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Accommodation of Actuator Fault using Local Diagnosis and IMC-PID 
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Abstract: This paper presents an Internal Model Control (IMC) based PID control system architecture 
that can tolerate faulty actuators in a networked environment. The proposed control architecture con-
tains several smart actuating nodes which are interconnected by a fieldbus network. In the case of a 
fault with an actuator, the proposed method recalculates the IMC-PID control parameters through an 
iterative optimization process utilizing the diagnostic information. The diagnostic information, being 
generated locally by each actuator, includes an actuation performance index, called condition data, 
representing the device status. The effectiveness of the proposed method is verified with a Hardware-
in-the-Loop (HIL) simulator for a crane system, consisting of DC motors, several computing nodes, 
and a CAN bus network. 
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1. INTRODUCTION 

 
Over the last decades, fault-tolerant control (FTC) has 

been studied to achieve the safety of the controlled 
system in the presence of faulty components. In litera-
tures [1-4], FTC methods are classified into two: (i) 
passive approaches based on a robust control technique, 
and (ii) active approaches using reconfiguration of the 
control system. In passive approaches, a fixed controller 
requiring no diagnostic information is designed so that 
the controlled system remains insensitive to faults. In 
contrast, active approaches rely on the change in either 
control parameters or control structure based on precise 
diagnostic information. Although passive approaches 
have been used successfully with minor faults, their 
performance under significant change in system 
dynamics due to faults is very limited. Therefore, active 
approaches have been more widely adopted for achieving 
fault tolerance in association with fault detection and 
identification (FDI) function.  

For designing a realistic fault-tolerant control system 
using an active approach, it is important to consider the 
following technical issues: (i) a FDI scheme, (ii) actuator 
redundancy, and (iii) a baseline controller. 

The most commonly used FDI approach is the global 
FDI scheme based on the system input-output. For 
example, Kalman filter [5,6], sliding mode observer [7-

9], and recursive least square method [10] have been 
studied for state and/or parameter estimation using 
system input-output relationship. However, designing a 
global FDI module is difficult for several reasons [2]. 
First of all, reliability of global FDI is limited due to the 
fact that the information available for FDI is the system 
input-output, while internal information on 
sensors/actuators is very hard to obtain. The uncertainties 
of the overall mathe-matical model are a serious obstacle. 
Moreover, as the number of faults to be identified grows, 
it becomes increasingly difficult and time-consuming to 
classify the faults. In contrast, a local FDI scheme, 
utilizing smart devices and bi-directional communication 
network (called fieldbus) technologies, offers significant 
benefits over global FDI [11,12]. A primary benefit with 
local FDI is a faster and more reliable fault diagnosis. 
This benefit is introduced by the fact that more inside 
information about the device status are available for FDI. 
And those informations are transmitted to the controller 
or the system supervisor through a fieldbus. Hence the 
local diagnostic information can be used in designing an 
efficient fault-tolerant control strategy. 

Meanwhile, another critical issue in active fault-
tolerant control is the degree of actuator redundancy. 
Redundant actuators in an aircraft, for example, are 
adopted for tolerating actuator faults as well as achieving 
higher performance [13,14]. However, redundant actuators 
are often not available in many industrial systems due to 
economical and physical reasons. Adding redundant 
actuators also conflicts with the effort to reduce mainten-
ance costs. In such systems, the performance of fault 
tolerant control can be significantly limited. 

For the design of a baseline controller in an active 
fault-tolerant control structure, it is also important to note 
that more than 95% of control loops from industry are 
based on PID-type algorithms (mostly PI-type) which are 
vulnerable to actuator problems [15]. It is unrealistic to 
replace the existing PID-type controllers with alternative 
ones based on advanced control techniques. Recently, 
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fault-tolerant PID approaches using a fuzzy gain 
scheduling technique [16] or auto-tuning with neural 
network and EKF [17] were studied. However, these 
approaches may be too complicated to implement with 
an embedded system. The complexity becomes even 
higher if the controlled system is a multivariable or over-
actuated system. 

To overcome these difficulties, this paper proposes a 
novel active fault-tolerant control architecture that can 
achieve graceful degradation even in the presence of no 
redundant actuator by combining an Internal Model 
Control (IMC)-PID controller [18] and networked smart 
actuators. The main advantage with an IMC-PID method 
is its simplicity. While a classical PID controller has 
three design parameters requiring a complicated tuning 
algorithm, IMC-PID has only one design parameter 
which is the time constant of a first order low pass filter. 
In IMC-PID, both the desired closed-loop time constant 
and robustness of the control system are determined by 
the IMC filter constant. Therefore, a new parameter 
value can be easily determined to compensate the effect 
of degraded actuator performance due to a fault. The 
simplicity also enables to implement IMC-PID on a low 
cost embedded processor. The problem with global FDI 
is solved by adopting local FDI performed by each smart 
actuator. Each smart actuator provides the controller with 
a set of condition data to indicate its health status 
through self-diagnosis (or local diagnosis). The 
effectiveness of the proposed method is evaluated using 
a Hardware-in-the-Loop (HIL) simulator of the crane 
system that consists of a CAN network, two real DC 
motors, and several computing nodes to simulate 
actuator behaviors. 

 
2. OVERVIEW OF IMC-PID 

 
2.1. Fundamentals of internal model control 

IMC can be considered a generalized method for the 
design of a PID-type controller. As shown in Fig. 1, the 
IMC structure includes a controller GIMC and a process 
model Gm. The main idea of IMC is that: (i) the plant 
model is positioned in parallel with the actual process, 
(ii) the inverse of the model with minimum phase forms 
the IMC controller, and (iii) with the introduction of a 
low-pass filter the closed-loop system becomes less 
sensitive to modeling errors and uncertainties. 

From Fig. 1, the following transfer function can be 
obtained: 

1
( ) ( ) ( ).

1 ( ) 1 ( )

p IMC IMC p

IMC p m IMC p m

G G G G
y s r s d s

G G G G G G

−

= +

+ − + −

 

 (1) 
Morari et al. [19] have developed the design meth-

odology based on (1) in a theoretical framework. Some 
important features of the IMC structure are summarized 
below: 

 

Property 1: Dual stability: Assuming perfect match 
(Gp = Gm), the system is effectively an open-loop system, 
and the closed-loop stability is determined by the 

stability of Gp and GIMC. The IMC structure guarantees 
closed-loop stability for all stable GIMC and Gp. 

 

Property 2: Perfect control: GIMC is obtained by the 
reciprocal of the model (GIMC = Gm

-1). Then perfect 
control is achieved for all t and disturbance d, i.e., y = r, 
∀ t > 0. 

 

From these properties, it can be shown that the IMC 
structure becomes an open-loop system if the system has 
no modeling errors. Hence, the system’s closed-loop 
stability only depends on the stability of the feed-forward 
path. The IMC structure offers a better dynamic response, 
stability and robustness as compared to traditional 
feedback control. 

However, perfect control is an ideal situation. Property 
2 cannot be satisfied for a system with right-half plane 
zeros, time delays, or modeling errors. In order to 
overcome these problems, the IMC design procedure 
adopts two steps. The first step is to factorize the process 
model as follows: 

.
m m m

G G G
+ −

= ⋅  (2) 

Note that, in (2), Gm- is always stable as all the time 
delay and right-half plane zeros are included in the Gm+ 
term. The second step is to define the IMC controller in 
the form of: 

1
,

IMC m
G G f

−

−

= ⋅  (3) 

where f is a low-pass filter with a unit steady state gain. 
The simplest form for f can be considered as below: 

1
,

( 1)r
f

sε
=

+

 (4) 

where ε and r denote the filter coefficient and the order 
of filter, respectively. The order of filter r should be 
sufficiently large to guarantee that the resulting IMC 
controller is realizable. 

 
2.2. Realization of IMC-PID controller 

The realization procedure of an IMC-type PID 
controller is kindly described in [20]. In this section, a 
brief summary is introduced. An IMC controller of Fig. 1 
can be divided into two blocks as depicted in Fig. 2. In 
Fig. 2(a), two model blocks, Gm, cancel each other. 
Therefore, the system can be redrawn as a classical 
feedback control system of Fig. 2(b). The relationship 
between the classical feedback controller and the IMC 
controller is given by (blue circle in Fig. 2(a)): 

.
1

c

IMC

m c

G
G

G G
=

+

 (5a) 

 
Fig. 1. Block diagram of IMC structure. 
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(a) Equivalent structure of IMC. 

 
(b) IMC structure redrawn as the form of conventional 

feedback control. 

Fig. 2. Relationship between IMC and PID. 
 
Equation 5(a) can be reformulated as follows: 

.
1

IMC

c

m IMC

G
G

G G
=

−

 (5b) 

Hence, it is possible to determine a conventional PID 
controller, Gc, that can be applied to virtually all types of 
process in industry. In this work, the PID parameters are 
determined by solving (3) and (5b). Thus the design of 
an IMC based PID controller, including the tuning of 
parameters, inherits the advantage of IMC. The resulting 
IMC-PID controller is given in the form of (substitute (3) 
into (5b)): 

1

.
1

m

c

m

G f
G

G f

−

−

+

⋅

=

− ⋅

 (6) 

If a first-order low-pass filter is used, then (6) can be 
rewritten as follows: 

1
1

.
m

c

G
G

sε

−

−
= ⋅  (7) 

Illustrative Example: For a system with Gm given by: 

( 1)
m

k
G

s sτ
=

+
 (8) 

a PD-type controller with reference input r is chosen as: 

.

i p pi d pi
u k e k e= + �  (9) 

Then, the control parameters, kp and kd, are determined 
by: 

1
,

p
k

k ε

=

⋅

  .

d
k

k

τ

ε

=

⋅

 (10) 

 
2.3. Selection of filter time constant 

In general, IMC assumes a perfect model with no 
uncertainty, for which the filter constant ε can be 
selected freely. However, for a real implementation, an 
appropriate selection of filter constant is required to 
guarantee the system stability due to the presence of 
model uncertainty. The set of models with uncertainties 
that are defined by norm-bounded multiplicative error, em, 
can be represented by: 

{ }(1 ) : ,
p m m m m

G G e e lΠ = = + ≤  (11) 

where 

.

p m

m

m

G G
e

G

−

=  (12) 

It has been shown that the closed-loop system is stable 
for all models in the set Π if and only if [21]: 

1
,

m

H
l

ω< ∀  (13) 

where H is a complementary sensitivity transfer function 
and ω denote frequency. 

For the selection of a filter constant ε, it is firstly 
recommended to have a value that can avoid high 
frequency noise amplification with the criterion [22]: 

( )
,

(0)

IMC

IMC

G
N

G

∞
≤  (14) 

where 10 < N < 20. If λ is the dominant time constant of 
the plant model, the first constraint is obtained from (3) 
as follows: 

1
.

N
ε λ≥  (15) 

Secondly, a lower bound of the filter constant must be 
determined to ensure the system stability, as a fault 
increases the model uncertainty (lm) causing the stability 
problem, see (19). 

 
3. FAULT-TOLERANT CONTROL 

ARCHITECTURE 

 
This section proposes a fault-tolerant control architec-

ture using IMC-PID and a local diagnostic function 
which is implemented inside each actuation subsystem 
called smart actuator. In a networked environment, the 
ability of local diagnosis, in contrast to global FDI, 
implies that not only can actuator failure be separated 
from structural failure of the system, but it is also 
possible to locally compensate for internal faults. From 
the point of view of designing an IMC-PID based fault-
tolerant controller, the local diagnostic information can 
be especially beneficial for determining the filter 
constant. 

 
3.1. Smart actuator 

A smart actuator is capable of providing the reconfigu-
ration module with diagnostic information which is 
obtained locally [12]. The emergence of microprocessor 
and fieldbus technologies together with existing analog 
devices enables local diagnosis, local compensation, and 
bi-directional communications. Using the local diagnos-
tic information, called condition data, the reconfigu-
ration module can effectively deal with undesirable 
actuator behaviors due to fault.  

As shown in Fig. 3, undesirable actuator behaviors can 
be categorized into: Lock-in-Place (LiP), Hard-Over 



Donggil Kim, Dongik Lee, and Kalyana C. Veluvolu 

 

1142

Failure (HoF), Float, and Loss of Effectiveness (LoE) 
[23]. In the cases of LiP and Float, the actuator is stuck 
at a certain position or equilibrium position, respectively 
[24]. In the case of HoF, the actuator diverges to either 
upper or lower limit position. LiP, Float, and HoF are 
considered as total failure as the actuator does not 
respond to the desired command with any of them, while 
LoE is considered the degradation of actuation 
performance with respect to the nominal status. 

 
3.2. The proposed control architecture 

As illustrated in Fig. 4(a), the proposed fault-tolerant 
control scheme has a hierarchical structure consisting of 
a control coordinator and several actuation subsystems. 

 
3.2.1 Control coordinator (CC) 

The CC collects the condition data from each smart 
actuator as well as the reference command and system 
outputs. The CC then recalculates appropriate setpoint 
value to each actuation subsystem based on the collected 
information. All of this information is exchanged 
through the fieldbus network.  

 
3.2.2 Actuation subsystem (AS) 

As shown in Fig. 4(b), each AS consists of a local 
supervisor, a local controller, and the actuator itself. The 
local supervisor has software modules for 
reconfiguration and diagnosis. In the presence of fault, 
the control parameters for each local controller may be 
recalculated according to the decision by local supervisor. 
A set of actuator condition data, such as time constant, is 
also generated by the local supervisor based on local 
diagnostic results. The condition data is then shared by 
the control coordinator and other actuation subsystems 
through the fieldbus network. More details on the 
building components of AS are given below: 

 
• Local Diagnosis: This module performs fault 

diagnosis to form a set of actuator condition data. In 

this work, the condition data set includes the static 
gain, time constant, and performance index of 
actuator. 

• Reconfiguration Module: Firstly, this module 
examines if an AS has a degraded performance due 
to fault based on the analysis of actuator condition 
data. If LoE fault is found, it initiates the 
reconfiguration process based on local 
compensation of degraded performance. In this 
work, fault tolerance is achieved by finding the 
optimal control parameter, which is obtained by 
solving the optimization problem with respect to the 
most damaged actuator. Details of the optimization 
process are discussed in Section 4.2. 

• Local Controller: The actuator controller is 
designed to be robust against the model 
uncertainties by adopting the IMC-PID controller 
explained in Section 2. The control parameter can 
be updated with the result of the reconfiguration 
module in order to tolerate any fault. 

 
4. FAULT-TOLERANT IMC-PID STRATEGY 

 
In this section, an IMC-PID tuning strategy to tolerate 

a faulty actuator is proposed. In the previous work 
[13,14], a generalized input vector with faulty actuator 
has been addressed. The response of the i-th actuator can 
be described as follows: 

, ,

,

,

(1 ) , if the actuator is faulty,

, if the actuator is healty,

i i i F i i F

i f
i N

u u

u

u

α γ α− +⎧⎪
= ⎨
⎪⎩

 

 (16) 
where ui,F and ui,N denote the i-th actuator input with and 
without fault, respectively. 

,i F
u  represents the stuck 

input when total failure occurs in the actuator. γi 

(a) Lock in place. (b) Float. 

(c) Hard over. (d) Loss of effectiveness.

Fig. 3. Typical failure on actuators. 

 
(a) Overview of control system. 

 
(b) Building components of each actuation subsystem.

Fig. 4. Proposed fault-tolerant control architecture. 
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represents the performance degradation of the i-th 
actuator: 

0, if total failure occurs,

(0 1), if LoE failure occurs,
i

γ
λ λ

⎧
= ⎨

< <⎩
 (17) 

αi is a switching function indicating any total failure in 
the i-th actuator given by: 

0, if total failure does not occur,

1, if total failure occurs.
i

α

⎧
= ⎨
⎩

 (18) 

Hence, if the i-th actuator is healthy, then ui,f = ui,N. If 
any total failure occurs, then αi =1 and the actuator 
stucks at a certain input position. For example, if the 
actuator k (1 ≤ k ≤ m) fails during operation, a set of 
faulty actuator dynamics can be generalized as follows:  

( ) ,f k F F F F Fu I u u= −Ω Γ +Ω  (19) 

where ( ) k k

F i
diag Rγ

×

Γ = ∈  and ( ) .k k

F i
diag Rα

×

Ω = ∈  
Ik is a (k × k)-identify matrix, and uF and 

F
u  denote a 

set of normal and stuck input of faulty actuators, 
respectively. Therefore, a linear system with actuator 
response with/without fault can be represented as 
follows: 

( ) ,

g
x Ax Bu

Ax B I u B u

= +

= + Γ −Ω + Ω

�

 (20) 

where ( ) m m

i
diag Rα

×

Ω = ∈  and ( ) m m

i
diag Rγ

×

Γ = ∈  
are total failure matrix and effectiveness matrix, 
respectively. n

x R∈  is the state vector, and m

g
u R∈  is 

the input vector. 
 

For m > n, the linear system is called an over-actuated 
system, while it is called a fully-actuated system for m = 

n. In an over-actuated system, there are redundant 
actuators to be used for accommodating actuator failure. 
For example, the control allocation technique can be 
used to tolerant faulty actuators in an over-actuated 
system, such as modern aircrafts which adopt redundant 
control effectors to achieve high performance [13]. In 
contrast, a fully-actuated system has no redundant 
actuators by which the effect of faulty actuator can be 
reallocated. Therefore, to accommodate actuator failure 
in a fully-actuated system, a graceful degradation 
approach should be adopted. 

In this paper, a fully-actuated system with LoE failure 
is considered. If LoE failure occurs at the i-th actuator, 
(20) can be simplified as follows: 

,fx Ax B u= + Γ�  (21) 

where 

1 0 0

0

.

0

0 0 1

f iλ

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥Γ =
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

�

�

� �

�

�

 (22) 

and (0 1)
i i

λ λ< <  represent the actuator performance. 

Fault Tolerant Control in the Loss of Effectiveness 

Problem: Given the i-th actuator with LoE fault, the 

optimal effectiveness matrix can be given as follows: 

1
ˆ 0 0

0

ˆ ,

0

ˆ0 0

f i

m

λ

λ

λ

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥Γ =
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

�

�

� �

�

�

 (23) 

where ˆ (0
k

λ < ˆ 1, , 1,2, , )
k

k i k mλ < ≠ = �  denotes the 
desired performance of each actuation subsystem for 
fault accommodation. Its value is the local estimation of 
λi. The estimation process based on an optimization 
technique that minimizes the difference between the 
performance index of healthy and faulty actuators is 
addressed in the following section. 

Finally, fault tolerant control for a fully-actuated 
system with LoE fault in the i-th actuator can be 
expressed as: 

ˆ .fx Ax B u= + Γ�  (24) 

 
5. RECONFIGURATION OF IMC-PID 

CONTROLLER FOR CRANE SYSTEM  

 
5.1. Synchronized control for crane system  

In this paper, a crane control system, shown in Figs. 5 
and 6, is considered as an example to demonstrate the 
application of the proposed strategy in chapter 4. The 
crane system chosen in this work is a fully-actuated 
system requiring synchronized motion control with three 
smart actuators. The control objective is to track the 
reference input while maintaining synchronized motion 
among actuation subsystems as below: 

( ) ( ) , , , 1, 2, 3,
i j
y t y t i j i jδ− ≤ ≠ =  (25) 

where yi denote system output (length of ropes) and δ is 
the maximum allowed discrepancy among the system 
output [25]. Each smart actuator provides the 
reconfiguration module with a set of condition data 
including the actuator time constant, and the actuation 
performance index. In this work, an integrated absolute 
error value, Ei(k), is used to represent the performance of 
the i-th actuator, which is defined as: 

( ) ( ) ,
c

c

t

i i i

t t

E r t y t

ρ+

=

= −∑  (26) 

where ri(t) and yi(t) denote the reference input and the 
output of the i-th actuator, respectively. Ei is periodically 
evaluated at every control period tc. ρ is a selected value 
which is sufficiently large to represent the performance 
of actuator. 

Figs. 7 and 8 describe the procedure for tolerating 
faulty actuator, which is carried out by both the control 
coordinator and the reconfiguration module of actuation 
subsystem. Firstly, the reconfiguration module examines 
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if the discrepancy between actuation subsystems exceeds 
a threshold (δ) which is predetermined based on the 
control objective. Once an excessive discrepancy is 
detected, then the reconfiguration mechanism initiates 
the procedure to accommodate the fault state. In this 
work, two types of actuator fault are considered: (a) LiP 
failure which is a total failure of actuator; and (b) LoE 
failure such as a sluggish response due to increased 
friction. The degraded performance of a faulty actuator is 
represented by the actuator condition data including the 
actuator time constant and the performance index.  

Once the fault type is identified, reconfiguration is 
performed to minimize the effect of faulty actuator    

as follows: 
 
• In case of LiP failure, the healthy actuators operate 

to the safe position where the faulty one is stuck; 
and  

• In case of LoE failure, the PID control parameters 
of the health actuators are replaced by new IMC 
filter constant in order to synchronize with the 
degraded faulty actuator. 

 
A new set of IMC filter constants in case of LoE 

failure are computed by solving an convex optimal 
problem as follows: 

)1( +ss

L

τ

 
Fig. 5. Schematic diagram of experimental crane control system. 

 

 
Fig. 6. Block diagram of crane control system. The bold lines indicate fieldbus network. 
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Step 1 

At sample time k, obtain the each actuator 

condition data Ei(k) and current system output 

yi(k) to check synchronization. 

Step 2 

Check the unsynchronization based on 

predetermined constant value(δ ) which is 

defined as control objective as well as fault 

detection threshold (25). If system is 

synchronized, go to step 1. 

Step 3 

Find a faulty actuator using actuator condition 

data. Classify fault type. Go to step 4 for LiP 

fault, or go to step 5 for LoE fault. 

Step 4 
Control coordinator sends safe reference 

position to each actuator and stops operating. 

Step 5 

Solve the optimization problem (27) via 

golden-section method to compute a new IMC 

filter constant .

new

kε  

Step 6 

Apply the filter constant to PID control 

parameters to calculate fault-tolerant control 

input. 

Step 7 

Repeat step 5 to step 7 until the error is less 

than a predefined threshold(δ ) or the iterative 

steps reach a specific bound. Then go to step 1. 

Fig. 7. Procedure for retuning of IMC-PID controller for 
crane system. 

 

 
Fig. 8. Reconfiguration strategy for crane system per-

formed by each actuation subsystem. 

 

1 2

1 2

1 2

min ( )

,

new
k

kj kj

k j k j

J w E w Y

w E w Y

w E E w y y k j

ε
∞ ∞

= +

= +

= − + − ≠

 (27) 

subject to 0,
new

k
ε >  

where 
∞

 represents a infinite norm, 1m

E R
−

∈  and 
1m

Y R
−

∈  are the performance vector and system output 
vector of E = [Ek1, Ek2, …, Ekj, …, Ekn-1, Ekn]

T, Y = [Yk1, 

Yk2, …, Ykj, …, Ykn-1, Ykn]
T, respectively. Ekj denotes the 

performance discrepancy between the k-th actuator and 
the j-th severely damaged actuator. Ykj represent system 
output difference between the k-th system and the j-th 
severely damaged system. w1 and w2 denote the 
weighting factors of the cost function, and εk is the IMC 
filter constant of the k-th IMC-PID controller in (10). 
From (27), it is obvious that J(εk) show the deviation 
between responses of the k-th actuator and the faulty 
actuator, and it is a convex function depending on εk. 
Therefore, the actuator response can be maintained 
consistent by minimizing J(εk). Due to the convex 
function property of J(εk), the optimal solution is unique 
and can be found through a golden-section method [26]. 
By choosing a suitable εk through an iterative optimiza-
tion problem given in (27), a synchronized motion of 
actuators is achieved at the expense of graceful degrada-
tion. 

 
5.2. Selection of threshold 

The selection of threshold affects the ability of 
rejecting disturbance and detecting fault signals. In 
detecting fault signals, it is important to distinguish 
between two types of errors: a) false positive or false 
alarm (type 1 error), deciding that a fault occurred in a 
healthy status; and b) false negative or miss alarm (type 
2 error), deciding that a certain situation is healthy, 
although a fault has actually occurred [27].  

Many researchers have worked on the selection of 
threshold for fault detection systems. A framework to 
incorporate model uncertainty into the analysis and 
design of fault detection system was suggested with a 
focus on an optimal threshold selector [28]. Also, non-
statistical input-output model based adaptive threshold 
approach [29], a norm based threshold selection method 
[30] was studied. Recent work includes an optimal 
threshold function [31], threshold level for qualitative 
model based fault diagnosis [32] and a dynamic 
threshold [33]. However, many fault tolerant systems 
still use the heuristic method to determine a threshold. In 
this work, the fault detection threshold is determined 
according to the control objective (25). If the system 
output error exceeds the threshold(δ), then it is regarded 
as faulty situation. 

 
6. EXPERIMENTS 

 
6.1. Experimental setup 

The experimental crane system with three actuators, 
shown in Figs. 5 and 6, is used for verifying the proposed 
fault-tolerant control strategy based on IMC-PID and 
local FDI. The experimental setup adopts the idea of 
hardware-in-the-loop (HIL) simulation; that is, in 
addition to a PC-based control coordinator and a 
reference generator, it contains two real actuation 
subsystems and one simulated subsystem. Each of the 
real actuation subsystem is implemented with a DC 
motor and a TMS320F2812 microcontroller supporting 
CAN (Controller Area Network) communications. The 
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DC motor parameters are summarized in Table 1. The 
length of each rope in the crane is measured with a 
GP2Y0A02YK sensor manufactured by SHARP. The 
nonlinearity of sensor outputs is compensated by a 2nd 
order polynomial curve fitting technique which is 
implemented in TMS320F2812. Apart from the two real 
actuators, one actuation subsystem is computationally 
simulated using a TMS320F2812 evaluation board. The 
output of the simulated actuator is shared by all nodes 
through a CAN network which is set to 500 kbps of 
transmission rate. The time constant (τ) of each actuation 
subsystem is set to 4s in normal condition. The network-
induced delay is assumed negligible because not only the 
transmission rate is much higher than the sampling rate, 
but also the data transmission is made periodically 
without any contention thanks to the use of a time-
triggered mechanism.  

 
6.2. Control objective of crane system  

As mentioned above, the control objective is to track 
the reference input r, indicating the desired length, while 
maintaining the synchronized motion among three 
actuation subsystems. For the successful control, the 
control system is required to satisfy (25) even in the 
presence of any fault with an actuator. This implies that 
the overall system must be synchronized to the slowest 
actuator and even to the actuator stopped due to fault.  

In the event of fault with any actuator component, the 
closed-loop dynamics of the actuation subsystem may 
change, and consequently require the readjustment of the 
control parameters. In this work, the reconfiguration 
mechanism recalculates an optimal ε which is then used 
to update the control parameters of (10). In addition to 
the IMC-PD control law in (9), as shown in Fig. 6, an 
additional term, kf efi, is employed to maintain 
synchronization among the three actuation subsystems. 
Hence, the final control law yields to [25]: 

 

0 if  and ,

otherwise,
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i i i
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 (28) 
where the subscript i, for i = 1 to 3, denotes the i-th 
actuation subsystem. The parameter kf is chosen 
appropriately. The variables yf and ys denote the outputs 
of the fastest actuator and the slowest actuator, 
respectively, which are determined as follows: 

1
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The other variables are given by:  

,

ip i
e r y= −  

,

if f ie y y= −  (30) 

.

is s ie y y= −  

Fault Scenarios: In a motor, fault in the stator 
windings accounts for 15% and is the 2nd largest cause 
to motor failure following the bearing defect. A stator 
windings fault is mainly caused by insulation breakdown 
due to high temperature, air entrapments, containment in 
the insulating coating and ageing [34,35]. Insulation fault 
is modeled by a resistance, where its value depends on 
the fault severity [36]. Therefore, stator windings fault is 
considered as a variation of terminal resistance. In this 
work, the terminal resistance is abruptly changed for 
simulating faulty motor. 

 

Fault Injection: In this work, two types of faults are 
considered as below:  

 

• Fault type 1: decreased resistance fault, and 
• Fault type 2: increased resistance fault.  

 

For injecting the above faults into the actuation 
subsystems, an external resistor of 7.5Ω is connected to 
each DC motor whose nominal terminal resistance is 8Ω. 
A fault is injected into actuation subsystem 1.Both fault 
types are simulated by subtracting or adding the extra 
resistance from the termination resistance. These kind of 
faults will affect the system dynamics and will de-
synchronize the crane system. 

 
6.3. Experimental results 

Fig. 9 shows the synchronized response of the crane 
system to the step inputs in normal condition. As shown 
in Fig. 9(b) the deviation among three actuation 
subsystems is smaller than 25mm which is the maximum 
allowed value (δ ).  

Figs. 10 and 11 show the responses in the presence of 
actuator fault from t = 30sec, which is fault type 1, and 
t = 90sec, which is fault type 2. Fig. 10 shows the results 
without reconfiguration, while Fig. 11 shows the results 
with reconfiguration using the proposed method. As 
shown in Fig. 10(b), when no reconfiguration is applied, 
the maximum deviation among the three actuation 
systems is as big as 50mm in both fault types. In contrast, 
as shown in Fig. 11(b), by applying the proposed 
reconfiguration mechanism the deviation is maintained at 
the acceptable level even in the presence of fault type 2; 

Table 1. Parameters of DC motor. 
Item Value 

Nominal Voltage [V] 

Output Power [W] 

Efficiency [%] 

Rotor Inertia [Kg-cm2] 

No-load Speed [RPM] 

Rotor Inductance [mH] 

Back-EMF Constant [mV/RPM] 

Torque Constant [Kg-cm/A] 

Terminal Resistance [Ω] 

12 

4.92 

53.9 

0.022 

5800 

2.2 

1.85 

0.17 

8.00 
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that is, the deviation among the three actuation subsys-
tems is maintained below the maximum allowed value 
(δ ) at the expense of a slower response time. The large 

deviation around t = 30sec and t = 90sec in Fig. 11 are 
gradually reduced after applying new IMC filter constant 
which is iteratively calculated by reconfiguration module.  

The following quantity metric is adopted for the 
purpose of performance comparison: 

1

1
( ) ( ) ,

n

f s

i

J y i y i
n

=

= −∑  (29) 

where yf and ys denote the outputs of the fastest actuator 
and the slowest actuator. See (29). 

The experimental results shown in Figs. 9, 10, and 11 
demonstrate that the proposed method can accommodate 
the faulty actuator effectively in the sense of graceful 
degradation. Table 2 shows the performance measure 
obtained with each scenario for 30sec in various cases: 
normal case, and fault 1 and 2 cases with/without 
reconfiguration. The control performance is significantly 
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Fig. 9. System responses in normal condition. 
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Fig. 10. System responses without reconfiguration in 
the presence of fault. 
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Fig. 11. System responses with reconfiguration in the 
presence of fault. 

 
Table 2. Comparison of experimental results in term of 

performace measure. 
Scenario J 

Normal case (15 ~ 45 sec) 10.2718 - 

Fault 1 w/o reconfiguration 

(35 ~ 65 sec) 
29.709 +189.2%

Fault 2 w/o reconfiguration 

(100 ~ 130 sec) 
21.347 +107.8%

Fault 1 with reconfiguration 

(35 ~ 65 sec) 
10.107 -1.6% 

Fault 2 with reconfiguration 

(100 ~ 130 sec) 
12.639 +23.0% 

Fault Type 1 Fault Type 2

Fault Type 1 Fault Type 2
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improved by using the proposed reconfiguration method 
on average. 

 
Remark: Accommodation of fault type 1 is achieved 

by decreasing the control parameters through the 
optimization procedure. The proposed method generates 
a larger control output for the normal system to minimize 
the discrepancy in the system output between the normal 
system and the faulty one. This leads to the actuator 
saturation problem and results in the performance 
degradation of the fault tolerant mechanism. The use of 
redundant actuators can be seen as an alternative to 
overcome this problem. 

 
7. CONCLUDING REMARKS 

 
In this paper, an IMC-PID based fault-tolerant control 

strategy to deal with faulty actuators in a networked 
environment has been presented. The proposed control 
system architecture utilizes the benefit of smart actuators 
which are able to produce a set of local diagnostic 
information representing the device status. In the event 
of a faulty actuator, the IMC-PID based reconfigurable 
controller readjusts its control parameters online through 
an iterative optimization procedure using the local 
diagnostic information. The proposed method is 
relatively simple and easy to implement in embedded 
system than previous work. The effectiveness of the 
proposed method has been verified with an experimental 
crane system consisting of a set of computing nodes and 
a CAN network. 
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