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Abstract

Whenever the state of a system must be estimated from noisy information, a state estimator is
employed to fuse the data with the model to produce an accurate estimate of the state. When
the system dynamics and observation models are linear, the Kalman Filter which is optimal, is used.
However, in most applications of interest the system dynamics and observations equations are not-
linear and suitable extensions of the Kalman Filter have been developed; for example, the Extended
Kalman Filter(EKF). The Extended Kalman Filter is based on linearization by the Taylor series
expansion about the mean of the state. This filtering process is however computationally expensive
especially in high dimensional data. The cause for this is the high cost of integrating the equation of
evolution of covariances. Due to this complexity in integration, new methods were sought known as
the particle filters. It replaces linearization of non-linearities with Monte Carlo methods. The particle
filter formed a basis for Ensemble Kalman Filter (EnKF) an extension of Kalman filter to non-linear
filtering. The EnKF reduced the computational cost but its innovation process does not capture
information sufficiently hence there is need to improve its performance. This study has developed
a new filter, Second order Extended Ensemble Filter (SoEEF).We derived it from stochastic state
models by expansion of expected values to the second order by use of Taylor series together with
Monte Carlo method and Matlab. We used Lorenz 63 system of ordinary equations and differential
Matlab to test the performance of the new filter. Then we compared its performance with four other
filters like Bootstrap Particle Filter (BPF),First order Kalman Bucy Filter (FOEKBF),Second order
Kalman Bucy Filter (SOKBF) and First order Extended Ensemble Filter (FOEEF). SOEEKF performs
much better than the other four filters.
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1 Introduction

1.1 Non-linear filtering

The goal of non-linear filtering is to find an estimate of the current state of a given system characterised by stochastic

process X. This process is called the signal process [6] [2] [11]. The signal process is measured via a process Y called
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Measurement process. These processes can be represented by stochastic differential equations [9]. Non-linear filtering
has made extensive use of stochastic calculus, hence we shall start off by reviewing stochastic calculus in time continuous.

Consider stochatic differential equation of the form
doe = f(ae,t)dt + gz, 1)Br; to <t (1)

where z; is n X 1 state vector at time ¢, f(x,t) is the drift function of dimension n x 1, the uncertainties are captured
by g(z,t) called diffusion function of dimension n X m then B, ¢ < ¢y is the Brownian motion process [1]. The solution

of (1) can be obtained by integrating both sides as follows;
t t
s =iy + [ fanridr+ [ gl r)ds, )
to to

where f:o f(x¢, 7)d7 is the Riemann integral. Now the second integral

t

10) = [ gt r)ds, )
to

is riddled with technicalities which arise from the fact that Brownian motion process is nowhere differentiable. Such

integral needs special treatment, due to stochasticity, which is why they are known as stochastic integrals. This stochastic

integral can be defined as L? -limit of Riemann sum approximation. We set
W = (1 — )\)tk 4+ Mig1- (4)

We have two choices where A = 0 we obtain the It6 stochastic integral

b
/ g7, 7)dBr = hm Zg xtkatk (/Blk+1 /Bik) (5)

Where 0t = tip+1 — tr and the terms to be summed are evaluated at discretised times a = to < t1 < ... < g < tpy1 <
.. < tn, = b, Li.m is limit in the mean convergence. The second choice is A = % that leads us to Stratonovich stochastic

integral
b
Ty, + Tt
/ 9(x-, T)dBr = hng{M tk}(ﬂtk+1 - ﬂtk) (6)

When the Ito integral is independent of A then the Ito and Stratonovich integrals coincide [12] , that is
b b
[ stentvas = [ stennas + [ ouloten,rar @

1.2 Filtering Problem

The filtering problem is to find the best estimate of the state X given the measurement Y. To best solve this problem,
the conditional density 7:(x|y) of x is considered [2] [11] given the measurement y. The continuous time solution to
this problem in special case is given by Fokker-Planck equation while in general case is given by Kushner-Stratonovich

equation. We consider the Fokker-Planck equation . Given the density function
m(z) = w(z, t|Y,7) (8)
and its probability distribution function, m,(x|y) the Fokker Plank equation is therefore,

Omyr(zly) _  O(mu-(2(y)) f(x ) N 19°(myyr) (2]2)g° (1)
ot oz 2 Ox2 '

This equation describes the evolution of the density function 7.
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1.2.1 Kushner-Stratonovich eqaution

The solution to the problem of non-linear filtering in continuous time is given by the Kushner-Stratonovich equation

[20]. The equation estimates Z; at time ¢ by combining noisy dynamics with noisy measurement and is given as follows.

o /o0) = o) + [ Ui/ + [ ool (= he) TR o) g — ) (10)
In differential form we have O O
() 2) = £ (o 22))dn + 7 ) (h = o) R (1) — i) (1)
where
(=12 +39° 2
and

he = [ h(z, t)me(z/z)dz .
The weak form of Kushner-Stratanovich equation is
dri[@) = me[€eldt + (me[p(x)h] — mohe) TR~ (t)(dze — hedt)]. (12)

We now consider the equation of evolution of the mean and covariance. For a function of z given ¢(x) and conditional

density m¢(x/2¢) the mean is

molp(@)] = / $(@)mi (/) da (13)

using the weak form of Kushner-Stratonovich equation(1.12) and taking m.[¢(z)] = ¢:(z) we get

Abu(e) = mlf SNt + Lmil? S 2]t + (maloh] — Gule) (R)™(8)(d=e — ). (1)

When we substitute ¢(z) with z, our equation becomes
di; = fedt + (me[zh] — &) R™(t)(dze — hadt). (15)

This is the equation for evolution of the mean.

The conditional variance is derived from

hence

dp: = dr|a?®] — di. (16)

It is now appropriate that we compute an expression dm; [x2] and di?.

Substituting ¢(z) for 22 in the weak Kushner-Stratonovich equation, we get

dmi[x®] = 2m,[wf]dt + me[g°)dt + (me]a®h) — me[2®]he) R (8) (dze — hedt). a7

Applying It6 formula of measurements
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dh = 8:[h]dt + V[h]"dz: + Str(g(ze, t)g" (z¢,)]V[h]dt
the equation becomes
di} = 20diy + (w[zh] — £ehe) >R (t)dt. (18)
Substituting from (16), we get
di; = 2, + (2&mi[xh] — 22°he)R™" () (dye — hedt) + (me[zh] — Zche)* R (t)dt. (19)
The evolution of covariance is developed from(7), substituting(17) and (19) in equation 16 we have
dpr = (2mi[wf] — 2d1 fo)dt + mi(g°dt — (me[xh] — 20he))*R™ (t)dt
+(me[a®h] — 224 [xh] — mi[a®)he 4+ 227 he) R () (dys — hedt).

2 Existing filters

We shall look at continuous time filters where there is no predictor- corrector formulation [15]. We begin by looking at

evolution of the mean and covariance in linear case then proceed to non-linear filters. Consider the linear model equation

Signal :  dxy = F(t)zdt + G(t)dBe; x4y, to <t (21)

Measurement :  dy, = H(t)z.dt + R? (t)dn, to <t (22)

where F(t)x¢ is a n X n continuous time matrix and G(t) is an n X m continuous time matrix ,B;,to < ¢ is an m
Brownian motion. H(t)z; is 7 X n continuous time matrix,R(t) is an r X r matrix ,n;,t, < ¢ is r dimensional Brownian

motion vector. The Kushner-Stratonovich equation (11) can be used to derive the Kalman Bucy filter. Multipying

equation(11) by z with and integrating over it we obtain &
di = F(t)@dt + PoH (t)(dye — H(t)2dt). (23)
In the same manner the covariance equation is as follows.
dP; = F(t)Pdt + P,F" (t)dt + G(t)G" (t)dt — P.H" (t)R™" (t)H (t) P.dt. (24)

Equation (3) and (4) are the continuous time linear filtering equations known as Kalman Bucy Filter (KBF)[14]. It gives
an optimal estimate of (z) given Y. The Prediction step is given by: The mean estimate dZ: = F(t)Z+dt
and Covariance estimator, dP; = F(t)Pidt + P,FT (t)dt + G(t)GT (t)dt.
The Additive term Summarises the new measurement in the predicted estimate.
P,HT (t)(dy: — H(t)&:dt the analysis step is made up of the Kalman gain k; = P,H” (t)R™(¢)
and the Innovation dy; — H (t)@¢dt. Through these equations one can compute an estimate of z [3].
The Kalman Bucy Filter is optimal for linear systems [1], but it is not optimal in non -linear systems. Hence

extensions of KBF to non-linear systems have been sought for example EnKF and Extended Kalman Bucy Filter.

2.1 Bootstrap Particle Filter

Particle filters solve filtering problem by using Monte-Carlo methods to numerically approximate estimates of the mean
and covariance. Particle Filter approximates the posterior distribution p(zt|y1:+),with a set of particles N; = (Xf,wi),

i=1,...,N [17] where z! is the dynamic state. w! is the weight of the particle in time t y1.; measurement

P(ailyre) = Zwiﬁ(wt — xp). (25)
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The most applied Particle filter is the Bootstrap particle filter[8]. This is due to their simplicity. It is an applied filtering

algorithm which approximate the filtering probability density p(zk|vo....,yr) by a weighted set of M sample (wj,z})

i€el,....., M. The importance weights wi are approximations to the relative probabilities. The Bootstrap Particle filter

algorithm can be summarised as follows.

Algorithm 1 Bootstrap particle filter

Input: 6&t,a,M N7, ,m, and z
Output: {z},},:0;

1: Obtain z}, ~ 7y, (:1:§0|:1:§n 1)

2: Asgsing initial weights -u-'éﬂ = %

3: forn=1to N,§t >0 do

4 Obtain zj ~ m, (:1:§H|:1:}” 1)

5: Calculate weights w} ~ m, (Sys,, |x} ) wi, |
6: Normalise the weights to obtain {af.'gn ’;‘il
- 1 . Y — 1

T: Calculate ESS;, AT

8: if £S5S;, < a then

9: Re-sample the particles

10 Set the weights to wi = {7

11: end if

12: end for

2.2 Ensemble Kalman-Bucy Filter

The Ensemble Kalman Bucy Filter is based on particle filters. EnKBF is designed for time continuous models. Estimates

the covariance using Monte Carlo techniques. It draws M ensembles members (mio)M , which are used to approximate the

i=

conditional density [10] . The z* is propagated according to the equation of evolution of the mean in KBF as follows[1]

dat = F(O)aidt + G)dfi + PMHT (R (t)(dye + R2 (t)ni — H(t)z\dt).

The ensemble mean is given by

. 1 i
Ty = M ;mt.
The covariance is estimated as
M
1 .
PtM — M1 Z(wt — act)(mt — CCt)

2.3 First Order Extended Kalman Bucy Filter (FOEKBF)

The scalar form of 1 and 2 gives us
Signal :  dxy = f(ze)dt + g(t)()dBe; x4y, to <t

Measurement :  dy; = h(z)dt + R? (t)dn, to <t
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By substituting g(z,¢) with g(¢) with corresponding derivatives. The first order approximations of equations 16 and 20
in Taylor series expansion about the mean [13] yields,

diy = f(2¢)dt + P,V [R](2:)R™(t)(dye — h(#:)dt) (31)
dP, = PV[f]" (Zdt + V[f](2:) Pedt + g(t)g" (t)dt — P,V [R])" (#)R™ " V[h](i+) Pedt. (32)
Where V|[f] = ;% Vih] = gTh;

2.4 Second Order Extended Kalman Bucy Filter(SoEKBF)

In similar manner of finding FOEEKF we apply Taylor series expansion of the mean estimate to second order[13] . This
gives us SOEKBF,

dir = fandt+ 3 A\ (@ Pt + PV @R (0)(dyn — (@) + 5 AlB @) ) (33)

dP; = PV[f]" (#:)dt + V[f] (i) Pedt + g(t)g" (t)dt + =P,V [h]" (#) R~ V[h](i¢) Pedt
(34)
%PtA[h}T(:%t)R*l(t) (dye — (h(2+) + %A[h](itpt)dt)Pt

where A[f] = _0°f_ and Alh] = ?527?6x]‘

S0

3 Derivation of the filter

We shall make a few assumptions as we develop our filter. We strict ourselves to linear and non-linear models with an
assumption that probability densities and conditional probability densities are Gaussian. We shall make approximations
based on Taylor series expansion and Monte-Carlo methods. Approximations are necessary due to the nature of high
dimensional data [18]. We therefore review the derivation of the second and first order direct approximations to the
equation of evolution of the mean and covariance using Taylor series expansion about the mean [[13];[4]]. What is more,
we derive sequential Monte-Carlo approximation to the solution to the non-linear filtering problem. The imperfection of
the models can be dealt with by quantifying the uncertainty. The uncertainties in the model are mostly represented as
random variables, and are referred to as noise in the model. The setting is that of stochastic differential equations.
Suppose it is required of us to obtain an estimate of the state, x¢, given the measurements history, Yi;t < to. This calls
for the use of conditional density functions. Happily, these functions have been established,together with their evolution
of the first and second moments.

Consider the following continuous state space models that can be expressed, in It6 form, as follows.

Signal : dxy = f(xe, 0)dt + G(xt)Q%(t)d/j't; x¢, = x(0), to <t (35)
Measurement : dy, = h(z)dt + R% (t)dn, to <t (36)

where: .
The state vector ¢, at a given time ¢, evolves in time according to a function f, of the state vector ¢t. The uncertainties

and imperfections of the model are as much as possible captured in additive term, G(a:t)Q% (t)dB:, where B, t < to is

Brownian motion process. The model equation (3.1) is an expression of a non-linear continuous state space model. Given
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Term Name Dimension
Ty State vector nx1
f(z,0) drift term nx1
0 vector of parameters dx1
G(zy) matrix function nxm
Q(t) time - function matrix mx m
B,t >ty Brownian motion process mx 1
Yt output vector rx1
h(xy) measurement function rx1
R(t) time- function matrix TXT
n¢,t > 19 Brownian motion process rx1

the initial value of the state x:, the subsequent states in the model can be obtained by formal integration. This involves

solving the model each time. The state at a given time depends on the state at the previous time and nothing else about

the past states, this model is hence known as the Markov model.

The model is said to be deterministic if it does not include randomness in any of it’s terms;otherwise it is said to be

Stochastic.

3.1 The mean and covariance

Mean and covariance correspond to the first and second moments, respectively [13]. A moment, by definition, is the

expectation of a function, say, ¢(z), with respect to a given probability density. For the system (35) to (36), the mean,

Z¢, and the covariance, P; satisfy the following equations.

diy = fdt + (z:hT — & hTYR™ () (dye — hdt),

‘f’.to = 1'(0),

(AP = (@:fi = dafo)dt + (Fiay — fid)dt + (GQGT)iydt — (wih — )T R (hary — hity)dt
+(wiwsh — ETih — diwsh — &jwih + 22:0;h) R (£) (dy, — hdt), Py = P(0)
The equations 37 and 38 are the exact equations of the evolution of the mean and covariance[13] .

For clarity of exposition, we use the scalar case of the system (3.1) - (3.2) - which we now write as follows.

Signal : dxy = f(z1,0)dt + g(xt)q%dﬂt;xto = z(0), to <t,

Measurement : dy: = h(x:)dt + r%dnt, to < t.

The corresponding equations for evolution of the conditional mean and variance, for the scalar case, are :

diy = fdt + (zeh — 2:h)r L () (dys — hdt), 310 = 2(0),

(dps) = 2(xf — &f)dt + (qg2dt — (zh — #h)%r ™! + (22h — 22h — 23xh + 28°h)r ' (dy" — hdt), 5.5cmdpo = p(0),
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where f = [ f(z)p(z|V:)dz.

Solving the system (39) - (40) gives an exact filter. The solution,however,involves calculating conditional expected

values, which can be forbiddingly infeasible, seeing that they involve integration over non-linear functions. Which is

why we resort to approximation of expected values. In the following, a second order approximation of the exact filter is

formulated by negating terms of third- and higher- order.

3.2 Second-order approximate filter

. We summarise the result below and proceed to show how we arrived at it.

Theorem 1. (Second - order approzimate filter). Suppose f(x) and h(z) are continuous functions, whose first and

second order derivatives, fz, fzz, hz, hza, Tespectively, exist. Then the second-order approrimation equations for the

exact filter equations, (40) - (41), neglecting the third- and higher- order derivatives and moments, are:

dz: = f(&)dt + %ptfm(:idt + pha (&)r~ " (t)(dy: — (hE) + %pthm (%)),

dpe = 2pfa(&)dt + (a(t)g” (&) + pd(t)g7 (2))dt — (peha(2))*r ™"

proof. By Taylor expansion about &, we have

J@) + (@ = (@) + 5@ = ) fua(@),

=
&
2

h(@)  h(@) + (2 = 8)ha + 3 (2 — ) hea(d),
a(0)9 () ~ 4 (9(8) + (&~ 2)ga (0 + 3 (&~ £)02a(2))
2f (@) % 2 f (@) + 2o ) fol®) + 32(o — ) fou ().

Taking expectations and noticing that p = (ac/—\ai‘)2 = x(:c/;\a%), and that (x — &) = 0 leads to

f o f(@) + e ()

h =~ h(z) + %phm(:f:),
a(hg ~ a(t)g’ (@),
£ — & & BF(E) 4 pfe(E) + 0 feal®) ~ 20— Spf(E) = pL(D)

It now remains to obtain the approximation of the term z2h — 22h — 2%zh +222h. By Taylor expansion

—

2~ 42

+ (z — #)°.

Using (3.12) and (3.19)
22h = [(2° 4 (¢ — £)22 + (x — 2)°) (W& + (@ — Eha (&) + %(1’ — &) haa (8))]

= #%h(2) + L@ Phaa(?) + 20pha(F + Ph(2)
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Similarly
Fh [ + (o = 97 (@) + (2 - Dha(d) + 1 (2 - ) hec (@]
= (&% + P)(h(3) + (0 — &) + 5 (7 — #)*haa(d)), (55)

1 1
= &°h(&) + ifzphm(fc) + ph(z) + 5pzhw(;z).

The remaining term, —2izh + 2£2ﬁ, can be written in the form (3.18) , with h replacing f, which simplifies it a great
deal. That is,

—

—2izh + 2i%h = —23(zh — &h),

(56)
~ —2&phs (%)
Now collecting like terms together, we get:
—_— —~ <1
x2h — 22 — 2&xh + 22°h = §p2hm(§c). (57)

The approximate filter for the exact filter (41) - (42) is obtained by replacing the expected values of the terms with
their approximations, which have been developed above. Second-order approximate filter for the vector case have been
developed in[[4],[13]]

3.3 First-order approximate filter

The equations for the first-order approximation of the exact filter are summarised in the following Theorem.

Theorem 2. (First-order approzimate filter). Suppose f(x) and h(x) are continuous functions whose first order
derivatives, fo and hg, respectively, exist. Then the first-order approximation equations for the exact filter equations,

(3.7)-(8.8), omitting the second and higher central moments, are:

die = f(&)dt + pha(&)r~" (t)(dy: — h(2)dt, (58)
dp, = 2pfo(#)dt + (q(t)g” (&) + pa(t)g2 (2))dt — (peha(2))%r " (59)

Proof. Set to zero the second order derivatives of f(x) and h(z) in the equations for second-order approximate filter
above. O

3.4 Second-order ensemble filter

Drawing inspiration from the formulation of ensemble Kalman Bucy Filter [[5],[7]], we devise an ensemble filter for
non-linear models based on the second-order approximate equations developed above. In fact, it is possible to come up
with a first-order and higher-order ensemble filters corresponding to the relevant approximate filter equations. The idea
behind ensemble filters is to have, say M, hypotheses of the state, which we denote as X; := w,’gf\il at a given time,t. In
the prediction step,the hypotheses are propagated according to the model signal. An update is achieved using a relevant
minimum variance equation-or its approximation. The empirical mean Z: and covariance p;, are respectively, obtained

as follows.

1 &
@tIM;l"t% to <'t, (60)
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1 i a2
pr = Z(mt — B4)%; to < t. (61)
M—-1 pt
The propagation of each particle z¢,in the second-order ensemble filter formulation for scalar model system, (3.5) - (3.6),
is given by,
i i i i iy, — i 1 i
dzy = f(zy¢,0)dt + g(wt)ql/z(t)d,b’t + pha ()™ () (dy: — (h(z}) + ipthm(xt))dt); to < t. (62)

This is the Second order Extended Ensemble Filter (SOEEF), our new filter.

4 SoEEF Performance

The performance of the new filter SOEEF was tested using Lorenz 63 system of differential equations. Lorenz 63 is one of
the most well-known chaotic systems, and it was originally derived by Edward Lorenz [20] [16] . The stochastic Lorenz
63 model,is given by

Z—f =o(x2 — x1)
d
Y= 2i(p— w3) — a2 (63)

dt

z
— = X1T2 — b$3

dt

with o =10, r = % and b = 28 these constants determine the behaviour of the system. The three variables (1, z2, T3)
evolve overtime and are sensitive to initial conditions leading to chaotic behaviour. This chaotic behaviour is similar to
noise. Lorenz 63 are used to test data assimilation methods due to their sensitivity to the initial conditions. This means
that a slight change in initial conditions of the variables leads to a significant change in the outcome. This was repeated
with four other filters namely;Bootstrap Particle Filter (BPF),First order Extended Ensemble Filter (FOEEKF),First
order Extended Kalman Bucy Filter (FOKBF),Second order Extended Kalman Bucy Filter (SOEKBF).

4.1 The Results

Fig. 1 represents the plot of RMSE (y-axis) against the reciprocal of ensemble of size M (x-axis). The figure has four
different types of filters, the Bootstrap Particle Filter (BPF) represented by blue line, First order Extended Ensemble
Filter (FOEEF) represented by green line, First order Extended Kalman Bucy Filter (FOEKBF) represented by orange
line and the Second order Extended Kalman Bucy Filter (SOEKBF) represented by purple line.
The aim of the fig 1. is to compare the performance of the SOEEF against the other four filters. We can observe that
as the number of ensemble size increases, the RMSE of BPF increases while that of FOEKBF,SoEKBF, FoEEF and the
SoEEF decreases. However, SOEEF has the lowest RMSE as the ensemble size increases. This indicates that our filter,
the SOEEF, performs better as it has a low RMSE.

The sizes of the ensemble used are 10, 15, 22, 26,29, 34,41, 46, 49. Other settings are as follows: dt = 0.001, R = 0.17,
and g = 0.2
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;X 107 Comparison of RMSE of Different Filters
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Figure 1: Root mean square error for the reciprocal of Ensemble.

Filter Estimate

0 5 10 15 20 25 30
Time
Filter Error
BPF
FoEKBF
SoEKBF

FoEEF
—— SoEEF

0 5 10 15 20 25 30
Time

Figure 2: Filter estimate and filter error for z(1) in Lorenz 63 model
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Fig. 2 has two plots. The first plot is the comparison of the trajectory of true state generated from x; the first
variable of Lorenz 63 and the trajectories of evolution of new SoEEF (light blue) with the trajectories of FOEEF(green)
SoEKBF (purple),FOEKBF (orange), BPF(red).The paths are analysed on filter estimates using nine ensemble number
that are measured between times 7' = 0 and T' = 30, with a time step of 0.001. The second graph is a measure of filter
error against times 7' = 0 and 7' = 30 for SOEEF (blue) model, FOEEF(green) model, SOEKBF (purple) model, FOEKBF
( orange) model, BPF (red) model in the first variable.

In Fig. 2, we observe that the filter estimate illustrates that there is no noticeable deviations in trajectory of evolution
between SoOEEF and the trajectory of the true state generated from Lorenz 63 model . It can also be seen that the four
other models, that is FOEEF SoEKBF, FOEKBF and BPF | also shows unvaried trajectories of evolution with both the
true state trajectory and SOEKBF model trajectory.

Filter Estimate

50 '
e T ruth
— BPF
g ol FoEKBF
o MV WWWY = S0EKBF
w———oEEF
——— SoEEF
-50 : . : . :
0 5 10 15 20 25 30

Time
Filter Error

BPF
FoEKBF
SoEKBF

——FoEEF
SoEEF

0 5 10 15 20 25 30
Time

Figure 3: Filter estimate and filter error for #(2) in Lorenz 63 model
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From Fig. 3, we observe that there is no significant deviation that occurs between the output of SOEEF model and
the output from other FOUR models as displayed in fig 3. SOEEF performs better than the other four filters.

Fig. 4 has two graphical displays with the first graph comparing the trajectories of evolution of new SOEEnKF FoEEF,
SoEKBF, FoOEKBFn, BPF and the trajectory of true state for the third variable in Lorenz-63 model. The trajectories are
conducted for Filter Estimates using nine ensemble number which are measured between times T'= 0 and T' = 30. The
second graph measures the output from filter error against times 7' = [0, 30] for SOEEF,FoEEnKF, SoEKBF, FOEKBF,
BPF.
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Figure 4: Filter estimate and filter error for z(3) in lorenz63 model 94

5 Conclusion

The experiment of SOEEF, FOEEF, FOEKBF and SOEKBF conducted on a three dimensional Stochastic Lorenz 63 has
shown that the performance of SoEEF, as also shown in RMSE plot, does not vary much from that of FoOEEF , FoEKBF
and SoEKBF. The graphical trajectories of SOEEF in the same three dimensional Lorenz 63 also show resemblance
with trajectories of FOEEF, FOEKBF and SoEKBF for the three variables, x1, 2 and x3. As it is known that, as the
dimensions increases, solutions to filtering problems become computationally expensive since it requires integration of
the equation of evolution of covariances. This cost is reduced in SOEEF, which registers a remarkable performance even
at low ensemble sizes (fig.1). In SoEEF, instead of integrating the equation of evolution of covariances, an empirically
estimate of covariances is preferred. This greatly reduces the computational cost as compared to FOKBF and SoKBF,
where integration of an equation of evolution of covariances is involved. SoEEF is favourable for parallel computing as
it does not need re-sampling as in particle filters.
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