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Abstract

Petrophysical analysis and advanced attributes of machine learning are used to evaluate exploratory
wells, B-41 and L-30 of Penobscot Basin, Nova Scotia, Canada. The main objective of this paper is
to evaluate the petroleum system and the prospects and leads. Well B-41 and L-30 reached their TD
at 3483m and 4360m respectively, both wells were declared dry and plugged abandoned. The petro-
physical studies include Bulk density and neutron porosity cross plots, in both wells, neutron and
porosity cross plots show the almost linear trend of values, showing clay and sand lithology. Porosity
values of B-41 and L-30 are 8-10% and 10-12%, respectively. Shale volume of B-41 is 37-44% and
for L-30 is 23-32%; however, both wells show a fair porosity, but water saturation is high, so it is
not a favorable condition for hydrocarbons to accumulate. For using attributes of machine learning
11 sets of 2D seismic lines and 1 set of 3D seismic surveys were used an advance technique of
machine learning known as SOM (Self Organizing Map) is used, which is computational data anal-
ysis technique which enables mapping of nonlinear data to lower dimension and also at different
frequencies, for this analysis the frequencies of 11, 18, 26 Hz are used. Machine learning enables
efficient and accurate predictions even with limited data, providing a more practical and streamlined
alternative to conventional reservoir simulation techniques.

Keywords: Petrophysical analysis, self-organizing map, dry well analysis, computational data analysis,
hydrocarbon evaluation
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1 Introduction

Penobscot, Nova Scotia, is between
the Sable and Abenaki Sub-basins in
Canada. It formed due to the breakup
of the North American and African
plates during rifting (Gibling et al.,
2019). It is classified as an extensional
basin, a geologically complex area
having several major and minor faults.
On the other side of the Atlantic, the
Morocco basin is present and has the
same characteristics as Penobscot
(Pant et al., 2022). However, there are
no discoveries from the Penobscot Ba-
sin, Nova Scotia. This is an extensional
basin located in Nova Scotia, Canada
(Narayan et al., 2023). This basin re-
sults from the rifting of the African and
North American plates (Kroner et al.,
2022). Penobscot Basin is a geologi-
cally complex basin, containing many
minor and major faults (Campbell et
al., 2015; Adim et al., 2018). This
study's main steps and analysis are to fa-
cilitate the exploration of hydrocarbon re-
sources by performing thorough geologi-
cal and geophysical research. This in-
volves assessing the petroleum system,

of the source, reservoir, seal, and trap
(Moosavi et al., 2024; Mehrabi et al.,
2024; Rafei et al., 2021). Finding and
evaluating leads and prospects through in-
tegrated data interpretation is a primary
objective. The study is to create ideas for
additional exploratory activities based on
the findings, guaranteeing data-driven and
financially feasible decision-making for
hydrocarbon exploration and development
(Jelvegarfilband et al., 2022; Moosavi
et al., 2023).

There have been no commercial oil
or gas discoveries in the Penobscot ba-
sin. However, the Penobscot Basin has
the potential to be a petroleum system
that can produce (Wach & Brown,
2021). This study uses well log inter-
pretation, seismic data analysis by us-
ing seismic attributes and machine
learning (Mehrabi et al., 2025b) tech-
niques like structural smoothing, ant
tracking to identify the potential pro-
spects. This study used 1 x 3D and 11
x 2D seismic lines. Location of the Pe-
nobscot is shown on the left side of
Figure 1, and 11 2D seismic lines are
shown on the right side of Figure 1.

paying particular attention to the integrity

Figure 1. Showing Penobscot location on the left side with a white rectangular area and 11 x 2D seismic lines on the
right side.

2 Methods and Data

In order to accomplish this study, basin
modeling features, including porosity
vs. depth curves (Mehrabi et al.,
2025a), Vitrinite Reflectance vs. depth
curves, and burial plots, are all done

within basin modeling software. An in-
dustry-standardized software used for
well log interpretation and correlation
(Bashir et al., 2024; Olutoki et al.,
2024).

Advanced industrial software is used for
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seismic interpretation. In this phase, we
carry out key activities to enhance seis-
mic interpretation, including frequency
feature integration for better strati-
graphic resolution, Well to Seismic Tie
for accurate depth correlation, Structural
Smoothing to refine fault geometry, Ant
Tracking and 3D Variance Analysis for
detecting discontinuities, Data Condi-
tioning to improve quality, and Horizon
Definition for mapping geological
boundaries. These results directly sup-
port reliable subsurface modeling and
reservoir characterization (Abid et al.,

2025; Ali et al., 2018; Ali et al., 2022).
Well-to-seismic tie, structural smoothing,
and ant tracking techniques were applied
to identify faults and reduce noise in the
data, thereby enhancing the clarity and re-
liability of the interpretation results. The
relative geological time (RGT) model is
also used in this study to understand
subsurface dynamics better. This multi-
disciplinary study allows for a good and
varied analysis of our area's geological
features and characteristics. The work-
flow used in this article is shown in Fig-
ure 2.
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Figure 2. The workflow chart used in this study.

3 Objectives

Our study focused on the following ob-
jectives:

. A comprehensive geological and
geophysical analysis to better under-
stand subsurface structures and for-
mations.

. Evaluation of the petroleum sys-
tem, focusing on source rocks, reser-
voirs, and migration pathways.

. Identify and assess potential pro-
spects and leads within the target area.
. A detailed proposal for further
exploration outlines strategies for opti-
mizing hydrocarbon discovery and ex-
traction.

4 Structural Setup of Study Area
This region experienced multiple tec-
tonic events during the Paleozoic Era,
including the collision of continents, the
formation of mountain ranges (oroge-
nies), and periods of uplift and erosion
(Fyffe et al., 2011). Due to this, folding
produced that ranges from gentle to
prominent folds (Robinson et al., 1998).
The study area shows the complex set-
ting of the area in which numerous anti-
cline folds are shown in Figure 3
(Campbell, 2014). Faults are also pre-
sent in this area. This area is dominated
by an ENE-WSW fault set (Peace et al.,
2024). Southward dipping faults are
slightly more common than northward
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dipping faults (Pharaoh et al., 2020). All
smaller faults in the area are normal
(Omeru et al., 2019).

Salt deposition occurred in this area

during the Jurassic Period of the Meso-
zoic era (Pollock et al., 2012). Salt is
present in the region below the inverted
interval, and other structures were in-
verted by Salt flow.
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Figure 3. The Structural Setup of the Area and Salt Presence in the Area.

4.1 Stratigraphic Framework

The Stratigraphic Framework of Nova
Scotia describes the layering of rocks
deposited over millions of years. The
ages of the rocks range from the Triassic
to the Neogene, spanning from about
252 million years ago to the present day
(Piper et al., 2011). The framework can
be broadly divided into three tectonic
settings:

The Pre-rift (~Triassic) period is
characterized by deep to shallow marine
environments, with red beds (sandstone,
siltstone) and evaporates (salt deposits)
deposited as the first infill of the basin
(Saw et al., 2017; Omeru et al., 2019).
In the Syn-rift (~Early Jurassic), the
continent rifted apart, deposited shallow
marine clastic sediments (sandstone,

shale) (Campbell et al., 2015; Mirza et
al., 2024).

At the time of the Post-rift (~Middle
Jurassic to Neogene), a major transgres-
sion (sea level rise) occurred, leading to
the deposition of thick carbonate se-
quences (limestone, dolostone) through-
out the Middle to Late Jurassic (Camp-
bell, 2018; Ghazi et al., 2024). The Cre-
taceous period witnessed regression (sea
level fall) with shallow marine environ-
ments (Eliuk, 1978). The remainder of
the Mesozoic Era and the Cenozoic Era
(Paleogene and Neogene) saw a mix of
shallow marine and fluvial-deltaic (riv-
ers and deltas) depositional environ-
ments (Mixon et al., 2000). Figure 4
shows the detailed stratigraphic column
of the area and source presence.
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Figure 4. The stratigraphic column, the source rock presence, and its quality evaluatio
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5 Results

5.1 Petrophysical Analysis

In our petrophysical synthesis, we have
evaluated the main results of this study.
The study showed hydrocarbon poten-
tial at an average depth of 3400 feet,
which is the main target for this study.
The main focus of the Petrophysical
analysis is to evaluate the hydrocarbon
potential and porosity of both wells.

In the petrophysical analysis, we evalu-
ated the hydrocarbon potential and reser-
voir properties in both wells. The process
began with reviewing and correcting the
log data for any tool or measurement-re-
lated issues to ensure data reliability. This
included checking for depth mismatches,
removing spurious values, and ensuring
consistency across logs. The gamma ray
(GR) log was normalized to eliminate
tool-related and regional variations, al-
lowing for accurate lithological interpreta-
tion. Porosity was calculated using both
density and neutron logs, and cross-plots
were used to distinguish between clean
and shaly formations. Water saturation

was estimated using resistivity logs in
combination with porosity data, applying
standard models to identify hydrocarbon-
bearing zones. Lithology was interpreted
by integrating GR, density, neutron, and
resistivity logs, which helped in classify-
ing different rock types within the for-
mation. By combining the results of po-
rosity, saturation, and lithology analyses,
we were able to identify and evaluate the
intervals with significant hydrocarbon po-
tential, aiding in the assessment of reser-
voir quality and exploration prospects.

It is important to mention that in ad-
dition to the hydrocarbon potential, the
analysis shows no porosity in the two
wells. This result indicates problems re-
lated to the quality of the assets in this
area. The presence of hydrocarbons at
this depth indicates the complexity of
the subsurface geology in the area. To
overcome the limitations of the low po-
rosity, new extraction strategies may
be required (Abid and Ali, 2024). Fig-
ures 5 and 6 show the petrophysical in-
terpretation of Well L-30 and B-41, re-
spectively.
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Figure 6. The Petrophysical Interpretation of Well B-41.
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5.2 Petrophysical Interpretation

The process of combining petrological
data with physical measurements of
rocks is called petrophysical analysis
(Dentith et al., 2020). Typically, well li-
thography is interpreted using wireline
logs such as gamma ray (GR), bulk den-
sity (RHOB), deep resistivity (LLD),
surface resistivity (LLS), neutron poros-
ity (NHPI) and sonic (DT). For this pa-
per, the lithology of both wells is inter-
preted by a combination of wireline logs
(GR, RHOB, NPHI, DT, and LLD). The
natural gamma ray log is the best indica-
tor and differentiator between clay min-
erals and clean sands. Higher values of
gamma rays indicate a high concentra-
tion of clay content, decreasing the ef-
fective permeability and porosity of the
formation interval (Ahmed et al.,
2025). In this research, the sandstone is
the dominant lithology in the permeable
formation interval. Higher values of
gamma ray, neutron log, and density log
suggest shale portion, but a sudden in-
crease in the resistivity values is due to
no water content, due to diagenetic pro-
cesses like cementation and compaction.

5.3 Shale Volume Calculation
For this purpose, Dolan's method is used
by using the GR log. The gamma ray in-
dex is given below
GRI: GR log — Gr min = GR max — GR
min

GR log is the gamma ray reading of
formation, GR min is the minimum
value of gamma ray, and GR max is the
maximum value of gamma ray. The val-
ues of clean sands range from (2-130
API, and for shale, values range from
(140-250) API. The shale content varies
in different zones, especially in B-41
from 3100m to 3400m.

5.4 Porosity Calculation

Estimating porosity can be carried out
by combining the density log and neu-
tron log.

5.4.1 Total Porosity
The following equation can calculate the
total porosity
Mog — Vah * @sh
1— Vi

Where:

. ¢ = corrected (effective) porosity
. plog = total porosity from logs
(e.g., density or neutron)

. Vsh = volume of shale (from GR
or other logs)

. @sn = porosity of shale (usually
~0.10-0.15, depending on region)

The following equation calculates the
density porosity

@D = (pma — pb) / (pma- pf),

where pb is bulk density including rock
and fluid, pf is saturated fluid density
and pma is rock matrix density.

5.4.2 Effective Porosity
The following equation can calculate ef-
fective porosity:

Deff = ®TOT — (Psh * Vsh),
Where @TOT is total porosity, @sn is po-
rosity readings in the shale zone and Vi
is shale volume (Jelvegarfilband et al.,
2022).

5.4.3 Density Porosity Cross Plots

Density neutron cross plots were created
with Python scripts by using lasio, pan-
das, and Matplotlib libraries. For both
wells, L-30 and B-41, density neutron
cross plots were created and gamma ray
is calibrated to get the shale and clay
content information too. Three zones are
interpreted in these cross plots, which
are the shale zone with low values of
neutron porosity and higher values of
bulk density, the porous zone with clay
having high values of neutron porosity
and bulk density, and the gas zone with
higher values of neutron porosity and
lower values of bulk density (Rafei et
al., 2021; Moosavi et al., 2024). Overall,
for reservoirs of both wells, the clean
and porous sand zone is not an ideal



A data-driven approach to reservoir characterization: machine learning and seismic Attribute integration ... 159

zone for reservoirs, as higher values of
gamma ray indicate the intercalation of
clay/shale content in the sands, making

this sand argillaceous, which is affecting
the overall porosity and permeability of
reservoirs in both wells.

Gamma Ray Api

Figure 7. Bulk Density vs Porosity Cross Plots (A) Cross plot of L-30 well, (B) Cross plot of B-41(shale volume and

porosity).

5.5 Estimation of Water Saturation
In reservoirs, the water saturation is cal-
culated by following the Archie equa-
tion,

Sw=a/pm *Rw/Rt,
where Sw is water saturation, R? is resis-
tivity, @ is porosity, Rw is water resistiv-
ity, and m and a are the cementation, sat-
uration, and tortuosity factors, respec-
tively (Moosavi et al., 2023).

Rw can be calculated by the following
formula:
Rw =¢2 *Rt

5.5 Petrophysical Results

This research estimates the total effec-
tive porosity using an advanced soft-
ware program. The total porosity is cal-
culated by using Bulk Density and Neu-
tron porosity logs. According to Lever-
son’s porosity classification, reservoir
formations of B-41 and L-30 show fair
effective and total porosity that ranges
from 8-10% and 10-12%, respectively.
Shale volume is calculated by equation
1, estimated shale volume is 37 to 44%
and 23 to 32% for B-41 and L-30, re-
spectively, which does not suggest a
good reservoir. Both wells were de-
clared dry, and the plug abounded. In
conclusion the reservoir in B-41 (3000m
to 3400m) is of poor quality, the content
of volume of shale is high and assumed

to be unfavorable for hydrocarbons to
occur and the reservoir in L-30 (3400m-
3600m) comprises of dominantly sand-
stone but intercalation of clay/shale ma-
trix, however it shows a fair porosity but
water saturation is high so that it is not
favorable condition for hydrocarbon to
accumulate.

5.6 Machine learning

In this paper, a crucial aspect of our
methodology involves applying ma-
chine learning techniques to gain deeper
insights into the geological attributes of
the study area (Mehrabi et al., 2024).
Specifically, we utilize Self-Organizing
Maps (SOM) for data analysis. SOM is
an unsupervised machine learning tech-
nique that uses a neural network to vis-
ualize and cluster high-dimensional data
into a lower-dimensional representation
(Mehrabi et al., 2025b). This involves
SOM computation on a cross-plot incor-
porating 11, 18, and 26 Hz seismic fre-
quencies, enabling us to identify and
visualize intricate patterns and relation-
ships within the seismic data. In this
setup, porosity was assigned to the X-axis
and frequency to the Y-axis, allowing the
SOM algorithm to analyze the relationship
between these two properties across the
dataset. As the SOM processed the data, it
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grouped similar input patterns into clus-
ters, which are visually represented using
different colors on the map. Lower fre-
quencies (11 Hz) reveal deeper, large-
scale structures; mid-range frequencies
(18 Hz) capture medium-scale features
like channels or faults; and higher fre-
quencies (26 Hz) resolve thin beds and
subtle facies changes near the wellbore.
Additionally, we employ spectral de-
composition techniques in conjunction
with SOM for classification purposes.
By combining SOM results with well log
data, we were able to classify seismic pat-
terns and correlate them with lithology,

porosity, and fluid content at the well lo-
cation. This approach enhanced our ability
to identify reservoir zones and understand
subsurface variability more effectively.
The results of these machine learning-
driven approaches are presented graph-
ically in the figures below (Figures 8
and 9), offering a visual representation
of our findings. These methodologies
enrich our understanding of the subsur-
face geology and contribute signifi-
cantly to the spatial analysis in our study
of the Penobscot region in Nova Scotia,
Canada.
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Figure 9. SOM computation on cross-plot between 11, 18 and 26 Hz.
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6 Discussion

SOM machine learning technique was
used for this research. SOM is an unsu-
pervised learning algorithm that helps in
clustering and visualizing high-dimen-
sional data by reducing it into a 2D repre-
sentation. Our input dataset included seis-
mic attributes generated from spectral de-
composition at multiple frequencies (11
Hz, 18 Hz, and 26 Hz). These frequencies
were chosen to capture geological features
at different scales, such as deep structures,
medium-scale channels, and thin-bed res-
ervoirs.

The first step involved feeding this
high-dimensional seismic attribute dataset
into the SOM algorithm. The SOM neural
network, organized as a 2D grid of nodes,
processed the data by allowing nodes to

compete in representing input patterns.
The winning node (Best Matching Unit)
and its neighboring nodes were interac-
tively adjusted to better match the input
data based on similarity measures. Over
successive iterations, the SOM organized
the data into clusters that revealed hidden
structures and relationships within the
seismic volume.

By integrating SOM output with well
data, we were able to interpret these clus-
ters in terms of lithology, porosity, and
fluid content. This machine learning ap-
proach allowed us to distinguish reser-
voir from non-reservoir zones, map ge-
ological features more accurately, and
enhance the overall subsurface under-
standing, providing a data-driven and
objective interpretation framework.
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Figure 10. Illustrating the pseudo-well location delineated by a prominent red-colored line.

The spectral decomposition model in
Figure 8 reveals two major faults that
were not identifiable in conventional
seismic data. By decomposing the seis-
mic signal into multiple frequency com-
ponents, spectral decomposition en-
hances the resolution and highlights
subtle geological features. This tech-
nique allowed us to detect faults that
would have remained hidden, thereby
significantly improving the accuracy of
our structural interpretation and contrib-
uting to a more reliable final result. No

gas zone was identified based on den-
sity—neutron cross plots and wireline
logs; the depth of B-41 and L30 ranges
from 3000m to 3400 m and 3400m to
3600m, respectively. Lithological iden-
tification from cross plots indicates the
presence of clay material with sands.
High water saturation and high irreduci-
ble water might be the reason for low
permeability and porosity in both reser-
voirs. The zone from 3430-3480 in well
L-30 shows high resistivity values and
indicates a hydrocarbon-bearing patch
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with porosity approximately 10%, but
this small patch is not enough for com-
mercial extraction.

7 Conclusions

Our study region is located in the transi-
tional zone between the Sable and
Abenaki basins, providing a distinct ge-
ological environment for inquiry. It is
situated within a passive margin. Four
rifting periods have shaped this basin's
complicated geological history over
time. Basin modeling data further illu-
minate the subsurface dynamics, which
in both wells show a constant reduction
in porosity with increasing depth, high-
lighting the problems with reservoir
quality.

Additionally, our petrophysical anal-
ysis reinforces these findings, emphasiz-
ing the prevalence of low porosity val-
ues within this geological domain. The
integration of seismic attributes within
our study also unveils the presence of
two significant fault structures, further
enriching our understanding of the geo-
logical intricacies in this region.

8 Novel / Recommendations

The L-30 well has been strategically po-
sitioned within the hanging wall of a
prominent normal fault. In Figure 10,
represented in red, our recommendation
strongly advocates drilling a new well in
the footwall of the fault. This strategic
move is poised to optimize exploration
efforts, offering the potential to unveil
valuable geological insights at greater
depths. By adjusting well locations
slightly, we open up the possibility of
identifying various trap types, including
structural, stratigraphical, and combina-
tions thereof. This adjustment could sig-
nificantly enhance our exploration pro-
spects and uncover new opportunities in
this geological setting.
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