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Extreme Events Issues
• Society has become more vulnerable to extreme
events.
• Lack of long-term climate data suitable for analysis
of extremes
• Did climate change contribute to a specific extreme
event?
• Are there significant trends in the characteristics of
(frequency, intensity, …) an extreme event?
• How will climate change modify extreme events?
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Extreme events and climate change
Summary

FIGURE S.4 Schemattic depiction of this report’’s assessmentt of the state of attribution science
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representative of the large majority of models participating in CMIP5 (i.e., Coupled Model
Intercomparison Project Phase 5). Individual global and regional models operating at higher
resolutions may have better capabilities for some event types, but in these cases, confidence may
still be limited due to an inability to assess model-related uncertainty. The assessments of the
observational record apply only to those parts of the world for which data are available and are
freely exchanged for research. Most long records rely on in-situ observations, and these are not
globally complete for any of the event types listed in this table, although coverage is generally
reasonable for the more densely populated parts of North America and its adjacent ocean regions.
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Issues – TCs Detection and Attribution
• Large amplitude fluctuations of climate
variability for TCs (frequency and intensity) –
trend attribution is difficult.
• Global historical records of TCs – availability
and quality limited – large error bars
• Uncertainty: past changes in TC variability
have exceeded what is expected from nature
climate variability.
Knutson et al. 2010

TROPICAL CYCLONES
AND CLIMATE CHANGE
ASSESSMENT
Part I: Detection and Attribution

THOMAS KNUTSON, SUZANA J. CAMARGO, JOHNNY C. L. CHAN, KERRY EMANUEL,
CHANG-HOI HO, JAMES KOSSIN, MRUTYUNJAY MOHAPATRA, MASAKI SATOH,
MASATO SUGI, KEVIN WALSH, AND LIGUANG WU

We assess whether detectable changes in tropical cyclone activity have been identified in
observations and whether any changes can be attributed to anthropogenic climate change.

TCs trends

Knutson et al. BAMS 2019a
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Error Types for Detection & Attribution
• Type I error: conclusion that anthropogenic
forcing has contributed to an observed
change/event when it has not done so.
• Type II error: NOT concluding that anthropogenic
forcing has contributed to an observed
change/event when it has done so.
• If only type I error is considered: miss
anthropogenic influences that have not yet
emerged or identified with high confidence
See Lloyd and Oreskes (2018)

TABLE 1. Distribution of author opinion on potential tropical cyclone detection and attribution statements
elicitation. For the type II error avoidance, both detection and attribution substatements are prefaced by
“The balance of evidence suggests…” and “Detectable” refers to “unusual compared to natural variability,
e.g., p < 0.1.” Numbers in parentheses indicate the number of authors reporting this confidence level.
Perspective: Type I error avoidance
1) The estimated contribution of decreased anthropogenic aerosol forcing to the increased Atlantic TC frequency since the
1970s is large and positive and is highly unusual (e.g., p < 0.05) compared to natural variability. Confidence: low (7); low
to medium (2); medium (1); medium to high (1).
2) Observed poleward migration of latitude of maximum intensity in northwest Pacific basin is highly unusual (e.g., p < 0.05;
statistically distinguishable) compared with expected natural variability. Confidence: low to medium (8); medium (1);
medium to high (2).
3) Anthropogenic forcing has contributed to the observed poleward migration of the latitude of maximum intensity in the
northwest Pacific basin. Confidence: low (6); low to medium (2); medium (3).
4) There has been a detectable decrease (highly unusual compared to natural variability; e.g., p < 0.05) in the global-scale
propagation speed of TCs since 1949. Confidence: low (6); low to medium (4); medium (1).
5) Anthropogenic forcing has contributed to the observed decrease in the global-scale propagation speed of TCs since
1949. Confidence: low (8); low to medium (3).
6) List any other observed multidecadal- to century-scale change in TC activity that is highly unusual (e.g., p < 0.05; statistically distinguishable) compared with expected natural variability (from a type I error avoidance perspective), and provide
confidence level. None identified.

Knutson
et al. BAMS
2019a
shorter homogenized satellite-based intensity data climate warming to increased
TC intensity,
provides
(Kossin et al. 2013). From the satellite-based data, they a balance of evidence suggesting that the observed

Summary – Type I error
• Strongest cases:
– Observed poleward migration of latitude of
lifetime maximum intensity (LMI) in the Western
North Pacific – Low to Medium confidence (8/11)
– Anthropogenic forcing contributed to the LMI
poleward shift - Low confidence (6/11)

• All other changes (detectable or attributable
to CC): low confidence

Knutson et al. BAMS, 2019a

TABLE 1. Continued.

Knutson et al. 2019a

Perspective: Type II error avoidance
7) Detectable increase in North Atlantic TC activity since the 1970s (9% agree); and anthropogenic forcing (reduced
aerosol forcing) has contributed to this increase (45% agree).
8) Observed poleward migration of latitude of maximum intensity in northwest Pacific basin is detectable (all agree); and
anthropogenic forcing has contributed to the observed poleward migration of the latitude of maximum intensity in the
northwest Pacific basin (82% agree).
9) Detectable increase in TC intensity over the Arabian Sea (premonsoon) over 1979–2010 (none agree); and anthropogenic forcing has contributed to this increase (none agree).
10) Detectable increase in the frequency of extremely severe cyclonic storms over the Arabian Sea (postmonsoon) over
1998–2015 (all agree); and anthropogenic forcing has contributed to this increase (73% agree).
11) Detectable increase in the global proportion of TCs reaching category 4 or 5 intensity in recent decades (all agree);
and anthropogenic forcing has contributed to this increase (73% agree).
12) Detectable increase in the global average intensity of strongest (hurricane intensity) TCs since the early 1980s (91%
agree); and anthropogenic forcing has contributed to this increase of global average intensity of strongest (hurricane
intensity) TCs (73% agree).
13) Detectable multidecadal increase in TC occurrence near Hawaii (none agree); and anthropogenic forcing contributed
to the recent unusually active TC season near Hawaii in 2014 (55% agree).
14) Detectable increase in TC occurrence activity in the western North Pacific in recent decades (none agree); and
anthropogenic forcing contributed to the recent unusually active TC season, including the record-setting (1984–2015) TC
intensity, in the western North Pacific in 2015 (73% agree).
15) Detectable increase in the intensity of Hurricane Sandy–like storms in the Atlantic in recent decades (none agree);
and anthropogenic forcing contributed to the intensity of Hurricane (Superstorm) Sandy in 2012 (none agree).
16) Detectable increase in the intensity of Haiyan-like supertyphoons in the western North Pacific in recent decades (18%
agree); and anthropogenic forcing contributed to the intensity of Supertyphoon Haiyan in 2013 (45% agree).
17) Detectable long-term increase in the occurrence of Hurricane Harvey–like extreme precipitation events in the Texas
region (all agree); and anthropogenic forcing has contributed to increased frequency of Hurricane Harvey–like precipitation events in the Texas region (all agree).
18) Detectable increase in the frequency of moderately large U.S. surge events since 1923 as documented by the index of
Grinsted et al. (which strongly filters out sea level rise influences) (18% agree); and anthropogenic forcing has contributed
to this increase (18% agree).
19) Detectable decrease in the global-scale propagation speed of TCs since 1949 (73% agree); and anthropogenic forcing
has contributed to this decrease (9% agree).
20) Detectable decrease in severe landfalling TCs in eastern Australia since the late 1800s (82% agree); and balance of
evidence suggests anthropogenic forcing has contributed to this decrease (none agree).
21) Detectable decrease in U.S. landfalling-hurricane frequency since the late 1800s (none agree); and anthropogenic
forcing has contributed to this decrease (none agree).
22) Detectable increase in global major hurricane landfall frequency in recent decades (none agree); and anthropogenic
forcing has contributed to this increase (none agree).
23) Detectable decrease in TC frequency in the southeastern part of the western North Pacific (1992–2011) (none
agree); and anthropogenic forcing (changes in aerosol emissions) has contributed to this decrease (50% agree).

Summary – Type II Errors
(Chance for false alarm)

• Main detectable Anthropogenic contributions:
– LMI poleward migration in the Western North
Pacific
– Increased global average intensity of strongest TCs
– Increase in proportion of cat 4 and cat 5 TCs
– Increase frequency of hurricane Harvey-like
precipitation events in Texas
– Increased occurrence of intense Arabian Sea TCs

Knutson et al. BAMS, 2019a

Attribution of individual
TC events

BAMS

EXPLAINING
EXTREME EVENTS
OF 2016
From A Climate Perspective

Special Supplement to the

Hurricane Harvey attribution studies
• Risser & Wehner GRL,
2017: Likely increase of
~ 19%
• van Oldenborgh et al.
ERL, 2017: Likely
increase of ~ 15%
• S.-Y. Wang et al. ERL,
2018: Likely increase of
~ 20%

4. Return periods of hurricane total rainfall (millimeters) at the single point of Houston, Texas, based on 3,700 simulated events each from six global
te models over the period 1981–2000 from historical simulations (blue), and 2081–2100 from RCP 8.5 simulations (red). The dots show the six-climate-set
n and the shading shows 1 SD in storm frequency, remapped into return periods.

Emanuel PNAS, 2017

hese large increases in probabilities are consistent with
ectations about what happened to tail risk as the distribuof events is shifted toward the tail (13). It would be of some
rest to evaluate how these increases are related to greater
er vapor concentration, stronger upward motion in storms,

longer duration of events, and greater frequency of events. This
is left to future work.

Likely increase of 6% in 2017

OX News Network (September 6, 2017) Gov. Abbott: Harvey recovery will cost far
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Urbanization exacerbated the rainfall and flooding
caused by hurricane Harvey in Houston
LETTER RESEARCH
Wei Zhang1, Gabriele Villarini1*, Gabriel A. Vecchi2,3 & James A. Smith4

Nature, 2019
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Category 4 landfalling hurricane
Harvey poured more than a metre an increasing runoff ratio (that is, the ratio between runoff and precipita0.8
Original
of Original
rainfall across the heavily populated Houston area, leading
to tion) across many watersheds in the area, pointing to reduced infiltration
NoUrban
0.6 Although studies have focused
1950 urban flooding and damage.
unprecedented
and(runoff)
larger runoff for a given rainfall value8–12. This increase in population
NoUrban (runoff and rain)
on the contribution of anthropogenic
climate change to this extreme and urbanization, combined with the flat clay terrain that characterizes
0.4
1–3
rainfall event , limited attention has been paid to the potential this area, represents a very problematic mix from a flood perspective,
0.2
effects of urbanization on the hydrometeorology associated with despite the flood mitigation measures that have been put in place.
0 urbanization exacerbated not
hurricane Harvey. Here we find that
In addition to having15
a substantial impact on the hydrologic response,
0
5
10
only the flood responsegbut also the
urbanization has the potential to directly influence the magnitude of
1 storm total rainfall. Using the
Weather Research and Forecast model—a numerical model for extreme precipitation. This is a topic that has received substantial atten0.8
simulating weather and climate at regional scales—and statistical tion, particularly regarding the influence of urbanization on mesoscale
0.6 of urbanization to rainfall and
models, we quantify the contribution
convective systems, as determined through field campaigns, analysis
flooding. Overall, we find that the
0.4probability of such extreme flood
events across the studied basins increased on average by about 21
0.2
times in the period 25–30 August 2017 because of urbanization. a 31° N
Observations
0
The effect of urbanization on storm-induced
extreme precipitation
0
0.5
1
1.5
2
2.5
3
3.5
and flooding should behmore explicitly
included in global climate
1
models, and this study highlights its importance when assessing the
0.8
future risk of such extreme events in highly urbanized coastal areas.
30° N
0.6
North Atlantic tropical cyclones
are among the costliest natural hazards both in terms of fatalities and0.4
economic impacts, with the devastation left by 2017 hurricanes Harvey, Irma and Maria typical of the havoc
0.2
tropical cyclones can cause. There
are multiple hazards associated with
29° N
0 strong winds, heavy rainfall and
these events, including storm surge,
0
0.5
1
1.5
2
2.5
3
flooding. An analysis of 28 tropical 1cyclones over the 2001–2014 period b 31° N Urban BEM
i
found that around two-thirds of the residential flood insurance claims
0.8
4
were caused by riverine flooding
, highlighting the major impact of
these events for both coastal and0.6
inland communities.
The devastation caused by 0.4
hurricane Harvey in Houston is a
30° N
reminder of the rainfall and flooding that can be associated with these
0.2
storms. Between 25 and 30 August
2017, hurricane Harvey dropped
more than 1,300 mm of rain over0and around Houston, leading to
0
2
4
6
8
10
1–3
unprecedented flooding in large areas
1 of the city . In the aftermath of
j
29°
N
this storm, different studies estimated the return period of the rainfall

Florence if it were to occur in a world without human induced global warming.

The human influence on Hurricane Florence

Through comparison of the standard and modified ensemble forecasts for Hurricane Florence, we
Kevin A. Reed, Stony Brook University
quantify the impact
climateStony
change
on the storm’s size, rainfall, and intensity.
Alyssa M.of
Stansfield,
Brook University
Michael F. Wehner, Lawrence Berkeley National Laboratory
Colin M. Zarzycki, National Center for Atmospheric Research

Intensity:
Florence forecasted
is slightly more
intense
for a longer
portion
For Hurricane Florence,
we presentHurricane
the first advance
attribution
statements
about
theof the forecast period
due to
climate
change
according
the forecasted
minimum
surface pressure.
human influence on a tropical cyclone.
We
find that
rainfall
will be to
significantly
increased
by over
50% in the heaviest precipitating parts of the storm. This increase is substantially larger than
expected from thermodynamic considerations alone. We further find that the storm will remain at a
high category on the SaffirSimpson scale for a longer duration and that the storm is approximately
80 km in diameter larger at landfall because of the human interference in the climate system.

For additional information contact Kevin Reed (kevin.a.reed@stonybrook.edu) or Michael
Wehner (mfwehner@lbl.gov).

TheThese
humanattribution
influence on
Hurricane are
Florence
statements
enabled

by realtime ensemble forecasts of Hurricane Florence
performed using the Community Atmosphere Model (CAM) version 5. Two sets of ensembles
Florence.
forecasts were completed (Initialized Sept 11, 2018 at 00Z):
Kevin A. Reed, Stony Brook University
Alyssa M. Stansfield, Stony Brook University
Left: Individual ensemble forecasts (dashed) and ensemble mean (solid) of Hurricane
Michael F. Wehner, Lawrence Berkeley National Laboratory
Right:
Time evolution of the ensemble average central minimum surface pressure.
Colin M. Zarzycki, National Center for Atmospheric
Research

Red: Florence in the world that is. Blue: Florence in the world that might have been without climate change.

Rainfall:

Storm Size:

Standard Forecast: With observed initial atmospheric conditions and sea surface temperatures
(SST)
adapted
NOAA’s
operational Global Forecast System model. This
The forecasted Hurricane Florence rainfall
amounts
over thefrom
Carolinas
are increased
by over 50% due to climate changeisand
linked oftothe
warmer
sea
surface Florence. 1
the are
forecast
actual
Hurricane
temperatures and available moisture in the atmosphere.
Modified Forecast: With observed initial conditions modified to remove the estimated climate
change
signal
from
thedue
temperature,
The forecasted size of Hurricane Florence
is about
80 km
larger
the effect of moisture, and SST fields to represent a
climate change on the largescale environment
theclimate
storm. change. This is a counterfactual forecast of Hurricane
world around
without
Florence if it were to occur in a world without human induced global warming.
Through comparison of the standard and modified ensemble forecasts for Hurricane Florence, we
quantify the impact of climate change on the storm’s size, rainfall, and intensity.

Intensity:

Hurricane Florence is slightly more intense for a longer portion of the forecast period
due to climate change according to the forecasted minimum surface pressure.

Left: Ensemble average accumulated rainfall Hurricane Florence forecasts.
Right: Evolution of the ensemble average outer storm size (radius at peak wind speed of approximately 18 mph).
Red: Florence in the world that is. Blue: Florence in the world that might have been without climate change.

Future Projections – TCs
• Based on theory and models
• Increase in storm surge due to sea level rise (SRL)
• Globally averaged intensity of TCs shift towards
stronger storms – 2-11% by 2100
• Globally averaged frequency of TCs: decrease 634%
• Increases of ~ 20% of the precipitation rate within
100km of the storm center (mean and peak)
• Projected changes for individual basins –
uncertain.
• Regions with hurricane occurrence is NOT
expected to change.
Knutson et al. 2010

Tropical Cyclones and Climate Change Assessment: Part II. Projected
Response to Anthropogenic Warming

Thomas Knutson1, Suzana J. Camargo2, Johnny C. L. Chan3, Kerry Emanuel4, Chang-Hoi Ho5, James Kossin6, Mrutyunjay Mohapatra7, Masaki
Satoh8, Masato Sugi9, Kevin Walsh10, and Liguang Wu11

BAMS, in press

• Highest confidence: SLR + warming: lead to
higher storm inundation levels.
• Medium to high confidence:
– Increase of TC precipitation rates (~ 14%)
– Global average intensity increase (~ 5%)
– Increase of proportion of cat 4-5 TCs (13%)

• Mixed confidence:
–
–
–
–

Poleward shift
Frequency of intense TCs
Slowdown in TC translation speed
Decrease in global TC frequency
Knutson et al. BAMS, 2019b

TC frequency projections –
increase in uncertainty
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Columbia HAZard model (CHAZ):
Model world (one realization)

A generator of
synthetic TCs genesis,
track, intensity, and
winds are functions of
the environment

Genesis (TCGI, Tippett et al. 2011)
Track (Emanuel et al. 2006)

Real world - observations

Intensity (Lee et al. 2015,2016b)
Lee et al. 2018, JAMES

MONTHLY PI, vorticity, humidity, shear,
large-scale circulation
DAILY winds
Lee, Tippett, Sobel & Camargo, JAMES 2018
Figures by Chia-Ying Lee

Chavas et al. 2015, JAS

Lee et al. JAMES 2018

Sandy-like tracks
Historical tracks
1 out of 33 storms
turned left after
recurving.

CHAZ simulations for 1981 to 2012 env.

1 out of
34
storms

Figures by Chia-Ying Lee

TC Risk for Mumbai

Observations

l best tracks, 1979-2016, color coded by intensity using the US Saffir-Simpson scale.

Sobel, Lee, Camargo et al. MWR, 2019

Models
Synthetic storms

CHAZ climate change simulations
Historical period

2006-2040

2041-2070

2071-2100

Example: one ensemble member
Forced by CMIP5 models
Figures by Chia-Ying Lee

CHAZ Climate change simulations

Lee, Camargo, Sobel & Tippett, J. Climate, 2019, in review

CHAZ Climate change simulations

Relative
Humidity

Saturation
Deficit

Lee et al. J. Climate, 2019, in review

Genesis Indices and climate change

Camargo,
J. Climate 2013

Tropical Cyclone Genesis Index - TCGI
Poisson regression:
Vorticity

Humidity: RH/SD

Vertical Shear

relative SST/PI

Tippett et al. J. Climate, 2011

HiRAM – perfect model experiment
Column Integrated Relative Humidity

CRH = CIWV/CIWVs
CIWV = column integrated water vapor
CIWVs = saturated column integrated water vapor

Saturation Deficit

SD = CIWV - CIWVs

Camargo et al. J. Climate, 2014

CHAZ climate change simulations Frequency changes

F IG . 2. Time series of (a) the CHAZ simulated the annual global TC frequency, (b) the TCGI estimated

Lee et al. J. Climate, 2019, in review

CHAZ climate change simulations Frequency changes

Lee et al.
J. Climate,
2019, in
review

CHAZ climate change simulations
Intensity changes

Lee et al. J. Climate, 2019, in review

CHAZ climate change simulations
Intensity + frequency changes

Lee et al. J. Climate, 2019, in review

CHAZ climate change simulations
poleward shift

TABLE 2. Changes in the multi-model, annual mean LMI latitude (in degree per 100 years) with 95% confidence intervals.

global

atl

enp

wnp

ni

sin

aus

spc

TCGI CRH

0.31±0.06

0.63±0.23

0.87±0.10

0.73±0.11

-0.02±0.24

0.57±0.14

-0.07±0.12

-0.14±0.18

TCGI SD

0.10±0.08

0.79±0.32

0.72±0.13

0.49±0.15

-0.35±0.47

0.08±0.19

0.08±0.15

-0.14±0.19

Annual mean LMI latitude changes (degrees per 100 years)

Lee et al. J. Climate, 2019, in review

Western North Pacific poleward shift
Observations

CMIP5 models

MIT downscaling
Reanalysis
CMIP5

Kossin, Emanuel & Camargo, J. Climate, 2016

CHAZ climate change simulations
Translation speed

Lee et al. J. Climate, 2019, in review

Summary
• Lack of a clear emergence of the signal of
anthropogenic changes of TC characteristics
due to: large variability, data quality, length of
data record.
• Projections of TC frequency have become
more uncertainty in the last few years.
• CHAZ results show that TC frequency is
sensitivity to type of humidity variable used
when downscaling projections.

