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Abstract. Actual evapotranspiration (AET) is a major component of the water balance, yet it is rarely assessed for accuracy
in conceptual rainfall-runoff models that are often calibrated to match streamflow only. Inaccurate representation of underlying
AET processes may cause models to incorrectly simulate long-term changes in partitioning between AET and streamflow,
even if this partitioning was relatively accurate during calibration. To investigate AET representation within conceptual
hydrological models, we systematically tested 15 evapotranspiration (ET) equations that convert potential evapotranspiration
(PET) and soil moisture to AET. The 15 equations represent common practice, having been sourced from a published
comprehensive review of conceptual hydrological models. Each of these 15 formulations were trialled within three conceptual
hydrological models (GR4J, Simhyd and Vic). Following multi-objective calibration, we evaluated performance across both
streamflow and flux tower AET measurements at seven catchments from a range of Australian climates. A small number of
AET equations outperformed the rest, with one equation standing out, which uses a non-linear relationship with soil moisture
storage and can scale down AET such that it cannot equal PET even under high soil moisture conditions. This equation
achieved a higher objective function value for both AET and streamflow and accurately captured evapotranspiration signatures.
However, even this equation showed limitations in reproducing observed AET, suggesting persistent issues across commonly
used formulations. These shortcomings may reflect missing vegetation-related dynamics and other simplifications. Our
findings highlight the importance of ET equation selection in modelling AET and streamflow, and we recommend the
identified equation as a promising option for future Australian studies. Further work is needed to test equations for consistency

with known processes to improve the physical realism of conceptual hydrological models.

1 Introduction

Hydrological models play a critical role in understanding and replicating catchment behaviours, providing insights into the
movement and storage of water within landscapes (Liu et al., 2017). These models are widely applied in water resource
management, where they inform decision-making in contexts such as flood mitigation, drought planning, and adapting to the
impacts of a shifting climate (Grigg & Hughes, 2018). Streamflow is often the main output of interest; however, internal state

variables (e.g. soil moisture) and fluxes (e.g. AET, groundwater recharge) are also simulated. Hydrological models are
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commonly calibrated to match observed streamflow data alone, often based on the assumption that streamflow is the integral
of the other catchment processes and accurate streamflow replication implies accuracy across all modelled fluxes. In reality,
models may exhibit poor replication of internal fluxes like actual evapotranspiration (AET) (Kelleher & Shaw, 2018) or
streamflow generation mechanisms, despite achieving acceptable streamflow, due to equifinality - where multiple
parameterisations or process representations yield similar outputs (Beven, 2006; Khatami et al., 2019). The wide range of
internal behaviours shown in flux maps by Khatami et al. (2019) illustrates this issue and raises concerns about how reliably
models capture underlying hydrological processes. In this study, we focus specifically on conceptual rainfall-runoff models,
although many of the challenges discussed apply more broadly across hydrological model types.

Increasing emphasis has been placed on the ability of models to operate under change, particularly climate change. Bloschl et
al. (2019) highlighted the need for hydrological models capable of adapting to changing conditions, including evolving
vegetation. For example, inaccurate representation of underlying processes may cause models to incorrectly simulate long-
term changes in water partitioning, despite being accurate during calibration. Furthermore, studies have found that model
performance decreases when multi-annual shifts in rainfall-runoff relationships occur, often driven by long-term changes in
climate forcing (Saft et al., 2016). These historical cases provide valuable analogues for understanding how models may
perform under future climate change.

A key component of these changing dynamics is evapotranspiration (AET), which represents a major pathway through which
vegetation influences catchment water balance. Vegetation may play a key role in driving this non-stationary catchment
behaviour, yet its effects are rarely represented explicitly in traditional conceptual model structures (Deb & Kiem, 2020;
Duethmann et al., 2020). Instead, vegetation influences are typically embedded implicitly within empirical AET formulations.
Neglecting these controls can exacerbate limitations in model performance under changing conditions.

The hydrology community has identified these challenges as critical to advancing the field, suggesting current models need
improving (Fowler et al., 2020; Stephens et al., 2019; Vaze et al., 2010). Addressing these gaps requires a shift toward
harmonising conceptual models with process-based understanding to improve model adaptability under change. However, a
useful first step is evaluating the performance of existing empirical equations used within models to determine which best
capture key processes.

Conceptual hydrological models typically estimate AET using potential evapotranspiration (PET) as an upper limit, with
reductions based on water availability and model-specific assumptions. The specific choice of equations can influence how
accurately AET is represented, but explicit evaluation of AET accuracy remains uncommon (Kelleher & Shaw, 2018), and
few studies stray from the default AET equations of their chosen model. In recent years, studies have increasingly adopted
multi-objective calibration approaches, some incorporating AET alongside streamflow to enhance model performance.
Research demonstrates that integrating AET into calibration not only enhances the accuracy of AET estimates (Arciniega-
Esparza et al., 2022; Dembélé et al., 2020; Herman et al., 2018; Rientjes et al., 2013) but can also improve the simulation of
total water storage (Bai et al., 2018; Pool et al., 2024). Despite these advances, the characterisation of AET accuracy may be

limited to the consideration of aggregate measures of performance, which led Gardiya Weligamage et al. (2025a) to propose
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the use of “signatures”, a concept borrowed from streamflow evaluation (e.g. McMillan, 2021), to separately characterise
different aspects of AET dynamics.

Few studies have systematically compared AET equation options in a controlled way. For example, previous research has
investigated which AET products are best to use in calibration (Taia et al., 2023) and assessed the impact of using different
PET forcing inputs (Bai et al., 2016), but the impact of the equations themselves has not been investigated. Studies examining
the performance of modelled AET are often confined to assessing the default equations built into specific hydrological models
(Arciniega-Esparza et al., 2022; Demb¢élé et al., 2020; Guo et al., 2017; Herman et al., 2018; Rientjes et al., 2013). This
approach makes it difficult to disentangle whether differences in performance are from the AET equation itself or from the
surrounding model structure. By systematically evaluating AET equations in isolation, independent of broader model-specific
assumptions, we can better understand their individual strengths and limitations. Additionally, many commonly used equations
may already encode elements of process understanding that are not immediately apparent. Assessing their empirical
performance in a controlled framework could reveal implicit process representations, offering insights that inform both
conceptual and process-based model development. This is particularly important given the continued reliance on conceptual
models in many water resource applications.

The aim of this study is to evaluate the performance of different AET equations in conceptual hydrological models at the daily
timestep, focusing on their ability to reproduce observed AET, while also considering the impact (if any) on streamflow
simulation. This study’s novelty lies in its systematic evaluation of different AET equations while holding other aspects of the
model structure constant. In addition, novel aspects include the wide range of different AET equations tested, the use of multi-

objective calibration incorporating flux tower derived AET data, and the use of AET signatures in model evaluation.

2 Methods
2.1 Overview of methodology

As noted above, a key limitation in previous studies is that comparisons of AET performance have been made between entire
models, rather than isolating the contribution of individual AET equations. Thus, it is impossible to tell whether differences in
performance are due to the AET equation used within the model or the surrounding model structure. To address this, we
systematically substitute a range of AET equations into a fixed model structure, testing each in turn. To ensure the findings
are not model-specific, this process is repeated across three commonly used conceptual hydrological models, treating each
model as a consistent “container” for testing the equations.

The AET equations are based on the study of Knoben et al. (2019), who conducted a systematic review of 47 existing
conceptual rainfall runoff models, compiling them into the Modular Assessment of Rainfall-Runoff Models Toolbox
(MARRMOoT) framework. This framework’s structure isolates the unique equations used for a particular process such as
AET—i.e. although there are 47 models, there are not 47 different AET equations because multiple models may use the same

AET equation. This unique MARRMOT list forms the basis of the AET equations tested here. In addition, MARRMOoT is used
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for the simulation experiment itself. It provides an effective framework for addressing these challenges because it is set up to
ensure consistent model implementation, allowing for intercomparison and modification of model structures and internal
components. By leveraging MARRMOoT, the performance of various AET equations can be systematically investigated within
consistent conceptual model structures, addressing the gaps identified above. By advancing the representation of AET, this
study contributes to more robust and reliable hydrological modelling practices particularly under changing environmental
conditions, where traditional model assumptions are increasingly challenged.

Specifically, (as indicated in Fig. 1), this study systematically evaluates 15 evapotranspiration (AET) equations by substituting
them into the models, applied across seven catchments. Each model is individually calibrated (15 x 3 x 7 =315 calibrations)
using a multi-objective function that equally weights the match to both streamflow and flux tower-derived AET data. All
simulations were performed at a daily time step, and a catchment water balance was applied to the flux tower derived AET,

discussed in detail in section 2.4.

Model 2

Figure 1: General methodology visualisation. By holding the model structure constant and only varying the AET equation, this
approach isolates the influence of different AET equations on model performance.

We utilise flux tower data as our benchmark for evaluating actual evapotranspiration (AET) in hydrological models because it
provides direct, high-temporal resolution observations of surface energy and water fluxes (Beringer et al., 2022). Compared
to remotely sensed AET estimates, which offer broader spatial coverage, flux tower data avoids uncertainties related to satellite
retrieval algorithms and coarse spatial and temporal resolution, including uncertainty around overpass timing, which may not
align well with daily model time steps. Additionally, Gardiya Weligamage et al. (2025c) assessed the quality of remotely
sensed AET across Australia and identified several limitations of remotely sensed AET, including seasonal inconsistencies
and variability issues. The flux tower data used here is sourced from the TERN-OzFlux (Terrestrial Ecosystem Research
Network) dataset, which is the Australia and New Zealand portion of the Fluxnet network of stations that measure carbon,

water, and energy fluxes (Beringer et al., 2022).
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Nonetheless, flux tower measurements are point-based, while hydrological models simulate catchment-averaged fluxes,
leading to a scale mismatch that requires careful consideration. A recent study by Gardiya Weligamage et al., (2025¢) paired
15 OzFlux sites with nearby catchments from the CAMELS-AUS dataset (Fowler et al., 2025) and evaluated simulations from
several models. To further address this issue, we applied strict selection criteria, focusing only on flux tower—catchment pairs
where we had reasonable confidence in representativeness. In addition to geographic proximity, we required close alignment
in precipitation and temperature regimes, and placed particular emphasis on land cover similarity, given the importance of
vegetation dynamics in controlling AET. Sites were excluded where vegetation type, structure, or density diverged markedly
between the tower footprint and the broader catchment. This process aimed to reduce discrepancies between observed and
modelled AET that could otherwise result from mismatched biophysical controls.

While we acknowledge the scale limitations of point-based flux data, supplementary analysis from Gardiya Weligamage et al.
(2025¢) suggests that even distant flux tower observations (up to hundreds of kilometres away) often provide more realistic
AET estimates than co-located remotely sensed data. This highlights the value of flux tower measurements for hydrological

model evaluation, particularly when accompanied by rigorous site selection.

2.2 Study area

The selected flux tower sites represent a range of climatic zones and vegetation types characteristic of the diverse Australian
hydrological conditions, as outlined in Table 1, and shown in Fig. 2. Their selection ensures that the findings are applicable to
broader Australian conditions.

Table 1: Details on catchments and flux tower sites. Note mean daily AET is from the flux tower information, and adjustment factors
are described in section 2.4. Additional catchment and flux tower information can be found in the supplementary materials Table
S1.

Flux tower Flux tower site  Flux Nearby Catchm- Mean Mean Mean Adjustm-
site name description tower catchm- entsize  daily P daily Q  daily AET ent
site loc.  ent code (km?) (mm/d) (mm/d) (mm/d) factors
Wombat Mixed -37.4, 407221 167.5 2.19 0.37 242 0.81
Forest Eucalyptus 144.1
forest
Whroo Box woodland | -36.7, 405229 108.7 1.44 0.08 1.49 0.84
forest 145.0
Tumbarumba | Alpine ash -35.7, 401009 215.5 2.82 0.43 2.40 0.94
forest 148.2
Robson Tropical -17.1, 111007A | 521.4 7.11 4.14 2.90 1.54
Creek rainforest 145.6
Litchfield Burnt tropical -13.2, G8150180 | 1044.2 3.90 1.38 3.13 0.85
savanna 130.8




Dry River Open forest -15.3, G8140011 | 4794.5 2.07 0.12 2.13 0.99
savanna 132.4

Gingin Coastal heath -31.4, 617003 1404.1 1.81 0.06 2.42 0.63
Banksia 115.7
woodland
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140  Figure 2: Map of Australia showing the seven flux tower sites and their associated catchments.

145

2.3 Data

OzFlux eddy covariance evapotranspiration data were accessed from OzFlux towers through the Terrestrial Ecosystem

Research Network (TERN) data portal (https://portal.tern. org.au/, 2024 Version 2, last accessed 07/03/2025) using level 6,

quality controlled and gap filled daily time scales. The dates of the flux tower data availability differ between sites. The full
data periods used in calibration are shown in Table S1 of the Supplementary Materials, where any missing values were
excluded from the analysis.

Remaining hydrometeorological data were sourced from the CAMELS-AUS dataset which covers the period from 01 January

1950 to 26 May 2022. Potential evapotranspiration data (specifically Morton’s Wet Environment Evaporation) are provided
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in CAMELS and sourced from the Scientific Information for Land Owners, or SILO, database, published by the state of
Queensland (https://www.longpaddock.qld.gov.au/silo/, last accessed 15/01/2025). Precipitation data were provided in
CAMELS and sourced from the Australian Gridded Climate Data (AGCD) dataset of the Bureau of Meteorology

(https://portal.ga.gov.au/, last accessed 15/01/2025). Streamflow data were also obtained from this dataset, and any missing

values were excluded from the analysis.

2.4 Flux tower data adjustment

Building on the careful selection of representative tower-catchment pairs (Section 2.1), we further adjusted the flux tower AET
data to improve comparability with catchment-scale values. Since actual evapotranspiration at the catchment scale is not
directly measurable, we applied a long-term water balance approach to provide an independent estimate of long-term
catchment-average AET and adjust the flux tower data accordingly. This adjustment involved calculating a linear scaling factor
that was applied to the full flux tower AET time series, correcting the long-term average without altering the intra-annual shape
of the AET curve. This approach assumes that while the temporal dynamics of AET at the flux tower (e.g. seasonal dynamics)
are broadly representative of catchment-scale behaviour, the magnitude may differ due to spatial heterogeneity in vegetation,
soil properties, or microclimate.

To derive the scaling factor via catchment water balance, we assumed negligible long-term change in storage (AS = 0). This is
a common assumption in hydrology, justified here by the fact that the water balance components: precipitation (P), streamflow
(Q), and AET, are aggregated over a multi-year period. As such, any difference in storage between the start and end of the
period is small relative to the cumulative fluxes and has minimal influence on the resulting estimate. The catchment water
balance therefore simplifies to:

AS=P—Q—AET > AET.quenment =P — Q. (1)

where P is long-term average precipitation and Q is long-term average streamflow, both measured over the same period as the
flux tower record. The corresponding long-term average AET from the flux tower, AET ower, Was calculated from the eddy

covariance measurements. A scaling factor f was then derived as:

__ AET catchment
f T AETeower 2

This factor was applied to the full flux tower time series:

AETqqjustea(t) = f X AETtouer (1), (3)
This adjustment ensures that the flux tower data matches the long-term magnitude of AET estimated at the catchment scale,
while preserving its temporal variability. Combined with careful catchment selection, this was deemed the most practical

method available to reduce scale mismatch and increase confidence in data used for the model evaluation.
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2.5 Models and equations

This experimental setup, introduced in Section 2.1, was applied across three model structures - GR4J, Simhyd, and VIC -
which were selected from the 47 options in MARRMOoT to represent a range of complexity and conceptual assumptions. GR4J
is the most parsimonious model, with four parameters and two representative storages (Perrin et al., 2003). Simhyd represents
an intermediate level of complexity, with seven parameters and three storages (Chiew et al., 2002). VIC is the most complex
model chosen, comprising ten parameters and three storages (Liang et al., 1994). In Simhyd and VIC, AET is drawn from
multiple storages, and the evaluation of AET simulations was always conducted on the sum of AET across these storages.
However, this still leaves the question of which storage is subject to the experimental changes in equations. For the purposes
of this study, the AET equation was substituted into only the primary soil moisture storage, which is assumed to contribute
most to total evapotranspiration in these model structures. The remaining storages retained their original AET formulations.
The decision to apply the equation changes only to the primary soil moisture storage was made a priori, recognising that the
contribution of each storage may vary depending on parameter values. As stated, calibration and evaluation performance scores
are based on the total modelled AET, regardless of the internal distribution across storages.

Additionally, extending alternative AET formulations to all storages would require introducing additional parameters for each
storage, substantially increasing model dimensionality and calibration complexity. This would make it more difficult to reliably
attribute differences in model performance to the AET formulation itself. Furthermore, maintaining a consistent
implementation across different model structures is important for intercomparison. Applying different modifications across
models would reduce comparability of results. Finally, some storages (e.g. interception) represent fundamentally different
physical processes, and modifying their AET formulation would be inconsistent with their conceptual role. The chosen
approach therefore represents a pragmatic compromise that allows differences in AET formulation to be isolated while
maintaining model interpretability.

Across the 47 models in MARRMOoT there are 23 unique AET equations, but the experiment did not test all 23 because some
are incompatible with the three chosen models, and because we found some redundancy between the equations. For instance,

some equations used different names for equivalent parameters, such as maximum storage represented as "Smax" in one
equation and "S3 parameter" in another. When simplified, these equations were found to have the same functionality.
Additionally, two equations were excluded because they were designed to operate on soil moisture storages defined in a
"deficit" manner, which was not compatible with the three selected models. Following the process of simplifying equations
to ensure compatibility with the chosen models and removing redundant parameters, 15 of the 23 equations remained. These
equations retained their original naming according to the MARRMoT framework.

Table 2 provides an overview of the selected 15 equations, including their corresponding number within MARRMOoT, the
number of additional parameters required, descriptions as provided in MARRMOoT, and simplified formulas. Additionally, the

list of models that utilise each equation can be found in Table S2 of the Supplementary Material. The resulting 15 AET

equations represent diverse approaches to modelling the conversion of potential evapotranspiration (PET) into actual
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evapotranspiration (AET) as a function of soil moisture. This diversity of equations allows for a robust experiment that
represents the diversity of current practice in conceptual modelling. These approaches fall into five major relationship types,
which are summarised below:
1. Linear relationships with soil moisture (AET equations evap 1, 7 and 11) assume a direct proportionality between
soil moisture and evapotranspiration.
2. Threshold-based relationships (6, 8, 16, 21, 22, and 23) impose thresholds (e.g., wilting points or storage thresholds)
that control when and how PET translates into AET.
3. Nonlinear relationships with soil moisture (4, 13, 19, and 20) include non-linear scaling factors to represent more
complex vegetation or soil interactions.
4. Multi-component representations (3, 20, 23) explicitly separate processes such as transpiration from vegetation and
evaporation from bare soil.
5. Evaporation-rate limitations (20 and 22) cap AET to a maximum rate or constrain it below certain thresholds

Table 2. Description of the 15 AET equations. pl and p2 are additional parameters, whereby [0-1] indicates the parameter is set
between 0-1, and [mm] indicates it is an unbound parameter with the value representing millimetres. ***The function f(S,0.01)
refers to “Smooth Storage Threshold Function”, a logistic smoothing function implemented in MARRMOoT, which gradually reduces
fluxes as storage (S) approaches a lower threshold. This avoids abrupt cut-offs by applying a smooth, continuous transition, governed
by a steepness parameter (here, 0.01, inherited from MARRMOoT), allowing for more numerically stable and physically plausible
flux behaviour when storage is low.

Equation Extr  Description Formula simplification Features
no. a =R g z E
evap X | para g |2 S E |g
(from ms 2 |2 < a |3
[e) Ll m —
MARR S8 EE|E
MoT) =B |z |2 |2
e 8 |=
2 ER-
oQ
7 0 Evaporation scaled by relative Minimum of X|-1-1-1-
storage e (S/Smax)x PET
e S
11 0 Evaporation quadratically related (2% (S/Smax)-(S/Smax?))xPET | - | X | - | - | -
to current soil moisture
1 0 Evaporation at the potential rate Minimum of X|-1-1-1-
e S
e PET
16 1 Scaled evaporation if another store | Minimum of -l -] -] -1 X
is below a threshold e pl[0-1] xPET x f(S, 0.01) ***
e S
2 1 Evaporation at a scaled, plant- Minimum of X{-1-1-1-
controlled rate e pl[mm] % S/ Smax
e PET




19

21

23

13

Non-linear scaled evaporation

Threshold-based evaporation with
constant minimum rate

Transpiration from vegetation at
the potential rate if storage is
above field capacity and scaled by
relative storage if not, addition of
evaporation from bare soil scaled
by relative storage

Constrained, scaled evaporation if
storage is above a wilting point

Evaporation based on scaled
current water storage and wilting
point

Transpiration from vegetation at
the potential rate if storage is
above a wilting point and scaled by
relative storage if not

Transpiration from vegetation, at
potential rate if soil moisture is
above the wilting point and
linearly decreasing if not. Also
scaled by relative storage across all
stores

Exponentially scaled evaporation

Minimum of

e S

e PET

e pl[0-1] x PET x S/ SmaxP?(0-1]

Minimum of
e  Maximum of
o pl[mm] x p2[0-1]
o PET X minimum of
= S/pl[mm]
= ]
e S

Minimum of

e PET/Smax x PET

e PET xS/ (pl[0-1] x Smax) + S/
Smax x PET

e S

Minimum of
e PET x pl[0-1] x (S — p2[0-1] %
Smax) / (Smax — p2[0-1] x

Smax)
e S
e 0

Minimum of

e S/(pl[0-1] x Smax x PET)
e PET

e S

Minimum of

e PET xS/ (pl[0-1] x Smax)
e PET

e S

Minimum of
e  Minimum of

o PET
o S/pl [mm] x PET
o S

e 0

Minimum of
e pl[0-1]P%%1 x PET

10
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e S

20 2 Evaporation limited by a maximum | Minimum of X|-1-1-1X
evaporation rate and scaled below | e pl [mm] x S =+ (p2[0-1] X Smax)
a wilting point e PET
e S
22 2 Threshold-based evaporation rate Minimum of X|-1-1-1X
e S

* (Sxpl[mm])+ (p2[mm] -
pl[mm]) x PET
e PET

2.6 Calibration

The calibration approach was based on single objective optimisation to a composite objective function that equally weighted
the performance of the model against streamflow data from CAMELS-AUS and AET data from the flux towers. For streamflow
(Q), a Kling—Gupta Efficiency (KGE) (Gupta et al., 2009) derived objective function was used that incorporates separate
penalties for bias in high- and low-flow regimes, as described in Trotter et al. (2023, Equation 1) (Eqn. 4). Specifically, the
component of Eqn. 4 assessing low-flow performance is the KGE calculated on flow raised to the power of 0.2, the component
focussed on high flows is the standard KGE, and the component focussed on bias is the final term in the equation. Please see
Trotter et al. (2023) for more information. For AET, the KGE was applied to square-root-transformed data, following Gardiya
Weligamage et al. (2025b) (Eqn. 5, where d is daily and m is monthly). This calibration approach ensured that both monthly
and seasonal dynamics of AET were incorporated, alongside a commonly used method for streamflow. Both objective
functions are similarly bounded KGE-based metrics and therefore exhibit comparable numerical ranges during calibration. As
a result, equal weighting of the two objective functions leads to approximately equal contribution to the combined objective

function value (OFV), which was computed as the mean of the streamflow and AET objective values (Eqn. 6).

In (1 + (mean(QSimulated_ Qobserved)))

mean(Qopserved)

2.5

0

1
OFVstreamfiow = > (KGEQ + KGEQO.Z) —-5x%

1
OFVypr = 5 (KGEAET_do.s + KGEAET_mo.s) , (5)

OFV = 0.5 * (OFVstreamsiow + OFVyer) , (6)
Model calibration was performed using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) algorithm, a high
performing algorithm commonly used in hydrology (Arsenault et al., 2014), as implemented in the default calibration
framework of MARRMOoT v2.1 (Trotter et al., 2022). This study focuses on identifying a single optimal parameter set for each

configuration, rather than exploring the full parameter uncertainty space.
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2.7 Process and data analysis

In order to systematically test the available AET equations, the 15 AET equations were individually substituted into each
model. This was repeated for all seven catchments, resulting in 315 calibrations. AET equations were ranked to determine
which performed best according to the objective function values described above.

In addition to traditional objective function values, we conducted a more comprehensive assessment of model performance by
analysing results based on evapotranspiration signatures, as defined by Gardiya Weligamage et al. (2025b). These signatures,
similar to commonly used streamflow signatures (e.g. (McMillan, 2021)), provide insights into whether the models can
reproduce specific aspects of AET. The eight calculated AET signatures are: long-term median and inter-annual variability for
annual dynamics; peak timing and lag-12 correlation for seasonal dynamics; water stress, variability, and synchronicity for
monthly dynamics; and rainfall event responsiveness for daily dynamics.

Finally, we conducted split-sample testing to evaluate how well the updated models responded to previously unseen data. In
this study, split-sample testing refers specifically to temporal split-sample validation, and does not assess spatial transferability
or proxy-basin performance. Evaluating with data outside the calibration period ensured that the identified improvements in
model performance were not an artifact of overfitting but instead reflected a more generalisable enhancement in AET
representation. For brevity, this test was conducted only on the highest performing AET equation in calibration, as a final
robustness check, rather than as a systematic assessment of overfitting across all equations which would add substantial
complexity.

The available AET data were divided in half, with calibration performed on the first half and evaluation on the second and
repeated in reverse for a second calibration. The length of the calibration and evaluation periods varied between catchments,
reflecting differences in the availability of flux tower observations (see Table S6). The relatively short duration of flux tower
records at some sites may limit the ability of the split-sample test to fully capture long-term model behaviour. This procedure
was applied to all catchments and all three models, comparing the original model formulation with the version incorporating

the best-performing evapotranspiration equation.

3 Results
3.1 Overview of results

Figure 3 provides an example of AET model outputs by showing a time series of simulated AET at one of the seven sites,
Wombat Forest, using the Simhyd model. In this figure, Simhyd was recalibrated with each of the 15 AET equations
independently, such that differences in simulated AET arise solely from the choice of equation, with all other model
components held constant. The observed flux tower AET (catchment adjusted) is shown as a thick blue line, while the model
outputs from the various AET equations are displayed in different colours. PET (grey) and rainfall (inverted, light blue) are

also shown to illustrate the key drivers of AET and help contextualise model behaviour.
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This figure highlights the variation in simulated AET that arises solely from substituting the AET equation, demonstrating the
sensitivity of model outputs to this component. Similar outcomes were observed across other catchments and model structures

(21 figures total), with the remaining plots included in the supplementary materials (S3) for reference.
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Figure 3. Observed flux tower data, precipitation, and PET for Wombat Forest, Victoria, Australia. 15 calibrations showing
simulated AET at the site (evap_1, evap_2, etc.) for the base model (Simhyd).

As noted, each AET equation is optimised individually across streamflow and actual evapotranspiration (AET) objective
function values (OFV), resulting in 315 calibrations (3 models x 7 catchments x 15 equations). Table 3 displays the summary
of these results by ranking the combined OF Vs to two decimal places for each model and catchment, with a rank of 1 indicating
the best-performing equation. Equal ranks were assigned when the rounded values (to two decimal places) were equal. Full
tables with raw OFV scores and rankings are included in the supplementary materials (S4). The summary shown here
aggregates rankings across all catchments for each model and provides an overall ranking across all models.

AET equation evap 19 emerges as the overall top performer, achieving the highest average rank. AET equations 3, 8, and 21
also rank highly, though their performance varies more noticeably across model structures (e.g., Simhyd vs GR4J).

Table 3. Summary of AET equation rankings (1 = best; 15 = worst) based on combined streamflow and actual evapotranspiration
(AET) objective function values (OFVs). Rankings are averaged across all catchments for each model (GR4J, Simhyd, and VIC).
The final column shows the overall ranking across all models. An asterisk is placed in each model’s column next to its “native”
equation’s performance. See S4 for more details including the quantitative performance metrics corresponding to these rankings.

AET equation GR4J Simhyd VIC All models
1 15 14 15 15
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2 12 5% 12 12
3 5 3 8 4
4 11 5 3 5
6 5 8 11 7
7 10 12 2% 9
8 5 2 8 3
11 9* 11 5 11
13 8 10 6 9
16 7 9 9 11
19 1 1 1 1
20 13 13 13 13
21 2 6 4 2
22 14 15 14 14
23 5 8 11 7

To further explore the calibration results, Fig. 4 separates the combined objective function values into their two components:
streamflow and AET performance. Each subplot represents a catchment, showing variations across all models and AET
equations (15 points per model, 45 total). The most effective AET equations appear toward the top-right quadrant, indicating
strong performance on both streamflow and AET objectives. The native (original) AET equation used in each model is marked
with a black star, and AET equation evap 19 is highlighted in red for reference. These plots visually represent that while some
models exhibit catchment-specific variations (e.g., GR4J's poor performance for Whroo), evap 19 consistently ranks among

the best.
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Figure 4. Trade-off plots of objective function values (OFVs) for streamflow (x-axis) and AET (y-axis), shown for each catchment.
Each subplot displays all 45 calibrations (15 AET equations x 3 models), with AET equation evap_19 highlighted in red and native
AET equations marked with black stars. Higher values indicate better model performance.

Despite some promising results, certain hydrological behaviours remain poorly represented. For instance, even the four best-
performing AET equations (3, 8, 19, and 21) fail to perform adequately at specific sites. This is evident when comparing results
at Tumbarumba and Litchfield (Fig. 5a and 5b, respectively). All models provide reasonable estimates of AET at Tumbarumba,

and both Simhyd and VIC perform reasonably well at Litchfield. However, GR4J significantly overpredicts AET at Litchfield.
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Figure 5. Modelled AET vs. observed flux tower data, showing the four best performing AET equations across the three models at
Tumbarumba (a) and Litchfield (b).

To explore this discrepancy, GR4J was recalibrated for Litchfield using only AET, giving the model the best possible chance
to match observed AET without the constraint of streamflow calibration. However, even under these conditions, GR4J still
failed to replicate AET accurately at this site, indicating a possible structural limitation in the model. Results of this analysis
are shown in supplementary materials (S5), which includes the performance of all plausible equations under AET-only

calibration. No improvement in AET performance was observed compared to the results shown in Fig. 5b.

3.2 Signatures

Beyond matching overall OFV scores, AET equations were also assessed using evapotranspiration signatures (Gardiya
Weligamage et al., 2025b). Similar to hydrological signatures, these metrics break down AET behaviour into distinct

components, focusing on characteristics such as the mean, variability and periodicity of AET. Across all eight signature plots,
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we observe broadly consistent patterns in terms of model performance, so only one representative scatterplot is shown here.
An exception was the interannual variability signature (Fig. S24), which exhibited very similar patterns across all models and
AET formulations. This may suggest that this signature is primarily driven by the precipitation forcing rather than differences
in model structure or AET formulation. An alternative view, given this signature is not very well simulated, is that all models
tested are subject to similar limitations in simulating this aspect of AET dynamics, regardless of choice of equation. Either
way, it provides limited discriminatory power for evaluating AET equation performance in this framework.

Below we focus on a timing-based signature, namely monthly AET asynchronicity with PET (Fig. 6), while the remaining
signatures are shown in the supplementary materials (S6). This signature captures the degree to which AET follows the
seasonal cycle of PET, independent of magnitude, with greater asynchronicity suggesting a decoupling between the two.
Including this signature helps evaluate whether equations reproduce not just how much evapotranspiration occurs, but when it
occurs—a key aspect of improving process representation in conceptual models. For example, high asynchronicity might
suggest that a model fails to capture stomatal regulation or delayed transpiration responses to atmospheric demand, processes
that are critical under drought or seasonal stress.

The results indicate that while some equations clearly perform poorly, there are a few that consistently align well with the
observed signatures, including across multiple metrics. These better-performing equations also generally agree with those

identified through OFV-based testing. Notably, AET equation evap 19 is among the top performers across all signature

comparisons.
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Figure 6. Monthly asynchronicity of AET: observed vs. simulated, across all equations and models. AET equation evap 19 is
highlighted with a red box. Remaining signature plots are in supplementary materials S6. This signature is purely based on the
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asynchronicity between normalised PET and AET, calculated by quantifying the area between the normalised curves, and is
indicative of seasonal water stress.

3.3 Split sample test of AET equation evap_19

As an evaluation of robustness, a split-sample test was conducted, comparing the original model formulations with those
incorporating the best-performing evapotranspiration equation, AET equation evap 19 (Fig. 7). Each model was calibrated on
one half of the data and evaluated on the other, with results reported separately for AET and streamflow (Q).

For the calibration period, (and as shown previously), models using evap 19 achieved higher AET objective function values
(OFVs) across all catchments compared to the base equations (Fig. 7a). Streamflow performance also generally improved
under evap 19 during this period (Fig. 7b). As for the evaluation period for AET, equation evap 19 consistently improved
performance, maintaining higher OFVs across most catchments, similar to the trend observed in calibration (Fig. 7c¢).

For streamflow, the evaluation period results were more variable. While some catchments showed improvements with
evap 19, others performed similarly or worse than the original formulation (Fig. 7d). Notably, catchments that performed
poorly under the original AET equation also tended to have low performance under evap 19.

It is important to acknowledge that the available flux tower data covers a relatively short timeframe, which may limit the
reliability of this test in fully capturing long-term model behaviour (see supplementary materials S1). This constraint could, in
part, explain discrepancies in streamflow performance during evaluation. Despite this, the results provide evidence that

integrating evap 19 enhances AET representation and, in many cases, improves model performance beyond AET.
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Figure 7. Split-sample test results showing objective function values for AET and streamflow (Q). Each point represents a model—
catchment combination calibrated on one half of the data and evaluated on the other. Panel figures are as follows: results during the
calibration period for AET (a) and streamflow (b), and results during the evaluation period for AET (c) and streamflow (d). Note:
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Streamflow points with OFVs < -1 under the base equation are omitted.

3.4 Seasonal timing of AET

Overall, with an appropriate choice of equation, the models capture AET dynamics relatively well compared to the default
options. However, a key feature that emerged upon closer examination of the time series (Fig. 5) was that modelled actual
evapotranspiration (AET) appeared to peak earlier than observed flux tower data. This pattern is also apparent in most other
catchments (see supplementary materials S3). To investigate this further, we expanded the analysis of the “monthly peak”

signature. Specifically, we examined a 7-month window centred on the observed peak month (i.e., three months before, the
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peak month itself, and three months after). Based on the time series patterns, it appeared that the models were overestimating
AET before and during the peak while underestimating it afterward.

To test this, we quantified the proportion of AET occurring in the three months leading up to and including the peak, expressed
as a percentage of the total AET over the 7-month period. This metric was then used to assess how well the models reproduced
the observed AET distribution. The calculation was focused on the best-performing evaporation equation (evap 19), for the
three hydrological models across the seven catchments under the multi-objective calibration to both streamflow and AET (Fig.
8.a).

To determine whether this timing mismatch was due to model structure, we repeated the analysis calibrating solely to AET to
assess whether the models had the capacity to match the observed timing more accurately (Fig. 8.b). This approach was chosen
to isolate the influence of streamflow constraints on seasonal AET behaviour.

Finally, we calibrated to streamflow alone to evaluate how much the AET timing deteriorated when AET was not explicitly
considered in the calibration process (Fig. 8.c). The results of this analysis are presented in Fig. 8, which confirms the initial
impression about early timing of simulated AET. Further, it shows that although the AET distribution improves when
calibrating to AET alone, seasonal AET timing remains a clear limitation of the models, even when utilising equation evap 19.
To assess whether this behaviour is sensitive to the choice of PET forcing, an additional analysis using an alternative PET
formulation is presented in the Supplementary Material (S8), where the overall results were consistent with the original PET

input results seen in Fig. 8.
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Figure 8. Percentage of AET which occurs in the first half of the observed seasonal peak, for each catchment and model combination,
utilising evapotranspiration equation evap_19. The models are calibrated to (a) streamflow and AET, (b) AET only, and (c)
streamflow only. Note: The 7-month period is determined by identifying the peak month of observed AET (the most common peak
month across the flux data time period—one of the AET signatures). The values shown represent the total AET accumulated in the
first four months (including the peak month) as a percentage of the total AET over the full 7-month period. Catchments are ordered
by increasing total AET over the 7-month period.
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4 Discussion
4.1 Overview of findings

This study systematically tested 15 AET equations within three widely used conceptual rainfall-runoff models across seven
catchments with nearby flux tower AET data. This responds to the call for evaluation of evapotranspiration in hydrological
models in previous work (e.g. Kelleher & Shaw, 2018; Dembélé et al., 2020), by isolating equation performance from model
structure. Our results show that, while absolute performance varied across catchments and models, a small subset of AET
equations, particularly equation evap 19, consistently ranked among the top performers relative to the others. Equations 3, 8§,
and 21 also performed well in some cases but exhibited more variability across models and sites.

While this study primarily focuses on AET equation performance rather than inter-model comparisons, some patterns emerged.
For example, GR4J struggled to replicate AET at certain sites (e.g., Litchfield), even when recalibrated using AET-only
optimisation. This suggests possible structural limitations in GR4J’s partitioning of available water between AET and runoff,
highlighting the importance of model-specific considerations when selecting or modifying AET equations.

The main remaining issue across models was that AET often peaked earlier than observed in the flux tower data. While
Equation evap_19 consistently outperformed the others, it only partially addressed this problem—reducing but not eliminating
the seasonal timing mismatch. Below, we first examine why equation evap 19 provides superior simulations, before unpacking

the broader implications, both for equation evap 19 and the remaining challenges highlighted by this study.

4.2 Why is evap_19 best?

To understand why evap 19 provides improved simulations, we first need to examine how it differs from other formulations.

The structure of the equation is:

N
Smax

AET = min (S, PET, py x PET x ( )pz), 7)

Two key features stand out: (i) its ability to restrict AET to below PET, even under high soil moisture conditions, via the p:
parameter; and (ii) its concave, non-linear relationship between AET and relative soil moisture, shaped by the p. parameter.
Both parameters are restricted between 0 and 1.

The p: parameter introduces a physically meaningful limitation, reflecting that vegetation or atmospheric conditions often
prevent actual evapotranspiration from reaching its potential rate.

The p2 parameter governs how AET responds to soil moisture: when p> = 1, the relationship is linear; when p2 < 1, the
relationship becomes concave, meaning AET increases rapidly at low soil moisture levels but tapers off as soil moisture
becomes abundant. This behaviour appears to better reflect vegetation function in these catchments, where plants actively

transpire when water is limited but taper water use under wet conditions, aligning with the need for more physically grounded

representations of vegetation-mediated water use (Deb & Kiem, 2020).
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Figure 9. Comparison of equation evap_19 with a typical evapotranspiration formulation (here the generic equation is represented
as evap_19 where p1 and p2 equal 1). (a) p: parameter-driven behaviour: Time series of AET/PET over 15 days, illustrating how
evap_19 constrains AET to remain below PET. (b) p. parameter-driven behaviour: Relationship between relative soil moisture
(SM/Smax) and AET/PET, showing the stronger non-linear response of AET equation evap_19 to changes in soil moisture availability.

The calibrated values of these parameters across the seven catchments and three models (see supplementary materials S9)
show that p: values were generally well below 1.0, indicating that this PET-limiting feature was frequently required to match
observed AET patterns. For instance, in VIC, p: ranged from 0.28 (Gingin) to 1.00 (Robson Creek), with similarly constrained
values in GR4J and Simhyd. This suggests that the models often needed to invoke sub-PET limitations, which may reflect
transport limitations on evapotranspiration, although further evidence is needed to confirm this. The p. values also varied
between catchments, often falling below 0.5 (e.g., Wombat Forest, Tumbarumba), indicating the need for a concave soil
moisture response. That is, AET increases quickly under dry to moderate conditions but becomes less sensitive as soil moisture
approaches saturation. While some evapotranspiration equations assume AET will continue increasing proportionally with soil
moisture, this behaviour appears inconsistent with the flux tower data and the known role of vegetation in regulating water
loss.

Together, these features help explain why equation evap 19 outperformed alternatives: it avoids the assumption that AET
always equals PET under moist conditions, reduces over-extraction of water, and better captures the dynamic relationship
between soil moisture and evapotranspiration observed in flux tower data.

Conversely, the poorer-performing AET equations exhibited several recurring issues. Many lacked explicit constraints or
responded too linearly to changes in soil moisture, resulting in rapid water depletion and elevated AET values that rarely match
flux tower behaviour. Several formulations allowed AET to equal PET frequently—an outcome that overlooks the regulatory

role of vegetation and other limiting processes.
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However, despite evap 19’s relative improvements, it does not fully resolve all issues. As shown in Fig. 8, it still overestimates
AET in early-season periods. This suggests our conceptual models are lacking the knowledge that water availability does not
lead to immediate transpiration. AET equation evap 19 mitigates this issue more effectively than the other tested equations,

but the challenge remains.

4.3 Implications

Accurate AET representation is essential for reliable hydrological modelling, particularly when applied to future climate
scenarios (Zhao et al., 2013). Incorrect AET modelling could propagate errors, leading to misleading projections of water
availability, catchment response, and long-term water balance estimates. Ensuring that AET equations appropriately constrain
AET to realistic values is therefore required to improve model robustness and predictive capacity.

The findings of this study highlight how assumptions embedded within many conceptual models, especially linear or overly
simplified relationships between PET and soil moisture, can lead to systematic biases in AET simulations. These relationships
are often taken for granted rather than being critically evaluated, despite their substantial influence on model behaviour. By
drawing attention to this issue, we hope to encourage deeper scrutiny of the ways AET is represented within hydrological
models, particularly in light of observed vegetation responses (Duethmann et al., 2020).

The strong performance of AET equation evap 19 could potentially be attributed to its origin of purpose, in the conceptual
hydrological model LASCAM, which, during its creation, included thought on the inclusion of vegetation impacts (Sivapalan
et al., 1996). This included the interaction of the deep-rooted ecucalyptus trees found within Australia, leading to the use of
constraints on soil moisture availability and AET behaviour, which (as demonstrated here) are more realistic when evaluated
against flux tower data. These insights suggest that existing models could benefit from replacing simplistic AET equations
with more process-informed alternatives or by developing new formulations inspired by evap 19.

The additional parameters introduced in equation evap 19 (p: and p2) exhibit substantial variability across catchments (Table
S7), suggesting that location-specific calibration is necessary. These parameters represent unresolved controls on
evapotranspiration, rather than strictly physical quantities. Their variability likely reflects differences in local evaporative
regimes, vegetation characteristics, and climate conditions across catchments.

Therefore, an important direction for future research is to assess whether these parameters can be regionalised using mappable
catchment attributes, such as aridity indices, vegetation functional types, or remotely sensed indicators of canopy dynamics.
Additionally, incorporating spatially varying PET scaling approaches, such as crop coefficients or vegetation-adjusted PET,
may help reduce the need for empirical suppression of AET under high moisture availability. These approaches would require
more explicit representation of vegetation processes, which is beyond the scope of the current conceptual modelling framework
but represents a promising avenue for future work.

While AET equation evap 19 consistently improved model performance, its limitations offer insight into deeper
ecohydrological processes that remain unaccounted for, such as the seasonal partitioning of AET. Although evap 19 better

matches overall AET signatures, it does not fully capture the observed differences in AET between the beginning and end of
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the season. Specifically, the catchments appear to be photosynthesising at a lower-than-expected rate (using less water and
thus exhibiting lower AET) early in the season. This discrepancy likely arises because conceptual models, which lack explicit
vegetation components, assume that water availability directly translates into immediate AET increases. In contrast, observed
data suggest that the catchment does not use all available water at the start of the season, possibly due to physiological
constraints on vegetation growth. If plants transpired at the rate the model predicts, they could experience excessive growth
that would not be sustainable through the dry season. Similar findings have been reported in previous studies, such as Stephens
et al. (2025), which found that catchments in intermediately wet regions (i.e. not arid or very wet) often exhibited lower-than-
expected AET in wet periods. Lower-than-expected wet season transpiration was also demonstrated by Eamus et al. (2000) in
savannah trees, suggesting that the vegetation’s capacity to transport moisture may limit AET during the wet season.

The problems we found with seasonal timing of AET indicate that, even with improved AET parameterisation, conceptual
models may still lack a critical physical mechanism governing seasonal water use. Future work should explore ways to
incorporate such ecohydrological feedbacks into hydrological models, ensuring that the representation of AET accounts for
vegetation constraints and long-term water availability strategies. Additionally, further studies should investigate whether this
catchment behaviour is unique to Australian ecosystems or occurs more broadly. Australia’s high interannual climate
variability may encourage conservative water use strategies in vegetation that differ from those in more temperate or
consistently wet climates (Norton et al., 2022). Exploring such geographic differences could help tailor model structures to
better reflect regional vegetation—climate interactions.

An important source of uncertainty not explicitly explored in this study is the estimation of potential evapotranspiration (PET).
Numerous studies have demonstrated that different PET formulations can produce different estimates of atmospheric
evaporative demand, with implications for simulated evapotranspiration, soil moisture, and runoff (e.g. Oudin et al., 2005;
Pimentel et al., 2023; Thakur et al., 2025). In the present analysis, PET formulation was held constant across all experiments
to isolate the effects of AET formulation specifically. To understand the implications of PET formula choice for a key finding
of this paper, we reproduced Fig. 8 with Mortons Point Potential PET (Fig. S30). As part of this additional analysis, all three
models were re-calibrated across the seven catchments using the alternative PET forcing. While some catchment-specific
differences in the magnitude of timing mismatch were observed, the overall patterns and conclusions remained unchanged.
The timing bias in simulated AET persisted across PET formulations, indicating that the early seasonal peak identified in the
original analysis is not a consequence of the choice of PET input.

Moving forward, systematic evaluations of internal flux equations in hydrological models should become standard practice,
particularly when combined with multi-objective calibration approaches that leverage real-world data such as flux tower
observations. Although we recognise limitations associated with flux tower coverage, using such data helps highlight where
improvements to model structure, rather than parameterisation alone, may be needed. Additionally, further integration of
empirically driven, process-based enhancements in hydrological models could help refine AET representation. These
improvements would aid hydrologists in selecting AET equations that best match their specific modelling objectives,

ultimately enhancing the reliability of hydrological simulations across diverse environmental conditions.
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Our study’s inclusion of many models, catchments, and AET equations provides a comprehensive assessment, but future work
should explore individual model performance in greater detail. A logical next step would be to test AET equation evap 19
within all 47 available hydrological models, using the same methodology applied here, to assess whether similar performance
trends hold across a greater range of models. Additionally, this study did not evaluate AET equations in deficit-style
hydrological models. Future research should extend this analysis to these alternative modelling frameworks to determine
whether similar AET performance patterns emerge, particularly given evidence of more realistic AET dynamics in deficit
models in water limited conditions (Fowler et al., 2021). Additionally, future research should consider testing these findings
under spatial transferability and proxy-basins, explicitly targeting regionalisation or prediction in ungauged basins, an
important avenue that lies beyond the intended scope of the present study.

It is also important to note that all results presented here are based on a single optimal parameter set for each model and
catchment. Due to equifinality, there may exist a range of alternative parameter sets that produce similarly good performance
but exhibit different trade-offs between streamflow and AET simulation, as well as different transferability properties (Khatami
et al., 2019). For example, the strong performance of equation evap 19 for AET, coupled with occasional reductions in
streamflow performance, may in part reflect calibration trade-offs within a single optimal solution. A more comprehensive
assessment of model behaviour could therefore be achieved by analysing ensembles of near-optimal parameter sets, which
would allow uncertainty in parameter estimation and trade-offs between objectives to be more fully characterised. While this
was beyond the scope of the present study, it represents an important direction for future work and should be considered when
interpreting the robustness of the results.

Lastly, we note the limitation discussed above, namely that the best-performing AET formulation—which we recommend
other researchers test and, if appropriate, adopt—does not entirely solve the issues regarding seasonal timing of AET in the
catchments tested here. Continued exploration of equation-level performance in controlled testing frameworks, like the one
used here, will help to identify process representations that bridge conceptual and process-based modelling—a critical direction

for future model development (Knoben et al., 2019; McMillan, 2021).

Conclusion

This study conducted a systematic evaluation of 15 actual evapotranspiration (AET) equations within three conceptual
hydrological models across diverse Australian catchments. By isolating AET formulations while holding other model
components constant, this study was better able to identify variations in performance due to the AET equations themselves (as
distinct from the surrounding model structure). AET equation evap 19 consistently outperformed alternatives in both
streamflow and AET objectives, as well as AET signature alignment. Its success appears linked to its non-linear soil moisture
dependence and explicit limitation of AET below potential evapotranspiration, aligning better with observed flux tower data.
Despite this improvement, persistent mismatches in seasonal AET timing, especially early-season overestimation, highlight

limitations in current conceptual models. These results suggest that empirical equations alone may be insufficient to fully
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capture vegetation-driven dynamics, especially under conditions of climatic or phenological change. While substituting AET
equations such as AET equation evap 19 can enhance performance, future work should aim to integrate ecohydrological
mechanisms, such as plant water regulation and delayed transpiration responses, into model structures.

Overall, this research demonstrates the importance of critically assessing and selecting AET equations in conceptual modelling.
Incorporating process-informed empirical equations and advancing the representation of vegetation dynamics will be essential
for improving the robustness of hydrological simulations by ensuring accurate water partitioning, particularly under changing

environmental conditions.

Author contribution

GB: Conceptualisation, data curation, formal analysis, investigation, methodology, validation, visualisation, writing — original
draft, review and editing.

KF: Conceptualisation, methodology, supervision, writing — review and edit

MP: Conceptualisation, methodology, supervision, writing — review and edit

CS: Conceptualisation, methodology, supervision, writing — review and edit

Competing interests

The authors declare that they have no conflict of interest.

Acknowledgements

This research was supported by an Australian Government Research Training Program Scholarship and an Ingenium

Scholarship provided by the Faculty of Engineering Information and Technology, The University of Melbourne.

References

Arciniega-Esparza, S., Birkel, C., Chavarria-Palma, A., Arheimer, B., & Brefia-Naranjo, J. A. (2022). Remote sensing-aided
rainfall-runoff modeling in the tropics of Costa Rica. Hydrology and Earth System Sciences, 26(4), 975-999.
https://doi.org/10.5194/hess-26-975-2022

Arsenault, R., Poulin, A., Coté, P., & Brissette, F. (2014). A Comparison of Stochastic Optimization Algorithms in
Hydrological =~ Model Calibration. Journal  of  Hydrologic  Engineering, 19, 1374-1384.
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000938

Bai, P., Liu, X., & Liu, C. (2018). Improving hydrological simulations by incorporating GRACE data for model calibration.
Journal of Hydrology, 557, 291-304. https://doi.org/10.1016/j.jhydrol.2017.12.025

Bai, P, Liu, X., Yang, T., Li, F., Liang, K., Hu, S., & Liu, C. (2016). Assessment of the Influences of Different Potential
Evapotranspiration Inputs on the Performance of Monthly Hydrological Models under Different Climatic Conditions.
Journal of Hydrometeorology, 17(8), 2259-2274. https://doi.org/10.1175/JHM-D-15-0202.1

27



580

585

590

595

600

605

610

615

620

625

Beringer, J., Moore, C. E., Cleverly, J., Campbell, D. I., Cleugh, H., De Kauwe, M. G., Kirschbaum, M. U. F., Griebel, A.,
Grover, S., Huete, A., Hutley, L. B., Laubach, J., Van Niel, T., Arndt, S. K., Bennett, A. C., Cernusak, L. A., Eamus,
D., Ewenz, C. M., Goodrich, J. P., ... Woodgate, W. (2022). Bridge to the future: Important lessons from 20 years of
ecosystem observations made by the OzFlux network. Global Change Biology, 28(11), 3489-3514.
https://doi.org/10.1111/gcb.16141

Beven, K. (2006). A manifesto for the equifinality thesis. Journal of Hydrology, The Model Parameter Estimation Experiment,
320(1), 18-36. https://doi.org/10.1016/j.jhydrol.2005.07.007

Bloschl, G., Bierkens, M. F. P., Chambel, A., Cudennec, C., Destouni, G., Fiori, A., Kirchner, J. W., McDonnell, J. J., Savenije,
H. H. G., Sivapalan, M., Stumpp, C., Toth, E., Volpi, E., Carr, G., Lupton, C., Salinas, J., Széles, B., Viglione, A.,
Aksoy, H., ... Zhang, Y. (2019). Twenty-three unsolved problems in hydrology (UPH) — a community perspective.
Hydrological Sciences Journal, 64(10), 1141-1158. https://doi.org/10.1080/02626667.2019.1620507

Chiew, F. H. S., Peel, M. C., & Western, A. (2002). Application and testing of the simple rainfall-runoff model SIMHYD.

Deb, P., & Kiem, A. S. (2020). Evaluation of rainfall-runoff model performance under non-stationary hydroclimatic
conditions. Hydrological Sciences Journal, 65(10), 1667—1684. https://doi.org/10.1080/02626667.2020.1754420

Dembélé, M., Ceperley, N., Zwart, S. J., Salvadore, E., Mariethoz, G., & Schaefli, B. (2020). Potential of satellite and
reanalysis evaporation datasets for hydrological modelling under various model calibration strategies. Advances in
Water Resources, 143, 103667. https://doi.org/10.1016/j.advwatres.2020.103667

Duethmann, D., Bloschl, G., & Parajka, J. (2020). Why does a conceptual hydrological model fail to correctly predict discharge
changes in response to climate change? Hydrology and Earth System Sciences, 24(7), 3493-3511.
https://doi.org/10.5194/hess-24-3493-2020

Eamus, D., O’Grady, A. P., & Hutley, L. (2000). Dry season conditions determine wet season water use in the wet—tropical
savannas of northern Australia. Tree Physiology, 20(18), 1219—1226. https://doi.org/10.1093/treephys/20.18.1219

Fowler, K. J. A., Coxon, G., Freer, J. E., Knoben, W. J. M., Peel, M. C., Wagener, T., Western, A. W., Woods, R. A., & Zhang,
L. (2021). Towards more realistic runoff projections by removing limits on simulated soil moisture deficit. Journal
of Hydrology, 600, 126505. https://doi.org/10.1016/j.jhydrol.2021.126505

Fowler, K. J. A., Zhang, Z., & Hou, X. (2025). CAMELS-AUS v2: Updated hydrometeorological time series and landscape
attributes for an enlarged set of catchments in Australia. Earth System Science Data, 17(8), 4079—4095.
https://doi.org/10.5194/essd-17-4079-2025

Fowler, K., Knoben, W., Peel, M., Peterson, T., Ryu, D., Saft, M., Seo, K.-W., & Western, A. (2020). Many Commonly Used
Rainfall-Runoff Models Lack Long, Slow Dynamics: Implications for Runoff Projections. Water Resources
Research, 56(5), €2019WR025286. https://doi.org/10.1029/2019WR025286

Gardiya Weligamage, H., Fowler, K., Saft, M., Peterson, T., Ryu, D., & Peel, M. (2025a). Characterising evapotranspiration
signatures for improved behavioural insights. https://doi.org/10.5194/hess-2024-373

Gardiya Weligamage, H., Fowler, K., Saft, M., Peterson, T., Ryu, D., & Peel, M. (2025b). Characterising evapotranspiration
signatures for improved behavioural insights. Hydrology and Earth System Sciences Discussions, 1-23.
https://doi.org/10.5194/hess-2024-373

Gardiya Weligamage, H., Fowler, K., Saft, M., Peterson, T., Ryu, D., & Peel, M. (2025¢). Using evapotranspiration signatures
to assess evapotranspiration realism in rainfall-runoff models. EGUsphere, 1-26. https://doi.org/10.5194/egusphere-
2025-3373

Grigg, A. H., & Hughes, J. D. (2018). Nonstationarity driven by multidecadal change in catchment groundwater storage: A
test of modifications to a common rainfall-run-off model. Hydrological Processes, 32(24), 3675-3688.
https://doi.org/10.1002/hyp.13282

Guo, D., Westra, S., & Maier, H. R. (2017). Impact of evapotranspiration process representation on runoff projections from
conceptual rainfall-runoff models. Water Resources Research, 53(1), 435-454.
https://doi.org/10.1002/2016 WR019627

Gupta, H. V., Kling, H., Yilmaz, K. K., & Martinez, G. F. (2009). Decomposition of the mean squared error and NSE
performance criteria: Implications for improving hydrological modelling. Journal of Hydrology, 377(1), 80-91.
https://doi.org/10.1016/j.jhydrol.2009.08.003

Herman, M. R., Nejadhashemi, A. P., Abouali, M., Hernandez-Suarez, J. S., Daneshvar, F., Zhang, Z., Anderson, M. C.,
Sadeghi, A. M., Hain, C. R., & Sharifi, A. (2018). Evaluating the role of evapotranspiration remote sensing data in

28



630

635

640

645

650

655

660

665

670

675

improving hydrological modeling predictability. Journal of  Hydrology, 556, 39-49.
https://doi.org/10.1016/j.jhydrol.2017.11.009

Kelleher, C. A., & Shaw, S. B. (2018). Is ET often oversimplified in hydrologic models? Using long records to elucidate
unaccounted for controls on ET. Journal of Hydrology, 557, 160—172. https://doi.org/10.1016/j.jhydrol.2017.12.018

Khatami, S., Peel, M. C., Peterson, T. J., & Western, A. W. (2019). Equifinality and Flux Mapping: A New Approach to Model
Evaluation and Process Representation Under Uncertainty. Water Resources Research, 55(11), 8922-8941.
https://doi.org/10.1029/2018WR023750

Knoben, W. J. M., Freer, J. E., Fowler, K. J. A., Peel, M. C., & Woods, R. A. (2019). Modular Assessment of Rainfall-Runoff
Models Toolbox (MARRMoT) v1.2: An open-source, extendable framework providing implementations of 46
conceptual hydrologic models as continuous state-space formulations. Geoscientific Model Development, 12(6),
2463-2480. https://doi.org/10.5194/gmd-12-2463-2019

Liang, X., Lettenmaier, D. P., Wood, E. F., & Burges, S. J. (1994). A simple hydrologically based model of land surface water
and energy fluxes for general circulation models. Journal of Geophysical Research: Atmospheres, 99(D7), 14415—
14428. https://doi.org/10.1029/94JD00483

Liu, Z., Wang, Y., Xu, Z., & Duan, Q. (2017). Conceptual Hydrological Models. In Q. Duan, F. Pappenberger, J. Thiclen, A.
Wood, H. L. Cloke, & J. C. Schaake (Eds), Handbook of Hydrometeorological Ensemble Forecasting (pp. 1-23).
Springer. https://doi.org/10.1007/978-3-642-40457-3 22-1

McMillan, H. K. (2021). A review of hydrologic signatures and their applications. WIREs Water, 8(1), el1499.
https://doi.org/10.1002/wat2.1499

Norton, A. J., Rayner, P. J., Wang, Y.-P., Parazoo, N. C., Baskaran, L., Briggs, P. R., Haverd, V., & Doughty, R. (2022).
Hydrologic connectivity drives extremes and high variability in vegetation productivity across Australian arid and
semi-arid ecosystems. Remote Sensing of Environment, 272, 112937, https://doi.org/10.1016/j.rse.2022.112937

Perrin, C., Michel, C., & Andréassian, V. (2003). Improvement of a parsimonious model for streamflow simulation. Journal
of Hydrology, 279(1-4), 275-289. https://doi.org/10.1016/S0022-1694(03)00225-7

Pool, S., Fowler, K., & Peel, M. (2024). Benefit of Multivariate Model Calibration for Different Climatic Regions. Water
Resources Research, 60(4), €2023WR036364. https://doi.org/10.1029/2023WR036364

Rientjes, T. H. M., Muthuwatta, L. P., Bos, M. G., Booij, M. J., & Bhatti, H. A. (2013). Multi-variable calibration of a semi-
distributed hydrological model using streamflow data and satellite-based evapotranspiration. Journal of Hydrology,
505,276-290. https://doi.org/10.1016/j.jhydrol.2013.10.006

Saft, M., Peel, M. C., Western, A. W., Perraud, J., & Zhang, L. (2016). Bias in streamflow projections due to climate-induced
shifts in catchment response. Geophysical Research Letters, 43(4), 1574-1581.
https://doi.org/10.1002/2015GL067326

Sivapalan, M., Ruprecht, J. K., & Viney, N. R. (1996). Water and salt balance modelling to predict the effects of land-use
changes in forested catchments. 1. Small catchment water balance model. Hydrological Processes, 10(3), 393—411.
https://doi.org/10.1002/(SICI)1099-1085(199603)10:3%253C393::AID-HYP307%253E3.0.CO;2-%2523

Stephens, C. M., Marshall, L. A., & Johnson, F. M. (2019). Investigating strategies to improve hydrologic model performance
in a changing climate. Journal of Hydrology, 579, 124219. https://doi.org/10.1016/j.jhydrol.2019.124219

Stephens, C., Medlyn, B., Williams, L., Knauer, J., Inbar, A., Pendall, E., Arndt, S. K., Beringer, J., Ewenz, C. M., Hinko-
Najera, N., Hutley, L. B., Isaac, P., Liddell, M., Meyer, W., Moore, C. E., Cranko Page, J., Silberstein, R., &
Woodgate, W. (2025). The Response and Recovery of Carbon and Water Fluxes in Australian Ecosystems Exposed
to Severe Drought. Global Change Biology, 31(7), €70361. https://doi.org/10.1111/gcb.70361

Taia, S., Scozzari, A., Erraioui, L., Kili, M., Mridekh, A., Haida, S., Chao, J., & El Mansouri, B. (2023). Comparing the ability
of different remotely sensed evapotranspiration products in enhancing hydrological model performance and reducing
prediction uncertainty. Ecological Informatics, 78, 102352. https://doi.org/10.1016/j.ecoinf.2023.102352

Trotter, L., Knoben, W. J. M., Fowler, K. J. A., Saft, M., & Peel, M. C. (2022). Modular Assessment of Rainfall-Runoff
Models Toolbox (MARRMOoT) v2.1: An object-oriented implementation of 47 established hydrological models for
improved speed and readability. Geoscientific Model Development, 15(16), 6359—6369. https://doi.org/10.5194/gmd-
15-6359-2022

29



Trotter, L., Saft, M., Peel, M. C., & Fowler, K. J. A. (2023). Symptoms of Performance Degradation During Multi-Annual
Drought: A Large-Sample, Multi-Model Study. Water Resources Research, 59(2), e2021WRO031845.
680 https://doi.org/10.1029/2021WR031845
Vaze, J., Post, D. A., Chiew, F. H. S., Perraud, J.-M., Viney, N. R., & Teng, J. (2010). Climate non-stationarity — Validity of
calibrated rainfall-runoff models for use in climate change studies. Journal of Hydrology, 394(3—4), 447-457.
https://doi.org/10.1016/j.jhydrol.2010.09.018
Zhao, L., Xia, J., Xu, C., Wang, Z., Sobkowiak, L., & Long, C. (2013). Evapotranspiration estimation methods in hydrological
685 models. Journal of Geographical Sciences, 23(2), 359—-369. https://doi.org/10.1007/s11442-013-1015-9

30



