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Abstract. Rainfall-runoff models are widely used to support water resource planning, yet many struggle under prolonged
drought. During these periods, cumulative water deficits can strongly affect streamflow response by altering vegetation
water use and contributing to multi-annual storage dynamics. The Large Scale Catchment Model (LASCAM) is well suited
to representing these processes through its deep groundwater store and flux structure, but its large number of calibrated
parameters increases computational cost and limits practical application. This study developed a simplified version of
LASCAM by reducing the number of free parameters while retaining the structural features of the original model. Using the
latest version of LASCAM (LASCAM22) as the starting point, we applied a staged simplification procedure that combined
sensitivity analysis, parameter default-value testing, and stepwise parameter-fixing calibration. The reduced configuration
was then compared with GR4J, Sacramento, and LASCAM?22 in split-sample testing. Several low-sensitivity parameters
were fixed with limited loss of performance, while the stepwise parameter-fixing calibration supported the 15-parameter
configuration (LASCAMI15) as the best compromise between dimensionality reduction and performance retention. In the
split-sample test, LASCAMI15 achieved stronger validation performance than LASCAM?22 and outperformed GR4J and
Sacramento during both calibration and validation. The resulting model is more parsimonious (i.e., fewer calibrated
parameters), is more computationally efficient to calibrate, and provides more robust simulations for catchment modelling

applications.

1 Introduction

Rainfall-runoff models are widely used to support water resource planning, but many struggle to reproduce catchment
response during prolonged droughts (Fowler et al., 2020; Saft et al., 2016; Vaze et al., 2010). This is a major challenge for
future planning under climate change, as droughts are expected to become more frequent and severe in many regions (Cook
et al., 2018; Lehner et al., 2017). Conceptual rainfall-runoff models are particularly useful in this context because they are
sufficiently parsimonious to be integrated into decision making and/or support exploration of uncertainty in future outcomes.
Recent studies have highlighted the importance of vegetation dynamics and groundwater memory in shaping catchment

response to prolonged drought in some regions (e.g., Alvarez-Garreton et al., 2021; Avanzi et al., 2020; Campion et al.,
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2026; Fowler et al., 2022; Hughes et al., 2012; Massari et al., 2022; Peterson et al., 2021). These findings emphasize the
value of models that can better represent vegetation water use dynamics and longer-term storage dynamics when
investigating drought response. In this regard, the Large Scale Catchment Model (LASCAM) is a particularly relevant
conceptual rainfall-runoff model: Burns et al. (2025) showed that its actual evapotranspiration (AET) formulation was the
most accurate among the equations evaluated against flux tower observations compared to 46 other conceptual rainfall runoff
models. Meanwhile, Zhang et al. (2026) identified LASCAM as one of only six models capable of capturing multi-annual
storage dynamics. Together, these findings suggest that LASCAM is well suited for investigating catchment response under
prolonged dry conditions, compared to other conceptual rainfall-runoff models.

LASCAM was developed in Western Australia to simulate the long-term effects of land-use and climate change on
streamflow and water quality (Sivapalan et al., 1996a, b, ¢, 2002; Viney and Sivapalan, 1999; Viney et al., 2000). Originally
derived from catchment water and salt balance studies, it was later extended from small forested catchments to larger
systems through a subcatchment-based structure (e.g., Viney and Sivapalan, 2001; Zammit et al., 2005). In this study, we
focus on the water balance component of LASCAM, implemented as a lumped model, which represents catchment
hydrology using a set of conceptual hillslope stores and fluxes. This includes three main stores: the A store, representing the
near-stream perching layer and riparian zone; the B store, representing the deeper groundwater system; and the F store,
representing an unsaturated infiltration store (Ye et al., 1997). Through these stores, incoming rainfall is partitioned into
surface and subsurface pathways, including infiltration, inter-store recharge, evaporation losses, saturation-excess and
infiltration-excess runoff, and discharge to the stream (Sivapalan et al., 1996a). More recently, LASCAM has been adapted
for implementation in eWater SOURCE, Australia's hydrological modelling platform (Welsh et al., 2013), highlighting its
continued relevance for applied catchment modelling in Australia.

However, LASCAM remains relatively complex, with current versions ranging from 22 to 28 parameters requiring
calibration, including parameters controlling throughfall, surface and subsurface saturation and infiltration, store-specific
discharge and evaporation, and upslope perching processes (e.g., Knoben et al., 2019). This level of complexity can hinder
practical application by increasing calibration effort and reducing model interpretability. Also, the information content of
commonly available hydrological observations is often insufficient to constrain a large number of parameters (e.g., Jakeman
and Hornberger, 1993). For example, in a recent comparison of conceptual rainfall-runoff models using the MARRMoT
framework (Knoben et al., 2019; Trotter et al., 2021), LASCAM showed strong performance in realistically transitioning
between decadal wetting and drier periods, but its computational cost was sufficiently high that not all planned tested could
even be complected (Campion et al., 2024). In such cases, additional complexity does not necessarily improve model
performance and may instead increase uncertainty in simulated internal states and fluxes (Merz et al., 2022; Perrin et al.,
2001), consistent with the problem of equifinality in hydrological modelling (Beven, 2006; Bouaziz et al., 2021). As a result,
parameter values in LASCAM may be difficult to identify uniquely, model behaviour may be harder to interpret, and
predictive confidence may be reduced when the model is applied beyond the calibration period or under changing climatic

conditions.
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To address this challenge, this study develops a simplified version of the LASCAM water balance model, with the aim of
reducing calibration burden while retaining the key structural and process-based features that underpin the original model’s
value. The simplified model (which we call LASCAM15) is presented as Python code while also implemented as a plugin
within the national modelling framework mentioned above (eWater SOURCE), enabling its direct use in practical catchment
modelling applications. This outcome supports water planning by enabling faster scenario testing, clearer comparison of
drought-management options, and easier integration of catchment response modelling into existing planning workflows. In
doing so, the study seeks to provide a more parsimonious and operationally accessible framework for investigating

catchment response under prolonged drought.

2 Study area and data

This study focused on catchments in South-West Western Australia (SWWA), a region that has experienced substantial
rainfall and streamflow decline, particularly since the late 1990s. LASCAM was originally developed for application in this
region, making SWWA a suitable study area for testing whether the model could be simplified while retaining its existing
hydrological structure. The analysis used two levels of catchment assessment: a focal set of seven primary catchments for
detailed development of the simplification procedure, and a wider regional sample of 76 SWWA catchments for broader
testing and final model selection. The locations of the catchments used in the study are shown in Fig. 1.

The seven primary catchments were Gingin Brook (617058), Wooroloo Brook (616001), Serpentine River (614030), Harvey
River (613002), Margaret River (610001), Scott River (609002), and Record Brook (608007). These catchments were
selected to broadly cover the range of hydroclimatic and hydrological conditions across SWWA, and each of them have long
streamflow records spanning 1990 to 2026, high-quality flow gauging structures, and limited direct human impacts from
land-use change, in-stream pumping, dams, or diversions over the period of record. The primary catchments range from
catchments on sandy coastal plains with low relief, primarily cleared land cover, and permanent groundwater inputs, to
ephemeral catchments on granite-based escarpments with fully forested land cover.

The wider regional sample was used to evaluate the simplified configurations across a broader range of SWWA catchments.
These catchments covered much of the regional modelling domain, spanning coastal-plain, plateau, and upland settings with
substantial variation in topography, geology, climate, and runoff response. The sample was selected to include catchments of
practical interest for water resource planning, while also providing broad regional coverage for evaluating model robustness.
Catchments with significant extractions or direct human impacts were avoided where possible, although some impacted
catchments were retained where they were considered important for regional assessment.

Daily climate inputs for the selected catchments were obtained from the SILO climate database

(https://www.longpaddock.qld.gov.au/silo/point-data). Daily streamflow data were obtained mainly from the CAMELS-AUS

v2 database (Fowler et al., 2025), supplemented by records from the DWER Water Information Reporting database
(http://wir.water.wa.gov.au) for stations not included in CAMELS-AUS v2.
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Figure 1. Locations of the study catchments in South-West Western Australia. The seven primary catchments used to inform the detailed
model simplification procedure are shown with thicker black boundaries and yellow flow-gauging stations, while the wider regional
sample used for broader testing are shown with thinner grey boundaries. Background shading shows the difference in mean annual rainfall
between 1976-2000 and 2001-2025, with positive values indicating lower rainfall in the later period.

3 LASCAM structure

Several versions of LASCAM have been developed, differing mainly in the processes and endpoints simulated (e.g., some
versions simulate salinity) and number of calibrated parameters. In this study, we use the most recent version of the model as
the starting point for model simplification (Campion et al., 2024). This version contains 22 calibrated parameters and is
hereafter referred to as LASCAM22 for clarity.

LASCAM?22 is a simplified form of the eWater Source version of LASCAM, which contains 28 calibrated parameters
(hereafter referred to as LASCAM28). The two versions share the same overall model structure, but some hydrological
processes and associated parameterisations are represented in a slightly simplified form in LASCAM?22. The key differences
between LASCAM22 and LASCAM?28 are summarised in Appendix A.

In this study, LASCAM22 was run at a daily timestep using rainfall and potential evapotranspiration as climate inputs. These
inputs are routed through a set of conceptual stores and fluxes to simulate streamflow at the catchment outlet. Note that some
other versions of LASCAM also allow additional inputs, such as leaf area index (LAI) and the proportion of impervious

area, to better represent land-use change and urbanisation.
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The model structure consists of three conceptual stores: the A store, B store, and F store (Fig. 2). The A store represents the
115 near-stream perching layer and riparian zone, the B store represents the deeper groundwater system, and the F store
represents an unsaturated infiltration store (Ye et al., 1997). Following canopy interception losses, the remaining
precipitation reaches the land surface as throughfall and is partitioned into surface and subsurface pathways, including
infiltration, inter-store recharge, evaporation losses, saturation-excess runoff, infiltration-excess runoff, and discharge to the
stream.
120 Table 1 provides the definitions, feasible ranges, and units of the 22 calibrated parameters used in LASCAM?22. Full model

equations are provided in Appendix B.

1-
|.i( n E,
P A Ef

g y g

F Store

Symbol Definition

EZ Evaporation from A store B Store —
Ep Evaporation from B store

Ef Evaporation from F store

da A store discharge to stream

b B store discharge to A store

Ose Saturation excess surface runoff

Qie Infiltration excess surface runoff
Jsle Infiltration excess subsurface runoff
Osse Saturation excess subsurface runoff
Pg Throughfall

P. Surface infiltration

fa Subsurface infiltration

r2 Recharge from A store to B store

r Recharge from F store to B store

W Upslope perching factor

Figure 2. Schematic of water fluxes and stores in LASCAM22.
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Table 1. The definition, feasible range and units for each parameter in LASCAM22.

Parameters Definition Units Min Max
amn A store reference minimum mm/day 0 500
amx A store reference maximum mm/day 80 1000
bmx B store reference maximum mm/day 500 2500
fmx F store reference maximum mm/day 200 900
fs Surface infiltration parameter - 0.05 400
td F store recharge parameter - 1 1500
alphaa A store discharge parameter - 0.001 10
alphab B store discharge parameter - 0.001 10
alphac Surface saturation parameter - 0.0001 10
alphaf Subsurface infiltration parameter - 0.001 10
alphag Throughfall parameter - -0.2 0.2
alphass Subsurface saturation parameter - 0.1 11
betaa A store discharge parameter - 0.01 10000
betab B store discharge parameter - 0.00001 10
betaf Subsurface infiltration parameter - 0.001 10
betag Throughfall parameter - 0 0.2
gammaa A store evaporation parameter - 0.001 10
gammab B store evaporation parameter - 0.1 1
gammaf F store evaporation parameter - 0.1 0.7
deltab B store evaporation parameter - 0.1 5
deltaf F store evaporation parameter - 0.3 1
mu upslope perching parameter - 0.01 0.99
4 Methods

4.1 Model simplification method
4.1.1 Overview

The simplification of LASCAM followed a stepwise process aimed at reducing calibration complexity while preserving the
model’s existing formulation. This was particularly important because LASCAM is currently used in water resource
management applications in SWWA, where maintaining consistency with the operational model is desirable. Accordingly,

simplification was implemented by fixing selected parameters at default values, rather than by removing stores, fluxes, or

6
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other conceptual components. This strategy reduced the number of parameters requiring calibration while retaining the
original model structure, thereby limiting the risk that simplification would cause substantial changes in simulated
hydrological behaviour.
The workflow built on established sensitivity and calibration-based methods where possible (Fig. 3). Starting from
140 LASCAM22, the method addressed three linked questions: (i) which parameters have low influence on model performance,
analysed using Sobol sensitivity analysis (Sect. 4.1.2); (ii) can these low-sensitivity parameters be fixed at suitable default
values, analysed using pairwise parameter sampling (Sect. 4.1.4); and (iii) how does model performance change as
parameters are progressively fixed, analysed using stepwise parameter-fixing calibration (Sect. 4.1.5). The final simplified
configuration was selected from the reduced-parameter configurations generated in Step 3, based on whether further

145 parameter fixing led to meaningful performance loss relative to the reduction in calibration dimensionality.

LASCAM22 baseline
(22 parameters freely calibrated)

}

1. Sensitivity analysis (§4.1.2)

Rank the 22 parameters by their influence on model
performance using Sobol sensitivity analysis.

l

2. Default value selection (§4.1.4)

Use pairwise parameter sampling to identify suitable
default values for parameters considered for fixing.

l

3. Stepwise parameter-fixing calibration (§4.1.5)

Fix one additional parameter at its default value in each
step and recalibrate the remaining free parameters.

}

Selected simplified configuration
(reduced number of calibrated parameters)

Figure 3. Overview of the LASCAM simplification workflow. Starting from the LASCAM22 baseline, the method included three steps:
sensitivity analysis, default-value selection, and stepwise parameter-fixing calibration. The final simplified configuration was selected
150 based on performance across the reduced-parameter configurations.
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4.1.2 Step 1: Sensitivity analysis

The first step of the simplification framework was to identify which LASCAM?22 parameters had limited influence on model
performance. Sobol sensitivity analysis was used for this purpose because it provides a global assessment of parameter
influence across the full parameter space and accounts for interactions among parameters (Saltelli et al., 2010). This was
important for LASCAM because the model contains multiple interacting storage and flux processes, and parameter effects
may therefore be nonlinear or dependent on the values of other parameters.

The Sobol method estimates how much of the variation in model performance can be attributed to each parameter. Parameter
influence was ranked using the total-order Sobol index, which accounts for both the direct effect of each parameter and its
interactions with other parameters. Parameters with consistently low total-order indices across catchments were considered
to have limited influence on model performance and were therefore treated as candidates for fixing in later simplification
steps (Sect. 4.1.4).

In this study, the sampling size was chosen to balance the stability of the sensitivity estimates with the computational cost of
running LASCAM?22. This resulted in approximately 150,000 model realisations, with each realisation evaluated using the

bounded Trotter score as the objective function (described in Sect. 4.1.3).

4.1.3 Performance metrics and objective functions

Model performance was evaluated using Trotter-based metrics, with NSE-Bias and percent bias (PBIAS) used as
supplementary checks on bias-penalised efficiency and volumetric error (Table 2). The Trotter score was used as the base
metric because it combines performance for untransformed streamflow, low-flow behaviour, and volumetric bias into a

single measure (Trotter et al., 2023):
1
Trotter = - (KGEq + KGEgo2) — 5+ |In(B + 1)|** )

where KGE, is the Kling-Gupta efficiency (KGE; Gupta et al., 2009) based on untransformed streamflow, KGE 0.2 is the
KGE based on the fifth root transformed streamflow, and B denotes the volumetric bias between simulated and observed
streamflow.

Two Trotter-based formulations were used for different parts of the workflow. Bounded Trotter was used for the Sobol
sensitivity analysis because raw Trotter values can become very large magnitude negative numbers, which may dominate
variance-based sensitivity estimates. Trotter scores were therefore transformed to the bounded range (-1, 1) using the C2M

transformation of Mathevet et al. (2006):

Trotter

Bounded Trotter = ———
2-Trotter

2
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Split-Trotter was used for calibration-based experiments because it reduces the tendency for calibration procedures to
prioritise wetter years at the expense of dry-year performance (Fowler et al., 2018a), by calculating the Trotter separately for

each year and then averaging across years:

NumYears
Yic1 Trotter;

Split Trotter = 3)

> NumYears

Note that Split-Trotter was not used in the Sobol sensitivity analysis because calculating annual Trotter scores for every
Sobol model evaluation would substantially increase computational cost. Bounded Trotter was therefore used as a practical
alternative for parameter ranking, with the later calibration experiments using Split-Trotter to test the effect of fixing low-
sensitivity parameters.

We also calculated NSE-Bias as a supplementary metric, which was calculated by combining the Nash-Sutcliffe Efficiency

(NSE) with the same volumetric bias penalty used in the Trotter score, which was originally proposed by Viney et al. (2009):
NSE Bias = NSE — 5 |In(B + 1)|%° .

PBIAS is another supplementary metric, mainly used in the split sample test (Sect. 4.2). It directly measures volumetric bias,
which is important for water resource applications where systematic over- or under-estimation of total streamflow can affect

estimates of water availability. PBIAS was calculated as:

PBIAS(%) _ 2i=1(Qsim,i—Qobs,i) % 100 (5)

n
Yi=1Qobs,i

Table 2. Objective functions and supplementary metrics used in the LASCAM simplification and evaluation workflow.

Metric / Objective
S Used in Reason for use
Bounded Trotter Sobol sensitivity analysis (Sect. 4.1.2) Provides a bounded output for variance-based
sensitivity analysis and avoids very large
negative Trotter values dominating sensitivity
estimates.
Split Trotter Default-value selection (Sect. 4.1.4); Gives each year equal weight, reducing the
Stepwise parameter-fixing calibration (Sect. | tendency for calibration to be dominated by wet
4.1.5); Split sample test (Sect. 4.2) years.
NSE Bias Stepwise parameter-fixing calibration (Sect. | Provides a bias-penalised NSE-based check on
4.1.5); Split sample test (Sect. 4.2) model performance.
PBIAS Split sample test (Sect. 4.2) Directly quantifies volumetric over- or under-
estimation of total streamflow.
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4.1.4 Step 2: Default-value selection

Step 2 identified suitable default values for the low-sensitivity parameters identified in Step 1, before their effect was tested
through stepwise parameter-fixing calibration in Step 3. We did not take these values directly from the optimised values for
LASCAM?22 for any single catchment, because the aim was to identify values that were broadly suitable across a variety of
catchments. Instead, default values were selected using pairwise parameter sampling and behavioural regions across
catchments. The overall logic of this section is that the parameters to be fixed and the values to which they are fixed should
be chosen based on evidence that the fixing can be compensated for by another parameter that is still free. The method is
thus focussed on seeking and collating this evidence across catchments. The procedure is summarised in Fig. 4.

The first part of the procedure used the Sobol sensitivity ranking results to define two parameter groups for pairwise testing
(Fig. 4a). Parameters at the lower end of the sensitivity ranking (i.e., least sensitivity) were considered for fixing and paired
with a remaining (i.e., free) parameter.

Pairwise sampling was then conducted only across these two groups (Fig. 4b). For each catchment, an optimised parameter
set from the LASCAM22 calibration was used as the reference parameter set, with the calibration procedure described in
Sect. 4.1.5. For each cross-group parameter pair, the two selected parameters were varied across their allowed ranges, while
the remaining 20 parameters were fixed at their calibrated LASCAM?22 values for that catchment. Each pair was sampled
using 50 values for each parameter, giving a 50 x 50 grid of 2,500 parameter combinations. Note that sampling was
conducted on the original parameter scale for most parameters, but in log space for parameters whose upper bound was more
than 1000 times larger than the lower bound.

Behavioural samples were retained from each pairwise sample grid. A sampled combination was classified as behavioural if
it fell within the top 5% of model realisations for that parameter pair and achieved at least 80% of the LASCAM22 optimum
for the corresponding catchment. These criteria retained parameter combinations that performed well relative to the
catchment-specific baseline, while allowing some flexibility around the optimum.

The behavioural samples were then compared across catchments to select default values (Fig. 4c). For each parameter being
considered for fixing, we searched for a value that lay within a stable behavioural region across most catchments when
paired with one retained calibrated parameter. This indicated that the parameter could be fixed at a shared value without
compromising performance in any of the catchments tested. Where no robust default value could be identified, the parameter
was kept free initially and moved later in the fixing order. This reduced the risk that unsuitable default values would cause

performance loss during the early stages of the stepwise fixing experiment.

10
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Choose the shared default value where
behavioural regions overlap or are
broadly consistent across catchments.

All other parameters
fixed at calibrated
LASCAM22 values.

Use the Sobol ranking to define two
groups for pairwise testing

G /N

Figure 4. Procedure used to select default values based on intersection of behavioural regions across catchments. The overall idea is that
parameters to be fixed and the values to which they are fixed should be chosen based on evidence that the fixing can be compensated for
by another parameter that is still free. (a) The Sobol sensitivity ranking was used to define two parameter groups for pairwise testing:
parameters considered for fixing and parameters retained for calibration. (b) Pairwise sampling was conducted across these groups, and
behavioural samples were identified for each parameter pair. (c) Behavioural regions were then compared across catchments to select
shared default values. A shared default value indicated that the paired parameter could compensate across all catchments.

1
:
!
AN Y,

4.1.5 Step 3: Stepwise parameter-fixing calibration

Step 3 tested whether the low-sensitivity parameters could be fixed at their selected default values without substantially
degrading model performance. After assigning default values to the candidate fixed parameters in Step 2, we evaluated their
effect through a baseline calibration followed by a sequence of reduced-parameter recalibrations.

The baseline used LASCAM?22 for each study catchment and provided the performance reference against which the reduced-
parameter calibrations were compared. Using this baseline as the reference, we then evaluated the effect of fixing low-
sensitivity parameters through a stepwise recalibration procedure (Fig. 5). Candidate fixed parameters were fixed one at a
time, beginning with the least sensitive parameter according to the final fixing order and using the default values identified in
Step 2. The procedure was cumulative, meaning that parameters fixed in earlier steps remained fixed in later steps. After
each fixing step, we recalibrated the model using only the remaining free parameters. This reduced the number of calibrated
parameters by one at each step and generated a sequence of reduced-parameter configurations. For example, the 21-
parameter model fixed only the least sensitive parameter, while the 20-parameter model fixed the two least sensitive
parameters.

The LASCAM?22 baseline calibration also provided the reference parameter sets used in the pairwise sampling procedure

described previously. For each candidate model, calibration was conducted using all available data from the corresponding

11
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catchment. A warmup period of 30 years was used to allow sufficient time for slow-responding model stores, particularly the
deep groundwater storage (B store), to equilibrate prior to performance evaluation (Zhang et al., 2026).

We adopted the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) as the optimisation algorithm, following the
recommendation of Arsenault et al. (2014), due to its strong performance in calibrating hydrological models with large
parameter spaces and complex parameter interactions. To reduce the risk of convergence to local optima, we repeated the
calibration 30 times for each catchment, each time with different random seeds. The parameter set yielding the highest
objective function value was retained for each configuration.

At each fixing step, model performance was evaluated using the Split-Trotter objective function and compared with the
corresponding LASCAM?22 baseline, with NSE-Bias used as a supplementary performance metric. A reduced-parameter
configuration was considered acceptable if fixing parameters caused little or no decline in model performance. Note that the
above procedure was applied to all catchments in the wider sample, even though the process depicted in Fig. 4 was only

undertaken for the seven primary catchments.

Split trotter (obj fn)
Value

NSE Bias

22 217 20 19 18 17 16 15 14 13 12 Number of parameters

Figure S. Schematic example of the stepwise fixing with recalibration process. Beginning with LASCAM?22, low-sensitivity parameters
are progressively fixed, leaving a reduced number of free parameters. At each step, the remaining parameters are recalibrated using the
Split-Trotter as objective function and model performance is also assessed using NSE-Bias.

4.2 Evaluation framework for adopted model

After selecting the simplified LASCAM, we evaluated it and LASCAMZ22 using a split-sample test. GR4J and Sacramento
were also included as reference models, providing context for interpreting LASCAM performance relative to other rainfall-
runoff models commonly used in Australia. This evaluation assessed model performance outside the calibration period using
the wider catchment sample. Note that all calibrations were to a single catchment at a time (i.e. no regional or multi-
catchment calibrations were undertaken).

For each catchment and model, calibration was performed using runoff observations before 2011, and validation was
conducted using runoff observations from 2011 onwards. The period after 2011 was typically drier than the preceding
period. The models were run continuously across the available record, with performance calculated separately for the

calibration and validation periods. The calibration settings followed those described in Sect. 4.1.5.

12



275

280

285

290

295

https://doi.org/10.5194/egusphere-2026-4407
Preprint. Discussion started: 12 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

The split-sample test was not used to select the simplified LASCAM configuration, because its results can depend on how
the available record is divided into calibration and validation periods. We also acknowledge that other split-sample designs
are possible, including bootstrap-based resampling, odd-even year splits, and differential split-sample tests (e.g., Arsenault et
al., 2018; Coron et al., 2012; Essou et al., 2016; Klemes, 1986). Here, we used a single chronological split to provide a
consistent final evaluation across the wider catchment sample, and the simplified configuration was selected using the

analyses described in Sect. 4.1.

5 Results
5.1 Sobol sensitivity ranking

The Sobol sensitivity analysis indicated that the influence of the 22 LASCAM parameters was highly uneven, with
sensitivity concentrated in a small subset of parameters (Fig. 6). The total-order sensitivity ranking identified amn as the
most influential parameter on average across the seven primary catchments, while alphag showed the lowest average
sensitivity.

Although the overall ranking was not identical across all catchments, the group of low-sensitivity parameters was broadly
consistent. Based on the average total-order ranking, the ten lowest-ranked parameters were selected as the initial group
considered for fixing: alphag, betaa, alphac, gammab, alphass, betab, deltaf, bmx, deltab, and betaf. The remaining 12
parameters were retained for calibration during the pairwise default-value testing. This 10:12 split was used as a practical
starting point rather than a hard sensitivity threshold. It captured the parameters with consistently small total-order effects
while testing a substantial potential reduction in calibration dimensionality from 22 to 12.

Total-order sensitivity (ST)
amn

alphag gammaa

betaa 608007
609002
610001
gammab amx 613002

614030
td 616001

617058

alphac gammaf

alphass

betab

deltaf

alphab

deltab betag

betaf Fmx alphaf

Figure 6. Total-order Sobol sensitivity indices (ST) for the 22 LASCAM parameters across the seven primary catchments, ranked from the
top axis (0°) clockwise by average sensitivity, showing strongest sensitivity to amn and broadly consistent low-sensitivity parameters
across catchments.
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5.2 Parameter pairings and default values

The pairwise behavioural analysis identified robust pairings and default values for seven of the ten candidate fixed
parameters (Table 3), indicating potential for fixing these parameters with minimal loss in performance. For these
parameters, the behavioural samples showed overlapping acceptable range across most or all of the seven primary
catchments, suggesting that the paired parameter could compensate regardless of the catchment, provided the default value
was chosen to be in that range (e.g., alphac can be fixed at 1 as shown in Fig. 7a and 7b). In cases where overlap was not
achieved across all seven catchments, the result was interpreted with some flexibility, because the overlap depends partly on
the criteria used to define behavioural samples (Sect. 4.1.4). For example, the deltaf - gammaf pair showed overlap across six
catchments, with the remaining catchment (617058) located close to the overlapping region (Supplement Fig. S6). This
suggests that a slightly less restrictive behavioural threshold may have produced overlap across all seven catchments. In such
cases, the selected default value was chosen from within the main overlapping range, but positioned closer to the behavioural

range of the non-overlapping catchment where possible.

Table 3. Parameter pairings, adopted default values, and adjusted fixing order for the ten candidate fixed parameters.

Candidate fixed Sobol sensitivity Adopted default Paired retained Adjusted fixing
parameter rank value parameter order
alphag 22 -0.14 betag 1
betaa 21 50 alphaa 2
alphac 20 1 mu 3
gammab 19 / / 8
alphass 18 8 td 4
betab 17 0.5 alphab 5
deltaf 16 0.5 gammaf 6
bmx 15 2500 alphaf 7
deltab 14 / / 9
betaf 13 / / 10

In contrast, no robust default value could be identified for gammab, deltab and betaf. Across the tested pairings, several
catchments showed incompatible behavioural regions, which means no single value could satisfy most catchments
simultaneously. For example, in Fig. 7c and 7d, the acceptable range of gammab differs largely between the two catchments,
indicating limited overlap and no robust default value could be assigned for gammab. Although gammab was ranked as a
relatively low-sensitivity parameter (Fig. 6), it was moved later in the fixing order to avoid fixing it early at a poorly

supported value. The same reasoning was applied to deltab and betaf.
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The pairwise analysis also suggested that the original upper bounds for bmx and ¢d may have been restrictive (Supplement
Figs. S4 and S7). Behavioural samples for these parameters tended to occur near the upper end of their feasible ranges,
indicating that larger values may be appropriate in future calibration experiments. Full pairwise behavioural analysis results

are provided in the Supplement S1.
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Figure 7. Example pairwise behavioural analysis for candidate fixed parameters across catchments. The top row shows alphac paired with
mu for catchments (a) Serpentine River and (b) Margaret River, while the bottom row shows gammab paired with gammaa for (c) Scott
River and (d) Margaret River. The red point represents the baseline optimum (Sect. 4.1.5), and black-edged points indicate behavioural
parameter samples satisfying the selection criteria. The top row suggests relatively high potential to assign alphac = 1, whereas the bottom
row shows limited overlap in acceptable gammab values, indicating that no robust default could be assigned for gammab.

5.3 Sequential parameter-fixing calibration

As explained in Sect. 4.1.5, the 22-parameter configuration represents the baseline calibration, where all parameters were
freely calibrated. Each subsequent configuration fixed one additional parameter according to the fixing order in Table 3 and
recalibrated the remaining free parameters. For example, the 21-parameter configuration fixed the first fixing parameter,
alphag, at its adopted default value of -0.14, while the remaining 21 parameters were recalibrated. This process continued

across other parameters in a cumulative fashion using the adjusted fixing order from Table 3. Although robust default values

15



335

340

345

https://doi.org/10.5194/egusphere-2026-4407
Preprint. Discussion started: 12 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

could not be identified for gammab, deltab, or betaf, provisional values were assigned for the purposes of testing these
parameters in the full stepwise calibration procedure. Specifically, gammab was fixed at 0.2, deltab at 0.3, and betaf at 3,
with these values selected to fall within the behavioural regions observed across the tested pairings.

Across the 76 catchments, the distribution of Split-Trotter values remained broadly similar as the number of calibrated
parameters was reduced from 22 to 14 (Fig. 8). The median Split-Trotter declined gradually as more parameters were fixed,
but the reduction between the 22-parameter baseline and the 14-parameter configuration remained below 0.1. The spread and
median drop became larger in the 13- and 12-parameter configurations, suggesting that extending the reduction beyond 14
calibrated parameters caused a more noticeable loss of performance. This decline coincided with fixing deltab and betaf, for
which robust default values could not be identified in the parameter-pairing results. NSE-Bias showed a similar gradual
reduction in median performance, with a median decline of less than 0.1 up to the 14-parameter configuration. However, the
spread in NSE-Bias was more stable only up to the 15-parameter configuration, suggesting that the 15-parameter

configuration provides a slightly more robust simplification when both performance metrics are considered.

76 SWWA catchments

1.0

0.8

0.4 4

0.2 A L

Split-Trotter

0.0 4

—0.2 (a)

1.0

0.8

NSE-Bias
=} =
FcY [s]

o
8]
|

0.0 A (b)

Figure 8. Distribution of (a) Split-Trotter and (b) NSE-Bias across the 76 SWWA catchments for each reduced-parameter LASCAM
configuration.
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The spatial results further show that the effect of parameter reduction was largely consistent with the baseline performance
pattern (Fig. 9). Catchments that performed relatively poorly under the 22-parameter baseline generally continued to perform
poorly under the simplified configurations (e.g., consistently red catchments), while catchments with stronger baseline
performance tended to remain better performing after simplification. This suggests that the simplified configurations did not
substantially alter the spatial pattern of model performance; instead, much of the variation appears to reflect catchment-
specific modelling difficulty already present in the baseline model. The corresponding NSE-Bias results are consistent with
this interpretation (Supplement Fig. S8).

Overall, the sequential parameter-fixing results support reducing LASCAM from 22 to 15 calibrated parameters as a robust
simplification, with limited loss of performance across the study catchments. The 14-parameter configuration also remained
viable and may be acceptable where stronger dimensionality reduction is required, but the larger spread in NSE-Bias at 14
parameters indicates that retaining 15 calibrated parameters provides a more stable compromise between parsimony and

performance retention.

22pars 19pars 17pars

. Split Trotter .

Figure 9. Spatial distribution of Split-Trotter values for selected LASCAM configurations (22-, 19-, 17-, 15-, 14- and 13-parameter)
across the 76 SWWA catchments. Colours indicate Split-Trotter performance, with blue representing higher values and red representing
lower (negative) values.
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5.4 Final adopted reduced LASCAM configuration

Based on the sequential parameter-fixing calibration results, the 15-parameter configuration was adopted as the final reduced
version of LASCAM. This configuration provided a robust compromise between reducing calibration dimensionality and
retaining model performance across the study catchments. The fixed and calibrated parameters in the adopted LASCAM15
configuration are listed in Table 4 (note that Sect. 6.1 discusses these fixed parameters with respect to catchment processes).
The adopted LASCAMI15 configuration was then used in the split-sample test to evaluate whether the reduced model

retained robust performance under independent calibration and evaluation periods.

Table 4. Parameter specification of the adopted LASCAMI15 configuration. The table lists the LASCAM22 parameters, their status in
LASCAM1S, fixed default values where applicable, and calibration ranges for parameters retained for calibration. Note that Sect. 6.1

discusses these fixed parameters with respect to catchment processes.

EGUsphere\

Parameters Definition Status Defaults Min Max
amn A store reference minimum [mm/day] calibrated 0 500
amx A store reference maximum [mm/day] calibrated 80 1000
fmx F store reference maximum [mm/day] calibrated 200 900
fs Surface infiltration parameter calibrated 0.05 400
td F store recharge parameter calibrated 1 1500*
alphaa A store discharge parameter calibrated 0.001 10
alphab B store discharge parameter calibrated 0.001 10
alphaf Subsurface infiltration parameter calibrated 0.001 10
betaf Subsurface infiltration parameter calibrated 0.001 10
betag Throughfall parameter calibrated 0 0.2
gammaa A store evaporation parameter calibrated 0.001 10
gammab B store evaporation parameter calibrated 0.1 1
gammaf F store evaporation parameter calibrated 0.1 0.7
deltab B store evaporation parameter calibrated 0.1 5

mu upslope perching parameter calibrated 0.01 0.99
bmx B store reference maximum [mm/day] fixed 25002

alphac Surface saturation parameter fixed 1

alphag Throughfall parameter fixed -0.14

alphass Subsurface saturation parameter fixed 8

betaa A store discharge parameter fixed 50

betab B store discharge parameter fixed 0.5

deltaf F store evaporation parameter fixed 0.5

2These values were identified as potentially expandable based on the calibration results.
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5.5 Split sample test

The split-sample test further supported the robustness of the adopted LASCAMI1S5 configuration (Fig. 10). Although
LASCAMI15 showed a small reduction in calibration performance compared with LASCAM22, LASCAM15 performed
better than LASCAM?22 in validation, with higher median performance and a narrower spread for the main metrics. This
result suggests that the reduced parameter set was not only computationally simpler, but also transferred well to an
independent validation period. Both LASCAM configurations also continued to outperform GR4J and Sacramento,
demonstrating the stronger robustness of the LASCAM structure under independent evaluation conditions.

Although it is pleasing that LASCAM22 outperformed the other models, all models tested performed poorly overall,
consistent with prior split sample tests conducted in Australia (e.g., Fowler et al., 2018a). Performance declined substantially
for all models during the post-2011 validation period, showing that this period provided a challenging out-of-sample test.
Furthermore, GR4J and Sacramento attained poor scores even in calibration (relative to the LASCAM variants), with median
Split Trotter scores of 0.4 and 0.5, respectively, and median NSE-bias scores of 0.72 and 0.68, respectively. The lower
scores for Split Trotter may be because the performance in every year is weighted equally, pulling down the overall score,
which is not the case for the NSE-bias objective function.

Overall, the split-sample results show that LASCAMI1S5 provides a strong compromise between model performance,
robustness, and computational efficiency. It retains most of the calibration strength of LASCAM22, performs better than
GR4J and Sacramento in both calibration and validation, and most importantly it outperforms its parent model in validation
in the context of split sample testing on a period that is significantly drier. This last result is particularly important for the
management context the model is intended to support, in which a persistent drying has occurred and is expected to intensify

in future.
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Figure 10. Split-sample test results for GR4J, Sacramento, LASCAM?22, and the adopted LASCAM15 configuration across the 76 wider
sample of catchments. Panels show Split-Trotter (a, b), NSE-Bias (c, d), and PBIAS (e, f) during the pre-2011 calibration period and post-
400 2011 validation period.
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6 Discussion
6.1 Parameter sensitivity and implications for LASCAM structure

The main implication of the simplification results is that much of the LASCAM’s calibration burden could be reduced
without changing the model’s core hydrological structure. The parameters fixed in LASCAM15 were mainly associated with
scaling, offset, or curvature terms within existing LASCAM flux equations, rather than with the removal of major
hydrological pathways. This distinction is important: fixing a parameter does not mean that the related process is removed
from the model. Instead, the process remains active, but one degree of freedom in how that process varies between
catchments is constrained using a default value. In LASCAMI15, throughfall adjustment, surface and subsurface saturation-
excess runoff, A- and B-store discharge, and F-store evaporation are all retained, but selected components of their
parameterisation are fixed (Table 5). More specifically, fixing parameters such as alphaq, alphac, and alphass constrains
baseline throughfall and the rate at which saturated areas expand, but the corresponding runoff-generation pathways remain
represented. Similarly, fixing betaa and betab reduces flexibility in the magnitude scaling of A- and B-store discharge, while
other parameters controlling store behaviour and relative response remain calibrated. In this sense, the simplified model
preserves the main water balance structure while reducing parameter freedom in parts of the model that previously over
parameterised.

The sensitivity results should therefore be interpreted as evidence of limited parameter identifiability rather than physical
irrelevance. Some fixed parameters may still represent meaningful hydrological controls, but their catchment-specific values
were either secondary for streamflow simulation, partly compensated by other calibrated parameters, or very similar across
the SWWA catchments considered here. This supports the use of LASCAMI15 as a structurally conservative simplification:

calibration dimensionality is reduced, but the main stores and flux pathways of the original LASCAM structure are retained.
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Table 5. Process interpretation of parameters fixed in the adopted LASCAM15 configuration.

Fixed Role in the flux equations Remaining flexibility in LASCAM15 and
parameter interpretation
alphag Controls the additive component of the throughfall Throughfall adjustment is retained because
relationship, before rainfall is converted to effective betag remains calibrated, but one degree of
throughfall (Appendix B, Eq. B1). freedom in the rainfall-to-throughfall
conversion is fixed.
bmx Defines relative B-store storage, which is then used in Slow-storage dynamics are retained because
B-store discharge, B-store evaporation, and subsurface | alphab, gammab, deltab, and related B-store
infiltration capacity (Appendix B, Egs. B4, B11, B23, flux controls remain calibrated, but the
B25). storage-capacity scaling of the B store is
fixed.
alphac Controls the surface saturated-area fraction, which The surface runoff pathway remains active,
determines the portion of throughfall contributing to but calibrated flexibility in surface saturated-
surface saturation-excess runoff and infiltration area expansion is reduced.
partitioning (Appendix B, Eqs. BS, B9, B10, B12, B13,
B14).
alphass Controls the subsurface saturated-area fraction, which The subsurface saturation mechanism is
affects subsurface saturation-excess runoff, infiltration retained, but its saturated-area scaling is
partitioning and recharge from A store to B store fixed.
(Appendix B, Egs. B7, B13, B14, B17).
betaa Scales discharge from the A store, which contributes Fast/intermediate runoff response from the A
directly to simulated streamflow (Appendix B, Eq. B6). | store is retained because alphaa remains
calibrated, but one discharge-scaling degree
of freedom is fixed.
betab Scales discharge from the B store, which contributes to | Slow-store discharge remains represented
slower storage-controlled water movement (Appendix because alphab remains calibrated, but one
B, Eq. B23). discharge-scaling degree of freedom is fixed.
deltaf Controls the curvature of the relationship between F-store evaporation remains active because
relative F-store storage and F-store evaporation gammaf remains calibrated, but the storage-
limitation (Appendix B, Eq. B21). dependent shape of this evaporation response
is fixed.
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6.2 Retention of vegetation water use and long-term storage processes in LASCAM1S

Beyond overall streamflow performance, an important question is whether LASCAMI1S5 retains the process features that
motivated the use of LASCAM in the first place. Previous work showed that LASCAM has strengths in representing both
evapotranspiration behaviour and longer-term storage dynamics. Burns et al. (2025) showed that the evapotranspiration
formulation used in LASCAM matches flux tower AET better because Australian AET commonly remains permanently
below PET (even under optimal moisture) and the LASCAM formulation suits this because it avoids the common
assumption that AET always equals PET under moist conditions. This reduces over-extraction of water and better captures
the dynamics between soil moisture and evapotranspiration. For this reason, two features are particularly important: the
ability to restrict AET below PET even under high soil moisture conditions, and the concave non-linear relationship between
AET and relative soil moisture which makes AET less sensitive to soil moisture changes.

These features are largely retained in LASCAMI1S5. For B store (the deep groundwater store), the evapotranspiration
formulation remains unchanged, with both deltab and gammab retained as calibrated parameters. This means that both the
curvature of the soil moisture-AET relationship and the control that allows AET to remain below PET are preserved as
catchment-specific degrees of freedom. For the F store, deltaf is fixed, which standardises the curvature of the F-store
evaporation response, but gammaf remains calibrated. Therefore, the simplified model still retains the ability to limit AET
below PET, although one aspect of the dynamic soil moisture-evapotranspiration relationship is constrained.

LASCAMI15 also retains the structural features previously identified as important for representing multi-annual storage
dynamics. Zhang et al. (2026) showed that LASCAM satisfied all the three structural components for capturing longer-term
storage behaviour, and these components are preserved in LASCAMI1S5 because no stores or major flux pathways were
removed. The simulated B-store storage in Record Brook (608007) provides an example of this continuity (Fig. 11a).
Although LASCAM15 and LASCAM22 do not produce identical absolute B-store storage values, this is not required
because the B-store is a conceptual storage state whose magnitude depends on the calibrated parameter set. The more
important comparison is whether the reduced model preserves the temporal behaviour and low frequency dynamics of the
deep-storage system. In this case, LASCAMIS5 follows a similar seasonal cycle and long-term declining trajectory to
LASCAM?22, indicating that the reduced configuration retains the broad deep-storage dynamics of the 22-parameter
baseline.

This storage behaviour is also broadly consistent with the available groundwater observations near Record Brook (e.g., the
Lewin North control groundwater bores, Fig. 11b). Although monitoring was mostly discontinued after 1994 and only
resumed sporadically after 2016, the Lewin North control bores show much lower groundwater level in the recent record
than during the earlier monitoring period (George et al., 2025). This observed long-term decline is consistent with the
declining B-store storage simulated by both LASCAM?22 and LASCAMIS5. This provides supporting evidence that both
configurations can represent the multi-annual storage dynamics observed in the region, and that LASCAMI15 retains this

long-term memory behaviour despite its reduced parameter dimensionality.
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Figure 11. Comparison of simulated deep groundwater dynamics and observed groundwater levels near Record Brook (608007). Panel (a)
shows simulated B-store storage from LASCAM22 and LASCAM1S5. Panel (b) shows groundwater levels from the Lewin North control
bores, adapted from George et al. (2025). Gaps in the groundwater record longer than 180 days are shown as dashed lines.

6.3 Extrapolating hydrological models to future conditions

The split-sample test results support LASCAMI15 as a robust reduced configuration, but they also show that extrapolating
rainfall-runoff models to drier conditions remains difficult. In the post-2011 validation period, LASCAM15 performed better
than LASCAM22, GR4J, and Sacramento, indicating that the reduced configuration transferred well relative to the other
models tested. However, all models showed lower validation performance than calibration performance, and even
LASCAMI15 overestimated streamflow by approximately 20% (median across catchments). This pattern is consistent with
previous studies showing that rainfall-runoff models often lose performance when applied to climatic conditions that differ
from those used for calibration, particularly when validation periods are drier (e.g., Vaze et al., 2010; Coron et al., 2012,
2014; Saft et al., 2016).

The remaining validation bias should therefore not be interpreted simply as evidence that LASCAMI1S5 is unsuitable for
future planning under climate change. The strong calibration performance of LASCAMIS5 (i.e., outperforming GR4J and
SACRAMENTO) confirm that the model is quite flexible in being able to transition between wetter and drier years within
the calibration period, as seen by the performance scores which focus on this aspect (see the description of the Split-Trotter
objective function in Sect. 4.1.3). However, the validation results suggest more improvement is needed to be able to

transition to an independent period that is drier still. As Fowler et al. (2018b) noted, poor model transfer under changing
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climatic conditions can arise not only from model structural issues but also from other issues such as calibration strategy.
Given the emphasis here on LASCAMIS5 retaining the existing representation of vegetation water use and long-term storage
dynamics in the original model, perhaps the calibration strategy should become the focus for further improvement.

Future work should therefore test whether LASCAM15 can be better constrained for drying conditions through revised
calibration approaches. Split-Trotter already reduces the dominance of wet years by evaluating model performance
separately for each year, but it still calibrates the model using streamflow information alone. This may not be sufficient to
constrain the internal processes that control model transfer under drying, particularly vegetation water use and longer-term
groundwater storage dynamics (e.g., Burns et al., 2025; Zhang et al., 2026). Multi-objective calibration could therefore be
used to incorporate additional constraints from flux-tower evapotranspiration and groundwater-level observations. A key
challenge is to develop ways of generalising this information across space, since few flux towers nor groundwater wells exist
within gauged catchments in our dataset, while Gravity Recovery and Climate Experiment (GRACE) data present the
opposite challenge of being an inherently regional product. In any case, the training of the model on these non-streamflow
observations—particularly as they relate to multi-annual behaviour—may improve the ability of models such as

LASCAMIS5 to transfer to future drying conditions.

6.4 Broader implications and recommendations

For complex conceptual models that are already used in applied or operational settings, simplification is not only a technical
exercise but also a question of model continuity and usability. Changing the model structure by removing stores or flux
pathways can alter model behaviour in ways that are difficult to diagnose and may reduce confidence among existing users.
Parameter fixing offers a more conservative pathway: it reduces the number of free calibration dimensions while keeping the
original equations and process pathways intact. More broadly, this approach can help identify which parts of a model require
catchment-specific calibration and which can be represented using common default values.

This does not mean that parameter fixing is the only useful simplification pathway. Process simplification is an alternative
approach and may be appropriate where particular flux pathways or stores are shown to be redundant, weakly identifiable, or
unnecessarily complex. For LASCAM, features linked to evapotranspiration and longer-term storage dynamics should be
treated cautiously because they are central to the model’s value under prolonged dry conditions. Other components, such as
the separate infiltration-excess and saturation-excess runoff pathways, could be tested more directly in future work. More
exploratory hybrid structures, such as retaining LASCAM’s storage and evapotranspiration formulations while testing
simpler partitioning schemes, may also help identify which structural features are essential.

Finally, broader application of LASCAM15 requires testing beyond SWWA. The fixed default values and retained calibrated
parameters were identified under SWWA hydroclimatic conditions, so their transferability to wetter, more seasonal, or more
strongly regulated catchments remains uncertain. Future work should test whether the same simplified configuration is
suitable across other Australian regions, or whether region-specific fixed values and parameter sets are needed for national-

scale use.
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7 Conclusions

This study developed a simplified version of LASCAM, namely LASCAMI1S5, to reduce calibration burden while retaining
the model structure that makes it useful for representing catchment response under prolonged dry conditions. The
simplification used the latest version of LASCAM (LASCAM?22) as the starting point, then applied sensitivity analysis,
parameter default-value testing, and stepwise parameter-fixing calibration to identify a more parsimonious configuration.
This approach simplified the calibration problem while preserving the main LASCAM stores and flux pathways.
LASCAMIS retains 15 calibrated parameters and fixes seven lower-sensitivity parameters using default values that were
shown to work well across catchments. In this way, LASCAMI1S5 reduces unnecessary degrees of freedom while keeping
flexibility in the parts of the model where catchment-specific behaviour remains important. The stepwise parameter-fixing
calibration supported this configuration as the best balance between dimensionality reduction and performance retention.

The split-sample test showed that LASCAMI5 retained most of the calibration strength of LASCAM?22 and outperformed
GR4J and Sacramento in both calibration and validation. Its stronger validation performance than LASCAM?22 further
showed that the reduced configuration remained robust under independent evaluation conditions and may indicate over
parameterisation in the original model. Overall, LASCAM15 provides a more parsimonious, computationally efficient, and

practical version of LASCAM for catchment modelling applications under a drying climate.

Appendix A

Appendix A summarises the relationship between the 28-parameter eWater Source version of LASCAM, referred to as
LASCAM2S, and the 22-parameter formulation used in this study, referred to as LASCAM?22. Both versions were pre-
existing to this study, and have the same overall structure but have differing degrees of complexity. In addition to rainfall
and potential evapotranspiration as climate inputs, LASCAM28 uses LAI and the proportion of impervious area, to better
represent land-use change and urbanisation. The definitions, feasible ranges, and units of the LASCAM28 parameters are
provided in Table A1, which mirrors Table 1 for LASCAM22. The key differences between LASCAM28 and LASCAM?22

are summarised in Table A2.
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Table Al. The definition, feasible range and units for each parameter in LASCAM2S.

Parameters Symbol Definition Units Min Max
amn Anmin A store reference minimum mm/day 0 500
amx Amax A store reference maximum mm/day 80 1000
bmx Bmax B store reference maximum mm/day 500 2500
fmx Frmax F store reference maximum mm/day 200 900
150 fso Surface infiltration parameter - 0.001 200
dfs fs1 Surface infiltration parameter - 0.001 200
td td F store recharge parameter - 1 1500
alphaa Ola A store discharge parameter - 0.001 10
alphab ob B store discharge parameter - 0.001 10
alphac Olc Surface saturation parameter - 0.0001 10
alphaf of Subsurface infiltration parameter - 0.001 10
alphag Og Throughfall parameter - -0.2 0.2
alphass Olss Subsurface saturation parameter - 0.1 11
betaa Ba A store discharge parameter - 0.01 10000
betab Bo B store discharge parameter - 0.00001 10
betac Be Surface saturation parameter - 0 5
betaf Br Subsurface infiltration parameter - 0.001 10
betag Be Throughfall parameter - 0 0.2
betass Bss Subsurface saturation parameter - 0 5
gammaa Ya A store evaporation parameter - 0.001 10
gammab Vb B store evaporation parameter - 0.1 1
gammaf ve F store evaporation parameter - 0.1 0.7
deltab b B store evaporation parameter - 0.1 5
deltaf ¢ F store evaporation parameter - 0.3 1
dmul du upslope perching parameter - 0 2
dmu? due upslope perching parameter - 100 2500
dmu3 dus upslope perching parameter - 0.1 2
anrain anrain upslope perching parameter - 300 3000

555
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Table A2. Key differences between LASCAM28 and LASCAM22.

Model component LASCAM28 representation LASCAM22 representation

Upslope perching dmul, dmu2, dmu3, anrain Consolidated into mu

Surface saturation betac Fixed at 1

Subsurface saturation betass Fixed at 1

Surface infiltration / LAI 150, dfs, with LAI dependence Simplified to fs, with LAI fixed at 1

dependence

Impervious area Imperv Set to 0 / excluded from the equations
used here

560
Appendix B

Appendix B provides the equations for LASCAM?22, the formulation used as the starting point for the simplification

framework in this study. It is run at a daily timestep using precipitation P, and potential evapotranspiration E, ; as inputs.

565 At the beginning of each timestep, throughfall is calculated as:

Pyt = max(min(ag + Pt(l - ﬁg), Pt) ,0) (B1)

and canopy/interception loss is:

Egr =Pt = Py (B2)
570
Fractional storage values are calculated as:
Sat—Amin
Sipr,c = Max (A,::Tm 0) (B3)
Sppr.e = Max (min (BSB'f ,1) , 0) (B4)
Sepre = max (=25,0.0001) (B5)

575 where S ¢, S+, and Sp, are storage values of A store, B store and F store at current timestep.

A-store discharge is then calculated as:

_ {min(ﬁaSApr,taa, ,u-); SA,t > Amin
at =

B6
0, Sye < Amin (B6)

where u is the upslope perching parameter.

580
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The subsurface saturated-area fractions ¢ and surface saturated-area fractions ¢, . are calculated as:

min(@ssSapr e 1), St > Ami
Psst = { s 0 S,. < Aml'n (B7)
» YAt = “min
min(a,S , , S > A
(pc,t — { ( cYApr,t (pss,t()) SA,t g Amz'n (BS)
» YAt = “min
585  Surface saturation-excess runoff is:
Qset = (pc,tPg,t (B9)
Surface infiltration-excess runoff is:
fs N2
(Ll - (pc,t)Pg,t (1 - _) ’ Pg,t > fs
Qiet = Por (B10)
0, Pye < fs
590 where f; is the surface infiltration parameter.
The subsurface infiltration capacity is calculated as:
ar(1-Sppr,t)
fosr =L —5 (B11)
SFpr.t
595 The infiltration available to subsurface pathway is:
P _ diet , <
L - { 0t " imger Per <K (B12)
0, pcr =p
Subsurface saturation-excess runoff is:
((psst — Q¢ t)ltr Dee < u
_ , f ; B13
CISse,t { 0’ (Pc,t 2 # ( )
600
Subsurface infiltration-excess runoff is:
max((p— ¢ )(1 —ﬂ> 0), @er <pand @z, <1
qsie,t — ss,t t 1_§0ss,t ) ) c,t ss,t (B14)
0, otherwise
Total subsurface runoff is:
605 Assit = Gsset T Gsieyt (B15)
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Subsurface infiltration into the F store is:

fa,t = maX(Pg,t ~ set — Qiet — Gss,tr 0)

Recharge from A store to B store is:

1o = MiN(Qg; ¢ fose, min(10, max(Sy, 0)))

Evaporation from A store is calculated as:
0, S4¢ <0

VAminSat
E;,t = Ep,tya Ama , 0< SA,t < Amin

SattAmin(Va—1)
Ep,t Amax ’ SA,t 2 Amin

with the final A-store evaporation limited by potential evapotranspiration:

Eqr = min(Egy, Ep,t)

Recharge from F store to B store is:

SFt
0 Spe =0
=3+

0, Spe <0

Potential F-store evaporation before storage constraints is:
« -5

Ef,t = (Ep,t - Ea,t) * max(l - nyFpr,t f' 0)

and actual F-store evaporation is:

E = max(min(Ef*,t,Ep,t —EqeSee+ far — 7’1,c) ,0), S =0
Tt 0, Spe <0

B-store discharge is:

q — uﬂb(exp(abSBp‘r,t) - 1)' SB,t =0
bt 0, Sp: <0

The remaining potential evapotranspiration after A- and F-store evaporation is:

Ep,left,t = Ep,t —Eq— Ef,t

Evaporation from B store is:

E — max(min(yb * Ep_left,t * SBpr,tdbﬂEp_left,t) ’ 0)' SB,t =0
bt 0, Sg¢ <0
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The three stores are updated as:

Sater =Sat T sse + Qb — Ear = Tor — qat (B26)
Spi+1 =Spe + 1o — qQpr — Epp + 71 (B27)
Spt+1 =Spe + far —Te — Ere (B28)

Finally, simulated streamflow is calculated as:

Qsimt = Gset T Qiec + qar (B29)

Code availability

The exact version of the Python code, processing scripts, configuration files, and other materials used to produce the results

presented in this study is available at GitHub, linked to Zenodo at https://doi.org/10.5281/zenodo.21465140 (Zhang, 2026).

The GR4J and Sacramento models used in this study were reimplemented in Python based on their implementations in the

hydromad R package (Andrews et al., 2021), enabling consistent implementation and comparison across all models.

Data availability

Daily climate inputs for the selected catchments were obtained from the SILO climate database

(https://www.longpaddock.qld.gov.au/silo/point-data). Daily streamflow data were obtained mainly from the CAMELS-AUS

v2 database (Fowler et al., 2025), supplemented by records from the DWER Water Information Reporting database
(http://wir.water.wa.gov.au) for stations not included in CAMELS-AUS v2.
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