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mate research, polar ecosystem protection, resource development, and international strategic interests. As a core indicator

of sea ice distribution, sea ice concentration (SIC) the fraction of a given ocean area covered by ice provides essen-
tial parameters for studying ice-ocean-atmosphere interactions. Improving the accuracy of SIC prediction is paramount for
refining global climate models, understanding the mechanisms of sea ice formation and evolution, and enhancing the early
warning capabilities for extreme climate events. However, existing spatiotemporal forecasting models, particularly those
based on deep learning, face two significant challenges that limit their performance. First, a substantial loss of high-
frequency detail information exists. Mainstream models, particularly those reliant on convolutional neural networks, often
use convolution and pooling operations that inadvertently discard fine-grained structural and textural details while reducing
computational load. This loss is detrimental to the accurate prediction of intricate sea ice features, such as edges and small
ice floes. Second, feature information is insufficiently utilized. Deep networks generate a wealth of rich feature representa-
tions at various intermediate layers containing crucial information at different semantic levels and scales. Relying solely on
the final, most abstract feature map for prediction, many current models fail to leverage these intermediate features,
thereby constraining the model’ s expressive power and its ability to capture complex dynamics. This study aims to develop
a novel deep learning architecture for Arctic sea ice forecasting; in this way, the limitations mentioned can be overcome.
The primary objective is to design a network that can robustly express spatiotemporal features by preserving multiscale infor-
mation and can efficiently utilize hierarchical features from all stages of the network to capture complex dependencies and
improve overall prediction accuracy. Method We propose the wavelet-based multiscale residual aggregation network
(WRANet) , which enhances a standard encoder-decoder framework with three synergistic innovations, to address the key
challenges in sea ice prediction. The cornerstone of our approach is the wavelet multiscale feature extraction module,
which is designed to combat the loss of fine-grained information. Instead of using standard convolutions alone, this module
first employs a discrete wavelet transform to decompose the input reversibly into distinct low-frequency (coarse structure)
and high-frequency (fine details) sub-bands. Then, this frequency-separated representation is processed by a specialized
multiscale convolution block , which uses parallel branches with varied kernel sizes to capture local and contextual informa-
tion. After processing, a lightweight pixel-wise attention mechanism dynamically recalibrates the feature map to amplify
important spatial regions while suppressing noise before an inverse wavelet transform reconstructs a feature-rich spatial
map. This mechanism complements our novel progressive residual aggregation structure, which tackles the problem of
insufficient feature utilization in deep networks. In this structure, the output from each feature extraction module is com-
bined not with the previous layer’s output but always with the initial feature map from the encoder. This approach ensures a
constant flow of foundational information and prevents its decay. Furthermore, instead of relying on only the final output,
the structure aggregates all intermediate feature maps produced throughout the network, thereby creating a comprehensive,
multilevel representation that captures a full spectrum of learned dynamics for the final prediction. The entire network is
trained end-to-end using the AdamW optimizer. Result Our model was evaluated on two public SIC datasets, the OSI-450-a
(global sea ice concentration climate data record, release 3) and the AMSR2 (ASI-AMSR?2 sea ice concentration). Our
training set covered the period from 2000 to 2010, with a validation from 2011 to 2015. We evaluated model performance
using four accuracy metrics: root mean square error (RMSE) , mean absolute error (MAE) , Nash-Sutcliffe efficiency
(NSE), and balanced accuracy (BACC), along with giga floating point operations per second (GFLOPs) to measure com-
putational complexity. Our proposed WRANet demonstrated superior performance against six state-of-the-art baseline mod-
els, including ConvL.STM (convolutional LSTM network ) , PredRNNv2 (predictive recurrent neural network) , SimVP
(simpler yet better video prediction) , TAU (temporal attention unit) , WaST (wavelet-driven spatiotemporal predictive
learning) , and PastNet (physics-assisted spatio-temporal network ). Quantitative evaluation shows that on the OSI-450-a
benchmark, WRANet achieved the best results across all accuracy metrics, with the RMSE, MAE, NSE, and BACC being
6.44%, 2.02%, 97.03%, and 96.96%, respectively. These results represent a significant improvement over all base-
lines. For instance, on the OSI-450-a benchmark, WRANet reduced the RMSE by 2. 33 percentage points compared with
ConvLSTM and by approximately 0.5 percentage points compared with the highly competitive SimVP and TAU models.
These accuracy gains were achieved with high computational efficiency, as WRANet required only 118. 09 GFLOPs; thus,

WRANet becomes more efficient and more competitive than other models. Additionally, our model demonstrated consistent
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state-of-the-art performance on the AMSR2 dataset, thereby confirming its strong generalization capability and robustness

across different data sources. Conclusion The WRANet network proposed in this paper successfully improves the capture of

sea ice spatiotemporal features and enhances the model’ s ability to model complex spatiotemporal dependencies by effec-

tively integrating frequency domain analysis with multiscale feature extraction and efficiently utilizing intermediate network

layer features. The proposed network provides an effective solution for high-precision Arctic sea ice prediction.

Key words: Arctic sea ice prediction; spatio-temporal prediction; deep learning; wavelet transform; residual aggrega-

tion; sea ice concentration(SIC)
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A SR P 48 AN TR TR BE (R D 22 i (5 8
W, ARSCR T T A s 22 R A AR . WK 1(a)
JI7R IS P88 i — W06 A5 2 i A
I RRAE 2 WL Ry SRR RRAE 1 2,0 BES , — 1 BROBCIR
B RYHIEEAR 2, , FEHARIGE A NA ER R RHAE 3
Ui P A% 0 i 2R i A v] R
h, =z, (20)
h,=F.(h, )+z, i=1,-N (21)
TERA AR YR S A R RS B
ety By AR, T2 4R 24 5 00 IR ) BERIVRAAE 2, £ 1T
BICRAM . XA SRR T I M E 2, R
PSR S BRI E A — MEE SRR HiES
53R — B BeryRRE 22 2], NI B AR T
FE IYF BANSTFIARS L3
SR B — 25 AL e % 22 25 H R[]
ARGERN S SRR B T A PRSI T R A T
56N WK EARE BT A B IR &
{hy, hyy oo, by VRS TERGE4E RS L HEITPRE R L — 1
HEZ 2GRN REG TR b, , 558 S —
BB TA R,
h,, = Concat(h,, h,,-, hy) (22)
TR PE E R 22 YR 5 e B BORRIE R A S
B ARG 5L 5 5% 2= M4 Z O X A . BEAMY
REA R IR TR )2 M 28 (5 B & 2% iR e L LA A 7E
fif b B 72 4 R FH DA 380 R 1 BT A AR A1, DA T 44 T e
2L PRI

2 XBERSS

2.1 BEE

A 3% 2% ) OSI-450-a %5 & &£ (Lavergne &
2019) 15 T Z AR IR . 12K S 0 th R LR 12
£ It & 41 21 (European Organisation for the Exploita-
tion of Meteorological satellites, EUMETSAT) F J& iy

VK 2 R 5t (ocean and sea ice satellite appli-
cation facility , OSI SAF) & A Y 4 RV pikcHe i e 5K
510 3% (climate data record, CDR) o 0SI-450-a ¢ &
A5 I [] 15 B2 36 42 4F T 3 1978 4F—2020 4F 1 % 22
LI B, 43 W% A 25 kmo S 5 R AR 4 1
P Z R AR © O A BRSBTS iz 8 Y
T3 DKM BB 7 b 22—, P N BRI T 5 Y
KRG B

AR SCHGAIE T WRANet 85D 1) A 00 1z 16 fE
Ty, T 1 T AN R A K 2 S A B AMSR2 (ASI-
AMSR2 sea ice concentration) 15 73 #¥ 2R A6 M 1 VK %%
AR BRI BUHE B B T GCOM-W1 (global
water 1) TL & 1Y
AMSR2 {4 A8 HHe 38 3k ASTSLTRALFRAE B, 43 B
243125 km (n3125 7% iy ) , 4% 24 NetCDF (network
common data form) . Akt 25 km B OSI-450-a 5 4}
£E , AMSR2 At HUH 4 b 21 11 9 UK 313 2% F1 K 8] 7K 18 25
GEM XPBERLER T R K . SEE SR S OSI-
450-a A ] (1) 23 75 =, B Do He AP
2.2 WS

SEEG Y, AR SCR H AdamW L4678 (Loshchilov Fl
Hutter,2017) , %% 2] Z8 # 57 0. 000 1, B 2S5
40.000 1. FIEFIA AR, R T4 H
UERiNE G TSk QTR | G O E R NNl i GV € S
(30 73 77 00 - I ZRAE AL 20004 1 H 1 H 22010
12 1 31 H a8, e LN 65 2011 4£ 1 H 1 H
F20154F 12 4 31 H A% . Al grad f b, ok
YIRS B 100, [F) IR AT T 2T 5 E4E | MAE
bR A A5 LR SR o R AT A R 3R s 5 K
R BA SRR TR AL BE ) B G 8RE , IX AR TR AL
PR o G 2 A Tz R R AT Y (i s A
2025),
2.3 XJEESRI AT

Sk 55 UE A SCARE 9 W R A Net 4576 78 b AR 1 K 75
AT 55 b B PERE R B, BB T 6 R B AR PRy ik
HERCHY EAT X LS50, A0 475 P 2 ik T P 45 F A A
I (ConvLSTM (Shi %, 2015) . PredRNNv2 ( Wang &
2023) ) Fl 4 2L T A8 PR 4544 (9 KL (SimVP (Gao
&5 2022) .TAU(Tan%,2023) . WaST (wavelet-driven
spatiotemporal predictive learning) (Nie %5 , 2024) il
PastNet(Wu 55,2024) ),

ConvLSTM it i K £ BRIz 5 5] A LSTM HIT N

change observation mission
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I, T 1 2 525 T I 2 5 A (A ) v
i 25 AE DG A [ I 245 . Pred RNNw2 G4 51 A
e S A S35 G A T TR IR S A 0 2% e R el T
R TR, I 2 T 1Y 2 ) AT i sl A AR
WA RE ST o SimVP UE] T AR FUIATE: 55+, T 0
1 DA RO Gl T U BR 2540 ) 1Y AR 76 P4
T ZE A R 35 B L 2 R B 5T A 10 B 0 2% 1 1R fE
TAU FF 6 1A K i 18] 732 25 7 ML) oz FH 3 s 22 S0 8
R AR A R % 20 285 b DG TR N ANA A 25 AN ] i 20 1Y)
TR DL A A PR R i O B i I TR OC R
WaST BT 17— AN [ —J 3 R A e, i 7031
AL S ()AL 4SS (] 8 A A A R 2 > SRR A
I35 B o PastNet 7R B - Sl b 5] AGE& A 7,
ARG TR A JR)Z Y BE B 90 0

S N A HERE VAL T RCALIMERE o ZE S AG
B 7 T, 2k B 2 48 X % 22 (mean absolute error,
MAE) #4575 #R 1% 22 (root mean squared error, RMSE) |
AR 230 (Nash-sutcliffe efficiency, NSE) P4 N -
1 UER % (balanced accuracy , BACC)/E MM FE 45 o
N T IR R AR LA A3 U . MAE B R
W 1 TN AL 5 S5 B WL 0 {1 22 ) ) 1 287 448 6 i 2%
RMSE i 2 J& e 0000 % 22 1 ~F- J7 S E AL AL AL,
FRAIE S B IR 22 O U MAE 5 RMSE X #351
Fabm , HARE ) AR 1 OIS B2 B = . NSE Jd
b £ 7 RO 5 LD =2 ] 7 s 2 B 7 2 VP A
B g DEBC R B, FLAEDBR T 1 2 W T 14 R A
BACC & — M PAl AR 25 (0] 37 03 2R BB I 9 F8H5 . 1%
o br B Yo il — D PB EE (ARWE 5 0. 15) 4%
i 2 1 T 7 A 37 64T —AE A AL B, BRI HC A
R A VK (B 15 “Teuk” (R 0) 1 Z It (7]
AT . BEJE T R S TS R 2 AN DT
BC A5 T B BOK AR 28 (1) B iR 2% . e,
BACC 3d K g 15 22 JEAT U9 — A b BEIE HT 1980 259%
fEmif+E] . Pk, BACCHE N (0, 1) BT 1, %
AF AR IR0 T DB 5 91 BT 1Y — 50 40 S T e oy
REMAL . 7RI T T, R LR s SR
(giga floating point operations, GFLOPs ) i} & #5 71 f1})
TR . X — LR BRI AR HE AU AT LK i iy
e AR R A T AR L 0 15 e i AR SE BRI
P ATRRIRTOR

N T APPSR A2 AP BE , 7 0SI-450-a il
AMSR2 B s L AT 1 AH [ A0S L S 3, S5 R N3k 1

ME20 xR AT LLEH, A SCHE ) WRANet 7F
RMSE .MAE .NSE #l BACC 25 it f5 S5 45 b1 B 1 8
AT H AT A SRR

®1 OSI450-a#IEE L AR A ER KA RITLL
Table 1 Comparison of experimental results of different
methods on the OSI-450-a dataset

RMSE/% MAE/% NSE/% BACC/% GFLOPs

ik ! Lot |
ConvLSTM 8.77 2.81 94.29 95.49 1526.26
PredRNNv2 8.51 2.70 94.66 95.78 3 200.50
SimVP 6.89 2.30 96.57 96.46 124.05
TAU 6.93 2.34 96.47 96.47 148.68
WaST 7.21 2.63 96.10 96.71 120.34
PastNet 7.29 2.56 96.07 96.46 119.52
WRANet 6.44 2.02 97.03 96.96 118.09

T I PR RIR 2 B RS R , | R BN, T RR
(E R M

®2 AMSR2EURE AR A ERILIRERITLE
Table 2 Comparison of experimental results of different
methods on the AMSR2 dataset
1%

WIR7S RMSE|! MAE|! NSET  BACC?
ConvLSTM 14.12 3.68 88.95 90.21
PredRNNv2 13.65 3.51 89.41 90.53
SimVP 10.85 2.89 91.58 91.42
TAU 10.98 3.01 91.45 91.31
WaST 11.45 3.38 91.10 91.55
PastNet 11.70 3.35 90.88 91.25
WRANet 10.19 2.58 91.94 91.87

T L PR RS A I BR AR EE R, | R BN, T RR
{E AR ML

NS B6 25 AT LA, WRANet 76 246 K 2 5045
b YR B S A . AR R 22 U7 1, RMSE
K3 6. 44% , MAE 15 3] 2. 02%, & 300 T 6 e 7 i
TE THKS B2 5 18T , NSE A1 BACC 435113145 5] 97. 03% Fl
96. 96% , ¥ b F LT X Ly o FeilER RN
& 1348 TR I AT R AR 51, AR SO ik
WRANet Ji& 3 H O 5 19 TR0 17 4508 SR BT
7 118.09 GFLOPs, #H# T 5 T E M 4549 1Y Conv-
LSTM #l PredRNNv2, RMSE 43 5] [ {i 2. 33% #il
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2.07%. 54 HTE et ARG S5 H AR SimVP Al
TAU fH I, WRANet ZEAR 3 T R Sy [F] B
E— 2K RS BE 32T T 29 0. 5%, X S50 4 1
FEATEAE T WRANet 78 U 1 vk F0AT 45 o (14 e
PERE
2.4 WAL

S BB A SO Y 5 A i PSSR 1 1
5 EHC20204E9 A 1 H—14 HAE M A% , f
9 H 15 H—28 H iz Il HAr. % B eI
WG R :20204F 9 A 15 H & 24 4F J0 A I vk 7 L 4F i
Tie/IMELH B H A o 38 2 b T R R A A T 5
SEBRE Y25 5« 210 3R Al DX, B A ERATAG X
Bl AT IR A SCESAEEE9H 15H 21 H

I ok [ st [

vk

128 H 34> SR ] 45 5 A DR 2E 7 R AE

AT RGP PEREXT LL , BE IO R B A LR
P F50I0ASE B ¢ BE T A PR 28 I 45 R A 1Y) Pre-
dRNNv2 BB HIEE T AR R PRG54 ) TAU B AL Dy B
M X PR 3 SRR T 2 AR vk T AT Y 3
AR . e MBI 45 R 5 WRANet 17 0]
BARXS L, W& 4 Bz, For, 2060 X e 7 Tl {
e TSP E (R i) i 6 X I3 7 T AP A T 5
e CEIMICA, ) o DAIET 4 7T DL E WL WLZE 5], WRANet
FR) TN 25 2R A i pK O 25 R0 o A b5 IS0
(ground truth) B 4230 . AR e AE UINAA 5 L S(H
(1 22 5 53 A0 [ CHD , WRANet X 9 152 25 X 35,
(AT R () 1 FRI B /N (B8 S 3, 2 O ) ff 2 {

R [T R

B WRANet

WRANet

PredRNNv2 TAU

(@)20204£9 H 15 H

WRANet

PredRNNv2 TAU

(6)20204E 9 A 21 H

PredRNNv2

TAU

PredRNNv2

(c)2020 49 H 28 H
K4 PONE S HSHE 2 5 B A s O
Fig. 4 The distribution of differences between predicted and true values

((a) September 15, 2020; (b) September 21, 2020; (c) September 28, 2020)
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FAK T PredRNNv2 A1 TAU B AT | 51 M 5 00 e ) 19
MPERE
2.5 HRRRIR

R T BRI /N 22 RS R S U B 5
Wk % 25 A SE R S L 7E OS1-450-a B85 4E
AT RS G . SCR AL FE 4 R . 1) T 4L
A1 55 LRI G A 78— IR S 454, i) B8 B 1 280
B TSR 22 B B 4 K TR E B R A8 5 2)
Vg LAY v ) 2 5 2 4 RO o AR SCR Y
/N 22 ROBEFEAE S OB e (R (R4 L e e & 1) 2R
GO  3) B ELEEHE S R A T Ry it
B 25 B G AL, T PN ) R AR B SRR T 8 S
BT AR ] ) 2 55 2 4 U 5 4) R SC 58 S A58 ( [R] Bf
B /NI 22 RUBE R AIE 41 BURSE B 15 0 0 o 2 TR 45
F4) o [RIAE R, T8 ol S 560 5 T RMSE \MAE \NSE F
BACC % ZHUCHEVEREFE R, 25 R AR 3 o . W LA
B B N 22 ROBE R IR OB B i, MAE
PN 2. 57% FéE 22 2. 28% , 2 B H X /35 4 40 15 B i 32 A
A4 T T R 25 RS A5 Rl BACC 2 T 0. 41% (DA
96. 11% F+ 2% 96. 52%) , EDUE T H AR AL RFIE — S0k 1)
RE 1. WIEIO4E A NSE F8 45355 97. 03%, M4 T
FETMERT T 0.97%. B LR T 2 RERHIE
il 55 O AL SR e ) DR R A 3

F3 IMNE S REFERIBERIEHKXE
REEHHMIBER
Table 3 Ablation experiment results of wavelet
multi-scale feature extraction module and progressive
residual aggregation structure
1%

2 2 g Rl\/iSE M/fE N?E BATCC
FT ML 745 257 96.06 96.11
+/NIE 2 RIS 6.58  2.28 96.93 96.64
Tk 25 IR G A 6.68 228 96.79 96.52
%E@i@%ﬁgﬁwﬂﬁ% 6.44 2.02 97.03 96.96

VE PR FRR SR 2R, | FoRHB/INBSE, T 3RoR
{EAR ML

Oy S /N AR AR Y P A R, AT T —
TUHRATIE . R e B — RS BR 1 /N AL A
B RRA AT L . BEBR IR BRI RE I

23 [l Sl B BUREAE , 1 T3 R P AR b A5 8 . 52
A5 SRR 4R R/ AS B LU , RMSE
0. 13%, MAE |- F+ 0. 2%, NSE T~ [# 0. 24%, BACC
B 0. 22%. PRI, /0N 28 46 B A A A5 4 TR OG 2k 1 A
BRI S, X T TR (74 3 AR TR RS A
BRHE,

T4 INETHERLIER
Table 4 Ablation experiment results of wavelet transform
/%

[ £ 4k H4) RMSE] MAE] NSET BACCT
IINE AR (wlo) 6.57 2.22 96.79 96.74
SEREAR Y 6.44 2.02 97.03 96.96

T L TR R A S e 2R, | FOR(E MV, T R
{EARR S

RS ER ER T BB A R R I 58
B RR BR I TIH RS . R SR, BERIZ
REBE MR P BE AR FIr A PEAE FE b L3 B R R
RMSE # /i1 0. 16%, MAE 4 /i1 0. 15%, NSE T [%
0. 13%,BACC FFEO0. 22%., %%t—FMEfiPERE T I%
L AT WS RE S =WAL 8= O o iowaw . RIVS B
HER I 0 A R

R5 BERITENEHEHMIWER
Table 5 Ablation experiment results of pixel-wise
attention module
1%

[ 24 45 RMSE| MAE| NSET BACCT
2

giﬁ/&)“ﬁ 6.60 2.17 96.90  96.74
w/0

SRR 6.44 2.02 97.03 96.96

T LR R A SN B R, | FORMEMUINESE , T F0R
{E AR B

3 &

b Xt A AR 98 VK 2% B B T A P ) A, A S
BT IRSE I T /N 22 IR % 25 8 A A Vg vk i) )
2% WRANet, 750, $2 T /N 22 RO FRAF 32 Bt
B, BT HARR AT BE 7 (4 B BN B ) IR 45
B 22 R B BRI 30 18 78 5 AE 32 B 2 o X 43 Ak
B, DLSE SO e A0 A0 T FDARAT 46 B R 1 118 7840 12 B
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FEA TR T o SR, T B i % 25 R A 4 43 i
R A N 2 R T2 A 3 b A [R) B BB ) o ) R A
L SR E T RRECE R RV RRAE 2 G b i S EE Bh A
5B B T BRI & 4 25 O OC 3R 1 AR e )
B SEZSINRRIEVE RN

A SCHEZNTF ) 0S1-450-a Fl AMSR2 T vk 503 42
b, il i RMSE, MAE, NSE, BACC 45 Z /STt 45 b5
X S 5 235 5 58 BV RN 43 BT, 235 000 15 2 T AR Ak
g R T A SCT AR Y WRANet (975 250HE A A
X IR B LR . FE PN IERN 43 HE R R [
RS LU T — 8 e S R, el T
JUT AR TR () B R PR N R B Iz AR RE T, R ks R
e T VKT P T AT FE A e R

AR S T2 R AR T A AT 2 S o A e
AT R A T KRR AR BE TN o ROk AT Ak SRR R

WRANet B T 5K 109 14 S0 AT 55, skl & 5 20k
TR CUNHE 25 20 2R () SAR KUl Vi 3 2 0 K
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