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Abstract 

Time-lapse seismic interpretations are hindered by the lack of repeatability between 

different generation surveys. Artificial neural networks (ANNs) can provide a means of 

cross- equalizing such surveys. Their ability to act as non-linear mapping functions can 

overcome the limitations of linear algorithms. 

Using 4D data acquired over the Oseberg oil/gas field in 1989 and 1992, parallel 

arrays of ANNs were used to match a single sail line of one survey with a swath in the 

other with different feathering and geometry. The optimum configuration, in terms of 

accuracy and runtime, works on normalized pre-stack data, and uses one network per 

offset gather. The network is a supervised, feed-forward and fully-connected three-layer 

perceptron trained using resilient propagation with weight decay. The target output of 

the network is one time sample from a trace from one of the time-lapse surveys, whereas 

the input consists of geometrical parameters and windows of seismic samples from the 

nearest coinciding trace, and other nearby traces, from the other survey. ANNs are 

trained on the whole surveyed area including the reservoir. 

The matching achieved by ANNs was demonstrated to be superior to some conven- 

tional linear cross-equalization methods. This is partly due to the ANNs' ability to 

achieve non-linear transforms, and partly to their ability to cater for changes in trace 

position without relying on direct trace-to-trace correspondence or initial interpolation 

to a common grid. The cross- equalization scheme operates pre-stack and thus enables 

analysis such as AVO to be carried out on time-lapse surveys. Furthermore, it has the 

ability to distinguish between production and non-production anomalies and performs 

good matching to the non-production anomalies only. 
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Chapter 1 

Time-lapse and 

Cross-equalization 

The time-lapse seismic method consists of two or more seismic surveys acquired over 

the same area at different calendar dates (Nur, 1989; Lumley, 1995). The datasets are 

calibrated, compared, and the inter-survey differences interpreted as changes in fluid 

content or pressure. This enables flood patterns to be monitored so that the timing 

and location of further injection and production wells can be planned for maximum 

benefit (Jack, 1997). 

Time-lapse seismic can provide a valuable tool to the oil industry, but is in many 

cases hindered by lack of repeatability since differences related to acquisition and pro- 

cessing are likely to be significant (Ross and Altan, 1997). Cross-equalization is a 

method that seeks to normalize acquisition and processing differences between time- 

lapse surveys (Ross et al., 1996). In so doing, this will improve the use of time-lapse and 

bridge its limitations. However, cross-equalization for time-lapse seismic is a relatively 

new approach and no satisfactory general method has yet been established (Rickett 

and Lumley, 2001). 

The aim of this research is to assess the ability of large parallel arrays of artifi- 

cial neural networks to perform cross-equalization of time-lapse seismic datasets. The 
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study is conducted on two time-lapse swaths' over the Oseberg field in the North Sea. 

The following sections will briefly introduce time-lapse seismic, cross-equalization, and 

artificial neural networks as a cross-equalization tool. The chapter ends with a section 

defining the objective of this research and the structure of this thesis. 

1.1 Time-lapse 

1.1.1 Seismic reservoir monitoring 

The world's hydrocarbon reserves are finite. However, a more striking fact is that 

there is clear evidence to suggest that global oil field discoveries have passed their peak 

and that most giant fields have already been discovered (Figure 1.1 and Figure 1.2). 

Therefore, it is no surprise that better management of existing reserves is needed. 

Reservoir management is defined by Robertson (1989) as "maximizing the economic 

value of a reservoir by optimizing recovery of hydrocarbons while minimiztng capital 

operating expenses". In most oil fields, primary methods that use natural reservoir 

energy, and secondary methods that augment natural energy by fluid injection, leave 

behind more than one-third of the original oil in place (Satter and Thakur, 1994). Thus, 

even if reserves turn out to be significantly higher than currently thought, maximizing 

recovery and minimizing cost is still a concern and enough reason for better reservoir 

management. 

In addition to secondary production, optimizing recovery requires the use of en- 

hanced oil recovery methods (thermal and non-thermal) that are designed to tap the 

enormous resources left by primary production. In all the three stages (primary, sec- 

ondary, and enhanced recovery), precise knowledge of the location of the fluids used 

to enhance recovery and hydrocarbons is required. However, even with detailed reser- 

voir models, engineers do not know where a fluid front is until it arrives at the wells 

(Sonneland et al., 1997). Fortunately, geophysical techniques have improved over the 

'swath: A strip of terrain recorded by sensor or sensors at one time or during one sweep (Sheriff, 

1997). In our case it is one pass of the ship in a 3D marine seismic survey. 
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Figure I. I: Oil discovery by decade given in giga (billion) barrels. Note that discoveries 

peaked in the 1960s. Redrawn from Campbell (1997, p. 52). 
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Figure 1.2: World giant-field's oil discovery graph. Discoveries peaked in the 1960s as 
in Figure I. I. Redrawn from Campbell (1997, p. 52). 
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years, and thus increasingly provided a sufficient level of detail for fluid fronts to be 

monitored. In particular, hme-lapse seismic provides a technique that allows fluid-flow 

paths, permeability, and phase-front movement to be monitored during production 
(Lumley, 1995, p. 1), and hence can contribute hugely to optimizing recovery. 

In this study, and in much of the literature, "time-lapse seismic" is mainly used 

to refer to surface data. Other seismic monitoring techniques include cross-well, VSP 

and microseismicity. A thorough definition of time-lapse and 4D seismic is given by 

Lumley (2001): "Time-lapse seismic reservoir monitoring is the process of acquiring 

and analysZng multiple seismic surveys, repeated at the same site over calendar time, in 

order to image fluid-flow effects Zn a producing reservoir. If each survey is 3-D seismic, 

then the resulting set of time-lapse data is often termed 4-D seismic, where the extra 

fourth dimension is calendar time". Gringarten (1998) defines reservoir management 

as the application of available technology and knowledge to a reservoir system in order 

to control operations and maximize economic recovery. Hence, time-lapse seismic is 

a direct tool for reservoir management and is the principal tool in what is known as 

Reservoir Geophysics. 

A tutorial on time-lapse seismic is given by Jack (1997), while a recent review 

and summary is provided by Lumley (2001). Time-lapse seismic case studies include 

Greaves and Fulp (1987); Johnstad et al. (1993,1995); Koster et al. (2000); Harris 

and Henry (1998); Johnston et al. (1998,2000); Sonneland et al. (1997); Ebrom et al. 

(1998); Jenkins et al. (1997); and Elde et al. (2000). 

Petrophysical basis 

Monitoring hydrocarbon production in a reservoir using seismic requires a reasonable 

appreciation and understanding of rock physics (Pennington, 2001). Furthermore, a 

good understanding of the effect of the physical properties of pore fluids and reservoir 

rocks on seismic waves is required. This understanding is required to enable time- 

lapse seismic to differentiate between the competing reservoir models sufficiently well 
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to be worth the cost and effort (Pennington, 1997). A classical paper on this subject 

is Batzle and Wang (1992). Rock physics and its impact specifically on time-lapse 

seismic is discussed in the classical paper by Nur (1989) and later in Wang (1997). 

Other studies and analysis of seismic monitoring, and its petrophysical basis. include 

Wang et al. (1991,1998), Mavko and Mukerji (1998), and Knight et al. (1998). More 

extensive work on rock physics is published in Mavko, et al. (1998). A good summary 

and review of recent advances in seismic lithology analysis is given in Castagna (2001). 

Wang (2001) provides a good tutorial on seismic rock physics. In some cases, seismic 

rock physics is termed seismic petrophysMs. The latter is defined by Pennington (1997) 

as the purposeful application of rock physics theory, as calibrated by laboratory and 

well measurements, to the interpretation of seismic data. 

In seismic petrophysics, time-lapse seismic is concerned particularly with the fluZd 

substitution problem. This is defined as the prediction of seismic velocities in rocks 

saturated with one fluid from rocks saturated with a second fluid or saturated rock 

velocities from dry rock velocities, and vice versa (Mavko et al., 1998). Fluid substitu- 

tion formulas are commonly based on Cassmann's (1951) equations (Berryman, 1999). 

Hence, Gassmann's relations are increasingly used in seismic reservoir monitoring to 

calculate the effect of fluid substitution on seismic properties using the frame proper- 

ties (Berryman, 1999; Wang, 2001). The following are the equations as given by Wang 

(2001), using Mavko et al. (1998) terminology. 

Gassmann's equation relates dry rock bulk modulus to saturated rock bulk modulus 

and states that: 
(I 

_ 
Kdry)2 

Ksat :::: -- Kdry Ko 
Kd 
_a 77f i Ko -, qL 
Ko 

where 
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Kd, y = effective bulk modulus of dry rock; 

K,,, t - effective bulk modulus of the rock with pore fluid; 

KO = bulk modulus of rock matrix; 

Kfj = effective bulk modulus of pore fluid; and 

0- porosity. 

The shear modulus of the rock is not affected by fluid saturation so that: 

Asat ý Pdry, 

where I-t,,, t is the effective shear modulus of the rock with pore fluid, and Pdry is the 

effective shear modulus of the dry rock. This relation is a result of Cassmann's analysis 

and is not, as many confuse, an assumption (Berryman, 1999). The velocities and bulk 

and shear moduli are related by the following two equations: 

ps 
(V 2_ 4V 2), and (1.3) Kdry Pdry ,3 

V 2, Adry Pdry 8 
(1.4) 

where Vp is the compressional velocity, V, is the shear velocity, and Pdry is the density 

of the dry rock. 

As reported by Wang (2001), Gassmann's equation assume that: 

1. the rock is macroscopically homogeneous; 

all the pores are interconnected or communicating; 

3. the pores are filled with a frictionless fluid; 

4. the rock-fluid system under study is closed (undrained); and 

5. the pore fluid does not interact with the solid in a way that would soften or 

harden the frame. 
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The first assumption requires that the rock is isotropic, but the equation has since 

been extended to the anisotropic case (Wang, 2001). Assumptions (2) and (3) are key 

assumptions, and imply that the Cassmann's equation is only strictly true for zero 

frequency. Therefore, the low frequencies used in seismic exploration closely meet the 

assumptions, while ultrasonic laboratory analysis do not (Mavko et al., 1998, p. 176). 

Assumption (5) emphasizes that the input dry frame bulk modulus to the Cassmann 

equation should be obtained at irreducible fluid saturation conditions (Wang, 2001). 

Figure 1.3 shows an analysis on the correlation of Gassmann-calculated versus lab- 

measured effects of fluid displacement (water and C02 flood) on compressional velocity. 

The figure shows that the fluid displacement process approximately conforms with the 

Gassmann assumptions. As a result, when the input frame properties are measured at 

the irreducible water saturation condition, the Gassmann-predicted and the laboratory- 

measured effects of fluid displacements on seismic properties might be directly applied 

to 4D seismic feasibility studies and interpretations (Wang, 2001). 

The effect of reservoir physical properties on seismic properties is derived from 

both the mathematical equations (e. g., Gassmann's) and the empirical trends observed 

on field and laboratory studies. Table 1.1 illustrates some general rules of thumbs of 

these effects selected from Wang (2001). Furthermore, many studies exist on the effect 

of environment (pressure, temperature, and composition) on rock physics (densities, 

bulk moduli, velocities and viscosities of common pore fluids). These studies enabled 

many trends and relationships to be noted between the different physical properties 

and seismic properties. Batzle and Wang (1992) include many of such trends that are 

widely used in the oil industry (Wang, 2001). 

1.1.3 Feasibility 

Whether a change in the reservoir state is seismically detectable, defines the feasZbihty 

of selsinic time-lapse reservoir monitoring. The feasibility, aside from financial and busi- 

ness considerations, is dependent on the quality of the seismic data and the magnitude 
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Figure 1.3: Lab-measured versus Gassmann-calculated effects of fluid displacement (wa- 
ter and C02 flood) on conipressional velocity in sands, sandstones, and dolomites. Solid 

circles are water-flooded sandstones and sands, triangles are C02-flooded dolomites. 
From Wang (2001). Both axis show percentage change of compressional velocity Vp 
due to fluid displacement. Note how the two measurements lie roughly on the linear 

y=x line and thus the fluid displaceinent process approximately conforms with the 
Gassmann assumptions. Departure from y=x line could be due to errors in lab- 

measurements, errors on measurements needed by Gassmann's equations, and genuine 
departure of Gassinann's calculation from observed measurements due to assumptions 
not being fully satisfied. Nevertheless, the approximation is sufficient to allow the use 
of Cassmann's equations in 4D feasibility studies. 
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Table 1.1: Rock physics rules of thumb, describing the relationship between seismic 
properties and rock physics. The latter is split into three categories: rock properties, 
fluid properties, and environment. Each factor is assessed independently and assumes 
other factors are constant. In reality, many of these factors interact. After Wang (2001, 
Tables 3,4, and 5). 

Physical Prop- Effect on seismic property 
erty 
Rock Compaction Better compacted rocks have higher seismic properties (com- 

pressional and shear velocities, and impedances) due to better 
connectivity /contact. 

Rock Bulk density Statistically, rocks with higher bulk density have higher seis- 
mic properties. 

Rock Porosity Statistically, seismic properties decrease as porosity increases. 
Vp/V, is normally not a strong function of porosity. 

Fluid Density Higher density oils have higher bulk moduli (lower compress- 
ibilities). As a result, rocks with higher density oils have 
higher compressional properties and shear impedance, but 
shear velocity may be lower. 

Fluid composition Heavier oils have higher bulk moduli. As a result, rocks sat- 
and type urated with heavier oils show higher compressional proper- 

ties. Shear properties are much less affected. In general, high 
salinity brine has the highest bulk modulus, followed by low 
salinity brine, fresh water, oil, and gas. 

Fluid Saturation Full saturation of a liquid in a rock increases the compres- 
sional seismic properties and shear impedance, but decreases 
V, resulting in an increase in VpIV, 

. When gas is introduced 
into a fully liquid-saturated rock, the compressional seismic 
properties and shear impedance all decrease but V, increases, 
resulting in a decrease in Vp/V,. The magnitude of the satu- 
ration effect is higher in rocks with weak frames and/or flat 

pores (cracks, fractures). 
Temperature Dry and water-saturated rocks normally show small seismic 

property decreases as temperature increases. However, rocks, 
especially soft sands, saturated with heavy oils show large 

seismic property decreases as temperature increases. 
Net reservoir pres- Seismic properties in all rocks increase as net reservoir pres- 
surea sure increases. The magnitude of such an increase depends 

on several other factors (pore shape, porosity, pore fluids, 
lithology, etc. ). It can only be quantified through measure- 
ments. 

'Net reservoir pressure is the difference pressure between overburden and reservoir pressures. Be- 
cause overburden pressure does not change (or changes very little) in a reservoir, the effect of net 
reservoir pressure is just the opposite of the effect of reservoir pressure on seismic properties (Wang, 
2001). 
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and nature of the changes in the reservoir. Time-lapse seismic feasibility is discussed 

in Lumley et al. (1997), Lumley et al. (2000), Ross et al. (1996). Wang (1997). Biondi 

et al. (1998), Lumley (1995, ch. 3), and others. Factors affecting the feasibility can be 

grouped into three categories: 

1. Financial and business: Seismic monitoring should be avoided if the benefits are 

small because the information comes too late, extra wells are too expensive, or the 

remaining reserves are too small (Koster et al., 2000). There should also be a good 

likelihood and a plan to use the results of monitoring in reservoir management 

(Johnston, 1997). In addition, the timing must fit the reservoir management 

workflow so that a potential intervention can have an economic benefit (Christie, 

2000). 

2. Physical: The effect of physical reservoir properties and production methods on 

feasibility. The expected physical changes - in either rock or fluids properties, 

pressure, or temperature - should have the potential to cause a resolvable seismic 

change. 

3. Seismic: The effect of seismic survey quality and configuration on feasibility. 

Seismic methods employed, acquisition design and parameters, and repeatability 

of the surveys should warrant a good resolvability of expected changes. 

Lumley et al. (1997) analysed factors that make a 4D project feasible, and developed 

a scheme by which one can assess this feasibility prior to undertaking the monitoring 

surveys. He described both the physical and seismic properties that affect the feasibility 

of 4D monitoring. The physical properties include all those related to the reservoir, 

rock, oil, water, gas, and expected 4D fluid changes. Table 1.2 summarizes those 

properties and gives the ideal case for 4D. 

Lumley et al. (1997) selected six physical properties and four seismic properties 

as the main properties affecting the feasibility of time-lapse reservoir monitoring. His 

scheme uses those properties to quantitatively assess the feasibility. The six main physi- 
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Table 1.2: Physical and seismic properties that might impact 4D feasibility with ideal 
situation, for 4D, indicated. Note that the physical properties include all those related 
to the reservoir, rock, oil, water, gas and expected 4D fluid changes. After Lumley et 
al. (1997). 

Property ideal - T-Property ideal 
Reservoir Seismic 
depth shallow dominant frequency high 
overburden pressure low avg. resolution (ft) low 
pore pressure high image quality high 
net pressure low repeatability high 
unit thickness high fluid contact visibility high 
temperature high mapped travel-time change (samples) >4 
bubble point crossed mapped impedance change >4 
Rocks Water 
dry bulk modulus low salinity high 
dry density low density high 

porosity high bulk modulus high_ 
Oil Gas 
gas-to-oil ratio high density low 

gravity high bulk modulus low 
density low 
bulk modulus low 
4D Fluids 
fluid saturation change high 
fluid compression contrast high 

cal properties are the rock bulk modulus, fluid compressibility contrast, fluid saturation 

change, porosity, impedance change, and travel-time change. The four main seismic 

survey properties are seismic image quality, seismic resolution, observability of the seis- 

mic fluid contacts, and seismic repeatability. Table 1.3 lists the criteria set by Lumley 

et al. (1997) to determine the feasibility of 4D. He points out that criteria related to the 

physical properties need to favour 4D monitoring before analysing the seismic survey 

properties and their related criteria. 

The feasibility assessment provided by Lumley et al. (1997) is a general one. There 

are other studies of feasibility on specific type of production. A good example is that 

of Wang et al. (1991) who conducted a study on the feasibility of seismic monitoring 

of water floods. His conclusions are summarized in Table 1.4. 
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Table 1.3: Physical and seismic criteria required to make 4D feasible as outlined by 
Lumley et al. (1997). 

Property Criterion 
Dry rock bulk modulus This needs to be compressible to allow any 

fluid change or pressure change to be mon- 
itored seismically. A reasonable value is 5- 
IOGPa. 

Fluid compressibility con- This needs to have contrastingly different 
trast compressibility values to be distinguished 

seismically from each other. A reasonable 
value is 100-150%. 

Fluid saturation change More change is favourable. A reasonable 
value is 30-40%. 

Porosity Fluids need to be displaced in large vol- 
umes to be observed seismically. Therefore, 
high rock porosity is required. A reasonable 
value is 15-25%. 

Predicted This needs to be at least 4% in impedance 

impedance/traveltime or 4 samples travel-time. 

change 
Seismic image quality A high-quality and repeatable image is 

needed for 41) seismic applications. 
Setsmic resolution This needs to be high enough not to al- 

low the fluid effects to be averaged out over 
a seismic wavelength, and become invisible 
below the background noise. 

Seismic fluid contacts If seismic images show confirmed fluid con- 
tacts, then the chances are extremely good 
that 41) seismic will be able to monitor pro- 
duction fluid flow. 

SeZsmic repeatability If seismic images are not highly repeatable 
outside the reservoir zone where no changes 
are expected, then it will be difficult to con- 
vince anyone that changes observed within 
the reservoir are real and meaningful. 
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Repeatability problem 
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In time-lapse seismic, differences are often introduced by the seismic method itself. 

Variations could be caused by feathering, cable drift, shooting azimuth, source varia- 

tion, sea state conditions, etc... (Ross et al., 1996). Other non-obvious causes of differ- 

ence are variations in noise and source wavelet (Bunch and White, 1985a). Hence, two 

traces representing the same reflection points may differ, even before any processing. 
In addition to acquisition differences, other differences are introduced by processing. 

Table 1.5 illustrates examples of time-lapse differences related to both acquisition 

and processing. If uncorrected for, these differences can hinder the use of time-lapse and 

render interpretation ambiguous (Ross and Altan, 1997). The differences between two 

time-lapse traces can be simplified in terms of static shift, amplitude, phase mismatch, 

and bandwidth difference, the effect of those four is described later in Section 1.2.1. 

The repeatability problem, although new, is well known. Methods employed to 

overcome the repeatability problem include special sea-bed acquisition (Ebrom et al., 

1998), iterative 4D processing of pre-stack data (Elde et al., 2000), joint reprocessing 

of post-stack data (Huang et al., 1999), and cross-matching and cross-equalization (see 

e. g. Rickett and Lumley (2001)). All those methods can be summarized and classified 

into two categories 

1. Those that aim to get rid of the repeatability problem by increasing the repeata- 

bility during acquisition. This might require new shooting configuration and more 

expensive apparatus. 

2. Those that attempt to match the time-lapse surveys and normalize the differences 

between them. This is a widely used method, but there are many approaches to 

it. 

Although increasing repeatability can make 4D seismic interpretation reasonable, 

it is hard to achieve in practice and requires very well planned surveys, ideal circum- 

stances, and a considerable amount of money. In fact, time-lapse surveys can never be 
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Table IA: Feasibility of seismic monitoring of water floods. From Wang et al. (1991). 

Reservoir Reservoir Fluids Is seismic monitoring of water 
Rocks flooding feasible? 
Carbonate Gas Yes in many reservoirs. 

Light Oil Probable in some shallow reservoirs. 
Medium Oil No. 
Heavy Oil No. 

Sandstone Gas Yes in most reservoirs. 
Light Oil Probable in some shallow reservoirs. 
Medium Oil No in most reservoirs. 
Heavy Oil No. 

Unconsolidated Gas Yes in most reservoirs. 
Sand Light Oil Yes in most reservoirs. 

Medium Oil Yes in many reservoirs. 
Heavy Oil No. 

Table 1-5: Some time-lapse intersurvey acquisition and processing variations. After 
Ross and Altan (1997). 

_Survey 
Differences Examples 

Equipment Recording technique e. g. OBC vs. streamer, 
dynamite vs. vibroseis. 
Recording system. 
Source/receiver impulse response. 
Lead-in distance (source to near trace). 
Source/receiver depths. 
Offsets recorded (cable length). 
Shot/group/CMP interval, fold and az- 
imuth. 

Geometry Acquisition orientation. 
Infill/ feathering. 
Positioning accuracies. 

Processing Algorithm variation / parameterizat ions. 
Migration velocities differences. 

Quality control Source consistency. 
Live/dead trace or channel variations. 
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fully repeatable and there is always a level of non-repeatable noise even in best-case 

scenarios (Rickett and Lumley, 2001). In addition, there will always be legacy Sur- 

veys shot before any plan of time-lapse. Such legacy surveys can be very useful in 4D 

interpretation, but require rigourous matching to enable time-lapse analysis. 

There are two main methods for matching time-lapse seismic surveys: 

Deterministic Matching: Time-lapse surveys are matched by correcting for known 

sources of mismatch. Effect of known tidal state, equipment response, and sur- 

vey geometry and parameters can often be corrected. However, the information 

necessary for these corrections is not always present and sufficient. For example, 

information about the exact survey parameters of legacy datasets is usually not 

present, or - if present - not within easy access. In addition, many causes of 

variation are not easy to decouple, and hence it is difficult to deterministically 

correct for each cause. Furthermore, even for a known cause, correcting for its 

effect might not always be possible (e. g. correcting simultaneously for the effect 

on primary events and multiples might not be possible). 

Statistical Matching: A statistical matching filter is designed between the two time- 

lapse datasets. This removes the necessity of knowing the sources of misfit and 

has the potential for noise suppression (Bunch and White, 1985a). 

It is apparent from the short description that complete deterministic matching is not 

usually possible, and thus it often offers only a crude first step to cross-matching. 

Statistical matching is often called cross- equahzation and is usually applied as a final 

step in cross-matching. 

In most time-lapse datasets, there are simple deterministic corrections that can 

easily be applied but those are not sufficient to closely match the two time-lapse surveys. 

Therefore, additional methods are employed to cross-match the two surveys and often 

include designing and applying a statistical matching filter. Hence, cross-equalization 

is now widely used as a term that includes both statistical and deterministic methods 

to cross-niatch time-lapse surveys. Cross-equalization should match the two surveys 
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outside the reservoir, and leave only production related differences within the reservoir. 

This brings an extra challenge in time-lapse, namely, how to separate changes in the 

recorded seismic that are due to production from those that are not. 

1.2 Cross-equalization 

Cross-equalization has long been used as a tool to match two intersecting seismic pro- 

files. In general, cross- equalization consists of designing a filter that, when applied to 

one trace, makes it look like another (Bunch and White, 1985a). There are three main 

purposes for using cross- equaliz at ion: to check the position of line intersections, to ex- 

tract a wavelet that matches a well log synthetic seismogram to seismic data, and to 

find a compensatory filter to match data from two intersecting seismic lines (Bunch and 

White, 1985a; Thomas, 1999, p. 49). In time-lapse seismic, and hence in this study, 

we are concerned with the last of the aforementioned purposes. 

Time-lapse seismic cross- equalization is defined by Ross et al. (1996) as "the catch- 

all Mdustry term for the match-filtering, amplitude scaling and static corrections nec- 

essary for seismZc monitoring". In effect, it is a filter designed to match reflection data 

from one survey to another. To avoid matching and obliterating production related 

changes, the filter is usually designed over static reflectors that exclude the reservoir. 

Published case studies of time-lapse cross- equalization include Burkhart et al. (2000), 

Harris and Henry (1998), Ross and Altan (1997), Druzhinin and MacBeth (2001), 

Rickett and Lumley (1998,2001). 

This section describes the main misfit elements that should be addressed by seis- 

mic cross-equalization. This is followed by a summary of the conventional methods 

employed to match two traces (or datasets). Finally, an alternative method, which has 

the potential for carrying out the necessary cross- equ aliz at ion with added advantages, 

is proposed. 
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When two traces imaging the same subsurface profile differ, there are four elements 

that require correction and hence should be addressed by cross- equaliz at ion. These 

are timing or static shift, amplitude or RMS energy difference, phase mismatch, and 

bandwidth difference (Ross et al., 1996). Each of these, if not corrected, can cause a 

significant residual energy in the time-lapse difference section, where residual energy of 

as low as 5% can easily obscure production related anomalies. 

The following is a description of how each element might affect the difference ob- 

served between two traces as outlined by Ross et al. (1996): 

Timing shift: This is easily caused by differences in sea state (temperature and salin- 

ity), tide, and acquisition geometry. Differences of as low as 2 ms (1-5 in at 

sea-water velocity of around 1500 ms-') can cause a considerable amplitude dif- 

ference as illustrated in Figure 1.4. 

Amplitude difference: This occurs due to differences in source wavelet and in in- 

struments and their responses. Figure 1.5 illustrates the impact of amplitude 

variation on the difference between seismic traces. In general, a global amplitude 

scaling is performed between two time-lapse surveys, but often a more complex 

time- and/or trace-variant scaling is required. 

Phase mismatch: Source wavelet phase difference is the prime cause of this mis- 

match. Figure 1.6 shows the impact of phase shift on the difference between 

seismic traces as illustrated in Ricker wavelets of different frequencies. The im- 

pact is approximately independent of frequency, and is significant even at low 

phase mismatch where 15' causes 20% amplitude difference. Since the human 

eye finds it difficult to see phase shifts of 15' or less (Ross et al., 1996), it is 

crucial that any cross- equaliz at ion method employed corrects for phase without 

relying on visual judgement. 

Bandwidth difference: Often the bandwidth used in each time-lapse survey differs, 
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Figure 1.4: a) 30Hz Ricker wavelets with unit amplitude delayed by zero, one, two, 
four, and eight samples (0,1,2,4, and 8 ms). b) The differences of the zero-delay 
wavelet and the delayed wavelets proving that significant errors can occur because of 
time differential between wavelets (or surveys). From Ross et al. (1996). 
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Figure 1.5: a) 30 Hz unit amplitude Ricker wavelet scaled by 20,40,60, and 80%. b) 
The seismic differences generated by subtracting each scaled wavelet from the original 
unit amplitude wavelet. From Ross et al. (1996). 
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caused primarily by differences in the source wavelets. This could easily cause 

residual energy in the difference between the two surveys. Figure 1.7 illustrates 

the impact of bandwidth differences and shows that the residual reflector energy 

ranges from 7% to 40% of input amplitude for centre bandwidth differences of 2.5 

Hz to 12.5 Hz, respectively. 

For a further description consult Ross et al. (1996) and Duranti (2001, ch. 5). 

In addition to the four mismatch elements described, differences could also be com- 

plicated by differences in noise and alignment of the two traces. The latter might be 

more serious and occur when the two traces do not exactly measure the response of 

the same profile. Hence, time-lapse cross-equalization typically requires the following 

elements (Rickett and Lumley, 2001; Johnstad et al., 1995): 

1. interpolation or resampling to a common grid to compensate for different geome- 

tries and acquisition parameters; 

2. temporal (time) shift to compensate for environment state or survey design; 

I amplitude balancing to scale the data to the same amplitude (or energy) level; 

and 

4. bandwidth and phase equalization to compensate for, e. g., different source wavelets. 

1.2.2 Conventional methods 

According to Bunch and White (1985a) there are three methods for cross-equalization, 

nainely: 

1. determMistic filtering: This is best suited for situations where the differences 

are caused by a known origin and in such cases cross-equalization corrects for 

those known causes. However, deterministic filtering has no capability of noise 

suppression. In addition, it is usually insufficient and hindered by the lack of 

sufficient information (see earlier description iii Section 1.1.4). 
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Figure 1.6: Phase difference errors as a function of phase rotation for synthetic Ricker 
wavelets with centre frequencies of 15-75 Hz (in 15 Hz increments). From Ross et al. 
(1996). 
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2. wavelet processing: Assuming the differences between two seismic traces are due 

to different source wavelets, this method attempts to remove the effect of the 

source wavelet using convolution to a zero phase wavelet. However, although the 

correction is simple, source wavelet determination is not (Hobbs and Jakubowicz, 

2000). Usually, the wavelet is extracted assuming a simple isolated reflection can 

be found, or the trace is the convolution of a white reflection series with minimum 

phase wavelet. These assumptions usually are not met in practice and hence this 

method fails to give a satisfactory result. 

3. least-squares matching: This method tries to create a matching filter that at- 

tempts to minimize the misfit between the cross-matched traces. This last method 

is shown by Bunch and White (1985a) to be superior over the other methods and 

has a capability of automatic noise suppression. It is further discussed in Bunch 

and White (1985b). 

In time-lapse, differences between the two seismic lines usually have many inter- 

acting causes as discussed in Section 1.1.4. Therefore, deterministic methods are often 

incomplete although feasible in some cases, and wavelet processing is not sufficient since 

differences are not solely related to the source wavelet. Hence, in addition to the fact 

that least-square matching is shown to be superior by Bunch and White (1985a), this 

method - and others relying on error-minimization - remains the main cross-equa- 

lizing technique. 

The three methods listed address the matching of two traces, but not the particulars 

of time-lapse. Often in time-lapse, a mixture of these three methods is used, and 

there are different approaches to error-minimization when creating a matching filter. 

In addition, the need to realign traces in some time-lapse cases commonly requires 

interpolating to a common grid. Example of methods employed in time-lapse cross- 

equalizations include: 

* Multi stage matching of Rickett and Lumley (1998,2001) which include spatial 

realignment, to common grid, least-square match-filtering and wrapping (a tech- 
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nique outlined in Wolberg (1996)). 

Constrained cross-matching by Druzhinin and MacBeth (2001) which follows a 

technique developed by Monk (1993) for multiple suppression. 

e Interpolation to a common grid and space-variant wavelet matching by Johnstad 

et al. (1995). 

Here, I summarize two approaches to finding a match between two seismic traces. 

The first is based on correlation and a scalar quantity estimate, and the second is based 

on spectrum coherence and a filter estimate. A thorough description is provided for the 

correlation scalar estimate method since it is used as a comparison with the proposed 

method in later chapters. Both methods are conventional linear cross-equalization 

methods. Their use varies from localized, i. e. matching trace by trace, to global where 

the filter or scalars are averaged and applied globally. Their estimation also varies 

and is done on selected time windows with high signal-to-noise ratios, selected traces, 

or from all available traces. At the end of this section, a short note is provided on 

matching using a commercial package, which is also used as a comparison. 

Scalars estimate 

In the scalars estimate method, three scalar quantities related to the misfit between any 

two traces are calculated. These quantities are time misfit, phase misfit, and amplitude 

scalar. The bandwidth between the two traces is assumed near identical. Once the 

scalar misfit quantities are calculated, the necessary correction can easily be applied to 

counter them. The method is outlined in Bishop and Nunns (1994). 

The cross- correlahon, V)12(t), between two traces ri(t) and r2(t) is defined as: 

V) 12 (t) :=1 

T-1 

rl(t)r2(t + 
TE 

t=O 
(1.5) 

where T is the total number of samples considered in the two traces and I is the time 

lag used in calculating the correlation. The time and phase misfits are calculated from 
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the instantaneous attributes of the cross- correlation. Those attributes are defined by 

Taner et al. (1979), who regards a recorded signal s(t) as the real part of an analYtical 

or complex signal, S(t), where 

s* (t). (1.6) 

The quadrature (also called conjugate or imaginary) component, s*(t), is the Hilbert 

transform of s(t). Hence, the complex cross- correlation, ýP12(t) is defined as: 

W12 012 + Z012 ,I (1.7) 

Two attributes can be calculated for (P12(t): the modulus or envelope, a(t), and the 

znstantaneous phase, i9(t). These are defined by the following two equations: 

a(t) = ýP12(t)j = V/ý12 2 (t) + ý42 2 (t) 
, and 

t9(t) = arctan - 
V)12 M 

V)12 (t) 
(1.9) 

The peak of a(t) at the time lag t=T gives the optimum time shift between the two 

traces ri(t) and r2(t). The phase misfit 0 follows from the choice of time Mzsfit since 

both phase and time show linear dependence (Bishop and Nunns, 1994). Hence, 0 is 

calculated from the instantaneous phase such that 0= 79(T). 

The amplitude scaling, Norr, between the two traces is the ratio of the energy in 

the cross-correlation to the energy on the input trace, such that 

1 *12 (T) 

7corr - (1.10) 

where 1012(7')l is the modulus of the cross-correlation defined in Equation 1.5 at time 

lag T and ý/, I1 (0) is the auto- correlation of r, (t) at zero lag. Auto- correlation is defined 
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as a similar process to cross- correlation, but the same trace is correlated with itself 

such that r2 (t) is replaced with r, (t) in Equation 1.5. 

The scaling factor -y.... is not affected by random noise which does not correlate. 
A simpler approach to amplitude balancing is to estimate a scalar based on the root 

mean square (RMS) energy in the two surveys. This assumes either the noise energy in 

both traces is of the same magnitude or that it is much smaller than the signal energy 

(Rickett and Lumley, 2001). The scaling factor based on RMS, -ý,, is calculated using 

the following equation: 
I: T- I 

r, 2(t) 
t=O 

ET- 12 (t) 
t=O r2 

(1.11) 

The scalars estimate matching method is selected to compare results at the dif- 

ferent stages of development of the proposed cross- equaliz at ion using artificial neural 

networks. Our preference to use this method stems from two main facts: firstly, the 

method is simple, robust, and computationally fast; secondly, there are three scalar 

corrections: bulk static shift, an amplitude gain factor, and a phase rotation - all 

three are intuitive and easily understood (Bishop and Nunns, 1994). 

Filter estimate 

The filter estimate method is discussed in White (1980), Walden and White (1984) 

and more recently in Walden and White (1998). This method describes a procedure 

to match a synthetic seismogram with a surface seismic trace, both imaging the same 

reflection series. The same approach could easily be adopted to match two time-lapse 

traces, ri(t) and r2(t), imaging the same series. 

The situation the method addresses is outlined in Figure 1.8. Thus, each trace is 

composed of a signal series s(t) and random noise c(t), so that: 

ri (t) = si (t) + E, (t), and 

r2 (t) = 82(t) + 62(t)- 

(1.12) 

(1.13) 
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Figure 1.8: Two time-lapse traces rl(t) and r2(t) can be represented each by a signal 
and a noise component. In linear cross-equalization system a filter h(t) is assumed 
to exist that can linearly predict one from another, such that s2(t) = h(t) * si(t). 
Literally, h(t) will apply the necessary corrections to bring the two signals to a closer 
match. Adapted from Walden and White (1998). 

The two signals, si(t) and S2(t), are related linearly so that: 

S2 (t) = (1.14) 

where * denotes convolution, and h(t) is the impulse response of the filter defining the 

linear system. 

The estimation of h(t) is done in the frequency domain by calculating its Fourier 

transform H (f )-H (f ), commonly known as the transfer function, can be calculated 

from the frequency equivalent of Equation 1.14. However, since si and S2 are not known 

quantities, one could calculate an estimate of the transfer function, H(f), by assuming 

that there is no noise (Walden and White, 1998, p. 289), so that: 

4)12 (f 
(1-15) 

where 4)12(f) is the cross-spectrum of the two traces, ri(t) and r2(t), and 4bil(f) is the 

auto-spectrum of ri(t). In fact, 1ý(f) is actually H211(f) the frequency equivalent of 

the filter that predicts r2(t) from ri(t) in the least-square sense. To calculate H(f), 
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Walden and White (1998) show that H211(f) should be scaled by a function of the 

signal-to-noise ratio so that: 

H(f) + P, (f ) H211 (f (1.16) 
Pi(f) 

where pi(f) is the signal-to-noise ratio in ri(t). This ratio can be estimated using 

multiple coherence analysis as in Walden and White (1998). 

The filter requires two parameters to be chosen: the length of the lag window and 

its central point. The lag window must be centred on the wavelet-dominated portions 

of the cross- correl at ions between the two traces (Equation 1.5), and long enough to 

enclose them without serious distortion while tapering out the noise dominated parts 

(White, 1980). Once the length is fixed, the optimum alignment is found empirically by 

scanning a series of lag positions selecting the one which gives the best match (White, 

1980). 

Matching in a commercial package 

The commercial seismic processing package ProMAX is used throughout this study. 

One of the uses of ProMAX involves creating a matching filter as an additional com- 

parison with the scalar estimate method. 

The derivation of match filters and their application is described in the package's 

manual: Landmark (1997). Basically, a least-square (L2) filter is derived between each 

two traces within the two datasets or globally. In the latter case, traces are vertically 

summed before deriving the filter. The estimated filter can later be convolved with one 

dataset to make it match the other. L2 filter design and application is similar to that 

described earlier in the filter estimate method. The time shift is determined by picking 

the maximum amplitude envelope function of the cross- correlation as described in the 

scalar estimate method. In addition to L2 filters, one could derive an optimal phase 

rotation. In this study. I found it useful to derive a global phase rotation estimate and 

applY it before deriving and applying the L2 filter. 
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1.2.3 Proposed method: cross-equalization using ANNs 

Earlier discussion shows that in time-lapse there is a need to find a cross-equaliza- 

tion tool with certain characteristics. The tool should not require exact knowledge 

of the reasons behind the lack of repeatability. It should correct not only for the 

four basic misfit elements (time, amplitude, phase, and bandwidth), but also for other 

misfits such as trace misalignments and noise. In addition, the tool needs to be able 

to handle interactions between the misfit elements and should not be hindered by the 

possible non-linearity of the relationship. This motivated me to investigate artificial 

neural networks as a possible tool for time-lapse seismic cross-equalization with all the 

aforementioned merits. 

Artificial Neural Networks, ANNs, are computer programs capable of learning by 

experience, which have analogies to neurons in the mammalian brain (Bishop, 1995; 

Gurney, 1997; Looney, 1997). In the last decade, ANNs have made their way into 

geophysics and have since been used to solve many geophysical problems (van der Baan 

and Jutten, 2000). Examples of such uses are extrapolation of well parameters by Liu 

and Liu (1998), seismic wavelet estimation by Liu and Castagna (2000), inversion by 

Roy-Chowdhury et al. (1997), prediction of porosity and saturation from time-lapse 

by Tanja Oldenziel and Kvamme (2000), deconvolution by Wang and Mendel (1992), 

multiple attenuation by Essenreiter et al. (1998), and tracking of seismic reflectors 

across faults by Alberts et al. (2000). 

ANNs, in addition to their uses in pattern recognition, are also ideal for problems 

where a mapping function between some input parameter vector x and an output pa- 

rameter vector v is to be found. An ANN can act as a mapping function where a 

numerical solution is not easy to formulate algorithmically, provided that many ex- 

amples of input vector x and their corresponding desired output vector v exist. The 

Kolmogorov theorem proves the existence of a three-layer mapping ANN that can map 

any continuous function. It is quoted here in its form applied to neural networks as 

derived by Hecht-Nielsen (1990, p. 122): 

'DIE 
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"Given any continuous function f: [0, I]n R', f (x) = y, f can be 

implemented exactly by a three-layer feedforward neural network having n 

fanout processZng elements Zn the first (x - input) layer, (2n + 1) processing 

elements in the middle layer, and m, processing elements in the top (y - 

output) layer. " 
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In this thesis 1 show that cross-equalization is a problem that can be solved by 

ANNs. Time-lapse surveys outside production areas can provide many examples of 

relationships between the two surveys as is needed by ANNs. In simple terms, if we 

desire one survey to look like the second, then one survey can act as input vector x and 

the other as the corresponding desired output vector v. During the design of ANNs 

(training stage), ANNs are shown examples of seismic data from one survey (vector 

x) and their corresponding seismic data from the other survey (vector v). ANNs will 

learn to map one vector from the other, and will hence learn to normalize for acquisition 

misfit (since examples are taken from outside production zones). ANNs can later be 

applied to the whole survey and thus normalize it for acquisition differences. 

The use of ANN will be shown to have the following merits: 

1. targeting the reason for the lack of repeatability becomes unnecessary; 

ANNs have the capability of automatic noise suppression as is the case in least- 

square matching technique described by Bunch and White (1985a); 

3. ANNs' ability to solve non-linear problems will give them a huge advantage over 

other linear cross-equalization schemes; and 

4. the scheme can deal with trace realignment. 

Cross-equalization using ANNs is proposed to be done pre-stack and prior to any 

processes that might cause unnecessary loss of information. This is for the following 

main reasons: firstly, more training examples are available pre-stack and will hence 

cater for ANNs' need to learn the necessary relat, ionship; secondly. effects of sources 
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of misfit are easily complicated by processing and some useful information might be 

lost during processing; thirdly, pre-stack analysis such as AVO can be performed and 

compared on the time-lapse datasets; fourthly, after cross- equaliz at ion, the user will 

have the flexibility to process the cross-equalized time-lapse data in parallel and however 

perceived necessary. 

Davies and Warner (1999) and Davies (2000) attempted a similar application of 

ANNs to that presented in this study. Their methodology involved mapping higher- 

frequency data from lower-frequency data, i. e. cross-equalize lower-frequency data to 

match higher- frequency data. Thus, their work attempted to extrapolate missing res- 

olution. Since, theoretically, lower-frequency data cannot contain enough information 

to reproduce higher-frequency data, the problem can only work where the network can 

interpolate within the training space. Therefore, their method did not work when a 

designated reservoir area was excluded from training. Although I am trying to solve 

a similar problem, in this case an ANN can generalize2 better because it is not trying 

to extrapolate missing resolution. Furthermore, this project involves more data, which 

can be employed in training. In addition, a more thorough investigation is required on 

the exact training procedure and parameter choice to that attempted in limited time 

in Davies and Warner (1999) and Davies (2000). 

1.3 Thesis objective and outline 

1.3.1 Objective and methodology 

The objective of this study is to develop a scheme to cross-equalize two time-lapse 

seismic datasets using artificial neural networks (ANNs) - 
The procedure involves: firstly, developing a scheme to match seismic data using 

ANNs, which involves investigating the different criteria and parameters for training 

ANNs and developing the codes necessary; secondly, assessing the ability of the scheme 

to preserve a production related anomaly within the two time-lapse seismic datasets 

2 Generalization is the ability of ANN to perform well in data not shown during training. 
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while matching otherwise. Furthermore, using ANNs as a cross-equalization tool for 

time-lapse seismic is compared with other more conventional methods. 

1.3.2 Report outline 

This first chapter introduced time-lapse seismic and the lack of repeatability problem. 

Cross-equalization was shown to be necessary to solve the aforementioned problem. 

This was introduced and discussed. Finally, artificial neural networks (ANNs) were 

shown as a potential candidate for the cross- equaliz at ion scheme. The research study 

was put forward to investigate the utilization of ANNs in the cross-equalization for 4D 

seismic. 

Chapter 2 introduces ANNs and their related parameters. ANNs' learning capabil- 

ity and related issues, such as training algorithms, are explained and analysed. Finally, 

several issues involved in utilizing ANNs for this study, such as pre-processing, gener- 

alization, and parametrization, are discussed. 

Chapter 3 introduces the time-lapse datasets used in this project. It gives an outline 

of the survey area in terms of the geological setting, production history, and seismic 

time-lapse project. In addition, it analyses the datasets in terms of their acquisition 

and seismic character. Finally, work done on the dataset, with regards to time-lapse, 

is reviewed, and expected fluid changes and signature are outlined. 

Chapter 4 presents and discusses the implementation of ANNs in time-lapse cross- 

equalization. It describes how ANNs are used to cross-equalize the time-lapse datasets. 

In addition, it introduces the nature and type of possible input and target output of the 

networks. Furthermore, the chapter assesses the different parameterizat ions required, 

and, with support of experimental results, puts forward a choice. The chapter also 

presents the codes and procedures implemented, while using ANNs as a cross-equaliza- 

tion tool. In addition, it presents the methods used to quality control the results of 

cross-equalization. Finally, it presents a test that ensures that, while training to perform 

cross- equalization, the ANNs are not memorizing a copy of the dataset required to be 
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matched, but in fact are learning a function that normalizes acquisition differences. 

Application and results are discussed in Chapter 5 and Chapter 6. Chapter 5 

describes the historic development of the scheme. It outlines the procedure followed to 

find the configuration that gives the best results. Finally, it presents the best scheme 

configuration, and matching results. Chapter 6 describes further investigation on ANN 

cross- equaliz at ion. It presents a methodology to assess the ability of ANNs to preserve 

product ion- related anomalies while matching elsewhere. In addition, it assesses post- 

stack cross- equalization as an alternative to pre-stack cross- equ aliz at ion, and compares 

the two. Both chapters present and discuss the results while making comparisons with 

linear cross-equalization methods. 

Finally, Chapter 7 summarizes the research results and conclusions, and provides 

an outlook for further possible work. 



Chapter 2 

Artificial Neural Networks 

(ANNs) 

The creation of artificial neural networks (ANNs) stems from human desire to imitate 

biological neurons in their learning and building upon experience. Although scientists 

only managed to represent biological neurons in the most abstract form, nevertheless 

this has proved very useful. Today, ANNs are used in many diverse fields including 

economics, finance, mathematics, chemistry, physics, engineering, robotics, and cryp- 

tography. 

ANNs have the ability to make extensive use of a priori knowledge, find non-linear 

relationships, and are not restricted by assumptions about the underlying model (Es- 

senreiter et al., 1998). Therefore, ANNs have the potential to work in areas where 

conventional methods fail. They are particularly well suited for non-linear problems 

(Hush, 1989). Their capability allows them both to partition a pattern space for clas- 

sification problems, e. g. hand written text recognition (LeCun et al., 1990a, 1998a), 

and to implement non-linear transformations for functional approximation, e. g. locat- 

ing subsurface targets (Poulton et al., 1992). A brief historical overview of ANN can be 

found in Hecht-Nielsen (1990). Lippmann (1987) and Hush and Horne (1993) provide 

a good tutorial oil ANNs, while Bishop (1995) gives a more extensive analysis. 
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The most commonly used ANN architecture is the muffi-layer perceptron (NILP). 

In addition, applications similar to those in this research employ the supervised feed- 

forward MLP. This undergoes a supervised training stage and an application stage. 

This chapter introduces the basic concepts and theoretical background of ANN. 

The chapter is subdivided into four sections: the first introduces the biological neural 

networks with emphasis on how learning is achieved, the second describes the supervised 

feed-forward MLPs and their character, the third describes how learning is achieved 

through training the ANNs and aspects related to this training, and the fourth analyses 

several practical issues related to the utilization of ANNs in this study. 

In writing this chapter, I found Hush and Horne (1993) particularly useful in their 

analysis of the MLP and followed their guidance to the related issues. I also found 

Alberts (2002) useful in introducing ANNs and their training algorithms. 

2.1 Biological neural networks 

ANN design stems from our understanding of biological neurons. Thus, it is appro- 

priate to introduce the topic through a discussion of the latter. This introduction will 

emphasize information transmission within the biological neural networks. The general 

properties of those networks will be outlined and an abstract base to ANNs will be 

discussed. 

Structure and information handling 

Nerve cells which make up the brain are biological neurons and the brain itself is a com- 

plex biological neural network. Those neurons are responsible for information handling. 

They continuously receive and send signals in the form of an electrical impulse. 

The schematic structure of a nerve cell is illustrated in Figure 2.1. The cell body 

(soma) is similar to that of other cells, with a nucleus and most of the expected or- 

ganelles present. In addition, however, neurons contain extensions or branches called 

processes (Becker, 1986, p. 695). Processes that receive impulses and transmit them 
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(a) A schematic of a nerve cell showing the signal flow 
through the main nerve parts. After Becker (1986) 

(b) Another schematic of a nerve cell showing 
the amount of connections that can exist. From 
Alberts (2002) 

F--i 
pm 

(c) A scanning electron micrograph of the cell body and 
its dendrites. From Becker et al. (2000) 

Figure 2.1: The nerve cell is a biological neuron consisting of dendrites, cell body, and 
an axon, which branches and terminates with synaptic knobs. The dendrites collect 
incoming signals from other cells and pass them inward to the cell body (soma). The 

cell, if activated by the incoming signals, pass a signal through its single axon. This 
la, tter transmits the cell's activity to other cells, which are connected via synapses on 
their dendrites. The myelin sheath act as an electric insulator. 



2.1 Biological neural networks 57 

inward to the soma are called dendrites. These are hand-like extensions that branch 

repeatedly, enabling many connections. On the other hand, processes that conduct 

impulses away from the soma are called axons. 

The neurons display a lot of structural variability; some neurons have many pro- 

cesses while others have few; most have one axon while others have many. Typically, 

axons are much longer than dendrites. The axon terminates in structures called synap- 

tic knobs. These are responsible for transmitting impulses to the next cell. The junction 

between the synaptic knobs and other cells is called a synapse. 

A nerve cell receives impulse from other cells via its dendrites. The nerve fires a 

signal in response to impulses received over some delay time if those impulses exceed a 

certain threshold. The signal is sent via the axon. This axon is insulated by the Myelin 

sheath wherever it is not supposed to trigger other neurons. At the far end it splits 

and connects to other cells' dendrites via synapses. The signal is transmitted across 

the synapses chemically, and the synapses have the ability to influence the signal in an 

excZtatory or an inhibitory way. 

2.1.2 Properties of biological neural networks 

The nervous system of simple invertebrates might contain 100,000 cells, while a human 

being is estimated to have about 100 billion nerve cells (Alberts, 2002). This great num- 

ber of cells make up a biological neural network that both processes senses and learns. 

The ability to learn enables organisms to respond to varying environment and needs. 

The success of biological neural networks is facilitated by four main characteristics: 

A great number of connections exist in the network. 

2. Biological neurons work in parallel. This enables the biological network to process 

information simultaneously. 

3. Learning is not only established by activity change within neurons but also by 

adaptation of the whole structure. Hence knowledge is stored in the whole net- 

work. 



2.1 Biological neural networks 58 

4. There is a great tolerance toward individual neuron failure. The network can 

work near optimum even with some neuron degradation. 

2.1.3 Abstract neuron 

Units in ANNs can only represent their biological counterparts in an abstract and simple 

way. This abstract representation is illustrated in Figure 2.2. The main character 

that ANNs try to inherit from biological networks is connechonism, which is achieved 

through the great number of interconnected and communicating units. 

dendrites 

Impulse Flow 
ON-- 

net, 

a, 0, axon I 

w1i 
sorna 

neuron i 

soma 
(cell body) 

synapse 

a, 

C"' 

net, 

neuronj 

0 
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Figure 2.2: Abstract model of a biological neuron. The cell receives information neti 
from its dendrites. Consequently, it builds up a membrane potential aj. This causes 
an activation potential oi to be output via the axon. The axon is finally connected to 
further dendrites by means of synapses, which can act excitatory or inhibitory on the 
signal by applying a factor wij. After Alberts (2002). 

The membrane potenhal aj (t) is a measure for the degree of achvatton at time t. 

The transfer function f.,, t determines the new state of activation for time-step t+I 

based on the old activation aj(t) and the input netj(t): 

aj (t + 1) = f.,, t (aj (t), netj (t), E)j). (2.1) 

Oj is the threshold of neuron 3* below which no signal is fired. The activation potential 
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or output oj (t + 1) is then a function of the membrane potential: 

oj (t + 1) = f,,,, t (aj (t + 1)). (2.2) 

Most artificial models build on this abstract form. Furthermore, in this research 
the following definitions are used for simplification: 

1. the possible activation ai is restricted to the interval [0,1]; 

2. an identity function is employed to move from activation aj to output oj, i. e. 

oj (t) == aj (t); and 

3. the time delay used in biological neurons is not modelled, i. e. activation at time 

t is not dependent on previous activations. 

Hence, a neuron j after receiving some input netj outputs a signal oj, where: 

oj (t + 1) = f,,, t (netj (t), E)j). (2.3) 

2.2 Artificial neural networks 

2.2.1 Perceptron 

The perceptron was conceived in 1958 by Rosenblatt (Hush and Horne, 1993). It mimics 

the action of the abstract biological neuron (Section 2.1.3). Figure 2.3 shows the basic 

structure of a perceptron. The input y to the activation function is the dot product of 

the input vector x and the weight vector w, so that: 

Wixi. (2.4) 

The original perceptron used a hard-limiting activation function, whereby the out- 
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(a) A diagram of the perceptron showing the main components 
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(b) A slight modification of (a) where the threshold is now considered part of 
the input. Thus, a connection is modelled with an input xo =I and a weight 
wo = E). 
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Figure 2.3: The perceptron is the base unit of ANNs and mimics an abstract biological 
neuron (cf. Figure 2.2). It receives an input vector x, which is scaled by the weight 
vector w. The dot product is the scaled input y (corresponds to netj in Figure 2.2). 
The scaled input y and a threshold 19 are passed through an activation function to 
produce an output u. In the original perceptron the activation function is a hard- 
limiting boolean function, but most commonly it is a sigmoid. 
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put u is calculated by the following equation: 
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0 if y> 91 
(2.5) 

1 if y< E). 

E) is the threshold of the perceptron that has to be reached before an output is produced. 

This is similar to the biological threshold that has to be exceeded before a neuron fires. 

Usually, the threshold is illustrated as part of the total input to the unit (Figure 2.3(b)), 

such that: 

n 
y 1: wixi, and (2.6) 

i=O 

U0 
if y> 01 

(2.7) 

1 if y<0. 

The perceptron can be viewed as a binary logical function (Hush and Horne, 1993). 

It is capable of implementing numerous logical functions, including the three funda- 

mental operations of Boolean algebra: AND, OR, and COMPLEMENT While using a 

hard-limiting activation function, the perceptron is simply a linear threshold unzt with 

a bias or threshold unit added (Gurney, 1997). However, most commonly, as in this 

study, a continuous sigmoid function is used as an activation function. This allows the 

perceptron to perform tasks other than classifications. 

2.2.2 Multi-layer perceptron (MLP) 

A muffi-layer perceptron (MLP) is a cascade of two or more layers of perceptrons. 

Figure 2.4 shows a typical MLP, where perceptrons are arranged in a layered fashion 

and each layer is fully connected to the next. 

An NILP is the most widely used ANN. Therefore, from now on, I will be using 

ANN to mean this form of artificial neural network. However, there are still many 

models and variations of iletworks. The study will be using the most common of those: 
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Figure 2.4: Multi-layer perceptron (MLP). The MLP is a cascade of two or more layers 

of perceptrons and is a typical ANN. The network here is organized into three layers: 
one input layer, one hidden layer and one output layer. Since the input layer only passes 
input from the outside world, the figure actually represents two layers of perceptrons. 
The black on-neuron provides the bias or threshold 6 by supplying an input of I and 
varying the connection weight to provide E), see Figure 2.3(b). This on-neuron might 
be omitted from many ANN-diagrams and is assumed to exist as an integrated part of 
the processing elements. Note how the network is depicted as a directed graph with a 
set of points (nodes) linked by a set of line segments (links). The nodes represent the 
processing units and links represent the connections between them. 

the statzc, supervised, feed-forward, and fully-connected networks (MLPs). Here is the 

definition of those terms: 

9 static means the networks are memoryless, whereby their output is a function 

only of the current input, not past or future inputs or outputs (Hush and Horne, 

1993). 

superwsed means the networks are presented with set of example input-output 

pairs and trained to implement a mapping that matches the examples as closely 

as possible (Hush and Horne, 1993). This is contrary to unsupervZsed networks, 

which are only presented with input examples. 

9 feed-forward means that information (signal) is only passed along one direction, 

i. e. there is no network output that is fed back to the same network. 

9 fully- comi ccted ineans that each neuron is fully connected with all neurons of the 

following layer. 
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An artificial neural network is defined by Hecht-Nielsen (1990, see p. 22) as "a 

parallel distributed information processing structure in the form of a directed graph' ", 

see Figure 2.4. However as described by Hecht-Nielsen (1990) the following restrictions 

and sub-definitions apply: 

The nodes are the processing elements. 

2. The links are called the connections. These connections act as instantaneous 

unidirectional signal-conducting paths. 

3. Each processing element can receive any number of incoming connections. 

4. Each processing element has one output connection that can fan out into many 

copies. 

5. Each processing element possesses a transfer function which uses input signals to 

produce the processing element output. 

6. Inputs to the network arrive via connections that originate in the outside world. 

Outputs from the network to the outside world are connections that leave the 

network. 

In addition, the processing elements are sometimes loosely called neurons. The latter 

actually means the node and all the connection weights leading to it. 

Topology 

An MLP has an input layer, a number of hidden layers (usually none, one, or two) , 

and an output layer. Each of these layers can have any number of processing elements. 

The input layer receives signals from the outside world and does not have processing 

elements, i. e. it does not alter the signal through an activation function. The hidden 

layers are used for the internal processing of the information. The output layer does the 

'A directed graph is a geometric object made of a set of points (nodes) linked by a set of line segments 
(links) (Hecht- Nielsen, 1990). 
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final processing and outputs to the outside world. Therefore, all units are perceptrons 

except the input layer units, which perform no processing. 

There are two conventions usually used when illustrating a network's topology. The 

first depicts inputs with no nodes while the other depicts those inputs with a layer of 

nodes. Figure 2.5 illustrates those two conventions. Hecht-Nielsen (1990) uses the first 

of those two conventions (Figure 2.52.5(a)), and thus his definition of nodes only apply 

to those in the hidden layers and output layer. Contrary to Hecht-Nielsen (1990) and 

as a convention followed in this report, I use the second convention (Figure 2.52.5(b)). 

where input is represented by a layer of nodes (input layer). These nodes only represent 

the input passed forward to the network and do not have a transfer function. 

Signal flow 

Figure 2.6 illustrates how a signal propagates unidirectionally through the feed-forward 

ANN. The connection from a node i to a node j is scaled by the weight wij. The order 

of indices indicate the direction of the signal transfer. The matrix of all connections is 

called weight matrix W. 

The input to node j is called netj. This is calculated from all the output oi of 

N feeding nodes by taking into account the weight wij. The calculation follows the 

propagation rule: 

netj (t) oi (t) wij (2.8) 

As described in Figure 2.4 and following from many authors such as Bishop (1995, 

p. 118), the threshold E)j introduced in equation 2.3 is integrated as part of the input 

to a neuron. This is done by introducing on-neurons or biases. The bias is usually 

considered as an integrated part of the processing elements. This on-neuron oo always 

produces an output of I. The threshold E)j is then modelled by adapting the weights 

tvoj that connect the on-neuron 0 with neuron j. Therefore, the transfer function in 
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Figure 2.5: Two conventions for illustrating ANNs. The convention used in this report 
is illustrated in (b). Note that in both figures the bias on-neuron is not shown as 
explained in Figure 2.4. 
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Figure 2.6: The propagation rule. A node's input is the sum of the weighted output 
of the feeding nodes. The signal flows unidirectionally from left to right. Compare 
with the abstract biological network shown in Figure 2.2. After Alberts (2002). During 
training, the error between the network's output oj and the target output is used to 
calculate the adjustments for each connection weight. 

Equation 2.3 can be calculated without the threshold E)j and hence simplifies to: 

oj (t + 1) = f.,, t (netj (t)). (2.9) 

In addition, the index i of the sum in Equation 2.8 now starts with 0: 

N 

netj (t) E 0i (t) Wii. (2.10) 
i=O 

The activation function used in most ANNs, such as the networks used in this study, 

is the sigmoidal function fact(x) =: +, -x 
(Figure 2.7). This function determines the 

new state of activation based on the input netj. 

The choice of sigmoidal transfer function for activation allows dealing with large 

domains while still mapping to a bounded range of [0,1]. It is also differentiable and 

therefore it is possible to derive a gradient search for the optimum weights (Hush and 

Horne, 1993). In addition, it is a continuous real monotonically increasing function 

as demanded by the Kolmogorov theorem, quoted on Page 49. Where classification is 

intended, the signioid function in the interval [0,1] allows the output to be interpreted as 

output target 
output 

0t 

R 
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Figure 2.7: Activation transfer function, fa, t(x) =1. The input x is the weighted 1+e-X 
neuron input netj, see Figure 2.2. 

a posterior probability (Bishop, 1995, see p. 83). On the other hand, since the sigmoid 

is continuous, it also allows a continuous valued output required by applications other 

than classification. 

Property and capability 

ANNs mimic their biological counterparts and thus inherit their characteristics de- 

scribed in Section 2.1.2. In particular, they work by breaking problems into many 

parts that can be processed in parallel by simple processing elements, and they store 

information in the whole structure and have therefore great tolerance toward individ- 

ual neuron degradation. Of interest is their ability for abstraction and generalization. 

Abstraction is the ability to retain salient features of an input pattern and discard ir- 

relevant ones (Poulton et al., 1992). Generalization is the ability to recognize patterns 

on which no training occurred. 

According to Hush and Horne (1993), the capability of ANNs lies in their ability 

to: implement boolean logic functions, partition pattern space for classification, and 

implement non-linear transformation for functional approximation. 

To demonstrate the capability of an ANN, one could take its ability to classify as 

-6.0 -4.0 -2.0 
0.0 2.0 4.0 6.0 
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a guideline. A single perceptron cannot implement an exclusive-OR function, whereas 

an MLP can implement complex decision boundaries and boolean functions (Hush and 

Horne, 1993). Its ability is determined by how many layers of perceptrons it consists of 

and how many neurons are in each layer. Figure 2.8 illustrates the capability of an ANN 

as a function of its number of layers. The figure describes the type of decision region 

attainable by each ANN structure. It is clear from the figure that a three layer ANN 

is sufficient for an arbitrary complexity while two layer ANN is sufficient to enclose a 

certain region. 

The results in Figure 2.8 are for ANNs with hard-limiting activation functions. 

If the ANN has nodes with a sigmoidal activation function, then the capability is 

demonstrated by Bishop (1995) to be even greater. In these typical ANNs with a 

sigmoidal activation function, a two layer network can approximate arbitrarily well any 

functional continuous mapping from one finite- dimensional space to another, provided 

that the number of hidden nodes is sufficiently large (Bishop, 1995, p. 130). 

The ability of a two layer ANN to map any continuous function follows the Kol- 

mogorov theorem quoted on Page 49 and is discussed in many publications, e. g. Irie and 

Miyake (1988); Hecht-Nielsen (1990); Huang and Huang (1991); Hornik (1991); Leshno 

et al. (1993); Hush and Horne (1993); Bishop (1995); and Huang and Babri (1998). In 

fact, Irie and Miyake (1988) prove a kind of universality to the ability of the two layer 

ANNs (called three layer in Irie and Miyake (1988)). However, all publications require 

that sufficient number of perceptrons exist. Hush and Horne (1993) say that although 

a two layer MLP is capable of mapping any arbitrary continuous function, this does 

not imply that there is no benefit to a three layer MLP. The latter can be used for 

example where a two layer network requires an infinite number of nodes. 

A two layer ANN is composed of an input layer, one hidden layer, and an output 

layer. Usually, the number of input and output nodes is fixed by the nature of the 

problem. Only the number of nodes in the hidden layer is usually open for variation. 

The hidden layer might be required to contain a very large number of nodes to enable 
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Figure 2.8: The capability of one, two, and three layer ANN. Adapted from Bishop 
(1995, Figure 4-4) and Lippinann (1987, Figure 14). The figure demonstrates the 
capability of an ANN to partition a region space into two classes as a function of 
the ANN's structure (number of layers). The ANNs illustrated contain liard-limiting 
activation functions. The shading within the region space denotes the decision region. 
The first layer in the network's structure denotes the input layer, where no processing 
is made and lience this layer is not counted. The learning space shown features two 
dimensions, but the space could be of any dimensionality. In summary, a one-layer 
ANN can split a region into two parts, a two-layer ANN can enclose a region, and a 
three layer ANN can form arbitrary decision regions. 

the network to solve a given problem. In such cases, a three layer network, i. e. with 

two hidden layers, can reduce the number of connections significantly while still being 

able to solve the problem. Reducing the number of connections has the benefit of 

speeding up learning and reducing the number of training examples required to solve 

the problem. 

2.3 Learning 

The power of ANNs lies in their ability to learn. The Kolmogorov theorem quoted 

oil Page 49 proves the existence of all ANN that can map a wide range of functions. 

Unfortunately, this theorem does not give an indication on how to construct an ANN 
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to map a specific (x : --ý y) relation. The ability of an ANN to map a relationship 

depends on many factors concerning the problem in question and the way the network 

is designed, trained and implemented. 

ANNs are tuned to perform a desired mapping during the learning phase. If this 

learning is done in a supervised fashion, as is the case in this research, then this phase 

is also called the trainzng phase. During training, examples of input patterns and their 

coinciding target output patterns are used to tune the parameters in the ANN in order to 

enable it to map the relationship. The training is done by minimizing an error junction 

E, where E is a measure of the difference between the target output v and the actual 

output u of the network. E is most generally expressed through the Euclidean distance, 

which allows the error to be calculated for multi-dimensional output. However, most 

authors use a slightly modified version. The training algorithm chosen for this study 

expresses E as the square of the Euclidean distance: 

U, ) (2.11) 

There are several parameters that can be tuned to teach an ANN. The most common 

parameters that can be adjusted during training are the connecting weights, including 

the biases representing thresholds, and topology. The former is done by minimizing the 

error function E through changing the weight matrix W. The latter is tuned by either 

trying different topologies or by using an algorithm that dynamically grows or prunes 

the topology until a suitable topology is found. 

In this research, it is primarily the weight matrix W that is tuned to obtain a 

suitably trained ANN. This not only requires a sophisticated training algorithm, but 

also sufficient number of training examples (training patterns) to optimize the weight 

inatrix 11'. 
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Figure 2.9 illustrates the parameters involved in ANN training and the terminology 

and abbreviations used. Patterns are example datasets of network input and associated 

target output. Patterns could all be used to tune the network and are then called the 

traznzng patterns. However, it is practical to split the available patterns into two or 

three distinct datasets. The training patterns are used for the actual training, where 

the weight matrix W is adjusted depending on the misfit between the network's output 

and the known target output. The second dataset, which is used to test the network's 

performance during training, is called the valtdahon patterns. This dataset is only fed to 

the network for testing purposes (vahdation), whereby only the error is calculated but 

no parameter tuning occurs. Validation is necessary for the cross-validation stopping 

criterion, as will be discussed later. 

It is also useful to define a third pattern dataset, namely: the teshng patterns. This 

dataset contains input and output patterns but is not involved in network training or 

cross- validation. The testing patterns are usually prepared to test the final trained 

network to examine its generalization and accuracy. Since the testing dataset does 

not influence training at all, its use leads to a better indication of generalization than 

through the use of the validation dataset. However, the testing clataset is not always 

required and used. 

2.3.2 Back-propagation 

During learning, ANNs need to adapt their weight matrix W. This adaptation is a 

function of the error in the output and the effect of each weight wij on this error. A 

rule is needed to calculate the required weight adaptation during learning. The most 

widely used algorithm for supervised learning with multi-layered feed-forward networks 

is the back-propagation learning algorithm. This is also known as the generalized 6-rule. 

The basic idea of back- propagation is the repeated application of the chain rule to 

compute the influence of each weight in the network with respect to the error function 
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Parameters Abbreviation Name 
fXl, X2, ---, Xdl or fxp, XPI ... I XPI 12d x or xP An input pattern 
jV1iV2i---, VcJ or fvplvp,..., Vpl 12d v or vP An output pattern 
ýjX1, 

X2, ---, XdMV1iV2, ---)Vc1j 
1XI V1 A training pattern 

Ix 1 
Ix 

21... 
Ix 

NJ x Set of all input patterns 
fV 1 

IV 
21... 

IV 
NJ V Set of all output patterns 

ýfx I 
IV 

1 1, fx 2 
IV 

21'... 
1 

JXN, VNJj fx, VJ Set of all training patterns 

Figure 2.9: Patterns for ANNs and their nomenclature. A three layer network (two 
layer MLP) is shown. The nodes in the first, second, and third layer are labelled with 
indices z, j, and k, respectively. The choice of indices is arbitrary, but the order indicates 
the order of layers and thus the direction of the signal transfer. Connection weights and 
nodes' output follow the convention discussed earlier. Therefore, e. g., node 1 produces 
output oj that fans to all nodes in the next layer and is scaled by weight Wjk before 
arriving at node k. 

During training, a network is shown a set of parameter inputs (vector x) and their 
target outputs (vector v). The network itself produces an output vector u. d is the 
total number of inputs and c is the total number of outputs. x is called an znput pattern, 
whereas v is called an output pattern. The set of input and corresponding target output 
is called a training pattern or simply a pattern. In practice, there are many patterns 
and hence the superscript p is used as an index to x, u, and v indicating that each 
parameter belongs to a certain pattern p. This index could be any value from I to the 
total number of patterns N. 

xp1xp2xp3pxd 
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E (Riedmiller and Braun, 1993): 

aE 
= 

aE aoi i9neti (2.12) 
awij aoi aneti awij 

where wij is the weight connecting neuron i with neuron j, oi is the output of neuron 

i, and neti is the sum of the weighted inputs to neuron i. Once the partial derivative 

for each weight is known, the aim of minimizing the error function is achieved by 

performing a gradient descent: 

wij (t) = wij (t - 1) -E 
OE 

awij 
(2.13) 

where wij (t - 1) is the old connection weight, wij (t) is the new connection weight, and 6 

is the learning rate. The learning rate E determines the amount of change of the weight 

wij in the direction of the steepest error descent. 

The derivation of the back-propagation algorithm can be found in Bishop (1995) 

and Alberts (2002). In summary, each connection weight wij is varied by an amount 

Awij with every training pattern p according to the equation: 

Apwij = cop (2.14) 

The superscript p indicates that each quantity refers to one training pattern p. 6jp is 

the error sZgnal at neuron j, i. e. the error contributed by neuron j to the error EP. For 

ANNs with sigmoidal activation function, 6ý' is given by (Alberts, 2002): 

OjP OjP) E Jkp'Wjki if neuron 3' is hidden, 
jk 

ojP oP) (vjp - ojp), if neuron j is an output neuron, 

(2.15) 

P 
where vý is the desired output of neuron j (if 3' is an output neuron) after passing 

pattern p. Equation 2.15 tells us that the value of 6 for a particular hidden neuron 

can be obtained by propagating the J's backward from the neurons further along in the 
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network (Bishop, 1995). The back- propagation process is illustrated in Figure 2.10. 

Figure 2.11 shows the back-propagation training procedure. There are two modes 

of training explained in the figure. The adaptation of the weights can be done on 

a per-pattern basis, i. e. training is done in the stochashc mode. Here, weights are 

changed according to the gradient of the error EP for each individual training pattern 

p. However, it is not guaranteed that this change follows the gradient of the total error 

E for all patterns. To overcome this limitation, all partial errors EP can be calculated 

before weights are changed, i. e. training is done in the batch mode. This is accomplished 

by considering the true gradient of the total error, whereby: 

E(W) = E( .... wij,... ) E EP( 
.... wii, 

p 

(2.16) 

Table 2.1 lists advantages of each learning mode. The stochastic learning mode 

has certain advantages. In particular, it is much faster with large training datasets 

and with large redundancy (Davies, 2000, p. 52). While using the stochastic mode, 

the training patterns are usually shuffled after each cycle through the patterns. This 

is because networks learn fastest from the most unexpected (and different) patterns 

(LeCun et al., 1998a). 

Table 2.1: Advantages of both stochastic and batch learning mode. After LeCun et al. 
(1998b). 

Advantages of Stochastic Learning Advantages of Batch Learning 
Usually much faster than batch learn- Conditions of convergence are well un- 
ing. derstood. 
Often results in better solutions. Many acceleration techniques (e. g. con- 

jugate gradient) only operate in batch 
learning. 

Can be used for tracking changes. Theoretical analysis of the weight dy- 
namics and convergence rates are sim- 
pler. 
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Figure 2.10: Error propagation in back-propagation training algorithm. The value of 
the error signal 6j for the hidden neuron j is obtained through the back-propagation of 
the 6's from those neurons k to which neuron j sends connections. Adapted from Bishop 
(1995). The connection weight wij is then modified by an amount Awij calculated as 
a function of 6j and of the output oi of neuron i. 

2.3.3 Stopping criteria and generalization 

Training ANNs rarely produces a solution whereby perfect input to a target output 

mapping is done. In practice, training algorithms are searching for a lowest error solu- 

tion. This rises the question: when should training be stopped, i. e. what is the stopping 

criterion? The question is complicated by two facts: firstly, it is not guaranteed that 

the training error converges to a minimum or does so in reasonable time; and secondly, 

training an ANN requires it, in most cases, to learn the mapping of unseen input and 

thus the lowest error on the training patterns is not necessarily the best solution for 

the unseen patterns (from the same problem space). 

The ability of an ANN to perform well on unseen patterns is called its ability 

to generalize. This generalization is more important in ANN's applications than the 

network's ability to map the training patterns correctly, since the network is usually 

intended to solve the unknown case. 

There are several methods that can be considered for a stopping criterion. Here are 

five possible stopping criteria: 
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Figure 2.11: Back-Propagation training algorithm. The flow charts illustrate the two 
possible modes of training for comparison. The algorithm is a cycle in which weights 
are adapted until the stopping criterion is reached (usually dependent on the error 
calculated). In batch modes, all errors due to individual patterns are processed before 

adapting weights. On the other hand, in stochastic mode, the weight adaptation is 
done after calculating the error due to each individual pattern. 



2.3 Learning 77 

Stop when the magnitude of the descent gradient is sufficiently small. However, 

what if the network is at a flat error surface, see Section 2.4.1. 

Stop when the error is below a certain threshold. However, this assumes knowl- 

edge of the minimum error. 

3. Stop when all training examples are correctly mapped. However, this assume the 

network could do the mapping. 

Stop after a fixed number of training iterationS2. However, there is no guarantee 

to the state of the network at the end. 

5. Stop using cross- valtdation where training is monitored using a separate dataset 

and stopped at the minimum error of ANN application to that dataset. The 

cross- validation criterion is also known as the early stopping criterion. Here, the 

aim is not to let the network train for too long and hence over-fit the training 

data, whereby the ANN learns to map the training dataset very well but any 

slight deviation from the training examples causes it to perform badly (poor 

generalization). The second dataset is obtained by splitting the available patterns 

into two different sets: a training dataset and a validation dataset (Section 2.3.1). 

Using the early stopping criterion, training is stopped at the point of lowest 

validation error, i. e. the error when the validation dataset is passed through the 

network. This is illustrated in Figure 2.12. While the training error decreases 

until the end of the learning as expected, the validation error shows an increase 

after a certain number of training cycles due to the network's over-fitting of the 

training dataset. 

The first four criteria are sensitive to the choice of parameters and can result in premýi- 

ture termination or unnecessary long training time. On the other hand, cross- validat ion 

not only avoids premature termination, but can also improve generalization (Husli and 

2A training cycle or iteration is completed when the whole training dataset is shown to the network 
once, see Figure 2.11. 
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Figure 2.12: The cross-validation stopping criterion. The graph illustrate the develop- 

ment of the validation error and training error during the training phase, as a function 

of the training cycles T. To achieve the best generalization training should be stopped 
at the point f corresponding to the minimum of the validation error. After Bishop 
(1995, p. 345). 

Horne, 1993). However, cross-validation adds an extra computational load. In addition, 

it reduces the possible training examples and might be a problem if those examples are 

limited. 

2.3.4 Problems with back-propagation 

This section summarizes several problems associated with back-propagation and de- 

scribes a solution. The problems mainly stem from the fact that back- propagation is a 

gradient descent method and hence works on local information without any knowledge 

of the global error surface (Alberts, 2002). 

1. Local minimum: B ack- propagation might find a solution at a local error minimum 

(Figure 2.13). To avoid this, training can be performed a few times each with 

different weight initialization to ensure starting at a different point on the error 

surface. The run with the lowest error is then selected as a solution. In addition, 

weight jogging. whereby weights are changed by a small random amount, can help 

to push the network out of local inininia. 

2. Syminctry: If all connection weights of one neuron have the same value, they will 



2.3 Learning 

E 

it, I. /. 

79 

Figure 2.13: Local minima are a problem in back- propagation training algorithm. The 

graph shows the progress of training along the error surface of one connection weight, 
where E is the error and wij is the weight. The gradient descent finds a solution at a 
local minimum, which is not the true global minimum required. From Alberts (2002). 

receive the same weight adaptation. Hence, back-propagation will fail to break 

this symmetry. To avoid this problem the weights are usually initialized hY small 

random numbers. 

3. Plateaus: The error surface might be very flat at some points making training 

very slow (Figure 2.14). A method proposed to get rid of this problem is to 

introduce a momentum-term. Thus, in addition to the weight adaptation due to 

the error signal, the weight is also changed by a factor p of the previous weight 

adaptation Awij (t - 1). Hence, Equation 2.14 is modified so that the new weight 

adaptation Au, ij(t) follows: 

A wij (t) =6 0i 6j + pA u, ij (t - 1). 

Resilient propagation explained in the next section also offers a solution. 

4.08cillation: If the error surface has steep and narrow valleys, back-propagation 

can start to oscillate (Figure 2.15). In this case, the state of the ANN will be 

GLOBAL MINIMUM 
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Figure 2.14: Plateaus are a problem in back-propagation training algorithm. The graph 
shows the progress of training along the error surface of one connection weight, where 
E is the error and wij is the weight. The gradient descent progress is a function of the 
error gradient and hence a plateau acts as a barrier. After Alberts (2002). 

jumping from one side of the error surface to the other and hence either gets 

stuck or descends very slowly. Resilient propagation explained in the next section 

offers a solution. 

5. Learning rate: The choice of the learning rate c has an important effect on the rate 

of convergence and hence training time. Setting this parameter can be difficult. 

If it is set too small, too many steps are needed to reach an acceptable solution-, 

on the contrary a large learning rate will possibly lead to oscillation, preventing 

the error from falling below a certain value. 

The momentum-term can accelerate convergence in shallow regions of the error 

function. However, Riedmiller and Braun (1993) say that the optimal value of 

the momentum parameter y is equally problem dependent as the learning rate 

E, and that no general improvement can be accomplished. On the other hand, 

resilient propagation explained in the next section and other adaptive training 

algorithms offer a solution. 
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Figure 2.15: Oscillation problem in back-propagation training algorithm. The graph 
shows the progress of training along the error surface of one connection weight, where 
E is the error and wij is the weight. Steep and narrow valleys in the error surface cause 
the back-propagation training algorithm to oscillate, and hence it either gets stuck or 
descends very slowly. From Alberts (2002). 

2.3.5 Resilient propagation (RPROP) 

The problems associated with back- propagation led to the design of other algorithms 

that can overcome those problems. In addition, algorithms were brought forward that 

might speed up training and reduce the time and effort in finding suitable learning pa- 

rameters. Examples of such algorithms is Quickprop (Fahlmann, 1989) and SuperSAB 

(Tollenaere, 1990). Schiffmann et al. (1992,1994) investigated and compared many of 

such algorithms. 

Many algorithms were developed where parameter adaptation is possible during 

learning. These can roughly be split into global adaptation, which make use of the 

knowledge of the whole state of the network; and local adaptation, where weight- 

specific information (e. g. the partial derivative) is used to adapt weight-specific pa- 

rameters. Riedmiller and Braun (1993) explain that local strategies are superior and 

better suited in parallel implementations. In addition, Schiffmann et al. (1994) say that 

local adaptation strategies greatly reduce the training time and also improve network 

performance. 

GLOBAL MINIMUM 
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In most adaptive training algorithms, the size of the actually weight-step Av, jj is not 

only dependent on the (adapted) learning-rate, but also on the partial derivative OE 
aw, ) 

Although the learning-rate is carefully adapted, it is nevertheless drastically disturbed 

by the unforeseeable behaviour of the derivative itself (Riedmiller and Braun, 1993). 

Resilient propagation (RPROP) is an efficient learning scheme introduced by Ried- 

miller and Braun (1992,1993). It performs a direct adaptation of the weight step based 

on local gradient information. Its crucial difference to previously developed adaptation 

techniques is that the weight adaptation does not depend on the magnitude of the 

gradient; instead, RPROP changes the size of the weight-update Awij directly without 

considering the size of the partial derivative. Riedmiller and Braun (1993) show how the 

RPROP algorithm compares with other learning strategies and prove its superiority in 

most cases. Furthermore, RPROP builds on the experience made with other adaptive 

training algorithms such as Manhattan-Training, Quickprop and SuperSAB and unites 

their advantages (Alberts, 2002, p. 66). RPROP achieves its adaptive weight update 

by introducing an individual adaphve update-value Aij for each weight wij. This Aij 

solely determines the size of the weight-update. It evolves during the learning process 

based on its local knowledge of the error function E. 

The RPROP algorithm, as explained by Riedmiller and Braun (1993), works as 

follows: Every time the partial derivative of the corresponding weight wij changes its 

sign, which indicates that the last update was too big and the algorithm has jumped 

over a minimum, the update-value Aij is decreased by a decrease factor 77-. If the 

derivative retains its sign, the update-value is slightly increased by an increase factor 

T1+ in order to accelerate convergence in shallow regions. Therefore, the adaptation 

works according to the following learning-rule: 

ol 

TI +x Aij (t 
- 1) 

Aii M 
77- x Aij (t 

- 1) 

Aij (t 
- 1) 

if OE (t X 
aE >0 

awij awij I 
if OF (t X OE < 

oll"d alt"i 

otherwise. 

(2.18) 
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where 0<77- <1<77 

Once the update-value for each weight is adapted, the weight-update itself follows 

a simple rule: if the derivative is positive (increasing error), the weight is decreased by 

its update-value, if the derivative is negative, the update-value is added. Therefore, 

wij wij (t - 1) + Awij (t), where (2.19) 

(t) if aE (t) 0 
-Aij awij 

AWjj +, Aij (t) if aE (t) 0, (2.20) 
awij 

0 otherwise. 

There is one exception: If the partial derivative changes sign, i. e. the previous step was 

too large and the minimum was missed, the previous weight-update is reverted: 

Awij (t) A'Ulij (t - 1) if 
OE 

(t - 1) x 
OE 

(t) <0 (2.21) 
(gwij owij 

Due to this backtracking weight-step, the derivative will change its sign once again in 

the following step. In order to avoid a double punishment of the update-value, there is 

no adaptation of the update-value in the succeeding step. In practice, this is done by 

setting '9E (t - 1) =0 in the Aij adaptation-rule (Equation 2.18). 
awij 

The update-values and the weights are changed every time the whole pattern set 

has been presented once to the network, i. e. learning in batch mode (Figure 2.11). 

Riedmiller and Braun (1993) explain that all update-values Aij are initially set to 

an initial value A0. A good choice of A0 is 0.1, but this parameter is not critical, since 

the update-values are adaptive. Furthermore, Riedmiller and Braun (1993) introduce 

an upper limit Of Amax - 50.0 and a lower limit Of Arnin :::: - le-6 for the update-values. 

A reasonable choice of the decrease factor 71- and the increase factor q+ is 0.5 and 

1.2, respectively. For further discussion on these choices refer to Riedmiller and Braun 

(1993). 
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2.4 Practical issues 

2.4.1 Error surface complexity 

Although, multi-layer perceptrons (MLPs) are the most popular ANNS and are success- 

ful in a variety of problems, they have their own weaknesses. Their major weýlkiiess lies 

in their slow learning rates (Hush et al., 1991). Hush et al. (1991,1992) demonstrate 

that the slow rate of learning is a consequence of the complexity of the error surface in 

the MLPs. 

Figure 2.16 illustrates the character of an error surface of an NILP. Although this 

figure shows one particular example, Hush et al. (1991,1992) showed that the error 

surface of an MLP, with sigmoid activation function, alwavs have the same appearance. 

In particular, the surface has a stair-step appearance with many very flat and very steep 

regions. Thus, the magnitude of the gradient varies by several orders of magnitude. In 

addition, as the number of training patterns increase the surface becomes smoother. 

Furthermore, the surface has flat regions that extend to infinity. 

Hush et al. (1991,1992) worked on pattern recognition, and hence some of their 

observations might not be in line with other uses. However, their work give some insight. 

In particular, back-propagation will suffer largely due to the plateaus. Therefore, back- 

propagation with momentum and RPROP function better. The existence of flat regions 

that extend to infinity can cause training to continue without escaping this region. 

The variation of the gradient by several orders of magnitude, requires the error to be 

stored with floating point representation. In addition, the more patterns available the 

smoother the error surface and hence the faster the training. 

Hush et al. (1992) also found that if the desired output is changed from [0,1] to a 

lower range e. g. [0.1,0.9], this will introduce a dip at the bottom of each stair step. This 

is because the perceptron error is minimum at exactly 0.1 or 0.9 but larger at either 

side. There are motivations for choosing [0.1,0.91, as will be described on Page 92, but 

it is useful to be aware of the implication. 
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Figure 2.16: (a) The error surface of a one-node MLP network as a function of the 
connection weight u7i and the threshold or bias weight wo (froin Hush et al. (1992)). 
(b) The training samples used, where the input x is one of two classes denoted by either 
crosses or circles (froni Hush et al. (1992)). (c) The error surface if a linear activation 
function was used - put only for comparison with (a) (from Hush and Horne (1993)). 
Note the simple bowl shape of (c) and in comparison the complexity and stair-step 
appearance in (a). The error surface displays a form of symmetry oil wo and U'l and 
the steps are a function of the number of patterns used. 
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2.4.2 Size and topology 

The choice of the network size and topology is important. If the network is too small, 

it will not be capable of forming a good model of the problem (Hush and Horne. 1993). 

On the other hand, if it is too large then it may be too capable (Baum and Haussler, 

1989), whereby the network can implement numerous solutions to the training patterns 

but with poor generalization. In general, one cannot pre-determine a network size for 

a given problem since each problem demands a different capability. 

Hush and Horne (1993) say that with some specific knowledge about the structure 

of the problem and a fundamental understanding of the MLP, one can sometimes form 

a good estimate of the proper network size. However, with little or no prior knowledge, 

one must determine the network by trial and error. Usually, one will try different 

networks in a methodological way, whereby the network size is varied systematically 

by either starting from a small network and moving to a large one or vice versa. 

Hush (1989) recommends starting with a small network and growing it systemati- 

cally. He says if the performance of the network is monitored as the output error versus 

network size, then the optimal network size is the knee of the performance curve, as 

illustrated in Figure 2.17. This is because the size will continue to improve the per- 

formance significantly until some optimal size is reached and then increasing size will 

only increases performance slightly but will start to degrade generalization. 

Following from the previous discussion (Section 2.2.2, page 67), no more than two 

hidden layers are required. In fact, one hidden layer might be sufficient. There are 

many studies that discuss the bounds to the number of nodes that should be used in 

an MLP, e. g. Baum and Haussler (1989), Huang and Huang (1991), and Huang and 

Babri (1998). One conclusion that can be drawn from such studies is that one should 

never use more hidden nodes than training patterns, otherwise the network 'ývill simply 

memorize the training dataset and become too specific to it. 

Other than trial and error, methods and algorithms exist that cýin help in finding a 

suitable network size. These include growing algorithms that start from a small network 
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Figure 2.17: Performance versus ANN's size. The graph is a general illustration of 
the method recommended by Hush (1989), see text. The graph shows how the error 
(inverse of performance) varies with different network sizes. Here, the 4th network 
size forms the knee of the error curve, whereby the performance increase significantly 
before the 4th size but does not do so after it. Hence, the 4th network seems the most 
appropriate network size to use. 

and pruning algoritlin-is that start froin a large network. An example of the foriner is 

the Cascade Correlation (Falilman and Lebiere, 1990) and of the latter is the Optimal 

Brain Damage (LeCun et al., 1990b) - 

2.4.3 Pattern size and choice 

The choice of training and validation patterns is also important. This choice will both 

determine the speed and likelihood of finding a solution and achieving generalization. 

These patterns should be representative of the whole sample space where the network is 

to be used. To be representative, examples should be chosen randomly from all possible 

selections within the problem space. 

Oil the issue of pattern size, this is both related to the complexity of the problem 

and the size of the network used. If the best network size is predetermined, then results 

from Vapnik and Cliervonenkis (1971) suggest that for a good generalization and as a 

rule of thunil), the number of training patterns N should be approximately ten times 

(or more) the number of weights (Hush and Horne, 1993). These results are addressing 

classification problems where one needs to capture all possible classes. Therefore,, the 
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results are slightly pessimistic and less patterns might be required to capture functional 

approximations. However, it is clear that N increases with increasing connections. In 

Section 2.4.5, methods are described to improve generalization without solely relying 

on increasing N. 

2.4.4 Computational training time 

The time required to train ANNs for a specific problem affect the practicality of utilizing 

ANNs. This time is a function of the number of connections, patterns, and traming 

cycles. In this study, I utilize a cluster of 16 machines running in parallel. These 

are 500 MHz EV5 21164 Alpha Workstations. It is estimated that a typical project 

(matching 512 ms from 2000 CMPs along the two time-lapse datasets) involving around 

130 separate networks takes around one week on the cluster. This could increase to 

two weeks or decrease to two days depending on how the problem is set. In effect, each 

network requires 2-10 CPU hours to train. The speed is around six times faster in a 

1.5 GHz Pentium IV machine. A more exact training time is given in Chapter 5. 

2.4.5 Generalization 

Generalization is most heavily influenced by three factors: the network size, the number 

of training examples and how representative these are, and the complexity of the un- 

derlying problem (Hush and Horne, 1993). The first two have already been discussed. 

The third cannot be chosen, but can be manipulated during pattern pre-processing as 

will be discussed in the next section. 

In addition to the three factors outlined above, one could use algorithms that help 

to improve generalization during training. There are two principal methods: firstl.,,,, 

through reducing the number of connection weights since larger networks are more 

likely to over-fit training patterns; and secondly, through reducing the weight size. 

Reducing the number of weights, and hence the network size, can be done through 

pruning algorithms such as Optimal Brain Damage (LeCun et al., 19901)). Here the 
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network is firstly trained using back-propagation. Then the weights with the smallest 

influence are deleted and the network is retrained. The process is usually repeated. 

The method, whereby the weight size is reduced, is called weight decay (Werbos, 

1988). It is a form of driving the network to less complexity. This is achieved by adding 

a term to Equation 2.14 to modify the weight update from being just a function of the 

output error signal to that which includes a penalty to the weight's size. Thus, 

Awij =c oi 6j -d wij, (2.22) 

where d is a constant. Usually, this is achieved through modifying the error function of 

the whole network. In my use of RPROP, the error function (Equation 2.11) is modified 

to the following (Zell et al., 2000): 

_ U, )2 + 10-a 2 E=j: (vi i: Wij 1 
(2.23) 

where a is a constant called the weiaht-decav term. The first sum in Equation 2.23 

defines the usual network's error that back-propagation (or RPROP) tries to minimize, 

i. e. the misfit between the target output v and the actual output u. The second sum 

defines a cost function to the weight size. Hence, the weight-decay term a determines 

the relationship of two goals, namely to reduce the output error (the standard goal) 

and to reduce the size of the weights (to improve generalization). Note that the weight 

decay parameter oz denotes the exponent, to allow comfortable input of very small 

weight-decay. A choice of oz =2 corresponds to a ratio of weight decay term to output 

error of 1: 100 (1 : 102). 

Hush and Horne (1993) give an explanation to how weight decay improves gener- 

alization. In summary, the weights of the network fall into two categories: those that 

have a large influence on the solution, and those that have little or no influence on the 

solution. The second, which can be called excess weights, can take wide range of values 

without significantly affecting the solution. They are not likely to take values near zero 
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unless encouraged to do so. They are more likely to take values that are either arbi- 

trary values, or that cause the network to over-fit the training data to slightly reduce 

training error. Therefore, either case leads to poor generalization. The addition of the 

second term in Equation 2.23 encourages excess weights to take on zero or near zero 

values and hence this improves generalization. 

In addition to improving generalization, weight decay has another advantage, which 

I found particularly useful. After learning with weight decay, the magnitude of each 

weight is directly proportional to its influence on the mapping error (Hush and Horne, 

1993). Therefore, connections with relatively small weights can be deleted in order 

to speed up training in similar uses and to improve generalization. Furthermore, if 

all connections stemming from one particular input node have small weights then this 

signifies that this input is not useful and can be omitted. On the other hand, if all 

connections from one input node have large weights then this input is important. These 

facts allows one to decide what inputs are important and might lead to deciding the 

nature of input that is required for a particular problem. I also found out that if many 

connection weights within the hidden layers are near zero, then this signifies that the 

topology used is larger than necessary. 

2.4.6 Pattern pre-processing 

The ability of ANNs to perform arbitrary non-linear functional mapping between sets 

of variables may encourage some to use ANNs to map raw input data directly onto the 

required target output data. In practice, this gives poor performance. 

The poor performance is as a result of what is termed the curse of dimensionality 

associated with increasing number of input data (Bishop, 1995, p. 7). As the number 

of input data increases the number of connection weights increases inanly orders of mag- 

nitiide more, and hence more pattern examples are needed to determine the optimum 

weight matrix 11'. Since most applications have a limited number of training patterns, 

there is always a point beyond which adding more input information only serves to 
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Another cause of poor performance is patterns data not being in a value range at 

which the ANNs behave best. Therefore, for most applications, it is necessary first to 

transform the data into a new representation before passing them through the network 

(Bishop, 1995, p. 295). This is done in the pre-processing stage that precedes the 

training stage. 

Pre-processing can be a simple linear transform of pattern data to allow ANNs to 

process these data more efficiently (see the following section). One might also transform 

the data to another domain, e. g. from time domain to frequency domain. This is done 

when the new representation offers a more compressed feature representation or when 

it allows the problem to be split into many smaller ones. 

More complex pre-processing involves the reduction of the dimensionality of the 

input data. This can be done through principal component analysZs. In addition, one 

could reduce the dimensionality by making an intelligent choice of the input and output 

patterns that best represent the problem. This feature extraction is either done through 

prior knowledge of the problem or through assessing the performance of the network 

when given a particular set of features as input and output. 

Normalization 

Input and output patterns are usually composed of different attributes and features 

from the problem space. These could have values differing by several orders of magni- 

tude. Furthermore, in Section 2.1.3 it was shown that many ANN models (including 

ANNs used in this study) restrict the possible activations to an interval of [0,1]. It is 

therefore desirable to have all the patterns in a range of similar order of magnitude by 

applying a form of normalization to these patterns. This also allows the initialization 

of the weights of the network to be random with values in a similar range. Preferably, 

the input variables should have an average close to zero, where convergence can be 

expected to be faster (LeCun et al., 1998b). 
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The sigmoid activation function produces an output in the range [0,1] (Figure 2.70. 
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Thus, the target outputs have to be normalized to this interval. This can be done 

through linear transformation, where a target output vi for a particular output node i 

and all patterns I to N is transformed to a normalized representation 'ji through the 

following equation: 
Vi 

Vi -V min 
i (2.24) 

vmax -v min 
ii 

V min and vm' are the minimum and maximum value of vi, respectively. iz 

The output is sometimes desired to be normalized to the interval [0.05,0.95]. This is 

to avoid requesting the network to output the sigmoid (activation function) asymptotic 

values 0 and 1. This can be done through the following modification of Equation 2.24: 

min 
0 .9 

Vi - Vi -7- + 0.05. max - Vmln vi i 
(2.25) 

The input patterns can be normalized in a similar fashion to the output. Therefore, 

an input xi for a particular input node i and all patterns I to N is transformed to a 

normalized representation Yj through the following equation: 

Xi -X min 
Xi = 

Xmax - Xmin ii 
(2.26) 

There is no desire to limit the input to the range [0.05,0.95]. However, for the 

input xi many authors, e. g. Bishop (1995), suggest normalizing it by its mean 7,7 and 

standard deviation cj, where: 
Xi - Xi 

(2.27) 

If there are outliers within the pattern data, then most values normalized through 

Equation 2.24 and Equation 2.26 will end up localized to a very small range and hence 

lead to a lowering of the network's performance. If we define yj to be either input ri 

or output i1j, then the problem can be avoided by setting the minimum and maximum 

of ! ji to be three standard deviations c7i aNý, -ay from the mean -yj. Thus, we define for yj 
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(2.28) 

Values of yj that are lower than yj"' are clipped to yj"' and values of yj that are 

higher than ymax are clipped to y"7x. Therefore Equation 2.24 and Equation 2.26 are 

modified by setting ym" and yý` to ym" and yýnax, respectively. iziz 

Normalization is discussed further in Section 4.4.1, where an optimal choice is given. 

2.4.7 ANNs in this study 

The artificial neural networks implemented in this study are trained using the Stuttgart 

Neural Network Simulator (SNNS), v4.2 (Zell et al., 2000). This simulator is a software 

package developed at the University of Stuttgart to create an efficient and flexible 

simulation environment for research on ANNs and their applications. SNNS found its 

way into many other studies, e. g. van der Baan and Jutten (2000), Davies (2000), and 

Alberts (2002). 

SNNS allows for the use of many training algorithms, e. g. back- propagation, Quick- 

prop, and RPROP. It also allows and caters for different optimizations such as mo- 

menturn (Equation 2.17), weight decay (Equation 2.23), and weight jogging (Sec- 

tion 2.3.4(l)). In addition, it caters for topology growing and pruning algorithms. 

In fact, the simulator is designed to cater for most popular training and optimization 

algorithms and to provide for their parameter choices. 

SNNS has a graphical interface that allows an interactive way of designing and 

training ANNs. It contains visual tools to show the progress of the training and the 

validation error, and to help analyse the ANNs (e. g. to analyse the connection weights, 

topology, and activation of each node). In addition to the graphical interface, there is 

an additional interface to the SNNS kernel that allows easy background execution. This 

is done through the batchman program provided by SNNS. This interface is the most 



2.4 Practical issues 94 

practical way of using SNNS, since it alloNvs the setting of jobs iii batch niode. It is 

primarily made to train SNNS networks and set all the parameters required. However. 

it also allows the user to make wide range of analysis, to design specific training and 

stopping criteria, and allows sufficient input-output functionality. 

The networks created and used in SNNS are saved as ASCII files, which allows a 

direct inspection of the structure of these files. This was very useful in this study as 

many ANNs are created automatically using programs outside SNNS. Once training is 

completed, SNNS provides a program called snns2c that creates a C-language function 

of the trained ANNs. This makes it easy to implement the trained networks. Patterns 

for training, validation, and application are stored in pattern files and should be de- 

signed in a special format in ASCII mode to allow SNNS to deal with them. These 

pattern files are easy to understand and can easily be prepared by other programs 

outside SNNS. 

The preceding discussion clearly shows that SNNS provides a very capable and 

flexible environment for research on ANNs. All these merits helped to decide on using 

SNNS. The only disadvantage I note is that SNNS use of ASCII pattern files demands 

large computer memory (hard-disk) space. If these pattern files are stored in binary 

mode the space needed can easily drop by an order of magnitude or more. 

This study employed the RPROP training algorithm with weight decay as described 

in Zell et al. (2000, p. 148). This algorithm basically implements RPROP in batch 

learning as described in Section 2.3.5 and is modified to include weight decay as in 

Equation 2.23. The use of RPROP allows the overcoming of some of the problems 

associated with back-propagation. In addition, it speeds up training, and reduces the 

time and effort in finding suitable learning parameters. 

In this project, codes outside SNNS, written in C++ language, are used to create 

and prepare training patterns, split them into training and validation datasets, NNvrite the 

patterns in the format required by SNNS, and create the required ANNs and batchman 

training scripts. 



Chapter 3 

Time-lapse Seismic Datasets 

This study is conducted on data from two time-lapse 3D seismic surveys over the 

Oseberg field, North Sea. The two 3D seismic lines, NH8906 and NH9201 were acquired 

during 1989 and 1992, respectively. 

A copy of the seismic data of the two surveys were supplied by Total, to whom 

we are thankful, in SEG-Y format. Initially it was intended that the project would 

include two full 3D surveys. However, only one time-lapse swath from each survey was 

delivered and hence involved in this study. Nevertheless, the two time-lapse swaths 

were sufficient to enable a scheme to be developed and an analysis to be made. 

In this chapter, the Oseberg field and its time-lapse project are introduced. The in- 

troduction is followed by analysis of the two datasets used in this study and a summary 

of previous work on them. Finally the need for cross-equalization will be outlined. 

3.1 Oseberg field 

The Oseberg field is located in the Norwegian North Sea 140 km northwest of Bergen, 

see Figure 3.1. This field is located in blocks 30/6 and 30/9, at 100 m water-depth. 

and is about 26 krn long and 6 km wide. With around 527.5 Millioll SM3 of initial 

oil in place and estimated recoverable reserves of 319-31 million SM3, Oseberg field is 

'Revised later by Erlandsen (2000) to 336 million Sm 3, see Section 3.1.3 
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the second largest hydrocarbon field in the Norwegian North Sea sector (Ryseth et al., 

1998). 

Recent studies on this field include that on stratigraphy by Ryseth et al. (1998), 

stratigraphy and production by Johnsen et al. (1995), 4D seismic by Burns (1998), and 

reservoir management by Sognesand (1997) and Burns (1997). 

3.1.1 Structure and stratigraphy 

The Oseberg field is located on the Bergen High at the western margin of the Horda 

Platform. It comprises three major fault blocks called Alpha, Gamma, and Alpha North 

with a gentle dip of 6-10' east-northeast, see Figure 3.2 and Figure 3.3. The reservoir 

rocks are deltaic sandstones of the Early to Mid Jurassic Brent Group, which varies in 

thickness from 45 to 190 m (Johnsen et al., 1995). The cross-section in Figure 3.2 shows 

that the reservoir rocks are thickest on the down-faulted structure and are overlain by 

2100-2700 m of sediment cover. 

The field lies within the Brent province, which is geographically part of the Viking 

Graben and its flanks (Figure 3.2). In this province, structural evolution controlled not 

only rock deposition but also hydrocarbon migration and trapping. In fact hydrocarbon 

trapping within the Brent province is almost exclusively related to the Mesozoic fault 

blocks (Ryseth et al., 1998). 

Two phases of rifting represent the main events in the structural evolution of the 

area (Ryseth et al., 1998). The first phase of rifting and crustal extension started in 

the Late Permian-Early Triassic and was followed by postrift thermal subsidence until 

Middle Jurassic. The second phase of crustal extension occurred in the Late Jurassic- 

Early Cretaceous, followed by postrift thermal subsidence. 

The stratigraphic column at Oseberg is illustrated in Figure 3.4. Following is the 

geological history of the area as summarized from Ryseth et al. (1998): 

Continental conditions prevailed throughout the Týiassic and the Early 

Jurassic during which more than 2 km of mainly fluvial sediments of Hegre 
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Figure 3.1: The Oseberg field is located in the Norwegian North Sea in blocks 30/6 

and 30/9, approximately 140 km northwest of Bergen. Troll field that supplies Oseberg 

with gas for injection is approximately 50 kin northeast. Shaded areas are hydrocarbon 
fields. From Johnstad et al. (1993). 
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Cretaceous post-rift phase. Redrawn from Ryseth et al. (1998). 
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Group and Statfjord Formation were deposited. Rising sea level in the Early 

Jurassic led to the deposition of mudrocks and marginal marine sandstone 

of Dunlin Group. 

An uplift of a volcanic dome south of the Viking Graben during the Toar- 

cian (Early-Middle Jurassic) led to the deposition of the Brent Group as a 

major deltaic unit. Brent group comprises shallow-marine fan-delta sand- 

stone (Broom and Oseberg formations), marine shoreface deposits (Rannoch 

and Etive formations), delta plain deposits (Ness formation), and prograd- 

ing shoreline and coastal plain deposits (Tarbert formation). The Brent 

Group deposits indicates delta progradation and retreat caused by major 

regressive-transgressive cycles. 

The Brent Group deposits were followed by the deposition of the marine 

mudrocks of Heather Formation. During the Late Jurassic, a rift phase 

caused the development of restricted basins and the deposition of highly 

organic mudrocks (Draupne Formation). 

After the second phase of rifting and during post-rift, Cretaceous depo- 

sitions were mostly of marine mudrocks. These marine conditions per- 

sisted throughout the Tertiary leading to the deposition of deep-marine 

and shallow-marine sandstone and mudrock facies. 

3.1.2 Reservoir character 

The Late Jurassic Draupene Formation represents the only significant source rock of 

hydrocarbons, Figure 3.4. From these source rocks, hydrocarbon migration into the 

Oseberg structure commenced during the second post-rift subsidence in the Late Cre- 

taceous (Ryseth et al., 1998). Oil migrated into the Brent group, which represents the 

main reservoir interval. The seal to these tilted reservoir intervals is provide by the 

Heather formation and the Cretaceous limestone and shales. 

Recoverable oil within Oseberg is mainly stored in the Oseberg Formation of the 
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Brent Group. It comprises excellent reservoir character with porosity of around 24% 

and permeability averaging I to 4 Darcys and ranging from 0.5 to more than 10 Darcys 

(Johnsen et al., 1995). However, a considerable amount of recoverable oil is stored 

within the Ness Formation (Ryseth et al., 1998). This is heterogeneous in nature, and 

is made of mainly elongated and laterally restricted sandstone bodies. Hence, although 

the Ness Formation accounts for 25% of total oil in place, it only accounts for around 

10% of the reserves (Johnsen et al., 1995). 

All structures within the Oseberg Oil Reservoir contain a gas cap, with a 380 m 

vertical gas column on Alpha and 150 m on Gamma. The depth of the original gas-oil 

contact was 2497 rn corresponding to about 2340 ms TWTT, and the initial oil column 

was around 210 m (Johnstad and Ahmed, 1991; Johnstad et al., 1995). This oil column 

had been reduced to 20-40 m thickness after production of 75% of the total oil reserves 

by the year 2000 (Erlandsen, 2000). 

3.1.3 Production history and future 

The Oseberg field was discovered in 1979, and came onstrearn in December 1988 (John- 

stad et al., 1993). The estimated reserves are 336 million SM3 of which 266 million Sm 3 

had been produced by January 2000 (Erlandsen, 2000). 

In 1993, Oseberg oil production was 470 thousands barrels per day (Johnstad et 

al., 1993), and by 1995 this had increased to 510 thousands barrels per day (Johnstad 

et al., 1995). Of the aforementioned oil production, 72% was from the field centre, and 

the rest was from the northern area (Johnstad et al., 1993,1995), see Figure 3.5. This 

plateau oil production of 510 thousand barrels per day continued until the end of 1997. 

By May 2000 oil production had dropped to 290 thousand barrels per day (Erlandsen, 

2000). 

According to reservoir engineering studies, gas flooding can potentially recover a 

greater volume of oil than water flooding. Hence, pressure maintenance is implemented 

by re-injection of associated gas, and of gas from the nearby Týroll field (Johnstad et 
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In the near future, there are plans to start water injection and turn Oseberg into a 

gas producing field as illustrated in Figure 3.5 (Johnsen et al., 1995). 

3.1.4 Time-lapse project at Oseberg 

Between 1982 and 1999, several seismic surveys were acquired over the Oseberg Field as 

part of a time-lapse project. This aimed to analyse fluid movement to enable effective 

reservoir management. In particular, seismic monitoring focused on pressure recording, 

gas-front observation and production logging. 

The base survey (NH8906) was acquired from December 1989 to January 1990. A 

monitor survey was collected using the same vessel in early 1991. In April to July 1992 

the field was re-shot using one source and five cables to acquire the monitor survey 

N119201. The aim was to derive a dataset compatible with 1989 and 1991 surveys 

(Johnstad et al., 1995). The three surveys (1989,1991 and 1992) were discussed by 

Johnstad et al. (1995) who extended on previous work by Johnstad et al. (1993) on the 

first two sets (1989 and 1991). 

3.2 Time-lapse datasets 

This study is conducted on a time-lapse swath from the base survey (NH8906) and the 

monitor survey (NH9201). Therefore, this section will analyse the two aforementioned 

datasets and summarize previous studies conducted on them. 

3.2.1 Analysis of the two datasets 

Survey parameters 

The base survey NH8906 was acquired with two streamers 100 m apart, while the 

monitor survey NH9201 was acquired with five streamers '175 m apart. However in 

both cases each streamer towed 240 receivers, the shot to shot spacing was 25 m and 
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the receiver spacing was 12.5m. Table 3.1 and Figure 3.6 summarize the basic survey 

parameters of both NH8906 and NH9201. 

One source was used within each survey. The source was located between the two 

streamers in the base survey and between the three streainers towed by Geo Explorer 

(Table 3.1) in the monitor survey. 

In this study, the receivers (channels) in each streamer are numbered I to 240 

sequentially from the furthest offset to the nearest offset. In addition, only the three 

streamers towed by Geo Explorer in the monitor survey are considered. This is because 

those three were lain at similar position to the base survey, whereas the other two towed 

by Malene Ostervold were lain further away. Furthermore, in this study, the seismic 

data acquired by one streamer in one survey swath is called an in-line. This is because, 

in this study, there is one source within each survey, which means that there is one 

CNIP seismic profiles acquired by each streamer in each of the two time-lapse swaths, 
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Figure 3.6: A schematic diagram of the shooting geometry of the two time-lapse surveys, 
NH8906 and NH9201. The diagram shows one streamer from each. All streamers within 
one survey have the same geometry. In both surveys, each streamer tows 240 receivers, 
the shot to shot spacing is 25 m, and the receiver spacing is 12.5m. However, the 

streamer separation is 100 in in the base survey and 75 m in the monitor survey. In 

addition, the nearest channel offset is around 80 m in the base survey and 120 m in the 

monitor survey (cf. Figure 3.8). In this study, the receivers (channels) in each streamer 
are numbered I to 240 sequentially from the furthest offset to the nearest offset. In 

addition, in each survey there are approximately 465 shots, which were acquired along 
the same x-profile within the two time-lapse surveys. 
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and this profile is parallel to the in-line direction of the 3D survey. 
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Although the basic survey parameters of NH8906 and NH9201 as outlined by Ta- 

ble 3.1 are similar, nevertheless they are not identical. The use of five streamers 75 m 

apart in NH9201 leads to a different survey geometry than that given by two streamers 

100 m apart in NH8906. In addition, different feathering, as indicated in Figure 3.7, 

enhances the difference between the two surveys. 

The nearest receiver (channel) is at around 80 m offset in the base survey and 120 

m offset in the monitor survey (Figure 3.6). This is further illustrated in Figure 3.8. 

Hence, at the same shooting position, and when trying to find the nearest comparable 

trace to the monitor survey from the base survey, one needs to select a channel three 

to four channel positions further along the streamer. 

Seismic character 

The two time-lapse datasets are further analysed at different stages of processing. In 

particular the comparison is between data from the middle streamer in the monitor 

survey and from the second streamer in the base survey (higher in the y-axlS, see 

Table 3.1: Basic survey parameters of the base survey NH8906 and the monitor survey 
NH9201. After Johnstad et al. (1995) 

NH8906 NH9201 
Survey Date Dec 1989 to Jan 1990 Apr to Jul 1992 
Vessel Polar Princess Geo Explorer (3 streamers) 

& Malene Ostervold (2 str. ) 
Source 2400 cu. in. 3400 cu. in. 
Source Depth 5 in 6 in 
No. Streamers 2 5 (3+2) 
Streamer Depth 5-6 in 6 in 
Streamer Separation 100 in 75 in 
Receivers per Streamer 240 240 
fold 60 60 
Shot spacing 25 in 25 in 
Receiver spacing 12.5 in 12.5 in 
Record Length 6 sec 6 sec 
Sampling Rate 2 ins resampled to 4 ins 2 ins resampled to 4 ins 
Record Filter 180hz high, 8hz low 218hz high, low out 
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Figure 3.8: Plot comparing Offset versus Channel number in the two time-lapse surveys. 
Channels are numbered I to 240 sequentially from the furthest offset to the nearest 
offset. The nearest channel in the monitor survey is around 40 m farthest in offset from 
that in the base survey. Since receiver spacing is 12.5m in both surveys, this difference 
in offset is apparent between any two channels with the same number. 

Figure 3-7). Those two in-lines are closest in the y-position. The data are stacked 

using a simple processing flow designed in the processing package ProMAX. Table 3.2 

describes the flow. 

Figure 3.9 and Figure 3.10 show the stack section from the base and monitor survey, 

respectively. Our interest is mainly on the section between 2100 ms and 2612 ms since 

the reservoir lies within this region. Both stack plots show that the left (west) part of 

the data, at the section 2100-2612 ms, has low reflectivity and low signal-to-noise ratio. 

Immediately above this section is around 800 ms of area dominated by salt diapirs and 

hence difficult to resolve with simple processing. In addition, pull-ups on the lower 

section might be caused by these diapirs. 

Figure 3.11 and Figure 3.12 show a well log and its interpretation on a stack section 

from the base survey and the monitor survey, respectively. Four main horizons are of 

interest and are thus interpreted: Top Cretaceous, Base Cretaceous, Top Brent, and 

Base Brent. These are clearly marked on Figure 3.11(a) and Figure 3.12(a). The 

reservoir lies within the Brent group which truncates at the unconformity of the Base 

Cretaceous. 
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Table 3.2: Processing flow used for stackinLy the datasets. 
NO. Process Name Description 
1 Top Mute mutes the top part of traces to remove direct 

arrivals. 
2 Bandpass Filter using Ormsby bandpass, passing 8Hz-9OHz and 

tapering both sides. 
3 True Amplitude Recovery applies a time dependent amplitude recovery 

with time 2 correction. 
4 Predictive Decon applies a minimum phase predictive deconvolu- 

tion with 250 ms operator and 70 ms prediction 
lag. 

5 Bandpass Filter using Ormsby bandpass, passing 8Hz-9OHz and 
tapering both sides. 

6 Normal Moveout Correc- corrects for normal moveout using stacking ve- 
tion locities supplied by Total. 

7 CDP Stack sums all traces within one CDP to produce a 
I I stack. 

The two time-lapse datasets shown on the previous stacked sections might look 

near identical. However, at close comparison, differences do appear. Figure 3.13 shows 

a comparison between one particular CDP gather from the two datasets. The figure 

shows a few differences. A closer analysis is shown in Figure 3.14, where only four near 

offset traces are compared. In this latter figure, we can see clear indication of time, 

phase, and amplitude misfit. In addition, slight spectral difference might exist. 

The differences between the traces shown in Figure 3.14 are further analysed by 

estimating the three misfit parameters as described in Section 1.2.2, page 44. From 

Figure 3.14, each trace in the monitor survey is matched to its closest equivalent (in 

terms of offset) in the base survey. This is done by first estimating time, phase, and 

amplitude misfit between the two traces and then applying the necessary correction. 

The results are summarized in Figure 3.15, where a comparison is given between the 

cross-equalized traces and those of the base survey. 

The misfit parameters shown in Figure 3.15(b) indicate, as expected, both time and 

phase misfit in addition to the obvious amplitude difference. The linear cross-equaliza- 

tion, applied through the three scalar corrections, improved the matching significantly. 

In addition, it allowed a possible production related difference to be noted (Figure 3.15). 
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Figure 3.14: Close comparison between the two time-lapse datasets at the near offset of 
CDP 1293. No amplitude recovery has been applied. Each trace is scaled individually. 
At the Top Cretaceous (2200 ms), the base survey shows a strong peak followed by 

a stronger trough, whereas the ii-ionitor shows weak peak and even weaker trough. A 
time shift might align the events, but the period (or frequency) might also be different. 
In addition, note that between 2300 nis and 2350 ms, a long period trough exist in the 
base survey, whereas it is shorter on the monitor survey. Here, a phase shift might be 

required to correct the event. At around 2400 ins a more complicated difference exists. 
However, at this position we are entering the Brent group and hence there might be 

production related differences. 
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(a) Trace plot. Note that each trace is scaled individually since the monitor 
survey traces have a lot lower amplitude scale. 

Traces (left to right) 1 2 3 4 
Time shift (samples) 2 2 2 2 
Phase rotation (degrees) 73 61 60 59 
Amplitude scaling 901 1012 1288 1204 

(b) Parameters used to match each monitor survey trace to its equivalent in the base 
survey 

Figure 3.15: (a) shows a close comparison of the two time-lapse datasets at the near 
offset of CDP 1293. In addition to the same traces shown in Figure 3.14, linear cross- 
equalized traces of the monitor are also shown. The cross-equalized traces are calculated 
by applying a time shift, phase rotation, and amplitude scaling to each trace in the 
monitor to best match it to its nearest in the base. The three parameters applied are 
noted in (b). The cross- equaliz at ion applied improved the match significantly pointing 
to the fact that there are clear misfits in terms of time, phase, and amplitude. However, 
it is also apparent that the three misfit parameters are not sufficient to fully match 
the traces. Note also that the cross- equalization matched the traces significantly less 
between time 2360 nis and 2420 ins. This could be because there is a production related 
change, since the reservoir (Top Brent) starts at around this time (cf. Figure 3.11 and 
Figure 3.12). 
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However, it is also apparent that the three misfit parameters are not sufficient to fully 

match the traces. 

Spectral analysis 

The two datasets are further analysed for their frequency spectra. The Nyquist fre- 

quency fnq is 125Hz since the sampling rate zýt is 4 ms and fnq 17 

. 
Figure 3.16 2At 

compares the spectra at CDP 1293. Both have similar spectra and bandwidth. The 

spectra peak at around 60Hz. However, the peak frequency is shifted to the high end 

due to direct arrivals. This can be seen from Figure 3.17, where the same data are 

analysed after top muting direct arrivals. The peak is around 40Hz. This peak is also 

seen in Figure 3.18, where only the time section 2100-2612 ms is considered. Most 

spectral power is at a bandwidth of 60Hz from 20 to 80Hz. 

One obvious difference between the two datasets seen in both Figure 3.17 and 

Figure 3.18, is that the monitor survey contains very low frequency. The difference is 

most probably because of the low frequency filter applied to the base survey dataset 

during acquisition (see Table 3.1). 

3.2.2 Summary of previous work on the datasets 

Previous analysis and comparison of the two time-lapse surveys NH8906 and NH9201 

is reported in Johnstad et al. (1995). Here, I will summarize their inatching criteria 

and interpretation. 

Their work was on stacked volumes of the two datasets that have undergone slightly 

different processing. Their spectral analysis of the two datasets indicate very similar 

spectrum, but more ringing was observed on the monitor survey. They also report 

minor phase difference on the stacks. Johnstad et al. (1995) concluded that the two 

datasets are similar in phase. In addition, they explained that although two differ- 

ent deconvolution functions were used on the two datasets, these did not change this 

similarity. This is cont, rary to my finding (on pre-stack data), where there is a clear 
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Figure 3.16: Spectra of the two time-lapse datasets at CDP 1293. Each plot shows the 
spectrum on the right and the seismic section from which the spectrum is calculated 
on the left. The spectrum is plotted in dB log scale with the reference power being 1. 
Both spectra are similar and peak around 60Hz. However, direct arrivals have shifted 
the spectrum to the high end as can be seen when these are muted as in Figure 3.17 
and Figure 3.18. 
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Figure 3.17: Spectra of the two time-lapse datasets at CDP 1293 after applying top 

linite to remove direct arrivals. Each plot shows the spectrum on the right and the 
seismic section from which the spectrum is calculated on the left. The spectrum is 

plotted in dB log scale with the reference power being 1. The removal of the direct 

arrivals shifted the spectrum to the lower end (cf. Figure 3.16). Both spectra peak at 
around 40Hz. Contrary to the base survey, the monitor survey has a very low frequency 

component (less than 8Hz). Note also the power difference between the two spectra. 
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Figure 3.18: Spectra of the two time-lapse datasets at time section 2100--2612 ins of 
CDP 1293. Top nitite is applied to remove direct arrivals. Each plot shows the spectrum 
oil tile right and tile seismic section from , N-hich tile spectruni is calculated oil the left. 
The spectrum is plotted iii dB log scale Nvith the reference power being 1. Both spectra 
are similar and peak around 40Hz with most power at a band,, vidth of around 60Hz, 
from 2014z to SOHz. Contrary to the base survey, tile illonitor survey contains x-cry low 
frequency with a sharp peak at the lower end of tile spectrum. Tile power scale is also 
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phase difference. It is probable that the deconvolution applied before the analysis by 

Johnstad et al. (1995) brought the two clatasets to the similar phase (zero-phase) they 

reported. 

Johnstad et al. (1995) attempted matching the two datasets through four steps 

where NH9201 is normalized to better match NH8906: 

1. Interpolation to a common grid: Receiver and shot spacing are identical in the 

two datasets (Table 3.1). However, NH8906 has an in-line spacing of 50 m whereas 

NH9201 has an in-line spacing of 37.5 m. Hence NH9201 was interpolated to the 

same grid in NH8906 using cubic spline. 

2. Space-variant wavelet matching: A filter is created to bring the two datasets to a 

closer match by applying a time shift, phase rotation, and scalar gain. The filter 

was designed on 3D dip-filtered data where dips greater than 0.25 ms/trace in 

the in-line direction and 1.0 ms/trace in the cross-line direction are removed. It 

was designed on full fold data (CDP 250 to 1220), at time window 1800-2300 ms, 

and was smoothed by averaging over 9 traces in the in-line direction and 3 traces 

on the cross-line direction. 

3. Positional matching: By applying 3D spatial cross- correlation a shift of +10 m 

to +20 m in the in-line direction is shown necessary to bring NH9201 to better 

match NH8906. This was applied by updating trace headers and interpolating 

back into the common grid. 

4. Local data normalization: To further improve matching and noise level, intense 

normalization was performed on selected lines. Time window 1900-2300 ms, just 

above the original gas-oil contact, was used. The procedure includes static cor- 

rection and least-square cross- equaliz at ion filters, all space-variant and smoothed 

over 21 CDPs or 250 m. It was further found that filter performance drops sig- 

nificantly above 35Hz which indicates that the two time-lapse datasets (after the 

original processing) match least well beyond this frequency. Hence a bandpass of 
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12-35Hz was selected as a filter to the difference sections. 

Johnstad et al. (1995) described difficulty in interpreting the difference Sections 
between the base survey NH8906 and the monitor NH9201. These sections contained 

lots of noise and structural leakage, i. e. the structures seen in one dataset stack section 

is not fully cancelled in the difference section. They concluded that this is due partly 

to the noisy data of NH9201 and partly to the different processing of the two datasets. 

They recommended that identical acquisition and processing should be employed in 

time-lapse seismic monitoring. Figure 3.19 shows time-lapse seismic difference sections 

from Johnstad et al. (1995) and illustrates the difficulty in interpreting anomalies. 

Johnstad et al. (1995) still managed an interpretation of a gas front movement. This 

was suggested to be down dip with 50 ms vertical movement and 800 in horizontal 

movement. The original gas front in NH8906 was clear at around 2360 ms and vaguely 

recognized at 2412 ms in NH9201. 

Other literature that discuss seismic monitoring at Oseberg during the period 1989 

to 1992 is Johnstad et al. (1993) and Burns (1998). The latter gave a quantitative figure 

of change due to gas displacement of oil at Oseberg. Using Gassmann's equation, the 

expected changes are +0.2% in velocity and -5% change in density and hence around 

-5% change in acoustic impedance. Since velocity change is insignificant, no change in 

horizon pick-times is expected and interpretation of time-lapse is restricted to amplitude 

analysis. These subtle changes are inline with those found through a new time-lapse 

interpretation scheme by Al-Mazroey (2003). 

Johnstad et al. (1993) analysed the time-lapse data 1989 and 1991. The two datasets 

were shot using the same vessel and were processed using the same sequence. However, 

cross-equalization was seen to be necessary and was performed on the monitor survey 

of 1991. This was in the form of a filter designed over flat data and applied on the 

monitor to remove the effect of spatial wavelet ý-ariation. Figure 3.20 shows a seismic 

difference plot from Johnstad et al. (1993) with an anomaly at 2356 ms. However, 

structural leakage is still apparent and it is fair to say that any interpretation cannot 
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Figure 3.19: Oseberg time-lapse seismic sections plots. The panels show the difference 

seismic section between: (a) the n-ionitor survey in 1991 and the base survey in 1989 
(NH8906), (b) the monitor survey in 1992 (NH9201) and the survey in 1991. and (c) 

the monitor survey in 1992 (NH9201) and the base survey in 1989 (NH8906). The faint 

lines are horizon tracks within the reservoir. From Johnstad et al. (1995). Note that 
(a) shows a clear anomaly. However, the other two sections - (b) and (c) -, which 
involve 1992 dataset, have lots of structural leakage and are hence difficult to interpret 

with confidence. 
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Figure 3.20: Oseberg time-lapse seismic sections froin the centre of the monitoring 
area (Figure 3.3). The top panel is the base survey (1989). the middle panel is the 
monitor survey (1991), and the bottom panel is the difference section between them. 
The difference plot shows an anomaly. consisting of a trough (red) event followed by 
a peak (blue) event, within the Brent formation at time 2356 nis (one third along the 
section from the left). From Johnstad et A (1993). Clearly, there is some structural 
leakage in the difference plot and hence it is difficult to interpret genuine production zn' 
related anonialies from non-genuine ones. 
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be given with confidence. 

This summary, of previous work on the time-lapse clatasets, shows that any pro- 
duction anomaly that might exist is quiet subtle. In fact, Oseberg time-lapse feasibilitý 

barely passed the physical feasibility test defined by Lumley et al. (1997), Section 1.1.3, 

and only scored 15 out of 25 (Hamish Macintyre, 2002, pers. com. ). In addition, the 

datasets clearly need cross-equalization to enable any comparison. These facts are 

in-line with this research since we are interested in being able to correct for non- 

repeatability. As the time-lapse anomaly is subtle, it is important to provide a test to 

check if ANN can cross-equalize without obliterating production related anomalies. 

3.2.3 Repeatability and cross-equalization 

Our analysis of the two time-lapse datasets in Section 3.2.1 shows many differences 

between the two datasets. The two datasets have different feathering (Figure 3-7), 

difference in in-line spacing and position, and a slight difference in offset (Figure 3.8 

and Figure 3.6). These facts mean that there is no exact equivalent trace with the same 

offset and CDP in the monitor survey for every trace in the base survey. In addition, 

there are clear time, phase, and amplitude misfits (Figure 3.14 and Figure 3.15). The 

frequency content and bandwidth is similar, but not identical. 

All these differences require normalization before a reasonable 4D interpretation 

can be attempted. This requirement was also described by Johnstad et al. (1995) 

(Section 3.2.2). In particular, Johnstad et al. (1995) suggested two main procedures: 

1. spatial re-alignment and interpolation to a common grid to correct for mismatch 

in trace positions and variation of cross-line intervals; and 

2. wavelet matching and other more local normalization in the form of least-square 

filters, mainly to correct for misfit in time, amplitude, and phase. 

In this project, the two matching steps are attempted through ANNs. While mapping 

inputs from NH9201 to target outputs from NH8906, the networks correct for the misfit 

in position and match the traces in the least-square sense. 



Chapter 4 

Implementation 

This study was put forward to investigate artificial neural networks (ANNs) iis ýi tinie- 

lapse cross-equalization tool. The dataset, on which the study is conducted, 'o"ýIs iiltl'()- 

duced in Chapter 3. In addition, earlier chapters have already discussed and introduced 

time-lapse, cross- equalization, and ANNs. It is now possible to discuss the procedure 

and implementation. 

The implementation of ANNs as a time-lapse cross-equalization tool is hindered by 

the overwhelming number of parameters and choices that need to be made. A deci- 

sion is required on ANN's topology, input, target output, and pattern pre-processing, 

Furthermore, a decision on how to address the problem of utilizing ANNs to cross- 

equalize the datasets is required to make it both practical and beneficial. The problem 

needs to be subdivided to allow efficient training and application while allowing the 

scheine to produce the desired effect, i. e. cross-equalization. All these aforementioiied 

parameters require careful analysis and an optimum choice, which Should produce a 

successful cross-equalization. In addition, since the use of AN'Ns in cross-equalizýltion 

is a novel technique, guidance in the litermure is fairly minimal and has onl. y indirect 

i'liplicMions. This is also the cýise -, vith the required codes, where most nece,, sary co(les 

need to be written precisely for this project. 

This chapter -, N, ill describe the different, parameter choices iiiade ýiiid the reýisoiis 
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behind these choices. It should be noted however that not all possible choices can be 

analysed. In addition, since many parameter choices have an impact on each other (in 

a non-linear fashion), it will not be possible to test all the combinations. Furthermore, 

during the progress of this study, I investigated many options, some of which did not 

produce a positive result, and some (e. g. topology, normalization, and pattern choice) 

are analysed many times at different stages of progress to be sure that the outcome is 

suitable at each particular stage with the current parameters. Therefore, it will not be 

useful and practical to present all these tests. 

4.1 Method 

While testing ANNs as a cross-equalization tool, the method is addressed as matching 

the monitor survey to the base survey. Figure 4.1 illustrates schematically this inten- 

tion. The method is further narrowed by trying to produce a close match to one in-line' 

of the base survey from the three in-lines of the monitor survey. The base survey in-line 

chosen is that acquired by the second streamer (higher in y-axis, see Figure 3.7), which 

lies most closely to the y-position of the middle streamer in the monitor survey. 

In seismic surveys, each seismic record (trace) can be considered as part of different 

domains or gathers, whereby each gather shares a particular common character. Fig- 

ure 4.2 illustrates this idea and shows four main gathers: the common-shot gather, the 

common-receiver gather, the common-midpoint (CMP) gather, and the common-offset 

section. These subdivisions enable one to assess a trace for different characters that 

it shares with each gather. In addition, the subdivisions will be useful to the choice 

of the network's input and target output and useful when allocating an ANN to dif- 

ferent parts of the datasets. Note that I commonly use the common-depth-point CDP 

as synonymous to the CMP, although, strictly speaking, this is only true for seismic 

sections of horizontally layered stratigraphy. In addition, I define all offset gather as 

the collection of seismic traces acquired by one channel (receiver) within the streamer, 

'Ali in-line is defined as the seismic data collected by one streamer in one survey svvatli. 
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Figure 4.1: Cross-equalization using ANN. It is intended to produce an output that 
matches the base survey, NH8906. This output will be the cross-equalized monitor 
survey and will be mapped by ANN(s) from trace information from the monitor survev. 
NH9201. During training, ANN(s) will minimize the misfit bet-, veen the cross-equalized 
monitor and the base survey. 

although a channel may actually vary slightly in offset. 

While matching two clatasets, one designs a matching filter that is applied to a 

particular part of the dataset at each tinie. Here, the filter is all ANN that, matches 

or maps ail input pattern x from the monitor survey to a corresponding target, output 

pattern v from the base survey. Ali ANN has to match many such input-output pairs. 

The set of such patterns, i. e. the matrices X and V, are used to train the network to 

enable it to act as a matching filter. 

Usually, it is desirable to subdivide the datasets into sets of different characters 

where each requires a slightly different filter - or in this case, different ANNs. This 

simplifies the problem since each subset alone requires a simpler filter (or ANN) than 

if the filter was designed to cater for all. In addition, by ýdlocatiii- an ANN to each 

subset, the matching can be run inore efficiently since the matching is inade simpler, 

and the split allows parallel implementation. In this study, I chose to subdivide the 

problem into the matching of independent common offset gathers, where each offset 

gather is inatched by a different network(s). Figure 4.3 illustrates schematically how 

the matching is subdivided where each offset is inatched separately. 

The choice to subdivide along the offset axis is niotivated by a few facts that support 

this subdivision, but do not support other subdivisions like CNIP and Shot gathers. nor 

do the 1 IvIsion. These facts are subsequent , y favour performing no subd 1v listed. 

1. lilt uitively, each offset might only require one constant time correction but a range 
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Figure 4.2: Schematic stacking chart defining gathers and showing a trace as part of 
a common mid point, offset, source, and receiver. Each dot represents a single trace 
with the time axis perpendicular to the plane of the page. Shot-receiver (S, R), and 
midpoint-offset (M, O) coordinates are superimposed with the (M, O) plane rotat, ed 45 
degrees with respect to the (S, R) plane. Here, (1) is a common-shot gather, (2) is a 
cominon- receiver gather, (3) is a common- iiiidpoi nt (CNIP) gather, (4) is a common- 
offset section, and (5) is a CNIP stacked section. Redrawn from Yiliiiaz (1987,2000). 

c2 
Offset or Receiver 

Figure 4.3: Each offset gather is niatched separately. The box represents one iii-line of 
the base seismic survey. Each large circle represent a single trace, where the time axis is 
perpendicular to the plane of the paper. The horizontal axis is the offset and the other 
axis is either the CMP or shot depending on the sorting of the dataset. Each offset 
gather on the base survey will be inatched independently from the nionitor survey by 

one ANN. In practice, matching might also be subdivided on the time axis and so a 
group of ANNs might be allocated to one offset gather. It should be noted that here 

each offset gather corresponds to one channel within the streamer. Strictly speaking. 
one channel may vary slightly in offset, but nevertheless I define an offsct gather as 
that collected by one channel. 
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of offsets will require different time corrections. This is explained by analysing 

the effect of a vertical variation in the position of the source and/or the receiver 

in the two time-lapse surveys, caused by a change in the survey geometry or by 

tidal or sea level variation. All lead to a constant time correction for each offset. 

2. Each offset gather contains the traces acquired by one particular channel within 

the streamer. Therefore, a change in receiver response makes an amplitude cor- 

rection per channel (offset gather) more ideal. 

3. Phase and spectrum variations are related to the source wavelet and receiver 

response and thus a correction per channel (offset gather) is more appropriate. 

4. One ANN per Offset allows training across the whole survey area, and thus en- 

abling the ANN to act as a filter that corrects for acquisition differences and still 

be appropriate for the reservoir area. This will not be possible if the subdivision 

was for shot or CMP gathers, where the networks will either be trained at a 

reservoir or non-reservoir area, and thus unable to acquire the ability to normal- 

ize for acquisition differences while being appropriate at the location needed (the 

reservoir). 

In addition to the aforementioned reasons, which support the subdivision, it is im- 

portant to ensure that the subdivision could supply an adequate number of training 

patterns to enable ANN's training. In the datasets used, there are approximately 460 

shots and hence these many traces within an offset gather. 

The discussion above also illustrates one important criterion I followed during this 

study. The choice of the input and target output of the network is not only derived 

from trial and analysis, but also from the thought to what might constitute a good 

choice. The network is constantly thought of as a filter or a function that should 

map a certain input x to its correspondent output v. Thus, any priori knowledge of 

the problem should be imprinted on the selection of x and the expected v. It also 

helps to think of an ANN as an "intelligent" being to which we are giving a set of input 



4.2 Patterns 131 

information (x) and requiring an answer (v). By showing both x and v during training, 

an ANN learns any relationship that might exist between the two. Therefore, we do 

not want to overwhelm the network with unnecessary input or complicate the problem 

unnecessarily, nor restrict from it information that might be crucial (Section 5.3 will 

show an example of this approach). 

4.2 Patterns 

Patterns are the set of input and target output parameters that are associated with 

ANNs. These were described in Section 2.3.1 and are summarized in Figure 2.9. The 

choice of these patterns involves selecting the required traces, the number of required 

samples, the domain in which they are presented, and additional information other 

than the seismic data, e. g. survey geometry information, that should be incorporated. 

In this section, these choices are introduced, and simple and general decisions are made. 

Detailed investigation is left for the next chapter. 

The decision of what constitutes a target output usually comes prior to selecting 

the input. This is because it is easier and more appropriate to select the information 

needed as an input given a certain target output. 

4.2.1 M-aces involved 

The target output v of an ANN is selected from one particular tracerb from the base 

survey. This trace should be from the same offset gather represented by the ANN. The 

input x is then selected from the trace r,, that lies on the nearest relative position to 

rb but on the monitor survey. Nearest position means that it lies at the nearest offset 

and CMP to that of rb- In addition, r,, is selected from the middle streamer of the 

monitor survey since this lies closest to the y-position0f rb- 

In addition to r,,,, the input x includes other seismic information from a group 

of related traces. These traces are neighbours to rm within the different gathers. As 

an illustration, if r,,, is at the crossing of the different gathers in Figure 4.2, then the 
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neighbouring traces are those closest to it within those different gathers. In addition, 

the neighbouring traces also contain traces from the other two streamers of the mon- 

itor survey. Initially, these neighbouring traces are selected as two positions in either 

direction of rrn in each gather. This group of traces is selected from each of the three 

streamers of the monitor survey. Figure 4.4 illustrates how these traces are defined. 

Races from the different gathers provide information about the character of the 

gather, e. g. traces from the CMP gather provide information about the midpoint, 

whereas traces from the common source gather provide information about the source. 

In addition, neighbouring traces allow the ANN to correct for any mis-position or 

feathering between the two time-lapse traces rb and r, 

4.2.2 Amount of data used 

The amount of seismic information given from each trace is the subject of the next 

chapter. In general, the target output v contains only one time sample, frequency 

component, or wavelet coefficient (see next section) from trace rb. On the other hand, 

the input contains a window of time, frequency, or wavelet coefficients from trace rm 

and fewer coefficients from all the other neighbouring input traces. 

The network might also benefit from the knowledge of the relative geometrical 

positions between rb and r,. These might include the difference in the spatial location 

(x- and y-position) of the sources and receivers of the two time-lapse surveys. Figure 4.5 

illustrates the input and output related to one ANN. 

4.2.3 Domain 

When selecting input and target output to an ANN, one could consider various repre- 

sentations of the seismic record. In this section, I will describe the three main repre- 

sentations and attempt to outline their relative merits. 
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Figure 4.4: Schematic stacking chart defining neighbouring traces. The fi, -, -ure is a zoom 
from Figure 4.2, where each circle represents a single trace. This stacking chart is of one 
streamer from the monitor survey. The shaded circles represent those traces included 
as input for an ANN. If the required input trace r, is the centre black trace, then its 
neighbours from the different gathers are the shaded traces. The same pattern of traces 
are selected from the other two streamers. 

Input ANN Actual 
4 ------ Output 
minimize 

misfit 

Input includes geometrical 
and seismic information 
from a cube of seismic traces 
that closely relate to the target. 

Monitor Survey 
(Pre-stack) 

Target 
Output 

Figure 4.5: Illustration of the input and the output of the network. This figure follows 
froin Figure 4.1 and explains further the type of input and output that are involved. 
Each parallelogram represents a stacking chart of the survey labelled below it. One 
ANN is designated to one offset gather and thus all patterns associated with that offset 
gather are used for that particular ANN. The target output is selected from a certain 
trace rb from the base survey. The input is then from the trace r,, that lies at the 
nearest position in offset and CNIP as rb, but from the monitor survey. The input 

also includes seismic information from other traces related to (neighbouring) r, as 
explained in Figure 4.4 as well as geometric parameters relating the relative position 
of r" to 'rb. The actual output of the network is the cross-equalized monitor survey 
that is cross-equalized to match the base survey. During training, the actual output is 

cOntinuously made more similar to the target output by minimizing the error (misfit) 
between them. 

Cross-equalized Base Survey 
Monitor Survey (Pre-stack) 

(Pre-stack) 
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Time 
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This is the simplest domain to work in. Data are recorded in this domain, and thus 

it is straight forward to use and is more intuitive. However, contrary to the other 

two domains, discussed subsequently, the time domain does not allow an obvious data 

compression. 

Frequency 

A time series could be represented as superpositions of sines and cosines (an infinite 

harmonic series) through the FourZer transform (Hatton et al., 1986). This transform 

represents each frequency within the series as linearly independent from the other. The 

frequency components have no localization in time, and thus the reverse transform 

assumes each component to come from the whole time period. 

The frequency domain allows independent treatment for each frequency component. 

This domain is therefore widely used to solve many geophysical problems, since it 

allows these problems to be split into small parts solved in parallel. Examples of these 

uses include the frequency domain seismic wavefield modelling (Pratt, 1999), trace 

interpolation (Spitz, 1991), and seismic migration (Stolt, 1978). This domain also 

allows for compression, whereby frequency components that contribute little energy 

are set to zero. 

In this study, the frequency domain can allow the matching of each frequency com- 

ponent independently. Therefore, an ANN could be allocated to each frequency com- 

ponent within each offset gather. In addition to the benefit of simplifying the matching 

by allowing small parallel implementations, this also allows the selective matching of 

the frequencies that are of interest. Frequencies with low energy (power) can be set to 

zero with no matching. Furthermore, those frequencies that cannot hold information 

about product ion- related changes (e. g. very low frequencies) can be used directly from 

the base survey. However, the wavelet domain enables similar implementation with 

added advantages. 
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A time series could also be represented as a series of wavelet coefficients. Whereas the 

Fourier transform maps the total time-domain signal into a spectrum of frequencly coni- 

ponents, the wavelet transform maps the signal into components that are localized in 

both time and frequency. The wavelet transform is a form of multi-resolution analYsis 

that not only allows the signal to be analysed for frequency content, but also enables an 

analysis of how frequencies vary with time. The wavelet transform is frequently com- 

pared to the wMdowed FourZer transform - another form of multi- resolution analysis. 

Whereas the latter uses constant windows for analysis, the former varies the time extent 

of those windows. In effect, wavelet transform takes into account TeUprocal broadening, 

i. e. the lower the frequency analysed the longer the time window required, and vice 

versa. 

Daubechies (1992) and Mallat (1989) offer a theoretical treatment of wavelet anal- 

ysis. A more introductory approach can be found in Aboufadel and Schlicker (1999), 

Graps (1995), Kaiser (1994), Mallat (1996), and Vidakovic and Muller (1994). 

In order to understand the wavelet-domain, let us take our own understanding 

of this domain, i. e. through our hearing process. Sound travelling to our ears is a 

pressure amplitude variation through time, Le. a time series. Any time series can be a 

combination of different frequencies. During the hearing process one is not only sensing 

the amplitude variation through time, i. e. the time domain version, nor just sensing the 

frequency content. In fact, hearing allows us to sense both time variation and frequency 

variation, whereby we sense how the amplitude varies with time and what frequency 

exists in each time span. The domain in which both localization in time and frequency 

exist is the wavelet domain. 

In short, the wavelet transform of a discrete time series works as follows: the series is 

passed through a smoothing function H and its quadrature mirror G. This is repeated 

J times, thus producing a wavelet representation of the series on J resolution levels 
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(scales) - 
1092 (N) -11 (4.1) 

where N is the total number of samples in the series. At each stage, H averages or 

smooths the series and passes forward to the next stage an approximation at a coarser 

resolution (a smoother half). On the other hand, G collects at each stage the detailed 

part, which is not passed forward. The algorithm is illustrated in Figure 4.6. The final 

series contains all those detailed parts collected and the final two coefficients produced 

by H, which are called the mother-function coefficients. 

Figure 4.7 illustrates how a time series of 64 samples fits into a frequency-time plot 

after a wavelet transform. It also illustrates how the coefficients can be denoted. A 

wavelet coefficient is denoted by Cij, where i represents the resolution level or scale, 

and j represents the relative time position within one scale and starts from one in 

each scale. The scale increases as resolution increases from the lowest resolution, where 

scale--I, to fnyq, where scale =J (Equation 4.1). The exception is the mother- function 

coefficients, which actually represent no frequency or time localization and therefore 

the scale is set to 0. 

In this study, the wavelet domain is used as an alternative to the time domain. 

Our preference to use the wavelet domain instead of the frequency domain stems from 

the following facts: firstly, like the frequency domain, the wavelet domain allows both 

compression and parallel implementation; secondly, and in contrast to the frequency 

domain, the the wavelet domain enables one to analyse or restrict matching in the 

time axis; and thirdly, and in contrast to the time domain, the wavelet domain enables 

one to analyse or restrict matching in the frequency axis. The fact that the frequency 

domain is more popular does not mean superiority, but more probably familiarity. 

There are many types of wavelet transforms, each employing a different pair of G 

and H quadrature mirror filters. In this study, -Doub4- algorithm, as explained ill 

Press et al. (1997,2002), is used. 
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Figure 4.6: Wavelet decomposition of a discrete approximation Ad into an approx- 2-1+1 
f' 

imation at a coarser resolution A" f and the signal detail D2J. From Mallat (1989. 2-1 
p. 681). By repeating in cascade this algorithm for J>j>0, we compute the wavelet 
representation of a signal Adj+lf on J resolution levels (scales). 

.1 is 1092(N) 2. 
where N is the total number of samples in the original series A" I 2-, +If' 

The function G 

and H are quadrature mirror filters, where H is the smoothing filter. 
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Figure 4.7: A time series of 64 samples and length T after the application ofthe wavelet 
transform. The wavelet series has the same number of samples as the original time 
series, which are called wavelet coefficzents. These coefficients are represented here by 
boxes in a time-frequency plot. The first two are the niother-function coefficients, NvInch 
are independent of both time and frequency. The other coefficients, each corresponds 
to a location in both frequency and time. The lowest resolution level, or scale, has a 
period of ; 

2. The top-niost scale represents the Nyquist frequency f,, yl and each scale 
below it has its frequency progressively lialved. 
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4.3 Topology and ANN design 

Chapter 2 introduced ANN and my choice of using the static, snpcrvised, feed-foru, ard. 

and fully-connected muffi-layer perceptron (see Section 2.2.2). This section will describe 

how the topology size is selected. 

The choice of the topology initially appeared difficult. The main reason is the 

dependance of topology on the choice of input and target output parameters. Therefore. 

initially, topology was selected similar to the ones used by Davies (2000). The topology 

includes two hidden layers with relatively large number of nodes (more than 60 nodes in 

the first hidden layer and 30 nodes in the second hidden layer). In addition, initial tests 

favoured networks of similar size. The RPROP training algorithm used with weight 

decay enables the use of larger than needed networks while still getting good matching 

performance. 

Throughout the study, tests were conducted to test the effect of topology on the 

networks' performance. There is always a motivation to reduce the size, if possible, since 

this enables faster training. Initially, any reduction in network size caused an increase 

in matching error. However, at later stages it was possible to reduce the topology size 

while maintaining the networks' performance. Figure 4.8 shows an example of such 

investigations. This figure shows that all the different topologies used for one problem 

gave very similar results. Obviously, monitoring the variation of network error versus 

topology is not sufficient. Therefore, the trained networks of different topologies were 

applied, and the results analysed. The difference between the cross-equalized offset 

gathers and the base survey gathers showed that the networks' performance was not 

altered by changing the topology provided that those topologies gave similar m. 1tching 

errors (as do those in Figure 4.8). 

A further experiment was designed to test the effect of topology on network per- 

formance when most other parameters, involved in using A-N-N in cross-equalization, 

are optimized. The experiment tests networks of both one and two hidden layers, and 

with varying number of nodes in each layer. Table 4.1 defines four projects where the 
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(a) A plot of matching error versus different topologies versus different wavelet 
scales mapped. 

Topology number 0 1 2 3456 
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Nodes in 2nd hidden layer 10 20 30 40 --- 
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Figure 4.8: Example of topology size investigations. (a) shows the plot of error versus 
different topologies versus different wavelet scales ma ped for three different offset t) p 
gathers (channel 121,173, and 225). All the different topologies used to match any 
gather within one wavelet scale gave very similar matching error. 

'Channel 121' 
'Channel 173' 
'Channel225' 
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network's topology size is varied and the final validation error of each network is noted. 

The number of nodes used in each project is varied according to Table 4.2. 

The experiment follows the idea presented by Hush (1989) and which was ilbistrated 

in Figure 2.17. The results of this experiment are shown in Figure 4.9. The error curves 

in Figure 4.9 in general follow the shape suggested by Figure 2.17. but the výmation of 

error versus topology is not as much as was expected. 

Results shown in Figure 4.9 suggest that the topology does not affect the results 

significantly. This can only be true if all the topologies used are sufficient. This, 

plausible if we think of the size in terms of number of weight connections. The hiput of 

around 89 nodes and the output of one node guarantees at least a weight matrix of 90 

values (89 connection from all input nodes to the output perceptron plus the on-neuron 

of the output). Nevertheless, one could still deduce that the curves in Figure 4.9 have 

a knee between networks 3-5. 

A network size with a two-layer topology and with the network size 5, i. e. a network 

that has 20 nodes in the first hidden layer and 10 in the second (Table 4-2), is selected 

as the preferred topology to be used in future tests. This network gave a relatively good 

result and is approximately at the knee of the curves shown in Figure -1.9, and thus not 

larger nor smaller than necessary. A two-layer topology has been chosen because they 

are, in theory, capable of mapping arbitrary complex functions (more complex than 

can be mapped by one-layer topology) and will thus provide a sufficient network even 

if the problem becomes more complicated. 

Table 4.1: The projects conducted on the topology size choice and names given to each 
project. The actual number of nodes used in each layer is described in Table 4.2. 

Number of layers Gather of channel Project name 
One 121 One-121 
One 173 One-173 
Two 121 Two-121 
Two 11-3 Two-173 
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Table 4.2: Actual topology used in the projects defined in Table 4.1. 

Network 

number 

One layer Two layers 

No. of nodes in No. of nodes -in No. of nodes in 
Is' hidden layer I't hidden layer 2nd hidden layer 

1 2 2 2 
2 5 5 2 
3 10 10 5 
4 15 15 5 
5 20 20 10 
6 25 25 10 
7 30 30 15 
8 35 35 15 
9 40 40 20 

0.0011 

0.0010 

0.0009 

0.0008 

0.0007 
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Figure 4.9: A graph showing matching error versus network size. Each curve corre- 
sponds to one of the four projects defined in Table 4.1. The horizontal axis is the 

iietwork size as defined in Table 4.2. The plot of the error with increasing topology size 
is a practical demonstration of the idea presented in Figure 2.17. The two curves,, with 
the lowest error that correspond to the gather of channel 121, has an approximate knee 

ýit Network 4 for both one- and two-layer topologies. On the other hand, One-173 has 

a knee at Network 3 and Two-173 has a knee at around Network 5. 

56789 10 
Network 
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4.4 Pattern pre-processing 
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There are three main stages of pre-processing: firstly, seismic data are anal. ySed in the 

processing package ProMAX, and the appropriate data are prepared for pattern extrac- 

tion; secondly, patterns are extracted; and thirdly, these are normalized 'o 1 aliz ition .Nr II 

is discussed here with experiments undertaken to optimize the procedure. The other 

data pre-processing and pattern extraction are discussed in a later section. 

It should be noted that normalization is the main pattern pre-processing step and 

is always required. Other than normalization, data inay be transformed into other do- 

mains. In addition, generally transforms are applied prior to extracting these patterns. 

4.4.1 Normalization 

There are couple of ways to normalize ANN's patterns. These were introduced in 

Section 2.4-6. The different ways of normalization are tested at different stages during 

the progress of this study. I will show here one experiment conducted to test ANN's 

performance as a function of the different normalization scheme,;. This test is conducted 

while most other parameters are already optimized. 

The experiment is conducted by varying the normalization scheme when preparing 

patterns for the matching of data from the monitor survey to three offset gathers from 

the base survey. These offset gathers correspond to channels 121,173, and 225. The ex- 

periment tests the necessity to clip the patterns (input and output) as in Equation 2.28 

or apply no clipping; reduce the range of output to [0.05,0.95] (Equation 2.25) or leave 

it as the standard [0.00,1.00] (Equation 2.24); and normalize the input by the mean 

and standard deviation (Equation 2.27) or by using Equation 2.26. All the possible 

eight combinations were tested and are numbered as in Table 4.3. 

Figure 4.10 and Figure 4.11 shows the results of the tests conducted. They slimv 

that normalization is best if there is no clipping applied, output is limited to the 

range [0.05,0.951 (Equmion 2.25), and input normalized hY Equation 2.26 instead of 

Equation 2.27. The three conclusions are quoted in decreasing importance. 
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Table 4.3: Eight tests are conducted to test the effect of normalization on ANN's ability 
to match. Each test is a combination of three criteria as shown. 

Test 

number 

Is clipping ap- 
plied? 

is the output in the 
range [0.0,1.0]" 

Is the input nor- 
malized by Equa- 
tion 2.271 

1 no no no 
2 no no yes 
3 no yes no 
4 no yes yes 
5 yes no 110 
6 yes no yes 
7 yes yes no 
8 yes yes yes 

0.008 

0.007 

0.006 

0.005 

0.004 

0.003 

0.002 
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n 
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Channel 173' x 
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x 
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Figure 4.10: Error as a function of the normalization scheme. The error is a measure of 
the difference between the ANN's actual and target output. The label numbers on the 
liorizontal "normalization" axis indicate the experiment configuration as outlined in 
Table 4.3. Test number zero is similar to test number (1). but the input is normalized 
to the range [-0.5,0.51. Error is a lot lower when no clipping is applied as in tests 
(0)-(4). This conclusion is correct for all three tested offset gathers (channels 121.173, 
and 225). 
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Figure 4.11: Error as a function of the non-clipped normalization schemes, i. e. a zoom at 
the first five normalizations shown in Figure 4.10. Normalizing the output to [0-05,0.95] 

gives better result as seen from runs (l)-(2) in comparison with (3)-(4). In addition, 
normalizing the input by the mean (Equation 2.27) increases the error as it did to run 
(4) in comparison with (3) arid (2) in comparison with (1). Test (1) produced the best 

result out of the eight tests (1)-(8) since it combines the best choices of normalization. 
Test (0) performs slightly better than (1) and is discussed further within the text. The 

conclusion is valid for all three tested offset gathers (channels 121,173, and 225). 
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Although clipping should get rid of problems introduced by outliers (Section 2.4.6), 

it actually produced an increase in error. This could be because no outlier problem 

existed and thus clipping only served to change the actual -alues and their distribution. 

It should be noted that the data are processed for any spurious spikes and this sceilis 

to have been able to get rid of any possible outliers. 

Limiting the output to [0.05,0.951 avoids requiring the network to output the values 

0 and 1, which are the asymptotic values to the network's sigmoid activation function. 

This clearly proved useful. 

Normalizing the input by the mean through Equation 2.27 is motivýitcd I)Y the 

desire to get the input symmetrical and close to zero, which - according to LeCun 

et al. (1998b) - should improve the efficiency of training. Interestingly, as the tlieor. -, - 

suggests this gives the best initial training. However, as training progresses the network 

favours inputs within the finite limited range [0.0,1.0]. Figure 4.12 shows the progress 

of the error during training for all the tests where no clipping is used (shown for the 

tests on the channel 121 gather, but other gathers show similar results). 

It seems appropriate to define one further experiment where the input is set both 

close and symmetrical to zero while being limited in range similar to [0.0,1.0]. There- 

fore, one additional experiment (test number 0) is defined using the best combination 

as in test number 1, but the input is normalized to the range [-0.5,0.5]. This normal- 

ization is achieved by applying a translation of -0.5 to Equation 2.26, thus: 

Xi -X 
min 

Xi 
max 

i 
min 

0.5. 
zi 

(4.2) 

This gave the best result as seen in Figure 4.11 and fast training as seen in Figure 4.12. 

Other experiments widening the range to [-1.0,1.0] give very similar results. 

In conclusion, during normalization. one should apply no clipping to the training 

patterns and should reduce the output to the range [-0.05.0.951. In addition, the input 

should be norn-lalized linearly using the minimum and inaxinium either to the range 

[0-0,1.0] using Equation 2.26, or more preferably to [-0.5.0.51 using Equation 4.2. 
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Figure 4.12: Error graph of non-clipped normalization (channel 121). The normal- 
ization numbers indicate the experiment configuration as outlined in Table 4.3. Test 
iminber zero is similar to test number 1, but the input is normalized to the range 
[-0.5,0.5]. Those tests with inputs normalized to a range close and symmetrical to 
zero (2 and 4 as opposed to I and 3) shows better initial training, but as training pro- 
gresses the network favours the other runs limited in range to [0.0,1.0]. Test number 
0 is discussed in the text and is both close and symmetrical to zero and limited in 
range Q-0-5,0-5]). Thus run 0 gives best initial training and remains favourable by the 
network. In fact, it reaches its minimum more rapidly. 
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While training there are several issues that need to be defined: firstly, what training 

algorithm is employed and with what associated parameters; secondly, should one use 

algorithms that combat the local minima problem or is this unneces, "ary; and finally, 

what is the exact stopping criterion that should be used? In this section, these three 

issues are discussed together with the tests conducted to analyse them. 

4.5.1 Training algorithm 

Initially, the back-propagation training algorithm was used. However, following from 

previous work by Davies (2000), the algorithm used was modified by adding a momen- 

tum term as in Equation 2.17. This is to accelerate training in regions where the error 

surface is flat. The exact algorithm used is that defined in Zell et al. (2000). Many tests 

were conducted to optimize the training parameters, particularly the learning rate and 

momentum term. It seems from these tests that the adoption of one parameter affects 

the choice of the other. In addition, the choice of parameters was found to be problem 

dependent. Therefore, this algorithm was later dropped because of the difficulty in 

optimizing its parameter choices. 

Resilient propagation (RPROP) was selected as a good alternative to back-propa- 

gation with momentum. RPROP is described and its merits are highlighted in Sec- 

tion 2.3.5. The exact algorithm used is defined by Zell et al. (2000), which includes the 

implementation of the RPROP batch learning as described in Section 2.3.5, and is mod- 

ified to include weight decay (Equation 2.23). The parameters needed by the algorithm 

are defined in Section 2.3.5. Two parameters are of interest: the initial update value 

Ao; and the weight decay term (Equation 2.23). Ao is set to 0.1 for all weights, whereas 

the weight decay term is set to 3. Tests conducted indicate that results achieved using 

RPROP is comparable with the best results derived by back- propagation ý, 6th nionien- 

tum. The choice of parameters is not very crucial since the method is adapti%-e except 

for the weight decay term. The choice of weight decay term causes no significant change 
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performance, and I found that a weight decay term with a value 2-4 give a good 

balance between fast training and reasonable weight decay. 

4.5.2 Local minima consideration 

The local minima problem was described in Section 2.3.4(l). Two solutions w(? I-e put 
forward: multiple weight initializations and weight jogging. The two solutions and their 

benefits are analysed in this section. 

Multiple weight initialization 

Raining might be performed several times each with different weight initialization to 

ensure starting at a different point on the error surface. The run with the lowest error 

can then be selected as a solution. This was done at different stages, and in all it Ný', as 

clear that the different initializations give very similar results. Therefore, it can be 

concluded that the problem - as addressed and with the ANNs design I use - does 

not suffer from a local minima problem. 

Figure 4.13 shows the results of one example of such tests conducted to test the 

benefit of multi-initializations. Training was conducted three times each with different 

weight initialization (different runs). The figure shows the error for all the tests that 

were repeated, where topology was changed and different offset gathers were used. Each 

individual test produces very similar errors in all the different initi aliz at ions. Therefore, 

there is no benefit in repeating the training. 

Weight jogging 

Wezght Joggzng, whereby weights are changed by a small random amount. can help to 

push the network out of local minima. An experiment Nvas conducted to test the effect of 

Nveight jogging on the network's performance and on error progress with iteration steps. 

The experiment was conducted while training a netNvork to match the offset gather of 

channel 200. All other parameters, such as topology and input-output patterns, ývere ný 
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Figure 4.13: Error plot comparing three different weight initialization for niany tests. 
Each axis represents the lowest validation error achievable after one particular weight 
initialization (or run). Each individual test produces very similar errors in all tile 
different initializations. Therefore, a linear relationship x=y with high correlation 
is observed. 
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The experiment compares four training instances of the network, where the dif- 

ferences between the four are shown in Table 4.4. Weight jogging wýis applied every 

100 iterations, which was found to be a reasonable choice: too frequent application 

causes unstable training, whereas too sparse jogging makes the jogging lose its benefit 

of rescuing training when stuck in local minima. 

Table 4.4: An experiment was conducted to test the effect of weight jogging on the net- 
work's performance and on error progress with iteration steps. There are four different 
instances of training. They differ in the amount of weight jogging applied. However, in 

all cases, the jogging is applied randomly to each connection weight at every 100 cycles 
during training. The error progress during training is illustrated in Figure 4.14. 

Test Number Test Name Amount of weight jogging applied 
1 NoJog no jogging applied 
2 Jog20 up to a maximum of ±20% 
3 Joglo up to a maximum of ±10(/( 
4 Jog05 up to a maximum of ±05% 

Figure 4.14 shows the error progress during training of all the four instances defined 

in Table 4.4. The different weight jogging applied produced no effective benefit. In 

fact, it usually causes pre-mature stopping and requires more computational power. 

Therefore, there is no benefit in introducing weight jogging, which inay indicate that 

no local minima problem exists within this application of ANN. 

It should be noted that Figure 4.14 shows that training using weight jogging has 

lower initial error. The jogging seems to be useful as long as the error is relatively large. 

It may be worth applying the jogging with a decaying amount, where lower amount of 

jogging is applied with increasing number of training cycles. 

Conclusion 

The two experiments conducted to test the benefit of either the multiple Nveight, mitial- 

ization or weight jogging show no benefit. Therefore, one imiy conclude that no local 

IN. However, there is a possibili inininia problem exists within this application of AN itY 

that the problem is inade of a very Nvide local minima and a very narrow global one. In 
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Figure 4.14: Error graph comparing the effect of weight jogging. An ANN is trained 
at four different instances as shown in Table 4.4. The graph shows the validation error 
progress during the networks training. Initially, jogging has a positive effect causing 
fast training. However, jogging slowly becomes a hinderance to error convergence and 
is thus overtaken by training where no jogging is applied. In addition to slowing the 
training, jogging might cause pre-mature stopping, i. e. training stops before reaching 
the lowest possible minimum. The effects explained are higher with higher amount of 
jogging. 
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any case, multiple weight initialization or weight jogging cannot easily overcome this. 

and are thus non-beneficial here. 

4.5.3 Stopping criteria 

In this study, the cross-validation criterion is selected as the main stopping criterion 

(see Section 2.3-3). The available patterns are split into training and validation datýlsets 

in the ratio 1: 1. Initially, the ratio of training to validation datasets was 3: 1. The shift 

to 1: 1 ratio was intended from the beginning but at the early stages the matching 

performance was very low when the the ratio was 1: 1. After achieving a better scheme 

configuration, the ratio was changed from 3: 1 to 1: 1 with no deterioration in matching 

performance. 

Figure 4.15 and Figure 4.16 show the difference plot between the base survey stack 

and the cross-equalized monitor survey stack when using the ratio 3: 1 and 1: 1, rcspec- 

tively. The figures illustrate that matching is slightly enhanced after using the ratio 1: 1. 

This is contrary to the finding of initial stages, where a deterioration in performance 

was seen as the ratio of training to validation was lowered. The improvement could be 

because the scheme has progressed to allow ANNs to learn an underlying function and 

thus more than enough training patterns only help to cause more over-fitting. 

Practice showed that one stopping criterion could lead to an unnecessarily long 

training time. Hence, in addition to cross-validation, two other criteria were intro- 

duced to cause stopping: firstly, stopping can occur if the validation error (error when 

introducing the validation set) reaches a selected minimum, where the minimum is set 

very low (1.0 X 10-6) ; and secondly, stopping can occur if training cycles, itemhons, 

reach a certain high value, where the value is set very high (3000). The choice of the 

two parameters in the added criteria is made to ensure that stopping iisiially occur 

through cross- validation, but that training will stop if ANN managed to map "-ery well 

or if no minimum was reached after a long training time. Those cases that get stopped 

1)ý' other than cross-validation can be distinguished and re-examined after training. 



4.5 Training 

CDP 

I ýuv I uvu I ovu zuuu ZZI 

it ýt 
5ý 4 k, .I I ý. .I, ý 

Iss t, 
I. 

II 
, -, . C, i J iI 

i1of a6,;. 
lap 

I 

I .% I P, 
,t 'et " 

44%ý, 

. )% I, ýI V4 

153 

Figure 4.15: Difference plot - between the base survey stack and the stack of the cross- 
equalized monitor survey - when using a 3: 1 ratio of training to validation patterns. 
In comparison Nvith Figure 4.16. plotted to the same scale. this produces a slightlý 
inferior result of matching. 
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Figure 4.16: Difference plot - between the base survey stack and the stack of the cross- 
equalized monitor survey - -when using- a 1: 1 ratio of training to validation patterns. Z-7) zn- 
In comparison Nvith Figure 4.15. plotted to the sarne scale. this produces a sliglitl. -, - 
superior result of matching. 
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In addition to the above, the stopping criterion defined includes a few other criteria. 

The training should not stop before a certain minimum iterations. This is because at 

the start of training the behaviour of the error is not very stable. As the weights come 

closer to their optimum values a more smooth decline in error is seen. In general, 

the minimum is set to 300 iterations. In addition to setting a minimum iterations. 

stopping is defined to continue 200 iterations after reaching the point defined by the 

cross-validation stopping criterion. The trained network is actually saved at the point 

defined by the cross-validation stopping criterion, and training continues solcl, v to check 

if the error will fall again. Therefore, this ensures that the increase in the validation 

error - that defines the stopping point - is not a temporary event. The sudden or 

temporary rise in validation error could occur if weight jogging is introduced, and is 

also seen when using the standard back-propagation training algorithm and its modified 

version back-propagation with momentum. 

Figure 4.17 illustrates a graph of the typical error progress during training. The 

trained network is saved at the point defined by the cross-validation stopping criterion. 

However, at later stages of this study the error progress follows that illustrated in 

Figure 4.18. Firstly and most probably, this change could be due to the same reason 

that explains the improvement when a lower training-to-validation pattern ratio is used. 

Therefore, the fact that ANN, at the later stages, learns (acquires) a function also 

explains the progress of validation and training error which follow each other closely, 

since the function applies to both datasets. Secondly, this could also be because the 

RPROP learning algorithm has reached the vicinity of the minimum and subsequently 

oscillates whilst trying to hit the minimum exactly. Thus, the graph in Figure 4.18 

inight indicate that the error is behaving asymptotically to the actual minimum. This 

raises the question: is it useful to train for long time if the error is going to decrease 

ever more slowly? 

The experiment that produced the graph in Figure 4.18 was repeated, but the 

trained network was saved at different stages of training. In addition, training ýý-iis 
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Figure 4.17: A typical graph of error progress during training in the early stages of this 
study. The error (misfit) is plotted in a logarithmic scale versus training cycles plotted 
in a linear scale. Both training and validation error drop significantly after the first 
100 cycles and then the drop becomes more gentle. The validation error slowly departs 
from the training error reaching a minimum before starting to rise, and thus indicating 
that the network is beginning to over-fit the training dataset. Here, the validation 
reaches the minimum at 1085 training cycles and training is continued for additional 
200 cycles to ensure that the increase in the validation error is not temporary. 
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Figure 4.18: A typical graph of error progress during training in the later stages of 
t1lis study. The error is plotted in a logarithinic scale versus training cycles plotted 
iii a linear scale. Both training and validation error drop significantly at the first 100 

('NIcIes and then the drop becomes more gentle and ever more slow. The validation error 
fOllows very closely the trend of the training error. The training is stopped after 3000 

training cycles, which is the set, maximum. 
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continued to check if the validation error would increase at some point. Figure 4.19 

shows the error graph of this experiment. In effect, this figure presents the same error 

progress as Figure 4.18, but here a logarithmic scale is used for both axes. The figure 

illustrates clearly the progressive flattening of the error curve. In addition. we observe 

that the training stops just before 16 thousand cycles, where the validation error starts 

to go up. The progressive departure of validation error from training is more clearly 

seen in Figure 4.20. 

The trained networks were later applied and difference plots were produced between 

the actual base survey gather (Figure 4.21) and the cross-equalized gather produced 

by the trained networks from the monitor survey. These difference plots are arranged 

to illustrate the progressive error drop in matching as more training cYcles were used. 

The plots are shown in Figures 4.22-4.29. 

From Figures 4.22-4.29 one sees little changes after around 500 cycles. This is also 

apparent from Figure 4.19. However, one cannot predict accurately, before looking at 

Figures 4.22-4.29, how much drop in the error curve will amount to in the difference 

plots. In fact, in most ANN matching done in the later stages of this study there does 

not seem to be much practical benefit of training beyond 1000 cycles. 

4.6 Fýrom pre-training to application 

Using ANNs as a cross-equalizing tool involves different stages, namely: preparing 

the seismic datasets, preparing the training patterns and scripts, training ANNs, and 

finally applying the trained networks. Here, a summary is given to show the necessary 

codes and packages used to achieve the listed stages. These codes required a significant 

time and effort to establish and are thus considered a major part of this sOidly. The 

aforementioned stages are followed by a stage of result ýiiialysiý, - 
Section 4.7 is devoted 

to the description of this latter stage. 

The following sub-sections make use of striictural chiirts to describe the different 

programs involved. These charts describe sequentially the processes involved and slio,, N- 
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Figure 4.19: Graph of Figure 4.18 re-plotted with a different scale and training is 

continued further. The error is plotted in a logarithmic scale versus training cycles, 
which is also plotted in logarithmic scale. The sudden drop of the validation error 
at every fifth cycle is because validation is only done at every fifth cycle. Even with 
logarithmic scale for cycles the error slope is still seen to be progressively flattening. 
After approximately 400 cycles, the error becomes significantly flatter. Validation error 
starts to rise just before 16 thousand cycles. 
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Rgure 4.20: Zoom on the final error progress shown in Figure 4.19 plotted with a linear 
b 

scale. The validation error progressively departs from the training error until finally 
(after 15560 training cycles) it starts to increase and thus training is stopped. There is 

a fairly sudden dip in error after 13 thousand cycles and may be related to the stair-step 

iiature of the error surface described in Section 2.4.1. 
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Figure 4.21: Offset gather (channel 121) of the base survey for comparison with Fig- 
ures 4.22-4.28. Plotted to the saine scale as Figures 4.22-4.28. 
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Figure 4.22: Difference plot between the base survey gather (channel 121) (Figure 4.21) 

and the cross-equalized gather gather from the monitor survey after 20 training cycles. 
Plotted to the same scale as Figure 4.21 and all Figures 4.22-4.28 for easier comparison. 
Here, the network has hardly learnt inuch and the error is large. 
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Figure 4.23: Difference plot between the base survey gather (channel 121) (Figure 4.21) t) 
and the cross-equalized gather gather from the monitor survey after 50 training cycles. 
Plotted to the same scale as Figure 4.21 and all Figures 4.22-4.28 for easier comparison. 
There is a significant drop in error when compared with Figure 4.22. 
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Figure 4.24: Difference plot between the base survey gather (channel 121) (Figure 4.21) 

and the cross-equalized gather gather froin the monitor survey after 100 training cycles. 
Plotted to the same scale as Figure 4.21 and all Figures 4.22-4.28 for easier comparison. 
There is a significant drop in error when compared with Figure 4.23, but the drop is 
less than that observed between Figure 4.22 and Figure 4.23. 
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Figure 4.25: Difference plot between the base survey gather (channel 121) (Figure 4.21) 

and the cross-equalized gather gather froin the monitor survey after 500 training cycles. 
Plotted to the saine scale as Figure 4.21 and all Figures 4.22-4.28 for easier comparison. 
There is a significant drop in error when compared with Figure 4.24, but many inore 
training cycles were needed to achieve this drop in comparison with that between 
Figure 4.23 and Figure 4.24. 
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Figure 4.26: Difference plot between the base suiwey gather (channel 121) (Figure 4.21) 
t) 

, and the cross-equalized gather gather from the monitor survey after 1000 training 

cycles. Plotted to the same scale as Figure 4.21 and all Figures 4.22-4.28 for easier 

comparison. There is hardly much drop in error when comparing with the last plot in 

Figure 4.25. 
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Figure 4.27: Difference plot between the base survey gather (channel 121) (Figure 4.21) 
and the cross-equalized gather gather from the monitor survey after 2000 training 
cycles. Plotted to the same scale as Figure 4.21 and all Figures 4.22-4.28 for easier 
comparison. Insignificant changes in error observed when compared with the last plot 
in Figure 4.26. 
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Figure 4.28: Difference plot between the base survey gather (channel 121) (Figure 4.21) 

and the cross- equal ized gather gather from the nionitor survey after 3000 trallilllg 

cycles. Plotted to the same scale as Figure 4.21 and all Figures 4.22-4-28 for easier 

comparison. There is no visual changes in error observed when compared with the last 

plot in Figure 4.27. 
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Figure 4.29: Difference plot between the base survey gather (channel 121) (Figure 4.21) 
and the cross-equalized gather from the monitor survey after reaching the lowest val- 
idation error after 15560 cycles. Plotted to the same scale as Figure 4.21 and all 
Figures 4.22-4-28 for easier comparison. There is no visual drop in error observed 
when compared with the last plot in Figure 4.28. 

the relationship between sub-processes and their parent process. Figure 4.30 explains 

these charts and is provided for reference. 

4.6.1 Preparing the seismic datasets 

The time-lapse datasets are loaded into the processing package ProNIAX. This package 

allows the analysis of the geometry and character of the two datasets. In turn, a 

description was established as given in Section 3.2.1. This description allows suitable 

codes to be written and the cross- equaliz at Ion to be addressed in a suitable manner. 

Several processes are undertaken to prepare the two time-lapse datasets: 

I. The two time-lapse clatasets are sorted in shot x-position, followed by the in-line 

y-position, followed by channel 1-240 (where 240 is the nearest offset channel). 

CMP (or CDP) is defined with the same value at the same x-position in both 

clatasets. Only the coninion part (in x-position) of the tNvo clatasets is considered 

iii this study. 

2. A tinie delay correction of 51 ins is applied to the base survey. This follows 
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1. first process 

2. second process 

3. third process (e. g. FOR EACH offset in the SEG-Y file) 

3.1 first sub-process of the third process 

3.2 second sub-process of the third process 

3.3 third sub-process of the third process (e. g. IF trace is r. ) 

true false 

sub-process if 3.3 is true sub-process if 3.3 is false 

4. fourth process (e. g. ReadData: reads data from the input file) 

Figure 4.30: Description of structural charts. Here, each process is given a number 
to define their relative position, but in practice no such numbers are given. Processes 

are given sequentially from top to bottom. A parent process (like the third process) 
has its cell extended vertically so that all its sub-processes are indented to the right of 
the cell. When a process is an if-statement (like process 3.3), then the true and false 

sub-processes are defined as shown. When a process defines a function or subroutine 
within the main illustrated program (like process 4), then the process is given a name 
written in italic. The job of the function is explained after a colon. In addition, in 

some instances the function is described in full by showing all its sub-processes. 

from comparison between several traces of the same CNIP and offset from both 

time-lapse clatasets. 

IA simple amplitude recovery is applied to the data. This makes sure the data are 

not biased by geometric spreading, causing some to seem less important to the 

ANNs because of their low energy. 

4. A frequency band-pass filter is applied to the two datasets. The spectrum of the 

two datasets was determined to be very similar (Section 3.2.1). Howe\, er. the 

band-pass filter ensures that the two time-lapse clatasets have the same band- 

width, and no frequency aliasing is present. 

5. The datasets are processed for spurious spikes. If these exist, then they are 

removed. In effect, this processing ensures that the datasets have no significant 

outlier data samples that can reduce the effect iveness of pattern normalizittion. 
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6. The time window 2100-2612 ms is selected for matching and anal.,, -sis. This 

window contains the reservoir zone and sufficient data for matching and analysis. 

However, the selected time window is enlarged to twice the length. where the 

section of interest 2100-2612 ms is the middle part, i. e. the time section used is 

1844-2868 ins. This choice allows for neighbouring input data, which consists of 

data from higher or lower times than the matched samples. The selection ensures 

also that the number of samples used N is a multiple of two (N = 2", where 

n=Iý2,3, .. . 
), since this is necessary for fast discrete transforms to the Nva-velet 

or the frequency domain. 

7. The selected data are re-sampled in time from 4 ms to 8 ms and are in some 

instances also re-sampled in space. This is to reduce the amount of data that has 

to be matched. In addition, the Nyquist frequency at 8 ms sampling is above the 

bandwidth that contains high energy in both datasets. An appropriate frequency 

band-pass is applied before this re-sampling. 

8. The data required for pattern preparation are output from ProMAX as standard 

SEG-Y files. This output contains a file from the base survey that will provide 

the output patterns to ANNs and corresponds to the data from 1844-2868 ms 

from the in-line provided by the second streamer (higher in y-position). Another 

file contains data from the monitor survey that will provide input patterns to 

ANNs. This file include the time window 1844-2868 ms from the three in-lines 

surveyed by the three streamers. 

4.6.2 Preparing the training patterns and scripts 

Preparing training patterns requires efficient and flexible access to the seismic files 

and the data within. In this study, this is achieved through the use of the standard 

SEG-Y format (Barry et al., 1975) as a format to write the selsmic files and the use of 

ANSI C++ codes ("IC" codes), written by Alberts (2002). to access them. The codes 

define C++ object classes (Stroiistrup. 2000) for the SEG-Y file and trýtces Ný-itliiii. 
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They enable easy access to all the headers and data samples through functions defined 

and associated with the classes. A few modifications were introduced to Alberts (2002) 

original class definitions. In particular, the classes are modified not to allow the reading 

to memory of the whole SEG-Y file since this study deals with relatively large files. 

The modifications enable a SEG-Y class to be initialized by a SEG-Y file, from which it 

reads the line header and the first trace, and thus extracts sufficient information about 

the SEG-Y file. When a trace is required, the SEG-Y class can retrieve it from the file 

using the knowledge of its structure. 

A code was written to prepare the training patterns. The code is split into two parts. 

Figure 4.31 shows the structure of the program used to create the required training 

patterns. On the other hand, Figure 4.32 shows the structure of the program used 

to write those patterns after normalizing them and splitting them into validation and 

training patterns; write the necessary network (or networks with different topologies 

if one is interested in testing the effect of topology); and write the batchman training 

script. 

4.6.3 Training ANNs 

Training of the ANNs is done within a cluster of 16 computers. Computer clusters are 

employed in many similar studies to enable processing of many tasks in a shorter time. 

In general, clusters enable both independent fully parallel processes and those which 

require some information sharing. In this study, each ANN training is fully independent 

of the others. Therefore, each network is trained as a stand-alone process in parallel to 

other networks' training. 

script is prepared to run network training from the master (server) computer in 

parallel on the 16 computers. The script passes sequentially all the training jobs to 

the client computers as soon as one of them becomes available and is not processing a 

previous job. Each of the training jobs is designed to train one ANN and run,,; training 

as defined on the batchman training scrIlpt. 
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initialize the project name: this name is a prefix to all related files 

read the input to the program and initialize the variables, 
e. g. Line89 and Line92 are the SEG-Y files of the base and monitor survey respectively 

FOR EACH shot in Line89 

FOR EACH offset (channel) to be matched 

calculate the position of trace r, to be matched in Line89 (alndex89) 

read trace rb : -- Line89[alndex89], 
i. e. the trace number "alndex89" in SEG-Y of the base survey "Line89" 

save the variable alndex89 for later use in a file holding all traces matched 
within this offset 

calculate position of trace r, in Line92 - this is an approximation 

FindNearestlnput: find exact position of r, = alndex92 

read trace r. to be trace alndex92 in Line92 

FOR EACH sample in trace r, (or wavelet coefficient) 

define the output pattern to be the sample in the output trace r, 

define an intput pattern container (alnputPattern) 

add geometry information to aInputPattern 

Choose Inp utPa ttems: select the input to the network 

FOR EACH trace defined as input traces 

calculate the position of the trace 
(given the streamer, gather type, and position within gather) 

read the trace 

IF trace is r, 

true 

read as input 13 samples 
and add to alnputPattern 

false 

read as input 5 samples 
and add to alnputPattem 

write the output and input patterns in a file allocated 
for this offset, its sub-group (e. g. scale in wavelet domain), and sample 

166 

Figure 4.31: Structural chart of the program used to prepare training. FindNearestln- 

Put function works by finding a trace r,, within the monitor survey with the nearest 

shot-x position followed by the nearest offset Position to tl-ý'Ce rb from the base survev. 
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initialize the project name: this name is a prefix to all related files 

read all the offsets required to be matched 

FOR EACH offset 

MakeFileChoice: for each trace in the offset gather allocate a choice of where the 
patterns from it should be written (validation or training) 

FOR EACH offset sub-group (e. g. scale in wavelet) 

define aPattemSet: a container for all patterns related to the sub-group. 

FOR EACH sample 

read all the patterns related to this sample and append to aPatternSet 

WritePattems. - write all the patterns in aPatternSet after normalizing 

calculate statistics of the patterns (to enable normalization) 

prepare two output files: one for validation patterns and another 
for training patterns 

FOR EACH pattern 

normalize and write to either of the two files 
according to the choice made in MakeFileChoice 

FOR EACH topology analysed 

MakeNet: write a network file according to the specified topology 

MakeRpropBatchmanFile: write a batchman file for training the network 
specifying the training parameters and required files 

write scripts for running the training specifying all required files 
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Figure 4.32: Structural chart of the program used to write all necessary files for training. 
The files include the training and validation pattern files, the network to be trained, 
and the batchman training script. 
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The batchman training script is written in the simple coding language provided by 

SNNS (see Section 2.4-7). The batchman script I wrote defines not onlY the training 

algorithm and stopping criteria, but also outputs sufficient information to analyse the 

training and log the error progress. Figure 4.33 shows a structural chart of how the 

training script is defined. 

4.6.4 Applying the trained ANNs 

The trained ANNs are applied to the whole input patterns to produce the cross-equa- 

lized dataset. Figure 4.34 shows the structural chart of the program written for the 

application of the trained ANNs. 

4.7 Quality control (QC): analysing the results 

The trained networks and their cross-equalization result can be analysed in several 

ways. These include an initial qualitative and mainly visual analysis and a further 

quantitative analysis. This section describes the two. 

4.7.1 Initial qualitative analysis 

The mean square error (MSE) between the actual and target outputs of the network is 

an initial indicator of its performance. The validation error or MSEvalid (NISE of all the 

validation dataset passed through the trained network) is particularly analysed. The 

result is further analysed by applying the networks and inspecting the seismic offset 

gathers and the difference between these and the gathers of the base sur,,, e. N,. 

Usually, the analyses mentioned above are sufficient to filter out the least appropri- 

ate designs. For a more thorough analysis, ANNs are trained and applied to a range 

of offset to enable processing and stacking. After stacking using the flow shown in 

Table 3.2, the stacks are analysed, and the difference between tliose and the equivalent 

stacks from the base survey are analysed and compared. The stiwks and difference 

plots enable a good visual estimate and comparison of the inatching performance. 
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initialize the data: file names 

initialize the training parameters 

load initial network and pattern files 

initialize the network and the SNNS simulator 

REPEAT 

train the network on training patterns 

FOR every validation interval (e. g 5 cycles) 

test the network on the validation patterns 

IF validation error is lower than lowest recorded: then save the network 

assess the stopping criteria 

print the training and validation error 

UNTIL stopping criterion is satisfied 

print the lowest validation error, number of cycles required, and training time 
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Figure 4.33: Structural chart of the network training - programmed in SNNS's bwch- 

man language. 

4.7.2 Further quantitative analysis 

In addition to the previous visual and mainly qualitative analysis, it is also appropriate 

to provide a few quantitative measures of seismic matching. Three quantitative mea- 

sures are defined: predictability, normalized root mean square (NRIVIS), and residual 

root mean square (RRMS). Predictability and NRMS are discussed in length 1) 
.v 

Kragh 

and Christie (2001,2002) as a measure of repeatability between two seismic time-lapse 

datasets. The third measure (RRMS) is a more intuitive difference between two time 

series in terms of root mean square (RMS). 

NRMS and predictability 

Given two traces or discrete time series, ri and 7'2, then the normalized root mean 

square (NRAIS) is defined as: 

200 x RMS(ri - 1'2) 
NRMS =ý RMS(ri) + RNIS(r-)) 
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initialize the project name: this name is a prefix to all related files 

read all the offsets to be matched 

FOR EACH offset 

read the index numbers, within the base survey SEG-Y file, 
of all the traces to be matched (usually the entire offset gather) 

FOR EACH topology analysed 

create a map object to store for each associated trace its 
cross-equalized samples 

FOR EACH offset subgroup (scale in wavelet domain) 

initialize variables to hold normalization parameters 

create a function of trained network (using snns2c) and link it to the 
main program 

FOR EACH sample in offset subgroup 

ApplyNetwork Function 

FO R EACH trace within the offset 

read associated patterns 

pass patterns through the linked network function 

denormalized the output 

save the output in the trace-collection map 

Wr iteTraces Function 

FOR EACH trace in the trace-colection map 

create an empty trace 

copy the trace header from the base survey SEG-Y file 

fill the trace with the cross-equalized samples 

append the trace onto a file that will hold all the traces 
associated with the offset matched and the topology 
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Figure 4.34: Structural chart of the application of the networks after training. 
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The root mean square (RMS) operator is defined as: 

tl t1 
1x 

(t) 
RMS(x(t» = 

(X (t 
N 

where N is the number of samples in the time interval tl-t2. The values of NRNIS are 

not intuitive and are not limited to the range 0-100% (Kragh and Christie. 2002). For 

example, if both traces contain purely random noise, the NRNIS value is 141'7c. If both 

traces anti-correlate (i. e., 180' out of phase, or if one trace contains oilly zeros) the 

NRMS error is 200%, the theoretical maximum. If one trace is half the amplitude of 

the other, the NRMS error is 66.7%. 

The predictability is a measure of how much a series can be predicted linearly from 

another. 

Predictability = 100 x 
1012 (7) COS(O) + 01*2 (7') SHIM I 

(4.5) ý22 

where ýb12 is the cross correlation between the two time series r, and r2, and ýbj2 is the 

Hilbert transform Of ýb12- ýbjj and V)22 are the auto-correlation of r, and 7'2 respectively. 

In addition, T is the optimum time shift, and similarly 0 is the optimum phase shift 

(see Section 1.2.2). The definition in Equation 4.5 is similar to both Thomas (1999) 

and Kragh and Christie (2002). However, I followed the definition given by Al-Mazroey 

(2002) primarily because the phase misfit 0 terms, which remove the phase dependencY 

of predictability, are explicitly shown in the equation. 

Predictability is sensitive to random changes between the two time series and noise, 

but insensitive to linear misfits (amplitude, time, and phase). Conversely S is 

extremely sensitive to the smallest changes in the data. Figure 4.35 illustrates how 

predictability and NRMS vary with both noise and linear misfits. Plotting predictability 

versus NRNIS, as in Figure 4.35, has the advantage of being able to pick areas that 

depart from the ideal curve due to linear misfits. It, is also informative in that the 

plot moves rightward due to linear misfits and both downward and rightwar(l due to 

lion-linear misfits. 
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Figure 4.35: Effect of variation between two seismic sections on predictability and 
NRMS. Both plots show predictability versus NRMS between two seismic plots. (a) 

shows the limits of the plot and causes of shifts. Two identical traces plot at IOOVG 

predictability and zero NRMS, i. e. at point labelled "Traces". The position of the 
plot after adding random noise to the traces is shown by the points labelled with the 
iioise percentage, e. g. "25%" arid "50%". The position of the plot after introducing 

a linear amplitude, time, or phase misfit is labelled "Amp /st at ics/ phase". Therefore, 

addition of a certain percentage of random noise to otherwise identical traces moves the 
plot down along a bell-shaped curve. On the other hand, amplitude, time and phase 
inisfits (linear misfits) cause no change in predictability but increases NRMS causing 
a rightward shift. In summary, predictability versus NRI\, IS plot moves rightward due 
to linear misfits and both downward and rightward due to non-linear misfits. The 

position of the leftward limiting curve is bandwidth dependent as shown by the synthetic 
inodelled data in (b). Figures from Kragh and Christie (2002) 
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Rrms 

The final quantitative measure of matching is the residual root mean square (RRMS). 

This is defined as: 

RRMS = 100 x 
IRMS(r2) - RMS(rj) 1 

(4-6) 
RMS(rl) 

This quantity gives a more intuitive quantitative measure to the difference betweeli anY 

two seismic traces. 

4.8 Is the network memorizing? 

The network performance in matching should be looked at carefully. By showing the 

networks a significant proportion of the seismic target output values during training, 

the networks may be able to memorize these outputs. In another words, the networks 

could output a copy of the target output it is shown during training, where the copy 

is only hindered by how much information the topology could hold. The network is 

not desired to replicate the base survey, but to learn how to normalize the acquisition 

difference. 

In theory, the chance of the network only memorizing the output is lowered sig- 

nificantly by using the cross- valid at ion stopping criterion. In addition, the topology 

selected is approximately the smallest that can perform the mapping. However, to 

ascertain that the network is not memorizing and is actually learning a function, an ex- 

periment is conducted. This experiment makes one important alteration to the method 

of selecting input to the network described in Figure 4.5 - the input here is selected 

from a trace chosen at random from anywhere within the monitor survey. The experi- 

ment is conducted to match the offset gather of channel 121 of the base stirveY sliown in 

Figure 4.21 from input selected from the monitor survey. The idea of this experiment 

is as follows: if the network memorizes the target output, then it should be able to 

memorize it regardless of the input, where the input is only used as a keY to kiloNý'mig 

what output is required. Therefore, if the network memorizes, we , N-ill get a iiiatclied 
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gather similar to Figure 4.21, which is the case when we use the method described in 

Figure 4.5. 

The matched output of the network involved in this experiment is shown in Fig- 

ure 4.36. This output is not at all similar to Figure 4.21 and is in contrast to the result 

when a realistic input is given (Figure 4.37). Therefore, the network is not memorizing. 

The ability of the network to learn a function, other than relying on memorizing 

the output patterns shown during training, is further demmistrated in Chapter 6. 

4.9 Record: list of conducted experiments 

This section lists the main experiments that were conducted during the progress of 

this research and prior to the writing of this thesis. Some of these experiments had 

interesting and useful results and were therefore elaborated upon in this chapter or in 

the following few chapters. On the other hand, many proved only useful to justiýy a 

progress in one direction and not the other, but their usefulness is limited and iire thus 

not described in much detail: 

1. Test ANNs' ability to map a wavelet coefficient. 

2. Test the effect of varying the training parameters of back- propagat ion with mo- 

mentum and topology on the matching performance of ANNs. 

3. Test ANNs' ability to map an offset gather (in the wavelet domain). 

4. Test ANNs' ability to map a range of offsets (in the wavelet domain). 

As in Item 4, but exclude CMP 1000-1350 from training to see the effect on the 

network's matching capability. 

6. Design one ANN per scale (resolution level) instead of one A: N. 'ý' per coefficient. 

This enabled a box of data represeliting the reservoir to be excluded froin training. 

7. Perform a few linear cross-equalizations. 
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Figure 4.36: The output of a network trained to inatch the base survey gather of 
channel 121 (Figure 4.21) using random traces from the monitor survey as input. The 

network was not able to match the gather at all. Its output is close to zero induced by 
the network's tendency to reduce the error during training given that no deterministic 

relationship exists between the input and target output. This shows that the network 
is not able to memorize the target output shown during training, otherwise it should 
have produced an output similar to Figure 4.21. Coinpare the result here to that in 
Figure 4.37. 
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Figure 4.37: The cross-equalized gather (channel 121) from the nionitor survey ýifter 
training the network to match the base survey gather (Figure 4.21) using input as 
defined in Figure 4.5. Contrary to Figure 4.36, the cross-equalized gather liere is very 

similar to Figure 4.21. There is evidently a deterministic relationship between the input 

and output data, albeit an unknown one. 
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Design one ANN per scale, but exclude no spatial region. In addition, compare 

the effect of varying ANN's topology. 

9. Design a network per offset instead of per channel. 

10. Optimize training parameters while matching in the wavelet domain. Test this 

for 3 channel gathers, 7 topologies, and 3 different training initializations (along 

the time section 2250-2762 ms). 

11. Optimize training parameters as in Item 10 but in the time domain. 

12. Test varying the number of the network's input parameters. 

13. Compare cross-equalization in the time domain to that in the wavelet domain on 

a wider range of offsets to allow stacking and better comparison. 

14. Repeat Item 13 but for the time window 2100-2612 ms. 

15. Introduce a 24% anomaly to see the effect on the matching (in the time domain, 

while splitting the 512 ms matched section into four regions each with one ANN) 
- 

16. Test different normalization schemes. 

17. Test adding geometrical information to the input. 

18. Test using one ANN per 512 ms instead of four. This was not successful. 

19. Test the preservation of a 10% anomaly. 

20. Reduce the number of input parameters and test performance. 

21. Change the way the input is defined to include a window of samples from , everal 

traces. 

22. Analyse the connection weights of the trained network of Item 21. Input is suc- 

cessfully reduced by only including those inputs that the networks consider ini- 

portant in mapping to the target output. 
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23. Test different topologies with the new input definition, which -, vas deduced in 
Item 22. The topology is successfully reduced without compromising the perfor- 

mance. 

24. Test using two or one ANN per 512 ms instead of four. This is successful and 

performance is maintained. 

25. Test splitting patterns equally between training and validation instead of the ratio 

of 3: 1 respectively. 

26. Test c ross- equalizing with no introduced anomaly to try to find the best section 

with no ProMAX induced errors. The time window of interest is changed to 

2096-2608 ms instead of 2100-2612 ins. This gets rid of problenis associated with 

fractional statics not applied. 

27. Test applying ANNs to match seismic on post-stack. 

28. Test applying ANNs to match on offset-stacks. 

29. Re-investigate and compare different normalization schemes. 

30. Assess introducing weight jogging in the training algorithm. 

31. Assess the difference between different runs of ANN cross-equalization. Results 

show that each run reach the same optimum matching result. The difference be- 

tween the matching results is insignificant in comparison with the matching error 

of any one run, and is in the form of small amount of random noise introduced. 

32. Assess splitting the inline into three sections, each matched by a different AN'N. 

This gives similar result to that before splitting. 

In addition to the aforementioned experiments, many major tests were re-conducted and 

improved upon to ensure that the effect of the different optimization,,,, are incorponited. 

The tests include all those that Nvill be shown in Section 5.4.1 ýmd onward. 
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The cross- equalization of the two time-lapse datasets is addressed as producing a cross- 

equalized match to one in-line of the base survey from three in-lines of the monitor 

survey. Each offset gather is matched independently from the others to allow fa, "'t 

parallel irnplementations and more effective matching. An ANN is required, in each 

instance, to match one time sample or wavelet coefficient from a trace rb from the base 

survey. The input to the network is a window of time samples or wavelet coefficients 

from a trace rm from the monitor survey that is the nearest to 1'b in CMP and off- 

set. In addition, other seismic data are used as input from traces that relate to I'M 

within the different gathers. This input allows the ANN scheme to assuine no direct 

correspondence of one trace to another on the two time-lapse datasets. 

The topology favoured is a two-hidden-layer topology with 20 nodes in the fir,,, t 

hidden layer and 10 nodes in the second. The patterns should be normalized linearly, 

where the output is normalized to the range [-0.05,0.95] using Equation 2.25 and the 

input is normalized to [-0.5,0.51 using Equation 4.2. 

Our application of ANN was tested to determine if it suffers from a local minima 

problem (Section 2.3.4(l)). Both multiple weight initialization and weight jogging do 

not result in any benefit, indicating that there is no significant local minima problem. 

The cross-validation stopping criterion is used as the main criterion. However, a few 

more criteria are added to make stopping more practical. The additional criteria include 

stopping after a set maximum iterations (3000) and avoiding stopping before a set 

minimum iterations (300). 

Using ANNs as a cross-equalizing tool involves: preparing the seismic daUisets, 

preparing the training patterns and scripts, training ANNs. and applying the trained 

networks. Therefore, these aforementioned steps were described together with the 

procedures undertaken to achieve them. In addition, methodswere described to quality 

control the results. Finally, a list is given of the different tests conducted during the 

progress of this research. 



Chapter 5 

Matching the Time-lapse 

Datasets 

This chapter describes the progress and results of the ANN cross-equýllizatioil scheme. 

The chapter builds on the matching procedure described in Section 4.1. In addition, 

this chapter emphasizes the matching capability, and reserves most of the discussion 

regarding the reservoir to the next chapter. 

The discussion of the two time-lapse datasets in Chapter 3 describes the expected 

product ion- related anomaly to be very small. Therefore, one could judge the cross-equa- 

lization scheme by its ability to match without initially being too concerned to preserve 

the production-related anomaly. The next chapter will provide a way of distinguishing 

if ANNs are able to preserve product ion-related anomalies while achieving an otherwise 

good match. 

The tests discussed in this chapter are dealt with in their historical order, starting 

with early tests that showed both problems and promises, to final tests in which most 

of the early problems were overcome. In practice, this progression was not via a single 

linear path, but involved many false trails and much back-tracking. The majority of 

the false trails are not discussed here, and many more tests were performed than have 

been described in detail. 
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5.1 Matching in the wavelet domain 

The matching by ANNs at the initial stages of this study was done in the Ný-avelet 
domain. This was motivated by the following considerations: 

There is a strong incentive for reducing the computational requirement of the 

method. This is because the process is performed pre-stack, and the initial net- 

work topology required to produce a good performance was large. The wavelet 

domain allows compression. 

2. The wavelet domain allows - by allocating a network per wavelet scale - an 

ANN to be trained above and around a reservoir area, and be applied at the 

reservoir itself. 

3. The wavelet domain allows - by allocating a network per wavelet scale - averag- 

ing within a given time section. This means that a network trained to normalize 

for acquisition differences at a certain time position could be applied to a position 

that is within the reservoir. 

This section summarizes the tests conducted and the result,,,, achieved while using the 

wavelet domain. 

5.1.1 Initial tests 

Matching one wavelet coefficient at a particular offset in the base survey, using input 

from the monitor survey and a single network, was first tried and eventually gave 

a satisfyingly low error. These early tests were taken a step further using multiple 

networks to try to match all coefficients at one offset. This permitted the matching, 

and thus the visual analysis of a whole offset gather back in the time domain. The 

results were promising, but to be able to judge the performance of the network, one 

needs to train for all offsets, process the outcome and stack the traces. This will give a 

better judgement as to whether the error in mapping is just a randoin noise that can 

be suppressed by normal processing algorithms or not. 
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Judging from the application to one offset gather. around 240 days are required to 

train and apply ANNs to produce a cross-equalized match to the full in-line of the base 

survey (using the same method and with the hardware available). This is of course 
impractical during this research when many alternatives must be explored. Until the 

scheme is developed further to be more efficient, the data are reduced in such a waý- as 
to allow both reasonable analysis and fast application. To establish this, the following 

steps were undertaken and are illustrated in Figure 5.1: 

1. Only half the possible offsets are considered and hence the estimated traiiiing 

time is reduced to 50%. It was decided to consider the near offset half, and thus 

channels 117 to 236 are considered. In addition, a network that is dedicated to 

one offset would in fact be trained for two adjacent channels, thus further reducing 

training. 

2. Instead of matching all offsets in the chosen half, every other network is oinitted, 

see Figure 5.1. This will further reduce training time by 50%. 

3. Instead of considering the full trace, only samples in the time interval 2100-2612 

ins are considered. In addition, data are re-sampled to 8 ins instead of the original 

4 ms. Hence, instead of having 1024 samples as before now there are only 64 time 

samples and hence 64 wavelet coefficients. This will further reduce training time 

by a factor of 16. 

Before training, the re-sampled data were prepared and stacked. This was to de- 

termine whether they are sufficient to give a good stack. The stack of the base 

shown in Figure 5.2, seems satisfactory, hence training commenced on the re-sampled 

data. 

Configuration 

One ANN is used per wavelet coefficient within each offset gather. The networks have 

the topology shown in Figure 5.3. 
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Figure 5.1: Data considered in the analysis in Section 5.1.1. The original streamer has 
240 channels from which every other two channels are used from channels 117-236. In 

addition, only the time section 2100-2612 ms is used after re-sampling to 8 ins. 
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Figure 5.2: Two time-lapse seismic lines NH8906 and NH9201 were acquired over the 
Oseberg field in 1989 and 1992 respectively. The figure shows a seismic stack plot of 
data from the base survey, NH8906- Only a re-sampled version of the data is used as 
illustrated in Figure 5.1. Compare this stack with that of line NH9201 in Figure 5.5. 

Although the two lines are base and monitor surveys over the same area, there are clear 
differences. 
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Figure 5.3: ANN topology used in the initial test. One coefficient from the base survey 
is used as a target output. Input patterns are generated from the monitor survcN, and 
are typically 150 coefficients from 51 traces that relate to the position of the output 
trace used to generate the target coefficient. 

Each training pattern contains a target output and around 150 parameters as an 

input. The output is the wavelet coefficient Cij to be matched by the ANN concerned 

selected from the base survey. The input is selected from the monitor survey from 

all the 51 traces shown in Figure 4.4, where each trace supplies the coefficient Cij. 

However, if the trace is the direct coinciding trace r, or immediately adjacent in either 

the shot or CMP domain, then the trace supplies more coefficients. These five traces 

supply the coefficient Cij plus four coefficients from either side of the time axis and 

similar time range from the wavelet scale above and below Cij. The choice differs 

slightly at boundaries. 

Results 

The training and application required around two weeks -"-, thin ýt 16 computer cluster, 

i. e. around 220 CPU days. 

The inean square error of the validation dataset (MSEvalid) of the different trained 

networks is shown in Figure 5.4. All offsets performed similarly. There is a certain 
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trend of error versus time seen on the higher three scales in Figure 5.4. The trend 

could be explained by two main reasons: 

1. Boundary coefficients are harder to match since the scheme has to Nvork with less 

input data. This happens because to match a certain coefficient in tlie base s-Iii-vey. 
inputs include the closest coinciding coefficient in the monitor survey and some 

neighbouring coefficients. At boundaries some of these neighbouring coefficients 

do not exist. 

2. Outside boundaries, areas of higher amplitude reflections are matched better due 

to higher signal-to-noise ratio and hence the error in matching is lo,, ver. 

The trained ANNs were applied to the whole pattern sets to produce a cross-equa- 

lized dataset from the monitor survey that matches that of the base survey. The 

cross-equalized data and that of the base survey were processed and stacked using the 

processing flow shown in Table 3.2. 

Figure 5.2 shows the stack plot of the base survey. A similar stack of the monitor 

survey is shown in Figure 5.5. The two plots illustrate the difference between the two 

surveys. 

A linear post-stack cross-equalization was applied to the monitor survey stack in 

Figure 5.5 to match that of the base survey in Figure 5.2. This cross-equalization 

was conducted in ProMax, and was achieved by applying a phase rotation followed 

by a least-square matching filter. However, when the matched stack (Figure 5.6) is 

compared to that it should match, i. e. the base survey (Figure 5.2), there is still a 

significant difference as shown in Figure 5.7. 

The trained ANNs, after application, mapped data from the pre-stack monitor sur- 

vey and produced a match to the pre-stack data from the base sur',, e, N-. This represents a 

non-linear pre-stack cross- equalization of the monitor stir,, -eN- to match the base slirNvy. 

Figure 5.8 shows ANN inatched data after stacking. This stack is more similar to the 

base survey stack (Figure 5.2) than the stack after linear cross-equalization (Figure 5.6). 

There is a slight lateral smoothing within the cross-equalized data (Figure 5.8). The 
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Figure 5.4: The plots show the variation of the mean square error after the trained 
iietworks are applied on the validation dataset (MSEvalid). The error is plotted against 
the channel gather matched and versus time. The time axis represents the full time 
section 2100-2612 ms, but the label is the coefficient number within the wavelet scale 
(see Figure 4.7). a) error plot for the 2nd wavelet scale with error averaging to 0.005. 
b) error plot for the 3rd wavelet scale with error averaging to 0.004. c) error plot for 
the 4th wavelet scale with error averaging to 0.005. d) error plot for the 5th wavelet 
scale (the Nyquist frequency) with error averaging to 0.0075. There is a certain trend 
of error versus time seen on the higher three scales, where the error starts a bit high 
then goes to a minimum, then rises and drops twice before it finally rises again. 
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Figure 5.5: The figure shows a seismic stack plot of data from the monitor survey, 
NH9201. Only the re-sampled version of the data is used as illustrated in Figure 5.1. 
This plot is scaled by a factor of 1000 relative to the base survey shown in Figure 5.2. 
Note the clear phase difference and possible time delay between the two surveys at 
time 2200 ms at around CDP 1850, i. e. here we see a weak red event followed by a 
strong blue event followed by another weak red event, instead of a very weak red event 
followed by a strong blue event followed by a strong red event seen in Figure 5.2. 
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Figure 5.6: The figure illustrates the monitor survey stack (Figure 5.5) after post-stack 
linear matching with the base survey stack (Figure 5.2). The plot uses the same scale as 
that in Figure 5.2. Compare this figure to Figure 5.8, which shows lion linear pre-stack 

inatching done using ANNs. A difference plot between this stack and that of the base 

survey (Figure 5.2) is illustrated in Figure 5.7. 
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Figure 5.7: The figure illustrates the difference between the base survey stack (Fig- 
ure 5.2) and the linearly matched monitor survey stack (Figure 5.6). Compare this to 
Figure 5.9, where ANNs non-linear cross-equalization shows lower error in matching. 
The plot uses the same scale as that in Figure 5.2. 

lateral smoothness exists because the same networks are used for all shot gathers and 

hence high frequency lateral variation is hard to capture. If this high frequency lateral 

variation is mainly random noise then failure of the ANNs to map this lateral variation 

is partly because of the randomness of noise. In that case, the ANN is producing a 

desired effect because it is suppressing noise. 

The difference plot, between the base survey stack and that of the ANN cross-equa- 

lized monitor survey, is shown in Figure 5.9. The difference plot in Figure 5.9 illustrates 

that the ANNs have matched the two surveys very well. Whereas the difference after 

cross-equali zing one offset is of the same magnitude as that of the base survey, the 

difference here (after stacking) is at a far lower magnitude. This indicates that much 

of the error in cross-equalizing any one offset gather is in fact noise that is suppressed 

by conventional seismic processing. 

Comparison between the linear cross-equalization and the non-linear cross-equaliza- 

tion can be made by looking at the difference plots in Figure 5.7 and Figure 5.9. Those 

two plots are to the same scale as that in Figure 5.2. Both methods of cross-equaliza- 

tion had problems niatching abrupt lateral changes, such as that around CDP 1600 
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Figure 5-8: The figure illustrates a seismic stack of the monitor survey after pre-stack 
cross-equalization using ANNs with base survey. The plot uses the same scale as that in 
Figure 5.2. Compare this to Figure 5.6 that shows linear matching done using ProNIAX 
processing package. Note how the discontinuity at around CDP 1600 is inatched better 
after ANNs cross-equalization. A difference plot between this stack and that of the 
base survey (Figure 5.2) is illustrated in Figure 5.9. 
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Figure 5.9: The figure illustrates the difference between the base survey stack (Fig- 

ure 5.2) and the non-linearly cross-equalized monitor survey stack (Figure 5.8). Com- 

pare this to Figure 5.7, where linear cross-equalization shows higher error in matching, 
The plot uses the same scale as that in Figure 5.2. 
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and difficulty near boundaries. However, ANN matching is superior. 

Discussion 

Although the results were promising, it was determined that there are still major steps 

and refinements needed. The reservoir area should be excluded from training so that the 

networks will only learn to normalize for acquisition related differences. Secondly, inairy 

networks and very long run times were used to achieve the result. To get a practical 

solution for cross- equaliz at ion, these need to be significantly reduced. Thirdly, one 

ANN is used per wavelet coefficient and hence a trained network can only be applied 

to a very limited time and frequency range. 

In the following two sections, I will show work done to try to investigate the pos- 

sibility of excluding an area from training. This work was intended to allow training 

outside a reservoir area, while being able to apply the trained networks within the 

reservoir. Later, I will discuss the desirability or otherwise of this approach. 

5.1.2 Excluding a CDP range from training 

In this first trial, a fifth of the CDP range was not involved in training nor validation. 

A similar criteria was employed by Davies (2000) to avoid training over the reservoir. 

The range chosen here was between CDP 1000 and 1350 as illustrated in Figure 5.10. 

This range is far smaller than that associated with the reservoir, but the trial serves to 

show if the performance would deteriorate at the section excluded from training (as it 

did in Davies (2000)). 

Pattern preparation, network design, and input-output choice was identical to that 

followed on the previous section. However, all patterns associated with the selected 

CDP range were designated as as a testing dataset'. 

The trained ANNs were applied to the re-sampled monitor stirvey clat it (Figure 5.1). 

The data were processed and stacked. Figure 5.11 shows the difference bet-, veen the 

'A testing dataset is not involved in training as the training set nor involved in cross-validating the 

training as the validation set, see Section 2.3.1. 
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Figure 5.10: A schematic diagram showing the section excluded from training while 
preparing ANNs to interpolate over the CDP range 1000-1350. 

stack plot of the ANN cross-equalized nionitor survey and the base survey (Figure 5.2). 

The difference plot shown in Figure 5.11 indicates similar performance to that shown 

earlier in Figure 5.9, but also reveals a large inatchnig deterioration at the area excluded 

from training, i. e. at CDP 1000-1350. Therefore, it was concluded that a different 

approach is required to allow ANNs to generalize well at the reservoir region. 

5.1.3 Excluding a box area from training 

Tests were conducted to assess the possibility of u,,, ing one network to inap all coef- 

ficients within one wavelet scale. Within each wavelet scale, there are a number of 

coefficients each relating to a certain position in time. This number depends on the 

scale (resolution), see Section 4.2.3. A coefficient Nvithin a certain scale may require 

similar matching mechanism as another coefficient within the same scale. In addition. 

it may be possible for a network to learn how the matching inechanisin changes as a 

function of time. This, in turn, would allow a network trained oil coefficients localized 

at a certain time position to be applied to coefficients of the same scale localized at 

a different time position. This method will allow using seisinic data above the reser- 

voir in training and may therefore perform better than excluding a whole CDP range. 

Figure 5.12 shows how a box area could be excluded from training. 
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Figure 5.11: Difference stack plot between the base survey (Figure 5.2) and the ANN 

cross-equalized monitor survey after excluding a CDP range. The plot is similar to 
that in Figure 5.9, but shows a deterioration in matching between CDP 1000 and 1350 

when compared to it. 
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Figure 5.12: A schematic diagram showing the section intended to be excluded from 

training. The trained networks would be required to interpolate over a box area in the 
CDP range 1000-1500 at the lower half of the time section 2100-2612 ms. A network, 
if trained for a full wavelet scale, can be trained on coefficients that lie above the region 
excluded from training. 
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Assigning a network per scale reduces the total number of ANNs required to ac- 
complish the matching, thus reducing the computational requirement. On the other 
hand, the networks are required to solve a more difficult problem (having to match 

all coefficients within a scale). However, more patterns are available to an individual 

ANN, which might help the networks to learn and overcome the increase in problem 

complexity. 

Figure 5.13 shows the results of initial tests carried out to assess performance of 

a network to match all coefficients within a scale. Two scales were tested with train- 

ing patterns from Section 5.1.1. In each scale, a network was designated to do the 

matching of all the different coefficients, and then its performance was compared to 

the performance of networks designed to match each of the individual coefficient. The 

error in the matching displayed by the network allocated for the whole scale is similar 

on average and in some cases lower than the error produced by networks allocated 
for individual coefficients. In addition, from Figure 5.13(a), one might argue that the 

network allocated to the whole scale achieved a better generalization. 

Boundary problem and its solution 

A problem associated with boundary conditions arises when trying to designate a net- 

work for a full scale. The network is required to keep the same topology design. How- 

ever, to map the coefficients lying near the boundary we cannot provide for the neigh- 

bouring coefficients required as input to the network. Initially, the problem was solved 

by allowing no neighbouring coefficients, but this produced very unsatisfactory results. 

There is a need to solve the boundary condition problem and include neighbouring 

coefficients in the time axis. This is because a time delay might easily exist betweeii 

traces from the two time-lapse surveys. Including a time interval in the input allows an 

ANN to find the most appropriate input to a certain output. To remedY the problem, 

the time section used is doubled. Instead of considering the time-section 2100-2612 nis 

(512 ms), a longer time-section 1840-2864 ms (1024 ms) can be considered. The added 
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time is only used to provide the neighbouring coefficients. Only those coefficients in 

the time of interest are matched. Figure 5.14 illustrates the proposed scheme. 

The idea of including a longer time section when training, requires one assumption to 

be correct. The assumption is that if one produces cross-equalized wavelet coefficielits 

that only span the middle part of the entire time the wavelet series represent. then 

these cross-equalized coefficients are sufficient to reproduce the middle part of the thne 

series. This assumption was tested and proven to be true as illustrated in Figure 5.15. 

Test and configuration 

All patterns coming from the region to be excluded from training (see Figure 5.14) are 

set to be a testing dataset. 

The configuration is similar to that described in Section 5.1.1 with few alterations. 

Firstly, one ANN is allocated per wavelet scale per offset. Secondly, input from the 

direct coinciding trace r,, and those one position away from it in the shot or CMP 

domain, is slightly different. These five traces supply coefficients that span a time 

period of 96 ms with the coefficient concerned (Cij) in the middle. Thirdly, the lowest 

scale introduced by increasing the time series is not matched, but is derived from the 

target output (base survey). This is also the case for the mother-function coefficients. 

In general, if one is satisfied that there is a certain frequency threshold below which 

there exists no production related anomaly, then there is no need to produce a cross- 

equalized match of these frequencies, and it is sufficient and more appropriate to just 

copy these from the survey one intends to match (the base survey in our case). 

Results 

The trained networks were later applied to the whole area producing a cross-equa- 

lized dataset. Figure 5.16 shows the difference plot between the base sin-ve. y stack 

(Figure 5.2) and the cross-equalized monitor survey using the scheinc mentioned here. 
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Figure 5.14: A schematic diagram showing the section intended to be excluded from 
training while providing for neighbouring inputs. The trained networks would be re- 
quired to interpolate over a box area in the CDP range 1000-1500 at the lower half of 
the time section 2100-2612 ins. The network could utilize the first and last quarter of 
the shown time section (1840-2864 ins) to provide for all the input data required to 
match the section 2100-2612 ins. 

This figure shows that the matching has deteriorated due to utilizing one ANN per 

scale instead of one per coefficient. 

5.1.4 Discussion 

The last section showed initial tests and progress of the research. Although some of 

the results look promising, improvement is required on three main aspects. Firstly, 

the general matching capability should be improved. Secondly, the computational load 

should be reduced. This was achieved by designing one ANN per scale, but further work 

is required to maintain the matching performance seen earlier and to then improve oil 

it. Thirdly, a better way is required to allow the ANNs to learn outside the reservoir 

while being applicable to the reservoir area. 

Excluding a significant area from training, to avoid making the network obliterate 
7) Z-) ? -1) 

the production related anomaly within the reservoir, suffers from a few problems. The 

reservoir is usually hard to phi-point exactly causing one to exclude a large area from 

training. In addition, both schemes put forward to exclude an area from training do not 
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Figure 5.15: This figure shows the result of an experiment conducted to test the ability 
of reproducing part of a time series from a sub-set of a wavelet series. A time series of 64 

samples were transformed to the wavelet domain. The wavelet series has its coefficients 
set to zero at 1 of the way from either end of the time axis. The manipulated series 4 
is reverse transformed and the non-zero part is plotted together with the original time 
series. Both series are identical with a slight edge effect seen on the manipulated 
series. This proves that only those wavelet coefficients that span the time of interest 

are required to reproduce the time series at that period of interest. 
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Figure 5.16: Difference stack plot between the base survey stack (Figure 5.2) and the 
stack of the cross-equalized monitor after excluding a box from trainin- g and allowing 
for neighbouring input data. The matching error outside the excluded area is higher in 
comparison with that shown in Figure 5.9 and shown on Figure 5.11. This means that 
allocating one ANN per scale gives a worse matching than one ANN per coefficient. 
However, the matching error is similar to that in Figure 5.11 in the area excluded from 
training in both, i. e. the lower half of CDP 1000-1350. 

produce a satisfactory matching, since the ANNs behave non-optimal in this excluded 

area. 

Investigating how conventional methods deal with the requirement of designing 

a inatching filter for two time-lapse surveys showed that some try to avoid designing 

those filters over the reservoir area while there are others that do not. It seems that the 

second approach is a widely used strategy relying on the fact that the reservoir-induced 

anomalies occupy only a small area of the whole seismic, and are low in amplitude, and 

are thus only able to bias the matching insignificantly. Oil the other hand, excluding 

the reservoir requires excluding a large area, thus deteriorating the matching capability 

very significantly. John Brittan (pers. com. 2001), a senior research geophysicist at the 

Petroleum Geo-Services (PGS) company, says that the matching capability of linear 

filters is enhanced significantly by including even those areas the reservoir occupies. 

While only biasing the matching toward obliterating production-related anoinaly by ail 

insignificant amount. 
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Following the previous argument, I shifted strategy with regards to the reservoir. 

The strategy now is to include all the data in training without excluding the reservoir 

area. A method is described in the next chapter that assesses the ability of the iietvvorks 

to preserve product ion-related anomalies while matching otherwise. 

Finally, it is important to note that the previous examples used ANNs of large size 

when compared to what is suggested in Section 4.3. However, initial work gave 

poor results when the topology was reduced. This could be because the ANNS Nvere 

relying on memorizing the training examples, which also explains the favour for a large 

size and possibly the matching deterioration when an area is excluded from training. 

To avoid making the ANNs rely on memorizing, the cross-equalization scheme will be 

designed and improved to force the networks to learn a matching function. This is done 

by both improving on the input-output choice and trying to reduce the size of the ANN 

while maintaining performance. At the end, a test is conducted to make sure that the 

ANNs are not memorizing (see Section 4.8). 

5.1.5 Final test 

The last test was repeated without excluding an area from training. The new test tries 

to carry forward the idea of setting one ANN per scale. The intention is to produce 

a difference plot that can be compared with results from future tests that would not 

exclude any area from training. 

Configuration 

One ANN is allocated per wavelet scale per offset. The topology used is similar to that 

in Section 5.1.1 (see Figure 5.3). In addition, another smaller topology is tested with 

60 nodes in the first hidden layer and 30 nodes in the second. 

The target output is a wavelet coefficient Cij within the scale i to be matched b. ", 

the ANN concerned and is selected from the base survey. The input is selected from the 

monitor survey from all the 51 traces shown in Figure 4.4. Nvhere each trace supplies 
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the coefficient Cij. However, if the trace is the direct coinciding trace r', or is one 

position away in the shot or CMP domain, then the trace supplies more coefficieilt'. 

These five traces supply coefficients that span a time period of 96 ms Ný'-Ith the coefficient 

concerned (Cij) in the middle. 

Figure 5.17 illustrates how the matching scheme is implemented on the different 

wavelet coefficients. The figure shows how the ideas, raised in Section 5.1.3, are imple- 

mented. 

Results 

The results from both topologies tested are identical. Therefore, an improvement is 

achieved by being able to match using a smaller topology. 

Figure 5.18 shows the difference stack plot of the new test with the smaller topology. 

In comparison with Figure 5.16 there is an improvement in matching. 

The training and application for one ANN topology design required around eight 

days within a 16 computer cluster, or around 120 CPU days. This is a significant 

improvement to the 220 CPU days of the initial test reported in Section 5.1.1. 

5.2 Matching in the time domain 

The use of the wavelet domain was motivated by three facts. Firstly, it simplifies the 

matching by allowing small parallel implementations. Secondly, it allows the selective 

matching of the frequencies that are of interest, whereby frequencies with low energy 

can be set to zero with no matching and frequencies that cannot hold information about 

production related changes (e. g. very low frequencies) can be copied directly from the 

base survey (see Figure 5.17). Thirdly, it was the plan from the start to use one ANN per 

scale and thus enable a network to learn an averaged (more global) matching function. 

That is to say the networks will not be global with respect to trace locality only but 

also along the time domain. This enables a network to be applicable to a reservoir Ný'-Iien 

trained around it, and to be less prone to obliterating a production-related anomaly if 
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Figure 5.17: Plot of the wavelet coefficients illustrating, those that are ii-latched by 
ANNs. The plot follows the convention used in Figure 4.7, where each wavelet coefficient 
is represented by a box that spans a time and a frequency range. It is intended to 
cross-equalize the time section 2100-2612 ins, but all the data from 1844-2868 ins is 
wavelet transformed to solve boundary conditions, see Section 5.1.3. The plot is a 
section transformed from the base survey, where it is intended to produce a cross-equa- 
lized match to it from the monitor survey data. Since 8 ins sampling- rate and a time 
interval of 1024 ins is used, six wavelet scales are produced as the plot sho'v%-s. Oiil 

'v 
the 

shaded coefficients are matched. Therefore, four ANNs are required. since there are 
four scales to match. The coefficients with a inesh pattern, representing tile mother- 
function coefficients and the two lowest scales, are not inatched but are directly copied 
from the base survey (see configuration description oil Page 194). The final cross-equa- 
lized section is a reverse wavelet transform of the cross-equalized coefficients, the copied 
coefficients, and zeros representing the lion-shaded coefficients. 
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Figure 5.18: Difference stack plot between the base survey stack (Figure 5.2) and 
the stack of the cross-equalized monitor after setting one ANN per scale and without 
excluding an area from training. The networks used have a topology of In-60-30-Out. 
Comparing this to the difference plot in Figure 5.16 illustrates a better performance 
and thus less matching error when no area is excluded from training. 

it exists within its training space. 

It is possible to cater for at least two of the motivations for using the wavelet 

domain within the time domain. Currently, four ANNs are required to match each 

offset (see Figure 5.17). Each of the networks match the full 512 ms section, but within 

one frequency range (wavelet scale). In the time domain,, one could design matching 

to be also accomplished by four ANNs each assigned to a quarter of the time section 

2100-2612 ms. Four ANNs would allow the networks to work with the same kind of 

topology and matching load while allowing each network to be global. If the network's 

perforinance is similar or better in the time domain, then the time domain is favourable 

as it is more intuitive and simpler to use. Later, the use of one ANN for the 512 ins 

time-section would be desired. This is to allow a better global inatching and, if topology ý_D Z_ý- n, 

is maintained, a smaller computational load. 

5.2.1 Configuration 

While using the time domain, the configuration is similar to that of the wavelet domain 

(Section 5.1.5) with few differences. Firstly, an ANN is allocated per offset gather per 
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quarter of the 512 ms to be matched. Secondly, the patterns are time samples instead 

of wavelet coefficients, but otherwise their choice is identical to that in Section 5.1-5. 

5.2.2 Initial tests and results 

Tests were conducted to compare results from ANN matching using thewavelet domain 

to that using the time domain. The tests were conducted by matching the three time- 

lapse offset gathers of channels 121,173, and 225 using the wavelet domain and the 

time domain. 

The results indicate that the time domain offers a better matching. This is clear 
from the comparison of the offset gather difference plots of the wavelet domain and the 

time domain, shown in Figure 5.19 and Figure 5.20 respectively. The plots correspond 

to the offset gather of channel 225, but similar results were seen when comparing the 

other two offset gather differences. 

5.2.3 Further test and analysis 

The experiment was repeated at all offsets that were used previously in Section 5.1.5. 

Figure 5.21 shows the difference plot between the base survey stack and the cross-equa- 

lized stack of the monitor. The figure confirms that the time domain gives a better 

matching. 

Figure 5.22 compares predictability and normalized root mean square (NRMS) error 

of the matching done here with that in Section 5.1.5. This figure also illustrates the 

superiority of time domain matching. Matching in the wavelet domain might be inferior 

because each error within one scale is propagated and added to the error of other scales 

when the cross-equalized series is reverse transformed. 

5.2.4 Conclusion 

It is therefore more desirable to use the time domain for future tests. Hov, -ever, it should 

be noted that both domains can be treated similarly in niany regards (e. g. desiplin, 
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Figure 5.19: Difference plot of the offset gather corresponding to channel 225 between 

the base survey and the cross-equalized monitor survey matched using the wavelet 
domain. The matching produced a higher error here in comparison with that shown in 
Figure 5.20 where the time domain was used. 
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Figure 5.20: Difference plot of the offset gather corresponding to channel 225 between 
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1 

the base survey and the cross- equ ali zed monitor survey matched using the time domain. 

The matching produced a lower error here in comparison with that shown in Figure 5.19 

where the wavelet domain was used. 
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Figure 5.21: Difference stack plot between the base survey stack (Figure 5.2) and the 
stack of the cross-equalized monitor using the time domain. This can be compared to 
Figure 5.18, where matching was done using the same configuration but in the wavelet 
domain. The anomaly seen at time 2300-2500 ms CDP 1000-1400 should be ignored, 
as I reserve its discussion to the next chapter (Section 6.1.3). The plot here shows a 
better performance of cross-equalization than that shown in Figure 5.18. Therefore, 
the time domain gives a better performance. 
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Figure 5.22: Plot comparing predictability and NRMS of the two matching scheines: n 
tinie domain scheme versus wavelet domain scheme. Predictability and NRT\IS are 

calculated between the base survey stack and the cross-equalized stack for the two 

schemes. Predictability is higher and NRNIS is lower when the time domain was used. 
Therefore, the time domain is favoured. 
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input to include a certain time period or excluding an area from training). Therefore, 

the wavelet domain is not ruled out as a viable option, but rather the time domain is 
favoured in the analysis of this novel ANN implementation. 

5.3 Analysing ANN's input and increasing performance 

This section describes a few experiments conducted to optimize the network's input 

choice. It shows a progress towards a better ANN design, where "better" means both 

attaining a better matching between the time-lapse datasets and reducing the con1pu- 

tational time required. 

5.3.1 Geometrical information 

A project is defined to test the effect of including, as an input, information about, the 

relative position of the output trace rb to the input trace r,,,. The information includes: 

the shot number, the time position, the shot-x position difference, the shot-y position 

difference, the receiver-x position difference, and the receiver-y position difference. This 

input is taken in addition to the normal input described in Section 5.2.1. 

Figure 5.23 illustrates a comparison in the matching error between including and 

excluding geometry information within input patterns. There is an improvement in 

performance when including geometry information, but it is very small. On the other 

hand, comparison between the seismic difference plots do not show much improvement. 

The increase in performance is somewhat obvious as it allows the network to recog- 

nize how the mapping between the two surveys changes as a function of the geometrical 

information. The low improvement could be because the network is gathering the infor- 

mation from the other input data, where it is realizing that a certain pattern indicates 

that a certain mapping is required. Hoivever, since there is an improvenleilt. and since 

the geometrical information constitute a small number of input parameters and NN-ill 

not therefore increase training time significant ly, it is beneficial to include them. In 
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Figure 5.23: Error (MSE,,, Iid) plot comparison between including and excluding ge- 
ometry information within input patterns. The error is plotted against offset gather ZD 
matched (channel) and time period. The axis labelled "Time" signifies position in time, 
where the section 2100-2612 ms is split into four quarters (labelled 1-4) each with one 
network allocated to it. Geometry information reduces the error, but only by a very 
small amount. 

addition, the next section shows that this information is indeed important to the net- 

work. 

5.3.2 Comparing different input-configurat ions 

Previously, the input was defined to be one sample from each of the neighbouring traces 

to r,, (Figure 4.4) and a window of samples from the trace r, itself and a few other 

traces. In addition, the previous section introduced geometry as an additional input. 

Here, an experiment is designed to compare four alternative ways of defining input. 

In this experiment, the four configurations contain six input parameters representing 

the geometry information as defined in the last section. In addition, given a time 

position n of a target output, the input has a 13 sainple-window centred at n from 

trace r, and a five sample-window from the neighbouring traces (Figure 4.4). The 

difference is how many traces are involved. Table 5.1 defines the neighbouring traces 

involved in each of the four configurations. The idea in this experiment is to increase 

ei ime 6 
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performance by introducing a window of data froin all the related input traces. In 

addition, to avoid a large input size, the experiments assess using fewer traces than 

previously. 

Figure 5.24 compares the error (MSE,, Iid) between the different configurations. The 

figure also compares the four input configurations used here, to the previous best con- 

figuration ("WithGeom" in Figure 5.23). Other than "Window D", all configurations 

produce a worse result than the previous input definition. Seismic plot comparisons 

show similar conclusions to those attained from Figure 5.24. 'INITindow D" produces 

the best result, but contains a large number of input parameters. The next section 

explains how the performance of "Window D" is maintained while also reducing the 

number of input parameters. 

5.3.3 Connection weight analysis 

The discussion, given in Section 2.4.5, shows that by analysing the magnitude of the 

connection weights of a trained network, given the use of weight decay during training 

as in this study, allows one to identify the important inputs from the unimportant. 

This analysis was performed at different stages. This section describes one instance 

where this proved to be very useful. 

The input configuration of "Window D- shown in the previous section gaý, (, the 

best result. However, its large input size of 269 parameters as opposed to around 100, 

which was used previously in projects that give a comparable performance, makes it 

Table 5.1: Traces involved in the four input-configurations tested in the Window 

project. The gathers are abbreviated as follows: CS is common-shot: CNIP is common- 
midpoint; CO is common-offset; and CR is common- receiver. 

Project Gathers involved Gather positions rela- 
name tive to trace r,, 
Window A CS. CAIP, CO, and CR -1 to +1 
Window B CS, and CAIP -1 to +1 
Window C CS, and CAIP -2 to +2 
Window D CS, CMP, CO, and CR -2 to +9 
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Figure 5.24: Error (MSE,,, Iid) plot comparison between the different input configura- 
tions shown in Table 5.1 and the best configuration prior to this experiment "Previous 
Best". The error is plotted against offset gather matched (channel) and time period. 
The axis labelled "Time" signifies position in time, where the section 2100-2612 ins is 
split into four quarters (labelled 1-4) each with one network allocated to it. Clearly, 
"B" is the worst in error and "D" is the best. 

unfavourable to use. This is because training time and memory space required to store 

pattern files are increased largely (more than double). An attempt is made at analysing 

the weights of trained ANNs that used the input configuration of "Window D" in the 

hope that important inputs can be distinguished from unimportant ones. 

The weight analysis is conducted on many ANNs, which were trained for matching 

different offset gathers and different time periods within the matched section 2100--2612 

ins. Figure 5.25 shows one such analysis. In all analyses it is found that the inputs 

favoured by the network come from the col-n mon- offset gather traces in addition to the 

geometry information. 

5.3.4 Assessing the results of the weight analysis 

Taking the results of the weight analysis, the input to the networks is designed to 

comprise only the ones favoured by the network: geometry information and window- Z-D 

samples from traces coming from the c oni in on- offset gathers. Thus, the configuration is 

I ime 
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Figure 5.26: ANN topology used in the "Window D" experiment. The nodes are 
numbered following the convention used in Figure 5.25. 

similar to the "Window D" experiment except for the input. In addition, the topology 

used is similar (Figure 5.26), but with an input size of 89. 

Figure 5.27 compares the result of this experiment to that before reducing the input 

size. The performance is similar to the best in the last experiment. Therefore, this 

configuration is favoured, since it has smaller input size, and thus requires shorter 

training time. 

The results of the weight analysis and the experiment that followed it (Figure 5.27) 

seem to be surprising. Initially, it was thought that CMP and common-shot gathers 

are the most important, since those two provide what was thought to be the most 

important information, i. e. geology and source respectively. However, results in this 

section indicate that common-offset gathers are favoured by the network. 

Figure 5.28 offers an explanation to why input from the common- offset traces Is 

favoured. The common-offset gather traces not only share a common offset but also 

a similar receiver response since they all come from tI'(' same channel. The network 

might be favouring information that have most in common. In addition, input from the 

different positions within the common-offset gat lier enables scanning an area of ', geolo-x 
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Figure 5.27: Error (MSE,,, Iid) plot comparison between different input configurations 
before and after using only common-offset traces for input. The error is plotted against 

offset gather matched (channel) and time period. The axis labelled "Time" signifies 
time, where the time section 2100-2612 ms is split into four quarters (labelled 1- 

4) each with a network allocated to it. The experiments shown are that before the 

window experiment "Previous Best", the last with the most traces used in the Window 

experiment "U', and the experiment with only common offset gather input "Only CO". 

The matching in "Only CO" has similar error to "D". 
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and hence gives the network enough information to enable choosing the information 

most suitable and relevant to the output. 

5.3.5 Reducing the number of ANNs per offset 

One of the aims when assessing different input configurations is to reduce the number of 

ANNs required. This is to reduce the computational load and to enable averaging over 

the time section and thus to allow for horizontal reservoirs -'N-hich inight significaiitlY 

deteriorate the cross- equalization capability of the networks. Averaging can be done 

either by using another domain such as wavelet or frequency, or by reducing the number 

of networks allocated for a certain time section. Prior to the last changes described 

above, four ANNs were allocated to matching the 512 ms window (2100-2612 nis) 

within each offset gather. It was not possible to reduce the number while maintaining 

performance. However, since a few changes have been implemented successfully, it is 

appropriate to try to reduce the number of ANNs again. 

Now, an experiment is designed to see if less networks can be used within the selected 

training time section. The experiment is arranged in two parts. The first introduces 

two networks within the 512 ms and the second only one network. The configuration 

is otherwise similar to that in the last experiment. 

Figure 5.29 compares the results of this experiment with previous results. Both cases 

of using one and two ANNs per offset behave similarly to previous results, and in fact 

better in some instances. Since one ANN per offset reduces computation signific alit ly, 

it is chosen for future designs. 

5.3.6 Final test 

The results shown on the last few sections are promising. The conclusion of good per- 

formance was supported by analysing the error of the ANN matching to three offset 

gathers. In addition, the ANNs were applied to produce matched offset gathers. Anal- 

ysis on these gathers show similar results attained through the analysis of the error 
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Figure 5.28: Diagram shows how neighbouring traces from the same offset gather scan a 
strip of geology. Furthermore, by also including offset gather neighbouring traces from 
the two other streamers the geology scanned is within a 3D area. If these are included 
as input to a network, the most relevant information can be chosen that closely matches 
the target. In addition, those traces come from the same channel within the gather and 
hence have identical receiver response. 
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Figure 5.29: Error (MSEvalid) plot comparison between different input coil figurat ions 
before and after using only coinmon-offset traces for input and one ANN within 512 

, 'Is. The error is plotted against offset gather matched (channel) and time period. 
The experiments shown are "Only CO" with only common offset used for input but 

otherwise similar configuration to "Window D", and this experiment with only common 
offset gather input with two networks "Only CO with 2 ANNs", and with one network 
"Only CO with I ANN". The axis labelled "Time" signifies position in time, where the 

section 2100-2612 nis is split into four quarters (labelled 1-4) each with one network 
allocated to it in "Only CO". The position of the plot on the "Time" axis for the two 
latest experiments "Only CO with I ANN" and "Only CO with I ANN" are arbitrary. 
This experiment has similar error to "Only CO" 
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plots. However, to be certain of the credibility of the results, the matching needs to 

be done to a range of offsets to allow stacking. Comparison between matched stacks is 

easier and is visually more informative. 

ANN training and matching was applied on all offsets between channel 100 and 230. 

The matching follows the scheme developed in the last few sections, i. e. uses one ANN 

per offset to match the whole 512 ms time-section and uses only common-offset gather 

traces as input. 

Figure 5.30 shows the difference between the base survey stack and the stack of the 

cross-equalized monitor survey. In comparison with previous plots this shows a superior 

matching capability. Therefore, the changes discussed have proved very useful. 

5.4 ANN-matching in comparison with linear-matching 

This section illustrates the best ANN-matching, and compares the result to those done 

by a linear matching procedure. The configuration of the experiment is chosen so that 

it incorporates all the optimizations discussed in this chapter and Chapter 4. This 

allows a better judgement of the results than through previous experiments where a 

few aspects were not optimal. In addition, this section serves to consolidate all that 

has been discussed so far in terms of optimal configuration. 

5.4.1 Matching using ANNs 

Configuration 

The matching is done in the time domain where one ANN is allocated per offset for the 

whole 512 ms (the time section 2100-2612 ms). In addition, normalization of patterns 

is done as suggested in Section 4.4-1, topology as suggested in Section 4.3, and training 

as described in Section 4.5. The ANN topology used is illustrated in Figure 5.31. 

The training patterns are created as follows: for each sample at time t. offset m, 

and CDP X, a possible training pattern is created. The target output i., -; the sample at 

time t from a trace rb at CDP x and offset tiý from the base survey. The input consists 
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Figure 5.30: Difference between the base survey stack and the stack of the cro'ss-equa- 
lized monitor survey when only common-offset traces are used for input and one ANN 
within 512 ms. The anomaly seen at time 2300-2500 ms CDP 1000-1400 should be 
ignored, as I reserve its discussion to the next chapter (Section 6.1.5). The network 
configuration here produces a better matching to that illustrated in Figure 5.21 
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Figure 5.31: ANN topology used in the final matching test. One time sample from the 
base survey is used as a target output. Input patterns are six geometrical parameters 
(Section 5.3-1), a window of samples spanning 96 ins from the monitor (13 samples) 
at the nearest coinciding trace r, from the monitor survey., and windows of 32 ms (5 

Samples) from the offset gather neighbouring traces, see Figure 5.32. 
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of six geometrical parameters (Section 5.3.1), and seismic input from trace r, (nearest 

to Tb in CDP and offset) from the monitor survey and 14 other traces close to r,. The 

exact seismic input and output is defined in Figure 5.32. 

One ANN is allocated for one offset, and hence any pattern created for that offset 
is used by that ANN. During training, a random half of the patterns is shown to 

the network as training patterns, and the other half to cross-validate training. After 

training and during application, all the input patterns are passed through the nem'orks 

to produce the full cross-equalized dataset. 

All the offset gathers corresponding to channels 100-230 are matched. This is 

possible because the computational time is much faster. The experiment took one day 

on a cluster of 16 computers or approximately 16 CPU-days, which is significantly 

less than the 220 CPU-days reported in the first test in Section 5.1.1 while actually 

matching more offset gathers. 

Results 

Figure 5.33 shows the stack plot of all the data from the base survey. ANNs were used 

to produce a cross-equalized pre-stack dataset from the monitor survey to match the 

pre-stack dataset used to produce the stack in Figure 5.33. This cross-equalized dataset 

was processed and stacked according to the processing-flow shown in Table 3.2. 

The stack plot of the cross-equalized monitor survey is shown in Figure 5.34. In 

comparison with Figure 5.33, Figure 5.34 is near identical and thus illustrates that the 

two time-lapse surveys are well matched by ANNs. 

The stack of the ANNs' cross-equalized dataset (Figure 5.34) is subtracted from 

the base survey stack (Figure 5.33) to get a vistial measure of the error in matching. 

Figure 5.35 shows the difference plot, which illustrates a very good matching capability. 

The result of this matching exceeds result, s attained by the early scheme configuration's 

(shown earlier in this chapter) and by linear methods that are,, liown in the next section. 



5.4 ANN-matching in comparison with linear-matching 217 

Input 

c 

a- 

Offset gather 
from top inline of 
monitor survey 

Offset gather 
Eý e from middle inline 

of monitor survey 

Offset gather 
0 10 00e Eý 6 from bottom inline 

of mooitor survey 

CDP/ x-position 

c 
ather 
n1me of 
rvey 

(a) Týraces involved: each trace is represented by a circle, where time is perpendicular to the page 

Input Target 
Output 

neighbour to 
trace r, trace r, trace r, 

Sample 96ms Sample 32ms Sample 
at time=t centred at time=t centred at time=t 

at time t at time t 

(b) Samples involved 

Figure 5.32: The seismic input-output to the network during training to perform pre- 
stack cross-equalization. Given that a certain sample - at time t, offset m, and CDP 

x- is to be matched, (a) shows the traces involved in training the network, and (b) 

shows the exact seismic input and target output. Thus, the target output is the sample 
at time t from a trace rb at CDP x and offset m from the base survey, and the input 
is from trace r. from the monitor survey (nearest to rb in offset, and CDP or shot x- 
and y-position) and from 14 neighbouring traces to r, The neighbouring traces are 
those shaded in (a). The exact seismic input is a window of 96 ms (13 samples) from 

trace rm and windows of 32 nis (5 samples) from the 14 neighbouring traces, where all 
these windows are centred at time t. 

Target 
Output 

CDP/ x-position 



5.4 ANN-matching in comparison with linear-matching 

c 
c 

c 
c 
cc 
T, 

c 

c 
c 

0 
0 

0 
0 
C 
1 

C 
0 
00 

CD 
CD 
(D 

0 
0 
It 

0 
0 
C\j 
C\l 

4p. t- X, 
- 

4F 

Al 

Ar 

ArWF 'A 

"o 
Id 

.0, ---. 0 ý01 - 

4OF - 

Ar. 

Ar 
AZ7 

m 4F- ar 40 
A 

go ý11 ý 
-- 

-ý WE 
------* 

ýw 

-- --ý 

Ln 
-T-j 
co 

Cý Cý Cý C\i (Dos)-awl-L 

0 0 LO LO 

6 C5 x 

218 

Figure 5.33: Seismic stack plot of all the offset gathers of channels 100-230 of the 
base survey. ANNs were used to produced a cross-equalized pre-stack dataset from the 
Monitor survey to niatch those used to produce this stack. This plot is thus used for 
comparison with results achieved after cross-equalization. 
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Figure 5.34: Seisn-lic stack plot of the cross-equalized monitor survey using the best 
Cmifiguration. This can be compared to the stack plot of the base survey (Figure 5.33) 
Plotted to the san-le scale. The plots are near identical and thus the matching is very 
good. 
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Figure 5.35: Difference between the base survey stack (Figure 5-33) and the stack of the 
cross-equalized monitor survey using the best configuration (Figure 5.34). This sliotA, s 
a very low error in matching when compared to the difference plots achieved after 
cross-equalization using linear methods (cf. Figure 5.38. Figure 5.39, and Figure 5.40). 
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Figure 5.36 shows the seismic and amplitude spectrum at pre-stack CDP 1293 of 

the ANN cross-equalized monitor survey in comparison with that of the base surý-ey. 

The two spectra are near identical. The seismic data indicate good matching achieved 

by ANNs. This seismic is further compared in Figure 5.37. which shows a close-up of 

the seismic. The figure show minor differences between the base survey and the A_N. N 

cross-equalized CDP gathers. The most significant difference occur in Ole reservoir 

area, and may thus be production- related. 

5.4.2 Matching using linear filters 

To compare ANN cross-equalization results, cross-equalization was also done using the 

linear method that was described in Section 1.2.2. This method estimates three scalar 

misfit parameters (amplitude, time, and phase) between two traces (or time series) and 

then corrects for those misfit parameters. The aim is to show a fair comparison with 

the matching achieved by ANNs. Therefore, the matching is done pre-stack on the 

same data matched by ANNs. The complication is how to use the linear method to do 

some form of global matching. 

One ANN is allocated for each offset gather and thus it seems appropriate to com- 

pare ANN-matching to the matching of one linear filter averaged for the whole offset. 

However, ANNs have the ability to incorporate many more free parameters than the 

linear filter which only contains three parameters. In addition, an ANN is capable of 

varying its matching across the offset gather. If one chooses to estimate a filter for 

each two time-lapse traces, then a lot more free parameters are involved and the linear 

matching is able to vary matching across the offset gather. However, this linear method 

would be prone to obliterating product ion-related anomalies. Therefore, it is appropri- 

ate to estimate a semi-global filter that averages its parameters across a certain range 

of traces. 
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Figure 5.36: Spectrum of the ANN cross- equal iz ed monitor survey in comparison with 
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Figure 5.37: Pre-stack CDP 1293 of the ANN cross-equalized monitor survey in coin- 
parison with that of the base survey. The base survey gather is shown on the left 

and the ANN cross-equalized gather on the right. The seismic is NMO corrected and 
scaled globally. The gathers are the same ones shown in Figure 5.36, but the amplitude 
polarity is reversed here. The labels "TB", "Os", and "BB", shown oil the lower right 
side, are introduced to indicate the position of the Top Brent, Oseberg, and Base Brent 
Horizons, respectively (see Figure 3.11(b)). The two seismic gathers are near identical 

with only minor differences. A significant difference occurs between the Top Brent and 
Oseberg horizons, which may be product ion-relat ed - 
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Configuration 

The linear matching was conducted in several ways: local matching, global matching, 

and several semi-global matchings. The local matching considers in each instance one 

trace rb (512 ms) from the base survey and match the nearest corresponding trace r.. 

(512 ms) from the monitor survey. The global matching estimates the filter for each 

two time-lapse traces, rb and r, along the offset gather, and then averages the filter 

and applies the averaged filter to the whole offset gather. The semi-global estimates 

its filter across a certain range of traces within an offset gather and then applies the 

average to the middle trace, and does so along the whole offset gather. The semi-global 

matching was run in four different modes where averaging is done across 11,21,51, 

and 101 traces. The local matching is expected to give the best matching, while the 

global is expected to give the worst matching, and the semi-global a result between the 

two. 

In the global and semi-global matching, the "average" of the misfits is the mean 

of the amplitude misfits, the median of the time misfits, and the median of the phase 

misfits associated with the median time MiSfit2. In semi-global modes, if a trace to be 

matched is close to the boundary, the misfits are an average of the specified range of 

traces without requiring the trace to be at the middle of the range. Therefore, if trace 

no. 11 is to be matched using a range of 51 traces, then the averaging is over 51 traces 

involving the first 10 traces, trace 11, and 40 traces after it; after the first 20 traces and 

before the last 20 traces, the trace concerned is not at a boundary and thus averaging 

is over 51 traces that involve the trace itself and 20 traces from either side. 

Results 

The linearly cross-equalized monitor survey datasets were processed and stacked in a 

similar fashion to the ANN cross-equalized dataset. The stacks were subtracted from 

2 As explained in Section 1.2.2, for every time misfit there is a corresponding phase misfit. Therefore, 

once a time misfit value ; r- (the median time misfit) is selected, then there are a number of phase misfits 

associated with every time misfit that has the value -T, and thus it is possible to calculate the median 

phase misfit from those. 
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the base survey stack (Figure 5.33) to produce plots that act as a visual representation 

of the error in matching. In addition, these plots can be compared to the difference plot 
in Figure 5.35. Three plots are shown here: the difference plot after local matching 
(Figure 5.38), after global matching (Figure 5.39), and after a semi-global matching 

using a range of 51 traces (Figure 5.40). 

The local matching is the best and the global is the worst as expected. ANN match- 
ing is superior as it even produces a better matching than the local linear matching. In 

addition, linear matching deteriorates significantly in areas with relati-, -ely strong eý%, eiit 

dip. This is even more significant with more global matching. 

Figure 5.41 shows a close comparison on pre-stack data between the ANN ýuid 

linear (local) cross- equal iz at ions. The figure illustrates further the superiority of ANN 

matching. Although ANN cross-equalization does not produce an identical match to 

the base survey, all the main events are matched. Most of the differences are minor 

and not consistent within the different offsets, and may therefore disappear during 

processing to stack. On the other hand, the linear cross- equalization found optimum 

linear misfits and corrected for those but, in doing so, it introduced spurious ekvilts in 

areas where the misfits are not optimal at that local interval. Spurious event,,,;, such as 

the peak at 2310 ms and the trough at 2380 ms, are significant and consistent within 

the different offsets and may therefore appear as large differences after stacking. 

5.4.3 Quantitative comparison 

In this sub-section, a few quantitative measures of the matching performance are shown. 

This gives a better measure of the matching capability, and provides a better compar- 

ative measure. The three quantitative measures are predictabilitY, normalized root 

mean square (NRAIS), and residual root mean square (RRMS). These , ý-ere defined in 

Section 4.7. 

Figure 5.42 shows the predictability graph. The figure illustrates that ail ANN 

produces better matching through its ability not only to correct linear inisfits but the 



5.4 ANN-matching in comparison with linear-matching 

C\j 

c 
c 
c 
C\j 

c 
c 
00 
T- 

c 

c 

c 

C 

C\l 

0 
T- 

0 
0 
00 

0 
0 
(D 

0 
0 
Ict 

0 
so !: ý , ý- 

-,. --- 

- k- "119- --- - .1-! dr 
-iw -uL4W 

. 0. _ý d@L- 

ot, z ., 04- 

-OIL 
7 9w 

- in. -4 -- -, --: --- ,- 
7ý- .- .1-- 

- 
ý, _,, -A* 

-W 
. 4" - -- 

AW- -- 
. Ir 

- 
_mow- 

41OZ 

-. -- - mi; -W ., - -= '-! ý -- -Am -t-. Mil.. 

A. 
=-sea aw 

Qw- 
Aw. 

4L low Awbý 

AN- 
NOW Z 

- --. .-2; jlb th. , 
jr - 

, low 

av to 

for 

wl- 

- 
OV- 1 

_- -11. Wý - imwý -- -041- -- 

p mol- -wool 

A! 
AM 

. or 

C"i CY) LO 

cý cý cý Cj C\i CM 
(Das). awl]L 

mar- ým u-) CD CD LO CD LO CD T- 
c5 c5 x 

226 

Figure 5.38: Difference between the base survey stack and the stack of the cross-cqtm- 
lized monitor survey using linear cross-equalization method with local mode. The local 

mode estimates a filter for each two time-lapse traces. The plot represents the error 
0 

in matching, and represents the best matching in comparison with the more global 
Matching with the same linear method (cf. Figure 5.39 and Figure 5.40). However, the 

result is worse than that seen when ANNs were used (Figure 5.35). 
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Figure 5.39: Difference between the base survey stack and the stack of the cross-equa- 
lized monitor survey using the linear cross-equalization method Nvith global mode. The 
global mode estiniates a filter for all two time-lapse traces -, vithin an offset gather 
and then avera, ges the filter and applies it to all the traces within the gather. The plot 
represents the error in matching, and represents the worst matching in comparison with 
less global matching Nvith the same linear method (cf. Figure 5.38 and Figure 5.40). 
T hvw, ýi here increases in areas with strong dip (at CDP 1600 1800 
and lass so at CDP 12004-11ý0). 

i 
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Figure 5.40: Difference between the base survey stack and the stack of the cross-equa- 
lized monitor survey using the linear cross-equalization method -, ý-itli seiiii-global niode 
involving averaging over 51 traces. This mode estimates a filter for all two time-lapse 
traces within an offset gather and then averages the filter for each 51 traces within the 
gather, and applies the filter to the middle trace and does so for all the traces within the 

gather. The plot represents the error in matching, and shows a performance midway 
global matching (cf. Fig-tire 5.38 and Figure 5.40). 
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Figure 5.41: Close comparison between the different datasets at the near offset of CDP 
1293. Four traces are shown from each of the following pre-stack datasets (from left 

to right): the ANN cross-equalized monitor survey, the base survey, the linear (local) 

cross-equalized ii-ionitor survey, and the monitor survey. The ANN cross-equalized 
traces are a close match to those of the base survey; whereas, the linear (local) cross- 
equalized traces are far less similar. The ANN cross-equalization is superior over the 
linear cross- equalization at the time intervals 2220-2250 ins, 2300-2330 ins, and 2370- 
2410 ins. Although linear cross- equalizat ion optimized its matching globally along each 
trace and thus corrected for all major events; nevertheless, it introduced spurious events 

at the named time intervals where the correction was not locally optimal. 
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non-linear misfits. Predictability is highest in areas with relatively high signal- t o- noise 
ratio (CDP 1200-2200). ANN matching produces a very high predictability value of 
about 98 in high signal-to-noise ratio areas and at around 92 elsewhere. On the other 
hand, both modes of the linear method behaved similarly at CDP 1200-1600 with a 
value of around 93 and drop to around 72 for local and 68 for global at CDP 300-1200. 
Interestingly the drop in predictability at low signal-to-noise area (CDP 300-1200) is 
more significant with linear methods which may suggest that ANN cross-equalization 
is more robust against noise. 

Figure 5.43 shows the NRMS graph. Again ANN-matching is indicated to be su- 

perior over its linear counterpart. NRMS picks well the area which is matched poorly 

with linear methods (CDP 1600-1800, and around CDP 1200). This deterioration in 

matching is related to areas with relatively steeper reflector dip. The NRMS for ANN 

matching is 20 in areas with high signal-to-noise ratio (CDP 1200-2200), and between 

40 and 60 elsewhere. 

Figure 5.44 shows the RRMS graph. This confirms that the ANN-matching is 

superior over the linear- matching. In addition, the graph shows the matching error 

in terms of percentage root mean square of the base survey. The value is around . 4% 

for ANN-matching at high signal-to-noise ratio. Therefore, one can expect the ANN 

cross- equalization scheme to be able to pick production anomalies that are of this order 

of magnitude or higher with respect to the surrounding seismic, but not much lower. 

This conclusion is tested in Chapter 6. However, it is likely that this percentage is very 

dataset dependent. 

Figure. 5.45 shows a cross-plot of predictability versus NRMS of the ANN cross- 

equalized monitor stack traces and the base survey stack traces. Similar plots of the 

local linear matching and the global linear matching are shown in Figure 5.46 and 

Figure 5.47, respectively. 

To interpret these plots, one can consult the synthetic plot given in Figure -1.35, 

where it was shown that predictability versus NRNIS plot moves rightward due to linear 
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Figure 5.42: Graph of predictability between the cross-equalized monitor stack traces 
and the base survey stack traces. Predictability is plotted against the CDP as a smooth 
curve. The graph illustrates and compares results of ANN matching, both global and 
local linear matching, and predictability between the base and the unmatched monitor 
stack '92 unmatched'. The linear matching predictability follows closely that of the 

unmatched monitor. This is because linear corrections do not alter predictability, 
whereas ANN through non-linear transforms can. This can be envisaged through ANN's 

ability to take into account alteration in trace position and correct non-linearly for it, 
and through its ability to suppress noise by not being able to match it. ZD 
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Figure 5.43: Graph of normalized root mean square (NR1\1S) between the cross-equa- 
lized monitor stack traces and the base survey stack traces. NRMS is plotted against 
the CDP as a smooth curve fit. The graph illustrates and compares results by ANN 

matching and both global and local linear matching. As in Figure 5.42, the performance 
of all the matching methods drops in areas of lower signal-to-noise ratio (CDP 300- 
1200). The graph illustrates the superiority of ANN matching with a value of around 
16 in high signal-to-noise areas (CDP 1200-2200). Interestingly, the linear methods 
seem to struggle at CDP 1600-1800. This could be because of the relatively steeper 
dip angle. 
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Figure 5.44: Graph of residual root mean square (RRXIS) between the cross-equalized 
monitor stack traces and the base survey stack traces. RRMS is calculated according to 
Equation 4.6 and is plotted against CDP as a smooth curve fit. The graph represents 
the error in matching in terms of RXIS. This again shows the general superiority of ZI) 
ANN matching over its linear counterpart. The RRMS is at around 4% in the area 
with better signal-to-noise ratio (CDP 1200-2200). 
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misfits and both downward and rightward due to non-linear misfits. Here, the plots 
illustrate the ANN's superiority in matching due to its non-linear transform ability. 
In addition, it shows how the global matching suffers due to the global averaig"19. 
Although the ANNs perform a form of global averaging, they still manage to optimize 
their matching. 

5.4.4 Conclusion 

In conclusion, it was shown that ANN-matching offers superior results to linear- mat climg 

Conventionally, cross- equaliz at ion using linear methods is done in stages: e. g. re- 

aligning traces to a common grid, applying semi-global cross-eqtialization pre-stack 

along offset gathers, and later doing a more local cross-equalization. However, tile 

attempt, discussed here, was to show a fair comparison, and it is important to note 

that both methods could be improved upon. 

The two time-lapse surveys used share very similar geometry in terms of source- 

source and receiver- receiver spacing and azimuth. Since linear methods requires trace- 

to-trace relation achieved by similar geometry or interpolation to a common grid, it is 

possible to reason that ANN cross-equalization is more superior to linear cross-equa- 

lization in cases with very different geometries. 

5.5 Summary 

This chapter aimed to investigate the ability of ANNS to match two time-lapse datasets. 

The wavelet domain was initially chosen for training patterns in order to reduce the 

computational cost, and to ensure applicability to a reservoir area when training is 

done elsewhere. Initial tests gave promising results and highlighted several issues to be 

addressed, thus enabled the advanced scheme to be built. The application oil initial 

test took 220 CPU days to cross-equalize 512 ins of 56 offset gathers. 

The time domain was analysed for suitability, and proved both suitable and coin- 

petitive to the Nvavelet domain. The time domain Nvas carried forward iu, the domain 
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Figure 5.45: Cross-plot of predictability versus NRIVIS between the ANN cross-equa- 
lized monitor stack traces and the base survey stack traces. The left edge of the plot is 
higher than the plots for the linear (Figure 5.46 and Figure 5.47). This is because the 
linear cannot change predictability while ANNs, through lion-linear transforms, have 
the ability to increase it. The plot is also very narrow suggesting that linear misfits are 
well corrected. 
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Figure 5.46: Cross-plot of predictability versus NRMS between the local linear cross- 
equalized monitor stack traces and the base survey stack traces. The left edge of the 
plot is lower than in the ANN plot (Figure 5.45) and similar to the global linear plot 
(Figure 5.47) since predictability is not enhanced by linear correction, but enhanced by 
the non-linear correction achieved by the ANN. The plot shows less scatter than the 
global plot, since here each trace is corrected optimally with no averaging. 
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Figure 5.47: Cross-plot of predictability versus NRMS between the global linear cross- 
equalized monitor stack traces and the base survey stack traces. The left edge of the 
plot is lower than in the ANN plot (Figure 5.45) and similar to the local linear plot 
(Figure 5.46), since predictability is not enhanced by linear correction, but enhanced 
by the non-linear correction achieved by the ANN. The plot shows more scatter than 
the local plot since here each trace is not corrected optimally due to averagiii, (7y,, I 
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to work on. The scheme initially required four ANNs per offset. AN'N topology was C), 
relatively large with around 60 nodes in the first hidden laver and 30 nodes in the 

second. 

Tests were carried out to optimize the input choice and reduce the topology. This 

was successful leading to a better configuration. Now, one ANN is allocated per offset 

with a small topology and more optimal pattern choice (Figure 5.31). The final test 

with optimal configuration took 16 CPU days to cross-equalize 512 ms of 130 offset 

gathers, representing a speed-up of about thirty times. 

ANN matching was analysed and compared to linear methods. The matching 

achieved by ANNs was shown to be superior, partly due to its ability to achieve non- 

linear transforms. The final ANN cross-equalized monitor survey stack (Figure 5.34) 

when compared to the base survey stack (Figure 5.33) produces the difference plot 

shown in Figure 5.35, and has a predictability of 98%, NRMS of 20, and RRMS of 

4%. These values are compromised slightly in areas with low signal-to-noise ratio with 

predictability being around 92%, NRMS around 50, and RRMS around 10%. However, 

the compromise is far lower than that seen in linear methods. 



Chapter 6 

Further Investigation on ANN 

cross- equalization 

Any successful cross- equalization needs to be able to preserve genuine production- 

related anomalies, while performing an otherwise good matching. Therefore, it is nec- 

essary to assess ANN ability to preserve desired anomalies while matching otherwise. 

The two time-lapse datasets, used in this work, do not ha%, -e a clear genuine produc- 

tion-related time-lapse anomaly nor are they predicted to have a strong anomaly (Sec- 

tion 3.2.2). Hence, to assess better the ability of desired-anomaly preservation, a syn- 

thetic anomaly is introduced and its preservation is tested. Practically, introducing a 

synthetic anomaly has an added advantage in that both its location and magnitude 

are known. Therefore, testing the ability to preserve genuine time-lapse anomalies can 

be performed with more confidence, and not only qualitatively but also quaiititati-ývlv. 

This chapter will describe work conducted and results achieved while assessing ANN 

as a cross- equalizing tool that should preserve genuine time-lapse anomalies. 

The chapter also contains a section that analysis an alternative cross-equaliza- 

tion procedure. It investigates post-stack cross-equalization, and compares the results 

achieved to those of pre-stack cross- equaliz at ion - 
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6.1 Preserving desired anomalies 

A synthetic anomaly is introduced pre-stack between the Top Brent and the Base 

Brent horizons (Figure 3.11) in the base survey. The anomaly is between these two 

horizons, and in the CDP range 1050-1450 and the time interval 2280-2512 ins. The 

new pre-stack dataset will form our new base survey. Figure 6.1 shows the location 

of the introduced anomaly. In addition, Table 6.1 defines and sets abbreviations for 

the different datasets used. The abbreviations are introduced for simplification and iii 

order to avoid confusion. 

ANN will be used to produce a cross-equalized monitor survey dataset (NewXEq- 

MonitorDataset) to the new base survey dataset (NewBaseDataset). C ross- equalization 

will be conducted as described in the previous chapters (Section 5.4.1). However, in- 

stead of the original base survey (BaseDataset) the new base survey with a synthetic 

anomaly (NewBaseDataset) will be used. 

The introduced anomaly is different from the acquisition differences and can be 

treated as a genuine production- related time-lapse anomaly. This anomaly should be 

preserved by any successful cross- equaliz at ion. It follows that the NewXEqAlonitor- 

Dataset should be a match to the original base survey (BaseDataset), which contains 

no anomaly. The NewDifferenceDataset (the difference dataset between the NewXE- 

qMonitorDataset stack and the NewBaseDataset stack) should be similar to the Dif- 

ferenceDataset (the difference dataset between the XEqMonitorDataset stack and the 

BaseDataset stack, e. g. Figure 5.35), but with the introduced anomaly preserved. Thus, 

whereas it was desirable to see the DifferenceDataset near zero, it is desirable to see 

the NewDifferenceDataset showing the introduced anomaly as in the AnomalyDataset, 

where AnomalyDataset is the difference between the NewBaseDataset stack and the 

BaseDataset stack. 
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Table 6.1: Definition of several important datasets used in Chapter 6. The main 
datasets used are defined with an abbreviation and a description. If the ANN cross- 
equalization scheme works perfectly, then the DifferenceDataset should be zero, and 
the NewDiffeTenceDataset should equal the AnomalyDataset. 

Abbreviation Description 
BaseDataset The original base survey acquired in 1989. 
MonztorDataset The original monitor survey acquired in 1999 
XEqMondorDataset The monitor survey after cross- equalization to 

match the base survey. Therefore, during ANNs 
training, the input is the MonitorDataset and the 
target output is the BaseDataset. The actual out- 
put is this dataset. 

DifferenceDataset The difference between the BaseDataset stack and 
the XEqMonitorDataset stack. 

RawDifferenceDataset The raw difference before any cross-equalization 
between the BaseDataset stack and the Monitor- 
Dataset stack. 

NewBaseDataset The base survey after introducing a pre-stack syn- 
thetic anomaly. This anomaly acts as a time- 
lapse anomaly between the NewBaseDataset and the 
MonitorDataset. Note that the anomaly size is dif- 
ferent in the different sections within this chapter. 

AnomalyDataset The difference between the NewBaseDataset and the 
BaseDataset. Thus, this shows the actual anomaly 
introduced. 

NewXEqMonitorDataset The monitor survey after cross- equaliz at ion to 
match the NewBaseDataset- Therefore, during 
ANNs training, the input is the AlonitorDataset and 
the target output is the NewBaseDataset. The ac- 
tual output is this dataset. 

NewDifferenceDataset The difference between the NewBaseDataset stack 
and the NewXEqMondorDataset stack. 

NewRawDifferenceDataset The raw difference before any cross-equalization be- 

tween the NewBaseDataset stack and the Monitor- 
Dataset stack. 
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Figure 6.1: Location of the introduced synthetic anomaly on the base survey (Base- 
Dataset) stack. The synthetic anomaly is introduced pre-stack between the Top Brent 
and the Base Brent horizons (Figure 3.11) in the BaseDataset. The anomaly is between 
these two horizons and in the CDP range 1050-1450 and the time interval 2280-2512 
ms. Note that although the location of the anomaly is shown here after stacking, the 
anomaly is actually introduced pre-stack. The entire pre-stack dataset with the added 
anomaly forms the new base survey (NewBaseDataset). A cross-equalized dataset 
(NewXEqMonitorDataset) is to be produced from the monitor survey (MonitorDataset) 
that matches the NewBaseDataset, but preserves the introduced anomaly. 

6.1.1 Designing the anomaly 

The choice was made to set the introduced anomaly as a percentage gain in amplitude 

at the desired location. It is also desired that this anomaly is not abrupt in nature 

and should have smooth edges. This ensures that the data are not severely changed in 

character by altering the bandwidth through introducing sharp edges. 

The synthetic anomaly is designed in the seismic processing package ProNIAX. The 

anomaly is desi ned by: firstly, making a copy of the pre-stack BaseDataset and setting 9 

every sample value to one; secondly, applying a fractional anomaly between the Top 

and the Base Brent horizons as picked in the BaseDataset stack section (e. g. set the 

sample values to 1.10 to get a 10% gain); thirdly, a reverse move-out is applied to 

the BaseDataset copy to make sure the anomaly is at the right pre-stack position; and 

finally, multiplying the edited BaseDataset copy with the original pre-stack BaseDataset 

to generate a new base survey dataset with an anomaly (NewBaseDataset). Figure 6.2 

shows all the major steps involved. 
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1. The base survey is stacked. 

2. Two horizons are picked in the CDP range 1050--1450: 
a TopHorizon along the Top Brent; and aBottomHorizon along the Bottom Brent. 

3. Make a copy of the whole pre-stack base survey. Save it as aBaseCopy 

4. In aBaseCopy, set all samples equal to one. 

5. Make a repeat of each trace in aBaseCopy, i. e. each trace has an equivalent copy. 

6. For Each second copy of traces in aBaseCopy: 

6.1. Apply a top mute along aTopHorizon with a 15ms ramp. 

6.2. Apply a bottom mute along aBottomHorizon with a 15ms ramp. 

6.3. Multiply each sample by a set fractional value (aValue) between +1 and -1. 

6.4. Apply a trace weighting, where the value of a sample is ramped from zero to 
100% from CDP 1050 to 1100 and from 100% to zero from CDP 1400 to 1450. 

7. Add the two copies of each trace in aBaseCopy 

8. Apply a reverse normal move-out: This moves the introduced anomaly to the correct 
time position for pre-stack data. 

9. Save the dataset as aBaseAnomaly. This dataset holds the required fractional 
anomaly to be applied on pre-stack data of the base survey. 

10. Multiply each sample in the pre-stack base survey with that in aBaseAnomaly. 

11. Save the new dataset as the new base survey with added synthetic anomaly. 

Figure 6.2: Structural chart showing how the synthetic anomaly is designed and applied 
to the base survey. The anomaly applied on the base survey copy. aBaseCopy, in (4)- 
(7) is positioned according to the horizon picking on the base survey stack in step (2). 

Therefore, step (8) makes sure that the fractional anomaly is reverse moved-out to 
be appropriate to be applied to a pre-stack dataset. The mute ramping in (6-1) and 
(6.2) and the trace weighting in (6.4), ensures that the anomaly applied has smooth 
boundaries, and is limited in CDP and time range. 
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The anomaly was designed as a certain percentage gain in amplitude. This percentage 

anomaly (or fractional anomaly) was set at a location defined b. y horizons picked on 

the BaseDataset stack section. Since the velocity model is not absolutel\ý accurate. the 

anomaly introduced is not maintained in exact location and magnitude after reverse 

move-out to produce a pre-stack dataset with anomaly and after normal move-out when 

processing the new dataset to stack. Therefore, another measure is defined to quailtify 

the anomaly. 

The anomaly introduced is localized in the CDP range 1050-1450 and the time 

interval 2280-2512 ms between the Top Brent and the Base Brent horizons. There- 

fore, to compare a dataset (e. g. the BaseDataset, or a NewXEqMonitorDataset) to the 

NewBaseDataset, a measure is defined to compare the total WINIS amplitude of each 

dataset at the anomaly location. Thus, if the NewBaseDataset stack is x and the 

dataset compared to it is y, then the anomaly is measured as follows: 

Anomaly = 100 x 
RMSI,,, (x) - RMSi,,, (y) 

(6-1) 
RMSI,,, (. z-) 

The root mean square operator at the anomaly location (RI\ISI,,, ) is defined as: 

C 
P1 I: t2 (X(t))2 

FýECD 

EF2 P1 tj 
RMSioc(x(t)) N 

(6.2) 

where N is the number of samples in the CDP interval CDP2-CDPj (1050-1450) and 

the time interval tl-t2. The time interval is defined as the mterval between the Top 

Brent and the Base Brent horizons, at the CDP range 1050-1450 and witliin the thne 

interval 2280-2512 ms. 

Clearly, Equation 6.1 allows a measure of both the original synthetic anomaly intro- 

duced and the preserved anomaly in the cross-equalized datasets. The original anoinaly 

introduced is quantified by setting Y to be the BaseDatasct stack. On the other hand, 

the preserved anomaly in the cross-equalized dataset is measured by setting y to be the 
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NewXEqMonitorDataset stack. 

It is important to note that the synthetic anomaly is introduced in a regloii of 
the dataset where amplitudes are approximately a factor of four lower than the much 

stronger events immediately above. Since detecting week anomalies below stronger re- 
flectors is difficult, it may have been more appropriate to use the amplitude of the strong 

events RMSstrong (X) to normalize the difference in Equation 6.1. In addition, usually an 

anomaly is quoted by summing the RMS over the entire trace and normalizing likewise. 

i. e. the time interval for RMSI,,, becomes 2100-2612 ms. If the later is done, then the 

% introduced anomalies discussed in Sections 6.1.3,6.1.4 and 6.1.5 become 5.5%. 3.0(Y(, 

and 1.9% instead of the quoted 23.9%, 14.5%, and 9.6%, respectively. 

6.1.3 Assessing preservation of a desired 23.9% anomaly 

The first test conducted introduced a relatively large anomaly to the pre-stack dat, aset 
N 

of the original base survey (offset gathers of channels 101-230). The stack of the original 

base survey (BaseDataset) is shown in Figure 6.3, and the stack of the new base survey 

with the introduced anomaly (NewBaseDataset) is shown in Figure 6.4. The anomaly 

introduced has a value of 23.9%. This anomaly is clear in Figure 6.5, which displays 

the AnomalyDataset, i. e. the difference between the BaseDataset stack (Figure 6.3) 

and the NewBaseDataset stack (Figure 6.4). 

ANNs were used to cross-equalize the MonztorDataset to match the NewBase- 

Dataset. The configuration is identical to that reported in Section 5.4.1. Figure 6.6 

shows the stack plot of the cross-equalized dataset (NewXEqMonitorDataset). The 

plot shows ANN ability to match in such a way that normalizes acquisition differences 

and retains the synthetic. This ability is well illustrated in the NewDifferenceDataset 

shown in Figure 6.7, which is similar to Figure 6.5 as it should be. 

Figure 6.8 shows a zoom at the anomaly location and compares the NewDiffercticc- 

Dataset to the AnomalyDataset, and thus allows a better assessment of the preservation 

of the anomaly or otherwise. This figure shows a further ýisý, urance tliat the anonialy 
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Figure 6.3: Seismic stack plot of all the offset gathers of channels 100-230 of the ori--inal base survey (BaseDataset). 
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Figure 6.4: Seismic stack plot of all the offset gathers of channels 100-230 of the base 
survey with a 23.9% anomaly (NewBaseDataset). The anomaly is introduced at the 
location defined in Figure 6.1. ANNs were used to produced a cross-equalized pre-stack 
dataset (NewXEqMonz'torDataset) from the monitor survey (AfonitorDataset) to match 
those used to produce this stack. 
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Figure 6.5: Difference plot, between the BaseDataset stack (Figure 6.3) and the Neu'- 
BaseDataset stack (Figure 6.4), showing the introduced 23.97( anomaly. 
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Figure 6.6: Seismic stack plot of NewXEqMonitorDataset, i. e. the cross-equalized nion- 
itor survey when matched to the base survey with 23.97( anoinaly (NewBaseDataset). 
This can be compared to the NewBaseDataset stack (Figure 6.4) and the BaseDataset 

stack (Figure 6.3), plotted to the same scale. The plots are similar and thus the match- 
ilig is very good. The matching also shows that the NewXEqAlonitorDataset stack is 

iiiore similar and near identical to the BaseDataset stack (compare at CDP 1050-1450 

and time 2280-2512 nis). Therefore, ANN preserved the anonialy introduced in the 
NewBaseDataset (Figure 6.4) by not replicating it here ill the NewXEqAlonitorDataset. 
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Figure 6-7: Plot of the NewDifferenceDataset, i. e. the difference between the Ncu, - 
BaseDataset stack (Figure 6.4) and the NewXEqMonItorDataset stack (Figure 6.6). 
This shows a very low error in matching. In addition, the cross-equalization has pre- 
served the introduced 23.9% anomaly, which is clear in this difference plot and is not 
rnasked by matching error unlike in the linear cross-equalization difference plots (Cf. 
Figure 6.9-6.13). 

introduced is preserved in both phase and magnitude. 

ANN cross-equalization of the MonitorDataset to match the NewBascDataset (base 

survey dataset with 23.9% anomaly) was conducted previously when the cross-equa- 

lization-scheme configuration was less than optimal. The difference plot was shown in 

Figure 5.21, where the anomaly can also be seen. However, the matching ability was 

not as good as that shown here. 

The anomaly seen between the NewXEqMonitorDataset stack (Figure 6.6) and the 

NewBaseDataset stack (Figure 6.4) was measured using Equation 6.1. The anomaly 

has a value of 21.0%. This is a very promising result since the value is not just positive 

like the introduced one, but is also very close to the actual introduced value (23.9'7(, ). 

The reason for the discrepancy, between the original introduced anomaly value 

(23.9%) and that preserved by ANN cross-equalization (21.0'/c), is that the networks are 

actually asked to match all the NeuýBaseDataset including that portion of data where 

the anomaly was introduced. It is expected. because the anomaly location is small in 

comparison with the total matched area, that ANNs would manage to preserve the 
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(a) AnomalyDataset (23.9% anomaly) (b) NewDifferenceDataset (23.9'/c anomaly) 

Figure 6.8: Comparison of the NcwDifferenceDataset to the AnomalyDataset when the 
anomaly introduced is 23.97c. The plots are plotted with a higher scale than previously 
used to enable better comparison. The plot re-emphasizes that the anomaly introduced 
is well preserved in phase and magnitude. At the righthand-side area, where a stronger 
anomaly is introduced, the phase and magnitude are near identical. However, in areas 
with lower introduced anomaly there is some overprinting by noise, but nevertheless 
the anomaly character is reasonably maintained. 

introduced anomaly. Nevertheless, it should be expected that ANN cross-equalization, 

as defined, will cause some reduction in the amplitude of the anomaly. Furthermore, 

ANN matching has a degree of error in matching and thus the anomaly value might be 

affected also by introduced noise. 

Linear cross- equaliz at ion 

The cross-equalization is repeated using the scalar-misfit linear method (Section 1.2-2), 

which was used in Section 5.4-2. The linear cross-equalization was performed using 

different modes (see Section 5.4.2): local mode, a set of semi-global modes, and a 

global mode. The difference plots between the NewBaseDataset stack and the stacks 

of the linearly cross-equalized datasets are shown in Figure 6.9-6.13, from local to 

ilicreasingly more global mode. The local mode should have some ability to preserve 

the introduced anomaly since it globalizes in the time domain. However, it was fair to 

test more global modes to see if preservation of the anomaly is improved. 

It is clear, from the difference plots (Figure 6.9-6.13), that more global modes ZD 

stiffer from worse matching, which overweighs their possible ability to preserve more 
00 
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Figure 6.9: Difference between the NewBaseDataset stack (Figure 6.4) and the stack 
of the cross-equalized monitor survey using linear cross-equalization method with local 
mode. The result shows worse matching than that achieved by ANN (cf. Figure 6-7). 
In addition, the introduced anomaly (Figure 6.5), although reasonably preserved, is 
hard to pick from amongst other matching error. 
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Figure 6.10: Difference between the NewBaseDataset stack (Figure 6.4) and the stack 
of the cross-equalized monitor survey using linear cross-equalization method with semi- 

global mode involving averaging over 11 traces. The result shows worse matching than 
that achieved by ANN (Figure 6.7), but very similar to the local linear (Figure 6.9). 
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Figure 6.11: Difference between the NewBaseDataset stack (Figure 6.4) and the stack 
of the cross-equalized monitor survey using linear cross-equalization method with semi- 
global mode involving averaging over 21 traces. The result shows worse matching than 
that achieved by ANN (Figure 6.7) and the local linear (Figure 6.9). 
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Figure 6.12: Difference between the NewBaseDataset stack (Figure 6-4) and the stack 
of the cross-equalized monitor survey using linear cross-equalization method with semi- 
global mode involving averaging over 51 traces. The result shows worse matching than 
that achieved by ANN (Figure 6.7) and the local linear (Figure 6.9). 



6.1 Preserving desired anomalies 

CDP 
4uu ouu buu 1000 1200 1400 1600 1800 2000 22 

k dif, 

1.0 

0.5 
-a 

E 
01 

ý6 
-0.5-, 

-1.0 ]a 

X105 

30 

252 

Figure 6.13: Difference between the NewBaseDataset stack (Figure 6.4) and the stack 
of the cross-equalized monitor survey using linear cross-equalization inethod with global 
mode. The result shows worse matching than that achieved by ANN (Figure 6-7) and 
the local linear (Figure 6.9). 

of the anomaly. Therefore, the local mode difference plot shown in Figure 6.9 is the 

best Linear comparison with the ANN difference plot shown in Figure 6.6. This local 

linear achieved lower matching and lower preservation of the anomaly than the ANN 

counterpart. 

Figure 6.14 shows a zoom at the anomaly location and compares the linear cross- 

equalization difference plots to the AnomalyDataset. It shows that the local linear mode 

achieved the best result among the other modes. However, the figure further indicates 

that the preservations seen by ANN cross- equalization is not matched here by any 

of the modes of linear cross-equalization, where matching error masks the introduced 

anomaly. 

Looking closely at Figure 6.14(b), we see that the local linear cross-equalization 

inisses the red phase before "A", gets the relative strength of the blue and red events 

reversed at "B", and introduces a spurious blue phase at "C". The alterations may 

suggest that the phase is wrong after linear cross-equalization. The reason for this 

could simply be because during linear matching the optimum phase rotation required 

for the full trace is not the optimum at the anonialy location. Therefore. Iiiiem, cross- 
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Figure 6.14: Comparison of the NewDifferenceDataset to the AnomalyDataset when 

linear cross-equalization is used and an anomaly of 23.9% is introduced. The plots 

are plotted with a higher scale than previously used to enable better comparison. The 

local mode is the most similar to (a), and more structural leakage (matching error) is 

seen with more global modes. In addition, the local mode shows a reasonable anomaly 

preservation, since it approximately maintains the character of the anomaly especially 

at area with the strongest introduced anomaly (around CDP 1350 and time 2450 ins). 

However, this preservation is inferior to that seen by ANN cross-equalization (cf. Fig- 

tire 6.8). Labels "A", "B", and "C" shown on plot (b) point at a few positions where 

the anomaly character is altered. These are further discussed in text. 
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equalization not only masks the introduced anomaly by matching error. but also alten, 
its phase. These observations are in contrast to that seen in Figure 6.8(b), where A_N_N 

cross-equalization was used. 

Linear cross-equalization was also conducted when smaller anomalies were intro- 
duced. However, it only showed similar results to those seen here. Therefore, it seems 

sufficient to show linear cross- equaliz at ion here and not to repeat tliell. discussion when 

smaller anomalies are introduced in the following two sections. 

6.1.4 Assessing preservation of a desired 14.5% anomaly 

The second test conducted introduced an anomaly of 14.5% to the BaseDataset (offset 

gathers of channels 101-230). The BaseDataset stack was shown in Figure 6.3, and the 

stack of the new base survey with the added anomaly (NewBaseDataset) is shown in 

Figure 6.15. The anomaly is clear in Figure 6.16, which displays the AIlomalyDataset, 

i. e. the difference between the BaseDataset stack (Figure 6.3) and the NewBaseDataset 

stack (Figure 6.15). 

Similar to Section 6.1.3, ANNs were used to cross-equalize the AlonitorDataset to 

match the NewBaseDataset. The configuration is identical to that reported in Sec- 

tion 5.4.1. Figure 6.17 shows the NewXEqMonitorDataset stack, while Figure 6.18 

shows the difference section NewDifferenceDataset. The difference plot shows ANN 

ability to normalize acquisition differences while retaining the synthetic anomaly. There- 

fore, the synthetic time-lapse anomaly is clear on the NewDifferenceDataset and is not 

masked by matching error. 

Figure 6.19 shows a zoom at the anomaly location and compares the NewDifference- 

Dataset to the AnomalyDataset, and thus allows a better assessment of the preservation 

of the anomaly or otherwise. This figure shows a further assurance that the anomaly 

is preserved in both phase and magnitude, although some obliteration by noise i's seen. 

However, contrary to Figure 6.8, here the matching error has a visual masking effect 

to parts of the introduced anonialy. 
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Figure 6.15: Seismic stack plot of all the offset gathers of channels 100-230 of the 
base survey with 14.5% anomaly (NewBaseDataset). The anomaly is introduced at the 
location defined in Figure 6.1. ANNs were used to produced a cross-equalized pre-stack 
dataset (NewXEqMonitorDataset) from the monitor survey (MonitorDataset) to match 
those used to produce this stack. 
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Figure 6.16: Difference plot, between the BaseDataset stack (Figure 6-3) and the New- 

BaseDataset stack (Figure 6.15), showing the introduced 14.5% anomaly. 
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Figure 6.17: Seismic stack plot of the NewXEqMonitorDataset, i. e. the cross-equa- 
lized monitor survey when matched to the base survey with 14.5'/c, anomaly (NewBase- 
Dataset). This can be compared to the NewBaseDataset stack (Figure 6.3) plotted 
to the same scale. The plots are similar and thus the matching is very good. The 
matching also show that the NewXEqMonitorDataset stack is more similar and near 
identical to the BaseDataset stack (compare at CDP 1050-1450 and time 2280-2512 
ms). Therefore, ANN preserved the anomaly introduced in the NewBaseDataset survey 
(Figure 6.15) by not replicating it on the NewXEqMonitorDataset. 
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Figure 6.18: Plot of the NewDifferenceDataset, i. e. the difference between the New- 
BaseDataset stack (Figure 6.15) and the NewXEqAlonitorDataset stack (Figure 6.17). 
The cross-equalization achieved have preserved the introduced 14.57( anomaly, which 
is clear in this difference plot. Furthermore, since the general matching error is very 
low, the synthetic time-lapse anomaly is not masked by this error. 
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Figure 6.19: Comparison of the NewDifferenceDatasct to the AnomalyDataset "vhen the 
anomaly introduced is 14.5%. The plots are plotted with a higher scale than previously 
used to enable better comparison. The plot gives assurance that the anomaly seen 
in Figure 6.18 is the anomaly introduced, since it is reasonably preserved in phase 
and magnitude. At the righthand-side area, where a strong anomaly is introduced, 
the phase and magnitude are very similar. However, in areas with lower introduced 
anomaly there is a clear obliteration and masking by inatching error. 

The anomaly seen between the NcwXEqMoni'torDataset stack (Figure 6.6) and the 

NewBaseDataset stack (Figure 6.4) was measured using Equation 6.1. The anomalY has 

a value of 14.1%. This is in very close agreement to the introduced anomaly (14.5%). 

6.1.5 Assessing preservation of a desired 9.6% anomaly 

The third test conducted introduced a low anomaly of 9.6'/'c to the BaseDataset (offset 

gathers of channels 101-230). The BaseDataset stack was shown in Figure 6.3, and 

the stack of the new base survey with added anomaly (NewBaseDataset) is shown in 

Figure 6.20. The anomaly is clear in Figure 6.21, which displays the AnomalyDataset, 

i. e. the difference between the BaseDataset stack (Figure 6.3) and the NewBaseDataset 

stack (Figure 6.20). 

ANNs were used to cross-equalize the MonztorDataset to match the NewBase- 

Dataset. The configuration is identical to that reported in Section 5.4.1. Figure 6.22 

shows the NewXEqMonitorDataset stack, while Figure 6.23 shows the difference section 

Nev)DifferenceDataset. The difference plot shows ANN ability to normalize acquisition 

differences while retaining the synthetic anomaly. However, it is clear that this low 

CDP 
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Figure 6.20: Seismic stack plot of all the offset gathers of channels 100--230 of the 
base survey with 9.6% anomaly (NewBascDataset). The anomaly is introduced at the 
location defined in Figure 6.1. ANNs were used to produced a cross-equalized pre-stack 
dataset (NewXEqMonitorDataset) from the monitor survey (MonitorDataset) to match 
those used to produce this stack. 
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Figure 6.21: Difference plot, between the BaseDataset stack (Figure 6-3) and the NCU7- 
BaseDataset stack (Figure 6.20), showing the introduced 9.6% anonialY. 
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synthetic anomaly of 9.6% is just about distinguishable from the matching error. This 

is mainly due to the masking of the anomaly by the matching error, especially in areýls 

where the introduced anomaly has low magnitude. This might be suspected Since the 
RRMS reported in Section 5.4.3 is 4%, and thus any time-lapse anomaly lower than 

4% becomes hard to distinguish. 

ANN cross-equalization of the MonitorDataset to match the NewBaseDatasct (base 

survey dataset with 9.6% anomaly) was conducted previously when the cross-equaliza- 

tion-scheme configuration was less than optimal. The difference plot was sliowil in 

Figure 5.30, where the anomaly can also be seen. However, the matching ability 

not as good as that shown here. 

Figure 6.24 shows a zoom at the anomaly location and compares the NewDiffer- 

enceDataset to the AnomalyDataset, and thus allows a better assessment of the preser- 

vation of the anomaly or otherwise. This figure gives assurance that the anomaly seell 

in Figure 6.23 is the anomaly introduced, since it is sufficiently preserved in phase and 

magnitude. However, contrary to the previously introduced anomalies, this anomaly 

(being very small) is close to being fully masked by the matching error. Neverthe- 

less, it seems that an anomaly as low as this introduced one is preserved and can be 

distinguished. 

The anomaly seen between the NewXEqMonitorDataset stack (Figure 6.22) and the 

NewBaseDataset stack (Figure 6.20) has a value of 10.8%. This value is close to the 

real introduced value (9.6%), but is slightly higher. 

6.1.6 Discussion and conclusion 

Section 6.1 described three tests conducted to see if ANN cross-equalization could 

preserve genuine time-lapse anomalies. It is clear, from the results, that ANN cross- 

equalization has the ability to preserve genuine time-lapse anomalies. Furthermore, Nve 

could quantitatively say that an anomaly as low as approximately 10'/(. is preserved 

and can be distinguished from other matching error on this dataý, et. This is about a 
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Figure 6.22: Seismic stack plot of the NewXEqMonitorDataset, i. e. the cross-equa- 
lized monitor survey when matched to the base survey with 9.6,70 anoinaly. This can 
be compared to the NewBaseDataset stack (Figure 6.20) and the BaseDataset stack 
(Figure 6.3) plotted to the same scale. The plots are similar and thus the matching is 
very good. 
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Figure 6.23: Plot of the NewDifferenceDataset, i. e. the difference between the New- 

BaseDataset stack (Figure 6.20) and the NewXEqNfonitorDataset stack (Figure 6.22). 

This shows a very low error in matching. Furthermore, the cross- equali zat ion achieved 
have preserved the introduced 9.6%, anomaly, which is clear in this difference plot, 

although nearly n-iasked by matching error. 
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Figure 6.24: Comparison of the NewDifferenceDataset to the AnoinalyDataset when 
the anomaly introduced is 9.6"/0. The plots are plotted with a higher scale than pre- 
viously used to enable better comparison. The plot gives assurance that the anomaly 
seen in Figure 6.23 is the anomaly introduced, since it is sufficiently preserved in phase 
and magnitude. At the righthand-side area, where a strong anomaly is introduced, 
the introduced anomaly is clear with the correct phase and slightly obliterated magni- 
tude. However, in areas with lower introduced anomaly the matching error masks the 
introduced anomaly. 

factor of two better than linear methods can achieve. 

It was explained that the networks are actually asked to match all the new base 

survey dataset including that portion of data where the anomaly was introduced. Since 

the anomaly location is small in comparison with the total matched area, it is expected 

that ANNs would manage to preserve the introduced anomaly. Nevertheless, it should 

be expected that ANN cross-equalization, as defined, will cause ail amount of obliter- 

ation to the anomaly. Furthermore, ANN matching has a degree of error in matching 

and thus the anomaly value might be affected. 

The three tests introduced anomalies of 23.9%, 14.5%, and 9.6%, and the values 

preserved by ANN cross-equalization are 21.0%, 14.1%, and 10.8%, respectively. The 

highest anomaly test produced a higher discrepancy than the second. This is because 

the higher anomaly makes the region where it is introduced more crucial for ANN to 

match during training since it causes a higher error cost fi-Inction. Therefore, ANNs 

will be more prone to causing an obliteration to a larger time-lapse anomaly than to a 

sinaller one. 
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The last test with 9.6% anomaly approximately marks the limit of N"-hat ANN cross- 

equalization, to this dataset and as defined, can preserve. This is because the error in 

matching is close to this value. However, more tests are needed to put more confidence 

on the quantitative measures. 

6.2 Post-stack cross- equaliz at ion 

There are other possible alternative ways to performing cross-equalization using ANNs 

than the one chosen in this research. This thesis described the motivation for the 

choices made. However, I did investigate few other options. In particular, I investigated 

performing time-lapse cross- equaliz at ion post-stack or even on several offset stacks, 

where a limited range of offsets are stacked. 

Applying cross- equaliz at ion post-stack has the advantage of being faster and work- 

ing with higher signal-to-noise ratio data. The disadvantage is that pre-stack time-lapse 

analysis (such as AVO) becomes not possible. In addition, less data will be available 

to train ANNs, and simple time-lapse misfits might become more complicated to solve. 

Nevertheless, one might desire to perform post-stack cross-equalization. Therefore, 

this section will shows results of experiments done to assess ANN c ross- equal izat ion 

performance if it is done post-stack. It will also illustrate some findings that were 

also seen in pre-stack cross-equalization, but which are easier to illustrate in post-stack 

cross- equaliz at ion. 

In this section, the full in-line corresponding to the second streamer of the base 

survey is stacked. In addition, the three in-lines corresponding to the three streamers 

of the monitor survey are stacked. During post-stack cross-equalization, a close match 

to the base survey stack at time section 2100-2612 ms is to be produced from the 

monitor survey's stacks. This section will analyse post-stack cross- equaliz at ion aild 

compare it to pre-stack cross- equaliz at ion. Furthermore, it xill compare linear versus 

ANN post-st, ack cross- equaliz at ion, both in terms of matching and desired anoinaly 

preservation. 
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6.2.1 Matching post-stack using ANNs 

Configuration 

ANN post-stack cross-equalization was configured in a similar way to cross-equalization 

of one particular offset gather. Thus, training to match a specific sample at time t and 
CDP x, requires the sample at time t from a trace rb at CDP x from the base sur%vy 

stack as a target output. In addition, the input consists of the CDP and time position 

as geometrical data, and seismic input from the monitor survey stacks as defined in 

Figure 6.25. 

The other configurations - such as normalization, and training - are identical to 

that in ANN pre-stack cross-equalization shown in Section 5.4.1. One ANN is used 

with the same topology used in Section 5.4.1 (Figure 5.31), but the input layer has 85 

nodes instead of 89 since only two geometrical parameters are used here. 

Results 

Figure 6.26 shows the stack plot of the base survey. While, Figure 6.27 shows the 

difference plot between Figure 6.26 and the stack of the ANN post-stack cross-equa- 

lized monitor survey. The difference plot shows a higher error in matching than that 

seen in pre-stack matching (cf. Figure 6.28). 

The ANN post-stack cross-equalization was initially performed using only one in- 

line of the monitor survey to provide input for the ANNs. Basically, only the middle 

in-line of the monitor survey is used, and thus only trace r, and four neighbouring 

traces are used from Figure 6.25. This is more similar to the case when performing 

linear post-stack cross- equalization, where no neighbouring traces are incorporated. 

The difference plot between the base survey stack (Figure 6.26) and the ANN cross- 

equalized monitor using this configuration is shown in Figure 6.29. It is eN, ident that 

while using the three in-lines (Figure 6.27) a better result was achieved. 

The result seen, when comparing results of including or not including neighbour- 

ing information from neighbouring in-lines. was previously seen when matching offset 
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Figure 6.25: The seismic input-output to the network during training to perform post- 
stack cross-equalization. Given that a certain sample at time t and CDP x is to be 

matched, (a) shows the traces involved in training the network, and (b) shows the exact 
seismic input and target output. Thus, the target output is the sample at time t from 

a trace rb at CDP x from the base survey, and the input is from trace r, from the 

monitor survey (nearest tO Tb in CDP and y-position) and from 14 neighbouring traces 
to r,. The neighbouring traces are those shaded in (a). The exact input is a window 
of 96 ins (13 samples) from trace r,, and windows of 32 ins (5 samples) from the 14 
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Figure 6.26: Seismic stack plot of all the offset gathers of channels 1-230 of the base 
surveY. 
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Figure 6.27: Difference between the base survey stack (Figure 6.26) and the stack of the 
ANN post-stack cross-equalized monitor survey. This shows a higher error in matching 
than that seen in (cf. Figure 6.28). However, ANN post-stack post-stack cross-equaliza- 
tion is still superior over the its linear counterpart (cf. the difference linear post-stack 
cross-equalization, Figure 6.32). 
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Figure 6.28: Figure 5.35 re-plotted to the same scale as Figure 6.27 for comparison. 
This difference plot of ANN pre-stack cross- equ ali zat ion shows superior inatching to 
that shown on the post-stack counterpart (Figure 6.27). 
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Figure 6.29: Difference between the base survey stack (Figure 6.26) and the stack of 
the ANN post-stack cross-equalized inonitor cross-equalized monitor survey when one 
in-line of the monitor was used as input to the result was achieved while using the three 
in-lines of the monitor survey as input (cf. Figure 6.27). 
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gathers pre-stack. The result is similar, and indicates that AN. N matching capabilitv 
is enhanced by providing this neighbouring information. The reason might be obý-ious, 

since ANN needs information that will allow it to cater for time-lapse changes in trace 

position. Thus, if two time-lapse in-lines do not coincide in position exactly. as is the 

case here and is likely in most time-lapse analysis that relies on legacy surveys. then it 

is necessary to provide ANN with neighbouring in-line information. 

The results seen are emphasized by comparing other quantitative meastires such 

as predictability, and normalized root mean square (NRMS). These are shown in Fig- 

ure 6.30, and Figure 6.31, respectively. Both plots indicýite that pre-stack cross-equa- 

lization gives better matching. In addition, providing neighbouring in-line inforniation 

enhances matching. 

6.2.2 Linear post-stack cross-equalization 

Post-stack cross- equaliz at ion was also performed using the linear method discussed in 

Section 5.4.2 with three different modes: local, global, and semi-global that involves 51 

traces. Post-stack cross- equaliz at ion is treated in a similar fashion to cross- equalization 

of an offset gather, see Section 5.4.2. 

Difference plots were produced between the base survey stack (Figure 6.26) and 

the stacks of the linear post-stack cross-equalized monitor survey. Thus, Figure 6.32, 

Figure 6.33, and Figure 6.34 are the difference plots of the local, seiiii-global, and global, 

respectively. Clearly, the local linear mode gives the best matching results. This is also 

evident when comparing the NRMS and RRMS in Figure 6.35. 

The local linear post-stack cross- equalization is slightly inferior to the ANN post- 

stack cross-equalization (compare Figure 6.32 to Figure 6.27). However, the magnitude 

of the difference between the two is far lower than that seen earlier during pre-stack 

comparison (Section 5.4.1). It is also interesting to see that the local linear post-stack 

cross- equaliz at ion shows similar or better result than its pre-stack counterpart (compare 

Figure 6.32 to Figure 6.36). Both these two findings can be confirmed or other'%vise 
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Figure 6.30: Graph comparing predictability, between the cross-equalized monitor stack 
and the base survey stack, of different scheme configurat ions. The graph shows that 
predictability has increased after ANN cross-equalization, when compared to the pre- 
dictability before matching "92 unmatched". This is contrary to linear cross-equaliza- 
tion, which does not alter predictability. Pre-stack ANN cross-equalization produced 
better matching, as indicated by higher predictability, than post-stack cross-equaliza- 
tion. Comparing the two post-stack cross-equalization, it is clear that providing infor- 
ination from neighbouring in-lines ("ANN post-stack") produced better results than 
otherwise. 
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Figure 6.31: Graph comparing normalized root mean square (NRI\, IS), between the 
cross-equalized monitor stack and the base survey stack, of different scheme configu- 
rations. Pre-stack ANN cross- equaliz at ion produced better matching, as indicated by 
lower NRMS, than post-stack cross-equalization. Comparing the two post-stack cross- 
equalization, it is clear that providing information from neighbouring in-lines ("ANN 
post-stack") produced better results than otherwise. 
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Figure 6.32: Difference between the base survey stack (Figure 6.26) and the stack of the 
local linear post-stack cross-equalized nionitor survey. This shows better matching than 
the seiiii-global and global modes shown in Figure 6.33, and Figure 6.34, respectively. 
Comparing this to the difference plot of the local pre-stack cross-equalization (replotted 

in Figure 6.36), we find that the linear post-stack cross-equalization produces similar 

or better result than the pre-stack. However, it seems that ANN post-stack cross-equa- 
lization achieved a slightly better matching result (cf. Figure 6.27). 
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Figure 6.33: Difference between the base survey stack (Figure 6.26) and the stack of 
(Figure 6.26) and the stack of the semi-global (51 traces) linear post-stack cross-equa- 
lized monitor survey. This shows a slightly worse matching than that shown by the 
local mode (Figure 6.32). 
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Figure 6.34: Difference between the base survey stack (Figure 6.26) and the stack of 
the global linear global linear post-stack cross-equalized monitor survey. This shows 

worse matching than that shown by the local mode (Figure 6.32). 
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Figure 6.35: Comparison of normalized and residual root mean square (NRI\IS and 
RRMS, respectively) between the different modes of the linear post-stack cross-equa- 
lization. As expected, the local mode is superior in matching as indicated by the lower 

values of NRMS and RRMS. 

through analysis of predictability, NRMS, and RRMS, which give an additional insight. 

6.2.3 Post-stack versus pre-stack cross-equalization: 

a quantitative analysis 

The predictability, and normalized root i-nean square (NRI\IS), between the cross-equa- 

lized monitor stack and the base survey stack, graphs are shown in Figure 6.37 and 

Figure 6.38, respectively. These graphs compare matching performance of post-stack 

versus pre-stack cross-equalization. The two plots confirms the results seen from the 

difference plots. Therefore, ANN cross-equalization is superior to the linear counterpart 

in both pre-stack and post-stack. In addition, ANN pre-stack Is superior to its post- 

stack counterpart, but the two linear cross- equali z at ions are similar. 

The residual root inean square (RRIVIS), between the cross-equalized monitor stack 

and the base survey sta, ck, is shown in Figure 6.39. Although the difference plots, 
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Figure 6.36: Figure 5.38 re-plotted to the same scale as Figure 6.32 for comparison. 
This difference plot of local linear pre-stack cross- equalizat ion shows a similar or slightly 
inferior matching to that shown on the post-stack counterpart (cf. Figure 6.32). 
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Figure 6.37: Graph comparing predictability, between the cross-equalized monitor stack 
and the base survey stack, of pre-stack versus post-stack cross-equalization. This plot 
shows, as seen earlier, that ANN pre-stack cross-equalization produced higher increase 
in predictability than its post-stack counterpart. In addition, the plot shows that the 
linear post-sta, ck cross- equ ali zat ion does not alter predict ability, in accordance with 
what was seen previously with pre-stack linear cross-equalization. 
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Figure 6.38: Graph comparing normalized root mean square (NRXIS), between the 
cross-equalized monitor stack and the base survey stack, of pre-stack versus post-stack 
cross-equalization. The region after CDP 1200 has higher signal-to-noise ratio, and 
thus shows lower NRMS. This area allows better comparison. There are two clear 
anomalous rises in NRMS as indicated by the arrows. These two areas show also as 
a dip in predictability (Figure 6.37). This could be because of a local drop in signal- 
to-noise ratio, and might be related to the diapirs at shallower region (see Figure 3.9). 
The plot indicate that ANN pre-stack cross-equalization produced better matching 
than ANN post-stack cross-equalization. On the other hand, local linear cross-equa- 
lization, both pre-stack and post-stack, have very similar NRMS. However, in general 
and particularly at lower signal-to-noise ratio, the linear post-stack cross-equalization 
achieves lower NRMS than its pre-stack counterpart, and hence better matching. 
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predictability, and NRMS, all show ANN pre-stack cross-equalization superior to the 

other cross-equalization schemes, this figure shows local linear post-stack cross-equaliza- 

tion more superior, with a RRMS value close to zero. This is only because, during linear 

post-stack cross- equ aliz ation, a trace r, from the monitor survey stack is multiplied I)y 

a value that makes it equal in root mean square (RNIS) to the corresponding trace rb 
from the base survey stack. Thus, RRMS is biased by the fact that local linear matching 

is tailored to make it equal to zero. This does not mean superiority in matching, since 

the character of the post-stack linear cross-equalized stack section is further away from 

the character of the base survey stack, as indicated by predictability and NRMS, than 

the character of the ANN pre-stack cross-equalized stack section. 

6.2.4 Desired anomaly preservation 

To complete the analysis on post-stack cross-equalization, one more test is performed, 

which is to see if a desired time-lapse anomaly can be preserved. An anomaly is intro- 

duced on the base survey as described in Section 6.1. The new base survey (NewBase- 

Dataset) stack is shown in Figure 6.40. The anomaly has a value of 12.8% as measured 

by Equation 6.1. This anomaly is shown in Figure 6.41 as the difference between the 

NewBaseDataset stack (Figure 6.40) and the original BaseDataset stack (Figure 6.26). 

ANN cross- equaliz at ion 

ANN post-stack cross- equaliz at ion was performed to cross-equalize the monitor surý, ey 

stacks to match the NewBaseDataset stack. The difference plot, between the New- 

BaseDataset stack (Figure 6.40) and the stack of the ANN post-stack cross-equalized 

monitor survey, is shown in Figure 6.42. The anomaly is hard to distinguish in the 

difference plot from other matching error. 

Figure 6.24 shows a zoom at the anomaly location and compares the Ne-wDifference- 

Dataset to the AnomalyDataset. This latter figure further indicates that the anornaly 
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Figure 6.39: Graph comparing residual root mean square (RRMS), between the cross- 
equalized monitor stack and the base survey stack, of pre-stack versus post-stack cross- 
equalization. This plot confirms the superiority of ANN pre-stack cross-equalization 
over ANN post-stack cross-equalization. However, it shows that the local linear post- 
stack cross-equalization not only has a lower RRMS than its post-stack counterpart, 
but even lower than ANN pre-stack cross-equalization, see text for discussion. 
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Figure 6.40: Seismic stack plot of all the offset gathers of channels 1-230 of the base 

survey with added 12.8% anomaly (NewBaseDataset)- 
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Figure 6.41: Difference plot, between the original base survey (BaSeDataset) stack 
(Figure 6.26) and the new base survey (NewBaseDataset) stack (Figure 6.40), showing 
the introduced 12.8% anomaly. 
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Figure 6.42: Difference between the NcwBascDataset stack (Figure 6.40) and the stack 

of the ANN post-stack cross-equalized monitor cross- equali zed monitor surve. y. The 

introduced tin-ie-lapse anomaly is hard to distinguish from other matching errors. 
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is hard to distinguish. The anomaly measured on the cross-equalized stack has a valtie 

of 16.1%. This is not really promising since it seems to represent the inatching error, 

as the character of the anomaly is not preserved, see Figure 6.24. 

Linear cross- equalization 

Linear post-stack cross- equaliz at ion, using the three different modes, Nvas also per- 

formed. Difference plots were produced between the NewBaseDataset stack (Fig- 

ure 6.40) and the stacks of the linear post-stack cross-equalized monitor slir-my. Fig- 

ure 6.44, Figure 6.45, and Figure 6.46 are the difference plots of the local, semi-global, 

and global, respectively. 

The difference plots in all the three different modes of linear cross- equalization, do 

not allow one to pick the location of the introduced anomaly. Figure 6.47 shows a 

zoom at the anomaly location and compares the NewDifferenceDataset plots to the 

AnomalyDataset. This latter figure further indicates that the anomaly is not preserved 

in character, it is both masked by the matching error and obliterated. 

6.2.5 Discussion and conclusions 

The results seen in this section can be summarized as follows: firstly, the ANN pre-stack 

cross- equali z at ion produces better matching than the ANN post-stack cross-equaliza- 

tion; secondly, ANN post-stack cross-equalization gives slightly better matching than 

the linear post-stack cross- equaliz at ion; and finally, the linear post-stack cross-equa- 

lization gives slightly better or similar result to the linear pre-stack cross-equalization. 

The results might seem puzzling: why is ANN pre-stack cross-equalization much 

better than ANN post-stack cross-equalization, why are the two linear cross-equaliza- 

tion similar, and why is the difference between the ANN and the linear cross-equaliza- 

tion much greater in the pre-stack than in the post-stack cross-equalizat ion" 

The results can be explained by understanding that there are two main factors at 

play when comparing pre-stack to post-stack cross- equalization, and that these two 
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Figure 6.43: Comparison of the NewDifferenceDatasct to the AnomalyDatasct when 
post-stack cross-equalization is used and an anomaly of 12.8% is introduced. The 
plots are plotted with a higher scale than previously used to enable better comparison. 
These two plots indicate that the introduced anomaly, shown in (a), cannot easily be 
distinguished in (b) from other matching error. 
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Figure 6.44: Difference between the NewBaseDataset stack (Figure 6.40) and the stack 
of the local linear post-stack cross-equalized monitor survey. The introduced time-lapse 

anomaly cannot be distinguished from other matching error. 
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Figure 6.45: Difference between the NewBaseDataset stack (Figure 6.40) and the stack 
of the semi-global (51 traces) linear post-stack cross-equalized monitor survey. The 
introduced time-lapse anomaly cannot be distinguished from other matching error. 
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Figure 6.46: Difference between the NewBaseDataset stack (Fiýgure 6.40) and the stack 
of the global linear post-stack cross-equalized monitor survey. The introduced time- 
lapse anomaly cannot be distinguished from other matching error. 0 
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Figure 6.47: Comparison of the NewDifferenceDataset to the AnomalyDataset when 
linear post-stack cross-equalization is used and an anomaly of 12.8% is introduced. The 

plots are plotted with a higher scale than previously used to enable better comparison. 
This further emphasizes that the introduced anomaly seen in (a) is not preserved on 

all the linear post-stack NewDifferenceDataset plots (b)-(d). In the global mode (d), 

the anomaly is strongly masked by the matching error. In the semi-global and local 

mode ((c) and (b), respectively), not only the anomaly is seen masked by the matching 

error, but it is obliterated by the cross-equalization. 
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factors affect differently the two cross- equalization schemes (linear and ANN ci-oss- 

equalization). The two factors are listed below. 

1. Stacking increases signal-to-noise ratio. Therefore, if stacking is performed before 

cross-equalization, then it should allow better misfit prediction and less matching 

error caused by noise. 

2. Stacking after pre-stack cross- equaliz at ion destructs random matching error and 

enhances correlative signals. 

In linear cross- equalization, noise causes error in predicting the misfits. Therefore, pre- 

stack linear cross- equaliz at ion corrects for misfits that are jeopardized bY noise, and are 

thus non-optimum for the real signal. Stacking does not solve the problem, since the 

horizons do not stack optimally, although, some introduced noise in linear pre-stack 

cross- equalizat ioil is removed during stacking. On the other hand, ANN cross-equa- 

lization has the ability to suppress noise since it cannot and therefore does not match 

it. Hence, pre-stack cross- equaliz at ion within one offset produce a result similar to 

post-stack cross-equalization. However, since noise is suppressed and mostly random 

matching error is introduced, stacking enhances the pre-stack matching hY destructing 

noise and enhancing the signal. 

This section also illustrated the fact that ANN cross- equaliz at ion is enhanced by 

including, as input, neighbouring information from neighbouring in-lines. A reason 

was put forward that ANN needs input information that will allow it to cater for the 

time-lapse change in trace position. 

Finally, this section investigated desired-anomaly preservation in the post-stack 

cross- equaliz at ion. In the linear cross-equalization, there is clear obliteration to the 

introduced anomaly (12.8%) and masking by the matching error. In the ANN it Ný"as 

also difficult to notice anomaly preservation, since the matching error was larger than 

in pre-stack cross- equalization - 
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6.3 Summary 

In order to define ANN cross- equaliz at ion as successful, it is necessary to be able 

not only to normalize acquisition differences but to also be able to preserve genuine 

production-related time-lapse anomalies. Therefore, the first part of this chapter (Sec- 

tion 6.1), assessed ANN cross- equ aliz at ion for its ability to preserve genuine (non- 

acquisition) time-lapse anomalies. 

A synthetic anomaly was introduced on the base survey dataset to act as a kiioNvn 

non-acquisition time-lapse anomaly. The monitor survey was cross-equalized to match 

the new base survey dataset that contains the synthetic anomaly. The conducted tests 

required ANN cross-equalization to match the two datasets but not the introduced 

anomaly. The tests show that ANN cross-equalization has the ability to preserve non- 

acquisition time-lapse anomalies, which can be distinguished from any matching error. 

The first part also attempted to measure quantitatively ANN cross- equalization 

ability to preserve genuine time-lapse anomalies. Results indicate that an anomaly 

as low as approximately 10% difference in root mean square is preserved and can 

be distinguished from other matching error. The quantitative measure needs further 

analysis and tests to be conclusive, and it only applies to ANN cross-equalization as 

performed on the two time-lapse dataset involved in this study. Furthermore, the % 

quoted is dependent on the quantification criterion as explained in Section 6.1.2. The 

linear cross- equ aliz at ion was also tested and showed that its results are inferior to that 

of ANN cross-equalization and they suffer from more matching error that masks the 

introduced anomaly. 

In the second part of this chapter (Section 6.2), post-stack cross- equaliz at ion was 

investigated as an alternative to pre-stack cross- equal iz at ion. It vvas clear that A_N_N 

cross- equ aliz at ion is superior to the linear cross- equaliz at ion in both pre- and post- 

stack. In addition, the ANN pre-stack cross- equaliz at ion produces better inatching 

than the ANN post-stack cross- equaliz at ion. However, it was found that the linear 

post-stack cross-equalization gives slightly better or similar result to the linear pre- 
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stack cross- equalization. The latter two and seemingly puzzling results Nvere explained 

by the fact that stacking before cross- equaliz at ion affect differently the two cross-equa- 

lization schemes (linear and ANN cross- equaliz at ion). 



Chapter 7 

Summary and Conclusions 

The study this thesis presents, developed and investigated a novel technique where 

artificial neural networks are used to cross-equalize time-lapse seismic surveys. The 

study was conducted on two time-lapse datasets acquired over the Oseberg field, North 

Sea. This chapter summarizes the results, draws conclusions and provides an outlook 

for further possible work. 

7.1 Summary 

The first chapter introduces time-lapse seismic as an invaluable tool to reservoir man- 

agement. This tool allows the monitoring of hydrocarbon production through the 

visualization and possible quantification of changes introduced by such production. 

However, this tool is largely hindered by the lack of repeatability between the different 

time-lapse surveys, especially those involving legacy surveys or those acquired with dif- 

ferent shooting geometry. This lack of repeatability can cause ambiguity in time-lapse 

seismic interpretation. 

Cross-equalization, a method that normalizes for non-production related time-lapse 

differences, was shown necessary to solve the aforementioned problem. Cross-equaliza- 

tion was described and divided into two main categories: deterministic, Nvhere tinle- 

lapse surveys are matched by correcting for known source,, of iiiismatcliý and statistical, 
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where a matching filter is designed to minimize the misfits between the two time- 
lapse datasets in a least square sense. Furthermore, the conventional cross-equalizing 

procedures and the main cross-equalization algorithms were summarized. 
There is no one standard cross-equalization technique currently available. However, 

in most cases, cross- equaliz at ion involves: firstly, interpolating the two time-lapse slir- 

veys to a common grid to align the traces especially when the two time-lapse survey 

geometries are different; and secondly, applying a statistical cross-matching or a mix- 

ture of statistical and deterministic cross-matching, since the deterministic is usually 

not sufficient by itself. Chapter 1 concludes by describing a desire to find a cross-equa- 

lization tool that should not require exact knowledge of the reasons behind the lack 

of repeatability; should correct not only for the four basic misfit elements (time, am- 

plitude, phase, and bandwidth), but also for other misfits such as trace misalignments 

and noise; and needs to be able to handle interactions between the misfit elements and 

should not be hindered by the possible non-linearity of the relationship. This inoti- 

vated me to investigate artificial neural networks as a possible tool for time-lapse seismic 

cross- equaliz at ion with all the aforementioned merits. Therefore, Chapter 1 puts for- 

ward the study objective so as to develop a scheme to cross-equalize two time-lapse 

seismic datasets using artificial neural networks. 

The background to artificial neural networks (ANNs), with an introduction to their 

main concepts and basic theories, is provided in Chapter 2. The different parameter- 

izations associated with ANNs are outlined. The standard back-propagation training 

algorithm is explained. In addition, an alternative training algorithm, the resilient 

propagation (RPROP), is described and subsequently used in this study. The choice 

to use RPROP was taken primarily because of its ability to update automatically its 

learning parameters. Weight decay was introduced in the training algorithm to enhance 

generalization and to allow the interpretation of the relative importance of the differew 

inputs through ANN's connect ion-weight analysis. 

The background to the time-lapse datasets used in this study is provided in Chap- 
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ter 3. The datasets were acquired over the Oseberg field as part of a 4D seismic project - 
The study was conducted on a time-lapse swath from the base sur%, eY (NH8906) and 

the monitor survey (NH9201) acquired during 1989 and 1992 respectively. Chapter 3 

analyses and compares the two aforementioned datasets in terms of acquisition pa- 

rameters and seismic character. The two datasets display differences, even outside the 

reservoir area, that appear as misfits in time, phase and amplitude. These differences 

are due to three main reasons: firstly, there is no exact equivalent trace with the sailie 

offset and common- mid-point in the monitor survey for every trace in the base survey: 

secondly, there is difference between the two time-lapse datasets in the seismic source 

wavelet and receiver response; and thirdly, there exists different noise in each of the 

two time-lapse datasets. 

A summary of the previous studies conducted on the time-lapse datasets used is 

also provided in Chapter 3. The summary indicates difficulty in interpreting genuine 

product ion- related time-lapse anomalies from others due to the lack of repeatability 

problem between the time-lapse surveys. In addition, the summary shows that any 

product ion- related anomaly that exists between the surveys is very subtle. 

The implementation of ANNs in time-lapse cross-equalization is presented and dis- 

cussed in Chapter 4. Cross-equalization of the two time-lapse datasets was addressed as 

producing a cross-equalized match to one in-line of the base survey from three in-lines 

of the monitor survey. Each offset gather was matched independently from the oth- 

ers to allow fast parallel implementations and more effective matching. The different 

paramet erizat ions required were assessed and, with support of experimental results, a 

choice was put forward. 

The codes and procedures implemented, while using ANNs as a cross-equalization 

tool, are also presented in Chapter 4. In addition, a description is given to the methods 

used to quality control (QC) the results of cross- equ aliz at ion. These include both vislial 

analysis and quantitative measures. Finally, Chapter 4 presents a test that determined 

that, while training to perform cross-equalization, the ANNs are not memorizing a 
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copy of the dataset required to be matched, but in fact are learning a function that 

normalizes the acquisition differences. 

The historic development of the cross-equalization scheme is described in Chapter 5. 

Initially, the ANNs' training patterns were normalized seismic data transformed to the 

wavelet domain. Section 5.1.5 demonstrates the final test performed in this domain, 

and illustrates how the wavelet domain was used to reduce the size of the problem into 

small parallel problems and concentrate the effort of matching on the required time 

and frequency. The time domain was later selected to be the domain to represent the 

seismic data in training patterns. This shift was because the results achieved using 

the time domain were slightly better and the cross- equalization procedure was made 

slightly simpler. However, the wavelet domain is not ruled out as a viable domain that 

offers its own advantages. 

The input and target output parameters of the ANNs are considered to be the prime 

factor in deciding the matching capability of ANNs. Therefore, these were optimized 

through many trial and error experiments and through ANN's connect ion-weight anal- 

ysis. The latter, aided by the use of the weight decay in the training algorithm, allowed 

the interpretation of the relative importance of the different inputs to the networks. 

The final optimized input and target output parameter choice, together with all 

the other optimized parameterizations described in Chapter 4, were used in the final 

matching test in Chapter 5 in Section 5.4.1. The results of this final test were analysed 

and compared with results from a more conventional linear cross-equalization method. 

ANN cross-equalized monitor survey stack when compared to the base survey stack 

has a predictability of 98%, normalized root mean square (NRMS) of 20%, and residual 

root mean square (RRMS) of 4%. These values are compromised slightly in areas with 

low signal-to-noise ratio with predictability being around 92%, NRMS around 50, and 

RRMS around 10%. However, the compromise is far lower than that seen in linear 

methods. 

The matching achieved by ANN proved to be superior to the more conventional 
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linear cross-equalization methods analysed. This superiority in matching was shown 

to be partly due to ANNs ability to achieve non-linear transforms. In addition, ANN 

cross- equali z at ion scheme is able to cater for any time-lapse change in trace position. 

without relying on direct trace-to-trace correspondence or initial interpolation to a 

common grid. This latter ability of the ANN cross-equalization scheme, with reasons 

behind such ability, is demonstrated more clearly later in Section 6.2.1 (Chapter 6). 

The application on the test in Section 5.4.1, with the optimal configuration, took 16 

CPU days in 500 MHz EV5 21164 Alpha Workstations to cross-equalize 512 ins of 130 

offset gathers. However, the cross- equaliz at ion can easily be conducted as 130 parallel 

processes, since each offset is treated independently. 

In order to define ANN cross- equaliz at ion as successful, it is necessary to be able 

not only to normalize acquisition differences but to also be able to preserve genuine 

production- related time-lapse anomalies. Therefore, the final chapter, Chapter 6, de- 

scribes a methodology to assess the ability of ANNs to preserve product ion-related 

anomalies while matching elsewhere. 

A synthetic anomaly was introduced on the base survey dataset to act as a known 

non-acquisition time-lapse anomaly. The monitor survey was cross-equalized to match 

the new base survey dataset that contains the synthetic anomaly. The tests conclude 

that ANN cross-equalization has the ability to both normalize for acquisition differ- 

ences and preserve genuine time-lapse anomalies. The conclusion is valid for time-lapse 

anomalies that exceed in magnitude the general matching error, which as seen in Sec- 

tion 5.4.1 is very low. Furthermore, the linear cross- equaliz at ion was also tested for 

its ability to preserve a genuine time-lapse anomaly and showed that its results are 

inferior to that of ANN cross- equali z at ion primarily because its niatching error masks 

the introduced anomaly. 

Results also indicate that a product ion-related anomaly as low as approxiiiiatelY 

10% in root- mean-square amplitude difference (Equation 6.1) is preserved and can be 

distinguished from other matching error. Equation 6.1 may need improveiiielit to give 
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a% that is independent of the anomaly location. In addition, the quantitative measure 

needs further analysis and tests to be conclusive, and it only applies to ANN cross-equa- 
lization as performed on the two time-lapse dataset involved in this study. Furthermore, 

it is likely to be highly dataset dependent, and ANN cross-equalization may actually 
be more successful within full 3D time-lapse datasets as will be outlined in Section 7.3. 

The second part of Chapter 6 assesses post-stack cross- equali z at Ion as an alternative 

to pre-stack cross- equaliz at ion, and compares the two. It is clear that ANN cross- 

equalization is superior to the linear cross-equalization in both pre- and post-stack. 

In addition, the ANN pre-stack cross- equ aliz at ion produces better matching than the 

ANN post-stack cross-equalization. However, it was found that the linear post-stack 

cross- equalization gives slightly better or similar results to the linear pre-stack cross- 

equalization. The latter two, seemingly puzzling results, were explained by the fact that 

stacking before cross- equaliz at ion affects differently the two cross-equalization schemes, 

i. e. the linear and the ANN cross-equalization. 

7.2 Conclusions 

The goal of developing a scheme to cross-equalize two time-lapse seismic datasets using 

artificial neural networks (ANNs) has been achieved. In addition, the investigation 

and optimization of the different criteria and parameters and the development of the 

codes necessary were fulfilled. Furthermore, the ability of the cross- e (jualiz ation scheme 

to preserve a production-related time-lapse anomaly within the two time-lapse seismic 

datasets while matching acquisition anomaly was tested. This latter test proved that 

the scheme has the ability to distinguish between the two aforementioned anomalies 

and perform good matching to the acquisition anomaly only. 

ANNs, as a cross-equalizing tool for time-lapse seismic, was compared with other 

more conventional methods and proved superior. Its superiority steins from ANN's 

ability to perform lion-linear transfers and the abilit. v of the A-NN cross-equalizat ion 

scheme to cater for the time-lapse change in trace position. 
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7.3 Outlook 

The work presented in this thesis could be carried forward in an application or further 

research. Here, I outline several aspects that are worth considering. 
It is beneficial to carry out all the possible deterministic linear cross- equaliz at ion be- 

fore applying ANN cross-equalization. Therefore, if there exists a known time-delav or 

phase shift between the time-lapse datasets, then these should be corrected for. Another 

example, if different de-ghostings need to be applied because of difference in streamer 

depths, then these should be applied prior to ANN cross-equalization. All these de- 

terministic linear cross-equalizat ions will ensure that ANNs are not overwhelmed by 

having to solve problems for which a simple and known procedure exists. Section 4.6.1 

(Item 2) showed an example of this where a known time-delay was corrected for before 

applying ANN cross-equalization. 

ANNs learn best from training patterns that exhibit similar features. Therefore, 

instead of training ANNs across one long in-line, it is more useful to train ANNs 

across several shorter and parallel in-lines. In other words, application of ANN cross- 

equalization may be more successful within full 3D time-lapse datasets (41) seismic) 

than within 2D time-lapse datasets, since ANNs can be trained and applied within 

small horizontally equi- dimensional time-lapse areas. This is because the geology, and 

therefore the character of the training patterns, varies more along one long line than 

across an area with shorter sides. In the application shown in this thesis, approximately 

462 shots from one long 2D time-lapse line are used to train ANNs, which are then 

applied on that long in-line. It may be more useful to use an equi-dimensional 3D 

time-lapse area, i. e. approximately 44 shots from 11 parallel in-lines. 

The cross-equalization shown was conducted on data that were re-sampled to 8 nis 

sampling interval. The intention was to reduce the computational cost. After achieving 

a scheme that allows faster computation, work continued on 8-ms-resampled data to be 

consistent with procedures in previous tests. HoNý,, e-ý-er, cross- equaliz at ion results maY 

improve by applying cross-equalization on 4 nis sampled data. 
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A methodology was described in Chapter 6 to assess the ability of A-N7\-s to preserve 

product ion-related anomalies while matching otherwise. The methodology invol%-es 

introducing a synthetic time-lapse anomaly at a known location and with a known 

magnitude. This method could be employed to QC ANN cross-equalization on different 

time-lapse datasets. Therefore, if one intends to use ANN cross-equalizat loll it could 
be beneficial to introduce a similar synthetic anomaly outside the reservoir area. B\- 

training the ANNs on the datasets and applying at and around the location where 

the synthetic anomaly was introduced, one can determine the quality and likelihood 

of ANN cross- equ aliz at ion producing good results, i. e. not obliterating the introdliced 

anomaly and matching very well otherwise. In fact, this method can be used as a QC 

tool for other cross- equaliz at ion methods. 

A test was presented in Chapter 4 that ensures that, while training to perform 

cross-equalization, the ANNs are not memorizing a copy of the dataset required to be 

matched, but in fact are learning a function that normalizes acquisition difference. This 

also seems to be an essential QC required before performing ANN cross-equalization. In 

fact, this QC tool is recommended for any ANNs application, where ANNs are required 

to learn a mapping function and not to act as a database. 

Quantitative analyses on ANNs ability to preserve desired time-lapse anomalies 

was presented in Chapter 6. However, many more tests are required to better quantify 

this ability. In addition, tests are required on many different datasets. These tests 

will enable relating the success of ANN cross-equalization to issues such as signal-to- 

noise ratio, magnitude and type of production-related time-lapse anomalies that call be 

preserved, type of acquisition differences that can be successfully cross-equalized. size 

of the datasets required to train the ANNs, and the relative size of the seismic area 

occupied by product ion-related time-lapse anomaly compared with that of the -,,, -hole 

dataset. 

The use of ANNs involves many parameters which need optimization. I presented 

the relevant concepts and algorithms in Chapter 2, and investigated some of those in 
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Chapter 4. However, there are two aspects that are worth further invest igat ions: 

1. It can be useful to investigate algorithms that can find an optimal network size. 
Growing algorithms, such as Cascade Correlation (Fahlman and Lebiere. 1990), 

or pruning algorithms, such as Optimal Brain Damage (LeCun et al., 1990b), can 

lead to a network that generalizes better and has the smallest required size, and 

thus requires less computational time when trained or applied. 

2. It can also be useful to investigate other algorithms that perform a fast search 

for an optimal weight matrix during training and attempt at solving the many 

problems linked to this search. Since the search for global minima in niultidi- 

mensional space is not confined to ANNs applications and is found in many other 

fields, many such algorithms exist. 

I argued that the use of RPROP training algorithm complemented by the use of wezght 

decay during training and by a systematic investigation of different topologies yields 

good results, where a network that is optimal in size and performance is found. Indeed 

the criteria employed proved to be robust in finding a network that trains relatively 

fast, allows for good generalization, and performs well. In addition, the criteria enabled 

an effective connection-weight analysis that led to optimizing the input parameter 

choice. Furthermore, the criteria allowed me to concentrate on other issues related to 

the project without being overwhelmed by ANN parameter optimization. However, 

research on the two aforementioned aspects may yield better results. 

An example of an algorithm to solve the local minima problem is weight jogging. 

This was investigated in Section 4.5.2, but showed no effective benefit. However, there 

was evidence to suggest that applying the jogging with a decaying amount, where 

lower amount of jogging is applied with increasing number of training cycles, inay 

produce a more optimal weight matrix, i. e. lead to lower levels of error during the ANN 

application. 

Section 5.1.4 discusses the desirability or otherwise of excluding the reservoir area 

from training. I concluded that such exclusion, which is intended to ensure that ANN 
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cross-equalization will not try to minimize product ion- related time-lapse anomalies. 

leads to the introduction of relatively large anomalies caused bN- ANNS behaving in 

a non-optimal way in the excluded area. I further concluded that no exclusion is 

required to preserve pro duction- related time-lapse anomalies, and this was proved to 

be accurate in Section 6.1. However, Section 6.1 also showed that ANNs can sliglitly 

normalize genuine time-lapse anomalies, as was expected. 

The conclusion that favours non-exclusion of the reservoir area from training was 

reached before finding the final optimal parameter choices. Therefore, it may be inter- 

esting to test the effect of excluding an area from training, while using the final scheme 

configuration, on the cross- equal iz at ion results. In addition, an investigation could be 

conducted to see the effect of including a lower number of training patterns from within 

the reservoir area than from outside it. By excluding an area from training or treating 

it differently, there is of course the danger that an anomaly arises within this area which 

can be misinterpreted as a production-related time-lapse anomaly. 

Many of the implementation codes and parametrization choices presented in this 

thesis may be applicable to other similar uses of ANNs in seismic. These include 

the different codes written to handle seismic data; to create and process training pat- 

terns; to apply trained ANNs; to QC and compare seismic traces using predictability, 

NRMS, and scalar misfit estimates; and to perform linear cross-equalization in different 

modes. These include also C++ class definitions that allow the transfer of time series 

to the wavelet domain and enable different functionalities related to this domain. The 

parametrization includes pattern pre-processing, and the choice of training algorithm 

and stopping criteria. In addition, the criteria of how a task can be split into small 

independent tasks, along the offset axis, and the criteria on how input-output was 

selected may be useful as an implementation choice for other similar problems. 

An example of the use of the implementation design of this project to other similar 

projects is their use in a project where ANNs are used to interpolate missing shots. I 

am involved in this neNý, ' project, and it is currently undertaken here at Imperial College. 
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In short, the task involves applying trained ANNs to interpolate missing shots on an 

in-line which is located between two in-lines where ANNs are trained and which are 

shot more densely. In this new project, one ANN was allocated per offset and trained 

to interpolate a trace given input from four traces closest to it in the offset and CNIP 

gather. The ANN's output is one seismic sample and the input is a window of seismic 

data selected from each of the four input traces with a size that accounts for structural 

dips. A quick test showed that a 100 m shot spacing could be interpolated to 50 m 

spacing with promising quality. 
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