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Abstract Investigation into natural fractures is extremely
important for the exploration and development of low-
permeability reservoirs. Previous studies have proven that
abundant oil resources are present in the Upper Triassic
Yanchang Formation Chang 7 oil-bearing layer of the
Ordos Basin, which are accumulated in typical low-
permeability shale reservoirs. Natural fractures are impor-
tant storage spaces and flow pathways for shale oil. In this
study, characteristics of natural fractures in the Chang 7
oil-bearing layer are first analyzed. The results indicate that
most fractures are shear fractures in the Heshui region,
which are characterized by high-angle, unfilled, and ENE-
WSW-trending strike. Subsequently, natural fracture dis-
tributions in the Yanchang Formation Chang 7 oil-bearing
layer of the study area are predicted based on the R/S
analysis approach. Logs of AC, CAL, ILD, LL8, and DEN
are selected and used for fracture prediction in this study,
and the R(n)/S(n) curves of each log are calculated. The
quadratic derivatives are calculated to identify the concave
points in the R(n)/S(n) curve, indicating the location where
natural fracture develops. Considering the difference in
sensitivity of each log to natural fracture, gray prediction
analysis is used to construct a new parameter, fracture
prediction indicator K, to quantitatively predict fracture
development. In addition, fracture development among
different wells is compared. The results show that
parameter K responds well to fracture development.
Some minor errors may probably be caused by the
heterogeneity of the reservoir, limitation of core range
and fracture size, dip angle, filling minerals, etc.

Keywords natural fracture prediction, shale oil reservoir,
R/S analysis, Chang 7 oil-bearing layer, Ordos Basin

1 Introduction

Low-permeability reservoirs refer to those whose air
permeability is less than 50 � 10–3 mm2, and when the
air permeability of a reservoir is less than 10� 10–3 mm2, it
may be called an ultralow-permeability reservoir (Zeng
and Li, 2009). Due to the compactness and brittle lithology
of low-permeability reservoirs, natural fractures are easily
generated under the influence of intense diagenesis and
later tectonic effects (Zeng and Li, 2009). Low-perme-
ability reservoirs play an important role in continental
sedimentary basins (Zeng and Liu, 2010). If natural
fractures are developed in this type of reservoir, physical
properties may be changed, and the reservoir quality will
be greatly improved. Natural fractures can provide
effective storage spaces for oil and gas accumulation and
connect existing matrix pores in reservoirs, resulting in the
increase of permeability (Zeng et al., 2016; Lyu et al.,
2017; Shi et al., 2020; Zeng and Liu, 2010). In addition,
natural fractures may affect the selection of drilling and
completion methods, hydraulic fracturing and oil and gas
development (Zeng and Liu, 2010; Zeng et al., 2016; Lyu
et al., 2017; Shi et al., 2020). Previous studies have
indicated that there are abundant shale oil resources in the
Chang 7 oil-bearing layer of the Upper Triassic Yanchang
Formation in the Ordos Basin (Yang et al., 2016). Its air
permeability is less than 0.3 � 10–3 mm2, hence it is a
typical ultralow-permeability reservoir. Natural fractures in
the reservoir are relatively developed, which serve as
major pathways for fluid flow (Zeng and Li, 2009; Zeng
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et al., 2010; Zhao and Hou, 2017). Thus, it is of great
significance to study the distribution of natural fractures in
the Chang 7 shale reservoir for effective exploration and
development.
There are many methods to identify natural fractures in

reservoirs, including analysis based on cores, imaging log
data, etc. (Lai et al., 2018; Lyu et al., 2017). However,
these methods are commonly expensive, and many wells
lack core and imaging log data. Hence, when facing data
shortage, it is difficult to obtain valuable information
(Tokhmechi et al., 2009; Zazoun, 2013; Lyu et al., 2016;
Su et al., 2017). In addition, many other methods can be
used to study natural fractures, among which, conventional
logs are inexpensive and easy to obtain. However, due to
the weak fracture response of the conventional log, one can
hardly accurately identify natural fractures based on a
single conventional log to natural fracture. It is necessary
to use some algorithms and more logs to improve the
accuracy. In recent years, many scholars have made
advancements in this field. For example, Tokhmechi
et al. (2009) applied petro-physical logs to identify natural
fractures by combining wavelet, classification, and data-
fusion techniques. Based on an adaptive neuro-fuzzy
inference system, Ja’fari et al. (2012) established the
fracture density estimation model based on conventional
logs. Zazoun (2013) used an artificial neural network
(ANN) to predict natural fracture density through the
conventional log curve. Ge et al. (2014) used kernel
principal component analysis (KPCA) and multifractal
detrended fluctuation analysis (KPCA-MFDFA) to predict
the development degree of natural fractures. Lyu et al.
(2016) and Aghli et al. (2020) have identified fractures by
enhancing natural fracture responses of conventional logs
through various log curves. Zhang et al. (2011) combined
wavelet transforms with conventional log differential
curves for fracture identification. Fractal theory has also
been proven to be able to analyze reservoir characteristics
and determine the development location of fractures (Pang
and North, 1996; Xiao et al., 2019; Li et al., 2020).
In this paper, with a case study of the Heshui region in

the Ordos Basin, we first analyze the characteristics of
natural fractures in the Yanchang Formation Chang 7 shale
reservoir based on limit cores and imaging logs. Then, the
R/S analysis method is used to identify natural fractures
and predict the development and distribution of fractures,
which are tested by statistical data measured from the
cores. The results are expected to provide more geological
references for shale oil production in the study area.

2 Geologic setting

The Ordos Basin, located between the Siberian Craton and
South China Craton, is a N-S-trending basin in the west
of the North China Craton, covering an area of 2.69 �

105 km2 (Hou et al., 2010; Zhao and Hou, 2017). It can be
divided into six sub-structural units, namely, the Yimeng
uplift, Weibei uplift, western margin thrust belt, Tianhuan
depression, Yishan slope and Jinxi flexure belt. The Ordos
Basin has stable internal structural activity, but its edge
deformation is strong, which forms many folds and faults
(Liu et al., 2009; Ju et al., 2020a). The study area, the
Heshui region, is located in the southwestern Ordos Basin
(Fig. 1). The depositional period of the Yanchang
Formation Chang 7 oil-bearing layer was the prosperity
period of basin development, when the lake was the largest
(Yang et al., 2016; Fu et al., 2018; Ju et al., 2020b). Hence,
during this period, the basin deposited a set of river-delta-
lacustrine strata (Yang et al., 2016; Fig. 2). A set of fresh
water organic-rich shale was deposited, which is the
important oil source system in the Ordos Basin (Ju et al.,
2015; Wu et al., 2015; Yang et al., 2017), hence shale oil
resources are mainly enriched in the Chang 7 oil-bearing
layer. Further, the Yanchang Formation can be divided into
10 oil-bearing layers: Chang 1 to Chang 10, from top to
bottom. The Chang 7 oil-bearing layer can be further
divided into three sub-oil-bearing layers, namely, Chang
71, Chang 72 and Chang 73 sub-oil-bearing layers, from top
to bottom (Yang et al., 2016). Natural fractures in the
Chang 7 reservoir are relatively developed, providing
migration channels for shale oil and enhancing the
conductivity of reservoir. The development of natural
fractures may also increase the reservoir space and
provide conditions for shale oil accumulation (Yang
et al., 2017).

3 Fracture characteristics

Based on the core and imaging log data, the characteristics
of natural fracture in the Yanchang Formation Chang 7 oil-
bearing layer are analyzed (Figs. 3–5). Natural fractures
can be divided into three types according to the fracture dip
angle: high-angle fractures (70°–90°), oblique fractures
(30°–70°), and low-angle fractures (less than 30°) (Zeng
et al., 2009).
In this study, a total of 45 fractures are discovered from

180.7 m core data in 5 wells in the Heshui region (Fig. 4).
These fractures are mainly high-angle fractures (86.7%).
Low-angle fractures and oblique fractures mainly appear in
mudstones, while most high-angle fractures are in
sandstones. Most of these fractures were unfilled, and the
filling minerals in those few natural fractures are mainly
calcite.
In total, 56 natural fractures are discovered from

imaging logs in the study area (Figs. 3 and 5). Among
those fractures, high-angle fractures account for 94.6%.
The others are oblique and low-angle fractures. The strikes
of the identified fractures in the study area are mainly ENE-
WSW-trending (Fig. 6).
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4 Theory and method

Using conventional log data to identify fractures has the
advantages of easy access and low cost. However, it is
difficult to identify fractures by simply using original
logging data. To better identify the development of
fractures from the conventional log, the combination of
log data and various mathematical algorithms is usually
used to identify fractures. Previous studies have performed
considerable research and put forward a variety of data
processing methods, such as wavelet decomposition,
classification and data fusion (Tokhmechi et al., 2009),
adaptive neuro-fuzzy inference system (Ja’fari et al.,
2012), artificial neural network (Zazoun, 2013), wavelet
transforms (Zhang et al., 2011), kernel principal compo-
nent analysis and multifractal detrended fluctuation
analysis (Ge et al., 2014), and enhancement of the fracture

response and elimination of the non-fracture response (Lyu
et al., 2016). In addition, the R/S analysis method is used as
an effective fractal method to analyze reservoir fracture
characteristics (Pang and North, 1996; Xiao et al., 2019; Li
et al., 2020).
The R/S analysis method, which is also called rescaled-

range analysis, was originally developed by Hurst in 1951
to study the long-term variations of the Nile River (Hurst,
1951). Later, this method was proven to be an effective
method for analyzing one-dimensional fractal variables,
and gradually, it was applied to analyze the long-term
memory effect and memory period of various natural
phenomena (Pang and North 1996; Miranda and Andrade,
1999; Rangarajan and Sant, 2004; Beretta et al., 2005;
Zhao et al., 2011; Xiao et al., 2019; Li et al., 2020). In this
method, R represents the range, which is the difference
between maximum and minimum cumulative deviation. S

Fig. 1 Regional geological background of the Ordos Basin (Darby and Ritts, 2002; Ritts et al., 2004).
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is the standard deviation, that is, the square root of
variance, which represents the average trend of time series.
R/S represents a time series of fluctuations (Xiao et al.,

2019; Li et al., 2020). The specific calculation process is as
follows (Hou, 1994; Pang and North, 1996):

Fig. 2 Stratigraphic column of the Yanchang Formation in the Ordos Basin (Zeng and Li, 2009).

Fig. 3 Frequency histogram of the types of fractures obtained from the imaging logs date and core date.
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The relationship between R(n)/S(n) and n is:

Fig. 4 Fracture characteristics from the cores, where the red arrows indicate natural fracture.
(a) low-angle fracture, Z15, 1991.45–1991.52 m; (b) low-angle fracture, Z15, 2010.4–2010.5 m; (c) high-angle fracture, Z87, 1972.2–1972.26 m; (d)
high-angle fracture, Z87, 1976.58–1976.7 m; (e) high-angle fracture, Z87, 1987.49–1987.62 m; (f) high-angle fracture, filled with calcite, Z186,
1718.92–1719.21 m; (g) high-angle fracture, filled with calcite, Z186, 1719.46–1719.74 m; (h) high-angle fracture, Z186, 1725.57–1726.75 m; (i) high-
angle fracture, Z200, 1866.76–1866.93 m; (j) high-angle fracture, Z200, 1867.01–1867.15 m; (k) high-angle fracture, Z230, 1755.45–1755.56 m; (l)
high-angle fracture, Z230, 1755.61–1755.75 m.

Fig. 5 Fracture characteristics in the imaging logs.
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where Z is a one-dimensional time series, which is a
vertical sequence of reservoir parameters and equivalent to
the value of the conventional log; n is the total number of
log sampling points in the layer to be analyzed; u is the
number of samples and gradually increases from 0 to n;
and i and j are variables of the number of sampling points,
respectively.
For each n greater than 2, a corresponding R(n)/S(n)

value can be calculated. Then, the calculated R(n)/S(n) and

n are made into a double logarithmic scatter diagram. If
there is a linear relationship between each lgn and lg[R(n)/
S(n)], Z has fractal characteristics. The fractal dimension D
of Z represents the complexity of the one-dimensional
variation of the sequence, which can be calculated by D =
2H. The parameter H, which is called the Hurst index, is
the slope of the logarithmic curve (Hou, 1994; Hu, 2000;
Liu et al., 2008). Hence, for parameter sequence Z, fractal
dimension D indicates the heterogeneity of the vertical
variation of reservoir. The existence of fractures will
increase the heterogeneity of reservoir; that is, D will
increase, which will decrease the slope of R(n)/S(n) and the
deviation of its linear relationship. As a result, when other
factors are considered homogeneous, the concave section
of the R(n)/S(n) curve can be considered the fracture
developing section.
Because of multiple solutions of the conventional log,

using a single conventional log may lead to inaccurate
fracture identification due to the influence of non-fracture
information. Conventional logs generally include acoustic
log (AC), density log (DEN), compensated neutron log
(CNL), deep induction log(ILD), medium induction log
(ILM), laterolog 8 (LL8), caliper log (CAL), gamma-ray
log(GR) and spontaneous potential log (SP). However,
ILM log data in some target beds are absent, and fracture
responses of SP, GR and CNL are not obvious in this study.
Therefore, 5 log curves are used to comprehensively
identify fractures, namely, AC, CAL, ILD, LL8 and DEN.

Y ¼ X –Xmin

Xmax –Xmin
: (4)

The normalized curves are calculated according to
Eq. (4), and the R(n)/S(n) values of each curve are
obtained. Then, the calculation result is taken as a double
logarithm, and the corresponding R(n)/S(n) curve is drawn.
The calculation result is shown in Fig. 7. Each curve has a
good linear relationship, and the correlation is above 0.9,
which indicates that each curve has a high fractal feature.
The concave part of the curve indicates the development of
natural fractures, but the accuracy of this artificial concave
part identification is poor because it may easily cause error.
Thus, the quadratic derivatives of the R(n)/S(n) curve of
each curve is obtained according to the previous methods
(Xiao et al., 2019; Li et al., 2020). As is known, the
quadratic derivative can reflect the concavity and con-
vexity of the curve. If the quadratic derivative is greater
than zero, the original function is concave, which indicates
the position of fracture development. In contrast, the
function curve is convex, which means natural fracture is

Fig. 6 Rose diagram of the strikes of natural fractures in the
study area.

Fig. 7 Double logarithm curve of R(n)/S(n) and n of AC, CAL,
ILD, LL8 and DEN in Well Z200.
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not developed.
It is impossible to directly derive the curve because R(n)/

S(n) is discrete data; hence, only approximate values can
be obtained. According to the definition of the derivative,
the derivative formula is as follows:

f #ðx0Þ ¼ lim
€Δx↕ ↓0

Δy
Δx

¼ lim
h↕ ↓0

f ðx0 þ hÞ – f ðx0 – hÞ
2h

, (5)

f $ðx0Þ ¼ lim
€Δx↕ ↓0

f #ðx0Þ

¼ lim
h↕ ↓0

f ðx0 þ hÞ þ f ðx0 – hÞ – 2f ðx0Þ
h2

: (6)

If T is the value of R(n)/S(n), h is 1, and K is the
quadratic derivative of R(n)/S(n), then K is approximated
to:

K ¼ f $ðx0Þ � Tnþ1 þ Tn – 1 – 2Tn: (7)

The approximate quadratic derivative of the R/S curve of

Well Z200 is calculated by Eq. (7). The final calculation
results are shown in Fig. 8. The results show that the
positive value of the quadratic derivative corresponds to
the concave section of each curve, which proves the
reliability of this method.
In this study, five log curves were used to predict

fractures. The results are shown in Fig. 9. Each curve can
reflect the degree of fracture development, but their
sensitivity to natural fracture is different, hence the weight
of each curve needs to be considered. In this study, we use
gray prediction analysis to calculate the weight of selected
five curves.
In the following, it is necessary to determine the fracture

density to check the reliability of K. Here, the fracture
density is calculated from the ratio between the total length
of fractures and the area of the measured core. To match the
log data with the discrete fracture density, the target
formation is segmented according to the distribution of
natural fractures. The presence of natural fracture will
affect the K value around it, and the divided fracture

Fig. 8 The relationship between the concave sections of the R(n)/S(n) curve and their quadratic derivative.
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segment should contain high-K part as long as possible. In
addition, the shortest possible non-fracture section should
be included. After many attempts, the best length for the
fracture segment division is 5 m (the gray solid line in
Fig. 9). The average K in each fracture segment is
calculated according to the divided layers. The basic data
to calculate the weight of K value by the gray correlation
analysis are shown in Table 1.
To explore the correlation between K of each log curve

and fracture density, the fracture density is taken as the
primary sequences and K is used as the subsequence. Then,
the basic data are standardized based on Eq. (8) (Table 2):

Y ¼ X

Xmax
: (8)

Then, gray relation coefficient � and gray relational
grade r can be obtained based on Eqs. (9)–(11):

� ¼ Δminþ �Δmax

Δði,jÞ þ �Δmax
, (9)

Δði,jÞ ¼ jYi,j – Y#ijj, (10)

Fig. 9 Log curves of the fracture zones in the core data and R/S calculation results of each log in Well Z200. The fracture density is the
surface density observed in the core. K is the strength of the fracture response. The black dotted line is the dividing line of the gray
correlation analysis.

Table 1 The basic data of the gray correlation analysis

Depth Fracture K-AC K-CAL K-ILD K-LL8 K-DEN

1845–1850m 1.043 0.105 0.046 0.074 0.144 0.146

1850–1855m 0.000 0.005 0.020 0.001 0.000 0.005

1855–1860m 0.000 0.017 0.027 0.019 0.003 0.039

1860–1865m 0.141 0.016 0.002 0.033 0.001 0.051

1865–1870m 0.729 0.040 0.000 0.037 0.029 0.085

1870–1875m 0.000 0.006 0.000 0.011 0.032 0.040

1875–1880m 0.000 0.025 0.001 0.002 0.010 0.041

1880–1885m 0.196 0.010 0.007 0.028 0.018 0.039
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r ¼ 1

n

Xn

i¼1
�ðiÞ, (11)

where Y'(i) is the value of the primary sequences; Y(i, j) is a
series of subsequence corresponding to the parent
sequence; Δmax and Δmin are the maximum and minimum
values of all Δ(i, j), respectively; ρ is the resolution
coefficient, usually taken as 0.5 (Zhao et al., 2003); and n is
the length of the sequence, that is, the number of evaluation
indicators. The calculation results are shown in Table 3.
In addition, r represents the correlation degree between

sub-factors and the parent factor. The effect is much greater
when the parameter r is closer to 1. Therefore, the formula
of this weight value is as follows (Eq. (12)):

α ¼ r=
Xn

i¼1
rðiÞ: (12)

Thus, the weight of each curve is obtained as shown in
Table 4.
The formula for natural fracture prediction is as follows

(Eq. (13)):

K ¼ 0:208� KAC þ 0:192� KCAL þ 0:198� KILD

þ 0:211� KLL8 þ 0:191� KDEN,

where K is the strength of the fracture response. Layers
with higher K values indicate that fractures are more likely
to develop.

5 Results and discussion

5.1 Results

The weighted result is shown in Fig. 10. The core data are
consistent with the calculated K value as shown in Fig. 10,
and parameter K appears high around the location where
natural fractures develop. The above model is applied to
the prediction of natural fractures in other wells, and the
comparison between prediction results and actual situation
is shown in Fig. 11. The predicted K value has a strong

Table 2 The standardized data of the gray correlation analysis

Depth Fracture K-AC K-CAL K-ILD K-LL8 K-DEN

1845–1850m 1.000 1.000 1.000 1.000 1.000 1.000

1850–1855m 0.000 0.048 0.435 0.014 0.000 0.034

1855–1860m 0.000 0.162 0.587 0.257 0.021 0.267

1860–1865m 0.135 0.152 0.043 0.446 0.007 0.349

1865–1870m 0.699 0.381 0.000 0.500 0.201 0.582

1870–1875m 0.000 0.057 0.000 0.149 0.222 0.274

1875–1880m 0.000 0.238 0.022 0.027 0.069 0.281

1880–1885m 0.188 0.095 0.152 0.378 0.125 0.267

Table 3 The gray relation coefficient and gray relational grade

Depth KAC KCAL KILD KLL8 KDEN

� 1845–1850m 1.000 1.000 1.000 1.000 1.000

1850–1855m 1.136 2.244 1.039 1.000 1.098

1855–1860m 1.463 2.680 1.735 1.060 1.764

1860–1865m 1.049 1.262 1.889 1.367 1.613

1865–1870m 1.910 3.000 1.569 2.424 1.334

1870–1875m 1.164 1.000 1.425 1.636 1.784

1875–1880m 1.681 1.062 1.077 1.199 1.804

1880–1885m 1.265 1.102 1.545 1.180 1.227

r 0.786 0.724 0.748 0.798 0.722

Table 4 Weight value of each conventional logs

Logging parameter AC CAL ILD LL8 DEN Sum

r 0.786 0.724 0.748 0.798 0.722 3.777

Weight (a) 0.208 0.192 0.198 0.211 0.191
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fracture response in the fracture development layers.
Hence, the results prove that the R/S analysis may
accurately identify natural fractures.

5.2 Error analysis

The predicted results are generally consistent with those of
the core data, but there are some errors. Responses in
layers with high fracture density may be weaker than those
with low fracture density in the same well. In addition,
some layers where no fractures are found in the core have
been predicted with high fracture response. That is, the
calculated parameter K can perfectly identify natural
fractures, but the development degree may have errors
due to the following points.
One of the possible reasons is that some other factors in

addition to natural fractures affect the prediction results. As
previously mentioned, the R/S curve predicts fractures by
identifying the reservoir heterogeneity. When the reservoir
heterogeneity is enhanced (such as by dramatic changes in
lithology or structure), the R/S curve will exhibit concave
points, which will eventually lead to a wrong prediction. In

this case, we will mistakenly think that there is a fracture at
this location. For example, in Well Z186, natural fractures
are mainly found in a core with a depth of 1718–1726 m,
while the calculated results show that there are also high K
values shallower than 1710 m and deeper than 1730 m.
Based on investigations from the core data, interbedded
sandstones and mudstones, many plant fossils, carbonac-
eous particles, and sulfur minerals are found at approxi-
mately 1703 m, 1707 m, and 1730 m, respectively
(Fig. 12). These factors change the lithology, which
makes the reservoir become heterogeneous; hence, the
calculated results show differences in these locations. The
effect caused by changes in lithology is also found in Well
Z15. Although natural fractures are developed in the cores
of 1990 m and 2010 m, the K value at 1990 m is obviously
higher than that at 2010 m. According to the observations
from the core data, flowing structure and sulfur are found
near the depth of 1990 m (Fig. 12).
Another reason is that the drilled borehole does not cut

across natural fracture. The extension range of a natural
fracture is the range exposed by the core, and the absence
of fracture in the core does not indicate that the adjacent

Fig. 10 Comparison of natural fracture zones in the core data and fracture zones recognized by the R/S analysis method in Well Z200.
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rock is not fractured (Lyu et al., 2016). The core can only
reveal the limit geological information, and it cannot detect
the part that is not drilled. Therefore, we cannot absolutely
determine that there must be no fractures around the core if
no fractures are found in the core. However, the
conventional log has a wider detection range, which can

detect natural fractures around the drill, which are not
found in the core. For the Chang 7 member of the
Yanchang Formation in the study area, high-angle fracture
represents the main type. Compared with the low-angle
fractures, the high-angle fractures have a relatively small
transverse expansion area due to the larger inclination

Fig. 11 Comparison of natural fracture zones in the core data and fracture zones recognized by the R/S analysis method in Wells (a) Z15,
(b) Z87, (c) Z186 and (d) Z230.
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angle. Hence, they have a lower probability to be revealed
by drilling, which will make no fracture found in the core
data, but the actual K value calculated from the logging
data indicates that natural fracture is developed at this
position. On the other hand, the drilled-through fractures
are often only part of the whole fracture. There may still be
an extension of fractures around the borehole, but we do
not know how much of it has not been exposed. If two
fractures of different sizes are drilled, but the larger
fractures are less exposed, we will have a wrong view on
the scale of fractures. The conventional logging has a
larger detection range than core; hence, it can better
identify the scale of fractures. Therefore, a low-fracture-
density section in the core has a stronger fracture response
than a high-fracture-density section.
In addition, the size of natural fractures will affect the

accuracy of identification. Some intervals may develop
micro-fractures, which are too small to be recognized in the
core, and there are no records of micro-fractures in the core
data. However, the existence of these micro-fractures will
affect the identification of the conventional log: they make
the log curve exhibit a fracture response to this interval,
which results in the high calculated K value. This condition
also causes a strong fracture response in the low-fracture-
density section and non-fracture section. The existence of
fillings in natural fractures can affect the fracture response.
When fillings occur in a fracture, the fracture response will
be weakened. The dip angle of fracture also affects the
identification of fractures. The acoustic wave is more
difficult to propagate through low-angle fractures. Hence,
high-angle fractures will produce a weak fracture response.
The fracture prediction results among different wells are

compared. The K values calculated for all wells are
averaged, and the results are shown in Fig. 13. According

to the results, the K value in Well Z87 is 0.121 (the highest
in all wells), which indicates that natural fractures in Well
Z87 should be the most developed. By comparing core
data, it is found that Well Z87 develops natural fractures
with the highest density. The second is Well Z186, its K
value is 0.07. The previous analysis indicates that the
lithological and structural factors in Well Z186 affect the
calculated K value, which makes the K value of Well Z186
higher than its actual value. The calculated K value of Well
Z230 (0.064) is close to that of Well Z186. However, from
the core data, the fracture density of Well Z230 is
obviously lower than that of Well Z186. In addition,
there are low-angle fractures in Well Z230, and the peak K
value is not as steep as that in other wells. Therefore, it is
speculated that fractures may develop around Well Z230.
The K values of Well Z15 and Well Z200 were 0.043 and
0.03, respectively. A few fractures are developed in Well
Z15, hence the K value is low. However, Well Z200 has
lower K value, but more fractures are developed. Through
the K value of conventional log curves, K-CAL has a weak

Fig. 12 The factors that influence the errors found in the rock core. (a) interbedded sandstones and mudstones, Z186,1703.5 m;
(b) plant fossils, Z186, 1707.45 m; (c) carbonaceous particles, Z186,1731.5 m; (d) sulfur, Z186, 1732.87 m; (e) flowing structure, Z15,
1988.05 m; (f) sulfur, Z15, 1991.15 m.

Fig. 13 Comparison of the average K values among different wells.
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response to the area with depth more than 1860 m; thus, the
finally calculated total K value is lower.

6 Conclusions

According to the core data and imaging log interpretation,
vertical fractures are dominant within the reservoir of the
Chang 7 member of the Yanchang Formation in the Heshui
area, while other types of fractures are rare. Most of natural
fractures were unfilled, and a few were filled with calcite.
The strikes of the observed fractures are concentrated in
the ENE-WSW directions.
The R/S analysis method can identify fractures by the

conventional log. The double logarithmic curves of R(n)/S
(n) and n indicate that the Chang 7 Formation of the
research area has better fractal characteristics. The concave
point of the curve indicates the existence of natural
fractures, but the artificial identification of the concave
point is prone to large errors. The positive value of the
quadratic derivative can identify the concave position in
the R(n)/S(n) curve.
Five kinds of conventional log are selected to identify

natural fractures of the Chang 7 reservoir in the study area.
Based on Well Z200, the weight value of each curve is
obtained by gray prediction analysis. According to the
weight value, the fracture prediction formula is obtained,
and the calculated result has better fracture response.
However, some errors remain, which can be inferred as
follows: 1) the reservoir heterogeneity may interfere with
the prediction results; 2) there are cracks around the core;
and 3) the size, dip angle and cement of fracture affect the
prediction results.
Compared with the prediction of different wells, natural

fractures in Well Z87 are the most developed, followed by
Well Z186, Well Z230, Well Z15, and Well Z200. Well
Z186 may be influenced by lithological and structural
factors, and there may be fractures around Well Z230.
Natural fractures are less developed in Well Z15. The low
total K value of Well Z200 may be due to the weak CAL
response of this well.
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