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Abstract

Earth structural heterogeneities have a remarkable role
in the petroleum economy for both exploration and produc-
tion projects. Automatic detection of detailed structural het-
erogeneities is challenging when considering modern ma-
chine learning techniques like deep neural networks. Typ-
ically, these techniques can be an excellent tool for as-
sisted interpretation of such heterogeneities, but it heavily
depends on the amount of data to be trained.

We propose an efficient and cost-effective architecture
for detecting seismic structural heterogeneities using Con-
volutional Neural Networks (CNNs) combined with Atten-
tion layers. The attention mechanism reduces costs and en-
hances accuracy, even in cases with relatively noisy data.
Our model has half the parameters compared to the state-
of-the-art, and it outperforms previous methods in terms
of Intersection over Union (IoU) by 0.6% and precision
by 0.4%. By leveraging synthetic data, we apply transfer
learning to train and fine-tune the model, addressing the
challenge of limited annotated data availability.

1. Introduction

When geoscientists examine seismic data for hydrocarbon
exploration in sedimentary basins, the features of structural
heterogeneities, specifically fractures and faults, gain sig-
nificant importance. These features possess distinctive char-
acteristics that provide valuable insights into geological fac-
tors such as seal capacity, hydrocarbon migration, and con-
trol over relative fluid permeability. Obtaining fault and
fracture information has been an important target for many
scientific investigations to both pure research and economic
viability studies[7]. Seismic methods traditionally used in
the oil industry capture amplitudes that help generate inter-
pretive models. These models are derived from frequency
domains ranging from approximately 5Hz to 70Hz, which

are economically distributed[21]. Detecting fractures using
these frequencies is a challenging task that relies heavily on
human expertise. This is because fractures are abundant and
seismic resolution alone is insufficient to accurately define
them with minimal uncertainty. The seismic industry has
shown different levels of success for algorithms and artifi-
cial intelligence (AI) applied to either images or data, defin-
ing faults and fracture regions, seeking alternative work-
flows, and supporting hard human operational tasks [5, 21].
However, the intrinsic and hard limitations of algorithms’
performance are related to how the description and con-
ceptualization of faults and fractures should be modeled.
The characterization of heterogeneities for oil prospecting
is a key point when one wants to apply AI to fully estab-
lish and describe the geological concepts involved. Conse-
quently, it is also important to better define specific compu-
tational methods applied to specific geologic targets. Here
in this study, AI algorithms are designed for fault and frac-
ture models and are exemplified along some combined geo-
logical scenarios involving salt tectonic and clastic deposi-
tional systems. Here, we propose an architecture for Fully
CNNs combined with an attention module to enhance its
capacity to analyze structural heterogeneities. Considering
the learning task, we present a transfer learning (TL)[27]
strategy to train a network with synthetic data and tune a
model to adapt it to real heterogeneity datasets. Our contri-
bution is a simple yet effective architecture for seismic data
analysis, which is not computationally intensive. In this ap-
proach, we start by working with a larger synthetic dataset
initially and subsequently retrain the network while keep-
ing certain layers frozen. Our results demonstrate that our
model is highly competitive and effective, surpassing the
previous state-of-the-art performance in terms of intersec-
tion over union (IoU) by 0.6% and accuracy by 0.4%.
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2. Related Work
An important research goal in Computer Vision is modeling
representations that focus on properties of data correlated
only with the task at hand. Recent works have demonstrated
that models represented by CNNs can be customized by the
integration of learning mechanisms that specialize in cap-
turing spatial correlations between features [10, 24]. Other
works focus on the expression of the spatial dependencies
of a model [3, 18] and incorporate spatial attention into the
structure of the network [13].

Attention for CNNs can be interpreted as a means of bi-
asing the allocation of available computational resources to-
wards the most informative components of a signal [2, 9,
11, 12, 15, 17, 19]. Squeeze-and-Excitation Networks (SE-
Nets) [9] is the first work to model cross-channel correla-
tions. SE blocks synergize well with CNNs: they perform
different roles for different depths of the network. In the
first layers, the resulting excitation is informative but class-
agnostic. Deeper blocks in the network become more spe-
cialized and produce a highly class-specific result being ac-
cumulated through the entire network [9]. The SE-Nets are
also lightweight, imposing a small increase in model and
computation complexity.

More recently, Bello et al. [4] proposed 2D self-attention
as a replacement for convolutions for image classification
tasks, since self-attention captures global behavior more ap-
propriately than convolutional layers, which are inherently
local. However, his global form attends to all spatial loca-
tions of an input, limiting its usage to small inputs which
typically require significant downsampling of the original
image. In our experiments, we apply those techniques to
small seismic image patches and do not represents a major
increase in the computation complexity of our model.

Considering applications of neural networks for seismic
data analysis, Pochet et al. [21] explore the use of Convo-
lutional Neural Networks (CNNs) for seismic fault detec-
tion. One of the challenges associated with CNNs is the
requirement for a large volume of interpreted data, which is
particularly difficult to fulfill in the seismic domain. To ad-
dress this challenge, the authors created a synthetic dataset
focused on simple fault geometries. The input to their CNN
model comprises only seismic amplitude data, eliminating
the need for computing additional seismic attributes. This
approach involves employing a patch classification strategy
across the seismic images. This strategy entails a straight-
forward post-processing step to extract the precise location
of faults. In contrast to our approach, we do not apply a
post-processing step to the seismic data.

Cunha et al. [5] suggest utilizing Transfer Learning tech-
niques to leverage an existing classifier and apply it to dif-
ferent seismic data with minimal effort. Their foundational
model is a Convolutional Neural Network (CNN) trained
and optimized using synthetic seismic data. They show-

case the outcomes of Transfer Learning specifically on the
Netherlands offshore F3 block in the North Sea [1]. Our
proposal shares similarities with the Transfer Learning ap-
proach; however, our model is not a classifier but a fully
convolutional neural network. Additionally, aiming to pro-
pose approaches to interpreting seismic faults in seismic
data, Palo et al. [20] propose utilizing a graph neural net-
work and Wang et al. [26] propose a Transformer-assisted
dual U-Net. As we will show in our experiments, our mod-
els surpass the previous works in terms of accuracy and In-
tersection over Union. In summary, our study highlights the
potential of CNNs for automating seismic fault detection,
offering promising results both on synthetic datasets and in
real-world applications.

3. Geoscientific Background
Our AI workflows was applied to some geoscientific scenar-
ios and illustrated for F3 Block in Dutch Sector in North Sea
Netherlands, whose 3D seismic data is kindly made avail-
able by DGB Earth Sciences[1]. A Post Stack Time Migra-
tion (PSTM) with a very good quality presents seismic data
of Cenozoic layers greatly affected by salt tectonics and by
depositional characteristics of clastic sedimentation, where
the Eridanos delta stands out economically. Here, concepts
are described and exemplified along three Inlines of such
PSTM, illustrating some of main geological scenarios in the
F3 Block.

The study area is located in a sedimentary basin in the
south of North Sea, tectonically described by two regional
phases: a rifting during the Cretaceous and a sag post-rift
in the Cenozoic. Here, the unconformity between the Cre-
taceous and Cenozoic represents the oldest available sur-
face for seismic reflections. We perform tests with sec-
tions of available PSTM, following the work of Schroot and
Schüttenhelm [22]. They described the seismic effects of
gas occurrences and their origins in the studied area. Two
of their cases are here analyzed, over which our algorithm is
applied, showing the benefits for structural heterogeneities
understanding. The first case refers to bright spots caused
by the seismic effect of gas presence in anticlines that reach
diameters with dozens of kilometers which could become
economically interesting. However, it would not be a real-
ity for all seismic responses of these gases in the study area.
A question then arises: how to measure these accumula-
tions and bring better evidence of the actual and economic
presence of gas accumulation?

A common type of seismic anomaly present in F3 Block
is related to gas chimneys, caused by different mechanisms
that are manifested through disturbances in the seismic sig-
nal related to the upward movement of the fluids residing
in the pores, reducing elastic properties, generating wave
scattering and defocusing the reflected energy. Figure 1 il-
lustrates Inline 120 in TWT(ms) and shows with yellow line

285



the deepest available horizon of the post-rift sag phase for
this work representing the Mid-Miocene unconformity. The
seismic response of a gas chimney is located above the salt
dome in the Zechstein formation, which tectonically builds
fracture and fault zones through which the gas can flow and
accumulate within possible adjacent reservoirs. Schroot and
Schüttenhelm [22] mention that the continuity of the reflec-
tions along with the chimney, in Cenozoic sediments, may
show a slow and moderate gas migration causing pulldown
seismic effects. For all these sediments, the effects of salt
tectonics are evident, and it is here shown how these ef-
fects can be automatically highlighted by our AI method,
seismically enhancing that gas migration can occur through
fractures in the internal space defined in the chimney itself.

Figure 1. Seismic Inline 120 within TWT (ms) showing the base
of Cenozoic reflection (yellow line) in F3 Block. A gas chimney
adjacent to a fault, and immediately overlying an apparently leak-
ing bright spot at reservoir levels. A seismic pull-down effect can
be seen underneath the chimney. Green segments can be modeled
as faults

A second case here described for amplitude anomalies
is related to structural heterogeneities suggesting gas mi-
gration pathways in Inline 220 of F3 Block, illustrated in
Figure 2. A single and stronger bright spot is comprehen-
sively related to gas leaks through extension structural het-
erogeneities. Some of them extend over long trajectories
in the stratigraphic section, reaching the ocean floor and
showing small patches of high seismic amplitudes through-
out the stratigraphy. Important to observe that many hetero-
geneities modeled internally to the Eridanos delta are not
so easy to be visualized with amplitude data. With our re-
sults, it is possible to suggest that gas migration paths can
reach the seal unconformity at the top of the delta and then
accumulate in small patches, like unassuming bright spots.

Figure 3 illustrates the second case, related to PSTM
in Inline 690. A shallow bright spot is shown over a flat
spot, which would occur close to a structural trap. Here,
structural heterogeneities describe paths that the gas would
take until reaching the trap and the role that fractures and
faults have in gas migration and retention. About a hun-

Figure 2. Seismic Inline 220 within TWT (ms) showing the base
of Cenozoic reflection (yellow line). Leakage suggestions are in-
dicated as fault systems in the northern part of F3 block. Faults
provide gas migration paths and control bright spot indicators. All
green segments can be modeled as faults.

dred segments of possible faults are indicated with green
color. Some of them would lead gas to traps, and others
could break seals. Despite be possible to model those seg-
ments as faults, all heterogeneities here shown are not nec-
essarily related to the structural origin and may have either
sedimentary or diagenetic origins. Mapping hundreds of
structural heterogeneities, in all lines of interest, is an ex-
haustive, time-consuming, and sometimes economically un-
interesting task along E&P chain, once for the exploration
phase we would be generically interested in major elements
of petroleum systems and for reservoir characterization the
focus is basically more related to small connectivity, seg-
mentation of reservoirs and permeability barriers.

Figure 3. Seismic Inline 690 within TWT (ms) showing the base
of Cenozoic reflection (yellow line) in F3 Block. A shallow bright
spot over a flat spot corresponds to the gas-water contact in the
Upper Pliocene sediments. This seismic expression is indicative
of effective structural gas trapping. Green segments could be mod-
eled as faults
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4. Methods and Network Architecture

4.1. Convolutional model and synthetic dataset

Here we aim to find patterns in amplitude patches. We gen-
erate as output ”confidence maps” indicating if the region of
the analyzed image has any type of heterogeneity, such as
faults or fractures. In addition, the theory related to CNNs
approaches to the wavelet transforms, which is widely used
in seismic interpretation. In seismic analysis, spectral de-
composition and continuous wavelet transform were used in
data processing, interpretation, and for evaluation of hydro-
carbon reservoirs. Convolutional neural networks (CNNs)
are effective in learning filters to detect patterns in seismic
data. CNNs can learn hierarchical representations of data
through convolutional layers and these layers capture local
patterns and features, which can be seen as a form of lo-
calized linearization. While both CNNs and wavelet trans-
forms aim to capture patterns at different scales, their under-
lying mechanisms differ significantly. Wavelet transforms
are based on mathematical functions that analyze signals
in both the frequency and time domains, providing insights
into localized changes in the signal. In contrast, CNNs learn
filters through backpropagation and gradient descent, adapt-
ing them to capture relevant features from the data during
training [16].

To obtain our initial training dataset, we adopt a strat-
egy similar as proposed by Pochet et al.[21] with the IPF
code from Hale [8]. As said before one of the major prob-
lems in training a CNN structural heterogeneity detection
is the lack of annotated data. This machine-learning tech-
nique depends on a large amount of annotated information
to generalize the solution. To solve this problem, we use the
toolkit published by Dave Hale [8] for seismic image pro-
cessing for geologic faults to generate synthetic data. We
initiated the process by creating a reflectivity model span-
ning the section, and then applied simple image transfor-
mations to simulate sequential rock deformations such as
shearing, folding, and faulting over time. This process was
followed by a convolution with a Ricker wavelet and the
addition of random noise [5, 21].

We produce approximately 4000 images which we sub-
divide into patches of size 44 × 44 pixels, with amplitude
values normalized from -1 to 1, where for each patch we
have a confidence map representing the region with Hetero-
geneities and Non-heterogeneities, i.e, regions with seismic
faults and without [5, 21]. This technique was used as a ba-
sis for our initial training process. As the result, we have
a synthetic dataset of seismic images and a set of grounth-
truth binary masks indicating the presence of faults. The
IPF code only generates fault patterns. However, we train
our network to detect faults, and after, in a transfer learning
process, we adapt it to detect other heterogeneities. As we
will present later, we use a small annotated dataset with this

(a) Synthetic Seismic image

(b) Annotation

Figure 4. The image at the top is a synthetic image generated us-
ing the IPF code developed by Hale[8]. Below it, we have an im-
age with a dashed line representing fault data annotations. During
training, these annotations are converted into a binary mask.

information and we try to generalize the learned informa-
tion to other domains. The dataset was split between 80%
of the data for training and 20% for testing. The figure 4
presents an example of the synthetic data generated and its
annotation.

Our network is almost entirely composed of convolu-
tions and max pooling operations. Two convolution layers,
with a kernel size of 3 × 3 and 20 channels compose the
first stage. The second and third stages have 2 convolutional
blocks with a kernel size of 3 × 3 and 50 channels. These
convolutional stages are followed by an attention block.
In our experiments, we test both spatial and channel-wise
attention base on SE-Nets[9] blocks and a self-attention
model[4]. As input for the attention module, we concate-
nate the output of the previous two convolution layers, as in
a residual skip connection. After the attention block, there
is an upsampling operation set and a final pointwise convo-
lution is performed producing a two channel output. This
upsampling operation is performed by a simple deconvolu-
tion layer with a 3 × 3 kernel size. The objective of our
network is to assign a probability of a class to each pixel in
the input image. To achieve this, the output image predicts
the probability of two classes for the pixels: heterogeneities
and non-heterogeneities. Figure 5 presents the architecture
of our neural network. We also use GeLU as our activation
functions and an cross-entropy loss between the estimated
predictions and ground truth ”confidence maps”. We adopt
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the Adam optimizer [14] with a learning rate of 0.001 and
we trained this model by 200 epochs (considering each of
attention versions).

Figure 5. Architecture of our neural network. Our model is based
on a fully convolutional architecture where similarly to DenseNets
we have a residual operation before the attention block. We gen-
erate two versions of this architecture, one using SE-Nets and the
other using a Self-attention block.

4.2. Attention block

In this section, we present the main aspects of the attention
block used. We use two different models for this block and
here we will present the main aspects of each one.

4.2.1 Squeeze-and-excitation networks

The original SE-Net proposed a “Squeeze-and-Excitation”
block (hence, SE-Net) to highlight the channel-wise feature
maps by applying weights to each channel [9]. Following
the SE-Net architecture in the squeeze operation, a global
average pooling is defined by Equation 1[9, 23] generating
the weights z:

zc =
1

H ×W

H∑
i=0

W∑
j=0

Xc(i, j), (1)

where Xc corresponds to each channel of our input. After,
in the excitation step, we fully capture channel-wise depen-
dencies, and a sigmoid function (S) is applied. Consider
an input with ch channels. This mechanism is composed
of two fully connected layers (FLC) where the first has ch

r
neurons and a GeLU activation and the second ch neurons.
Finally, the second FLC is followed by the sigmoid activa-
tion. The hyperparameter ratio r defines the capacity and
computational cost of the SE blocks in the network and can
be evaluated empirically [9]. In the sequence, to generating
the output, a Hadamard product between the result of the
gating mechanism and data input is performed. Formally,
the attention block is defined by Equation 2:

X
′
= σ(W2(β(W1z))) ◦ X , (2)

where W1 ∈ R ch
r ×ch and W2 ∈ Rch× ch

r represents two
fully connected layers, β is a GeLU activation and σ is a

Sigmoid activation function. Also, the element-wise mul-
tiplication is performed over the input X . Similarly, to Su
et al. [23], after, with the channel-wise attention, we also
perform spatial attention over the output X ′

.

4.2.2 Self-attention

To create our second attention module, we use a two-
dimensional relative self-attention mechanism based on the
Transformer architecture. This approach was proposed by
Bello et al. [4] where the use of multi-head attention (MHA)
allows the model to attend jointly to both spatial and feature
subspaces, also producing additional feature maps. Let H ,
W and Fin as the height, width and number of input fil-
ters of an activation map; Nh, dv and dk as the number of
heads, the depth of values, queries and keys in a multihead-
attention (MHA), and dhv and dhk the depth of values and
queries/keys per attention head. With a tensor T with shape
(H,W,Fin), they produce a flattened form with dimensions
(H ×W , Fin) defined by the matrix X and perform MHA.
In this process they also have Wq,Wq ∈ RFin×dk

h and
Wv ∈ RFin×dv

h that are learned linear transformations that
maps the matrix X to queries Q = XWq , keys K = XWk

and values V = XWv . Relative height information and
relative width information were added and the relation be-
tween a pixel i and a pixel j is defined by Equation 3 [4]:

logiti,j =
qTi√
dhk

(kj + rWjx−ix + rHjy−iy ) (3)

where qi is a query vector for a pixel i in Q and kj is a
key vector for the pixel j in K. Also rWjx−ix

and rHjy−iy
are

learned embeddings for relative width jx − ix and relative
height jy − iy . The output of the self-attention for a single
head h is defined by Equation 4 [4, 25]:

Oh = κ

(
QKT + Srel

W + Srel
H√

d
h

k

)
V (4)

where Srel
W and Srel

H are matrices of relative position logits
along height and width dimensions that satisfy Srel

H [i, j] =
qTi r

H
jy−iy

and Srel
W = qTi r

W
jx−ix

[4] and κ is Softmax activa-
tion function.

The outputs of all heads are then concatenated and pro-
jected to generate the Multi-head attention and the final at-
tention augmented as in equations 5 and

MHA = concat[O1, . . . , ONh]W
O (5)

AAC(X) = conv(X)⊕ MHA (6)

where WO is a learned linear transformation. In total
considering the convolution operations, Multihead atten-
tion uses a 1 × 1 convolution with Fin input filters and
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2dk + dv = Fout(2k+ v) output filters to compute queries,
keys and values and an additional 1 × 1 convolution with
dv = Foutv input and output filters to obtain the values and
combine different heads outputs.

4.3. Transfer Learning Approach

In the transfer learning process, similarly to Cunha et al.
[5] and Pochet et al.[21], we need to preprocess the real
data to be used. We use a dataset with annotated infor-
mation for seismic faults and heterogeneities from the F3
North Sea. Note that at the first stage considering the lim-
itations of the IPF code [8], with this real data we intend
to improve the capacity of this neural network to consider
also heterogeneities and not only seismic faults. The base
model was trained using synthetic patches that do not match
the frequency of real seismic data[5]. Real seismic signals
typically range between 20 and 100 Hz, but the synthetic
dataset lacked patches with frequencies higher than 20 Hz.
This caused differences in amplitude patterns between syn-
thetic and real patches when using the same patch size for
both datasets. For training, we select 5 seismic inlines from
the F3 North Sea manually interpreted and annotaded by a
geophysicist, more specific the inlines 100, 150, 250, 300
and 600. We extract patches from annotated seismic im-
ages considering a size 20 × 20 and re-scale them to the
size of 44 × 44, which naturally lowered their seismic sig-
nal frequency. This adjustment helped align the character-
istics of real and synthetic patches, improving the perfor-
mance of our model across both types of seismic datasets.
The annotated data corresponds to binary masks of each in-
line, where regions containing heterogeneities were manu-
ally annotated. This ground-truth data was also divided into
patches of 44× 44.

After using the transfer learning approach, we continu-
ously use this data to train our neural network. We previ-
ously extracted information about heterogeneities from the
synthetic dataset and adjusted the layers of the neural net-
work for real data. We freeze the weights for the first two
convolutional layers and then we retrain our network by 30
epochs and we use a learning rate of 0.001 . This mitigates
the problem of not having enough data to train complex neu-
ral networks. In practice, we adjust the weights of the re-
finement stage, including the second and third convolution
layers, the attention block, and the final convolution layer.
We adopt and tested this strategy for the two versions of
our neural network, one using the SE-Net as our Attention
Block and the other one using the Self-Attention. For test-
ing, we select three inlines from the F3 dataset, specifically
inlines 120, 220, and 690. To ensure a fair comparison, we
also evaluate our model using different data, specifically a
subvolume of the New Zealand Great South Basin dataset
(GSB)[6] spanning crosslines 2568 to 3568. We evaluate
the results against the state-of-the-art methods and com-

pared the results obtained with the interpretation made by
a geophysicist.

5. Experiments
Table 1 shows the results of our method compared to the
state-of-the-art methods found in the literature. As we can
our best model has a IoU of 91.2% and a precision of
95.7%. Our model exhibits higher accuracy compared to
other approaches, enabling it to detect more detailed het-
erogeneities in practice. As shown in Table 1, both our
models surpass previous works. Additionally, our models
are compact in terms of storage and memory usage, and ef-
ficient enough to be trained on a low-cost device in less than
15 minutes. In our experiment, we utilized an Nvidia RTX
2060 GPU with 6GB of memory. The computing power re-
quired to deploy our model reached a maximum of 791.356
KiloFLOPS, and the model consists of 92827 trainable pa-
rameters. Considering our architecture, in comparison with
approaches utilizing U-net based models and Graph convo-
lutions, our model has fewer than half the parameters.

We also evaluated our model using the GSB dataset to
ensure a fair comparison. The figure 6 illustrates the perfor-
mance of our best model (self-attention) in detecting faults
and heterogeneities for crossline 2800. The blue lines rep-
resent the manual interpretation provided by Haibin Di et al.
[6], while the image with the dark red lines depicts our re-
sults. Our model achieved an Intersection over Union (IoU)
of 86% and an F1 score of 88% in this dataset.

We also made a qualitative assessment of our best re-
sults by applying the method to the entire F3 Dataset. The
result obtained by our work allows the generation of dif-
ferent geological scenarios indicating that structural hetero-
geneities were isolated, which represent the primary frac-
ture and fault systems individualized by regions in the study
area. We have interpreted more structural details for In-
line 120, as it is shown in Figure 7 with outstanding re-
sults when our technique is applied to gas chimney regions,
as previously illustrated in Figure 1. Results suggest how
different mechanisms of salt tectonics are related to the up-
ward movement of gas, using structural paths to fill the traps
and generate bright spots. Note that the disturbances in
the seismic signals that caused amplitudes with time pull-
down under the gas chimney, do not affect the quality re-
sponse of our algorithms. Attention is also asked to the
algorithms’ response related to heterogeneities in the old-
est Cenozoic reflection package, until the unconformity of
the Mid-Miocene. Such unconformity looks like a rheolog-
ical limit for layer-constrained faults and fractures. Also, in
the Eridanos delta, significant heterogeneities are revealed
showing chances of fluid retention and migration.

The second example is illustrated by Figure 8 where our
workflow shows optimal performance to reveal amplitude
anomalies related to gas leaks through extension faults ap-
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Table 1. Quantitative evaluation of our model and previous works using the F3 Dataset. Parameters were tuned manually.

Model IoU Recall Precision F1
SE-NET (Ours) 0.712 0.968 0.662 0.78
Self-attention (Ours) 0.912 0.984 0.957 0.97
SVM [5] 0.572 0.966 0.60 0.78
MLP [5] 0.609 0.997 0.683 0.81
Fine Tuning [21] 0.554 0.949 0.564 0.70
GCN [20] 0.906 0.48 0.85 0.61
Transformer dual U-Net [26] 0.90 0.83 0.954 0.88

(a) Interpreted annotations provided by Haibin Di et al[6]

(b) Our Model results

Figure 6. Comparison between our model and the previously an-
notated data for the crossline 2800 of GSB dataset. Note that the
red regions represent the detections provided by our model, and
despite diverging from interpretation of the expert in one of the
annotated lines, it still demonstrates strong performance.

plied to Inline 220. Detected heterogeneities show that a
fault, despite could be modeled as a single object, becomes
a numerical model and seismic mapping much easier, en-
hancing that, for many times, they should not be treated as
a single structural event. It is also possible that an object
described and modeled as a single fault, could be in fact
the conjunction of several small faults, or restricted frac-
ture zones, which may have fluid-sealing behaviors or, in
other circumstances, have fluid-carrying behaviors within
the same exploratory or production block. This is evident in
the conical geometric pattern formed by the various hetero-
geneities that would make up modeled faults and can serve
as ducts to feed trapped sediments. Once again, it is possi-
ble to observe the differential rheological patterns related
to the tectonic deformation of pre-unconformity of Mid-
Miocene sediments, and within the Eridanos delta. With

the method here described, they are enhanced, suggesting
that gas migration paths reach the seal unconformity at the
top of the delta and then accumulated, also in small patches

The third example illustrates suggestions of different
rheological regions, seen in Figure 9 where the white
dashed lines show probable limits of differential interpreta-
tive elastic behavior for both stratigraphic zone and possible
ducts and gas permeability barriers. The latter, more verti-
cal, show how the gas may have loaded a trap highlighted
by a shallow bright spot over a flat spot, and how its routes
through heterogeneities could be extended up to the local
reservoirs, pointed by the blue arrows in the figure. Note
that all regions related to segments that could be modeled
as faults, as suggested in Figure 3, are densely represented,
including many other heterogeneities with strong geologi-
cal sense, which would not be hypothetically modeled, as
those contained in the Erıdanos delta.

6. Conclusion
Earth structural heterogeneities have vital importance for
the oil EP activities, once they affect the dynamics of sub-
surface fluid flow in hydrocarbon reservoirs, influencing op-
erational, economic, and strategic decisions of the oil and
gas industry. In this paper, we presented a novel and very ef-
fective approach to detect seismic structural heterogeneities
using recent developments in Deep Learning architectures.
We proposed changes to previous works by adding an At-
tention Block to an otherwise fully convolutional network.
The advantage of using a SE-Net block is related to the
ability to exploit channel-wise dependencies in the feature
maps, at the cost of a slightly increased computational cost.
The introduction of a Spatial Attention Layer also allowed
the network to focus on local features to find any struc-
tures of interest. In contrast, the use of self-attention has
a better performance where it attends jointly to both spatial
and channel subspaces. Results show how our 2D solution
is geoscientific important, computing efficient, and cost-
effective to generate real economic and strategic impacts for
E&P Projects.
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Figure 7. Results performed over the F3 Block PSTM at inline 120. This image should be compared to Figure 1. Interesting observation
suggestions on how different mechanisms of salt tectonics are related to the upward movement of gas, using structural paths to fill the traps,
and generating bright spots. Blue arrows indicate these paths. White dotted lines suggest important rheological limits of layer-constrained
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