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SUMMARY

This Supplementary Material provides extra material for the
paper “SIGMA: A Physics-Based Benchmark for Gas Chim-
ney Understanding in Seismic Images”. The material is or-
ganized as follows:

• Section 1 defines seismic images and their importance
in seismic imaging applications, along with an expla-
nation of the concept of a gas chimney and its impact
on seismic data interpretation.

• Section 2 describes what velocity models are, how they
represent subsurface properties, their role in seismic
imaging, and why they are crucial for generating re-
alistic gas chimney seismic data instead of directly
adding noise to seismic images.

• Section 3 provides an analysis of the reliability of gen-
erated seismic images.

• Section 4 details the user study performed to validate
the generated seismic images, including detailed re-
sults, analysis of failure cases and insights.

• Section 5 describes the detail experimental setup for
evaluating the SIGMA dataset on related tasks.

• Section 6 discusses some interesting future directions.

1. Seismic Imaging
As outlined in Section 2 of the main paper, we provide a
more detailed explaination of the concepts of seismic image
and gas chimney, along with their problems.

What is seismic image? In surface exploration geophysics,
a seismic image refers a two- or three-dimensional repre-
sentation of the subsurface derived from reflected seismic
wavefields [6, 24]. More formally, seismic imaging is the
numerical process of creating an image of the subsurface

from reflections recorded at the subsurface. The primary
significance of seismic images in geophysical applications
lies in their ability to reveal subsurface geological structures
with high resolution. These images serve as essential tools
for surveying and decision-making processes in the oil and
gas industry, where understanding the geometry and proper-
ties of the subsurface directly influences drilling strategies,
risk assessment, and reservoir management [19].

What is gas chimney? Gas chimneys are commonly seen
in seismic images, and are vertical or near-vertical disturbed
zones in seismic data associated with the migration of fluids
or gases upward through the sedimentary column [3, 15].
They appear in seismic images as zones of disrupted or at-
tenuated reflections, often marked by chaotic, diffused am-
plitude patterns or zones of weak coherence [11, 15]. The
underlying mechanism usually involves fluid or gas escap-
ing from subsurface reservoirs. As it moves upward through
fracture pathways, it creates variations in velocity and atten-
uation within the overlying layers [5].

Why is it important to understand gas chimneys? In
seismic imaging, the presence of gas saturation, along with
scattering, attenuation, tends to degrade the seismic re-
sponse both within and beneath the chimney zones [15].
Arising from the complex nature of gas chimney forma-
tion and its impact on the seismic signals, the task of de-
tecting, accurately mapping gas chimney zones, and re-
constructing seismic features presents significant technical
challenges, often requiring extensive time, effort, and finan-
cial resources. Despite these obstacles, efforts dedicated to
understanding gas chimneys are critical, as they provide in-
valuable insights into subsurface fluid dynamics, such as
hydrocarbon migration, leakage, and the processes of reser-
voir recharge [11, 18]. The accurate identification of gas
chimney zones are fundamental for improving the reliability
of seismic imaging, as well as for ensuring precise interpre-
tation of subsurface data. These factors highlight the com-
plexity of gas chimney characterization and underscore the
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need for further research in the field to improve gas chimney
understanding. Moreover, the insights gained from improv-
ing gas chimney understanding methods will contribute to a
broader impact that could benefit various other fields within
the computer vision community.

2. Velocity Models
What is a velocity model? In seismic imaging, a velocity
model provides a quantitative description of seismic-wave
propagation through subsurface geological formations. It
defines the seismic velocity at each spatial point within the
subsurface, which is essential for accurately interpreting
seismic data. Velocity model can take the form of a 1D
depth-varying profile, a 2D map, or a full 3D volume, de-
pending on survey scale, and data availability [20].

Why are velocity models essential and fundamental for
realistic synthetic seismic data? Velocity models are fun-
damental to the seismic imaging workflow: they serve as
prerequisite inputs for migration algorithms and are re-
quired to correctly position and reconstruct subsurface re-
flectors. Inaccurate velocity models often lead to degraded
imaging quality, making it difficult to recover detailed and
reliable subsurface structures [1]. In physical terms, a ve-
locity model reflects the subsurface’s physical properties
that govern wave propagation, and is therefore essential for
reproducing realistic seismic images. For this reason, the
velocity model plays a central role in the synthetic data gen-
eration process, serving as the ground truth that defines the
complexity and fidelity of the resulting wavefield.

3. Reliability of SIGMA Dataset
Why don’t we simply add random noise to a normal seis-
mic image to simulate a gas chimney? As detailed in
Section 1, gas chimney occurrences in the subsurface can
significantly affect the seismic imaging process, leading to
noisy, degraded, blurred, or low-coherence regions in the
final seismic image [3, 15]. Thus, a gas–chimney–affected
seismic image can be viewed as a degraded version of a
normal seismic image. In the natural-image domain, nu-
merous methods exist for simulating degradation or corrup-
tion of the original image such as the addition of Gaus-
sian noise, application of low-level filter noise, or more
sophisticated modeling approaches [4, 12, 27]. However,
in seismic image domain, the presence of a gas-chimney
phenomenon introduce a distinct form of degradation, as
it evolves over geological time through underlying physi-
cal processes. Accordingly, we employ the velocity model
as a physically grounded representation of the local subsur-
face, thereby enabling a modeling of the temporal evolution
of the gas-chimney phenomenon. In our data generation
framework, to generate a synthetic seismic image with gas
chimney effects, we begin with an initial velocity model and

apply gas chimney modeling through a physics-based sim-
ulation process, following the method in [2]. This frame-
work enhances the reliability of our generated dataset, as
the images are produced by modeling a physically mean-
ingful phenomenon evolving over time, rather than by in-
jecting random statistical noise into the original seismic im-
age. As illustrated in Fig. 2, the gas chimney seismic im-
age simulated by injecting Gaussian noise cannot show the
seismic characteristics signature governed by rock physics
and wave attenuation, instead only creating unstructured
high-frequency noise that degrades the signal-to-noise ra-
tio. Additionally, we provide extra samples generated by
our framework in Fig. 1 to enable a better understanding.
Are 400 samples enough for the gas chimney un-
derstanding? Compared to traditional computer vision
datasets with millions of images, our SIGMA dataset con-
tains only 400 samples, making it relatively small in sample
count. However, these 400 seismic image pairs span more
than 1,600 km², providing a foundation for studying and un-
derstanding gas chimneys at the real-world scale. This cov-
erage is notably larger than that of many available datasets
in the field [7, 8, 13]. With our SIGMA dataset, the ge-
ographic range ensures a comprehensive representation of
subsurface features, enabling detailed gas chimney surveys.
In the context of gas chimney understanding, the variety of
geological conditions and the large-scale coverage of the
dataset significantly enhance its utility, the current dataset
already serves as a strong foundation for addressing gas-
chimney-related tasks. Furthermore, our study also pro-
vides an open framework for dataset generation, which al-
lows for the scalable creation of additional data whenever
high-quality velocity models are available. However, con-
structing such models remains a time-consuming and com-
putationally intensive process; it requires solving a chal-
lenging Full Waveform Inversion task and demands domain
experts to validate. Despite these constraints, our frame-
work ensures that the dataset can continue to grow in both
diversity and scale, supporting future advanced learning-
based methods on seismic imaging data.

4. User Study Details
To assess how closely the generated seismic images re-
semble real data, we conducted a user study to evaluate
their perceptual realism (see Section 4.4 of the Main Pa-
per). Given the specialized nature of seismic imaging, the
study involved 80 participants (ages 22–50), including 56
AI researchers and 24 geoscientists, all with substantial do-
main expertise. Each participant was presented with ten
randomly shuffled and unlabeled seismic images (five real
and five synthetic) and was asked to judge whether each
image appeared to be a real seismic image. Fig. 3 illus-
trates two representative synthetic test cases: a successful
example and a failure case (Fig. 3-a), along with the cor-



Figure 1. Data samples. We present more samples from our SIGMA, each sample consists of original velocity model, gas saturation map,
velocity model with gas chimney, seismic with gas chimney effect image and ground-truth seismic image without gas chimney. The yellow
bounding boxes highlight the differences between normal and gas-affected regions.

responding distribution of participant responses (Fig. 3-b).
The failure case is readily explained by examining its de-

graded seismic textures, which appear blurred, noisy, and
exhibit low contrast between adjacent layers, as highlighted
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Figure 2. Comparison of gas chimney generation methods. We present the results of two approaches: a simple Gaussian noise injection
and our physically grounded approach using velocity models to generate realistic synthetic seismic data. The yellow boxes highlight the
areas where gas chimneys are localized.
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Figure 3. Examples from our user study. (a) Two synthetic test
examples: a successful case and a failure case. Yellow-box anno-
tations indicate regions where seismic texture is degraded or col-
lapsed. (b) Pie charts summarize participants’ responses for each
sample across response categories, indicating the perceived real-
ism of the synthetic images.

by the yellow annotations. All failure cases are manually
checked and removed from our final data.

5. Experiment Details

In this section, we describe the training setup for the base-
lines in our benchmark, focusing on two main tasks: (i) gas
chimney detection and (ii) gas chimney enhancement.

5.1. Gas Chimney Detection
Baseline and Training. We benchmark four recent meth-
ods for this task: FaultSEG [23], DualUNet [22], Fault-
Former [21], and FaultViT [14], under a unified training
pipeline based on the Dice loss function [17]. The Dice
loss is defined as:

LDice = 1−
2
∑

i pigi + ϵ∑
i pi +

∑
i gi + ϵ

, (1)

where pi and gi represent the predicted and ground-truth
labels at pixel i, and ϵ is a small constant for numerical sta-
bility, prevents division by zero. For a fair comparison, all
models are trained for 300 epochs using the Adam optimizer
with a momentum factor of 0.98. We adopt a cosine anneal-
ing learning rate scheduler to gradually reduce the learning
rate from the initial value of 1×10−3 to 1×10−6, which sta-
bilizes convergence in the later training stages. A batch size
of 8 is used for all experiments by utilizing three NVIDIA
RTX 8000 GPUs.
Additional Visualization. As summarized in Table 2 of the
main paper, we present a qualitative comparison in Fig. 4
for the detection task. The results show that all compared
methods successfully capture the overall gas chimney struc-
tures. However, gas-chimney detection demands highly
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Figure 4. Qualitative results on detection task. We compare gas chimney mask outputs from different methods.

precise spatial localization, particularly around thin, irregu-
lar, or fragmented gas pathways. Although the predictions
appear visually reasonable, detailed localization errors re-
main, highlighting the need for more advanced methods to
achieve fine-grained gas chimney interpretation.

5.2. Gas Chimney Enhancement
Baseline and Training. In our experiment setup for en-
hancement task, we benchmark five recent methods: Seis-
ResoDiff [26], SeisDDPM [10], SeisGAN [16], Condition-
GAN [25], and SIST [9]. In GAN-based models, we adopt
the Wasserstein Generative Adversarial Network with Gra-
dient Penalty (WGAN-GP) to enhance training stability by
enforcing a soft Lipschitz constraint on the discriminator
(critic). The critic is optimized to maximize the difference
between its outputs on real and generated samples, while
the gradient penalty term regularizes the norm of its gradi-
ents along interpolated samples between real and synthetic
data. The critic loss is defined as:

LD = Ez∼p(z)

[
D(G(z))

]
− Ex∼pdata

[
D(x)

]
+ λEx̂∼p(x̂)

(
∥∇x̂D(x̂)∥2 − 1

)2

,
(2)

where x̂ = ϵx + (1 − ϵ)G(z) and ϵ ∼ U(0, 1), with λ be-
ing the gradient penalty weight. The generator loss aims to
minimize the discriminator’s ability to distinguish between
real and generated samples, given by:

LG = −Ez∼p(z) [D(G(z))] . (3)

For the conditional GAN model, the loss functions are ex-
tended by conditioning both the generator and discriminator
on a label y, where y represents the degraded gas chimney
version.

In diffusion-based models, the loss minimizes the mean
squared error (MSE) between the predicted noise ϵθ(xt, t)
and the actual noise ϵ added during the forward process:

Ldiff = Ex0,ϵ

[
∥ϵθ(xt, t)− ϵ∥2

]
. (4)

Finally, the learning-based method SIST [9] was trained
using the MSE loss, following the same training strategy as
the gas chimney detection task.

6. Future Works
We see several interesting directions for future work. First,
we aim to contribute to the development of large-scale seis-
mic foundation models by utilizing our dataset to improve
generalization across diverse seismic phenomena. Addi-
tionally, we also plan to scale up the dataset by utilizing
advanced full-waveform inversion methods to synthesize
high-quality velocity models, which are essential for seis-
mic imaging. Finally, we aim to propose effective methods
for addressing the current challenges in gas chimney under-
standing, providing a more comprehensive solution to this
challenging problem.
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