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Stochastic rainfall models are important tools for evaluating hydrological risks such as flooding and drought
because of their ability to randomly generate alternative plausible climatic timeseries. The stochastic generation
of climatic timeseries is not an end in itself, since they are typically applied to a catchment to determine the
performance of water-related infrastructure systems, such as reservoirs or flood-control measures. This meth-
odology typically involves a train of models to determine the end-of-system impact, yet the evaluation of sto-
chastically generated rainfall timeseries is usually a stand-alone procedure focused on metrics directly related to
the stochastic generator. This paper demonstrates discrepancies in this approach by evaluating two, daily-
timestep, stochastic rainfall models in terms of rainfall metrics and their subsequently generated flow metrics
after rainfall-runoff transformation. The two models are a Markov-based model and a latent-variable model,
where each model is calibrated and evaluated showing ‘overall good’ performance. Stochastically generated
timeseries, alongside observed rainfall timeseries are inputted to a calibrated catchment model (GR4J) to derive
daily flow timeseries. Whereas the rainfall metrics typically showed ‘good’ performance, streamflow-based
metrics are not necessarily ‘good’. The procedure is repeated for 277 stations from Australia and 106 stations
from the United States of America. Depending on the strictness of the flow-based comparison and region ana-
lysed, using the Markov-based model 12-26% of sites were classified as ‘poor’ performing, and 1%-9% of sites
were classified as ‘poor’ using the latent-variable model. The results demonstrate that catchment-based perfor-
mance of flow metrics is more holistic since it magnifies features of the rainfall not otherwise visible to rainfall-
based evaluation.

Simon Michael Papalexiou, Associate Editor.

Keywords:

Stochastic rainfall
Rainfall-runoff
Continuous simulation
Rainfall generation

this paper is to emphasize end-of-system evaluation (i.e. hydrological
evaluation) and the limitation of single component-wise evaluation,

1. Introduction

Floods and droughts are infrequent events, yet they have significant
impact in terms of their economic disruption, damage to infrastructure,
social upheaval, loss of life and environmental degradation (Leonard
et al., 2014). The ability to determine the risk of extreme hydrological
events is crucial for engineering design, disaster response, mitigation
strategies, early warning systems, and long-term planning (Linsley and
Crawford, 1974, Boughton and Hill, 1997, Blazkova and Beven, 2002,
Lamb, 2005, Viviroli et al., 2009). Hydrological risks are notoriously
difficult to estimate from streamflow records due to factors such as
catchment change over time, and the limited availability of streamflow
records along with the limited length of those records (Do et al., 2017).
As with other hazards, a train of models (e.g. the climate-rainfall-runoff
model-train) is typically needed to evaluate risks, wherein the signifi-
cant challenge rests with establishing confidence in the end-of-system
metric or variable of interest to decision making. The contribution of
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with the example of rainfall and streamflow models that are used for
flood and drought risk estimation.

A common approach to hydrological risk evaluation is to simulate
streamflow from observed rainfall using a hydrological model that has
been established as an effective representation of catchment dynamics
(Kuczera et al., 2006, Thyer et al., 2009, McInerney et al., 2018). This
approach is appealing because rainfall records are typically longer, more
widely available, and more homogenous than streamflow records.
However, even with long observation records, there can be significant
uncertainty in risk estimates given the focus on estimating low-
frequency events (i.e. floods and droughts). Therefore, to further
augment flood-risk or drought-risk assessment, the rainfall input may
itself be derived from a stochastic rainfall model (SRM) (Baxevani and
Lennartsson, 2015, Bennett et al., 2018, Evin et al., 2018, Grimaldi et al.,
2022). SRMs are designed to mimic the features of rainfall records from
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Table 1
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Typical rainfall statistics for stochastic rainfall model evaluation, where standard deviation is denoted as ’std. dev.’

Richardson Wilks
(1981) (1998)

Scale Statistic
(2013)

Rasmussen

Gao et al.
(2020)

Bennett
et al. (2018)

Evin et al.
(2018)

Baxevani &
Lennartsson (2015)

Papalexiou
(2022)

Daily Daily mean
Daily std. dev.
Distribution of wet day
amounts
Autocorrelation of wet
day amounts
Multi-day aggregations

Monthly Mean wet day amounts v v
Std. dev. wet day v v
amounts

Skew wet day amounts v
Mean number of wet v

days

Std. dev. number of wet

days

Wet and dry spells v
length

Wet and dry spells v
distribution

Mean total rainfall v v
Std. dev. total rainfall

Total rainfall lower tail

Total rainfall upper tail

Mean total rainfall

Std. dev. wet day
amounts

Total rainfall lower tail
Total rainfall upper tail
Mean wet day amounts
Std. dev. wet day
amounts

Mean number of wet
days

Std. dev. number of wet
days

Mean maximum
consecutive dry days
Mean maximum
consecutive wet days
Daily annual maxima

Annual

Spatial
correlation

Joint probability of wet v v
and dry events

Cross-correlation v v
occurrence-amount

Continuity ratio v

v v
v
v v

AN AN NN

AN NN

inter-annual timescales down to daily or sub-daily timescales, and in so
doing generate plausible hypothetical alternative continuous sequences
of rainfall variability. SRMs have been introduced over many decades
(Richardson and Wright, 1984, Srikanthan and McMahon, 2001, Meh-
rotra, 2005) in terms of their first-order priority to directly reproduce
rainfall features of interest, but seldom to evaluate their performance
with reference to derived streamflow. This paper is therefore concerned
with the fidelity of SRMs to produce reliable estimates of streamflow for
hydrological risk assessment and asks, for a wide range of catchments
and specified performance criteria, whether apparently ‘good’ modelled
rainfall leads to ‘good” modelled streamflow.

SRMs synthetically generate rainfall at a specified scale of interest (e.
g. sub-daily, daily, monthly, annual, multi-annual) to have statistically
similar properties to observed rainfall measured from rain gauges. There
are a wide variety of SRMs and correspondingly a wide variety of
rainfall-based evaluation metrics. The specific features of a SRM vary
significantly and depend on the scale of interest and data sources (Sri-
kanthan and McMahon, 2001). Models have been developed across a
range of timescales including interannual (Thyer and Kuzera, 1999,

Srikanthan and Pegram, 2009), monthly (Thompson, 1984), daily
(Richardson and Wright, 1984, Sharma and Lall, 1999), and sub-daily
(Gupta and Waymire, 1993, Cowpertwait, 2006, Papalexiou, 2022).
Models can also be at a single site (Chowdhury et al., 2017, Gao et al.,
2020), multiple sites (Evin et al., 2018, Wilks, 1998) or continuous in
space (Leonard, 2010, Baxevani and Lennartsson, 2015, Bennett et al.,
2018). The ambition of SRMs is that they reproduce key metrics across
all relevant timescales (such as from sub-daily to inter-annual) and all
elements of the distribution (lower/upper tails, mean, variability, wet-
dry patterns, etc.). Table 1 provides a comparison of rainfall-based
evaluations from a diverse sample of studies including single site,
multi-site, daily and sub-daily models, with different underpinning
simulation schemes. It shows that there is potentially a wide pool of
statistics to consider in determining whether the SRM is performing
adequately (wet-dry patterns, correlations, seasonal patterns, moments
of the distribution, extremes, etc.), but also that there is a strong degree
of variability in evaluation between studies. Even with an exhaustive set
of evaluation metrics, the wide variety of performance across these
metrics makes it difficult to establish the relative importance of any
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@ rainfall calibration processes not shown - i.e. parameters, observed data, optimisation method, objective function, loop.
b performance evaluation has aggregation parameters not shown in the flow chart (see Section 2.1).
¢ streamflow calibration processes not shown - i.e. parameters, observed data, optimisation method, objective function, loop.
9 identical model specification and calibrated parameters, including same input PET timeseries (i.e. only rainfall input differs).
€ bootstrap required to remove daily rainfall-PET correlation (see Section 2.5).

Fig. 1. Conceptual representation of evaluation procedure for stochastic rainfall model in terms of two stages: Stage 1, rainfall evaluation; and Stage 2, hydrological
evaluation. The squares show three key models of interest: (i) the stochastic rainfall model ultimately being evaluated, (ii) a calibrated hydrological model necessary
for streamflow generation and (iii) a specified model for performance evaluation. Circles show data (i.e. timeseries or metrics). Arrows show processes.

discrepancies or biases in the generated rainfall (Bennett et al., 2018).
Even though SRMs can be evaluated against a variety of statistics (as in
Table 1), there can remain elusive features of the rainfall that are not
readily evaluated but may be hydrologically significant (e.g. the rainfall

antecedent to an extreme event).

SRMs are typically used to perform a continuous simulation that

generates streamflow, and thus they should be ultimately assessed in
terms of resulting streamflow performance. Continuous simulation re-
quires a rainfall-runoff model that receives input timeseries of rainfall
and potential evapotranspiration or temperature (Beven, 2012), updates

catchment infiltration and groundwater-fluxes, and together with the

rainfall, determines streamflow. There are many different types of
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models whether physically based (Abbott et al., 1986, Liu et al., 2008),
conceptual (Boughton, 2004, Croke et al., 2006, Perrin et al., 2003a) or
statistical (Kingston et al., 2005, Adnan et al., 2019). Regardless of
model type, the key observation is that the catchment properties
together with the state of wetness in the catchment through time can
either operate to dampen or amplify the transformation of rainfall into
streamflow. Therefore, whenever a discrepancy exists in simulated
rainfall, there is the potential for a hydrological model to amplify this
discrepancy and cause the resulting streamflow to be statistically dis-
similar to streamflow derived from observed rainfall (Bennett et al.,
2019). Even with evaluation against a comprehensive set of rainfall
metrics (Bennett et al., 2019), hydrological evaluation provides an
additional and potentially greater assessment because it integrates the
rainfall into a variable with closer connection to the end-of-system im-
pacts and related decisions.

SRMs should be able to reproduce streamflow characteristics for
practical hydrological application as well as preserving rainfall attri-
butes. However, because catchments integrate rainfall over a region and
over time, the causes of deficiencies in simulated streamflow are not
simple to identify. For example, poorly simulated streamflow within a
given month could be the result of rainfall deficiencies in a preceding
month, and poorly simulated rainfall need not necessarily lead to poor
streamflow (Bennett et al., 2019). The inconsistency in the quality of
simulated rainfall and simulated streamflow has been reported in mul-
tiple studies (Bennett et al., 2019, Gao et al., 2020), indicating that the
issue is not specific to a single type of SRM or an isolated catchment.
Importantly, these papers demonstrate that the identification of ‘poor’
streamflow is not due to genuine lack of evaluation or calibration effort.
For example, the study by Gao et al. (2020) showed a relatively large
underestimation in the high streamflow range despite evaluating the
rainfall model against numerous rainfall statistics including wet/dry
spell distributions and values in the lower/upper tails. Despite these
examples and despite the ultimate use of SRMs for the evaluation of
hydrological risks, studies that evaluate SRMs in the context of contin-
uous streamflow simulation are limited. Hence the aim of this paper is to
emphasize the importance of hydrological evaluation and to demon-
strate the performance of stochastically generated rainfall in terms of
derived streamflow metrics.

Specifically, this paper systematically evaluates rainfall model per-
formance in simulating rainfall and streamflow using an accessible
method for hydrological evaluation (Section 2) that simplifies compar-
ison across multiple sites, metrics, and models. While there are a few
examples in the literature of hydrological evaluation on individual
catchments, this paper advocates for hydrological evaluation as a stan-
dard evaluation practice when calibrating SRMs. To this end, the anal-
ysis has been designed using a flexible and broad framework (Section
2.1), and a large number of sites (277 sites from Australia and 106 sites
from the United States of America — Section 2.3). The results are pre-
sented for selected rainfall and streamflow metrics (Section 2.5) to
demonstrate the completeness of the analysis. Given the broad nature of
the analysis, detailed diagnostic evaluation, or remedy of identified
deficiencies in the rainfall timeseries is beyond the scope of this study.
The paper is therefore confined to emphasizing the potential deficiency
of SRMs for generating streamflow despite ‘best-practice’ methods of
calibration and evaluation (Section 3), indicating the magnitude of the
challenge along with possible pathways to address this problem (Section
4.

2. Methodology

To identify instances where potentially ‘good” modelled rainfall de-
grades into inferior modelled streamflow, performance criteria for SRMs
need to be established for both rainfall and streamflow statistics. The
virtual hydrological evaluation framework proposed in Bennett et al.
(2019) is used as the foundation of the evaluation framework of this
paper (Section 2.1) because it introduces the concepts of comprehensive
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evaluation (via many statistics), systematic evaluation (via specified
performance criteria) and hydrological evaluation. This paper extends
the framework in Bennett et al. (2019) by utilising quantitative aggre-
gation across sites, months, metrics, and models for any aggregation of
interest, allowing an examination and comparison of ‘overall
performance’.

2.1. Evaluation framework

Fig. 1 illustrates the evaluation procedure for an individual catch-
ment, following Bennett et al. (2019). The evaluation has two main
stages: (Stage 1) rainfall-based evaluation and (Stage 2) hydrological
evaluation. The outcome of each stage is an evaluation that is able to
indicate the quality of the SRM’s performance, whether in terms of
rainfall metrics or streamflow metrics. The primary interest of the
overall framework is the role of three different processes, indicated by
black squares in the flow chart in Fig. 1, where circles show contributing
data timeseries and metrics, and arrows show the process flow of data.
The explanation of concepts and procedures in this paper is centred on:
(i) the calibrated stochastic rainfall model ultimately being evaluated,
(ii) the calibrated hydrological model necessary for streamflow gener-
ation, and (iii) a framework for performance evaluation. Note that the
process representation of model calibration in Fig. 1 has been omitted,
not because of unimportance, but to better highlight the procedure and
objective of model evaluation without the additional clutter of this
requisite step. The simplification is pragmatic given the extensive
literature on calibration procedures for SRMs and hydrological models.

Traditional evaluation of SRMs has typically relied on non-
systematic evaluation whereby the modeller decides that the model is
‘reasonable’ (Leonard et al., 2008), ‘realistic’ (Baxevani and Lennarts-
son, 2015), or ‘fit-for-purpose’ (Sadeghfam et al., 2021) according to
their expert judgement based on an empirical review of statistics and
visual inspection of summary graphs. The comprehensive and system-
atic framework (CASE) of Bennett et al. (2018) formalises the SRM
evaluation by making explicit the performance evaluation model. The
evaluation model explicitly specifies a priori rules by which the evalu-
ation proceeds, the set of metrics over which the evaluation is based and
the parameters (e.g. thresholds) that govern the comparison of
simulated-to-baseline metrics (i.e. Fig. 1 — observed rainfall or virtual-
observed streamflow). The benefit of the framework is that the evalua-
tion is systematic and consistent and that it takes into account the
variability of metrics via confidence intervals of the stochastic replicates
(Bennett et al., 2018). The rainfall evaluation (Fig. 1 — Stage 1) and the
streamflow evaluation (Fig. 1 — Stage 2) utilise the same evaluation
model, only with difference in the metrics inputted for evaluation
(though it is conceivable to specify different rules and parameters for the
different stages if warranted). Following Bennett et al. (2018), the
evaluation model categorises the SRM performance as either ‘good’,
‘fair’ and ‘poor’:

e ‘Good’ performance means that the baseline observed/virtual-
observed metric lies inside the 90% probability limits of the simu-
lated metric.

e ‘Fair’ performance means that the observed/virtual-observed metric

lies outside the 90% probability limits of the simulated metric but

within the 99.7% probability limits.

‘Poor’ performance is reserved for all other instances.

The framework introduced by Bennett et al. (2019) advises that the
evaluation should be comprehensive due to the many degrees of
freedom in simulating rainfall. Therefore, an evaluation should utilise
many statistics, but avoid obvious redundancy. Table 1 outlines typical
metrics for Stage 1 evaluation (the mean and standard deviation of
rainfall totals at varying scales, properties of the wet-dry process such as
wet-spell and dry-spell durations, correlations in time and space, and
properties of extremes). While the suite of evaluation metrics can vary
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(b)

Fig. 2. Filtered catchment dataset and catchment locations in (a) Australia and (b) the US where NSE between observed and simulated streamflow is greater than 0.6
and the snow fraction is below 0.1. Orange triangles show the representative catchments discussed in detail in Section 3, other catchment aggregate evaluations
shown in Supplementary Material B. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

significantly across studies, there are typically hundreds of metrics to
compare given that performance is usually assessed at multiple scales (e.
g. daily aggregates, monthly/annual variation, multiple sites). For Stage
2, Bennett et al. (2019) used the mean and standard deviation of
streamflow totals at monthly and annual scales.

In this study the three performance categories are numerically
indexed (hereafter referred to as the CASE index) for aggregation pur-
poses in which ‘good’, ‘fair’, ‘poor’ are indexed as 1, 0.5 and O,
respectively. While it is conceivable to side-step the use of categories and
rate performance on a continuous scale, this approach avoids significant
complication of formally specifying test statistics according to the un-
certainty of each metric. Although the specific values of the index
weights are subjective (as is the specification of other aspects of the
evaluation model, such as the selection of metrics, having three cate-
gories, and 90% limit thresholds), the framework forces a quantitative
encoding of the ‘good/fair/poor’ trade-off that typically occurs heu-
ristically in the evaluation of SRMs. Having specified numerical weights
on the performance, the aggregate performance for a set of metrics of
interest can be derived as a simple average with a resulting scale on the
interval O to 1. It is assumed here that all specified metrics are weighted
equally in the averaging process, although it is conceivable to have
different weights to specify the relative importance to the end-user for
different statistics. Having specified the numerical weights, a simple
categorisation scheme for aggregate (overall) performance is applied to
summarize:

e CASE index within 0 and 0.5 indicates ‘overall poor’ performance.
e CASE index within 0.5 and 0.75 indicates ‘overall fair’ performance.
e CASE index larger than 0.75 indicates ‘overall good’” performance.

In this study, the aggregation of performance typically occurs over
12 months for monthly statistics, over the number of temporal scales for
aggregate statistics and over the number of years for annual statistics
(Section 3.1). Overall performance for an individual catchment is the
average performance of all statistics (Section 3.2).

2.2. Case study locations and performance metrics

This study considers a range of catchments in different hydro-
climatic regions. A total of 1079 catchments are considered with 467
catchments located in the Australian continent and 671 catchments
located in the contiguous United States (US). For Australian catchments,
the daily streamflow, and meteorological data (daily rainfall and po-
tential evapotranspiration) are sourced from the hydrologic reference
database (Turner et al., 2012) and the SILO database (Jeffrey et al.,
2001) with the daily rainfall and potential evapotranspiration sourced
from the station nearest to the catchment outlet. For US catchments, the

daily streamflow, and areal averaged meteorological data (daily rainfall,
shortwave downward radiation, maximum and minimum temperature,
humidity, and day length) are sourced from the widely used CAMELS
dataset (Addor et al., 2017) and following Newman et al., (2015), the
daily timeseries of potential evapotranspiration for US catchments are
computed using the Priestly-Taylor method (Priestley and Taylor,
1972). The catchments cover a range of climates including tropical, sub-
tropical, temperate, semi-arid and arid climates.

The set of catchments was filtered according to two conditions. The
first condition was that the snow fraction was less than 0.1 (solely
needed for US catchments), which would indicate that the rainfall-
runoff relationship represents the majority of streamflow and that the
relationship established by the hydrological model is suitable. The sec-
ond condition was that the hydrological model had a relatively good fit
between simulated and observed streamflow (comparable to instances
of models used in practice), such that the Nash-Sutcliffe efficiency sta-
tistic used for calibration was 0.6 or greater (see Section 2.4). In other
words, the set of catchments used for comparison was significantly
reduced to mitigate the possibility of spurious and unrealistic rainfall-
runoff relationships arising from poor calibration (while also noting
that as the hydrological evaluation method is not an absolute compar-
ison to observed streamflow this concern is moderated). Appling these
criteria, the sample of catchments used to assess SRM performance re-
duces to 383 catchments, 277 catchments in Australia and 106 catch-
ments in the US, as shown in Fig. 2. For these evaluated catchments
average streamflow record lengths are 50 and 34 years for Australian
and US catchments, respectively. The majority of catchments in both
regions have a temperate climate. Details of each catchment are tabu-
lated in Supplementary Material A.

Two catchments are selected to demonstrate the rainfall and
streamflow evaluation of the two SRMs (Markov-based and latent-
variable) (Fig. 2). The representative locations are chosen to provide
greater detail in the manuscript, while summaries of overall perfor-
mance for Australia and the US for each metric across all sites can be
found in Supplementary Material B. Catchment 610001 is located in
Western Australia with an area of 684 km? and has a temperate climate
with winter-dominated rainfall and a dry, warm summer (annual
average rainfall 1067 mm, seasonal temperatures from 13 °C to 30 °C).
Catchment 12043000, is located in Washington with an area of 337 km?,
having a temperate climate with a warm summer (annual average
rainfall 3096 mm, temperatures from —12 °C to 25 °C).

The performance of the two SRMs is evaluated on a range of statistics
including rainfall and streamflow statistics at daily, monthly, annual
scale with multiple thresholds and multi-day aggregations as well as
selected streamflow event statistics. To avoid a high level of redundancy
and potentially skewed summary, a correlation analysis of the candidate
statistics was conducted and the resulting set of metrics for an individual
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catchment comprise 16 rainfall and 13 streamflow metrics as follows.

e Rainfall statistics at the daily scale: Evaluation of the mean, standard
deviation of wet day amounts and number of wet days and the
skewness of the wet day amounts to determine if the marginal dis-
tribution of the daily rainfall amounts and rainfall occurrence are
being preserved. The wet and dry spell distributions ranging from 1-
day to 10-day spells are also evaluated to ensure the models capture
the intermittency of rainfall.

Rainfall statistics at the monthly scale: Evaluation of the mean,
median and standard deviation of the monthly total rainfall to ensure
that the models preserve the seasonal characteristics of the rainfall.
Rainfall extremes including the minimum and the 5th percentile
(lower tail indicators), as well as the 90th percentile (upper tail in-
dicators) of the monthly total rainfall are also evaluated as they are
important features for flood and drought assessment.

Temporal aggregation rainfall statistics: Evaluation of 1-day, 7-day
annual maxima, proportion of dry days from 1 to 10-day aggrega-
tion, distribution of rainfall amount for 1,3,7-day aggregations as
rainfall is highly structured across many scales.

The streamflow evaluation focuses on the following streamflow
statistics:

e The mean and standard deviation of the monthly total streamflow to
ensure that the model can represent the seasonal streamflow
characteristics.

e A range of daily streamflow percentiles: the 5th, 50th, 70th and 90th,

and the maximum of daily streamflow to ensure the model preserves

the distribution of streamflow are evaluated on a month-wise basis.

Due to the positive skewness of the streamflow distribution, flow

percentiles from the 5th to the 50th are considered indicators of low

flow while flow percentiles that are greater than the 90th percentiles
are considered indicators of high flow.

The mean and standard deviation of streamflow event metrics

including peak, volume, and discharge. These event statistics are

computed using the Lyne and Hollick filtering approach to baseflow
separation (Lyne and Hollick, 1979). The procedure and parameters
of the Lyne and Hollick baseflow separation follows the standard

approach for daily streamflow suggested in Ladson et al. (2013).

For each catchment 100 replicates of rainfall and 100 replicates of
streamflow are simulated of equal length to the observed input times-
eries. The listed statistics are calculated for each replicate of the simu-
lated rainfall and streamflow to compare with the observed rainfall and
virtual-observed streamflow statistics.

2.3. Stochastic rainfall models

The SRM is calibrated to the catchment’s observed rainfall timeseries
and then used to generate a set of simulated rainfall replicates. The
framework is flexible and can accommodate any type of SRM, with ex-
amples including Markov models (Katz, 1977, Wilks, 1998), auto-
regressive models (Rasmussen, 2013, Bennett et al., 2018) and non-
parametric models (Mehrotra, 2005). Notably each SRM will have its
own procedure for calibration, which is typically found alongside the
introduction of the model in literature. A range of calibration methods
are employed such as the method of moments (Rasmussen, 2013, Ben-
nett et al., 2018) or likelihood techniques (Evin et al., 2018, Baxevani
and Lennartsson, 2015), and a variety of parameterisation schemes may
be adopted including varying parameters according to harmonics or
monthly blocks. The subsequent evaluation framework assumes that the
SRM has been genuinely calibrated using best-practice techniques to
avoid spurious analyses.

To provide a comparison of model performance, this study utilises
two different types of daily SRMs: a WGEN-type (WGEN) model
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(Richardson and Wright, 1984) and a latent-variable autoregressive (LV)
model (Bennett et al., 2018).

The WGEN model is a daily two-part stochastic rainfall model where
a Markov-chain is used to model the rainfall occurrence according to a
number of wet-dry states (denoted by the order of the model) while the
rainfall amount is sampled from a statistical distribution such as expo-
nential (Woolhiser and Roldan, 1982), gamma (Richardson and Wright,
1984), mixed gamma (Yoo et al., 2005), generalised gamma (Papalexiou
and Koutsoyiannis, 2012) and Weibull distribution (Wilks, 1989). This
model is widely used and has shown a strong ability to reproduce wet-
dry patterns along with good reproduction of totals and extremes (Sol-
tani et al., 2000, Richardson and Wright, 1984). Variants of the Markov
chain (first-order (2-state), second-order (4-state) and third-order (8-
state)) were calibrated at each site and compared using the Bayesian
Information Criterion (BIC) (Katz, 1981) to determine the best-
performing variant at each site. The BIC is also used for the selection
of rainfall amount distribution among 5 statistical distributions (expo-
nential, gamma, mixed gamma, generalised gamma, and Weibull). This
approach was adopted to mitigate potential concerns that the rainfall
model being evaluated was conveniently ‘simple’ by default rather than
optimally selected. In terms of the occurrence model, out of the 383
sites, 53 were selected as first-order models, 327 were second-order and
3 were third-order. In terms of the amount model, out of 383 sites, 26
were selected as exponential, 58 were gamma, 166 were mixed gamma,
3 were generalised gamma and 130 were Weibull distribution. There-
fore, per month, WGEN has between 2 and 8 parameters for the occur-
rence process according to the Markov chain model order and an
additional 1 to 5 parameters for the amount generation according to the
various statistical distributions.

The LV model simulates daily rainfall by sampling from a latent
Gaussian distribution. Values below zero of the latent-variable are
truncated, while variables above zero are power-transformed to
resemble the observed rainfall distribution (Rasmussen, 2013). A benefit
of this model is that the wet-dry process and the amounts process come
from the same distribution. The model has shown good performance in
several case studies (Rasmussen, 2013, Bennett et al., 2018), but also
some weakness in wet-dry patterns of multi-day totals (Bennett et al.,
2018). The LV model is parsimonious and has 4 parameters per month
(latent mean, latent standard deviation, power transform, temporal
correlation) that are fitted to observed statistics (wet-day mean, wet-day
standard deviation, proportion wet days and wet-day autocorrelation).

2.4. Hydrological model

A conceptual hydrological model is calibrated to the catchment’s
observed streamflow timeseries with ancillary observed meteorological
timeseries as inputs (potential evapotranspiration derived from pan
evaporation, temperature, solar radiation and/or other observations).
Given that SRMs have many replicates to be evaluated, the hydrological
framework is best suited to the use of conceptual hydrological models
given their simulation speed (i.e. compared to physical models) and
accessibility (compared to machine learning specifications). There is a
wide range of conceptual hydrological models that vary in the specifi-
cation of internal states and parameters (Abbott et al., 1986, Boughton,
2004, Liu et al., 2008, Perrin et al., 2003a, Moore, 2007). A variety of
methods for calibrating hydrological models is available depending on
the specification of the objective function (Thyer et al., 2009) and on the
treatment of errors such as observed rainfall input errors, observed
streamflow errors and structural model errors (Kuczera et al., 2006).

From Fig. 1, the hydrological evaluation adopted from Bennett et al.
(2019) involves ‘virtual-observed streamflow’ rather than ‘observed
streamflow’, where the term ‘virtual’ indicates streamflow derived from
observed rainfall using a hydrological model. Using ‘virtual-observed
streamflow’ enables attribution of discrepancies to the inputted sto-
chastic rainfall since the hydrological model is common to the derived
streamflow (Fig. 1). The framework does not obviate the need for
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Fig. 3. WGEN and LV model performance in simulating monthly rainfall amounts, number of wet days, total rainfall, annual maxima and rainfall amount distri-

bution at different temporal aggregation at catchment 610001, where standard deviations are denoted as ‘S.D.” and percentile as ‘perc.’.

Coloured polygons and

boxplot whiskers indicate the 90% probability limits of the simulated rainfall attributes from WGEN and LV model.

consideration of observed streamflow since it is required for calibration
and evaluation of the hydrological model itself (Thyer et al., 2009). The
hydrological model should be representative of the catchment of interest
and utilise best-practice methods of calibration to ensure meaningful
outputs from the ultimate application of the stochastic rainfall for de-
cision making (Bennett et al., 2019). Although a well-calibrated hy-
drological model is a necessary condition for the hydrological evaluation
the workflow for this task is not emphasized in Fig. 1 because it is
outside the paper’s scope, which is to evaluate the performance of the
SRM.

The GR4J hydrological model (Perrin et al., 2003b) is used to
generate streamflow from the respective stochastic rainfall and observed
rainfall inputs. In this paper only one hydrological model is used for
analyses to restrict the number of comparisons. GR4J is calibrated to the
observed streamflow at each catchment using a two-year warmup period

following the procedure proposed in Michel (1991) and considering the
Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970).

2.5. Evapotranspiration

An issue with the framework, not previously raised, is that the
streamflow model has two inputs: rainfall and evapotranspiration
(Fig. 1). This paper has focussed on SRMs rather than the broader
category of weather generators for sake of simplicity, since a model that
stochastically generates both the rainfall and evapotranspiration in-
volves more components and requires greater depth of analysis to isolate
discrepancies. An issue arises when selecting evapotranspiration to be
inputted alongside the stochastic rainfall: the virtual-observed stream-
flow will potentially have a daily cross-correlation between observed
rainfall and observed evapotranspiration (typically negative — that is,
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higher rainfall days are associated with cooler conditions and less
evapotranspiration), whereas the stochastic rainfall will not have daily
cross-correlation with observed evapotranspiration.

To test whether daily-correlated evapotranspiration is a significant
influence on streamflow generation, a bootstrap study was conducted by
splitting and swapping the first and second half of the daily
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evapotranspiration records. This approach preserves the evapotranspi-
ration monthly totals, annual totals, seasonal pattern, and daily auto-
correlation (excepting the one breakpoint) while breaking the daily
cross-correlation with rainfall. The flow-duration curve of the boot-
strap replicate was compared to the original instance that preserves the
rainfall-evapotranspiration cross-correlation. In the majority of
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Fig. 5. WGEN and LV model performance in simulating the flow duration curve, flow event peaks, volume, and duration at catchment 610001. Coloured polygons
indicate the 90% probability limits of the simulated runoff attributes from WGEN and LV model.
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instances this procedure had minimal impact on the high flows (indi-
cated by a low mean absolute relative error), but at numerous sites in
Australia there was a difference to the lower flows (see Supplementary
Material C). The impact of these differences depends on whether the
evaluation is absolute or relative, given the large range of flows. Due to
potential interest in the lower tail of the flow duration curve and to
enable commensurate comparison at all sites, the outcome of this pre-
liminary investigation is that both the stochastically simulated and the
virtual-observed streamflow should also use the split evapotranspiration
timeseries (i.e. without daily cross-correlation to the observed rainfall)
to ensure consistency of comparison with the stochastic timeseries.

3. Results

The evaluation framework (Section 2.1) is employed to systemati-
cally assess the performance of the WGEN and LV model in simulating
rainfall and streamflow. Three use cases of the framework in assessing
SRM performance are established including individual catchment eval-
uation (Section 3.1), evaluation at a group of catchments level (Section
3.2) and identifying the relationship between rainfall and streamflow
performance of SRMs (Section 3.3). While the quality of performance
from rainfall evaluation to streamflow is maintained at some catch-
ments, it deteriorates at others. The calibrated WGEN model and LV
models are shown to have a majority of ‘overall good’ performance in
reproducing target rainfall statistics for all evaluated catchments, yet
this does not guarantee similar performance in terms of streamflow.

3.1. SRM evaluation for individual catchments

In this section, catchment 610001 is selected as a representative
example that demonstrates consistent high-quality performance for both
rainfall and streamflow metrics. Catchment 12043000 is selected to
demonstrate anomalous streamflow performance despite ‘overall good’
rainfall evaluation.

3.1.1. Instance of ‘good’ streamflow

Catchment 610001 in Western Australia provides a representative
example for the desirable case of stochastic rainfall that is ‘overall good’
translating to generated streamflow that is also ‘overall good’. Fig. 3

shows the performance in simulating rainfall for both the WGEN and LV
model. Both models have ‘good’ performance in preserving the monthly
wet-day amount, number of wet days and total rainfall. However,
neither model is perfect showing some ‘poor’ performance in the stan-
dard deviation of the number of wet days (April — September).

The rainfall attributes illustrated in Fig. 3 are summarised in the form
of a heatmap (Fig. 4) for a wide set of 16 evaluated attributes. From this
comparison the WGEN model outperforms the LV model in preserving
the dry spell distribution, the proportion of dry days at different tem-
poral scales, and the 7-day annual maxima.

Fig. 5 shows WGEN and LV model performance in simulating the
entire flow duration curve, as well as the distribution of flow event
metrics (i.e. peak, volume, and duration). As evidenced by the flow
duration curve, the two models reproduce the streamflow at all quantiles
with relatively small variation.

Fig. 6 summarises the performance of the WGEN and LV models in
simulating 13 streamflow attributes including the mean, standard de-
viation of the monthly total streamflow and daily streamflow percentiles
including the 5th, 50th, 70th, 90th percentile, the maximum of daily
rainfall and the mean and the standard deviation of the flow event peak,
volume, and duration. It is evident that both models show ‘overall good’
performance in simulating streamflow in catchment 610001.

3.1.2. Instances of ‘poor’ streamflow

Catchment 12043000 in Washington provides a representative
example for the case of stochastic rainfall that is evaluated as ‘overall
good’ yet translates to ‘overall poor’ streamflow. Fig. 7 shows the
rainfall performance of the WGEN and LV models. Both models have
typically ‘good’ performance in preserving the monthly wet day amount,
number of wet days and total rainfall as well as the wet-day distribution
at 1-, 3-, and 7-day aggregations. The performance in simulating the
standard deviation of both the monthly number of wet days and monthly
totals is mixed in both models. The WGEN model is shown to capture the
1-day annual maxima well. However, it fails to reproduce the 7-day
annual maxima. Whereas the LV model exhibits the opposite perfor-
mance in terms of reproducing the 1-day and 7-day annual maxima of
rainfall. Fig. 8 summarises the performance across all metrics and shows
that although both have ‘overall good’ performance (CASE indices are
0.75 and 0.79 for WGEN and LV models, respectively), the WGEN model



T.H.T. Nguyen et al.

Mean wet day amount

Mean number of wet days

Journal of Hydrology 627 (2023) 130381

Mean total rainfall

3 4 500
" = ] N
20 \ : ™ X
||
. 20 \\’//\\E\} g 00 {hp
E 15 = | E
g \ /‘ § s \ B TN \
200 \
10 '/ 10 " 5
N i 100 L
I e e e e e o e e T T T T T T T T T 1T 11 L
Nes<d<sNAd0NoZo NesdsYYd<0oZo Nesds"2Yd<0oZo
$.D. wet day amount $.D. number of wet days $.D. total rainfall
18 q b -
s /. !
16 \ | ) ‘
~ 14 \‘g // L _
z \ = SN/ o -
E 12 \ {. g 5 _M' . i« E
/ / | | } -‘“~/ : u
10 \- a4 mg ®_m
- 3 - v
T T T T T T T T T LIS N N N N N I N I B | T T T T T T T T 1T 1011
NLs<d<s2Y2C<0oZ0 Nusds2Y<0woZo0 NusAds"2Yd<0oZo
Wet spell distribution Dry spell distribution Rainfall amount distribution
0.30 1} 0.4 71 o] 6 S
0.25 .‘ £ 4 - T T T
5 N 5 03 -m g oo omgp Wel
L =4 0.20 i T % o 2 - I:H [
8 N g 02 = £ S
g 0.15 N g 0. N £ R T
& 0.10 m P N = B 4
‘\.;:‘ 0.1 i S
0.05 = N g S -2
| I N O B B 00 1T 7T T T T T 7171 T T T
123 4567289 1234567289 1 3 7
Spell Spell Time scale (days)
Annual maxima Annual maxima
600
180 9 q_day 7-day
140 - o 500
T 120 ...".' 0 U E 400 L] H QObs
E 100 E 200 g B Sim WGEN 90% PL
80 1 , = Sim LV 90% PL
60 — 4 200 |4
a [
40 —7 T T T T T 1 T T T
1 2 5 10 20 1 2 S 10 20
Year Year

Fig. 7. WGEN and LV model performance in simulating monthly rainfall amounts, number of wet days, total rainfall, annual maxima and rainfall amount distri-

bution at different temporal aggregation at catchment 12043000, where standard deviations are denoted as ‘S.D.” and percentile as ‘perc.’.

Coloured polygons and

boxplot whiskers indicate the 90% probability limits of the simulated rainfall attributes from WGEN and LV model.

has difficulty in reproducing the standard deviation of the monthly total
rainfall and the 7-day annual maxima, whereas the LV model has poorer
performance in reproducing the wet and dry spell distributions and 1-
day annual maxima.

Fig. 9 shows the WGEN and LV model performance in simulating the
entire flow duration curve as well as flow event metrics (peak, volume,
and duration). From the flow duration curve a bias in the upper tail and
lower tail is noticeable for the WGEN model. Consequently, the WGEN
model fails to preserve all 3 flow event statistics. Fig. 10 provides a
heatmap summary of the performance of the two models in terms of
streamflow which shows that the WGEN model has ‘overall poor’
streamflow performance while LV model has ‘overall good’ streamflow
performance.

Reliably diagnosing the source of discrepancies in streamflow is a

10

point for further discussion (Section 3.3.2). In this instance for the
WGEN model, ‘poor’ performance in the standard deviation of monthly
total rainfall and the 7-day annual maxima seems to be associated with
‘overall poor’ performance in streamflow. While in the instance for the
LV model, having poor performance on the wet and dry distributions
does not lead to ‘overall poor’ streamflow performance.

3.2. Contrasting performance between the two SRMs

A benefit of the evaluation method is it can be aggregated in
numerous ways (e.g. across sites, statistics, or models) to identify com-
mon features of performance. In Fig. 11 and Fig. 12, the evaluation
method is aggregated over all statistics at a site to summarise the per-
formance of the SRMs in simulating rainfall and streamflow by a single
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Fig. 11. Rainfall performance of the WGEN and LV models in Australian and US catchments.

value for each catchment. Fig. 11 shows the respective rainfall perfor-
mance of the WGEN and LV models in Australia and the US. For
Australia catchments, the WGEN model shows poorer performance
when compared to the LV model. Whereas for the US catchments, the LV

model shows poorer performance than the WGEN model.

Fig. 12 shows the respective streamflow performance of the WGEN
and LV models in Australia and the US. It can be observed that
comparatively poorer performing catchments are distributed across
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Fig. 12. Streamflow performance of the WGEN and LV models in Australian and US catchments. The blue circles indicate the Tasmanian (Australia) catchment group
while black circles indicate the West Coast (US) catchment group. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

different regions, but overall, that the LV model outperforms the WGEN
model in simulating streamflow. For the highlighted regions in Fig. 12
(Tasmania in Australia, Upper West Coast in the US) ‘overall poor’
performance is determined for WGEN model (CASE index: 0.42 for
Tasmania and 0.46 for Upper West Coast), and ‘overall good’ perfor-
mance is seen for the LV model (CASE index: 0.76 for Tasmania and 0.84
for Upper West Coast).

It is possible to aggregate the evaluation over any grouping of sites to
identify any common patterns of performance. Fig. 13 shows the rainfall
and streamflow performance of the WGEN and LV models for the upper
western US coast. Both models have ‘overall good’ performance in
simulating rainfall despite some statistics not performing well (e.g.
standard deviation of total rainfall and 7-day annual maxima for WGEN
and wet day amount skewness and 1-day annual maxima for the LV
model). Whereas WGEN has ‘overall poor’ performance in simulating
multiple streamflow statistics, the LV model has ‘overall good’
performance.

3.3. Relationship between rainfall and streamflow performance

The deteriorated performance of streamflow relative to rainfall is
prevalent in the WGEN model but is also noticeable at some sites for the
LV model. This section further explores the relationship between rainfall
and streamflow performance by analysing the sensitivity of evaluation
thresholds and by analysing selected statistics.

3.3.1. Inconsistency between rainfall and streamflow performance

The CASE index is the numerical result for a single catchment by
aggregating over all statistics (see Section 2.1) and enables broad
comparison of streamflow-to-rainfall performance across models and
regions. Comparing the CASE index for rainfall to the CASE index for
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streamflow (Fig. 14) shows that both models have degraded perfor-
mance for streamflow (with more sites below the 1:1 line) and a stronger
deterioration in performance for the WGEN model (denoted by the blue
circles) in both Australian and US contexts.

It is instructive to test the sensitivity of the parameters used in the
evaluation model to identify whether the apparent ‘poor’ performance is
an artefact of the threshold selection or is indeed consistent regardless of
their value. The results from Fig. 14 have assigned the values 1, 0.5, 0 to
the respective classifications of ‘good’, ‘fair’, ‘poor’ performance.
Table 2 shows the outcome when using alternative weights that repre-
sent increasingly stricter categorisation, summarised by the number
(and percentage) of sites determined as exhibiting ‘overall poor’
streamflow performance despite having ‘overall good’ rainfall perfor-
mance. While the stricter categorisations shown in Table 2 results in
more sites showing ‘overall poor’ rainfall and streamflow performance,
the pattern is consistent, that the WGEN model exhibits worse perfor-
mance than the LV model and that Australian sites perform worse than
US sites in terms of the WGEN model, while the opposite is true for the
LV model. For the example of Australian catchments, when ‘fair’ is set as
0.25, 24 out of 135 (18%) of catchments show the WGEN model has
‘overall poor’ streamflow performance and when ‘fair’ is set as O this
increases to 26% of the catchments. The LV model’s performance is
demonstrated to be far less sensitive to the classification with 1% of sites
in Australia and no sites in the US showing poor performance. The
analysis demonstrates that whether ‘overall good’ modelled rainfall
translates to ‘overall poor’ modelled streamflow depends strongly on the
specific region and model and less on the thresholds used for evaluation.

3.3.2. Indication of ‘overall poor’ streamflow performance
The relationship between the specific metrics of rainfall performance
can be analysed to determine if there is a strong association with poor
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Fig. 13. Model performance summary for the West Coast catchment group for (a) WGEN model rainfall, (b) LV model rainfall, (c¢) WGEN model streamflow, and (d)
LV model streamflow.

streamflow performance. Preliminary analyses (Section 3.1.2) identified annual maxima, there is higher likelihood they will have ‘poor’
that the standard deviation of monthly total rainfall and the 7-day streamflow performance. While both models show an association, the
annual maxima as candidate metrics for further analysis. Sub-setting relationship between ‘poor’ standard deviation of monthly total rainfall
the aggregation to those two candidate metrics derives a different and ‘poor’ streamflow performance is more consistent than that of the 7-
value of the CASE index targeting rainfall variability at the monthly day annual maxima. This is a useful outcome to help a stochastic rainfall
timescale and aggregation of extreme rainfall at the annual timescale. modeller target improvements that are not otherwise obvious from a
Fig. 15 compares the newly defined rainfall performance to the rainfall-only analysis and are not otherwise simple to isolate among the
streamflow and shows evidence of a relationship between the standard myriad statistics.

deviation of monthly total rainfall, the 7-day annual maxima and
streamflow (indicated by the regression line). Specifically, at sites
showing ‘poor’ representation of monthly rainfall variability and 7-day

14
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Table 2

Number of catchments where the WGEN and LV models show ‘overall good’
rainfall performance (CASE index >0.75) translates to ‘overall poor’ streamflow
performance (CASE index <0.5) over the number of catchments where WGEN
and LV show ‘overall good’ rainfall performance.

CASE index setting AU us
(Good - Fair — Poor) WGEN LV WGEN LV
1-0.50-0 32/173 2/233 12/100 2/65
(18%) (1%) (12%) (3%)
1-0.25-0 24/135 3/190 12/94 2/46
(18%) (2%) (13%) (4%)
1-0-0 (i.e., only good, 29/111 4/138 14/90 2/23
or poor) (26%) (3%) (16%) (9%)

4. Discussion

This paper emphasized the importance of hydrological evaluation
using a systematic comparison of stochastically generated rainfall in
terms of derived streamflow metrics. The contribution and limitations of
the generated results to the research aim are discussed in the following
sections.

4.1. A systematic comparison of hydrological evaluation with rainfall-
only evaluation

This paper has implemented a comparison of two SRMs in terms of
their rainfall and streamflow performances spanning many locations
(383) and climates. At a non-trivial portion of the catchments, the
streamflow performance was significantly worse than the rainfall per-
formance. The implication is that rainfall-only model evaluation can
misrepresent the ultimate performance of a model, and in this case,
overstate the performance. As a representative example, Fig. 8 showed
the evaluation of the WGEN model was ‘good’ for the majority of rainfall
metric evaluations, yet from Fig. 10 the resulting streamflow metrics
were typically ‘poor’. While there were indeed some rainfall metrics that
were ‘poor’ (Fig. 8, SD total rainfall) it is not immediately obvious that
these metrics should warrant special attention, and as the counter
example, the LV model had some rainfall metrics that were ‘poor’
(Fig. 8, dry spell, dry proportion, 1-day annual maxima), yet the
resulting streamflow was typically ‘good’. This indicates that there are
features of the stochastic rainfall that evade the (otherwise extensive)
rainfall-based evaluation yet led to tangible discrepancies in the runoff.
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This observation is however dependent on the region and model, making
it harder to a priori determine instances requiring additional care during
calibration (Fig. 12).

An incidental outcome of the results is that the LV model performed
better than the WGEN model (Fig. 12), showing the potential of the
framework for consistent analysis that could be applied across a wider
range of models. An intriguing question arises as to why the LV model
outperformed the WGEN model. Further investigation identified that the
WGEN model has a slightly stronger correlation between ‘overall poor’
performance in the standard deviation of monthly total rainfall to
‘overall poor’ streamflow performance compared to the LV model
(Fig. 15). However, establishing a causal relationship between one
rainfall attribute and overall streamflow performance is impractical
because even with a plethora of metrics, there may always remain
elusive features of rainfall not being scrutinized — as an esoteric example,
the correlation of the rainfall antecedent to extreme events. As a more
concrete example, it is not possible to determine from a rainfall-only
evaluation whether it is important to seek improvement in the perfor-
mance of the skewness of wet day amounts (see Fig. 13, the LV model
has this deficiency, yet it did not affect streamflow), and as a result many
false diagnoses for ‘improved’ calibration could be pursued. By ana-
lysing a wide range of sites, this paper has demonstrated the importance
of streamflow-based evaluation for stochastic rainfall models due to its
ability to magnify impactful features of the rainfall not otherwise visible
to rainfall-based evaluation, thereby providing more a holistic
evaluation.

4.2. Limitations of the evaluation framework

A potential limitation of the framework is that there are many as-
sumptions underlying the evaluation, for example, the set of metrics
used, or weighting applied to individual metrics. However, with tradi-
tional evaluation these assumptions are also present and are poorly ar-
ticulated, which makes them less amenable to testing. The evaluation
framework here has utilised a sensitivity analysis to identify consistency
in its conclusion, specifically, the weight assigned to the ‘fair’ perfor-
mance category (from 0.5 to 0.25, to 0) and the resulting analysis
(Table 2) demonstrated the LV model performed consistently better than
the WGEN model. Similar sensitivity analyses could be conducted on the
mix of other statistics or weighting assigned to metrics used in the
averaging process (e.g. to emphasize extremal behaviour more strongly
over mean behaviour). While there will always be a level of subjectivity
in the construction of an evaluation model and metrics, the framework’s
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(c and d) against aggregate streamflow performance in Australia and US when ‘good’, ‘fair’, ‘poor’ are defined as 1, 0.5, and 0 with corresponding regression line.

transparency is beneficial.

Another limitation of the framework rests with the requirement for
suitable calibration of the SRM and hydrological models. For the naive
case of an inadequately calibrated SRM with consistently ‘poor’ rainfall,
there is little point proceeding with detailed evaluation. The streamflow
evaluation of SRMs is more meaningful for cases where despite ‘best’
efforts of calibration, some aspects of a model perform poorly relative to
others (e.g. in certain months) and their relative impact on streamflow is
unclear. For the case of a ‘poorly’ calibrated hydrological model or on
the impact of different hydrological models on the evaluation, it is an
important question, albeit beyond the scope of this paper. As the
framework is entirely relative, it is conceivable to use any given set of
hydrological model parameters for identifying discrepancies (even from
an uncalibrated model or by applying model parameters from another
location). For example, it might be of interest to specify parameters with
different degrees of storage, yielding either fast or slow hydrological
response, that influence the degree of damping and relative importance
of extremes in the rainfall model. However, depending on the choices
made for the hydrological model, they have the potential to either
amplify or dampen discrepancies in generated stochastic timeseries and
it is unclear whether using (multiple) alternatives for the hydrological
model aids or distracts the evaluation of the stochastic model. For the
interpretation to be meaningful at a location of interest, it is best to have
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representative parameters of the hydrological model.
5. Conclusions

This paper has demonstrated the need for hydrological evaluation
through a systematic comparison of the performance of SRMs in terms of
rainfall metrics and their subsequently generated streamflow metrics
after rainfall-runoff transformation. The structured evaluation of the
performance of two stochastic rainfall models (a two-state Markov
model — WGEN and a Gaussian latent variable autoregressive model —
LV) in 383 catchments across both Australia and the US provides a
strong evidence base that potentially ‘good’ modelled rainfall does not
necessarily translate to ‘good’ modelled streamflow. An extensive set of
rainfall and streamflow metrics was utilised, relating to many aspects of
the corresponding distributions across many aggregate scales: moments,
extremes, wet-dry patterns, event-based metrics (peaks, volume, dura-
tion) and distribution quantiles. Compared to the performance of the
stochastic rainfall models in terms of rainfall-only metrics, the hydro-
logical evaluation indicates that both models show a decrease in
streamflow performance. The framework also shows that the LV model
outperforms the WGEN model in simulating streamflow consistently in
both countries and was able to identify rainfall metrics associated with
streamflow discrepancies, including the variability of monthly rainfall
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amounts and 7-day rainfall extremes. Rigorous evaluation of stochastic
rainfall models requires that both rainfall and streamflow metrics are
analysed for a comprehensive understanding of model performance.
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