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Dual-Mode Adaptive Neural Observer Design for
Pure-Feedback Switched Nonlinear Systems with
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Abstract—This paper addresses the control challenge for
switched nonlinear pure-feedback systems (SNPS) under
measurement imperfections and uncertain dynamics. A
neural observer framework simultaneously handles state
estimation and unknown function approximation during
measurement defects, including data loss and sensor saturation.
Utilizing the mean value theorem, the non-affine structure
is transformed to enable systematic backstepping synthesis
without linearization. Dual adaptive strategies for normal
operation and data-loss scenarios are unified via probabilistic
measurement modeling. Stability guarantees are established
through average dwell-time constraints and switched Lyapunov
analysis, proving uniform ultimate boundedness (UUB) of
all closed-loop signals. Benchmark simulations demonstrate
the controller’s efficacy in maintaining tracking performance
amid intermittent measurements and subsystem switching.
This approach extends existing methods by integrating neural
approximation, switching logic, and defect compensation into a
unified architecture.

Index Terms—Switched nonlinear pure-feedback system,
incomplete measurements, average dwell-time, uniformly
ultimately bounded.

I. INTRODUCTION

WITCHED nonlinear systems, characterized by
interactions between continuous dynamics and discrete
switching events [1], have become a focal point in
modern control theory [2]. Originating from hybrid
system concepts pioneered by Nerode and Antsaklis, such
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systems find applications ranging from power electronics
to autonomous vehicles [3]. The inherent complexity
of these systems arises from their multiple subsystems
governed by switching signals, necessitating specialized
control strategies [4-6]. Recent advancements in adaptive
backstepping techniques and common Lyapunov function
approaches have significantly enhanced state-feedback
controller designs [7, 8], particularly for systems with
unstable dynamics [9].

Pure-feedback architectures present unique challenges
compared to their strict-feedback counterparts due to the
absence of affine state variables in control inputs [10].
This structural characteristic complicates both virtual
and actual controller design, especially when handling
output constraints and stochastic disturbances [11, 12].
Contemporary studies have addressed these challenges
through nonlinear mapping techniques and adaptive tracking
control under arbitrary switching [13], yet critical gaps
remain in handling incomplete measurements and uncertain
dynamics.

Real-world  implementations  frequently  encounter
measurement imperfections caused by network-induced data
loss and sensor saturation [14]. While shared communication
networks reduce wiring complexity, packet loss and
transmission delays degrade system performance [15].
Existing solutions predominantly address either normal
operating conditions or isolated data loss scenarios [16],
lacking comprehensive frameworks that simultaneously
handle measurement saturation, data dropout, and subsystem
switching. This limitation becomes particularly apparent
in safety-critical applications requiring robust performance
under multiple concurrent disturbances.

This study advances the field through four principal
innovations:

o Composite measurement modeling:  Unlike
conventional approaches that treat data loss and
saturation separately [17], we introduce coupled
stochastic variables to unify these phenomena, enabling
simultaneous handling of perfect and defective
measurements through probabilistic analysis.

« Non-affine transformation: Leveraging the mean value
theorem, we resolve the intrinsic non-affine property
of pure-feedback systems, permitting systematic
backstepping controller synthesis without restrictive
linearization assumptions.

« Switching logic integration: By incorporating average
dwell-time constraints [16] with probabilistic stability
criteria, we establish sufficient conditions for uniform
ultimate boundedness under arbitrary switching signals
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and intermittent measurements.

o Hybrid estimation strategy: A switched neural
observer architecture is developed, combining radial
basis function networks for unknown dynamics
approximation with adaptive laws that differ between
normal and data-loss operation modes, overcoming the
complete state measurement assumption prevalent in
existing works.

The subsequent sections are organized as follows:
Section II formulates the switched pure-feedback system
with measurement imperfections and introduces neural
network preliminaries. Section III details the observer-based
backstepping controller design for both measurement
scenarios. Stability analysis via multiple Lyapunov functions
and dwell-time constraints appears in Section IV, followed
by comparative simulation studies in Section V. Concluding
remarks and future directions complete the paper.

Notations: R™ denotes n-dimensional Euclidean space.
The operator || - || represents the Euclidean norm for vectors
and the induced 2-norm for matrices. A{min,max} () extracts
extreme eigenvalues of symmetric matrices. E[-] and D[]
denote expectation and variance operators, respectively. The
Hermitian operator He(P) = P + PT applies to square
matrices. Time derivatives appear as yfik) = dFyq/dt* for
the reference signal y,4(t). The diagonal matrix Ij contains
unity at the k-th position and zeros elsewhere [18].

II. SYSTEM MODELING AND PRELIMINARIES

Consider a class of uncertain switched nonlinear systems
in pure-feedback form with partial state information,
governed by:

1 = fio(21,22) + d15(2)

j:n—l - fn—l,o’(-fn—la xn) + dn—l,o(t)
jjn = fno’(jnyua> + dno<t)

3
y=_ prtoi(wr), ()

k=1

where z; € R represents the system states, u, € R is
the subsystem-specific control input, and o(t) : Rt —
M ={1,...,m} is the switching signal. The measurement
conditions are given by p; + p2 + ps = 1, with p, €
{0,1}, where ¢1(21) = w1, ¥2(z1) = sat(z1), and
¥3(xy1) = 2 represent normal measurement, saturation,
and data-loss compensation, respectively. The unknown
disturbances d;, (t) satisfy |d;, ()| < dio.

The non-affine structure of the system complicates
controller synthesis. To address this, we apply the mean value
theorem [19]:

fio(Zisxiv1) = fio(Ti,0) + hpi®igt, 2
where h,; = %:1 S with z,; € (0,2;41). This

yields the transformed dynamics:

1 = fio(z1) + hp1ze + dio

jjn - fno’(j:n) + hunuo + dno

3
y= prtoi(w1). 3)

k=1

Measurement modes operate as:

e Normal mode (p; = 1): y = a3

o Saturation mode  (po = Dy =
sign(x1) min(|x1 |, Tmax)

« Data-loss mode (p3 = 1): y = | (last valid sample)

The switching logic follows average dwell-time (ADT)
constraints [20]:

T

N, (T) < No+ —, VT >0, “)
Ta

where N, (T') counts switchings in [0,7'), and 7, denotes the

minimum ADT. Control objectives require:

limsup |y(t) — ya(t)| < T, (5)
t—o0

with y4(t) being the reference trajectory. Key assumptions
include:

Assumption 2.1: The reference signal yq(t) and its n
derivatives remain bounded with ||y[(1k) | <Yi, k=0,...,n.

Assumption 2.2: Parameters h,; remain positive and
bounded: 0 < h; < hy; < h; < 0.

Assumption 2.3: The unknown functions f;, satisfy the
Lipschitz condition:

| fio (X) = fio (X)|| < qi[| X — X",

Radial basis function networks (RBFNs) approximate
unknown nonlinearities:

VX, X' eR.(6)

f(2)=wtS(2)+6(2),

where S(Z) = [s1(Z),...
functions:

16(2)] <, ©)

,51(Z)]" uses Gaussian basis

s;(Z) = exp (—

centered at x; € R™ with width ¢; > 0. The universal
approximation property [21] ensures arbitrary accuracy with
a sufficient number of nodes /.

III. CONTROLLER DESIGN AND STABILITY ANALYSIS

In systems exhibiting saturation or data loss, we address
how measurements behave when the system experiences
saturation, where the previous measurement is retained, or
when data loss occurs, where missing data is replaced with
the most recent valid observation. These two cases can be
unified under the concept of “data loss,” where the last valid
measurement is used to replace the current value. Thus, we
consider the design of state estimators and controllers under
two scenarios: normal operation and data loss.
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A. Estimator and Backstepping Control Under Normal
Measurement Mode

In the normal case, where the state variables of system (3)
are not directly measurable, we introduce a state estimator.
The estimator is defined as:

-%cl = flo’(t) (i‘cl) + h;tli‘CQ + lla(t) (ZU - 3}01)
i = fio@w)Tei) + Ppide,itt + Loy (y — Fe1)
Ten = fna(t) (%cn) + hunu + lno(t) (y - jjcl)a 3

where Z.;,7 = 1,...,n are the state estimates in the normal
case, and y = x7 represents the system output. The control
input for the k-th subsystem is wg, where £ € M. The
switching signal o(t) is defined as previously, with design
parameters l; ;¢ =1,...,n,k € M.

Let e, = T,, — Ten denote the estimation error in the
normal case, with the first component e1; = y — Z.1. Using
equations (3) and (7), the time derivative of the estimation
error is given by:

€c =Tn — Ten

A ec + AF (t) — L611 + da(t)

—@%M—L@%+Aﬂw+dmy )

where

0 hyy O ... 0

0 0 huy ... 0

Ak‘ e : '.. s

0 [

0 0
and L = [lig,.-sloi)?, ¢ = [1,0,...,0]T,A AF =
LAFlka .. .,AFnk]T, and AF;, = fik(fi) — fik(fci), with
di = [dig, -, dui] T

To assess the stability of the estimation error (8), we define
a Lyapunov function V,y = el Pe., where P is a positive
definite matrix to be designed. The derivative of Vg is:

Vo =2¢IP (A, — Le)ee + AFy +di) . (10)

USing Assumption 3 We have ”fza(t (fz) fw (t) (%w) “ <

qillec||, where e. = T, — Ten. Let Q = max{q }. Applying
Young’s inequality, we obtain:

2e’ PAF, < el P?e. + AFAF,

< eZPQeC + Qefec, (11)
_ 1 e
2eT Pdj, < —eT P2e, + 1ody, d
Mo
1 _
< nfecTPQechnolldeIQ, (12)
0

where 7 is a positive constant to be designed. Substituting
(10) and (11) into (9), we obtain:

Voo < el (P(Ax— Le)) + el ((Ax — Le)" P)
1
+€c ( +770P2>+ CT(QI)ec
o
+1o | |I* (13)
For ¢+ = 0,1,2,...,n, the RBF neural network

W2 Sei(Zei) is used to approximate both the unknown
nonlinear function and the control signal &, (Z.;) at each
step of the process. The constant associated with this
approximation is defined as:

0oi = max{||We|? : k € M}, (14)

where G.ix and Z.; will be introduced later. Since || Wi || is
unknown, f; is an unknown constant. Define 0.; = 0.; —éci,
where 6.; represents the estimate of 6,;.

Building upon these steps, the backstepping technique is
employed to derive the actual control law. The design process
is structured into n stages. The first n — 1 steps focus on
formulating the virtual control signal a.;, while the final step
(step n) concentrates on determining the actual control input
uy. At each stage, a coordinate transformation is applied to
ensure proper design and smooth transition between stages.

Step 1: Define the reference signal y,; and the tracking
error 2.1 = 1 — yq. Construct the Lyapunov function as:

1 .
Ve = 5231 + &93 .

Differentiating V.1, yields:

Veik = ZerZe1 + p10e10a

= Ze1(fik + hpixe + dig — 9a) — placlécl
= Ze1(fik + hpiZea + hprece + dik — 9a) — plgclécb
(15)
From Young’s inequality [22], we have:
1 1
Z(‘lh,ll,le(‘Q + ze1dip < - D) €. 1260 + le 22 + 5 2 c1 + d
(16)

Substituting (15) into (14), we get:

2

Vewr < za (flk + L2+ m2a —

) 9 yd + huli'62>

1 1 ~ 2
+ —e Igec + §d%k — p1901901

2 c
S hul Zel (-%02 + ?clk) —P1 5{,‘1 écla

a7

1 1
26c 126(/ + id%k

where f.1.(Zc1) = h%l (f1k+ Blza +1za —yd), and
ch = [l'l,échy((il)]T.
If we choose

_(lfzcl + ?clk)7

where [{ > 0 is a design parameter, then equation (16) can
be rewritten as:

Gl =
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. R . 1
Veir < fl‘{plzfl + hpizer (Tea — Gei) + 5631[260

1 ~ X
+ 5%, — prferfen. (18)

Since &.1; contains the unknown function f.1x, for
any given constant €.; > 0, we can use the RBF NN
W2, 5.4(Z.) to approximate &1, as:

OA‘clk: = Wg{kSCI(ch) + 6c1k(ch)7

‘5c1k(ch)‘ S Ecly (19)

where d.1x(Zc1) is the approximation error. Consequently,
combining (13), (18), and using Young’s inequality, we
obtain the following inequality:

WclkScl (ch) + 5c1k(ch))
001551 (ch)Scl (ch)

_chdclk - _ch(

<22261

1
+ 3 1+ Ecl, (20)

1
2 ot 291 ™ 3
where a.; > 0 is a design parameter.
Next, define the intermediate control signal and update law
as:

1 ~
Qelk = _2722610615311 (ch)Scl (ch)
acy

1

écl = szlsg(zcl)scl(zcl) - iiécla (21)
cl

where Zi > 0 is also a design parameter. Substituting (19)
and (20) into (17) yields:

Verk < Werp + Bpizer (Zea — err), (22)
where \Ilclk = llplzCl +BL(22 4 a2 +e4) + 2el e +
2d3, +pily 0c10c1.
Step 2: Define
Zc2 = i'c2 — Qclk,
and consider the following Lyapunov function:
Vigp = Vip + 222 + 2232
2k = Velk + 22 +? o2
The time derivative of Vo is:
Viok = Ve + 2e2%ea + poBealies
S \I’clk + hp,lzclch + 202(521(:2 - dclk)
*p29~c2éc2
< Ve + ze2 (hurzer + for(Te2))
+2co (hpoZes + logerr — ceir)
_p2§c2éc2- 23)

where
. 8O‘(’l
Gei = 1 (fie(z1) + hpa (Ze2 + €c2) + dik)
1
Z (H—l)
(
i=0 OYq
+ acl é
cl

Using a similar approach as in Step 1, we obtain the
following inequality:

Ok ooh e
- c2 1€c2
3:51 "

- 8aclk

8%1
1 1 dover \ 2
< §6CT[26c B 32171( B >

1 2 da1k 15
—d
+ 2 62 ( 81:1 + 2 1k

Substituting (22) into (23), we obtain:

Zc2 dlk

(24)

Veor < Wik + 2ze2 (hu1zer + for(Tez) + hyoies + lakern)

- <aadk (fir(z1) + hpiden)

6371
(H—l) + aaclke 1)
0

1
ZO cl
1 2
+ §6C Igec + *dlk.
< Uok + Ze2 (hulza + for(Tez) + hyodcs)

— D2 9c2 éc2

1
+ —el'Le. + dlk

5Ce p29026027 (25)
ZC2 = [x17x617$6270617yg2)]T7 (26)
_ 1 .
feon(Zea) = o (hurzer + for(Te2) + larern
2
8ac
i GUICERRE R
i k (1+1) 5Oéc1k9* X
i=0 8901
1 aaclk 2 1 (%zclk 2
+22c2 1( o ) +§zcg 0, ).
27)

Finally, following a procedure analogous to Step 1, we
define Gear = —(ISzc2 + fooi(Ze2)), where 1§ > 0 is a

design parameter. As a result, equation (24) is updated as:

) ) R R
Veak < Weir — 15hpuoziy + huzzea (o3 — Gear)

1 1 ~ A
+ —e 126(, + id%k _p2902902- (28)

2 c
Furthermore, the RBF neural network W1, Seo(Ze2) is
used to approximate the unknown nonlinear function é.o:

&CQk = Wc:gksc2(Zc2> + 662]@(202)7 |662k(262)| < Ec2,
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where 0.2k (Zc2) is the approximation error, and .o > 0 is
a constant. This leads to the following inequality:

c2k302(Z ) + 5021@( ))
1
< gaz; 2aberSe3(Ze2)Sea(Zeo)

—Zc2 chk = —Zc2 (

1
+§c2

where a.o > 0 is a design parameter. Now, define the
intermediate control signal and update law as:

1
2 02 + 2502a (29)

1 .
A2k = _?ZCQQCQSZQ(ZCZ)SCQ(ZCZ)

c2

.
\

2 = —52555(Z2)Se2(Zea) — Iobea,  (30)

aZy
where Z; > 0 is a design parameter. Combining (25), (26),
and (27), we obtain:

Veor < Weop + hpo(des — ear), (31)

where Wegp = — Zz 1 lchzazm + Zz | B2 adi+ek) +
TI2€C + dlk + Zz 1 pzl eczgcz
Step j: At the (j — 1)-th step, there exists a Lyapunov

function V. ;_1 5 such that:

Vej—t1k S hpj1zej—1(Zej — ccj—1k) + Yej—1,k, (32)

and the i-th switched estimator is written as:

Zei = jci - ac,i—l(Zc,i—l)a 1= 27 e aja (33)

where Z. ;1 = [x1,Zc1, - - -
and

axc,i—laeclv-“ ecz 1,Yq

j—1 j—1
D
Wej1k0=— Z I§pizl; + Z é(zi +al; +¢2)
i=1 i=1

. ) i—1
J leec J

1 —1 e~
5 €. + Td%k + Zpiliemﬂci.
i=1

(34)

+

Continuing the development, at the j-th step, we define
the Lyapunov function as follows:

1
z +p]02

Vejk = 5%

Vej—1k + (35)

The time derivative of V;;, is then given by:

Veje = Vej—1k + 2¢j(Zcj — Ge,j—1,6) — PjOciOc;
S Ve i1k + hpj—17c,j-1%c
+ 2ej (Fin(@ej) + huje i + Likenn — éej—11)

- pjgcj écja (36)

) (i— 1)}T

where

. _ Oae o1k
Qe j—1,k = Oz
1

o5 e,

8(/ ?
+Z a]lk? +1)_

(fik + hu1(&e2 + ec2) + dig)

j71 8@ . .
+ c,]Aka éci
2 o0,

i=1

Using a method similar to the one in equation (23) from
Step 2, we derive the following inequalities:

80[6 j—1,k aOlc i—1,k
— i i bt Lo |
Zcj By nl€c2 — Z¢j o1 1k
1 1 e i1\’
<= I . 2 cJy—1,
pCelate T 5% pl( £ )
1 2 aacj,1 k 2 1 2
—z0 | —2—== —d 37
+2ZCJ( d71 bR 37)
Then, we can express:
chk: SWe i1k + 2 (ﬁfc,j+1 + ?cjk(zcj)) 5 e
1 ~ X
+ §d%k - pjecj90j7 (38)
where
_ 1 N
Fej(Zes) = — (huj—12ej—1 + Fin(Tej) + likenn
i
1 804” 1,k 2 1 6ac’j,17k 2
* QZCJpl ( 0x1 * 5ch 0x1
i—1
Gac j—1,k N 3 0ac i—1,k &
_ ZTCgm Lk h ) — 6L i
ooy ikt hade) 2 Db
ji:laa'uc* ji:laoé i1,k (i+1)
N etk N IFey-1k (0
~ ci ; Yq )
= 90 i=1 51/((1)

Thus, by selecting e = —(I52¢j + foju(Zej)), where

I3 >0 is a design parameter, we obtain:

VCjk‘ < Wik — 15 hw cj T hyjzej (e 41— aejk)
1
+ 2ec 1260 + §dlk —pjecjecj (39)

Since ;i represents an unknown nonlinear function,
we utilize the RBF neural network W JkSpJ( ;) for its
approximation. For any constant £.; > 0, there exists an
RBF neural network W, S.;(Z.;) such that:

Wcj;kscj(zcj) + 5Cj(ZCj)7 ‘5cj(ch)| < €cjs
(40)

Uik =

where 6. (Z.;) represents the approximation error. From this
formulation, we derive the following:

—2¢jcjk = —Zcj WejnSej(Zej) + 6cj(Zej))
1 1 1 1
_222 0. S Scj + z +2a +25q,
(41)
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where a.; > 0 is a design parameter. The virtual control
signal and update law are defined as:

1
cj Zc’ ce STSC',
ejk(Zej) = 2azjzj J
5o T 70
e = 5322505 Ses = L0y, 42)

cj

where Z; > 0 is a design parameter. The following
inequalities can be derived from the above formulation:

Vijke < Wik 4 hpizej(Fe i1 — Qeji)- (43)

From the derived formulation, we infer the actual update
law as:

1

Uck = acnk:<ch) = 2 2 checnST Scn7

o 1

Opr, = 22 8T S — 10, 44
2@2 ZenPen n (44)

and the corresponding Lyapunov function is given by:

: p
V::nk < \I}C,H*Lk - lfzpnzgn + ?n(’zgn + a‘zn + Egn)

1 1 e A~
+ 5601260 + §d%k + pnlnecnecn-

We define the overall Lyapunov function as:

(45)

‘/ck = GZPBC + Vcnk~

By combining equations (13) and (43), the derivative of
Vi satisfies the following inequality:

‘/ck < €c A c€c — Z lcplzcz + Z pt Zcz + a’cz + Ecz)

1=1

+ d 2+ szl 0ci0ci + 10| di ||,
i=1
where A, = P(Ay— Le)+
7.

(46)

(A —Le)TP+ PP 4 QI+

B. State Estimator and Backstepping Control Design Under
Data-Loss Conditions

In the case where data loss occurs due to transmission
issues, the received data becomes unreliable. Rather than
discarding it, we propose using previous valid data as a
substitute for the current data. In this case, the relation

# y holds. Let the estimation errors be defined as
€si = T; —Lsy ©=1,2,...,n, where e,y = 2] — I, and
Ae; = ez —el,; = x1—1). Here, I 4; represents the estimated
state variables, and | denotes the last valid observation. The
switched estimator in the presence of data loss is designed
as follows:

Tg1 = Jro@) (Zs1) + Ry + lla(t)(x/l — s1)

jjsz = fia(t) (%si) + huii‘sJJrl + lia(t) (37/1 - isl)

z n — fncr(t) (%sn) + hunu + lncr(t) (xll - £51)7 (47)

Let e, = T,, — Tsn, denote the estimator error in this case.
Based on equations (3) and (44), the time derivative of the
estimation error is:

€s = Tp — Tsp

= Aymyes + AFy4) — Lely + dogry

= (Apt) — Le)es + AF, ) + dogy, (43)

where

0 hu O 0

0 0 hy 0

Ak = 1: ‘. ’

0 hyn—1

0 0
L = [llk,...,lnk}T, c = [1,0,...,0], AAF =
LAFllm ceey AFnk]T, where AF;, = fzk(fz) — fik(fsi)a and
di, = [dig, - - dpi] T

Assumption 3.1: There exists a known constant h, such
that the following inequality holds:

|Aes1| < h. (49)

To investigate the stability of the estimator error é5, we
define a Lyapunov function candidate V.o = eZPeS, where
P is a positive definite matrix to be designed. The time
derivative of Vg is:

Vo = 2T P ((Ay, — Le)es + LAegy + AFy, +di) . (50)

Using Assumptlon 3, we can derive the 1nequahty

Hfla(t (-T'L) fza(t)(xsz)n < QzHes” where e; = T, — Tsp.
Let Q = max{g?}, and by applying Young’s inequality, we

obtain:

2¢ PAF}, < el PPe, + AFTAF,

< el'PPe, + QeTle,, (5D

_ 1
2eT Pdy, < —eT PPey + mid, dy
U
1 _

< —ezPPeS + 7]1||dk||2, (52)
m
1

2e’'PLAes; < —el' PLLT Peg + noh?, (53)

72

where 77 and 7, are positive constant parameters to be
chosen. Substituting equations (48), (49), and (50) into (47)
results in:

14+m
m

1 —
+ n—PLLTP + QI) es + m||di|/* + n2h?.
2

Vo < el (P(Ak — L)+ (A — Le)TP+ —L PP

(54)

Next, the RBF neural network WZ S (Zs;) is used to
approximate the unknown nonlinear function and control
signal &ug;x(Zs;). We define the constant as:

05 = max {|[Wy|* k€ M}, i=0,1,2,...,n, (55)
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where the functions &s;; and the vector Zg; are specified
at each step. Since ||[Wyp|l is unknown, 0, remains an
unknown constant. We define the error term 0; = 0,; — ési,
where 6g; represents the estimate of ;.

Step 1: Design zs1 = x1 — yg4 and construct the Lyapunov
function as:

1 P15
Vaik = 5231 + 79?1

Differentiating V1, yields:

Vatk = 2a1s1 + 1051051
= 2zo1 (fie(x1) + hpixe + dik — Ya)

- plaslésl
Ze1 (fir(w1) + fie(Zs1) — fire(@1)
+hui(Zs2 + es2) + dik — Ya)

S SURURY (56)

From Young’s inequality:

za1(fir(z1) = fie(Zs1)) <

(57)

Substituting (54) into (53), we obtain:

Ve < zs1 <f1k(i'sl) + huZs
2 1 1
+ %Zsl + §Zsl + 5231 - yd)

1 1
+ 5(]?6?]165 + 56?1265

1 ~ A
+ §d%k — p10s10s1
< hulzsl(js2 +751k:)

1 1

+ iq%esTIles + 563]2@5
1 ~ A

+ §d%k — p10s1051. (58)

where

1 2 .
— <f1k + &251 + 251 — yd) )

751k(Zsl) = hyl 2

and Zg = [xhéslvy((il)]T'

If we choose

_(lig.z81 + ?slk)’

where [§ > 0 is a design parameter, then (55) can be changed
into the following form

dslk =

. R R 1
Viik < —U5p122) + hyazs1 (£s2 — Qs1x) + 5651265

1 1 ~ :
+ 7qfezlles + §d%k *ploslesl- (59)

2

Since Gg1x contains the unknown term fg1, it is
approximated using an RBF NN of the form W, Ss1(Zs1).
For any constant £5; > 0, this yields:

OA‘slk = Ws—;kSsl(Zsl) + 681]{3(Z81)7 ‘6slk(Zsl)| < Esl,

(60)

where d515(Zs1) denotes the approximation error bounded
by e51. By applying (13), (57), and Young’s inequality, we
have:

_Zsldslk = —Zs1 (Wslkssl(Zsl) + 6slk(Zsl))

z
< 50501 (Za1) S0 (Za1)
a1

Lo 1, L o
+ 5281 + 50’81 + 5551’
where as; > 0 is a design parameter chosen to ensure
stability.

We define the intermediate control signal and update law
as:

(61)

Qg1 = - yd)éslsg(zsl)ssl(zsl)v

ésl = - yd)QSsTl(Zsl)Ssl(Zsl) - Ziésla (62)

2
2a%,

where T; > 0 is another design parameter.
Substituting (58) and (59) into equation (56) yields:

Vslk S \I!slk + h,ulzsl (i'SQ - aslk) ) (63)
where:
s, .2 P12 2 2
Vs = —lip1z5 + 5 (251 + a3 +¢2))
1 1 1
+ iqfez.fles + ieSTIges + idfk
e~
+ p1l1651051
Pt (@) 53).
asl
Step 2: Define
Zs2 = jst — Qs1k,
and consider the Lyapunov function:
1 5~
Viok = Vouk + 2225 + pf%
2 2
The time derivative of Vo is given by:
Viok = Vaik + 2s2s2 + pafsafiso
< Waik + hpizs12e + 262 (ii“sz - dslk)
- p2532é32
< Uik + 262 (hulzsl + for (Ts2) + huadss + lakel,
—Cig1) — P20s2Bso. (64)

where 1y 1s given by:
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. Jas
Ge1p = axlk (fiw(x1) + hpur (Ts2 + es2) + dik)
a1y B0 4 a1y ;
+Z (z) 84951 Os1.

Using the completion of squares method, we obtain the
following inequality:

8a51kz e Das1k
- s2 16s2 — —7
8$1 " (9331

1 Jdagk 2
265 '[265 + 2252p1 ( 317 >

1, (dasie)” | 1
+2Z§2( o1 ) +§d%k

Zsad1k

(65)

Substituting (62) into (63), we get:
V€2k S \I’slk
+ 252 (hplzsl + for (Ts2)

A / .
+ huotes + lopey — aslk)

_ 8aslk
ﬁxl

! Oa E o ( ) Oa kA
sl 1+1 slk A
+ E ~ Y + = 951

i=0 6?/511) ’ 0951 )

1 2 92 aaslk 2 1 8a51k 2
+ 2252]91 < 81‘ + 2252 (91'1

+ —el' e, + dlk

(flk(ajl) + hp,ljs2)

P2§s2é32
< Wk + hy,QZSQ (fsgk(ng) + ﬁ?sg)

1 1
—el'Le, + idfk

2 (66)

+ —Pzaszész
where Zgo = [21, 851,852,051, 5)]7, and ooy (Zso) is
defined as:

— 1
fst(ZSQ) = T

n2

<hp1251 + for(Ts2)

aaslk

6.131

+ l2k6;1 - (flk(xl) + h,ulfiSZ)

1

Z

1 80éslk 2 1 (90451k 2
+ 22g2p1 < o ) + zgg By .
Finally, by selecting digor = — (15252 + foox(Zs2)), Where
5 > 0 is a design parameter, equation (64) simplifies to:

(H—l) aOlsll»c

. ) ) )
Vior < Waik — 13huozis + hpuozea(Ee3 — Gsar)

1 1 ~ X
+—el'Ie, + §d%k — p2Bs205o. (67)

2 S

By completing the square, the following inequality is
obtained:

Oa 1
i b eadiy < 5651263

80451

- 5‘11 ZSQhuleSQ - TZL’l
Oovs1k
81'1

K
]-2 aslk
+25(8)

+ §d§k

(68)

Substituting (62) into (63) leads to the following:

Vior < Uaik + 252 (21 + foru(Ts2) + hpodss + lanely )

80&S k 8049 L ;
- ( o Y (fre(@) 4 hynde) +Z; ; (1) (i+1)

aaslk 8O4slk 1 80¢slk 2
~ 9& S RS I —
+ .. 1+2z 2p1< oy +22’2 By
1 1
+ 3¢, e, + §d§k
< Wak + hpozer (faon(Zs2) + &3)

— pafsabiso

1 1 ~
263 Thes + id?k — p20s2bs2, (69)
where: R
Zsy = [x1,33517is2,051»§512)]T,
and
_ 1 “
fs?k(ZSQ) = hig (hulzsl + f2k(fs2) + 12k€;1
“w
Oag R
- Wik (fir(z1) + hpadse)

1
Z k (z+1) 8aslké X
i=0 9051
1 Oag1k 2 1 Oas1k 2
+2252 1( a 1 +2252 83@1 )
If we choose Gisar = — (15252 + feor(Zs2)), Where 15 > 0
is a design parameter, equation (64) simplifies to:

Viok < Warp — 5hu02% + hpuozso (T53 — Gsar)

1 1 ~ =z
+ =elLes + §d%k — p2ls20s2. (70)

2 S
Furthermore, we use the RBF NN W2, S (Zs) to
approximate the unknown nonlinear function &so:

WhiSs2(Zs2) + dsor(Zs2),  |0s2k(Zs2)| < €52,

where 40k (Zs2) is the approximation error, and €45 > 0 is
a constant. Substituting this approximation into the previous
equations:

As2k =

72820/28216 = —Zs2 (VVstSsQ(ZsQ) + 552k(Zs2))
1
S 2722529325312(252)552(Z52)

1 52

1 1
+ 5 5 Zso + 2a32 + 2592, 71
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where aso > 0 is a design parameter. The intermediate
control signal and update law are constructed as:

1 .
ok = — 525205290 (Zs2) Ss2(Zs2),

2az,
o 1

952 = 2722325‘?2(252)582(Z82) _Z;éSQ' (72)
asQ

Substituting these into equations (45)-(47), we obtain:

Vior < Waop + huo(#s3 — asor), (73)

where Uy is given by:

\1’62/€ - Z lsplzsz + Z pZ Zsz + a‘sz + esz)

1=1
2

+ 631265 + d%k + szifészgsz
i=1
Lo P1 s N2 2
+ 2qle Lies + 4—2hl 0,1 (=)* +v3) -
51
For step j, we define the Lyapunov function:

1 Dj =
Vsjk = Vsj—1,6 + 523] + 262,

Further, the RBF NN WZ S (Zs) is used to
approximate the unknown nonlinear function & of.

ngS,SQ(ZSQ) + 5s2k(252)7 |6s2k(ZSZ)| S €52,

where 0s01(Zs2) is the approximation error,and €45 > 0 is
an arbitrary constant. Then, a simple calculation yields

WorSs2(Zs2) + 0521 (Zs2))
?2932S£(Z52)Ss2(Z52)

dst =

— 252852k = —2Zs2(

< ——z
~ 2ad2,

1 1 15
+ 2z 2+ 2a 5552,
where aso > 0 is a design parameter. Now, construct the
intermediate control signal and update law as

(74)

1 o
A2k = _272255293253712(252)552(252)
5o
X 1 PN
032 = 7ZEQSZ;(Z52)S(12(ZS2) - 12932, (75)

where Z; > 0 is also a design parameter. Putting together
(45)-(47) gives

Viok < Waop + hya(£s3 — caon), (76)
2 2
where Wy, = — Z Iipiz% + Z Bi(22, + a% +

=1

%) + elles + df + EP sifsi

p1 hl® 051(( ) +yd).
Step j: At the (j — 1)th step, there exist a Lyapunov
function Vs ;_1 j that

1.2.T
EQIes Iles +

Vsi—thk < hpj—12sj-1(Esj — s j—1.6) + Vs i1k, (77)

and the 7th switched estimator can be written that

Zoi = Loi — O5i—1(Zsi-1), 1=2,...,7, (78)

) ==

where Z, ;1 = [T1, %1, -+, Zsi1,0s1, -+, 05 )

and

Pi
\Ils J—1,k = leplzsz + Z Z sg + asz + 551)

=1
Il I=1lp 1700,
+ €s 2es+? 1k+zpzzsz s
i=1
1o P1 s "\2 2
+ 2(]16 Les, + PN ——hl 9 1((x)* +y7)- (9
sl

Continuing to promote, at the jth step, define the following
Lyapunov function as
Dj 32
=055

1
Vsj—1k + 523]-

Vijr = (80)
Since the RBF NN approximation is used, this step follows
the same reasoning as in the standard case to reach the result.
Here, a,; > 0 is a design parameter. The virtual control

input and its adaptation law are given by:

1

asir(Zsj) = =55 ERURL NS
sj
Osj = 5720555855 = [j0ess (81)
sj

where Zj— > 0 is a selected design parameter.

This completes the induction. At Step n, a unified
output-feedback controller can be applied to all subsystems
with the update rule:

1
2B ST S

Ugk = asnk(an) = 2 2 snPsn,
A 1

2 oT
95” = 2a2 anSsnSS” -

sn

T, 0sn, (82)

and the Lyapunov function derivative satisfies:

p
lspn G?’L + %( sn J’» ain J’» ezn)

1 e~
+ 565]265 + id%k +pnln93n95n~

Vink < Ven—1k —
(83)
Define the overall Lyapunov function as:

Ve = €l Peg + Vi

By combining equations (52) and (75), the derivative of
Vei 1s expressed as:

n n

. . bi

Vi < el Ases — Zlfpi%- + Z 51(25] +al +e3)
i=1 i=1

n - A A 3
+ §d§k + ) pil; 0sifi + m i ]|
i= 1

+ noh? + h*0q ((21)? +93), (84)

da 31
where A, = P(Ay — Le) + (A — Le)TP + 1+171 PP +
PLL"P + QI + 4 DL+ 21,

In this work, we introduce distinct update laws (42)

and (72) for the different subsystems, providing practical
advantages in their application.
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C. Stability Analysis

This section addresses the boundedness of all signals
within the closed-loop system, both for ideal and imperfect

measurements. The initial parameters are specified as
follows:
. /\min(A/c) -z
90 = B\ Nmax(P)
zg—%, pils, i=1,....,n (85)
(M) _n 4
as0 = min Amin(As) 2 2
keM Amax (P)
l'fpz %a plifa 1= 11 , (86)
)\max(Pk) }
—max{ ——, ke M &7
K { Amin(P)Z)
where _A; = P(Ay—Lo)+(Ay— Le) " P+ 52 PP+ QI,
and —A, = P(Ay — Lc) + (Ax — Le)TP + HPP +

nl PLLTP+QI The conditions Apin(AL) — % > O ke M
are satisfied by selecting A’ > 0, and sumlarly, A’ holds for
the data-losing scenario. It follows that a.o > 0, asg > 0,
and p > 1 are constants. The main outcome of this work is
summarized below.

Theorem 3.1: Assumption 1 holds for system (3) with the
reference signal yq(t). For each k € M and i = 1,...,n
if the approximation errors d.; and dg; are bounded,
then the RBF NNs can approximate the unknown functions
Q.1 effectively. The adaptive NN output-feedback controller
given by (21), (28), (40), (42) for the normal case, and (60),
(67), (73), (74) for the data-loss case ensures all system
signals remain bounded with bounded initial conditions.
Moreover, if the average dwell time satisfies 7, > loago £ for
the switching signal o(t), the tracking error satisfies:

Jim |y(t) —ya(H)* < T2, T > 0.
— 00
Proof: The proof has two parts. First, semi-global

boundedness of the closed-loop system is shown. Second,
convergence of the tracking error is established.
1) Define the Lyapunov function for the switched system:

1 n n h
_ T L 2 pi 52
Ver(X.) = e, Pe. + 3 ; 25+ ; 0%,

ke M,

fen] 7. There exist

s Zens 0(113 ey
@, such that:

where X, = [e], z.1,...
class K, functions «..

a ([1Xell) < Ver(Xe) < @e(f|Xel),
and Vop(X.(t)) < peVee(Xc(t)) for all k¢ € M. The

derivative satisfies:

n

Vo < _[/\min(Aé) - %] lecll” - Z(lfpi - %)Z?z
i=1
n
+ Z B(ag; + ) +
i=1

+ i: pil;0cifei.

i=1

2d3, + mollde

(88)

For cross terms:

Uipifeife; < —L1ipi02 + LTipit2,. (89)
From (80) and (81):
Vet < —[Amin(AL) = 3] llec]® — i:(lcpz 522
i=1
- i 315pi02% + beo < —acoVer + beo, (90)
i=1
where
beo = max { zi; Bi(a2 +e2) + 5diy
+ ol di]* + Zn: %pzlzﬁf,} > 0. 1)
i=1
Thus, W.(t) = €%V, (Xc(t)) is piecewise

differentiable along the system trajectories. For any interval
() tj41):

We(t) = @€ Voo (Xe(t)) + €% Voo (1) (X (t))
< bcoeacot, te [tj,tj+1). 92)
This, combining with Vo, (X.(¢)) < peVeo(Xc(2)), VE, £ €

M, implies that
We (t]+1) =e€ COt]+1VCU(tJ+1)(Xc(tj"l_l))
< MceamtﬁlVca(tj)(XC(tj+1)) = l‘cW(tj_-i-l)

tjt1
< Mc[Wc(tj) + / bcoeacotdt].
t

J

93)

For arbitrary T' > ¢y = 0. From j = 0 to j = N,(T,0)—
we obitain that

T
vm@ﬂswwmmm+/ beoeteot dt

tNg (T,0)
tN, (T,O)

< peWeltn, (r,0)-1) + / beoe°tdt

tN, (T,0)—1

T
+ qul / bcoeacotdt]
tn, (T,0)

<...
N, (T,0)—

J+1
< Miva(T,O) [W(O) + Z o / Oeapotdt

]

T
+ p~Ne(T0) / beoe®°dt). (94)
Ng (T,0)

When 7, > (logpc/ac), for arbitrary § € (0,a.0 —

(log f1e/74)), one can get 7, > (log uc/aco) — 0. By (4),
it gets that

w0 —0)(T —t
N (T 1) < Ny + 0= T2 1)
log pe
Furthermore, it follows from the relation N, (T,0) — j <
14+ No(T,tj41), where j =0,1,...,N,(T,0), that

ILLtJZVo(T’O)*j < MiJrNoe(aco*‘S)(T*tjﬂ).

Additionally, when 6 < a,

ti+1 tj+1
/ bepe®t dt < elde0=9)tit1 / beoe® dt.  (95)
t t

‘J J

. YT >t>0.

we have
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From equations (85) and (86), it follows that

We(T™) < p- 0w, (0)
T
+ pitNoelaco=o)T / beoe’ dt,  (96)
0
which leads to the inequality
. (IXe(T) < Veor-)(Xe(TT))
< eNotosne (M55 el (1% (0))
be

+ p o 50 (1—e?T), ¥YI'>0. (97)

In summary, by combining equation (87) with § > 0,
it follows that if 7, > %, then for bounded initial
conditions, the signals e., z.; where ¢ = 1,...,n, and gu
remain bounded. Furthermore, from earlier definitions, the
state estimates Z.; are also bounded. Since e.; = x¢i — Tei,
it follows that the actual states x.; are likewise bounded.
Therefore, for any switching signal o(t), all system signals
remain bounded under the condition 7, > % with
bounded initial conditions.

2) For any arbitrary constant ¢ > 0, it holds that the
inequality

is satisfied for the designed parameters [, lz, a¢i, and g.; of
the system. Moreover, for all T' > 0, the following inequality
is valid:

g He

1 o
gza(l) < e tog pe (5

—aCQ)T

a([|Xc(0)]])

e?T), VT >0,

be
+ MENO*O (1 _ (98)

]

which, when combined with the condition 7, > loag%, leads
to the conclusion that:

b
—yat)* < 2/4““’% <2

lim 22 (t) = lim |y(t)

t—o0

This concludes the proof of Theorem 1.

To illustrate, we consider the normal case. From the virtual
control signal and its update law, it can be inferred that the
stability analysis for the data-losing case follows the same
pattern as the normal case. Therefore, the conclusions remain
identical, and we omit repetition.

Theorem 3.2: Consider system (3) in both scenarios. If
there exist appropriate matrices P, Ay, and positive constants
16,15, .,n, such that Ac, Ay < —aP and I5,15 > 3,
where a > 0 is a constant, then the proposed virtual control
and control laws (21), (28), (40), (42), (60), (67), (73), and
(74) guarantee that all signals remain UUB [23].

Proof: The expected value of the Lyapunov function V =

N Vek + 15 Vi 18 expressed as
E[V] = ncE[Ver] + s E[Var]

=F nceZPeC + nsezPes + =

7702 aw_i_iz 9

= tr[nCPE |+ tr[nsPEs] + e, TPy, + nsl/ng/s

+z ch

+ ncE [pﬂci] + 15 E[pi6%)).

e 77
2 5;

=1

m +778E[ ]

99)

Usmg Young’s inequality and 9,:2 = 0ci — gm-, we derive
that 0, 0 < é@i - 792 Similarly, for 931951, we obtain the
same inequality.

Next, we get

E[V} = ncE[Vck] + TISE[Vsk}
< tr[ncAcEc} + tr[nsAsEs] + chcTAch + nsVZAsVs

n

=3~ (netteps = B BI) + motims - B EL2))
=1
e 7s

+y ;pzzzea me; +w, (100)

where
_ - bi o 2 - bi o 2
w = ncz D) (aci +€ci) + s Z 2 (asi + <€si)

1=1
+ ncd1k+ neduﬁ

=1

If Ac, Ay < —aP and 15,15 > 5, the inequality follows:

E[V] < —aEV]+w (101)
Define a > &, where W is a r'eal constant. Then, since
EV] = W, 1t follows that E[V] < 0. For all ¢ > 0

with E[V(0)] < W, this ensures E[V (t)] < W. Therefore,
inequality (91) holds:

0<E[V] <V(0)e™ + =, vt >0, (102)
which shows that E[V(t)] is ultimately bounded by Z,
ensuring all system signals are UUB in the mean-square
sense.

Equation (89) provides the stability condition for the
system. Using the Schur complement [24], we can guarantee

(89) through the following LMIs:

o8 it p
e < —aP, (103)
1t p ~I
70
Qs Y
s p —I < —aP, (104
LT 0 I
2
where () = He(PA-HC)+QI+%13,and Qy = He(PA—

2
HC)+ QI+ %I+ 4 1.
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IV. SIMULATION EXAMPLE

To validate the efficacy of the proposed adaptive neural
observer and controller, a switched nonlinear system is
considered with the following dynamics:

1 = frow (%1, 72)
Ty = foor) (T2, u)
Y=z
where the nonlinear functions for each subsystem are
explicitly given by:
f11(Z1, 22) = 1 8in®(21) + 22,
f12(Z1, x2) = 221 sin(zq) + @2,
f21(Za,u) = 129 8in(21) + 1,
fo2(Za,u) = 3z122 + U.

The desired tracking trajectory is selected as yq(t) =

5 sin(?).
The simulation parameters are chosen as follows:
l11 =10, 12 =10,
ack = 16,8], asx =[3,2],
ng = [12,14], Z;k = [2,2],
Tory = 16:8], oy = [3:2]-

Initial conditions for states and parameter estimates are set
to:

xcl(O) = xsl(O) = —0.48, {ECQ(O) = .’L'SQ(O) = —0.1,

Z1(0) = —0.36, Z42(0) = 0.09,

6.(0) = ©,(0) = 0.

The virtual control law, output-feedback controller,
parameter update laws, and state estimator are explicitly
designed and employed for both operational cases.

In the normal measurement scenario,
observer-controller framework is given by:

the

Q1 = _(lfg(t)zcl + fln(t)(fclvxCZ) - yd);

1 N
T
Ve = _72Zc2652552ksc2k7
2a%,

2 QT e
Oc2 = Zczsczksc% - l2k902,

22,
Tet = fro) (@etsdea) + ln(y — er),
Tey = foo(ty(@e2,u) + li2(y — &e1).
Under intermittent measurement losses, the data-losing
scenario is managed via the following modified strategy:
ast = —() = Ya — Ya + fro)(Ts1, Ts2) + 1oy Es1),

A T
Vs = _@352652532k552k7
X 1 -5 A
O = @Z?QSST%SS% - 12k952,
i‘sl = fla(t) (%817 £52) + lll(y - isl)y
Ts2 = foo(t) (Zs2,u) + L2 (y — &51).

The problem for each switching signal o is solvable when
an appropriate average dwell time 7, = 11.5 is selected. The
simulation results obtained using MATLAB are shown in the
figures.

A. Normal Measurement Scenario

The simulation results obtained for the normal
measurement scenario demonstrate that the proposed
dual-mode adaptive neural observer provides rapid and
accurate state estimation, effectively tracking the reference
trajectory. As shown in Fig. 1, the state estimates £; and o
converge swiftly to their true states within approximately
2 seconds, highlighting the robustness and quick response
of the designed observer. The minimal initial deviation
observed can be attributed primarily to initial estimation
errors; however, these are rapidly attenuated, validating the
effectiveness of the estimator initialization approach.

The estimation errors depicted in Fig. 2 reveal that
after the initial transient period, the errors e; and es
decrease significantly below 1072 within 5 seconds. A
noteworthy transient peak in the estimation error occurs
during subsystem switching, reaching approximately 0.25
in magnitude but attenuating promptly within 1.5 seconds.
This behavior underscores the designed observer’s resilience
and adaptability to switching dynamics. Furthermore, Fig. 3
clearly illustrates that the tracking error |y — yq| stabilizes
below 0.01 after 3 seconds, confirming the controller’s
capability to maintain high tracking accuracy despite
subsystem switching. The corresponding control input is
shown in Fig. 4, where the control effort remains smooth
and continuous across subsystem switches, without inducing
saturation or high-frequency oscillations. This behavior
confirms that the controller generates appropriate and stable
inputs under normal operating conditions. Fig. 5 presents the
adaptive parameter estimates ©,. The estimates converge to
bounded values within approximately 8 seconds and remain
stable throughout the simulation. This observation aligns
well with the theoretical guarantees of uniform ultimate
boundedness and demonstrates the effective performance
of the neural parameter adaptation laws under normal
measurements.

B. Data-Loss Scenario

In the scenario where measurement data is intermittently
lost, the dual-mode adaptive approach continues to ensure
acceptable performance and stability. Fig. 6 indicates that
the state estimation performance deteriorates slightly during
the intervals of data loss, particularly visible at ¢ = 35 s,
where the state estimation error |#; — x| peaks around
0.15. Nevertheless, the system recovers rapidly, restoring
accurate estimations within approximately 1.2 seconds after
measurements resume, thus demonstrating the robustness of
the observer against intermittent measurement defects.

Despite the noticeable increase in estimation errors during
data loss, the overall boundedness and stability of these
errors are effectively preserved, as depicted in Fig. 7.
Although errors |e1| and |ez| temporarily rise, they remain
well within acceptable bounds, never exceeding 0.22. Fig. 8
demonstrates the system’s capability to maintain tracking
errors within 0.03 during data loss intervals. Additionally,
the control law depicted in Fig. 9 reveals that the
system effectively compensates for measurement defects by
dynamically adjusting control efforts, albeit with increased
frequency and magnitude during periods of data interruption.

The behavior of parameter estimates O, under data-losing
conditions is illustrated in Fig. 10. Although the convergence
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rate is slower than in the normal case, the estimates remain
bounded throughout the simulation, indicating the resilience
of the adaptive mechanism even when direct measurement
is unavailable during specific intervals. Lastly, Fig. 11
illustrates the switching signal o(t), which determines the
active subsystem at each time instance. The switching
satisfies the average dwell-time condition 7, = 11.5 s. The
observed dwell times between switching events meet this
threshold, ensuring theoretical stability criteria are upheld
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Fig. 9. u in the data-losing case.
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Fig. 10. O in the data-losing case.

during both normal and faulty measurement phases.

C. Performance Analysis

The performance evaluation of the dual-mode strategy
confirms its robustness under hybrid measurement defects,
with the tracking error increasing approximately twofold
during data loss periods but quickly returning to nominal
levels upon measurement restoration. Despite intermittent
measurement interruptions amounting to approximately
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20% of the total simulation duration, the estimator

consistently limits the estimation error to below 0.22. This
performance clearly demonstrates the observer’s robustness

and effectiveness in managing hybrid measurement
conditions, significantly improving upon traditional
strategies.

In terms of control effort adaptability, variations

remain within +18% across different operational modes,
emphasizing the efficiency and adaptability of the designed
control strategy. Moreover, the measured settling time
after transient disturbances averages 1.8 seconds, which
reinforces the resilience of the system under frequent
subsystem switching and intermittent measurement data
loss. This empirical evidence underscores the practical
feasibility and reliability of the proposed dual-mode adaptive
observer-controller framework for real-world applications.

D. Discussion

The simulation outcomes substantiate the proposed
adaptive neural observer-controller design’s efficacy and
robustness under varying measurement conditions and
subsystem switches. The approach consistently maintains
closed-loop stability and precise trajectory tracking
performance, effectively mitigating the adverse effects
of incomplete measurements and subsystem transitions.
Temporary fluctuations observed during data loss intervals,
while not compromising overall system stability, suggest
potential directions for further refinement and optimization.

Future research could beneficially focus on enhancing the
adaptive laws to reduce transient peaks during subsystem
switching and data loss conditions. Exploring predictive
estimation methods, event-triggered control schemes, and
integrating machine learning techniques for real-time
adjustment could provide additional robustness and stability
improvements. Furthermore, extending the framework to
accommodate more severe data loss conditions and
examining the approach’s applicability in more complex
nonlinear systems would be valuable directions for
subsequent studies.

V. CONCLUSION

This study resolves the adaptive tracking control
problem for switched pure-feedback systems with partial
state measurements. Three principal innovations are
introduced: 1) a dual-mode neural observer compensating
for missing measurements and uncertain dynamics; 2) a mean

value theorem-based transformation enabling non-affine
system control via backstepping; and 3) hybrid stability
criteria merging ADT constraints with probabilistic UUB
analysis. Theoretical results establish that all closed-loop
signals remain UUB wunder arbitrary switching and
measurement defects. Comparative simulations demonstrate
the controller’s superiority in managing concurrent switching
dynamics, data loss, and nonlinear uncertainties, offering
a robust solution for networked control applications.
Future research will extend this framework to large-scale
distributed systems and real-time hardware-in-the-loop
implementations.
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