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Abstract—Accurate detection of salt bodies from subsurface in seismic images is vital for the
identification of hydrocarbon reservoirs in oil and gas exploration. The cconventional manual
techniques are labour-intensive, time-consuming, and error-prone. These techniques may be
effective but lack efficiency. We propose a deep learning method based with convolutional
neural networks (CNNs) for automatic detection of salt bodies. Particularly, we utilize a U-Net
model, which has been shown to achieve the best segmentation results in seismic imaging
applications. The suggested model, learned from the TGS Salt Identification Challenge dataset,
has an Intersection over Union (loU) score of 0.57 and a test accuracy of 87.33%, which is
significantly better than existing methods. The results demonstrate improved seismic
interpretation efficiency, reducing processing time while maintaining high segmentation
accuracy. Furthermore, our study explores the integration of cutting-edge techniques such as
generative adversarial networks (GANSs) and transfer learning to enhance model generalization.
This work demonstrates the potential of deep learning to revolutionize oil and gas exploration,
leading to industrial-scale application, despite computational complexity and data-related
difficulties.

Index Terms—Deep Learning, Salt Detection, Seismic Imaging, Oil and Gas Exploration,
Convolutional Neural Networks, U-Net.

|. INTRODUCTION

Seismic describes the structure of sedimentary rocks and interfaces for the purpose of studying land geological
features where oil and gas is present. Hydraulic fracturing creates permeable channels in the core where
hydrocarbon reserves are located. Recognizing the subsurface structure of the earth’s crust is important to
enhance drilling accuracy and optimize the extraction of oil, gas, and other subsidized of the external lithosphere.
Based on multi sample and multi-layer data sets, unique drilling locations can be obtained. The integration of
multi—-Forward Optimization into the inversion task guarantees optimal drilling positions. Regardless of terrains,
dextral strike slip faults and cantilever domes are the best geological formations imaginable.

Machine learning changed seismic data analysis with great leaps through automation, which bypassed the
constraints of manual interpretation. Although machine learning models have been made more efficient by
identifying patterns in seismic images, they still depend on handcrafted features and significant preprocessing.
These constraints made way for deep learning, a subarea of machine learning that avoids the necessity for
manual feature extraction by directly learning hierarchical features from raw data.
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Deep learning models, particularly convolutional neural networks (CNNSs), have shown outstanding performance
in various image analysis tasks, such as medical imaging, remote sensing, and now seismic imaging.

A. Choice of U-Net Architecture

For salt detection, U-Net was chosen because of its ability to perform well in segmentation tasks. The reasons for
choosing U-Net are as follows:

High Accuracy in Segmentation: U-Net is an optimized fully convolutional network designed for pixel-level
segmentation and hence perfectly fits into identifying the salt boundaries within seismic images.

Skip Connections to Maintain Feature Information: With skip connections, the model can retain detailed
information that has been lost when down sampling, thereby enhancing the segmentation performance.

Strong Performance on Small Datasets: Unlike other CNNs, U-Net can handle small training data, a typical
limitation in seismic imaging.

Efficient Computational Design: Whereas certain deep learning models are computationally intensive, U-Net
strikes a balance between efficiency and accuracy, and thus is suitable for large-scale deployment.

B. Overcoming Current Limitations

Despite recent progress in deep learning for seismic imaging, there are still some challenges:

Data Sparsity and Class Imbalance: Seismic datasets tend to have class imbalances in which the salt formations
are underrepresented. To counteract this, the suggested method makes use of data augmentation methods and
Generative Adversarial Networks (GANs) to produce synthetic training instances, enhancing model
generalization.

Noise and Uncertainty in Seismic Data: Seismic data is highly noisy, and segmenting it proves to be tricky. Our
process involves the usage of sophisticated preprocessing methods like noise reduction, normalization, and
transfer learning to promote model stability.

Overfitting in Complicated Datasets: Most deep neural networks are prone to overfitting when working with
small datasets have high variance and applying dropout regularization, batch normalization, and fine-tuning
effectively mitigates this problem.

Computational Efficiency: U-Net has previously been known to require a significant amount of processing
resources, making it unfit for real-time tasks, but with my model, | am able to use U-Net’s architecture without
sacrificing accuracy, thus making it appropriate for use in exploration missions.

This research looks into the use of the application of deep learning techniques in the automation of salt detection
within seismic imaging. The study purposes to address the issues related to the accuracy, timeliness, and
reliability of segmentation solutions since these factors can make oil and gas exploration more economical and
safer.

Il. LITERATURE SURVEY

This section considers various options for identifying salt structures in seismic imaging, including classical
approaches, modern methods incorporating machine learning, and advanced deep learning techniques. All these
methods have evolved in their accuracy, execution time, and degree of automation in interpreting the seismic
data.

Automatically identifying salt bodies on seismic images is vital for petroleum exploration because it optimizes
the subsurface structure’s identification and minimizes drilling risks. The most recent progress in deep learning
has greatly improved the precision and effectiveness of segregating salt bodies.

A number of studies have aimed at efficient salt dome segmentation using fully convolutional networks (FCN)
[2], U-Net-based methods [5], and 3D convolutional neural networks [11]. Research has also focused on semi-
supervised learning [12] and interactive segmentation models [7], which seek to reduce the reliance on large
labeled datasets. The application of machine learning in seismic exploration is still developing, with some works
focused on physics-informed deep learning [10] and employing seismic attributes for predicting geological
drilling risks. Other works focus on [12] semi-supervised learning while trying to minimize the dependency on
extensive labelled datasets, and on interactive segmentation [7].

The implementation of machine learning in the context of seismic exploration is still at its infancy, with others
concentrating on the area of physics-informed deep learning [10] and the use of seismic attributes for forecasting
risks associated with geological drilling.

Automation and reliability offered by these deep learning models in the identification of salt domes have
significantly improved automation and reliability.

767



A. Traditional and Machine Learning Approaches

To better fit the needs of the modern workplace, manual methods and other processes have been optimized to
limit the chance of human error. The time inefficient processes that are tackled with automation improve the
overall productivity offered by models based on machine learning and feature-based learning.

Salt-Dome Detection Using a Codebook-Based Learning Model: employed GLCM and Gabor filters with K-
means clustering for salt boundary classification. While computationally efficient, it required significant
preprocessing and performed poorly on noisy data.

Robust Salt-Dome Detection Using Texture-Based Features: utilized texture-based metrics like MIFS and
mRMR for feature optimization. However, reliance on hand-crafted features limited its adaptability to diverse
datasets.

B. Deep Learning-Based Approaches

Deep learning has revolutionized seismic imaging by enabling automatic feature extraction from raw data.
Convolutional Neural Networks (CNNs) and U-Net architectures are pivotal in achieving precise salt
segmentation.

U-Net and Variants

U-Net, known for its semantic segmentation capabilities, captures both high- and low-level features:

A Deep Learning Approach for Segmentation of Salt Boundaries: compared U-Net and ResUNet, achieving
94.28% accuracy with an in-house encoder-decoder model. Enhancements like transposed convolutions
improved segmentation reliability.

Improved U-Net: incorporated batch normalization and high-pass filtering, achieving an loU of 85.60% by
addressing dataset variability through data augmentation.

Fully Convolutional Networks (FCNs): FCNs automate pixel-wise segmentation, offering superior precision. In
a U-Net-inspired model for salt detection, training accuracy reached 97.50% with a testing accuracy of 94.80%,
proving its robustness in boundary detection tasks.

3D Seismic Data Processing: 3D seismic models address the limitations of 2D techniques by providing a more
realistic view of geological structures.

3D Graph-Cut Algorithm: enhanced salt body contrast with seismic attributes while reducing computational
overhead.

SaltISNet3D: combined 3D U-Net with interaction techniques, achieving precise segmentation for complex
datasets.

C. Hybrid and Advanced Techniques

Innovative hybrid models continue to enhance segmentation performance:

Semi-Supervised Segmentation: leveraged labelled and unlabelled data through self-training CNN ensembles,
achieving superior accuracy.

Combining ResNet and DenseNet: architectures within a U-Net framework enhanced semantic segmentation,
demonstrating resilience across varied datasets.

These advancements underline the continuous progress in salt detection technologies, paving the way for more
precise and efficient seismic imaging solutions.

I11. DATASET DESCRIPTION

The data utilized here are the train dataset from the TGS Salt Identification Challenge, which is available on
Kaggle. It is widely accepted as a standard for salt segmentation tasks, providing grayscale seismic images and
binary masks that label pixels as either salt (1) or non-salt (0).

The competition data set includes two primary sets, train and test. Seismic images in the form of PNG are
available for both sets, and the train set has additional binary masks in case of supervised learning. Additional
depth information for each image, in terms of feet, is also available within the dataset. The depth data does not
declare if it mentions the top, center, or bottom of an image.

The structure of the dataset is the following:

CSV file of the depth (in feet) per image for both train and test sets.

Train folder:4,000 PNG image files to represent seismic sections. 4,000 PNG mask files for binary
classifications in salt segmentation.

Test folder: 12,000 PNG images of seismic data (not masks).

CSV file to state the format required for the competition submission.
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The data is subject to some difficulties including class imbalance, seismic image noise, and heterogeneity of salt
reservoirs, making segmentation tough. In addition to improving the generalization ability of the model, data
augmentation techniques like flip, rotation, and zoom are applied. Additionally, synthetic data generated with
Generative Adversarial Networks (GANS) contributes to diversity in training samples, further improving the
segmentation capacity.
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Figure 1. Random seismic batch images in gray scale overlapped with the salt classification (green) at each pixel

IV. PROPOSED METHODOLOGY

The success of salt detection using seismic imaging largely relies on the quality and nature of the dataset. For
this research, the TGS Salt Identification Challenge dataset on Kaggle is used as the main source. This dataset is
generally considered to be the standard for salt segmentation tasks, providing grayscale seismic images (101x101
pixels) with accompanying binary masks that classify pixels as salt (1) or non-salt (0). The training dataset
consists of around 4,000 images and their corresponding masks, and the testing dataset contains about 1,800
images without ground truth masks.

Important features of the dataset are seismic image data representing subsurface geology and binary masks with
ground truth for supervised learning. To design models that can identify salt deposits from other geological
formations these features are very important. The relatively small size of the images ensures efficient
computation with no loss of structural detail vital for proper segmentation. Problems such as class imbalance
where some images contain high concentration salt and others low concentration or no salt at all make things
more complicated and require special handling.

Preprocessing is the input data quality refinement step. Filtering helps to reduce noise and feature clarity in
seismic images is improved, normalization standardizes rescales pixel values to [0, 1] interval. This ensures
model consistency. Flipping, rotating, and zooming are some of the data augmentation techniques used to boost
the dataset size artificially and make models better. These helps mitigate class imbalance by providing more
examples of underrepresented patterns. Other advanced techniques like focal loss and oversampling help
mitigate class imbalance as well.

New preprocessing ways like transfer learning and adding fake data made by generative adversarial networks
(GANS) are more choices for improvement. Fake seismic pictures make the data set bigger and add variety to
help the generalization of models. Strong structures like CNNs, U-Nets, and ResNets with preprocessing
methods let salt bodies be split correctly. With the approach presented here, the complete information in the
dataset is harnessed to optimize salt detection during seismic imaging, enhancing the efficacy and precision of
detection. This framework will resolve noise, artifacts, and inadequacy of data levels, and therefore, will be a
large step in the automated salt detection process for oil and gas exploration. It also utilizes advanced
methodologies for automated salt detection.

V. IMPLEMENTATION

Model Optimization and Training: We executed the Models in Python using TensorFlow and Keras and trained
them in Google Colab with a GPU. Training was performed by hyperparameter tuning to increase segmentation
accuracy.

Used Hyperparameters: The next resources were used for training the model

A. Optimization Methods

To enhance the model’s accuracy and to reduce overfitting, the following optimization techniques were applied.
Batch Normalization: Applied after each convolutional layer to normalize training for faster convergence.
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Dropout Regularization: A dropout of 0.3 was implemented in the deeper layers of the ResU-Net model to evade
overfitting.

loU Metric for Performance Evaluation: The Intersection over Union (loU) metric was utilized as a secondary
evaluation metric along with accuracy to determine the efficiency of the salt segmentation.

Data Augmentation: Random rotation, horizontal flip, brightness changes, and affine transformation techniques
of data augmentation were utilized to enhance dataset variability and enable better generalization.

Generative Adversarial Networks (GANs):  were employed to synthesize extra training samples, countering
data sparsity and enhancing the model's generalization performance across varied seismic patterns.

Training on Augmented and Synthetic Data: The training set was extended by merging augmented real images
and synthetic images from GANs, enhancing the robustness of the model.

Weight Clipping for Stable Training: The Adam optimizer was setup with gradient clipping to avoid exploding
gradients and support stable training.

B. Final Model Performance

The model with the best performance yielded the following values:
Test Accuracy: ~87.33% (U-Net)

loU Score: ~0.57 (U-Net on test set)

Performance Comparison:

Baseline U-Net: ~93.55% Accuracy, loU ~0.49

ResU-Net: Improved loU (~0.57) but greater computational expense

TABLE |. HYPERPARAMETERS AND VALUES

Hyperparameter Value

Optimizer

Adam

Learning Rate

1e-4 (0.0001)

Loss Function

Binary Cross-Entropy

Batch Size

8

Number of Epochs

5

Validation Split

20% (80% for training and 20% for validation)

Weight Initialization

He Normal Initialization

Dropout Rate

0.3 (used in ResU-Net)

Activation Function

ReL U (excluding output layer: Sigmoid)

Kernel Size

3 x 3 for convolutional layers

Pooling Type

Max Pooling (2 x 2)

Up sampling Method

Conv2DTranspose (Transpose Convolution)

V1. SYSTEM DESIGN

The system design incorporates a modular approach to automate salt detection in seismic images. The
architecture includes three primary components: preprocessing, feature extraction, and classification. Seismic
images are first scanned to check their quality, and then they're pre-processed to ensure maximum reliability.
This step includes noise reduction and data normalization, deep learning model augmentation for unsupervised
training, among others. At the system centre, there are three models: Res-UNet, U-Net, and a custom-built
Encoder-Decoder. All of these models at the same time performed feature extraction important for identifying
salt features to confirm maximum efficiency for all. Advanced algorithms are employed by each model to
partition the images into their primary constituents, which are salt and non-salt. Through outline detection
methodologies, further modification of these areas produces enhanced clarity. A binary classification method is
used after acquiring the salt regions. This entails evaluating model outputs alongside set parameters to ascertain
the presence of salt deposits. Upon salt confirmation, the segmentation results are further fine-tuned through
controlled contouring to establish exact boundaries. The resulting images are combined using post processing to
generate single images which are verified for accuracy and consistency. All the model outputs are integrated to
maximize accuracy of the system. System design focused on enabling comfort of modification by researchers for
different seismic imaging problems using various models and preprocessors.

VI1I. DESIGN DIAGRAM

The design diagram illustrates a systematic approach to salt detection using deep learning models. Starting with
an input image, the data undergoes preprocessing steps such as normalization, noise reduction, and
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augmentation. These steps improve the dataset’s quality and enhance model performance. Three different
architectures—Res-UNet, UNet, and a custom Encoder-Decoder model—are employed to extract meaningful
features from the processed data. Each model independently processes the features to identify salt deposits
through binary classification. If salt is detected, boundary detection methods refine the segmentation to produce
accurate output images. The final results undergo evaluation and fine-tuning to ensure high reliability and
robustness. Post-processing combines outputs from all models for improved accuracy in identifying salt
boundaries.

VI1Il. DIFFERENT METHODOLOGIES APPLIED ON THE DATA

Preprocessing Techniques:

Normalization: Scales pixel values to the [0, 1] range for uniformity and faster convergence during training.
Noise Reduction: Reduces artifacts in seismic images to improve clarity and feature representation.

Data Augmentation: Enhances dataset variability through techniques like flipping, rotation, and zooming,
improving model robustness.

Feature Extraction: Res-UNet, UNet, and custom Encoder-Decoder models process seismic images to extract
meaningful features critical for segmentation.

Binary Classification: Determines the presence or absence of salt deposits, leveraging refined segmentation
results for precise boundary detection.

Combines outputs from all models, ensuring highly reliable and

accurate salt boundary identification. This comprehensive methodology addresses challenges like noise, artifacts,
and class imbalance, enhancing overall performance.
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Figure 2. System architecture

IX. RESULTS

A. Metrics for Evaluating the Model

Evaluating a salt segmentation model requires metrics that provide insights into its performance in identifying
and segmenting salt deposits accurately. Key metrics include precision, recall, and Intersection over Union
(loU), each serving a specific purpose in quantifying the model's effectiveness.
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Precision: measures the accuracy of the model in predicting salt deposits. It is the ratio of true positive
predictions (pixels correctly identified as salt) to all pixels predicted as salt (true positives + false positives). A
high precision indicates that the model makes fewer false positive predictions, meaning it is conservative and
less likely to mistakenly label non-salt regions as salt.

Recall: evaluates the model's ability to identify all actual salt deposits. It is the ratio of true positive predictions
to all actual salt pixels (true positives + false negatives). A high recall means the model is thorough in detecting
salt deposits, even if it sometimes includes false positives. It’s particularly critical in applications where missing
salt deposits could lead to significant risks or losses.

Intersection over Union (loU): also known as the Jaccard Index, is a widely used metric for segmentation tasks.
It measures the overlap between the predicted mask and the ground truth mask, relative to their combined area.
An loU of 1 indicates perfect alignment between the predicted and actual masks, while lower values signify
discrepancies. loU is particularly valuable for evaluating segmentation models because it accounts for both false
positives and false negatives, providing a holistic measure of performance. These metrics collectively provide a
comprehensive evaluation of the model, balancing the need for accuracy (precision), completeness (recall), and
overall segmentation quality (loU).

X. TEST RESULTS DIAGRAM
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Figure 2. Training Loss and Training IOU vs Epochs for U-Net with GANs

XI. TEST RESULTS TABLE

The results indicate that the integration of generative adversarial networks (GANs) for data augmentation
significantly enhances the performance of U-Net architectures in salt body segmentation tasks. Our experiments
demonstrate that while the basic U-Net model achieves reasonable performance with an accuracy of 74.60% and
an loU score of 0.48, the introduction of advanced data augmentation techniques substantially improves these
metrics.

The U-Net variant trained with Albumentations data augmentation shows a notable increase in accuracy to
82.5% and an loU score of 0.54, reflecting the positive impact of augmented training data on model
generalization. However, the most substantial performance gains are observed when GANS are incorporated into
the training process.
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The U-Net model trained with GAN-generated synthetic data achieves the highest accuracy of 89.45% and an
loU score of 0.6142, representing a relative improvement of approximately 20% in loU compared to the basic U-
Net. This suggests that GANs effectively address the challenge of limited training data by generating high-
quality synthetic samples that capture the complex variations in seismic imagery. The precision and recall
metrics further support these findings, with the GAN-augmented model demonstrating superior balance in
correctly identifying salt deposits while minimizing false positives. These results confirm that advanced data
augmentation strategies, particularly those employing GANs, significantly enhance the capability of deep
learning models to accurately segment salt bodies in seismic images, moving closer to the goal of fully
automated and reliable salt detection for oil and gas exploration

XI11. CONCLUSION

Recent developments in deep learning, especially CNNs and U-Net designs, have made tremendous
improvements in salt detection from seismic data. Challenges still exist in computational efficiency, data
sparsity, and model generalization. This project bridges these limitations by integrating CNNs, U-Net, and GAN-
based data augmentation to improve accuracy and minimize human error in seismic interpretation. The method
has the potential to facilitate faster, safer, and less expensive oil and gas exploration with high potential for
industrial application.
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