Range Identification for Perspective Dynamic
Systems Using Linear Approximation

Lili Ma, Student Member, IEEE, YangQuan Chénand Kevin L. Moore Senior Members, |EEE
Center for Self-Organizing and Intelligent Systems (CSQIS
Dept. of Electrical and Computer Engineering, 4160 Old MadiH,
Utah State University (USU), Logan, UT 84322-4160, USA.
Email: i | i ma@c. usu. edu, {yqchen, noorek}@ce. usu. edu

Abstract— This paper presents linear approximation ideas to can be formally defined as: assuming that the motion parame-
range identification problem for a perspective dynamic sysm tersa; ; andb; in (1) for 4,5 =1, 2,3 are known, to estimate

(PDS). Using a recently introduced linear approximation t€h- s position of an object with an unknown initial condition
nique, the perspective dynamic system, which is a specialagls

of nonlinear systems, can be approximated by a sequence Offrom obse_rvatlo_r?s on the imaging sur_face [4]_' 51, [6]-

linear, time-varying (LTV) subsystems. Observer design poblem Range identification for a PDS via nonlinear observers

of the original nonlinear PDS reduces to the observer design has been proposed since 1990'’s. Typical nonlinear observer

of this sequence of LTV subsystems. For each LTV subsystem, applied to the range identification problem, referred to as

existing standard observer methods can be applied. perspective nonlinear observers hereafter, include wtifier

based observer (IBO) presented in [4], the state observer

(referred to as SMO due to the employment of sliding mode
Recently, vision systems have been used broadly inngethod) in [5], and the range identification observer (RI®) i

variety of applications, such as robot navigation, assgmbb].

line operation, and automatic video surveillance, due $o it For a general nonlinear system, observer design techniques

easy acquiring of data and the rich information in the datfall into the following categories:

Within these vision applications, it is always desirable t01) Assuming bounded or local/global Lipschitz conditions.

estimate motion dynamics of a moving object from image) |yapunov based design.

sequences, such as obstacle avoidance for robots and visgl | inear approximation based technique.

feedback for assembly line operations. Among various 37) vja transformations [7].

D motion estimation algorithms, algorithms that arise fI’OI'I‘Ilhe IBO and SMO observers belond to the first categor
control point of view has been established in perspective . g 1o gory,
while the RIO belongs to the second. In this paper, persgecti

I. INTRODUCTION

dynamic syst_em (PDS) fram(_awork. The PDS. IS a SPECId, hlinear observer design is pursued in the linear approxi-
class of nonlinear systems with linear dynamic system and._.. . : .
) . mation category, where the nonlinear system is approxiinate
homogeneous observation functions. i
. . : . : by a sequence of LTV subsystems. Observer design of the
With a stationary camera observing a moving object, w

. ) : . iginal nonlinear system reduces to the observer design of
assume that the object follows an affine motion described W{is sequence of LTV subsystems, allowing the use of well-

X(t) a1 aix  ais X(t) by known linear techniques [8], [9].
Y(t) = |as1 ase as3 YY) [+ [b2]|. (@) The paper is organized as follows. Section Il introduces
Z(t) as1 ase  ass Z(t) b3 the linear approximation technique and applies this tephmi

) _ ) ) to the range identification problem. For each approximation
Then, a typical PDS will consist of the above linear dynamig,psystem of the original PDS, observer design is carriéd ou

system with the following homogeneous output observatiorl%ing the LTV observer in [10], whose detailed procedures ar
X(t) Y (t) presented in Sec. lll. Section IV presents simulation tesul
vi(t) = 70 y2(t) = 70" (2)  of the linear approximation based observer with compasison
among several other perspective nonlinear observers éor th

Basic issues relating to a PDS include observability, identange identification problem. Finally, section V concludes

fiability, controllability problems [1], [2], [3], [4], andange paper.

identification task [4], [5], [6] etc. This paper concern® th

range identification for a PDS using linear approximation II. LINEAR APPROXIMATION TECHNIQUE

based nonlinear observers. The range identification pmoble\ |ntroduction to Linear Approximation Technique
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where the sequence of LTV subsystems converges on dimgar approximations specifically of the form:
compact time interval, uniformly in time, to the solution of .

the original nonlinear system under the condition of locaf”.” () = [i—1] bi — bagli1]
Lipschitz. Consider the following nonlinear system 11 =1 a12[i_1] L= 3:6} 1] 0
a21 az2 — @7 b[z 1b Tg - M (t)
i(t) = A(z)z(t) + B(x)u(t), 3) 0 0 ~Q ™Y — bya
y(t) = C(z)a(t), )
+[aiz az 0],
with z(0) = zo € R". The sequence of LTV approximations _B;'(t)_’
is introduced as [8], [9]: . 1.0 0 ] ,
ylil(t) = [O . 0] (),  2l1(0) = xo,
i'[?] (t) = A(xq)x[O] (t) + B(z)ul? (1), ‘ —
(1) = A@2l=U ()2l (1) + B2t @)ull(t), (4) C)
2O(t) = zg, fori =0, zll(t) =xo, fori>1. (8)

where z(=1(t) = o for i = 0, Q(t) = ass + am:al! +

Using the above linear approximations, global convergmcefl?»ﬁ[zl]a and B(t) andC(t) are constant matrices.
guaranteed in the sense that if the solution of the originatn
linear system exists and is bounded in the intefvat] C R,
then the sequence of LTV approximations converges unifprml Using the sequence of LTV approximations in (4), the
on [0, 7] to the solution of the original nonlinear system [9].observer design of the original nonlinear system can be
converted to the observer design of this sequence of LTV
subsystems. In [8], the state estimation of each LTV subsayst

is performed using the algorithm in [10] due to its simpiicit

Define y3(t) = 1/Z(t). The range identification problem'n implementation. For the range identification problem in
discussed is to estimaté(), or its inverseys(¢). Lety(¢) = concern, the LTV observer in [10] is temporarily adopted to
[y1 (), y2(t), y3(t)]T. The derivative ofy(t) is: illustrate the idea in this paper. Other LTV observer teqhes

can also be applied.

Ill. OBSERVERDESIGN FORLTV SYSTEMS

B. Linearization of PDS

U1(t) = a3 + (a11 — ass)y1 + ar12y2 — az1y?
—azay1y2 + (b1 — bay1)ys, .
Go(t) = ass + asiys + (aze — azs)ys — aziyiye  (5)  Consider (8) and assume temporarily that~'!(t) and
— asay? + (by — bsya)ys, yl(t) are known signals for theth approximation subsystem.
U3(t) = —(az1y1 + asays + as3)ys — bsy3. Each approximation subsystem can be regarded as a stand
alone LTV system in the form

(t) = A(t)z(t) + B(t)u(t),

A. LTV Observer for Each Approximation Subsystem

From now on, we use the vector variahléo denote the state

vector in (5) to be consistent with the general nonlineatesyis 9)
@3). y(t) = C(t)z(?),
After changing the variables, the dynamics (5) can Bghere A(t) = A(zli=1(¢)) is available sincezli=1(¢) is
rewritten in the form of (3) as: assumed knownB(t) and C(t) are constant matrices and
u(t) = 1. Based on these assumptions, the following sequence
' ann — Q1(?) a12 b — by of LTV observers can be constructed as in [8] using the
(t) = @21 agz — Q1(t) by — bsxs z(t)  observer design algorithm of [10] for the sequence of LTV
0 0 —Q1(t) — baws subsystems:
A9 00— 520y 1 GO () + Bl
+ [a13 a3 O] y 'r[] (t) - FZC (t) + G(.Io)lj (t) + B(IO)U (t)v
—_— Al ol Ao i i Bl i
7o) (1) = F3' (1) + Gl )yl ¢) + Blal =)l 1),
_ (1 00 _ 2l%(0) = zg, fori =0, zl(0) =m0, fori >1,
o=y 5 o|en a0 =z .
T with _
6) 2ty = Pty (1), fori>o0, (11)
with whereP(t) is a Lyapunov transformation to be designed. The
Q1(t) = azs + az1x1 + azz2xs. (7) matricesB, G, and F' can be calibrated fronP(¢) as to be
shown in equations (17), (20), and (22).
Applying the linear approximation idea described in See. 1l In the following, detailed LTV observer design procedures

A, the nonlinear system (6) can be replaced by a sequencearof10] are given for each LTV subsystem of a PDS. The



readers are strongly recommended to refer [10] for notation To calculatez(*~I(¢), more information is needed besides

and algorithms. =1 (t) andz[*=1(t). This is because:
Using the same variables as in [10], for théh subsystem, d
the observability matrix is i) = i E=1 ()],
N(t) = [N1(t), No(t)]7F, 12 , , a3
(6) = [V (6), V() 12) _d [ Aol 4 [m” s
where 0

= A2 () 4 Al ),
N1<t>=c<t>=[1 0 0},

0 10 In the above equation, the calculation Afzl"~-2)) requires
No(t) = C(t)A(t) ¢l"=2(t). Thus, the input to each LTV subsystem for the range
[i—1] [i—1] identificati blem includel*—2! dzli—2
a1y — Q! a2 by — by } [ en[?_l(l:}atmn prq[i_elr]n include"~2/(¢) andz*~#I(¢), as well
a1 g — Q[lzfl] by — b3x2171] : asz""H(t) and &~ (¢).

(13) 2) Choose the desired eigenvalu€s;, \2, \3). The re-
If N(t) is of full rank and if one row ofN,(t), say the first sulting coefficients of the characteristic polynomial are
row, is always linearly independent with the two rows’of(t) (5o, 51, 52) in the form of
for all ¢ € [0, 00], we can form a matrixV (¢)

n

—\n n—1
) . 0 0o H(A—A»—A + Bt N+ BA+ Bo. (19)
NO) = |an—Q @) aw bi—bs2l ™|, (19) - i
0 1 0 3) Obtain G(t):
whose inverse exists with the following form: G(t) = (Ay — Az + A4)Cf1a (20)
) 1 0 0 where
N_l(t) = ['L—l]O 0 1 . - - = =
Q1 "(M)—an 1 —aip Ay =[A( 1), A5, 3)], Cy=[C(,1), C(:,3)],
bl—bgm[liil] bl—bgw[liil] bl—bgm[liil]
(15) 0 0 Go O (21)
It has been noticed that the observability indices are= As=10 1|, Ay= |8 0],
2 and n, = 1. A Lyapunov transformationP(t) can be 00 B2 0
constructed as B B
and whereA(:,4) and C(:, j) denote thei-th and thej-th
P(t) = [A{t)a; —d1, o1, agl, (16) column of A andC, respectively.

- 4) F(t): Using the above design proceduré¥t) becomes
wherea; anda; are the 2-nd and the 3-rd column &F1(¢),

respectively. B —Bo 1 0
After getting P(t) and following the algorithm procedures Fit)={-p 0 1]. (22)
in [10], we have: —fB2 0 0
1) Obtain A(#), B(t), C(t): B. Comments on Availability of Signals
A(t) = P~1(t) (AW P(t) — P(b)), In the LTV observer (10), it is assumed thag, z'~(2)
B(t) = P~1(t) B(t) = P~(t)[a13, as3, 0]7, (17) and yll(t) are known signals for the-th approximation
C(t) = C(t) P(t). subsystem. Unfortunately, the signais ='=)(¢) andyl(¢)

are unknown from the original nonlinear system (6). If

From (17), the calculation ofl(t) requires the calculation o, A(z), B(z) are all assumed known, all the information
of P(t). If N(t) is a constant matrixy; andas are constant of the original nonlinear system is available and there is no
vectors. ThenP(t) becomesA(t) a1, a1, ], which contains need to construct an observer. In other words, the fundahent
at mostzl'~1(¢). In this case, the calculation dP(¢) only nature of an observer is messed up using the “observer” in
requires '~ 1(¢) besideszl*~(t). However, if a; is not (10).
constant, but having terms af(*~!(¢), we are in a more  Then, how the linear approximation technique can help for
complex situation to calculaté!”~(#). Notice that in the the observer design of an original nonlinear system? For the
linear approximation framework, the input signdi~*(t) to PDS in (6),C(z) is a constant matrix. Outputs of the sequence
thei-th subsystem has no analytical formula, which is differef LTV subsystems will converge to the actual outpgqt) of
from the situation whem(¢), B(t), C(t) in (9) has analytical the original nonlinear system. That is:
formulae oft, where the matrixP(¢) is also in an analytical ,
form and its derivative?(¢) can be calculated straightforward. lim yl(t) = y(t), asi— oc. (23)

t—o0



By replacingy!® (t) with () andzl*~(¢) with 2= (¢), we _
construct the following sequence of LTV observers, which we2) Motiony:

call LAO for an abbreviation of linear approximation obsarv X —1.7073 —0.6368 —1.05407 X 0.5
L [0] _ 0] - ~ Y| = { 0.2279  —1.0026 —0.0715| | Y | + 0.25} ,
T . t)y=Fz '(t)+ G(I6) y(t) + Bu(t), Z 0.6856 —0.1856  0.2792 Z 0.3
LAO S 3y = P30 + Gali-U) y(e) + Bu), [Xo, Yo, Zo]T = [0.4,0.6, 1.0]. o6
. 26
01(0) — 4 - [1(0) = o/ S
v2(0) = @, fori =0, #%(0) = ap, fori > (12’4 In this section, the linear approximation technique is first
with implemented to verify/show, via example, how th&!(t)
j[i](t) _ P(t)ﬁ:m (t), fori> 0, signals in (4) converge to the statgt) of the nonlinear

system. Secondly, detailed experimental results are prede

wherewu(t) andy(t) are the input and output of the originalfor the LAO observer's convergence using the two motions
nonlinear system (6):"~"() is the state estimation from thein (25) and (26), where we again emphasize that the state
(i-1)-th subsystem. _ estimates:(] () in (24) converge to the actual statét) of the

In (24), the state estimate is denoted§(¢) as an abuse nonlinear system, not thel (¢) in (4). Finally, performance
of the variable. It is worthy emphasizing thalt! () is not the comparisons of our LAO with the other three perspective
estimate of:[il (t), but the estimate of statgt) of the original nonlinear observers are presented.
nonlinear system. Besides, the initial conditions of ea€h L
subsystem are chosen to bg, which is different fromz,. A Smulation Validation of Linear Approximation Technique
As noticed, based on the linear approximation techniques, aGiven a nonlinear system (3), if all the information about
sequence of observers needs to be constructed. Fortynataly system is known, i.e., its initial condition, its stuue, its
this drawback is not that severe due to the modularity featysarameters, and its input, then a sequence of LTV subsystems
of each observer. can be formed, as illustrated in Fig. 1. In each subsystefmeof t

The application of the LTV observer in [10] requires thgequence, it receives’~'(¢) signal from its previous block
LTV system to be uniformly observabléV(t) is invertible) such that the matriced(z* = (t)), B(zl'=1(t)), C(zl= 1 (t))
and have a lexicographic basis (one row A(t) in (13) can be determined. In this way, each subsystem becomes a
must always be able to form a x 3 nonsingular matrix LTV system.
with N7 (t)). Obviously, the above observability condition of
the LTV observer imposes restrictions on .the over{:\!l LAOx [ . ErE R rE P
observer. LTV observers that have less restricted obsmtyab—T—» i R it
conditions, possibly with only mild Lipschitz requirement ———
thus need to be investigated and applied. Due to the above
mentioned restriction, the LTV observer in [10] is only tem-

porarily applied to illustrate the main point of this work. Using Motion, the states:l)(¢) for i = 1,2,3 are shown

That is, after applying the linear approximation technique, Fig 2. It is observed that the convergence pattern!®ft)

observer design of a nonlinear system can be reduced to {g%(t) is up and down around(t), and finally converges to
conventional observer design of a sequence of LTV systems,

Remark 3.1: The linear approximation based observer can'
be applicable to general nonlinear systems that satisfynitte X fori=010°¢ X fori=010°¢ X fori=010¢
local Lipschitz condition for linear approximation, notsju
a special class of nonlinear systems, as for which the 1B(
SMO, and RIO are designed. Further, for a PDS with possib
more general nonlinear imaging surface, this LAO can séll b’
applied. i e

x,

c

Fig. 1. A sequence of LTV subsystems of a nonlinear system.

oo 7 xa(t)
/ [ A 3]

xa(t)

IV. SIMULATION RESULTS AND DISCUSSIONS

Simulation results of the LAO observer are presented along Fig. 2. ', 5(t) of (8) underMotion without noise.
with three other perspective nonlinear observers, the 180 [
SMO [5], and RIO [6], for a PDS system when the target i
moving according to the following affine motions: § Performance Study of LAO Observer

1) Motiony: Block diagram of the LAO observer is shown in Fig. 3,
; where the inputs to each observer module include: 1) the

X —0.2301  0.4043 —0.57697 [ X 0.5 e :
Y| = { 0.1276  —0.3003 02839 | |V | + 025} _actual output of the original nonlinear system, 2) the con-
Z 0.2450  —0.4247  0.4319 Z 0.3 ] trol input, and 3) P(t), F(t), B(t),G(t) calculated using

ali s [i—1 . N s [i—2 .
[Xo, Yo, Zo)” = [0.4,0.6,1.0]”. 2li=1(t), & (t) and possiblyzl2l(t), 2= "(t) signals.
(25) The “LTVObs” function, implemented by a S-function in



State estimates 0(t) fori=0to ¢ State estimates 0(t) fori=0to ¢ State estimates 0(t) fori=0to ¢
14 18

Matlab Simulink due to its demanding matrix manipulations” , 7 -

calculates theP(t), F(t), B(t), G(t) matrices in equations
(16), (17), (20), and (22). With the above calculated masijc “
the other part of the LTV observer module outputs the stal.

estimates according to (11).
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C. Comparison Among Perspective Nonlinear Observers

[
LE" i ] x| At the last part of simulations, a comparison between the
LAO and the other three perspective nonlinear observers is
Fig. 3. Matlab simulation block diagram of the LAO observer. performed using the two motions in (25) and (26), where the
simulation results are shown in Figs. 8 and 9, respectively.

Under Motion; and Motion, the LAO observer is tested !N these comparisons, we usg = [0,0,0]”. The observer
in the cases of no noise and with uniform noise bounded Brameters for the other three observers are listed in the
+£10~2 with two different initial conditionsz/, = [0,0,0]” fol_lqwmg using the same variables as in the corresponding
and zj, = [~1,2,1]T. In this paper, only simulation results®riginal papers [4], [5], [6]:
with =, = [0,0,0]7 are presented to save space and maintaid) 1BO: M = 10,G =10,y =1, A = Izx2, P = —I2x2/2,
clarity. The design parameters for the LAO observerare- whereI> denotes the identity matrix of dimension 2.
-1, Ao =-2, A3 =-3.Thatis,3) =6, 51 =11, B2 =6.  2) SMO: M = 10, = 5,01 = ap = 10,01 = &2 =

In Fig. 4,j:[f_}2 5(t) fori =0,...,9 are plotted together with 0.2,A1(0) = A2(0) = 1.
their true state trajectories for the ideal case of no ndise. ) RIO: 71 =72 =30, ka1 = ks2 = 5,00 = ag = 5.
extensively test the LAO observer, the simulation time is séhe above observer parameters are selected based on a simila
to be 80 seconds. It is observed thatiaecreases;i:[f_]w(t) converging speed in the absence of noise along with acdeptab
reachz; - 3(t) closer and closer. The LAO is also tested wheperformance in the presence of noise.
the output is corrupted with uniform noise boundedtby0—2,  Figures 8 and 9 show the state estimation ersg(t) —
as shown in Fig. 5. Compared with Fig.ﬁ[f_]Q 4(t) in Fig. 5 #3(t), for all the four observers. Note that in Figs. 8 and
are more noisy, but still showing good convergence to thél #7(t) is taken asi(t) for the LAO observer. In Fig. 8,

true trajectories. the plots in (a) and (b) are the comparisons among the four
observers in the ideal case of no noise, while (c) and (d) show
State estimates o) for 1= 0o Stte estimates () for 1= 0o  smeesimaesonori-one L€ COMparison in the presence of uniform noise bounded by

+10~2. Similarly, in Fig. 9, (a) shows the results without noise

|

and (b) with uniform noise. Notice that a different simubati

f ;,
\\ ! \ A\ time (80 seconds) is used in Fig. 8 for the LAO for an

R & g = T State estimates 04(t) fori=0to ¢ State estimates 0,(t) for i = 0 to ¢ State estimates 03(t) for i = 0to ¢

@ () ©

Fig. 4. a”c[f}w(t) underMotion 1 without noise. \ MAY

it A s
e 8 tae o L -
The above simulations are also performed uditmfion 5,

where the corresponding results are shown in Figs. 6 and ., o = o o
respectively. The simulation time is set to be 20 seconds due i _ _ ‘ _
to the simple varying pattern of the system’s outputs. Fig. 7. &;5 3(t) underMotionz with uniform noise bounded by:10-2.



extensive testing of its performance. From Figs. 8 and Srit cestimation of the original nonlinear system is reduced tiages
be observed that the LAO observer has a slower convergiegtimation of a sequence of LTV subsystems, where standard
speed than the other three observers designed specifichligar methods can be applied. Since the linear approximati
for the PDS. Though different observer design parametdrased observer is applicable to a broad class of nonlinear
might result in different converging speed, it is not susy systems, when applied to the range identification problem,
that the LAO, which is based on the linear approximatioih has a slower converging speed compared to several other
technique applicable to more general nonlinear systemsldvononlinear observers designed specifically for a PDS. More-
not perform as well as the perspective nonlinear observenger, observability condition of the LTV observer imposes a
designed specifically for a PDS, as the other three observegstriction on the resultant overall observer. LTV obsesve
in comparison. with less restricted condition thus need to be investigated
applied in this linear approximation framework. Howevée t
X, estimate cfxwithout nojse - estipate clhounolse LAO observer proposed in this paper has a straightforward
Eauy ' iéM application to PDS with more general setup, e.g. with a ganer
. . imaging surface as in certain omnidirectional vision syste

REFERENCES

) ) [1] B. K. Ghosh and E. P. Loucks, “A perspective theory for imotand

shape estimation in machine visiondAM Journal of Control and
Optimization, vol. 35, no. 5, pp. 1530-1559, 1995.

’ = [2] B. K. Ghosh, H. Inaba, and S. Takahashi, “Identificatioh Riccati

s T poror e (E) weomoromen dynamics under perspective and orthographic observatitEEE Trans-

) o ) ) o ) actions on Automatic Control, vol. 45, no. 7, pp. 1267-1278, July 2000.

xg—esnmatenfganhumformnolse‘ x— estimate of xwith uniform noise [3] B. K. GhOSh and C. E Martin, “Homogeneous dynamical m

! [Lro |7 — a0 theory,” IEEE Transactions on Automatic Control, vol. 47, no. 3, pp.

s s 462-472, Mar. 2002.

5 s [4] M. Jankovic and B. K. Ghosh, “Visually guided ranging rinoobser-
. . vations of points, lines and curves via an identifier basedlimear
observer,"Systems and Control Letters, vol. 25, pp. 63-73, 1995.

[5] X. Chen and H. Kano, “A new state observer for perspectiystems,”
: : |EEE Transactions on Automatic Control, vol. 47, no. 4, pp. 658-663,

! e Apr. 2002.
o Y ASTESSC N VNS SR R SRR S A O [6] W. E. D. an Y. Fang, D. M. Dawson, and T. J. Flynn, “Range
o W m  w @ @ w7 @ 02 4 B 8 W 0 14 & 18 ® identification for perspective vision systems,” Rroceedings of the
© @ American Control Conf., Denver, Colorado, U.S.A, June 4-6 2003, pp.
3448-3453.
Fig. 8. Comparison of LAO with the other three perspectivailinear [7] X. Xia and M. Zeitz, “On nonlinear continuous observersit. Journal
observers undeMotiony with 2o = [0.4,0.6,1.0]7 andz), = [0 0,0]T: of Control, vol. 66, no. 6, pp. 943-954, 1997.
(a, b) without noise; (c, d) with uniform noise bounded Hy0~2. [8] C. N. Hernandez, S. P. Banks, and M. Aldeen, “Observerigdes
for nonlinear systems using linear approximationsylA Journal of
Mathematical Control and Information, vol. 20, pp. 359-370, 2003.
! ) ) o ) [9] M. Tomas-Rodriguez and S. P. Banks, “Linear approxiom&ito nonlin-
, Xg-estimate of ; without nois 5 xg-estimate of 3 with uniform nois ear dynamical Systems with applications to Stablllty al’ﬂ:ﬁﬂl theory,”
. 50| \ 5| IMA Journal of Mathematical Control and Information, vol. 20, pp. 89—
gy ke 103, 2003.
¢ ° [10] C. Nguyen and T. Lee, “Design of a state estimator for as<lof
‘ 4 time-varying multivariable systems|/EEE Transactions on Automatic
5 3l Control, vol. 30, no. 2, pp. 179-182, Feb. 1985.

"o 2 4 3 8 10 12 14 1B 18 20 0 2 4 3 8 10 12 14 18 18 W

(a) (b)

Fig. 9. Comparison of LAO with the other three perspectivmlirmar
observers undeMotionz with zo = [0.4,0.6,1.0]7 andz} = [0 0,07
(a, b) without noise; (c, d) with uniform noise bounded Hy0—2.

V. CONCLUDING REMARKS

In this paper, a recently developed linear approximation
technique, which replaces a general nonlinear systenms{sati
fying local Lipschitz condition) by a sequence of linear ¢im
varying (LTV) approximations, is used for the design of desta
observer for the range identification of a perspective dyinam
system (PDS). Using the linear approximation idea, state



