
>

A New Method of Calibrating Wireline Logs With Carbonate Core

Measurements To Recognize Pay Zones

by

Varma Gottumukkala

Thesis

Submitted in Partial Fulfillment of the Requirements for the Degree of

Masters of Science in Petroleum Engineering

Department of Petroleum and Natural Gas Engineering

New Mexico Institute of Mining and Technology

Socorro, New Mexico 87801.

August 2002.



Swamj Vivekaiianda

'The secret ofreligion lies not in theories but in practice
To be goodanddo good - that is the whole ofreligion"

"One may gain politicalandsocialindependence, but ifoneis a slave to his
passions anddesires, one cannot feel the pure Joyof realfreedom'

-Swami Vivekanada



This work is dedicated to myloving parents Koteswara Raju Gottumukkala, Rama
Gottumukkala and to my lovely fiance Aruna Varma

- Varma Gottumukkala



ABSTRACT

Defining the initial water saturation in a dolomite reservoir in Southeast New

Mexico wasproblematic and resulted in questions about possible oil left behindpipe after

development. The application of Archie's equation was particularly suspect because of

the variation in the resistivity of connate water samples. Cores and logs were available

from six wells in the Dagger Draw Field and showed interstitial, fractured and vuggy

porosity. A global prioritizing technique called fuzzy ranking was used to select log

tracts to correlate with core measurements.

Selected log tracts then served as inputs to a neural network to develop

multivariate correlations with the core measurements. The cores defined bulk volume oil,

bulk volume gas, bulk volume water and aspect ratio. The focus of this research is the

estimates of bulk volume oil, gas and water. Optimal neural network architectures were

developed for each of the six available well datasets. All architectures were designed to

maintain a ratio of neural network weights to samples ratio less than 0.5.

Each network was blind tested against the remaining five datasets. One of the

datasets with 200 whole core measurements was found to be particularly robust and was

used to generate BVO logs in fourteen partially cored and un-cored wells in the field.
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The statistical properties sum, average, and standard deviation calculated with the BVO,

BVG and BVW logs correlated with the initial oil, gas and water-producingrates. Thus a

new method to recognize behind pipe pay zones in a dolomite/carbonate reservoir and

estimate the first years oil-producing rate was developed. The method has particular

utility in finding bypassed pay for recompletion projects
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R" = 0.9686 Range = 0.152

Figure 4.3: An example of a fuzzy curve with LLD and BVO

Range = 0.152-0.0 = 0.152
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CHAPTER V

Neural Network Training and Predictions

Predict Online is the interface to the actual neural network simulator that is used

for training the network and predicting. A set of input values and corresponding output

values are provided to theneural network for training. The user then defines the number

of weights and nodes between the input and output values by using different

architectures. The neural network then iterates or back propagates the values assigned to

the weights until a multivariate equation is produced which approximately matches the

output values.

A correlation coefficient is used to gauge the "goodness" of the match or the

"goodness" of the neural network training. In this cases log values are the inputs and core

measurements are the output. Once the "goodness" is satisfactory, a trained network can

be used to predict core measurements in the non-cored wells, given logdata as input.

Since "Predict Online" does not have direct access to the input files present on

the local system, all computations are performed on the server. The neural network

"Predict Online" interface is shown in the flow chart (Figure 5.1). A login createdby the

server administrator is required to access files on the remote server. The resulting
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"predicted" files are automaticallygenerated.

Files, which are smaller than 32kb only, can be viewed directly; other files have

to be downloaded from the server to the client system before they can be opened for

viewing. To access predict online form client system, you need to have "java policy" file

which givespermission to view the applet window on the server.

Web browser

PredictOnline
applet

A V

1

Training Predict
servlel servlet

SNNS engine

Disk

PrediciOnline

user (diem)

Internet

File upload/download
servlets

Web
server

Disk

Pr^Hirinniinfi .^Prvfir

Figure 5.1 Shows the flow chart ofPredict online user interface with neural network
simulator
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5.1 Application of Neural Network Simulator as a Client

Open the browser as http://ford.nmt.edu/Predictonline6. Click on the "login"

button.The user will be prompted for a loginname. If you alreadyhave login enter it and

click "ok", ifnot contact the system administrator to create a new login.

Oncesuccessfully logged in to the server, a window will be prompted(Figure5.2)

asking you to create a project name and to upload the training files. Make sure that the

project name shouldn't contain any spaces. All the projects and files pertaining to

particular user are stored under the user login. Access to these files and projects are

granted exclusively to that particular user alone.

If you are already an existing user, click on a particular project from the list and

you can view all the files associated withthat project, if not create a newproject and start

uploading the files for training and predicting. Its also important to note that all files

present under the data files list will automatically be displayed in the predict file list.

In order to train the network, select the desired data file that the network is to be

trained and provide with an architecture, where the number of weights should be always

half less than the number of records. The first and the last entries of the architecture need

not be entered, as they are the number of inputs and outputs. The output value for each

pattern always remains to be one; the input may vary depending on the different type of

logs we use to train the network basing on the fiizzy curve analysis. The user enters

numbers separated byspace in"ARCH" field provided on the top right hand comer.
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Figure 5.2: A view of thepredict online window

In order to train the network we have two options, one is regular training and the

other is training with cross validation, for regular training "PERC" value should be zero.

"PERC" is the percentage of the number of records to the total available records the

network uses for training. Upload the files to be trained and then click the Start

Training" button. To obtain good training correlation we have to keep on changing the

architecture as explained earlier, once we obtain a good training correlation of around

80% or more, we can stop training and start to predict theresults.

To test whether our training is perfect ornot, provide "PERC" column with either

10% or20%, this will randomly select 10% ofall the values that are trained and tests the



data. If the network is trained well we will have the testing correlation to be same as

training correlation.

In training with Cross-Validation, "PERC" column should be provided with a

value other than zero during training process, the network randomly chooses values for

both training and testing and generates a testing and training correlation. When these

correlations are nearly equal and are above 80%, the network is ready to predict and the

training is terminated.

It is better to do a regular training than training with cross validation since regular

training uses all the input values provided for training network instead of choosing

randomly as in training with cross validation. If desired select a particular file and click

"show Plot" the training and testing plots can be viewed as shown in Figure 5.3, Y-axis

represents the actual outputs and X-axis represents thedesired outputs.

Once the network is trained, upload the predict files fi-om the client system to the

server, afier uploading click on the particular file you want to predict in the predict file

column and then click "Predict" button. The results will be automatically displayed in the

"result' column with a result" file extension. Care should be taken if a desired

prediction is required fi-om a particular training file or a trained network. The 'Yesult"

files can be downloaded to the client system and can be converted to Excel spreadsheets.

The application of this new technology is demonstrated with original data fi-pm the

Dagger Draw Field.
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Chapter VI

Results and Discussions

6.1 Dagger Draw Field

Dagger Draw field is located in Southeastern Eddy County, New Mexico. It is a

shelfmargin carbonate bank complex. Conventional log analysis is complicated by the

vuggy nature of the rock .The present application ofNeural Networks used data from six

wells in the field. The following are the wells.

Well Name Section Township Range

1. Dagger Draw #12 30 19S 25E

2. Barbara #1 18 19S 25E

3. Ocotillo #1 10 20S 24E

4. Cooper #1 1 20S 24E

5. Marathon Federal # 5 19 21S 23E

6. Saguaro #8 14 20S 24E

To start predicting the oil, gas and water production rates from the non-cored

wells, a neural network has to be established using the available input data (Well Logs

and Core saturation values of oil, gas and water ). The Bulk Volume of Oil, Gas and

Water are calculated from the core saturationsvalues by using the following equations
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BVO (Bulk Volume Oil) = (1- Sw) * (6.1)

BVG (Bulk Volume Gas) = (1- S,,- So) * (6.2)

BVW (Bulk volume Water) = Sw * ^ (6.3)

The obtained Bulk Volume Oil, Gas and Water along with the geophysical logs

(G-Ray, PEF, LLS, LLD, MSFL, Dphi, Nphi, Caliper), were used as training input data

sets for establishing a neural network. Geophysical logs provide information about the

formation, formation temperatures and physical properties like porosity, resistivity, type

offormation whether it's shale, sandstone or a carbonate including boreholediameter.

Well Lx)gs (Geophysical logs) are digitized as explained earlier using "NDS

Neural Log" toconvert the graphical X-Y plot data to (x,y) numerical data so that we can

input this digitized data to train neural network. These logs vary for each and every well

depending upon the formation, but there will be a correlation existing between the logs

and the formation, if all the wellsbelong to the samereservoir.

After obtaining the digitized data, fuzzy curves were plotted to select the best

input logs for training the network. The greater the rank of the fuzzy curve the better the

log works for predicting results. After selecting the logs we start with our training by

inputting the digitized log data along with Bulk Volume Oil, Gas and Water values

calculated ft'om the core data.
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The logs of all the six wells were digitized and the fuzzy curves were plotted

Appendix-A. The ranksofall the logs ofDaggerDraw #12 well are shownin Table 6.1.

Log cc Range Rank

Caliper 0.612 0.782 0.291 1.073

Gamma 0.617 0.786 0.064 0.850

LLD 0.051 0.226 0.068 0.293

LLS 0.871 0.933 0.098 1.031

MSFL 0.318 0.564 0.097 0.661

NPhI 0.008 0.089 0.089 0.179

PEF 0.790 0.889 0.092 0.981

DPhi 0.444 0.666 0.213 0.879

Table 6.1: Table showing the fuzzy ranks of different well logs of Dagger Draw#12 Bulk
Volume Oil

6.2 Training of Six Wells to Choose the Best Network for Predictions

6.2.1 Dagger Draw #12

The Dagger Draw #12 is located in Section 18 T 19 S, R 25 E of the North

Dagger Draw Field. Pay zones in the Dagger Draw upper Pennsylvanian interval consist

of fractured, vuggy dolomites sealed by non-porous limestone. A typical suite of eight

logs is shown in Figure 6.1.

The log suite consists of gamma ray, caliper, density and neutron porosity, micro,

shallow and deep resistivity and photoelectric logs. The dense limestone zones within the

dolomite are readily identified by the shift in the Pe log from 3 (dolomite) to 5 units, plus

the absence of separation in the resistivity logs. In this well, the pattern of the dolomite

pay zones is readily identified.
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Figure 6.1: Suite of eight logs of Dagger Draw #12

MSFL

Single stage fuzzy ranking was used to identify the relationship of the eight logs

with bulk volume oil (BVO). The distribution of the 200 laboratory measurements is

shown in Figure 6.1. No attempt was made to account for flushing that may have

occurred during recovery of the core.

The fiazzy curve shown in Figure 6.2 has a y-axis range (difference between

maximum and minimum fuzzy values) of 0.157. A straight line fit to the fuzzy curve has

a correlation coefficient of 0.960. In this case the sum of the range and the correlation

coefficient establishes the rank.



Dagger Draw #12 Normalized Fuzzy Rank
= 0.960 Range = 0.157

Figure 6.2: The shallow resistivity logcorrelates with thefuzzy BVO values.

0.25

0.05

0.00

Well 1 Normalized Fuzzy Rank

R =0.0492 Range = 0.131

0.0 0.2 0.4 0.6 0.8 1.0

Gamma Ray

Figure 6.3: The gamma ray logdoes not correlate with BVO
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The gamma ray fuzzy curve in Figure 6.3 has very little correlation with Bulk

Volume Oil. Table 6.1 gives the fuzzy ranks of all the logs in Dagger Draw #12. Both Pe

and Od include a density measurement and the ranking is similar. Density porosity was

used in the neural network training because the "range" is significantly greater than the

"range" of the Photoelectric log.

Various logs of Dagger Draw #12 have been provided, based on the fiizzy

ranking, the following logs were selected Caliper, LLS, Dphi and trained with core BVO

values as output. The training starts with an architecture of 3-1-1-1 where "3"(Caliper,

LLS, Dphi )is the number of inputs used, "1-1"(Architecture) is the number of hidden

layers and "l"(Core BVO) is the number ofoutputs, till a good correlation coefficient is

obtained.

For 8-4 architecture(3-8-4-l), the training correlation obtained was 0.95, and

when tested the correlation was 0.90. Sincethe testing and training correlation coefficient

are nearly equal, we can use this trained file for predictions. When this trained file was

used to test, for intervals which don't have core Bulk Volume Oil (BVO)data, the results

are shown in Figure 6.4 where thepredicted and actual values match.

Applying fuzzy tools to select the input logs for predicting Bulk Volume Water

(BVW) values with no core data, the following logs Caliper, LLS, Dphi (Appendix D)

were selected for training and when trained with 6-4 architecture (3-6-4-1), the training
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correlation and testing correlation were 0.93 and 0.88 respectively. When tested using

this trained file the results are shown in Figure 6.6 .

To train the network for predicting the Bulk Volume Gas (BVG) the following

logs are selected PEF, LLS, Dphi, using fuzzy ranking, and when trained with 6-4

architecture(3-6-4-l) the training and testing correlations were 0.92 and 0.90

respectively. The results are shown in the Figure 6.5.

Dagger Draw it\2 BVO

^ Actual • ' Predicted

g- 7750
C

Dagger Draw #12 BVG

!^*»Predicted ♦ Actual

Figure 6.4: Actual Vs Predicted values of Figure 6.5: Actual Vs Predicted values of
Dagger Draw #12 Bulk Volume Oil Dagger Draw #12 Bulk Volume Gas



In the same way the input logs selected to train the network for aspect ratio were

Caliper, G-Ray , Dphi and the architecture used was 6-4(3-6-4-1). The training

correlation coefficient was 0.78; the predicted aspectratio valueswere compared with the

actual values and are shown in the Figure 6,7.

Dagger Draw i!/12BVW

BVW

0 200 400 600 800 1000

7600

7650

7700

7750

7800

7850

7900

O Actual Predicted

Figure6.6: Actual Vs Predicted valuesof
Dagger Draw #12 Bulk Volume Water

Dagger Draw #12 Aspect Ratio

Aspect Ratio

0 20 40 60

7600

7650

7700

I 7750

7800

7850

7900

^ Actual ^**Predlcted

80

Figure 6.7: Actual Vs Predicted values of
DaggerDraw #12 Aspect ratio.
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As we can see from all the pseudo logs developed, the Bulk Volume Oil, Gas,

Water and aspect ratio values matches with the core data between the intervals 7650ft to

7850ft. So, there is a probability that we can use this trained network for developing log

correlations, this network canbe used for predicting the Bulk Voliimes of all the wells in

the Dagger Draw field.

6.2.2 Marathon Federal # 5

Marathon Federal #5 is located in Section 19 T 21 S, R 24 E of South Dagger

Draw. Topredict theBulk Volume Oil for Marathon Federal #5 the GR, Caliper and LLS

logs were selected using the same principle of fuzzy ranking as previously discussed.

These digitized logs were used to train the neural network for predicting Bulk Volume

Oil of Marathon Federal #5. The training and testing correlations when trained with 6-

4(3-6-4-1) architecture were 0.90 and 0.85 respectively. This trained data was used to

predict the Bulk Volume Oil. (Figure 6.8)

Using the same technique of fiizzy ranking, Caliper, LLS , DPHI were selected to

train the network for Bulk Volume Gas with 6-4(3-6-4-1) architecture. The network

trained to 60%, and thepredicted values obtained were plotted against the actual BVG in

Figure 6.9. From the plot it can be seen that between the interval from 7500ft to 7530ft

the history matching was good, but from 7720ft to7770ft the predicted values are

fluctuating from the actual coredata, therefore the prediction was poor.
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G-Ray, MSFL, Dphi; were selected to train the network for predicting Bulk

Volume Water with 6-4(3-6-4-1) architecture and 0.72 training correlation coefficient,

the predictions werenotbad except for an interval between 7750ft to 7760ft. Figure 6.10

Finally Caliper, G-Ray, Dphi were selected to train thenetwork for aspect Ratio

with 70% trained network. The architecture used for building this network was 6-4(3-6-4-

1). The predictions of the aspect ratio were poor between the intervals 7730ft to 7770ft

(Figure 6.11). So this trained network was eliminated from any fiirther use because of

poor training and predictions.

Marathon#5 BVO

BVO

0 50 100 150 200

7450

7500

7550

7600

7650

7700

7750

7800

Is o

i

*

1

*Predicted ^ Actual

£

Marathon# 5 BVG

BVG

500 1000 1500

>

7450

7500

7550

7600

7650

7700

7750

7800

O Actual Predict

Figure 6.8: Actual Vs Predicted values of Figure 6.9: Actual Vs Predicted values of
Marathon # 5 Bulk Volume Oil Marathon # 5 Bulk Volume Gas.
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From all the pseudo logs that were developed for the Marathon # 5, the networks

used for predicting the Bulk Volume Gas and aspect ratios can be eliminated aspredicted

values don't match with the actual values, and the training correlation coefficients were

also less. Since, the Bulk Volume Oil and Water values of Marathon §5 arealso notwell

trained as compared to Dagger Draw # 12; it is not proposed to use the Marathon # 5

trained network for log correlations.

Marathon # 5 BVW

BV\^'

200 400 600

7450

7500

7550

7600

7650

7700

7750

7800

>

❖ Actual • Predict

Marathon # 5 Aspect Ratio

Aspect Ratio
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7450

7500

7550

7600

8-
o

7650

7700

7750

7800

r

^ Actual Predict

Figure 6.10: Actual Vs Predicted values of Figure 6.11: Acnial Vs Predicted values of
Marathon # 5 Bulk Volume Water Marathon # 5 Aspect ratio.
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6.2.3 Saguaro #8

The Saguaro # 8 is located in Section 14 T 20S, R 24 E in the South Dagger

Draw. Caliper, MSFL, Nphi; were selected as input logs to train the network with 6-4(3-

6-4-1) architecture for Bulk Volume Oil of Saguaro #8, the training correlation was 0.73.

As we see from the plot Figure 6.12 the history matching of the Bulk VolumeOil is good

except for an interval of 1Oft which has minor fluctuations.

7700

Sagurao #8 BVO

BVO

50 100 150 200

O Actual •Predicted

Sagurao #8 Aspect Ratio

Aspect Ratio

0 1000 2000 3000 4000

7640

7660

7680

7700

7720

7740

7760

7780

7800

7820

1 —1—
1 A

OA

o

4

o

o
c

1
r i •

r

o

O Actual •Predict

Figure 6.12: Actual VsPredicted values of Figure 6.13: Actual Vs Predicted values of
Saguaro # 8 Bulk Volume Oil Saguaro # 8. Aspect ratio

In the same way the logs selected for predicting Bulk Volume Gas were Nphi,

Caliper, Dphi and when trained with 8-4(3-8-4-1) architecture the training was up to

70%, the predicted values are almost constant with slight fluctuations, but still didn't

51



match with the actual core values, between the intervals 7650fl to 7810ft (Figure 6.14).

The history matching wasn't good, nor was the training. For predicting the Bulk Volume

Waterand aspect ratio the following logs were selected; LLS,PEF,Nphi andLLD,MSFl

,Dphi. respectively. These when trained with6-4(3-6-4-1) architecture trainedto 50% and

80%.

As we see from the pseudo logs Figure 6.13 the aspect ratio predictions were

poor. Also, the predicted Bulk Volume Water value always remained constant between

the interval 7650ft-7810ft and has poor history matching (Figure 6.15). This is because of

the poor training correlation and these networks can no more be used for developing log

correlations.
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5 7720
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Figure 6.14: Actual Vs Predicted values of Figure 6.15: Actual Vs Predicted values of
Saguaro # 8 Bulk Volume Gas Saguaro # 8 BulkVolume Water.
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6.2.4 Barbara # 12

The Barbara #12 is located in Section 18 T 19 S, R 24 E of North Dagger Draw

Field. Caliper, PEF, Nphi; were selected as input logs to train the network for predicting

the Bulk Volume Oil of Barbara #1, the training correlation was 0.30, and as we see

from the pseudo log in Figure 6.16 the network predicted high Bulk Volume Oil values

which doesn't match with the actual values, this is the because of the poor training

correlation (30%).
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Figure 6.16: Actual VsPredicted values of Figure 6.17: Actual Vs Predicted values of
Barbara # 12 Bulk Volume Oil Barbara #12 Bulk Volume Gas.
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In the same way, the logs selected for predicting the Bulk Volume Gas and Water

are Nphi, LLS ,Dphi; and LLD, MSFL, Nphi respectively. The network when trained

with 4-2 (3-4-2-1) architecture, has 55% and 76% correlation respectively. As evident

from the pseudo logs Figure 6.17 the predicted Bulk Volume Gas values are always less

than the actual values, while the history matching for Bulk Volume Water matched well

with the actual values Figure 6.18. However still the network is not as well trained as

Dagger Draw #12. Therefore, this network was also eliminated .
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Figure 6.18: Actual VsPredicted values of Barbara # 12 Bulk Volume Water
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Since none of tlie pseudo logs had good history matching, this data cannot be used

to develop log correlations and all of them were eliminated.

6.2.5 Cooper #1

Cooper # 1 is located in Section 1 T 20S R 24 E of the South Dagger Draw field.

G-Ray, LLS, Dphi; were selected as input logs to train the network for predicting the

Bulk Volume Oil of Cooper #1, when trained with 4-2(3-4-2-1) architecture the

correlation coefficient was 0.85, Figure 6.19, there is an excellent history match between

the actual Bulk Volume Oil and the predicted values.
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Figure 6.19: Actual VsPredicted values of Figure 6.20: Actual Vs Predicted values of
Cooper# 1 Bulk Volume Oil Cooper#1 Bulk Volume Gas.
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This trained network can be used for developing log correlations, but has less data

point when compared to Dagger Draw #12.

In the same way the logs selected for predicting Bulk Volume Gas, were Nphi,

LLS ,G-Ray and when trained with 3-2(3-3-2-1) architecture ,the network was trained to

65%. As evident from the pseudo log in Figure 6.20, there is no good match between the

predicted Bulk Volume Gas values and the actual values, so this network was eliminated.

Nphi, LLS, G-Ray; were selected for training the network to predict the Bulk Volume

Water values, the correlation coefficient was 0.81 when trained with 6-4(3-6-4-1)

architecture. The history matching is good as evident from the pseudo log in Figure 6.21.

There is a probability that this network can be used for predicting the Bulk Volume

Water of the non-cored wells; however due to few core data points (55), this network

cannot be used to develop log correlations.
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Figure 6.21: Actual Vs Predicted values of Cooper # 1Bulk Volume Water
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6.2.6 Ocotillo #8:

The Ocotillo # 8 is located in Section 10 T 20 S, R 24 E of South Dagger Draw.

NPhi, LLS, Dphi were selected as input logs to train the network for predicting the Bulk

Volume Gas of Ocotillo # 8. The training correlation was 0.68 when trained with 6-4(3-6-

4-1) architecture. This well was a dry hole, it didn't produce any oil during its earlier

stages of production. So, there is no possibility of developing a network to predict the oil

rates. As we can see from the pseudo log Figure 6.22 the predicted values match better

with the actual values in the bottom of the interval than the top of the interval.
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Figure 6.22: Actual VsPredicted values of Figure 6.23: Actual VsPredicted values of
Ocotillo # 1 Bulk Volume Gas Ocotillo # 1 Bulk Volume Water.

57



In the same way the logs selected for predicting the Bulk Volume Water were

Caliper, PEF, Nphi; the correlation coefficient when trained with 6-4(3-6-4-1)

architecture was 60%. The predicted Bulk volume Water values were almost constant

except for the interval between 7705ft to 7715ft and never matched with the actual values

(Figure 6.23). So, this network was also eliminated because of poor training correlations.

As evident from all the pseudo logs developed, only Dagger Draw #12 has the

best training and history matching results. Saguaro # 8 also had good training and

predicted results for Bulk Volume Oil, Gas and Water, but the predicted values remain

less correlated with the actual values. So, the Dagger Draw #12 trained network was

selected to develop log correlations.

6.3 Predictions based on the trained Dagger Draw#12 network

A multivariate correlation was developed using three top ranked logs (caliper,

shallow resistivity and density porosity) as inputs to a neural network with the laboratory

values of Bulk Volume Oil from corresponding core data as the output. The goodness

(correlation coefficient was 90%) of the neural network training is shown in a log format

in Figures 6.4, 6.5, 6.6.

Cores from six wells are included in the database. The caliper, shallow resistivity

and density porosity logs from each well were used as input and the respective core

values of bulk volume oil were used as output.
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Over training was minimized by considering the weights-to-records ratio to be

always less than 0.5. This robust architecture was blind tested by predictingBulk Volume

Oil, Gas, Water and aspect ratio of the remaining five wells and log correlations were

developed. The predicted results of the remaining five wells when blind tested are

explained below.

6.3.1 Barbara#! Predictions using Dagger Draw #12 Trained Network

The logs used for predicting the Bulk Volume Oil, Water of Barbara #1 were

Caliper, LLS, Dphi; and for predicting the Bulk Volume Gas and Aspect Ratio are PEF,

LLS, Dphi and Caliper, G-ray, Dphi logs respectively which produced best training

results.

All these logs were selected irrespective of the fuzzy ranking procedure because

here we are trying to establish a log correlation between the Dagger Draw #12 and the

remaining five wells; therefore, the logs used will follow the same pattern as those used

for developing the Dagger Draw #12 trained network. However, these logs are the

individual logs of Barabara #l.When these logs are inputted and predicted for Bulk

volume Oil, Gas and Water using the Dagger Draw#12 trained network, the results

predicted were in good agreement to the actual core measurements Figures 6.24, 6.25,

6.26.

The architecture of this network always remains constant as we areusing a trained

network (Dagger Draw #12) topredict the results of all the remaining wells.
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Figure 6.24: Actual Vs Predicted values of Figure 6.25: Actual Vs Predicted values of
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Figure 6.26: Actual Vs Predicted values of Barbara # 12 Bulk Volume Water based
Dagger Draw #12 trained network
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As we can see from the three-pseudo logs that were developed, the Bulk Volume

Oil, Gas and Water values almost match with the core measurements.

6.3.2 Marathon #5 Predictions using Dagger Draw #12 Trained Network

To predict the Bulk Volumes Oil, Gas, Water, and aspect Ratio of Marathon #5

the Dagger Draw #12 log patterns were used since there exists good correlations

established between the logs and the core measurements. Caliper, LLS, Dphi; which

produced best training results for Dagger Draw #12 were used to predict the Bulk

Volume Oil, Water of Marathon #5. To predict the Bulk Volume Gas again the same log

patterns (PEF, LLS, Dphi) as used by Dagger Draw # 12 were used, and to predict the

aspect ratio values Caliper, G-Ray, Dphi were used.

7450

7500

7550

7600

7650

7700

7750

7800

Marathon # 5

BVO

50 100 150 200

^ Actual •Predicted

7450

7500

7550

7600

7650

7700

7750

7800

Marathon # 5

BVG

500 1000

•Predicted ^ Actual

1500

Figure 6.27: Actual VsPredicted values of Figure 6.28: Actual VsPredicted values of
Marathon # 5 BVO (DD #12 Network) Marathon # 5 BVG (DD#12 Network)
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As we can see from the pseudo logs, there was an excellent history match

between the predicted and the actual values Figures 6.27, 6.28, 6.29, 6.30. For the

intervals between 7550ft to 7700ft no core measurements were taken, nor the log data

was available.
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Figure 6.29: Actual Vs Predicted values of Figure 6.30: Actual Vs Predicted values of
Marathon # 12 Bulk Volume Oil based Marathon # 5 Aspect ratio based Dagger
Dagger Draw #12 trained network Draw #12trained network

6.3.3 Saguaro #8 Predictions usingDagger Draw #12 Trained Network

Using the same trained network ofDagger Draw #12, and following the same log

patterns the Bulk Volume Oil, Gas, Water and Aspect ratio of the Saguaro # 8 have been

predicted and results were compared to the actual core measurements.

62






















































































