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Bi-EMamba: A Mamba-based prediction model for ground
currents in high-voltage cable

Zhou Jing Dong Hui Liu Xin Tang Zhenyang
(School of Control and Computer Engineering, North China Electric Power University,Beijing 102206, China)

Abstract: Ground current in high-voltage cable systems serves as a critical indicator for ensuring operational safety and
stability. Accurate ground current prediction is crucial for fault prevention and enhancing grid reliability. To address
the limitations of traditional time-series prediction models in terms of prediction accuracy and computational efficiency,
this paper proposes a ground current prediction model based on the Mamba architecture, referred to as the Bi-EMamba
model. Through a spatiotemporal dependency encoder, the model effectively captures long-term dependencies and
spatial correlations in multivariate time series while maintaining high memory efficiency. To address the challenge of
non-stationary data, the model incorporates Reversible Instance Normalization for data normalization and employs
hyperparameter optimization to further improve prediction accuracy and generalization capability. Experimental results
based on a dataset from a high-voltage cable line in Beijing demonstrate that Bi-EMamba outperforms existing
benchmark models across various prediction horizons. Notably, in long-term forecasting scenarios, it exhibits superior
generalization and computational efficiency. Compared to the current state-of-the-art model, iTransformer., Bi-
EMamba achieves a 6.52% reduction in Mean Squared Error, a 3.21% reduction in Mean Absolute Error, and a
29.49% reduction in memory usage.
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Bk 1. EMamba Block AY 5231
Algorithm1: Implementation of EMamba block

Input: Patch-wise token sequenceE, : (J ,M,D)
Output: E, : (J.M,D)

1x:(J.M,D) < Linear* (E,)

2z:(J ,M,D) < Linear®(E,)

3x":(J M,D) < SiLU(Conv1D(x))
4x":(J,M,D) < Dropout (x”)

5A:(D,N) < Parameter®

6B:(J .M,N) < Linear® (x")

7C:(J,M,N) < Linear(x")

8A:(J ,M,D) < t,(Parameter® + Linear* (x"))
9A.B:(J .M,D,N) < discretize(A,A ,B)

10 y:(J ,M,D) < SSM(A,B,C) (x")

11y :(J . M,D) <y ® SiLUz) +x’ ® (1 —06(z))
12E,:(J ,M,D) < Linear” (y")

13 return E,

Bk 20 IS (RO O 2R o B 45 ) S B

Algorithm2: Implementation of spatiotemporal dependency encoder

Input: Patch-wise token sequenceE.” :(J ,M,D)
Output: Ei“l) (J.M.D)
1E" :(J.M,D) < Ordering
—_—> _—>
2EY .(J] ,M,D) <~EMamba (E{")
- -—
3EY .(J ,M.D) <EMamba(E")
LESY () M.D) <EC 4B

5 return
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BT, 31 A B 5T (orget gate) 4544, Hiif 32 2
B2V S

gate; = 1— gatey, (8)
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Table 1 Experimental hyperparameter settings
SR ZHORH
435 PR AL (activation) gelu
itk %% Coptimizer) Adam
2] 3 (learning rate) 0.001,0.000 5
P2k R EL (loss) MSE
SR EF R 0.2
H R/ [48,96,192,336,720,1 440]
B [48,96,192,336,720]
4k ¥ (dimension) [16.32.64,128,256,512]
encoder layers 3
decoder layers 2
dimension of FCN 2 048
n_head 32
VLRSS [24,48,60,72,120,240]
3.2 BiEE

S G B0 Ok VR T b 5 R A 4 4R I Y 2 b el 3 WA
R G5, A ] 90 B 35 2023 4E 7 H 1 A ~2024 4 6
H 30 B, oAM—4E, 3 U4 30 min — R AICR BEAT T 3 SE
HIBCIE R4 . LRIR A X E By L AR R R
T 12 AW S A B AL T REEIE S ALB,
C A 7 AR Mo e 0 A A5 2% . A B B T/ 48 Al 57
3 3 AR Y £2 7 ek b 1] B A AR A
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FI I 25 15 R0 42 Hh i 3 B0 00 A SR AN TR R $(1 R .2
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[F B 25 K F B9 MSE F1F 3 26 X % 22 (mean absolute
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Table 2 Classification metrics for each label

Bi-EMamba S-Mamba iTransformer Autoformer
Pre MSE MAE MSE MAE MSE MAE MSE MAE
48 0.510 26 0. 447 36 0. 534 64 0.469 20 0.530 78 0.463 44 1.095 73 0.768 25
96 0.626 87 0.517 62 0.668 34 0.536 42 0.656 82 0.531 83 1. 259 65 0. 830 61
192 0.831 17 0.610 29 0. 843 20 0.617 29 0.858 13 0.619 17 1. 434 42 0. 897 46
336 0. 961 50 0. 663 81 1.052 32 0.682 74 1.114 22 0.691 50 1. 451 31 0. 909 49
720 1. 130 52 0.732 25 1.202 18 0.740 21 1.220 17 0.766 42 1.595 10 0.948 29

Crossformer FourierGNN MICN PatchTST
Pre MSE MAE MSE MAE MSE MAE MSE MAE
48 0.534 81 0.463 68 0. 604 97 0.524 05 0.527 63 0.458 93 0. 558 08 0.493 10
96 0.682 49 0.543 18 0.711 11 0. 580 60 0.667 23 0.535 74 0.680 13 0. 556 54
192 1.013 87 0.651 54 0. 848 06 0.648 58 0. 855 44 0.626 90 0. 855 43 0.626 89
336 1.233 31 0. 790 87 1. 362 28 0.695 35 1.033 84 0.705 19 1. 082 87 0. 680 45
720 1. 404 36 0. 839 27 1.501 89 0.873 26 1. 227 52 0. 784 59 1.211 12 0.734 81

% 2 P 926 45 B B R . Bi- EMamba #5575 5T A
# KT MSE il MAE ¥4 F 304G SRR, L HAE K1Y
T (40 Pre =336 Fll Pre="720) 1 & P 4 00 38 (72 fL BE 1
it & ., 5487 SOTA /Y iTransformer #H It ., Bi-
EMamba ) MSE F1 MAE 764 AW 25 K FF 3R T
6.52%F1 3.21%,5 S-Mamba # I, B-EMamba # MSE
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