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A B ST R A C T

Classical vision studies have demonstrated that recognition of image patterns 

is hierarchical. First, local features are extracted from the input image contain­

ing data elements of low-level information. Then, those features are combined into 

higher-order features with data elements of higher-level information. This vision 

paradigm can be built into a layered, hierarchical, and highly-constrained backprop- 

agation neural network for the purpose of classifying images. I apply this technique 

of image classification to semblance data as the first step in an automated process 

for picking seismic stacking velocities. In the selection of velocities from semblance 

images, additional information is needed as a guide to determine the correct velocity 

picks. One example of such information is the classification of semblance images into 

classes that may correspond to different geological sections. Stacking velocities are 

then determined using the classification information as a constraint for a computer- 

search algorithm. I illustrate the use of this computerized, automated velocity picking 

technique with computer generated, laboratory model, and field data, demonstrating 

that velocities picked automatically yield results equivalent to those picked manually. 

Because of the time required to train the network, and the high density of semblance 

information needed, the use of automated velocity picking may not be economically 

viable for routine data processing. When, however, densely sampled information is 

required, such as in AVO analysis, the automated scheme described here is a cost 

effective alternative to picking velocities by hand.
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C h a p te r  1 

IN T R O D U C T IO N

The goal of seismic data processing is to produce an image of the earth’s sub­

surface from seismic experiments recorded in the field. Seismic experiments create 

disturbances (e.g. explosions) at the surface of the earth that lead to the propagation 

of seism ic w aves 1 inside the earth. These seismic waves are recorded over a fixed 

amount of time by geophones located at some fixed distances from the source of the 

disturbances. The time history of displacement observed at each geophone is referred 

to as a se ism ogram .

When processed, these seismograms yield a pseudo-image of the earth. I use the 

term  “pseudo-image” because the vertical axis of the image does not represent the 

depth but the recorded time. The most fundamental step in seismic data processing 

is the s tack in g  p rocess  that uses the assumption that desired seismic events or 

reflections moveout hyperbolicly when seismograms are sorted by source-receiver 

offset. To obtain the image of the earth’s subsurface, the velocity field through which 

the seismic waves propagate, must be known or estimated directly from the data. This 

leads to the following paradox: seismic data processing yields the correct earth model 

only if the earth model is known a priori. Usually, images of the earth’s subsurface 

are constructed using many velocity models. The “best” of these images is usually 

chosen from a criterion that is expressed in terms of reflector coherence. That is, 

the correct velocity field is the one that produces the most visually appealing image. 

This criterion can be quantified by first generating sem blance im ages that measure

1A  glossary of the terms written in bold is given in Appendix C or D.
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the co h eren ce  of seismic data that moves out with distance hyperbolicly at different 

s tack in g  velocities, and then selecting the coherence at amplitude maxima.

Unfortunately, for a variety of reasons the “best” stacking velocity is not always 

associated with maximum coherence amplitudes. For example, reflected arrivals do 

not always moveout hyperbolicly: hyperbolic moveout strictly holds for a flat or dip­

ping single reflector earth model. Also, there are a few unwanted seismic events having 

high coherence amplitudes, that mask the coherence amplitudes corresponding to the 

wanted reflections. Examples of these are m ultip les and d iffractions. To illustrate 

these complications, consider the following experiment: two stacked sections are gen­

erated from a laboratory model (to be described later), using velocities selected by 

hand (Figure 1.1-a) and using the velocities associated with the maximum coherence 

amplitude (Figure 1.1-b). The stacked section processed with velocities picked by 

hand shows sharper reflections with better continuity. Thus, the velocity field chosen 

by hand produces a visually more appealing section than the one that uses maximum 

coherence amplitudes.

If the correct velocities cannot always be derived from the maxima, then what 

techniques are available for selecting the correct velocities? In the example described 

above, I used a priori knowledge of the geologic section reproduced in the model to 

choose my stacking velocities. Use of a priori geologic information is not atypical for 

this problem, rather it is the norm. Because the way of picking velocities depends 

on the geology of the subsurface, then the previous question is rephrased: can an 

automated velocity picking scheme be designed that incorporates knowledge of the 

subsurface geology?

Selection of the correct coherent events in semblance images can be considered 

as a p a t te rn  recogn ition  problem. There are no “cut-and-dry” rules for selecting
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the coherent event that will yield the correct velocities. Instead, we must rely on 

intuition based on past experience to select those velocities.

Because the the manual technique for velocity picking can involve large amounts 

of data, velocity picking can become quite laborious and time-consuming especially 

in the case of continuous velocity analysis for A.V.O. studies. Thus, the automation 

of velocity analysis could greatly enhance the efficiency in processing seismic data for 

such studies. W ith the added feature that coherence amplitude selection is a p a t te rn  

reco g n itio n  problem, I employ the popular technique of n eu ra l netw orks.

Neural networks are I/O  systems made up of many nodes that are connected to 

each other. The nodes are organized in layers: the in p u t layer, th e  o u tp u t layer 

and the layers between the input and the output layer that are designated as h id d en  

layers [9]. The co n n n ectio n s between nodes in different layers define the structure 

of the neural network and are described by numerical scalar values called w eights. 

Neural networks are lea rn in g  systems by which the weights are determined during 

a tra in in g  phase  using tra in in g  sam ples [9].

In recent years, neural networks have been applied to seismic data processing 

on an experimental basis for the solution of difficult problems such as seismic tra c e  

ed itin g  ([12], [17]), and firs t-b rea k  picking ([17], [26] and [5]), and have even ad­

vanced to the production stage. J. Schmidt [22] tried to solve the problem of velocity  

p icking using semblance images by first picking maxima using a simple network in 

the horizontal, then the vertical direction of the images. He then selected the max­

ima that were closest to a reference velocity function. To confirm the validity of his 

picks, he measured the distance between the reference velocity and his newly selected 

velocity function using another neural network. Input to this network consisted of 

semblance data derived from the new velocity function. Although he was successful
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in picking velocities from field data, the last step in checking the validity of the picks 

is questionable because he used too few training samples to train a large network.

The networks described above were of simple design and required minimal train­

ing. Namely, they consisted of networks made up of a few nodes and using training 

sets with a few input p a tte rn s . The simplicity in the design of these networks stems 

from the fact that they were developed to look at 1-dimensional patterns. The prob­

lem under consideration, however, is a 2-dimensional one. In this research, I follow 

the work of Lecun [13] and I develop a 2-dimensional neural network that takes sem­

blance images directly as input and classifies them according to their geometrical 

f e a tu re  patterns.

Initially, the process of velocity picking can be posed as a m ap p in g  problem 

where the input to the network is a semblance image and the corresponding output 

of the network is an image of the same size as the input but with non-zero pixels 

only at the exact locations of the velocity picks. In other words, the output image 

shows the locations and the number of velocity picks for each semblance image. Be­

cause the images are constructed from many data pixels this mapping from the input 

image to output image creates an excessively large network with too many weights. 

Furthermore, large network size tends to impair the g en era liza tio n  process causing 

the testing of a trained neural network with unseen data to fail [1 ].

To avoid creating an excessively large network, I reformulate the velocity picking 

problem. Instead of considering it as a mapping problem (from image to image), I 

change the formulation to a classification problem (from image to class). In the 

classification process, the number of elements in the output is reduced with respect 

to the number of elements in the input image. As a result, the size of the network is 

correspondingly reduced. Even though the network size is reduced by modifying the
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output, it is still too large for properly training the neural network using only a few 

training samples. I show in Chapter 3 that the size of the network can be decreased 

further by setting up constraints and building a priori knowledge into the network. It 

is shown that such a network structure achieves good g en era liza tio n  p erfo rm an ce .

The classification network by itself does not perform velocity picking. Instead, 

I use the output classification from the network as a guide for a computer search 

algorithm to locate the correct velocity picks (see Chapter 4).

The remainder of this thesis is organized as follows:

C h a p te r  2 : - Background about velocity picking and neural networks are given.

C h a p te r  3: - A simple example is provided to show how to insert constraints into a 
classification network.

C h a p te r  4: - A procedure is presented on how to pick velocities using classified 
output images.

C h a p te r  5: - The velocity-picking procedure as described in Chapter 5 is applied to 
modeled data.

C h a p te r  6 : - The same procedure is applied to synthetic shot records.

C h a p te r  7: - The same procedure is applied to field data.
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F ig u re  1 . 1 . Comparison between two stacks: the first stack (a) is processed with 
stacking velocities picked by hand employing some geologic insight; the second stack
(b) is processed with velocities emanating from the maximum semblance peaks. The 
arrow in (b) shows the location where the difference in reflection continuity is the 
most obvious between the two stacks.
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C h a p te r  2  

B A C K G R O U N D

As described in the introduction, the quality of the image produced from seismic 

observations is critically dependent on the stacking velocity field used in its con­

struction. Although we have mentioned the use of semblance images to aid in the 

estimation of stacking velocity, other estimation techniques are also routinely used. 

Each of these techniques fundamentally looks at the same quantity, the stacked re­

flector coherence, but the information is presented to the data processor in different 

domains. The three domains considered are: constant velocity stacks, unstacked 

moved-out com m on m id p o in t g a th e rs , and semblance images. Below, I briefly 

describe each domain and list their advantages and disadvantages.

2 . 1  V elocity  A nalysis D om ains

Conceptually, the simplest domain to work in is the constant velocity stack do­

main. Here, the data are corrected for normal move-out, s tacked  at many constant 

velocities, and then compared visually for reflec tion  continuity [30]. The final se­

lected velocity field is then chosen as a function of time and position and applied to 

produce the stacked section. By working in this domain, the user has the advantage 

of seeing the reflections as they would appear in the final stack ed  section . One 

drawback is that this technique generates a very large amount of data that can be 

difficult to manipulate, particularly in an non-automated scheme. Another disadvan­

tage is that the “quality” of the velocity picks, which is based on the visual appeal of 

the stacked sections, cannot be quantified.
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Unstacked moved-out CMP gathers are used to check visually how well the 

moveout process (NMO) has performed, namely, whether or not the hyperbolicly 

moved-out reflections have been corrected enough for the stacking process [30]. Vi­

sual checking is, however, subjective and qualitative. As in the constant velocity 

domain analysis, corrected CMP gathers are typically generated for a series of con­

stant stacking velocities. Use of velocities that are too low overcorrects the observed 

moveout. Velocities that are too large undercorrect the observed moveout. The final 

stacking velocity field is chosen as a funtion of time and position from these constant 

velocity gathers. Because the use of CMP gathers is so closely related to the constant 

velocity domain, the disadvantage for the use of that domain also holds here.

The final domain, which has already been described in the introduction, is the 

semblance domain. Semblance is a multichannel coherence measurement for stacked 

seismic reflections along hyperbolas of different seismic velocities (see [24] and Ap­

pendix A for details of the computation of semblance). One advantage of using sem­

blance images is that the amount of data generated is not as large as that generated 

using the constant velocity stack or the CMP gather domains. This domain, therefore, 

allows the user to test more velocities at finer increments than in the constant-velocity 

stack or CMP gather domains. Another important advantage of this domain is that 

it gives a quantitative measurement of reflection coherences along hyperbolas since 

coherence amplitudes usually peak at a particular velocity. The drawback in using 

this domain is that the user is not able to see the reflections as they appear in the 

final stack section.

The most compact and quantitative information pertaining to stacking velocities 

is, therefore, provided by semblance analysis. Typically, semblance values are plotted 

as a function of stacking velocity and record time for analysis. Thus, scalar informa-
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tion presented in this manner can be considered as an image of the appropriateness of 

a particular stacking velocity at a given record time. To quantitatively analyze this 

image as a part of an automated velocity picking scheme, I develop neural networks 

capable of classifying semblance image into known geological sections.

2 . 2  N eu ra l N etw ork

Neural networks are I/O  systems made up of many p rocessing  or co m p u tin g  

e lem en ts  (nodes) that are either fully, locally  or sparse ly  co n n ec ted  to each 

other. The nodes are organized in layers: the in p u t lay er1, th e  o u tp u t layer and 

the layers between the input and the output layer designated as h id d en  layers [9].

The co n n n ec tio n s  between the nodes in different layers define the structure 

of the neural network and are described by numerical scalar values called w eights. 

B iases are types of weights describing the connections between “dummy” nodes 

(having a constant value of one) and all computing elements [9] (see Figure 2.1). 

Thus, a quantitative description of the network architecture is made by using a set 

of properly indexed2  weights and biases.

Two operations are performed in sequence on each computing element of a neural 

network (see Figure 2.2). The first operation is the dot-product of the input vector 

o with its associated w eight v ec to r w. In the second operation, the resulting dot- 

product is scaled (amplitude is changed) using a squash ing  fu n c tio n 3, yielding a 

nonlinear relationship between the node output and the input vector. Because of the

1The input layer is not counted in the description of the neural network since it is made up of 
nodes that are not computing elements.

2There are two subscript indices for each weight and bias. The first index denotes the destination 
node number and the second index denotes the source node number, i.e. weight Wji which describes 
the connection from node i to node j .  For a bias the second index is always equal to zero i.e. Wjo-

3The most common squashing function is the sigm oid  fu n ction  (see Appendix B) expressed as
f ( x) — i+!-»•
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cascade of node computations, the relationship between input and output vectors in 

a multilayer neural network, is, therefore, highly nonlinear [9].

Neural networks can be categorized by the way they transform the input data, 

into one of three types [9]: pattern classifier networks place input patterns into one 

of several predefined classes; pattern transform er networks map input patterns into 

an output pattern of the same size; tim e sequence predictor networks extrapolate 

an input time series to some future time. Because this study is concerned with the 

classification of images according to their geometrical feature patterns, I use only a 

pattern classifier network to process information.

Neural networks are capable of learning. Learning consists of adjusting the net­

work weight and bias values until a learning criterion has been reached. There are 

three types of learning [9]: supervised learning that uses as its learning criterion the 

minimization of the difference between the actual and expected outputs; unsuper­

vised  learning that does not rely on expected outputs; reinforcem ent learning  

in which the only feedback indicates whether or not each output is correct.

Because in this research, feature patterns defining each class are known in ad­

vance, I employ the supervised learning paradigm to adjust the network weights.

A supervised learnable system  is one that tries to change itself in order to 

closely match an ideal system in which a given input returns an “expected” or desired

output [9]. Let the inputs, outputs, and desired outputs of a system, be defined as
—* —+ —*  —*  —♦  —* —* —* —̂  +  —* —* —♦ —* —*

Ix, I 2 ? Isy • • ; Ip y • • j Ip y Hi y @ 2  j @ 3  y • • y Hpj . •, Op ̂ and D \ , D 2 y , • •, D p,.., Dp  respectively,

and the weights connecting the nodes in the network be given by a weight vector w.

Learning consists of finding the vector w that minimizes the average m ean-square

difference (or 1-2 norm), C(w),  between the actual outputs and the desired outputs



T-4385 11

over a set of P  tra in in g  sam ples as described by the equation below:

C W  =  i E l l 4 - 0 , ( t 5 , / ; ) | | .  (2.1)
P = 1

While it may be possible to obtain low C(w)  values for a particular training 

set, this does not guarantee good fits if members of the training set are changed. 

G en era liza tio n  is the ability of a trained system to produce correct outputs using 

inputs that are not in the tra in in g  set. Generalization in the context of pattern 

recognition is analogous to interpolation and extrapolation in curve fitting. Good 

generalization is an indicator that the neural network has learned well. On the other 

hand, m em o riza tio n  is referred to as the inability of a trained system to give correct 

outputs when input p a tte rn s  applied to the system are not in the training set.

The process by which the neural network learns is performed in two phases:

1 . T h e  tra in in g  phase: The neural network learns with a training set of in­

put/expected output pairs. Training is performed by adjusting weights and 

biases until the 1-2 norm between the actual and the desired outputs (equa­

tion 2 .1 ) is below a user-defined threshold. Another criterion for stopping the 

training phase is to compute the maximum no d e -e rro r  between the actual and 

desired outputs. When the maximum node-error is below a user-defined thresh­

old, the network has properly learned. L earn ing  p e rfo rm an ce  is measured 

by the number of epochs 4  required for the system to learn.

2 . T h e  te s tin g  phase: Network genera liza tion  p e rfo rm an ce  is tested using in­

put samples not used in the training phase. Generalization performance is

4 An ep och  is a “training session” in which all the input patterns in the training set are presented 
to the neural network for training.
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measured by comparing expected to actual outputs using either a 1 - 2  d istan ce  

or a maximum n o d e-e rro r. If the 1-2 distance or the maximum node-error is 

below a user-defined bound, it is an indication that the network generalizes 

well.

The algorithm that changes the weights using the training set samples is called 

the lea rn in g  a lg o rith m . One such algorithm is the b ack p ro p ag a tio n  algorithm 

[2 0 ], which is a g rad ien t-d escen t technique in the multi-dimensional weight space 

(see Appendix B). In this thesis, I have chosen to use this algorithm because of its 

many successful applications to a variety of problems in the past5.

5This learning algorithm may terminate under local m in im a conditions without ever reaching 
the optimum learning solution (the g lobal m in im um ).
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Input layer

dummy
node

Biases Hidden layer

Output layer

F ig u re  2.1. Basic architecture of a two-layer neural-network system consisting of 
one input layer, one hidden layer and one output layer. Layers are made up of nodes. 
Connections between nodes in different layers are described by weight values. Biases 
are weights with input values always equal to one.

Input to node j

Node j

Output of node j

f (n e tj

F ig u re  2.2. Two operations are applied to a neural-network node j  which receives 
inputs from three nodes and generates the output Oj: First, computation of netj  
or the dot-product between input vector o = ( 1 , 0 1 , 0 2 , 0 3 ) and weight vector w = 
(wjo, Wji , Wj2 , Wj3 ); Second, scaling of netj  through the squashing function / .  The 
component Wjo of the weight vector w is also called the bias.
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C h a p te r  3 

IM A G E  C L A S S IF IC A T IO N

Using a simple example, I show how to design a complex, high-performance clas­

sification network that takes images directly as inputs. Starting with a one-layer 

network, more complexity and constraints are introduced. The constraints are neces­

sary to decrease the number of independent weights or free p a ra m e te rs , leading to 

improved generalization performance.

one pixel

2 3 3 ■
9 4 5 6 ■

V
7 8 9

(a)

j
Class 1

(b)
Class 2 

(c)
F ig u re  3.1. Partition of the input image of (9 x 9) pixels into nine nonoverlapping 
areas of (3 x 3) pixels (a). Examples of data belonging to two different classes (b) 
and (c).

For the testing of the neural network architecture, an image data set is con­

structed that has 2 classes. The images consists of a (9 x 9) binary pixel pattern 

divided into 9 nonoverlapping areas (see Figure 3.1-a). The numbering scheme for
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these 9 areas, used in the following discussion, goes from 1 in the upper left corner of 

the image, to 9 in lower right corner of the image, in a left-to-right and a downward 

manner (Figure 3.1-a). Class 1  is defined as having one black pixel (dot of unit am­

plitude) in each of the squares of the main, dextral diagonal (see Figure 3.1-b). Class 

2  is defined the same way, but with black pixels along the main sinistral diagonal (see 

Figure 3.1-c). Based on all possible locations of the three black pixels, there are 729 

or (9 x 9 x 9) possible images in each class, or a total of 1,458 possible images from 

either class 1  or class 2 .

The goal is to now design a neural network that can classify these images into 

class 1  or class 2. To do this, four types of neural network architecture are tried: 1 ) a 

one-layer, fu lly -co n n ec ted  neural network where the nodes in the output layer are 

connected to all the nodes in the input layer, 2 ) a two-layer, fully-connected neural 

network where the nodes in one layer are connected to all the nodes in the preceding 

layer, 3) a three-layer, p a rtia lly -co n n ec ted  neural network where the nodes in a 

destination layer are connected to only a neighboring subset of nodes in the source 

layer, 4) a three-layer, partially-connected and constrained neural network where in 

addition to the characteristics of the previous type, some equality constraints are 

imposed to the connections. The architecture of each of these types of network is 

shown schematically in Figure 3.2.

For each neural-network architecture, images are directly entered into the net­

work as input, and the corresponding output from the network indicates the class 

to which each image belongs. W ith a (9 x 9)-pixel input image, the number of in­

put nodes is 81, and there are 2  nodes in the output layer defining the output class 

pattern. If the input image belongs to class 1 , the desired output-node values are 

[1, 0]. If the input image belongs to class 2 , the desired output-node values are [0,
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Input Image Input Image Input Image Input Image Input Image

9x9

2x1

Output

(a)
Output

9x9

Output

9x99x99x9

3x3x2 3x3x1

2x2 2x2

2x1 2x1

Output Output

(d) (e)
F ig u re  3.2. Four type of network architecture: (a) one-layer fully connected; (b) 
two-layer fully connected; (c) three-layer partially connected; (d) and (e) three-layer 
constrained and partially connected.

1]. Before the images are entered as inputs into the network, their amplitudes are 

scaled to fall within the range of [-0.5,0.5]. This type of symmetric scaling speeds up 

the network convergence during the training phase [27]. Fifteen samples from each 

class are used during the training phase. The remaining images in the data set (1,428 

images) are used to test network generalization.

To test the network’s ability to learn from the training set, a learning criterion 

is constructed using a measure of the misfit between the actual class output to the 

expected class output for every training image. One of several different types of misfit 

measurements can be used. For example, we could use the 12-norm, the euclidian 1-2 

distance or the maximum absolute difference. The test on the maximum absolute 

difference is more severe than that on the 12-norm or the 1-2 distance. That is, if



T-4385 17

normalized between 0  and 1 , the maximum absolute difference is always the estimate 

of the misfit. I will, therefore, use the maximum absolute difference as my learning 

criterion. The network is said to have learned when the maximum of all the absolute 

differences between the actual output-node values and the desired output-node values 

over the entire training set, is below a user-defined threshold. W ith 30 images in the 

training set, I, therefore, compute 60 absolute differences or n o d e  e rro rs . Because 

the two types of patterns I want to classify, are very different, I choose a rather high 

learning node error threshold of 0 .2 1.

Once the network has learned from the training set, the remaining images in 

each class are used to evaluate the generalization performance. In measuring this 

performance, I compute the 12-distance (or ro o t-m ean -sq u a re  d ifference ) 2  be­

tween the actual and the desired output of the network. When the 1-2 distance is less 

than a user-defined threshold, the network is considered to have produced the correct 

classification for that input image, namely, a good d e tec tio n . When the 1-2 dis­

tance is greater than the threshold value, the image pattern is not classified correctly, 

namely, a false a la rm . For the measurement of generalization performance, I use 

a more relaxed criterion than that for training performance. For this case, I choose 

a generalization 1-2 distance threshold equal to 0.2. Since I use a generalization 1-2 

distance criterion of 0.2, a generalization performance below 90% (i.e. 90% of good 

detections in the testing set) is not considered. That is, for a network to generalize in 

an acceptable fashion, it must be able to correctly classify at least 90% of the input 

images during the generalization tests.

1The range of values I can choose for the learning node error threshold varies between 0 and 0.5. 
A value of 0.0 means that the image fits perfectly to its class. A value of 0.5 or above does not have 
any classification meaning. The value of 0.2 seems to be a good compromise.

2The root-m ean -sq u are d ifference is defined as \ / {o \  — d i)2 +  (og — d2)2 where 0 1 , 0 2  and 
di, d.2 are the actual and desired outputs for each output node.
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input image (9x9)

weight-filter 
for class 1

(9x9) output
(2x1)

(a)
(9x9)

input image (9x9)

weight-filter 
for class 1 

(9x9) output
(2x1)

(b)

weight-filter 
for class 2 

(9x9)

F ig u re  3.3. Weights for the one-layer, fully-connected neural network after learning 
with a training set of 30 images (a), and after learning with the whole data set (1458 
images) (b). (White shading represents the highest positive values and black shading 
represents the lowest negative values).

3.1 D esign 1 : O ne-layer, F u lly -C onnected  N eu ra l N etw ork

The simplest system is a one-layer, fully-connected neural network. The eighty- 

one pixel image is applied as input to the neural network (see Figures 3.2-a and 3.3). 

The output layer has two nodes (corresponding to two classes) that are fully, and 

directly connected to the input layer. This design provides a weight structure of 162 

weights plus 2 biases (or 164 free parameters).

Using a training set of 30 images and a maximum node error of 0.2, this network 

learned successfully in 120 iterations, or 4 epochs3. Good learning, however, does 

not guarantee good generalization. In measuring the generalization performance of

3If a one-layer neural network is able to learn, that means the relation between input and output 
is likely to be linear [3]. This relationship does not occur in trained multilayered neural networks.
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the neural network with the remaining of the image set, I find that only 72% of the 

images are classified correctly according to a 1 - 2  distance threshold of 0 .2 ., which is 

far below the 90% minimum, fixed as a goal.

This poor generalization performance can be understood by examining the weight 

patterns of the trained network (Figures 3.3-a and 3.3-b). In Figure 3.3-a, I show the 

weight patterns in a (9 x 9) grid when the 30 image training set is used for learning. 

In Figure 3.3-b, I show the weight patterns obtained by the network when the full, 

1458 image data set is used to train the neural network. By examining the weight 

matrices of the output units in Figure 3.3-a, the first output node is seen to receive 

negative weights from regions (1) and (9) of the input image and positive weights from 

regions (3) and (7) of the input image (see Figure 3.1-a for the numbering system that 

describes the regions in the input image). The second output node receives positive 

weights from regions (1) and (9) and negative weights from regions (3) and (7). 

Regions 2, 4, 5, 6 , 8  have weights that are close to zero as indicated by grey shading 

in Figure 3.3. Areas 2, 4, 5, 6  and 8 , therefore, have little effect in the classification 

process. The remaining areas 1 , 3, 7 and 9, on the other hand, exert significant 

influence. Thus, I conclude the learning process generated weight patterns that can 

be described as a set of w eight filters tuned to recognize a pattern “averaged-out” 

from the combination of all training samples. In other words, the network “over- 

learned” the training examples. The network has memorized the training patterns 

and its generalization performance, in effect, is disappointing.

3.2 D esign 2 : T w o-layer, F u lly -C onnected  N eu ra l N etw ork

To try  to increase the generalization capability of the network, a hidden layer of 

dimension ( 3 x 3 )  nodes is inserted between the input and the output layers as shown
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Input image 1 Architecture Input image 2

Input

HI hidden layer 
(node values)

Output

(3x3)

weight- 
matrix 1

weight- 
matrix 2

(2x1)

hidden layer 
(node values)

(a) (b) (c)

F ig u re  3.4. Schematic model of the two-layer architecture with its two internal 
weight matrices producing a two-node classified output (b). Examples of (3 x 3)- 
node values for the hidden layer corresponding to two different (9 x 9)-pixel input 
images (a) and (c).
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in Figure 3.4 [27]. The network is fully connected from the input layer of 81 nodes 

to the hidden layer of 9  nodes and from the hidden layer to the 2 -node output layer. 

Thus, the number of weights for this two-layer system is 758, a marked increase from 

164 for the one-layer system.

Applying the previously described learning and testing algorithm to the two-layer 

design, the network requires 180 iterations or 6  epochs to learn, and the generalization 

performance measured for this system is 89%. Because the network has such a large 

number of weights while it is being trained with only a few images, the generalization 

performance is still not reliable [2 ].

W ith a 30-sample subset used to train the highly overparameterized 758-weight, 

two-layer neural network, one would expect a degradation in its generalization per­

formance [2 ] with respect to the performance of the one-layer neural network. On 

the contrary, I find an increase in performance, from 72% to 89%. To understand 

this apparent anomaly, consider a plot of the hidden-layer node values for different 

input class images (Figures 3.4-a 3.4-c). The first layer of the network acts as a data 

reduction system, compressing the input images from a (9 x 9) grid to a (3 x 3) grid. 

The actual classification occurs between the hidden layer and the two-node output 

layer. The number of free parameters between the hidden layer and the output layer 

is equal to 20 (18 weights plus two biases). Thus, in effect, there is an actual reduction 

in the number of free parameters, from 164 to 20 in the actual classification network, 

thereby accounting for the improvement in the generalization process.

3.3 V ision Paradigm

The previous network was over-parameterized (758 weights for only 30 training 

examples), and as a result it still generalized poorly. Therefore, we must design
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a network architecture with fewer free parameters to yield a greater generalization 

performance. One way to decrease the number of free parameters is to incorporate a 

priori knowledge about the classification process into the architecture of the network. 

An example of such a priori knowledge is illustrated by classical vision studies that 

have demonstrated that recognition of patterns is h ierarch ica l [1 1 ], [14]. In the 

first hierarchical level of the vision model, local fe a tu re s 4  that are of distinctive 

geometrical shape and of limited area in the input image, are extracted from the 

input image by means of fe a tu re  d e te c to rs  for the purpose of creating fea tu re  

m aps. In the context of an artificial vision system, a fe a tu re  d e te c to r  is a two- 

dimensional (or spatial) operator applied to subsets of the input image for the purpose 

of detecting the presence or the absence of a particular feature. The resulting feature 

map indicates the approximate locations of a specific feature within the image. Then 

in the next hierarchical level, features extracted from the feature maps are combined 

to form higher-order feature maps (i.e. maps with higher density of information) and 

so on...

Based on this vision model and following the work of LeCun [13], the next net­

works tested use hierarchical-level design. The vision paradigm can be built into the 

architecture of the network by mapping local features from the input image into one 

or more feature maps in the first hidden layer5. Then, feature maps in the first hid­

den layer are combined to form higher-order feature maps in the second hidden layer. 

This paradigm is extended further by inserting more layers in the same hierarchical 

manner as described above thus creating higher and higher-order features maps.

These types of networks also differ fundamentally from those tested previously 

in another respect. In the previous network designs, the nodes in a destination layer

4The same local feature may appear many times in different locations inside the image.
5For every type of feature, a different feature detector must be used.
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are connected to all of the nodes of a source layer (i.e. fu lly -connected  network). 

In the new design, in order to isolate a particular feature, and decrease the number 

of free parameters, all nodes within different subsets of nodes in the source layer are 

connected to one node in the destination layer. This type of connected network is 

referred to as p a rtia lly -co n n ec ted .

In this vision-model type network, local features are detected using a fixed- 

dimensioned scann ing  window that is moved over the input image in fixed incre­

ments, simultaneously building feature maps in the first hidden layer HI, by vector- 

multiplying each recep tiv e  field (in the input layer) with its associated weight filter 

[13]. The scanning process allows each node in a destination layer to be connected 

only to a subset of the nodes in a source layer. A receptive field is a set of nodes such 

that the output of each node is a measure of the image intensity over a limited area 

of the vision field. In an artificial vision system (neural network), it is a subset of 

neighboring nodes within the source layer. As a result of the above scanning process, 

a pyramid-structured network with partial connectivity between layers is constructed 

(see Figures 3.2-c and 3.5-b).

In the following network designs, I consider two types of partial connectivity be­

tween layers: 1 ) a nonw eigh t-sharing  partial connectivity that consists of changing 

the set of weights associated with each receptive field as the source layer is scanned,

2 ) a w eigh t-sharing  partial connectivity that consists of maintaining the same set 

of weights associated with each receptive field as the source layer is scanned.
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3.3.1 D esign 3: T h ree-L ay er N eu ra l N etw ork  w ith  N onw eight-

S haring  P a r tia l  C o n n ec tiv ity

This design consists of two hidden layers HI and H2 from which feature maps are 

constructed based on a nonweight-sharing partial connectivity structure (see Figure

3.5-b). Thus, for a (9 x 9)-pixel image applied as input to the network (see Figure

input image (9x9) Architecture input image (9x9)

9 weight-futers

feature map feature map

Outputoutput (2x1)
ExampleExample

(a)

F ig u re  3.5. A locally-connected network architecture and associated weight filters 
(b). Examples of feature maps in HI for two different classes of images (a) and (c).

3.5-b), I design nine independent weight filters, each associated with a (3 x 3)-pixel 

input image subset, or receptive field. In this particular design, the receptive fields 

in the input image do not overlap. By vector-multiplying a receptive field with its
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associated weight filter, one node in the HI feature map is generated. As the entire 

input image is scanned, we construct a (3 x 3)-node feature map in the HI layer. The 

second-layer feature map, H2, is built by scanning the (3 x 3)-node feature map in 

HI using a window of (2 x 2 )-node size. The size of the receptive fields in HI is, thus, 

(2 x 2) nodes. In the scanning process, two consecutive receptive fields in HI overlap 

either by one node in the X-direction or one node in the Y-direction. As the entire 

HI feature map is scanned, I create a ( 2  x 2)-node, higher-order feature map in the 

H2 layer. In the final part of my design, H2, the second hidden layer, is then fully 

connected to the two-node output layer.

The resulting network with 120 connections is found to learn in 1,560 iterations 

or 52 epochs. Therefore, although the number of weights is decreased significantly by 

this design, the time requirements for training the network has significantly increased. 

The generalization performance, however, now reaches an acceptable level of 94%, far 

better than either of the two networks previously tested. By examining the weight 

filters (see Figure 3.5-b), it is interesting to note that only one filter out of nine is 

active in the classification process. The receptive field of the active filter is at the 

lower left corner of the input image. The detection or the nondetection of the dot 

intensity in this corner of the input image is sufficient to classify that image into one 

of the two image classes.

3.3.2 D esign 4: Three-Layer Neural N etwork w ith W eight-Sharing  

Partial C onnectivity

Because the same local feature can appear at different positions in the input 

image, a feature detector should detect such a feature anywhere in that image (des­

ignated as shift-invariant detection). The detection of the same feature in different
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locations in the input image is implemented by constraining all receptive fields in the 

input layer to have equal weights. This technique is called weight-sharing because 

all the receptive fields share the same set of weights. As a result, the number of free 

parameters in the network is reduced since each weight controls many connections at 

different locations inside the input image.

As in the previous design, the architecture of this design consists of two hidden 

layers HI and H2 (see Figure 3.6-b). HI and H2 are constructed using the weight- 

sharing partial connectivity technique. Layer HI contains two feature maps and layer 

H2 is made up of only one feature map. I build each of the two feature maps in HI, 

by convolving the input image by a constant weight filter of (3 x 3)-node size. The 

receptive fields in the input layer do not overlap and each feature map in HI has a 

(3 x 3)-node size. A hidden-node value in the second hidden layer H2, is obtained 

by first juxtaposing two receptive fields, one from each feature map in HI, and then 

convolving the combined fields with its associated weight filter. In the scanning 

process, the receptive fields in each HI feature map overlap either by one node in 

the X-direction or one node in the Y-direction (see Figure 3.6-b). Layer H2 is, thus, 

composed of one (2 x 2 )-node, high-order feature map. As in design 3, H2 is then 

fully connected to the output layer.

The resulting network has 210 connections but only 58 free parameters. With 

such a structure, the network learns in 1,020 iterations or 34 epochs, and the general­

ization performance is found to reach the very acceptable level of 97%. By examining 

the two feature maps of the first hidden layer notice, however, that they look similar 

(see Figure 3.6-a and Figure 3.6-c). Therefore, the two weight filters between the 

input layer and HI appear to be performing the same task. This suggests that the 

network would perform just as well with one feature map as with two feature maps
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in the first hidden layer. Consequently, one filter should be sufficient to design the 

hidden layer, HI, thereby reducing the number of free parameters to 36. After con­

structing and testing such a network, I find that the network learns in 1200 iterations 

or 40 epochs, and the generalization performance reaches 100% .

In summary, I examined four types of network architecture (see Figure 3.2) 

and demonstrated procedures for analyzing these architectures in order to develop 

improved network designs yielding better generalization performance. This approach 

was successful, leading to a partially-connected, hierarchical multilayer architecture 

(based on biological vision models) that produced 1 0 0 % generalization performance. 

The performance results of all four types of architecture (summarized in Table 3.1) 

shows that generalization generally increases as the number of free parameters goes 

down and as the architecture becomes more constrained.

Table 3.1. Generalization performance for five network architectures of increased
complexity and increased constraints.

architecture connections free
parameters

generalization
performance

iterations 
for learning

1 . One-layer fully connected 164 164 72% 1 2 0

2. Two-layer fully connected 758 758 89% 180
3. Multi-layer without 

weight-sharing 1 2 0 1 2 0 94% 1560
4. Multi-layer with 

weight-sharing 
(two feature maps in HI) 2 1 0 58 97% 1 0 2 0

5. Multi-layer with 
weight-sharing 
(one feature map in HI) 1 2 0 36 1 0 0 % 1 2 0 0
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Example 2ArchitectureExample 1

2x(3x3)

2 feature maps2 feature maps

Output

F ig u re  3.6. A shared-weight network architecture with two feature maps in HI and 
two sets of weights from the input layer to the first hidden layer (b), and examples 
of feature maps in HI for two classes of images (a) and (b).

Example 1 Architecture Example!

feature map

(a) (b)

Input

Weights

HI
feature map

lx(2x2) H2

(2x1) Output
(c)

F ig u re  3.7. A shared-weight network architecture with one feature map (b) in HI 
and examples of feature maps in HI (a) and (c).
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C h a p te r  4 

A U T O M A T E D  V E L O C IT Y  P IC K IN G

Having explored the ability of a neural network to classify simple images reminis­

cent of semblance images, I will now proceed to design a processing package capable 

of automated velocity picking. In the previous chapter, neural networks were used 

only to classify images into specific types. Although useful, the classification of a 

semblance image into a specific type is not the desired result. Rather, the establish­

ment of a stacking velocity function from the semblance image is the desired result. 

Knowing, however, that the semblance image in question is of a certain class, could 

aid in the development of a computerized velocity picker that uses a semblance image 

from the same class picked by a knowledgeable operator as a guide. Following this line 

of thought, I develop a package for automated velocity picking based on the following 

3 steps:

Offset Velocity

m m
Mapping

Neural Network

Classification

CMP Semblance Neural network
Image Image class output

F ig u re  4.1. Overview of the classification processing: from CMP image to the
classified output pattern.
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1. A knowledgeable data processor examines a suite of semblance images from the 
data set in question, establishes semblance classes, and picks velocities from 
class-image representatives,

2 . Using a neural network, semblance images are classified according to their pat­
tern features,

3. Velocities are picked from the semblance images using the classification output 
as a guide to locate the correct velocity picks.

Semblance images are obtained from CMP gathers in the survey through a map­

ping process (see Figure 4.1). The mapping of a single point in a semblance image 

provides a measure of the signal coherence from a window of data being moveout 

hyperbolicly at a particular stacking velocity. The calculations defining this mapping 

process are detailed in appendix A. From Appendix A, it should be noted that sev­

eral parameters must be chosen carefully. In particular: 1) the incremental velocity 

spacing should be in a constant ( ^ ) ,  where va is the stacking velocity, 2 ) the time 

sampling should be 5 to 10 times larger than that used in the common-midpoint gath­

ers, and 3) consideration should be given to the type of geology in selecting the trial 

velocity range. To reduce training time and for normalization reasons, the gray-scale 

semblance images are scaled between -0.5 and 0.5, and are then applied as inputs to 

the network either for training or for classification after the training phase has been 

completed.

The classification neural network is designed so that the number of output nodes 

equals the number of output classes. W ith the assumption that image classification 

depends directly on the different types of geology in the study area, I design the neural 

network so that the number of nodes displayed at the output equals the number of 

geologic type sections. This implies that the data processor can intelligently choose 

the number of geologic type sections in advance and select semblance images for the 

training set. Given that the data processor typically has access to a brute stack,
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from which a priori knowledge is available on the number, and the types of geologic 

sections involved, this is not, in general, a critical requirement. In the rare case where 

no such a priori knowledge is available, an alternative method would be to fix the 

number of image classes at some manageable level of 5 to 10. To generate semblance 

images from each class for learning and initial velocity picks, place a grid over the 

survey area, with the number of grid points equal to the number of classes defined. 

Semblance images are then constructed at the CMP locations associated with each 

grid point and assigned a class number.

x
Increment Y

Increment X

Input image
(Semblance)

Receptive
Fields

Weights sharing 
connectivity

Receptive 
" F i e l d  
Feature mapsHI

Weights sharing 
connectivity

H2 Feature maps

Fully Connected

□ □ □ □ □Output nodes

F ig u re  4.2. Two-layer weight-sharing, hierarchical neural network.

A weight-sharing network similar to the one described in section 3.3.2 is used to 

classify semblance images (see Figure 4.2). Determining the design criteria for such 

a network requires answers to the following questions:
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1 ) W hat is the size of the receptive field (window) in the input image? The answer 

depends on the size of the characteristic features and on the sampling intervals along 

the time and sloth axis in the input image.

2) W hat are the X and ^-components of the increment between two-successive window 

positions? The answer depends on how disjoint the particular features are in the input 

image.

3) How many feature maps are in the first hidden layer (HI)? The answer depends 

on how complex the main features are in the input image.

4) W hat is the size of the receptive field (window) in the first hidden layer (HI)? The 

answer depends on how much resolution is needed to distinguish the main features in 

the input image.

5) How many feature maps are in the second hidden layer (H2)? This number should 

be greater than the number of feature maps in HI.

6 ) W hat are the increments between two-successive window positions in the first 

hidden layer? The answer also depends on the resolution of the main feature patterns 

in the input images.

7) How many hierarchical levels or hidden layers (e.g. HI or H2) are there in the 

neural network? The number of hierarchical levels increases as the complexity of the 

problem.

Obviously, variations in the seven criteria produce an impossibly large number 

of alternative weight-sharing network designs. In order to reduce the number of 

possibilities in finding the optimum network, I use a priori knowledge in selecting 

these seven criteria. Examples of such a priori knowledge can come from: 1 ) previous 

experience in designing weight-sharing neural networks, or 2 ) observation of the input 

feature sizes in the input images to determine the size of the receptive field in the
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input image, or 3) the number of feature maps in H2 should be greater than the 

number of feature maps in HI, etc... Examples of such weight-sharing networks are 

given in Chapters 5, 6  and 7. However, even after using a priori knowledge, there is 

no way, to know whether or not the selected network architecture is optimum.

Once the architecture of the weight-sharing neural network has been designed, 

the network is trained to identify classes of input semblance images representing differ­

ent geologies as interpreted from the seismic data. For every class, a set of semblance 

images are sampled from contiguous CM P’s and collected into a training set. All 

images from this training set are run through the neural network until adjustment of 

the network parameters yields the expected class outputs according to a node-error 

learning criterion, thus, signifying the completion of the neural-network training pro­

cess for recognizing these particular classes. Some care should be taken in choosing 

the node error bound. Training the neural network with an error bound that is too 

small (i.e. less than 0.05) should teach the network to precisely identify the image 

class patterns in the training set, but with the possibility of a poor generalization 

performance. On the other hand, choosing an error-bound that is too large (i.e. be­

tween .2 and .4) could lead to better generalization, but with an image class-pattern 

that is too imprecise.

I make two assumptions in using the trained neural network to classify unseen 

semblance images:

A ssu m p tio n  1  For the classification of each untrained semblance image, the quality 

of the classification (i.e., how well the neural network classifies the image) is
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measured through the quality factor Q F l :

- g - . . . . ,  M

M ax

where classi is ith output-node value, M ax  is the maximum output-node value, 

and nclass is the number of classes. Q F  varies in the range [1,2 — nclass]. I 

assume that below a certain user-defined threshold for the quality factor, the 

input images are considered a poor fit to the class represented by the output- 

node pattern2, and are, therefore, eliminated from further processing. There 

are many other ways to construct a quality factor. The 1-2 norm between the 

actual and the ideal output is an example. I choose the quality factor described 

in equation 4.1, because it has a floating minimum value depending on the 

number of classes. For a given threshold value, the severity of the test for 

acceptance of the classified images increases as the number of classes increases. 

As the number of classes increases, the possibility of arranging numbers in each 

class node also increases, and, therefore, the test for acceptance should be more 

severe. Using a 1-2 norm for the quality factor will force, instead, in having a 

floating threshold as the number of classes changes, which is not the case when 

using the quality factor of equation 4.1.

A ssu m p tio n  2  Consider two successive training sets for classes n  and n +  1. The 

semblance images generated from CMPs located between the CMPs used to 

define classes n  and n +  1 , are assumed to belong either to class n  or class n +  1  

and to no other class. If they are, however, classified in a class other than n

1The ideal classified output occurs when the maximum node amplitude equals one and is sur­
rounded by nodes of zero value.

2 The class of the input image is determined by the location of the node of maximum intensity at 
the output of the neural network.
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and n +  1 , they are eliminated from further processing.

Once the class to which each semblance image belongs has been determined, 

the velocities are automatically picked from these images. Picking velocities from 

semblance images is performed sequentially on the classified data. I reject those 

images having a quality factor that falls below the user-defined threshold according 

to Assumption 1 . I also reject those images that do not belong to the expected classes 

in accordance to Assumption 2.

In order to illustrate the automated velocity picking scheme from semblance 

images using the classification outputs, consider the example shown in Figure 4.3. 

There are 1 1  training semblance images for each of three classes: images from CMPs

Semblance (or CMP) number

IN  11* 3** 11* $** si*

Untrained
Data

Untrained
Data

Training set 
for class n

Training set 
for class n+1

Training set 
for class n+2

F ig u re  4.3. Location of training sets for different classes along the survey line .

100 to 110 represent the training set for class n, images from CMPs 300 to 310 

represent the training set class n +  1, and images from CMPs 500 to 510 represent 

the training set class n +  2. Class n is characterized by three velocity picks, class 

n +  1  is characterized by four velocity picks, and class n +  2  is characterized by 

five velocity picks, indicating a change of geology along the survey line. Consider 

semblance images that have been classified from CMPs located between those used
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to define the classes n and n +  1. From Assumption 2, these images belong either to 

class n or class n +  1. Starting from CMP 111 to CMP 299, assume the first CMP 

tested belonging to class n is CMP 111. The velocity picks from semblance image 

of CMP 110 are entered into the semblance image of CMP 111 as “first estimate” , 

for locating the actual velocity picks in semblance image of CMP 111. User-defined, 

nonoverlapping rectangular areas are centered around the a priori picks in CMP 111. 

In each of the rectangular areas, we search for the maximum image amplitude. The 

sizes of the windows depends on the expected sizes of the input image features. Once 

found, these maxima, then, constitute the actual or a posteriori velocity picks for 

the semblance image derived from CMP 111. These a posteriori picks now become 

the a priori picks for the next semblance image belonging to class n. This process 

is repeated until the end of the untrained data at CMP 299 is reached. The same 

procedure is repeated for class n +  1, but going in the reverse direction from CMP 

300 to CMP 111. I continue the same process for untrained data between class n + 1  

and class n +  2 , then for classes n +  2  and class n +  3, and so on. After processing 

all the CMPs, I use the picked velocities to generate a velocity field over the entire 

survey area.

Because the process of velocity picking described above produces dense velocity 

sampling and because small, rapid variations in velocity create visible disturbances in 

the final stacked section, it is advisable to smooth the velocity field after the velocities 

have been picked using the computer technique previously described. In my research, 

I spatially smooth the velocity field using a 10-trace moving window average method 

for the sloth values.
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C h a p te r  5 

M A R A T H O N  M O D E L  DATA

In this Chapter, I apply the automated velocity picking scheme described in 

Chapter 4 to a set of data called the “Marathon data” . The Marathon data set was 

obtained from a physical scale model representing a salt ridge over rifted basement 

as shown in Figure 5.1. The data were collected at the Seismic Acoustic Laboratory

CMP
50 150 250 350 450 550

J------------------------- 1-------------------------1------------------------- 1-------------------------1------------------------- L

Vp:=11750ft/s

15750

15750

F ig u re  5.1. Marathon model showing the layered velocity distribution. The num­
bers 1, 2, 3, 4, 5, 6 , 7 on the bottom of the Figure represent the locations of the
training sets for each class.

at the University of Houston for the Marathon Oil Company. The end-of-spread

acquisition configuration for these data is shown in Figure 5.2, and the recording

ARTHUR LAKES LIBRARY 
COLORADO SCHOOL OF M IN S , 
GOLDEN. CO 8 0 4 0 1
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Source Geophones

^ 7  *  #  *  #

set-up

1

800 feet 80 feet

48 traces

JSZ # # # #
80 feet

F ig u re  5.2. Two consecutive shot-geophone configurations (setups 1 and 2) for the
Marathon data.

geometry is summarized in the Table 5.1. Examples of shot records and common

Table 5.1. Marathon field data parameters.

Number of shots 296
Number of channels/ shot 48
Geophone spacing 80 feet
Shot spacing 80 feet
Near offset 800 feet
Far offset 4560 feet
Sample interval 4 ms
Trace length 2  s

midpoint gathers along the survey line are shown in Figure 5.3, demonstrating that 

shot records and CMP gathers look different when covering the different geologic 

sections represented in the model (Figure 5.1). In particular, different types of 

seismic events are noticeable such as a non-hyperbolic reflection on shot 1 0 0  at 1 . 5  

sec., a hyperbolic reflection on shot 175 at 0.4 sec., and a diffraction event on shot 

175 at 1.5 sec.

A total of 627 semblance images are generated from all CMPs in the data set
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and the images are presented as input to the classification neural network. From 

the four samples of the computed semblance images (Figure 5.4), notice the different 

geometrical feature patterns with each image coming from a different part of the 

model (Figure 5.1). These patterns consists of a succession of peaks that become 

more elongated as the time increases, and the locations of the patterns along the 

sloth axis tend to decrease as the time increases. Some of these feature patterns have 

very steep peaks as in the semblance from CMP 550, or tends to have more gentle 

peaks as for semblance from CMP 450.

sloth (sec./ft 10A-9)**2

From CMP 200

sloth (sec./ft 10A-9)**2 
5 10

8 1.0 2__

1.5

From CMP 450

sloth (secVft 10A-9)**2 
5 100-,--------------- !----------------L-

From CMP 350

sloth (secVft 10A-9)**2 
5 10

From CMP 550

F ig u re  5.4. Examples of semblance images derived from the Marathon data set.
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The number of data pixels in the semblance images depends on the time-sample 

interval1 and on the number of trial sloths. The time-sample interval is chosen to 

be 40 ms, and with a 2-second trace length, there are 50 samples along the time 

axis of the semblance image. The sloth axis is sampled in constant A^- increments 

and contains 60 sloths corresponding to 60 velocities in the range between 9000 and 

45000 ft/s . Thus, the number of image-data pixels (representing the size of the input 

semblance image) is 3000 pixels (namely, 50 x 60).

Input
Image

H I (3 overlap in X) 
(3 overlap in Y)

Recepti 
Field «j

H2

50x60 nodes

Receptive Field
(5 overlap in X)
(5 overlap in Y)

Weight-sharing 
connections

2x(9xll) nodes

Feature Maps 

^f4x(3x 4) nodes

□ □ □ □ □ □ □
Output=7 classes

F ig u re  5.5. Architecture for the “M arathon-data” network used for 
semblance-image classification.

The local features in the input image are defined as peaks more or less elongated 

along the sloth axis (Figure 5.4). I decide that there are two types of elongated

1 Time-sample interval: the interval between two consecutive values along the time axis.
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Table 5.2. Architectural parameter description for the weight-sharing 
partially-connected network.

D escrip tio n P a ra m e te r  V alues
Input image size 60 x 50
Receptive field size 1 0  x 1 0

Overlap of the input receptive field 5 x 5
Number of feature maps in HI 2

Size of the feature map in HI 9 x 11
Number of feature maps in H2 4
Size of the receptive field in HI 2 x 5 x 5
Overlap of the receptive fields in HI 3 x 3
Number of output classes 7
Number of connections 22789
Number of free parameters (computed) 989
Type of connections Input-Hl weight-sharing
Type of connections H1-H2 weight-sharing
type of connections H2-Output fully connected

features: one type for peaks which are more or less circular, the other type for peaks 

elongated along the sloth axis. In order to classify semblance images according to their 

feature patterns, a multilayer weight-sharing neural network with two feature maps 

in the first hidden layer is used to detect those two features. In order to determine 

the number of output nodes in the classification network, I interpret seven types of 

geology at the following locations in the model (see Figure 5.1): the left side of the 

model ( 1 ), the side right of the model (7), the salt dome (3), the left side of the salt 

dome (2), the right side of the salt dome (5), and two transition-zone types (2) and 

(4). I, thus, design the network with seven output nodes representing seven output- 

class patterns. The size of the window-receptive field in the input image is (10 x 10) 

pixels, which is the estimated size of the largest circular feature peaks. The overlap
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of two consecutive receptive fields in the input layer is either 5 pixels along the sloth 

axis or 5 pixels along the time axis. By overlapping five pixels instead of one pixel, 

some precision regarding the locations of the peaks is lost. Because a pattern class 

is not only defined by the locations but also by the geometrical shapes of the peaks, 

this partial loss of location information is not particularly significant. The size of the 

feature maps is, however, smaller than that of the input image. These two feature 

maps in the first hidden layer are scanned together four times by a window of size of 

(5 x 5) pixels, creating four high-order feature maps. The four feature maps are then 

fully connected to the seven-node output layer. The designed architecture has 22789 

connections, but only 989 independent weights, demonstrating again the advantage 

in using a weight-sharing design that creates computationally powerful networks and 

that yields good generalization performance. The full architectural design is shown 

in Figure 5.5 and the design criteria are summarized in Table 5.2.

To train the neural network, I use a training set of 77 images (or 11 semblance 

images per class). Although the network has 989 free parameters, a training set of only 

77 images is sufficient, because of the relative simplicity of the feature patterns inside 

the semblance image. Table 5.3 pinpoints the locations in the CMP domain, for the 

training set representatives of each class. Because the data have a high signal/noise 

ratio, and also because I defined too many output classes (as it will be shown later 

in this Chapter), a small training node-error learning criterion threshold of 0.05 was 

found to be sufficient to train the network. With this training node-error bound, 

I find that it takes 12,960 iterations or 168 passes (or epochs) through the entire 

training set to train the neural network successfully.

All the other semblance images that are not used in the training set (i.e. 627- 

77=550 images) are passed into the neural network for classification. The results of
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the classification and the corresponding quality factor describing the “goodness-of- 

fit” to a class are shown in Figure 5 .6 -a and Figure 5.6-b. As a first approximation, 

I assume that the classification is accurate if the quality factor is above 0.62, which 

corresponds to a normalized quantity of 0.93. Figure 5.6-b shows the quality factors 

for the classification of all semblance images along the survey line. Most of the quality 

factors are greater than 0.8 (or normalized 0.97) indicating that the classification 

performed by the neural network is accurate for most of the untrained images.

In analyzing the classification results (Figure 5.6-a), notice that the same sem­

blance class is found in different locations in the survey. For example, semblance 

images classified in class 6 , are located within the vicinity of training set samples 

for classes 6  and 1 . The symmetry observed in the classification-CMP plot of Figure

5.6-a is directly related to the symmetry of the geology shown in Figure 5.1. This 

symmetry explains why the class- 6  semblance images are positioned near the training- 

sample locations for classes 1  and 2 as well as 6  as shown in Figure 5.6-a. It therefore

2The maximum quality factor is 1 and the minimum quality factor is -5 in this case. If the range 
of values for the quality factor is scaled between 0 and 1, the value of 0.6 corresponds to a scaled 
value of 0.93.

Table 5.3. Representative sample images for training each class.

Sem blance panels from  C M P S C lass n u m b er
55 to 65 1

2 0 0  to 2 1 0 2

290 to 300 3
380 to 390 4
430 to 440 5
520 to 530 6

580 to 590 7
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appears I have defined too many classes in characterizing the geology of the survey, 

and I would have obtained better classification results with fewer classes defined in 

more adequate locations.

Next, I apply the computerized velocity-search algorithm in order to pick the 

velocities automatically. During the automated search for time-velocity picks, I set 

the size of the search window to three samples along the time axis and five samples 

along the velocity axis3. Because the size of the search areas is set to half the size of 

the largest circular feature peak, which is roughly (3 x 5)-pixel samples in the input 

image and, therefore, the search areas usually contain a single peak. That prevents 

the limited area search algorithm from selecting incorrect peaks.

Using the suite of velocities picked by hand and those picked automatically by 

the velocity-search algorithm, velocity fields for each of the above cases are contoured 

in Figures 5.7-a and 5.7-b, respectively. Comparing these two fields, I quantify their 

similarity by computing the average percentage difference to be 3.8%, which is very 

good considering that the velocity is a robust parameter for the stacking process. 

Final stack sections are generated from these two velocity fields (Figures 5.8-a and 

5.8-b). A visual comparison shows little difference between these two sections.

In order to gain insight on how to improve the selection of the network architec­

ture criteria, I make a three-dimensional plot for each set of weights used to build the 

two feature maps in the first hidden layer HI (weight amplitude versus the X and Y 

dimensions of the semblance image as shown in Figure 5.9). Notice that these plots 

are almost identical. Thus, concluding that the same operation is being unnecessarily 

performed twice, I redesign the network using only one set of weights to build the first 

hidden layer. The reduced architecture of this latest design now has a total of 388

3Recall that each sample interval along the time axis represents 40 ms.
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free parameters compared to the 989 in the original architecture. As demonstrated 

in Chapter 3, the new design with its reduced weight architecture should allow the 

network to exhibit a much improved generalization performance.

In conclusion, both techniques (the neural-network and the manual picking pro­

cedures) give equivalent results. In addition, the automatic scheme generates a con­

tinuous velocity analysis along the survey line. Such a continuous velocity analysis is 

needed when special processing techniques such as A.V.O. are used.
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Semblance from CMP
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%
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CO3
O 0.2

150 250 350 450 55050
Semblance from CMP

(b)

F ig u re  5.6. Classification results for the Marathon data set. The numbers 1 , 2 , 3, 
4, 5, 6 , 7 on the upper-horizontal CMP axis in Figures 6 .6 -(a) and 6 .6 -(b) represent 
the locations of the training sets for each class. Figure 6 .6 -(a) shows the output 
class to which each semblance image has been classified and Figure 6 .6 -(b) shows the 
corresponding image-class quality factor that is a measure of how well the image fits 
into its class.
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CMP
100 200 300 400 500

0  
</>

1

(a)

1

2

1 0 0

CMP
200 300 400 500

F ig u re  5.7. Contour plot of the stacking velocity field generated from velocities 
picked by hand (a) and that generated from velocities selected using the automated 
procedure (b). Contours were plotted at 12000, 17000, 27000 and 40000 ft/sec where 
the thinnest line represents 12000 ft /  sec and the thickest line represents 40000 ft/sec.
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CMP
100 200 300 400 500 600

(a)

CMP
100 200 300 400 500 600

(b)

Figure 5.8. Comparison between the stack processed with velocities picked by- 
hand (a) and the stack processed with velocities derived from the automated velocity 
picking procedure (b).
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(a) (b)
F ig u re  5.9. The two weight-sharing filters (a) and (b) from the input layer (sem­
blance image) to the first hidden layer HI. The input image is convolved with each 
weight-sharing filter to construct the two feature maps in HI.
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C h a p te r  6  

C O M P U T E D  R E C O R D S  S E C T IO N S

In this Chapter, I apply the automated velocity picking technique to computer 

generated seismic records. Two hundred and fifty computed seismic records are com­

puted using a ray-tracing software package1, applied to the geological model shown 

in Figure 6.1. The recording geometry is summarized in Table 6.1.

CMP

o

1 »

1

xio4 i  2 3 4 5

F ig u re  6.1. Synthetic-data model showing the layered velocity distribution.

Examples of generated shot records and common-midpoint gathers along the 

survey-line are shown in Figure 6.2. Notice that the seismic events in the CMP 

gathers varies with the different geologic sections covered in the model. In particular, 

different types of seismic events are noticeable such as a non-hyperbolic reflection on 

shot 75 at 1.3 sec., a hyperbolic reflection on shot 125 at 0.3 sec, and a diffraction

1Cshot, the ray-tracing modeling package, is a Colorado School of Mines software developed by 
the Center of Wave Phenomena.

Vp-11750 IVs
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Table 6.1. Synthetic field data parameters.

Number of shots 250
Number of channels/shot 48
Geophone spacing 80 feet
Shot spacing 80 feet
Near offset 800 feet
Far offset 4560 feet
Sample interval 4 ms
Trace length 2  s
Field configuration One sided
CMP spacing 40 feet
Number of CMPs 546

event on shot 175 at 1.2 sec. Notice also that the reflections look more hyperbolic in 

the CMP domain than in the shot domain, (see Figure 6.2).

A total of 546 semblance images are generated from the CMPs in the data set. 

Examples of computed computed semblance images are shown in Figure 6.3, each 

exhibiting a different set of feature patterns. The feature patterns consist of a suc­

cession of peaks that become more elongated as the time increases. The procedure 

for determining the number of data pixels in the semblance images has already been 

described in Chapter 5. Following the same procedure, I calculate the total number 

of data pixels for each input semblance image to be 3000. After scaling the data 

pixels in the range between -0.5 and 0.5, the images are presented as inputs to the 

classification neural network.

To determe the number of output nodes, examine Figure 6.1 and interpret five 

types of geology: the salt dome (3), the left side of the salt dome (1), the right side 

of the salt dome (5), and two transition zones (2 ) and (4). Corresponding to these 

five geologic classes, I construct a five-node network output. The design of the neural
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sloth (sec./ft 10a-9)**2 
5 10

From CMP 200

sloth (sec./ft 10A-9)**2 
5 10

-̂>0.5

From CMP 450

sloth (sec-Zft 10A-9)**2 
5 10J----------------L

•^0.5-

From CMP 350

sloth (sec/ft 10A-9)**2 
5 10

- 0 .5

From CMP 480

F ig u re  6.3. Examples of semblance images derived from the synthetic data set.

network is based on the characteristic features in the input semblance images, which 

are peaks elongated in the direction of the sloth axis as shown in Figure 6.3. Using 

the knowledge acquired from Chapter 5, I design a weight-sharing neural network 

with only one feature map in the first hidden layer and two feature maps in the 

second hidden layer. The second hidden layer is fully connected to the five output 

nodes. The sizes of the receptive fields of this network design are kept the same as 

those in Chapter 5. The designed architecture has 10753 connections but only 398 

free parameters. A schematic of the architectural design for the classification neural
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Table 6.2. Architectural parameter description for the weight-sharing neural
network.

D escrip tio n P a ra m e te r  V alues
Input image size 60 x 50
Receptive field size lO x  1 0

Overlap of the input receptive field 5 x 5
Number of feature maps in HI 1

Size of the feature map in HI 9 x 11
Number of feature maps in H2 2

Size of the receptive field in HI 5 x 5
Overlap of the receptive fields in HI 3 x 3
Number of output classes 5
Number of connections 10753
Number of free parameters 398
Type of connections Input-Hl weight-sharing
Type of connections H1-H2 weight-sharing
type of connections H2-Output fully connected

network is shown in Figure 6.4. A summary of its design criteria are given in Table 

6 .2 .

To train the network to recognize the five output classes, fifty-five semblance 

images (or 11 images per class) are used as the training set (see Table 6.3). Because of 

the high signal/noise ratio of the input, I choose a small training error node threshold 

of 0.05 in order to closely fit each training image to its class. W ith this training 

node-error bound, I find that it takes 1100 iterations or 20 epochs to train the neural 

network successfully.

All the other semblance images that are not used in the training set are passed 

into the neural network for classification. The results of the classification and the 

corresponding quality factors describing the “goodness-of-fit” to a class are shown 

in Figures 6.5-a and 6.5-b. The threshold quality factor for correctly identifying
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classified semblance images is set to 0.6 ( or a normalized value of .90) Most of the 

quality factors are greater than 0.8 (or a normalized value of .95) indicating that the 

classification performed by the neural network is accurate for untrained images.

The velocity field for the geologic model of Figure 6.1 is derived using the auto­

mated computer search algorithm and is compared to the velocity field derived from 

the manual picking method (Figures 6 .6 -a 6 .6 -b). I find that the two velocity fields are 

visually similar, and furthermore, can be assumed to be nearly identical as indicated 

by the calculated average difference of 1 0 % between the fields.

The NMO and stacking processes generated two sections, one using the velocities 

coming from the automated procedure and the other using the velocities manually 

picked in the semblance images. Upon close examination of the two stack-sections 

(Figure 6.7-a and Figure 6.7-b), no significant variations between the two sections 

was observed.

In attem pting to improve on this design, I make a 3-dimensional plot of the sin­

gle set of weights (weight-amplitude versus the X and Y dimensions of the semblance 

image as shown in Figure 6 .8 ), and observe that the weight-filter structure exhibits 

symmetry in the Y direction. In essence, this symmetry indicates that each sym­

metric portion of the filter performs the same operation, an unnecessary feature of 

the present design. I can eliminate this undesirable effect by using a weight filter at 

one-half the size of the original. The result should yield fewer free parameters in the 

network architecture, and produce a corresponding improvement in its generalization 

performance.

Because both techniques (the neural-network and the manual picking procedure) 

give equivalent results, I conclude that the automated computer search algorithm 

is a valid technique for determining seismic stacking velocities for this model. This
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automated procedure is indeed, rather economical when applied to continuous velocity 

analysis as in A.V.O..
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Input
Image
50x60

Receptive Field
(5 overlap in X )
(5 overlap in Y)

Weight-sharing
connections

HI: lx (9 x ll)Receptive
Field
(3 overlap in X) 
(3 overlap in Y)

Feature Maps

H2: 2x(3x 4)

□ □ □ Output=5 classes

F ig u re  6.4. Architecture for the “synthetic-data” network used for 
semblance-image classification.

Table 6.3. Representative sample images for training each class.

Sem blance panels from  C M P S Class n u m b er
85 to 95 1

2 0 0  to 2 1 0 2

290 to 300 3
410 to 420 4
490 to 500 5
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F ig u re  6.5. Classification results for the synthetic data set. The numbers 1 , 2 , 3, 
4, 5 on the upper-horizontal CMP axis in Figures 7.5-(a) and 7.5-(b) represent the 
locations of the training sets for each class. Figure 7.5-(a) shows the output class 
to which each semblance images has been classified and Figure 7.5-(b) shows the 
corresponding image-class quality factor which is a measure of how well the image 
fits into its class.
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F ig u re  6 .6 . Contour plot of the stacking velocity field generated from velocities 
picked by hand (a) and that generated from velocities selected using the automated 
velocity picking procedure (b). Contours were plotted at 12000, 17000, 27000, 40000 
f t / sec where the thinnest line represents 1 2 0 0 0  ft / sec and the thickest line represents 
40000 ft/sec.
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F ig u re  6.7. Comparison between the stack processed with the velocities picked 
by hand (a) and the stack with the velocities derived from the automated velocity 
picking procedure (b).
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F ig u re  6 .8 . Weight-sharing filter from the input layer (semblance image) to the 
first hidden layer HI. The input image is convolved with the weight-sharing filter to 
construct a feature map in HI.
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C h a p te r  7

FIE L D  DATA

In this chapter, I show the results of applying the automated velocity-picking 

technique to onshore field data. The field configuration to generate this data set is 

shown in Figure 7.1 and the recording geometry is summarized in Table 7.1.

Table 7.1. Real data field parameters.

Number of shots 117
Number of channels/shot 1 2 0

Field configuration two-sided
Geophone spacing 55 ft
Shot spacing 2 2 0  ft
Near offsets (each side) 440/440 ft
Far offsets (each side) 4290/8690 ft
Sample interval 4 ms
Trace length 4 s
CMP spacing 27.5 feet
Number of CMPs 374
Maximum Fold 60

Examples of common-midpoint gathers and their corresponding semblance im­

ages along the survey-line are shown in Figure 7.2. The semblance images exhibit 

different feature patterns, demonstrating the presence of many types of images. The 

feature patterns are succession of peaks with varying degrees of inclination which are 

generally elongated along the sloth axis. The semblance images also look more noisy 

than those generated in the previous model studies (in Chapters 5 and 6 ).

A total of 374 semblance images are generated, one for each CMP in the survey.
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F ig u re  7.1. Two consecutive shot-geophone configurations for the field data set
(setups 1  and 2 ).

These images are scaled in the range -0.5 to 0.5, and then they are presented as 

inputs to the classification neural network. From the 100 time values sampled along 

the vertical time axis and the 60 sloths sampled along the horizontal axis being in 

the velocity range between 8000 and 16000 ft/sec, the number of data pixels in the 

semblance image is, thus, 6000 (i.e, 1 0 0  x 60).

Using the three patterns interpreted from the field-data set, a neural network is 

designed to include a three-node output with two hidden layers HI and H2 inserted 

between the input and the output layers. The schematic diagram of the network 

architecture and a summary of its design parameters are given in Figure 7.3 and 

Table 7.2 respectively.

To train the neural network to recognize the three output classes, a training set 

of 33 semblance images is assembled. Their locations in CMP numbers are given in 

Table 7.3. Because the signal/noise ratio of the semblance images for the field data 

are lower than those for the modeled data given in Chapters 5 and 6 , 1 can expect the 

class image patterns to be less well defined for the field data. Therefore, I choose a
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more relaxed training node error threshold of 0.1. I find that it takes 1650 iterations 

or 50 epochs to train the neural network successfully.

All the other semblance images which are not in the training set are passed into 

the neural network for classification. The classification results and the corresponding 

quality factors describing the “goodness-of-fit” to a class are shown in Figure 7.4. 

Most of the quality factors are greater than 0.61 (or normalized quantity of 0.8) 

indicating that the classification performed by the neural network is fairly accurate 

for untrained images.

The velocity fields derived from velocities picked by the automated procedure 

and the velocities picked by hand are shown and compared in Figure 7.5-a and Figure 

7.5-b. I find that the two velocity fields closely agree as indicated by the calculated 

average percentage difference of 6.3% between the two fields.

Two stacked-sections are generated, one using the velocities determined by the 

automated procedure and the other using the velocities manually picked in the sem­

blance images. Because no significant variations can be detected between the two 

stack-sections (Figure 7.6-a and Figure 7.6-b), I conclude that the computer auto­

m ated method for picking velocities is valid for this set of field data.

XA quality factor of 0.6 chosen as the minimum value for which the classification of the image is 
considered acceptable.
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Semblance Image

(60 x 100) nodesInput
Receptive field (10 x 10) 
(overlap 5 x 5)

Weight sharing 
connectivity

Two feature maps

HI 2 (11 x 19) nodes

'Receptive field (5x5)  
(overlap 3 x 3)

Weight-sharing
connectivity

H2 Two feature maps

2 (4x8) nodes

Fully connected

Output 3 nodes

F ig u re  7.3. Architecture for the “field-data” network used for semblance-image
classification.
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Table 7.2. Architectural parameter description for the weight-sharing neural
network.

D escrip tio n P a ra m e te r  V alues
Input image size 60 x 1 0 0

Receptive field size in input image 1 0  x 1 0

Overlap of the input receptive field 5 x 5
Number of feature maps in HI 2

Size of the feature map in HI 11 x 19
Number of feature maps in H2 2

Size of the receptive field in HI 5 x 5
Overlap of the receptive fields in HI 3 x 3
Number of output classes 3
Number of connections 22374
Number of free parameters 977
Type of connections Input-Hl weight-sharing
Type of connections H1-H2 weight-sharing
type of connections H2-Output fully connected

Table 7.3. Representative sample images for training each class.

Sem blance panels from  C M P s C lass n u m b er
450 to 460 1

615 to 625 2

725 to 735 3
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F ig u re  7.4. Classification results for the field data set. The numbers 1 , 2 , 3 on 
the upper horizontal CMP axis in Figures 8.4-(a) and 8.4-(b) represent the locations 
of the training sets for each class. Figure 8.4-(a) shows the output class to which 
each semblance image has been classified and Figure 8.4-(b) shows the corresponding 
image-quality factor which is a measure of how well the image fits into its class.
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F ig u re  7.5. Contour plot of the stacking velocity field generated from velocities 
picked by hand (a) and that generated from velocities selected using the automated 
procedure (b). Contours were plotted at 9000, 12000, 14000 and 15000 m /sec where 
the thinnest line represents 9000 m/sec and the thickest line represents 15000 m/sec.
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F ig u re  7.6. Comparison between the stack processed with velocities picked by hand
(a) and the stack processed with velocities derived from the automated procedure (b).
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C h a p te r  8  

C O N C L U S IO N

The purpose of this investigation has been to develop a computer-automated 

method to pick seismic velocities from semblance images. To achieve this goal, I 

designed a layered, hierarchical and constrained network architecture inspired by the 

mammalian neural system model (i.e that found in the retina of mammals), and 

applied this design to the classification of semblance images.

In the classical techniques of pattern recognition, the inputs to a classification 

system are normally feature vectors which contain high-level information. But in­

stead, in this study, I use techniques to extract high-level information directly from 

low-level information data (i.e. images) presented as input to the classification sys­

tem. Until now the technology to accomplish such a task has been time consuming 

and laborious, often requiring manual processing of the data. But my employment of 

neural-network technology demonstrates that unprocessed semblance-image input can 

be automatically and efficiently converted to higher-level data displayed as hidden- 

layer feature maps. Ultimately, the data which are displayed at the output of the 

neural network is a simplified pattern which defines class of the image.

A distinct advantage that neural networks have over the standard pattern- 

recognition techniques is that they can handle large amounts of low-level information 

in an efficient manner while automatically and accurately classifying the semblance 

image input. Because I tailor the neural network to the classification task by de­

signing a constrained architecture (using weight-sharing connections and fixing the 

number and the size of feature maps in each hidden layer), I am able to process large
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amounts of low-level information input data.

Image classification works well when the differences between class patterns are 

highly variable, but may fail when changes become small and gradual. The way the 

neural network interpolates between classes is architecture dependent and difficult 

to predict. To bypass this problem, I compute a quality factor for the classification 

of each image, and eliminate those images showing low quality, thereby avoiding the 

interpolation issue altogether.

Semblance image classification is only a first step in achieving the goal of this 

study, the automated picking of seismic velocities. In the second and final step, the 

trained network output serves as a template to guide the computer in locating the 

correct velocity picks.

The automated procedure for picking seismic velocities was successfully tested 

on model data, synthetic data, and real data. The quality of the stacked sections 

generated by the computer was compared to that generated manually, and in all 

cases no obvious difference in the quality of the two equivalent sections could be 

found.

The above scheme of automated velocity picking is not really economical for 

conventional processing where only sparse locations of velocity analysis is used. How­

ever, when continuous velocity analysis such as in A.V.O., is needed, this technique 

becomes economical and viable because it automatically produces a velocity field 

densely sampled along the survey line.

Ideally it would be desirable to perform velocity picking in one step using a 

mapping neural network instead of the two-step technique inherent in the classification 

neural network. In such a system the input semblance image would be transformed by 

the neural network into an output image of the same size but with zeros everywhere
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except at the pick locations. Such a mapping network was tried, but the network did 

not generalize well.

Nevertheless, I have successfully introduced a new computer-automated technol­

ogy, the classification neural network, for picking seismic velocities. It is my opinion 

that this technology of image classification is a powerful tool and may have significant 

applications in seismic data processing and interpretation.
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C h a p te r  9 

F U T U R E  D IR E C T IO N S

Although the classification neural network developed in this research project 

was successfully applied to the automated picking of seismic velocities, I believe this 

technology also has potential of being expanded to other geophysical applications 

through technique improvements in the design of the network architecture:

1. In the present method of architecture design, I must tinker with the design 

parameters on a trial basis, which at best is time consuming. Once an architec­

ture is designed, I can never know if it is the optimum one without comparing 

it to other designs. Thus, I conclude that the present design methodology is 

impractical when trying to produce optimum networks. I recommend that fu­

ture research be directed towards devising an automated and efficient design 

methodology for determining the optimum architecture in a reasonable amount 

of time.

2. In the application of automated semblance image classification to velocity pick­

ing, I did not have an image-size scaling problem because images of the same 

size are automatically created for a given survey. In addition, I was also for­

tunate in that local feature sizes do not change from one image to the next. 

But in other applications, image-size scaling may become a significant problem. 

For example, in the classification of seismic sections by geology, I will need to 

design a paradigm to scale all sections to the same size. But even this will 

not be enough since the same geologic feature may vary in size from section to
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section.

3. The classification process can be easily extended to the 3-dimensional case where 

the input image, the feature maps and receptive fields are all 3-dimensional (e.g. 

one application is the classification of seismic data volume).

4. Finally another recommendation is the development of mapping neural networks 

since mapping is a common process used in seismic-data analysis, i.e. velocity 

and first-break picking. As I learned in the present study, it is not easy to 

construct mapping neural networks that generalize well. However, with the 

insight gained from the present work on classification neural networks, it may 

be possible to reduce the size of the architecture sufficiently and yield a mapping 

network design that will perform satisfactorily after training.
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A p p en d ix  A 

S E M B L A N C E  IM A G E S

It is assumed that four types of seismic events approximate hyperbolic traveltime 

curves: the p rim ary , the m ultip le , the d iffraction  and the conflic ting-d ip  events. 

In seismic data processing, only primary and conflicting-dip events need to be imaged. 

The multiple and diffraction events, however, might tend to hide the primary and 

conflicting-dip events, thus, making their detection more difficult. Another difficulty 

is that primary and conflicting-dip events cannot be imaged simultaneously.

Although primary events are assumed to follow hyperbolic paths, it is known that 

such paths are not exactly hyperbolic. For the single earth model, the assumption 

is true whether the interface is flat or has a constant dip. For cases involving more 

than one layer or a single layer case where the interface is curved, the assumption of 

hyperbolic moveout cannot be justified. However, when the subsurface layer geometry 

is moderately gentle, such as curved interfaces over large distances, the reflection 

patterns will closely approximate hyperbolic paths.

Diffraction and b a ck sca tte rin g  en ergy  have higher velocities and water- 

bottom  multiples have lower velocities compared to those of primary events. Because 

of these differences in velocities, the stacking process often acts as a velocity filter, 

partially suppressing these interfering events.

Conflicting-dip events are seismic events with different dips occurring at the 

same location at the same time. Each event in a conflicting-dip case, when processed 

separately, yields a different velocity, with the higher velocity belonging to the event 

with the greatest dip. In normal seismic processing, only one event can be processed
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F ig u re  A l .  Shot (a) and CMP (b) configurations (s: shots; g: geophones; m :
midpoint).

at a time, thereby causing the loss of information contained in the other events. This 

creates a problem in processing conflicting-dip data, but can be resolved by using a 

specific process or technique called the d ip-m oveout.

A .l  N o rm al-M o v eo u t and  S tack ing

Seismic data, although recorded in the shot-geophone domain, are mostly pro­

cessed in common-midpoint domain (CMP). A common midpoint gather is defined as 

a set of traces which have been produced by a set-up of shots and geophones having 

the same midpoint (Figure A .l). Because the reflections look more hyperbolic in the 

CMP domain than in the shot domain, it is an advantage to process the seismic data 

in the CMP domain. Two main processing steps are applied in sequence in the CMP 

domain:
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1. N orm al-m o v eo u t o r N M O  that prepares the data for the stacking process 
by flattening the primary reflection paths,

2. S tack ing  that adds the data traces horizontally in a CMP gather considerably 
increasing the signal/noise ratio.

The equation which describes the hyperbolic path of the reflection traveltime 

can be written:

i2(*) =  <2(0) +  (A.l)

where x is the offset or the distance between the source and the receiver positions, 

vB is the stacking velocity and t( 0 ) is the traveltime when the offset is equal to zero. 

The stacking velocity vs of a single reflection is derived from the hyperbola (equation 

A .l) that best fits that reflection over the entire spread length in the CMP gather. 

Normal-moveout correction at a given offset x is the difference between the two-way 

traveltime t(x)  and the zero-offset two-way traveltime t( 0 ) at x =  0  :

=

A tN M o fa ')  —

where AtjvMoC®) is the traveltime-correction used to flatten the reflection patterns 

in a CMP gather.

After completing the normal-moveout corrections, the stacking process is applied, 

horizontally combining seismic traces in a common midpoint gather. This process has 

the advantage of increasing the signal/noise ratio and compressing the amount of data. 

Compression of the data reduces the data from many offset traces in a CMP gather 

into a single “pseudo-zero offset” trace in the stack section.

t(x)  - 1 (0 ) 
/

v
1 +

x
vat(0)

1/2

(A.2)
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F ig u re  A . 2 . Example of a CMP gather (a) mapped into a semblance image (b).

A . 2  Sem blance Im ages

Semblance images are used by the geophysicist in selecting seismic-staching ve­

locities. Semblance is a mapping from a time-offset domain (CMP domain) into a 

time-velocity domain (semblance domain). An example of mapping a CMP gather 

into a semblance image is shown in Figure A.2.

A .2.1 S em blance-im age C o m p u ta tio n

The process of creating a semblance image starts in the CMP gather domain. 

Different constant stacking velocity models are generated along time windows with 

each window being mapped into a single point in the semblance image. This mapping 

of a single point in the semblance domain provides a measure of the signal coherence 

that follows the reflection-signal hyperbolic path in the CMP domain.
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In the CMP domain, the signal coherences are computed for a particular veloc­

ity by dividing the domain into non-overlapping incremental areas whose boundaries 

parallel the hyperbola corresponding to that particular constant velocity (equation

A .l). These incremental areas are called time windows. The coherence signal ampli­

tude following the hyperbolic path is computed for each time window according to 

the equation:

„  1 <w)2)
M  ( A - 3 )

where f i^ i)  is the amplitude value on the ith trace at two-way time t(i), and M  is 

the number of traces in the CMP gather. The two-way time t(i)  lies along the trial 

stacking hyperbola. t s is the starting time of the window and te is the ending time of 

the window.

A .2 .2 Sem blance-im age C om putation Param eters

In order to determine the best stacking velocities for the given data, these coher­

ence computations are repeated (equation A.3) for several constant velocities. These 

computations constitute the mapping process which generates the semblance image. 

There are three conditions to consider when computing a semblance image:

1. The choice of the range of trial velocities needed to represent the data,

2. The choice of the spacing between trial velocities,

3. The choice in the number of time sample interval (or height) of the window 
where the coherence is computed.

Based on the geophysicist’s past experience with different geologies and the ve­

locities associated with these geologies, he should be able to select maximum and 

minimum velocities which define the trial velocity range. We should keep in mind
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that dipping events have anomalously high stacking velocities so that the geophysicist 

should choose an appropriately high maximum velocity, for this case.

A judicious choice of velocity spacing is a constant A also called constant 

s lo th . This velocity spacing follows from the NMO equation (A .l) which incorporates 

a term. Because the NMO correction is less sensitive to reflections having high 

velocities than reflections having low velocities, the high end of the velocity spectrum 

is more widely spaced than the low end.

The height of the time window governs the amount of data needed for computing 

the coherence. To choose the height of the time window, we must construct the 

window around a single reflection. The height of the window depends on the frequency 

content of the reflection data, namely, the lower its frequency content, the greater 

is the height of the window. The ratio between the time sampling in a common 

midpoint gather and the time sampling in a semblance image is, in general, between 

five and ten, namely, the time sampling in the semblance image is five to 1 0  times 

bigger than that in the common-midpoint gather.
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A p p en d ix  B 

B A C K P R O P A G A T IO N  A L G O R IT H M

The procedure that teaches a neural network to map input into desired output 

patterns requires adjustments of the weight values defining the network. Such ad­

justm ents are performed using a gradient-descent method called the backpropagation 

algorithm.

The output of the network is computed through a forward calculation, namely, 

going from the input layer to the output layer. Then, the weights of the network are 

changed using the backpropagation algorithm by reversing the calculations, namely, 

going backwards from the output layer to the input.

These cycles of forward and backward computations (called ite ra tio n s )  are re­

peated until the actual outputs approach the desired output patterns asymptotically.

B . l  F orw ard  C o m p u ta tio n s

The forward computations that produce the output Oj for the jth  node comprise 

two steps:

1. Using of the outputs from n other nodes (located in preceding layers), the 

weighted sum netj is calculated as input into the jth  node,

n

netj =  WjQ +  (B .l)
t = i
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where Wji1 is the weight from node i (located in one reference layer) to node j  

(located in any layer forward from the reference layer), o; is the output of node 

i and Wjo is the bias into node j .

2 . netj is then passed into an ac tiv a tio n  fu n c tio n  that generates the output Oj 

for the jth  node:

Oj =  f (netj ) .  (B.2)

A typical activation function is the sigm oid function :

/ M j )  =  ! + l-Kt, > (B-3)

of which the derivative can be expressed

f ( n e t j )  = f (ne t j ) ( l  -  f (netj)) .  (B.4)

B .2 B ackw ard  C o m p u ta tio n s

In the backpropagation algorithm, an e r ro r  fu n c tio n  E(w)  (also called a cost 

function ), is minimized in order to bring the actual output as close as possible to

the desired output. For any single input pattern, the error function is defined as the

least-square difference between the actual and the desired outputs:

E(w) = \  i > ,  -  o,(«0 ) 2  (B.5)
z  J = 0

1The weights wji are always defined in the forward direction from the input to the output layers
(wij is never calculated in the reverse direction).
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where dj is the desired output for the jth  node of the output layer and N is the number 

of output nodes. The e r ro r  fu n ctio n  E,  thus, depends on the parameter vector w 

that is made up of all the weights defining the neural network.

B .2.1 G en era l E xpression  for th e  W eight U p d a te

The weight update Awji,  the incremental change in the weights Wji from one 

backward computation at iteration t —1 to the next backward computation at iteration 

t, is expressed as follows:

Wji(t) =  Wji(t -  1) +  (B.6 )

Because a gradient-descent method is used to minimize the error function E  in the 

weight space, the weight update for the connection between node i and node j  is 

expressed as:
dE

Awii = ~a & v  (B-7)
where a  is a coefficient of proportionality. The backpropagation algorithm computes 

the gradients ^ 7 - at each computing element and for each weight to that element, 

starting from the output layer and going backward to the first hidden layer. By the 

chain rule, equation (B.7) becomes:

â *=-4|£2-iS- (B-8)
Equation B . 8  is the general expression for the weight update. W ith Wji defining the 

connections between node i and node j ,  the partial derivatives on the right-hand side 

of equation (B.8 ), yield different results depending on the location of the jth  node. 

Therefore, we distinguish two cases for calculating the weight update: 1) when the
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jth  node is in the output layer, 2) when the jth  node is in a hidden layer. It is the 

computation of the partial derivative in equation (B.8 ) that differentiates these 

two cases. The calculations for each case are detailed in the next two sections.

C ase 1 : W eigh t U p d a te  for th e  W eights C o n n ec ted  to  th e  O u tp u t 

N odes Using equations (B.5), (B.4), and (B .l), the three partial derivatives in the 

right-hand side of equation (B.8 ) then become:

BE
—  = -{d j  -  oj), (B.9)

Bo ■
3 = / '(netj )  =  f (ne t j ) ( l  -  /(n e t,) ) , (B.10)

dnetj

Therefore, the weight update Awij  becomes:

Awji = a(dj — Oj)f'(netj)oi. (B.12)

C ase 2 : W eigh t U p d a te  for th e  W eights C o n n ec ted  to  th e  H idden  

N o d es  Once having computed the weight updates starting at the output layer, the 

the weight updates from the hidden-layer nodes are computed moving backwards 

through the neural network to the input layer. In computing the weight update to 

each hidden node, it is necessary to compute the gradients for all connections 

to that node. These backward calculations are performed until the weight updates 

for all connections are completed. In any hidden node, the partial derivative JJ- is 

computed as follows:
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or using equation (B .l) to express

dE
do

where k through k are the indices of the nodes to which the jth  nodes connects. 

Therefore the weight update from the node i towards the hidden node j  is

K (  d E  \
Awji = - a ^ 2  v>kjf'(netj)oi. (B.15)

W eigh t U p d a te : O ne S im plified F orm ula A new quantity called the credit 

6j is introduced, and combines all cases for the weight update into a single equation. 

W ith 6j =  — J^ t . , it can be shown that this single equation is:

A w ^  =  aSjOi, (B.16)

where for case 1  involving connections to the output layer, the credit 6j is expressed:

Sj =  (dj -  Oj)f\net j) ,  (B.17)

and for case 2  involving connections to each hidden layer, the credit Sj is

Sj =  fawkjfXnetj),  (B.18)
k

where k through « are the indices of nodes to which the jth  node connects.
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B . 2 . 2  I n e r t ia

Inertia is an extension to the backpropagation algorithm that serves to improve 

convergence p e rfo rm a n c e 2 and to avoid local m in im a3. In e r t ia  (also called 

m o m en tu m ) is a term that is added to the weight update in order to smooth the 

weight changes over time. Therefore, the defining equation for the weight update 

(B.6 ) is modified to include this inertia term as follows:

Wji(t) -  Wji(t -  1) +  Awji(t) +  -  1), (B.19)

where 'yAwjiÇt — 1 ) is the inertia term and 7  is the inertia constant in the interval 

[0,1].

2The convergence p erform ance is the number of iterations (cycles of forward and backward 
computations) required during the training phase in order for the actual outputs to approach the 
ideal outputs adequately for a given training set.

3A loca l m in im u m  is a non-optimum solution to the learning problem as opposed to the best 
solution that is called the g lobal m in im um .
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A p p en d ix  C 

N E U R A L -N E T W O R K  G LO SSA R Y

A ctiv a tio n  functions: A class of functions that is used in the neural-network com­

putations to generate an output signal from each co m p u tin g  e lem en t by 

scaling the dot-product signal input to that element. An example of such a 

function is the sigm oid fuction . See S igm oid function .

B ack p ro p ag a tio n  a lgo rithm : A special type of lea rn in g  a lg o rith m  used to up­

date the w eights by minimizing the 1 - 2  no rm  between actual and expected 

outputs in a multi-layer neural network. This minimization process is performed 

through a g rad ien t-d escen t optimization technique using a tra in in g  se t of 

data.

B ias: A numerical value describing the connection  between a “dummy” n o d e  hav­

ing a constant value of one and a co m p u tin g  elem ent.

C o m p u tin g  e lem ents: Memory processors that comprise the neural network. Each 

processor receives one or more inputs from other computing elements or from 

external sources (where the input is called the input vector). The input vector 

from these sources is then multiplied by its corresponding w eight vec to r. The 

result of this dot-product operation is changed by the ac tiv a tio n  fu n c tio n  into 

the output signal which is either distributed to other processors or becomes the 

final output of the neural network.
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C onnec tion : Is a path between two nodes in the neural network through which 

the numerical output from one no d e  is transm itted to the second node. The 

connection is described by a numerical scalar value called the w eight.

C o n n ec tiv ity : Is the linkage structure between p rocessing  e lem en ts  or nodes. 

Nodes may be fu lly -connected , locally -connected  to neighboring nodes, or 

sp a rse ly -co n n ec ted  to a few distant nodes.

C onvergence o r C onvergence perfo rm an ce : Number of i te ra tio n s  required 

during the tra in in g  phase  for the actual outputs to approach the expected 

outputs asymptotically using a given tra in in g  set.

C ost function : A function that expresses the mean-squared difference between ac­

tual and expected outputs. During the tra in in g  phase , this difference is min­

imized using the b ack p ro p ag a tio n  algorithm.

D egrees o f freedom : The number of independent w eights and b iases in a neural 

network.

E poch : Presentation of all the input p a t te rn s  in a given tra in in g  se t to the neural 

network during the tra in in g  phase.

E rro r  function : See C ost function .

False a larm : Incorrect output produced by the neural network from an input p a t ­

te rn  not in the tra in in g  set.

F ea tu re : See Local fea tu re .

F e a tu re  d e te c to r : Is a spatial filter which when convolved with the input im age 

yields an output indicating the presence or the the absence of a particular
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fea tu re .

F e a tu re  m ap: The domain that is constructed through the application of a fea­

tu re  d e te c to r  to the input im age, indicating the approximate locations of a 

particular fea tu re .

F ree p a ra m e te rs : See D egrees of freedom .

F u lly -connec ted  See Full connectiv ity .

Full co n n ec tiv ity : Is the linkage structure in the neural network in which all com ­

p u tin g  e lem en ts  or nodes are connected to all other computing elements.

G enera lize  See G enera liza tion .

G en era liza tio n : The ability of a trained system to produce expected outputs using 

new inputs (that are not in the tra in in g  set).

G en era liza tio n  p e rfo rm an ce : Is a measure of how well the network system deter­

mines the expected output p a tte rn s  from input patterns not in the tra in in g  

set.

G lobal m in im um : The position on the error surface where the difference between 

the outputs of the neural network and the desired outputs is the smallest in 

any place on the surface. The best possible solution for teach in g  the neural 

network.

G o o d  d e tec tio n : The expected output produced by the neural network from an 

input pattern not in the tra in in g  set.

G rad ie n t-d e sc en t tech n iq u e : A method of minimizing the cost fu n c tio n  based 

on the computation of the derivatives of this function.
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H id d en  layer: Is a layer made up of p rocessing  e lem en ts  inserted between the 

in p u t and o u tp u t layers of a neural network.

H id d en  nodes: P ro cessin g  e lem en ts  that make up the h id d en  layer.

H iera rch ica l s tru c tu re :  A data processing system organized in layers or levels 

where data is passed through the system from lower to higher levels. At each 

succeeding level the data are acted upon and modified by increasingly complex 

functions. A vision neural network is an example of such a structure where 

image features at the input are detected and their approximate locations are 

constructed in a feature map in the first layer. These feature maps ( each indi­

vidual map representing a different feature) are then combined into higher-order 

feature maps in the second layer.

Im age: An ensemble of 2-dimensioned-ordered data elements, or pixels.

Im ag e  class: Describes an abstract image representation that is “averaged” out from 

a suite of images placed as input to a pattern classifier. An image belongs to a 

class if the output from the pattern classifier approximates the expected output 

for that class with an error of fit less than some preestablished error threshold.

Im ag e  classification: The process by which a p a t te rn  classifier fits an input im­

age into one of several fixed (pre-established) images classes.

In p u t  layer: Defines the p a t te rn  presented as input to the network. It is made up 

of n o des which are never computing e lem ents.

In e rtia : A term  added in the w e ig h t-u p d a te  eq u a tio n  to smooth the w eight- 

u p d a te  over time.
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Ite ra tio n : A cycle of forward and backward computations through the neural net­

work.

L 2-d istance  b e tw een  tw o vec to rs: y/Y^iLiiai ~  M 2  where {a^} and {6 ,} repre­

sents the components of the two vectors a and b of dimension N.

L 2 -n o rm  betw een  tw o vecto rs: ^  J2iLi(ai ~  ^i)2 where {a*} and {&;} represents 

the components of the two vectors a and b of dimension N.

Layers: Subsets of p rocessing  e lem en ts  or nodes in a neural network There are 

three types of layers:

1 . The in p u t layer,

2 . The o u tp u t layer,

3. The h idden  layers which are the layers positioned between the input 

and the output layers.

Of these three layers, only the nodes that make up the input layer axe not 

computing elements.

L earn ing : See T rain ing .

L earn in g  a lg o rith m : Is a mathematical process for updating the w eights in re­

sponse to input signals applied to the neural network.

L earn in g  c rite ria : A mathematical condition which, when reached, terminates the 

learning algorithm and indicates that the neural network has properly learned. 

These conditions can be either:

1 . 1 2 -n o rm  reaching a value below a user-defined threshold,

2. Maximum n o d e -e rro r  reaching a value below a user defined-threshold.
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L earn in g  p erfo rm an ce : The minimum number of epochs required for the neural 

network to reach the chosen lea rn in g  c r ite r ia  during the tra in in g  phase.

Local fea tu re : A distinct geometrical shape of limited area inside an input im age 

or a hidden feature map.

L ocally -connected : See Local co n n ec tiv itity .

Local co n n ec tiv ity : Linkage structure in a multilayer neural network in which the 

c o m p u tin g  e lem en ts  in one layer are connected to only a neighborhood subset 

of nodes in the source layer.

Local m in im um : A non-optimum solution in tra in in g  the neural network as op­

posed to the optimum solution which is called the g lobal m in im um .

Low an d  h ig h -o rd e r in fo rm atio n : Describes the density representation of infor­

mation from a low density distribution such as that occurring in an image to a 

higher density distribution such as that illustrated by higher-order feature maps 

in a vision neural network.

M app ing : Is one-to-one transformation of data from one domain to another.

M ean -sq u a re  difference: See L2-norm .

M em o riza tio n : The inability of the neural network to give the expected outputs to 

input p a t te rn s  which are not in th e  tra in in g  set.

M o m en tu m : See In e rtia .

N eu ra l N etw ork : Is an I/O  system composed of many nodes, fully, locally  or 

sp a rse ly  connected.
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N ode: An element in the neural network. The h idden  layers and the o u tp u t layer 

axe made of nodes which are co m p u tin g  e lem en ts  in contrast to the in p u t 

layer where the nodes have no computing capacity.

N o d e -e rro r: The absolute difference between an output-node value and its expected 

value.

N onw eigh t-sharing  con n ec tiv ity : Is one type of local co n n ec tiv ity  between 

layers in a neural-network in which the w eight f ilte r vector of each node 

in a destination layer is changed as each recep tiv e  field in the source layer is 

passed through a scann ing  process.

N o n tra in in g  im age sam ples: See U n tra in ed  im age sam ples.

O u tp u t layer: Is the last layer in the neural network in which the values of the 

nodes represent the final output p a t te rn  of the network.

P a r tia l  co n n ec tiv ity : See Local connectiv ity .

P a tte rn :  Ensemble of input or output node values of a neural network forming a 

distinct shape.

P a t te rn  classifier: A neural network which processes an input p a t te rn  and places 

it into one of several classes.

P a t te rn  size: Number of nodes in a p a tte rn .

P a t te rn  tra n sfo rm er: Transforms input p a tte rn s  to output patterns having the 

same pattern size.

P ro cess in g  e lem en t: See C o m p u tin g  elem en ts
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R ecep tiv e  field: Is a subset of neighboring nodes in the source layer. This subset 

is used to produce a single node in the destination layer through application of 

a weight filter.

R e in fo rcem en t learn ing : A type of su p erv ised  lea rn in g  in which feedback in­

dicates whether or not each output is correct. Another name for this type of 

learning is learning with a critic.

R o o t-m ea n -sq u a re  difference See L2 d istance .

S cann ing  p rocess: A procedure in which a window moving through the source layer 

generates nodes in the destination layer through the application of one or several 

weight filters.

S igm oid function : An activation function expressed as f ( x )  =  •

S p arse ly  co n n ec ted : See S parse  connectiv ity .

S p arse  co n n ec tiv ity : The linkage structure in the neural network in which the 

p rocessing  e lem en ts  or nodes in the neural network are connected to only a 

few distant processing elements.

S quash ing  function : See A c tiv a tio n  functions and Sigm oid function .

S u p erv ised  lea rn ab le  sy stem : Is a system which is trained according to a su p e r­

v ised  lea rn in g  paradigm.

S u p erv ised  learn ing : A type of lea rn in g  in which the actual output of the network 

is compared with an expected output, and the w eights in the neural network 

are adjusted accordingly.

T eaching  p arad ig m : see T ra in ing  parad igm .
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T esting  phase: Procedure for verifying whether a trained network gives the ex­

pected outputs from input p a t te rn s  not in the tra in in g  set.

T im e-sequence  p red ic to r: Is a special type of neural network in which the input is 

a time-series defined from some past moment in time to the present time. The 

output from this network will represent a time series which is an extrapolation 

of the input to some future time.

T rain ing : Is the adjusting of the network w eight and bias values until the selected 

lea rn in g  c r ite r ia  indicates that the network has learned properly. The network 

is trained using a set of sample inputs patterns called the tra in in g  set.

T ra in in g  p arad ig m : A mathematical model used to teach the neural network to 

process an in p u t p a t te rn  and yield a given output. There are three classes of 

training paradigms:

1. Supervised training,

2. Unsupervised training,

3. Reinforcement training.

T ra in in g  phase: The procedure for tra in in g  the neural network using a tra in in g  

set.

T ra in in g  sam ples: See T ra in ing  set.

T ra in in g  se t: A set of input/ “desired” output patterns used during the tra in in g  

phase  to adjust the w eights and biases until the desired output pattern is 

achieved.

U n su p e rv ised  learn ing : A method of tra in in g  neural networks which requires 

only input patterns but not expected output patterns.
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U n tra in e d  in p u t sam ples: Sample image p a tte rn s  which are not in the tra in in g  

set.

W eights Are numerical values (also called weight values) describing the connections 

between nodes. The numerical information passed from one node to another 

and multiplied by the weight value describes the connection .

W eight filter: Set of weights associated with a co m p u tin g  e lem en t describing 

the connections between the given element and some neighboring nodes in the 

source layer.

W eig h t-sh arin g  connectiv ity : Is one type of local co n n ec tiv ity  between layers 

in a neural-network in which the w eigh t-filter vector of each node in a desti­

nation layer is constrained to remain the same as each recep tiv e  field in the 

source layer is scanned.

W eight v ec to r: Can represent either all the w eights defining the neural network 

or all the weights associated with a co m p u tin g  e lem ent.

W eig h t-u p d a te : The incremental change of the w eight value of each connection 

from one iteration to the next during the tra in in g  phase.

W e ig h t-u p d a te  eq u a tio n : Is the equation Wji(t) =  Wji(t — 1) +  Awji(t )y governing 

the change of weights in the neural network from one i te ra tio n  to the next 

during the tra in in g  phase.
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A p p en d ix  D

S E IS M IC  G LO SSA R Y  (A F T E R  S H E R IF F  1978)

A .V .O .: Amplitude Versus Offset: The study of how the amplitude of seismic re­

flection events varies with distance from the source.

C oherence: See Sem blance

C o n s ta n t velocity  stack: A stack  section  m oved-ou t with only one constant 

velocity function.

C o m m o n -m id p o in t o r C M P  g a th e r: The set of traces which have a common 

midpoint.

C o m m o n -m id p o in t: Having the same midpoint between source and detector.

C o m m o n -m id p o in t stack: A sum of traces corresponding to the same midpoint. 

The traces from different shot profiles having different offset distances are gath­

ered together, corrected for normal-moveout and then summed (stacked). The 

objective is to attenuate random effects and events whose dependence on offset 

is different from that of primary reflections.

C o n s ta n t ve locity  stack: A s tack  section  m oved-ou t with only one constant 

velocity function.

D iffraction : An optical phenomenon that cannot be explained by geometric optics, 

but requires wave theory for its correct description. For example, the bending
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of the wave energy around obstacles does not follow Snell’s law, but is explained 

completely by Huygens principle.

D ipp ing  even t: Reflection coming for a reflector which is dipping.

D ip -m oveou t: A change in the arrival time of a reflection because of dip of the 

reflector.

F irs t  b re a k  picking: Consists in selecting the time of the first recorded signal at- 

tribuable to a seismic-wave travel from a known source. First breaks on reflec­

tion records are used for information about weathering.

G eophone: The instrument used to transform seismic energy into electrical voltage.

M u ltip le : Seismic energy which has been reflected more than once.

N o rm al m oveout: N M O . The variation of reflection arrival time because of 

shotpoint-to-geophone distance (offset).

N o rm al m oveou t co rrec tio n : The time correction applied to reflection time be­

cause of normal moveout.

P r im a ry  even t: Reflection coming from a reflector without multiples.

R eflection : The energy or wave from a seismic source which has been reflected (re­

turned) from an acoustic-impedance contrast (re flec to r) or series of contrasts 

within the Earth.

Seism ic wave: An elastic disturbance which is propagated from point to point 

through the medium.

Seism ogram : A plot of seismic traces from a single point source.
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Sem blance: A measure of multichannel coherence; the energy of a sum trace divided 

by the mean energy of the components of the sum. It is basically the energy of 

the stack normalized by the mean energy of the components of the stack.

S ho t reco rd : The recording of seismic data from one shot (source) picked up by a 

spread of geophones.

S lo th : Reciprocal of squared velocity.

S tack: A composite record made by combining traces from different records.

S tack ing  p rocess: The process that creates a stack.

S tacked  section : See S tack

S tack ing  velocity : Velocity calculated from normal-moveout measurements and a 

constant-velocity model. It is used to maximize events in common-midpoint 

stacking.

T race  ed itin g : Consists in deleting unwanted seismic traces having a low sig­

nal/noise ratio.

V elocity  picking: Consists in selecting the time-velocity pairs for N .M .O ..


