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Abstract. Damage zones within geological faults are crucial in defining preferential flow paths in reservoirs, 

impacting oil and gas exploration. Numerical modeling has been used to estimate linking damage zones from fault 

interactions. However, such methodology requires the knowledge of numerical techniques and is computationally 

intensive and time-consuming for field-scale studies. This work proposes a deep neural network to predict damage 

zones resulting from the interaction of two faults, using synthetic data generated through numerical modeling. The 

dataset was built using key geometric parameters, such as dip angles, overlap, and separation. A modified U-Net 

with ResNet-50 backbone was trained using a binary classification strategy to identify linked damage zones, 

employing Dice Loss for optimization. The proposed approach achieved good predictive performance, with an 

intersection over union (IoU) of 78% and a Dice score of 87% on the test set. The results demonstrate that synthetic 

models combined with deep learning can efficiently predict fault damage zones. This methodology provides a 

scalable fast alternative to conventional simulations, enabling systematic studies of fault interactions under 

controlled geometric conditions.  
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1  Introduction 

The definition of damage zones in geological faults is important for oil and gas exploration due to the 

potential occurrence of preferential flow paths through such zones [1]-[5]. In practice, damage zone widths of 

single faults are evaluated using exponential laws based on statistical relationships with fault displacement. 

However, such approaches cannot be applied to linked damage zones resultant from fault interactions. As an 

alternative, numerical modeling using the Finite Element Method (FEM) combined with elastoplastic constitutive 

models [6]-[8] has been proposed. In these models, each fault is represented by two superimposed surfaces, with 

displacements incrementally imposed in opposite directions on each surface. This process generates plastic 

deformation zones around the faults, which are associated with damage zones. The models have proven effective 

in identifying linked damage zones through fault interaction simulations. However, the processes of model 

construction, simulation execution, and result analysis are often time-consuming, potentially delaying decision-

making in field operations [9]. 

The present study proposes the development of a deep neural network to predict damage zones resulting from 

the interaction of two geological zones. The dataset used for training and testing is based on several numerical 

models built using a set of geometrical parameters such as overlap, separation, and angle between the faults. This 

strategy is interesting because it reduces the number of parameters to be sampled while maintain possible retrieve 
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the global coordinates in the original base. The fault setting as well as the results obtained from the simulations 

were used as input parameters to train the neural network, identifying the damage zones given by the plastic 

regions. Then, a binary classification strategy was used to identify damage zones. The preprocessing approach 

used to predict using the network consists of generating a 256x256 grid points considering a fault arrangement. 

After a feed forward process, the network estimates the damage zone foreach point of the grid. The preliminary 

results presented here show the potential of the proposed methodology to quickly assess linking damage zones 

defined by two geological faults.  

2  Dataset 

2.1 Numerical Modeling 

Each geological fault is represented by two superimposed lines to which are applied opposing displacements 

simulating fault throw. These displacements induce plastic deformations around the fault associated with the 

development of damage zones. This approach based on the finite element method and elastoplastic models has 

been developed and extensively discussed in previous studies [6]-[8]. Figure 1 illustrates the corresponding 

workflow, including model building, mesh generation and result analysis.  

 

Figure 1. Workflow for numerical modeling. 

2.2 Sampling 

Model geometry was generated using the sketch shown in Figure 2 (a). The main variables are the fault 

inclinations (𝑑𝑖𝑝1 and 𝑑𝑖𝑝2), separation (𝑆) and overlap (𝑂). In addition, some control points and a clearance 

parameter are used to define limits of the region of interest, as shown in Figure 2 (b). 

 
 

(a) (b) 

Figure 2. Geometry variables of multi fault formulation. 
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Such geometrical variables are a concise way of defining the region of interest using numerical methods 

without exhausting the simulation process. Figure 3 (a) highlights the distribution of the modelling space by 

sampling uniformly the parameters: 𝑑𝑖𝑝1, 𝑑𝑖𝑝2, 𝑂 and 𝑆. Figure 3 (b) the geometric interpretation of the 

parameters. The angles range from 0° to 180°,  𝑆 from -1L to 1L and 𝑂 from -1.5L to 1.5L. The search space 

consists of 160 000 models. The resulting distributions of 𝑑𝑖𝑝1 and 𝑑𝑖𝑝2 are practically uniform. On the other 

hand, the overlap and separation are both highly affected by the approximation of the fault’s medium points. 

 

 

(a) (b) 

Figure 3. Distributions of variables (𝑑𝑖𝑝1, 𝑑𝑖𝑝2, 𝑆 and 𝑂). 

The dataset was divided in 2 parts, the first one was sampled by a grid with a wide range of overlap and 

separation (-4L to 4L) to identify the range of parameters that provides an interaction of the damage zones. 

However, it was observed that their main interaction occurs between -3L and 3L and become increasingly 

pronounced as close to the fault’s midpoint. Then, a Latin hypercube sampling (LHS) was used considering an 

interval where the interaction between faults is strong (-1L to 1L). The final dataset adding all models included a 

total of 667 samples randomly split in 60% for training, 20% validation and 20% for testing. Table 1 shows the 

number of models that contains linked damage zones (DZ) and their percentages in each dataset split. 

Table 1. Dataset split and proportions. 

Split DZ Connection Frequency Percentage 

Train  
Yes 246 61.50% 

No 154 38.50% 

Validation  
Yes 82 61.65% 

No 51 38.35% 

Test  
Yes 84 62.69% 

No 50 37.31% 

3  Training 

3.1 Network 

A modified version of U-Net [10], [11] was used with ResNet-50 as backbone along the encoding process to 

improve feature extraction.  Only 5 decode channels with sizes 256, 128, 64, 32 and 16 were used with pretrained 

weights from ImageNet. The number of input channels was 1 due to the binary type of the input. This means that 
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only the geometry of the faults is used to predict the occurrence of damage zones. 

3.2 Loss function 

About the minimization process, the Dice Loss [12] function given in Equation (1) was used because of the 

semantic segmentation property which leads to a region level taxonomy [13]. It is important to predict not only 

linked damage zones but also isolated faults. Adam [14] was the optimizer with a learning rate equal to 10-4. Two 

early stopping criteria were adopted: 20 epochs for patience or a difference of loss equal to 10-9 between epochs. 

The maximum number of epochs is 1000 and the batch size 32. The threshold for the sigmoid function was 0.5. 

Only training and validation splits were used during the training loop. 

 𝐷𝑖𝑐𝑒 𝐿𝑜𝑠𝑠 = 1 − 2
𝑦𝑡𝑟𝑢𝑒 ∩ 𝑦𝑝𝑟𝑒𝑑

𝑦𝑡𝑟𝑢𝑒 + 𝑦𝑝𝑟𝑒𝑑

 (1) 

Figure 4 shows the Dice loss minimization over the number of epochs with two important highlights. First, 

the model is learning relevant patterns as the loss decreases, and second, the best model on validation split occurred 

at epoch 94, which was stopped by the patience criterion. The model saving criterion played a fundamental role in 

preventing overfitting. Only the weights corresponding to the lowest validation loss were saved. 

 

Figure 4. Loss curve over epochs. 

4  Results and discussion 

The trained model was evaluated using the testing set. The corresponding input data as well as the ground 

truth and the predictions are shown in Figure 5, which indicate the LHS sampling of faults from -1L to 1L, of 𝑂 

and 𝑆. Classification metrics are shown in Table 2, the obtained values agree with the visual results of  Figure 5 

and Figure 6. 
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Figure 5. Model predictions on the testing set. 

Moreover, high values of 𝑂 and 𝑆 are shown in Figure 6. The region of this data belongs to a grid sampling 

that presented a smaller amount of data. As shown, the region where the fields begin to interact, tending to connect 

the damage zones, did not present significant changes in some cases, practically maintaining the behavior of 

isolated faults. 
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Figure 6. Model predictions to high O and S values. 

Table 2. Testing set metrics. 

Metric Mean Values 

Accuracy 0.9659 

Precision 0.8331 

Recall 0.9223 

Specificity 0.9745 

F1/Dice 0.8725 

IoU/Jaccard 0.7787 

5  Conclusions 

This study presented a methodology for assessing linking damage zones resulting from fault proximity using 

a neural network trained on the results of several numerical models. Extensive zero padding was applied, which is 

uncommon in semantic segmentation. The U-Net architecture with a ResNet-50 backbone demonstrated good 

performance in predicting linking damage zones, as confirmed by both visual inspection and quantitative metrics. 

The proposed methodology provides an efficient alternative for rapidly generating preliminary predictions of 

damage zones in scenarios involving interacting geological faults. 

Sensitivity analyses indicated that fault throw is the most influential variable in damage zone formation, 

while variations in rock properties and stress state exert limited influence on the damage zone. Nevertheless, the 

effect of heterogeneity remains relevant and need further investigations. Building upon these findings, future 

developments will focus on validating the proposed approach using real geological data provided by Petrobras, 

enabling the assessment of its applicability under field conditions. Although the present analysis focused on the 

interaction between two faults, the methodology can be extended to cases involving multiple faults by generating 

additional synthetic samples representing more complex fault networks. The current implementation was 

developed for two-dimensional cross-sections, and ongoing work aims to scale the methodology to reservoir-scale 

3D models through the combination of multiple 2D sections. 
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