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Stochastic nonlinear state-space models (SSMs) are prototypical mathematical models in geoscience.
Estimating unknown parameters in nonlinear SSMs is an important issue for environmental modeling.
In this paper, we present two recently developed methods that are based on the sequential Monte Carlo
(SMC) method for parameter estimation in nonlinear SSMs. The first method, which belongs to classical
statistics, is the SMC-based maximum likelihood estimation. The second method, belonging to Bayesian
statistics, is Particle Markov Chain Monte Carlo (PMCMC). With a low-dimensional nonlinear SSM, the
implementations of the two methods are demonstrated. It is concluded that these SMC-based
parameter estimation methods are applicable to environmental modeling and geoscience.
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1. Introduction

In the past few decades, more contemporary scientific meth-
ods have been adopted to conduct geoscience research (Zhao
et al., 2009). For example, the revolution in high-performance
computing and observing technologies allows mathematical
models to describe the dynamic processes of the Earth system
and the discovery of underlying mechanisms (Evensen, 2007).
Given the complex natures of natural processes and the Earth
System, mathematical models in geoscience are usually nonlinear
with complex dynamical behaviors (Zhao et al., 2009). Because
most mathematical models cannot be analyzed theoretically,
numerical simulation models, which are discretized mathemati-
cal models, are usually used to find approximate solutions for
geoscience problems. Stochastic elements also play a role in the
Earth system, and these uncertainties are referred to as system
noises. Moreover, measurements for state variables of mathema-
tical models in geoscience are not free of errors. Therefore, system
identification is a key issue for environmental modeling in
geoscience research (Berliner et al.,, 2003; Wikle et al., 2003;
Hansen and Penland, 2007).

Simultaneously considering the nonlinearity and uncertainty
of Earth system processes, many discretized mathematical mod-
els in geoscience can be summarized as nonlinear state-space
models (SSMs). SSMs, also known statistically as a hidden Markov
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models, provide a general framework for combining dynamic
processes, system noise and measurement errors. A generic SSM
consists of a state evolution model and an observation model,
which can be expressed as the following:

Xe 1 =F(Xe,0r) M

Ye = h(xe,ny) 2)

where t is the time index, x; is the state vector, and y; is the
measurement vector. v, and n, are independent and identically
distributed random vectors representing the system noise and
measurement error, respectively. When the model structure is
well understood and the parameters are known, the main task of
system identification is to estimate the “true” state variables x;
hiding behind the noisy observations y,. State estimation, also
known as data assimilation, is a classical research topic in
geoscience. During the past few decades, various approaches to
data assimilation have been developed (Kalman, 1960; Daley,
1991; Gordon et al., 1993; Evensen, 1994). The Bayesian paradigm
provides a coherent probabilistic approach for data assimilation;
however, the integration of Bayesian approaches into data assim-
ilation is still in its infancy (Dowd, 2007; Wikle and Berliner,
2007). High-performance computing makes it possible to use the
methods of computational statistics, especially the Monte Carlo
method, to perform data assimilation. In the context of the hidden
Markov model, the state transition density p(x;1|x;) and obser-
vation density p(y,|x;) can be derived from Egs. (1) and (2),
respectively. This probabilistic framework provides the most
complete and general solution to the state estimation problems.
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From a Bayesian perspective, the aim of state estimation is to
infer the probability function of the state variable x, given the
measurement sequence yi.,={y1,Ya,---,¥:}. It is worthwhile to
note that many traditional data assimilation methods can be
unified within a Bayesian framework (Wikle and Berliner, 2007).

In most geoscience models, there are a few parameters lacking
a priori information; thus, it is necessary to estimate model states
and unknown parameters simultaneously. However, compared
with state estimation, parameter estimation is an important
matter as model dynamics are usually sensitive to model para-
meters (Liu and West, 2001). In this study, we are concerned with
estimating the static parameters of nonlinear SSMs. For the
problem of parameter estimation, there exists a significant
difference between classical and Bayesian statistics. Classical
methods, sometimes referred to as frequentist methods in statis-
tical literature, treat parameters as fixed, unknown constants. In
this case, parameter estimation is based on the maximum like-
lihood method. However, maximum likelihood functions are
difficult to construct and compute for a nonlinear non-Gaussian
SSM (Poyiadjis et al., 2005). Maximum likelihood estimation in
nonlinear SSM still remains an open problem until sequential
Monte Carlo (SMC) is introduced to construct the maximum
likelihood function (Poyiadjis et al., 2005; Wills et al., 2008).
Bayesian methods treat parameters as random variables with
prior distributions, and parameter estimation is implemented by
deriving the posterior distributions. However, deriving the analy-
tical expression of the posterior distributions is neither possible
nor necessary (Andrieu et al., 2010). Recent research indicates
that the SMC method also plays a very important role in Bayesian
parameter estimation of nonlinear SSMs (Andrieu et al., 2010). In
this paper, two recently developed batch parameter estimation
methods, also known as off-line parameter estimation methods,
are presented. The first method is referred to as the SMC-based
maximum likelihood estimation because the output of SMC is
used to compute the likelihood function. The second method
involves the use of the Markov Chain Monte Carlo (MCMC)
technique to implement a Bayesian inference of unknown para-
meters. In constructing the Markov Chain, SMC is also used. So the
second method is referred to as Particle Markov Chain Monte
Carlo (PMCMC). The basic ideas of these two methods belong to
classical and Bayesian statistics, respectively.

The rest of this paper is organized as follows. In Section 2, we
first formulate the problem of Bayesian inference in SSMs and
introduce the SMC method. Then, a SMC-based maximum likelihood
estimation method is presented. The basic idea and algorithms of
PMCMC for parameter estimation are also described. Section 3
provides a numerical illustration of parameter estimation in a low-
dimensional nonlinear SSMs using the two methods introduced in
Section 2. Finally, we summarize this study in Section 4.

2. Methods
2.1. Bayesian inference in state-space model

For the Bayesian inference in SSM, the state variables are
denoted as x;.72{X1,X2,...,Xr} and the measurements as
Y11 21.Y2, .. ..¥7}, where T indicates the length of the period of
interest of the SSMs. Given the observations y;.r, simply applying
Bayes’ rule yields the following:

P11 |X1.0)PX1.1)

p11)
o p(Y1.1|X1.1)PX1:1) 3)
To explicitly distinguish the problem of state estimation and
parameter estimation, we use two probability density functions

pPX1T|Y10) =

(pdf), py(-) and p(6,-), corresponding to cases whose parameters
are known and unknown. First, applying a Markov assumption to
the prior pdf py(x;.r) results in

T

Po1) =pex1) [ [ PoXe|Xe—1) 4)
£=2

where py(x¢|x;_1) is the evolution distribution. Another critical

assumption is that the observations are independent given that

the true model states are known. Then, the likelihood function is

T
Poir|Xir) = ] Poe|x0) 6))

t=1

Combining Egs. (4) and (5), the posterior pdf of states becomes

T T
Po@i7|y1m)cpeCa) ] Poe|xe—1) [ powe|xo0) (6)
(=2 £=1
If the parameter 0 is unknown, we ascribe a prior density p(0) to
0; then we have

T T
PO.x1:7|y1.0) e pOpyx1) [ Poke|xe—1) T powe|x0) @)
t=2 t=1
Egs. (6)-(7) provide the mathematical basis for state and para-
meter estimation in SSMs respectively. In this study, the method
for state estimation is SMC, while the problem of parameter
estimation is solved by using SMC-based maximum likelihood
estimation method and the PMCMC method.

2.2. Sequential Monte Carlo method

For non-linear non-Gaussian models, deriving the analytical
expressions of py(x1.7|y,.r) is nearly impossible, making Bayesian
inference difficult. It is therefore necessary to resort to approx-
imations. A discrete weighted approximation to the true posterior
pdf pp(x1.r|y1p) is

N
PoXrr|yir) ~ Y 0pd(ar—Xir) ®)
i=1
where {x} ;i) are referred to as support points and asso-
ciated weights (Arulampalam et al., 2002). J(-) is the Dirac delta
function.

Using the SMC method, the approximation of py(x1.|y;,) can
be obtained sequentially (Doucet et al., 2001). At each time step,
one has samples of py(x1._1|y1,_1) and wants to approximate
Po(X1.¢|y1.c) with a new set of samples. From Egs. (3) and (6), it is
easy to check that

PoXe|Xe—1)Py (Ve[ %)

PoWeY1:e-1)

o Po(X1:-1|Y1.0-1)Po(Xe | Xe—1)Po Ve | X0) 9
Assuming the approximate samples {xi , ;}¥_; of py(X1.¢_1[¥1.0_1)
are available at time t, then we can draw samples {x}}}'_; from the

proposal density qq(-|y;x;, ;). The importance weight of xi is
defined as

Po(X1:|¥1.0) = Po(X1:0-1|Y1:6-1)

i _ Pot|xi_poe|xD)
QoC|YeXi e p)

If only a filtered estimate py(x;|y,.,) is required at each time step, a
simple importance density gy(-|y,xl_;) can be used. Then, the
posterior pdf of x, can be updated without calculating the pdf of
all other states xi, 1. This sequential updating algorithm is
referred to as a particle filter. Then the output of the SMC
algorithm is filtered particles {xl,w}M ; or {xi .0l | . In
practice, normalized weights ®; = wi/ " ), are more commonly
used in many variants of particle filter.

w
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The byproduct of filtering is the estimate of marginal like-
lihoods py(y;.). From Eq. (9), we have

Pt |Y1:e-1) = /P()(Xt\Xt—l)P()(Vr|Xt)P0(X1;t—1 [Va:e-1) dxie

Po(Xe|Xe—1)Do(¢ | X0)

q()(. ‘yhxi 1) qH( |ytvxi—1)p9(xlzt—1 ‘_V];t_]) dX]:[

= [ @lauC Iyt paterealyi e (10)

Then, the estimate of p,(y,|y;._;) becomes

PoWe|Y1e-1) —Nzwt (11
i=1

and

Dov1) —NZan (12)

i=1

Multiplying the above estimates yields

T
Po10)=Po) [ [ PoWe|y1e1) (13)
t=2

2.3. SMC-based maximum likelihood estimation

The problem of parameter estimation in nonlinear SSMs (Egs.
(1) and (2)) using the maximum likelihood method can be stated
as the classical maximum log-likelihood problem

02argmax Ly(Y), Ly(Y)=10g py(¥1.1) (14)

Eq. (13) already provides the estimate of marginal likelihood
Po(v1.1); however, the log-likelihood function Ly(Y) is discontin-
uous with respect to 0 due to Monte Carlo variation (Kantas et al.,
2009). Given this variation, it is nearly impossible to use a
traditional iterative gradient-based search procedure to find the
optimal 0*. Poyiadjis et al. (2005) proposed a new approach to
approximate the log-likelihood gradient, and then used a general
gradient-ascent algorithm to find the optimal 6*. Their method
avoids the drawback of the increasing-variance of the general
method that approximates the derivative directly based on SMC
(Kantas et al., 2009).

In this study, we focus on an alternative method that applies the
Expectation-Maximization (EM) algorithm to solve the maximum
likelihood problem. The EM algorithm for parameter estimation in
nonlinear SSMs has been widely applied due to the asymptotic
consistency and efficiency of the resulting estimates (Chitralekha
et al., 2010). The EM algorithm includes two steps: (1) computing
the expectation and (2) the maximization step (Wills et al., 2008).

The first step is to compute the expectation (E-step)

Q0,002 / Lo(X,Y)pg, (X| V) dX (15)

where 6, is the current parameter estimate. Eq. (15) can be
viewed as marginalization of the missing data, X. It is convenient
to verify that (Wills et al., 2008)

Q(0,0,) = /log Pox1)Pg, (X1 |y1.7) dxy

/log Po(Xe+1|X0Pg, Kot 1.Xe|Y1.7) AXer 41
t—l

/ l0g pye | x0Py, (X |1.1) dxe (16)
tfl

where py, (x|y;.r) is the smoothed density. Given the current
estimate 0, we first apply SMC to generate filtered particles

0 oy N () _ D o) )
(x| Next, we set Xyt =Xr and Oplp =@, and then

generate smoothed particles {x(t")T,w(‘T}fV,1 (1<t<T) based on
the following recursive rule:

Po(Xe1.Xc|Y1.1) = Dot | Xe 1 1,Y1.7)PoKe 11 |V1.1)

_ Poei1]x0)

= Po(Xt|Y1.0Po(X Yi.1) a7
Po(Xe+1[Y1:0) pXelyroPoGesyin

The above procedure is referred to as particle smoothing. There are
also many algorithms to implement particle smoothing in prac-
tical applications, and two of them are used in the EM algorithm
(Doucet et al., 2000; Tanizaki, 2001).

With smoothed particles and normalized weights w;")r, we
have

N

Q(@,Gk Z
T
+ Z

t=1i=

T-1 N )
1 log py(x )+ ZZ @) log py(x"; [x0)

log P()O’[‘XHT) (18)

The second step of the EM algorithm is the maximization step
(maximizing Q(Q,Gk) with respect to 0). First, we need to calculate
the gradient of Q(0,6;)

N alog py(x?.)
VoQ(6,6,) = Z o ﬂ

~

_ (i)
+ 1 XN: 0] alogp"(xtH\Tle)
t+1\T 00

li=

.-,
I

)

N, Olog po(yt\xm

+ZZ r\T

t=

(19)

With V,0(0,0,), we can use a classical gradient-based searching
method, such as Quasi-Newton, to find 0, | £arg max 00.(6,0)).
Iterating these two steps produces the estimate of the para-
meters. In this study, we mainly describe the major procedures;
and more details of this algorithm and its applications can be
found in references such as Wills et al. (2008), Gopaluni (2008),
Chitralekha et al. (2010) and Schon et al. (2011).

2.4. Particle Markov chain Monte Carlo

PMCMC originates from MCMC methods, which is a class of
approaches for computational Bayesian statistics (Andrieu et al.,
2010). The basic idea of an MCMC is to generate a Markov Chain
with a stationary distribution (target distribution) that cannot be
sampled directly (Metropolis et al., 1953; Hastings, 1970; Gilks
et al., 1996). For SSMs, the target distribution of a Bayesian
inference is p(xi71,0|y,.;) when the model parameters are
unknown. However, p(x;.1,0|y;.r) cannot be sampled directly.
The key feature of PMCMC is using the approximations of
Po(x1.7|y1.r) produced by an SMC algorithm to construct the
Markov Chain with the target distribution (Andrieu et al., 2010).

The first algorithm of PMCMC presented in this study is a
particle marginal Metropolis-Hastings (PMMH) sampler, which is
derived from classical Metropolis—Hastings algorithm. In PMMH,
the Markov Chain of (x;.7,0) can be constructed by iterating the
following two steps: (1) generate a new sample (x; ;,0") from the
7,0)); and (2) accept (%] ;,0') as the next
state of the Markov Chain with the probability

min 1'p(x’”.9’|y1 1) 4((x1:1,0)|(%).7,6)
px1.1.0|y1.7) Q(Xy.1,0)|(X1:1,0))
In practice, 0" and x); are not updated simultaneously. Given

current (x1.7,0), we first use a proposal q(-|0) to generate a new
sample ¢', and then sample x;; ~ py(:|y;.r). Now, the proposal

(20)
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density becomes
q((xll ;T'g/) ‘ (Xl:Tvg)) = CI(O/ ‘ e)pﬁ’ (x/l;T ‘ylzT) (21)
and the acceptance ratio is

PXy7.0'1y1:0) 411, 0) [ (%) .7.0)) _ q(010) py (v1.1) P(O')
p(x1:1,0|y1.1) A% 1.0 (x1.1,.0)) — q(6'|6) PeY1.7) P(O)

It is nearly impossible to sample exactly from p,(x1.7|y;.r) and to
compute the marginal likelihood py(y;.r) and py (y;.r). However,
Eq. (8) indicates that py(x1.r|y1.r) can be approximated using SMC
methods. At that point it is possible to obtain a new sample x;;.
Moreover, approximations of the marginal likelihood py(y;.r) and
py(y1.r) are also available (Andrieu et al., 2010). With these
approximations, a Markov Chain can be constructed that is as
simple as the classical Metropolis—-Hastings algorithm.

The second algorithm of the PMCMC is the particle Gibbs (PG)
sampler, which also targets p(x;.1,0|y;.r) but does not update 0
and x;.7 jointly. The PG sampler is more complicated than the
classical Gibbs sampler because a conditional SMC algorithm is
used to generate the sample x;.r from pO(xl:T\y];T). A conditional
SMC algorithm is similar to standard SMC algorithm but is such
that a pre-specified particle %;.r with ancestral lineage is ensured
to survive all the resampling steps, while the other N—1 particles
are generated in the usual way. Then, the particles generated in
the next step are conditional on the current particle. In this study,
we merely introduce the PG algorithm but omit the conditional
SMC algorithm. Interested readers may refer to Andrieu et al.
(2010). The pseudocode of the PG algorithm is as follows:

(22)

(a) initialize the Markov Chain (i=0) by setting 0(i), x;.7(i) and its
ancestral lineage arbitrarily,

(b) set i=i+1 and sample 0(i) from p(0|x1.7(i—1),y1.7),

() run a conditional SMC algorithm targeting py(X1.r|y.r) con-
ditional on x;.7(i—1) with its ancestral lineage returning an
estimate P (X1.1|y1.0)

(d) sample xy.7(i) from pyy(x1.r|y;.r) and return its ancestral
lineage,

(e) iterate steps (b-d) M times and record the Markov Chain 6(i)
and x..7(i) (i=0,1,...,M).

In practical applications, the convergence of the Markov Chain
should be checked to ensure that the samples drawn from the
Markov Chain are truly representative of the target distribution.
In general, a “burn-in” period is required and the samples in this
period are discarded. In practice, it is unnecessary to calculate the
length of the “burn-in” period if the total Markov Chain is
sufficiently long (Dowd, 2007). Although there are many methods
that can be used for convergence monitoring, one of the simplest
to understand and implement is the autocorrelation function
(ACF). The faster the ACF drops, the better the algorithm is. For
a Markov Chain generated by the PMMH algorithm, acceptance
rate is also a very simple indictor. A higher acceptance rate means
that the Markov Chain mixes better (Andrieu et al., 2010).

3. Numerical illustrations

In this section, we choose a low-dimensional nonlinear dyna-
mical model to illustrate the capability of EM and PMCMC
approaches for parameter estimation. The low-dimensional non-
linear dynamical model is derived from the Van del Pol oscillator,
which is described by a second-order differential equation

&

dx
2 _
i a(l—x )dt +x=0 23)

A first-order Euler discretization of the differential equation of the
Van del Pol oscillator yields

X141 =X1,c+hxo,

Xp,t4+1 =Xo,c+ho(1 —X%,t)xz,t—hxl,t (24)

where h is the step size. First, we assume that the Van del Pol
oscillator is driven by stochastic white noises with a zero mean
and a covariance matrix Q e R**2. Moreover, for simplicity, we
assume that either x; ; or x, can be measured, and the measure-
ment error is in the form of additive white noise with a zero mean
and a covariance matrix R. Then, the stochastic Van del Pol
oscillator can be restated as a nonlinear SSM

Xep1=f(X)+we

Yey1 =X+ Ve (25)

where w; ~ N(0,Q), v; ~ N(O,R), and x; = (X1,+,X2,t). N(-,-) represents
the normal distribution. Let « =1 and h=0.1 so that the discrete-
time system without stochastic noise is stable. For simplicity we
assume that only x,; can be observed. The noise covariance of w;
is a diagonal matrix, while the variance of v, is a scalar variable. In
this study, we set

(o 0\ (00262 0 R o? 0,003 "
e={o » _< 0 o.oos)' =0=0 (26)

With these parameters, we simulate the system (25) from an
arbitrary initial state x; o~ N(0,0.01) and X, ~ N(0,0.01). System
(25) will iterate 1000 times, i.e.,, T=1000. Since h is the step
length, estimating h is meaningless. Then, the interesting para-
meters that need to be estimated are «, 62, 63 and 03. Next, we
will use EM and PMCMC methods to estimate these four para-
meters conditional on the observed time series y;.t.

For the EM method, the major work is to compute the
approximations Q(6,0,) and V,Q(0,0,). In this study, the state
variable is a vector (x;,X3¢) and it can be easily verified that

Po(Xe11]Xe) = PX1,e41 | XOPX2,041 |Xe) 27)

and we have p(x1,¢11 ‘Xt) ~ N(Xl,t+hX2,t,0’%), P(X2,t 41 \Xt) ~N(xz+
ho(1-x3 )xz,c—hx1 +,03) and p(y,|x) ~ N(x2,0%). With these nor-
mal distributions, the numerical approximations Q(6,0,) and
V,0.(0,0,) can be directly computed given the smoothed particles

0.03 T T T T T T T T

0.025 ]

0.02 ]

0.015 | J

Parameter values

0.01 ]

0.005 1

0 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180

Iteration number

Fig. 1. Evolution of the parameter values using SMC-based maximum likelihood
method (EM algorithm). From top to bottom: o2, 63 and 3. The true values
0* = (0.0262,0.008,0.003) are marked by the dotted lines.



74 M. Gao, H. Zhang / Computers & Geosciences 44 (2012) 70-77

and their associated weights. The number of particles is chosen as
N=500. The optimization method is the standard Quasi-Newton
method. In Fig. 1, the evolution of parameters with respect to EM
iterations are presented. We also replicate this numerical experi-
ment for 100 times with different initial conditions, and the
results are summarized in Table 1. It is clear that the EM method
gives a satisfactory estimate.

To test the PMCMC methods, we use the same synthetic data
and initial setting. Moreover, we specify the prior distribution for

Table 1

True and estimated parameter values for system (25) using the SMC-based
maximum likelihood method (EM algorithm). The mean value and standard
deviations are shown for the estimates based on 100 Monte Carlo runs. In each
Monte Carlo simulation, the estimated parameter values is the average value of 0
in the last 20 iterations.

the unknown parameters o~ U(0.5,1.5), af ~1G(0.5,0.01),
03 ~1G(0.5,0.002) and ¢3 ~ 1G(0.5,0.001). U(c,d) represents a con-
tinuous uniform distribution in interval [c,d], and IG(a,b) is the
inverse Gamma distribution with shape parameter a and scale
parameter b. In the PMMH, we use a normal random-walk
proposal with a diagonal covariance matrix

q(0'|0) ~ N(9,0) (28)

where 0 = (o,02,0%,0%) represents the current parameter estimate.
The diagonal elements of C are (107>,107°,107%,107%). As the
value parameters in this SSM must be positive, negative values
generated by the normal random-walk proposal are omitted. In
the PG algorithm, we first initialize 6(0) using the prior distribu-
tion, and run SMC to obtain a sample x;.7(0) from the particles

ensemble {x{’;}_,. Then, we use the full-conditional distributions

Parameters True values Estimated to obtain samples of unknown parameters. The derivation of all
full-conditional distributions are shown in the Appendix, and we
o 1 1.02 +0.037 :
e 0.0262 0026 4 2.8 x 10-3 list only the results here
o2 0.008 0.008 +3.3x107* T-1
72 0.003 0.0031+92x10° p(6?| -2 x1.1.y1.0) ~ IG <a+ 5 ,b+51> (29)
120
100
80
o~ 60
40
20
0
0.02
0.015
v 0.01
0.005
0
0.01 |
[
“” 0.005
0
1.5
3 1
0.5
0 0.02 0.04 0 0.005 0.01 0.015 0 0.002 0.004 0.006 0.5 1 1.5
o % % *

Fig. 2. Histogram approximations of the posterior densities (diagonal plots) and samples (scatter plots) of model parameters based on the output of the PMMH algorithm.
In the diagonal plots, the solid lines are the prior densities p(0), and the dash-dotted lines indicate the true values of parameters. In the scatter plots, the red crosses
indicate the true values. The number of particles is 2000. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)



M. Gao, H. Zhang / Computers & Geosciences 44 (2012) 70-77 75

T-1
p(03| =03 x11.Y1.0) ~ IG (a+ T'b+52> (30)
2|2 T
p(03|—03.X1;T,y1:T)~IG(a+ j.b+53) (31)
T-1 2
— AtB[ (25
pt| =, X1.7,Y1.1) ~ Nic.ay ( =1 B ) (32)
‘ hAL S A

where N /(,-) is a truncated normal distribution within interval [c,d]
and the minus before a parameter indicates taking out this parameter
from the parameter set 0. Other terms in Eqs. (29)-(32) are

1711
S1=5> Kiep1—X1,—hxo)?
24
15 2 2
S = 5 (X2,64+1—X2,c—0th(1—X] X2 ¢+ hX1 )
=1
S3= 15 X )2
3= 5 > We—x20)

t

1
Ar=h(1-x3 )Xy ¢
By =Xp,t+1—X2,c—hx1 ¢

120
100 |
80
% 60
40
20

The PG algorithm will be implemented using these full-conditional
distributions. Both the PMMH algorithm and the PG algorithm are
run for 25,000 steps, and the first 5000 steps are discarded as burn-in
steps. Andrieu et al. (2010) recommend to choose N in the same order
as T. In this study, the numbers of particles are chosen as N=1000,
1500, 2000, 3000 in the SMC and the conditional SMC algorithms.

The marginal posterior distributions of the four parameters
based on the Markov Chain (the final 5000 values) generated by
the PMMH and the PG algorithms are shown in Figs. 2 and 3,
respectively. Obviously, the posterior densities are different from the
prior ones but close to the true values. For the PMMH, the overall
acceptance rates are 0.29, 0.37, 0.39, and 0.40 when N=1000, 1500,
2000, 3000, respectively. Additionally, we present the ACFs of the
Markov Chain of parameter « in Fig. 4. It is also verified that the
performance improves as N increases. Moreover, we find that the PG
algorithm performs better than the PMMH algorithm.

4. Conclusion

This paper presents two recently developed methods for
parameter estimation in nonlinear state-space models. Estimating
model parameters in nonlinear SSMs is a difficult task. Due to
measurement errors, the true state variables can only be treated
as missing values in constructing the likelihood functions. In
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Fig. 3. Histogram approximations of the posterior densities (diagonal plots) and samples (scatter plots) of model parameters based on the output of the PG algorithm. The

symbols and parameter setting are the same as that in Fig. 2.
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Fig. 4. Autocorrelation functions (ACFs) of «. The left panel corresponds to the PMMH algorithm, and the right panel corresponds to PG algorithm. Symbols: N=1000," - -’;

N=1500, ‘+’; N=2000, ‘A’; N=3000, ‘0OJ".

other words, parameter estimation in SSMs relies on state
estimation. SMC is a standard approach to state estimation in
nonlinear SSMs, and further provides the basis for parameter
estimation. The two methods presented in this paper both rely
on SMC. The first method uses SMC to compute the approxima-
tion of maximum likelihood, and then uses the Expectation-
Maximization algorithm to find the optimal values in the global
parameter space (Wills et al., 2008; Schoén et al., 2011). The
second method is a Bayesian inference that uses MCMC to
approximate the posterior density of unknown parameters.
Because SMC is used to build an efficient high-dimensional
proposal distribution in each MCMC step, this method is referred
to as particle Markov Chain Monte Carlo (Andrieu et al., 2010).
The performance of these two methods for parameter estimation
was examined with the stochastic Van del Pol oscillator. The
results indicate that the two methods both perform well,
although the underlying statistical framework uses frequentist
and Bayesian methods. Because SMC is needed in each iteration,
the computational expense of these two methods for high-
dimensional state-space model in geoscience remains a limiting
factor. Developing parallel simulation method on the utility of
modern computing architectures, such as graphics processing
units, is necessary.
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Appendix A. Derivation of Egs. (29)-(32)

We denote the state variables and process noise as vectors
Xt = (X1,1,X2,¢) and wy = (wq,wy), then rewrite system (25) as

Xie41=X1,c+hxo +wy e (A1)

Xpr4+1 =X, +0h(1 —Xf,t)xz,r—hxl,r-i-wz,r (A2)

Ve=Xa+V; (A3)

where wy~N(0,0%), wo;~N(0,03) and v¢~ N(0,63). The prior
distribution assigned to aiz (i=1,2,3) is inverse gamma distribu-
tion IG(a,b), then we have

b
p(e?)oc (7)™ exp (— ;> ) (A4)

i
We first show how the posterior distribution of ¢7 is derived,

p(03]| =62 x1.1,Y1.7) = P(02 |X1.1) oc p(02)P(X1.7|0F)

T-1
=p@)p@1) [ p&ei1[xc,09)

t=1
T-1 2
—Xx1¢—hxo )
= p(a2)p(x expd — Kree1 =X =X, 0)”
p(aDp( 1)t1:[1 N 207

_a— b —(T-1) S]
oc(a2)° 1exp()a TDexp( -=L
o)1 o2

o (62)" @D exp <_ b;‘%sl)

(A.5)

where S; = %21;1](X1'[+]7X],t*hX2'[)2. From Eq. (A.5), we find
that the posterior distribution of ¢ is an inverse gamma dis-
tribution,

T-1
Pt |-otar i ~16(a+ T3S ). A6)

Similarly, we can derive the posterior distribution of ¢ and o3.

T—

1
P |-otarnn ~16(a+ 5 b, ) A7)

P8 |-otar ) ~16(a+ .b+53) (A8)
where S, = 332! (a0 1—X2,e—0th(1-X3 )Xz +hx1,)? and S3= 1
St 10e—Xa0)

The posterior distribution of o is also simple to obtain. We
have assumed that the prior distribution of ¢ is a continuous
uniform distribution U(c,d), and the posterior distribution is

P(ot|—0LX1.7,Y1.7) o P(ODP(X1:15Y1.7)
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T-1 T
=p@px1) [ poes1]x0) [ Poe|xe)

t=1 t=1

T-1 T
=p)px1) [ po®ae1[X0po*ae1|x0) T] Powe|x0)

t=1 t=1

T-1
ocp(@) [ poGaes1]x0)

t=1
o 1 T-1
ocp()(ag)~ TP exp{ s ;[Ata—de } (A9)

where A; = h(1 —xf[)xz,t and B; =X3t41—X2,—hx1 ¢ A simple math-
ematical manipulation further gives

‘ [, i A
p(o|—o,X1.1,y1.1) oc P(X) €XPY — == o=
203 ELH A?
(A.10)
Then, we have
T-1 2
A¢B o2
o —o,x1.1:Y1.7) ~ N t=17t2t 2 A11
p(o 1.1 Y1.1) [c.d]( ST A2 STl a2 (A11)

where N q(-,-) is a truncated normal distribution.

Appendix B. Supplementary data

Supplementary data associated with this article can be found
in the online version at http://dx.doi.org.10.1016/j.cage0.2012.03.
013.
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