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Velocity model building by deep learning: from general synthetics to field data application
Vladimir Kazei, Oleg Ovcharenko, Tariq Alkhalifah
KAUST

SUMMARY

Velocity model building is not straightforward in geologically
complex environments. We train a convolutional neural net-
work (CNN) to map full wavefields to smooth subsurface pa-
rameter distributions to address the problem. Specifically,
cubes of neighboring CMP gathers are mapped into in 1D ver-
tical profiles to simplify the training phase and to make it easier
to utilize well logs in future applications. We train the CNN
using a total of one hundred thousand random subsurface mod-
els generated on-the-fly and the corresponding synthetic data.
The application of the trained CNN on synthetic and real data
admitted reasonably accurate models representing mostly the
low wavenumber features of the true models.

INTRODUCTION

Full-waveform inversion (FWI) is a well-established tool for
building subsurface models. However, problems that FWI still
faces is the local minima issue that typically delivers seismic-
compliant but geologically not plausible models. Also, FWI
requires multiple modeling iterations in every application (Virieux
and Operto, 2009). Deep learning lets us perform the compu-
tations upfront for various models and then efficiently utilizes
the information packed into a neural network. Deep learn-
ing tomography emerged as a potential FWI replacement (e.g.
Farris et al., 2018; Araya-Polo et al., 2018; Araya-Polo et al.,
2019; Yang and Ma, 2019). Most deep learning applications,
however, deal with either simplified models of the subsurface
(e.g. Wu et al., 2018; Zheng, 2019) or generated by the same
generator (e.g. Zhang et al., 2018) as the training data set.
Here we attempt to overcome these limitations by using aug-
mentations of the Marmousi model (Bourgeois et al., 1991)
for generation of the training synthetic dataset and then apply-
ing the trained network on other well-known synthetic models
(SEG/EAGE overthrust model, SEAM phase I (Fehler and Ke-
liher, 2011)) that are neither very simple nor generated with the
same engine. Furthermore, we also show the initial application
of deep learning tomography to a marine field dataset.

DEEP LEARNING

Most approaches cast the problem of deep learning tomog-
raphy as the search for optimal mapping between the whole
data and the whole model, similar to FWI. Röth and Tarantola
(1994) and Zheng (2019) were searching for a neural network
that reconstructs 1D models either from individual shot gath-
ers or central midpoint (CMP) gathers. Following Kazei et al.
(2019), we cast the problem as a search for the mapping from
data cubes of neighboring CMP gathers to 1D vertical velocity
profiles (Figure 1(a)). This approach allows us to accomodate
the lateral heterogeneity in the model and utilizes the regular-
ity of conventional seismic acquisition, which is perhaps more
similar to classical velocity analysis, and thus, should be easier
to learn. The output has much lower dimensionality than the
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Figure 1: (a) Common midpoint (CMP) gathers can be sorted
into definitely relevant (right above the image point location),
most-likely relevant (next to the image point), irrelevant (far
from the image point). The irrelevant CMPs can be discarded
to simplify the training process with deep learning (Kazei
et al., 2019). (b) Deep neural network architecture, inspired
by the VGG neural network. Every other layer shrinks the size
of the input to half. Every layer is regularized by adding Guas-
sian noise and batch normalization, except for the last layer.

whole subsurface model and the number of parameters neces-
sary to approximate the dependency can be reduced.

The architecture
The architecture, Figure 1(b), of a classifier such as VGG neu-
ral network (Simonyan and Zisserman, 2014) can be easily
adopted for the task of converting a data cube into a vector of
subsurface parameters. The other advantage of the approach is
that it is straightforward to utilize well-log data for the training
of the network. Provided that we have a lot of logs in the re-
gion, we could potentially discard the modeling from seismic
inversion completely.

Dataset
Seismic data are naturally distributed around zero mean value,
so we don’t take any particular steps to normalize the input
data. Output data (1D vertical profiles) however require scal-
ing in order to fit into common standardized outputs for deep
learning applications. We draw the scale from 1000 synthetic
subsurface models, which are generated from the Marmousi
model by cropping, adding random smooth perturbations and
distortions Figure 2. The logs sampled from these 1000 mod-
els are then used as a donor of standardization coefficients for
every point of the log. For the simplicity of further inference,
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we use these coefficients in the standardization layer added as
the last layer of the network.

Every random model of the subsurface has dimensions of 552
× 60 grid points with 50 m spacing. Collocated sources and
receivers are evenly placed on the surface every 100 m. Ev-
ery run of forward modeling in such a configuration results in
156 training samples. A single training sample includes 21
common-midpoint gathers with dimensions 18 offsets × 351
time samples as input and the respective log (30 grid points at
100m distance) in the central location, acting as the label.

Training
Conventional deep learning applications rely on training with
a fixed dataset, which is split into training, validation and test-
ing parts. In this case, the data augmentation is performed at
every epoch. This prevents the network from being biased to
certain types of augmenting transforms, which happens when
augmentations are hard-coded into the dataset. We treat our
model – data generation process in a similar way and, hence,
we generate new models and the data in parallel with the train-
ing of the network. Meaning that at every epoch the network
receives for training a unique portion of data is generated on-
the-fly. This is equivalent to having an infinitely large dataset.

Figure 2: Five examples of a random velocity models utilized
for generation of training data on-the-fly.

To further explore the model space we randomly flip each input
CMP block that goes into the network for training along offset
dimension. Such a data augmentation approach is typical for
classifier training and features the reciprocity of seismic data.

Metrics
To evaluate the quality of the trained models, we utilize two
metrics on inverted velocity V , based on the L2 norm:

NRMS(Vestimate,Vtrue)≡
100%||Vestimate−Vtrue||

||Vtrue||
, (1)

R2(Vestimate,Vtrue)≡ 1− ||Vestimate−Vtrue||2

||Vtrue−avg(Vtrue)||2
. (2)

The normalized root-mean-square error (NRMS) provides a
relative measure of cumulative mismatch between predicted
velocity profiles and the known target profile, with an exact
match for NRMS = 0%. The coefficient of determination (R2)
reflects the fraction of the variance in the data that the model
fits (e.g. Kazei et al., 2020b). A model is scored higher than
0 when its predictions are more accurate than just the mean
value. A perfect match is at R2 = 1. We run training for 100
epochs and track the R2 score. Figure 3 shows that the qual-
ity of the model is relatively high and keeps improving for the
validation data as we generate new training samples.

Figure 3: Coefficient of determination measured for training
and validation data throughout the training process. We train
a general model once and then apply it in a number of testing
scenarios.
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Figure 4: (a), (c) Inverted and corresponding (b), (d) accurate
slices from the Overthrust velocity model.

SYNTHETIC EXAMPLES

We demonstrate the performance of the trained CNN on sev-
eral synthetic acoustic examples sampled from the well-known
Overthrust and SEAM Phase I models. Elastic model building
with the same techniques is also possible (Kazei et al., 2020a).

The Overthrust model
The Overthrust model is a layered 3D model that features high-
contrast velocity layers and faults. FWI applications are often
tested on the slice. The network succeeds in recovering most
of the distinctive features of the model while the deeper part
under the fast layers is not perfectly resolved (Figure 4).

The SEAM I model
The SEAM Phase I model was designed to test tools for build-
ing salt models, inspired by Gulf of Mexico conditions. We
show two modified sections of the model and notice that the
trained network retrieves the sedimentary parts of the model
well, but it is not trained to image the salt bodies (Figure 5).
However, the output model of the subsurface accurately cap-
tures the top of the salt (Figure 5(a)). Combined with a hinge-
loss like regularization (Esser et al., 2016; Kazei et al., 2017) or
a salt flooding method (Ovcharenko et al., 2018; Kalita et al.,
2019), such a model might serve as a sufficient initial model
for FWI.
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Figure 5: Same as Figure 4, but for modified crops from the
SEAM I velocity model.

FIELD DATA APPLICATION

Finally, we show a field data application to broadseis data ac-
quired in NW Australia by CGG. The data are high-pass fil-
tered above 2.5Hz, and features wide band and visible signal
in between 2 and 4 Hz. Therefore, it is potentially suitable for
the application of the neural network after certain preprocess-
ing.

Prior model
There is a well log available in the deeper part of the area. We
build a horizontally layered model from this log and consider
it here as a prior. Data modeled in the prior model are also
referred to here as prior data. We notice that the prior data,
inputed into the trained network yields a good, yet smooth,
velocity compared to the well, with a 3% NRMS match.

Windowing
From several previous studies on the same data (Kalita and
Alkhalifah, 2017; Li and Alkhalifah, 2019; Song and Alkhali-
fah, 2020) and from the well-log data, we know that the deeper
part of the model includes strong reflectors. Our CNN is trained
on models that are 3km deep, therefore we chose to window
the data after first 3 seconds of record. Neural network input
is supposed to be 7s long and hence we replace the rest of the
record with synthetic data modeled in the horizontally layered
model created from the log.

Transfer function estimation
The other significant difference between the data used in the
training and the field data is the source signature of the field
data. Instead of estimating the source function as commonly
done in FWI, we estimate the transfer function. In order to do
so, we deconvolve the direct wave in the field data with the
direct wave modeled in a synthetic water model. The trans-
fer function or the matching filter is estimated per offset (Fig-
ure 6(d)). The change in the transfer function with offset effec-

tively compensates the difference in the depth of the receivers
for the variable depth cable in the marine data.

Gain control
In our neural network we rely on short offset reflection data.
The amplitude of the sea-bottom reflections is especially sig-
nificantly affected by the difference in elastic (fluid-solid) and
acoustic reflection coefficients. In order to compensate this
discrepancy to some extent, we perform gain correction. We
correct the local amplitude of the events by normalizing the
local gain of the recorded data to the gain of synthetic data
(Figure 6(e)). After the gain control, the field data looks much
more similar to the synthetic data, yet some discrepancy re-
mains (Figure 6(f)). We purposefully tried to keep the match-
ing procedures as simple and deterministic as possible here.
Yet we acknowledge that the use of a more advanced match-
ing techniques such as style transfer (Ovcharenko et al., 2019),
or an additional neural network could potentially improve the
results in the next section.

Inverted model
After corrections for the source function, receiver depth and
gain, we feed the field data into the trained CNN. Note that in
the original data filtered to admit a band of 2-4Hz, we observe
non-repeatability in the source signature even after median fil-
tering the data over 30 neighboring CMPs (Figure 7(a)). A
deeper reflector around 2 seconds is barely traceable in the left
part of the model in this frequency band. It however is clearly
positioned in the inverted model (Figure 7(b)) at about 2 km
depth. The water bottom can be traced in the inversion result
in the deeper part. In the shallow part, our data matching pro-
cedures are too rough and the ninor inclination of the bottom
is not captured. Finally, a log comparison (Figure 7(c)) shows
that only the overall shape of the log is retrieved from field
data, while most of the features are retrieved from synthetic
data.

DISCUSSION & CONCLUSIONS

We trained a CNN to invert synthetic acoustic data directly into
velocity models. One hundred thousand models were sam-
pled while training the CNN. While the models were gener-
ated from the Marmousi model, tests on different well-known
synthetic models demonstrate the generalization capability of
the trained model. The neural network succeeds in produc-
ing plausible outputs for models with distinct geology, such as
Overthrust and SEAM Phase 1 models. In some cases, subse-
quent FWI could potentially help improve the resolution of the
models. One particularly complicated scenario for the neural
network seems to be the inversion of salt bodies. While the
top of the salt is sufficiently resolved, the deeper parts remain
invisible. The diversity of the training set could possibly be
improved by using additional guiding models.
From the inversion of the horizontally layered model made
from vertical velocity log, we understand that the network is
capable of handling the geological setting. Yet the imper-
fect data preprocessing for the field data makes only the very
smooth trend of the velocity estimated reliably. The data pre-
processing routine will be subject of our further research.
Finally, the trained network can be applied in our particular
case about ten times faster than modeling of all the shots for
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Figure 6: (a) Full-band 600 m common-offset gather for the
real marine data acquired in NW Australia. (b) and (c) raw shot
gather from the deep-water part of the model and its bandpass
filtered (2-4 Hz) version respectively. (d) Per-offset wiener fil-
ters used to match the source signature of the field data to the
synthetic source. (e) Gain panels from the field data processed
by the filter, synthetic data modeled in the prior model. (f) Data
at the log location (6 km from the left boundary of the model).
Left to right: downsampled field data, after matching filter ap-
plication, field data after the filter and gain control; synthetic
data modeled based on 1D model created from velocity log.

(a)

(b)

(c)

Figure 7: (a) Bandpass filtered 2-4Hz common offset (600m)
data. (b) Inverted velocity model shows signs of the source
non-repeatability that were not compensated by the raw data
preprocessing. (c) Well log at 6km distance from the left
boundary of the displayed model (grey), estimate from the field
data (red), and inversion of synthetic data (blue).

the model under consideration. Since FWI typically requires
several rounds of such modelings the inference costs are nearly
instant compared to conventional FWI.

OPEN-ACCESS DATA

We relied on open-source package Madagascar (Fomel et al.,
2013) for modeling and manipulations on regularly sampled
seismic data. Machine learning implementation is based on
Keras (Chollet et al., 2015) and TensorFlow (Abadi et al., 2015)
frameworks. Additional reproducible examples are available at
https://github.com/vkazei/deeplogs.
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