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FaultNet3D: Predicting Fault Probabilities, Strikes,
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Neural Network
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Abstract— We simultaneously estimate fault probabilities,
strikes, and dips directly from a seismic image by using a single
convolutional neural network (CNN). In this method, we assume
a local 3-D fault is a plane defined by a single combination of
strike and dip angles. We assume the fault strikes and dips,
respectively, are in the ranges of [0◦, 360◦) and [64◦, 85◦], which
are divided into 577 classes corresponding to the situation of
no fault and 576 different combinations of strikes and dips.
We construct a 7-layer CNN to classify the fault strike and dip in
a local seismic cube and obtain the classification probability at the
same time. With the fault probability, strike and dip estimated
at some seismic pixel, we further compute a fault cube (centered
at the pixel) with fault features elongated along the fault plane.
By sliding the classification window within a full seismic image,
we are able to obtain a lot of overlapping fault cubes which are
stacked to compute three full images of enhanced and continuous
fault probabilities, strikes, and dips. To train the CNN model,
we propose an effective and efficient workflow to automatically
create 900 000 synthetic seismic cubes and the corresponding
fault class labels. Although trained with only synthetic data
sets, our CNN model can be applied to accurately estimate fault
probabilities, strikes, and dips within field seismic images that
are acquired at totally different surveys. With the estimated three
fault images, we further construct fault cells that are represented
as small 3-D squares, each square is colored by fault probability
and oriented by fault strike and dip. We recursively link the fault
cells by following the fault strikes and dips to finally construct
fault skins, which are simple linked data structures to represent
fault surfaces.

Index Terms— Convolutional neural network (CNN), deep
learning, fault, fault dip, fault probability, fault strike, seismic
interpretation.

I. INTRODUCTION

INTERPRETING faults from seismic reflection images is
a key step for building structural models [1], [2] and

reservoir characterization [3], [4]. In a seismic image, the most
dominant features are reflection events corresponding to geo-
logic horizons [5]–[7] while faults are often recognized as
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reflection discontinuities. Therefore, fault interpretation typi-
cally requires first computing a fault probability image from
the seismic image so that the faults are highlighted while
the reflections are removed. Such a fault probability image
can be estimated from numerous types of seismic attributes
that measure reflection discontinuity or continuity. Such
attributes include semblance [8], [9], coherency [10]–[14],
variance [15], [16], and gradient magnitude [17]. A fault prob-
ability image based on discontinuity measurement, however,
often highlights other discontinuous seismic features including
stratigraphic features (e.g., channels and unconformities) and
noise as shown in Fig. 1(a)–(e). To further enhance fault
features while suppressing the features unrelated to faults,
several researchers [18]–[22] propose to apply fault-oriented
averaging or smoothing in computing a fault probability image
like the fault likelihood image [20], [21] shown in Fig. 1(f).
Other researchers propose to directly enhance the fault features
in a fault probability image by using ant tracking [23] or
optimal surface voting [24] as shown in Fig. 1(g).

Calculating a fault probability image of highlighting fault
positions is only a necessary step for fault interpretation. A fur-
ther step of extracting individual fault surfaces from a fault
probability image is still not trivial because the fault geometry
in 3-D can be highly complicated and the 3-D fault surfaces
are typically not on the seismic sampling grid. In addition to
a fault probability image, fault surface extraction also requires
estimating fault strikes and dips, which indicate the directions
to grow the off-grid fault surfaces as discussed in [21], [22]
and [24]. Estimating fault orientations from a seismic image
is highly challenging. In a seismic image, reflections are
the dominant features, while faults are embedded by the
reflections, which makes the conventional structure orientation
estimation methods, such as structure tensors [9], [25], [26]
and plane-wave destruction [27], fail to estimate fault orien-
tations. Therefore, some researchers [18]–[20], [22] estimate
fault strikes and dips by scanning over all possible fault
orientations to find the strikes and dips that maximize fault
attribute or any measurement of reflection discontinuity. The
fault-oriented scanning method, however, can generate false
fault orientations and related false fault features [Fig. 1(f)],
especially in areas where the faults are close to each other.
To improve the whole fault interpretation process of comput-
ing a better fault detection image [Fig. 1(h)] and extracting
individual fault surfaces, we propose to use a convolutional
neural network (CNN) [28], [29] to simultaneously estimate
accurate fault probabilities, fault strikes, and dips, which are
further used to automatically construct fault surfaces.
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Fig. 1. Fault detection by using (a)–(g) seven commonly used methods
and (h) our CNN-based method. Compared to the methods of (a) C3 [11],
(b) C2 [10], (c) planarity [9], (d) structure-oriented planarity [14], and
(e) structure-oriented semblance [9], (f) fault likelihood [20], [21], and
(g) optimal surface voting [24] methods perform better fault detections.
(h) Our CNN method achieves the best performance in obtaining an accurate
and clean fault detection.

The CNN has been proven to be the most powerful method
in solving computer vision problems including image clas-
sification [30]–[32], object detection [33]–[35], and segmen-
tation [36], [37]. The image classification was previously a
challenging problem for conventional classification methods
based on image descriptors [38], [39]. By using the CNN,
the error rate of classifying 1000 types of images on ImageNet
2015 benchmark was significantly reduced to only 3.57% [32],
which is even lower than the error rate 5.1% of human
classification [40] on the same benchmark data set. Recently,
some CNN methods have been introduced to detect faults by
pixelwise classification of fault or nonfault [41]–[46]. These
methods, however, provide only a fault probability image as
most of the conventional fault detection methods.

In this paper, we propose to use a single CNN to not
only predict fault probabilities but also estimate fault strikes
and dips at the same time. We consider the fault orientation
estimation as an image classification problem by assuming a
local 3-D fault within a small seismic image is a plane that is
uniquely defined by a single combination of fault strike and dip
as shown in Fig. 2. Inspired by the success of CNN in variant

Fig. 2. 3-D fault geometry: a local 3-D fault plane is defined by a
combination of strike and dip angles.

classification tasks, we propose to use CNN to classify fault
orientations within the small seismic images. We construct a
CNN model with six convolutional layers followed by a fully
connected layer and a final output vector of a fault orientation
prediction. To train the model, we propose an effective and
efficient way (Fig. 3) to automatically create many synthetic
seismic image cubes and the corresponding labels. Although
trained with only synthetic seismic images, our CNN model
can be applied to accurately estimate fault orientations in
field seismic images that are acquired at variant surveys.
With the estimated fault orientations, we then compute fault
probability cubes with fault-oriented planar features. All the
fault probability cubes share the same size and same sampling
grid as the extracted seismic cubes. These probability cubes are
further stacked to compute full images of fault probabilities,
strikes, and dips. In stacking, the fault probability cubes (3-D)
or patches (2-D) with fault-oriented features, the reliable pre-
dictions (often with consistent fault orientations) are enhanced
while the unreliable predictions with inconsistent or outlier
orientations will be suppressed. This stacking, therefore, helps
improving the signal-to-noise ratio and spatial continuity of
fault features in the final stacked fault probability image. This
stacking also provides continuous strike and dip angles values
in the finally stacked fault strike and dip images, where the
angles are computed as weighted averages (weighted by the
fault probability cubes) of the predicted fault angles. Using
the three fault images, we finally automatically construct fault
surfaces by using a linked data structure [21].

II. 2-D FAULT CLASSIFICATION

As shown in Fig. 2, the fault geometry is defined by
a combination of fault strike and dip angles in 3-D space,
which means that we should work on 3-D seismic images,
instead of 2-D inline or crossline seismic images, to well
interpret faults. For examples, faults can be unobvious in some
2-D seismic images that are nearly parallel to the faults or
intersect the faults with small angles. However, to simplify
the explanation of our CNN-based fault classification method,
we start with the problem of 2-D fault classification in this



9140 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 57, NO. 11, NOVEMBER 2019

Fig. 3. Illustration of the main steps in creating a synthetic seismic image
patch.

Fig. 4. Synthetic training images are labeled as 17 different classes (from
C1 to C17) that correspond to 16 different fault dip angles and (Bottom row)
class of no fault.

section and then discuss a 3-D CNN for 3-D fault classifica-
tion in Section III.

A. 2-D Fault Classes

A 2-D fault is locally linear and therefore the fault geometry
within a local 2-D window can be uniquely defined by a single
apparent dip. As shown in Fig. 4, if the fault dips are known,
then we can simply draw lines (red lines) along the dips to
approximate the faults in the small seismic patches. Therefore,
a key step for 2-D fault interpretation is to first estimate fault
dips.

We assume the dip angles of 2-D faults are in the range
of [−63◦,−86◦]∪ [86◦, 63◦], where the faults extend more
vertically than horizontally. We further define every three dip
angles as one fault class. For example, we assume the faults
with dip angles −63◦, −64◦, and −65◦ belong to the same
fault class. We, therefore, totally have 17 different fault classes
including 8 classes for negative fault dips, 8 classes for positive
dips, and 1 class for no fault, as shown in Fig. 4. We assume
the faults, which do not pass through the center image pixel,
all belong to the class of “no fault” [see Fig. 4 (bottom row)].
With these assumptions, we consider fault interpretation within
the small seismic patches (Fig. 4) as a problem of fault dip
classification by using CNN. To achieve this, the 17 different
representative dip classes need to be first learned by a CNN

Fig. 5. (Left column) Synthetic training images and (Right column)
corresponding label vectors.

model. We create a large number of synthetic seismic patches
(Fig. 4) for each fault dip class to train the CNN model.

B. 2-D Training Data Sets

Training and validating a CNN model often requires a huge
amount of images and corresponding labels. Manually labeling
faults and estimating fault orientations would be extremely
time-consuming and subjective. Therefore, we propose an
effective and efficient way to create numerous synthetic seis-
mic images and corresponding fault labels.

To create a seismic image, we first generate a horizontal
reflectivity model r(x, y) [Fig. 3(a)] with a sequence of
random reflectivity values that are in the range of [−1, 1].
We then create a sinusoidal folding structure [Fig. 3(b)] by
vertically shifting the model, where the vertical shifts are
defined as a sine function

s1(x, y) = a sin(b + cx). (1)

By randomly choosing combinations of the three parameters
(a, b and c) from the predefined ranges, we are able to create
a lot of models with unique folding structures. To further
increase the complexity of the folding structure, we also apply
some linear shearing [Fig. 3(c)]

s2(x, y) = dx + e (2)

where the two parameters d and e, again, are randomly
chosen from some predefined ranges. Note that both the shift
maps s1(x, y) and s2(x, y) are laterally varying but vertically
invariant. With the two shift maps, we use a sinc interpolation
to sequentially shift the reflectivity model r(x, y) to obtain the
folded models r(x, y+s1(x, y)) [Fig. 3(b)] and r(x, y+s1+s2)
[Fig. 3(c)].

After obtaining a folded model [Fig. 3(c)], we further add
some linear faulting [Fig. 3(d)] in the model and the faulting
can be defined by different dips and slips. The fault dip angle is
randomly chosen from the range of [−63◦,−86◦]∪[86◦, 63◦].
The fault throws (vertical components of slips) are randomly
chosen from the range of between −30 and 30 samples.
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After creating the folding and faulting in the reflectivity
model, we then compute a synthetic seismic image [Fig. 3(e)]
by convolving a Ricker wavelet with the model in directions
perpendicular to the folding structures. The peak frequency
of the Ricker wavelet is randomly chosen from a predefined
range, which should include all possible frequencies in field
seismic data sets. Note that the convolution is applied after
(not before) the folding and faulting because the convolution
can blur the sharp discontinuities near faults and, therefore,
make the faults look more realistic. We further add some
random noise [Fig. 3(f)] to increase the realism of the synthetic
seismic image. The noise is simply additive white Gaussian
noise and the rms signal-to-noise ratio is randomly chosen
from the range between 0 and 0.8. To eliminate the boundary
artifacts, we finally crop the center patch [red box in Fig. 3(f)]
of the noisy seismic image to obtain a final training seismic
patch with 48 × 32 pixels.

By randomly choosing the reflectivity sequence, sinusoidal
folding parameters, linear shearing parameters, faulting para-
meters, wavelet peak frequencies, and noise intensities, we are
able to create numerous unique synthetic seismic patches,
which can be much more than the 200 000 training images and
20 000 validating images used in this paper. All the training
and validating images are normalized so that the amplitude
values in each image are in the range of [−1, 1]. Fig. 4 shows
36 representative training image patches that are automatically
computed as discussed above. The top and middle images
correspond to 16 different fault dip classes while the bottom
images correspond to the class of no fault. We created about
10 000 training images for each fault dip class and about
40 000 images for the class of no fault. Using more images
for the class of no fault in training a CNN model is helpful
to reduce the error of misclassifying a no-fault image as a
fault image, which will be a significant error in the fault
interpretation. On the other hand, classifying a fault image
as a wrong but neighboring fault dip class would not be a
significant error.

Labeling the synthetic seismic patches is straightforward
because we know exactly how the faults are oriented within the
patches. Fig. 5 shows two representative seismic patches with
[Fig. 5(a)] and without [Fig. 5(b)] faults, where we label each
seismic patch by using a vectors of 17 elements corresponding
to 17 different fault dip classes. We define such a label vector
by simply setting its value to 1 at the position of the true
dip but 0 elsewhere. For the image patches without faults,
we assign the value of 1 to the last element in the label vector.

C. 2-D CNN Architecture

With an input seismic patch (48 × 32 pixels), we classify
the corresponding fault dip class by using a CNN model
(Fig. 6) with six convolutional layers followed by a fully
connected layer. The first two convolutional layers (COV1,
COV2) contain 16 filters of size 3×3 and stride of 1. Similarly,
the second 2 layers (COV3, COV4) and the last 2 layers
(COV5, COV6), respectively, contain 32 filters and 64 filters
with the same size of 3 × 3 and stride of 1. Following [47],
we apply the batch normalization to the output feature maps

Fig. 6. Outline of the 2-D CNN architecture used to predict the fault class
(defined by fault dip) from an input seismic amplitude patch.

right after each convolutional layer and before activation.
The activation is implemented by a nonlinear ReLU function
( f (x) = max(0, x)), which has been shown to provide better
fitting abilities than the sigmoid function [30]. After every
two convolutional layers, we apply an average pooling to
every resulting feature map to take the average over every
2 × 2 spatially neighboring pixels with a stride of 2. This
average pooling contributes to increased performance despite
the reduction of resolution.

After the six convolutional layers, we flatten out the
2-D feature maps into a 1-D flat, fully connected (FC) layer
of 128 elements. Before feeding the FC elements to the
output layer, we adopt a dropout regularization method to
randomly set 50% of the elements to zeros, which is helpful
to avoid overfitting and encourage the sparsity of the neurons.
The output softmax layer is a vector of 17 components and
each component represents a specific class of fault dip. The
component with the highest probability indicates the predicted
dip angle of the fault passing through the center pixel of
the input image patch. With the predicted dip angle and the
highest prediction probability, we can further construct a fault
probability image (with the same size and sampling grid as
the input seismic patch) with linear fault features oriented by
the dip angle. Such a fault probability image patch f (x) is
computed as a Gaussian function oriented by the predicted
fault dip angle and scaled by the prediction probability p as
follows:

f (x) = p exp
[
−1

2
(x − xc)

⊤R⊤SR(x − xc)

]
(3)

where xc represents the center pixel. R and S are the following
2 × 2 matrices:

R =
[

u⊤

w⊤

]
, and S =

⎡

⎢⎢⎣

1
σ 2

u
0

0
1
σ 2

w

⎤

⎥⎥⎦ , (4)

where the unit column vectors u and w, respectively, represent
the fault dip and normal vectors, which are all calculated from
the predicted fault dip angle. We set σw = 1 and σu = 16 to
obtain the fault-oriented linear features in the fault probability
image patch [see the image shown in Fig. 6 (bottom left) or
the images in Fig. 7 (right column)].
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Fig. 7. (Left column) Input seismic patches, (Middle column) predicted fault
dips, and (Right column) fault probability image patches that are computed
as anisotropic Gaussian functions oriented by the predicted dips.

We train the CNN model by using 200 000 synthetic seismic
patches and validate it on another 20 000 synthetic seismic
patches. By using a Titan Xp GPU, the whole training process
with the Adadelta optimization method [48] took only around
8.8 min for 12 epochs. The final mean categorical accuracy
on the validation images is about 0.89.

Fig. 7 shows three of the final validation tests, where the
trained CNN model provided exactly accurate fault dip estima-
tion for the first two seismic patches with [Fig. 7(a)] and with-
out [Fig. 7(b)] fault. With the predicted fault dips, we construct
the corresponding fault probability patches (with the same size
of the input seismic patches) with dip-oriented anisotropic
Gaussians [see Fig. 7(right column)]. The predicted dip for the
third seismic patch [the left image in Fig. 7(c)] is inaccurate
but is still close to the true fault dip [the middle image
in Fig. 7(c)]. This inaccurate dip prediction is not a significant
error for the fault interpretation because the fault probability
patch [the right image in Fig. 7(c)], constructed using the
predicted dip, can still provide a good approximation of the
fault. We checked through the 20 000 validation tests and
found that the inaccurately predicted dips appear mostly close
to the true dips but are not much different from the true dips.
Fig. 8 shows how the CNN model works to estimate fault
dip from an input seismic patch. After the training process,
the filters in the convolutional layers have been optimized
to automatically compute multiple appropriate feature maps
(especially those at the third and fifth layers in Fig. 8) to detect
the fault position. More importantly, the linear image features
(white color) in these feature maps are consistently aligned
in the true fault dip direction. Based on these consistently
oriented linear features, the final classification will unlikely
predict a fault dip that is much different from the true dip.

D. 2-D Applications

In applying the trained CNN model to a full seismic image
[Fig. 9(a)], we suggest to deconvolve the seismic image

Fig. 8. Illustration of feature maps in some CNN layers.

and then compute a new seismic image by convolving the
deconvolved image with a wavelet that is used in generating
the synthetic seismic images. By doing this, the structures
of the real seismic image are preserved in the new seismic
image which, however, contains more consistent frequencies
with the training images than the original seismic image.
We then use a sliding window with 48 × 32 pixels to extract
overlapping patches from the new seismic image. Each of the
extracted seismic patches is normalized so that the amplitude
values are in the range of [−1, 1]as in the training images.
We further feed the patches to the CNN model to estimate a
fault dip for each patch and further compute fault probability
patches according to the estimated dips. We finally stack all
the overlapping patches to compute full images of the fault
probabilities [Fig. 9(b)] and fault dips [Fig. 9(c)]. The fault
probability image [Fig. 9(b)] shows clean and continuous
fault features to detect the fault positions while the fault dip
image [Fig. 9(c)] indicate the fault orientation. Note that this
stacking is helpful to obtain enhanced fault images because
only the consistently oriented fault predictions are preserved
while the unreliable predictions with inconsistent fault orien-
tations are suppressed in this stacking processing. In addition,
by stacking the patches with fault features elongated along the
fault orientations, we are able to fill potential gaps (mislabeled
fault samples) and obtain a fault probability image with
continuous fault features as shown in Fig. 9(b). In this stacking
processing, the final fault dip image [Fig. 9(c)] is computed as
a weighted average (weighted by the fault probability patches)
of the predicted fault dips. Therefore, the final stacked fault dip
image actually contains continuous fault dip angles although
the network only classifies specified fault dip angles.

We may not expect the faults to be as thick as the features
apparent in the CNN fault probability image [Fig. 9(b)].
To improve the resolution of fault features, we retain only
the probability and dip values on the ridges of the fault
probability [Fig. 9(b)] and set zeros elsewhere to obtain the
images of thinned fault probabilities [Fig. 9(c)] and thinned
dips [Fig. 9(d)]. Note that the estimated fault dips can be either
positive or negative in the ranges of [−63◦,−86◦]∪[86◦, 63◦].
We have taken the absolute of the dips for the visualization
purpose in Fig. 9(c) and (d).
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Fig. 9. Given a seismic image (a), we use the trained CNN model to
predict the fault dip for every image patch and construct a corresponding fault
probability patch. We further stack all the overlapping patches to compute
full images of fault probabilities (b) and dips (c), which are thinned in
(d) and (e), respectively.

To further verify our CNN-based method, we apply the
trained CNN model together with another seven commonly
used methods to another 2-D field example in Fig. 1.

Fig. 10. 2-D seismic amplitude image (2) is displayed with fault probabili-
ties (b) and dips (c), which are thinned in (d) and (e), respectively.

Fig. 1(a)–(h) shows all the eight fault detection results that
are, respectively, computed by using the methods of C3 [11],
C2 [10], planarity [9], structure-oriented semblance [9],
structure-oriented planarity [14], likelihood [20], [21], optimal
surface voting [24], and our CNN method. The input for the
optimal surface voting method is the linearity image [Fig. 1(c)]
and the input for all the other methods is the background
seismic amplitude image. Compared to the first five methods,
the fault likelihood [Fig. 1(f)] and optimal surface voting
[Fig. 1(g)] methods provide better fault detections where the
fault features are less noisy and can be more continuously
tracked. Our CNN-based method achieves the best perfor-
mance in computing an accurate and clean fault detection
[Fig. 1(h)].

Fig. 10(a) shows a more complicated example, where the
seismic image is pretty noisy and the seismic reflections
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Fig. 11. Outline of the 3-D CNN architecture used to predict the fault
class (defined by fault strike and dip) from an input seismic amplitude cube.
(Bottom right) In the output vector with 577 elements, the element with the
highest probability indicates the predicted fault class C497, which corresponds
to a local fault plane with the strike of 295◦ and the dip of 82◦. With
the predicted fault strike and dip angles, we further construct (Bottom left)
3-D fault-oriented anisotropic Gaussian to approximate the fault in the input
seismic cube.

are not well imaged. However, our trained CNN model still
worked well to accurately detect most of the faults and
estimate the corresponding fault dips as shown in the fault
images of probabilities [Fig. 10(b)] and dips [Fig. 10(c)].
The thinned fault probability [Fig. 10(d)] and dip [Fig. 10(e)]
images provide a better view of the fault detection with clearer
and sharper fault features.

Remember that our CNN model was trained with only
synthetic seismic image patches as those shown in Fig. 4. This
trained model, however, works well to detect faults and predict
fault orientations in variant field examples (Figs. 1, 9, and 10)
that are acquired at totally different surveys.

III. 3-D FAULT CLASSIFICATION

As shown in Fig. 2, the fault geometry is 3-D and a local
fault plane is defined by a combination of strike and dip angles.
The fault dips estimated from 2-D inline or crossline seismic
images are apparent dips, which are not the true fault dips
if the faults do not perpendicularly intersect the 2-D seismic
images. Moreover, some faults may disappear in a 2-D seismic
image if the faults are nearly parallel to the direction of
extracting the seismic image. This means that we should work
on 3-D seismic images, instead of 2-D images, to reasonably
and fully interpret faults. We therefore construct a 3-D CNN
(Fig. 11) to simultaneously estimate the fault strike and dip
angles from a 3-D seismic cube, which is, again, considered as
an image classification problem as estimating fault dips in 2-D.

A. 3-D Fault Classes

Compared to the 2-D fault classes, we have much more
classes in 3-D, where we define a fault class in a local
3-D window by a combination of strike and dip angles.
Theoretically, the fault strike and dip angles can be in the
full ranges of [0◦, 360◦]and [0◦, 90◦], respectively. To reduce
the number of fault classes, we consider the fault dips only
in a smaller range [64◦, 85◦]by assuming most faults are
more vertical than horizontal but cannot be perfectly vertical.

We further define a 3-D fault class for every 5◦ in strike angles
and 3◦ in dip angles. We, therefore, totally have 577 fault
classes in 3-D including the class of no fault as follows:

360◦

5◦ × 85◦ − 64◦

3◦ + 1 (no fault) = 577. (5)

B. 3-D CNN Architecture

Although there are much more 3-D fault classes than the
2-D fault classes, we do not need a significantly more com-
plicated CNN for the 3-D fault classification. Similar to the
2-D fault classification, we construct a 3-D CNN architecture
(Fig. 11) with six convolutional layers followed by a fully
connected layer and an output layer. As shown in Fig. 11,
the input is a 3-D seismic cube with 48(vertical)×32(inline)×
32(crossline) pixels. At every convolutional layer, we define
exactly the same number of the filter as in 2-D, but the filter
in 3-D is now with the size of 3 × 3 × 3 and the stride
of 1. We apply the batch normalization and ReLU activation
after each convolutional layer and an average pooling after
every two convolutional layers. In the fully connected layer,
we increased the number of elements from 128 in 2-D to 1024
in 3-D. The final output layer is a larger vector containing
577 elements, which correspond to the 577 different fault
classes defined in 3-D.

In this output vector, the element with the highest proba-
bility indicates the predicted fault class that corresponds to
a specific combination of fault strike and dip angles. As an
example shown in Fig. 11 (bottom right), the element with
the highest probability ( p = 1.0 in this example) indicates
the fault class C497, which is defined by the strike of 295◦

and the dip of 82◦. With the predicted fault orientation
and the prediction probability, we further construct a fault
probability cube (with the same size of the input seismic
cube) with fault-oriented planar features as shown in the image
of Fig. 11 (bottom left). Such a fault probability cube f (x) is
computed as a 3-D anisotropic Gaussian function oriented by
the predicted fault orientations and scaled by the prediction
probability p as follows:

f (x) = p exp
[
−1

2
(x − xc)

⊤R⊤SR(x − xc)

]
. (6)

Here, xc represent the center pixel. R and S are the following
3 × 3 × 3 matrices:

R =

⎡

⎣
u⊤

v⊤

w⊤

⎤

⎦ , and S =

⎡

⎢⎢⎢⎢⎢⎣

1
σ 2

u
0 0

0
1
σ 2

v
0

0 0
1

σ 2
w

⎤

⎥⎥⎥⎥⎥⎦
, (7)

where the unit column vectors u, v, and w, respectively,
represent the fault dip, strike, and normal vectors that are
all calculated from the predicted fault strike and dip angles.
We set σw = 1, σv = 16 and σu = 16 to obtain the
fault-oriented planar features in the fault probability image
cube (see image in Fig. 11 (bottom left)].
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Fig. 12. First row shows nine synthetic seismic cubes, where the true fault classes (defined by fault strikes and dips) are marked on the top of the first
row. The ellipsoids in the second row represent 3-D anisotropic Gaussians that are oriented by the true fault strikes and dips. The ellipsoids in the third
row represent 3-D anisotropic Gaussians that are oriented by the predicted fault strikes and dips (predicted from the top seismic cubes) and scaled by the
prediction probabilities.

C. 3-D Training Data Sets

Training a CNN model for 3-D fault classification requires
much more training data sets because we have much more fault
classes in 3-D. It is impossible to manually label all the fault
classes with different fault strike and dip angles. By using a
similar workflow as in 2-D, we automatically created 900 000
synthetic seismic cubes with 1500 image cubes for each fault
class and 36 000 image cubes for the class of no fault. We also
created 57 700 synthetic seismic cubes (100 cubes for each
fault class) to validate the training processing. By using a Titan
Xp GPU, the whole training process on the 900 000 synthetic
cubes took only around 4 h for 12 epochs. The final mean
categorical accuracy on the validation cubes is about 0.92,
which is even higher than the 2-D fault classification.

The first row of images in Fig. 12 shows nine of the
synthetic seismic cubes that were created to validate the
3-D CNN model. The true fault classes for all the image
cubes are marked on top of the image cubes. To visualize
the local fault planes, in these synthetic seismic cubes, we use
3-D planar ellipsoids that are oriented by the true fault strikes
and dips as shown in the second row of Fig. 12. The color
on each ellipsoid represents fault probabilities defined by an
anisotropic Gaussian as in (6) ( p = 1). The three axes (in
the directions of fault strike, dip, and normal vectors) of each
ellipsoid are proportional to the σu , σv , and σw [see (7)].

The third row of Fig. 12 shows the fault classification results
of the input seismic cubes (the first row) by using a trained
CNN model. The predicted fault classes (fault strikes and
dips) and prediction probabilities are marked at the bottom

of the third row. The predicted classes for the first six
seismic cubes exactly match the true fault classes (marked
on the top of the first row) and the prediction probabilities
are pretty high (p ≥ 0.95). The prediction probabilities for
the seventh and eighth image cubes are relatively lower but
the predicted classes still match the true fault classes. The
prediction probability for the last image cube is low (p = 0.44)
and the predicted class C206 is inaccurate but is still close to
the true fault class C205. Note that the prediction probabilities
are relatively lower for the last three seismic cubes because
they are noisier and the faults are less obvious in these cubes.
The anisotropic ellipsoids in the third row are oriented by
the predicted fault strike and dip angles and their sizes are
scaled by the prediction probabilities. These ellipsoids are
all consistently aligned with the true fault planes shown in
the second row. As the prediction probabilities for the last three
seismic cubes are relatively smaller, the spatial extensions of
the last three ellipsoids in the third row are relatively smaller.
These three ellipsoids are also mostly colored by blue, which
means that the fault probabilities on the ellipsoids are relatively
lower.

The way of constructing such anisotropic fault ellipsoids is
beneficial for the next section of detecting faults in 3-D full
seismic images, where we stack the overlapping ellipsoids to
calculate full images of fault probabilities, strikes and dips.
The ellipsoids corresponding to higher prediction probabil-
ities will contribute more in the stacking because they are
constructed to have larger spatial extensions and higher fault
probabilities.
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D. 3-D Applications

In applying the 3-D CNN model (trained with 3-D synthetic
data sets) to a full 3-D seismic amplitude image [Fig. 13(a)],
we again deconvolve the seismic image and then compute a
new seismic image by convolving with a consistent wavelet
used in generating the synthetic training images. From this new
seismic image, we then use a 3-D sliding window (48 × 32 ×
32 pixels) to extract seismic cubes (one per every two samples
in all directions) that are overlapped with each other. Each
seismic cube is normalized so that the amplitude values are in
the range of [−1, 1]as in the training images. We further feed
these seismic cubes to the CNN model and obtain a predicted
fault class and the corresponding prediction probability for
each cube. The predicted fault class indicates the fault strike
and dip or the class of no fault. If there is a fault predicted
in a seismic cube, we then use the predicted fault strike
and dip to construct a 3-D fault-oriented Gaussian [see (6)]
centered at that cube to represent the predicted 3-D fault. The
colorful anisotropic ellipsoids shown in Fig. 13(b) represent
3-D visualizations of a subset of such fault-oriented Gaussians.
These 3-D ellipsoids visually look like planes because they
mainly extend in the fault strike and dip directions. and are
very thin in the fault normal directions. The color on each
ellipsoid represents fault probability which is highest at the
center and gradually decreases in directions along the fault
plane. The ellipsoids at some positions have smaller extensions
or sizes because the prediction probabilities p at the positions
are relatively lower (p ≤ 1) and the fault-oriented Gaussians
are scaled by the lower probabilities p as in (6). The fault
probabilities (represented by colors on each ellipsoid) on these
smaller ellipsoids are also relatively lower.

Fig. 13(c) shows the full set of fault ellipsoids constructed
at all the positions where faults are predicted at the inline,
crossline, and horizontal seismic slices. We observe that these
ellipsoids are consistently aligned and overlapped with each
other. We stack the fault probabilities, strikes and dips of
all these overlapped ellipsoids to obtain three full images of
fault probabilities, strikes and dips as shown in Fig. 14(a)–(c),
respectively. In this stacking, the ellipsoids with higher pre-
diction probabilities will contribute more to computing the
fault images because they have larger spatial extensions and
higher fault probabilities. The stacked fault probability image
[Fig. 14(a)] accurately highlights most of the faults in the
seismic image and the fault features in this probability image
can be clearly and continuously tracked.

Fig. 14(d)–(f), respectively, shows the thinned fault prob-
abilities, strikes, and dips, where we have nonzero values
only at the ridges of the fault probabilities [Fig. 14(a)] and
zeros elsewhere. In finding the ridges of fault probabilities
shown in Fig. 14(a), we look for the peaks in the fault
normal directions, which are computed from the fault strikes
[Fig. 14(b)] and dips [Fig. 14(b)]. As shown in Fig. 15(a),
we further construct fault cells [21] at the locations with
nonzero values in the thinned fault images. These fault cells
are displayed as small squares and each square is colored by
fault probability and oriented by fault strike and dip, which
means that these cells can actually represent all the three fault

Fig. 13. (a) 3-D seismic image is displayed with (b) subset and (c) full
set of anisotropic ellipsoids that are colored by fault probabilities and
oriented by fault strikes and dips. The fault probabilities, strikes, and dips
are simultaneously estimated using our CNN model that is trained with only
synthetic data sets.

images of thinned probabilities, strikes and dips. We finally
link the consistently oriented fault cells to obtain the individual
fault skins [21] or surfaces [Fig. 15(b)], which are constructed
by using a simple linked data structure discussed in [21].
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Fig. 14. We stack the overlapping ellipsoids in Fig. 13(b) to compute three images of (a) fault probabilities, (b) dips, and (c) strikes, which are further
thinned in (d)–(f), respectively.

Fig. 17 shows another 3-D seismic amplitude image that
was acquired at the Campos Basin, offshore Brazil. The reflec-
tions in this seismic image are intensively faulted due to the

salt bodies at the bottom of the image. From this 3-D seismic
image (Fig. 16), we simultaneously compute three fault images
of thinned probabilities [Fig. 17(a)], dips [Fig. 17(b)], and
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Fig. 15. From the three thinned fault images [Figs. 14(d)–14(f)], we further construct fault cells (a) at the locations with nonzero values in the thinned
probability image [Fig. 14(d)]. These fault cells are displayed as small squares and each square is colored by fault probability and oriented by fault strike and
dip. We finally link the consistently oriented fault cells to construct fault skins/surfaces (b), which are also colored by fault probabilities.

Fig. 16. 3-D seismic image with intensive faults.

strikes [Fig. 17(c)] by using our CNN model (trained with only
synthetic data sets) and the poststacking processing. In these
thinned fault images, numerous closely spaced faults are accu-
rately, clearly, and continuously labeled. The horizontal slice
shown in Fig. 17(a) displays a clear pattern of polygonal faults
that may be associated with salt diapirs [49], [50]. From these
three thinned fault images, we define the consistently oriented
fault cells shown in Fig. 17(d), which are further linked to
construct fault surfaces that are colored by probabilities and
strikes shown in Fig. 17(e) and (f), respectively.

Fig. 18 shows the final 3-D example, where the 3-D seismic
image was acquired at Opunake 3-D survey, east of offshore
Maui field, New Zealand [51]. From this 3-D seismic image,

we again compute three thinned fault images of probabilities
[Fig. 18(a)], strikes (not shown), and dips (not shown) by
using the same CNN model (trained with only synthetic
data sets) and the poststacking processing. Fig. 18(b) shows
the fault surfaces (colored by fault probabilities) that are
automatically constructed from the three thinned fault images.
Fig. 18(c) and (d) shows a different 3-D view of the thinned
fault probability image and the extracted fault surfaces, where
we can observe that the complicated branch fault surfaces are
successfully constructed.

E. Comparison and Evaluation

As a comparison, we also apply the FaultSeg3D [46]
(a CNN-based fault segmentation method) to the three
3-D examples. As discussed in [46], the FaultSeg3D is signifi-
cantly superior to the conventional methods in detecting faults
from a seismic image. To compare the proposed CNN-based
classification method with the FaultSeg3D method, we display
the fault probability images computed by using the two
methods side by side in Fig. 19. We observe that the two
methods provide similar fault detection results which are all
good in general.

However, if we look more carefully, some gaps (denoted
by yellow arrows) and noisy features are observed in the
results [Fig. 19(d)–(f)] of the FaultSeg3D method. The fault
features in the results [Fig. 19(a)–(c)] of the proposed method
are relatively more continuous and clearer to track. Moreover,
as shown in Figs. 14 and 17, the proposed method can simul-
taneously estimate fault strikes and dips as well as the fault
probabilities [Fig. 19(a)–(c)] while the FaultSeg3D method can
estimate only the fault probabilities [Fig. 19(d)–(f)]. The esti-
mated fault strikes and dips are important for fault population
analysis [52] and are required for automatically constructing
fault surfaces as shown in Figs. 15, 17, and 18.
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Fig. 17. With an input seismic image (Fig. 16), we are able to simultaneously estimate three images of (a) fault probabilities, (b) dips, and (c) strikes by
using our CNN model trained with only synthetic data sets. From these three fault images, we further construct (d) fault cells that are further linked to form
fault skins colored by (e) fault probabilities and (f) strikes.

The disadvantage of the proposed method is that it is com-
putational expensive because the fault classification typically
requires applying a sliding window through the whole seismic

volume. Fortunately, by using the postprocessing of stacking
fault-oriented Gaussians, we do not need to apply the sliding
window at every image pixel. To save computational cost,
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Fig. 18. 3-D seismic image is displayed with (a) CNN fault probabilities and (b) automatically extracted fault surfaces. (c) and (d) Different 3-D view of
the CNN fault probability image and the fault surfaces, where we can observe branch faults with a complicated geometry.

we apply the sliding window at every two image pixels (in
all directions) and the poststacking processing will interpolate
back a full fault image. In this way, the proposed method
requires around 21 min to estimate the three fault images of
probabilities, strikes, and dips in the first 3-D example [with
100×400×420 samples shown in Fig. 13(a)] by using a Titan
Xp GPU. By using the same GPU, the FaultSeg3D method
requires less than 1 min to compute the fault probability image
shown in Fig. 19(d). To further improve the computational
efficiency of the proposed method, a potential way is to first
use a more efficient method to roughly detect fault positions
in the seismic image and then apply the proposed CNN-based
classification method at only these detected fault positions
to estimate fault strikes and dips as well as better fault
probabilities.

To further quantitatively evaluate the proposed CNN-based
classification method, we created two synthetic seismic images

with 128 × 128 × 128 samples as shown in Fig. 20(a).
The advantage of using synthetic seismic images is that we
know the true faults as shown in Fig. 20(b), which can
be used to calibrate the results of fault detection methods.
Fig. 20(c)–(j) shows eight fault detection results that are,
respectively, computed by using the methods of C2 [10], pla-
narity [9], structure-oriented linearity [14], structure-oriented
semblance [9], fault likelihood [20], [21], optimal surface vot-
ing [24], CNN-based segmentation [46], and our CNN-based
classification. The inputs for the optimal surface voting method
are the planarity volumes [Fig. 20(e)] and the inputs for all the
other methods are the seismic amplitude volumes [Fig. 20(a)].
The first four methods [Fig. 20(c)–(f)], based on measuring
seismic reflection discontinuities, can detect some parts of the
faults and also highlight many noisy features that are unrelated
to faults. In addition, the faults cannot be continuously tracked
in the fault detections of these four methods. Compared to the
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Fig. 19. As a comparison, the fault probability images computed by (a)–(c) proposed method and (d)–(f) CNN-based fault segmentation method [46] are
displayed side by side.

first four methods, the fault likelihood [Fig. 20(g)], optimal
surface voting [Fig. 20(h)], and CNN-based fault segmentation
[Fig. 20(i)] methods provide better fault detections where

the fault features are less noisy and can be more contin-
uously tracked. However, we can still observe some noisy
features as denoted by white arrows in the fault detection
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Fig. 20. (a) Two 3-D synthetic seismic images are overlaid with (b) true fault probabilities, and the fault detection results by eight methods. The first four
methods of (c) C2 [10], (d) planarity [9], (e) structure-oriented planarity [14], and (f) structure-oriented semblance [9] can detect some parts of the faults but
the fault features are noisy and cannot be continuously tracked. The methods of (g) fault likelihood [20], [21], (h) optimal surface voting [24], and CNN-based
fault segmentation [46] perform better fault detections with enhanced fault features. (j) Our method achieves the best performance in obtaining an accurate
and clean fault detection.

results [Fig. 20(g)–(i)]. Our CNN-based classification method
achieves the best performance in computing clean and accurate
fault detections, which are most consistent with the true
faults shown in Fig. 20(b) More importantly, the network of
our CNN-based classification method is much simpler than

the fault segmentation method [46] and can simultaneously
estimate the fault orientations (strikes and dips) in addition
to detecting the fault positions. The fault orientations are
important for the followed step of automatically constructing
fault surfaces.
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Fig. 21. (a) Precision–recall and (b) ROC curves are used to evaluate the eight
fault detection methods on the synthetic seismic images in Fig. 20. The two
CNN-based methods of FaultSeg3D [46] (magenta curves) and FaultNet3D
(red curves) perform significantly better than the other methods. In addition,
our FaultNet3D method still provides higher fault detection accuracy than the
FaultSeg3D method although the network (Fig. 11) of the former is much
simpler than the later. More importantly, our FaultNet3D can simultaneously
estimate the fault strikes and dips at the same time as detecting the faults.

Based on all the above fault detections (Fig. 20) on the
two synthetic seismic images, we calculate the precision–
recall [53] and receiver operator characteristic (ROC) [54]
curves in Fig. 21 to quantitatively evaluate the performances of
the eight fault detection methods. The precision–recall curves
[Fig. 21(a)] show that our CNN-based classification method
(red curve) provides the highest precisions for all the choices
of recall. The CNN-based segmentation method (magenta
curve), with a more complicated U-net architecture [46], can
provide high fault-detection precisions which, however, are
still relatively lower than our proposed classification network
with a much simpler architecture (Fig. 11). The precisions
of the optimal surface voting [orange curve in Fig. 21(a)]
and fault likelihood [yellow curve in Fig. 21(a)] methods
are relatively lower than the two CNN-based methods but
are higher than the other four methods. The ROC curves
in Fig. 21(b) provide similar evaluations of the methods. Note
that this quantitative comparison on such synthetic benchmark
data sets might be biased as the two CNN-based methods are
trained on synthetic data sets generated in a similar fashion
as the benchmark data sets, whereas other methods do not
have any prior knowledge about the benchmark data. However,
this quantitative comparison is consistent with the qualitative
comparison on a field data shown in Figs. 1 and 19.

IV. CONCLUSION

Instead of predicting only fault probabilities as in the
previous CNN-based fault classification methods, we have
proposed to use a single CNN to simultaneously estimate fault
probabilities, strikes, and dips from an input seismic image,
which is formulated as a classification problem. We may for-
mulate the strike and dip estimation as a regression problem,
which, however, often requires a more complicated or deeper
network than our network used for classification. In addition,
most samples of a seismic volume are nonfault samples, and
faults are very sparse features appear in only very limited and
narrow areas in the seismic volume, which makes it a highly
challenging problem to directly estimate fault strikes and

dips from a seismic volume using a regression network. Our
formulation of fault classification enables us to simultaneously
estimate fault probabilities, strikes, and dips directly from a
seismic volume by using a very simple network with only six
convolutional layers.

The output probabilities, strikes, and dips of our network
are not the final fault images for fault interpretation. In fact,
we further use the estimated strikes and dips to compute
fault-oriented Gaussians (weighted by the estimated fault
probabilities) to stack for the final fault images of probabil-
ities, strikes, and dips, where the signal-to-noise ratio and
continuity of the fault features are improved compared to
the original outputs of the network. Although the network
can predict only discrete fault strike and dip angles with a
specified resolution, the stacking will provide continuous angle
values, each of which is computed as a weighted average of
nearby estimated strikes and dips. In this stacking, only the
reliable fault predictions (often with consistent fault strikes
and dips) are enhanced and preserved while the noisy or
unreliable fault predictions (often with outlier or inconsistent
strikes and dips) are suppressed. In addition, the stacking
of fault-oriented Gaussians (elongated along fault planes) is
helpful to interpolate or fill potential gaps (where faults are
mislabeled) to obtain a final fault image with continuous
fault features. This also enables us to apply the classification
sliding window in a sparse sampling grid as the stacking
will interpolate back a full fault image, which significantly
increases the computational efficiency compared to applying
the classification in every image sample. With the finally
stacked fault images of probabilities, strikes, and dips, we
further construct oriented fault cells, which are consistently
connected to construct fault skins (surfaces) by using a simple
linked data structure.

We train the CNN model completely on synthetic seismic
data sets without any manual labeling. The trained model,
however, works robustly in multiple field seismic images
(acquired at totally different surveys) to compute better fault
images than most of the conventional fault detection methods.
We have discussed both 2-D and 3-D CNN for fault classifica-
tion, however, we recommend using the 3-D CNN to perform
fault classifications in 3-D seismic images because the fault
geometry can be better described in 3-D and more information
in 3-D cubes can be used by a CNN model to more accurately
predict fault orientations.

Some limitations remain in our method. One arises from
the way in which we generate synthetic training data sets
where the faults are assumed to extend more vertically than
horizontally with relatively high dip angles. The trained net-
work may fail to detect the thrust faults or listric faults which
are more horizontally extended with lower dip angles. To be
able to detect these faults, we probably need to train another
network with training data sets containing such faults and use
a laterally elongated window instead of a vertically elongated
window in this paper. Another limitation is that our network
is designed and trained to estimate only fault probabilities,
strikes, and dips. Further research would be worthwhile to
construct a network to estimate fault slips as well.
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