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ARTICLE INFO ABSTRACT

Keywords: Temporal localization in structured multichannel acoustic signals, such as first-arrival picking in geophysical
First arrival picking logging, is a fundamental yet challenging task. Traditional signal processing methods rely heavily on manual
Physics constrained heuristics, while existing data-driven deep learning approaches often overlook the inherent physical priors

Synthetic datasets
Spatiotemporal modeling
Real time

of multichannel arrays, resulting in a trade-off among accuracy, stability, and real-time performance in
field applications. To address these challenges, we propose FA-Picker, a physics-constrained spatiotemporal
modeling framework for first-arrival picking. This model explicitly incorporates the depth dimension to
construct a three-dimensional input data volume, enabling the capture of joint spatiotemporal features across
multiple receivers and consecutive measurements. Moreover, an end-to-end multi-task architecture is designed,
where coarse first-arrival segmentation guides continuous arrival-time regression. A dual-constraint mechanism
is introduced, combining soft loss-based guidance with hard physical constraints, ensuring that the localized
temporal points strictly comply with the underlying wave propagation laws. Furthermore, to alleviate the
scarcity of high-quality labeled data, we exploit the highly structured characteristics of multichannel acoustic
arrays to develop a comprehensive synthetic data generation workflow that simulates diverse formation
variations and acquisition environments. Experimental results on field datasets demonstrate the effectiveness
of the proposed modeling and data augmentation strategies, showing the superior performance of FA-Picker
in practical first-arrival picking tasks. The code is available at: https://github.com/longw0110/Synthetic-
workflow-for-FA-Picker.

1. Introduction construction and rapid development of intelligent oilfields, the explo-

sive growth of array waveform data has posed significant challenges

As global oil and gas exploration and development continue to to achieving real-time, accurate, and physically consistent first-arrival
advance toward deeper formations, complex geological structures, and picking, making it a pressing problem in industrial applications [4].

subtle lithologic traps, the fine-scale characterization of small-scale Historically, first-arrival picking has primarily relied on traditional

lithologic reservoirs has become a central focus of modern exploration signal-processing-based approaches. Classical threshold-based methods

activities. In this context, high-precision formation velocity models are simple to implement but highly sensitive to noise. To mitigate this

serve as a ’fundan?ental bfms for SeISImiC Inversion and imaging. Ar- limitation, Willis and Toksoz [5] proposed a hybrid strategy that first
ray acoustic logging, acting as a critical bridge between borehole obtains a coarse arrival using a threshold method and then refines
geophysics and surface seismic exploration, plays an indispensable the estimate through cross-correlation, aiming to improve robustness

role in this process [1]. The compressional and shear wave veloci- . . .. .. .
) . . ) . . . against noise. Exploiting the coherence characteristics of array sig-
ties derived from array acoustic logging are widely used in synthetic . . .
. . . . o 4 nals, Kimball and Marzetta [6] introduced the slowness-time coher-
seismogram generation, lithology identification, fracture detection, and . . L. .
ence (STC) method, which has been widely adopted in high-quality

elastic parameter estimation [2,3]. By recording full-waveform data d . d blished ind dard. N hel
using multiple receivers, array acoustic logging tools enable the estima- ata proces'smg an esta. 1shed as ‘jm n 1'15try standard. Neverthe es§,
when applied to low signal-to-noise ratio (SNR) data, these tradi-

tion of formation slowness (the reciprocal of velocity) through accurate ; . . ]
picking of first-arrival times, as shown in Fig. 1. However, with the tional approaches often require extensive manual parameter tuning [7]
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Fig. 1. Schematic of the intelligent real-time first-arrival picking workflow for array acoustic logging. (Left) Data acquisition, where a monopole four-receiver tool
captures waveform data transmitted in real-time; (Middle) Data processing, where the FA-Picker processes batched samples (64 depth points) to derive formation

slowness curves; and (Right) Engineering applications.

and are easily misled by structured noise events [8], such as in-
terference waves arriving earlier than the true P-wave, resulting in
spurious peaks and false picks. Evidently, expert-dependent manual
or semi-automatic workflows can no longer meet the stringent real-
time processing requirements imposed by large-scale modern logging
operations.

In recent years, deep learning (DL) has emerged as a promising
alternative for automated first-arrival picking due to its powerful fea-
ture extraction capability [9,10]. Some authors [11,12] applied DL
models to P-wave picking in laboratory-scale acoustic emission ex-
periments, demonstrating encouraging performance under controlled
conditions. However, such laboratory datasets often fail to capture the
complexity of real logging environments. For field acoustic logging
data, some other researchers proposed DA-PhaseNet [13], which in-
corporates channel-wise and spatial attention mechanisms to enhance
inter-trace time-delay features. In the broader seismic and microseismic
fields, recent studies have further explored GAN-based data augmen-
tation for low-SNR first-arrival picking [14], semi-supervised learning
to reduce the dependence on manual labels [15], and graph neural
networks for multi-station phase picking, association, and event lo-
cation [16]. Related graph-based and physics-informed frameworks
have also shown the potential of incorporating structural relationships,
physical priors, or causal dependencies into data-driven models [17,
18].

Despite these advances, existing methods still have limitations when
applied to array acoustic logging first-arrival picking. Different from
conventional seismic or microseismic phase picking, array acoustic
logging involves a compact multi-receiver array, a short recording
window, strong borehole noise, and continuous acquisition along the
depth direction. The receiver arrivals should satisfy a physically con-
sistent moveout order, while adjacent depth samples should vary
smoothly because formation properties change continuously over short
intervals [19]. However, most existing DL-based methods model single-
depth waveforms as two-dimensional images or independent one-
dimensional sequences [20,21], without explicitly exploiting depth-
wise continuity or enforcing receiver-wise physical constraints. There-
fore, robust and real-time first-arrival picking for array acoustic log-
ging remains insufficiently studied. To address this gap, FA-Picker
constructs a 3D depth-receiver-time input representation and com-
bines inter-depth continuity modeling with a hard physical constraint
module, thereby improving both prediction stability and geophysical
consistency.

The generalization capability of deep learning models is known to
depend heavily on the scale and diversity of training datasets, a phe-
nomenon extensively validated in computer vision [22] and natural lan-
guage processing [23]. However, in vertical geophysical domains such
as array acoustic logging, acquiring large-scale, high-quality expert-
labeled datasets is extremely challenging and costly [24]. Through
detailed data analysis, we observe that array acoustic logging data
exhibit strong inherent structural regularities [1,6], arising from the
deterministic acquisition geometry and wave propagation physics. This
intrinsic structure provides favorable conditions for generating phys-
ically consistent synthetic data [25] via forward modeling, thereby
offering a viable solution to alleviate the scarcity of labeled training
data and to support the development of generalizable deep learning
models for industrial-scale applications.

To address these challenges, we propose FA-Picker, a physics-
constrained, end-to-end deep learning framework for real-time first-
arrival picking from large-scale array acoustic logging data. The main
contributions of this work are summarized as follows:

1. We design a depth-aware three-dimensional input representation
that introduces geological deposition priors by exploiting the
continuous variation of acoustic waveforms along the depth
direction.

2. We develop a physics-guided forward modeling and data aug-
mentation pipeline to construct a high-quality labeled synthetic
dataset representing diverse complex formation and acquisition
conditions.

3. We propose an end-to-end multi-task learning framework, where
segmentation implicitly models event detection and the regres-
sion module fuses segmentation features to capture long-range
spatiotemporal dependencies and directly predict first-arrival
times.

4. We conduct comprehensive performance evaluations, including
blind-well tests, inference speed assessment, and comparative
experiments, to demonstrate the superiority of the proposed
method.

2. Related work
2.1. First-arrival picking
Array acoustic logging typically utilizes a multi-transmitter and

multi-receiver configuration. As shown in Fig. 1, a monopole transmit-
ter emits acoustic waves that undergo reflection and refraction at the
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Fig. 2. Visualization of one input sample and its corresponding variable-density representation. (a) Decimated raw waveform display of a 64-depth-point input
sample with four receivers and 128 time samples; only every fourth depth trace is shown for clarity. (b) Variable-density display of the same input sample, where
all 64 depth points are retained. (c) Enlarged four-receiver waveform example at depth index 32. Red markers/curves denote first-arrival picks, and the orange

band indicates the selected depth index.

borehole wall. At the critical incident angle, a refracted wave, termed
a head wave, propagates along the interface between the formation
and the borehole fluid. During its propagation along this interface, the
head wave acts as a continuous secondary source, generating parallel
reflections that subsequently reach each receiver [1]. Since the forma-
tion velocity is generally higher than that of the borehole mud, these
waves reach the receivers earlier than other wave components and are
therefore regarded as the first arrivals. First-arrival picking aims to
determine the temporal position of the first arrival on each recorded
waveform trace. As illustrated in Fig. 2(c), for a given depth point, the
four receiver waveforms correspond to four first-arrival positions along
the time-sample axis, marked by red indicators. Therefore, first-arrival
picking can be viewed as a structured temporal localization task for
multichannel acoustic waveforms.

2.2. Depth dimension addition

Formation properties usually vary smoothly over short depth in-
tervals [19]. In array acoustic logging, the depth sampling interval is
typically 0.1524 m or 0.0762 m, and the temporal sampling interval is
8 ps. Within such short depth intervals, the formation response and the
corresponding first-arrival times are expected to exhibit strong depth-
wise continuity. Therefore, instead of treating each depth point inde-
pendently, FA-Picker explicitly incorporates adjacent depth information
into the input representation.

As illustrated in Fig. 2(a), one input sample is constructed from 64
consecutive depth points. At each depth point, four receiver waveforms
are recorded, and each waveform contains 128 temporal samples.
Therefore, the input sample forms a three-dimensional data volume
with a size of 64 x 4 x 128, corresponding to Depth x Receiver x Time.
In this representation, the depth dimension preserves the continuity
of adjacent logging measurements, the receiver dimension describes
the inter-receiver moveout pattern, and the time dimension represents
the temporal waveform samples from which the first-arrival position is
identified.

This 3D representation enables the network to learn two types
of structured information simultaneously: the monotonic variation of
first-arrival times across receivers at the same depth, and the smooth
variation of first-arrival trajectories across adjacent depths. As shown in

Fig. 2(b), the variable-density display further illustrates the depth-wise
continuity of the first-arrival trajectories. Therefore, the 3D U-Net [26]
can exploit inter-depth waveform continuity.

2.3. Segmentation and regression

Deep learning methodologies for arrival-time picking are essentially
designed to learn nonlinear mappings from complex waveform inputs
to temporal outputs [27,28]. Currently, most dominant paradigms treat
arrival picking as an event detection task formulated via semantic
segmentation [13,21]. By identifying sparse local regions associated
with the first-arrival energy, these methods discretize continuous ar-
rival times into binary or probabilistic masks, enabling the network to
distinguish signal-dominant zones from background noise. Conversely,
Transformer-based architectures have demonstrated superior capabili-
ties in capturing long-range dependencies and cross-channel relation-
ships [29,30], making them ideal for modeling correlated waveform
sequences in array-based measurements.

Recent studies suggest that integrating complementary learning
paradigms can significantly bolster model robustness, particularly un-
der low SNR conditions [31]. Consequently, a hierarchical strategy is
proposed: semantic segmentation provides structural priors by calibrat-
ing candidate arrival zones, while a regression module performs refined
localization within these regions. This dual-path approach fuses the
structured feature extraction of convolutional neural networks (CNNs)
with the global modeling advantages of sequential models [32].

3. Synthetic datasets generation

Due to the array-based configuration of transmitter and receivers,
the four raw waveforms observed at a single depth exhibit strong
structural regularities. From these two perspectives — arrival time and
inter-receiver time difference — the data demonstrate high physical
manipulability.

Accordingly, diverse arrival scenarios can be efficiently synthe-
sized via forward-modeling operations. Furthermore, to bridge the gap
between synthetic data and field observations, we introduce a suite
of physics-informed data augmentation techniques, including Signal
Interval Suppression, Non-Stationary Baseline Drift and Stochastic Scat-
tering Injection, which inject realistic noise, distortions and signal
attenuation.
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Fig. 3. Forward simulation of acoustic logging waveforms. (a) Global temporal
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3.1. Forward simulation of acoustic logging waveforms

3.1.1. Global temporal translation

The specific position of the first arrival within the discrete time
sequence (¢ € [0,127]) varies stochastically due to fluctuations in the
instrument’s acquisition trigger time and the propagation velocity of
waves across different lithologies. To ensure the model maintains high
detection accuracy across the entire temporal domain, Global Temporal
Translation (GTT) is employed to simulate global delays or advances,
guaranteeing full coverage of potential arrival positions, as shown in
Fig. 3. We apply a uniform time shift A7 to the four-channel array wave-
form sequence S(¢). The augmentation logic is direction-dependent to
maintain physical plausibility:

1. Rightward Shift (4+ > 0): To simulate a delayed arrival, we
apply zero-padding to the start of the sequence to maintain a
fixed length.

2. Leftward Shift (4 < 0): To simulate an advanced arrival, the
“future” data beyond the current window is unknown. To ad-
dress this, we utilize a harmonic reconstruction method based on
the Hilbert Transform. We extract the instantaneous phase ¢(z)
and dominant frequency to extrapolate the signal tail naturally,
preventing non-physical discontinuities at the boundary [33].

The reconstructed signal tail S, (r) for leftward shifts is modeled
as:

J
Sext(D) = A |cos(() + 1 Z J77 cos((j + (1)) (€9)]
j=1
where A is the mean envelope amplitude of the trailing window, 7 is
a weighting factor (set to 0.3), J is the number of harmonics(set to
5), and y is the decay rate(set to 1.5). The extrapolated phase ¢(r) is
defined as:

d;(t) = Pend + @dom (! — fend) @

This ensures that the augmented data maintains phase coherence
with the original signal, preventing the network from learning artifacts
at the boundaries.
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3.1.2. Differential moveout simulation

Intuitively, the first arrivals of the four-channel array waveforms
form a straight line across the channel index, as shown in Fig. 3. The
slope of this line is directly related to the formation acoustic velocity:
a steeper line indicates a smaller inter-receiver transit time (moveout)
and thus higher formation velocity, while a flatter line indicates lower
formation velocity. To simulate diverse formation velocity modes, we
alter this slope by applying linearly increasing time shifts across the
array channels.

To ensure high precision during this geometric transformation, we
first perform 2x upsampling on the raw waveforms. We keep the first
channel fixed and apply relative shifts to the subsequent channels.
Let S.P(r) denote the upsampled waveform of the kth receiver (k =
1,2,3,4). The time shift §, applied to the kth channel is defined as:

Sp=(k=1-n 3

where n represents the number of shifted sample points (step). The
augmented waveform S} () is obtained by:

Sp0) =8Pt +5) @

This operation ensures that the first arrivals of four channels remain
strictly collinear. The direction of the shift corresponds to specific
changes in formation properties:

1. Leftward Rotation (Steepened): This reduces the inter-receiver
transit time, visually “steepening” the slope (clockwise rotation).
Since the time difference decreases, this simulates a higher
velocity formation.

2. Rightward Rotation (Flattened): This increases the inter-
receiver transit time, visually “flattening” the slope (counter-
clockwise rotation). Since the time difference increases, this
simulates a lower velocity formation.

By varying n, we can systematically generate synthetic data repre-
senting a continuous range of geological velocity models.

3.2. Data augmentation

3.2.1. Signal interval suppression

Let x(r) denote the raw acoustic waveform and ¢, represent the
ground-truth first arrival time. As shown in Fig. 4(a), we model for-
mation absorption or coupling issues [34] by applying a time-varying
gain function a(r), resulting in the attenuated signal x4 ,(f) = x(7) -
a(t). The a(t) defines a strong suppression zone immediately preceding
the arrival (controlled by factor y,) and a subsequent relaxation zone
(controlled by factor y,):

71, 0=t <ty + 44
a(t) = Y2, larr AL S 1<y + AL (6]
1, otherwise

where A1, = 10 and 47, = 30 sample points define the suppression
zones.

3.2.2. Non-stationary baseline drift

To simulate low-frequency instrument drift, we superimpose a non-
stationary trend d(7) onto the suppressed signal xs(7), as shown in Fig.
4(b). The drift is modeled as a sinusoidal function with randomized
amplitude A, and period T, yielding the drifted signal xpq(?):

Xnba(t) = Xy (1) + A sin (ﬁ + ¢> ©
Td

where ¢ € [0,27) is a random phase. To ensure the drift manifests as
a background trend rather than high-frequency noise, the period 7, is
constrained to be a multiple of the waveform length L.
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Fig. 4. Data augmentation. (a) Signal interval suppression. (b) Non-Stationary baseline drift. (c) Stochastic scattering injection. (d) Label refinement.

Table 1

Summary of parameter configurations for the four synthetic datasets.

Dataset Signal interval suppression Baseline drift Scattering noise

D Strong Moderate Amp. Period Level Count
(62D) ) A (1,/L) » (K)

Syn_1 0.20-0.50 0.50-0.80 0.50-1.00 1.50-3.00 0.10 8

Syn_2 - - - - 0.25 16

Syn_3 0.20-0.50 0.50-0.80 - - 0.10 8

Syn_4 0.15-0.25 0.50-0.80 - - - -

Note: “~” indicates the corresponding augmentation step is not applied.

3.2.3. Stochastic scattering injection

To mimic formation inhomogeneities [35], we inject stochastic
scattering noise n.,(f) targeted at the first arrival region, as shown in
Fig. 4(c). This component is modeled as a superposition of K localized
Gaussian kernels scaled by the total signal energy E,:

. =
Ageat(t) = P E, Z ¢y exp (——k)
k=1

20',%
where f is the noise level coefficient, and ¢, ~ ¥°(0.03,0.15) represents
the scattering amplitude. The positions y, are randomly sampled within
the targeted window, and the widths o, € [1,3] simulate the diverse
frequency content of scattered waves. The final augmented waveform
is given by Xaug() = Xppa () + Mg (0)-

)

3.2.4. Label refinement

After noise injection, the original integer label ¢,, may deviate
slightly from the true trough position. To improve label precision,
we apply three-point parabolic interpolation around the initial arrival
label, as shown in Fig. 4(d). Using the amplitudes at 7, and its two
neighboring samples, the final target value 7., is computed as:

o f[tarr -1]- f[tarr +1]
Larr = Tyrr + .
2 (fltarr = 1= 2 [tare] + fltare + 11)
This interpolation estimates the parabola vertex, providing a sub-

sample correction that better aligns the final target value with the local
waveform trough.

(8)

3.3. Synthetic dataset configuration

The original real labeled dataset used for synthetic data generation
consists of 74,147 depth samples from seven different wells, with high-
quality first-arrival labels obtained through manual inspection and

Algorithm 1: Synthetic dataset generation and screening work-
flow
Input: Original labeled dataset D,; maximum inter-receiver
increment 6, .
Output: Final synthetic training dataset D,,,-
1 Generate synthetic samples using Global Temporal Translation
and Differential Moveout Simulation;
2 Merge all generated samples into D,
3 for each sample s € Dy, do
4 Calculate the three adjacent inter-receiver arrival-time

syn»

differences;
5 Discard s if any arrival-time difference is negative;
6 Discard s if the difference between adjacent arrival-time

differences exceeds 1 sample;

7 Apply the four augmentation configurations in Table 1 to
obtain Syn_1-Syn _4;
8 Merge Syn_1-Syn_4 into D,

aug>

9 for each sample s € D, do

10 Calculate the three adjacent inter-receiver arrival-time
differences;

11 Discard s if any arrival-time difference exceeds &,,,,;

12 Otherwise, add s t0 Dy,,;

13 return D ;.;

annotation. Based on this real labeled dataset, the synthetic dataset
construction workflow is summarized in Algorithm 1. Large-scale array
acoustic samples are first produced by GTT and Differential Moveout
Simulation, followed by an initial inter-receiver consistency check. The
remaining samples are augmented using the four configurations in
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the inter-receiver moveout pattern. The synthetic samples preserve field-like waveform characteristics while covering more challenging noise conditions.

Table 1 to obtain Syn_1-Syn_4, which cover different noise, baseline
drift, and signal suppression conditions. A final §,,,.-based filtering step
is then applied to match the training-label distribution with the feasible
prediction range of the PCM. Finally, 6.12 million labeled samples are
retained for model training.

The characteristics of the training data are illustrated in Fig. 5 from
the perspectives of arrival time and arrival time difference. As shown
in Fig. 5(a), the first-arrival labels of the four receiver channels exhibit
broad empirical distributions along the time axis. The samples are
mainly concentrated in the middle portion of the recording window,
while fewer labels appear near the temporal boundaries. Furthermore,
Fig. 5(b) demonstrates that the distributions of the three arrival time
differences are balanced, which is consistent with the physical property
that arrival time differences remain identical or approximate across the
array.

3.4. Visual comparison between synthetic and field samples
As shown in Fig. 6, the synthetic training samples preserve the main

waveform characteristics of the field verification samples while intro-
ducing additional variations. Some synthetic samples exhibit stronger

noise interference, weaker first-arrival events, waveform distortion, and
larger inter-receiver arrival-time differences. In each subplot, the red
line connects the first-arrival positions of four receivers, illustrating
the inter-receiver moveout pattern. These observations suggest that the
synthetic data are not restricted to idealized cases, but provide a diverse
set of waveform conditions.

4. First arrival picker net
4.1. Dual branch and multitask-learning

Fig. 7 shows the architecture of FA-Picker, which adopts a unified
multi-task learning framework [36] consisting of a first-arrival mask
segmentation branch and a precise arrival-time regression branch. In
the segmentation branch, first-arrival picking is formulated as a seman-
tic segmentation task. Specifically, each waveform trace is treated as a
sequence of temporal samples, where the coarse first-arrival position
is labeled as the target class and the remaining samples are labeled as
background. In this way, the segmentation label forms a binary mask,
with the first-arrival region assigned to 1 and the background assigned
to 0. The segmentation branch provides a coarse localization of the
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Fig. 7. Architecture of the proposed FA-Picker. FA-Picker consists of a 3D U-Net backbone and two parallel branches: a segmentation branch supervised by mask
labels and a regression branch integrating a Transformer with hard physical constraints. Intermediate features extracted by the U-Net facilitate segmentation and
assist the regression branch in initial coarse positioning, while hard physical constraints enforce the physical plausibility of the final precise arrival time estimates.
In the Hard Physical Constraints module, ® denotes the clamp(-) operation, which enforces the predefined upper constraint boundary.

arrival window, generating feature maps that encode the effective
temporal range of the first arrival. These feature maps are explic-
itly fed into the regression branch as structured contextual guidance,
thereby constraining the regression process to a physically meaning-
ful search space [31]. Through this task-level coupling, the network
jointly leverages the robustness of segmentation and the precision of
regression.

4.2. Backbone 3D U-Net module

We employ a 3D U-Net as the backbone to extract the coarse
localization of first-arrival waveforms. A critical advantage of this
design lies in the application of 3D convolutional kernels. Unlike 2D
approaches, these kernels naturally capture multi-dimensional depen-
dencies [26], simultaneously integrating temporal waveform charac-
teristics, inter-channel moveout patterns, and inter-depth geological
continuity.

4.3. Strided convolution

Standard U-Net performs symmetric downsampling across all di-
mensions, which is suboptimal for array acoustic logging data with
narrow depth (D = 64) and channel (C = 4) dimensions. Downsampling
along these axes may introduce padding artifacts and destroy physically
meaningful continuity. To address this issue, we apply an anisotropic
strided convolution [37] before the 3D convolutional blocks:

F; = Convyy3,(X) (C)]

with padding (0,1,0) and stride (1,2,1). This pseudo-1D operation
performs downsampling only along the time dimension, preserving full
resolution in depth and channel directions. Subsequently, standard 3D
convolutions are used to learn joint anisotropic representations without
loss of spatial structure.

4.4. Self attention

Self-attention provides a learnable mechanism for modeling long-
range dependencies in time-series signals through global interactions
among sequence elements [29]. In the regression branch, a Trans-
former encoder is employed to capture temporal correlations in the
acoustic waveforms by explicitly modeling global time-to-time rela-
tionships. The encoder consists of eight stacked Transformer blocks,
which progressively refine the representations without excessive model
complexity. Together with multi-head self-attention, this design allows
the network to learn anisotropic dependencies across depths, receiver
channels, and arrival times.

4.5. Fixed parameters FCL

In standard architectures, the terminal linear layer typically con-
tains learnable weights. In our model, the Transformer encoder outputs
a vector h € R” (here T = 128) for each waveform. To obtain scalar
arrival time, we apply a fixed linear layer:

1

2 T
top =W h, w= =1
arr T
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where 1 € R” is an all-ones vector.

This design serves as a deterministic dimensionality reduction. By
freezing the weights, the final layer does not introduce bias from
uneven arrival-time distributions in the training set. It also prevents
shortcut learning: the model cannot rely on the linear layer to memo-
rize dataset statistics, and is forced to extract precise temporal features
through the Transformer encoder.

4.6. Hard physical constraints module (PCM)
At each depth sample, the network outputs a four-dimensional

vector o € R* Instead of predicting four arrival times directly, we
use a constrained method to ensure the results are physically valid.
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First, the outputs o,, 03, 04 are converted into time increments 4t,, using
At,, = clamp(8,.4. 0(0,,)). Here, o(-) is the sigmoid function, and clamp(-)
limits each increment to a maximum value 6,,,. In this study, 6, is
set to 0.095 in the normalized arrival-time domain, corresponding to
approximately 12 sampling points, or 96 ps at a sampling interval of
8 us. Given the inter-receiver spacing s,, this corresponds to a lower
formation-velocity bound of v, = s,/(96 ps). The same §,,,, is used in
Algorithm 1, ensuring consistency between the feasible model output
space and the training-label distribution.

Next, we calculate the remaining time budget B by subtracting the
sum of these increments from the total time limit T¢,, (B = Teyp —
an:z 4t,,). Since the arrival-time labels are normalized to [0,1], T,
is set to 1 to ensure that the final predicted arrival time remains within
the normalized temporal window. Then, the arrival time of the first
receiver (r;) is calculated from o;, but it is strictly limited by this
budget: 7, = clamp(B, 6(0,)). This step ensures that the total time for
all receivers does not exceed T, Finally, the absolute arrival times
are obtained by summing these values to guarantee a strictly increasing
order:

f i=1

1
= h+ Y A, i=234 an
j=2
where 7; denotes the predicted arrival time for the ith receiver. Accord-
ing to Eq. (11), the four arrival times are constructed in an autoregres-
sive manner, and the non-negative increments At; explicitly guarantee
that 1, <1, <t; <1t4. Therefore, the four predicted arrival-time results
are always monotonically non-decreasing.

4.7. Loss function formulation

To ensure the predicted first-arrival times are not only accurate but
also physically consistent across array dimensions, we design a compos-
ite loss function. This function integrates a segmentation loss with dy-
namic focusing, gradient similarity constraint, and a physics-informed
delay regression loss. The total loss Ly, is defined as:

Liotal = AsegLseg + AgradLgrad + AregLreg 12)

where Ageq, Agrag, and Are, are balancing coefficients set to 8.0, 3.0, and
10.0, respectively, to balance the magnitude of gradients between tasks.

4.7.1. Dynamic focal loss for segmentation

Due to the extreme imbalance between first-arrival pixels (pos-
itive samples) and background noise, we employ a Dynamic Focal
Loss (Lgeg). Unlike standard focal loss with fixed hyperparameters, we
dynamically adjust the focusing parameter y based on the prediction
difficulty [38]. Let p be the predicted probability and y € {0, 1} be the
ground truth. The loss is calculated as:

Lyeg = —a(l — p,)' " log(p,) (13)

where p, = p if y = 1 otherwise 1 —p, and a = 0.75 is a weighting factor.
The focusing parameter y scales linearly with the batch-wise prediction
difficulty:

7P = Ymin + max — Ymin) - (1 — 2y 14)

where p, represents the mean prediction confidence of the batch. We
set Ymin = 2.0 and yp.x = 5.0 to intensify training on hard examples as
the model converges.

4.7.2. Gradient similarity soft constraint

To encourage the feature representations in the output to vary
smoothly across three dimensions, we introduce a gradient similarity
loss (Lgraq), which enforces smoothness in the probability map by
minimizing the Mean Squared Error (MSE) between the gradients of
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Algorithm 2: Physics-constrained optimization workflow of FA-

Picker

Input: Waveform volume X; segmentation label Y*%;
arrival-time label Y.

Output: Physically constrained first-arrival prediction ¥,

for each training iteration do

2 Extract spatiotemporal representations from X using the 3D

U-Net backbone and generate the auxiliary coarse

first-arrival map ¥5¢;

3 Calculate the segmentation-branch losses, including L, in

Eq. (13) and Lgrad in Eq. (15);

4 Introduce Y% into the regression branch as first-arrival

guidance;

5 Refine the arrival-sensitive representations using the

Transformer Encoder;

6 Generate raw logits through the fixed-parameter fully

connected layer;

7 Enforce the physical constraint in Eq. (11) using the PCM

to obtain Y4'";

8 Calculate the arrival-time regression loss in Eq. (16);

9 Optimize the trainable parameters by minimizing the total

loss in Eq. (12);

return Y7;

—-

—
=4

the prediction and the target along the time (¢), depth (d), and receiver
(r) dimensions.:

Lgaa= D, Wy MSE(Vyp, V) s)
ke{td,r}

where V, denotes the first-order difference operator along dimension

k. Based on the data characteristics, we assign higher weights to time

and depth continuity (w, = 1.5,w, = 1.5) compared to the receiver

dimension (w, = 0.5).

4.7.3. Physics-constrained regression loss

The regression loss L., is designed to balance element-wise picking
accuracy with spatio-temporal physical consistency. As shown in Eq.
(16), it is a weighted sum of three components, where the balancing
weights are set to wyag = 1.0, Weops = 0.5, and wy,, = 0.2:

Lieg = wMAELMAE(dA’ d) + WeonsLeons + Wsmo Lsmo (16)

the first term Ly utilizes the Mean Absolute Error to provide robust
supervision for basic picking accuracy.
To incorporate physical constraints, we introduce the consistency

loss Ly, and the smoothness 10ss Lg,,. Lqons cOnstrains the first-order
derivatives in both spatial dimensions:
Lons = MSE(V,d, V,d) + MSE(V,d, V,d) a7

Physically, explicit constraints on V, and V, enforce smooth arrival-
time variations along the borehole depth and across the receiver array,
respectively.

Finally, to encourage the linear moveout property of the array,
Ly, imposes a second-order smoothness constraint along the receiver
dimension:

Lo = MSE(V2d, 0) 18)

where Vfcf denotes the second-order finite difference of the predicted
arrival times along the receiver dimension, and 0 is a zero tensor with
the same size as Vf(f. For a 4-receiver array, this term encourages
the three adjacent inter-receiver arrival-time differences to be close to
each other, thereby suppressing high-frequency jitter and maintaining
consistency with the inherent moveout trends.
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Table 2
Number of depth points and SNR values of the eight datasets.
Dataset w1 w2 w3 w4 w5 w6 w7 w8
Depth points 29321 25819 2805 8369 13376 11231 16829 12092
SNR (dB) 0.386 0.847 0.087 0.063 0.139 -0.280 -0.132 -1.204
4.8. Optimization workflow Table 3
STC parameter settings.

The complete optimization procedure of FA-Picker is summarized Setting Window Shift Semblance Energy
in Algorithm 2. The segmentation output is used only as auxiliary STC-A P 5 0.55 2.0
guidance, whereas the physically constrained regression output Y is STC-B 4 7 0.55 2.5
adopted as the final first-arrival picking result. STC-C 3 7 0.50 2.5
5. Experiments

Table 4
5.1. Settings Overall comparison of first-arrival picking methods.
Method Type Acc (%) 1 RMSE (ps) | M-Pearson 1
5.1.1. Dataset description STC-A Traditional 93.24 9.41 0.28
To evaluate the performance and generalization capability of the STC-B Traditional 89.63 11.00 0.30
- . - . STC-C Traditional 86.63 12.69 0.26
proposed model, eight wells with different noise levels were used for o .

i ble 2 1i h b fd h . d the SNR 1 MS-Picking Deep learning 81.80 33.16 0.41
testing. Table 2 lists the number of depth points and the  value 2D U-Net Deep learning 06.14 368 074
of each dataset. Based on these SNR values, W1-W2 were classified as DAPhaseNet Deep learning 91.80 16.57 0.55
high-SNR datasets, W3-W5 as medium-SNR datasets, and W6-W8 as FA-Picker Proposed 98.29 2.31 0.87

low-SNR datasets. The wells are distributed across different regions and
formation development patterns, enabling a comprehensive assessment
of the model under varying data quality conditions.

5.1.2. Preprocessing

Sliding window. A sliding window of length 64 is designed and
moved along the depth direction of each well to generate prediction
samples. To ensure prediction stability, an overlap of four depth sam-
ples is employed between adjacent windows, corresponding to a sliding
step size of 60. For the overlapping regions, the final prediction is
obtained by averaging the results from the two adjacent windows.

Normalization. For data preprocessing, only mean-variance normal-
ization is applied to the raw waveforms. Notably, the normalization is
performed independently for each waveform trace, which preserves the
intrinsic waveform characteristics of individual receivers.

5.1.3. Evaluation metrics

For array acoustic logging, we use the average moveout at each
depth point as the evaluated target. It is calculated by averaging
the three inter-receiver arrival-time differences among the four re-
ceiver channels. Model performance is evaluated by comparing the
predicted and ground-truth average moveouts using four metrics: accu-
racy (Acc), root mean square error (RMSE), mean Pearson correlation
(M-Pearson), and global Pearson correlation (G-Pearson). A prediction
is regarded as accurate when the absolute error between the predicted
and ground-truth average moveout is below 8 ps.

M-Pearson is introduced to evaluate local slowness-pattern consis-
tency. Since each training and inference sample contains 64 consecutive
depth points, the Pearson correlation is computed within each 64-
point segment and then averaged over all segments. This metric reflects
whether the model preserves local geological variations. For each well,
consecutive average moveout values from L 64 depth points are
grouped into a one-dimensional sequence, and M-Pearson is defined as
follows:

M-Pearson = L (19)
M

Y ,

i=1 \/Z/L:] (vij = J_’i)z\/Z/L:l (91j - 9:')2
where M denotes the number of segments, L = 64 is the segment
length, y and j represent the ground-truth and predicted average
moveouts, respectively, and y; and §; are the corresponding segment
means.

For completeness, G-Pearson is also reported as the standard Pear-
son correlation coefficient computed over all depth points of each
well. Thus, M-Pearson measures local 64-point consistency, whereas
G-Pearson measures global trend consistency.

M Ticy iy =3) (51 5)

Note: Bold values indicate the best performance in each category.

5.2. Comparison and ablation study

5.2.1. Baseline comparison

To comprehensively evaluate the effectiveness of the proposed FA-
Picker, both traditional and deep learning-based first-arrival picking
methods are included for comparison. For the traditional baseline, since
STC does not involve trainable parameters, its performance mainly
depends on the selected processing configuration. Therefore, three
representative parameter settings, denoted as STC-A, STC-B, and STC-
C, are tested to provide a more robust comparison with learning-based
methods. The detailed parameter settings are listed in Table 3.

For the deep learning baselines, MS-Picking [15], 2D U-Net [39],
and DAPhaseNet [13] are included. These models represent typical 2D
or depth-independent learning strategies, in which each depth point is
processed individually. In contrast, FA-Picker takes a 3D data volume
as input to explicitly exploit inter-depth continuity. To ensure a fair
comparison, the training samples for all 2D deep learning baselines
are derived from the same 3D training dataset used by FA-Picker.
Specifically, the 327 depth point, the center depth point, is extracted
from each 3D sample to construct the corresponding 2D input. Thus,
all deep learning baselines are trained with the same data source and
label distribution, while differing in their input formulation and model
architecture.

All deep learning models are trained using the same optimization
settings. The training and validation data are split at a ratio of 8:2,
the AdamW optimizer is used, and the initial learning rate is set to
0.001. For overall evaluation, the predictions from all test wells are
aggregated, and the Acc, RMSE, and M-Pearson metrics are calculated
based on the average moveout over the complete test set.

As shown in Table 4, FA-Picker achieves the best overall perfor-
mance among all compared methods. Compared with the strongest
deep learning baseline, 2D U-Net, FA-Picker improves the Acc, reduces
the RMSE, and obtains higher correlation metrics. Among the tradi-
tional methods, STC-A obtains the best performance, but its RMSE and
correlation scores remain clearly inferior to those of FA-Picker. These
results demonstrate the advantage of combining 3D inter-depth con-
tinuity modeling with physics-constrained prediction under complex
field conditions.

Since the above evaluation is based on the average moveout, it
mainly reflects the overall inter-receiver arrival-time trend and may not
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Table 5

Receiver-wise first-arrival RMSE over all eight test wells (us).
Method Receiver 1 Receiver 2 Receiver 3 Receiver 4
STC-A 90.50 92.80 95.19 98.09
STC-B 83.34 87.02 91.66 96.96
STC-C 86.21 90.85 96.64 103.37
MS-Picking 98.36 100.81 92.56 86.88
2D U-Net 36.85 38.20 39.52 40.87
DAPhaseNet 57.85 70.25 73.18 74.89
FA-Picker 11.01 11.51 12.22 13.01

fully reveal the prediction accuracy of each individual receiver. In par-
ticular, for a four-receiver array, the average moveout is computed from
the adjacent inter-receiver differences and therefore does not explicitly
evaluate the absolute first-arrival error of each receiver channel. To
provide a more detailed assessment, we further calculate the receiver-
wise first-arrival RMSE over all eight test wells, as reported in Table
5. The results show that FA-Picker achieves substantially lower RMSE
than all baseline methods on all four receiver channels, indicating that
its improvement is not limited to the moveout-level metric but is also
reflected in the direct receiver-wise arrival-time prediction.

5.2.2. Component and 3D modeling ablation

To assess the contributions of key components in FA-Picker, ablation
studies are performed under different SNR conditions, as reported in
Table 6. The evaluated variants include FA-w/o-Trans, FA-2DVariant,
FA-w/0-PCM, and the FA-Picker. FA-w/o-Trans removes the Trans-
former encoder to evaluate the contribution of long-range depth-wise
dependency modeling. FA-w/0-PCM removes the Physical Constraint
Module to assess the effect of physics-constrained prediction. To further
isolate the contribution of 3D spatiotemporal modeling, we add a con-
trolled variant named FA-2DVariant. This variant preserves the main
prediction framework of FA-Picker but adapts the input and backbone
to a 2D setting.

As shown in Table 6, removing the Transformer encoder causes
substantial performance degradation, confirming the importance of
long-range depth-wise dependency modeling. The FA-2DVariant also
performs consistently worse than FA-Picker, particularly under low-
SNR conditions. These results demonstrate that explicit 3D spatiotem-
poral modeling is essential for improving robustness and maintaining
coherent first-arrival trajectories in complex field data. It is worth
noting that FA-Picker achieves an RMSE of only 0.84 ps on W,, which
is much smaller than the original sampling interval of 8 ps. In this
well, 99.87% of the predictions are within one sampling interval,
and 94.50% have zero sampling-point error after both predictions and
references are quantized to the nearest integer sampling point. This
sub-sampling-level RMSE is obtained because the labels are refined
to continuous sub-sample positions through interpolation, and the re-
gression branch predicts continuous arrival times rather than discrete
sample indices.

Removing the PCM also generally weakens the model. FA-Picker
achieves higher Acc and lower RMSE than FA-w/0-PCM in seven of the
eight wells, indicating that the physical constraint improves prediction
robustness and suppresses physically inconsistent arrivals in most cases.
The only exception occurs in the extremely low-SNR well W, where
FA-w/0-PCM obtains higher Acc and M-Pearson, while both models
have the same RMSE of 4.60 ps. Representative examples in Fig. 8
show that the first arrivals in W; are weak, discontinuous, and close
to the right boundary of the 128-sample temporal window. In this
boundary-adjacent condition, the hard autoregressive constraint of the
PCM narrows the feasible prediction space because the arrivals must
satisfy 1, <1, <t; <1, and 1, < T,,. Small errors in the estimated
inter-receiver increments can therefore alter the remaining time budget
for ¢+, and push the prediction toward a boundary-saturated solution,
resulting in local depth-wise jumps.

10
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Fig. 8. Representative boundary-adjacent first-arrival picking case in the
extremely low-SNR well Wj. From top to bottom: FA-Picker, FA-w/0-PCM, and
ground truth.

As a preliminary mitigation analysis for the W; boundary case,
we further evaluated the effect of sliding-window overlap by varying
the overlap from 0 to 32 samples while keeping the trained model
unchanged. The resulting performance variations are minor, with Acc
ranging from 92.71% to 93.03% and RMSE ranging from 4.48 to
4.60 ps. This limited sensitivity suggests that simply increasing the win-
dow overlap does not substantially alleviate the observed degradation,
and that insufficient overlap is unlikely to be its primary cause. Enrich-
ing the training data with more boundary-adjacent and rapidly varying
samples may therefore be a more promising mitigation strategy.

5.2.3. Sensitivity analysis of 6.«

In addition to the component ablation, we further conduct a sen-
sitivity analysis on the maximum increment parameter 6., in the
PCM. The baseline value is set to &, = 0.095 in the normalized
arrival-time domain. Two additional settings with +5% perturbations
are tested to evaluate the robustness of this parameter. As shown in
Table 7, the baseline setting achieves the lowest RMSE, suggesting that
Smax = 0.095 provides a suitable balance between physical feasibility
and prediction flexibility. These results support the robustness of FA-
Picker to moderate changes in the maximum inter-receiver increment
constraint.

5.3. Evaluation of real-time performance

FA-Picker contains 2.665 M parameters and requires approximately
17.998 GFLOPs for a input volume. To verify the real-time inference
performance of FA-Picker in field deployment scenarios, the proposed
algorithm was implemented on a C++ inference platform and eval-
uated under realistic hardware constraints. Considering the limited
computational resources typically available in logging environments,
experiments were conducted on a low-power laptop equipped with a
4-core, 8-thread CPU operating at 1.00 GHz. To closely emulate on-
site logging conditions, a sequential depth-by-depth data acquisition
process was simulated, where waveform data are continuously col-
lected and processed in real time. The average inference latency was
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Table 6
Performance comparison of ablation models under different SNR conditions.
Model Metric High SNR Medium SNR Low SNR
Wi W, W; W, Ws W W; W
Acc (%) 82.06 75.00 70.09 98.41 82.92 57.64 39.85 35.96
FA-w/0-Trans RMSE (ps) 6.30 6.57 7.70 2.47 6.54 7.79 9.14 10.12
M-Pearson 0.76 0.51 0.63 0.55 0.67 0.32 0.53 0.50
G-Pearson 0.90 0.58 0.77 0.89 0.77 0.35 0.71 0.69
Acc (%) 98.53 97.53 77.54 96.53 97.98 82.84 78.35 76.74
. RMSE (ps) 2.72 3.02 8.82 3.95 2.71 7.14 8.74 9.43
FA-2DVariant M-Pearson 0.82 0.86 0.53 0.65 0.77 0.38 0.34 0.35
G-Pearson 0.90 0.88 0.60 0.72 0.86 0.47 0.43 0.53
Acc (%) 99.60 99.81 94.58 98.72 99.59 94.23 96.77 96.49
RMSE (ps) 1.57 1.02 7.59 2.35 1.18 6.36 5.40 4.60
FA-w/o-PCM M-Pearson 0.90 0.97 0.81 0.92 0.94 0.66 0.79 0.80
G-Pearson 0.96 0.98 0.71 0.91 0.97 0.58 0.65 0.77
Acc (%) 99.75 99.87 97.86 98.96 99.74 96.84 96.89 92.71
FA-Picker RMSE (ps) 1.31 0.84 2.59 1.75 1.17 3.31 2.76 4.60
M-Pearson 0.90 0.98 0.90 0.92 0.94 0.66 0.82 0.75
G-Pearson 0.97 0.99 0.94 0.95 0.97 0.81 0.86 0.78

Receiver 2 Receiver 3 Receiver 4
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Fig. 9. Visualization of prediction results on field data. (a) Performance of the proposed FA-Picker on three complex well sections. (b) Comparison of three
different models on the same well section. From top to bottom, the rows display results from the 2D U-Net baseline, FA-w/0-PCM, and FA-Picker.

Table 7

Sensitivity analysis of the maximum increment parameter 5,,,.
Simax Variation Acc (%) RMSE (ps)
0.09025 -5% 98.1442 2.8601
0.09500 Baseline 98.2894 2.3081
0.09975 +5% 98.2410 2.9283

calculated by dividing the total inference time by the number of output
depth points, resulting in approximately 18 ms per depth point, which
fully satisfies the real-time requirements.

5.4. Cases analys

5.4.1. Generalization performance test

The generalization performance was evaluated on the field test set
comprising 119,842 depth samples from eight wells. Specifically, the
trained 2D U-Net baseline, FA-w/0-PCM, and FA-Picker were applied to
this test set under the same inference protocol. Several representative
well sections were selected from the prediction results for visualization,
including three challenging cases for FA-Picker and one common well

11

section for comparing the three models. As shown in Fig. 9(a), FA-
Picker reliably identifies weak first arrivals under strong noise and
tracks arrival-time variations caused by stratigraphic changes, produc-
ing smooth and geophysically consistent predictions along the depth
direction. Beyond this local visualization, Fig. 10 presents a sample-
wise comparison over the entire field test set. The overall R? of 0.9169
demonstrates strong large-scale agreement between the predicted and
manually picked first arrivals.

5.4.2. Importance of physical constraints

Fig. 9(b) demonstrates how physical constraints improve prediction
consistency. Unconstrained models can produce invalid results, such as
later arrivals at the first receiver than at subsequent ones. In contrast,
FA-Picker enforces inter-receiver consistency, maintaining alignment
to the same wave phase even when minor deviations occur. Unlike
2D U-Net or unconstrained models, which show depth-wise jumps and
discontinuities, our model incorporates the depth dimension to ensure
smooth, continuous predictions, demonstrating that combining spatial-
temporal continuity with physical constraints is essential for robust
first-arrival picking.
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Fig. 10. Performance evaluation and cross-validation of first-arrival moveout
prediction across eight unseen wells. The scatter plot correlates ground-truth
labels with FA-Picker predictions, where different colors represent distinct
geological environments (W;-W;). The high coefficient of determination (R*>=
0.9169) across N = 119842 samples, relative to the y = x reference (dashed
line), demonstrates the robust generalization of the physics-constrained model
in diverse formation conditions.

6. Conclusion

This paper proposes FA-Picker, a physically constrained deep learn-
ing model for real-time first-arrival picking in array acoustic logging. To
address the challenge of high-quality label scarcity in structured time-
series sensing, we developed a comprehensive synthetic data pipeline
that embeds domain knowledge to simulate diverse geological scenar-
ios. By incorporating a hard physical constraint module, we successfully
trained a reliable supervised model. Extensive experiments on real-well
datasets demonstrate that FA-Picker ensures geophysical consistency
while maintaining superior accuracy and stability.

This research provides a viable solution for pattern recognition
in highly structured sensing data where manual annotation is costly
or unavailable. The core contribution lies in the effective integration
of domain-informed data synthesis and physical constraints, offering
a robust framework for building reliable models in expert-dependent
fields. This “physics-informed + data-driven” approach serves as a
valuable reference for other industrial sensing tasks, proving that spe-
cialized supervised models can achieve high reliability and real-time
performance in specialized vertical domains.

Despite its effectiveness, FA-Picker is currently limited by its fixed
4-channel input and the assumption of a specific monotonic arrival se-
quence. In practice, varying logging instruments or acquisition schemes
may yield different receiver counts or even reversed arrival sequences,
necessitating additional data adaptation. In addition, the limited tem-
poral extent of each waveform may reduce robustness when the true
first arrivals are close to the temporal boundary. Such boundary-
adjacent cases are relatively rare in the training data, and the hard
physical constraints may occasionally amplify local uncertainty under
extremely low-SNR conditions. Furthermore, the extreme complexity of
real-world borehole signals continues to challenge the generalization
of supervised learning. Future work will focus on more advanced
data synthesis strategies, boundary-aware training samples, adaptive
input handling, and robust abnormal-data detection, as well as the
development of large-scale foundation models capable of processing
multi-dimensional and multi-modal logging signals. Such advance-
ments aim to transition array acoustic logging from a process reliant
on expert experience to a fully automated, intelligent paradigm.
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