain. First, cluster metrics depend on the accuracy of 
reference data, and gridded products reduce gauge density, which may smooth extreme events. 
Second, the tested models are limited in resolution and parameter choices, so the findings should be 
seen as general directions. Future work should use convection-permitting downscaling, denser 
station networks, and standardized definitions of event clusters to reduce artificial differences. 

4. Conclusion 

The study of reanalysis datasets for heavy precipitation clustering across Europe shows that they 
reproduce broad spatial patterns of extremes but often underestimate the duration and order of 
multi-day events, especially in areas with complex terrain and convective storms. By focusing on 
temporal clustering instead of single extremes, this work adds new evidence on how reanalyses 
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describe storm duration, which is a key factor for compound flood risk. The results show that event 
thresholds, linking rules, and resolution have strong effects on clustering measures, while biases in 
storm duration remain a clear limit. The main value of this study is to point out both the strengths 
and the limits of present reanalysis products in simulating consecutive wet days. These findings are 
useful for flood modeling, hydrological planning, and climate adaptation, where information on 
storm duration is important. Still, the work is limited by sparse station coverage, smoothing in 
gridded data, and the small number of datasets tested. Future studies should extend to higher-
resolution reanalyses, denser observation networks, and common event definitions to reduce 
uncertainty and improve the use of reanalysis data in flood risk management. 
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