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Abstract

A new approach to the active fault diagnosis (AFD) for input redundant plants is presented in this paper. A test signal
which helps the diagnosis is injected to the plant in addition to nominal control input in the AFD typically. One
feature of the proposed AFD is adaptive allocation of the test signal. The adaptive allocator which distributes the test
signal and injects it to the redundant actuators is introduced in this paper. A fault-diagnosis (FD) system that estimates
fault location and its magnitude from adaptive parameter of the adaptive allocator is constructed with a simple neural
network (NN) model. Furthermore, a A fault-tolerant adaptive control system which includes the adaptive test signal
allocator is designed based on the model reference adaptive control (MRAC) technique. The adaptive laws of the
adaptive allocator and controller are derived by using a suitable Lyapunov function. By performing experiments using
a two-input redundant plant, we show the effectiveness and applicability of the proposed AFD and MRAC system.
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Introduction

Many machine-based systems consist of actuators, sen-
sors, computers, and mechanical elements. The actuators
play an important role in manipulating the plant states
[1]. To improve the actuation and/or fault tolerance per-
formance, input-redundant systems have been developed
which have one or more additional actuators [2—4]. Based
on the fault tolerance of redundant plants, it is possible to
eliminate the faulty influence on the system. For instance,
a self-repairing control system converts faulty actuators
into healthy ones, and fault accommodation is also per-
formed with the remaining healthy actuators in adaptive
control systems [5-9]. From the perspective of system
safety and maintainability, there is an increasing need to
obtain information about the system health during oper-
ation [10, 11]. Therefore, a number of studies that address
the fault-diagnosis (FD) problem have been developed
[11-16]. Most of the fault-diagnosis methods that have
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been developed employ the passive approach. In the pas-
sive approach, by observing the system behavior using
the available signals, it is possible to monitor the plant
without affecting the system states.

On the contrary, the active fault diagnosis (AFD)
method has been proposed, where an auxiliary signal
(test signal) is used to improve the precision and speed
of the diagnosis [12, 17]. In contrast to the passive fault
diagnosis method, relatively few studies have focused on
the active method [17]. In the literature [18], Takahashi
proposed an algorithm for fault detection using a weak
test signal for a system that has a redundant actuator. In
the FD system which was developed by Ducard et al., the
supervision module uses a test signal to help the FD pro-
cess [19]. However, when the test signal is used for diag-
nosis, it also decreases the performance of the control
system [20, 21].

On the other hand, it is known that it is possible to
inject an arbitrary signal into an input-redundant plant
without affecting the plant states [22—24]. In the litera-
ture [22], Elgarsma et al. proposed a method to identify
the plant parameters by using the test signal without
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affecting the attitude of the aircraft, based on the input
redundancy. This idea has been applied to the AFD tech-
nique, and there are several related studies of this appli-
cation in the field of aircraft control [25-28].

Bateman et al. proposed an AFD method in which the
test signal is inputted into the null-space of the input
coefficient matrix [25]. In the FD system reported in lit-
erature [25], the test signal affects the plant states only
when a fault occurs. A supervisor performs the fault
diagnosis using the test signal response that becomes
visible immediately after the fault occurrence. The AFD
method with input redundancy is described schemati-
cally in “Outline of conventional AFD” section. One
drawback of this method is that the null-space injection
requires the precise plant parameters related to the input
coefficient matrix. Moreover, it is not clear how the sys-
tem stability is influenced by the test signal during the
fault occurrence and its compensation. In the literature
[28], Boskovic proposed a control system design that
ensures the plant stability under the test signal injection,
even if an actuator has a fault. However, the study in [28]
did not refer to a specific AFD method.

We propose a new AFD method with input redun-
dancy in this paper based on the, and design a control
system proposed in the literature [29] to implement it
in this paper. In the literature [29], we have designed an
adaptive control system that guarantees reference model
tracking while applying arbitrary bounded test signals for
the input redundant system with unknown parameters. A
feature of the proposed AFD method is adaptive alloca-
tion of the test signals in the control system. One adap-
tive test signal allocator is placed for a pair of redundant
actuators. Therefore, the number p of adaptive allocators
is p = m!/(2!(m — 2)!) when the controlled plant has m
redundant actuators. The effectiveness ratio of a pair of
redundant actuators can be estimated from the adap-
tive parameter in the corresponding adaptive allocator.
We define the ratio as a feature value R for the proposed
AFD process. The fault location can be estimated from
an increase or decrease of the feature value R. And fault
magnitude also can be estimated from the convergent
value of R. A simple NN (neural network) model that
describes the relation between the feature value R and
both the estimated fault location and its magnitude is
introduced in the proposed AFD system. The AFD sys-
tem design is described in “Design of AFD system based
on adaptive parameters” section. The novelty of the pro-
posed AFD method is to place the adaptive allocator for
each pair of the redundant actuators. The fault diagno-
sis for the individual actuator can be achieved with such
the placement of adaptive allocators. The feature of the
proposed AFD compared with the conventional one is
described in “Proposed AFD using adaptive allocator”
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section. Furthermore, a fault-tolerant adaptive control
system which includes the adaptive test signal allocator
is designed for the faulty model in “Plant representation
with actuator fault” section. In “Plant representation with
actuator fault” section, we introduce the plant represen-
tation with actuator fault. The proposed control system
design for the faulty model is based on the model refer-
ence adaptive control (MRAC) technique. In “Fault-tol-
erant adaptive control design with adaptive allocator”
section, we show the derivation of the adaptive law for
the controller and allocator using a suitable Lyapunov
function [29]. The adaptive laws of the adaptive allocator
and controller are derived by using a suitable Lyapunov
function, in “Fault-tolerant adaptive control design with
adaptive allocator” section.

We verify the effectiveness and applicability of the
designed control system and proposed AFD system,
through the experiments using a two-input redundant
machine-based plant, in “Experimental example” section.
The conclusions are described in “Conclusion” section.

AFD with input redundancy

Outline of conventional AFD

Figure 1 illustrates the schematic of the AFD with input
redundancy in a two-input redundant plant. In this fig-
ure, the test signal T is injected through a pre-designed
allocator a. This allocator a is chosen such that its direc-
tion is orthogonal to the plant input coefficient vector,
b. When no actuators have any fault, only the part of
control effort caused by the test signal is canceled out
in the total control effort, E (:= bTu), and the states and
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Fig. 1 Schematic of an active fault diagnosis with constant test signal
allocator (an example of a two-input redundant first-order plant)
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output of the plant are not affected by the test signal. In
the case where an actuator has a fault, it is seen that the
coefficient vector b changes to a faulty one ' in the faulty
model representation. Based on the assumption that the
faulty vector b/ satisfies b''ae = 0, the test signal T will be
not canceled out, and its effect appears on the plant out-
put. In other words, the test signal has a symptom that is
caused by the actuator fault on the plant output. The con-
ventional AFD is performed from the symptom, available
signals in the control system, and prior knowledge about
the plant. However, it also means that the plant output is
affected by the test signal when a fault occurrs. There is a
trade-off between the FD performance and the stability
of the plant output, in the conventional AFD method.

Proposed AFD using adaptive allocator

The proposed AFD method is not based on the fault
symptom on the plant output in contrast to the con-
ventional one. In proposed AFD (Fig. 2), the test signals
are injected consistently through the adaptive allocator
to the redundant actuators. The proposed AFD is per-
formed from the behavior of adaptive parameter of the
allocator and available signals in the control system. The
stability of the plant output is ensured by the suitable
adjusting of the adaptive allocator and adaptive controller
in the proposed method. Both to guarantee the stability
of plant output and to perform the AFD can be achieved
simultaneously, in the proposed method. Therefore, the
proposed method can perform AFD for the input redun-
dant plant without obtaining parameters of b.

Plant representation with actuator fault
We consider the following linear plant:

x(t) = Ax(t) + Bu(t) (1)

where x(¢£) € Rn and u(t) € Rm are the plant output
and input, respectively. Matrices A, B have appropriate
dimensions, and can be represented as follows:
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Fig. 2 Proposed active fault diagnosis and fault-tolerant control with
adaptive test signal allocator
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where 0 denotes a zero matrix which has dimension
(n—1) x m, ap € Rn and b € Rm are unknown coef-
ficient vectors, but that A; € R”~D*% ig 3 known sub-
matrix, and the signs of each component in vector b are
known. We assume that the known matrix A; makes the
following square matrix A stable, by suitable selection of
the vector a,,, € Rn.

Ai
o= @
For example, the (n — g)-th order systems that have
q(< n) integrators, or n-th order systems with relative
degree n can be considered as plants that satisfy the
above conditions. In these systems, matrix A; becomes
known from its specific structure, and the plant param-
eters that may be unknown are in the vectors as and b.
The fault on the actuator is represented by u(¢) as

w(t) = Auc(t) + a(t), @)

A = diag(i1, 72, .., I},

T
Uc = [”c(l)uc(Z) ce Mc(m)] ’

_ o _ T
U= [Uitdy - - tp]

where u, € Rm is the controller output, and # € Rm is
the fault input signal, which depends on the type of fault
described later. A € R”*" is an unknown fault-magni-
tude matrix. We define each element /;, (i € {1,2,--- ,m})
in diagonal matrix A as the effectiveness of the actuator.

In this study, we focus on the following two types of
actuator fault.

Loss of effectiveness
The loss of effectiveness (LOE) of the i-th actuator is rep-
resented with 4; as:

a1 (t<trw) - _
Al(t)_{d(fiff(i))’ “=0

Vit >0 (5)
where t7(;) € R, (t7;) > 0) is the unknown time at which
the fault occurs. i € {1,2,---,m} is the unknown index
which denotes the faulty actuator, d; e R, (0 <d; < 1)
is also an unknown parameter that represents the effec-
tiveness of the faulty actuator. For instance, 7o) = 50(s],
d> = 0.6 means that the second actuator loses its effec-
tiveness of 40% after 50[s].
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Stuck actuator output

The stuck fault of the actuator may be caused by the freez-
ing of the electronic motor driver and solidified valve for
instance. The stuck fault is represented as follows.

Ait) = { L (¢ <t0) , Ui(t) = { " (')0 (t <t) )

Vt >0
0 (t=t) (trw) (t=tra)

(6)
From the above representation, we note that the effec-
tiveness of the stuck actuator is always zero. Therefore, the
case where the actuator loses its effectiveness completely
(d; = 0,u = 0) can be considered as a special case in the
stuck fault. After this section, we apply the word perfect
LOE fault to the fault represented by d; = 0, and we also
apply the word partial LOE fault to the fault represented by
0<d; <1l

Fault-tolerant adaptive control design

with adaptive allocator

In this section, we describe the design of an fault-tolerant
adaptive control system with an adaptive allocator for test-
signal injection and actuator faults [29]. For the system
design, we considered the following assumptions:

1. Each actuator may have a fault that is expressed by
either (i) or (ii) in “Plant representation with actuator
fault” section.

2. At least one actuator has not perfect LOE fault.

3. All of the plant outputs are available to generate the
control input signal.

The control system design is shown in the following three
subsections. First, a stable reference model and adaptive
controller are introduced in “Output tracking error equa-
tion” section. The output tracking error equation which
represents the difference of plant output and reference
model output is derived using the reference model and the
adaptive controller. In “Adaptive allocator design for test
signals” section, the adaptive test signal allocator is intro-
duced. Finally, the adaptive laws of the adaptive test signal
allocator and adaptive controller are derived from a suit-
able Lyapunov function in subsection 4.3.

Output tracking error equation
Equation (1) can be represented using (2) and (4) as:

x1(t) = A1x(t)
io(t) = alx(t) + bT {Auc(t) + (1)} @)

where x; € R”"land x, € R are parts of the output vec-
tor x.
]T

x(t) = [x1 (£) x2(t) (8)
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We introduce a stable reference model with known
matrix Ay,

Xm) () = A1x1(t) 9
i) (£) = al () + br(£) ©)

where x,,, € R” is the output of the reference model, and
Xm(1) € R"1and %me) € R are the components of refer-
ence model output vector. r € R is an arbitrary bounded
input signal for the reference model, and b,, € R is an
arbitrary coefficient constant. The vector a, € R” is
selected such that the matrix Ag in (3) becomes stable.

Boskovic proposed the following controller to design a
stable MRAC system for such the plant and the reference
model which are represented in (7) and (9), in the literature
[5].

uc(t) = L{6 x(0) + 6r (1) + ) | (10)

where L € R” is the constant allocation vector. 8; € Rn,
0 € R and & € R are the adaptive parameter vector and
adaptive parameter, respectively. The adaptive laws of the
adaptive parameters 61, 0, and & have been presented in
[5].

In this paper, we propose the following controller which
is extended from (10).

ue(t) = L{67 x(t) + 62r(1) + £ | + a(@®)7(0)
(11)
where L € Rm is a constant vector that satisfies
bTAL > 0.6, € R, 6, € R and & € R are also the adap-
tive parameter vector and adaptive parameters, respec-
tively. Each element 7,(¢),(g = 1,2, - - - , p) in vector T is an
arbitrary bounded test signal, and they are independent
of each other. (@ (¢)) € R"*? is the adaptive allocator
matrix for the test signal, and @ (¢) € Rp is the adaptive
parameter vector.
Substituting (11) into (7), we obtain

&2 (t) = alx(@) + bT{ AL(0] x + 62r + &) + AT +u(t)}

(12)

We define the tracking error e = x — x,,, and derive its
time derivative.

{ x1(2) = A1x(t)

X1 — Xm(1) }

e=X—Xu=|"
" |:x2_xm(2)

(13)

From (9) and (12), the first row of (13) can be written as:
X1 — J‘Cm(n =A1x —Ai1x,, = Aje (14)

We calculate the second row of (13) as:
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X1 — Xm(1) :agx + bT{AL (GlTx + 0y + S) + Aat + it(t)} — ( ,T,,xm + bmr) = (agx + bTALQIT)x

+ <bTAL92 - bm)r +T(ALE + @) + 6T Aot —al(x — e) = ale + (ag + 5T ALOT — a}n)x (15)

+ (bTAL92 _ bm)r 4+ bT(ALE + i) + bT Aat

We introduce the following variables

Aot = (azT +bT ALOT — aT)/K

m

Aby = (bTALQZ - bm> / K

A& =b"(ALE + @)/ (16)
where we set the variable « as:
Kk =bTAL, «k €R. (17)

From the assumption, it satisfies k > 0.
Using these variables, we rewrite (15) as:

X2 — Xm(2) = a,ﬁe + KAOlTx + Kk Abor + Kk AE + T Aat

(18)
Hence (13) can be represented as:
. Ale
€= ale+ kA0 x + kK AOyr + kK AE + bT Aat
(19)

Adaptive allocator design for test signals

Basic idea for adaptive allocator

We now consider the following two-input redundant plant.
x =Ax + [bl bz]u,

u:[ul MQ]T (20)

The part of the input vector u that is orthogonal to the
plant coefficient vector b(:= [by, bz]T), becomes 0 in the

step to generate the control effort £ = bTu. In other words,
the orthogonal part of the input vector for the plant-coeffi-
cient vector does not affect the plant output x. Therefore,
aiming for null-space injection, we design the controller
output as:

] T
(21)
where the function f(x,x,,,r) generates a nominal con-
trol input, and where x, x,,, and r are the feedback of
the plant output, reference model output, and refer-

ence input, respectively. 7 is the test signal that should
be canceled out on the plant output, «(9) is the adaptive

u=fxmr) +a@)1, a)=/|cosb sind

allocator, and where 6 is adaptive parameter. Figure 3
shows an allocator vector « and coefficient vector b in a
two-dimensional (2D) plane. As shown in this figure, the
allocator vector o has a constant norm, and can change
its direction. If the b1« (f) can be satisfied by adjust-
ing the parameter 6, then the effect on the plant outputs
caused by the test signal will be removed.

x =Ax+bT{f(x,xm,r) —|—oz(9)r}
=Ax+be(x,xm,r) 4+0-1

= Ax + bTf (%, %, 7) (22)

In this section, we design the test signal allocator for
the m-input plant based on the 2D rotary allocator. In
the allocator design, m redundant actuators are divided
into all possible pairs, and the 2D allocators are assigned
to these. Therefore, the number p of test-signal allocators
and test signals is:

m!

P = o m—2)

(23)
For ease of explanation, we begin from the three-input
plant in the next section.

Allocator design for three-input plant

In the case of (m = 3), let the input coefficient vector b(3)
be b3y = [b1, ba, b3)T. Let the pairs b1—by, bi—bs, and by
—b3 be the possible combinations in elements of b(3).

LN
\\
\
a®)
I ' b= ( b] > b2)
! \
AN
: L)
cos(0) \ /
\l
\
Fig. 3 Test signal allocator a which rotates by adaptive parameter 6,
and coefficient vector b of the two-input redundant plant
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Corresponding to these three pairs, we introduce the 3rd
order test signal vector as:

13 @) = [1®) no o]’ (24)

Then, we choose an allocator «(3) as follows.

cos ¢1(t) cospa(t) 0
singi (t) 0 cos ¢3(t)
0 sin ¢ (¢) sin ¢3(t)
(25)
Using these definitions, the coefficient part of the
test-signal term b7 Aa in (19) can be expanded with
A@) = diag{i1, )2, A3} as:

a3 () @) =

A1cos ¢p1(t) A1 cos do(t) 0
b(Tg)A(g)Ol(g) = b(jz;) izsi}’ld)l (t) 0 Ao COs @3(t)
0 Az sin ¢ (t) A3 sin ¢s3(t)
(b11 cos ¢ + by lasing) T
= | (b1A1 cos ¢ + b3lzsings)
(bl cos ¢3 + b3lzsings)

(26)

We now define the following 2D vectors,

by = {blzl bm]T, by = [blzl bgzs]T, by = [bm bgzs]T.
(27)

» 9=123

)" (28)

ag = [ cos gy (t) singy(t)

Substituting the elements in (26) by the inner products
of these vectors,

bé)A(g)a(g) = []_alT(il 52To_t2 I;go_tg ] (29)

The Eq. (29) indicates that the coefficients from test

signals to the control effort can be represented using 2D
allocators @1, @, and &s.

Allocator design for m-input plant

According to the result in “Allocator design for three-
input plant” section, an allocator matrix can be chosen
as follows to assign the 2D allocators to the m redundant
actuators.

[cospy cospp O 0 0 1
sing; 0  cosgps
a(D) = 0 singy sing3 --- 0
0 0 cospp—1 O
: : : 0 cosgy
L O 0 0 singy—1 Singy |

(30)

The test signal vector is:
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Fig. 4 Relation between vector Bq of controlled plant and adaptive
vector ag (qu)

() = [1@) ©®) ) - Ha®) Lo ] (31)

From these difinitions, we expand the test signal term in
a similar way in the case of (m = 3)as:

(b11 cos @1 + bylasingy) r
(b1 /1 cos ¢y + bsizsingy)
(ba 2y cos ¢3 + b3 Azsings)
b’ Aa = .
(bm_g/lm_z cos ¢p_1 + bmimsinqbp_l)
(bmflimfl cos ¢y + bmimsinqbp)
(32)

In addition, each element can be represented by the inner
product of 2D vectors:
(33)

BT A= | bla bfar - b a@p1 blay |

where the 2D vectors are defined as follows:

by = [bi2a bada )" by = [ b1 byis]”

yeees

bp—l = [bm—Z;vm—Z bm/Lm ] T’ ép = [bm—lﬂvm—l bm/Lm ] T’

(34)

_ . T

ag = [cosqbq(t) smq)q(t)] q=12,...,p (35)

Figure 4 shows vectors l_aq and aq ona 2D plane, where

q €1{1,2,...,p}. By using an angle ¢, that is defined by
the vectors shown in Fig. 4, (33) can be represented as:

T Aa = [51&1 cos qsl 1_92&2 cos q_ﬁz

- by_10p_1cosdy_1 byay cos gy ]

_ o _ (36)
= [bl cos¢y bycosgy - --
e l_)p_l cos </3p_1 l_op cos ¢_>p]
where the norm condition a; = 1,~ Vg €{1,2,...,p})

is used. Furthermore, we define the ¢, as follows.
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~ 1 -
¢q(t) = En —¢4t), qg=12,...,p (37)
Using this definition, we rewrite (36) as:
bTAOl = [51 sinq~51 1_92 sinq~)2 s
(38)

. l_ap_l sin qu_l l_ap sin qu }

Therefore, the test signal term can be represented as:

bT Aa = STNT (39)
where we used the denotations of:

S= [sin é1 singy --- sin (i;p—l sin q;p ] T (40)

N = diag{l_n,l_)z,...,ép_l,l_)p}. (41)

When the actuators have no fault, matrix N is positive
definite from the assumption that all of the elements in
vector b are non-zero. Even if (m — 1) actuators have par-
tial/perfect LOE fault, then the matrix is positive or semi-
positive definite.

Adaptive law design
Equation (19) is rewritten using (39) as:

. Aie
¢ | ale+ kA0 x + Kk Abyr + K AE + STNT
= Age + bou(t),
(42)
where 1 and bg are as follows.
1= kAL x + Kk Abyr + kK AE + STNT, (43)
bo=[0---01]", ByeR” (44)

From the assumption that matrix Ay is stable, the posi-
tive definite symmetric matrix solution P € R"*" exists
in the Lyapunov equation:
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AP+ PAy=-Q (45)

where Q € R"*” is a positive definite symmetric matrix.
We now define a scalar function V' with matrix P as:

V(t) = LeTpe + EAOT T A0 + — AB2
2 2 2Yp

+ —— AE2 +25TN TS
2y (46)

where S € R? is defined as follows.

sinid, 1 sinlg, ]
(47)
S is obtained by replacing the ng, (g=1,2,...,p) with
ng/2 in (40). Matrices Iy = diag{yg(l), YO2)r-- s )/g(y,)}
and I'p = diag{y¢(1), Yé2)r- s y¢(y,)} in (46) are chosen
as arbitrary positive definite.
We derive the time derivation of (46) as:

S= [sin%q’;l sin%qzz

V=14 ( Tp, ) + AT T IAG + X Ay AG
=——|(e Pe)+« —
2 dt 140 1 Ve 2802

LN L (STNFq;l:?)
ve dt
(48)
From (42) and (45), the first term on the right-hand
side of (48) can be represented as:

%% (eTPe) = %{éTPe + eTPé}
= %{ (eTAOT + boTp.)Pe +eTP(Age + bo,U«)}
= %{eT (ATP + PAg)e + 26 Peys |
= —%eTQe + bgPe,u.

(49)

Then, the rightmost term on the right-hand side of (48)
can be varied as:
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d (T n 13 STar—1c
2= (5 NT; 5) —2.28TNT;15
¢>1/ 2)cos(p1/2
o $2/2 ) cos (/2
=2.25'NT;
qz / 2) cos (43 /2
i ( A (50)
=2 [ sin %qﬁl cos %d)l sin %q‘)z cos %(]52 e
$1/2
N L] 922
- sin %qbp cos %qbp }NF‘D 12 2‘/
$p/2
=SINI;'e
In the variation of the bottom expression, we used the D =[¢1 ¢ - ¢p} D=1 2 By " (55)
well-known trigonometric formula 2 sin 6 cos 8 = sin 26. o ) )
The denotation @ € R is expressed as: Substituting (54) into (56), we obtain:
- R - . 1
=[dd b (51) Vi) =—e'Qe (56)

From the expressions of (49) and (50), we can write (48)
as:

. 1 .
V) =— 5eTQe + bL Pep + k AOT T 1 A6y
K . K . T 12
+ S AGAG + —AEAE+STNT, D —
Yo 143
(52)
Substituting u of (43) into (52) equation, we obtain:
. 1 .
V(t) =~ Je" Qe+ 0] (bOTPex + F9_1A91)
1 .
+ Kk Aby (bgper - A92>
Yo
T 1.
+ kA& | by Pe+ —AE
Ve
T T -15
+ SN (b Per + 15'0) 53

Note that bgPe becomes scalar in derivation of (53).
We adjust the adaptive parameters 61, 6,, & and @ss by
using equations:

él (= Aél) = —ngoTPex, éz(: Aéz) = —ygbgper,
(54)

where vectors @, @ € R” are as follows.

It is clear that V < 0, because matrix P is positive defi-
nite, as given in (45). Therefore, the scalar function V is
positive definite and non-increasing for time ¢, and the
signals e, A6y, Ay, A§ are bounded, as is the case with
adaptive parameters 61,0, & from (16). Based on the fact
that V' is posmve deﬁnlte and non-increasing, as well as (56),
there exists f Vvdt = f { eTPe/Z}dt V(oc0) — V(0),

0
which is a finite Value, so e € Ly. Moreover, the plant

output x is bounded, and from that, reference model out-
put x,, is bounded in e = x — x,,,. From (42) and the fact
that signals A6, A, A&, x, r and the test signal term
STNt are bounded, é is also bounded. By using Barbalat’s

Reference m
Model

Plant

Fig. 5 Block diagram of the proposed fault-tolerant adaptive control
system
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Fig. 6 Changes of vector b by corresponding fault patterns
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Fig.7 Changes to vector BQ caused by corresponding fault patterns
with argument 6
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lemma, we obtain e — 0 at time t — 00 because e € L5
and its derivative é are bounded.

We now discuss the boundedness of the adaptive
parameter vector @. From (54), ® can be given as:

= (Fd)bg;Per)dt 1 ®(0) (57)

where @(0) is an arbitrary bounded initial value vector.
Hence, the test signal and the error signal e are bounded,
and the first term on the right-hand side of the above
equation is bounded. From these facts, it is under-
stood that the vector @ is bounded. We summarize the
designed MRAC system, as shown in Fig. 5.

Design of AFD system based on adaptive
parameters

In this section, we present a new approach for AFD with
input redundancy, and the design process of the AFD
system is discussed.

Basicidea B
In (34), we introduced the vector b,, which corresponds
to a pair of redundant actuators. Figure 6 shows b, on the
2D plane. We assume that the vector b, corresponds to a
pair of the ith and j(# i)th actuators. Figure 6a shows the
fault-free case, so each element of b, is equal to b; and b;.
We consider the case where either the ith or jth actua-
tor has a fault. As shown in Fig. 6b, the nominal vector b,
changes to faulty vector b;] after the fault occurrence. This
change in the vector differs depending on the faulty loca-
tion and its magnitude. Therefore, it is possible to estimate
the faulty location and its magnitude if the vector b is
known, and if its change can be monitored precisely.
However, the plant parameters b;, b; and faulty parame-
ters /;, 4; are generally unknown, so b, cannot be obtained
directly. Therefore, our idea is to monitor only the direc-
tion of b,. Figure 7 again shows the changes of vector b,
from the perspective of its direction. arg(-) refers to the
argument of the vector, and N (-) is the null-space of the
vector. From Fig. 7b, it is clear that the changes of direc-
tion also differ depending on the fault location and its
magnitude.

Feature value for ratio of control effectiveness
To monitor the direction of vector b, indirectly, we used
the adaptive parameter ¢4, which refers to the argument
of allocator vector . In this section, we introduce a fea-
ture value for fault diagnosis from the adaptive parameter
-

To discuss the feature value, we assume that the fol-
lowing are satisfied on the designed MRAC system in
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“Fault-tolerant adaptive control design with adaptive
allocator” section.

1. When sufficient time has passed from the time the
control is started, tracking error e converges to 0, and
its time derivative é also converges to 0.

2. We assume that the reference input r is a step-like
signal, so 77 = 0 is satisfied when sufficient time has
passed.

3. A fault that is represented in (5) or (6) may occur in
one actuator. In other words, only one actuator may
have a fault, and the remaining ones are fault-free at
every moment.

Next, based on these assumptions, we show that the
adaptive allocator @, indicates an orthogonal direction to
vector by

When sufficient time has passed from the start of the
control operation, the following equation is held from the
assumption 1) and (42).

0=k (20 + Abor +kA) +STNT (58)

Then, based on assumption (1) and (54), each time

derivative of the adaptive parameter is as follows.

Afp =0, Ay = AE =0, qb(: q>) —0 (59)
The time derivative of (58) can be calculated from the
above results and assumption (2) as follows:

0=S'Nt (60)

For the test signals in which its time derivatives are
bounded and independent of each other, S = 0 is needed
to satisfy the above equation. Therefore, the adaptive
parameter satisfies,

q
0 o A
1] 1
ol sing_| 1
_______ 1
4 | I -COs ¢ 1
U ‘ I
I I 1
| o |
q 1
! 1 | 1
| |
| | I
* —@ *+—
\ cos ¢q O sin ¢q / Kibi
Fig. 8 Alternative representation of_B with adaptive parameter ¢
based on the orthogonal condition b_La
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V4
Fig.9 System diagram of the MRAC and fault-diagnosis unit

bg =ngm, Vq=1{1,2,...,p} (61)
where n, € Z is an integer corresponding to index g.

From (61) and (37), we obtained the following relations.

~ 1 -
®q :571 — ¢g = ngm

o (62)
—¢q = E(Z”q —1)
We found that the allocator &, is orthogonal to the vec-
tor b; when the above equation is satisfied.
Figure 8 shows the plot of @; which corresponds to vec-
tor b,. When @, is orthogonal to the vector by, vector b,
can be expressed as follows.

Fault-diagnosis unit

Y f

> F(Y)

\'V

S Mo

Ll

Preprocessing

Fault-diagnosis

NN functions function

a Fault-diagnosis unit using NN model

X (k)

®xN

Y(k)

\

T -

¢

@4

Input layer Hidden layer Output layer

b NN model that has single hidden layer
Fig. 10 Fault-diagnosis Unit
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by = [bids by

= éq[sin¢q —cosqbq]T(or = Bq[—sin% cosq.’)q}T)

(63)

Using this expression, we can calculate the ratio

Ry, Vq €{1,2,...,p} of the first element in the vector

by as:

L (ub)?

1 (;uibi)z + ()ujbj)z

b? sin? Pq

2
== = sin
b (sin? ¢y + cos? ¢) &

(64)

This result means that it is possible to obtain the
ratio of ith control effectiveness in a pair of ith and jth
redundant actuators using only the adaptive parameter
¢4. Moreover, from the assumption (3), increasing or
decreasing of a ratio R; can be considered as the fault
in ith or jth actuator.

FD system design

We calculated the proposed feature value R in (64)
from the adaptive parameter, and the discussion for
R has been based on the steady state of the system. In
actual case, the adaptive parameter based feature value
R may be moved in response to the disturbance, and
there exists the transient state during system operation.
Therefore, we should utilize other available signals in
addition to the feature value R, in the FD process.

We constructed a classifier of an actuator fault using the
machine-learning technique. Therefore, the proposed AFD
system requires a preliminary experiment for the learning.

The overview of the proposed MRAC system with the
AFD module is illustrated in Figs. 9 and 10a shows the
schematic of the proposed AFD system. This AFD system
outputs the fault diagnostic information f by monitoring
the signals e, 7, &, and ¢. The diagnostic information f
has two elements as follows:

f:[flfz]%mf (65)

where i, (; € {0,1,. ..,m}) is the estimated fault loca-

tion, and 7; is the estimate of the fault magnitude of the i-
th actuator. When it is seen that no actuator has any fault,
then the i indicates i = 0.

NN-based fault estimator

The core of the fault-diagnosis module is the NN model
shown in Fig. 10b. Because the nonlinear relation-
ship between fault magnitude and the feature value,
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function F(Y) :
fi< 0
f2 +— 1

i< argmax (y;)
je{1,2, ....m}

if (y; > 0){
fi+ i
f2 ¢ Ym+i
}

return fi. fo

end

Fig. 11 Pseudo code of the fault detection and isolation, and
magnitude estimation

we use the NN model which is known to be effective in
approximating nonlinear functions as a failure estimator
in this paper. In this study, we used the extreme learn-
ing machine (ELM) technique [30, 31] to learn the NN
model. ELM is a machine-learning method that was pro-
posed by Huang et al. One of the major advantages of
ELM is that it does not perform the repeated calculation
for the learning. Another advantage is the simple struc-
ture of the NN model, as shown in Fig. 10b.

NN model output Y = [y1,y2,...,y2m]%, Y € R¥ is
given as:
yi=hX)B;, Vie{l,2,...,2m} (66)

where B; = [ﬂi(l): Bi2ys -+ s ﬂ,’(z)} T is the output weight-
ing vector from the hidden layer to the output layer.
z,(z €Z, z > 2m)isthe number of nodes in the hid-
den layer, and it is one of the design parameters of ELM.
Input signal X € Rv of the NN model is represented as:

X (k) =[ e(k) rie) &Lk RT(k)]",

T (67)
R(k) =[Ri(k) Ry(k) --- Ry(k) |

where k € Z refers to the step number of discrete time.
The order v of vector X becomes v = (n + p + 2) from
(67). In this study, we used the following sigmoid func-
tion as the activating function z(X).

1
14 exp (—As(i)X — Bs(i))

hi(X) = (68)
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Experimental Plant
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Fig. 12 Experimental plant setup

Table 1 Specifications of experimental plant

Component Element Specification

First actuator (Act. 1) Motor Maxon DC motor RE40
Amplifier Maxon ESCON50/5

Second actuator (Act. 2) Motor Maxon DC motor RE25
Amplifier Maxon ESCON50/5

Sensor Encoder MUTOH UN-1000

where Ag;) € RY and By(;) € R” are the parameters that
characterize the activating function. These parameters
are randomly determined once, and are not recon-
structed. The weighting vector B; is calculated as follows:

I e
pi=H" (C + HHT) Y; (69)
where C is a positive scalar that is given by the designer.
H and Y; are respectively the output matrix and correct
data vector corresponding to the learning data X, and
they are given as follows:

N N N T
H= [hT (X(l)) hT(X(z)) hT<X(nt))] ,
(70)
o N N N T
Y= [5:(1) 5:(2) - Jilne) |7, (71)
where #; is the number of samples that is included in the
learning data, so H € R"*%,Y; € R™.

In the ELM learning, the weighting parameters Ay,
B,y among the input layer and hidden layer are not
reconfigured, and the weighting parameters §; can be
determined uniquely using (69). Therefore, if the order
of the learning data is not large, the learning step can be
completed quickly, and the computation time is short

FD algorithm

Figure 11 shows the FD algorithm that outputs the FD
result from the output of the NN model. First, the algo-
rithm selects the maximum of y; € {1,2,...,m}inY, and
names it i. If the sign of y; is positive, then the i-th actuator
is assumed to be faulty and i is assigned to fi. Furthermore,
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Ym+i> which refers to the estimated fault magnitude of the
ith actuator, is assigned to fy, (i.e., fo = Ym+i)-

Experimental example
Experimental setup and conditions
In this section, we perform the verification experiments
of the proposed AFD system and the fault-tolerant adap-
tive control system. The main purpose of this experiment
is to confirm the applicability of the proposed method in
an actual plant. The experimental equipment is shown
in Fig. 12. Using the experimental equipment shown in
Fig. 12, we confirm the effectiveness and applicability of
the proposed fault- tolerant adaptive control system and
AFD system. Table 1 lists the specifications of the experi-
mental plant. In this plant, one rotary shaft is driven by
two actuators with a timing belt. Each actuator consists of
a DC motor and a motor driver, and it generates a torque in
response to individual command voltages.

The experimental mechanical plant can be modeled as
the following two-input first-order system.

&p(t) = apx(t) + b u(t), (72)

by = (b1 ba]", = [ 2]

where by1,bp2 > 0. We provide the stable reference
model as:

G (£) = —0.40,,(£) + 10r(8), (73)
r@ty=1, Vt>0.

And the constant vector L in (11) is,
L=[12]". (74)

We chose the following periodic signal as the test signal
for AFD.

7(t) = 0.05(sin (0.87¢) + sin (1.57¢)) (75)

Equation (54) implies the adaptation of the parameter
@ proceeds by the tracking error which includes a test
signal response of the plant. Thus, if a prior information
about approximate dynamic characteristics of the plant is
available, a test signal with a frequency that is hard to be
decayed in the plant should be selected. A relatively low
frequency signal was chosen for this experimental test
signal due to the low-pass characteristics of the experi-
mental plant. In addition, the test signal consists of sine
waves with different periods and has a certain magnitude,
for the speed of adaptation. Each adaptive parameter
has the following initial value, and the adaptive gain is as
follows:
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q)S: —7.39[rad]

Fig. 13 Linear transformation of vector Ea with weighting matrix W
for correction of the feature value R;
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(Initial parameters)
01(0) = 0.01,6,(0) = 0.5,6(0) = 0, P(0) = ¢1(0) = 0.
(76)
(Adaptive gains)
Iy =vyp1) =10x 107>, yp =50 x 107>,

77
Ye =50 x 107>, I'p = ypa) = 10 77)

In the experiment, we implemented the actuator fault
using the following equation.

u(t) = Auc(t) + u(t), A = diag{i, )} (78)

where the fault parameters 43, A2 and signal # are cal-
culated using (5) or (6). The design parameters of ELM
learning in the FD system are as follows.

60

50 Plant output

40 Reference model output

0/ /

Act.2 has LOE
(r,=04)

20
10 |

Output [rad/s]

150 200 250

u, [V]

150 200 250

0.8}

0.2

0.2 i

—_— 0B b
> o4l R RRERRRRS
o : .

=

0 50 100

150 200 250
Time [s]

Fig. 14 Experimental result in the case where the second actuator has a partial LOE (4, = 0.4) after 150 [second]
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Fig. 15 Feature values and FD results in the case where the second actuator has a partial LOE (4, = 0.4) after 3000 [step]

Z = 46, C = 2%, 79) value that is introduced in (64) corresponds to a scalar

R;. When the actuators have no fault,R; has an unknown

value in 0 < Ry <1, from the discussion in “Feature

Preliminary experiment value for ratio of control effectiveness” section. As the
In the experimental plant, there is only one way of mak-  fault magnitude of the first actuator becomes large,
ing a pair of redundant actuators. Therefore, the feature =~ R1 decreases toward 0. On the other hand, as the fault
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Table 2 FD accuracy rate (about f;)

Actual condition

Fault-free Act. 1fault  Act. 2 fault
(%) (%) (%)

FD result fi

0 (fault-free) 95.03 405 8.87

1 (Act. 1 fault) 494 95.76 0.00

2 (Act. 2 fault) 0.03 0.18 91.13

magnitude of the second actuator becomes large, Ry
increases toward 1. Therefore, it can be seen that adjust-
ing the R; such that Ry = 0.5 is satisfied in the fault-free
case has an advantage for fault diagnosis. For such an
advantage, we give a weighting matrix W to the test sig-
nal allocator.

e = L{GlTx +Oor + g} + Wat, W =diag{lLw}, w>0

(80)

From (72) and (78), the control effort E; that the test
signal generates in the plant can be represented as:

E, = b;AWm

= [bpl wbpg](xr ®1)
where we used A = I because we now consider the fault-
free case. Equation (81) shows that the ratio why, / bp1
of elements in the vector b, can be adjusted by manipu-
lating the weighting constant w. Applying the weight-
ing matrix W to the test signal allocator corresponds to
transforming the vector b, with positive definite diagonal
matrix W. As a result, we note that the discussion about
the MRAC system in Sect. 4 does not lose its generality.
We performed the preliminary experiments to deter-
mine the weight parameter w. We began the prelimi-
nary experiment with a weight parameter w = 1, and
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other experimental conditions are as shown in “Experi-
mental setup and conditions” section. By performing
the preliminary experiment, we obtained a desirable
control result. We also determined that ¢ = —7.39[rad]
is the experimental convergence value of the adaptive
parameter ¢ from the fault-free preliminary experi-
ment. Figure 13 shows the adaptive allocator o(¢) with
¢ = ¢;. The plant vector b, can be expressed as fol-
lows based on the assumption that the vector «(¢y) is
orthogonal to the vector by,

by = [bpl bPZ]T
=bp[—sin¢s CoS g

= b,[0.8942 0.4475]"

)" (82)

where we assume that each element of the vector b,
is positive. From this result, we determine the weight
parameter as w = — cos ¢s/sin ¢s = 1.998 for the main
experiment.

Main experimental result

Because of space limitations, we present only a part
of the experimental results here. Figure 14 shows an
experimental result. In this case, the second actuator
has a partial LOE fault with magnitude Ay = 0.4 at 150
(s) from the start of the experiment. In the Fig. 14, the
upper plot shows the plant output and reference model
output, while the middle and lower plots show the first
input u.; and second input u., of the plant, respectively.
With respect to the period before 150(s), we see that the
plant output converges to the model output. Then, the
plant inputs u.1, .2 are consistently vibrated even after
the plant output converges to the model output. At 150
(s), the second actuator has a partial LOE fault. We
confirmed that the reference model tracking is main-
tained after the fault occurs.

Table 3 Number of samples of experimental data that were used to learn ELM, and to calculate the accuracy rate

of the FD results obtained from the constructed FD system

Location Fault magnitude 4
1 (fault-free) 0.7 0.6 0.5 0.4 0 (stuck) Sum
Learning
Act. 1 24,000 2000 2000 2000 - 2000 40,000
Act. 2 2000 2000 2000 - 2000
Verification
Act. 1 18,000 - 2000 - 2000 2000 30,000
Act. 2 - 2000 - 2000 2000
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Figure 15 shows the AFD result in the experiment of
Fig. 14. Figure 15a shows a discrete-time series of ele-
ments in the ELM input vector X, and (b) shows a dis-
crete-time series of the FD result. In plot (b), we can
see that fj is almost 0 when the actuator has no fault.
About 200 steps after the fault occurrence, f; is 2, and
then f; gradually tends to 0.4.

An accuracy rate of fj, which indicates the fault
detection and isolation result, is summarized in Table 2.
The content of the table was obtained from six experi-
ments in total, and it includes the result of Fig. 15. The
number of samples of each experimental dataset which
was used to plot Table 2 and to learn ELM is presented
in Table 3. Table 3 shows the number of datasets used
for training and verification for each fault condition.
From this table, it can be seen the data corresponding
to the condition in Fig. 15 (4 = 0.4) does not exist in
the learning data. Nevertheless, the fault diagnosis has
been achieved as shown in Fig. 15b. This also shows the
high generalization performance of the proposed FD
system using ELM. From Table 2 and Fig. 15, we con-
firmed that the proposed FD system can estimate the
fault occurrence and its location with high accuracy.

We performed an experiment on a simple two-input
machine-based plant to verify the proposed method
in this section. In recent years, systems with redun-
dant actuators, such as those seen in drones and elec-
tric/hybrid-electric vehicles [32], have attracted much
attention. The proposed FD method and the fault-toler-
ant control design also have the potential to be applied
to such the input redundant systems.

Conclusion
Here, we summarize the main contributions of this

paper.

1. The new approach to the AFD for the input redun-
dant plant which utilizes the adaptive test signal allo-
cator in the control system [29] was proposed.

2. The fault-tolerant adaptive control system which
includes the proposed adaptive allocator was
designed by using the MRAC technique.

3. We introduced the feature value which indirectly
indicates individual effectiveness of redundant actua-
tors from the adaptive parameter of the proposed
adaptive allocator.

4. An FD system that detects the fault occurrence and
estimates its location and magnitude from the intro-
duced feature value was constructed.

5. The applicability and the fault-tolerance of the
designed FD system and fault- tolerant adaptive con-
trol system [29] was confirmed through the experi-
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ments with a two-input redundant meachine-based
plant.

6. In the experiments, the constructed FD system
detected the fault occurrence and estimated its loca-
tion with the accuracy rate of more than 91%.
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