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Abstract 

Stochastic rainfall models are commonly used in practice for long-term flood risk 13 

management. One of the most widely used model types is based on point processes. Despite the 14 

widespread use of such models, whether their known simplifications in describing the space-time 15 

structure of rainfall will affect the accuracy of flood estimation has not been quantified. In this 16 

study, we quantify the biases introduced by the rainfall model limitations to flood estimates in 17 

two medium-sized river catchments (717 km2 and 844 km2) in the South East of the UK. To 18 

achieve this, we used nine years of hourly radar rainfall data, a dense network of hourly rain 19 

gauges, a spatial-temporal rainfall stochastic model based on point processes, and a fully 20 

distributed hydrological model. We modelled the corresponding catchment water dynamics using 21 

observed and simulated hourly rainfall and then assessed whether the errors introduced by the 22 

stochastic model will propagate in the river flow dynamics. Our results show that the stochastic 23 

rainfall model properly captures the point-scale rainfall statistics, including point extremes and 24 

the cross-site spatial correlations. However, the model results in a bias on extremes of areal 25 

statistics, including an overestimation of the areal reduction factor, extreme areal mean 26 

precipitation, and the areal fraction of rain (wet area ratio). Using this as input for continuous 27 

hydrological simulations, we find that the flow duration curves are well preserved, particularly in 28 

the high flow seasons (relative bias is less than 7%). The model also reproduces well the flood 29 

frequency curves at a daily scale with an averaged relative bias of 0.36-16.9% at 10-year return 30 

levels, confirming its ability to infer the long-term flood risk for medium-sized catchments. 31 

However, the summer-season hourly peak discharge is highly overestimated with a relative bias 32 

of over 163.5% at the same return level. The overestimation in summer hourly peak discharge is 33 
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explained by the dominating convective systems in summer and the misrepresented spatial 34 

structure in the model.35 

1 Introduction 

Rainfall variability in both space and time is crucial to properly quantify the magnitude and 36 

uncertainty of streamflow (Cristiano et al., 2017; Faurès et al., 1995; Paschalis et al., 2014a). The 37 

temporal scale of the underlying hydrological processes of interest determines the temporal scale 38 

of required rainfall data. For example, sub-hourly resolution is required for urban catchments 39 

(Ochoa-Rodriguez et al., 2015) and hourly resolution is required for the larger river catchments 40 

(Melsen et al., 2016). In addition to the importance of temporal resolution, spatial variability of 41 

rainfall has been also highlighted in recent decades, mainly in terms of spatial resolution 42 

(Nicótina et al., 2008) and storm advection (Ran et al., 2012; Ruiz-Villanueva et al., 2012; Seo et 43 

al., 2012). The sensitivity of streamflow to rainfall patterns is catchment-dependent, rainfall-44 

event-dependent and scale-dependent (Cunha et al., 2012; Lobligeois et al., 2014; Mandapaka et 45 

al., 2009; Seo et al., 2012; Tetzlaff and Uhlenbrook, 2005; Viglione et al., 2010).  Even though 46 

there was no unified answer as to how each facet of rainfall spatial-temporal variability impacts 47 

streamflow (Andrés-Doménech et al., 2015; Nicótina et al., 2008), detailed knowledge of spatial 48 

rainfall was found to reduce the estimation error of highly resolved hydrological models (Müller-49 

Thomy et al., 2018). In general, for medium-sized catchments (with areas of a few hundred 50 

square kilometres), high spatial (~1 𝑘𝑚2) and temporal (1 h) resolution rainfall data are 51 

perceived to be necessary in extreme flow estimation (Müller-Thomy et al., 2018; Tetzlaff and 52 

Uhlenbrook, 2005). 53 

In order to estimate long-term flood risk, many rainfall models have been developed to 54 

represent rainfall information at such scales because of lack of observations. Then, the simulated 55 
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rainfall fields can be fed into hydrological models to estimate catchment response either in the 56 

present climate or in future climate scenarios (Peleg et al., 2017a; Winter et al., 2019). An 57 

approach would involve making direct use of physically based weather and climate models  (Kay 58 

et al., 2009; Prudhomme et al., 2002). Even though physically based, those models, particularly 59 

at coarser scales (Global circulation models / Region circulation models), are known to suffer 60 

from biases  (Sillmann et al., 2013). Climate models’ ability to generate realistic precipitation 61 

was recently improved by representing processes at fine spatial and temporal scales (i.e. 62 

Convection Permitting Models (CPMs)). This enables detailed simulation at local scales which 63 

can be used for flood impact studies without the need for downscaling (Chen et al., 2021; 64 

Kendon et al., 2012; Prein et al., 2015). However, for most hydrological applications, the huge 65 

computational requirements of CPMs are still prohibitive. The uncertainties related to the natural 66 

variability, model uncertainty and parameter uncertainty also limit their direct use (Kay et al., 67 

2015). As opposed to climate models, stochastic rainfall models adopt a conceptually simpler 68 

statistical framework to generate rainfall time series or fields. The framework makes rainfall 69 

generation computationally efficient and therefore able to capture the full variability of climate 70 

systems. Because of those features, stochastic models are perceived to be a suitable tool for 71 

hydrological applications, particularly when analysis of variability and extremes is essential 72 

(Fatichi et al., 2016). 73 

Early stochastic modelling attempts focused on reproducing hourly rainfall at a single site, 74 

neglecting spatial variability (Cameron et al., 2000; Cowpertwait, 2004; Onof and Wheater, 75 

1994; Waymire and Gupta, 1993). In the last few decades, more advanced measurement 76 

technologies such as satellite and dual polarization Doppler radars have enabled us to better 77 

understand the spatial structure of rainfall. Such knowledge allowed for the development of 78 
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detailed spatial-temporal stochastic rainfall models at hourly or sub-hourly resolution (Bell, 79 

1987; Cowpertwait, 1995; Gires et al., 2012; McRobie et al., 2013; Over and Gupta, 1996; 80 

Paschalis et al., 2013; Peleg et al., 2017b; Wheater et al., 2005), to name but a few. 81 

Among those, models based on point processes are one of the widely used categories in 82 

hydrological applications. One advantage of point process models is the availability of analytical 83 

expressions for key statistics of modelled rainfall, including moment estimates up to the third-84 

order moment, probability of dry period, autocorrelation and spatial correlation (Cowpertwait, 85 

1994; Leonard et al., 2008; Northrop, 1998; Onof and Wang, 2020). These key statistics can be 86 

directly included in the model calibration. Another advantage lies in the possibility of continuous 87 

rainfall simulation, which potentially overcomes the drawback of event-based simulation in long-88 

term flood risk analysis (Verhoest et al., 2010). Point process-based models can be divided into 89 

(1) models based on Poisson-cluster processes, namely the Bartlett-Lewis and Neyman-Scott 90 

point processes (Burton et al., 2008; McRobie et al., 2013), which differ in terms of their 91 

clustering mechanism (Onof et al., 2000), (2) models based on Cox processes (Ramesh et al., 92 

2013). Despite having many promising features, typical problems of many published spatial-93 

temporal models based on point processes are the lack of storm movement, the lack of statistical 94 

dependence between rainfall properties (intensity and duration) and the underestimation of 95 

rainfall extremes at fine space and time scales (Paschalis et al., 2013). Northrop (1998) 96 

introduced storm movement by increasing the detail of rainfall structure at the event scale, but 97 

generalizations to continuous-time rainfall models are not straightforward. By embedding this 98 

model within a renewal process generating wet and dry spells, a non-parsimonious continuous-99 

time model was obtained whose model calibration was very data demanding (Wheater et al., 100 

2006). There were also attempts to reduce the underestimation of extremes by including some 101 
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dependency between rainfall properties (Evin and Favre, 2008; Kaczmarska et al., 2014; Park et 102 

al., 2019; Paschalis et al., 2014b). However, since they focused predominantly on single site 103 

models; these improvements cannot readily be applied to spatial-temporal versions. 104 

To date, the space-time Neyman-Scott rainfall model has been extensively used for flood 105 

estimation (Brath et al., 2006; Camici et al., 2014; Moretti and Montanari, 2008; Rulli and 106 

Rosso, 2002; Sordo-Ward et al., 2016) particularly when a continuous hydrological simulation is 107 

preferred.  This type of model was used as the basis for the RainSim modelling tool (Burton et 108 

al., 2008), initially developed by Cowpertwait (1995), with further improvements in recent years 109 

(Burton et al., 2010; Cowpertwait, 2010; Leonard et al., 2008). The model was calibrated using 110 

long-term rainfall observations, commonly rain gauge measurements. Most of the previous 111 

research applied this type of model (Burton et al., 2010; Cowpertwait et al., 2002; Leonard et al., 112 

2008; Segond and Onof, 2009) to estimate streamflow either on ungauged basins or areas 113 

without long-term flow data. The validation of the rainfall model in terms of the resulting 114 

streamflow was limited by the data available at these study areas. Although the simplification of 115 

rainfall structure in this model has been recognized, up to now, little attention has been paid to 116 

the quantification of how the simplifying rainfall structure assumptions propagate errors to 117 

runoff estimates (Felder and Weingartner, 2016; Verhoest et al., 2010).  118 

This study aims to investigate to what extent the estimation biases in the space-time 119 

rainfall model based on point processes propagate to the estimated streamflow. We set up a 120 

numerical experiment to quantify such biases at two medium-sized catchments located in the 121 

UK. A fully distributed hydrological model, one of the most advanced point process models in 122 

the literature, a dense network of hourly rain gauges and one of the last generation rainfall radar 123 

data sets in the UK are applied to the study area. Using those tools, we quantify the estimation 124 
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biases of the generated hourly space-time rainfall and their effect on catchment scale dynamics, 125 

with an emphasis on high flows.  126 

2 Study sites and Data 127 

2.1 Site Description 128 

The numerical experiment proposed was carried out for two rural catchments (Fig. 1) 129 

located in the Anglian river basin (south-east of the UK), namely Stour and Welland. 130 

Characterized by a temperate oceanic climate, the south-east has the greatest density of 131 

mesoscale convective storms over the UK (Gray and Marshall, 1998; Lewis and Gray, 2010). 132 

The area (Anglian region) receives annual rainfall around 700 mm (Met Office, 2016). The 133 

precipitation is spatially uniform with negligible orographic effects (Neal and Phillips, 2009). As 134 

a typical low-lying part of the country, despite the low rainfall totals, this area experiences large 135 

fluvial flooding events resulting in significant flood damages (DEFRA, 2016a, Table 7.1). For 136 

example, the total economic damages of the winter floods of 2013 to 2014 is estimated to be 1.3 137 

billion pounds in England and Wales (Environment Agency, 2016). 138 

The Stour catchment at the Stratford cross section (844 km2) is located at low altitude (5.6-139 

127.6 m), running from west to east along 75.6 km of the mainstream. Land cover consists 140 

mainly of arable land (75.37%) and grassland (13.94%) (NRFA, 2019a) (See Figure S1). The 141 

geology is characterized by chalk underlying clay soils, fluvial sands or gravels (Anstead and 142 

Tovey, 2017). The main flood risk is from river flooding due to soil saturation excess (DEFRA, 143 

2016b, p. 48),while incidents of groundwater flooding are limited (DEFRA, 2009a). 144 

The Welland catchment at the Tallington cross section (717 km2), compared with the Stour 145 

catchment, has a steeper topography (7.6-229.3 m) (Fig. 1.b). The land cover (see Figure S1) is 146 
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mainly arable for crop production (47.21%) and grassland (34.45%). The underlying geology is 147 

nonporous clay, with a high runoff coefficient (DEFRA, 2009b). Similarly, river flooding is the 148 

main risk in this catchment (DEFRA, 2016b, p. 133).  149 

2.2 Rainfall Data 150 

In this study both rain gauge and radar data were used. Gauge measurements with 1-hour 151 

resolution were obtained from 54 stations (Fig. 1.a) equipped with tipping bucket rain gauges 152 

with further quality controls (Blenkinsop et al., 2017, Table 1). The rain gauge data has depth 153 

resolution of 0.2 mm and covers the period between 2005 and 2016. 154 

Radar data were used to provide the spatial information about the rainfall, obtained from 155 

the operational C-band network of the UK Met Office (Met Office, 2003). In this study the 156 

quality-controlled post-processed radar composite at a spatial resolution of 1×1 km in space and 157 

1 h in time (aggregated from 5 min data) was used, for the period 2007-2015. We further 158 

corrected the radar data using mean field bias (MFB) adjustment (Biggs and Atkinson, 2011; 159 

Ochoa‐ Rodriguez et al., 2019) to mitigate biases due to beam blocking and ground clutter. In 160 

the MFB adjustment, daily gridded estimates from the CEH-GEAR rainfall product, available at 161 

the same 1 km × 1 km resolution (Tanguy et al., 2019) were used for the estimation of the 162 

correction factors.  163 

2.3 Site data 164 

Catchment data used for setting up the hydrological model include topography, land use, 165 

soil textural properties and geology. The topography was extracted from OS Terrain 50 166 

(Ordnance Survey, 2018) digital terrain model and regridded to 200 m × 200 m resolution. The 167 

soil textural properties (fraction of sand, clay, silt and organic matter in the first 500 mm depth) 168 
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were obtained from SoilGrids (Hengl, 2018a, 2018b; Hengl and Wheeler, 2018). These soil 169 

properties were then converted to spatially distributed soil hydraulic properties (see Figure S2) 170 

using the Pedotransfer functions of Saxton & Rawls (2006). 171 

Potential evapotranspiration was taken from the 1 km × 1 km gridded product (CHESS-172 

PE) provided by the UK Centre for Ecology and Hydrology (Robinson et al., 2016). This product 173 

contains potential evapotranspiration from 1961-2015 at a daily scale, calculated using the 174 

Penman-Monteith equation (Monteith, 1965) from the Food and Agriculture Organization of the 175 

United Nations (FAO). For the calibration of the hydrological model, gauged daily river flows at 176 

two upstream stations were used, retrieved from the UK National River Flow Archive (NRFA). 177 

3 Methods 178 

3.1 Stochastic Rainfall Generator 179 

One of the most advanced point process models (Cowpertwait, 2010) was applied to the 180 

study region (Fig. 1.a) which covers the two river catchments. Compared with the earlier and 181 

more widely used version of the Neyman-Scott based space-time model (Burton et al., 2008; 182 

Cowpertwait et al., 2002), the spatial representation of this version has been found to improve on 183 

it (Leonard et al., 2008). The model is capable of representing most key properties of point 184 

rainfall and spatial correlation at both hourly and daily resolution, and with a parsimonious 185 

structure (Cowpertwait, 2010; Cowpertwait et al., 2013). The most attractive feature of the 186 

model is that it has available analytical expressions for the moment estimates of the marginal 187 

distribution of the point rainfall depth, its temporal autocorrelation function, the probability of 188 

rainfall across temporal scales, as well as the cross-correlation of rainfall depths at any temporal 189 

scale. These expressions are used for model calibration. Simulated ensembles are continuous in 190 
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space and time, but for this study we aggregated them at a 1 𝑘𝑚2 spatial resolution and 1-hour 191 

temporal resolution. 192 

Model Structure based on Point Process 193 

The stochastic tool is a Neyman-Scott Point process rainfall model (NS(s-t)). The model 194 

generates rainfall in two steps: First it generates storm arrivals and then generates the inner-storm 195 

cells. The model assumes that storms are independent, i.e. arrive in space and time according to a 196 

spatial-temporal Poisson process with a rate 𝜁𝑠 (per unit area per unit time). The storm envelope 197 

defines the spatial extent within which the rainfall can occur (Fig. 2). The envelope has an 198 

exponentially distributed radius with parameter 𝛾𝑠(𝑘𝑚−1). Rain cells appear after the storm 199 

arrival time according to an exponentially distributed delay; this exponential distribution has 200 

parameter 𝛽 (unit: ℎ−1). The number of rain cells 𝐶 associated with the storm follows a Poisson 201 

distribution with a parameter 𝜈 (−).  202 

Rain cells are defined as discs over which the rainfall intensity is constant in space and 203 

time during the lifetime of the cell. The cell radius is exponentially distributed with parameter 204 

𝛾𝑐(𝑘𝑚−1). Cells are characterized by their lifetime, intensity and radius. These properties follow 205 

mutually independent exponential distributions, with parameters 𝜂(ℎ−1), 𝜉(ℎ ∙ 𝑚𝑚−1) and 206 

𝛾𝑐(𝑘𝑚−1) respectively. Under the model, the rainfall at a particular location and a particular time 207 

is the superposed intensity of all cells covering that point at that moment. 208 

In order to capture the characteristics and the combined effect from different types of 209 

rainfall systems, a governing parameter 𝑧 is included in the model. The parameters mentioned 210 

above (𝜉, 𝜈) are adjusted to be functions of the additional random variable 𝑧, which is associated 211 

with the storm characteristics (see Text S1). The value of 𝑧 is continuously distributed according 212 

to a distribution with probability density function 𝑓𝑧.  213 
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One advantage of this version of the model is that a defined storm extent is included in 214 

order to achieve greater physical realism over a large area (Leonard et al., 2008). A storm 215 

envelope (defined by a randomized storm radius) is taken as a constraint so that only the part of a 216 

cell inside this envelope contributes to the storm rainfall (Fig. 2). Hence the target region of 217 

interest might be partially covered by the generated storms, potentially alleviating the poor 218 

behaviour of the Neyman-Scott model without this constraint into properly capturing the fraction 219 

of wet area in the catchment (Paschalis et al., 2013).  220 

Spatial heterogeneity is included in the model by adding a scale parameter 𝜑Ρ to adjust 𝜉 221 

(the parameter governing the cell intensity) at each site. The added scale parameter enables the 222 

model to generate a spatially varying pattern of mean rainfall intensity while keeping other 223 

dimensionless moment estimates spatially uniform. All other model parameters are valid for the 224 

whole area, and the calibration of these parameters can be undertaken for the whole dataset. For 225 

the model calibration in this study, the scale parameters were obtained exclusively from the rain 226 

gauge data, whereas to generate the stochastic ensembles the GEAR product was used.  227 

Stochastic Model Calibration 228 

The model was calibrated by minimizing the objective function formed with the moment 229 

estimates of the observed and the modelled rainfall series. Statistical properties of modelled 230 

rainfall time series (at a certain aggregation level ℎ) include the mean intensity 𝜇(ℎ), the 231 

coefficient of variation 𝜐(ℎ), coefficient of skewness 𝜅(ℎ), lag 1 autocorrelation 𝜌(0, 1, ℎ), 232 

cross-correlation 𝜌(𝑑, 0, ℎ) and probability of dry period 𝜑(h), where d is the distance between 233 

two sites (see analytical expressions in Text S2). Following the previous study by Cowpertwait 234 

(2010), the Poisson parameter 𝜈 is a function of variable 𝑧 (𝑧 is related to rainfall types):  𝜈(𝑧) =235 
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(1 − 𝑧)𝜈0 + 𝑧𝜈1, where 𝜈0 and 𝜈1 are two model parameters. Model parameters to calibrate are 236 

{𝜆, 𝜈0, 𝜈1, 𝛽, 𝜂, 𝛾𝑠, 𝛾𝑐} (for each calendar month). 237 

The Generalized Method of Moments (GMM) is applied to estimate the model parameters 238 

𝜽.  𝜽 is estimated via the minimization of 239 

𝑎𝑟𝑔𝑚𝑖𝑛
𝜽

(∑ ∑ ∑(

𝑚

𝑠=1ℎ∈𝐻

𝑘

𝑖=1

𝑤𝑖,ℎ,𝑠[𝑇𝑖,ℎ,𝑠 − 𝜏𝑖,ℎ(𝜽)]
2

)) (1) 

where ℎ is the time scale of aggregation, 𝑠 the site, 𝛵𝑖,ℎ,𝑠 the observed estimate of statistical 240 

property number 𝑖 at scale ℎ and site 𝑠; 𝐻 = {1,6,24 ℎ𝑜𝑢𝑟}; 𝜏𝑖,ℎ(𝜽) the modelled estimate of the 241 

same for any site (the model is spatially stationary) and 𝑤𝑖,ℎ,𝑠 is the weighting factor assigned to 242 

this statistical property.  243 

In the model, {𝜇(1), 𝜐(ℎ), 𝜅(ℎ), 𝜌(0, 1, ℎ), 𝜌(𝑑, 0, ℎ), 𝜑(24) : ℎ = 1,6,24 ℎ𝑜𝑢𝑟} were used 244 

in the calibration. The weighting factors are set to the inverse of the variances of the statistics 245 

(Kaczmarska et al., 2014). Notably, in the spatial model we use, the 𝑤𝑖,ℎ,𝑠 and 𝑇𝑖,ℎ,𝑠 were 246 

computed for each site separately instead of pooling all sites together. This enables the sites 247 

having a larger variability of statistics (expected to have higher uncertainty) to be assigned a 248 

lower weight in calibration. 249 

The calibration procedure otherwise follows that in Cowpertwait (2013) and is based on 250 

the use of statistics of hourly rain gauge data. Within it, the probability distributions of the 251 

random rainfall type 𝑧 and the corresponding other dependent parameters is predefined following 252 

the settings in previous research (Cowpertwait, 2010). The calibration steps are described below. 253 

(a) The optimal set of temporal parameters 𝜃 for each calendar month is estimated. Here, 254 

𝜃 = (𝜆, 𝜈0, 𝜈1, 𝛽, 𝜂)′, T =  {𝜐(ℎ), 𝜅(ℎ), 𝜌(0, 1, ℎ), 𝜑(ℎ) : ℎ = 1,6,24 ℎ𝑜𝑢𝑟}. Firstly, a 255 

minimisation based on a random ‘Multi-start’ method is undertaken by using Sequential 256 
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Quadratic Programming. The minimisation is evaluated with 20 initial estimates, so as to avoid 257 

local minima. The optimal parameter set obtained from this step is denoted as 𝜃𝑜. 258 

Then, in order to obtain a smooth variation in monthly parameters, for each month the 259 

parameter set 𝜃𝑜 is used for deriving a final set of parameters 𝜃. The final parameter sets 𝜃 is 260 

obtained by minimizing the equation (1) with an updated initial parameter guess (equal to a 3-261 

month moving average of 𝜃𝑜). 262 

(b) After obtaining the final temporal parameter set {𝜆, 𝜈0, 𝜈1, 𝛽, 𝜂}, space-related 263 

parameters 𝛾𝑠 and 𝛾𝑐 are further optimized by minimizing the sum of squares (Cowpertwait et al., 264 

2013, Equation 1) using a genetic algorithm to avoid a local optimum. This therefore yields a 265 

complete parameter set {𝜆, 𝜈0, 𝜈1, 𝛽, 𝜂, 𝛾𝑠, 𝛾𝑐} for each calendar month (see the 7×12 parameters 266 

in Table S1). 267 

argmin
{𝛾𝑠,𝛾𝑐}

{∑ ∑ (1 −
𝜌̂(𝑑, 0, ℎ)

𝜌(𝑑, 0, ℎ)
)

2

+ (1 −
𝜌(𝑑, 0, ℎ)

𝜌̂(𝑑, 0, ℎ)
)

2

𝑑∈𝒟ℎ∈𝐻

} (2) 

where 𝒟 is the set of distances for all pairs of gauged sites. 268 

(c) In the final step, the scale parameters {𝜑Ρ} (unit: mm) for calendar months are 269 

estimated (Cowpertwait, 2010). For each location 𝑝, the model parameters which are used for 270 

rainfall generation are {𝜆, 𝜈0, 𝜈1, 𝛽, 𝜂, 𝛾𝑠, 𝛾𝑐, 𝜑𝑝 }. 271 

𝜑̂𝑝 =
6𝜇̂𝑝(1)𝜂̂

𝜆̂(𝜈̂0 + 𝜈̂1)
 (3) 

where 𝜇̂𝑝(1) is the 1h sample mean for site 𝑝 in the corresponding calendar month. 272 
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3.2 Hydrological model 273 

A calibrated fully distributed hydrological model was used to simulate rainfall-runoff 274 

processes in the catchments. In this section, we provide some description of the model and 275 

background of its calibration. 276 

The model is the WATET model (Remondi et al., 2018) without explicit consideration of 277 

the pollutant transport as this is not relevant for this study. Briefly, the model solves hydrological 278 

fluxes on a regular grid. Soil water is solved using a simplified soil water transport model for 279 

every grid cell for computational efficiency. This model is similar to the grid-to-grid model by 280 

Bell (2007). Similarly, surface water routing and lateral soil water flow are estimated by using a 281 

kinematic wave approximation.  282 

In order to provide a more accurate representation of topographic features, the spatial 283 

resolution of the DEM was chosen to be 200 m × 200 m. Infiltration and evapotranspiration were 284 

solved at an hourly time step. Surface water was routed by using an adaptive time-step which 285 

could be as small as a few seconds, based on the Courant–Friedrichs–Lewy condition (Courant et 286 

al., 1928). Evapotranspiration was estimated as a product of potential evapo-transpiration (PET) 287 

and a water stress factor 𝛽 was set equal to the average effective soil moisture of the 45 cm of 288 

soil (Porporato et al., 2001). The soil hydraulic properties were estimated using a Pedotransfer 289 

function (Saxton and Rawls, 2006) based on soil textural properties we obtained. Groundwater 290 

flow was represented as a storage-discharge relationship Q𝑔𝑤 = 𝑎𝑆𝑔𝑤
𝑏  (Benettin et al., 2015), 291 

where 𝑎, 𝑏 are two empirical coefficients. Urban runoff and contributions of man-made drainage 292 

networks were neglected in this study. 293 

Aside from the available spatially distributed catchment information (section 2.3), there 294 

were several other parameters required to set up the hydrological model, including the hydraulic 295 
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conductivity anisotropy ratio, the root zone depth, the maximum groundwater storage and the 296 

exponent in the storage-discharge function. Model calibration was thereby carried out before the 297 

numerical experiment to define all the parameters of this hydrological model. These were 298 

estimated (Table 1) by maximizing the Nash-Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 299 

1970) of daily streamflow at two gauging stations (Brett at Cockfield and Bumpstead Brook at 300 

Broad Green). In model calibration, observed rainfall using the combined radar/rain gauge data 301 

was taken as rainfall input. These two stations were chosen because both are part of the UK 302 

Benchmark Network (UKBN), which is expected to be ‘near-natural’ and can be considered as 303 

reasonably free from human disturbances (Harrigan et al., 2018; NRFA, 2019b). Daily 304 

streamflow measurements between 2008 and 2015 were used in calibration (see a full 305 

hydrograph in Fig. 3, zoom-in hydrographs and hyetographs in Figure S3), while the year 2007 306 

was used for the model spin up. The NSE values for the two stations were 0.68 and 0.60 for daily 307 

flows. Note, both stations are in the Stour catchment, and there are no gauged stations belonging 308 

to UKBN in the Welland catchment. At Welland, we checked that the parameters enable the 309 

model behaviour to broadly replicate the Welland catchment by selecting an upstream station 310 

(Gwash South Arm at Manton), thus largely excluding the effect of built infrastructure. The NSE 311 

value was 0.54 for daily flow at Manton station. Model skill to replicate the observed streamflow 312 

is clearly not optimal (i.e. NSE=1) for the catchments (Ritter and Muñoz-Carpena, 2013). This is 313 

due to the simplifications introduced by the hydrological model and uncertainty related to the 314 

observed catchment information. However, for the purpose of this paper, this is not an issue. For 315 

this numerical experiment we considered the modelled runoff using observed data as our 316 

reference runoff. All comparisons of runoff properties were made against this reference case. 317 

This means that the catchments we used to test the rainfall models are not the real ones, but 318 
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virtual catchments defined as those for which the model is perfect. A perfect replication of the 319 

real catchment runoffs is therefore not required in this study. 320 

3.3 Numerical Experiments 321 

The evaluation of the rainfall generator includes two parts: analysis of the synthetic rainfall 322 

field and analysis of its resulting catchment response. For the study region, we generated 323 

synthetic hourly rainfall spatial fields after calibrating the rainfall model by using 12 years of 324 

hourly rain gauge data (Fig. 2.a). Gridded scale parameters {𝜑Ρ} at 1 km2 resolution were 325 

computed by interpolating the scale parameters at the 54 sites, given the gridded average rainfall 326 

amount from the GEAR dataset (Text S3). Therefore, the spatial-temporal rainfall model exactly 327 

preserves the observed spatial distribution of long-term annual rainfall amounts in the GEAR 328 

dataset through the variation of scale parameters (Figure S4). 100 simulation replicates generated 329 

from the rainfall generator were used to validate rainfall statistics. Each replicate represents 12 330 

years of data, i.e., the same length as the sample data. 331 

Regarding the hydrological simulations, the calibrated hydrological model was used for the 332 

2007-2015 period (9 years). To evaluate how the errors of the stochastic rainfall model propagate 333 

through the catchment response, the modelled catchment response was compared with the 334 

reference runoff. The resolution of all rainfall inputs is 1 hour in time and 1 km × 1 km in space. 335 

For the modelled catchment response, 20 stochastic ensembles were used to represent the 336 

stochastic variability (Figure S5, S6). 337 

3.4 Statistical Analyses 338 

Point rainfall statistics 339 
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We compared the mean, the coefficient of variation (CV), the coefficient of skewness 340 

(SKEW) and the lag one autocorrelation of rainfall depths at each site (ACorr), the cross-341 

correlation of rainfall depths between sites (CCorr) and the probability of dry period at each site 342 

(PD) between modelled and observed rainfall. Daily and hourly temporal scales levels were 343 

chosen. These statistics were included in the model calibration of NS(s-t) and have been 344 

commonly used to validate point process stochastic models (Cowpertwait et al., 2013). The 345 

overall performance of these key descriptors was represented by the average of the relative bias 346 

between the fitted value and the sample value. 347 

Extreme Value Analysis 348 

Extremes (annual maxima) of point rainfall were evaluated, at both hourly and daily 349 

aggregation levels. We evaluated key properties of the point extremes over the study area. For 350 

the 𝑘th simulation of the set of 100 12-year-long simulations, the ranked annual maximum in the 351 

𝑖th year at site 𝑠 is denoted as 𝑦𝑘,𝑖,𝑠. The annual maxima are assumed sorted from largest to 352 

smallest, so that 𝑦𝑘,𝑖,𝑠 ≥ 𝑦𝑘,𝑖+1,𝑠. Let 𝑞𝛼,𝑖,𝑘 be 𝛼th quantiles for the year 𝑖 and the simulation 𝑘 353 

over all sites of 𝑦𝑘,𝑖,𝑠. 𝑚𝛼,𝑖 is the median over all simulations k of 𝑞𝛼,𝑖,𝑘. We calculated  𝑚𝛼,𝑖 for 354 

𝛼 = 0.1, 0.25, 0.5, 0.75, 0.9, and plotted these on the usual Gumbel plot. That is: the horizontal 355 

axis is the Gumbel reduced variate 𝑦(𝑖) = −𝑙𝑛(−𝑙𝑛(1 − 1/𝑇)), where 𝑇 = (𝑁 + 0.12)/(𝑖 −356 

0.44) following the Gringorten formula and 𝑁 = 12; the vertical axis is the value of 𝑚𝛼,𝑖. For 357 

the observational data, 𝑘 = 1. 358 

Areal statistics 359 

To test if the model captures well the areal statistics, we used Areal Reduction Factors 360 

(ARFs), the wet area ratio and the areal mean precipitation intensity to evaluate simulated rain 361 

fields, at the hourly scale. The Areal Reduction Factor was estimated by using the fixed-area 362 
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method (Svensson and Jones, 2010). The method calculates a ratio of the point-measurement 363 

when the point rainfall reaches the annual maximum to the point-measurement when a certain 364 

areal rainfall reaches the annual maximum. Multiple return periods were not considered here, 365 

which is one limitation of the fixed-area method (Bell, 1976). In order to reduce the effect of this 366 

limitation, the same length of data was therefore applied to compute each ARF. We compared 367 

the ARFs computed from the observation and synthetic rain fields, for durations of 1, 2, 6 and 24 368 

hours. A larger value of ARF indicates a higher similarity between the point and the areal rain 369 

intensity. 370 

The wet area ratio is the fraction of wet area in the simulation domain, where grid squares 371 

having hourly rainfall depth larger than 0.2 mm are defined as ‘wet’ grids (1 km resolution). The 372 

areal mean precipitation intensity was computed for each snapshot of the rainfall field (717 km2) 373 

at several time scales (1 hour, 6 hours and daily). The wet area ratio is also considered as a key 374 

characteristic of the rainfall structure in determining the runoff in the catchment study. The two 375 

variables were computed, and their probability distributions were used to compare the simulated 376 

rainfall with the observed. 377 

Runoff statistics 378 

Flow duration curves (FDCs) and flood frequency curves (FFCs) (Lamb et al., 2010) were 379 

used to evaluate the statistics of the resulting runoff driven by different rainfall forcings. Both 380 

curves were derived using the continuously simulated flow data (at catchment outlets) of the 381 

hydrological model. FDCs were used to assess the variation of flow series. Curves for both the 382 

low flow period (June to August) and the high flow period (December to February) were plotted. 383 

FFCs were used to assess the simulated extreme streamflow, reflecting the potential risk of river 384 

flooding. Flood frequency curves were plotted on a seasonal basis. A Gumbel distribution was 385 
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assumed to fit the FFCs, the confidence intervals of which were estimated by employing a 386 

parametric bootstrap method (Coles, 2013). 387 

Spatial pattern of soil moisture 388 

To provide an insight into runoff generation in the catchment, we used the saturated 389 

fraction of soil (Paschalis et al., 2014a) to describe the spatial distribution of the upper layer soil 390 

moisture throughout the long-term hydrological simulation. Saturated fraction is the fraction of 391 

area where the soil is close to saturation (having an effective soil saturation of the upper soil 392 

layer 𝑆𝑒 > 0.95). As runoff generation in our case is almost exclusively saturation excess (not 393 

shown here), the fraction represents the catchment area contributing to river discharge. The 394 

maximum saturated fraction was extracted for each identified storm, to prevent double counting. 395 

Storms were individuated by the condition that inter-storm time be a dry period (rainfall depth 396 

less than 0.2mm) of at least 12 hours. Conditioned on areal mean intensity within the event, we 397 

compared the saturated fraction of different rainfall forcings and in different seasons.  398 

4 Results and Discussions 399 

4.1 Stochastic model performance  400 

The fitting performance of the rainfall model in terms of temporal-related properties 401 

included in model calibration was examined, at 1h, 6h and 24h aggregation level (Fig. 4.a-4.e). 402 

The stochastic model is able to reproduce the long-term annual mean precipitation (with a 403 

relative bias less than 0.76%) and the inter-annual variability (Fig. 4.e).  404 

At the hourly scale, the calibrated model reproduced the coefficient of variation (CV), the 405 

coefficient of skewness (SKEW), and the autocorrelation lag-1 (lag-1 ACorr) (month-average 406 

relative error is 0.64%-3.37%) (Table 2). The lowest skill is found in the reproduction of SKEW, 407 
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specifically during the summer season (Fig. 4.c). This low skill can be attributed to the 408 

calibration weights 𝑤𝑖 (equation 1): a lower weight is assigned to this statistic due to its high 409 

variability. 410 

At the daily scale, the reproduction of rainfall statistical properties is prone to slight biases 411 

(relative error is 2.82-18.89%), with SKEW being the best and the lag-1 ACorr the worst 412 

reproduced statistic (Table 2). Even though the model performs well in capturing 413 

autocorrelations for larger lags (Figure S7), a consistent underestimation of daily lag-1 414 

autocorrelation is observed during the winter season (Fig. 4.b). This implies the model’s 415 

weakness in capturing prolonged rainfall events, often occurring during winter.  416 

 The probability of zero rainfall hours is not used in model calibration but examined in the 417 

validation (Fig. 4.d). We consider all hours with rainfall intensity < 0.2mm/h as dry. The average 418 

error of this statistic is in general small with its worst performance during September. 419 

The spatial correlation of synthetic series at the hourly scale for two months, January and 420 

June, is representative of winter stratiform and summer convective events and is therefore used 421 

for comparison (Fig. 4.f, 4.g). The seasonal pattern of cross-correlations is well captured by the 422 

stochastic model. During the winter season, when stratiform systems with large spatial extent 423 

commonly occur the model captures well the spatial correlation. However, during summer, the 424 

model overestimates the spatial correlation for distances smaller than 50 km (Fig. 4.g), 425 

suggesting a low skill in capturing the localized features of convective summer storms. Another 426 

useful metric to represent the realism of spatial rainfall fields, the ‘continuity ratio’ (Wilks, 427 

1998), was also evaluated in the Supplement to this paper (see Text S4 for definition and results). 428 

results are consistent with Fig. 4.f, 4.g. 429 
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Point-scale precipitation extremes were analysed on a seasonal basis (Fig. 5). The extremes 430 

produced by the NS(s-t) model show an overall good agreement with the observed extremes at 431 

return periods of up to 20 years. A slight underestimation is found, mainly in summer (JJA), 432 

when the model produces a lower hourly extreme (2.9mm/h lower for 20-year return levels). 433 

Underestimation is a familiar problem in temporal modelling of rainfall with Poisson-cluster 434 

models (Paschalis et al., 2014b; Verhoest et al., 2010) and is closely connected to the relatively 435 

short tail of the distribution of rainfall cell intensity; thicker tail distributions could be used, but 436 

this typically negatively impacts other statistics (Kaczmarska et al., 2014). Short-but-intense 437 

rainfall events are supposed to have greater peak intensity and higher hourly extremes, hence the 438 

more significant discrepancy in summer seasons. For return levels larger than 8 years, simulated 439 

hourly extremes across sites are generally smaller than the observed.  440 

Because of the computational time required, the analysis of areal statistics is based on 20 441 

generated rainfall ensembles gridded at a 1 km2 resolution over the study region (19000 km2), 442 

i.e. at a resolution identical to that of the radar observations. The estimated error of ARFs (Fig. 443 

6.a) at a daily scale is a mere 2% for areas smaller than 1000 km2. But a larger overestimation of 444 

the ARF is observed at sub-daily scales with the worst performance being at the hourly scale 445 

(relative bias is 23% for areas of 400 km2). The increasing bias of the ARFs with larger area size 446 

highlights the fact that the NS(s-t) model overestimates the dependency between the point 447 

rainfall amount and the areal rainfall amount at the same time. The overestimation is not 448 

surprising because observed rainfall cells have a distinct spatial feature from the modelled cell 449 

structure, such as peak intensities and variable rainfall intensity (Hardenberg et al., 2003). In the 450 

model, at a given time step, rain cells are assumed to have constant rainfall intensity in space. 451 

The resulting correlation between the areal rain and the point rain derived from the NS(s-t) 452 
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model is higher than for the observed rain, where the Pearson correlation is 0.84 and 0.78, 453 

respectively. Higher ARFs are therefore estimated by the NS(s-t) due to the stronger spatial 454 

dependence. The overestimation of ARFs is more prominent during the summer season (Figure 455 

S8). This can be explained by the models’ low skill in simulating short-lived intense convective 456 

summer rainfall (Breinl et al., 2020). The overestimation is also consistent with the 457 

overestimation of spatial correlations during summer events (Fig. 4.f, 4.g). 458 

Although the point-scale precipitation intensity is well preserved by the rainfall model 459 

(Figure S9), the computed areal mean precipitation intensity (Fig. 6.b) shows a pattern consistent 460 

with the computed ARFs as the bias is more pronounced at finer scales. Synthetic hourly 461 

extremes for an exceedance probability < 0.01% are 8.0 -13.5 mm/h, 1.6 - 7.1 mm/h larger than 462 

the observed intensity (6.4 mm/h). In terms of the daily extremes, at the same exceedance 463 

probability, the range of synthetic daily areal mean precipitation intensity (22.5 - 46.9 mm/day) 464 

is consistent with the observed value (28.9 mm/day). The bias in the mean areal intensity we 465 

reported here is smaller than the bias reported in a previous work (Paschalis et al., 2013): this 466 

reduction follows from the improved representation of spatial correlation in the model (Leonard 467 

et al., 2008). 468 

This bias in the mean areal intensity can be explained by the modelled cell structure. 469 

Firstly, the model does not correctly preserve the feature of those localized, short but intense rain 470 

cells. Because of the assumed independency, those very intense cells could cover a larger area 471 

and last for a longer duration in the modelled than in the observed data. Secondly, compared to 472 

the bell-shaped rainfall cell in observations, the constant intensity throughout a modelled cell 473 

leads to a smaller coverage of wet area but a larger amount of rainfall within the wet area, 474 

thereby yielding a higher tail value. When it comes to the daily scale which is larger than the 475 
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typical duration of summer storms, the overestimation is weaker and the influence of the 476 

misrepresented spatial extent of cells is expected to be largely eliminated.  477 

Other seasons follow a similar trend as Fig. 6.b except spring (MAM), which shows an 478 

underestimation at the daily scale. The lower daily areal extremes in MAM can be explained by 479 

the underestimation of the coefficient of variation in March and May (Fig. 4.a) and the daily-480 

scale coefficient of skewness in April (Fig. 4.c). 481 

When comparing the spatial extent of wet spells (Fig. 6.c), the wet area ratio is 482 

underestimated by 16.31% - 31.77% on average, for both localized storms with smaller cell sizes 483 

and wider stratiform events. This is mainly due to the model not representing the small-scale 484 

spatial storm structure and the time evolution within a rain cell. The modelled rain cells are static 485 

and cylindrical, which is a simplification of typical bell-shape moving cells shown in radar 486 

observation (Hardenberg et al., 2003). Under the simplification, the superposed spatial extent of 487 

all rain cells occurring over an area at a certain duration is overall narrower than the observed 488 

area. In order to form a cylindrical shape as the model assumes, the edges having a low rain rate 489 

are therefore moved closer to the cell centre, which has the effect of lowering the modelled wet 490 

area ratio. 491 

It is true that the performance of a model is largely determined by model calibration. 492 

Current model calibration is based on the Generalized Method of Moments, in which the 493 

weighting of each property is set to be the inverse of variance. The calibration gives a robust 494 

approximate to the optimal parameters (Jesus and Chandler, 2011). Additional procedures such 495 

as Depth-Duration-Frequency (DDF) analysis could be introduced to adjust the calibrated model 496 

parameters through a trial-and-error method, which is implemented for a single-site Neyman-497 

Scott model (Moretti and Montanari, 2008). However, the adjustment criteria are subjective, and 498 
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those fitted key statistics would change after the manual adjustment. Also, if it is applied to the 499 

space-time model, the resulting computational burden would be challenging. For each potential 500 

parameter set, a long-term space-time simulation (20 years or even longer) would be required to 501 

obtain the DDF curves. Additionally, the simulated DDF will be ‘optimized’ at the expense of 502 

increasing the estimation bias of some other key statistics (those used in the model calibration) at 503 

a point scale. Even though point statistics such as the autocorrelation could be better represented, 504 

the spatial structure of rain cells and the wet area ratio at a catchment scale are unlikely to reduce 505 

to a large extent. 506 

4.2 Bias propagation from rainfall to runoff 507 

By using the calibrated hydrological model, simulated runoff time series are obtained for 508 

both observed rainfall input and each realization of stochastic rainfall (Figure S10). The 509 

sensitivity of hourly Flood Duration Curves (FDCs) to rainfall forcing scenarios is then 510 

compared for the catchment outlets, during both low flow (Summer, JJA) and high flow seasons 511 

(Winter, DJF). In the flow duration analysis (Fig. 7), the FDC for the reference runoff is within 512 

the range of variability of the simulations that use stochastic rainfall as input. For the median 513 

streamflow (Q50) during winter, NS(s-t) modelled rainfall reproduces the runoff in both 514 

catchments, with a relative bias less than 6.70% (Fig. 7.b, 7.d). During summer, NS(s-t) produces 515 

a Q50 streamflow close to the reference runoff, with the relative bias between 4.96% and 32.5% 516 

(Fig. 7.a, 7.c). FDCs of hourly streamflow give a similar pattern (not shown here). We note that 517 

in the Stour catchment the simulated summer flow is generally low (~0.1 m3/s), both for the 518 

reference runoff and the runoff generated using the NS(s-t) forcing. The low value is associated 519 

with the summer drought in the catchment and the omission of crop irrigation in the hydrological 520 

simulation. 521 
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In light of this, we analysed the flood frequency curves (FFCs) on a seasonal basis 522 

whereby the analysis for summer was solely based on the Welland catchment (Fig. 8.a, 8.b). At 523 

an aggregated daily scale (Fig. 8.a), the ensemble range of the NS(s-t) produced runoff covers 524 

the 95% confidence interval of the reference runoff. On average, the NS(s-t) results in a 2.9 525 

m3/s higher peak discharge for a 10-year return level, where the relative bias is 16.9%. It 526 

suggests that the simplified spatial organization and neglected movement of single cells assumed 527 

in the model do not largely affect the resulting peak discharge at the daily scale. This behaviour 528 

is likely due to the filtering role of the catchment, where the effect of spatial-temporal variability 529 

of rainfall on runoff is smoothed over the catchment area and alleviated by the concentration 530 

time (Andrés-Doménech et al., 2015). Therefore, the daily peak discharge is well preserved by 531 

the NS(s-t) model with only a slight overestimation. This overestimation is consistent with the 532 

slightly overestimated areal mean precipitation extremes at a daily scale (Fig. 6.b) where the 533 

estimation bias is not significantly magnified in the rainfall-runoff transformation.  534 

At a finer scale (e.g., hourly), a different pattern of FFCs is observed during summer (JJA) 535 

(Fig. 8.b). The hourly discharge of a 10-year return level (averaged over 20 ensemble 536 

simulations) produced by the NS(s-t) model (63.58 m3/s) is 163.5% higher than the reference 537 

discharge (24.13 m3/s). The overestimation implies that the error in the representation of the 538 

hourly areal extremes (Fig. 6.b) is not filtered out by the rainfall-runoff transformation. Instead, 539 

the misrepresentation is amplified, leading to a greater peak discharge than the theoretical one. 540 

At the hourly scale, the spatial variability of summer rainfall is expected to play a vital role in 541 

modulating peak discharge, aside from the inter-dependency of rainfall properties. 542 

In terms of the FFCs during the winter season (DJF), the ensemble range of simulated 543 

discharge of the stochastic forcing largely overlaps with the 95% confidence interval of reference 544 
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curve (Fig. 8.c-8.f). At a daily aggregation level, the relative bias of the 10-year flood (ensemble 545 

average) is 0.36%-9.23% (Fig. 8.c, 8.d). At an hourly scale, the relative bias at the same return 546 

level is 5.80%-25.96% (Fig. 8.e, 8.f). Although the stochastic model yields a greater value of 547 

areal rainfall extremes, at the Welland catchment, the winter peak discharge turns out to be 548 

slightly underestimated. The estimated result might be a joint effect of a higher areal extreme but 549 

shorter-lived rainfall event produced by the stochastic forcing, compared with the flood-inducing 550 

rainfall events. Besides the fact that the fitted model underestimates the observed daily 551 

autocorrelation, in the UK extreme winter flooding is largely associated with atmospheric rivers 552 

(ARs) (Lavers et al., 2011; Ralph et al., 2006). The accompanying large amount of water vapour 553 

as well as the strong winds further strengthen the dependency between event duration and 554 

intensity in this type of extreme event. Simulation of this dependence structure is expected to be 555 

crucial for the purpose of hydrological design (Callau Poduje and Haberlandt, 2017), while these 556 

properties are independent in the cells of the rainfall model. 557 

It is worth mentioning that the fitting methods used for the extreme value analysis affect to 558 

some extent the magnitude of fitted maxima, all the more so as the sample is only 9 years long. 559 

Several fitting methods have been tested, including generalized maximum likelihood estimation 560 

(Martins and Stedinger, 2000), L-moment estimates. The comparison of FFCs from different 561 

rainfall forcings lead to the same conclusion for both seasons and both time scales. 562 

4.3 Insights on catchment runoff generation 563 

To understand how the generated rainfall results in an inadequate behaviour of hourly peak 564 

discharge, particularly in summer, the fractions of saturated soil for different rainfall forcing are 565 

compared. Then the impact of spatial rainfall structure on the spatial pattern of soil moisture is 566 

assessed. In JJA (river Welland), the NS(s-t) forcing gives an overall lower fraction of saturated 567 
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soil, compared with the observed fraction of saturated soil (Fig. 9). The discrepancy becomes 568 

more significant with increasing mean areal intensity. In DJF, the resulting soil pattern from the 569 

NS(s-t) forcing is in closer agreement with the one from observed rainfall forcing. 570 

The lower areal fraction of saturated soil is due to the wet area ratio being underestimated 571 

by the stochastic model (Fig. 6.c). The lower areal fraction of saturated soil is pronounced in JJA, 572 

but less significant in DJF. It might be related to an additive effect of storm movement (advection) 573 

in the observed summer rainfall. With the movement, a larger area will be saturated, something 574 

which is not well captured by the model. Simplified static storms with the same intensity in the 575 

rainfall model lead to higher spatial connectivity of surface water transport. Therefore, the excess 576 

flow is able to travel faster into the river channel and results in a faster and more intense catchment 577 

response (Paschalis et al., 2014a; Seo et al., 2012). It suggests that the rain cell structure plays an 578 

important role in the spatial distribution of saturated soil moisture, which is directly linked with 579 

the spatial distribution of generated excess runoff in river catchments. 580 

5 Conclusions and Outlook 581 

In summary, this study shows that the rainfall model reproduces most of key statistics of 582 

rainfall. Those statistics include moment estimates (up to the third order) of the marginal 583 

distribution of rainfall intensity, the autocorrelation of intensities, point rainfall extremes and the 584 

decay of spatial correlation with distance at both hourly and daily scales. However, the spatial 585 

correlation is generally overestimated at short distances, and the hourly areal extremes at the 586 

spatial scales of medium-sized catchments (~700 𝑘𝑚2) are also mostly overestimated. After a 587 

non-linear rainfall-runoff transformation, the overall distribution of flow series is preserved by 588 

the generated rainfall field in both high and low flow seasons. The daily peak flow during winter 589 

season is well captured with a relative bias of 4.79% on average at a 10-year return level. 590 
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Moving to hourly resolution, at the same return level, the model gives a comparable peak 591 

discharge with the reference runoff in winter but an overestimation of 163.5% in summer. The 592 

divergent performance in the two seasons is in agreement with the inadequately reproduced area 593 

of saturated soil during summer, which could be explained by the underestimated wet area ratio 594 

and the absence of storm movement in the rainfall model. 595 

This conclusion is only based upon examining one of the state-of-the-art point-process 596 

models. The simplified spatial structure (no storm advection, spatially constant inner-cell 597 

intensity, lack of dependency between cell radius and intensity) is however essentially the same 598 

as that of the widely used version of this type of Neyman-Scott spatial-temporal model (Burton 599 

et al., 2008; Cowpertwait, 2006). The models could be improved by deriving the analytical 600 

solutions for a new point process model removing those assumptions, although there are only 601 

few attempts in this direction (Evin and Favre, 2008), because of the nearly intractable 602 

mathematical equations this gives rise to. Other point process models sharing this simplified 603 

spatial structure, would most likely also misrepresent the wet area ratio and overestimate the 604 

hourly areal extremes. Therefore, the conclusion in terms of the overestimated hourly peak 605 

discharge during the summer season can be generalised to most of the existing space-time 606 

models based on point processes and sharing these assumptions. The misrepresentation could be 607 

greater for applications of the model to locations experiencing more frequent convective events.  608 

Aside from the intrinsic model structure, the shortcoming of this point process model for 609 

catchment studies is related to its calibration procedure. Certain key descriptors of the rainfall for 610 

river flood estimation could not be used in calibrating the NS(s-t) model under the GMM. This is 611 

the case for example, for the total areal rainfall over the catchment, or accumulated rainfall depth 612 

over a storm event. A potential solution is to consider a calibration method involving 613 
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simulations, so that we could consider directly calibrating rainfall models to the areal rainfall, 614 

even runoff statistics. For example, one approach for this calibration method would be to use a 615 

likelihood free method such as Approximate Bayesian Computation instead of using a GMM-616 

based calibration. Such calibration methods place no restrictions on what statistics can be used, 617 

but they come at the expense of an enormous computational cost. Compared with other weather 618 

generators (such as Serinaldi and Kilsby, 2014, fig. 13; Tarpanelli et al., 2012, fig. 10), these 619 

models converge in their overestimation of areal extremes at the desired temporal resolution. A 620 

careful check on generated areal rainfall amount by a rainfall generator will be essential for 621 

future applications. 622 

In future research more complex models might be needed for a better estimation of 623 

catchment hydrological responses. Whether the model we used here or another type of space-624 

time models (such as Gires et al., 2012; Papalexiou, 2018; Paschalis et al., 2013) performs better 625 

remains an open question. Further research could explore how the choice of stochastic rainfall 626 

model affects the generated rainfall and catchment response. 627 

Regarding the implications for real world case studies, the stochastic rainfall model can be 628 

used to obtain flood frequency curves, by using an ensemble of simulations so as to represent the 629 

stochastic uncertainty. We have shown that this type of stochastic rainfall can produce a long-630 

term flow comparable at both daily and hourly scales with the reference runoff with observed 631 

rainfall forcing. It implies that point process models are suitable for obtaining flow duration 632 

curves, and particularly well-behaved for high flow seasons. The well simulated daily peak 633 

discharge confirms the model’s validity in inferring the flood frequency curves at ungauged sites 634 

at a daily scale. However, the model is not suitable for obtaining hourly flood frequency curves, 635 

particularly during the summer season, because the peak discharge can be largely overestimated. 636 
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This overestimation could lead to unnecessary investments in flood mitigation measures. Note 637 

that our study focuses on river flooding; we did not consider the potential risk of other flooding 638 

types such as groundwater flooding due to high groundwater levels (DEFRA, 2009b).  639 
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Figure 1. Location map of the study area, rain gauges and digital terrain model (DTM) of two 

experimental catchment areas. (a) locations of rain gauges, radar centre and two experimental catchment areas, 

the filled circles indicates distances of 50, 100 and 200km from the radar centre; (b,c) digital terrain model 

(DTM) of the Welland catchment with an outlet at Tallington and the Stour catchment with an outlet at 

Stratford St Mary 

 
Figure 2. Schematic of the spatial-temporal rainfall model (left) the spatial pattern of time t1, (right) the 

modelled cell occurrence at sites P1 and P2. The height of each rectangle represents the cell intensity. The length 

of each rectangle represents the cell duration. 
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Figure 3. Comparison of long-term flow from observed gauges and model, at two benchmark stations. 

Enlargement of daily discharge between 2013 Oct and 2014 Jun in the box (top right of each plot). 

 

 
Figure 4. Validation of NS(s-t) model in terms of point rainfall statistics, including (a) coefficient of 

variation; (b) lag-1 autocorrelation; (c) coefficient of skewness; (d) probability of dry periods, at 1, 6, 24-hour 

aggregation levels; (e) annual mean daily rainfall: Red points represent the observed value which is the 

weighted average at 54 observation sites, the boxplots represent the range of 100 simulation replicates; (f, g) 

cross-correlation of hourly rainfall for all pairs of gauged sites in January and June, with a scatter plot between 

modelled and observed cross-correlations in the top right of each panel. 
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Figure 5. Annual maximum rainfall intensity against the return periods in different seasons, at (a) 1-hour 

aggregation level and (b) 24-hour aggregation level. The observed values are shown as quartile error bars, with 

upper and lower 10th percentiles shown as crosses and medians shown as circles. The solid line is an overall 

estimate (site-median, ensemble-median) for the simulated series. The dotted lines are estimates of the upper 

and lower quartiles, and the dashed lines are estimates of upper and lower 10 percentiles of data used to 

calculate the ordered medians (see method section for full explanation) 

 

 

 

 
Figure 6. Comparison of modelled rain and observed rain on three statistics related to areal rainfall. (a) scatter 

plot of ARFs derived from (x-axis) radar observation and (y-axis) NS(s-t) generated field, for durations of 1,2,6 

24 hours. The ARFs for several areas (400,960,1700,2600,3720 and 4000 𝑘𝑚2) were computed. Marker size 

indicates the magnitude of the aggregated area. (b) Exceedance probability of catchment rainfall at three 

aggregation levels (1, 6, 24 hours) for the Welland river catchment (717 𝑘𝑚2). (c) Exceedance probability of 

Wet Area Ratio (at Welland river catchment) at hourly scale for JJA. 
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Figure 7. Comparison of flow duration curve between the reference runoff (simulation of observed rainfall 

forcing) and simulations of 20 NS(s-t) forcings at River Stour (a, b) and River Welland (c, d) catchments. 
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Figure 8. Comparisons of flood frequency curves (FFCs) from different rainfall forcings. (a, b) FFCs in 

summer season (JJA) at a daily and hourly scale respectively, (c, d) FFCs in winter season, at a daily scale; (e, 

f) FFCs in winter season (DJF), at an hourly scale. The shaded area of reference runoff (in red) gives a 95% 

confidence interval of Gumbel estimation of peak discharge. Shaded area in grey gives a range between 95th 

and 5th percentile of 20 ensemble simulation (Gumbel fitted). 

 

 

 
Figure 9. Saturated fraction of soil against the mean areal intensity in (a) JJA, (b) DJF at the River 

Welland Catchment. Mean areal intensity and the maximum saturated fraction were computed for each event 

conditioned on initial saturated fraction lower than 15%. 
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Table 1. Chosen Manning coef. and calibrated parameters of hydrological model for two catchments 

Catchment property Value 

Manning Coef. - River 0.04 (McCuen, 2005, Table 3-4) 

Manning Coef.  - Arable 0.1 (McCuen, 2005, Table 3-4) 

Anisotropy ratio 50 

Root zone depth (mm) 450 

Max Groundwater storage 1800 

Exponent in storage-discharge function 2 

 

 

 

 

 

Table 2. Relative error (month average) of summary statistics computed from the NS(s-t) model  

Aggregation level CV SKEW Acorr 

1h -0.64% -3.37% -2.14% 

6h -4.10% 3.60% -2.26% 

24h -3.11% -2.82% -18.89% 

* minus sign means underestimation. 


