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Abstract In an attempt to derive more information on
the parameters driving compaction, this paper explores
the feasibility of a method utilizing data on compaction-
induced subsidence. We commence by using a Bayesian
inversion scheme to infer the reservoir compaction
from subsidence observations. The method’s strength
is that it incorporates all the spatial and temporal cor-
relations imposed by the geology and reservoir data.
Subsequently, the contributions of the driving para-
meters are unravelled. We apply the approach to a
synthetic model of an upscaled gas field in the northern
Netherlands. We find that the inversion procedure
leads to coupling between the driving parameters, as
it does not discriminate between the individual contri-
butions to the compaction. The provisional assessment
of the parameter values shows that, in order to iden-
tify adequate estimate ranges for the driving parame-
ters, a proper parameter estimation procedure (Markov
Chain Monte Carlo, data assimilation) is necessary.

Keywords Subsidence · Compaction · Delay ·
Covariance · Inversion

1 Introduction

Most producing hydrocarbon reservoirs undergo com-
paction, which may result in improved recovery but
is also responsible for a number of field operating
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problems. In addition, the compaction is usually accom-
panied by land subsidence. Since it can alter the eco-
nomics of field development and has significant social
repercussions (e.g., possible damage to buildings and
infrastructure), it is important for both the operator and
the stakeholders to be able to predict and monitor the
amount of reservoir compaction.

The relationship between reservoir compaction and
surface subsidence can be exploited in modeling. If
the degree of compaction is known, or can be pre-
dicted to an acceptable level of confidence, the actual
or expected subsidence can be estimated by forward
modeling [1–10]. Inverse modeling is required to ob-
tain knowledge about or confirmation of subsurface
processes from surface measurements [11–17].

Muntendam-Bos et al. [18] recently introduced an
inversion scheme that utilizes all available geological
information to derive a time-dependent model esti-
mate for the reservoir compaction. The method uses
both the prior model covariance matrix and the data
covariance matrix, which incorporate the spatial and
temporal correlations between model parameters and
data, respectively. The incorporation of the model co-
variance implicitly guarantees a realistic smoothness
of the inverted model, while maintaining specific geo-
logical features, such as sharp boundaries. Taking
these relationships into account through the model
covariance matrix enhances the influence of the data
on the inverted model estimate. Therefore, unlike
more common inversion procedures, this method is
able to properly resolve the characteristics of dynamic
reservoir compaction (see [18] for details).

The synthetic model that Muntendam-Bos et al. [18]
use as an example takes only one uncertain parame-
ter (the transmissibility of the free water level) into
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account, thus assuming that all other parameters are
perfectly known. In order to apply the procedure to real
field cases, the behavior of the inversion procedure with
respect to multiple uncertain parameters needs to be
evaluated. The goal of the present paper is to demon-
strate the feasibility of utilizing the reservoir com-
paction model inferred from subsidence information to
distinguish the characteristics of several compaction-
driving parameters.

The forward models mentioned above all assume
that subsidence responds instantly to reservoir com-
paction. In turn, compaction is normally assumed to
be linearly correlated with the decrease in reservoir
pressure, i.e., the compaction coefficient is constant.
However, in sandstones, subsidence can show a non-
linear dependence on reservoir pore pressure. This
nonlinearity in subsidence response may be seen as a
shift between the start of depletion and the (delayed)
start of subsidence [19], or as an increase in subsidence
rate with time. This time lag in subsidence response
has been observed for several oil and gas fields (e.g.,
Bachaquero [19–21], Tia Juana [19, 22], the SNOK field
[23], and Wilmington [21, 24]). The underlying cause of
the time lag has been attributed to mechanisms related
to reservoir compaction (such as creep, an intrinsic
rate effect, and an elastic–plastic transition, [19]). Al-
ternatively, the nonlinearity of the subsidence response
is attributable to the compaction coefficient being de-
pendent on depletion: hence, the gradual response in
reservoir compaction. De Waal and Smits [21] have
developed a model on the basis of extensive laboratory
studies. The model was derived from a theory relat-
ing compaction to time-dependent intergranular fric-
tion and explains both field and laboratory compaction
behavior by one single normalized, nonlinear com-
paction curve. This nonlinear compaction curve can be
described by a linear dependence of the compaction
coefficient on the pressure depletion of the reservoir:

cm(dP) = a · dP + b (1)

with a the slope (in bar−2) and b the y-intercept (in
bar−1) of the linear relationship. The depletion dP is
measured in bar.

In this paper, we extend the synthetic model of
Muntendam-Bos et al. [18] by introducing a signifi-
cantly uncertain compaction coefficient for the reser-
voir sandstone. This compaction coefficient is allowed
either to be constant with respect to the reservoir
pressure depletion or to be linearly dependent on the
pressure depletion. Our analysis consists of two con-
secutive procedures. We commence by deriving the

reservoir compaction field through a Bayesian inver-
sion of subsidence observations. Subsequently, a sim-
ple, crude procedure is used to unravel the uncertain
compaction-driving parameters. This two-step scheme
allows us to ascertain whether our inversion procedure
is capable of identifying depletion-dependent behavior
of the compaction coefficient, while at the same time
resolving the uncertain transmissibility of the free water
level.

In the next section, we give a brief overview of the
method. This is followed by a description of the syn-
thetic reservoir model we utilize. Then, the inversion
results are presented, the dynamic reservoir parameters
are unraveled, and the results are discussed. Finally,
conclusions are drawn.

2 Methodology

2.1 Compaction inversion procedure

The exploitation of hydrocarbons induces ground or
seabed subsidence due to the reduction of pressure
in the reservoir. The pressure changes affect the in
situ stress field through poro-elastic coupling, causing
the reservoir to compact and the surface to subside.
Due to the elastic properties of the overburden, the
compaction in the reservoir is transferred to the surface
almost instantaneously. However, the subsidence ex-
tends over a wider area than the reservoir compaction.
The area affected is roughly as extensive as the reser-
voir depth. The precise form of the subsidence bowl
resulting from the reservoir compaction depends on the
properties of the subsurface.

For the forward model, we use a linear, semianalytic
approach designed to account for layering [10]. The
method combines a number of analytic functions that
satisfy the elasticity equations in such a way that the
boundary conditions at layer interfaces and the ground
surface are approximated (see [10] for details). The
solution obtained by this method yields a subsidence
bowl originating from a center of compression, which
is the mathematical representation of a finite amount of
compaction concentrated at a single point. This solution
is subsequently used as an influence function or Green
function in conjunction with the reservoir data to arrive
at a subsidence bowl for the whole reservoir that is
compacting. Because the reservoir pressures available
from reservoir simulations are on discretized models,
the total predicted subsidence resulting from reservoir
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compaction at a surface location is obtained by summa-
tion over all grid blocks in the reservoir:

u3(xi, yi) =
∑

j

cm j · δVj · δPj

· g
(√(

xi − x j
)2 + (

yi − y j
)2

)
(2)

In this equation, g(r) indicates the influence function
for vertical displacement at the surface, δVj is the vol-
ume of the j-th grid block, δPj is the pressure depletion
in this grid block, and cm j is the compaction coefficient,
which may be dependent on the grid block depletion
(dPj).

For a set of subsidence observations, Eq. 2
yields a linear, coupled system of equations
represented by Gm = d, where Gij = g(rij) =
g(

√
(xi − x j)2 + (yi − y j)2) is the coefficient matrix

relating the subsidence observations (di = u3(xi, yi)),
gathered in the data vector d, to the model parameters
(m j = cm j · δVj · δPj), gathered in the vector m. Some
of the uncertain properties of the forward model,
such as an unknown global bias in the subsidence
measurements (unstable reference level), can also be
incorporated into the model vector m [25].

The formal least-squares solution of our system
is [18]:

m = m0 + CmGT(GCmGT + Cd)
−1(d − Gm0) (3)

where m0 is the prior model and Cd and Cm denote the
data and prior model covariance matrices, respectively.
The diagonal elements of these matrices comprise the
squared errors on the data and model parameters. If
the relationships in space and time are absent, the
off-diagonal elements of the covariance matrices will
be zero. The superscript T denotes the transposed.
The corresponding posterior covariance is given by
C = Cm − CmGT(GCmGT + Cd)

−1GCm and the model
resolution kernel is R = CmGT(GCmGT + Cd)

−1G (see
[26] for more details).

The result of the inversion is now dependent on the
prior information: the prior model (m0) and the prior
model covariance matrix (Cm). The nonzero covariance
in Cm quantifies the expected relationships between
grid points in space and time [18]. Such knowledge is
often available, even when the absolute values of the
initial compaction models are uncertain.

The temporal aspect of the problem is implicit in
Eq. 3. In order to ensure that all the available measured
data are used optimally, the method has been extended
to deal with measurement stations that are not included
in every campaign (see [18] for details). Basically, for

each site omitted from one or more observation cam-
paigns, the difference between the measurements in
the campaign following the omission and the campaign
preceding the omission is related to all the intermediate
models.

2.2 Unraveling compaction-driving parameters

In addition to achieving the inversion of the subsidence
information to compaction, our aim in this paper is to
derive estimates for the uncertain compaction-driving
parameters. This is a nonlinear inversion in itself, which
cannot be linearized. Therefore, the best approach
would be to adopt data assimilation (e.g., ensemble
Kalman filter), neighborhood algorithm, or Markov
chain Monte Carlo techniques. These techniques can
obtain well-defined estimates and error ranges of the
driving parameters. However, they require an inte-
grated system of reservoir simulation and surface sub-
sidence inversion and create a range of new challenges.
Given that our objective is to demonstrate the feasibil-
ity of utilizing the compaction inferred from subsidence
data to distinguish the characteristics of the driving
parameters, such a fully integrated system is beyond the
scope of the present paper. We have therefore adopted
a simple, somewhat crude approach to derive estimates
and error ranges of the uncertain parameters. These
estimates are subsequently verified for compliance with
the inferred reservoir compaction field. Since this ap-
proach is specific for the characteristics of the particular
synthetic case used, the details of the procedure will be
explained during the application in Section 4.2.

3 Synthetic case study

We have applied the above mentioned method to a
synthetic case, representing an upscaled gas field in
the northern Netherlands (Fig. 1; for the characteristics
of the synthetic reservoir, see Table 1). By focussing
on a synthetic case, a proper comparison between the
inverted and “true” model and driving parameter val-
ues can be obtained. The prior model (m0) and model
covariance (Cm) are obtained in the same way as in
a real case [27]: the available geological information
(i.e., size and depth of the reservoir, shape, presence
of faults, permeability, porosity, saturation) and, in this
case, the uncertainties in the transmissibility of the
gas/water interface, and the compaction coefficient (see
Table 2) are combined with the production information
(i.e., production profiles) in a Monte Carlo study using
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Fig. 1 Reservoir model
indicating gas (red) and
water saturation (blue).
The reservoir is cut by three
nearly vertical faults and has
a transmissibility across the
gas/water interface of 0.0337.
The compaction of the
reservoir sandstone is linearly
dependent on the depletion
(Cm(dP) = (0.0022 · dP +
0.2) · 10−5 bar−1). The
reservoir is located at a depth
of 2,300 m and has a constant
thickness of 182 m. The
reservoir is depleted by six
wells (shown in the figure)

Table 1 Characteristics of the synthetic reservoir

Description Value

Depth 2,300 m
Surface area 22.19 · 106 m2

Thickness 182 m
Number of layers 6
Number of faults 3
Depletion period 15 years
Average total pressure drop 180 bar
Depletion-dependent compaction coefficient (0.0022 · 10−5 · dP + 0.2 · 10−5) bar−1

Transmissibility gas/water interfacea 0.0337
Thickness of overlying salt layer 600 m

aThis transmissibility is a permeability multiplier controlling the response of the aquifer to gas depletion (i.e., a transmissibility of 0
results in no aquifer response to gas depletion, whereas T = 1.0 induces full aquifer support). A permeability multiplier induces a
relative permeability effect once aquifer water enters the gas-bearing zone of the reservoir [29]

Table 2 Overview of the
parameter values used in the
Monte Carlo approach to
derive the prior model
covariance matrix

The compaction coefficient
after 15 years of production
has been computed with the
maximum depletion after
15 years of 180 bars

T cm (= (a · dP + b) · 10−5 bar−1)

a (·10−5 bar−2) b (·10−5 bar−1) cm (bar−1; after 15 years)

0.001 0 0.4425 0.4425
0.00245 0 0.7301 0.7301
0.0036 0.0008535 0.4 0.5545
0.0083 0.0011 0.3 0.4984
0.0149 0.0012 0.2 0.4168
0.0191 0.0017 0.4 0.706
0.0265 0.0018 0.1 0.4254
0.0444 0.002 0 0.3511
0.0556 0.0026 0.2 0.6699
0.1 0.0032 0 0.5819
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a reservoir simulator. This way, a pressure depletion
profile and covariance are generated for the reservoir,
which are used as a prior in the inversion. The details
of this procedure are given in the Appendix. The subsi-
dence data d are generated by the forward model using
the “true” geological input. A random error was added
to every single data point in order to simulate errors in
implicit assumptions. The size of the bandwidth around
the true value was 0.005‘m on the average; the band-
width size was drawn from a Gaussian distribution with
a mean of 0.005 m and a standard deviation of 0.002 m
(see [18]).

4 Results

Given that our aim is to demonstrate the feasibility of
utilizing the reservoir compaction model inferred from
subsidence information to distinguish the characteris-
tics of several compaction driving parameters, we need
to perform the inversion exercise first, and then unravel
the uncertain reservoir parameters from the inferred
compaction field.

By means of the inversion exercise, we resolve the
time-dependent compaction model using the full geo-
logical information, i.e., all correlations in space and
time in the reservoir, depending on the transmissibil-

ity and compaction coefficient. The uncertain dynamic
reservoir parameters that must be derived from the
inverted model are the dependence of the compaction
coefficient on the pressure depletion and the transmis-
sibility of the model estimate.

4.1 Inversion model

In our inversion procedure, we estimate the compaction
of the reservoir grid cells (dV = cm · dP · V) from the
subsidence information. The volume of each grid cell
is a fixed parameter, so we will focus our analysis of
the results on the dimensionless model mD = dV/V =
cm · dP. We compare the results of the inversion, i.e.
the model estimate mest

D with the prior and “true”
dimensionless models, mprior

D and mtrue
D .

Figure 2 shows the mest
D for the inverted model es-

timate at each time step. Figures 3 and 4 show the
differences between the inverted model and the prior
and “true” models, respectively. Compared to mprior

D ,
the mest

D of the gas-bearing part of the reservoir is
smaller for the initial time steps (3, 6, and 9 years of
production) and larger for the later time steps (12 and
15 years of production). For the aquifer, the mest

D of the
inverted model is larger than mprior

D for all time steps.
The differences by comparison with mtrue

D are largest in
the gas-bearing part of the reservoir. Here, the inverted

Fig. 2 Inverted estimate
of the dimensionless
model (mest

D )
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Fig. 3 Difference between
the mprior

D and mest
D . Note that

the main difference is
concentrated in the aquifer
part of the model (for full
analysis, see the main text)

Fig. 4 Difference between
mtrue

D and mest
D . Note that the

main difference is located in
the gas-bearing part of the
model (for full analysis, see
the main text)
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Fig. 5 Error estimates for
mest

D derived from the
diagonal elements of the
posterior covariance matrix

model still overestimates mtrue
D for the initial time steps

(3, 6, and 9 years of production), while underestimating
it for the later time steps (12 and 15 years of produc-
tion). The aquifer part of mest

D differs from mtrue
D only

slightly (∼ 0.5 · 10−5), with no discernable trend over
time. Only after 15 years of production is a slightly
larger difference from mtrue

D observed (1 · 10−5).
Given the probabilistic inversion approach adopted,

the square root of the diagonal elements of the poste-
rior covariance matrix can be interpreted as error esti-
mates on the inverted model (Fig. 5). As expected, the
errors increase through time, due to the accumulation
of errors over all previous time steps. The largest errors
are found for the gas-bearing part of the reservoir (up
to 2.4 · 10−4 (∼25%) after 15 years of depletion). The
extent to which the compaction field is defined more
sharply can be seen from the reduction in the estimated
errors. The errors decrease from 35% to 25% in the
gas zone and from 79% to 13% in the aquifer. For
the gas-bearing part of the reservoir, both the prior
and the “true” models are within the error range of
the inverted model estimate, but for the aquifer, only
the “true” model is within the error range, and the
prior model is not. In other words: in the aquifer, the
adjustment achieved by the inversion leads to a range
of possibilities that do not include the prior model.

4.2 Unraveling transmissibility and compaction
coefficient

Having achieved the inversion of the subsidence infor-
mation to compaction, the objective of this paper
is to attempt to derive estimates of the uncertain
compaction-driving parameters. As mentioned in
Section 2, a full analysis of the relation between the
driving parameters and surface subsidence is beyond
the scope of the present paper, and our approach is
simple, crude, and case-specific. This approach consists
of four consecutive steps.

4.2.1 Step 1: Preliminary compaction
coefficient estimate

Figure 6a shows the average pressure depletion in the
aquifer (solid line) and gas-bearing layer (dashed line)
vs the transmissibility of the models generated for the
Monte Carlo simulations. Based on these relationships,
we deduce that the sensitivity of the depletion in the
gas-bearing parts of the reservoir to the transmissibility
of the free water level is less than 23 bar (∼11% of
the maximum depletion), while the sensitivity of the
depletion in the aquifer is over 137 bar (∼85% of
the maximum depletion). In order to derive an initial
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Fig. 6 a Average depletion in
the aquifer (black line) and
gas-bearing part (gray line)
of the reservoir, plotted
against their corresponding
transmissibility of the
Monte Carlo realizations.
b Estimates of cm for the
gas-bearing elements of our
model, plotted against their
depletion (light gray dots).
The corresponding error
range is given by the black
dots. A least-squares fit of a
straight line to the cm
estimates allows an estimate
of the depletion dependence
of the compaction coefficient
to be derived. In order to
mimic the full coupled range
of possible slopes and
y-intercepts of the linear
dependence on depletion,
four additional least-squares
fits are made.
c Corresponding
transmissibilities plotted vs
time. Note that the estimates
of the transmissibilities are
not constant in time

(a) Average depletion vs. T

(c) T vs. time

(b) cm vs. depletion

estimate of the pressure dependence of the compaction
coefficient, we rigorously assume that the effect of
the transmissibility on the depletion in the gas-bearing
layer is negligible (thus disregarding a maximum misfit
of ∼11% for the smallest transmissibilities). With this
assumption, cm in the gas-bearing layer can be esti-
mated by dividing mest

D (cm · dP) of the inverted model

by the depletion (dP) in the gas-bearing part of the
prior model:

cest,gas
m ≈ mest,gas

D

dPprior,gas
(4)

Figure 6b shows the resulting estimates of cm of each
gas-bearing element of the model plotted against the



Comput Geosci (2009) 13:43–55 51

corresponding prior pressure depletion (gray dots). The
slope (a) and y-intercept (b) of the assumed linear
depletion dependence of cm can be derived by a least-
squares fit of a straight line to these points. An error
estimate on cm can be derived in the same manner from
a model obtained by adding/subtracting the error esti-
mates deduced from the covariance matrix (Fig. 5) to
the mest

D (black dots Fig. 6b). To analyze the full coupled
range of slopes and y-intercepts possible, we derive four
least-squares fits in addition to the fit derived above
(Fig. 6b).

4.2.2 Step 2: Derivation of corresponding
transmissibilities

In the second step of our analysis, the transmissibilities
for the aquifer depletions corresponding to the prelim-
inary compaction coefficient estimates are derived at
each time step.

In contrast to the gas-bearing part of the model, the
depletion in the aquifer is significantly influenced by
the transmissibility of the gas/water interface (∼85%;
Fig. 6a). Since the compaction coefficient is linearly
dependent on the reservoir depletion, the dimension-
less model (mD) is related to the depletion by mD =
a · dP2 + b · dP. Thus, the depletion in the aquifer
grid cells of our dimensionless model can be computed
through the positive solution of the quadratic equation:

dPj =
−b +

√
b 2 + 4 · a · mest

Dj

2a
(5)

with a and b as calculated in step 1. For each prelim-
inary compaction coefficient correlation (i.e., each set
of a and b), the transmissibility at every time step of
the model is calculated based on the average aquifer
depletion at that time step (dP(a, b) = 1

n

∑n
j dPj(a, b)).

The resulting transmissibilities are shown in Fig. 6c.
Immediately, we must conclude that our initial assump-
tion of negligible influence of the transmissibility on the
depletion in the gas-bearing zone was indeed invalid.
For four of the five least-squares fits to the depletion-
dependent compaction coefficients, the corresponding
transmissibilities increase with time (Fig. 6c). Only the
temporal behavior of the transmissibility corresponding
to the fit with the largest slope and lowest y-intercept
decreases in time. None of the fits are constant in
time, even though this was prior knowledge that went
into the prior covariance matrix. So, in order to derive
estimates for all parameters that are consistent with
our prior knowledge, we need to infer an estimate
for cm(dP) that corresponds as closely as possible to
a constant transmissibility in time. At the same time,

the range of preliminary compaction coefficients spans
an elliptical space bounding the feasible combinations
of the slope and y-intercept of the compaction coef-
ficient. Hence, the sought-after best estimates for the
parameters correspond to the smallest minimum in the
temporal variance of the transmissibility located within
this bounding ellipse.

4.2.3 Step 3: Temporal variance of the transmissibility

In order to obtain an estimate of the slope and y-
intercept that minimizes the temporal variance of the
transmissibility, the difference between the minimum
and maximum values of T as a function of a and b is
contoured (Fig. 7a). Again, these values of T are deter-
mined from the depletion corresponding to the inferred
mest

D , without taking the error bounds into account.
The ellipse spanned by the slopes and y-intercepts
of the four bounding least-squares fits is given in
white. The temporal variance of T shows a clear main
minimum and several secondary minima. The main
minimum corresponds to the following coefficients: a =
0.00219 · 10−5 bar−2, b = 0.4241 · 10−5 bar−1, and T =
0.0136 ± 0.0004. However, these coefficients are out-
side our bounding ellipse. A secondary minimum with
the coefficients a = 0.00209 · 10−5 bar−2, b = 0.292 ·
10−5 bar−1, and T = 0.0246 ± 0.0010 is located within
our bounding ellipse. The temporal variance of the
transmissibility in this minimum is a little more than
twice the temporal variance of the main minimum.

4.2.4 Step 4: Compliance with inferred model

The coefficients of the minima must also result in a
dimensionless model which complies with the inverted
mest

D . Therefore, the compliance of the dimensionless
model estimates resulting from the secondary minimum
with the inverted mest

D is investigated by computing
the difference between these models. It is found that
the secondary minimum, which was located within the
bounding ellipse, does indeed result in a dimensionless
model that fits the inferred mest

D within its error range.
In comparison, the main minimum (located outside the
bounding ellipse) leads to a difference from the in-
ferred model that is more than twice its error estimate.
Clearly, the transmissibility of the inverted model has
gained a significant temporal dependence.

The reason a larger temporal variance in transmis-
sibility is needed is because there is coupling between
the compaction coefficient and the transmissibility that
originates in the inversion process. The inversion pro-
cedure utilized does not take the individual contri-
butions of the driving parameters to the reservoir
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(a) Temporal variance of T (b) Transmissibility (T)

Fig. 7 a Temporal variance of the transmissibility as a function
of the slope and y-intercept of the compaction coefficient. The
white dots indicate the coefficients corresponding to the five least-
squares fits of Fig. 6b. The bounding ellipse, which spans the
full coupled range of slopes and y-intercepts, is also indicated
in white. The white star indicates the secondary minimum for
which the slope and y-intercept of the compaction coefficient
are located within the bounding ellipse and properly agree with

mest
D and the least temporal variance in the transmissibility.

b The transmissibility as a function of the slope and y-intercept
of the compaction coefficient. Coupling between the parameters
has been introduced into the inversion, which has led to the trans-
missibility becoming dependent on the compaction coefficient.
The black star denotes the coefficients corresponding to the main
minimum. The white star denotes the coefficients corresponding
to the secondary minimum

compaction into account when deriving a model es-
timate of reservoir compaction. As a result, there is
coupling between the parameters in the inverted com-
paction model. Thus, the temporal effect of the com-
paction coefficient contaminates the time-independent
behavior of the transmissibility. The coupling between
the parameters becomes clear in Fig. 7b, which shows
the average estimate of T (T) as a function of a and
b . Clearly, the estimate of the transmissibility is now
dependent on both the slope (a) and y-intercept (b) of
the compaction coefficient.

4.2.5 Derivation of error bounds

Following the same procedure, bounding estimates for
the compaction coefficient and transmissibility are de-
rived by either adding (or subtracting) the error esti-
mates to (or from) the inferred mest

D (see Fig. 8 and
Table 3). These estimates are based on the secondary
minimum derived above. The minimum shifts in re-
sponse to the addition or subtraction of the error
estimates: it shifts to smaller slopes (less sensitivity
to pressure) when mest

D is chosen closer to the upper
bound; it shifts to larger slopes and smaller intercepts
when mest

D is chosen closer to the lower bound. This
is reflected in the values derived for the slope and y-
intercept (Table 3).

The true values of the transmissibility (0.0337) and
slope of the compaction coefficient (0.0022·10−5 bar−2)
lie within the uncertainty range of these parameters
for the inverted model, but the prior values (0.0106
and 0 · 10−5 bar−2) do not. For the y-intercept of the

linear dependence of the compaction coefficient on
the pressure depletion of the reservoir, we find that
neither the prior nor the true values of the parameter
(0.5 · 10−5 bar−1 and 0.2 · 10−5 bar−1, respectively) are
included in its derived error range. The derived range
is in between the prior and true values, though signif-
icantly closer to the true value (σprior = 0.203 · 10−5 vs
σtrue = 0.05 · 10−5).

4.2.6 Discussion

It is highly undesirable that the actual value of one of
the parameters is not part of its error bound derived
in the parameter estimation procedure. In practice, the
only conclusion we might draw is that the compaction
coefficient is in some way dependent on the depletion;
however, no conclusion should be drawn on the degree
of this dependence. This result is, of course, greatly
influenced by the approach we followed. An 11% error
was induced by our initial assumption that the effect
of the transmissibility on the depletion in the gas-
bearing layer is negligible. This assumption would be
unnecessary in a proper parameter estimation proce-
dure (Markov Chain Monte Carlo, data assimilation)
and may shift or even tilt the location of our ellipse.
Note, however, that the true parameter values are lo-
cated within our bounding ellipse and, hence, are not
unfeasible. They do require significantly more coupling
between the parameters. Consequently, our assump-
tion of a minimal temporal variance may be erroneous.
Actually, the true parameter values correspond to a
temporal variance in transmissibility of 0.0455 (grey dot
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Fig. 8 Top: best estimate
of the (near) constant
transmissibility and its
estimates when the model
error is added and when
it is subtracted. Bottom: best
estimates of the depletion
dependence of the
compaction coefficient
and its estimates when the
model error is added and
when it is subtracted

in Fig. 7a), which is more than 100 times larger than the
temporal variance of the main minimum and 40 times
larger than the temporal variance of our best estimate
secondary minimum.

The coupling is a mathematical artifact of the in-
version procedure and is not related to any physical
process in the reservoir. The amount of coupling can
be reduced by significantly increasing the amount of
realizations utilized to compute the model covariance
matrix. This increase in the amount of realizations will
better define the model correlations in space and time
and subsequently improve the discriminating power of
the method. However, the total amount of realizations
necessary for computing the model covariance matrix
is given by (nreal)

npar , where nreal is the amount of re-
alizations spanning the range of uncertainty of each
parameter and npar is the number of uncertain parame-

ters. So, increasing the amount of realizations spanning
the range of uncertainty of each parameter (nreal) may
quickly lead to an unmanageable amount of models
defining the model covariance matrix (especially if the
amount of uncertain parameters increases as well).
Therefore, a careful consideration of the objective of
the inversion procedure (identification of depletion
pattern or constraining driving parameters) is required
prior to application in order to identify the scope of the
MC analysis. The formal integration of subsidence in
history-matching problems based on data assimilation
is part of ongoing research at TNO.

4.3 Sensitivity to data accuracy

In order to test the robustness of our inversion pro-
cedure on the accuracy of the data, we modified the

Table 3 Overview of the deduced best estimates and their error range for the transmissibility and the slope and y-intercept of the
compaction coefficient for all inverted models

Model estimate White noise added
T Slope y-Intercept T Slope y-Intercept

(10−7) (10−5) (10−7) (10−5)
bar−2 bar−1 bar−2 bar−1

Prior 0.0106 0 0.5 0.0106 0 0.5
True 0.0337 0.22 0.2 0.0337 0.22 0.2
Min 0.0153 0.285 0.250 0.0130 0.246 0.328
Best 0.0246 0.209 0.289 0.0243 0.194 0.315
Max 0.0406 0.190 0.297 0.0419 0.180 0.314

The “min” values are fits to the model estimate minus the error estimate, while the “max” values are fits to the model estimate plus the
error estimate
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data by adding random white noise. The white noise
has a Gaussian distribution, with its mean at 0 and
a standard deviation of 0.002 m. We find the differ-
ence from the previous inversion solution to be very
small. The difference is mainly concentrated in the
gas-bearing part of the model (difference <5% of the
initial model estimate, compared to <1% of the initial
model estimate for the aquifer). This indicates that our
inversion procedure is quite robust and that significant
inaccuracy in the data has only a slight influence on the
inverted model estimate. However, this slight differ-
ence between the estimates might be significant if it is
related to the uncertain parameters driving the dynamic
reservoir compaction.

The estimates of the transmissibility and compaction
coefficient we deduce from this solution are given in
Table 3. The best estimate for the transmissibility is
slightly lower (0.0003) than the estimate for the model
without the white noise added, with a slightly larger
error range. Consistent with our previous findings, the
“true” model transmissibility lies within the error range
deduced, while the prior model transmissibility does
not. The estimates of the slope of the compaction co-
efficient are slightly lower than our earlier estimates
(�a = 0.00015 · 10−5 bar−2), while the estimates for the
y-intercept are larger (�b = 0.026 · 10−5 bar−1). As for
the transmissibility, the slope of the “true” model is
still included in the error range and the prior slope is
not. Neither the y-intercept of the “true” model nor the
y-intercept of the prior model is included in its error
range. However, the misfits between the estimates of
our model with white noise added to the data and the
values of the “true” model are larger than those for our
model without white noise. This demonstrates that the
derivation of the parameters driving the dynamic reser-
voir compaction is sensitive to the accuracy of the data.

5 Conclusions

In this paper, we have investigated the possibility of
utilizing the reservoir compaction model inferred from
subsidence information to distinguish the character-
istics of several compaction-driving parameters. The
results demonstrate that the inversion procedure is
capable of identifying temporal behavior in driving
parameters, despite a time-independent prior. This ca-
pability originates in the incorporation of all spatial
and temporal correlations imposed by the geology and
reservoir data in the prior model covariance matrix.
However, the inversion of subsidence data to reservoir

compaction does lead to coupling between the various
driving parameters. This becomes apparent in the de-
pendency of the posterior transmissibility on the slope
and y-intercept of the posterior compaction coefficient
(Fig. 7b). This coupling is a direct consequence of the
fact that the inversion procedure does not explicitly
discriminate between the contributions of the driving
parameters in its estimation process.

The assessment of the parameter estimates was
based on a simple and crude unraveling procedure.
Since the “true” value of one of the parameters is not
included within the resulting error bound, we conclude
that, at present, we are unable to derive proper esti-
mates for the driving parameters - probably because
of the assumptions made in the unraveling procedure
(the negligible effect of T on the dP of the gas-bearing
part of the reservoir and the minimization of the tem-
poral variance of T; see Section 4.2.6). By incorporating
subsidence data in a parameter estimation procedure
(Markov chain Monte Carlo, data assimilation), these
assumptions will become redundant and adequate es-
timate ranges for the parameters may be identified.
This formal integration is being investigated in ongoing
research.

Appendix

Derivation of prior model and prior model covariance

The characteristics of the model, including the depth
of the free water level, are assumed to be known.
The prime uncertainties in the reservoir simulation are
the constant transmissibility of the gas/water interface
and the depletion-dependent compaction coefficient.
We adopt the Monte Carlo approach of simulating
the depletion for 10 pseudo-random transmissibilities
between 0.001 and 0.1 with a log-normal distribution
centered at 0.01 and 10 pseudo-random compaction
coefficients (see Table 2). A priori, it is not known
whether the compaction coefficient is linearly depen-
dent on the pressure depletion or whether it is inde-
pendent of depletion. However, we stipulate that, after
15 years of production, the final compaction coefficient
should be between 0.35 · 10−5 and 0.75 · 10−5 bar−1,
consistent with derivations made for the Rotliegend
sandstones of the northern Netherlands [28].

Subsequently, all 100 models are arranged as rows
in a matrix (M100) (thus, a column in this matrix
represents the 100 different model values for a particu-
lar grid block at a particular time) and the prior model
covariance matrix (Cm) is computed. The variance val-
ues of the array columns of M100 are arranged along
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the diagonal of the covariance matrix; the remaining
entries reflect the strength of the relationship between
the grid blocks in both space and time. Thus, the Monte
Carlo simulations simultaneously quantify the signifi-
cant geological uncertainty in the transmissibility at the
free water level and the compaction coefficient of the
reservoir sandstone in the prior covariance matrix.

The prior model (m0) in the inversion method corre-
sponds to the pressure depletion at mean transmissibil-
ity (T = 0.0106) and a constant compaction coefficient
of 0.5 · 10−5 bar−1. This compaction coefficient is the
commonly used average value for Rotliegend sand-
stone in the northern Netherlands [28], but it does not
correspond to the mean of the Monte Carlo distribution
(which is cm = (0.000962 · dP + 0.375) · 10−5 bar−1).
This is intentional, as the objective of this study is
to emphasize the power of the inversion procedure
to distinguish the depletion-dependent behavior of the
compaction coefficient, based on temporal subsidence
information.
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