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Abstract:
Gas-hydrate saturation and porosity are the most crucial reservoir parameters for gas-
hydrate resource assessment. Numerous academics have put forward elastic and electrical
petrophysical models for calculating the saturation and porosity of gas-hydrate. However,
owing to the limitations of a single petrophysical model, the estimation of gas-hydrate
saturation and porosity using single elastic or electrical measurement data appears to be
inconsistent and uncertain. In this study, the sonic wave velocity, density and resistivity
well log data are combined with a Bayesian linear inversion method for the simultaneous
estimation of gas-hydrate saturation and porosity. The sonic wave velocity, density and
resistivity data of the Shenhu area in the South China Sea are used to estimate the gas-
hydrate saturation and porosity. To validate the accuracy of this method, the estimation
results are compared with the saturation obtained from pore water chemistry and porosity
obtained from density logs. The well log data examples show that the joint estimation
method not only provides a rapid estimation of the gas-hydrate reservoir parameters but
also improves the accuracy of results and determines their uncertainty.

1. Introduction
Gas-hydrate (GH), which is widely distributed in deep

marine sediments and permafrost zones, contains a large
amount of carbon resources, which plays an important role in
the global carbon cycle and the utilization of natural resources
(Collett et al., 2015; Boswell et al., 2020). In the past three
decades, the United States, Canada, China, and Japan have
conducted geological, geophysical and geochemical surveys
and tested the production of GH, covering marginal sea and
permafrost zones (Yu et al., 2019). China has launched several
projects for GH research and field surveys in the South China
Sea (SCS) since 2000 and successfully tested the production

of GH in its northern continental slope in 2017 and 2020 (Li et
al., 2018; Ye et al., 2020). Porosity and GH saturation are two
critical parameters when applying the volumetric method for
estimating the GH reservoir reserves (Trofimuk et al., 1975;
Chong et al., 2016).

In the Shenhu area of the SCS, GH is mainly dispersed
within silty and silty-clay sediments (Wang et al., 2014). It can
generally be postulated that GH in this region predominantly
exist in the form of pore-filling structures (Li et al., 2014).
Because the pores of the formation are filled with water, GH
or free gas, there is a significant density difference between
the pore-filling phase and the grain density of the formation.
Therefore, porosity changes have a significant effect on density
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(Lawrence and David, 2015). However, the density of GH is
close to that of water, and estimating the hydrate saturation
using density logs will create considerable uncertainty (Bru-
gada et al., 2010). Similarly, sonic velocity is highly sensitive
to changes in the formation porosity (Mavko et al., 2020).
Furthermore, the formation water within rock pores serves as
the primary conducting medium, and the presence of GH in
these pores can obstruct the pathways, leading to increased
electrical resistivity. As a result, electrical resistivity exhibits
heightened sensitivity to variations in GH saturation (Jin et
al., 2020). Accordingly, sonic wave velocity and resistivity
are often used to quantitatively estimate the GH reservoir
parameters (Shankar and Riedel, 2011).

Many studies have been conducted on estimating porosity
and saturation in porous media by utilizing velocity or den-
sity. Wyllie et al. (1956) presented a classical time-average
velocity model. Lee et al. (1996) established a four-phase
weighted equation for sonic wave velocity. These velocity
models have been used to estimate GH saturation (Chand et
al., 2004). Lee and Collett (2001) modified the Biot-Gassmann
theory to propose a model for predicting the compression
and shear wave velocities of gas-hydrate-bearing loose sed-
iments; nevertheless, the determination of Biot coefficient
in the model has been a consistent challenge. Additionally,
the various distribution forms of GH, including pore-filling,
coating grains, supporting matrix, and cement at the contacts,
result in significant differences in the sonic wave velocity and
electrical resistivity of GH reservoirs (Dvorkin et al., 1999;
Chand et al., 2004; Dai et al., 2004). Helgerud et al. (1999)
proposed an effective media model for predicting the velocity
of unconsolidated reservoirs with different GH distributions in
the pore space. However, for this model, data on the precise
elastic modulus, porosity and density of the solid matrix of
the GH reservoir are necessary.

Alternatively, Archie (1942) introduced a classical resis-
tivity model to estimate the fluid saturation of pure sandstone
and low-mud content sandstone. Archie’s equation, however,
is not applicable to formations with high clay content. As an
empirical equation, several parameters such as a, m and n
(see Eq. (3)) within this equation often need to be determined
by experimental measurements or petrophysical analysis using
well log data. Inaccurate parameter values can lead to un-
predictable outcomes when utilizing resistivity for prediction
(Cai et al., 2017; Cook and Waite, 2018). Despite subse-
quent advancements, such as the Simandoux model (Siman-
doux, 1963), which accounts for clay content, the selection
of parameters within the model can influence the accuracy of
the estimation results. Consequently, the estimation of porosity
and GH saturation based on sonic wave velocity, density or
resistivity alone is unreliable.

In this study, to jointly estimate the formation porosity and
GH saturation and to achieve a more precise estimation of
both, the authors employ a Bayesian framework that integrates
sonic wave velocity, density and resistivity well log data. The
latter is taken to from the Shenhu region in the SCS to assess
the viability and efficiency of this approach.

2. Method

2.1 Petrophysical models
Petrophysical models bridge the gap between the rock

physical properties and the reservoir parameters (Bosch et
al., 2010). An obvious increase in sonic wave velocity and
resistivity is observed in hydrate-rich reservoirs; therefore,
both elastic and electrical petrophysical models can effectively
estimate the hydrate reservoir parameters. Despite employing
a petrophysical model that accounts for the various forms of
GH occurrence, uncertainties arise in estimating GH saturation
and porosity due to the complex nature of GH presence within
the reservoir when a single model is used. This study combines
elastic and electrical petrophysical models to simultaneously
estimate the saturation and porosity of the GH reservoir by
combining the time-averaged equations of sonic wave velocity
and density alone with Archie’s resistivity model under a
Bayesian framework. This strategy is expected to improve the
reliability and reduce the uncertainty in the inversion results.
Considering the linear Bayesian inversion, linear petrophysical
models of velocity, density and resistivity are applied.

2.1.1 Sonic wave velocity and density models

If GH is part of the pore fluid, the sonic wave velocity
Vp and density ρ of the gas-hydrate-bearing formation can be
expressed by three-phase time-averaged linear equations (Lee
et al., 1996):

1
Vp

= φSw
1

Vw
+φ (1−Sw)

1
Vh

+(1−φ)
1

Vm
(1)

ρ = φSwρw +φ (1−Sw)ρh +(1−φ)ρm (2)
where Sw denotes water saturation, φ denotes porosity, Vw
denotes water velocity, Vh denotes GH velocity, Vm denotes
the grain velocity of the gas-hydrate-bearing formation, ρw
denotes pore water density, ρh denotes the density of the GH,
and ρm denotes the grain density of the gas-hydrate-bearing
formation, which varies with mineral composition.

2.1.2 Resistivity model

In this work, Archie’s equation (Archie, 1942) serves as
the resistivity model:

Rt = aRwφ
−mS−n

w (3)
where Rt and Rw represent the formation resistivity and the
connate water resistivity, respectively; a, m and n represent
the lithological coefficient, cementation index and saturation
index, respectively.

2.1.3 Linear models

Eqs. (1)-(2) are linear, whereas Eq. (3) is nonlinear. To
simultaneously use the velocity, density and resistivity equa-
tions for the linear inversion of the GH reservoir parameters,
it is necessary to linearize Eq. (3). Eqs. (1)-(2) can be param-
eterized as the product of saturation and porosity (A = Swφ ),
and porosity:

1
Vp

− 1
Vm

=

(
1

Vw
− 1

Vh

)
A+

(
1

Vh
− 1

Vm

)
φ (4)
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Fig. 1. Comparison of the original Archie’s equation (red),
linearized Archie’s equation (blue) and optimized linearization
of Archie’s equation (green).

ρ −ρm = (ρw −ρh)A+(ρh −ρm)φ (5)
Taking the logarithms of both sides of Eq. (3) results in

the expression:

ln
Rt

aRw
=−n lnA+(n−m) lnφ (6)

According to Taylor’s expansion, as x approaches 0, ln(1+
x)≈ x, so if A and φ approach 1, the following equations are
obtained:

lnA = ln(A−1+1)≈ A−1 (7)
lnφ = ln(φ −1+1)≈ φ −1 (8)

Consequently, Eq. (6) can be rewritten as a linear expres-
sion:

ln
Rt

aRw
≈ n(1−A)+(m−n)(1−φ) (9)

Under normal conditions, the porosity of deep shallow
sediment often ranges from 40% to 60% and even to 80%
(Michelle et al., 2011). Thus, the assumption of φ approaching
1 is basically satisfied, while the assumption of A approaching
1 is not satisfied. To mitigate the approximation of Eqs. (7) and
(8), an introduction of two weighting coefficients, k1 and k2,
into Eq. (9) is performed, which results in:

ln
Rt

aRw
≈ k1n(1−A)+ k2 (m−n)(1−φ) (10)

In order to determine the coefficients k1 and k2, the initial
application of the parameter values calculated by Kang et
al. (2022) in Archie’s equation is carried out, specifically,
a =1.12, m =2.22, and n =1.9386. Subsequently, the range for
porosity and GH saturation is established, and the computation
of lnRt/(aRw) according to Eq. (6) is conducted. Finally, the
utilization of lnRt/(aRw) in conjunction with Eq. (10) leads
to the derivation of the values of k1 and k2 through the least
squares method, resulting in the optimized coefficients of k1 =
2.9409 and k2 = -10.0921. Fig. 1 illustrates the cross-plot of
resistivity Rt , GH saturation Sgh, and porosity φ calculated by
Eqs. (6), (9), and (10), respectively. It can be observed that the
linearized Eq. (10) provides a good approximation to Archie’s
original Eq. (6).

Eqs. (4), (5) and (10) make up a linear equation group,

which can be employed to simultaneously estimate the reser-
voir parameters of A and φ using the sonic wave velocity,
density and resistivity of well log data. After obtaining the
two parameters of A and φ , the Sgh can be calculated as
Sgh = 1−Sw.

2.2 Bayesian linear inversion
Eqs. (4), (5) and (10) can be written as:

d = GM (11)
where d, G and M represent observation data, forward operator
and model parameters, respectively:

d =


1

Vp
− 1

Vm

ρ −ρm

ln
Rt

aRw
−k1n− k2(m−n)

 (12)

G =


1

Vw
− 1

Vh

1
Vh

− 1
Vm

ρw −ρh ρh −ρm

−k1n k2(n−m)

 (13)

M =

[
A

φ

]
(14)

The maximum a posterior (MAP) solution of Eq. (11) M̃
can be expressed as (Tarantola, 2005):

M̃ =
(
GTC−1

d G+C−1
M

)−1 (
GTC−1

d dobs +C−1
M µM

)
(15)

where CM denotes the covariance matrix of the model pa-
rameters, Cd denotes the covariance matrix of observation
data, dobs denotes observation data matrix, and µM denotes
the expectation matrix of model parameters.

The covariance matrix of the posterior probability density
function (PDF) C̃M is expressed as:

C̃M =
(
GTC−1

d G+C−1
M

)−1
(16)

The variances of A and φ can be obtained from the
covariance matrix of the posterior model. Evidently, A and
φ are not independent. As a result, the posterior model
standard deviation of saturation can only be obtained through
a statistical proportional relationship between φ and parameter
A.

Sw(SDPost) = A(SDPost)
Sw(SDPrior)

A(SDPrior)
(17)

where ∗(SDPost) denotes the standard deviation of the posterior
model parameters, and ∗(SDPrior) denotes the standard devia-
tion of the prior model parameters. Sw(SDPost) and φ(SDPost)
can be used to evaluate the uncertainty of the inversion results
of GH saturation and porosity.

3. Calculation of real data

3.1 Well log data
The well log data utilized for estimating the GH reservoir

gas hydrate saturation and porosity is sourced from well W19,
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Fig. 2. Location of well W19 indicated by the red box.

situated within the Shenhu area in the SCS. This well, depicted
in Fig. 2, is positioned at the center of the northern continental
slope of the SCS (Yang et al., 2017). Fig. 3 displays the
sonic P-wave velocity, density, resistivity, and density porosity
curves (Sun et al., 2017; Qian et al., 2018; Kang et al., 2022).
Previous studies have shown that well W19 has a gas-hydrate-
bearing formation located at a depth of 1,410-1,444 meters
(Yang et al., 2017) with the GH saturation estimated by the
pore water chemistry, as shown in Fig. 3, which can be used
as a reference for our inversion results.

3.2 Empirical parameters
The empirical parameters Vw, Vh, ρw, ρh, a, m, and n in Eqs.

(12)-(13) are given by referring to Kang et al. (2022), as shown
in Table 1. Conversely, the grain velocity Vm, grain density ρm,
and the connate water resistivity Rw of the gas-hydrate-bearing
formation vary with the formation depth (Wood et al., 1994;
Yun et al., 2005; Cai et al., 2017). Kang et al. (2022) discussed
these parameters in detail when using data from well W19
to study GH saturation and porosity. In this paper, a thinner
section of W19 is employed, allowing for the replacement of
these parameters with the mean values calculated by Kang et
al. (2022), as indicated in Table 1.

3.3 Inversion results
This study sets a step size of 12.5 meters to smooth the

porosity curve derived from density logs and the GH saturation
curve derived from pore water chemistry, resulting in prior
models represented by the black dashed lines in Fig. 4. The
GH saturation computed from the pore water chemistry and the
porosity calculated from the density logs are used as reference
values for evaluating the inversion results. The mean squared
error (MSE) between the estimated values and the reference
values, along with the covariance obtained from Bayesian
inversion, is taken to assess the quality of joint inversion. Fig.
4 shows the MAP solutions of porosity and GH saturation
and the covariance of posterior models. The estimated porosity
curve is very close to that obtained from density logs, and its
uncertainty is very small with a MSE of 0.0003 and mean
standard deviation (MSD) of 0.0160. Similarly, the estimated
GH saturation values closely resemble those calculated from
pore water chemistry, with a MSE of 0.0196 and a MSD of

Table 1. The coefficients in Eq. (12).

Vw (km/s) Vh (km/s) ρw (g/cm3) ρh (g/cm3) Rw (Ω·m)

1.50 2.75 1.04 0.91 0.24

Vm (km/s) ρm (g/cm3) a m n

4.73 2.72 1.12 2.22 1.9386

Table 2. The coefficients in Eq. (12).

Prior model SDPrior SDPost MSE

1 0.2353 0.0217 0.0235

2 0.4705 0.0284 0.1178

3 0.2673 0.0185 0.0202

0.0241.
As shown in Fig. 4, the MSE between the GH saturation

calculated by the Simandoux model (Kang et al., 2022)
and that calculated by pore water chemistry is 0.0478. The
inversion result of the joint sonic wave velocity, density and
resistivity is clearly more accurate than that of the single
resistivity method.

4. Discussion

4.1 Prior model
Herein, in the actual inversion process, prior information

of the GH saturation and porosity was introduced in the
estimation. The probability distribution functions of the prior
models were obtained by statistically analyzing the infor-
mation independent of the observed data, which have an
important impact on the estimation results. Different prior
models were used in our study to examine their impact on
the estimation results. Given that the porosity changes slightly
with depth and the inversion result of porosity was good, the
prior model of porosity was kept consistent with the previous
text, while the prior model for GH saturation was modified.
Fig. 5 displays three different prior GH saturation models for
the purposes of inversion testing.

Table 2 lists the MSD of the prior and posterior models for
different GH saturations, along with the MSE of the inversion
results. Fig. 6 illustrates the GH saturation inversion results
using the three prior saturation models. It can be observed that
prior model 2 displays the highest MSD and deviates signif-
icantly from the reference value. Consequently, its estimated
saturation of GH has the largest MSE and posterior MSD.
Both prior model 1 and model 3 are close to the reference
values and have lower prior MSD. Therefore, the estimation
results using prior model 1 and model 3 have higher accuracy
and lower uncertainty.

It is worth noting that the uncertainties of the inversion
results are affected by several factors. First, they are influ-
enced by the accuracy of the physical model. Although the
linearized equation can be solved quickly, sometimes it does
not represent an accurate petrophysical relationship. However,
a numerical optimization of the linear approximation can be
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Fig. 3. Well log data and GH saturation curves of well W19. (a) Sonic P-wave velocity, (b) density, (c) resistivity, (d) density
porosity, (e) the red dots denote the GH saturation estimated by the pore water chemistry and the black line indicates linear
interpolation.
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lines denote the prior models, and the bright blue curves
indicate the MAP solutions. The shaded area means 95%
confidence interval and the red line is GH saturation calculated
by the Simandoux model.

performed to enhance the accuracy of the physical model,
as exemplified by the earlier mentioned optimization of the
linearized Archie’s equation. Second, the noise in the real
data also causes uncertainty. Third, to ensure the stability of
numerical calculation, varying regularization techniques are
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Fig. 5. GH saturation prior models.

applied in linear inversion, which can also impact the inversion
results. In summary, more accurate petrophysical models and
high-quality data can help to obtain more accurate inversion
results while reducing the level of uncertainty.

4.2 Sensitivity of data from different sources
Different data sources may have different data-fitting er-

rors. Therefore, it is crucial to conduct sensitivity analysis
on the observational data and the model parameters. Fig. 7
illustrates the relative changes (RC) in density, velocity and
resistivity computed using Eqs. (4), (5), and (10) under given
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range of reservoir porosity and GH saturation. The RC rep-
resent those of the computed density, velocity and resistivity
values divided by their respective maximum values, while its
value cannot exceed 1. It is essential to emphasize that, given
the use of the natural logarithms of resistivity values during the
inversion process, sensitivity analysis is also performed using
the natural logarithms of resistivity values in the calculations.
From Fig. 7, it can be observed that resistivity exhibits the
most significant change, followed by velocity, while density
shows the weakest change. Combining these observations with
Figs. 8(a) and 8(b), it is evident that density is not sensitive
to change in GH saturation. This can be attributed to the
close densities of water and GH, consistent with the previously
discussed perspective. In contrast, resistivity is more sensitive
to change in GH saturation than porosity. It is also apparent
that as GH saturation increases, resistivity is less sensitive to
porosity, and in cases where the GH saturation is 54%, an
increase in porosity even leads to an increase in resistivity.
This is because GHs are poor conductors of electricity, and at
high saturation, an increase in porosity does not enhance the

conductivity of the formation.
The covariance matrix can measure the degree of correla-

tion or linear relationships between multiple random variables.
Therefore, when performing joint inversion with multiple data
sources, calculating the covariance matrix of different data
sources allows us to understand the degree of correlation
and the individual distribution characteristics among various
data. This in turn provides a reference for developing joint
inversion algorithms in subsequent steps. Eq. (18) displays
the covariance matrix between the computed density, velocity
and resistivity. The parameters σρ , σVp and σlnRt represent the
standard deviation of density, velocity and resistivity, respec-
tively. The parameter τ1 represents the correlation coefficient
between velocity and density, τ2 represents the correlation
coefficient between density and resistivity, and τ3 represents
the correlation coefficient between velocity and resistivity.
For this case, the non-diagonal part of the matrix represents
the covariance between the different data. A higher variance
implies that data within the specified range of reservoir poros-
ity and GH saturation shows more pronounced fluctuations,
indicating greater sensitivity to changes in porosity and GH
saturation. Meanwhile, an increased covariance signifies a
stronger relationship between two sets of data. It can be
observed that resistivity exhibits the highest variance, followed
by velocity, while density has the lowest variance. This pattern
aligns with the observations shown in Figs. 7 and 8.

Cd =


σ2

ρ τ1σρ σVp τ2σρ σlnRt

τ1σρ σVp σ2
Vp

τ3σVpσlnRt

τ2σρ σlnRt τ3σVpσlnRt σ2
lnRt



=


0.0110 0.0128 0.0011

0.0128 0.0514 0.0983

0.0011 0.0983 0.2616


(18)
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In the Bayesian framework, the likelihood function incor-
porates the covariance matrix of the observed data into the
solution of the inverse problem. The covariance matrix of
different data sources can balance their misfit, which matches
well with the inherent consistency of solving inverse problems
using the weighted least squares method (Zhdanov, 2015). In
other words, the covariance matrix can be viewed as a matrix
of weighting coefficients or sensitivity factors for different data
sources. This property enhances the robustness and accuracy
of the joint inversion.

5. Conclusions
For GH reservoir characterization, it is a common method

to estimate reservoir porosity and GH saturation by using sonic
wave velocity, density or resistivity. Due to the complex dis-
tribution of GH in the reservoir, it is challenging to accurately
estimate the GH reservoir parameters from a single type of
data, such as velocity, density or resistivity. This study involves
estimating GH saturation and porosity within a linear Bayesian
framework by integrating well log data on sonic wave velocity,
density and resistivity. A real well log data example is used
to demonstrate that this method can not only provide a quick
estimation of GH reservoir parameters but also improve the
accuracy and reduce the uncertainty of reservoir parameters
estimation. In future research considering the effect of the
microscopic distribution of GH on the velocity, density and
resistivity, different petrophysical models should be selected
for the estimation of GH reservoir parameters.
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