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Abstract: To improve the prediction of thin reservoirs with special geophysical responses, a geosta-
tistical inversion technique is proposed based on an in-depth analysis of the theory of geostatistical
inversion. This technique is based on the Markov chain Monte Carlo algorithm, to which we added
the contents of facies-constrained. The feasibility of the technique and the reliability of the prediction
results are demonstrated by a prediction of the sand bodies in the braided river channel bars in
the Xiazijie Oilfield in the Junggar Basin. Based on the MCMC algorithm, the results show that
leveraging the lateral changes in the seismic waveforms as geologically relevant information to
drive the construction of the variogram and the optimization of the statistical sampling can largely
overcome the obstacle that prevents traditional geostatistical inversions from accurately delineating
the sedimentary characteristics; thereby, the proposed algorithm truly achieves facies-constrained
geostatistical inversion. The case study of the Xiazijie Oilfield showed the feasibility and reliability of
this technology. The prediction accuracy of the FCMCMC algorithm-based geostatistical inversion
is as high as 6 m for thin interbedded reservoirs, and the coincidence rate between the prediction
results and the well log data is more than 85%, which confirms the reliability of the technique. The
demonstrated performance of the proposed technique provides a preliminary reference for the pre-
diction of the thin interbedded reservoirs formed in terrestrial sedimentary basins and characterized
by small thicknesses and rapid lateral changes with special geophysical responses.

Keywords: reservoir prediction; seismic inversion; geostatistics; facies-constrained inversion; thin
reservoir prediction; special reservoir

1. Introduction

As oil and gas exploration continues to advance, more attention is being paid to the
prediction and evaluation of reservoirs with special petrophysical characteristics. This is
an important direction for future oil and gas exploration. The target reservoirs include
igneous rocks, metamorphic rocks, weathered crusts, mudstones, shales, conglomerates,
and thin sandstone-mudstone interbeds [1-5]. These reservoirs are formed under complex
conditions, which lead to diverse reservoir spaces and strong spatial non-homogeneity,
thereby resulting in extremely complex petrophysical properties [6-8]. As a result, it is
impossible to rely on the acoustic transit time, density, acoustic impedance, and elastic pa-
rameters to effectively distinguish between reservoir and non-reservoir units. Accordingly,
it is difficult to predict these reservoirs by means of conventional pre-stack and post-stack
inversions, and it is particularly difficult to predict the spread of thin reservoirs with special
petrophysical properties using conventional inversion techniques [9-11]. Seismic wave
attenuation, which is known for its high sensitivity to the physical properties of rocks, has
shown success in the lateral delineation of thin reservoirs [12]. However, as explained
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by Matsushima et al. in 2017, the estimation of seismic attenuation is challenging, espe-
cially in carbonate reservoirs [13,14], despite several studies carried out to improve the
methodology [15].

At present, efforts are being made to overcome the above obstacles through two main
approaches. The first is nonlinear inversion, which mainly involves artificial neural net-
works, principal component analysis, and support vector machines. The theory of nonlinear
inversion is that under the constraints of geological models, the nonlinear relationship
between the borehole lithology data and the seismic data is established using mathematical
algorithms, followed by the processing of the lithologic parameters based on known statis-
tical relationships, in order to derive the reservoir’s electrical parameters (e.g., the natural
gamma radiation, spontaneous potential (SP), and electrical resistivity) and the reservoir’s
physical parameters (e.g., the porosity, permeability, and saturation) [16-19]. This technique
overcomes the inherent resolution limitations of the seismic data and thereby provides
high-precision inversion results. However, the inversion algorithms involved lack clear
physical meanings and the relationships between the electrical parameters and the seismic
information are not clear, which suggests that this technique is theoretically flawed to some
extent and thereby subject to limitations in terms of its development and application [20-23].
The second approach is geostatistical inversion, which mainly involves sequential Gaussian
simulation algorithms and Markov chain Monte Carlo (MCMC) algorithms. Sequential
Gaussian simulation algorithms are the main type of algorithm used in the early version
of geostatistical inversion, and their implementation involves the following steps. First,
the conditional data are converted into standard Gaussian values. This is followed by the
conversion of the values to a variogram; the obtaining of the Kriging estimate and variance
at each node according to the simulated data and conditional data; the determination of
the conditional Gaussian distribution; the random sampling of the distribution to obtain a
series of reservoir parameter models; and, finally, the conversion of the Gaussian simula-
tion results into the original data to obtain the continuous distributions of the reservoir’s
electrical and physical properties. However, the second technique has some limitations,
which limit its development and application [24-26]. Firstly, the algorithms provide final,
yet approximate, results immediately when all of the grid cells are filled; so, the results
are not strictly correct in a statistical sense. Secondly, the repeated single-trace simulation
involved in the algorithms leads to a low computational efficiency.

The MCMC algorithms have emerged in recent years and have been widely used
for numerical computation. Because the MCMC algorithms are suitable for simulating
distributions that are multivariate and non-standard or even have mutually dependent
variables, they are applicable to reservoir prediction [27-30]. Their implementation in-
volves the following steps. First, a probability density function is determined through
statistical analysis. This is followed by the use of Bayesian inference to obtain the above-
mentioned information; the defining of the posterior probability distribution function of
the reservoir; the simulation of the Markov chain sampling according to the probability
distribution function to obtain a sequence of data points with statistical significance; and
the estimation of the expected values of the distributions of the reservoir’s parameters (e.g.,
the lithological and physical parameters of the reservoir) via Monte Carlo integration based
on the above sequences. Compared with the sequential Gaussian simulation algorithms,
the MCMC algorithms have a higher computational efficiency and involve a more rigorous
calculation process; thereby, they can effectively avoid local optimization, leading to their
wide application in recent years in lithology inversion and thin reservoir prediction in
the field of petroleum exploration and extraction [31,32]. However, the current MCMC
algorithm-based geostatistical inversion technique relies on the distance range of known
well locations to select the optimal samples for simulation, which achieves only a rough
delineation of the spatial heterogeneity and fails to reflect the changes in the characteristics
of the facies. That is, the sampling optimization in the current MCMC algorithm-based
geostatistical inversion technique is only distance-dependent and lacks a clear geological
relevance, which is obviously inconsistent with the sedimentary characteristics of the re-
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search objects. In order to overcome this problem, in this study a geostatistical inversion
technique that integrates a facies-constrained MCMC (FCMCMC) algorithm was developed.
Based on the facts that seismic data are laterally continuous and that changes in the seismic
waveforms reflect changes in the sedimentary environment, the FCMCMC leverages the
lateral changes in the seismic waveforms to drive the construction of the variogram and
to constrain the selection of the sample points in order to ensure that the inversion results
have a sedimentary relevance.

The theory of the FCMCMC algorithm-based geostatistical inversion is presented,
and then, the proposed technique is used to predict the reservoirs in the Xiazijie Oilfield
in the Junggar Basin. This technique was used to successfully predict the distribution
characteristics of the sand bodies in the braided river channel bars of the Jurassic Badaowan
Formation in the Xiazijie Oilfield. The prediction results are in good agreement with the
log data from the validation wells and are consistent with the sedimentary patterns of the
study area. Finally, the reliability of the prediction results and the scientific soundness
of this technique are confirmed through borehole logging. The theory and demonstrated
performance of the FCMCMC algorithm-based geostatistical technique developed in this
study provide a reference for the study of facies-constrained inversion and the prediction
of thin reservoirs with special petrophysical properties in other areas.

2. Theory and Methodology of the Inversion Technique

In this study, a geostatistical inversion technique based on an FCMCMC algorithm
was developed. The biggest improvement lies in the proposal to constrain the selection
of samples in the inversion process by using the sedimentary significance represented by
seismic waveforms. The purpose is to make the inversion results have geological concepts.
The implementation of this technique involves the following steps.

1. It uses 3D seismic data cubes, borehole core data, well logs, and waveform clus-
tering analysis or coherence analysis to determine the distribution characteristics
of the seismic facies, which can indirectly reflect the horizontal distribution of the
sedimentary facies.

2. Under the constraints provided by the seismic facies distribution, statistical analysis
is performed based on variograms to determine the prior probability density func-
tion, which is then used in the Bayesian inference framework to define the posterior
probability distribution function of the reservoir.

3. Based on the probability distribution function, an MCMC algorithm is used to perform
Markov chain sampling to obtain a sequence of target sample points, followed by the
use of the Monte Carlo integration to calculate the expected value of these samples in
order to obtain the electrical and physical parameters, which can reflect the spatial
distribution characteristics of the reservoir.

2.1. Establishing the Objective Function

According to the definition of the Bayesian conditional probability, the posterior
probability of an event is

plonn) = P — R o pm)pto) <1>

where m is a model parameter; n is an observation sample; p(m) is the prior distribution
of m, which is independent of n and can be obtained from the well log data; p(n) is the
probability of the occurrence of n; p(n, m) is the joint distribution of m and n; p(n | m) is the
posterior probability of the model after the observation of sample #.

According to exploration seismology, the acoustic impedance calculated from the
acoustic logging data is related to the actual acoustic impedance, as follows:

Zw=Z+N ()
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where Z,, is the acoustic impedance calculated from the acoustic logging data, and Z is the
actual acoustic impedance.

N is the random noise, which is assumed to have a Gaussian distribution with a mean
of 0 and a standard deviation of o.

Given that ||Zy — Z ||2 has a Gaussian distribution, as is the case with N, its objective
function can be defined as )

Jp = “ZW — Z“ 3)
202

where o is the standard deviation of random noise N. In order to reduce the instability and
multiplicity of the inversion problem’s solution and to obtain a stable numerical solution, it
is necessary to introduce prior information into the objective function in order to constrain

it. When performing the maximum posterior estimation, the objective function is
J(Z) = h(Z) + M*]2(2) @

where [1(Z) is a function related to the posterior information; [5(Z) is a prior term, which

is a function related to the log data and the geological information; and A is a smoothing

parameter, i.e., a constant that balances the interaction between J;(Z) and J»(Z).
According to Equation (2), Equation (3) can be combined as

1Zw = ZI* | 5 & 1Zw - 2> | ., k
J(z) = NEw Z 20 g2k zy = lew — 20 ) Dk(2)/6 )

where ¢ is a potential function; ¢ is a scale parameter that adjusts the gradient at the
discontinuity; and k is a constant that can be set as 1, 2, or 3. When k = 1, the prior terms are
summed over all of the regions that are horizontally and vertically closest to the prediction
point; and when k = 2 or 3, the gradients and Hessian matrices between two adjacent points
on a plane or a quadratic surface are summed [33-35].

2.2. FCMCMC Algorithm-Based Statistical Sampling Optimization
2.2.1. Sample Optimization under the Constraint of Sedimentary Facies

The existing MCMC algorithms rely on the distance range of the samples to perform
the statistical sampling optimization. As is shown in Figure 1a, the four sample points that
are around the prediction point and within the variogram range are selected as the optimal
sample points. This selection scheme only considers the distances from the sample points
to the prediction point, regardless of the geological properties at the sample points, and
thus, it fails to obtain inversion results that are geologically relevant.

a

® prediction point ———+ sample selection path  » seismic waveform

® sample point «— variogram range of different directions

Figure 1. Schematic diagram of the sampling optimization process of the FCMCMC algorithm-
based geostatistical inversion: (a) sampling optimization based on variogram ranges; (b) sampling
optimization driven by seismic waveforms.
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According to seismic stratigraphy and seismic sedimentology, the reflected seismic
waveforms can reveal the vertical characteristics of the lithologic association, and such
characteristics can be mapped on a horizontal plane (e.g., in a plan view) to illustrate
the lateral changes in the sedimentary environment. Therefore, it is possible to use the
spatial changes in the seismic waveforms to constrain the variogram construction and
the sampling site selection in order to delineate the characteristics of the spatial changes
in the target reservoir, which will give the geostatistical inversion results sedimentary
relevance and thereby allow for facies-constrained stochastic simulation. Accordingly,
in this study the statistical sampling optimization was performed under the constraints
provided by the seismic waveform attributes instead of the traditional, variogram-based
spatial geostatistical analysis (Figure 1b). The implementation of this new method involves
the following steps. First, the seismic waveforms at each sample point and the prediction
point are extracted. This is followed by the computation of the waveform correlation
coefficient of the prediction point with respect to each sample point; the sorting of the
sample points in the order of their waveform correlation coefficients; and the selection of
the optimal sample points. That is, the selection of the optimal sample points is limited
to those within the same sedimentary facies. This optimization scheme takes into account
both the distances and the geological attributes of the sample points, and therefore, it fully
leverages the sedimentary relevance of the seismic waveforms, giving the process and the
results of the statistical sampling optimization geological relevance.

It should be noted that during the sampling optimization process, the sampling is
not directly performed in each of the classes of sample points that are generated through
waveform clustering analysis or coherence analysis because the criteria for the classification
cannot be quantified [36-38]. Therefore, the sampling optimization strategy adopted in this
algorithm is to use the seismic waveforms at completed wells as the reference waveforms
and to comprehensively consider both the correlation coefficients and the distances. That
is, first the sample points are sorted in the order of their waveform correlation coefficients,
and then, they are weighted using the distances. Therefore, the reliability of the inversion
results increases as the number of completed wells increases.

2.2.2. Determination of the Effective Sample Size

The sampling optimization in the FCMCMC algorithm-based geostatistical inversion
is achieved by leveraging the weighted, lateral changes in the seismic waveforms. In
this process, the concept of an effective sample size is introduced to reflect the degree to
which the spatial changes in the seismic waveforms affect the delineation of the reservoir’s
geometry [39-41]. The effective sample size is defined as the number of effective samples
that can be used to estimate the inversion results at a prediction point, and it can be
determined as follows.

1. A known sample point is selected and assumed to be the prediction point at which
the seismic waveform is subjected to correlation analysis with that of the known
sample points.

2. The known sample points are sorted in order of their correlation coefficients, and each
sample point is assigned a weight according to its correlation coefficient, with the
weight increasing with the increasing correlation coefficient.

3. Various numbers of known samples are used to predict an attribute of interest (e.g.,
the SP) at the prediction point; this is followed by the calculation of the correlation
coefficient between the estimated and measured SP log traces at the prediction point
in order to obtain a series of correlation coefficients as a function of the number of
known sample points.

4.  The effective sample size is taken as the number of known sample points leading to
the maximum calculation coefficient.

The above process is illustrated in Figure 2, in which the horizontal axis represents the
number of sample points involved in the calculation, i.e., the number of wells used in the
estimation of a prediction point, and the vertical axis represents the correlation coefficient.
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The correlation coefficient is dependent on the frequency range of the seismic data selected
for the inversion, and therefore, its relative changes rather than its absolute values are of
more analytical importance in this study. Each curve in Figure 2 depicts how the correlation
coefficient between the estimated and measured log traces at a prediction well varies as the
number of sample wells increases. In particular, the black curve is the combined correlation
coefficient curve, which is the main curve used to determine the effective sample size.
As is shown in Figure 2, the correlation coefficient gradually increases as the number of
sample wells increases from one to six. This is attributed to the fact that as the number of
sample wells increases, the estimation accuracy at the prediction well continues to improve,
leading to increased shape similarity between the estimated and measured log traces. When
the number of sample wells exceeds six, the correlation coefficient decreases or basically
remains the same, indicating that the use of more sample wells is not always beneficial in
increasing the prediction accuracy. That is, the seismic waveforms at the excess sample
wells have a low correlation with that at the prediction well (because they are not in the
same sedimentary facies as the prediction well), and thus, they do not contribute to the
estimation of the log traces at the prediction well and may even lead to an increase in the
estimation error. As was discussed above, it is clear that the number of samples at the
turning point of the fitted curve is the effective sample size that will lead to the highest
correlation between the estimated and actual log traces.
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Figure 2. Relationship between the number of sample wells and the correlation coefficient of the
estimated vs. measured curves.

The effective sample size is closely related to the spatial variation characteristics of the
reservoirs in the actual prospecting areas, but it depends on the lateral changes and vertical
structure complexity of the reservoirs. In areas with stable deposits, similar reservoir
structures and similar seismic response characteristics exist at different locations. Higher
structural similarity among known samples leads to a larger effective sample size and
thereby a lower screening threshold for similar seismic waveforms, which in turn leads
to a smaller number of seismic facies. That is, the fewer the seismic facies, the smaller the
spatial variation to be modeled, and the stronger the continuity of the inversion results. In
contrast, the faster the lateral changes in the reservoir and the more complex the reservoir
structure, the worse the regularity of the seismic facies. The structural similarity among
the known samples becomes lower as the regularity of the seismic facies decreases, which
in turn decreases the effective sample size, leading to a higher screening threshold for
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similar seismic waveforms and thereby a larger number of seismic facies. That is, the larger
the number of seismic facies, the larger the spatial variation to be modeled, the worse
the continuity of the inversion results, and the more accurate the delineation of the real
distribution characteristics of the reservoirs.

2.3. Determination of the Optimal Cutoff Frequency

It has been observed that the correlation between an FCMCMC algorithm-predicted
curve and the measured curve is frequency-dependent, suggesting that the accuracy of
the predicted curve is frequency-dependent. Therefore, it is necessary to determine the
optimal cutoff frequency to make the prediction results have the greatest correlation. As is
shown in Figure 3, the correlation coefficient between the predicted and measured curves
is 0.96 when the frequency components are between 0 and 100 Hz (but not equal to 0).
When the frequency is greater than 0 but less than or equal to 200 Hz, the correlation
coefficient is 0.81; when the frequency is greater than 0 but less than or equal to 300 Hz,
the correlation coefficient is 0.69; when the frequency is greater than 0 but less than or
equal to 400 Hz, the correlation coefficient is 0.46; when the frequency is greater than 0
but less than or equal to 600 Hz, the correlation coefficient is 0.27; and when the frequency
is greater than 0 but less than or equal to 800 Hz, the correlation coefficient is only 0.23.
Therefore, the smaller the frequency range, the higher the similarity between the predicted
and measured curves, i.e., the higher the reliability of the prediction. As the frequency
increases, the correlation between the predicted and measured curves gradually becomes
lower, suggesting an increasing stochasticity in the high-frequency components of the curve
and thereby a gradual degradation of their reliability. Therefore, it is important to identify
the optimal cutoff frequency that can be used to minimize the uncertainty of the prediction
results while meeting the resolution requirements for reservoir prediction.

The optimal cutoff frequency can be determined as follows. (1) A known sample well
is selected and assumed to be the prediction well, for which the prediction is performed
using the previously determined effective sample size (see Section 2.2.2), followed by the
application of frequency filters to the predicted and measured curves; the calculation of
the correlation coefficients between the two curves at different cutoff frequencies; and the
plotting of the curves of the correlation coefficients vs. the cutoff frequencies (Figure 4).
In Figure 4, the horizontal axis represents the different cutoff frequencies, and the vertical
axis represents the correlation coefficient between the predicted and the measured curves.
As is shown in Figure 4, the correlation coefficients decrease with the increasing cutoff
frequencies, meaning a gradual increase in the error of the predicted curve relative to the
measured curve as the cutoff frequency increases. The curves of the correlation coefficients
vs. the cutoff frequencies gradually level off after the cutoff frequency exceeds 230 Hz,
suggesting a high stochasticity and thereby a high uncertainty in the prediction results for
this frequency range. Therefore, the optimal cutoff frequency was determined to be 230 Hz.

It should be noted that the optimal cutoff frequency is strongly dependent on the
effective sample size, and thereby, it should be determined only after the effective sample
size is determined. In addition, when determining the optimal cutoff frequency, it is
necessary to consider the minimum reservoir thickness to be identified. When there is no
requirement for the identification of thin reservoirs, the SP inversion may be performed at
a lower cutoff frequency rather than at the optimal cutoff frequency, in order to increase the
certainty of the inversion results, whereas the SP inversion can be performed at a higher
cutoff frequency rather than at the optimal cutoff frequency to meet the high resolution
requirement for predicting a small reservoir thickness; however, this may increase the
stochasticity of the inversion results.
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2.4. FCMCMC Algorithm-Based Geostatistical Inversion

The FCMCMC algorithm-based geostatistical inversion involves the following five
steps (Figure 5). (1) A tectonic model of the target layer is established based on the tectonic
interpretation. (2) The seismic waveform characteristics of the seismic traces near the com-
pleted wells in the target layer are analyzed, followed by the evaluation of the correlation
between the seismic waveform near the prediction well and those near the completed wells
under the constraints of the tectonic model; the selection of the completed wells whose
seismic waveforms have the highest correlation with that near the prediction well; and
the use of the selected completed wells as sample wells to construct the initial acoustic
impedance model. (3) The high-frequency components of the acoustic impedances of the
sample wells in the target layer are extracted through spectral decomposition, followed
by an analysis of the common structural features of the high-frequency components and
the identification and retaining of the effective components within the stable bandwidth.
(4) The high-frequency components of the initial model are optimized in the Bayesian frame-
work, followed by a comparison of the predicted acoustic impedance with the measured
acoustic impedance within the effective seismic bandwidth; the retaining of the solutions
with errors within an accepted range; and the repetition of the simulation to ensure that the
medium-frequency components of the stochastic solutions are always consistent with the
seismic data and that the deterministic structural components of the samples are retained.
(5) Finally, the inversion results are output.

log curves seismic data
| l
A 4
Wz(ij\fefo.rm » Preferred relative wave
indication impedance
' |
» initial model | .
i ‘Wave 1mpedance‘
‘ filter matching }—¢
random : - LV
disturbance priori probability likelihood
of model distribution ) function
parameters | Bayesian theory I
7'y ¢
objective
function

refuse isampling criteria‘

accept

‘ result output ‘

Figure 5. Flow chart of the FCMCMC algorithm-based geostatistical inversion.

3. Results
3.1. Lithology and Pore Structures

The Xiazijie Oilfield is located in the eastern part of the Wuxia fault zone on the
northwestern margin of the Junggar Basin. Administratively, it is located in the Mongo-
lian Autonomous County of Hoboksar, Xinjiang Uygur Autonomous Region. The study
area is about 32 km long from east to west and 18 km wide from north to south. It is
bounded by the Hala’alate Mountains to the north, the Wuerhe Oilfield to the west, the
Honggiba region to the east, and the Mahu Depression to the south, and it is the largest
hydrocarbon-bearing depression on the northwestern margin (Figure 6). The left side of
Figure 6 shows the structural and geographical location of the work area, as detailed in
the legend. The left side of Figure 6 shows the comprehensive stratigraphic histogram of
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the work area. The borehole log data indicate that the stratigraphy from bottom to top is
composed of the Triassic Baikouquan (T1b), Karamay (T1k), and Baijiantan (T3b) formations;
the Jurassic Badaowan (J1b), Sangonghe (J1s), Xishangyao (Jox), Toutunhe (J»t), and Qigu
(J39) formations; and the Cretaceous Tugulu Group (K;tg). In particular, there are regional
unconformities between the Cretaceous strata and the Jurassic strata and between the
Jurassic strata and the Triassic strata. In the target layer, the Badaowan Formation is located
in the lowest part of the Jurassic strata, and it directly overlies the Triassic strata, forming
an angular unconformity with the Triassic strata. Based on the lithology and electrical
properties, the Badaowan Formation can be further divided into three sandstone forma-
tions, J1b!, J1b*, and J1b°; while the J;b? and J;b® sandstone formations are missing, with a
parallel unconformity between J1b! and J;b*. The current tectonic framework of the study
area was mainly formed at the end of the Indosinian movement. The tectonic pattern of the
target layer has the following characteristics. (1) The layer generally dips from northwest
to southeast. (2) It contains a large-scale thrust fault zone in the north, which gradually
thrusts southward. (3) The entire southern part is a monocline, with a fault-nose structure
and a nose-like structure in local areas. The Badaowan Formation mainly contains braided
river sediments sourced from the Hala’alate Mountains to the northeast. The facies are
mainly composed of channel subfacies and floodplain subfacies, and the channel subfacies
mainly include channel bar deposit and riverbed deposit microfacies. There are two modes
of the vertical stacking of sedimentary facies. One is to develop the sedimentation model
of riverbed deposit, channel bar deposit, and floodplain from bottom to top; the lithology
is characterized by thick sandstone with thin mudstone. The other is the combination of
riverbed deposit sediment and floodplain; it is shown as the interbed of coarse-grained
glutenite and mudstone. The river channels exhibit a strip-shaped form and extend from
the provenance area, while the channel bars are vertical and are mostly distributed in a
beaded form [42,43]. The reservoirs are mainly composed of channel bar sand bodies and
riverbed sand bodies, and the sand bodies are 1.5-10.8 m thick (with a mean of 6.3 m).
The lithology of the Badaowan Formation in the Xiazijie Oilfield mainly includes conglom-
erate, glutenite, sandstone (fine sandstone, medium sandstone, and coarse sandstone),
siltstone, and mudstone, with only the conglomerate, glutenite, and sandstone constituting
the reservoirs.

Due to their proximity to the provenance, the sediments are compositionally complex
and coarse-grained, and they mostly include conglomerate and pebbly sandstone with a
low maturity. They are rounded and have an angular subcircular shape. According to the
analysis of the SEM data, the reservoir space of Badaowan Formation in the study area is
dominated by intergranular pores, accounting for about 93.1% of the total void volume.
The pores are developed, and the structure is relatively uniform (Figure 7a). The clastic
particles can be seen under the cast thin slice, mostly in point line contact and stacked
tightly, reflecting that the sandstone is subject to strong compaction. Although the primary
intergranular pores are reduced due to the strong compaction transformation of the rock,
the limit is not reached, and a large number of residual primary intergranular pores are still
preserved (Figure 7b). The porosity ranges from 1.12% to 20.14%, with a mean of 15.5%. The
permeability ranges from 0.16 mD to 31.14 mD, with a mean of 18.1 mD. Comprehensive
evaluation has revealed that the reservoirs in the Badaowan Formation in the study area
are medium-porosity, low-permeability reservoirs.
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Figure 6. Geographic and tectonic map of the Xiazijie Oilfield in the Junggar Basin.

Figure 7. (a) Scanning electron microscope of well X017 with depth of 1067.24 m; (b) casting slice of

well X018 with depth of 1187.01 m.

3.2. Electrical Characteristic

In order to strictly implement the lithological boundary between reservoir and non-
reservoir and to determine the reliability of fine sandstone as the lower limit of reservoir, we
carried out SEM and cast thin slice experimental analysis on medium-grained sandstone and
fine sandstone. Figure 8a,b are SEM images of sandstone in wells X84 and X003. According to
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these two figures, it can be seen that the intergranular pores of the medium-grained and fine
sandstone are developed. Figure 8c shows the cast thin slice of medium-grained sandstone
at a depth of 1178.58 m in well X84. It can be seen that the remaining intergranular pores are
well developed and well connected. Figure 8d shows the cast thin slice of fine sandstone at
a depth of 1045.51 m in well X003. It can be seen that the remaining intergranular pores and
primary intergranular pores are well developed. However, through comparison, it can be
seen that the pore size and connectivity of medium-grained sandstone are better than those
of fine sandstone [44,45].

Signal A= SE1 te :7 Sey - Signal A= SE1
Photo No. = 4365 137 =208 Photo No. = 2966

Figure 8. (a) Scanning electron microscope image of well X84 with depth of 1176.26 m; (b) scanning
electron microscope image of well X003 with a depth of 1042.12 m; (c) cast thin section of well X84
with a depth of 1178.58 m; (d) cast thin section of well X003 with a depth of 1045.51 m.

Preliminary analysis of the core and log data revealed that the p-wave impedance,
acoustic transit time, and density failed to distinguish between reservoirs and non-reservoirs,
thereby making it impossible to use acoustic inversion to predict the distribution of the
reservoir. In addition, the natural gamma, resistivity, and compensated neutron logs also
failed to distinguish between the reservoirs and non-reservoirs, with the spontaneous
potential logging (SP) being the most sensitive to the reservoirs. As the value of the SP
curve is relative, the abnormal value removal, baseline correction, and normalization of the
spontaneous potential curve were carried out before rock physics and inversion research.
Then, petrophysical analysis was performed based on the core data of the Badaowan For-
mation in the Xiazijie Oilfield and the corresponding processed log data for the SP. As is
shown by the histograms of the SP (Figure 9), the reservoirs and non-reservoirs are distinct
in terms of their SP values, with little overlap. The cutoff value of the SP between the
reservoirs and non-reservoirs is less than —22.75 mV, that is, SP > —22.75 mV indicates the
presence of mudstone and argillaceous siltstone (i.e., non-reservoirs), while SP < —22.75
mV indicates the presence of glutenite, conglomerate, and sandstone (i.e., reservoirs).
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Figure 9. Histogram of the spontaneous potential of the Jurassic Badaowan Formation in the
Xiazijie Oilfield.

3.3. Inversion and Analysis

The above methodology was applied to the prediction of the distribution characteris-
tics of the sand bodies in the channel bars of the braided river sediments in the Jurassic
Badaowan Formation in the Xiazijie Oilfield. Figure 10 shows the SP profile that contin-
uously runs through wells X001-X39. The black line labeled with a name in the figure
represents the top and bottom of the Badaowan Formation; the black line without a name
represents the top and bottom range of the inversion result; the brown line represents the
well trajectory; the top of the well trajectory is the name of the wells; and the SP curves
are next to the well trajectory. The petrophysical analysis revealed that SP < —22.75 mV
indicated the presence of glutenite, conglomerate, and sandstone reservoirs; so, the cutoff
SP was set as —22.75 mV in this study. The blue background in the profile represents the
non-reservoirs, while the red and yellow represent the reservoirs. The curves present the
processed SP logs for the corresponding wells. A total of seven verification wells were
designed for this inversion, and six wells were consistent with the inversion results, with a
coincidence rate of 85.7%. Several observations can be made from Figure 10.
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Figure 10. Profile of the inverted SP running through wells X001-X39 in the Xiazijie Oilfield.
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1.  Ascan be seen from the profile of the inverted SP, the inversion results are completely
consistent with the interpretation results of the well log data, and the distinctions of
the reservoirs and non-reservoirs are clearly delineated.

2. Not only the reservoirs but also the mudstone interbeds are clearly delineated in
the profile.

3. The sand body enclosed by the dashed line is the target sand body, with a maximum
thickness of 6 m, and its distribution and pinch-out are clearly delineated.

4. The target body is mainly distributed around well X39, and it pinches out near well
X001, which is fully consistent with the log data from the completed wells.

Figure 11 shows the horizontal distribution of the SP of the Jurassic Badaowan For-
mation in the study area. The braided river channels and the channel bars are shown in
black and yellow-red, respectively, to clearly reveal the distribution relationship between
the river channels and the channel bars. The source materials in the study area are derived
from the provenance area to the northeast. The braided river channels exhibit a broad,
strip-shaped form, extending from the NE to the SW. In addition, a number of vertical
bars formed along the extension direction of the channels, mainly consisting of six large,
relatively independent bars that are mutually separated by the channels, namely bars X39,
X84, X57, X9, X003, and X86. These observations are consistent with the well log data and
are also consistent with the known geological setting of the study area, fully confirming the
reliability of the prediction results and thereby the soundness of the proposed technique.

Figure 11. Plan view of the reservoirs of the Jurassic Badaowan Formation in the Xiazijie Oilfield.

4. Discussion

The method described in this paper not only retains the advantages of traditional
geostatistics inversion, but also strengthens the constraint function of sedimentary facies in
the inversion process. The theory and practices demonstrate that this technique is suitable
for the seismic prediction of various complex reservoirs, especially thin reservoirs with
significant variations in one or more lithological parameters [46—48]. This technique not
only provides high-accuracy inversion results, but it also allows a quantitative evaluation of
the reliability of the results in different frequency ranges. Finally, this inversion technique
does not have a rigorous requirement concerning the number and horizontal distribution
of the completed used wells, thereby making it suitable for use in all of the stages of
oil and gas exploration and development. However, it should be noted that any single
seismic technology has limitations and uncertainties. Therefore, when using this technology,
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attention should be paid to the joint application with a variety of other seismic technologies
and the maximum combination of geological prior information to improve the reliability of
the reservoir prediction.

In addition, this method also has the same shortcomings as other geostatistics inver-
sion methods. It requires a large number of statistical samples, that is, completed wells.
When there are few wells, the inversion effect is poor. Moreover, this method is purely
mathematical and has no physical or geological significance. Although this paper has
improved this problem to a certain extent, it still cannot be completely solved. When
the quality of the seismic data is poor and when the seismic waveform cannot reflect the
distribution characteristics of the sedimentary facies, the application of this method will be
limited, and the reliability of the inversion results will be affected.

5. Conclusions

In this study, a geostatistical inversion technique was developed based on a facies-
constrained MCMC algorithm, which leveraged the lateral changes in the seismic wave-
forms as geologically relevant information to drive the construction of a variogram and
the selection of the statistical sampling. At present, the idea of using seismic waveforms
to represent geological significance to constrain the inversion process is a new field. This
method of using seismic waveforms to drive sample optimization has not been discussed
by scholars. Geostatistics inversion based on this method is also an innovative idea. This
technique overcomes the traditional problem of geostatistical inversion techniques, namely
the failure to accurately delineate the sedimentary characteristics. In addition, it expands
the application scope of seismic inversion, while improving the resolution of the inversion
results, thereby truly achieving facies-constrained geostatistical inversion. This method
proved to be feasible and accurate in the prediction of the braided river channel and core
beach sand body of the Badaowan Formation in Xiazijie oilfield, Junggar Basin, China;
moreover, this method can be implemented repeatedly. This research idea is not limited to
usage in geostatistics inversion based on the CMMC algorithm; we are trying to extend this
research idea of taking the seismic waveform as a geological constraint to other geostatistics
inversion algorithms, even including nonlinear inversion such as neural network inver-
sion, which should be of positive significance for improving the practicability of various
inversion technologies.
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