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6 A B S T R A C T7

8

Generating high-fidelity geological models is essential for advancing machine learning (ML) meth-9

ods in automated seismic interpretation. For instance, seismic images paired with corresponding10

fault labels are foundational for ML-based fault detection from seismic migration sections. While11

several open-access datasets of random geological models exist, open-source tools specifically12

designed to produce large volumes of such models for ML applications remain scarce. To address13

this gap, we present RGM (Random Geological Model), an open-source software package for14

efficiently generating 2D and 3D synthetic geological models tailored for ML workflows. RGM15

supports the creation of diverse model components, including medium property distributions16

(P-/S-wave velocities and density), seismic reflectivity images (i.e., synthetic migration sections),17

relative geological time, and discrete fault attributes such as probability, dip, strike, rake, and18

displacement. It also accommodates the creation of complex geological features such as salt19

bodies and unconformities. The model generation algorithm employs a multi-randomization strat-20

egy, yielding an effectively infinite-dimensional model space that encompasses a wide range of21

geological scenarios and associated seismic features. Furthermore, RGM incorporates a method22

to generate synthetic elastic migration images using analytical elastic reflection coefficients23

combined with frequency-dependent scaling. This functionality enables the creation of training24

datasets for ML models that leverage elastic seismic images. RGM is implemented in modern25

object-oriented Fortran, allowing users to flexibly control statistical parameters governing model26

variability. We demonstrate the capability, performance, and geological realism of the package27

through comprehensive 2D and 3D examples.28
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1. Introduction34

Machine learning (ML) methods are automating seismic interpretation in recent years. Numerous supervised or35

semi-supervised ML models have been developed for automatically identifying faults (Di et al., 2018; Wu et al., 2019a;36

Wang et al., 2024; Gao, 2024), seismic horizons and relative geological time (RGT) (Tschannen et al., 2020; Geng37

et al., 2020; Bi et al., 2021), salt bodies (Guo et al., 2021; Zhang et al., 2022), channels (Pham et al., 2019; Gao et al.,38

2021), seismic stratigraphy (Di et al., 2020), and so on, some of which are multitask (Wu et al., 2019b, 2023; Gao,39

2024). See Lin et al. (2024) for a comprehensive review of these models and prospects of this field.40

One of the key factors to obtaining generalizable ML models for these tasks is high-quality seismic data (seismic41

images, fault labels, and other relevant seismic attribute images). In fields such as computer vision and natural language42

processing (NLP), the availability of large-scale open-access datasets – such as images, videos, audio, and text – has43
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been a major driver of ML progress (e.g., Deng et al., 2009), with many datasets containing millions of examples. In44

contrast, ML applications in automated seismic interpretation have struggled with a shortage of high-fidelity labeled45

data. Wu et al. (2019c) and Wu et al. (2019d) demonstrated that it is feasible to use solely synthetic seismic images46

for training fault detection ML model. The idea was later validated in broader applications, including seismic image47

denoising (Li et al., 2022), RGT inference (Geng et al., 2020; Bi et al., 2021), fault detection (Gao et al., 2022a,b; Wang48

et al., 2024), fault geometric attribute inference (Wu et al., 2019d; Gao, 2024; Gao and Chen, 2025), and so on.49

Generation of synthetic seismic images and subsurface attributes lies in the domain of geological modeling (Wu50

and Xu, 2003; Caumon et al., 2009; Georgsen et al., 2012; de la Varga and Wellmann, 2016; de la Varga et al., 2019).51

Explicit geological modeling methods (e.g., Wu and Xu, 2003) and implicit methods (e.g., Calcagno et al., 2008; de la52

Varga et al., 2019) have found wide applications but are not designed specifically for generating a large amount of53

random geological models (especially seismic images and fault/fault attribute labels) for automatic seismic interpretation54

applications. Wu et al. (2019a) developed a procedure for generating synthetic seismic images and fault labels. Wu55

et al. (2020) presented an improved procedure to generate synthetic seismic images and faults. The method improves56

the fidelity of fault surfaces by introducing spatially decaying fault displacement on a fault surface and generating57

curved or listric fault surfaces through random surface perturbation. However, the sedimentary layer perturbation in58

this work is restricted to folding structures by summing from random Gaussian functions. In the same work, as well as59

later works by Geng et al. (2020) and Bi et al. (2021), the authors developed methods for generating synthetic RGT60

attribute along with seismic images and fault labels, and trained ML models to infer RGT from seismic images. Wang61

et al. (2023) developed a 3D geological modeling workflow for generating random geological models. In addition62

to applying random perturbation to fault surfaces as in Wu et al. (2020), they develop procedures to simulate fault63

displacement and fault drag (Grasemann et al., 2005) to better replicate realistic geological faults. The output from the64

method, however, only contains a seismic reflectivity image and a fault probability image. Lin et al. (2025) developed a65

parametric modeling method to generate random geological models for ML applications. These aforementioned works66

provide open-access datasets but the geological model generation algorithms themselves are not open-source, imposing67

nontrivial limitations for data reproducibility and adaption to specific geological regions or models of different sizes68

(e.g., synthetic images and fault labels with dimensions other than 128 × 128 × 128).69

Our work aims specifically to develop an open-source, modern Fortran-based, high-performance package for70

generating synthetic random geological models, with a focus on computational efficiency, geological realism, and71

data reproducibility. Our package, named Random Geological Model (RGM), can generate faulted random medium72

parameter models (P-wave velocity, S-wave velocity, and density models), facies (piecewise constant chronological73

model), RGT (piecewise smooth chronological model), faults (indexed from 1 to maximum number of faults in a model)74

and fault attributes (including dip, strike, rake, and displacement), salt bodies, and unconformity. The procedure used in75

Gao and Chen: Preprint submitted to Elsevier Page 2 of 36



Random Geological Model Generation

our open-source package is inspired by and similar to the workflows developed by Wu et al. (2019a), Wu et al. (2020),76

and Lin et al. (2025), but also with some notable differences and important feature improvements.77

First, we use two bounding surfaces at the top and the bottom for generating layer interfaces and positions. These78

surfaces can simulate both smooth and abrupt variations of sedimentary layers to improve geological realism of a79

generated model. Second, we adopt a simplified and efficient approach to insert faults into a random model, and design80

two strategies for creating faults (including faults with random orientations and faults with grouped orientations) to81

mimic topology of realistic fault networks. Specially, recognizing the importance of listric faults (Georgsen et al.,82

2012; Shafiq et al., 2018; Wu et al., 2020), we develop a straightforward method for inserting curved faults with83

depth-decaying dip angles in a random geological model to improve geological realism. The method is different84

from the volumetric vector field approached developed by Georgsen et al. (2012), but the resulting model is visually85

plausible from a structural geology point of view. Third, we introduce a new method for insert one or more random86

unconformity surfaces to a random model along with a systematic method to adjust RGT values after insertion of87

unconformity surfaces. We also introduce a novel method to build one or more random salt bodies to a random model88

using randomized circular curves combined with monotonic spline interpolation. These functionalities improve the89

realism and applicability of resulting random models compared with existing works where no unconformity or salt90

body exists, such as the method by Wu et al. (2020). Fourth, we provide the functionality to insert one or multiple91

unconformity surfaces into the model that can mimic disconformity, nonconformity, and angular unconformity in92

realistic geology.93

In RGM, we generate geological models by assigning randomized values to the parameters that define individual geo-94

logical features, where each feature (e.g., layer, faults, salt bodies, or unconformities) uses an independent randomization95

realization to ensure variability and uniqueness. This multi-randomization framework ensures that the resulting models96

maintain geological plausibility while avoiding repetitive or overly deterministic patterns, making RGM particularly97

suitable for generating large amounts of data for training of ML models of automated seismic interpretation. With the98

open-source implementation of our algorithm, users can generate a wide range of randomized geological models by99

customizing dozens of parameters to suit the specific requirements of their machine learning training tasks.100

2. Methodology101

2.1. Medium property models102

We first generate layers for the random geological model. We use the following steps to build an unfaulted model.103

Step 1: Generate top and bottom bounding surfaces that constrain overall shapes of the layers. We set two random104

surfaces to represent the top-most and bottom-most reflectors, and each of them can be one of the following surfaces:105
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1. Smoothed random surface defined by106

𝐼(𝑥, 𝑦) = 𝜎𝑥,𝜎𝑦 (𝑠(𝑥, 𝑦)), (1)

where 𝑠(𝑥, 𝑦) represents a 2D array filled with random values drawn from a uniform distribution, and the tunable107

parameters 𝜎𝑥 and 𝜎𝑦 represent the smoothing radii of the Gaussian filter  along the 𝑥- and 𝑦-axes, respectively.108

Figures 1a and b display an example of 1D smooth random interface (for generating 2D random geological model)109

and an example of 2D smooth random surface (for generating 3D random geological model).110

2. Random Gaussian surface defined by111

𝐼(𝑥, 𝑦) =
𝑚
∑

𝑖=1
ℎ𝑖 exp

[

−1
2

(

(𝑥 − 𝜇𝑥,𝑖
𝜎𝑥,𝑖

)2
+
(𝑦 − 𝜇𝑦,𝑖

𝜎𝑦,𝑖

)2
)]

, (2)

where the parameters 𝜇𝑥 and 𝜇𝑦 control the locations of the Gaussian functions in the horizontal positions, 𝜎𝑥112

and 𝜎𝑦 control the width of the Gaussian functions, and ℎ𝑖 controls the height of each Gaussian functions. With113

RGM, the user can set random values for these three parameters (𝜇, 𝜎, and ℎ) to generate a smooth, Gaussian114

surface or interface.115

3. Random Cauchy surface defined by116

𝐼3(𝑥, 𝑦) =
𝑚
∑

𝑖=1
ℎ𝑖

[

1 +
(𝑥 − 𝜇𝑥,𝑖

𝜎𝑥,𝑖

)2
+
(𝑦 − 𝜇𝑦,𝑖

𝜎𝑦,𝑖

)2
]−3∕2

. (3)

Under the same value of 𝜎𝑥 or 𝜎𝑦, the Cauchy function appear sharper than the Gaussian function. Therefore, a117

random Cauchy surface can mimic more localized and more horizontally “compressed” fold structures than a118

Gaussian surface. Figures 1e and f display an example of 1D smooth Gaussian interface and an example of 2D119

smooth Gaussian surface. In RGM, both Gaussian and Cauchy random surfaces can rotate based on:120

⎡

⎢

⎢

⎣

𝑥̂

𝑦̂

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

cos(𝜃𝑖) − sin(𝜃𝑖)

sin(𝜃𝑖) cos(𝜃𝑖)

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝑥 − 𝜇𝑥,𝑖

𝑦 − 𝜇𝑦,𝑖

⎤

⎥

⎥

⎦

, (4)

where 𝜃𝑖 is a random rotation angle on the 𝑥 − 𝑦 plane for the 𝑖-th 2D Gaussian or Cauchy function. Substituting121

𝑥 − 𝜇𝑥 and 𝑦 − 𝜇𝑦 with 𝑥̂ and 𝑦̂, respectively, we can then obtain the random surface to mimic rotated fold122

structures.123

4. Multi-octave Perlin surface (Perlin, 1985; Etherington, 2022): To generate a 2D Perlin surface consisting of124

𝑁𝑥 ×𝑁𝑦 grid points, we first divide the mesh into 𝑀𝑥 ×𝑀𝑦 coarse grids (𝑀𝑥 and 𝑀𝑦 are usually called the125
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resolutions of a Perlin noise). We then randomly assign unit gradient vectors generated through 𝐠 = (𝑔𝑥, 𝑔𝑦) =126

[cos(𝜙), sin(𝜙)], where 𝜙 ∈  (0, 2𝜋) is a set of random values drawn from the uniform distribution limited by127

a lower bound of 0 and an upper bound of 2𝜋. For each fine-mesh grid point 𝐩 = (𝑥, 𝑦), we first locate their128

lower and upper integer bounding grid points (𝑥0, 𝑦0) = ⌊𝑥, 𝑦⌋ and (𝑥1, 𝑦1) = ⌈𝑥, 𝑦⌉, and then the corner values129

corresponding to 𝐱 is computed based on the dot product between the random gradient vectors and the distance130

vectors:131

𝑣00 = 𝑔𝑥,0(𝑥 − 𝑥0) + 𝑔𝑦,0(𝑦 − 𝑦0), (5)

𝑣01 = 𝑔𝑥,0(𝑥 − 𝑥0) + 𝑔𝑦,1(𝑦 − 𝑦1), (6)

𝑣10 = 𝑔𝑥,1(𝑥 − 𝑥1) + 𝑔𝑦,0(𝑦 − 𝑦0), (7)

𝑣11 = 𝑔𝑥,1(𝑥 − 𝑥1) + 𝑔𝑦,1(𝑦 − 𝑦1). (8)

Defining a fade function function as132

𝑓 (𝑡) = 6𝑡5 − 15𝑡4 + 10𝑡3, (9)

and a linear interpolation as133

(𝑎, 𝑏, 𝑡) = 𝑎 + 𝑡(𝑏 − 𝑎), (10)

then we generate the Perlin noise at (𝑥, 𝑦) as134

𝑃 (𝑥, 𝑦) = ((𝑣00, 𝑣10, 𝛿𝑥),(𝑣01, 𝑣11, 𝛿𝑥), 𝛿𝑦), (11)

where 𝛿𝑥 = 𝑓 (𝑥 − 𝑥0) and 𝛿𝑦 = 𝑓 (𝑦 − 𝑦0). Repeating the procedure for all the fine-mesh grid points, we then135

obtain the Perlin noise at this octave. Furthermore, a multi-octave Perlin noise can be generated via136

𝑠(𝐱) =
𝑁𝑣−1
∑

𝑖=0
𝑤𝑖𝑃 (𝜂𝑖𝐱), (12)

where 𝑤 ∈ (0, 1] is call the persistence for decreasing the amplitude of noise over octaves, 𝜂 is the lacunarity for137

increasing the spatial frequency of noise over octaves, and 𝑁𝑣 is the number of octaves; in our implementation,138

for simplicity we use 𝜂 = 2 and 𝑤 = 0.5. Figures 1g and h display an example of 1D smooth Perlin interface and139

an example of 2D smooth Perlin surface.140

Gao and Chen: Preprint submitted to Elsevier Page 5 of 36



Random Geological Model Generation

Figure 1: Examples of random interfaces and surfaces serving as bounding surfaces in RGM, including (a-b) smoothed
random surfaces, (c-d) random Gaussian surfaces, (e-f) random Cauchy surfaces, and (g-h) random Perlin surfaces.
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We then add a linear slope to the generated interface:141

𝐼 ′(𝑥, 𝑦) = 𝐼(𝑥, 𝑦) + 𝑥
𝑥max

Δ𝐿𝑥 +
𝑦

𝑦max
Δ𝐿𝑦, (13)

where the tunable parameters Δ𝐿𝑥 and Δ𝐿𝑦 are the maximum slopes along the 𝑥- and 𝑦-axis, respectively, and 𝑥max142

and 𝑦max represent the maximum dimensions of the model in the 𝑥 and 𝑦 directions, respectively.143

Step 2: Compute in-between reflector positions. We use linear interpolation to compute the coordinates 𝑧𝑖(𝑥, 𝑦) of144

the 𝑖-th reflector in the vertical direction:145

𝑧𝑖(𝑥, 𝑦) − 𝑧1(𝑥, 𝑦)
𝑧𝑛(𝑥, 𝑦) − 𝑧1(𝑥, 𝑦)

= 𝑖 − 1
𝑛 − 1

, (14)

where 𝑛 represents the number of interfaces in total, and (𝑥, 𝑦) represents the horizontal coordinates of a point on the146

𝑖-th reflector.147

We introduce a vertical thickness variation to the generated layer positions. We first compute the first-order derivative148

of 𝑧𝑖 along the vertical direction at every horizontal position, and the resulting derivative is the thickness of the layers. We149

then multiply the layer thickness with a 1D random array with values drawn from a uniform distribution  (1−𝛿𝑣, 1+𝛿𝑣),150

where 0 ≤ 𝛿𝑣 ≤ 1 is a hyper-parameter that can be defined by the user. We then integrate the randomly weighted array to151

obtain the adjusted layer thicknesses, which vary randomly in the vertical direction. Assuming the sequence of vertical152

positions of the uniform-thickness layers at the horizontal position (𝑥, 𝑦) is 𝑙(𝑥, 𝑦) = {𝑧1(𝑥, 𝑦), 𝑧2(𝑥, 𝑦),⋯ , 𝑧𝑛(𝑥, 𝑦)},153

then the vertical positions of the layers after adjustment can be written as:154

𝑧′𝑖(𝑥, 𝑦) = ∫

𝑖

1

[

𝑤𝜁 max
(

0,
𝜕𝑙(𝑥, 𝑦)
𝜕𝜁

)]

𝜁
𝑑𝜁, (15)

where 𝜁 represents the vertical axis, 𝑤𝜁 represents the depth-varying weights, and 𝜁 represents the discrete values of155

layer thickness after weighting. Note that here because 𝑙(𝑥, 𝑦) is a discrete function, we use the symbol 𝜕 to represent156

a finite-difference approximation to the continous derivative. Assuming the layer position in the vertical direction is157

𝑙′(𝑥, 𝑦) = {𝑧′1(𝑥, 𝑦), 𝑧
′
2(𝑥, 𝑦),⋯ , 𝑧′𝑛(𝑥, 𝑦)}, then we linearly transform the adjusted vertical positions to the range of158

[𝑧1, 𝑧𝑛] with159

𝑙′′(𝑥, 𝑦) =
𝑙′ − 𝑙′min

𝑙′max − 𝑙′min

[

𝑧𝑛(𝑥, 𝑦) − 𝑧1(𝑥, 𝑦)
]

+ 𝑧1(𝑥, 𝑦), (16)

A sedimentary layer may also have varying thickness across the horizontal directions. By assuming the vertical160

positions of the layers are ℎ(𝑥, 𝑦) = {𝑧′1(𝑥, 𝑦), 𝑧
′
2(𝑥, 𝑦),⋯ , 𝑧′𝑛(𝑥, 𝑦)}, we introduce horizontal layer thickness variations161
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via162

𝑧′′𝑖 (𝑥, 𝑦) = ∫

𝑖

1

[

max

(

0,
𝜕(ℎ(𝑥, 𝑦) + 𝜂◦𝜎(𝑟(𝑥, 𝑦)))

𝜕𝜁

)]

𝜁

𝑑𝜁, (17)

where 𝜂 represents a linear transform that transforms the input to [−𝜂, 𝜂] with 𝜂 being the maximum perturbation163

of layer thickness in the horizontal directions, and varies from layer to layer because the thickness of each layer can164

be different after the vertical thickness layer adjustment discussed above. In addition, 𝜎 is the standard deviation of165

the Gaussian filter  for smoothing the random values 𝑟(𝑥, 𝑦). Again, here we use 𝜕 to represent a finite-difference166

approximation to the continuous vertical derivative.167

After the layer thickness adjustment, we obtain the vertical positions of the layers as168

𝑙′′(𝑥, 𝑦) = {𝑧′′1 (𝑥, 𝑦), 𝑧
′′
2 (𝑥, 𝑦),⋯ , 𝑧′′𝑛 (𝑥, 𝑦)}. (18)

We then linearly transform the positions to the range of (𝑧1, 𝑧𝑛) with:169

𝑧final
𝑖 (𝑥, 𝑦) =

𝑙′′ − 𝑙′′min

𝑙′′max − 𝑙′′min

[

𝑧𝑛(𝑥, 𝑦) − 𝑧1(𝑥, 𝑦)
]

+ 𝑧1(𝑥, 𝑦). (19)

Step 3: Fill layers with medium property values. The final step of creating an unfaulted geological model is to fill170

the grid points between the interfaces {𝑧final
𝑖 } with values of the medium property (in our case, the P-wave velocity171

𝑉𝑝). In our RGM, we use linear interpolation of 𝑛 − 1 distinct velocity values along the 𝑧 direction to build this model.172

In specific, as displayed in Figure 2, because along the 𝑧-axis the interface points may not fall exactly on integer grid173

points, simply using the values from nearest grid points may create staircases in the generated model. Therefore, within174

each layer (i.e., between two reflectors 𝑧𝑖 and 𝑧𝑖+1), we create 𝑛𝑙 regularly sampled grid points as175

{𝑧𝑖 + Δ𝑧𝑖, 𝑧𝑖 + 2Δ𝑧𝑖,⋯ , 𝑧𝑖+1 − Δ𝑧𝑖}, (20)

where Δ𝑧𝑖 = (𝑧𝑖+1 − 𝑧𝑖)∕(𝑛𝑙 + 2), and the corresponding medium property values for these 𝑛𝑙 grid points are all 𝑣𝑖,𝑖+1.176

Along the depth direction, we then resample the non-uniformly sampled sequence177

{𝐙,𝐕} = {(𝑧1 + Δ𝑧1, 𝑣1,2),⋯ , (𝑧𝑖 + Δ𝑧𝑖, 𝑣𝑖,𝑖+1),⋯ , (𝑧𝑛 − Δ𝑧𝑛, 𝑣𝑛−1,𝑛)} (21)

to uniformly sampled grids 0, 1, 2, .., 𝑁𝑧 − 1 using linear interpolation. We repeat the process for all the horizontal178

positions, and obtain the medium property values on the regular grid points that define the random geological model.179
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Figure 2 is a schematic plot of the above linear interpolation procedure to obtain medium property values on integer180

grid points that cover the final regular-grid geological model.181

Figure 2: Interpolation of irregularly sampled layer velocity values (indicated by blue and red disks) onto a regularly sampled
computational mesh (represented by blue, red, and green squares). For visual clarity, the disks are laterally offset from their
corresponding mesh locations; in reality, they are horizontally aligned with underlying grid lines.

Because we may need to insert one or multiple faults with non-zero vertical displacements into the unfaulted model,182

it is important to pad additional grid points to the boundaries of the model. The added grid points must ensure that after183

the shiftings caused by faults, the most exterior grid points of the unfaulted model are not in the interior of the final184

faulted model, as indicated by the black and white rectangles in Figure 3. The number of padded layers should be as185

small as possible to reduce computational cost. We estimate the number of additional grid points required to pad a186

model along the 𝑧-axis (i.e., at the top and bottom surfaces of the model) as187

𝑚1 = max
⎛

⎜

⎜

⎝

𝑁𝑓
∑

𝑖=1
max(𝑓𝑑,𝑖 sin(𝜃𝑖), 0),−

𝑁𝑓
∑

𝑖=1
min(𝑓𝑑,𝑖 sin(𝜃𝑖), 0)

⎞

⎟

⎟

⎠

, (22)

𝑚2 = max(|Δ𝐿𝑥|, |Δ𝐿𝑦|), (23)

𝑚3 = max(|Δ𝐻𝑥|, |Δ𝐻𝑦|), (24)

𝐸𝑧 = ⌈max(𝑚1, 𝑚2) + 𝑚3⌉, (25)

where ⌈𝑥⌉ represents the nearest integer larger than 𝑥, and Δ𝐻𝑥 and Δ𝐻𝑦 represent the maximum heights of top and188

bottom bounding surfaces, respectively. The above equations account for the maximum possible vertical shifts caused189

by 𝑁𝑓 faults (the method for inserting faults into the model will be discussed in the next section), nonzero slopes, and190

heights of the reflectors.191
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Similarly, the number of grid points needed to pad the horizontal boundaries can be estimated as192

𝑚1 =
𝑁𝑓
∑

𝑖=1
max(𝑓𝑑,𝑖(cos(𝜑𝑖) sin(𝜙𝑖) − sin(𝜑𝑖) cos(𝜃𝑖) cos(𝜙𝑖)), 0), (26)

𝑚2 = −
𝑁𝑓
∑

𝑖=1
min(𝑓𝑑,𝑖(cos(𝜑𝑖) sin(𝜙𝑖) − sin(𝜑𝑖) cos(𝜃𝑖) cos(𝜙𝑖)), 0), (27)

𝐸𝑥 = ⌈max(𝑚1, 𝑚2)⌉, (28)

𝑚3 =
𝑁𝑓
∑

𝑖=1
max(𝑓𝑑,𝑖(cos(𝜑𝑖) cos(𝜙𝑖) − sin(𝜑𝑖) cos(𝜃𝑖) sin(𝜙𝑖)), 0), (29)

𝑚4 = −
𝑁𝑓
∑

𝑖=1
min(𝑓𝑑,𝑖(cos(𝜑𝑖) cos(𝜙𝑖) − sin(𝜑𝑖) cos(𝜃𝑖) sin(𝜙𝑖)), 0), (30)

𝐸𝑦 = ⌈max(𝑚3, 𝑚4)⌉. (31)

The workflow for building an unfaulted model from two bounding surfaces is summarized in Figure 3.193

In elastic wave modeling, imaging, and inversion applications, it is essential to build elastic wave velocity models194

including 𝑉𝑝 and 𝑉𝑠 in contrast to only 𝑉𝑝 model in acoustic media. In some circumstances, one also needs to build195

a density model to accurately replicate reflection amplitudes. Our RGM provides functionality to generate 𝑉𝑠 model196

based on a predefined range of 𝑉𝑝∕𝑉𝑠 ratio 𝑟min <= 𝑉𝑝∕𝑉𝑠 <= 𝑟max:197

𝑟 =
𝑉𝑝 − 𝑉𝑝,min

𝑉𝑝,max − 𝑉𝑝,min
(𝑟max − 𝑟min) + 𝑟min, (32)

𝑉𝑠 = 𝑉𝑝∕𝑟. (33)

It is worth noting that the computation of 𝑉𝑠 model is performed after all faulting-related displacements are finished198

(the procedure is described in the Fault subsection).199

In RGM, we generate a density model from 𝑉𝑝 following Gardner’s rule (Gardner et al., 1974).200

2.2. Relative geological time201

RGM can also generate piecewise smooth RGT attribute that is useful for inferring the sedimentary and deformation202

history of a region. Our RGM generates the unfaulted RGT volume in a similar way with the medium property model. In203

specific, we assume that RGT between two reflectors should be linearly decreasing from the lower reflector to the upper204

reflector, representing the older to newer sedimentation history, as indicated in Figure 4. In RGM, at every horizontal205

position (𝑥, 𝑦), we linearly interpolate the layer depth positions 𝜉𝑖 = 𝑧final
𝑖 (𝑥, 𝑦) to the value range of [0, 𝑁𝑧 − 1] based206
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Figure 3: The workflow for generating the layer interfaces and filling layers with medium property parameters in RGM
based on two bounding surfaces. The black rectangle in panels (a-d) (or the white rectangle in panel (e)) represent the
region of the final geological model. The step of adding vertical thickness variation is based on equation (15), while the
step of adding horizontal thickness variation is based on equation (17).

on stretched coordinates:207

𝐡 =
{

𝑁𝑧 − 1 − 𝜉1, 𝑁𝑧 − 1 − 𝜉2, 𝑁𝑧 − 1 − 𝜉3,⋯ , 𝑁𝑧 − 1 − 𝜉𝑛
}

, (34)

𝐳 =
{

1, 1 − 1
𝑛 − 1

, 1 − 2
𝑛 − 1

,⋯ , 0
}

, (35)

𝐡′ =
{

0, 1, 2,⋯ , 𝑁𝑧 − 1
}

, (36)
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𝑇 (𝑥, 𝑦) = (𝐡, 𝐳,𝐡′). (37)

where  represents linear interpolation that is built from the pairs (𝐡, 𝐳) and interpolates at integer grid point locations208

𝐡′. Note that in most cases, 𝐡 is a non-uniformly sampled sequence, because 𝜉 (the depths of the reflectors) are adjusted209

by vertical and horizontal layer thickness variations. Therefore, the pairs (𝐡, 𝐳) are equivalently coordinates stretching210

and compressing. The uniformly sampled sequence 𝐡′ represents the coordinates of regularly sampled grid points that211

define the final random geological model.212

Figure 4: Schematic representation of RGT between two reflectors. The RGT values linearly decrease from 𝑇𝑖 and 𝑇𝑖+1
regardless of the layer thickness.

2.3. Faults213

Faults are the key for our RGM to generate realistic geological models for training fault detection and characterization214

ML models. In RGM, instead of adopting the volumetric vector field approach (Cardozo et al., 2008; Georgsen et al.,215

2012; Laurent et al., 2013; Wu et al., 2020) for creating faults and shifting grid points, we develop a simpler approach.216

We assume that for a fault surface (or a fault line in the 2D case), the displacement, strike, and rake are constant,217

while the dip can be constant (i.e., a planar fault surface) or can decrease smoothly from shallow to deep regions of the218

model (i.e., a listric fault surface). We display a comparison between straight and curved faults using a 2D example in219

Figure 5. In the implementation of RGM, we view the planar fault as a special type of curved fault with constant dip220

angle (i.e., 𝜃(𝑧0) = 𝜃(𝑧max) = 𝜃̄.221

For a fault with a strike angle 𝜙 ∈ [0, 𝜋], a rake angle 𝜑 ∈ [0, 𝜋], a displacement of 𝛿, and a potentially depth-varying222

fault dip angle 𝜃(𝑧) ∈ (0, 𝜋), the horizontal deviation (𝛿𝑥, 𝛿𝑦) of the fault with respect to the topmost fault line at depth223

𝑧 is224

𝛿𝑥 = − 1
tan(𝜃(𝑧))

sin(𝜙)𝑧, (38)

𝛿𝑦 = 1
tan(𝜃(𝑧))

cos(𝜙)𝑧. (39)

Assume the horizontal center of the fault is (𝑓𝑥, 𝑓𝑦), and the fault has a strike angle of 𝜙, then at the depth 𝑧, the line225
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Figure 5: A comparison between (a, c) straight (planar) faults with depth-constant dip angles and (b, d) listric faults with
depth-decaying dip angles (measured relative to the vertical) as generated by RGM.

representing the fault is226

𝑎 = tan(𝜙), (40)

𝑏 = (𝑓𝑦 + 𝛿𝑦) − 𝑎(𝑓𝑥 + 𝛿𝑥), (41)

𝑦 = 𝑎𝑥 + 𝑏. (42)

Therefore, the distance between any point (𝑥̂, 𝑦̂) at depth 𝑧 to the fault line 𝑦 = 𝑎𝑥 + 𝑏 is227

𝑑 =
|𝑦̂ − (𝑎𝑥̂ + 𝑏)|

√

1 + 𝑎2
. (43)

Consider that at the depth of 𝑧, the dip angle of a fault is 𝜃(𝑧), then in order for a grid point at the same depth being228

a fault point, the horizontal distance of this point to the fault line must satisfy 𝑑𝑥,𝑦 ≤
1
2𝑓𝑤∕ sin(𝜃(𝑧)), where 𝑓𝑤 is the229

thickness of the fault along its normal direction.230

Equation (42) defines a series of fault lines on the 𝑥 − 𝑦 plane along the depth axis. By checking the sign of the231

distance of a grid point to the fault line as indicated in Figure 6b, we obtain a block on one side of the fault, and this fault232

will be designated as the shifting block where grid points are to be moved, as indicated by the blue block in Figure 6c.233
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For every point in the model with a coordinate of (𝑥, 𝑦, 𝑧) that falls into the shifting block, the spatial shift is234

Δ𝑥 = 𝑓𝑑[cos(𝜑) cos(𝜙) − sin(𝜑) cos(𝜃̄) sin(𝜙)], (44)

Δ𝑦 = 𝑓𝑑[cos(𝜑) sin(𝜙) − sin(𝜑) cos(𝜃̄) cos(𝜙)], (45)

Δ𝑧 = −𝑓𝑑 sin(𝜑) sin(𝜃̄), (46)

where 𝑓𝑑 is the fault displacement. Note that here 𝜃̄ is a constant rather than a depth-varying quantity; in our imple-235

mentation, we simply use the dip at 𝑧 = 0 as the value of 𝜃̄. Note that once the the block to be shifted is identified236

and the displacements along all three axes are determined, we shift the same set of grid point in all relevant models237

simultaneously, including the medium property model (𝑉𝑝), the fault index model, the fault geometric attributes (dip,238

strike, rake, displacement) models, as well as the RGT model. By repeating the above procedure for 𝑁𝑓 faults, each of239

which may have different values of dip, strike, rake, and displacement, we obtain a faulted geological model.240

Figure 6: A schematic plot of creating a fault in RGM. 𝐹𝑧 – the fault line at the depth of 𝑧; 𝜃 – the dip angle of fault at
the depth of 𝑧; (𝑥, 𝑦) – a grid point at the depth of 𝑧; 𝑑 – shortest distance between (𝑥, 𝑦) and 𝐹𝑧.

We design two ways to mimic realistic fault network topology: one is to generate relatively randomly distributed241

faults where the strikes, rakes, dips, and displacements for the individual faults can span a relatively wide value range as242

displayed in Figure 7a, and the other one is to generate relatively regularized faults grouped into two groups, where faults243

in each group have a similar strike, rake, dip, and displacement and are quasi-parallel with one another as displayed in244

Figure 7b.245
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Figure 7: Map views of (a) faults with random strikes and (b) faults with grouped strikes in 3D models.

2.4. Salt body246

RGM provides a functionality to insert one or multiple salt bodies into the random geological model. We use a247

four-step procedure to build randomly shaped salt bodies.248

Step 1: Generate closed, randomized circular curves at control depths. We first generate closed, randomized circular249

curves to serve as the horizontal-slice profile of a salt body. We generate a random, periodic curve of 𝑁 points based250

on random phases in the Fourier domain:251

𝐶𝑙 = ℜ

{

−1

[

(

1
(𝜀𝑁)2

+ 𝑘2
)−1∕2

exp(𝑖𝑟𝑙) exp(−𝜔𝑘2)

]}

, (47)

where −1 represents the inverse Fourier transform, ℜ represents the real part of complex values, 𝑘 = (−𝜋∕2, 𝜋∕2] is252

the wavenumber vector, 𝑟𝑙 ∈  (0, 2𝜋) is a random value sequence drawn from a uniform distribution with lower and253

upper bounds of 0 and 2𝜋, respectively, 𝜀 is a parameter that controls the lower wavenumber content of the generated254

random values, which is set to 0.3 in RGM, 𝜔 is the smoothing parameter of the wavenumber domain Gaussian in255

the last term, which is set to 10 in RGM, and 𝑖 is the unit imaginary number. The closed curve for serving as a256

shape-constraining perimeter at some depth is then computed as257

𝑃 = 𝑅0 +
(

𝐶 − 𝜇(𝐶)
max(|𝐶 − 𝜇(𝐶)|)

)

Δ𝑅, (48)

where𝑅0 is the base radius of the circular curve, andΔ𝑅 is the radius variation along the polar angle, and 𝜇(𝐶) represents258

the mean of 𝐶 . The radius of this closed circular curve away from the center therefore falls within [𝑅0 −Δ𝑅,𝑅0 +Δ𝑅].259

We use 𝑃 as the radii of the closed circular curve with an interval of 1◦ at this depth. We repeat the procedure with260

Gao and Chen: Preprint submitted to Elsevier Page 15 of 36



Random Geological Model Generation

different random seeds for a total of 𝑁𝑐 times, and obtain a total of 𝑁𝑐 closed, randomized circular curves spanning 𝑁𝑧261

(the length of the vertical axis of the model). Figure 8 displays six examples of such curves defined by 𝑅0 = 10 and262

Δ𝑅 = 5.263

Figure 8: Six examples of random circular curves for creating a salt body.

Step 2: Connect the circular curves through monotonic spline curves. We connect the 𝑁𝑐 through monotonic spline264

interpolation along the depth axis. In RGM, we achieve this step by interpolating the 2D array, say 𝑆, that holds the265

radii for the 𝑁𝑐 curves from (360, 𝑁𝑐) to (360, 𝑁𝑧), where the interpolation along the second dimension (the depth266

axis) is achieved via the piecewise cubic Hermite interpolating polynomial (PCHIP) interpolation (Fritsch and Carlson,267

1980). Using PCHIP interpolation yields more realistic salt profile than linear interpolation or simple cubic spline268

interpolation as it maintains monotonicity and smoothness simultaneously.269

Step 3: Build the top surface. The last step of creating a salt body is adding a random top surface for the salt270

body. In RGM, we achieve this step by defining a 2D multi-octave Perlin noise, linearly transforming it the value range271

of [0,Δℎsalt] where Δℎsalt is the maximum height variation of the salts’ top surfaces defined by the user, and finally272

intersecting the PCHIP-interpolated salt body using this top surface at some random depth within a predefined depth273

range [𝑧salt,min, 𝑧salt,max].274
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Step 4: We then fill the salt body using a constant value corresponding to the salt body, say, 𝑣salt. We achieve this275

step by checking if a grid point (𝑥, 𝑦) falls within the shape-controlling curves at every depth. In specific, assuming276

the center of the horizontal slice of a salt body is (𝑥𝑠(𝑧), 𝑦𝑠(𝑧)) at the depth of 𝑧, then a point (𝑥, 𝑦) at the same depth277

corresponds to the radius with an index of278

𝑙 =
[

arctan
(

𝑥 − 𝑥𝑠(𝑧)
𝑦 − 𝑦𝑠(𝑧)

)]

+ 181, (49)

where [𝑥] represents rounding 𝑥 to the nearest integer. Since the distance of the grid point to the center is 𝑑 =279

√

(𝑥 − 𝑥𝑠(𝑧))2 + (𝑦 − 𝑦𝑠(𝑧))2, then if 𝑑 ≤ 𝑆(𝑙, 𝑧) and 𝑧 ≥ 𝑧top, the point falls within the created salt body (i.e., is in280

the circular randomized curve at 𝑧). We repeat the procedure for all the grid points, then complete the creation of a281

randomized salt body.282

The steps for creating a salt can be represented by the workflow in Figure 9.

Figure 9: Workflow for generating a random salt body in RGM: (a) Define sparse control random circular curves at different
depths. (b) Interpolate along the depth axis with the PCHIP method to construct a 3D salt body profile. (c) Create a
random cutting surface and intersect it with the salt body as the top surface. Panel (d) shows the created random salt
body.

283
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2.5. Unconformity284

RGM provides a functionality to insert one or multiple geological unconformities into the model, including285

disconformity (Figure 10a), paraconformity (Figure 10b), angular unconformity (Figures 10c and d), and nonconformity286

(Figures 10e and f). We use a three-step procedure to build a random geological model with 𝑁𝑢 unconformities.287

Figure 10: Different types of geological unconformities that can be simulated with RGM: (a) disconformity, (b) paraconformity,
(c-d) angular unconformity, (e-f) nonconformity. Panel (e) also represents the case of mixed angular unconformity and
nonconformity. In panels (e-f), the red color represents a salt body or magmatic intrusion.

Step 1: Generating 𝑁𝑢 + 1 random geological models: To mimic realistic unconformity geology, the top 𝑁𝑢288
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geological models are free of faults, while the bottom-most geological model (i.e., the 𝑁𝑢 + 1-th model at the bottom)289

contains or does not contain faults. The top 𝑁𝑢 random geological models generally have smaller lateral variations of290

reflectors and thickness variations of layers.291

Step 2: Generating 𝑁𝑢 unconformities: We generate a total of 𝑁𝑢 random surfaces using using the methods describe292

in the first section. Each unconformity interface/surface uses a different random seed for random value generation,293

which ensures that the unconformities have distinct shapes. RGM provides a number of tunable options to control the294

maximum depth, the maximum height (i.e., horizontal variation), as well as the shapes of unconformities.295

Step 3: Merging: We merge the 𝑁𝑢 + 1 geological models into the final geological model at each of the 𝑁𝑢296

unconformal surfaces. We use different merging methods for merging different models. For medium property models,297

starting from the bottom-most, we remove the medium property models for the grid points above the 𝑁𝑢-th unconformity298

surface, and replace them with the 𝑁𝑢-the model. We repeat this procedure until the top-most unconformity surface.299

For RGT, we first determine the minimum value 𝑅below,min of RGT below an unconformity interface and the maximum300

value 𝑅above,max of RGT above the unconformity interface, then RGT above the interface is adjusted by301

𝑇 ′
above = 𝑇above − 𝑇above,max + 𝑇below,min, (50)

𝑇 = 𝑇 ′
above(𝐱above) + 𝑇below(𝐱below), (51)

where 𝐱above and 𝐱below represent the grid points above and below the unconformity surface, respectively. After all the302

mergings, we linearly transform the entire RGT volume to the value range of [0, 1]:303

𝑇 ′ =
𝑇 − 𝑇min

𝑇max − 𝑇min
. (52)

2.6. Seismic image304

At each depth 𝑧𝑖, we compute the reflection coefficient associated with 𝑉𝑝 and 𝜌 as305

𝑅𝑝𝑝(𝑧𝑖) =
𝑉𝑝(𝑧𝑖+1)𝜌(𝑧𝑖+1) − 𝑉𝑝(𝑧𝑖)𝜌(𝑧𝑖)
𝑉𝑝(𝑧𝑖+1)𝜌(𝑧𝑖+1) + 𝑉𝑝(𝑧𝑖)𝜌(𝑧𝑖)

, (53)

for 𝑖 = 1, 2,⋯ , 𝑁𝑙. Repeating this procedure for all grid points creates a seismic image associated with the generated306

random geological model. RGM can also generate synthetic elastic migration images including PS, SP, and SS images307

in addition to the PP image using the method described by our previous work Gao and Chen (2025). For simplicity, we308

do not repeat the equations and procedure here.309

Assume the spatial representation of the source wavelet is 𝑤(𝑧) (here, 𝑧 is analogous to time 𝑡 in the usual definition310

Gao and Chen: Preprint submitted to Elsevier Page 19 of 36



Random Geological Model Generation

of a source time function), then the spatial point spread function (PSF) is defined as311

𝑤(𝑥, 𝑦, 𝑧) = 𝑤(𝑧 − 𝑧𝑐) exp

(

−
(𝑧 − 𝑧𝑐)2

2𝜎2𝑧

)

exp

(

−
(𝑦 − 𝑦𝑐)2

2𝜎2𝑦

)

exp

(

−
(𝑥 − 𝑥𝑐)2

2𝜎2𝑥

)

, (54)

where (𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐) is the center of the gridded geological model, and (𝜎𝑥, 𝜎𝑦, 𝜎𝑧) are the standard deviations of the312

multi-dimensional Gaussian controlling the spatial spreads of the source wavelet. Because the wavelet is defined along313

𝑧 only, a large 𝜎𝑥 (or 𝜎𝑦) will result in more smeared image. The default values in RGM are (𝜎𝑥, 𝜎𝑦, 𝜎𝑧) = (2.5, 2.5, 5).314

We then obtain a seismic image as315

𝐼(𝑥, 𝑦, 𝑧) = ℜ
{

−1 [ [𝑅(𝑥, 𝑦, 𝑧)] [𝑤(𝑥, 𝑦, 𝑧)]]
}

, (55)

where  and −1 represent the Fourier and inverse Fourier transforms, respectively.316

2.7. Workflow317

We use Figure 11 to summarize RGM’s workflow to generate random medium parameter models, RGT volumes,318

and seismic migration images, with or without unconformity surfaces, salt bodies, and faults. Figure 11a displays the319

procedure of generating a faulted medium parameter model and a RGM volume, while Figures 11b and c display the320

process of generating a model containing one or multiple unconformities and salt bodies, respectively. Note that for the321

elastic model case, RGM computes four migration images (PP, PS, SP, and SS) as discussed in the previous subsection.322

In addition, both unconformity surfaces and salt bodies can exist in a generated random model. In this case, one can323

choose whether the salt bodies penetrate through the unconformity surfaces or not in RGM to improve reality.324

3. Implementation and scalability325

We implement the above methods using modern object-oriented Fortran (≥ Fortran 2003). We parallelize326

computation-heavy loops (e.g., moving grid points for faulting) with OpenMP.327

We perform scalability tests for both 2D and 3D cases. We set the number of grid points to be 𝑁𝑥 = 𝑁𝑦 = 𝑁𝑧 =328

50, 100, 150, 200, 250, 300, 350, 400, 450 or 500 in 2D or 3D. For each of the ten cases in 2D or 3D, we vary the number329

of faults from 1 to 20, as the number of faults directly affect the computation time in RGM. We run all the generations330

on a Intel Xeon Gold 6248R central processing unit (CPU) with 48 cores. Figure 12 displays the wall-clock time for the331

2D and 3D cases. In 2D, because of the short computation time needed to accomplish a model generation as well as the332

randomness of fault geometric properties, there appear some sharp changes in CPU times over different numbers of333

faults as well as different numbers of grid points. In 3D, at least for small models, the generation is very efficient. For334

example, the CPU times for generating a model with dimensions of 𝑁𝑧 ×𝑁𝑦 ×𝑁𝑥 = 150 × 150 × 150 range from335
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Figure 11: Workflows for generating random models with RGM. Panel (a) is the procedure for generating faulted models
starting from a series of layer vertical positions. Panel (b) shows how RGM generates an unconformal model, while panel (c)
shows how RGM generates a model with one or multiple salt bodies. The procedures for inserting faults, unconformity
surfaces, and salt bodies have been described in the previous subsections.
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2.62 s (one fault) to 6.32 s (20 faults). For larger models (𝑁 = 500), the times vary from 93 s to 148 s.336

Figure 12: Comparisons of wall-clock CPU times for generating random geological models in (a) 2D and (b) 3D, respectively.
𝑁 is the number of grid points along each axis.

4. Examples337

Figure 13 display six examples of unfaulted random P-wave velocity models generated by RGM in Figures 13a-c338

(2D) and Figures 13d-f (3D), respectively. The density models are simply built based on the Gardner’s rule. Horizontal339

smoothness of the layers varies from low (Figures 13c, e, and f) to high (Figures 13a, b, and d). Figure 14 displays the340

RGTs corresponding to the medium property models in Figure 13. Figure 15 displays the seismic images corresponding341

to the medium property models in Figure 13.342

Next, we display several examples of faults and faulted geological models. Figure 16 displays six examples of343

geological faults in the 2D and 3D cases. Faults in Figures 16a and d are mostly straight or with only small dip variations344

in depth, whereas the other four examples display listric faults with decaying dips in depth. We use different colors in345

these plots to represent fault indices (ranging from 1 to the maximum number of faults in a model). This is useful for346

instance segmentation where an ML model identifies and segments faults individually.347

Further, we display the fault dip and fault strike models generated by RGM in Figure 17 corresponding to the fault348

index models displayed in Figure 16. The faults in Figure 17 are colored by dip or strike angles. These models can be349

used to train multitask ML model for inferring geometric properties of faults directly from seismic images on a pixel350

level (Gao, 2024).351

Applying the faults displayed in Figure 16 and Figure 17 to unfaulted geological models yields the faulted 𝑉𝑝352
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Figure 13: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D unfaulted medium property
models (𝑉𝑝). In this figure and figures thereinafter, if both 2D plots and 3D plots appear, the 3D plots share the same color
scale with the 2D plots.

models displayed in Figure 18. By randomizing the fault displacement associated with the faults in RGM, we obtain353

normal faults (positive fault displacement) or reverse faults (negative fault displacement), resulting in close resemblance354

to realistic complex fault network. Figure 19 displays the RGTs corresponding to the velocity models in Figure 18.355

The most notable feature of faulted RGTs is the sharp discontinuity in the horizontal directions compared with in the356

depth direction. Figure 20 displays the corresponding seismic images, where we observe clear lateral discontinuities of357

reflectors caused by the faults.358

It is worth noting that with RGM, by setting the rake angle of faults to 𝜑 = 0 or 𝜋, the user can generate strike-slip359

faults (i.e., faults with displacement mostly in the horizontal directions), a unique type of fault that can only exist in the360

3D scenario. Depending on the structure, strike-slip may not generate notable vertical fault displacements that can be361

captured by imaging algorithms. Figure 21 displays such an example of seismic image with two strike slip faults, where362

the red arrows point to the faults that generate notable horizontal displacements but not obvious vertical displacements363

(pointed by the yellow arrows). Similarly, by setting 𝜑 = 𝜋∕2, the user can obtain normal or reverse faults without364

horizontal fault displacements.365

Next, Figure 22 displays six examples of random geological models with salt bodies in 2D and 3D. We set different366

sizes, shapes, as well heights for these salt bodies. In the 3D models displayed Figures 22d-f, we purposely use large367
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Figure 14: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D RGT models corresponding
to the 𝑉𝑝 models in Figure 13.

diameter variations for each of the salt bodies. This yields mushroom-like top for the synthetic salt bodies, mimicking368

post-intrusion spreading along the layers (Hudec and Jackson, 2007). Figure 23 displays the seismic images associated369

with the models in Figure 22.370

We also generate geological models with unconformities using the method described in the Methodology section.371

Figure 24 displays six examples of velocity models that contain one or two unconformities. Figures 24a and d display two372

cases with relatively high-amplitude unconformities, while the other four models have relatively smooth unconformity373

surfaces. Figures 24a, c, and d display the cases of angular unconformity, where the unconformity interfaces cut through374

earlier deformed sedimentary layers and form notable angular discontinuity.375

Figure 25 displays the RGTs corresponding to the models in Figure 24. As described in the Methodology, in this376

case the RGT may form clear discontinuity. This is because an unconformity in RGM means complete removal of the377

points above the unconformity and that the RGT resumes from the youngest time of the part below the unconformity.378

Depending on the amplitude of an unconformity, this time discontinuity could be notable.379

Figure 26 displays the seismic images associated with the unconformal medium parameter models in Figure 24. It380

could be seen that the reflector image associated with an unconformity is generally non-zero. Correctly identifying381

these special reflectors on a seismic image can help identify unconformity and therefore better understand the geological382
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Figure 15: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D seismic images corresponding
to the 𝑉𝑝 models in Figure 13.

evolution.383

Figure 27 display the fault dip and strike angles associated with the velocity models and seismic images displayed384

in Figures 24 and 26. We described in the methodology, in RGM, we assume unconformity (and its later sedimentation)385

are the last geological events when salt does not present, therefore the unconformity interface or surface cut through386

faults and sedimentation earlier than the unconformity event; that is, above the earliest unconformity surface, there is387

no fault. This is consistent with the truncated faults displayed in Figure 27. In Figures 17b, d, and g, we insert one or388

multiple salt bodies into the geological models. Therefore, the faults inside the salt bodies are removed, appearing as389

“broken” lines/curves or “holed” surfaces.390

As faulted images and faults are widely used as input data and labels for training ML models, we display another391

16 examples of seismic images and the corresponding fault index labels in Figure 28. These examples cover different392

numbers and types of faults, where some of them contain unconformity.393

Lastly, we display some 2D elastic models and migration images generated by RGM in Figure 29. Figures 29a and394

b display the 𝑉𝑝 and 𝑉𝑠 models generated by RGM. There are multiple faults as well as an unconformity interface in the395

model. Figures 29c-f display the PP, PS, SP, and SS images generated by RGM, overlain on the the fault dip attribute.396

The four images show visually different vertical resolutions and amplitudes of reflection coefficients. The resolution of397
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Figure 16: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D fault index models. Colors in
these plots represent different faults.

the PP image is notably lower than that of the SS image, while the resolutions of PS and SP images are intermediate of398

the four images. In practice, depending on the source mechanism in a seismic survey, it is usually difficult to obtain four399

images with equal quality from multi-component seismic data. In such a case, one can choose to use of the synthetic400

elastic migration images generated by RGM for training ML models.401

5. Discussions402

We have described the methodology used in our RGM for generating high-fidelity random geological models,403

including medium parameter models, RGT volumes, seismic images, faults, fault attributes, salt bodies, and unconfor-404

mities. We have also displayed examples of random geological models generated by RGM. It is worth mentioning some405

limitations of our current RGM implementation.406

First, generation of medium property models in RGM is based completely on geometric methods (i.e., defining407

bounding surfaces and generating layers through interpolation). The resulting models mimic realistic geological models408

visually but not physically. Rigorous determination of layer structures may need solving static elasticity constitutive409

equations under tectonically meaningful boundary conditions, which can be computationally expensive. Furthermore,410

the current version of RGM cannot generate large deformation structures such as recumbent folds (Bastida et al., 2014).411
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Figure 17: Examples of random geological models generated by RGM: (a-c) 2D fault dip attribute, (d-f) 3D fault dip
attribute, and (g-i) 3D fault strike attribute. Both the 3D dips and strikes are displayed on a color scale of 50 to 130
degrees.

Future versions of RGM may provide functionalities to address these limitations.412

Second, we adopt a simplified fault model in RGM. Realistic faults usually have non-constant fault displacement413

across the fault surface and away from the fault due to non-uniform sedimentary loading (Wu et al., 2020). In addition,414

in RGM we assume the strike angle of a fault is constant, while in practice the strike angle of a fault can slowly vary415

in space. However, properly implementing these features could become complicated when one intends to generate416

geometric attributes (dip, strike, displacement, and so on) of faults as labels in training ML models. Future versions417

of RGM may enable spatially varying displacement and strike angle for faults through adapting and modifying more418
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Figure 18: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D faulted 𝑉𝑝 models.

Figure 19: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D RGT models corresponding
to the 𝑉𝑝 models displayed in Figure 18.
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Figure 20: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D seismic images corresponding
to the 𝑉𝑝 models displayed in Figure 18.

Figure 21: An example of 3D seismic image with two strike-slip faults. The faults cause displacements that are visible on
the horizontal slice (denoted by the red arrows) while almost invisible on the vertical slices (denoted by the yellow arrows).

flexible methods (Georgsen et al., 2012; Wu et al., 2020).419

Third, we adopt a simplified approach to inserting salt bodies into a geological model. We define bounding surfaces420

to control the shape of salt bodies. However, in practice, salt body intrusion can disturb subsurface stress and generate421

corresponding tectonic strain that deforms or breaks existing sedimentary layers, which should be properly considered422
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Figure 22: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D 𝑉𝑝 models containing salt
bodies.

in the geological modeling process as described by Hudec and Jackson (2007). Such accurate, physics-based simulation423

of salt bodies may need solving partial differential equations and is likely to be computationally expensive. Therefore,424

physics-based salt simulation is beyond the scope of this work.425

6. Conclusions426

We introduced RGM (Random Geological Modeling), an open-source package designed to efficiently generate427

synthetic geological models tailored for machine learning applications. RGM enables users to produce diverse and428

geologically plausible 2D and 3D models through a simple, customizable interface, offering fine control over statistical429

and structural parameters. The outputs include P- and S-wave velocity models, density models, synthetic seismic430

images, fault attributes (e.g., index, probability, dip, strike, rake, displacement), salt bodies, unconformities, and relative431

geological time fields. These outputs are well-suited for training ML models to recognize and interpret geological432

features from seismic data. We detailed the algorithms behind RGM’s multi-randomization strategy and demonstrated433

its effectiveness through a series of 2D and 3D examples. The results show that RGM can generate high-fidelity, non-434

repetitive geological scenarios at scale. In future work, we aim to further enhance geological realism by incorporating435

more complex deformation processes and stratigraphic rules into the model generation workflow.436
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Figure 23: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D seismic images corresponding
to the 𝑉𝑝 models in Figure 22.

Code availability437

The source codes associated with the method developed in this work and the scripts for reproducing the examples in438

the paper are available at https://github.com/lanl/rgm.439
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Figure 24: Examples of random geological models generated by RGM: (a-c) 2D and (d-f) 3D 𝑉𝑝 models containing one or
multiple unconformity surfaces.
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Figure 27: Examples of random geological models generated by RGM: (a-c) fault dip attribute in 2D models, (d-f) fault
dip attribute in 3D models, and (g-i) fault strike attribute in 3D models corresponding to the velocity models in Figure 24.
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Figure 28: A total of 16 3D random geological models (images and fault index attribute) generated by RGM. Colors in
these plots represent different faults (fault indices). For visual clarity, we plot the image slices without axes. All the images
have a size of 128 × 128 × 128 grid points.
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Figure 29: Examples of random geological models generated by RGM: (a-b) Random 𝑉𝑝 and 𝑉𝑠 models. (c-f) PP, PS, SP,
and SS images corresponding to the velocity models in panels (a-b).
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