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the discontinuity of the Moho discontinuity. The main challenge in PmP waves identification is their rarity, and the significant
manpower required for manual picking. To address this issue, we firstly obtained 1 713 PmP waves through manual picking and
amplitude-ratio validation, and applied a semi-automatic workflow (screening of seismic amplitude threshold and testing of
particle motion) to pick 1 536 PmP waves from waveforms recorded by permanent (2009—2022) and temporary (2011—2013)
stations in the southeastern (SE) Tibetan Plateau, and then we constructed a high-quality PmP dataset using these waves. We
retrained PmPNet, a deep neural network-based algorithm, to construct two new models PmPNet-SET _V1.0 and PmP-
traveltime-Net-SET _V1.0 , among which PmPNet-SET _V 1.0 achieved a high Fl-score of 0.863 7, with a precision of 86.6%
and a recall of 84.8% , and we tripled the number of the high-quality PmP database in the study region to 6 268. All PmP
picking results underwent rigorous manual inspection and were compared with the theoretical travel time to ensure the reliability.
The study shows several hyper-parameters play a key role in determining both the quantity and quality of the picks.
Furthermore, based on the constructed PmP dataset, the study preliminarily obtained the regional Moho depth, which displayed

a similar pattern to previous inversion findings, showing deeper depths in the northwest and shallower depths in the southeast.

Key words: southeastern Tibetan Plateau; PmP wave; deep learning; seismic dataset; PmPNet; seismology.
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Fig.1 The tectonic setting of the SE Tibetan Plateau
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®1 ET RS SAHK SWChinaCVM-2.0 — 4 4 B & E &
B IR
Table 1 A sample of choosing the reflection point’ s 1-D

layered velocity model for choosing the reflection point

BERY 3 BB (km) P i JE AR (kemes )
0 5.26
2.5 5.32
5 5.50
7.5 5.71
10 5.83
15 5.95
20 5.97
30 6.03
40 6.19
50 6.52
60 6.81
70 7.28
80 7.65

®2 ETREAHEEREESRY KEH SWChi
naCVM-2.0 — %5 2 & AR B R 6]
Table 2 A sample of compressing the reflection point’s model
of SWChinaCVM-2.0 according to the reflection
point’s Moho depth

MY | i R B (km) P R (kmes 1)
0 5.26
1.97 5.32
3.94 5.50
5.91 5.71
7.88 5.83

11.82 5.95
15.76 5.97
19.7 6.03
23.64 6.19
27.58 6.52
31.52 6.81
39.4 7.28
47.28 7.65
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CENC Jij 52 #h 52 H 5% > i T https : //news.ce-
ic.ac.en/ (| J5 — W U5 B T 2025 4 3 H 17
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i WT LA £E https : //github.com/Seismic-Data-imag-
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