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Recognition of small magnitude seismic event type based on
time-frequency features and machine learning

Li Xueyan Bian Yinju' Hou Xiaolin Wang Tingting Zhang Yixiao

(Institute of Geophysics, China Earthquake Administration, Beijing 100081, China)

Abstract: The recognition and classification of seismic events hold significant importance in
seismic monitoring and earthquake disaster mitigation. This research primarily focuses on 1935
seismic event data with low magnitude (M;<3.0) in the North China region, encompassing
three distinct types of events: natural earthquakes, artificial explosions, and mining collapses.
Preliminary analysis of the earthquake catalog involved the geographical distribution examina-
tion, annual trends, and magnitude distribution of these events. Preprocessing of raw seismic
data included amplitude normalization, detrending, mean removal, and band-pass filtering
(0.5-20 Hz). Additionally, short-time Fourier transform analysis was utilized to visualize
waveform and spectrogram characteristics, facilitating the observation and analysis of both time
and frequency domain features. Based on the analysis results, 62 features across 10 categories,
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including time, P/S amplitude ratio, frequency, zero-crossing rate, peak amplitude, peak
ground acceleration, energy, signal characteristics, angle, and other ratios, were extracted as
the foundation for classification.

This research employed K-Nearest Neighbors (KNN), Adaptive Boosting (AdaBoost),
and Light Gradient Boosting Machine (LGBM) algorithms to classify the seismic events. The
models were trained on the extracted 62 features for binary and ternary classification tasks of
natural earthquakes, artificial explosions, and mining collapses. The basic principles of KNN,
AdaBoost, and LGBM algorithms were initially introduced, followed by a description of the
training process for the classification models. To ensure balanced sample distribution for each
event type, data were selected based on uniform distribution of time and geographical location.
Ultimately, 545 events for each event type, totaling 1635 seismic events, were chosen as the
sample data for building the classification models. The dataset was divided into training and
testing sets using a holdout method, with 75% of the data used for model construction and
validation, and 25% for evaluating model performance. The training data covered the main geo-
graphical range of the North China region (109.3°E—123.5°E, 34.1°N—43.7°N), ensuring the
models could capture the region’s diversity and complexity. The testing data covered a slightly
different geographical range (110. 8°E—124. 1°E, 34.9°N—42.7°N).

The 62 features were used to train classification models by KNN, AdaBoost, and LGBM
algorithms. Models were trained with number 0 representing natural earthquakes, number 1
representing artificial explosions, and number 2 representing mining collapses. Various classi-
fication models were evaluated using KNN, AdaBoost, and LGBM, with each model trained
and tested 100 times for 0-1, 0-2, 1-2, and 0-1-2 classification tasks. AdaBoost and LGBM
demonstrated superior performance compared to KNN across all classification tasks, espe-
cially in 0-1 and 0-1-2 classification tasks. LGBM consistently exhibited the best overall
performance, maintaining an accuracy of over 95% and showing high stability. In different
classification tasks, 0-2 classification yielded the most outstanding results, followed by 1-2
classification.

Following the training of classification models, the focus shifted to comprehensive evalu-
ation of these models using testing data. Each model was used to identify the event types in the
testing data, yielding performance results for each model across different classification tasks.
Confusion matrices were generated based on identification results, demonstrating excellent per-
formance for each classification task, particularly in the 02 classification using three different
classification algorithms.

Based on confusion matrices, performance evaluation metrics, including accuracy, preci-
sion, recall, and F; score, were calculated. In the 0-1 classification task, AdaBoost per-
formed the best, achieving an accuracy of 96.69%. In the 0-2 classification task, all three
algorithms performed well, with evaluation metrics exceeding 99.26%. In the 1-2 and 0-1-2
classifications, LGBM exhibited the best performance. Overall, each classification model
demonstrated excellent performance, with accuracy, precision, recall, and F; score all exceed-
ing 89.71%.

LGBM exhibited superior overall performance, maintaining an accuracy of over 96.32%
and demonstrating high stability. KNN still has significant room for improvement, possibly due
to its sensitivity to data, resulting in relatively weaker performance compared to AdaBoost and
LGBM. AdaBoost’s overall performance lies between LGBM and KNN.
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Finally, ROC curves were plotted to visualize the recognition of the testing dataset using
three different classification algorithms (KNN, AdaBoost, LGBM). While KNN algorithm
performance for 0—1 and 1-2 classifications requires optimization, all other models performed
exceptionally well in the ternary classification scenario. Confusion matrices and evaluation met-
rics indicate that the constructed classification models perform well on testing data, with ROC
curve analysis further confirming the excellent performance of the classification models in vari-
ous tasks, revealing the applicability of different algorithms in their respective tasks, and
providing strong support for the practical application of the models.

Key words: natural earthquake; non-natural seismic events; feature extraction; classification
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Fig. 1 Distribution of train data (a) and test data (b) of seismic events in North China
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HRBIE N IEAHAE R G, s B AR S IR AREL, BRI RAE Sl S0E I 0 T id %
R W BRI ATS A T2 MR AR SR I B BUE S O R 1 B RAR IR AT S A3 % 26 (Dargahi- 6
Noubary, 1998)
WA AR I HFZ W PR IS X B % KAl (Horasan et al, 2009; Badawy ez al, 2019) 1
WS e HOFRAR 5 Pl LT/ T SR N B B (Goforth er al, 2006) 1
fght MO T SRR, WEELAR IR A A IR RE A, AR RS )RRl (R T4, 2012) 3
5% HOFRAE SIREE, 15517 (Laasri er al, 2015; Saad et al, 2019) 2
HORZIB I b TL i i) 5 W (IR IR 2 LR A, MR BOR 00 F R 1] 55 i (E 4R i = lWDA, BIfEZ B 1
HEIE Th. R RRIHA S HRIG A LU RA SHURMOE PRI AFZ ILRA/AF, DA SHFRBOE A TFHIE 6
AFZ [LDA/AF (RIJIIEE, 2020)
S WFRPIEI LT TR, IRASDARKIEYIME(Ma e al, 2015) ; 3R {55 08 B € BIETT AL 4

TR BT RS
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Fig. 5 Distribution of partial features for three types of events
(a) Distribution of features of the average frequency decay above the threshold; (b) Distribution of P/S amplitude ratio
Ap/Ag at the filter band 9. 5-10. 5 Hz; (c) Distribution of P/S amplitude ratio 4p/Ag at the frequency band from 1 to 20 Hz
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BOE Y% AF 2t RA/AF, M2 i I8 5 B I [] 5 0 {8 4R 1 22 L DA FI DA/AF 4 (S Ii)1]
A5, 2020) . SXFP LR A 00 REAE 3 R R IO T AR A T A T . O O A b R AN [R) 288 Y b R S
BYRFIE , R S5 2253 BT R0 43 SR AR 1 7 2 5 LAl

S R T TR BT 62 A FEAE Hr 8 43 RRAE (4 20 A3 1% 5 . 18] Sa A1 Sb 43 518 B H 2 1 ) °F
R BRI P Y5 S P 9% A L (3 % B B A 9. 5—10. 5 Hz) BYHRAE /0 A [, =230k ih X
AR RS RV BUE o A A L. T LOUEE 3 (8] Sa b R AR M 7R I 35 B K, T 0 7% 39 A 11
PIME e/ s & Sb o KSR MR B 3 e/, N TR 9 ¥ (B 5 K5 & Se o 1—20 Hz Bl 1Y
P S R 0R L B A A L, v UL S Hz DU AN TR BEAY P IS S DR IR IR Lu ks Tk, KA
i A= 4 4R i EL R T /D

2 EEBEE

2.1 K-E4RE &

K-iIT 2B 35 7 (K-Nearest Neighbor, 455 & KNN) J& —Fp B AR 43280 0] 15 5 1, AL
e KNN 973 26 8. {6 KNN i p 26t i vp, JoE, s — Dl e s, mBdREa s e
VN B REAS L OE TR 0 A S, SR s AE I R RS HE AE rh Hk BI) 5  S  Be AR A Y KA S
], 38 3 T B R A AR M s R, KINN B0 SE 13X KA~ 4B 3 52 ] v 45 1> 25 51
WA e, R N S o 2 ) G e BN R R S,k 2 S A ) T 432
PR T SRR I 43 28 0 s, BB AE AR S I R A A (A OO T 3 0 R AR Y 4
ST HEAT O, B A A RN RS L R SEBRHT H, KINN B3 8 T A 3 b R Y
SIS 5 HOR SRR R F A9 43 25 A8 (Peng et al, 2021; Pérez et al, 2022), M f# LA
INE 43 2 ) R 4t T R SR S iR A
2.2 HEMRAHEE

A 1E W 32 T8 % (Adaptive Boosting, 455 & AdaBoost) /& — FP 45 2 S Hi AR, HZ .o B
T H G Z DM FE T, WA PR KM/ 2848 . B4 1 Freund F1
Schapire (1997) $2 i .

AdaBoost i Il Zk i 2 w] DL ZEAE 45 LU T AP BR : B SR NS FEA, S FEAR S ) #R 9k
Wt AH IR B AU, 385 A UN. FE B AR had B b, 25 5N REAS s 55 0 28 88 IE i 4 2%, HUAY
ECRE I/ s AL, A R 1R 03 28, HAUE R 3, A I AU(E S8 S B FE AR BRI R R — A~ 355 43
Ay, W B ERIETT, HEESTAEARMBOIES 2. 350 RN E G, R4 H 52k
B R FBXT 25 AN 55 40 J A AU SE AT R L B R BN 55 o R AR R A R A SRR K
ACE, PR 3 i LR A AR AL A i B2 . AdaBoost B B 7E S R H T A SIS, 4 2
T ORS00 S AR B HE L, T o U TSR R R 2 26 (Peng er al, 20215 R U5,
2022), HARSTE T REME A AL B A Z 0 Bt 4 P S B AY 1z fh i
2.3 RELMERANEE

om0 i 3R FH WLAR 7% (Light Gradient Boosting Machine, 455 4 LGBM) J& — Fit = 54 19 #6
i $2 F+ AL ( Gradient Boosting Machine, 455 & GBM) 5.k, & Sy N X AR B0 A0 s 2 I 250
Bt AR ETH R AROR, @ kA B 2 e AL Ol Be ) . B R TR TR
PSS AR SRy 55 2 20 A, L AR B R A ek R R ] — OB Ry i 45 643 2 (leaf-wise) 1Y i ACRFAIE
Gy SRS . L T AL B 2 5y 24 (level-wise) , 31X Fft 5 W A 53 UK 43 S4B % 56 % 24 A A A 4 o1
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IR 5z R B R O R AL, AT D0 A B TR, 4 e DI R 38EE . LGBM LU L i Ak i PR RE L (R Y
A FE | S5 DI04 o Ay 25 A e ke S B S TR SR AR 1 5l 0 9 S8

3MEEMHRBAJNIBE SRS

3.1 S ERERIIZ%

A B 5T A 258000 1 62 AN HEAE SR F KNN, AdaBoost, LGBM = Filt 43 25 8 2 R 47 43 4 68
RIYINZ5 . BRYIZRr, 0 Fm RIRMAR, 1 /R N TR, 2 Romo B, 0-1 RFERKHE
5N TR/ 2B, 02 RR KA MR 507 B IR A 0 8880, 12 R AN TRk 5 0~
IR G 2R 0-12 AR KRR 5 N THRAE . 230 BA 1 /0 2B . % 0-1, 0-2, 1-2,
0-1-2 ffi i KNN, AdaBoost, LGBM 43 %1311k 100 ¥, 45 Uizt 56 I 24 804 v BE HLH IR 75%
FUNGR, Har 25% HFMR0Z o0 AR 0 i 32 . R[] o0 R iR R &l 6 TR, 1T 3R
15 20 0 A 4 AT A R 1 M8 L Rl L B/ME S TR 2.
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Fig. 6 The accuracy of classification models after 100 times training using KNN (a) ,

AdaBoost (b) and LGBM (c), respectively

R 2 AR BRI R BIE RRME . R ME
Table 2 Average, maximum and minimum of accuracy for different classification model
] RN 5 N T AR FIRHAE 507 730 N TS50 730 RIRHFE SN THR0G 0772
ZES Bae BN RS SIIRERNIER R SIIERERNER R SRR BRI R
Ik - - - - = - = =
SFEIE ERORME wmME S CFIE BRORE RuME CFRIE RORE RBuME PHEE BRE BuME
KNN 89.66% 91.22% 87.80% 98.84% 99.61% 98.05% 94.73% 95.90% 93.07%  89.19%  90.68%  87.30%
AdaBoost  96.99% 97.95% 94.63%  99.28% 99.80% 98.24% 98.12% 99.51% 97.07%  95.17%  96.35%  93.94%
LGBM 97.03% 98.05% 95.90% 99.10% 99.71% 98.34% 97.95% 98.73% 96.98%  97.01%  97.98%  96.16%

MIEL 6 R LB ISR B, A X T KNN 575, AdaBoost Fl LGBM 7 45 i 43 25458 7 v 1)
PEREFE ML, JLHAE 0-1 M 0-1-2 R E N B E . AR SFEFET, LGBM k%
W R ik, JUHERR R AR RRTE 95% DL b, BA RS MR, TEAR KBS H, 024528
BURBCAEM, 12 K2,

F 2 A8 T A [F) 43 255595 (KNN, AdaBoost, LGBM) 43 %%t 0-1, 0-2, 1-2, 0-1-2 |
ZR100 IR ZE R, AT IL: 0-1 4325, LGBM M AE; 0-2 402, =8 09 e i R 35
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13k %) 98.05% LA b5 1-2 432, AdaBoost fil LGBM 13 2830 ¥ £E; 0-1-2 432K, LGBM
[ AE R B A . (HAS T E B )2, LGBM BEIUAE T A 43 24T 55 AR B 8, A Ak o R 5
[ G = S
3.2 MXEREERITM

FE 56 AT BRI 2R ), $2 F ok A T B B0, X 3k S A% AR 47 4 T A T4 L A
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Fig. 7 Confusion matrices resulted from identification results of test data by three classification algorithms

The value 0 on the coordinate axes stands for natural earthquake, 1 for artificial explosion, and 2 for mining collapse,

(a) KNN; (b) AdaBoost; (¢) LGBM

BTG M, AT T BRI GR PP AL A8 b5, GLAEVERG R L KR . AR F 4
B, S5 RIEY) TR 3. a3 A IWE R 0-1 202, AdaBoost 1Y # B A, MERR R AT 3k
96.69%; 0-2 73p2srh, =R RRIMEIRLE, WFANFEIRIIA 99.26% LA I, Hrh KNN il AdaBoost
W& & T LGBM, T A W90 7% 19 B A8 o 1E i 0 28, R IHORS 9 32 3K 100..00%; 1-2 F1 0-1-2 4326
1, LGBM W RBUR R AF. Bz, DL LB SRR R R IUERAR A, HEBRR . R .
B OF A EIEF 89.71% K UL I (HIS 48 I A JE, Wang 5 (2022) X 1-2 1 4 2l A7
90.00% Z& 47, A FE HORE E B R AR TH 5 94.49% LA L, BUS T I I A Btk
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R N B A =< el | N A 2 - ,
kR B3 RN KBRS 0
AdaBoost, LGBM) R 51l iz 4 1) 52 1% T BRI R
VE4F1IE (receiver operating characteristic, 45’5 Table 3 Evaluation metrics of different classification
p g
5 ROC) 4 . ROC £ 2 —Fh T 1FAh models for different classification task
N e . . KA ) K VETf SR e pfe 2% I [a] 3% AS,
VKRR PERE B T TR, AR A RER RATES WERRER RSERER HRE FOE
R R £ R R 0-1 90.81% 91.73%  89.71% 90.71%
s ' 02 99.63% 100.00% 99.26% 99.63%
K a1 2% 3 26 9 GE 1 iy £ i AR KNN 12 94.49% 94.81% 94.12% 94.47%
(area under curve, 455 i AUC) # Kk, #18 0-1-2  91.75% 93.15% 93.03% 93.03%
PR . [ Sa B T 2RI — 4 2% 0-1 96.69% 94.41%  99.26% 96.75%
02 99.63% 100.00% 99.26% 99.63%
_ _ _ j— JAND /S Y A AdaB
fE 55 (0 ‘1’ 0-2, 1-2) it = #p5p JE Y 1 ) daBoost L os16%  98.52% 97.79% 98.15%
ROC {14k, W LA KNN H x5 0-1 A1 1- 0-1-2  95.10% 96.11% 98.99% 97.52%
2 BRI R4 . T ROC i &k 2 — 0-1  96.32% 93.75% 99.26% 96.44%
A2 BT, BT 8b BT 0-1-  geum (1)72 99.26% 99.26%  99.26% 99.26%
- 98.53%  98.53% 98.53% 98.53%
JN K i A K Bl AT
25320, 1, 2 B SSH HY ROC 2k, i 0-1-2  97.30% 97.31% 97.30% 97.30%
— P RN TR 54 Mg, o KNN X e 0- U RIRMAE 5 A THRBEY /M2, 0-2fLF KM
0 f1 1. AdaBoostXT 1 [ 58I 3 A ot ik = R SRR ISEA, 1-20R A TR S5 R
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Fig. 8 ROC curves of different classification models
In the legends, O stands for natural earthquake, 1 for artificial explosion, and 2 for mining collapse

(a) 0-1, 0-2, 1-2 classification models; (b) 0-1-2 classification model
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FRAE, 53 %1% F§ KNN, AdaBoost, LGBM 43 K575 X AN [R] 43 K4 55 (0-1, 0-2, 1-2, 0-1-2) i
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KNN A5G 1R K sk =5 (8], Al 68 iy 3 5 0 B0 8 o U, 78 Ak 31O W) 5008 I 1 e AR Xt 55 T
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