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INTRODUCTION

Artificial neural networks (ANN) are presented as a way of automatically picking shear-wave arrival
onset times in VSP data. Picking is achieved by utilizing the relative vector modulus of two horizontal
component recordings as the neural network input. A discriminant function, F(t), determined by the
output of the trained ANN, is then employed to pick the arrival onset. The results demonstrate this
neural network architecture is successful after training by a few selected datasets.

NEURAL NETWORK DESIGN
The neural network is nonlinear, multilayer and f&forward with backpropagation of error for training
(Rumelhart, Hinton,  and Williams 1986). It has an input layer with 150 nodes, a hidden layer with 10
nodes and an output  layer with 2 nodes. A time segment of the relative vector modulus of two
horizontal component recordings are fed into the input layer. The output nodes are designed to have
the values (1,O)  when the input is a 2hear wav
discriminant function, F(r) = %[o,( t) + (1 -o+r) f or (OJ) when the input is the noise. After training, a

1, highlights the difference between the ideal output and
noise, giving the degree similarity to the training segments. For training, F(t) should be 1 for signal
and 9 for the noise, and in general, it lies between 0 and 1.

To pick a shear wave from a seismic section, we first calculate the vector modulus of the two
horizontal recordings, and then use a moving window with a length equal to input nodes of the ANN to
extract a modulus segment (Figure 1). normalize the segment, and finally feed it into the trained neural
network. The neural network output is then used to compute F(t). We move the window forward by
one sample point each time and repeat the above procedure until the end of the traces. A curve of F(t)
is generated for further processing. To pick a shear wave arrival, we use a threshold criterion for F(t)
and estimate the onset time by searching for the local maximum of F(t) .

DATA EXAMPLE

We use this method to process a set of VSP data at a borehole site in Paris Basin (Cliet and Lefeuvre,
1989). First we select ten segments which include the five shear-wave arrivals and preceding noises
(Figure 2). The onset times of the dataset  are manually estimated and can be based on different rules
from each expert. Each training segment consists of 150 samples (298ms with 2ms interval), covering
several _, cycles- of the wavelets. These segments are then used to train the ANN. The training
procedure takes 274 iterations ( about  half minute of interactive real time on a VAX4Of)O)  to reach the
permissible error. Finally, after training, the neural network was used to process 64 recordings. All
shear-wave arrivals are automatically picked with a threshold of 0.6. Onset times are estimated with
errors less than 2Oms (10 samples) and 79% have errors less than or equal to 6ttts  (3 samples). Figure
3 shows ,an example of the picked trace and Figure 4 gives the error distribution.

CONCLUSIONS
This work shows that a ANN trained with a few real data can be used to automatically pick shear-waves
and estimate their onset time in VSP data at interactive speed. The performance depends  on the
training datasets and the judgement of the expert in making the initial picks.
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Fig 1. Schematic showing the method of using the ANN to pick shear-waves

Training shear-wave arrival data
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Fig 2. Training data (Arrow indicates the onset time of the shear-wave).
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Fig 3. An example of automatically picking a shear wave onset time estimation


