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Abstract— This letter considers an autonomous agent
that intermittently acquires state measurements to main-
tain trajectory tracking performance. The objective is to
minimize sensing needs by extending periods of sensor-
denied operation. A Lyapunov-based adaptive switched
systems approach is developed, where the agent uses
the intermittently acquired state measurements to learn
the system model. The learned system models are then
used during sensor-denied intervals to extend their length
while maintaining tracking performance. The design uses
a modeling error-dependent bound on the duration of the
sensor-denied intervals to progressively reduce sensing
needs as the modeling error decreases. The effectiveness
of the developed technique is verified in a simulation study.

Index Terms— Switched Systems, parameter estimation,
intermittent feedback.

I. INTRODUCTION

AUTONOMOUS agents are frequently deployed in chal-
lenging environments such as underwater navigation,

subterranean exploration, and military surveillance, where sen-
sor measurements are unavailable or intermittently disrupted
[1]. In such scenarios, agents rely on inertial navigation
systems and relative sensing techniques for state estimation.
However, these methods are inherently prone to error accu-
mulation over time, resulting in drift and degradation in the
accuracy of localization [2], [3].

A common technique for inertial navigation is visual
or LiDAR-based simultaneous localization and mapping
(SLAM). SLAM techniques leverage environmental feature
recognition to mitigate localization drift through loop clo-
sures, by revisiting previously visited locations [4], [5]. While
effective in structured environments, SLAM depends on the
presence of distinctive features. In feature-sparse settings, such
as underwater domains or planetary surfaces, the performance
of SLAM deteriorates and compromises localization accuracy
[1].
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To address these limitations, recent research has introduced
a switched-systems framework [6], [7], where the system
transitions between a stabilizable mode with state feedback
and an unstable mode without state feedback. Lyapunov-based
techniques are used to develop dwell-time conditions [8] that
establish the minimum time required in the stable mode and
the maximum time allowed in the unstable mode to ensure
localization errors remain bounded. However, dwell-time con-
ditions introduced in [6], [7], [9], and [10] are conservative,
as they rely on fixed, worst-case error bounds. While recent
efforts [11] have analyzed the geometry of the feedback region
to allow a larger error bound while still guaranteeing re-entry,
the resulting dwell-time conditions remain conservative. This
letter develops a learning enabled switched systems framework
where a parameter-dependent dwell-time condition is used to
increase the maximum allowable time in unstable modes by
learning the dynamics of the system. The learned dynamics are
used to reduce the growth rate of the error in unstable modes,
which allows for extended operations in unstable mode.

The contributions of this letter are two-fold: first, a bound
on the maximum allowable time in unstable mode is derived
as a function of the parameter estimation error, and second,
memory regressor extension (MRE) [12], [13] techniques are
used to extend operations in unstable modes while ensuring
that parameter estimation errors remain within predefined
safety bounds. The developed MRE approach systematically
exploits measurements collected during intermittent periods of
sensor availability to refine the system model. By leveraging
MREs, we improve model accuracy, and the growth of the
localization errors is reduced in subsequent sensor-denied
intervals. Compared to prior methods [6], [7], [11], the de-
veloped framework relaxes conservative dwell-time conditions
while preserving Lyapunov-based stability guarantees during
operation in sensor-denied intervals.

The developed MRE framework in this letter estimates the
parameters of the system, enabling longer operations during
sensor-denied periods. To use a refined system model to extend
sensor-denied intervals, we derive a modeling error-dependent
bound on the time the agent can spend in sensor-denied
configuration while maintaining prescribed bounds on tracking
performance. The effectiveness of the developed methodology
is established through a Lyapunov-based stability analysis and
validated via simulation.

II. PROBLEM FORMULATION

Consider an autonomous agent tasked with tracking a de-
sired trajectory xd within an environment where only inter-



mittent state feedback is available. A control-affine system
describes the dynamics of the agent as

ẋ = f(t, x) + u+ Y (t, x)θ + d(t, x), (1)

where x ∈ X ⊂ Rn denotes the state, u : R≥0 → Rn denotes
the control input, θ ∈ Rp denotes the vector of unknown
system parameters, f : R≥0 × Rn → Rn denotes the known
drift dynamics, Y : R≥0 × Rn → Rn×p is a known regressor
matrix, and d : R≥0 × Rn → Rn represents the unmodeled
dynamics and disturbances. For the existence and uniqueness
of solutions to (1), the following assumptions are required.

Assumption 1: The functions f and Y are piecewise con-
tinuous with respect to t and are locally Lipschitz continuous
with respect to x uniformly in t. Furthermore, f(t, 0) = 0 and
Y (t, 0) = 0 ∀t ∈ R≥0.
Under Assumption 1, the regressor Y is bounded on X by a
constant Ȳ > 0 such that ∥Y (t, x)∥ ≤ Ȳ , ∀x ∈ X ,∀t ∈ R≥0.

Assumption 2: The disturbance d is bounded such that,
∀(t, x) ∈ R≥0 × Rn, ∥d(t, x)∥ ≤ d̄, where d̄ ∈ R≥0.

The control objective is to track a desired trajectory while
minimizing the need to measure the system state. In sensor-
denied intervals, the controller relies on model-based state
estimates. Due to modeling errors induced by the disturbance
d and the unknown parameters θ, the state estimation error
grows in sensor-denied intervals. The idea in this letter is that
since the growth rate of the error depends on the parameter
estimation error, the time the agent can spend without access to
full state feedback while maintaining prescribed tracking error
bounds can be increased as the parameters are learned. In this
letter, we develop a scheduling technique that enables the agent
to extend its sensor-denied operation time while maintaining
stability and tracking performance. In particular, an MRE
technique is integrated into a switched-system framework to
enhance the sensor-denied operation capabilities.

III. OVERVIEW

Let the state estimation error e1 : R≥0 → Rn be defined as
e1 := x − x̂, where x̂ : R≥0 → Rn is the state estimate.
The trajectory tracking error e2 : R≥0 → Rn is defined
as e2 := x̂ − xd, where xd : R≥0 → Rn denotes the
desired trajectory. Let the concatenated error vector be defined
as e :=

[
e⊤1 e⊤2

]⊤
: R≥0 → R2n. Note that e1 is only

measurable when the agent has access to sensor while e2
is always measurable. Let V : R2n → R be a candidate
Lyapunov function defined as

V (e) :=
1

2
e⊤1 e1 +

1

2
e⊤2 e2. (2)

In the following, two user-defined bounds on V , an upper
bound Vu ∈ R>0 and a lower bound Vl ∈ R>0 are used to
find an upper bound on the time the agent can spend in a
sensor-denied configuration and a lower bound on the time the
agent must spend in a sensor-enabled configuration to ensure
that Vl ≤ V (e) ≤ Vu for all t. A Lyapunov-based argument is
then used to bound the rate of increase of V when the agent
is operating without state feedback and to bound the rate of
decrease of V when the agent is operating with state feedback.

To develop the switched systems framework, we assume
that the state feedback is available at the initial time ta0 . Let
tu0 denote the first time instance when the sensors become
unavailable. Subsequent sensor availability and unavailability
instances are indexed by σ, and denoted by taσ and tuσ , respec-
tively. During the interval t ∈ [taσ, t

u
σ), sensors are available,

while for t ∈
[
tuσ, t

a
σ+1

)
, sensors are not available. Let ∆taσ :=

tuσ − taσ and ∆tuσ := taσ+1 − tuσ denote the durations of the
sensor-available and the sensor-denied intervals, respectively.
Let N o ⊆ N denote the number of switches between sensor
availability and unavailability.

In this letter, the idea is to leverages state measurements
obtained during [taσ, t

u
σ) to refine estimates of θ and to

utilize these improved estimates to progressively extend the
permissible dwell-time ∆tuσ . The extended dwell-time allows
the system to track the desired trajectory with fewer sensor-
enabled intervals. The following section presents the MRE
formulation that enables parameter estimation during [taσ, t

u
σ).

IV. MEMORY REGRESSOR EXTENSION

A. Design of Parameter Update Laws
To facilitate the estimation of θ, we express (1) as

Ufσ = Yfσθ + Ξfσ, σ ∈ N o, (3)

where Ufσ : R≥0 → Rn, Yfσ : R≥0 → Rn×p, and Ξfσ :
R≥0 → Rn represent the filtered state and control inputs, the
filtered regressor matrix, and the filtered residual modeling
error, respectively. Several approaches can be employed to
compute the filtered signals in (3), including state variable
filters [14], regressor filtering [15], dynamic regressor exten-
sion and mixing [16], and the windowed integration method
[17].

In this work, the windowed integration approach is em-
ployed, in which signals are integrated over a finite time
window of length ∆t > 0 [17]. Let Iu(t) := x(t)−x(t−∆t)−∫ t

t−∆t
f(τ, x(τ)) − u(τ) dτ , Iy(t) :=

∫ t

t−∆t
Y (τ, x(τ)) dτ ,

and Id(t) :=
∫ t

t−∆t
d(τ, x(τ)) dτ with t > taσ + ∆t. Then

the signals Ufσ : R≥0 → Rn, Yfσ : R≥0 → Rn×p, and
Ξfσ : R≥0 → Rn can be defined as

Ufσ(t) =


Iu(t)− Iu(taσ), t ∈ (taσ, t

a
σ +∆t],

Iu(t)− Iu(t−∆t), t ∈ (taσ +∆t, tuσ],

0n×1, t ∈ (tuσ, t
a
σ+1],

(4)

Yfσ(t) =


Iy(t)− Iy(taσ), t ∈ (taσ, t

a
σ +∆t],

Iy(t)− Iy(t−∆t), t ∈ (taσ +∆t, tuσ],

0n×p, t ∈ (tuσ, t
a
σ+1],

and

(5)

Ξfσ(t) =


Id(t)− Id(taσ), t ∈ (taσ, t

a
σ +∆t],

Id(t)− Id(t−∆t), t ∈ (taσ +∆t, tuσ],

0n×1, t ∈ (tuσ, t
a
σ+1],

(6)

where Ξfσ is bounded as ∥Ξfσ(t)∥ ≤ 2d̄∆t, t ∈ (taσ, t
u
σ]

using Assumption 2. Once Ufσ and Yfσ are obtained, an
MRE technique is employed to construct signals Uσ : R≥0 7→
Rp,Yσ : R≥0 7→ Rp×p, and Ξσ : R≥0 7→ Rp, that satisfy
Uσ = Yσθ + Ξσ , where Uσ and Yσ can be computed using



measurements of x and u and Ξσ is unmeasurable. For exam-
ple, in concurrent learning (CL) [17], a set of discrete time
instances {ti}Ni=1 ⊆ [taσ, t

u
σ), with N > p, is selected to store

the values of Ufσ and Yfσ [17]. Using these time-stamped
samples, Uσ,Yσ and Ξσ can be expressed for t ∈ [taσ, t

u
σ) as

Uσ(t) :=

N∑
i=1

Y⊤
fσ(ti(t))Ufσ(ti(t))

1 + ∥Yfσ(ti(t))∥2
, Uσ(t

a
σ) = 0p×1, (7)

Yσ(t) :=

N∑
i=1

Y⊤
fσ(ti(t))Yfσ(ti(t))

1 + ∥Yfσ(ti(t))∥2
, Yσ(t

a
σ) = 0p×p, (8)

Ξσ(t) :=

N∑
i=1

Y⊤
fσ(ti(t))Ξfσ(ti(t))

1 + ∥Yfσ(ti(t))∥2
, Ξσ(t

a
σ) = 0p×1. (9)

Using bound Ξfσ , a bound on Ξσ is derived as ∥Ξσ(t)∥ ≤
Nd̄∆t. Another approach to compute Uσ,Yσ , and Ξσ is using
exponentially weighted integrals [18], where a forgetting factor
α > 0 is used to prioritize recent data while retaining informa-
tive contributions from earlier measurements. The developed
framework can also incorporate other MRE techniques, such
as those developed in [19]–[21].

Remark 1: This letter assumes that the measurements and
the integrals are exact for the ease of exposition. Measurement
errors and numerical integration errors can be easily incorpo-
rated in the analysis by adding them to the residual Ξσ and
bounding it appropriately.

Convergence of the parameter estimation error to a neigh-
borhood of the origin follows if the regressor Yσ is sufficiently
exciting, as formalized in the following assumption.

Assumption 3: The regressor Yσ is uniformly sufficiently
exciting i.e. for all σ ∈ N o, there exist constants λy ∈ R>0

and Tσ ∈ [taσ, t
u
σ) such that for Tσ ≤ t ≤ taσ+1, and for all

initial conditions e1(t
a
σ), e2(t

a
σ), and θ̃(taσ), λmin(Yσ) > λy ,

where λmin(·) denotes the minimum eigenvalue of a matrix.
Based on the stability analysis in Section IV-B and under

Assumption 3, an adaptive update law is designed as

˙̂
θ =

{
kθΓ

(
Uσ(t)− Yσ(t)θ̂

)
, t ≥ Tσ,

0p×1, t < Tσ,
(10)

where kθ > 0 is a constant scalar, Γ ∈ Rp×p is a constant
positive definite matrix, and θ̂ ∈ Rp denotes the estimate of
the constant vector θ. Let the parameter estimation error be
defined as, θ̃ := θ − θ̂. Differentiating θ̃ and substituting the
update law from (10) yields the parameter estimation error
dynamics

˙̃
θ =

{
−kθΓYσ(t)θ̃ − kθΓΞσ(t), t ≥ Tσ,

0p×1, t < Tσ.
(11)

Note that the update law (10) uses only the measurable signals
Uσ and Yσ . The error dynamics (11) is presented only for the
purpose of analysis. The next section analyzes the stability of
the parameter estimation error system in (11) and establishes
uniform ultimate boundedness of its trajectories.

B. Stability Analysis for CL Update Laws
The stability properties of the MRE-based observer devel-

oped in (10) are summarized in the following lemma.

Lemma 1: If Assumptions 1–3 are satisfied, then the adap-
tive update law in (10) ensures that the parameter estimation
error θ̃ is global uniformly ultimately bounded during the
sensor-available interval [taσ, t

u
σ) and satisfies

∥θ̃(t)∥ ≤

√√√√Γ
Γ

(
∥θ̃(taσ)∥2 e

−ρ(t−taσ)/Γ + ϖ
ρ

(
1−e−ρ(t−taσ )/Γ

))
,

(12)
for all σ ∈ N o, where ϖ := 2kξd and ρ := λy are constants.

Proof: Consider the candidate Lyapunov function Vσ :
Rp → R≥0 defined as Vσ(θ̃) :=

1
2 θ̃

⊤Γ−1θ̃, which satisfies the
inequality Γ∥θ∥2 ≤ Vσ(θ̃) ≤ Γ∥θ∥2 for σ ∈ N o, where the
bounds Γ := λmin

(
Γ−1

)
and Γ := λmax

(
Γ−1

)
are positive

constants. Taking the Lie derivative of Vσ along the flow of
the parameter error dynamics (11) yields

V̇σ(t, θ̃) =

{
−kθ θ̃

⊤Yσ(t)θ̃ − kθ θ̃
⊤Ξσ(t), t ≥ Tσ,

0, t < Tσ.
(13)

Using Assumption 2 and Assumption 3, the Lie derivative of
the candidate Lyapunov function is bounded by V̇σ(t, θ̃) ≤
−kθλy∥θ̃∥2 + kθkξd∥θ̃∥, where kξ ∈ R>0 is a bound on Ξσ

such that ∥Ξσ(t)∥ ≤ kξd, ∀t ∈ [taσ, t
u
σ). Applying Young’s

inequality, the Lie derivative of Vσ can be bounded as

V̇σ(t, θ̃) ≤ −1

2
kθλy∥θ̃∥2 − ∥θ̃∥

(
1

2
kθλy∥θ̃∥ − kθkξd

)
≤ −1

2
kθλy∥θ̃∥2, ∀∥θ̃∥ ≥ ϖ

ρ
> 0. (14)

Therefore, by [22, Theorem 4.18], the trajectories of (11) are
globally uniformly ultimately bounded (GUUB). This GUUB
property guarantees that for any initial condition, there exists
a finite time tr, such that the solution enters and remains

within the ultimate bound, i.e.,
∥∥θ̃(t)∥∥ ≤

√
Γ
Γ

(
ϖ
ρ

)
, ∀t ≥ tr.

Furthermore, by the Comparison Lemma [22, Lemma 3.4], the
differential inequality also yields the transient bound in (12)
that holds for all t ∈ [taσ, t

u
σ).

The bound in Lemma 1 only holds for the sensor-available
intervals. However, in the interval [tuσ, t

a
σ+1) when the agent

does not have access to the state, the parameter estimates θ̂

are not updated, i.e., ˙̂
θ(t) = 0, ∀t ∈ [tuσ, t

a
σ+1). The parameter

estimation error thus remains unchanged during the interval
[tuσ, t

a
σ+1), i.e.,

∥θ̃(taσ+1)∥ = ∥θ̃(tuσ)∥. (15)

In the following section, we extend the above analysis to
successive intervals by designing dwell-time conditions that
ensure that the parameter estimation error remains bounded
for all time. In particular, we present the state observer and
the controller, which leverage parameter estimates from (10) to
enable the agent to operate within the specified error bounds.

V. CONTROLLER AND UPDATE LAWS

A. Control Design
In the absence of continuous state feedback, an observer is

required to estimate the state of the agent. This section presents
a switching observer along with a stabilizing controller that



enables the agent to track a desired trajectory, regardless
of sensor availability. Motivated by the observer design for
switched systems presented in [6], the state estimates x̂ ∈ Rn

are computed using an observer of the form

˙̂xσ =

{
f(t, x̂) + Y (t, x̂)θ̂ + u+ vr,σ, ∀t ∈ [taσ, t

u
σ) ,

f(t, x̂) + Y (t, x̂)θ̂ + u, ∀t ∈ [tuσ, t
a
σ+1),

(16)

with the sliding mode term vr,σ designed as vr,σ = k1e1+(d̄+
Ȳ θ̃σ) sgn(e1), where k1 ∈ Rn×n is a positive definite control
gain matrix, sgn(·) is the sign function, and θ̃σ = ∥θ̃(tuσ)∥ is
the error bound at start of the sensor-denied interval derived in
(12). Note that since the observer is discontinuous, solutions
of (16) are interpreted in a generalized sense as Filippov’s
solutions [23].

For notational brevity, the dependence of all functions on t
is omitted hereafter unless needed for clarity. Also, let fx :=
f(t, x), fx̂ := f(t, x̂), Yx := Y (t, x), Yx̂ := Y (t, x̂), and dx :=
d(t, x). Using the state and parameter estimates from (16) and
(10), respectively, a stabilizing controller can be designed as

u =

{
˙̄xd − fx̂ − k2e2 − vr,σ − Yx̂θ̂, ∀t ∈ [taσ, t

u
σ) ,

˙̄xd − fx̂ − k2e2 − Yx̂θ̂, ∀t ∈ [tuσ, t
a
σ+1),

(17)

where k2 ∈ Rn×n is a positive definite tracking error gain
matrix. Substituting (1) and (16) into the time derivative of e1
yields the state estimation error dynamics

ė1 =

{
fx + Yxθ + dx − fx̂ − Yx̂θ̂ − vr,σ, ∀t ∈ [taσ, t

u
σ) ,

fx + Yxθ + dx − fx̂ − Yx̂θ̂, ∀t ∈
[
tuσ, t

a
σ+1

)
.

(18)
Similarly, substituting (16) into the derivative of e2 yields the
trajectory tracking error dynamics

ė2 =

{
fx̂ + u+ vr,σ − ˙̄xd + Yx̂θ̂, ∀t ∈ [taσ, t

u
σ) ,

fx̂ + u− ˙̄xd + Yx̂θ̂, ∀t ∈
[
tuσ, t

a
σ+1

)
.

(19)

Using the controller designed in (17), the error dynamics for
e2 for both intervals can be simplified to

ė2 = −k2e2, ∀t ∈
[
taσ, t

a
σ+1

)
. (20)

The following section presents the main theoretical results
of this letter and analyzes the stability of the switched error
system under the controller in (17).

B. Stability Analysis and Dwell-Time Conditions
In this section, the stability of the developed switched

observer is analyzed using the controller designed in (17).
Using the Lyapunov function introduced in (2) along with the
user-defined bounds Vu and Vl and the error dynamics in (18)
and (20), this section establishes the dwell-time conditions
necessary to ensure the condition Vl ≤ V (e(t)) ≤ Vu is
satisfied ∀t. To facilitate the analysis, let E ⊂ R2n be a
compact set defined as E :=

{
[e⊤1 , e

⊤
2 ]

⊤ ∈ R2n | x, x̂ ∈ X
}

,
and let η > 0 be selected such that B(0, η) ⊂ E , where
B(0, η) denotes the open ball of radius η around the origin.
It can be observed that whenever the errors [e⊤1 , e

⊤
2 ]

⊤ ∈ E ,
the Lipschitz bounds introduced in Assumption 1 hold. The
following theorem computes the dwell-time conditions for
sensor-available and sensor-denied intervals.

Theorem 1: Given the error systems in (18) and (20) with
initial conditions satisfying e(ta0) ∈ E , the bounds Vl ≤
V (e(t)) ≤ Vu hold if Assumptions 1–3 hold, the switching
signal satisfies the dwell-time conditions

∆taσ ≥ − 1

ka
ln

(
Vl

V (e(taσ))

)
and (21)

∆tuσ ≤ 1

ku
ln

(
Vu + Z̄

V (e(tuσ)) + Z̄

)
(22)

hold, where ka, ku, L1 > 0 are user-defined gains, Vu is
selected such that Vu < 1

2η
2, and Z̄ = (d̄+Ȳ θ̃σ)

2

2L1ku
.

Proof: The generalized derivative ˙̃V (see [23, Equation
13]) of the candidate Lyapunov function in (2) along the flow
of (18) and (20) is given by

˙̃V (t, e) =


e⊤1 K

(
fx − fx̂ − vr,σ + dx + Yxθ − Yx̂θ̂

)
+ e⊤2 (−k2e2), ∀t ∈ [taσ, t

u
σ) ,

e⊤1

(
fx − fx̂ + dx + Yxθ − Yx̂θ̂

)
+ e⊤2 (−k2e2), ∀t ∈

[
tuσ, t

a
σ+1

)
,

(23)

where K denotes Filippov’s differential inclusion [23, Defini-
tion 2.1].

1) Analysis in the sensor-available Interval: Consider the
interval t ∈ [taσ, t

u
σ), such that e(taσ) ∈ E . Since e1 is

measurable, the term vr,σ can be implemented. Substituting
vr,σ into the first case of (23) yields

˙̃V (t, e) ⊂ e⊤1

(
fx + Yxθ + dx − fx̂ − Yx̂θ̂ − k1e1

)
− e⊤1 (d̄+ Ȳ θ̃σ)SGN(e1)− e⊤2 k2e2, (24)

where for a given scalar x, the function SGN(x) = 1 if x > 0,
SGN(x) = −1 if x < 0, and SGN(x) = [−1, 1] if x = 0. The
function is applied element-wise to vector arguments. Since f
is Lipschitz continuous uniformly in t, x is known in sensor-
available regions, i.e., Yx̂ = Yx, we have ∥d(t, x)∥ ≤ d̄, and
∥Yxθ̃∥ ≤ Ȳ θ̃σ , for all t ∈ [taσ, t

u
σ) and x ∈ X . Thus, ˙̃V can be

bounded on [taσ, t
u
σ)× E as

˙̃V (t, e) ≤ (Lf − λmin(k1))∥e1∥2 − λmin(k2)∥e2∥2, (25)

where Lf > 0 is the Lipschitz constant of f on X , and for a
set A ⊂ R and a scalar b ∈ R, the notation A ≤ b is used to
imply that for all a ∈ A, a < b. Letting k1 = −Lf +λmin(k1)
and k2 = −λmin(k2), we can simplify (25) as

˙̃V (t, e) ≤ −k1∥e1∥2 − k2∥e2∥2, (26)

for all (t, e) ∈ [taσ, t
u
σ) × E . Letting ka = min{k1

2 ,
k2

2 }, the
generalized derivative of the Lyapunov function V is bounded
as ˙̃V (t, e) ≤ −ka V (e),∀(t, e) ∈ [taσ, t

u
σ) × E . Invoking,

for example, [24, Theorem 7.2], it can be concluded that the
error system in (18) and (20) is strongly locally asymptotically
stable in ∆taσ . Using the chain rule for generalized derivatives
[24, Proposition 4.2] and the comparison lemma [22, Lemma
3.4], the candidate Lyapunov function satisfies

V (e(t)) ≤ V (e(taσ))e
−ka(t−taσ), ∀t ∈ [taσ, t

u
σ) . (27)



Setting t = tuσ and imposing the bound V (e(tuσ)) ≥ Vl, we
obtain

Vl ≤ V (e(tuσ)) ≤ V (e(taσ))e
−ka(t

u
σ−taσ). (28)

Solving for the dwell-time ∆taσ = tuσ−taσ , we obtain the dwell-
time condition in (21). Thus, the lower bound Vl ≤ V (tuσ)
holds provided the dwell-time condition in (21) is satisfied.

2) Analysis during the sensor-denied Interval: For t ∈[
tuσ, t

a
σ+1

)
, the sliding mode term vr,σ is not measurable. Thus,

using the second case of equation (23), we can express V̇ as

V̇ (t, e) = e⊤1

(
fx − fx̂ + dx + Yxθ − Yx̂θ̂

)
+ e⊤2 (−k2e2), ∀t ∈

[
tuσ, t

a
σ+1

)
. (29)

Note that using (27) and the fact that e(taσ) ∈ E , it can
be concluded that e(tuσ) ∈ Int(E), where Int(E) denotes the
interior of E . Let t′σ be a time instance such that t′σ =
inft>tuσ

{e(t) /∈ E}. Since e(tuσ) ∈ Int(E), the interval [tuσ, t
′
σ]

is of nonzero length. Since e(t) ∈ E on the interval [tuσ, t
′
σ],

using the local Lipschitz continuity of f and Y and using the
bound on d, the time-derivative of the candidate Lyapunov
function can be bounded on [tuσ, t

′
σ] as V̇ (t, e) ≤ L1∥e1∥2 +

(d̄ + Ȳ θ̃σ)∥e1∥ − k2∥e2∥2, where L1 := Lf + LY θ̃σ and
k2 = λmin(k2), where Ly denotes the Lipschitz constant of
Y on X . Using the completion of the squares

V̇ (t,e(t))≤kuV (e(t))+
(d̄+ Ȳ θ̃σ)

2

2L1
, (30)

where ku := min{ 3L1

2 , k2}. Using the comparison lemma [22,
Lemma 3.4], any solution to this differential inequality starting
at time tuσ satisfies

V (e(t)) ≤ V (e(tuσ))e
ku(t−tuσ) + Z̄(eku(t−tuσ) − 1), (31)

∀t ∈ [tuσ, t
′
σ]. Under the dwell-time condition in (22), we

obtain the bound

Vu ≥ V (e(tuσ))e
k∆tuσ +

(d̄+ Ȳ θ̃σ)
2

2L1k
(ek∆tuσ − 1). (32)

Since Vu is selected to ensure that V (e) ≤ Vu =⇒ e ∈ E , we
conclude that t′σ ≥ taσ+1, and as a result, for all t ∈ [tuσ, t

a
σ+1],

V (e(t)) ≤ Vu and e(t) ∈ E . In particular, V (e(taσ+1)) ≤ Vu

and e(taσ+1) ∈ E . Since e(ta0) ∈ E , an inductive argument can
be used to conclude that ∀σ ∈ N o, e(taσ) ∈ E and for all
t ≥ ta0 , Vl ≤ V (e(t)) ≤ Vu.
The following theorem presents the main result of this letter.

Theorem 2: If the conditions of Lemmas 1 and The-
orem 1 are satisfied, then the sequence of dwell times
{∆tui }i=1,...,N̄−1 satisfies the inequalities

∆tu1 < ∆tu2 < · · · < ∆tuN̄−1, (33)

where N̄ is the first switching index σ such that ∥θ̃(taσ)∥ ≤√
ϖ
ρ or specifically tuN̄ > tr.

Proof: From Lemma 1, after the first k sensor-available
intervals

∥θ̃(tuσ+k)∥ ≤

√√√√αk+1∥θ̃(taσ)∥2
k∏

j=0

e−
ρ

Γ
∆tσ+j + γ · Φk, (34)

where Φk :=
∑k

j=0 α
k−j

∏k
ℓ=j+1 e

− ρ

Γ
∆tσ+ℓ

(
1− e−

ρ

Γ
∆tσ+j

)
,

α := Γ
Γ , and γ := ϖ

ρ . After a finite time tr, the estimation

error θ̃ remains confined within a ball of radius
√

Γ
Γ

ϖ
ρ .

Letting N̄ ⊂ N o denote the subset of switching indices such
that tuσ < tr, the parameter estimation errors satisfy

∥θ̃(tuσ+k)∥ < ∥θ̃(tuσ)∥, ∀σ ∈ N̄ . (35)

By applying (35) across the N̄ intervals and provided (22) in
Theorem 1 holds, the sequence of dwell times satisfy (33).
From Theorem 2, we conclude that the sensor-denied interval
is progressively extended, up to a limit dictated by the ultimate
bound on θ̃. The simulation results are presented in the next
section.

VI. SIMULATION

Consider a dynamical system of the form in (1), where x =
[x1;x2] ∈ R2, f(t, x) = [x2;x1], Y (t, x) = [0, 0;−x1,−x3

1],
and θ = [1; 0.5]. The dynamics are subjected to a norm-
bounded disturbance d(t, x) = [0.1 sin(2x1); 0]. At t = 0,
the full state signal is available and the initial conditions are
selected as x(0) = [−1; 1], x̂(0) = 02×1, and θ̂(0) = 02×1.
The parameter estimation law employs a CL strategy that
maintains a history stack of N = 15 data points during ∆taσ .
The adaptation gain is set to Γ = I2 with kθ = 0.5. Integrals
in (4)–(6) are computed over a fixed window ∆t = 0.25 s, and
a history stack entry is added only if the minimum eigenvalue
of the information matrix increases by more than λy = 0.04.
The delay differential equations governing the CL dynamics
are integrated using the MATLAB dde23 solver. At tu0 =

0 5 10 15 20 25 30 35

−1

0

1

t (s)

e 1
(m

)

(e1)1
(e1)2

Fig. 1: Trajectories of the state estimation error e1(t) over
time. Time intervals with sensor availability are highlighted in
green, while sensor-denied intervals are shown in red.

0 5 10 15 20 25 30 35

−2

0

2

t (s)

e 2
(m

)

(e2)1
(e2)2

Fig. 2: Trajectories of trajectory tracking error e2(t) over time.

2s, a switching condition is triggered as the state becomes
unavailable and the updated parameter estimates are used to
compute ∆tu0 using (22). During [tu0 , t

a
1), the system dynamics

are propagated using the MATLAB ODE45 solver based on
updated parameter estimates. The developed framework is
compared with results from [6] as shown in Figure 4.
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Fig. 3: Trajectory of ∥θ̃(t)∥ over time.
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)

Fig. 4: Dwell time over five switches in sensor-denied in-
tervals, with orange showing Ref. [5] and blue showing the
proposed approach.

VII. DISCUSSION

Figures 1-2 show that the control law (17) drives the
tracking errors to a small neighborhood of the origin. With the
MRE-based update (10), the decaying parameter-error norm
∥θ̃(t)∥ in Fig. 3 indicates effective learning under intermittent
sensing. Figure 4 further shows longer admissible dwell times
than conservative switched-system bounds (e.g., [6]), reducing
unnecessary switching.

A limitation of the present framework is chattering induced
by the sliding-mode term. The analysis further assumes a
parametric disturbance model, and sensitivity to measurement
noise increases with higher gains and shorter integral windows.
These issues can be mitigated with standard techniques e.g.,
boundary layers or higher-order sliding to reduce chattering,
disturbance observers to relax modeling assumptions, and
filtering with conservative gain/window selections to temper
noise [12], [13].

VIII. CONCLUSION

In intermittent sensor applications, error bounds impose
strict dwell-time conditions on system operation. This letter
addresses this limitation by integrating a switched-systems
framework with MRE parameter estimation, which leverages
sensor-available intervals to estimate unknown parameters and
compensates unmodeled dynamics. As a result, the growth
of state estimation errors is controlled, enabling prolonged
operation in sensor-denied intervals. Future work will focus
on experimental validation on robotic platforms operating in
constrained environments with intermittent sensing.
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