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Abstract.

Flash floods are challenging to forecast with data-driven models, as their rarity in hydrological
records produces severe class imbalance during training. To mitigate this problem, we propose an
event-based training data selection method that uses the rate of change (RoC) of river levels as a
filtering criterion and assess how the choice of RoC threshold affects forecasting performance across
three UK catchments. For each catchment, a cascaded LSTM architecture, which is a rainfall model
whose forecasts feed into a river-level model, is trained on event datasets filtered at a range of RoC
thresholds and evaluated against the 20 highest-magnitude testing events per site. The results reveal
a trade-off in the use of RoC thresholds. Higher thresholds, which filter the training data toward rapid-
rise events, improve the forecasting of high-magnitude events at the two smaller, faster-responding
catchments, where the median RMSE improves from 0.18 m at the optimum low-magnitude RoC
threshold to 0.05 — 0.09 m at the optimum high-magnitude threshold. Lower thresholds produce more
accurate forecasts of low-magnitude events at all three sites; however, no single threshold is optimal
across all ranges of event magnitudes. Cross-catchment comparison shows that the optimal threshold
depends on both catchment characteristics and the target event magnitude. The improvement in high-
magnitude forecasting at higher thresholds is substantial in the smaller, flashier catchments but weak
in the larger, slower-responding areas. Higher RoC-based event filtering is therefore most effective
for high-magnitude forecasting in small, fast-responding catchments.

Keywords: Deep learning, Flash flood forecast, rate of river-level change, Long Short-Term Memory
(LSTM), FEH Catchment descriptors, Imbalanced data.

1 Introduction

Floods are the most frequent natural disasters globally, resulting in devastating economic losses and
impacts on human life [1, 2]. Among these, flash floods are particularly dangerous due to their rapid
onset and fast-moving water. Flash floods are characterized by a short lag time, often fewer than six
to twelve hours between the initial rainfall and the peak discharge [3]. Although factors such as
reservoir failures, rapid snow melt, and ice jams can cause flash floods, they often arise from
prolonged high-intensity rainfall in small, steep and impervious catchments [3]. The sudden nature
of flash floods creates a short window time for flood warning and emergency response, making
accurate and timely forecasting a critical and challenging task.

Deep learning has gained popularity recently in flood forecasting due to its ability to extract complex
non-linear patterns from raw data [4]. Long Short-Term Memory (LSTM) is a type of Recurrent
Neural Network (RNN) designed to capture long-range dependencies in sequential time-series data
[5]. A recent review by Santos et al. [6] highlighted that LSTM is the most used deep learning method
for flash floods forecast models, accounting for 60% of the surveyed literature. However, the study
also noted that no single approach consistently outperforms others because the model performance is




influenced by the length of the forecast horizon, the quality of the data, and the regional hydrological
characteristics.

In typical hydrological time series, extreme events, such as flash floods, represent only a negligible
fraction of the total data, whereas the majority of observations consist of typical river levels and no-
rain period conditions. Consequently, the application of deep learning to flash flood forecasting is
challenging due to a severe class imbalance. LSTMs as data-driven architectures rely on the quality
and composition of the training data. While precipitation and flow have been identified as the most
used variables for flash flood forecast [7], models trained on full time-series data are prone to
predictive bias because hydrological data are dominated by low-flow observations [8]. This training
approach often fails to capture the non-linear dynamics of rare, high-magnitude events, leading to the
underestimation of peak levels, as the model learns that the river level is most likely to remain low
[9, 10].

Despite these challenges, many studies in the flood forecast continue to utilize unfiltered datasets to
train their flood forecast models [11-13]. Akinsoji et. al. [14] conducted a review of data strategies
that have been applied in flood forecast using machine learning. They confirmed the importance of
data preprocessing for developing flood forecasting models. Among the various techniques that have
been studied, feature engineering is widely used. However, adapting a feature engineering technique
to select flood relevant data in hydrological data setting has not been so far explored.

Several recent studies have utilized specific discharge return intervals or thresholds for flood event
selection, yet they did not explore the impact of alternative thresholds on model performance. For
instance, Zhao et al. [15] used a 1 in 2-year discharge return interval to identify 161 events for a deep
learning probabilistic flash flood warning model. While their model outperformed a deterministic
hydrological model in forecasting flash flood occurrence probabilities, the effect of varying the return
intervals remains unexamined. Similarly, Heidari et al. [7] utilized a 1-year return period threshold
but did not test alternative thresholds against models trained with full time-series data. Other
approaches, such as Chen et al. [16], filtered hourly and daily data by a discharge threshold and
demonstrated reduced errors in peak time forecasts. However, their study did not explore the
performance of the model to alternative thresholds or compare the results against models trained with
the full time series. Although flood events have been filtered from continuous data and used in flood
forecasting models, a fair comparison of how different flood thresholds impact overall model
performance is still missing.

When selecting flood events, researchers have so far used a return period of discharge or flow as
flood thresholds [7, 15-18]; however, measured river flow or discharge data and the required accurate
rating curve equation for a specific location are often unavailable [19], especially for small catchment
areas. This scarcity of hydrological information therefore creates a limitation for flood event
selection. Using river levels which are easier to measure and obtain [6], can be a potential solution.
River level data are typically recorded at fixed time-steps, capturing the rise and fall of water levels
over time. From these measurements, the rate of change of river level can be calculated, describing
how rapidly the level changes over a given interval. RoC reflects the dynamic response of the river
making it an alternative criterion for flood event selection. However, the optimum RoC threshold for
this purpose has yet to be explored.

This study addresses this gap by investigating the impact of different event-based datasets on the
performance of LSTM-based river level forecasting models. We propose a framework for event
selection using a range of selected rate of change of river level thresholds and perform a comparative
analysis to determine how these thresholds influence model robustness. The predictive accuracy of
each configuration is evaluated using standard hydrological metrics, including Root Mean Square




Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Nash-
Sutcliffe Efficiency (NSE).

2 Study area
2.1 Location and Data

Three catchments located in different parts of the United Kingdom (UK) (Figure 1.A) were selected
for this study which are Walsden, Boscastle, and Hawnby (Figure 1.B-D). All three are in active flash
flood areas, but each has different physical characteristics that allow an inter-comparison of model
performance across diverse hydrological conditions. A summary of their flood estimation handbook
(FEH) catchment descriptors [20] is given in Table 1.

Walsden (Figure 1.B) is the headwater of the River Calder in West Yorkshire. The catchment is small
(AREA 13.60 kmz, Table 1) and steep (DPSBAR 158.4 m/km), with the highest mean altitude of the
three sites (ALTBAR 319 m). It is also the wettest, receiving 1434 mm of standard-period average
annual rainfall (SAAR) and with soil that is wet for 57% of the time (PROPWET 0.57). Combined
with a moderate baseflow index (BFIHOST19 0.39), the highest standard percentage runoff of the
three sites (SPRHOST 44.09%) and the shortest drainage path (LDP 6.44 km, DPLBAR 2.8 km)
among the three areas, these conditions make the area prone to rapid runoff and flash flooding.
Consistent with its small size, steep gradient and high runoff potential, the catchment response time
is short, estimated at 1 hour using Detrending Moving-Average Cross-Correlation Analysis (DMCA)
[21]. According to Calder Rivers Trust [22], notable flash flood events occurred in 2012, 2013, and
2015.

Boscastle (Figure 1.C) is a village port on the north coast of Cornwall, situated on a steep slope
(ALTBAR 199 m) at the confluence of three rivers which are the Valency, Jordan, and Paradise. The
catchment is small and steep (AREA 19.99 km2, DPSBAR 124.3 m/km), but differs from Walsden in
having more permeable soils, reflected in the highest baseflow index (BFIHOST19 0.50) and the
lowest standard percentage runoff (SPRHOST 34.48%) of the three. The very small mean floodplain
depth (FPDBAR 0.12 m) and the short drainage path (LDP 8.44 km, DPLBAR 4.62 km) indicate
limited natural floodplain storage, so when rainfall is intense the steep channel network can flow
rapidly at the village outlet. The DMCA-derived catchment response time is 2 hours [21], slightly
longer than Walsden owing to the more permeable soils and longer drainage path, but still indicative
of a rapidly responding catchment. Boscastle experienced severe flash floods in August 2004 and
June 2007 [23 - 25].

Hawnby (Figure 1.D) is a small crossroads village in the North York Moors National Park, North
Yorkshire, with the River Rye flowing through it. In contrast to the other two sites, Hawnby drains a
larger catchment (AREA 131.28 km?) with the longest drainage path (LDP 22.07 km, DPLBAR 11.7
km), implying a slower overall hydrological response. The terrain is nevertheless steep (DPSBAR
144 m/km), and the catchment is the driest of the three (SAAR 882 mm, PROPWET 0.34), so flash
flooding here is driven primarily by intense convective rainfall acting on relatively impermeable soils
(BFIHOST19 0.38, SPRHOST 43.2%). This longer travel distance is reflected in a DMCA-derived
catchment response time of 5.25 hours [21], the slowest of the three sites. A flash flood occurred in
June 2005 following heavy rainfall [26-27]. Together, the three catchments span a useful range of
conditions: a smallest, steepest, wettest, fastest resepnse, high-runoff upland (Walsden); a small,
steep, but more permeable coastal catchment (Boscastle); and a much larger, drier, slower-responding
moorland catchment (Hawnby). This contrast underpins the inter-comparison of model performance.




All three catchments have a river level gauging station at the catchment outlet, and each has nearby
rainfall stations which are three at Walsden, two at Boscastle, and one at Hawnby. All data are
recorded at 15-minute intervals, with river level in metres (m) and rainfall in millimetres (mm). The
period of analysis was determined by the availability of overlapping rainfall and river-level
measurements. The data were divided into training and testing sets as summarised in Tables 2 and 3.
Training periods covered nine years at each site (315,552 records each), comprising 2006 - 2015 for
Walsden, 2013 - 2022 for Boscastle, and 2014 - 2023 for Hawnby. Testing data spanned 2015 -2016
for Walsden (35,136 records), 2011 - 2013 for Boscastle, and 2023 - 2025 for Hawnby (70,176
records each). For Walsden and Hawnby the test set followed the training period, whereas for
Boscastle an earlier interval was withheld because the most extreme observed data. All datasets are
publicly available via the Department for Environment, Food & Rural Affairs (Defra) [17].
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Figure 1 Approximate locations of the three study areas are shown on the UK location map (A): Walsden (B),
Boscastle (C), and Hawnby (D). Each panel shows the main rivers (blue lines), river level stations (red
triangles), rainfall stations (blue droplet symbols), and elevation (m, colour ramp). Data source: Department
for Environment, Food & Rural Affairs (Defra) [28]




Table 1 FEH catchment descriptors [20] of Walsden, Boscastle and Hawnby.

FEH catchment  Walsden Boscastle Hawnby  catchment description
descriptors

AREA 13.60 19.99 131.28 Catchment drainage area (km2)

ALTBAR 319.00 199.00 268.00 Mean catchment altitude (m above sea level).

BFIHOST19 0.39 0.50 0.38 Base flow index

DPLBAR 2.80 4.62 11.73 Mean of distances between each node on the
IHDTM grid and the catchment outlet (km)

DPSBAR 158.40 124.30 144.00 Index of overall catchment steepness
(m/km), >300 in mountainous terrain to <25
in the flattest parts.

FPDBAR 0.66 0.12 0.20 The mean depth of water on floodplains in a
100-year event.

LDP 6.44 8.44 22.07 Longest drainage path (km)

PROPWET 0.57 0.46 0.34 Catchment wetness index, over 80% in the

wettest catchments to less than 20% in the
driest parts.

SAAR 1434.00 1257.00 882.00 Standard-period Average Annual Rainfall
SPRHOST 44.09 34.48 43.18 Standard percentage runoff (%)

Catchment 1.00 2.00 5.25 Calculated based on the Detrending Moving-
response time Average Cross-Correlation Analysis

(hour) (DMCA) [21]

2.2 River flood indicators

The Environment Agency (EA) defines the flood risk for Walsden based on river levels [28]. The
first indicator is set at 0.38 m, representing the upper limit of the normal range. At this stage, low-
lying areas are prone to flooding, and a flood alert is issued. The second indicator is set at 0.60 m,
marking the stage where property flooding becomes probable, triggering a flood warning. This study
adopts the 0.38 m indicator as the primary indicator of flood level at Walsden. For Boscastle, the EA
sets two levels at the River Valency level at Boscastle County Bridge which are 1.00 m and 2.10 m
[29]. The flood level at 1.00 m will be used in this study. For Hawnby, only one flood level has been
set by the EA which is 0.40 m [30].

The statistical data of full time-series training and testing datasets at Walsden, Boscastle, and Hawnby
are shown in Tables 2 and 3. Overall, three catchments are mainly in long no-rain period, and low-
magnitude river levels. That can be observed from their 80th percentiles of rainfall are zero, and their
95th percentiles of river levels are below the EA flood levels. Moreover, the river levels that are above
the EA flood level show a very low proportion compared to their entire data, particularly Boscastle.
Their full time-series training data contains only 19 of 315,552 (0.006%) records that are above flood
level. These low proportions of flood data in the entire datasets confirm the severe class imbalance in
the full time-series data.




Table 2 Rainfall and river level percentiles for the full time-series training data of the Walsden, Boscastle,
and Hawnby catchments, along with the proportion of river level records exceeding the EA flood indicator.

Full time-series Training data Walsden Boscastle Hawnby
Period (year) 2006 - 2015 2013 - 2022 2014 - 2023
Total records 315552 315552 315552
Rain (mm/15-min)
80th percentile 0.0 0.0 0.0
95th percentile 0.6 0.4 0.2
Level (m)
80th percentile 0.12 0.50 0.19
95th percentile 0.21 0.57 0.33
The EA flood indicator (m) 0.38 1.00 0.40
River level above the EA flood indicator 1341 19 10740
(records)
River level above the EA flood indicator 0.425% 0.006% 3.403%

(% of total records)

Table 3 Rainfall and river level percentiles for the full time-series testing data of the Walsden, Boscastle, and
Hawnby catchments, along with the proportion of river level records exceeding the EA flood indicator.

Continuous Testing data Walsden Boscastle Hawnby
Period (year) 2015 - 2016 2011 - 2013 2023 - 2025
Total records 35136 70176 70176
Rain (mm/15-min)
80th percentile 0.0 0.0 0.0
95th percentile 0.8 0.4 0.2
Level (m)
80th percentile 0.15 0.34 0.21
95th percentile 0.24 0.43 0.37
The EA flood indicator (m) 0.38 1.00 0.40
River level above the EA flood indicator 383 4 3092
(records)
River level above the EA flood indicator 1.090% 0.005% 4.406%

(% of total records)

2.3 Data preprocessing

To ensure data integrity, a preprocessing workflow was implemented to handle missing values. For
rainfall records, missing values were infilled using the average of the nearest known observations.
For river level data, missing values were filled using linear interpolation.

In addition to the measured data, two additional variables were calculated, which are cumulative
rainfall over 120 minutes (mm/120-min) and the rate of change in river level over 180 minutes
(m/180-min). The cumulative rainfall of 120-minutes is the total precipitation recorded over a rolling
two-hour window. This feature provides a representation of heavy rainfall over a specific period,
allowing the model to learn the intensity of rain over time. The 180-minute RoC was calculated as




the difference between the current river level and its previous level recorded 180 minutes (three
hours).

The input features used for the forecasting models are 15-minute rainfall, 120-minute cumulative
rainfall, 15-minute river level, and 180-minute RoC of river level. These features were held constant
across all three study catchments. This was an experimental-design choice, as the objective of the
study is to evaluate whether a consistent RoC threshold can be used to filter relevant flood events for
training. This question requires that the input features are standardised across catchments so that any
differences in optimal threshold can be attributed to catchment characteristics rather than to
differences in feature engineering. Changing the features individually per catchment (for example,
matching the cumulative-rainfall window to each catchment's response time) might yield better
forecasting performance for that catchment, but would prevent cross-catchment comparison of the
threshold's behaviour. The cost of this design, particularly for catchments whose response time differs
from the standardised feature windows, is acknowledged and considered in the discussion.

3  Methodology

3.1 Event data selection process

Hydrological data are typically characterized by prolonged periods with no rainfall and low
magnitude of river level (Tables 2 and 3). Training data-driven models on such raw time series data
often results in performance biased toward these dominant low river level conditions [20, 21]. Flash
floods are rare events, making them a very small proportion compared to the entire data record.
Forecasting models trained on full time-series tend to optimize for global error metrics by prioritizing
the dominant low magnitude of river level conditions, resulting in underprediction of the magnitude
of rare peaks. To minimize the dominance of uninformative data and mitigate this class imbalance,
the continuous hydrological time series data were filtered into discrete potential flash flood data,
called ‘event data’, each event having the same window time. This selective training scheme is similar
to calibration processes in traditional hydrological forecasting; for example, the conceptual rainfall-
runoff Probability-Distributed Model (PDM) calibrates parameters against a subset of the highest
observed flow events [33].

Potential flash flood events were identified using the rate of change in river level as a selection
criterion. RoC characterises flood events by capturing the rapid dynamic response of the river rise.
The RoC measures the rise in river level over a defined interval. It responds only to the rising limb
of the hydrograph and avoids the over-counting that can occur with fixed river level thresholds when
slow recessions cross flood level. The effectiveness of RoC depends on the interval over which it is
computed. It controls the balance between sensitivity to rapid rises and filtering out minor fluctuations
that do not develop into a flood.

To determine an appropriate RoC interval, a sensitivity analysis was carried out comparing four RoC
intervals, which are 15, 60, 180, and 360 minutes, against a reference flood-event classification
defined by exceedance of river levels that are above 0.38 m as per the EA flood indicator at Walsden
(Appendix A). Across 90th, 95th, and 99th percentile settings tested, precision against this reference
increased with interval length, while the number of selected events decreased. The 15- and 60-minute
intervals were over-sensitive to short-duration fluctuations, producing flagged events of which 38 -
72% did not reach flood stage. The 360-minute interval achieved high precision but selected too few
events (5 - 39 events across the three percentiles tested) for model training. The 180-minute interval
was the candidate that satisfied three operational requirements that are precision above 80% against
the river level threshold reference, a sample size sufficient for model training, and a temporal window
long enough to capture the rise characteristic of flash flood events while ignoring minor rises.




To select events, once an assigned threshold was met, an event window was extracted comprising
data from a fixed period before and after the threshold crossing (Figure 2). The window lengths were
chosen to span each catchment's hydrological response time identified by the DMCA method (Table
1). For Walsden and Boscastle (response times of 1- 2 hours), an 8-hour window was applied, which
is from the six hours before and two hours after the threshold, equivalent to 32-time steps at the 15-
minute records. For Hawnby, with a longer 5.25-hour response time, the window was extended to 16
hours (11 hours before and 5 hours after, or 64-time steps). The asymmetric window, which is longer
before the threshold than after, captures the rising limb in its event hydrograph, as it is the important
part of the flood event and the focus of the forecasting models.

The threshold values tested at each catchment were chosen to span the operational range from
frequent low-magnitude rises to rare high-magnitude events, with the upper limit determined by the
point at which the resulting event number became too small for model training (Table 3). At Walsden
and Boscastle, eight thresholds between 0.01 and 0.35 m/180-min were applied. Above this range,
the number of events is low considered insufficient for training (with 7 and 11 events at the upper
limit, respectively). At Hawnby, where the RoC distribution extends to higher values, eleven
thresholds between 0.01 and 0.60 m/180-min were tested, again to the point of a low number of events
(8 events at the upper limit). Threshold values were spaced at intervals of 0.05 m/180-min, with the
upper end at Hawnby extending in steps of 0.10 m/180-min, so that each threshold produced a
different training set from the next. At higher thresholds, the number of events drops with each step,
so setting finer intervals between each threshold would have produced training sets differing by only
few events.

The event-selection results in Table 4 reveal an inverse relationship between the RoC threshold and
the number of selected events. Lower thresholds yielded a higher number of events, while higher
thresholds captured only steep-rise events, resulting in a lower number of selected events. As the
threshold acts as a minimum cutoff, these steep-rise events are therefore subsets of those generated
by lower thresholds (Figure 3). The proportion of flood-level observations within the selected events
increases with the threshold, addressing the severe class imbalance present in the continuous records,
where flood-level observations account for only 0.425%, 0.006%, and 3.403% of the training data at
Walsden, Boscastle, and Hawnby, respectively (Table 2). At Walsden, for example, this proportion
rises from 0.425% in the continuous record to 40.400% in the event dataset selected at a 0.30 m/180-
min threshold (Table 4). However, this increase varies between sites. Hawnby exceeds 50% flood
representation from RoC 0.25 onwards, while Boscastle remains below 5% from the highest tested
threshold, reflecting the rarity of flood-exceeding events in the record (only 19 records in a decade of
15-minute observations, Table 2). Overall, the results indicate that RoC-based event selection is an
effective way to reduce class imbalance in flood-prediction training data without requiring synthetic
data augmentation examples.

The 20 testing events (Table 3, and Figure 4) were selected from the peak river level events of each
catchment during its testing period. This approach is similar to the calibration process of traditional
hydrological flood forecasting models, such as PDM, in which model parameters are calibrated by
comparing outputs against the 20 highest observed river flow events [33]. Even though the peak river
levels have been selected for testing, not all data are above the EA flood indicator of each site. The
proportion of data points within these selected events that exceed the EA flood indicator are Walsden
(18.33%) and Boscastle (0.62%), except for Hawnby (57.42%).
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Figure 2 Illustration of the event-selection process applied to 15-minute hydrological time-series data from
Walsden, 1 January to 31 March 2007. (A) Full time-series of river level (blue, left axis) and rainfall (navy,
right axis, inverted). Events extracted using rate-of-change thresholds of 0.01(B) and 0.25 (C) m/180-min,
respectively, with selected river-level (pink) and rainfall (orange) overlaid on the full time-series (faded) for
comparison. The lower threshold (B) has many events ranging from minor fluctuations to peak levels, whereas
the higher threshold (C) isolates only the two largest events in this period. Horizontal dashed lines mark the
Environment Agency flood levels 1 (green) and 2 (red) for Walsden. This comparison illustrates the sensitivity
of event extraction to the choice of RoC threshold.

As illustrated in Figure 4, this scarcity of high-magnitude river-level observations is also evident in
the testing events, even though these events were selected based on their highest river levels. The
number of testing events exceeding the EA flood indicator differs between catchments. All 20 test
events at Hawnby exceed 0.40 m, the EA flood line, 9 of 20 exceed Walsden's flood line 1 (0.38 m),
but only 2 of 20 exceed Boscastle's 1.00 m flood line.

These differences reflect the catchment characteristics summarised in Table 1. Hawnby is the largest
catchment (AREA 131.28 km?) with a low BFIHOST (0.38) and a flood threshold set close to its
routine flow regime, so test events readily exceed it. Walsden is small and steep (AREA 13.60 kmz,
DPSBAR 158.4 m/km) with the highest SAAR of the three sites (1434 mm) and a 1-hour response
time, producing frequent rapid-rise events. Boscastle, by contrast, has a higher BFIHOST (0.50) than
the other two sites (0.38-0.39), meaning a larger proportion of rainfall is absorbed and released slowly
rather than reaching the river as rapid runoff; combined with a flood threshold (1.00 m) above its
typical flow regime, this means river levels rarely reach the EA flood indicator.




Table 3 The number of training events based on RoC thresholds and the amount of flood data percentage in
training and testing sets from three catchments.

Dataset RoC Walsden Boscastle Hawnby
threshold

(m/180-
min) Selected The Data  Selected The Data  Selected The Data

training EA above training EA  above training EA above
data flood  flood data flood flood data flood  flood

(events) level level (events) level level (events) level level
(m) (%) (m) (%) (m) (%)
Train - pocoo1r 1633 2.08% 2151 0.02% 732 13.94%
RoC 0.05 552 5.05% 339 0.17% 281 30.96%
RoC 0.10 271 7.84% 153 0.38% 183 41.87%
RoC 0.15 123 13.44% 92 0.64% 133 48.38%
RoC 0.20 56 22.46% 62 0.95% 109 48.68%
RoC 0.25 33 0.38 28.93% 38 1.00 1.79% 73 0.40 52.40%
RoC 0.30 15 40.40% 19 2.79% 52 53.46%
RoC 0.35 7 37.66% 10 5.31% 40 52.46%
RoC 0.40 25 51.38%
RoC 0.50 n/a n/a n/a n/a 15 51.25%
RoC 0.60 8 48.63%
Test 20 0.38 18.33% 20 1.00 0.62% 20 040 57.42%

These contrasting hydrological characters produce contrasting event distributions in both the training
and testing sets, which have direct consequences for how training data should be selected. Figure 4
also plots the maximum 180-minute RoC of each testing event against the number of training events
available at each threshold. As the RoC threshold rises, the number of training events drops sharply,
while testing events, particularly those above the EA flood indicators, have high RoC values where
comparable training data is scarce. This train—test mismatch motivates the need to optimise the
training event selection.
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Figure 3 Scatter plots comparing full time-series data (orange, A) with extracted events from Walsden
catchment. The selected event data using 180-minute rate-of-change thresholds of 0.01 m/180-min (red
triangles), 0.15 m/180-min (olive reverse triangles), and 0.25 m/180-min (blue dots) (B). The EA flood
indicators at Walsden are 0.38 m (green dashed line) and 0.60m (red dashed line). The vertical dashed line at
zero RoC separates rising-limb (positive) from falling-limb (negative) observations. Events extracted using
higher RoC thresholds form a subset of those captured at lower thresholds.

3.2 Forecasting structures

The rainfall and river level models adopt a multi-step forecasting approach with a fixed-length sliding
window. The lengths of the input window (the historical observations available to the model at each
prediction step) and the forecast horizon (the number of future steps predicted) were chosen based on
the catchment response times derived from the DMCA technique [21].

For Walsden and Boscastle, with response times of 1.00 and 2.00 hours respectively, the input
window was set to 12-time steps and the forecast horizon to 12 future time steps, corresponding to
3.00 hours of historical context and a 3-hour forecast at 15-minute resolution. The configuration was
sized to accommaodate the longer of the two response times (Boscastle's 2.00 hours); consequently,
the input and forecast lengths for Walsden are several times its response time. A common
configuration was used across the two catchments to support cross-catchment comparison, consistent
with the standardised input design described in the Data preprocessing Section. For Hawnby, with a
longer response time of 5.25 hours, the input window and forecast horizon were both extended to 24-
time steps (6.00 hours each), maintaining the principle of an input window long enough to capture
the slower hydrological build-up characteristic of this catchment. The sliding window advances by
one time step across each event, so that each successive prediction window overlaps the previous one
by all but one time step, producing a dense sequence of multi-step forecasts across the duration of the
event.
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The number of selected training events from each RoC threshold along with the 20 testing events
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Figure 4 Distribution of testing events and the number of available training events across rate of change (RoC)
thresholds for the three catchments: (A) Walsden, (B) Boscastle, and (C) Hawnby. Orange line (left Y -axis,
number of events) show the number of selected training events at each RoC threshold, with its values. Green
diamonds show the 20 testing events at each catchment, plotted by their maximum 180-minute RoC on the x-
axis and by their peak water level on the right Y-axis. Horizontal dashed lines are the Environment Agency
(EA) flood indicators: flood line 1 (blue, 0.38 m) and flood line 2 (red, 0.60 m) at Walsden, and the single
flood line (blue) at 1.00 m for Boscastle and 0.40 m for Hawnby. All panels used common axis ranges for
cross-catchment comparison (RoC threshold: 0 - 0.80 m/180-min (X-axis); number of events: 0 - 2200 (left Y-
axis); water level: 0 - 2.0 m (right Y-axis)).
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A common feature of all three configurations is that the forecast horizon was set to exceed the
catchment response time. This is a methodologically demanding choice. For lead times shorter than
the catchment response time, river behaviour is largely determined by rainfall that has already fallen,
and forecasts benefit from the catchment's own hydrological memory of observed recent inputs.
Beyond the response time, this advantage diminishes. The river response depends on rainfall that will
fall during the forecast period, which is not observed and must instead be supplied by a coupled
rainfall forecasting model. The river level forecasts therefore depend not only on the river level
model's ability to translate rainfall into runoff, but also on the accuracy of the rainfall forecast that
drives it which is a more challenging configuration that reflects the operational requirements of flash
flood early warning, where useful lead times must exceed the catchment's natural response time so
that warnings can be issued and acted upon.

3.3 Forecasting models

The discrete event data extracted in the previous step (Event data selection process section) were used
as the primary datasets for model development, rather than the continuous raw time series. Two
forecasting models, which are rainfall and river level, were developed using LSTM networks. Both
employ an encoder—decoder sequence-to-sequence architecture, in which stacked LSTM layers
encode the input history into hidden states and a separate stack of LSTM cells then generates the
forecast autoregressively, feeding each prediction back as input to the next forecast step. The
autoregressive decoding strategy was chosen for its alignment with the temporal structure of the
forecasting task. The prediction errors accumulating across the forecast horizon addresses the
limitations.

The forecasting structures have been set at 12 for 12 steps at Waslden and Boscastle, while 24 for 24
steps are for Hawnby where it has a longer catchment response time. At each historical time step, the
input feature set comprises four variables, which are 15-minute rainfall, 120-minute cumulative
rainfall, the river level at the 15-minute interval, and the 180-minute rate of change of river level. The
rainfall model produces multi-step forecasts of 120-minute cumulative-rainfall features, which are
then supplied to the river level model as additional inputs alongside the historical features. To ensure
that training shares the same input distribution, the river level model is trained using the rainfall
model's predicted future rainfall rather than observed future rainfall. The implications of using the
rainfall model's predictions on its own training data are revisited in the limitations.

To enable a controlled evaluation of how event-based dataset size, which varies with the chosen RoC
threshold, affects model performance, hyperparameters were held constant across both models and
across all RoC thresholds. Each model used two stacked LSTM layers with 64 hidden units. Dropout
regularisation was applied at a rate of 0.1 on the input and recurrent connections of the encoder and
on the decoder cell output. Training used the Adam optimiser with a learning rate of 0.001, a batch
size of 32, and Mean Squared Error as the loss function. All inputs and outputs were normalised to
the range (0, 1) using Min—Max statistics fitted on the training portion of each dataset.

Due to dataset size constraints, training and testing data splitting was utilised. Training was capped
at 50 epochs, and early stopping was implemented by monitoring the loss on the testing set. Training
will be stopped if the loss failed to improve for five consecutive epochs following an initial five-
epoch warm-up period. The model weights from the epoch with the lowest testing error were restored
for final evaluation. While this mitigates overfitting to the training data, it necessitates that the
stopping criterion was informed by the testing data. Therefore, absolute error values represent the
best-epoch performance on the testing data. The implications of this approach are addressed in the
limitations section. Finally, to quantify variance introduced by network initialisation, each
configuration was trained with five random seeds.
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4  Results

To evaluate how the choice of RoC threshold affects forecasting performance, river level models with
identical architecture, hyperparameters, and training schedule were trained on event subsets defined
by each of the RoC thresholds (Table 4). For Walsden and Boscastle, eight thresholds were tested,
yielding eight trained models per catchment; for Hawnby, eleven thresholds were tested, yielding
eleven trained models. Because the model configuration was held strictly constant within each
catchment, any differences in performance can be confidently attributed to the composition and size
of the training set induced by the varying thresholds, rather than to differences in modelling choices.

Each trained model was evaluated against the testing set of 20 events for its catchment, selected as
the 20 events with the highest river level in the testing data. The peak RoC values within these test
events varied by catchment (Figure 4), which are from 0.09 to 0.39 m/180-min at Walsden, 0.01 to
0.65 at Boscastle, and 0.27 to 0.71 at Hawnby. Because the RoC thresholds used to filter the training
data act as minimum cutoffs (selecting events whose peak RoC equals or exceeds the threshold),
higher-threshold training sets are nested subsets of lower-threshold sets, and a model trained at any
threshold is exposed to the full range of peak RoC values present in its training data, not only those
near the threshold value itself.

Forecasting performance was quantified using four error metrics, which are RMSE, MAE, MAPE
and NSE. The first three metrics have an optimal value of zero; NSE has an optimal value of one.
These metrics provide views of forecast accuracy in which RMSE emphasises large errors, MAE
treats all errors equally, MAPE expresses error in relative terms, and NSE places performance on a
normalised scale that allows comparison across catchments. The forecasting results are presented in
Figures 5, 6, and 7 for Walsden, Boscastle, and Hawnby, respectively.

Inspection of the results reveals that forecasting performance depends not only on the RoC threshold
used to filter the training data but also on the magnitude of the test event itself. To examine this
dependence, the 20 test events at each catchment have been divided into two groups based on the
maximum RoC observed within each event. For Walsden (Figure 5), a split point of 0.20 m/180-min
produces 11 lower-RoC and 9 higher-RoC events. The split point was selected based on the result
value that clearly separated the two response patterns. For Boscastle and Hawnby, these points are at
0.30 m/180-min and 0.35 m/180-min, respectively. Each box plot in Figures 5, 6, and 7 summarises
the distribution of a metric across the testing events in one group, for a single training threshold. Each
trained model is evaluated on the same 20 test events which are divided into the two groups that
allows the dependence of forecast performance on test-event magnitude to be examined.

The two groups show contrasting responses to the training threshold. For higher-RoC test events at
Walsden (Figure 5, right column), the median RMSE (0.11 m) is high at the low training threshold
(0.05 m/180-min) and decreases as the training threshold rises, reaching the lowest of median RMSE
0.05 m (A lower RMSE means the model's predictions are more accurate) at thresholds 0.25 — 0.30
m/180-min, where median NSE also peaks at 0.75 - 0.78. The pattern indicates that filtering the
training set to retain only higher-RoC improves forecasting of the higher-RoC test events. For lower-
RoC test events (left column), the pattern is inverted. The median RMSE (0.10 - 0.14 m) is high when
the model is trained at the optimal threshold of higher-RoC test events (0.25 — 0.30 m/180-min), but
the median RMSE reached the lowest value (0.03 m) at threshold 0.05 m/180-min. The NSE values
show the same pattern in inverted form. The highest median NSE (0.61) occurs at threshold 0.05
m/180-min and declines as the threshold increases, becoming negative for higher thresholds. MAE
and MAPE confirm the same patterns observed in RMSE for both groups.
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The Boscastle results (Figure 6) show the same patterns observed at Walsden but with higher
threshold values. A split point of 0.30 m/180-min separates the 20 test events into 15 lower-RoC and
5 higher-RoC events. For the 5 higher-RoC test events at Boscastle (Figure 6, right column), median
RMSE decreases from 0.15 - 0.17 m at training threshold 0.05 - 0.15 m/180-min to the lowest median
RMSE 0.07 - 0.09 m at training thresholds 0.20 — 0.30 m/180-min, with median NSE rising from
around -0.80 to 0.50 across the same threshold ranges. The direction of the pattern matches Walsden's
finding that higher-RoC events benefit from higher training thresholds; however, it is worth noting
that there is a small sample of 5 events under this high-RoC range.

For the 15 lower-RoC test events at Boscastle (Figure 6, left column), the median RMSE (0.12 - 0.13
m) is high when the model is trained at the optimal threshold of higher-RoC test events (0.20 — 0.30
m/180-min). The median RMSE reached the lowest value (0.05 m) at threshold 0.05 - 0.15 m/180-
min. Median NSE shows the corresponding pattern, peaking at 0.13 - 0.20 in the 0.05 - 0.15 m/180-
min range and declining at higher thresholds. MAE and MAPE follow the same trends across both
groups. The optimal training thresholds at Boscastle 0.20 - 0.30 m/180-min for higher-RoC events
and 0.05 — 0.15 m/180-min for lower-RoC events which are shifted upward relative to Walsden's
optima, consistent with Boscastle's broader RoC distribution.

The Hawnby results (Figure 7) show the similar pattern of lower-RoC events observed at Walsden
and Boscastle but a weaker version of the higher-RoC pattern. A split point of 0.35 m/180-min
produces 11 lower-RoC and 9 higher-RoC events. For the 9 higher-RoC test events at Hawnby
(Figure 7, right column), median RMSE varies modestly across training thresholds, from
approximately 0.12 m to 0.19 m, with overlap between adjacent thresholds. The lowest median RMSE
is 0.12 m at 0.35m/180-min threshold, but the difference from neighbouring thresholds (0.25 — 0.50
m/180-min) is small relative to the within-threshold spread of metric values (0.12 - 0.14 m). For
higher-RoC events at Hawnby, the choice of training threshold therefore appears less consequential
than at the faster-responding catchments.

For the 11 lower-RoC test events at Hawnby (Figure 7, left column), the results show similar pattern
that were observed at Walsden and Boscastle for the low-RoC events. Median RMSE is the lowest
values (0.05 — 0.06 m) at training thresholds 0.15 — 0.30 m/180-min and rises at higher thresholds (up
to 0.25 m at threshold 0.60 m/180-min). Median NSE confirms the pattern, peaking at 0.76 - 0.85 in
the 0.15 — 0.30 m/180-min range. This is the highest NSE values observed across the three studied
catchments. MAE and MAPE again follow the same patterns.
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Figure 5 Comparative box plots of four evaluation metrics (RMSE, MAE, MAPE, and NSE) for the Walsden
catchment. The results are divided into low-magnitude events (left column) and extreme flood events (right
column). Box colours represent the specific RoC threshold used to filter the model's training data. The y-axis
scales are standardized across both columns to enable direct comparison; consequently, some MAPE and NSE
distributions are truncated.
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Testing events with max RoC < 0.30 (15 events) - Boscastle Testing events with max RoC > 0.30 (5 events) - Boscastle
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Figure 6 Comparative box plots of four evaluation metrics (RMSE, MAE, MAPE, and NSE) for the Boscastle
catchment. The results are divided into low-magnitude events (left column) and extreme flood events (right
column). Box colours represent the specific RoC threshold used to filter the model's training data. The y-axis
scales are standardized across both columns to enable direct comparison; consequently, some NSE
distributions are truncated.
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Testing events with max RoC < 0.35 (11 events) - Hawnby Testing events with max RoC > 0.35 (9 events) - Hawnby
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Figure 7 Comparative box plots of four evaluation metrics (RMSE, MAE, MAPE, and NSE) for the Hawnby
catchment. The results are divided into low-magnitude events (left column) and extreme flood events (right
column). Box colours represent the specific RoC threshold used to filter the model's training data. The y-axis
scales are standardized across both columns to enable direct comparison; consequently, some RMSE, MAE,
MAPE, and NSE distributions are truncated.
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5 Discussion

Across the three study catchments, the evaluation results reveal a relationship between forecasting
accuracy and the rate of change threshold used to select the training data, although this relationship
varies between catchments. Two contrasting trends can be observed depending on the magnitude of
the events being forecast. Models trained with lower RoC thresholds achieve the lowest errors
(RMSE, MAE, MAPE) and highest NSE when forecasting lower-magnitude river levels and slower
rates of rise events. Conversely, accurate forecasting of higher-magnitude river levels and rapid rates
of rise events requires models trained on data filtered with higher RoC thresholds. Based on these
relations, there is no single training threshold that can optimize across the full range of event
magnitudes. The threshold acts as a filter on event magnitude in the training data, and its optimal
setting depends on the magnitude of the events the model is required to forecast.

These results indicate that that the selection of relevant training data influences the performance of
deep learning models for flood forecasting. This study uses the rate of change of river level as the
criterion for filtering relevant events from the full hydrological record. RoC offers a practical
alternative to the flow return periods relied upon in previous studies [7, 15]. RoC can be computed
directly from river level, a standard and widely available measurement [6], and does not require the
longer records or flow-frequency analysis that return-period approaches depend on.

The RoC threshold is filtering the composition of the training set. As the RoC threshold increases,
the proportion of flood-specific, rapid-rise conditions in the training data rises and the proportion of
low-magnitude events falls (Table 4), allowing the model to train on rapid-rise dynamics. Conversely,
models trained at low thresholds are dominated by low-magnitude data (Figure 3), although their
training sets still contain some extreme events. This class imbalance limits the model's ability to learn
and reproduce extreme flood behaviour, which is reflected in the higher errors these models produce
on higher-magnitude test events. The same mechanism explains the inverse pattern for lower-
magnitude events in which models trained at high thresholds rarely encounter low-magnitude rises
during training and consequently forecast them less accurately.

The catchment characteristics which vary among the three study areas, strongly influence this
mechanism. The trade-off was observed clearly at Walsden and Boscastle, where higher training
thresholds improved forecasting of higher-magnitude events. At Hawnby, the trade-off was only
partially observed. The lower-magnitude events at Hawnby showed the same threshold dependence
at the other two catchments, but forecasting of higher-magnitude events was insensitive to the training
threshold across a broad RoC range. The FEH catchment descriptors (Table 1) offer a physically
plausible explanation grounded in the concept of river flashiness which are the rapidity and frequency
of fluctuations in river [34]. The notable differences between the three catchments are size and
wetness. Walsden (13.60 km2) and Boscastle (19.99 km?) are small, wet, fast-responding catchments
(SAAR 1434 mm and 1257 mm respectively). Both have hydrological response times of 1.00 — 2.00
hours (based on the DMCA method [21]) and would be classified as high flashiness. Hawnby (131.28
km?) is six to ten times larger across all size-related descriptors (AREA, LDP), is in the drier north-
east area (SAAR 882 mm), and has a response time of 5.25 hours indicating low flashiness.

In a large and less flashy catchment like Hawnby, the outlet hydrograph integrates runoff arriving
from across a wide area at different times, producing a more gradual and smoothed response. This
integration is likely to make event shape more uniform across the magnitude range, so that filtering
the training data by rate of change performs less effectively between event types. In flashier
catchments like Walsden and Boscastle, RoC thresholds are different between event types, so filtering
training data by RoC segregates effectively between rapid-onset events and more gradual rises. This
is consistent with the observation at Hawnby that the model trained on high-RoC threshold made a
slight improvement compared with the models trained on adjacent RoC thresholds for forecasting
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high-magnitude events. The finding is aligned with the study from Santos et al. [6], in which they
suggested that the regional hydrological characteristics have an impact on forecast performance.

The consistency between the observed forecasting behaviour and the catchment physical descriptors
suggests that the applicability of RoC-based training filtering is greatest in small, fast-responding
catchments, which are prone to flash flooding, making the technique relevant for operational use.
While limited to a three-catchment design, this study provides an initial assessment of how these
findings might transfer across different environments. The RoC threshold effect for lower-magnitude
events transferred consistently across all three sites, while the corresponding effect for higher-
magnitude events transferred to the two flashier catchments but not to the slower-responding
Hawnby. This indicates that while RoC-based training filtering is a generalisable technique, its
specific benefit for predicting extreme events is conditional on catchment responsiveness.

For operational applications, these findings suggest that flash flood forecasting systems intended to
specialise in high-magnitude events should be trained on filtered subsets of higher RoC, particularly
in fast-responding catchments where this provides the best performance. Conversely, systems
intended to forecast across the full range of event magnitudes require a lower threshold that contains
lower-magnitude events, with the optimal thresholds tuned to each catchment's response
characteristics. In larger, slower-responding catchments such as Hawnby, the choice of training
threshold for high-magnitude events appears less critical, and dataset size considerations may take
precedence over magnitude filtering. Nonetheless, because this study is restricted to three sites, future
research utilising a larger sample of catchments spanning diverse sizes, response times, and flashiness
indices is required to verify these operational guidelines.

6 Limitations

This study evaluates the performance of RoC as a threshold for training data filtering, some
limitations in methodology and datasets must be acknowledged.

First, the generalisability of the findings is limited by the small sample size of three UK catchments.
Although the study of Walsden, Boscastle, and Hawnby allowed for a comparative analysis between
fast-responding and slower-responding systems, a three-site study is still too small to be applied in
all other areas. Verifying the broader applicability of this technique will require a larger number and
diverse areas to potentially derive transfer functions based on hydrologically physical descriptors.

Second, a constraint of the model architecture is the cascading uncertainty introduced by the forecast
rainfall inputs. The river level model was trained using the forecast rainfall from the rainfall model,
rather than the observed future rainfall. Although this approach is a realistic operational simulation,
it limits the river model's performance because any forecast errors generated by the rainfall model
accumulate and propagate through the autoregressive forecasting steps.

Lastly, due to the low number of selected training events, particularly using higher-RoC thresholds,
the testing dataset was used to monitor validation loss for early stopping. While this approach was
necessary to prevent overfitting on small datasets, it implies that the testing data informed the
stopping criterion, resulting in slightly optimistic absolute error metrics (e.g., RMSE). However,
because identical architectures, hyperparameters, and early stopping protocols were applied across
all RoC threshold configurations, this limitation does not invalidate the relative performance
comparisons. The central finding, which is the trade-off in predictive accuracy between low- and
high-magnitude events, is still valid.

20



7 Conclusion

Flash flood forecasting with deep learning is impacted by the composition of the training data.
Extreme events are rare in continuous hydrological records, and conventional training on the full
record allows low-magnitude observations to dominate the training data. This study introduces the
rate of change of river level as a physically motivated criterion for selecting flood-relevant training
events from continuous time-series and evaluates its effect on cascaded LSTM forecasts across three
hydrologically distinct UK catchments.

The central finding is a trade-off in the choice of RoC threshold. There is no a single threshold that
can optimise forecasting for both low- and high-magnitude events. Higher thresholds, which filter the
training data toward rapid-rise events, improve forecast accuracy on higher-magnitude test events. At
Walsden and Boscastle, the same set of high-magnitude test events for each catchment was forecast
with median RMSE of 0.11 - 0.17 m when the model was trained at the threshold that optimised error
on low-magnitude events. The median RMSE dropped to 0.05 - 0.09 m when the threshold was raised
to the optimum RoC for high-magnitude events (0.25 - 0.30 m/180-min at Walsden and 0.20 - 0.30
m/180-min at Boscastle). The improvement on high-magnitude events came at the cost of accuracy
on low-magnitude events, whose optimal training thresholds (0.05 - 0.10, 0.10 - 0.15, and 0.15 - 0.30
m/180-min at Walsden, Boscastle, and Hawnby, respectively) are below those optimal RoC for high-
magnitude events. Therefore, the optimal choice depends on which part of the operation the model is
intended to serve.

The strength of this trade-off, however, depends on catchment characteristics. At Walsden and
Boscastle, which are smaller catchments with fast response times of 1.00 — 2.00 hours, higher RoC-
based filtering improved higher-magnitude forecasting. At Hawnby, which is a larger catchment (131
kmz versus 14 - 20 km?) with a slower 5.25-hour response time, the high-magnitude forecasting was
insensitive to threshold choice across a broad range. This is consistent with low flashiness of larger
catchments producing more uniform runoff at the outlet, reducing the performance of the rate of
change to filter the event data between each event types. RoC-based event filtering is therefore most
effective in small, fast-responding catchments which are also prone to flash flooding and where the
technique is most operationally relevant.

The catchment dependence is both an insight and a limitation. The insight is that the technique's
domain of value coincides with the operational need it is intended to serve. The limitation is that
optimal thresholds cannot be transferred between sites without calibration, and the present study is
restricted to three UK catchments. Extending the methodology to a larger and more hydrologically
diverse areas would test whether the dependence on response time generalises and could open the
possibility of estimating the optimal RoC threshold for unseen catchments directly from their physical
descriptors. Further methodological work could also examine alternative metrics that respond to the
timing or shape of the rising limb rather than its rate alone, which may capture aspects of event
character that pure rate of change misses, particularly in larger catchments.

Nonetheless, the results establish RoC-based event extraction as a simple, interpretable, and
physically grounded technique for addressing training-data composition in flash flood forecasting.
Rate of change can be computed directly from a standard hydrological measurement and provides a
tuneable filter that allows the training set to be shaped according to the operational target. In the small,
flashy catchments where flash flooding is most consequential, RoC-based filtering offers a concrete
path toward more reliable forecasts of the high-magnitude events whose accurate prediction has the
greatest operational value.
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8 Appendix

A. Selection of the differencing interval for RoC computation

The rate of change of river level is used in this study as a criterion for selecting flood events to train
flood forecasting models. The choice of differencing interval (the time window over which the change
in water level is computed) affects both the character of the events selected and the size of the training
sample availabilities. To justify the potential RoC interval, a sensitivity analysis was carried out
comparing four RoC intervals: 15, 60, 180, and 360 minutes (Table Al). These four intervals were
selected to cover from instantaneous localized spikes to slower responses.

Table A1 Comparison of differencing time intervals and percentile thresholds for RoC-based event selection,
validated against the 0.38 m the EA flood indicator. This testing performs on Walsden catchment. For each
combination of differencing interval (15, 60, 180, 360 minutes) and percentile threshold (90th, 95th, 99th), the
table reports the RoC threshold value (in m per interval and equivalent rate in m/h), the total number of events
flagged in the study period, the number of these events that exceeded 0.38 m the EA flood indicator (classified
as flood events), and the precision and recall against the 118 flood events using the EA flood indicator.

Interval Percentile RoC atthat Equivalent Total Flood events  Precision  Recall
percentile  RoC (m/h)  flagged (flagge events
(m/interval) events above 0.38 m)
15 min 90th 0.024 0.1 242 68 28% 58%
95th 0.034 0.14 118 48 41% 41%
99th 0.056 0.22 31 18 58% 15%
60 min 90th 0.092 0.09 133 53 40% 45%
95th 0.125 0.13 63 38 60% 32%
99th 0.185 0.18 21 13 62% 11%
180 min 90th 0.229 0.08 55 40 73% 34%
95th 0.280 0.09 30 27 90% 23%
99th 0.343 0.11 8 8 100% 7%
360 min 90th 0.313 0.05 39 39 100% 33%
95th 0.367 0.06 16 16 100% 14%
99th 0.446 0.07 5 5 100% 4%

For each time interval (15, 60, 180, and 360 minutes), the RoC time series was computed over the
full study period for the Walsden catchment. Thresholds were established at the 90th, 95th, and 99th
percentiles of each interval; this quantile-matched approach ensures consistent comparisons across
the varying RoC intervals. Events that exceeded a given RoC threshold were designated as ‘flagged
events.' To evaluate their accuracy, these flagged events were cross-referenced against actual flood
events, which were defined as instances where the river level reached or exceeded the EA flood
indicator of 0.38 m. Across the entire historical record, this 0.38 m baseline identified 118 total flood
events. The classification performance of each RoC threshold was evaluated using precision and recall
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metrics. Precision represents the proportion of flagged events that were actual floods (i.e., where river
levels equal or above 0.38 m). Recall represents the proportion of the 118 actual flood events that
were successfully detected by the given RoC threshold.

It should be noted that this cross-referencing is not an independent validation of RoC as a flood
detector. Both methods operate on the same river-level record but with a different measurement (the
RoC-based metric evaluates the rate of change, whereas the EA indicator evaluates absolute depth).
RoC is preferred in the analysis because, unlike a river level flood indicator, the positive RoC
responds only to the rising limb of the hydrograph and is therefore not subject to the over-counting
that can occur from slow recessions crossing the river level threshold.

As the events identified by RoC intervals will be used as training data for forecasting models in the
main analysis, a sufficient number of events to support model fitting and evaluation is necessary. The
360-minute interval yields only 16 events at the 95th percentile and 5 at the 99th (Table A1), which
are low numbers of events for model training. Moreover, training data should be informative. The
flagged events should be flood events rather than short-duration fluctuations. The 15-minute and 60-
minute intervals can detect many events (21 - 242 events); however, their maximum precision did not
exceed 62% at any percentile tested, meaning at least 38% of training samples would not correspond
to flood events. Lastly, the optimum RoC interval should be long enough to ignore minor fluctuations
of river levels that do not develop into a flood while remaining short enough to capture rapid-onset
events. The 180-minute interval satisfies most of these requirements. At the 90th percentile it yields
55 flagged events with 73% precision (capturing 40 true flood events), and at the 99th percentile
achieves 100% precision while still selecting a non-trivial number of events. Therefore, the 180-
minute interval was adopted for the main analysis.
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