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Abstract

Laboratory acoustic emissions (AEs) represent microslip events analogous
to small-scale earthquakes, providing valuable insights into the mechanics of
frictional instabilities. With technological advancements in acoustic moni-
toring, thousands of AE waveforms can now be collected in minutes of ex-
perimental time, requiring efficient methods for their detection and analysis.
In this study, we introduce a deep learning model for automatically detect-
ing AEs in laboratory shear experiments. Our dataset consists of about
30,000 manually picked AEs waveforms collected under different experimen-
tal boundary conditions using two fault gouge materials: Min-U-Sil quartz
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gouge and glass beads. By adapting the PhaseNet model, originally devel-
oped for natural earthquake phase detection, we train AEsNet, a robust AE
picker that outperforms pre-existing picking methods for the tested mate-
rials. To investigate whether the trained models can generalize across dif-
ferent boundary conditions and materials, and overcome the limitations of
small, manually labeled datasets, we apply transfer learning to analyze per-
formance relative to training size and material diversity. Our results indicate
that model performance is largely independent of experimental conditions
but strongly dependent on material type. This finding suggests that direct
transfer of models trained on one material to another is often ineffective due
to distinct frequency characteristics of AEs, which are closely linked to the
microphysical processes driving emissions in the different granular materials.
However, quick fine-tuning significantly enhances pre-trained AEsNet per-
formance, even surpassing that of a fine-tuned PhaseNet model pre-trained
on natural earthquakes. This underscores the importance of customizing
models to the specific attributes of laboratory-generated AEs—a conclusion
consistent with findings from transfer learning applications in natural seis-
micity. In conclusion, our approach provides an efficient tool for enhancing
AE detection, even with limited data from diverse laboratory conditions, en-
abling the creation of reliable AE catalogs that can significantly advance our
understanding of fault mechanics in controlled experimental settings.

1 Introduction

Acoustic emissions (AEs) represent elastic waves generated by the release
of energy from micromechanical processes (fractures or frictional sliding)
within a material under deformation. Given their small source, AEs emit
high-frequency seismic signals ranging from tens of kHz to MHz Lei and
Ma (2014), requiring the use of high central frequency transducers such
as piezoelectric transducers (PZTs) to capture them effectively. Since the
1960s, AEs observed during rock deformation experiments have been recog-
nized as microslip events analogous to natural earthquakes, and have been
used to study seismogenic processes in controlled laboratory settings Mogi
(1962), Scholz (1968), Lockner et al. (1991), Johnson et al. (2013). Large AE
catalogs have demonstrated that these events follow statistical distributions
similar to those of natural earthquakes, including power-law size-frequency
distributions Gutenberg and Richter (1944), Mogi (1962), Scholz (1968), and
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aftershock sequences governed by Omori's law Omori (1894), Mogi (1966).
Analyzing the rate and amplitude of AEs throughout the seismic cycle can
yield valuable insights into fault dynamics. These microslip events, which
often precede the main failure, exhibit non-random patterns that provide
critical information about the nucleation process leading to dynamic rup-
ture. Statistical analyses of AE parameters, such as the b-value Main et al.
(1989), Main (1992), Dresen et al. (2020), Goebel et al. (2017), Kwiatek et al.
(2014), Shreedharan et al. (2019), McLaskey and Kilgore (2013), Rivi�ere et al.
(2018), Bolton et al. (2021), Korkolis et al. (2021), along with the spatiotem-
poral evolution of AE waveforms Bolton et al. (2023), Kwiatek et al. (2024),
suggest that the increase of these events and their tendency to cluster both
spatially and temporally, might signal the initiation of an instability Marty
et al. (2023), Goebel et al. (2024). During this phase, micro-scale frictional
asperities fail, potentially coalescing and ultimately triggering larger fail-
ures. These asperity-scale processes Shreedharan et al. (2020) often lead
to an exponential increase in acoustic power before failure, a characteris-
tic that enables machine learning models to predict laboratory earthquakes
Rouet-Leduc et al. (2017, 2018), Lubbers et al. (2018), Hulbert et al. (2019),
Karimpouli et al. (2023), Wang et al. (2022). AEs can thus be viewed as
stress meters Goebel et al. (2013), Bolton et al. (2020), providing real-time
insight into stress evolution. Moreover, removing the in
uence of the moni-
toring system (commonly referred to as the instrument apparatus response)
from the AE signals, allows for source characterization through seismological
spectral analysis McLaskey and Glaser (2012), McLaskey et al. (2015), Pig-
nalberi et al. (2024), providing valuable information on source properties and
energy partitioning during dynamic rupture events. This analysis is essential
for scaling observations from laboratory experiments to natural earthquakes
Goodfellow and Young (2014), Selvadurai (2019), Blanke et al. (2021).

Recent advancements in acoustic monitoring systems, now capable of op-
erating at MHz sampling rates, enable the collection of thousands of AEs
within minutes of experimental time Rivi�ere et al. (2018), highlighting the
critical need for fast and reliable detection and analysis methods. How-
ever, in laboratory experiments, several factors complicate their detection.
A major challenge is experimental noise, often generated by hydraulic power
supplies or electrical motors in laboratory earthquake machines. Further-
more, AEs frequently occur in large numbers and close succession, leading
to overlapping waveforms that, along with scattering, can obscure clear �rst
AE arrivals. AE detection accuracy is also heavily in
uenced by PZT charac-
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teristics, particularly their inherent polarization which leads to preferential
sensitivity to either P- or S-waves. The angle of wave incidence relative
to the sensor orientation can substantially a�ect arrival clarity, resulting in
varying detection capabilities across di�erent source locations. Additionally,
while PZTs operate across a broad frequency spectrum, they typically work
in resonance and lack a 
at response, which can signi�cantly in
uence the
recorded AE waveforms making �rst-arrival picking even more challenging.

Standard amplitude based picking methods include the short-term
average/long-term average (STA/LTA) method Allen (1978), which detects
seismic arrivals by tracking the ratio of seismic energy in two time windows.
The STA window (ST) focuses on capturing sudden increases in signal am-
plitude, while the long-term window (LT) establishes the baseline noise level.
When the STA/LTA ratio surpasses a prede�ned threshold, it indicates the
arrival of a P or S wave. Another common technique involves joint autore-
gressive (AR) modeling of noise and seismic signals, using the Akaike Infor-
mation Criterion (AIC) to identify seismic signal onset Sleeman and Van Eck
(1999). While generally e�cient, these methods are susceptible to noise and
may lack accuracy when precise arrival times are required. They are particu-
larly challenging to apply when target waveforms are closely spaced in time,
a common occurrence with AEs during laboratory experiments on granular
materials Johnson et al. (2013), Bolton et al. (2020). Additionally, all of
these methods require the tuning of numerous empirical hyperparameters,
which are dependent on factors such as monitoring rate, sensor types, wave-
form characteristics, experimental noise, and, most importantly, user input
trial-and-error adjustments. This makes the picking procedure tedious and
highly user-dependent, as optimal parameter settings must be tailored to
each speci�c experimental condition.

Recently, deep learning (DL) have shown promise in overcoming some
of these challenges in the context of natural earthquakes. In earthquake
seismology, DL methods have become standard for phase picking Zhu and
Beroza (2019), Perol et al. (2018), Ross et al. (2018), Soto and Schurr (2021),
Mousavi et al. (2020), signi�cantly enhancing the detection of smaller events
and thereby improving the completeness and resolution of earthquake cata-
logs (e.g., Tan et al. (2021)). Trugman et al. Trugman et al. (2020) were the
�rst to apply DL for detecting AE in laboratory shear experiments, despite
working with a model trained on natural earthquakes and a limited catalog
not manually labeled. Recently, Shi et al. Shi et al. (2024) proposed a work-

ow to enhance the performance of pre-trained seismic picking models on
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out-of-distribution datasets without requiring retraining, by applying data
rescaling, �ltering, and prediction ensembling. The method, which employs
DL models trained on natural earthquakes, has been tested on various seis-
mic datasets across di�erent spatial and temporal scales, as well as on AEs
recorded during a triaxial rock deformation experiment on Berea sandstone.

Despite these advancements, there remains a lack of well-established ML
models speci�cally for AE detection in laboratory settings, likely due to the
scarcity of large, manually annotated AE catalogs. To address this gap, we
leverage an extensive dataset of manually revised AE picks from shear exper-
iments conducted under various boundary conditions, using di�erent types
of PZTs sensors and with di�erent gouge materials, glass beads and quartz
granular gouge. We train an adapted version of the PhaseNet model Zhu and
Beroza (2019) originally developed for earthquake phase detection, to enable
automatic AEs detection. We demonstrate that our model, which we call
AEsNet, outperforms pre-existing picking techniques. To address the chal-
lenge of limited training datasets, we propose a transfer learning approach.
We evaluate the prediction performance and limitations of our models in
relation to the underlying physical behaviors of the di�erent granular ma-
terials generating AEs. AEsNet results in a robust and adaptable tool that
enhances AE detection and analysis in experimental seismology, improving
e�ciency and accuracy in processing large event catalogs.

2 Data and Methods

In this study, we rely on AEs detected during laboratory experiments run
with the biaxial apparatus, BRAVA2, housed in the Rock Mechanics and
Earthquake Physics Laboratory at Sapienza University of Rome (Figure 1A).
The biaxial apparatus consists of two orthogonal servo-controlled hydraulic
pistons used to apply normal and shear load on the samples. Each piston is
equipped with a strain gauge load cell to measure the applied forces with a
precision of� 0:03MPa. Displacement transducers (Linear Variable Di�eren-
tial Transformers, LVDTs) are �xed between the load frame and the moving
piston to measure piston movement with sub-micron resolution, less than
0:1� m/s.

Experiments were performed in a double direct-shear con�guration, where
two 3-mm thick gouge layers are sandwiched between three steel forcing
blocks characterized by two stationary side blocks (friction area 50Ö 50
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mm2) and a central forcing block (80Ö 50 mm2, see inset in Figure 1A). The
forcing blocks have grooves perpendicular to the shear direction (0.8 mm
high and 2 mm spacing) to ensure shear localization within the gouge lay-
ers and not at the boundary with the steel blocks. The vertical ram moves
at a constant displacement rate, applying shear stress and inducing shear
deformation within the sample. On the central block, an on-board LVDT
is mounted to directly measure fault displacement. All mechanical signals
(stress and displacement) are recorded and digitized in real-time at 10 kHz
using a multi-channel analog-to-digital converter (NI-9403) with 24-bit reso-
lution. Four acoustic sensors (PZTs from Physik Instrument Ceramic, made
from modi�ed lead zirconate{lead titanate, PIC 255), are mounted on each
of the forcing blocks to capture high-frequency AEs, resulting in a total of
eight sensors in the double direct shear con�guration. The PZT array on
each block consists of two axial disk polarized parallel to the sensor surface,
speci�cally more sensitive to compressional P waves, and two shear plates
polarized perpendicular to the sensor surface, with one rotated 90° relative
to the other to enhance sensitivity to shear Sv waves (moving vertically in
the imposed shear direction) and shear Sh waves (moving along the block
plane but perpendicular to the vertical direction) (Figure 1B). Accordingly,
we refer to them as P, Sv and Sh sensors. This con�guration simulates a
three-component seismic station on each side block.

We performed experiments using two di�erent types of fault gouges: �ne
grained quartz (Min-U-Sil 40 U.S. Silica Company) and glass beads (class
IV spheres, grain size 150µm). We chose these two gouges since they have
been widely used in past laboratory experiments(e.g., Leeman et al. (2016),
Johnson et al. (2013)) as discussed in the next section. Figure 1C shows
a typical experiment. The gouge material is sheared at a constant sliding
velocity of 10 µm/s. After a �rst elastic loading phase, during which the
shear stress builds up, two unload-reload cycles are performed to promote
shear localization and the formation of a steady-state shear fabric (Figure
1C). With accumulated deformation we observe the spontaneous emergence
of unstable stick-slip behavior, typical of this material whose stress drop and
recurrence time is controlled by the applied normal stress (e.g., Leeman et al.
(2016)). As the stick-slip instabilities begin, experiments are acoustically
monitored using the eight PZTs mounted on the two lateral blocks. The
PZT analog signals are digitized by four two-channel TiePie Handyscope
HS5 digital oscilloscopes with 16-bit resolution and a sampling rate of 3.125
MHz or 6.25 MHz (Figure 1B).
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TiePie oscilloscopes also record the shear force applied to the sample
for accurate synchronization with the mechanical data. Signal alignment is
performed by downsampling the shear stress recorded by the oscilloscopes
and cross-correlating its derivative with the derivative of the stress measured
by the mechanical recording system. An example of 7 seconds of raw acoustic
data and shear stress collected with the oscilloscope is reported in Figure 2A
and Figure 2D, respectively for quartz and glass beads. Further details of
the monitoring system and experimental procedure are provided in Pignalberi
et al. (2024).

2.1 Dataset

Our dataset comprises AEs collected from double direct shear experiments
using Min-U-Sil quartz powder and glass beads to simulate fault gouge. Min-
U-Sil has been extensively studied to reproduce the full spectrum of slip
behaviors from slow to fast stick-slip and explore the role of strain localiza-
tion in controlling fault stability (e.g., Leeman et al. (2016), Scuderi et al.
(2017), Bedford and Faulkner (2021)). Furthermore, it has been acoustically
monitored to investigate laboratory earthquake nucleation processes (e.g.,
Bolton et al. (2020)). Similarly, glass beads have been extensively employed
to explore the microphysics of frictional instabilities. The physics of this
material is governed by force chain interactions (Mair et al. (2002), Scuderi
et al. (2014)), which are encoded in AEs activity and control stress accumu-
lation and release during fault stick-slip motion (e.g.,Johnson et al. (2013),
Rivi�ere et al. (2018)). Our dataset of AEs generated in Min-U-Sil consists
of 22,000 manually picked AE waveforms, generated from di�erent experi-
ments, performed under a range of applied normal loads (from 6 MPa to
50 MPa). For glass beads, the dataset consists of 3,200 waveforms, all col-
lected at a normal load of 6 MPa to avoid grain breakege during deformation
Mair et al. (2002). AE waveform �rst arrivals have been manually picked by
seven di�erent operators using Snu�er, a seismogram browser that allows
fast visualization and picking of seismic waveforms Heimann et al. (2017).
Our analysis focuses only on P-wave �rst arrivals, excluding S waves, as the
short 1.5 cm distance between the possible AE source and PZT sensors in
our setup hinders their clear separation.

Each manually picked waveform in our dataset is classi�ed based on
the gouge material, applied normal stress, and, since the same AE event
is recorded using di�erent PZTs, also by sensor type and orientation, as il-
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lustrated in Figures 2C and 2F. The number of picks for P sensors is smaller
than for Sv and Sh, as P sensors are more sensitive to hydraulic noise from
the horizontal servo-hydraulic piston.

2.2 Model setup

As in the original PhaseNet model, manually picked arrivals are converted
into probabilities, assigning the highest probability to the time point identi-
�ed by the analysts, with nearby points receiving progressively lower prob-
abilities based on a Gaussian distribution. This probabilistic representation
of manual picks helps the algorithm mitigate the impact of picking errors
within the dataset. We set the standard deviation of the Gaussian to 40
samples (6.4 or 12.8 microseconds at 6.25 MHz or 3.125 of sampling rate),
re
ecting the maximum time di�erence of AE �rst arrivals recorded between
the most distant sensors for the tested materials in our experimental con-
�guration. The probabilities represent the model's target, while the inputs
are the unprocessed AE waveforms. We intentionally avoid band-pass �lter-
ing the waveforms to make our picker model more robust against hydraulic
and electrical noise from the apparatus and monitoring system. These noises
arises from the feedback control hydraulic system applying the normal load
and power line interference a�ecting the PZT sensors.

The input waveforms and output probability sequences contain 9000 data
points, in contrast to the 3000 points of the original PhaseNet version for
natural earthquakes. A longer window o�ers two advantages: 1) it helps
the model handle examples with multiple target picks by increasing the like-
lihood of having multiple events in the same waveform, and 2) it provides
better sampling of the noise before and after AEs. The positions of the ar-
rivals within the window are varied to ensure that the algorithm does not
simply learn the windowing scheme. Each training example in our setup
comprises a three-component array: one trace is a single waveform recorded
with a single-component PZT, while the other two are zeroed. Each chan-
nel corresponds to a speci�c sensor type (P, SH, or SV), enabling the model
to independently learn waveform features associated with each sensor type.
This is fundamental because each sensor type has a di�erent response that
may alter waveform characteristics and is more sensitive to either P or S
waves due to the piezoelectric polarization Pignalberi et al. (2024). Each
waveform is normalized by removing its mean and dividing it by its standard
deviation. To enhance the model's generalization capability during training,
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we randomly stacked event waveforms by shifting, scaling, and 
ipping their
polarity. Overlapping event regions were avoided through the application of
masks on phase, event, and polarity features, along with careful shifting to
maintain distinct event boundaries.

An example of training waveforms for the same AE recorded by di�erent
PZT sensors for the di�erent tested materials is shown in Figures 2B and 2E.
We divided both the glass beads and Min-U-Sil datasets into training (60%),
validation (10%), and testing (30%) subsets. The training and validation
sets were used for model training and hyperparameters tuning, respectively,
while the testing set was reserved for evaluating the �nal performance of
AEsNet. For the testing set of AE waveforms, we added an equal number of
noise waveforms collected during our experiments, enabling the model per-
formance evaluation on both signals and noise. The data split was conducted
independently of waveform characteristics. Separate models were trained for
the glass beads and Min-U-Sil quartz gouge datasets.

2.3 Deep Learning Method

In this work, we use an adapted version of the original PhaseNet model Zhu
and Beroza (2019), which is based on the U-Net convolutional autoencoder
architecture Ronneberger et al. (2015) for processing 1-D time-series data.
We use the PhaseNet implementation included in the EQNet package Zhu
et al. (2022). Our AEsNet model takes AE waveforms as input and outputs
binary probability distributions for P waves and noise, ranging from 0 (noise)
to 1 (AE). The loss function is de�ned using cross-entropy between the true
probability distribution ( p(x)) and predicted distribution (q(x)).

While the autoencoder architecture remains identical to that of PhaseNet,
we slightly modi�ed the standard softmax normalization exponential function
used to set probabilities in the �nal layer, ensuring greater numerical stability.
Speci�cally, we subtract the maximum value along the relevant input tensor
dimension before applying the exponential operation. This adjustment helps
prevent issues related to 
oating-point precision, such as excessively large
exponentials that can cause over
ow or under
ow.

The P arrival times are identi�ed by extracting the picks of the output
probability distributions after applying a threshold. For more detailed and
technical speci�cations, we refer to the original PhaseNet paper Zhu and
Beroza (2019).
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3 Results

3.1 AEsNET performance evaluation

We evaluate the performance of our trained models following a binary classi-
�cation framework. The models produce \positive" or \negative" outcomes
based on the accuracy of the predicted result, identifying either noise or a
pick. Four scenarios are possible: true positive (TP), true negative (TN),
false positive (FP), and false negative (FN). We calculate precision, recall,
and F1 score for each trained model.

Precision is:
P =

TP
TP + FP

;

representing the proportion of positive identi�cations that were actually cor-
rect. Recall measures the ability to identify all relevant instances:

R =
TP

TP + FN
;

and the F1 score combines both precision and recall to provide a balanced
evaluation:

F 1 = 2 �
P � R
P + R

:

Considering true positives, we additionally calculate the mean (� ) and
standard deviation (� ) of time residuals (� t) between AEsNet and analyst
picks to further assess the picks precision. Arrival-time residuals �t of less
than 6.4 � s (40 samples at 6.25 MHz), are classi�ed as true positives, with
larger residuals counted as false positives.

Figure 3 shows AEsNet performance as a function of di�erent phase score
threshold values for the two tested datasets, Min-U-Sil (Figure 3A) and glass
beads (Figure 3B). In both models, precision increases signi�cantly as the
threshold rises, while recall decreases, re
ecting a trade-o� between reducing
false positives and the number of detected picks. The F1 score reaches its
maximum around a threshold of 0.5 for both models, identifying it as the
optimal balance between precision and recall. Thus, the 0.5 threshold was
chosen for all subsequent investigations as it provides a practical compromise
between accurately identifying true positives and minimizing false negatives.
Importantly, the performance of the glass beads model consistently falls short
compared to the Min-U-Sil model across all evaluated metrics.
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Figure 4 shows how AEsNet performance varies across di�erent signal-to-
noise ratio (SNR) levels. The test set is categorized into 10 groups based on
the value of ln(SNR), with precision, recall, and F1 score computed for each
category. SNR is calculated as the ratio of the standard deviations of 500
samples following the P arrival (the signal) to the 500 samples preceding it
(the noise). The SNR can be negative for certain AEs waveforms due to the
short moveout between phase arrivals. In such cases, noise windows contain
the coda of AEs that occurred before, a phenomenon particularly noticeable
in glass beads waveforms.

Regarding the Min-U-Sil model (Figure 4A), performance improves as the
SNR increases, with all metrics achieving higher values in the higher SNR
ranges. This re
ects the model's enhanced ability to accurately identify
true positives when signals are clearer. Remarkably, even at very low SNR
levels (< 2), the model maintains solid performance, achieving an F1 score
of 0.8, demonstrating its robustness under challenging conditions. On the
other hand, when the SNR becomes extremely high (> 8), precision drops
signi�cantly. While this might seem counterintuitive, it is attributable to the
very small number of examples in this SNR bin within the training dataset
(< 5, right y-axis in Figure 4A). Figure 4B shows a similar trend for the
testing glass beads dataset, with performance metrics improving as the SNR
increases. Although the model does not perform exceptionally well, it is not
entirely unreliable even at negative SNR values (< 0). At higher SNR (> 3.5),
performance slightly declines, likely due to the scarcity of training examples
in this SNR bin, consistent with the trend observed in the Min-U-Sil model.
These observations highlight that the model primarily learns to identify AEs
based on their unique frequency content rather than their amplitude or SNR,
emphasizing the importance of having a well-distributed dataset in terms of
frequency range and SNR, for robust performance.

3.2 Comparison with existing models

The performance of our AEsNet model is compared against standard pick-
ing algorithms, including the STA/LTA and AIC algorithms, both imple-
mented in the ObsPy library Beyreuther et al. (2010). Both of these 'classic'
methods for picking �rst arrivals require extensive user tuning, which we
have attempted to optimize (Figure S1). Additionally, we benchmark our
models against the Quakephase approach Shi et al. (2024). Quakephase
employs advanced pre-processing techniques to improve the performance of
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pre-trained DL picking models on out-of-distribution datasets. Quakephase
has already been tested on AEs collected during a triaxial rock deformation
experiment performed on Berea sandstone samples. In our work, we apply
Quakephase through Seisbench Woollam et al. (2022) by applying four di�er-
ent pre-trained models|the original PhaseNet, the original EQTransformer
Mousavi et al. (2020), and the two models retrained on the STEAD dataset
Mousavi et al. (2019). The models are applied after a series of pre-processing
techniques. The �rst procedure involves applying a rescaling factor to the
AE waveform, given byR = tm=ti = si =sm , where tm and t i are the time
window lengths of the ML model used during training and the actual input
data, respectively, andsm and si are the data sampling rates used for train-
ing the ML model and the designated sampling rate of the actual input data,
respectively. Subsequently, bandwidth �ltering is applied with a low cuto�
frequency of 20 kHz and a high cuto� of 2 MHz to eliminate low-frequency
noise from the hydraulic power supply and the high-frequency electrical noise
that characterize our experimental data Pignalberi et al. (2024). A sliding-
window approach with a an overlap ratio of 0.9 is used to enhance model
performance by exposing seismic events in multiple prediction windows at
di�erent positions. The windows contain the same number of points as those
used during the training of the applied DL models. At the end, the prediction
results of the four di�erent models are combined using principal component
analysis (PCA), which selects the �rst principal component maximizing data
variance as the �nal ensemble output. This approach automatically assigns
greater weight to models with consistent predictions while downweighting
outlier-like models.

Figure 5 illustrates the performance of AEsNet compared to all bench-
mark models across di�erent PZTs sensor types. For Min-U-Sil (Figure 5A-
B), AEsNet demonstrates robust performance across all PZTs, with F1 scores
consistently exceeding 0.9. These results are signi�cantly higher than those
of the AIC, STA/LTA, and Quakephase. This last method, although showing
good performance, achieved a smaller F1 score of around 0.7. An example of
the picks obtained using the di�erent tested methods for a complex Min-U-
Sil waveform containing 9 AEs manually picked (marked by dashed vertical
lines) is shown in Figure 6. The AIC method exhibits numerous missed picks,
whereas the STA/LTA method achieves reasonable performance but intro-
duces a noticeable delay in the automatically identi�ed picks compared to
the target picks (Figure 6C and 6D). Quakephase misses the smaller picks
and often misinterprets P-wave arrivals as S-waves. AEsNet clearly outper-
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forms all other methods, producing accurate, high-con�dence picks. This
strong performance is further evidenced when examining the distribution
of time residuals between the automated and human-labeled P picks (Figure
5B). The residual distributions for AEsNet are noticeably narrower and show
fewer biases compared to those obtained using the other methods.

Figures 5C and 5D report the same statistics for the glass beads dataset.
As with the Min-U-Sil dataset, the AIC method again shows the worst perfor-
mance, followed by the STA/LTA and then the DL-based methods. Despite
its acceptable performance, the STA/LTA method exhibits a strongly asym-
metric distribution of residuals, with picks occurring later than the true ones,
indicating some bias in its predictions. Quakephase and AEsNet show very
similar performance for this dataset, with AEsNet performing slightly better,
particularly for SV and P sensors, as evidenced by the standard deviation
(� ) of the residuals (5D). In general, SH sensors show the worst performance,
which is likely related to the less sensitivity to the imposed shear direction,
which favors microslip AEs with vertical directivity.

Figures S2-S3-S4-S5 show additional examples of the application of the
di�erent employed methods to AEs waveforms in the testing dataset. Figure
S2 presents an example from Min-U-Sil with a low SNR of 0.7. The AIC
method detects too many picks, while the STA/LTA method shows delayed
picks. Quakephase and AEsNet perform similarly, with Quakephase show-
ing slightly better residuals; however, it sometimes incorrectly interprets the
P-wave �rst arrival as an S-wave. Figure S3 provides an example with low
SNR for glass beads, where AEsNet clearly outperforms the other methods,
particularly in terms of phase scores. Figure S4 highlights that AEsNet ex-
cels even in the presence of strong low-frequency background noise, which in
our setup is caused by the hydraulic power supply imposing a constant nor-
mal load. AEsNet accurately detects �rst-arrival picks without the need for
�ltering, demonstrating its robustness in handling noisy conditions. Finally,
Figure S5 shows an example where the amplitude of the AEs is clipped (due
to exceeding the 4V voltage range), yet AEsNet successfully picks the �rst
arrivals, further showcasing its reliability under challenging conditions.
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4 Discussions

4.1 Models Generalization: How Much Training Data
Is Necessary for Optimal Performance?

A major challenge in developing ML models for AE detection is the scarcity of
labeled AE datasets in laboratory settings, along with the need for models ca-
pable to generalize across di�erent experiments and conditions. Understand-
ing how training dataset size and di�erent experimental boundary conditions
a�ect model performance is crucial for optimizing detection in data-limited
scenarios. This section examines AEsNet's performance in relation to these
factors. Regarding the Min-U-Sil dataset that includes around 16,000 train-
ing examples, QuakePhase performs reasonably well but it is signi�cantly
outperformed by AEsNet in overall accuracy and reliability. Additionally,
QuakePhase faces two main challenges. First, its extensive preprocessing
pipeline, including �ltering, rescaling, and the aggregation of multiple DL
models, although avoiding the need for hyperparameter tuning like standard
picking methods, signi�cantly slows its application Shi et al. (2024). For
instance, applying AEsNet to a 1 second AE recording on a MacBook Air
Pro with an Apple M1 chip takes 4 seconds, while QuakePhase (applied with
only PhaseNet as the inference model and no overlapping windows and there-
fore we not optimal performance) takes 25 seconds. Second, QuakePhase's
reliance on models trained on local natural earthquakes with clear, long (rela-
tive to window size) P-S moveouts often results in frequent misinterpretation
of �rst-arrival AEs as S-waves.

Figure 7A shows AEsNet's performance for the di�erent normal loads
applied in the Min-U-Sil experiments present in the testing dataset. AEsNet
generally shows a good generalization across di�erent normal loads. How-
ever, performance is lower for the 10 MPa and 17 MPa loads, which have
fewer training examples. It is important to note that these experiments were
conducted at a sampling rate of 3.125 MHz, compared to the 6.25 MHz used
for the majority of the experiments. Thus, the lower performance of AEs-
Net may be more attributable to the di�erent sampling rate rather than
the variation in normal load. Nevertheless, the F1 score under these con-
ditions remains around 0.85, re
ecting strong performance and signi�cantly
exceeding that achieved with Quakephase.

For the glass beads dataset, Quakephase and AEsNet perform very simi-
larly, with reasonable performances, but never reach the very high scores of
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the Min-U-Sil model (Figure 5C). Why is this the case? On the one hand, this
can be attributed to the lower average SNR values of glass beads AEs, which
do not have very large amplitudes with respect to the noise. However, as pre-
viously demonstrated, AEsNet relies primarily on the frequency content of
waveforms rather than their amplitude, which aligns with observations from
the original PhaseNet model applied to natural earthquakes Zhu and Beroza
(2019), and thus the less optimal performance can likely be attributed to the
lower number of training examples used in training our AEsNet model.

To further investigate this, we examine the performance of the Min-U-
Sil model as a function of the training dataset size, reducing it from the
initial 60% (16,000 examples) to 10% (1,600 examples) in steps of 20%. The
performance, along with pick time residuals, is reported in Figure 7B. As
expected, reducing the number of training examples leads to a decrease in
performance. However, even with a small training dataset, the Min-U-Sil
AEsNet performs decently, achieving an F1 score of 0.8, still slightly better
than Quakephase. This result demonstrates that with just 1,600 examples,
a newly trained Min-U-Sil model can outperform the Quakephase approach.
Performance is slightly lower than that achieved with the glass beads dataset,
likely due to the smaller number of training examples for Min-U-Sil (2,200
vs. 1,600). To achieve a more stable model with an F1 score higher than 0.9,
around 11,000 AEs examples are necessary.

Our results indicate that, in general, QuakePhase performs comparably
to AEsNet for glass beads. However, for Min-U-Sil, AEsNet outperforms
QuakePhase, even when a smaller training dataset is used. Additionally,
QuakePhase requires longer running time and can often misinterpret P-wave
�rst arrivals as S-wave arrivals (e.g., Figure 6). These results raise some
interesting questions: why do we observe di�erent performances for di�erent
materials? Is it possible to improve AEsNet performance with smaller AEs
training datasets?

4.2 Improving Glass Beads Detection Performance: A
Transfer Learning Approach

In laboratory settings we must address the challenge of a small training
dataset, since the scientist must/may investigate, performing a number of
experiments, di�erent materials under di�erent boundary condition to drive
solid scienti�c conclusion, and does not have the possibility to manually pick
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thousands of waveform for each experiment. In this context, for glass beads,
we attempt to apply the transfer learning technique through the use of pre-
trained models. Speci�cally, we �rst apply the Min-U-Sil model and the
original PhaseNet model, which was trained on natural earthquakes from
the Northern California Earthquake Data Center Catalog NCEDC (2014),
without any additional �ne-tuning. Performance results are presented in
Figure 8, which includes residuals (8A), performance metrics (8B), and phase
score distributions of the transfer learning models (8C), contrasted with the
glass beads AEsNet model trained from scratch whose performance has been
shown in the previous sections (e.g., Figure 5C and 5D).

When applied to glass beads, the Min-U-Sil model achieves a good preci-
sion of 0.8, but the F1 score is only 0.7, indicating that it misses a signi�cant
number of picks. This lack of picking con�dence is also evident in the phase
score distribution (Figure 8C). Similarly, the original PhaseNet model ex-
hibits high precision but an even lower F1 score of 0.4, highlighting the large
number of missed picks. The phase scores for PhaseNet are also low, and
even when applying a lower threshold, the number of detected picks remains
very small. For both models, the residual distributions are skewed, with neg-
ative averages and medians, indicating that predicted picks are consistently
delayed relative to the target ones. This delay may be linked to the mi-
crophysical mechanisms generating AEs in glass beads, a topic that will be
explored further in the next discussion paragraph. The Min-U-Sil model, hav-
ing been trained on AEs data, demonstrates reasonable performance, whereas
the original PhaseNet model, trained on natural earthquakes, fails almost en-
tirely. However, both pre-trained models generally exhibit signi�cantly lower
performance compared to the glass beads model trained from scratch.

Given the low initial performance, we further �ne-tune the two pre-trained
models using the glass beads training dataset. The last two columns of Figure
8 illustrate the resulting performances. Fine-tuning substantially improves
the performance of both the original PhaseNet model and the retrained Min-
U-Sil model, bringing them closer to the performance of the glass beads model
trained from scratch. The �ne-tuned PhaseNet model shows slightly lower
precision, larger residuals, and marginally lower phase scores. In contrast, the
retrained Min-U-Sil model outperforms the glass beads model, demonstrating
higher precision, smaller residuals, and improved phase scores, indicating
greater con�dence in its picks.

Figure 9A shows an example of an AE from the testing dataset, along
with the picks obtained with the di�erent models. The original PhaseNet
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model misses all picks, while the original Min-U-Sil model identi�es some
false positives. The retrained models and the glass beads model trained
from scratch all perform very well, with no noticeable macroscopic di�erences
between them in this speci�c example.

We discuss the not exceptional results of our transfer learning exercise in
the next section, where we explore the causes of this behavior and interpret
the model's performance in relation to the microphysical processes driving
emissions in di�erent granular materials.

4.3 Interpreting Model Performance: Variability in
AE Signatures Across Di�erent Granular Materi-
als

The results of our transfer learning exercise demonstrate that a model trained
on natural earthquakes does not perform well when directly applied to lab-
oratory AE data without preprocessing. Techniques like rescaling, �ltering,
and model aggregation used in QuakePhase can enhance performance but
still present challenges. For instance, QuakePhase often misinterprets �rst
arrivals as S-waves, and it does not perform as well as AEsNet, a model
speci�cally trained for AEs. Interestingly, while the Min-U-Sil model per-
forms better on glass beads than the original PhaseNet, it still falls short of
optimal performance. This highlights a crucial �nding: despite being trained
on a large dataset, the characteristics of AEs generated by di�erent physical
mechanisms in di�erent granular gouge materials, glass beads and Min-U-Sil,
vary signi�cantly, in
uencing model accuracy.

To better understand this outcome, we analyze the Power Spectral Den-
sity (PSD) of AEs waveforms for the two di�erent materials. The PSD
provides valuable insights into their distinct characteristics, as it re
ects the
distribution of energy across frequencies, a feature directly related to the
underlying microphysical processes and source size generating AEs. Figure
10A and 10B display AE waveforms with the same amplitude for Min-U-Sil
(10A) and glass beads (10B) across di�erent piezoelectric sensors (organized
by column), along with their respective PSDs (Figure 10C). Despite the sim-
ilar amplitude, the di�erence in PSD shapes between the two materials is
evident. Glass beads AEs show a much narrower frequency band where all
the energy is distributed when compared with Min-U-Sil that is character-
ized by a much more widespread frequency range. This contrast becomes
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even more pronounced when examining the distribution of all normalized
PSDs for all AEs in the dataset, shown for Min-U-Sil (Figure 10D) and glass
beads (Figure 10E). For glass beads, the median PSD exhibits a relatively
evident concentration in the mid-frequency range (150-500kHz), with two
evident picks, followed by a gradual, almost linear decline as the frequency
increases. Conversely, the Min-U-Sil PSD spans a much broader frequency
range. The median PSD shows a higher concentration of energy at lower fre-
quencies compared to glass beads, followed by an energy plateau that declines
more steeply at higher frequencies (> 1 MHz), culminating in a prominent
high-frequency bump, appearing around 1 MHz. The distinct frequency con-
tent of AEs generated by glass beads and Min-U-Sil re
ects their di�erent
deformation mechanisms. The deformation in glass beads is fundamentally
governed by the physics of force chains|a network of interconnected parti-
cles that transmit concentrated stress or force along speci�c paths through
the system Morgan and Boettcher (1999), Johnson et al. (2013), Ferdowsi
et al. (2013), Scuderi et al. (2015). AEs predominantly correspond to the
volumetric breaking of force chains, which, under the low normal stress ex-
perimental conditions we tested, do not involve the breakage and comminu-
tion of single beads Mair et al. (2002). The maximum size of force chains,
and consequently of AE sources, is inherently dictated by the gouge layer
thickness (3 mm) (Anthony and Marone (2005). Since frequencies are, to a
�rst approximation, inversely proportional to seismic source size, this limita-
tion likely explains the sharp drop in AE frequencies below 100 kHz, which
re
ects the largest force chain that can form within the layer. In contrast,
in Min-U-Sil, deformation is dominated by shear localization, marked by the
formation of localized slipping planes parallel to the imposed shear that ac-
commodate most of the accumulated strain energy forming by micro-physical
processes such as grain comminution, breakage and micro-slips. AEs in this
material exhibit higher energy at lower frequencies, indicating larger seismic
sources compared to glass beads. These events are likely associated with
the failure of millimeter- to centimeter-sized asperities along the localized
slipping surfaces, as evidenced by AE location data Trugman et al. (2020),
frequency content analysis Bolton et al. (2020, 2022), waveform similarities
Bolton et al. (2023), seismic source spectral estimates Pignalberi et al. (2024),
active acoustic imaging Shreedharan et al. (2020), and microstructural obser-
vations Scuderi et al. (2017). AEs in Min-U-Sil can involve ruptures spanning
the entire sample plane, potentially reaching the full sample size of 5 cm, re-
sulting in larger seismic sources and broader frequency content. Additionally,
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AEs generated in Min-U-Sil exhibit more pronounced high-frequency content
than those in glass beads, a feature attributed to Min-U-Sil's smaller grain
size and linked to brittle processes, including microcracking, grain size re-
duction, and cataclastic activity ?. Such processes collectively shape the
broader and more complex PSD of the AEs in Min-U-Sil. Speci�cally, AEs
in glass beads lack the high-frequency signatures typically associated with
asperity-scale shear rupture processes, which are usually contained within
the �rst microsecond of AE waveforms Bolton et al. (2023). The di�erences
in PSD shapes also explain the tendency of the Min-U-Sil model to detect
AEs with a delay when applied to glass beads (see picks residuals in Fig-
ure 8A). Our PSD analysis highlights the unique acoustic signatures of the
two materials, underscoring their distinct frequency characteristics shaped
by their mechanical and microphysical deformation processes.

5 Conclusion

In this study, we introduce AEsNet, a PhaseNet-based picker designed to de-
tect AEs generated during laboratory experiments from two di�erent gran-
ular materials: Min-U-Sil and glass beads. We demonstrate its superior
performance compared to all previously existing picking methods, including
other DL models trained on natural earthquakes. AEsNet achieves better
results for Min-U-Sil than for glass beads, re
ecting the impact of training
dataset size. Our �ndings suggest that picking performance is in
uenced by
the number of training examples and is primarily driven by the signal fre-
quency content, rather than their absolute amplitude or SNR, highlighting
the importance of the physics of the source properties.

When transfer learning is applied to address the limited dataset size for
glass beads, the model's reliance on frequency content becomes even more
evident. Applying the Min-U-Sil model to glass beads yields unsatisfactory
performance, underscoring the strong dependence of picker models on the
speci�c granular material they are trained on, particularly the microphysical
processes generating AEs. This observation aligns with �ndings from DL
pickers for natural earthquakes. While such models can sometimes be suc-
cessfully transferred to di�erent regions of the world Cianetti et al. (2021),
they often exhibit performance degradation when generalized across distinct
tectonic settings. Furthermore, these models typically perform poorly when
applied to datasets involving signi�cant changes in scale, such as transferring
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between regional and teleseismic distances M•unchmeyer et al. (2022). This
underscores the importance of adapting picker models to the speci�c charac-
teristics of the seismic signals and environments they are intended to analyze,
whether for natural earthquakes or laboratory AEs. Additional �ne-tuning
can signi�cantly enhance the performance of pre-trained models and is often
necessary for speci�c environments, as has been observed for seismic signals
collected in Antarctica Ho et al. (2024).

In our experiments, retraining the Min-U-Sil model on the glass beads
dataset resulted in signi�cantly improved performance. Despite the distinct
micromechanical processes generating AEs in these materials, our results in-
dicate that �ne-tuning a model pre-trained on Min-U-Sil AEs performs better
at detecting AEs in glass beads than using a �ne-tuned model pre-trained on
natural earthquake data, even when the latter is trained on a substantially
larger dataset. This �nding highlights that, while preprocessing techniques
such as rescaling can improve the performance of earthquake pickers on AEs
data, inherent temporal di�erences between AEs and natural earthquakes
critically in
uence AEs picker performance. Importantly, our �ndings high-
light that training a new PhaseNet model for AE detection does not require
large datasets; just a few thousand waveforms are su�cient, and potential
�ne-tuning can further reduce this requirement, making it a practical and
e�cient strategy for AE detection across diverse laboratory conditions. This
aligns with the �ndings of Chai et al. (2020), who successfully adapted the
original PhaseNet model, trained on local seismic data, for mesoscale hy-
draulic fracturing experiments. Their study showed that only a few thousand
waveforms were su�cient to bridge the three orders of magnitude di�erence
in both spatial and temporal scales between the original training data and
the target data. In conclusion, our approach provides a 
exible, robust and
fast framework for enhancing AE detection, even with limited datasets from
diverse laboratory conditions. This capability enables the rapid generation of
reliable AE catalogs, o�ering critical insights into fault micromechanics and
potential applications for understanding fault behavior in natural settings.

Data and Resources

The supplementary �gures are provided in the Supporting Information �le.
The dataset used in this study, along with the trained models and a Jupyter
notebook for reproducing the �gures presented in the paper, is available at
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https://zenodo.org/records/14639594. The complete codebase will be made
available on GitHub upon publication. The GitHub repository will also in-
clude explanatory Jupyter notebooks demonstrating how to use our models
and train new models from scratch.
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Figure 1: (A) The BRAVA2 biaxial apparatus. (B) Rear view of the
side blocks showing the piezoelectric sensor positions. (C) Shear stress-
displacement curve for a laboratory experiment using Min-U-Sil as the fault
shearing material at di�erent normal stress values. The inset on the right
shows a zoomed-in view of some seismic cycles.
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