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Abstract: The core of the exploration and development of unconventional oil and gas resources,
such as shale oil, lies in the effective identification and scale utilization of the sweet spot. Oil
saturation is an important parameter in evaluating the sweet spot. Aiming to solve the many current
problems of oil saturation logging evaluations of shale oil reservoirs, this study outlines the research
progress of oil saturation logging evaluations of shale oil from the three aspects, namely, the electrical
method, non-electrical method, and machine learning, through researching the literature and practical
applications. At the same time, several typical saturation models are applied to shale oil reservoirs
in the Qingshankou Formation of the Gulong Depression, and applicability analyses are conducted.
Lastly, the advantages and disadvantages of each oil saturation calculation model are summarized,
and suggestions are given for conducting research using each type of method. This study has certain
significance in the selection of oil saturation logging evaluation methods for shale oil reservoirs and
provides directions for improvement.

Keywords: shale oil; oil saturation; logging evaluation; reservoir quality

1. Introduction

Shale oil is an essential example of unconventional oil and gas resources, which China
is rich in, such as shale oil, with huge resource potential [1–3]. However, this type of
reservoir is extremely non-homogeneous, with a complex pore structure [4,5], various oil
and water storage modes, and complex mineral types, which lead to a significant error in
the calculation of oil saturation, making it challenging to identify an adequate reservoir and
restricting the exploration and development processes of this type of oil and gas resource,
so it is of great significance to accurately characterize oil saturation for the exploration and
development of shale oil [6].

The current methods of calculating the oil saturation in shale oil reservoirs can be
summarized into three main categories. The first one is the electrical saturation model
developed based on Archie’s formula [7], first used by Archie in 1942 to calculate formation
water saturation using resistivity logging. The formula is an empirical model developed
based on pure sandstone formation, and Archie’s formula cannot be applied to shale
formations with a high clay content. As a result, many scholars at home and abroad have
addressed the limitations of using Archie’s formula in shale formations. The presence of
mud will lead to additional conductivity in formation water; for this reason, many scholars
have found that additional conductivity in clay leads to a decrease in the resistivity curve.
In 1950, DeWitte [8] assumed that the mud in shale formations is dispersed and put forward
a conductivity model constituting dispersed mud and pore water. In 1954, Poupon et al. [9]
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assumed that shale is a combination of various thin interbedded layers of mudstone and
sandstone, which led to the development of a simplified model for determining shale water
saturation. In 1963, Simandoux [10] proposed a Simandoux equation for the distribution
of dispersed mud, which is still one of the more popular models for water saturation. In
1968, Waxman and Smits [11] found that additional conductivity in clay is caused by cation
exchange in muddy sandstone and then proposed a W-S saturation evaluation model while
considering the cation exchange capacity. In 1971, Poupon and Leveaux et al. [12] carried
out field observations in Indonesia and, based on the field development data of the oil field,
proposed the Indonesian equation. In 1972, Schlumberger [13] proposed a whole shale
saturation model based on the Simandoux degree equation, without considering the form
of mud distribution and correcting the mud conductive part. In 1984, Clavier et al. [14]
proposed a two-water model based on the theory of bilateration by dividing the formation
water into two parts, namely, clay water and free water. Based on this, in 2001, Zhang et al.
conducted a study [15]. Formation water could be subdivided into clay water, capillary
water, and free water, and a three-water model could be proposed based on the principle
of parallel conductivity. In 2016, Kadkhodaie [16] argued that organic matter in shale
formations caused an anomalous increase in resistivity and proposed a parallel conductivity
model for clay and organic matter. In 2022, Yu [17] argued that conductive minerals in
shale formations significantly affect rock conductivity, which led to the proposal of a
saturation model that considers conductive minerals. More factors affect resistivity in
shale formations, resulting in abnormal low- or high-resistance phenomena. To avoid
this influence, many scholars try to evaluate the saturation degree of the non-electric
method. Among non-electric logging, nuclear magnetic resonance (NMR) logging is one
of the indispensable techniques for assessing the quality of shale reservoirs. In 2021, Liu
Yahui et al. [18] chose different starting times for the NMR T2 spectra to calculate the
oil-bearing pore space and, thus, calculate the oil-bearing saturation, and the saturation
degree was calculated by a core. In 2023, Zeng Jingbo et al. [19] determined the optimal
centrifugation time through multi-stage centrifugation 1D NMR experiments, combined
NMR and Hg pressure experiments by scaling them together to establish the classification
standard of the reservoir pore structure, and established a water saturation model based
on the classification standard. Using 2D NMR, in 2021, Yan Weilin et al. conducted a
study [20]. The blind source separation technique was used to cluster and partition the
T1-T2 spectra of CMR-NG, and the oil saturation of the shale reservoir was calculated based
on the partitioning percentage. In 2022, Qin Yingyao et al. conducted a study [21]. The
T2-T1 fluid interpretation plate of the Jimushar shale oil reservoir was obtained through 2D
NMR experiments, and the fluid saturation could be calculated based on the interpretation
plate. In recent years, the artificial intelligence industry has developed rapidly; computer
computational performance has become more and more powerful, and deep learning has
become a research hotspot in geophysical modeling [22–24]. Shale oil reservoirs are highly
inhomogeneous and have complex pore structures, and often, there is a complex linear
relationship between the logging curve and oil saturation. The prediction of oil saturation
in deep learning can be categorized as a regression problem, often a multi-parameter
regression problem. Deep learning has an absolute advantage over nonlinear problems
compared to multiple fittings. More common deep learning algorithms mainly include
random forest algorithms, fully connected neural networks, convolutional neural networks
rec, current neural networks, and other branch algorithms.

This study investigates the literature related to the oil saturation evaluation of shale oil
reservoirs using three methods from different fields: the electric method, the non-electric
method, and a machine learning algorithm. The methods in each field have unique features,
and their principles, technologies, and modeling processes are very different. Regarding
the calculation and prediction of oil saturation in shale oil reservoirs, previous researchers
have not systematically summarized and organized this method system; this study combs
through the representative methods of three major fields and outlines, in detail, the current
research status, principles, and applicability of these methods. Finally, the corresponding
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application suggestions for these three methods and the outlook for future technology
development are given. These can provide comprehensive technical ideas for calculating
oil saturation in shale oil reservoirs and lay the foundation for shale oil reservoir evaluation,
sweet spot evaluation, and oil test and recovery.

2. Current Status of Shale Oil Reservoir Saturation Logging Evaluation Research
2.1. Electrical Method Saturation Model

Archie’s formula is the earliest saturation model proposed for pure sandstone for-
mations and the most widely used saturation model in conventional reservoirs. Through
petro-electric experiments, Archie found that the resistivity of water-bearing rocks is always
proportional to the resistivity of the contained formation water. The scaling factor is called
the formation factor, which is denoted by F. The resistivity of water-bearing rocks is always
proportional to the resistivity of the contained formation water. The stratigraphic factor is
only related to porosity, cementation, and pore shape, as shown in the following equation.
For hydrophilic rocks, the rock resistivity is always proportional to the resistivity of the
water-saturated rock. This proportionality coefficient is known as the resistivity increase
factor, expressed as I. The resistivity increase factor is related to the oil saturation degree of
the rock, and the relationship is given in the following equation.

F =
R0

Rw
=

a
φm (1)

I =
Rt

R0
=

b
Sw

n (2)

where R0 is the rock resistivity ohm-m saturated with water, ohm-m. Rw is the formation
water resistivity, ohm-m, a is a scaling factor related to lithology, m is the cementation index,
and φ is the porosity. Rt is the rock resistivity, ohm-m, b is the coefficient, n is the saturation
index, and Sw is the water saturation.

(i) Water saturation model taking into account the overall effect of sediment quality

Clay-rich shale oil reservoirs are the most typical feature. Due to the presence of
mud and clay minerals, the electrical conductivity of shale reservoirs is greatly enhanced,
leading to the problem of overestimation of water saturation. Many scholars have proposed
several saturation models for the influence of mud according to its distribution form.

Dispersed mud is composed of clay particles, fragments, or crystals occupying the ma-
trix pores of the rock skeleton, significantly reducing the effective porosity and permeability.
DeWitte assumed that the formation is mainly composed of pore water and dispersed
clay to form a conductive network and, thus, proposed a model for calculating the water
saturation of dispersed muddy sandstone strata with the following specific formulas.

SW =
1

1 − q

√
aRW
φ2Rt

+
q2

4
− q

2
(3)

q =
φS − φD

φS
(4)

where q is acoustic response, φS is acoustic porosity, and φD is density porosity.
Also, for dispersed clays, there is the Simandoux model (Figure 1), proposed by

Simandoux et al. for application with dispersed clays. The model was derived from an
experimental study in the Institut Français de Recherche Pétrolière (IFP) laboratory using
a reservoir physical model simulating sands and clays. The Simandoux model assumes
that there is also a certain amount of oil and gas storage properties in the clay fraction,
whereas Archie’s formula is used in sandstone. The Simandoux model equates the rocks
into sandstone and mudstone based on a volume model and derives a conductivity model
of rock resistivity versus mud volume based on the principle of parallel conductivity:
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1
Rt

=
SW

nVsh
Rsh

+
SW

n φe
m

aRW
(5)

where Vsh is the mud content, %. φe
m is the effective porosity, and Rsh is the resistivity of

the fully cemented mass, ohm-m.
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In 1954, Poupon et al. described laminated mud as shale derived from the interaction of
multiple thin layers of mudstone and sandstone within the vertical resolution of resistivity
logging, and they noted that laminated shale does not affect the porosity or permeability
of the sandstone itself. However, as the number of laminated shales increases, the same
will cause the pore medium to decrease, and eventually, the porosity of the shale reservoir
will decrease. As a result, Poupon proposed a simplified model for determining the
water saturation model of laminated muddy sandstone formation. The specific formula is
shown below:

Sw =

√
aRW(1 − Vsh)

φm (
Rsh − VLamRt

RtRsh
) (6)

where VLam is the volume of laminated mud in the formation, %. In 1971, Poupon and
Leveaux, also for layered shale, proposed the Indonesian equation through field observation
and analysis of several oil fields in Indonesia, with the following formula:

Sw =
1
Rt

(

√
aRW Rsh

Vsh

√
aRW + φm/2

√
Rsh

) (7)

All the parameters of the above equations are given as interpretations in the previ-
ous equations.

Schlumberger, to simplify the form of mud distribution in shale, based on Siman-
doux’s experimental study and drawing on Poupon’s field experience in the Niger Delta,
proposed a model for estimating water saturation in shale, which simplifies the form of
mud distribution in shale and can be applied to most shale formations. Since the model is
straightforward and practical, many improved models have been developed for further
research, and the earliest model is listed in this study as the following equation:

SW =
aRw(1 − Vsh)

Rsh

[
(
−Vsh
Rsh

) +

√
(

Vsh
Rsh

) + (
4φ2

aRwRt(1 − Vsh)
)

]
(8)

(ii) Modeling of water saturation taking into account mud cation exchange capacity

The several saturation models described in the previous section are mainly from a
macroscopic point of view to categorize the mud in the shale formation into different
distribution forms to consider the influence of mud as a whole on the electrical conductivity
of the reservoir. With the understanding of mud sandstone, more and more people began to
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pay attention to the electrochemical properties of mud itself. Waxman and Smits found the
phenomenon that the conductivity of cement-bearing sandstone increases sharply with an
increase in the concentration of equilibrium electrolyte solution based on the experiments
of Hill and Milburn, and they concluded that the conductivity of mud sandstone consists
of the conductivity contributed by the exchange of the free electrolyte and the clay cations
in the pore volume of the rock, which is composed of the conductivity contributed by the
exchange of free electrolytes and clay cations in the rock. The conductivity contributed
by the free electrolyte and clay cation exchange in the rock pore volume consists of the
conductivity expressed by the following equation [26,27]:

Co = xCe + yCw (9)

where Co is the conductivity of the fully hydrated sandstone, Ce is the conductivity con-
tributed by clay cation exchange, Cw is the conductivity contributed by the equilibrium
electrolyte solution, and x,y are constants.

Waxman and Smits concluded that the electrochemical efficiency of clayey sandstones
increases with increasing clay content, and the conductivity is related to the clay cation
exchange capacity, as confirmed in Hill and Milburn’s experiments. The following equation
can express the equation for the conductivity of saturated cemented sandstones:

Co =
1

F∗ (BQv + Cw) (10)

where F* is the formation factor, B is the equilibrium cation-equivalent electrical conduc-
tance, mL/(Ω·m·mmol), and Qv is the cation exchange capacity, mmol/mL.

Similarly, Waxman and Smits extended the above conductivity equations to oil- and
salt-water-bearing argillaceous sandstones, concluding that when the rock is oil-bearing
(sw < 1), the exchange cations bound to the clay are more concentrated in the pore water,
and further describing the electrical conductivity of oil-bearing argillaceous sandstones in
terms of a similar equation as above (W-S model):

Ct = ϕm∗
Swn∗

(Cw + BQV/SW) (11)

where Ct is the conductivity of hydrocarbon-bearing mud sandstone, S/m; m* is the
cementation index in the W-S model, and n* is the saturation index in the W-S model.

In a subsequent study, Clavier pointed out that the W-S model has certain short-
comings, such as the fact that the W-S model does not consider the salt removal effect
of adsorbed water on the clay surface. Clavier noted, based on the theory of a diffusion
bilayer (as shown in Figure 2), that the water in the muddy sandstone for the clay adsorbed
water and free water, so the electrical conductivity of the muddy sandstone is the parallel
conductivity of the clay adsorbed water and free water, according to which the two-water
model is proposed:

Ct =
1
Fo SW

n
[

CW +
aVQQV

SW
(Ccw − Cw)

]
(12)

where FO is the stratigraphic factor in the two-water model; a is the coefficient; Vq is
the amount of clay water per unit pore volume when Qv is 1, mL/mmol; and β is the
equilibrium cation-equivalent conductivity, (S/m) (mmol/mL).
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Figure 2. Principle of diffuse double-electric layer [28].

2.2. Non-Electrical Saturation Models

Subject to clay content, shale reservoirs often exhibit low resistance, resulting in lower
resistivity curves than the actual formation resistance. The non-electrical saturation inter-
pretation model can directly bypass the resistivity as a factor in calculating the saturation of
shale oil reservoirs. Nuclear magnetic resonance (NMR) logging is unaffected by reservoir
electrical properties and lithology. NMR is currently an indispensable technology for eval-
uating the physical properties and oil content of unconventional reservoirs. This section
focuses on applying NMR technology to calculate oil saturation in shale oil reservoirs.

(iii) One-dimensional nuclear 3magnetic resonance (NMR) logging saturation interpreta-
tion models

Usually, the one-dimensional NMR logging saturation interpretation model is mainly
based on the core analytical saturation and core analytical porosity to calculate the oil-
bearing porosity of the core. Then, the T2 spectral area truncation method is used to scale
the optimal oil-bearing porosity starting time, and we calculate the oil-bearing saturation
according to the following formula.

So = PHIOIL/PHIE (13)

where So is the oil-bearing saturation, PHIOIL is the oil-bearing porosity, and PHIE is the
NMR-calculated effective porosity.

In addition, a more direct way can be used through the analysis of the NMR T2 spec-
trum. The core saturation is directly used to scale the T2 cutoff value and then determine
the oil-bearing volume of the shale reservoir in the T2 spectrum to obtain the oil-bearing
saturation, in which the T2 cutoff value is the most critical step. Generally, for the same
set of strata in a region, the T2 cutoff value should be close, and different cutoff values can
be designed to calculate the oil saturation using the following formula and the T2 cutoff
value at the time of minimizing the average absolute error by traversing the method. The
following figure shows a schematic diagram for determining the T2 cutoff value/the aver-
age absolute error is minimized when T2 = 10 ms, so the T2 cutoff value for oil saturation
calculation is 10 ms (Figure 3).
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So =

∫ T2max
T2cuto f f

S(T)dt∫ T2max
T2min

S(T)dt
(14)
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(iv) Two-dimensional nuclear magnetic resonance (NMR) logging saturation interpreta-
tion models

For shale oil reservoirs, the oil and water storage state is complicated, and the micro
and nano pores of organic matter are developed. Thus, it is difficult to distinguish the
oil and water signals using one-dimensional NMR technology. Fluid signals will overlap
in the transverse relaxation time, and the oil saturation calculated often has some errors.
Two-dimensional NMR technology can obtain the relaxation information of hydrogen
nuclei of different components in different shales, including the longitudinal relaxation
time T1 and transverse relaxation time T2. Usually, the calculation of oil saturation using
two-dimensional NMR technology relies on the T1-T2 two-dimensional NMR technology,
in which the main methods can be summarized into two kinds: one is them is the plate
method based on the region’s experience, and the other is to avoid the time-consuming
experiments and interpretation processes. Many researchers use signal processing methods.
Venkataramanan et al. [29,30], in 2018, used an unsupervised clustering algorithm to
separate the fluid components of the T1-T2 maps by decomposing a complete signal into
multiple signals, which is also known as the blind source separation method. Subsequently,
the oil saturation was calculated based on the location of individual fluid signals in the
region as well as the volume. The plate method is based on regional experience and core
NMR experiments. The T1-T2 NMR plates of multiple cores are analyzed to summarize
individual fluid signals’ relaxation signal characteristics to formulate the region’s T1-T2
fluid component identification plate (shown in Figures 4 and 5). Then, the oil saturation
degree of the shale reservoir is determined by the ratio of the sum of the signal volumes of
free oil and adsorbed oil in the plate to the total signal, with the specific formula as follows:

SO =
Fabsorbent oil + Ffree oil

Ft
(15)

where Fadsorbet oil is the adsorbed oil signal quantity, Ffree oil is the free oil signal quantity, Ft
total signal quantity.
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Jiacheng Zhang [33] and Jiawei Zhang [34] combined a two-dimensional component
decomposition method with a multi-state two-dimensional NMR experiment on rock cores.
The primary process is to wash the core’s original sample with oil and salt, followed by
drying. After drying, the dry sample is saturated with water and oil to obtain the T2-T1
spectral distribution state of oil and water, which can roughly determine the location
of oil and water signals. Figure 6 shows the T2-T1 spectral map of the core in different
states of the Fengcheng Formation in the Mabei area of the Junggar Basin. Based on
the above experimental analysis, to determine the fluid components more accurately
and quantitatively, it is necessary to use the two-dimensional component decomposition
method, which, at present, mainly adopts the image morphology technology, to find the
peak point of each fluid component, and then we use Gaussian fitting or K-mean clustering
and other algorithms to obtain the boundaries of each fluid component, so that the specific
location of each element is obtained (shown in Figure 7). Using the above-mentioned core
multi-state 2D NMR experiments, each fluid component is calibrated, and then the oil
saturation is obtained according to the ratio of the total adsorbed oil and free oil signals
using the above-mentioned formula. Through the 2D NMR experiments, Qin Yingyao
summarized the T2-T1 2D NMR fluid identification plates of a few typical land-phase shale
oil blocks in China, shown in Figure 8 below.
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2.3. Machine Learning Models

Saturation prediction based on machine learning algorithms can be viewed as a re-
gression task in mathematical modelling, in which multiple regression fitting based on
statistical analysis is the most commonly used technique. With the in-depth exploration
and development of unconventional reservoirs such as shale oil, shale oil reservoirs have
several prominent features compared with conventional reservoirs. One is the complex-
ity of mineral types and the rapid change in lithological complexity; the second is the
complexity of the pore structure and the development of nanoscale pores; and the third
is the complexity of wettability and the unclear state of oil and water fugacity. These
three characteristics cause the shale oil quantitative characterization accuracy to be low,
the logging curve response characteristics and formation oil saturation is no longer a sim-
ple linear relationship, and the traditional multiple linear regression model is no longer
applicable. Machine learning algorithms are increasingly used in saturation prediction
with the gradual improvement in computer hardware and software performance. Machine
learning algorithms can be summarized into two kinds. One is shallow learning algorithms,
such as random forest [36–38], support vector machine [39], K-nearest neighbor [40], naive
Bayes [41], and other algorithms. These algorithms generally apply to fewer coring data,
high data quality, and reservoir homogeneity of good reservoirs.

Developing grain layers, rapid lithological changes, and non-homogeneity for shale
oil reservoirs often require deep learning algorithms with deeper network structures. The
deep learning networks currently used for saturation prediction are mainly deep neural
networks, recurrent neural networks, and deep learning networks based on migration
learning [42,43]. Figure 9 shows the saturation prediction model based on deep neural
networks, generally using the input feature data for conventional logging curves. These
curves constitute the input layer; the hidden layer consists of several neurons, which can
contain the activation function, pooling layer, and the full link layer, etc., mainly used
to make nonlinear changes and process the input data to achieve the purpose of feature
extraction. The output layer in the general regression task mainly uses the fully connected
layer, which connects with all the neurons in the previous layer and outputs the predicted
value. The whole deep neural network operation process can be summarized as follows:
the input layer is responsible for accepting the logging curve values and passing them
to the hidden layer, which nonlinearly changes the data through the activation function
and generates new features, and then the output layer is responsible for outputting the
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predicted saturation, and the training process is to take the confined core saturation as a
label and, through the error computation, use the gradient descent algorithm to update
the weight and bias continually. The optimal parameters save the optimal model, that is,
on behalf of the completion of training; after the completion of training, the logging curve
input to the network can obtain the saturation prediction value.
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A recurrent neural network has a strong advantage in the task of processing time-series
data, which is usually used in text processing, translation, etc. Saturation, as an important
parameter of the reservoir, can reflect the depositional characteristics of acoustic, electric,
radioactive, etc., of each geological period to a certain extent, so the saturation prediction
can also be viewed as the task of time-series data prediction. Figure 10 shows the recurrent
cell structure of the LSTM network at the moment t, where xt is the input at the moment t;
ht−1 is the output of the hidden layer for the moment t – 1; ct−1 is the storage unit retained
at the moment t − 1; ft, it, and Ot are the activation vectors of the forgetting gate, the input
gate, and the output gate at the moment t, respectively; c’t is the neuron cell state vector
obtained after the tanh layer transformed neuron cell state vector; ct is the storage unit
updated at moment t; ht is the output of the hidden layer at moment t; and σ is the sigmoid
activation function. As shown in Figure 10, firstly, we need to copy four copies of the
output of the hidden layer at the moment t − 1 and the input at the moment t respectively,
randomly initialize different weights, and then splice the ht−1 with the xt vector, and,
finally, nonlinearly transform by the activation function, sigmoid function, or the tanh
function to obtain the oblivious gate activation vector, the input gate activation vector,
the output gate activation vector and the transformed neuron cell state vector. Figure 11
exhibits a saturation prediction flowchart of the long- and short-term memory recurrent
neural network. The long- and short-term memory recurrent neural is a variant of the
recurrent neural network, which avoids the problem of long-range dependence on the
recurrent neural network by adding a gating mechanism, which allows the recurrent unit
to save useful historical information and forget useless historical information selectively.
The figure details the workflow from the original logging curve to the saturation prediction
value. It can be seen that before the original logging curve is input to the network, the
original logging curve first needs to carry out the pre-data processing, such as the multi-well
standardization, the spreading correction, the core homogenization, the data cleaning, and
other steps, to ensure the reliability of the data. Secondly, the core analysis saturation and
logging curve need to be analyzed for sensitivity to determine the preferred logging curve.
Subsequently, the training set and test set are divided proportionally. After standardization
or normalization, it is inputted into the network for training. The final saturation prediction
is obtained based on the trained model.
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3. Analysis of the Applicability of Typical Saturation Models

The previous subsection described each model’s research progress, construction prin-
ciple, and application mode from three aspects: electric method, nuclear magnetism, and
machine learning. In this section, several typical saturations are selected to evaluate the
saturation logging of shale oil reservoirs in the Qingshankou Group of Gulong Depression,
and the relatively accurate saturation of the confined core is used for comparison to verify
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the calculation effect of each model. The reservoir of Qingshankou Formation in Gulong
Depression is a typical terrestrial shale oil reservoir with a high clay content (30–40%), small
reservoir space, and predominantly micro- and nano-pore spaces. The hydrocarbon source
rock is characterized by the development of organic matter and high maturity, mainly
dominated by Type I and Type III organic matter. Figure 12 shows the comparative results
of the saturation calculation of G1 wells in the Qingshankou Formation of the Gulong
Depression. In this study, the total shale model (eighth pass), Indonesia model (ninth pass),
Simandoux model (tenth pass), and double-water model (eleventh pass) in the saturation
model of the electric method are selected.

Processes 2024, 12, x FOR PEER REVIEW 15 of 19 

 

 

The difference between the two models is that the Simandoux model tends to be more 

sensitive in the layers with lower or higher resistivity, calculating higher oil saturation at 

higher resistivity and predicting lower oil saturation at lower resistivity, which makes the 

Indonesian model more stable in one sense. Still, the Simandoux model can express the 

oil content of the stratum more favorably from another perspective—the oil content of the 

formation. The two-water model calculates the saturation and core saturation where the 

depth change trend is basically the same, its calculation absolute error is 7%, and relative 

error is 12%, so there is, relatively speaking, higher accuracy. However, its model requires 

more parameters, because the lack of cation exchange experimental data for the block is 

difficult to apply. The one-dimensional NMR model is calculated by focusing on the core 

well data, and the cutoff value of oil-bearing porosity determined by analysis is 6ms. Over-

all, the error is relatively large, mainly because the 1D NMR T2 spectrum is greatly af-

fected by clay minerals and pore structure, and the cutoff values of different layers in dif-

ferent planar positions have certain changes, so it is necessary to carry out the modelling 

work of the cutoff value of oil-bearing porosity. The last KNN model calculation results 

show a relatively large error and do not have a good response trend with the analyzed oil 

saturation. This is mainly because the research area has less available training data, which 

cannot meet the requirements of the deep network model application. The relatively shal-

low KNN model has a limited ability to express nonlinear mapping. 

 

Figure 12. Comparison of saturation calculation of G1 wells in Qingshankou Formation, Gulong 

Depression. 

  

Figure 12. Comparison of saturation calculation of G1 wells in Qingshankou Formation, Gulong
Depression.

Among the NMR saturation models, the one-dimensional NMR saturation model
(twelfth pass) was chosen in this work. In the machine learning model, the more classical
KNN model (the thirteenth course) was selected in this study. The rock electric parameters
and stratigraphic used in the electrical model are consistent. The prediction results of the
total shale model could be better calculated compared to the other three electrical method
models, with an absolute error of 19% and a relative error of 38%, see Table 1. The overall
calculation results of the Indonesian model and the Simandoux model are comparable.
The difference between the two models is that the Simandoux model tends to be more
sensitive in the layers with lower or higher resistivity, calculating higher oil saturation at
higher resistivity and predicting lower oil saturation at lower resistivity, which makes the
Indonesian model more stable in one sense. Still, the Simandoux model can express the
oil content of the stratum more favorably from another perspective—the oil content of the
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formation. The two-water model calculates the saturation and core saturation where the
depth change trend is basically the same, its calculation absolute error is 7%, and relative
error is 12%, so there is, relatively speaking, higher accuracy. However, its model requires
more parameters, because the lack of cation exchange experimental data for the block
is difficult to apply. The one-dimensional NMR model is calculated by focusing on the
core well data, and the cutoff value of oil-bearing porosity determined by analysis is 6ms.
Overall, the error is relatively large, mainly because the 1D NMR T2 spectrum is greatly
affected by clay minerals and pore structure, and the cutoff values of different layers in
different planar positions have certain changes, so it is necessary to carry out the modelling
work of the cutoff value of oil-bearing porosity. The last KNN model calculation results
show a relatively large error and do not have a good response trend with the analyzed
oil saturation. This is mainly because the research area has less available training data,
which cannot meet the requirements of the deep network model application. The relatively
shallow KNN model has a limited ability to express nonlinear mapping.

Table 1. Comparison of errors in calculating oil saturation by models.

Model Total Shale Indonesia Simandoux D-W 1D NMR KNN

absolute error 18.6% 8.3% 8.6% 7.3% 10.8% 9.2%
relative error 35.1% 13.1% 14.2% 11.5% 19.6% 17.4%

4. Conclusions and Outlook

In this study, the research progress of oil saturation in shale oil reservoirs is elaborated
on in three aspects: the electric method model, the nuclear magnetic model, and the
machine learning model. It is further subdivided and summarized in these three aspects.
Finally, several typical saturation models are selected for calculating oil saturation in shale
oil reservoirs of the Qingshankou Formation in the Gulong Depression and are compared
and analyzed. The following conclusions are drawn after further analysis, summarization,
and sorting.

(1) Electrical modelling mainly focuses on mud’s overall and microscopic effects, such as
mud content, mud resistivity, clay cation exchange capacity, and other factors. For
shale oil and water storage state and wettability, whether the large and small pores
contain oil and wettability characteristics of different large and small pore walls still
need to be considered. In the future, an in-depth analysis of the oil–water storage state
and wettability of shale oil reservoirs can be carried out, and an electrical conductivity
model considering the characteristics of the oil–water storage state and wettability
can be established.

(2) For the NMR oil saturation model, the one-dimensional NMR T2 spectrum often
makes it difficult to distinguish between the signals of oil and water and the signals
of oil and water overlapping in the transverse relaxation time. Meanwhile, due to the
changes in clay minerals and the formation of the pore structure, the one-dimensional
NMR model based on a fixed cutoff value does not have a strong generalization, and
it is challenging to meet the requirements for saturation calculation accuracy. For
the two-dimensional NMR model, the T2-T1 mapping currently relies on the core
two-dimensional NMR experimental calibration to establish the fluid identification
plate and then calculate the saturation degree. In the future, it is necessary to combine
semantic segmentation or instance segmentation in computer vision with 2D NMR
mapping to accurately recognize oil, gas, and water signals and their signal quantities
and then calculate the saturation degree.

(3) For machine learning models, traditional shallow algorithms are less affected by the
sample size, but the prediction accuracy is not enough, and the deep learning models
have strong nonlinear expression ability; however, they are greatly affected by the
number of samples, and there are often fewer coring data, which cannot meet the
deep learning modelling needs. In the future, some optimization algorithms and
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deep learning networks can be fused, or different neural networks can be fused with
each other to mine as much useful information as possible in the case of limited
data samples.
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