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Abstract Stochastic differential equations arise in a variety of contexts. There are many techniques for approximation
of the solutions of these equations that include statistical methods, numerical methods, and other approximations. This
article implements a parametric and a nonparametric method to approximate the probability density of the solutions of
stochastic differential equation from observations of a discrete dynamic system. To achieve these objectives, mixtures
of Dirichlet process and Gaussian mixtures are considered. The methodology uses computational techniques based on
Gaussian mixtures filters, nonparametric particle filters and Gaussian particle filters to establish the relationship between the
theoretical processes of unobserved and observed states. The approximations obtained by this proposal are attractive because
the hierarchical structures used for modeling are flexible, easy to interpret and computationally feasible. The methodology
is illustrated by means of two problems: the synthetic Lorenz model and a real model of rainfall. Experiments show that the
proposed filters provide satisfactory results, demonstrating that the algorithms work well in the context of processes with
nonlinear dynamics which require the joint estimation of states and parameters. The estimated measure of goodness of fit
validates the estimation quality of the algorithms.
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1. Introduction

Stochastic differential equations are used in many applications related to basic science such as modeling of
biological, chemical, physical, environmental, engineering, economics and finance processes among others ([36]).
A stochastic differential equation describes the time evolution of the dynamics of a state vector, based on physical
observations from a real system obtained with errors. In practice, the interest consists in estimating the states or
parameters of the dynamic system. One of the difficulties commonly encountered in the estimation of parameters
in a stochastic differential equation is that the transition density of the equation can not be evaluated in closed
form. There are many estimation methods that are based on the maximum simulated Likelihood methods ([64];
[65]; [53]; [22]; [1]; [49] and [21]). Another standard method is to approximate the solutions using the Markov
Chain Monte Carlo (MCMC) algorithm ([44]; [27]; [13]; [66] and [67]). It is also possible to approximate
solutions by using numerical methods ([23] and [26]). There are others methods based on Hermite expansions
([1]); Taylor approximations ([25]); filtering Theory ([25]; [43] and [24]); approaches that use algorithms based on
the integration of Gaussian quadratures and sigma point methods ([28]; [29]; [60] and [23]); adaptive MCMC
algorithms based on numerical integration methods recently have been used to approximate in the context of
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nonlinear stochastic differential equations, for example [60] and [5] have used an approach based on a Gaussian
process to model the time evolution of the solution of a general stochastic differential equation, the methodology
uses data assimilation techniques ([31]). Recently [57] introduced a nonparametric method to estimate the function
of drift in a stochastic differential equation where a measure of random probability was considered to model the
drift and a Expectation-Maximization (EM) algorithm was developed to try to establish a link between unobserved
and observed states.

This paper aims to approximate the solutions of a stochastic differential equation by using the Gaussian mixture
distribution model, Dirichlet process mixture models, together with a non-parametric density estimation algorithm
and three sequential filters. The most representative references about the Gaussian mixture distribution model are
[61T; [3]; [68] and [2]. Dirichlet processes were treated in [16], and they have been identified in the literature as a
useful tool for estimating densities in the field of non-parametric models. The idea of using Dirichlet process is not
new, and has been considered in previous works such as [15]; [46]; [42]; [45]; [70] among others.

The rest of article is summarized as follows: Section 2 presents the formulation of the problem; Section 3 contains
the description of the filtering algorithms defined to approximate a probability density of the solutions; In Section
4, the results obtained for two different examples are shown, and lastly, Section 5 contains a final discussion and
conclusions.

2. Formulation of the problem

This article proposes to use approximations, obtained by nonlinear filters, to estimate the solution of an Ito
stochastic differential equation (SDE) given by:

dxy, = f(xp, k)dk + L(xp, k)dBy, (1)

where x;, € R is a vector of stochastic states in a continuous-time, xj, is a stochastic initial condition satisfying
the following condition E(|x3, |) < oo; {By, : k > 0} is a m— dimensional vector of a standard Brownian motion;
F : ko, T] x R® x R? — R™ is a known nonlinear drift function, and L : [kg, T] x R™ x R? = R™ x R™ is a
diffusion matrix that satisfies sufficient regularity conditions to ensure the existence of strong solutions ([52]).
Theoretically the system is imperfectly observed through a process of continuous observation y; € R" which is
related to the process xj, by the equation:

k
Yi = / W%, 5.0)ds + /DrW, @)
0

where h : R” x R — R is a known function, {W}, : k > 0} is a vector of a standard Brownian motion, which is
independent of By, Dy, is a matrix of diffusion, and the initial state x.

When the dynamic system in continuous time is approximated by a discrete system, the derivatives in continuous
time are approximated by difference equations in discrete time, which can be expressed in the form of a space state
model, as follows:

X = Mp(Xgp—1,ug) 3)
vie = Hp(xx) + vi 4)
we ~ F(.,.) )

The equation given in (3) represents a dynamic system, where x; denotes the vector of unknown states in a time
t = k, uy, is arandom error state estimation, My, is an operator that maps the space transition state within the state
space. The equation given in (4) represents the observed system, where Hy, is an operator that maps the states
within the space of observations in time ¢ = k, yj is the vector of observations, and vy is a vector of random
errors of observation. In the given equation (5), F(.,.) is a function of unknown probability distribution. The
unobserved solutions z, are assumed to be modeled by a Markov process of first order, with an initial distribution
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function p(xg), and transition equation p(x|xi_1) given by the model defined in equation (3). Each observation
y is conditionally assumed to be independent given the state x, where p(yx|zx) is obtained from equation (4).
The model is summarized in three steps: first an initial seed xg ~ p(xg) is generated; then x ~ p(xk|rg—1) is
predicted; and finally yi ~ p(yx|xx) is updated. The general objective is to estimate the unknown states x; =
xo.x = (xo,...,Tr), based on measurements obtained from the observation process yx = y1.x = (y1,...,yx); the
main interest is in estimating the filtering distribution p(x|y1.x), the predictive distribution p(zg41|y1.x), and
posterior mean and covariance. The recursive estimation in time k, is performed by the following procedure:

o Step 1: The filtering distribution:

p(xklyir) = /p(xklxk—l)p(xk—l‘Z/l:k—l)dl‘k—l (6)

e Step 2: The predictive distribution:

P(Trg1|yrn) = /p(a?k+1\lfk)p(ﬂ?k\yl:k—l)dﬂik @)

o Step 3: The posterior predictive expectation:

My = E(zg|yir) = /xkp($k|y1:k)dwk 3

o Step 4: The posterior predictive covariance:

Py = E [(z1 — myp) (@ — muge)”] = /(»Tk — mg) (2 — muge) T p(k Y1k ) da )

Assuming that vy, is distributed according to a known probability density function v ~ N (0, Ry) with fixed but
unknown parameters, Ry is to be estimated. If, in addition, the errors u; do not have a known distribution, that
is ug ~ F(.,.), where F'(.,.) is an unknown function, then it is necessary to estimate the probability distribution
function F(.,.).

At some time ¢ = k, we can estimate the posterior distribution joint p(xo.x|y1.x) using the Bayes Theorem, as
follows:

py1k|Tor)p(To:x) (10)

P\To:k|Y
(Tolyin) = [ p(yr:kl@or)p(@ou ) do:k

It is possible to obtain a recursive formula to estimate the joint density p(zo.x|y1.1):

P(Yrr1]Prt1)p(Trp1|Tr)
11
) P(Yk+1|y1:k) (1

where the filtering distribution p(x|y;.x) is estimated by the following recursive Bayesian filter:

p($0:k+1|y1:k+1) = p($0:k|y1:k

1. Itis initialized with a prior distribution p(zo).
2. For k =1,..., N run the following:

e Prediction step: the state x, is predicted, which can be calculated:
— In the discrete case: The Chapman-Kolmogorov equation:

P(Tr|y1:k—1) = /P($k|$kf1)P($k71|y1:k71)d3€k71 (12)

— In the continuous case: The Fokker-Planck-Kolmogorov equation is integrated:

8px k) Za [fip(, k)] 228%8% { [LQL],, pla. )} (13)

i=1j=

where: p(z, k) = p(@r|y1k—1), fi = fi(x, k), y L = L(z, k).
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o Update step: given the observation y, the predictive distribution is updated by:

p(zplyir) = p(ykler)p(Tr|y1e—1)
. | p(yrlzr)p(@r|y1ie—1)das

(14)

Given the difficulty of calculating the integrals involved in (12) and (14); a way to solve the situation is to use
computational techniques to approximate the posterior distribution. This article propose three recursive algorithms
to achieve this goal.

A particular problem to be solved in this work is to estimate a probability density using a nonparametric Bayesian
method involving an endless mix model as considered in [42] and [56]; but in the context of stochastic differential
equations. We propose to use the following hierarchical structure to flexibly approximate the probability density of
the solutions of the equation given in (1):

T 1|0k ~ flp-1l0k) 3 kE=1,...,t
Or(.,) ~G(.,.)

G(.,.) ~ DP(a, Gy)

P n
xp = My(Tp—1,ur) = Zwif(xi—lwi) ) Zwi =1
i=1 i=1

st fe ~ N(u, 5)

YrlThi1 ~ N(Hy(xre1), R)

where D P is a Dirichlet processes and:

Or = (prs Bx) 5 f(erlpr, Br) = Nk, Xi)

Gl ) = Clua|S)G(ER) = N (A, Z) 1W (S0, )

W= Zwiﬂi ;M= sz' (2 + (i = 1) (i — )]
=1 =1

3. Filtering algorithms to approximate a density

Here, three filtering algorithms are proposed to approximate the solutions of stochastic differential equation:
Gaussian Mixtures Filter (GMF), Nonparametric Particle Filtering (NPF), and Gaussian Particle Filter (GPF).
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3.1. Nonparametric density estimation

The problem of estimating a density using a nonparametric method consists of the following, data 1, ..., x, are
assumed to be an interchangeable sequence of independent observations taken according to a unknown probability
density function F', that is:

x~F(,.) ; i=1,...,n (15)

The x; can be scalars or vectors. Traditional methods of parametric statistics, consider probability models that are
indexed by unknown finite dimensional parameters, such as the mean and variance, which must be estimated. In
contrast, Bayesian nonparametric methods consider a prior probability model p(F') for the unknown distribution
function F', where I is a function in a space of infinite dimension. This requires the definition of a measure of
random probability of a collection of distributions functions which should have certain properties such as having a
large support and the condition that the resulting posterior distribution must be analytically tractable ([16]).

The DP ([16] and [62]), are an important Bayesian nonparametric modeling tool. A random probability distribution
Fis generated by a D P if for any partition Ay, ..., Ay of sample space 2, the vector:

(F(Ay),...,F(Ag)) ~ Dir(aFy(Ar), ..., aFy(Ag)) (16)

where Dir(aq, ..., ar) denotes the Dirichlet distributions; Fy(.) is a base measure of random probability defining
the expected value, E(F') = F} or equivalently E(F'(A)) = Fo(A) for any A C €, and « is a precision parameter
that defines the variance. The motivation to use the D P is that, in this approach, updating the posterior distribution
is a simple process. That is:

Z1yeoo T~ F
F ~ Dir(Fp, «)

F|:171,...,xnNDir(oz—l—n,Fg—i-de) a7

i=1

where d,, denotes the Dirac delta.

In a Dirichlet mixture process model (DPM), samples x;, for ¢ = 1,...,n, are taken from a component of the
mixture parametrized by 6; € ©, where 6; is a latent variable. This auxiliary variable is generated by an unknown
distribution G, which represents a measure of random probability distributed according to a prior distribution (a
distribution on the set of probability distributions). That is, the DPM is hierarchically defined as follows:

xi|0; ~ f(xi160;) ;5 i=1,...,n
0;|G ~ G
G ~ DP(a, Gy) (18)

where the mixing distribution G is a D P with concentration parameter «, and distribution base G. If integrated
on random measure G, we have a non-parametric model to estimate F, as follows:

F(a) = [ 1al0)dB0) 5 G~ DP(a.Go) (19)
0
There are two basic representations of D P, known as Polya urn scheme ([7]), and a prior Stick-breaking scheme
([62] and [54]). The scheme of Polya urn, assumes that the joint distribution of 64, ...,6,, can be expressed as
follows:
01 ~ Go(61)

aGo + Z;;i 691‘,\91
a+i1—1

0i|01,...,0i_1 ~ (20)
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where dy,|¢, is a point mass 6;. When a — 0, all the 0; = 6; ~ G (6;), and when o — oo, 0; ~ Go(61). Moreover,
as the 6, are exchangeable the Polya urn scheme can be written as:

aGo + 3,4 96,0,

0;10_; ~
| a+n—1

@n

where 6_; represents the {6; : i # [}.
A strategy for representation the D P, using the scheme called Stick-breaking, is to write the measure G explicitly
as an infinite sum of sums of atomic measures [62]. Embodiments of a D P are expressed as follows:

G=> wids, (22)
k=1

where, dy, denotes the measure of the Dirac delta located at 6, and

Qk ~ Go
k—1

we =B [J(1—85)
j=1

Br ~ Beta(l, a) (23)

The underlying random measure G is discrete with probability one. Using equation (19), a flexible a priori model
used to estimate the unknown distribution F' is obtained:

F(z) =) wif(z|0r) (24)
k=1

A recursive form to estimate the unknown probability density in nonparametric form is given as follow:
Algorithm 1: Nonparametric algorithm to estimate a density
e Step 1: Simulate:
Tr—1|pny ke ~ N (pr, X (25)
e Step 2: Simulate:
(ks X)) ~ NIW (A, v, 20,70) (26)
where:

— The conditional mean is obtained by:

P
p| Sy A, T~ N <A, ’“) @7
T
— The conditional variance is obtained by:
Ek|ZO,VNIW(20,I/> (28)
o Step 3: Calculate:
rp = My (Tp-1,uk-1) = Z%‘N(Mi,zi) ; Zwi =1 (29
i=1 i=1
o Step 4: Conditioned states are generated xj 1|z, as follows:
Tpt1|eg ~ N (1, X) (30)
e Step 5: The observations of the states are generated yy |xgy1:
Yelrrir ~ N (H(zk41), R) (31)
where [T denotes Inverse Wishart distribution, and NIW (., ., ., .) denotes a Normal Inverse Wishart.
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3.2. Gaussian mixtures Filter (GMF)

If we assume that the observation model y, = Hy(zx,vr) = Hxy + vy is linear, where v, ~ N(0, R) and also
assume that the a priori model of a state z is approximated by p(z), and the likelihood is approximated by p(y|z),
where:

:iwiN(M,Z) ; iwizl (32)
i=1 i=1
and
pylz) = Zﬁg (Hz,R) Zﬁj =1 33)
i=1

Then using equations (32) and (33), the posterior distribution is a Gaussian mixture given by:

p(ylz)p(x)
S p(yl)p(x)da
_ Z;n:1 BiN (y; He, R) 37, wilN (w; 11, ¥)
T BN (y; Ha, R) Yo7y wiV (w50, %) da
B E] 1 2oy wiBliN (y; Hz, R) N (51, %)
a Zj:l s wiBy [N (ys He, R) N (231, %) d
7 Z;nzl o wiBiN (y;¢, D) N (z;a, B)

p(zly) =

T (34)
Zj:l Zi:l wiﬁjN (y7 c, D)
Note that:
1 Q
N (Hz,R) N (z;p1,%) = exp (—) (35
VIR|[E[(v2m)natny 2
where:
Q=(y—He)'R™'(y — Ho) + (z — ) 'S (& — )
=2'B ez —2bc+y"R 1y + TS
=(2-a)'B x—a)—a"Bla+y" Ry +uTS 1y
~(x—a)B z—a)+@y—c) D (y—c) (36)
B '=HTR'H+> ' . b=y"R'H+/'SY ; a=Bb 37)
1=R 'R 'WB'HTR' ;. d=u"S'B'HTR™! ; ¢=Dd (38)
so that:
N (x;u,2) N (y; Hx, R) = ! exp{—1 [(x—a)TBl(x—a)+(y—c)TD1(y—c)]}
VIR|[Z|(v2m)matry 2

= N(x;a, B)N(y;c, D)
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For a recursive algorithm, it is assumed that the probability density function of the initial condition p(xg) is
approximated by:

pz szoN (203 14,0105 X4,0(0) szo =1 (39
i=1
Without loss of generality, it is assumed that in an instant k£ — 1 the system states are known p(xg_1|y1.5—1), that
is:
p(zr-1]y16-1) Zﬂzk N (T3 ik k15 Dk 1]k—1) Zﬁzk 1=1 (40)
=1
If 2, = Mi(@p—1,up) = Yy o N (zp; i k|k—15 2i,k|k—1)» then it is assumed that 1 1|2y, is given by:
n n
plapsilee) ) aiN(zrimE) 5 Y i =1 (41
=1 =

where:
n n
B= Z O k1l klk—1 5 2= Zwi,k [Ei,k|k—1) + (i, k—1 — 1) (i k=1 — M)T]
Then the conditional state xy, given the observed data y;.;_1, is approximated by:

P(Trly1r—1) = /p($k-|$k—1)p($k—1|y1:k—1)d$k—1
~ YO ajk1Bik-1Li (k) 42)
i=1 j=1

where:

Ii:a‘(l’k) = /N(l‘k;ﬂa Y)N (xkfl;ﬂi,mkflazi,mkfl) dzg 1
= [ cua (miinthe B2 ) dn

_ IR _
lef;ﬂlkflz (E 1+(Ei7k|k71) 1) (Z 1M+(Zi,k\k71> 1Ni,k|kfl)

Sihpor = 71+ (Zz‘,kuc—l)_l)il

and
1 1

e )71|% exp —5 [(M,k|k—1 - #)T (271 + (Ei,k|k—1)71)_l (:ui,k-lk—l - M)} .
i k|k—1

Cik = i

(2m)
The assessment of I; ;(x) can be treated as an estimation problem of a nonlinear process with non-Gaussian
distribution. In the literature, they have used techniques such as Kalman filter assemblies, or Kalman filter sigma

points, to approximate I; ;(zx) (see [41]). Furthermore, if it is assumed that the likelihood of the data is distributed
according a Gaussian:

P(yrlxr) ~ N (yi; Hxy, Ry) (43)
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then, the probability density function of the filtered distribution (the probability distribution function modeling the
approximate solutions) is approximated by:

(kY1) X p(Yr|er)p(@k|Y1:6—1)

= N (ysi Hog, Ri) > > ajn-1Bin-1Lij(wr)

=1 j=1
= Zzag‘,kqﬁi,kq/Ci,kN(yk;Hiﬂk,Rk)N (‘Tk§/hlf;€|k7172}gc|kf1) dp—1
i=1 j=1
= Zzag‘,kﬁi,k—l /Ci,kcf,kN (xk;/f&i?k;vzzlrk) dxp_1 44)
i=1 j=1
where:
M?,%\k = (R + (235 Klk— DR Hay, + (Zgﬁf\k—1)7lﬂz{l}|k—1)
N
Ezk\k = (R + (Ezk|k )" )
and
= 1 exp—1 {(,uu;ck —H$k> (R + (Bl k1) 1>71 (,uu;c‘k —ka)}
i,k — n+7n _ 11 1, —1 2 1 %, —1
(2m) = Ry 4+ (B3 ) 722 2

A summary of the algorithm used to estimate the density function by GMF is shown in the following procedure:

Algorithm 2: GMF

Step 1: Simulate the initial states p(x) as shown in equation (39).
Step 2: Use the Algorithm 1 to estimate the density of solutions.
Step 3: Predict p(xk|y1.5—1), using the equation(42).

Step 4: Update p(x|y1.1), using the equation (44).

3.3. Nonparametric filter particles (NPF)

Suppose we want to approximate the filtered density p(x|y1.x) using an importance function in a marginal state
space x, that is:

p(@k|y1:e) o< p(yk|Tr)p(Tk|Y1:-1)
—p(yk‘xk)/p(kakfl)p(xkfl|y1:k71)d33k71 (45)

A strategy for estimating the filtered distribution is to use a Sequential Monte Carlo method known as Particle

filters. The particle filters consider {x,(c ), w,(C )} a random sample which characterize the posterior probability
=1

density function p(z|y1.x). The weights are chosen such that ) " W,gi) = 1. Then the posterior distribution, also
called the filtered distribution in time %, can be approximated by an empirical distribution formed by the mass
points or particles:

Pn(T|y1:1) Zw (x) — a:kl)) (46)
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where §(.) is the Dirac delta function. Given the posterior distribution, some quantities of interest can be estimated,
such as the expected values of a function g(zy) associated with the filtered distribution p(z|y;.%), that is:

Elg(zy)] = /9($k)p($k|y1;k)d$k

Some of the researchers who worked on the subject are: [71]; [20]; [32]; [37]; [11]; [38]; [55]; [10]; [17]; [19];
[39] among others.

The weights w,(j) are chosen using the principle of importance sampling. The principle of importance sampling is
based on the following argument: Suppose that p(z)  ~y(z), is a probability density which is difficult to sample,
but y(z) can be evaluated and consequently p(z) also be evaluated to a proportionality constant. Then proceed
as follows: Let (Y ~ q(z), i = 1,...,n be a generated sample of a proposed distribution ¢(.), called density of

importance. Then a weighted density approximation of p(.) is given by:

p(z) ~ Z wDs(z — 20) 47
i=1
where:
(4)
@ .7 (z\)
w'" 2(2) (48)

The w(?) represents a standardized weight of the i-th particle. If samples {xé’}c} are taken using a density of
importance q(z|y1.x) then the weights used to approximate the equation (46) are obtained by:

i @,
) o P ) )
Q(% |y1:k)

If the density of importance can be factored so that:

q(zkly1x) = a(@rlor—1, y16)@(Th—1]y1:k-1) (50)
then we can get the samples z(()ZL from q(zk|y1.1) by increasing each of the samples xéf?cfl that already exist and

are obtained from q(:cgfll ly1.k—1), generating the new state ng) of q(z|xk—1,y1.1). For the updated weights, the
filtered distribution p(x|y;.x) is expressed in terms of the equation given in (45). Updated weights are given by:

Pyl () |2 p(a? | lyre—1)

w(i) - . "
a2 v a@ 1)

k

el e 1) )

i i Wy 1
Q(l";(g ) |.1'](€11, yl:k:)

where

(1) _ p(xl(;zﬂyl:kfl)
B N ) B
q(xk—lkyl:k—l)
In particular, if ¢(zk|xg—1, y1:x) = ¢(@k|TK—1,yr), then the density of importance depends only on xj_1, and yy.

This situation is appropriate when required to obtain the filtered estimator p(z|y;.x) in real time k. Then the
weights are modified as follows:

(4) (1);,,.(4)
o Pkl )p(xy|z2,)
w[g) _ k k k—1 w](cil (51)

a1 )
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The filtered density p,, (x|y1.x) can be approximated by:

Pn(@k|y1:k) Zw (a — =) (52)

It was proved in [12] that when n — oo the equation given in (52) approaches the true posterior distribution
p (xk‘ylk)

This paper seeks to approximate the filtered density function by using nonparametric statistical techniques. A
Dirichlet mixing process is used to estimate the unknown density of states. The algorithm predicts the equation
given in (12) and updates the equation given in (14) based on simulated samples. In order to implement the
algorithm, it is supposed to start with a set of random samples {37(()3@71}?:0 generated by a known distribution
function p(x_1|y1.x—1)- The procedure is summarized as follows:

Algorithm 3: NPF

e Step 1: Initialize with a nonparametric prior distribution of an initial state: (for k = 0,and i = 1,...,n):
JE(()i) ~p(xo) ; w(()i) =1

where the samples {xo w_1 ) are considered known from the posterior distribution p(xy_1|y1:x—1)-
e Step 2: Perform the nonparametric importance sampling: (for k£ > 1)

- Forti=1,...,n

70~ play|z) )

— Step 3: Obtain an estimated prediction density:
Pn xk|y1 k— 1 Zw(’t) 5 (Z) - ‘ig))

n
using samples {mi ), w,g 9 1} . For example, the predictive mean and covariance can be estimated as

follows:
Mklk—1 = Zwk 1$k
Pyjr—1 = Zw;(f)l Cﬂk - mk\k—l)(fg) — mypp—1)”
— Step 4: Fori = 1,...,n, the importance density is sampled:
& ~ alarlye)

and the importance weights are calculated:

“71(:) - p(ykm(;))pn(j/(;)\ylzk—l)

a3 y1)

— Step 5: Density prediction p,, (zx|y1.x) is updated using the sample {JES), 1(;)} .
i=1
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— Step 6: Fori = 1,...,n, sample:

D~ o (2r|yrr)

and calculate the importance weights:

~(7) p(yk|53;(j))l7n(53§f)\ylzk—1)
P X (0
(2}, [Y1:1)

e Step 7: NPF outputs consist of particles {33,(;), 11'),(;)} , which approximate the filtered density function:
i=1

(e, k) = po(@lyre) Z*)é — )

The updated filtered distribution can be characterized by the mean and covariance:

Poge =D (@) = mage) (@) = mage)”

3.4. Gaussian particle filter (GPF)

The interest in the following line is to present a method for approximating the solution using a Gaussian Particle
Filter (GPF) as proposed in [34]. This algorithm allows the generation of samples that approximate the predictive
distribution p(xg|y1..—1), and the filtered distribution p(zx|y1.,) using Gaussian densities, where the vector of
means and the variance-covariance matrix are estimates of the particles generated. If at time &£ — 1, the solution is
approximated by N (i1, Xx_1), and at time k, it is approximated by N (fix, %), then the steps to implement the
G PF consist of the following:

Step 1:
Step 2:
Step 3:

Step 4:

Step 5:
Step 6:
Step 7:

Step 8:

Algorithm 4: GPF
Generate x,(cnf)l\uk_l,Ek_l ~ N (-1, Spo_1)-
Generate i3 |Yy_1,\, 7 ~ N ()\’ %)

T

Generate Y| 2o, v ~ [W (3, v), and do:
x,im) = Mk(w,im)l,ukm = ZwkN(uk,Zk) : Zwk =1
k=1 =
Generate xk+1|ka) ~ N(p,X).
Generate w,g ™ = p(yk\xkﬂ) ~ N (H:c,(ﬂ)l, Rt>.
The weights are normalized w™ = Etwiznm
k=1 Wk

Estimate fiz,, and 3, by:

e = Z w(m)xg:l

Zw“”’ () = )y = )"

Approximate p(zy, k) = p(zk|y1.x) ~ N (i, ik).
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4. Results

The first instance consists of a linear case, while the second example consists of a case with a nonlinear structure.
To measure the estimation quality of the proposed algorithms we use the square root of the mean square error
(RMSE) defined as:

1~ G
RMSE = Ean;) — Mgl (54)
=1

n (4) (%)

is an estimator of E(xx|y1.x) , and my, = >, w 'z,

where :%Ej)

4.1. Example 1

As a first example, the Lorenz model is implemented ([40]), representing a coupled system of nonlinear differential
equations, given by:

dx

= sty a)

@—m:— —xz

dt Y

dz

E—xy—bz (55)

where: s, 7, b are parameters. The state vector x = (z,y, z)T represents a position of the particles in the phase
space. The model is discretized using the first order Euler method z; = ;1 + hf(x;—1), with step size h. The
discrete evolution equation is given by:

Tip1 = Ty 4+ h(s(ye — x¢))
Yer1 = Ye + h(roe — ye — v42t)
Zepr = 2+ h(zeys — bzy) (56)

where: s = 10,7 =28,y b = %. The data was generated by a linear observation equation as proposed in [9]:

Ve = Gt + M

where: v, = (¢, y, 207, ¢ = (w4, 2) 7, and . = (12, my,,02,) "> 7o ~ N(0,021), 0 is a vector of zeros,
and I is the identity matrix.
To initialize the algorithm the following a priori distributions are considered:

e For GMF: h = 0.0018, fiz,, = 0.2294, 04, = 0.001, py,, = 1.636, oy, , = 0.001, p,,, = 20.81, 04, =
0.001, wishardf, = 10, wishardf, = 100 and wishardf, = 10.

e For NPF: 1 = 0.0018, pz,, = 0.2294, 0y, , = 0.001, py, , = 1.636, oy, , = 0.001, pz,, = 20.81, 04, =
0.001, oy, = 0.01, 0, = 0.01, 0, = 0.01, wishardf, = 10, wishardf, = 100 and wishardf, = 10.

e For GPF: h = 0.0018, pz,, = 0.2294, 0, = 0.001, py, , = 1.636, 0y, , = 0.001, pz,, = 20.81, 04, =
0.001, o, = 0.01, 0, = 0.01, 0, = 0.01, wishardf, = 10, wishardf, = 10 and wishardf. = 10.

In Table I, the results of the goodness of fit measure, used to gauge the estimation quality of the algorithms, are
shown. In this case, the RMSE calculations in the table shows no significant differences in the estimated errors and
the computing time. Figure 1, shows three graphs depicting the reconstruction of the true Lorenz attractor and the
posterior means of the estimated solution by the three algorithms proposed, where it can be seen that all filters fit
almost perfectly to the original map of Lorenz.
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RMSE GMF NPF GPF
State 0.0235 | 0.0458 | 0.0328
State y 2.2599 | 2.2421 | 2.2602
State z 0.0228 | 0.0237 | 0.0108
Time (secs.) | 2.1326 | 2.4443 | 1.9424

Table I. RMSE and computing time of the algorithms GMF, NPF, and GPF.

Figure 1. Lorenz attractor reconstruction using the filters GMF, NPF and GPF.

4.2. Example 2

The second example is a temporary space model based on a stochastic differential equation for predicting rainfall
described in [4], where z; denotes the total rainfall at time ¢ in a locality of s = (z,y) € R?; and x( is an initial
state. Suppose that the change in total rainfall during a very short time interval At and (Az); =, and (Az); =0
have probabilities p; = AAt, and po = 1 — AA¢, respectively. The expected value and the mean squared change in
the total precipitation is given by:

E(Az) = yAAL
E((Az)?) = y?MAt (57)

Letting u = yAAt, and o = /~2)\At, a stochastic differential equation to model the total precipitation x; is
obtained:

dXt = ,udt + det
29 =0 (58)
where dW, is a vector of a Brownian process with mean 0 and covariance matrix Q,. The evolution in time of

the marginal density of the state is given by the posterior marginal distribution p(x|y1.x—1), wWhich satisfies the
Fokker-Planck equation:

0
5P (@klyLr-1) = Lp(zrlyr-1) (59)
where L is a diffusion operator defined by:
o I(up) 1 A *[(cQuo™)ijp]
_ - LA ] 60
L(p) ;) 3 ;0; Pore, (60)
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with p = p(zk|y1.x—1)- The initial condition is given by p(xx—_1|y1.x—1). Applying the Fokker-Planck equation to
the equation (58), we obtain:

o __ Op o"Q 0%
ot Max 2 Ox2

The next step is to find a solution to the equation given in (61). The method of discretization of Crank and
Nicolson was used to do this. See [59] for detailed. To illustrate the methodology, a data series of daily
precipitation was considered. The data included information from January 2011 until May 2012 for three (3)
meteorological stations located in Ardgua (Ceniap, Tamarindo and Tucutunemo), Venezuela. The data are available
in hitp : //agrometeorologia.inia.gob.ve/.

To initialize the algorithm GMEF, the following a priori distributions were considered:

(61)

e Ceniap station §; = 0.001, §, = 0.001, o = 100, Q; = 0.0001, wishardf = 10, u = 18.5, u = 100, v = 100.

e Tucutunemo station §; = 0.1, §, = 0.1, o = 10, Q; = 0.0001, wishardf = 10, u = 18.5, u = 10, v = 10.

e Tamarindo station §; = 0.001, §, = 0.001, o = 10, Q¢ = 0.0001, wishardf = 10, . = 18.5, v = 100, v =
100.

To initialize the algorithm NPF, the following prior distributions were considered:

e Ceniap station delta; = 0.001, delta, = 0.001, sigma = 100, miu = 18.56, ¢; = 0.0001, wishardf = 10,
u = 100 and v = 100.

e Tamarindo station delta; = 0.001, delta, = 0.001, sigma = 100, miu = 18.56, ¢; = 0.0001, wishardf =
10, © = 100 and v = 100.

e Tucutunemo station delta; = 0.1, delta, = 0.1, sigma = 100, miu = 18.56, ¢; = 0.0001, wishardf = 10,
u = 10 and v = 10.

To initialize the algorithm GPF, the following prior distributions were considered:

e Ceniap station delta; = 0.001, delta, = 0.001, sigma = 10, miu = 18.56, ¢ = 0.0001, wishardf = 10,
u = 100 and v = 100.

e Tamarindo station delta; = 0.1, delta, = 0.1, sigma = 10, miu = 18.56, ¢; = 0.0001, wishardf = 10,
u = 100 and v = 100.

e Tucutunemo station delta; = 0.1, delta, = 0.1, sigma = 10, miu = 18.56, ¢; = 0.0001, wishardf = 10,
u = 10 and v = 10.

In table II, the RMSE estimated by the proposed algorithms are shown, where we can observe a low variability in
the RMSE for the three filters in the Ceniap station. In the Tamarindo station, the lowest RMSE was obtained by
the NPF, and the best estimated values in the Tucutunemo station were calculated with the GPF. The computing
time for the three filters in all meteorological stations are similar, although the computing time of the NPF is
slightly lower than the other two filters. In Figures 2, 3 and 4, the three graphs represent the real states in black,
the simulated states using the GMF in red, the NPF in blue and the GPF in green for the three stations. We can
see a very similar behavior between the actual values, and simulated values of the states by the three proposed
algorithms.

RMSE GMF NPF GPF
Ceniap 0.0018 | 0.0082 | 0.0019
Tamarindo 0.1792 | 0.0790 | 0.1654
Tucutunemo | 0.0540 | 0.0253 | 0.0074
Time (secs.) | 0.4233 | 0.3912 | 0.4826

Table II. RMSE and computing time of the algorithms GMF, NPF, and GPF.
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Tamarinda (Aragua) Motoarological Station
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Figure 2. Real and estimated state by the GMF, NPF and GPF for Tamarindo station.
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Figure 4. Real and estimated state by the GMF, NPF and GPF for Ceniap station.
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5. Conclusions and discussion

This article has introduced a Bayesian nonparametric estimation method to approximate the solutions of a general
stochastic differential equation. The main contribution of the work is presenting an approach to combine mixtures
of Dirichlet processes and mixtures of Gaussian processes in terms of state space models. The proposed hierarchical
structures are extremely flexible with regard to the specifications of the prior assumptions of parameters, are easy
to interpret and allow to model a variety of physical phenomena under uncertainty. In addition, we propose an
efficient way to predict and update the states of the filtered distribution of the dynamic system through the GMF,
NPF and GPF algorithms. The methodology was illustrated by means of two stochastic differential equations, one
of them synthetic, and the other obtained from a real process. Since the approximate solutions were obtained from
complex models, it is shown that the proposed filters have good performance in the reconstruction of the Lorenz
attractor and the states of rainfall model. The computational implementation is also of low cost. It is also shown
that the algorithms work well in the context of nonlinear dynamic processes, which require joint estimation of
states and distributions of the noise of the equation of state. To measure the quality estimation of the algorithms
the square root mean square error was used as a measure of goodness of fit. This measures produced insignificant
errors of the estimation.
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