W46 % S wmOE 5 W & Vol. 46, No. 5
2026 4 5 / EXPLOSION AND SHOCK WAVES May, 2026

DOI: 10.11883/bzycj-2025-0152

BT TSRS HRLIERNAEREET
K FEHAIC IZH% z‘f—igﬁkd;;-c

FRE, KSR
(P2 (S AR 5 S A W P A T A 920 %, i KU 030051)

FHEE: i B 745 I 28 SR 4R R G ife L AT 30 A5 0 1 T A5 5 10 35 T A 390 o) B 170 78 A 7 vk e DA s R A R
FERE, X — ] BRI T R GEAMENE AR T o AR SO — BRI TR A B L B A A A A R R K TR AL Y 45 1 B
AR VERL A AT VE, BTEMR OB R B SO S R A A AR AR . vk A A RS
iR 1) 2 ORI A& ¥ R, B3R A3 R T R AE O 2 MRS A B IR R Ay, S I e S AR 4 TR R 5 R A
Gy w AT B AR AME R K AR Dy R D045 5 A0 R W R A 5 R A T e N e B R R Y 4 R AR IR AR R A A A
FEME AR . 1 B ST I8 45 R A, AR T 15 B i) SR RN 5, AR DT VEAME G AR 5 5 TR ) il 4 1 S B 4 x
5 LR 2 PR A 75%, HR 3% 5k AR kN 38%, ik 2 AE N E N E 7 Eﬂaﬂ'ﬂ#)ﬁgﬁ%- L5 0 — o 22 ) 5 R AR L, i R R AR
T VE R 2 A 13%, DA A T A% SRR 2% R AT B AS E M ARt T — KA R0

KRR MR D) BhASAME A A A R KIS

FESES: 0384 EfRZERME: 13035 XEkARSAS: A

Shock wave pressure modeling using long short-term memory network
based on variational mode decomposition processing
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North University of China, Taiyuan 030051, Shanxi, China)

Abstract: hock wave pressure sensor acquisition systems exhibit both high- and low-frequency dynamic characteristics;
however, traditional transfer-function-based modeling and compensation methods cannot achieve accurate full-band
representation, thereby limiting further improvements in compensation accuracy and reconstructed signal fidelity under
complex dynamic conditions. To overcome this limitation, a fusion modeling method integrating the sparrow search algorithm
(SSA), variational mode decomposition (VMD), and a long short-term memory (LSTM) network was developed to enhance the
dynamic characteristic modeling accuracy of shock wave pressure acquisition systems. In this method, SSA was employed to
globally optimize the mode number and penalty factor of VMD using a comprehensive fitness function that combined sample
entropy and the Pearson correlation coefficient, thereby improving the adaptability of the decomposition to nonstationary
response signals contaminated by oscillations and noise. With the optimized parameters, VMD decomposed the sensor
response signal into multiple intrinsic modal components; the frequency-domain characteristics of each component were then
analyzed, and correlation coefficients together with jump durations were calculated and compared according to the spectral
distribution characteristics of shock waves to identify the signal types contained in each mode. Based on this identification,

high-frequency oscillatory modes and noise modes were discarded, enabling reconstruction of the effective shock wave signal.
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A sinusoidal signal generator was used to obtain pressure acquisition waveforms in the range of 0.1-10 Hz; the amplitudes
were converted into decibels to form the low-frequency magnitude-frequency characteristic curve, and a frequency-domain
rational function fitting procedure was applied to establish the low-frequency transfer function. Using this transfer function,
low-frequency dynamic compensation was performed on the reconstructed signal, and the compensated low-frequency signal
was combined with the original sensor response to construct an input-output dataset that simultaneously preserved the
compensated dynamic information and the original response characteristics. On the basis of this dataset, SSA was further used
to optimize key LSTM hyperparameters, including the number of hidden units, the maximum number of training epochs, and
the initial learning rate, and an LSTM network was trained to model the nonlinear, time-dependent, and memory-dependent
behavior of the acquisition system, thereby achieving fusion modeling of high- and low-frequency dynamic characteristics
within a unified framework. Simulation analyses and live explosion tests demonstrated that, compared with the traditional
inverse-filtering compensation method, the proposed approach reduced the mean absolute percentage error (MAPE) between
the compensated signal and the reference pressure curve by approximately 75% and decreased oscillation residuals by about
38%, satisfying the accuracy requirements for input pressure signals; compared with a single LSTM-based modeling approach,
the VMD-LSTM fusion model reduced the overall modeling error to 13%, indicating improved accuracy and robustness. These
results indicate that the SSA-optimized VMD decomposition, transfer-function-based low-frequency compensation, and SSA-
tuned LSTM fusion modeling together provide an effective full-band modeling strategy, and that the proposed framework
offers a robust solution for accurate dynamic characteristic modeling and compensation in shock wave pressure sensor
acquisition systems.
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Fig. 2 Flowchart of the modeling algorithm using VMD-LSTM for shock wave pressure signals
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Fig.3 Simulation of shock wave pressure signal and dynamic response curve of acquisition system
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B SEXIIZREE RIS 5 1, WINAE S 2 70 BEAT RS 70 . SSA-VMD J7 ¥R R4 DAL 58 0k

E K5 o R, %ﬂﬁAﬁﬁi’ﬁ(Euﬁjﬂ 20, Fe RIERRECH 10 K, K TR E R 2~6, o ZHUR BRI
BN 100~3500, H & 4 w51, Bl B AR BB B,

T} PR A R A ONS 45  f  25 1) 24 TRRR JEE

S5, LA TRTE T [, R A QU 2= 10 IR A FE PRl ks T At

ZEA B E (F5) 5 i B (E 6), MR 2.2 35 B R B9 5020 FI e X, BRI R CC ik 2 i
Ro Al LAAEHI VMD 3% Fri8 BLIMF1 N4 /0 &, BLIMF2 A& #5r&, BLIME3 NS &, Rtz
W o, (HAR R AR HE 5 1 5 AW, Horb R AR S IR R (5 5, N T B KRR B R

Ah, res FL AN

R R R VR B, % BLIMF1 5 res & INEAE M LG IR G ES .

051434-7

5 4



5 46 & DRERE, A AT/ R AL BR R what IR AT I R 28 R e A %5

o Fitness ~ ™ Penalty factor a

—4A— Preset number of modes K 10
0.015 057 3400 15
. v Natural frequency
0.015056 [ e—e a—E— -
- 13200 5 10°
F 2 e e i L
0.015 055 /AAAAAAAAA—A S - T e s
. I 13000 § | g S 107 —— BLIMF
2 0.015054 = 8 o=
2 . 1 8 & -~ BLIMF2
£ 0.015053 | 12800 = g 5 104} ---- BLIMF3
AlA—NA—4A 543 2 Z 7 F (e o Res
0.015 052 e ~ =
°—.\ 12600 s 10°°
0.015051 *—e & !M
0.015 050 - - . : — 2400 -2 107 L L . .
0 2 4 6 8 10 0 100 200 300 400 900 1000
Iteration flkHz
P4 DA iR Bl A AR i Sk 3 K5 RS0G50 IR A
Fig. 4 Convergence trend of the optimizer’s fitness Fig. 5 Amplitude-frequency characteristics spectra
across iteration steps of the decomposed signal components
o 1.0 — Response signal 1 < LOF — Response signal 1
g . g 0.5F
(Y S 0 ™ e
-0.5 - - 0.5 - -
0 10 20 30 0 10 20 30
Time/ms Time/ms
10 BLIMF 1 Lo BLIMF 1
g 051 S 05f
2 =~
B 0 g 0
-0.5 . . 0.5 . -
0 10 20 30 0 10 20 30
Time/ms Time/ms
0.2 0.2
= 0.1k —— BLIMF 2 < 0.1+ —— BLIMF 2
o s &
4 0 - -t -4 < 0 +
S0t S 01}
-0.2 - - -0.2 - -
0 10 20 30 0 10 20 30
Time/ms Time/ms
0.04 3 0.04 3
s 0.02 — BLIMF < 002 —— BLIMF
Z 0 20
X 0.02 S -0.02
—0.04 . - —0.04 . .
0 10 20 30 0 10 20 30
Time/ms Time/ms
0.4 0 2 L
- 02t k —— Res < o1l —— Res
£ o : 2 o Aol —
Qo022+ 1 L 0.1
—0.4 L L -02¢ L L
0 10 20 30 0 10 20 30
Time/ms Time/ms
(a) Decomposed modes of response signal 1 (b) Decomposed modes of response signal 2

Bl 6 55045 BB R

Fig. 6 Time-domain characteristics of the decomposed signal components
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Table 2 Correlation coefficients and jump durations for decomposed signal components
fF=1 fF=2
B
cc BRAZ < /ms cc BEAZ I /ms

BLIMF1 0.989 6.20 0.991 5.54
BLIMF2 0.098 3.89 0.098 3.55
BLIMF3 0.064 0.10 0.061 0.10

Res 0.223 1.44 0.192 0.32

K 48 %8 H 43 L% 22 (mean absolute
percentage error, MAPE) i {L P 18] 7 bRk T
MR . &3HE, AR 1 SRR IE
7 p(t) 1 MAPE H #METAT Y 6.92% B/ &
1.55%, f5Me He h 20.3 dB 14k & 22.43 dB; I i
{545 2 ) MAPE 1 #ME R 1Y 4.58% il /N &
1.21%, f5Me bl 21.2 dB 3 K % 22.53 dB, i)
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A Ry #i 28 28 B AR D055 1Bk . DL Ry
12 R O 31 A 1 Wi 7 A5 55 3 R iy A5 5 4 F
1T SSA-VMD Ab B, 75 51| 43 25 X 45 (1 1| 5 4 R 55
UEAE I g A% s
3.2 ARGERMEERIE

Xif HE B LSTM #1258 M 4% 5 A SC 531 i VMD-
LSTM 20 £ 11 25 [ 4 B0 1 22 490 A T 2 0
JFIIE SSA i fk LSTM #ft 28 W 4% 8 2 B i 45 B

] — Pressure signal 1 —— Response signal 1
1.2 } — Compensated response signal 1
<
£ 08t g |
i 3*0.8 Al 1 At
0.4F 5 _ 7 8
0 ~ Time/ms
0 5 10 15 20 25 30
Time/ms
| — Pressure signal 2 —— Response signal 2
1.2r_ .
Compensated response signal 2
<
Ay
=
B

Time/ms

G it EAA RR BT e i 7 £ A MR SECR

Fig. 7 Effect of decomposition-reconstruction processing

[l 7

on compensation of shock wave response signals
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A 25 I 2 B Ry A2 SR 2% R G s VMD-LSTM I 4865 43 fift S 1) 25 1S54 5 4R A A, 43 501l 5 el g A
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RS . W 3 s, il i ¥ 5 R 1% 2% (root mean squared error, RMSE) | V-4 4 X} 1% 2% (mean absolute

error, MAE) Fll MAPE V-1 2 FhAE 5 1 RE .
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Table3 Comparison of error metrics for the models

) Ve KoiiF g
Hik
RMSE/Pa MAE/Pa MAPE/% RMSE/Pa MAE/Pa MAPE/%
LSTM 55.545 38.828 7.4441 59.648 41.19 8.4934
SSA-VMD-SSA-LSTM 21.363 12.450 3.12 23.335 13.75 3.4385

8 JE/R T VMD-LSTM 575 75 50 IF 42 B wh o 0% i 17 A5 gl 26 . DA TR 8 B X 3sbm 32 g R TR v T A
55, VMD-LSTM # A il 28 5 81— LSTM s A5 il 26 5t e, I {48 1 /Y MAPE 1 35% B & 12%., 1EE+F
ZEIHA] ) MAPE H1 17% [ % 1%; H VMD-LSTM A il £k 55 Irinr 107 fh 28 10 48 7 R ke 34— 20, iE I &

014 [ A7 AR AR AR A R
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Fig. 8 Comparison of model recovery performance for shock wave pressure signals on the validation set

TEAR 2 W 25 Sk, aod vy ol R ) 2 B 2 ELE R W B B A SO S FSEAR R T o 25 TH RS 3
JEUEE, B0l SSA PLALTE IS AU S B a BE . SR A SSA IRALS I A& R Y LSTM A FRUi ot
BH | RN ZRUBORNBI U 27 ) A8, YRS Bt B e H 3% R s/ 32, Hfth 2805 SSA It S 8
[l BARRIZE XS LS RO s SR IR 4, R A7 SSA 1) FE N S 4L, th 3 Pl 22 L AL AL
AT, SSA AL A M B S BTS2 A B

®4 MAEEINRENE RERIME I HRASCIE R

Table 4 Impact of optimization algorithms on model performance: an ablation analysis

S VA
o

YAS-A
BEFZ

Ko F A SR RIS 1A /4 B2 % RMSE/Pa MAE/Pa MAPE/%
156 300 0.006703 5 23 14 3.439
124 300 0.0067035 29 17 4.657
188 300 0.006703 5 31 18 5.164
4 ;‘g il}'[JJ 1% .E',; ;‘;"{_ Bﬁ Natural frequency: 184.728 2 kHz
1.0+ I — Groupl0th

AR SCAE S o I B Hp I R 56 UE R S5, 3
SRR PR 645 2 10 20 v 2 ) A5 R g o
MWAFS . BT 03~05g TNT 48, AT
Fe /N5 RN A SR 4 B whs U G 0 X AR AR,

Gain/dB

100

B B I 5E S 10 o, e BEAE SR M T Gamn/dB
9 [ P L S PR ) A B, 5 S 1 IR 0.9
RV AURER LY, GRS % 038
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BEH 0~ 1 MPa; JE 1155 R 4 15 4 B A B st 3 05
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Fig. 10 Time-domain characteristics of decomposed components of the shock wave response signal
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Table 5 A comparative evaluation of error metrics for the two neural network architectures
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SSA-VMD-SSA-LSTM 124 0.091909 3.406 1.015 13.17 207.73 183.82

B 15 JB/R T 2 P s X g0 45 1Y =1 fh 28, AR SCiE T SSA-VMD-SSA-LSTM A4 i i i JE i 2s
O i ARy v 5 R A 5 R A i — 2, IR TR AT S R N AR 5 [ A SIRAE . S5 A4 5 T, AL R ER
RGP 2E MAPE W/NZE 13.17%, AT R 2258 bR B — LSTM 28 X500/ 50% LA L.

300 — Response signal 3
250 - — LSTM
\ — SSA-VMD-SSA-LSTM

200 200
100 |
150 0 .

<
£ 0.4 0.5
Y L

0 0.5 1.0 1.5 2.0

Time/ms

K15 Sei bR s S mdtih sk

Fig. 15 Reconstruction curves for measured signals on the validation set
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