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Abstract

Feasibility study in applying an artificial neural network for interpreting
seismic refraction data of two-layer earth model with horizontal interface, dipping
interface, and irregular interface was conducted in the present work. The studied
networks comprised non-separated networks and separated networks. Non-separated
networks were designed for estimating all ground parameters. Separated networks
were composed of depth networks for estimating depths to interface and velocity
networks for estimating velocities of each ground layer. Two-layer and three-layer
architecture was used for both non-separated and separated network. Training and
testing data sets of neural networks designing for horizontal interface and dipping
interface were synthesized from two-layer earth model whereas real field data were
used as training and testing data sets of neural networks designing for irregular
interface.

Artificial neural network could determine ground parameters of two-layer
earth model from a seismic refraction data set with good accuracy. In the case of
horizontal interface, the error of estimated depth to interface was less than 5 %, of
estimated top layer velocity was less than 10 % and of estimated bottom layer velocity
was less than 20 %. In the case of dipping interface, the error of estimated depth to
interface and top layer velocity were less than 10 % and of bottom layer velocity was
less than 20 %. For irregular interface, the error of estimated depth to interface and of
top and bottom layer velocities was less than 20 %.

Both two-layer and three-layer network architecture could be equally
employed to determine ground parameters provided that the data set used for training
the networks were large enough and it covers a wide range of two-layer earth model.
It could be observed that when testing data was in the same range as the training data,

the designed network could determine ground parameters with better accuracy.





