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Abstract — Due to unreliable communication between lowith intermittent measurements [18] or missing data [19] by
cal sensors and the processing center, packet dropouts ncaynparing the time-stamp of the received packet with the
happen during transmission. Two existing methods for lisurrent time. Correspondingly, existing methods can be ap-
ear minimum mean-squared error (LMMSE) estimation withlied directly. What may make the problem harder is that the
multiple packet dropouts were obtained completely or patime-stamp information may not be available in some cases
tially based on a stochastic parameter system construgted(see the formulationin [6, 7, 8, 9, 10]) and what is known to
augmenting the original state and measurement. They hdkie estimator is only the data arrival probability.

a high computational load, unclear measurement residual
characterization and tough requirements on initializatio
To overcome these, an alternative form of LMMSE estim
tion with multiple packet dropouts is derived. Under a Gaus:
sian assumption, the minimum mean-squared error (MMS
estimation with multiple packet dropouts is also derive%
Numerical examples are provided to compare performang
of the proposed estimators.

In[8, 9, 10], in order to have a similar form as the system
used by the Kalman filter, the original system with multiple
acket dropouts is converted to a stochastic parameter sys-
m by augmentation. Then by defining the stochaktie
rm of the system with stochastic parameter, the optimal
filters were designed through the linear matrix inequality
proach. In [7], by the innovations analysis approach, the
LMMSE estimation with multiple packet dropouts was ob-
ained completely from the same stochastic parameter sys-
em as in [8, 9, 10]. In [6], for a time-invariant system, by
designating the optimal estimator to be of a specific linear
. form and from the unbiasedness and minimum error covari-
1 Introduction ance properties of the optimal estimator, the associated co

With the emerging of sensor networks, traditional estim&fficient matrices were obtained. This sequential LMMSE
tion problems are facing new challenges. For example, dg@limator is based partially on the same stochastic parame-
to unreliable communication between local sensors and {i§& System as in [8, 9, 10]. The characterization of its mea-

processing center, packet transmission delay [1, 2, 3, 4,Ssfement residual part is not clear. The relying on a higher
and multiple packet dropouts [6, 7, 8, 9, 10] are usua@mensional stochastic parameter system increases the com

inevitable. Also, the constraints on communication ban@utational load of the estimators of [7] and [6]. Also, both
width, power consumption [11, 12] and computational Capgf their optimal initializations depend on information aibo
bility should be considered, which make the research on dig€ past two received data before the first physically reckiv
tributed estimation [13] and estimation problems with con§lata. This dependency seems to be too much for real imple-
pressed [14, 15] or quantized data [16, 17] necessary. ~mentation.

In this paper, we deal with state estimation in the pres-To overcome the shortcomings of the existing LMMSE
ence of multiple packet dropouts. As in [6, 7, 8, 9, 10kstimation methods with multiple packet dropouts, an al-
by multiple packet dropouts, it is meant that the receivegrnative form is derived first in this paper. Then under a
data is either the current raw measurement or the last Baussian assumption, the MMSE estimation is also derived
ceived data in a probabilistic manner. If the time stamp @y hard decision, which without the Gaussian assumption is
the corresponding raw measurement is available for eachir@tMSE with respect to (w.r.t.) the raw measurement se-
ceived packet, then this estimation problem reduces to af\gence without the unarrived packets. This MMSE estima-

*Research supported in part by NSFC grant 60602026, AROghroutlon method has tWO nice propertle_s. First, unlike the pro-
grant W911NF-08-1-0409, ONR-DEPSCOoR through grant Noama4- Posed LMMSE estimation method, its performance does not
1169, and NAVO through Contract # N62306-09-P-3S01. depend on the value of the initial data at the processing cen-
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ter. Second, it does not depend on the probability of the da@aday, By, do not depend oii.
arrival events. Numerical examples are provided to compareAlso we try to obtain the MMSE state estimation with

performance of the proposed estimators. multiple packet dropouts
The paper is organized as follows. Sec. 2 formulates the
problem. Sec. 3 summarizes two existing forms of LMMSE FYRE = Elagly*]

estimation with multiple packet dropouts. Sec. 4 derives an
alternative form of the LMMSE estimation. Sec. 5 discussésr some special cases.
the MMSE estimation with multiple packet dropouts and its

further relaxation. Sec. 6 provides numerical examples{.)p .
compare performance of the proposed estimators. Sec*7 Summary of two eXlStlng forms of

gives conclusions. LMMSE estimation [6, 7]

2  Problem formulation First, in order to have a similar form as the system used by
the Kalman filter, the original system (1), (2) and (3) is con-
verted to the following stochastic parameter system by aug-

1) mentation:

Consider the following generic dynamic system:

T = Fr o1 + Gro1wp—1

wherez;, € R", (w) is zero-mean white noise with co- Xi1 = FiXi + Gp W, 4)
varianceQy > 0, E[zg] = Zo, coMzg) = Fo, andxy is i = Hu Xp + 10k (5)
uncorrelated witHwy,).

The raw measurement observed by a generic local sengplere
is given by

zr = Hyxp + v, k=1,2,--- (2) Xe=[a vy FER™™ We=[wy v |
_ o | Tk 0

wherez;, € R™, (vx) is zero-mean white noise with covari- “% — [ veH i (1 — i)l ]
anceRy > 0, and(vy) is uncorrelated with:y and (wy,). ~ a 0 ~

Instead of estimating the state locally by usifg) di- Gy = [ Ok iIm } s Hy = vwHe (1—v)In |

rectly, they are transmitted to an estimator through an un-
reliable network where pac_ket dropouts are possible. It 'S&Jnderthe given assumption and from (4), it follows that
assumed that the data received by the estimator can be mod-
eled by: i
ck+1 = FrenF, 6
g =k + (1= )b @ O ¢ o ©
o . 0 0 0 0
where~; has Bernoulli distribution wittP{~, = 1} = pi + Prqk { H., — } Ck { } + Uk
andP{v; = 0} = 1 — px = qx, v« IS uncorrelated with all k
the other random variables, afig.) is a white sequence.
Remark: The data arrival probability;, is a measure of
the reliability and transmission quality of the network[@n _ . F 0
7, 8,9, 10], it was assumed thatis known to the estimator. Ck = =
But as shown later, there is no need to make this assumption
U, = [

where

for some estimators.
Remark:The assumption thaf, is uncorrelated with all
thg other random variables seems rea;onable for many s#ya it is assumed that
ations. But as shown later, whether this assumption is vali
does not matter for some estimators. Py+zox}y 0
Remark:ltis assumed thajy 1 is still available wheny; ¢ = { 0 0 ]
is received. This is also the casein [6, 7, 8, 9, 10].

Inthis paper, given only the first two moments, we firsttry | [7], for the augmented stochastic parameter system (4)
to obtain the LMMSE state estimation with multiple packednd (5), the sequential LMMSE estimate %f; was ob-

dropouts. That s, tained as follows through the innovations approach.
Prediction:
R A . R
x%’ﬁMSE = FB*[zi|y*] = arg  min MSE(&4,x)

Ty rk=ak+Br Yk A S
X1k = FeXpn

N 0 0 o o ]
MSE(X41)x) = Prar [ } Ck [ }
yk :{yla"' 7yk}7 Yk = [yia ay;g]l | Hk _I’m Hk _Im
MSE(Zy ) = E[(xr — Zpji) (@r — Tgi)’] + FRMSE(Xy ) Fy + U

where



Update:

Xipiprsr = Xepaje + Kip1€r41
€k+1 = Yk+1 — f_fkﬂXkH\k

Kip1 = MSE(X)10) Hp 1 Sty

Hisr = E[Hps1] = | pre1Hin

Sk+1 = Prt1qk+1] Hit1

[ Hypr —In |

+ Hipa MSE(XkJrl\k)EII/Hl + Prt1Ri41
MSE(X . 1j541) = MSE(Xp 1) — Kk 1Sk41 Kjpy

Qk+IIm ]

_Im ]CkJrl

with the initial conditions

5 _ o P 0
XO\—l :[ ‘TlO 0 ]/! MSE(XO\—I) = |: 00 0 :|

Finally,
Ferie = In 0 1 Xppn
Py =[In 0 MSEX;y)[ In 0]
Frpipr = [ Lo 0 1 Xpp1jem
Pojiprr =1 In 0 ]MSE(XkJrl\kJrl)[ L, 07

In [6], it was further assumed that
F,=F Gi=G, H,=H,Q,=Q, R, = R
Pe=p, Gk=q=1-p
By designating the optimal afy,; to be of the form
(7)

Trg1jbs1 = Py + Ky + Kk

parameter form (4) and (5) of the original system. Com-
pared with the original system described by (1) — (3), the
dimension of the state vector is increased froto n + m,

so the computational complexity is increased also.

Remark: The final form (7) of the LMMSE estimator in
[6] is not similar to that of the Kalman filter, so it is not
easy to analyze the measurement residual of this estimator.
For example, how big the measurement residual is and what
about its statistical characteristics are not clear. Asmek
information about the measurement residual is very helpful
for some hypothesis testing problem, e.g., data assogiatio
in target tracking.

Remark:To initialize the LMMSE estimator in [6], (be-
sidestg|o = Zo and Pyjo = Fo) yo as well asE[zoy’ ;] and
Ely_1y’ ], both assumed zero therein, is needed. To initial-
ize the LMMSE estimator in [7], (besideiy_, = 7o and
Poj—1 = Po) Elzoy_y], Ely-1y" 1], §-1)—1, MSE(§_1| 1),
E[(xo — Zo)—1)(y—1 — §—1)-1)'], all assumed zero therein,
andy, are needed.

4 An alternative form of LMMSE es-

timation

From the appendix of [20], it is easy to verify the following
two lemmas for LMMSE estimation.

Lemma 1 For a scalar-valued, if ~ is uncorrelated with
x andz, then

E*[yz|z] = E[y|E[z|2]
Lemma 2 For the LMMSE estimaté of =, we have
E[23'] = E[za'] — MSE(2)

With these two lemmas, besides the two forms of

and from the unbiasedness and minimum error covarialddMSE estimation obtained in [6] and [7], an alternative

properties oft 1|41, it was found that

oy, = (I, — pKiH)F

K = Py H'AL?

Ki = —qK;,

Pesijp = FPypF' + GQG!

Ay = p(HPyy1pH' + R) + ¢HGQG'H'
+q[ pH—HF qly, lep| pH — HF  ql,, |
+p?l H —LnJes[ H —In | +(1-p°)R

Peitjer1 = Popie — PKLAR(KY)

The one-step ahead prediction is

Try1e = Flpk
with the initial conditions

Zojo = Zo, Pojo = o

formis given in Theorem 1.

Theorem 1 (LMMSE estimation). Given py,
Th1lh-1 = E* w1 |y* '], Pooqjp—1 = MSE(Z_1jk-1),
an alternative form of the LMMSE estimatef for system
1)-(3)is:

Prediction:

Epppo1 = E*[wely* ) = Fao1@p— 15

Ppjr—1 = MSE(Zx-1)
=Fp 1P Fr + Gr1Qr1Gl 4
Updaté:
Erpe = E*[xr]y"]
= Egp_1 + Cjk‘k,l,gk‘k,lcgmfl§k|k—1
Py = MSE(Zy 1)

= Pyjp—1 — Cs Chp Ci

klk—1UkIk—1 "Gl e—1 ~ Thik—1,Tk|k—1

Uklk—1 = Yk — PeHEZpp—1 — QeYr—1

_ /
Remark: As can be clearly seen from the above, th@ae— ke = PrLrip—1 Hy,

LMMSE estimator of [7] is purely and the LMMSE esti-

1n the following A+ stands for the uniquisIP inverseof matrix A. It

mator of [6] is partially based on the augmented stochastégiuces tod —! wheneverd 1 exists.



C

Yk|k—1

= piHy Prje—1 Hy, + prRi + prai
(H,CrH] — HyEy, — ELH], + Dy_1)
Cr = Fy1Cr1F_1 + Gro1Qr—1Gl_q
Dy—1 = pr—1(Hp—1Cr—1Hj_| + Ri—1)
+ qr-1Dg—2
Ey = pr—1Fp1Cr—1Hj_1 + qu—1Fr-1Er—1

with the initial conditions

Zojo = Zo, Pojo = Po, Co = Py + oy
Do = Elyoyol, E1 = FoE[zoyy] + GoElwoyp)
Proof:

Giveniy,_yx—1 andP,_;;_1, it follows easily from the
property of LMMSE estimation that

Erpp—1 = E* [zely ]

= E*[Fy_12-1 + Grorwi—1|y" 1]

= Fr18p_1k—1
Tpip—1 = Tk — Tpp—1 = Fr1Tp_1p—1 + Gr_1wi—1
Ppjp—1 = MSE(Z—1)

=Fi 1Py a1 Fl_ + Gr1Qr1Gl 4

C

Yk|k—1

= COM(Gk(k—1) = Elfrik—17k 1]

= Eli) (HyPyjr—1 Hy, + Ry)

+ E[(v — pk)2](HkE[jk\k—ljgc\k—l]Hllc

— HyE[&yp-1Y_1]

— Elyr—18% k1| Hi + Elye-1951])

= pr(HiPyj—1 Hj, + Ry)

+ (pw _pi)(HkE[jklkflj;qkfl]Hllc

— HyE[(xr — Zrji—1)Yp—1]

— Elyp—1(zr — Zpp—1)'1Hy, + Elyp—1v)_1])

= pe(Hy Pyj—1 Hy, + Ri) + (pk — 1)

(Hi(Cy — Pyyjo—y) H, — HyEy, — ELH}, + Dj,_1)
= piHiPyjs—1Hj, + prRe + prdi

- (HyCyH}, — HLEy, — E}Hj, + Dy_1)

where we have used

Elxgx)] —

Bl 18] = Pyjp—1 = Cr — Ppji—1

Cp 2 Elzix),]

The LMMSE estimatoiZ* [z, |y*] always has the following = Bl(Fr-12k-1 + Gr1wp—1) (Fr12p-1 + Grawi—1)']

quasi-recursivéorm [21]

E*[ayly*) = E*[zaly" ", yal
= j}’c\k—l + Cik\k7117§k\k71O;Mk,lgkw—l
Py = MSE(Zyx,)

= Pyjr—1 — Cs

Trik—1,Tklk—1

Tk =

ct Ci

Yklk—1 "~ Tklk—1,Uk|k—1

From Lemma 1 above, we have

E*[ykly* "]

=yr — E*[ykzr + (1 = )yr—1ly
= Yk — E[w] E*[Hpap + vrly* ']
— B[l — v E* [yk—1|y*]

=Yk — PeHrTrp—1 — QrYr—1

Uklk—1 = Yk —
k—l]

Furthermoreg, ,—, can be rewritten as

Uklk—1 = Yk — PeHEZpp—1 — QeYr—1
= Y (Hrwg +vk) + (1 — %) ye—1
— peHiZpje—1 — (1 — pr)yr—1
= W Hyxr — pHiZrn—1 + vk + Pk — Y6)Yr-1
= Y Hrxr — Ve HpZrpp—1 + Ve HeZ g p—1
— P Hp @1 + vk + (Pr — Vi)Yr—1
= WwHrTgp—1 + (V& — Pr) HrB k-1 + Y10k
+ (P& = V) Yk—1

By the principle of orthogonality;y, ., is orthogonal to
Tpp—1 andyg 1. Thus

~ ~ /
Cik\k—lvgk\k—l = Cov(xklkflvyk\kfl) = kak|klek

=Fp1Cr1F,_; + Gp1Qr-1G)_,

Dy 2 Elyuyt)

= E(vezr + (1 = ve)yr—1) (vezr + (1 = ) yr—1)’]

= EMizez] + Elve(1 — ) 2k 1] + Elve (1 — v)ye—124)
+ E[(1 = &) *Yr—1Yp_1]

= peElzrz] + qrDr—a

= prE[(Hyxy + or)(Hezr + vk)'] + e Dr—1

= pi(H,Cy Hy, + Ry) + g D1

Ey, £ Elzyp_y)

= E[(Fr—12k—1 + Gr—1wWi—1)(Yk—12k—1

+ (1= Ye—1)yr—2)']

= E[(Fy—175—1 + Gr—1wi—1) (-1 (Hp—121-1 + vg—1)
+ (1= v5-1)yr—2)’]

= po—1Fe1Cr1Hy_ 1 + (1 — pr—1)Fy—1Ex—1

with the initial conditions

= Elxoz] = coV(zo) + Elxo|E'[x0] = Po + ZoZy
= Elyoy)
= Ez1y,] = E[(Fozo + Gowo)y})]
= FyE[zoy)] + GoElwoy)
O

Remark: It can be easily seen that whepn = 1, this
LMMSE estimator reduces to the Kalman filter.



Remark:It can be clearly seen that to calculatg,, we If y» = yx_1, then
do need bothy;, andy,_;. That is why we assume that

yr—1 IS still available whenyy, is received in the problem Tgpe = E[$k|yk] = Tp|k—1
formulation part. This is similar to what is done in differ- Py = MSE(Zy 1) = Prji—1
ence measurement method [22, 19] for estimation under au-

tocorrelated measurement noise. Otherwise (i.e., ifyx # yr—1)

Remark:Since two forms of the LMMSE estimation with &
multiple packet dropouts are already available in [6] ad [7°IF ~ Elarly”]
why derive still another one? There are three sources of mo- = Zk|k—1
tivation. The first is from computational consideratiorg th 4 Pk\klelg(HkPMklellq + R)(yr — Hydppr—1)
second is from the angle of measurement residual charae- _ MSE(Z ()
terization and the third is from the initialization perspee. klk klk
Compared with the two existing forms, a system of a higher — Piji—1 = Pujp—1 Hy,(He Pyjo-1 Hy, + Rk)+HkPk\k—l
dimension like the one in (4) and (5) and matrix operation Proof:
with a higher dimension like the one in (6) are never used, so. L .
the computational burden is reduced. The LMMSE estima-The prediction follows easily from the property of MMSE

tor of Theorem 1 is in a similar form as the Kalman filter angstimation.
. . . . From the total expectation theorem, the MMSE estimate
its measurement residual is well characterizedypy i,

Cs and Cy To initialize the LMMSE es- Of © an be written as:

“Tk|k—1,Tk|k-1 klk—17 1Y -

timator of Theorem 1, besides |, = Zo and o = Fo, Elzi|y*] = Elzslw = 1,y P{w = 1jy*}

we needE[yoy)], Elzoyy], Elwoyg) andyy itself, which is Bl = 0,55 P{ = 0ly*)

clearly easier to obtain than what is required by the two ex- TRl = U Y 10k = VY

isting forms. . .. From the property of a continuous distribution, it follows
As we know, LMMSE achieves the smallest MSE withiny, 54

the linear class w.r.ty*. Given only the first two moments Plz=yp1} =0

of other random quantities except, can we do betterthan _ _
the LMMSE estimator of Theorem 1 in terms of MSE? ThiVith this, we can easily see thatyjf = yx—1, then
answer is yes, as shown in the next section. k k

Pl =0ly"} =1, P{y = 1y"} =0

5 MMSE estimation and in this case the updated MMSE estimate;o$implifies

For an estimation problem involving intermediate decisiofP
hard decision may be worse than soft decision. That is also Elagly*] = Elzkln = 0,4*] = Elzy|y" ']

one of the reasons why soft decision based algorithms, e\ghich is nothing but the one-step ahead prediction;of
interacting multiple model (IMM) algorithm [23], are popu- |+ Yr % yr_1, then

lar in maneuvering target tracking, as opposed to hard deci-

sion based algorithms, e.g., variable dimension filter [24] y, = 2z, P{yx = 1|y*} =1, P{y =0]y*} =0

and input estimation (IE) algorithm [25]. But as will be

shown in the following, the best state estimation perfo@nd in this case the updated MMSE estimate;o$implifies
mance with multiple packet dropouts is achieved by haf
decision. Note that in this case hard decision is equivalent
to soft decision and hard decision can be done without an

decision error. And since the LMMSE estimation turns out to be the MMSE

Consider system (1) — (3). If we further assume that ggimation under the Gaussian assumption, it follows gasil
(wy) and(vy) are Gaussian distributed, then the MMSE egp 5¢

timation can be simply done as in Theorem 2.
Theorem 2 (MMSE estimation). If zg, (wy) and  Elzg|y*] = Elzg|v* 1, 26 = wi)

k—1
)

[2k|y*] = Bkl = 1,9"] = Elzely* ', 20 = ]

(k) arek?laussian distributed arld givein._qjp—1 = = Gapot + Pappos Hi(Hy Poyjoy H) 4Ryt
Elzg—1ly" ], Peo1g—1 = MSE(Zy_1x-1), then the _Hi
MMSE estimate ofz;, for system (1) — (3) is: (ke — Hidnge-1)
Prediction: if ye £ Y1
Erpp—r = Bloely* ™ = Fe@po1p Remark:From Theorem 2, the test of the equival . be-
: , quivalence be
Prjk—1 = MSE(Zy—1) tweeny;, andy,_, clearly has nothing to do with the dis-
= Fr1 P11 Fiy + Gio1Qi-1Gl_y tribution of =y, (wy) and(vg), so even if only the first two
moments ofcg, (wy) and(vy) are available, we can still use
Update: Theorem 2 to obtain an estimate of. The simple hard



decision between;, = yx_1 andyi # yx_1 is a nonlin-
ear operation and is not allowed in LMMSE estimation. It
can help reduce the uncertainty associated wijthso the
MMSE estimator should have bette_r performance_t_han the name explanation

LMMSE es.tlmator of The_orem 1. This |s_furtherv_er|f|ed by KE Kalman filter without packet dropouts
the illustrative examples in the next section. In this cése, MMSE-a MMSE estimator withoZ = 100
estimator is still optimal in the LMMSE sense, but not w.r.t. - —4

y* any more. Instead, it is optimal w.r.t. the raw measure- MMSE-b MMSE estimator withy, = 900

‘ ’ LMMSE-a | LMMSE estimator withs> = 100

ment sequencé; ) without the unarrived packets. b - o
Remark: It is clear from Theorem 2 that the test of the LMMSE- LMMSE estimator withr,, = 900

equivalence betweey). andy;_; has nothing to do with the
distribution ofv,. That is, we do not need to know the exact

Table 1: Estimators used in Figs. 1to 3

value ofpy, if () is a Bernoulli distributed white sequence. 45 ‘
Also () can be any binary random sequence, e.g., Markc 3 e eea
Chain ar \ —©— MMSE-b _
. . — — — LMMSE-a
Remark: It can be easily seen that performance of thi I — = LMMSE-bj|

LMMSE estimation algorithms in [6, 7] and the LMMSE o
estimation algorithm of Theorem 1 all depend on the valu Sk
of yo. But for the MMSE estimator of Theorem 2, its perfor-
mance does not depend on the valugobecause the only
use ofyy is for comparison purpose when is received.
Remark: As is clear from Theorem 2, state estimatior
with multiple packet dropouts as formulated by system (1)
(3) is easy since the MMSE estimate can be obtained bas
on the simply hard decision by comparigpgandy;_. For 0 10 20 3 a0 50
problems for which this comparison s legitimate, our sienpl
solution by Theorem 2 largely nullifies the existing work on
this problem. Figure 1: RMS error comparison with), = 0.8. Note that
Remark: Taken into account of the finite word length efMMSE-a and MMSE-b overlap with each other.
fect, performance loss will occur in the implementation of

Theorem 2 when a digital quantity is utilized in place of As is clear from the simulation results, the Kalman fil-

an analog one. This is due to the many-to-one mappi . . )
. achieves the best performance since there is no loss to
from analog to digital. However, performance loss shou X . .
be small for modern digital equipment based implement e raw measur_ement information. The d|ﬁ(e_r¢nce between
tion fhe LMMSE-a filter and LMMSE-b filter verifies that the

' LMMSE estimator of Theorem 1 depends on the distribu-

I . | tion and value ofyy. The overlap of MMSE-a and MMSE-b

6 lllustrative examples verifies that the MMSE estimator does not depend on the
In this section, we verify the effect af, and data arrival value ofy, and it is only used for comparison. Also, it can
probabilityp;, on the performance of our proposed LMMSEe seen that the MMSE estimator outperforms the LMMSE

RMS error

and MMSE estimators through numerical examples. estimator, as expected. The gap between the MMSE esti-
Consider the system (1) — (3), where mator and the Kalman filter discloses the effect of packet
dropouts over network transmission. Ags decreases, the
F, =0.95, G =1, wx, ~ N(0,Qx) gap increases. Also, as, decreases, the performance of
Qr=1,k=0,1,2,---,50 LMMSE and MMSE estimators becomes worse and their

_ _ convergence rates become slower. All these are because as
$0NN($0,P0), 1‘0:0, P0:20 . .
pi decreases, raw measurement packets will arrive at the es-
vp ~N(0,Ry), Ry =9, k=1,2,---,50 timator less frequently. Correspondingly, the estimatlis
. rely on the prediction more and more.
It is also known that

7 Conclusions

yo ~ N(5o,03), 5o =0 - o
In network based applications, communication between lo-

andyq is uncorrelated with:g andwy. cal sensors and the processing center is usually not plgrfect
All results in the following are averaged ovér000 reliable, so packet dropouts may happen. Two existing

Monte Carlo runs. forms of LMMSE estimation with multiple packet dropouts
Figs. 1, 2 and3 show comparison results of estimatorare based on a stochastic parameter system constructed by

listed in Table 1 fop, = 0.8, 0.5 and0.2, respectively. augmenting the original state and measurement. Concerning



KF

N\ —%— MMSE-a
—6— MMSE-b |{
- — — LMMSE-a
- — LMMSE-b

RMS error

Figure 2: RMS error comparison wigh, = 0.5. Note that
MMSE-a and MMSE-b overlap with each other.

4.5

KF

—%— MMSE-a
—6— MMSE-b _
- — — LMMSE-a
- — LMMSE-b

RMS error

Figure 3: RMS error comparison wifh), = 0.2. Note that
MMSE-a and MMSE-b overlap with each other.
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