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Fig.1 Structure of the LSTM®!
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Fig.3 Recursive, Direct, and MIMO strategies
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1.3.3 ZH A L4t (MIMO) %

Recursive F1 Direct 22 25 1 I #f J& T 5.4 2,
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3¢) . MIMO SRBEHET F oy -

(Yoo s yier 15 Flay, o wy_ ) + w0

te{d, -, N-1}

PEAT H AL SN o B — 20 Dy s g d 1 A
R F AR F Y H AR R —4 . HTR
WA N 2 A5 TE R

[T edi] = Flay oy _,.0) (15)

MIMO (1) FE A i 32 7 Tt i =2 18] ff 47 SR AT
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)& F MIMO 5 % 1) —F , Seq2Seq 5k Wi 155 7 F [F]
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PR AT, St ai s i AP Ak R Semi e C,
ff R R C AL R P 41 o AH bE T At 5 w5 )
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TR BE 2 SRR 2 ol 1 42 4 i A B 5 s 4
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VK BB 5 A o A W B B B o), I LA 0 A
TR i N BB 1) 25 1 5 L MIMO 58 WAy 431, fifi
LSTM BRI T 2225 00, i B4 g A B (TR
4 (Batch_size, Timesteps_in, Features) , i 4 54 i)
JE Ik b (Batch_size, Timesteps_out, Features) ,
Batch_size J& 48 £ UK fis A Y4~ 44, Timesteps_in
F1 Timesteps_out 73l 455 A F4 i 20K , Features 15
FRIEE i AKEE S KBRS 12407, W
AEHRIEIR(32,12,1) a2 IR (32,12,1)

LSTMAEZR AU FE B A JZ \LSTM JZ i 4%
R R . AR ZE LSTM BRORZ , 192
A7 256 1~ LSTM 55t , Fdr i 22 20 Tl i 4 1% 5
24 o8 1, 250 22 TN I 4 i e 2o 12,
14 pR B FH 34 7 1% 2% (Mean Square Error, MSE) ,
2% 2] %5 0.000 3, #L it K /Ny 32, i ] Adam i £k
8 PR RS T 500 Y epoch RIS |, 1 R AL S
2.1.2 BRI Zx

S8 UREAS B4 1) A P 5 AR A R 1 5 ) L
AT DK B AR AT 25, 280 2 Wl kT LA
iff 2 BCEE A e AR, i e T i A e R A 2 1)
XTI 6 Z o I 2 Ak R AT DL 2o I 2R 4R R
(train_loss) 5 56 JE4E 4 2k (val_loss) i 52 , 24 W & 4R
BT NI GRS, G40 K G T AR 6 B AL Y

%4  Seq2Seq 4444
Fig.4 Seq2Seq network structure
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F T 3 A ke AU AR T K B EAE 2R R R IR 2
WFFE A Ry AHAEE I sk P 9 B3l , 5 30 A e 2 S AR ok
— B[] () S0 4RI B 22 FH R AE A 222X
BB 5T DA AN EOE 4 R R 4 TR AT RE 22 0 S
F ko BIIL, A% SCH S0 AF- £ 2 6 (9 T 48 105 52 %
GV 4R A T YN ZR NG UE , (1 ANt X} 2019 4 i) il
W, N5 g 1979—2015 4F |, B 1F 54 Jy 2016—
2018 4F , HAR 3/ M E AR 1R 73 2500, Lk &
WER 1o i PRI G H A Ao 1 AR SO0 g —
2SI T 10 R YI 2k o

xR 1 HiEENS
Tab.1 Dataset split

it e PEAFfy PAEGY
Model2019 1979—2015 2016—2018 20194
Model2020 1979—2016 2017—2019 20204
Model2021 1979—2017 2018—2020 2021 4F
Model2022 1979—2018 2019—2021 20224F

2.2 BTG

ASCRADUR R W GE e85, B RMSE SF-1Y

4 %15 2% (Mean Absolute Error, MAE ) F1F- 14 4 %}
| 43 iR 2 (Mean Absolute Percentage Error,
MAPE ) S PEAN AR (1) F0I0 PR B8 , &A1 1340 B s g Tt
(B SR I 22

3 EREM

AT S LA ) 22 45 T O W 5 e
TP R W, 78 G A b 53T A A B X T 45 SR A
S B A e FE R A K, e 8 R e O 5 s R i
FES A FE A 8 22 20 N AR | I % 2019—2022 4
J A ) RV VKA BRI R A 7 2225 TN, 350455 75 1 3
RAE 7 DA B R 22 = A i DL A

31 SHWMNKREEILE

N TR BN Z 0 0 R e, A SOl
LSTM 454 1.3 715 Y 4 Fh 22 25 00 5 s %o oK ok 124>
F By ACR H SF- Yoy oI B AT S50 (i A BE Ry i
124 A %) o 3 2 R AN R SR m SE 8L 2 25
UM AE 2019—2022 4F 1 PEAG 1 &L . IEEIK HF
Recursive , Direct, MIMO FI Seq2Seq 5 B 1 T il %%
FAR K T , HoHp Direct 5 MIMO 56 B 114 1301 i

3R 2 2019—2022 F 4 Fh 3R M i vk SE B U 45 R IT A 1F 5
Tab.2 Assessment of SIE predictions for four strategies from 2019 to 2022

W
G20 B2
Recursive Direct MIMO Seq2Seq
2019 RMSE/( x 105km?) 5.53 4.87 455 3.68
MAE/( x 105km?) 4.38 3.63 3.65 3.02
MAPE/% 6.09 5.35 5.08 3.70
2020 RMSE/( x 105km?) 7.40 4.42 4.10 5.20
MAE/( x 105km?) 5.79 3.31 3.08 3.67
MAPE/% 8.54 473 418 5.29
2021 RMSE/( x 105km?) 6.26 5.75 5.42 3.08
MAE/( x 105km?) 5.14 461 456 2.54
MAPE/% 6.13 6.11 5.75 3.30
2022 RMSE/( x 10°km?) 3.59 2.94 2.87 2.84
MAE/( x 105 km?) 2.95 2.46 2.41 2.36
MAPE/% 3.40 2.74 2.71 2.81
Py RMSE/( x 10°km?) 5.70 4.49 4.24 3.70
MAE/( x 105 km?) 457 3.50 3.42 2.90
MAPE/% 6.04 4.73 4.42 3.77
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AR, H 4 Recursive 5 g A3 5 K $2 T, T Seq2Seq
M AR T SR A AE , RMSE . MAE . MAPE /3 %]
4 3.70 X 10°km?,2.90 X 10°km?.3.77%. M % 4E
¥y 17 , Recursive 5 B i) 7l G8 7 5 8 14 45 S A
o, i F Hofth 3 AN SR s, X ] RS i TR R0
B HE T, TR 2 AN AR R G O A TR
% . Direct % B {45 2019 4F ) MAE W% ik T
MIMO g , HAEO P F8 b5 38 & F MIMO 3
W% , 3% AT fE S i T Direct S W Z.0% 17 H B Jb B i vk
30 1B B 2 T 0 B R R G 1 DR b o) 00
Ji . MIMO Sl iy T — Ui 0 BT A F A, s 4 1

P15 AN TRl A BE T 25 2R 1) - R X 12 22 (2022 4F )
Fig.5 Average relative error of predictions for different input
lengths (2022)

Direct 5 W& A8 H 19 2% 20 2h 57 AR 3, Lk e T
Recursive 5 lig o iy T2 A0 7 A g B 2 22 PR
] I TS B 45 s o Seq2Seq 4 IS 2 %F MIMO 56 %
(e | BIAE — Wt BT A A Sk B I 4 5
P EA T el 25 2] e B 48 114 o A L, SR T A
WP B 2 (8] 0 P SRR I, T 235 R o o, R
Seq2Seq FME LE 2020 45 ) Tl P REREAIE T MIMO 5§
W, (H 2 N EE A 7, Seq2Seq S5 W& fi4 T A Jar A
by 3 70 S s o, 15 B LT M R R AR, IR n]
FH AR UK R 24 T

3.2 NI EEX T 4 SR A 20

FE AN [ 900 5 e T Al 45 SR i el B, R
Seq2Seq T B Wt 5 iy A A 2 X 15000 B8 7 4 52,
AK 4% B A 6.12,18 .24 ,30.36 4~ H . 2022
AR [ A AR B T 10 YT 34 285 SR 4 AR G 15 22 D
Kl 5,RMSE it 25 3 L3 3. M4 AKE ,6.30.36
A TR R A A5 B0 T 285 2 19 7 2 AR X iR
ZEKAR R T 12,18 . 244 A TIN 25 5, 10 O34 1
RMSE #5122 4 K, 40 51 & 3.75 + 1.05 X 10° km?,
3.89+1.16 X 10° km?,4.10 = 1.30 X 10°km?, X A] fig
JE T 6 H A AR R B, T (] B0 45 T UK
AR JE A A (R S A (B, S BB R TE 1k A ) B AR

FR3 20224 10 R TN L5 R B RMSE (B 4L : X 10°km?)
Tab.3 RMSE for 10 predictions in 2022 (unit: X 10°km?)

A
=S|
611 12~ H 18~ H 244 H 3011 3614
RMSE, 3.11 3.38 2.61 2.30 3.71 2.99
RMSE, 3.37 2.96 2.61 3.81 4.90 3.61
RMSE, 3.11 3.56 2.55 2.52 3.37 3.64
RMSE, 3.36 2.88 4.69 2.46 3.78 3.53
RMSE; 3.10 2.36 2.59 2.23 3.81 4.19
RMSE, 6.51 2.11 3.17 2.64 2.11 2.10
RMSE, 3.16 3.43 2.61 2.35 6.54 491
RMSE, 3.61 2.68 2.45 2.37 3.52 4.87
RMSE, 3.84 3.32 2.64 2.49 3.96 6.90
RMSE,, 4.39 1.69 1.99 2.29 3.23 423
RMSE 3.75 2.84 2.79 2.55 3.89 4.10
hrifE2E 1.05 0.44 0.72 0.46 1.16 1.30
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EAFAE 350 T W AR 0 AN et . 5 30 Y
s A AR B, 36 4 H ) T sk R o 2% X mT RE A
g TR BsF [ 2 K, 2 1 555 30 1 1 s v K L 81
A UK L 90 R AR DG [l i) S Bk A5 BT
A NEREF T3 . 76 K4 A b, 12.18.24 4>
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Fig.6  Arctic sea ice extent distribution (September report, adapted from SIPNEY)
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Fig.7 Predictions and errors from 2019 to 2022
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Research on multi-step prediction strategies of Arctic sea ice extent based on
Long Short-Term Memory
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Abstract: While previous researches have primarily focused on single-step prediction of Arctic sea ice extent,
multi-step prediction and strategy are yet to be explored. This study utilizes monthly average Arctic sea ice extent
data spanning from 1978 to 2022 and employs Long Short-Term Memory to implement multi-step predictions of
Arctic sea ice extent for the next 12 months using four strategies: Recursive, Direct, Multi-input Multi-output,
and Seq2Seq. The results show that a model input length of 24 months performs optimally. When compared to the
other three basic multi-step prediction strategies, the Seq2Seq strategy demonstrates superior accuracy in
forecasting Arctic sea ice extent over the next 12 months, with an root mean square error of 0.33 million square
kilometers.

Key words: Arctic sea ice extent; Long Short-Term Memory; multi-step prediction strategies; Seq2Seq



