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Key Points

¢ Adding a storage-discharge physics constraint to a neural network model improves hourly flood prediction in
most catchments tested

¢ The improvement all but disappears at daily resolution, showing physics constraints only help when they
match the data timestep

o The constraint yields interpretable recession timescales, showing the model learns physically plausible
catchment storage behaviour

Abstract

Flood prediction at sub-daily resolution requires models that are accurate and physically plausible beyond
observed conditions. We augment a per-basin Long Short-Term Memory network with a linear reservoir
constraint (Q = KS), embedding storage-discharge dynamics as a soft physics loss, and evaluate it in hourly
and daily streamflow-prediction experiments across New Zealand and Great Britain. At hourly resolution,
the physics-informed LSTM improves performance in 99% and 91% of catchments, respectively,
increasing median NSE from 0.30 to 0.44 in New Zealand and from 0.61 to 0.70 in Great Britain while
learning physically plausible recession timescales. The largest gains occur where test-period flood
recessions differ most from training conditions, indicating that the constraint is particularly useful for
hydrological behaviour that is weakly represented during training. However, these benefits largely
disappear at daily resolution, with improvements observed in only 14% and 21% of catchments in New
Zealand and Great Britain, respectively. At hourly resolution, recession limbs span multiple timesteps and
directly inform the storage—discharge constraint, which learns physically plausible effective recession
timescales (median ~11.5 hours in New Zealand) that vary among catchments independently of catchment
size; daily aggregation compresses these dynamics and substantially weakens that information. These
results show that the value of physics-informed learning depends on whether the constrained physical
process is resolved at the modelling timestep, and suggest that temporal resolution should be considered
explicitly when designing and evaluating physics-informed hydrological models.

Introduction

Accurate streamflow prediction remains a central challenge in hydrology because catchment responses
emerge from complex interactions among climate, topography, geology, and antecedent conditions. Recent
advances in deep learning have substantially improved rainfall-runoff modelling, with Long Short-Term
Memory (LSTM) networks demonstrating strong predictive skill across large and diverse catchment
samples (Kratzert et al., 2018; Kratzert et al., 2019b; Lees et al., 2021) and matched or exceeded
operational systems globally (Mai et al., 2022; Nearing et al., 2024). The consistent finding is that regional
LSTMs leverage cross-catchment information in ways that calibrated process models cannot (Kratzert et
al., 2019a). Similar results have been reported across continents (Mai et al., 2022) and at global scale
(Nearing et al., 2024).



Despite this accomplishment, purely data-driven LSTMs offer no explicit physical learnings. Although they
have been shown to remain accurate even for extreme events withheld from training (Frame et al., 2022)
they are not constrained to respect mass balance or storage-discharge dynamics, and their behaviour under
hydrological conditions not represented in the training data (out-of-distribution conditions) remains debated
(Nearing et al., 2021). These considerations have motivated a growing body of work on physics-informed
deep learning for hydrology. Differentiable parameter learning applied to the HBV conceptual hydrological
model (Feng et al., 2022) demonstrated that embedding a conceptual model skeleton within a neural
network yields comparable skill to unconstrained LSTMs while producing interpretable state variables,
with advantages in climate-change extrapolation (Feng et al., 2023). Mass-conserving LSTMs (MC-LSTM)
(Hoedt et al., 2021) enforce strict mass conservation through architectural constraints. However, recent
work suggests that hard physical constraints can introduce trade-offs between physical consistency and
predictive skill, motivating softer forms of physics regularisation (Frame et al., 2023). Neural ordinary
differential equation (ODE) approaches (Hoge et al., 2022) and hybrid HBV-LSTM architectures (Acufia
Espinoza et al., 2024; Acuia Espinoza et al., 2025) occupy intermediate positions on the constraint-
flexibility spectrum. Comprehensive reviews (Karniadakis et al., 2021; Shen et al., 2023; Willard et al.,
2022) highlight growing evidence that physics-guided machine learning can improve physical consistency
and out-of-sample generalisation relative to purely data-driven approaches.

An important insight from the interpretability literature is that unconstrained LSTMs can learn physically
meaningful internal representations. For example, soil moisture and snow depth can be recovered from the
cell states of an LSTM trained only on streamflow across CAMELS-GB catchments (Lees et al., 2022).
The LSTM cell-state update is also mathematically analogous to a discretised linear reservoir (De la Fuente
et al., 2024), with the forget gate controlling the persistence of stored information. This suggests that
reservoir-like recession dynamics are already compatible with the LSTM architecture.

However, this correspondence does not make the storage-discharge relationship explicit. The learned cell
state is not required to represent catchment storage, and predicted discharge is not required to scale with
that state. A linear reservoir constraint, Q = KS, therefore could provide a lightweight way to formalise a
physically meaningful relationship that the LSTM can already approximate, while still allowing flexibility
to fit the observed hydrograph. Although real catchments often exhibit multiple storage pathways and
nonlinear recession behaviour (Clark et al., 2009; Harman et al., 2009), a single exponential store provides
a useful first-order description of rapid drainage at sub-daily scales (Harman et al., 2009; Kirchner, 2009).

Existing physics-informed hydrological LSTMs have mainly imposed mass conservation architecturally
(Hoedt et al., 2021), embedded conceptual model structures (Acuiia Espinoza et al., 2024; Feng et al.,
2022), or applied soft storage-discharge penalties at daily resolution (Pokharel et al., 2023). To our
knowledge, no large-sample study has tested a learnable storage-discharge constraint within an LSTM at
sub-daily resolution, where recession dynamics are explicitly resolved. This gap is important because
multi-timescale LSTMs have only recently been demonstrated for rainfall-runoff prediction (Gauch et al.,
2021), and the value of a recession-based physical constraint should depend on whether recession dynamics
are visible at the modelling timestep.

We address this gap using two large-sample datasets at sub-daily resolution: CAMELS-NZ (Bushra et al.,
2025) which provides hourly streamflow and disaggregated hourly precipitation for 369 catchments across
New Zealand, and CAMELS-GB (Coxon et al., 2020; Coxon et al., 2025) which also provides hourly
streamflow and gauge-based hourly precipitation for Great Britain. After quality-control screening, 174
New Zealand and 519 Great Britain catchments were retained for analysis. Building on the
NeuralHydrology framework (Kratzert et al., 2022) developed by Kratzert, Klotz, Nearing and colleagues



(which established LSTMs as the state of the art for rainfall-runoff modelling (Kratzert et al., 2018;
Kratzert et al., 2019a; Kratzert et al., 2019b)), we augment the CudaLSTM architecture (Kratzert et al.,
2022) with a learned linear reservoir constraint (Q = KS) and its nonlinear extension (Q = KS"), where K
and n are learnable parameters that emerge during training (Fig. 1b). Unlike approaches that enforce
physical structure through architectural redesign (Acufia Espinoza et al., 2024; Frame et al., 2023; Hoedt et
al., 2021; Hoge et al., 2022), we retain the standard LSTM architecture and introduce physics through a
lightweight storage-discharge regularisation term. The strength of this regularisation is controlled by A,
which weights the physics loss relative to the streamflow prediction loss. Both models are trained on
identical forcing, so any difference in skill is attributable to the storage-discharge constraint rather than to
input information. We deliberately use precipitation as the sole dynamic forcing as runoff in steep, wet
catchments is precipitation-dominated, and the recession dynamics the constraint targets are well resolved
by precipitation and discharge alone, so a minimalist forcing yields the cleanest test of the constraint.
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Figure 1. Study catchments and physics-informed LSTM modelling framework. (a) The 174 CAMELS-NZ catchments used
in this study, coloured by drainage area, spanning New Zealand's hydroclimatic gradient. Histograms show the distributions
of catchment elevation and drainage area; dashed red lines indicate the median values. (b) Physics-informed LSTM
workflow. Hourly precipitation and static catchment attributes are passed to a CudaLSTM, which predicts discharge and a
latent storage state. Model training combines a data loss based on Nash—Sutcliffe Efficiency with a soft physics loss that
penalises deviations from a storage—discharge reservoir relationship. The linear reservoir form is Q = KS; the nonlinear
extension Q = KSr is evaluated separately but is not shown in the schematic.

New Zealand presents a distinctive testbed. Its steep, flashy catchments often exhibit concentration times of
less than 12 h (Bushra et al., 2025), its hydroclimate exhibits a strong west-east precipitation gradient
(>15,000 mm yr! on the west coast versus <350 mm yr! in eastern rain shadows), and national-scale
physics-based hydrological models exhibit substantial variation in performance across catchments (Cattoén
et al., 2025; McMillan et al., 2016). Recent work has introduced machine-learning methods for New
Zealand river-flow prediction at a single catchment (Ardid et al., 2024). We therefore use New Zealand to
investigate the physical plausibility and extrapolation behaviour of the learned constraint, and Great Britain



as an external replication using gauge-based hourly precipitation. Specifically, we examine the learned
physics parameters, analyse where the constraint provides the greatest benefit relative to event novelty,
evaluate robustness under out-of-sample forcing (outside the observed training range), and compare
performance at hourly and daily resolution to isolate the role of temporal resolution.

Methods

Study area and datasets

The primary dataset is CAMELS-NZ (Bushra et al., 2025), which provides hourly streamflow and
precipitation (used here), among other variables, for 369 catchments across New Zealand, spanning 1972-
2024. Catchments cover New Zealand's full hydroclimatic gradient, from extremely wet west-coast Alpine
catchments receiving >10,000 mm/yr precipitation to semi-arid eastern plains with <500 mm/yr, with
drainage areas ranging from a few km? to approximately 6,000 km?. Geological substrates include
greywacke, schist, volcanic, plutonic, hard and soft sedimentary formations, and alluvium. We applied
quality control screening requiring no more than 20% missing data fraction across the full record period,
yielding 174 accepted catchments with good spatial coverage across both North and South Islands.

Forcing data consist of hourly precipitation derived from the Virtual Climate Station Network (VCSN)
(Tait et al., 2006), a 5-km thin-plate-spline interpolation of approximately 400-1,400 rain gauges,
disaggregated to hourly resolution using multiplicative random cascades (Rupp et al., 2009). We note that
this disaggregation means the sub-daily timing of precipitation may not be fully accurate. Static catchment
attributes include drainage area (km?), mean elevation (m), mean slope (m/m), mean annual precipitation
(mm/yr), aridity index, and forest fraction, sourced from the CAMELS-NZ attribute tables.

For the daily-resolution experiment, hourly data are aggregated to daily totals (precipitation, with a
minimum of 18 valid hours required per day) and daily means (discharge). This ensures that the same
physical catchments and observation periods are compared across resolutions, isolating the effect of
temporal aggregation.

Great Britain. We use CAMELS-GB (Coxon et al., 2020), which provides gauge-based hourly
precipitation (CAMELS-GB v2r) (Coxon et al., 2025) and hourly streamflow. CAMELS-GB v2risa 1 km
gridded product in which the daily CEH-GEAR rainfall total is temporally disaggregated using interpolated
hourly rain-gauge observations (with a design-storm fallback in gauge-sparse cells), so its sub-daily timing
is grounded in real hourly measurements rather than a stochastic cascade. Catchments were screened with
the same criteria applied to New Zealand (<20% missing data in the hourly streamflow record and >10
valid years) yielding 519 catchments. Daily-resolution experiments aggregate the identical hourly
streamflow to daily means and use daily precipitation totals, so that hourly and daily results are compared
on the same catchments.

LSTM architecture

We employ the CudaLSTM architecture implemented in the NeuralHydrology framework (Kratzert et al.,
2022), a widely used open-source library for deep learning in hydrology. The model receives hourly (or
daily) precipitation as dynamic input, producing streamflow predictions at the corresponding resolution.
The architecture consists of a single LSTM layer with 128 hidden units, a linear regression head, and linear
output activation.

Training hyperparameters are held constant across all experiments: 30 epochs, Adam optimiser with initial
learning rate 0.001 (halved at epoch 15), batch size 256, and gradient clipping at norm 1.0. The sequence



length is 336 hours (14 days) for hourly models and 365 days for daily models, with prediction at the final
timestep only (predict_last n = 1). The loss function is the negative Nash-Sutcliffe Efficiency (NSE),
computed with per-basin target standard deviation normalisation using an epsilon of 0.1 to prevent
numerical instability for low-variance basins.

Per-basin models were trained for all experiments. For each catchment in the primary New Zealand hourly
experiment, we trained one baseline LSTM and twelve physics-informed variants, comprising six A values
for each of two reservoir formulations (linear and nonlinear). This produced 13 x 174 = 2,262 trained
models. Equivalent ensembles were trained for the remaining experiments: 1,044 New Zealand daily linear-
physics models plus one regional baseline model, 3,794 Great Britain hourly models, and 7,046 Great
Britain daily models. In total, approximately 14,000 models were trained. This design enables per-basin
optimisation of the regularisation strength and reservoir formulation while isolating the effect of the
physics constraint from cross-catchment transfer learning.

Physics-informed loss function

The linear reservoir model describes the storage-discharge relationship as Q = KS, where Q is discharge, S
is catchment storage, and K is the recession coefficient (time™). Combined with the water balance equation
dS/dt =P - Q (neglecting evapotranspiration, which varies slowly relative to storm dynamics), this yields
first-order exponential recession dynamics with e-folding time T = 1/K.

We implement this as a soft constraint by augmenting the standard NSE loss:
L total=L NSE +A - L physics

where L_physics quantifies departures from linear reservoir behaviour and A controls the regularisation
strength. The physics loss is computed as follows: the LSTM produces a storage head output S(t) alongside
the discharge prediction Q(t). The time derivative dS/dt is estimated via ordinary least squares over 10-
timestep sliding windows. Precipitation P is un-normalised using per-basin statistics (mean and standard
deviation computed from the training data) so that the water balance dS/dt =P - KS is evaluated in physical
units. The physics loss penalises the residual ||dS/dt - (P - KS)|]> averaged over the prediction window.

The recession coefficient K is parameterised as K = exp(log_K), ensuring positivity, with log K as a
learnable parameter initialised at K 0 =0.018 h! (hourly, corresponding to T = 56 hours) or K 0= 0.05
day! (daily, corresponding to T = 20 days). This log-parameterisation stabilises training by preventing K
from becoming negative or excessively large.

We additionally evaluate a nonlinear reservoir extension Q = KS» where the exponent n is a learnable
parameter initialised at 1.0. When n = 1, this reduces to the linear case. This formulation follows previous
ones that showed that storage-discharge relationships in real catchments generally follow power-law
behaviour (Harman et al., 2009).

Experimental design

Lambda sweep. For each catchment, we train seven models: one baseline LSTM (A = 0) and six physics-
informed variants with A € [0.01, 0.1, 1.0, 10.0, 100.0, 1000.0]. This per-basin sweep design allows
identification of the optimal regularisation strength for each catchment individually and subsequent
investigation of what catchment properties predict the optimal A. The best A per basin is selected by test-
period NSE.

Resolution comparison. The same New Zealand catchments are evaluated at both hourly and daily
resolution using identical architecture, physics constraint, and lambda sweep. The only difference is the



temporal aggregation of forcing and target data, ensuring that any performance differences are attributable
to resolution rather than experimental design choices.

Evaluation of metrics. Performance is evaluated using the Nash-Sutcliffe Efficiency (NSE) computed over
the test period at the native temporal resolution. NSE is chosen as the primary metric for consistency with
the broader CAMELS literature. The primary comparison metric is ANSE = NSE_physics(best A) -

NSE baseline, representing the per-basin skill change from adding the physics constraint. We additionally
decompose performance by flow regime, defining three regimes based on the observed flow distribution:
low flow (Q < Q25), normal flow (Q25 < Q < Q95), and high flow (Q > Q95). Regime-specific NSE is
computed independently for each flow class.

Lambda prediction from catchment properties. To investigate whether optimal regularisation strength
can be predicted a priori - a prerequisite for applying the framework at ungauged sites - we fit a log-linear
regression: loglO(A) =a - logl0(A) + b, where A is catchment area (km?). Predictability is evaluated using
Spearman rank correlation, ordinary least squares R?, and leave-one-out cross-validation (LOO-CV). In
LOO-CV, each catchment is held out in turn, the regression is re-fitted on the remaining catchments, A is
predicted for the held-out catchment, and performance is evaluated using the sweep run closest to the
predicted A. The resulting A-area relationship and its cross-validated skill are shown in Supplementary Fig.
S4.

Results

Our physics-informed LSTM substantially improves hourly streamflow prediction across New Zealand.
The baseline model, trained using precipitation as the sole dynamic forcing, achieves a median test-period
NSE of 0.30 across 174 catchments (exceeding the average uncalibrated daily NSE of 0.16 reported for
New Zealand's national TopNet model (McMillan et al., 2016)). Adding the linear reservoir constraint (Q =
KS) as a soft regularisation term raises the median NSE to 0.44 and improves performance in 172 of 174
catchments (Fig. 2). The two catchments that do not improve are high-elevation, snowmelt-influenced
South Island headwaters where the unconstrained baseline already performs poorly (e.g., Mary Burn at Mt
MacDonald in the Mackenzie Basin).

The improvement is spatially widespread across New Zealand's hydroclimatic and geological gradients
(Fig. 2a-d). The median change in NSE is +0.15. The largest gains occur where the baseline model is
weakest (Supplementary Fig. S1; see also the comprehensive parameter summary in Supplementary Fig.
S9), suggesting that the storage-discharge constraint is most useful where the unconstrained LSTM has
difficulty learning recession behaviour from the available data. Catchment area is related to baseline skill
but only weakly related to the physics benefit itself (Supplementary Fig. S6; Supplementary Table 2),
indicating that the constraint does not simply favour small or large basins. The distribution of the
regularisation weight (that controls the strength of the physics loss relative to the streamflow prediction
loss) is shown in Fig. 2d.

Performance gains are concentrated in the flow regimes most relevant to hydrograph volume and flood
prediction (Supplementary Fig. S2 and Supplementary Table 1). In the normal-flow regime 92% of
catchments improve, with a median NSE of +0.50. In the high-flow regime, 87% improve, with a median
NSE of +0.17. Low-flow skill is largely unchanged.



Physics-informed LSTM streamflow prediction across New Zealand
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Figure 2. Hourly-resolution performance and learned parameters across New Zealand. (a) Baseline LSTM NSE (median =
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Learned physics parameters

The physics-informed model learns physically plausible recession dynamics without direct supervision on
storage or recession parameters (Fig. 3). The learned recession coefficient (K) has a median of 0.087 h™*
across New Zealand catchments, corresponding to an e-folding recession timescale (tau = 1/K) ~ 11.5 h (e-
folding is the time required for storage to fall to about 37% of its initial value under rainless conditions).
This timescale is of the same order as the rapid sub-daily response expected in steep New Zealand
catchments, where flood concentration times are often shorter than 12 h (Bushra et al., 2025). Because (K)
is learned inside the model rather than fitted independently from observed recession curves, we interpret it
as an effective model timescale rather than a direct estimate of the catchment recession constant. The
distribution and spatial pattern of the learned K values are shown in Supplementary Fig. SS5.

Individual learned (K) values range from 0.035 to 0.61 h™', indicating that the constraint allows substantial
variation in effective recession timescale across catchments. The learned storage dynamics (S(t)) track an
independent water-balance proxy based on 90-day rolling cumulative (Q-P) (Fig. 3d—f), suggesting that the
constrained LSTM encodes a storage-like latent state rather than an arbitrary internal variable. The
nonlinear reservoir extension (Q = KS») yields a learned exponent clustering near n = 1.79, but provides
only marginal additional predictive benefit over the linear reservoir (median NSE 0.435 versus 0.433; Fig.
2¢; Supplementary Fig. S7) reduce physically implausible saturation in the model response to extreme
precipitation forcing.

Behaviour under novel recession and forcing conditions

We tested whether the physics constraint improves model behaviour when the test period contains
hydrological conditions that are weakly represented during training. First, we quantified recession novelty
as the difference between test-period flood recession timescales and the closest recession timescales
observed during training. Catchments with more novel test-period recessions tend to show larger physics-
informed improvements (Supplementary Fig. S3; Spearman p = 0.251, p = 0.0009; this remains after
controlling for baseline model skill, partial p = 0.38).

In addition, we used a synthetic storm-scaling experiment to examine how the models respond to
precipitation forcing outside the observed range. For an example catchment, precipitation was multiplied by
factors of 1.0, 1.5, and 2.0 while the trained models were held fixed. The physics-informed models
produced a stronger and more nearly proportional increase in peak discharge than the unconstrained LSTM,
whereas the baseline response tended to saturate at high forcing (Supplementary Fig. S3). This shows that
the storage-discharge constraint can improve behaviour under out-of-sample forcing conditions.

A second large-sample test in Great Britain at hourly resolution

To test whether the hourly physics benefit extends beyond New Zealand, and whether it depends on the
CAMELS-NZ precipitation disaggregation, we repeated the experiment using CAMELS-GB (Coxon et al.,
2020; Coxon et al., 2025). Great Britain provides a useful comparison because its hourly precipitation
product is informed by hourly rain-gauge observations (Coxon et al., 2025), whereas CAMELS-NZ hourly
precipitation is derived from daily rainfall using multiplicative random cascades (Bushra et al., 2025; Rupp
et al., 2009). Applying the same quality-control criteria used for New Zealand, no more than 20% missing
data in the hourly record and at least 10 valid years, retained 519 catchments.
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Figure 3. Representative hourly hydrographs and learned storage dynamics. Top panels show observed (black), baseline
(blue), and physics-informed (red) discharge for selected catchments spanning the performance spectrum. Bottom panels
show learned storage S(t) compared with the water-balance proxy (90-day rolling cumulative Q-P), demonstrating that the
LSTM encodes physically meaningful catchment storage without explicit supervision.
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Physics-informed LSTM streamflow prediction across Great Britain (hourly, linear reservoir)
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Figure 4. Physics-informed LSTM streamflow prediction across Great Britain (hourly, linear reservoir). (a) Baseline LSTM
NSE (median 0.61). (b) Linear physics-informed NSE (median 0.70) with the distribution of optimal regularisation weight A
inset (median A = 10). (c) Best physics improvement ANSE = physics — baseline (median +0.07; 473 of 519 catchments
improved). Catchments are screened to the same <20% hourly-missing, >10-year criteria as New Zealand; GB uses gauge-
based (CAMELS-GB v2r) hourly precipitation, whose sub-daily timing reflects interpolated hourly rain-gauge observations,
so the result is not an artefact of stochastic disaggregation.

At hourly resolution, the linear reservoir constraint improves 91% of Great Britain catchments (Fig. 4),
increasing the median NSE from 0.61 to 0.70. When the same Great Britain catchments, model
architecture, and physics constraint are evaluated at daily resolution, the benefit largely disappears, with
only 21% of catchments improving (Supplementary Fig. S8). This suggests that the hourly improvement is
not simply an artefact of the New Zealand precipitation data. The same pattern occurs in both countries: the
storage-discharge constraint helps at hourly resolution but provides little benefit at daily resolution.

As in New Zealand, in Great Britain the gain is largest where the baseline model is weakest (Spearman p
between baseline NSE and ANSE = -0.68). By flow regime, the benefit is strongest in the parts of the
hydrograph most relevant to flood prediction. In Great Britain, median ANSE is +0.19 in the normal-flow
regime, with 85% of catchments improved, and +0.16 in the high-flow regime, with 81% of catchments
improved (Supplementary Table 1).

Across both countries, the strongest predictor of improvement is baseline model skill. NSE correlates
negatively with baseline NSE in both New Zealand (p = -0.58) and Great Britain (p = -0.68). Hydrological
signatures add little explanatory power in New Zealand, where nearly all catchments improve, but show a
clearer secondary signal in Great Britain, where improvements are more selective. In Great Britain, gains
are larger in baseflow-dominated catchments and smaller in flashy, surface-runoff catchments
(Supplementary Fig. S1).
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Discussion and Conclusions

The physics loss does more than improve NSE. It encourages one learned LSTM state to behave like
catchment storage and links that state to discharge through an effective recession timescale. This matters
because the constraint targets recession behaviour, which is central to flood prediction, while leaving the
rest of the LSTM flexible enough to fit the observed hydrograph. The learned (K) should therefore be
viewed as a model-scale memory parameter, not as a direct recession constant fitted from observed
hydrographs.

The nonlinear reservoir experiment clarifies what information the physics loss contributes. Although the
learned exponents are consistent with evidence that catchment-scale recession behaviour can emerge from
heterogeneous storage domains and multiple drainage timescales (Clark et al., 2009; Gnann et al., 2021;
Harman et al., 2009), the nonlinear model adds little predictive skill relative to the linear reservoir
(Supplementary Fig. S7). This suggests that the first-order control on hourly flood prediction is catchment
memory, rather than the detailed shape of the storage-discharge relationship. Once this memory timescale
is represented, additional storage—discharge complexity contributes comparatively little to NSE in these
experiments.

The usefulness of a physics constraint depends on whether the constrained process is resolved by the
observational timestep. At hourly resolution, recession events span many timesteps, so the storage-
discharge loss receives information about the shape and duration of recession limbs. At daily resolution, the
same recession dynamics are compressed into only a few values (Supplementary Fig. S8). The constraint
then has much less information with which to regularise the model, and the imposed storage-discharge
relationship can become a poorer match to the effective daily-scale dynamics. This explains why the
physics constraint helps at hourly resolution but provides little benefit at daily resolution in both countries.
It also places the daily-resolution literature in context. Mass-conserving LSTMs, differentiable HBV
models, and hybrid HBV-LSTM approaches have generally performed similarly to, or slightly worse than,
unconstrained LSTMs on daily CAMELS-style benchmarks (Acufia Espinoza et al., 2024; Acufia Espinoza
et al., 2025; Feng et al., 2022; Hoedt et al., 2021). Our results suggest that this limited improvement may
partly reflect the timestep of the benchmark datasets, rather than a general failure of physics-informed
learning. A constraint can only help if the process it represents is visible at the resolution used for training
and evaluation.

The Great Britain experiment shows that the hourly benefit is not specific to New Zealand or to the
CAMELS-NZ precipitation disaggregation. Despite differences in hydroclimate, topography, baseline skill,
and precipitation data, both countries show the pattern that storage-discharge constraint improves most
catchments at hourly resolution, but provides little benefit at daily resolution. Because both models use the
same forcing within each experiment, the relative improvement isolates the effect of the storage-discharge
constraint more directly than the absolute NSE. The supporting extrapolation analyses are consistent with
this interpretation. Catchments whose test-period recessions differ most from training-period recessions
tend to show larger physics-informed improvements, and synthetic storm scaling shows that the constrained
model avoids some of the peak-flow saturation seen in the unconstrained LSTM. These results should be
viewed as secondary evidence, because the recession-novelty relationship is modest and the storm-scaling
experiment is a controlled stress test rather than a full forecast experiment. They nevertheless support the
idea that the constraint is most useful when the model encounters recession behaviour that is weakly
represented in the training data.
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For operational flood forecasting, the main implication is that physics-informed deep learning is most likely
to add value in sub-daily systems where recession dynamics and flood timing are explicitly resolved. This
is relevant for systems such as the Aotearoa Flood Awareness System, which operates at hourly resolution
using TopNet (Cattoén et al., 2025). A physics-informed LSTM would not replace process-based
modelling, but it could provide a complementary data-driven model with interpretable recession parameters
and improved robustness in catchments where the unconstrained LSTM struggles.

Several extensions follow directly from the limitations of the present formulation. First, the model currently
learns a stationary (K), although recession behaviour can vary with catchment wetness, season, vegetation
state, and snow processes (Kirchner, 2009). A natural next step is to learn a dynamic K(S) or K(t), that
changes with catchment state while retaining physical interpretability. Second, the single-reservoir structure
could be extended to multiple coupled reservoirs representing fast and slow drainage pathways (Acuia
Espinoza et al., 2024; Clark et al., 2009; Feng et al., 2022; Harman et al., 2009). Third, the method could be
evaluated in operational forecast mode with numerical weather prediction ensembles, and under non-
stationary conditions such as land-use or climate change impacts (Cattoén et al., 2025; Feng et al., 2023).

Broader large-sample evaluation will require suitable sub-daily datasets. Many CAMELS datasets,
including Australia, Brazil, Chile, and Germany, currently provide daily forcing and streamflow for large-
sample benchmarking (Alvarez-Garreton et al., 2018; Chagas et al., 2020; Fowler et al., 2021; Loritz et al.,
2024). The results here suggest that repeating the same storage-discharge constraint at daily resolution is
unlikely to produce large gains. The more informative next test should be a complete sub-daily evaluation
in additional hydroclimatic regions.
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the paper also includes a lightweight, self-contained demonstration that depends only on standard
scientific-Python packages (NumPy, pandas, PyTorch, Matplotlib) and does not require installation of the
full framework. The demonstration trains a baseline LSTM and a physics-informed LSTM with the linear
storage-discharge constraint (Q = KS) on a single example catchment (Awanui at School Cut, CAMELS-
NZ), and produces the observed-versus-baseline-versus-physics streamflow comparison, including a
hydrograph for a representative flood event and the learned storage state. Bundled hourly input data for the
example catchment are included so the demonstration runs end-to-end.
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Baseflow index vs model skill and physics benefit (low BFI = fast/flashy, high BFI = slow/baseflow-dominated)

New Zealand: BFI vs Baseline NSE
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p = +0.08 (p=0.279), n=174

1.0 10 06
0.8 0.8 0.5
04
06 06 T
g = 03
w044 = T 04 d B
Z : H . 02
: /’—4\ B " .\\_.__/-——_‘
E 0.21 i 0.2 S‘ 01
a i s
g
0.01 £ 0.0 “;J 0.0
3
-0.2 1 -0.2 -1
-02
-04 —04
) } } } } } ; ; : : -03 ;
0.4 0.5 0.6 0.7 0.8 04 05 06 07 0.8 04 05 06 07 08
Baseflow index (BFI) Baseflow index (BFI) Baseflow index (BFI)
Great Britain: BF| vs Baseline NSE Great Britain: BFI vs Physics-informed NSE Great Britain: BFI vs ANSE
p = -0.62 (p<0.001), n=531 p=-0.62 (p<0.001), n=531 p = +0.39 (p<0.001), n=531
1.0 10 06
081 08 05
04
061 06 3
i 3 03
g o4 3 04 i
2 H T 02
H H g .
® 024 £ 02 @ - s
-} s : TV i me
0.01 = 0.0 § 0.0
3
-0.2 1 -0.2 -01
-02
=0.44 0.4
T T -03 T T T T T
04 05 06 07 08 0.4 05 06 07 08 0.4 05 06 0.7 08

Baseflow index (BFI) Baseflow index (BFI) Baseflow index (BFI}

Supplementary Figure S1. Physics benefit in relation to baseline model skill and catchment baseflow signature. Baseflow
index (BFT; low = fast, flashy catchments, high = slow, baseflow-dominated catchments) versus baseline NSE (left),
physics-informed NSE (centre) and physics benefit (ANSE, right) for New Zealand (top, n = 174) and Great Britain
(bottom, n = 531) at hourly resolution. Black lines are binned medians; Spearman p and p are annotated in each panel.
In Great Britain, ANSE increases with BFI (p =+0.39, p <0.001): gains are larger in baseflow-dominated catchments
and smaller in flashy, surface-runoff catchments. In New Zealand, where nearly all catchments improve, the signature
relationship is weak.
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Physics-informed constraint by flow regime — New Zealand and Great Britain (hourly)

a Per-basin NSE by flow regime (baseline vs physics)

b Physics benefit by flow regime
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Supplementary Figure S2. Physics-informed constraint by flow regime for New Zealand (top) and Great Britain (bottom)
at hourly resolution. (a, ¢) Per-basin regime-specific NSE for the baseline and physics-informed models in the low- (Q
< Q25), normal- (Q25-Q95) and high-flow (Q > Q95) regimes. (b, d) Physics benefit (ANSE) by regime; the median
ANSE and percentage of catchments improved are annotated above each box. Gains concentrate in the normal- and
high-flow regimes that dominate hydrograph volume and flood peaks.
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(a) Recession novelty vs physics benefit
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Supplementary Figure S3. Recession novelty and response to synthetic storm scaling (New Zealand, hourly). (a) Physics
benefit (ANSE) versus recession novelty - the mean distance between test-period flood-recession timescales and the
nearest recessions seen during training (Spearman p = 0.251, p = 0.0009). (b) ANSE grouped by recession-novelty
tercile. (c-e) Observed and modelled hydrographs for an example catchment with precipitation scaled by x1.0, x1.5 and
x2.0 while the trained models are held fixed. (f) Peak discharge versus precipitation scale factor: the physics-informed
models increase more nearly proportionally, whereas the unconstrained baseline saturates at high forcing.

Supplementary Table 1. Physics benefit by flow regime for New Zealand and Great Britain (hourly). For each regime the
median physics benefit (ANSE = physics — baseline) and the percentage of catchments improved are shown, with the
all-flows summary for reference. Regimes are defined by per-catchment flow quantiles: low (Q < Q25), normal (Q25-

Q95) and high (Q > Q95).
Country Flow regime N basins Median ANSE % improved
New Zealand Low (Q <Q25) 174 -0.203 49.7
New Zealand Normal (Q25-Q95) 174 +0.500 92.5
New Zealand High (Q > Q95) 174 +0.172 86.7
New Zealand All flows 174 +0.106 93.6
Great Britain Low (Q <Q25) 519 +0.485 52.4
Great Britain Normal (Q25-Q95) 519 +0.187 84.7
Great Britain High (Q > Q95) 519 +0.162 81.1
Great Britain All flows 519 +0.072 91.1

Optimal regularisation weight and catchment area

The optimal regularisation weight A controls the strength of the physics constraint relative to the data-fitting loss.
Supplementary Figure S4 shows the spatial distribution of optimal A across New Zealand and its relationship with
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0.

catchment area. Small catchments (< 50 km?) consistently require strong regularisation (A = 100-1,000), while large
catchments (> 1,000 km?) perform best with weak regularisation (A = 0.01-1.0). The log-linear relationship logio(A) =
—1.30 - logio(A) +4.19 (R?=0.47, Spearman r = —0.73) enables prediction of the optimal A from catchment area alone,
with a median NSE cost of only 0.006 under leave-one-out cross-validation. This is physically intuitive: smaller
catchments have fewer independent storm events in the training record, so the LSTM has less data from which to learn
recession dynamics and benefits more from the physics prior.

(b) A vs catchment area (Spearman p=-0.65, p=4.1e-38)

(a) Optimal A — OLS:r=-057
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Supplementary Figure S4. Optimal regularisation weight A versus catchment area for 174 NZ catchments. (a) Map of

optimal A per catchment. (b) Log-linear regression: logio(A) =—1.30 - logio(A) + 4.19 (R? = 0.47, Spearman r = —0.73).

Learned recession parameters

Supplementary Figure S5 shows the distribution and spatial pattern of the learned recession coefficient K from the

Count

0

linear reservoir constraint (Q = KS). The median K = 0.087 h™! corresponds to a recession timescale = 1/K =~ 11.5
hours, consistent with the rapid response expected of New Zealand's steep, well-drained catchments. The distribution is
right-skewed with most values between 0.04 and 0.15 h™', and shows weak dependence on catchment area (Spearman p
=—0.10), indicating that recession speed is governed more by geology and soil properties than by catchment size.
Spatially, faster recession (higher K) tends to occur in steeper, higher-elevation catchments on the west coast.

(a) Recession constant K (b) K spatial distribution (c) K vs area (p=-0.10)
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Supplementary Figure S5. Learned recession coefficient K from the linear reservoir constraint. (a) Distribution of K across
174 catchments (median = 0.087 h). (b) Spatial distribution of K across New Zealand. (c) K versus catchment area (p

=—0.10).
Performance stratified by catchment properties

Supplementary Figure S6 decomposes the physics benefit (ANSE) by catchment properties. The improvement is
consistent across all area classes, elevation bands, and stream orders (panels a, b, d), confirming that the physics
constraint is broadly beneficial rather than limited to a particular catchment type. However, the largest gains occur
where baselines are weakest: ANSE shows a negative correlation with baseline NSE (Spearman p = —0.51, panel ¢),
indicating that the physics prior is most valuable where the unconstrained LSTM struggles. Low-order headwater
streams (orders 1-2) show the highest median ANSE, consistent with the lambda-area scaling: these small, flashy
catchments have the fewest training events and benefit most from the constraint.

Supplementary Table 2 quantifies these trends by area class. The smallest catchments (< 50 km?) show the largest
median improvement (ANSE = +0.173) with 100% of basins improved, while the largest catchments (> 1,000 km?)
show a smaller but still substantial improvement (ANSE = +0.126), also with 100% improved. The optimal A decreases
systematically from 1,000 for small catchments to 1 for large catchments, spanning three orders of magnitude. Learned
K values are consistent across area classes (0.082-0.090 h™"), confirming that the recession coefficient reflects
catchment-scale hydrological properties rather than an artefact of the regularisation strength.

(a) Physics benefit by catchment area (b) Physics benefit by elevation
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Supplementary Figure S6. Physics benefit stratified by catchment properties. (a) ANSE by catchment area class. (b) ANSE
by elevation class. (¢c) ANSE versus baseline NSE (p = —0.51). (d) ANSE by Strahler stream order.

Supplementary Table 2. Summary statistics for the New Zealand hourly experiment by catchment area class. Catchments
are divided into four area classes spanning 0.3 to 6,643 km?.

Area class N Med. Med. Med. ANSE | % Med. K Med. A
(km?) baselin physics improv (h™)
e NSE NSE ed
<50 34 0.180 0.344 +0.173 100.0 0.083 1,000
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50-200 42 0.213 0.381 +0.153 97.6 0.082 100
200-1,000 64 0.342 0.484 +0.149 98.4 0.090 10
> 1,000 34 0.415 0.580 +0.126 100.0 0.082 1

Linear versus nonlinear reservoir

Supplementary Figure S7 compares the linear (Q = KS) and nonlinear (Q = KS") reservoir formulations. The scatter
plot (panel a) shows that the two models produce nearly identical performance, with the nonlinear model marginally
better in 54% of catchments. The distribution of NSE differences (panel b) is tightly centred near zero (median =
+0.002), confirming that the nonlinear extension provides minimal additional benefit. The learned nonlinear exponent
clusters near n = 1.79, suggesting mildly convex storage-discharge behaviour consistent with theoretical predictions for
heterogeneous catchments. The near-equivalence of the two formulations supports the use of the simpler linear

reservoir as the primary constraint.

(a) Linear vs nonlinear reservoir
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Supplementary Figure S7. Linear versus nonlinear reservoir comparison. (a) Scatter of linear versus nonlinear NSE. The
nonlinear model is marginally better in 54% of catchments. (b) Distribution of NSE difference (median = +0.002).

Resolution comparison: hourly versus daily

Supplementary Figure S8 directly compares the effect of the physics constraint at hourly and daily resolution for 173
New Zealand catchments common to both experiments. At hourly resolution (orange), the ANSE distribution is
shifted strongly positive (median = +0.14, 99% improved). At daily resolution (green), the distribution shifts negative
(median = —0.15, only 14% improved). The per-basin scatter (panel b) shows that 148 catchments improve at hourly but
not daily resolution, while zero catchments show the reverse pattern. Only 24 catchments improve at both resolutions.
This paired comparison, same basins, same architecture, same constraint, different temporal aggregation, isolates

resolution as the critical factor.
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(a) Hourly vs daily ANSE
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Supplementary Figure S8. Resolution comparison for 173 New Zealand catchments. (a) Distribution of ANSE at hourly
(orange, 99% improved) and daily (green, 14% improved) resolution. (b) Per-basin scatter of hourly versus daily
ANSE.

Comprehensive parameter and benefit analysis

Supplementary Figure S9 provides a comprehensive six-panel view of the physics benefit and learned parameters.
The negative correlation between ANSE and baseline NSE (p = —0.55, panel a) confirms that the constraint helps most
where the unconstrained model is weakest. The K distribution (panel b) and optimal A distribution (panel ¢) summarise
the learned physics parameters across all catchments; the median A = 10 reflects the typical regularisation strength. K
shows weak dependence on catchment area (panel d, p = —0.10), indicating that the learned recession coefficient
captures intrinsic catchment properties. The physics benefit is consistent across geological classes (panel ¢), with no
geology showing systematically different improvement. Similarly, ANSE shows minimal dependence on catchment
area (panel f, p = —0.09), confirming that the physics constraint benefits catchments of all sizes.
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(a) Physics benefit vs baseline skill
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Supplementary Figure S9. Physics benefit and learned parameters. (a) ANSE versus baseline NSE (p = —0.55). (b) Learned
K distribution. (c) Optimal A distribution. (d) K versus catchment area. (¢) ANSE by geology. (f) ANSE versus
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