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Geophysical well logs are widely used in geological fields, however, there are considerable incompatibil-
ities existing in solving geological issues using well log data. This review critically fills the gaps between
geology and geophysical well logs, as assessed from peer reviewed papers and from the authors’ personal
experiences, in the particular goal of solving geological issues using geophysical well logs. The origin and
history of geophysical logging are summarized. Next follows a review of the state of knowledge for geo-
physical well logs in terms of type of specifications, vertical resolution, depth of investigations and
demonstrated applications. Then the current status and advances in applications of geophysical well logs
in fields of structural geology, sedimentary geology and petroleum geology are discussed. Well logs are
used in structural and sedimentary geology in terms of structure detection, in situ stress evaluation, sed-
imentary characterization, sequence stratigraphy division and fracture prediction. Well logs can also be
applied in petroleum geology fields of optimizing sweet spots for hydraulic fracturing in unconventional
oil and gas resource. Geophysical well logs are extending their application in other fields of geosciences,
and geological issues will be efficiently solved via well logs with the improvements of advanced well log
suits. Further work is required in order to improve accuracy and diminish uncertainties by introducing
artificial intelligence. This review provides a systematic and clear descriptions of the applications of geo-
physical well log data along with examples of how the data is displayed and processed for solving geo-
logic problems.
� 2024 China University of Geosciences (Beijing) and Peking University. Published by Elsevier B.V. on

behalf of China University of Geosciences (Beijing). This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Geophysical well logs are important for hydrocarbon formation
evaluation and resource assessment, groundwater, mineral
deposit, and geothermal energy, as well as engineering and paleo-
climate or paleoenvironmental research (Kana et al., 2015; Zhang
et al., 2018; Farrag et al., 2019; Shan et al., 2021; Lai et al.,
2023a). The continuous recordings of geophysical parameters
(acoustic, electrical and nuclear properties) along borehole pro-
duce geophysical well logs (Carrasquilla and Lima, 2020; Lai
et al., 2023a). Wireline geophysical well logs are continuous and
sophisticated records of geophysical properties of boreholes, and
include abundant geological information (Farrag et al., 2019;
Carrasquilla and Lima, 2020; Marzan et al., 2021; Lai et al.,
2022). Due to economic and technical problems, the (side-wall)
cores and cuttings are very limited (Lai et al., 2017). In addition,
the core data from mechanical coring have limitations of high cost,
lack of orientation and low recovery rate (Khoshbakht et al., 2012;
Zazoun, 2013; Aghli et al., 2016). Conversely, well logging, which
measure acoustic properties (sonic transit time and sonic ampli-
tudes), nuclear properties (natural radioactivity, Compton scatter-
ing, photoelectric effect), electrical properties (resistivity, dielectric
log) and other petrophysical properties (temperature, pressure,
etc) of rocks, have evident advantages of continuous data acquisi-
tion, high vertical resolution, low cost and even orientability (Ji
et al., 2022; Lai et al., 2022). Therefore, for wells or intervals lacking
core control, well logs are needed to solve geological issues (Ozkan
et al., 2011; Al-Mudhafar, 2020; Carrasquilla and Lima, 2020;
Marzan et al., 2021).
g).
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Well logs are important subsurface mapping techniques for
geologists, and help petrophysicist quickly find the hydrocarbon
bearing reservoirs, and can provide complementary data for sur-
face seismic analysis for geophysicists, additionally give insights
into hydraulic simulator for a reservoir engineer (Ellis and Singer,
2007; Marzan et al., 2021; Lai et al., 2023a; Podugu et al., 2023).
Well logs are widely used in various aspects of earth science since
its initial invention by Conrad Schlumberger and Henri Doll in
1927 in France. Over the past decades, well log data, which com-
prise a series of conventional well logs, electrical and sonic image
logs, geochemical Elemental Capture Spectroscopy (ECS) log, array
acoustic log, and nuclear magnetic resonance (NMR) log are widely
used in the discipline of structural geology (Laubach et al., 2004;
Ameen, 2016), sequence stratigraphy (LaGrange et al., 2020;
Magalhães et al., 2020), sedimentology (Folkestad et al., 2012; Xu
et al., 2015), petroleum geology (Dixit et al., 2017; He et al.,
2019; Zhao et al., 2019), petroleum engineering (Avanzini et al.,
2016; Iqbal et al., 2018), and unconventional oil and gas resource
evaluation (Josh et al., 2012; Shalaby et al., 2019; Lai et al.,
2022). However, though the continuous and high vertical resolu-
tion well log data contain abundant geological information, there
are considerable incompatibilities between well logs and geologi-
cal characteristics (Lai et al., 2023a). In addition, well log data need
fine interpretation to solve issues existing in geological fields, and
well log data interpretation can be ambiguous, and there exist
ambiguity during geological interpretation given the absence of
core (Rider, 2002; Lai et al., 2023a).

To fill the gaps between well log data and geological applica-
tion, this review starts with looking back the origin and develop-
ment histories of well logs. Then the vertical resolution, depth of
investigation and applications of various well log suits are summa-
rized. Next the applications of well logs in geological and engineer-
ing fields are discussed. Well logs are used in calculating
petrophysical parameters and finding the hydrocarbon reservoirs.
Lithology, lithofacies as well as depositional microfacies can be rec-
ognized and described by conventional well log curve values and
shapes as well as image logs. Sequence stratigraphy division can
be performed by the logging curve shape and vertical stacking pat-
terns as well as wavelet transformation. Structure including
unconformity, fold and fault can be detected by the image logs
and dipmeter log derive dip patterns. The in situ stress direction
and in situ stress magnitude can be determined and evaluated
using conventional, sonic and image logs. Fracture attitudes (strike,
dip direction and dip angle) and status (open, fill or open-fill) are
evaluated using image logs. Then the geological and engineering
sweet spots in unconventional oil and gas resources are predicted
using well logs. Lastly, the research prospects of well logs are dis-
cussed, and well logs are applied in other aspects of geosciences,
and will solve geological issues more efficiently with the develop-
ments of logging tool and artificial intelligence. The ultimate goals
of this study are to summarize the application of well logs in the
geological fields, and hope the readers can use for future work. This
comprehensive review bridges the gaps between well log and geol-
ogy, and will extend the application of well log data for petrophysi-
cists, and can also provide new ideas to solve problems for
geologists.
2. Origin and developments of geophysical well logs

Geophysical well logging was invented in 1927 (Allaud and
Martin, 1977; Ellis and Singer, 2007). In 1927, Henri Doll and Sch-
lumberger brothers measured the first resistivity curve at Pechel-
bronn, announcing the birth of geophysical well logging (Allaud
and Martin, 1977; Luthi, 2001; Ellis and Singer, 2007). Well logs
have been widely used for geological, geophysical and engineering
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fields since then (Ellis and Singer, 2007). Well logs, which continu-
ously measure the borehole petrophysical parameters (acoustic,
electrical and nuclear), are alternate or supplement to the core
and seismic data, and they have the advantages of continuous dis-
tribution, low cost and high vertical resolution (Ellis and Singer,
2007; Aghli et al., 2016).

The vertical resolution of seismic data is limited as the ¼ wave
length, and is mainly in the range of tens of meters (20–30 m)
(Fig. 1). Core data (naked eyes or with magnifying glass) can detect
millimeter to centimeter-level variations (Fig. 1). Core analysis
data have a wide range of resolution from nanometer to microme-
ter scales. Resolution of thin section by optical microscope is
restricted to 10 lm, however, scanning electron microscope helps
detect the nanometer scale pore systems (organic matter pores in
shales or micropore associated with clay minerals in tight sand-
stones) (Fig. 1). In addition, X-ray computed tomography (X-CT
or simply known as CT) scanning analysis can provide micrometer
to millimeter scale images of three-dimensional pore throat struc-
ture (Fig. 1). X-CT is based on the attenuation recording variations
of an X-ray beam through rocks, and it provides in situ studies of
the three-dimensional distribution of pores and fractures in rocks
(Yao et al., 2009). The petrophysical well logs, which have vertical
resolutions ranging from millimeter scales (the vertical resolution
of image logs is 5 mm) to meter scales (the vertical resolution of
conventional logs is mainly meter scale), help link core data and
seismic data (Fig. 1). In addition, the well logs data include abun-
dant geological information, and they can help extend the forma-
tion evaluation and geological interpretation for intervals or
wells without core data (Lai et al., 2017).

Well logging has undergone constant and sweeping changes
since its birth in 1927 in France (Tiab and Donaldson, 2004).
Luthi (2001) summarizes the development history of well logging,
and four distinct phases can be divided.

(1) The conceptual phase (1921–1927)

In order to understand the geological characteristics of the sub-
surface formation, there is in great need to record petrophysical
properties using wirelines. On September 5, 1927, the birth of elec-
tric well logging is created (Luthi, 2001).

(2) The acceptance phase (1927–1949)

In this stage, there are many commonly used logging tools
developed. Gamma ray logging was introduced in the late 1930s,
and was directly used for differentiating shaly from clean forma-
tions (Ellis and Singer, 2007). In 1942, Schlumberger introduced
the first dipmeter tool (Luthi, 2001). The earliest attempt to detect
borehole sound wave speed was made by Conrad Schlumberger in
1935 (Bateman, 2020). Then Schlumberger company entered the
velocity logging business in 1955 (Ellis and Singer, 2007). Induc-
tion logging tool was introduced in 1940s, and it rapidly became
widespread and dominated the entire resistivity survey market
due to its applicability in oil based drilling muds (Liu, 2017). Con-
versely, the laterolog type tools are used in saline drilling fluids.
The deep-induction measurement (ILd) was developed in 1960
and it is still being run nowadays (Ellis and Singer, 2007). Neutron
logging tool was firstly introduced in 1948 with a chemical source
of neutrons and a single detector recording ‘‘neutron count rate”
(neutron logs were not calibrated and thus the logs were scaled
to neutron counts), and neutron log was used for porosity calcula-
tion and hydrocarbon type (oil or gas) determination (Bateman,
2020).

The initial uses of well logs were finding hydrocarbon-bearing
formations (Ellis and Singer, 2007). In 1942, Gus Archie (Shell Com-
pany) proposed Archie’s equation, which unravels the empirical



Fig. 1. Correlation between various geological data and well log data of various vertical resolution.
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relationships between porosity, resistivity and water saturation
(Archie, 1942; Luthi, 2001). The Archie’s equation builds the rela-
tionships between rock electricity and oil bearing property, and
well log interpretation is transformed from qualitative analysis to
quantitative determination of fluid saturations (Luthi, 2001; Tiab
and Donaldson, 2004). Then fluid saturations can be determined
from porosity and deep resistivity logs (Luthi, 2001). In this accep-
tance stage, the well logs are increasingly used for layer correla-
tion, hydrocarbon-bearing zone identification, well surveying and
perforating (Luthi, 2001).

(3) The maturity phase (1949–1985)

In the early 1950, Schlumberger developed several electrical
measurements such as the micro resistivity log, and the early ver-
sion of neutron porosity log was brought onto the market (Luthi,
2001). In addition, Doll proved the feasibility of induction logging,
which can be applied in wells drilled with freshwater or oil-based
muds (Luthi, 2001). The dual laterolog, which was developed for
salty drilling mud systems, was introduced in 1972 and provided
two laterolog measurements (shallow and deep) and a near-
wellbore resistivity measurement (Bateman, 2020). Laterolog type
tools need galvanic contact of the electrodes with a conductive
drilling fluid/mud.

The bulk density log (DEN), or photoelectric (Pe) log, measure
formation density, were introduced in 1956, and are used to derive
total porosity (Liu, 2017). In the 1960s, density logging was put in
commercial use (Luthi, 2001). The sidewall neutron porosity (SNP)
was introduced in 1962, and then the compensated neutron log-
ging tools (CNL) were introduced in the late 1960s.

The NMR effect was first measured in 1946 and NMR logging
was performed since the 1960s, then NMR logging was brought
to the market in 1991 (Liu, 2017). NMR logs are widely used for
porosity calculation, permeability estimation, and fluid property
determination (Liu, 2017). The ‘‘borehole televiewer” (BHTV) was
developed by Mobil in the late 1960s, and BHTV logging provides
borehole images (Luthi, 2001). High-resolution dip meter (HDT)
was introduced in 1967 to measure four micro resistivity curves,
two caliper curves and three azimuth curves, are used to determine
stratigraphic dip (Luthi, 2001). Logging-while-drilling (LWD) (log
curves are collected during drilling) was introduced in 1980s
(Luthi, 2001).

The advent of porosity and resistivity logs, as well as new petro-
physical logging methods, such as BHTV, SHDT as well as NMR logs,
have expanded the application of well logs in geological fields.
Numerous technological breakthroughs redefine well logging as
an important aid for reservoir development and management
3

(Luthi, 2001). The initial use of logs, i.e., finding hydrocarbon-
bearing zones, was slowly supplanted by ‘‘formation evaluation”,
or petrophysics (Luthi, 2001).

(4) The reinvention phase (1985–2000)

All well log recordings were made using analog systems up
until the 1970s, and the logs were made on paper with an ink
pen or with a light beam on photographic film (Bateman, 2020).
Well log data become digital since the 1980s. Two breakthroughs
had been made in the 1990s, and one of them is the introduction
of multi-array induction tools–devices with multiple simple arrays
(Ellis and Singer, 2007). Another is the introduction of imaging log-
ging tool by Schlumberger (Formation Micro-Imager tool (FMI)) in
1991. FMI is the next generation of the FMS (Formation MicroScan-
ner) tool (developed in the 1980s), and the birth of FMI indicates
that the well logging technology came into a new era (Lai et al.,
2018). Also in the 1990s, NMR logging became available as a robust
wireline measurement (Luthi, 2001).

The multi-array induction tools have improved the vertical res-
olution of logs from 1 m (dual lateral logs have 1 m vertical reso-
lution) to 1–2 feet (0.3048 m–0.6096 m), and the ability to
identifying thin layers has been improved. The FMI imaging log-
ging tool, of which contains 8 pads and 192 electrodes, can collect
192 microresistivity curves. Then the microresistivity curves can
be processed into high-resolution images (up to 5 mm) of the well-
bore wall (Goodall et al., 1998; Khoshbakht et al., 2009; Rajabi
et al., 2010; Moreau and Joubert, 2016; Lai et al., 2018, 2022).

(5) The advanced well logging phase (since 2000)

In the 21st century, advanced borehole geophysical logging
techniques were developed to provide fine-scale data on petro-
physical parameters such as mineralogy, reservoir quality, fluid
property. The geological objects (vugs) that are 5 mm or larger
can be recognized from the image logs. Fine-scale features as small
as 50 lm are visible on the FMI logs (Maliva et al., 2009).

NMR logs provide a measure of porosity and pore size distribu-
tion, and moveable water distribution (Coates et al., 1999; Wang
et al., 2020).

The geochemical elemental capture spectroscopy (ECS) log pro-
vides weight content of a total of 26 elements, and the abundance
of carbonate, total clay, QFM (quartz, feldspar, and mica), siderite,
pyrite, anhydrite, salt and coal can be obtained (Schlumberger,
2006; Maliva et al., 2009).

Array acoustic logging tools have multiple receivers (Xiang
et al., 2015), and they record full wave-forms, and can be used to



J. Lai, Y. Su, L. Xiao et al. Geoscience Frontiers 15 (2024) 101779
extract the slownesses of compressional wave, shear-wave, Stone-
ley wave and pseudo-Rayleigh wave (Collett et al., 2011; Zaree
et al., 2016; Lai et al., 2017).

The history of well logging depicts how the logging technique
has developed from its humble beginnings to a wide range of mar-
ket services with the increasing demands for geological interpreta-
tion (Luthi, 2001). Well logs have gradually been applied in
structural mapping, reservoir description, fracture detection and
sedimentological characterization (Ellis and Singer, 2007).
3. Vertical resolutions, depth of investigation and applications
of various well log data

3.1. Conventional well logs

The nine conventional logs, which include three lithology logs
(caliper (CAL), natural gamma ray (GR) and spontaneous potential
(SP)), three porosity logs (bulk density (DEN, RHOB), neutron
porosity (CNL, NPHI), and sonic interval transit time (AC, DT)),
and three resistivity logs (micro resistivity, shallow resistivity
and deep resistivity logs), are widely used for formation evaluation
and geological interpretation (Nabawy et al., 2010).

The CAL log measures the diameter of borehole, and it is widely
used for recognition of lithology, determination of borehole shape
and size, fracture and borehole breakout recognition.

The natural gamma ray (GR) log detects the intensity of radioac-
tivity including K, Th and U elements, and has vertical resolution of
about 1 m with a depth of investigation of 15 cm (Fig. 2). About
90% of the signal of gamma rays comes from formation with
15 cm thick depth of investigation (Ellis and Singer, 2007; Liu,
2017). GR logs are used for recognition of radioactive minerals
and lithology, calculating clay content, dividing of reservoir (clay-
free) zones and sedimentary characterization.

The spontaneous potential (SP) log measures the diffusion and
absorption electromotive force at the sandstone-mudstone con-
Fig. 2. Geophysical well log data
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tacts, and has vertical resolution of about 2.0 m (Fig. 2). SP log is
firstly treated as a porosity indicator, and now is used for identifi-
cation of permeable zones, indicating the amount of clay in a reser-
voir, determining the water flooding zone and calculating the
formation water resistivity or even indicating depositional envi-
ronment (Luthi, 2001; Ellis and Singer, 2007; Bateman, 2020).

Sonic log, or acoustic log (AC, DT), measures the speed of sound
waves, has a very low depth of investigation (1–3 cm) and a verti-
cal resolution of 0.6 m (Fig. 2). Sonic logs are used for determining
porosity or the fluid content, recognizing lithology, fracture detec-
tion, gas bearing layer recognition, abnormal pressure evaluation
and calibrating with seismic data (Ellis and Singer, 2007; Liu,
2017; Bateman, 2020). Sonic logs can be further used for source
rock characterization combined with resistivity logs (Passey
et al., 1990; Bateman, 2020).

Neutron porosity log (CNL, CNC, NPHI), which measures the for-
mation hydrogen index, has a vertical resolution of 1 m and depth
of investigation of 25 cm, and is used in the fields of calculating
porosity, lithology recognition, gas bearing layer determination
combined with density log (Liu, 2017).

Density log (DEN, ZDEN, RHOB) measures the bulk density of
formation according to the Compton effect, and has a very shallow
depth of investigation of about 5–10 cm (90% of the signal). The
vertical resolution is also about 1.0 m scale, and density logs (in
some cases combined with litho-density Pe log) can be used for
calculating porosity, and recognizing lithology or certain minerals.

During well drilling, the drilling muds will invade the forma-
tion, and a profile with resistivity fluctuation will be encountered
(Ellis and Singer, 2007; Liu, 2017). Firstly, a thin layer of mudcake
will be formed around the borehole, and recognized by resistivity
Rmc (Ellis and Singer, 2007). Beyond the mudcake is the flushed
zone, whose resistivity is determined by resistivity of the mud fil-
trate, and is denoted by Rxo (Ellis and Singer, 2007). Then the unin-
vaded or virgin zone with true formation resistivity Rt (resistivity is
not influenced by resistivity of the mud filtrate) lies beyond the
of various vertical resolution.
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invaded zone (Ellis and Singer, 2007). However, there is a transi-
tion zone separating the flushed zone from the virgin zone (Ellis
and Singer, 2007).

Three resistivity logs are called according to their depth of
investigation. The resistivity logs can be divided into lateral log
(LLS, LLD) (used in saline drilling muds), induction log (ILM, ILD)
(used in nonconductive oil-base muds) and micro log (MSFL). As
is known, the micro resistivity log, which has a depth of investiga-
tion of 2.5–10.0 cm, measures the mudcake resistivity (Rmc). Con-
versely, the shallow lateral or shallow induction logs, which have
depth of investigation of 0.3–1.0 m, detect the resistivity of flushed
zone (Rxo). The deep lateral or shallow induction logs have depth of
investigation of >1.0 m, and they can measure the resistivity of
uninvaded zone, and are used for true formation resistivity (Rt).
Resistivity logs are used for fluid property determination, source
rock characterization, lithology identification (Ellis and Singer,
2007).

3.2. Advanced well logs

Conventional resistivity logs have a vertical resolution of 1 m
(Fig. 2). However, the high definition induction log (HDIL) (M2Rx,
M2R9, M2R6, M2R3, M2R2, M2R1 or AT10-AT90) can reach a ver-
tical resolution of 1–2 ft (about 0.3 m – 0.6 m) (Fig. 2). Therefore,
the high definition induction logs are widely used for the thin layer
identification due to their high vertical resolution.

The acoustic logging tool only measures sonic transit time (Dt),
while the array acoustic logging tools (Schlumberger’s Dipole Sonic
Imager (DSI), Baker Hughes’s XMAC and Halliburton’s Wave Sonic
tool) have multiple receivers, and they can detect the full wave-
forms (amplitudes) including the compressional wave velocity,
shear-wave velocity, Vp/Vs ratio, Stoneley wave and pseudo- Ray-
leigh waves (velocity and amplitude) (Collett et al., 2011; Xiang
et al., 2015; Lai et al., 2017; Liu et al., 2018). The array acoustic logs
have vertical resolution of about 3.0 m (Fig. 2), and they can be
used for in situ stress field evaluation by shear wave birefringence,
fracture and permeable zone identification (Zaree et al., 2016; Liu
et al., 2018; Zhao et al., 2018; Lai et al., 2022).

Elemental Capture Spectroscopy (ECS) uses an americium beryl-
lium (AmBe) neutron source and bismuth germanate (BGO) detec-
tor to detect released gamma rays (Maliva et al., 2009). The relative
elemental spectral yields are then converted to dry-weight ele-
mental concentrations. The ECS logs can then provide information
on the mineralogy including total clay, carbonates, Q-F-M (quartz,
feldspar, and mica), siderite, pyrite, anhydrite, salt, and coal
(Maliva et al., 2009). The ECS logs have high vertical resolution of
0.46 m (1.5 ft) (Fig. 2), and ECS well logs can be used for lithology
recognition, mineral rock skeleton calculation, sedimentary envi-
ronment research, and clay minerals identification.

Nuclear magnetic resonance (NMR) is sensitive to the quantity
and distribution of fluids in the formation (Ellis and Singer, 2007).
NMR logging, which have vertical resolution of 0.2 m (Fig. 2), allow
quantifying or estimating the properties including total porosity,
bound and free pore fluids, presence and type of hydrocarbons,
intrinsic permeability and pore size distribution (Luthi, 2001; Tan
et al., 2014; Liu, 2017; Olatinsu et al., 2017; Wang et al., 2020).
Additionally, the two-dimensional NMR data consist of transversal
relaxation time (T2) spectrum and diffusion coefficient (D) (Tan
et al., 2014; Bauer et al., 2015), and they can be used for fluid prop-
erty discrimination and estimate the movable oil content (Wang
et al., 2020).

The first dipmeter log (SHDT) tool or the ‘‘anisotropy tool” has
four or six pads, and the 4 or 6 pads that will measure 4 or 6 micro
resistivity curves, and provide 2 or 3 caliper logs, i.e., C13, C24 as
well as a azimuth curve (Luthi, 2001). The dipmeter log aids in
determining large-scale tectonic structures as well as smaller-
5

scale sedimentary structures in the vicinity of wellbore (Luthi,
2001). The dipmeter log can be used for fracture detection, bore-
hole collapse recognition, and picking out of cross bedding.

The development of dipmeter logging with a larger number of
electrodes has laid the foundation for electrical imaging logging
tool (Luthi, 2001). The earlier used Formation Micro Scanner
(FMS) tool consists of four orthogonal pads, and each pad contains
16 electrodes (Luthi, 2001). The borehole coverage is only 30% in an
8.5-inch borehole (Serra, 1989; Khoshbakht et al., 2012). Fullbore
Formation MicroImager (FMI) imaging tool improves the borehole
coverage to about 80% since there are effectively eight pads of 24
buttons, or a total of 192 electrodes (Luthi, 2001; Schlumberger,
2004; Folkestad et al., 2012; Wilson et al., 2013; Lai et al., 2020).
The electrical imaging tools have very shallow depth of investiga-
tion (a few inches) compared to other logging tools (Liu, 2017),
however, the vertical resolution of image logs can reach as high
as 5 mm (Fig. 2) (Lai et al., 2021).
4. Applications of well logs in solving geological issues

4.1. Structural geology

4.1.1. Attitude of strata
Besides conventional well logs, dipmeter logs and image logs

play more important roles in structure interpretation
(Schlumberger, 1981; Luthi, 2001; Lai et al., 2018). The dipmeter
tool is the first structure revealing tools. The dipmeter logging tool
has four or six pads, and will provide 4 or 6 micro resistivity curves,
and provide 2 or 3 caliper logs, i.e., C13, C24 (C14, C25, C36) and an
azimuth curve. The 4 or 6 micro resistivity curves can be used for
cross-correlation to obtain the stratigraphy dip direction (Luthi,
2001).

There are three wells (YS 4, YN 4, YN 2) drilled in the Kuqa
depression (Fig. 3), which is a foreland basin (Lai et al., 2019a).
Many complex structures including faults, folds as well as fault
related fold are formed in the complex tectonic histories. The pole
chart picked out from image logs reveals that the Well YS 4 and
Well YN 4 are characterized by steep dip angles and varied dip
direction, and the seismic interpretation results confirm the pres-
ences of faults (reserve faulting) and anticlines, which result in
the high dip angles and varied dip direction in the pole charts
(Fig. 3). Conversely, the Well YN 2 was drilled in a uniform struc-
ture as interpreted from seismic profiles, and the dip direction
and angle are uniform in the vertical direction (Fig. 3). Therefore,
the image log derived pole charts will provide insights into the
attitudes of stratum, and can give accurate interpretation results
even in complex geological settings.
4.1.2. Detection of fault, fold and unconformity
Conventional well logs can evidently recognize the unconfor-

mity surfaces due to the rapid changes of logging readings and well
log curve shapes. Unconformable surfaces are often evident in con-
ventional well logs because of significant changes in well log val-
ues and curve shapes (Fig. 4). The large-scale unconformity
between Cambrian Qiulitage Formation (Є3q) and Cretaceous
Kapushaliang Group (K1kp) in the Tarim Basin are easily to be
picked out from the well logs, as can be seen from Fig. 4, the GR
curve and the three porosity logs change rapidly at the unconfor-
mity surfaces. The overlying Cretaceous Kapushaliang Group
(K1kp) is deposited in fan-braided deltaic facies environments,
and the lithologies are dominantly sandstones or conglomerates
(Fig. 4). In contrast, the underlying Cambrian Qiulitage Formation
(Є3q) is dolostones deposited in large shallow carbonate platform
(Fig. 4) (Du et al., 2018). Consequently, the unconformity which
implies a long term depositional hiatus, will result in rapid



Fig. 3. Determination of attitude of strata using borehole image logs and their calibration with seismic profile in Kuqa depression, Tarim Basin.
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variations in mineral composition and lithofacies association, and
therefore will contribute to the rapid changes of log values and
well log curve shapes (Fig. 4).

The cross-correlation methods are mathematical procedures
with the aim to produce dips at regular intervals, and four types
of dip patterns can be divided according to the sequences where
the dip changes with depth in a typical manner. Among them,
the red pattern refers to an upward decrease in dip angle (constant
dip direction), conversely, the blue pattern refers to an upward
increase in dip angle (constant dip direction) (Luthi, 2001). The
constant dip angles and dip direction is the green pattern, and
the scattered dips (no ruled dip angles and direction) is called
white or yellow pattern (Luthi, 2001). Green pattern often indi-
cates structural dip, while the red and blue patterns are indicative
of sedimentary structures (bedding) and geological objects (Luthi,
2001). The white pattern generally contains no geometric informa-
tion (Luthi, 2001). The dip patterns are proven to be particularly
useful for large-scale geological structures (fault, fold), and for sed-
imentary structure interpretation (Schlumberger, 1989; Luthi,
2001; Schlumberger, 2013).

Image logs, which are the improvements of dipmeter logs, have
great potentials for structure interpretation. Image logs provide
high resolution images for borehole walls, and can easily pick out
fracture (induced and natural), unconformity and fault. For
instance, an unconformity is easily to be picked out from the image
logs since there are rapid color pattern changes at the unconfor-
mity surfaces (Fig. 4). Additionally, image logs can also provide
the dip patterns (manually of machine automatically picked)
(Zhao et al., 2019) (Fig. 5). The dip patterns will provide important
6

information on the dip angles and dip direction, and the presence
of fault or fold will cause a rapid change in dip angle or direction,
and therefore the fold or fault can be recognized (Fig. 5). Actually,
possible faults and folds exist when red and blue dip patterns
change alternatively. Therefore, the graphical method can be used
for discerning potential faults/folds from color coded dig
information.

Image logs which provide high resolution images and additional
borehole dip patterns, are also widely used for structure analysis
(Lai et al., 2018, 2022). Dips are manually picked out from the
images, and the dip direction is rapidly changed at the depth inter-
vals of 2769–2771 m (Fig. 6). In addition, the rose diagram as well
as the dip patterns show that the dip direction is significantly var-
ied, implying the presences of fault (Fig. 6). Dip pattern analysis
combined with image log observation from well logs allows iden-
tification of structures around the borehole such as fault, fold and
unconformity.

4.1.3. In situ stress status and direction
In situ stresses are the present-day natural stresses in the

earth’s crust, and are closely associated with gravitational (over-
burden rocks) and tectonic stresses (Bell, 1996; Ameen and
Hailwood, 2008; Ju et al., 2017). The in situ stress status include
five components: (1) vertical stress (Sv), (2) pore pressure (Pp),
(3) maximum principal horizontal stress (SHmax), (4) minimum
principal horizontal stress (Shmin), and (5) the horizontal stress ori-
entation (Zoback et al., 2003; Dixit et al., 2017; Hassani et al., 2017;
Ju and Wang, 2018). The Sv is related to the gravity of overburden
rocks, while the horizontal SHmax and Shmin are perpendicular with



Fig. 4. Well logs showing the unconformity between Cambrian Qiulitage Formation and Cretaceous Kapushaliang Group in Tarim Basin.
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each other, and are caused by the overburden rocks and horizontal
tectonic stress (Engelder, 1993; Hassani et al., 2017). The Sv, SHmax

and Shmin are called three orthogonal principal stresses (Engelder,
1993; Tingay et al., 2009; Lai et al., 2019a). Well log data can be
used to determine the in situ stress direction and calculate stress
magnitudes. The sources of stress exceeding rock strength are
related to the pressure of the column of fluids and drilling mud
within the borehole, as well as tectonic activity.

4.1.3.1. Orientation of horizontal stress. The orientations of in situ
stress (SHmax and Shmin) can be interpreted from drilling-induced
fractures and borehole breakouts (Zoback et al., 1985; Prioul
et al., 2007; Lai et al., 2018; Stadtmuller et al., 2018). The borehole
breakouts indicate the orientations of Shmin (Zoback et al., 2003;
Massiot et al., 2015). Borehole breakouts are easily recognized as
wellbore enlargements appearing as broad, parallel, dark bands
separated by 180� on image logs (Rajabi et al., 2010). Borehole
breakouts occur when the stresses exceed the rock strengths
around the borehole wall (Lai et al., 2017).

The drilling induced fractures, which indicate the orientations
of SHmax, are divided into two types, and they include drilling
induced tensile and shear fracture (Brudy and Zoback, 1999;
Ameen and Hailwood, 2008). The drilling induced shear fracture
refers to the en-echelon fractures around the wellbore, and they
7

are 180� offset at the borehole surface with en-echelon distribution
characteristics (Brudy and Zoback, 1999). The drilling induced ten-
sile fractures are recognized as narrow, sharply defined features on
the image logs (Brudy and Zoback, 1999). In addition, the drilling
induced tensile fracture is recognized as two vertical fracture
traces on images oriented at 180� apart (Ameen et al., 2012; Lai
et al., 2017). The orientation of induced fractures indicates a max-
imum horizontal-stress orientation of 0–10�. There are no doubts
that the induced fractures appear as 90� in orientation from bore-
hole breakouts.

The shear wave will split into fast and slowwaves in anisotropic
rocks (Stadtmuller et al., 2018). Therefore, fast S-wave azimuth
direction from array acoustic logging tools can also be used for
SHmax direction determination (Fig. 7). The variations of shear
wave velocities and further varied polarization orientations of
shear waves will be encountered in anisotropic formation (Liu
et al., 2018), and the shear wave birefringence due to formation
anisotropy will result in the formation of fast shear and slow shear
waves. The fast S-wave azimuth is parallel to SHmax, and the SHmax

direction can be determined as NW–SE from fast shear wave azi-
muth (Fig. 7).

4.1.3.2. In situ stress magnitude. In situ stress magnitude plays
vital roles in geomechanical modeling and hydraulic fracturing



Fig. 5. Borehole dip analysis and fault interpreted from the dip patterns (Zhao et al.,
2019).
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treatment (Zoback and Townend, 2001; Maleki et al., 2014; Najibi
et al., 2017; Iqbal et al., 2018). Design of hydraulic fracture without
in situ stress analysis will give rise to error in fracture length (Iqbal
et al., 2018). Besides acoustic emission (AE) tests, geophysical
wireline logs can be used to calculate in-situ stress magnitudes
(Fig. 8) (Iqbal et al., 2018).

The magnitude of Sv equals to the weight of the overburden
rocks at a certain depth, and is calculated by integration of bulk
density (Eq. (1)) (Maleki et al., 2014; Verweij et al., 2016; Lai
et al., 2019a).

Sv ¼
Z Z

0
qgdz ð1Þ

where Z is the burial depth (m), q is the bulk density (kg/m3), g is
gravitational acceleration (m/s2) (Maleki et al., 2014; Verweij
et al., 2016).

Pore pressure (Pp) can be calculated by Eaton’s method (Eq. (2))
(Eaton, 1969; Grollimund et al., 2001; Tingay et al., 2009; Zhang,
2011; Ju et al., 2017).

Pp ¼ P0 � ðP0 � PwÞðDtn=DtÞc ð2Þ
Where Pw is the hydrostatic pressure, and is equal to 9.8 MPa/km,
Dtn is sonic interval transit time at normal pressure, Dt is the sonic
transit time from logs, and c is compaction (Zhang, 2011; Rajabi
et al., 2016).

The Shmin and SHmax magnitude can be calculated based on Sv,
Pp, Poisson’s ratio (v), Young’s modulus (E) (Fig. 8) (Eq. (3); Eq.
(4)) (Eaton, 1969; Zoback et al., 2003; Maleki et al., 2014; Iqbal
et al., 2018).

SHmax ¼ m
1� m

ðSv � aPpÞ þ aPp þ Ee
1� m2

ð3Þ

Shmin ¼ m
1� m

ðSv � aPpÞ þ aPp þ Eme
1� m2

ð4Þ

where Sv is the vertical stress, Pp is the pore pressure, Shmin and
SHmax are minimum and maximum horizontal stress, respectively.
a is the effective stress coefficient, ‘‘Epsilon” Ɛ=strain factor
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(Zoback et al., 2003; Iqbal et al., 2018). Knowledge of the geome-
chanical characteristics (Poisson’s ratio t, Young’s modulus E, Biot’s
coefficient a) is necessary for calculating horizontal stresses
(Stadtmuller et al., 2018). In Addition, the information about the
amount of strain e also can be obtained from core test
(Stadtmuller et al., 2018).

The state of in situ stress controls formation of faults and most
of the fractures (Khair et al., 2015). The stress regimes are divided
into normal (Sv > SHmax > Shmin), thrust (SHmax > Shmin > Sv), and
strike-slip (SHmax > Sv > Shmin) according to the values of the three
stress components (Zoback et al., 2003; Verweij et al., 2016;
Stadtmuller et al., 2018). The stress regime is typically strike-slip
in Fig. 8.

In normal stress regimes, Sv is the maximum principal stress,
and fractures and normal faults form parallel to SHmax with high
dip angle (Khair et al., 2015). The Sv is the minimum principle
stress in reverse stress regime, and fractures (low angle) and
reverse faults form parallel to SHmax (Khair et al., 2015). The Sv is
the intermediate principal stress in a strike-slip stress regime,
and vertical fractures and strike-slip faults form at 30� intersection
angles with SHmax (Khair et al., 2015).

The difference between SHmax and Shmin (Dr) has great impacts
on directional drilling and hydraulic fracturing (Stadtmuller et al.,
2018). Additionally, the fractured zones are mainly related to the
layers with low Dr value (Fig. 8). The horizontal stress difference
(Dr) control reservoir quality and pore structure, and high quality
reservoirs are mainly associated with low Dr values (Fig. 9) (Lai
et al., 2019a). Porosity has an evidently negative correlation rela-
tionship with Dr, and when the Dr is less than 55 MPa the poros-
ity is higher than 9.0% (Fig. 9).

4.1.4. Fracture detection and characterization
Subsurface fractures can significantly improve permeability and

hydrocarbon productivity (Ameen and Hailwood, 2008; Laubach
et al., 2019; Lai et al., 2023b). Hydrocarbon reservoirs require the
presence of fractures around the wellbore to allow the flow of oil
and gas to the wellbore (Laubach, 2003; Ameen et al., 2012;
Khoshbakht et al., 2012). Therefore, the comprehensive detection
and characterization of fractures using a combination of core, well
log and seismic data are of great importance. However, seismic
data can only recognize large-scale fractured zones due to their
low vertical resolution, additionally core data are very limited
due to their high cost (Khoshbakht et al., 2012; Aghli et al., 2016;
Lai et al., 2017). Consequently, petrophysical well logs, which have
the advantages of low cost, high vertical resolution and vertical
continuity, are important tools for the detection and characteriza-
tion of subsurface fractures (Tokhmchi et al., 2010; Aghli et al.,
2016; Lai et al., 2017).

4.1.4.1. Qualitative recognition of subsurface fractures. In water
based drilling muds, the resistivity logs will be significantly
reduced in front of fractures (Fig. 10). Rapid decrease of resistivity
logs will be encountered in the heavily fractured zone (Fig. 10)
(Shazly and Tarabees, 2013). The presences of fractures will cause
minor negative deviations in fractured zone due to the low density
of filled drilling muds (Fig. 10) (Zazoun, 2013). Sonic transit time
(AC) is sensitive to the fracture appearances, and there is evident
increase in sonic transit time in front of fractures (Zazoun, 2013;
Aghli et al., 2016) (Fig. 10).

Natural fractures can be interpreted from the image logs by
picking out sinusoidal waves because inclined planar fractures
appear sinusoidal when borehole wall images are unwrapped axi-
ally (Khair et al., 2015). In case there are natural fractures crosscut-
ting the borehole wall, the corresponding resistivity will be low
since fracture surfaces are filled with conductive drilling muds
(Fig. 10) (Serra, 1989; Ameen et al., 2012; Nie et al., 2013). Natural



Fig. 6. Fault interpreted from the dip patterns and image logs.
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Fig. 7. Comprehensive map of XMAC full-waveform sonic fast shear wave orientation in Well Ji 19.
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Fig. 8. Determination of the in situ stress magnitude (Sv, SHmax, Shmin, and Pp) via well logs (Keshen 8004).
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open fractures are considered to be filled with drilling mud, giving
them a dark, electrically conductive appearance on image logs
(Khair et al., 2015). However, there are also resistive fractures,
which are closed and/or cemented, and will result in the light, elec-
trically resistive appearance on image logs (Fig. 10) (Khair et al.,
2015).

Natural fractures can be distinguished from drilling induced
fractures and borehole breakouts on image logs by their continu-
ous nature (continuous sinusoids), while induced fractures and
borehole breakout are vertical bands or traces 180� apart (Khair
et al., 2015). In addition, drilling induced fractures and borehole
breakouts are always open (not filled), while natural fractures
can be resistive (filled by resistive carbonate cements) or open sta-
tus (Khair et al., 2015).
11
However, there are many wells drilling with oil based muds
with the aim of providing better protect hydrocarbon reservoirs
and avoid borehole collapse (Gozalpour et al., 2007). The noncon-
ductive mudcakes result in difficult in fracture interpretation using
electrical image logs (Movahed et al., 2014). The fractures are
replaced by bright sinusoidal waves if the drilling muds are oil
based. However, the sonic logs are evidently not affected by the
types of drilling muds, and even in oil based drilling muds, the
sonic image logs can pick out the fractures as dark sinusoidal
waves (Fig. 11) (Khoshbakht et al., 2009; Egbue et al., 2014; Lai
et al., 2017). Acoustic logs like AC only provide a single value for
each depth, while ultrasonic image logs provide a colorful image.

In addition, the array acoustic logging tools can provide images
full wave-forms (Zaree et al., 2016), and are also good indicators for



Fig. 9. Crossplot of porosity versus horizontal stress difference (Dr) of Cretaceous Bashijiqike Formation in Kuqa depression, Tarim Basin of China.

Fig. 10. Well log (conventional and image log) responses of natural fractures of Cretaceous Bashijiqike Formation in Kuqa depression, Tarim Basin of China.
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fractures. The amplitudes of full wave-forms will show strong
attenuations, showing V-shape interferometric fringe due to the
presences of fractures (Fig. 12).

The depth of investigation of electrical image logs are only
flushed zones, therefore image logs can hardly evaluate the exten-
sion length of fracture into the formation (Lai et al., 2018). There-
fore, Azimuthal Resistivity Image (ARI) log must be integrated to
evaluate the fracture extension length. The ARI log is developed
from lateral resistivity logs, and ARI logs have low image quality
(resolution) but higher depth of investigation than FMI image logs
12
(Fig. 13). In addition, the variable density image of array sonic logs
can also identify the fractures by their ‘‘V” shape interferometric
fringes (Fig. 13). The sonic waveform is a record of sonic energy
level versus time of arrival, and the sonic amplitude is a log that
records the first arrival energy in millivolts, therefore fractures will
cause the sonic amplitude attenuation besides cycle skipping
(Fig. 13).

Additionally, the extension length of fractures in the radial
direction should also be evaluated in terms of hydrocarbon
productivity. However, borehole image logs can only detect the



Fig. 11. Appearances of natural fracture on electrical image logs and ultrasonic image logs in oil based drilling muds.
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fractures around the borehole with depth of investigation of 10–
20 cm (Lai et al., 2018). Therefore, for open fractures which do
not crosscut the boreholes, image logs are difficult to detect. Con-
sequently, the ARI and sonic image logs are needed to detect these
fractures (Fig. 13). The natural fracture recognized by core observa-
tion within Fig. 13 have dark continuous sinusoids with dip direc-
tion and dip angle of 205� and 65� on the electrical image logs.
Then the array sonic logs and ARI image have also captured this
fracture, therefore the fracture has a long extension length
(Fig. 13).

For closed fractures (sealed by cements), bright sine waves can
be observed on the electrical image logs, indicating the fractures
are filled by resistive materials (calcite cements, bitumen)
(Fig. 14). The ARI image logs have no evident responses for the
closed fractures, and no sine waves will be detected on the ARI
images. In addition, the sonic image logs can hardly sense the pres-
ences of these closed fractures (Fig. 14). Consequently, closes frac-
tures have no connectivity and they hardly can be recognized by
ARI and sonic logs.

Induced fractures, which are formed by drilling processes and
have very low extension depth, will evidently be recognized by
FMI image logs. However, neither sonic image logs nor ARI images
logs can detect the presences of induced fractures (Fig. 15). Conse-
quently, induced fractures are supposed to have no or very low
contribution for hydrocarbon productivity.

4.1.4.2. Quantitative calculation of fractures parameters. In water
based drilling muds, image logs are widely used for determination
of fracture attributes (strike, dip direction and dip angle) and status
(open, fill or open-fill) (Barton and Zoback, 2002; Nie et al., 2013;
Kosari et al., 2015). Additionally, image logs can provide quantita-
tive fracture parameters including fracture porosity, aperture, den-
sity and length can be quantitatively calculated through image logs
(Tiab and Donaldson, 2004; Khoshbakht et al., 2012; Xu et al.,
2016; Lai et al., 2018, 2022) (Fig. 16).

Fracture porosity is the ratio of fracture area to the total area of
boreholes. The range of fracture porosity (FVPA), is 0.1% to 5%, and
generally less than 0.5% (Fig. 16) (Tiab and Donaldson, 2004; Zeng
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and Liu, 2010). However, in some cases, fracture can keep a high
value up to more than 1.0% where the rocks are heavily fractured.

Fracture aperture (FVAH) or width is also called fracture open-
ing, which is at millimeter scales, is critical in controlling fracture
permeability (Fig. 16) (Tiab and Donaldson, 2004; Wilson et al.,
2015; Wennberg et al., 2016).

Fracture length (FVTL) is total fracture lengths in a unit area of
boreholes (1 m2), and it can be calculated by the fracture traces on
the image logs (Fig. 16) (Tiab and Donaldson, 2004; Ameen et al.,
2012).

Fracture density (FVDC) is the numbers of fractures per unit
length or cumulative fracture trace lengths per unit area (Fig. 16)
(Ameen et al., 2012; Wennberg et al., 2016).

4.2. Sedimentary geology

4.2.1. Recognition of lithology and lithofacies
Prediction of lithology and lithofacies from well logs has the

potential to extend observations from the core scale (centimeters
to meters) to the well scale, allowing facies to be mapped
(Nabawy and Géraud, 2016; He et al., 2019). Core facies can be
defined based on their sedimentological and mineralogical charac-
teristics, including lithology, grain size, and cross beddings (He
et al., 2019). Conventional well logs that can be used for lithofacies
prediction include gamma ray (GR), resistivity (Rt), and photoelec-
tric factor (Pe), etc. (He et al., 2019). In addition, image logs of high
vertical resolution, play an important role in lithofacies interpreta-
tion. Image logs measure grain size, rock composition, bedding
dips, and sedimentary structure at the millimeter scale, are critical
for facies interpretation (Keeton et al., 2015; Brekke et al., 2017).
The borehole image logs, combining with cores and conventional
logs (GR and RT, etc), can be used to interpret the lithology, sedi-
mentary textures and then lithofacies associations of sedimentary
rocks.

Previous studies and the core sedimentology suggested the
Chang 7 member (Member 7 of the Upper Triassic Yanchang For-
mation) in Ordos Basin was deposited at the most expansive stage
of the Ordos Lake, and the lithology consists of shales and black



Fig. 12. Well log response of fractures on DSI full-waveform.

J. Lai, Y. Su, L. Xiao et al. Geoscience Frontiers 15 (2024) 101779
mudstones interbedded with thin beds of gravity-flow fine-grained
sandstone and siltstone (turbidites, sandy debris and slumps) (Li
et al., 2011; Qiu et al., 2014; Lai et al., 2016).

The image log facies of informal stratigraphic Unit A (intervals
within 2033 to 2035 m) in Fig. 17 is recognized mainly as massive
facies with locally distributed dark spots (speckled facies). No evi-
14
dent internal structures are observed from the dynamic images,
which imply the structureless massive sandstones. The core obser-
vation shows that the lithology of this unit is grey massive sand-
stone with floating mudstone clasts but without cross beddings
(Fig. 17), therefore the core data supports the image log observa-
tion. The GR values remain uniform (low-amplitude box-shaped)



Fig. 13. Fracture extension and effectiveness evaluation using FMI, ARI electrical image logs and DSI sonic logs. The array sonic logs and ARI image have captured this fracture,
therefore the fracture has a long extension length.
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throughout the entire interval provides further evidence for the
lack of a grain-size trend (c.f., Keeton et al., 2015). These massive
clast-rich sandstones are commonly interpreted as sandy debris
flows (Li et al., 2011; Zou et al., 2012; Ran et al., 2016).

The image log facies of Unit B (intervals within 2058 to 2060 m)
in Fig. 17 is recognized as truncated facies, and the rapid color
changes from dark to bright is interpreted as the erosional surface.
The image facies are stacked from dark massive to low laminated
facies in a general fining upward trend. The core data supports this
interpretation since the massive mudstone layers are scoured by
the overlying fine-grained laminated sandstones (Fig. 17). The
fine-grained sandstone exhibits a sharp basal contact with adja-
cent mudstone and thin layers of normal grading (Zou et al.,
2012). Turbidites in Chang 7 member in Ordos basin are character-
ized by incomplete Bouma sequences (Zou et al., 2012; Qiu et al.,
2014), and these fine-grained sandstones with thin layers of nor-
mal grading are interpreted to be deposits of turbidity currents
from suspension settling (i.e., turbidites) (Zou et al., 2012; Ran
et al., 2016).

Laminated image facies are recognized of Unit C (intervals
within 2070 to 2072 m) in Fig. 17, and this indicated the appear-
ance of shales. Even the static images are very bright, and lamina-
tions are well imaged in the dynamic images. Dark spots are
interpreted as pyrite nodules, and the well-developed lamination
in mm scale with low dip angles refer to the shale breaks
(Fig. 17). The high GR amplitudes and very high resistivity values
supports this interpretation, and give signatures to the richness
in organic matters (Fig. 17). The lithology, sedimentary structures
and lithofacies associations of the whole intervals (2030–
2070 m) are interpreted by image logs, and combined with core
observation and conventional well logs of GR and RT (Ran et al.,
2016).

However, there are some special petrophysical behaviors of
lithology, for instance, high gamma sandstones. Clean sandstones
are suggested to have low gamma-ray readings (<60 API)
(Sarhan, 2019), but high GR values (>100 API) will be encountered
15
when they are rich in radioactive K-rich rock fragments and U-rich
deposits (Fig. 18).

Consequently, the high-resolution core-calibrated borehole
image logs and conventional logs enable the interpretation of tex-
tural and lithological facies in terms of depositional elements (Xu,
2007; Xu et al., 2009; Folkestad et al., 2012; Muniz and Bosence,
2015).

4.2.2. Depositional facies description
Identification of depositional microfacies is based on both qual-

itative and quantitative descriptions of mineral composition, tex-
ture, sedimentary structures, grain-size distribution, bioturbation,
and these data can be obtained from core and outcrop observation
(He et al., 2019). However, the description of depositional facies
core is limited due to the lacking of continuous coring data and
related core analysis data. Therefore, the well log data, especially
the high resolution image logs, which provide continuous digital
records of information on composition, texture, paleoflow direc-
tions, and sedimentary sequences, play important roles in interpre-
tation of depositional microfacies and depositional trends
(Donselaar and Schmidt, 2005; Xu, 2007; Folkestad et al., 2012;
Lai et al., 2021).

4.2.3. Sequence stratigraphy analysis
Sequence stratigraphy aims to establish a chronological stratig-

raphy framework, which can help govern sedimentary processes
and improve the success of hydrocarbon exploration (Catuneanu
et al., 2009; Melo et al., 2021). Rapid and impressive evolution
has been witnessed in sequence stratigraphy during the past sev-
eral decades (Mansour et al., 2018). Sequence stratigraphy is a col-
lection or ‘‘toolkit” of methods intended for various spatial scales,
depositional context, data input (Donovan, 2010). Electric well
logs, which can recognize sequence boundary and indicate the
gradual rise of relative sea or lake level, are widely used for
sequence stratigraphy analysis (Kadkhodaie and Rezaee, 2017;
Ayyad et al., 2020; LaGrange et al., 2020; Magalhães et al., 2020).



Fig. 14. Application of FMI, ARI electrical image logs and DSI sonic logs in evaluating closed (sealed) fractures. The closes fractures have no connectivity and they hardly can
be recognized by ARI and sonic logs.
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Sequences are subdivided into systems tracts, which are
bounded by sequence surfaces (sequence boundary and maximum
flooding surfaces). Stratal stacking patterns (progradation, ret-
rogradation, aggradation) varied significantly for various systems
tracts (Catuneanu et al., 2009; Kadkhodaie and Rezaee, 2017). Low-
stand system tracts (LST) form during sea level fall, while trans-
gressive systems tracts (TST) forms as sea level start to rise. TST
are characterized by retrogradational parasequence, while high-
stand systems tracts (HST) are recognized by aggradation and then
progradation of parasequences (Kadkhodaie and Rezaee, 2017).
Sequence boundaries are recognized as rapid changes in lithologi-
cal associations due to sea level fall (Sfidari et al., 2021). The LST
and HST are favorable for development of reservoirs. Source rocks
are usually related to maximum flooding surfaces and TST, which
are characterized by low sedimentation rate but constant supply
of organic matters (Mansour et al., 2018; Souza et al., 2021).

The Upper Triassic Yanchang Formation in Ordos Basin (West
China) is a super long-term sequence cycle (2rd order sequence),
and the Chang 7 lacustrine black oil shales and mudstones corre-
spond to the Maximum Flooding Surfaces (MFS) (Qiu et al.,
2014). Five long-term 3rd order sequence cycles corresponding
to five regional lake transgression-lake regression sedimentary
cycles can be identified. For each long-term sequence cycles, LST,
TST and HST can be recognized according to the curve shapes,
and stacking patterns of well logs (GR and RT) (Fig. 19). The LST
is characterized by aggradation stacking patterns, with the GR
16
curve mainly box-shaped, and indicates a high depositional energy,
and the lithology are sandstones. The TST is typical of high GR and
high resistivity, indicating a high lake level, and organic matter-
rich shales are encountered. The HST is characterized by coarsen-
ing upward sequence with retrogradation or aggradation stacking
patterns, and the GR curve is typically of serrated funnel-shapes
(Fig. 19).

Wavelet transform, which is a signal processing tool, and pro-
vides a new way to divide high-resolution sequence stratigraphy
using well logs (Kadkhodaie and Rezaee, 2017). The principles
and methods of wavelet transform are described in previous stud-
ies (Kadkhodaie and Rezaee, 2017). The wavelet conversion, or
even Fourier transform of gamma ray and spontaneous potential
curves, will provide the time frequency characteristics, which can
be applied in the sequence stratigraphic subdivision, with the
results more objective and effective (Fig. 20) (Wang et al., 2013;
Kadkhodaie and Rezaee, 2017). In addition, wavelet transform
can reveal the hidden information on Milankovitch cycles, which
can be further used for paleoclimate analysis (Kadkhodaie and
Rezaee, 2017; Falahatkhah et al., 2021).

4.3. Petroleum geology

4.3.1. Calculation of petrophysical parameters
Conventional (full suite) logs evaluation can be used to derive

porosity, water saturation, and permeability (Yarmohammadi



Fig. 15. Responses of induced fracture on FMI, ARI electrical image logs and DSI sonic logs.
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et al., 2020). Finding the hydrocarbon presented in the formation is
the initial goal of well log interpretation (Luthi, 2001; Tiab and
Donaldson, 2004; Nabawy and El Sharawy, 2018). The first ques-
tions of well log data that need to be answered are what is the type
of fluids and where are the hydrocarbons? (Ellis and Singer, 2007).
Well logs can be used for directly qualitative recognition of hydro-
carbon (oil or gas) bearing layers. For instance, the Layer 1
(5971.5–5985.5 m) in Fig. 21 is a typical gas bearing layer, and
the GR log is characterized by box-shape and low amplitude, indi-
cating low shale content (Fig. 21). The three porosity logs give a
relatively high porosity, and the deep and shallow resistivity logs
have evident deviations (Fig. 21). Conversely, the water zone is
characterized by rather low-resistivity readings and the lack of
separation between the deep and shallow laterolog readings
(Ellis and Singer, 2007). Additionally, the hydrocarbon-mud logs
(C1, C2, C3, Total gas) all show high values in Layer 1, and this indi-
cates a high gas bearing property. Consequently, the Layer 1 in
Fig. 21 can be easily interpreted as gas bearing layer according to
the comprehensive analysis of well log data.
4.3.2. Shale content and porosity
Well logs can be quantitatively used for calculation of petro-

physical parameters including shale content, porosity, permeabil-
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ity and hydrocarbon saturation (Rider, 2002; Tiab and Donaldson,
2004; Ellis and Singer, 2007).

Gamma-ray tool measures the radioactivity (Serra, 1984), and a
GR log is commonly used for determination of shale content, where
high GR readings imply high shale content (Fig. 21). Mudstone
intervals (organic-poor) generally exhibit high GR but low resistiv-
ity (Shalaby et al., 2019; Wang et al., 2019).

Porosity (u) is that fraction of the volume of a rock (Ellis and
Singer, 2007), and the three porosity logs (AC, CNL, DEN) can be
used for the calculation of porosity (Iqbal et al., 2018).

The sonic log measures the interval transit time (Dt), which is
the shortest time for a compressional wave to travel through 1 ft
(or 1 m) of formation parallel to the wellbore (Tiab and
Donaldson, 2004). The time average equation to calculate porosity
is written as (Eq. (5)) (Tiab and Donaldson, 2004; Bateman, 2020).
However, in shaly sandstones, the sonic velocity of shales is differ-
ent from sandstones, and the Eq. (5) should be rewritten as Eq. (6):

us ¼
Dt � Dtma

Dtf � Dtma

1
Cp

ð5Þ

us ¼
Dt � Dtma

Dtf � Dtma

1
Cp

� V sh
Dtsh � Dtma

Dtf � Dtma
ð6Þ



Fig. 16. Comprehensive evaluation of natural fractures, induced fractures and fracture effectiveness using image logs.
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In Eqs. (5) and (6), Dtf is fluid sonic transit time, and is assumed
to be 189 ls/ft, and Dtma (matrix sonic transit time) for sandstones
is 55.5 ls/ft. us is sonic porosity. Dt is sonic transit time from well
logs, Vsh is the shale (clay) content. Cp is compaction correction fac-
tor (ranging from 1 to 2), and Cp is taken as 1.0 when no com-
paction correction is used Tiab and Donaldson (2004).

Density log can also be used for porosity calculation using the
following Eqs. (7) and (8) (Tiab and Donaldson, 2004;
Stadtmuller et al., 2018). In Fig. 4, the porosity is derived from
the density logs, and are coinciding with the core-measured poros-
ity (Fig. 21).

uD ¼ qma � qb

qma � qf
ð7Þ

uD ¼ qma � qb

qma � qf
� V sh

qma � qsh

qma � qf
ð8Þ

In Eqs. (7) and (8), qf is fluid density, and is assumed to be 1.0 g/cm3

(fresh muds) or 1.1 g/cm3 (salty drilling muds), and qma (matrix
density) for sandstones is 2.65 g/cm3. uD is density-derived poros-
ity. q is bulk density from well logs, Vsh is the shale (clay) content.

Neutron logs also can also be used to determine porosity, how-
ever, neutron porosity is affected by the shale content, organic
matter content, and presence of gas, therefore neutron logs are
needed to calibrate with core-measured porosity to build the pre-
dictable model of porosity. Actually, modern neutron log data is
recorded directly in apparent porosity units, and they can be used
for porosity calculation with a correction. In addition, porosity can
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also be determined from the combination of neutron and density
logs ‘‘crossover of neutron log versus density log” (Tiab and
Donaldson, 2004; Bateman, 2020).

4.3.3. Permeability
There are no direct logging tools to measure permeability, how-

ever, permeability can be estimated according to the correlation
relationships between core-measured permeability versus core-
measured porosity (Fig. 21). In addition, NMR logs which can pro-
vide the information of NMR porosity, free fluid index (FFI), bulk
volume irreducible (BVI), geometric mean of the T2 distribution
(T2gm) (Tan et al., 2014; Wang et al., 2020). Furthermore, DST (drill
stem test), modular dynamics formation tester (MDT), as a new
technique, can estimate permeability in natural conditions (but
mostly effective permeability) (Liu et al., 2005). Wireline repeat
formation tester (RFT) can be further used for identifying forma-
tion pressure and fluid contacts (Radwan et al., 2021).

There are commonly two models used to derive permeability
using the NMR logs, known as Schlumberger Doll Research (SDR)
Eq. (9) and Coates model Eq. (10).

KSDR ¼ Du4 T2gm
� �2 ð9Þ

KSDR (mD) is permeability from SDR model, and D is a constant
(Glover et al., 2006; Rezaee et al., 2012).

Coates et al. (1991) developed the Coates model to derive per-
meability using free fluid index (FFI) and the bulk volume irre-
ducible (BVI) (Eq. (10)):



Fig. 17. Lithofacies prediction using image logs combined with cores and conventional logs.
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KNMR ¼ u
C

� �2 FFI
BVI

� �� 	2
ð10Þ

KNMR (mD) is permeability from Coates model, and C is a constant
(Coates et al., 1991; Rezaee et al., 2012).
4.3.4. Hydrocarbon saturation
Water saturation (Sw) is the fraction of the porosity which con-

tains water (Ellis and Singer, 2007). Archie (1942) proposed the
well-known Archie’s formula to calculate hydrocarbon saturation
(Eqs. (11) and (12)).
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F ¼ R0

Rw
¼ a
um ð11Þ
I ¼ Rt

R0
¼ b

Snw
ð12Þ

F is the formation factor, R0 is the resistivity of rock which are 100%
water saturated, Rw is the water resistivity (X�m). I is resistivity
index, Rt is true formation resistivity (X�m). a is the tortusity factor,
b is the lithology factor, m is the cementation exponent; and n is the
saturation exponent. Generally, a and b are taken as 1.0, while m



Fig. 18. High gamma sandstones which are oil stained in Jimusar Sag, Junngar Basin of China (Well J10025).
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and n are taken as 2.0 (Archie, 1942; Adebayo et al., 2015; Liu et al.,
2015; Nabawy, 2015; Qin et al., 2016).

Eqs. (11) and (12) can be combined to derive Eq. (13), and con-
sequently, water saturation (Sw) can therefore be calculated from
well logs since a, b, m, n are constant, u can be derived from den-
sity log, and Rt can be directly read from deep lateral logs (Fig. 21).
The calculated gas saturation of Layer 1 in Fig. 21 is high than 60%,
and implying a good gas bearing interval, and the gas test data
prove the results since a daily natural gas production of 335,
302 m3 is obtained for Layer 1 in Fig. 21.

Sw ¼
�
abRw

Rtum

�1=n

ð13Þ

Besides Archie’s formula, there are Indonesian formula (without
considering cation exchanges) and the Waxman-Smits model (clay
has additional conductivity due to cation exchange) (Poupon et al.,
1954; Poupon and Leveaux, 1971; Zhu et al., 2022), dual water sys-
tem (Clavier, et al., 1984), and Simandoux with the capacity for
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argillaceous correction (Simandoux, 1963; Pan et al., 2022) that
can be used to estimate hydrocarbon saturation in reservoirs (Li
et al., 2021).

4.3.5. Low resistivity oil layers
High shale content (conductive minerals including mixed layers

of illite/smectite), complex pore structure, high irreducible water
saturation as well as saline formation water will result in the for-
mation of low-resistivity or low contrast oil pay (Bai et al., 2019;
Iqbal et al., 2019). The well log responses of oil layers and water
layers become similar, but the resistivity log responses are much
lower than the normal and typical oil pays (Bai et al., 2019). Low
resistivity oil layers usually display a low-resistivity contrast with
a resistivity ratio of oil layer versus water layer less than 2.0
(Hamada and Al-Awad, 2000; Worthington, 2000; Bai et al., 2019).

The low resistivity oil layers have only about 4 X�m deep resis-
tivity in the Dongying Formation in Napu Sag of Bohai Bay Basin
(Lai et al., 2019b) (Fig. 22). A daily oil production of 57.9 m3 is



Fig. 19. Well logs showing the vertical patterns of various systems tract.
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Fig. 20. Sequence stratigraphy division using wavelet frequency analysis (Wang et al., 2013).
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obtained during oil test under a drawdown pressure of 4.0 MPa and
a choke width of 12.7 mm, and no water is produced (Fig. 22). The
highest deep resistivity in Layer 4 is about 10 X�m, therefore high
rate of oil production can be obtained from these low resistivity oil
layers. The water layers in this zone have deep resistivity about 4–
5X�m, and the Layer 6 and 7 are typical water layers in which only
water is produced during production test (Fig. 23). The above Layer
1, 3 and 4 are oil–water bearing layers, in which both oil and water
can be produced from production test, and oil layers show similar
deep resistivity of 4–5 X�m with water layers (Fig. 23) (Lai et al.,
2019b).

Low resistivity or low contrast zones are usually overlooked due
to the absence of high-end well logging techniques (Iqbal et al.,
2019). Detection of low-resistivity reservoir and the accurate deter-
mination of the petrophysical parameters using conventional log
reservoirs is challenging (Hamada et al., 2001). NMR logs can pro-
vide the transversal relaxation time (T2) spectrum, longitudinal
relaxation time (T1) spectrum, as well as diffusion coefficient (D)
(Tan et al., 2014; Olatinsu et al., 2017; Wang et al., 2020). The
NMR data contain abundant information about pore size distribu-
tion, porosity, permeability, fluid types (bound and free pore fluid,
and hydrocarbon) (Tan et al., 2014; Bauer et al., 2015; Dada et al.,
2015), and NMR logs are widely used for fluid property identifica-
tion and estimating the movable oil content (Wang et al., 2020;
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Pang et al., 2022). The NMR log has evident advantages in fluid iden-
tification over conventional well logs in unconventional oil and gas
reservoirs (Fig. 24) (Hamada et al., 2001; Chatterjee et al., 2012; Bai
et al., 2019). However, the high cost and long time of acquiring data
will limit the application of NMR logs (Hamada et al., 2001).

The NMR logging is very cost-effective tool in the low-contrast
resistivity reservoirs, according to the contrast in the relaxation
parameters (T1, T2 and diffusion) between water and oil and gas
(Hamada et al., 2001). Though the low-contrast resistivity oil zone
may have similar resistivity with water zone, they show high con-
trast NMR relaxation times with water zone (Hamada et al., 2001).
Hydrocarbon has long T2 time, while water has short T2 relaxation
time. Differential spectrum method (DSM) can be used to identify
the low resistivity oil zone (Hu et al., 2012). MRIL-Prime NMR log-
ging tool can choose different wait time (Tw) and echo spacing (TE),
and hydrocarbon and water signals can be divided providing that
long and short wait time are used respectively (Hu et al., 2012).
The Tw is set as 12.998 s and 1.0 s, respectively, and the T2 spectra
are obtained at the different waiting time (Fig. 24) (Hu et al., 2012).
For water layer, low amounts of signals are detected in the differ-
ential spectrum, while in the oil layers, there are high signal ampli-
tudes in the differential spectrum (Fig. 24). Consequently, the NMR
logs can be used for the fluid property evaluation in low resistivity
oil zone.



Fig. 21. Application of well log data in calculating porosity, permeability and hydrocarbon saturation. Oil test data: 5971.5–5985.5 m depth intervals, 6 mm choke width, and
the drawdown pressure is 81.8 MPa. The daily oil production is 46.1 m3, and the daily natural gas production is 335,302 m3.
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5. Evaluation of unconventional oil and gas reservoirs

Increasingly in recent years, some oil and gas resources are con-
sidered ‘‘unconventional” because of the advance completion tech-
nologies like hydraulic fracturing and horizontal drilling.
Consequently, unconventional oil and gas reservoirs need petro-
physical logs to determine how to optimize the sweet spots
(Avanzini et al., 2016; Abuamarah et al., 2019; Zou et al., 2019;
Lai et al., 2022). Sweet spots are the best zones or horizons for
hydrocarbon production, and there are geological and engineering
(geomechanical) sweet spots in terms of well log evaluation (Zhao
et al., 2019; Lai et al., 2022). Geological sweet spots are reservoirs
with high reservoir quality and oil bearing property, while engi-
neering sweet spots refer to the intervals that are favorable for
hydraulic fracturing and are characterized by high brittleness
index and low in situ stress anisotropy (Rybacki et al., 2016;
23
Iqbal et al., 2018; Zhao et al., 2019; Lai et al., 2022). A productive
interval for unconventional hydrocarbon resources represents the
good combination between geological and engineering sweet spot
(Avanzini et al., 2016; Amin et al., 2021; Lai et al., 2022).

5.1. Evaluation of geological sweet spots

The Lucaogou Formation in the Jimusar Sag (Junngar Basin,
West China) is characterized by a coexisting combination of tight
oil and shale oil (Yang et al., 2019). Petrophysical logs are used
to optimize the sweet spots. Geological sweet spots should evalu-
ate the reservoir property (presences of fracture) and oil bearing
property (Zhao et al., 2019). Porosity, permeability and oil satura-
tion can be calculated using NMR logs and the NMR T2 spectrum is
presented to show the fluid property (Fig. 25). There are two
layers P2l22 (including P2l22-1, P2l22-2, P2l22-3) as well as P2l12 (including



Fig. 22. Low resistivity oil layers with deep resistivity of 4 X�m (NP 208).
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Fig. 23. Water layers and low resistivity oil layers with similar deep resistivity of 4–5 X�m (NP 1).
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Fig. 24. Application of NMR log (differential spectrum method) in finding low resistivity oil layer (NP1-1).

J. Lai, Y. Su, L. Xiao et al. Geoscience Frontiers 15 (2024) 101779
P2l12-1, P2l12-2, P2l12-3) which are characterized by high porosity, per-
meability and oil saturation, and the T2 distributions are wide
and even contain tail distributions (Fig. 25). Therefore, these two
layers are recognized by petrophysical logs as geological sweet
spots. Actually, previous studies also show that P2l22 and P2l12 are
two sets of ‘‘sweet sections” in the Lucaogou Formation in the
Jimusar Sag (Yang et al., 2019).
5.2. Evaluation of brittleness and engineering sweet spots

Unconventional oil and gas reservoirs have no natural produc-
tivity and need hydraulic stimulation for economic hydrocarbon
production (Josh et al., 2012; Rybacki et al., 2016; Schultz et al.,
2020). High rates of hydrocarbon production are usually associated
with brittle formations (Jarvie et al., 2007; Dong et al., 2018). Engi-
neering sweet spot optimization evaluates brittleness, fracability
and in situ stress anisotropy (Rybacki et al., 2016; Iqbal et al.,
2018; Zhao et al., 2019). The in situ stress magnitude determination
using well logs are discussed in a previous section. To optimize
engineering sweet spots, the calculation of brittleness index is
indispensable since brittleness is an important property that
should be evaluated for unconventional hydrocarbon resources.
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5.2.1. Brittleness index determination
During hydraulic fracturing, rocks are needed to be brittle

enough to initiate fractures within and keep such fractures open
(Josh et al., 2012; Avanzini et al., 2016). The layers with high brit-
tleness index (brittle layers) are considered prospected for fractur-
ing (Rickman et al., 2008; Sondergeld et al., 2010; Herwanger et al.,
2015; Iqbal et al., 2018). Ductile rock tends to heal natural and arti-
ficial fractures and is not favorable for hydrocarbon production
(Rickman et al., 2008; Guo et al., 2015; Lai et al., 2015; Iqbal
et al., 2018). Therefore brittleness evaluation using well logs are
of utmost importance for better design of fracturing treatment
(Rickman et al., 2008; Iqbal et al., 2018).

Brittleness is related to Young’s modulus and Poisson’s ratio
from a geomechanical perspective (Iqbal et al., 2018). Brittleness
can be evaluated by the combination of these two parameters
(Rickman et al., 2008; Iqbal et al., 2018). There are typically two
methods for calculating brittleness index, and they include the
geomechanical method and ratio of brittleness minerals (Lai
et al., 2015; Zhao et al., 2019). One commonly used method is to
calculate brittleness index by using mechanical parameters (Iqbal
et al., 2018). The brittleness index (%) in this way can be defined
as the average of the BIE and BIm (Eqs. (16)–(18)) (Guo et al.,
2013; Lai et al., 2015; Iqbal et al., 2018).



Fig. 25. Comprehensive well log evaluation of lithology, reservoir property, hydrocarbon bearing property, electronic well log responses, source rock property, brittleness,
and in situ stress magnitude and direction (Well Ji 10024). Two sweet spots are optimized, and the daily oil production is 7.75 m3 with a 2 mm choke at 3482.0–3486.5 m
depth intervals.
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BI ¼ BIE þ BIm
2

� 100% ð16Þ

BIE ¼ E� Emin

Emax � Emin
ð17Þ

BIm ¼ m� mmax

mmin � mmax
ð18Þ

Emin and Emax are the minimum and maximum Young’s modulus,
while vmin and vmax are the minimum and maximum Poisson’s ratio.
The dynamic E and v can be calculated from compressional (P
waves) wave velocities (m/s) (Vp), shear wave (S waves) velocities
(m/s) (Vs) and bulk density log (q) data (kg/m3) (Eq. (19)–(20))
(Lai et al., 2015).

E ¼ q
V2

s

3V2
p � 4V2

s

V2
p � V2

s

ð19Þ

m ¼ V2
p � 2V2

s

2ðV2
p � V2

s Þ
ð20Þ

Another method to calculate brittleness index is according to
the proportion of brittle minerals (quartz, carbonate) (Eq. (21)).

BI ¼ ðQzþ CarÞ=ðQzþ Carþ Felsþ ClayÞ � 100% ð21Þ
Qz is quartz content, Car is the carbonate content, Fels is the

feldspar content, and Clay is the total clay content (Guo et al.,
2015; Lai et al., 2015).

Brittle rock has a higher Young’s modulus but lower Poisson’s
ratio due to high amount of brittle quartz and carbonate minerals
(Rybacki et al., 2016; Iqbal et al., 2018; Kumar et al., 2018). Con-
versely, ductile rock with high clay content needs more energy/
fracturing pressure to break (Iqbal et al., 2018).

5.2.2. Evaluation of engineering sweet spots
The brittleness index is calculated using Poisson- Young’s

method, and the in situ stress magnitudes are determined using
the above equation. Geological sweet spots are characterized by
high brittleness index but low horizontal stress difference, and
the layers with high brittleness index easily sustain fracture aper-
ture, while the intervals with low horizontal stress difference are
favorable for formation of complex fracture network systems dur-
ing hydraulic stimulation (Lai et al., 2022).

Consequently, the engineering sweet spots are also easily to be
identified in the log profile, the layers P2l22 (P2l22-1, P2l22-2, P2l22-3) as
well as P2l12 (P2l12-1, P2l12-2, P2l12-3) are typical geological and engineer-
ing sweet spots (Fig. 25). The comprehensive log evaluation of geo-
logical and engineering sweet spots will support decisions by
engineers and geologists through the exploration and exploitation
of unconventional oil and gas resources (Avanzini et al., 2016; Li
et al., 2020; Lai et al., 2022).

6. Prospects

6.1. Extension of application of well logs

Well logs have been used in various aspects of geosciences and
engineering fields. With increasing demands of industry and
improvements of advanced well logging techniques, more areas
require geophysical well logs to answer the scientific and technical
questions. Actually, many of the fields that do not traditionally use
well logs can reuse existing well log databases. For instance, CCUS
are looking to reuse depressurized reservoirs as potentially storage
for CO2 or maybe as temporary storage for hydrogen. Actually, well
logs have already been used in studies such as groundwater inves-
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tigation (Maliva et al., 2009), geothermal potential assessment
(Nasr et al., 2018; Shakirov et al., 2021), gas hydrate evaluation
(Lee and Waite, 2008; Collett et al., 2011; Kang et al., 2020), coal
bed methane exploitation (Liang et al., 2018; Karthikeyan et al.,
2020), Milankovitch cycle recognition (Falahatkhah et al., 2021),
paleoclimate and paleoenvironment reconstruction (Gould et al.,
2014).

However, the applications of borehole geophysical logs in the
above fields are at a relatively lower technological level. With
increasing demands and technical improvements, the application
of well logs will extend in more and more geological fields and
engineering fields.

6.2. Improvements of advanced well logs

More and more advanced borehole geophysical logging tech-
niques such as high definition induction log, ECS and LithoScanner
log, electrical and sonic image logs, and NMR logs, are developed
driven by the increasing demands in oil and gas industry, and these
new well log suits will provide new insights to solve geological
issues (Maliva et al., 2009; Collett et al., 2011). A series of advanced
logging data are used to determine the occurrence of gas hydrates
(Collett et al., 2011). In addition, horizontal well logging and log-
ging while drilling data will be used to solve the geological issues.

A porosity histogram can be obtained by applying the Archie’s
formula to the flushed zone, and the porosity spectrum from an
image log are used for reservoir quality prediction in carbonate
rocks, and the high quality reservoirs have very broad porosity
spectrum with long tails (Maliva et al., 2009). The fullbore image
can be produced in the Techlog platform, and then a slab-like
image can be created from image log by filling the image gap
between pads and flaps (Fig. 26) (Kumar et al., 2014; Bize et al.,
2015; Morelli et al., 2016). The colorful slab-like images are very
similar with the core slab photos, and include much geological
information. The slab-like, bright-yellow-bright images are due
to the variation of mineral composition which can be determined
by thin section observation, and slab images help pick out the bed-
ding or lamina when the cores are not available (Fig. 26) (Morelli
et al., 2016).

The ECS and LithoScanner log can directly provide the mineral-
ogy of the rocks, and are used for mineral composition determina-
tion, lithology recognition, and even TOC calculation (Guo et al.,
2019; Lai et al., 2022). However, ECS and LithoScanner logs still
require some interpretation in sedimentary formations versus an
igneous formation. Two-dimensional nuclear magnetic resonance
(2D-NMR) logs, which provide lithology-independent T1 (spin–lat-
tice or longitudinal relaxation time), T2 (pinspin or transverse
relaxation time) distributions and diffusion coefficient, have
advantages for petrophysical characterization differentiating
bound and free fluids (water, gas, heavy and light oil) of shales
and heterogeneous porous media (Du et al., 2020; Osogba et al.,
2020; Yarmohammadi et al., 2020).

6.3. Artificial intelligence

To better fill the technologic gap between well logs and geolog-
ical interpretation, artificial intelligence is introduced to improve
the accuracy and speed, and diminish uncertainties. Big data
science and artificial intelligence may provide new insights for
accelerating data driven discovery in Earth evolution (Wang
et al., 2021). The artificial intelligence helps unravel the hidden
relations among various factors and discover controlling factors
of a particular phenomenon (Hui et al., 2021; Lan et al., 2021).
Machine learning algorithms, in particular deep learning (DL),
which are subsets of artificial intelligent methods (Lv et al.,
2021), are data-driven approaches providing automatic and fine



Fig. 26. Advanced image log processed procedures including static, dynamic image, fullbore image and slab image.

J. Lai, Y. Su, L. Xiao et al. Geoscience Frontiers 15 (2024) 101779
interpretation of scientific and technical issues efficiently (Dunham
et al., 2020; Wood, 2020; Hui et al., 2021; Lan et al., 2021; Yu and
Ma, 2021).

Over the past two decades there have been many attempts to
use machine learning methods to generate pseudo log curves, cal-
culate petrophysical parameters, predict lithofacies and enhance
oil recovery (Zhang et al., 2018; Geng and Wang, 2020; Wood,
2020; Mahmoud et al., 2021; Tatsipie and Sheng, 2021). The appli-
cation of AI in the links between well logs and geological interpre-
tation will significantly reduce human workload and improve
efficiency and accuracy (Wood, 2020; Amosu et al., 2021; Lv
et al., 2021; Zhang et al., 2023).

(1) Construct a pseudo log curve

Well logs are in some cases missing, and Long Short-Term
Memory (LSTM) network, convolutional neural network (CNN),
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recurrent neural networks (RNNs) and bidirectional long short-
term memory (BiLSTM) can be used to generate synthetic well logs
from the existing log data (Zhang et al., 2018; Osarogiagbon et al.,
2020; Shan et al., 2021; Tatsipie and Sheng, 2021).

(2) Lithology and lithofacies prediction

Machine learning techniques including artificial neural net-
works (ANN), and functional neural networks (FNN) are used to
predict the lithology changes (Mahmoud et al., 2021). Automatic
interpretation of lithofacies via machine learning methods is feasi-
ble, as the data-driven machine learning method can model the
complex relationship between rock properties and lithofacies (Al-
Mudhafar, 2020; Feng, 2020), and artificial neural networks
(Raeesi et al., 2012), supervised and unsupervisedmachine learning
methods (Bhattacharya et al., 2016) are widely used for lithofacies
interpretation using well logs (Al-Mudhafar, 2020; Feng, 2021).
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(3) Recognition of pore, cavity and fracture

Carbonate rocks are heterogeneous, and have complex reservoir
spaces (vugs, cavity and fracture) (Lan et al., 2021). A series of
machine learning techniques (supervised support vector machine
(Supervised-SVM) and supervised artificial neural network) can
be applied to predict vugs, cavities and fractures using basic wire-
line logs (Haagsma et al., 2021; Lan et al., 2021).

(4) Permeability, porosity and TOC prediction

Direct logging interpretation of formation properties (porosity,
permeability, water saturation) is time-consuming, and machine
learning diminishes uncertainties and improves efficiency (Ao
et al., 2019; Wood, 2020). There are no direct log curves used for
permeability measurement, and neural network (Al Khalifah
et al., 2020), support vector machine (SVM) (Al-Anazi and Gates,
2010), and principal component analysis networks (PCAN) are used
for permeability prediction (Lv et al., 2021). The resistivity, sonic,
density, and gamma ray logs are used to predict TOC in shales
using SVM, ANN, and fully connected deep network (FCDN) meth-
ods (Shalaby et al., 2019; Handhal et al., 2020; Amosu et al., 2021;
Zheng et al., 2021).

(5) Engineering fields

Application of artificial intelligence methods in various aspects
of petroleum engineering is growing over time (Mahmoud et al.,
2021). Machine learning approaches are widely used in the engi-
neering fields of oil recovery enhancing (Kumar and
Hassanzadeh, 2021), rock’s mechanical property prediction
(Mahmoud et al., 2021), and hydraulic fracturing (Hui et al., 2021).

The improvements of advanced well logs, and integration of
future methods and technology may change workflows or solve
outstanding geological problems that would yield great benefit in
the near future.

7. Summary and conclusions

Geophysical well logging was invented in 1927, and the devel-
opments can be divided into four stages, and various series of well
logging tools were developed to solve geological issues. Vertical
resolutions, depth of investigation and applications of various well
log suits are summarized, and the vertical resolution ranges from
5 mm to about 3.0 m. The depth of investigation ranges from
micrometer to about 2.0 m. The conventional well logs and
advanced well logs have their advantages and limitations, and
can be used in various fields of geosciences.

Well logs are used in finding the hydrocarbon reservoirs and
calculating petrophysical parameters. Well logs are used in basic
geology in terms of structural geology, sedimentary geology and
sequence stratigraphy. Structures around the borehole, which
include unconformity surface, fault and fold, can be picked out
by dipmeter log and image logs. Direction of in situ stress and
stress magnitude can be derived from image logs and sonic logs.
Fracture attitudes and status can be picked out from image logs.
Geological and engineering sweet spots in unconventional oil and
gas resources can be optimized using well logs through calculating
brittleness index, in situ stress and petrophysical parameters.
Lithology, lithofacies and depositional microfacies can be described
and predicted by conventional well log curve values and shapes as
well as image logs. The log curve shape and vertical stacking pat-
terns as well as wavelet transformation can be used for sequence
stratigraphy division.
30
Geophysical well logs are extending their application in ground-
water investigation, geothermal energy assessment, gas hydrate
evaluation, Milankovitch cycle recognition, and paleoenvironment
reconstruction. With the rapid development of artificial intelli-
gence, geophysical well logs are hoped to solve geological issues
more efficiently.
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