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Accurate Catalogs Drive Geosciences:

1. Fault geometry 2. Seismic risk &
investigations insurance assessments
\ |/ \
3. Emergency 4. Earthquake Early
response planning Warning Systems (EEWS)

\

30,10 S0 9,0 4> o J o y F UL

The Fragility of Routine Locators:

Routine locators (Hypo71, Hypocenter, HypoDD) ,
rely heavily on pristine data. They degrade rapidly
when faced with:

- Sparse station coverage or network outages.
- Inaccurate phase picking (noise/GPS drift).
g - Velocity model uncertainties.
b @
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Waveform-based
Deep Learning

A .m,,. ; e Uses raw
waveforms
A —%*Nﬂwo—-'—

¢ CNN, Temporal
CNN, Bayesian CNN

: e Learns features
automatically

¢ Higher data &
compute demand

Examples:

Kriegerowski+2019, Zhang+2020,

Lomax+2019, Mousavi & Beroza
(2019, 2020), Ristea & Radoi (2021)

-
Phase-pick
Based Methods
.A ¢ Uses picked P/S
Al B8 o
\ -~ ’;“:A arrival times
\ i B (and amplitudes)
,\\ 1]/ P
Rebly™ 2 e Compact features
\\‘\';," F * Fast & efficient :
* ¢ Depends on
picking quality
Examples:
ANN (Bose+2008), Attention (Chin+2021),
Random Forest (Saad+2022),
Gradient Boosting (This Study)
Physics-informed
Machine Learning
¢ Incorporates physical laws
(e.g., travel-time, Eikonal eq.)
e Better generalization
¢ Less dependence on
labeled data
L Examples: PINNs (Smith+2022)

@ Reinforcement Learning

7 4\ + Learns through interaction
’» + Does not require phase picking
WM

« Suitable for energy-field inversion

Example: Wu+2019

Common Estimated Parameters

Graph / Network Transformer / Attention

Based Methods Based Models
® @] ¢ Use station * Capture long-range |
NN ® geometry dependencies
\ * = explicitly HEANN
Y . SN P * Attention
" | ° Han'clle variable // /: : \\‘ \\ fechanist ‘
‘ (@) station numbers -
o =i *—.—“ . * Robust to variable
, * Ideal for seismic inputs
O networks
Examples: Examples: |
GNN (Van den Ende &

Ampuero, 2020) Miinchmeyer+2021, Chin+2021

Q Bayesian / Probabilistic
Learning
¢ Provides uncertainty
estimates
* Output: posterior
distributions
¢ More reliable deciisions

—_

RS Examples: BNN (Mousavi & Beroza, 2019),
N g Bayesian PR (Kaufl+2016), Stein VI (Smith+2022)

~ This Study (Our Contribution)

Histogram-Based

> 1 A Gradient Boosting (HGBR)

L
<> _"MM‘*— Jiﬁf 4 -K;"- -5 S Uses relative P/S arrivals
<> t ¥ N + amplitudes
Latitude oriai e A T = e A @ Fast, accurate & robust
. rigin agnitude orizonta ep zimutha Estimates location,
Lol;legli:de Time (ML/ Mw) Error Error Gap o magnitude, origin time
P & uncertainties

https://chatgpt.com/ :tawgi oui g
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1S=(("earthquake location” OR "earthquake localization” OR hypocenter* OR "seismic event location” OR
"earthquake magnitude” OR" local magnitude” OR "moment magnitude”) AND ("machine learning" OR "deep
learning” OR "artificial intelligence” OR "neural network* OR CNN OR Transformer* OR LSTM OR "graph neural
network*' OR GNN))
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A\ Operating Station Each earthquake has its own fingerprint Recorded Waveforms (Fingerprint of this Earthquake)
(Ceteeted) on stations in terms of P arrivals, S arrivals and amplitude.
. . P S Amp: Very Large
/\ Not Operating Station STO01 ! !
(No Detection) ST02 (15km) ““"‘W""’W
ST10 (Opﬁﬁng) ST03 |
(Not Operating) 120 km o~ A P N ok \
210 mse " (Not Operating) ST04 ! ! Eaat
7 77 160km (25km) I I‘MW i
P /’/ : i
\‘/‘/ ‘ P S Amp: Medium |
ST02 ‘ mg
ST01 \ST04 T | |
(Operating) A.. ,A(Operatlng) i ( m) A\ WM Wi
15km | . 25km ‘ l i
£33 Earthquake ‘"“.\._Ff. ST0S — i
s (Orlgln)\ T e A (Operating) | ST05 P S A el
P \‘\ / \ 80 km (80 km) ! A
ST09% ("7, o iR N S
(Not Operating) ,'I b l‘ P S Amp: Small
300 km ¥ - ‘ ST07 ‘ p:
A ST07 | (140km) . o
ST08 (Operating) ST06 1 ! :
! (Operating) 140 km A > ‘ ‘
= Parrival 180 km ? N
) (Operating) ‘ ST08 P S Amp: Very Small
s S arrival A ;
260 km (180 km) i |
e Waveform amplitude ‘ T Hald
No Detection (No Waveform Recorded) : : 4
sT03 ST09 ST10 | ST06 1 i g ety Sl
0 50 100 150km (260 km) i
— = ] No P or S arrival detected No P or S arrival detected No P or S arrival detected \ |
Time >

/ forms the fingerprint of an earthquake. No two earthquakes produce the same pattern.

[ @ The unique combination of P arrival time, S arrival time, and amplitude at different stations }

https://chatgpt.com/ stawgi onis g
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Histogram-Based Gradient Boosted Trees (HGBT)

1. Simple Decision Tree 2. Random Forest 3. Histogram-Based Gradient Boosted Tree

A single tree built on the whole data using exact

feature values.
Target X < 2.35?
A
High| o : No
.I
s ® | ®
® 4 : e ©
. Jlute
e 0 Yes o
o B .
¢ ¢ & & , : -
Low : 012 | |-025 [-0.40
Feature X
Key idea

Finds the best splits using exact threshold values.

Pros

* Easy to interpret
¢ Can capture complex patterns
 Prone to overfitting (high variance)

\\

Many trees built on bootstrapped samples with
random feature selection.

Target Many Trees (in parallel)
A
High ~ ! Tree 1 Tree 2 Tree N
© . —¢
*.u s R R R
o' © 1
P | ® Q oo
e AR AATAR
¢ & ° %
o O ® ® o \ L /
Low : | |
: > L Average of all trees J
Feature X (Prediction)
Key idea

Reduces overfitting by averaging many diverse trees.

Pros

¢ Lower variance, more robust

* Works well on many datasets

¢ Less interpretable than a single tree

* Does not model sequential improvement

Trees are built sequentially; each new tree learns from
the errors of previous trees using histogram bins.

Target
e Trees built sequentially (in order)
High | o ° I E i Tree 1 Tree 2 Tree K
0 " ® ! : (Residual 1) (Residual 2) (Residual K)
e
.l
o : ‘l
° 1 9 e —» —>
[ ] :. ° |
o ® : : e ‘ ‘ ‘
e o |° o' °
Low : : L s J
Eaature X - Sum of all trees ]
(Prediction) ;
Key idea

Uses histogram bins to find split candidates and builds trees
sequentially to minimize errors (Gradient Boosting).

Pros

* High predictive performance

* Captures complex patterns

* More robust to overfitting (with regularization)
¢ Computationally efficient with histogram bins

https://chatgpt.com/ stawgi onis g
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/

Build trees sequentially, where each new tree

learns the residual errors of the previous ensemble.

— p—

Tree N
(Correction)

Residuals Tree 2 Residuals
(Error) (Correction) (Error)

1
|
|
A

Tree 1
(Prediction)

T
|
|

A

Final Prediction = Tree 1 + Tree 2 + ... + Tree N

Each tree is a weak learner that tries to reduce the remaining error
(negative gradient of the loss function). The ensemble becomes
stronger as more trees are added.

Traditional Tree Split Search Histogram-based Split Search

All unique values are
considered as potential splits.

Values are grouped into
a limited number of bins.

] oo [N IEEDIEE

Only ~255
candidate splits

Millions of
candidate splits

Q Much faster
Lower memory usage

Q Computationally expensive

Continuous features — fixed bins (e.g., 255 bins per feature)
Greatly reduces training time and memory.

NATIVE MISSING VALUE HANDLING

Learn the best
— direction (Left or Right) —»
during training

Send missing
values to the
learned direction

Is feature
missing?

Q No imputation required. Missing values are handled naturally.

1. GRADIENT BOOSTING: HOW IT WORKS 2. HISTOGRAM BINNING: FASTER SPLIT SEARCH 3. KEY ADVANTAGES OF HGBR

High Accuracy
Boosting reduces bias and captures
complex non-linear relationships.

Fast Training

Histogram binning dramatically
speeds up split search.

Memory Efficient

Storing bins instead of raw values
lowers memory usage.

Handles Missing Values
Learns optimal routing for missing
values automatically.

Built-in Regularization
Multiple parameters (learning rate,
max depth, L2, early stopping, ...)
control overfitting.

Scalable

Works efficiently on large datasets
with many features.

https://chatgpt.com/ :tawgi ouw gl
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Complete Dataset (Best Case)

P-Phases S-Phases Ampllt Ill.’

P-Phases Missing: 6.5% A S-Phases Missing: 10.0% o Amplitudes Missing: 47. 0%
) . ) (Natural limit based on event magnitude)
Partial Dataset (Routine Operations)
S-Phases lll

1l Amplig llllb

P-Phases Missing: 16.5% s S-Phases Missing: 25. 0% Amplitudes Missing: 49. 0%
Limited Dataset (Sparse / Poorly Conditioned)
Ampii ||||p

o SR

P-Phases Missing: 27. 5% S-Phases Missing: 40. 0% Amplitudes Missing: 51 0%

https://notebookim.google/ :tawg ouw g
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Uos Clbol 23 N Boosting
mm-
Complete 0. 09 107 25.4 0.86
Partial 0.09 62 107 25.4 0.77
Limited 0.06 93 84 0.05 0.64
Distribution ~ U(0.05,0.15) U(2,100) U(50,150) U(0.01,100) -
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Hypo71_Complete B Hypo71_Partial B Hypo71_Limited
Hypocenter_Complete [ 1 Hypocenter_Partial O Hypocenter_Limited
HypoDD_Complete I HypoDD_Partial ®E  HypoDD Limited
100
| gy = ¥ ©® ®
|l ! - .
80 g
i ] i = oge
: Condition | A | B _
[
| X(km) <20 <50
40+
' Y(km) <20 <560
20 T T T T

I(km) <20 <50

B)

100 E

L

OT(s) <1.0 <3.0
L M(km) <0.2 <0.5
= Gap(km) <10 <20
-
=

Prediction similarity (%)

ERH(km) <1.0 <3.0

40
s 5 ERZ(km) <10 <3.0
20 | T ; T T T T T T

X (km) Y (km) Z (km) M (MI) Relative Ort {(s) ERH (km) ERZ (km) GAP (°)

Targets
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Hypocenter: 4.500 s

HypoDD: 2.980's

Hypo71:0.282 s

faster than HypoDD
HGBR (Our Model): 0.050 s faster than Hypocenter

https://notebookim.google/ g ou gl
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Artificial Intelligence in Geosciences 6 (2025) 100149
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Original research articles .')
Earthquake location and magnitude estimation using seismic arrival times s

pattern and gradient boosted decision trees

Saeed SoltaniMoghadam™* *, Anooshiravan Ansari'~, Leila Etemadsaeed, Mohammad Tatar"~,
Meysam Mahmoodabadi

International Institute of Earthquake Engineering and Seismology (IIEES), No. 21, Arghavan St., North Dibajee, Farmanieh, Tehran, 19537-14453, Iran

ARTICLE INFO ABSTRACT

Keywords: We present a machine learming approach for earthquake location and magnitude estimation based on seismic
Earthquake location arrival time pattemns, using Histogram-Based Gradient Boosting for its high accuracy and computational
Mad?me learning - efficiency. The model is first evaluated using a synthetic earthquake bulletin that simulates realistic network
Gradient-boosted-decisian-trees geometry, station-event distributions, and incorporates a 3D velocity model for accurate travel-ime compu-

Synthetic and real data . . . . . . . . .
Y 3 tation. Input features include P and S arrival times and amplitudes, while targets consist of location, origin

time, magnitude, and uncertainty measures (horizontal and depth errors, azimuthal gap). Model performance
is evaluated using R?, Mean Absolute Error (MAE), and Median Absolute Error (MEDAE), demonstrating high
accuracy across datasets with varying levels of completeness. Finally, we validate the model using real-world
data from the Ahar-Varzaghan 2012 aftershock sequence in NW Iran. The model accurately recovers key spatial
patterns of seismicity despite significant missing data, and the results align with previous high-resolution
studies. These findings confirm that the proposed method generalizes well beyond synthetic settings and offers

PO
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