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이상 기후 현황 및 원인

이우섭 과장 (APEC기후센터 기후분석과)
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SPEI Timescale for root zone soil moisture (months)

SEDI Timescale for root zone Soil moisture (months)
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2019년

우리나라 주요 기후 특성

최정희 주무관 (기상청 기후변화감시과)
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03
동아시아 폭염에 영향을 주는 대규모

원격상관 패턴과 전지구 모델을 이용한 앙상블 예측

이명인 교수 (울산과학기술원 도시환경공학과)





, ,

&

2020 , 2020. 7. 9.

- 31 -



[Choi and Lee, 2019]

[Choi and Lee, 2019]

[Lin et al., 2014]

Contour : H500
Vector : Wave activity flux

Polar/Eurasia (PEU) East Atlantic/Western Russia (EAWR)

Scandinavia (SCAND)
Circumglobal teleconnection 

(CGT)
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Gridded Daily Data over
China Weather Stations Weather Stations

Gridded 0.25 lat/lon
from 756 Stations 61 13

1973 – 2012

Choi et al. (J. Clim, 2019)

03 1_ Spatial and Temporal Variability of Heatwaves in East Asia

Dash : AMO index

Xia et al., 2015

Global Warming + AMO signal

SST
EOF1 56.7%

PC1
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03 1_ Spatial and Temporal Variability of Heatwaves in East Asia

Corr. PC2 – CGT : 0.59**

SCAND

Corr. PC1 – SCAND : 0.55**

CGT

EOF1 26.4%

EOF2 19.0%

PC1

PC2

•

03 1_ Spatial and Temporal Variability of Heatwaves in East Asia
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03-2_ Decadal Change of Interannual Variability of Heatwaves(1990 )

EOF1

EOF2

EOF1

EOF2

Correlation

Past(1973-1993) Recent(1994-2012)

29.6% 39.7%

18.7% 18.3%

CGT
CGT

SCAND

Past(1973 1993) Recent(1994 2012)

•

03-2_ Decadal Change of Interannual Variability of Heatwaves

* Early PC2 seems to related with PJ pattern as 0.6 (95% confidence)

(1990 )

* Horizontal Wave Activity Flux

Past(1973 1993) Recent(1994 2012)

Pacific Japan(PJ)

CGT

CGT

SCAND

•
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SCAND: -

Diabatic Heating Rate

[Chan and Nigam, 2009]

•

Vertically averaged diabatic heating (K day 1)

SCAND 

Surface air temperature associated with SCAND

Stationary Wave Model Experiment (Ting and Yu 1998)
STEP1: Transient forcing in the North Atlantic

STEP2: Additional heating at the surface ( )

SWM OBS
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• (JA) CRU
JULES offline

(1979 2016)

•

2016

GloSea5-GC2.0

UM NEMO

- N216 Horizontal Resolution (0.83 x 0.56 ) 
- 85 vertical levels in hybrid height 

coordinates 

- ORCA025 Tripolar grid 
(0.25 in Tropics , 1442 x 1021)

- 75 vertical levels

(GloSea5)
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2016

• , ,
• UK Met Office GloSea5 GC2.0 system (MacLachlan et al., 2015; Williams et al., 2015)
• : 2016
• : 1~5, July 2016 (20 )
• 2

Exp1 Exp2 Exp3 Exp4

Climatology O O O

O Climatology O O

O O Climatology O

2016

•

•

•
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2016 ( )

•

•

•

Soil moisture impact

Sea ice impactOcean impact

Initialization All

(EPSG) (GloSea5)

: ~32km
: 11
: 25
( 13 )

: ~60km
: 60
: 4

(KOR)

(EA)

18
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2X2 Contingency
Table

Observation
(reanalysis)

O X

Forecast
O a b

X c d    _  _
_ ]

19

(2018)

2018 Onset (14 July) : 5 500hpa GPH

• 5
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2016 Onset (26 July) : 500hpa GPH

(2016)

• , 5

ESGP GloSea5

GloSea5

EPSG – GloSea5

22
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GloSea5 ETS

GloSea5 EPSG ETS

(GloSea5 – EPSG)

GloSea5 betterEPSG better
23
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지구온난화가 이상기후에 미치는 영향

: 2018년 한반도 폭염을 중심으로

민승기 교수 (포항공과대학교 환경공학부)





2018 strongest heat wave in South Korea
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2018 heat wave in Northeast China

TNx30 : Maximum consecutive
30 day Tmin anomalies (12 Jul ~
10 Aug 2018)

Record breaking high TNx30
was observed in Northeast
China, larger than 3SD of 1961
2013 climatology

Northward shift of the western
Pacific subtropical high

Anomalous northwestward
moisture transportation from
the warm Bohai Sea

contributing to warmest night

2018 heat wave in Japan

In July 2018, Japan experienced extremely
high temperature.
This heat event caused damage to human
health with 1032 deaths
Two high pressure systems (NPSH and
Tibetan high) cause warm climate in Japan
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“Extremely long-lasting” heat wave!!

Second highest record July August Tmax (2.6 C warmer than 1987 2010 mean) since 1973
Record high number of hot days as 31.5 (total number of days with daily Tmax > 33 C),
breaking the 1994 record (29.7 days)
Record maximum consecutive hot day (HWDx) with 18.1 days
Huge societal impact for society and economy, including 48 heat related deaths
JA mean Tmax and HWDX are strongly correlated (r=0.74)

Influence of strong tropical convection

Northwest Indian convection induces a CGT like pattern, providing favorable conditions
for Korean heat wave

Strong convection over the South China Sea is associated with Korean heat wave
(similar to PJ pattern).
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Influence of strong tropical convection

Long lasting heat wave is related to a persistent anomalous high pressure system in
upper troposphere over Korea
Strong tropical convection over northwestern India and the South China Sea partly
induce the anomalous high pressure

Objective

This study aims at quantifying human contribution to the 2018 summer

longest duration of heat wave in South Korea

Using high resolution large ensemble atmospheric regional climate model (RCM,

weather@home East Asia, 50km) and atmospheric global climate model (AGCM,

HadGEM3 A N216, 60km at mid latitude)

Comparing probabilities of occurrence of the extreme heat wave duration between

model simulations performed under a real world condition (AMIP type) and the

counterfactual world (with human induced warming removed)
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Data

Observations
Daily temperature: 45 stations for 1973 2018
200hPa Geopotential height: NCEP 1 reanalysis with 2.5 spatial resolution
OLR: from NOAA interpolated data

Model simulations

Model RCM: HadRM3P (w@h) AGCM: HadGEM3 A N216

Spatial resolution ~50km ~60km (at mid latitude)

ALL simulations

(real world)

Boundary
condition/forcing

Prescribed 2018 observed SST
(OSTIA)

Prescribed 2018 observed SST
(HadISST1)

GHG / Aerosol historical/RCP4.5 sulfate emissions historical/historical emission
Land use/cover historical historical

Period 2018 2018
No. of runs 2300 525

NAT
simulations

(counterfactual
world)

Boundary
condition/forcing

Prescribed adjusted SST (OBS ANT
influence estimated from ALL NAT)

Prescribed adjusted SST (OBS ANT
influence estimated from ALL NAT)

GHG / Aerosol Pre industrial level Pre industrial level
Land use/cover historical historical

Period 2018 2018
No. of runs 3700 525

Model performance for teleconnection pattern

RCM and GCM reasonably capture the observed teleconnection pattern (Pattern correlation > 0.6)
but with weaker amplitudes

Sampling model runs with strong vs. weak convection : when OLR (precipitation for HG3)
anomalies over two convection zones are below the 30th percentile and above the 70th percentile

Anomaly composite of H200 for strong convection years
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Data processing

Gridded Tmax observations to match the spatial scale between stations and gridded model data
Interpolating station observations onto HadGEM3 A N216 grid boxes (0.86 lon 0.56 lat) by taking
simple average of station values within each grid box
HWDx for each grid box is calculated using gridded Tmax data

Different Tmax thresholds applied for each model to consider model biases in climatology and
variability in Tmax
Find temperature corresponding to the same quantile as the observed threshold (33 C):
w@h : 33.21 C, HadGEM3 A N216 : 30.51 C

Risk Ratio (RR) analysis

Quantifying anthropogenic influence on extreme events (Stott et al. 2004, Nature)

Comparing the probability of extreme events occurring in a real world (with human influence) with
that in a counterfactual world (without human influence)

RR = PA/PN

PN : Probability that extremes will occur
exceeding the observed strength in
natural unforced conditions (NAT)

PA : Probability estimated in anthropogenic
forced conditions (ALL)

Confidence interval : “likelihood ratio method” (Paciorek et al. 2018)

Real
World

Counterfactual
world

PA

PN
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Results – Risk Ratio for Tmax

w@h HadRM3P HadGEM3 A N216

JA Tmax All ensemble
PALL 19.8% 3.6%

PNAT 4.2% 0.19%

RR 4.7 [4.1 5.5] 19.0 [4.9 184]

Human influences increase the probability of extremely warm summer by 4 5 times and 19 times

Results – Risk Ratio for Tmax

w@h HadRM3P HadGEM3 A N216

JA Tmax
Strong Cov.

PALL 25.9% 16.7%
PNAT 7.8% 0%
RR 3.3 [2.4 4.6] [5.0 ]

Weak Cov.
PALL 8.2% 0%
PNAT 2.8% 0%
RR 3.0 [1.7 5.5]

Tropical convection affects the probability of warm summer, but RR remains large
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w@h HadRM3P HadGEM3 A N216

HWDx All ensemble

PALL 1.0% 0.76%
PNAT 0.11% 0%
RR 9.7 [4.3 26.1] [2.5 ]

Results – Risk Ratio for HWDx

Probability of long lasting heat wave has increased by about 10 times due to human impacts

w@h HadRM3P HadGEM3 A N216

Strong Cov.
PALL 1.7% 2.1%
PNAT 0.24% 0%
RR 7.3 [1.5 74.7] [0.32 ]

Weak Cov.
PALL 0.78% 0%
PNAT 0.25% 0%
RR 3.1 [0.47 34.9]

Results – Risk Ratio for HWDx

Tropical convection can increase or decrease the probability but RR is not affected much

- 54 -



Results – Influence of delta-SST (w@h)  

SST boundary condition for NAT simulation
: Observed SST minus anthropogenic SST increase (delta SST)

Delta SST is estimated from 12 individual CMIP5 models and multi model mean (All
forcing minus natural only forcing runs for 1996 2005 means)

Results – Influence of delta-SST (w@h)

Spread in RR across the delta SST is significantly related to the different aerosol sensitivity of GCMs
Robust greenhouse forcing influence (RR >> 0) in 2018 JA Tmax and HWDx
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Summary & Discussion

This study quantifies human impacts on the 2018 summer heat wave
intensity and maximum duration by conducting an event attribution analysis.

Probability of extremely JA Tmax and maximum duration of heat wave in
Korea is compared between real world (ALL) and counterfactual world (NAT)
conditions using the datasets from high resolution large ensemble
simulations from an atmospheric RCM (w@h) and AGCM(HadGEM3 A
N216)

Human activities have at least quadrupled the probability of occurrence of
the extremely long lasting heat waves over South Korea as observed in 2018
summer.

Strong tropical convection activity seems to have contributed to the
increased probability of the heat wave intensity and duration, but human
influences on heat wave remain overall unaffected by the strength of tropical
convection.
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역학-통계 기법을 이용한

한반도 여름철 계절기후 예측

권민호 책임연구원 (한국해양과학기술원)





APCC MME

1983 2005

CFS

1982 2011

CMIP5 AMIP

1979 2008

GloSea5

1996 2009
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NCEP CFS (1982 2012)

U850

APCC MME (1983 2005)

U850

GloSea5 (1996 2009)

U850

CMIP5 AMIP MME (1979 2008)

U850

- 64 -



Western North Pacific
Monsoon Index (WNPMI)
Wang et al. (2001)

East Asian Summer 
Rainfall Anomaly
(EASRA) Lee et al. (2005)

Western North Pacific Subtropical High Index  (WNPSH) 
Xiang et al. (2013)
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East Asia 
Summer Rainfall

Western North Pacific 
Subtropical High

Regression coefficient

Predicted EASRA

Forecasted WNPSH

CCA+CFSMay

2013

2013

GPCPv2.2

CCA+CFSMay

2014

2014

GPCPv2.2
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1979 2004 2005 2017

•

SVD#1(81.6%)

1979 2004

PR

SST

SVD#1(70.4%)

2005 2017

PR

SST
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06
한반도 주변의

태풍 장기 변동성과 미래변화

차동현 교수 (울산과학기술원 도시환경공학과)





Economic Losses

Tropical cyclones (TCs) are considered to be the most destructive natural hazards in East Asia due to
significant casualties and property damages.

There have been a number of studies on the long-term variability of TCs over the western North Pacific
(WNP). Zhang et al. (2018) indicated that TC frequency over the WNP decreased recently; however, the
damage by TCs tended to increase as more TCs made landfall in Korea and Japan (Park et al., 2011).
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Typhoon CHABA (2016)

Regional Climate Model (RCM)

RCM
GCM

Regional climate models can realistically simulate mesoscale phenomena because of high resolution,
sophisticated topography, and physics parameterization.
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Regional Climate Model (RCM)

Coarser resolution GCM provides initial and lateral boundary conditions to drive RCM.

Higher-resolution RCM is nested in the GCM and provides mesoscale information.

Regional climate downscaling project in Korea

2010-2011: CORDEX Phase I (EAS-44)

2012-2014: 12.5km Korea (KOR-11)

2015-2017: CORDEX Phase II (EAS-22)

2018-2020: New Project for CORDEX (3 million US$ for 3yr)

CORDEX EA
CORE 

Experiments

CORDEX
FPS 

Experiments
(CPM & 
LULC)

Development 
of Coupled 

RCM

- 81 -



Regional climate downscaling project in Korea

Long term trends in tropical cyclones

around the Korean Peninsula
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The global annual mean tropical cyclone translation
speeds show a decreasing trend during 1949-2016.

The global distribution of translation speed exhibits a
clear shift towards slower speeds in the second half.

The differences are highly significant throughout most
of the distribution.

There is a substantial and significant slowing trend over
land areas affected by western North Pacific tropical
cyclones (21% reduction).

TC translation speed
Time series of annual-mean TC translation speed and their linear trends Change in the global distribution

of TC translation speed

Kossin., (2015)

Time series of the total number of WNP TCs in JJASO
from 1960 to 2014 (black line).

The red line represents interdecadal variation with an
8-year low-pass filter.

The decreasing trend of the TC genesis number is
statistically significant.

TC frequency
Total number of TCs

The frequency of Korean Peninsula Affected TCs

Hu et al., (2018)

Choi and Cha., (2015)

The significant change point was found between 1983
and 1984 about the number of Korean Peninsula
affected TCs.

While there were 61 TCs for period 1 (1965-1983), there
were 95 for period 2 (1984-2004).

There was an increasing trend of the number of TCs
that affected the Korean Peninsula (TC-KPA).
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Difference of TC genesis and passage frequency between Period 1 (1977-1998) and Period 2 (1999-2013).

Recent TCs were generated further in a northwest region of the WNP.

TC track showed a pattern that moved to the mid-latitude in East Asia, mostly during Period 2.

In the difference of 500 hPa streamline between two periods, Anomalous anticyclonic circulations were 
strengthened in 30-50N, where an anomalous monsoon trough was placed in the northern South China Sea.

In the difference of 850 hPa streamline between two periods was also similar to a 500 hPa streamline.

In addition, anomalous south-easterlies were strengthened from the southeastern sea in the WNP to the mid-
latitude East Asia.

TC genesis and passage frequency
Distributions of difference in TC and TC passage frequency Differences in 500 hPa and 850 hPa streamline

Choi et al., (2016)

TC genesis and passage frequency
The ratio of the monthly frequency of TCs from 1951 to 2010 Results of change-point analysis

Most of the TC-KPAs occur during June to September.

The frequency periods of the TC-KPAs can be divided into three periods:
1) 1951 to 1967 (high-frequency period)
2) 1968 to 1983 (low-frequency period)
3) 1984 to 2010 (high-frequency period)

The third period can be subdivided into the high-frequency period (1999-2004; 
P1) and low-frequency period (2005-2010; P2).

During P1, the number of TCs in the WNP tended to increase until August and 
decrease in September.

During P2, that of TCs in WNP grew until September steadily.

The ratio of monthly TC-KPAs also shows a trend similar with that in the WNP.

The ratios of monthly TC frequency

Choi and Moon., (2012)
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TC genesis and passage frequency
Distributions of difference in TC and TC passage frequency Differences in frequency of the TC recurvature

During P1, more TCs were generated in the southeastern part of the WNP.

TCs tended to pass through the East China Sea from the Philipines and move to the Indochina peninsula and the 
south coast of China.

During P2, more TCs were generated in the northeast of the Philippines.

TCs tended to move farther westward than TCs during P1.

TCs that occurred in the sea to the east near the Philippines generally tended to move westward, while TCs that 
occurred in the sea far from the Philippines tended to move to the northwest.

The TC recurvature locations during P1 are closer to the west than during P2.

Choi and Moon., (2012)

TC intensity
Decadal and annual variation in the central pressure of TC-KPAs

Central pressure and Maximum sustained wind speed

Choi and Moon., (2012)Choi et al., (2017)

Choi et al., (2016)

The intensity of TCs that affected Korean Peninsula is 
increased.

The latitudes of TC maximum intensity shifted northerly.

Central pressure and Maximum sustained wind speed
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Best track data : JTWC (Joint Typhoon Warning Center) Best Track Data

The analysis area is set as 30–45 N, 120–150 E, covering Korea and 
Japan. 

The analysis period is from June to November for 35 years (1982-2016). 

The analysis area is set as 30–45 N, 120–150 E, covering Korea and 
Japan. Hereafter, TCs passing through the analysis area are referred to as 
typhoons in the extratropical WNP (TEW).

Data and Methods

DATE NUM_TEW

June 1 - June 10 6
June 11 - June 20 11
June 21 - June 30 12

July 1 - July 10 15
July 11 - July 20 17
July 21 - July 31 27

August 1 - August 10 43
August 11 - August 20 37
August 21 - August 31 41

Results

DATE NUM_TEW

September 1 - September 10 33
September 11 - September 20 38
September 21 - September 30 34

October 1 - October 10 31
October 11 - October 20 20
October 21 - October 31 12

November 1 - November 10 6
November 11 - November 20 2
November 21 - November 30 2

The periods with above 30 TEW are selected for further analysis. 

The number of TEW in each period for 35 years (1982-2016).

Lee et al., (2019)

Results

August September October

Early Middle Late Early Middle Late Early

1982-1998 18 18 23 13 16 18 17

2000-2016 21 17 16 20 20 15 13

Relative change (%) 16.7 -5.6 -30.4 53.8 25.0 -16.7 -23.5

The frequency of TEW in the first half (1982-1998) and second half (2000-2016)

The increasing rate during the early and mid-September and the decreasing rate during the late August are notable 
with more than 25 %. 

The time series of the frequency of TEW with linear trend line

p-value from the Mann-Kendall non-parametric test.

Lee et al., (2019)
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Results
Linear trends maps of TC genesis density and track density

September 1-20 August 21-31

95%
90%

p-value from the Mann-Kendall non-parametric test.

Lee et al., (2019)

Results
Linear trend maps of large-scale environment in September 1-20 (left) and August 21-31 (right)

September 1-20 August 21-31

Sea surface temperature data : OISST (Optimum Interpolation Sea Surface Temperature)

Atmospheric data : ERA-Interim reanalysis

Contour lines in e and f designate 5,880-gpm contour of 500 hPa geopotential height

Dotted areas and wind vectors indicate p-value from the Mann-Kendall nonparametric test < 0.05

Lee et al., (2019)
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Tropical cyclone activity

and climate indices

El Nino Southern Oscillation (ENSO)

Eastern Pacific warming (EPW), Central Pacific warming (CPW), Eastern Pacific cooling (EPC), these three phases 
of ENSO are shown to have different impacts on TC activity over the western North Pacific

In EPW years, the genesis and the track density of TCs tend to be enhanced over the southeastern part and 
suppressed in the northwestern part of the western Pacific by strong westerly wind shear  

In CPW years, the TC activity is shifted to the west and is extended through the northwestern part of the western 
Pacific. On the other hand, The CPW produces a large suppression of TC activity in the eastern Pacific basin

In EPC years, All of the variables investigated show almost a mirror image of the EPW

Kim et al. (2011)
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Intraseasonal Oscillation (ISO)

(1) Madden-Julian Oscillation (MJO) 

The significant increase (reduction) in cyclogenesis in the convective (non-convective) phase
the large contrast in TC frequency also results in a significant difference in daily accumulated cyclone energy (ACE) 

between the convective and non-convective MJO phases

Left : 850hPa stream line, 30-60 day filtered relative vorticity anomalies
Middle : 500hPa stream line, 30-60 day filtered omega anomalies
Right : 250hPa stream line, 30-60 day filtered divergence anomalies

Li and Zhou (2012)

Intraseasonal Oscillation (ISO)

(2) Quasi-biweekly Oscillation (QBO)

Left : 850hPa stream line, 10-20 day filtered relative vorticity anomalies
Middle : 500hPa stream line, 10-20 day filtered omega anomalies
Right : 250hPa stream line, 10-20 day filtered divergence anomalies

The northwestward-propagating QBO is characterized by alternating signals of positive and negative convection
It leads to the results in a northwestward shift in TC genesis locations

NWP 1 NWP 2 NWP 1 NWP 2 NWP 1 NWP 2

Li and Zhou (2012)
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Tropical Upper-Tropospheric Trough

NW NE

SW SE

NW NE

SW SE

Schematic illustration of the circulation configuration

in El Nino (red) and La Nina (blue)

West-east of the TUTT shifts eastward (westward), TC formation is
enhanced (suppressed) in the eastern portion of the WNP

More TCs developed into typhoons or higher intensity in the east
years than in the west years

TCs form in the eastern WNP Longer time for intensification

Wang and Wu (2016)

Pacific Decadal Oscillation (PDO)
Wind Shear Index

Subtropical high area Index

The overall TC activity shows a significant decrease, which is partly related to the positive PDO phase and the
downward trend of TC genesis frequency in the main development region
The strong (weak) vertical wind shear and strong (weak) subtropical high lead to unfavorable (favorable) condition
for TC genesis during positive PDO phase

Liu and Chan (2012)
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Data and Methods

Frequency of TC (TEW) in each month (JJASON) with top PDO phase years

Model WRF v3.9.1

Horizontal dimensions
(lat x lon) 251 x 341

Map projection Mercator

Horizontal resolution 25 km

Lateral boundary condition ERA-Interim

SST data OISST

Vertical levels 35

Microphysics WSM6

Planetary boundary layer YSU

Long and shortwave radiation RRTMG

Convection scheme Kain-Fritsch

Simulation period
EXP 1 1993, 2008 / 08 / 14 / 00 ~ 1993, 2008 / 10 / 01 / 00
EXP 2 1993, 2008 / 08 / 15 / 00 ~ 1993, 2008 / 10 / 01 / 00
EXP 3 1993, 2008 / 08 / 16 / 00 ~ 1993, 2008 / 10 / 01 / 00
EXP 4 1993, 2008 / 08 / 17 / 00 ~ 1993, 2008 / 10 / 01 / 00
EXP 5 1993, 2008 / 08 / 18 / 00 ~ 1993, 2008 / 10 / 01 / 00

Experiment design
+    

CTL =  

Zonal = 

All experiments are based on time-lagged ensemble forecast method to reduce uncertainty (each experiment has 5 ensemble members).

Results

Frequency of TC (TEW) in each month (JJASON) with top PDO phase years

Top 5 Positive PDO phase years June July August September October November

1997 3(4) 4(1) 8(2) 6(3) 4(0) 2(0)

1993 2(0) 6(3) 6(3) 7(2) 4(2) 5(0)

1987 2(0) 4(4) 4(1) 7(1) 2(3) 3(0)

1983 1(0) 3(0) 6(4) 2(1) 6(1) 4(1)

2015 2(0) 4(2) 4(4) 5(2) 4(1) 1(0)

Total 10(4) 21(10) 28(14) 27(9) 20(7) 15(1)

Top 5 Negative PDO phase years June July August September October November

2011 3(1) 4(1) 4(2) 7(5) 1(0) 1(0)

2008 1(1) 2(1) 5(2) 7(4) 2(1) 3(0)

1999 0(0) 6(3) 8(7) 5(3) 2(1) 4(1)

2012 3(2) 4(1) 5(5) 5(3) 3(4) 2(0)

2001 3(1) 6(1) 6(3) 5(3) 3(2) 3(0)

Total 10(5) 22(7) 28(19) 29(18) 11(8) 13(1)

TEW

Best track data : JTWC best track data
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Results

sea surface temperature in each experiment and difference 

Results

TC track density

Steering flow (ms-1)

Vertical wind shear 
(ms-1)

1993 2008
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Future change in tropical cyclone

activity over western North Pacific

Data and Methods

The four terms of the GPI (Genesis Potential index)
are shown below:

No. Model Institute/country

1 ACCESS1.0 Commonwealth Scientific and Industrial Research Organization (CSIRO) and B
ureau of Meteorology (BOM)/Australia

2 BCC-CSM1-1 Beijing Climate Center, China Meteorological Administration/China
3 BNU-ESM Beijing Normal University/China
4 CanESM2 Canadian Centre for Climate Modeling and Analysis/Canada
5 CCSM4 National Center for Atmospheric Research/United States

6 FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences and C
ESS, Tsinghua University/China

7 FIO-ESM The First Institute of Oceanography, State Oceanic Administration/China
8 GFDL-ESM2G NOAA Geophysical Fluid Dynamics Laboratory/United States
9 GISS-E2-H NASA Goddard Institute for Space Studies/United States

10 GISS-E2-R NASA Goddard Institute for Space Studies/United States
11 HadCM3 Met Office Hadley Centre/United Kingdom

12 HadGEM2-AO National Institute of Meteorological Research/Korea Meteorological Administra
tion/Korea

13 HadGEM2-CC Met Office Hadley Centre/United Kingdom
14 HadGEM2-ES Met Office Hadley Centre/United Kingdom
15 INMCM4 Institute for Numerical Mathematics/Russia
16 IPSL-CM5A-LR L’Institut Pierre-Simon Laplace/France
17 IPSL-CM5A-MR L’Institut Pierre-Simon Laplace/France

18 MIROC5
Atmosphere and Ocean Research Institute (University of Tokyo), National Instit
ute for Environmental Studies, and Japan Agency for Marine-Earth Science an
d Technology/Japan

19 MPI-ESM-LR Max Planck Institute for Meteorology/Germany
20 MPI-ESM-MR Max Planck Institute for Meteorology/Germany
21 MRI-CGCM3 Meteorological Research Institute/Japan
22 NorESM1-M Norwegian Climate Centre/Norway
23 NorESM1-ME Norwegian Climate Centre/Norway

List of CMIP5 models analyzed

 .
: absolute vorticity (s-1) at 850 hPa

: vertical wind shear between 850 and 200 hPa
(m s-1)
H : relative humidity at 600 hPa (%)

: maximum TC potential intensity

The potential intensity is calculated as follows:

Song et al., (2015)

: ocean surface temperature
: mean outflow temperature
: exchange coefficient for enthalpy
: drag coefficient
: saturation equivalent potential temperature at the 

ocean surface
: boundary layer equivalent potential temperature
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Results

GPI in the WNP simulated by the CMIP5 models. MME (last panel) 
is the multi-model mean.

(a) Spatial distributions of mean frequency of observed tropical 
cyclone formation in the WNP. (b–d) July–October mean GPI 
calculated by reanalysis data. 

Best track data : The International Best Track Archive for Climate Stewardship 
(IBTrACS)

Ocean data : Optimum Interpolation Sea Surface Temperature version 2 (OISST V2)

Analysis period : 1982 – 2005 (24-year), July-October

The values above each panel on the right are the correlation coefficients between 
observed TC frequency and the reanalysis dataset.

IBTrACS ERA-Interim

NCEP Reanalysis-1 NCEP Reanalysis-2

Song et al., (2015)

^

Results
Time series of MMEGPI under the RCP scenarios in the domain 
(5o–30oN, 110o–160oE).

Scatter plot of correlation coefficients and RMSE from CMIP5 models.

Song et al., (2015)

The black box indicates the models used in the future projection.

The CCs and RMSEs between the GPI from models and the GPI 
from ERA-Interim–OISST reanalysis data are calculated for each of 
the 23 CMIP5 models

Differences in MMEGPI between RCP8.5 (2076–2100) and 
historical simulations (1982–2005).

Trend value
RCP 2.6 : -0.002 (negative trend)
RCP 8.5 : 0.02 (positive trend)
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Data and Methods
The configuration of the RCMs used in this study

Lee et al., (2019)

RegCM SNURCM WRF GRIMs

Institute Kongju National University Seoul National University Seoul National University Yonsei University

Dynamics framework Hydrostatic Nonhydrostatic Nonhydrostatic Hydrostatic

Projection, resolution Lambert conformal, 50km Lambert conformal, 50km Lambert conformal, 50km Mercator, 50km

Vertical levels 18 24 27 22

Convection Emanuel (1991) Kain (2004) Kain (2004) Hong and Pan (1998)

PBL Holtslag et al. (1990) Hong et al, (2006) Hong et al, (2006) Hong et al, (2006)

Spectral nudging Yes (full wind nudging) Yes (full wind nudging) Yes (full wind nudging) Yes (rotational wind nudging
only)

Reference Giorgi et al. (2012) Lee et al. (2004) Skamarock et al. (2008) Hong et al. (2013)

The CORDEX-East Asia domain with topography

The analysis was focused on TCs that formed from June to November (JJASON),
since most TCs over the WNP (around 85% of the total annual TCs) tend to occur 
during the period.

Simulation period : present (1980-2005) and future (2024-2049)

Analysis domain : 0-45oN, 100-160oE

To diminish the uncertainty of a single RCM, the multi model ensemble (MME) 
mean of four RCMs was constructed using the performance-based ensemble 
averaging method

Results

TC genesis density

Lee et al., (2019)

NTC, NTC_EAC, ACE, and duration

NTC 
(year-1)

NTC_EAC
(year-1)

ACE
(104 m2 s-2)

Duration
(day year-1)

Historical
(1980-2005) 18.5 5.8 24.5 5.4

RCP 8.5
(2024-2049) 20.7 6.7 29.1 5.7 

Relative change (%) +4.5% +15.8% +17.5% +6.6%

RCP 8.5 (2024-2049) – historical(1980-2005)

TC track density 

NTC : Number of TC
NTC_EAC : Number of TC movement toward EAC region
ACE = 

EAC region
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Results
Relative vorticity (shading) and wind vector (vector)
at 850 hPa (10-6 s-1)

Lee et al., (2019)

Precipitation (shading, mm day-1)

Vertical wind shear between 200 and 850 hPa (m s-1) and
western North Pacific subtropical high at 500 hPa (contour)

Meridional temperature gradient (10-3 oC km-1) and
sea surface temperature (oC)

RCP 8.5 (2024-2049) – historical(1980-2005)

Results

Annual number of TC geneses, number of TCs entering the EAC region, and ACE.

Lee et al., (2019)

The frequency of all TCs over the WNP (NTC) hardly increases 
[10.9% (10 years)21] during 70 years. 

On the other hands, the NTC_EAC and ACE tend to increase 
with similar rates [13.5% and 13.0% (10 years)21, respectively].
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Results
Vertical wind shear as a function of meridional
temperature gradient

Lee et al., (2019)
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 RCP8.5 (2024-2049) minus HIST

 RCP8.5 (2050-2075) minus HIST

sea surface temperature change over 25–40N, 120–
145E under RCP8.5 compared to the historical run

The MME of the four RCMs captures a positive correlation between VWS and meridional SST gradient that is
enhanced compared with those in the GCMs.

As the temperature gradient decreases in all GCMs, most of the models simulate weakened VWS, even if seven
models simulate enhanced VWS in the near future (2024–49).

All CMIP5 models simulate warmer SST than the historical run and an increasing trend of SST in the far future
(2050–75) that is larger than that in the near future (2024–49).

Summary
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There is a substantial and significant slowing trend over land areas affected by western North Pacific tropical cyclones 
(Kossin., 2015).

While the decreasing trend of the TC genesis number is statistically significant (Hu et al., 2018), there was an 
increasing trend of the number of TCs that affected Korean Peninsula (Choi and Cha., 2015).

TC track showed a pattern that moved to the mid-latitude in East Asia (Choi et al., 2016).

The intensity of TCs that affected Korean Peninsula is increased (Choi et al., 2017).

Analysis based on future projection experiments showed that the GPI under the RCP2.6 scenario has no significant 
change in the first half of the 21st century and then decreases at the end of the 21st century, while the GPI under RCP8.5 
exhibits an increasing trend (Song et al., 2015).  

Climate indices such as ENSO, MJO, QBO, TUTT and PDO affect to TC frequency and intensity over the western north 
pacific

The future (2024–49) projections indicated the insignificant change in the total number of TC geneses (+5%), especially 
at lower latitudes, and a robust increase in track density over EAC regions (+17%) (Lee et al., 2019).

The enhanced TC activity over EAC regions is mainly related to vertical wind shear weakened by reduced meridional 
temperature gradient and increased SST at mid-latitudes (Lee et al., 2019).

Thank you !
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07
전지구기후모델

계절내 예측의 평가 및 활용

이윤영 선임연구원 (APEC기후센터 예측기술과)
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08
기상 현상 예측에서의

인공지능기술 적용 가능성

김선영 기상연구사 (국립기상과학원 인공지능예보연구팀)





Alpha Alpha
WWeather
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• Disaster-hit Economic losses (UNDRR, 2018)
- Total : US$ 2,908 billion
- Climate-related : US$ 2,245 billion (77% of the total, #7,255)

• How can we improve the prediction of new weather extremes?

- 118 -



Why we need AlphaWeather? 

Data Challenge

- 119 -



Why we need AlphaWeather? 

Resolution Challenge
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• Doubling of resolution requires 8X more processors.
• Processors are not getting faster.

[ECMWF, Bauer et al. 2015]
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•

•
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ACC CSI Bias
before 3h 0.70 0.50 0.86
before 2h 0.74 0.58 0.78
before 1h 0.77 0.63 0.91

Convective Available Potential Energy (CAPE)
Convective Inhibition (CIN)

Severe WEather Threat Index (SWE)
Storm Relative Helicity (HEL)

Cross Total (CT)
Vertical Total (VT)

Total Totals Index (TTI) 
S Index (SI)
K Index (KI)

Lifted Index (LI)
Thompson Index (TI)

Showalter Stability Index (SSI)
Precipitable Water (PW)
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:: MAPLE

AIAI :: ,, MetNett ((202020.0.3.3.33..)

- 128 -



- 129 -



- 130 -



- 131 -



• •

- 132 -



- 133 -



- 134 -



09
딥러닝을 활용한

S2S 예측 성능 향상 기법 연구

정유란 선임연구원 (APEC기후센터 예측기술과)





Seasonal to sub-seasonal Prediction 
S2S01

Artificial Intelligence, Machine Learning
Deep Learning02

Contents

S2S climate model prediction data & MME based S2S,
LSTM (Long Short-Term Memory)

Application03
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S2S: window of opportunity
•
•
•

Barrier to seamless forecast
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Rising demands

Current status

•

•

•

•
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Burning interests

•

Breakthrough

•
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S2S & DL: Challenge
•

•

•

Goal: 

Project overview

Method: 

Improvement of S2S climate model prediction data
- domain                          : Korea Peninsular
- target climatic variable: Tmax, Tmin, Prec

Deep learning (LSTM, Long Short-Term Memory Neural Network)

Input    : 
- S2S climate model prediction data
- MME based S2S data

- time scale                      : Week 3-4 in model’s time range (e.g., 40~ 60 days)
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LSTM for Time-Series Prediction 
• Time-series data: eg., Weather data
• LSTM (Long Short-Term Memory): 

• Xingjian, S. H. I., et al., 2015. Convolutional LSTM network: A machine learning approach for
precipitation nowcasting. Advances in Neural Information Processing Systems.

• Used/applied to many researches

RNN (Recurrent Neural Network) 

time time add cells & gates
complement vanishing 
gradient problem LSTM: a modified version of RNN

• Poornima, S. & Pushpalatha, M., 2019.
Prediction of Rainfall Using Intensified LSTM Based
Recurrent Neural Network with Weighted Linear Units.
Atmosphere, 10, 668.

• Karevan Z. and Suykens Johan A.K., 2020.
Transductive LSTM for time-series prediction: An application to weather forecasting.
Neural Networks, 125, p1-9.

Recent: 
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Used models for S2S data

Center Forecast 
Ens. size

Forecast 
frequency

Hindcast
Ens. size

Hindcast
length

Hindcast
frequency

Time 
range Ensemble

KMA Seoul 4 daily 3 1991-2010 4/month 
(1,9,17,25) 60

MME-1
(TR60)

MME-n
(TR60 + TR40)

UKMO Exeter 4 daily 7 1993-2015 4/month 
(1,9,17,25) 60

CMA Beijing 4 daily 4 1994-2014 daily 60

ECMWF ECMWF 51 2/week
(Mon, Thu) 11 Past 20 

years
2/week 

(Mon, Thu) 46

MME-2
(TR40)NCEP Washington 16 daily 4 1999-2010 daily 44

MSC Montreal 21 weekly 
(Thu) 4 1995-2014 weekly 

(Thu) 32

2020 half year

Preliminary Results:
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Objectives:
• MME LSTM : 

( , ECMWF )

• MME-1 MME-2 , MME-2 : 
( : MME-2 ECMWF )

• LSTM 3-4

(40~60 days) LSTM : TMAX

Models Subsets & MMEs

ECMWF MSC NCEP KMA UKMO CMA MME-1 MME-2C1 C2 C3 C4 C5 C6
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(40~60 days) LSTM : TMIN

Models Subsets & MMEs

ECMWF MSC NCEP KMA UKMO CMA MME-1 MME-2C1 C2 C3 C4 C5 C6

(40~60 days) LSTM : PREC

Models Subsets & MMEs

ECMWF MSC NCEP KMA UKMO CMA MME-1 MME-2C1 C2 C3 C4 C5 C6
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Summary (ECMWF vs. MME-1 & -2): 

ECMWF MME-1 MME-2 ECMWF MME-1 MME-2 ECMWF MME-1 MME-2
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(~6 week) LSTM : TMAX

Models Subsets & MMEs

W1 W2 W3 W4 W5 W6 W1 W2 W3 W4 W5 W6

(~6 week) LSTM : TMIN

W1 W2 W3 W4 W5 W6 W1 W2 W3 W4 W5 W6

Models Subsets & MMEs

- 147 -



(~6 week) LSTM : PREC

W1 W2 W3 W4 W5 W6 W1 W2 W3 W4 W5 W6

Models Subsets & MMEs

Models wk 3-4 MME-1 & -2 wk 3-4 Models wk 3-4 MME-1 & -2 wk 3-4 Models wk 3-4 MME-1 & -2 wk 3-4
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Preliminary conclusion: 
• MME-1 & -2 ECMWF ,

MME LSTM 

• MME-2 MME-1 , LSTM 
. MME-2 

• LSTM 3-4

Expected Outcomes & Implications

•

•
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Next Plan

Acknowledgements:

• S2S data
• PI PM
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함유근 교수 (전남대학교 지구환경과학부)





2020. 07. 09

*Collaborators : ( ), Jing-Jia Luo (NUIST)
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Deep Learning 

Deep Neural Network
(Deep Learning)

Convolutional
Neural Network

(CNN)

Recurrent
Neural Network

(RNN)

( , )

Recurrent Neural Network
(RNN)

Deep Learning 

Deep Neural Network
(Deep Learning)

Convolutional
Neural Network

(CNN)

Recurrent
Neural Network

(RNN)

, ( , )

Convolutional
Neural Network

(CNN)

Autonomous Car (self-driving car)
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0 300m

1

(18 )

, 1 /
(Park et al., 2018; Ham et al., 2013; Izumo et al., 2010; Rodriguez et al., 2009; Kang and Kug, 2006)

*Park et al. (2018)
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(Input layer) (Output layer)

CNN 

(Input layer) (Output layer)

Convolutional 

2

1

3
Input ,

output ,

Input Convolutional
Filter

output
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Advantages of the convolutional process

Needs 30,000 weights Needs [300 X (Num. convolutional filter)]vs

Neural Network CNN

Can be significantly reduce the number of weights for constituting the model.
Can be effectively trained even with a smaller number of samples.

Structure of CNN for ENSO Prediction
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CMIP5 

Coupled Model Intercomparison Project phase 5 (CMIP5) IPCC

: 30

12

• 1st training : CMIP5 archives (number of samples : about 2,700)
• 2nd training : Reanalysis from 1871 to 1973
• Initial weighting for 2nd training is final weighting of 1st training
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13

• 1984 1 2017 12 1
• 24
•

14*Validation period : 1984 2017
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15

• 1,000
• CNN

* :
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17

• 2000 Central Pacific (CP) type El Nino .
• EP El Nino CP El Nino

: Impact .

: :

Skill of El Nino-type (CP, EP, mixed) forecasts
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•

•

•

•

•

E mail) ygham@jnu.ac.kr
Office number) 062 530 3461
Homepage) http://ocl.jnu.ac.kr/
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기후 변화와
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Two Way Interaction between Climate
Change and Aviation

Prof. Jung Hoon Kim

School of Earth and Environmental Sciences (SEES)
Seoul National University (SNU)

Seoul, Korea

Oct 30 – Nov 1, 2019, S9, 2019 KMS Fall meeting, Gyeongju, South Korea

Contents

» 1. Impact of Large Scale Variabilities to Flight Routes

» Variations of jet stream in extreme NAO and ENSO phases

» Variations of Flight times in extreme NAO and ENSO phases

» Estimation of Aircraft Emissions in extreme NAO and ENSO

phases

» 2. Impact of Aviation (Contrail) to Climate

» Formation of Contrail and Radiative Forcing (RF)

» Estimation of RF using aircraft data in US

» 3. Summary and Future Plans
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North Atlantic Oscillation (NAO)
+NAO NAO

DJF88 89, DJF94 95, and DJF15 16 DJF09 10, DJF95 96, and DJF10 11

Impact of Large Scale Variabilities to Flights

El Niño Southern Oscillation (ENSO)

+ENSO (El Niño)

ENSO (La Niña)

DJF15 16, DJF82 83, and DJF97 98

DJF88 89, DJF07 08, and DJF99 00

Impact of Large Scale Variabilities to Flights
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+NAO

+ENSO

NAO

ENSO

Wind anomaly for NAO and ENSO

Impact of Large Scale Variabilities to Flights

Histograms of zonal winds with NAO

+NAO NAO
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Histograms of zonal winds with ENSO

+ENSO ENSO

Flight trajectory models

• WOR (Wind Optimal Route)
Kim et al. (2015; 2016),
Sridhar et al. (2011),
and Williams (2016)

<Explicit Forward Euler method>
y(t+1) = y(t) + t {dy(t)/dt}, where y = , , and .

• GCR (Great Circle Route with winds)
Great circle heading angle
from each way point to destination.
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• North Atlantic: EB (top) and WB (bottom) GCRs (blue) and WORs (red)
GCRs (blue): stick with GC, WORs (red): wide.

• Eastern Pacific: EB (top) and WB (bottom) GCRs (green) and WORs (yellow):
GCRs (green): stick with GC, WORs (yellow): wide.

Daily GCRs and WORs for +NAO and +ENSO

Eastbound and westbound flight times

Box plots of the minimum,
maximum, mean, and SD of
the flight times along the GCRs
(left) and WORs (right) for EB
and WB during NAO (top)
and ENSO (bottom) at 200,
250 , and 300 hPa levels.

1) WBs takes longer than EBs.
2) WBs in +NAO and +ENSO is
taking longer than those in –
NAO and –ENSO periods.
3) No significant dependency
in different cruising levels.
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Histograms of daily round trip flight time
in the North Atlantic region

Histograms of daily round trip flight time
in the Eastern Pacific region
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Extrapolation of delays of round trip
flight time to overall air traffic

Averaged daily round trip time in the North Atlantic Ocean:
JFK – LHR:
Round trip takes 5.09~7.87 minutes longer in +NAO than in –NAO.
ATL – MAD:
Round trip takes 4.24~9.35 minutes longer in +NAO than in –NAO.

** Extrapolate this to overall air traffic for winter season (3 months):
[300 round trips/day (data from Irvine et al. 2016, and Williams 2016 ),
1 gal/sec, 3 USD/gal, and 9.6 kg CO2 /gal].

= 1,908 ~ 4,207 extra hours in +NAO winter period.
= 6.9 ~ 15 million gallons of fuels more in +NAO winter period.
= 21 ~ 45 million USD more in +NAO winter period.
= 66 ~ 144 million CO2 emissions more in +NAO winter period.

Extrapolation of delays of round trip
flight time to overall air traffic

Averaged daily round trip time in the Eastern Pacific Ocean:
HNL – SEA:
Round trip takes 5.92~6.7 minutes longer in +ENSO than in –ENSO.
HNL – SFO:
Round trip takes 6.51~8.73 minutes longer in +ENSO than in –ENSO.

** Extrapolate this to overall air traffic for winter season (3 months):
[100 round trips/day (data from the http://www.transtats.bts.gov ),
1 gal/sec, 3 USD/gal, and 9.6 kg CO2 /gal].

= 888 ~ 1,309 extra hours in +ENSO winter period.
= 3.2 ~ 4.7 million gallons of fuels more in +ENSO winter period.
= 9.6 ~ 14 million USD more in +ENSO winter period.
= 31 ~ 45 million CO2 emissions more in +ENSO winter period.
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• Water vapor frozen on aerosols from the exhaust of engine
• Saturation and condensation, vortex downwash, and freezing

• Depending upon ambient atmospheric conditions
• Reflecting (trapping) shortwave (longwave) radiation

What is the contrail ?

Sausen et al. (2000)

Motivation

• Provide detailed RF values as a function of time during a day.
• Conduct RF study using actual aircraft data over the USA.

~30 mW/m2

- 198 -



• RH > rcontr & T < Tcontr
(Schmidt Appleman Criterion)
• RHi > 0.7
(Ice Super Saturation Region)

SAC+ISSR (green) at 34000 ft (FL340) in US
at 13 UTC 23 Apr. 2010

Formation of Contrail and its properties

• Effective radius (eff): As a function of T and IWCc (Sun 2001)
• Optical depth ( ): As a function of eff and IWCc (Sun and Rikus 1999).

• Ice Water Content for contrail (Schumann 2012)

Natural cirrus

Contrail

Radiative Forcing at Top of the Atmosphere
by Schumann et al. (2012)
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Estimation of contrail RF over USA

• Contrail RF net is the maximum around late evening.
• Daytime: Cooling (shortwave) and warming (longwave) cancel out.
• Mean: 50.73 mW/m2. (Night: 85.54 mW/m2; Day: 15.92 mW/m2)

Estimation of contrail RF over USA

< night time in USA > < day time in USA >
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Summary and Future Plans
• Stronger (weaker) jets are found over the East Pacific Ocean and North Atlantic

Ocean during +ENSO and +NAO (–ENSO and –NAO) phases.
• Averaged round trip flight time is longer in +ENSO and +NAO than –ENSO and

–NAO Extra fuel Extra costs Extra CO2 emissions in +ENSO and +NAO.
• Contrail is formed in SAC+ISSR area.
• In a case for US, night time RF is large, daytime effect is small.

• Impact of other climate variabilities (e.g., MJO, AO, PNA, EAWM, and so on)
for several other major flight routes

• Other emissions like NOx, O3, Water vapor, and Contrails
• Using the future climate scenarios in the CMIP6 models
• Other applications (Turbulence, Icing, Convection, Temperature, Fog, and so

on) for aviation

Thank you for your attention !

Jung Hoon Kim
Seoul National University

jhkim99@snu.ac.kr
http://faa.snu.ac.kr
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Climate model

Earth system model (ESM)

Earth system model

Bonan and Doney, 2018
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1. Marine biogeochemistry prediction

2. Application to fish catch prediction

Toward marine biogeochemistry (BGC) prediction

Produce BGC 
Initialization data

Retrospective 
forecasts

Seasonal to 
multi-annual 

marine BGC 
prediction

Integrating BGC model with physical data assimilation.
Substantial equatorial BGC bias due to momentum imbalance.
Enforcing stricter fidelity to model dynamics over ocean data 
constraints (Park et al. 2018, JAMES)
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COBALT 

: The Carbon, Ocean Biogeochemistry 
and Lower Trophics planktonic 
ecosystem model

33 tracers (3 phytoplankton groups, 3 
zooplankton groups, free-living bacteria, 
organic matter, C, N, P, Si, ....)

Light, temperature, nutrient limitations

Coupled with physical ocean model 
(MOM4, 1deg resolution)

Marine biogeochemistry model of GFDL-ESM2  

Stock et al. 2014

1991

Retrospective prediction
1992 1993 20172015    

   

2016

Targeting seasonal-to-multi-annual prediction 

2-yr-long, 12-ensemble prediction run started every months

Prediction skill assessment
: Anomaly Correlation Coeff. (ACC)
: Lead-time-dependent monthly-mean drift removed

1 JAN
1 Feb

1 Mar

12

1 Apr

12
12

12

12
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Lead time: 
1-3 mon 4-6 mon

7-12 mon 13-24 mon

BGC prediction skill (global)

Chlorophyll 
anomaly correlation
(Model vs. Satellite)

BGC prediction skill (regional)

IndianTrop Pacific North Atlantic South Pacific North Pacific

Le
ad

 T
im

e 
(m

on
)

Initialization Month
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El
El

El El

El

El

El El
El El

El
El

LaLa La La

LaLa
La

La

Trop Pacific

Indian Ocean

C
hl

or
op

hy
ll

C
hl

or
op

hy
ll

ENSO, a key for tropical CHL prediction skill

North Atlantic (NO3) North Atlantic (Chlorophyll)

Reemergence of subsurface BGC anomalies
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North Atlantic (NO3) North Atlantic (Chlorophyll)

South Pacific (NO3) South Pacific (Chlorophyll)
[ mol kg-1/mg m-3]

[ mol kg-1/mg m-3]

North Pacific (NO3) North Pacific (Chlorophyll)

D
ep

th
 (m

)

Reemergence of subsurface BGC anomalies

1. Marine biogeochemistry prediction

2. Application to fish catch prediction
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Potential utility for marine resources (fisheries)

http://marineregions.org

Large marine ecosystems (LMEs) 
Reported annual fish catch 
data in LMEs
LMEs account for 95% of 
global fish catch
Bottom-up forcing for fish catch
: SST, CHL

http://marineregions.org

Large marine ecosystems (LMEs) 
BGC prediction skill (Coastal)
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SST
(lag=0)

CHL
(lag=0)

CHL
(lag=1)

CHL
(lag=1)

SST
(lag=0)

SSTlag=0

CHLlag=0

CHLlag=1

CHLlag=1

SSTlag=0

CHLlag=0

Annual fish catch prediction

Bottom up
forcing

Predictable
bottom up
forcing

Predictable
fish catch by
predicted
bottom up
forcing

Annual fish catch prediction SST
(lag
=0)CHL

(lag
=0) CHL

(lag
=1)

CHL
(lag
=1)

SST
(lag
=0)

SSTlag=0

CHLlag=0

CHLlag=1

CHLlag=1

SSTlag=0

CHLlag=0
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[
m

ol
/k

g]

Oxygen prediction skill

Oxygen can explain annual fish catch
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Decision supporting for fisheries management

Climate-informed marine resource management

Tommasi et al. 2017

Higher average catch and 
stock biomass of sardines 
using future SST 
information.

Improved marine 
resource management

Expecting more benefits
from BGC prediction
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Summary

Up to 1-2 year of CHL 
prediction skill depending on 
initialization month.

Application to fish catch 
prediction is successful. 

Feasibility/utility of BGC 
prediction is promising.

SST
(lag=
0)CHL

(lag=
0) CHL

(lag=
1)

CHL
(lag=
1)

SST
(lag=
0)

SSTlag=0

CHLlag=0

CHLlag=1

CHLlag=1

SSTlag=0

CHLlag=0

Fish catch prediction

Chlorophyll prediction

pCO2 simulation

# of cruise

Model

Model

Model

O
B

S

O
B

S

O
B

S

pCO2 (1991-2015)
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Air-sea CO2 flux prediction skill

Courtesy to Hongmei Li

Lead time: 2 year

Air-sea CO2 flux prediction skill (spatial)

Courtesy to Hongmei Li
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