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Abstract To proactively manage climate risk, near-term climate predictions on annual to decadal
time scales are of great interest to various communities. This study evaluates the near-term climate
prediction skills in East Asia with DePreSys4 retrospective decadal predictions. The model is ini-
tialized every November from 1960 to 2020, consisting of 61 initializations with ten ensemble
members. The prediction skill is quantitatively evaluated using the deterministic and probabilistic
metrics, particularly for annual mean near-surface temperature, land precipitation, and sea level
pressure. The near-term climate predictions for May~September and November~March averages
over the five years are also assessed. DePreSys4 successfully predicts the annual mean and the five-
year mean near-surface temperatures in East Asia, as the long-term trend sourced from external
radiative forcing is well reproduced. However, land precipitation predictions are statistically signifi-
cant only in very limited sporadic regions. The sea level pressure predictions also show statistically
significant skills only over the ocean due to the failure of predicting a long-term trend over the land.

Key words: DePreSys4, Near-Term Climate Prediction, Decadal Hindcasts, Deterministic Pre-
diction, Probabilistic Prediction
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TE B Met Offices TAHLE T8 7|FEAF Al
HEo| A BdS o]gsto] ZnEf 7|§dS A
£ M)A o8 WFat7] Al THSmith et al. 2013).
o] % M| A 71°47]7(World Meteorological Organization,
WMO)E 1~10¢ 7|54 &S 913 A= AE(Lead
Centre for Annual to Decadal Climate Predictions,
LC-ADCP)E 20179 A ¥ 3} th(Hermanson et al.
2022). LC-ADCPIIA & 20208 SEFE A7 2 g
F 5A7A 9 71FdE JEE uld Agskal o,
AA 11749 71FRdoe] Fofstar vk g FHA
rozHE X9¥YS W= Copernicus Climate Change
Service (C3S)= ¢, 2u¢l, 9=, o|&To} 5 4/)
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et al., 2022).
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2.1 DePreSys4
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System, DePreSys)E %9 3FaL Ath. 39 DePreSys
+ Hadley Centre Coupled Model version 3 (HadCM3)
714k o] 2] 28 0]9) © 1 (Gordon et al., 2000), CMIP5
decadal hindcastol] o] TH(Smith et al., 2007).
DePreSys2 (Knight et al., 2014)%E Hadley Centre
Global Environmental Model version 3 (HadGEMS3;
Hewitt et al, 2011)°] AFEE %127, DePreSys3
(Dunstone et al., 2016)°|4= A Z-2 Global Coupler
(GC) version 2 (Williams et al., 2015)7} 3-&= 3t}
71 Ze] A|2E)Ql DePreSys4é= GC3.1 (Williams
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(ERA)0/Interim (Dee et al., 2011) AEA R g2 &
o} nhgho] 6AI7F AlZHFRE VA AT i &
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g 2 2H 9] 713zte g HIgEH = AAo] LRt
ThFig. 1914 FARA Aol #x) Rd =ZE
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East Asia SAT: DePreSys4 Bias and drift
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Fig. 1. Surface air temperature (SAT) averaged over East Asia (75-150°E, 15-60°N) from ERAS5 (black line) and the
uninitialized DePreSys4 simulation (historical experiments, thick gray line). Thin gray lines with rainbow dots indicate the
DePreSys4 predictions as a function of lead year. Black, purple, and red straight lines are the linear trend of ERAS, year 1 and
year 10 predictions, respectively. Year 1 predictions (purple dots) compare well with ERAS5 (black line), but drift (progression
of purple dots to red dots) towards the model’s systematic error state represented by the uninitialized state (thick gray line).

Atmosphere, Vol. 33, No. 4. (2023)



358

o gk Rcto] F72 02 FFATHChoi et al., 2016,
Son et al., 2020).

ACC® MSSSY FAIA /<242 bootstrap re-
samplingS 1,000 Fajate] go]e] kol il A=k
2551 thone-tailed test). 3, F-2F¢2 AAHE 1,000
7He] ACC, MSSS & &2 Hl&o] 5%(5070)x.tt 2t
S 79, ACCSF MSSSE 95%2] A5l -9
gk e zZhe Aoz F43 tHGoddard et al,
2013; Choi and Son, 2022).
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EI H s ud Ay F2 Aoz FAIE H
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9 ] BdE B ARl A FRlE
Atk ol¢} +e my =g ZE wjo), DePreSys4<]
Ht A3E7]22 ERASETE 22 Al 27k 2
ZH(cold bias)”} EA gt}

F71FA = TRk B2 et EA g AlEA
AtgollAl YEh= Fobrlol 2dst FAlE 023K
decade™'¢l ¥ DePreSys42] 1 o & Aol
M 028K decade'2 ThA A JEhton, &
oA 7Fet 23} FAl= Aer|7te] AodFE

(c) YR1 SLP Mean bias

g1 60N + 60N G |
w ‘ w D
- K
¥ L - - - e | -
Ss 50N - FoSoN o ‘(' ) |
40N ; g i: I 40N g 1
30N - . :P, | 9 30N > '*.
LN - ‘.-““; o N .
2N 10 gy \ 20N o 15F)

AN Gt LN e e A - . ¥ ‘; Pz - i I ¥ - Y B N L. . 1
75E  90E  105E  120E  135E  150E 75E  90E  105E  120E  135E  150E 75E  90E  105E  120E  135E  150E
O . | [ | - | -

3 2 1 0 1 2 3 3 2 -1 1 2 3 3 2 -1 0 1 2 3
K] [mm/d] [hPa]

Fig. 2. Mean bias of DePreSys4 in (a) SAT, (b) precipitation (Pr), and (c) sea level pressure (SLP) during the period of
1991~2020 for the lead time of year 1 (i.e., 2~13 lead month). The precipitation dataset is shown for land only.
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(c) YR1 SLP ACC
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Fig. 3. Anomaly correlation coefficient (ACC) of (a) SAT, (b) Pr, and (c) SLP of DePreSys4 ensemble mean prediction for the
lead time of year 1. (d, e, and f) Same as (a, b, and c¢) but for the mean-squared skill score (MSSS). The statistically significant
prediction skill at the 95% confidence level, based on a bootstrap resampling method, is dotted.
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300l Yetdeh. 371¢] ti7iis 5 Ax7120] |34
5ol 7P ¢ Ao g deith Ax71ee] ¢
FopAlof L A oA 95% Al E|FEoll A T A
S8 frov gk ACCTt UL, 53] -euet o,
T, A= MSSS ESH Fojule ghe Bt
o] DePreSys47} S-gluvtet FH AR 77| W

et ke AE onlgith 2y
el A, BEARHOZ folns ACCY Fhol
o=z Yep}a 9JeH(Fig. 3b), MSSS=
Foprlol A A4 0] 77k FHS HSATH(Fig. 3e).
W79t 1d d2o F7 sl fFonE ACC
9} MSSS & HCITHFigs. 3¢, f). A E7|-20] H]&]
&5 7ot siHriqre] 2uE S Ee] e
A= WMO LC-ADCP?| th5 2d e 2ot
-A13}CH(https://hadleyserver.metoffice.gov.uk/wmolc/).
e E A ASS 9% F2 HE RPSS #
S Fig. 40 EASAT 9A AF3F upel 7o),
RPSS > 021 ZA-5-ol9 2o g So] 329 7|F
ol 71Nkek 71t k(= 13)H e 9538 AT S Hole
Zolgt sjals 4= Qlrh. A7 7]22] S ol o}
O] A oA 0 o]de] 7S HRITKFig. 4a). 53]
FHUSE, &, EAHEGNA 0.5 o] RPSS &
o] YehtEtl, ol ACC, MSSSE ksl YAHE
B 2453 FAFSITHFig 4a$t 3adS W)
AFYH A5 RPSS 3 ACCE A sHAl A
H oz go]de] e Hola ot sH 7] RPSS
Sk RN, EXEEYE AAoMrt o] g
Holz= 5 ACCE A#e}t frAbsitt. RPSSeF ACCH]
A2 A Aol AFE vl ATt Tippett et al.
(2019y2 R dlo] o =35 0] joint-Gaussian X
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(a) YR1 SAT RPSS

(b) YR1 Pr RPSS
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Fig. 4. Same as Figs. 3a-c but for the ranked probability skill score (RPSS) for the lead time of year 1.
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Fig. 5. Linear trend of (a) ERAS SAT, (b) GPCC Pr, and (c) ERAS SLP during the period of 1961~2021. (d, e, and f) Same as

(a, b, and c) but for DePreSys4 ensemble mean prediction for the lead time of year 1.
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7% RPSS~1-.1-ACC* 2 2AFES Byt

Y5 B4AF B0y o=

daes 2ds ¥

b Fig 3914 SAH o2 frem gk ACCe] Fhol
0.4 ZHYS AT o, 91e] ARl €J3l] RPSS =0.1
P & F UL ol FARE Fhe] Fig. 40 =ZHAC
%ﬂlﬂﬁ 715 S e At A7|FAHsE)
HEA 25 e et 53] w7
A715AHste] ko] ul-$- AtK(Choi et al.,
2016). DePreSys4®] A715AM3} 7o) 58S do}
Eﬂ Qall, F2 W A e1d7ke] APSA gk
S Fig. 59 EA13F9 T} Figure 13 vV A2 712
o] FMHL AEA AFol vls] mEe] 1d o S
Al thd 3A vergeH, 718 2 43 7|$R

g=714sks] tl7] #1337 43 (2023)

Aol 73 At (Previdi et al., 2021). AEAAES} &
oA Yehbe A 327120 AFFAL] AR
Qe FopAofellA =& ACC7F XIe= A ThH(Fig. 3a).
el B¢ %5%0“"1-4 &et 71 FAF A5E
Th(Fig. 5b). A 4] Aol o8t ALH =
A 7 FAZE JERANE, 53] St
o F33 Aoz Yeldthnot shown). -2yl
AFF AT 011*1‘“ FElgh s SR gt
Bdox 9] 4= 50°N o A =ollA eFsiAl F
7¥ete FA7} 1/]'5]"4'*‘13] o]airz s—zgo 71 %)
Eo] 2osh= 1950 ) o] 59 s A3k}
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A}SFTH(Vicente-Serrano et al., 2022). A 3E7]-22] 4] Z 4o AS RY 73R 28 o=
7F AEA s BEoA fARgE whAE, S 7| HAS ovlshH, &9 A &5
A9 AdtA o2 ERASS TE FAI7F ZdoA HPS we]

ERdTh(Figs. 5S¢, f). °1% CMIP59} CMIP6ol| 3hedgh 7124 5e] Be mdx
B2 7RIS SN FEE sgelA] el = S50l tha FFEASH, SA A9 FAHE
Al oFabAl Belstar, Folalol tl&<] siwH71st 7 frou st ACC 3ttt o) FdAIgel ot Ao
P W2 moletE S S8 (Wills et al, 2 A= A" sia7ige] 4S5, v z713 4
2022). o] gt AFFA Teje] eatz 3] Forlel  HelX = aFollAle] fewlgk ACC #hol YERHA

AR H719e] dSFel 53] tiFoAA @A %=t (Fig. 6¢), ©l= Y] ST tiE =g
Yebstth(Figs. 3c, f). z713}ol| 9t AYE 9ngit}. o] AREL FoM
A= 2doA Yehus AFFAHE U o4t of &Xo|M 2] 713 7] Zu d&AF
sigtae] t7] 5 = 57 B2 RkAIE 9 P falAE AW 27)skag e axsyr et
gk 202 AARY, o]Zlef &gt 7|TRYEe] 434 < AAbstth
ol A AFA R Yehte A ofy]7] wfZel, olel Wl AT o Ze] A5, FAFAIE ] <
H|z7)8} Ao vwE & FRAAg ) ndx g WSS T u) 2ol 2dx7)ske] ok
7187t solAlol ZujE] Z)Fo Sl HX e FTFS HEde] o7t dF X9 AHF oS As
A Ett v 2718 Ad-e 201437/ AlgEE & ATIE AoE et A AFS vie)
2, 35 vue z7smMzxrs 48 2% o] 50°N o]/¢e] I9= SAHFFE dF55S tF
196158 20149714]2] AFH 7S ARSI ® FAIG ez RE 7|ABIH 2, 30°N 24 F
Figures 6a-c= H|Z7]|3} AHdX Yelte A 7] oA 2] Zhpel i P g o FA T 27
&, SA7E, AmrIge] ACC ZtolH, Figs. 6d-f=  3F Ado] H|%7]3 AP} $43 JSA5e W
2713} A3} w2713 A ACC 7] zpolo]t}. ©1tH(Figs. 3b, 6b, 6e). o= HF-HEA ] 23 7=

(a) HIST SAT ACC (b) HIST Pr AC (c) HIST SLP ACC
60N - g OON T e g ——+ 60N L L " 1
50N SN + - : oSN

40N 40N 4.7 £ 40N -

30N 30N - : L 30N *’*w»‘

20N | 20N / k20N 4 =,

75E 90E 105E 120E 135E 150E 75E 90E 105E 120E 135E 150E 75E 90E 105E 120E 135E 150E

0 0.1 02 03 04 05 06 07 08 09

(d) SAT ACC diff (YR1-HIST) () Pr ACC diff (YR1-HIST) (f) SLP ACC diff (YR1-HIST)
60N ‘ : i ‘ 60N s = 60N
50N 50N I T g it A FosoN /w-}
40N - LooaoN 4t ol 7 { - 40N -
e N e
30N E30N - o g J:"r
20N Foan 2 '

75E 90E 105E 120E 135E 150E 75E 90E 105E 120E 135E 150E 75E 90E 105E 120E 135E 150E

[
-0.7 -0.6 0.5 -0.4 -0.3 02 -0.1 0 0.1 02 03 04 05 06 0.7

Fig. 6. ACC of (a) SAT, (b) Pr, and (c) SLP of DePreSys4 uninitialized historical simulation during the period of 1961~2014.
The statistically significant prediction skill at the 95% confidence level is dotted. Skill difference between the initialized
hindcasts and uninitialized historical simulation of (d) SAT, (e) Pr, and (f) SLP. Positive (negative) values denote skill
improvements (degradation) by model initialization.
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