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a b s t r a c t

Natural fractures serve as the primary storage spaces and flow pathways in deep to ultra-deep tight 
sandstone reservoirs, directly influencing hydrocarbon accumulation, preservation, and production. 
Borehole images offer intuitive, continuous, and high-resolution identification of natural fractures along 
the entire borehole. However, relying solely on complete sinusoidal curves from borehole images for 
fracture identification may lead to omissions, as it overlooks cases where these curves are incomplete or 
truncated. To address the problems and deficiencies in fracture identification, this study systematically 
classifies borehole image feature patterns based on core-to-log spatial position restoring. A bidirectional 
comparison is conducted between natural fractures in cores and the fracture image features in borehole 
images. A quantitative relationship between fracture dip angle, thin layer thickness and borehole radius 
was established, accompanied by a mathematical expression describing the fracture curve morphology 
was proposed. These findings enabled the development of an imaging response pattern for natural 
fractures in deep and ultra-deep tight sandstone reservoirs, incorporating key parameters such as dip 
angle, through-layer connectivity, and spatial position within the borehole. In the Bashijiqike–Baxigai 
tight-sandstone reservoirs of the Bozi–Dabei area, we estimate that approximately 24% of core-
observed fractures display distinct linear-pattern features on borehole images, whereas approxi-
mately 91% of borehole images features can be correlated with fractures observed in core. Fracture 
identification rates for natural fractures increased by 17% in water-based mud and by 3% in oil-based 
mud through the application of the natural fracture image response pattern. Moreover, this study an-
alyzes the deviations in the matching between core fractures and image features. Finally, we further 
discuss the common sources of error in natural fracture identification using borehole images from 

multiple perspectives, including missing core responses, inconsistencies between core and borehole 
image features, distortion of fracture chord curve, inaccurate fracture count, misclassification of frac-
tures, and variations in interpretation under different mud systems. The research addresses the blind 
spots of traditional methods in fracture identification within thin layers, not only enhancing the 
detection rate of natural fractures but also further improving the accuracy of fracture recognition. At the 
same time, it will contribute to the optimization of fracture characterization, reservoir evaluation, and 
production forecasting, providing a more reliable data foundation for exploration and development 
under complex geological conditions.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Borehole images is a logging technique that generates high-
resolution, two-dimensional images around the borehole, utiliz-
ing the differences in the electrical or acoustic properties (Genter
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et al., 1997; Goldberg, 1997; Massiot et al., 2015; Lai et al., 2018). 
Borehole images is referred to as the “underground microscope” 
for geologists (Lai et al., 2024b), with the highest vertical resolu-
tion (5 mm) and borehole coverage (Lofts et al., 1998; Folkestad 
et al., 2012). These images can clearly display geological features 
such as lithology, stratification, cavities, and fractures on the im-
ages (Prensky, 1999; Sun et al., 2006; Gaillot et al., 2007). Borehole 
images has unique advantages, especially in the identification of 
natural fractures, and can identify and quantitatively evaluate 
features such as fracture orientation, effectiveness, geometric pa-
rameters, and development patterns.
To adapt to more complex geological conditions, borehole im-

ages fracture identification technology has continuously evolved 
in the petroleum industry (Ekstrom et al., 1986; Safinya et al., 1991; 
Prensky, 1999; Chitale et al., 2004; Kalathingal et al., 2010; Laronga 
et al., 2011; Lai et al., 2024b). Numerous scholars have systemati-
cally elucidated the response characteristics of various fracture 
types through comparisons between core and borehole images 
(MacLeod et al., 1992; Genter et al., 1997; Paulsen et al., 2002; Qu 
et al., 2016; Qi et al., 2025). At the same time, some scholars have 
explored the detection limit of fracture scale in borehole images 
through experimental testing and response simulations (Lai et al., 
2017; Li et al., 2025b). Researchers have employed various image 
enhancement techniques to improve the quality of borehole im-
ages and the ability to recognize fracture features. These tech-
niques include histogram equalization, two-dimensional discrete 
wavelet transform, Retinex algorithm, morphing technology, non-
local means denoising, and adaptive contrast enhancement (Yan 
et al., 2006; Zhang et al., 2012; Wu et al., 2016; Fu, 2020). How-
ever, due to the spacing between electrodes in electrical borehole 
images, blank stripes inevitably appear in the images, increasing 
the uncertainty in fracture identification. Many researchers have 
focused on optimizing the filling of blank strips using traditional 
interpolation methods such as Criminisi and Filtersim algorithms, 
(Ballester et al., 2001; Hurley et al., 2011; Yamada et al., 2013; Li 
et al., 2017b), as well as deep learning techniques like Encoder-
Decoder, U-Net, and GAN (Rumelhart et al., 1985; Goodfellow 
et al., 2014; Wang et al., 2019; Chen et al., 2021; Dong et al., 
2022; Yuan et al., 2022), in order to address this issue. Moreover, 
the identification of fractures remains heavily dependent on 
interpreter expertise, resulting in a complex and time-intensive 
workflow (Liu et al., 2013; Pan et al., 2018; Du et al., 2023). Auto-
mated fracture identification techniques based on borehole im-
ages are increasingly replacing manual interpretation, thereby 
enhancing the efficiency of fracture detection. This technology has 
evolved from traditional computer vision methods, such as Hough 
transform, edge detection, thresholding, and mathematical 
morphology (Hall et al., 1996; Qi, 2005; Xavier et al., 2015; 
Shafiabadi et al., 2021). It has now advanced to deep learning-
based intelligent recognition techniques, including YOLOv5, Fast 
R-CNN, and Mask R-CNN (Du et al., 2023; Han et al., 2023; 
Azizzadeh Mehmandost Olya et al., 2024), continuously 
improving the precision and efficiency of fracture identification. 
Regardless of the method used for fracture identification in 

borehole images, it essentially relies on the image features formed 
on the imaging unfold diagram after the fractures intersect the 
borehole (Qin et al., 2000; Wang et al., 2025). In general, when 
fractures intersect the cylindrical borehole, their image traces 
typically appear as characteristic chord curves (Prensky, 1999). The 
color, continuity, and morphological characteristics of the chord 
curve, directly reflect key information on the fracture's attitude, 
effectiveness, and other key characteristics (Deng et al., 2013; Liu, 
2013).
Although chord curve features have been widely applied in 

fracture identification, some image features of fractures under

special conditions remain unclear (Luo et al., 2023; Gong et al., 
2024). In complex cases—such as when fractures are perpendic-
ular to the borehole, do not fully cut through the borehole, are 
constrained by lithologic interfaces, developed within interlayers, 
or when the borehole becomes elliptical—the typical chord curve 
may no longer hold (Fernandez-Ibanez et al., 2018; Lai et al., 
2022b; Cao et al., 2024). These cases lead to the absence or 
distortion of chord curve, or to the appearance of fracture images 
that do not follow the chord pattern. As a result, the difficulty of 
fracture identification is significantly increased. Moreover, factors 
such as the resolution of borehole images, borehole wall flushing 
effects, fracture fillings, and the interaction between the instru-
ment and the borehole can all affect the imaging of fractures. This 
further leads to discrepancies between the core fracture charac-
teristics and the fracture image features from borehole images 
(Zeng et al., 2023a; Zhao et al., 2024). Current understanding of the 
imaging response mechanisms of complex or incomplete fractures 
remains insufficient. In addition, the fracture identification pro-
cess lacks unified and practical interpretation standards and 
methodological frameworks. This has become one of the key 
bottlenecks limiting further improvements in fracture identifica-
tion accuracy.
As one of the most crucial foundational data sources for frac-

ture studies, borehole images directly reveal the scale and char-
acteristics of natural fracture development. It plays an 
irreplaceable role in fracture identification and characterization, 
fracture effectiveness evaluation, and reservoir fracture system 

modeling (Olson et al., 2009; Zeng et al., 2022; Wood, 2024). To 
date, no image response pattern for borehole images has been 
established, that comprehensively considers features such as the 
dip angle, through-layer connectivity, and spatial position of nat-
ural fractures within the borehole. Therefore, it is necessary to 
further explore the fracture information contained in borehole 
images, and systematically analyze the imaging characteristics of 
various fracture types. It holds significant practical application 
value for improving the accuracy of fracture identification.
In this paper, we performed spatial alignment of the cores and 

observed the natural fracture characteristics in the core. A sys-
tematic classification of borehole images feature patterns was 
made based on color, morphology, curve identification ability, 
and geological significance. The core fractures and borehole im-
ages fracture features are precisely matched one-to-one through 
accurate bidirectional matching. We summarized the imaging 
characteristics of natural fractures with different features on 
borehole images. We established an image response pattern for 
natural fractures in deep and ultra-deep tight sandstone reser-
voirs, incorporating key parameters such as dip angle, through-
layer connectivity, and spatial position within the borehole. The 
proposed pattern enables accurate identification of natural frac-
tures using borehole images in intervals or wells lacking core 
data. Moreover, this study analyzes the deviations in the bidi-
rectional matching between core fractures and image features. 
Additionally, we discuss the common sources of error in natural 
fracture identification using borehole images from multiple per-
spectives. The research further enriches and refine the foundation 
for fracture identification using borehole images, and offer sig-
nificant guidance for oil and gas exploration and development 
practices.

2. Materials and methods

2.1. Geological background

The Kuqa Depression is a key area for oil and gas exploration 
and development in the Tarim Basin (Liu et al., 2019; Li et al.,
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2025a). It borders the South Tianshan fold-and-thrust belt to the 
north and the North Tarim Uplift to the south, covering a total area 
of approximately 5500 km 2 . The Kuqa Depression appears as a 
NE–SW elongated strip in the plane, wide in the central area and 
narrowing toward the east and west (Xu et al., 2022). The current 
structural pattern of the Kuqa Depression is divided into four belts 
and three depressions, comprising the Northern Monocline Belt, 
the Kelasu Structural Belt, the Wushi Depression, the Baicheng 
Depression, the Yangxia Depression, the Qiulitage Structural Belt, 
and the Southern Slope Belt (Fig. 1(a)) (Lin et al., 2002).
The Bozi-Dabei area, located in the western segment of the 

Kelasu Structural Belt, experienced sedimentation during the Early 
to Middle Cretaceous (Fig. 1(b)) (Liu, 2023). Controlled by the 
north-to-south thrusting of the South Tianshan orogeny during the 
Himalayan period, a series of NEE-trending thrust faults developed 
in the region (Fig. 1(b)) (Tang et al., 2006).
The main exploration and development target layer is the 

Lower Cretaceous Bashijiqike and Baxigai formations (Fig. 1(c)). 
The lithology is primarily composed of thick layers of medium–fine 
sandstone (Zhang et al., 2024). Burial depth ranges from 5300 to 
7800 m, with an average measured porosity of 4.8% (Chen et al., 
2024). It exhibits prominent characteristics of deep burial, ultra-
low porosity and permeability, and firm heterogeneity. The 
Bashijiqike and Baxigai formations undergo multiple phases of 
tectonic events (Zhang et al., 2014; Zhu et al., 2019a; Zeng et al.,

2023b). During the tectonic evolution, fracturing of formation 
forms complex natural fracture systems (Mitchell, 1995; Reber 
et al., 2015; Xue et al., 2021; Wang et al., 2023; Li et al., 2024). 
Eventually, a typical deep to ultra-deep fracture-type tight sand-
stone reservoir is formed.

2.2. Data

The data involved in this study were all obtained from the 
Bozi–Dabei area of the Kuche Depression, Tarim Basin. The dataset 
includes:

(1) A total of 272.68 m of core samples from 22 wells;
(2) Core fracture observation, including the top depth, bottom 

depth, and middle depth of the fracture on the core, dip 
angle, infilling traits, aperture, mechanical properties, 
through-layer connectivity, whether the fracture penetrates 
the borehole;

(3) Core scanning image (using a scanner to scan the closely 
fitted core surface, obtaining a 360 ◦ color image of the core 
surface with a resolution of up to 10 pixels per millimeter, 
with details as fine as 40 pixels per millimeter);

(4) The borehole images data included 12 wells drilled with a 
water-based mud environments and 8 wells drilled with an 
oil-based mud environments.

Fig. 1. Geological structures and stratigraphic background of the study area. (a) Structural unit division of the Kuqa Depression in the Tarim Basin. (b) Cretaceous top surface 
structure in the Bozi–Dabei area. (c) Stratigraphic column of the Bashijiqike–Baxigai Formation in the Lower Cretaceous (Wang et al., 2022a).
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2.3. Methods

2.3.1. Core spatial position restoring
When both core data and full-interval borehole images are 

available for a well, there is inevitably a depth overlap between 
them. Therefore, the geological features observed from the cores in 
the overlapping intervals can be compared with the corresponding 
borehole image features (Fernandez-Ibanez et al., 2018). Through 
this method, the imaging responses of lithology, fractures, and 
special structures observed in cores can be identified on borehole 
images (Wang et al., 2014). However, core recovery rates typically 
fall short of 100%, and measurement errors in drill string length are 
common. As a result, the recorded depth of the core upon retrieval 
often deviates from the true depth indicated by borehole images 
(Li et al., 2020b). In addition, due to technical and cost limitations, 
non-oriented coring techniques are typically used, leading to the 
loss of the core's true orientation (Niu et al., 2005).
This study takes full advantage of borehole images, which offer 

high resolution, strong continuity, and intuitive accuracy. 
Geological features such as fractures and bedding observed in core 
images were compared with borehole images characteristics. First, 
the core intervals were corrected to their true subsurface depths, 
and subsequently, their actual underground orientations were 
restored (Li et al., 2017a).

2.3.1.1. Depth alignment of borehole images and core. 
Comparing core gamma measurements with wireline gamma logs 
is a widely adopted and effective method for core depth calibra-
tion. When cores are continuous and intact, this technique enables 
accurate and straightforward depth matching. However, in frac-
tured reservoirs, cores are often fragmented and discontinuous, 
leading to considerable uncertainty in gamma-based calibration. 
To overcome this limitation, this study introduces a core scanning 
image stitching method that enables precise depth alignment even 
with discontinuous cores, thereby enhancing the accuracy of 
fracture identification and characterization.
Core scanning images are obtained by scanning the outer sur-

face of the core (Zhang, 2013) (Fig. 2(a) and (b)), whereas borehole 
images provides a comprehensive scan of the entire borehole 
(Fig. 2(c)). Ignoring their size differences, the scale of the borehole 
images can be adjusted to align with that of the core scanning 
images (Fig. 2(b) and (c)). The core scanning images are stitched 
together in sequence by block number, from shallow to deep 
(Fig. 2(b)).
However, the core may exhibit physical damage or disconti-

nuities caused by manual handling, interference from drilling 
tools, or a high density of natural fractures. In such cases, the top 
and bottom depths of the fragmented segment are determined 
based on the core description records. The fragmented segment is 
then left blank in the stitched image, skipping over that depth, and 
the sequence of continuous core images is continued.
To achieve spatial alignment, prominent geological features 

such as fractures and fracture networks, stratigraphic dip angles, 
lithological variations, and representative structures are first 
identified from the core. The corresponding geological features are 
then identified in the borehole images near the top and bottom 

depths of the core interval in the original record (Wang et al., 2014; 
Li et al., 2017a; Fernandez-Ibanez et al., 2018). Subsequently, the 
core images for the entire interval are shifted so that continuous 
geological features in the core align with those in the borehole 
images at identical depths. Next, the top and bottom depths of the 
fragmented segment are fine-tuned, thereby ensuring preliminary 
depth alignment between the core and borehole images.

2.3.1.2. Orientation alignment of borehole images and core. 
For non-oriented core sampling, logging personnel typically draw 
an marker line from the top to the base of the core (Zhu et al., 
2019b) (Fig. 2(a)). Provided the core remains continuously intact, 
the marker line typically remains stable and all core intervals 
maintain consistent spatial orientation.
Following the preliminary core depth alignment, one of the 

geological features used for alignment were selected as the 
reference marker. Subsequently, the azimuth of the reference 
marker in the borehole images and its position on the core relative 
to the marker line was determined. Eq. (1) was then used to 
compute the true orientation of the core marker line. Finally, both 
the core images and borehole images were unified into a common 
coordinate system, each beginning at true north and arranged 
from left to right in the sequence N–E–S–W–N (Li et al., 2017a) 
(Fig. 2(a) and (b)).

α = 
r 
l 
× 360 ◦ ± β (1)

where α is the marker line orientation, ◦ ; r is the distance from the 
marker to the marker line, cm; l is the core circumference, cm; and
β denotes the orientation of the reference marker, ◦ . A + sign is 
used when the marker is to the right of the orientation line, and a – 
sign when it is to the left.

2.3.2. Core fracture observation
Core fractures were observed and measured to obtain charac-

teristic parameters, including fracture aperture, infilling traits, 
through-layer connectivity, and mechanical properties.
Based on the known orientation of the core marker line, the 

orientations of fractures in each coring interval are inferred. On the 
core scanning image, the trough of the chord curve of each fracture 
is designated as the reference marker, and its orientation repre-
sents the fracture's trend (Yao et al., 2011). By back-calculating the 
orientation β of the reference marker using Eq. (1), the fracture 
trend is determined.

2.3.3. Classification of image feature patterns in borehole images 
In borehole images, the response characteristics of core li-

thology, depositional features, fractures, and other geological 
structures were clarified. Borehole images image feature patterns 
were systematically summarized and classified based on color 
combination characteristics, morphological traits, chord-curve 
identification ability, and their geological significance, drawing 
on existing scholarly research and the author's practical experi-
ence (Li et al., 2009; Lai et al., 2018).
Classification of borehole images feature patterns adheres to 

two guiding principles—scientific rigor and practicality (You et al., 
2000; Zhong et al., 2018). Scientific rigor requires that each feature 
type is underpinned by strict definitional criteria to avoid redun-
dancy and ensure a comprehensive taxonomy. Additionally, each 
classified pattern must exhibit explicit geological significance to 
guarantee its validity and accuracy. Practicality demands that the 
classification methodology be straightforward and transparent, 
facilitating its practical application and dissemination. Enabling 
researchers to efficiently and accurately identify and categorize 
image features.
To facilitate subsequent investigation of core fractures and 

borehole images fracture features, and to ensure independent 
analysis of fracture information from each data source. We clas-
sified borehole images feature patterns into two primary cate-
gories: line patterns and non-line patterns. This classification 
framework enables line patterns to accurately represent fracture
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characteristics in later studies, avoiding confusion with other 
geological features. It lays the groundwork for in-depth bidirec-
tional comparison between core fractures and borehole images 
fracture features.

2.3.4. Bidirectional comparison of core fractures and fracture 
features
This study employs a bidirectional validation approach, using 

both “core to borehole images” and “borehole images to core” 
verification. Matching the fracture parameters observed in the 
core (such as dip angle, infilling traits, mechanical properties, 
through-layer connectivity, and spatial position within the bore-
hole) with the corresponding image features in the line pattern of 
the borehole images. On the other hand, fracture image features in 
the borehole images are also traced back to the core, comparing 
their physical morphology and spatial position. The bidirectional 
comparison approach not only ensures high consistency and reli-
ability between the two data sources in fracture response, but also 
minimizes missed detections and misidentifications to the great-
est extent possible.
The orientation of fracture image features in borehole images 

can be obtained by fitting chord curves using fracture interpreta-
tion software. The type of drilling mud significantly influences the 
appearance of natural fractures in the borehole images (Chen et al., 
2024). In water-based mud drilling, when fractures are filled with

high-conductivity materials such as mud or clay, the image appears 
darker compared to the surrounding rock (Wang et al., 2022b). In 
oil-based mud drilling, when fractures are filled with low-
conductivity materials such as mud, calcite, or quartz, the images 
appear brighter compared to the surrounding rock (Lai et al., 2017). 
When the orientation and infilling of the core fractures match 

the image features and core fractures depth intervals fall within 
the depth range indicated by the image features, it can be initially 
determined that they correspond to the same fracture (Fig. 2(d)). If 
fractures are clearly observed in the core but no corresponding 
image response, or if fracture images are clearly shown in the 
borehole images but no corresponding fractures are present in the 
core, a depth discrepancy analysis should be conducted.
It is important to note that the core diameter is typically 8 cm 

or 10 cm, while the average borehole diameter is 15 cm. The im-
aging range of borehole images is wider than the core, by 
approximately 5–7 cm (Khoshbakht et al., 2012) (Fig. 2(d)). Core 
fractures extend into the borehole wall in three-dimensional 
space, causing a mismatch in the top and bottom depths of the 
fractures between the core and borehole images. Therefore, spatial 
extend factors must be fully considered when matching fracture 
information. Although there is a certain gap between the core and 
the borehole wall, it usually does not affect the calibration of 
geological features between the core and borehole images (Nian 
et al., 2021).
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Fig. 2. Schematic comparison of core stitching and borehole images features. (a) Core sample schematic. (b) Schematic of core scanning image stitching. (c) Borehole images 
matched to the depth interval of the core. (d) Comparative schematic of fracture features between the core and borehole images.
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2.3.5. Establishing natural fracture image response pattern
Clarify the image features of natural fractures on the borehole 

images unfolding, based on the dip angle, through-layer con-
nectivity, and spatial position within the borehole. Establish an 
image response pattern for natural fractures in borehole images. 
The proposed pattern enables accurate identification of natural 
fractures using borehole images in intervals or wells lacking core 
data.

3. Results

3.1. Core spatial position restoring

The first-pass core scanning image of well Z104 was processed 
through stitching and aligned with the corresponding borehole 
images at the same vertical scale (Fig. 3(a) and (b)). Select typical 
fracture intersection markers on the core (indicated by green cir-
cles) and their corresponding positions in the borehole images 
(Fig. 3(c)). This confirms that the depth of the continuous core 
below the fragmented segment has been properly realigned. Next, 
select the intersection of lithological interfaces and fracture of the 
continuous core above the fragmented segment as reference 
marker, and adjust the reference marker to ensure complete 
alignment with the lithological interfaces in the borehole images. 
As shown in Fig. 3(d), the gamma curve of the realigned core 
closely matches the trend of the logging gamma curve, and the 
lithology of the core is consistent with that of the borehole images. 
Thus, the core depth realignment work for well Z104 has been 
successfully completed.
The borehole image interpretation software Ciflog was used in 

this study. Ciflog is a logging data processing and interpretation 
system developed based on advanced computing technologies (Li 
et al., 2013). Using this software, the fracture orientation at the 
reference marker below the fragmented interval was determined 
to be 224 ◦ . The horizontal distance between the core reference 
marker and the marker line is 1.33 cm, and the circumference of 
the core is 25.21 cm. Using Eq. (1), the orientation of the

continuous core below the fragmented segment is calculated to be 
approximately 205 ◦ . Due to the presence of a fragmented segment 
in the middle of the first-pass core of well Z104, the orientation of 
the upper continuous core may deviate from that of the lower 
section. It is necessary to perform further orientation alignment of 
the upper continuous core. After calculation, the orientation of the 
upper continuous core is calculated to be approximately 0 ◦ . At this 
point, the core spatial position restoring for well Z104 is complete. 
Finally, both the core stitching image and the borehole images are 
oriented with true north, expanding from left to right (Fig. 3(e)). 
This methodology is applied to all core intervals within the study 
area.

3.2. Core fracture characteristics

Core observations show that natural fractures are well-
developed in the reservoir of the study area (Fig. (4)), with high-
angle and vertical shear fractures (45–90 ◦ ) being predominant, 
and occasional tensile fractures are observed (Figs. 4(a)–(b) and 
5(a)–(b)). Shear fractures exhibit smooth, straight fracture sur-
faces, often accompanied by striations and steps. The fractures 
frequently develop as trans-lithological features when they 
intersect lithological interfaces (Fig. 4(a)–(c)). Tensile fractures 
have shorter extensions, with curved and undulating fracture 
surfaces that often terminate at lithological interfaces 
(Figs. 4(c)–(e) and 5(c)). The sedimentary environment of the study 
area is characterized by an arid to semi-arid paleoclimate, with 
alkaline sedimentary waters. The fracture fillings are predomi-
nantly gypsum salts, with 49% of the fractures remaining unfilled 
(Figs. 4(c) and 5(d)). The fracture apertures generally range below 
0.2 mm, with only a few tensile fractures showing larger apertures 
(Figs. 4(c) and (d) and 5(e)). Fifty-five percent of the fractures 
penetrate through the core, while 45% of the associated smaller-
scale fractures do not extend through the borehole (Figs. 4(g) 
and 5(f)). Fig. 4(h) shows that some fractures develop within the 
interlayers, with the fractures terminating at the stratigraphic 
interfaces above and below.
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Fig. 3. First-run core spatial realignment workflow in Z104 well. (a) Core scanning image stitching. (b) Borehole images matched to the depth interval of the core. (c) Comparative 
of fracture features between the core and borehole images. (d) Verification of core depth realignment using core-scanned GR data. (e) Core stitching after spatial realignment. (f) 
Enlargement of upper features in the first-run fragmented segment of Z104 well.
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It is known that the orientation of the reference line in Fig. 3(f) 
is 0 ◦ , and the troughs of the two fracture arcs are approximately 
2.5 cm from the marker line. Using Eq. (1), the dips of both frac-
tures on this core interval are back-calculated to be approximately 
36 ◦ . This method is then applied to calculate the fracture dips for 
all core samples in the study area.

3.3. Classification of image feature patterns in borehole images

The borehole images feature patterns in the study area are 
classified into non-linear and linear patterns based on the color

combination characteristics, morphological features, sinusoidal 
curve detection capability, and geological significant. Non-
linear patterns can be further subdivided into six categories: 
massive, band, speckled, graded, chaotic, and anomalous pat-
terns (Fig. 6). Line patterns can be further subdivided into three 
categories: chord curve, symmetric line, and symmetric shadow 
line (Fig. 7). Among these, chord curve and symmetric line 
patterns reflect the features of natural fractures, bedding 
planes, and hydraulically induced fractures, whereas 
symmetric shadow-line patterns reflect features of borehole 
breakout.

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 4. Photographs of core fracture features. (a) Well Z101–2, K 1 bx, 7077.42 m, high-angle unfilled shear fracture. (b) Well Z104, K 1 bs, 6802.42 m, vertical semi-filled shear 
fracture. (c) Well Z104, K 1 bs, 6849.01 m, vertical semi-filled tensile fracture. (d) Well Z104, K 1 bs, 6846.58 m, vertical unfilled tensile fracture. (e) Well Z104, K 1 bs, 6847.51 m, 
vertical unfilled tensile fracture terminating against mud breccia. (f) Well Z301, K 1 bx, 6802.50 m, high-angle shear fracture terminating within a stratigraphic layer. (g) Well Z301, 
K 1 bx, 5835.67 m, large-scale fracture with associated small-scale fractures. (h) Well Z301, K1bx, 5849.93 m, fractures developed within interlayers.
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3.4. Bidirectional comparison results

Fig. 8 illustrates the process of bidirectional comparing natural 
fractures in cores with fracture image features manifested as line 
patterns in borehole images. During this comparison, we found 
that symmetric lines pattern is actually part of chord curve 
pattern. Partial chord curve pattern indicates incomplete curves 
with one flank missing. In contrast, symmetric line pattern arises 
from the loss of both flanks of the chord curve, leaving only the 
central segment, which manifests as symmetric lines. When 
fractures develop within interlayers (Fig. 4(h)) and are constrained 
above and below, their image features manifest as chord curve 
patterns with both upper and lower missing, corresponding to 
symmetric lines. Under certain circumstances, when vertical nat-
ural fractures do not penetrate the core (Fig. 8(g)), the paired 
vertical-line normally seen in images appear as a single line on one 
side only.
Numerous small-scale core fractures fail to manifest discern-

ible image features in borehole images. As illustrated in Fig. 8(a), 
several short, narrow fractures are visible in the lower-left corner 
of the core, yet the corresponding lower-left region of the borehole

images shows no matching fracture features. In oil-based mud 
wells, the fracture image features of cores typically exhibit weak 
signatures in borehole images. As illustrated in Fig. 8(e) and (f), 
these fracture image features appear blurred or may even be 
completely absent.
A statistical analysis was conducted to compare core natural 

fractures with their corresponding image features in line patterns. 
As summarized in Table 1, in the Bashijiqike–Baxigai tight-
sandstone reservoirs of the Bozi–Dabei area, we estimate that 
approximately 24% of core-observed fractures display distinct 
linear-pattern features on borehole images. Within this dataset, 
wells drilled with water-based mud show a higher correspondence 
at approximately 44%, whereas oil-based-mud wells show 
approximately 10%. Further statistical analysis within water-based 
mud wells shows: tensile, core-penetrating, unfilled, and >0.2 mm 

fractures exhibit higher image response rates than shear, non-
penetrating, filled, and narrower fractures, respectively. Compar-
ison of response rates for the remaining characteristics indicates 
minimal differences.
Because borehole images quality is poor in oil-based mud, 

reverse comparison of image features with natural fractures holds

Fig. 5. Statistical charts of core fracture characteristics. (a) Mechanical property statistics of core fractures. (b) Fracture dip-angle statistics of core fractures. (c) Cross-layer 
extension statistics of core fractures. (d) Filling-material statistics of core fractures. (e) Aperture statistics of core fractures. (f) Scale statistics of core fractures.
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little value. Therefore, a reverse comparison between line pattern 
image features in borehole images and natural fractures in cores 
was conducted exclusively in water-based mud wells. The statis-
tical results indicate that (Table 2): ninety-one percent of fracture 
image features in borehole images can be matched to corre-
sponding core fractures, whereas 9% of fracture images have no 
corresponding fractures in the cores. These unmatched fracture 
image features indicate that the fractures, after penetrating the 
borehole wall, terminate within the gap between the borehole wall 
and the core. Therefore, these fracture image features have no 
corresponding fractures in the cores.

3.5. Image response pattern of natural fractures

An image response pattern for natural fractures in ultra-deep 
tight sandstone boreholes was established, based on a bidirec-
tional comparison between natural fractures and their image 
features, taking into account dip angle, through-layer connectivity, 
and spatial position within the borehole. This model was devel-
oped under ideal conditions, assuming that all natural fractures

reach the detection threshold of borehole images and yield high-
quality, undeformed image features.
When natural fractures laterally penetrate the borehole, they 

simultaneously penetrate both the core and the borehole wall. 
Fractures of varying dip angles display distinct characteristics in 
borehole images. (I) Vertical fractures manifest as two vertically 
symmetric lines image features (Figs. 4(b)–(d) and 9(a)), with their 
imaged top and bottom depths and orientations consistent with 
those of the core fractures. (II) Oblique fractures manifest as chord 
curve image features (Figs. 4(a) and 9(b)); their imaged top and 
bottom depths exceed those of the core fractures, while their mid-
depths and orientations are completely consistent. (III) Horizontal 
fractures manifest as a nearly horizontal linear image feature 
(Fig. 9(c)); their imaged top and bottom depths and orientations 
consistent with those of the core fractures.
Some natural fractures in the study area terminate within 

stratigraphic layers; the following cases warrant special attention. 
(I) Vertical fractures penetrate the borehole but not the core. In 
this case, no fractures are present in the core, yet borehole images 
still display two vertically symmetric lines image features 
(Fig. 9(d)). (II) Vertical natural fractures terminate within the

Fig. 6. Non-linear pattern classification in borehole images and explanation of corresponding geological significance.
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borehole, penetrating the borehole wall on only one side. Under 
these conditions, the core may exhibit one of three cases: (a) a 
vertical fracture fully penetrates the core (Fig. 9(e)); (b) a vertical 
fracture penetrates only one side of the core (Fig. 9(f)); or (c) no 
fractures are present in the core (Fig. 9(g)). In all cases, borehole 
images display a single vertical line image feature. (III) Oblique 
fractures terminate within the borehole, penetrating the borehole 
wall on only one side. Under these conditions, the core may exhibit 
one of three cases: (a) Oblique fractures fully penetrate the core 
(Fig. 9(h)); (b) oblique fractures partially penetrate the core 
(Fig. 9(i)); or (c) no oblique fractures are present in the core 
(Fig. 9(j)). In all cases, the fractures intersect part of the borehole 
wall, appearing as partial chord curve image features in borehole 
images. In cases (a) and (b), the imaged termination depths of 
these features correspond exactly to those of the core fractures. 
Natural fractures in the study area exhibit poor through-layer 

connectivity (Ju et al., 2025), with most fractures terminating at 
lithological interfaces (Fig. 5(c)). The following cases warrant 
special attention. (I) When vertical fractures penetrate both the 
borehole and the core and are constrained by lithological in-
terfaces within the borehole, they still manifest as two symmetric 
lines image features (Fig. 9(i) and (k)). (II) Vertical fractures 
penetrate the borehole but not the core and terminate at litho-
logical interfaces; this case is analogous to the patterns shown in 
Fig. 9(d)–(g). (III) The case of oblique fractures terminating at 
lithological interfaces is more complex. When oblique fractures 
penetrate the borehole and are constrained by lithological in-
terfaces within it, two distinct case s may arise: (a) Oblique frac-
tures penetrate the borehole on one side and terminate at a 
lithological interface (Fig. 9(m)). This case, similar to the patterns 
shown in Fig. 9(h)–(j), manifests as partial chord curve image 
features in borehole images, indicating that the fracture termina-
tion corresponds to a layer interface. (b) Oblique fractures termi-
nate at lithological interfaces on both sides; in this case, evaluation 
requires reference to interlayer thickness and fracture dip angle. 
Several key parameters are introduced here. As shown in 

Fig. 10(a), the left side indicates the interlayer thickness, while

the right side marks the amplitude of the chord curve. In Fig. 10(b), 
the black dot on the right represents the center of the fracture 
plane; the central black dot indicates the projected position of the
fracture center after horizontal displacement to the borehole
center. The blue line connecting the two points denotes the hori-
zontal offset between the fracture center and the borehole center. 
(i) When the interlayer thickness is less than the amplitude of the 
chord curve, partial chord curve image features manifest in bore-
hole images. (ii) When the horizontal offset distance of the 
fracture-plane center from the borehole center is less than H 

2 tan α ,
partial chord curve image features manifest in borehole images 
(Figs. 9(n) and 10(a)). When interlayer thickness exceeds the 
amplitude of the chord curve, further differentiation is required.
(iii) When the horizontal offset distance of the fracture-plane 
center from the borehole center lies between H

2 tan α and R − 
tan α
2H ,

partial chord curve image features manifest in borehole images 
(Figs. 9(o) and 10(b)). In both cases (ii) and (iii), the image features
correspond exactly to those of the core fractures in terms of 
termination depth. (iv) When the horizontal offset distance ex-
ceeds R − tan α2H , the fracture pattern transitions to that shown in
Fig. 9(m), manifesting partial chord curve image features in 
borehole images.
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

R tan α ≤ H 

R tan α > H;

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

X ≤ 
H

2 tan α
H

2 tan α
< X < R −

tan α
2H

R −
tan α
2H

≤ X

(2)

where H is the interlayer thickness, m; α is the fracture dip angle, ◦ ; 
R is the borehole radius, m; R tan α is the chord curve amplitude 
(dimensionless); H

2 tan α is the horizontal offset distance of the

fracture-plane center from the borehole center, m; and R − tan α 2H is

Fig. 7. Linear pattern classification in borehole images and explanation of corresponding geological significance.
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the maximum horizontal offset distance of the fracture-plane 
center from the borehole center, m.
In real borehole images, the chord curve image features of 

fractures seldom begin at zero phase; their initial phase shifts

according to the relative alignment between the fracture location 
and the tool button distribution. Moreover, fracture image features 
are not uniformly dark and must be interpreted in conjunction 
with fill-material properties and the mud system. Multiple

Fig. 8. Comparison of core fracture and their corresponding borehole images response features.
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response modes often overlap, and different fracture signals 
should be carefully separated and identified by comparing image-
feature morphology, grayscale variations, and spatial distributions.

3.6. Application performance of the pattern in fracture 
identification

We applied the fracture image response pattern established in 
this study to identify fractures in key wells in the study area 
(Figs. 11–14). We compared the fracture identification results from 

our borehole images with those from Schlumberger, CNPC Log-
ging, and other service providers (Tables 3 and 4). The statistical 
results indicate that fracture identification rates in water-based 
and oil-based mud increased by 17% and 3%, respectively. 
Notably, in wells with superior imaging quality, response patterns 
associated with incomplete chord curves or fractures developing 
within interlayers exhibited higher identification improvement 
rates (Fig. 9(d)–(o)).

4. Discussion

4.1. Analysis of bidirectional comparison results

In the Bashijiqike–Baxigai tight-sandstone reservoirs of the 
Bozi–Dabei area, numerous small-scale fractures (with narrow 
apertures) fall below the detection limits of borehole-imaging 
tools. In addition, tool sticking, rotational instability, and associ-
ated artifacts (blank sectors, speckling, and striping) compromise 
the faithful expression of fracture signatures on borehole images 
(Lai et al., 2024b). Under these constraints, in this study area and 
following our strict matching criteria, we estimate that only about

24% of core-observed fractures display distinct linear-pattern 
features on borehole images. 
Oil-based drilling fluids significantly reduce borehole fluid 

conductivity, severely impacting logging methods that rely on 
fluid conductivity. In oil-based mud environments, borehole re-
sistivity increases and the resistivity contrast between the oil-
based drilling fluid in fractures and the rock matrix is minimal. 
Consequently, micro-resistivity imaging quality is poor, making 
fracture identification challenging (Tang et al., 2017). By contrast, 
water-based mud, owing to its higher conductivity, lowers bore-
hole fluid resistivity, thereby facilitating clearer differentiation 
between fracture fluids and the rock matrix in micro-resistivity 
imaging. Consequently, in water-based mud environments, bore-
hole imaging achieves significantly higher fracture identification 
resolution and accuracy compared to oil-based mud conditions. 
Comparison of response rates for various core fracture char-

acteristics in water-based mud wells reveals that: within the 
borehole, fractures with larger scales and higher efficacy account 
for a greater proportion of responses in borehole images. When 
fractures are small in scale, they may go undetected due to falling 
below the instrument's resolution threshold. And their image 
often appears too narrow and fragmented to qualify as identifi-
able image features. Fracture image coloration depends on the 
resistivity contrast between the fracture fluid or fill material and 
the surrounding rock matrix (Wang, 2023). As fracture efficacy 
increases, greater volumes of low-resistivity mud invade the 
fracture pathways. Target-zone sandstone, silty mudstone, and 
muddy siltstone host rocks exhibit resistivities that are relatively 
higher than that of the low-resistivity mud. Consequently, the 
dark response images in borehole images form a stark contrast 
against the high-resistivity surrounding rock. By contrast, low-
efficacy fractures often have narrow apertures and are filled

Table 1
Count of core natural fractures exhibiting images features in borehole images.

Fracture type Water-based mud Oil-based mud

Core fractures Responsive Non-responsive Response ratio, % Core fractures Responsive Non-responsive Response ratio, %

Tensile 22 14 8 64 24 8 16 33
Shear 178 74 104 42 270 20 250 7
Penetrating the core 130 73 57 56 143 16 127 11
Not penetrating the core 70 15 55 21 151 12 139 8
Filled 113 38 75 34 139 8 131 6
Unfilled 87 50 37 57 155 20 135 13
Vertical 70 33 37 47 81 12 69 15
High-angle 105 47 58 45 144 9 135 6
Low-angle 23 7 16 30 57 5 52 9
Horizontal 2 1 1 50 14 2 12 14
Aperture >0.2 mm 114 57 57 50 114 15 99 13
Aperture <0.2 mm 86 31 55 36 180 13 167 7
Cross-layer 9 4 5 44 14 3 11 21
Non-cross-layer 25 8 17 32 11 1 10 9
Total 200 88 112 44 294 28 266 10

Table 2
Count of fracture image features corresponding to core fractures.

Image features type Water-based mud

Image features Corresponding core fractures Non-corresponding core fractures Correspondence ratio, %

Complete chord curve 122 122 0 100
Partial chord curve 30 26 4 87
Symmetrical 20 14 6 70
Vertical line
Single vertical line 24 18 6 75
Symmetrical 4 2 2 50
Inclined line
Total 200 182 18 91
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with high-resistivity materials such as residual calcite or quartz. 
These fractures produce bright responses that closely match the 
surrounding rock resistivity. Consequently, they lack distinct 
fracture image features in borehole images and cannot be reliably 
identified.

Additionally, the bidirectional comparison process may be 
confounded by other factors. As illustrated in Fig. 8(h), the image 
features of natural fractures are obscured by two vertically 
distributed shadows, making it difficult to compare the two data 
sources.
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Fig. 9. Image response pattern of natural fractures in borehole images.

Fig. 10. Description of spatial parameters of natural fractures within the borehole. (a) Schematic illustration of interlayer thickness and amplitude of the chord curve. (b) 
Schematic illustration of the fracture plane center, borehole center, and their horizontal offset.
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4.2. Challenges in fracture identification using borehole images

Applying the imaging response pattern established in this 
study improves fracture detection rates in borehole images. 
However, other factors still introduce discrepancies in the identi-
fied features and counts of core fractures (Tables 1 and 2). More-
over, these factors can sometimes render fractures entirely 
unrecognizable.
Operators performing fracture identification should carefully 

consider and minimize all sources of interference. Cross-validation 
across multiple datasets should be employed to enhance the ac-
curacy of extracting fracture image features and prevent identifi-
cation errors or misinterpretations.

4.2.1. Core fractures exhibit no image features
The patterns shown in Fig. 9(d)–(g) and (j) occur when no 

fractures are present in the core, yet the borehole images continue 
to display fracture image features. During core retrieval and 
handling, changes in external conditions can cause fractures that 
were tightly closed under in situ high-pressure conditions to open 
significantly (Pan et al., 2024). Artificial fractures resembling nat-
ural ones may also develop during this process (Wu et al., 2007; 
Qin et al., 2025). Although the apertures of these fractures 
exceed the detection threshold, their corresponding image fea-
tures do not manifest in borehole images.

4.2.2. Inconsistent feature recognition between core and borehole 
images
Due to heterogeneities in the regional stress field, lithological 

variations, fluid flow dynamics, and multiple tectonic episodes,

fractures may have undergone repeated cycles of opening, closure, 
and infill (Pan et al., 2024; Hu et al., 2025). In half-filled fractures, 
the unfilled sections are still invaded by drilling mud, producing 
intermittent chord curve image features in borehole images (Yang 
et al., 2008). In contrast, the features displayed on the core 
represent only a localized segment. As illustrated in Figs. 3(c) and 
15(a), the core indicates a fully filled fracture, whereas the bore-
hole images predominantly show characteristics of a half-filled 
fracture. Moreover, cores frequently become incomplete or frag-
mented after multiple retrieval and sampling operations (Wu 
et al., 2007; Qin et al., 2025), preventing accurate preservation of 
true fracture features. Consequently, the localized fracture char-
acteristics observed in core samples differ markedly from the 
macroscopic features identified in borehole images. In oil-based 
mud environments, both unfilled fractures and fractures filled 
with high-resistivity materials exhibit bright image features (Lai 
et al., 2015). The high resistivity of the mud degrades image 
clarity, making it difficult to distinguish between unfilled and 
high-resistivity filled fractures. Consequently, this leads to dis-
crepancies in fracture feature identification between core obser-
vations and borehole imaging. Oil-based mud may also exhibit 
oil–water separation under certain conditions (Li, 2017). In such 
cases, an upper oil layer and a lower water layer form, and the low-
resistivity water invades fractures, producing dark image features 
in borehole images. This phenomenon further exacerbates the 
difficulty of accurately identifying fracture image features.

4.2.3. Absence and distortion of chord curve image features
In addition to the missing fracture image features in 

Fig. 9(d)–(g) and (j), other factors can also lead to the absence of
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chord curve image features. When natural fractures propagate 
across layers, the aperture of a given fracture is generally greater in 
sandstone than in mudstone. Mudstone is typically rich in clay 
minerals, which impart high plasticity and viscosity, making it 
more susceptible to plastic deformation under burial pressure and 
stress concentration. As a result, fractures in mudstone often fail to 
maintain their original aperture and become partially closed (Chen 
et al., 2017; Ma et al., 2022). Sandstone possesses a higher elastic 
modulus as well as greater compressive and tensile strengths (Li 
et al., 2020a). Consequently, once fractures form, they can better 
maintain their original aperture. As illustrated in Figs. 8(a) and 
15(b), the core shows a natural fracture propagating across 
layers, with the aperture decreasing within the mudstone. The

mudstone interval produces no clear response images in borehole 
images, resulting in missing chord curve image features.
During drilling operations, borehole wall stability is directly 

influenced by the combined effects of in-situ stress, drilling fluid 
density, and borehole pressure. When the in-situ stress on the 
borehole wall exceeds the failure strength of the surrounding rock, 
the formation loses its original integrity, resulting in localized or 
extensive collapse and fracturing of the borehole wall (Sun et al., 
2018). Borehole wall collapse typically manifests as irregular ge-
ometries and borehole enlargement on caliper logs. This defor-
mation causes originally continuous, regular chord curve image 
features to appear noticeably distorted or discontinuous in bore-
hole images (Fig. 15(c) and (d)).
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The presence of filter cake often blocks pore spaces and frac-
tures in the borehole wall, coating the formation and restricting 
fluid invasion (Su et al., 2024). This blockage prevents the original 
fill or fluid characteristics within fractures from exhibiting a clear 
electrical contrast with the surrounding rock (Dong et al., 2023). 
Coupled with borehole contraction, this effect causes chord curve 
image features to disappear or become markedly blurred in 
borehole images.

4.2.4. Inaccurate fracture count identification
Within stratigraphic intervals where natural fractures develop, 

multiple fractures are often parallel or intersecting, forming mesh-
like or even fragmented networks (Ye et al., 2023). Multiple frac-
ture sets crosscut one another with slight offsets, causing the 
characteristic sinusoidal curves of some fractures to disappear.

Instead, these fractures typically appear as a chaotic, discontin-
uous network of short lineations (Sun, 2016). During fracture 
identification using borehole images and core, the complex, con-
voluted image features hinder the reconstruction of fracture chord 
curves. Consequently, this limitation prevents accurate quantifi-
cation of the true fracture count (Fig. 15(e)).
Previous studies have shown that when the spacing between 

two fractures is below approximately 5.00 mm, imaging-log fea-
tures cannot distinguish them separately, manifesting as a single 
chord curve (Ke, 2008). Consequently, this limitation leads to an 
underestimation of the true fracture count during identification.

4.2.5. Fracture identification errors
In borehole images, the image features of natural fractures 

closely resemble those of induced fractures, borehole breakouts,
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Table 3
Improvement in natural fracture identification rate using the image response pattern in water-based mud wells.

Well name Core run Depth interval, m Core fractures Previous identification rate, % Image response pattern identification rate, % Improvement, %

Z104 First 6797.00–6805.41 36 33 20 33
Second 6845.13–6849.88 8 25 7 25

Z24 First 7217.96–7230.56 16 13 6 13
Z102 First 6755.87–6762.63 18 0 8 0

Second 6764.07–6771.57 15 20 8 20
Third 6771.57–6780.07 10 0 2 0
Fourth 6779.97–6787.73 2 0 0 0
Fifth 6854.70–6866.58 10 10 2 10

Z2402 First 7204.75–7213.55 5 40 3 40
Z106 First 6796.70–6803.70 19 11 2 11

Total 139 34 58 17
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Table 4
Improvement in natural fracture identification rate using the image response pattern in oil-based mud wells.

Well name Core run Depth interval, m Core fractures Previous identification rate, % Image response pattern identification rate, % Improvement, %

Z301 First 5838.47–5843.59 31 9 12 10
Second 5843.59–5847.53 17 4 4 0
Third 5847.53–5855.81 45 6 8 4
Fourth 5855.81–5864.06 60 5 6 12
Fifth 5878.10–5886.66 12 3 5 17
Sixth 5931.15–5934.10 10 3 3 0

B12 First 5394.00–5402.54 102 4 7 3
Second 5440.50–5448.60 13 3 3 0
Third 5448.77–5456.92 27 4 4 0

B12-8 First 5888.67–5892.82 10 1 1 0

Total 327 42 53 3
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bedding planes, lithological interfaces, bands, and minor faults, 
often resulting in misidentification. Therefore, accurately dis-
tinguishing natural fractures from these similar features is 
essential for enhancing fracture identification accuracy.
The following summarizes the morphological and character-

istic differences between oblique natural fractures and induced 
fractures: (I) Induced fractures form instantaneously under 
external stress and their development is governed solely by in-situ 
stress. Consequently, they exhibit orderly alignment, high regu-
larity, and image features with 180 ◦ symmetry. In contrast, natural 
fractures form through multiple tectonic episodes and are subse-
quently modified by groundwater dissolution and mineral pre-
cipitation, resulting in their irregular development. (II) Induced 
fractures typically align parallel to the borehole axis, terminate at 
soft formation interfaces, and lack significant infill, appearing as 
low-resistivity features. As these fractures often do not fully 
penetrate the borehole, they fail to generate the characteristic si-
nusoidal chord curves in borehole images (Li et al., 2005) 
(Fig. 15(f)). In contrast, natural fractures may fully penetrate the 
borehole and display irregular fracture surfaces with substantial 
variations in aperture. (III) Induced fractures typically exhibit 
limited propagation, align predominantly parallel to the maximum 

principal stress direction, and frequently occur as clustered sets 
within the same borehole interval.
Borehole breakouts typically produce an elliptical borehole 

cross-section oriented perpendicular to the current maximum 

horizontal principal stress. Over a consistent interval, they mani-
fest as two broad, dark, linear bands symmetrically disposed at 
180 ◦ . Within these dark zones, geological features are indistinct 
and boundaries blurred (Cao et al., 2022), often leading to confu-
sion with vertical natural fractures (Fig. 15(g)).
Bedding planes, lithological interfaces, and muddy streaks form 

during sedimentary deposition and generally conform to the 
bedding orientation without cutting across strata. Among these, 
bedding planes typically appear as parallel or subparallel sets, 
exhibiting regular image features. Muddy streaks on electrical 
imaging logs present as broad, regular dark bands. These bands 
typically run parallel to bedding planes and exhibit relatively sharp 
boundaries. Muddy streaks or mud-filled fractures invariably 
exhibit elevated natural gamma readings and reduced resistivity. 
Therefore, by leveraging conventional logging curves, these fea-
tures can be effectively differentiated (Lai et al., 2015, 2022a, 
2024a, 2024b). Notably, bedding planes and natural fractures are 
prone to misclassification in high-deviation wells (Fig. 15(h)). 
Minor faults arise from tectonic movements that displace 

strata, characterized by discontinuous or offset bedding, and 
manifest in imaging logs as abrupt bright–dark truncations (Su 
et al., 2025) (Fig. 15(i)). In contrast, natural fractures primarily 
reflect rock breakage without appreciable displacement.

4.2.6. Comparison of fracture under different mud environments 
Comparative studies of fracture characteristics and develop-

ment patterns across different wells must be conducted under 
identical mud systems and logging tool conditions. Without such 
standardization, any conclusions drawn are entirely unreliable (Liu 
et al., 2023). Failure to standardize the mud system and logging 
tool conditions may introduce systematic errors in fracture char-
acterization. Such inconsistencies can result in underestimation or 
overestimation of fracture density, as well as misclassification of 
fracture types. These issues not only compromise the reliability of 
inter-well comparisons but may also misguide reservoir evalua-
tion and development strategies. We therefore emphasize the 
necessity of conducting inter-well comparative studies under 
controlled conditions to ensure data comparability and interpre-
tational accuracy.

4.3. Future development directions

Currently, fracture identification via borehole images relies 
primarily on two-dimensional planar images of the borehole wall 
unfolded over 360 ◦ . However, this approach has limitations when 
dealing with fractures exhibiting complex three-dimensional ge-
ometries or incomplete chord curves. Extending borehole images 
analysis into three-dimensional space for fracture detection would 
offer a more intuitive visualization of core fracture propagation 
toward the borehole wall. This will improve our understanding of 
the spatial morphology of fractures lacking chord curves image 
features and clarifies their cutting relationships with the borehole 
wall. Building on this, three-dimensional fracture identification 
overcomes image distortions induced by borehole diameter vari-
ations (Dong et al., 2023). This approach markedly reduces the risk 
of fracture misclassification or omission caused by borehole 
irregularities.
We supplemented the detection of fractures exhibiting 

incomplete chord curve image features. We also targeted fractures 
that developed within interbeds for additional identification. 
Building on the findings of this study, we supplemented the 
detection of fractures exhibiting incomplete chord curve image 
features and those developing within interlayers for additional 
identification. We propose that these fractures should be incor-
porated into the existing fracture characterization framework in 
future studies. The system delineates the orientation, extension, 
and structural effectiveness of each fracture type. By integrating 
geological context, it also clarifies the genetic mechanisms and 
temporal sequences underlying different fracture origins. These 
enhancements improve the accuracy of fracture genesis interpre-
tation and spatial distribution prediction. Moreover, this frame-
work supports the evaluation of fracture-related contributions to 
reservoir connectivity, permeability enhancement, and produc-
tivity enrichment—particularly in tight and heterogeneous reser-
voirs. Such integration would enhance the comprehensive 
evaluation of fracture networks and their roles within the 
reservoir.
Current machine-learning approaches for fracture detection in 

borehole images rely predominantly on intact chord curve image 
features to infer the presence of fractures. These patterns fail to 
consider scenarios in which chord curve are incomplete or vertical 
fractures manifest as two symmetric lines. Therefore, new feature-
extraction metrics must be introduced into existing algorithmic 
frameworks. Through these improvements, the automated detec-
tion system can accurately identify fractures with incomplete 
chord curves. It can also detect fractures that manifest as two 
symmetric lines. Thereby, enhances the overall accuracy and reli-
ability of fracture identification.

5. Conclusion

In this study, we established an image response pattern for 
natural fractures in borehole images. The conclusions are as 
follows:
In the Bashijiqike–Baxigai tight-sandstone reservoirs of the 

Bozi–Dabei area, we estimate that approximately 24% of core-
observed fractures display distinct linear-pattern features on 
borehole images. Within this dataset, approximately 44% in water-
based-mud wells and approximately 10% in oil-based-mud wells. 
From the image-to-core direction, approximately 91% of fracture 
features identified on borehole images can be matched to fractures 
observed in core, whereas approximately 9% have no apparent 
core counterpart.
By integrating key parameters such as dip angle, cross-layer 

extension, and spatial position within the borehole, we
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established an image response pattern for natural fractures in 
borehole images. Compared with previous fracture identification 
results, applying the pattern improved the natural fracture iden-
tification rate by 17.2% in water-based mud wells and by 3.4% in 
oil-based mud wells.
During the fracture identification process, one must under-

stand the bidirectional matching deviations between core frac-
tures and image features, mitigate common pitfalls in natural 
fracture identification. Only by doing so can we ensure provide a 
reliable data foundation for exploration and development under 
complex geological conditions.
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