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Abstract

Accurate identification of seismic faults is critical to seismology, geological
modeling, and disaster assessment. Traditional manual interpretation entails
heavy reliance on domain expertise and suffers from inefficiency and subjec-
tivity. Although deep learning-based segmentation has advanced the field,
these methods remain limited by a dependence on scarce high-quality labeled
data and a lack of generalization flexibility. The Segment Anything Model
(SAM), a powerful vision foundation model, offers a breakthrough with its
robust zero-shot transfer capabilities and prompt-driven mechanism. This
study investigates the application of SAM to seismic fault interpretation. We
propose an interactive prompting strategy tailored to the linear and discon-
tinuous nature of faults, enabling users to guide the model in accurately seg-
menting complex fault structures via sparse prompts, such as points or bound-
ing boxes. Experimental results indicate that this approach significantly lowers
the technical barrier and reduces the time required for interpretation. By en-
hancing both flexibility and efficiency without compromising accuracy, this
method presents a promising new solution for intelligent seismic interpretation.
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1. Research Background

Accurate identification of seismic faults is fundamental to seismic interpretation
and geological modeling. The technological trajectory of this field has evolved
from manual interpretation to intelligent, interactive systems. Historically, fault
identification relied exclusively on expert visual interpretation, analyzing features

such as phase axis misalignment, torsion, and abrupt amplitude changes, or trac-
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ing linear discontinuities within coherence and curvature volumes [1]. While di-
rect, this approach is plagued by low efficiency, subjectivity, and poor repeatabil-
ity, failing to meet the processing demands of massive 3D seismic datasets. To
enhance objectivity and efficiency, researchers adopted traditional image pro-
cessing and machine learning techniques, employing Canny and Sobel operators
for edge detection, or utilizing ant colony algorithms and Hough transforms to
extract linear features [2]. Subsequently, machine learning models such as Sup-
port Vector Machines (SVM) and Random Forests enabled semi-automatic iden-
tification by classifying image blocks based on handcrafted features like texture
and grayscale [3]. However, the performance of these methods is constrained by
the quality of handcrafted features; they remain sensitive to noise and lack the
generalization capability required to characterize complex subsurface structures.

The advent of deep Convolutional Neural Networks (CNNs) revolutionized
fault identification. Specifically, semantic segmentation models with encoder-de-
coder architectures, such as U-Net and SegNet, enable end-to-end learning of
deep features from raw seismic data, achieving pixel-level prediction and signifi-
cantly advancing automation [4] [5]. Recent studies have further refined these
models through attention mechanisms and multi-scale feature fusion [6]. Despite
these advances, deep learning approaches face inherent limitations. First, they rely
heavily on extensive high-quality, pixel-level labeled data, the generation of which
is prohibitively expensive and labor-intensive. Second, these models typically
function as “black boxes” with static behaviors. They often lack flexibility when
applied to unseen survey data or novel fault patterns, and they offer limited inter-
activity, preventing users from incorporating expert knowledge to correct seg-
mentation results in real-time.

Recently, breakthroughs in vision foundation models have introduced a new
paradigm to address these challenges. Most notably, the Segment Anything Model
(SAM) released by Meta offers powerful zero-shot generalization and a flexible,
prompt-driven segmentation mechanism, derived from training on a dataset ex-
ceeding 1 billion masks [7]. Users can intuitively guide the model using sparse
prompts, such as points or bounding boxes. SAM facilitates the development of
solutions that minimize reliance on task-specific labeled data while combining the
high precision of deep learning with expert prior knowledge. In this context, this
study systematically investigates the application of SAM to seismic fault identifi-
cation. By designing an interaction strategy tailored to the specific characteristics
of seismic data, we propose a novel, efficient, and interactive method that over-
comes the critical bottlenecks of data dependency and insufficient flexibility.

Between 2021 and 2024, the field witnessed further advancements addressing
the limitations of standard CNNs, particularly their inability to capture long-
range dependencies. Researchers began integrating attention mechanisms and
Transformer architectures into seismic interpretation. For instance, modified U-
Net architectures incorporating residual attention modules and Vision Trans-

formers (ViT) have shown improved performance in distinguishing continuous
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fault geometries from stratigraphic noise by modeling global context [8] [9]. Fur-
thermore, to mitigate the chronic bottleneck of label scarcity, recent studies have
pivoted toward semi-supervised and transfer learning approaches. These methods
typically leverage models pre-trained on massive synthetic geological datasets,
which are then adapted to real-world seismic volumes with minimal supervision
[10] [11].

2. Method
2.1. Seismic Data Characteristics and Fault Interpretation

Seismic exploration delineates subsurface geology by acquiring reflected wave sig-
nals from subsurface media, typically presenting the data as 2D profiles or 3D
volumes. Morphologically, continuous seismic reflection events correspond to
stratigraphic interfaces, whereas faults are manifested as discontinuities, distor-
tions, abrupt terminations, or sudden changes in dip. To enhance the visibility of
these structural features, various seismic attributes are derived from the raw data.
The coherence (or similarity) attribute is particularly critical; by quantifying the
discontinuity between adjacent traces, it renders faults as clear linear low-coher-
ence anomalies on time slices, significantly aiding interpretation. Fundamentally,
fault interpretation is a semantic segmentation task aimed at isolating fault struc-
tures from the background. However, this process faces significant challenges, in-
cluding varying signal-to-noise ratios (SNR) that blur fault signatures, the geo-
metric complexity of faults (varying scales and dips), and the difficulty of differ-
entiating faults from other linear stratigraphic features like channels or coherent

noise.

2.2. Deep Learning for Semantic Segmentation

Image segmentation, a fundamental task in computer vision, involves partitioning
an image into semantically meaningful regions. This study focuses on semantic
segmentation, specifically the pixel-wise classification of seismic images into cat-
egories such as “fault” and “non-fault.” Convolutional Neural Networks (CNNs)
have established themselves as the dominant architecture for processing such
data. Through layers of convolution and pooling, CNNs automatically extract hi-
erarchical representations, transitioning from low-level edges to high-level se-
mantic features. The Encoder-Decoder architecture, epitomized by U-Net, is the
standard for such tasks. The encoder serves as a downsampling path to capture
global contextual information by compressing features, while the decoder func-
tions as an upsampling path to recover spatial resolution, enabling precise pixel-

level localization and classification.

2.3. Vision Foundation Models and the SAM Architecture

A “foundation model” is defined as a model trained on broad data at scale that
can be adapted to a wide range of downstream tasks via prompting, often without

the need for fine-tuning. While the GPT series exemplifies this in natural language
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processing, the Segment Anything Model (SAM) marks a parallel paradigm shift
in computer vision.

Trained on the SA-1B dataset comprising over 1 billion masks, SAM possesses
robust prior knowledge for general object segmentation. Its core mechanism is
prompt-driven interactive segmentation. Users guide the model to generate masks
via sparse prompts, such as positive/negative points, bounding boxes, or coarse
masks. A positive point signals the target object, while a negative point excludes
specific regions (Figure 1). Architecturally, SAM comprises three components: 1)
An Image Encoder, based on a Vision Transformer (ViT), which maps the image
into a high-dimensional feature embedding. Unlike traditional CNNs, ViT lever-
ages the self-attention mechanism to capture global contextual information, for-

mulated as:
QK
Jde

where Q, K, and Vare the query, key, and value matrices, and d, is the di-

Attention (Q, K,V ) = softmax

mension of the keys. 2) A Prompt Encoder, which converts user inputs (points,
boxes) into embedding vectors; and 3) A lightweight Mask Decoder, which effi-
ciently fuses the image and prompt embeddings to predict final segmentation
masks in real-time.

High-

dimensional

Feature
Embedding

Input Image —* Image Encoder —*

Predict
—> Mask Decoder —* Segmentation

Masks
Prompt

User Input — Prompt Encoder—* Embedding —
Vectors

Figure 1. SAM model flowchart.

3. Experimental Procedure

As illustrated in Figure 2, the workflow consists of three stages: (A) Data Prepro-
cessing: Seismic slices and U-Net derived labels are processed via separate pipe-
lines involving resizing, normalization, and morphological filtering to generate
standard training pairs (1024 x 1024). (B) Model Fine-tuning: The SAM architec-
ture is adapted for seismic data. The Image Encoder and Prompt Encoder are fro-
zen to retain pre-trained knowledge, while the Mask Decoder is fine-tuned using
box prompts with coordinate perturbations, optimized by a combination of Dice
and BCE loss. (C) Interactive Application: A PyQt5-based tool integrates the fine-
tuned model, allowing users to extract faults in real-time by drawing bounding

boxes.

3.1. Dataset Acquisition and Preprocessing

The dataset is selected from public datasets. Preprocessing was conducted sepa-

rately for seismic images and annotation masks to ensure data quality. For image
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Raw 3D Seismic Data

Data Preprocessing

. ‘ SAM Fine-tuning

Interactive Application

Real-time Fault Segmentation

Figure 2. Seismic data processing workflow.

data, raw inputs are first converted to floating-point format. We apply bicubic
interpolation to standardize the resolution to 1024 x 1024 and employ stacking or
truncation to ensure a three-channel RGB format. To improve feature visibility,
histogram equalization is applied to low-contrast images, followed by intensity
normalization to the [0, 1] range and outlier removal. The processed images are
finally stored as float 32 tensors.

For annotation masks, we implemented a standardized pipeline to adapt vari-
ous label formats for deep learning. An automated parsing mechanism handles
diverse inputs: binary masks are standardized to foreground/background; multi-
class labels preserve class IDs; and RGB pseudo-color labels are converted to gray-
scale to extract semantic indices. The pipeline consists of four key steps: 1) Resiz-
ing to 1024 x 1024 using nearest-neighbor interpolation to preserve boundary in-
tegrity; 2) Morphological filtering to eliminate noise (regions <100 pixels) and fill
holes (<200 pixels); 3) Casting to uint8 for storage efficiency; and 4) Rigorous

quality assurance to verify dimensions, data types, and label validity.

3.2. Training Strategy

The training framework employs a fine-tuning strategy for the SAM model based
on bounding box prompts. The model is initialized with pre-trained weights from
the ViT-B architecture. The training process was conducted over 200 epochs, with
a batch size of 2 and a learning rate of 0.0001. Methodologically, a custom data
loader was constructed to randomly select individual fault instances from.npy files
containing 1024 x 1024 images and 256 X 256 annotations to generate binary
masks. To enhance data diversity, bounding box coordinates were randomly per-
turbed. Regarding the model architecture, the prompt encoder was frozen, while
only the image encoder and mask decoder were trained. The optimization objec-
tive combined Dice loss and binary cross-entropy loss. Mixed-precision training
was utilized to accelerate computation, accompanied by a comprehensive check-
point saving mechanism. Figure 3 illustrates the evolution of Dice loss and cross-

entropy loss during the training process, which were monitored to ensure conver-
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gence. The entire process focused on enabling the model to accurately segment
specific fault structures in seismic images based on box prompts, thereby adapting

it to downstream interpretation tasks.

Dice + Cross Entropy Loss
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Figure 3. Dice and cross entropy loss.

3.3. Implementation of the Interactive Interpretation Tool

The proposed interactive tool facilitates fault identification by leveraging the
weights optimized during the training phase. Built upon the PyQt5 framework,
the system integrates the fine-tuned SAM model to enable precise, bounding box-
guided segmentation. By bridging state-of-the-art segmentation algorithms with
a user-friendly Graphical User Interface (GUI), the tool significantly streamlines
the annotation workflow and enhances accuracy.The system architecture is orga-
nized into three layers: an interaction layer for visual feedback, a model inference
layer encapsulating the SAM network, and a data preprocessing layer for stand-
ardization. Upon initialization, the system loads the ViT-B based SAM model,
which has been fine-tuned on seismic datasets to robustly characterize complex
fault structures.

The workflow begins with loading a seismic profile via the file dialog. The sys-
tem automatically initiates the feature extraction pipeline: the image is resized to
a resolution of 1024 x 1024, normalized, and processed by the Image Encoder to
generate high-dimensional feature embeddings. Crucially, this computationally
intensive step is performed only once, enabling real-time responsiveness for sub-
sequent interactions. Users define segmentation targets by drawing bounding
boxes (prompts). The system renders these boxes in red for immediate visual con-
firmation. Upon mouse release, the coordinates are normalized to the model’s in-

put scale, triggering the inference engine (Figure 4). The Prompt Encoder maps
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the bounding box to sparse embeddings, which are then fused with the pre-com-
puted image embeddings by the Mask Decoder to predict pixel-level fault masks
instantly. the initial segmentation result. Finally, the 256x256 low-resolution
mask is upsampled to the original image size using bilinear interpolation and bi-
narized with a threshold of 0.5. For visualization, a semi-transparent overlay tech-
nique is used, blending the color mask with the original image at 20% transpar-
ency, clearly displaying the segmented region while preserving the details of the

underlying image.

Load Image Save Mask

Figure 4. Screenshot of the interactive fault identification tool. Users guide the segmenta-
tion by drawing a box around the target area. The red bounding box indicates the user’s
prompt, and the red lines within the image show the real-time SAM segmentation results.

Figure 5. Seismic profile, mask and SAM segmentation results.

As shown in Figure 5, the first image represents the input seismic profile.
Through interactive bounding box prompting, the SAM model produces the fault
mask displayed in the third image, which serves as the prediction result. For com-
parison, the second image shows the ground truth label. It can be visually observed
that the segmented image is highly consistent with the label.

To rigorously quantify this performance, we performed a Seismic Profile Simi-
larity Analysis between the SAM-generated mask and the ground truth label,
evaluating metrics such as Structural Similarity (SSIM) and Pixel Accuracy (Table
1). The Structural Similarity (SSIM) score of 0.9808 is exceptional, approaching a
perfect match. This demonstrates that the annotated map maintains high con-

sistency with the original seismic data in terms of spatial layout and fault mor
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Table 1. Seismic profile similarity analysis report.

Evaluation . . Weighted .
. . Indicator Name Score  Weight Rating
Dimensions score
Comprehensive S TR
Overall similarity ~ 0.8380 1 0.8380  High similarity
assessment
Structural features Structural Similarity 0.9808  0.35 0.3433 excellent
Gradient features Gradient Similarity 0.8894  0.25 0.2224 good
global structure Global SSIM 0.9066  0.15 0.1360 excellent
Pixel precision Pixel Accuracy0.  0.9206  0.10 0.0921 excellent

phology. Crucially, key geological elements—such as fault strikes and propagation
patterns—are accurately preserved, representing the most vital performance met-
ric in this evaluation. Furthermore, the Gradient Similarity (0.8894) and Global
Structura.l Similarity (0.9066) scores are excellent, reflecting high fidelity in pre-
serving texture details, stratigraphic continuity, and subtle local features. Essential
seismic attributes, including reflection events and amplitude variations, remain
intact. The high Pixel Accuracy (0.9206) confirms precise pixel-level correspond-
ence in most regions, verifying the effectiveness of the annotation quality control.
The only outlier is the relatively low Mutual Information (0.2956) score (Figure
6). This suggests that despite the structural and visual alignment, there are diver-
gences in statistical distribution. This is attributed to the introduction of discrete
segmentation labels (e.g., color masks and boundary lines), which inevitably alter
the continuous grayscale distribution of the original seismic data. Such statistical
shifts are an inherent consequence of the annotation process and are considered
acceptable for the purpose of fault interpretation.

The SAM model demonstrates substantial technical superiority in seismic fault
identification. By leveraging interactive prompts—such as points and bounding
boxes—the model rapidly and accurately localizes fault zones, drastically enhanc-
ing efficiency. In contrast to traditional methods, SAM exhibits robust generali-
zation capabilities; its zero-shot segmentation ability transfers effectively to seis-
mic data, suggesting the model has encoded universal representations of edges
and geometric shapes. Experimental results validate its adaptability, achieving high-
precision segmentation that accurately captures linear fault features. Notably, it
delivers pixel-level precision in critical regions characterized by the discontinuity
and distortion of seismic reflection events, maintaining high fidelity even amidst
complex geological backgrounds.

In practical application, SAM fundamentally alleviates the burden of manual
interpretation. Whereas traditional workflows necessitate the laborious tracing of
faults, SAM’s interactive paradigm enables the automatic delineation of complete
fault structures via sparse prompts. This efficiency offers profound value for
structural analysis in geophysical exploration. Nevertheless, certain limitations

persist in complex scenarios. The model’s sensitivity to subtle or concealed fault
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Original Seismic Profile

Extracted Fault Regions

Figure 6. Fault detection validation.
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signatures requires further refinement, and boundary definition remains chal-

lenging within intricate fault intersection zones.

4. Conclusion and Outlook

In conclusion, SAM presents a novel Al paradigm for seismic fault identification
that effectively synergizes deep learning capabilities with human expertise. To
maximize practical utility, we advocate a workflow that combines “AI-driven pre-
liminary screening with manual verification”, in a typical 3D seismic volume in-
terpretation scenario, the interpreter would first allow the model to automatically
process slices with high confidence. For complex or ambiguous regions, the inter-
preter would step in to provide sparse bounding box prompts on key 2D profiles.
The model then propagates these refined features to adjacent slices, effectively
mapping the entire 3D fault system. This “human-in-the-loop” approach ensures
that expert geological insight guides the Al, balancing operational efficiency with
interpretative precision. Nevertheless, certain limitations persist. A primary chal-
lenge in seismic interpretation is the presence of high-amplitude coherent noise
and low Signal-to-Noise Ratio (SNR) zones, which can obscure fault evidence.
Future efforts focusing on domain-adaptive training and robust noise-suppres-

sion pre-training promise to further refine the model’s sensitivity to these subtle
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seismic features, extending its potential within geophysical exploration.
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