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Abstract: Accurate short-term prediction of ionospheric Total Electron Content (TEC) is critical for satellite
navigation, communication, and space weather monitoring. However, existing methods often struggle to
effectively extract nonlinear and non-stationary features from TEC time series, and their robustness deteriorates
significantly under geomagnetic storm conditions. To address these challenges, this paper proposes a novel hybrid
prediction model that integrates Wavelet Neural Network (WNN), Long Short-Term Memory (LSTM), and a
composite attention mechanism, denoted as WNN-LSTM-Attention.The proposed model operates in three
synergistic steps. First, the WNN component decomposes the input TEC sequence and extracts local multi-scale
features, capturing transient variations and high-frequency details that are typically missed by conventional deep
learning models. Second, the LSTM network models long-term temporal dependencies, effectively learning the
evolution patterns of TEC over extended time horizons. Third, a composite attention mechanism—comprising
temporal attention, feature attention, and wavelet attention—adaptively assigns importance weights to different
time steps, input features, and wavelet decomposition levels. This mechanism enables the model to focus on the
most informative components for each prediction step, thereby achieving effective feature complementarity and
optimization.Experimental evaluations are conducted using TEC sequences derived from the Center for Orbit

Determination in Europe (CODE) global ionosphere map grid products. Data are extracted at the geographic
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locations of seven GNSS reference stations distributed across different regions of China, covering diverse
latitudinal and longitudinal zones. The model performance is benchmarked against standalone LSTM and WNN
models, as well as other baseline methods.Quantitative results demonstrate that the hybrid model achieves an
overall Root Mean Square Error (RMSE) of 1.19 TECu, which is 48.7% lower than that of the single LSTM model.
Keywords: Total electron content of the ionosphere; short-term forecasting; Wavelet Neural Network; Long

Short-Term Memory network; attention mechanism; geomagnetic storm
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Fig.3 Network architecture diagram of the combined model

2 EWEREMT
21 BB SHERALE

A SCIRER I EFLH L CODE (center of orbit determination at Europe) $2fitH
2016-2018 FEEERHLESZ TEC s, W2 #HEN 257 X5° X1h, EFiEXEL
A~ GNSS WLk A7 B R XA 2 (A4 1 77 ik AP R IRl TECAE . S iE A Y
TEARRZAE M PERE, PSR — 4K, L 2016—2017 581125
2018 SEHAR IR 5 —4UNRERFEIHTN, LS REER AR AT 70%I BOIZR. Ja 30%0h
BOWA, BT TEC 4835 48 fa ORI sk 3t . ol g /=, ™ 5 S A
o, ARSCEFEREIEHEAT T /N 200200, & 4 R N R R, R “dbe” /NI
B O J5E TEC FPAIRET 6 =0, A Ja X E v U 55 0 B8 8 e 2800) &% = 4015
FRECHAT PERR AL B, PN AR B RS RS AEMEEAL b, R A
O 5 A S ) SRR R 25 A AT A, AT TR BRE 2 M P AT AR
W E, BB T DR A S )3 SN ] A R T B ST R A A
o BIBL 168 /NF (7 KD B SERAE RN, FEIAK 24 /hiF (1K) ) TEC fH.

Original
signal

Determine the wavelet basis
function and the maximum
decomposition level

v

Wavelet
Decomposition

\ 4 A 4
High-frequency Low-frequency
signal signal
Threshold
denoising

Signal
Reconstruction

/ Noise reduction /
signal
P 4 /Nl iRt ]
Fig.4 Wavelet Denoising Flowchart

2.2 FEE RN IR

NEEIE WNN-LSTM-Attention #E 7 7E B )2 TEC AL, AT ZA T 5

LSTM 45 25 F5 R AT WNN #1258 W2 AR 34T Eb i . PSRRI TR 2% (RMSE)
% (Bias) « “‘FH4NHRZE (MAE) FIPFE4a0 H 7 iR (MAPE) & 70 F:

ha .
RMSE = ;;(y,-—yi) (%)



) 1 n R
Bias = ZZ(%‘ =) (6)
i=1
I~ .
MAE ==% |, =7, 1(7)
i=1
DByl
MAPE =100x==L"_~ "~ (§)
n

o g, AT, y, B, AT, R .

23 HHBHREGR

231 FEIEFRGER O

B JZ TEC WAT EEZ KB sh BHARIZEY . B B X RS sh s . AR
i 4L Dst Al KP 485002404 B T RAT i B . IRIEE | RS HIRIE bR TE %L
Dst /A=A 59RGEE . PR RRR .

®1 BRIAH%
Table 1 Magnetic Storm Classification
Dst #8%unT -50<Dst<-30 -100<Dst<-50 Dst<-100
MR B SR 59 i G

ARSCEIE N 2018 FHIHEL TR %L Dst I KP F88U/E 4T, $REUCH 35 MR, 761X 35
ML IEICE 4. 16 17 AR ISR . THERM S . B 5 sl i
BARRIE IR T, FERRFHEF, SRR EUFEF. K8 A 28 H
12:00 2| 8 H 29 H 13:00 N5 FAF:, H/) Dst H-43nT, K KP K 2.3; EH4 H 19
H 18:00 2] 4 J 20 H 17:00 A #EFEHEA:, /N DST ~-78nT, # K KP N 6.0; EHL 8
25 H 08:00 2 8 J 28 [ 09:00 Fysmtii &4, /) DST J-176nT, &K KP N 7.3.

(a)2018 DST Index Time Series

L
-100 P

DST Index /nT

DST Index

L
01 02 03 04 05 06 07 08 [ T 1 12 01
(b)2018 KP Index Time Series

KP Index
ES

¥

o

01 02 03 04 05 06 07 08 09 10 11 12 01
Month

Kl 5 424F DST #5501 KP #5 2 s) &
Fig.5 Annual DST Index and KP Index Fluctuation Chart

X T AN [ A 0 T AR ST BEAS 38 70 BT 7R ] MAE AR N TR s R v Al Fa 4



K 6 JEEL T ANFREFE T SR . BT st Rt £ BAmns, 44
R R I, P35 MAE 5 1.8787 TECu, # LSTM HE7! A1 WNN A7 73 il SEEL T 21.1%
U 121% MR Z AR, $Em 7 R . EARIREER S 40T, AR U aE SR
BEER, EPEURAEET, P MAE 518 2437 TECu, kBT 550 E RIS T
HE R 4 SS90 B4 ROP AR 28 2.0489 TECu, TRMIAEGI A4 1M o bl 2 41
TH AR R I PERE, 122N 1.9009 TECu. % t, WNN AT LSTM 7£55
Tk AN P 25 R R 2 A T A0 BIEAS 14.8% A0 12.4% 10503k, (BAE SRR RIS T oA R, F
B RN 9.6%, PRILHIALS WNN TER A B 25 Z Pl iy (s B k. Mtz T, dE
BEAUTE BT WG 0 N 3 SE L T R 5T, R 7R SRl 2 T I SO R L 2] 28.2%,
EREd . S9MER M T BISEE T 19.3%F 15.8%M e, HTF 1 % Wi 25 8] KA 5
PR IE SRR EFR I, ks B2 2 (R PR 58 U AN S R ISR 1 S A T SE IR R SCHE

MAE Comparison of Different Models Under Different Storm Types (3D Bar Chart)

MAE /TECu

o s 1 15 2 25
MAE /TECu

Bl 6 AN AT 3 2% MHAR AR MAE % EE
Fig.6 Comparison Chart of MAE Values for Different Geomagnetic Storm Conditions

2.3.2 AR X = FE B e FRxTEE

24 3FEERILE 7 AU TEC k4 1 RSME. MAE Al Bias FIH St 1145
o WNN-LSTM-Attention # 4! f#) RMSE 1%/ 1.19 TECu,ifi LSTM #%44ff] RMSE 5 2.66
TECu, WNN #& ) RMSE & 1.89 TECu, 5/5HIMNMERAHEL 735 T 7 1.47 TECu #
0.7 TECu, UPHHAGHRMEHIELF; fE-FI4a0iRZJ71H, WNN-LSTM-Attention 15 %4
AT AP B IR, Py DAAH G A S S AE RIDL & 6 1) s B A P2 A /0N 5 0 T 7 A
RUFHEL 7375 P& T 1.2 TECu F1 0.69 TECu; fEF#3fkZ%E /7 TH, WNN-LSTM-Attention 557!
MR, FHWZEHN 0.16 TECu, i LSTM Hl WNN B8 (KF w2, N 1.22
TECu #1 0.48 TECu. K&l 6 EINEMHIEIL 7 ARBALE 74 GNSS WLl sG I gExf b, IR
IREARE LSTM ALY, 21 A0 WNN R, 44 € WNN-LSTM-Attention #£7, 1] L)
W2 /& ] WNN-LSTM-Attention #%I7E RMSE. MAE Al Bias &/, ZiatEfe L
it o

%+ 2 R ERIEMEST R
Table 2 Site Model Metrics Statistics Table

STATIONS BJFS LHAZ WUHN URUM KUNM CHAN SHAO
LSTM 1.94 3.30 2.48 2.02 3.40 1.81 2.76
RMSE  WNN 1.29 2.23 2.00 1.59 2.72  1.51 1.91

ZH A AR 0.76 1.36 1.42 0.82 2.03 0.66 1.34




LSTM 1.56  2.56 1.93 1.57 2.61 1.45 2.22
MAE  WNN 1.02  1.65 1.54 1.19 2.10  0.86 1. 49
HARR 0.56  1.03 1. 11 0. 59 1.51  0.49 1.00
LSTM 0.51 0.77  0.89 0.75 1.79  0.58 1.08
Bias  WNN 0.26 0.34  0.56 0.31 0.96  0.27 0. 69
HARH 0.05 0.27 0.45 0. 04 0.12 0.03 0.22

(a) RMSE_comparison

RMSE/TECU
)

o

LHAZ WUHN URUW SHAO
(b)MAE comparison

DN
= i

MAE/ TECU
£z

00 LHAZ WUHN URUW

(c)Bias comparison

BJFS LHAZ ‘WUHN URUW KUNM CHAN SHAO

N LSTM . WNN mm WNN-LSTM-Attention

8] 7 B9 92 X AS [R5 45 o L P
Fig.7 Comparison Chart of Prediction Metrics for Different Models in the Study Area

2.3.3 ERHEERTRGER AL

Kl 8 A VUZETRIAR o0 LU o 2350 i iR IR AR R R B % DL — ANl 5ON
Fee, MAMESH 2 A BAE RAINZE, 4752 MAE. RMSE. MAPE Fl Bias & 26 £ 4%
AR, #2016 G 2017 FHIEIRIEAT IR, FH 2018 4 HEHEBEAT FUN . VRIS R
O “1-8EbME” B — W77 AT R, B DADO AR bR PG T 1 8 B 52358 43 T AR R AR SR
PEREBRATF . BIFPIE AR LSTM LAY, ARt Rk WNN AL, ZRea 128 03R WNN-
LSTM-Attention # 7!, 7EHZ, %M MAE A 0.1152, M LSTM #2714 95.6%,
MAPE & 10.2818%, TRl ER E; R 2%, MAPE ik 10.2188%, {4 FINRH i if ;
TERKZE, WNN-LSTM-Attention #:% RMSE iA B &K 1.0173, TG E Hemy; XS
Tl LB SRR A B Pk, MAPE AHX & s, EAILT Hh A . 5T MAE J71f, HAH
RIZE MAE f8%5 FEAHEL WNN $27F 87.6%, MAPE f8Fr12TF 32.0%, HFRUAEZER T H AR,
TRINEEARE o« FE MM o A R0, KRN NI T 2=, & Ri Bpkdkte, T
G2 B T R I AR E, AniEZN 0.1363. fmZEFFPEJT T, LSTM ik f7
TEIEMZE N 0.7391, WNN 237 {2 95°5-0.5333, 1l WNN-LSTM-Attention fi % /s
790.0393, FAUEM TIZH SRBEA R %0 T LR Re RSt N TP A
[H B3I PR TN OR, B 7 [ XA A fE (53°50'N,122°37'E) F Bt H
ZHE (30°5317'N, 114°3570'E) Fmiul, fREFE (18°34'N, 109°62'E) K= WuifEAA]
ARV ZET R . B o~ 12 il pide. B Bk &P, RiEE SRR
TR A FEAE A2 LR BRI IE B2 72 /N TEC SZlME -5 P g h £k . B BoR,
L BEAE A 22T 1 TN it 2 5 FL At Y0 h R AR L S SEE M) A T AF . PR EE REGHIE T H S
MERIAEAN LR B . AN A ZE 460 T B RAFTNGE /), #E— DR 7 HAEA LR AN A 2=



T HIRRE AT FEE

Fig.8 Comparison Chart of Spring, Summer, Autumn, and Winter Model Prediction Indicators

4 LSt
25 g g v
5
Q20
e
s
=

10

5

Dayl 0Oh 12h Day2 Oh 12h Day3 0Oh 12h 24h

TEC (TECu)

Day1 Oh 12h Day2 Oh 12h Day3 Oh 12h 24h

TEC (TECu)
N

Day1 Oh 12h Day2 Oh 12h Day3 Oh 12h 24h

(a) Spring

MAPE MAPE

[-— LSTM -+~ WNN  —— WNN-LSTM-Attention |

Kl 8 5 B KA TIN5 b ) L]

Spring
(a) Low latitude

—— Tne
—e Hybrid
—a WNN

(b) Mid latitude

—e Hybrid

—— e
3 —e Hybrid

W
s K - J 4o LSTM

<

Time (h)
B 9 B AR A L RAT T 45 R
Fig.9 Spring Sampling Prediction Results Map at Different Latitudes



TEC (TECu)

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h

Summer

(a) Low latitude

(b) Mid latitude

P R —— Tre
— Hybrid

=
9]
|
e
|®]
|
=
Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h
(c) High latitude
=
o
5]
=4
1}
5|
=
Day1 Oh 12h Day2 Oh 12h Day3 Oh 12h 24h

TEC (TECu)

TEC (TECu)

TEC (TECu)

Time (h)

P 10 B 2= [R) 4 B R A PN 2 21 5]
Fig.10 Summer Sampling Prediction Results Map at Different Latitudes

Autumn

(a) Low latitude

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h
(b) Mid latitude

=

=

=

S

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h
(c) High latitude

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h
Time (h)

P11 B AN [ 6 LR A 00 2 2R ]
Fig.11 Autumn Sampling Prediction Results Map at Different Latitudes



Winter

(a) Low latitude

TEC (TECu)

AT

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h
(b) Mid latitude
..

TEC (TECu)

X y
Dayl Oh 12h Day2 Oh 12h Day3 0h 12h 24h
(¢) High latitude

TEC (TECu)
A e o u w e

Dayl Oh 12h Day2 Oh 12h Day3 Oh 12h 24h

P 12 A& Z= AN [ 2 LR A T 25 R ]
Fig.12 Winter Sampling Prediction Results Map at Different Latitudes
234 AREARF A RMSE SfEL

N T B FOZ A SR AN A G BTN AR AL . B 13 DABTFEIX 12 A
RMSE XFHEEE R B 226K LSTM i, St ek 003k WNN B, ZRinsisx
& WNN-LSTM-Attention #7. HARAIFE T LSTM BRI WNN ALY I H
R B0 fE LA, HABRETE 12 AT &LF, M LSTM AR
T 89.5%, A WNN MREEK T 31.9%; 1€ 3 AHURCRARX ABIE, HLk LST™M
RRRAY AR 21.7%,  FHEE WNN BB PR 19.5%, (H & S ARHGR R IE 52T 1 ks
FEo Hrifr T Aot X K KUNM 36 508 Oy %, LSTM #EAY [ RMSE ik
40.8282, WNN #84y 3.4481, IMRAKAEE— DR 24224, M WNN B K
T 29.8%. X —HIETEMIL RS 1 H S HRAE B IR mi RO N AR . N AR
TIHE, HEERIEAT A O SaEIC IR, AL LSTM RAY BEARIE AT ik 85-90%.
XRINR A B ARFAT T BA A E N, 25 Epnd, HEHAAE GNSS
IS [ 7 50 T o R B AR EA, AL LSTM A AUECARRE BEFE T+ 78.3%, #HEL WNN
BERVPETE 15.5%, NEEE GNSS Bdl ab 44 T H 8N 77 % .



(a) BJFS (b) CHAN (c) KUNM (d) LHAZ

300 300 70
80 250 250 60
So0 g0 00 g0
& & 150 & a0
< < < 150 <
=40 = = .
100 100
* w *
50 50
10
1 2 3 4 5 6 7 8 91011 12 1 2 3 4 5 6 7 8 9 1011 12 12 3 4 5 6 7 8 9 1011 12 1 2 3 4 5 6 7 8 91011 12
Month Month Month Month
(¢) SHAO (f) URUM (g) WUHN
1.
300 120
100
250 100
— 80 _ P
S <200 g %0
; °© E)su ; 60
s s s
4 100 40
* N e 50 20 W
e e A )
1 2 3 4 5 6 7 8 9 1011 12 12 3 4 5 6 7 8 91011 12 12 3 4 5 6 7 8 9 1011 12
Month Month Month
—e— LSTM WNN —e— WNN-LSTM-Attention
»e — He
B 13 B XA A H 34578 RMSE % EEIE]
Fig.13 Comparison of Model RMSE in Different Months for the Study Area
&
3 5

ARICEHL 2016-2018 -] CODE HL 25 2504 b AT 5200, WO 3T /N e PR e T Ak 3
KW E INERETEEEEAIPGIRE T /N T LSTM 075 140 i e 71,
7T WNN-LSTM-Attention ZHA AT TEC. AR AE A5 LA R ZET
T, HHMEEEE WNN Al LSTM FEALHAT 0 b, S5 5REIR: WNN-LSTM-Attention #5754
IR R BRI v Re, Bt RR, FralR e SRR ARG TSRS, B
MABRIEREME . T TEC RMUZMMBNE SN, B2 2E MR 5] J1ii%%
BRIz, FF HAEA RN 23 ) 264 N 3T IR AEE AR e P, B TR I 138
AN I BEORAFAE PIFRORE BE T B 1) 1 i, w2 fsl FH B8 22 () 5008 2R A7 I 2 DA o X 4% 1032
P, B RBHR 5] 713 SR 2 00 N BB I b DAFE i 00 PR v A

SE
[1] HUANG Can, LI Junyu, LIU Lilong, ef al. Application of improved model based on LSTM in ionospheric TEC
forecast[J]. Chinese Journal of Space Science, 2025, 45(5): 1256-1264 (&1, ZRIE=F, X2, &. £T LSTM H2
HRE A ER TEC HURP RN AU ZEBIFFR, 2025, 45(5): 1256-1264)
[2]XIONG P, ZHAI D L, LONG C, et al. Long short-term memory neural network for ionospheric total electron
content forecasting over China[J]. Space Weather, 2021, 19(4): €2020SW002706
[3]JHUANG Jiawei, LUTieding, LU Chunyang, et al. Application of empirical wavelet neural network in short term
prediction of ionosphere TEC[J]. Jiangxi Science, 2020, 38(6): 872-876, 908 (E{E1H, B E, EFM, &. L%/
HEAMLER BE TEC JZHATUN R A]. STFEREE, 2020, 38(6): 872-876, 908)
[4]RAZIN M R G, VOOSOGHI B. Wavelet neural networks using particle swarm optimization training in modeling
regional ionospheric total electron content[J]. Journal of Atmospheric and Solar-Terrestrial Physics, 2016, 149: 21-30
[SJJEONG S H, LEE W K, KIL H, et al. Deep learning-based regional ionospheric total electron content prediction-
long short-term memory (LSTM) and convolutional LSTM approach[J]. Space Weather, 2024, 22(1):
€2023SW003763
[6]SIVAKRISHNA K, VENKATA RATNAM D, SIVAVARAPRASAD G. A bidirectional deep-learning algorithm
to forecast regional ionospheric TEC maps[J]. IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing, 2022, 15: 4531-4543
[7ISHAIKH M M, BUTT R A, KHAWAJA A. Forecasting total electron content (TEC) using CEEMDAN LSTM



model[J]. Advances in Space Research, 2023, 71(10): 4361-4373

[SIMAO SN,LIHY, ZHANG Y B, et al. Prediction of ionospheric electron density distribution based on CNN-
LSTM model[J]. IEEE Geoscience and Remote Sensing Letters, 2024, 21: 1003305

[91TANG J, XU L, WU X Q, et al. A short-term forecasting method for ionospheric TEC combining local attention
mechanism and LSTM model[J]. IEEE Geoscience and Remote Sensing Letters, 2024, 21: 10001305

[10]ZHOU Yong. BP neural network optimization method based on wavelet basis function[J]. Geomatics & Spatial

Information Technology, 2024, 47(8): 221-224 (B &. ET/EE R H BP HEM KA LT R[] Wi 5= (ai

TH{Z &, 2024, 47(8): 221-224)

[I1JGHAFFARI RAZIN M R, MORADI A. Temporal extrapolation of TEC using WNN during 2007-2018 and

comparison against GIM, IR12016 and Kriging[J]. Advances in Space Research, 2021, 67(5): 1546-1558
[12]JGHAFFARI RAZIN M R, VOOSOGHI B. Modeling of ionosphere time series using wavelet neural networks

(case study: N-W of Iran)[J]. Advances in Space Research, 2016, 58(1): 74-83

[13]LIU Xiandong, SONG Lijie, YANG Xiaohui, ef al. Predicting shortdated ionospheric TEC Based on Wavelet

Neural Network[J]. Hydrographic Surveying and Charting, 2010, 30(5): 49-51, 55 (X5E%&, RANK, 1H00E, & &
TNEHEMKH R EE TEC RHATURD]. /B34, 2010, 30(5): 49-51, 55)

[14]MA Hui, LIAN Yuqing, XU Nana, et al. Short-term ionospheric TEC prediction based on long short term

memory network model[J]. Optics & Optoelectronic Technology, 2025, 23(1): 61-66 (GIE, BEM{S, (R, &. &

TRIGHICIZNER B NIRHRR EE TEC FUN]. St# 558 B A, 2025, 23(1): 61-66)

[IS]WANG Chaoyu, YIN Ping. Attention-enhanced TCN-STT model forionospheric TEC prediction[J]. Chinese

Journal of Radio Science, 2025, 40(6): 1146-1153 (F#5E, FH. BINEZ HHHIN TCN-STTEHEE TEC A4
FUMARRI[T]. BRI 4R, 2025, 40(6): 1146-1153)

[16]DONG Linfeng, MA Jie. Bearings composite fault diagnosis based on CEEMDAN-wavelet hybrid features and

spatiotemporal attention CNN[J]. Journal of Beijing Information Science & Technology University(Science and
Technology Edition), 2025, 40(5): 61-67 (EMIE, I3E. EF CEEMDAN-/NE R S4FE SR /F2 1 CNN A%

AEEME I EREE R R FFIRBARZHR), 2025, 40(5): 61-67)

[17]LIU Haijun, LEI Dongxing, YUAN Jing, et al. Ionospheric TEC prediction based on attention-LSTM[J]. Chinese

Journal of Geophysics, 2024, 67(2): 439-451 (X;BZE, EHRY, mEs, & ETEE IV LSTM 198 B2 TEC

ST, HbIRIEZAAR, 2024, 67(2): 439-451)

[18]WANG Jianmin, XU Chi, QI Xiangqian, ef al. Prediction of ionospheric total electron content by combined

model[J]. Journal of Navigation and Positioning, 2023, 11(2): 166-175 (EE8L, 18R, #B[@Fl, &. —FhHA SR
B B2 S T A BTURED]. SAUERIAIR, 2023, 11(2): 166-175)

[I9TWANG Shujuan. Combined ionospheric TEC prediction model based on wavelet denoising[J]. Beijing Surveying

and Mapping, 2025, 39(9): 1318-1324 (Li48. HET/EERAIE BE TEC HETUNER[]. L5 4, 2025,

39(9): 1318-1324)

[20]YANG Genxin, YANG Jinyin, XIE Zhengming, et a/. Prediction of ionospheric TEC using wavelet denoising

and timeseries methods[J]. Geotechnical Investigation & Surveying, 2025, 53(11): 52-57 (%1R#, 144458, WL AR,

& BTN R E A7 M BB B R TEC T[] TAZHEE, 2025, 53(11): 52-57)

[211XU Luxin. Application of optimization combination model based on wavelet denoising in dam deformation

prediction[J]. Geomatics & Spatial Information Technology, 2025, 48(10): 181-183, 187 (fREEAX. B TF/IVE KR

RALHESER RN TN A L5 =EHmIRE R, 2025, 48(10): 181-183, 187)

((Eaiiply

—fEE B, 2, 2000 AT AT, HEAREL TR S 2 st BEAE 2 A B
FEeE Tl e P o -2 O WA CIVS R Y e G TR DR



MR XS, B, 19744 A TWIRGA G, BUHERRELT K I a0 2
GRS GNSS HAR KR BT 5.




	0引言
	1  模型算法原理
	1.1小波神经网络（WNN）
	1.2长短期记忆网络（LSTM）
	1.3复合注意力机制（Attention）
	1.4 WNN-LSTM-Attention组合模型

	2  实验结果与分析
	2.1数据源与数据预处理
	2.2 精度评价指标
	2.3模型预报结果
	2.3.1 不同磁暴期结果分析
	2.3.2 研究区三种模型指标对比
	2.3.3 春夏秋冬模型预测结果对比
	2.3.4 研究区不同月份RMSE对比


	3  结论

