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Farmers understand climate variability

• Major farming and water supply investments tied to multi-year drought risk
• Climate risk affected by both natural variability and climate change
• Need to better understand the risk of multi-year to multi-decadal rainfall deficits
• Palaeoclimate data can help fill a crucial knowledge gap
• Our research aims to bridge climate research and practice: snapshot today!
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Current drought and motivating questions

Motivating questions:
• What are the drivers of our current climate?
• What is the likely range of natural drought variability? 
• What additional challenges does climate change pose?
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50% chance of El 
Niño this year
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Recent ENSO event impacts

2010-2011
La Niña

2002-2003
El Niño

Drought Floods
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Pacific Decadal Variability
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Published indices for the IPO and PDO

IPO index from Parker et al. (2007) PDO index, filtered (Mantua et al., 1997)
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Newman et al. (2016)  The Pacific decadal oscillation, revisited, 
Henley et al. (2015) A tripole index for the Interdecadal Pacific Oscillation, Clim. Dyn.
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Figure 1. The Pacific decadal oscillation (PDO), in observations and CMIP5 models, over the historical record 
(1901-2004). (a) Regression of global monthly SST (shading) and DJF SLP (contours; interval is 1 hPa) 
anomalies onto the PDO time series (from the HadISST dataset). (b) Same as (a) except showing two selected 
members of the “historical” CMIP5 ensemble. (c) PDO time series determined from the HadISST and ERSST 
v3b datasets, and from the historical CMIP5 ensemble. For the top two panels, the thick black line shows the 
smoothed (6-yr lowpass; Zhang et al. 1997) time series. For the last panel, all time series are smoothed; thin gray 
lines represent each ensemble member, the thin black solid (dashed) line represents model A (B), and the thick 
black line is the ensemble mean. (d) Taylor diagram (Taylor et al. 2001) comparing the reference PDO 
(HadISST) pattern (black circle) with variations due to sampling, observational dataset, and geographical 
domain; the distance of each symbol from the black circle (the reference PDO in Fig. 1a) represents normalized 
root-mean-square error, indicated by the dashed semicircles spaced at an interval of 0.5. See supplementary 
material for additional detail. Black dots: PDO estimates based on the 50yr Monte Carlo subsamples; triangles: 
PDO determined from the ERSSTv3b (blue), COBE (green), and Kaplan (yellow) observed data sets; orange 
symbols: SSTA structure (within the North Pacific PDO region) associated with the leading SSTA EOF, where 
the southern border of the Pacific domain is instead 0º (square), 20ºS (triangle), and 70ºS (circle). Also shown 
are the CMIP3 (cyan squares) and CMIP5 (red circles) historical simulation PDOs.  
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A Tripole Index for the IPO: a new index

Henley et al. (2015), A Tripole Index for the Interdecadal Pacific Oscillation. Clim. Dyn.

Method:
1. Remove seasonal cycle
2. TPI = SST2 – 0.5(SST1+SST3)
3. Low pass filter (if desired)

@benhenley

• The index tracks sea surface temperatures in three large regions
• Data now published regularly and available from NOAA



The influence of El Niño’s “cranky uncle” El Tio
on Global Temperatures

@benhenley Henley et al. (2017) Glob. Plan Chg; Henley & King (2018) GRL
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Impacts of Pacific Decadal Variability

Power, S.  et al. (1999), Clim Dyn.
Henley, B. J., et al. (2011) Water Resour. Res.
Henley, B. J., et al. (2013) Water Resour. Res.

either the long-term risk approach or the short-term risk
conditioned only on initial storage.

5.2. Comparing CIMSS and AR(1)-BC Rainfall
Models

[44] The CIMSS rainfall model produced significantly
different short-term drought risks to the AR(1)-BC model
with all other parameters kept the same. For scenario 1, the
PDO-IPO entering a negative state, the CIMSS-modeled
short-term risk is significantly lower than that for the
AR(1)-BC model for the transient period. The simulated
higher inflows in the PDO-IPO negative state result in
reduced drought risk in the short term. For scenario 2, the
PDO-IPO entering a positive state, the CIMSS-modeled
risks are significantly higher than those for the AR(1)-BC
model. The AR(1)-BC model has no explicit mechanism to
incorporate climate driver information. It is therefore sug-
gested that the CIMSS model better depicts hydrological
impacts of Pacific decadal-scale climate variability. It fol-
lows that the widely used AR(1)-BC model overestimates
drought risk during the PDO-IPO negative state and under-
estimates drought risk during the positive state.

5.3. Sensitivity of Short-Term Risk to Capacity, Yield,
and Initial Storage

[45] For the CIMSS model for scenario 2, the short-term
drought risk generally increases with time until it reaches a
peak, before decreasing beyond 15–30 years. The rise and
fall is due to the cumulative effects of the stress on the sup-
ply system. The lower than average inflow in the positive
PDO-IPO state, coincident with moderately high annual
yield of D=Qav ¼ 0:75, produces the peaking effect. The
peak is reached earlier in time for the smaller storage (after
1–2 years for C=Qav ¼ 1:5) than the larger storage (after
10–15 years for C=Qav ¼ 4:0). The peak is sooner and
much more pronounced for high D=Qav and low C=Qav
combinations. To achieve short-term risks of lower than

1%, C=Qav ¼ 3:5 is required for a demand of D=Qav ¼ 0:7
and C=Qav ¼ 4:0 is required for D=Qav ¼ 0:75. The buf-
fering effect of the larger storages against the persistent
lower inflows during the PDO-IPO positive state is evident.

[46] The effects of initial storage were investigated
for the PDO-IPO scenario 2 for the CIMSS and AR(1)-
BC models. Initial storage is found to have a very
strong effect on the short-term drought risks. The
CIMSS model results show that this PDO-IPO scenario
greatly exacerbates the stress on the reservoir that is
produced by low initial storage volumes alone. How-
ever, this intensification of short-term drought risk from
the commencement of a PDO-IPO positive state is not
reproduced by the AR(1)-BC model.

6. Conclusion

[47] This study has introduced a new methodology
for evaluating drought risk. The climate driver informed
short-term drought risk methodology conditions simula-
tions on climate information and reservoir initial stor-
age. Climate informed simulations were provided by
CIMSS model of Henley et al. [2011], which explicitly
incorporates the impact of Pacific decadal-scale variabil-
ity characterized by the PDO-IPO on hydrological sim-
ulations. This represents an advance on previous
approaches that only considered the impact of initial
reservoir conditions on short-term drought risk or the
influence of decadal-scale climate variability on long-
term drought risk.

[48] To demonstrate this new climate driver informed
approach, rainfall and inflow data from a case study site on
the east coast of Australia was used in a reservoir simula-
tion to compare various drought risk scenarios. Drought
risk from the climate driver informed short-term approach
was compared with the traditional long-term approach and
drought risk from a climate informed stochastic model

Figure 5. Short-term drought risks for the CIMSS model for scenario 2 with a range of initial storage
levels expressed as a proportion of the annual yield D;C=Qav ¼ 1:75;D=Qav ¼ 0:75; ! ¼ D=C ; note
that the 70% initial storage used in Figures 3 and 4 equates to 1.70D.
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Fig. 4 The coloured lines
represent correlation coe$cients
between the SOI and various
Australian climate-related
variables calculated in 13 y
running blocks. The solid
black line depicts the IPO
(SST) Index (Folland et al. 1998).
The correlations between
temperature and the SOI
have been multiplied by !1
to facilitate comparison. All
series were high-pass "ltered
with a 13 y cut-o! prior to
calculating the correlation
coe$cients.

examining the frequency with which the di!erence in
their average scores exceeded the corresponding "gure
for the bins (i.e. strati"ed IPO index) depicted in the
"gure.

3 Inter-decadal variation in the influence of ENSO on Australia
generally

This suggests that the impact of ENSO on Australia
may vary in association with the IPO. To test this we
will examine the association between the SOI and vari-
ous climate-related variables: rainfall, daily maximum
temperature, river #ow and an estimate of the domestic
wheat crop yield. The rainfall and temperature were
averaged over the entire continent (Power et al. 1998b).
The river #ow is a reconstruction of the natural Murray
River #ow rate at Albury, New South Wales. The record
has had the e!ects of irrigation, land changes, etc.,
removed by taking diversions and reservoirs, for
example, into account. The wheat crop yield is an
estimate of the entire domestic wheat crop yield, and is
based on a regression formula (Nicholls 1997) for the
yield in terms of rainfall, and both daily minimum and
maximum temperatures. It represents the yield relative
to constant levels of technology, cultivar use and both
crop extent and crop distribution. The rainfall, crop
yield and river #ow were all ranked prior to analysis to
remove any potential ambiguity associated with
skewed distributions. Values of the SOI were supplied
by the Australian National Climate Centre represent-
ing normalized monthly anomalies of the di!erence
between (un-normalized) Tahiti and Darwin mean sea-
level pressure. All data were annually averaged.

Table 1 The correlation coe$cients between the SOI and important
climate-related variables in Australia since 1910, strati"ed by the
polarity of the IPO are tabulated. All of the coe$cients in the second
column headed &&IPOI (!0.511 are signi"cant at the 95% level
except for the river #ow-SOI coe$cient which is only signi"cant at
the 90% level. None of the coe$cients in the last column headed
&&IPOI'0.5'' are signi"cant. IPOI refers to the IPO index. There are
between 35 and 38 data elements in each bin. The low frequency part
of the signals (i.e. periods greater than 13 y) were removed prior to
analysis to avoid transferring energy from low to high frequencies by
the binning procedure. The conclusions are unchanged if this
preliminary step is omitted. A larger threshold of 0.5 is used here
because we are dealing with annual rather than monthly totals. The
results are not especially sensitive to this choice. The correlation
coe$cient for the SOI and maximum daily temperature is negative,
consistent with simple 1-D models which relate surface temperature
variability with cloud, rainfall, soil moisture and evaporative cooling
(Power et al. 1998b).

Correlation coe$cient
between the SOI and IPOI(!0.5 IPOI'#0.5

Rainfall 0.7 0.0
River #ow 0.4 0.1
Temperature !0.8 0.1
Crop yield 0.7 0.1

The correlation coe$cients between the SOI and
these important climate-related variables are presented
in Table 1. The table indicates that the IPO does indeed
modulate ENSO's in#uence on Australia. Variations in
rainfall, for example, are only signi"cantly correlated
with the SOI when the IPO index is negative. The
contrast is really quite remarkable, with correlation
coe$cients of 0.7 during the negative phase but only 0.1
during the positive phase. This e!ect is not restricted to
rainfall, it also extends to maximum surface temper-
ature, river #ow and the domestic wheat crop. Further
illustration of the modulation is given in Fig. 4, which
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PDV and drought risk
Correlation between SOI and T, 

P, wheat yields varies on 
decadal timescales:

either the long-term risk approach or the short-term risk
conditioned only on initial storage.
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strong effect on the short-term drought risks. The
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ever, this intensification of short-term drought risk from
the commencement of a PDO-IPO positive state is not
reproduced by the AR(1)-BC model.
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[47] This study has introduced a new methodology
for evaluating drought risk. The climate driver informed
short-term drought risk methodology conditions simula-
tions on climate information and reservoir initial stor-
age. Climate informed simulations were provided by
CIMSS model of Henley et al. [2011], which explicitly
incorporates the impact of Pacific decadal-scale variabil-
ity characterized by the PDO-IPO on hydrological sim-
ulations. This represents an advance on previous
approaches that only considered the impact of initial
reservoir conditions on short-term drought risk or the
influence of decadal-scale climate variability on long-
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[48] To demonstrate this new climate driver informed
approach, rainfall and inflow data from a case study site on
the east coast of Australia was used in a reservoir simula-
tion to compare various drought risk scenarios. Drought
risk from the climate driver informed short-term approach
was compared with the traditional long-term approach and
drought risk from a climate informed stochastic model
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Schematic of Palaeoclimate + Observed Data
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VicDRIP Victorian Drought Risk Inference Project
vicdrip.org
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Palaeoclimate proxies: diligent recorders of past climate 

• Biological and geological indicators of pre-instrumental 
climate variability on seasonal–centennial timescales. e.g. 
tree rings, corals, ice cores, lake and cave sediments

• Best records for understanding rainfall variability are high 
temporal resolution i.e. seasonally–annually resolved 
palaeoclimate records to extend the instrumental climate 
record centuries into the past

Tree rings

Coral banding

Ice cores 

Sources: NOAA World Data Center –Palaeoclimatology;
Eric Matson, Australian Institute of Marine Science

Drilling Porites sp. 

@benhenley slide courtesy Dr Joelle Gergis



Palaeoclimate source data network

Pages2k network

• Statistically significant relation to broad scale drivers
• Trade off between skill, temporal/spatial resolution of target

@benhenley



Palaeoclimate source data network

Pages2k network

• Statistically significant relation to broad scale drivers
• Trade off between skill, temporal/spatial resolution of target
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Broad Motivating Factors

Compounding challenges:

1. High variability and persistence

2. Changing rainfall patterns

3. Growing populations

4. Short observed records

5. High vulnerability to decadal-
multidecadal “megadroughts”

6. Uncertainty from climate change

State of the climate report 2016, BoMOctober–April rainfall deciles 1995–2016.

April–October rainfall deciles 1996–2015



Rainfall reconstructions for Australia’s Natural 
Resource Management (NRM) regions

Reconstructions of Australian regional 
rainfall, based primarily on remote 
palaeoclimate proxies and their 
association with climate drivers

Freund et al. 2017, Clim. Past@benhenley



Trajectories to 1.5°C: Modulation by PDV

Henley and King 2017, GRL@benhenley



Motivation – examples of hydrological impacts

associated with larger values of Rx5day (Figure 1b), with
positive, statistically significant correlations. Correlations
in El Niño seasons are comparatively small and nonsignifi-
cant. These results agree well with Cai and van Rensch
[2012b], who assessed summer season total rainfall anoma-
lies in SE Queensland. We have extended this to show that
the relationship holds for a much larger area and specifically
for extreme rainfall events.
[14] The 2009–2010 season stands out as having the greatest

Rx5day value for a strong El Niño season. The three strongest
La Niña seasons (1973–1974, 1975–1976, and 2010–2011)
also have the largest values of 5 day precipitation accumula-
tions. The 1973–1974 season has the highest Rx5day value
in the October–March period over the 111 year series. While
the 2010–2011 season was the strongest La Niña in the series
(measured by SOI), the Rx5day value was lower than those
of 1973–1974 and 1975–1976, suggesting that the recent
heavy rainfalls were not without precedent when averaged
over the whole of eastern Australia. Conducting the same anal-
ysis over a smaller area (southeast Queensland and northeast
New South Wales) showed that the 2010–2011 values of this

index were lower than those seen during many other seasons
also. Although the extreme rainfall of 2010–2011 led to disas-
trous flooding, this analysis suggests that other strong La Niña
seasons have led to similarly intense rainfall previously.
[15] Extreme rainfall in eastern Australia may also be

influenced by variability in the Pacific Ocean on longer time
scales. To determine whether the IPO has an effect on
the asymmetric ENSO-extreme rainfall teleconnection, the
relationship between SOI and Rx5day was determined sepa-
rately for IPO-positive and IPO-negative seasons (Figures 1c
and 1d). During the IPO-negative (La Niña–like) phases
(Figure 1c), the magnitude of La Niña events is observed
to strongly influence extreme rainfall with large slope values
and a correlation of 0.65. In El Niño seasons, there appears
to be a weaker relationship where stronger El Niño events
have smaller values of maximum 5 day rainfall totals. This
relationship is significant (p value <0.05) if 2009–2010 is
removed from the analysis. In IPO-positive (El Niño–like)
seasons (Figure 1d), there are no statistically significant rela-
tionships between ENSO and Rx5day. The results presented
here provide further evidence of the IPO influence on the

Figure 1. (a) Map of correlation coefficients between October–March SOI and October–March Rx5day index. The boxed
region is the area of study called eastern Australia (EA). (b–d) Scatterplots of October–March SOI and October–March
Rx5day in all seasons, IPO-positive seasons, and IPO-negative seasons, respectively. Lines of best fit, calculated using
ordinary least squares regression, are shown for (red) El Niño and (blue) La Niña years with corresponding slope values.
The correlation (Spearman’s rank, r) and the significance of the fit (p value) are also shown. Notable seasons of particularly
strong precipitation or strong La Niña conditions are marked in green, as shown only in Figure 1b.

KING ET AL.: ENSO, IPO, AND AUSTRALIAN EXTREME RAIN

2273

IPO negative IPO positive

Figure 8. Empirical probability density plots of proportion of stations with (a) APIratio > 1 in west
Australia and (b) APIratio > 1 in east Australia from nonparametric bootstrap resampling of IPO indices,
with dashed lines denoting 1st and 99th percentiles of the data and bold lines denoting observed propor-
tion of stations with APIratio > 1 in west and east Australia.

Figure 7. Stations returning APIratio > 1 (red) and APIratio < 1 (blue) for (a) west and (b) east Australia.

PUI ET AL.: HOW DOES IPO AFFECT DESIGN FLOODS IN AUSTRALIA W05554W05554

10 of 13

Pui et al (2011)

Antecedent wetness

King et al (2013) Extreme rainfall in Eastern Australia

Other studies include: Meehl, Arblaster, Cai, Qian, Kiem, Verdon-Kidd, Salinger, Folland

masses and generally wetter conditions over the study
region.

e. PDO versus global climate influences
The strong correlations of CT to both springtime

temperature (TI) changes and decadal-scale fluctua-
tions (PDO) raise the question whether the observed
changes in CT are driven primarily by PDO-related
temperature changes or by some other mechanism. Our

analysis suggests that PDO contributes to some of the
observed CT trends but is not sufficient to explain them
all. To clarify this issue, various analyses are conducted
to compare the associations of CT and PDO with those
of CT and temperature (through TI and GSST).

During the 1951–2000 period emphasized here (as
well as in the earlier 1901–40 period), GSST and PDO
are correlated (r ! 0.5), and over the 1948–2000 period,
both trend markedly. The GSST and PDO are not cor-

FIG. 8. Correlations (") of (a) CT with average water year PDO index and (b) CT with average
Oct–Mar SOI. Larger symbols indicate statistically significant correlations at the 95% confidence level.
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Fig 8 live 4/C

Stewart et al (2005) 

Streamflow timing
Kiem et al (2003)

NSW regional flood index
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Come and say hi!

Ben Henley
www.benhenley.net

www.vicdrip.org
bhenley@unimelb.edu.au

@benhenley

Future connections:
• What would you like us to look at? 
• What are you most concerned 

about?
• Come and talk to me if you want 

data, plots, papers
• Lots of research momentum, 

several proposals under 
assessment, fingers crossed!

• Email me, say hi on twitter, check 
out our articles on The 
Conversation

Thank
s!


