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Abstract

The primary goal of this paper is to improve accuracy and reliability of the conventional Bow-
ers and Tau methods in a reservoir with complex lithology. We demonstrate the capability of
the proposed method through a case study in a reservoir in the Southwest of Iran. Velocity
based pore pressure prediction methods are widely accepted as a routine technique in the
petroleum industry. Despite recent improvements, still, literature suffer from inconsistencies
and uncertainties mostly arise from velocity anomalies due to complex lithostratigraphic set-
ting or presence of various formation fluids. Our proposed workflow aims to address those
issues and improve the accuracy of the estimations by clustering the input data into zones
with specific geomechanical characteristics. We hypothesis each major zones at the offset test
wells might have distinct ”Normal Compaction Trend” with a different empirical constants.
Thus, Bowers and Tau methods should be calibrated for each cluster rather the whole strati-
graphic column. The clustering task was done by statistical analyses of a suite of well logs
and validated with core derived lithologies. Several clustering techniques namely K-means,
basic sequential algorithmic scheme, single, and complete linkage hierarchical were applied
and compared to find the best algorithm. We found that the self-organizing map (SOM)
method provide the best results by maximizing lithology likelihood within each cluster and
improve the efficiency of the Bowers and Tau methods. Satisfactory results of this study
offer a safe ground for implementation of the proposed method in other sedimentary basins.
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1. Introduction

Pore pressure prediction is an active and longstanding research area in the Earth sci-
ence, and it has been the focus of the petroleum industry since the early days of exploration
and exploitation. Blowouts, kicks, borehole washouts, wellbore breakout and stuck pipe
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(Oughton et al., 2015) are just number of issues that may occur while encountering unex-
pected fluid pressure anomalies during drilling. To reduce the associated risks of drilling a
robust mud plan and casing design is required as a part of every drilling operation (Nguyen
et al., 2015; Wild et al., 2015). Today a reliable estimate of pore pressure before drilling is
not just a routine to increase safety and cost efficiency of the operation, but it also provides
an unparalleled source of information in the exploration phase. Pore pressure data can be
used to inform suitable production method, maximum hydrocarbon column in the reservoir,
integrity and sealing capacity of the caprock, and its economic threshold (Holm, 1998; Hao
et al., 2015; Guglielmi et al., 2015; Cranganu and Soleymani, 2015; Cranganu et al., 2014).

One of the remarkable early contributions in the estimation of pore pressure was made
by Hottmann et al. (1965). They documented that the porosity decrease as a function of
depth in sediments from the southern Louisiana gulf coast and by extension, applied their
observations to other sedimentary basins. They further state that any deviations from the
normal trend could be associated with abnormal pore pressure. Eaton et al. (1972) showed
the application of deep resistivity log data in shale sediments of the Gulf of Mexico as an
indicator of higher pore pressure. He also introduced an empirical equation to derive pore
pressure by demonstrating the relationship between effective stress and sonic-transit-time.
Bowers et al. (1995) proposed a power law relationship between compressional velocity
and effective stress by calculating the overburden stress and measured pore pressure at
well locations. Similarly, Giles et al. (1998) introduced a compound mudline and matrix-
transit-time variable (Tau) in a first-order effective stress-velocity power relationship. Later,
Boitnott et al. (2009) improved Bowers method by considering a normal compaction trend
that is asymptotic to matrix velocities and can provide a better representation of the physical
properties of the rocks. One should keep in mind that above methods are heavily reliant on
the relationship between porosity and pore pressure (Mannon and Young, 2017) which may
not be a valid assumption in case of complex lithology.

Generally, velocity based pore pressure prediction methods follow three routine proce-
dures: (1) acquiring, editing, and processing sonic logs or seismic velocity data; (2) cal-
ibrating velocity and effective stress, using a proper regression model at offset wells; (3)
calculating pore pressure at a new well location using the calibrated relationship (Wang
et al., 2015). Various authors reported a successful application of integrated velocity data
by incorporating various available velocity sources (e.g., sonic logs, seismic velocity) to es-
timate pore pressure (Riahi and Soleymani, 2011; Soleymani and Riahi, 2012; Liu et al.,
2018). However, generating a comprehensive velocity model compound of various type of
data is not straightforward. For instance, presence of a secondary phases (e.g., methane,
brine) introduce a major uncertainty and may lead to false interpretation of the velocity
data and inaccurate pore pressure estimation (Nour and AlBinHassan, 2013). Accurate cal-
ibration of Bowers or Tau relationships for a specific geological setting is an essential step in
velocity based pore pressure estimation (Sheng et al., 2017), and it can reduce the associated
uncertainties significantly.
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2. Geological framework

The studied oil field is located in the Southwest of Iran in Dezful embayment and follows
the northwest-southeast trend of Zagros. It consists of five major formations namely Agha-
jari, Mishan, Gachsaran, Asmari (productive reservoir), and Pabdeh. Investigating lateral
lithology variations and complex stratigraphy of the Asmari formation throughout the basin
is the focus of this study, and it is a major challenge for drilling companies. A comprehensive
study by Van Buchem et al. (2010) indicated that the OligoceneMiocene Asmari formation
mostly consists of shallow-water carbonate depositions and siliciclastics. While Sandstones
are deposited as sheets on top of the carbonate platform as lobes or bars along the margins
of the intrashelf basin or as turbidites in the basin center, the carbonates are mostly formed
in the platform margin and can be massive and grainy and form prograding clinoforms. The
reservoir also has a complex stratigraphic architecture, which consists of three Oligocene
and three Miocene sequences. ”Stratigraphic architecture of these sequences is primarily
controlled by glacio-eustatic sea-level fluctuations, which has determined the distribution
of carbonates, sandstones, and anhydrites” (Van Buchem et al., 2010). These different
rock types were formed in low- to high-energy homoclinal ramp environments (Kangazian
and Pasandideh, 2016). Major depositional environments include tidal-flat, lagoonal shoal,
semi-restricted and open-marine was formed along the foreland basin during the collision of
Arabian plate and Iranian micro-continent (figure 1). It appears that lithological heterogene-
ity, complex geometries, early and late diagenetic alterations have cause Asmari formation
to be considered a complex formation (Van Buchem et al., 2010). These changes reflect the
dynamics of platform progradation in the reservoir (Ehrenberg et al., 2007).

Overall the reservoir can be divided into eight zones and sixteen subzones based on
lithology and variations of porosity determined by neutron porosity, density, gamma ray
well logs, and cores. Petrographic analysis of core samples and lithofacies studies confirm the
periodic occurrence of limestone, dolomite, sandstone, and shale. The first member mostly
consists of carbonates, second, third, fourth, and the fifth are mostly consist of sandstones,
the sixth member consists of limestone, dolomite, and shale, the seventh member consists of
limestone, sandstone, and shale, while, the eighth member consists of limestone and shale
(figure 2). Anhydrite is mostly present in pore spaces of the fifth member while they could
also be observed in some sandstone and carbonate members. Consolidation of sandstones in
member two and three is generally better on the west side of the reservoir than its east side.
Shale interlayers are also present in sandstone members, especially in top and bottom of the
member three. Cross plot of Vp versus density and various members of the reservoir shows
strong positive correlation (figure 3). Also, each member were showed up as a relatively
distinct cluster in plots of P-wave velocity versus density.

3. Material and methods

The available dataset consists of post-stack 3D seismic with 2041 in-lines and 552 cross-
lines with the spatial resolution of 25 m in in-line and cross-line directions and temporal
resolution of 4 m sec. We also had access to processing information including stacking veloc-
ities, interpretation of major reflectors, seismic wavelet and acoustic impedance inversion.
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Figure 1: Van Buchem et al. (2010) described the chronostratigraphic scheme and sequence stratigraphic
organization, with relative hiatuses and interpreted sea-level curve. They also documented that ”the studied
interval is strongly influenced by the transition from a green-house climate to an ice-house climate which
occurred at the Eocene/Oligocene boundary, and which subsequently controlled sedimentation by high am-
plitude glacio-eustatic sea-level fluctuations (figure modified from Van Buchem et al., 2010).”

Well data was consist of the complete suite of well logs including density, electrode resistivity
devices (LLD, LLS, MSFL), gamma ray, neutron porosity, compressional velocity, photoelec-
tric absorption factor (PEF data was not available for all wells), and caliper measurements.
Downhole measurements including repetitive formation test (RFT), core measurements in-
cluding special core analysis (SCAL), and X-ray powder diffraction (XRD) were available at
few well locations (figure 2).

Petrographic data were obtained from X-ray powder diffraction (XRD) analysis of the
core samples and suit of available well logs. Final velocity, density, and porosity information
were upscaled in the respective cells of an integrated finite element geologic model that were
generated by using available seismic data and suit of well logs.

Five clustering techniques including, complete and single linkage hierarchical, K-means,
and basic sequential algorfithmic scheme were applied to well logs and core data to find
the best algorithm that can classify the reservoir column based on the present lithology.
Similar routine adopted previously by various workers mainly to reduce the uncertainties
associated with sharp lithology variations. Igbokwe (2011) clustered well logs to interpret
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Figure 2: Composite log of well logs, major zones and mineralogy observations along with 3D seismic data
and interpretation of the top of the Asmari formation. Various zones and sub-zones of the Asmari formation
were interpreted and shown on the well logs using probabilistic analysis and core measurements (A). 3D
view of the interpreted map of the top of Asmari formation along with the selected well locations (B). 2D
view of the top of the Asmari formation with the location of the selected wells (C).

stratigraphy of Canadian Peace River oil sand into homogeneous lithofacies intervals; Zhou
et al. (2017) predicted pore pressure by dividing the sonic log data into homogeneous sections
in Appalachia basin. Al Ibrahim et al. (2017) also utilized cluster analysis of well logs using
SOM and hierarchical clustering for multi-scale lithofacies analysis in carbonates of Hanifa
formation in Saudi Arabia.

We conclude that the self-organizing map (SOM) provides the best results by maximizing
lithology likelihood within each cluster and improves the efficiency of the Bowers and Tau
methods. The calibrated effective-stress velocity relationship for lithologically homogeneous
zones was used to calculate pore pressure.

5



2500 3000 3500 4000 4500 5000 5500 600
2000

2100

2200

2300

2400

2500

2600

2700

2800
Member 1
Member 2
Member 3
Member 4
Member 5
Member 6
Member 7
Member 8

D
en

si
ty

(k
g/

m
3 )

P-wave velocity (m/s)

Figure 3: Relatively distinct spread of various members (classified based on age and microfossil studie)
suggests the presence of distinct lithological units within the data. Also, note the strong positive correlation
between P-wave velocity and density with color-coded members at a selected well location.

4. Theory

4.1. Self-organizing maps clustering

The SOM clustering is a well-known unsupervised learning method in the family of artifi-
cial neural networks (Kohonen, 1998). Various workers document the geophysical application
of the SOM. As an early adopter Coléou et al. (2003) used it as a tool in seismic interpre-
tation and called it “an essential tools for unsupervised seismic analysis.” Similarly, other
scholars benefit from SOM method in the seismic-facies analysis (Saraswat and Sen, 2012)
and recognition of seismic patterns (Kourki and Riahi, 2014; Yang et al., 1991). Jouini
and Keskes (2017) utilized the SOM in characterizing mechanical properties of the reservoir
rocks. Sfidari et al. (2014) demonstrated that SOM could provide much better results for
lithofacies clustering than other clustering methods.

A notable advantage of this method is preserving the topology of high dimensional space
by mapping the initial data set into a two-dimensional space with the rectangular or hexago-
nal structure of weighted neurons (Kohonen and Somervuo, 2002). During the first iterations,
weights are either allocated to neurons randomly, or through sampling the generated prin-
cipal component eigenvectors of the subspace. Then, the Euclidean distance between the
provided input and the weight vectors are measured, and the nearest neuron will be selected.
The selected neuron and other neurons in its neighborhood will alter to become as similar
as the input vector. Through multiple iterations, the weights of the neurons converge as the
neighborhood of the best matching unit (BMU) shrinks (Ciampi and Lechevallier, 2000).
The robustness of SOM clustering method could be associated with its characterized non-
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linear projection from the higher dimensional space of inputs to a low dimensional grid,
which facilitates the discovery of hidden patterns in the input data (Kohonen and Honkela,
2007; Moghimidarzi et al., 2016). The SOM proved to be able to handle large noisy datasets
effectively (Shahreza et al., 2011; Oyana et al., 2012), and it has been applied successfully
in complex structures (Tasdemir and Merényi, 2009).

4.2. Modified basic sequential algorithmic scheme

In the modified basic sequential algorithmic scheme (M-BSAS), each cluster is represented
by mean of the assigned vector (Ahmadi and Berangi, 2008). The algorithm calculates the
distance between each data point and the cluster centroid. While the maximum number of
clusters has not been reached and if the distance was larger than a pre-defined threshold of
dissimilarity, a new cluster will be formed, and the data point will be assigned to the nearest
cluster (Theodoridis et al., 2010). Note that the method is heavily dependent on the order
of presenting data and user-defined threshold. The mean vector for clusters will be updated
as:

mnew
Ck

=
(nnew

Ck
− 1)mold

Ck
+ x

mnew
Ck

1

where x is the value of the new data, Ck is cluster center, and nnew
Ck

is the cardinality of
Ck after x assignment. The algorithm consists of two phases; firstly, some of the data are
presented to determine the maximum number of clusters. Secondly, the unassigned data are
allocated to their appropriate clusters (Kainulainen and Kainulainen, 2002). Sarparandeh
and Hezarkhani (2016) implemented this method for delineating lithology and exploring rare
elements. Jin (1994) also implemented BSAS for two-dimensional subsidence analysis.

4.3. K-means

This algorithm uses k pre-defined number of clusters from a set of n, d-dimensional data
points with the objective of minimizing the Euclidean distance between cluster centers and
data points (Hong et al., 2017). The underlying algorithm works by allocating each data
point to the nearest cluster, then introduces new centers for each cluster. Mathematically
we can write this as:

S
(t)
i =

{
xp : ‖xp −m(t)

i ‖2 ≤ ‖xp −m
(t)
j ‖2 ∀j, 1 ≤ j ≤ k

}
2

where xp is the value of the new data, m
(t)
i and m

(t)
j are the center of the clusters and defined

as:

mt+1
i =

1

|St
i |

∑
xjS

(t)
i

xj 3

where Si is the number of data.
These iterations continue until centroids no longer change (Reddy et al., 2012). Di Giuseppe

et al. (2014), successfully utilized k-means algorithm to distinguish geological structures with
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different rheologies. Wohlberg et al. (2006) also showed that k-means is a robust tool for
delineating geological features.

4.4. Single linkage and complete linkage hierarchy

These methods belong to a distinctive type of hierarchical clustering called agglomera-
tive. In this method, each data point is considered as a cluster (Fouedjio, 2016). In each
iteration, the distance between the two clusters is calculated, and the two clusters with the
nearest distance merge. This process continues until the pre-defined number of clusters are
obtained (Carlsson et al., 2017). Another notable technique of this family is the complete
linkage method which is different from single linkage in calculating the distance. While in
single linkage method the two clusters with the closest members have the smallest distance
(equation 4), in complete linkage method, the largest dissimilarity between two identical
features of two data points is calculated (equation 5) (Fouedjio, 2016). Mathematically we
can define:

dsingle(G,H) = min dij, i ∈ G, j ∈ H 4

dcomplete(G,H) = max dij, i ∈ G, j ∈ H 5

where di,j is the distance between elements i ∈ G and j ∈ Y , and G and H are two sets of
elements (i.e., clusters).

4.5. Pore pressure prediction

Bowers et al.(1995) proposed, a drop in sonic velocity without decreasing the bulk density
might be an indicator of unloading, and this phenomenon might be a direct result of fluid
expansion. They also derived the effective stress from measured pore pressure data and
calculate overburden stress based on sonic interval velocities from well log data in the Gulf
of Mexico. They further showed that the sonic velocity and effective stress have following
power law relationship:

Vp = V0 + AσB
eff 6

where Vp is compressional velocity at a given depth, V0 is compressional velocity in mudline
or unconsolidated saturated surface sediments, A and B are empirical constants calibrated
with offset velocity versus effective stress data (Chopra and Huffman, 2006). Considering
equation 6, pore pressure could be calculated using the equation below (Terzaghi, 1925):

Pp = σo − σe 7

where σo is overburden stress and σe is effective stress. (Giles et al., 1998) introduced new
parameter τ and linked the velocity to effective stress via empirical constants as:

σe = AτB 8

where A and B are the fitting constants and can be calculated from equation 9:
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τ =
C −∆t

∆t−D
9

where ∆t is the compressional transit time, acquired from a sonic well log or seismic
velocities. C is the constant related to the mudline transit time and D is constant related to
matrix transit time. To use this method, one must calculate the matrix and mud-line transit
times and obtain empirical constants (A and B). Mud-line transit time can also express as
the transit time in saturated unconsolidated sediments in the surface (Zhang, 2011; Ugwu,
2015).

5. Enhanced pore pressure prediction

Variation of rock velocities because of lithology, porosity, gas presence, and fluid content
can distort the results of conventional Bowers and Tau methods. Therefore, interpretation
of any derived parameters based on velocity data requires a detailed understanding of the
present lithology and fluid content. In the studied reservoir, the interplay of diverse lithos-
tratigraphic units is the major complication in using conventional protocols. We demonstrate
the poor performance of the conventional Bowers and Tau method in the studied reservoir
and provide an alternative solution to increase the accuracy of the estimations.

5.1. Conventional Bowers and Tau methods

We calibrate the Bowers relationship (equation 6) in offset wells via regression analysis
of the calculated effective stress at depths with available P-wave velocity (figure 4A). The
results of the regression analysis of the effective stress data versus velocity confirm that the
Bowers calibration is not statistically significant. Thus, calculating pore pressure based on
the derived relationship will result in introducing a major uncertainty. Alternatively, we
applied Tau method (equation 8) on the same dataset, and we concluded that the regression
results were also not statistically significant (figure 4B). We associate this weak correlation
with sharp lithology transitions in relatively small intervals which can severely reduce the
accuracy of the conventional velocity based methods and lead to false interpretation.

5.2. Enhanced pore pressure prediction

To reduce the uncertainties associated with the effect of transient lithology on velocity,
we derived various major lithological units in the reservoir column using multiple statistical
clustering methods and applied the Tau, and Bowers methods on derived units individually.
The advantage of multivariable clustering methods is providing a comprehensive basis to
classify multi-dimensional dataset (e.g., well logs, core data, seismic). Five clustering meth-
ods namely; complete linkage hierarchical, K-means, basic sequential algorithmic scheme,
and single linkage hierarchical were applied on well logs (i.e., density, gamma ray, neutron
porosity and sonic) and the accuracy of recognizing different lithologies were analyzed by
comparing the results with data obtained from cores. A metric that we used to compare
the performance of the various clustering methods was their ability to recognize indepen-
dent effective-stress velocity trends (i.e., R-squared of the regression trend). The summary
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Figure 4: Effective stress vs. velocity for available well data. Bowers (A) and Tau (B) method does not
provide a suitable fit, and the regression is not statistically representative of the data.

of the optimum cluster number and overall performance for different clustering algorithms
is provided in table 1. Although each cluster can be associated with a particular lithology,
however, interpretation of well logs suggest each unit comprised of the specific lithology along
with the small percentage of other units. We interpret these units as a thin layer within the
major members (see section 2).

Algorithm Performance ranking Optimum clusters

SOM 1 5
K-means 2 7
M-BSAS 3 6

complete linkage hierarchical 4 3
single linkage hierarchical 5 4

Table 1: performance ranking for different clustering methods based on their capability to delineate litho-
logical units and their respective optimum number of clusters.

Analysis of various clustering methods indicates that SOM provides better results in
terms of delineating various lithologies compare to other previously mentioned techniques.
To implement the SOM clustering algorithm and calibrate Bowers and Tau methods, we ran
the clustering analysis on all available wells. The SOM algorithm was trained with weight
and bias learning rules, and the mean-squared-error calculated as a metric to measure the
reliability of training. Sensitivity analysis was carried out to determine the optimum number
of nodes and iterations (figure 5). Figure 5A shows the quantization error decreases remark-
ably with increasing number of nodes. Similarly, the topological error decreases slightly and
stabilize by increasing number of nodes. Figure 5B demonstrates the changes in topological
and quantization error as a function of iteration. This figure also shows the quantization
error decreases significantly with the number of iteration (especially within the first 400
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iterations) while topological error decreases marginally. We also generated the neighbor
weight distance map to obtain the optimum number of clusters. To validate the results,
core samples with XRD measurements were selected, and compared with the correspondent
lithologies derived from a cluster at the same depth. The selected cluster and the respective
lithology information used to validate other clusters in available wells. Table 2 summarize
the dominant lithology in each cluster.
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Figure 5: Quantization error and topological error variation versus number of units (A) and number of
iterations (B).

Cluster # Lithology type

1 Shale
2 Dolomite and Limestone
3 Shale and Shaly Limestone
4 Sandstone
5 Shaly Sandstone

Table 2: SOM clusters and their respective lithologies.

To calculate pore pressure with respect to new clusters, effective-stress versus velocity
graphs were created for each cluster. However, due to lack of RFT data in cluster three and
five, power regression fit was applied only to cluster one, two and four. We also observed
relatively high velocities in cluster one along with high electrical resistivity and low porosity
(figure 6). Base on these observations we conclude these shale units are highly siliceous with
low clay content (less than 45% based on a gamma-ray log) (Nelson, 2010).

Figure 7 shows regression results for cluster one, two and four. To obtain a continuous
prediction model within the reservoir, effective-stress versus velocity equation of cluster three
and five were obtained from other clusters with similar lithology. Effective stress versus
velocity trends and similarity analysis of the well logs in different clusters show that the
cluster five is relatively similar to cluster two and cluster three is relatively similar to cluster
four. Figure 9A demonstrates the final pore pressure estimation for all clusters (red curve)
along with measured RFT.
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Figure 6: Cluster one shows notably low porosity and high resistivity compared to other clusters. The
porosity and resistivity characteristics of the cluster one could be an indicator of high amounts of silica
minerals in the overall mineralogy of the unit.

22 23 24 25 26 27 28 29 30 31
0

500

1000

1500

2000

2500

3000

3500

4000

95% confidence interval

y=0.72x0.2.57

R2=0.69
95% Confidence Band
95% Prediction Band

P
w

av
e

ve
lo

ci
ty

(m
/s

)

Effective Stress vs. P Wave velocity (cluster # 1)

A
22 23 24 25 26 27 28 29 30 31

0

500

1000

1500

2000

2500

3000

3500

4000
y=331.04x0.49

R2=0.37
95% Confidence Band
95% Prediction Band

P
w

av
e

ve
lo

ci
ty

(m
/s

)

Effective stress (MPa)

P Wave velocity vs. Effective Stress (cluster # 2)

B

95% confidence interval

Effective stress (MPa)
22 23 24 25 26 27 28 29 30 31

0

500

1000

1500

2000

2500

3000

3500

4000
y=0.247x2.63

R2=0.64
95% Confidence Band
95% Prediction Band

P
w

av
e

ve
lo

ci
ty

(m
/s

)

P Wave velocity vs. Effective Stress (cluster # 4)

C

95% confidence interval

Effective stress (MPa)

Figure 7: Regression analysis for effective stress versus Vp − V0(V0 ≈ 1720 m s−1) for cluster one (A), two
(B), and four (C).

Tau method was also applied to the same clusters, and the regression results are shown
in figure 8A, B, and C for clusters two and four respectively. Estimated pore pressure at a
test well is also shown in figure 9B.

Apart from the lithology variations, another source of uncertainties that can affect the
final pore pressure estimation is limited data in the formations above the reservoir, and incor-
rect well log values in the reservoir. The goodness of Bowers and Tau calibration regressions
(R-squared) in the modified method (figure 7 and 8) suggest a significant improvement in
cluster one (mostly shale) and four (mostly sandstone), while it failed to deliver the same
results in cluster two (dolomite and limestone). These observations are in agreement with
the principal assumption of the Bowers and Tau methods, indicating these techniques are
most reliable in shale and sandstone (with lower degree of certainty compared to shales),
but they do not produce reliable results in carbonate settings.
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Figure 8: Regression analysis for Tau versus effective stress for cluster one (A), two (B), and four (C).
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Figure 9: Pore pressure prediction based on Tau, and Bowers method along with the RFT measurements at a
selected well location. (A) Modified Bowers produced a relatively accurate predictions while extremely poor
calibration of the Bowers made the estimation unreliable. (B) Comparing the conventional and modified
Tau method show that the later improved the accuracy of the estimation.

Overall, comparing the conventional methods with proposed procedure shows significant
improvement in pore pressure estimations. Table 3 summarized the quantitative comparison
(MAPE and MSE) between conventional and proposed Tau methods.

6. Conclusions

Interpretation of the estimated pore pressure using velocity based methods (i.e., Eaton
and Bowers methods) is not straightforward and require a clear understanding of the lithology
and geomechanical state of the reservoir. Also, inaccurate calibration of the effective stress
versus velocity especially, in a reservoir with complex lithology will introduce significant
uncertainty in the final estimation. In this research we showed each major zones at the offset
test wells have distinct ”Normal Compaction Trend” with a different empirical constants.
Also, the SOM clustering algorithm is a suitable algorithm for lithofacies classification of the
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Method MAPE % MSE

Conventional Bowers 105 146
Bowers with proposed modifications 15.5 0.76

Conventional Tau 4 21761
Tau with proposed modifications 1 1840

Table 3: Comparing Tau methods with the results of the SOM improved estimations. Mean absolute
percentage error and mean square error used as a measure of the accuracy of the predictions.

log data. We conclude that in case of complex lithology the accuracy of the conventional
Bowers and Tau methods can be improved by accurate calibration of the empirical equations
for major lithostratigraphic units, leading to a reliable final pore pressure estimation.
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