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SUMMARY
We explore propagation of seismic interpretation by deep
learning in stacked 2D sections. We show the application
of state-of-the-art image classification algorithms on seismic
data. These algorithms were trained on big labeled photograph
databases. We use transfer learning to benefit from pre-trained
networks and evaluate their performance on seismic data.

INTRODUCTION
Seismic interpretation is often dependent on the interpreters
experience and knowledge. While deep learning cannot replace expert knowledge, we explore the accuracy of convolutional networks in interpreting seismic data to support human
interpretation.
In the 1950s neural networks started as a simple direct connection of several nodes in an input layer to several nodes in
an output layer (Widrow and Lehr, 1990). In geophysics this
puts us to the introduction of seismic trace stacking (Yilmaz,
2001). In 1989 the first idea of a convolutional neural network
was born (Lecun, 1989) and back-propagation was formalized
as an error-propagation mechanism (Rumelhart et al., 1988).
In 2012 the paper (Krizhevsky et al., 2012) propelled the field
of deep learning forward implementing essential components,
namely GPU training, ReLu activation functions (Dahl et al.,
2013) and dropout (Srivastava et al., 2014). They outperformed
previous models in the ImageNet challenge (Deng et al., 2009)
by almost halving the prediction error. Waldeland and Solberg
(2016) showed that neural networks can be used to classify salt
diapirs in 3D seismic data. Charles Rutherford Ildstad (2017)
generalized this work to nD and beyond two classes of salt and
”else”.
The task of automatic seismic interpretation can be equated to
dense object detection (Lin et al., 2017) or semantic segmentation. These tasks are currently best solved by Mask R-CNN
architectures (Long et al., 2015). Statoil has used U-Nets for
automatic seismic interpretation. Yet, classification networks
can be used for semantic segmentation, but are significantly
slower. The benefit is a testable example of generalization of
pre-trained networks form photographic data to seismic images. As well as, a testable framework for choosing hyperparameters for neural networks on seismic data.
Deep learning relies heavily on vast amounts of labeled data
to train on initially. However, the features learned from these
networks can often be transferred to adjacent problem spaces
(Baxter, 1998). Often these transfer learning tasks are tested on
photographs rather than seismic or medical imaging tasks. The
aim of this study is to evaluate state-of-the-art pre-trained networks in the task of automatic seismic interpretation. We compare three convolutional neural networks of increasing com-

plexity in the task of supervised automatic seismic interpretation. We evaluate these tasks qualitatively and quantitatively.

METHODS
The neural networks in this study learn supervised. The features were published alongside the open source framework
MalenoV and describe nine seismic facies in the open F3 data
set. The classes describe steep dipping reflectors, salt intrusions, low coherency regions, low amplitude dipping reflectors, high amplitude regions continuous high amplitude regions and grizzly amplitude patterns presented in figure 3. Additionally, a catch-all “else” region are picked. In this approach
we chose Keras (Chollet et al., 2015) with a Tensorflow (Abadi
et al., 2015) backend on a K5200 GPU at DHRTC. Keras is a
powerful high level abstraction of tensor arithmetics. Tensorflow is an open source numerical computation library on static
graphs. We train 2D convolutional neural networks (CNN) of
varying depth on seismic slices to propagate single slice interpretations to a volume. CNNs are highly flexible models for
computer vision tasks.
Network one depicted in figure 2 was developed by Waldeland and Solberg (2016) to identify salt bodies in 3D seismic data. Three layers are fully connected for classification.
The network uses a kernel of 5 by 5 pixels for convolution
and a stride of 2 for down-sampling. We use the Adam optimizer and cross-categorical entropy as a loss function. The
Adam optimizer is an extension to stochastic gradient descent
(SGD) that implements adaptive learning rates and bias correction (Ruder, 2016). We add dropout and batch normalization to the network. These methods improve regularization
and prevent overfitting. Furthermore, we use early-stopping to
prevent overfitting the model by over-training. We chose two
metrics to monitor in the training and validation sets, namely
mean absolute error and accuracy. The Waldeland CNN is relatively shallow compared to modern deep learning networks
with 95,735 parameters to optimize for.
Network two is the VGG16 network (Simonyan and Zisserman, 2014) by the Visual Geometry Group. It contains 16
layers and 1,524,2605 parameters. 13 of these layers ore convolutional layers with a 3x3 kernel. Convolutional blocks are
interspersed with max-pooling layers for down-sampling. The
last three layers are fully connected layers for classification.
The VGG16 architecture was proposed for the ImageNet challenge in 2013. It is widely used for it’s simplicity in teaching
and it’s generalizability in transfer learning tasks.
Network three is the ResNet50 architecture by Microsoft. The
network consists of 50 layers with 2,361,6569 parameters. It
implements a recent development, called residual blocks. These
residual blocks add a skip- or identity-connection around a
stack of 1x1, 3x3, 1x1 convolutional layers (He et al., 2016).
The 1x1 are identity convolutions, used for down- and subse-

