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Abstract This paper is concerned with the tracking

control of a class of uncertain strict-feedback systems

subject to partial loss of actuator effectiveness, in ad-

dition to uncertain model dynamics and unknown dis-

turbances. A resilient anti-disturbance dynamic surface

control method is proposed to achieve stable tracking

regardless of partial actuator faults. First, data-driven

adaptive extended state observers are designed based

on memory-based identifiers, such that the uncertain

model dynamics, external disturbances and the unknown

input gains due to actuator faults can be estimated.

Next, a resilient anti-disturbance dynamic surface con-

troller is developed based on recovered information from

the data-driven adaptive extended state observers. Af-

ter that, it is proven that the cascade system formed by

the observer and controller is input-to-state stable. Fi-

nally, comparative studies are performed to validate the

efficacy of the resilient anti-disturbance dynamic sur-

face control method for nonlinear strict-feedback sys-

tems subject to partial loss of actuator effectiveness.
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1 Introduction

In recent years, the tracking control problem of strict-

feedback nonlinear systems has attracted great atten-

tion due to its potential applications in many practical

engineering systems, such as marine vehicles [1–4], mo-

bile robots [5–7], and aircrafts [8,9]. Since parametric

variations, unmodeled dynamics and external distur-

bances widely exist in a realistic control system, it is

highly necessary to develop advanced control methods

for uncertain strict-feedback nonlinear systems. Dur-

ing the past few years, various control methods are

proposed for strict-feedback nonlinear systems includ-

ing parametric adaptive control [10], adaptive neural

control [11–18], adaptive fuzzy control [19–23], sliding-

mode control [24], and observer-based control [25–27].

In [10], an adaptive dynamic surface control (DSC)

method is developed for uncertain strict-feedback sys-

tems, where the nonlinearities are linear in the uncer-

tain model parameters. In [11], a neural network-based

adaptive DSC method is developed for uncertain non-

linear strict-feedback systems, and the uncertain parts

of the nonlinear systems can be completely unknown.

In [19], an adaptive fuzzy DSC approach is developed,

where the unknown periodically disturbed functions are

compensated by a fuzzy-logic system with a Fourier

series expansion. In [20], an output-feedback adaptive

fuzzy control method is presented for a class of stochas-

tic nonlinear strict-feedback systems, and this result

is extended to uncertain systems with unknown dead

zones in [21]. In [12], an input-to-state stability modu-

https://www.editorialmanager.com/nody/download.aspx?id=1104012&guid=6c8e16f1-a672-4989-83f6-d520ad130286&scheme=1
https://www.editorialmanager.com/nody/download.aspx?id=1104012&guid=6c8e16f1-a672-4989-83f6-d520ad130286&scheme=1
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lar adaptive neural control method is proposed, and a

radial basis function neural network is developed based

on partial persistent excitation condition. In [14], an

adaptive DSC method is developed by using auxiliary

first-order filters, such that the dimension of neural net-

work inputs is reduced. In [13], a composite neural DSC

method is presented, and the neural weights are up-

dated using both the prediction error and the compen-
sated tracking error. In [22], a composite adaptive fuzzy
controller is proposed for nonlinear strict-feedback sys-

tems with unmeasured states and input saturation. In

[16], by combining the DSC technology and a distur-

bance observer, a robust adaptive control scheme is de-

veloped for strict-feedback nonlinear systems subject to

input saturation and external disturbances. In [15], di-
rect and indirect neural controllers are proposed by us-
ing a switching mechanism to feed the transient states

back into the neural approximation domain. In [17], a

predictor-based neural DSC method is proposed to en-

able a smooth and fast identification of unknown dy-

namics without incurring high-frequency oscillations.

In [18], an adaptive event-triggered control method is

presented, and the neural network weights are aperiodi-

cally updated only when the event-triggering condition

is violated. In [25], an online recorded data-based neural

learning method and nonlinear disturbance observers

are cooperating into the neural DSC design. In [24], a

robust adaptive learning control method is proposed for
uncertain single-input-single-output systems in strict-
feedback form by using a switching mechanism. In [26],
an adaptive tracking controller is developed for high-

order nonlinear strict-feedback systems using a neural

network-based state observer. It is worth mentioning

that the adaptive controllers in [10–28] do not consider

the problem of actuator faults.

Actuators play an important role in linking the con-

trol input to the physical actions performed on the sys-
tem. Normally, the actuators should execute the com-

mands given by the controller faithfully and completely.
In this case, the actuators exhibit 100% effectiveness.

However, if a fault occurs in the actuator, the actu-

ator might not be able to complete the control com-

mand fully. The actuator effectiveness can be used to

measure the severity of the actuator faults. As actuator

faults may cause the control performance deterioration

or even catastrophic accidents, it is necessary to de-
sign a high reliable system in the presence of possible
actuator faults. Various adaptive fault-tolerant control

methods are proposed for nonlinear systems in [29–35].

In [29], an adaptive fuzzy fault-tolerant DSC method is

proposed, and observers are designed to detect, isolate,

and estimate the fault. In [30], the dynamic changes

induced by actuator faults is considered as the system

disturbance and compensated by radial basis function

networks. In [31], an adaptive auxiliary signal is de-
signed to compensate for the effect of the actuator fault

in nonlinear strict-feedback systems. In [32], an adap-

tive fuzzy fault-tolerant optimal control method is de-

veloped based on an adaptive critic technique. In [33],

an event-triggered adaptive fault-tolerant controller are

designed, and the effects of actuator faults are com-

pensated by adaptive mechanisms. In [34], the obstacle

caused by actuation faults can be compensated by uti-

lizing the approximate property of neural network, and

the assumption on control gain matrix is weakened. In

[35], a prescribed performance fault-tolerant controller

is developed to confine the tracking errors within pre-

scribed arbitrarily small residual sets regardless of actu-

ator faults. Through the above adaptive fault-tolerant

controller in [29–35] can compensate for the efforts of

actuator faults, the variation of control gains due to

actuator faults are still unknown.

Motivated by the above observation, this paper fo-
cuses on the tracking control for uncertain strict-feedback

systems subject to partial loss of actuator effectiveness,

uncertain model dynamics and unknown disturbances.

A resilient anti-disturbance DSC method is proposed

based on data-driven adaptive extended state observers

(DAESOs). Specifically, DAESOs are developed by us-
ing a memory-based identifier with a data-driven ap-
proach. The DAESOs are able to estimated the un-

known input gains caused by actuator faults, in ad-

dition to the uncertain model dynamics and external

disturbances. Then, based on the proposed DAESOs, a

resilient tracking controller is designed without any pri-

ori knowledge of model parameters. The observer design
is decoupled from the controller design, and the sta-
bility of the observer-controller cascade system is an-

alyzed. Simulations results illustrate the effectiveness

of the proposed resilient anti-disturbance DSC method

based on DAESOs for uncertain strict-feedback systems

subject to partial loss of actuator effectiveness.
Compared with the existing adaptive DSC techniques

presented in [10–28], and the adaptive fault-tolerant

control techniques given in [29–35], main features of

the proposed resilient anti-disturbance DSC design are

summarized as follows.

– In the adaptive DSC designs in [10–28], the actu-

ator faults are not considered and priori informa-

tion of control gains is needed. By contrast, the pro-

posed DAESO-based DSC design is able to achieve

resilient tracking performance regardless of partial

loss of control effectiveness due to the actuator faults.

– In the adaptive fault-tolerant control techniques in
[29–35], the efforts of actuator faults can be compen-

sated by adaptive laws, while the variation of control
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gains due to actuator faults are still unknown. By

contrast, the unknown control gains due to actua-

tor faults can be accurately estimated by using the

proposed DAESOs.

– Compared with the approximation-based adaptive

DSC design in [11–23], the proposed DAESO-based

resilient anti-disturbance DSC method is easier to

implement due to the simplified estimation archi-
tecture and decreased tuning parameters.

The rest paper is organized as follows. Section 2

states the problem formulation. Section 3 presents the

resilient anti-disturbance dynamic surface controller de-

sign including the observer design and the controller

design. Section 4 gives the stability analysis of the pro-

posed observer-controller cascade system. Section 5 pro-

vides two examples for illustrations. Section 6 concludes

this paper.

2 Problem formulation

Consider a class of uncertain nonlinear systems in strict-

feedback form described as follows

8

<

:

ẋi = fi(x̄i) + wi + bixi+1,
ẋn = fn(x̄n) + wn + bnu,

y = x1, i = 1, ..., n� 1,

(1)

where xi 2 < is the system state; x̄i = [x1, ..., xi]
T 2 <i

is the state vector; u 2 < is the control input; y 2 < is

the system output; fi(x̄i) is an unknown smooth func-

tions of x̄i, wi 2 < denotes the external disturbance;

bi 2 < is an unknown control input gain and without
loss of generality, it is assumed that bi > 0. In this pa-

per, the actuator fault is modeled by bn = ⇢bo with bo
being the unknown control input gain and 0 < ⇢  1

being the actuator health indicator. The case ⇢ = 1 im-

plies that the actuator is healthy, and 0 < ⇢ < 1 implies

the actuator is partially loses its effectiveness [36].

The control objective is to design an resilient con-

troller for uncertain strict-feedback systems (1) to track
a time-varying reference signal yr 2 < such that the

tracking error z1 = y � yr converges to a small neigh-

borhood of origin.

In practice, there are many systems falling into the

strict-feedback structure, such as the marine ships [37–
44], underwater vehicles [45–49], mobile robots [50,51],

and aircraft [52,53]. Therefore the proposed anti-distur-

bance adaptive DSC design based on DAESOs for un-

certain strict-feedback systems can be applied to a wide

range of engineering systems in industrial applications.

The following assumptions are needed in the con-

troller design.

Assumption 1. The disturbance ! and its time deriva-

tive !̇ are bounded, i.e., there exists a positive constant
✏1 such that |!i|+ |!̇i|  ✏1.

Assumption 2. The unknown function and its time

derivative are bounded, i.e., there exists a positive con-

stant ✏2 such that |fi|+ | ∂fi
∂x1

|+ | ∂fi
∂x2

|+ ...+ | ∂fi
∂xi

|  ✏2.
Assumption 3. The reference signals yr, ẏr and ÿr

are bounded, i.e., there exists a positive constant ✏3
such that y2r + ẏ2r + ÿ2r  ✏3.

3 Controller Design

In this section, a resilient anti-disturbance dynamic sur-

face controller is proposed for uncertain strict-feedback

systems subject to partial loss of actuator effectiveness.
At first, DAESOs are proposed to estimate the un-

known input gains due to actuator faults and the total
uncertainties composed of model uncertainties and ex-
ternal disturbances. Then, based on the proposed DAE-

SOs, a resilient anti-disturbance controller is developed

using the DSC design method.

3.1 DAESO Design

In this subsection, DAESOs are proposed by incorpo-

rating memory-based identifiers into the ESOs. The
memory-based identifiers are builded based on a con-
current learning technique.

Define the total model uncertainties as

si = fi(x̄i) + wi,

and it follows that the system model (1) becomes
8

<

:

ẋi = si + bixi+1, i = 1, ..., n� 1,
ẋn = sn + bnu,

y = x1.

(2)

Let x̂i be the estimates of xi with i = 1, ..., n. ŝi rep-
resents the estimates of si with i = 1, ..., n. b̂i donates

the estimates of bi with i = 1, ..., n. The estimation

errors are defined as follows
8

<

:

x̃i = x̂i � xi,

s̃i = ŝi � si,

b̃i = b̂i � bi.

(3)

For the ith subsystem ẋi = si + bixi+1, a DAESO

is proposed as follows
⇢

˙̂xi = �ki1(x̂i � xi) + ŝi + b̂ixi+1,
˙̂si = �ki2(x̂i � xi),

(4)

where i = 1, ...n and xn+1 = u; ki1 and ki2 are positive

observer gains, which can be selected as ki1 = !2
c , ki2 =

2!c with !c being the control band-width.
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The update law for the input gains b̂i is designed by

using the past stored and current data concurrently as
follows

8

>

>

>

>

>

<

>

>

>

>

>

:

˙̌xi = ŝi + b̂ixi+1 � kimx̄i +mi
˙̂
bi,

˙̂
bi = kicProj

n

b̂i,�mi(x̄i � �i)

�
p
P

k=1

mik(x̄ik � �ik)
o

,

ṁi = xi+1 � kimmi,

(5)

where kim 2 < and kic 2 < are positive scalar gains;

mik 2 <, x̄ik 2 < and �ik 2 < are the stored data ofmi,

x̄i and �i at different time instants t = tk; x̄i = x̌i�xi.
Here �i is defined as

�i = x̄i �mib̃i, �i(t0) = x̄i(t0), (6)

and Proj[·] is a projection operator which is used to
guarantee that 0 < bimin  b̂i  bimax .

Note that

(

˙̄xi = s̃i + b̃ixi+1 � kimx̄i +mi
˙̃
bi,

ṁib̃i = b̃ixi+1 � kimmib̃i,
(7)

and the derivative of �i can be described as

�̇i = �kim�i + s̃i. (8)

Since �i is unavailable, let �̂i be an estimation of �i
updated as follows

˙̂�i = �kim�̂i, �̂i(t0) = x̄i(t0). (9)

Let

�̃i = �̂i � �i, (10)

then it can be derived that

˙̃�i = �kim�̃i � s̃i. (11)

By using �̂i, the update law in (5) becomes

˙̂
bi = kicProj

n

b̂i,�mi(x̄i � �̂i)

�

p
X

k=1

mik(x̄ik � �̂ik)
o

,
(12)

where �̂ik is the stored data of �̂i at different time in-

stants t = tk.

The dynamics of b̃i is expressed by

˙̃
bi = kicProj

n

b̂i,�mi(x̄i � �i � �̃i)

�

p
X

k=1

mik(x̄ik � �ik � �̃ik)
o

= kicProj
n

b̂i,�mi(mib̃i � �̃i)

�

p
X

k=1

mik(mik b̃i � �̃ik)
o

= kicProj
n

b̂i,�m2
i b̃i �

p
X

k=1

m2
ik b̃i

+mi�̃i +

p
X

k=1

mik�̃ik

o

,

(13)

where �̃ik = �̂ik � �ik.

To move on, the following assumption is required.

Assumption 4. The stored data of the proposed DAE-
SOs satisfies that

Pp

k=1 m
2
ik > 0.

Take the time derivative of x̃i and s̃i using (4) and
(2), and the error dynamics of the DAESOs can be ex-

pressed as

8

<

:

˙̃xi = �ki1x̃i + s̃i + b̃ixi+1,
˙̃si = �ki2x̃i � ṡi,
˙̃�i = �kim�̃i � s̃i,

(14)

and it can be written in a compact form

Ẋi = AiXi + �i, (15)

with Xi = [x̃i, s̃i, �̃i]
T and

Ai =

2

4

�ki1 1 0
�ki2 0 0

0 �1 �kim

3

5 ,�i =

2

4

b̃ixi+1

�ṡi
0

3

5 . (16)

In the parameter estimation methods presented in

[54], the unknown model parameters including the in-

put gains can be estimated accurately, but they can-

not deal with the modeling errors and external distur-

bances. By using the proposed DAESOs, the internal

model uncertainties, external disturbances and the un-
known control gains due to actuator faults can be esti-
mated simultaneously.

Different from the classic ESOs proposed in [55–
68] where the input gains are assumed to be known, a
DAESO is developed herein. With the aid of a memory-

based identifier, the DAESO is able to estimate the

unknown control gains in addition to the total distur-

bances.
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3.2 DSC control Design

In this subsection, a resilient anti-disturbance controller

is designed based on the proposed DAESOs and a DSC

method. As a result, the system is able to track the ref-

erence signal against the partial loss of actuator effec-
tiveness without any knowledge of model parameters.

In the following text, the controller is designed step by

step.

The uncertain strict-feedback systems in (2) can be

rewritten as
8

<

:

ẋi = si � b̃ixi+1 + b̂ixi+1, i = 1, ..., n� 1,

ẋn = sn � b̃nu+ b̂nu,

y = x1.

(17)

Step 1: Let

z1 = x1 � yr, (18)

and take the time derivative of z1

ż1 = b̂1x2 � b̃1x2 + s1 � ẏr. (19)

The virtual control law is given by

↵2 =
1

b̂1

⇣

� k1z1 � ŝ1 + ẏr

⌘

, (20)

with k1 being a positive constant. Let ↵2 pass through
a first-order filter to obtain its estimate, denoted by ↵2d

⇠1↵̇2d + ↵2d = ↵2,↵2d(0) = ↵2(0), (21)

where ⇠1 is a constant.

Step i: Define

zi = xi � ↵id, (22)

then the time derivative of zi can be written as

żi = b̂ixi+1 � b̃ixi+1 + si � ↵̇id. (23)

Construct a virtual control law as

↵i+1 =
1

b̂i

⇣

� kizi � ŝi + ↵̇id

⌘

, (24)

with ki being a positive constant. Let ↵i+1 pass through

a first-order filter to obtain ↵(i+1)d

⇠i↵̇(i+1)d + ↵(i+1)d = ↵i+1,↵(i+1)d(0) = ↵i+1(0), (25)

where ⇠i is a constant.

Step n: Let

zn = xn � ↵nd, (26)

and take the time derivative of zn

żn = b̂nu� b̃nu+ sn � ↵̇nd. (27)

The control law u is designed as follows

u =
1

b̂n

⇣

� knzn � ŝn + ↵̇nd

⌘

, (28)

where kn is a positive constant.

From the control design above, the closed-loop sys-

tem can be described by

8

>

>

>

>

>

>

>

<

>

>

>

>

>

>

>

:

ż1 = �k1z1 + b̂1z2 + b̂1q2 � s̃1 � b̃1x2,
...

żi = �kizi + b̂izi+1 + b̂iqi+1 � s̃i � b̃ixi+1,
...

żn = �knzn � s̃n � b̃nu,

(29)

where qi+1 = ↵(i+1)d � ↵i+1, i = 1, ..., n� 1.

Take the time derivatives of qi+1 yields

8

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

<

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

>

:

q̇2 = � q2
ξ1

�
˙̂
b1
b̂2
1

(�k1z1 � ŝ1 + ẏr)

� 1

b̂1
(�k1ż1 � ˙̂s1 + ÿr),

= � q2
ξ1

+B2(z1, z2, q2, s̃1, x̃1, b̂1, b̃1, yr, ẏr, ÿr),
...

q̇i+1 = � qi+1

ξi
�

˙̂
bi
b̂2
i

(�kizi � ŝi + ↵̇id)

� 1

b̂i
(�kiżi � ˙̂si + ↵̈id),

= � qi+1

ξi
+Bi+1(z1, ...zi+1, q2, ...qi+1, s̃1, ..., s̃i,

x̃1, ..., x̃i, b̂1, ..., b̂i, b̃1, ..., b̃i, yr, ẏr, ÿr),
...

q̇n = � qn
ξn−1

�
˙̂
bn−1

b̂2
n−1

(�kn�1zn�1 � ŝn�1 + ↵̇id)

� 1

b̂n−1

(�kn�1żn�1 � ˙̂sn�1 + ↵̈(n�1)d),

= � qn
ξn−1

+Bn(z1, ...zn, q2, ...qn,

s̃1, ..., s̃n�1, x̃1, ..., x̃n�1, b̂1, ..., b̂n�1,

b̃1, ..., b̃n�1, yr, ẏr, ÿr),

(30)

with B2(·), ..., Bn(·) being continuous functions.

A visualization of the proposed resilient anti-distur-

bance control architecture is shown in Fig. 1. It consists

of two parts, namely, data-driven adaptive ESOs and a

resilient anti-disturbance dynamic surface controller. In

the data-driven adaptive ESOs, a memory-based iden-

tifier based on recorded data is combined with ESOs

to identify the model uncertainty and unknown input

gains. By using the estimated information from the

DAESOs, a resilient anti-disturbance dynamic surface

controller is designed step by step without any priori

knowledge of the model parameters.
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Identifier 

 

ESO 

Controller Filter 

Identifier 

 Identifier  

System 

Controller Filter 

Identifier 

 

ESO Controller 

Data Stack 

ESO 

… 

Dynamic surface controller   Data-driven adaptive ESOs 

Data Stack 

Data Stack 

… 

… 

Fig. 1 Resilient anti-disturbance DSC architecture based on
DAESO.

4 Stability Analysis

4.1 Stability analysis of the DAESOs

In this section, the stability of the proposed DAESO for

resilient anti-disturbance dynamic surface controller is

analyzed. First, the stability of the ESO subsystem (15)

is analyzed.
According to (15), the full error dynamic can be

rewritten as

Ẋ = AX + �, (31)

where X = [X1, ..., Xn]
T , A = diag{A1, ..., An}, � =

[�1, ...,�n]
T .

Here A are Hurwitz, i.e., there exists a positive def-

inite symmetric matrix P satisfies the Lyapunov equa-
tion

PA+ATP = �I. (32)

Lemma 1. If there exits a positive definite matrix P
satisfying (32) and Assumptions 1 and 2 are satisfied,

then the system (31) with the state vector being X and
the inputs b̃1, ..., b̃n and ṡ1, ..., ṡn is input-to-state stable

(ISS).

Proof : Consider a Lyapunov candidate as

V1 =
1

2
XTPX. (33)

The time derivative of V1 along (31) is expressed by

V̇1 =
1

2
XT (PA+ATP )X +XTP�. (34)

Using (32), it follows that

V̇1 = �
1

2
kXk2 + kXkkPkk�k. (35)

Let xn+1 = u, and note that

kXk �
2kPk

�
Pn

i=1 kxi+1kkb̃ik+
Pn

i=1 ksik
�

✓̄1

�
2kPk

q

Pn

i=1 kxi+1k2kb̃ik2 +
Pn

i=1 ksik
2

✓̄1

�
2kPkk�k

✓̄1
, (36)

with 0 < ✓̄1 < 1 renders

V̇1  �
1� ✓̄1

2
kXk2. (37)

The boundness of b̃i is guaranteed by projection op-

eration, and the upper bound for b̃i is given by kb̃ik 

2b⇤ + ". According to Assumptions 1 and 2, there ex-

ists a positive constant s⇤ such that kṡik  s⇤. Then

we can conclude that the subsystem (31) with respect
to the input b̃1, ..., b̃n and ṡ1, ..., ṡn, is ISS, and kXk is

bounded by

kX(t)k  max{$1(kX(t0)k),

n
X

i=1

�b̃i(b̃i)

+
n
X

i=1

�ṡi(ṡi)}, 8t � t0,

(38)

where $1 is a KL function and
8

<

:

�b̃i(◆) =
q

λmax(P )
λmin(P )

2kPkkxi+1kkιk

θ̄1
,

�ṡi(◆) =
q

λmax(P )
λmin(P )

2kPkkιk

θ̄1
.

(39)

The proof of Lemma 1 is completed.

Next, the stability of identification subsystem (13)
is analyzed.

Lemma 2. The subsystem (13) with the state vector

being b̃1, ..., b̃n and the input vector being �̃1, ..., �̃n is

ISS.

Proof. Construct the Lyapunov function candidate
as

V2 =

n
X

i=1

1

2kic
b̃2i . (40)

Take the time derivative of V2, one has

V̇2 =

n
X

i=1

n

�m2
i b̃

2
i �

p
X

k=1

m2
ik b̃

2
i

+mib̃i�̃i +

p
X

k=1

mik b̃i�̃ik

o

=
n
X

i=1

n

� kibb̃
2
i +mib̃i�̃i +

p
X

k=1

mik b̃i�̃ik

o

, (41)
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where kib = m2
i +

Pp

k=1 m
2
ik > 0.

Since

|b̃i| �
|mi||�̃i|+

Pp

k=1 |mik||�̃ik|

✓̄i2kib
, (42)

with 0 < ✓̄i2 < 1 renders

V̇2 

n
X

i=1

n

� kib(1� ✓̄i2)|b̃i|
2
o

. (43)

Then we can conclude that the subsystem (13) with
respect to the input �̃i, is ISS, and b̃i is bounded by

|b̃i|  max
n

$i2(b̃i(t0)),�
γ̃i(�̃i) +

p
X

k=1

�γ̃ik(�̃ik)
o

, (44)

8t � t0, where $i2 is a KL function and

(

�γ̃i(◆) = |mi||ι|

θ̄i2kib

,

�γ̃ik(◆) = |mik||ι|

θ̄i2kib

.
(45)

The proof of Lemma 2 is completed.

Note that the subsystems (31) and (13) form a cas-

cade system, where the identification subsystem (13) is

excited by the ESO subsystem (31). The stability of the

cascade system is indicated as follows.

Lemma 3. Consider the strict-feedback uncertain

system (1), the DAESO (4), the data-driven identifier

(5). Under Assumptions 1 and 2, the cascade system

form by the subsystems (31) and (13) is ISS.

Proof : Lemma 1 shows that the subsystem (31)
with the state vector being X and the input vector be-

ing b̃1, ..., b̃n and ṡ1, ..., ṡn is ISS. Lemma 2 shows that

the identification subsystem (13) with the state being

b̃1, ..., b̃n and the inputs being �̃1, ..., �̃n is ISS. Accord-

ing to Lemma C.4 in [69], it can be concluded that the

cascade system (31) and (13) is ISS with the states be-

ing X, b̃1, ..., b̃n, and input being b̃1, ..., b̃n and ṡ1, ..., ṡn
is ISS. Define Y1 = [XT , b̃1, ..., b̃n]

T , then Y1 is bounded

by

kY1(t)k  max
n

$3(kY1(0)k, t),

n
X

i=1

�i1(b̃i) +

n
X

i=1

�i2(ṡi)
o

, 8t � t0,
(46)

where $3 is a class KL function and �i1 and �i2 are

class K functions.

4.2 Stability analysis of the dynamic surface controller

In this subsection, the stability of the resilient anti-
disturbance dynamic surface controller is analyzed. The

following lemma presents the stability of tracking error

subsystem (29) and (30).

Lemma 4. The error subsystem (29) and (30) with

the states being z1, ..., zn, q2, ..., qn, and the inputs be-

ing s̃1, ..., s̃n, b̃1, ..., b̃n and B2, ..., Bn is ISS.
Proof : Construct a Lyapunov function as follows

V3 =
n
X

i=1

1

2
z2i +

n�1
X

i=1

1

2
q2i+1, (47)

whose derivative along (29) and (30) satisfies

V̇3 = �

n
X

i=1

kiz
2
i �

n�1
X

i=1

b̂izi+1zi �

n�1
X

i=1

b̂iqi+1zi

�

n�1
X

i=1

1

⇠i
q2i+1 + ZTh,

(48)

with
⇢

Z = [z1, ..., zn, q2, ..., qn]
T ,

h = [�s̃1 � b̃1x2, ...,�s̃n � b̃nu,B2, ..., Bn]
T .

(49)

Using

(

b̂izi+1zi 
(b∗+ε)z2

i+1

2 +
(b∗+ε)z2

i

2 ,

b̂iqi+1zi 
(b∗+ε)q2

i+1

2 +
(b∗+ε)z2

i

2 .
(50)

it follows that

V̇3  ZTKZ + ZTh, (51)

withK = diag{�[k1�(b⇤+")], ...,�[ki�3(b⇤+")/2], ...,�[kn�

(b⇤+")/2],�[1/⇠1�(b⇤+")/2, ...,�[1/⇠n�1�(b⇤+")/2]}.

As

kZk �

Pn

i=1 |s̃i|

✓̄3�min(K)
+

Pn

i=1 |xi+1||b̃i|

✓̄3�min(K)

+

Pn�1
i=1 |Bi+1|

✓̄3�min(K)
, (52)

with 0 < ✓̄3 < 1 renders

V̇3  �(1� ✓̄3)�min(K)kZk2. (53)

Therefore, the error subsystem (29) is ISS and kZk

is bounded by

kZ(t)k  max
n

$4(Z(t0)),

n
X

i=1

�s̃i(s̃i)

+

n
X

i=1

�b̃i(b̃i) +

n�1
X

i=1

�Bi+1(Bi+1)
o

, (54)
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8t � t0, where $4 is a KL function and
8

>

>

<

>

>

:

�s̃i(◆) = |ι|

θ̄3λmin(K)
,

�b̃i(◆) = |xi+1||ι|

θ̄3λmin(K)
,

�Bi+1(◆) = |ι|

θ̄3λmin(K)
.

(55)

The proof of Lemma 4 is completed.

4.3 Cascade Stability Analysis

The cascade system consists of the subsystem (31), (13),

(29) and (30), where the tracking error subsystem (29)

and (30) is excited by the DAESO subsystem (31) and

(13). The stability of the cascade system is indicated as

follows.

Theorem 1. Consider the strict-feedback uncertain
system (1), the DAESO (4), the data-driven identifier

(5), together with the virtual control laws (20) (24) and

the control law (28). Under Assumptions 1, 2 and 3, the

cascade system form by the subsystems (31), (13), (29)

and (30) is ISS.
Proof : Lemma 3 shows that the cascade system (31)

and (13) is ISS with the states being X, b̃1, ..., b̃n, and
inputs being b̃1, ..., b̃n and ṡ1, ..., ṡn. Lemma 4 shows

that the subsystem (29) and (30) with the states be-

ing z1, ..., zn, q2, ..., qn, and the inputs being s̃1, ..., s̃n,

b̃1, ..., b̃n, B2, ..., Bn is ISS. According to Lemma C.4
in [69], it can be concluded that the cascade system

(31) and (29) is ISS with the states being X, b̃1, ..., b̃n,
z1, ..., zn, q2, ..., qn, and inputs being b̃1, ..., b̃n, ṡ1, ..., ṡn
and B2, ..., Bn.

Note that kb̃ik  2b⇤ + " and kṡik  s⇤. Since for

$0  0 and V1(0) + V2(0) + V3(0)  $1, the sets
Q

1 =

{y2r+ ẏ2r+ ÿ2r  $0} and ⇧2 = {XTPX+
Pn

i=1 b̃
2
i /kic+

Pn

i=1 z
2
i +

Pn�1
i=1 q2i+1}  2$1 are compact. Therefore,

there exists positive constants B⇤ such that kBi+1k 

B⇤, i = 1, ..., n� 1.

Define Y2 = [XT , b̃1, ..., b̃n, z1, ..., zn, q2, ..., qn]
T , then

Y2 is bounded by

kY2(t)k  max
n

$5(kY2(0)k, t),
n
X

i=1

�i3(b̃i)

+

n
X

i=1

�i4(ṡi) +

n�1
X

i=1

�i5(Bi+1)
o

, 8t � t0,

(56)

where $5 is a class KL function and �i3, �i4 and �i5
are class K functions.

5 Illustrative examples

Two examples are provided to verify the performance
of the proposed resilient anti-disturbance DSC method

based on DAESOs.
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Fig. 2 Comparisons of the the proposed method and the
model-based control method.
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Fig. 4 Estimation performance of the data-driven adaptive
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Example 1. Consider a third-order uncertain non-

linear system in strict-feedback form as

8

<

:

ẋ1 = x1 sinx1 + w1 + b1x2,
ẋ2 = x2 cosx1 + w2 + b2x3,

ẋ3 = x1x3 + x2
2 + x3 sinx2 + w3 + b3u,

(57)

where w1, w2, w3 are external disturbances; b1, b2, b3 are

unknown control input gains. Let s1 = x1 sinx1 + w1,

s2 = x2 cosx1+w2 and s3 = x1x3+x2
2+x3 sinx2+w3,

which denote the model uncertainties.

The control parameters are chosen as k1 = 5, k2 =

50, k3 = 50, ⇠1 = 0.05, ⇠2 = 0.05, ko1 = 90, ko2 = 2025,
ko3 = 100, ko4 = 2500, ko5 = 120, ko6 = 3600, km1 =

200, kc1 = 1500, km2 = 500, kc2 = 2000, km3 = 350,

kc3 = 22000. The reference signal is selected as yr =

sin(t).

To illustrate, the proposed resilient anti-disturbance

DSC method based on DAESO is compared with a
model-based control method. The model-based controller

is given as:

8

>

>

>

>

<

>

>

>

>

:

↵2 = 1
b1

�

� k1z1 � s1 + ẏr
�

,

⇠1↵̇2d + ↵2d = ↵2,↵2d(0) = ↵2(0),

↵3 = 1
b2

�

� k2z2 � s2 + ↵̇2d

�

,

⇠2↵̇3d + ↵3d = ↵3,↵3d(0) = ↵3(0),

u = 1
b3

�

� k3z3 � s3 + ↵̇3d

�

.

(58)

Simulation results are illustrated in Figs. 2-5. Fig.

2 depicts the comparisons of the proposed method and

the model-based control method. The reference signal

and the outputs of the two methods are shown in the

first subfigure of Fig. 2. The tracking errors of the two

methods are plotted in the second subfigure of Fig. 2.
It can be observed that during the time interval [0, 30],
the tracking performance of the proposed method and
the model-based control method is almost the same.

However, during the time interval [30, 60], the model-
based control method suffers from a poor tracking per-

formance since it cannot capture the variations of con-

trol gains. Fig. 3-Fig. 5 shows the estimation profile

of the unknown control inputs gains and the total dis-

turbances composed of model uncertainty and external

disturbances. They demonstrate that the uncertainties

are efficiently compensated by the proposed DAESOs.
Especially, in Fig. 5, it can be observed that both the

control inputs gains and the total disturbances can be

reconstructed regardless of the variation of control in-

put gain.

Example 2. The yaw dynamics of a marine surface

vehicle can be described by

⇢

 ̇ = r,
ṙ = � κ

Γ
H(r)+ κ

Γ
�,

(59)
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Fig. 5 Estimation performance of the data-driven adaptive
ESO.
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Fig. 6 Comparisons of the the proposed method and the
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where  is the yaw angle, r is the yaw rate, � is the

actuator angle; H(r) is an unknown nonlinear function
of r;  and � are unknown hydrodynamic coefficients.

Let x1 =  , x2 = r, s2 = �(/� )H(r), b2 = /� , u =

�, and then, the yaw dynamic (59) can be transformed

into the form of (2).

The control parameters are chosen as k1 = 5, k2 =

30, ⇠1 = 0.005,ko3 = 160, ko4 = 6400, km1 = 10, kc1 =
5000, km2 = 200, kc2 = 8000. The reference signal is

selected as yr = sin(t).

The proposed controller is compared with the fol-

lowing model-based controller

8

<

:

↵2 = �k1z1 + ẏr,
⇠1↵̇2d + ↵2d = ↵2,↵2d(0) = ↵2(0),

u = 1
b2

�

� k2z2 � s2 + ↵̇2d

�

.
(60)

Simulation results are illustrated in Figs. 6-7. Fig.

6 plots the comparison results of the tracking perfor-

mance of yaw angle and tracking errors by using the

proposed method and the model-based control method.

It can be observed that if the control input gain is
fixed, small tracking errors can be achieved by both the
proposed control method and the model-based control

method. However, if the control input gain is changed,

the model-based control method suffers from large track-
ing errors due to the fact that it cannot adapt to the

parameter variations. Fig. 7 displays the model uncer-

tainties and the outputs of DAESO, and the control

input gain is changed at 20s and 40s. It indicates that

the unknown control input gain and uncertain nonlin-

ear term are efficiently compensated by the DAESO.

6 Conclusion

In this paper, a resilient anti-disturbance DSC design
approach is presented for uncertain strict-feedback sys-

tems subject to partial loss of actuator effectiveness,
in addition to uncertain model dynamics and unknown

disturbances. In the estimator design, DAESOs are pro-

posed to estimate the unknown input gains caused by

actuator faults, as well as the uncertain model dynam-

ics and external disturbances. In the controller design,

a resilient dynamic surface controller is proposed based

on the DAESOs, such that the partial loss of actua-
tor effectiveness can be compensated. In addition, no

priori knowledge of model parameters is needed in the

controller design. Rigorous analysis shows that the cas-

cade system is ISS. Simulation and comparison results

validated the performance improvement of the resilient

anti-disturbance DSC method based on DAESOs in the

presence of partial loss of actuator effectiveness.
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