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T'Lasso (Multi-task Lasso) VL8833 5, R T BRTERAR SPRETREBNER, FFXAR
A LE PR TEE LassofICFSv2 (The Climate Forecast System version 2)3) JAEEI#E2018~20224E
RN KRR R . SREY: LassofE AR e LB FEN T CFSv2, HAERRK3I~4FM5~6/
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Abstract

Reliable subseasonal temperature forecasting plays an important part in extreme temperature
events prevention and mitigation. However, current dynamical models for subseasonal tempera-
ture forecasting are often influenced by initial value and boundary value problems, resulting in rel-
atively weak forecasting performance. Although machine learning models have shown potential in
surpassing dynamical models for subseasonal forecasting in recent years, subseasonal temperature
forecasting in China still mainly relies on dynamical models. Under this background, the study con-
structs a subseasonal temperature forecasting model covering 957 grid points across China based
on the Lasso (Multi-task Lasso) machine learning algorithm and uses the cosine similarity metric to
evaluate the performance between the Lasso and CFSv2 (The Climate Forecast System version 2)
dynamic model during the test period from 2018 to 2022. The results show that the Lasso signifi-
cantly outperforms CFSv2 in overall forecasting performance. The average cosine similarity of the
Lasso is 0.33 and 0.34 higher than the CFSv2 at the forecast horizon of weeks 3~4 and 5~6, respec-
tively. Moreover, in normal temperature scenarios, the Lasso can more accurately capture temper-
ature variation patterns with the average cosine similarity for over 80% of the months higher than
that of the CFSv2. However, the Lasso has some limitations in forecasting extreme low temperature
scenarios, where its forecasting skill is slightly inferior to that of the CFSv2.
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1. 5|

ERRABIRE RN, FERIA IR S AR ol FE R R AR A B (1] R A G R E R
At =GR [2], ot NG s [3]. SERTHINT 2 JEBIPAN H 2 18] 02817 il B Tl K
FAT M N 2 R AR v ek P S B AL 78 7 A HE A BT 8], T DR e ARy SR I S S A ok [4] . R EIME
At BN 2 HE K2 —, SR R i il B A B 25 5 0 A e 50 R R [ AR A A T 5 3 1™ R 1)
SEMA[5]. PRI, A T S %) r ] 0 T R T T T ek e A o ¥4 AR T P I ) T R G L B

REELELHEd, —FNRRATE, DU H 204 H A e T RIS 1 3% 2 ke [6]-
[10], (4R HA PR F8 2 5 S H BOR = TN FE AT AL TR B B o DR 1 BN A A R AP BIHK <A i
W2 1A EERT, 2014 47 T SRS 70 v R A RSB 7e o R R 17 IREEY - bR, B
HEE = A AN H B R ROBE (R TR (4] B AT, W A 1R A HiR H 0 (European Centre for Medium-
Range Weather Forecasts, ECMWF). 3% [ [ 5 3755 Fiifl #1.02(National Centers for Environmental Prediction,
NCEP). ¥4 5 (Met Office) 5B & A & H Z=T - IXZE 1T A tH 8 o SR, IR T4z T
A WIE e R AR ST 5 B A A T A ) B S T — 5 2 R[], T A T 9 28 i )
—J7 T, WA ZEFER ARG K, RIS, Ak B O AT T A, R 2 IR EUE i R £ S
M E; H—J7, RABERTFAZ RS Ao s, 5 AR 58 A T SBT3 2 [12] . HIA A IR
LA BN 55 B 1 BUE R O IR EE AT TR RE AR S5 . thah, BT R BRTEE . JEZR AT
B, SEUREAWYIE R A TE AIE0W, @R 8 AR IR AR L SE PR B S R A A R R
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MRPE. Pk, T ERJER, s AR i I 55 Tt B SRR O A Rt — P B8 IE[13] -
IEAESRREE N TR RERI AR, Bn ks B AR S R il LIS 17 82 R e [9] [14] [15], BEAEM
i Kl St B WL 2 S A R D S 5 BROR R AR &, e 3L Hh e X T A AN R
teAt, 2R, Je/RETE S # T EI(ENSO). B8 - ARA 4R (MIO) 330 F5E A R RUBE St Al
37 33 P S5 A 2T N [ RUPE B ] T PSR IR [16] [17], (ER L] A SRR AE LA R AT A
R RAEA A 528, DAL, M e SR 3l 5 v R A AT 4 B BRI 5 T IR 2 AR 2R
NEE BB REE TN R 7 AT RE[16]. H AT, HodR KA O g M TS [ [13] ZRE [ 18] TR
TR [LO] MR AR BTN, H e B A AT . He S NRURF ST — D48 1 [20], B okah rpLEs 2 >
B Lasso £ 3 [ Y P (0 B AR U 1 e S 25 A0 T3 AR . AR, vl Rk 24 A E TN 47
WHT 2 R . EEXTIX— PR, ABFFOK Lasso S0 SIN A [ R0 TS5, M 1 8 i Hh [
IV A S ORI B TR RY, JRIE 4% T CFSv2 2 J# A 5 Lasso #EATXF LG, LARST Lasso 7E 1 [H K
ZIR P TN rp P R LIS AN SRR, TSR T A B U1 I 5E T £ 0 S ARt S AR R AN B S

2. REXBASHIE
2.1 WREEAR

MR, SR AR, IR IR R ZE S T R AN, WA A, G, R AN R
DRI, T, RN R KX, AR RGN R S U [21], e, dET5 X R 5
W o KX, BT HLX R B R A X [22].

2.2. BiaEEiR

AT ZH He TN N3 BT TN @R LM T774[13], g% NS 7 2080 2 A8
B, M TEH T E R TN EE A . 2R T AR o O S S RO B R, DU
I3 AR T I S 1 A ORI o

TR S E R, BOKRAR R AR (m) . H BEK (precip) 1 8 L3R EE (sm) 28R 2 7k H T NOAA )
Global Unified Temperature (3% 4. Soil Moisture V2 ¥4 1 Unified Gauge-Based Analysis of Daily Pre-
cipitation 45 (https://psl.noaa.gov/) . X EEEHE 1) 7 8] 75 55 0 BBl S5 0 78 X ORRF— B b4, HilgFin <k
(slp). HAHXFIEE (rhum). H 10 hpa 1 500 hpa /=15 FI47 % = FE (hgtl0 A1 hgt500) %04 KI5 NOAA 1
National Centers for Environmental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) Re-
analysis 1 #5454 (https://psl.noaa.gov/) . X LEHfE ¥ 75 (] 75 25 V0. [ 9 7818 24646 60°. R4 70°% 2507, /)
I} B 2 T (sst) $idfs SR UK T+ Medium-Range Weather Forecast Reanalysis 5 (ERAS), HI- & /2% F &
2 ft(https://cds.climate.copernicus.eu/), 7% JuFE A FILE 20° =646 65°. R4 150° % 250°.

XTI A, T H MIO MALARIE[23], LA #2285 | /R Je W g 77 sl 15 5U(MEL) [24]73 7))
K B T8 OKRE R 4R (http://www.bom.gov.au/) £ 35 [l E 5K i v 1K AUE 3 R Bk R Gt 7t s e =
(http://pls.noaa.gov/enso/meil). MtAh, 4EFE K Nifio 1+ 2, 3, 3.4 [25]41 H AL A PEVEZ % T8 BU(NAO) [26]K
2 [® [E 5 S % 5 (https://www.cpc.ncep.noaa.gov/datal) »

2.3. BuETAbE

B, NG BURRI TR SRR, ABTTOREER . B A AR H BRSO R H R, IR
I RO BCE T 2 9t HL B, MM AR s R RO B SR . FL, T B H B0 EE B 2 1224 A
W, IFRACNBE R B 2R . =, BT RS KBS IR T A X
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A

sedn . R, ASHESE SR 5 B2 2 HT (Principal Component Analysis, PCA), R4 1986 4F 4 2017 4E 4348
B ER L, o B FEBO B 25 AR B 3 R (PCs) . FERAE AR R I E R SRR, AW FEAE LR
AN E ST ST AN R B Rt ZETTER A, A Lk 85%, JWREHRAT LA Ry I, ZE N
TR BEEE B ETTRRERIA S 85% A L. Wiz ik, BAWISHE T SE RN E RO HE. SR,
FERARL N ZRd AR R I, sm A precip SRAHT FAN F o 22 SRR MERE T 1% . BRI, FRATHE T UIZREE I Tl
WKSFE, @ RFEIEM R SR, RATE TSR RNRN TR EE: sm N34, tm A1, sty
14, rhum A 54, slp A 54, hgtlo v 2 4>, hgt500 4 54>, precip N4 . fiela, TSR T
{1 PCs #8381 SE4F (4 — R HEAT Z-score bk, T IA)28 5 U B 334 P SR A 8t ASEEAT AR iEAL AL BE

3. MIRFAESTMERR
3.1. HEFFIER

3.1.1. Multitask Lasso

WG He 5 NRIWFSE, HLAS S SR RUAE 275 1 N 3% 3t A7 72 1 405 19 1) @[ 13] . Multitask Lasso
(Lasso)if it — A3 &) i) IE AL TEAT 290K, w] DA R b i 00 &, RS2 A RE J1[27]. He SEAE
ZRUF P Lasso 11 3 Bl =1 IR TAT 45 H (R mT A7 1R [13], PR AR 046 A Lasso JF i H B IR 2541 R Tl
WMo Lasso %A A2 T4 H SR I 2328 8 1) 8 A 3 oy 43 5 LAS I TR AR &, it = 0w 46 H S AR
55 =2 DU A BYCER T 2 N R R )~ 3R

3.1.2. F4EAEM

AHFFE Y 2018~2022 MR MM IR B, oS r S TR A . Sy TARRILSER R4, R T
261 MR [ (2018~2022 AEHA], AR 1K), FEARHEHAE H R HRI5 v 60 AN IREE . AN 4
5 AN H o BN PR AR AR AN e (1) {3 AT 3N T SR A I [ 7 51 e G 22 5 =)
g5 - BAEsE, DLHTESEMRAL . N UESE B 5 AR I A Al 1R, R R A IS 2 1U4E(2013~2017)
(R FE B 5 AN IAESE . AR I SRR ML FE AN BIE B2 2 AT 1Y) 10 AR50 . (2) M — A I - Il
RN, HAPIIZEaEaT 24 S8 . T ERINZEMNREZ MMES, WREFHH
WTENGEL R B f5 28 K, W 1 i,

/ Hyper-parameter Tuning \
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Figure 1. Evaluation pipeline to test in May 2018
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3.2. BhfRE

AAFE TR R 45 (The Climate Forecast System, CFS) & —/NE &8, Rk T Ve Bl b AI KA 2 18] R AH
HAER, I NECP T 2004 4 8 HsLjifi. CFS WI#ihR, BN CFSv2[28], #& T 2 HIWHEa, Wikis -
RIERERS . KRR EEANGUGERE, JF HAETE s R ig4T . CFSv2 (¥R R T 75 7.9 & 2=
Z5 X I3 T 4 B 5 ECMWE S8 R A 24[29]. H AT, NCEP % CFSv2 1 Jy 32 B vk 2= 1 5 B T
TF= S AFERAT . Rk, AWFFEH CRSV2 1F A S HLA% S SR AL AT LU (3 i Al

3.3. & IEHR

R 4 8 AT DLIE R 2 R e v FaAn BEAT VAl . AW S48 HI AR 52 AH {BAZ (Cosine Similarity, CS) P 52 2
MITREIMAERATE . CS AT UK A A7 S 3% P A FH A ME— PPN FRAR[30], o LR

. v,y

os(9.y")= < ,,>z 0
1517 v

e, 2N H BN R ENRE, vy 2% SERRME, <9,y*>i%%ﬂﬁ’l‘l‘ﬂ%ﬁ‘]l7ﬁﬂ, ||y||i%%l‘rﬂ§

y IR K . CS AMEREZIE 1, AQRBAL A FUIE GE R 4T

4. BR5TVHE

N THRFE Lasso A1 CFSV2 7 HH [ Y0281 il B2 (1 TN A8 R, ASBIE T8 o1 51 P AN A5 2L 0 030 1) (T 4
NS 3~4 R 5~6 JE) AR A EES T8 CS. Xt T TRINAEH AN EE 3~4 F, Lasso HU/5 1T
CS 4 0.30, CFSv2 A—0.03. *fF Tl iEf 11k 5~6 F&, Lasso Bt [I°F#4 CS A 0.30, CFSv2 A—0.04.
BT, WTRAfSH Lasso (EEAR TN B A 1235 T8 U8 CFSv2. A 1 itk — 4 o4t LA i AN B A
TR S RE 70, 14 2 FEoR 1 AN ALAE 4 [ BT 4 s R0 285 SR PPAN T A 1 o5 B BT B T Lasso 1
TR EE B, LE T ZE(F NS 3~4 (5~6)/F F, H 73.3% (70.7%)HIH& 5 CS > 0.2, 31.3% (31.7%)fIH5
CS > 0.4; X CFSv2 il 4s 5, XA 20.7% (20.3%)(F)4% 5 CS > 0.2, 7.6% (8.2%)Ik% £ CS > 0.4,
X5 R, Lasso J7iE RS FRTE T [ YRR R B TOUAS
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Figure 2. Percentage of grid points for five different ranges of CS values from four two models at the forecast horizons of
weeks 3~4 (a) and weeks 5~6 (b)
E 2. AAREETUNE MERAEE 3~4 B (a)F5E 5~6 B (D)MZERNTREISEER CS BT SME SR E 7t
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A

AR Lasso fERMR U g T CFSv2, (B TS [RI A 2 AR AL 7R AN [RIIRLFE 1 5 1 S5
PEREG T ZESR, FUAPPAT B TE R AR (M B R A 7 . BTk, ARWFF s T I N &
ANH, Lasso fl CFSV2 fEFT A #% s L HISF34 CS,  LAJ 9 I HRIRLRE S P XM, R EORTEIE 3 FIE 4, &
ST I RO ZE AT S R 5 3~4 JE RIS 5~6 il o 8] 3 o, X T Tl A fe O 5 3~4 i, Lasso £ 81.7%H 1
HUAS T35 CS 1T CFSv2; [l 4 B, T TR 4L 11y 5 5~6 J&, Lasso 7E 88.3% H 3 HU {5 (11°F-¥ CS
=T CFSv2, X EANLAS 5 S AL I BAR T e ) 2 2 A0 T-3h i e .
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Figure 3. Average CS of two models (a), and average temperature anomalies (b) in each month of the test period for the
forecast horizon of weeks 3~4
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Figure 4. Average CS of two models (a), and average temperature anomalies (b) in each month of the test period for the
forecast horizon of weeks 5~6
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B

J4E Lasso #AAE R ZH A 43 i T 14 CS .3 =T CFSv2, {H & Lasso & f A7 7E R s AN g . Bfck
U, TEWR 0 I 22 0 R 1 A 4 (] 3(b) Rl 4(b)), CFSv2 [°F35 CS 218 . AL 45 SRt
He %6 N\f& HH[20]. AT I, 7E 2019 43 ERFEMI ], SubX 2 8E6-F 35 12N J ALY i FI0I 14 e . 2
BT LA A X IR AT RE SR RAE T, Ao R A AR R M T BCE SR h (L 2% 2 ST A A
AR Z R 1 SR 2 e SRS & T B 7 2 (I OG R o WF USRI, L3R sm /2 IR 5 Tl
0 Fy B AT R4 KU [31] . Boenson [24]45 5 HOBE TG Y, sm S V1 I T (0 ST R AE IR A R
JeRNRE . X —RIAFERE T Lasso [B]JA45 B LE B i (IR 25 148 T 004 REAE X B AR A J5 5. F T sm 7EAIG
TS5 R R T DR ek S, T BB TE AR i IR O R TR BE ) 2 BIBR G, EE, B Tah AL
T ERRIARE DRI T R 5 A b AU R S0 AW i R AR I R 2

T BRI Lasso Al CFSv2 FlliPERe R 2 7, FA1THE T Lasso Al CFSv2 fE4x[H A #% i b7l
MEERK) CS Z IR M Z s . BEAARUL, XF-T il a A5 3~4 FI% 5~6 i, Lasso 20l 7E K% 91%F1
81%[1H% i R AL T CFSV2 [T M B8 o X HE—2P 3R W] T, Lasso 78 H [ R Z= 7305 7 b (%) 50
REfL T CFSv2.

5. &g

N T BT Hp R VIO B8 ) HE AR R MLAR T ) TR N G 70, AR SR T A SUPLAR o S Bk
Lasso, A4 % 178 a H B A7 4 s AR 2= 15 T P TS ARY , IR AR SZ AR LA FR AR VT4l Lasso A1 CFSv2 )
JIBEFILE 2018~2022 4RI A A TP RE R B . 45 SRR, Lasso 7EINIRIA b i AR T 1 RE AR T
CFSv2, HAEFTA R LR T CSEMEL T CFSv2 #2151 0.33 (il 2 {8 1A 2 3~4 i) AN 0.34 (T %E
9% 5~6 ). Lasso MEAYTE 4 [F 2 40 s BTN 25 5 CS {H#8 = T CFSv2. b4k, Lasso BEAYTERR
U R 1 S N BT T AT CRSv2, #87R T HLas 5 SJ B B TE B R AE 77 THATIAFAE — 58 JR PR
DRI, 25 Rk 3 J7ASE R RO 2% 2% S) AR AN VR A A sl ok 00 184 it RSS2 il 5 25 5 V24 v Lasso BB 7 AR
Ui IR 1 5% B N e
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