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Abstract. Convective rainfall varies at multiple scales: individual cells evolve within storms, while the population of cell in-

tensities can differ substantially between storms. Existing object-based stochastic storm generators commonly represent cell

occurrence and movement but provide limited representation of these two sources of variability. This study develops a spatial-

temporal convective storm generator that explicitly represents both. At the cell scale, radar-derived tracks are represented

using three lifespan-based classes, ranging from complete growth-peak-decay lifecycles to short-lived and transient cells, with5

dependence among evolving intensity and geometric properties preserved using copulas. At the storm scale, each event is as-

signed a storm-specific distribution of cell intensities. Its location and spread are modelled using Generalised Additive Models

for Location, Scale and Shape (GAMLSS), with near-surface air temperature representing systematic environmental depen-

dence and event-level random effects representing residual storm-to-storm variability. The framework was calibrated using 169

warm-season convective storms observed over Birmingham, UK, between 2005 and 2017. The resulting generator reproduces10

the observed cell-property distributions, dependence structures, storm-scale organisation and temporal clustering. Importantly,

using a single pooled cell-intensity distribution largely removes the observed between-storm intensity variability, whereas the

storm-specific formulation recovers the observed variance partition while retaining within-storm dispersion. This improves the

distributions of event-maximum cell intensity and substantially improves their extreme-value behaviour, with observed return

levels remaining within the 5-95% simulation intervals across return periods of 2-100 years. The resulting framework links15

storm-scale environmental variability to populations of dynamically evolving convective cells, providing a computationally

efficient basis for large-ensemble spatial-temporal rainfall generation and future climate-conditioned applications.

1 Introduction

Climate change is altering the frequency and intensity of weather extremes (Trenberth et al., 2003; Liu et al., 2009; Guhathakurta

et al., 2011), with growing evidence of intensifying localised, short-duration rainfall associated with severe convective systems20

(Guerreiro et al., 2018; Fowler et al., 2021b, a; Lenderink et al., 2021). For rapidly responding urban catchments, hydrological

response depends not only on rainfall magnitude but also on where intense rainfall occurs and how its spatial structure moves

and evolves over time (Ochoa-Rodriguez et al., 2015; Muñoz Lopez et al., 2023). Convection-permitting (CP) models have

increasingly been used to improve the simulation of such extreme precipitation (Trapp et al., 2019; Coppola et al., 2020; Prein
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et al., 2020; Halladay et al., 2023; Archer et al., 2024). Their computational demands, however, constrain the production of the25

large ensembles required for hydrological risk assessment (Kendon et al., 2021; Lucas-Picher et al., 2021).

Stochastic rainfall and weather generators provide a computationally efficient means of producing high-resolution rainfall

simulations. These generators are generally calibrated using historical observations from the area of interest and are designed

to reproduce selected regional rainfall characteristics. Their relatively low computational cost allows them to generate long

synthetic records or large ensembles, and they have therefore been widely applied to urban drainage design (Willems, 2001;30

Thorndahl and Andersen, 2021) and flood-risk assessment (Simões et al., 2015; Diederen and Liu, 2020; Wright et al., 2020).

Substantial progress has been made in developing stochastic generators that reproduce the space–time organisation of rain-

fall. Point-process models represent storms and their constituent cells as discrete objects within a hierarchical clustering struc-

ture (Rodriguez-Iturbe et al., 1987, 1988; Northrop, 2024). Initially developed for rainfall time series (Cowpertwait, 1994; Onof

and Wheater, 1994, 1993), these models were later extended to space–time rainfall using dense rain-gauge networks (Wheater35

et al., 2000; Willems, 2001; Koutsoyiannis et al., 2003; Burton et al., 2008; Segond and Onof, 2009) and radar-derived rain-

cell properties (Féral et al., 2003; Luini and Capsoni, 2011; McRobie et al., 2013; Muñoz Lopez et al., 2023). Correlated

random-field generators instead simulate continuous rainfall fields designed to preserve observed dependence across spatial

and temporal scales (Ferraris et al., 2003; Paschalis et al., 2013; Benoit et al., 2018; Wilcox et al., 2021; Papalexiou et al.,

2021; Green et al., 2024; Schertzer and Lovejoy, 1987; Gires et al., 2020). Point-process models explicitly represent individual40

storms and cells, whereas random-field models preserve multiscale rainfall structure without necessarily tracking individual

cells. For applications dominated by localised, short-duration convective rainfall, representing rainfall as individual cells is

particularly useful because their spatial structure, movement and lifecycle evolution can be modelled explicitly.

Convective rainfall varies across several related scales. Individual cells grow, reach peak intensity and decay within a storm,

while the characteristics of the cell population can differ substantially from one storm to another (Northrop, 2024; Rigo and45

Carmen Llasat, 2016; Kaczmarska et al., 2014; Onof and Wang, 2020; Tseng et al., 2025). A convective-storm generator should

therefore represent both the evolution of cells within storms and differences between storms. Random-field generators such

as STREAP (Paschalis et al., 2013) and AWE-GEN-2d (Peleg et al., 2017) draw event-specific areal rainfall properties and

can therefore represent variations in storm intensity without resolving individual cells. More generally, conditioning rainfall

characteristics on atmospheric covariates or discrete weather regimes allows rainfall properties to vary between environmental50

states (Wilks and Wilby, 1999; Ivanov et al., 2007; Jones et al., 2010; Fatichi et al., 2011; Peleg and Morin, 2014; Papalexiou,

2018) and can support internally consistent scenarios for impact and climate assessments (Sparks et al., 2018; Ahn, 2020; Van

De Velde et al., 2023). For a cell-resolving generator, the challenge is to represent how cell properties evolve together over

individual lifecycles while also allowing the population of cell intensities to differ between storms.

Object-based generators have improved the representation of cell occurrence, movement and spatial structure, but their55

treatment of cell evolution remains rather limited. Such generators commonly represent cell occurrence and advection while

holding cell properties fixed throughout their lifetimes (Féral et al., 2003; Luini and Capsoni, 2011; McRobie et al., 2013;

Muñoz Lopez et al., 2023). Other spatial storm generators allow selected properties to change through prescribed functions,

such as a triangular-plus-tail intensity profile (Wilcox et al., 2021) or an exponential size–intensity relation (Ghirardin et al.,
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2016). These formulations represent temporal changes in individual properties, but the joint evolution and dependence of60

multiple properties over the growth–peak–decay lifecycle remain partly characterised (Rigo and Carmen Llasat, 2016). This

omission can lead to unrealistic rainfall extremes and hydrological responses (Muñoz Lopez et al., 2023). To address this

limitation at the cell scale, Tseng et al. (2025) developed a copula-based framework that preserves both the temporal profile

of cell evolution and the dependence among cell properties. That framework provides the cell-scale foundation for the present

study.65

A second limitation arises at the storm scale. Even when individual cell lifecycles are represented, the distribution of cell

intensities can vary substantially from one storm to another. The object-based generator of McRobie et al. (2013) provides a

useful illustration. Its initial formulation sampled cell-peak intensities independently from a Generalised Pareto distribution

fitted to cells pooled across all observed storms, which led to too few intense storm events. The authors therefore introduced a

heuristic dependence mechanism that increased the probability of generating several intense cells within the same storm. This70

recognised that cell intensities are organised at the storm scale, but the underlying intensity distribution remained common to

all storms. The mechanism therefore strengthened the association among cell intensities within a storm without allowing the

cell-intensity distribution itself to differ between storms.

This example highlights an important distinction between the organisation of cell intensities within a storm and differences in

the intensity distributions of separate storms. Increasing the probability that several intense cells occur together can strengthen75

the internal organisation of a storm, but it does not make the population of cell intensities storm-specific. When all storms draw

cells from one common intensity distribution, differences among storms are suppressed even if selected lower-order rainfall

statistics are reproduced. This matters for extremes because a storm maximum arises from the collective intensities of the cells

within that storm, and its simulated behaviour is sensitive to the assumed cell-intensity distribution (Onof and Wang, 2020;

Marani and Ignaccolo, 2015; Marra et al., 2019). A cell-resolving generator should therefore allow different storms to draw80

from different cell-intensity populations rather than assigning the same parent distribution to every storm.

Representing these differences between storms then raises the question of how much of the variation can be related to the

storm environment. Near-surface temperature is a suitable covariate because it is associated with systematic changes in short-

duration convective rainfall intensity (Lenderink et al., 2021; Fowler et al., 2021a) and is readily available from reanalysis and

climate-model output. Relating part of the variation to temperature improves the physical interpretation of the generator and85

provides a route towards climate-conditioned rainfall scenarios. Temperature, however, describes only one aspect of the storm

environment, and storms occurring at similar temperatures can still contain different populations of cell intensities. These

remaining storm-to-storm differences should be represented at the storm scale rather than treated as independent cell-level

variability.

Existing generators account for parts of this variability through storm-varying mean intensity (Kaczmarska et al., 2014;90

Onof and Wang, 2020), weather-type-specific intensity distributions (Peleg and Morin, 2014), or temperature-dependent pa-

rameters at monthly or climatic scales (Kaczmarska et al., 2015). In the cell-resolving approaches considered here, however,

temperature-related changes and the remaining differences among individual storms are not represented jointly. Moreover, dif-

ferences between storms may affect not only the average cell intensity but also the spread of intensities within each storm. A
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mechanism is therefore needed that allows both the average and spread of cell intensities to vary systematically with tempera-95

ture while retaining storm-to-storm differences that temperature does not explain.

Together, these limitations motivate an object-based spatial storm generator that represents convective rainfall at two com-

plementary levels. At the cell scale, evolving lifecycles describe how cell intensity and size change over the duration of each

cell. At the storm scale, temperature and residual storm-to-storm variability define a storm-specific population of cell inten-

sities. The proposed framework therefore links storm-scale environmental conditions to populations of dynamically evolving100

cells, which are subsequently rendered as two-dimensional rainfall fields. In doing so, it addresses both within-storm evolution

and between-storm variability within a unified stochastic storm-generation framework.

This paper is organised as follows. Section 2 describes the pilot domain, rainfall data, storm-event selection, and the derived

cell-property dataset used for model calibration. Section 3 presents the complete event-to-cell storm-generation framework,

including the temperature-conditioned cell-intensity component and the reconstruction of two-dimensional rainfall fields. Sec-105

tion 4 evaluates the generated storms in terms of cell-scale properties, storm-scale behaviour, temporal structure, intensity

variability, and extremes. Finally, Section 5 summarises the main findings and discusses future extensions towards multi-site

applications.

2 Study Area and Data

2.1 Pilot domain110

The pilot site is the 431 km2 Minworth catchment in the West Midlands, England (Fig. 1, right), a highly urbanised area

encompassing Birmingham and part of the Black Country. Minworth was selected because of its history of surface-water

flooding associated with localised, high-intensity summer convective storms (Birmingham City Council, 2015).

Centred at the Minworth catchment, two domains with different sizes were used for storm-cell tracking and subsequent

statistical analysis. These domains are:115

– The tracking domain is a 500 km × 500 km domain centred on Minworth (the square outlined by the black dashed line

in Fig. 1, left). Storm tracking was conducted over this larger domain to support reliable estimation of storm motion

(Wang et al., 2015).

– The analysis domain is a 250 km × 250 km domain centred on Minworth. This smaller domain has denser radar coverage

and hence better data quality (Fig. 1, left), while also reducing boundary effects on the extracted cell properties. Storm120

cells may only partially enter the tracking domain during an event period, and including these incomplete tracks in the

statistical analysis may bias the estimated distributions of cell properties.
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2.2 Datasets

2.2.1 Radar rainfall data

Radar QPEs were obtained from the British Atmospheric Data Centre as the UK Met Office Nimrod quality-controlled multi-125

radar composite (Golding, 1998). The product has spatial and temporal resolutions of 1 km and 5 min, respectively, and incorpo-

rates corrections for anomalous propagation, attenuation and the vertical reflectivity profile, together with an hourly nationwide

mean-field bias adjustment (Harrison et al., 2000, 2009; Sandford, 2015). Its coverage over the tracking and analysis domains

is shown in Fig. 1.

2.2.2 Near-surface air temperature130

Hourly 2 m air temperature was obtained from the ERA5-Land reanalysis at its native 0.1◦ grid spacing (Muñoz-Sabater et al.,

2021). For each radar event, the hourly temperature field was first averaged over the approximately 250 km × 250 km extraction

domain centred on the pilot site. The event window was extended to whole hours by rounding its start down and its end up to the

nearest hour, and the maximum of the resulting hourly spatial means was retained as the event-level covariate Te. ERA5-Land

temperatures were retrieved in kelvin and converted to degrees Celsius for model fitting and reporting.135

2.3 Storm-event selection

The event catalogue was compiled using criteria informed by the WaPUG guideline for urban-drainage model verification

(Gooch, 2009). Events were required to produce effective rainfall greater than 0 mm, while strict gauge-based exclusions

were relaxed to retain localised storms that could otherwise be omitted. The catalogue was restricted to the convective season

of May–July. Of the 171 tracked events, two did not contain full-lifecycle paths and were excluded because they could not140

support the common three-type calibration. The resulting calibration cohort therefore comprised 169 storm events observed

between 2005 and 2017 (on average, 13 events per year).

Radar observations from the selected events were subsequently analysed using the storm-cell tracking framework of Tseng

et al. (2025), from which the storm- and cell-scale properties required for calibrating the proposed storm generator were

derived.145
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Figure 1. Pilot catchment, study domains and rainfall monitoring networks. Left: the Minworth catchment (in the very middle of the map),

the neighbouring UKMO radar sites and their effective coverages, and the tracking and analysis domains are illustrated. Right panel: a close

view of the Minworth catchment (and its relative location to the city of Birmingham), and the neighbouring Environment Agency (EA) rain

gauges. Adapted from Tseng et al. (2025).

2.4 Derived storm and cell properties

2.4.1 Overview

The proposed storm generator requires information describing both individual convective cells and the storms that contain

them. Cell-scale properties characterise the geometry and temporal evolution of individual cells, whereas storm-scale properties

describe the overall organisation and environmental conditions associated with each storm event.150

Cell-peak intensities were retained only when they exceeded the radar cell-extraction floor imposed by the tracking proce-

dure. Because this floor is part of the observation process rather than the generator itself, it is treated later as a conditioning

threshold in the GAMLSS fitting stage.

The required properties were derived from the radar cell tracks of Tseng et al. (2025), applied to the warm-season events

selected in this study. At cell scale, the extracted properties comprise a path-specific reflectivity-derived intensity, the major155

and minor axis lengths (Smaj,Smin), the orientation Θc, the lifespan, and the per-step growth and decay rates of intensity and

axis lengths. At storm scale, the derived properties include the total cell count, event duration, storm advection statistics, and

the event-maximum 2 m air temperature obtained from ERA5-Land. The radar-based derivation of individual cell properties

follows Tseng et al. (2025); here we focus on how these properties are organised and summarised for calibrating the storm

generator.160
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2.4.2 Lifespan-based cell classes

Cell longevity provides a physically interpretable axis along which to represent the heterogeneity of the tracked cell population.

In the observed tracks, longer-lived cells are systematically stronger and larger: mean peak intensity, major-axis length and

area all increase monotonically with path duration, while path length is positively associated with peak intensity (Spearman

ρ= 0.52). This gradient suggests that observed lifespan reflects the degree to which a cell develops and persists, rather than165

simply acting as a bookkeeping variable.

We therefore use lifespan to partition the 102,296 extracted cell paths into three representations. The 27,730 full-lifecycle

paths comprise tracks of at least three 5-min observations for which the lifecycle extraction of Tseng et al. (2025) identifies

a growth-peak-decay sequence. The remaining paths comprise 19,252 two-time-step short-lived paths, for which only one

transition is observed, and 55,314 single-time-step transient paths, for which no temporal transition can be resolved in 5-min170

radar data.

In the remainder of the paper, these three classes are referred to as full-lifecycle, two-time-step short-lived and single-time-

step transient paths. For compact notation in equations and tables, these classes are denoted PL1 for single-time-step transient

paths, PL2 for two-time-step short-lived paths and PL3 for full-lifecycle paths.

These classes discretise a continuous longevity-vigour gradient rather than representing distinct convective regimes, because175

observed lifespan is inferred from radar tracking and may also be influenced by cell splitting, merging and finite observation.

Separate representations are nevertheless required because different lifecycle information is available for each class: growth

and decay can both be resolved for full lifecycles, only a single transition is available for two-time-step paths, and only

instantaneous properties are available for single-time-step paths.

2.4.3 Advection statistics180

For each eligible tracked lifecycle, the translation speed and direction were calculated from the displacement between its

weighted centroids at the first and last observations. Translation speed was obtained by dividing this displacement by the

elapsed time, 5(n− 1)min for a lifecycle comprising n observations. The pooled lifecycle-speed distribution was used to

calibrate the steady event velocity Vs.

Within each observed event, lifecycle directions were grouped into 5◦ bins, and the centre of the most frequent bin was185

taken as the dominant storm direction Θs. Directional variability was represented by the circular standard deviation. These

storm-scale advection statistics subsequently constrain the generation of cells within each simulated storm (Sect. 3.2.3).

2.4.4 Calibration dataset

The complete calibration cohort described above was used for model calibration and subsequent descriptive evaluation. Be-

cause the objective of this study is to develop and characterise a stochastic storm generator rather than evaluate predictive190

performance, no independent temporal holdout period was reserved.
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3 Methodology

3.1 Overview

Figure 2 provides an overview of the proposed stochastic storm generator. The framework follows the event-to-cell philosophy

of object-based storm generators, in which storms are represented as collections of individual convective cells before being195

reconstructed into two-dimensional rainfall fields. Variability is represented at two complementary levels. At the cell scale, the

generator incorporates the lifespan-based cell-path representations derived from radar observations and the lifecycle framework

of Tseng et al. (2025). At the storm scale, each event is assigned its own cell-intensity distribution, whose characteristics depend

partly on near-surface temperature while retaining additional storm-to-storm variability not explained by temperature.

The generation proceeds sequentially from storm events to rainfall fields. Storm occurrence and event-scale characteristics,200

including storm duration, cell-path count, composition and advection, are generated first. Individual cell paths are then placed

within each storm and assigned their reference-state intensity, geometric and temporal-evolution properties. For each path type,

the reference-state intensity is drawn from the storm-specific intensity distribution, while the remaining cell properties and their

dependence follow the calibrated cell-property and lifecycle models. Finally, the evolving cells are transformed into successive

two-dimensional rainfall fields using a parametric rain-cell model.205

The framework combines point processes for storm occurrence and cell arrivals, probability distributions for individual

storm and cell properties, and copulas for preserving dependence among jointly varying properties. The following subsections

describe the event-to-cell generation procedure, cell-property and lifecycle generation, storm-specific cell-intensity modelling,

rainfall-field rendering, and model calibration.

3.2 Event-to-cell storm-generation framework210

The event-to-cell component determines the occurrence, composition, temporal placement and movement of the cell paths

constituting each synthetic storm. Storm occurrence and event-scale properties are generated first, followed by the allocation

of the total cell-path count among the lifespan-based classes (PL1, PL2 and PL3) defined in Sect. 2.4. Reference times and

trajectories are then assigned to individual paths before their properties and temporal evolution are generated in Sect. 3.3.

3.2.1 Storm occurrence and event-scale properties215

The storm-scale step defines the temporal envelope and common advection properties of each synthetic event. Storm arrivals

are represented by a homogeneous Poisson process with rate λs, estimated from the observed number of events over the

calibration period. For a target simulation horizon of T warm seasons, the number of storms is generated as

Ns ∼ Poisson(λsT ). (1)

The simulated events inherit the seasonal scope of the calibration catalogue, which covers May-July for the Birmingham pilot;220

no additional within-year placement model is therefore applied. For each synthetic event e′, the storm duration De′ and total
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Figure 2. Conceptual overview of the proposed convective storm generator. Event-scale storms condition cell-path placement and type-

specific property generation through temperature-dependent storm-to-cell distributions of reference-state intensity; reconstructed lifecycles

are then rendered as successive 5-min rainfall-rate fields using a parametric cell representation. Colours denote the three lifespan-based cell-

path types.

number of cell paths Nc,e′ are sampled jointly from a fitted bivariate copula. This preserves the observed positive associa-

tion between event duration and cell-path count while allowing the two quantities to retain their separately fitted marginal

distributions.

A steady translation speed Vs,e′ and dominant direction Θs,e′ are then generated for each event. These event-scale advection225

properties define the common movement around which the trajectories of the constituent cell paths are generated.
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3.2.2 Cell-path allocation and temporal placement

After the total number of cell paths has been generated, the paths are allocated among the three lifespan-based classes defined

in Sect. 2.4. Because the three type proportions are constrained to be positive and sum to one, two additive log-ratios are

modelled and subsequently transformed back to the original proportions. Taking the PL2 proportion as the reference, for each230

synthetic event we draw

ye′ =


log(pe′,PL3/pe′,PL2)

log(pe′,PL1/pe′,PL2)


∼N (µALR,ΣALR). (2)

The proportions are recovered by the corresponding softmax transformation, so that they are positive and sum to one. Given

these proportions, integer cell-path counts are drawn jointly as

(ne′,PL3,ne′,PL1,ne′,PL2)∼Multinomial(Nc,e′ ,pe′,PL3,pe′,PL1,pe′,PL2) . (3)235

For enhanced readability, the noise-deconvolved ALR parameters and validation of the resulting composition are reported in

Supplement S2.

Given the allocated counts, the temporal placement of cell paths within the storm is represented at the 5-min radar time step.

For each cell-path type k, the number of new reference-time arrivals per time step follows a negative-binomial marginal, ac-

commodating the observed overdispersion in cell-path arrivals. Temporal dependence is introduced through independent latent240

Gaussian AR(1) processes, one per cell-path type: each latent sequence is mapped through the normal CDF and subsequently

through the negative-binomial inverse CDF, following the use of temporally dependent point processes in stochastic rainfall

generators (Onof and Wang, 2020). A common autoregressive parameter ϕ= 0.55 is shared across the three per-type processes

and calibrated against the lag-1 autocorrelation of the aggregate active-cell sequence, rather than fitted separately for each path

type.245

The reference time corresponds to the characteristic peak for PL3 paths and to the initial occurrence for PL1 and PL2 paths.

The resulting reference-time series determines the temporal placement of the cell paths subsequently generated in Sect. 3.3.

3.2.3 Cell-path movement

The event-level advection properties are translated into individual cell-path trajectories by combining the common storm speed

with path-specific directional deviations. All cell paths within an event inherit the steady translation speed Vs,e′ , while their250

directions vary around the dominant storm direction Θs,e′ . For cell path j, the directional deviation ∆Θj is sampled from a

von Mises distribution, which accounts for the circular nature of directional data:

f(∆Θj | 0,κ) =
1

2πI0(κ)
exp[κcos(∆Θj)] , (4)
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where I0(·) is the modified Bessel function of the first kind of order zero and κ controls the concentration around the event-level

direction. The resulting cell-path direction is255

Θc,j =Θs,e′ +∆Θj . (5)

The initial spatial location of each path is sampled relative to the storm centre from a fitted bivariate normal distribution

describing the observed spatial clustering of cells within storms. Together, the initial location, translation speed and movement

direction define the trajectory along which the generated cell states are subsequently rendered.

3.3 Cell-property and lifecycle generation260

Once a cell path has been allocated and assigned a reference time within a storm (Sect. 3.2), its intensity is obtained from the

storm-specific cell-intensity distribution described in Sect. 3.4. This intensity is then coupled with the remaining cell properties

through the type-specific joint models, yielding the property vector required for lifecycle reconstruction. The formulation

follows the lifecycle framework of Tseng et al. (2025), with the intensity marginal modified in the present study to account for

between-storm variability (Sect. 3.4).265

For cell path j of type k, let zj,k denote the set of properties required to reconstruct the cell states at the temporal resolution

available for that path type:

zj,k =





(
Iref,j,1,Sj,maj,Sj,min

)
, k = 1,

(
Iref,j,2,Sj,ini,maj,Sj,ini,min,RI,j ,R

maj
S,j ,R

min
S,j

)
, k = 2,

(
Iref,j,3,Sj,pk,maj,Sj,pk,min,Lj ,R

↑
I,j ,R

↓
I,j ,R

↑
S,j ,R

↓
S,j

)
, k = 3,

(6)

where k = 1, 2 and 3 denote PL1, PL2 and PL3, respectively; Iref,j,k denotes the intensity associated with the reference state

of cell path j of type k, corresponding to the single represented intensity for PL1, the initial intensity for PL2 and the peak270

intensity for PL3; Smaj and Smin are the major and minor axis lengths, L is lifecycle duration, and R denotes the corresponding

per-step rates of change. In particular, RI,j denotes the per-step rate of change of cell intensity, while Rmaj
S,j and Rmin

S,j denote

the corresponding per-step rates of change of the major and minor axis lengths; for PL3, the superscripts ↑ and ↓ distinguish

growth and decay. The state representation is therefore restricted to properties that can be resolved for each path class rather

than imposing a common lifecycle structure on all cells.275

The components of zj,k are generated jointly using type-specific copula models so that the dependence among cell intensity,

geometry, duration and rates of change is represented in the joint generation. For PL3, the peak intensity, peak axis lengths and

lifecycle duration form the characteristic state, with additional joint models describing the growth and decay rates of intensity

and geometry. For PL2, the initial intensity and geometry are generated together with the single resolved transition, whereas

PL1 requires only the instantaneous intensity and geometry. The marginal distributions and copula specifications used for these280

joint models are described in Sect. 3.6.
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The sampled properties are converted into a sequence of time-varying cell states through the type-specific reconstruction

operator

xj,k(t) =Rk(zj,k) . (7)

For PL3, Rk reconstructs the growth and decay of intensity and geometry around the generated peak state over the sampled285

lifecycle duration. For PL2, it reconstructs the single transition from the generated initial state, while for PL1 the generated

state is retained directly. The resulting xj,k(t) provides the intensity and geometry of each cell at every represented time step

and is subsequently passed to the rainfall-field renderer in Sect. 3.5.

The reference-state intensity entering these joint models is treated differently from the other cell properties. Rather than

sampling Iref,j,k from the fixed type-specific marginal used in the original lifecycle framework, the full generator replaces290

this marginal with a storm-specific marginal conditioned on near-surface temperature and residual storm-to-storm variability.

Section 3.4 describes this component and how the resulting intensities are integrated with the existing copula-based lifecycle

model.

3.4 Storm-specific cell-intensity distributions

Section 3.3 describes how the intensity and geometric properties of individual cell paths are generated while preserving their295

dependence. One component requires a different treatment: the marginal distribution of reference-state intensity Iref,j,k. Rather

than using a single type-specific intensity distribution pooled across all storms, the proposed generator allows this distribution to

vary from one storm to another. The storm-specific formulation described below represents both systematic temperature depen-

dence and remaining storm-to-storm variability, while retaining the cell-property dependence structure described in Sect. 3.3.

3.4.1 Modelling requirements300

Analysis of the calibration events shows that the distribution of cell intensity varies systematically between storms. Across

the three cell-path types, event-level intensity characteristics vary with the event-maximum 2 m air temperature Te, supporting

the use of temperature as a storm-scale covariate. Importantly, the variation is not restricted to the average intensity: the

within-event spread also changes among storms. Moreover, substantial differences remain among events occurring at similar

temperatures, indicating that temperature alone does not describe the full storm environment. The supporting exploratory305

analyses are shown in Fig. 3 and Supplement S4.

These observations define three requirements for the conditional intensity model. First, the centre of the cell-intensity distri-

bution should vary with temperature. Second, its within-storm spread should also be allowed to vary. Third, individual storms

should retain departures from the temperature-dependent relationship. We therefore model both the location and scale of the

cell-intensity distribution as functions of temperature, with event-level random effects representing the remaining storm-to-310

storm variability.
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Figure 3. Relationship between event-level reference-state intensity characteristics and event-maximum 2 m air temperature for the three

cell-path types. Columns show single-time-step transient, two-time-step short-lived and full-lifecycle paths; the top row shows the event

mean of Iref , and the bottom row shows the within-event maximum of Iref .

3.4.2 Conditional intensity model

The storm-specific intensity distributions are represented using Generalised Additive Models for Location, Scale and Shape

(GAMLSS). GAMLSS allows multiple parameters of a response distribution, rather than only its mean, to depend on ex-

planatory variables and random effects. This framework has been used in hydrology for non-stationary flood-frequency and315

runoff analyses, where distributional parameters vary with time or climate covariates (Villarini et al., 2009; Debele et al., 2017;

Scala et al., 2022). Here, it is used to describe how the distribution of reference-state intensity changes with the storm-scale

environment.

For event e and cell-path type k, the reference-state intensity of cell path c is modelled as

I
(e)
ref,c,k ∼Dk(µe,k,σe,k), gµ,k(µe,k) = fµ

k (Te)+ γµ
e , gσ,k(σe,k) = fσ

k (Te)+ γσ
e , (8)320
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where Dk is the selected intensity distribution for cell-path type k; µe,k and σe,k describe its location and scale, respec-

tively; and gµ,k and gσ,k are the corresponding link functions. The smooth functions fµ
k (Te) and fσ

k (Te) represent systematic

temperature dependence, while γµ
e and γσ

e represent residual event-level deviations. The latter are modelled jointly so that

storm-to-storm deviations in intensity level and spread can remain correlated.

Because the radar cell extraction imposes a lower intensity threshold Tk, the model is fitted and sampled conditional on325

exceeding this threshold. Accordingly, the conditional density used for cell generation is

fk,tr (x | µe,k,σe,k,Tk) =
fk(x | µe,k,σe,k)

1−Fk(Tk | µe,k,σe,k)
, x > Tk, (9)

where fk and Fk denote the density and cumulative distribution functions of Dk, respectively. The selected response families,

link functions, temperature smooths and random-effect structures are described in Sect. 3.6.

3.4.3 Integration with the cell-property sampler330

For each simulated storm e′, a storm-specific cell-intensity distribution is generated for each cell-path type. The event tem-

perature Te′ is first assigned. For simulations representing the Birmingham calibration climate, Te′ is sampled from the fitted

marginal distribution of the observed event-level temperature covariate; in climate-conditioned applications it can instead be

supplied by the driving climate data. A correlated pair of event-level random effects, (γµ
e′ ,γ

σ
e′), is then drawn from the fitted

type-specific covariance structure and combined with Te′ through Eq. (8). The required number of reference-state intensities is335

subsequently sampled from the resulting truncated storm-specific distribution.

These intensities replace the fixed reference-state intensity marginal used by the type-specific cell-property models in

Sect. 3.3, while their dependence on the remaining cell properties is retained through the copula structure. This intensity–

property coupling is implemented differently for the three path types, but follows a common integration pattern: the sampled

intensities are rank-matched to the copula-generated order and used to condition the remaining lifecycle properties through340

the corresponding type-specific copula component. For PL1 and PL2, the rank-matched intensities are inserted into the path-

specific copula records, and the remaining lifecycle properties are generated conditionally before reconstruction. For PL3, peak

intensity, peak geometry and lifecycle duration are generated through the conditional inverse-Rosenblatt construction used by

the lifecycle model, with the resulting lifecycle duration determining the cell’s temporal extent around the reference time.

The resulting cell records are then reconstructed through the type-specific lifecycle representations of Sect. 3.3; the common345

integration pattern is detailed in Supplement S1.

3.5 Rainfall-field rendering

After the cell paths have been generated and their time-varying properties reconstructed, the final step converts the individual

cell states into two-dimensional rainfall fields. Each reconstructed cell is represented by an elliptical exponential field of the

EXCELL family (Capsoni and Luini, 2009; Féral et al., 2003). This functional form is consistent with the volume-normalised350

mean radial profile of the Birmingham radar cells (Supplement S6) and with previous analyses of convective-cell profiles (von
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Hardenberg et al., 2003; Rebora and Ferraris, 2006). The full derivation, parameter calibration and numerical implementation

of the renderer are provided in Supplement S6.

A scale adjustment is required before the generated cell properties can be used in the continuous rainfall field. The intensity

component of each reconstructed cell state is converted from dBZ to rainfall rate using the standard Marshall–Palmer Z–R355

relation (Marshall and Palmer, 1948). Because the radar observations have 1 km grid support, the resulting intensity represents

the mean rainfall intensity of the radar grid cell containing the observed maximum rather than an underlying point-scale

maximum. Similarly, the generated major and minor axes correspond to moment-based measures of the spatial dispersion of

the tracked radar cell and are not directly equivalent to the decay scales of a continuous exponential field. The renderer therefore

accounts explicitly for these differences in observational scale and geometrical representation.360

Three geometrical quantities are distinguished. The tracking procedure provides moment semi-axes (Smom
maj ,Smom

min ), which

describe the spatial dispersion of the tracked cell. The spatial extent of the otherwise unbounded exponential field is defined by

its threshold footprint, comprising the 1 km grid cells with rainfall rate at or above Ithr = 5.6mm h−1. This rendering threshold

is distinct from the dBZ extraction thresholds used for fitting the cell-intensity distributions in Sect. 3.4. Finally, the continuous

EXCELL field is characterised by exponential decay scales. These quantities are related statistically rather than treated as365

interchangeable descriptions of cell size.

Writing Aobs for the observed threshold-footprint area, the mapping between the moment geometry and an area-equivalent

threshold geometry is described by

R=
πSmom

maj Smom
min

Aobs
,

(
S̃maj, S̃min

)
=

(
Smom
maj ,Smom

min

)
√
R

. (10)

The ratio R is calibrated separately for each cell-path type and sampled during simulation. The transformation preserves the370

generated cell orientation and aspect ratio while mapping the moment-based geometry to a threshold footprint consistent with

the observed cell area.

For the resulting geometry, the continuous peak-time rainfall field is written as

Ipeak(x,y) = Ithr exp[L{1− ρ(x,y)}] , (11)

where ρ(x,y) is the dimensionless elliptical distance from the cell centre and L determines the underlying point-scale peak,375

Imax,p = Ithr exp(L). Following the finite-resolution peak-inversion principle of Tseng et al. (2025), L is determined so that

aggregation of the continuous field to the 1 km radar grid reproduces the generated grid-scale peak intensity. Together with the

sampled R, this determines the point-scale peak and spatial decay scales while remaining consistent with both the generated

radar-scale peak and the calibrated threshold-footprint geometry. Details of the observation operator and numerical solution

are given in Supplement. S6.380

The procedure is applied independently to every reconstructed cell state and translated and rotated according to its generated

position and orientation. Where multiple cells overlap, the grid-cell rainfall intensity is taken as the maximum of the contribut-

ing cell fields, consistent with the representation used in the radar-based cell extraction. Repeating the procedure at successive
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Figure 4. Illustrative rainfall-rate fields from four 5-min snapshots of one synthetic storm generated by the production scale-consistent

theoretical renderer. All panels use the same spatial window and colour scale. The figure illustrates the event-to-field output of the generator

and is not a spatial-skill validation.

5-min time steps produces the complete spatial-temporal rainfall field for each synthetic storm. Figure 4 shows an illustrative

example of the resulting rainfall-rate fields.385

3.6 Model fitting and calibration

The statistical components introduced in Sections 3.2- 3.5 were calibrated using the complete 2005–2017 storm cohort de-

scribed in Sect. 2. The fitting procedure separates the marginal behaviour of individual storm and cell properties from their

dependence structure. The storm-specific cell-intensity component requires a separate distributional-regression fit because its

marginal distribution varies between events. This section summarises the calibration procedures and selected model specifica-390

tions; numerical parameter values and additional fitting diagnostics are reported in the Supplement.

3.6.1 Marginal distributions and dependence models

For the event-to-cell and lifecycle components, marginal distributions were fitted separately to the relevant storm- and cell-

scale quantities. Candidate parametric families were estimated by maximum likelihood, with the preferred family selected
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using the Akaike information criterion (AIC). Where no candidate parametric family provided an adequate representation, an395

empirical distribution was retained. For each cell-path type, a common copula representation was used across the observed

storm cohort to describe how the cell properties vary together. This common representation is used for joint cell generation,

while the storm-specific formulation introduced in Sect. 3.4 allows the cell-intensity distribution itself to vary between events.

Candidate Gaussian, Archimedean and vine copulas were evaluated using AIC together with their ability to reproduce the

corresponding cell-level Kendall τ values.400

At storm scale, this procedure was applied to event duration and total cell-path count and their joint dependence. At cell

scale, separate cell-property models were used for the properties available for PL1, PL2 and PL3, reflecting the different life-

cycle information resolved for each path type. The type-specific copula models describe the dependence among cell intensity,

geometry, duration and rates of change used in Sect. 3.3. Cell-path arrivals and movement were calibrated separately using the

negative-binomial–AR(1) and von Mises models, respectively, as described in Sect. 3.2.405

Table 1 summarises the selected marginal and dependence models. The reference-state intensity entry in the table repre-

sents the base marginal used in fitting the cell-property dependence structure; during storm generation it is replaced by the

storm-specific intensity distribution described in Sect. 3.4. Representative marginal goodness-of-fit diagnostics are provided in

Supplement S1.

Table 1. Selected marginal and dependence models for the event-to-cell and cell-property components. The base Iref marginals are used to

calibrate the type-specific cell-property dependence models; during storm generation they are replaced by the storm-specific distributions

described in Sect. 3.4. Numerical parameter values are reported in the Supplement.

Stage Quantity Selected model

Storm event

Inter-storm arrivals Poisson rate λs

Storm duration DE Log-normal

Cell-path count per event Nc Gamma

(DE ,Nc) joint dependence Bivariate copula CE

Cell path

Cell-path-type composition Noise-deconvolved ALR-normal + multinomial

Reference-time arrivals Negative binomial + Gaussian-copula AR(1)

Directional deviation ∆Θ von Mises

Cell property

PL3 characteristic state Vine copula

PL3 growth/decay rates (×3 variables) 3D vine copula each

PL1 characteristic state Vine copula

PL2 characteristic state + rates Vine copula

Base Iref marginal Shifted Weibull (PL3); shifted log-normal (PL1, PL2)

Axes / growth–decay-rate marginals Log-logistic, Weibull, Gamma, Beta (PL3); log-normal (PL1); log-logistic (PL2)
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3.6.2 Storm-specific intensity model410

The GAMLSS component of Sect. 3.4 was fitted separately for each cell-path type while pooling cells across events. Event-

level random effects were included on both the location and scale predictors, allowing individual events to retain deviations in

intensity level and within-event spread while sharing information in the estimation of the overall temperature response. The

fitted covariance between the two random effects subsequently provides the storm-to-storm variability used when generating

new events.415

For each path type, event-maximum temperature Te enters the location and scale predictors through penalised B-splines.

The production fits use a shifted log-normal family for PL1 and PL2 and the Weibull type 3 formulation (WEI3) for PL3. The

location parameter uses an identity link for the shifted log-normal models and a log link for the Weibull model, while the scale

parameter uses a log link throughout. All families are fitted conditional on the corresponding radar cell-extraction threshold

described in Sect. 2.2.1.420

The interpretation of the scale-related parameter is family-specific. For the shifted log-normal family, σ is the standard

deviation on the log-intensity scale, such that larger values correspond to greater within-event spread. For the Weibull type

3 formulation, σ is the shape parameter and larger values correspond to a narrower distribution. Accordingly, the fitted σ–

temperature relationships should be interpreted in terms of the corresponding response family rather than compared directly

across path types.425

The models were fitted by penalised maximum likelihood using the gamlss R package (Stasinopoulos and Rigby, 2007).

Penalisation controls unnecessary complexity in the temperature-response curves, with smoothness selected using the Fellner–

Schall procedure. The penalty on the event-level scale effect was fixed at λσ = 1 to avoid excessive shrinkage of storm-

to-storm variability in within-event spread. Candidate response families were evaluated separately for each path type using

convergence, parameter stability and residual diagnostics under the same truncated-likelihood and random-effect structure.430

AIC and the Schwarz Bayesian criterion (SBC) were used for within-type comparisons only and were not compared across

path types. Detailed family-selection and fitting diagnostics are provided in Supplement. S1. Table 2 summarises the production

specification used for simulation, including the response family, parameter predictors and links, extraction threshold, and fitted

association between the event-level location and scale deviations.

Table 2. Production specification of the storm-specific cell-intensity model for each cell-path type. T denotes event-maximum 2 m air tem-

perature, pb(T ) a penalised B-spline temperature term, and “RE” an event-level random effect. The final column gives the fitted correlation

between the event-level location and scale deviations after accounting for temperature.

Cell-path type Family f0,k µ: predictor/link σ: predictor/link Tk (dBZ) r(γµ,γσ)

PL1 LOGNOtr pb(T )+RE / identity pb(T )+RE / log 34.586 −0.085

PL2 LOGNOtr pb(T )+RE / identity pb(T )+RE / log 34.367 +0.132

PL3 WEI3tr pb(T )+RE / log pb(T )+RE / log 35.528 +0.554
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4 Results and discussion435

4.1 Evaluation design and metrics

The evaluation broadly follows the sequence in which the generator assembles a storm. We first examine the reproduction

of cell- and storm-scale properties and their dependence, followed by the temporal organisation of cell paths within storms.

We then assess whether the storm-specific intensity formulation reproduces the observed between-storm variability and event-

maximum intensity distributions, before evaluating the consequences for extreme-value behaviour using the SMEV (Simplified440

Meta-statistical Extreme Value) approach (Marani and Ignaccolo, 2015; Marra et al., 2019) as an independent downstream

check.

Marginal distributions are compared using the Perkins Skill Score (PSS) (Perkins et al., 2007), dependence using Kendall’s

rank correlation, and temporal organisation using the lag-1 autocorrelation and the Perkins Skill Scores of the reference-

time arrival and active-count distributions. The storm-specific intensity formulation is assessed through temperature-intensity445

relationships, the partition of cell-intensity variance between and within storms, and within-event dispersion. The production

ensemble comprises 100 13-year simulations generated using parameters calibrated for the Birmingham pilot1. For finite-

sample diagnostics, each ensemble member has the same duration as the observed record, allowing the spread across members

to represent the sampling variability expected for a record of this length.

For two binned distributions, the Perkins Skill Score is calculated as450

PSS =

n∑

i=1

min(Zsim,i,Zobs,i) , (12)

where Zsim,i and Zobs,i are the normalised frequencies in bin i. The score ranges from zero to one, with larger values indi-

cating greater overlap between the simulated and observed distributions. Kendall’s τ is used as a non-parametric measure of

rank dependence, while the lag-1 autocorrelation and the Perkins Skill Scores of the reference-time arrival and active-count

distributions are evaluated for the within-storm cell-path sequences.455

Two additional quantities are used to summarise the extreme-value and between-storm evaluations. For cell-path type k and

return period T , the simulated-to-observed return-level ratio and its percentage form are defined as

Qk(T ) =
RLk,sim(T )

RLk,obs(T )
, Bk(T ) = 100[Qk(T )− 1]. (13)

where RLk,obs(T ) is the observed return level and RLk,sim(T ) is the ensemble-mean simulated return level. The lower row

of the SMEV figure reports Qk(T ), for which unity indicates agreement with the observations; the percentage values reported460

in the Supplement are Bk(T ), for which zero indicates agreement. For the storm-level variance decomposition, the fraction of

the raw cell-intensity variance attributable to differences between storms is

1The ensemble size N = 100 provides a combined simulation length of N ×Nyears = 1300 yr, exceeding ten times the longest return period considered.
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fbetween =
SSbetween

SSbetween +SSwithin
, (14)

where SSbetween and SSwithin denote the between- and within-storm sums of squares, respectively.

4.2 Representation of cell-property distributions and dependence465

Figure 5 summarises the marginal distributions of the cell properties resolved by the three path representations, using PSS

values calculated for the observation-sized production members. Across the displayed properties, PSS values range from 0.82

to 0.95. The transient cell-intensity distribution has the lowest score (0.82), although the scores for cell intensity remain above

0.80 for all three path representations. The geometric and intensity-related properties and the full-lifecycle rates generally show

closer agreement. The fitted marginal distributions underlying these comparisons are illustrated in the Supplement S1.470

Figure 6 evaluates the pairwise rank dependence among reference-state-intensity and geometry-related properties using

Kendall’s τ , calculated from cells pooled across storms for both the observations and each production member. The observed

dependence patterns are generally reproduced by the production ensemble, with the most noticeable departures occurring for

some relationships involving reference-state intensity. Each production member represents the same 13-year period as the

observations, while its numbers of storms and cells are generated by the model; the ensemble spread therefore represents475

realisation-to-realisation variability for records of comparable duration.

Supplement S5 extends this comparison to the lifecycle variables, including peak-rate associations, the three full-lifecycle

path-length relationships, and all fifteen pairwise relationships represented by the six-dimensional copula for two-time-step

paths. These additional diagnostics show similarly close agreement overall, with some departures for individual lifecycle

relationships. Taken together, the results indicate that the generator reproduces the evaluated cell-property distributions and480

captures the main pairwise dependence patterns required to reconstruct evolving cell paths.
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length. Dashed lines indicate the corresponding observed values for the three Iref–geometry pairs of each cell-path type.
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Figure 7. Event-scale characteristics and path-type composition in the production ensemble. Panel (a) shows Perkins Skill Scores for event-

maximum 2 m temperature, translation speed and dominant direction. Panel (b) compares the between-storm standard deviations of the three

path-type proportions and their pairwise compositional correlations with the observed values (dashed lines).

4.3 Storm-scale organisation and temporal clustering

Storm-scale organisation is evaluated in terms of both event-level characteristics and the temporal organisation of cell paths

within storms. Figure 7 first compares the generated event covariates and path-type composition with the observations. The

event-maximum 2 m temperature, sampled from its fitted marginal distribution (Sect. 3.6.2), gives a PSS of approximately 0.87485

against the observed ERA5 event temperatures. Similar scores are obtained for storm translation speed and dominant direction,

indicating that the generated event-scale conditions are consistent with their observed distributions.

The dependence between event duration and total cell-path count is also retained by the event-scale copula, with the full

comparison provided in Supplement S2. Figure 7 further shows that the production ensemble reproduces the observed between-

storm variability in path-type composition and the dependence among the three proportions. The event-scale PSS values range490

from 0.87 to 0.88, while the observed allocation summaries fall within the production-ensemble 5-95 % intervals. Together,

these results indicate that the event-to-cell framework reproduces the main observed characteristics governing storm composi-

tion.

We next evaluate whether the generated cell paths reproduce the temporal clustering observed within storms. The observed

reference-time arrivals occur in sustained bursts separated by relatively quiescent periods. Although an independent negative-495

binomial sampler can reproduce the marginal arrival-count distribution, it cannot reproduce this serial dependence. Figure 8

therefore compares the observed and generated distributions of reference-time arrival and active cell-path counts per 5-min

time step. With the calibrated AR(1) dependence, the aggregate lag-1 autocorrelation closely matches the observed value
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Figure 8. Evaluation of within-storm temporal clustering. Panels (a)–(d) compare the observed and production-ensemble distributions of

reference-time arrival and active cell-path counts per 5-min time step; Perkins Skill Scores are annotated in the density panels. The production

ensemble uses independent per-type latent Gaussian AR(1) processes with ϕ= 0.55.

(0.393 versus 0.396), while the arrival-count distribution is well reproduced and the active-count distribution improves relative

to the independent baseline. Fully quiescent intervals nevertheless remain under-represented, indicating that the model captures500

the dominant short-range temporal clustering but not the complete intermittency of observed cell activity. Alternative common-

factor specifications are compared in Supplement S3.

4.4 Representation of between-storm intensity variability

We next assess whether the storm-specific intensity formulation reproduces the observed variation in cell-intensity populations

between storms while retaining realistic variability among cells within individual storms. Figure 9 first examines the two505

mechanisms introduced in Sect. 3.4: systematic variation with temperature and residual storm-to-storm variability.

Figure 9 examine the temperature-related changes in event-mean intensity (left panel) and within-event spread (middle

panel). Across the three cell-path types, the production ensemble reproduces the direction and approximate magnitude of the
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Figure 9. Temperature response and variance partition of reference-state intensity. Boxes show the copula-only baseline and full production

ensembles for the three cell-path types, while dashed lines show the observed values. The panels compare temperature-related changes in

event-mean Iref and within-event spread, together with the fraction of total Iref variance attributed to differences between storms.

observed temperature relationships, with the observed responses lying within the corresponding ensemble 5-95 % intervals.

This indicates that conditioning both the location and scale of the cell-intensity distribution on temperature captures the ob-510

served systematic changes in not only the average cell intensity but also its within-storm dispersion.

The variance partition provides a stronger test of the storm-specific formulation. When cell intensities are sampled from

a common distribution across storms (the copula-only baseline), very little of the total cell-intensity variance is attributed to

differences between storms. In contrast, the full formulation recovers the observed between-storm contribution while retain-

ing the within-storm dispersion across all three path types. The observed between-storm variance fractions fall within the515

full-ensemble 5-95 % intervals, whereas the copula-only baseline remains close to the level expected from random grouping.

Thus, reproducing the marginal cell-intensity distribution alone is insufficient to reproduce the observed storm-to-storm differ-

ences; allowing the intensity population itself to vary between events is necessary. Detailed fitting diagnostics are reported in

Supplement S1, and generalisation beyond the calibration events is further examined in Supplement S4.

The consequences of this variance structure are next examined through the distribution of event-maximum cell intensity.520

Unlike the cell-level distributions evaluated in Sect. 4.2, event maxima are not fitted directly but emerge from the generated

cell-intensity population, the number of cells within each event and their storm-to-storm variation. They therefore provide an

integrated diagnostic of whether these components combine to reproduce the upper part of the event-scale intensity distribution.

To quantify agreement between the simulated and observed event-maximum cell-intensity distributions without binning, the

Wasserstein-1 distance is defined as525

W1(Fsim,Fobs) =

1∫

0

∣∣F−1
sim(u)−F−1

obs(u)
∣∣ du, (15)
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Figure 10. Event-maximum cell-intensity distributions for the three cell-path types and all paths combined. The event maxima are calculated

from the path-specific reference-state intensities. Observations are shown as empirical step functions; dashed and solid curves show the

copula-only baseline and full production-ensemble medians, respectively, with shaded 5-95 % ranges across 100 observation-sized members.

where Fsim and Fobs denote the empirical CDFs of the simulated and observed event-maximum cell-intensity samples, respec-

tively, and F−1
sim and F−1

obs are their corresponding quantile functions. For each production member, the distance is calculated

against the fixed observed sample; values are expressed in dBZ, with smaller values indicating closer agreement.

Figure 10 compares the observed event maxima with the copula-only baseline and full production ensemble for each path530

type and for all paths combined.

Across all three path types, the full formulation shifts the simulated event-maximum distributions towards the observations

relative to the copula-only baseline. The corresponding Wasserstein-1 distances defined in Eq. (15) decrease for all three path

types and for the combined sample, with numerical results reported in Supplement S4. Because event maxima integrate cell-

level intensity, event cell counts and between-storm variability, this improvement cannot be attributed to the storm-specific535

intensity component alone. Nevertheless, together with the variance decomposition above, it shows that restoring between-

storm differences in the cell-intensity population improves the representation of the upper event-scale intensity distribution.

The consequences for extreme return levels are examined in Sect. 4.5.

4.5 Consequences for extreme-value behaviour

The differences in between-storm variability identified in Sect. 4.4 should ultimately affect the upper tail of event-scale cell in-540

tensity. We therefore examine whether these differences propagate to extreme return levels using the Simplified Metastatistical

Extreme Value (SMEV) formulation (Marani and Ignaccolo, 2015; Marra et al., 2019). SMEV is used here as an independent

downstream diagnostic: the same event definition, fitting rule, annual event rate and return-level calculation are applied to

the observations, the copula-only baseline and the full production ensemble, without tuning against the resulting return-level

biases.545

SMEV is applied separately to the event maxima of the reference-state intensities for each path type. Let Ce,k denote the

set of cell paths of type k in event e, and define Xe,k =maxj∈Ce,k
Iref,j,k. Let nk denote the mean number of corresponding
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events per year and Fk the fitted two-parameter Weibull CDF. The annual-maximum distribution and T -year return level are

then given by

Gk(x) = Fk(x)
nk , Gk(RLk(T )) = 1− 1

T
. (16)550

The same procedure is applied to the observations and each simulation member for return periods from 2 to 100 years. Because

the analysis is performed directly on event-maximum cell intensities, it evaluates the extreme behaviour generated by the

event-to-cell model independently of the subsequent rainfall-field rendering and spatial aggregation.

The contrast between the two generator formulations is consistent with the event-maximum distributions identified in

Sect. 4.4. In the copula-only baseline, sampling cell intensities from a common distribution across storms produces event max-555

ima with insufficient storm-to-storm dispersion. This is particularly evident for the single-time-step transient and full-lifecycle

path types, for which the resulting Weibull fits have larger shape parameters and hence lighter upper tails than observed. Allow-

ing the cell-intensity distribution to vary between storms through temperature dependence and residual event-level variability

increases the dispersion of event maxima and changes both the level and return-period dependence of the resulting return levels.

Figure 11 shows the resulting SMEV return levels over 2-100 years. The copula-only baseline increasingly departs from the560

observed extreme-value behaviour, whereas the full production ensemble remains close to the observations across the evaluated

return periods and all three cell-path types. In particular, the observed return levels remain within the full-ensemble 5-95 %

interval at every evaluated return period.

The relative behaviour is shown more directly in the lower row of Fig. 11. The copula-only baseline increasingly deviates

from a simulated-to-observed ratio of one, while the full production ensemble remains close to one across the three path types.565

Together with the variance decomposition and event-maximum distributions in Sect. 4.4, these results show that representing

storm-to-storm differences in the cell-intensity population is important not only for reproducing observed event-scale variabil-

ity, but also for preserving its propagation into long-return-period extremes. Detailed return-level values and sensitivity to the

SMEV fitting window are reported in Supplement S4.

5 Conclusions570

We have developed a stochastic convective-storm generator that represents variability at two complementary levels. At the cell

level, the generator extends the lifecycle framework of Tseng et al. (2025) to represent evolving cell intensity and geometry

using the lifecycle information available for each path type. At the storm level, it allows the population of cell intensities to

differ between events, with both the location and spread of the distribution varying systematically with near-surface temperature

while retaining residual storm-to-storm variability. These components are embedded within an event-to-cell framework that575

generates storm occurrence, cell-path composition, temporal clustering and advection before reconstructing the evolving cells

into two-dimensional rainfall fields.

The production ensemble reproduces the principal cell-property distributions and pairwise dependence patterns, together

with the storm-scale characteristics and temporal organisation observed over Birmingham. Importantly, sampling cell inten-
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Figure 11. SMEV return levels of the event-maximum cell intensity for return periods of 2-100 years, with the event maxima calculated

from the path-specific reference-state intensities. The upper row shows absolute return levels and the lower row shows the simulated-to-

observed return-level ratio for the three cell-path types. Curves show ensemble means and shaded bands show the 5-95 % range across 100

observation-sized production members.

sities from a common distribution across storms substantially suppresses the observed between-storm intensity variability.580

Allowing the cell-intensity population itself to vary between storms recovers the observed variance partition while preserving

within-storm dispersion. This improvement propagates to event maxima and their extreme-value behaviour: across return peri-

ods of 2–100 years, the full production ensemble remains close to the observed return levels for all three cell-path types, with

the observations lying within the ensemble 5-95 % intervals.

Several limitations define the scope for further model development. The shifted log-normal representation of the two-time-585

step short-lived paths retains a small upper-tail discrepancy, which could motivate a more flexible tail representation. The

current AR(1) arrival model captures the dominant short-range temporal clustering but under-represents fully quiescent in-

tervals, suggesting that a richer representation of active and quiescent periods may be required. In addition, the cell-property

copulas are common across the storm cohort and therefore do not explicitly distinguish within-storm dependence from storm-
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to-storm differences in multivariate cell properties. A hierarchical dependence formulation could address this distinction where590

sufficient data are available.

The broader limitation is one of evaluation and transferability. The framework is demonstrated for a single pilot region,

and although it ultimately generates two-dimensional rainfall fields, their spatial dependence, scale-dependent intermittency

and hydrological response have not yet been evaluated systematically. Multi-site evaluation across contrasting hydroclimatic

regimes is therefore required to establish which model components and temperature-intensity relationships are transferable.595

Near-surface temperature nevertheless provides a physically interpretable covariate that is readily available from reanalysis

and climate-model output, while residual storm-level variability represents differences among storms that temperature alone

cannot explain. Extending this conditioning to additional atmospheric covariates and testing the resulting rainfall fields across

sites would provide the next steps towards climate-conditioned stochastic generation of localised convective rainfall. The

proposed framework provides a computationally efficient basis for generating large ensembles of spatial–temporal convective600

storms while representing both the evolution of individual cells and systematic and residual differences between storm events.
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