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 13 

Impact-based classification of extreme rainfall events using a simplified 14 

overland flow model 15 

Abstract 16 

In this study, we present a new approach to rainfall classification that uses a simplified 17 

overland flow model to facilitate impact assessments of heavy rainstorms. 18 

Conventional rainfall classification approaches using peak intensities or rainfall sums 19 

can lead to misjudgements of the impact of rainfall event, as they do not explicitly 20 

consider the potential of rain to generate and sustain substantial amounts of overland 21 

flow on typical sealed, urban surfaces. The new method of impact-based rainfall 22 

classification proposed here comprises three steps: Identification of rainfall events 23 

from high-resolution time series, computation of overland flow depths for each event, 24 

and impact-based classification of rainfall events as a function of the magnitude of 25 

overland flow. The accuracy of this approach was evaluated with respect to its ability 26 

to describe seasonal and annual occurrences of and variations in rainstorm impacts for 27 

high-resolution series at three different urban stations in Germany.  28 

 Keywords: flow depth, impact assessment, overland flow, urban flooding, rainfall 29 

classification  30 
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1. Introduction 31 

Urban pluvial floods are caused by extreme rainstorms, with rainfall rates exceeding the capacity of 32 
urban drainage systems, and causing severe damage to urban infrastructure (Rözer et al. 2021). They 33 
are seen by many as invisible hazards (Forzieri et al. 2018; Jacobs et al. 2018; Moftakhari et al. 2017; 34 
Suarez et al. 2005), as they can often strike with little warning in areas with no recent record of 35 
flooding. The instances of pluvial flooding are rising due to a combination of global climate change, 36 
urbanisation, and a lack of investment in sewer and drainage infrastructure (Westra et al. 2014). 37 
Although many modelling software packages are available to simulate pluvial flooding in urban 38 
catchments (e.g. InfosWorks ICM (Innovyze 2020), SWMM (Rossman 2004), MOUSE (DHI 2000)), and 39 
many methods exist to describe the underlying hydrological processes (c.f. Salvadore et al. 2015), 40 
predicting the extent and severity of pluvial floods remains challenging. This is due to an incomplete 41 
understanding of the interactions between urban and natural hydrological systems, as well as the 42 
high degree of uncertainty (Salvadore et al. 2015).  43 

Local information about urban drainage systems, topographic data, land use and soil 44 
moisture preconditions, and precipitation data with high spatial and temporal resolutions are needed 45 
to realistically reproduce complex hydrological processes. However, considering that it is time-46 
consuming and costly to develop and run hydrological models, and- perhaps most decisively, the 47 
paucity of available data- the utility and applicability of such models to urban pluvial flooding 48 
remains limited.  In recent years, the improvement of geographic information systems (GIS) and the 49 
availability of remote sensing data at higher resolutions have helped to link hydrologic processes and 50 
topography so that we may finally identify and map areas that are the most prone to flooding (Di 51 
Salvo et al. 2017). For example, a topography-based urban flooding index, the topographic wetness 52 
index (TWI), was developed and has increasingly been applied to urban settings via the Blue Spots 53 
method; this approach is focused specifically on identifying the surface depressions that are most 54 
prone to fill during high-intensity storms (Balstrøm and Crawford 2018).  55 

While there has been great progress in the representation of surface characteristics, it is still 56 
common to represent rainfall events by design rainfalls with characteristics based on conventional 57 
rainfall classifications using time-aggregated data. For pluvial flooding, the focus has only been on 58 
extremes selected by either a percentile approach (99th and 95th percentiles (Brieber and Hoy 2019; 59 
Jacobeit et al. 2017; Schär et al. 2016 and citations therein)) or on events exceeding a certain 60 
threshold (peak-over-threshold method; (Acero et al. 2011; Agilan et al. 2021; Anagnostopoulou and 61 
Tolika 2012; Beguería et al. 2011; Haacke and Paton, 2021), both of which are based on averaged 62 
intensities; the most commonly used intensities are mm/1 h, mm/6 h, and mm/24 h. However, 63 
recent studies have shown that averaged rainfall intensities do not accurately represent the specific 64 
hydrography of extreme rainfall events and lead to the over-or underestimation of rainfall 65 
characteristics and to an incomplete understanding of the overland flow generated (as discussed in 66 
detail by Dunkerley 2020). A better approach would be to consider the actual lengths of rainfall 67 
events as event characteristics, such that the precipitation amount, mean rainfall rate, surface runoff 68 
volume and flow depth generated are defined in relation to it (Dunkerley 2008). The most intense 69 
periods of rainfall within a given event are thought to affect the flux, depth of overland flow, and 70 
infiltrability in different ways; for instance: a late peak event, shows higher runoff ratios and lower 71 
infiltration depths than an early peak event (Dunkerley 2017). The rainfall pattern (also termed 72 
‘event profile’, which is defined as the time-varying sequence of rainfall intensities, including any 73 
intermittency) heavily controls the amount of infiltration and runoff (in addition to surface 74 
characteristics).  75 
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Recent studies have critiqued the fact that little attention has been paid to events resulting 76 
in low levels of flooding (Moftakhari et al. 2018). Such events are often thought to be less harmful; 77 
however, they are still able to generate substantial overland flow, leading to minor to moderate 78 
flooding, which may be amplified in highly sealed urban environments. Compared to extreme pluvial 79 
flooding, these events do not pose significant threats to public safety or cause major property 80 
damage; nevertheless, they can disrupt daily activities, add strain to infrastructure systems, and 81 
cause minor property damage (Moftakhari et al. 2018). They also trigger diffuse pollution transport 82 
processes on urban surfaces (Paton and Haacke 2021). Hence, we argue that rainstorm events should 83 
be evaluated and classified by their potential to generate overland flow on urban surfaces and not 84 
exclusively by their average or maximal intensities. We suggest applying an approach that is 85 
commonly used in soil erosion studies, especially on rural hillslopes, where overland flow depth has 86 
been successfully used to evaluate the impact of heavy rainfall on the incipient motion of 87 
unconsolidated sediments and adsorbed nutrients or pollutants (Abrahams et al. 1998; Parsons and 88 
Stromberg 1998; Yuan et al. 2019). The goal of this study was to present a new rainfall classification 89 
method based on the potential of individual rainstorm events to generate and sustain overland flow, 90 
defined as flow depth per time unit, on a simplified urban model surface, considering fluctuations in 91 
intensity and intermittency to represent rainstorm characteristics as accurately as possible. To 92 
illustrate the potential of the proposed method, it was additionally compared to a conventional 93 
method. We then applied this method to three stations across Germany to demonstrate its ability to 94 
describe the seasonal and annual occurrence of and variations in rainstorm impacts using high 95 
resolution data compiled over the last three decades.  96 
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2. Impact-based rainfall classification method 97 

The new method for impact-based rainfall classification proposed here comprises three consecutive 98 
steps: rainfall event delineation, overland flow depth computation for each event, and impact-based 99 
classification of rainfall events as a function of overland flow. For event delineation, individual rainfall 100 
events were derived from continuous, long-term, high-resolution rainfall series with a temporal 101 
resolution of at least 10 min using a fixed inter-event time (IET). The overland flow depth generated 102 
by the delineated rainfall events was calculated for a typical urban sealed surface and used as an 103 
indicator of the magnitude of surface runoff and pluvial flooding. For impact-based classification, the 104 
same fixed flow depth thresholds were used to classify individual rainfall events according to the flow 105 
depth they were able to generate and sustain for a specific period of time. The method was applied 106 
and evaluated  for three stations across a south-north transect through Germany (Würzburg, 107 
Potsdam, Hamburg); interim results were shown for the station Würzburg for illustration only.  108 
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2.1 Event delineation 109 

Individual rainfall events were delineated from continuous rainfall time series with a 10-min time 110 
step or higher. Rain data of less than 0.1 mm per 10 min were disregarded, as they were considered 111 
artefacts of condensation or funnel drainage at the end of events and increased their duration while 112 
minimally increasing the rainfall depth (Gaál et al. 2014). To extract rainfall events, an IET of one hour 113 
was used to define rainless intervals between rainfall events (Fig. 1a), which was considered short 114 
enough to capture convective rainstorms events in the study region. For different climatic settings, 115 
the  IET might have to be adjusted to identify typical IETs, as reviewed here by Dunkerley (2008). 116 

Each delineated rainfall event was characterised and visualised by four summary values in a 117 
multi-dimensional scatterplot containing information on total rainfall depth (P), peak intensity, mean 118 
intensity and event duration (D). In particular, the last three characteristics represented critical 119 
drivers of overland flow (Fang et al. 2012; Sen et al. 2010) but have often been neglected or averaged 120 
in recent rainstorm classifications (Jo et al. 2020; Yoo and Park 2012). As an example of the 121 
delineation and characteristics of rainfall events, Figure 1b shows 105 delineated events for a rainfall 122 
series of the station Würzburg in Germany.  123 

Figure 1  124 
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2.2 Overland flow model 125 

An overland flow model after that of Scoging (1992) was used to calculate the flow depth as an 126 
indicator of the magnitude of surface runoff for a typical asphalt street surface for each delineated 127 
rainfall event (Fig. 2). The flow depth was chosen as an indicator of the impact of rainfall events, as it 128 
was successfully employed in a previous study (Yuan et al. 2019) as a proxy for incipient motion in 129 
unconsolidated sediments. The magnitude of the flow depth indicated that a significant amount of 130 
overland was generated, resulting in pluvial flooding and the redistribution of pollutants.  131 

Figure 2 132 

The overland flow model was based on a one-dimensional kinematic approximation of the dynamic 133 
St. Venant equation for the computation of flow depth. The continuity equation is given by: 134 

 𝜕𝜕𝜕𝜕(𝑥𝑥,𝑡𝑡)
𝜕𝜕𝑡𝑡

+ 𝜕𝜕𝜕𝜕(𝑥𝑥,𝑡𝑡)
𝜕𝜕𝑥𝑥

= 𝑒𝑒𝑒𝑒(𝑒𝑒, 𝑡𝑡)    (1) 135 

where q is the discharge per unit width [mm2s-1)], D is the flow depth (mm), and ex is the rainfall 136 
excess [mm s-1]. 137 

Equation (1) can be expressed in finite-difference form, where ∆t time is increment in seconds: 138 

𝜕𝜕(𝑥𝑥,𝑡𝑡)−𝜕𝜕(𝑥𝑥,𝑡𝑡−∆𝑡𝑡)
∆𝑡𝑡

+ 𝜕𝜕(𝑥𝑥,𝑡𝑡−∆𝑡𝑡)−𝜕𝜕(𝑥𝑥−∆𝑥𝑥,𝑡𝑡−∆𝑡𝑡)
∆𝑥𝑥

= 𝑒𝑒𝑒𝑒(𝑒𝑒, 𝑡𝑡 − ∆𝑡𝑡)   (2) 139 

Rearranging, and solving for D(x, t), the unknown: 140 

𝐷𝐷(𝑒𝑒, 𝑡𝑡) = (𝑒𝑒𝑒𝑒(𝑒𝑒, 𝑡𝑡)∆𝑡𝑡) + 𝐷𝐷(𝑒𝑒, 𝑡𝑡 − ∆𝑡𝑡) +  ∆𝑡𝑡
∆𝑥𝑥

[𝑞𝑞(𝑒𝑒 − ∆𝑒𝑒, 𝑡𝑡 − ∆𝑡𝑡) − 𝑞𝑞(𝑒𝑒, 𝑡𝑡 − ∆𝑡𝑡)].   (3) 141 

Initially depth at t = t0 + ∆t is determined entirely by ex(x,t) since inflow discharge is zero. 142 

The infiltration rate, interception and depression storage of a typical sealed urban surface were 143 
assumed to have constant values as given in Table 1, derived from a recent review after (Rammal and 144 
Berthier 2020) and from terrestrial laser scan experiments on sealed surfaces by Nehls et al. (2015). 145 
The flow velocity v was calculated using the Darcy-Weisbach flow equation in infinite form: 146 

𝑣𝑣(𝑒𝑒, 𝑡𝑡) = �8g𝜕𝜕(𝑥𝑥,𝑡𝑡)𝑠𝑠(𝑥𝑥)
𝑓𝑓𝑓𝑓(𝑥𝑥,𝑡𝑡)

      (4) 147 

and 148 

𝑞𝑞(𝑒𝑒, 𝑡𝑡) = 𝐷𝐷(𝑒𝑒, 𝑡𝑡) 𝑣𝑣(𝑒𝑒, 𝑡𝑡)    (5) 149 

where 𝑣𝑣 is the flow velocity [mm2s-1]), g is the gravitational constant [mm/s2], s in the sine slope 150 
gradient [m/m] and ff in the Darcy-Weisbach friction factor [-]. 151 

Rainfall excess ex [mm s-1] was defined as the amount of rainfall at a given time that could not 152 
infiltrate the surface and thus exceeded the interception and depression storage capacities: 153 

𝑒𝑒𝑒𝑒(𝑒𝑒, 𝑡𝑡) =   𝑟𝑟(𝑒𝑒, 𝑡𝑡) − 𝑖𝑖(𝑒𝑒, 𝑡𝑡) − 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑒𝑒, 𝑡𝑡)   (6)  154 
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where r is the rainfall intensity [mm s-1], i is the infiltration rate [mm s-1], and loss is the loss due to 155 
interception and depression storage [mm s-1]; once the loss storage is filled during a rain event, the 156 
loss term is set to zero. 157 

The model street surface was represented by a 100-metre long and 10-metre wide model domain 158 
(total area = 1000 m2), with a low slope and high degree of sealing; thus, the surface had a low 159 
infiltration rate and small interception and depression storage. Table 1 gives some typical parameter 160 
values for the street surfaces. The model time step was set to 10 s to ensure computational stability. 161 

Figure 3 shows example outputs of the overland flow model for rainfall events with very low 162 
intensities (drizzle) and medium intensities over long periods (continual rain), resulting in no or 163 
minimal overland flow, as well as for rainfall events with high intensities of convection that 164 
generated substantial overland flow.  165 

 166 

Table1 167 

 168 

Figure 3 169 

170 
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2.3 Impact-based classification of rainfall events 171 

Most delineated rainfall events did not generate any overland flow, as their rainfall intensity and/or 172 
durations were too small (Fig. 3a & c); therefore, most rainfall either infiltrated or filled the 173 
interception and depression storage. Using this classification approach, the remaining rain events 174 
that generated and sustained certain overland flow depths over a specific time were categorised into 175 
four classes if severity. The severity of the impact that caused pluvial flooding and pollution transfer 176 
was defined with fixed thresholds for the flow depths (low, medium, high, or very high) and a specific 177 
minimum flow duration. When selecting a minimum flow duration, it should correspond to the 178 
temporal resolution of the rainfall series to avoid any artefacts of downscaling.   179 

Figure 4 shows the process by which rainfall events were classified according to their ability 180 
to generate significant overland flow, and the simulated hydrographs of flow depths from multiple 181 
delineated rainfall events (Fig. 4a) are classified into four impact categories with flow depths of 1 to > 182 
4 mm for at least 10 min (Fig. 4b). 183 

Figure 4  184 
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2.4 Data requirement and test stations  185 

Our classification method required the use of high-resolution rainfall data, with a temporal resolution 186 
of at least 10 min. The method was tested with rainfall data collected at intervals of 1 and 10 min 187 
and, a lower resolution is not advised because as time-averaged rainfall intensities will result in an 188 
incorrect reproduction of flow depth rates. High-quality time series of climate stations in Würzburg 189 
(ID = 5707), Hamburg (ID = 1975) and Potsdam (ID = 3987) (Climate Data Centre) were used to 190 
evaluate and present the classification method. Hamburg is located on the northwest coast, Potsdam 191 
in the north-western lowlands, and Würzburg in the central low-elevation mountains of Germany. 192 
The datasets covered a period of three decades from 1990 to 2020 (1993 – 2020 for Potsdam) and 193 
were selected because of their availability and high quality.  194 

3 Evaluation of impact-based rainfall classification method  195 

3.1 Evaluation of event delineation 196 

The main challenge facing event delineation methods for rainfall series is the identification of the 197 
minimum number of hours with no or negligible rainfall to separate the time series into individual 198 
events. According to a review by Dunkerley (2008), the duration of the IET can range widely – from 3 199 
min to 24 h for different seasons and climatic settings – thus, regional analyses of the optimal IETs 200 
are essential. Three different statistical approaches exist to identify the dry periods between two 201 
rainfall events: autocorrelation analysis (AutoA), average annual number of events analysis (AAEA) 202 
and coefficient of variation analysis (CVA). In AutoA, events are delineated by finding the IET at which 203 
the autocorrelation coefficient is no longer significantly different from zero, such that the rainfall 204 
event can be regarded as independent (Wenzel and Voorhees 1981). In AAEA, the IET is defined 205 
based on the average number of events annually, wherein an increasing IET is accompanied by a 206 
decrease in the average number of events. Finally, in CVA, it is assumed that IETs are represented 207 
well by an exponential distribution (Adams and Papa 2000; Restrepo-Posada and Eagleson 1982). 208 

All three approaches were tested for the period from 1990 – 2020 for the study stations Würzburg, 209 
Potsdam and Hamburg using the ‘IETD’ package (Duque 2020) in R version (4.1.1; R Core Team 2020). 210 
While the AAEA approach only presented the influence of potential IETs on rain event selection, the 211 
AutoA and CVA approaches calculated IETs between 1h23min – 2h35min and 13h42min – 17h30min 212 
at a significance level of 10% for the whole period, respectively. Smallest IETs were achieved in 213 
summer season (AutoA: 50min – 1h35min, CVA: 10h18min – 15h18min), longest IETs in winter 214 
(AutoA: 2h – 8h, CVA: 14h15min – 20h). In comparison, the CVA approach calculated much longer 215 
IETs for both the entire period and individual seasons.  216 

 Considering the wide ranges stemming from different delineation methods, no “correct” value for 217 
IET can be extracted. Restrepo-Posada and Eagleson (1982) and Dunkerley (2010) found that a longer 218 
IET may prove helpful in ensuring the identification of subsequent independent events. However, it 219 
adversely affects event properties, such as the duration and intensity of short-duration, convective 220 
rainstorms, which are known to occur mostly in the summer months in the study area (Haacke and 221 
Paton 2021).  222 

Based on the derived IET specifically for the summer season by using AutoA (Fig. 5), an IET of 1 h was 223 
considered the most appropriate IET to ensure the detection of shorter events and used for further 224 
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analysis. In total, 2969 events for Würzburg, 4304 events for Hamburg, and 2747 events for Potsdam 225 
were delineated for the study period 1990 – 2020. 226 

 Figure 5  227 
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3.2 Evaluation of the overland flow model  228 

Computed flow depths depend strongly on the size of the model domain: the larger the model area, 229 
the higher the maximum flow depth. Figure 6 shows the exponential development of maximal flow 230 
depth with increasing model size for several delineated rainfall events from Würzburg Station, where 231 
the rainfall maxima ranged from 1 – 14 mm/10min. Maximum flow depths varied greatly between 232 
1.7 and 24.9 mm, 0.5 and 6.4 mm, 0.3 and 2.9 mm, and 0.1 and 1.4 mm for a model size of 1.000.000 233 
m2 (edge length dx = 1000 m), 10.000 m2 (dx = 100 m) 1.000 m2 (dx = 31.62 m), and 100 m2 (dx = 10 234 
m), respectively. To represent an accurate size and to have reasonable computing times, we chose a 235 
model size of 1000 m2, which was represented by 10 cells lined up and dx = 10 m.  236 

The time series from Würzburg Station from 1990 – 2020 was chosen as an example, and the 237 
overland flow model was used to compute runoff depths for all 2969 delineated rainfall events (Fig. 238 
4b). More than two-thirds of the events (71%) did not generate any overland flow, while ~29% 239 
generated overland flow that lasted for at least 10 min and had flow depths ranging between 1 and 5 240 
mm. 241 

Figure 6  242 
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3.3 Evaluation of impact-based classification  243 

The proposed impact-based classification method was evaluated for all three stations, respectively, 244 
with Würzburg station shown as an example (Fig. 4b, Tab. 2). The three-dimensional (3D) scatterplot 245 
in Figure 4b shows that only certain quadrants of the plots contained rainfall events that generated 246 
overland flow, with a high concentration appearing in the first quadrant (duration: < 5 h, mean 247 
intensity: < 5 mm/10 min). While 867 events met at least the criterion of class 1 (flow depth df >= 1 248 
mm/10 min), only 14 events generated an overland flow of at least 4 mm in 10 min (class 4, see Tab. 249 
2). Classes 1 and 2 included events of both short and long durations (ranging from 10 min to 22.4 h), 250 
whereas events in classes 3 and 4 were generally much shorter, with durations up to seven hours.   251 

The associated mean and peak intensities of the rainfall events increased from class 1 to 4 252 
and the spans of the intensities became considerably larger with increasing class numbers (e.g. 253 
maximum intensity for class 1: 0.9 – 2.7 mm/10 min, class 4: 8.4 – 29 mm/10 min, Tab. 2). There was 254 
only a small degree of overlap between the four classes with regard to maximum intensity, but there 255 
was substantial overlap between the mean intensity and rainfall amount. Figure 4b clearly shows 256 
that using only peak intensities to describe the magnitude of impact cannot adequately reflect the 257 
complexity of runoff responses, particularly for class 3 and 4 events. In contrast, it appears necessary 258 
to include all information available for the delineated rainfall model to classify the resulting impacts 259 
accordingly. The proposed classification of rainfall events based on simulating overland flow 260 
behaviour fills this gap by including the entire sequence of individual rainfall events. 261 

To illustrate the potential of the proposed impact-based classification method, it was 262 
compared to a conventional method after the DWD (n.d. a, b, Tab. 3), which uses rainfall intensity as 263 
the only classification parameter. The DWD classification scheme categorises rainstorms into three 264 
severity levels and includes intensity thresholds for 10 min, one and six hours, but only for the 265 
highest severity level storm durations below one hour are considered. In this comparison, we only 266 
used the highest DWD severity level (as summarised in Tab. 3), as otherwise, the comparison would 267 
be statistically flawed. Using the DWD categorisation, 33 events were categorised as extreme events 268 
for the station Würzburg (Tab. 2); in comparison, 91 and 14 events were assigned to our high-impact 269 
classes 3 and 4, respectively. The scatterplots in Figure 7 show that not all DWD extreme events were 270 
detected in class 4 by the impact-based approach, but more than half of them were assigned to class 271 
3. There appears to be more consistency between the impact-based and the conventional method in 272 
event identification for longer storm durations, whereas for shorter durations below one hour, a 273 
much larger spectrum of equally extreme events is identified by the impact-based method. 274 

Table2 275 

 276 

Table3 277 

 278 

Figure 7 279 

4 Application of the rainfall classification method for impact-based time-series analysis  280 

The classification method described and evaluated here was used for an impact-based time-series 281 
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analysis of rainstorm events, which we examined at both seasonal and annual scales (Figs. 8 and 9) 282 
for three example urban stations on a north–south transect across Germany (Hamburg, Potsdam, 283 
Würzburg). 284 

Rainfall events generating relevant overland flow (by our definition, class 1 – 4) occurred throughout 285 
the year, with the number of events decreasing considerably with increases in the threshold for flow 286 
depth/10 min, ultimately being limited to the summer season (May – September) (Fig. 8).  287 

Up to 50% of all rainfall events in summer generated overland flow, of which 60 – 80% was due to 288 
events in class 1 and 20 – 40% of class 2 – 4 (Fig. 8). With very few exceptions, class 4 events 289 
occurred between May and September in Hamburg, and between June and August in Potsdam and 290 
Würzburg.  In winter, only approximately 7 – 20% of the monthly rainfall events generated 291 
substantial overland flow (mainly class 1). 292 

The mean annual number of rainstorms with significant impacts varied between 40 for Hamburg and 293 
28 for Würzburg and Potsdam, of which, on average, 67% were from class 1, 18% from class 2, 9% 294 
from class 3, and 6% from class 4 (Fig. 9). 295 

The greatest number of rainstorm events classified annually (48 – 58) was detected in 2007, while 296 
the fewest events were detected in 1995 for Hamburg (19) and 2018 for Potsdam (14) and Würzburg 297 
(18).  298 

Over a period of 31 years, no significant annual trends were observed in the total number of rainfall 299 
events or rainfall events of individual classes. However, a decadal comparison (1990 – 1999, 2000 – 300 
2009 and 2010 – 2019) showed a substantial increase in rainstorm impacts: In Hamburg, the number 301 
of class 4 events increased from 13 to 25 to 31, while those of class 3 events increased from 10 to 29 302 
to 39 per decade. In Würzburg, the number of class 3 events increased from 24 to 32 to 35 per 303 
decade, though no increase was detected for class 4 events. Potsdam Station was not considered for 304 
decadal comparison due to missing data).  305 

Our classification method provided new insights into the similarities and dissimilarities of different 306 
time series regarding the temporal distribution of rainstorm impacts. The next step in analysis will 307 
include a systematic review of multiple stations and, where possible, for longer time series; however, 308 
the latter will necessarily be limited because of the lack of high-resolution series that extend for 309 
longer than 30 years.  310 

Figure 8 311 

Figure 9  312 
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5 Discussion 313 

The primary purpose of this study was to present a new impact-based rainstorm classification 314 
method to complement the current classification of heavy rainstorms. The proposed method can be 315 
readily applied to high-resolution rainfall series, and we showcased its ability to filter events 316 
according to rainfall impacts in order to analyse seasonal and annual variations in rainfall intensity.  317 

We also explained the necessity of the new classification approach by the fact that 318 
conventional classification approaches (as used by (Haacke and Paton 2021; Hofstätter et al. 2017; 319 
Jacobeit et al. 2017; Lorenz et al. 2019) normally only characterise the severity of rainstorm events 320 
based on averaged values, such as the total amount of rainfall or maximum intensity of fixed time 321 
intervals. Additionally, conventional classifications employ hourly or daily resolutions, even though 322 
higher-resolution data are often locally available. However, the use of aggregated rainfall data poses 323 
a risk of mischaracterising the impacts of rainfall events. The 3D-scatterplots of classified events (Fig. 324 
4b) demonstrated that those with very similar rainstorm characteristics were assigned to different 325 
impact classes, supporting the need to include more temporal dynamics when evaluating rainstorms. 326 
Furthermore, the comparison between a conventional method and the proposed method showed 327 
that using rainfall intensities as a classification parameter only is not sufficient to describe an events 328 
impact. A better representation of rainstorm characteristics was achieved by our approach, 329 
considering both the intermittency of rainfall and the entire course of individual rainfall events, thus 330 
enabling the precise computation of the flow depth profile, which ultimately allows events to be 331 
classified according to their impacts.  332 

However, using high-resolution data is a limiting factor for the applicability of the proposed 333 
method as they are often not available in all regions. Data sets covering a short period of a few years 334 
can still be used for an initial assessment, but data for at least 30 years is strongly recommended for 335 
time series analysis. Although our approach can be adapted to data of coarser resolution (e.g. hourly 336 
data), we would not recommend this as the presentation of extreme events will be skewed. 337 
Furthermore, the four impact classes were derived for the three selected stations in Germany and 338 
might need to be adapted for stations elsewhere. 339 

Our approach includes several uncertainties, which we addressed in the evaluation of the 340 
three classification steps: event delineation, overland flow computation, and event-based 341 
classification. First, event delineation depends on the choice of IET, which needs to be adjusted to 342 
regional rainfall patterns, as discussed by Dunkerely (2010) and Duque (2020). Second, higher-343 
resolution (e.g. 1 min) rainfall data may be employed, which will result in a better reproduction of 344 
overland flow hydrography and may cause in higher peak flow depths for extreme rainfall intensities. 345 
Third, our default setting of 10 min, for which a rain event generated and sustained a certain 346 
overland flow depth, was arbitrary to some extent, and it was deemed to represent a reasonable 347 
baseline for the on-set of pluvial flooding and pollution transfer, but regional characteristics might 348 
necessitate changes to this time setting.  349 

Finally, our classification relies on a simplification of a sealed, typical urban surface for which 350 
the overland flow model was parameterised using fixed values for slope, infiltration rate, 351 
interception, and depression storage, and antecedent moisture conditions were neglected. No runoff 352 
concentration, which is normally associated with pluvial flooding and pollution transfer, was 353 
modelled, but only overland flow was generated on the model surface. This approach accounts for 354 
the micro-topography of sealed surfaces by including interception and depression storage, as 355 
experimentally quantified by Nehls et al. (2015) and Rammal and Berthier (2020).  356 
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A more realistic, but also more complex representation of urban surfaces would include the 357 
reproduction of the meso-topography of street surfaces such as kerbside features and larger 358 
depressions and drain channels or the reproduction of entire street canyon features (GebreEgziabher 359 
and Demissie 2020; Li et al. 2008; Xing et al. 2019). The latter model surface would require the 360 
definition of multiple typical street canyon types for different city structures. By doing this, runoff 361 
concentrations could be reproduced much more accurately, and the actual impact of pluvial flooding 362 
for all delineated rainfall events could be quantified more accurately. At the same time, different 363 
street canyon types will result in different impact-based rainfall classifications. A supra-regional 364 
analysis of rainfall characteristics, as carried out here for the simplified urban surface for Hamburg, 365 
Potsdam and Würzburg, would not be feasible any more, as too many very different canyon types 366 
would need to be considered simultaneously. We therefore suggest keeping the overland flow model 367 
simplistic for analysing general behavioural trends in extremes; however, one may want to consider 368 
using a much more complex representation of urban layouts when preparing rainfall classifications 369 
for regional studies or individual cities. 370 

 371 

6 Conclusions 372 

Up to this point, extreme rainfalls were merely categorised based on their maximum rainfall 373 
intensity, amount or return period. We proposed a new classification method for extreme rains that 374 
used their potentials to generate overland flow on a typical urban asphalt surface as a filter to 375 
categorise their extremeness. Besides the maximum rainfall intensity, this approach considers the full 376 
dynamics of the rainstorm event including actual length of rainfall events and other characteristics 377 
such as precipitation amount, mean intensity and flow depths. 378 

The evaluation of this method including a comparison with a conventional classification 379 
method showed that it is appropriate to use flow depth per time as an indicator of the generated 380 
impacts of overland flow in order to classify rainfall events. Rainfall events generating substantial 381 
overland flow were assigned to several impact classes indicating increasing flow depths and thus 382 
stronger impact. We found that events with similar rainstorm intensities were assigned to different 383 
impact classes. This observation supports the assumption of a higher risk of misjudging the impact of 384 
events based on rainstorm intensities alone. Therefore, improved characterisation and classification 385 
of rainfall events can be achieved using the approach proposed here. In a further step, a temporal 386 
analysis was carried out for all four classes for three different locations in Germany. Results showed 387 
that events with the greatest impacts  mainly occurred in summer, and there was a clear increase in 388 
the number of events over the last three decades.   389 

However, this method is limited by its need of high-resolution data. Furthermore, flow depth 390 
distributions may vary for other regions or other surface layouts so that impact classes may need 391 
adaptation. Further analysis may include the analysis of spatial variations as well as the investigation 392 
of surface characteristics and varying class thresholds. 393 

 394 
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Tables 550 

Table 1. Typical parameterisation of a street surface. 551 

Parameter Values 

Slope (s) 2.5 % 

Friction factor (ff) 0.1 

Infiltration rate (i) 0.36 mm/h (Nehls et al. 2015) 

Interception and depression storage (loss) 0.46 mm (Rammal and Berthier 2020) 

 552 

 553 

Table 2. Classification of the delineated rainfall events for Würzburg Station from 1990 – 2020. 554 

Traits Class 1 Class 2 Class 3 Class 4 DWD 

Threshold 

[mm/10min] 

1  2  3  4   

Impact level low middle high very high extreme rainfall 

Number of events 

(%)  

590 (19.9) 172 (5.8) 91 (3.1) 14 (0.47) 33 (1.1) 

Event duration 

[min and longest in 

h]  

10 – 1350 

(22.4h) 

10 – 1210 

(20.2h) 

10 – 410 

(6.8h) 

10 – 350 

(5.8h) 

10 – 360  

(6h) 

Precipitation 

amount [mm]  

1.6 – 56.2  2.8 – 51.3 4.9 – 47.0 18.7 – 69.6 8.7 – 69.6 

Maximum intensity 

[mm/10min]  

0.91 – 2.7 2.5 – 4.5 4.5 – 13.1 8.4 – 29.0 8.3 – 29.0 

Mean intensity 

[mm/10min]  

0.1 – 2.7 0.2 – 4.1 0.4 – 11.5 1.2 – 23.2 0.7 – 23.2 

  555 
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Table 3. Extreme rainfall events and their threshold values according to DWD (n.d. a, b). 556 

Time-resolution Rainfall intensity 
10 min ≥ 8.3 mm 
60 min (1h) ≥ 40 mm 
360 min (6h) ≥ 60 mm 

 557 

 558 

Figures 559 

 560 

Figure 1. (a) Schematic showing the identification of individual rainfall events. (b) Delineated rainfall 561 

events in 2010 for the station Würzburg. Point sizes represent precipitation amounts. 562 

 563 

 564 

Figure 2. Schematic representation of the model street. 565 

 566 

 567 
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Figure 3. Example flow depth dynamics of three rainfall types: (a) drizzle, (b) convective, and (c) 568 

continuous rainfall. 569 

 570 

 571 

Figure 4. (a) Flow depths dynamics of multiple delineated rainfall events; (b) classification of rainfall 572 

events corresponding to flow depth categories in a three-dimensional scatterplot (output for 573 

Würzburg). Colour coding: grey: events generating no overland flow, green: class 1, yellow: class 2, 574 

orange: class 3, red: class 4 (see Tab. 2 for threshold values). 575 

 576 

 577 

Figure 5. Output of the autocorrelation analysis (AutoA method) for Würzburg station for the whole 578 

period (1990 – 2020) and all four seasons. The x-axis is in 10 min time steps. Abbreviations: ACF: 579 

autocorrelation function. Lines show the mean of ACF for 1990 – 2020 (black), summer (June – 580 

August; red), autumn (September – November; orange), winter (December – February; blue), and 581 
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spring (March – May; green). The dashed horizontal line is the critical correlation for a significance 582 

level of 10%. 583 

 584 

 585 

Figure 6. Development of flow depths with increasing model domain. Each line represents a single 586 

rainfall event. Events were chosen with regard to peak intensity, which ranged between 1 and 14 587 

mm/10min. 588 

 589 

 590 

Figure 7. Comparison of  detected extreme events between (a) the proposed impact-based 591 

classification method (red: events of class 4, orange: events of class 3, grey: all other events), and (b) 592 

a conventional classification method using rainfall intensity thresholds (red: events selected by using 593 

thresholds according to Tab. 3, grey: all other events). 594 

 595 
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 596 

Figure 8. Seasonal rainfall frequency distribution of class 4 (first row), class 3 (second row), class 2 597 

(third row), and class 1 (fourth row) events in Würzburg, Hamburg, and Potsdam.   598 

 599 

 600 

Figure 9. Seasonal (first row) and annual (second row) number of classified storm events for a period 601 

of 31 years for Würzburg and Hamburg (1990 – 2020) and for 28 years for Potsdam (1993 – 2020). 602 

Colours show events of classes with: no overland flow (grey), class 1 (green), class 2 (yellow), class 3 603 

(orange), and class 4 (red, see Tab. 2 for thresholds). 604 
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