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A traffic prediction method for a low earth orbit satellite network based on

parameter-optimized VMD and improved BiLSTM

TONG Yao'?, LIU Bo®, QI Xiaogang'~
(1. School of Mathematics and Statistics, Xidian University, Xi’an 710071, China; 2. Xi’an Key Laboratory of Information Network
Optimization and Mathematical Methods, Xi’an 710071, China; 3. College of Information and Navigation, Air Force Engineering
University, Xi’an 710003)

Abstract: Traffic prediction in low earth orbit satellite networks is critical for mitigating congestion and optimizing re-
source allocation. To further enhance prediction accuracy, a prediction method based on parameter-optimized variation-
al mode decomposition (VMD) and an improved bidirectional long short-term memory (BiLSTM) network is proposed.
The method comprises two core models: a parameter-optimized VDM model based on an improved sparrow search al-
gorithm (VPI) and a traffic prediction model based on an improved BiLSTM network (TPIB). In the VPI model, an im-
proved sparrow search algorithm incorporating Tent chaotic mapping and Gaussian mutation is adopted to optimize key
parameters for VMD, thereby improving decomposition performance. In the TPIB model, a self-attention mechanism is
introduced to enhance BiLSTM, enabling dynamic feature weight allocation for decomposed data and bidirectional tem-
poral modeling, thereby improving prediction accuracy. Experimental results show that, compared with the baseline
LSTM model, the proposed method reduces the mean absolute error (MAE) by 42.64% and 81.59% on the two real-
world datasets, respectively.

Keywords: low earth orbit satellite network; service traffic; traffic prediction; machine learning; variational mode de-
composition; improved sparrow search algorithm; self-attention mechanism; bidirectional long short-term memory net-
work
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Fig.5 Comparison of iteration curves of different al-
gorithms
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PERE ., HP Ll ec data Z¥E4E M i, TPIB 5 AU AH
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STM. BiLSTM-SE. BiLSTM-SA . BiLSTM #5 %!
RMSE 73 JI [ T 30.83% . 24.32% . 17.48%.,
3.14%. 3.12%. 3.12%, MAE 43 JIF& 1K T 37.36%.
27.63%. 22.50%. 4.43%. 7.37%. 4.19%, MAPE 4}
WIFEAR T 53.53%. 41.86%. 36.22% . 17.76% .
24.45%. 17.41%.
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Fig.7 Comparison of prediction results from different net-

work models
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Fig. 8 Comparison of evaluation indicators for different
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2.5.1 iH &k E I B MY

ik VPI-TPIB J7 125 A A 801 R0 T I 245
A SOR H 5 3 LSTM #5281 (519% 1), BILSTM
(B 1% 2). SA-BILSTM(% % 3). VMD-BIiLSTM
(%% 4). VMD-TPIB(%. % 5) A1 VPI-BiLSTM(%-
% 6) S IH Rl SL g 2 AT R LS . ec_data
o & AR BRI FR AR R 1 s, Hoh LSTM
A BILSTM 11 )2 B0 F5— B, 0O 5250 1 A B

F 1 ec_data PR EEEIFM S RIS b

Table1 Comparison of evaluation indicators of different
models in ec_data

To ALY RMSE MAE MAPE/%
Bkl 20.598 15.925 3.610
B2 17.548 13.047 3.027
B3 16.954 12.521 2.671
Hik4 14.426 11.836 2.085
B 13.117 11.412 1.856
Hike 12.138 10.565 1.769

VPI-TPIB 10.560 9.135 1.694
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Fig. 9 Comparison of prediction results of different mod-
els in ec_data
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Table 2 Comparison of evaluation indicators of different
models in uk_data

THm AR AR RMSE MAE MAPE/%
(A7 37.999 35.957 9.150
Fk2 14.071 11.428 2.747
Fk3 12.922 10.442 2.730
Hka 10.391 8.110 1.960
BkS 10.156 7.548 1.750
ke 9.631 7.139 1.648

VPI-TPIB 8.933 6.618 1.540
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Fig. 10 Comparison of prediction results of different mod-
els in uk_data

FH % 2 AT RN A SRS AR 7E A RS (W) 5040 4 B AT
REDRFR B W TONORG B o AH LE T 350 1~6, A
PEH 46 b5 RMSE 43 I FEIK T 76.49% . 36.52% .
30.87%. 14.03%. 12.04% Fil 7.25%, MAE 4 3] B A%
T 81.60%. 42.09%. 36.62%. 18.39%. 12.32% #lI
7.30%, MAPE 73 5l &K T 83.17% . 43.94% .
43.59%. 21.43%. 12.00% F1 6.55%.
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BT ' 0GR BT (gate recurrent unit, GRU)B Al
B[] 52 AR X 4% A AU (temporal convolutional network,

TCN)PT g o FHT B — F0000 52 A8 | [0 [ 450 908 3 A1E
i Transformer #5154 CycleLLH® P K 2ttt i) LSTM-
GRU R A& WU AL RLCY 47 %) e SL e o3 Ao Bk
TR S R e 2 T SCHIK [32-35] A R E 0, S
B RN 3 R
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Table 3 Comparison of evaluation indicators for different models in two datasets

S ec_data : uk data :
RMSE MAE MAPE/% YRt )/ RMSE MAE MAPE/% YIZRAT(a]/s
GRU 20.621 15.965 3.824 71.726 38.056 36.063 9.265 60.296
TCN 19.393 14.769 3.354 65.718 35.921 34.418 8.942 55.371
CycleLLH 13.418 11.620 1.988 85.966 15.428 12.583 3.135 72.965
LSTM-GRU 12.758 10.928 1.937 92.647 10.758 8.698 2.190 81.467
VPI-TPIB 10.560 9.135 1.694 88.969 8.933 6.618 1.540 78.536

ERPIIL TS S RAE

5 % 3 N TR B 4 B PN FE AR TT DL
FEAE T H A AL A, VPI-TPIB #5571 H A7 &858 (472 1k
e A A PR sE . P DL ec data UdE 42
), B A% F GRU, TCN, CycleLLH, 2 A9

LSTM-GRU #i % RMSE 4 B &K T 48.79% .

45.54% . 21.30% H1 17.23%, MAE 4> I AR T
42.78%. 38.15%. 21.38% #i1 16.41%, MAPE 4} 5| %
KT 55.70%. 49.48%. 14.79% Fl 12.55%.,

g A R R JCEE A B B0 25 R T AL, B — 1Y
GRU 5 TCN #i7#4 B SR AE %38 oL o 11 5 R &
PR PR R 09 B 5 OC 2R, (N 550808 19 0% 3l A2 Ak
Qb PEANE 7547, S ECR 228K, 7 TINORS B 5 i
CycleLLH R F 2 )2 B AL J5 B 38 A b 303
B 3 RE AR, {EL [R5 228 W B0 U8 sl R A S 0T D K
BEANAE S e da, A DL B4R AR S B0 ek itk
LSTM-GRU #& B 7 — & F2 B b A A1) T $& U U
B s, (AREE P 0 BE B 386 n H: 13 A Bk fe 5 3
e T ELE BB RE 2z, BRI TR A i —
LRI, MHEZ T, ARSCERE i ISSA B3E A
38 8 AL VMD FIgciE BILSTM, 7 &G4 B 1 %k s
FEAE, DR EASE A 00 A

Y HE 4 T Hb % HG VPI-TPIB #5581 RE, 2% 3
H g T AR g I 2R E] . 7E ec data KIS 4E
W, VPI-TPIB #% 5 Il 25 e [a] 45 e e 1Y TCN 5 AU
Wi 35.38%, fH RMSE . MAE #l MAPE 43 51| [
45.54%. 38.15% 1 49.48%., f1F uk data BHE4E T,
I 25 i B B4 10 41.84%, T = TR 2235 45 20 51 F F&
75.13%. 80.77% H1 82.78%., &34 4 A5 A ) F5T 0] 5
2 MR ], VPI-TPIB A6 8 HLA 5 v i PR 4 L
LTI A B
253 E¥ebk LI R

A T 8AE VPI-TPIB R ()& 1k, AR S %

SCHR [34), 385 1 JsL A i AR 91 v e ) e B BCHR
TE A [-0.2x,,0.2x,) 35 [ 9 B9 1 e 7 4 30, 5 R
RMSE , MAE [ 46 b5 AH Xof JC I8 75 I 14 1 7 15 1P
o FEAE AR, DATPAR AR R

W 4 PR, SR B0 0 1%, 5% .
10% I, PEAN 6 br 2 LA G BT, P2 B
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Table4 Comparison of model evaluation indicators with

different noise injection ratios in two datasets

W % ec_data uk data 2 T
RMSE MAE RMSE MAE HB1/%
0 10.560 9.135 8933 6.618 —
1 10.658 9218 9.015 6.673 0.9
5 10.922 9495 9352 6889 4.0
10 11.717 9.836 9919 7.123 9.3
3 4RE

ASCHE T BT ZE0 4k VMD Rk i BiL-
STM MR HIL T2 M &l 55 Ll 75 3% VPI-TPIB.,
TR R F P AL SRR - B SEE A VP AEA S
PLEE T ISSA Sk F 38 1 B HiE o0, B B sl vk
5 1) Ji R BN 43 i S 24 R AR ) A i, A )
F I SRR 2% ) B (0 AR AR B S FF TPIB 45
R SA T = )ALk R A R O B,
454 BILSTM P45 il gk 2 RUBE i e i o6 &R, B
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