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Abstract The objective of this paper is to compare probabilistic temperature forecasts from
different regional and global ensemble prediction systems over PyeongChang area. A statistical
post-processing method is used to take into account combination and calibration of forecasts
from different numerical prediction systems, laying greater weight on ensemble model that
exhibits the best performance. Observations for temperature were obtained from the 30 stations
in PyeongChang and three different ensemble forecasts derived from the European Centre for
Medium-Range Weather Forecasts, Ensemble Prediction System for Global and Limited Area
Ensemble Prediction System that were obtained between 1 May 2014 and 18 March 2017. Prior
to applying to the post-processing methods, reliability analysis was conducted to identify the sta-
tistical consistency of ensemble forecasts and corresponding observations. Then, ensemble
model output statistics and bias-corrected methods were applied to each raw ensemble model
and then proposed weighted combination of ensembles. The results showed that the proposed
methods provide improved performances than raw ensemble mean. In particular, multi-model
forecast based on ensemble model output statistics was superior to the bias-corrected forecast in

terms of deterministic prediction.
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NCEP (National Centers for Environmental Prediction,
Toth and Kalnay, 1993; Wei et al., 2008)2} ECMWF
(European Centre for Medium-Range Weather Forecasts;
Palmer, 1993; Buizza and Palmer, 1995; Molteni et
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al., 1996; Buizza et al., 1999; Leutbecher and Palmer,
2008)¢F 2 AlE 52 A3 GFE dF A=HES
+93ta Utk A HF AFEA ECMWF G
£ A3 A&"e] b2 AT PFE G5 AL s
Hlg] Ayt o g £L2 o5 s o T I5S
B tH(Park et al., 2008; Hagedorn et al., 2012). X
BE S A& ol9ole HZo] B A Y
£ dF A 2dE0] MLEATE Ao GFE dSF A
2" S E XA 5A4E 2 A dis) A+
BFE dSF ANEHE B 52 A 3 =

b

PFE % A2HE] WAY ASH 04E A
A A2 Felv] S8l TR FAH F A

WHEo] &4 Flo] git}. 3], BMA (Bayesian Model
Averaging, Raftery et al., 2005)5 S3E o] =250
st 248 gEdnstre EREEEY ES
o|-gste] FEEH XS YA st= vl EMOS
(Ensemble Model Output Statistics, Gneiting et al.,
2005) B4 o] R4 GEREE AEshe B
d2AM 715 HEEd dig) st dSS3Ed=gr
9] &5 F3) PFEEC Ut FEEZ dSAE
A F ol teFgt 715 HEE s A+t
o] Fo X th(Sloughter et al., 2010; Seong et al., 2015;
Han et al., 2016a, b; Seong et al., 2017).
WIE dF Ao ZHE AAE dSXES] o
QS Fola AEA e 71 AEE AT
g2 W £ 3ue g5 24 (multi-model)
A&3k= Aotk 71X bdF 2d &
dE2 5 42 A28 dSAES
, Tl el A2 e GE 5 A"
o2 e 4 gltk(Hagedorn et al., 2005).
oA @ wdl(single-model) &2 tHF
zd HAo] @] e F7]9 At FE
of| & Al2Hle] 2 AR EX] Astda, ol st
g 27E stdA AT e 7Y &
Bo] 7 & RAE 9 1Y YAE B 2
g Ho & F U= A& EAtH(Johnson and
Swinbank, 2009; Fraley et al., 2010).

o] A9 A F v A+ ¢ XY o= =Y
EZHE AGE FE ASHEES sy dSA=E
A= Aol o] & $l8l He] ®BA (bias-correction)
W EMOS 2YS A&8iith o8 F8 €& o
z 24 P FFEEHY]
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Bol oF wd guE ue
slol dlZe] AES Ml BASIT. Aol Al
2% G} A7 PAE & A 2=8E LENS (Limited
Area Ensemble Prediction System)2} EPSG (Ensemble
Prediction System for Global)2} ECMWF & =
9 AFE-SIITE LENS®] A $-& ECMWFelA Al
b2 olgasi.
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Table 1. Geographical information of the stations.
ID Station name Latitude Longitude Elevation
2552 Balwangsan Mt 37.61103 128.6714 1441
2553 Sliding Start 37.65047 128.6726 959
2554 Sliding Finish 37.65435 128.682 813
2555 Ski Jumping K125 Jump 37.66167 128.6794 845
2557 Biathlon Start 37.66375 128.6873 757
2558 Biathlon Middle 37.66598 128.6851 775
2559 Cross-country Middle 37.66006 128.6888 770
2560 Alpine GS Start 37.61299 128.6718 1414
2561 Alpine GS Finish 37.62158 128.6648 975
2570 Taegisan Mt 37.57542 128.3081 1040
2571 Alpine Base 37.47337 128.6143 390
2572 Ski Jumping K125 Start 37.66137 128.6789 884
2573 Ski Jumping K98 Start 37.66127 128.6794 862
2574 Ski Jumping K98 Jump 37.6616 128.6799 828
2575 Ski Jumping Landing 37.66221 128.6805 785
2576 Sliding Middle 37.65253 128.676 875
2577 Cross-country Start 37.6639 128.6848 764
2578 Alpine GS Middlel 37.61596 128.6689 1289
2579 Alpine GS Middle2 37.61845 128.6689 1180
2580 Cross Start 37.57853 128.3127 856
2581 Cross Finish 37.58433 128.322 664
2582 Mogul Start 37.57739 128.3225 823
2583 Slopestyle Finish 37.57943 128.3248 709
2585 Alpine SG Start 37.45028 128.6003 1218
2586 Alpine DH Middle 37.45743 128.6018 919
2587 Alpine DH Finish 37.46439 128.6031 680
2588 Slopestyle Start 37.57434 128.3232 874
47100 Daegwallyeong 37.67713 128.7183 772.6
47105 Gangneung 37.75147 128.891 26
879 Ski Jumping 37.661 128.6794 852.2
Table 2. Ensemble prediction systems used in this study.
Ensemble ECMWF EPSG N400 LENS N768
Simulation period 2013.05.01~2017.03.10 2016.05.01~2017.03.10 2016.06.29~2017.03.10
Number of members 51 25
Prediction time 3hto240h (3 h) 3hto 144h (3 h) 4hto72h(1h)
AlZENA e e ASAEH 2o sigehs ME HE e A5 ZdEERY AdE
ZAE FolA o= stz ASo] WS 1) & dEASS At B8] f& 245
el BEA0} o)ZAE AAT T B g SEER WS AT
3.
Rl AL 93 AA AES =4 20169 12 2.2 Weighted Multi-Model Ensemble Model
4 1958 20179 19 3197 9 ARE A (WME)
SR A= AEE Avry] g8 20173 2¥ Mz g2 e AF AFeETH AddE 4
ARE AF ARE ASHAT. 2 BS AMIA 2 4R ASASL AT A P 2 WY F
7o) e 27k M2 BAL FASUT A5 A8 shuie 7 a3 mdo] A e o2 oxje] 2
2345 BEUE 33 A3 dE Ay 3 248 Azt 7tSAE ARstAL o2 ol &ste Vs A%
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2.3 Weighted Ensemble Model Output Statistics
(WEMOS)
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2.4 Combined Ensemble Model Output Statistics
(CEMOS)
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Fig. 1. Verification rank histogram of ECMWF, EPSG and LENS.

Table 3. Reliability index of ECMWEF, EPSG and LENS. oAl Zet AP F2A, g FAH)S Hol=
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Table 4. Summary of reliability analysis for all stations.
weak under-dispersion ‘ ‘ ‘ - strong under-dispersion
s ECMWF EPSG_N400 LENS_N768
ation
A [ asd | A [ awd [wsg | A [ Aww [ asy | A
2552 1.589 1.665 1.498
2553 0.937 1.085 - 0.539
2554 0.906 0.935 0.659
2555 0.860 1.117 0.528
2557 0.940 1.114 0.717
2558 - 0.880 1.019 0.713
2559 0.944 0.924 0.812
2560 - 1.543 1.628 1.466
2561 - 0.981 1.167 0.567
2570 1.142 1.344 0.729
2571 1.455 1.050 1219
2572 0.906 0.952 0.569
2573 0.869 0.955 0.549
2574 0.803 0.948 0.571
2575 0.841 1.056 0.584
2576 0.929 0917 0.542
2577 - 0.863 0.952 0.797
2578 1.326 1.446 1.125
2579 1.284 1418 1.038
2580 1.384 0.810 1423
2581 1.064 - 0.874 1.102
2582 1.127 0.880 0.963
2583 1172 0.789 1.077
2585 - 1224 - 1.425 0.625
2586 1.164 0.923 1.005
2587 - 1.454 0.894 1.506
2588 1.055 1.002 0.720
47100 1.045 1.246 0.845
47105 1.350 1.466 0.897
879 0.919 1.178 0.746

N

] 98l 20179 29 ABE AZE ARE ARSI
= AAE tiaf] o= A7 HE BAL 3§}

-
g =

.7_;14_
O A2dE BEdE #5 Ay HE E4ssin.

=
=
Il

e

321 YHE HFE 95 A5 HR
HA, 7t GAE oS A 2Ho2RE AL o 3]
Eo] AZA S0 dupt AEeA 2o HeEAE A
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ECMWF Ensemble
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LENS Ensemble
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station

Fig. 2. Comparison of MAE in temperature of the raw ensemble and EMOS model ensemble forecasts for ECMWEF, EPSG and

LENS.

Table 5. Averaged MAE of ECMWF, EPSG and LENS for
all stations.

Model ECMWF EPSG LENS
MAE (°C) 2.019 2.608 1.784
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