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Facies Analysis With Interpretable
Spatial–Spectral Maps
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Abstract— With the dramatic growth and complexity of seismic
data, manual seismic facies analysis has become a significant
challenge. Machine learning and deep learning (DL) models
have been widely adopted to assist geophysical interpretations
in recent years. Although acceptable results can be obtained,
the uninterpretable nature of DL (which also has a nickname
“alchemy”) does not improve the geological or geophysical under-
standings on the relationships between the observations and back-
ground sciences. This article proposes a noble interpretable DL
model based on 3-D (spatial–spectral) attention maps of seismic
facies features. Besides regular data-augmentation techniques,
the high-resolution spectral analysis technique is employed to
generate multispectral seismic inputs. We propose a trainable
soft attention mechanism-based deep dilated convolutional neural
network (ADDCNN) to improve the automatic seismic facies
analysis. Furthermore, the dilated convolution operation in the
ADDCNN generates accurate and high-resolution results in an
efficient way. With the attention mechanism, not only the facies-
segmentation accuracy is improved but also the subtle relations
between the geological depositions and the seismic spectral
responses are revealed by the spatial–spectral attention maps.
Experiments are conducted, where all major metrics, such as
classification accuracy, computational efficiency, and optimiza-
tion performance, are improved while the model complexity is
reduced.

Index Terms— Attention map, deep learning (DL), dilated
convolution, interpretability, seismic facies analysis.
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I. INTRODUCTION

THE application of deep learning (DL) in geosciences
is growing rapidly [1], including seismic event detec-

tion [2], earthquake location [3], lithology prediction [4],
facies identification [5], remote-sensing image classifica-
tion [6], [7], fault interpretation [8], [9], salt body charac-
terization [10], hyperspectral image classification [11], and so
on. However, interpretability is still Achilles’ heel of artificial
intelligence (AI) represented by the DL models [12]. The
“Black box” nature of AI makes it easy to use, but resulting in
low interpretability. From a recent discussion in Science [13],
the top reason to avoid using the AI methods is that the results
are hard to interpret, especially in the physical science and
engineering areas. Thus, the high interpretability between the
results and the inputs is necessary to enhance the AI, especially
in the understanding of the complex geoscience topics.

Seismic facies analysis interprets geological deposition
mechanisms, environments, and patterns from seismic data.
With the dramatic growth of seismic data [14], manually
interpreting a seismic volume becomes more and more chal-
lenging [15]. Previous machine learning (ML) methods, such
as self-organizing maps (SOMs) [16], [17] and generative
topographic mapping (GTM) [18], as well as the DL models,
such as convolutional neural network (CNN) [19], and the
associated autoencoder network, such as U-Net [20], show
improved efficiency and accuracy in facies recognition. How-
ever, due to the low model interpretability, results obtained
from the ML or DL models do not provide new insights from
the geology or geophysics aspects.

Attempts to improve the DL interpretability have been
made, for example, the semantic information embedded
in human descriptions can be leveraged [21]. In addition,
the model interpretation can be built by bridging the input
features and the output regression results [22]. The emerging
attention mechanism used in the medical imaging analysis is
of great promise in targeting the structures with varying shapes
and sizes [23]. Similarly, a complementary segmentation net-
work was proposed to improve the brain identification by com-
bining the labeled mask and its complementary branches [24].
Thus, if we can establish a relation between the inputs and the
outputs, the interpretability can be improved.
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The geological deposition process generates various struc-
tures, resulting in different seismic spectral responses [25]. The
ideal interpretability in seismic facies analysis should include
not only certain area belonging to facies but also how different
spectral components contribute to the facies recognition, which
are important for broadening the DL impacts and discovering
the novel geoscience insights. Our previous work [26] explored
the combination of multispectral features, which was an inno-
vative effort in the existing DL-based work for facies analysis.

In this article, we develop an attention-based deep dilated
convolutional neural network (ADDCNN) to perform an
interpretable seismic facies analysis. Besides final facies-
recognition results, the proposed ADDCNN also generates 3-D
spatial–spectral attention maps. By visualizing the attention
maps, understandings between the seismic facies and the mul-
tispectral features can be enhanced. To reduce the computation
burden as well as maintain the high resolution, we propose
to replace the convolution-pooling operation with the dilated
convolution. Extensive quantitative analysis of a field applica-
tion shows promising performances of the proposed ADDCNN
in terms of accuracy, convergence rate, efficiency, and model
complexity. In addition, 3-D attention maps provide insightful
observations for further seismic facies analysis.

The contributions of this article are as follows.

1) We propose a novel DL architecture for automatic
seismic facies analysis. The innovative design not only
generates accurate results but also provides insightful
interpretations for further geophysical studies.

2) We propose to adopt the dilated convolutions with the
feature engineering based on multiple spectral compo-
nents. Their combination enhances the facies analysis
accuracy and efficiency simultaneously.

3) We propose to use the attention mechanism to map the
facies-recognition results to the spatial–spectral features,
which helps understand the relation between the facies
and the geophysical data and how to select features in
the future seismic facies analysis.

The remainder of this article is organized as follows.
In Section II, we introduce related work about the ML- or
DL-based seismic facies analysis. In Section III, we describe
the proposed ADDCNN model in detail with the design of
architecture, feature engineering, metrics, loss function, and
related theoretical principles of the CNN, dilated convolution,
and the attention mechanism. Using a field application in
Section IV, we analyze the performances of our algorithm
explicitly and quantitatively compared with some existing
DL models. In addition, the benefits of the spatial–spectral
attention maps are also discussed. Finally, the conclusions are
drawn in Section V.

II. RELATED WORK

The proposed ADDCNN model belongs to the automatic
seismic facies analysis using the ML or DL models. In general,
there are two categories of ML methods: unsupervised cluster-
ing and supervised classification. Some common unsupervised
clustering methods include k-means clustering (KC) [15],
fuzzy clustering [27], SOMs [16], GTM [18], and artificial

neural networks (ANNs) [28]. Note that the feature extraction
of unsupervised ML can also be achieved by the DL models,
such as CNN-KC [29]. The unsupervised clustering methods
typically require the manual feature extraction, which is time-
consuming and requires domain expert knowledge [30]. Fur-
thermore, the unsupervised clustering often does not maintain
the structure information, which either results in spatially
separated structures are misclassified as the same facies or
the same deposition package is misclassified into multiple
facies. Although the distance-preserving SOM [16] and the
seismic stratigraphy-constrained SOM [17] have been pro-
posed, the issue still remains unsolved. Supervised classifi-
cation methods, such as support vector machine (SVM) [31],
ANNs [32], and so on, add “supervision” information during
the classification to improve the accuracy following the expert
knowledge. In addition, semisupervised learning [18], which
focuses on how to take advantages from the unlabeled data,
also shows great potentials in the limited available data situ-
ations. In addition, unlike supervised learning, reinforcement
learning [33] does not rely on the labels or “correct answers.”
The reinforcement agent finds the best possible action to
maximize the reward in a given task. Nevertheless, there
is still a long way to go before widely applying semisu-
pervised learning and reinforcement learning in geophysics
applications.

Recently, DL methods attract the attention of the geo-
physicists and geologists because of the automatic feature
extraction and reliable and accurate seismic data analysis
results [19]. The DL models have been used in the earth
science society, such as microseismic detection [34], [35].
In addition, the CNN-based classification has been success-
fully applied in seismic applications [2], [8], [20]. In seismic
facies analysis, both supervised [36] and unsupervised [37]
DL applications can be found. DL is an end-to-end process
to extract automatically the features from the original seismic
data for various purposes, which increases the efficiency of
interpretation and reduces the dependence on the handcrafted
seismic attributes [38]. Note that with a careful manual
selection of features, certain shallow learning methods can
even be accurate than some DL methods [39]. However,
DL models are usually more welcome because of the efficiency
of sophisticated feature extraction without the requirement of
domain knowledge. In addition, the DL models, especially
CNN models, have another spatial awareness advantage over
other supervised classification methods [20]. A 3-D patch-
based CNN model and a 2-D whole seismic slice convolution
encoder–decoder model were compared in [20]. However,
the confidence of the interpretation results and the efficacy
of the input data have not been discussed in the previous
research. Although the efficacy of the input data has been dis-
cussed in a previous seismic lithology research [4], it has not
been well established in seismic facies analysis. Furthermore,
the interpretability of the DL models has not been touched
by researchers. Feature engineering and model interpretability
are important components in geophysical interpretation and
can provide insightful understandings to help guide future
research directions. Thus, our goal is to address this scarcity
and promote DL in the geophysics society.
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Fig. 1. Proposed ADDCNN includes three main steps: multispectral feature engineering, dilated convolutional autoencoder, and spatial–spectral attention
map. The spectral decomposition-based feature engineering improves the efficiency and accuracy of the feature extraction. In addition, the dilated U-Net
enhances the facies-recognition resolution and efficiency with limited model parameters. In the end, the trainable soft attention mechanism empowers the
interpretability of the model to map facies-recognition results to the spatial–spectral input features. (The attention mechanism is implemented via inter- and
intrastructures.) The layer numbers are annotated on the top of the architecture. Note that different block colors denote different operations, where “BN" and
“Conv" are short for batch normalization and convolution, respectively.

III. ADDCNN

The proposed ADDCNN model includes three main innov-
ative structures: feature engineering, dilated convolutions, and
spatial–spectral attention mapping, as shown in Fig. 1. The
ADDCNN is an end-to-end model, which processes from raw
seismic data to generate final facies recognition results as well
as interpretable spatial–spectral maps. Here, we introduce the
ADDCNN architecture together with the principles of key
steps.

A. Feature Engineering via Spectral Decomposition

Data augmentation helps the ML and DL models efficiently
extract the desired features. Several well-established data-
augmentation methods are applied in our model, including
resize [40], rotate [41], and random cropping [42]. These
regular data-augmentation operations are developed for gen-
eral image-segmentation tasks rather than seismic applica-
tions. Thus, in addition to regular ones, we propose to use
a spectral decomposition-based seismic feature engineering
approach to enhance the hidden geological information in our
model.

Seismic data contain abundant information corresponding to
various responses of different structures [25]. Due to the rock
properties and the seismic wave-propagation laws, geological
structures with different scales generate different spectral
responses [25]. Because the interpretation of individual geo-
logical features is constrained by its spectral responses [43],
spectral decomposition enhances the quantitative interpretation
ability [44], for example, gas hydrate accumulations can be

Fig. 2. Vertical slices through (a) original seismic amplitude volume and
its corresponding isofrequency spectral components at (b) 10, (c) 40, and
(d) 60 Hz, respectively.

highlighted by spectral decomposition [45]. In our previous
work [26], feature engineering by spectral decomposition was
adopted, which improved the image-segmentation accuracy.
In addition, since the noise at different frequencies has dif-
ferent strengths, the combination of multispectral components
can inherently improve the signal-to-noise ratio (SNR).

In this article, we employ the wavelet transform to imple-
ment the spectral decomposition [4]. Fig. 2 shows an example
of the seismic data used in this article (the data details will
be introduced in Section IV-A) and its isofrequency spectral
components at 10, 40, and 60 Hz, respectively. It is clear
that different spectral responses highlight geological structures
in different scales, which is the reason why we use the
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Fig. 3. Overview of the dilated U-Net architecture. Advanced features are extracted by convolution or dilated convolution layers, which have the same
resolution as that of the original input.

spectral decomposition as the feature engineering to improve
the robustness and effectiveness of the feature extraction.

B. CNN and Fully Convolutional Network (FCN)

The most important concept of the CNN is the convolution
operation. Assuming that the output and input of layer l are
y(l) and z(l), the convolution operation can be given as

y(l) = f (z(l)) with z(l) = w(l) y(l−1) + b (1)

where w(l) denotes the convolutional kernel from layer (l −1)
to layer l, b is the bias value, and f (·) represents an activation
function, such as, the rectified linear unit (ReLU) [ f (x) =
max(0, x)] or sigmoid function [ f (x) = ex/(1 + ex)].

For computer vision problems, other than using pixel values
individually, the CNN analyzes patterns among the local
pixels by a convolutional kernel function w defined in (1).
Unlike image classification that targets at recognizing stable
objects from different images, seismic facies analysis aims at
distinguishing different geological structures within the same
image. Therefore, rather than a classification, seismic facies
analysis is indeed an image-segmentation task to label different
areas of a seismic image with different facies [20].

As an example of CNN models, the FCN is a DL framework
designed for image segmentation [46]. The FCN shows the
segmentation result of each corresponding area. However,
because of the downsampling operations (pooling) in the FCN
models, the result resolution is typically low, whereas if there
is no downsampling (pooling) operations in the CNN models,
the amount of parameters could be unaffordable for limited
computer resources, especially the memory.

C. Dilated U-Net

To solve the low-resolution issue of the FCN,
a “U”-shaped architecture U-Net [47] was proposed.
The learnable upsampling convolution layers replace the
pooling layers, increasing the output image resolution. Thus,
the U-Net-type DL models have been used for the semantic
pixelwise segmentation task in geophysics [19], [48]. The
proposed ADDCNN model is built on the widely adopted
U-Net, because the seismic facies-recognition problem has
limited training labels but contaminated with all kinds of
interferences, and U-Net has been proved an effective model
for image segmentation with small training data [47].

To address further the low-resolution problem caused by
the downsampling layers (such as the pooling layers) in the
DL models and leverage effectively more precious spatial
information, we propose to adopt the dilated convolution [49]
in our model. The dilated convolution can be expressed as

y[i ] =
∑

k

x[i + d · k]w[k] (2)

where x and y are the input and output feature maps, w
denotes the convolution kernel, and d corresponds to the
dilated rate. The dilated convolution is equivalent to applying
an upsampling operation by inserting d − 1 zeros between
two samples. Thus, a standard convolution can be viewed as a
special case of dilated convolution with a dilated rate d = 1.
In our model, optimal dilation factors are selected to expand
the receptive fields efficiently and properly. Furthermore, note
that, in the dilated convolution, larger regions are covered with
the same amount of or even less number of parameters.

Fig. 3 shows a dilated U-Net architecture, which is used
for comparison in Section IV-D. In the traditional U-Net,
the spatial information is acquired by the CNN and the pooling
layers [20]. However, the local information and resolution
are gradually lost through layers, resulting in coarse segmen-
tation results without subtle information [50]. Nevertheless,
the dilated convolution defined in (2) expands the receptive
fields and increases the kernel space without increasing the
computation, which is desired for “big data” seismic process-
ing in this article.

D. Spatial–Spectral Attention

Based on the above feature engineering and dilated
U-Net model, a high-resolution seismic facies-recognition
result can be obtained. However, the model is still a “black
box” until now. To bridge the seismic facies analysis results
and the features, we propose to use the attention mecha-
nism. Attention-gated networks have been proposed to learn
the feature-attention probabilities [23], [51], [52], where the
attention mechanism was soft trainable. Similarly, we compute
the attention maps to highlight the seismic image regions
contributing to the facies-segmentation task. Besides the ben-
efits of interpretability, the attention mechanism also enforces
the model to suppress the interference from the untargeted
information.
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TABLE I

PROPOSED ADDCNN MODEL ARCHITECTURE DETAILS

We denote the attention map as as,ω
i at the spatial location i

of n total spatial locations in a given DL layer s ∈ {1, . . . , S}
of the spectral component ω. For a certain spectral compo-
nent ω∗, the “attention" As,ω∗ is defined as the normalized
compatibility scores by a softmax operation [51]

As,ω∗ = {
as,ω∗

1 , as,ω∗
2 , . . . , as,ω∗

n

}
(3)

as,ω∗
i = exp(cs,ω∗

i )∑n
j exp(cs,ω∗

j )
, i ∈ {1, . . . , n} (4)

where the set of compatibility scores C(L̂s, g) =
{cs

1, cs
2, . . . , cs

n}, is defined as the linear mapping from the
set of feature vectors Ls = {�s

1, �
s
2, . . . , �

s
n} extracted at

layer s to the global feature vector g. Furthermore, gs,ω∗ =∑n
i=1 as,ω∗

i · �
s,ω∗
i can be viewed as an elementwise weighted

averaging operation. At this moment, the spatial attention,
indicated as blue

⊕
in Fig. 1, has been established.

Combining the spectral attention red
⊕

, the spatial–spectral
attention map can be obtained by a linear model

A =
M∑

i=1

φiAωi (5)

where M is the number of spectral features and φi are
the weights (i.e., contributions). Thus, the contributions of
different spectral features can be visualized easily.

E. Loss Function

We employ the cross entropy E = ∑
x∈� ω(x) log(plx(x))

to be the loss function, where � : � → {1, . . . , K } is the true
label of each pixel and ω : � → R is a weight map, at the
pixel position x ∈ � with � ⊂ Z

2.

F. ADDCNN Model Architecture

Based on Sections III-A–III-E, we propose the ADDCNN
model, whose overview is shown in Fig. 1. The details of
the model architecture can be found in Table I. In addi-
tion, the optimizer—Adam (adaptive moment estimation) [53],
an efficient stochastic optimization method, is used. In addi-
tion, the cross entropy is employed as the loss function.

The main contribution of the proposed DL model is the
model interpretability. Typically, human interpreters identify
seismic facies using the morphological features and their
geological understandings. We bridge the seismic facies-
recognition results with the multispectral inputs using the
attention mechanism. As shown in the model architecture,
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Fig. 4. Seismic facies labels corendered with seismic amplitudes. The facies
names and colors are also defined in Table II.

we propose a 3-D attention mapping using two attention
structures: interattention and intraattention. The intraattention
helps mapping the spatial relations between the facies results
and the multispectral inputs, while the interattention con-
tributes to the spectral domain. Building on the spatial–spectral
attention maps, we further implement a dilated convolution
to control the parameter amount and improve the image-
segmentation resolution. Our ADDCNN model is based on
the U-Net architecture with the attention mechanism and the
dilated convolution operation. Our model has advantages of
these three DL features. All the mentioned DL architectures
have been evaluated and testified using tens if not hundreds
of different image data sets, including natural images, hand-
written digits, and so on. Thus, in principle, the proposed
model should have a good generalization ability. The detailed
advantages of the proposed model will be discussed in the
following sections.

IV. EXPERIMENTS

A. Data Description

The 3-D seismic survey F3 [54] acquired in the North Sea
is used in this article.1 There are obvious large-scale sigmoidal
beds deposited by a large fluviodeltaic system, showing clear
downlap, toplap, onlap, and truncation stratigraphy structures.
Based on the seismic amplitudes and the geomorphological
features, we obtain the manually labeled ground truth from an
independent expert. The facies and colors are defined in Fig. 4
and Table II. It is clear that the seismic facies names are based
on the seismic geometric features, which means the studied
seismic facies is generally defined. Because all the seismic
images can be consistently normalized and the normalization
does not change the seismic geometric features or the feature
patterns, seismic images can be viewed as a kind of natural
images.

The 3-D seismic amplitude volume is cut into 651 2-D
amplitude slices. In addition, seismic data have been decom-
posed into 20 spectral bands from 5 to 100 Hz with a 5-Hz
interval, following Section III-A. Our training data set consists
of 41 slices with interval ten lines, which is less than 10% of
the available data.

1The seismic survey is available at https://terranubis.com/datainfo/
Netherlands-Offshore-F3-Block-Complete (last accessed May 6, 2019).

TABLE II

SEISMIC FACIES AND CORRESPONDING COLORS

Fig. 5. Graphic definitions of IoU. The area of overlap denotes the overlap
is between the prediction and the ground truth, whereas the area of union
denotes the encompassed area by both the prediction and the ground truth.

Fig. 6. Seismic facies analysis results of one seismic line using the proposed
ADDCNN, compared with the ground-truth labels.

B. Experimental Setting

We implement the proposed ADDCNN model and the
reference DL models (listed in Table III) using Pytorch [55].
All experiments are done on a workstation with two NVIDIA
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Fig. 7. 3-D seismic facies analysis result using the ADDCNN.

GeForce GTX 1080Ti GPUs. We use the tenfold random cross-
validation in our experiments and divide the data set into
training and test sets with a 4 : 1 proportion. A validation
data set is prepared using 10% data from the training data set.

C. Metrics

Intersection over union (IoU) is adopted as the evaluation
metrics [2], which is defined as the ratio between the Area of
Overlap and the Area of Union, as shown in Fig. 5. In this
article, instead of matching exact pixels, we want to ensure that
the predicted facies match the ground truth areas as closely as
possible.

D. Comparison

In this article, we compare different existing DL models:
FCN 16/32 [56], SegNet [57], U-Net, U-Net with attention,
Dilated U-Net, and the proposed ADDCNN. (The dilation
factor is set to 2 for the dilated convolutions.) Models are com-
pared in terms of IoU in Table III. The image-segmentation
performances of different models on different seismic facies
using the test data set can be compared, and the overall
accuracies are also displayed. In addition, the model parameter
numbers are also listed. It is obvious that the U-Net and its
derivatives have less parameters than the FCN and SegNet
models. Because it has the inter- and intraattention structures,
the ADDCNN has more parameters than the U-Net. Since the
FCN 16 has a finer resolution than the FCN 32, the FCN
16 achieves higher IoUs. SegNet [57] shares a similar archi-
tecture with the U-Net, but instead of using pooling indices,
the entire feature maps are transferred from the encoder to
the decoder. Therefore, the SegNet has more parameters than
the U-Net. However, the boundary delineation advantage of
the SegNet is not appreciated in our seismic facies task,
resulting a lower overall IoU compared with the U-Net.

Fig. 8. Curves of validation cross entropy loss at each epoch during
(a) training and (b) testing.

Fig. 6 shows the prediction results of the ADDCNN on one
testing seismic line compared with the ground-truth labels. The
prediction results show clean seismic facies results that do not
need further processing and can be used for interpretation.
The promising results indicate that the proposed ADDCNN is
able to capture the seismic facies features and recognize them.
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TABLE III

IOU OF EVERY FACIES OF THE TESTING DATA SET USING DIFFERENT DL MODELS

Fig. 9. Curves of validation IoU accuracy at each epoch during (a) training
and (b) testing.

In addition, we also show a 3-D seismic facies analysis result
in Fig. 7. Both the inline and crossline directions are available
for observation, showing that our model generates acceptable
lateral continuity in both directions.

To compare further the DL model performances, we demon-
strate the training and validation performances of the U-Net,
U-Net with attention, Dilated U-Net, and proposed ADDCNN
in Figs. 8 and 9. (The other models are not as good as these
four, so not compared.) The training process has hyperparame-
ters as follows: minibatch size: 4, step decay: 1 ×10−6, initial
learning rate: 5 × 10−4, weight decay: 4 × 10−4, momentum
factor: 0.9, epoch number: 500, and optimizer: Adam. The
ADDCNN has the most promising performance, which is not
prone to overfitting, is smooth, and has the best validation
accuracy.

E. 3-D Attention Map

In this section, we discuss the interpretability of the pro-
posed ADDCNN model empowered from the 3-D attention
map. As discussed above, the DL models could achieve
acceptable seismic facies-segmentation results, but the “black
box” to recognize seismic facies does not help geoscientists
extend the geological understandings of the relation between
the deposition process and the seismic facies.

To unveil the correlations between the input seismic spectral
components and the final facies recognition results, we build a
spatial–spectral attention structure, as defined in Section III-D.
Since, for a given seismic facies, other facies can be viewed
as complementary information, we build inter- and intraatten-
tion structures among layers to leverage the complementary
information, as shown in Fig. 1.

The studied area from the southern North Sea Basin has
experienced complex stages of orogeny, rift, and subsidence
that occurred during the Paleozoic and Mesozoic times, and
an inversion during the Tertiary. A prograding fluviodeltaic
system is constructed, because the high sediment influx filled
the basin, which was from the neighboring highlands that
uplifted in the late Miocene [54]. Using the low amplitude
dip facies, violet color in Fig. 4, as an example, we analyze
its attention maps of different spectral components to improve
the seismic stratigraphic interpretation [58]. Fig. 10 shows the
attention maps of 20-, 35-, and 95-Hz spectral components.
The target facies area exhibits strong energies, which means
the target facies has been highlighted in these spectral compo-
nents. Nevertheless, we note that other untargeted areas also
show strong energies, for example, the bottom on 20 and 35 Hz
and the middle part on 95 Hz. Compared with the final result
in Fig. 6, it is obvious that the target facies cannot be accu-
rately recognized only using these three spectral components.

Fig. 11 demonstrates the attention maps of 10, 55,
70, and 80 Hz. It is interesting to note that the 3-D attention
map for the target facies could show weak energies at the
target area but strong energies at surrounding areas. Note that
there are also different patterns. For example, the attention
map of 10 Hz shows weak energies on a large area around the
target facies, whereas the attention maps of 55 and 70 Hz
highlight the surrounding areas more preciously. In addi-
tion, 70 and 80 Hz have strong energies in the top of
maps, while 10 and 55 Hz have weak energies. Leveraging
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Fig. 10. Attention maps on (a) 20-, (b) 35-, and (c) 95-Hz spectral
components. The target facies area and the other untargeted areas show strong
energies.

such complementary information about the seismic facies,
the robustness of the facies-segmentation method has been
improved.

In general, the DL models can learn and generate what is
a seismic facies and its distribution area, while they can also
learn what is outside of the facies and to help the other models
generate a better facies mask. Based on the feature engineering
operations, the ADDCNN does not need additional inputs,
as other facies can be viewed as the complementary infor-
mation for the target facies. In addition, the complementary
information enables the ADDCNN to handle data with visually
unseen structures.

Fig. 12 shows the attention maps of 30- and 90-Hz com-
ponents, where the energies are close on the whole maps.
Because there is no clear difference between different areas,
the attention maps with similar energies everywhere do not
contribute to the facies recognition.

Given the labeled areas of one facies, an ML or a DL
model focuses on extracting the features of the target areas,
resulting in its difficulty of handling areas belonging to

Fig. 11. Attention maps on (a) 10-, (b) 55-, (c) 70-, and (d) 80-Hz spectral
components. The target facies area and other areas show strong energies.

different facies but with similar features. To tackle this prob-
lem, we augment the segmentation model by adding com-
plementary attention structures to learn the features in the
untargeted region, because they provide information regarding
surroundings. Direct feedback is provided to the segmentation
and complementary attention structures, leading to reason-
able facies predictions. In particular, the feature maps of
one facies from one attention branch are converted into a
probability map, which is inverted and multiplied to the feature
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Fig. 12. Attention maps on (a) 30- and (b) 90-Hz spectral components.
No facies-related information can be found.

maps of other attention branches. Essentially, one attention
branch informs others to focus on the learning features of its
complementary facies. According to the combination of the
seismic facies-attention map and its complementary facies-
attention maps, we can identify different seismic facies. This
confirms that the U-Net structure works as expected [20];
more importantly, the complementary attention structure has
learned features for separating the untargeted facies regions
from the target facies. This enables the ADDCNN to han-
dle the hidden geological depositional information and be
insensitive to minor differences due to location differences.
More specifically, the attention maps help identify the complex
geological movements and seismic stratigraphy boundaries.
Using different attention maps including both target and
complementary facies areas, a potential relation between the
geological sedimentation facies and the spectral responses can
be established. Our goal is to understand why DL models
can generate the facies analysis results, and the used attention
mechanism provides details about the areas on which spectral
components have either constructive or destructive effects on
a given facies recognition. The 3-D inter- and intraattention
maps present the additional “machine understanding” of the
geophysical problem, leading to an improvement of the AI
DL interpretability in complex geosciences topics.

V. CONCLUSION

We propose an ADDCNN model with a dilated U-Net
structure and a 3-D soft attention mechanism to perform
and improve the automatic seismic facies analysis. In terms
of recognition accuracy, we have compared the IoU scores
from the other six models, including the FCN 32/16, Seg-
Net, U-Net, as well as different combinations of dilated
convolution and attention mechanism. The ADDCNN

generates superior segmentation results over other methods
thanks to the proposed comprehensive model architecture.
Furthermore, the generated attention maps can be used for
explaining the geological interpretation by visualizing the
spatial–spectral attention maps. We have learned that the
seismic facies should be determined based on not only the
target facies properties but also the surrounding properties.
The complementary information provided by the untargeted
facies improves the seismic facies-recognition performances.
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