2 ¢, An Australian Government Initiative Australia’s National
Funded through the Murray—Darling Water Science Age ncy
and Environment Research Program

MD-WERP Deliverable: T1.FS3

Assessing the sensitivity of

water resources in the Murray-
Darling to fire and climate
change

David E. Robertson, Hongxing Zheng, Durga Lal Shrestha, Francis H.S. Chiew

August 2023




Citation

Robertson DE, Zheng H, Shrestha DL, Chiew FCHS (2023) Assessing the sensitivity of water
resources in the Murray-Darling to fire and climate change. MD-WERP Deliverable T1.FS3, CSIRO,
Australia.

Copyright

© Murray—Darling Basin Authority 2021. With the exception of the Commonwealth Coat of Arms,
the MDBA logo, the MD—WERP logo, the CSIRO logo, and any trademarks, and any exempt content
(if identified), this publication is provided under a Creative Commons Attribution 4.0 licence (CC-
BY). CSIRO have all necessary rights and permissions to make this publication available publicly
under a CC-BY licence for the purposes of supporting MD-WERP objectives or other research

purposes.

© Commonwealth Scientific and Industrial Research Organisation 2023. To the extent permitted
by law, all rights are reserved and no part of this publication covered by copyright may be
reproduced or copied in any form or by any means except with the written permission of CSIRO.

Important disclaimer

CSIRO advises that the information contained in this publication comprises general statements
based on scientific research. The reader is advised and needs to be aware that such information
may be incomplete or unable to be used in any specific situation. No reliance or actions must
therefore be made on that information without seeking prior expert professional, scientific and
technical advice. To the extent permitted by law, CSIRO (including its employees and consultants)
excludes all liability to any person for any consequences, including but not limited to all losses,
damages, costs, expenses and any other compensation, arising directly or indirectly from using this
publication (in part or in whole) and any information or material contained in it.

CSIRO is committed to providing web accessible content wherever possible. If you are having
difficulties with accessing this document please contact csiro.au/contact.


http://www.csiro.au/contact

Contents

ACKNOWIEAGMENTS.....utiiiiiee et e e e e e e s e e e e e e s et aeeeeeeeeeessnnsasaeeeeeeesennnssannneeaeeeans 5
EXECULIVE SUMMIAIY e 6
1 INEFOTUCTION .t et ae e e bt e e s bt e e eab e e e eab e e e eareesenns 7
2 1= o g Lo L PP PP PTPPRPPPTRPPPRIN 10
2.1 Approach and asSUMPLIONS ...ccieiiieiccieieee e e e e e e e 10
2.2 DAt oo s 10
2.3 Modelling vegetation change on streamflow ...........ccoceeeviiiieiiciieec e, 12
2.4 Relationship between fire weather and fire occurrence ........ccccvveeeeeriiccnnnnneen. 14
2.5 Impact of fire 0N Vegetation ... 15
2.6 Assessing runoff sensitivity to fire under a future climate .......cccccoeeeinveeennnnn. 16
3 RESUIES ettt et e et e bt e e e bt e e s be e e s bt e e e be e e eane e e aneeean 19
3.1 Hydrological Modelling...........uuiiiieiiiieee e e 19
3.2 Fire weather and OCCUITENCE ......coccueiiiiiiiiiiicicecee e 23
33 Impact of fire 0N Vegetation ... 27
3.4 U0 =N o] g [=To! d o] o PP PPPPPPRt 30
4 DISCUSSION L.eiiiiiiiiiiii it 40
5 (600] 0Tl (V1Y T o I3 P PRSPPI 44
6 RETEIENCES ..ttt e ettt e e e e e s e st ba e e e e e e e eesssbaraeseeeeeesennnraeeeens 4546

Assessing the sensitivity of water resources in the Murray-Darling to fire and climate change | 1



Figures

Figure 1 Geographic location of the 246 Bureau of Meteorology’s Hydrologic Reference Stations
(HRS) catchment boundaries (in blue), the Murray-Darling Basin (MDB, black). The background
red colour ramp shows the frequency of fires for 1938-2022, with the green shading indicating
(aTe YT o T o A [ =T TSP PPN 12

Figure 2 Schematic of the GRAJ MOEL. ........uvviiiiiiee e e 13

Figure 3 Comparison of cross-validation NSE and bias of standard and LAl-forced versions of
GR4J hydrological model for the 104 catchments in the MDB where fire has been historically
observed. Green shading indicates areas where LAl-forced version produces better cross-
validation performance than the standard Version.........cccocuviiiiiiiiecciiee e 19

Figure 4 Spatial distribution of increases in NSE (left panel) and changes in absolute percentage
bias (right panel) when LAl is used as a forcing in the GR4J hydrological model......................... 20

Figure 5 Sensitivity of daily, monthly and annual flow-duration curves to LAl ...........ccccuuunneeen. 21

Figure 6 Example simulated time series of annual runoff for three contrasting catchments
generated using observed and climatology LAl............ovviieiiiiiccieeee e 22

Figure 7 Relationship between the annual number of days exceeding FFDI thresholds and the
probability of a fire in a forested area of the study catchments.........cccceeeiiiiciiiieie e, 23

Figure 8 Distributions of observed burnt forest areas conditioned on annual FFDI days
exceeding 90t percentile within the HRS catChments. .......ccoovieiieiiveieececeeeceeeeee e 24

Figure 9 Comparison of fitted model relating catchment forest burnt areas to annual FFDI days
exceeding 90 percentile and corresponding empirical distribution. Fitted model lines are for
annual FFDI exceedance days at the upper and lower bounds of the bin used to estimate the

LY aa] ol g Tor=1 I 11 d g1 o T o TR SRS 24

Figure 10 Probability integral transform (PIT) — uniform probability plot used to assess the
ability of the fitted relationship between forest burnt area and annual FFDI days exceeding 90t
percentile to adequately represent the uncertainty in forest burnt area predictions. Predictions
that perfectly represent prediction uncertainty follow the 1:1 line. .....ccoccevivvveeiiiiiiiicirreeeeeee, 25

Figure 11 Reliability diagram used to assess the adequacy of the fitted relationship between
forest burnt area and annual FFDI days exceeding 90 percentile to predict the probability of
the burnt area exceeding 1km?2. Ideally the blue line will follow the 1:1 line. The number of
events in each forecast probability bin is represented by the size of the blue circles................. 26

Figure 12 Normalised density of annual LAl change for fire and non-fire years..........ccccccvveeennee 27

Figure 13 Annual changes in LAl for fire and non-fire years conditioned on the annual FFDI days
exceeding the 90t percentile. The boxes are derived from the 25" and 75 percentiles, the
whiskers extend to the 5™ and 95% percentiles, and the median and mean are shown as
horizontal lines and points, resPeCctiVely. ........uuviiiiiii i e 28

Figure 14 Modelled and observed relationship between the annual FFDI days exceeding the 90t
percentile and annual LAl changes during fire years. Box plots for observations are described

2 | CSIRO Australia’s National Science Agency



above, modelled mean represented by the solid red line and the 50 percentile prediction
intervals by the red Shading. ... e are e s 28

Figure 15 Modelled and observed recovery of annual LAl with time since fire. Box plots for
observations are described above, modelled mean represented by the solid red line and the
50%ile prediction intervals by the red shading. ........ccoevviiiiioicc e, 29

Figure 16 Exceedance curves for historical and projected dFFDI > g90, s for the
Goobarragandra River at Lacmalac (Gauge 410057). ...ceeevcuieeeieireeeeeciieeeeeeiteeeeeveeeeesnreeeeeeaveeas 30

Figure 17 Exceedance curves for historical and projected burnt forest area for the
Goobarragandra River at Lacmalac (Gauge 410057), solid lines represents the modelled median
and the shaded range represent the 90% prediction interval (i.e. [0.05,0.95] quantile range). . 31

Figure 18 Exceedance curves for historical and projected catchment average Leaf Area Index for
the Goobarragandra River at Lacmalac (Gauge 410057), solid lines represent the modelled
median and the shaded range represent the 90% prediction interval (i.e. [0.05,0.95] quantile

=] 07 ={=) PSPPSR 32

Figure 19 Exceedance curves for historical and projected simulated catchment runoff annual
metrics for the Goobarragandra River at Lacmalac (Gauge 410057), solid lines represent the
modelled median and the shaded range represent the 90% prediction interval (i.e. [0.05,0.95]

(o T Lo L] LI =T ¥ == IS USSR 33

Figure 20 Summary of increases in average dFFDI > q90, s under the projected future climate
FOr All HRS CatChMENES. ..eeiiiei e nan 34

Figure 21 Summary of increases in average annual catchment burn area under the projected
future climate for all HRS catchments. The pale green shading represents changes between the
90% prediction intervals of the 5" and 95™ percentiles of 1000 time series generated using the
modelled relationship between dFFDI > q90, s and catchment burn area when forced by
historical and projected dFFDI > G0, S. .coouiiuiiiiiiieeiieeieeste ettt 35

Figure 22 Summary of increases in mean catchment average LAl under the projected future
climate for all HRS catchments. The pale green shading represents changes between the 90%
prediction intervals of the 5™ and 95™ percentiles of 1000 time Series. .......ccevevrrerrevvererernennas 36

Figure 23 Summary of changes in mean annual streamflow characteristics generated using
standard and LAl-forced versions of GR4J hydrological mode under the projected future climate
fOr @ll HRS CatChMENTS. ... e e e e e s e e e e e s aaee e e eensaeeeeannns 37

Figure 24 Differences between changes in mean annual runoff due to climate change between
simulations generated using LAl-forced and original versions of the GR4J hydrological model.
Negative values indicate the LAI-forced version of GR4J has smaller changes in mean annual
runoff than the original VEISION. ........uee i e e e e e 38

Figure 25 Differences between changes in annual 5™ percentile runoff due to climate change
between simulations generated using LAl-forced and original versions of the GR4J hydrological
model. Negative values indicate the LAl-forced version of GR4J has smaller changes in annual
5th percentile runoff than the original VErSION. .......cooveiveieiieicecieceeeeeeeee sttt 38

Assessing the sensitivity of water resources in the Murray-Darling to fire and climate change



Figure 26 Differences between changes in annual 95 percentile runoff due to climate change
between simulations generated using LAl-forced and original versions of the GR4J hydrological
model. Negative values indicate the LAl-forced version of GR4J has smaller changes in annual
95™ percentile runoff than the original VErsion. ..........cccveeeeeeeeereeeeeeeeeeeeeeeees e eveenenns 39

4 | CSIRO Australia’s National Science Agency



Acknowledgments

This work was undertaken as a part of the Murray-Darling Basin Water and Environment Research
Program (MD-WERP) Climate Adaptation Theme. The MD-WERP is an Australian Government
initiative to strengthen scientific knowledge of the Murray—Darling Basin that is managed through
a partnership between the Murray—Darling Basin Authority (MDBA), Commonwealth
Environmental Water Office (CEWO) and the Department of Climate Change, Energy, the
Environment and Water (DCCEEW).

The authors pay respect to the Traditional Owners and their Nations of the Murray-Darling Basin.
We acknowledge their deep cultural, social, environmental, spiritual and economic connection to
their lands and waters.

Assessing the sensitivity of water resources in the Murray-Darling to fire and climate change | 5



Executive summary

Bushfires have traditionally been understood to have impacts on long-term water availability.
Climate change is projected to increase the frequency and intensity of bushfires and therefore the
effects of climate change on bushfires may be expected to amplify the direct impacts of climate
change on catchment runoff. Many previous investigations have estimated the impacts of
historical fires on catchment runoff, and the impacts of climate change on catchment runoff, but
few have considered the interactions. In this study we have assessed the potential impacts of
bushfires on water availability under a changing climate for more than 100 catchments in the
Murray-Darling Basin. To assess the impact of bushfires on future water availability we established
modelling methods that relate (i) climate data to fire weather, (ii) fire weather to the area of
forest burnt and changes in leaf area index (LAI) due to bushfire, (iii) post-fire recovery of LAI, and
finally, (iv) catchment runoff to LAl. We calibrate and demonstrate the performance of each of the
models and examine their sensitivity to LAl changes. We then use the modelling chain to assess
changes in catchment runoff characteristics resulting from a hotter and drier future climate,
characterised by a 10% decline in rainfall and 2°C increase in temperature, relative to the historical
climate, and compare these changes to those obtained using more traditional modelling methods
that do not consider the effects of bushfires.

We find that our methods for predicting burnt forest areas from fire weather, changes in LAl due
to fire and the recovery of LAl following fire represent historically observed data and provide
robust quantification of prediction uncertainties. We also find that the performance of the
adapted hydrological model that is responsive to LAl changes is equal to or slightly better than the
unadapted model for out-of-sample runoff predictions. Across the catchments investigated,
modelled runoff is most strongly sensitive to LAl in forested catchments, while many catchments
show little sensitivity.

Under the investigated future climate scenario, we find that the fire weather is projected to be
more severe, and frequency and extent of bushfires is projected to increase. Catchment average
LAl is projected to decrease due to the increased frequency and extent of bushfires, but the
reductions are relatively small because fires are still expected to occur relatively infrequently and
any individual fire will only cover part of the catchment. Changes in future runoff are expected to
be dominated by the direct impacts of changes in future rainfall and potential evaporation.
Including the effects of bushfires in modelling the runoff response to climate change had little
impact on mean annual runoff for the majority of catchments investigated, while for a small
number of catchments reductions in mean annual runoff were smaller when the effects of
bushfires were included in modelling. While modelled changes in mean annual runoff were
generally insensitive to the effects of bushfires, high and low flow conditions were observed to be
sensitive with smaller reductions in high flow conditions and larger reductions in low flow
conditions when the effects of bushfires are represented in hydrological modelling. These results
indicate that using traditional hydrological modelling that does not explicitly consider the effects
of bushfires for climate change projections will provide robust estimates of changes in mean
annual flow, however if future changes in daily streamflow characteristics are important for
management, then the effects of bushfires may need to be modelled.
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1 Introduction

Wildfires are well known to have significant impacts on the hydrological cycle (Boyer et al., 2022).
Impacts of fire occur through long and short-term changes in vegetation cover and composition,
mobilisation of sediments and other nutrients, modification of soil surface properties, including
surface sealing, and, in cryospheric zones changes to the soil thermal properties and permafrost
(Boyer et al., 2022; Li et al., 2021; Paul et al., 2022). These direct impacts of fire lead to changes in
runoff volumes and rates, and the degradation of water quality in rivers and water storages all of
which can pose challenges to the management of water resources.

In Australia, many investigations have sought to quantify the impacts of historical fires on the
hydrological cycle. Early work on fire impacts in the Murrumbidgee catchment during the early
1970’s showed that in the years immediately following a fire, catchment runoff volumes and
sediment concentrations tended to be much higher than what would be predicted from pre-fire
rainfall and streamflow data (Brown, 1972). The effects of fire on both catchment runoff and
sediment concentrations were observed to decrease with time.

In several Melbourne water supply catchments, and also those adjacent in the southern Murray-
Darling Basin, Langford (1976) identified multi-decade reductions in runoff coefficients following
large scale fires. Kuczera (1987) established an empirical relationship between catchment yield
and forest age in the Melbourne water supply catchments using the Langford dataset. This
relationship suggested that catchment runoff could decline by up to 50% in the first 20-30 years
following a fire and take up to 150 years to recover to its pre-fire state. Numerous field
experiments were undertaken to better understand the physical processes leading to the
observed declines in catchment runoff. These studies found that streamflow declines are related
to changes in evaporation as forests age, primarily related to changes in forest sapwood area and
leaf area (Benyon et al., 2010; Vertessy et al., 2001).

Knowledge gained in the Mountain Ash (Eucalyptus regnans) and Alpine Ash (Eucalyptus
delegatensis) forest-dominated Melbourne water supply catchments has been extrapolated to
provide estimates of the impacts of historical fires on catchment water yields in south-east
Australia and other regions. The magnitude of estimates of fire impacts have varied considerably.
Initial estimates of the impacts of fires in alpine Victoria in 2003 and 2006-7 were that annual
streamflow could reduce by up to 50% by the mid-2020s in some catchments (Hill et al., 2008;
Mannik et al., 2013). Recent research found that in much of south-east Australia initial increases in
runoff coefficients following fires are observable in streamflow time series, but subsequent longer-
term declines, such as those adopted in the analysis of Hill et al. (2008) and Mannik et al. (2013),
could not be confirmed (Khaledi et al., 2022). The findings of Khaledi et al. (2022) are more
consistent with the results of field-based studies of the hydrological responses to fire in mixed-
eucalypt species forests (e.g. Brown, 1972; Lane and Mackay, 2001) that have typically observed
an initial increase in runoff following fire or forest management, but no long-term runoff declines.

The contrasting findings from investigations into the hydrological responses to fire can partly be
attributed to differing responses of eucalyptus forests to fire. Mountain and Alpine Ash species are
typically characterised as ‘seeders’ whereby trees tend to be killed when their leaves are scorched
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and the forest regenerates from seed (Gill, 1981). Other eucalyptus species, including Messmate
(Eucalyptus obliqua) and narrow-leaved peppermint (Eucalyptus radiata), tend to be ‘sprouters’
that are less likely to be killed by a fire and forest regeneration occurs when existing trees regrow
from protected buds, that can be above or below the ground surface (Gill, 1981). In addition to
differences in forest phenological responses to fire, the severity of fires also impacts the
immediate response and subsequent recovery of vegetation (Gill, 1981).

Forest regrowth characteristics have strong impacts on evaporation and consequently catchment
runoff. Following fire, forests that are dominated by ‘seeders’ tend to rapidly establish stem
densities, sapwood densities and a leaf area index that is much higher than a mature forest, which
then declines as the forest ages through self-thinning (Benyon et al., 2023; Vertessy et al., 2001).
This leads to evaporation rates falling immediately following a fire because of initial vegetation
loss, then increasing to higher than pre-fire levels as the forest regenerates and subsequently
declining as the forest matures. Hydrological models have generally represented evaporation
changes during fire recovery by relationships between evaporation to leaf area index or canopy
conductance and stand age (Benyon et al., 2023). Forests dominated by ‘sprouters’ have been less
well studied, but are often assumed to follow the same characteristics (e.g. Hill et al., 2008;
Mannik et al., 2013).

The parameterisation of LAl-age models has been historically limited by the need to substitute
space for time in LAl and canopy conductance data, meaning that variations in LAl were
characterised using spatially separated forest stands of different ages (Benyon et al., 2023).
Assumptions have then been that species all follow the same LAl/age trajectory (i.e. there is no
spatial variation in underlying forest LAI) and that initial fire or forest management impacts on LAl
are consistent across the spatially separated forest stands. Therefore, while the general form of
LAl-age relationships may be appropriate, their parameterisations may not account for spatial
variations in underlying LAl and the initial impacts of fire on LAl, limiting their ability to be
generalised for Basin-scale analysis. Remotely sensed time series of vegetation indices, such as LAl
(e.g. Zhu et al., 2013), are now available and can potentially provide for more generalised analysis
of LAl responses to fire and support better understanding of contrasting assessments of historical
fire impacts in Murray-Darling Basin.

The frequency of severe fire weather conditions in Australia has been increasing in recent decades
and with it the extent and frequency of wildfires (Canadell et al., 2021). Notably the greatest
changes have been in south-eastern Australia and the headwater catchments of the Murray-
Darling Basin. Climate change projections show increasing temperatures and changing rainfall
patterns are expected to result in increasing fire weather severity (Dowdy, 2020) and as a result
bushfire frequency, severity and potentially extent. Therefore, the future impacts of fire on water
resources availability and management are expected to be amplified.

Chiew et al. (2008) undertook an assessment of the impacts of fire on mean annual runoff under a
future climate across the Murray-Darling Basin, finding that fire would reduce future mean annual
runoff by 1% in a small number of catchments and not at all in many others. Their assessment
adapted the models developed by Hill et al. (2008) averaged over 100 years and considered
changes in mean annual forest fire danger index. As such, the assessment provides only a first
order evaluation of fire impacts on mean annual runoff that neglects inter-annual variability and
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non-linearities in climate change impacts on fire weather severity and fire impacts on vegetation
and hydrological processes.

In this study we seek to provide insight into the likely sensitivity of water resources to climate
change considering the effects of fire. We establish a hydrological modelling method that seeks to
represent the impact of fire, and other changes in vegetation, on catchment runoff by relating
evaporation to remotely sensed observations of LAl. We then develop an approach to generate
future projections of LAl as impacted by fire. The approach uses models that (a) relates fire
weather severity to fire occurrence and burnt areas, (b) relates fire weather severity to LAl impact
due to fire occurrence, and (c) characterises the recovery of LAl in the years following a fire.
Projections of future LAl and consistent climate data are used to force our hydrological model to
generate projections of future runoff. The impacts of climate change on catchment runoff
characteristics generated using our modelling approach are compared to those produced using a
more traditional approach that neglects the impacts of fire. The next section describes the
detailed methods adopted in our analysis. Results evaluating the modelling methods and
summarising climate change projections are presented in Section 3. Section 4 discusses how the
findings from the study relate to previous assessments and highlights the study limitations and
future opportunities.
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2 Methods

2.1 Approach and assumptions

To understand the sensitivity of water resources to the combined impacts of fire and direct
climate change we establish a modelling chain that enables the projection of future change on the
incidence and severity of fire and the impact of fire on catchment runoff.

We assume that the primary impact of fire on catchment runoff is by altering the vegetation
characteristics of the catchment. We therefore establish a rainfall-runoff modelling approach that
responds to changes in vegetation. We assume changes in vegetation at the catchment scale are
best characterised by remotely sensed leaf area index (LAl) data, on the assumption that these
adequately represent vegetation characteristics.

To develop future projections using our rainfall-runoff model we require projections of all forcing
data, which includes climate forcing (rainfall and potential evaporation) and also LAI. We therefore
develop methods to generate projections of catchment average LAI, as impacted by fire, from
climate projections. Our approach to generating these catchment scale LAl projections creates
models that describe the extent of future fires, their immediate impact on LAl and the post-fire
recovery of LAl. These models can then be forced with future climate projections to assess the
combined impact of direct climate change on fire and water availability.

We compare projections made using our rainfall-runoff modelling that considers the effects of fire
to standard approaches to generating future runoff projections that use standard rainfall-runoff
models.

In the remainder of this section, we firstly introduce the datasets used for the analysis, then
describe the approaches taken to establish modelling and finally explain how the models have
been used to generate projections of future runoff.

2.2 Data

2.2.1 Catchment data

We investigate 245 catchments in Victoria and New South Wales where high quality streamflow
observations are available to calibrate hydrological models, including catchments that are outside
the Murray-Darling Basin. The streamflow observations and catchment delineations are obtained
from the Bureau of Meteorology’s Hydrologic Reference Stations (Zhang et al., 2013, see
http://www.bom.gov.au/water/hrs/about.shtml). Catchment scale forcing data for the models are
derived by taking area-weighted averages of gridded data estimates used to support the
Australian Water Outlook (Frost et al., 2018; Jones et al., 2009).
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2.2.2 Bushfire extent maps

Bushfire extent maps are obtained for Victoria (https://discover.data.vic.gov.au/dataset/fire-
history-records-of-fires-across-victorial) and New South Wales
(https://datasets.seed.nsw.gov.au/dataset/fire-history-wildfires-and-prescribed-burns-1e8b6).
Raw datasets represent the extents for individual fires as polygons with attributes characterising
fire type, fire season, burnt area and in many cases fire severity.

The Victorian and NSW datasets are firstly merged and then grids of annual fire extent at a 1 km
spatial resolution are derived by rasterising all polygons for each fire season.

2.2.3 Leaf Area Index

Remotely-sensed LAI data generated using the Zhu et al. (2013) approach are used for this study
(https://drive.google.com/drive/folders/0OBwL88nwumpqgYaFJmR2poS0d1ZDQ?resourcekey=0-
9IRE9s-0tFGfwB5qTpLjZw). This global dataset is available at 0.083° spatial resolution at 15-day
time steps for the period July 1981 to December 2016. Data are firstly resampled to match the 1
km spatial resolution of the fire extent data set. The 15-day LAI data are noisy, display seasonal
patterns and at a higher temporal resolution than the fire extent data. To obtain an annual LAI
time series we firstly apply a 12-month centred moving average filter, and then extract the annual
minimum values for each fire year (year to June).

2.2.4 Forest Fire Danger Index

The Forest Fire Danger Index (McArthur, 1967; Noble et al., 1980) (FFDI) is used to characterise fire
weather conditions. Data for initial analysis are obtained from (Dowdy, 2020), however we
rederived these using gridded rainfall and temperature and relative humidity data from the

Bureau of Meteorology (Jones et al., 2009) and ERAS wind data (Hersbach et al., 2020) so that a
consistent set of forcing could be used for historical simulations and future projections. Gridded
daily FFDI is computed at a 5 km spatial resolution for the entire domain used for this analysis and
then resampled to the 1 km spatial resolution of the fire extent data. Area-weighted catchment
averaged FFDI is also computed for all 245 catchments.

Annual time series of fire weather indicators are obtained by counting the number of days above a
threshold for spatial units, either grid cells or area-weighted catchment averages. Thresholds for
computing the annual time series include the lower bounds for Very High (FFDI > 25), Severe (FFDI
> 50) and Extreme (FFDI >75) fire danger formerly used in Victoria and adopted for national scale
fire analysis (Canadell et al., 2021), and also the 90t percentile of the location specific historical
distribution.

2.2.5 Land cover

Land cover data is obtained from the major vegetation groups layer of version 6.0 of the National
Vegetation Information System (NVIS, https://www.dcceew.gov.au/environment/land/native-
vegetation/national-vegetation-information-system). We assume that the present-day land cover
data best represent the land cover during the entire period of analysis.
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The NVIS land cover dataset integrates state mapping of the present-day vegetation coverage at a
100 m spatial resolution. Land cover is classified into 33 different vegetation groups, primarily
based on the structural form of vegetation. Land cover data were upsampled to the 1 km spatial
resolution of the bushfire extent maps by taking the class of the land cover grid cell nearest the
centroid.
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Figure 1 Geographic location of the 246 Bureau of Meteorology’s Hydrologic Reference Stations (HRS) catchment
boundaries (in blue), the Murray-Darling Basin (MDB, black). The background red colour ramp shows the frequency
of fires for 1938-2022, with the green shading indicating non-burnt areas.

2.3 Modelling vegetation change on streamflow

2.3.1 Hydrological model conceptualisation

Current practice to investigate the impacts of climate change on catchment runoff in the Murray-
Darling Basin (MDB) involves running future climate inputs through a calibrated conceptual model,
such as GR4J (Perrin et al., 2003), with the same parameter values used to model runoff under
both historical and future climates. We adopt this approach as a benchmark assessment of the
impacts of climate change on catchment runoff (Charles et al., 2020; Chiew et al., 2017; Prosser et
al., 2021).
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To represent the effect of vegetation on catchment runoff we adapt the GR4J hydrological model
(Figure 2) so that actual evaporation is related to LAl and the level of the production store (S)
rather than only the level of the production store.

E P
Es Ps Pn—Ps
Production
Store T
S
v
Perc Pr
<> >
X|4 2x X4
Q|9 o1
Routing == S
X3 3 .
Store 2 = f(X2)
]
Qr QGR4J

Figure 2 Schematic of the GR4J model.

In the original formulation of GR4J, the actual evaporation is given by

v 5(2 _xil) tanh (Ex_T)
N

- 1+ (1 _xil) tanh (i—’f)

Equation 1

where E is actual evaporation from the production store, E,, = E,, is the net evaporation
capacity and x; is the capacity of the production store.

We adapt the formulation of evaporation to include a dependence on LAl as follows,
E, = E,(a+ b[1 — exp(—k - LAI)])
Equation 2

where {a, b, k} are parameters. In the published version of Equation 2,a = 0.45andb = 0.4
and k is a calibrated parameter (Kondo, 1998; Sato et al., 2008). However, we modify this such
that b = (1 — a) and calibrate both a and k.
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2.3.2 Model calibration

Hydrological models are calibrated to minimise an objective function using the Shuffled Complex
Evolution algorithm (Duan et al., 1993). The selected objective function (Equation 3) has been
commonly used to calibrate models for previous climate change impact assessments (Chiew et al.,
2018; Viney et al., 2009). When calibrating the benchmark hydrological model only the four
standard GR4J model parameters are optimised. However, when calibrating the extended model,
an additional two parameters are required in the formulation of the evaporation response to LAI,
so model calibration involves optimising six parameters.

OF = (1 — NSE) + 5(log(1 + bias))*®°

Equation 3
where
2
NSE =1 — ZI:l(Qs,t - Qo,t)
- - 32
Z;rzl(Qo,t - Qo)
Equation 4
bias = (Q_s - Q_o)
0
Equation 5

and NSE is the Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970), Q; ; is the simulated
streamflow for time step t ,Q, ¢ is the observed streamflow, Q,is the mean simulated streamflow,
Q,is the mean observed streamflow and T the total number of time steps.

Models are calibrated to all available streamflow data between 1983 and 2018.

We assess the out-of-sample performance of the calibrated models using windowed cross-
validation strategy. For each year in the historical record, we calibrate the hydrological model to
all streamflow observations excluding the year of interest and subsequent year. We then generate
simulations for the year of interest. The streamflow simulations for each year are then combined
to form a single time series that is compared to observed streamflow using the NSE andbias as
measures of performance.

2.4 Relationship between fire weather and fire occurrence

For each catchment, we compute the forest area burnt in each year from using the bushfire extent
maps and catchment boundaries. We explore the relationship between annual FFDI exceedance
counts and (i) the probability of fire occurring in any catchment, and (ii) the area of forest burnt in
each catchment.

We establish a statistical model, specifically the Bayesian Joint Probability modelling (BJP)
approach (Wang and Robertson, 2011; Wang et al., 2009) using data for all catchments to relate
the annual FFDI exceedance counts to forest burnt area. The BJP firstly applies a transformation to
normalise and stabilise the variance of predictor and predictand data. It then assumes the
transformed predictor and predictand data follow a censored multivariate normal distribution.
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The use of data censoring allows the zero-valued observations in both the predictor and
predictand data to be handled using the assumed continuous multi-variate normal distribution.
Data censoring assumes that zero values are less than or equal to zero with an unknown precise
value.

For this study, a log-sinh transformation is applied to normalise both the annual FFDI exceedance
counts and the forest burnt areas in each catchment.

For known values of the predictor, annual FFDI exceedance counts, the distribution of forest burnt
area for a catchment can be estimated by (a) conditioning the inferred multi-variate normal
distribution of the transformed predictor values, (b) sampling from the conditional distribution,
and (c) back transforming the sampled values using the transformation appropriate for the
predictand (forest burnt area). In this way, stochastic realisations of forest burnt area can be
generated from FFDI time series.

We evaluate the model predicting forest burnt area from FFDI exceedance counts and assess its
performance using measures of bias and the statistical reliability of prediction uncertainty
estimates.

2.5 Impact of fire on vegetation

To assess the impact of fire on vegetation we investigate the changes in remotely-sensed LAl that
occur due to fire, including how these are impacted by fire weather, and also the recovery of LAI
following a fire.

2.5.1 Leaf area index change due to fire

We examine the impact of fire on LAl by firstly computing the annual change in LAI for individual
grid cells. Annual changes in grid cell LAl are then analysed by examining the distribution of
changes conditioned on the occurrence of fire and the annual FFDI exceedance counts. The Annual
FFDI exceedance counts are used rather than other measures of fire weather severity as it was
found to be the best indicator to describe the occurrence of fire. Based on exploratory analysis we
use a piece-wise linear regression to model the relationship between annual LAl change and
annual FFDI exceedance counts.

ALAlfiye s = f(dFFDI>q90,s) t+e

Equation 6

where for location s, ALAlfire s = LAI_y s — LAlys, LAI_, 5 is the LAl at the start of the year a fire
occurred, LAl s is the LAl at the end of the year a fire occurred and dpgp;>q90 s is the annual FFDI
exceedance counts, i.e. days above the site or catchment 90t percentile FFDI, and € ~ N(0, 52).

2.5.2 Post-fire recovery of leaf area index

The recovery of LAl following a fire is complex and has previously been found to be related to the
initial fire impact and time since fire occurrence. For each grid cell we generated timeseries of LAl
recovery after fire using the following:
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LAL, s — LAy
LAI_; s — LAy

Recovery, ; =

Equation 7

where LA, ; is the LAl t years after a fire, LAI_, ¢ is the LAl at the start of the year a fire occurred,
LAI s is the LAl at the end of the year a fire occurred.

We initially graphically explored the relationship between the LAl recovery index and the number
of years since fire and its variation with vegetation classes.

Many models have been used to describe LAI (Vertessy et al., 2001) and bushfire fuel
accumulation (Gould and Gomes Da Cruz, 2012) as a function of time since fire, or forest stand
age. Many of these models take the generic form whereby the LAl at some time after fire is the
sum of exponential functions of stand age,

Recovery, = a + Z Bi exp(—k;t)
i

Equation 8

where t is the number of years after a fire and «a, ; and k; are model parameters. The
implementation of these models has either tended to be site specific, or parameterised such that
the long-term, or steady state, LAl and initial fire impact on LAl are assumed uniform in space and
time. These assumptions have been made due to the limited field observations of LAl that have
been historically available. Our initial analysis of LAl data suggests considerable spatial variation in
the average LAl values and that the impacts of fire on LAl also vary in space and with fire
characteristics. Therefore, to account for these considerations and reduce the number of
parameters required to model the recovery of LAl following fire, we adapted the generic
formulations to make use of the time series of LAI, as follows

LAl s = LAI_; s — ALAlfjye sexp(—kt") + ¢
Equation 9

where t is the number of years after a fire, s is a location identifier, ALAlf;,s = LAI_; s — LAl
and € ~ N(0,02).

We estimate model parameters {k, ¥, 0} using a maximum likelihood approach for all forecast grid
cells in the study region.

2.6 Assessing runoff sensitivity to fire under a future climate

We adopt a sensitivity approach to investigate the impact of fires on runoff under a future climate.
We establish a single future climate scenario that is characterised by a 10% reduction in rainfall
and a 2°C increase in temperature, and compare runoff projections to historical runoff simulations
generated using historical observations of forcing data. For much of the Murray-Darling Basin this
future climate scenario adopted represents approximately the median change in temperature
projected by the CMIP6 global climate models and larger decreases in rainfall projected by
approximately 25% of GCMs for the year 2065. To generate the projections, we simply multiply
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the historically observed daily rainfall by 0.9 and add 2°C to historical daily temperature
observations.

Our modelling methods also require projections of windspeed, relative humidity, and potential
evaporation. We assume that windspeed and relative humidity are unchanged while potential
evaporation increases by 7%, which is consistent with other assumed changes (i.e. 2°C
temperature increase and no change in relative humidity).

To generate projections of runoff we firstly create projections of daily FFDI for each catchment
from the projected climate data. Using these projections, we compute the number of days the
projected FFDI exceeds the historically observed 90 percentile FFDI value in each year to produce
projections of annual FFDI exceedance counts.

Projections of forest burnt area are then generated using the modelled relationship between
annual FFDI exceedance counts and forest fire burnt areas. As this relationship is uncertain, we
use the statistical model to generate 1000 realisations of forest burnt area for each year. Where
the projected forest burnt area exceeds the area of forest in a catchment, the projected forest
burnt area is reset to the catchment’s forest area.

Projections of catchment average LAl are then generated in multiple stages for each of the 1000
realisations of forest burnt area. We model only the effects of fire on LAl for the forested areas of
each catchment and assume that the non-forested areas have the same LAl as historically
observed. The changes in LAl due to fire impacts and recovery in the forested catchment areas are
modelled at the 1km grid cells used in model development. The LAl for each forested grid cell is
modelled as a time series, keeping track of the multiple variables required to estimate LAI,
specifically ALAl¢;ye 5, LAI_1 5, and t. In our analysis we treat each grid cell in a catchment
independently, thus disregarding the spatial arrangement of grid cells in computing catchment
average LAI.

Each modelled forest grid cell is initialised with the LAl and time since fire corresponding to the
start of the historical time series (1982).

For each year the projected burnt forest area is randomly distributed across the forest grid cells,
consistent with our treatment of grid cells as being independent.

Where a grid cell is designated to be burnt in a given year,

a) the change in LAl for that year (ALAlf; ) is estimated from Equation 6 using the
projected FFDI exceedance count for the year, including taking a single sample from the
residual distribution,

b) the LAl for that year is computed as LAI_; s + ALAlfjre

c) the time since fire reset (i.e. t = 0),

d) the prefire LAI (LAI_, ¢) is updated to equal the LAl for the preceding year,

Where a grid cell is not designated to be burnt in a given year,

a) ALAlfir.s and LAI_; s are set to the previous year’s values,

b) time since fire incremented by a year (i.e.t =t + 1),

c) the LAlis estimated using Equation 9, also taking a single sample from the residual
distribution.
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The catchment average LAl for each year is then computed by averaging across all forested and
non-forested grid cells.

The 1000 time series of projected catchment average LAI, together with the single time series of
projected rainfall and potential evaporation, are used to force the hydrological model to generate
1000 time series of projected runoff.

In addition to generating projections of future runoff, we also force our modelling workflow with
historical climate forcing to product a 1000-member ensemble of historical runoff simulations.

We analyse the ensemble simulations for each catchment by firstly computing runoff statistics
(mean, 5™ percentile, 95" percentile and number of days below the simulated historical median)
for each year and ensemble member. We then derive an ensemble of mean annual statistics by
computing the mean runoff statistics over all years for each ensemble member. We summarise
the ensemble of mean annual statistics using the ensemble mean, median, 5™ and 95t
percentiles. Finally, we compare projected with historical runoff by computing differences
between these summary statistics.
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3 Results

3.1

3.11

The GR4J model that is forced by LAl shows an out-of-sample NSE that is greater than or equal to
that of the GR4J model that is not forced by LAl (Figure 3) for all but one catchment. In general,
the improvements to the NSE tend to be small, but there are several cases where NSE improves by
more than 0.1. Catchments where the out-of-sample NSE increases when using LAl as forcing tend
to be clustered in headwaters of the Murrumbidgee catchment (Figure 4) but also occur in some
of the drier regions of NSW. The out-of-sample biases tend to be small (less than 10%) for all
catchments. In general, the GR4J model forced by LAl shows slightly higher biases than the model
that does not use LAl forcing, however there are several catchments where the biases reduce.
Catchments where the out-of-sample bias reduces when using LAl as forcing tend to be clustered

Hydrological modelling

Cross-validation performance

in the high runoff-catchments in the south-east of the MDB (Figure 4).

NSE (GR4J+LAI)

Figure 3 Comparison of cross-validation NSE and bias of standard and LAI-forced versions of GR4J hydrological
model for the 104 catchments in the MDB where fire has been historically observed. Green shading indicates areas
where LAl-forced version produces better cross-validation performance than the standard version.
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Figure 4 Spatial distribution of increases in NSE (left panel) and changes in absolute percentage bias (right panel)
when LAl is used as a forcing in the GR4J hydrological model.

3.1.2 Sensitivity of simulations to leaf area index

Following calibration, the GR4J model forced by LAl shows a range of sensitivities to varying LAI
between the Hydrologic Reference Station (HRS) catchments (Figure 5). Figure 5 illustrates flow-
duration curves for daily, monthly and annual runoff generated by models forced by the observed
LAl time series, and climatology (monthly mean) LAI time series and time series generated using
the maximum and minimum values in the observed LAl record for three example catchments.
Calibrated models for some catchments (e.g. 412050) show no sensitivity to LAI, which can be
because there is little variation in the LAl timeseries or that changes in LAl have little impact on
catchment evaporation. The latter may be the result of other factors, such as limitations on soil
moisture from low rainfall having a stronger influence on catchment-scale evaporation than
vegetation changes. However, runoff predictions from calibrated models for other catchments
(e.g. 410057 and 405209) can be strongly responsive to LAl variations at daily, monthly and annual
time scales (Figure 5). For both the sensitive catchments, differences between the flow-duration
curves generated using the observed and climatology LAl time series are very similar, particularly
for the daily and monthly data. Some differences between the flow-duration curves generated
using observed and climatology LAl become apparent for annual data, however the differences are
relatively small and the two curves closely follow one another over the entire range of flows. The
flow duration curves generated using the maximum and minimum LAl values depart significantly
from those generated using the observed LAl time series. Simulated runoff generated using the
minimum LAl as forcing data is significantly higher, almost double in the case of annual data, than
simulations generated using the observed LAIl. Conversely, runoff simulations generating using the
maximum LAl as forcing data are consistently lower than those generated using observed LAI
forcing. This behaviour is expected by the relationship relating LAl to catchment potential
evaporation (Equation 2), where increasing LAl leads to increase catchment evaporation and
hence water available for runoff will decline.
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Figure 5 Sensitivity of daily, monthly and annual flow-duration curves to LAI.

We also assess the sensitivity of the hydrological simulations to LAl by comparing simulated
annual time series generated using observed and climatology LAl (Figure 6). As expected, for the
catchment where the model is not sensitive to LAI, there is no difference in the annual time series
generated using the climatology and observed LAI. For the catchments that are sensitive to LA,
differences between the runoff time series generated using observed and climatology LAl exist
and two different behaviours are observable. Differences between the annual runoff time series
generated using observed and climatology LAl for catchment 410057 appear to be random, with
runoff generated using the climatology LAl oscillating about the time series generated using
observed LAl and anomalies persisting for no more than 2-3 years. Before 2008, catchment
405209 displays similar behaviour to catchment 410057, with the runoff generated using the
climatology LAl oscillating about the time series generated using observed LAI. However, after
2008, runoff generated using the observed LAl is consistently higher than that generated using the
climatology LAI, although the differences decrease with time after 2008. Catchment 405209 was
heavily impacted by the Black Saturday bushfires of the 2008/09 fire year and simulations indicate
that the runoff has increased in the years immediately following the fire.
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Figure 6 Example simulated time series of annual runoff for three contrasting catchments generated using observed
and climatology LAI
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3.2 Fire weather and occurrence

We firstly summarise the observed historical distribution of forest burn area and then evaluate the
model describing the relationship between fire weather and the burnt forest area.

3.2.1 Summary of historical data

No statistically significant relationships were found between the number of days in a year
exceeding the threshold for Very High (FFDI > 25), Severe (FFDI > 50) and Extreme (FFDI > 75) fire
danger and the probability of fire in a catchment (Figure 7). However, a significant relationship
was found between the probability of a fire occurring in a catchment and the number of daysin a
year the FFDI exceed the catchment 90t percentile FFDI.
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Figure 7 Relationship between the annual number of days exceeding FFDI thresholds and the probability of a fire in

a forested area of the study catchments.

The number of days in a year the FFDI exceeds the catchment 90" percentile FFDI (drrpI>q90,s)
also shows a relationship with the area of forest burnt (Figure 8). As dppp;>q90,s iNnCreases, we see
that the chance of a fire occurring increases and the area of forest burnt in the study catchments

also increases.
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Figure 8 Distributions of observed burnt forest areas conditioned on annual FFDI days exceeding 90" percentile
within the HRS catchments.

3.2.2 Modelling relating fire weather and burnt forest area

We establish a statistical model that can describe the relationship between dgpp;>g90s and the
distribution of forest area burnt. The model is able to characterise the shape of the probability
distribution of forest burnt areas conditioned on dgpp;>q90 s, including the probability of the forest
burnt area exceeding 1 km?, as indicated by the orange line corresponding to the empirical
observations falling within the upper and lower bounds of the corresponding fitted model (Figure
9).
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Figure 9 Comparison of fitted model relating catchment forest burnt areas to annual FFDI days exceeding 90"
percentile and corresponding empirical distribution. Fitted model lines are for annual FFDI exceedance days at the
upper and lower bounds of the bin used to estimate the empirical distribution.

We assess how well the fitted model represents the uncertainty in predictions of forest burn area
using a probability integral transform (PIT) — uniform probability plot (Figure 10). The fitted model
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relating dpppr>q90,s to the catchment forest burnt area appears to represent the uncertainty in
predictions extremely well, with the PIT values closely following a uniform distribution, i.e.
following the 1:1 line in (Figure 10). This indicates that for a given dgpp>g490,s the distribution of
burnt forest area generated by the fitted model describes is consistent with observations and that
the model can be used for prediction.
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Figure 10 Probability integral transform (PIT) — uniform probability plot used to assess the ability of the fitted
relationship between forest burnt area and annual FFDI days exceeding 90" percentile to adequately represent the
uncertainty in forest burnt area predictions. Predictions that perfectly represent prediction uncertainty follow the
1:1 line.

The PIT-uniform probability plot assesses the uncertainty of the entire predicted distribution of
forest burnt areas. We also assess the adequacy of the model to predict the probability that the
forest burnt area is greater than the minimum observable area (1 km?), using a reliability, or
attributes, diagram (Figure 11). The points closely follow the 1:1 line indicating that the probability
of the forest burnt area exceeding the minimum observable area is well estimated. The largest
numbers of forecast probabilities fall into the range 0.1-0.3 as indicated by the largest blue circles.
This suggests that for the majority of years and catchments the probability of a fire that burns at
least 1 km? in the catchments considered is less than 0.3, but for more extreme years the probably
may increase to be above 0.5. The corollary of this result presented in Figure 11 is that the
probability of no forest fire P(forest_burnt_area) < 1km?) = (1.0 —

P(forest_burnt_area) > 1km?)) is also well estimated.
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Figure 11 Reliability diagram used to assess the adequacy of the fitted relationship between forest burnt area and
annual FFDI days exceeding 90" percentile to predict the probability of the burnt area exceeding 1km?2. Ideally the
blue line will follow the 1:1 line. The number of events in each forecast probability bin is represented by the size of
the blue circles.
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3.3 Impact of fire on vegetation

331 Leaf area index changes due to fire

We firstly characterise the impact of fire on vegetation by assessing how annual changes in leaf
area index are related to the occurrence of fire. In years where a fire does not occur, the annual
LAl change has a mean of very close to zero and a range of approximately £1.0 (Figure 12). This
indicates that there is variability in annual LAl values, and even when no fire occurs LAl can
decrease over a year. In years where a fire does occur, there is a much greater chance that the
annual LAl change will be negative, that is that fire reduces the leaf area index, than when there is
no fire. However, there is also a chance that the LAl will still increase over a year, which may arise
due to an early-season or a low intensity fire that promotes understorey growth.
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Figure 12 Normalised density of annual LAI change for fire and non-fire years.

Changes in LAl are found to be dependent on dgpp;>g90,s (Figure 13). During non-fire years, the
dependence of LAl is weak and while the mean and median change is slightly negative for
drrpr>qoos Values greater than 75, the 5t percentile of the distribution is always greater than
zero. A slight dependence of LAl on dpppis>q90,s during non-fire years is not unexpected as years
where dpppi>q90,s is high are hot and dry, and vegetation will often respond by reducing exposed
leaf area.

During fire years, the relationship between LAl change and dggp;>q90 s is stronger than during
non-fire years when dpppysq90,s is high. During the most extreme years when fires occur the mean
decreases in individual 1 km pixel LAl can be as much as 1.0 with a range that extends to 2.0.
However, when fires occur in years where dgppsq90,s is less than about 40 days, the change in LAl
is virtually indistinguishable from non-fire years.
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Figure 13 Annual changes in LAl for fire and non-fire years conditioned on the annual FFDI days exceeding the 90"
percentile. The boxes are derived from the 25 and 75" percentiles, the whiskers extend to the 5" and 95
percentiles, and the median and mean are shown as horizontal lines and points, respectively.

To be able to predict the impact of fire on LAl we establish a piecewise regression model relating
LAl change in fire years to dgpp;>q90,s (Figure 14). The parameters of the piecewise regression
relationship, including the slopes and intercepts of the two segments and breakpoint between
them, were estimated jointly by maximising the likelihood function, and thereby minimising the
prediction variance. The breakpoint between the two segments was estimated to be dprp;>g90,s =
50, with a steeper slope for dgpp;>q90,s Values larger than the breakpoint. The shaded 50t
percentile prediction errors in Figure 14 closely correspond to the 50™ percentile of the
observations, suggesting that the model can adequately estimate the predictive uncertainty.

== Observations
= Model

LAl change in fire year

0 30 60 90 120
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Figure 14 Modelled and observed relationship between the annual FFDI days exceeding the 90" percentile and
annual LAl changes during fire years. Box plots for observations are described above, modelled mean represented
by the solid red line and the 50 percentile prediction intervals by the red shading.
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3.3.2 Post-fire recovery of leaf area index

Post-fire recovery of LAl was investigated by examining how the proportion of LAl fire impacts
reduce with the time since a fire (Figure 15). The average observed recovery of LAl following fire
shows an initial rapid recovery over the first 5 years that progressively slows over time and tends
to asymptote to pre-fire LAl levels, or the proportional impact in Figure 15 approaches 1.0. There
is considerable variability in the post-fire recovery of LAl between grid cells as indicated by the
large range of the boxes and whiskers, but this range is commensurate with the interannual
variability of LAl in non-fire years. It is also noticeable that on some occasions during the post-fire
recovery the LAl can exceed the pre-fire LAl (the proportional impact in Figure 15 is greater than
1.0), which is also consistent with the considerable variability in LAl changes shown in Figure 12.
We examined whether the post-fire recovery of LAl varied with vegetation type or fire severity but
found no clear differences in the rate of change or variability of responses.

The fitted model characterises the general response of the observations, and the prediction
intervals match the uncertainty in the observations for the majority of years since fire (Figure 15).
After 10-12 years, the mean prediction is for the LAl to be at least 90% of its pre-fire level. We
note that the representation of the fitted model in Figure 15 and particularly its prediction
uncertainties is a conceptual representation of the actual model. The actual model is applied to
LAl values and not the proportional recovery (see Equation 9).

HARENI=

= Observations
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Proportion of LAl fire impact recovered
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Figure 15 Modelled and observed recovery of annual LAl with time since fire. Box plots for observations are
described above, modelled mean represented by the solid red line and the 50%ile prediction intervals by the red
shading.
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3.4 Future projections

To illustrate the future projections, we firstly provide illustrative examples for a single example
catchment and then summarise results for all catchments.

34.1 Projections for an example catchment

We select the catchment of the Goobarragandra River at Lacmalac (gauge 410057) to illustrate the
future projections of bushfire and its impacts on runoff under a climate change scenarios. The
Goobarragandra catchment is a tributary of the Tumut and Murrumbidgee rivers with an area of
667 km?, of which 83% is forested. For a projected 2°C increase in temperature and 10% decline in
rainfall, the fire weather index dgpp;>q90 s increases by approximately 20 days per year for
approximately 75% of years and somewhat less than that for the remaining 25% of years (Figure
16).
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Figure 16 Exceedance curves for historical and projected dgpp,q90 s for the Goobarragandra River at Lacmalac
(Gauge 410057).

Using the statistical model that relates the burnt forest area to dgpp;>q90,s, the modelled burnt
forest area is predicted to increase under the future climate scenario (Figure 17). The median
probability of fire occurrence (> 1 km? burnt) increases from approximate 0.25 under the historical
climate to approximately 0.35 under the projected future climate. However, as the forest burn
area increases the changes in the exceedance probability due to future climate, changes are
smaller than the change in the probability of occurrence. There is considerable overlap in the
prediction uncertainties of the forest burn areas generated for the historical and projected future
climates. This suggests that while the area of forest burnt is expected to increase in response to
increases in dpppr>q90,s, the uncertainties in statistical predictions are large, compared to changes
in the predictor values.
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Figure 17 Exceedance curves for historical and projected burnt forest area for the Goobarragandra River at Lacmalac
(Gauge 410057), solid lines represents the modelled median and the shaded range represent the 90% prediction
interval (i.e. [0.05,0.95] quantile range).

The modelled median catchment average leaf area index under the projected climate is marginally
lower than that under the historical climate (Figure 18). The upper extent of the prediction
intervals for both historical and projected climates coincide. The lower extent of the prediction
intervals for the projected climate is lower than for the historic climate, but the maximum
difference is about 3.5%.

The small differences between the historical and projected model catchment average LAl can be
attributed to a number of factors. Fires occur relatively infrequently (Figure 17), and typically only
a small proportion of the catchment area is burnt in any fire. Impacts of fire on LAl in any year will
generally occur over a small proportion of a catchment and therefore the LAl for the majority of a
catchment will remain relatively unchanged. As a result, the predicted catchment average LAl may
only change by a small amount for the majority of years. In the areas that are burnt, the impact of
fires on LAl is variable (Figure 13) and can be unobservable if the fire weather is not severe for
more than approximately 60 days per year (Figure 14). In the Goorarragandra catchment, the
frequency of fire weather exceeding any high threshold approximately doubles, for example
severe fire weather for more than 60 days per year occurs in approximately 20% of years during
the historical period increasing to 35% of years for the projected future (Figure 16). However, the
combination the partial catchment area that is impacted by fire and the potentially small impacts
of fire on LAl for most of the most common fire weather conditions means that the majority of
projected LAl catchment average LAl time series will have very similar characteristics to the
historically modelled time series. For the projected catchment average LAl time series to differ
from the historical one requires the relatively rare joint occurrence of large burnt areas and large
impacts of fire on LAI.
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Figure 18 Exceedance curves for historical and projected catchment average Leaf Area Index for the
Goobarragandra River at Lacmalac (Gauge 410057), solid lines represent the modelled median and the shaded
range represent the 90% prediction interval (i.e. [0.05,0.95] quantile range).

For the Goobarragandra catchment, the impact of climate change on projected annual catchment
runoff metrics is overwhelmingly dominated by projected changes in rainfall and potential
evaporation. The effects of fires on the catchment runoff metrics can be observed through the
guantile ranges of the metrics, which tend to be very narrow across the range. For this catchment,
a 10% decrease in mean annual rainfall and 7% increase in potential evaporation leads to a
decrease in all annual runoff metrics of 20-30% across the entire range of values and a similar
increase in the number of days below the historical median flow.
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Figure 19 Exceedance curves for historical and projected simulated catchment runoff annual metrics for the
Goobarragandra River at Lacmalac (Gauge 410057), solid lines represent the modelled median and the shaded
range represent the 90% prediction interval (i.e. [0.05,0.95] quantile range).
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3.4.2 Summary of projections for all catchments

Here we provide an overview of projections for all catchments investigated, showing changes in
the occurrence of severe fire weather, catchment burn areas, LAl and runoff.

Changes in fire weather

Under a projected future climate that has 10% less rainfall, is 2°C warmer and has 7% greater
potential evaporation the average dppp;>q90,s increases across all HRS catchments with a median
increase of approximately 24 days (Figure 20), a median increase of 65%. Increases in average
drrpr>qo0,s Vary considerably across the catchments with the greatest increases exceeding an
additional 50 days in the most extreme case and the smallest increase of approximately 16 days.
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Figure 20 Summary of increases in average dppp;>q90,s (days) under the projected future climate for all HRS

catchments.

Changes in catchment burn area

For all catchments the projected average annual burn area is expected to increase. The mean
projected increase in catchment burn area varies between 7 and 25 km? across the catchments
investigated, equivalent to average increases of 64-280%. For each catchment, however, there are
considerable differences in the average burn area across the 1000 sampled time series. For the
catchment that has a mean projected increase of 25 km? the 90% prediction interval extends from
approximately 6 km? to 70 km2. This large range in projections for individual catchment stems
from the uncertainty in the relationship between dgpp;>q90,s and the catchment burn area.
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Figure 21 Summary of increases in average annual catchment burn area under the projected future climate for all
HRS catchments. The pale green shading represents changes between the 90% prediction intervals of the 5" and
95" percentiles of 1000 time series generated using the modelled relationship between drrpr>q90,s and catchment
burn area when forced by historical and projected dgrp > q90 s-

Changes in leaf area index

Mean catchment average LAl is expected to decrease for almost all of the HRS catchments. The
decreases in LAl tend to be relatively small (less than 0.1 m2/m? or 2%) for more than 90% of
catchments (Figure 22). For the catchments investigated, the largest change in the average LAl is a
decrease of 0.4 m?/m?(a 10% decline in average LAI), while a small number of catchments see very
small increases in LAl. Changes in the mean catchment average LAl are not necessarily expected as
the impacts of fire are transient, that is models will predict a recovery of LAl to a pre-fire state
following a fire-induced reductions. However, if fire frequency increases to the situation where LAl
doesn’t recover to the pre-fire state before the next fire occurs, then decreases in the mean
catchment average LAl will be expected under climate change.
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Figure 22 Summary of increases in mean catchment average LAl under the projected future climate for all HRS
catchments. The pale green shading represents changes between the 90% prediction intervals of the 5% and 95"
percentiles of 1000 time series.

Changes in runoff characteristics

Climate change impacts on future runoff are dominated by the direct impacts of rainfall reductions
and potential evaporation increase on runoff, with bushfires having a second order effect (Figure
23). Differences between the characteristics of runoff changes simulated by the original GR4J
model and the LAl-forced version are very small. The LAI-forced model which simulates the effect
of bushfires on runoff, produces smaller reductions in mean annual runoff than the model that
does not explicitly consider the effect of bushfires. A similar response is observed for changes in
high flows, represented by the change in the mean annual 95t percentile flow. In contrast,
changes in low flows, represented by the change in the mean annual 5t percentile flow, are larger
for simulations from the LAI-forced model than for the model that does not explicitly consider the
effects of bushfires. Differences between modelling approaches in the change in the average
number of days per year that streamflow is below the historical median are very small. The results
suggest that variations in LAl that are generated from projected changes in bushfire frequency,
extent and severity don’t necessarily have large impacts on changes in average flow
characteristics. However, simulations from the LAl-forced model display larger changes in flow
characteristics with smaller reductions in high flows and larger reductions in low flows compared
to model that does not consider LAI. This supports the commentry of Khaledi et al. (2022), who
indicated that fire is an important source of medium-term streamflow variability.
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Figure 23 Summary of changes in mean annual streamflow characteristics generated using standard and LAl-forced
versions of GR4J hydrological mode under the projected future climate for all HRS catchments.

We further explore changes in runoff characteristics by examining differences between modelling
approaches for individual catchments and their spatial distribution. The LAl-forced version of GR4J
produces smaller reductions in mean annual runoff in catchments that are predominantly located
in the south-east of the MDB, while it produces larger reductions in mean annual runoff in
catchments in the north of the MDB (Figure 24). The catchments where the LAl-forced version of
GR4J produces much lower reductions in mean annual runoff are in the headwater catchments of
the Goulburn, Murray and Murrumbidgee rivers and tend to be heavily forested. Differences in
mean annual flow reductions between the modelling approaches do not appear to be related to
the magnitude of the reductions in mean annual flow produced by either modelling approach.
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Figure 24 Differences between changes in mean annual runoff due to climate change between simulations
generated using LAl-forced and original versions of the GR4J hydrological model. Negative values indicate the LAI-
forced version of GR4J has smaller changes in mean annual runoff than the original version.

The LAl-forced version of GR4J produces larger reductions in low flows than the original version of
GR4) for almost all catchments (Figure 25). There is no clear pattern in the location of the
catchments where LAl-forced model produces the largest reductions in low flows, relative to the
original version of GR4J.
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Figure 25 Differences between changes in annual 5" percentile runoff due to climate change between simulations
generated using LAl-forced and original versions of the GR4J hydrological model. Negative values indicate the LAI-
forced version of GR4J has smaller changes in annual 5*" percentile runoff than the original version.

Finally, the spatial distribution of the catchments where the LAl-forced version produces smaller
reductions in high flows, as described by the annual 95™ percentile runoff, than the original
version due to climate changes closely follows that of the mean annual runoff (Figure 26). The
catchments where the LAl-forced version of GR4J produces much lower reductions in the annual
95t percentile flow are also located in the heavily forested headwater catchments of the
Goulburn, Murray and Murrumbidgee rivers.
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Figure 26 Differences between changes in annual 95 percentile runoff due to climate change between simulations
generated using LAl-forced and original versions of the GR4J hydrological model. Negative values indicate the LAI-
forced version of GR4J has smaller changes in annual 95" percentile runoff than the original version.
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4 Discussion

In this study we sought to quantify the effects of climate change on catchment runoff when
accounting for coincident increases in the extent and severity of bushfires and their effects on
hydrological processes. Our approach has been to use historical data to relate indicators of fire
weather, specifically the Forest Fire Danger Index, to (i) the forested area of catchments burnt by
bushfires and (ii) the impact of bushfires on remotely sensed LAIl. We have also established models
that describe the recovery of LAl with time since fire, and hydrological models that are sensitive to
changes in LAI. We have then used the models to estimate the impacts of climate changes,
manifesting as 10% decrease in rainfall, 2°C increase in temperature and 7% increase in potential
evaporation, on the burnt forest areas, catchment average LAl and subsequently catchment
runoff.

Under the projected climate scenario, the average number of severe fire weather days increases
by a median of 24 days per year, or 65%, (range of 15-50 days per year, or 45%-133%) across the
catchments investigated, which is a relatively large increase in severe fire weather days each year.
We find this leads to an increase in the average annual area of forest burnt of 10-25 km? (60-280%
increase) for the catchments investigated. The increases in the number of severe fire weather days
is amplified in the burnt forest area as the relationship the between the two appears to be non-
linear. As a result of the increased forest burnt areas, the catchment average LAl is projected to
decrease by less than 0.1 m2/m? (2%) for more than 90% of catchments, which amounts to a
relatively small decrease. Projected changes in runoff characteristics are dominated by change in
rainfall and potential evaporation, with the median decline in catchment runoff of 38% (range
20%-48%) across the catchments investigated, with similar declines in high and low flow
conditions.

Comparing catchment runoff projections generated using modelling that allows for the effects of
bushfires to a more traditional approach that does not, we find that there are only small
differences in estimates of mean annual runoff change for the majority of catchments. However,
for nearly all catchments, the modelling approach that considers the effects of bushfires produces
smaller reductions in the annual 95% percentile (high) runoff and larger reductions in the 5t
percentile (low) runoff than the traditional modelling approach. This indicates that the annual
range of runoff projections generated using the model that considers the effects of LAl is larger
than the traditional approach. This result suggests that considering the effects of bushfires on
catchment runoff may not necessarily be important for understanding average annual water
availability under future climates. However, if daily streamflow dynamics are important for
management outcomes, then modelling approaches that consider the effect of bushfires may
need to be used to generate runoff projections.

Our analysis has used remotely sensed LAl data to estimate the effects of fire on vegetation, on
the assumption that these data adequately represent vegetation characteristics. Multiple
remotely sensed LAl datasets are available (Fang et al., 2019), and any could have been adopted
for our analysis. Our choice to adopt the Zhu et al. (2013) dataset was based on a number of
factors, including the length of record, spatial resolution and an assessment of data quality. To
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assess the data quality, we compared LAl spatial and temporal patterns with independent data.
For the spatial assessment, we compare annual changes in LAl to known mapped burnt areas,
finding consistent decreases in LAl over areas known to have been burnt. For a small set of
locations where fires were known to have occurred and had observable impacts on vegetation, we
also compared the LAl timeseries to timeseries of the remotely sensed Digital Earth Australia
Fractional Cover ( https://data.dea.ga.gov.au/?prefix=derivative/ga Is fc 3/) (Flood, 2014) to
assess consistency in the time series dynamics, and in particular vegetation responses fires.

However, there are known limitations of remotely sensed LAl data that can contribute
uncertainties to our analysis (Fang et al., 2019; Xu et al., 2020). One limitation relates to
systematic biases in the magnitude of LAl estimates. Zhu et al. (2013) demonstrate that their LAI
product has little bias, when compared to a limited number of field measurements of LAI.
However, while their data are highly correlated to an alternative remote sensing derived LAl
product the magnitude of values are consistently higher (Zhu et al., 2013). While these biases
could introduce uncertainties into our analysis, our approach in establishing the impact of fire on
LAl and also the impact of LAl on surface water hydrology, through modulation of actual
evaporation, minimises the impacts of systematic errors in LAl observations by considering only
relative changes in LAl This means that our modelling approaches are influenced only by LAI
change dynamics and are not impacted by errors in the magnitude of LAl values.

Impact of fire on vegetation and LAl is complex. How an individual fire behaves depends heavily on
the vegetation type, site conditions (such a topography, elevation, aspect and slope), fuel loads
and weather conditions, both antecedent and prevailing (Cheney, 1981; McArthur, 1967; Noble et
al., 1980). The impacts of fires on vegetation and LAl are also dependent on whether the fire
remains in the surface litter or reaches the forest crown (Cheney, 1981). Across a region or
catchment, a diverse range of fire behaviours can occur in a single fire event and therefore
impacts on LAl can also be diverse. Remotely sensed LAl observations used in this study integrate
across relatively large areas, 1/12° grid cells in our analysis, and therefore some of the variability in
the impact of fire on vegetation will be reduced through the averaging process. Our analysis
showed a relationship between weather conditions (as characterised by the FFDI) and the
magnitude of annual LAl changes resulting from fires, across our entire analysis domain, but there
is considerable predictive uncertainty. One way to reduce the predictive uncertainty may be to
investigate how the relationship between weather conditions and annual LAl changes can be
modulated by vegetation, fuel loads or site conditions. Future investigation may be directed
towards obtaining more refined estimates of the impact of fire on LAl, however the benefits may
be limited by the coarse spatial resolution of remotely sensed data relative to spatial variations in
the potential modulating factors.

The approach we adopted to modelling the recovery of LAl following fire is consistent with many
existing models of the recovery of fire fuel (such as leaf litter) following a fire (Gould and Gomes
Da Cruz, 2012). There are several variations to the form of the models for recovery of fire fuel, and
the adopted model was informed by analysis of the remotely sensed LAl data. The adopted LAl
recovery model asymptotically approaches the pre-fire LAl levels as the number of years after a
fire increases, and the mean prediction does not exceed the pre-fire LAl As actual evaporation is
related to LAI, immediately following a fire actual evaporation will be lower that pre-fire levels and
it will return and not exceed pre-fire levels. Consequently, to maintain a water balance, catchment
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runoff will initially increase (due to lower actual evaporation) and then decrease back to pre-fire
levels over time.

The adopted LAl recovery model differs from that developed for Melbourne water supply
catchments (Peel et al., 2000; Vertessy et al., 2001) and subsequently adapted for assessments of
the impacts of fire in the Murray-Darling Basin (Hill et al., 2008; Mannik et al., 2013). The LAl
recovery model used in these earlier studies sees the post-fire LAl exceeding the pre-fire levels for
a period before asymptotically returning to pre-fire levels. The consequence of the post-fire LAI
exceeding pre-fire LAl for a period is that during this period actual evaporation will also exceed
pre-fire actual evaporation and, to maintain a catchment water balance, result in commensurate
reductions in catchment runoff. This behaviour led to the development of the Kuczera curve that
predicts catchment runoff will decline for extended periods following a fire (Kuczera, 1987).
Recent empirical analysis suggests that the Kuczera curve response is not observable in many
streamflow records (Khaledi et al., 2022) and runoff responses are closer to those predicted using
our adopted model.

The choice of the model of LAl recovery following fire and its fitting was based on all forested grid
cells and time steps for which the pre-fire LAl was known. In the process of choosing the form of
the LAl recovery model, analysis was conditioned on the recovery of LAl with years since fire on
vegetation type (using the 33 different vegetation types of the Land Cover data), pre-fire LAI, and
the magnitude of fire impacts on LAI. The recovery of LAl following fire did not appear to differ
under any of the conditioning factors, so a single LAl recovery model was adopted. The lack of
clear differences in the LAl recovery following fire between the conditioning factors may reflect
reality, however it may also be related to the relatively coarse spatial resolution of the LAl data
averaging over higher resolution variations in the conditioning factors. Using higher spatial
resolution LAl data may allow for conditional variations in LAl recovery to be better understood,
but analysis periods are constrained by shorter record lengths.

Our hydrological modelling has incorporated the effects of LAl by modulating actual evaporation.
The conversion of potential evaporation to actual is influenced independently by LAl and soil
moisture availability. In the first step LAl influences the constrains on the total amount of water
that plants can evaporate, while the soil moisture places a second constraint that is related to the
water available to evaporate. This form of relationship is consistent with many other modelling
tools, including simple water balance models (Allen et al., 1998) and more complex regional scale
hydrological simulation models such as SWAT (Arnold et al., 1998; Gassman et al., 2007). We also
investigated an alternative approach to convert potential evaporation to actual that explicitly
considered interactions between LAl and soil moisture availability (not shown here). Considering
these interactions did not have any substantial impact on either the hydrological model
performance or future projections.

The approach taken to modulate actual evaporation using LAl results in a positive relationship
between LAl and actual evaporation (Sato et al., 2008; IT/#%, 1998) and therefore a negative
relationship between LAl and runoff, i.e. higher LAl produces lower runoff. Preliminary statistical
analysis of the relationship between LAl and catchment runoff (not shown) suggests this is the
most commonly observed behaviour across the catchments investigated in this study. However,
there are also several, mainly water limited, catchments that display a positive relationship
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between LAl and runoff, which can be attributed to both runoff and plant growth being limited by
precipitation.

Our modelling of the impacts of fire on catchment runoff has focussed on medium- to long-term
responses of hydrological processes as our investigation was primarily interested in water
availability. Fire can also have a wide range of acute impacts on surface water hydrology that
persist for a relatively short time following a fire. These acute impacts include soil surface sealing,
increased erosion, and degradation of water quality as fire debris is washed into waterways and
downstream storages. These acute impacts of fire can have significant consequences for water
supply management immediately following a fire that, based on our results here, is likely to be
greater than any long-term impacts on water resource availability.

Finally, in our modelling of the impacts of fire on catchment runoff, models of LAl recovery
following fire assume that under historical and projected climates the LAl will asymptotically
return to pre-fire levels, and implicitly that vegetation communities are unlikely to change. In the
future, climate changes and the consequential impacts of these, such as changes to the frequency
or intensity of fires, may induce change in the distribution and composition of vegetation
communities. In such an eventuality, our assumption relating to post-fire LAl recovery may be
inadequate. Dynamic ecosystem models are currently being developed to model the impacts of
climate and fire regime changes on vegetation communities (Richards et al., 2022). The use of
these dynamic ecosystem models, when available, for assessing the impacts of climate change and
fire on vegetation communities and hydrological process is likely to provide a more robust
assessment of climate change impacts.
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5 Conclusions

Climate change is projected to increase the frequency and intensity of bushfires. Bushfires have
traditionally been understood to have impacts on long-term water availability and therefore the
effects of climate change on bushfires may be expected to amplify the direct impacts of climate
change on catchment runoff. In this study we have assessed the potential impacts of bushfires on
water availability in 245 HRS catchments in south-east Australia including more than 100
catchments in the Murray-Darling Basin. To assess the impact of bushfires on future water
availability we established modelling methods that related climate forcing to fire weather, burnt
areas, changes in leaf area index due to fire and its post-fire recovery, and finally adapted existing
hydrological models to make them responsive to changes in LAI. Using a range of readily available
datasets we calibrate and demonstrate the performance of each of the models, and also examine
the sensitivity of the hydrological modelling to LAl changes. We then use the modelling chain to
assess changes in catchment runoff characteristics resulting from a hotter and drier future climate,
characterised by a 10% decline in rainfall and 2°C increase in temperature, leading to a 7%
increase in potential evaporation, relative to the historical climate, and compare these changes to
those obtained using a more traditional modelling methods that do not consider the effects of
bushfires.

We find that our methods for predicting burnt forest areas from fire weather, changes in LAl due
to fire and the recovery of LAl following fire represent historically observed data and provide
robust quantification of prediction uncertainties. We also find that the performance of the
adapted hydrological model that is responsive to LAl changes is equal to or slightly better than the
unadapted model for out-of-sample runoff predictions.

Under the investigated future climate scenario, we find that the fire weather is projected to be
more severe, and frequency and extent of bushfires is projected to increase. Catchment average
LAl is projected to decrease due to the increased frequency and extent of bushfires, but the
reductions are relatively small because fires are still expected to occur relatively infrequently and
any individual fire will only cover part of the catchment. Changes in future runoff are expected to
be dominated by the direct impacts of changes in future rainfall and potential evaporation.
Including the effects of bushfires in modelling the runoff response to climate change had little
impact on mean annual runoff for the majority of catchments investigated, while for a small
number of catchments changes in mean annual runoff were smaller when the effects of bushfires
were included in modelling. While modelled changes in mean annual runoff were generally
insensitive to the effects of bushfires, high and low flow conditions were observed to be sensitive
with smaller reductions in high flow conditions and larger reductions in low flow conditions when
the effects of bushfires are represented in hydrological modelling. These results indicate that using
traditional hydrological modelling that does not explicitly consider the effects of bushfires for
climate change projections will provide robust estimates of changes in mean annual flow, however
if future changes in daily streamflow variability are important for management, then the effects of
bushfires may need to be considered.
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