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[11 Modern geodetic methods allow continuous monitoring of deformation fields of
volcanoes. The acquired data contribute significantly to the study of the dynamics of
magmatic sources prior to, during and after eruptions and intrusions. In addition to
advancing the monitoring techniques, it is important to develop suitable approaches to deal
with deformation time series. Here, we present, test and apply a new approach for time-
dependent, nonlinear inversion using a combination of a genetic algorithm (GA) and a
Kalman filter (KF). The GA is used in the form presented by Shirzaei and Walter (2009),
and the KF implementation now allows for the treatment of monitoring data as a full
time series rather than as single time steps. This approach provides a flexible tool for
assessing unevenly sampled and heterogeneous time series data and explains the
deformation field using time-consistent dislocation sources. Following synthetic tests, we
demonstrate the merits of time-consistent source modeling for interferometric synthetic
aperture radar (InSAR) data available between 1992 and 2008 from the Campi Flegrei
volcano in Italy. We obtained multiple episodes of linear velocity for the reservoir pressure
change associated with a parabolic surface deformation on the volcano. These data may
be interpreted via differential equations as a linear flux to the shallow reservoir that
provides new insight into how both the shallow and deep reservoirs communicate beneath
Campi Flegrei. The synthetic test and case study demonstrate the robustness of our
approach and the ability to track and monitor the source of systems with complex
dynamics. It is applicable to time-dependent optimization problems in volcanic and
tectonic environments in other tectonic environments in other areas and allows
understanding of the spatiotemporal extent of a physical process in quantitative manner.
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1. Introduction

[2] In past years, there has been significant technical
development in the detection of spatiotemporal surface
deformation fields. Dense, continuous Global Positioning
System (GPS) networks [Segall and Davis, 1997] and
interferometric synthetic aperture radar (InSAR) time series
[Berardino et al., 2002; Ferretti et al., 2001] provided
valuable information about the temporal evolution of
deformation fields. These new developments yield daily and
monthly deformation measurements with millimeter preci-
sion over regional scales [Dixon et al., 2006; King et al.,
1995; Segall and Matthews, 1997; Tizzani et al., 2007].

[3] Inverse modeling is a strategy used to characterize the
source of the deformation field. A number of different mod-
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eling algorithms for inverting deformation data can currently
be found in the literature [e.g., Shirzaei and Walter, 2009].
However, these are commonly applied to either short or
selected periods and therefore provide merely a “snapshot”
of a particular stage of a system. Modern developments in
the field of deformation time series require appropriate
progress in the inversion tools to explore the full spatio-
temporal capacity of the observations. To address this issue,
a Kalman filter (KF) technique is introduced into the field
of deformation time series analysis. This technique pre-
sents a sophisticated advancement from previous, common
approaches.

[4] The KF technique has a recursive formulation that is
applicable to irregularly sampled data. In its original form,
the KF technique is applicable to linear dynamic systems
[Grewal and Andrews, 2001; Kalman, 1960]. In the static
case, the KF technique corresponds to a sequential least
squares adjustment [Hofimann-Wellenhof et al., 2000].

[5] In the geosciences, the linear dynamic KF (LKF) has
already been applied to better understand spatiotemporal
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variations in fault slip rates, dike intrusion and fault creep
history [Fukuda et al., 2004; Ozawa et al., 2004; Segall et
al., 2000; Segall and Matthews, 1997].

[6] While this linear approach is valid for some problems,
many dynamic systems are inherently nonlinear. Nonline-
arity is especially common in the field of geosciences, with
processes such as fault slip rates or volcanic deformations.
For example, a volcano may inflate prior to an eruption,
undergo rapid collapse during an explosion or be affected by
periodic flank movement. Therefore, an extension of the KF
technique to include slightly nonlinear problems has been
applied [e.g., Grewal and Andrews, 2001]. One widely used
extension requires linearization of the equations about the
estimated parameters for every time step [Grewal and
Andrews, 2001; Welch and Bishop, 2001]. The extended
KF has been used for time-dependent estimation of stress
field, slip rate and aquifer modeling [Leng and Yeh, 2003;
McGuire and Segall, 2003; Miyazaki et al., 2006]. This
method only performs well, however, if the equations are
locally linear. Because of the recursive nature of the KF
technique, when this assumption is violated the errors may
be distributed and this may lead to biased results.

[7] The KF technique has been combined with other
techniques to overcome this limitation. One recent applica-
tion combines the KF technique with unscented transforms
(UT) to propagate the mean and covariance information
through a nonlinear function [Julier and Uhlmann, 1997,
2004; Wan and Van Der Merwe, 2000]. The result is free
from derivatives and relies on the fact that approximating a
probability distribution is more feasible than approximating
an arbitrary nonlinear function [Julier and Uhlmann, 2004].

[8] Recently, Fournier et al. [2009] implemented this idea
using dynamic models of the magmatic source at Okmok
volcano. The crucial issue to consider, however, is the ini-
tialization task and the selection of so-called hyperpara-
meters, which are generally problem dependent and only
manageable by trial and error [Julier and Uhlmann, 2004;
T. Fournier, personal communication, 2009]. The power and
importance of the KF for time series assessment is well
understood, but a sophisticated implementation that is free
from assumptions and limitations has unfortunately not yet
been elaborated.

[¢9] As an alternative to overcome these limitations, com-
bination of the KF technique with other tools, such as Monte
Carlo, artificial neural network and wavelet transforms
[Chou and Wang, 2004; Fukuda et al., 2004; Kato et al.,
2009], is a promising approach.

[10] Along these lines, this study presents a novel, time-
dependent, nonlinear inversion tool by combining the KF
and the GA techniques. The KF technique utilizes the
simple form of Kalman [Grewal and Andrews, 2001] and
the GA is implemented in an iterated manner combined with
a statistical competency test [Shirzaei and Walter, 2009]. By
using a sophisticated confidence estimation scheme, we are
able to combine the strength of a confident inversion tool
with the robustness of a LKF. The implementation of a
standard LKF makes this approach relatively easy to apply
and makes optimization of the algorithm parameters very
straightforward.

[11] We begin by briefly summarizing the GA and LKF
approaches. Later, these two methods are combined and the
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capacities of a statistic inversion tool and a time varying
filter are combined to estimate the dynamics of the system.

[12] Using a synthetic test, we demonstrate the robustness
of our approach by apply it to a long deformation time series
obtained by small baseline subset (SBAS)-InSAR between
1992 and 2008 at the Campi Flegrei volcano in Italy. A new
understanding of the physical process occurring at this
volcano is obtained and the source of deformation is mon-
itored through time.

2. Methods

[13] The concepts of both the applied inversion and the
filtering approaches are described, followed by a description
of the combination of these two approaches.

2.1. Randomly Iterated Search and Statistical
Competency Genetic Algorithm

[14] The genetic algorithm (GA) was recently identified as
a powerful inversion tool that has the potential to process
large data sets in full resolution [Shirzaei and Walter, 2009].
The GA was introduced by Holland [1975] and has been
further improved by many subsequent researchers who pro-
vided comprehensive summaries of the theory and applica-
tions [e.g., Davis, 1987; Goldberg, 1989; Haupt and Haupt,
2004; Rawlins, 1991; Whitley, 1994]. Despite remarkable
successes in solving extremely complex optimization pro-
blems, the original form of the GA does not provide any
information about the quality of the result. Therefore, several
researchers made efforts to determine the quality of the solu-
tion obtained by the GA [e.g., Carbone et al., 2008; Deb
et al., 2000; Zhou et al., 1995]. Recently, Shirzaei and
Walter [2009] introduced a sophisticated extension to the
GA. This extension is named Randomly Iterated Search
and Statistical Competency (RISC) and allows the quality of
the optimized parameters to be estimated. In the RISC
approach, the optimization algorithm is initialized with rea-
sonable values based on available information. With ran-
dom repetitions, the degree of freedom and the chance for
exploring the vicinity of the optimal solution increases. This
statistical approach allows probability distributions and there-
fore, the confidence region for selected optimization param-
eters to be explored. RISC-GA was originally applied in binary
format [Shirzaei and Walter, 2009]. To speed up the algo-
rithm, however, we implement it here using continuous vari-
ables (for the GA with continuous variables [e.g., Haupt and
Haupt, 2004]).

[15] For the GA with continuous variables, if b,, and by,
are the lower and upper bands of the unknowns, respec-
tively, the initial population Pop is generated by

POp = (bhi - b/a)prn + b/o (1)

where p,,, is a random number uniformly chosen in the range
[0, 1]. Compared to the binary version of the GA, other
operators (such as pairing, mating and mutation) will guide
the algorithm toward the optimum solution (for details, see
Haupt and Haupt [2004] and Michalewicz [1994]). The
details for implementing the RISC approach with a contin-
uous variable GA are the same as those explained for the
binary version; the reader is referred to Shirzaei and Walter
[2009] for a more detailed explanation.
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2.2. Linear Dynamic Kalman Filter

[16] The LKF addresses the problem of estimating the
parameters of a linear, stochastic system with measurements
that are a linear functions of the parameters. According to
the original form of the LKF, the system dynamic and
measurement models, respectively, are formulated as fol-
lows [Grewal and Andrews, 2001]:

X =P X1 +wimr . wr ~N(0,01)

(2)
Zr =HXy +vp , NN(O,Rk)
where X and w are n x 1 vectors of the unknowns and
associated Gaussian-distributed noise, respectively; Z and v
are / x1 vectors of observations and the associated noise
with Gaussian distribution, respectively; ® and H are n X n
and / x [ matrices, respectively [Grewal and Andrews,
2001; Kalman, 1960]. A recursive solution for the system
of equations (2) can be generated as follows [see Grewal
and Andrews, 2001, Table 4.3]:

X[ =Xx; + Kk [Zk - Hka‘}
P = [I — KcHy] Py
X; = X) (3)

Py = O P P+ O

—= _ _ —1
Ky = P Hl [HyP HY + Ry

In equation (3), X is the posterior estimate, Pj. is the pos-
terior covariance, X is the priori estimate, Py is the priori
variance and K is the Kalman gain matrix.

2.3. Combining RISC-GA and LKF for Time-
Dependent Nonlinear Inversion

[17] The evaluation of a combined inversion tool that uses
a KF and the GA to explore deformation time series and
to estimate the associated deformation source parameters is
detailed below.

[18] The approach of a combined RISC-GA and LKF
method is best explained by an example. Assume that a
spatiotemporal observation L, (x, y) is sampled at times £ =
1,...,T and is simulated by a forward model F (Xi,....X})
using

Li(x,y) +re(x,y) = F (X, X)) (4)

where, in terms of crustal deformation, F is an analytical
solution for a rectangular dislocation source [Okada,
1985], an inflating point source [Mogi, 1958], a pressur-
ized spherical source [McTigue, 1987], or any combination
of them; (X}.....X}) are n time-dependent dislocation source
parameters; Ly is the surface deformation observation obtained
by either continuous GPS data or InSAR time series; and 7,
is the time-dependent observation error.

[19] The aim of this method is to reproduce and explain a
time series of source parameters, (Xi,...,X}) withi=1,...,n,
such that the mean of the squared error is minimized.

[20] The rationale for our approach combining RISC-GA
and LKF is composed of three main steps:
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[21] In step 1, compute the static, nonlinear inversion of
the surface observations at each time j (1 <j < T) using
RISC-GA. In this step, equation (4) is inverted to obtain the
parameters (X},. ..,X}), regardless of the observations before
and after time j. First-order information about the para-
meters is required to specify the initial population using
equation (1) (further detail about RISC-GA initialization is
given by Shirzaei and Walter [2009]). After repeating this
step T times (i.e., the number of samples), we obtain the
dislocation source parameters responsible for the observed
surface deformation. In addition, this statistical approach
provides associated confidence intervals at 7 time steps.
This estimation is optimized at each time step in terms of the
spatial mean square error but not necessarily in terms of the
temporal mean square error. To also address the temporal
error, a further step is necessary, which is detailed below
and accomplished based on the LKF method.

[22] In step 2, to perform LKF, we introduce a system of
equations based on the previous inversion step. Assuming a
time series of the ith parameter and an associated half length
of the confidence region takes the forms {,,X,..., X} and
{/¢015- g O}, TESpectively, we may establish the dynamic
system model as follows:

X 1 At
Kf

Xi wi
iy 1 L/

)

V;;—l PWit ®)

i

7, 0 1

and the measurements model as follows:

(eXi] = wX] + ] . v ~N(OR) , R =0 (6)
where
O = e (w0 —e7)
= e (T
T3 4 )

— 1 k i
V= %Zp:l VP
Vi — rgXli g X/é;l

I — i1

Comparing equation (6) with (2), it can be seen that the
observations are a result of the inversion at step 1. Because
the system of equations is linear, we are able to use the LKF.
Each dislocation source parameter is considered to be a par-
ticle with constant velocity subject to random velocity per-
turbations which assumes that the fluctuation of the inversion
result over time is caused by random noise. The new solution
for the parameters in equations (5)—(7) can be obtained via
equation (3). This new solution is obtained such that it
minimizes the mean of the temporal mean square error. We
note, however, that it is likely that the new solution may
not perfectly replicate the surface deformation observations
meaning that the solution is not optimum in terms of the spatial
mean square error, which requires another step in the process.
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Figure 1. Evaluation of RISC-GA-LKEF for a synthetic sce-
nario showing the comparison between the inversion results
(open circles with error bars) and the true values (crosses).
(a) easting, (b) northing, (c) depth, (d) radius and (e) pressure
change of a pressurized, spherical, magmatic source buried in
an elastic half-space.

[23] In step 3, to minimize both the spatial and temporal
errors, we repeat step 1 with a slight modification: namely
that the initial population is divided into two parts. Part one
is the priori population (P,,) and is initialized using the same
bounds as step 1. Part two is the posterior population (P,,),
which is initialized using bounds based on the result of
step 2. The bounds are described as

. /\i+ .
wblo = Xy = PiyeNi—ey,

wbh = Xy + PiNioy,

P[kfX;{+ PNy, <rgX<kfX + PN "/2} <l-a

(®)

where P” is the posterlor variance of the estimated param-
eter k/X k and P[] is the normal probability density function.
Equation (8) is defined by the (1 — a))% confidence interval
for the posterior parameters. We use the assumption of a
normal probability distribution with bounds defined by the
upper and lower limits of the confidence interval. After ini-
tialization of the RISC-GA with these two subpopulations,
the first based on our priori information and the second based
on LKF, we run the RISC-GA again. The GA control
parameters (cross over, pairing and mating) may allow ran-
dom combinations of population members and lead to a
result that minimizes both the spatial and temporal mean
square errors.
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[24] Steps 1-3 are repeated until specified stopping cri-
teria are reached, which may be defined as

RMSE!" — RMSE!"!
RMSE""! =
)
<e€

‘Zf. [(v}if )" (oxy )‘M}
> 6r)" ]

where ¢ is a small arbitrary number, verticals indicate the
absolute value operator, and itr denotes the number of
iterations. Note that reaching only one of these stopping
criteria is sufficient to estimate optimality of the solution.

3. Synthetic Test and Validation

[25] To examine the abilities of the RISC-GA-LKF
technique and to ensure that it can improve the stability of
the model parameters, we now look at a synthetic test
demonstrating its performance. The test requires that five
parameters of a dynamic, pressurized, spherical magmatic
source be estimated [McTigue, 1987] in an elastic homog-
enous half-space. The dynamic models of source depth (D),
radius (R) and pressure change (P) are given as

D =4 —0.7sin(0.5¢)

R=0.5V1 t=1:1:10

(10)
0.1-001¢ |
P_{P(6)—0.011 ,

As seen in Figure 1, the synthetic models simulate fully
nonlinear deformation dynamics, which challenge the ability
of the RISC-GA-LKF technique to track such a system. The
observation area is a 20 x 20 km? grid with 1 km spacing,
and the source location is fixed at coordinate (0,0). To
simulate a more realistic scenario, we include random noise
with a variance of 1 ¢cm as measurement error. The spatio-
temporal deformation field is inverted as follows.

[26] To start the inversion, the RISC-GA is initialized
with a population size of 80, mutation rate of 0.7, selection
rate of 0.5 and a maximum iteration of 200 [after Shirzaei
and Walter, 2009]. The ratio between priori (P,,) and pos-
terior (P,,) population size is chosen randomly such that P,
plus P,, is equal to the total population size. We use the
second relationship shown in equation (7), with e =0.01 as a
stopping criterion. The upper and lower bounds were chosen
to be (—2 km, 2 km) in the horizontal direction, (2 km, 6 km)
for the depth, (0 km, 2 km) for the radius and (—0.2 GPa,
0.2 GPa) for the pressure change. These values appear real-
istic for silicic magmatic systems.

[27] The stopping criteria were reached after three itera-
tions of the algorithm. Figure 1 shows a comparison
between the inverted source parameters and the original
source parameters. The error bars for the estimated para-
meters are plotted in the 95% confidence interval. We find
that there is good agreement between the original and the
estimated parameters. This test shows the merits of the
RISC-GA-LKF technique for both tracking systems with
nonlinear dynamics, and also for resolving the tradeoff
between source parameters such as source radius, pressure

t<6
t>6
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Figure 2. (a) The cumulative displacement of the surface
over the study period obtained using the SBAS approach
in LOS of a satellite with a descending orbit and a 23° inci-
dence angle and azimuth of 193° [Lanari et al., 2007] and
(b) example of the deformation time series at the center of
the caldera at Pozzouli.

change and depth. Note that the preselected parameter
bounds are merely accelerating the algorithm convergence.
If broader bounds are chosen, the algorithm iterations
increase at the expense of computation time. However, we
found that the final result is mostly independent of the ini-
tialization procedure which is a significant advantage of the
optimization technique compared to other approaches. (The
MATLAB (The MathWorks) script that applies the RISC-
GA-KF inversion approach to the synthetic data set is given
in auxiliary material Text S1.)'

4. Application to InSAR Time Series at the Campi
Flegrei Volcano

[28] Campi Flegrei (CF) hosts a caldera with a long-
documented history of unrest. It is also in one of the most
densely populated regions of Italy, partly including the city
of Naples and its approximately one million inhabitants. The
historical deformation at CF is governed by subsidence at a
rate of 1.5 to 1.7 cm/yr, with occasional periods of uplift
[Troise et al., 2007]. The most recent large-scale uplift
episodes occurred during 1969 to 1972 and 1982 to 1984
[Barberi et al., 1984; Troise et al., 2007].

'Auxiliary materials are available in the HTML. doi:10.1029/
2010JB007476.
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[20] The first observation of the deformation at CF using
InSAR was reported by Avallone et al. [1999] and associated
with a subsidence rate of up to 2.5 cm/yr during the period
1993-1996. Later, using InSAR time series, Lundgren et al.
[2001] observed a subsidence rate of 3.5 cm/yr in the period
1993-1998.

[30] Subsequently, further developments of the InSAR
time series small base line subset (SBAS) approach allowed
the generation of precise spatiotemporal maps of the
deformation field to be obtained [Berardino et al., 2002;
Lanari et al., 2007]. Later, this deformation time series was
extended to late 2008 [Manconi et al., 2010].

[31] Various episodes of the deformation at CF have been
studied by many different researchers [see Lanari et al.,
2007, and references therein] Although the time series
data are available, the dynamics of the source have never
been investigated in a temporal context. Thus, InSAR has
remained a “snapshot” tool. Utilizing the long time series of
the CF deformation field obtained by the SBAS method
[Lanari et al., 2007] and our proposed approach for time-
dependent source modeling (see above) we study the tem-
poral changes of the reservoir underneath the Campi Flegrei
caldera.

[32] To simulate the source of deformation underneath the
caldera, we consider a pressurized spherical source in an
elastic homogenous half-space (as used in synthetic tests)
that evolves over time. The time series used here was
provided by Lanari and colleagues at IREA, Naples [Lanari
et al., 2007]. The data span the period 1992-2008 and
comprises 116 temporal samples with an average sampling
rate of 45 days (Figure 2). The deformation field is obtained
in the line of sight (LOS) of the satellite with descending
orbit and incidence angle of about 23° and an azimuth angle
of about 193°. The data were thoroughly validated by
comparison to ground truth data, including leveling and
GPS data. For data validation, we refer the reader to Lanari
et al. [2007]. We considered the observation to be inde-
pendent in time and space and the observation noise is
assumed to be a zero-mean random Gaussian variable with
variance of 5 mm. These assumptions reduce the full
observation variance-covariance matrix to a diagonal matrix
with the observation variance on the main axis.

[33] As seen in Figure 2, the general deformation pattern
shows subsidence of up to 25 cm at the center; occasional
uplift is apparent mainly in the periods 2001 to 2002 and
2005 to 2007.

[34] For initialization of RISC-GA, we began with 200
iterations, a mutation rate of 0.7, a selection rate of 0.5 and
an initial population size of 100. The other parameters in the
RISC-GA-LKF were the same as in the synthetic test; the a
priori bounds for the parameters are provided in Table 1 and
are based on previous studies [see Shirzaei and Walter,
2009, and references therein].

Table 1. Priori Bounds for the Parameters of the Pressurized
Spherical Source Used to Simulate the Magmatic Source Underneath
Campi Flegrei

Parameter X (km) Y (km) D (km) R (km) P (GPa)
Lower bound 420 4515 2 0.5 0.1
Upper bound 435 4525 5 2 0.1
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Figure 3. RISC-GA-LKF applied to a deformation time series at the CF volcano. (a) The inversion
residual (observation-model) for each snapshot of the deformation time series, (b) time series of the defor-
mation source depth, (c) time series of the deformation source radius, and (d) time series of the deforma-
tion source cumulative pressure change. All of the error bars are in the 95% confidence interval.

[35] After four iterations of the RISC-GA-LKF, the
stopping criteria were reached and the time series of the
magmatic source parameters was obtained. Figure 3 shows
the time series of the source parameters (to compare this
result with time series obtained by applying only the RISC-
GA technique see auxiliary material Figure S1). The easting
and northing of the dislocation source position in the UTM
map projection system remain relatively stable and are 425
+ | km and 425 + 1.2 km, respectively.

[36] Figure 3a shows the root-mean-square error (RMSE)
of the inversion for each time sample with an error bar
showing the 95% confidence interval. The RMSE is the
normalized total misfit for the entire set of InSAR points at
each time step. The magmatic source, with parameters found
using the inversion, is able to retrieve the observed defor-
mation time series very well (the spatiotemporal distribution
of the inversion residuals are shown at selected time steps in
auxiliary material Figure S2).

[37] The cumulative pressure change time series (Figure 3d)
emphasizes the overall deflation period of the CF volcano
since 1992. Deflation continues until 2000, when the onset of
inflation gradually begins and lasts until 2001. After the
inflation, another deflation period begins and lasts until late
2005. Beginning in 2006, the gradual deflation period ends
and a period of slow inflation begins and lasts, with slight
undulations, until the end of the time series.

[38] The magmatic source depth and radius (Figures 3b
and 3c) remain nearly stable at 3.1 + 0.4 km and 1.3 +

0.1 km, respectively. This is the first model obtained for
Campi Flegrei with time-consistent parameters.

[39] The limitations and further implications of this
approach and results are discussed in section 5.

5. Discussion

[40] We developed and tested a time-dependent, nonlinear
inverse modeling method using a combination of the ran-
domly iterated search and statistical competency genetic algo-
rithm (RISC-GA) and a linear Kalman filter (LKF). This
novel approach utilizes the advantages of GA for nonlinear
inversion and that of the LKF for dynamically estimating
source parameter changes in a volcanic system. After show-
ing the merits of the RISC-GA-LKF technique using a syn-
thetic test, we applied it to a deformation time series for the
Campi Flegrei caldera between 1992 and 2008, which was
obtained using InSAR. Different aspects of this research
might be approached as follows.

5.1. Time-Dependent Modeling as the Key for Volcano
Source Monitoring

[41] Modern geodetic techniques, such as the GPS and
InSAR time series, provide a valuable tool for dynamic
monitoring of volcanoes. These data, together with model
simulations, allow a better understanding of the volcanic
process. Most modeling approaches use snapshots of the
deformation rather than exploring the full time series of the
deformation field.
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Figure 4. The deformation source pressure change velocity
compared to the deformation time series. The major epi-
sodes of accelerated change are characterized by a linear
trend with a similar slope; the timing of the magma flux is
more easily distinguishable based on pressure change veloc-
ity than deformation time series.

[42] To address this question, our new approach combines
the RISC-GA and the LKF. The rationale for this combi-
nation includes the fact that the requirements of a LKF are
good a priori estimation of the initial covariance matrix of
the parameters and their initial values. We note that these
inputs can be provided by any sophisticated optimization
tool that is able to provide a reasonable confidence interval
for the parameters. Though we prefer the RISC-GA
approach implemented here, one should be aware that other
optimization techniques might also be applicable. For
instance, instead of a GA, other Monte Carlo approaches
such as simulated annealing might be used if a precise
assessment of the confidence region for the optimum para-
meters is obtained. In addition, one should ensure that the
initial optimization procedure (step 1) is not trapped in local
minima, which is the case for gradient base approaches.

[43] The advantages of our approach are as follows:
(1) applicability to nonlinear systems; (2) ability to handle
irregularly sampled observations; (3) capacity to incorporate
heterogeneous observations; (4) recursive manner that allows
efficient assessment of new data sets and expanding time
series; and (5) less sensitivity to initial values and require-
ment of only a rough estimation of the search space.

[44] Moreover, the RISC-GA-LKF technique allows the
consideration of model deficiency and observation error,
which may lead to a more realistic estimate of the confi-
dence interval. This is an advantage when the RISC-GA-
LKF technique is compared to other approaches that usually
overestimate the quality of the estimated parameters.

[45] The KF implemented here is based upon the assump-
tion that the noise of measurement system behaves randomly.
In the presence of colored noise, however, one may replace
equation (3) with those explained by Zimmerman [1969] for
the optimum gain, covariance and parameters that assess the
effect of colored noise in a KF.

5.2. Applications for Monitoring the Source Under the
Campi Flegrei Volcano

[46] Using the RISC-GA-LKF technique, we modeled the
deformation source responsible for 16 years (1992-2008) of
unrest underneath CF as a dynamic pressurized spherical
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source. The average depth and radius of the source are about
3 km and 1.3 km, respectively, in agreement with previous
studies [see Shirzaei and Walter, 2009, and references
therein].

[47] To estimate the impact of the trade-off between the
parameters, we estimated the cross-correlation coefficient
between the source depth, pressure change and radius.
Pressure change correlates to depth and radius by 2% and
18%, respectively. Radius correlates to depth by 12%. The
correlation values are relatively low values and imply that
the negative effect of the tradeoff between the source
parameters is negligible.

[48] The overall pattern of the cumulative pressure change
verifies an apparent contraction period for the source. Rea-
sons for this contraction might include cooling or draining
of a reservoir [De Natale et al., 2006]. However, the pres-
ence of a single shallow reservoir may be too simplistic and
may not explain the occasional inflations in the area, such as
those seen in 2001 and mid-2006. Those uplift periods
might be explained if hydrothermal activities or recharge of
the very shallow reservoir are considered [Battaglia et al.,
2006; Gottsmann et al., 2006; Zollo et al., 2008]. In our
work, we did not consider the presence of two sources, or
layered or nonlinear rheologies. Nevertheless, our results
provide important new insight into how the reservoir pres-
sure evolution works.

[49] Estimation of the velocity of the pressure change
indicates four major periods of accelerated change at the
magmatic source (Figure 4). The first major period started
from the beginning of the observation period and lasted until
mid-1993. The second period of accelerated change
occurred between 1995 and mid-1996. Both of these epi-
sodes are attributed to expedited subsidence at the surface.
The next two periods of accelerated pressure change are
associated with uplift episodes and took place between 1999
and 2001 and during 2006. These last two episodes of
accelerated pressure changes were immediately followed by
seismic swarms. For example, the microseismic survey of
the 2006 acceleration period shows a cluster of seismic
events that occurred at 1.5 to 2.5 km [Saccorotti et al.,
2007]. Because the seismicity location is somewhat shal-
lower than the inferred reservoir source, it could be specu-
lated whether they are due to reactivation of existing faults
above a pressurized reservoir.

[s0] Most interestingly, the major episodes of accelerated
change are characterized by constant velocity change (i.e.,
constant acceleration), which exhibits a linear acceleration
of about 4.5 to 7 kPa/yr* during the major periods of activity
(Figure 5a).

[51] A similar linear magma flux was reported from in situ
volcano observatory data. For instance, the Kupaianaha vent
on the east rift zone of Kilauea showed a linear magma flux
that was found to be associated with a parabolic change in
surface deformation [Denlinger, 1997]. To investigate
whether the CF episodes of linear velocity are associated
with parabolic surface deformation, we fit a parabolic
function to the deformation time series in a piccewise
manner as shown in Figure 5b. There is very good agree-
ment between the deformation time series and the parabolic
functions, which might imply that the periods of linear
pressure change at the reservoir resulted in parabolic surface
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Figure 5. (a) The linear velocity of the pressure change together with the estimated constant accelera-
tion; (b) piecewise parabolic fit to the time series of the surface deformation at CF; and (c) conceptual
model explaining the relationship between the deep and shallow reservoirs underneath CF.

deformation. Assuming that V' is the reservoir volume and
B is the bulk modulus, the following relationship between
reservoir pressure change dP and volume change dV holds
[Denlinger, 1997]:

dv

. _V/B
dpP v/

(11)
Assuming an occasional linear flux of b¢ into the shallow
reservoir underneath CF at time ¢ and a constant supply of
a = bty at time ty, the change in the reservoir pressure
might be written as follows:

dP bB
-—(t—1t)

T (12)

Solving this differential equation for P yields

bB
P:P()—ﬁ

(t = t0)? (13)
where P, is the reservoir pressure at time ¢#y. Equation (13)
shows that a linear flux into the reservoir through a feeder
may cause a parabolic pressure change with linear velocity.
Because the surface deformation is a linear function of the
pressure change, it also follows a parabolic function.
Therefore, the dynamics of long- and short-term uplift and
subsidence periods may be controlled by a volume flux,
possibly coming from a deeper reservoir into the shallow
hydrothermal source.

[52] Seismic tomography underlined the existence of a
shallow reservoir and a deep magma chamber beneath CF
[Zollo et al., 2008]. However, the way that these two re-
servoirs communicate is not well understood. Our study
suggests that the shallow reservoir at CF is occasionally fed
through a vent by a linear flux of material and that the vent
might be connected to a deeper reservoir. Figure 5c presents
a conceptual model visualizing this hypothesis. This model

implies that the pulses of fluid, or magma flux, from the
deeper source to the shallow reservoir are associated with
the linear velocity of the pressure change and the parabolic
surface deformation at the summit. The trigger might be an
external source such as tectonic loading or an internal
component such as a pressure change at the deep magma
chamber. The effects we observe are the consequence of
these triggering mechanisms which demonstrates that moni-
toring of surface processes may successfully lead to charac-
terizing of the source parameters as a function of time only
if changes in the source parameters are physically well under-
stood. New efforts for hazard assessment and early warning
may emerge from these findings.

6. Conclusion

[53] We developed and tested a new approach for time-
dependent inverse modeling. This approach is a combina-
tion of genetic algorithm and Kalman filter. Therefore, it
combines the advantages of both technique in terms of
efficiency and robustness. This integration allows the con-
sideration of very heterogeneous observations, as well as
complex and nonlinear dislocation sources with an efficient
processing time that may also be applicable for early
warning purposes.

[54] Validation tests were successfully performed on a
synthetic example. This simulation highlighted the capa-
bilities of this approach for dynamic modeling of volcano-
tectonic deformation sources.

[s5s] Following the wvalidation test, we applied this
approach to a deformation time series obtained at the CF
caldera between 1992 and 2008 [Lanari et al., 2007]. The
most striking result of this study is the discovery of an
approximately fixed source radius (about 1.3 km) as a
function of time. Upon inversion, the source pressure
change is found to be responsible for a variable deformation
field, which often shows different episodes of linear infla-
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tion and deflation associated with a parabolic deformation at
the surface. This linear pressure change and parabolic
deformation was interpreted using differential equations as a
linear flux into the shallow reservoir from a deeper magma
chamber. This analysis provides new insight into how the
deep and shallow reservoirs at CF communicate.

[s6] Consequently, we argue that the method presented
here has advantages for time series modeling and it is well
suited for source monitoring and further applications in
volcanic and tectonic fast response systems.
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