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ABSTRACT

An automatic and robust algorithm for the first-break picking is necessary to build
the near-surface velocity model. We propose the algorithm based on a convolution
neural network. The introduced first-break picking strategy and neural network ar-
chitecture are suited for processing large volumes of seismic exploration data with
reasonable computational resources. To develop an optimal neural network topology
and architecture, extensive testing was performed. We compared several architectures
of neural networks, including one- and two-dimensional approaches. Our tests jus-
tify that the one-dimensional approach (trace-by-trace processing) provides the most
reliable results in the case of first-break travel-time variations typical of complicated
near-surface structures. This study demonstrates that the four-layered neural network
trained on 5,000 traces is enough for robust first-break picking. The algorithm is eval-
uated on two land-acquisition field datasets from West Siberia with a total used size of
about 7 million traces. The first dataset is used for training, and the second one is used
only for testing. For both datasets, the error between the original and the predicted
first breaks is not more than three samples for 95% of traces. The final evaluation is
done by a comparison of seismic stacks to prove the benefits of the approach and its
robustness for offsets over 600 m. Finally, the influence of choosing the locations for
the training dataset is discussed, and a strategy for using the proposed approach in
production work is introduced.

Key words: Automated classification, near surface, neural network, refraction, signal
processing.

INTRODUCTION of the near-surface structure (Yilmaz, 2001) with two steps.

.. L . . First, the near-surface velocity model is used to build the long-
Seismic acquisition on land often takes place in areas with . . . .
. . . ) period component of the static correction. Second, the resid-
complicated near-surface velocity structure including rough i i )
. . . ) ual static analysis of the reflected waves is used to remove
topography, presence of discontinuous high-velocity per- . ) i . .
. . residual short-period corrections. Dense three-dimensional
mafrost or basalt layers, low-velocity waveguides, etc. Such o . . i
. . . (3D) acquisition systems allow using the first-break picks for
survey features produce kinematic anomalies and can strongly i ) i
. . . . this purpose. After updating the near-surface model with the
distort the resultant seismic image. Static corrections (con- i ) i , . )
. o . first-break picks, this model can be introduced into a bigger
stant time shifts in traces) are used to remove the influence i i i R i
velocity model for further imaging and estimating the prior

static corrections.
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Figure 1 Synthetic data. Representative example of synthetic traces seeded at the same #; with the random parameters of signal shape. Left:

traces; right: corresponding amplitude spectra.

The first-break picking is an important procedure in the
processing of land seismic data and should be fast and auto-
matic as seismic exploration surveys produce large volumes of
data. Besides the land seismic data, the picking may be referred
to as a more general travel-time picking problem, for exam-
ple as the arrival-time picking of P- and S-waves in passive-
seismic, seismological (Sabbione and Velis, 2010) and micro-
seismic (Akram and Eaton, 2016) data processing. In this case,
the problem becomes more complicated due to the compli-
cated source signature and the necessity to pick multiple wave
modes (P- and S-waves), especially for the anisotropic case
(Yaskevich et al., 2016).

Most travel-time picking algorithms utilize single-
channel analysis, that is processing in a trace-by-trace man-
ner. Most of the approaches perform signal analysis in a slid-
ing window following ideas of the classic short term average
(STA)/long term average (LTA) method (Peraldi and Clement,
1972; Allen, 1978). The methods based on kurtosis and high-
order statistics of the signal (Sleeman and Van Eck, 1999;
Akazawa, 2004) can be found as more accurate but require
careful parameter tuning and are computationally more ex-
pensive. Tan and He (2016) used cross-correlation of neigh-
bour traces, that is multi-trace analysis. Tselentis ez al. (2012)
suggested a classification of the existed travel-time picking
methods: window-based analysis, envelope-based analysis,
waveform correlation, maximum-likelihood analysis, auto-
regression, etc. Sabbione and Velis (2010) and Akram and
Eaton (2016) performed thorough testing and comparison of
different methods of arrival-time picking in synthetic and real
data. They give recommendations on the optimal choice of the
analysis window length and other picking parameters.

Several algorithms of travel-time picking based on ma-
chine learning have been presented in the literature. They
make use of fuzzy logic (Hashemi et al., 2008), pattern recog-

nition (Joswig, 1990), singular value decomposition (Ursin

and Zheng, 1985), support vector machines (Duan and Zhang,
2019), and principal component analysis (Hagen, 1982). The
auxiliary problem of signal detection in continuous data
records (triggering) was also considered as a problem of su-
pervised (Qu et al., 2019) or unsupervised machine learning
(Huang, 2019). Mousa et al. (2011) considered the picking
problem as image segmentation implemented by the method
of projection onto convex sets. A huge comparison of machine
learning techniques applied to the first-break picking problem
was carried out by Ayub and Kaka (2021). It is important to
mention an approach proposed in Turhan Taner ez al. (1988),
based on a supervised post-picking regression analysis, that
incorporates reciprocity principles.

There is some history of using feed-forward artificial neu-
ral networks for automatic signal detection and first-break
picking and other geophysical applications (Van der Baan and
Jutten, 2000). Usually, it is formulated as a classification prob-
lem, that is one has to mark every sample as belonging to
one of the two classes: first break or non-first break. Ini-
tial papers mostly used a single-layer fully connected neu-
ral network architecture (Murat and Rudman, 1992; McCor-
mack et al., 1993; Wang and Teng, 1995; Dai and MacBeth,
1997), followed by multi-layered fully connected neural net-
works (Zhao and Takano, 1999; Gentili and Michelini, 2006;
Madureira and Ruano, 2009; Maity et al., 2014; Mousavi
et al., 2016; Akram et al., 2017). The main strategy was to
use the seismic trace itself and auxiliary additional features
as an input to a neural network: spectra of the traces, root
mean square (RMS) values, envelope or other statistics of the
seismic trace. The majority of those approaches implied us-
ing the detection functions computed by deterministic meth-
ods (STA/LTA and other window-based methods) as input to a
neural network. The neural network architecture here used as
a tool for easy combination of a priori assumptions about the

signals that are used in classic methods. Unfortunately, in wide
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Figure 2 Synthetic data. Training curves for a synthetic dataset for three corresponding models. The colour of curves corresponds to the per-

centage of spoiled picks used for training.

practice, this strategy does not show a significant improve-
ment of the results but have obvious drawbacks: the neces-
sity of tuning parameters of classic methods and the increased
computational burden of the whole algorithm.

A recent trend is to use convolution neural networks
(CNNG) for solving various problems in seismic processing.
Perol et al. (2018) used the feed-forward CNN for seismolog-
ical record classification and approximate location. Yu et al.
(2019) gave a detailed overview on using CNN models for
noise suppression in seismic data (also see Dong et al., 2019,
for low-frequency de-noising). Sun et al. (2018) performed an
analysis of seismic gathers to identify if the shingling effect
was present in the first-arrival of waveforms. Wu et al. (2019)
used the CNN architecture designed for two-dimensional (2D)
image analysis for travel-time picking and considered it as a
segmentation problem. Zhu and Beroza (2018) suggested the
use of the CNN layers for attribute computation while the last

dense layer of the neural network performed the classification.
Zheng et al. (2017) used recurrent neural networks to detect
sequences of events, in particular, the S-wave arrival that fol-
lows the P-wave arrival. Duan and Zhang (2020) used a resid-
ual 2D convolution network trained on about 2.5 million of
traces and achieved an accuracy of about 95-97% for differ-
ent cases. In Hollander et al. (2018), the 2D CNN model was
incorporated with the classic envelop calculation approach. In
Cova et al. (2020), a constrained poling was used to regular-
ize 2D CNN based on the UNet (Ronneberger et al., 2015)
architecture, where constrain was guided by effective velocity
estimation. A semi-supervised learning for 2D CNN model is
introduced in Tsai et al. (2019). Zwartjes et al. (2020) con-
sidered comparison of different convolution-based models on
real data and concluded that the best results are achieved with
UNet architecture consisting of seven convolution blocks. In
Xie et al. (2019), authors used fully convolution 2D CNN
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Figure 3 Synthetic data. Compare applications of Models A, B and C for Cases 1, 2 and 3, respectively. Horizontal panels are correspondingly
represent models. First column refers to input traces; second column refers to the first-break probability for Case 1, third column for Case 2 and
fourth column for Case 3.

and applied the transfer learning technique. A semantic seg- For field data, the common practice is to test several
mentation approach for noisy data is suggested in Xu et al. methods on a subset of data. After the choice of preferable pa-
(2021) that incorporates a UNet-based model, which incor- rameters and algorithms, the picking is performed for the en-
porated some conventional attributes as input in addition to tire dataset. The quality control (QC) of the first break picking
seismic trace. can be used to choose the algorithms and parameters. The QC
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Figure 4 Synthetic data. Evaluation of Models A, B and C for different percent of spoiled picks used for training. Left: mean absolute error
between true and predicted first-break picks (milliseconds); right: median probability value of the predicted first-break pick.

usually combines the statistical analysis of the first-break picks
(including the checking of correlation of first-break picks vs.
the signal to noise ratio, central frequency and other wave-
field attributes) and resultant seismic imaging, which is often
characterized as empirical. The empirical estimation implies
checking the continuity of primary events, their amplitude be-
haviour over the section and consistency with geological ex-
pectations. The choice of the optimal workflow for the spe-
cific dataset always includes an empirical estimation (e.g. the
quality of pre- or/and post-migration stack) and may use some
weighted combination of picking results derived in different
ways. The real data will always require close consideration of
different aspects, but some general choice of architecture can
be done in an attempt to apply to an arbitrary dataset. We do
not expect that the CNN model must be trained once and ap-
plied to any data but the choice of CNN architecture can be
fixed to train ‘from scratch’. With such a statement, the next
question is how big should be the size and variability of the
training dataset and ways to sustain it while training.

In this paper, we focus on the development of a neural
network—based technique for fast and accurate picking of first
breaks for field land seismic data. We are pursuing the strategy
for first-break picking, which can be reproduced for arbitrary
field data in three steps: (1) generate training picks from tar-
get data; (2) train the neural network; (3) predict first breaks
for an entire volume. On the other hand, for neighbouring ge-
ological regions we show that a pre-trained CNN model per-
formed with sufficient quality. The paper is organized in the
following manner. First, we explain the theory of neural net-
works and show some synthetic tests. After that, the algorithm
is evaluated on two field datasets from the land acquisition in
West Siberia with a total size of about 7 million traces. Fi-
nally, we discuss the first-break picking strategy. There are the
following issues, which we especially have focused on while

developing the workflow:

1. the field data are characterized by a strong variation of sig-
nal characteristics that bring a strong curvature of pick pro-
files;

2. the training first-break picks (markup) can be non-reliable
due to the complexity of a region, miss-picking, noise and a
low capacity of standard methods used to conduct the training
picks,

3. as the picking of training first breaks in field data will still
be a problem, it is necessary to make the estimates of which
training size is sufficient, the smaller the training set, the faster

it can be examined for reliability.

CONVOLUTION NEURAL NETWORK
MODEL DEVELOPMENT

In this study, we use supervised learning with a convolution
neural network (CNN) for automatic first-break picking in
land seismic data. The CNN architecture seems to be natu-
ral in this problem because of the classic model of a seismic
trace as a convolution of the source signal with the reflectiv-
ity function. In the real data that the first-arrival waveforms
may vary considerably from trace to trace and can be com-
plicated by noise. Thus we focus on addressing the problem
of the first-break picking for each trace independently. Group
analysis of the travel-time picks can be done as a next post-
processing step, where it is more natural to take into account
the reciprocity theory and acquisition geometry specification
(post-picking regression, correlation and tomography).

In this section, we describe the main development steps
of our first-break picking algorithm: (1) problem formulation,
(2) steps of CNN construction, (3) strategies of CNN training,
and (4) QC of the results. There are three primitive architec-
tures tested on synthetic data to conduct the baseline for the

choice of architecture blocks for field data.
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Figure 5 Dataset 1. Examples of first-break picking results for gathers with the presence of low-frequency waves in first arrivals. Top panel:
gathers; bottom panel: CNN model output (detection function); orange: picks predicted by the CNN model.
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(1xnx32)

Input seismic trace
(1xnx1)

Output from Layer k
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(1xnx3)

I
I
—

——— Convolution with 32 samples filter & ReLU activation & Batch Normalization

Figure 6 Schematic visualization of the proposed CNN architecture.

First-break picking as a classification problem

The standard machine-learning approach to the first-break
picking is to formulate it as a classification problem. For each
input trace, we get an output in the form of the markup ma-

Convolution with 32 samples filter & Sigmoid activation

trix with the number of columns equal to the number of time
samples in the seismic trace and the number of rows equal to
the number of classes. The element of this matrix is equal to
1 if the trace sample belongs to the corresponding class, and
it is equal to 0 otherwise. For the first-break picking problem,
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Figure 7 Field data. Comparison of training curves between 1D CNN (left) and 2D UNet (right) models

it is used to introduce two classes: “first break’ and ‘non-first
break’. Such classification brings a strong imbalance between
classes as there should be only one sample belonging to the
class ‘first break’, while all other samples should belong to the
class ‘non-first break’. One way to mitigate this problem is to
use weights for the classes in the loss function during the CNN
training. But it requires tuning the weights, that is introducing
additional parameters. We propose a new approach and use
three classes instead:

® ‘noise’;

® ‘signal’;

o ‘first break’.

Let us assume that all samples preceding the first break
should belong to the class ‘noise’, while all samples following
the first break should belong to the class ‘signal’. Then two
classes, ‘noise’ and ‘signal’, appear to be well balanced, and
one can use a loss function without the weighting of classes.
Our tests show that this new approach provides a more robust
picking of the first breaks. We discuss the benefits of three-
class markup in the section of Field data CNN tuning, and
some general recommendations for imbalanced datasets can
be found in He and Ma (2013) and Ferndndez et al. (2018).

Convolution neural network architecture

By the CNN architecture, we mean the number of hidden lay-
ers (k) and their structure. Each convolution layer contains
the following parameters (corresponding hyper-parameters
are listed in parentheses):

¢ convolution layer (number of filters, filter size, padding

type);
e fully connected layer (number of units);
e activation function to introduce non-linearity (sigmoid,

softmax, rectified linear unit),

¢ batch normalization and mean value removal for improving
the performance of the next layer;
¢ dropout to reduce over-fitting (rate).

Plenty of testing can be done by searching for optimal
hyper-parameters of convolution layers (number of filters and
their size). There are many approaches to search for optimal
hyper-parameters of the neural network. These experiments
are used to find such hyper-parameters that would allow to
achieve the minimal error and best performance metrics. It
can be done in an automatic manner using algorithms such as
grid search, random, generic (Liashchynskyi and Liashchyn-
skyi, 2019), population-based algorithm (Nal¢akan and En-
sari, 2018) or a specific algorithm for CNNs (Cui and Bai,
2019). In our research, we have also performed internal test-
ing of different hyper-parameters (mainly regarding the filter
length and amount per convolution layer). After the testing,
we decided to use probably the most popular setup, which is
32 filters with a length of 32 samples per layer. Referring to the
common sampling step of 2 ms of seismic traces, the filter of
length 32 gives a resolution of 15 Hz. We chose the same pa-
rameters for our CNN as our tests demonstrated that the use
of longer filters does not improve the CNN performance, but
shorter filters result in an under-fitting problem. According
to the internal tests, the rectified linear unit activation func-
tion provides better performance, which is in agreement with
the results of Krizhevsky et al. (2012). Batch normalization
(mean-average removal and normalization) was used to im-
prove the training performance (cf. Ioffe and Szegedy, 2015).
Finally, the dropout procedure was used to reduce over-fitting
with the default rate of 0.5.

It is popular to use the pooling procedure in the CNN
layers. It provides down-sampling of the signal, which is
believed to improve the CNN performance in the problems of
object detection in images (Goodfellow et al., 2016). We chose

© 2022 European Association of Geoscientists & Engineers., Geophysical Prospecting, 70, 1093-1115
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Figure 8 Field data. Picking examples by 1D CNN (up) and 2D UNet (bottom) models, background colour is representing a predicted probability
for class ‘signal’. The background colour map is in blue-white-red, where blue represents that the probability is zero, white indicates that the

probability is 0.5 and red indicates that the probability is 1.

to use neither pooling nor dense output layers. Without pool-
ing, we get the same length of the CNN output as the length
of its input. Also avoiding dense layers, we get a fully convo-
lution CNN model which can be applied to traces of different
lengths (number of samples) not equal to the trace length in
the training set. In addition, while using only convolution lay-

ers we stay consistent with the convolution model of a seismic
trace.

The CNN output is a matrix of the same size as the orig-
inal markup matrix. It has three columns of the length of the
input trace. Each column contains the probability (value be-
tween 0 and 1) of the trace sample that belongs to one of the
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Figure 9 Quality control of picking results by using 1D CNN. The left column - three-class markup (a, c¢) and the right one is for for the binary

markup (b, d). The top row - probability value distribution (the predicted probability value of the first-break sample on seismic traces). The

bottom row - mean squared error.

three classes: ‘noise’, ‘signal’, and “first break’. Then we choose
the position of the maximum value in the third column as the
first-break pick. Thus we get the first-break pick and the esti-
mation of the picking reliability (probability).

Training procedure

Let us mention some most important hyper-parameters of
the CNN training (learning) process: batch size, type of loss

function, optimization algorithm, learning rate and number

of epochs. We compute the loss (misfit) function as the cross-
entropy between original and predicted markup matrices.
While training the neural network, the loss function is com-
puted for a subset of training data called a batch. Zhang
et al. (2017) provided recommendations on how to choose
the batch size. We used a batch size of 64 traces. The smaller
batch size may lead to an under-fitting problem, and the larger
values did not improve the prediction accuracy. For training,
we used the Adam optimization algorithm (Kingma and Ba,
2014) with a learning rate of 0.005. The number of epochs
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Figure 10 Dataset 1. Comparison of first-break picking algorithms for common-shot gathers: blue, original (industrial) picks; orange, our CNN

prediction; green, MER prediction; red, STA/LTA prediction.
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Figure 11 Dataset 1. Histograms of the first-breaks distribution for offset bins (in logarithmic scale); original/industrial travel times: blue, CNN
predicted: orange; solid vertical lines: mean value, dashed lines: median value; dotted lines correspond to refer to 4 o, 3 and 4 o intervals. The

histograms are stacked by vertical axes, and the offset value is marked on the right.

(one pass over full training dataset) is optimized by analysing
the loss-function decrease. It should be large enough to over-
come under-fitting and stop before running into the problem
of over-fitting.

Synthetic tests

There is a big variety of approaches for neural network de-
velopment, we conduct our tests using common practices of
machine learning and observations of field data. According to
the specifics of field datasets, which we consider in this study,
the key problem of first-break picking is a strong variability
of signal characteristics: lateral changes of velocity resulted
in a complicated profile of first-breaks, signature, amplitude,
central frequency, phase characteristics and interference. To
mimic the variations of first breaks and estimate the capac-
ity of performance of neural networks, we conducted tests on

primitive architectures of noise-free synthetic data, but with
strong changes in signature.

We created a synthetic dataset of 1,000 traces with a
length of 128 ms and a sampling rate of 2 ms. The signal’s
signature was created by the random uniform distribution of
its parameters. The 700 traces are used for training, and 300
traces are used for validation. The seismic traces are generated
by Chirplet function (1) (e.g. BoSmann and Ma, 2015), where
t is time, tyis the first-break time, o is the bandwidth factor,
Bis the symmetry coefficient, wis the central frequency and y
is attenuation. Figure 1 shows the example of synthetic traces
generation. As a demonstration, we created all the traces with
the same first-break time (¢, = 15 ms) to highlight how flex-
ible can be the Chirplet model to mimic the variations in the
seismic signal. Note that all the created synthetic traces have
an obvious first-break time, shown as a trough that is marked
with a red circle in the left plot in Figure 1. The first-break
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Figure 12 Dataset 1. Comparison of tau-offset cross-plots be-
tween the original/industrial (blue) and CNN-predicted (orange) first
breaks; top panel: CNN-predictions before post-processing; bottom
panel: after post-processing and outlier removal.

time is generated from a random uniform distribution in a

range from 12 to 100 ms.
glt) =sin2raw(t —ty) + v (t — 1)*),
h(t) = exp(—a(1 — B tanh(t — #))(t — #))*), (1)

The common practice of neural network development im-
plies the usage of fully connected (dense) layers on the last
layers of the architecture. This practice is used to be ranked
as a regularization technique and applied to one-dimensional
(1D) and two-dimensional (2D) models, including such pop-
ular models as UNet (Ronneberger et al., 2015), ResNet (He
et al., 2016), Inception (Szegedy et al., 2015), etc. Our primi-
tive test shows that this practice is not well applicable to the
situations where the training datasets are non-reliable and lead
to over-fitting. As far as it can be judged from the seismic pro-
cessing practice, picking for field datasets is often ambiguous.
To mimic a field-data scenario of first-break picking, we test
how the correctness of a markup may influence training re-
sults. The synthetic data are complicated only by signal shape
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o
=y
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Figure 13 Dataset 2. Tau-offset cross-plot of CNN-predicted first
breaks; dashed lines: 3o interval for outlier removal.

variations, and no interference or noise is considered. In such
a way, we want to make a decision on which architecture is
more robust to be used for field data.

We consider three 1D neural network models shown in
Table 1. Model A is an example of a classic fully connected
neural network with three layers, Model B is an example of
two convolution layers followed by two fully connected and
Model C consists of only three convolution layers. All the
models were trained with the same learning rate of 0.001 over
200 epochs by the Adam optimization algorithm. The target
of training was a mask of three classes: noise, first break, and
signal. The loss function is categorical cross-entropy:

loss = Z —ylog(y;), (2)

where y is a training mask, y is model output and 7 is an index
of a class (noise, signal, first break). As a metric to quality
control (QC), the training results we used the mean squared
error (L2), which was calculated in between actual first-break
time ¢y and prediction, where k is an index of first-break pick
class:

12 =" (g — argmax(§;)), 3)

In Table 1, the architectures of models are described. For
the fully connected layers, we used 194 units per each layer,
and for convolution we used 32 filters with 32 samples each.
All the hidden layers are activated with the rectified linear unit
function and the final with sigmoid. The total number of pa-
rameters is also listed in Table 1.

To mimic the field-data scenario, we have randomly gen-
erated the first-break times 7y and corresponding synthetic
traces (1). After, before the training we spoil the # by intro-
ducing a random error. The error is introduced in a subset of
the training data, such as the percentage of the #, can be called
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Figure 14 Dataset 1. Seismic stacks obtained with different a priori static correction estimated from original (industrial) first-break travel-times
(left) and CNN-based travel-times (right). White ellipses highlight regions with the most improvement.

Table 1 Neural network models used for synthetic testing of potential capacity

Layer Model A Model B Model C

1 Fully connected Convolution Convolution

2 Fully connected Convolution Convolution

3 Fully connected Fully connected Convolution (three filters)
4 Fully connected

Number of parameters 83,906 88,270 36,931

spoiled. Therefore, we consider 0-100% percentage of spoiled
picks used for training. Three experiments are highlighted to
demonstrate the picking results for different models: Case 1
with 100% true first breaks used as a markup; Case 2 with
85% true and 15% false (random, spoiled); Case 3 with 5%
true and 95% spoiled picks used for training. In other words,
for Cases 2 and 3 for the corresponding percentage of spoiled
picks we use wrong #; as a markup for training. These spoiled
first breaks were not involved in generating the traces. The val-
idation set was the same for all the experiments and did not

contain the spoiled picks. For all scenarios, the traces were

generated using random uniform distribution for parameters
defined in function (1) and remained unchanged.

In Figure 2, we show the training curves for the experi-
ments with different percentages of spoiled picks. The dashed
lines are for validation and solid lines for testing progress over
200 epochs. The columns are representing curves for loss func-
tion per epochs: training and validation cross-entropy; train-
ing and validation mean squared error between true and pre-
dicted picks (L2). We have here performed a comparison of
the progress of models training on 0-100% of spoiled picks.
In such a way, we mimic the field data scenario when the
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Figure 15 Dataset 2. Seismic stacks obtained with different a priori static correction estimated from original (industrial) first-break travel-times
(left) and CNN-based travel-times (right). White ellipses highlight regions with the most improvement.
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Figure 16 Dataset 1. (a) receivers elevation map (meters), black dots indicate the location of the examples of training subset for case 2); (b) and
(c) relative mean error distribution (time samples); (b)random choice of the training subset; (c) training subset location (case 2).

conventional picking for training is not 100% reliable. Here
we do not restrict the misfit between true and false picks as
the overall data length is small, and no additional complica-
tions are introduced. One can see that while training progress
Model C behaves more robustly on both metrics (2 and 3) and

gives a smaller error. Models A and B are getting over-fitted
at certain epochs and stop showing progress on the validation
set. Though Model C is not showing progress after about 100
epochs, it is still performed with the smallest errors on val-
idation. In Figure 3, we show an example of picking results
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1) SUORIPUOD PUe SWB L 8U} 39S *[7202/TT/82] U0 ARiqiauliuo /B|IM 'SV &S sosAudoas pue AB0(0e9 WidjoliRd JO aIisu| dnwijoi L AQ Z6TET'8LyZ-S9ET/TTTT OT/I0P/W0d A8 |1 Akeiq1Bu1 UO//SANY 01§ papeojuMod ‘L ‘2202 ‘8LYZS9ET

fomA

85U8917 SUOWILLIOD BAITER.1D 8 gealjdde sy Aq peusenob e sepile YO 8sn Jo Sa|nl Joy Areiqi auljuo A|IM uo



(left set of plots) of a gather of synthetic traces and the predic-
tion masks for Cases 1, 2 and 3 are shown in corresponding
columns. Each trace, including the prediction mask, is normal-
ized on its own maximum value for viewing purposes. The ver-
tical panels are addressed to models A, B, and C correspond-
ingly. One can see that for Case 1, all the models provide a
reasonable result, but the prediction mask is more reliable for
models B and C. In Case 2 (third column), it is the only Model
C, which still provides correct picking of first breaks. In Case 3
(fourth column), it is showing an extreme scenario when only
5% of training picks was true.

In Figure 4, we demonstrate the dependency between
the percentage of spoiled picks and (a) mean absolute error
(MAE) and (b) median probability value (MPV). One can see
that the performance of Models A and B is starting to decay
strongly, with the increase in the percentage of spoiled picks.
On the other hand, Model C is showing acceptable MSE even
up to 80% of the spoiled picks, which gives a straight argu-
ment for the usage of the purely CNN model for first-break
picking. The curves in Figure 4(b) can be interpreted as the
confidence of the neural network. Model A keeps almost the
same probability value for all the scenarios, whereas Models
B and C become less confident over the percentage of spoiled
picks and Model B does it faster. We find that it is an interest-
ing observation, as the common practice of neural networks
is to include dense layers. The presented example shows that
the pure convolution network may easily indicate the incon-
sistency of a dataset and provide predictions based on data
features, rather than driven only by the markup as for purely
dense neural networks. It is worth to consider a study of this
observation with another research. In our current study, we
will use the observations regarding purely convolution Model
C to verify further tests on field data. For the given example,
the threshold for percentage of spoiled picks is about 60%
for Model C. Below this threshold, the model provides an ac-
ceptable mean absolute error (MAE) about 2 ms. It is wrong
to conclude that such observation can be accepted for any
dataset as the error in picks maybe not random, signal char-
acteristics may strongly vary and no noise level was involved.

The behaviour of a purely convolution model may be ex-
plained as the target signal which is already a prominent fea-
ture in comparison to the background value of the seismic
trace, which is zero in this experiment. Therefore, the CNN
is aimed to recover a deconvolution filter to transfer the given
input to a delta function, with delta at #,. As the CNN con-
tains many filters and two layers, it has an efficient capacity
to perform a well-regularized deconvolution (roughly speak-

ing, a specific filter for each specific signature of first-arrival

First-break picking for land seismic data 1107

waveform). Model C contains only convolution layers, and
there is no obvious bias given in the spoiled picks; therefore,
its random nature does not allow the CNN filters to ignore
(or: avoid matching/mislead) the clear signature of the syn-
thetics. Further tests could be done to incorporate the way of
training on spoiled picks and the noise level. It is also interest-
ing to consider the case when some shot-receiver effects are
introduced in the synthetics or some clear constant or variable
shift (e.g. 10 ms shift).

Thus, we can conclude that in case of high ambiguity of
training markup the fully connected layers are forcing the neu-
ral network model to fit the non-reliable picks and lead to
over-fitting. On the other hand, the pure convolution model
is flexible enough to focus on signal characteristics that can be
interpreted in terms of the de-convolution (de-signature) pro-
cess, which is a conventional method for seismic data analysis.
In the following, we use a pure convolution model to develop
the architecture for field data.

FIELD DATA CONVOLUTION NEURAL
NETWORK TUNING

We consider two real datasets, which we will further called
as Dataset 1 and Dataset 2. The distance between the corner
points of Datasets 1 and 2 is about 500 km, and the acquisi-
tion was done in different years. These real three-dimensional
exploration-seismic datasets were acquired in the north of
West Siberia using an explosive source. The survey area was
characterized by a heterogeneous near-surface structure. In
particular, there is discontinuous permafrost in the area. In
Figure 5, one can see the typical case of the presence of low-
frequency wave at the first arrivals, occurring due to a velocity
anomaly. One can identify up to three branches with differ-
ent apparent velocities in the shot gathers (implying a three-
layered near-surface model). The dataset contained about 4.5
million traces for over 30,000 sources with offsets up to 800
m (time sampling is 2 ms). Dataset 2 was also acquired in the
north of West Siberia using an explosive source and contained
about 2 million traces for over 10,000 sources with offsets up
to 800 m (time sampling is 2 ms). The industrial picking from
Dataset 1 was used as a training markup and was not ideal
as contained obvious (visually observable), and systematic er-
rors, that could be seen especially on offsets above 600 m.
Dataset 2 was used as a ‘blind’ test, that is available first-break
picks were never used for additional training. Instead, we used
pre-trained CNN for the automatic processing of this dataset.
The first-break travel times used for training were obtained
by using automatic industrial processing software, which was

conducted with the following steps:
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Table 2 The architecture of 1D convolution neural network, where 7 is the number of input trace samples and k is the number of hidden layers

Layer Procedure

Input Size Output Size

Input

Ixnx1

Convolution (32 filters, 32 samples, ‘same’ padding)

Activation function (ReLU)
1...k Batch normalization
Dropout (rate of 0.5)

k+1 Convolution (three filters, 32 samples, ‘same’ padding)

Activation function (sigrmoid)
Output

Ixnx1 1xnx32

1 xnx32 1xnx3

1xnx3

¢ preconditioning (linear move-out, band-pass filtering, gain
correction in sliding window, divergence correction);

¢ picking using a combination of detection functions based
on envelope function, cross-correlation of near traces and
method of modified energy ration (4);

® post-processing by cross-validation of near traces in accor-
dance with acquisition consistency.

The modified energy ratio (MER) function is based on
the calculation of the squared average of the input signal ( f)
in two sliding windows, followed by each other:

i+w i

s=2 /(2 fi+8)

j=i—w (4)
MER; = (|fils;)’,

where 8 is a stabilizing constant and w is a window length. We
are not presenting the exact chosen internal parameters of the
MER function as the detection function is a combination of
several algorithms and characterized by internal software pa-

rameters.

Convolution neural network models

In this section, we provide the results of comparison between
one-dimensional (1D) and two-dimensional (2D) CNN mod-
els and testing of hyper-parameters (number of layers and size
of training dataset). While comparing 1D and 2D CNN mod-
els, we are mainly trying to understand whether the 2D CNN
is able to boost significant accuracy and other performance
metrics. It is rather hard to compare the 1D and 2D models in
terms of number of layers and parameters as the 2D. Thus we
focus on the dimensional capacity of 2D in comparison to 1D.
The 1D CNN model architecture is presented in Table 2. For
the 2D model, we used a popular UNet architecture, which is
described in Ronneberger et al. (2015).

In Figure 6, we illustrate a schematic visualization of the
CNN architecture presented in Table 2. The figure shows how
the input seismic trace is transformed to 32 traces after appli-
cation of the first layer of CNN, which included convolution,
activation by a rectified linear unit (ReLU), batch normaliza-
tion and dropout while training. Each of 32 channels of the
first-layer output is derived by corresponding filters of 32 sam-
ple length. We have conducted testing of a different number of
layers, but the last one always contains three filters for three
target classes correspondingly: noise, first break and signal. As
we do not apply any down-sampling function, the number of
samples for the last layer is the same as for input.

The comparison between 1D CNN and 2D UNet should
also consider the difference of shape of training data and the
ways of its compilation. In the case of the 1D model, the train-
ing examples are independent from each other and each train-
ing example is a single seismic trace with the corresponding
mask; both have a length of 501 time samples. The selection
process can be focused on choosing the location of traces or
other auxiliary attributes. In the case of 2D, it is necessary to
consider the way of creating the 2D subset of traces (follow-
ing the common receiver, shot or common depth point (CDP)
point) and the number of traces per example. For our tests,
we formed the subset for UNet training by a set of 3,000
2D common-shot gathers with the size of 256 traces and 501
time samples per training example. For the UNet training, we
also use transposed convolution layers for the decoding part
(Szegedy et al., 2015; Dumoulin and Visin, 2016) and skip-
connections (Ronneberger et al., 2015; He et al., 2016) to pass
the residuals from the encoding to decoding part. To support
UNet training with additional examples, we have used data-
augmentation techniques, including polarity flipping, tempo-
ral frequency band-pass, adding noise, flipping the axes and
chopping samples into different patches. It is hard to estab-
lish a precise comparison between 1D and 2D, in terms of

the number of parameters, data dimension, and estimation of
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effective batch size and amount of epochs. For this reason, we
have a limited number of epochs, that is 500, the learning rate
is set at 0.001 and the batch size is 128. We have conducted
several experiments to reach the best UNet result in current
circumstances (like varying kernel size, number of passes for
the encoding and decoding part, adaptive learning rate). The
best result was still achieved with the default settings, pro-
posed by Ronneberger ez al. (2015). For the 1D CNN, we used
100,000 examples.

In Figure 7, we show the comparison of training curves
between 1D CNN and 2D UNet models. One can see that
for the same amount of epochs the 1D model reaches a lower
limit of metrics than the UNet. Note that as we have shown
in the previous section, due to the ambiguity of markup picks,
we cannot judge the quality of training, relying solely on the
training statistics. In Figure 5, one can see the examples of
the industrial markup and areas of potential problems. In Fig-
ure 8, we show the picking results obtained by 1D CNN (on
top) and UNet (at the bottom). The UNet provides a smoother
mask and is not as well generalized as the 1D model. After
the training, we have evaluated the UNet performance on a
full dataset (4.5 million traces) and calculated the distribution
of errors, where about 90% with no more than three sam-
ple shifts, 7% with no more than 10 samples and other 3%
are above.

Thus, we did not find the UNet helpful for this particular
dataset as it is not improving the fidelity of picking in the com-
plicated areas and requires much more resources for training.
The 1D CNN model provides about 96 % of the solution (will
be discussed in the next section) and much cheaper in compu-
tation: 2 million training parameters for 2D model versus 100
thousand for 1Dj; the number of traces required for training is
equal to a batch size for 1D and 2D, it is bigger in 256 times
(as training example is compiled of 256 traces). We think that
such argumentation is reasonable enough to continue further
tests only with the 1D architecture. Though we are not say-
ing that UNet or another 2D architecture cannot be trained
or tuned in a way that will provide a higher score. For ex-
ample, following our results, the fully convolution 2D model
can be considered to reduce the influence of ‘spoiled’ training
picks and provide not an over-smoothed solution, which we
see from UNet application.

Testing one-dimensional convolution neural network
parameters

The strong variability of the first-arrival waveforms makes the
problem of robust first-break picking difficult and labour in-
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tensive. This may require the involvement of the specialist for
some manual data markup, but then it needs to be minimal.
We also anticipate that in the future one may need to perform
additional CNN training for some particular datasets. Thus
during the CNN tuning, we were trying to achieve two main
goals: to get the simplest CNN model and identify the minimal
size of training set required for reliable first-break picking in
such a way that it can be easily checked manually for reliabil-
ity. The CNN was trained on a small fraction of Dataset 1 (see
correspondingly in Table 3) and then evaluated the remaining
part of this dataset. Following this strategy, we performed a
series of tests to optimize the following parameters:

¢ the number of hidden CNN layers (k =1,2,...,7);

e the size of the training dataset (5,000, 10,000, 25,000,

50,000, 100,000 traces).

The testing results for the four-layered CNN and differ-
ent sizes of the training set are shown in Table 3. We estimate
the performance of the CNN by comparing the original and
predicted first-break picks as shown in Table 3 for the four-
layered CNN and different sizes of the training set. The CNN
accuracy is shown as a percentage of traces falling below the
specific level of misfit between the original and predicted first-
break picks: picks are equal (first row), the misfit is less or
equal to three samples (second row), the misfit is more than
three samples (third row). Columns show the results for dif-
ferent sizes of the training dataset. For further evaluation, we
consider the misfit less or equal to three time samples (< 6 ms)
as a reasonable accuracy of the first-break picking (this choice
is motivated by discovered errors in the original first-break
picks). From Table 3, we conclude that even for the smallest
training dataset (5,000 traces) our CNN provides reasonable
accuracy of 94.3% for the problem of the first-break picking.

We further made several tests for CNN with a differ-
ent number of layers and using different sizes of the training
dataset. Each time we evaluated the trained CNN on the full
Dataset 1 (about 4.5 million traces). In Table 4, we show the
percentage of traces for which the misfit between the CNN
predicted and the original picks was less or equal to three sam-
ples (< 6 ms). One can see that starting from four hidden lay-
ers the CNN accuracy remains almost the same being higher
than 94%. Thus we suggest using the CNN with four hidden
layers as an optimal architecture and recommend 5,000 traces
as an optimal size of the training dataset. It should be noted
that such a conclusion we have obtained for this particular
dataset would have high fidelity only for similar datasets. As
a general recommendation, we conclude that the proposed ar-
chitecture is an effective baseline for the first-break picking

problem but does not necessarily give the best result for some
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Table 3 Dataset 1. Accuracy (percentage of the validation dataset) for the CNN model with four hidden layers trained on datasets of different

sizes (columns) and the interval of misfit between original and predicted travel-times (rows)

Size of Training Set

Misfit between original and
predicted first breaks

(samples) 5,000 10,000 15,000 25,000 50,000 100,000
0 26.4 28.5 29.6 31.1 31.3 32.7
1 61.3 62.4 61.4 61.0 61.1 61.0
2 5.6 4.1 3.8 2.6 2.8 2.5
3 1.0 0.5 0.5 0.6 0.4 0.4
>3 5.7 4.5 4.7 4.7 4.4 4.0
<3 94.3 95.5 95.3 95.3 95.6 96.0

Table 4 Dataset 1. Accuracy (percentage of the validation dataset) of
the CNN first-break picking (misfit between predicted and original
travel-times < 3 time samples) for different sizes of the training set
and the number of CNN hidden layers

Size of Training Set

Number of
CNN Layers 5,000 10,000 25,000 50,000 100,000

1 83.5 83.6 N/A N/A N/A
2 91.0 91.3 N/A N/A N/A
3 93.0 94.7 N/A N/A N/A
4 94.3 95.0 95.3 95.6 96.0
5 94.5 95.7 95.7 95.9 96.1
6 94.1 95.8 95.7 96.0 96.0
7 95.3 95.1 95.7 95.9 95.8

arbitrary dataset. In the case of this study, such a threshold is
chosen because the root mean square (RMS) of tomography
results is not changing whether we include or not the errors
between 4 and 6 ms. On the other hand, the errors above 6 ms
may lead to some minor changes in the tomography RMS, but
no noticeable errors in the resultant velocity model to make a
change in a misfit between observed and synthetic first-break

travel times.

EVALUATION OF DATASETS

In this section, we first perform the visual comparison of the
convolution neural network (CNN)-predicted and the origi-
nal first-break travel times used for training. We mark these
original first-break travel times as ‘industrial’ because they
were obtained by conventional industrial processing. Our vi-
sual analysis revealed that the original first-break picks are not
always correct and contain errors.

Thus we used an alternative way of checking the quality
of the first-break picking — we used them for estimating the

a priori static correction and further use them in the process-
ing graph to get the final seismic stack. Then we can compare
the resultant seismic stacks to illustrate the performance of
the proposed CNN-based first-break picking. Note that for
using the first-break travel times for further processing we
propose the procedure for automatic post-processing of the
CNN-predicted travel times for removing outliers. This pro-
cedure is also further described in this section.

In this section, we would like to show the comparison
between the binary classification of the time sample (markup
for two classes: first break and not first break) and three
classes (noise, first break, signal). We have used the four-
layered CNN model, trained on 5,000 examples under the
same conditions, but with the different target markup (two
and three classes output). In Figure 9, we show the com-
parison of picking results for the entire survey. The map is
built per shot location, and the plotted attributes (errors and
probability) are calculated as the median value per common-
shot is gathered. There are about 280 receivers (correspond-
ing first-break picks), and they were used to calculate a
median value per shot location. The top row of the maps illus-
trates the probability value distribution (the predicted proba-
bility value of the first-break sample on seismic traces): (a)
and (b); the bottom one is the mean squared error: (c) and
(d). The left column is the results for the three-class markup:
(a) and (c) and the right one is for for the binary markup.
For both markup cases, we measure the probability of the
first-break class. One can see that there is a mild difference
between the error maps, but the probability distribution is
more stable for the three-class markup. This observation mo-
tivated us to continue to use the three-class markup in our
further tests. We have interpreted this result with higher con-
fidence based on the CNN model, as shown by the proposed
approach.
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Comparison of the first-break picks

In Figure 10, we show the comparison of original (industrial)
picks and our CNN-predicted results for Dataset 1 (the CNN
was trained on 5,000 traces from this dataset). One can see
fractions of several common-shot gathers (not used for the
CNN training). One can see that the quality of the CNN
travel-time picking is overall comparable to the original (in-
dustrial) picking and in some cases it looks more accurate —
see two lower panels in the figure. We also added the results
of using classical first-break picking algorithms: modified en-
ergy ratio (MER) (Wong et al., 2009) and STA/LTA (Allen,
1978). For classical algorithms, we performed manual tuning
of internal parameters (length of the sliding windows, detec-
tion threshold). In Figure 10, one can see that the results of
these classical algorithms are unstable despite several rounds
of parameter tuning.

In Figure 5, we show the picking results for the test
dataset (Dataset 2), which was made in a ‘blind’ manner. The
top picture in Figure 5 shows gathers with the presence of
high variance in signal characteristics (frequency, decay, inter-
ference, etc.). One can see the overlapping of two waves on
the offset of about 1,000 m. One wave has a higher velocity
and lower frequency and the other one with lower velocity
and higher frequency. The observed data can be interpreted
as the shingling effect, where the high-speed velocity cannot
be continuously observed through the offsets. At the bottom
of Figure 5, we show the detection function built by the CNN
output. One can see that the interval of the waves overlapping
can be detected by the CNN, which provides more than a sin-
gle focus of first-break probability. The orange curve shows
the detected first-break times. According to the presented ob-
servations, we can propose that the CNN model can provide
more than one first-break pick to be used for further specifi-
cation by multi-trace analysis or tomography inversion.

Automatic post-processing for outlier removal

The tau-offset cross-plot is a standard tool for analysing the
distribution of the first-break travel times and their QC. We
suggest using it for automatic post-processing of the CNN-
predicted travel times. For this, we divide all these travel times
into 50-m bins in the offset coordinate. In Figure 11, we show
histograms of the travel-time distributions for Dataset 1. We
show the histograms for each offset bin — labels on the right
show offset values for the bin centres — horizontal axis — first-
break travel-time, vertical axis — the decimal logarithm of the

number of travel-time picks. Histograms for the original (in-
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dustrial) travel-time picks are shown in blue, and for CNN
predicted travel-time picks are shown in orange. One can see
that there are some outliers in the CNN-predicted travel times
(orange histogram columns for tau values are greater than 300
ms). For each offset bin, we compute mean/median values and
standard deviation values o. In Figure 11, we show mean val-
ues and error bars (for o, 20, 30 and 40) by vertical ticks.

Motivated by Figure 11, we propose the following au-
tomatic approach to post-processing of the CNN-predicted
first-break picks (a ‘3o rule’):

e group picks from offset bins;

e compute the mean value and standard deviation o in each
bin;

e discard travel-time picks outside the 3o interval around the
mean.

In Figure 12, we show the cross-plot comparing the indus-
trial (blue) and the CNN-predicted (orange) travel-time picks
for Dataset 1. The top panel shows the CNN-predicted travel-
time picks before our automatic post-processing. The bottom
panel shows the CNN-predicted travel-time picks after our au-
tomatic post-processing. One can see that most of the obvious
outliers have been removed.

For further evaluation, we used the CNN trained on the
subset from Dataset 1 to process Dataset 2 as a ‘blind’ test,
that is without additional training. In Figure 13, we show
the cross-plot comparing the industrial (blue) and the CNN-
predicted (orange) picks for Dataset 2. The CNN-predicted
picks are shown after the proposed automatic post-processing.
The 30 interval for outlier removal is shown as the dashed
line in the figure. Note that there were less than 1% of out-
liers in this case. Again we see that the CNN-predicted picks
do not look more scattered for offsets over 600 m. This obser-
vation we consider as evidence of the stability of the proposed
CNN model.

Comparison of seismic stacks

We use an alternative way of checking the quality of the first-
break picking. We compare the seismic stacks calculated after
a priori static corrections calculated using (1) original (indus-
trial) and (2) the CNN-predicted first-break travel times. After
the static corrections, the identical CDP processing is used to
get the two seismic stacks.

In Figure 14, we show seismic stacks for Dataset 1 ob-
tained with a different a priori static correction estimated
from the original (industrial) first-break travel-times (left) and
the CNN-based travel-times (right). A similar comparison of

seismic stacks for Dataset 2 is shown in Figure 15. Both
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examples show that the CNN-based stack is of superior qual-
ity compared to the original stack (processing with standard
industrial software). White elliptic frames highlight regions
with the most improvement of the CNN-based seismic image.

DISCUSSION

We present an interesting result that an imperfect training
dataset obtained from automatic industrial processing pro-
cedures can be used for training the convolution neural net-
work (CNN)-based picking algorithm. The CNN model was
able to partially mitigate these errors and predict more sta-
ble first-break picks than the given industrial picks. We see
three reasons, explaining this observation. First, the synthetic
test proved that the CNN model is able to neglect the imper-
fectness of a markup (spoiled picks) and perform with an ac-
ceptable accuracy in case of a ‘poor’ consistency of training
data. Second, the industrial picks are obtained as compromise
of a fast and simple solution to get a reasonable first breaks
for production work purposes. Finally, such robustness of the
CNN models that applied for imperfect training datasets has
been observed in other applications, for example automatic
fault detection in seismic images (Li ef al.,2019). In this study,
the robustness of the CNN model was confirmed by the com-
parison of seismic stacks obtained using a priori static cor-
rections from the original (industrial) and the CNN-predicted
first-break picks.

One can think of several directions for improving the
CNN-model performance. In particular, one important result
of this paper is that even a small marked dataset of about
5,000 traces is enough for training the CNN. In this case, one
can think of manual correction of the travel-time picks in the
training dataset to boost the CNN-model performance.

Another important question is a proper choice of the
training dataset. The survey area may contain several distinct
types of terrain or near-surface structure. Then it may be im-
portant to choose the training set carefully and preferably
make this choice automatic. Let us consider our Dataset 1 and
two different cases for choosing the training subset (the size
of the training subset is 5,000 traces as usual):

1. randomly chosen traces over the whole survey area;
2. close-by traces in a certain region of the survey.

In Figure 16(a), we show the elevation map of a survey
in meters, where the black dots shows the location of traces
chosen for a training subset in case 2). In Figure 16(b,c) , we
provide maps of the distribution of mean error between the
original and predicted first breaks for receiver points. The er-

ror is calculated in the steps of the time sample. Figure 16(b)

shows the error distribution in the case of the random choice
of training examples. Figure 16(c) shows the error distribu-
tion in the case of choosing the training subset only from the
restricted area of the survey. One can see that for case 2 the
distribution of errors strongly correlates with the peculiari-
ties of the elevation. It can be noted that the greatest discrep-
ancies arise in areas of low elevation, which corresponds to
the floodplains of the rivers. Otherwise, the random choice of
the training subset provides well-balanced distribution of the
shot-gather conditions.

According to the results, in the first-break picking pro-
cess, we suggest using a random distribution of examples for
the cases of strong peculiarities of shot-gather conditions. Ac-
cording to the findings of this study, the strategy for first-
break picking should consist of the following steps: choose
the subset of seismic data (e.g. the set of common shot point
(CSP) gathers), according to production criteria of data qual-
ity; provide initial picking with a conventional algorithm or
pre-trained CNN; normalize each trace independently; train
and evaluate the CNN model on the desirable subset; reject
outliers; provide transfer learning (Pan and Yang, 2010) or

fine-tuning and repeat evaluation.

CONCLUSIONS

We proposed a strategy for first-break picking in land seis-
mic data with a relatively light one-dimensional convolution
neural network (CNN) model. The set of synthetic tests was
conducted to sustain the assumption of redundancy of fully
connected layers in the presence of non-reliable markup. The
three-class based markup was proposed as a strategy for bal-
ancing the class distribution. The comparison of the two-
dimensional UNet model shows that the near-surface veloc-
ity features do not allow to account for the heterogeneity and
lead to a smooth solution. It is shown that imperfect training
datasets obtained from automatic industrial processing proce-
dures can be used for training the CNN-based picking algo-
rithm, which can be more robust than the conventional flow.
Also, the CNN model provides stable estimates of the first-
break travel times not only for small but also for large offsets
with a low signal-to-noise ratio. Our results show that even
small marked datasets of about 5,000 traces allow for train-
ing the CNN. Finally, we proposed an automatic procedure
to discard outliers, based on a priori velocity information and
basic statistical analysis.

We tested the proposed first-break picking on two real
land seismic datasets acquired with an explosive source.

The first dataset was used for developing architecture and
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training the CNN. The second dataset was used for the ‘blind’
test of the pre-trained CNN. Both survey areas are charac-
terized by a laterally heterogeneous near-surface structure.
The total size of considered datasets contains over 7 million
seismic traces. The error between original and predicted first
breaks is not more than three samples for 95% of traces. The
final QC of the first-break picking results was made possible
by estimating static corrections and computing seismic stacks.
After analysing seismic stacks, we conclude that the proposed
algorithm provides comparable or better results than the orig-
inal first-break picks. The proposed approach is more robust
than the industrial picks for offsets over 600 m.

As further development of the proposed algorithm, we
plan to improve the CNN model performance by introducing
the wavelet-based initialization of the convolution kernel fol-
lowing the traditional convolution model of a seismic trace.
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