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Abstract 

Forward modeling and inversion plays a fimdamental role in well-logging data 

processing and interpretation. Conventional modeling and inversion methods, however, 

are usually computer intensive and are not suitable for well-site applications. Neural 

networks provide a means for building fast and robust modeling and inversion algorithms 

that can be applied at well sites without calling for intensive computer resources. Several 

neural networks were applied and compared to interpret well logs, including layer 

picking, forward simulation, and inversion. 

A modular neural network was trained to extract the layer boimdaries from a 

single unfocused tool response. The network showed the capability to pick layer 

boundaries but the confidence level was not uniformly high. 

Five different networks were trained with multiple tool responses to pick the layer 

boundaries. The results showed that the modular neural networic and resilient back-

propagation network could produce the most accurate results. The picked layer 

boundaries using multiple tool responses were located at a higher confidence level and 

less noise than using a single response tool. 

Fast forward modeling was performed with a modular neural networic. The trained 

neural networks indicated that the modular neural network could predict the forward 

responses with an average accuracy of above 95%. An error analysis suggested that the 

neural network errors could be approximately described by a Gaussian distribution. A 

sensitivity test was also investigated to analyze how the errors would propagate back to 
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the formation resistivity estimations. Larger errors were produced in conductive and thin 

layers, but smaller errors in thick layers. 

A pattern recognition-based fast forward modeling was developed. A self-

organizing network was employed to classify the whole data population into different 

classes. Twenty percent of the training patterns from each prototype class were used for 

training. 

A modular neural network was investigated to invert Geonics EM39 induction 

logs. Four sub-networks were generated based on the pattern of resistivities in three-

layer models. The well logging curves were subdivided into segments, which represented 

three-layer models, and each sub-networic estimated the resistivity and thickness of every 

layer. The network was tested by synthetic and field data and the results were very 

encouraging. 
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Chapter 1 

INTRODUCTION 

Neural networks have proved useful in the development of automated pattern 

recognition. Successful applications of neural netwoiks can be found in many research 

fields and many of them are already applied to industrial applications. In this chapter, the 

application of neural networks in the field of geophysics will be reviewed. The review is 

focused on recent applications for neural networks in the following areas: seismic 

interpretation, formation evaluation, electromagnetic field interpretation and mineral 

exploration. 

Seismic interpretation 

Neural networks have been widely applied to interpreting of seismic data since 

the early 1990s. Stratigraphic parameter inversion that combines the high vertical 

resolution of well log data with the high horizontal resolution of seismic data has become 

an important field in exploration geophysics. The traditional joint inversion of well log 

data and seismic data finds only a few stratigraphic parameters, such as velocity or 

impedance, which support a theoretical relationship to geophysical data under some ideal 

conditions. Inversion are often linearized, however, since it is difficult to control 

nonlinear mathematical modeling. Under many situations, linear inversion could mislead 

the nonlinear information in the geophysical measurements, and degrade the 

nonlinearities of the measurement system. A data-driven method of joint inversion of 

well log and seismic data, based on neural netwoiks, was carried out by Liu and Liu 
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(1998). A back-propagation neural network was implemented to extract the relationship 

between the well log data and the seismic wavefoim at a well location, then applied to 

predict the well log data in the whole seismic survey area. The input nodes to the neural 

network were the seismogram and the sonic low-frequency (0-10 HZ) at the well 

location; the output nodes were sonic log (DT), density log (DEN), shale content (SH) 

and reflection coefficient series (R) at the well location. The trained neural network was 

tested with real data to obtain two extrapolation profiles of DT and SH. The results 

proved significant for the detailed evaluation of stratigraphic traps. The high-frequency 

components of the two profiles were significantly richer than those of the original seismic 

section. 

The work was extended by using seismic attributes. Scheulke et. al, (1998) 

investigated a neural network based prediction for reservoir properties using seismic 

attributes. This case study showed the benefit of using multiple seismic trace attributes 

and the pattern recognition capabilities of neural netwoiks to predict reservoir 

architecture and porosity distribution in the Pegasus Field, West Texas. The geologic, 

borehole and seismic data were integrated quite well by neural netwoiks. The result, a 3-

D volume of seismic derived porosity estimates for the Devonian Reservoir interval of 

the Pegasus Field, provided the reservoir development team with a detailed estimate of 

porosity, both spatially and vertically, for the field. 

Formation evaluation 

Lithology determination fix)m well log responses was usually done by hand. Thus, 

it was labor-intensive. Rogers et al., (1992) tried to use a neural network to determine 
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lithology from well logs. The back-propagation network was trained using gamma ray, 

neutron, and density logs to classify limestone, dolomite, shale and sandstones. The 

neural network based approach proved to be superior to the traditional graphical and 

statistical methods. 

Chang et al., (1997), extended the research on lithology determination in 1997. 

They applied a fuzzy associative memory neural network to determine lithology from 

well logs. 

The fades classification was usually done visually on cores and then extended to 

wireline logs from the cored wells. Kapur et al., (1998) presented a novel method to 

classify facies employing neural network techniques. In their study, the back-propagation 

neural network was applied to recognize the patterns of different fades. The network was 

trained to classify tuibidites, debris flow, shoreface and lower shoreface based on ganmia 

ray, density, neutron and resistivity logs. The accuracy of fades classification ranges 

from 75% to 93%. The results indicated that gamma ray and density logs were important 

to some type of facies whereas the neutron log was better for others. The Kapur et al. 

approach can be applied not only to the fields where quantitative classifications were 

required, but also to judge which log was important for determining fades type. 

Wadge et al., (1998) used neural networks to train the integrated core-log data to 

classify the lithology in ocean drilling program (ODP) holes. The neiiral networic was 

trained to classify claystone, sandstone and conglomerate derived from shipboard 

observation of core. There were 15 most useful logs, such as, resistivity, natural gamma, 

sonic, etc. In general, the more logs available to the neural netwoik the better its 
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performance. The optimum number of nodes in the hidden layer, however, had to be 

determined by experimentation. The testing showed a success rate of about 76% when 

tested with independent data. The testing showed a better accuracy 90% when the 

lithology conglomerate class is broken into two classes, depending on the relative 

abundance of claystone versus volcanic clasts. 

Permeability prediction from well logs is of great importance in reservoir 

characterization. Wiener et al., (1995) applied a back-propagation neural network to 

predict permeability from wireline logs. The network was trained on scaled inputs of 

micro-lateral log, deep lateral log, shallow lateral log, neutron porosity, bulk density, 

interval transit time, water saturation and bulk volimie water. The output of the network 

was the permeability. This study showed that the neural network could catch all of the 

concealed information contained in the well logs and predict the permeability accurately. 

Wong et al., (1998), applied the back-propagation neural network (BPNN) 

technique to predict reservoir permeability using conventional well log data, on the 

Rawa oil and gas field, offshore India. The traditional permeability-porosity crossplots to 

predict permeability was not successful in this field. Thus, the BPNN based permeability 

prediction was investigated using a data set consisting of core permeability and well log 

data from two existing wells. The trained neural network was blind tested with data from 

a third well, which was withheld from the training process. The results of their study 

showed that BPNN model permeability predictions were consistent with core analysis 

results. 
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Later on, Wong (1999) improved the permeability prediction using an improved 

windowing technique based on a neural network. The study used a group of well logs and 

limited core permeability data to produce continuous permeability profiles. The results 

showed that the permeability profiles were consistent with geological sequence of the 

reservoir. 

One of the principal tasks for a petroleum production geologist is to correlate well 

logs to construct a reservoir model (Luthi and Bryant, 1997). The woik however, is 

commonly done by hand. Luthi and Bryant applied a back-propagation neural netwoiic to 

correlate well logs to find particular geological markers. The well logs were broken into 

segments with same length and fed into a neural network from the first to the last sample 

points of the logs. Thus, the input layer was like a sliding window over the log. There 

was only one output node corresponding to the center of the input layer. If the center 

point was right on the boundary, then output 1; otherwise, output was 0. The approach 

was tested by the field data in Lake Maracaibo, Venezuela. The results indicated that the 

method had better performance and better discrimination than standard cross-correlation 

techniques. 

Layer picking is important to formation evaluation. The traditional layer picking 

method based on the maximum change in slope is difficult in the presence of noise and in 

thin-bed regions, so Chakravarthy et al., (1999) applied neural netwoiks to the detection 

of layer boundaries from the High Definition Induction Log (HDIL). A radial basis 

function network (RBFN) was implemented. The HDIL is a multi-receiver, multi-

frequency induction device that measures formation resistivities at multiple depths of 



25 

investigation (Beard et al., 1996). Synthetic responses for seven subarrays, which have a 

large range of spacing from 15.2 cm (6 in.) to 2.4 m (94 in.) and eight frequencies, which 

range from 10 kHz to 150 kHz, are generated for varying ranges of thickness, invasion 

length, formation resistivity, and invasion zone resistivity. The synthetic data along with 

the true bed boundary locations were used to train the neural network for picking layer 

boundaries. The logarithmic derivative of the log data was computed first; second, the 

transformed logs were broken into overlapping sections of fixed length. Data in each 

section or window was normalized to a imit norm. Third, the normalized sections were 

presented to the neural networic as training patterns. If the center of the training pattern 

corresponded to the boundary, then output 1, otherwise, output 0. The RBFN was 

successfully applied to the Oklahoma benchmaric model and Gulf of Mexico HDIL data 

to delineate layer boundaries. It demonstrated that neural networks could detect layer 

boundaries. 

The most fundamental application of formation evaluation is to calculate 

formation fluid saturation. This however reqtiires accurate resistivity and porosity 

information. Historically, the forward modeling and inversion have been applied to invert 

the forward response from the resistivity tool to get the true formation resistivity, but it is 

too slow. Goolsby and Arbogast (1999) provide a neural networic based exploration tool 

for accurate reserve prediction, reservoir modeling and identification of bypassed pay 

zones. 
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Mineral exploration 

Neural networks have been applied to mineral exploration since 1990. Minerals 

and lithologies were identified using a simulated neural networic by Baldwin et al., 

(1990). The problem was broken into two parts: identification of log patterns representing 

minerals and lithologies in a logged interval, and recognition level-by-level of the 

identified pattems. Shallow resistivity logs were used for training due to their better 

vertical resolution. The minerals and lithologies included calcite, dolomite, sandstone, 

siltstone, and shale. The new approach was proved to be successful to identify the 

minerals and lithologies. 

In mining, the cost and ore quality of mill feed are largely dependent on the 

accurate information on ore boundary location. A neural network system was 

implemented for ore/waste classification by Huang and Wanstedt (1998). First, the 

neural network was trained to recognize three rock themes, waste rock, semi-ore, and ore 

for mining purpose, based on gamma-ray, gamma-gamma, neutron and resistivity logs. 

The second application was aggregate quality prediction. In this case, the quality 

parameters: impact value, abrasion value I and abrasion value II were predicted by a 

neural network based on density log, point load, content of quartz and content of brittle 

minerals. The third application was rock indentation depth prediction. The established 

neural network, which was based on the indentation load on rock, indenter type and rock 

mechanical properties, was used to predict the rock indentation depth. The testing results 

were satisfactory and better than the existing techniques. 
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Chapter 2 

LOCATING LAYER BOUNDARIES WITH A SINGLE 

UNFOCUSED RESISTrVTTY TOOL 

Introduction 

In this chapter, neural networks are applied to pick layer boundaries using 

unfocused resistivity tools. Resistivity tools are used to detennine lithology, locate layer 

boundaries, and estimate invasion and formation resistivities. There are two kind of 

resistivity tools, focused andunfocused. The difference between the two tools lies in the 

distribution of the emitted current in the transmitter. Figure 1 is a schematic drawing of 

focused and unfocused electrical current distribution about a logging tool. Rt is the 

formation resistivity in a resistive bed and Rs is the fonnation resistivity in the adjacent 

layer, which is more conductive. The left-hand side of Figure 1 depicts an unfocused 

system. The current lines diverge from A in all directions and are attracted upward and 

downward by the adjacent formations, which are more conductive than the layer of 

interest. Therefore, the effect of the resistive layer relative to the overall resistance is 

reduced. The apparent resistivity computed for the target layer is, therefore, much lower 

than the 'true resistivity' of this layer. The right hand side of the Figure 1 represents a 

focused system; contiguous guarded currents all focus on the current lines. Therefore, 

the focused currents are less prone to borehole effects, especially the conductive mud 

effects, and can be directed at required areas of the formation. The apparent resistivity is 

very close to the true resistivity of the layers. The layer boimdaries of the focused 
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Figure 1: Schematic drawing of focused and unfocused electrical current distribution 
about the logging tool. 
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response could be easily picked from the maximum change of the slopes. Comparatively, 

the unfocused tools would generate a shifted response, which makes extracting layer 

boundaries difScult. 

Traditionally, the layer boundary and resistivity from an unfocused resistivity tool 

can be estimated from inversion (Yang and Ward, 1984). Whitman et al., (1989) 

investigated a ID and 2D inversion of unfocused and focused log responses for both 

synthetic logs and field data with the ridge regression procedure (Marquardt's inversion). 

Since inversion is largely dependent on the initial model. Whitman et al., (1990) 

developed a new method to automaticly choose the initial model parameters. After 

building the initial model, the inversion procedure follows the ridge regression procedure. 

Although those methods are robust, they are often costly. Therefore, neural networks are 

implemented to pick layer boundaries in this chapter. A, literature search reveals that 

little work has been done on the application of neural networks to locate layer boundaries 

from unfocused responses. Previous studies have suggested that a modular neural 

network (MNN) is capable of recognizing layer thickness and resistivity fr^m the 

Geonics EM39 induction logging tool (Zhang and Poulton, 1997). In this chapter, the 

applicability and effectiveness of a modular neural netwoik for picking layer boundaries 

will be explored using synthetic data obtained from three unfocused tools with different 

depths of penetration. 
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Data sets 

In order for a neural network to pick layer boundaries, it must first be trained. 

The ability of an MNN to correctly pick layer boundaries is positively correlated with the 

amount of information the training sets have. Therefore, the training set should include 

as many scenarios as possible that may occur in real data. 

The unfocused logging tools used in this chapter are L04S, LI OS, and L225. The 

basic characteristics of these logging tools are shown in Table 1. Therefore, three training 

sets have been generated accordingly: set045, setlOS, and set225. 

The input to the networic is a fixed length segment of a logging curve. Each 

segment represents 20 observed points. For each training pattern, the input values are 

Logio(Rn) and LogiodRn+i -Rn|), (n=l to 20) while R is the resistivity of each data point. 

Thus, there are 40 input nodes corresponding to every 20 observed points. 

The input data are fed successively from the first to the last observed points; in this case, 

the input layer acts as a sliding window over the log. There are 20 output nodes 

corresponding to the 20 observed points. If a point presents a layer boundary, then the 

output is one (1), otherwise the output is zero (0). It is possible that the output values 

have several I's in the output layer if this segment contains several boundaries or there 

might be no none zero component in the output layer if the segment did not contain a 

boundary. 



Table 1: The characteristics of L045, LI05 and L225 

Tool name Distance between the 
receiver and transmitter (m) 

Investigation Minimum bed 
resolution (m) 

L045 0.45 Shallow 0.5 

L105 1.05 Deep 1.0 

L225 2.25 Deep 2.0 

To train the MNN, the resistivity varies from 1 to 200 ohm m (1, 5, 8, 10,20, 50, 

80, 100, 150, and 200 ohm m). The thickness changes from 0.25 m to 6 m (0.5, 1, 2, 3,4, 

5, and 6 m). More than 1,500 training patterns have been generated in each training set. 

The sampling interval is 0.125 meters. Thus, each training pattern represents a 2.5 meter 

interval. 

MNN training 

Since finding the best architecture of the neural network is important and will 

affect the training results, the basic approach is to change the number of processing 

elements (PE) (which equals the number of local experts) of the gating output, number of 

hidden nodes in the gating network as well as in the local expert until the lowest root 

mean square (RMS) error is found. When the best structure of the network is selected, 

the learning rate is adjusted to further refine the results. The best parameters used in the 

training are summarized in Table 2. 



Table 2: The best architectures for the three training sets 

Training set Set045 Setl05 Set225 

Thickness range 0.25 to 6 m 0.25 to 6 m 0.25 to 6 m 

# of training patterns 1,547 1,547 1,547 

# of input nodes 40 40 40 

# of output nodes 20 20 20 

# of hidden nodes in 

the gating network 

10 10 10 

# of local expert 8 8 8 

# of hidden nodes in 

the local expert 

6 6 6 

Transfer function TanH TanH TanH 

Learning rule Delta-rule Delta-rule Delta-rule 

# of iteration 126,349 182,046 140,000 

Learning rate 1.0 1.0 1.0 

Momentum 0.4 0.4 0.4 

RMS 0.15 0.19 0.22 

Results 

A limited testing set was generated from a random combination of the model 

parameters, which were not used to train the MNN. This test was carried out in order to 

find out the effectiveness of the MNN for thin layer models (thickness ranges from 0.5 to 

2 meters), medium thickness layer models (thickness ranges from 1.5 m to 4 m), thick 

layer models (thickness ranges from 6 to 20 meters) and an expanded range of resistivity. 

Each will be examined in the following sections. 
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It is worthwhile to emphasize that the desired output value is I if a depth point is 

on a boundary, 0 otherwise. When the trained networks test a new pattern, the output 

values for the boundaries are not exactly equal to 1. Thus, a confidence level must be set. 

If the output value is larger than 0.5, it is considered to be a boundary. The closer the 

value is to 1, the more confident we are of the boundary location. 

Thin layer model (thickness from 0.5 to 2 m) 

Thinner layers are usually not easy to recognize in the data interpretation because 

of their small changes in resistivity. So they are easily overlooked under the noise in the 

unfocused log. A nine- thin-layer model was created to test if the MNN can detect small 

changes. The thickness and resistivity for each layer is listed in Table 3. 

Table 3: The resistivities and thickness in the thin-layer model 

Layer 
number I 2 3 4 5 6 7 8 9 

Resistivity 
(ohm m) 5 30 80 10 70 1 10 5 30 

Thickness 
(meter) 2 1.5 0.5 1.5 0.5 1.5 2 1.5 

First, the L045 net was tested. Generally, L045 is a shallow imfocused log with a 

minimimi bed resolution of 0.5 m. Hence, the thinnest layer to be recognized is 0.5 

meter. In the nine-layer synthetic model, all the layers are from 0.5 m to 2 m. From 

Figure 2 and Figure 3, we can see that the MNN can recognize these thin layers and 
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picked seven boundaries correctly. Even though the output value for the boundary 

between the 3"^ layer and the 4'*' layer is 0.56, it is still high enough to be treated as a 

layer boundary. 

Next, the LI05 net is tested; the results are shown in Figure 4 and Figure 5. The 

LI05 is a medium unfocused logging tool with a minimum bed resolution of 1 m. There 

are eight boundaries in the nine-layer model, and the MNN was able to pick seven 

boundaries correctly (the output values are all larger than 0.5), and missed only one 

boundary between the 2"^ and the 3"* layer. The trained netwoik can still recognize thin 

layers (0.5 m), although the minimum bed resolution is Im. 

The logging curves corresponding to L045 and LI05 were tested and the results 

show that for L045, all the boundaries could be picked correctly. For LI05, one layer 

boundary was missed between the 2°^ and the 3"^ layer, but the output value for this 

boundary from L045 is 0.68. Thus, if the results were put together, the MNN can still 

pick all the boundaries based on the output values from multiple tools, which will be 

studied in Chapter 3. 

L225 is a deeper unfocused logging tool than LI05, with the minimum bed 

resolution 2 m, and is not very efBcient for picking the thin layer boundaries. 
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Synthetic response for L045 
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Figure 2: A nine-layer thin-layer model 
generated by L045. 

Figure 3: The MNN output boimdaries 
compared with the true boundaries. The 
network picked all the boundaries 
correctly. 
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Figure 4: A nine-layer thin-layer model 
generated by LI05. 

Figure 5: The MNN output boundaries 
compared with the true boundaries. The 
networic missed the boundary between the 
2"^ and the S"' layer 



37 

Medium-thickness layer model (thickness from 1.5 to 4 mt 

A thirteen-layer model shown in Figure 6 was created for testing medium-

thickness models. The thickness and resistivity for each layer is listed in Table 4. 

The first tested log is for the L045 tool. The result is shown in Figure 7. Since this 

is a thirteen-layer model, there are twelve boundaries. All the boundaries are recognized 

correctly. Most of the output values for each boundary are close to I. However, for the 

boundary between the 5*^ and the 6'*' layer, the MNN output is about 0.54, a weaker 

response but still treated as a boundary. This indicates that the training set corresponding 

to L045 is successfully picking all the layer boundaries. 

The next tested log is for the LI05 tool. The result is shown in Figure 8. The 

MNN output shows that all the boundaries could be picked correctly but failed to pick the 

boundary between the 3"* layer and the 4'*' layer with a low confidence output. 

Finally, the L225 tool is tested. The result shown in Figure 9 indicates that MNN 

missed one boundary that is between the 8"* layer and the 9''' layer. For the boundary 

between the d*** layer and the 7'*' layer, the MNN picked another point as the boundary 

that is 0.25m shallower than the desired boundary. 

Comparing the results from these three networks, the shallow logging tool L045 

has the best performance. The networks corresponding to LI05 and L225 missed one 

boundary in the twelve boimdaries. Therefore, all the training sets have the ability to pick 

the layer boundaries although the results are still encouraging. However, the robusmess 

of the networks will then need testing for an extended resistivity range. 
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Figure 6: Thirteen-layer medium-thickness layer model used for testing. 

Table 4: Resistivities and thickness for the medium-thickness layer model in Figure 6. 

Layer 
number 1 2 3 4 5 6 7 8 9 10 11 12 13 

Resistivity 
(ohm m) 45 15 75 50 100 55 35 I 20 5 10 I 15 

Thickness 
(meter) 2 2.5 3.5 1.5 4 2.5 3 2 3 4 2 3 
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Figure 7; The MNN output boundaries 
compared with the true boundaries. 
All the boundaries were picked correctly. 

Figure 8: The MNN output boundaries 
compared with the true boundaries. 
The boundary between the 3"* layer and the 
4"* layer was missed. 
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Figure 9: The MNN output boundaries compared 
with the true boundaries. The boundary between the 
8^ and the 9*^ layer was missed; for the boundary 
between the 6^ layer and the 7^ layer, the MNN 
picked another point as the boundary that is 0.25 m 
shallower than the desired boundary. 
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Thick layer model (thickness from 6 to 16 m) 

A thick-layer model (thickness ranges from 6 to 16 m and resistivity ranges from 

I to 100 ohm m) is generated for testing which is shown in Figure 10. The resistivity and 

thickness for each layer are simmiarized in Table 5. The sampling interval used in the 

training sets is 0.125 m, and this time, when the new model was generated, the sampling 

interval is 0.25 m, so each training pattern presents 5 meters since there are 20 observed 

sample points in each pattern. The purpose of these data is to test the effect of sampling 

interval on the test results. 

Similarly, the results from the L045 network are shown in Figure 11. The MNN 

picked all the boundaries correctly. The output value for the layer and the 8''' layer is 

a weak response but still can be treated as a boundary. 

Table 5: The resistivities and thickness in the thick-layer model 

Layer 
number 1 2 3 4 5 6 7 8 9 

Resistivity 
(ohm m) 5 50 80 10 70 1 100 20 50 

TTiickness 
(meter) 8 6 8 16 6 12 8 15 
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Synthetic responses for L045. LI 05 and L225 
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Figure 10: Nine-layer thick-layer model generated for testing. 
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Figure 11; The MNN output boundaries 
compared wi± the true boundaries. All the 
boundaries were picked correctly. 

Figure 12: The MNN output boundaries 
compared with the true boundaries. The 
boundary between the 6'*' and the layer 
was missed; instead, the network picked 
another point as boundary which is 1.5 m 
shallower than the true boundary. 
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Figure 13: The MNN output compared with 
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the network picked a boundary 1 m shallower 
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The results for the LI05 net are shown in Figure 12. The MNN output shows that 

there is one missed boundary. The missed boundary is between the 6'*' and the T"" layers; 

instead, the MNN picked a boundary 1.5 m shallower than the true boundary. 

The results for the L225 net are shown in Figure 13. The MNN output indicates 

that there is also one boundary missed between the 2"^ and the 3*^ layers. Instead of 

picking the true boundary, the MNN picked a point 1 m shallower than the desired 

boundary. For ±e rest of boundaries, the MNN performed very well. 

Since the netwoiics pick boundaries based on the change of resistivity, and for the 

thick layer, the resistivity changes are more stable, thus, the networics worked fairly well 

to pick the thick layer boundaries. The sampling interval did not seem to present a 

problem. 

Testing the sensitivity to resistivitv 

The range of resistivity in the training sets is from 1 to 200 ohm m. In this 

section, a new model was generated in order to test the range of resistivity (see Figure 

14). A name of "model 1" is used for the sake of simplicity. The range of resistivity used 

in the model is from 0.1 to 300 ohm m. The thickness and resistivity parameters are 

shown in the Table 6. 

The results for the L045 net are shown in Figure 15. The trained network could 

pick all the boundaries correctly. From Figure 15, we can see that the output values for 

the boundaries corresponding to high resistivities are weaker than the output values 

corresponding to low resistivities. That is because there are not enough training patterns 



Table 6: The resistivity and thickness in "model 1" 
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Layer 
number 1 2 3 4 5 6 7 8 9 10 11 12 13 

Resistivity 
(ohm m) .5 50 lOO 80 150 120 300 100 10 20 .1 30 1 

Thickness 
(meter) 5 3 5 6 8 6 9 6 8 6 4 6 
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Figure 14: Model 1 for testing the range of 
resistivity. 

MNN picks layer boundaries from L045 response 

Figure 15: The MNN output compared 
with the true boundaries. All the 
boundaries were picked correctly. 
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that have high resistivities in the training file. But, the network could still pick the 

boundaries successfully. Therefore, the trained netwoik has some ability to recognize 

boundaries when the resistivities are beyond the range of resistivities in the training set. 

Another experiment was performed to test whether the network could recognize 

boundaries if the order of the layers is switched. The purpose of this experiment is to find 

out if the testing results would be affected by the position of the layer resistivity. 

Using the resistivity and thickness in the above model, but changing the position 

of the resistivity, a new model is generated (see Figure 16), called "model 2". The 

resistivity and thickness for the new model are listed in Table 7. The high resistivity 

layer in "model 1" is shifted to a shallower depth in "model 2". 

The L045 results are shown in Figure 17. The netwoik missed one boundary 

between the 1®* layer and the 2"^ layer. Notice that the output values for the boundaries 

corresponding to high resistivities are weaker than those of low resistivities. 

Nevertheless, the results are still close to "model I" even though the network missed one 

boundary. 

Table 7: The resistivity and thickness in "model 2" 

Layer 
number 1 2 3 4 5 6 7 8 9 10 11 12 13 

Resistivity 
(ohm m) 80 150 120 300 100 50 100 10 .5 30 .1 20 1 

Thickness 
(meter) 5 3 5 6 8 6 9 6 8 6 4 6 
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Figure 16: Model 2 made by changing the 
order of the resistivities for each layer 

Figure 17; The MNN output compared 
with the true boundaries. The boundary 
between the 1" and the 2"^ layer was 
missed. 
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A third model called "model 3" is generated by changing the position of 

resistivity again. In this model, the high resistivity layer is shifted to a deeper postion. 

The resistivity and thickness parameters are shown in Table 8. The plot of the new 

model is shown in Figure 18. The forward response in L045 is too flat to see any 

changes. The network picks are shown in Figure 19. The trained network picked all the 

boundaries except one boundary that is between the 8"* and the 9''' layer. Similar to 

"model 1" and "model 2", the output values from "model 3" for the boundaries 

corresponding to high resistivities are weaker than the output values corresponding to low 

resistivities. 

Based on the results from these three new models above, it is safe to conclude that 

the network with the proper training can pick the boundaries successfully even when the 

resistivities are beyond the range of resistivity in the training set. The position of 

resistivities has negligible affect on the testing results. The accuracy for picking the 

boundaries is at least 91.6% (11 correctly picked boundaries out of total 12 boundaries) 

for the limited test cases. 

Table 8: Model 3 made by chan^g the resistivities in model 1 and model2. 
Layer 

number 1 2 3 4 5 6 7 8 9 10 11 12 13 

Resistivity 
(ohm m) 10 .1 1 30 .5 20 100 80 150 50 120 300 100 

Thickness 
(meter) 5 3 5 6 8 6 9 6 8 6 4 6 



50 

Synthetic responses for L045 MMvi picks layer boundaries from L045 resportse 
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Figure 18: Model 3 made by changing the 
order of resistivities for each layer. 

Figure 19: The MNN output compared 
with the true boundaries. The boundary 
between the 8"* and the Q'*' layer was 
missed. 
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Conclusions 

Three trained modular neural networks performed well on the limited testing 

patterns and the interpretations were reasonable and reliable. The modular neural 

networks had the ability to identify the shift in the unfocused logs and pick the 

boundaries correctly. Furthermore, the networks were much faster than traditional 

methods. 

The networks were more accurate when picking the thick layer boundaries than 

the thin layer ones. The netwoiics picked layer boundaries based heavily on the change of 

resistivity. The change of resistivity in thin layers tends to be small due to the shoulder 

effect from the neighboring layers. In contrast, the change of resistivity is much larger in 

thick layers. Therefore, the networks can more easily pick thick layer boundaries than 

the thin layer boimdaries. 

The effect of sampling interval was also tested in this chapter. The results 

showed that sampling rate did not have much impact on the test results. The range of 

resistivity in the training sets was from 1 to 200 ohm m. The networks however could 

recognize the boundaries with higher resistivities (300 ohm m) or lower resistivities (0.1 

ohm m). Changing the position of high or low resistivity layers did not affect the testing 

results. The networks appeared stable for picking layer boundaries under changing 

conditions. 

Among three networks, the L045 network worked better than the LI05 and L225 

nets. For less than 2 m thin layers, the L045 and L105 nets worked well to pick the layer 

boundaries. Since the L22S is a deep depth of investigation logging tool with the 
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minimum bed resolution of 2 m, it was not very efficient for picking thin layer 

boundaries. 
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Chapter 3 

LOCATING LAYER BOUNDARIES WITH MULTIPLE 

UNFOCUSED RESISTIVITY TOOLS 

Introduction 

In this chapter, the nenral netwoiics have been trained and tested with multiple 

tool responses. Five different neural networks have also been tested to see which 

produces the most accurate layer boundaries. 

In Chapter 2, modular neural network was trained to pick layer boundaries from 

the single xmfocused resistivity tool response. The results showed that the neural 

networks had the capability to correct the shift in the imfocused response and pick the 

layer boundaries quickly. The neural network output however contained some noise, and 

the confidence level for the picked layer boundaries was somewhat weak at certain layers 

where there was little evidence in the forward response to indicate the presence of a 

boundary. 

Studies on multiple tool responses are carried out in this chapter in order to 

improve the layer picking quality. Instead of using one unfocused resistivity tool 

response, three responses, L045, LI05 and L225 are used. Also, five percent Gaussian 

noise is applied to the tool responses in order to test the capability of network to pick 

layer boundaries from noisy data. The results are compared with the single unfocused 
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resistivity tool response. The generalization of the trained neural networks is also tested 

with different layer thickness and resistivity ranges. 

Data set 

The modular neural netwoiic (MNN) has been trained and tested with the data 

from multiple logging tools, such as the L04S, LI 05, and L225 logging tools. Similar to 

single resistivity tool, each tool in the multiple logging tools requires forty input and 

twenty output nodes in the training pattern. Therefore, for a certain input pattern that 

combines the tools L045, LI05, and L225, a total of 120 input processing elements (PE) 

are required. Among them, the first forty input nodes are from L045, the second forty 

input nodes are from L105, and the last forty input nodes are from L225. The output 

nodes still represent twenty points. There are a total of 1,043 training patterns in the 

training set, which covers a resistivity range from 1 to 200 ohm m and a thickness range 

from 0.25 m to 6 m. 

In order to test the generalization of the neural network, 5% Gaussian noise has 

been added to the training data. There are four testing sets created to test the 

generalization of the trained neural networics for different layer thickness and resistivity 

ranges. 

The performance of the following neural networks will be compared: modular 

neural network (MNN), back-propagation (BP) networic and radial basis flmction 

network (RBFN) in the Neural Ware Professional II/Plus package, and the resilient back-

propagation (RProp) and general regression neural network (GRNN) in MATLAB®. 
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The results will be analyzed according to the average thickness of the layers in the test 

models. Before discussing the results, it will be useful to say a few words on the best 

architecture of these five networks used in this layer picking problem. The details of the 

algorithm of these networics can be found in Appendix A. 

Best architectures of MNN. BP. RBF. Rporp and GRNN 

The best MNN, BP, RBF, RProp structures for the layer picking problem have 

been searched and summarized from Table 9 to Table 12. 

Table 9: The best architecture of the modular networic for the training set. 

# 
training 
pattern 

# gating 
output 

# hidden 
in gating 

# hidden in 
local 

expert 

Iteration Learning 
Rule 

Transfer 
function 

RMS Leaming 
rate 

Momentum 

1043 8 8 6 120,000 Delta-
rule 

TanH 0.12 0.9 0.4 

Table 10: The best architecture of the BP network for the training set. 

# training 
pattern 

# of 
hidden 

iteration Leamir)g rule Transfer furiction RMS Leaming 
rate 

Momentum 

1043 24 120,000 Delta-rule TanH 0.167 0.9 0.4 

Table 11: The best'architecture of the RBFN for the training set 

# training 
pattern 

# of pattern 
units 

#of 
hidden 

Iteration Leaming 
rule 

Transfer 
function 

RMS Leaming 
rate 

Momentum 

1043 100 10 120,000 Delta-rule TanH 0.207 0.9 0.4 

Table 12: The best architecture of RProp for the training set 

# training 
pattern 

# of 
hidden 

iteration Transfer function 
for hidden layer 

Transfer function 
for output layer 

MSE Leaming 
rate 

Momentum 

1043 25 106,300 TanH Sigmoid 0.09 0.9 0.1 
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In GRNN, only one parameter, SPREAD, needs to be determined. For this layer-

picking problem, the trained produced the best results when SPREAD is equal to 0.5. 

Results and discussion 

As in Chapter 2, if an output corresponds to a boundary, then the output value is 

1.0; otherwise, 0.0 is the output. When the trained networks are tested with the new 

patterns, the output values might not be exactly 1 or 0. Therefore, if the output value is 

larger than 0.5, it is considered to be a boundary. The closer the output value is to 1, the 

more confidence we have in the boimdary location. In the following, the results from the 

thin layer model, medium-thickness model, and thick model will be presented. Similarly, 

a test of the sensitivity to resistivity will also be carried out in multiple tools trained 

network. 

Thin layer model (thickness from 0.5 to 2 m) 

Thin layer boundaries are always hard to pick from the deep investigation 

unfocused devices because of the large spacing between the transmitter and receiver. 

From the previous results (Zhang et al., 1999) using single logging tools, the networks 

operating on data from L045 and LI 05 tools could pick most of the boundaries, but the 

confidence level was relatively low. Since the minimum bed resolution of the L225 tool 

is 2 m, the L225 network failed to pick the thin layer boimdaries. Therefore, the first test 

set examines the capability of the neural networks to pick thin layer boundaries. Figure 

20 shows the synthetic responses with 5% Gaussian noise for the thin layer model over a 

certain depth interval. The layer thickness and resistivities parameters are the same as the 
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model in Chapter 2. When data from all three tools are used together, it has shown some 

promising results. The statistics for picking the layer boundaries from all the trained 

networks are listed in Table 13. From Figure 21 to Figure 25, the boimdary selections are 

shown graphically. 

10 20 

RMistivity (ohm m) 
30 40 50 60 70 80 90 

L045 response 
L105 response 
L225 response 
Formation resistivity 

Figure 20; Synthetic log responses for the thin layer model with 5% Gaussian noise 
added. The actual depth locations are irrelevant since the network never receives 
information on the actual depth of any sample point. 
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Table 13: Performance of the networks for picking layer boundaries from multiple tool 
responses generated from a thin layer model that has eight boundaries. (Hit means the 
network picked a true boundary; False Alarm (FA) means the networic picked a non
existent boundary). 

Network MNN BP RBFN RProp GRNN 
Hits 7 5 4 7 4 
FA 0 1 0 0 4 

As a comparison, the forward responses from these three log tools are also shown 

in Figure 20. The existence of the boundaries for the thin layers is not obvious. However, 

the MNN network is able to pick seven out of eight boundaries with high confidence and 

low noise level (Figure 22). The desired output values for the depth points that are not on 

the layer boundary are zeros. Since the neural network actual outputs for those depth 

points are not exactly zeros, those output values are called "noise". The closer the value 

is to zero, the less the noise level. Only one boundary between the 4'*' layer and 5* layer 

is missed. The BP network picked five boundaries (Figure 21). However, the boundaries 

between the 3"^ and 4'*' layer, 4*** and 5^ layer and 6*** and layer were missed. The 

RBFN had a difficult time picking the boundaries from the thin layer model; only four 

boundaries were picked (Figure 23). All these networks are trained with the 

Neural Ware® software. 

RProp in MATLAB® package missed only one boundary, which is the first one 

(Figure 24). Compared with the BP networic in NeuralWare® with standard gradient 

decent algorithm, RProp picked seven of eight boundaries with little noise and high 

confidence. Therefore, the results from the modified algorithm in RProp are better in this 

case than those from BP, which indicates the modified algorithm can improve the 
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generalization capability compared to the BP algorithm. A test in MATLAB® also 

showed that the modified algorithm could also increase the convergence speed. GRNN 

in MATLAB® had a much faster training rate than RProp. The GRNN learned the 

training set in 20 seconds compared to 3.5 minutes for RProp. However, the algorithm for 

GRNN produced poor results of picking layer boundaries with only four (13"*, 5"* and 

8'*') boundaries correctly picked (Figure 25). Many more false boundaries were picked 

compared with the other networks. 
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Figure 21: BP output boundaries compared Figure 22: MNN output boundaries 
with the true boundaries. Three boundaries compared with the true boundaries. The 
are missed and a false boundary is selected boundary between the 4'*' and S*** layer is 
at 12 m depth. missed. 
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Figure 23: RBF output boundaries 
compared with the true boundaries. Four 
boundaries are missed. 
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Figure 24: RProp picked boundaries 
compared with the true boundaries. The 
first boundary is missed. Other boundaries 
are picked with high confidence and low 
noise. 
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Figure 25: GRNN failed to pick most 
boundaries. 



The MNN, RBFN, and GRNN networks are designed to cluster or partition the 

training data into groups with similar characteristics. In particular, MNN has the local 

experts that can categorize the training patterns. The learning process at each local expert 

is error-based correction. Therefore, each local expert can be considered as BP. In order 

to examine how the training data were partitioned in MNN, the training patterns of each 

local expert are shown in Figure 26. Table 14 summarizes the resistivity ranges for each 

tool and patterns each local expert represented. 

Table 14: Distribution of resistivity in the local experts for the thin-layer model 

Local 
experts 

# of training 
patterns 

Resistivity 
(ohm m) 

L045 

Resistivity 
(ohmm) 

LIOS 

Resistivity 
(ohmm) 

L225 
1 121 2—5 4—16 8—20 

2 91 5.7—6 20.6—21.8 58—63 

3 231 3.4—4.1 9.5—13 18—28 
! 

4 255 3.5—6.5 12—22 30-50 

5 181 4—6.5 10—22 20—50 1 

6 154 5.85—6.05 22-23 65-70 
1 

1 
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Figure 26: Sample logging curve segments represented by each local expert in the MNN. 

Medium-thickness layer model (thickness from 1.5 to 4 m) 

Next, the capability of the networks trained with multiple logging tools to pick 

layer boundaries from a medium-thickness layer model (1.5 to 4 m) is tested, whose 

thickness are from 1.5 to 4 m. Figure 27 shows the L045, L105 and L225 responses with 

5% Gaussian noise for the medium thickness layer model over a certain depth interval. 

The layer thickness and resistivities are the same as in Chapter 2. 

The statistics for picking the layer boundaries from the networks are listed in 

Table 15. The boundary selection results are shown in Figure 28 to Figure 32. 

For the medium-thickness model, the BP network picked all the layer boundaries 

with high confidence and less noise (Figure 28). The MNN missed one boundary between 

the 4*^ and S''" layers (Figure 29), however, the output value for this boundary was 0.493, 

only slightly less than the threshold limit of 0.5 required for picking the boundary. 
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25 

35 

Figure 27: Synthetic log responses for the medium-thickness layer model with 5% 
Gaussian noise added. The actual depth points on the curves are irrelevant since the 
net\vork never uses the depth for any sampling point. 

Table 15: Performance statistics for the networks for a medium-thickness layer model 
that has twelve boundaries. (Hit means the network picked the true boundary; False 
Alarm (FA) means the networic picked a nonexistent boundary). 

Network MNN BP RBFN RProp GRNN 
Hits 11 12 5 11 8 
FA 0 0 0 0 5 
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All the output values for the picked boundaries were higher than 0.75 for the MNN. The 

RBFN still could not pick layer boundaries very well and the output values for the picked 

boundaries have lower confidence levels (Figure 30). 

RProp missed the 3"^ boundary (Figure 31). Although the BP network in 

NeuralWare® picked all the boundaries, the outputs of RProp definitely have less noise. 

The GRNN performed better than the RBFN in NeuralWare®, which picked only five 

boundaries (Figure 32). Although GRNN only picked eight boundaries, all the output 

values for the picked boundaries were more than 0.9. For this data set the GRNN 

produced the most consistent and highest confidence output values for the medium layer 

boundaries. 
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Figure 28: BP output boundaries for the 
medium-thickness model compared to true 
boundaries. All the boundaries are 
correctly picked. 

Figure 29: For the MNN, the boundary 
between the 4"* and S**" layers is missed but 
the output value for this lx)undary is 0.493, 
just below the threshold of 0.5 for correct 
classification. 
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Figure 30: RBF output boundaries for the 
medium-thickness model compared to the 
true boundaries. Seven boundaries are 
missed. 

Figure 31: For the RProp all the boundaries 
are picked with hi^ confidence and little 
noise except the boundary between the 3*^ 
and 4"' layers. 
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Figure 32: GRNN output boundaries are 
picked with high confidence. Eight 
boundaries are picked up. 
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Thick layer model (thickness from 6 to 16 m) 

The third test was to probe the capability of the neural networks for picking layer 

boundaries from a thick layer model. All of the thickness values in the case are from 6 to 

16 m. It should be pointed out, however, that the training set did not include layers 

thicker than 6 m. Figure 33 shows the synthetic responses with 5% Gaussian noise for the 

thick layer model over a certain depth interval. The layer thickness and resistivities are 

the same as in Chapter 2. 

The network statistics for picking the layer are listed in Table 16 while the 

graphical results are shown from Figure 34 to Figure 38. 

Thick layer boundaries are in general easier to pick than thin layer boundaries 

because of the less shoulder effects. Indeed, the MNN picked all the boundaries 

successfully with high confidence and little noise. The BP network missed two 

boundaries. First, it missed a true boundary between the 2"^ and 3"* layers; instead, it 

picked a boundary, which was 1 m shallower. Another false boundary was picked at a 

depth of 26 m. The worst network among those from Neural Ware® is the RBF netwoiic, 

which only picked three boundaries correctly and the confidence level was relatively low 

compared with others. 

Table 16: Performance of the networks for picking layer boundaries from multiple log 
responses generated from a thick layer model that has eight boundaries. (Hit means the 
network picked a true boundary; False Alarm (FA) means the netwoiic picked a non
existent boundary). 

Network MNN BP RBFN RProp GRNN 
Hits 8 7 3 7 4 
FA 0 2 1 0 7 
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The RProp network missed the boundary between the 2™* and 3"* layer. As can be 

seen from Figure 33, there is little evidence of the boundary in this region in the forward 

responses. Although, both RProp and BP missed this boundary, they managed to 

recognize the potential layer existence. Compared to the BP netwoik in NeuralWare, the 

RProp network performed better with less noise and higher confidence. For example, all 

the output values for the picked layer boundaries in RProp network were higher than 0.9. 

GRNN picked the I 4"*, 6"' and boundaries. However, there were seven 

false boundaries selected. Comparatively, the RBF network in NeuralWare® picked three 

boundaries correctly but had only one false boundary. It indicates that the GRNN tended 

to pick more false boundaries than the RBF network because of the narrow width of 

Gaussian transfer function, which makes the network respond to a target vector very 

close to the nearest pattern unit. The algorithm of the RBF network in NeuralWare® 

successfully avoided picking so many false boundaries because the width of the transfer 

function was set to the root mean square distance of the given pattern unit to the P nearest 

neighbor pattern imits. 
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Figure 33: Synthetic log responses for the thick layer model with 5% Gaussian noise 
added. The actual depth points for the logging curves are irrelevant to the network 
interpretation. 
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Figure 34: BP output boundaries for the 
thick layer model compared to true 
boundaries. The boundary between the 2"^ 
and 3"* layer was missed but a boimdary I 
m shallower than the true boundary was 
selected. Another false boimdary is picked 
at 26 m. 
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Figure 36: For the RBF, five boundaries 
were missed. Only the 3"*, 4'*', and 6"* 
boundaries were picked correctly. 
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Figure 35: MNN output for the thick layer 
model compared to the true boundaries. 
All the boundaries are correctly picked. 
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Figure 37: For the RProp all the boundaries 
were picked with high confidence and little 
noise except the boundary between the 2"^ 
and 3"* layer. 
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Figure 38: GRNN output for the thick layer 
model compared to the true boundaries. 
Seven false ^undaries were picked. 

Testing the sensitivity to resistivity 

The range of resistivity data in the training files is from 1 to 200 ohm m. From 

Chapter 2, we know that changing the position of resistivity does not affect the testing 

results. The single tool networics appear to be stable for picking layer boundaries with 

different location of the resistivities, although with some noise in the results. In order to 

determine any improvement of extrapolation to resistivities outside this range by the 

multiple tool networks, a new test set is generated similar to the second model used in 

Chapter 2. The resistivities in this new test set range from 0.1 to 300 ohm m. Figure 39 

shows the synthetic responses with 5% Gaussian noise for the model over a certain depth 

interval. The layer thickness and resistivities are the same as in Chapter 2. 
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The statistics for picking the layer boundaries are listed in Table 17. Figure 40 to 

Figure 44 show the layer boundary selections. 

There are a total of 12 boundaries. The first boundary in the model in Figure 39 is 

barely detectable and all of the tested networics except the RProp network missed this 

one. Other than this, all the boundaries are picked correctly by MNN and BP networic 

with high confidence level (more than 0.7). The RBFN picked only five boundaries 

correctly. The GRNN picked seven boundaries correctly but also had nine false alarms. 

Compared with the results fi'om Chapter 2 in the same test, the results with multiple tools 

trained networks have generally high confidence in picking the layer boundaries. The 

noise level is reduced in the current experiment. RProp distinguished itself by 

successfully picking up all of the boundaries correctly. 

Table 17: Performance of the networics for picking layer boundaries ft^om multiple log 
responses generated firom a model with expanded resistivity range that has 12 boundaries. 
(Hit: network picks to a true boundary; False Alarm (FA): network picks a non-existent 
boundary). 

Network .MNN BP RBFN RProp GRNN 
Hits 11 11 5 12 7 
FA 0 0 1 0 9 
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Figure 39: Model for testing the range of resistivity. 
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Figure 40: BP output for the resistivity 
model compared to the true boundaries. 
The first boundary was missed. 

Figure 41: MNN output for the resistivity 
model compared to the true boundaries. 
The first boundary was missed. 
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Figure 42: RBF output for the resistivity 
model compared to the true boundaries. 
Seven boundaries were missed. 

Figure 43: RProp output for the resistivity 
model compared to the true boundaries. 
All the boundaries were picked with high 
confidence. 
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^True boundaries 
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Figure 44: GRNN output for the resistivity 
model compared to the true boundaries. 
Nine false boundaries were picked. 

Conclusions 

Multiple tool responses were applied to five networks to pick the layer 

boundaries. The MNN, RProp, and BP networks were quite successful at picking layer 

boundaries in data fix)m unfocused logging tools. The modified algorithm in RProp 

produced layer picks with higher confidence and lower noise. The RProp was comparable 

in accuracy with the MNN. 

The gating network in the MNN partitioned the training set into several parts 

based on the shape and values of the training patterns. Thus, each local expert could 

focus on learning a smaller data set. While the RBF netwoik and GRNN also cluster the 

training data, the method used by the MNN proved more effective. 
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The RBF network had a group of pattern units (centers) that measured the 

Euclidean distance between the input vector and the centers. The input pattern was 

assigned to the center, which has the minimum distance with the input pattern itself, and 

a Gaussian transfer function was performed. The functionality of the pattern units was 

like a self-organizing phase to organize the input patterns around a different center. The 

difference between the self-organizing phase in a RBF compared to the MNN was that 

the clustering phase in the RBF was based on a distance between a prototype and actual 

pattern whereas in the MNN it was error driven. Hence, for this layer-picking problem, 

the RBF network did not perform as well because each training pattern consisted of three 

segments of log responses from the three unfocused tools, and the resistivity range in 

each training pattern was quite different for the same model. For example, the L225 tool 

had a higher apparent resistivity and the L045 tool had a lower apparent resistivity for the 

same model. Thus, it was difficult for the RBF network to distribute these training 

patterns to the prototype centers. 

The GRNN picked boundaries with high confidence but tended to pick too many 

false boundaries. The small SPREAD value gave the Gaussian transfer function a steep 

slope and each pattern unit only responded to a single input vector. The accuracy on the 

test data was highly dependent on the similarity between the test vector and the pattern 

unit. Therefore, more training patterns would be required for accurate test results. 

The advantages for using data from all three tools simultaneously can be summarized 

as follows: 
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1. The shallow unfocused tool, L045, had better layer determination for thin layer 

boundaries; the deep unfocused tool, L225, had poor minimum bed resolution (2 m). 

However, L225 had a very strong response for thick layer boundaries. 

2. Using multiple logs produced higher confidence levels for picking the layer 

boundaries. Most layer boundaries produced output values greater than 0.7. 

3. The noise level was reduced so fewer false alarms were likely to occur. 
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Chapter 4 

FAST FORWARD MODELING OF RESISTIVITY LOGS 

USING NEURAL NETWORKS 

Introduction 

The objective of this chapter is to demonstrate the capability of neural networks in 

simulating resistivity measurements in a well-logging environment. It has been generally 

recognized that inversion of resistivity logs has been limited largely by the computational 

costs of forward simulation. Finite-difference and finite-element methods provide 

accurate simulation results but are often costly. Therefore, as an alternative, neural 

networks are investigated for fast forward simulation. We will experiment with the 

classic dual lateralog (DLL) and the micro-lateralog (MLL) resistivity measurements. 

The method applies in principle to other types of downhole measurements acquired, for 

instance, by induction tools. 

In resistivity logging analysis, one objective is to measure the resistivities in the 

invaded and uninvaded zone surrounding a borehole. The invaded zone results from the 

drilling mud infiltration into a porous medium. The resistivity and especially the 

thickness of an invaded zone often reflect the permeability of and hydrocarbon mobility 

in the medium. Ideally, resistivity instruments should provide measurements at various 

depths fi-om the borehole wall. The combination of the MLL and DLL tools has proven to 

be effective. The DLL logs provide two measurements at each depth, a deep 
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measurement and a shallow measurement (Rider, 1996). The deep measurement is 

intended to read deep into the uninvaded formation and the shallow measurement 

provides the resistivity information for a shallower lateral depth. The MLL log reads very 

close to the borehole wall. Several studies have been carried out on the resistivity 

response of a ID layered earth. Anderson (1986) presented the effect of dip on medium 

and deep induction tools for all angles up to 90 degrees. Anderson et al. (1986) and 

Kennedy et al. (1986) extended the above work to account for an arbitrary number of 

beds. Analysis of DLL logs can be found in Chemali et al. (1988) based on a rigorous 

solution. In contrast, little research has been published on the application of neural 

networks to resistivity well-logging simulation. The previous study showed that the 

modular neural network is robust in picking layer boundaries, thus, in this study, the 

modular neural network (MNN) is applied and the neural network training and testing 

will be discussed. Several issues will be addressed including the selection of training 

patterns, and the simulation error behavior, and how the errors influence the model 

parameters in the inversion. 

MNN training 

To train the MNN, synthetic DLL and MLL tool responses for a 1-D layered 

formation are generated. The inputs to the neural network are the formation resistivity 

values (Rt) of a depth window. The formation resistivity varies from 0.01 ohm-m to 5000 

ohm-m with 6 samples per decade. The layer thickness changes from 0.5 ft to 50 ft (0.5, 

2,4, 5, 6, 8, 10, 12, 14 16, 18,20, 25, 30,40, and 50 ft). The outputs are the synthetic 
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DLL and MLL log. The log depth interval is 3 inches. To simplify the forward 

calculation, the borehole fluid effects are ignored. 

The first step in the training is to select an appropriate depth-window-length to 

form an input training pattern. If a training pattern window is short, the trained neural 

networks will not be able to predict the large-scale resistivity variations. On the other 

hand, if a training pattern window is too long, the neural network will contain a large 

nvimber of unknown coefficients and the training process can be excessively long. In 

principle, the window length should be comparable to the tool's characteristic probing 

length, which is a function of the tool's physical length. The DLL tool is 26-fl long. For 

the sake of experiments, three different window lengths, 20-ft, 30-ft and 100-fl, are 

selected. With starting point one at zero feet, the total number of points for a 20-ft 

window length will contain 81 Rt values. The training pattern is moving like a sliding 

mndow and each time shifts one point downward through the modeling. 

Both the point-to-point learning and the multiple-output learning methods were 

tested. The multiple-output learning produces synthetic tool responses at three 

consecutive depths. The three output values are then averaged to give a single value. 

Figure 45 shows the point-to-point learning and multiple output learning for a 20-ft 

window length. For point-to point learning, the first output starts from the center point 

(41 ̂ ')'s forward response for EBLLD, EBLLS and MLL. The first three outputs for the 

multiple-output learning are the center three points (40"', 41", 42"^)'s responses for 

EBLLD, EBLLS and MLL. Hence, from 42"^ point on, each point will be measured three 
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times. By averaging those three outputs, the multiple-output learning method will 

produce smoother response than the point-to-point learning method. 

Therefore, six training patterns are created based on different window length 20-

ft, 30-ft or 100-ft with point-to-point learning method and multiple-output learning 

method. 
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Figure 45: Point-to-point learning and multiple output learning 
for a 20-ft window length. 



The best MNN architectures found for each training set has 4 hidden nodes in the 

gating network, 3 local experts, a learning rate of 0.9, and a momentum of 0.2. A total of 

30,000 input patterns have been trained. The RMS error for the point-to-point learning 

(2.3-2.7%) is found to be smaller than that of the multiple-output learning (2.6-3.6%). 

Training the 30,000 patterns took approximately 30 minutes on a 400 MHz PC. 

On the other hand, the finite-difference method that we used to generate the rigorous tool 

responses took 1 second per depth point. The 30,000 training patterns have around 

300,000 depth points, it will take 83 hours to generate the forward responses using finite-

difference method. 

Testing 

The training data are distributed evenly from 0.1 to 1000 ohm m. There are less 

than 3% of the data in the high resistivity range (>1000 ohm m) for each tool response. 

However, this study specifically focused on the resistivities from 0.1 to 1000 ohm m. 

The Oklahoma benchmark model and several ad hoc test models were used as 

test sets to test the trained MNN for predicting new model responses. The first four test 

sets are ad hoc models, which were generated from a random combination of the model 

parameters, which are not used to train the MNN, and the last test set is the Oklahoma 

benchmark model provided by Baker Adas. All of the test sets cover a wide range of 

resistivity contrasts and layer thicknesses. The RMS errors for the testing models 

indicated the performance of the trained neural networks with different window length 

and output method (see Table 18 to Table 20). From those tables, the networics with 
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longer windows generate better accxiracy for EBLLD simulation. Multiple-output 

learning produces lower overall RMS errors for the deep logging tool EBLLD and 

shallow logging tool HELLS because of the smoother output. However, the multiple-

output learning does not produce lower overall RMS errors for micro-logging tool (MLL) 

in the 30-ft and 100-ft window length. Since the micro-logging tool's (MLL) minimum 

bed resolution is 4 inches, the 30-ft and 100-ft window length already covers the micro-

logging tool's influence range well, thus, the multiple output learning doesn't improve 

the acciiracy. The deep logging tool (EBLLD) is best modeled with a larger window and 

the medium (EBLLS) and shallow tools (MLL) are best modeled with the smaller 

windows. This suggests that combining different window sizes in the training patterns 

should be considered. As examples, test set 1 and S are presented below. 

Test setl is an ad hoc model, which was generated from a random combination of 

the model parameters that are not used to train the MNN. The change of resistivities is 

relatively flat, and most layers have large thickness. The best predicted EBLLD, EBLLS 

and MLL for test setl are shown in Figure 46 to Figure 48. The RMS error for EBLLD is 

2.28%. For EBLLS and MLL, the RMS errors are even lower, around 1.2%. The best 

EBLLD is simulated using the training set with 100-ft window length and multiple 

output. The best EBLLS is predicted by the training set with 20-ft window length and 

multiple output. This is consistent with the above analysis results that 1) longer window 

length is better for EBLLD simulation; 2) the multiple output could help to remove noise 

and smooth the output. The best MLL is predicted by the training set with 100-ft window 
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length and point-to-point output. Therefore, the multiple output learning does not help the 

MLL interpretation because of the very small minimum bed resolution of the tool. 

Test sets is the Oklahoma benchmark model provided by Baker Atlas. The 

resistivities have high contrast and the model contains many thin layers. The neural 

networks however could produce a good accuracy for simulating the forward responses 

of EBLLD, EBLLS and MLL. The best results for the three logs are shown in Figure 49 

to Figure 51. The RMS errors for EBLLD and EBLLS are around 6%, and it is 3.22% for 

MLL. Similar conclusions could be drawn from those figures: EBLLD data could be 

predicted better with 100-ft window length training set. The multiple output learning 

produces good results for EBLLD and EBLLS simulation. However, point-to-point 

learning works better for MLL. 

Table 18: RMS error for point-to-point learning and multiple-outputs learning with 
window length 20-ft. 

Point-to-point output Mu tiple-outputs 
EBLLD EBLLS MLL EBLLD EBLLS MLL 

Test setl 3.44% 1.55% 1.34% 3.43% 1.17% 1.29% 

Test set2 6.61% 2.65% 3.29% 6.40% 2.29% 3.14% 

Test set3 4.16% 1.68% 1.78% 4.21% 1.48% 1.48% 

Test set4 4.33% 2.61% 2.53% 4.13% 2.39% 2.35% 

Test set5 6.42% 6.27% 4.21% 6.19% 5.97% 4.07% 

Averased RMS 4.99% 2.95% 2.63% 4.87% 2.66% 2.47% 
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Table 19: RMS error for point-to-point learning and multiple-outputs learning with 
window length 30-ft. 

Point-to-point output Multiple-outputs 
EBLLD EBLLS MLL EBLLD EBLLS MLL 

Test setl 3.00% 1.37% 1.20% 3.04% 1.28% 1.31% 

Test set2 5.82% 2.64% 2.75% 5.92% 2.29% 3.09% 

Test set3 3.24% 1.58% 1.53% 3.52% 1.55% 1.67% 

Test set4 4.07% 2.51% 2.17% 3.99% 2.29% 2.34% 

Test set5 6.42% 6.27% 4.21% 6.40% 6.57% 4.07% 

Averaged RMS 4.48% 2.99% 2.22% 4.39% 2.8% 2.5% 

Table 20: RMS error for point-to-point learning and multiple-outputs learning with 
window length lOO-ft 

Point-to-point output Multiple-outputs 
EBLLD EBLLS MLL EBLLD EBLLS MLL 

Test setl 3.54% 1.64% 1.18% 2.28% 1.55% 1.35% 

Test set2 4.97% 2.99% 3.18% 4.74% 3.2% 3.37% 

Test set3 3.29% 1.77% 1.35% 2.57% 1.78% 1.67% 

Test set4 4.02% 2.74% 2.37% 3.59% 2.7% 2.58% 

Test set5 6.18% 6.79% 3.22% 6.06% 6.42% 4.21% 

Averaged RMS 4.4% 3.19% 2.26% 3.85% 3.13% 2.64% 
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Figure 46: MNN simulation of the 
EBLLD tool response in test setl using 
multiple output learning (window length 
lOO-ft) RMS=2.28%. 
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Figure 47: MNN simulation of the EBLLS 
tool response for test setl using multiple-
output learning (window length 20-ft) 
RMS=1.17%. 
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Figure 48: MNN simulation of the MLL 
tool response for test setl using point-to-
point learning (window length 100-ft) 
RMS=1.18%. 
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Figure 49: MNN simulation of the EBLLD Figure 50: MNN simulation of the EBLLS 
tool response for test setS using multiple tool response for test set5 using multiple 
output learning (window length 100-ft) output learning (window length 20-ft) 
EIMS=6.06%. RMS=5.97%. 
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Figure 51: MNN simulation of the MLL tool 
response for test set5 using point-to-point 
learning (window length 100-ft) RMS=3.22%. 
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Error analysis 

In this section, the behavior of the MNN simulation error is analyzed. The error 

information will help us understand the performance of the neural network. Figure 52 and 

Figure 53 show the absolute and relative error distributions for a networic with an input 

window length of 30-ft with point-to-point output. In both cases, the errors can be 

approximately described by a Gaussian distribution. The mean values are nearly zero for 

all the logs. The errors for the EBLLS and MLL logs behave similarly but the EBLLD 

log generally has a larger standard deviation. For instance, the relative-error standard 

deviation for the EBLLD log is 15% as compared to 9% and 4% for the EBLLS and 

MLL logs, respectively. Here, the standard deviation is calculated with the following 

formula where is the number of samples. 

cy =]l— (1) 
" AT-l ^ ^ 

It is also useful to examine the error dependence on the window length. Figure 54 

and Figure 55 show the relative errors for the networks with window lengths of 20-ft and 

100-ft with point-to-point output, respectively. In general, the error patterns are similar to 

that for a 30-ft window length. Therefore, the error distribution does not depend on the 

window length. The results also show that MLL usually has the smallest standard 

deviation since the MLL has the best accuracy in the forward simulation. The EBLLD 

however has the largest standard deviation. From the results of previous section, the 

networks with longer window length can produce better simulation for EBLLD. As such. 
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the standard deviation for EBLLD in 100-ft window length is 13%, which is smaller than 

those in 20-ft and 30-ft window length, whose deviations are 17% and 15%, respectively. 
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Figure 52: The absolute error distribution curve for a window length of 30-ft and 
point-to-point output. The standard deviations for EBLLD, EBLLS and MLL are 
12.7, 5.144 and 3.06, respectively. 
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Distribution of relative-error for neural networks simulating forward responses 
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Figure 53: The relative-error distribution for a window length of 30-ft and point-
to-point output. The standard deviations for EBLLD, EBLLS and MLL are 15%, 
9% and 4%, respectively. 
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Distribution of relative-error for neural networks simulating forward responses 
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Figure 54: Relative-error distribution for the neural network, which has 20-ft 
window length and point to point output. The standard deviations for EBLLD, 
EBLLS and MLL are 17%, 9% and 4%, respectively. 
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Distribution of relative-error for neural networks simulating forward responses 
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Figure 55; Relative-error distribution for the neural network, which has 100-ft 
window length and point to point output The standard deviations for EBLLD, 
EBLLS and MLL are 13%, 10% and 6%, respectively. 
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Sensitivity analysis 

One application of the neural network is to predict synthetic log responses and the 

predicted log responses can then be used to invert formation properties. Because the 

prediction is approximate, the error in the simulated tool response will propagate back to 

the formation property estimations. As discussed previously, since the MNN prediction 

error obeys approximately the Gaussian distribution, it is suitable to apply the sensitivity 

analysis to investigate the error propagation. 

Both the test set 1 and the Oklahoma benchmaric model are selected as examples 

to illustrate the sensitivity analysis. It is assumed that the target formation properties are 

the layer resistivities. The uncertainties in the resistivity estimations are calculated using 

the equation 

Am = (j'^j) "'j'^Ad (2) 

where (J)ij = dijdmi is the Jacobian matrix, fj the i-th tool measurement. Am the resistivity 

variation. Ad the error in the MNN predicted tool responses, and the superscript T stands 

for the transpose. The Jacobian entries are calculated using the central-difference 

perturbation method with a 10% perturbation level. 

Test setl is an ad hoc model. The change of resistivities is relative flat and most 

layers have large thickness. There are eleven layers in this model and most layer 

resistivity change slowly. The resistivity ranges from 0,8 to 1000 ohm m. The left part of 

Figure 56 shows the EBLLD and the neural network simulated EBLLD using a 100-ft 

window length and multiple-output learning. The right part of Figure 56 shows the 

estimation error of the resistivity value in each layer that might be caused by the errors in 
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the MNN predicted EBLLD forward response. Similar to Figure 56, Figure 57 shows the 

EBLLS and the neural networic simulated EBLLS response with a 20-ft window length 

and multiple-output learning on the left part. The estimation error for resistivity in each 

layer that might be caused by the errors in the MNN predicted EBLLS forward response 

is shown on the right part of Figure 57. It is observed that the errors generated from the 

MNN simulation could produce larger model estimation errors for the conductive and 

thin resistive layers. 

The sensitivity analysis on test setl shows that the errors significantly influence 

thin conductive or resistive layers. For both EBLLD and EBLLS, the conductive layers 

(2nd jrd ^th ^ih quite sensitive to the errors, and the affect is more than 

10% for each model parameter. The resistivity in the S*** layer is 100 ohm m. Since its 

thickness is only 1.5 ft, the simulation errors have a big influence. The errors however 

have less influence on the resistive layers, such as on the 1®*, 9'*', lO*** and 11"** layers. 

These results are understandable since the conductive layer is more sensitive to the errors 

than the resistive layer. In general, the errors from EBLLS simulation generate less effect 

on model parameters considering EBLLS is easier to simulate by neural networks. 

The Oklahoma model is a difficult model to simulate with the neural networic 

because of its thin layers and high resistivity contrasts. The left one in Figure 58 shows 

the EBLLD and the neural network simulated EBLLD using a lOO-ft window length and 

multiple-output learning. The right part of Figure 58 shows the estimation error of the 

resistivity value in each layer that might be caused by the errors in the MNN predicted 

EBLLD forward response. Similar to Figure 58, Figure 59 shows the EBLLS and the 



neural network simulated EBLLS response with a 20-ft window length and multiple-

output learning on the left part. The estimation error of the resistivity value in each layer 

that might be caused by the errors in the MNN predicted EBLLS forward response is 

shown on the right part of Figure 59. It is observed that the errors in the MNN data 

produce larger model estimation errors for the conductive and/or thin layers. 

There are fourteen layers in Oklahoma model and most layer resistivities change 

sharply. The resistivity ranges from 0.1 to 150 ohm m. From the S*"* layer to the 11"* layer 

(74 ft to 106 ft), each layer's thickness is equal or less than seven feet, the total thickness 

for these seven layers are only 32 ft (see Figure 58 and Figure 15). As illustrated in test 

set I, the errors have big effects in the conductive layers and thin layers. This is fully 

understood because a thin layer generally contributes less than an otherwise thick layer 

and therefore has larger uncertainty in resistivity estimation. From Figure 58 and Figure 

59, the big effects happened to the 3"^ layer (0.4 ohm m), the 5"* layer (0.1 ohm m and 4 

ft), the 1'^ layer (0.7 ohm m), and the 11"* layer (4 ohm m). The 6"* layer is high 

resistivity, 120 ohm m. The thickness however is only 3 ft. This thin resistive layer is 

highly sensitive to the errors. In contrast, the errors have less influence on the thick 

resistive layers. For example, the resistive layers, the 2"^, 4'*', 12*'', n*** and H*** layer, are 

thick layers and with high resistivity. The errors are much less sensitive to those model 

parameters than those with thin layer and with low resistivity. The results also indicate 

that the inaccuracy in the EBLLS logs have a less adverse effect on the model parameter 

estimation than that in the EBLLD logs. 
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EBLLD & NN-EBLLD Resolution test for EBLLD simulation 
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Figure 56: The simulation errors for EBLLD affect the model parameters. The high 
influence at the conductive layers (the 2°^, 3"*, 4"", 5^ layer) and low influence at the 
resistive layers (l", 9**", 10* and 11"* layer) are observed. 
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EBLLS & NN-EBLLS Resolution test for EBLLS simulation 
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Figure 57: The simulation errors for EBLLS affect the model parameters. The high 
influence at the conductive layers (the 2°^, 3"^, 4"*, S*** layer) and low influence at the 
resistive layers (1®', 9***, lO"* and 11"* layer) are observed. 
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Figure 58: The simulation errors for EBLLD affect the model parameters. The 
high influence at the conductive layers and low influence at the resistive layers 
are observed. 
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Figure 59: The simulation errors for EBLLS affect the model parameters. The high 
influence at the conductive layers and low influence at the resistive layers are observed. 
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Conclusions 

A modular neural network was applied to simulate the dual lateralog and micro-

lateralog tools in a layered formation. The results indicated that selecting an appropriate 

depth window length for training and testing was important to produce accurate tool 

responses. It suggested that a short window length of20--30-ft woiild be good for the 

MLL and EBLLS and a longer window length of 100-ft was suitable for the EBLLD. The 

multiple output learning performed better for EBLLD and EBLLS simulation. The point-

to-point learning however was enough for MLL simulation. The RMS errors for DLL and 

MLL tools were in general less than 5%. This research will be applied in a vertical ID 

inversion algorithm to provide well site deliverable estimation of formation resistivity. It 

can also be used in subsequent rigorous inversion as starting models, initial iterations of 

2D/3D inversion, and approximate mapping of formation resistivity. 

The error analysis results showed that the MNN prediction error could be 

described approximately with the Gaussian distribution. The error, when considered in an 

inversion, will produce larger errors in conductive and thin layers, but less errors in thick 

layers. 
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Chapter 5 

APPLICATION OF PATTERN CLASSIFICATION 

IN NEURAL NETWORKS FOR RESISTIVITY LOGS SIMULATION 

Introduction 

In this chapter, emphasis is put an improving the effectiveness and efiSciency of 

neural networks for forward simulation. In forward simulation the input to the neural 

networks is the model and the output is the forward responses. In order to get high 

accuracy in the forward simulation, the training patterns have to cover the whole 

modeling space. For our study, the neural networks are trained to simulate the ID 

forward responses with resistivity ranges from 0.01 to 5,000 and thickness changes from 

0.5 to 50 ft. Since the ID modeling requires only two model parameters: resistivity and 

thickness, there are around 30,000 training patterns calculated for such training. The 

amount of training patterns increase dramatically into millions when neural networks are 

used to simulate 2D or even 3D forward responses. Such large numbers of patterns 

require too much computational time to generate the training sets, and make the learning 

process difficult for the network. Since many training patterns are similar, it is not 

necessary to use all the patterns. Therefore, in order to make the neural networics more 

practical, more efficient training patterns will be sought in this chapter. A self-organizing 

map neural network (SOM) is used to perform an imsupervised classification. The 

purpose is to cluster the training patterns into different classes, which correspond to a 

group of training patterns that have similar shape and resistivity ranges. Then a certain 
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percentage of the training patterns in each class are put together as a new training set. By 

doing so, the size of the training set is reduced but still preserves the features of the 

original training set. 

The ID training set is applied as an example to illustrate the effectiveness and 

efficiency of this treatment. There are six training sets as studied in Chapter 4, which 

correspond to different window lengths and outputs. The medium window length 

training set 2 is used as an example, which uses a 30-ft window length with point to point 

output. In Chapter 4, a modular neural networic is applied for the forward simulation, 

thus, to be constant, the modular neural network is applied for this study. 

SOM classification 

Training set 2 has 29,814 training patterns as shown in Chapter 4. The first step is 

to classify those training patterns into different categories. The second step is to randomly 

pick a certain percentage of training patterns from each class and organize them together 

into a new training set. The goal is to replicate the performance of the larger training set 

with this new subset of data without losing the accuracy. 

The first thing to do is to choose how many classes of training patterns we need. 

In this study, three SOM neural networks are tested. In the first SOM network, all of the 

training patterns have been classified into 10 classes and the network is named as 

SDM I 0. In the next SOM networic, the training patterns have been classified into 15 

classes and it is called SOM_15. In the last one, training patterns are classified into 20 

classes in the third SOM networic and it is named as SOM 20. The distribution of the 
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training patterns in the three SOM neural networics are summarized in Table 21 to Table 

23. The shape of classes in each SOM networic is shown in Figure 60 to Figure 62, 

respectively. In each SOM network, the training patterns are evenly distributed into the 

classes. Since the shape of the classes in each network is gradually changed, the 

transitions between the classes are quite smooth. It is observed that the shapes of the 

classes have some similarities in the different SOM netwoiks. However, the SOM_20 

network contains more detailed shapes for the classes and range of the resistivities in 

each class is more delicate, which is benefit from the largest number of classes. 

In SOM IO network, the resistivity ranges fi^m 0.09 to 283 ohm m, while in 

SOM l 5 network, the resistivity ranges fi-om 0.05 to 410 ohm m. The largest resistivity 

range occurs in SOM_20 network, which is from 0.05 to 470 ohm m. This suggests that 

the more the classes, the more discriminating the shapes and resistivity range. 

Table 21: The distribution of training patterns in each class in SOM_10 network. All the 
training patterns are distributed evenly in the classes and resistivity ranges from 0.09 to 
283 ohm m. 

Class # of training patterns Resistivity ranges(ohm m) 

1 3189 90-281 

2 2901 40-283 

3 3273 8-35 

4 2756 6-50 

5 2263 2-25 

6 3448 0.3-14 

7 2982 0.3-20 

8 2808 0.2-6 

9 2893 0.15-0.9 

10 3301 0.09-0.55 
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Table 22: The distribution of training patterns in each class in SOM_15 networic. All the 
training patterns are distributed evenly in the classes and resistivity ranges from 0.05 to 
410 ohm m. 

Class # of training patterns Resistivity ranges (ohm m) 

1 1610 0.05-0.65 

2 1506 0.06-1.8 

3 1277 0.06-0.8 

4 2114 0.1-2.2 

5 2337 0.25-1.7 

6 2267 0.1-35 

7 2479 5-50 

8 2439 5-15 

9 1274 1-11 

10 1486 0.7-11 

11 2404 0.2-15 

12 2075 6.5-210 

13 2186 9-200 

14 2182 40-410 

15 2178 110-400 
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Table 23: The distribution of training patterns in each class in SOM_20 network. All the 
training patterns are distributed evenly in the classes and resistivity ranges fix)m 0.05 to 
470 ohm m. 

Class # of training patterns Resistivity ranges (ohm m) 

1 1375 0.2-45 

2 1531 0.2-37 

3 1052 0.1-4 

4 1277 .09-4.5 

5 1602 0.14-2 

6 1996 0.05-0.16 

7 1549 0.07-5 

8 1372 0.13-9 

9 1192 0.2-5 

10 1231 0.18-9 

11 1398 0.2-6 

12 1299 2.4-124 

13 1172 2.4-180 

14 1528 4-200 

15 2698 3.5-22 

16 1459 7.5-42 

17 2150 15-150 

18 1271 60-390 

19 1358 135-470 

20 1304 60-450 
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Figure 60: 10 classes in SOM_10 networic (note the different range on resistivity). 
The shape of each class, which is the averaged shape of the training patterns in 
this class, represents to a piece of well log in the 30-fl window length, which 
contains 121 sample points. 
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Figure 61: 15 classes in SOM_l 5 network (note the different range on resistivity) 
The shape of each class, which is the averaged shape of the training patterns in 
this class, represents to a piece of well log in the 30-fl window length, which 
contains 121 sample points. 
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Figure 62a: 20 classes in SOM_20 network (note the different range on 
resistivity). The shape of each class, which is the averaged shape of the training 
patterns in this class, represents to a piece of well log in the 30-ft window length, 
which contains 121 sample points. 
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Figure 62b: 20 classes in SOM_20 network (note the different range on 
resistivity). The shape of each class, which is the averaged shape of the training 
patterns in this class, represents to a piece of well log in the 30-ft window length, 
which contains 121 sample points. 
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Training the neural networks 

After classifying these training patterns by three SOM netwoiics, six new training 

sets are created by taking 10% and 20% training patterns respectively from each of these 

three SOM networks. The number of inputs and outputs specifications in each new 

training set are listed in Table 24. In each training pattern, there are 121 input nodes for 

the 30-ft window length and the output nodes are the response at the center point (61®*) 

for both EBLLD and EBLLS. The analysis will focus on EBLLD and HELLS. The best 

architectures for the six new training sets are summarized in Table 24 as well. 

Results and discussion 

All the training sets in Chapter 4 have been trained by a MNN in NeuralWare®, 

in order to be constant, the newly created training sets are trained by MNN as well. To 

test the robustness of the trained neural netwoiks using the reduced training patterns, the 

results from 10 and 20 percent training patterns are compared with each other, and further 

they are compared with the previously trained neural netwoiks in Chapter 4, which use 

all of the training patterns. Two things will be particularly examined. First, the 

performance of the neural netwodcs with 10 and 20 percent of training patterns will be 

compared. Next, the accuracy from the training sets using the reduced training patterns is 

compared with the accuracy from the training sets using all the training patterns. 
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Table 24: Input/output in each training set and the best architecture for new set I to new 
set6. 

New setl New set2 New set3 New set4 New set5 New set 6 

Based on 
SOM 

network 

SOM_10 SOM_15 SOM_20 SOM_10 SOM_15 SOM_20 

Input nodes 121 121 121 121 121 121 

Output nodes 2 2 2 2 2 2 

# of training 
patterns 

2978 2973 2972 5958 5949 5944 

# of hidden 
nodes in the 

gating 
network 

4 4 4 4 4 4 

# of local 
expert 

3 3 3 3 3 3 

# of hidden 
nodes in the 
local expert 

8 8 10 12 10 12 

Transfer 
function 

TanH TanH TanH TanH TanH TanH 

Learning rule Delta-

rule 

Delta-

rule 

Delta-

rule 

Delta-

rule 

Delta-

rule 

Delta-rule 

# of iteration 250,000 250,000 250,000 550,000 550,000 550,000 

Learning rate 0.9 0.9 0.9 0.9 0.9 0.9 

Momentum 0.25 0.2 0.26 0.3 0.25 0.25 

RMS 0.0222 0.0227 0.0249 0.024 0.0239 0.025 
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The RMS errors are used to calibrate the performance and accuracy of the trained 

networks. The RMS errors calculated from the trained neural networks that using 10% 

training patterns are shown in Table 25. Those calculated from the trained neural 

networks that using 20% training patterns are shown in Table 26. Both Figure 63 and 

Figure 64 show the RMS error plots for EBLLD and EBLLS. 

Table 25: RMS errors for the testing models from the networics with 10% training 
patterns. 

Nev 
(bas 

SOM IC 

f setl 
ed on 
network) 

New set2 
(based on SOM_15 

netwoiic) 

New set3 
(based on SOM_20 

network) 
EBLLD EBLLS EBLLD EBLLS EBLLD EBLLS 

Test setl 3.08% 2.05% 3.34% 1.93% 3.56% 1.86% 

Test set2 6.69% 4.32% 6.09% 4.06% 6.45% 4.30% 

Test set3 4.04% 2.92% 4.10% 2.89% 4.47% 3.19% 

Test set4 4.41% 3.31% 4.40% 3.45% 4.41% 3.51% 

Test set5 6.85% 6.69% 6.55% 6.05% 6.34% 6.42% 
Averaged 

RMS 5.01% 3.85% 4.89% 3.67% 5.05% 3.85% 
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Table 26: RMS errors for the testing models from the networks with 20% training 
patterns. 

Nev 
(bas 

SOM IC 

/ set4 
ed on 
networic) 

New set5 
(based on 

SOM 15 network) 

New set6 
(based on SOM_20 

network) 
EBLLD EBLLS EBLLD EBLLS EBLLD EBLLS 

Test setl 3.56% 1.87% 3.42% 1.81% 3.50% 1.84% 

Test set2 6.00% 3.56% 5.97% 3.52% 6.27% 4.10% 

Test set3 4.42% 3.06% 4.17% 2.93% 4.33% 3.00% 

Test set4 4.34% 3.20% 4.40% 3.11% 4.15% 3.30% 

Test set5 6.56% 6.85% 6.32% 6.53% 6.58% 6.92% 
Averaged 

RMS 4.98% 3.71% 4.86% 3.58% 4.97% 3.83% 

First, the performance of the training sets with different amounts of training 

patterns is compared. From Table 25 and Table 26, the averaged RMS errors for 

simulating the test sets indicate that the neural networks using 20% training patterns get 

slightly lower RMS errors than the neural netwoiks with 10% training patterns. This is 

probably due to the fact that 20% training patterns represent the whole data population 

better than 10% training patterns. Nevertheless, there are 20 better RMS errors out of 

total 30 results in Table 26, using 20% training patterns compared with only 10 better 

RMS errors in Table 25, using 10% training patterns. Although it took longer training 
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time, around 10 mins, for the neural network with 20% the training patterns compared to 

around 4 mins for the neural network with 10% all of the training patterns. 

Next, the performance of the neural networics applying 20% training patterns is 

compared with the neural networks with all of the training patterns. The RMS errors 

calculated for training set 2 with 30-ft window length and point to point output using all 

of the training patterns are listed in Table 27. Figure 63 and Figure 64 show the RMS 

errors for EBLLD and EBLLS simulation using 20% training patterns and using all the 

training patterns. 

These results are better visualized in Figure 63 and Figure 64. The RMS errors for 

the forward simulation tested by the new training sets are very close to those from the 

whole training set. In both figures any points below the line, which indicates the RMS 

errors calculated from the network applying whole training patterns, are the better RMS 

errors. The maximimi difference occurs in the third test set When using all of the 

training pattems to test set 3, the RMS errors are 3.24% (EBLLD) and 1.58% (EBLLS); 

while employing 20% training pattems to test testing set 3, the RMS errors are 4.17% 

(EBLLD) and 2.93% (EBLLS) respectively. Even though, the different is less than 1.5%. 

From the previous study in Chapter 4, the fifth test set is difficult to simulate due to the 

high resistivity contrast and thin layer thicknesses. However, the networks using 20% 

training pattems still can reach the comparable accuracy from the networks with all of the 

training pattems. In general, for both EBLLD and EBLLS simulation, the trained neural 

networks with 20% training pattems get similar RMS errors as the neural networics using 

all of the training pattems. 



117 

Table 27: RMS errors are calculated by training set 2 (30-ft window length with point to 
point output) use all the training patterns. 

EBLLD EBLLS 

Test setl 3% 1.37% 

Test set2 5.82% 2.64% 

Test set3 3.24% 1.58% 

Test set4 4.07% 2.51% 

Test sets 6.42% 6.27% 

Averaged 
RMS 

4.5% 2.87% 

RMS errors for EBLLD simulation 
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Figure 63: RMS errors for EBLLD simulation. 
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Figure 64: RMS errors for EBLLS simulation. 

Since these six new training sets are collected from three SOM networks, it is 

worth analyzing the performance of different classifications. As shown in Table 25 and 

Table 26, new set 1 and 4 are from SOM IO, new set 2 and 5 are from SOM_15, and new 

set 3 and 6 are from SOM_20. It shows that the RMS errors from both 10 and 20% 

training patterns of these classifications are similar to each other. Comparing the six new 
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training sets, there is no big difference in the RMS test errors. Thus, to classify the 

training patterns to 10, 15 or 20 classes are all reasonable for this forward simulation 

problem. 

Conclusions 

In this chapter, studies on how to improve the effectiveness and efficiency of 

networks in the forward simulation were carried out. Because the forward simulation 

required too many training patterns to be efficiently handled by the neural networks, an 

innovative method was investigated to use only a certain percentage of the training 

patterns to represent the whole data population. The training patterns are classified first 

into 10, 15, and 20 classes; then, 10% and 20% training patterns from each class are 

grouped as new training sets. When the new training sets were trained and tested by the 

same test sets, the trained networks with 20% training patterns performed slightly better 

than the networks with 10% training patterns. The forward simulation results from the 

training sets with 20% training patterns were quite comparable with the RMS errors from 

the network using all of the training patterns. 

In summary, strategically subsampling the model space can provide similar 

accuracy with fewer models and faster training. This test has practical significance for 

inversion applications of neural netwoiks in geophysics. 
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NEURAL NETWORK INVERSION OF EM39 INDUCTION LOG 
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Introduction 

From previous chapters, a modular neural network (MNN) has been utilized to 

facilitate the simulation of the forward responses of resistivity logs for petroleum 

applications. In this chapter, MNN is applied to invert well logging curves from a 

Geonics EM39 induction log for environmental applications. 

The Geonics EM39 induction log is used to map the subsurface resistivity 

structure for applications at various scales. The instrument has one coil transmitter and 

one co-axial coil receiver. The separation between the receiver and transmitter is 0.5 m. 

The transmitter emits electromagnetic energy into the surrounding formation; the 

frequency is a constant 39.2 kHz. The emitted energy induces eddy current in the 

formation that radiates as secondary sources to the receiver. The intensity of the induced 

eddy current depends on the formation resistivity and its variation. Hence, variations in 

the measured data reflect the formation resistivity structure. The Geonics EM39 

instrument outputs an apparent resistivity value based on the measured voltage for every 

depth-point that is logged. The program EM1DDB2 by Ki Ha Lee is applied for 

modeling the EM39 forward response. 

Several studies have been carried out to invert the apparent resistivity curves from 

a horizontal layered earth model. The generalized inverse theory proposed by Inman et al. 
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(1973) was not satisfactory if some of the parameters were nearly linearly dependent. The 

linear dependence will cause the bad conditions. Marquardt (1970) and Hoerl, et al. 

(1970a and 1970b) proposed a method called "ridge regression" that yielded a better 

estimation for the model parameters than the method of least squares. Hence, Inman 

(1975) applied the ridge regression techniques to invert the apparent resistivity curves. 

The ridge regression inversion was more stable than the generalized linear inversion. 

Hoversten, et al. (1982) compared the five different least-squares inversion methods for 

inverting the apparent resistivity curves and found out that the ridge regression algorithm 

performed best. However, little woric has been done on the application of neural networks 

to invert the apparent resistivity curves. 

In this chapter, there are four subsets of networks that depend on the relative 

resistivities of adjacent layers in a three-layer model, such as R1>R2<R3, R1<R2>R3, 

R1>R2>R3, and R1<R2<R3. The well logging curves are then divided into several pieces 

and run through each networic subset. The outputs fi-om each sub-network are the 

estimated resistivity and thickness of every layer. The MNN is first trained with several 

training sets made of synthetic data. After that, the networks are tested on more synthetic 

data and field data. The speed of MNN is compared with the traditional inversion 

methods. The accuracy and the robustness of MNN are tested. 
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Data sets 

It is assumed that the subsurface can be approximately described as a layered 

structure. The goal of this study is to identify each layer's thickness and resistivity in a 

well log. The layer resistivities and thicknesses are to be determined. In the logging 

application, many layers may be needed to describe the formation resistivity variation 

with the depth. However, training a neural network that covers all the layer combinations 

can be difficult. Instead, a three-layer model is considered. The model contains five 

parameters, the resistivities of the three layers and the thicknesses of the first and the 

middle layer. The resistivities have four possible type curves, referred to as R1>R2>R3, 

R1>R2>R3, R1>R2>R3 and R1>R2>R3. Each distinct type will be trained with a 

separate network 

A very limited training set is generated to test the general methodology. Each 

training pattern in the training set represents a three-layer resistivity model. The 

resistivities used for training are 1, 10,20, 30,40, 50,60, 80, and 100-ohm m, and 

thickness is of 1,1.5,2,2.5, and 3 m. A total of2590 synthetic models are generated 

with different combinations of resistivity and thickness for training (with 1.5% noise 

added to synthetic data to imitate noise observed in field data). The log 10 values of 

apparent resistivity are supplied as input. The output is the resistivity and thickness for 

each layer. 

There are four type curves that can be described by the changes in resistivity in a 

three-layer model. In this chapter, four training sets are generated according to these four 

type curves in the interpretation scheme based on the change of formation resistivities in 
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each layer, with each training set corresponds to one type curve. Table 28 lists the 

parameters of these four training sets. 

Table 28: Four training sets represent four three-layer resistivity type curves. 

Training sets Set31 
R1<R2>R3 

Set32 
R1>R2<R3 

Set33 
R1<R2<R3 

Set34 
R1>R2>R3 

# of training patterns 890 900 400 400 

Input nodes 41 41 41 41 

Output nodes 5 5 5 5 

It is important to select the points in the well logging curve, which represent the 

continuous nature of the log. In each training pattern, there are 41 inputs and 5 outputs for 

the three-layer cases. The first 40 input points are log 10-based resistivities, which are 

evenly distributed but independent of the sampling interval of the well log. The 41st input 

is the depth interval fi'om the first point to the 40th point. The 5 outputs are the logl 0 

resistivity and thickness of each layer. When selecting points, the rate of the sampling is 

not fixed, and depends on the depth interval. For example, if the depth interval from the 

first point to the 40th point is 10 m, then the rate of the sampling would be 25 cm. If the 

depth interval is 4 m, then the rate of the sampling would be 10 cm. The requirement is 

to select 40 points evenly covering the desired layers. Hence, any section of a logging 

curve representing three lithologic layers can be extracted and evenly sampled by 40 

points regardless of the original sampling rate of the log. 
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MNN training 

The features and algorithm of modular neural network are described in the 

appendix. The best architectures of the MNN for each of four training sets are 

summarized in Table 29. 

The best MNN structure for training set31 

The best structure for training set31 shown in Table 29 uses two local experts. 

This training set corresponds to a R1<R2>R3 type curve. Each local expert learns a 

particular shape of a three-layer model (See Figure 65). The 890 training patterns are 

distributed to two local experts, with 341 and 549 models, respectively. Local expert I 

responds to low resistivity models, the resistivities in the forward response increase from 

22 to 52 ohm m, then decrease to 35 ohm m. Particularly, the first layer's resistivity is 

less than that in the third layer. Local expert 2 responds to a relative higher resistivity 

model than that in local expert 1; the resistivities change from 55 to 70 ohm m, then 

decrease to 43 ohm m. The first layer's resistivity is larger than that in the third layer. 

Thus, each local expert leams a special resistivity range and a shape of the model. 



Table 29: The best structure for the four training sets. 

Training 
sets 

# local 
expert 

# hidden 
in 

gating 

# hidden in 
local 

expert 

iteration Learning 
Rule 

Transfer 
function 

RMS Momen
tum 

Set3I 2 5 12 23,000 Delta-
rule 

Sigmoid 0.049 0.3 

Set32 2 6 12 41,000 Delta-
rule 

Sigmoid 0.04 0.3 

Set33 2 6 10 17,000 Delta-
rule 

Sigmoid 0.034 0.3 

Set34 2 6 8 29,000 Delta-
rule 

Sigmoid 0.024 0.3 
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Figure 65: There are two local experts in training set31. Each local expert learns a 
particular shape of a three-layer model. 
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The best MNN structure for training set32 

The best architecture for training set32 is listed Table 29. It represents the 

RI <R2>R3 type curve. The two local experts receive 403 and 497, respectively (See 

Figure 66). Local expert 1 represents the high resistivity model; the apparent resistivity 

decreases from 60 to 38 ohm m, then, increase to 65-ohm m. In other words, the third 

layer's resistivity is larger than the first layer's resistivity. Local expert 2 learns a low 

resistivity model; the apparent resistivities decrease from 50 to 15 ohm m, then increase 

to 39 ohm m, the third layer's resistivity is less than that in the first layer. 
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Figure 66; There are two local experts in training set32. Each local expert learns a 
particular shape of a three-layer model. 
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The best MNN structure for training set33 

Training set33 represents a three-layer model with decreasing resistivities, 

RI<R2<R3. The best architecture is listed in Table 29. The total training patterns are also 

broken into two local experts, 262 and 138, respectively (See Figure 67). Local expert 1 

corresponds to a high resistivity model, which is from 100 to 50 ohm m. Local expert 2 

corresponds to a low resistivity model, which is from 80 to 20 ohm m. 
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Figure 67: There are two local experts in training set33. Each local expert leams a 
particular shape of a three-layer model. 
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The best MNN structure for training set34 

Training set34 represents a three-layer model with increasing resistivities, 

R1>R2>R3. The best architecture is shown in Table 29. The training patterns are broken 

into two local experts withlSl and 219 models, respectively (See Figure 68). Local 

expert 1 corresponds to a high resistivity model, which is from 45 to 85 ohm m. Local 

expert 2 corresponds to a low resistivity model, which is from 20 to 75 ohm m. 
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Figure 68: There are two local experts in training set34. Each local expert learns a 
particular shape of a three-layer model. 
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Testing on synthetic data 

To test the gcneralization of the trained neural networics, four testing sets 

corresponding to the four training sets, are used. In the training set, the resistivity and the 

thickness of each layer ranges from I to 100 ohm m and from 1 m to 3 m, respectively. 

However, all of the testing sets are three-layer resistivity models and the depth range of 

each model is around 7 meters. In the traditional inversion method, it will take a couple 

of hours to invert a 7-meter model. The results show that MNN only takes a second to 

predict a model. Thus, the MNN has a quick interpretation speed. The results are 

analyzed in the following sections. 

Results for set31 

This training set31 represents models where the layer resistivity increases and 

then decreases. The trained neural network was tested by three synthetic models (test 

model 1, 2, and 3), which correspond to the different resistivity ranges. The MNN outputs 

are then compared with the original synthetic models (See Table 30 and Figure 69 to 

Figure 71). The results yield an excellent fit and the overall accuracy for the three testing 

models is above 90%. There is another way to test the accuracy of the output from the 

trained networks. As it is mentioned before, the MNN outputs are layer resistivities and 

thicknesses. To compare with the synthetic data, the MNN outputs are input into the 

EM 1DDB2, which is the forward modeling code. These forward responses from 

EM IDDB2 with MNN outputs (called MNN fit synthetic data in figures) are then 

compared with the synthetic data in figures. 
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Since the best MNN for training set31 has two local experts, each local expert 

responds to one particular type of model (see Figure 66). In case the shape of a new 

model is not exactly the same as one of the shapes of the local experts, the gating network 

output will weight the output vector from the corresponding local expert. The final output 

vector is the sum of these weighted output vectors. The weight for each specific local 

expert depends on how close the new model is to that local expert. The final weighted 

output vector of each local expert for testing models are analyzed 

Table 30: Synthetic model compared with MNN output 

Test model 1 Test model 2 Test model 3 
Synthetic 

model 
MNN 
output 

Synthetic 
model 

MNN 
output 

Synthetic 
model 

MNN 
output 

Resistivity in l" layer 
(ohm m) 

20 19.7 35 35 40 40 

Thickness in 1®* layer 
(meter) 

2 2.09 3 2.95 2 1.93 

Resistivity in 2"" layer 
(ohm m) 

50 50.8 65 60.1 85 84.5 

Thickness in 2'^Iayer 
(meter) 

I 0.91 1.5 1.54 2.5 2.59 

Resistivity in 3"^ layer 
(ohm m) 

35 35.1 20 19.2 45 46.6 
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Synthetic data 
— MNN fit synthetic data 
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MNN output nnodel 
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Figure 69: MNN output model fit the 
synthetic model quite well. The predicted 
thickness in the first layer was 9 cm deeper 
than the true thickness. All the resistivities 
are estimated very accurately. 

Figure 70: MNN output model fit the 
synthetic model very well in general. The 
tUckness in the first layer was 5 cm 
shallower than the true boundary. The 
second layer's resistivity had a small shift 
around S ohm m. 

The first test model (Figure 69) has a similar shape and resistivity range to local 

expert 1, which is a low resistivity model. For the final output, 90.4% of the solution is 

contributed by the output vector in local expert 1. Since local expert 2 responds to a high 

resistivity model, only 9.6% of the final output is fit)m the output vector in local expert 2. 

Comparing the MNN output with the synthetic model (Figure 69), it is observed that the 
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MNN provides an excellent prediction in resistivities, especially for the second layer, 

which is a thin resistive layer. The resistivity and thickness are well fit. The thickness in 

the first layer is predicted 9 cm deeper than the true thickness. The accuracy is 89%, 

which is close to the goal of 90%. 

For the second test model (see Figure 70) the resistivities in the forward response 

increase fi*om 37 to 55 ohm m, then decrease to 20 ohm m. The resistivity range is close 

to that in local expert I. However, the first layer's resistivity in the model is larger than 

the third layer's resistivity, therefore, the shape of the model is similar to local expert 2 if 

the range of resistivities is ignored. The final output is a combination of 70.5% fi-om the 

output vector of local expert 2 and 29.5% from the output vector of local expert 1. The 

MNN fit the synthetic data very well. The predicted thickness in the first layer is only 

shifted 5 cm. The second layer's resistivity is a little under-estimated, 5 ohm m lower 

than the real resistivity. Since the second layer is a resistive layer (65 ohm m) and the 

third layer is a conductive layer (20 ohm m), the effect from the third layer could cause 

under-estimation for the high resistivity in the second layer. This is called shoulder effect, 

which is resulted by the resistivity and thickness in the adjacent layers. However, the 

accuracy is still 92%. 
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Synthetic data 
— MNN fit synttietic data 

Synthetic model 
MNN output model 
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Figure 71; MNN output model fit the synthetic model very well in general. The thickness 
in the first layer was 7cm shallower than the real thickness. The resistivity in the third 
layer is 1.6 ohm m overestimated. 

Test model 3 (see Figure 71) is a high resistivity model and the resistivity ranges 

fi-om 40 to 85 ohm m. The first layer's resistivity is 5-ohm m lower than the resistivity in 

the third layer. Since the resistivity in this model crosses the resistivity range in the local 

experts, each of the two local experts contributes a certain ratio to the final output; 44.8% 

of the output vector in the local expert 1 and 55.2% of the output vector in the local 

expert 2. From Figure 71, the fitting is very well. Since all the layers are resistive, the 

shoulder effect is not as strong as it is in the test model 2. Thus, all the resistivities have 



been predicted accurately. The first layer's thickness is 7 cm shallower than the real 

thickness. The accuracy is 91%. 
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Results for set32 

The training set32 represents a decrease then increase in layer resistivity. The 

trained neural networic is tested by three synthetic models, which respond to different 

resistivity ranges. The MNN output models are quite comparable with the synthetic 

models (See Table 31 and Figure 72 to Figure 74). The overall accuracy for the three 

testing models is above 91%. 

Table 31; Synthetic model compared with MNN output 

Test model 1 Test model 2 Test model 3 
Synthetic 

model 
MNN 
output 

Synthetic 
model 

MNN 
output 

Synthetic 
model 

MNN 
output 

Resistivity in l" layer 
(ohm m) 

20 20 40 40 55 55.6 

Thickness in l'" layer 
(meter) 

2 1.93 3 3.08 2 1.99 

Resistivity in 2"^ 
layer (ohm m) 

10 9.35 15 14.5 25 25 

Thickness in 2"^layer 
(meter) 

1 1 1.5 1.43 2.5 2.55 

Resistivity in 3*^ 
layer (ohm m) 

30 24.6 60 60 70 70 
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Figure 72: MNN output model fit the 
synthetic model. The thickness in the first 
layer was 7cm shallower than the real 
thickness. The resistivities are estimated 
accurately, only the resistivity in the 
second layer is 0.65 ohm m (over 10 ohm 
m) lower than expected. 

Figure 73: MNN output model fit the 
synthetic model. The thickness in the first 
layer was 8cm deeper than the real 
thickness. The resistivities are estimated 
very well. 

The first test model (Figure 72) is a low resistivity model. The resistivity range is 

similar to local expert 2. The shape of the model is close to the shape of local expert 1, 

but local expert responds to a high resistivity model. Of the final output, 76.7% is fi-om 

local expert 2 and 23.3% is from local expert 1. As seen in Figure 72, the MNN fits the 
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synthetic model quite well. Although the second layer is a thin conductive layer and the 

thickness is only 1 m, which is hard to be predicted accurately, the MNN is able to fit it 

well, and there is only a 7 cm shift in the location of the predicted first layer. The 

maximum resistivity shift is 0.65 ohm m (over 10 ohm m) in the conductive layer. The 

overall accuracy is 91.2%. 

The resistivity range in the second test model (Figure 73) is fi^om 15 to 60 ohm m 

with a conductive layer in the center. Since it crosses the resistivity range in the two local 

experts. 56.8% of the final output is ftom the output in local expert 1 due to the similar 

model shape, and local expert 2 contributes 43.2% of the final output. The MNN 

predicted model fits the synthetic model well, especially for the layer resistivities. The 

maximum shift in the resistivity is 0.5 ohm m (over 15 ohm m) in the second layer. The 

thickness in the first layer is estimated 8 cm deeper than the true thickness. The overall 

accuracy for this test model is 92.7%. 

The third test model (Figure 74) has two high resistivity layers and a relatively 

low resistivity (25 ohm m) layer in the middle, the resistivities change fix)m 25 to 70 ohm 

m. The final output is combined by the output vectors in both local experts, 64.6% and 

35.4%, respectively. From Figure 74, the fitting is almost perfect; all the thicknesses and 

resistivities are estimated accurately, with only 5cm thickness shift in the second layer. 

The results in test model 1 and 2 indicate that the resistivities in the first and the third 

layers, which are resistive layers, are estimated very well, but for the middle conductive 

layer (10 or 15 ohm m), there is a 0.6 ohm m shift. Test model 3 is a high resistivity 

model, and the parameters are predicted quite accurately. Thus, MNN could predict the 
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layer better than the conductive layer because of a lesser shoulder effect in the 

layer. The accuracy for test model 3 is 92%. 
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Figure 74: MNN output model fit the synthetic model. The thickness in the second layer 
was 5cm shifted than the real thickness. The resistivities are estimated perfectly. 

Results for set33 

The training set33 represents a model where the layer resistivities keep 

decreasing. The trained neural network was tested by three synthetic models, which 

correspond to different resistivity ranges. The MNN output models are quite similar to 

the synthetic models (Table 32 and Figure 75to Figure 77). All the thicknesses and 

resistive 
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resistivities are predicted exactly. The overall accuracy for the three testing models is 

above 95%, which is much better than the expected accuracy 90%. 

Table 32: Synthetic model compared with MNN output 

Test model 1 Test model 2 Test model 3 
Synthetic 

model 
MNN 
output 

Synthetic 
model 

MNN 
output 

Synthetic 
model 

MNN 
output 

Resistivity in 1^' layer 
(ohm m) 

55 55.5 90 90.9 70 70 

Thickness in 1^ layer 
(meter) 

1.5 1.56 3 3 2 1.97 

Resistivity in 2"^ 
layer (ohm m) 

30 29.67 60 63.3 50 50 

Thickness in 2'^layer 
(meter) 

3 2.91 1.5 1.51 2.5 2.54 

Resistivity in 3"* 
layer (ohm m) 

15 15 40 40.3 35 34.5 

The resistivity range in the first test model is fixim 70 to 15 ohm m (Figure 75). 

The local expert 1 corresponds to a high resistivity model, from 100 to 50 ohm m and the 

local expert 2 responds to a relative low resistivity model, from 80 to 20 ohm m (Figure 

67). Thus, the shape and resistivity range of local expert 2 is quite close to test model 1. 

The final output is combined by the output vectors of the two local experts, 2% and 98%, 

respectively. Obviously, the MNN fits the synthetic model very well, especially for the 

layer resistivities. The thickness in the first layer is predicted 6 cm deeper than the real 

thickness, and the second layer's thickness is 9 cm shallower. However, the fitting is 

quite reasonable and the accuracy is 92%. 
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Figure 75: MNN output model fit the 
synthetic model very well, especially to the 
resistivities. There is only 5cm shift in the 
first layer. 

Figure 76: MNN output model fit the 
synthetic model very well, especially to the 
thickness estimation. The second layer's 
resistivity is 3.3 ohm m (over 60 ohm 
m)shift fi-om the real resistivity. 

The second test model is a resistive model and the resistivity range is firom 110 to 

40 ohm m (Figure 76). The local expert I is corresponding to a high resistivity model, 

fi^om 100 to 50 ohm m, therefore, 84.3% of the final output is firom the output vector in 

local expert I and the remaining 15.7% is fi-om local expert 2. From Figure 76, there is 

no shift on thicknesses, and the resistivities in the first and third layer are predicted 

perfectly. Only the middle layer's resistivity is 3.3 ohm m higher than expected. Since the 
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middle layer is a resistive layer, the resistivity is 60 ohm m, and a 3.3 ohm m shift does 

not cause a big fitting error. The accuracy for the whole model reaches 97.5%. 
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Figure 77; MNN output model fit the synthetic model. The thickness in the second layer 
was 9 cm shifted than the real thickness. The resistivities are estimated perfectly. 

The resistivity range in test model 3 is between that in local expert 1 and 2, thus, 

both local experts respond to it, 60% of final output is fi-om local expert 1 and 40% from 

local expert 2. The MNN fit the synthetic model very well to both resistivities and 

thicknesses. The accuracy for the whole model is achieved 96%. 
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The accuracy for the testing models that continuously decrease in resistivity is 

much higher than that for alternating increasing and decreasing resistivity. 

Results for set34 

The training set34 represents models in which that the layer resistivities keep 

increasing. The trained neural network was tested by three synthetic models, which 

correspond to different resistivity ranges. The MNN output models can fit the synthetic 

models quite well (See Table 33 and Figure 78 to Figure 80), all the thicknesses and 

resistivities are predicted exactly. The overall accuracy for the three testing models is 

above 98%, which is much better than the expected accuracy 90%. 

Table 33: Synthetic model compared with MNN output 

Test model 1 Test model 2 Test model 3 
Synthetic 

model 
MNN 
output 

Synthetic 
model 

MNN 
output 

Synthetic 
model 

MNN 
output 

Resistivity in I" layer 
(ohm m) 

15 14.9 30 30 35 35.03 

Thickness in 1^* layer 
(meter) 

1.5 1.5 3 3 2 1.98 

Resistivity in 2"*^ 
layer (ohm m) 

30 29.8 45 45.5 50 50 

Thickness in 2"'*layer 
(meter) 

3 2.97 2 2.02 2.5 2.52 

Resistivity in 3"* 
layer (ohm m) 

55 55 60 59.2 75 75 



142 

.... f 
Synthetic data 

— MNN fit synthetic data 
— Synthetic model 

MNN output model 
.... 

1 
\ 

Synthetic data 
— MNN fit synthetic data 
— Synthetic model 

MNN output model 

10 20 30 40 50 
Resistivity (ohm m) 

60 30 40 50 60 
Resistivity (ohm m) 

Figure 78: MNN output model fit the 
synthetic model perfectly. There is no shift 
in thicknesses and resistivities. 

Figure 79: MNN output model fit the 
synthetic model perfectly. There is no shift 
in thicknesses. CMy the resistivity in the 
third layer shifted 0.8 ohm m. 

Local expert 1 responds to a high resistivity model and the local expert 2 responds 

to a relative lower resistivity model. The resistivities in test model 1 (Figure 78) keep 

increasing from 15 to 55 ohm m, which is very close to the local expert 2. Thus, 86.9% 

final output vector is fix>m the local expert 2 and 18.1% final output vector is fi*om the 



143 

local expert 1. The MNN fit the synthetic model very well with no obvious shift in the 

layer thicknesses and resistivities. The accuracy is above 99%. 

The final output in test model 2 is a combination of the output vectors from local 

expert 1 and 2, which contribute 80% and 20% of the solution, respectively. From Figure 

79, the MNN fit the synthetic model nearly perfectly. The layer thicknesses and 

resistivities are fit accurately. The predicted resistivity in the third layer is 0.8 ohm m 

(over 60 ohm m) lower than the true resistivity. The accuracy is above 98%. 

Since the resistivity range in test model 3 is close to local expert 1, thus, 91% 

final output is fi-om local expert 1 and 9% is fijom local expert 2. The test model 3 has 

been predicted by MNN perfectly (Figure 80) no shift in thicknesses and resistivities. The 

accuracy is achieved 99%. 

The results indicated that neural network could more easily leam models that 

continuously increased or decreased in resistivity as opposed to those that alternated 

between increasing and decreasing resistivity. The accuracy for testing the training set33 

and set34, which contain the models that keep increasing or decreasing in resistivity, is 

above 95%. The accuracy for testing the trained neural networks, which have models that 

alternated between increasing and decreasing resistivity, is above 90%. It is a difficult for 

the neural networks to estimate the models that have a conductive layer embedded in the 

resistive layers, or a resistive layer embedded in the conductive layers due to the shoulder 

effect. The overall accuracy, however, even for the difficult models is 90%. Neural 

networks are shown to have excellent capabilities to invert the three-layer synthetic 

models with high accuracy and quick interpretation speed. 
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Figure 80: MNN output model fit the synthetic model perfectly. The thicknesses and 
resistivities are predicted exactly. 
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Test on fleld data 

The trained neural networks have good generalizations when they are tested by 

synthetic models. Now we will see how they perform when they are tested by the field 

data. Since all the training patterns in the training sets represent three-layer models and 

the field data usually contain multiple layers, a new method is carried out to break the 

field data into segments with three layers. 

The interpretation approach is to break the whole well logging curve into several 

pieces, and run each piece through different subsets of netwoiics. The most important step 

is where to break the curve. 

Every point in the curve has a slope. These slopes can be connected as a slope-

curve. The depth of the local minimum or local maximum slope corresponds to the 

boundary of the layers. The boundary of layers could be located depending on these local 

maximum or local minimimi slopes (Figure 81) The local maximum changes of slope 

correspond to the layer boundaries. The approximate thickness of every layer could be 

obtained as well through these local maximimi or local minimum slopes. The thickness is 

not an exact thickness, just an approximate thickness. Depending on these slopes, the 

well logging curved can be segmented and the number of layers in each piece can be 

counted. 
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Figure 81: Field data for well Ls2_dl showing fit of the synthetic model and 
corresponding slope curve. The local maximum changes of slopes indicate the layer 
boundaries approximately. 

For a smoothed-curve, it is easy to get the slope points (local minimum or local 

maximum), but for field data, it is hard to pick these points because of noise. Thus, the 

field data are smoothed before processing. The smoothed curve should fit the field data 

very well. A cubic spline method is used for smoothing the field data. Smoothing, 

however, can result in a loss of information, for very thin layers. 

Numerical methods for ordinary differential equations are in general divided into 

discrete and continuous types. Among the continuous methods are those that use splines. 
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Such methods are considered a well-established approach for solving ordinary differential 

equations. A direct cubic spline approach for approximating the solution of initial value 

problems governed by ordinary differential equations is formulated below. 

Let {Xi, i=0,l,...N} be a imiform partition of the interval [a,b]. Denote by Snj , 

the linear space of cubic splines S such that S e [a^b]. S is a cubic polynomial in each 

subinterval [Xi, Xi+I]. Set hi=Xi^i-Xi (i=0,l,...N-I). If y is a real-valued function defined 

in [a,b], then yj stands for f (x,), (i=0, 1,....N). 

At the interpolation point t: 

y(0 = 

+ h, * 

.y i-t-i 

n. n: 
•y, -A, • 

(3) 

In this case, the data are selected from the field logging curve with a certain 

sampling interval. Every 0.5 m, a data point is selected for the spline, then several new 

points are interpolated in the interval. The number of interpolated data points depend on 

the sampling interval of the log. The 0.5 m interval is found to work best for most of the 

field data since the spacing between the tool transmitter and receiver is 0.5 m, but other 

intervals could also be used. When the field data and the smoothed curve are compared 

(Figure 82), it is obvious that the smoothed curve is a very close fit to the field data. 

Then, a slope curve is calculated based on the smoothed curve to get an estimate of each 

layers' thickness. The field-data-curve is broken into segments and each segment 
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represents a three-layer resistivity model. An 8 m section of a log is picked to illustrate 

how to pick points in each segment. 

Figure 82: Field data for well Ls2_dl showing fit of smoothed curve to field data and 
corresponding slope curve, which is calculated through the smoothed curve. 
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Figure 83: Layers are first picked based on a slope curved calculated fi-om a splined field 
curve. The local maximum changes of slopes indicate the layer boundaries 
approximately. 

The log in Figure 83 is apparent resistivity (field data) for an 8 m section of a 

well. The bottom curve is the slope curve for the same 8 m segment. Six layers are 

identified in the resistivity curve. An approximate layer thickness is calculated fi'om the 

slope curve. The layers are at 23.8-24.8 m, 24.8-25.6 m, 25.6-26.8 m, 26.8-27.7 m, 27.7-

28.65 m, and 28.65-31.2 m. The logging curve is split into two parts in order to get three-

layer training patterns. One part was firom 23.8—^26.8 m, the second part was firom 26.8-

31.2 m. For the first part, the depth interval was 3 m, the 40 points are picked in this 3 

meter interval. The first layer is 1 m thick, the second layer is 0.8 m thick, and the third 
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layer is 1.2 m thick. The 40 points are distributed proportional to the thickness. That 

means, 13 points are picked in the first layer, 11 points in the second layer and 16 points 

in the last layer. The second part was from 26.8-31.2 m, the depth interval was 4.4 m. 

The first layer in this part is 0.9 m, the second layer is 0.95 m, and the last one is 2.55 m. 

Therefore, there are 8 points in the first layer, 9 points in the second layer, 23 points in 

the last layer based on the layer thickness. 

Thus, the field data are smoothed by a cubic spline, then broken into several 

pieces based on ±e local minimum or maximum slopes. Each piece represents three 

layers and is run through a different networic depending on the change of resistivities in 

the segment. Once the neural networks have tested the segment, the results for each 

segment are appended together to get the predicted model for the whole logging cxuve. 

The training set had 2,590 training patterns representing three-layer resistivity 

models. The layer resistivity covers from 1 to 100 ohm m and thickness from 1 to 3 m. 

The field data, however, has some layer thicknesses less than I m. Thus, more thin layer 

models are created for thicknesses of 0.5,0.6 and 0.8 m. The final training set has 3491 

patterns. 
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Analysis of results 

The MNN was trained with 3491 input patterns and tested with field data not 

included in the training sets. The field data are from the San Pedro National Riparian 

Conservation Area, Cochise County, Arizona. The wells penetrated unindurated 

Holocene alluvium of the San Pedro River underlain by semi-indurated lower Pleistocece 

and Pliocene basin-fill alluvium. The data were collected as part of a study of the 

hydrology of the San Pedro River, one of the few remaining perennial streams in 

southern Arizona. 

Ls2_d 1 is a well of 53 m depth. The first 20 meters of the curve is deleted because 

of excessive noise due to an initial section of steel well casing. The networks were tested 

on the remaining 33 m. There are a total of 23 layers in the log. The resistivity has a 

range of 17 - 65 ohm m, the thickness range is from 0.5 - 3.2 m. The MNN output model 

compared to the synthetic model in Figure 84. The results look very well. The predicted 

layer thicknesses and resistivities are reasonable even though the thin and conductive 

layers cause large shoulder effects. The fit between the MNN output and the field data is 

good; the correlation is 0.92. While the fit is not perfect, the errors should not lead to an 

erroneous lithologic interpretation. Since Ls2_dl has some thin layers, due to the 

shoulder effect, the resistivities from MNN could not reach the peaks or troughs in those 

thin layers, such as the 5''', lO"*, M***, Id"" layers (see Figure 84). 



152 

E 

Q. (D Q 
40 

45 

50 

Resistiviy (ohm m) 

Figure 84; Comparison of neural networic output resistivities and thicknesses to the field 
data (Ls2_dl) and modeled result from neural network output. 
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Ls5_dl has a total depth of 48 meters. The first 10 meters were cut because of 

noise. The networics tested on the remaining 38 meters. There were a total of 30 layers. 

The resistivity had a range of 10-70 ohm m and the thickness had a range of 0.5-3 m. 

Compared to Ls2_dl, Ls5_dl (see Figure 85) has more thin layers and sharp resistivity 

changes. Most of the layers in Ls5_dl had a thickness of approximately 0.5-1 m. Despite 

the large shoulder effects, the MNN could still fit the field data quite well. Some very 

thin layers (thickness less than 1 m) were recognized and predicted accurately. The trend 

between the MNN fit to field data and the field data was very consistent and the layer 

boundaries were fit well enough that the interpretation will not be misled. At the layer 12, 

from 25-26 m, the predicted resistivity could not reach the peak since the layer thickness 

is only Im, and both the 11*** and n*** layers are thin and conductive. That causes a large 

shoulder effect. The resist^ty predicted by MNN is 56 ohm m, which is 24.5 ohm m 

lower than expected. Again, at the n"** layer, 26-27 m, the MNN output resistivity could 

not reach the trough. Since the n*** layer is a thin conductive layer, the shoulder effects 

from the high resistive layers, the 12"* and the 14*, are high. The predicted resistivity in 

this layer is 18.18 ohm m, 6 ohm m higher than the expected resistivities. Similar errors 

happened in the 6^^, 14*^, 16*^, IS**, 23"*, 28*^, 29*^ layer as well. 
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Figure 85: Comparison of neural network output resistivities and thicknesses to the field 
data (Ls5_dl) and modeled result from neural networic output. 



155 

Robustness test 

The neural networks are trained to predict three-layer models, so in order to test 

the robustness of the trained neural networics; two new testing models are generated. The 

models are eight meters long, one model has four layers aiid another one contains five 

layers. The trained neural network can only predict three-layer models, thus, the purpose 

of this test is to see if the neural network predicted three-layer model can catch the 

characteristics of the four layer or the five layer models and if the resulting interpretation 

leads to a misleading lithology. 

Figure 86 shows the results for a five-layer model. The neural networic output is a 

three-layer model, however, it still can captures the characteristics of the five-layer 

model. From the forward responses, the data generated by the MNN output matches the 

synthetic data very well and the correlation is 0.95. 

Figure 87 shows the results for a four-layer model. The neural network output 

model capmres the features of the four-layer model. From the forward responses, the data 

generated by MNN output tracks the synthetic data very well and the correlation is 0.92. 

The above results show that the trained neural networks are robust. The MNN 

output can capture the features of the four or five-layer models and the correlation 

between the synthetic data and the MNN fit curve is more than 0.9, thus, we are not 

misled the material properties. 
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Figure 86: The trained neural network to 
fit a five-layer model (Rl=I5 ohm m, 
Tl = 1.5 m; R2=40 ohm m, T2=l m; R3= 
60 ohm m, T3= 2 m; R4=30 ohm m, 
T4=l .5 m; and R5=10 ohm m). Although 
the neural network' output is a three-layer 
model (RI=15.1 ohm m, Tl=1.53 m; 
R2=49.6 ohm m, T2=3.49 m; and R3= 
II. 1 ohm m), it can still fit the synthetic 
data very well and the correlation between 
the synthetic data and the neural networic 
output data is 0.95. 

Figure 87: The trained neural network to 
fit a four-layer model (Rl=40 ohm m, 
Tl=2,5 m; R2=15 ohm m, T2=2 m; R3= 
30 ohm m, T3=2; and R4=50 ohm m). 
Although the neural network output is a 
three-layer model (Rl=44.5 ohm m, 
Tl=2.3 m; R2=18.8 ohm m, T2=3.9 m; 
and R3= 47.5 ohm m), it can still fit the 
synthetic data very well and the correlation 
between the synthetic data and the neural 
network output data is 0.92. 
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Conclusions 

Neural networks took less than one second to provide a quantitative interpretation 

for each well log on a 485 MHz Pentium PC. The MNN performs very well on synthetic 

three-layer models and is robust. For field data with many layers, especially thin 

conductive or thin resistive layers, the large shoulder effects can make the prediction 

difficult. However, the estimates of resistivity and thickness for each layer is accurate 

enough that an interpreter will not be mislead as to the material properties. This approach 

could be used for other logging tools or suites of tools as well. 



Chapter 7 

CONCLUSIONS AND FUTURE DIRECITONS 

158 

Conclusions 

In this study neural networics were applied to pick layer boundaries, simulate the 

forward responses, and invert induction logs. The results showed that the neural networks 

were a practical way to interpret well log data with high degree of accuracy and a faster 

interpretation speed than traditional methods. 

The first study carried out was to pick the layer boundaries from unfocused 

resistivity tools. The neural networics were trained to extract layer boundaries using the 

single unfocused tool response. The neural networics were performed very well on the 

limited test set and the interpretations were reasonable and reliable. This indicated that 

the neural networks had the ability to locate the shift in the unfocused logs and pick the 

boundaries correctly. 

Five networks were trained with multiple tool responses. The trained networks 

had a higher accuracy and less noise than the networks trained with single tool response. 

This was because the multiple tools could provide more information to the network than a 

single tool. The MNN, RProp, and BP networks worked better than GRNN and RBFN. 

The modified algorithm in RProp produced layer picks with high confidence and low 

noise. It was comparable in accuracy with the MNN in NeuralWare®. 

Since the inversion was limited by the heavy computation requirements, the 

neural networks were trained to simulate the ID forward responses in Chapter 4 and in 
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hope of substituting it for rigorous forward modeling. The neural networics could 

simulate the EBLLS, EBLLD and MLL responses with an average accuracy of above 

95%. The error analysis showed that the neural networics generated random errors, which 

had a Gaussian distribution. The error means and the standard deviations from each 

network were calculated and analyzed. The sensitivity test indicated that the errors 

generated by the neural networic simulatiua had a large influence on the model 

parameters in the thin layer and conductive layers. However, the influence on the thick 

layer model parameters was very small. 

It may be possible to investigate the use of neural networics to simulate the 2D or 

3D forward responses. The problem, however, lies in the fact that the 2D or 3D forward 

modeling requires a large number of training patterns, which may not be practical for 

neural network training. In order to overcome this problem, one practical way is 

sampling of the model space. The whole data population is classified first, and then a 

small number of training patterns in each class are selected for training. In Chapter 5, 

applying a ID training set as an example, the network trained with 20% of training 

patterns achieved the similar accuracy as the network trained with all of the training 

patterns. This makes the neural networks quite efficient and practical for solving the real 

world problems, especially for the problems requiring a large training set. 

The study carried out in Chapter 6 was to determine if a network could invert a 

well log for the layer thickness and resistivities. An EM39 induction log was used. 90% 

accuracy was achieved with synthetic test data. For field data with many layers, 

especially thin conductive or resistive layers, the large shoulder effects complicate the 
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inversion. However, the model estimated by the neural networic had a good correlation 

with the synthetic model. Therefore, there was no misleading material properties 

introduced into the interpretation. This trained netwoHc could be a good guide for a quick 

on-site interpretation. 

The studies carried out in this dissertation verified that neural netwoiics could 

efficiently solve real world log interpretation with a desired accuracy and quick 

interpretation speed, particularly for on-site interpretation. Among the networks used in 

this dissertation, six neural networks were implemented. MNN, BP and RProp perform 

very well for the supervised study. The BP and MNN in the NeuralWare® performed 

faster than the RProp in MATLAB®. The SOM is a typical un-supervised neural networic 

and it is quite efficient for the classification of a big training set. 

Future directions 

Since in inversion, the final result is largely dependent on the quality of the initial 

model, it is very important to build an accurate initial physical model. The neural 

networks could predict the layer resistivity and thickness, but the results are influenced 

by the shoulder effect in thin layers. To avoid this problem and generate more accurate 

results, the neural network predicted model could be implemented as an initial model in 

the inversion. Since the neural network predicted model has a good quality and no 

misleading lithology, it will provide a good guide for the inversion and reduce the 

number of iterations. 



A large number of models must be generated to train a neural networic. The new 

method was presented to reduce the training set size but the approach still required the 

models to be calculated. For 2D and 3D models this approach is still too computationally 

expensive. Future work should focus on ways of sampling the model space without 

computing so many models. 
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In this study, six neural networks, modular neural network, back-propagation 

network, resilient back-propagation network, radial basis fvmction network, general 

regression network, and self-organizing networic, have been applied and their 

performances are compared. The algorithm of each neural netwoik is introduced in this 

section. 

Modular neural network 

The modular neural network (MNN) consists of a group of modules (local 

experts) and a gating network. The network combines supervised and unsupervised 

learning. The gating network leams to break a task into several parts, which is a 

unsupervised learning, and each module is assigned to learn one part of the task, which is 

a supervised learning. 

Figure 88 is the block diagram of a modular network (Haykin, 1994). Both the 

modules and the gating networic are fully connected to the input layer. The number of 

output nodes in the gating network equals the number of modules. The output of each 

module is connected to the output layer. The output values of the gating network have 

been nonnalized to simi to 1.0 (eq. 7). These normalized output values are used to weight 

the output vector from the corresponding modules so the output from the best module 

will be passed to the output layer with little change while the outputs from the other 
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modules will be weighted by a number close to zero and will have little impact on the 

solution. The final output is the sum of ths weighted output vectors (eq. 8). 

outpue vector 

Moduie2 

Module I 

Module k 

Figure 88: Block diagram of a modular networic; the outputs of the modules are mediated 
by the gating network (Haykin, 1994). 

The variables used in a modular neural network are defined as: 

K: number of modules, also the number of output nodes in gating network 

N: number of output nodes in MNN output layer and each module's output layer 

M: number of input nodes 

Q: number of hidden nodes in each module 

P: number of hidden nodes in the gating network 

X = ( X i , X 2 ,  ,  X M )  

= Input training vector 

d = (d|, da, , ds) 
= Desired output vector 
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U = (Ui , U2, Uic) 

= Output vector of the gating network before normalized to simi to 1 

g  =  ( g i »  g 2 .  g i c )  
= Output vector of the gating network after normalized to sum tol 

^ (Z] , Z2 Zn ) 
= Output vector of the whole network 

o'' = (oi, 02, ON) 
= Output vector of the k"* module 

w''qm= Connection weight between hidden and output layer in k"** module 

w®pm= Coimection weight between hidden and input layer in the gating network 

Sum''n=Weighted sum for PE n in module k 

Each module or local expert and the gating netwoik receive the same input pattern 

from the training set. The gating network and the modules are trained simultaneously. 

The gating network determines which local expert produced the most accurate response 

to the training pattern and the connection weights in that module are allowed to be 

updated to increase the probability that that module will respond best to similar input 

patterns. 

The learning algorithm can be summarized as follows; 

1. Initialization: Assign initial random values to the connection weights in the modules 

and the gating network. 

2. Calculate the output for module k 

o*=/(Sum*) (4) 



where Sum'„ (/(J] 
qsl 111=1 

Calculate the activation for the gating networic 

"t =/(21 (/(2 
i=l p=I 

Calculate the sofbnax output for the gating network 

exp(Kt) 

2^exp(tt,) 
1=1 

Calculate the network output 

n 
1=1 

Calculate the associative Gaussian mixture model for each output PE 

r J  II J3 xt ii2-^iexp(— \\d-o' in 

h"-. hrr. 
II') 

y=i ^ 

Calculate the errors between the desired output and the each module's output. 

k ,  k k 
= «- — o„ 

n n n 

Update weights for each module 

Weights between the output and hidden layer; 

< (' + !) = (0 
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where 5 ̂  = e* f '{Sum'„ ) and act^ = ) (12) 
q-\ 

Weights between the input and the hidden layer: 

+1) = w*„ (r) (13) 

where 5 = /'(5w/n* )254 (14) 
n=l 

9. Update weights for gating networic 

Weights between the output and hidden layer: 

H^(/ + l)= H^(r)+Ti64ac/^ (15) 

where 5 ̂  = (A^ - )/'(u^) and = f(^ x„ ) (16) 

Weights between the input and the hidden layer: 

(' + !) = ^(0+Ti5^x„ (17) 

where 5 ̂  = f ' iSumf, )XS ̂  ^ 
i=l 

Self-organizing map network 

Teuvo Kohonen developed the self-organizing map between 1979 and 1982. 

Classification of items into appropriate categories of similar objects is a difScult activity. 

The self-organizing map neural network addresses this problem by using a two-

dimensional feature map of the input data to discover significant patterns or features in 
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the input data by itself, thus, self-organizing map is one a the unsupervised neural 

networks and it is based on competitive learning. 

The basic architecture of the self-organizing map networic is showed in Figure 89. 

From the figure, it is clear that the neurons in the Kohonen layer are located at a two-

dimensional lattice and fully connected with the input pattern. The Kohonen neurons 

compete among themselves to be activated. However, only one output neuron, which has 

the minimum distance between itself and the input pattern using Euclidean distance 

measurement, has been activated at each time. 

Kohonen layer 

Input layer 

Figure 89: the architecture of the self-organizing map network. 

During training, the Kohonen PE with the smallest distance updates it weights to 

be closer to the same input pattern. The neighbors of the winning PE also update their 

weights to be closer to the same input pattern. Adjustment of neighboring PEs is one of 

the useful and intriguing features of the self-organizing map. 
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In the self-organizing map, the neurons are placed at the nodes of a two 

dimensional lattice. These neurons have selectively moved to different input patterns or 

classes of input patterns during the competitive learning process. The position of the 

neurons is gradually ordered. Thus, the coordinate system for different input features is 

created over the lattice and the spatial location of neurons in the lattices corresponds to 

intrinsic features of the input pattern. 

The algorithm is simunarized as follows: 

1. Initialization. 

If the input pattern has M values and denoted by: 

X =iXj,X2,.. . ,X„) 

Then, each Kohonen PE i will also have M weight values and can be denoted by 

fV. 

2. Similarity matching. 
Find the best-matching wiiming neuron i using the minimum distance Euclidean 
criterion: 

When the PE with the minimum value of £), will be the winner. However, when 

during the training, the conscience mechanism adjusts the distances to encourage 

PEs that have less chance to win, and of course, to discourage PEs that are 

winning above the average frequency. 

The adjusted distance D] is the distance minus a bias. The bias, is computed 

using this equation: 

D,=\\X-W,\\ 
(19) 

(20) 
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where Fi is the frequency with which the PE i has historically won, and N is the 

number of PEs in the SOM layer. 

At the beginning, F, =1/N and so initially = 0. 

When the and £>, have been calculated, the adjust distance D\ is given by: 

(21) 

2. Updating. 

Adjust the weights of all the neurons, using the update formula 

W^n +1) = W,{n) +n(n)[^ - W^n)] i  e A,,„ (/i) (22) 

W. (« + !) = Wi (n) Otherwise (23) 

where r) («) is the learning rate parameter and it is time varying. ri(/i) should start 

with a value close to 1; then decrease gradually during the learning procedure. 

A («) is a neighbortiood flmction centered around the winning neuron i(x). In 

generally, A,(^,(n) begins to include all neurons in the network and then 

gradually shrinks with training. During the convergence phase of the algorithm, 

A,(^, (n) should contain only the nearest neighbors of winning neuron I, which 

may eventually be 1 or 0 neighboring neurons. 

3. Continuation. 

Continue with step 2 until no noticeable changes in the feature map are observed. 

Summary of the advantages of self-organizing map: 

1. The self-organizing map learns to categorize input vectors. It also leams to distribute 

the Kohonen neurons based on the density of input patterns. In another word, feature 
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maps allow more neurons to recognize parts of the input space where may input 

patterns are presented and allocate fewer neurons to parts of the input space where 

few input patter occur. 

2. The output of self-organizing map reflects the topology of their input patterns. The 

neurons next to each other in the Kohonen layer leam to respond to similar patterns. 

3. Since self-organizing map allow the winning PE's neighboiiiood to update weights, 

the transition of output vectors is much smoother than the other unsupervised neural 

networks, which only update the winning neuron. 

Back-propagation network 

The back-propagation netwoiic is the most widely used neural network and it has 

been applied successfully in applications studies in a broad range of areas. Back-

propagation network can attack any problem that requires pattern mapping; given an 

input pattern, the networic produces an associated output pattern. 

The typical back-propagation networic has an input layer; an output layer and at 

least one hidden layer. The network can be used to solve complex pattern-matching 

problems. To begin with, the networic leams a set of input-output example pairs by using 

a two-phase propagate-adapt cycle. After an input pattern has been read in to the first 

layer of the network, it is propagated through each upper layer imtil an output is 

generated. This output pattern is then compared to the desired output, and an error has 

been computed for each output unit. Then, the error signals are transmitted backward 
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from the output layer to each node in the hidden layer that contributes to the output The 

process repeats layer by layer, until each node in the networic has received an error signal 

that describes its relative contribution to the total error. Based on the error signal, the 

connection weights are updated by each unit to cause the network to converge to a state 

that allows all the training patterns to be encoded. The gradient descent learning is 

commonly used in the back-propagation neural networic. 

The learning algorithm is summarized as follow: 

P: Number of training patterns. 

Xp = iXpiXp2,.. .;Xpf,) 
= input vector 

N: Number of input nodes 

L: Number of hidden nodes 

M: Number of output nodes 

net' ': Input values to hidden layer 

net": Input values to output layer 

1. Initialize weights and apply the input vector to the input layer. 

2. Calculate the input values to the j*** hidden unit: 
s 

0=1,.., L) (24) 
»=i 

3. Calculate the outputs from the hidden layer: 

0=1,", L) (25) 

4. Move to the output layer. Calculate the net-input values to the k"* output unit. 

(k=l,..,M) (26) 
y=i 

5. Calculate the outputs from the output layer: 
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6. Calculate the error terms for the output units; 

(27) 

5^ = )ft \net''^) (k=l,„, M) (28) 

7. Calculate the error terms for the hidden imits; 

8« (29) 

8. Update weights on the output layer; 
S (' + !) = < (0 +Ti5 (k=l. .,M; j=l. .,L) (30) 

9. Update weights on the hidden layer; 
^(r +1) = w* (0 +ti5 X- (i=l,...,N; j=l,...,L) (31) 

Resilient back-propagation (Rprop) 

The back-propagation network employed in NeuralWare uses gradient descent 

learning. The neural networic toolbox in the MATLAB includes a nimiber of variations, 

such as resilient back-propagation (RProp), Levenberg-Marquardt and conjugate 

gradient-

The problem when using steepest decent to adjust the connection weights with 

sigmoidal transfer fimctions is that the sigmoidal functions generate a very small slope 

(gradient) when the input is large, therefore, producing small changes in the weights. This 

makes training very slow. The purpose of RProp is to remove the effects from the small 

gradients and improve the training speed. Therefore, the magnitude of the derivative has 

no effect on the weight update in RProp. Instead, the weights are changed based on the 

sign of the partial derivatives of the cost function. 
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1. If the derivative of the cost function with respect to a weight has the same algebraic 

sign for two successive iterations, then, increase the update value for the weight. 

2. If the algebraic sign of the derivative of the cost flmction with respect to a weight 

alternates from the previous iteration, then, decrease the update value for the weight. 

3. If the derivative is zero, then the update value remains same. 

The modified algorithm works better than the standard gradient descent algorithm in 

general and it converges much faster. 

Radial Basis Function Network (RBFN) 

A Radial Basis Fimction Netwoiic (RBFN) is the network which has an intemal 

representation of hidden processing elements (pattern units) which are radially 

symmetric. Those pattern units provide a group of "functions" that constitute an arbitrary 

"basis" for the input patterns when they are expanded into the hidden-unit space. For a 

pattern unit, it must have the following three constituents: 

A center is a vector in the input space, and which is typically stored in the weight 

vector from the input layer to the pattern unit. 

An Euclidean distance measurement is to determine how far away an input vector 

is from the center. 

A Gaussian transfer function to determine the output of the pattern unit by 

mapping the output of the distance fimction. The Gaussian function outputs stronger 
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values when the distance is small. In other words, the output of a pattern unit is a function 

of the distance between an input vector and the stored center: 

The architecture of a RBFN pattern unit is shown in Figure 90 with the input 

vector and the cluster center. The pattern unit has an Euclidean distance function to 

measurement the distance between the input vector and the center of the pattern unit. The 

Gaussian transfer function is applied to determine the output based on the Euclidean 

distance. 

Output path 

Figure 90: A pattern unit in a Radial Basis Function Network. 

The summation function can be expressed as: 

(32) 

The Gaussian transfer function is expressed as: 

(33) 
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For each pattern unit, a clustering algorithm is applied for determining the ; a 

nearest neighbor heuristic is used for determining the . Linear regression or a 

gradient descent algorithm is used to detennine the weights from the hidden layer to the 

output layer. 

The learning algorithm of radial basis function network is summarized: 

A radial basis function networic is defined in feedforward mode. Training of the 

pattern units requires determining the weight Ck and the widths of the Gaussian 

functions. This is achieved in two phases; 

• Standard or adaptive k-means clustering is used to determine the weight Ck.. 

• Nearest neighbor heuristic to detennine CT ^. 

T; Number of training patterns. 

x"' ,xy') 

= Input training vector for one pattern t 

K: Number of clusters = Number of pattern units 

~ (Cfci , Ck2 , Cfai) 

The k-means algorithm proceeds as follows: 

1. Start with a random set of centers Cj , ..Ck 

2. Read the input vector 

3. Modify only the closest cluster center Ck : 

where a is a learning rate, which decreases as t increases. 
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4. Terminate after a fixed number of iterations or when the learning rate has decayed to 

0. Once the cluster centers have been established, the next phase in training a pattern 

unit, is to determine the width of the transfer function. 

This can be done using a P nearest neighbors heuristic. Given a cluster center Ck, 

let ki ...kp be the indices of the P nearest neighboring cluster centers. Then the width 

of the transfer function is set to the root mean square distance of the given cluster center 

to the P nearest neighbor cluster centers; 

(35) 
V P p=i 

Notice that no desired output is used to train the pattern imits. The hidden layer 

representation is achieved by self-organization, with no mapping information present. 

Once this self-organizing phases is complete, the output layer can be trained using 

standard delta rule learning which adaptively minimizes mean square error; 

E = (36) 
t 

where is the desired output vector for x^'^, and is the actual output. 

General regression neural network (GRNN) 

A general regression neural network (GRNN) is in some ways a generalization of 

a radial basis function network. Just like RBFN, GRNN has a group of pattern units 

(centers) to measure the Euclidean distance between input vector and the centers. In this 

dissertation, the GRNN from MATLAB® is implemented. However, unlike the RBFN 
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and GRNN in NeuralWare®, where input vectors that are close can be clustered together 

to share a pattern unit, the number of pattern units equals the number of training patterns 

in GRNN in MATLAB®. That makes GRNN efficient for learning, but susceptible to 

over-fitting. 

Since each pattern unit performs a Gaussian transfer function, the width of the 

transfer fiuiction will affect the pattern unit's response area to the input vector. A spread 

constant SPREAD has been applied in GRNN for the pattern units to determine each 

pattern unit's response area to the input vector. If the SPREAD is small, the Gaussian 

transfer function is very steep so that the pattern unit, which is closest to the input vector, 

will generate a much larger output than a more distant pattern unit. If the SPREAD is 

large, the pattern unit's slope becomes smoother and several pattern units might 

correspond to the same input pattern. 

The features of GRNN make its architecture very simple, only one parameter 

SPREAD needs to be determined. 
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