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Abstract: The rapid and’preCise identification of pulse-like ground motions is a key challenge that perplexes both the academic
and engineering communities™\ Quantitative identification methods can overcome the empirical limitations of manual
identification. Howeyer, traditional quantitative identification methods suffer from inconsistencies in identification results,
limited applicability,*and difficulties in simultaneously determining accurate pulse periods. In response, this paper has
established a Problem-Targeted Fusion Learning rule, combined with a Convolutional Neural Network (CNN) model, to
develop a novel method to synchronously identification of pulse-like ground motions and their pulse periods. This learning rule
integrates multiple traditional typical identification methods based on different identification principles, thereby eliminating the
cumbersome manual labeling process. It employs 30,000 ground motion data from arbitrary directions worldwide for training
and validation, resulting in three Problem-Targeted CNN models named the Strict, General, and Tp identification models. To
address the issue of insufficient temporal input information for ground motions leading to weak model generalization ability,
this paper has optimized the input structure of the CNN model, proposing the ST-CNN model, incorporating the S-transform
layer to convert ground motion time series to time-frequency, thereby enhancing frequency domain distribution information and
further improving identification accuracy. The results indicate that the Strict model can strictly differentiate between pulse-like
and non-pulse-like ground motions, with results consistent with other methods; the General model can identify more pulse-like

ground motions and has broader applicability; the Tp
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model accurately identifies pulse periods and can be used in conjunction with the aforementioned models to synchronously

output identification results. The Problem-Targeted fusion learning rule proposed in this paper can also be extended to other

engineering fields and other machine learning models, and the established identification method can provide scientific guidance

for the study of pulse-like ground motions.

Key words: pulse-like ground motions; pulse periods; identification method; Convolutional Neural Network; S-Transform

0 5l

ik i B 7 Bl — MR SR AR M RR BN T B R
KW RIRME . FEFeR . mRemE ke thEsh, H
[e S9C P KR oY (E N RS RV 13 oyl [ K S AN = O S AN
IS R RS A SRR, AT R
MRS, ke B R B0t TR 4 e B T 5
AR 77, ELRikh ) 55 25 0 AR A BA B B A = 1K
by 2 0] 235 R4 P e SEARFAIE, DRI 52 21 4 78 A A R TR
AU W2 RER . AR 18 2 5 FE Rk AL
S (1) R 2 7 s B W 40 T IR Bl ik b B b FE B A FH R
SERI 2 VPSSR U, AT PR AR R — Fh s
PETF 10 ok v 2 58 20 5 ik e AR ) v

A ik B SR AR VAR T T E 1 F
FEMPERHBEAEEN KRB Hd, FU
PONHERTZRN NGRS, AR&SEHE.
SE P 8 B R 7 v R TR A0 1R 2 AUk o 2 A
B HFE B IR REAE , AR = B ) 0 S A ST
H Bakerl>01 H DL/IN i AR 46 g Atk £4) ik e 284 3 5= 5
Skt e E Nk E . HOAE N —BU AL 7L
FHUE T REN R SR RIS 247 52 18 H Baker
TTEAFAEME LU 22 ik v 284 1b 72 3 A TG SR )i
AJEEFRRYE, FRHRH T EE TR G ER B ik i B
HhRE 2 5 ik 3 e B 1RO 7 R0 ORI, (RX B T AT
DIMEG R N, HIo e MR SO 1 ) 352
SINEHIRRE], 4 Chang 2N OVsE P RR (14 ik i
B 5 SPRIE A H ATy BUMEE MK IHE S5 ; Zhai
S NI 5 BT T IS AL 1) Jik o 2t
), ABTGVE IR B Jr o K e i A L 5 52 21 b 7S B s e
Vit s . W LAER], ARG T EAAAEAN [F] )
MHAERRS, HHHMXERF AR RS RE, BT
ANFERR AV ERR I A E ARG R E AR . B
ZHAT, ez —FEe 2 EH T2 R 2 AT E K
MRS RS S5 B H A 77— B0 AT I HLoRE
() B A 4 7R A Ak e J O %) s R ) T

Rk, ASCRHBMEM 4 (Convolutional
Neural Network, &K CNN) ZA7 7 —F 1 ik b 24
HFE 305 kb & R &R k. 5 A RAA,
ASCHEH T — R i) B PR A 2 ST, R4
ST T AR SC A 44 R S 25 RAS B )12 AT [ Strict

PONBIRL ., R §E V) B 58RI General 1R 78 DL A B
Ii] A 2 L VR fe R ) B Y T WRBIABE RS, TG 4 T X
B TARGRA IR — RV, R, ik
R b 5 B A R B0 A A AR DA B IR P M RE B
BN BA R, AR T —Fh ST-CNN 4
B, HEh 1 A A E B AR AE I A5 3 A G ik
YRR B dE AT R e U G 5 8 CNN AN
2 ST B IR B A I A A

1 [EEENMERESE S

AR RE M 28 SR AR S (R Rl e 70, IE AR
P45 LA AR A B )z 0481, R — i
B3] BRI I 2% 2 ) (M HAR AR 2 KRUR T N LR
A, ARSI HBRRUNBADN ThARIC R . o0 i &
PR, N TARC ok 2% 77, brid 4 RIS A1
UG R At ARSCERH T ) U MRl A 2 2
IO AR, Ho b G 2 I3 8 SO — PR NIZ 3 I
RGN A FR PR, X g, X
ROWREE) AL IR Ja RN IR G, DATTIT38E S A
TARIC I RE s T [ A X ) R R 7 A R 1 i)
ROV TP ) e R A N, X — e R R A AR
BINERFEAENE 2 [ . AR SCEAKHE
Strict. General. Tp IR AR e 7 FE, 25 H o) fE
BRI RA 2 ST RN B AR, W1 . FRE
LAR A, %25 SR AT TG 22 0 HE T 2 AL #5827 2
A 5 At T A2 45038

| HorBsaEohRmEsISEEsE |

} ) }

Fors I i 4 kot A 3

% N s » .
ﬁ RAERT— B R HEE %ggéggggmm
gl
g )
| BERE L% |
Strict G 1
il K ﬂ@ .
[ WAsseRsSHeARRTE

B 1 ERES MR A F I RN E

Fig. 1 Flow chart of Problem-Targeted Fusion Learning rule
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Fig. 3 Diagram of a pulse-like ground motion time series and
comparative of its time-frequency transformation results
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Table 3 Comparison of fitting curves between pulse periods and

earthquake magnitude
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