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Seismic stratigraphy entails a regional scanning (reconnaissance) of seismic data to identify and annotate seismic
reflection terminations. To identify these terminations in modern 3D seismic datasets, interpreters have to
examine thousands of inlines and crosslines, which is a time-consuming process. Furthermore, accurate identi-

]S)}Zth(fet;cmm fication of these features relies heavily on human visual observation along with individual expertise.
Clasiiﬁcationg A growing number of studies have shown promising results applying machine learning techniques to identify

geological features from seismic data such as salt bodies and faults. However, the identification of seismic
reflection terminations has not received the same level of interest and remains a manual process. One of the
barriers to utilizing machine learning techniques in seismic interpretation is the lack of “labelled” data. In this
study, we evaluate the ability of deep learning Convolutional Neural Networks (CNN) trained on synthetic
seismic images to identify seismic reflection terminations.

A dataset comprising 160 000 synthetic seismic images that represent conformable and four types of seismic
reflection terminations (truncation, toplap, onlap, and downlap) were created using geometric geological
modelling and 1D convolution seismic modelling. The dataset was then split into two classes (“Contains
Termination” and “No Termination™). A new CNN model architecture named “Seismic Reflection Terminations
Attribute (SRT-Ai)” was trained on 80 % of the synthetic seismic dataset. SRT-Ai predicted the test set (remaining
20 %) with an accuracy and precision of 99.9 %. To test its generalization, SRT-Ai was also evaluated on real
seismic images, achieving 91 % accuracy and 96 % precision against published interpretations used as reference
labels. Qualitative analysis of predictions along seismic sections shows a strong correspondence between the
model predictions and manual regional interpretations.

SRT-Ai is proposed as a screening tool that will assist seismic interpreters with the identification of major
seismic terminations, minimise seismic interpretation uncertainties, reduce the time taken for seismic recon-
naissance, and limit the reliance on human visual observation at the early stage of seismic interpretation process.

1. Introduction

In 1921, a seismic reflection profile started the revolution of reflec-
tion seismology applications in exploration (Dragoset, 2005). Since
then, seismic data has become an essential and dominant tool in char-
acterizing, mapping, and modelling the subsurface (Telford et al., 1990).
Seismic data, especially 3D seismic data, is an excellent tool for mapping
subsurface geometries to investigate tectonic settings, depositional
stacking patterns, and stratal terminations with good lateral and vertical
coverage. Today, 3D seismic data is an integral part of most subsurface
sedimentary basins’ studies (Chopra and Marfurt, 2012).

Legacy and newly acquired high fold seismic data are currently

playing a major role in environment protection and energy transition
plans (Han et al., 2021). Utilizing state of the art technologies to drill
fewer wells with higher success rate can lower the environmental impact
of hydrocarbon exploration. In addition, reducing carbon concentration
in the atmosphere through carbon sequestration requires detailed sub-
surface characterization to understand the seal and reservoir properties
as well as delineating reservoirs storage capacity (Riding and Rochelle,
2009). Moreover, monitoring 4D seismic data through time helps to
de-risk and mitigate any geohazards associated with CO, leakage. Other
seismic applications in energy transition include identifying potential
locations for offshore wind turbines and geothermal sweet spots (Gold
et al., 2022).
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Utilizing seismic data to image and interpret the subsurface was
revolutionised in the 1970s with the introduction of seismic stratig-
raphy. It involves the use of sequence stratigraphy concepts to interpret
seismic data with the assumption that every reflection in seismic data
represent a chronostratigraphic timeline (Eberli et al., 2022; Vail and
Mitchum Jr, 1977). Seismic stratigraphy relies on accurate identification
of seismic reflection terminations to map stratigraphic architectures,
depositional environments, and lithofacies distribution (Catuneanu
et al., 2009; Christie-Blick et al., 1990; Summerhayes, 1986; Vail and
Mitchum Jr, 1977) (Fig. 1). However, most current seismic interpreta-
tion packages focus on automating the process of picking reflections to
generate continuous and smooth maps (Posamentier et al., 2022).
Marking reflection terminations or annotating features like clinoforms’
lapouts, erosional surfaces, and basin limits, despite their importance in
seismic stratigraphy analysis, are still missing in most interpretation
packages.

During the last decade, Artificial Intelligence (AI) and machine
learning have played a key role in advancing the automation of seismic
interpretation. The parallel progression of powerful GPU architectures
and deep learning algorithms capable of handling big and complex data
contributed to the recent advancement in deep learning application in
many fields, including seismic interpretation. Recent studies show
promising results using machine learning to pick seismic horizons,
predict seismic facies, and identify geological features such as salt bodies
and faults (e.g., Gu et al., 2023; Kaur et al., 2023; Tschannen et al., 2020;
Waldeland et al., 2018; Wrona et al., 2021; Zhang et al., 2018; Zheng
et al., 2019). Identification of seismic reflection terminations using deep
learning is still underexplored and remains a conventional and manual
process.

The main challenge that delays the adaptation of machine learning
applications in seismic interpretation is the lack of “labelled” data (Gao
et al., 2023). Labelling seismic data is time consuming and can introduce
interpretation bias. In this study, we are evaluating the ability of deep
learning neural networks to identify seismic reflection terminations
using synthetic seismic dataset, without the need for human “labelling”.
Synthetic seismic have been previously effectively employed as ground
truth labels for training and validating machine learning models in
various seismic interpretation applications (e.g. Vizeu et al., 2022; Wu
et al., 2020). By generating synthetic seismic dataset instead of using
real seismic for training, we avoid adding interpretation bias and reduce
the time required for manual labelling.

We trained a deep learning Convolutional Neural Networks (CNN)
model for binary classification to identify termination and non-
termination geometries in seismic data. The training data are synthetic
seismic responses generated through geological modelling with two
classes: “Contains Termination” and “No Termination”. This formulation
enabled the model to learn from labelled examples and classify seismic
geometries accordingly.

This study introduces a new Al screening tool (SRT-Ai) that can
identify and highlight seismic reflection terminations in seismic quickly
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and accurately with minimal human intervention. This tool is designed
to help seismic interpreters identify key seismic reflection terminations
which can be then interpreted using various interpretation packages to
build stratigraphic frameworks more quickly and effectively.

2. Methodology
2.1. Generating geological models

Five groups of geological models represented by different stratal
geometries were created: conformable models containing no termina-
tion, and unconformable models containing one of four stratigraphic
termination types (truncation, toplap, onlap, and downlap) (Fig. 2). To
create these models, we used bruges (Hall et al., 2022), a modelling li-
brary focusing on wedge models.

There are six parameters that control geological models in bruges
(depth, width, strat, thickness, mode, and conformance) (Table 1):

Depth is the size of the y-axis in pixel index units, specifying the
vertical dimensions of the model. It typically includes the top thickness,
wedge thickness, and base thickness in a tuple. A relatively larger value
(30 pixel units) was assigned to the top thickness of the terminated
models compared to the conformable models (10 pixel units) to avoid
having the terminations at or very close to the top edge of the windows.
Width is the size of the x-axis in pixel index units, defining the horizontal
dimensions of the model. Unlike the depth parameter, the tuple numbers
in width represent left extension, wedge, and right extension. Since re-
flectors terminate only in the wedged (middle) section, the total length
of the x-axis (200 pixel units) was assigned to the middle-section with
zero values to the side sections, where the models extend beyond
termination points. The resulted geological models are unitless arrays
with (200 pixels x 100 pixels) image size.

Strat is the parameter that defines the stratigraphy (rock layers)
above, within, and below the wedge. While depth parameter controls
the overall thickness of the wedge as well as the thickness of the upper
and lower bounding layers, strat determines both the number of layers
and their individual thicknesses within the wedge and its bounding
layers. To simulate the synthetic stratigraphic sequences, we imple-
mented a Python loop that generates a column of rock layers, up to a
maximum of eight units. Each layer is randomly assigned a rock type
that will be assigned an acoustic impedance value. This approach allows
for the creation of varied yet controlled stratigraphic patterns.

Thickness specifies the variation in thickness across the wedge.
Although the name “thickness” might be misleading, this parameter
represents how sediment thickness changes across the entire wedge
model, as determined by the ratio between the values at the lateral ends
of the layers. These values are given as percentages, where 1.0 means
100 % thickness (full thickness) and 0.0 means the layer completely
pinches out.

Mode determines how the wedge shape changes across the model.
Two modes were used in building the geological models: linear and

o=
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Fig. 1. A sequence stratigraphy diagram showing different types of stratigraphic terminations (after Vail et al., 1977). Truncation is an erosional surface indicating a
removal of depositional strata along an unconformity. Toplap is an up-dip termination of tilted reflectors against relatively horizontal layer. Onlap is a termination of
relatively horizontal reflectors against a tilted older depositional surface. Downlap is a down-dip termination of tilted depositional surface against a relatively

horizontal surface.
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Fig. 2. Examples of base geometries for the five geological model groups, with main geometrical parameters annotated: (A) Truncation, (B) Toplap, (C) Onlap, (D)

Downlap, and (E) Conformable.

Table 1
Six parameters control the size and shape of geological models.

Geological Models

Truncation Toplap Onlap Downlap Conformable
Parameters depth (top thickness, wedge thickness, base thickness) (30, 60, 10) (30, 60, 10) (30, 60, 10) v. flip (30, 60, 10) (10, 80, 10)
width (left extension, wedge length, right extension) (0, 200, 0) (0, 200, 0) (0, 200, 0) (0, 200, 0) (0, 200, 0)
strat (number of layers) random (1-8) random (1-8) random (1-8) random (1-8) random (1-8)
thickness (left thickness %, right thickness range %) (1.0, 0.0-0.5) (1.0, 0.0-0.4) (1.0, 0.0-0.5) (1.0, 0.0-0.4) (1.0, 0.9-1.0)
mode linear sigmoid sigmoid sigmoid linear
conformance base none top none none

sigmoid. Sigmoid is the expected regional shape for clinoforms and basin
limits (Fig. 2-B, 2-C, and 2-D), whereas linear was used for conformable
and angular truncation models (Fig. 2-A and 2-E). Conformance dictates
the termination direction. A “none” conformance is for models without
terminations (e.g. conformable), “top” conformance is for top layers
terminating against the lower layer (e.g. onlap), and “base” confor-
mance is for base layers terminating against the upper layer (e.g. trun-
cation). A “none” conformance was also used for toplaps and downlaps
to maintain a gradual thinning of the terminated layers toward the
termination point, where the layers will be too thin to be resolved
seismically.

2.2. Geological models to synthetic seismic

Seismic forward modelling is the numerical computation of seismic
responses to geological models, that attempts to simulate real subsurface
seismic data (Hart and Chen, 2004; Krebes, 2004). In this study, the
generated geological models were used as the base geometrical models
to create synthetic seismic images using 1D convolution seismic
modelling. A summary for the seismic forward modelling steps that were

used to generate the synthetic seismic dataset is in Fig. 3. The first step in
creating the synthetic seismic dataset from geological model is to fill the
layers with acoustic impedance values. Acoustic impedance (Z) is the
product of velocity and density. To calculate a set of possible acoustic
impedance values, ranges of velocities (2000-6000 m/s) and densities
(1.6-2.9 gm/cm®) were used that represent the full range of sedimentary
rock properties (Gregory, 1977; Kearey et al., 2002).

Reflection coefficients were then calculated at the interfaces between
layers. For normal incidence, the reflection coefficient (R) is the differ-
ence in acoustic impedance of overlying layers over the sum of acoustic
impedance of the same layers at the interface:

_ Zlayerz - Zlayerl

reflection coefficient (R) = A -
ayer: ayer

If the two layers have the same acoustic impedance there will be no
reflection at the geological interface and it will appear that there is a
single thick layer without a reflection in between.

The next step is to convolve the reflection coefficient with a wavelet
to obtain synthetic seismic images. Choosing a wavelet with a suitable
frequency that can resolve most of the layers and their termination
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Fig. 3. Seismic forward modelling workflow. Three frequencies (20, 40, and 80 Hz) show different synthetic seismic resolutions.

points is crucial. A zero-phase Ricker wavelet with 80 Hz dominant
frequency, 98 ms total length, and 1 ms sampling rate was used to
resolve the layers in the geological models with peak amplitudes cor-
responding to increasing acoustic impedance (positive reflection coef-
ficient). The Ricker wavelet provides the closest approximation of
seismic signals both empirically and theoretically (Gholamy and Krei-
novich, 2014; Ricker, 1953). This 80 Hz ricker wavelet was chosen in an
attempt to generate a realistic synthetic seismic dataset given the
thickness of the units in the geological models (Fig. 3). The chosen
wavelet was then convolved with the reflection coefficients to build
normal incidence synthetic seismic dataset (Russell, 1988):

synthetic seismic = wavelet*R

The final step in the workflow was to add random noise to the syn-
thetic data. The added noise has a log-normal distribution with different
intensity thus generating a dataset with a range of signal-to-noise ratios.

2.3. Data splitting and augmentation

Identifying seismic reflection terminations such as erosional trun-
cation and toplap as different classes is challenging due to their similar
geometries, with even human annotators struggling without a clear
regional context. The resulting ambiguity limited the model’s perfor-
mance and caused instability during training, as it oscillated between
the two classes. We opted to combine all termination types into a single
class “Contains Terminations” for this study, with the intention of
exploring multiclass approaches in future work (more discussion in
section 4.1). Thus, synthetic data were grouped into two broad classes:
“Contains Termination” and “No Termination”. The “Contains Termi-
nation” class comprises 80 000 models: 20 000 truncation, 20 000
toplap, 20 000 onlap, and 20 000 downlap models. The “No Termina-
tion” class comprises 60 000 conformable and an additional 20 000
labelled as conformable with lateral amplitude changes. In some
geological scenarios, such as lateral changes in lithology or rock prop-
erties, the seismic response may show a "fadeout" termination effect,
which can be mis-predicted as a stratigraphic termination. To address
this ambiguity, we introduced the conformable models with lateral
amplitude changes. These were constructed using configurations similar
to onlap models, but with a reduced thickness range to (1.0, 0.7-0.9).

The generated synthetic seismic dataset was split into training,
testing, and validation sets (Géron, 2019). The split was (80/20 %

train/test set) and the training set was further split (80/20 % train/-
validation set). This yielded 102 400 training instances, 25 600 vali-
dation instances, and 32 000 testing instances. Offline augmentation
was then applied to the training dataset and added to the final training
data set, which doubled the training instances to 204 800. This
augmentation includes horizontal flipping, rotation ( £+ 10° to maintain
the overall geological representation of the models after augmentation),
and zooming (50 % height and 20 % width factors).

2.4. Neural network architecture and training

Convolution Neural Networks (CNN) are a family of deep learning
architectures that have been proven adept at identifying, mapping, and
extracting visual features from images. This includes geological features
such as faults, horizons, and salt bodies (Di et al., 2018; Wrona et al.,
2021). LeCun et al. (1998) introduced CNN as a “specialized neural
network architecture which incorporates knowledge about the in-
variances of 2D shapes by using local connection patterns and by
imposing constrains on the weights”. CNN architectures are structured
in a way that allow them to learn spatial hierarchies of features auto-
matically to minimise the difference between outputs and labels through
a backpropagation optimization process using a network of multiple
layers.

It is common practice in classification problems to build CNNs that
have multiple convolutional layers, each with an activation function
that decides the status of each node in the network (Waldeland et al.,
2018). Convolutional layers are the feature extraction layers where the
network learns to identify and extract key patterns such as edges and
shapes from the input data through mathematical convolutions. Each of
these convolutional layers is followed by a pooling operation to down-
sample or subsample the feature maps. Pooling are regularization layers
that reduce the resolution and dimensionality of the feature maps
without learnable parameters, which helps in reducing the computa-
tional cost and minimizing overfitting. Another layer that helps in
minimizing overfitting is dropout (Srivastava et al., 2014), randomly
dropping a percentage of the nodes from each layer at every iteration.
After the series of convolutional groups, the network ends with a fully
connected “flattening” layer, a linear transformation operation that
transform the output feature maps from the last convolutional layer to a
one-dimension vector, and finally a classifier.

Most deep learning architectures require significant memory and
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computational resources due to their complexity and large number of
parameters. In this study, we explored a simpler architecture to deter-
mine the minimum model complexity necessary to effectively address
the binary problem we face. This approach allows us to balance per-
formance with resource efficiency, making the solution more accessible
and practical for environments with limited computational power. Our
custom CNN architecture, which is named “SRT-Ai” for “Seismic
Reflection Terminations Attribute” (Fig. 4), has three layers of 2D
convolution. The first convolution layer has 16 filters with (15 x 15)
kernel size. The second convolutional layer has 32 filters with (9 x 9)
kernel size. Finally, the third layer has 64 filters with (3 x 3) kernel size.
Each of these convolutional layers has a ReLU activation function (Nair
and Hinton, 2010) followed by maxpooling. Maxpooling layers are
down sampling mathematical operation layers that calculates the
maximum value for the patches in the feature maps (Scherer et al.,
2010). Maxpooling was chosen over other pooling types such as average
pooling, global pooling, or mixed pooling to preserve the most promi-
nent features. After several tests and iterations, 50 % dropout layer was
used immediately after the flattening layer. The final step in the CNN is a
softmax classifier, predicting the probabilities for each class.

A batch size of 128 was selected as it helped stabilise the learning
curve and gives better performance. The selected loss function and
optimizer were categorical-crossentropy and Adam respectively with
early stopping triggered after 20 epochs of stagnant validation loss.

2.5. Model validation using real seismic

After the neural network was trained and tested on synthetic seismic
images, a full 2D seismic section and several sliced 2D windows from a
3D seismic survey were used to test the model performance on real
seismic images. Demeter, which is an open-source 3D seismic survey
from northwestern Australia (Fig. 5), was used for the testing. This
survey was selected because it has good signal to noise ratio with clear
stratigraphic termination features, including examples of erosional
truncation, onlap, downlap, toplap and conformable reflections. The
Demeter covers 3590 km? with 133 nominal fold number. It was ac-
quired in 2004, processed and made available for interpretation in 2005
(Bennett and Bussell, 2006). Based on data analysis and a review of
multiple published interpretations (Anell and Wallace, 2020; Bennett
and Bussell, 2006; Geoscience Australia, 2023; Hull and Griffiths, 2002),
100 seismic examples were extracted along different inlines (dip direc-
tion). The examples were evenly distributed among five categories: 20
truncation, 20 toplap, 20 onlap, 20 downlap, and 20 conformable
(Fig. A.1). Each example measured 200 common depth points by 100
ms. This window size was chosen to be as small as possible while still

Synthetic Seismic
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capturing a single type of stratigraphic termination. In all cases,
conformable continuous layers were expected to occupy at least part of
each example.

To predict the presence of terminations with SRT-Ai on a full 2D
seismic section and enable the spatial localization of stratigraphic ter-
minations, seismic sections were divided into overlapping patches using
a sliding window approach. A custom function was applied to extract
patches with a fixed window size of (200 pixels x 99 pixels) sliding in a
horizontal stride of ten and a vertical stride of three. Predictions for each
patch were reshaped to a 2D map reflecting the layout of the sliding
windows. For this binary classification task, the probability of the pos-
itive class was extracted and mapped with dimensions corresponding to
the number of extracted windows in each spatial direction.

To visualize these predictions on the original seismic scale, a
resampling step was performed. A dedicated function was used to
interpolate the lower-resolution prediction map to the full resolution of
the original seismic section. This was achieved by computing the scaling
factors between the prediction grid and the seismic section dimensions,
followed by interpolation. This resulted in about 50 000 predictions
located at the centre of each sliding window averaging 660 samples per
pixel with lower sampling rate at the edges of the section. The resampled
prediction map retained the spatial alignment with the seismic data and
enabled an overlay of classification results on the original section for
interpretation and quality assessment (Fig. A.2).

3. Results
3.1. Synthetic seismic dataset

Each image in the generated synthetic seismic dataset has a different
number of layers that vary in geometry, thickness, and reflectivity with a
wide range of signal-to-noise ratios (Fig. 6). If we compare Fig. 6-A and
6-B they are both in the “No Termination” class with conformable ge-
ometry. However, (6-A) has more reflections with stronger amplitude,
and the reflections are slightly tilted.

Since the process of assigning acoustic impedance to each layer was
randomized, some scenarios resulted in very small differences in
acoustic impedance between adjacent layers close to the termination
point. This yielded weak or even zero reflectivity values (e.g. Fig. 6-E
and 6-G). The noise level of the generated synthetic seismic also varied
from high (e.g. Fig. 6-D and 6-G) to low (e.g. Fig. 6-B and 6-F).

3.2. Performance evaluation

The training curves (Fig. 7-A) show that the model converged within

Dropout
(0.5)

) No Termination
AN — - m Contains Termination

@ Convolutional + ReLU

@ Maxpooling
1) Fully connected + ReLU

@ Softmax

Output class probability

Fig. 4. The architecture of the Convolutional Neural Networks (CNN) used in the study.
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Fig. 5. Location map of the 3D seismic survey (red rectangle) used for testing the CNN. (For interpretation of the references to colour in this figure legend, the reader

is referred to the Web version of this article.)
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Fig. 6. Examples from the synthetic seismic dataset. The “No Termination” class has mainly continuous conformable layers, with some examples of laterally fading-
out reflections to emulate the later change in rock properties (C). The double ended arrow in (C) shows the location of the lateral change in amplitude, whereas the
other arrows show the direction of the terminations with the arrows’ tips pointing the location of terminations.

10-20 epochs, with a lower validation loss than the training loss. This is
expected as the augmentation was applied only on the training dataset.
The results of testing SRT-Ai on unseen synthetic seismic dataset yielded
99.9 % in both accuracy and precision. The trained CNN correctly pre-
dicted all the “No Termination” classes and most of the “Contains
Termination” of the synthetic test set. It missed only 13 out of 15 930
(0.08 %) samples from the “Contains Termination” class (Fig. 7-B).

When applied to real seismic images, despite it being more complex, the
accuracy and precision scores were still over 90 % (Table 2). The
network performed well on predicting terminations in the real seismic
testing dataset with 91 % accuracy, 96 % precision, 88 % recall, and 92
% f1-score. There were only 7 mis-predicted samples from the “Contains
Termination” class (11.67 %) and 2 (5 %) from the “No Termination”
class, out of 100 samples (Fig. 7-C).
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Table 2
Summary of SRT-Ai performance.

Performance

On Synthetic Seismic Testing Dataset

On Real Seismic Testing Dataset

Accuracy Precision Recall fl1-score Accuracy Precision Recall fl1-score
Classes No Termination 99.9 % 99.9 % 100 % 99.9 % 91 % 84 % 95 % 89 %
Contains Termination 99.9 % 100 % 99.9 % 99.9 % 91 % 96 % 88 % 92 %

3.3. Applying SRT-Ai to real seismic

A dip-direction full 2D seismic section from the Demeter 3D seismic
survey (Fig. 8-A) was used as a testing example to visually (qualitatively)
evaluate the performance of SRT-Ai as an aid to seismic interpreters.
This section was selected because an initial manual interpretation
revealed that it has all the geological features that we are trying to
identify using deep learning: toplaps, onlaps, and downlaps associated
with multiple clinoforms as well as an angular unconformity with clear
truncations. In addition, the section has some faults and reworked
sediment (debris flow) geometries (Fig. 8-B). When SRT-Ai was
deployed on the seismic section, most of these geological features were
highlighted with high probability of containing termination (Fig. 8-C).

4. Discussion

4.1. The challenges of seismic termination classification with deep
learning

During the progress of this research, we were faced with three main
challenges centred around prediction optimizations: The first challenge
was that identification of the type of seismic reflection termination (e.g.
truncation, toplap, onlap etc.) at the scale of the data used in our clas-
sification window proved to be impracticable. There are geological
scenarios where different stratigraphic termination types that represent
different depositional and/or tectonic settings have similar, or identical
geometry in seismic sections. Fig. 1-box (A) is one of the scenarios where
two different stratigraphic termination types have the same geometry.
The red arrow is a toplap, where tilted layers terminate against a
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Fig. 8. (A) An uninterpreted seismic section. (B) The same seismic section with manual interpretation and annotations for stratigraphic terminations and faults [light
blue arrows are for onlaps, yellow arrows are for truncations, green arrows are for downlaps, and red arrows are for toplaps. The solid black lines are for faults with
high confidence and dashed once are possible faults]. (C) The annotations are overlaying the SRT-Ai attribute. There is a strong correlation between the annotations
and attribute probability. The white circles highlight areas with termination geometries caused by factors other than stratigraphic terminations and/or tectonics. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

younger and relatively horizontal layer due to depositional processes,
whereas the orange arrow is an angular truncation caused by post-
depositional erosion. When the classification window is viewed, these
two different types of stratigraphic termination are hard to distinguish
even by experienced seismic interpreters. By focusing our objective on
reflection geometry (not stratigraphic termination type) and training a
binary classifier (Contains termination or No termination), our model
highlights both cases in Fig. 1- box (A) as seismic reflection
terminations.

The proposed deep learning binary classification method for seismic
reflection terminations identification offers an alternative to traditional
mathematical approaches. Existing methods, such as those by Bugge
et al. (2018) measuring reflection orientation changes, van Hoek et al.
(2010) analysing seismic dip field convergence/divergence, and Wu and
Hale (2015, 2016) comparing seismic normal vector fields, rely on
explicit mathematical formulations of seismic attributes. Lou et al.
(2024) is another deep learning approach. However, it uses a dip-based
model derived from seismic as label with fewer training instances and
bigger deep learning architecture. In contrast, our deep learning
approach employs geological modelling with a streamlined architecture
trained on extensive synthetic data. While conventional methods require
manual parameters engineering (e.g., computing vector field differences
or convergence metrics), the deep learning framework automatically
learns discriminative patterns from seismic inputs. The proposed
approach demonstrates comparable accuracy to mathematical methods
with minimal human intervention and more resilience to noisy data.

While SRT-Ai achieved high performance in highlighting seismic
reflection terminations, its interpretability remains limited compared to

classical seismic attributes. Traditional mathematical attributes produce
outputs that are directly tied to known geometric or geophysical fea-
tures, making them easier to interpret in a geologic context. In contrast,
the deep learning approach functions as a data-driven model, with in-
ternal representations that are not explicitly linked to predefined seismic
characteristics. Despite this limitation, the model’s ability to learn
complex spatial patterns from labelled examples enables it to detect
features that may be missed or poorly resolved by conventional attri-
butes, often in a faster and more consistent manner.

The second challenge concerns the impact on the prediction outcome
of the window size. For example, without viewing a larger portion of the
data and depending on the resolution of the seismic data, the set of
layers in Fig. 1-box (B) can be interpreted as downlap terminations or
tilted conformable layers. To explore this issue, we consider the impact
of different window sizes on the performance of SRT-Ai. Compared to all
the tested seismic window sizes (Fig. 9), the original size (Fig. 9-A)
highlights most of the toplaps and downlaps in the clinoforms as well as
the truncation surface and the tilted layers below it. It also highlights
major faults and some onlaps. On the other hand, in the double sized
seismic section (Fig. 9-B) the regions of high termination probability are
more compacted and smaller, mainly due to the small geological fea-
tures and relatively smaller window. The CNN model does not predict
much from the stretched section as most of the geological features are
distorted and flattened (Fig. 9-C). The squeezed section has most of the
features highlighted with an excellent prediction for the clinoforms
succession and unconformity angular truncations. However, it also
amplifies a lot of the noises and highlights them as terminations (Fig. 9-
D). Thus, we opted for a weighted average approach grouping the
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Fig. 9. The “Contains Termination” class predictions from the same seismic section image with four different sizes: (A) original size. (B) the original seismic section
scaled by a factor of ~2 in both axes. (C) stretched size with increasing the x-axis only of the original seismic section. (D) squeezed size with increasing the y-axis only
of the original seismic section. (E) weighted average. The weighted average yields a comprehensive approach combining the benefits from the different sizes with

wider probability range.

original (50 %), squeezed (35 %), and doubled (15 %) window sizes with
their different assigned weights. The choice of weights was an empirical
decision based on the qualitative assessment of the performance with
each window size. This nested approach offers the best of all approaches:
the original size gives a focused probability highlight, the doubled
window amplifies precise and smaller features, whereas the squeezed
section gives a good regional guide.

The presented binary seismic reflection termination analysis pro-
vides a transitional foundation for robust multiclass frameworks.
Discrete classes for specific termination types (e.g., onlap, truncation)
and fadeout scenarios improve geological specificity. Future work may
include integrating regional contextual prompts (e.g., information on
basin evolution) with seismic attributes (amplitude variance, dip
coherence) to reduce ambiguities where termination geometries over-
lap. Hybrid models combining stratigraphic context (sequence bound-
aries, depositional trends) and attribute analysis can also mitigate noise
from non-stratigraphic causes. Synthetic training datasets, generated via
process-based forward stratigraphic modelling and more sophisticated
seismic modelling, may enhance model resilience to geometric ambi-
guities. While multiclass systems demand expanded labelled datasets
and computational resources, their ability to reflect geological
complexity justifies adoption. Future work should focus on multiclass
and multilabel data classification and segmentation. By embracing
multiclass frameworks, seismic interpretation can advance beyond bi-
nary paradigms, enabling more accurate stratigraphic analysis in com-
plex systems.

The third challenge was to deal with terminations caused by reasons
other than stratigraphic/tectonic regional controls. Stratigraphic ter-
minations are not the only source of reflection terminations in seismic
data. Other geophysical acquisition and processing factors such as dead
traces, frequency variation, and data quality as well as lateral change in
acoustic properties can cause termination geometries. From a
geophysical standpoint, there are several scenarios where a reflection
will diminish (fadeout) due to seismic resolution limitations or lateral
changes in properties. This fadeout scenario will geometrically resemble
a lateral reflection termination in seismic data. Since the objective of this
study is to highlight the seismic reflection terminations associated with
stratigraphic boundaries (i.e. truncation, toplap, onlap, and downlap),
an additional set of data was generated using “fadeout” configuration
parameters. This additional set of models generated to resemble

reflections fadeouts (Fig. 6-C) and were grouped with the “No Termi-
nation” class. Although, this helped in minimizing the highlight of
lateral amplitude changes as terminations, it did not eliminate it
completely. Some examples of isolated areas with amplitude fadeout at
smaller scales (given the appearance of a reflection termination) were
still highlighted as terminations in the probability map (Fig. 8-C, white
circles).

4.2. Analysis of prediction errors on test sets

Most of the mis-predicted examples in our synthetic test set were due
to the low acoustic impedance contrast erasing the presence of the
feature of interest in the synthetic models (e.g. Fig. 10-A, 10-B, and 10-
D). Since a function was used to randomize acoustic impedance per
layer, there was a probability of having two adjacent layers with very
close acoustic impedance values at the termination point, effectively
rendering the termination invisible in the synthetic seismic images (even
though there is a termination present in the geological model). In terms
of the geophysics response, this means that the reflection coefficient is
almost zero at the interface. However, these are rare instances with only
13 examples out of 15 930 test cases. Despite these instances lowering
the quantitative performance score of the CNN model, they were
labelled based on their geological models and kept in the data to mini-
mise our intervention in the labelling process.

On the other hand, sometimes clear truncation examples are pre-
dicted as “No Termination” (Fig. 10-C). One of the possible explanations
for this is the location of the termination points. The strong termination
in this example (Fig. 10-C) is at the edge of the window which makes the
amplitude of the weaker terminated reflections on top of it a major
factor in mis-predicting the termination. Although it is clear in all the
examples that reflections are terminating at both sides of each window,
this should not be classified as seismic reflection terminations as only
reflections terminating within the window against another reflection
truly characterise the “Contains Termination” class. This is often more
complicated with real seismic data.

Though it is hard to understand and pin-point exactly the reasons for
the mis-predictions in real seismic data, there is some evidence that
points to potential causes. If we try to summarize the possible reasons for
these mis-predictions, they fall within one of three scenarios: (1)
Conformable continuous layers “No Termination” dominating most of
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Fig. 10. Examples from incorrect predictions. Both the real and the synthetic examples are from “Contains Termination” class and predicted as “No Termination
class”. While the dashed line indicates the termination surface, the arrows show the direction of terminations with the termination point at the tip of the arrows.

the window (Fig. 10-F); (2) A big difference in amplitude between the
conformable “No Termination” and the terminated “Contains Termina-
tion” layers (Fig. 10-E and 10-F); and (3) Seismic resolution at the
termination point (Fig. 10-G and 10-H). The resolution and quality of the
real seismic data will always be a major challenge in enhancing the
model’s predictions.

4.3. Interpretation versus observation

Humans are limited to their senses and what can be observed visu-
ally. Shadows, colours, and perspective may affect our observations. On
the other hand, previous experiences, educational background, and
emotional state can influence our interpretation and decisions. Most of
the geoscience questions, especially those related to characterization
and modelling, do not necessarily have a straightforward solutions or
definite right answer (Bond et al., 2011). Evaluating probabilities and
close to reality scenarios requires knowledge, experience, technical
skills, and imagination. We believe, artificial intelligence and machine
learning can play a major role in guiding our interpretation and de-
cisions making process. Tools like the one presented can guide geo-
scientist’s initial screening of any new seismic dataset without forcing a
specific geological model or interpretation. The final interpretation,
modelling, and decision making will remain in the hands of engineers
and geoscientists.

The SRT-Ai tool can highlight clinoforms and unconformities with
their associated toplaps, downlaps, and angular truncations (Fig. 8).
When we compare the highlighted probability with the interpretation
arrows in Fig. 8-C, we observe a large overlap. These arrows are based
on human interpretation and subjected to interpretation bias. However,
we view our tool as an Al guide that highlights major features to help
geoscientists start their seismic interpretation from a consistent base
ground. SRT-Ai can also help junior interpreters start their

10

interpretation and build their confidence. Bond et al. (2011) observed
that people with the least seismic experience hesitated for the longest in
starting the interpretation exercise. Having a stratigraphic pretrained
model that can highlight major stratigraphic features early in the seismic
interpretation workflow should minimise the challenge of starting the
interpretation.

Areas that are highlighted by SRT-Ai are not limited to clinoforms
and unconformity surfaces, faults and debris flows have been also
observed and detected as regions showing reflection terminations
(Fig. 8-C). These are geological features that we did not explicitly train
the CNN model to recognize, but that show seismic reflection termina-
tion geometries where reflections terminate against other reflections.
The model was able to observe and highlight them to guide the eye of the
interpreter to them as features of potential interest requiring closer
human examination.

SRT-Ai can be used as an observation tool to highlight seismic
reflection terminations at an early stage in the interpretation and before
starting any horizon and/or fault picking. The aim of the attribute is to
help interpreters to quickly ‘get their eye-in’ to where the key seismic
stratigraphic boundaries are.

5. Conclusions

The quantitative and qualitative analysis of SRT-Ai predictions show
promising results: 91 % accuracy and 96 % precision scores on real
seismic images is a milestone toward automating the identification of
seismic reflection terminations. Using synthetic seismic dataset to train a
deep learning model on predicting seismic reflection terminations was
proven to be an efficient approach. It solves the problem of lacking
enough labelled data, reduces the human interpretation bias, and
eliminates the need for manual labelling. Having general, complex,
diverse, and big labelled training datasets was a crucial step in the



W.M. AlGharbi et al.

success of this study.

Deep learning can be a powerful and transformative tool in geo-
sciences applications, especially seismic interpretation. The proposed
attribute is an example of automating the process of identifying seismic
reflection terminations making it fast and more efficient. This tool will
assess seismic interpreter by highlighting seismic reflection termination
at an early stage of seismic data scanning. Integrating SRT-Ai in seismic
interpretation workflows will minimise uncertainties, expedite seismic
reconnaissance process, and reduce the dependence on human visual
assessments.
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Name of the code/library: Seismic Reflection Termination Attribute
(SRT-A).

Contact: w.algharbi21 @imperial.ac.uk.

Hardware requirements: The operating system used was Ubuntu
Linux release 22.04 on an Intel Xeon processor, 128 GB (4 x 32GB)
RAM, and NVIDIA Quadro RTX 8000 GPU.
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Program language: Python.

Software required: The data generation, Convolutional Neural Net-
works (CNN) training, testing, and evaluation were done using Python
(version 3.10.6) (Van Rossum and Drake Jr, 1995). A number of external
dependencies (Python libraries) were used: TensorFlow (2.9.1) (Abadi
et al., 2016), TensorFlow-keras (2.9.0) (Chollet, 2015), NumPy (1.21.5)
(Harris et al., 2020), bruges (0.5.4) (Hall et al., 2022), SEGY-SAK (0.3.4)
(Hallam et al., 2024), SciPy (1.8.0) (Virtanen et al., 2020), Scikit-learn
(0.23.2) (Pedregosa et al., 2011), Matplotlib (3.5.1) (Hunter, 2007),
and seaborn (0.12.0) (Waskom, 2021).

Program size: 30 MB.

The source codes are available for downloading at the link: htt
ps://github.com/wa314/SRT-Ai and https://doi.org/10.5281/zenodo
.15914897.
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Fig. A.1. Sliced examples from the real seismic survey, Demeter NW Australia. These examples were used to test the performance of SRT-Ai on real seismic. Slicing
and labelling these windows requires a regional understanding of the basin and its geological setting. Each window should have only one feature. However, we expect
conformable continuous layers to be part of all windows. Faults and noise may affect the continuity of the conformable examples. Figure A.1-R shows a fault without
a big displacement that affects the flatness of the layers. The truncations in Figures (A.1-F, G, H & K) are clear terminations of strata at erosional surfaces. Although
we were able to differentiate between figures (A.1-J “toplap™) and (A.1-K or H “truncation) analysing the regional geology of the basin, it is still difficult for human
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eyes even experienced once to differentiate using theses windows only.

Class probability assigned to
the centre of each sliding
window

Resampling to the scale of
the seismic section for
visualization

1000
Fig. A.2. A custom function was used to extract patches and predict their class probability with a fixed window size of (200 pixels x 99 pixels), sliding in a horizontal
stride of ten and a vertical stride of three. The coloured windows in the top left corner of the seismic section show examples of different patches and the location of
the prediction at the centre.
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