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Abstract

Shear wave travel time logs are major acoustic logs used for direct estimation of the mechanical
properties of rocks. They are also important for prediction of critical drawdown pressure of the
reservoir. However, core samples are sometimes not available for direct laboratory
measurements, and the time-consuming dipole shear imager tool is generally not used. Hence,
there is a need for simple indirect techniques that can be used reliably. In this study, cross-plots
between the available measured shear travel time and compressional travel time from three oil
wells were used, and three artificial intelligence tools (fuzzy logic, multiple linear regression
and neural networks) were applied to predict the shear travel time of Facha member (Gir
Formation, Lower Eocene) in Sirte Basin, Libya. The predicted times were compared to those
obtained by the equation of Brocher. The basic wireline data (gamma ray, neutron porosity,
bulk density and compression travel time) of five oil wells were used. Based on principle
component analysis, two wireline data sets were chosen to build intelligent models for the
prediction of shear travel time. Limestone, dolomite, dolomitic limestone and anhydrite are the
main lithofacies in the Facha member, with an average thickness of about 66 m. The simple
equation gave 87% goodness of fit, which is considered comparable to the measured shear
travel time logs. The Brocher equation yielded adequate results, of which the most accurate was
for the Facha member in the eastern part of the Sirte basin. On the other hand, the three
intelligent tools’ predictions of shear travel time conformed with the measured log, except in
the eastern area of the basin.
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1. Introduction

The dipole shear imaging logging tool measures both compressional (ATc = 1/Vp) and shear
(ATs = 1/Vs) travel time waves to estimate the mechanical properties of rocks (Liu, 2017,
Bateman, 2012). However, when ATs is not measured (i.e., in old wells) or cannot be measured
(i.e., in soft formations or poor cement jobs), synthetic shear travel times are computed using
other petrophysical data. Therefore, many empirical relations for estimating shear velocity (Vs)
from compressional velocity (Vp) have been published, but most of them are established for
clastic rocks, carbonate rocks and coal. For example, the Greenberg & Castagna ,(1992) relation
is easily applied and commonly used, but it is unsuitable for anhydrite rock, such as at the site
described in the current study.
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Therefore, methods based on rock physics are being developed. Miraj et al., (2021) used
seismic line and wireline log data to define the structural features and hydrocarbon potential of
rock. Also, Tao et al., 2020 applied high-density resistivity and shallow seismic reflection
methods in a mine in Shandong, China to define the cause of subsidence. Different techniques
were applied on a reduced-to-magnetic equator (RTE) anomaly map to define geologic features
and their geometry, which included solid minerals emplacement in the Igbeti-Moro area of
southwestern Nigeria (Olasunkanmi et al., 2020). Singh & Kanli, (2015) applied a back-
propagation artificial Neural Network (ANN) based on neutron porosity, density, true
resistivity, compressional wave velocity and gamma ray logs as input data. They demonstrated
good correlation between shear velocity estimated by the ANN and an empirical equation. In
another context, Amiri et al., (2018) used NN to predict precipitation in two provinces in Iran.

Furthermore, Khamehchi et al., (2014) estimated critical total drawdown as an index of
sand production onset from the data of 23 problematic wells in the North Adriatic Sea. The
authors started with simple linear regression, MLR and genetic algorithm evolved MLR to
estimate critical total drawdown. They then developed two ANN with back propagation and
particle swarm optimization algorithms. The study demonstrated the performance and accuracy
of the artificial neural networks in predicting sanding onset. Also, well logging data at the BD
Madura gas field were used to calculate drilling geological and mechanical parameters. The
results were used to estimate drilling risk probability distributions as a function of pore pressure
and equivalent circulation fluid density (ECD) as uncertainty analysis (Guan ef al., 2018).

Carbonate rocks are common reservoir rocks in the western part of Sirte Basin (Zallah
Trough), and petrophysics studies generally focus on reservoir evaluation. However, most
exploration wells do not have ATs logs and lack some of the basic wireline data such as neutron
porosity and litho-density logs. Therefore, prediction of ATs of the Facha reservoir requires the
development of a geomechanical model in order to minimize drilling problems and instability
in newly developed wells. Loss of circulation was recognized in two wells located in Dahab
and Ghani oil fields in the lower part of the Facha member, and was attributed to a change of
rock type from porous dolomite to limestone. Different intelligent tools can be used to predict
ATs in carbonate lithofacies, and these predictions can be compared with both simple cross-
plot regression and the results of the Brocher, (2005) equation. Here, the intelligent tools, the
Brocher equation and the simple cross-plots of measured travel times were applied to data from
five oil wells in the Ghani oil field, El Nagah field, Mabrouk area, and Sarir trough in Libya to
find a suitable prediction tool for generating synthetic ATs logs.

2. Geological background

The Sirte Basin is one of the main hydrocarbon provinces of Libya with clastic (pre-Tertiary)
and carbonate (Tertiary) reservoirs. Platforms and troughs are the main structural features of
the basin in the northwest to southeast trend (figure. 1).

The structural setting of this basin was postulated based on continental rifting
(extensional) related to evidence of Cretaceous—Tertiary events (Hallett & El Ghoul, 1996;
Gras, 1996; Guiraud, 1998; Tawadros, 2001; Ahlbrandt, 2001). Abdunaser & McCaffrey,
(2014) interpreted the structural configuration of Sirte basin as related to the African plate
motion. Accordingly, Sirte Arm, Tibesti Arm and Sarir Arm are the three main rifting arms
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formed in early Cretaceous and early Tertiary (Harding, 1984; Gras & Thusu, 1998; Ambrose,
2000).
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Fig. 1. Study area and wells location

Three troughs (Dur al Abd, Zallah and Abu Tumayam) have a northwest-southeast
direction in the western part of the Sirte Basin. These troughs are asymmetric from the north to
the south trend, with the northeast tilting towards Ajdabiya (Hallett & Lowes, 2017). The
formations of Gir, Beda, Dahra, Zelten and Farrud are the major reservoir rocks in the western
Sirte Basin. The Gir Formation of Lower Eocene (Mijalkovice, 1977; Banerjee, 1980) has a
thickness of about 610 meters (Barr & Weeger, 1972). Also, Facha member, Hon Evaporite
member and Mesdar Limestone member are parts of the Gir Formation with different lithofacies
(figure 2).
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Fig. 2. Generalized stratigraphic section of the Gir Formation.

The variety of lithofacies is due to three depositional environments: deep marine outer
shelf, shallow marine inner shelf and restricted shelf. The restricted condition, which includes
lagoon, tidal flats, sabkhas, bays, ponds and subbasins (Abugares, 1996), is prevalent in the
Zallah trough. Therefore, the rock types of the Facha member are limestone, dolomite,
dolomitic limestone and anhydrite, with the dolomite being predominant. Lashhab & West,
(1996) and Elag , (1996) demonstrated an early and late diagenetic dolomitization phases and
classified the dolomite into microsparitic crystalline, fine-to-medium crystalline, and coarse-
grained dolomite.
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3. Methodology for predicting ATs

The major basic wireline data recorded in wells 5, 6, 8, 9 and 10 are GR, ATc, ATs, @On, pb,
photoelectrical factor (PEF), caliper (CAL), and electrical resistivity (induction, laterolog or
array). Figure 3 illustrates the workflow for the processing track of these data to define a
suitable prediction model for the shear travel time of the Facha member.
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Fig. 3. Workflow of a process for shear travel time prediction

Data from wells 5, 6 and 8 were used to construct simple or direct cross-plots between
measured interval travel times, and models were built by using intelligent tools. Wells 10 and
9 were used for models validation. The On, pb and PEF logs were used to discriminate the
Facha lithofacies by cross-plots of pb—On and pb—PEF. Data of the measured shear and
compressional interval travel time (DSI logs) of wells 5, 6 and 8 were used to construct simple
cross-plots of the Facha member.

Interactive Petrophysics (version 4.2) was used for principal component analysis (PCA),
FL, MLR and NN tools to construct the best model for ATs prediction. Different sets of basic
measured wireline data (GR, ATc, @n and pb) were used as input. Equation 1 (Brocher, 2005),
which is dependent on log (Vp = 1/ATc), was used for different lithologies with primary
velocities (Vp) between 1.5 km/sec and 8.5 km/s (Maleki et al., 2014).

Vs = 0.7858-1.2344V, + 0.7949 V3 - 0.1238 V3 + 0.006 V5 (1)

where Vp = sonic velocity (compressional velocity = 1/ATc, km/s), Vs = sonic velocity (shear
velocity = 1/ ATs, km/s), ATs = shear travel time (usec/ft), and ATc = compressional travel
time (usec/ft).

The PCA is used to reduce multidimensional data sets to lower dimensions for analysis.
The PCA curves can be used for multi-well tops correlation and regression analysis. The FL
curve prediction module uses FL as described by Cuddy, (1997), which allows the prediction
of a result curve from a number of input curves. In fuzzy estimation, the number of bins was
set to 10 for training divided data. Thus, the two statistics parameters p and ¢ are calculated of
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each data bin and used to compute the FL average probability. Whereas the MLR allows the
prediction of a result curve from a number of input curves, the least squares regression routine
is intended to find the best fit to the input data.

The same well-logging input data of the PCA, FL and MLR were used in the NN tool
with one input layer, one hidden layer and one output layer. The trial zones were selected in
front of input data curves at different depths of the Facha member. Training passes, epoch per
pass and cross-validation percentage are three training settings of the NN technique. The
training passes specify how many times the NN will be trained each time, and in this case, it
was 3. The epoch per pass shows how many times the training data will be taken, and in this
case, it was 100. The cross-validation percentage of the input data defines how much of the
training data cross-check to process, and this was 5%. Epochs trained, the epoch of best cost
and raw sensitivity are four outputs of the training settings. Therefore, after training the tool
many times, it was used to build the NN model.

4. Results and discussion

Figure 4 shows a plot of bulk density (pb) versus neutron porosity (Jn) in four wells, illustrating
the average matrix density (pma) lines of different lithology; Sandstone = 2.65 g/cm’,
Limestone = 2.71 g/cm?, Dolomite = 2.87 g/cm?® and Anhydrite = 2.98 g/cm?®. Most of the
plotting points fall between the average matrix density lines of limestone rock (2.71 g/cm?) and
anhydrite rock (2.98 g/cm?). The shifting of the plotted points of wells 5, 6 and 8 from the
dolomite line towards the anhydrite line is attributed to the existence of the anhydrite as a
cement material, while the plotting points of well 9 fall on the average matrix density of the
dolomite line with high values of neutron porosity (¥n). The cluster points in the lower part of
the plot close to zero neutron porosity and less than 2.8 g/cm® of bulk density demonstrate
anhydrite lithofacies. Also, anhydrite strips are clearly present within the Facha member at
different depths: 3990, 4215 and 4240 ft in well 8 (figure 6). It worth mentioning that well 10
was excluded because no neutron and litho-density logs are available. Therefore, dolomite is
the most common rock type in the Facha member, along with limestone, dolomitic limestone
and anhydrite.

Fig. 4. Cross-plot of bulk density (pp) versus neutron porosity (Jn)
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The PCA on models run with the first input data set (GR, ATc, On and pb) of wells 5, 6
and 8 has a variability of 64.7%, 23.2%, 7.9% and 4.2%, respectively. PCA of the second input
set has a variability of 58.6% and 41.3 % for GR and ATc, respectively. These two sets of basic
well logging data were used to build an intelligent model of ATs. The second set of logs enabled
the prediction of synthetic ATs for wells that had no basic wireline logs, such as well 10, which
has neither a @n nor a pb log. Wells 9 and 10 were used to validate different ATs models.
Figure 5 shows a simple plot between measured ATs and ATc for wells 5, 6 and 8 using 787
data points. A simple regression equation was generated (Equation 2, R? = 0.87). The model
built on MLR used 787 data points from the first and second input data sets from the same
wells, and Equations 3 and 4 were extracted with a regression coefficient R> = 0.91 and 0.89,

respectively.
ATs=3.32 + (1.6 * ATc) (2)
ATs =122.7 - (0.3* GR) + (1.3 * ATc) — (26.7 * On) — (33.6 * pb) 3)
ATs =14.9 - (0.3 * GR) + (1.5 * ATc) 4)
200 |
¥ =1.5667x + 3.3152
R: = 0.8702
< 160
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7 * Well 5
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Compressional travel time (ATc, usec/ft)
Fig. 5. Plot of log data of measured ATs and ATc

One stage of training was performed on the NN tool, with the epoch of best cost equal
to 65 as the second and third training passes did not improve the first pass. Also, the minimum
error of the best cost was equal to 1.4E-314, where a lower value is better.

MLR, NN, simple plot and the Brocher (2005) equation (Equation 1) yielded ATs values
that generally agreed with the measured values. In wells 5 and 6, ATs values derived from the
simple cross-plot equation were higher than the measured values in porous dolomite lithofacies.
On the other hand, in wells 8, 9 and 10 it was less than the measured log in dolomitic limestone
and anhydrite lithofacies. In less porous dolomite lithofacies, ATs calculated from simple plots
was similar to the measured values (figures 6 and 7). Well 9 is located at the Sarir Trough
(southern shelf), and the depositional environment is the shallow carbonate-inner shelf in the
Eocene time (Hallett & Lowes, 2017). However, in this well, the simple plot and intelligent



Bahia M. Ben Ghawar, Moncef Zairi, Samir Bouaziz

models yielded lower estimations of ATs, whereas the Brocher (2005) equation yielded the
most accurate estimate (figure 8).

Figure 9 compares the ATs of well 10 showing clear agreement between the predicted
and measured values, except below the depth of 3430 feet due to the increase of GR. The NN
tool gave the best prediction of ATs in this well throughout the Facha member.
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Fig. 6. Measured and predicted ATs and basic wireline data of well 5
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Fig. 7. Measured and predicted ATs and basic wireline data of well 6.
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Fig. 9. Measured and predicted ATs of well 10, GR and PEF
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The statistical analysis tools, IHS Kingdom and IBM SPSS Statistics 20, were applied by Ehsan
et al., (2018) to well logs and seismic data to classify reservoir and source rocks depth at Sindh
province in the Southern Lower Indus Basin of Pakistan. Hence, the Table 1 summarizes the
statistical of error measurements and performance of the models. It includes the average
difference between measured and predicted values of ATs (ATsM — ATsP), standard error (SE),
and goodness of fit (R?). The differences between the measured and predicted values of ATs
for the first and second input data sets were 5-15 psec/ft and 4-17 usec/ft, respectively. The SE
of the predicted shear travel time, calculated by using Equation 5, reached up to 19 usec/ft.

SE = /(ATSA;Il—_AZTsP)Z (5)

ATsM: measured shear travel time (usec/ft); ATsP: shear travel time (usec/ft) predicted by the
different techniques; n = number of data points; SE: standard error.

The Correlation between ATsM and ATsP for the first input data set for wells 6 and 9
are shown in figure 10. The assessment of the intelligent tools in predicting shear travel time in
the Zallah and Sarir Troughs were with the R? equal to 0.9 and 0.6, respectively. On the other
hand, cross-plots and the Brocher equation were more suitable for the Facha member at
different locations in the Sirte Basin, with 90% goodness of fit. The lower R? in well 9 could be
attributed to dolomitic limestone lithofacies and higher shale content. Similar results have been
reported by Akhundi ef al., 2014, who applied artificial NN, the Castagna empirical equation
and MLR to estimate ATs. They found that ATs prediction by the ANN was acceptable in
relation to the measured values. Also, the MLR yielded predictions with 92% fit, but it cannot
be used for generalization across different lithologies. However, the Castagna empirical
equation had a correlation coefficient (R?) of 0.72 and was considered acceptable for use in
wells with incomplete well logging data.
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5. Conclusions

In general, prediction of ATs on the basis of GR, ATc, @n, and pb is important in old wells or
wells with borehole problems, such as collapse or caving. Predicted ATs is useful for
understanding the mechanical behavior of rocks and helpful in dealing with well instability.
However, though this approach is applicable to clastic and carbonate rocks, it is not applicable
to situations where limestone, dolomite, dolomitic limestone and anhydrite are present, and the
use of any empirical equation could be ruled out.

Table 1. Goodness of fit, average difference and standard error of the input data set

15t PCA input 28 PCA input
Well Model data data
R? Difference SE R2 Difference SE

5 Fuzzy logic 0.83 7.1 10.66  0.89 4.1 5.6
Multiple linear regression 0.86 4.6 6.25 0.88 4.9 6.3
Neural Network 0.85 5.4 7.58 0.86 6.8 8.7
Simple cross plot 0.89 14.1 17.70 - - -
Brocher (2005) equation 0.88 13.4 18.40 - - -

6 Fuzzy logic 0.91 4.7 8.06 0.93 4.7 6.2
Multiple linear regression 0.90 5.8 9.00 0.93 52 6.6
Neural Network 0.92 4.9 8.20 0.92 12.2 13.8
Simple cross plot 0.91 4.9 8.30 - - -
Brocher (2005) equation 0.96 6.5 8.56 - - -

8 Fuzzy logic 0.92 6.9 9.05 0.93 7.7 8.9
Multiple linear regression 0.89 6.9 8.99 0.94 7.5 8.7
Neural Network 0.93 8.6 12.2 0.95 4.8 6.7
Simple cross plot 0.89 11.0 16.3 - - -
Brocher (2005) equation 0.89 11.9 19.2 - - -

9 Fuzzy logic 0.44 36.2 3854 045 36.9 394
Multiple linear regression 0.58 30.7 32.68 0.58 32.7 34.8
Neural Network 0.43 44.2 46.38  0.55 263 28.8
Simple cross plot 0.60 31.0 33.00 - - -
Brocher (2005) equation 0.60 12.3 15.29 - - -

10 Fuzzy logic - - - 0.88 16.6 17.7
Multiple linear regression - - - 0.89 15.4 16.3
Neural Network - - - 0.85 4.1 54
Simple cross plot 0.92 15.4 16.4 - - -

Brocher (2005) equation 0.91 10.5 11.5 - - -

1"
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The measured basic wireline data were used as input data to predict ATs by using intelligent
tools. These tools predicted ATs with a good of fit (about 90%). In addition, simple cross-plots
of measured versus predicted ATs in the wells show that ATs is overestimated at dolomite
lithofacies due to increasing neutron porosity. Both the simple plots and MLR models show
estimated values of ATs lower than measured values in the dolomitic limestone and limestone
lithofacies. The Brocher, (2005) equation results fit well with the measured ATs at dolomite
and dolomitic limestone lithofacies, but the predicted ATs were shorter than the measured time
due to the reduced porosity and the changes to the limestone lithofacies. For the anhydrite
lithofacies, the intelligent tools and the Brocher equation yielded predictions of ATs equivalent
to the measured values, but the simple plot equation provided less accurate predictions.
According to that, the simple cross-plot and the Brocher equation could be used for the dolomite
and dolomitic limestone lithofacies in the Facha member, particularly if no intelligent tools are
available. MLR yielded results closer to the measured shear travel time than the NN results in
dolomite lithofacies, but NN is more suitable for dolomitic limestone. Generally, the second
PCA input data set gave better results than the first PCA input data set for the ATs estimated
by the intelligent tools.
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