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Summary  
A new seismic interpretation workflow assisted with artificial intelligence (AI) algorithms has been 
developed based on interactive training to customized U-Net models. The new interpretation 
workflow has been applied to major seismic interpretation tasks: seismic sequence interpretation, 
detections of faults, channels, and geobodies, achieving more accurate interpretation results than 
other training methods. Digitizing training labels on seismic sections or slices for training the AI 
model is like manual seismic interpretation, but only requires interpretations on ~1% or less of 
sections or slices in the 3-D volume, resulting in more than 10x productivity improvement in 
comparison with the manual interpretation process. Unlike training labels generated from 
synthetic data, labels digitized from a geoscientist’s interpretation on few sections capture 
interpreter’s experience and preference, with the real seismic data. By utilizing transfer learning 
and base model trained with synthetic or previous interpretations, our application examples 
demonstrate that customized AI models for seismic interpretation can generate better results than 
models trained with only synthetic data. We present five examples to illustrate the interactive 
training for AI assisted seismic interpretation workflow: 1) fault interpretation; 2) seismic sequence 
and horizon interpretations; 3) detecting channels from RGB color blending slices; 4) detecting 
turbidite channel complex, and 5) detecting salt domes. 

Method and Workflow 
The main algorithm we used in the AI assisted seismic interpretation workflow is based on U-Net, 
which is a convolutional neural network (CNN). The U-Net was originally developed for biomedical 
image segmentation (Ronneberger et al, 2015). The CNN, especially U-Net and its variants have 
been applied in automating several seismic interpretation tasks, such as fault detection (Wu et al, 
2019), channel detection (Pham et al., 2019), horizon interpretation (Li et al, 2019), and salt dome 
detection (Shi et al., 2019). A major challenge in many U-Net applications is insufficient number 
of training data, which is especially profound in geoscience subsurface applications. There are 
two lines of thoughts to solve the training label problem. The first is to improve AI algorithms so 
that the algorithm can be trained with few training labels. The second solution is to use synthetic 
data sets for training. The synthetic data can be generated from either physical models or simple 
rule-based model. For example, Wu et al (2019) applied synthetic data sets to train a U-Net for 
fault detection with impressive results. Since synthetic seismic data is not able to capture all the 
information in the real-world seismic data, prediction results from synthetic data trained model 
tend to create false positive in data sets contaminated with correlated noise. 
 
We have developed an interactive training workflow to customized U-Nets for AI assisted seismic 
interpretation. The U-Net models are customized for specific seismic interpretation tasks, with 
consideration of general characteristics in the target interpretation objects, as well as conditioning 
to the geologic interpretation of a specific data set, the later aspect being very important, because 
seismic data have limited resolution and are generally contaminated by noise. We believe that an 
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interactive training to a base model that captured the general characteristics of target 
interpretation object would generate more realistic prediction results. 
 
The new AI assisted seismic interpretation workflow we developed consists of five steps: 
 

1) Step 1: Digitize training labels on a seismic section or slice. The label can be fault lines, 
horizons, channels, and geobodies such as seismic facies or salt domes. 

2) Step 2: Training and prediction on the label section or slice. Prediction on the label section 
or slice is immediately made after the training is completed. If the prediction results on the 
label section is not satisfactory, it means that either the model configuration or training 
parameters, such as number of iterations, and training image size, must be adjusted.  

3) Step 3: Prediction on a non-label section or slice. This is a bind test step. If the validation 
result is not satisfactory. New labels can be digitized on the blind test section and be used 
as the label section in the next training iteration by going to step 2. Otherwise, the training 
process stops. Note that the validation error must be evaluated together with the training 
error in order to avoid over training. 

4) Step 4: Generate AI interpretation volume that is the probability of the interpretation target 
object at each seismic sample by applying the models trained in previous steps to the 
whole 3-D seismic volume.  

5) Step 5: Extract interpretation objects (horizon, fault surfaces, and geobodies) from the AI 
interpretation volume. 
 

The main advantage of the interactive training is that the AI model can capture interpreter’s 
experience by conditioning the model to geoscientist’s interpretations in a specific data set, but 
also reflect the general characteristics of target interpretation objects through the base model 
which can be trained from either synthetic data or previous interpretations or both.  

Application Examples  
The interactive training to AI assisted seismic interpretation workflow has been applied to several 
public and proprietary 3-D seismic data sets. Five application examples are shown below, using 
the open data listed on the SEG wiki website. 
 
Example 1: Fault interpretation 
 
We use OPUNAKE3D-3D survey in the off-shore New Zealand to demonstrate the interactive 
training of fault AI model for fault interpretation. The volume shown in Figure 1 and Figure 2 has 
701 inlines and 501 cross lines. Figure 1 show sections of original data (a), fault labels picked on 
the same section (b). Figure 1  (c) show faults calculated from the interactively trained model. 
Note that faults predicted in the highlighted area at the bottom of (c), even though they are not 
within the fault labels (b). Semblance attribute is shown in section (d). (e) is the fault likelihood 
section. (f) shows fault probability calculated from a pre-trained fault model with synthetic labels. 
False positive predictions are high-lighted in yellow. It is obvious that section (c) has the best 
quality of fault pattern for automatic surface tracking.  
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Figure 1. (a) Original seismic section before picking fault labels (b). (c) is the fault prediction based on 
fault model trained with labels picked on 2 sections. (d) is the semblance attribute. (e) is fault likelihood 
attribute. (f) shows fault probability calculated from a pre-trained U-Net fault model. The features 
highlighted by yellow are false positive faults that are not real faults, causing fault surface tracking 
unstable. (g) Training and validation errors as a function of training iterations. (h) Classification accuracy 
matrix of faults with non-faults samples. 

The fault surface tracking is applied to a fault probability volume from interactively trained model 
(Figure 2). The quality of fault surfaces tracked in fault probability volume generated from 
interactively trained model is much better than those trained with synthetic labels, because of a 
lot of false positive fault identifications in the synthetic data trained model, such as channel edges 
or correlated noises. 17 major faults tracked are shown in Figure 2c. 

  

 
Figure 2. (a) Fault probability volume generated from the AI fault model trained only with faults picked on 
2 sections; (b) volume rendering of (a), with fault probability less than 0.5 being transparent; (c) 17 large 
fault surfaces extracted from fault probability volume in (a). 
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Example 2: Seismic sequence and horizon interpretation 
 
The interactive training workflow is applied to predict seismic sequences in the F3 seismic data 
in North Sea. Horizon interpretations on 5 inlines and 9 cross lines are used as the training 
labels, out of 651 inlines and 961 cross lines in the original volume. The results are shown in 
Figure 3. Classification accuracy in most of sequences is better than 98%. Horizon surfaces are 
extracted from the boundary between each sequence (Figure 3 c & d).  

Example 3: Channel interpretation on strata slices of RGB color blending   

RGB color blending of spectral decomposition is a widely used visualization method to highlight 
subtle features in 3-D seismic data, such as channels and faults. Geoscientists have little difficult 
to differentiate faults versus channels on the RGB color blending image (Figure 4a), which is not 
a trivial task for classifying channels versus faults before the CNN based image classification was 
developed.  
 

We applied the interactive training workflow to detect only channel features in the color blending 
strata-grid. Figure 4 (b) shows channel label digitized on a stratal slice. Channel labels on 5 slices 
are used to train the U-Net model, from which channel probability grid (Figure 4 c) is calculated. It 
is worth noting that no fault features are present in the fault probability volume. Channel geobodies 
(Figure 4 d) is then extracted from the channel probability. It must be pointed out these channel 
features are not visible on seismic sections, because the channel thickness is below the limit of 
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seismic resolution, but channel features can be seen on the RGB color blending stratal slices of 
spectral decomposition amplitudes. 
 

  
Figure 4. (a) Both channel and fault features are visible on a stratal slice of RGB color blending. b) the 
channel feature is digitized as a training label for the AI model; (c) channel probability predicted from AI 
model trained on 5 slices. 

 

Example 4: Turbidite channel complex detection 
 
We use a portion of Parihaka-3D data in offshore New Zealand to demonstrate the process of 
detecting turbidite channel complex through an interactive training to a customized U-Net. The 
results are shown in Figure 5. The test volume has Interpretations on 4 inlines and 6 cross lines 
are used as training labels. 
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Figure 5. a) A seismic section before digitizing the training label; (b) Incised valley painted as training 
label; c) probability of incised valley on the label section in (b); (d) probability on a blind testing section 
that is not used in the training process; (e) probability volume of incised valley visualized as geobodies. 
(g) Training error and validation error as a function of training iterations. (h) Classification accuracy matrix 
of channel and background. 

Example 5: Salt dome detection 
 
The interactive training process is applied to the 3-D seismic volume of the 
SEAM_Interpretation_Challenge_1_depth (SEG open data). Five inlines and five cross lines are 
used as the training labels, less than 0.5% of the original volume size (1109 inlines and 1102 cross 
lines). Figure 6 shows one of the label sections and a blind testing section, with training error and 
classification error matrix from the trained model. The predicted salt dome probability volume is 
shown in Figure 7 (a). 



 

 

GeoConvention 2022 7 

 
Figure 6. (a) A cross line before digitizing salt dome labels shown in (b). (c) shows the predicted salt 
dome on the same label section. (d) is the salt dome predicted on a blind test section. The number of 
training sections is 5 inlines and 5 cross lines, respectively, less than 0.5% of the 3-D volume (1109 
inlines and 1102 cross lines). (e) and (f) show training and validation errors, and the classification error 
matrix for both salt dome and the background samples, respectively. 

 

Figure 7. (a) Salt dome probability volume generated from the U-Net model trained from labels in 5 inline 
and 5 cross lines. The samples with probability less than 0.5 are set to be transparent. After converting 
geobodies, the salt dome isochore is calculated and shown in (b). 

Conclusions 
The interactive training to customized U-Net by few interpreted sections is shown to be not only 
efficient, but also more accurate than synthetic labels for detecting faults, seismic sequence, 
single thin channels, large channel complex, and salt domes. The interactive training workflow 
for AI assisted seismic interpretation can improve the seismic interpretation’s productivity more 
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than 10 times than the manual interpretation workflow, only requires about 1% or less of 
sections to be interpreted, in addition to improved accuracy and consistency of the interpretation 
results. Since the interactive training process to an AI model bear certain similarities to the 
conventional interpretation process in digitizing training labels, it opens the door to easier and 
wider adoption of AI to ordinary seismic interpreters who are not specialists in machine learning.  
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