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Abstract: With Al-based automatic cataloging techniques increasingly becoming the mainstream, the limited generalization ability
of pre-trained models has also emerged as a widely recognized issue. Through a review of several recent studies and a set of simple
tests, this paper seeks to highlight this technological bottleneck and to outline perspectives on future development. On the one
hand, the evaluation framework for AI models is in urgent need of updating: the prevailing assessment approaches based on manual
annotations exhibit inherent limitations and often lack practical relevance for specific user applications. On the other hand, research
on the relationship between training data and model performance remains at an early stage. Although different strategies have been
proposed to address generalization issues, systematic discussions of this complex problem are still lacking. This paper aims to
provide directional recommendations on potential pathways to overcome these challenges, with the hope of offering useful insights
to researchers engaged in Al-based earthquake cataloging.
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0 515

B T R AR 1 AR 5 IR R 2 R
KR, b R A AL HEAT T R OGN R RE Ak B
HOAR (AR A ATH AR ) 1 8 & (Kong ez al.,
2018; Bergen et al., 2019; Yu and Ma, 2021; Ar-
rowsmith ez al., 2022; Mousavi and Beroza, 2022,
2023). Horb fE R A 3l g BT 55 o ATEOR 9 7%
x5 % 3« Lh PhaseNet (Zhu and Beroza, 2018) .
EQTransformer(Mousavi ez al., 2020) 55 A8 EAY .
LT R DX I B 4 3K 7 U A T DI R AL B
R AE R WA T E A Z 6 (0 Jiang ez al.,
2021; Tan et al., 2021; Wilding er al., 2023; Ka-
to, 2024; Yoon and Shelly, 2024; Yao et al.,
2025) , 78 I f T 4% 58 5 vk 10 M A6 BB g AN
R RH AR BORS 2, 52 H SR e A iR A o B i
AR EAS TR HE 4 (40 Chiaraluce et al., 2022;
Zhou et al., 2025) , Ay /N Hb R AH 5C B9 G 1 2 BF 5 A
W 2 K A 25 H 09 4% B8 45 Bt TR AL 3B (Ross et al.,
2019b; Herrmann and Marzocchi, 2020; Waldhaus-
eretal., 2021; Hsu et al., 2024; Cui et al., 2025).
T LA A 2R T A R O A A T B A AR B Y F
g8 5, 1 - LA SeisBench(Woollam ez al., 2022)
SRR AT K T 2R AR R B AR 0 R )2
B, AT LALE ] B 20 0 0 5 A AL O ik
A7 %5 Fe R A 58 (AN . Mianchmeyer ez al., 2022) 5 LA
STEAD (Mousavi et al., 2019a) . DiTing (Zhao et

al., 2023) % AR A KB 48 , 7T L il KA A
Y25 5 X 3G B B AT RE (AN : Zhu e al., 20235
Chaietal., 2025).

AR A s H — s 3 8L
(18 15 Li, 20215 Zhou er al., 2021b; Zhang er
al., 2022; Zhu et al., 2022a) : (1) FZHH 44 I, B4R 15
22 Y g SR B A K PR S PR E A 5 (2) A
SEBE, B4R )R [\ 4 36 1 PR.S ok 2 i R X R A M 7=
FAF 5 LUK (3) 5% E A, BRI A B A 2 AE A [A) &
i 1 PR.S Uk ) B Jiz i L % 5 B 20 R R A L L
o AR AR A P g T MR H SR 58 A
It H T b R R RS O RRAE 24 R TR0 0 1%
G0 A A A M DA R I o 0 P A T B A A v
b 7% A 0 B T 5 T 7 A G B R 7R 7 D) 305496 B
YRR, B mAAS A T, LW ALY
AL AR X AR AT ALRHC R A AR (s
Chen and Holland, 2016) , {H 1% 48 5 ¥ 7 7% A1 #4 HL
B4 5 £ P FIORE 2B 88 M LRI T 500 A I 95, TR it
kG B H SR A R R TN T H SR b AR R DE i
12 A 314k F B (41 & 1; Peng and Zhao, 2009;
Shelly, 2020). #& i A5 Ak UG BC i) 315 5 4l K, FRARUIS
0 I 224 il FH T A A AR 4 AR 5 B B Y 3% 2k
P8 T E AR G {H 3 b SR m B AE GPU B9 ¢
Tt e LR TR B TR R ORUBE (Y H SR A EE (Ross et
al., 2019b). ALt , AT Hb 52 2 5 0wt 3R 4 T X A
P R Y b 7RG DU R AR A BT S b A R
TSR A ) BE AR A5 S AL AR Al DT C A R T B
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Fig. 1 PALM earthquake cataloging workflow
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(4N . Perol et al., 2018; Ross et al., 2018; Zhu and
Beroza, 2018; Mousavi et al., 2019b; Wang et al.,
20193 Zhou er al., 2019). Fifi & I HI & 51 F1 X5 EE
R B AT & BB EE I I 25 ATASE 7R gl mT LA
BRCA 5 T A% 40 3 vk s N T H SR 0 S5 R A I 4k it
FE LG BE A A — S8 22 401 vh ATAT I I A I 7 )
W& A T A5 B DE it (0 Mousavi et al., 2019b; Zhou
et al., 2021a; Liu et al., 2022; Naoi et al., 2025).
o3 — 7 ], AT 25 A TR B AT BT A7 7 B 28 )5
FR P, ] 40 Zhu et al. (2023) % B 10 Il 2 1)
PhaseNet #5175 1[5 £ 4 () RIAEE K 22 57, OF
P&t D i N AR 1 BOHE 2R 17 3 #% %% 2] 5 Zhong
and Tan (2024) 48 1 30 A B9 P R4 Y TG 125 A 850R
S A8 R A A R A T i DX Y
17 Ak P T) RLAE 96 IS Ml 72 X (ocean bottom seismome-
ter, OBS) s b A% A 2%, £L 28 25 3 K & U 4 DU
BN R8N, T BT 2 S50 0 RO 2 A ML RR S
B PR 1 4 A R AT 1 B AR 25 (X et al., 2024 ; Liu and
Tan, 2025) , P57 2 B #9 8 R MRS OBS Il 2R 48
DA 5E B B AU 3F #% (Bornstein e al., 2024; Niksejel
and Zhang, 2024).

T VR AR [R) N Y g RS FRATT A R AT H SR
AP I 32 A B A 7 o] B R ATASE RS ) 3 P (]
AT H 3l 4 B B AR I8 A7 7E W2 a) 857 2K >k 3% 4 fof
R X LA L Ta) L, AR S 38 3 A T 52 i AT AR
T, A AR A i R H SR Al Y )23 T B — S i W
fif . T L U] AR SO B RV LA AT LR 90 H HE AR
R V) IR R) L i A X A R B 2R D3 Ak
T R g B AR A G W SRS T iR A (]
s BT A ER G ORT L T /0N DX 0% 4R [ Y I
SR N4 R HIAERSR AN 6] 09 = B ), FR AR 3 a8 d il i
REAEEHE P T 2 IXIRE T (45 150 km ) 9
IR B W AT L 3R 47 51 6 PRS B ik P 45 I
B

1 ATHERL B fr 2 5 o 2O T A
TAREE?

WG1E Bk, AT ATSE 9047 7% A 4R T2
T A R Y R A b R A A A AR AG I RE
B A BN T H S, JATT A B AT L A DR T g2
BRI, O FRAS N T SRg e B /N RS L AR,
HIATE BEIFAN AT LA A S0 1 B AR B
X S8 BT Y S R I Y v A P S AR TC Yk i X

Fo N T H S8Ry . AH AR BT JR AL, 5wl oy 48 K
A% FE I WE S AT 3 F AT TN 5 A T AR 9 % B,
I LA Precision/Recall/F 1 55 48 5 PF 4 52 AH Kz I () 1
M DL B 58 22 O A M 5 O 22 S VRN SR A AR
B K BE (40 . Mousavi ez al., 20205 Jiang et al.,
2021; Miunchmeyer e al., 2022; Yu et al., 2023;
Lim et al., 2024). SLEERM X REET N TARER
PEH O W TG % B OE R e AT VA 7E H S e b iy 36
B — A BR8] 5 XA er al. (2024) 7E 7 IRt
WY B A, M AT AE X} PhaseNet-TF A JE 17 2 —
AL G 25 A L 8] =R AL S A AR U A7
Ki T/ T 25 30% My (R 3 BEALA e AT
5 BUAY Precision/Recall/F1 18 #5 JL-F- 52 2 #H [|] , A
FEL A WOR B2 A48 Ar b 0w (BRI 5 N AR v T
—F0). B, ATE A B PF M A D 58 42 3 T N TR
LI BB 2 QT MR H SR AR B i T

HFLL I HAY, Zhou er al. (2025) # 1 vl DL i@
R B R PEMN AT R A A B A TR HoE
S

Npi(‘k
R= N (1)
FErp s Ny 0 R R AR BUREL, N o A ORI R AR,

PAL It 72 AH DG I5E 8 R 7 1 1 OC IR 72 A1 oy 5L AR A 43 B
BB S R IR Y R A QK B Tk
(40 :Zhang et al., 2019; Zhou et al., 2021b) E 3R 5
SRR )RR AR Bk A As OCIE DU Y R A L
TN S T S HK , PRt AT DL fBL A A i OG K RE A
R TE B A R RE AR X B AT DA S B g R
AR 19 72 A S I6 S 167 99 31E L 40 Zhou et al. (2025)
W3 9 AN [R] 732 AH 4 BORN DG 6 B9, 76 AH L 0 2 A
B F . 7E 3 [# Ridgecres-Coso #i X 1 + B H East
Anatolian Wr 2447 I By B AH QB R AE KA 40 =
230 AN L 3K R A R AT 4 E R R 4R OB O 15230
S A DG A BT A B T g 96 00 31X HLIRAT
4 — A BRI, A 2a s A - B H East Ana-
tolian Wi 4747 b4 5 0l 09 R OCHR R AR S, FRATTXT [
T PAL L MIPIAS ATGE 1« I 25 PhaseNet #5 %!
F1 Self-Attention RNN (SAR)# &I . 1 7 PAL 8%
4 e BB P R I B AR vk o L oA R R A R A 2% Ok
AN 2605 3l 55 1Y Ik iR g 75 T 2 3 R R )
I, A ATRIE R G Ul W T IE 2 T PAL BIL W
R OCHR AR, U8B AT 78 12 5 3l 1) b 7 TR 1)
i R 22 . B4 . £F East Anatolian W7 244 31X A4~ ] 7
BRI DL 0 At mT LA I8 PhaseNet 78 TU.MA -



%2

JE— 814 5% A S g H HAR 0 2E g 5 U

FE R BE AL B AR 693

Bl A TR E R (K 1a). £IIER 4, 3K
TR AL 3 3l B0 T — 2B AN g i, :':7J(5|Z§f€
i , {0 PhaseNet {5 7€ 4 &l 2b 7R /93X Fh % A 15 5
UEIE EEAT TR Z2 85 152 10 PRSI AU . 3 2B 3%
TR IR AR 2 e LAFORL Y, O EL i T ATBCRY 1 R AR
'f&“ Tok BN HAR S TU.MAYA £ 3, 3%

WG, B i G b+ — AR RN IE
J:7i M AR 2 351 51 1 S-P 21 B 22 X RIEF 75 & 75 A
TR AL, OB A AR OCHR B E K bR X A
K 3R B R AH SO, AR X 2s 7 A b 72
A7 O 22 . DRI, 3K b 45 5 R A DGR SR % e K
B 9 530k B T LR B UE , AT DAAS B 3R AT & B AT L AT
RERY 5 R, FaE H s %

I3 —J5 T, MR H kAR B 1Y BT A 5 2 AR T
R RH SO T A P PRI Ot SR R )RR OB B 43 AT (G-
lia et al., 2012; Tan et al., 2024) 5K f5E fi 1% 22
(Husen and Hardebeck, 2010; Liu and Tan, 2025) .
HE L B E F 1 £ (Waldhauser, 2001; Ross
etal., 2019a) 55 , #A] LA IR 72 AH 5 SR / F R AH DG 1K
RN B AR B L 3 e P Y BT A T R S B L
AR, B — A 45 7 T 3R B IE A H AN FR 2
e BT B 2 R S R A T AT S ) R AR A R
N S8 FRATTE X B AT LL East Anatolian Wi 24 47
X AT UL R L P 3 X LT 2023 4 L H
FIERTE AN B PAL A1 GaMMA (Zhu et al. ,
2022b) i Fft 895 X PhaseNet 34 BUHE 17 G BE (1 45

NI — N¥ Nase* Nocor (O - NZe )/O 5. (2) X WA H 5E ¥ B Hypoinverse 8. 3% (Klein, 2002)7£
neg =~ unassoc * ~;  ° 0T T N . . 2 oy >
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(a) Number of unassociated picks by PAL, PhaseNet, and AI-PAL across different stations; (b) Example false detection
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Fig. 3 Comparison of location distribution along the EAFZ using PAL and GaMMA for phase association
TE EAFZ Wi 2440 i AR HTBY B (a,b) SRR B (e, d) s 4 H Zhou ez al. (2025)

B RENMF). ATLUE L, B IR GaMMA CHE Y
S5 2 3004 1 = 1 K, A0 PAL SCIR 14 v o 1 i
Ji, A PAL H S AL &R 3 3% B9 A B2 A g5
P T GaMMA H 5t 44 % A B F 048 L) .
AN E A BT Y 25 Sl B BRSO A
GaMMA H sg 1Y % L 3 A1 A7 75 K 5 W J2 S 508 4F
TR AE A R I B 0 43 AT, AR AN A L 4 A 1 )
FRALAE (& 3d). 288 % T H s oa & 19 43 #0244
B, IF AR BT B CG H n AS f) 5X R 3 (R R AT AT
BRI o0 52 B S AS [m] O T 45 B AT AT AL JF
Xof HE G Al 2y N7 O8I0 52 R ML b 3R A A ) EAT
A& UG E 3% A F /D A] DLk e — 8 S B Y
e A, FRATT AR T 2 R S T BOR
IR S 1 UL IR &, il 3 Schuster 3 43 #7134
=06 B A R W1 (Rydelek and Hass, 1994; Ader
and Avouac, 2013) , A TTTHE 1 Hb 52 H % v R 1R IR
P14 9% 1 = F 5 S G 2ok #5548 3 At (Nearest-neigh-

bor analysis) $& 1 15 P51 & Bl A (B 5 8] & = 1
(Hsu ez al., 2024). #7 et 5 2000 WL — 2245 201 7
Hrdabr, WA B F i — 25 & R A 30 A 5503k 09 ()
RO LA

2 AT BL A3z 4k M 1a) A8 . DL 2020
Mount Cristo 72 £f K 1)

T FIr A, R I AT TR 432 A 1k R) B 2
AR DB SE TS H AR TN AR T 19 VF 4 48 B8 A7 7
— BB JEy BR A, B AT ME LA 4 1 A A I 2 BRE X AT
B L 5 —J7 I, K ER 43X SR O R 1
A G R T AN [ T SRR B A AN ) X
FI, AR BETY S5 0 5 SR B AR A 25 5 Rt T ik
1AM RE Y 22 SOk IR ER 2R Sk, FRATRLE
M 4E ik M Mount Cristo 7E 2020 4E % 4= 1 7= B (Bor-
mann et al., 2021; Ruhl ez al., 2021) R ], it T
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AT F T =P X 25100 km LI N . 2020 4F 5
—8 A nY % 2 ik I F s (Bl 4a) , JF {1 PAL,
PAILM (Zhou et al., 2021b) , Lk % SeisBench
(Woollam ez al., 2022)$2 4L A [7] fi A< ) PhaseNet
TN LR A5 R T MR H SR . 7RIS AT X LB VL AT,
TR TRFHASE ITHARLEGHE
i A3 A 5 A B — B, WO S T DL S R
SCL AL R R X USGS #2488 R 2 JF 3 5% (&
4b~4d) , PAL H g A H S 58 B 1 8 o PRS00 R R
K0 B (38 649 vs. 16 684 F 1) , I 1 28 3 6 A T
B Je it — 25 AR AR T 3T 5% i A I £K i 42 T (PALM
H 5% 182 108 ). (E R EE M Z, i T PALM H
SR 11 A VR A G ) S I 25 R H e A
WA & TR A B3, BRI T 3 B85
REAT A RRAE 5 FRATT R A ok A LA 5 B Y 2 8 —
. I S TR A S R TR SR S AN
AL DLAE I PE AN ATSR 1 1 8 45 1 A 7k

AT L T 34T 2k PhaseNet 85 #4 | 43 51| J2
FE T b e HE 0 J RiR BE B (PHN org) 2 T
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T M A (4 4558 (PHN scedc). 3 25 7% AH 44 B 45
¥If PAL B0L 7R A — 2 S 800T 3E 47 5 AH Q1K . 7
PEMNFE bR L, AT R b B A 48 00 R A O R
BB OCH R AR AL, LM B o7 iR B, X R AH 4 HL
) 5E £ Pk RN ofE B PR SR AT PR Y . R S BT R TR AR
PhaseNet 1% T3 3% T PAL 19 8% 3¢ B¢ 75 AH B A
K e 7 S 2F 100 55 4 W W PhaseNet 6 K6 i 52 25 74
28T PAL. XS5 R4 ATH J7 A5 7

(1) 5T A AW — 350, AT R ;W ATRIETE
o I 56 5 Pk b 5 AR DT FC AT A 22 0 R R T
AH AL 19 392 78 2020 Mount Cristo % Ff % £ 5 471
b KSR B A #, {3 PhaseNet U 38 15 29 60% F
PALM B S5 145 DA R AR 5 0 38 1 22 55 . e 2Lt
€ A DATE A [6) 14 36 34 558 55 008 1 00 1 5 47 3% 2R
F , DT &5 45 Bl 37 55 09 S5 D0 SR

(2) B 50 #8425 /) 52 A2 AR ] , AN [a] 1] 25 4 2
XFATPERE = A A 2 R Ry sZma - AE TR 25 R rh
1 R0 R U ) B e KRT A 8 A A5 AT L (E AR B
P 2, 3™ B 4 2 A Tl R EE 3 T AN Ok A A i A
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Fig. 5 Comparison of phase picking, association, and event detection performance between PAL and various versions of
PhaseNet (abbreviated as PHN) in the 2020 Mount Cristo swarm
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T gh 5 B BRI R AR

ARG A, RN RREAR AR CRFEDF % 6). X ER M PO AU IE X IEFEAR (M5 ) 59 B ALY
SR 2] % AR RS ) b R AT AR 2 SEURI RS A0 348 5, A A 45 B0 RE A (R 75 ) ) SR A SR s

T U 25 A7 A 32 AL 1 R % A T i 1R AR, R ATTE S & 5 K BENL Y H 6 Me 7 R A B
B4 K, L b ) B AR RS 56 v . — D7 I, LA i AR .

U 5B A 0 T 5 ) 90 0 Nt
BB 57 0 B 2 53 10 R RO vy NeeNew NG
BB 6 % TR AT AE 4 T R e TN 05
VI EL bR S AL 5 955 40K Skt B RS A £ 0 5 A B A

B4 RGBT AR 1 N 1 N, U2
3SR T R R AL et
11 14 52 i) B Nt PP 1 KO0 B 38 A58 A BB R
S L LY I ESS Y LD e
7K TR 5k T ) 6B A SR R T T
W B 5 28 2 (2) B 56— S50 2 T P 6 1 6 RE A
BRI 5 55 = 000 002 T 6% 1 o 16 72 B i
R T W T (AR FE B ) L 25 FE A S T o

A — 1 B AT, ATSE 2 5 2 B (U T
B HY 25 K i B 1 I SR B TS R e A
FRE BT L G ey A I 2R A X il Uiz Ak M TR A
2 H AT M AR T AR (40 2 Chai ez al., 20205 Zhu

et al., 2023; Bornstein et al., 2024; Niksejel and
Zhang, 2024; Xi et al., 2024; Zhong and Tan KT 5076 WA AE 3 B0 R BB A AE 56

2024; Zhou ef al., 2025). 3% FK it it 5 R 1 IF & Ridgecrest-Coso M1 X, AT\ 2008—2019 4 52 Hij £
AT T 0 S W 24 2 A W v AN [ 1R EE T, 8 PAL R4S T 61 0534~ 146
SR 3 FH G L AT A ) P 42 0 O A Sk g 1451 694 A9 SCHRE AR . — 20 Y, I FH 3 26 4 O
W HL L AR AT-PAL B (Zhou er al.. 2025) 15 72 AH T 45 65 3 45 K 10 o S 1 52 AH 4K, Zhou ez al.
B 8 I SR A b A R E AT T IXRE A — A U (2025) XF IEAEA AT 1 — OB HE 38, 3R A5 T 812
B, IR R A (MR ) B4 X AT HY I 52 ) TTIANIEREAS LA K AR 5 5] 6 19 3R I B 38 I R A 1Y

16 ATPAL W, Zhou et al. (2025) 32 T —FEA 451 689 M FFEAS . X B YN AE AR AR S , 45 & Al
I8 52 AH SCAE DI 2 B vh SR FE IR A A 1 S s ([&] -PAL it 2 v 9 FoAth 25 3R, wUE W AT LUK PAL 9 5



%2 Ji— 615 AR F S H R Bk R R 7 AL R AL 697
N’ =N N, 3 10 T A A 5% 46 SR W) AT LA &5 HR RR BB A B DG IR A A
— PRGN
FRAT 1A B 22 45, 7E 3k 200, SAR B AU
win_len /2 win_len = 20s F)T él_lil\ l':EI E/‘J E I-SH ‘fﬁ Tﬁ?)ﬂﬂ ﬁ % %ZIK [:[3 PhaseNet *ﬁ ﬂ —I%—

IEFE A BE AL AR 1 I

HESETY

CI.CLC (sta_1)
2013-03-21 (date j)

*rand * 0.5 P P RTR

FREANES: I T
T BEHLRAF

*Nunassoc A
3 Naug: % 4
*Npos:illl

K F 22 B 2 FEA
5k
G P S e 10 B0 (A% 5 e S0 s i) B R A B
FI6  AT-PAL i rh Il 2R IE SUREAS 1 SRR 5w
Fig. 6 Sampling strategy of noise data in the AI"-PAL workflow

A Zhou ez al. (2025)

A G I B T 24 2.5 45 LA b (Zhou ez al., 2025). HR
2B A BRI b B R B A4 1 2 )1 2k
2 TR R 75 % HL AU 73X 2 n) EAE L R ATE 9 R i R
F eI, A A TR 43 TN 2R AR (1 A e A A
T MR

AT LLAL-PAL By 5K W o ME, fE 2 H
Ridgecrest-Coso X 38 2% i H] A [6] B0 & (19 51 B A xf
SAR A PhaseNet #5813 77 Y11 25 , 74k HA% g
S OB 7). R il Fe AT A ek AR TR AR B
HOEAR R T4 A4 K TR X B TR eI 2 4R
B FRAE 23 45 5 Zhou er al. (2025)  — 3 . 45 R @
N VIR R SRR A B 55 AT R 4G 0 5 4 P 22 f A
K 7a, 7c) A X 56 B 7R AR B 25 3 K 20 106 LA
PR 22 55 5 55 R DU o B % St AR DG (8T 7b) L 7E 0.25
f A1-PAL %] 4 5K W 19 f Ff A & BF, SAR Al
PhaseNet #& 7 (1) 5% AH S B R 4351y 7.5% F15.5% ,
I K T IR B Y 14.5% F1 9.1 %, B = T PAL Y
4.4Y0. LR RUL, BT R A DG I B A ot FRAT)
650 1) - AT B9 S I AEURR BT DAAE — R A2
MR BH AR O . R, AT-PAL 35 F o 5C B 732 AR KR
T AH SC I R Y T RE A SRAE SR, 455 PAL ZAH SCHK
S, SRR AR A S KA BN (ML 0.25 75 31 1.75

209 2247 (&1 7c) , T 72 AH SCI56 2R i 5 7S HY 1 750 0
WER R I AT I 22 57, SAR 76 5 LA i RE AR F iif
L R R (B 7h). R, Bt B ol I A1k 2 50 1
SAR 5 % 1, 7 23 1 T PhaseNet 4 ;3 € 7 (R,
SAR BV A T 47 (19 ROC M4 ). (HFRATA B fii o
(45 SAR BRI T U-Net 4544 7 X RE I 4538, [H
R AN T 5 AL AR T BB X6 L AN [) 14 o I I 5 B ) A O
W . Rk W 5T AT E — A0 R R 25 R — Il 2R 8K
Pt — foh & BB DAL 4L A, DA TH O R A AR i

4 HiigHREE

AL A B4 HHEAR K JEZEA 3T RS T %
FL 6 TR 6 Ab B 28 A0 X A, R 2 T DL A S
B A Zh b B R G (0 B RF R 45, 20215 Li et al.,
2022) . ABTE W% 55y 52 2% 0 1 3 PR ORI s RUBE
R At Ak B RRR R Y Kl 2R B (A OBS) I, I 25
TR 1) 32 A P T B AT T ¥ T i . A St 3 ok — 2 ]
BAEINR TV AG T T U 2R R ATARE R 3 R i
SR 22, 7 RIS 2 A1 ) S 7 1

ST Qe Ak 3 o] B, 0T A Ok R B S 3R
W& . 941 : Niksejel and Zhang (2024) #] FH Z # & A
ATF LXK & OBS $4ls #6477 A s s 1, 30 i 55 1k
B /Y — B0t 47 5 B #54 . {2 Liu and Tan (2025)
B I 156 B SR [ Bl B SR e RS dn R A R
N TR 1 JF 247 5 B 2% 2 3O 4 (Bornstein ez
al., 2024) , Jir LA R 224> 00 A 3 il 4 1 2R 4 O
ANRBSE A A Iz AL BE T . 2R LA WA BE N T4 T 9
113 B 2% 2 119 5% W 34 1 L Ty oz FH 76 2k 4 ] 359
7% 1Y IR A BL I (Zhong and Tan, 2024) 14 [E 4% 44
B A H AL AR (Zhu et al., 2023) T . 5 ERiE
R 2 R A 22 5, Xi et al. (2024) 78 15 AR
T (T — i R A AR AR B TR A R R —
Ak i 5 7 1 3 AR SR Ak SR s (R AN T
H I 2k W B A %L . Zhou er al. (2025) 41 Hi i &
B ATPAL Jit B2 W AD0JRC #2771 2 A 4K 3t
(& 8) , Al 2 F #0449 55 3% PAL (Zhou ez al.,
2021b) AR BUK 5 PE.S I 2B A48 1, ARV ZRE N
B A SAR LAY | DT P57 1 38 DX I 1 B — 3K
PELBR T K 280 AR AL U AR Y LR IR



698 HERBLSE  hitp://www.earth-science.net %51 %

—&— SAR-PAL
20 —a— PHN-PAL

WEGERE (M)

=
5 o [=p

OI.Z 0.4 016 0'.8 ltO l'.2 114 1.6 ll.8
IR A RE A & (0T AL-PAL S [ EL A5
FL7 I ZRER SRR A i o ALK B 52 A 45 BUBCR 152 i
Fig. 7 Effects of negative training samples on the Al picker performance
21465 15 059 51 R SAR FA TR B N PhaseNet #5881 45 & PAL SR L 19 25 3R

1. PALFy %
i 25 I( PAL PR

i SIS A
I
[

AT 45
FRTR || 25

2. AI-PALY
A Il (
|
— I
BT SR A
PAL CC EEhr CT+CC & &

|\ RIRHEIE SAR-PAL H3% | | SAR-PAL H 3%

HypoDI)
(dECHCe))

HIFN S

K18 AI'PAL M4 H Ui 2 Kl
Fig. 8 AT-PAL earthquake cataloging workflow
A Zhou ez al. (2025)

— SO A BR A A R KB AR 2 (A : Chai er SCTIR  RE RO 7T RERET LI
al., 2025) , WA A Rl i BT BB AR 50 (B T N AR 09 3 O 48 An TG Tk 4 Th1 R W B 1k
2% JEE figp ez A P ) AL e HE LY b SCBR R B ROR B 1A SRR

PE— 20 B AN TR AT H R B A TSP R AR DG I A A A 48 e, BT I R AR B A
T8 DXCHORCE S B AR MEAC RO PEIREZE L AR SRR IR R MO 1 51 R TR AR ok



5% 2 3

A — 1%« M 7% 1 2 L H R A0 R 5 I« 76 R A R £ 699

0 B0 1 B HE AN A MU A 28 T B 4, o — LT
4 AT LA I G A 4R 116 T A (R BR T 34 n 7=
ik G N T P R YA RE =% € TR R (WA TR S
W AL PR AR R AR A S
TR SE . 55— J7 T, K /N RS K 40 50K 48 2 i
2 B O 1] < B s e I — A L B B ) B — A
/NHLASE Y 3 = 90 R B AT R TR Y P S
B A A, OF N TTREAT B 65wl i O HR b A 4R
TS R A B RS ARG I DAy — AR £ 0 K A
B X TARR O N TR A A2 IR T L SRS i i
A SR, D R A AL 5 3 TR A A 3 A Jg R
P B Jn, R B IR Az AP TR SR, BT
REGS A Jr i PR 52 W H S 2, P ) A g ad — A
T B 1 TR AR B R A L XX T O B B
F10 AT A R P B AT B ok AR AP IR . IX R
FRATAAL 2L LU BEAS [R] SR mis 9 AL 45, ik 28 B e G v iy
2 ) D 2R R 2 B A R R L AR SO I R 4R B RE A
S B4R 2R AR X AN 7 [0 B — /28 B 2 56 T
SR AR R AR A KGR W B W S 24 A S TR sk
G H T AT R e DL TURE A B R 52

References

Ader, T.J., Avouac, J. P., 2013. Detecting Periodicities and
Declustering in Earthquake Catalogs Using the Schuster
Spectrum, Application to Himalayan Seismicity. Earth and
Planetary Science Letters, 377: 97—105. https://doi.org/
10.1016/j.epsl.2013.06.032

Arrowsmith, S.J., Trugman, D. T., MacCarthy, J., et al.,
2022. Big Data Seismology. Reviews of Geophysics, 60(2):
€2021RG000769. https://doi.org/10.1029/2021RG000769

Bergen, K. J., Johnson, P. A., de Hoop, M. V., etal., 2019.
Machine Learning for Data-Driven Discovery in Solid Earth
Geoscience. Science, 363(6433): eaau0323. https://doi.org/
10.1126/science.aau0323

Bormann, J. M., Morton, E. A., Smith, K. D., etal., 2021.
Nevada Seismological Laboratory Rapid Seismic Moni-
toring Deployment and Data Availability for the 2020 Mww
6.5 Monte Cristo Range, Nevada, Earthquake Sequence.
Seismological Research Letters, 92(2A): 810—822. https:
//doi.org/10.1785/0220200344

Bornstein, T., Lange, D., Miinchmeyer, J., et al., 2024.
PickBlue: Seismic Phase Picking for Ocean Bottom Seis-
mometers with Deep Learning. Earth and Space Sci-
ence, 11: ¢2023EA003332. https://doi. org/10.1029/
2023ea003332

Chai, C. P., Maceira, M., Santos-Villalobos, H. J., et al.,

2020. Using a Deep Neural Network and Transfer Learning
to Bridge Scales for Seismic Phase Picking. Geophysical
Research Letters, 47(16): e2020G1.088651. https://doi.org/
10.1029/2020g1088651

Chai, C. P., Rose, D., Stewart, S., etal., 2025. PickerXL,
a Large Deep Learning Model to Measure Arrival Times
from Noisy Seismic Signals. Seismological Research Let-
ters, 96(4): 2394—2404. https://doi. org/10.1785/
0220240353

Chen, C., Holland, A. A., 2016. PhasePApy: a Robust Pure
Python Package for Automatic Identification of Seismic
Phases. Seismological Research Letters, 87(6): 1384 —
1396. https://doi.org/10.1785/0220160019

Chiaraluce, L., Michele, M., Waldhauser, F., etal., 2022. A
Comprehensive Suite of Earthquake Catalogues for the
2016—2017 Central Italy Seismic Sequence. Scientific
Data, 9: 710. https://doi.org/10.1038/s41597-022-01827
-z

Cui, X., L1, Z. F., Ampuero, J. P., et al., 2025. Does Fore-
shock Identification Depend on Seismic Monitoring Ca-
pability?  Geophysical 52(11):
€2025GL115394. https://doi.org/10.1029/2025G1.115394

Gulia, L., Wiemer, S., Wyss, M., 2012. Catalog Artifacts and

Research  Letters,

Quality Control. Community Online Resource for Statistical
Seismicity Analysis. https://doi. org/10.5078/corssa -
93722864

Herrmann, M., Marzocchi, W., 2020. Inconsistencies and
Lurking Pitfalls in the Magnitude-Frequency Distribution
of High-Resolution Earthquake Catalogs. Seismological
Research Letters, 92(2A): 909—922. https://doi. org/
10.1785/0220200337

Hsu, Y. F., Zaliapin, 1., Ben-Zion, Y., 2024. Informative
Modes of Seismicity in Nearest - Neighbor Earthquake
Proximities. Jowrnal of Geophysical Research: Solid
Earth, 129(3): ¢2023J1B027826. https://doi.org/10.1029/
2023JB027826

Husen, S., Hardebeck, J., 2010. Earthquake Location Accu-
racy. Community Online Resource for Statistical Seismicity
Analysis. https://doi.org/10.5078/corssa-55815573

Jiang, C., Fang, L. H., Fan, L. P., etal., 2021. Comparison
of the Earthquake Detection Abilities of PhaseNet and
EQTransformer with the Yangbi and Maduo Earthquakes.
Earthquake Science, 34(5): 425—435. https://doi. org/
10.29382/¢eqs~2021-0038

Kato, A., 2024. Implications of Fault-Valve Behavior from
Immediate Aftershocks Following the 2023 Mj6.5 Earth-
quake beneath the Noto Peninsula, Central Japan. Geo-
physical Research Letters, 51(1): €¢2023G1.106444. https://



700 HiBERBL2%  http://www.earth-science.net

51 %

doi.org/10.1029/2023G1.106444

Klein, F. W., 2002. User’s Guide to HYPOINVERSE-2000,
a Fortran Program to Solve for Earthquake Locations and
Magnitudes. U.S. Geological Survey Open-File Report
02—171.

Kong, Q. K., Trugman, D. T., Ross, Z. E., et al., 2018.
Machine Learning in Seismology: Turning Data into In-
sights. Seismological Research Letters, 90(1): 3— 14. https:
//doi.org/10.1785/0220180259

Li, J. L., Yao, H.J., Wang, B. S., etal., 2022. A Real-Time
AT-Assisted Seismic Monitoring System Based on New
Nodal Stations with 4G Telemetry and Its Application in
the Yangbi MS 6.4 Aftershock Monitoring in Southwest
China. Earthquake Research Advances, 2(2): 100033. https:
//doi.org/10.1016/j.eqrea.2021.100033

Li, Z. F., 2021. Recent Advances in Earthquake Monitoring II:
Emergence of Next - Generation Intelligent Systems.
Earthquake Science, 34(6): 531—540. https://doi. org/
10.29382/eqs-2021-0054

Liao, S. R., Zhang, H. C., Fan, L. P., et al., 2021. Devel-
opment of a Real- Time Intelligent Seismic Processing
System and Its Application in the 2021 Yunnan Yangbi
M;6.4 Earthquake. Chinese Journal of Geophysics, 64(10):
3632—3645(in Chinese with English abstract).

Lim, C. S. Y., Lapins, S., Segou, M., et al., 2024. Deep
Learning Phase Pickers: How Well Can Existing Models
Detect Hydraulic-Fracturing Induced Microseismicity from
a Borehole Array? Geophysical Journal International, 240
(1): 535—549. https://doi.org/10.1093/gji/ggae386

Liu, M., Li, H. Y., Li, L., etal., 2022. Multistage Nucleation
of the 2021 Yangbi MS 6.4 Earthquake, Yunnan, China
and Its Foreshocks. Journal of Geophysical Research: Solid
FEarth, 127(5): €2022JB024091. https://doi.org/10.1029/
202278024091

Liu, M., Tan, Y. J., 2025. Evaluating the Performance of
Machine-Learning-Based Phase Pickers when Applied to
Ocean Bottom Seismic Data: Blanco Oceanic Transform
Fault as a Case Study. Geophysical Journal International,
242(3): ggaf256. https://doi.org/10.1093/gji/ggaf256

Mousavi, S. M., Sheng, Y. X., Zhu, W. Q., et al., 2019a.
STanford EArthquake Dataset (STEAD): a Global Data
Set of Seismic Signals for Al. IEEE Access, 7: 179464 —
179476. https://doi.org/10.1109/ACCESS.2019.2947848

Mousavi, S. M., Zhu, W. Q., Sheng, Y. X., et al., 2019b.
CRED: a Deep Residual Network of Convolutional and
Recurrent Units for Earthquake Signal Detection. Scientific
Reports, 9(1): 10267. https://doi.org/10.1038/s41598-019
-45748-1

Mousavi, S. M., Ellsworth, W. L., Zhu, W. Q., et al., 2020.
Earthquake Transformer: an Attentive Deep - Learning
Model for Simultaneous Earthquake Detection and Phase
Picking. Nature Communications, 11(1): 3952. https://doi.
org/10.1038/s41467-020-17591-w

Mousavi, S. M., Beroza, G. C., 2022. Deep-Learning Seis~
mology. Science, 377(6607): eabm4470. https://doi.org/
10.1126/science.abm4470

Mousavi, S. M., Beroza, G. C., 2023. Machine Learning in
Earthquake Seismology. Annual Review of Earth and

105—129. https://doi. org/
10.1146/annurev-earth-071822-100323

Miinchmeyer, J., Woollam, J., Rietbrock, A., et al., 2022.
Which Picker Fits My Data? A Quantitative Evaluation of

Planetary Sciences, 51:

Deep Learning Based Seismic Pickers. Jowurnal of Geo-
physical Research: Solid Earth, 127(1): e2021JB023499.
https://doi.org/10.1029/2021JB023499

Naoi, M., Hirano, S., Chen, Y. Q., 2025. High-Resolution
Monitoring of Hydraulically Induced Acoustic Emission
Activities Using Neural Phase Picking and Matched Filter
Analysis. Progress in Earth and Planetary Science, 12(1):
24. https://doi.org/10.1186/s40645-025-00696-5

Niksejel, A., Zhang, M., 2024. OBSTransformer: a Deep-
Learning Seismic Phase Picker for OBS Data Using Au-
tomated Labelling and Transfer Learning. Geophysical
Journal International, 237(1): 485—505. https://doi.org/
10.1093/gji/ggae049

Peng, Z. G., Zhao, P., 2009. Migration of Early Aftershocks
Following the 2004 Parkfield Earthquake. Nature Geo-
science, 2(12): 877—881. https://doi.org/10.1038/ngeo697

Perol, T., Gharbi, M., Denolle, M., 2018. Convolutional
Neural Network for Earthquake Detection and Location.
Science Advances, 4(2): e1700578. https://doi. org/
10.1126/sciadv.1700578

Ross, Z. E., Meier, M. A., Hauksson, E., et al., 2018.
Generalized Seismic Phase Detection with Deep Learning.
Bulletin of the Seismological Society of America, 108(5A):
2894—2901. https://doi.org/10.1785/0120180080

Ross, Z. E., Idini, B., Jia, Z., et al., 2019a. Hierarchical In-
terlocked Orthogonal Faulting in the 2019 Ridgecrest
Earthquake Sequence. Science, 366(6463): 346—351. https:
//doi.org/10.1126/science.aaz0109

Ross, Z. E., Trugman, D. T., Hauksson, E., et al., 2019b.
Searching for Hidden Earthquakes in Southern California.
Science, 364(6442): 767—771. https://doi.org/10.1126/
science.aaw 6888

Ruhl, C. J., Morton, E. A., Bormann, J. M., et al., 2021.
Complex Fault Geometry of the 2020 Mw 6.5 Monte Cristo



5% 2 3

0% - R 1 540 L HE R 030 5 S 7 b B A 701

Range, Nevada, Earthquake Sequence. Seismological
Research Letters, 92(3): 1876—1890. https://doi. org/
10.1785/0220200345

Rydelek, P. A., Hass, L., 1994. On Estimating the Amount of
Blasts in Seismic Catalogs with Schuster’ s Method. Bu/-
letin of the Seismological Society of America, 84(4): 1256—
1259. https://doi.org/10.1785/bssa0840041256

Shelly, D. R., 2020. A High-Resolution Seismic Catalog for the
Initial 2019 Ridgecrest Earthquake Sequence: Foreshocks,
Aftershocks, and Faulting Complexity. Seismological
Research Letters, 91(4): 1971—1978. https://doi. org/
10.1785/0220190309

Tan, F. Z., Kao, H., Yi, K. M., etal., 2024. Next Generation
Seismic Source Detection by Computer Vision: Untangling
the Complexity of the 2016 Kaikoura Earthquake Sequence.
Jouwrnal of Geophysical Research: Solid Earth, 129(5):
€2024JB028735. https://doi.org/10.1029/2024JB028735

Tan, Y. J., Waldhauser, F., Ellsworth, W. L., et al., 2021.
Machine - Learning - Based High - Resolution Earthquake
Catalog Reveals how Complex Fault Structures Were
Activated during the 2016 —2017 Central Italy Sequence.
The Seismic Record, 1(1): 11—19. https://doi. org/
10.1785/0320210001

Waldhauser, F., 2001. hypoDD:A Program to Compute Double
~Difference Hypocenter Locations. U.S. Geological Survey
Open-File Report 01—113, 25.

Waldhauser, F., Michele, M., Chiaraluce, L., et al., 2021.
Fault Planes, Fault Zone Structure and Detachment
Fragmentation Resolved with High-Precision Aftershock
Locations of the 2016-2017 Central Italy Sequence. Geo-
physical Research Letters, 48(16): €2021G1.092918. https:
//doi.org/10.1029/2021G1.092918

Wang, J., Xiao, Z. W., Liu, C., etal., 2019. Deep Learning
for Picking Seismic Arrival Times. Journal of Geophysical
Research: Solid Earth, 124(7): 6612—6624. https://doi.
org/10.1029/2019JB017536

Wilding, J. D., Zhu, W. Q., Ross, Z. E., et al., 2023. The
Magmatic Web beneath Hawai ‘1. Science, 379(6631):
462—468. https://doi.org/10.1126/science.ade5755

Woollam, J., Minchmeyer, J., Tilmann, F., et al., 2022.
SeisBench: A Toolbox for Machine Learning in Seismology.
Seismological Research Letters, 93(3): 1695—1709. https:
//doi.org/10.1785/0220210324

Xi, Z. Y., Wei, S. S., Zhu, W. Q., etal., 2024. Deep Learning
for Deep Earthquakes: Insights from OBS Observations of
the Tonga Subduction Zone. Geophysical Journal Inter-
national, 238(2): 1073—1088. https://doi.org/10.1093/
gji/ggae200

Yao, J. Y., Yao, D. D., Chen, F., etal., 2025. A Preliminary
Catalog of Early Aftershocks Following the 7 January 2025
MS6.8 Dingri, Xizang Earthquake. Journal of Earth Sci-
ence, 36(2): 856—860. https://doi.org/10.1007/s12583-
025-0210-9

Yoon, C. E., Shelly, D. R., 2024. Distinct yet Adjacent
Earthquake Sequences near the Mendocino Triple Junction:
20 December 2021 Mw 6.1 and 6.0 Petrolia, and 20 De-
cember 2022 Mw 6.4 Ferndale. The Seismic Record, 4(1):
81—92. https://doi.org/10.1785/0320230053

Yu, S. W., Ma, J. W., 2021. Deep Learning for Geophysics:
Current and Future Trends. Reviews of Geophysics, 59(3):
€2021RG000742. https://doi.org/10.1029/2021RG000742

Yu, Z. Y., Wang, W. T., Chen, Y. N., 2023. Benchmark on
the Accuracy and Efficiency of Several Neural Network
Based Phase Pickers Using Datasets from China Seismic
Network. Earthquake Science, 36(2): 113—131. https://
doi.org/10.1016/j.eqs.2022.10.001

Zhang, M., Ellsworth, W. L., Beroza, G. C., 2019. Rapid
Earthquake Association and Location. Seismological Re-
search Letters, 90(6): 2276—2284. https://doi. org/
10.1785/0220190052

Zhang, M., Liu, M., Feng, T., etal., 2022. LOC-FLOW: an
End -to-End Machine Learning -Based High-Precision
Earthquake Location Workflow. Seismological Research
Letters, 93(5): 2426—2438. https://doi. org/10.1785/
0220220019

Zhao, M., Xiao, Z. W., Chen, S., etal., 2023. DiTing: a Large
-Scale Chinese Seismic Benchmark Dataset for Artificial
Intelligence in Seismology. Earthquake Science, 36(2): 84—
94. https://doi.org/10.1016/j.eqs.2022.01.022

Zhong, Y. Y., Tan, Y. J., 2024. Deep-Learning-Based Phase
Picking for Volcano - Tectonic and Long-Period Earth-

Geophysical 51(12):
€2024G1.108438. https://doi.org/10.1029/2024G1.108438

Zhou, Y.J., Yue, H., Kong, Q. K., et al., 2019. Hybrid Event
Detection and Phase-Picking Algorithm Using Convolu-

quakes. Research  Letters,

tional and Recurrent Neural Networks. Seismological
Research Letters, 90(3): 1079—1087. https://doi. org/
10.1785/0220180319

Zhou, Y.J., Ghosh, A., Fang, L. H., etal., 2021a. A High-
Resolution Seismic Catalog for the 2021 MS6.4/MW,,
Yangbi Earthquake Sequence, Yunnan, China: Application
of Al Picker and Matched Filter. Earthquake Science, 34
(5): 390—398. https://doi.org/10.29382/eqs-2021-0031

Zhou, Y.J., Yue, H., Fang, L. H., etal., 2021b. An Earth-
quake Detection and Location Architecture for Continuous

Seismograms: Phase Picking, Association, Location, and



702 HiEkF#  htp://www.earth-science.net %51 %

Matched Filter (PALM). Seismological Research Letters,
93(1): 413—425. https://doi.org/10.1785/0220210111

Zhou, Y.J., Ding, H. Y., Ghosh, A., etal., 2025. AI-PAL:

Self—Supervised Al Phase Picking via Rule-Based Al-
gorithm for Generalized Earthquake Detection. Journal of
Geophysical Research: Solid Earth, 130(4): €2025JB031
294. https://doi.org/10.1029/2025JB031294

Zhu, J., Li, Z. F., Fang, L. H., 2023. USTC -Pickers: a

Unified Set of Seismic Phase Pickers Transfer Learned for
China. Earthquake Science, 36(2): 95—112. https://doi.
org/10.1016/}.eqs.2023.03.001

Zhu, W. Q., Beroza, G. C., 2018. PhaseNet: a Deep-Neural~

Network-Based Seismic Arrival-Time Picking Method.
Geophysical Journal International, 216(1): 261—273. https:
//doi.org/10.1093/gji/ggy423

Zhu, W. Q., Hou, A. B., Yang, R., etal., 2022a. QuakeFlow:

a Scalable Machine-Learning-Based Earthquake Monitoring
Workflow with Cloud Computing. Geophysical Journal
International, 232(1): 684—693. https://doi.org/10.1093/
gji/ggac355

Zhu, W. Q., McBrearty, I. W., Mousavi, S. M., et al., 2022b.

Earthquake Phase Association Using a Bayesian Gaussian
Mixture Model. Journal of Geophysical Research: Solid
Earth, 127(5): e2021JB023249. https://doi.org/10.1029/
2021JB023249

H1 32 8 & 3k
BERROE, SRLL A, JEHE, S 2021, S2 A REHLAE A 3T R S 0T

7% e HAE 2021 4F 25 R bE T MS6.4 M52 v iy )0 . Hb k4
PR, 64(10): 3632— 3645.



