
Response to Reviewer #1 

 

This study examines changes in projec5ons of meteorological, agricultural, and hydrological droughts 
in Australia while quan5fying the contribu5ons of different sources of uncertainty. The study uses 
CMIP5 climate projec5ons from four global climate models (GCMs) under two carbon emission 
scenarios. Each of the climate projec5ons is downscaled using four sta5s5cal and dynamical 
downscaling methods to drive the Australian Landscape Water Balance model (AWRA-L), to generate 
hydrological projec5ons. The results indicate an increase in future droughts in Australia despite 
inherent uncertain5es. Among the sources of uncertainty, the four GCMs contribute the most, 
followed by the downscaling methods and the emission scenarios. The study is well-designed, and the 
manuscript is well-wriNen. The topic aligns well with the scope of the HESS journal, and I consider it 
suitable for publica5on, however, aQer addressing a few at least moderate comments:  

We sincerely thank the reviewer for taking the 5me to review our manuscript and for the posi5ve 
assessment. 

 

1. Use of outdated climate projec5ons: The study relies on hydrological projec5ons driven by CMIP5 
climate projec5ons. While I understand that the study makes use of exis5ng projec5ons, it raises the 
ques5on of whether these findings would hold with the latest CMIP6 climate projec5ons, which 
represent the current state of knowledge on this topic. Although replica5ng this analysis with CMIP6 
projec5ons will be a major task, could the authors at least compare the CMIP6 and CMIP5 projec5ons 
(without downscaling or running the hydrological model) from the same four models? This would 
provide insight into the similari5es and differences between the two projec5ons.  

We acknowledge that newer climate projec5ons are available through CMIP6 but the dataset used 
here is the most up-to-date na5onal hydrological projec5ons available for Australia and con5nues to 
be widely used by end users. The projec5ons were not developed as part of this study but rather were 
a major effort by the Australian Bureau of Meteorology so it is not possible for us to replicate the 
simula5ons with CMIP6 (the CMIP6 version is in development but will not be available for the 
foreseeable future). As such, these projec5ons are not “outdated” but remain ac5vely used in 
Australia. 

Ukkola et al. (2020) showed that while CMIP6 projec5ons are slightly more robust for future 
meteorological drought (using similar metrics to this study), they are qualita5vely very similar to 
CMIP5. This is the case both when comparing CMIP6 to equivalent CMIP5 models and the full CMIP5 
ensemble. It is thus unlikely that the precipita5on drought changes presented here would be 
substan5vely different using CMIP6. We also show below (comment #3) that AWRA-L evapora5on 
projec5ons follow precipita5on closely so it is unlikely evapora5on would be substan5ally different 
(and therefore runoff and soil moisture) despite the tendency for greater temperature increases in 
CMIP6 compared to CMIP5. 

We also do not feel it would be par5cularly insigh_ul for compare the “same” four CMIP6 models as 
in prac5ce, there can be major differences across the equivalent models as the newer versions reflect 
mul5ple years of model development. Furthermore, the models used in the NHP projec5ons were 



chosen to cover a range of climate futures (hot/dry/wet) as well as their skill in represen5ng Australian 
condi5ons (as detailed on L164). The equivalent CMIP6 models would likely not fulfill the same criteria 
and other models would be chosen instead (as has been done in recent CMIP6-based projec5ons over 
Australia, e.g. Grose et al., 2023).  

 

2. Novelty of results: The main mo5va5on of this study is to address the exis5ng uncertain5es in future 
drought projec5ons in Australia that “have remained stubbornly uncertain due to a lack of model 
agreement in projected precipita5on changes in most regions”. To underscore the study’s novelty, it 
may be helpful to compare the state of knowledge on future droughts in Australia both before and 
aQer this study. Including this comparison, perhaps in the discussion sec5on, would enhance the 
manuscript’s contribu5on to the field. Addi5onally, discussing the implica5ons of this addi5onal 
knowledge on decision-making regarding future droughts in Australia would further strengthen the 
study’s relevance and novelty.  

We do not want to over-state our results as the NHP projec5ons are only one source of future 
projec5ons with their own uncertain5es. We have made it clearer in the revised manuscript that our 
results are broadly consistent with previous studies (e.g. Kirono et al., 2020): 

L569: “These results broadly agree with previous studies that have shown increasing 
meteorological and agricultural droughts in southern and eastern Australia but the specific 
regions where projec:ons are robust differ across studies (Eccles et al., 2024; Kirono et al., 
2020; Spinoni et al., 2020).” 

Where more robust future changes are iden5fied, these should nevertheless be treated with cau5on 
as one addi5onal data point and considered in conjunc5on with other studies and data sources. As 
such we do not want to claim that our understanding of future changes in these regions is now clearer 
based solely on these projec5ons. 

Our study is novel in several ways. Firstly, it is to our knowledge the first study that provides insights 
into future drought across Australia by using a con5nental-scale hydrological model forced with 
downscaled and bias-corrected high resolu5on climate projec5ons data. Previous studies of future 
drought have primarily focused on GCM outputs, such as changes in rainfall, used high resolu5on 
regional climate model outputs or concentrated on specific regions. 

Secondly, it is the first study inves5ga5ng drought metrics in the Bureau of Meteorology’s NHP 
projec5ons that are widely used by end users across Australia. Previous studies using this dataset have 
largely concentrated on longer-term averages of hydrological variables rather than focusing specifically 
on dry extremes. We also use a more comprehensive set of drought indicators than most past studies 
(precipita5on, runoff and soil moisture) and analyse these using consistent metrics, allowing a direct 
comparison across drought types. 

Finally, the NHP dataset provides a unique opportunity to iden5fy how different methodological 
choices influence drought projec5ons to inform future research. This is enabled by the combina5on of 
different GCMs, bias correc5on/downscaling methods and hydrological modelling available in the 
dataset. These points are discussed in the introduc5on which we have further revised: 



L96: “Here we inves:gate future changes in Australian droughts and consider some of these 
key sources of uncertainty in future projec:ons. We use an ensemble of 32 simula:ons from 
the Na:onal Hydrological Projec:ons (NHP) collec:on (Peter et al., 2024; Srikanthan et al., 
2022; Wilson et al., 2022) covering the period 1960-2099. The projec:ons were created using 
the Australian Landscape Water Balance model (AWRA-L; Frost et al., 2018) forced with GCM 
outputs bias-corrected and downscaled using alterna:ve methods. Using this ensemble 
provides an opportunity to quan:fy the uncertain:es arising from the choice of GCM, bias 
correc:on and downscaling methods and how these propagate into drought projec:ons. We 
also consider three types of drought (meteorological, hydrological and agricultural) and 
calculate future changes in these using consistent methods to assess the robustness of future 
changes across different indicators of drought (:me under drought, dura:on and intensity). 
These projec:ons are widely used for adapta:on and management purposes across Australia 
but past studies using NHP have largely focused on longer-term averages rather than dry 
extremes (e.g. Peter et al., 2023), making a thorough analysis of the projected future drought 
changes :mely.” 

 

3. Diagnosis of uncertain5es in hydrological projec5ons: The changes in hydrological projec5ons 
appear more widespread and severe than changes in precipita5on. Further explora5on of the causes 
of those differences would be beneficial. Is this discrepancy due to compounding effects of 
precipita5on and temperature changes, or possibly intraseasonal changes (e.g., shiQs in rainfall 
intensity)? Alterna5vely, could differences in downscaling methods, par5cularly their temporal 
disaggrega5on schemes, be contribu5ng factors? 

We agree with the reviewer that the robust runoff and soil moisture changes tend to be more 
widespread than changes in precipita5on. One contributor is actual evapotranspira5on (ET) changes 
accentua5ng precipita5on-driven changes in runoff and soil moisture. While ET largely follow rainfall 
changes and is projected to decline in many regions, increases in the mean and variability of ET 
coincide with increased hydrological droughts in parts of the southeast (in par5cular eastern Victoria, 
Tasmania): 

 

Figure R1: Future changes in mean (top row) and variability (boNom row) of 3- month running mean 
precipita5on and actual evapotranspira5on. Variability was quan5fied from the change in standard 
devia5on of precipita5on and ET.  



We also found that a larger frac5on of precipita5on is projected to go into ET in the future in 
southeastern/eastern regions by quan5fying changes in the mean ET/P ra5o. This would act to amplify 
runoff/soil moisture droughts through a smaller propor5on of precipita5on going into these 
hydrological variables. The regions of increasing ET/P ra5os are par5cularly evident in the 
southwestern and southeastern regions coinciding with regions where runoff/soil moisture droughts 
change more strongly than precipita5on: 

 

 

Figure R2: Future change in the evapora5ve ra5o (ET/P). The historical ra5o was calculated from the 
mean monthly ET and precipita5on during 1970-2005 and the future ra5o during 2064-2099. 

 

Furthermore, because runoff is a smaller flux compared to precipita5on and ET, given rela5ve changes 
in ET and precipita5on can yield larger rela5ve changes in runoff (and similarly for soil moisture).  As 
such, changes in ET and/or precipita5on can be amplified in runoff and soil moisture. There are several 
observed examples of this in Australia e.g. from southwestern Australia where a 15-20% declines in 
rainfall coincided with >40% declines in dam inflows (Petrone et al., 2010). Ukkola et al. (2016) also 
found that fairly small changes in ET of ~6% led to much larger changes of 25-30% in streamflow.  

The downscaling methods are unlikely to contribute as only the meteorological variables are 
downscaled and AWRA-L then run with these downscaled inputs, making the hydrological outputs 
consistent with the precipita5on data. We also note that a full aNribu5on of changes is not possible as 
the necessary outputs are not available (e.g. leaf area index that strongly controls ET). Individual ET 
components (i.e. soil evapora5on, transpira5on, intercep5on evapora5on) are also not available in the 
NHP collec5on that would allow us to infer some of the drivers. To reliably quan5fy the role of rainfall 
intensity shiQs on runoff genera5on would require factorial simula5ons that are outside the scope of 
the study. Rainfall distribu5on is one of many factors controlling runoff genera5on and soil moisture 
recharge in AWRA-L and cannot be separated using the simula5ons at hand. CMIP6 models suggest a 
tendency towards higher intensity, lower frequency rainfall events in the future but how these 
influence runoff genera5on in the NHP simula5ons depends on AWRA-L mechanisms including the 
model’s soil moisture state and proper5es so we cannot simply use the rainfall data to answer this 
ques5on.  

We have added text to the revised manuscript to explain the more widespread runoff drought changes 
and added Figures R1-2 to the supplementary informa5on (Figs S4-S5 of the revised manuscript): 



L334: “While runoff drought changes show a smaller area of robust changes, they are of 
greater magnitude across most pixels compared to rainfall (16% points for runoff vs 8% points 
for rainfall on average across all robust pixels for :me under drought; 1.6 months vs 0.5 months 
for dura:on and 3.1% points vs 2.2% points for intensity). Soil moisture changes similarly tend 
to be larger than rainfall changes for dura:on and intensity (0.8 vs 0.5 months for dura:on 
and 2.7 vs 2.2 % points for intensity). These stronger changes partly stem from increases in 
actual evapotranspira:on (ET) (Fig. S4). While ET is largely projected to decline in the southern 
and eastern parts in line with rainfall, parts of the southeast coast and Tasmania that are 
projected to experience robust soil moisture and runoff drought increases also show increasing 
ET in the future. Furthermore, the ra:o of ET to rainfall is projected to increase in the southeast 
where :me under drought for runoff and soil moisture is projected to increase more strongly 
than for precipita:on (Fig. S5). This will act to reduce runoff and/or soil moisture even when 
ET is declining. Both rainfall and ET variability are also projected to increase into the future, 
increasing the likelihood for drought (Fig. S4).  

Another likely factor in larger runoff drought changes is the amplifica:on of rainfall and ET 
changes in runoff. Runoff is a smaller component of the water cycle compared to rainfall and 
ET across most of Australia (the frac:on of rainfall par::oned to ET is >50% across >99% of 
the con:nent during the historical period). Any given rela:ve changes in ET and rainfall are 
therefore amplified in runoff, yielding larger rela:ve changes in runoff (and similarly for soil 
moisture). The rela:ve future changes in mean monthly runoff exceed rela:ve changes in mean 
monthly precipita:on across 93% of pixels when averaged across the pixels showing robust 
future changes in :me under hydrological drought. Similarly, runoff changes exceed those in 
ET across 99% of the pixels with robust changes. This amplifica:on of runoff changes agrees 
with past observa:ons of greater rela:ve changes in runoff compared to precipita:on (e.g. 
Petrone et al., 2010) and ET (e.g. Ukkola et al., 2016).” 

 

4. Quan5fying contribu5ons of uncertainty in the abstract: It would be helpful to include the rela5ve 
importance of each source of uncertainty in the abstract. For example, sta5ng that GCMs contribute 
approximately X% to the uncertain5es, and downscaling methods contribute Y%, would help more 
clearly summarize the results in the abstract. Addi5onally, it would be valuable to at least comment 
on the rela5ve contribu5ons of uncertain5es from dynamical versus sta5s5cal downscaling methods, 
since sta5s5cal methods are more widely used, as they are numerically far less expensive. 

We have modified the abstract to quan5fy the contribu5ons and note that about half of the 
uncertainty in bias-correc5on/downscaling methods arises from the choice between dynamical and 
sta5s5cal downscaling: 

L29: GCMs represent the largest source of uncertainty (57-72% of the full range of projec:ons) 
but the choice of DS-BC method is also important (~25-58%, with approximately half of this 
uncertainty arising from the choice between dynamical and sta:s:cal downscaling). 

 

 



As a separate issue, we would also like to note that minor errors were found in the soil moisture data 
in Figures 2 and 4 (data for the same model was repeated in some cases). These have been corrected 
leading to minor changes in the results. The skill scores in Figure 5 were also revised as data had also 
inadvertently been excluded when calcula5ng these. 
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Response to Reviewer #2 

 

Ukkola et al. analyse an important topic, the impact of climate change on three drought types in 
Australia, including their seasonal changes. They use an ensemble of 32 members (4 x 4 x 2) based on 
the Australian Landscape Water Balance model (AWRA-L), forced with downscaled and bias-corrected 
4 CMIP5 models. They used three sta5s5cal bias correc5on approaches and one combined 
downscaling and bias correc5on approach for two RCPs (4.5 and 8.5).  Their results suggest an overall 
increase in all three drought types (meteorological, hydrological, and agricultural), par5cularly in 
winter and spring. They also aNempt to quan5fy associated uncertain5es. The topic of this manuscript 
is relevant to HESS readership and it is a nice contribu5on to the community. I find the current 
manuscript is very suitable for publica5on in HESS aQer addressing some minor comments listed 
below. The paper is mostly very clearly wriNen and well-referenced. 

We would like to thank the reviewer for taking the 5me to review the manuscript and for their posi5ve 
assessment. 

 

Here are my minor comments: 

The abstract does not clearly address, which drought characteris5cs you quan5fy. You men5on only 
one aspect in the abstract, L24: “5me spent under drought”, which could be beNer referred to as 
“drought dura5on”? From the abstract should be clear whether you also considered other 
characteris5cs, such as severity or spa5al extent. If not, then the 5tle of the manuscript should be 
adjusted accordingly. Also, L30 “ future increases in drought” doesn’t specify which aspect of drought 
is analysed. Also, in L98 in the Introduc5on, they say “across different indicators of drought”, but they 
don’t explicitly men5on them. You men5on them for the first 5me on L231ff. Results on drought 
intensity should be also men5oned in the abstract. 

Thank you for poin5ng this out. We analyse three drought metrics (5me under drought, dura5on and 
intensity) and have modified the abstract to make this clearer: 

L23: “We show future increases for all three drought types, with largest increases projected in 
winter and spring. The sign of the changes is consistent across different drought metrics but 
projected changes are more robust for the :me spent under drought than drought dura:on or 
intensity.” 

With this edit, intensity is now also men5oned as requested by the reviewer. We have also modified 
L98 to include the drought indicators: 

L101: “We also consider three types of drought (meteorological, hydrological and agricultural) 
and calculate future changes in these using consistent methods to assess the robustness of 
future changes across different indicators of drought (:me under drought, dura:on and 
intensity).”  



We have opted to not change L30 as this statement applies to all drought types and metrics analysed 
here. The details are provided earlier in the abstract and this statement is to provide an overview of 
the results.  

We note that “5me spend under drought” and “drought dura5on” are not iden5cal metrics. Time 
under drought is the propor5on of months in drought over a 5me period, whereas drought dura5on 
is the length of individual drought events, i.e. the number of consecu5ve months in drought (as 
detailed in sec5on 2.2.3). Drought dura5on describes the sequencing of drought months and could be 
very different for the same number of drought months depending on how they cluster (e.g. lots of 
short droughts vs fewer longer droughts). Hence we consider both in the manuscript for completeness 
but mainly concentrate on 5me under drought as the key metric to keep the manuscript a manageable 
length. 

 

Line 109: “model that is calibrated towards observed river streamflow, satellite soil moisture and 
evapotranspira5on across the con5nent.” It is not clear, whether it was done in this study, or they refer 
to any other previous work, 

This was done as part of previous work (as we state on L166, the projec5ons were obtained from the 
Na5onal Hydrological Projec5ons dataset and not developed by us). We have reworded the sentence 
and added the relevant reference:  

L116: “AWRA-L is a semi-distributed model that has been calibrated towards observed river 
streamflow, satellite soil moisture and evapotranspira:on across the con:nent (Frost et al., 2018).” 

 

Lines 121-124: did you do any of these evalua5ons, which you could possibly include in the suppor5ng 
informa5on file? 

These have been done as part of previous work with the relevant reference provided (Frost and Wright, 
2018). We have provided an evalua5on specifically for drought metrics (Figures 5-7) and now also add 
an evalua5on against observed streamflow droughts (see comment below). 

 

Sec5on 2.2.1. on historical observa5ons should include some of the model’s evalua5ons. I fully 
understand that “gridded runoff and soil moisture observa5ons are not available”, but s5ll, you could 
compare the routed runoff against observed streamflow observa5ons to assess the credibility of your 
simula5ons in the historical period. 

We have added an evalua5on against observed streamflow using a newly-developed CAMELS-AUS v2 
streamflow dataset (Fowler et al., 2024). This is the most comprehensive streamflow dataset of 
unimpaired catchments currently available for Australia. We used data over the period 1970-2020 for 
the evalua5on as was done elsewhere in the paper (Figures 5-7). The data were screened to remove 
any catchments with >5% of the 5me steps missing during this period. Gap-filling has already been 
performed as part of the original dataset using output from a hydrological model. This leQ 216 
catchments available for the evalua5on out of the 561 catchments available in the full dataset. The 



loca5on of these catchments is shown below in Figure R1, no5ng the uneven distribu5on of the 
catchments poses a limita5on for this evalua5on.  

 

 

Figure R1: Loca5on of CAMELS-AUS v2 catchments providing observed streamflow used for AWRA-L 
runoff evalua5on. 

 

Figure R2 below shows the evalua5on against observed streamflow using the same method as used in 
Figure 5, splivng the AWRA-L historical outputs by GCMs and DS-BC methods. For dura5on, the results 
are consistent with Figure 5 which compares the GCM- and observa5ons-forced AWRA-L simula5ons, 
albeit the skill scores are somewhat lower when comparing to observed streamflow. This is not 
surprising as the streamflow data is an independent constraint unlike the AWRA-L reference 
simula5ons used in Figures 5-7. The simula5ons broadly follow the observed density distribu5on but 
overes5mate short dura5on and underes5mate long dura5on hydrological droughts.  

For intensity, the model simula5ons systema5cally underes5mate observed values with a higher 
frequency of low intensi5es and a lower frequency of high drought intensity than observed.  While this 
is also evident when comparing to the AWRA-L reference run (Figure S10), the biases are much larger 
when comparing to observed streamflow. The worse performance for drought intensity is not 
surprising as to successfully capture this metric, the model not only needs to simulate the occurrence 
but also the magnitude of events correctly. Similar underes5ma5on of intensity has been found for 
CMIP5 models for meteorological drought (Ukkola et al., 2018). This implies that projected changes in 
hydrological drought intensity should be interpreted with cau5on. 

 



 

Figure R2: The density distribu5on of historical runoff drought dura5on (top row) and intensity 
(boNom row) across 216 river catchments. Observa5ons from streamflow gauges are shown in black. 
For each GCM, the data were averaged across the four DS-BC members before plovng. For DS-BC 
methods, data were averaged across the four GCMs before plovng. Data for 1970-2020 were used to 
coincide with the observa5onal data, with the historical model simula5ons extended using RCP4.5. 
The Perkins skill score (s) and mean bias error (MBE) are shown in the legend. 

 

While these results suggest systema5c biases in the average drought metrics, we have shown in a 
separate study recently submiNed to HESS (Grant et al., in review) that the observa5onally forced 
AWRA-L reference simula5on is able to capture the sign of observed trends in 5me under drought in 
the majority of catchments using the same CAMELS-AUS v2 dataset. For the 1981-2020 period, AWRA-
L captures the correct sign of the trend (nega5ve, posi5ve, or zero) at 76% of the catchments, and 86% 
of catchments for the 1951-2020 trends despite lower agreement in the magnitude of trends (Figure 
R3). This suggests that despite biases in average metrics, the model is able to capture drought trends 
reasonably well. 

 



 

Figure R3: Evaluation of AWRA-L runoff against observed streamflow time under drought trends. 
Panels a and c show the observed streamflow time under drought trends at the catchments overlayed 
onto the AWRA-L runoff time under drought trends. Panels b and d show scatterplots of the AWRA-L 
runoff time under drought trends against the observed streamflow time under drought trends. Both 
types of plots are shown for 1981-2020 (a-b) and 1951-2020 (c-d) trends. The white spaces on a and c 
indicate the area masked out due to sparse observation network. (From Grant et al., in review) 

 

We have added text to the Methods to detail the CAMELS-AUS dataset and its processing, as well as 
Figure R1 (Fig. S1 of the revised manuscript) to show the catchment loca5ons: 

L157: “We supplement these with streamflow observa:ons from the version 2 of the Australian 
edi:on of the Catchment Afributes and Meteorology for Large-Sample Studies dataset 
(CAMELS-AUS v2; Fowler et al., 2024). The streamflow data were screened to remove any 
catchments with >5% of the :me steps missing during 1970-2020. Gap-filling has already been 
performed as part of the original dataset using output from a hydrological model. This leg 216 
catchments available for the evalua:on out of the 561 catchments available in the full dataset 
(see Fig. S1 for catchment loca:ons).“ 



We have also added Figure R2 to the supplementary informa5on (Fig. S14 of the revised manuscript) 
and modified the results: 

L451: “For runoff droughts, an evalua:on against observed streamflow similarly shows that 
GFDL-ESM2 tends to simulate longer drought dura:on but it is in befer agreement with 
observa:ons than the other GCMs (Fig. S14).” 

L460: “This finding is consistent when comparing runoff against streamflow observa:ons, 
albeit the skill scores are lower especially for MBE (Figure S14). This is not surprising given the 
streamflow observa:ons are an independent constraint whereas AWRA-L underpins both the 
GCM-forced and reference runs in Figure 5.” 

L471: “All GCMs and DS-BC methods underes:mate runoff drought intensity (except QME 
when compared to the AWRA-L reference run; Fig. S13 and S14). The Perkins skill score shows 
good agreement (³0.85) with the AWRA-L reference run but is lower when compared to 
observed streamflow (0.5-0.66).” 

 

Lines 161-179: was this done by the authors, or taken from other authors, i.e., Peters et al.? 

As stated on L160, we obtained the projec5ons from the readily available NHP dataset. We have 
reworded L161-179 as follows: 

L176: “We next describe how the NHP projec:ons were constructed. Three sta:s:cal bias 
correc:on approaches and one combined downscaling and bias correc:on approach were first 
applied to the raw GCM data (Peter et al., 2024).” 

 

Line 197: are you sure that you are able to obtain steady-state condi5ons of your model’s states in 10 
years, given the very arid region? I guess in the dry regions, it can take longer… Did you check the 5me 
series of selected pixels? I can imagine the disagreement in results (grey in Fin 3) in central Australia 
could be driven by this factor of too short ini5aliza5on. 

While the GCM- forced runs analysed in this study begin in 1960, the ini5al condi5ons come from a 
much longer reference run forced with observed climatology (beginning 1911, effec5vely giving an 
extra	~50 years for spin-up). The GCM forcing has been bias-corrected to the same observa5ons and 
thus should not result in large jumps in the forcing meteorology. As such we have only removed the 
first 10 years from the projec5ons. Removing more years would result in a too short a 5me series to 
analyse historical drought metrics reliably. A key factor in model disagreement in central Australia is 
likely the highly stochas5c nature of rainfall in these arid desert regions which would also be reflected 
in the runoff and soil moisture simula5ons (as we discuss L703 onwards).  

 

Sec5on 2.2.3 You run the model at a daily 5me step, and then drought analysis is done at a monthly 
5me scale. I guess, you need to state this somewhere explicitly, possibly in this sec5on. And then you 
apply 3 months averaging. This sequence needs to be stated clearly here in the sec5on. Then, I would 



suggest moving L206-214 elsewhere because they are a bit distrac5ng where they are. I would start 
directly with L203-205 and then move directly to L223 onwards. L205-208 could go to discussion. 

We have opted to not move L206-214 as these detail the drought threshold used including why it was 
chosen and are an important part of the methods. This informa5on also directly follows our choice to 
use percen5les to iden5fy droughts and is thus appropriate in its current sec5on. However, we have 
slightly shortened this sec5on: 

L221: “We use percen:le thresholds to iden:fy drought periods instead of commonly used 
metrics such as Standardised Precipita:on Index (SPI; McKee et al., 1993) or Standardised 
Runoff Index (Shukla and Wood, 2008), as the percen:le method does not involve assump:ons 
about the data distribu:on. We use the 15th percen:le as the drought threshold such that 
months below this threshold are classified as drought. This corresponds approximately to the 
SPI threshold of −1 which is commonly used to characterise “moderate” droughts (McKee et 
al., 1993). We chose this threshold to iden:fy events that are likely to lead to impacts whilst 
maintaining a sufficient number of drought events to reliably infer trends in the drought 
metrics (Ukkola et al., 2020). This method is also similar to that used by the Australian Bureau 
of Meteorology which uses percen:les in their drought repor:ng 
(hfp://www.bom.gov.au/climate/drought).“ 

L216-219 were moved to the discussion (L571-575 of revised manuscript). L206-207 were kept in the 
methods as they again explain and jus5fy our choice of methodology (i.e. why we have chosen to focus 
on seasonal droughts). 

We also now state that daily variables were converted into a 3-month running mean 5me series: 

L232: “To iden:fy seasonal droughts, we first convert the daily precipita:on, runoff and soil 
moisture :me series into 3-month running means, such that each month’s value is calculated 
as the mean of that and two preceding months.” 

 

L231: you could have also analysed spa5al drought extent? Do you see dis5nct results for behaviours 
in dura5on and 5me under drought? If not, then I would suggest keeping just one. 

As discussed above, 5me under drought and dura5on are not iden5cal metrics and provide different 
informa5on. Hence we have opted to present both. We do not think changes in spa5al drought extent 
would provide substan5ally different informa5on compared to the metrics already presented as it 
would largely follow the country-wide results presented in Figure 2 and the NRM region specific results 
in Figures 6-7 (we assume the reviewer means the commonly used “area under drought” metric). As 
the paper is already fairly long, we have opted to not add addi5onal metrics. 

 

In results, the results quan5fy the drought types. It would be interes5ng, which aspects lead to the 
runoff droughts, which seem to be by 20% longer, it’s not only because of precipita5on deficits, but 
surely from evapora5ve increases due to increased temperature? Also, in Fig.2, there are the reference 
values missing, to beNer relate the percentage increase to a reference. The 20% would be different 
from 2 months or from 4 months … ? 



Figure 2 shows that the robustness of runoff droughts is similar to precipita5on (e.g. 17% of land area 
shows robust runoff drought changes vs 20% for rainfall under RCP4.5) but the reviewer is correct that 
the magnitude of changes tend to be larger for runoff.  

One contributor is actual evapotranspira5on (ET) changes accentua5ng precipita5on-driven changes 
in runoff and soil moisture. While ET largely follow rainfall changes and is projected to decline in many 
regions, increases in mean ET and ET variability coincide with increased hydrological droughts in parts 
of the southeast (in par5cular eastern Victoria, Tasmania): 

 

 

Figure R4: Future changes in mean (top row) and variability (boNom row) of 3-month running mean 
precipita5on and actual evapotranspira5on. The future change was calculated as the difference in 
mean/variability between 2064-2099 and 1970-2005. Variability was quan5fied as the standard 
devia5on of monthly precipita5on and ET.  

 

We also found that a larger frac5on of precipita5on is projected to go into ET in the future in parts of 
Australia by quan5fying future changes in the ET/P ra5o. This would act to amplify runoff/soil moisture 
droughts through a smaller propor5on of precipita5on going into these hydrological variables even if 
ET is declining. The regions of increasing ET/P ra5os are par5cularly evident in the southwestern and 
southeastern regions coinciding with regions where runoff/soil moisture droughts change more 
strongly than precipita5on: 



 

Figure R5: projected future change in the mean evapora5ve ra5o (ET/P). The historical ra5o was 
calculated from the mean monthly ET and precipita5on during 1970-2005 and the future ra5o during 
2064-2099. 

 

Furthermore, because runoff is a smaller flux compared to precipita5on and ET, given rela5ve changes 
in ET and precipita5on can yield larger rela5ve changes in runoff (and similarly for soil moisture).  As 
such, changes in ET and/or precipita5on can be amplified in runoff and soil moisture. There are several 
observed examples of this in Australia e.g. from southwestern Australia where a 15-20% declines in 
rainfall coincided with >40% declines in dam inflows (Petrone et al., 2010). Ukkola et al. (2016) also 
found that fairly small changes in ET of ~6% led to much larger changes of 25-30% in streamflow.  

We note that a full aNribu5on of runoff changes is not possible as the necessary outputs are not 
available (e.g. leaf area index that strongly controls ET). Individual ET components (i.e. soil evapora5on, 
transpira5on, intercep5on evapora5on) are also not available in the NHP collec5on that would allow 
us to infer some of the drivers. 

We have added text to the revised manuscript to provide an explana5on for the more widespread 
runoff drought changes and added Figures R4-5 to the supplementary informa5on (Figures S4-S5 of 
the revised manuscript): 

L334: “While runoff drought changes show a smaller area of robust changes, they are of 
greater magnitude across most pixels compared to rainfall (16% points for runoff vs 8% points 
for rainfall on average across all robust pixels for :me under drought; 1.6 months vs 0.5 months 
for dura:on and 3.1% points vs 2.2% points for intensity). Soil moisture changes similarly tend 
to be larger than rainfall changes for dura:on and intensity (0.8 vs 0.5 months for dura:on 
and 2.7 vs 2.2 % points for intensity). These stronger changes partly stem from increases in 
actual evapotranspira:on (ET) (Fig. S4). While ET is largely projected to decline in the southern 
and eastern parts in line with rainfall, parts of the southeast coast and Tasmania that are 
projected to experience robust soil moisture and runoff drought increases also show increasing 
ET in the future. Furthermore, the ra:o of ET to rainfall is projected to increase in the southeast 
where :me under drought for runoff and soil moisture is projected to increase more strongly 
than for precipita:on (Fig. S5). This will act to reduce runoff and/or soil moisture even when 
ET is declining. Both rainfall and ET variability are also projected to increase into the future, 
increasing the likelihood for drought (Fig. S4).  



Another likely factor in larger runoff drought changes is the amplifica:on of rainfall and ET 
changes in runoff. Runoff is a smaller component of the water cycle compared to rainfall and 
ET across most of Australia (the frac:on of rainfall par::oned to ET is >50% across >99% of 
the con:nent during the historical period). Any given rela:ve changes in ET and rainfall are 
therefore amplified in runoff, yielding larger rela:ve changes in runoff (and similarly for soil 
moisture). The rela:ve future changes in mean monthly runoff exceed rela:ve changes in mean 
monthly precipita:on across 93% of pixels when averaged across the pixels showing robust 
future changes in :me under hydrological drought. Similarly, runoff changes exceed those in 
ET across 99% of the pixels with robust changes. This amplifica:on of runoff changes agrees 
with past observa:ons of greater rela:ve changes in runoff compared to precipita:on (e.g. 
Petrone et al., 2010) and ET (e.g. Ukkola et al., 2016).” 

As for Figure 2 reference values, this figure shows the ensemble mean future change in 5me under 
drought rela5ve to the historical baseline (i.e. the frac5on of 5me under drought). As we state on L300, 
the reference value is 15% as per our defini5on of droughts as months below the 15th percen5le: 

“Fig. 2 shows the ensemble mean future change in :me under drought rela:ve to the historical 
baseline (during which ~15% of the :me is under drought as per our defini:on).” 

We have also added this informa5on to the Figure 2 cap5on. Reference values for drought dura5on 
and intensity are presented together with the future changes in Figures S2-S3.  

 

It might be useful to rearrange the sequence of the results. How about star5ng with 3.4, where 
observa5ons are compared, and show basic characteris5cs of individual realiza5on (Fig 5), then 
showing aggregated characteris5cs of drought for the full ensemble (Figs 2 and 3)… 

We prefer keeping the current order as Figures 2 and 3 present the overall con5nent wide results. The 
subsequent results are then to explore the specific sources of uncertainty (e.g. GCMS vs bias 
correc5on/downscaling methods) and the reliability of these projec5ons (through a comparison to 
observa5ons). We feel presen5ng the aggregated results first gives necessary context to the 
subsequent sec5ons and allows us to discuss model biases in the context of the future changes. 

 

Why does the GFDL model stand so much apart? Is it because of precipita5on or temperature 
differences?   

Yes GFDL tends to project hoNer and drier condi5ons in the future compared to the other GCMs. We 
discuss this in sec5on 4.2: 

L626: “we found that ensemble members using GFDL-ESM2M as the forcing model were 
par:cularly anomalous compared to the rest of the NHP ensemble, indica:ng stronger increases 
in most regions. [..] The GFDL-ESM2M model projects greater future warming and drying over 
Australia than the other GCMs used here (Peter et al., 2023); our finding of larger drought increases 
in GFDL-ESM2M are consistent with this tendency.” 

 



Nicely wriNen discussion sec5on, but could the conclusions be taken apart into one paragraph sec5on 
at the end? 

We have added a conclusions sec5on to the revised manuscript: 

L715: “We iden:fy robust future increases in meteorological, hydrological and agricultural 
droughts across 20-29% of the Australian land surface under the RCP4.5 scenario and 38-48% 
under RCP8.5. The future changes are par:cularly robust in the highly populated and 
agricultural regions across southern and eastern Australia, with largest increases projected to 
occur in winter and spring. The ensemble members consis:ng of different combina:ons of 
GCMs and downscaling/bias correc:on methods broadly agree on increasing drought in 
southern and eastern Australia but the robustness of future projec:ons vary by region. 
Uncertainty is par:cularly high in the monsoonal and tropical climates of northern Australia 
and the arid interior. Our results are in broad agreement with previous studies but future work 
is needed to systema:cally assess the differences in the magnitude and spa:al extent of robust 
changes across different projec:ons.  

When averaged across the broad NRM regions, the sign of future change is largely consistent 
across the different ensemble members but the magnitude of future change is strongly 
dependent on the choice of GCM and DS-BC method. This choice between sta:s:cal and 
dynamical downscaling represented the primary reason for differences among the DS-BC 
methods, with the choice of sta:s:cal bias-correc:on method (ISIMIP2b, QMR or MRNBC) only 
leading to rela:vely small differences in historical skill and future projec:ons. Overall, we 
found that the GCMs are the dominant source of uncertainty but in some cases the choice of 
the DS-BC method can also change the sign of future change (Fig. 6). This suggests the choice 
of GCM is par:cularly important for adequately quan:fying uncertainty in the future 
projec:ons.” 

 

As a separate issue, we would also like to note that minor errors were found in the soil moisture data 
in Figures 2 and 4 (data for the same model was repeated in some cases). These have been corrected 
leading to minor changes in the results. The skill scores in Figure 5 were also revised as data had also 
inadvertently been excluded when calcula5ng these. 
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