6th Seminar

Applied Geophyslcs in Petrolleum Exploration

Seismic Acquisition, Imaging & Interpretation of cnmplex slructures
Reservoir Geophysics b
New advances ininon-seismic techmques

. |)J|um6hu5rud|..u.ﬁ'_m
; .. I.__e F‘F m e

EAGE

" l'lmahngp‘ uuuuuuu e {
P RN s ,_1..,_""‘ - -"Pm




AN
St el ol o 2
i B PO

Yo azmlis
s SLLST jo (60 3915 S by Sl lod (ol

‘_.J‘:*":*P"Uwh.




Ea/AN e s

ot o o2 Cls BLASST )0 (69 39515 S 38935 (it Lod yumomiiai

oYl als

SLS! 59 (63 5355 S 389 § ialod (moins

>

(W)

361 9 olo)
1F+Y olo oo 1Y

:Ow)‘}fﬁ
Ol S 3895 o (o
Ol 91 S (o o8 g SLGST Sy P

3815 ol
Ol 91 e (o 8 g SLST S o

ISC )é o da'Lu’

II I s II
e V) S Gl C




oS (Brme

5 B 55 505 Sp5dsth aled (rad Syt 5 50le Gl

siales olojl

‘s.w)lé Yo W}Qﬁ

) Il By 593m allnn JLbglglS oo (sloaSuls S oolisial b purboliin (sloo o Lol
o OInl 655 50 295 1S ol =S )L gy b Sy Gos
a New advances in Geophysics and Geotechnical investigations in Deepwater environment
o Ol wleyS G5l 5o 55 63,90 asdllae )Ll n 5l Gy s sla Solas jleolinal b Jlow (2ol
14 RockMat: A Comprehensive MATLAB Toolbox for Rock Physics Modeling
Y o5 o Soles Julow 5 onlicnal b o plys Slaislo Julo 5 Lanieis
9 ol oy UMbl 228 S Sl oaliial b (o)l 4l (59,55 ez dwiin LT 13U 5 Gopo Sad oy g) faite slo Y (5,65 oo
YA S35
\td A Hybrid CNN-LSTM Deep Learning Framework for Porosity Prediction in Carbonate Reservoirs
oY Automated Seismic Velocity Picking via Deep Semantic Segmentation
g Application of Deep Neural Networks for Spatial Relation Learning in Seismic Object Detection
7o Advances in Oil Spill Cleanup Methods: A Comprehensive Review
¥ Application of D-PATV method to determine the first arrival time in seismic refraction tomography
7A Seds Slallhae ;5 (cegiilsS sl )8
Al 50 gl BLEST s T 156 5 S5y war e 63k (o2
YA JSml G9dets
AY oSy adlate j3 4l Sgage Sslgh SHb Ay, 4 g09e Bes (nend
AP J%e St S e (5l el G853 Gbey ety LT
A Gt 6550k s Sl eolinul b uboliie slacsls (g3luiyg)l
a¥ Sub-pixel channel boundary delineation based on partial area effect
A s 5 31 Gl G5l G555 (sl Slid elulpy 1 0 )lus ) (gaty aws )8 Gres (6 S0k 5 iy Yoy opile 5l oslanl
ey Ol Q5 et 5o (orae laaSed (2,58 Gulol 5 (slo ) sloo sl gonadlo
ey 295 Sl I8 (gl 030 by S8 4 (S g, oLl
Ny ol sla)l5 Sl oolinl b (Ko S0 58 g5lumdoe (ol (S35 o)l Jelo




&

QTQ Y e alis

R Cis BLLEST 0 (60 3115 S 3d i i lod (yuouiindt

ST g e

! S e
<°g—u‘ﬂ Stndyis

S

" o
Geophysical S0

ol JS (8 yxo

0397 Ol Naegh o liedils Glacudled § Sl 4y Lisuiage by jo olpl Sdes e (rexxdl
ol 0050,5 e BIYYOY Lo jo ol G865
Se3ess O SdRgly yibe a4z Ld] jlated ki BLEIST 10 60,5 S5 taled ey
SIS SlEES ST e ol LS| gl 5 i pale slosglins 0,51 b 2 LS
oo WV &b 0 Glales cnl osd o )55 plpl i (o o858 SBlaasT cy o 6 ) Sen b (o
25k Ghales Gl ol sl jsome i 3715 5 lnl e (o o850 SBlassT co pae e 0 VEY

5]

e Seismic Acquisition, Imaging & Interpretation of complex structures
¢ Reservoir Geophysics
e New advances in non-seismic techniques



&

[ Cd SLLST )0 (69 39,15 S b g5 Sl lod (ol

T s e

“a,
% Seophysical s0P*

olpl e gs'L" CS gl BLLSST S o (s9ox0 9 s0lo Olwl>

;} sl csng
”Nlég ASMARY

Field Services Co.

80 s0938
TEN co e

EAGE

EUROPEAN
AS

L sipl

paeaBgl a3 L BLESS] g wlge S0 0 E E C
®in Oil Exploration & Engineering Company

2 ©

Ll casis ol T i
Tavana Energy ok >ﬂ:~;;:;; 51

WS
Deory

o
Q‘b
*
%

1=
Consuttin®



&

QTQ Y e alis

R Cis BLLEST 0 (60 3115 S 3d i i lod (yuouiindt

ST g e

PR A

25 Lo jaazme 150 - (6,155 1 aleS sy

mrhatami@ut.ac.ir

\_

4
L.f"l'l) L;.CJ.W )SSO—U;QJ& du.a.oS).ud
mariahi@ut.ac.ir

\_

4

6 L Lo oema — ol aieaS oo |

r_bakhteari@yahoo.com

\_

4

S Luw o i a3 100 g (egee Lailg

mahdi.geo.1381@gmail.com




o) aziio AT cpoga 1Y e (SLESST o5 judel S lod (et Y Lo ds gaseo

(JUglgls cmac srasl jl soliiw! b cwablsn glao,lghs o Lulll

Oln! G0 $9)90 axllao
\519.?) g_ia..wj) ‘\L;‘)"?J‘ J..o.>‘ s\‘5>‘~).la QW M‘) ‘Yu\f.,_c G'}.uo u’albd..u.u ‘\L;)}“’li IR ‘Sa.]a.a.z

Ol ol ol ol 5855 g !
PRV

Sl silis sla by, Sgbsn ool il pae) sl il janiis 5 ool (sl mablise slao gk 5|
3 sl o Wil 4 4 45 wites W6 5 8 GLolT wly Lages 45 5l 392y olshas olulis
S g ol 5o el Al Jloss T 301875 0058 oy dnsi (5855 Bilae Jorps ile 055l sl
o)l st lp el ile 62F0l slagig) ) slasgesmer; oS (CNN) Jlaggls' coae oSt i)
S 5 b sl 0 0015 dmnags (V2 YY) S p b g Cnomsl Laogi (g, ool w090 s 08litl Il 5y sumoliie
00 ydl (IRl Grd (FHFSS o0 5 oS ol (e DleMbT g qurbolise loollaz I Lol LML
Ol (i gy sla s alazjl ailate as (slalislo b ond gl sl anbline slaolshs .o
3 Sl code Soly wog) Sols 00ga70s oS 4y azgil 5 g Conl aio 093 Bl )5 Sl o0 S
sl 0aly asutio (oS pelilS (SHESS (095

Ol SESS JULggils (cnas aSb i brble 50k ¢ bline o)lshs w0 plgn ublise (gals sloo]ly
6l (s

Identification of magnetic lineaments using convolutional neural
networks, Case study of eastern Iran

Moustafa Mousapour Yasoori ', Seyed-hani Motavalli-anbaran °, Raziye Safian Boldaji |, Ahmad Alvandi !, Roshanak Rajablou '

! Institute of Geophysics, University of Tehran, Tehran, Iran
2 Associate Professor, Department of Earth Physics, Institute of Geophysics, University of Tehran, Tehran, Iran

Abstract

Aeromagnetic lineaments are used to identify and recognize geological structures. There

are Different methods to identify magnetic lineaments which are generally based on
horizontal and vertical gradients. These methods are sensitive to noise. Nowadays,
machine learning methods for solving geophysical problems have been developed and Its
application is increasing. In this research, the Convolutional Neural Network (CNN)
method, which is a subset of machine learning methods, is used to determine the
aeromagnetic lineaments of eastern Iran. This method was developed by Smith and
Naprstek (2022). From the information obtained by lineaments and geological
information, The faults and tectonic boundaries of eastern Iran have been interpreted. The
extracted magnetic lineaments have a good match with the linear structures of the region,
including Doruneh, Nehbandan, Naybandan, Uzbak-Kuh, Biabanak, Zarand faults. In
addition, according to the faults, the boundaries of Lut block, Tabas block, Yazd block,
Kashmar-Kerman tectonic zone have been determined.

Keywords: acromagnetic, magnetic lineaments, machine learning, convolutional neural network,
Iranian tectonic, tectonic zone
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bedrock depth by Parker-Oldenberg: study central desert of Iran

Samira Bayramzadeh kalkhoran', Seyed-Hani Motavalli-Anbaran?, Vahid Ebrahimzadeh
Ardestani’

ISenior student, Geophysics Department, Institute of Geophysics, University of Tehran, Iran
2Associate Professor, Geophysics Department, Institute of Geophysics, University of Tehran, Iran
3Professor, Geophysics Department, Institute of Geophysics, University of Tehran, Iran

Abstract

In this study, the Parker Oldenburg method, also known as Parker's generalized method, is utilized
to ascertain the depth of the basement. This specific approach has been extensively employed in
numerous studies to determine the depth of the Moho boundary, which in turn aids in the
identification of tectonic activities, occurrences of earthquakes, and various other phenomena. In
order to obtain a comprehensive understanding of this method, Ultimately, the method is applied
to actual data from a region located in the central desert of Iran. This endeavor allows us to
construct a model and subsequently determine the depth of the basement within this specific
region, while concurrently analyzing the data Also, rms error and geological evidence will
confirm the results.

Keywords: Gravimetry, basement, depth estimation, potential field
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Topography of the inverted interface obtained from the Bouguer gravity map (Km)
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New advances in Geophysics and Geotechnical investigations in

Deepwater environment

Abstract

Deepwater activities such as drilling and production have been ongoing for nearly 50 years, making
great contributions to industrialization. Given the increasing demand for energy, along with the
restructuring of the energy supply catalyzed by efforts to achieve a low-carbon economy, deep seabed
reservoir will play an important role in addressing energy- and resource-related problems in the future. A
geohazard assessment workflow is presented that maximizes the use of 3D seismic reflection data to
enhance the safety and success of offshore scientific & logical drilling. However, deep seabed mining
remains in the exploratory stage, with many challenges presented by the high-pressure, low temperature,
and complex geologic and hydrodynamic environments in deep-sea hydrocarbon structures. The
importance of integrated geophysical studies for defining investigation scopes is highlighted. The use of
the data for the design of surface and subsea development structure foundations and exploration and
production wells is reviewed. Finally, this paper gives some key conclusions and future perspectives to
provide Geophysics and Geotechnical studies and deep-water operations.

Keywords: Geophysics and Geotechnical studies, deep-water operations.

INTRODUCTION

The journey into deeper water continued in the 1980s with the investigation for the Bullwinkle
platform in 400m of water. These investigations were targeted at developing design information
for both fixed platform and compliant tower foundations. In the 1990s, investigations achieved a
range of objectives, e.g., geophysical advancements, an improved understanding of Deepwater
geological processes, development of design data for exploration and production wells, subsea
template foundations, and pile foundations. There is clearly a need for developments in the skills
and practice of offshore geotechnics which can be related to two specific reasons: 1. Hydrocarbon
field discoveries are consistently being made at ever increasing depths, often to depths of 2000m,
and within geotechnical materials with properties that are often beyond conventional experience;
and 2. The offshore environment provides reliable wave and wind catchments for renewable
energy which can be exploited without the constraints evident for onshore sites, such as public
perceptions. Deepwater geotechnical investigation technology has evolved over a number of
years. This evolution has been punctuated by several significant technological leaps forward. A
recent example of a technological advance is the small diameter piezo probe used to determine
rapidly ambient pore pressures and in situ permeability in clays [1,2]. Various physical material
properties (hydraulic permeability, compactness...) and levees characteristics (presence of
heterogeneities within the levee body and foundation, presence of man-made pipes...) associated
with specific pathologies (low compactness, high hydraulic permeability, low shear strength...)
characterize these mechanisms and increase their probability of occurrence (Figure 1).
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Figure 1. Diagram displaying the links between pathologies (in hexagons) and mechanisms that
may lead to levee failure (slope sliding and four internal erosion mechanisms, in rectangles)

What has emerged from previous studies is that 3D seismic imagery of near-seafloor features
play an increasingly key role in linking different scaled data sets and providing valuable
information to develop sophisticated deepwater reservoir and basin-fill models (Figure 2) [2,3].
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Figure 2. Multi-faceted approach to Deepwater faces analysis

Increasing energy consumption has driven the need for further hydrocarbon exploration,
initially extending onshore fields in North America and the Middle East, in to shallow, near shore
environments. The traditional approach of a preliminary investigation followed by a detailed
ground investigation may eventually be replaced by a single integrated investigation, where
ground investigations incorporate geophysical surveys in order to optimize geotechnical data
collection. Some researchers discuss the application of integrated approaches on specific
development sites. Recent advances in the application of geophysical techniques, has provided
geotechnical engineers with a wide range of approaches for reliably determining the seabed
terrain. In addition, the accumulation of geotechnical and geophysical data is allowing extensive
databases to be developed which facilitate the extraction of geotechnical parameters for design
purposes. In general, offshore site investigations, as with onshore investigations, require a
combination of field testing and soil sampling for subsequent laboratory testing. In more recent
years, the T-bar penetrometer has grown in popularity. The advantages of penetrometer testing lie
in the flexibility of the systems available; the development of piezocones (PCPT) and seismic
cones (SCPT), as well as pressure meter cones, electrical resistivity cones and lateral stress cones,
all of which have some advantages over other in situ testing methods. The T-bar penetrometer has
specific application to very soft soil sites, as it is more sensitive and thus considered more accurate
for measuring the undrained shear strength of such soils[4,5].

Geotechnical and Geophysics Characterization and Activities
The operator is planning a visual survey of the seabed using a remotely operated vehicle (ROV)



or autonomous underwater vehicle (AUV) at potential drilling locations within to characterize
seabed features (the “Project”) including:

* Identification and location of sensitive environmental features / habitats such as aggregations
of habitat-forming corals or sponges

* Evaluation of benthic species diversity and abundance at each location

* Identification of geologic features such as boulders or hardgrounds

* Identification and location of anthropogenic features, such as unexploded ordinances,
wrecks, cables, and debris

Figure 3 presents a simple process for assessing the data needs of a geophysics and geotechnical
project.
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Figure 3. A simple process for assessing the data needs of a geophysics and geotechnic project

Subject to local operator policy, regulatory or insurance requirements, for guidance purposes
the maximum age validity of pre-existing hydrographic and geophysical site survey data can be
considered as [4,5]:

Table 1. pre-existing data validity guidance

Activity Condition Seabed Data Subsurface Data
No Activity 5 years 10 years
Engineering Activity 1 year 10 years

Well Control Incident Invalid Invalid

Laboratory Testing on Soil Samples

The material extractions allow the identification of the soil and the understanding of its
mechanical behavior as well as the lithology determination. The extraction can be made by using
an auger or by coring. Laboratory testing have the benefit to provide very accurate information,
however they do not study the in-situ sample and consequently some environmental parameters
are not taken into account. That is why it is important to carry out laboratory testing to characterize
a soil even if the measured parameters can differ from the in-situ ones. The article focuses on in-
situ methods, explaining why we will not detail them. Moreover, these methods exclusively
characterize one soil property [5].

Drilling Parameters Recordings



When a geotechnical survey is executed, many parameters are recorded in order to characterize
the mechanical properties and to take advantage of the executed borehole. The drilling rig can
drill through the with an established depth and diameter. While drilling, the device is cooled by a
drilling fluid. The method capability to characterize properties is presented in Table 2.

Table 2. The drilling parameters recordings ability to characterize properties and characteristics.

Properties and Characterization ability
characteristics

Water content To our best knowledge, the water content cannot be determined even though
the amount of water affects the method values since it has an impact on the soil
plasticity

Interfaces If the contrast of nature between two formations is strong, interfaces can be
detected.

Granulometry Relative information can be obtained by comparing drilling parameters of
different materials.

Compactness The progress speed is directly related to the mechanical resistance of the

penetrated formation. It is therefore possible for two media of same composition,
to establish which one is more compacted. The effective thrust also differs
according to the stiffness of the penetrated medium.

Hydraulic With the correct shape factor (below or over the water table), the relative

permeability hydraulic permeability can be estimated according to the variations of the fluid
injection flow on the adjusted injection pressure.

Shear strength The rotational couple can be associated to a shear test with the effective thrust

being the vertical stress.

Many challenges within gas/oil fields are largely determined by the technical equipment
applied and by a good interpretation of the geotechnical and the geophysical studies. The reason
is because the parameters design obtained in this campaign are used for infrastructure design. In
consequence the success in the production depends on a good system design. Obtained from the
geophysical and the geotechnical explorations that were performed depending on the water
depths. The exploration campaign must contemplate the coupling of the geotechnical and the
geophysical studies, and on the needs and soil characteristics identified at the initial geophysics’
exploration. The geophysical techniques used internationally are divided into three categories
with respect to the exploration of the offshore developments:

a) High-resolution reflection systems

b) Seismic refraction system

c) Electrical resistivity systems

These systems are used to determine the bathymetry and the seabed shape. With this
information it is possible to make the decision on the amount and kind of sampling required for
laboratory test, depending on the seabed conditions detected. It is also necessary to mention that
for layer depths it is necessary to determine the selection of the geophysical equipment. Among
the equipment used in exploration geophysics are the following systems: sonar, sidescan sonar
pingers, boomers, etc.

Geotechnical exploration techniques

Compared to the large-scope survey of geophysical exploration, geotechnical exploration is
based on a fixed-point survey. Geotechnical exploration mainly serves to test and evaluate the
geological conditions (e.g., composition, structure, formation age, and genetic type of each soil
layer along with adverse geologic actions) and the geotechnical properties of the seafloor soils
(e.g., particle size distribution, void ratio, liquid and plastic limits, compression modulus,
cohesion, and internal friction angle) in the project area. This information can be used to judge
the stability and suitability of the project site. Geotechnical exploration is a direct method.
According to the test site, the techniques for geotechnical exploration include in-situ and
laboratory testing. Figure 4 shows some common in-situ testing techniques.
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(1) Standard penetration test (12) Total stress cell (23) Suspension logger
(2) Texas penetration test (13) Freestand torsional shear (24) Crosshole geophysical test
(3) Vane shear test (14) Cone penetration test (25) Downhole test
(4) Pressuremeter test (15) Piezocone penetration (26) Spectral analysis of surface waves
(5) Cone pressuremeter (16) Resistivity piezocone (27) Modal analysis (rayleigh waves)
(6) Dilatometer test (17) Seismic cone (28) Continuous surface waves
(7) Screw plate test (18) Seismic flat dilatometer (29) Standard penetration test with torque
(8) K, stepped blade (19) T-bar penetrometer (30) Large penetration test
(9) Swedish weight sounding (20) Ball penetrometer (31) Piezoprobe test
(10) Hydraulic fracture (21) Plate penetrometer (32) Seismic piezocone pressuremeter
(11) Borehole shear test (22) Plate load test (33) Helix probe test

Figure 4. Common in-situ testing techniques

There is an increased interest in the role of physical/centrifuge modelling in understanding
fundamental mechanisms, as well as the importance of numerical modelling in supporting the
design process. Much of this work has been to produce design charts that might be used in routine
design work. The main limitation to its widespread application as a design tool however, is the
requirement for high quality soil property data for the proposed development site.

Several Case Studies Review

In this section presents a summary of several papers, followed by general comments on the
papers: One research presented a case study of the project comprises 30 no. 3MW wind turbines
and one offshore substation, arranged in a rectangular grid on a site area of approximately 10km?.
The ground conditions across the site are variable and complex; in particular, the authors note the
presence of stiff to hard formations of completely weathered mudstone and siltstone and weak to
moderately weak siltstone and sandstone across parts of the site, underlying superficial soils and
glacial deposits of varying thickness. Another research provided an account of the Changi East
reclamation project, carried out between 1992 and mid-2004 in the Republic of Singapore. The
project required the deposition of some 200 million cubic metres of well-graded, free draining
sand dredged from nearby sources in order to increase existing ground levels to above sea level,
over a total land reclamation areca of approximately 2500 hectares Results from the
instrumentation and from the in-situ tests are presented and discussed for different phases of the
project and for different areas of the project site. The results of a geotechnical investigation are
presented as part of a process of soil characterization for the proposed site for an offshore shallow
foundation system. The geotechnical data is used to carry out a preliminary analysis of the stability
of a Gravity Base Structure to be used as a clump weight for a buoy located in the northern North
Sea area. The geotechnical ground investigation related to CPT and geophysical tests carried out
on the seabed soils, combined with laboratory test data for soils in adjacent areas.

Identifying Sources of Risk
A key objective of a site survey is to assess geohazards and to enable the risk posed to drilling operations
by the seabed and geological conditions to be managed and reduced. The presence of hazards must be




determined through rigorous and consistent analysis and clearly reported in the text, maps, and other
graphics that make up the site survey report. For each hazard identified, hazard potential should be stated
in terms of the likelihood that the particular condition exists at a specific locality. The Technical Notes
provide interpretation guidelines for the assessment of some key geohazards that may be identified during
site survey. Sufficient time must be allowed in delivery of a site survey program to ensure the results are
available in time. * to ensure all local regulatory permitting requirements are met ahead of the of the
proposed well spud date - * to ensure the drilling project team can include them, and properly mitigate any
risk of hazards identified from them, in the final well design.

Conclusion

In this paper, it is highlighted the relations between pathologies and existing fluvial levee
failure mechanisms. It presented the most commonly used geophysical and geotechnical 5
methods and detailed their abilities to inform subsea information and data. Also, an overview was
presented on the main points to be considered in a deep-water development from the point of view
of geotechnical and geophysical studies for subsea infrastructure design. Another important factor
on the geotechnical studies that geotechnical specialists must consider is the study done at the
time of consolidation and subsidence of the crude oil field. It was done by laboratory tests as
explained in this article. planning of geophysics and geotechnical exploration should take into
account the appropriate equipment depending on the exploration at certain water depth. Although
the geotechnical community has realized significant accomplishments in deepwater geotechnical
operations, it must not rest on its Current successes. Each of the above points requires that
technology keeps up with the pace being set by industry. This will take commitment and resource
investment on the part of all concerned with deepwater geotechnical operations: operators,
geotechnical contractors and vessel owners.
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Fluid discrimination using pre stack seismic attributes; a case study in
one of Iranian carbonate reservoir

Abstract

Reservoir fluid discrimination is one of the important approaches in the quantitative
seismic interpretation, and the evaluation of this approach can be helpful in the
development of exploratory studies of hydrocarbon resources. Reducing the drilling risk
is one of the most important results of rock physics studies, and the evaluation results of
this approach can be efficient in subsurface studies. The main goal of this study is to
improve the understanding of seismic response for lithology interpretation and fluid
prediction with rock physics modeling and quantitative seismic interpretation in one of
the reservoirs in southwest Iran. The results of this study showed that the results of fluid
replacement could be improved by integrating the AVO attributes AVO attributes and the
cross-plot of different AVO attributes showed that these results could be very efficient in
subsurface studies and seismic data interpretation.

Keywords: fluid discrimination, AVO, fluid replacement
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RockMat: A Comprehensive MATLAB Toolbox for Rock Physics
Modeling
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ABSTRACT

In the past decade, a wide variety of rock-physics modeling publications for different reservoir
rocks have been emerged as workflows and case studies. But these studies are generally very
case-specific and limited to few rock-physics models. Besides, these literatures rarely describe
the workflow details and codes and are specific to that reservoir. To address these limitations, I
have developed a comprehensive and easy-to-use rock-physics modeling toolbox in MATLAB
(RockMat) that cover a wide variety of models to define the rock properties. These models include
theoretical models (such as inclusion, crack and contact models), bound models, experimental
models and fluid effect models (including fluid substitutions and frequency-dependent attenuation
models). RockMat is developed in a modular scheme where the models can easily be combined
to define more sophisticated models. The models are validated with different industrial packages
and/or the original literatures.

Keywords: Rock-Physics Modelling, Software, MATLAB, Reservoir Characterization

INTRODUCTION

Rock-physics is a multidisciplinary field of study that has long been used to characterize rock
properties based on the behavior of seismic waves propagating through them. This requires
consideration of how the composition of a rock dictates its stress-strain relationship and thus
seismic response. Primarily, this knowledge was mostly using experimental models to study the
Earth’s interior properties (Birch, 1952) but later, more theoretical models were involved to study
the elastic properties of rocks. The fundamental theoretical concepts of rock physics are coming
from the science of metallurgy and mechanics of solid material where the primary target is the
solid phase. But, in the hydrocarbon industry this objective is shifted to the fluid phase, due to the
importance and variability of the pore fluids.

In a standard seismic interpretation workflow, rock physics is used to relate impedance and elastic
parameters derived from seismic data to specific rock properties. However, rock physics has a
wide range of applications in different studies, such as studying the effect of fluid extraction and
injection on the reservoirs, quantitative interpretation of changes in seismic responses due to
changes in rock and fluid properties, sequestration of CO2 into depleted reservoirs or exploration
of geothermal energy.

One of the earliest open-source projects to develop rock physics models is the QSI toolbox from
The Stanford SRB team that is a complement to Avseth et al’s (2018) book, “Quantitative Seismic
Interpretation”. This library is very limited and covers just a few models. The Stanford SRB team
has also developed another but much more extensive MATLAB toolbox (RPH tools) as a
complementary resource to well-known Mavko et al’s (2009) “Rock physics handbook”. This
library includes a great number of rock physics model along with a set of tools and utilities, but
models are mainly limited to the book and must be applies in sample-by-sample scheme rather
than a vector (matrix) scheme. Another effort to this subject is a Python package RockPhyPy (Yu
et al, 2023) which is a recent and comprehensive set of many rock physics models that are stored
into classes.

Comparing to the RPH toolbox, RockMat includes a greater number of effective medium models
from different resources and literatures. Furthermore, functions and model presented in RockMat
are coded using the matrix algebra such that they can be applied on the whole well-log or seismic
trace at once. This makes the code much more efficient comparing to the SRB toolbox, where the
codes are applied under a sample-by-sample scheme. This property makes the RockMat a fast and
reliable tool for rock-physics inversion where, generally, a huge number of forward computations
are required during the process.



Codes Breakdown
The codes presented in this toolbox are generally follow the formulation presented in the Mavko
et al’s (2020) “The Rock Physics Handbook”. However, models are not limited to this book and
many newer models and relations are also included in the package. Accordingly, MATLAB codes
follow, more or less, the same classification as those given in this book as follows:

— Constants
This category includes some of the most common constant parameters relating to some of the
empirical models and properties. This includes, Castagna's coefficients, Gardner's coefficients,
Vernik's coefficients (of Vp-Vs relations) and the standard values of critical porosity for different
rock types. Furthermore, this category also includes the standard values for elastic properties of
different minerals.

—  Fluid Properties
Fluid properties include a set of relations as proposed by Batzle and Wang (1992), for calculating
the viscosity and elastic properties of different fluid types (including clean water, brine, gassy
brine, dead and live oil and gas) under in-situ pressure and temperature conditions.

— Empirical Models
Empirical models are a set of relations between elastic and/or petrophysical properties that
generally are estimated using regression on specified datasets. RockMat includes more the 30
well-known empirical relations for different rock properties.

— Effective Medium
Effective medium can be considered as the core of this toolbox. This category includes many
functions based on different mixing law such as granular media, inclusion models, bound models
crack models, and anisotropic models. Furthermore, two more specific models (i.e., Xu-White
and Xu-Payne and Keys-Xu models) which are a combination of other models are also packaged
into single m-files. Models presented in this category are very versatile and diverse such that they
can be combine in different ways to produce more sophisticated model, specific to our desired
TEServoirs.

— Fluid Effect
Fluid effect is one of the most important but less investigate topics in the rock physics studies. In
most studies this topic is limited into Gassmann’s relation and fluid substitution, while it can
provide very useful information regarding the scale and frequency calibration of different elastic
measurements (e.g., well-log vs. seismic or core vs. well-logs). Furthermore, RockMat includes
some relations for anisotropic fluid substitution and squirt-flow. Some of the relations in this
category also provide some measures of compressional and shear rock quality factor.

— Pressure
Functions in this category relate the elastic properties of rock to pore-pressure variations.
However, codes are no more than few best-known models including Bower, Eaton, modified
Eaton Hottman-Johnson models.

— Math
Math functions includes a variety of mathematical relations to convert different elastic properties
to each other, Mathematic operations, unit conversions, tensor operations, etc.

— Utilities
Utility functions consists of a diverse list of simple relations to estimate various rock features
such as coordination number, contact ratio, crack density, tortuosity, pore stiffness, Biot
coefficient, characteristic frequency, etc. These features are mainly used as primary model
parameter in other functions. It also includes some more complex models such as Thomas-Stieber
fitting plot, Marion-Bam pore stiffness factor and saturated and dry modulus vs critical porosity
and pore stiffness.
RockMat Key Features
RockMat includes some specific features that distinguish it from similar code packages in Rock
physic. First, all the codes in the RockMat are well documented not only in terms of description
and form of input/output parameters, but also regarding to description of the special
considerations about the methodologies, notes and references. I have tried, as much as possible,
to provide the exact address to the formulations in the literature according to which codes are
implemented.
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Another feature of this toolbox is that they follow the same strategies for notations,
documentations, inputs and outputs, etc. This makes codes very readable and comparable and
easy to understand. Besides, Similar models can easily be substituted with each other to try out
various functions during the modeling.

I have tried to write the codes with maximum flexibility and Generality. For example, all inclusion
models are implemented such that they can insert the different inclusions either simultaneously
or sequentially.

As noted earlier, this toolbox tries to use the matrix computation capabilities of MATLAB, as
much as possible to be as efficient and fast as possible. Almost all the codes can be applied to a
whole column vector (such as well-logs or seismic traces) at the same time, while yet loops and
if-statements are avoided. This feature makes the functions very appropriate and efficient for the
rock physics inversion process.

Another feature of RockMat is that it follows a modular scheme for coding, where each specific
model, feature, property or relation is packaged into a single function. These functions can then
be combined to setup more complex models in few numbers of code lines. For example, Xu-
White model with all of its detail in Xu and White (1996) paper, can be written as follows

% Partition total porosity
phisand phit.*(1-Vsh);
phiclay phit.*Vsh;

% Calculate matrix and fluid properties

Km = voigtreusshill([Ksh, Kqgqz], [Vsh, 1-Vsh]);
Gm = voigtreusshill([Gsh, Gqz], [Vsh, 1-Vsh]);
rhom = voigt([rhosh, rhoqz], [Vsh, 1-Vsh]);

Kf = reuss([Kw, Ko], [sw, 1-sw]);

% Calculate dry rock properties
[Kmbw, Gmbw] = dem(Km, Gm, Kw, ©, phiclay, 'spheroidal’', aspects(1l));
[Kdry, Gdry] = demdry(Kmbw, Gmbw, phisand, 'spheroidal’', aspects(2));

% Saturate sand pores with fluid
Ksat = gassmann( Kdry, Kmbw, phisand, Kf );
Gsat = Gdry;

% Convert elastic properties into P- and S-velocities
rhob = bulkdensity(sw, phit, rhom, rhow, rhoo )
[Vp, Vs] = mod2vel(Ksat, Gsat, rhob)

Code 1. Implementation of Xu-White model. Subscripts sh, qz, w, o corresponds to shale, quartz,
water and oil respectively, Vsh is volume of shale and sw is water saturation.

Almost, all the codes are verified either with the literature results or available industrial packages
(e.g., RokDoc). RockMat proved to exactly reproduced the same results as these references.
Figure 1 shows an example of these results for Xu-Payne model in a shaly carbonate oil reservoir.
As shown, the results from RockMat toolbox can exactly reproduce the RokDoc plots, where both
have a reliable correlation with original measured logs.
CONCLUSION
In this paper we introduced a new comprehensive MATLAB toolbox (RockMat) for rock physics
modeling which includes a wide variety of rock physical model. This toolbox has some features
that makes it preferable to available academic and industrial packages, 1) It include almost all the
proven rock physical models, 2) Its results are reliable for any type of reservoirs, 3) Its modular
scheme makes it a flexible tool to easily generate more sophisticated models specific to our
reservoirs, 4) A detailed documentation is included in the codes, 5) Its fast and easy-to-use. These
features, makes RockMat a great choice for both academic studies and industrial applications.
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Figure 1. An example of Xu-Payne modeling results using RockMat (green) and its comparison to
RokDoc results (Orange) and original measure logs (black). The first three tracks show the input
petrophysical logs. As Shown, the results from the RockMat toolbox can exactly reproduce the
RokDoc plots, and both have a reliable correlation with original measured logs.
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Detection and structural analysis of salt diapir using seismic attributes
analysis
Salt structures are important for several reasons, for example, due to its plastic properties,
as well as its low and relatively constant density, salt can create intrusive structures such
as diapirs, which can be studied and investigated in geological. In addition, considering
the importance and increasing need for natural resources, including oil and gas, as well
as the need for optimal storage of these resources and their use when it is necessary,
identifying the structures and reservoirs that play a significant role in maintaining these
resources, is important. Salt diapirs are among the geological structures that can store
these resources due to their unique structure and characteristics. Geological evidence and
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geophysical data of the reflection seismic type, it is possible to provide a clear picture
with details of the roof and floor surfaces of the salt structure as well as the sedimentary
sequences and bedrock formations around it. Due to several reasons such as multiple
reflections, wave polarization conversion, and energy loss reflected from steep salt
surfaces, these data may not be able to provide enough details to interpret the salt mass
and its surrounding structures. Therefore, by using seismic attributes such as gray level
co-occurrence matrix, cosine of phase, instantaneous frequency, and also envelope, it can
be used in the separation of salt from other layers and interpreted in the seismic section.

Keywords: Salt diapir, Seismic data, Seismic attributes, Seismic interpretation.

dondo )
S99y o..\.uL»...v}w Soow s).u.\.v Jiw).....u 9 AS).?U u...lalﬁ 6‘)‘0 Q‘}n L)] o aS el LSOL..MJQ,..A) 6&9.0) 0053 ‘5(29; ).ul.n)
0395 anogl 5l oliles, wlidime; Sl Sgog) lawg ubo PMhsl aiSw daa5 09> YL YL JEs
ozt b 5058 Jlog 50 Lilgheadl i slo 055 jo - o )lisle etz b ol slptiey L, (Sei glo
onl gl oo a8 5 0,5 S4iig 40, Flyger sire 4 dIAPETO Jlgs i 5l oo o5ly .a50gr sa ools auseis
plo a4 1) 58 5 e alax 5l condie Olaass (yloy slil)o ;o g 00gad Laas 1 095 15 o a8ly OYLewe &L S
6|).u 6‘ o)).[ C‘}A‘ )‘ 6‘ o)).] ula)la o )‘0)9.‘;).3 G:Yb w.o.ﬁ‘ )l > )...sl_vo ).H.M.a_v 9 @L..JLH..: 9 u.!‘ )‘ J)L.\.....s
slaSlas T b gl cnl 0 a5 (oo eolitnl (e gl ) (ol e la)lSle 5 Llyd eogs
b JBSLe i 299 5y 5 50 e g axlllan 990 009u2s 13 i pbs (sTo) ) dhafie (59, 2 ST

i by, Y
Slos ) laosls 51 S0 slo g, g Dlasle (5 uSojlail b aS aiziws lo ) sboosls 51 olizt slos ) slo ,Silis

oloy ol 3 wiads (Byme 1AV ams Llgl 5o (gloj ) pmads 5l (i Glgie 4 slojy) sla KLt anlse Cemoy
Olnl M (65550 iy ghaiie S iy ool o [V] el aciloe g iie waz gla LA 1 5l
s ohis an eyl dloz 3l gl 03] ,Silis iz, () USE).con] sdmlie LB Sas [lislo a5 5 0 sl
380 siladan g (plolid a5 (Buiod Ban @ 4z g5 b (g Crimen g (gl i uilS 8 Gl uginS (g S
003, oyt 35 61 03 adae (g5, 1 5 (o yme B, Sl 51 A o sl 0y ,8 B! eansl Kbyl il 5
S8l 51 5 leme 575 s a3 o o ile (Y JS8) ol o oy 15 550 i sl T e lee 5

peal S S8b ple> zl il a4 aS cl pgal 310y a0 wied a8 1l G e e pl sl pgal SO



Yo

Cog |, e P Ty ped S jo A LSy glidg) polde Gz glo oS 5 Sleds sl [V]a}loﬁsa
Gl 558 5 hand sl 03,0 (sloslayg, 5 ool azels | S S s, (VAVT 5 5 S o) 25
WS s wls Vool 381 slazel 45 518 eS8, 9uws (oo Lis | yimdmoliyg, (Stwgn b Kiwgm 85 (oo
Wgd oo olalid Ll b () @ sl o5 )5 Az slagtl s lriali b g oS osins LS ol s
bz il BV] S liscial 5 ol )5 o 3T dilate o5 1) ey sloan T3 1 am0 o 0312l pua 4y
397y fm Calid sl owlid Siw (3 (ol Sl )0 B e £5 G el B Sl i
slo (S omnd 9 (Ol 83 L blie L)la (Sasih adlate SO (0l (iS5 ()il L) S 9,000
el el GB5L oo b (S o 5l g sl JuKw (ol alasd (65,5l soimo ylas bg [£] 0l b K
oo ol (S 85 gl S S (aesetd sl o)) e 555 sl b Lot e S0l S Gl 42 [0]
S 10 Sl pass o  Kiogisb 30,5 a0 ,S5Las (ol [V] el outo ol Jlgins Lol (sl 0,0 (635,95 Ll

[0] el e JIs5 sloj o 5 Sidss Sl cmgusy 50 i o oS puulis

SW XLine 288 NE
XLine 288
IL 396 396 396 396 396
XL 101 201 300 400 500
| | il | |
V] 2 =3
——2000.00
1500.00
1000.00
-500- 500.00
0.00
-500.00
-1000.00
-1500.00
-2000.00
-1000
-1500
2000

$og0e sl o) ablie | (S5l pled N S5



\

SW XLine 288

swW XLine 288 NE

XLine 288 XLine 288
I 308 IL 396 396 396 396 308 )
XL XL 101 201 300 00 5o
53 | | h 4| | L
225000
oz 2000100
1750.00
B 025 1500.00
B — i
e 0,00 1250.00
B00- PO i 525 500 1000.00
e -0.50 750.00
s wﬁs = S -0.75 500.00
7 S -1.00 250.00
B o
Oy ST m— g
;z-'q_ A X —
1000 W N -1000-|
N R DN RS
RADA . 3
PR} pe ¥ N
{500 ,\"W ; -1500-|
7@«2 5 a N R s
:‘(m =
:a'”' >
-2000 A -2000+
XLine 288 XLine 288
sw Xline 288 NE sw XLine 288 NE
L 3% L 396 306 366 396 398
XL <

500 XL 101 201 300 400 500 z

0.10
008 580
0.08 0.80
0.07 0.70
-500— 0.06 -500 0560
0.05 050
0.04 0.40
0.03 0.30
0.02 020
I 0.01 0.10
14 0.00 0.00
-1000 1000
™
.
‘-
.
BELLE A Wi -1500
L]
(i1
¥
T}}J D! n
20001 A ..nL‘ ok, A -2000—{ReShgtt S _

Sl o3 il (0 g s S B s Slaz o s Sl (7 56 wginS (2 (dﬂ‘ Sl ez ¥ S
Sz ¥
G gt ;S0LES 50 lb (gge; sl Jlg5 sloj e Slyess Jdo @ Gl co (i YU polie (hgy LS )
OLS (Sowsnl 5 (Kidu ) o0 5 ol oanlive BB g0 4 (L23,08 (528,5 Ha po oo b oanlil (Siwsy
Sl Lls b (S 05 (8L glas 4z g5 b S 1 o Slas pen ey il ;0L ) el gy Y s3]
(g alimd LS 3 Sles 3T 40 getenl 0ils )T jalaze 00 S y,s sl itle Lo 5l T Sl ol e iigel ey
(8 e Rl g Goe (Al L Lel ] 5 00lis (il (il B 4 azr i b Seod Jlisls (el oy Ges 50

&L

1. Badley, Michael E.(1985). Practical seismic interpretation, International Human Resources
Development Corporation, Boston.

2. D.Subrahmanyam, P.H.Rao (2008). Seismic Attributes- A Review. 7t International Conference
and exposition on petroleum Geopgysics. P398-404.

3. Haralick, R.M., Shanmugam, K., Dinstein, I. (1973) Textural features for image classification. IEEE
Transactions on systems, man, and cybernetics, 3(6), 610-621.



Yy

Hudec, Michael R. Jackson, Martin P.A.(2007). Terra infirma: Understanding salt tectonics, Earth-
Science Reviews,82,1-28.

Safarpour, M., Riahi, M. A., Rahimi, M., 2023. 'Integration of Seismic Attributes and Wellbore Data
of Ghar Formation in the Hindijan and Bahregansar Qilfields', Iranian Journal of Oil and Gas
Science and Technology, 12(2), pp. 13-39. doi: 10.22050/ijogst.2022.336225.1634

Taner, F. V. Volpi, and U. Tinivella., (2001). Gas hydrate physical properties imaging by
multiattribute analysis-black ridge bsr case history. Marine Geology J., 178, 197-210.

Taner, M T. Koehler, F, and Sheriff, R E,. (1979). Complex seismic trace analysis. Geophysics, Vol
44, pp. 1041-1063.

Rahimi,M., Riahi, M. A., 2022. Application of instantaneous amplitude and spectral decomposition
to determine the location and thickness of a hydrocarbon reservoir. Bulletin of Geophysics and
Oceanography. DOI 10.4430/bgo00402.

Zeng, H., Backus, M., Barrow, K., Tyler, N. (1998) a: Stratal slicing, part |: Realistic 3-D seismic
model. Geophysics, Vol. 63, 502 — 513.



FO-YA amivo AF+Y cyage 1Y ks SLIGST S5 a3 055 i lod (o Y Lo 4 oo

(o dwaid 1 Ll 15U g (o g Kb 05190 Jabio slo ar¥ (g, LiS Lo ks
9 bl oy OleMbl ( oy Jow jleslawl b )b sl 50,95
2 33955

"o stllone gl d et Lo,

G pdg; o)) i lizsT Cy o’
lo mpbo Cigleo codi SLEST g e

PRV

o2 Sy o2 plS T el Sl (903 Loy (ST a S 355 0 008 9 ()1 sla ()

S U sl o suil 5 s ol el ap aae 225 ol uSish e Sl
OrelS ey Sl ) Kgm) sl 2o ads> LSAS crge 9 0005 (pre-Hormuz sediments) o 2
YU 4y 9,0 blas 3l oan )0 50,8 Sad ¢ Halokinesis o138 o SCdg5e8dl (6,10 0m, (slaiyl 51 a5) o
Slgur, yiin s el jhogs Blibl o (mini-basins) >S5 slo asg> slbul b g 00,5 ol
S ilize zgo Job g bl b glo uaaBl (o 315 nsSS Jolie 5o sl ond Ll o SS5eally
oSy iy ilie (sl 2 gy (350 Shm i S5 T ol LY 5] S, o sl oo
Sooliwl b lo asjlo Slueal cpl jo olin 5 s8oe Sed sbbasS 3l ol Jlegl 5925 o]
b )Ll onl (615 05, DleMbl g (culids oy Sleiulo 3 g (Slos (Sl (g o sl Arnzr o lojl ol

wlodgeld (g3l Jow |,
dwle amz> (53l Joe oy Stad (o S5 0 565 JlaSgeiion (slo izl s guadS’ sboojly

Structural analysis of detached layers (especially Hormuz salt) and their effect on the
folding geometry of Fars region using experimental model, geological and geophysical
information.

Reza Shams' and Iraj Abdollahie Fard"

'0il Exploration Management, Geophysics Department

¥ Oil Exploration Management, Vice President of Projects
Abstract

The Fars and Hormuzgan Zones is eastern domain of the Zagros Belt which characterized by
the outcrops and sub-crops of Precambrian-Cambrian Hormuz Salt. Deep-seated extensional
faults played a major role in controlling the distribution and thickness variations of the Hormuz
series and played important role in triggering and localizing the salt walls and diapirs This
suggests that part of halokinesis could have been localized along the Precambrian-Cambrian
extensional faults. Differential loading is the most probable principal mechanism for initiating
and driving halokinesis in the Hormuz Salt Basin in Early Paleozoic. Therefore, it is expected that
dissimilar types of the earlier salt related structures have their own influences on the geometry of
present-day structures. Therefore, objective of this study is understanding role of the Hormuz Salt
as basal décollement on long term sedimentation and relatively short term shortening happened
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by the Zagros Orogeny. Most of the folds in this study area are mainly folded on the Hormuz salt
detachment with NW-SE trend and variable sizes. Almost all the asymmetric anticlines in the
study area are SW verging.But there are some folds whit unconventional shape whit one or both
narrow and linear plunges. We used sand box modelling technique for better understanding
geometry of the hidden earlier structures which were masked by the Zagros Orogeny.

Keywords: Hormuz salt, Zagros Belt, sand box modeling, sigmoidal structure
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A Hybrid CNN-LSTM Deep Learning Framework for Porosity
Prediction in Carbonate Reservoirs

Amirreza Mehrabi!, Majid Bagheri?, Majid Nabi Bidhendi?, Ebrahim Biniaz Delijani',
Mohammad Behnoud'

!Department of Petroleum Engineering, Science and Research Branch, Islamic Azad University, Tehran,
Iran.
’Institute of Geophysics, University of Tehran, Tehran, Iran.
ABSTRACT

Porosity estimation in carbonate reservoirs is crucial for hydrocarbon exploration and
production. Traditional methods for porosity estimation, such as empirical correlations and
geostatistical techniques, often rely on limited geological knowledge and may not capture the
complex relationships between porosity and various geological features. This research aims to
develop a novel hybrid Convolutional Neural Network (CNN)-Long Short-Term Memory
(LSTM) deep learning framework for porosity prediction in carbonate reservoirs. The proposed
framework aims to leverage the strengths of both CNNs and LSTMs to capture both spatial and
temporal patterns in well log data, thereby improving the accuracy and reliability of porosity
estimation. The combination of CNNs and LSTMs in a deep learning architecture allows for the
efficient extraction of both local spatial features and long-term temporal dependencies in well log
data. The model prediction performance improved from 0.67 (for MLP) to 0.98 for LSTM,
indicating the accuracy of the model. The results suggest that the CNN-LSTM model can
accurately estimate porosity in heterogeneous carbonate reservoirs, and its ability to capture
spatial and temporal dependencies makes it well-suited for modeling complex geological systems.

Keywords: Carbonate, porosity estimation, deep learning, CNN, LSTM, well data

INTRODUCTION

The reservoir characterization in carbonate reservoirs is challenging due to their complex pore
structures and inherent heterogeneities. Porosity is determined by core analysis, well logs, and
seismic data[1, 2]. Core analysis is considered the most reliable method for determining porosity
because it directly measures pore space. However, core analysis is expensive and time-
consuming. Well logs indirectly measure porosity by analyzing rock's electrical, acoustic, or
nuclear properties. The most common well logs for porosity estimation are neutron, density, and
sonic logs[3, 4].

Numerous studies have utilized machine learning algorithms, such as support vector machines,
random forests, and artificial neural networks, to predict porosity in carbonate reservoirs[5].
These methods have demonstrated promising results by incorporating well-log data, seismic
attributes, and geologic information[6]. Although machine learning has been used in reservoir
characterization, the complexity of the data in carbonate reservoirs requires more advanced
techniques to extract meaningful insight. Therefore, recent studies have focused on hybrid
machine learning and deep learning to improve the prediction accuracy of machine learning[3, 7].

This work presents the hybrid deep learning model for porosity estimation in heterogeneous
carbonate reservoirs. This hybrid architecture harnesses the strengths of both CNN and LSTM
networks, enabling the capture of spatial and temporal dependencies in the input well data. The
proposed method lies in its ability to learn a representation of the complex data pattern and
structure that is specific to the heterogeneous carbonate reservoirs. The porosity estimation
problem is formulated as a regression problem, where the input is a well log, and the output is a
core analysis porosity. The input well log can be preprocessed using CNN layers to extract
relevant features, followed by LSTM layers to model the spatial dependencies within the dataset.
The final output can then be generated using a fully connected layer. The input to the CNN-LSTM
model is a sequence of log measurements, and the output is the predicted porosity value. The
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input data includes Gamma ray (GR), travel-time (DT), NPHI, ROHB, LLB logs, and core
analysis data from a carbonate reservoir. The CNN-LSTM model was implemented using the
TensorFlow platform in Python language programming. The model's hyperparameters such as the
number of hidden layers and epochs, learning rate, and batch size were optimized using the Keras
Tuner library's optimization framework.

Methodology

The study utilizes a comprehensive dataset comprising well log data and core data from
carbonate reservoirs. The hybrid CNN-LSTM model developed for porosity estimation in
carbonate reservoirs consists of two main components: a CNN for feature extraction and an LSTM
for capturing temporal dependencies. The porosity estimation with hybrid CNN-LSTM Deep
Learning Framework can be summarized as follows
e Data Preprocessing: collect and normalize the data.

e Feature Engineering: Extract relevant features from the well-log data.

e Data Splitting: Split the dataset into training, validation, and test sets.

e Training Initialization: Initialize batch size and the number of epochs.

e Training and Validation: Train the hybrid CNN-LSTM model on the training set.

e Model Evaluation: Calculate porosity estimates using the trained model.

e Result Analysis: Analyze the model's predictions compared to actual porosity values

The CNN is designed to learn and extract relevant features from the input well log data,
capturing spatial relationships and patterns indicative of porosity variations within the reservoir.

The outputs of the CNN are then fed into the LSTM, which is responsible for capturing the
temporal dependencies and generating the final porosity estimations. The LSTM network is
designed to effectively model long-term dependencies and sequential patterns within the input
data, enabling the model to learn and predict porosity values based on the complex interactions
among the petrophysical properties derived from the well logs.

The CNN-LSTM architecture (as shown in Figure 1) was specifically formulated for the
regression prediction problem, where the goal is to estimate continuous porosity values based on
the input well data.

CNN-LSTM architecture

Dense

CNN Layers LSTM Layers
Layer

Qufput
Layer

Normalize \ L a1, - o<t

input 3 &b,
< i 1) [Ta @
i Y ;;p E S Clml |

Figure 1- CNN-LSTM model architecture

The architecture consists of a 1D convolutional layer followed by a max pooling layer,
an LSTM layer, a dropout layer to prevent overfitting, a time-distributed dense layer with
a sigmoid activation function, and a flatten layer followed by a dense layer with a linear
activation function. We compile the model using the Adam optimizer and mean squared
error as the loss function, and train it on the training set for a specified number of epochs.
Also, we use Multi-Layer Perceptron (MLP) neural network as a conventional machine learning
model to compare the results of the proposed hybrid deep learning model. MPL is an artificial
neural network consisting of multiple layers of interconnected nodes, each representing a
mathematical function.

Prior to model training, extensive preprocessing is performed to clean and normalize the well log
and core data. This includes handling missing values, scaling features, and ensuring data
consistency to facilitate effective learning by the CNN-LSTM model. The well-log data includes
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Gamma-ray (GR), compressional sonic travel-time (DT), bulk density (RHOB), neutron porosity
(NPHI), and deep resistivity (LLD), as shown in Figure 2.
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Figure 2-Well log data

The hybrid CNN-LSTM model was trained and evaluated using well dataset, including well logs
and core data.

Results and Discussion

We first used the MPL neural network to train a dataset of well-log data and corresponding
porosity values to learn the relationship between these variables. The input layer of the network
receives the well log data as inputs, which include measurements of gamma-ray, sonic, neutron,
resistivity, and density logs data. The output layer of the network produces a predicted porosity
value. During the training of this model, the weights of the connections between nodes are
adjusted to minimize the difference between the predicted porosity values and the actual porosity
values in the training dataset. Once trained, the MPL neural network was used to predict the
porosity of new well-log data that it has not seen before. The performance of the MLP model is
shown in Figure 3.
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Figure 3- MLP model performance

The results of MLP model are poor as can be seen from the correlation coefficient between the
model and core data. The performance evaluation of this model shows MSE is 0.0039 and the
correction coefficient is 0.67.

We evaluate the model's performance on the testing set using mean squared error as the evaluation
metric. Figure 4 shows the performance of the CNN-LSTM model for the training and validation

dataset.
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Figure 4- CNN-LSTM model performance

As can be seen, A good fit is identified by a training and validation loss that decreases to a point
of stability with a minimal gap between the two final loss values. The coefficient of determination
(R-squared) to measure how well the model can predict the output values for CRNN is shown in

Figure 5.
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Figure 5- CNN-LSTM model prediction evaluation

The correlation coefficient between the CRNN model and the core data obtained was 0.98, which
shows excellent performance. Table 1 presents the comparison of the performance of both tuned

models.
Table 1- Performance comparison of MLP and CRNN model
Calculated parameter MSE R-Square
MPL model 0.00039 0.67
CRNN model 0.01342 0.98

The results showed that the CRNN model had a MAS of 0.01342, while the MLP model had an
average MSE of 0.00039. This indicates that the CRNN model was able to predict porosity with
higher accuracy than the MLP model.

CONCLUSION(S)

A hybrid CNN-LSTM model is proposed in this work to predict porosity on real data from a
carbonate oil field in Iran. The model is a combination of CNN and LSTM, where well-logs are
used as input, and core porosity is estimated as output. The CNN is used to extract features of
high dimensional data, while LSTM can remember past inputs and model sequential data. The
performance of the CNN-LSTM model was compared with the MLP model in terms of mean
square error (MSE) and determination coefficient (R2) values. The hybrid model proved to be
highly effective in predicting porosity accurately in multidimensional spaces, achieving
approximately 98% porosity estimation in this study. The model could also handle complex
predictions of reservoir porosity by extracting relevant features and using gate control, such as a
forgetting gate. The correlation coefficient between the model prediction and core data improved
from 0.67 to 0.98, indicating the accuracy of the model. Compared to traditional MLP algorithms,
the CNN-LSTM model performed better, achieving higher accuracy rates with fewer model
parameters. The ability of the CNN-LSTM model to effectively capture and analyze spatial and
temporal patterns in well-log data makes it an ideal choice for porosity prediction tasks.
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ABSTRACT

We developed a deep neural network model to automatically implement velocity analysis from
semblance images, eliminating the need for extensive manual picking. Our method treats velocity
picking as an image segmentation task on input semblance images. We train a U-Net
convolutional neural network architecture using over 2000 common depth point (CDP) gathers
and corresponding picked velocity profiles to segment the semblance images into distinct velocity
regions. We optimize the model using techniques like sequence learning and customized loss
functions. When evaluated on test CDP gathers excluded from training, the model achieved 99.3%
accuracy in delineating the major velocity boundaries. This demonstrates the capability for high-
quality automated velocity picking directly from seismic images using deep learning.

Keywords: Velocity analysis, Deep Learning, U-Net, Encoder-Decoder

INTRODUCTION

Velocity analysis is critical for accurate seismic imaging and subsurface characterization.
However, conventional workflows rely heavily on tedious, subjective manual picking of velocity
surfaces on semblance gathers (Yilmaz, 2001). Automating velocity analysis could greatly
increase productivity. Recent advances in deep learning have driven adoption in many seismic
applications, including processing and interpretation tasks (Yu and Ma, 2021). However, few
published studies explore harnessing deep learning specifically for automating core seismic
processing tasks like velocity analysis (Yang and Ma 2019).

In this work, we demonstrate automated velocity prediction by formulating this challenge as
an image segmentation problem on input semblance images. We customize a U-Net convolutional
neural network (CNN) architecture to delineate major velocity boundaries in the semblance.

The encoder-decoder structure enables contextual feature extraction while the lateral
connections combine multi-scale information for precise velocity localization (Jégou et al., 2017).
We optimized the network training using custom loss functions with added regularization and
velocity matching to improve convergence and accuracy.

When evaluated on unseen land surveys, the method achieves over 99% pixel-wise accuracy
in predicting velocity labels from the input semblance images.

Methods

We formulate velocity prediction from semblance images as a pixel-wise semantic
segmentation task. This model is based on the U-Net CNN architecture which follows an encoder-
decoder structure (Ronneberger et al, 2015). The encoder progressively compresses the input
image into lower resolution feature representations, capturing useful contextual information. The
decoder then upsamples these features into a full-resolution segmentation map, enabling precise
localization of velocity boundaries.

Inputs velocity curve ground truth
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Figure 1. Formulation a semantic segmentation task. Input semblance with velocity picks (left) and
output categorical velocity mask (right).

We recast velocity picking as image segmentation (Figure 1), therefore, the model predicts
velocity regions directly from input semblance.
Training Strategies
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Various strategies were explored to enhance model accuracy:

- Network Architecture: We experimented different U-Net depths, including 3 and 4-level
encoders, varying filter and Kernel sizes to balance feature learning capacity and
overfitting risk.

- Input Configuration: We tested single semblance images vs sequences of depth frames.
Sequence inputs better encode velocity consistency but require more data to prevent
overfitting.

- Loss Functions: We designed custom hybrid loss terms, combining pixel-wise cross
entropy (CE(p(x;0),y)) with regularization penalties like Tikhonov smoothing (« ||L v||3)
and velocity matching (A ||vpyeq (x; 8) — Ve (x)13) metrics.

Smooths velocity predictions to prevent unrealistic fluctuations:
L(6) = CE (p(x;0),y) + allLvll} (1
Here, a is a hyperparameter controlling the regularization strength. The regularization term
penalizes first-order differences between predicted velocities, promoting smoother trends.

- Velocity Matching Loss: Incorporates regularization for agreement between predicted
and true velocity trends:
L(®) = CE (p(x;0),y) + A ||Vprea(x;0) — vTrue(x)Hg ()

Here, A is a hyperparameter controlling the strength of the regularization term. The
regularization term focuses on overall patterns, reducing sensitivity to local variations. Fine-
tuning the coefficients (o and A) significantly improved training stability. The final U-Net
configuration is depicted in Figure 2. key hyperparameters summarized in Table 1.

Figure 2. The final optimized U-Net architecture used for velocity prediction.

Tablel. The optimized U-net model Key hyperparameters.

Variables Loss Validation Validation
data Accuracy

U-Net 20.1 M CE (p(x;0),y) + a ||L v||3 10%
+24 |vpreq (x;8) — vTrue(x)HZ

The network trained on a dataset of over 2000 CDP gathers, with 80% for training, 10% for
validation, and 10% as an unseen test set. Model parameters were optimized by minimizing a
hybrid cross-entropy segmentation loss along with custom regularization penalties.

Training Analysis

To analyze model performance, we visualized predictions on sample training CDPs (Figure
3(a)). Strong agreement between predicted and true velocities was observed, with velocity
differences <50 m/s. We also assessed lateral consistency on full velocity sections (Figure 3(b)).
The predicted trends match major patterns of true sections. Velocity differences are small,
highlighting accurate predictions.



of

Test Analysis

To evaluate generalizability, we analyzed model predictions on unseen test CDP gathers
(Figure 4). The predicted velocity profiles show strong agreement with the true manually picked
velocities. This demonstrates the model can accurately estimate velocities even for new seismic
lines excluded from the training data. When aggregated over multiple adjacent CDP gathers, the
predicted sections match the major patterns and trends of the true velocity surfaces. Minor
smoothing of some local variations is observed, but key boundaries are delineated. By effectively
learning robust velocity relationships from the training data, the network translates well to unseen
CDP gathers.
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Figure 3. a) Left: Predicted velocity (red), true manually picked velocity (Black), Right: velocity difference for sample
CDP gathers from the training dataset., b) Full velocity section of model prediction on training CDP gathers of line
1201. Top: True manually picked velocities. Middle: Predicted velocities. Bottom: Difference.
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Figure 4. The predicted velocity profiles on semblance gathers for 9 representative CDP sections. This seismic
line and its CDP gathers were intentionally excluded from the training dataset to assess the model's ability to
generalize to unseen seismic data.
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The uncertainty map in Figure 5 provides useful insights into regions where the velocity
predictions may require additional QC. The uncertainty stems from areas with ambiguous seismic
signatures where the model has lower confidence. Focusing manual QC efforts on these high
uncertainty zones could enable efficient quality control.

Predicted Velocity section of Inline 911

100 200 200 400 500 60 700 800 900 1000 1100
Trace Number

Figure 5. Left: Full velocity sections of model predictions on test CDP gathers (Test Line). Right: Uncertainty map
Jfor velocity predictions on the test seismic line. Warmer colors indicate higher uncertainty in the predicted velocities.

CONCLUSION(S)

In this work, we presented a customized deep learning model for fully automating velocity
picking from seismic data. By recasting the velocity picking problem as an image segmentation
problem on semblance gathers, we can leverage CNN architectures to accurately classify pixels
into distinct velocity regions with only light QC needs. Our model achieves real-time velocity
prediction per CDP gather. The proposed DL workflow has the potential to greatly increase
productivity for velocity model building in seismic processing.

In comparison with the traditional manual velocity picking, this method provides a dense
picking of velocity in temporal and spatial direction leading to more accurate and resolvable
velocity, this method also needs much less time as it leverages high performance GPU computing.
For the QC purpose, however, we need a finite number of control points, so we can extract knee
points of the predicted trend which with an uncertainty map extracted from the DNN model serve
the requirements for quality control and manual correction purpose. This method also serves as
a demonstration case study for injecting deep learning approaches to augment traditional
geophysical techniques.
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ABSTRACT

Deep Learning (DL) is the state-of-the-art Machine Learning (ML) technique which is widely
deployed in academia and industry. DL allows automated identification of complicated patterns
in large data sets (“big data”). Since the seismic data can be treated as image, there have been
many successful applications of DL in this field. In this study, we focus on DL in seismic
interpretation, specifically seismic object detection. We present the application of the CNN
technique to classify gas chimneys from shallow sediments containing gas. These sediments show
similar characteristics as gas chimneys in selected seismic attributes used in conventional ML
classification methods. Our work showcases deep learning's exceptional capacity for spatial
relationship modeling, enabling accurate seismic object detection even in complex cases where
conventional machine learning approaches struggle.

Keywords: Deep Learning (DL), Convolutional Neural Network (CNN), Gas chimney

INTRODUCTION

Deep learning (DL) has emerged as a powerful machine learning technique for automatically
identifying complex patterns in large datasets. In recent years, there has been rapidly growing
interest in applying DL across many domains, including for analysis of seismic data. Our text
mining analysis on geophysics journal articles shows the exponential increase in DL-focused
studies, underscoring its importance for the community (Figure 1).
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Figure 1. Change rate for ML and DL topics based on numbers of papers by titles including ML and DL as keywords

While DL has enabled breakthroughs in seismic processing and interpretation tasks like salt body
delineation, we focus here on a persistent challenge of accurate detection of seismic chimneys.
Specifically, conventional machine learning methods struggle to reliably separate chimney
signatures when surrounding shallow gases or undesired features that have similar attributes
(Figure 2).

In this work, we showcase the value of convolutional neural networks (CNNSs), a specialized DL
architecture, for learning spatial relationships to address this limitation. We train CNN models on
seismic sections labeled for chimney presence to implicitly capture morphological chimney
characteristics. Our results demonstrate enhanced chimney localization accuracy compared to
standard neural networks, particularly in regions with interfering shallow gases. This highlights
the effectiveness of DL for seismic object detection in complex scenarios requiring contextual
understanding.

By improving chimney recognition, our work enables better characterization of near subsurface
fluid migration pathways and associated drilling hazards. More broadly, this serves as an
exemplar case for leveraging modern deep learning to augment spatial pattern recognition within
seismic interpretation.
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Figure 2. The North Sea Posterior probability of “chimney” class example by Hashemi et al. 2008 (left) and Gulf
of Mexico Example Posterior probability of “chimney” by Aminzadeh et al 2001 (right). In both cases, the presence
of shallow gases has been identified as a weak point in the chimney detection method within the gas chimney class.

Gas chimney detection

In gas chimney detection, the classical supervised ML models such as the multilayer perceptron
(MLP) are most commonly used (Heggland et al., 1999; Meldahl et al., 1999), which use a set of
attributes as input data. While conventional machine learning has shown some promise for gas
chimney detection, fundamental limitations remain in tracking chimneys to the seafloor.
Engineered seismic attributes serve as input for classifiers, but these have difficulty fully
separating chimneys from surrounding shallow gases that exhibit similar seismic properties. As
shown in Figure 2, results from supervised learning chimney detections demonstrate this
shortcoming. Predicted chimney probability volumes in the North Sea and Gulf of Mexico
indicate an ambiguity clearly delineating a continuous chimney path near the surface. Overlapping
signals from co-located shallow gases obscure the chimney conduit.

The convolutional layers in a CNN classifier act as an attribute generator. Thus, CNN-based
classification has the same classical meta attributes seismic object detection workflow which
attributes have been generated in convolutional and pooling layers of a CNN structure. In the
classical multi-attribute approach, the attributes are meaningful and basically compute a physical
seismic property. But CNN attributes are computed by simple mathematical operators, and
therefore have no geophysical implications. CNN does not require a selection of attributes to
work. Instead, it uses a large amount of training data to assign the given inputs to specific labels,
e.g., object and background in seismic object detection.

These limitations show the need for more advanced approaches. In this study, we apply a
convolutional neural network (CNN) which can learn optimal attributes tailored to gas chimneys
while modeling spatial context absent in classical methods. We demonstrate this approach on the
same North Sea F3 block where classical supervised ANN model struggled with ambiguity near
the surface (Figure 3b).
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Figure 3. a) A section from in-line 130 of F3 seismic data (F3 block in the Dutch sector of the North Sea).
Yellow picks are shown chimney class and blue picks are shown “non-chimney” locations, b) Posterior
probability of “gas chimney” on this section, obtained from classical NN

As can be seen in this figure, the posterior probability of gas chimney in this section includes
three main areas where the shallowest part is shallow sediments containing gasses (gas packet),
the second area is a vertical zone from the bottom to the surface that is a dominant gas chimney,
and the third part in the bottom section is a dewatering zone that has been classified into chimney
class. In other words, the areas with low similarity are classified as gas chimney class, such as
shallow sediments containing gas.

As mentioned earlier, CNN does not require an attribute generation process and can be applied
directly to seismic amplitude data. Successful implementation of a CNN classification task
requires a large number of labeled training samples. However, feature engineering can help reduce
the amount of labeled data needed for training (Puget et al., 2017). By utilizing appropriate
features and engineering techniques, it may be possible to decrease the amount of labeled data
required for training. For example, pre-trained CNN models like ResNet and transfer learning can
be used to train a model on a large dataset and then fine-tune it for a smaller dataset.

In gas chimney detection the number of labeled training samples is limited. To tackle this issue,
we use a special input to our CNN classification strategy here. We use two seismic attributes
similarity and signal-to-noise ratio with seismic amplitude for input. Therefore, each input data
sample is a small patch of seismic amplitude, similarity and signal to noise attributes centered on
the sample to be classified as a chimney or non-chimney. We extended the picked points in both
chimney and non-chimney classes by 12 samples in the crossline direction, and by 24 samples in
the time direction on either side of them. This created a 2D patch with dimensions of 25x49,
centered around the selected point. Figure 4 shows the schematic of the architecture of our CNN
model for chimney detection. Table 1 describes the specifications of the training phase.
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Figure 4. The schematic of Deep Convolutional Network used to classify gas chimney.

Tablel. Specifications of the training phase.

Number of Initial Learning rate Batch size Optimizer Training Validation
epochs accuracy accuracy
45 1073 32 Adam 95% 93%

Figure 5, shows the final classification result using an eleven-layer CNN model architecture
trained using 2D patches with multiple sequences for gas chimney detection. The CNN output is
superimposed on the seismic section in Figure 3(a), where the gas chimney is well detected. As
can be seen in this figure, non-chimney positions such as shallow gases and dewatering areas,
were correctly distinguished from chimneys.

400 500  6QGossA@ 800 900 1000 1100 1200

Figure 5. The Posterior probability of “gas chimney” overlaid on the seismic section figure 8,
obtained from CNN classification.

CONCLUSION(S)

In this study, we showcased how DL can elevate challenging seismic object detection tasks,
particularly in scenarios demanding spatial context understanding. Our focus was on accurately
classifying chimneys in shallow gases using CNNs trained on labeled sections that capture
chimney morphology. With limited training data as a constraint for geophysics applications, we
boost efficiency by integrating seismic attributes into the input representation. Overall, deep
learning holds promise to augment spatial pattern recognition within interpretation, performing
where traditional methods falter.
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ABSTRACT

Oil spills pose significant threats to marine ecosystems and coastal environments, necessitating
effective and timely cleanup methods. This article provides a comprehensive review of various
oil spill cleanup techniques, highlighting their advantages, limitations, and recent advancements.
The methods discussed encompass mechanical, chemical, and biological approaches, each with
its unique set of challenges and successes. As environmental concerns grow, it is crucial to
evaluate the efficiency and sustainability of these cleanup methods to mitigate the impact of oil
spills on our planet. It will be discussed that a holistic approach that integrates multiple cleanup
techniques and considers the long-term ecological consequences is essential for developing robust
strategies to safeguard marine ecosystems and coastal areas from the detrimental effects of oil
spills.

Keywords:
Oil spills, cleanup methods, environmental impact, mechanical methods, chemical dispersants,
biological remediation

INTRODUCTION

Oil spills, whether from industrial accidents or maritime disasters, have devastating
consequences on marine ecosystems. The urgency to develop effective and environmentally
friendly cleanup methods has led to continuous advancements in the field. This article explores
various approaches employed for oil spill cleanup, evaluating their efficacy and environmental
implications.

Mechanical Methods:

Mechanical methods represent a frontline defense in the battle against oil spills, employing
physical means to swiftly and efficiently remove oil from the water's surface. Among the widely
adopted mechanical techniques, booms and skimmers stand out as stalwart tools in the arsenal of
oil spill responders.

Booms, long barriers made of materials designed to repel oil or absorb it, are strategically
deployed to contain the spread of spilled oil. They act as a floating barricade, preventing the oil
slick from extending further and confining it within a manageable area (Minh et al.). This
containment not only prevents the oil from spreading to unaffected regions but also facilitates
subsequent cleanup efforts.

Skimmers, on the other hand, are mechanical devices that literally skim or suction the oil from
the water's surface. These machines work efficiently to collect and recover the oil, separating it
from the water (Dhaka and Chattopadhyay). However, the effectiveness of booms and skimmers
can be compromised under challenging conditions, such as adverse weather or when dealing with
highly viscous oils (Yajvinder Saharan et al.).

The limitations of traditional mechanical methods have spurred innovation in the field, leading
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to the development of cutting-edge technologies. One notable advancement involves the
integration of autonomous robotic systems into oil spill cleanup operations. These robotic
systems, equipped with advanced sensors and artificial intelligence, offer a transformative
solution to the challenges faced by human-operated methods.

Chemical Dispersants:

Chemical dispersants, integral to oil spill response strategies, constitute a multifaceted
approach to mitigating the environmental impact of oil spills. These substances play a crucial role
by breaking down oil into smaller droplets, thereby facilitating microbial degradation and
accelerating the natural processes of remediation. The fundamental principle behind chemical
dispersants lies in their ability to alter the physical and chemical properties of oil, rendering it
more amenable to microbial attack (Zhu et al.). By breaking down the oil into smaller droplets,
dispersants increase the surface area available for microbial colonization and degradation,
expediting the natural breakdown of hydrocarbons and promoting a more rapid return to
environmental equilibrium.

However, the use of chemical dispersants is not without controversy. The potential toxicity of
dispersants to marine life has been a focal point of concern. While dispersants aim to mitigate the
environmental impact of oil spills, their chemical composition and interaction with marine
ecosystems raise questions about unintended consequences. Research has indicated that certain
dispersants can have adverse effects on aquatic organisms, prompting a critical examination of
their environmental footprint.

In response to these concerns, ongoing research endeavors are dedicated to developing safer
dispersants. Scientists are diligently working towards formulations that minimize ecological
impact while maintaining or even enhancing cleanup efficiency (Onokare et al.). This includes
exploring novel compounds with reduced toxicity and improved biodegradability, aiming to strike
a delicate balance between the immediate necessity of efficient cleanup and the long-term
preservation of aquatic ecosystems.

The dichotomy between the urgent demand for effective oil spill cleanup and the imperative
to safeguard marine ecosystems necessitates a meticulous balancing act. Striking this delicate
equilibrium requires not only scientific innovation but also regulatory frameworks that ensure the
responsible and judicious use of chemical dispersants (Loh et al.). It underscores the importance
of a holistic approach where cleanup efforts align with the overarching goal of environmental
preservation.

Biological Remediation:

Biological remediation stands as a beacon of hope in the quest for sustainable and eco-friendly
solutions to oil spills. At its core, this approach relies on the remarkable capabilities of
microorganisms to metabolize and degrade oil, offering a nuanced and environmentally conscious
method for mitigating the impact of oil-contaminated environments. Bioremediation techniques,
which form the cornerstone of biological methods, have demonstrated significant promise in
effectively treating areas affected by oil spills, with the added benefit of being tailored for specific
oil types (Madan et al.).

However, the effectiveness of biological remediation hinges on a deep understanding of the
complex interactions between microorganisms and oil compounds . It is not merely a matter of
introducing microorganisms to an oil-contaminated environment; rather, it requires a nuanced
comprehension of the microbial ecology involved. Researchers delve into the intricacies of
microbial metabolism, exploring how different species collaborate to break down hydrocarbons
and convert them into less harmful byproducts (Singh et al.).
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The optimization of biological remediation strategies involves a continual refinement of
techniques to enhance the efficiency and reliability of the process. This includes investigating the
factors that influence microbial activity, such as environmental conditions, nutrient availability,
and the presence of inhibitory substances (Ganesan et al.). By deciphering these variables,
scientists can fine-tune the application of biological methods to various scenarios, ensuring their
effectiveness across diverse oil spill contexts.

The eco-friendly nature of biological methods aligns with the growing emphasis on
sustainability in environmental management. Unlike some chemical cleanup approaches,
biological remediation leaves behind minimal ecological footprint, promoting the restoration of
ecosystems in a more natural and harmonious manner (Bi et al.). This aspect of biological
remediation not only addresses the immediate aftermath of oil spills but also contributes to the
long-term health and resilience of affected environments.

In conclusion, biological remediation represents a dynamic and evolving frontier in the field
of oil spill cleanup. By harnessing the power of microorganisms, this approach offers a sustainable
and targeted solution to the complex challenges posed by oil-contaminated environments. As
research continues to unravel the intricacies of microbial interactions and as innovative techniques
are developed, biological remediation stands poised as a key player in shaping the future of
environmentally conscious oil spill response strategies.

Innovations and Future Directions:

Recent innovations in oil spill cleanup methods include the integration of artificial intelligence
for real-time monitoring and decision-making, as well as the exploration of nanotechnology for
enhanced efficiency in containment and recovery. The future of oil spill cleanup lies in
interdisciplinary collaboration, combining engineering, biology, and technology to develop
holistic and sustainable solutions.

Conclusion:

In conclusion, the multifaceted challenge of oil spill cleanup demands a nuanced and adaptive
approach. Mechanical, chemical, and biological methods each play a role in mitigating the impact
of oil spills, but no single method is without drawbacks. The quest for sustainable solutions
remains at the forefront of research, emphasizing the need for continuous innovation and
collaboration among scientists, engineers, and policymakers.

As technology evolves, the integration of robotics and artificial intelligence into cleanup
efforts holds great promise. Autonomous systems can navigate challenging environments and
execute cleanup operations with precision, reducing human exposure to hazardous conditions.
Real-time monitoring using Al enhances the effectiveness of response strategies, allowing for
timely adjustments based on dynamic environmental conditions.

Moreover, the development of eco-friendly chemical dispersants and the refinement of
biological remediation techniques underscore the industry's commitment to minimizing the
ecological footprint of cleanup operations. Striking a balance between efficiency and
environmental preservation remains a key challenge, requiring ongoing research and regulatory
scrutiny.

Looking ahead, a holistic and sustainable approach to oil spill cleanup will necessitate
international cooperation and standardization of cleanup protocols. Collaborative efforts can
foster the exchange of knowledge, expertise, and resources, ensuring that best practices are
adopted globally. Additionally, public awareness and engagement are crucial in advocating for
responsible industrial practices and stringent regulations that deter oil spills.

In summary, the quest for effective oil spill cleanup methods is a dynamic and evolving field,
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marked by continuous innovation and a commitment to environmental stewardship. The
challenges posed by oil spills are formidable, but with interdisciplinary collaboration,
technological advancements, and a collective dedication to sustainability, we can strive to protect
our oceans and coastal ecosystems from the devastating consequences of oil contamination.
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ABSTRACT

The study utilized seismic refraction tomography to accurately visualize underground layers,
employing three arrival time calculation methods: expert user determination, Hatherly method,
and D-PAVT method. The aim was to explore automatic first-breaks picking determination
methods for scenarios with limited data or inexperienced researchers. The D-PATV method has
yielded satisfactory results when compared to the Hatherley method, often displaying the closest
resemblance to the expert user's output. In urban seismic refraction data acquisition, noise is
inevitable. therefore, in the proposed method for first-breaks picking, we first smooth the signal
with the powerful D-PATV method and then determine the start of the event with the derivative
of the results. It should be noted that since this method is based on derivation, it can only be used
in case of resources with minimum phase.

Keywords: First arrival times, Tomography, Seismic refraction, Method determined by user,
Hatherly method, D-PATV method

1-INTRODUCTION

Seismic signals are introduced using explosives, hammer blows, or elastic wave generators. The
energy travels directly through the upper layer or down through various layers before returning
(refracted arrivals). Geophones, spaced at regular intervals, detect this energy on the surface
(Anomohanran, 2012).

The seismic refraction method uses P-waves for depth information and S-waves for engineering
properties (Ayolabi et al., 2009). Ricker's 1953 definition of the first arrival times addressed issues
related to the change region and signal-to-noise ratio. However, manually selecting arrival times
from the first refraction is time-consuming. Computational methods for calculating the first arrival
times have been developed (Ricker 1953).

McCormack et al. (1993) correctly obtained the selection of first arrival times using a neural
network, while Ivanov and Miller (2004) modified the rate-energy algorithm. These algorithms
were studied using two sets of synthetic and real seismic data (Akram et al. 2012).

2-Methodology

Tomography evaluates velocity model compatibility with seismic data, offering high accuracy
through iterative updating. It excels in heterogeneous structures, enhancing resolution between
layers and reducing depth determination error. Seismic refraction tomography (SRT) predicts
velocity gradient and lateral velocity changes, surpassing traditional methods. SRT is valuable in
areas where conventional methods falter. This research aims to employ tomography to identify
subsurface layers and compare automatic vs. expert-determined first arrival times. The goal is to
assess the automatic method's suitability and accuracy, particularly for handling large data
volumes.

2-1-Hatherly method

Hatherly's method is a computerized method and scientifically it is a suitable alternative to all
kinds of manual processing methods. Studies have shown that the results of this method are
accurate and independent of changes in signal amplitude and signal-to-noise ratio (Hatherly
1982).
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1 n
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n j:l

In the above equation, n represents the number of traces, the time of each source and the time is
determined using quadratic interpolation between digital samples.

2-2-PATYV method (polynomial approximation and total variation)

This method is suitable for filtering any discontinuity in a low-frequency field, which is valid for
seismic refraction.

y(n) =s(n) + x(n) + w(n),n=1..., N 2)

Where s(n) is a polynomial of low degree, X(n) is one of almost uniform signals and w(n) is
Gaussian white noise. At the same time, to obtain X(n) and S(n), simultaneous polynomial
approximation and complete filtering (PATV) are proposed as follows:

A, +l ~Ga-x | )
The matrices of D, a, G, Y are as follows:
1 1. 1
Y1 1 2 ... 2d ag -1 1
Y=|:[,G=|1 3 ... 3d ,a[i],D= -1 1.
Y, O a -1 1

d
Matrix G is an N x (d + 1) Vandermonde matrix, D is N x (N — 1), and a is a vector of polynomial
multipliers (Selesnick et al. 2012). The role of A in formula (3) is evident when A approaches o
and 0. Small A values lead to irregular changes and noise estimation, while large A values result
in regular changes and quantitative estimation. Properly setting A is crucial for satisfactory results
(Selesnick et al. 2012). To solve the minimization problem (3), note that the minimization on a
can be explicitly expressed.

a=(G'G) Gy -x) 4
Substituting (4) into (3), the cost function in (3) can be written as:

TIAD ]y + (IH =013 5)

Where H defined as:

H=1-G(G'G)"1Gt (6)

If up = Dx and u; =X, thus Equation (5) is equivalent to the following optimization problem
TETIA ol + 1HE — w13 (M

X
In brief, for the simultaneous problem of polynomial approximation and complete changes

filtering, the changes can be identified using the iterative algorithm (8) and then a solution for a
can be obtained.

0.51
Uy < soft (Dx + do’u_o) 8(a)
b=x+d; . . 8(b)
ot
wy [+ b+ CEE 8(¢)
X < (1oD'D + iy D)7 (oD (up — dp) + (11 (ug — dy)) 8(d)
dg « dg(uy — Dx) 8(e)
d; «dy(u; —x) 8()
GO to 8a 8(g)

Note that the size of the (G'G)™! matrix must be dxd. Since the polynomial degree d is much lower
than the length of N, this is a small matrix (Selesnick et al. 2012).

3- Data acquisition and implementation of methods

In the eastern region of Iran, the geotechnical assessment of soil sediments is essential for the
design of wind turbines in a wind farm area. Covering an expanse of 8.2 square kilometers, the
study area encompasses a diverse terrain, transitioning from a flat plain to a mountain slope.
Seismic wave acquisition entails the utilization of a hammer (8 kg) on a steel plate (the dimension
is 20 cm x 20 cm % 5 cm) to generate a range of wave types. The vertical component of these
waves is then captured using 4.5 Hz geophones and a 24-channel seismograph system. In this
area, we have a large amount of seismic data, and our goal is to determine the first arrival time by
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choosing the most suitable automatic method.

4-Discussion and research method

In this study, arrival times were acquired through three different methods: 1- User determination,
2- Hatherley method, 3- D-PATV method. Subsequently, precise depth sections of the subsurface
layers were derived using SeisImager software. The first arrival times were obtained, followed by
inversion and the acquisition of the velocity layer model. Subsurface layer visualization, along
with the first arrival times of each image obtained through different methods, were then compared.
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Figure 3: Layered velocity model of seismic line No. 001 in the method determined by D-PATV

Distance

As you can see, the results of the layer velocity model (from Fig 1 to 3) obtained using three
different methods to determine the first arrival times are similar, but the D-PATV method and
user determination are more similar.

The results obtained from seismic line 002 indicate that the existence of a high level of noise has
led to the ineffectiveness of the Hatherly method but the results obtained from D_PATV and
Hatherly methods are very close to each other.

5-Conclusion

In this research, we obtained the first arrival times for several seismic lines by using three
different methods: determine by expert user, Hatherly, and D-PATV, and then we obtained the
seismic velocity cross section and the layer velocity model, which we briefly presented in this
article. And the obtained results showed that the D-PATV method is a suitable automatic
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method compared to other methods when we have a large volume of seismic data.
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Application of the Quantum Circuits in Geophysical Studies

"Mohammad Hassan Soleimani , “Mohammad Ali Riahi , *Mehran Rahimi

Abstract:

In today's era of information and scientific advancements, quantum circuits have emerged
as a fundamental development in quantum computing, providing new possibilities and
opportunities in various scientific and industrial fields. In this study, we have explored
the potential of quantum circuits in geophysics, particularly in the analysis of seismic data
and modeling with high speed and accuracy. By leveraging the unique abilities of qubits
in superposition and entanglement, these circuits can perform complex calculations that
surpass the limitations of classical systems. Additionally, this technology can enhance the
security of geophysical data. However, to achieve widespread adoption of this
technology, there are practical and technical challenges that require further research and
financial investments. This article is a step towards realizing this goal. In our research,
we introduced a quantum circuit with high potential in the classification of well facies,
which could lead to significant improvements in the field of geophysics in the future.
Keywords: Quantum Circuits, Geophysics, Seismic Data Analysis, Quantum
Computing, Qubits, Superposition, Entanglement, Classification of well facies.
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Exploring New Geophysical Technologies and Their Impact on Hydrocarbon

Resource Discovery
"Mohsen Mozafari , 2Majid Bagheri , 2Mohammad Ali Riahi, Mohammad Hassan Soleimani

Abstract:

This research examines the impact of recent advances in geophysical technologies on the
exploration of hydrocarbon resources. New techniques discussed include
multicomponent seismic imaging, airborne gravity and magnetic surveys, and the use of
superconducting gravimeters. Using advanced sensors and fiber optic technology, these
methods can provide more accurate data on underground structures and properties, which
play an important role in reducing exploration risks and increasing productivity. Despite
the remarkable progress, there are also challenges. This study shows that new geophysical
technologies have an important impact on the exploration industry not only technically
but also economically, and continued research and development in these fields is
important to advance science and technology.

Keywords: multicomponent seismic imaging, airborne magnetic and gravity surveys,
superconducting gravimeters, hydrocarbon exploration, geophysical technologies, and
optical fiber
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Optical Geophone

Shamseddin Esmaeili 1, Sameddin Esmaeili ?

!Razi university, Kermanshah, Iran, s.esmaeili@razi.ac.ir
’Geophysicist, National Iranian Oil Company (NIOC), samesm@gmail.com

Abstract

This paper describes a new single-component optical geophone. The oscillator system in this
geophone is based on the mass spring, and the readout system is based on the moiré technique.
A moiré pattern is formed due to superimposing of the two gratings structures. We used two
similar overlaid grids at a small angle, one of them is fixed to the frame of the sensor, and the
other one is attached to the suspended mass. Moiré pattern is illuminated with a laser diode. The
laser beam passes through the moiré pattern and a narrow slit and hits on a light detector. Due to
moving the oscillatory mass and the fringes movements, the light intensity on the detector varies
and is recorded as voltage. The obtained data is digitized and recorded by using a 16-bit ADC
converter. Comparisons with conventional geophone show that, in terms of both noise and signal
fidelity, the optical approach is quite viable. Our geophone was found to be compatible with the
reference geophone.

Keywords: Geophone, Moiré technique, Light detector, Laser diode
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Determining the Moho depth using Parker Oldenburg’s improved
method in the Zagros region

Raziye Safian Boldaji |, Vavid Ebrahimzade Ardestani 2

Institute of Geophysics, University of Tehran, Tehran, Iran
2 Professor, Department of Earth Physics, Institute of Geophysics, University of Tehran, Tehran, Iran

Abstract

The Moho discontinuity is the dividing line between the crust and the mantle. Several methods,
including the Parker-Oldenburg, Bot, and Euler methods, are used to determine the Moho depth.
The Parker-Oldenburg method’s results are based on inverse iteration, which yields the Fourier
transform. This algorithm’s great speed, which is due to its based on the fast Fourier transform,
is one of its important features. The Parker-Oldenburg method has greatly and largely resolved
the issue of the decrease in sensitivity to depth that exist in inversion of geophysical data and that
prevents us from having adequate resolution and precision in depth for investigations. The
MATLAB program was used to apply this approach, which is based on actual data from the
Mahalat area in the Zagros region. After modifications and re-gridding, the algorithm stopped
after 10 iterations, and The results were in accordance with the previous investigations in this area

Keywords: Moho depth, inversion, Parker-Oldenburg,
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Velocity Analysis by Model-Based Common Diffraction Surface Stack
Operator

Alireza Sadooghi'*, Hashem Shahsavani?

!PhD student, University of Kashan, sadoghmine.alireza@gmail.com
Associate Professor, University of Kurdistan, h.shahsavani@uok.ac.ir

Abstract

Velocity analysis includes searching for similarity values for velocities and times that are in a
desired interval. In the usual method, a common midpoint operator is used for velocity analysis.
The model-based common diffraction surface stack operator, which is an extension of the joint
midpoint operator, is used to estimate the velocity. First, a velocity model of subsurface layers in
Seismic Unix opensource software; It is built under the Linux operating system. Then, the seismic
data of the relevant model was taken with a special arrangement. Finally, the results of analysis
of velocity and discharge obtained from the two methods show well that in the proposed method,
relying on special processing technique and focusing more on the diffraction emitters, there is the
ability to determine the exact location of the reflector and the value of its velocity. has it. This is
while in the usual method, it isn't possible to determine the location of the reflector and its velocity
well.

Keywords: Velocity analysis, discharge, diffraction, velocity model.
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Magnetic inversion using deep neural network
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Abstract

Artificial intelligent is the latest approach to geophysical data inversion which is used to estimate
the size of anomaly and determine the depth and geometry of basement. In this method, the
relationship between the data and model space is determined by deep learning algorithms. To this
end, the learning network model is first designed and then trained. It should be noted that, a large
amount of synthetic data is needed to train the model. In the end, the trained model is used to
predict the real data. In this way, the deep neural network method was used to the inversion of
magnetic data. For the sake of the deep neural network (DNN) training, 200,000 synthetic data
were produced and then the DNN model was used to predict the depth of basement on a magnetic
data profile in the Bishop area. Meantime, the result was acceptable. To round of the discussion
in this article, the DNN model was used to predict the depth of sedimentary basin in the Central
Iran, which the results are correlated with the seismic interpretation.

Keywords: Artificial intelligence, magnetic inversion, deep neural network, basement depth
estimation.
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ABSTRACT

Considering buried channels as prevalent stratigraphic traps is indispensable in petroleum
exploration and drilling. This article presents a novel seismic attribute that employs the partial
area effect strategy to detect individual discontinuities, especially channel boundaries. We tested
the recommended method on a simulated time slice with meandering and branching sinusoidal
channels of different sinuosity and thickness and on field data sets from southwest Iran. We
evaluated the effectiveness of the partial area effect algorithm against well-known edge detectors
and seismic attributes. The results revealed that the designated algorithm could produce a more
accurate map of channel boundaries with reduced influence from random noise. Quantitative
validation tests, including localization error, precision, sensitivity, and error rate, likewise
confirmed the superiority of the proposed sub-pixel procedure.

Keywords: Channel boundaries, Classic edge detectors, Seismic attributes, Partial area effect,
Sub-pixel resolution

INTRODUCTION

Accurate characterization of underlying abnormalities, like channels, is necessary for seismic
interpretation. Buried channels, primarily composed of permeable and porous sediments
surrounded by impermeable rock units, are geomorphic features with the potential for
hydrocarbon reserves or drilling hazards (Karbalaali et al., 2018). Channels in perpendicular
seismic profiles are hard to distinguish due to their U-shaped appearances (Qin et al., 2017). The
extreme contrast in high-frequency components and significant changes in pixel intensity values
allow for precise identification of channel boundaries in horizontal slices (Boustani et al., 2020).
As aresult, image processing techniques should be able to delineate seismic discontinuities, like
channel boundaries, more conveniently. Many attributes and pixel-level edge measures have been
employed to facilitate automatic and semi-automatic seismic interpretation, especially channel
boundary identification (Chopra et al., 2011; Qi et al., 2016; Boustani et al., 2020). Seismic
attributes are primarily used to determine the discontinuities at the pixel level. A single pixel in
seismic data sets intersects a large area beneath the surface of the earth; hence, edge delineation
at the sub-pixel level will yield more helpful information. The necessity for more accurate edge
localization in industrial applications has prompted researchers to explore the concept of sub-
pixel edge delineation. The partial area effect (PAE) was first introduced by Trujillo-Pino et al.
(2013) to delineate edges in digital images with sub-pixel resolution. Lotfi et al. (2021) proposed
a unique seismic attribute according to the partial area effect concept to achieve more accurate
channel boundary depictions. In this paper, we investigated the capability of the PAE algorithm
with a gradient-directed window on synthetic and field seismic data sets to enhance channel
boundary delineation, especially edges with critical dips.
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METHODOLOGY

To optimize the performance of the PAE algorithm in the presence of unappealing features and
excessive noise, edge-preserving smoothness, as a combination of diffusion and median filters, is
an essential step in this context. The designed filter softens the uniformly intensity-valued pixels
and sharpens the geological discontinuities. Next, the gradients of the seismic picture have to be
efficiently identified using a two-dimensional mask in both the horizontal and vertical directions.
The projected gradients are used to calculate the slope signs of the seismic events for each pixel.
Based on the local gradient maxima, the edge nominees are identified. The direction and size of
the PAE window are determined for the local maximum points. The area under the edge curve in
each window is used to calculate the edge curve coefficients for the central pixel. Finally, the
determined edge positions with PAE coordinates are transformed into the image coordinates. The
suggested algorithm's flowchart is shown in Figure 1.
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filters directions .
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direction and size of the
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the local maximum

Figure 1. A flowchart showing how the PAE method is used to identify channel boundaries.

RESULTS AND DISCUSSION

It is crucial for seismic interpretation to correctly understand the borders of channels due to their
importance as a reserve target or drilling hazard. The PAE edge detector was applied to field and
synthetic seismic horizontal slices, covering channels of different widths and tortuosities. Finally,
the PAE technique was contrasted with some seismic properties (frequency, curvature, and
similarity) and traditional edge detectors (Laplacian of Gaussian (LoG), Roberts, and Sobel). With
a signal-to-noise ratio of 2, Figure 2a depicts the studied synthetic horizontal slice polluted with
Gaussian white noise. The produced ground truth is outlined in red. In Figures 2b—h, the capacity
of the PAE method to precisely identify channel boundaries in synthetic data sets is qualitatively
compared to the classic edge measures and seismic attributes. A horizontal slice from the field
data sets is shown in Figure 3a, with its binary ground truth highlighted in red. The visual
comparison of the proposed method and conventional pixel-resolution ones is shown in Figures
3b—h. As anticipated, the PAE edge detector lessened the effect of unwanted random noise and
enhanced the result of edge detection, especially in cases with very close boundaries. Although
the Sobel operator outperformed the conventional edge detectors, random noise significantly
impacted its performance. Of all seismic attributes, curvature performed the best by providing
maps with a higher number of valid edge points. Compared to the frequency attribute, the
similarity attribute was less affected by the undesirable random noise but recorded the channels
at a broader width. The 2D stacked column charts in Figure 4 demonstrate the superiority of the
PAE algorithm by revealing the lowest localization error and error rate, as well as the highest
precision and sensitivity.
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CONCLUSIONS

The PAE method can be a valuable tool for localizing channelized events due to the high-
frequency contrast at their borders. Several binary classification tests on the obtained edge
maps verified the PAE method's effectiveness. The recommended approach identified
channel borders in both synthetic and field seismic horizontal slices more accurately than
classic edge detectors and seismic attributes.
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Figure 2. Implementing several edge detection algorithms and seismic attributes on the synthetic time
slice: (a) The studied time slice infected by Gaussian white noise with a signal-to-noise ratio of 2. The edge
maps produced from the: (b-h) PAE, LoG, Roberts, Sobel, frequency, curvature, and similarity algorithms,
respectively. For quantitative evaluations, the red boundaries that were manually picked are used as the
necessary ground truth.
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Figure 3. Implementing different edge detectors and seismic attributes on the field time slice. (a) The
studied time slice from southwest Iran. The results obtained from the: (b-h) PAE, LoG, Roberts, Sobel,
frequency, curvature, and similarity algorithms, respectively. The manually specified red boundaries
provide the essential ground truth for quantitative assessments.
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Figure 4. The quantitative comparison of the PAE and other methods performed on the (a) synthetic, and
(b) field seismic time slices in 2D stacked column charts describing the localization error, precision,
sensitivity, and error rate tests.
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Elastic impedance based facies classification using support vector machine
and deep learning
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The classification of facies in seismic sections involves various methods; one of the most common is the
use of pre-stack inversion attributes. A support vector machine model was trained using the inversion
attribute and well log facies, followed by validation using a well process. In the next stage, a convolutional
neural network was employed, where 2D convolution processing was used to calculate feature maps on the
seismic section, and the regression process was carried out through neural networks. The regression output
was the same attributes mentioned in the support vector machine classification method. Subsequently, by
combining the convolutional neural network with a pre-trained support vector machine model, a new hybrid
model for facies classification was created. The validation accuracy of both models in classification was
estimated to be 93 percent.

Keywords: Inversion attributes, Facies, Support vector machine, Convolutional neural network, Hybrid
model.
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Seismic facies classification based on Neural Networks algorithm in
the Gorgan plain, Iran
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Abstract

The utilization of geophysical methods in hydrocarbon exploration has become essential to meet
the world's growing energy demands. Among these methods, seismic data remains the most
effective tool for hydrocarbon reservoir exploration. Seismic data interpretation is a powerful
technique for evaluating and studying geological structures; however, it encounters challenges in
cases of complex geology. The integration of artificial intelligence (Al) systems and the design
of a comprehensive knowledge base through data collection can optimize the decision-making
and seismic interpretation processes. This research employs artificial neural networks as an
intelligent and efficient method for seismic facies analysis. Artificial neural networks, through
training, capture the relationships between diverse datasets and store this knowledge for
application in similar cases within a specific field. Using post-depositional seismic data and an



artificial neural network, this study focuses on evaluating the seismic facies and identifying the
geometry of salt diapirs in the Gorgan Basin. The artificial neural network, by assessing different
informational layers, delineates the extent of salt diapirs in the study area.

Keywords: Neural Network, Seismic Interpretation, Gorgan Plain, Seismic Facies, Mud Diapirs.
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Identification of the Faulting with the Far-offset Vertical Seismic
Profiling

Amir Ahadi’
IDCS Manager- Asmary Field Services Co.

Abstract

In geophysical and petrophysical studies in order to explore hydrocarbon sources and reserves,
one of the main goals is to identify the physical properties of the formation and geological
features in the vicinity of the wells. Complications such as fracture zones, faults, folds, slope
and extension of layers, reservoir parameters, etc. can be identified with the help of surface and
downhole studies. Considering that the existence of faults in geological structures is inevitable,
it is very important to identify the location and trend of faults in the location of oil and gas wells
in order to prevent problems during drilling and production. Due to the limited resolution of
surface seismic reflection waves in identifying high-dip features, the Vertical Seismic Profile
method with Far Offset (Offset-VSP) is one of the most useful methods to identify fractures and
faults in heterogeneous environments around wells.

Keywords: Vertical Seismic Profiling, Seismology, Fault, Seismic Modeling
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Reservoir facies analysis based on rock physics modeling using well
logs

The evaluation and recognition of the heterogeneity of subsurface reservoir
facies always play a fundamental role in the evaluation and management of
hydrocarbon resources. Various methods have been developed to model the
properties of hydrocarbon reservoirs, such as rock physics. Rock physics
methods are a new method whose results have a better match with reservoir
characteristics. Several experimental and modern relations have been
presented to estimate the reservoir properties by considering assumptions for
surface and deep applications. Each of these relationships has limitations, so
in hydrocarbon reservoirs, when they encounter fluid, leaks, and gaps in the
reservoir, they cause errors in evaluation. Therefore, the accurate evaluation
of these studies using all reservoir and non-reservoir parameters can be
efficient in the accurate evaluation of reservoir characteristics, including
reservoir facies. This study used rock physics modeling to evaluate the
reservoir facies.

Keywords: Reservoir heterogeneity, Rock Physic, Reservoir facies, Fracture.
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