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Abstract

Urban water systems in southern Sweden face increasing pressure from both short-
duration intense rainfall, which can cause pluvial flooding and pollutant discharges, and
more frequent dry periods, which motivate water reuse (IPCC 2023; Schimanke et al.
2022; Canedo Rosso et al. 2025). Rainwater harvesting (RWH) tanks can contribute to
both goals (Campisano et al. 2017), but their detention benefit is reduced when storage
is unavailable ahead of storms. Forecast-based control (FBC) can create capacity
through pre-storm releases (Kerkez et al. 2016; Xu et al. 2022), but its viability depends
on precipitation forecast skill at short lead times.

This thesis investigates whether high-resolution radar-based nowcasting can provide
forecast information of sufficient quality to support FBC of RWH systems in the Malmö
area. Using the PySTEPS framework (Pulkkinen et al. 2019), four extrapolation-based
nowcasting configurations were generated from Swedish radar composites and evaluated
for 19 intense precipitation events at 0.5 km / 5 min resolution, with additional verifi-
cation at the 2 km / 15 min configuration used by SMHI’s operational KNEP product
(SMHI 2025a). Forecasts were compared against Eulerian and Lagrangian persistence
baselines using continuous, categorical, and spatial verification metrics over lead times
of 5–90 min.

Nowcast skill depends strongly on season and event duration. Winter events retain
useful correlation beyond 60 min for 3 h durations, whereas convective summer events
decorrelate within about 15–30 min, consistent with the conventional decorrelation
framing based on Pearson correlation (Germann et al. 2002). At the lead times rele-
vant to control, S-PROG at native resolution and ANVIL at KNEP-equivalent reso-
lution maintain probability of detection above 0.7 and frequency bias close to unity;
the latter supports the operational choice of ANVIL for KNEP (Falahat 2026). The
direct effect of increasing radar resolution within a fixed method is modest, but the
best-performing method changes with resolution: S-PROG performs best at native
resolution, while ANVIL performs best at the coarser operational configuration.

Interpreted against required tank drawdown times from parallel emptying-time sim-
ulations (Sundstedt 2026), the results indicate that 30–90 min nowcast horizons can
support operational pre-storm releases under permissive outflow strategies and urban-
scale outflow constraints, while stricter constraints and strategies requiring a fully
empty tank at event onset require longer horizons and motivate blending with numer-
ical weather prediction.
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1 Introduction

1.1 Context and motivation
Urban water systems in Sweden face a dual challenge. On the one hand, short-
duration, high-intensity, often convective rainfall can trigger pluvial flooding, combined
sewer overflows, and pollutant discharges when drainage capacity is exceeded (Sveriges
miljömål 2022; Torelló-Sentelles et al. 2025). On the other hand, drought frequency
and associated water stress are expected to increase, motivating more efficient use of
available water resources (IPCC 2023; Canedo Rosso et al. 2025). In southern Sweden,
observed and projected changes indicate increasing precipitation amounts and inten-
sifying extremes (Schimanke et al. 2022; An et al. 2026). At the same time, many
stormwater systems remain dimensioned for historical climate conditions, further in-
creasing vulnerability to extreme events (Svenskt Vatten 2023).

Rainwater harvesting (RWH) systems offer a dual-purpose opportunity by storing roof
runoff for non-potable uses (e.g. toilet flushing and irrigation) while also providing
decentralised detention capacity (Campisano et al. 2017). However, RWH systems
are commonly designed and evaluated using static water-balance approaches based on
historical rainfall and simplified demand assumptions (Semaan et al. 2020). In practice,
this can lead to suboptimal storage utilisation: tanks may be near full prior to intense
rainfall, limiting their ability to mitigate peak inflows, or be emptied unnecessarily,
reducing water-supply benefits.

Real-time control (RTC) has emerged as a promising approach to increase the per-
formance of existing storage and conveyance without expanding infrastructure (Swee-
tapple et al. 2026). By combining sensors, communication, and actuators, RTC can
actively regulate storage levels based on observed system states (Mullapudi et al. 2018).
When precipitation forecasts are used to enable anticipatory operation, the approach
is commonly referred to as forecast-based control (FBC) (Kerkez et al. 2016). For
RWH and related decentralised storages, FBC typically aims to create available stor-
age capacity through pre-storm releases prior to forecast rainfall (Xu et al. 2022).
Existing applications indicate substantial potential, including reductions in overflow
volumes while maintaining water-reuse performance in Swedish conditions (Knutsson
2025). However, realised benefit depends fundamentally on the quality, lead time, and

1



resolution of the rainfall information used to trigger control actions (Knutsson 2025;
Degadwala et al. 2024).

For short decision horizons in urban applications, precipitation nowcasting (0–6 h) is
particularly relevant. Nowcasting targets lead times of minutes to a few hours and is
often dominated by observation-driven methods, especially radar-based extrapolation
(Prudden et al. 2020). In this regime, radar nowcasts can provide higher spatial and
temporal detail than numerical weather prediction, but forecast skill can decay rapidly
with lead time, especially for convective precipitation (Prudden et al. 2020; Imhoff et
al. 2020). Operational products such as KNEP (Korta NEderbördsPrognoser) (SMHI
2025a) operate at 15 min / 2 km resolution. With recent advances in Swedish radar
technology, higher-resolution radar input at 5 min / 0.5 km may provide meaningful
additional skill at the spatial scales relevant to building-level RWH control. This
remains an open question, explored in this thesis.

In this thesis, high-resolution radar-based nowcasts are generated using PySTEPS,
an open-source Python library for short-term precipitation nowcasting that provides
optical-flow-based motion estimation, extrapolation, and stochastic ensemble gen-
eration (Pulkkinen et al. 2019). Nowcast performance is evaluated against simple
persistence baselines and the nowcasting part of the operational KNEP configuration
across a set of intense rainfall events in the Malmö area, and the results are inter-
preted in terms of the forecast skill required for reliable forecast-based control of RWH
systems.

Throughout this thesis, forecast skill is used in its verification sense: the quality of a
nowcast measured against observations and benchmarked against reference (baseline)
forecasts, rather than judged by absolute accuracy alone. The references adopted here
are Eulerian and Lagrangian persistence, so a nowcast is said to possess skill insofar as
it outperforms these baselines. Because no single measure captures all relevant aspects
of a precipitation forecast, skill is assessed through a set of complementary metrics
addressing intensity error, the occurrence and location of rainfall, spatial structure,
and - for ensemble forecasts - probabilistic reliability and discrimination (Chapter 3.4).
Skill generally degrades with lead time; the skilful lead time denotes the horizon up to
which a nowcast retains useful skill relative to these baselines. In the forecast-based
control setting that motivates this thesis, skill is regarded as sufficient when it remains
adequate at the lead time required to initiate a pre-storm release.
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1.2 Research purpose and questions
The purpose of this work is to investigate whether high-resolution radar-based now-
casting can provide forecast information of sufficient quality to support forecast-based
control of rainwater harvesting systems in an urban context. Precipitation forecasts are
generated using PySTEPS and evaluated against persistence (Eulerian and Lagrangian)
baselines and the operational KNEP configuration across a sample of intense rainfall
events in the Malmö area, stratified by event duration and season.

The work is guided by the following research questions:

(i) How does nowcast skill vary with lead time, event duration, and season for in-
tense rainfall events in the Malmö area, and how does this compare to simple
persistence baselines?

(ii) Does higher radar input resolution (0.5 km / 5 min) provide additional skill, rela-
tive to the operational KNEP configuration (2 km / 15 min), at the spatial scales
relevant to urban RWH control?

(iii) Under what conditions does nowcast skill reach a level sufficient to justify oper-
ational pre-storm releases in forecast-based control of RWH systems?
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2 Theoretical background

“Wouldn’t you like to know, weather boy?”
- Feral boy, Fox News

This chapter provides the theoretical background for forecast-based control of rain-
water harvesting systems. It begins with the combined pressures of pluvial flooding,
climate change, and urbanisation, motivating the limitations of conventional pipe-based
drainage and the role of sustainable drainage systems. Rainwater harvesting is then
examined as both a water resource and a controllable storage element. The principles
of real-time and forecast-based control are reviewed, followed by precipitation fore-
casting at lead times relevant to building-scale storage, including numerical weather
prediction, observation-based nowcasting, and current approaches in probabilistic en-
semble methods, deep learning, and blending with numerical weather model output.
The open-source Python library PySTEPS, which forms the forecasting toolbox of this
thesis, is introduced throughout the chapter.

2.1 Urban Stormwater Challenges
Climate change is intensifying precipitation extremes in southern Sweden (An et al.
2026; Myhre et al. 2019). Observations indicate that average annual precipitation has
increased from approximately 600 to 700 mm year−1 since 1930 (Schimanke et al. 2022)
(Fig. 2.1), with projected increases of 8–12% by the end of the century (An et al. 2026).
At the same time, drought frequency and associated water stress are expected to rise
(IPCC 2023; Canedo Rosso et al. 2025).

For urban flood risk, the most disruptive rainfall is often tied to short events, when in-
tense convective storms deliver large volumes over small areas in the span of minutes to
a few hours. The 2014 cloudburst in Malmö, which caused damages of about 60 MEUR,
and the even more severe cloudburst that hit Copenhagen three years earlier are clear
examples of how quickly such storms can overwhelm the urban drainage system (UDS)
and lead to extensive flooding (Olsson et al. 2021). Together, these events illustrate
how exposed cities are to short-duration rainfall extremes, whose strong spatial and
temporal variability challenge both standard design practice and day-to-day opera-
tional management, especially in small urban catchments with fast runoff responses
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Figure 2.1: Annual accumulated precipitation. Green shows years with above-average and orange
shows years with below-average precipitation relative to the 1961-1990 normal. The grey line repre-
sents a running mean calculated over ten years. Observations from before 1933 are deemed to have
a lower accuracy than later observations - see the grey area in the chart. Adapted from (Schimanke
et al. 2022).

(Torelló-Sentelles et al. 2025).

In parallel with climate change, global urbanisation has accelerated over the last cen-
tury. While 20% of the world’s population lived in cities in 1950, urban areas now host
45% of the world’s 8.2 billion people, and most future population growth is projected
to occur in cities (United Nations 2025). In Sweden, this growth is concentrated in
metropolitan areas close to Stockholm, Gothenburg, and Malmö, and their commuter
belts (Cedergren et al. 2025). Urbanisation alters catchment hydrology by reducing
pervious surfaces, increasing peak flows, and shortening response times (Delleur 1982;
Sillanpää et al. 2015).

The spatial expansion of impervious areas and densification further increase flood expo-
sure (Feng et al. 2021; Tang et al. 2025). As a result, urban water systems increasingly
need to manage both flood peaks during intense rainfall and water scarcity during dry
periods. However, many Swedish stormwater systems remain dimensioned for historical
climate conditions (Svenskt Vatten 2023), contributing to pluvial flooding, combined
sewer overflows, and pollutant discharges (Sveriges miljömål 2022).

2.2 Rainwater Harvesting
Among decentralised source-control measures for urban stormwater management, sus-
tainable drainage systems (SuDS) have gained increasing attention (Raimondi et al.
2023). SuDS aim to manage runoff close to its origin through infiltration, attenuation,
and passive treatment, and include measures such as green roofs, swales, ponds, and
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rainwater harvesting (RWH) systems (Gimenez-Maranges et al. 2020).

Rainwater harvesting involves collecting and storing roof runoff for on-site use, typically
to supply non-potable demands such as toilet flushing, laundry, and irrigation (e.g. for
urban hydroponics (Sucozhañay et al. 2024)). By substituting potable water, RWH can
reduce drinking-water demand and associated pressures on centralised supply systems
(Campisano et al. 2017). Although sometimes framed as a modern technology, RWH
has been applied for centuries to millennia in different forms, primarily for irrigation
in water-scarce regions (Beckers et al. 2013; Bruins et al. 1986).

In Scandinavia, implemented RWH systems remain relatively uncommon. High fresh-
water availability and well-developed centralised water services have historically re-
duced the perceived need for decentralised reuse (Ivarsson et al. 2025), a situation
reinforced in Sweden by unclear and fragmented legislative frameworks that lack clear
definitions of permissible non-potable water reuse (Møller Jess 2025). However, recent
summer droughts and groundwater stress - notably in Denmark (International Water
Association 2022) and in southern Sweden (Canedo Rosso et al. 2025; An et al. 2026)
- together with climate-adaptation ambitions, have increased interest in RWH as a
complement to municipal services.

A recent assessment by Ivarsson et al. (2025) provides a systematic overview of imple-
mented Scandinavian rainwater and stormwater reuse systems. They evaluated nine
installations across Denmark, Sweden, and Norway using stakeholder interviews and a
ranked-criteria sustainability analysis. The systems range from pilot to district scale
and supply end-uses such as toilet flushing, laundry and irrigation. One key conclusion
is that system performance is strongly design-dependent as simpler configurations with
limited treatment generally achieved higher reliability and lower energy use than more
complex systems with multiple treatment barriers.

RWH systems are commonly sized using water-balance simulations, where storage vol-
ume strongly influences performance but exhibits diminishing returns beyond moderate
tank sizes (Mun et al. 2012). Sizing criteria involve trade-offs: designing for maximum
rainwater use can lead to oversized systems, while targeting an intermediate efficiency
can provide more balanced cost-performance outcomes. For example, an efficiency
level of approximately 80% - defined as the fraction of non-potable demand supplied
by harvested rainwater - has been suggested as a reasonable compromise between per-
formance and cost in domestic applications (Santos et al. 2013). However, much of
the sizing literature remains static, relying on historical rainfall and simplified demand
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assumptions. Such approaches do not explicitly account for climatic non-stationarity
or for adaptive operation using forecast-informed control, where storage is actively
managed in anticipation of rainfall events (Semaan et al. 2020).

In practice, this means that a passively operated RWH system will tend to either
sacrifice water-supply performance by releasing stored water unnecessarily, or sacri-
fice detention capacity by retaining water ahead of intense rainfall. Neither outcome
is avoidable through sizing adjustments alone. Real-time control, and in particular
forecast-based control, offers a path to resolving this trade-off by enabling anticipatory
storage management - a concept explored in the following section.

2.3 Real-Time Control of RWH Systems
Urban flooding and water-quality impacts have traditionally been addressed through
the construction of additional storage capacity. However, such infrastructure expan-
sions are often costly and offer limited flexibility under changing conditions (Sweetapple
et al. 2026). An alternative approach is to increase the utilisation of existing storage
by retrofitting it with sensors, communication systems, and actuators, enabling oper-
ational optimisation through smart control (Kerkez et al. 2016).

Real-time control (RTC) refers to the active regulation of hydraulic states, such as
water levels and flows, through measurements and automated decision-making used
to operate pumps, valves, and other control elements. Control actions can rely on
observed system states and downstream constraints (Mullapudi et al. 2018), but can
also incorporate rainfall forecasts to enable anticipatory operation. Such strategies are
commonly referred to as forecast-based control (FBC) (Kerkez et al. 2016).

For rainwater harvesting (RWH) systems, the relevant spatial scale is typically in-
dividual buildings or small building clusters, where storage volumes respond rapidly
to rainfall inputs and can reach capacity within a short period during high-intensity
events. This creates a clear operational trade-off: maintaining stored water maximises
water-supply benefits, whereas releasing water prior to rainfall maximises detention
capacity and flood mitigation. Forecast-based control addresses this trade-off by trig-
gering pre-event releases when rainfall is predicted, thereby creating available storage
capacity in the critical lead-up to a storm (Kerkez et al. 2016).

A growing body of studies demonstrates the potential of integrating rainfall forecasts
into RTC of decentralised stormwater storage systems (Table 2.1). A Swedish case
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study from Gothenburg showed that incorporating rainfall forecasts into the control
of a retention basin could reduce overflow volumes by up to 50% (Fig. 2.2) compared
with static rule-based operation, while still maintaining a substantial share of non-
potable water reuse (Knutsson 2025). Similar concepts have been explored for decen-
tralised storage systems connected to roofs. For example, distributed smart rain barrels
equipped with IoT-based monitoring and control have been shown to reduce flooding
and combined sewer overflows when operated using forecast information (Oberascher
et al. 2021). At the household scale, studies on smart RWH tanks demonstrate that
anticipatory releases triggered by rainfall forecasts can improve the hydraulic perfor-
mance of UDSs and reduce peak flows (Xu et al. 2020a; Xu et al. 2022). Together, these
studies bring forth the central promise of RTC-enabled RWH systems: by actively man-
aging storage prior to rainfall events, it is possible to enhance flood mitigation while
still preserving water-supply functionality.

Figure 2.2: Graphical abstract showing the smart tank setup proposed by Knutsson (2025)

Several studies further suggest that extending the forecast horizon can improve control
performance. For instance, Xu et al. (2020a) demonstrate that forecast windows of
up to seven days allow earlier and more gradual pre-event releases from RWH tanks,
thereby reducing the risk of overflow during subsequent rainfall events. At larger
spatial scales, predictive control strategies applied to distributed stormwater storage
or detention infrastructure have also shown improved system performance when rainfall
forecasts are incorporated into optimisation frameworks (Shishegar et al. 2021; Sun et
al. 2023). Recent research has also explored predictive control of roof-based storage
systems, including smart internal drainage roofs operated using short-term rainfall
predictions (Zhou et al. 2024).

In practice, however, most existing studies rely either on coarse-resolution numerical
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weather prediction products with daily (24 h+) temporal resolution or on simplified
assumptions of perfect rainfall forecasts (Xu et al. 2020a; Sun et al. 2023; Zhou et al.
2024). Thus, the operational value of high-resolution rainfall information in the imme-
diate hours before intense rainfall events remains largely unexplored. This limitation
is particularly relevant for convective summer storms, which can develop rapidly and
produce highly localised rainfall extremes.
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Study Asset /
scale

Forecast
input/horizon

Notes

Smart retention
basin(Knutsson
2025)

Sweden,
residential
property
scale

Prediction: hourly
rainfall forecast;
horizon not clearly
specified

Forecast-based control of a
retention basin. Demonstrated
substantial overflow reduction
while maintaining water reuse
performance.

Smart rain
barrels(Oberascher
et al. 2021)

Austria,
15.2 ha

Prediction: 1, 4 or
12 h forecast
horizon; hourly
update

IoT-enabled distributed rain
barrels (200–500 L) with
forecast-based rule control.
Micro-storage network reduces
flooding and CSO volumes.

Smart tanks for
RWH(Xu et al.
2020b)

Australia,
household
scale

Prediction: 1 d and
7 d NWP forecast
horizons; 24 h
update; control: 6
min

Household-scale RTC
strategies for RWH tanks using
NWP rainfall forecasts.
Demonstrates that a 7-day
forecast window substantially
improves flood mitigation and
delivers an outflow regime
closer to natural streamflow
compared to 1-day forecasts.

Controlled detention
basins(Shishegar
et al. 2021)

Canada,
311 ha

Prediction: up to 48
h; control: 5 min

System-level predictive
optimisation of multiple
detention basins. Coordinates
spatially distributed basins to
reduce peak flows, improve
water quality through
extended detention, and reduce
receiving water erosion.
Demonstrates model-based
control strategies at UDS scale.

Smart storage
tank(Sun et al. 2023)

China, 1.14
ha

Prediction: ∼2 h (24
× 5 min); control: 5
min

Predictive optimisation of
stormwater storage tanks.
Assumes perfect rainfall
forecasts when evaluating
performance improvements.

Smart internal
drainage roofs
(SIDR)(Zhou et al.
2024)

China, 1.3
km2

Prediction: radar
nowcasting (90
min); control: 5 min

Controlled roof drainage
system for pluvial flood
mitigation. Combines
rule-based and predictive
algorithms but assumes perfect
rainfall input.

Table 2.1: Overview of studies applying RTC and FBC to decentralised storage systems and related
infrastructure.
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2.4 Rainfall Forecasting for FBC
Pre-storm release strategies depend on precipitation information that is both timely
and actionable, as control actions are to be implemented before rainfall onset. At
building or neighbourhood scale, effectiveness is primarily governed by forecast skill in
the immediate hours ahead (Zhou et al. 2024). Forecast quality matters through its
consequences for decisions: a missed event can cause avoidable overflows, while a false
alarm triggers unnecessary releases that reduce water-supply benefits or saturate the
UDS.

This section reviews precipitation forecasting methods relevant to forecast-based con-
trol of rainwater harvesting systems. It begins by situating nowcasting within the
broader landscape of forecasting scales - spatial and temporal - before examining the
two dominant paradigms: numerical weather prediction (NWP) and observation-based
nowcasting. The relative strengths and limitations of each are discussed, with partic-
ular attention to the sub-2-hour decision horizon central to this thesis.

2.4.1 Temporal and Spatial Resolution

Forecasting models are commonly divided according to the spatial scale they represent.
Global models simulate atmospheric processes at the planetary scale, mesoscale models
resolve regional weather systems, and microscale approaches focus on local processes
at the scale of cities or neighbourhoods (Guerova et al. 2022).

Precipitation forecasting is then further temporally divided into nowcasting, short-
range, medium-range, and long-range forecasting. These categories are not strictly
fixed in time, and their boundaries vary between operational definitions and research
contexts.

The WMO Working Group on Nowcasting Research defines nowcasting as “forecasting
with local detail, by any method, over a period from the present to 6 hours ahead,
including a detailed description of the present weather” (World Meteorological Orga-
nization 2017). The term was originally coined by Browning (1981) in a narrower
sense, referring to the detailed description of current weather and the prediction of
changes over a few hours. Within the 0–6 h window, a further distinction is com-
monly made between nowcasting proper (0–2 h), where observation-driven methods
dominate, and very short-range forecasting (VSRF, 2–12 h), where numerical weather
prediction becomes increasingly relevant (Prudden et al. 2020). This distinction re-
flects practical differences in predictability and methodology. Forecasts within 0–2 h
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are typically dominated by observation-driven approaches, whereas forecasts beyond
this range increasingly rely on numerical weather prediction (NWP) (Golding 1998).

In this thesis, the term nowcasting primarily refers to short-term, observation-driven
precipitation forecasting within the 0–2 h range, while acknowledging the broader op-
erational context extending beyond that.

2.4.2 Numerical Weather Prediction

Numerical weather prediction (NWP) forecasts precipitation by numerically solving the
governing equations of atmospheric motion and thermodynamics on a discrete compu-
tational grid (Guerova et al. 2022). Forecast skill depends on the quality of the initial
atmospheric state (typically obtained through data assimilation), model resolution and
physical parameterisations, and the intrinsic predictability of the underlying processes
(Pu et al. 2018).

NWP has advanced substantially since Richardson’s 1922 estimate that a forecasting
“factory” would require approximately 64,000 mathematicians to numerically solve the
governing equations of atmospheric motion (Guerova et al. 2022; Lynch 2015). What
began as a theoretical and computationally impractical idea became operational with
the advent of electronic computers, marked by the first successful computer-based
forecast in 1950. Since then, advances in computing, atmospheric observations, data
assimilation, and model physics have transformed NWP into the foundation of modern
weather forecasting (Pu et al. 2018), with forecasting improving across all timescales
for the northern and southern hemisphere alike (Bauer et al. 2015)

In Sweden, operational short-range forecasting is based on the convection-permitting
HARMONIE-AROME configuration within the ALADIN-HIRLAM NWP system, with
a horizontal resolution of approximately 2.5 × 2.5 km and an update frequency of six
hours (Bengtsson et al. 2017; SMHI 2025b). For the decision horizons relevant to
RWH control - on the order of minutes to a few hours - this update frequency means
that the most recent model initialisation may already be several hours old at the
moment a control decision must be made. Beyond the update cycle, NWP forecasts at
short lead times are further constrained by intrinsic predictability limits at convective,
often sub-kilometre scales: small uncertainties in initial conditions can grow rapidly,
and processes relevant for intense rainfall such as convective initiation are difficult
to represent at operational grid spacings (Yano et al. 2018). Forecasts can also be
degraded immediately after initialisation due to model spin-up (Cao et al. 2016), which
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is particularly problematic when the decision horizon is on the order of tens of minutes
(Prudden et al. 2020).

2.4.3 Extrapolation-Based Nowcasting

Extrapolation-based nowcasting emerged during the late 1970s and early 1980s in an
era when numerical weather prediction primarily focused on synoptic and mesoscale
atmospheric processes (Prudden et al. 2020; Pierce et al. 2012). Rainfall forecasting
during this period posed difficulties for NWP models because computational limita-
tions constrained their spatial resolution. While NWP models were capable of repre-
senting mesoscale atmospheric features such as frontal systems, they were unable to
resolve smaller-scale convective processes embedded within these systems (Prudden et
al. 2020).

Extrapolation-based nowcasting addresses short lead times by extrapolating observed
precipitation (e.g. radar or satellite) fields forward in time. Successive radar composites
are used to estimate precipitation motion, after which precipitation structures are
advected to generate short-term forecasts. The process rests on the assumption that
precipitation structures move with a stationary motion field over short time intervals,
an assumption commonly referred to as Lagrangian persistence (Zawadzki et al. 1994).
Under this assumption, radar echoes are advected forward in time without explicitly
modelling atmospheric dynamics. The approach enables forecasts with high spatial
and temporal resolution (Golding 1998; Pulkkinen et al. 2019).

Denoting the precipitation field by Ψ and the displacement vector by α(τ), the conser-
vation of precipitation along the motion trajectory can be written as

Ψ(x0, t+ τ) = Ψ(x0 − α(τ), t). (2.1)

In differential form this relationship can be expressed as the advection equation

∂Ψ

∂t
+ u

∂Ψ

∂x
+ v

∂Ψ

∂y
= 0, (2.2)

where (u, v) denote the horizontal components of the motion field.

The advection equation can be reframed as an optical flow constraint - a technique
originating in computer vision (Horn et al. 1981) - by identifying radar reflectivity
with image intensity. Under this interpretation, the condition that reflectivity remains
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approximately constant along precipitation trajectories is expressed as

∂E

∂t
+ u

∂E

∂x
+ v

∂E

∂y
= 0 (2.3)

where E(x, y, t) denotes radar reflectivity at position (x, y) and time t, and (u, v)

are the horizontal motion components. Estimating this motion field from sequential
radar images constitutes one of the central challenges in extrapolation-based nowcasting
(Prudden et al. 2020).

However, this equation alone is insufficient to uniquely determine the motion field at
each location, a limitation known as the aperture problem. At any given point, the
optical-flow constraint provides a single equation relating the two unknown motion
components u and v, meaning the system is fundamentally underdetermined from
local information alone. Intuitively, a local change in reflectivity is consistent with
many different combinations of horizontal and vertical motion, and without additional
information there is no way to distinguish between them (Horn et al. 1981). Practical
optical-flow algorithms therefore introduce additional assumptions, most commonly
spatial smoothness of the motion field, guaranteeing a unique solution for each (u, v)

and allowing a motion field to be estimated from sequential radar images (Horn et al.
1981; Pulkkinen et al. 2019).

In the PySTEPS framework, several motion estimation methods are available, including
the local Lucas–Kanade method, a global variational echo-tracking approach, and the
spectral DARTS method (Pulkkinen et al. 2019).

Once the motion field has been estimated, the precipitation field can be advected
forward in time using numerical advection schemes.

Despite their high spatial and temporal resolution, radar-based nowcasts are inher-
ently limited by growth and decay of precipitation, displacement errors, and rapidly
increasing uncertainty with lead time; forecast skill typically decreases beyond one to
a few hours, particularly during convective events (Imhoff et al. 2020; Prudden et al.
2020). The relationship between observation-based nowcasting methods and NWP is
well illustrated by Golding (1998) (Fig. 2.3):

“The downward trend in information content of the theoretical limit of predictability
reflects the fact that in a chaotic system like the atmosphere, there is an inevitable
loss of information as one looks further into the future. The potential information
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Figure 2.3: Forecast information loss as a function of lead time. The solid line represents the theoretical
limit of predictability, the dotted line nowcasting methods, and the dashed line NWP models. Adapted
from Golding (1998).

content will usually relate to larger scales as the forecast range becomes longer. For a
nowcasting method, the initial information capture is ‘perfect’, or nearly so, but without
representation of atmospheric physics, the information loss is very rapid with forecast
time. By contrast, limited resolution and imperfect assimilation algorithms result in
a relatively poor representation of the observed state in NWP models. This, however,
deteriorates only slowly in the early part of the forecast owing to the good representation
of larger scales, and then parallels the ‘perfect’ solution, the difference reflecting the
imperfect representation of physics, and the residual effect of distortion of small scales
in the initial representation of the atmosphere.”

2.5 State of the Art in Radar-Based Nowcasting
This section reviews the state of the art in radar-based precipitation nowcasting. It
begins with probabilistic ensemble methods, which generate multiple plausible forecast
scenarios rather than a single prediction, before examining deep learning approaches
and their current operational limitations. Blending strategies that combine nowcasting
and NWP-VSRF are then discussed, as these extend the useful forecast horizon beyond
what radar extrapolation alone can achieve.
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2.5.1 Probabilistic Nowcasting

Since the mechanisms governing rainfall generation are inherently chaotic and non-
linear, a probabilistic approach is preferable: deterministic model errors grow very
quickly, particularly at small scales when convective events occur (De Luca et al.
2025; Hohenegger et al. 2007). Probabilistic nowcasting addresses this by generating
ensembles of plausible future precipitation (see Fig 2.4), allowing uncertainty to be rep-
resented explicitly and enabling end users to make better-founded decisions (Krzyszto-
fowicz 2001).

Figure 2.4: Schematic illustration of ensemble nowcasting. Starting from a single analysis state at
t0, an ensemble of N members evolves along plausible trajectories, with spread growing as small-
scale features decorrelate with lead time. The ensemble mean (dark line) provides a deterministic
summary, while the full ensemble collapses into a forecast distribution at the final lead time tf ,
enabling probabilistic decision-making.

The STEPS framework (Short-Term Ensemble Prediction System) developed by Bowler
et al. (2006) and further improved upon by Seed et al. (2013) formalises this through
a cascade decomposition (Fig. 2.5): the precipitation field is decomposed into spatial
scales using a bandpass filter, and random noise calibrated to observed forecast error
growth at each scale is used to generate ensemble members. As small-scale features
decorrelate faster than large-scale ones, STEPS produce ensembles whose spread widens
realistically with lead time (Bowler et al. 2006; Seed et al. 2013). PySTEPS implements
STEPS as its primary probabilistic module and has become a community standard for
ensemble nowcasting research (Pulkkinen et al. 2019; Imhoff et al. 2020).

The more recent LINDA framework (Lagrangian INtegro-Difference equation model
with Autoregression, Pulkkinen et al. (2021)) replaces the cascade decomposition with
a physically motivated Lagrangian framework that better preserves small-scale precipi-
tation structures. LINDA has shown skill advantages over STEPS for intense, localised
convective cells, precisely the events most likely to overwhelm building-scale storage.
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Figure 2.5: 7 level Spectral cascade following decomposition of input signal thorugh a bandpass filter.
Reprinted from Pulkkinen et al. (2019).

This comes, however, at a greater computational cost compared to STEPS (Imhoff
et al. 2020; Tounsi et al. 2023)

For FBC applications, the value of ensemble nowcasting lies not in improved point
accuracy but in enabling probabilistic decision rules. A pre-storm release can be trig-
gered when the ensemble probability of exceeding a rainfall threshold surpasses an
defined threat level, trading the cost of unnecessary releases against the risk of over-
flow (Courdent et al. 2015). This probabilistic threshold-based approach has been
shown to substantially reduce missed warnings at the cost of only a moderate increase
in false alarms, representing a favourable trade-off compared to deterministic forecasts
(Biondi et al. 2021).

2.5.2 Deep Learning Nowcasting

A growing body of research has applied deep learning, a specialized form of machine
learning that uses several processing layers to learn complex abstractions (Misra et al.
2020), to precipitation nowcasting. These approaches learn to recognise patterns di-
rectly from large archives of historical radar observations, and have shown competitive
performance on benchmarking datasets (Li et al. 2026). De Luca et al. (2025) states
that deep learning is particularly well suited to this task for three reasons: (i) the sheer
volume of data collected daily by radar and ground stations provides the large training
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datasets these methods require; (ii) modern graphics hardware allows predictions to
be generated far faster than traditional physically-based models; and (iii) deep neural
networks are capable of approximating highly complex, non-linear relationships, such
as the chaotic ways in which rainfall fields evolve over time and space - a process known
as parametrisation.

Precipitation nowcasting can be approached as one of three related pattern-recognition
problems: predicting a future rainfall image from past ones, modelling how a sequence
of observations evolves forward in time, or generating plausible future scenarios - each of
which has inspired distinct families of model architecture (Li et al. 2026). Landmark
examples include DGMR (Ravuri et al. 2021), a generative model trained on radar
data from the United Kingdom that produces probabilistic nowcasts up to 90 minutes
ahead, and NowcastNet (Zhang et al. 2023), which incorporates physical conservation
principles to improve forecast skill for extreme precipitation events.

From an operational standpoint, however, deep learning nowcasting remains at an
earlier stage of maturity than ensemble extrapolation methods. Models are typically
trained on radar data from a specific region and may perform poorly when applied
elsewhere, as precipitation patterns differ substantially across climates (Li et al. 2026;
De Luca et al. 2025). The lack of shared, standardised datasets for evaluating models
across different regions also makes it difficult to compare results between studies (Li
et al. 2026). A deeper limitation is that deep learning models learn patterns from
historical data without encoding the physical rules that govern how weather actually
behaves. As a result, they can produce forecasts that are statistically plausible but
physically implausible when confronted with conditions not well represented in their
training data (De Luca et al. 2025; Li et al. 2026). A further practical problem con-
cerns forecast sharpness: models trained to minimise average error tend to ”hedge”
their predictions, spreading rainfall over too large an area and underestimating peak
intensities, while models designed to generate realistic-looking fields can occasionally
produce rainfall in locations where none is warranted (Li et al. 2026; Ravuri et al.
2021). Both failure modes are problematic for control applications that depend on
crossing a rainfall threshold to trigger action.

2.5.3 Blending with Numerical Weather Prediction

Neither pure radar extrapolation nor numerical weather prediction alone is optimal
across all lead times. As described in Section 2.4.3, extrapolation-based methods are
to be preferred at sub-hourly to two-hour lead times, while numerical weather pre-
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diction skill increasingly exceeds that of extrapolation beyond this range. Blending
strategies exploit this complementarity by weighting contributions from each source as
a function of lead time (Golding 1998; Seed et al. 2013; De Luca et al. 2025). One of the
earliest examples of this approach is NIMROD, developed at the UK Met Office, which
combined radar extrapolation with numerical weather prediction output to extend the
useful forecast horizon (Golding 1998).

The INCA (Integrated Nowcasting through Comprehensive Analysis) system takes a
similar but more structured approach: radar extrapolation is used exclusively for the
first two hours, numerical weather prediction output is introduced progressively from
two to six hours, and beyond that the numerical model takes over entirely (Haiden
et al. 2011).

SMHI’s KNEP used to follow the same hybrid logic as INCA: radar-based extrapolation
is used for the shortest lead times, while numerical weather prediction is introduced
progressively as forecast range increases. KNEP would advect the latest radar reflec-
tivity field for up to six hours using an AROME wind field and then blends the result
toward the AROME precipitation forecast with lead-time-dependent weights. The re-
sult would be an operational product that combines the strengths of extrapolation at
very short lead times and NWP at longer lead times (SMHI 2025a). However, at date,
KNEP is only using NWP for NaN-gap filling (Falahat 2026).

Operationally, blending ranges from simple weighted averaging to more sophisticated
approaches. Simple linear blending can underperform both constituent forecasts dur-
ing the transition period, as averaging two spatially displaced fields systematically
dampens precipitation intensities (Hwang et al. 2015). More advanced alternatives
such as saliency-based blending (Hwang et al. 2015) and methods based on ensemble
Kalman filtering (Nerini et al. 2019) have been proposed to address this. PySTEPS
implements several of these methods, with numerical weather prediction contributions
progressively replacing extrapolation as lead time increases (Pulkkinen et al. 2019).
Deep learning has also been applied within blended frameworks, both to post-process
numerical weather prediction output and to embed physical constraints directly into
data-driven architectures - an approach that shows particular promise for improving
forecasts of heavy rainfall events (De Luca et al. 2025; Li et al. 2026).
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3 Methods

This chapter is organised as follows. Section 3.1 describes the literature-review ap-
proach; Section 3.2 the gauge and radar data and the event-selection procedure that
reduces the candidate set to the 19 analysed events; Section 3.3 the six nowcasting con-
figurations evaluated; and Section 3.4 the deterministic and probabilistic verification
metrics. The experiments (Section 3.5) proceed in three stages. A one-factor-at-a-
time sensitivity analysis first fixes the model parameters used thereafter. The full runs
then apply the five deterministic configurations to every event and initialisation across
three input resolutions, and form the basis of the results for RQ(i) and RQ(ii). Fi-
nally, a smaller set of exploratory probabilistic runs gives an initial, deliberately limited
assessment of ensemble nowcasting for FBC, informing RQ(iii); as these use a single
fixed initialisation, they are not directly comparable to the full runs and are treated as
indicative throughout.

3.1 Literature review methodology
The literature review was conducted to establish the scientific context for short-term
precipitation forecasting, with a particular focus on radar-based nowcasting methods
and their applicability to urban rain and stormwater management. The review was
designed as a targeted, problem-driven literature study rather than a fully systematic
review.

Relevant literature was identified through structured searches in major scientific
databases, including Elsevier’s Scopus, Google Scholar, and Lund University’s Finn.
Search queries combined keywords related to precipitation forecasting and nowcast-
ing (e.g., precipitation nowcasting, radar-based forecasting, optical flow, ensemble
nowcasting, PySTEPS) with terms associated with urban hydrology and decision
support (e.g., urban stormwater, real-time control, rainwater harvesting). Backward
and forward citation tracking was used to identify additional influential studies.

The literature selection focused on peer-reviewed journal articles, authoritative review
papers, and widely cited methodological references. Particular emphasis was placed on
studies that (i) describe the theoretical foundations of radar-based nowcasting, (ii) eval-
uate extrapolation-based methods, (iii) discuss ensemble approaches and uncertainty
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representation, and (iv) assess the strengths and limitations of nowcasting at short
lead times. Foundational hydrological and meteorological references were included to
support conceptual definitions and event-based analysis practices.

Studies were excluded if they primarily addressed medium- or long-range numerical
weather prediction without relevance to short lead times, relied on data sources not
comparable to weather radar, or focused on application domains outside the scope of
urban precipitation-driven decision-making.
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3.2 Data
The data used in this thesis fall into two main categories: gauge data for event selection,
and radar data for nowcasting.

3.2.1 Gauge Data

Rainfall events were identified using tipping-bucket rain gauge data provided by VA
Syd, the regional water and wastewater utility in the Malmö area. Data were obtained
from three stations in the Malmö urban area: Turbinen PST, Limhamn PST, and
Augustenborg (Fig. 3.1). Each record consists of individual tip events with exact

Figure 3.1: Location of the three VA Syd tipping-bucket
rain gauge stations used for event selection: Turbinen PST,
Limhamn PST, and Augustenborg. All stations are situated
within the urban area. A subset of events were also sourced
from the SMHI MetObs API from the Malmö A station.

timestamps and a fixed tip vol-
ume of 0.2 mm, covering the pe-
riod 2016–2025. Prior to event
selection, the raw tip data were
resampled to 15-minute accumu-
lated totals.

Station availability varies across
the study period: Turbinen PST
and Limhamn PST provide con-
tinuous data through 2025, while
Augustenborg covers 2016–2023.
The three stations are located
within approximately 5–10 km of
each other, and events were se-
lected from the combined network with cross-station deduplication applied to avoid
counting the same rainfall event multiple times.

3.2.1.1 Event Selection Based on Gauge Observations

Rainfall events were selected from tipping-bucket rain gauge data provided by VA
Syd, covering three stations in the Malmö area: Turbinen PST (55.60°N, 12.98°E),
Limhamn PST (55.58°N, 12.92°E), and Augustenborg (55.58°N, 13.03°E). The data
consist of individual 0.2 mm tip records with local-time timestamps, resampled to 15-
minute totals prior to analysis. The study period spans 2017-03-01 to 2025-12-31, with
Augustenborg available through 2023 only.

Events were defined as rolling totals over three durations, d ∈ {1, 3, 6} h, selected
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to span short convective bursts (1 h) through longer mixed and frontal events (6 h).
Stratifying events by duration in this way is consistent with established nowcasting-
evaluation practice (Olsson et al. 2013; Imhoff et al. 2020; Tounsi et al. 2023).

Each rolling window was assigned to a season based on its start time: Summer (April–
September) or Winter (October–March), following the convention that sub-hourly ex-
tremes in Sweden occur almost exclusively during the summer convective season, while
longer-duration extremes may occur in any season (An et al. 2026).

A candidate window was kept only if it met several conditions. A dry buffer of 2 hours
was required before and after the window, with a threshold of 0.2 mm per 15-min inter-
val and a maximum pre-event accumulation of 0.5 mm over the buffer period in order to
have a clear event onset. The event had to reach a minimum 15-minute peak intensity
of 1.0 mm per 15-min interval. A minimum time gap of 2 hours between selected events
was enforced for each duration and season, ensuring temporal independence (Imhoff
et al. 2020).

Event selection was performed independently for each station. Candidates were scored
based on total accumulated precipitation and ranked within each duration-season slot.
Within-station deduplication was applied per duration class; overlapping events of the
same duration were resolved by retaining the more extreme one, analogous to the
approach of Olsson et al. (2013). Station pools were then merged and cross-station
deduplication was applied, again per duration class. From the deduplicated pool, the
six most extreme events per duration–season combination were retained, yielding a
final dataset of 36 events (3 durations × 2 seasons × 6 events).

Return periods were estimated for each event by inverting the empirical formula of
Dahlström (2010) (eq. 6), which relates design rain intensity to return period and
duration:

Rij ≈ 190 τ
1/3
i

ln∆tj
∆t0.98j

+ 2 (3.1)

where Rij is the rain intensity (l s−1 ha−1), τi the return period in months, and ∆tj

the event duration in minutes. The observed gauge accumulation was converted to
intensity via R = P / (∆t · 0.36), where P is the accumulated depth (mm) and ∆t the
duration in hours. Solving eq. (3.1) for τi gives:
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τi =

 R− 2

190 · ln∆tj
∆t0.98j


3

(3.2)

Events with R ≤ 2 l s−1 ha−1 fall below the frontal-rain baseline of the formula and are
assigned no return period.

All events were visually verified in the BALTRAD GUI to confirm correspondence
between gauge and radar observations (BALTRAD 2026).

3.2.1.2 Overview of Selected Events

Following the event selection methodology described in Section 3.2.1.1, 36 precipitation
events were initially identified and requested from SMHI’s radar archive. After data
retrieval and quality control, events were excluded if radar composite data was not
available, contained substantial gaps in the event window, or relied on fallback to lower-
resolution radar products during portions of the event. Three additional events from an
earlier training set were retained to broaden the seasonal and duration coverage.1 After
these filters, 19 events remained suitable for analysis at native PySTEPS resolution
(0.5 km / 5 min).

Table 3.1 lists the 19 events used in the analysis. The full list of 36 originally selected
events, including those excluded due to data quality issues, is provided in Appendix A3.

Onset frames and hyetographs for all analyzed events are included in Appendix A3
(Fig. A3, A4, A5, and A2).

1These events were used at an earlier stage to construct the sensitivity analysis. They were identi-
fied using the same methodology as the VA Syd events, but were sourced from SMHI’s MetObs API
from station Malmö A (52350).
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Table 3.1: Precipitation events included in the analysis. Date and time refer to event onset (local
time, Europe/Stockholm). Gauge totals and peak intensities are from the VA Syd gauge record. T is
the return period estimated using Dahlström (2010). Type indicates the broad character of the event:
C = convective, S = stratiform, M = mixed. Added events from the initial SMHI screening are shown
in blue.

# Date & onset Season Type Dur. Gauge Peak T Station
(local) (h) (mm) (mm h−1) (yr)

2 2022-07-03 21:05 Summer C 1 12.8 24.8 1.1 Augustenborg
5 2021-09-28 00:45 Summer M 1 10.0 32.8 0.5 Turbinen PST
38 2022-05-31 11:22 Summer C 1 11.5 17.6 0.8 (Malmö A)
7 2022-10-01 16:35 Winter M 1 14.4 21.6 1.6 Limhamn PST
9 2019-10-13 20:00 Winter S 1 4.8 16.8 0.1 Turbinen PST
10 2018-11-12 01:05 Winter M 1 4.6 7.2 0.1 Turbinen PST
12 2020-11-02 02:00 Winter S 1 4.0 6.4 0.1 Turbinen PST
15 2018-08-09 23:50 Summer S 3 21.4 35.2 2.1 Turbinen PST
39 2019-06-12 21:55 Summer M 3 23.5 36.4 2.9 (Malmö A)
40 2023-07-12 06:37 Summer S 3 32.2 26.0 8.0 (Malmö A)
19 2022-10-01 13:45 Winter M 3 15.8 20.0 0.7 Turbinen PST
21 2017-10-02 09:05 Winter S 3 11.4 6.4 0.2 Turbinen PST
22 2023-02-03 05:55 Winter M 3 11.0 6.4 0.2 Augustenborg
24 2021-12-01 21:00 Winter M 3 8.2 4.0 0.1 Turbinen PST
28 2019-07-28 07:05 Summer C 6 22.4 32.0 1.1 Turbinen PST
29 2018-08-09 23:50 Summer M 6 21.6 35.2 1.0 Turbinen PST
30 2021-09-29 15:35 Summer M 6 20.8 8.8 0.9 Augustenborg
33 2021-10-21 07:25 Winter S 6 19.2 10.4 0.6 Turbinen PST
36 2021-12-01 17:05 Winter S 6 16.0 4.0 0.3 Turbinen PST
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3.2.2 Radar Data

High-resolution radar composites were obtained directly from SMHI. These com-
posites have a spatial resolution of 0.5 × 0.5 km and a temporal resolution of 5 minutes,
covering the entirety of Sweden.

Figure 3.2: Weather radar cover-
age map of Sweden. The twelve
weather radar stations are marked
with black dots. The colour scales
indicate the altitude ranges of radar
measurements. Reproduced with
permission from SMHI. Originally
published in (Björck et al. 2025).

The high resolution is an upgrade from the 2 × 2 km,
15-minute resolution used in SMHI’s operational now-
casting product KNEP (Korta NEderbörds Prognoser),
originally requested by the Flight Meteorologists at
SMHI in Uppsala for aviation use to better resolve
convective precipitation (Nordh 2026). The underlying
radar technology to produce data at higher resolution
is not new, but the operational adoption has been con-
strained by both the substantial increase in data vol-
ume - the 0.5 km / 5-min product contains 16× 3 = 48

times as many data points as the KNEP input - and the
absence of explicit demand for finer resolution from in-
ternal users or external customers, which together have
meant that the established 2 km / 15-min standard has
remained in operational use (Van De Beek 2026).

Radar of this resolution has to the author’s extent of
knowledge not been been used for nowcasting in the
literature.

The Swedish national weather radar network consists
of twelve C-band Doppler weather radar stations (Hosseini et al. 2022) operating at
5.6 GHz with a maximum range of 240-250 km per station (SMHI 2026). The net-
work employs dual-polarization technology and is part of the BALTRAD collaboration,
which merges scans from Sweden, Norway, Finland, Estonia, and Latvia to create com-
posite coverage over nearly all of Northern Europe and the Baltic Sea (Michelson et al.
2018). (Fig. 3.2).

The composite product is generated by merging individual radar scans into a single
nationwide field, with quality control applied to reduce artefacts such as ground clutter
and beam blockage. For each selected event, radar data were extracted covering the
event window with six hours of padding before and after.
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Prior to data delivery, the national radar composites were cropped to a regional sub-
domain covering approximately 7.7–24.1°E and 53.8–62.9°N, encompassing southern
Sweden, north Eastern Denmark and the surrounding sea. This reduced to the spatial
extent to the area relevant for the Malmö study site while substantially decreasing data
flow and subsequent computational load.

3.2.3 Radar reflectivity and rainfall rate

Weather radar measures the radar reflectivity factor Z, which represents the returned
signal from hydrometeors (e.g. raindrops, snow or hail) within the radar sampling
volume. Because Z spans several orders of magnitude, it is commonly expressed on a
logarithmic scale as

dBZ = 10 log10

(
Z

Z0

)
, (3.3)

where Z0 is a reference reflectivity.

For hydrological applications, reflectivity must be converted to rainfall intensity R

(mmh−1). This is typically done using the empirical Marshall-Palmer (Marshall et al.
1947) Z–R relationships of the form

Z = a ·Rb, (3.4)

where a and b are empirically derived parameters. In this thesis the standard values
a = 200 and b = 1.6 is used, in accordance with Andersson et al. (2022) and Marshall
et al. (1948).

3.3 PySTEPS Framework
PySTEPS is an open-source Python library for short-term precipitation nowcasting in the
0–6 h range (Pulkkinen et al. 2019). It provides tools for motion field estimation using
optical flow, radar-based extrapolation, stochastic ensemble generation, and optional
blending with numerical weather prediction (Fig. 3.3). In this thesis, PySTEPS is used
to generate deterministic and probabilistic radar-based nowcasts, evaluated against
simple persistence baselines and the operational KNEP product.

3.3.1 Nowcasting configurations

PySTEPS is based on the assumption of Lagrangian persistence. Over short lead times,
precipitation structures are assumed to move with a quasi-stationary velocity field,
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while their intensity remains approximately constant (Pulkkinen et al. 2019). The
forecast is therefore generated by advecting the observed radar field forward in time
using a semi-Lagrangian advection scheme.

Six nowcasting configurations are evaluated in this study, representing increasing levels
of methodological complexity:

Eulerian Persistence (EP) uses the most recent radar composite as the forecast for
all lead times, with no advection or dynamical processing. It serves as the minimum
baseline against which all other methods are compared.

Lagrangian Persistence (LP) advects the most recent radar composite forward
in time using the estimated motion field, but applies no cascade decomposition or
stochastic perturbations. It isolates the contribution of motion estimation alone.

S-PROG (Spectral PROGnosis), developed by Seed (2003), extends LP by applying
a multi-scale cascade decomposition and autoregressive (AR) modelling at each spatial
scale, allowing small-scale features to dissipate more rapidly than large-scale ones. The
result is a single deterministic nowcast field with a more physically plausible intensity
evolution than LP.

ANVIL (Autoregressive Nowcasting using Vertically Integrated Liquid) method, de-
veloped by Pulkkinen et al. (2020), is a deterministic extension of the Lagrangian
persistence paradigm designed to better capture the growth and decay of precipita-
tion structures (Tounsi et al. 2023). While the method was originally designed for
use with volumetric radar observations of Vertically Integrated Liquid (VIL), it is here
applied to surface rainfall intensity (SRI) fields as implemented within the PySTEPS
framework (Annella et al. 2025; Pulkkinen et al. 2021).

The primary innovation of ANVIL is the replacement of the standard second-order
autoregressive AR(2) process - used in models like S-PROG - with an autoregressive
integrated ARI process (Pulkkinen et al. 2021). This approach explicitly models the
temporal evolution of the differences between successive precipitation fields, which
allows the model to preserve small-scale variability and sharp gradients that are oth-
erwise smoothed out by the scale-filtering processes in S-PROG (Annella et al. 2025;
Pulkkinen et al. 2021). Furthermore, ANVIL utilizes a spatially localized parameter
estimation scheme, enabling it to effectively predict regional growth and dissipation
patterns rather than relying on domain-wide averages (Pulkkinen et al. 2021).

STEPS (Short-Term Ensemble Prediction System) builds on S-PROG by adding
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Figure 3.3: Workflow for computing probabilistic precipitation nowcasts using PySTEPS.
Reprinted from (Pulkkinen et al. 2019).
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stochastic perturbations calibrated to observed forecast error growth at each cascade
level, generating an ensemble of plausible future precipitation fields (Bowler et al. 2006;
Seed et al. 2013).

LINDA As an exploratory comparison, nowcasts were also generated using the
LINDA framework (Lagrangian INtegro-Difference equation model with Autoregres-
sion) (Pulkkinen et al. 2021). LINDA replaces the cascade decomposition of STEPS
with a physically motivated Lagrangian framework that explicitly models the growth
and decay of individual precipitation objects. Rather than decomposing the rainfall
field into spatial scales and applying AR models at each level, LINDA tracks the
evolution of precipitation structures directly in Lagrangian coordinates.

LINDA has shown skill advantages over STEPS for intense, localised convective cells
(Pulkkinen et al. 2021; Imhoff et al. 2020; Tounsi et al. 2023; Annella et al. 2025) -
precisely the event type most likely to challenge extrapolation-based nowcasting and
most relevant to the FBC context of this study.

In all configurations, motion fields were estimated using the Lucas-Kanade (LK)
optical-flow method, applied to the four most recent radar frames prior to each
nowcast initialisation. LK was selected as the simplest and computationally lightest
optical-flow scheme available in PySTEPS. This choice is supported by Pulkkinen et al.
(2019), who report that the alternative schemes (VET and DARTS) differ by less than
2% in skill.

Nowcasts were produced at the native radar resolution of 0.5 × 0.5 km with a tem-
poral resolution of 5 minutes and a lead time of 90 minutes. An overview of the four
configurations is given in Table 3.2.
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Table 3.2: Nowcasting configurations evaluated in this study, ordered by increasing model complexity.
Columns indicate whether each method applies Lagrangian advection of the precipitation field, a multi-
scale spectral cascade with autoregressive temporal evolution (AR), and stochastic perturbations to
generate an ensemble. Methods: EP - Eulerian Persistence; LP - Lagrangian Persistence; S-PROG
- Spectral Prognosis; ANVIL - Autoregressive Nowcasting of Vertically Integrated Liquid; STEPS
- Short-Term Ensemble Prediction System; LINDA - Lagrangian Integro-Difference equation model
with Autoregression.

Method Advection Cascade + AR Ensemble
EP No No No
LP Yes No No

S-PROG Yes Yes No
ANVIL Yes Yes No
STEPS Yes Yes Yes
LINDA Yes No Yes

3.4 Verification

3.4.1 Verification metrics for deterministic nowcasts

Deterministic and mean probabilistic nowcasts were evaluated using a complementary
set of metrics capturing intensity errors, spatial pattern skill, event detection capability,
and scale dependence. All metrics were computed as a function of lead time and
aggregated over the full spatial domain unless stated otherwise.

Pixel-wise intensity errors were quantified using the Mean Absolute Error (MAE)(Wilks
2005).

Pearson’s correlation coefficient ρ(t) was computed between the forecast field F (x, t)

and the corresponding observed field O(x, t) across all grid cells x at each lead time t:

ρ(t) =

∑
x

(
F (x, t)− F̄ (t)

)(
O(x, t)− Ō(t)

)√∑
x

(
F (x, t)− F̄ (t)

)2 ∑
x

(
O(x, t)− Ō(t)

)2 , (3.5)

where F̄ (t) and Ō(t) denote the spatial means of the forecast and observed fields. The
decorrelation time τ is defined as the lead time at which ρ(t) falls below 1/e ≈ 0.368,
interpreted as the limit of useful predictability (Germann et al. 2002; Imhoff et al.
2020), and estimated by linear interpolation between the two bracketing lead times.

Event detection skill was evaluated using categorical verification metrics at a rainfall
intensity threshold of θ = 0.1 mmh−1. Forecasts and observations were converted to
binary exceedance fields, from which the metrics listed in Table 3.3 were derived (Wilks
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2005).

To account for spatial displacement errors, the Fractions Skill Score (FSS) (Roberts
et al. 2008) was employed. For a given neighbourhood size n and lead time t, FSS is
defined as

FSS(n, t) = 1−
1
N

∑N
i=1

(
fi(n, t)− oi(n, t)

)2
1
N

∑N
i=1

(
f 2
i (n, t) + o2i (n, t)

) , (3.6)

where fi(n, t) and oi(n, t) denote the fractions of forecast and observed grid cells ex-
ceeding θ within a neighbourhood of size n centred at grid cell i. FSS ranges from 0
to 1, with higher values indicating better spatial agreement.

Table 3.3: Categorical verification metrics derived from the contingency table of forecast and observed
binary exceedance fields at threshold θ = 0.1 mmh−1. Here, a denotes hits, b false alarms, and c misses.

Metric Abbreviation Formula

Critical Success Index CSI a

a+ b+ c

Probability of Detection POD a

a+ c

False Alarm Ratio FAR b

a+ b

Frequency Bias BIAS a+ b

a+ c

3.4.2 Verification metrics for probabilistic nowcast ensembles

The ensemble nowcasts were evaluated using a set of probabilistic verification metrics
(Pulkkinen et al. 2019), applied consistently at the intensity threshold θ = 0.1 mmh−1

with ensemble size N varied to assess sensitivity.

Ensemble calibration was assessed using the rank histogram (Talagrand diagram), in
which the observation is ranked among the N ensemble members for each grid cell and
lead time. A well-calibrated ensemble produces a uniform rank distribution; character-
istic departures from uniformity diagnose underdispersion, overdispersion, or system-
atic bias (Hamill 2001; Wilks 2005) (see Fig. 3.4).

Overall probabilistic skill was quantified using the Continuous Ranked Probability
Score (CRPS), which generalises the MAE to probabilistic forecasts by comparing the
cumulative distribution functions of the forecast ensemble and the observation (Imhoff
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Figure 3.4: Verification rank histograms for hypothetical ensembles of 8 members, illustrating char-
acteristic ensemble dispersion and bias errors. Reprinted from Wilks (2005).

et al. 2020):
CRPS =

∫ ∞

−∞

(
F (y)− 1(y ≥ x)

)2
dy, (3.7)

where F (y) is the forecast CDF and 1(y ≥ x) is the unit step (Heaviside) function
at the observed value x. Lower values indicate better skill. Crucially, the CRPS
reduces to the MAE for deterministic forecasts, enabling direct comparison between
deterministic and probabilistic methods. CRPS was computed as a function of lead
time to characterise the temporal decay of ensemble skill.

Forecast calibration was assessed using the reliability diagram (Fig. 3.5), which plots
observed relative frequency of threshold exceedance against the forecast probability
for each probability bin. A perfectly calibrated ensemble follows the 1:1 diagonal;
systematic departures indicate over- or underforecasting, or miscalibrated confidence
(Wilks 2005). The accompanying refinement distribution reflects the sharpness of the
ensemble.

Discrimination ability was assessed using the ROC curve, which evaluates whether
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Figure 3.5: Reliability diagrams illustrating systematic forecast biases and differences in forecast
confidence, based on hypothetical ensemble forecasts. Adapted from Wilks (2005).

ensemble exceedance probabilities consistently rank rain-producing grid cells above
dry ones, independently of calibration. The area under the curve (AUC) summarises
discrimination in a single value, where 1.0 indicates perfect discrimination and 0.5
corresponds to no skill (Wilks 2005).

3.5 Experimental Setup

3.5.1 Sensitivity Analysis

A sensitivity analysis was conducted to assess how key model configuration parameters
influence nowcast performance. All experiments were performed locally on a consumer-
grade laptop (Apple M1 Air, 8-core CPU with 4 performance cores and 4 efficiency
cores, 16 GB unified memory), which imposed practical constraints on computational
cost. The analysis therefore balanced parameter coverage against feasible runtimes
rather than exhaustively exploring the full parameter space.
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3.5.1.1 Deterministic

S-PROG and ANVIL. The deterministic sensitivity experiments for S-PROG and
ANVIL were carried out across all 19 events. The parameters investigated includethe
number of cascade levels used in the multiscale decomposition, and the autoregressive
(AR) model order.

A one-factor-at-a-time approach was adopted, where each parameter was varied
while keeping all others fixed at baseline values (AR order 2, 8 cascade levels, native
0.5 km / 5 min resolution).

The AR order was varied between 1, 2, and 3, and the number of cascade levels was
tested at 3, 8, and 16. This approach allows for clear attribution of performance
changes, although it does not capture potential interactions between parameters.

LINDA-D. The sensitivity analysis for LINDA-D was conducted on all 19 events
(covering 1 h, 3 h, and 6 h durations across both seasons) under the same OAT de-
sign, with all other settings held at their PySTEPS defaults. Three LINDA-specific
parameters were examined:

• Localization radius (gw): the standard deviation of the Gaussian window used
to estimate spatially localised model parameters. Values of 50, ∼100 (PySTEPS
default, 0.2 ×min(m,n)), and 200 grid pixels were tested, corresponding to ap-
proximately 25 km, 50 km, and 100 km at native 0.5 km resolution.

• Blob-detection threshold (bmin): the minimum scale parameter (min_sigma)
in the Laplacian-of-Gaussian (LoG) feature detector. A low value (1.5) retains
more, finer-scale precipitation features, while a high value (6.0) retains only larger
structures.

• AR input order (p): the autoregressive order of the LINDA model (ari_order
= 1, 2, or 3), which determines how many prior radar frames are used to fit the
local AR coefficients. The baseline uses ari_order = 2.

For each event, nowcasts were generated using a rolling-initialisation strategy. The
rolling-initialisation principle follows Imhoff et al. (2020); the specific schedule used
here - 25 nowcasts per event, issued every 5 min from 90 min before event onset to
30 min after - was chosen so that verification statistics reflect performance across a
range of atmospheric states within each event, rather than depending on a single ini-
tialisation (Fig. 3.6). Each nowcast extends 90 minutes into the future at the native
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radar resolution and 5-minute temporal steps, yielding 18 forecast lead times per ini-
tialisation. Only lead times falling within the event window contribute to verification;
lead times outside the event window are discarded. Verification metrics were aggre-
gated across all valid lead times and initialisations to produce a single score per event,
parameter configuration, and metric. This rolling approach ensures that verification
statistics reflect forecast performance across a range of atmospheric states within each
event, rather than depending on a single initialisation.

t−90 Event onset Event end
−90min

−60min

−30min

−90 −60 −30 0 +30 +60 +90 +120 +150 +180

Time relative to event onset (min)
Valid lead times Excluded lead times Event window

Figure 3.6: Schematic illustration of the rolling initialisation strategy applied in this study, inspired
by Imhoff et al. (2020) and Tounsi et al. (2023). A total of 25 nowcasts are issued per event, initialised
every 5 minutes starting 90 minutes prior to event onset and ending 30 minutes into the event. Each
nowcast has a lead time of 90 minutes. Only lead times falling within the event window contribute
to verification (dark blue); lead times outside the event window are excluded (light blue). The figure
illustrates a representative 3-hour precipitation event.

While the use of local hardware limits the scale of the experiments, the relative differ-
ences observed between configurations are considered robust, as all simulations were
performed under consistent computational conditions.

3.5.2 Full Runs

All nowcasts for the full runs were produced using PySTEPS v1.20.0 running locally on
an Apple M1 Air (8 cores, 16 GB RAM).

Rolling initialisations were utilised for the full runs as well, as described in Sec-
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tion 3.5.1.1.

Nowcasts were computed on a cropped version of the regional subdomain delivered by
SMHI (approximately 11.0–16.0◦E and 54.5–57.0◦N), which provides sufficient spatial
context for motion field estimation while limiting computation time. For verification,
a smaller domain centred on the Malmö urban area was used, covering approximately
12.75–13.5◦E and 55.5–56.0◦N (see Fig. 3.7). This domain encompasses the rain gauge
stations used for event selection and comprises 113× 98 grid cells at native resolution
(approximately 57× 49 km), providing sufficient spatial support for robust verification
statistics and FSS computation at neighbourhood scales of 5–10 km while remaining
representative of the urban area relevant to the intended FBC application. The exact
domain boundaries were not optimised, but since all configurations are verified against
the same domain, relative comparisons remain robust.

Figure 3.7: Spatial domains used for nowcasting and verification, illustrated on a Summer event (2020-
08-29 05:50 UTC). (a) Full SMHI south-Sweden radar composite. The orange dashed box marks the
nowcast domain and the red dashed box marks the verification domain. (b) Nowcast domain (11.0–
16.0°E, 54.5–57.0°N), on which motion estimation and ensemble nowcasts were computed. The red
dashed box indicates the verification domain. (c) Verification domain (12.75–13.5°E, 55.5–56.0°N),
centred on the Malmö urban area.

Five deterministic nowcasting configurations - Eulerian persistence (EP), Lagrangian
persistence (LP), S-PROG, ANVIL, and LINDA-D - were applied to every event and
initialisation time. Based on the sensitivity analysis, S-PROG and ANVIL were run us-
ing the PySTEPS default parameters (AR/ARI order 2, 8 cascade levels), and LINDA
with AR order 1.
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Motion fields were estimated using the Lucas-Kanade optical flow method applied to
the four most recent radar composites prior to each initialisation time (Section 3.3.1).
Radar reflectivity fields were converted to rainfall rates using the Marshall–Palmer
Z–R relationship (a = 200, b = 1.6) prior to nowcast generation.

To assess sensitivity to input resolution, two coarser configurations were produced
alongside the native 0.5 km / 5min resolution: 1 km / 10min and 2 km / 15min. Each
was generated by block-averaging the native radar fields over the corresponding spatial
window (2 × 2 and 4 × 4 grid cells) and subsampling the resulting timeseries at the
target temporal stride (2× and 3× the native 5min step).

3.5.3 Exploratory Probabilistic Runs

To provide an initial assessment of probabilistic nowcasting for FBC applications, ex-
ploratory runs were performed using STEPS and LINDA with 16 ensemble members.
These runs used a single fixed initialisation at 30 min before event onset, in contrast
to the rolling initialisation strategy used for the deterministic analysis. Results are
therefore not directly comparable to the deterministic verification and should be in-
terpreted as indicative of the potential added value of ensemble forecasts for FBC
decision-making.
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4 Results

4.1 Sensitivity Analysis

4.1.1 S-PROG & ANVIL

Figure 4.1 summarises the deterministic sensitivity analysis of autoregression order and
cascade levels, as relative change from baseline for each parameter–metric combination
at 60 min lead time. The baseline configuration uses AR order 2, 8 cascade levels, and
native resolution (0.5 km / 5 min).

S-PROG is robust to both parameters. Deviations from baseline remain within ±6 %
for both metrics, with most falling below ±4 %.

ANVIL shows a qualitatively different pattern. AR order 3 produces substantial degra-
dation across all metrics, with MAE worsening by 31.2 % and CSI by 6.7 %. This
performance drop suggests that the optical-flow-based advection used by ANVIL may
be sensitive to higher-order autoregressive terms. Sensitivity to the number of cascade
levels remains modest for ANVIL.

Overall, inter-event variability far exceeds parameter sensitivity for both models, indi-
cating that nowcast skill at 60 min lead time is governed primarily by the meteorological
situation rather than by configuration choices.

Based on these results, all subsequent deterministic runs use the baseline configuration
(AR order 2, 8 cascade levels). Notably, SMHI’s operational ANVIL configuration (AR
order 2, 3 cascade levels, 2 km/15 min resolution) (Falahat 2026) falls within the robust
parameter space identified here, albeit at a coarser resolution.

4.1.2 LINDA-D

Figure 4.2 summarises the deterministic sensitivity of LINDA-D to three parameters,
evaluated on the 19 events at 60 min lead time: the localisation radius, which controls
the spatial extent over which the convolution kernel and ARI parameters are estimated
locally rather than globally; the blob threshold, which sets the detection sensitivity for
identifying rain cells around which local parameters are fitted; and the motion frame
AR order, which specifies the order of the autoregressive integrated process. LINDA-D
is most sensitive to the localisation radius. The default radius is automatically deter-

41



Figure 4.1: Sensitivity of S-PROG and ANVIL to AR order and cascade levels. Values show relative
change from baseline (AR order 2, 8 cascade levels). The MAE sign is flipped so that green consistently
indicates improvement across all metrics.

42



Figure 4.2: Sensitivity of LINDA-D to localisation radius, blob threshold, and motion frame AR
order at 60 min lead time, evaluated on 19 events. Values show relative change from the default
configuration. The MAE sign is flipped so that green consistently indicates improvement.
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mined by PySTEPS as 0.2×min(Height,Width) of the nowcasting window, yielding
approximately 56 km for the domain used in this study. Reducing the radius to 25 km
degrades all metrics substantially, with FSS at 5 and 10 km dropping by 13–14 % and
CSI by 9.3 %. Increasing the radius to 100 km produces a similar but slightly weaker
degradation. The default value thus sits near the optimum, balancing local adaptivity
against spatial smoothness.

Blob threshold and motion frame AR order show more modest effects. A higher blob
threshold (bmin = 6.0) improves FSS at both scales (+1.7 % and +6.9 %) at the cost
of slightly worse MAE (−1.3 %), indicating that fewer, larger blobs produce spatially
smoother forecasts that verify better at the neighbourhood scale. Reducing the motion
frame AR order from 2 to 1 shows a similar trade-off: improved FSS (+1.5–1.8 %) but
degraded MAE (−3.0 %). AR order 3 was also tested, but did not produce a nowcast
due to an unresolved implementation issue; these runs are therefore excluded.

Based on these results, all subsequent LINDA-D runs use the default configuration, as
no alternative consistently improves all metrics.
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4.2 Deterministic Nowcast Performance
This section presents the verification of the five deterministic nowcasting methods (S-
PROG, LP, EP, ANVIL, LINDA-D) at native PySTEPS resolution (0.5 km / 5 min)
over all 19 events. S-PROG and ANVIL are configured with the baseline parameters
identified in Section 4.1.1 (AR order 2, 8 cascade levels); LINDA-D uses the default
configuration identified in Section 4.1.2. LP and EP serve as Lagrangian and Eulerian
persistence baselines. All forecasts are evaluated at lead times from 5 to 90 min in
5-min steps. Verification at the coarser configuration used by SMHI’s KNEP product
is presented separately in Section 4.3.

4.2.1 Overall verification

Before turning to aggregated metrics, Figure 4.3 illustrates the qualitative behaviour
of the five deterministic configurations for a representative event (initialised at 2021-
09-27 22:45 UTC; 2021-09-28 00:45 local time, Europe/Stockholm). The persistence
baselines (EP and LP) preserve the structure and intensity of the initial radar field
but, by construction, cannot represent growth or decay; LP additionally advects the
field with the estimated motion. S-PROG produces visibly smoothed forecasts in which
small-scale features dissipate progressively with lead time, while ANVIL and LINDA-
D retain sharper precipitation structures throughout the 90 min horizon. These visual
differences foreshadow the bias and intensity-error patterns quantified below.

Figure 4.4 aggregates verification across all 19 events for the eight metrics computed
in this study. S-PROG performs best or tied-best in the categorical (CSI, POD),
spatial (FSS at 5 and 10 km), and bias metrics, with LP consistently second. ANVIL
and LINDA-D occupy the middle range, scoring below S-PROG and LP across CSI,
POD, and FSS at all lead times. EP serves as the lower bound across all metrics,
with Pearson r approaching zero by 30 min and CSI degrading steadily throughout the
lead-time range.

The MAE panel reveals that S-PROG retains the lowest absolute errors throughout the
lead-time range (1.0–2.3 mm/h at 5–90 min), followed by LP. ANVIL and LINDA-D
produce higher MAE than the persistence baseline LP, with LINDA-D approaching
EP’s error level beyond 60 min lead time. The smoother S-PROG fields visible in
Figure 4.3 are consistent with this lower pixel-wise error.

The bias panel is informative for distinguishing between intensity preservation and de-
tection skill. S-PROG maintains bias close to unity throughout the lead-time range
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Figure 4.3: Forecast evolution at lead times of 15, 30, 60, and 90 min for the five deterministic
configurations, initialised at 2021-09-27 22:45 UTC. Top row shows the corresponding observed radar
fields. EP holds the initial field constant; LP advects it along the estimated motion field; S-PROG
progressively smooths small-scale features through cascade-AR filtering; ANVIL and LINDA-D retain
sharper structures through their alternative scale treatments.
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Figure 4.4: Deterministic verification across all 19 events at native resolution (0.5 km / 5 min). Lines
show median values per model; boxes show inter-event variability (25th–75th percentile); whiskers
extend to the 5th and 95th percentiles. The dashed line in the Pearson panel marks r = 1/e ≈ 0.368.
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(0.95 at 5 min, 0.87 at 90 min), while LP, ANVIL, and LINDA-D systematically under-
predict (bias 0.55–0.75 by 90 min). EP shows the largest bias drift, falling to approxi-
mately 0.55 at 90 min.

False-alarm ratio remains low and broadly comparable across all skilful methods (FAR
< 0.10 for S-PROG, LP, ANVIL, and LINDA-D throughout 5–90 min).

4.2.2 Decorrelation time and skilful lead time

Pearson correlation stratified by season and event duration is shown in Figure 4.5. The
dashed horizontal line marks r = 1/e ≈ 0.368, the threshold conventionally used to
define maximum skilful lead time (Germann et al. 2002).

Two patterns are evident. First, winter events are consistently more predictable than
summer events of the same duration. For 1-hour events, S-PROG crosses 1/e at ap-
proximately 20 min in summer but maintains r > 1/e until 40 min in winter. Simillar
separation holds for 3- and 6-hour events, with 30/50 respectively 30/70 min.

Second, S-PROG retains the longest skilful lead time across most (season × duration)
categories. The crossing of the 1/e threshold for S-PROG occurs at approximately 17,
30, and 30 min in summer for 1, 3, and 6-hour events, and at 41, 47 and 46 min in
winter. The exception from the dominance of S-PROG is at 1h winter and 3h summer
events where LINDA-D overtakes by a slight measure.
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Figure 4.5: Pearson correlation between forecast and observation versus lead time, stratified by season
(columns) and event duration (rows). The dashed line at r = 1/e ≈ 0.368 marks the decorrelation
threshold conventionally used to define maximum skilful lead time. Box plots show inter-event vari-
ability; lines show median per model. Sample sizes (n) are indicated in each panel title.
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4.2.3 Seasonal and duration dependence in intensity errors

Figure 4.6 shows MAE stratified by season, event duration, and lead-time window (5–
30, 35–60, 65–90 min). The figure isolates how absolute forecast errors vary with both
meteorological context and forecast horizon.

Figure 4.6: Mean absolute error stratified by event duration (rows), lead-time window (columns), and
season (within-panel). Open markers show median values; small markers show individual events. Note
the factor-of-3 difference in MAE between summer and winter at all duration–lead-time combinations.

Winter MAE is approximately three times lower than summer MAE across all duration
and lead-time combinations. For 3-hour events at 35–60 min lead time, S-PROG MAE
is 2 mm/h in summer versus 1 mm/h in winter; for 6-hour events at the same lead-
time window, the corresponding values are 2.7 and 1.3 mm/h. The seasonal contrast is
largest for 3-hour events, where summer MAE exceeds winter MAE by a factor of 5–7
across all lead-time windows.

The relative ranking of methods is preserved across seasons: S-PROG produces the
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lowest MAE in all 18 (duration × season × lead-time-window) combinations, followed
by LP. ANVIL and LINDA-D track each other closely and exceed LP’s MAE in most
categories. EP exceeds the skilful methods in summer but is comparable to LP, ANVIL,
and LINDA-D in winter, where the absolute error magnitudes are too small for the
methods to differentiate strongly.

MAE growth with lead time is most pronounced for 1-hour summer events (1.8 mm/h
at 5–30 min growing to 2.5 mm/h at 65–90 min for S-PROG) and weakest for 6-hour
winter events (0.7 to 1.7 mm/h over the same windows). This pattern is consistent with
the Pearson-based decorrelation analysis: events with the steepest correlation decay
also seem to show the steepest absolute error growth.
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4.3 Comparative runs at 1 km/10 min and 2 km/15 min
To assess how nowcast performance varies with input resolution, S-PROG, ANVIL,
and LINDA-D were rerun at two coarser configurations (1 km / 10 min and 2 km /
15 min) in addition to the native 0.5 km / 5 min results presented in Section 4.2. Fig-
ure 4.7 summarises performance at 30 min lead time across seven verification metrics,
normalised across all methods and resolutions. Figure 4.9 shows the full lead-time
evolution of Pearson r stratified by season and event duration. See Appendix A2 for
summary of all runs at all resolutions, as well as spider plots at 60 min lead time.

Figure 4.7: Method profile per resolution at 30 min lead time, aggregated across all 19 events. Each
axis shows a verification metric normalised so that 0 corresponds to the bottom 5th percentile and 1 to
the top 5th percentile across all methods and resolutions; outward always indicates better performance.
MAE and FAR are inverted accordingly.

The spider plots show distinct method rankings at each resolution. At native 0.5 km /
5 min (left panel), S-PROG and LP occupy the outermost positions across most axes,
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with ANVIL and LINDA-D forming an inner band and EP serving as the lower bound.
At 1 km / 10 min (centre panel) the configuration shifts: LINDA-D extends outward
on POD, CSI, and both FSS axes, while S-PROG retains the MAE and FAR axes. At
2 km / 15 min (right panel) the inversion is fully developed: LINDA-D dominates POD,
CSI, FSS at both 5 and 10 km, and decorrelation time, while ANVIL traces a similar
but slightly inner profile. S-PROG retains the outermost MAE and FAR positions but
has collapsed inward on the categorical and spatial metrics.

Figure 4.8 shows how frequency bias at 30 and 60 min lead time evolves across the
three input resolutions. The methods diverge sharply. S-PROG and LP both main-
tain bias close to unity at native resolution (approximately 0.9) but drop to 0.4–0.5
at 1 km / 10 min and 2 km / 15 min, indicating systematic under-prediction of rain
area at coarser configurations. LINDA-D shows the opposite trajectory, rising from
0.7 at native resolution to approximately 1.1 at the two coarser configurations and
remaining slightly above unity. ANVIL occupies an intermediate range (0.7–0.9) with
comparatively flat behaviour across resolutions. EP remains stable at approximately
0.5 throughout, a level that S-PROG and LP both fall to at the coarser configurations.

Figure 4.8: Frequency bias a t30 and 60 min lead time as a function of input resolution, aggregated
across all 19 events. Lines show median values per method; shaded bands show inter-event IQR.
Values close to unity indicate correct prediction of rain area; values below unity indicate systematic
under-prediction.

The Pearson stratification in Fig. 4.9 reveals two consistent patterns. First, the native
0.5 km / 5 min configuration produces the lowest correlation values across all three
methods in nearly every season–duration panel, with ANVIL and LINDA-D at native
resolution falling below 0.2 within 30 min for most summer cases. Second, the 1 km /
10 min and 2 km / 15 min configurations track each other closely and lie consistently
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above the native curves, often by 0.1–0.3 in correlation at matched lead times. The
separation between native and coarser resolutions is largest for short summer events
(1 h and 3 h durations, left column), where native ANVIL and LINDA-D approach zero
correlation by 60 min while their coarser counterparts retain r ≈ 0.2–0.3.

The decorrelation behaviour against the r = 1/e threshold differs by configuration.
For 6h winter events, all models at 1 km / 10 min and 2 km / 15 min remain above
1/e throughout the full 90 min lead-time range. For summer events, crossings occur
earliest at native resolution (within 20 min for 1 h events) and latest at the coarser
configurations (typically 50–70 min). The 6 h summer panel (n=3) shows the most
resolution- dependent spread, with S-PROG at coarse resolution remaining above 1/e
throughout while native S-PROG, ANVIL, and LINDA-D fall well below the threshold
by 20-30 min.
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Figure 4.9: Pearson correlation between forecast and observation versus lead time, stratified by sea-
son (columns) and event duration (rows), shown for S-PROG, ANVIL, and LINDA-D at all three
resolutions. Marker style indicates resolution: circles for 0.5 km / 5 min, stars for 1 km / 10 min, and
triangles for 2 km / 15 min. Shaded bands show the inter-event IQR (25th–75th percentile). The
dashed horizontal line marks r = 1/e ≈ 0.368. Sample sizes (n) are indicated in each panel title.
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4.4 STEPS versus LINDA-P
This section compares STEPS and LINDA-P on a stratified subset of five events: con-
vective and stratiform summer (#38, #15), stratiform winter (#9), mixed summer
frontal (#30), and a long-duration weak-skill convective summer case (#28). Both
methods were run with 16 ensemble members at native resolution (0.5 km / 5 min)
over 18 lead times (5–90 min) using the same fixed-onset-minus-60-minutes initialisa-
tion. The verification threshold was set to 0.1 mm/h.

4.4.1 Ensemble calibration

Aggregated rank histograms (Fig. 4.10, top) indicate calibration difference. STEPS
produced a near-uniform distribution with mild excess in the highest bin (8.9 % versus
6.3 % expected). LINDA-P showed a pronounced spike in the lowest bin (27 % of
observations) and a monotonic decay across the remaining bins, with a small secondary
excess in the highest bin (4.8 %).

The reliability diagrams (Fig. 4.10, bottom) confirm that the methods are biased in
opposite directions at this threshold: the STEPS curve lies consistently above the diag-
onal (under-prediction) and the LINDA-P curve consistently below (over-prediction).
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Figure 4.10: Aggregated rank histograms (top) and reliability diagrams at the 0.1 mm/h threshold
(bottom) for STEPS (left column) and LINDA-P (right column), combined across all five events and
18 lead times. STEPS shows near-uniform rank distribution with mild excess in the highest bin
(under-dispersion at the upper tail). LINDA-P shows a pronounced spike in the lowest rank bin (27 %
of observations) indicating systematic wet bias. The reliability diagrams confirm opposite-direction
biases at the rain/no-rain boundary: STEPS under-predicts (curve above diagonal), LINDA-P over-
predicts (curve below diagonal). Insets show forecast-probability bin populations.
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4.4.2 Probabilistic skill and discrimination

CRPS values lie within approximately 0.2 mm/h between the two methods for four of
the five events across all lead times (Fig. 4.11).

Figure 4.11: CRPS versus lead time per event for STEPS (left) and LINDA-P (right). Values are
within approximately 0.2 mm/h between the methods for four of the five events. Event #28 (long-
duration weak-skill summer) shows consistently higher CRPS for LINDA-P at lead times beyond
30 min.

The exception is event #28, where LINDA-P CRPS exceeds STEPS by 0.1–0.3 mm/h
at lead times beyond 30 min. Aggregated across all five events and all lead times, ROC
AUC at the 0.1 mm/h threshold is 0.851 for STEPS and 0.864 for LINDA-P (Fig. 4.12),
indicating broadly equivalent discrimination ability between the two methods.

Figure 4.12: Aggregated ROC curves at the 0.1 mm/h threshold for STEPS (left) and LINDA-P
(right), combined across all five events and 18 lead times. AUC values are 0.851 (STEPS) and 0.864
(LINDA-P), indicating broadly equivalent discrimination ability.
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4.5 Computational cost
Figure 4.13 reports wall-clock computation time for the nowcast generation step, ex-
cluding data loading and motion estimation.

The deterministic methods span a factor of approximately 35 in cost: S-PROG com-
pletes in 5 s per forecast and ANVIL in 13 s, while LINDA-D requires 183 s - the highest
single-realisation cost among the methods evaluated. The probabilistic methods, gen-
erating 16 ensemble members each, scale approximately linearly with member count
from their underlying single-realization cost: STEPS at 106 s (∼7 s member−1) and
LINDA-P at 842 s (∼53 s member−1). All five methods, except LINDA-P complete
within a single 5 min forecast cycle on the hardware used.

Figure 4.13: Wall-clock computation time for the nowcast generation step, excluding data loading and
motion estimation. Deterministic methods (S-PROG, ANVIL, LINDA-D) produce a single forecast
field; probabilistic methods (STEPS, LINDA-P) generate 16 ensemble members each, with per-member
times shown in italics. Values are medians over 19 events at 0.5 km / 5 min resolution ODIM radar
composite, cropped to 11.0–16.0°E and 54.5–57.0°N, with 18 lead times (90 min).
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5 Discussion

The verification results characterise the skill of four optical flow-based nowcasting con-
figurations (plus EP) across 19 precipitation events in the Malmö area, evaluated at
lead times relevant for forecast-based control (FBC) of rainwater harvesting (RWH)
systems. This chapter interprets those results in light of the three research questions:
how skill varies with lead time, event duration, and season (Section 5.1); whether
higher radar resolution provides additional skill relative to the extrapolation part of
the operational KNEP configuration (Section 5.2); and under what conditions nowcast
skill is sufficient to justify operational pre-storm releases (Section 5.5).

5.1 Event characteristics and forecast skill
This section addresses the first research question, RQ(i): how nowcast skill varies
with lead time, event duration, and season. The comparison against the Eulerian and
Lagrangian persistence baselines that RQ(i) also calls for is developed in Section ??,
where the contribution of motion estimation is isolated.

Nowcast skill depends strongly on season and event duration. Winter MAE is consis-
tently lower than summer MAE across all duration–lead-time combinations (Fig. 4.6),
but the magnitude of the seasonal contrast varies sharply with duration: at the 0.5 km
baseline and 30 min lead time, winter values are a factor of ∼3–4 lower than summer
for 1 h events, ∼2.5–3 lower for 6 h events, and as much as a factor of seven lower for
3 h events (e.g. LP: 4.53 vs. 0.60 mm h−1).

Maximum skilful lead time, τ , exhibits a corresponding seasonal pattern but with a
strong resolution dependence that we return to below. At 0.5 km/5 min, median τ for
the advection-based methods falls to roughly 12–17 min for 1 h summer events, the
steepest decay observed in the sample, while 3 h winter events reach 22–47 min and ap-
proach the 50 min mark only at coarser resolutions (Fig. 4.5). The 1 h summer collapse
occurs because the lifetime of individual convective cells becomes comparable to the
forecast horizon itself, leaving little coherent structure for Lagrangian extrapolation to
propagate. The winter contrast reflects the well-established difference between frontal,
stratiform precipitation - whose spatial coherence and slow evolution are captured rea-
sonably well by advection - and convective summer events, whose growth and decay lie
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outside what advection-based methods can represent (Germann et al. 2002; Prudden
et al. 2020).

Comparison with published values requires care because τ is strongly resolution-
dependent in our results. At 0.5 km/5 min, our maximum skilful lead times are shorter
than those reported by Tounsi et al. (2023) for the New York City area (25, 45, and
56 min for 2-, 4-, and 6 h events at 1 km/10 min) and shorter than the values in Imhoff
et al. (2020) for Dutch catchments (25, 40, and 55 min for 1-, 3-, and 6 h events at
1 km/5 min). Resampling to 1 km/10 min brings the medians into close agreement
with, or slightly above, both references: 1 h τ rises from ∼13 min to 36–50 min, and
3 h τ from ∼27 min to 28–48 min depending on season. Two factors plausibly account
for the resolution sensitivity. First, a 0.5 km field contains substantially structure that
has no advectable analogue at the next time step, so pixel-level correlation decays
faster even when the underlying motion is identical. Second, the verification domain
(∼57 ×49 km), while embedded in a larger cast domain that eliminates inflow edge
effects, samples a smaller fraction of each convective cell’s footprint than the regional
domains used in those studies; pixel-level displacement errors therefore weigh more
heavily relative to the verified wet area. The implication for KNEP and PySTEPS
configurations is that lead-time benchmarks reported in the literature cannot be
transferred between resolutions without rescaling.

For FBC, the season-duration error pattern carries an uncomfortable implication. The
events for which nowcast skill is highest are those for which the operational conse-
quences of a missed forecast are smallest: long-duration winter events rarely over-
whelm building-scale storage. The short, intense convective summer events that pose
the greatest overflow risk are precisely those where forecast skill decays most rapidly.
This is a property of the underlying predictability rather than a limitation of the
methods, and it implies that threshold-based release rules should not assume uniform
forecast quality across the seasonal cycle (Section 5.5).

In direct answer to the first part of RQ(i), skilful lead time is governed jointly by season
and duration: it ranges from roughly 12–17 min for convective 1 h summer events - the
steepest decay in the sample - to 22–47 min for stratiform 3 h winter events.

5.2 Resolution dependence: S-PROG versus ANVIL
S-PROG and ANVIL seem to change ranks depending on input resolution. At 0.5 km
/ 5 min (the native PySTEPS resolution), S-PROG has the lowest MAE and the best
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categorical and spatial scores, and its bias stays close to one (Fig. 4.4). At 2 km /
15 min (the resolution used in KNEP), the order flips: ANVIL reaches clearly higher
POD, CSI, and FSS scores and keeps its bias near one at short lead times - where
S-PROG is already missing about half of the rain area (Fig. 4.8).

The bias panel shows where the problem comes from. S-PROG’s frequency bias drops
to around 0.4–0.6 already at the first lead time, depending on season and event du-
ration. This early collapse points to the cascade–AR machinery itself, rather than to
gradual information loss with increasing lead time. The likely reason is the following.
At 0.5 km / 5 min), the smallest cascade scales capture sub-cell variability, which is
what the AR damping is designed to suppress. At 2 km / 15 min, with the same num-
ber of cascade levels (eight in all configurations), larger coherent precipitation features
now fall into the lowest cascade scales. The AR process then pulls them toward the
near-zero domain mean, so rain area itself is damped away rather than only small-scale
noise (Fig. 5.1). ANVIL estimates its AR parameters locally in space (Pulkkinen et al.
2020; Pulkkinen et al. 2021), so it keeps regional growth and decay information instead
of relying on cascade-mean reversion, and is therefore less sensitive to coarsening. The
slightly lower MAE and FAR that S-PROG keeps at coarse resolution follow from the
same effect: a model that forecasts less rain has smaller absolute errors over dry pixels,
and fewer positive forecasts that can be counted as false alarms.

(km)
0.5 1 2 4 8 16 32 64

Coarse: 2 kmAR damps rain → bias collapse

smallest cascade scale

Fine: 0.5 kmAR damps noise → rain preserved

smallest cascade scale

ANVIL. AR parameters are estimated locally in space rather than per cascade
level globally (Pulkkinen et al. 2020), so regional growth and decay information is
retained regardless of where the cascade window sits on the scale axis.

Figure 5.1: Schematic of why S-PROG and ANVIL change ranks with input resolution. With a fixed
number of cascade levels, the smallest cascade scale shifts with the input grid: at 0.5 km it falls in
the noise regime, which AR damping is designed to suppress, while at 2 km it falls within the scales
of coherent precipitation features, which S-PROG’s global AR then damps toward the domain mean
- producing the early bias collapse. ANVIL’s spatially local AR estimation avoids this effect.

For RQ(ii), the main resolution effect is not the finer pixels themselves, but the interac-
tion between input resolution and the choice of nowcasting method best suited to each
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configuration. SMHI’s choice of ANVIL for KNEP at 2 km / 15 min is well supported
by these results, and a future operational service based on the higher-resolution radar
product cannot simply use the same method without re-examining this trade-off.

5.3 The role of motion estimation
This section completes the answer to RQ(i) by isolating how the configurations compare
against the persistence baselines. The Eulerian and Lagrangian persistence runs are
not merely lower bounds: the gap between them quantifies how much of the available
skill comes from motion estimation alone.

At native resolution (0.5 km / 5 min) LP tracks S-PROG closely in categorical and
spatial scores, though with higher MAE and shorter decorrelation times (Fig. 4.4). EP
decorrelates within roughly 5 min and serves as a clear lower bound for the advection-
based methods at this resolution. ANVIL and LINDA-D drop close to EP for winter
events at 0.5 km - consistent with the resolution sensitivity discussed in Section 5.2.

Two implications follow. First, most of the forecast value from the more elaborate con-
figurations comes from the motion field itself; the cascade–AR machinery contributes
mainly through bias correction and intensity calibration, with a smaller additional
gain in temporal coherence. Second, the gap between EP and LP confirms that even
a simple advection scheme is needed to extract the available predictability - motion
estimation is a prerequisite, not an optional refinement, for any nowcast intended to
support pre-storm release decisions.

Operationally, the small gap between LP and S-PROG suggests that simpler imple-
mentations may carry much of the practical value of more sophisticated configurations.
This is relevant for FBC adoption at the building or neighbourhood scale, where com-
putational and maintenance resources may be limited.

5.4 Probabilistic forecasting for FBC
Although exploratory, the probabilistic comparison speaks directly to RQ(iii). For
forecast-based control the operative question is not point accuracy but whether ensem-
ble probabilities can be trusted to trigger a release rule; calibration, not ranking, is
therefore the property that determines operational usability.

The probabilistic comparison rests on five events with a single fixed initialisation per
event and is therefore exploratory; it nonetheless shows patterns relevant for FBC.
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First, STEPS produces a near-uniform rank histogram with mild excess in the highest
bin and a reliability curve slightly above the diagonal (Fig. 4.10), indicating modest
under-prediction at the upper tail. LINDA-P shows a pronounced spike of 27 % in
the lowest rank bin (present in every event, ranging 20–34 %) and a reliability curve
consistently below the diagonal, indicating systematic wet bias. Despite this calibration
difference, the two methods discriminate rain-producing from dry pixels comparably
(ROC AUC 0.851 versus 0.864; Fig. 4.12). The biases reside in the mapping from
forecast probability to observed frequency, not in the underlying ranking.

For FBC this distinction matters more than headline skill scores. A release rule of
the form ”release stored water when the ensemble probability of exceeding θ over the
next T minutes exceeds p⋆” depends directly on probability calibration: a wet-biased
ensemble triggers releases at lower true exceedance probabilities than p⋆ implies, leading
to systematically more unnecessary discharges. STEPS probabilities can plausibly be
used directly with mild adjustment; the LINDA-P probabilities evaluated here would
require calibration. This puts emphasis on the broader point made by Courdent et al.
(2015) and Biondi et al. (2021) that the operational value of ensemble nowcasting lies
in enabling probabilistic decision rules whose missed-event/false-alarm trade-off can be
tuned to system characteristics, rather than in delivering improved point accuracy.

5.5 Implications for forecast-based control
Translating meteorological skill into operational implications for FBC of RWH systems
requires a shift in perspective: what matters is not absolute accuracy but whether the
forecast crosses the right threshold, at the right time, with the right confidence to
justify a pre-storm release. Three skill properties matter most. The first is detection
capability at intensities relevant for tank inflow, captured by POD at appropriate
thresholds. The second is frequency bias close to unity - a model that systematically
under-predicts rain area will systematically miss the release window. The third is lead
time exceeding the tank’s drawdown time, which depends on system geometry and the
chosen operational strategy; this is informed here by emptying-time simulations from
a parallel MSc thesis conducted within the same overarching project (Sundstedt 2026).
We draw on those results in the comparison that follows.

Two operational strategies are considered there: outflow continued during the rain
event (OFD), in which the controlled outlet remains open through the storm, and no
outflow during the rain event (NOD), in which the outlet is closed at event onset so
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that the full tank volume must be available beforehand. Required emptying time, Treq,
under NOD are therefore necessarily larger than under OFD for any given outflow
constraint.

On the first two criteria, the results suggest a realistic operational window of ap-
proximately 30–60 min for convective summer events. For winter events, the slower
observed decorrelation supports extending this window toward 90 min, although direct
verification in this study was limited to 60 min lead time. S-PROG at native resolution
maintains POD above 0.7 and bias above 0.85 throughout this window; ANVIL at
the coarser KNEP-equivalent configuration delivers comparable skill at 30 min, though
with faster degradation in both POD and bias as lead time approaches 60 min. Either
represents a reasonable starting point for FBC implementation in the Malmö area.

Comparing this skilful window against the required emptying times in Table 5.1 sharp-
ens the conditional answer to RQ(iii). Sundstedt (2026) simulated emptying times for
three outflow constraints - pre-development runoff, urban sewer capacity (Godset), and
rural sewer capacity (Ale) - each under two strategies that either continue (OFD) or
halt (NOD) outflow during the event. Pre-dev. constrains the outflow to not exceed
pre-development runoff; Godset and Ale use local sewer capacity in a densely and less
densely populated area, respectively, as the outflow constraint. Constraints are cal-
ibrated to a reference RWH installation with 600 m² roof catchment and 70 m³ tank
storage (initially full), yielding allowable outflows of 1.37, 7.81, and 2.66 l/s for the
pre-development, Godset, and Ale cases respectively.

The figures presented here represent an upper bound on Treq in the sense that the
reference tank is assumed initially full; under a continuously operated FBC system,
partial pre-emptying from earlier forecasts would reduce the actual lead time required
at any given event onset. The urban constraint produces Treq within the 90 min horizon
under both strategies across the full range of return periods considered, with values
remaining below 18 min under OFD and below 60 min under NOD. The rural constraint
is compatible with the nowcast horizon under OFD up to 10-year return periods, but
under NOD exceeds 90 min from 5-year return periods at 60 min duration upward,
with Treq reaching 163–176 min at 10-year return periods for 60 and 180 min durations.
Constraining outflow to pre-development runoff is feasible under nowcast skill alone for
return periods of 1 and 2 years; at 5 years Treq reaches 75–80 min for 30–60 min design
durations, and up to 87 min for the 180 min duration; at 10 years it exceeds the horizon
(107–119 min across the design durations considered).
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Table 5.1: Required tank emptying time before a rain event, Treq (min), for three outflow capacity
cases and (where applicable) two operational strategies (OFD = outflow continued during rain event;
NOD = no outflow during rain event). Values transcribed from (Sundstedt 2026) for the subset of
return periods and durations matching the event climatology used in this study. Ranges within cells
reflect variation across design rain types, i.e. peak position. Pre-dev. constrains the outflow to not
exceed pre-development runoff; Godset and Ale use local sewer capacity in a densely and less densely
populated area, respectively, as the outflow constraint. Constraints are calibrated to a reference RWH
installation with 600 m² roof catchment and 70 m³ tank storage (initially full), yielding allowable
outflows of 1.37, 7.81, and 2.66 l/s for the pre-development, Godset, and Ale cases respectively.

Pre-dev. Godset (urban) Ale (rural)
Return Dur. OFD OFD NOD OFD NOD

(yr) (min) (min) (min) (min) (min) (min)

1 30 35–37 0–4 17–18 21–25 50–51
1 60 22–40 0–2 19–22 4–28 60–63
1 180 0–39 0 24–28 0–23 82–86

2 30 51–52 0–6 21–22 33–35 62–63
2 60 41–54 0–6 25–27 19–39 76–78
2 180 0–57 0 32–35 0–37 103–106

5 30 80 0–11 28–29 55–56 84–85
5 60 75–80 0–13 35–36 45–57 103–105
5 180 5–87 0–3 45–49 0–59 138–142

10 30 107–108 7–15 36 76–78 106
10 60 109–110 0–18 44–45 71–76 163–164
10 180 49–119 0–9 57–60 0–82 173–176
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The season-duration stratification carries a direct implication for control rule design
that has not, to the author’s knowledge, been addressed in the existing FBC-RWH
literature. Convective summer events combine the highest peak intensities with the
shortest skilful lead times: a tank near capacity at the onset of a 1 h summer cell
can overflow within minutes. For these events, a permissive release threshold may be
operationally justified despite the higher false-alarm rate. Winter events, with longer
skilful lead times and lower peak intensities, can tolerate a more conservative threshold
without material loss of detention performance. A control strategy applying a single
fixed threshold across the seasonal cycle, as is typical in existing FBC-RWH studies
that assume perfect or season-independent forecasts (Xu et al. 2020b; Sun et al. 2023;
Zhou et al. 2024), would be sub-optimal in both directions. The probabilistic framing
discussed in Section 5.4 provides the natural mechanism for implementing such season-
conditional rules.

Two limits on this interpretation should be stated. The operational window derived
above describes meteorological skill only and does not account for valve actuation time
or physical drawdown dynamics, both of which subtract from the lead time available to
the controller. And the emptying times in Table 5.1 describe a single reference installa-
tion (600 m² roof catchment, 70 m³ tank, initially full) under three outflow constraints
scaled from representative downstream pipe capacities; results for installations of dif-
ferent roof area, tank volume, or initial fill level may differ, and a coupled hydraulic–
control simulation across a representative ensemble of RWH installations in Malmö is
suggested for future work.

With respect to RQ(iii), the conditions under which nowcast skill is sufficient to jus-
tify operational pre-storm releases are event-type and strategy dependent rather than
uniform. Deterministic skill at 30–60 min lead time supports FBC for short convective
summer events under operational strategies that maintain outflow during rain (OFD)
and use urban or moderate-capacity sewer constraints; the full 90 min horizon extends
this coverage to longer events and to the rural constraint under OFD across the return-
period range considered. For NOD strategies under strict outflow constraints, and for
the pre-development constraint at high return periods, the meteorological lead time be-
comes the binding constraint, and operational viability requires extending the forecast
horizon through NWP blending.
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5.6 Limitations
The event sample is modest: 19 events distributed across three duration classes and two
seasons yields only a small number of cases per season–duration group, and individ-
ual events therefore have substantial influence on the stratified statistics. Aggregated
metrics across all 19 events are more robust. The seasonal and duration patterns
interpreted in Section 5.1 should be treated as indicative rather than statistically
established at the per-cell level: several stratification cells contain only three or four
events (e.g. n = 2 for 6 h winter events), and confidence intervals on the median
Pearson r for these cells span much of the y-axis range in Figure 4.5.

Verification was performed against the same radar composites used as nowcast input,
introducing a degree of circularity: systematic radar artefacts at initialisation will also
appear in the verification field. Gauge-based verification was not pursued because the
limited number of gauge locations provides insufficient spatial coverage for the FSS
and categorical metrics, and because gauge–radar discrepancies introduce additional
scale-mismatch artefacts. The relative ranking of methods is unlikely to be affected,
but absolute skill values may be optimistic.

Reflectivity was converted to rainfall rate using fixed Marshall–Palmer parameters
(a = 200, b = 1.6). For relative comparison this is unproblematic since the same
conversion is applied across all configurations, but absolute MAE and bias values could
shift meaningfully under a different choice, particularly one calibrated to the local
meteoreology

Gauge-radar correspondence was verified visually in the BALTRAD GUI for each event
but not quantified. A systematic gauge-radar comparison would require addressing
scale mismatch between point gauges and the 0.5 km radar grid cell, and was outside
the scope of this work. The absolute calibration of radar-derived rain rates against the
gauge climatology used for event selection therefore remains unverified, although the
relative ranking of nowcasting methods is unaffected by any uniform Z–R offset.

The probabilistic comparison was deliberately exploratory: five events with a single
fixed initialisation per event, and therefore not directly comparable to the determin-
istic verification. The calibration patterns identified are sufficiently pronounced to be
unlikely artefacts of the small sample, but their generalisability remains to be estab-
lished.

Finally, NWP blending was not evaluated, despite occupying a central place in the
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theoretical background (Section 2.5.3). The deterministic results are best understood
as characterising the radar-only contribution to a forecast that, operationally, would be
supplemented by NWP at longer lead times; implementing and testing such blending
is identified as a priority for future work.

5.7 Conclusions
This thesis evaluated four PySTEPS nowcasting configurations (plus EP) against radar
composites for 19 precipitation events in the Malmö area, with verification framed
for the requirements of forecast-based control (FBC) of rainwater harvesting (RWH)
systems. The three research questions can now be answered in turn.

RQ(i): Variation of skill with lead time, duration, and season, and compar-
ison with persistence. PySTEPS skill varies systematically with season and event
duration. Winter events sustain useful Pearson correlation (r > 1/e) of 30–50 min de-
pending on duration and resolution; convective summer events of 3 h duration decor-
relate within 25–30 min, and 1 h summer events within approximately 15 min. The
seasonal MAE contrast spans a factor of three to seven depending on duration. These
skilful lead times align with those reported in larger-domain studies (Imhoff et al. 2020;
Tounsi et al. 2023). Against the persistence baselines, most of the forecast value comes
from the motion field itself: Lagrangian persistence already captures the majority of
the gain over the Eulerian baseline, which decorrelates within roughly 5 min, while the
cascade–AR machinery contributes mainly bias correction and intensity calibration.

RQ(ii): Additional skill from higher resolution. The headline finding on reso-
lution is the inversion of method ranking between configurations. S-PROG produces
the lowest MAE and highest spatial scores at native 0.5 km / 5 min, while ANVIL
retains bias close to unity and higher categorical and spatial scores at the coarse 2 km
/ 15 min configuration used by KNEP, where S-PROG already under-predicts rain
area by approximately a factor of two. SMHI’s choice of ANVIL for the operational
KNEP product is well supported by these results, and the corollary is that resolution
and method must be co-selected: the coarse-resolution preference for ANVIL does not
automatically transfer to a future native-resolution service.

RQ(iii): Conditions for sufficient skill. Drawing on emptying-time simulations
from a parallel MSc thesis (Sundstedt 2026), the viability of nowcast-driven FBC is
conditional rather than uniform. Within these bounds, S-PROG at native resolution
and ANVIL at the coarser KNEP-equivalent configuration each maintain POD above
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0.7 and bias close to unity over operationally relevant lead times. Requested nowcast
skill sits at lead times of 30–90 min, which is sufficient under operational strategies
that maintain outflow during the rain event combined with urban-scale sewer capac-
ity, across the full return-period range, and also sufficient for the rural capacity case
under continued outflow up to 10-year return periods. Skill is insufficient, motivating
extension via NWP blending, for strategies requiring a fully empty tank at event on-
set under strict outflow constraints, and for the pre-development constraint at return
periods of 10 years and above. Operational viability is therefore as much a function
of control strategy and outflow constraint as of meteorological skill, provided that the
season–duration stratification of skill is reflected in any control rule design.

As a concrete operational recommendation, an FBC implementation in southern Swe-
den should pair the method to the available radar resolution: S-PROG where the native
0.5 km / 5 min product is available, and ANVIL where the operational 2 km / 15 min
KNEP configuration is used. Both maintain detection and frequency-bias skill ade-
quate for pre-storm release decisions over the 30–90 min horizon, provided the release
threshold is allowed to vary with season and event duration.

5.7.1 Recommended future work

The most consequential extension for operational FBC is integration of nowcasting
with NWP. The skilful lead times established here (15–90 min depending on event
type) cover only the lower end of operational relevance; several control strategies re-
quire horizons of 100–180 min, within the canonical nowcasting–NWP blending window.
Implementation within the PySTEPS framework using a high-resolution NWP product
is the obvious next step, and would permit re-examination of the operational KNEP
configuration in light of genuine blended skill rather than the NaN-filling currently
used to extend ANVIL fields beyond the radar horizon.

A coupled simulation chain - hydrological loading, hydraulic tank model, controller,
forecast input - would enable end-to-end propagation of forecast uncertainty into oper-
ationally meaningful regret metrics (overflow volume, retained yield, missed releases)
and direct comparison against rule-based controllers using gauge observations alone.
Such a chain would accommodate valve actuation and physical drawdown dynamics
excluded from the present analysis and could be tailored to specific RWH installations
rather than generic configurations.

Beyond simulation, real-world deployment remains the ultimate test. A pilot at an
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instrumented RWH site in the Malmö–Skåne region, ingesting either the operational
KNEP product or a higher resolution nowcast in real time and triggering pre-storm
releases, would surface the practical constraints - latency, missing data, operator over-
rides, regulatory compliance - that neither verification studies nor coupled simulations
capture, closing the loop between the meteorological work presented here and the op-
erational question that motivated it.

Although this study addresses RWH tanks specifically, the framework generalises to
other sustainable drainage systems (SuDS) along two axes: whether the system has a
controllable element that a forecast can drive, and its response time, which sets the
required lead time. Controllable detention ponds occupy the same axis as RWH tanks,
differing mainly in a longer required emptying time and therefore a greater reliance on
NWP blending; passive features such as swales and green roofs have no actuator to
drive, so a nowcast informs their design rather than their real-time operation. The skill-
versus-lead-time results presented here are thus transferable to any actively controlled
storage, while the operational thresholds remain specific to the system geometry.

72



“The end of labor is to gain leisure.”
- Aristotle
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A Appendix

A1 Declaration regarding usage of AI tools
AI assistance played a key role in the programming work required for this thesis.
It was used primarily to support the development, debugging, and restructuring of
Python code for the nowcast evaluation workflow. In particular, it supported the
transition from exploratory single-case runs to a structured evaluation pipeline suitable
for repeated, iterative execution without sacrificing computation time to non-optimised
loops etc. The tools used was Microsoft Copilot and Google Gemini under the Lund
University licences.

A1.1 Limitations and Human Oversight
All AI-assisted outputs were reviewed, tested, and revised by the author before use.
The author remained fully responsible for all code, analyses, and written content in-
cluded in the thesis. Scientific decisions, including the formulation of the research
problem, methodological choices, interpretation of results, and conclusions, were made
independently by the author. AI-assisted tools were used to support technical imple-
mentation, but not to replace engineering judgement.
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A2 Summary of all deterministic runs
Table A1: Median verification scores per method and resolution, stratified by event duration and
season. Subscripts denote lead time in minutes; FSS superscripts denote neighbourhood radius in km.
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Summer – 1h events
S-PROG 0.5km/5min 2.07 2.42 0.78 0.67 0.90 0.85 0.13 0.20 0.95 0.97 0.25 0.12 0.94 0.86 0.96 0.89 17
S-PROG 1km/10min 1.07 1.30 0.54 0.35 0.54 0.35 0.01 0.03 0.54 0.35 0.53 0.40 0.74 0.54 0.77 0.59 50
S-PROG 2km/15min 1.07 1.31 0.54 0.36 0.54 0.36 0.01 0.04 0.54 0.38 0.54 0.41 0.75 0.57 0.78 0.61 51
ANVIL 0.5km/5min 3.90 3.37 0.61 0.42 0.67 0.47 0.06 0.15 0.69 0.59 0.14 -0.01 0.83 0.69 0.87 0.74 12
ANVIL 1km/10min 1.47 1.60 0.72 0.56 0.85 0.72 0.11 0.16 0.90 0.83 0.52 0.30 0.93 0.81 0.95 0.85 47
ANVIL 2km/15min 1.34 1.52 0.72 0.56 0.87 0.73 0.11 0.14 0.93 0.84 0.51 0.33 0.92 0.80 0.95 0.84 51
LP 0.5km/5min 3.31 3.26 0.70 0.57 0.82 0.71 0.10 0.18 0.86 0.87 0.15 0.03 0.92 0.82 0.94 0.86 13
LP 1km/10min 1.44 1.59 0.71 0.56 0.87 0.74 0.12 0.16 0.93 0.85 0.51 0.30 0.92 0.80 0.94 0.84 48
LP 2km/15min 1.37 1.53 0.71 0.55 0.89 0.74 0.11 0.14 0.95 0.85 0.51 0.33 0.91 0.79 0.94 0.84 51
EP 0.5km/5min 2.98 1.67 0.40 0.20 0.44 0.23 0.22 0.40 0.74 0.61 -0.11 -0.06 0.57 0.32 0.61 0.34 5
EP 1km/10min 1.95 2.23 0.41 0.18 0.45 0.23 0.21 0.42 0.72 0.58 -0.02 -0.21 0.57 0.31 0.61 0.35 10
EP 2km/15min 1.93 2.23 0.43 0.19 0.46 0.25 0.20 0.41 0.74 0.60 -0.02 -0.26 0.57 0.32 0.62 0.36 15
LINDA-D 0.5km/5min 3.21 2.80 0.63 0.46 0.68 0.54 0.05 0.15 0.71 0.70 0.12 -0.01 0.85 0.72 0.88 0.77 12
LINDA-D 1km/10min 1.33 1.50 0.68 0.62 0.92 0.92 0.28 0.36 1.22 1.27 0.52 0.30 0.88 0.82 0.92 0.86 36
LINDA-D 2km/15min 1.24 1.40 0.68 0.63 0.96 0.96 0.26 0.35 1.17 1.28 0.54 0.34 0.92 0.83 0.95 0.88 43

Winter – 1h events
S-PROG 0.5km/5min 0.72 0.92 0.91 0.84 0.96 0.93 0.05 0.08 0.99 0.97 0.46 0.18 0.98 0.94 0.99 0.95 41
S-PROG 1km/10min 0.95 1.08 0.34 0.18 0.34 0.18 0.00 0.01 0.34 0.18 0.47 0.23 0.53 0.26 0.55 0.26 36
S-PROG 2km/15min 0.94 1.08 0.36 0.14 0.36 0.14 0.00 0.02 0.36 0.14 0.50 0.34 0.55 0.23 0.58 0.24 41
ANVIL 0.5km/5min 0.88 1.18 0.75 0.69 0.77 0.73 0.02 0.06 0.78 0.78 0.37 0.19 0.91 0.87 0.92 0.90 30
ANVIL 1km/10min 0.82 1.00 0.87 0.79 0.90 0.85 0.04 0.07 0.95 0.91 0.47 0.33 0.97 0.93 0.98 0.95 43
ANVIL 2km/15min 0.79 1.03 0.89 0.64 0.92 0.69 0.04 0.06 0.96 0.74 0.51 0.33 0.97 0.82 0.98 0.84 41
LP 0.5km/5min 0.85 1.03 0.87 0.80 0.91 0.86 0.04 0.09 0.94 0.93 0.36 0.16 0.97 0.93 0.98 0.95 29
LP 1km/10min 0.83 1.00 0.89 0.81 0.92 0.87 0.05 0.09 0.96 0.96 0.46 0.31 0.98 0.94 0.99 0.96 42
LP 2km/15min 0.79 0.97 0.89 0.81 0.93 0.87 0.04 0.09 0.97 0.96 0.49 0.38 0.98 0.93 0.99 0.95 61
EP 0.5km/5min 1.27 1.19 0.78 0.65 0.87 0.78 0.12 0.21 0.94 0.97 -0.06 -0.06 0.92 0.81 0.94 0.83 5
EP 1km/10min 1.19 1.20 0.76 0.63 0.85 0.76 0.12 0.22 0.92 0.94 -0.12 -0.10 0.91 0.79 0.93 0.81 10
EP 2km/15min 1.18 1.18 0.77 0.62 0.86 0.76 0.12 0.23 0.94 0.95 -0.14 -0.12 0.91 0.78 0.93 0.80 15
LINDA-D 0.5km/5min 0.76 0.99 0.78 0.71 0.80 0.75 0.03 0.07 0.82 0.81 0.41 0.26 0.92 0.88 0.94 0.91 44
LINDA-D 1km/10min 0.72 0.88 0.88 0.84 0.93 0.96 0.07 0.13 1.03 1.13 0.55 0.39 0.96 0.94 0.97 0.95 69
LINDA-D 2km/15min 0.72 0.88 0.90 0.84 0.96 0.96 0.07 0.14 1.05 1.14 0.55 0.41 0.97 0.92 0.98 0.93 63

Summer – 3h events
S-PROG 0.5km/5min 2.98 3.57 0.85 0.89 0.88 0.91 0.04 0.03 0.92 0.94 0.35 0.04 0.90 0.90 0.92 0.92 29
S-PROG 1km/10min 2.80 3.18 0.71 0.64 0.72 0.65 0.01 0.02 0.72 0.66 0.50 -0.02 0.77 0.78 0.79 0.80 39
S-PROG 2km/15min 2.78 3.12 0.72 0.68 0.72 0.69 0.01 0.02 0.73 0.71 0.48 0.08 0.82 0.83 0.84 0.85 37
ANVIL 0.5km/5min 4.42 4.41 0.66 0.66 0.67 0.66 0.01 0.01 0.67 0.67 0.33 -0.04 0.70 0.72 0.72 0.74 27
ANVIL 1km/10min 3.02 4.13 0.86 0.89 0.91 0.92 0.05 0.04 0.96 0.97 0.48 0.05 0.92 0.93 0.94 0.95 30
ANVIL 2km/15min 3.02 4.14 0.88 0.73 0.93 0.77 0.06 0.07 0.99 0.83 0.51 0.17 0.95 0.86 0.97 0.88 32
LP 0.5km/5min 4.53 4.27 0.81 0.85 0.83 0.87 0.03 0.02 0.85 0.89 0.26 -0.05 0.84 0.85 0.87 0.87 24
LP 1km/10min 3.04 4.09 0.86 0.90 0.91 0.94 0.06 0.04 0.97 0.99 0.42 0.03 0.92 0.94 0.95 0.95 28
LP 2km/15min 2.96 4.07 0.88 0.91 0.93 0.95 0.06 0.05 1.01 0.98 0.43 0.11 0.94 0.94 0.97 0.96 29
EP 0.5km/5min 5.59 4.96 0.44 0.30 0.46 0.30 0.01 0.01 0.51 0.32 -0.28 0.15 0.57 0.35 0.59 0.36 5
EP 1km/10min 4.97 4.33 0.44 0.30 0.47 0.30 0.01 0.01 0.52 0.31 -0.18 -0.05 0.60 0.36 0.62 0.36 10
EP 2km/15min 4.98 4.13 0.51 0.36 0.53 0.36 0.01 0.01 0.59 0.38 -0.14 -0.06 0.60 0.38 0.63 0.39 15
LINDA-D 0.5km/5min 3.46 4.06 0.74 0.70 0.75 0.71 0.02 0.02 0.76 0.72 0.38 -0.04 0.75 0.75 0.76 0.76 30
LINDA-D 1km/10min 2.76 3.92 0.80 0.82 0.98 0.98 0.19 0.16 1.20 1.16 0.42 0.20 0.86 0.92 0.88 0.93 31
LINDA-D 2km/15min 2.92 4.02 0.80 0.83 1.00 1.00 0.19 0.16 1.23 1.19 0.45 0.27 0.86 0.92 0.87 0.93 37
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Winter – 3h events
S-PROG 0.5km/5min 0.45 0.59 0.81 0.74 0.93 0.78 0.04 0.05 1.04 0.86 0.51 0.32 0.91 0.79 0.93 0.79 47
S-PROG 1km/10min 0.61 0.79 0.27 0.28 0.27 0.28 0.00 0.00 0.27 0.29 0.53 0.34 0.37 0.34 0.39 0.35 48
S-PROG 2km/15min 0.75 0.85 0.26 0.23 0.26 0.24 0.01 0.00 0.26 0.25 0.52 0.30 0.36 0.30 0.37 0.31 53
ANVIL 0.5km/5min 0.62 0.76 0.72 0.70 0.72 0.72 0.02 0.03 0.74 0.74 0.36 0.17 0.84 0.84 0.85 0.86 31
ANVIL 1km/10min 0.44 0.64 0.87 0.85 0.89 0.88 0.03 0.03 0.92 0.91 0.55 0.23 0.96 0.95 0.97 0.96 46
ANVIL 2km/15min 0.49 0.64 0.88 0.78 0.90 0.80 0.02 0.04 0.92 0.84 0.57 0.27 0.95 0.89 0.97 0.91 50
LP 0.5km/5min 0.60 0.69 0.87 0.83 0.89 0.86 0.03 0.04 0.93 0.89 0.30 0.12 0.95 0.93 0.96 0.95 22
LP 1km/10min 0.50 0.69 0.88 0.86 0.92 0.89 0.04 0.03 0.96 0.92 0.54 0.20 0.97 0.95 0.98 0.96 45
LP 2km/15min 0.53 0.68 0.90 0.84 0.92 0.87 0.03 0.04 0.95 0.90 0.54 0.27 0.97 0.94 0.97 0.95 45
EP 0.5km/5min 0.71 0.77 0.73 0.64 0.77 0.68 0.04 0.05 0.79 0.69 0.07 0.00 0.82 0.70 0.83 0.70 5
EP 1km/10min 0.58 0.67 0.72 0.63 0.76 0.67 0.05 0.05 0.78 0.68 0.02 0.02 0.82 0.69 0.83 0.70 10
EP 2km/15min 0.65 0.71 0.73 0.63 0.76 0.68 0.04 0.05 0.79 0.69 0.03 0.04 0.83 0.70 0.84 0.71 15
LINDA-D 0.5km/5min 0.52 0.65 0.74 0.74 0.75 0.75 0.02 0.03 0.77 0.78 0.36 0.17 0.86 0.87 0.88 0.89 34
LINDA-D 1km/10min 0.40 0.57 0.87 0.89 0.93 0.97 0.06 0.09 1.00 1.05 0.62 0.26 0.96 0.96 0.97 0.97 48
LINDA-D 2km/15min 0.42 0.58 0.91 0.90 0.95 0.98 0.05 0.08 1.01 1.02 0.65 0.33 0.97 0.96 0.98 0.97 55

Summer – 6h events
S-PROG 0.5km/5min 2.98 2.27 0.79 0.66 0.82 0.69 0.04 0.04 0.86 0.83 0.35 0.31 0.87 0.69 0.88 0.72 29
S-PROG 1km/10min 1.27 1.51 0.41 0.45 0.41 0.47 0.01 0.02 0.45 0.51 0.46 0.56 0.48 0.46 0.49 0.48 83
S-PROG 2km/15min 1.34 1.64 0.46 0.44 0.47 0.44 0.01 0.02 0.51 0.48 0.57 0.54 0.55 0.48 0.56 0.48 81
ANVIL 0.5km/5min 4.42 4.07 0.45 0.46 0.45 0.50 0.01 0.01 0.46 0.60 0.10 0.12 0.55 0.57 0.56 0.60 16
ANVIL 1km/10min 1.12 1.61 0.75 0.63 0.78 0.79 0.05 0.04 0.87 0.97 0.56 0.54 0.86 0.78 0.88 0.82 –
ANVIL 2km/15min 1.16 1.64 0.81 0.63 0.85 0.65 0.06 0.07 0.98 0.69 0.64 0.52 0.94 0.75 0.96 0.79 51
LP 0.5km/5min 4.53 3.79 0.68 0.59 0.70 0.70 0.04 0.02 0.85 0.89 0.10 0.13 0.81 0.71 0.83 0.75 16
LP 1km/10min 1.17 1.62 0.74 0.64 0.77 0.81 0.06 0.04 0.97 0.99 0.51 0.54 0.86 0.77 0.88 0.81 –
LP 2km/15min 1.17 1.69 0.81 0.69 0.85 0.80 0.06 0.05 0.99 1.00 0.59 0.53 0.94 0.80 0.96 0.84 –
EP 0.5km/5min 5.59 3.61 0.38 0.24 0.42 0.25 0.06 0.03 0.47 0.28 0.03 0.08 0.49 0.36 0.50 0.37 5
EP 1km/10min 1.62 2.07 0.37 0.20 0.40 0.21 0.06 0.03 0.47 0.23 0.20 0.13 0.46 0.22 0.48 0.23 10
EP 2km/15min 1.74 2.28 0.39 0.22 0.44 0.22 0.06 0.02 0.47 0.25 0.20 0.13 0.50 0.24 0.52 0.25 15
LINDA-D 0.5km/5min 3.46 3.47 0.51 0.50 0.51 0.56 0.02 0.02 0.53 0.68 0.12 0.13 0.61 0.62 0.63 0.65 17
LINDA-D 1km/10min 1.00 1.43 0.80 0.76 0.94 0.95 0.19 0.21 1.20 1.21 0.61 0.49 0.86 0.82 0.88 0.83 16
LINDA-D 2km/15min 1.08 1.51 0.80 0.77 0.97 0.98 0.19 0.23 1.23 1.29 0.66 0.51 0.86 0.83 0.87 0.83 24

Winter – 6h events
S-PROG 0.5km/5min 1.25 1.80 0.80 0.74 0.82 0.75 0.03 0.01 0.84 0.76 0.48 0.39 0.87 0.74 0.88 0.75 46
S-PROG 1km/10min 1.09 1.71 0.43 0.22 0.43 0.22 0.00 0.00 0.43 0.22 0.53 0.36 0.46 0.22 0.47 0.22 41
S-PROG 2km/15min 1.20 1.73 0.41 0.19 0.41 0.19 0.00 0.00 0.41 0.19 0.51 0.31 0.46 0.20 0.48 0.20 40
ANVIL 0.5km/5min 1.43 1.81 0.71 0.70 0.72 0.70 0.02 0.01 0.73 0.71 0.36 0.05 0.80 0.76 0.82 0.77 30
ANVIL 1km/10min 0.99 1.46 0.78 0.71 0.79 0.71 0.02 0.01 0.81 0.72 0.63 0.42 0.87 0.74 0.89 0.75 50
ANVIL 2km/15min 1.05 1.45 0.75 0.70 0.77 0.70 0.03 0.01 0.80 0.71 0.61 0.38 0.87 0.76 0.89 0.78 48
LP 0.5km/5min 1.56 2.05 0.78 0.79 0.79 0.79 0.02 0.01 0.81 0.80 0.36 0.08 0.88 0.86 0.90 0.87 30
LP 1km/10min 1.08 1.55 0.78 0.73 0.79 0.74 0.03 0.01 0.82 0.74 0.59 0.41 0.87 0.76 0.89 0.76 48
LP 2km/15min 1.14 1.55 0.75 0.72 0.77 0.73 0.03 0.01 0.80 0.73 0.58 0.38 0.87 0.78 0.89 0.79 47
EP 0.5km/5min 1.78 2.32 0.49 0.37 0.50 0.38 0.05 0.04 0.53 0.40 -0.16 0.03 0.57 0.47 0.58 0.47 5
EP 1km/10min 1.36 1.81 0.50 0.36 0.51 0.37 0.05 0.04 0.54 0.39 0.16 0.20 0.56 0.43 0.57 0.43 14
EP 2km/15min 1.42 1.84 0.47 0.33 0.48 0.33 0.04 0.04 0.50 0.35 0.11 0.12 0.54 0.40 0.55 0.40 15
LINDA-D 0.5km/5min 1.32 1.78 0.73 0.69 0.74 0.70 0.02 0.01 0.76 0.70 0.38 0.07 0.83 0.72 0.85 0.73 31
LINDA-D 1km/10min 0.90 1.35 0.86 0.79 0.94 0.81 0.09 0.03 1.03 0.83 0.65 0.48 0.93 0.80 0.95 0.80 69
LINDA-D 2km/15min 0.93 1.35 0.86 0.82 0.93 0.85 0.09 0.04 1.02 0.88 0.61 0.39 0.94 0.89 0.95 0.90 50
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Figure A1: Method profile per resolution at 360 min lead time, aggregated across all 19 events. Each
axis shows a verification metric normalised so that 0 corresponds to the bottom 5th percentile and 1 to
the top 5th percentile across all methods and resolutions; outward always indicates better performance.
MAE and FAR are inverted accordingly.
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A3 Complete List of Selected Events
Table A2: Complete list of all 39 selected events. Red shaded rows indicate events that were excluded
from the final analysis due to unavailable radar composite data, substantial gaps in the event window,
or fallback to lower-resolution radar products during portions of the event. Events 37–39 (blue) were
retained from an earlier sensitivity analysis using SMHI’s MetObs station Malmö A (52350) to broaden
seasonal and duration coverage.

# Date Season Dur. Gauge Peak T Station
(local) (h) (mm) (mm h−1) (yr)

1 2023-06-17 Summer 1 16.2 42.4 2.4 Augustenborg
2 2022-07-03 Summer 1 12.8 24.8 1.1 Augustenborg
3 2018-04-19 Summer 1 10.6 40.0 0.6 Turbinen PST
4 2025-09-10 Summer 1 10.2 20.8 0.5 Turbinen PST
5 2021-09-27 Summer 1 10.0 32.8 0.5 Turbinen PST
6 2024-07-10 Summer 1 9.2 32.0 0.4 Augustenborg
7 2022-10-01 Winter 1 14.4 21.6 1.6 Limhamn PST
8 2020-10-06 Winter 1 7.0 17.6 0.2 Turbinen PST
9 2019-10-13 Winter 1 4.8 16.8 0.1 Turbinen PST
10 2018-11-12 Winter 1 4.6 7.2 0.1 Turbinen PST
11 2025-10-04 Winter 1 4.0 7.2 0.1 Turbinen PST
12 2020-11-02 Winter 1 4.0 6.4 0.1 Turbinen PST
13 2017-09-17 Summer 3 38.4 31.2 14.0 Turbinen PST
14 2023-07-12 Summer 3 30.8 25.6 6.9 Augustenborg
15 2018-08-09 Summer 3 21.4 35.2 2.1 Turbinen PST
16 2023-08-19 Summer 3 18.8 24.8 1.4 Limhamn PST
17 2020-06-19 Summer 3 18.2 20.8 1.2 Limhamn PST
18 2023-06-17 Summer 3 16.6 42.4 0.9 Augustenborg
19 2022-10-01 Winter 3 15.8 20.0 0.7 Turbinen PST
20 2023-11-16 Winter 3 15.2 12.0 0.7 Limhamn PST
21 2017-10-02 Winter 3 11.4 6.4 0.2 Turbinen PST
22 2023-02-03 Winter 3 11.0 6.4 0.2 Augustenborg
23 2022-10-02 Winter 3 10.4 10.4 0.2 Augustenborg
24 2021-12-01 Winter 3 8.2 4.0 0.1 Turbinen PST
25 2017-09-17 Summer 6 38.6 31.2 7.8 Turbinen PST
26 2023-07-12 Summer 6 31.2 25.6 3.8 Augustenborg
27 2022-05-30 Summer 6 24.2 25.6 1.5 Limhamn PST
28 2019-07-28 Summer 6 22.4 32.0 1.1 Turbinen PST
29 2018-08-09 Summer 6 21.6 35.2 1.0 Turbinen PST
30 2021-09-29 Summer 6 20.8 8.8 0.9 Augustenborg
31 2023-11-16 Winter 6 31.2 18.4 3.8 Limhamn PST
32 2021-10-05 Winter 6 19.8 6.4 0.7 Augustenborg
33 2021-10-21 Winter 6 19.2 10.4 0.6 Turbinen PST

(continued on next page)

89



(continued from previous page)

# Date Season Dur. Gauge Peak T Station
(local) (h) (mm) (mm h−1) (yr)

34 2022-10-01 Winter 6 18.4 20.0 0.5 Turbinen PST
35 2025-10-04 Winter 6 17.8 7.2 0.5 Turbinen PST
36 2021-12-01 Winter 6 16.0 4.0 0.3 Turbinen PST
38 2022-05-31 Summer 1 11.5 17.6 0.8 (Malmö A)
39 2019-06-12 Summer 3 23.5 36.4 2.9 (Malmö A)
40 2023-07-12 Summer 3 32.2 26.0 8.0 (Malmö A)

90



A4 Onset Frames

Figure A2: Onset frames for all 19 events, stratified after duration and season.
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A5 Hyetographs

Figure A3: Hyetographs for events chosen from station Turbinen PST.
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Figure A4: Hyetographs for events chosen from station Limhamn PST.
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Figure A5: Hyetographs for events chosen from station Augustenborg.
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