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Abstract. In semi-active control of structures, sensors and dampers may fail in earthquake. Sensor malfunctioning mostly
causes a constant offset in true signals and shifts the mean value of the recorded parameters, but a fault in a damper may reduce
its effectiveness and change the mean and variance of the force that should be applied. To date, many studies have investigated
the fault effect on control devices. They have mainly focused on the faults that affect the signals’ mean values (additive fault).
However, some faults may also change their variance (multiplicative fault). These faults’ identification and control require a
different strategy. This study introduces a newly designed active fault-tolerant control system (AFTCS) to identify and
accommodate simultaneous multiplicative damper fault and additive sensor fault during earthquake. To do that, by dividing the
structure into two subsystems, sensor and damper fault effects are separated. Then, by designing an observer based on dynamic
neural network (DNN) for each subsystem, faults on control devices are estimated. Later, the true responses of the structure are
obtained and finally, the proposed fault-tolerant controller accommodates damper fault effects. The AFTCS’s performance was
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validated for different fault scenarios in a three-story building structure with magneto-rheological (MR) dampers.
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1. Introduction

Active and semi-active control systems usually include
sensors, actuators, dampers, and wiring (Lin et al. 2018,
Bozorgvar and Zahrai 2019, Chen et al. 2021) that failure
may occur in one or more of them. Various factors cause
damper faults, such as reduction of oil pressure, mechanical
factors, loosening connection. In civil structures, one of the
most frequent dampers is MR damper and its common fault
is oil leakage that occurs due to improper installation or
overuse (Xu et al. 2000, Li and Li 2019). Its consequence is
the loss of the damping force and the damper’s capacity
(Jung et al. 2003, Tudon-Martinez and Morales-Menendez
2015). Another possible fault is the entrapment of MR
fluid’s magnetic particles in the piston headspace, which
occurs if the damper is subjected to prolonged loading and
long cycles. This fault leads to an increase in the damper
output and the damper capacity at high speeds (Utami et al.
2018).

Noise in sensor output signals is normal and unavoidable,
but high noise indicates a sensor malfunctioning that is
caused by a weak battery or hardware problems (Sharma et
al. 2007, Ni et al. 2009). One of the common faults of the
sensors is bias or shift fault which is a constant offset in the
actual signal that can occur due to incorrect calibration
(Sharma et al. 2007, Balzano and Nowak 2007, Ni et al.
2009). Another frequent defect in sensors is called outlier
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fault where the output jumps abnormally from its true value
at some points (Ramanathan et al. 2006).

In the literature, to maintain system stability in case of a
fault in control tools and prevent the imperfection spread,
fault-tolerant control systems (FTCSs) are introduced.
These systems are divided into passive and active classes.
An active FTCS (AFTCS) detects and accommodates the
fault effects online and it keeps the system stable for a
wider range of faults. The most studied faults can be
classified into un-modeled and modeled faults (UMFs,
MFs). A specific model cannot accurately mention UMFs.
However, MFs are described as multiplicative and/or
additive faults (Fig. 1). The fault in actuators can be written
as ur = gsu + bg, where u is the controller’s recommended
signal, uf is the faulty damper force, 0 < gf<1
represents the degradation of power fault (loss of
effectiveness, multiplicative, or gain fault) which changes
the mean and variance of the correct signal. by is the
limited additive (bias) fault that only changes the true
signal’s mean. The effects of the most faults on the
performance of control tools can be modeled and described
by multiplicative and/or additive forms (Ossmann and
Varga 2013, Shen et al. 2017).

Fig. 2 exhibits the generated force of a healthy MR
damper for a voltage of 6 V against 2.0 Hz sinusoidal action
with an amplitude equal to 10 mm. It compares the effects
of the bias and multiplicative faults on this force. In Fig.
2(a), the healthy damper output is shifted as much as 6000
N which is equal to half of the maximum capacity. in Fig.
2(b), the damper loses half of its efficiency. As shown in
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Fig. 2 MR damper force in healthy and faulty cases

this figure, the bias fault only changes the mean of the
healthy damper’s force, but the multiplicative fault also
affects its variance.

Most studies in the FTCS literature have considered
faults in only dampers or sensors. Talebi and Khorasani
proposed a fault detection and isolation (FDI) method to
approximate the gain fault of the actuators used for a
satellite. In the method, a dynamic neural network (DNN) is
responsible for guessing the fault and its convergence speed
is about 50 seconds (Talebi and Khorasani 2012). However,
the algorithms used to control the civil structures against
ground motion excitation should converge much faster due
to the short time duration of an earthquake. Zhu et al. took
actuator faults in their control scheme. They designed an
AFTCS that compensates the fault effects in the frequency
domain and maintains the acceptable performance level of
the building structure (Zhu et al. 2015). Hosseini et al. used
the simple adaptive control method for controlling a
building structure with unknown structural damages and
sensor faults in earthquake (Hosseini et al. 2018).
Naderpoor Shad and Taghikhany proposed an AFTCS for
simultaneous additive faults in the sensors and the dampers
(Naderpoor Shad and Taghikhany 2022). In practice, most
common faults in sensors can mainly be assumed in
additive form. However, a primary type of fault in dampers
takes action as a multiplicative term on the control signal.
The stability study and the convergence analysis of the
strategy for the multiplicative fault detection and isolation
are more challenging. It is because of strong coupling
between the structure and the observer states. More, a
change occurs in the spectral characteristics of the actual
signal (Talebi and Khorasani 2012).

This paper proposes an AFTCS that tolerates the
simultaneous multiplicative damper fault and additive
sensor fault. Because of coupling between the damper and

sensor faults, to consider them simultaneously, their effects
must be separated. So, in the beginning, the main structure
is split into two subsystems: one is concerned with sensor
faults and the other with damper faults. Then, to correct the
wrong output signal of the faulty sensors, it is necessary to
estimate the sensors’ faults. Hence, for the subsystem
affected by sensor faults, a DNN-based observer is designed
to estimate the sensor faults and the actual structure states.
Similarly, to eliminate the effects of the dampers’ faults
from the performance of the designed control system, an
observer based on DNN is also proposed for approximating
the damper faults using the second subsystem and finally, a
fault-tolerant controller is designed to accommodate the
estimated damper faults. Here, pre-trained weights are used
to improve the convergence speed and behavior of the
damper fault observer’s DNN. To do that, firstly, the neural
network is trained offline by using the healthy control
system’s behavior under series of seismic ground motions.
Then, the resulting weights are used in the online FDI
technique. The effectiveness of the suggested method is
examined for various fault scenarios in numerical model of
a three-story building structure with MR dampers.

2. The strategy’s formulations

The equations of the system are as follows

x(t) = Ax(t) + Bu(t)
¥(®) = ex(®) + Dy (£:(6,x(0), u(®))) M

where x € R?", A€ R¥™2n B g R+ " and u €
RM*DX1 are the state vector, the system matrix, the input
matrix, and the input vector, respectively. They are defined
as Eq. (2). y € RP, ¢ € RP*?" and Dg € RP*9 are the
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output vector, the output matrix, and the matrix of the
sensor fault distribution, respectively. fg € R? is a sensor
fault vector.

ao[ [l er |
-_[M_lK]nxn _[M_lc]nxn nx2n
B — [ [O]nxl [O]nxm ]
-_[G]nxl _[M_lp]nxm (2)
= (B:_L.(anl)|BZ(2nxm)>2nx(m+1)
( Xg(OD1xa
u=
[fur (©)]mx1 (m+1)x1

In these equations, C, K, and M € R™" are the
damping matrix, the stiffness matrix, and the mass matrix,
respectively. G € R™? is the excitation matrix, P € R™™
is the control matrix, and fyz € R™*! is the damper force
vector. Here, the structure is presumed to be controllable
and observable.

To separate the coupling effects of two types of faults in
the sensor and the damper, the main structure is divided into
two substructures such that each fault is only seen in one of
them (Abdollahi 2017). In this method, an output

transformation S and a  state-space  coordinate
transformation T are considered as follows
Z
20 = {1} = 5y©®
A3)

h(t) = {Z;} = Tx(t)

where z;, z,, hy, and h, € R™! are the output vectors

and the state vectors of the subsystems. T is an invertible
matrix that does not transfer B. It is equal to

r=[min ]

§$=5'S,, where S'€ R*™ S and S, € R™® such
D
that S'SoDs = {[ Sl]nxq} and

[0],xq
[[Cl]nxn [0 nxcn ] These transformation matrices divide
[O]nxn [64-]an

the structure into two following subsystems;

(4)

S’SOCT_l =

Subsystem 1:

{ {hl}nxl = —T3hy + hy (5)
{21}n><1 = Cihy + Ds; (fs)
and Subsystem 2:
{hz}nxl = Alhz + A2h1 - Gjég + [M—lP] [.fMR]
(6)
{z23x1 = Cuhy

C, is the output matrix of subsystem 1 and D, is the
sensor fault distribution matrix in the new coordinate. A,
Ay, and fyp are defined as

A =— [%] + Ty (7)

o
fur = diag(fa)u )

where fy = [fa1, fazs -» faml® is the vector of the damper
effectiveness and 0 < f; <1, i =1,2,..,m. When ith
damper works superbly f;; =1 and f; = 0 means that it
fails completely. C, is the output matrix of subsystem 2.

Note that —T; and A; are Hurwitz matrices.
2.1 Designing sensor fault observer

To correct output signals of damaged sensors, here, an
observer is proposed for subsystem 1, which is based on
DNN. This neural network with the online learning ability
is able to estimate the malfunctions in sensors online (Li et
al. 2011) and it can approximate a time-dependent and
multivariable function. Eq. (10) is considered as the
observer (Naderpoor Shad and Taghikhany 2022)

Vﬂﬁhﬂ&@+q%ﬂ) (10)
2,(t) = C1hy () + Dsy fs

where f, is the estimated sensor fault vector mapped by
DNN and C;'z, = h,. A well-designed neural network
with input vector X restricted to large compact set S can
estimate any continuous function F(X) on the set.
Therefore, F(X) and F(X) can be presented as (Oh et al.
2021, Gao et al. 2022)

F(X) =W*a(V*X) + £*(X) 1
F(X) = Wa(VX) (D

where V* € RP™P and W* € RP2*P1  are the ideal
weights, €* is the limited approximation error of the neural
network, o(.) is the hidden layer neurons’ transfer
function and it can be any bounded output activation
function that makes certain the universal approximation
theorem like a sigmoidal function as (Talebi ef al. 2008)

2

o) = Trex

1 (12)

b is the input number, b; is the hidden layer neuron
number, and b, is the output layer neuron number.
Now by considering f;(X;) = W,0(V,X;), Eq. (10) can
be rewritten as (Naderpoor Shad and Taghikhany 2022)
{huw=—nm@+cf@® (13)
2,(t) = C1hy (8) + Dy (Wyo (V1 X1))

By defining hy = hy —hy, %, =2z, — 2,, Wy = Wy —
Wy, and &, =W, (a(Vle) - J(Vle)) + & and using

Egs. (5) and (13), the error dynamics is obtained as
(Naderpoor Shad and Taghikhany 2022)

{ Ra(t) = —Tshy ()

- o 14
7(t) = Chy () + Dsy(Wya(V1X1) + 67) (14)
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The DNN'’s weights are updated as follows (Talebi et al.

2008)
-~ aJ N
W, =—-mn (ﬁ) = pellZ Wy
) S (15)
Vi=-n, (ﬁ) = p2llZ; Iy
1

where J; is the objective function of the DNN (]1 =

%z”lT z”l) and 1y, 1, p1, and p, are the positive learning
parameters. Eq. (15) gives

KV1 =1, (Z{ D))" ST ; A EANZA (16)
Vy = UZ(Z{DS1W152) X1T = p2llZ,|IV;

Where Sl = O-(lel) 5 52 = [I]blxbl - diag(SIS]_) 5 and
X, = [fll; hy;hy + A'hy; 1] which is a combination of the
system state (Naderpoor Shad and Taghikhany 2022).

To examine the system’s stability, the following
Lyapunov function is wused (Naderpoor Shad and

Taghikhany 2022)
1. . 1 . _
L, = Eh{P’hl + Etr(wfpflwl) (17)

As —T; is Hurwitz, there is the positive-definite matrix
P’ € R™™ which is obtained from the Lyapunov equation

—TIP' + P'(-T3) = —Q (18)

Q € R™™ is positive semidefinite. By deriving of Eq.
(17), Eq. (19) is obtained as

, 1. - . ~
L= _EhIQ]H +tr (WlTPf1W1) (19)

and then by denoting

Wl = l]_ZlSir + p]_lllelWl, ll = _nngl, and SubStituting it
into Eq. (19), one can get (Naderpoor Shad and Taghikhany
2022)

: 1o, = 7
b =g Rok +r(Wpitash)
s (WEI (w5 - 7))

Because the sigmoidal function is bounded and the ideal
weight has a finite value, 0y, and Wpg, may be defined
as maximum values of them and therefore ||6;|| < 6,. The

{flz = AIFLZ +

following inequalities
Taghikhany 2022)

hold (Naderpoor Shad and

tr(Wi pr*1121ST) < Gmaxpi W ||l 111120

~ ~ ~ ~ 12
tr (W (W = 1)) < Wi W5 || — |4 | Q1)
”le| < ||D51||(||W1||Umax + 51)

[M~1P] [diag (W*J(V*X) +er(X) — Wa(l?)?)) u]

and then by using Eq. (20), Eq. (21) and according to that

—T; is Hurwitz so h; = h;, one can write (Naderpoor
Shad and Taghikhany 2022)

Ly < _“3||W1||2 +ay || W] + By 22)
where

o = O-maxpl_lllllllllel”gl + Wr:Lax”Dslllgl (23)

@ = 0t LD ) o
+Wr;;axo-max”D51” - ||D51||61
a3 = ||D51||Umax (25)
4 (ay + a3)®
= 26
A 27 a3 (26)

1

a, is positive if p7t|Ll > (61 — WiiaxOmax)

and the other coefficients are always positive. L; is

a1+ |a?+4azf;

negative semidefinite if ||W1|| > Wy, = I
3

|[W1|| and accordingly [1Z,]l (from Eq. (21)) are finally
limited.
Finally, the structure’s true state is obtained as follows

x© = (y© - D (KL x©u®))) @)

2.2 Designing damper fault observer

For estimating the damper effectiveness, an observer
based on DNN is designed for subsystem 2 and assumed
fa =W*o(V*X) + £*(X) and the observer equation is

{{’%}nxl

= Ayhy + Ayhy — Gy + [M7P][diag(fa)u]

~ (28)
{2231 = Cahy

where f; is the estimated damper effectiveness (f; =
Wa(VX)). By subtracting Eq. (28) from (6), one can get

{flz = Auhy + Ashy + M PI[diag (£, = FJu] o)

Zy = C4’~12

where h, = h, —h, and Z, = z, — 2,. We have already
proved that h; = hy — h; converges to zero. Eq. (29) can
be rewritten as

- (30)
ZZ = C4h2

Here, the update rules for the neural network weights
are obtained by using a modified backpropagation strategy.
Then the stability of the FDI scheme will be demonstrated.
The rules for updating the neural network weights are
calculated as follows (Talebi et al. 2008, Talebi and
Khorasani 2012)
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~ 0 .

W = s () = pall2a1F (1)
A o) N
7 = -0 (55) - a7 (32)

where the neural network objective function is defined as
J = %ZZTZZ and 713, 14, p3 and p, are the learning rates
with positive values. Calculating Eqs. (31)-(32) needs to
find (;—é/) and (%), respectively. Firstly, let us consider
some definitions as X = [Ay; Ay hy + ARy 1], W =W* —
W, V=v'-V, S;=0(VX) where o(V'X)=

2 ——1, and S, = [[]p1xp1 — diag(Ss X S3). Now,

1+e~2V"X

5w) = (57)
( 5 and 57) e computed as

8 _ 8 0n_oh, S(WS;) (33)
W 82, 8h, §(WS;) W
8] 8] 62, &h, 8(WS;) 6S; 8(VX) G34)

8V~ 67,6k, 8(WS;) 6Ss 6(VR) 6V

52,

From Eq. (30), — is —C, and then by considering Eq.

5E2
(28), one can have
shy, _  bhy
s(Wss) T 8(WSs)

+ [M~tP]diag(u) (35)

By rewriting Eq. (35) and assuming that d,, = MSW—%)
3
(Talebi and Khorasani 2012), Eq. (36) is derived as
dy, = A,d,, + [M~'P]diag(u) (36)

Since A; is Hurwitz, if u is bounded, d, will be
bounded as well. Now, Egs. (33)-(34) are redefined as

8] .

s = 72 Cadu)'S3 37)
B .
é = (—21C,d,,WS,) X7 (38)

By substituting Egs. (37)-(38) into Egs. (31)-(32)
respectively, one may get

W = 03(25Cyd,)TST — p3llZ, IW (39)
V = na(21C,d WS,) 8T = p,liz, 10 (40)

To survey the stability of the FDI scheme, the weights’
estimate errors are determined as

W = —13d0,2,ST + psl|Z, |W (41)
V= —1,STWTdL2,XT + p,llZ,|IV (42)

and the following Lyapunov function is used

1. . 1 _
L= Ethlhz + Etr(WTpglw) (43)

where l; =n5CI', 1, =n,Cl, and the positive-definite
matrix P; assuring the Lyapunov equation ATP; + PA; =
—Q, when Q; is a positive-definite matrix. The time
derivative of Eq. (43) leads to

, 1on o | o P71 . .

L= =S R5Q.R, + thl( = dl~ag(W53 + 6)u) s
+tr (I/T/T p3 1W)

and & is defined as 6 =W* (O‘(V*X) - 0(17X)) +¢&

limited to a positive scalar constant §. According to the
following inequalities (Talebi et al. 2008, Talebi and
Khorasani 2012)

~ % ~ * 17 77112
tr (W (W —~W)) < Woa W =W
tr(—Ls W dREST) < Gyl 1| ||l 11| |

where ls = p3113C,. By using Egs. (41), (44), and by
assuming that ||u|| < #; Eq. (46) is written as

L< —“1”52”2 + || e |

= — — 2y (46)
1Al (s |7 - W)

1 P S—
where @y =2 2un(Q)) . az =P[5 67 . a5 =

Pl - .
1P |3l @0max + Gmaxllslllldull + WaiagliCall , and

a, = ||C,|| that all of them are positive. Besides, we can
show that

~ ~ 112
s |W]| = e[ W]
~ as g 2 2 (47)
- (Vi - y) + <,
Now, someone may rewrite Eq. (46) as

o) ||FL2|| and [|Z,|| are ultimately bounded because in the
region H = {E2|||i~12|| > %ﬁl}, L is negative hence the
1

system energy is decreased.
2.3 Designing adaptive FTCS

Here, after estimating the residual efficiency of the
damper, the control force is considered to decrease the
effects of the damper power degradation as

u= (diag(fd))_l (—k%) (49)

where k is feedback gain.
The equation of the system is as

X = Ax + By, + B,(diag(fg)u) (50)
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Therefore, by substituting Eq. (49) into Eq. (50), when

X follows x, the equation of the system is as follows
X =A"x + B, 51

where A* = A — B,k. k is designed by LQR method so

that A* is Hurwitz thus the system is stable. Fig. 3 exhibits
the flow chart of the above-introduced scheme.

3. Evaluation of proposed method

Here, a benchmark scaled numerical model of a three-
story building structure is used to evaluate the proposed
method. As illustrated in Fig. 4, an MR damper, a velocity
sensor, and a displacement sensor are placed on each floor
(Wang et al. 2009, Larbah and Patton 2010). The objective
of numerical simulation is to evaluate the capacity of the
FDI algorithm to isolate and identify faults. The inclusion
of two sensors per floor rather than one accelerometer
complicates the process. Furthermore, the structure’s

Pegah Naderpoor Shad and Touraj Taghikhany

numerical model is a model of a laboratory structure and in
the laboratory, the velocity and displacement can be
measured by using an electrodynamic velocity sensor and
linear variable differential transformer (LVDT) on each
floor, respectively. The response of the building is studied
under the El Centro record with PGA scaled to 1 m.s?. The
MR dampers are type MRF-04K and Bouc—Wen model
simulates their hysteretic behavior. The maximum capacity
and required power are 20 kN and 50 W, respectively and
the damper length and mass are 0.5 m and 50 kg,
respectively. The selected parameters for Bouc—Wen model
are described in Table 1. The damper force is calculated by
Eq. (52) and z that represents MR damper’s hysteretic
behavior, is obtained by Eq. (53) as follows (Fallah and

Taghikhany 2015)
FMR = Cox + ko(x - xO) + az (52)
z = —y|x|z|z|* — Bx|z|" + Ax (53)

where x is the damper relative velocity and x is the

Damper fault alarm

{

P
(i = Acks + Ashy = 63, + [g] [diag(fa)u]
{B2)ox1 = Cshy

fa = Wo(VX)

[%)

dy, = A;dy, + [M~1P]diag(u)

= ~ - T -

L2 W=m(2"C,dy) ST —pullZIW
V= nz(izTC4deSZ) XT — p, |11V

5=}

FTC
u= (diag(ﬁ)y1 (—kﬁ)

Z; h1.7'6.'g u

‘ y \ ‘Damperfault observer

u -

ha() = Ay () + €12,(t)
2,() = Ghy () + Ds1(w1°'(v1x1))
() = Ly - Dy(Fs))

Sensor fault alarm f

N
o

Z

~ _ T .
W, = ﬂ1(z1TDs1) ST — py 1124 IWy

= _ T [,
Vi = T12(Z1Tl:'s1"\’152) X, = pllZ, IV,

Xg

earthquake

Sensor fault observer

Zq Z)

Subsys 1

by (8) = —=Tshy (8) + C3'22(¢)
zy(t) = C1hy (8) + Dsl(fs(f))

Subsys 2

a(8) = () ~ 6%, (©) + [g] (un(©)
22(t) = C4hy(t)

Two subsystems

y(t) = ex(t) + Ds(f5(2))

P

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

Sensor

Main structure

TN

Fig. 3 Flow chart of the proposed strategy
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Table 1 Parameters of the Bouk-Wen model (Fallah and Taghikhany 2015)

Coa Cob ko Xo 0y 0 Y B N A
(N.s/em) (N.s/em.V) (N/em) (cm) (kN/cm)  (kN/cm.V)  (cm?) (cm?)
80 15 10 18.6 2.1 1.7 30 30 2 60

Table 2 Distribution fault and transform matrices for benchmark model

Sensor fault distribution vector

State-space coordinate transformation matrix

-1 1 0 0 0 0 O

0 0 1 0 0 0O

_|0 _|0 0 1 0 00

Ds= = w043 0 100

0 0 1.03 -0.38 0 1 0

0 0 -0.38 0.6 0 0 1

Output transformation matrices

193 03 042 093 1.07 1.03 1 0 0 003 -026 -0.15
-03 139 0 -0.3  -1.03 -0.37 0 1 0 -064 1.07 -0.31
g =[042 0 139 -042 -035 -0.89|_[0 O 1 0.00 -037 0.59
07278 030 042 278 223 212 00 0 1 0 0
261 1.03 035 2.6l 3.01 2.5 000 O 1 0
232 037 089 232 245 3.04 00 0 O 0 1

= Velocity sensor
Displacement sensor
T accelerometer

Fig. 4 The selected three-story benchmark structure,
dampers and sensors

damper displacement. ¢, and «a are as

Co = Coa T CopUmr (54)

a=a, + apuyr (5%
where uyp is the applied voltage. Since the controller
calculates the desired control force, the inverse model of the
damper is used to calculate the desired voltage which
corresponds to the force as Eq. (56)

FMR - Coax - aaZ

UmR = CopX + apz (56)

The DNN of the damper fault observer is pre-trained by
using the behavior of the control system with the intact
dampers under two far-field ground motions (Hachinohe
(1968) and Mexico City (1984)) and two near-field records
(Kobe (1995) and Northridge (1994)). The peak ground

acceleration of far and near-field records were scaled to 1
m.s? and 2 m.s, respectively. The pre-trained weights are
used as the initial weights of DNN in the online FDI.

The matrix of the sensor fault distribution (Dg), the
state-space coordinate transformation (T), and the output
transformation matrices (S',S,) for the model are shown
in Table 2. The DNNs’ learning parameters are selected by
trial and error considering the convergence speed.

The number of neurons in the input and output layers is
equal to the number of input and output variables,
respectively. Here, the structure’s state is considered as the
input variable and the control devices’ faults are assumed as
the output variables. By increasing the neuron number for
the hidden layer, the network’s capability will be increased
in estimating a function; however, the over-training
decreases the network predictive power (Smith and Gupta
2003). The hidden layer’s neuron number is problem-
dependent. For example, if the network will compress the
data, it must have a hidden layer with a smaller neuron
number than the input layer. Besides, noise and earthquake
stimulation affect DNN’s estimates. When the system is
healthy, noise makes the output of the sensor fault
observer’s DNN not zero (zero means that the sensors are
fault-free). Furthermore, affected by earthquake stimulation,
the output of the damper fault observer is not one (one
means that the dampers are fault-free) when dampers are
healthy. In these conditions, the fault observer warns of a
fault mistakenly. So, a threshold is set to prevent the wrong
fault alarm. Monte Carlo method is used to determine the
warning threshold to declare a fault if the estimated fault
exceeds it (Abdollahi 2017).

An acceptable procedure is initially selecting the hidden
layer’s neuron number equal to half of the input data
number. Then increase or decrease this number according to
the training error (Hajian and Styles 2018). In this regard,
the DNN used in the sensor fault observer is assumed with
10 neurons in the input layer, 3 neurons in the hidden layer
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Fig. 5 Actual and estimated dampers’ effectiveness in the healthy case and fault alarm thresholds

and 1 neuron in the output layer. The learning parameters
for this DNN are selected as 1, =1, =20, p; =p, =
107, and the warning threshold of the fault is +£0.02. The
damper fault observer has 10 neurons in the input layer, 10
neurons in the hidden layer and 3 neurons in the output
layer. Its learning parameters are 73 =7, = 0.03 and
p3s = py = 1076, Fig. 5 shows the output of the damper
fault observer’s DNN in the healthy condition. As seen, the
fault alarm thresholds were selected 0.96 as the lower
threshold and 1.04 as the upper threshold. That is, when the
efficiency of a damper exceeds them, the observer warns of
a fault in the damper. Following algorithm convergence, the
estimated value of the damper faults remains within the
prescribed bounds in the healthy situation. This figure
illustrates the robustness of the proposed FDI method to
uncertainty, including noise and earthquake.

Here, we investigate the effectiveness of the proposed
strategy using the following two fault scenarios;

1) In first scenario, different bias faults assumed in the
sensors on the first floor. A 2 m.s"' deviation in the
velocity sensor’s output (f; =2m.s™1) and a 2 m
deviation in the displacement sensor’s output
(f; = —2m) from their respective true values.
Additionally, on the second floor, a multiplicative
fault is considered in MR damper which limits its
capacity to 40% of the force commanded by the
controller (f; = 0.4). In this scenario, the sensors’
outputs experience abnormal spikes and damper’s
capacity drops to 40% of its nominal condition.

2) In this scenario, bias faults are again assumed only in
the sensors on the first floor, however with smaller
magnitudes to evaluate the FDI algorithm’s ability to
detect and isolate minor defects. The bias faults for
the velocity and displacement sensors are set at 0.04
m.s™! and -0.04 m respectively. Additionally, to
assess the method’s performance in the presence of
multiple faulty dampers, simultaneous abrupt and
time-varying multiplicative faults are assumed in the
dampers of the second and third floors, respectively,
while the first floor damper is healthy. The damper
faults are defined as f; = [1, 0.5, 0.5+ e~*]". The
method’s effectiveness in handling time-varying
faults is explored. In the first scenario, Fig. 6 shows
the actual and the identified sensor faults on the first
floor. As seen, the fault in displacement and velocity

sensors are very well tracked and the estimated
values are equal to the assumed values. While sensors
have faults, Fig. 7 shows that the estimated time
history displacement and velocity on the first floor
are in plausible agreement with the actual responses.
Concurrent with the sensors’ faults in this scenario,
the damper on the second floor is assumed faulty as
exhibited in Fig. 8. As seen, the damper fault
observer can track the fault and after a few seconds, it
approaches the actual value. The figures
compellingly demonstrate the FDI algorithm’s ability
to accurately distinguish between sensor and damper
fault types, identify their values, and effectively
restore precise sensor output. Fig. 9 compares the
controller’s force in the faulty case with the healthy
case. This figure illustrates the controller’s fault-
tolerant strategy for damper failures. It can be
observed that in the faulty situation, the controller
increases the control force commanded to the damper
to accommodate the effects of its malfunctioning. As
can be seen, the variance and the mean of the healthy
and faulty forces are different. This is attributable to
the multiplicative effect of the damper fault.

As described in the second scenario, sensor and damper
faults are taking place concurrently. Fig. 10 demonstrates
the capability of the suggested sensor fault observer to
estimate the sensors’ faults on the first floor in the second
scenario, despite the minimal influence of these faults on
the building’s overall behavior. Fig. 11 shows that the
DNN-based sensor fault observer can exactly estimate the
model’s states in this scenario. Fig. 12 shows the efficiency
of the damper fault observer in estimating the assumed
multiplicative faults in three different dampers. As seen in
this figure, the estimated fault for the healthy first floor
damper remains below the failure alarm threshold upon
method convergence, preventing a false alarm (Fig. 12(a)),
the abrupt fault on the second floor’s damper is identified
after three seconds (Fig. 12(b)) and also the damper fault
observer tracks very well the time variation of the fault on
the third floor’s damper (Fig. 12(c)). These results confirm
that the proposed FDI algorithm consistently delivers ideal
performance even when confronted with simultaneous
failures of multiple sensors and dampers, irrespective of
whether these failures occur abruptly or gradually.

Here, our controller’s ability to compensate for the
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effects of the damper faults is evaluated. In this regard, Fig.
13 compares maximum displacements, inter-story drift
ratios and accelerations for the floor levels of the structure
and three different controllers:

a) Model reference adaptive controller (MRAC) with
control law as u = —kx, where by employing the
adjustable gain (IE), the controller compels the plant to
emulate the desired reference model dynamics. The
adaptation rules are as ki = —y;Bl.Pex" (i =1,2,...,m),
where y; is the adjustment rate, P, is a positive-definite
matrix, which satisfies the Lyapunov equation as ATP, +
P,A = —Q,, and e is the difference between the state of
the reference model and the controlled structure. Here, the
building’s health status serves as the reference model, y; =
20, and P, = 10'°] (Naderpoor Shad and Taghikhany
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2022),
b) LQR controller in which R =10"°] and Q =1
(Naderpoor Shad and Taghikhany 2022),
c¢) The proposed fault-tolerant controller in two
scenarios as below;
1) with damper faults as scenario 1 (Fig. 13(a))
i) with damper faults as scenario 2 (Fig. 13(b)).

The figure demonstrates that both the MRAC and the
proposed controller outperform the classic LQR approach in
reducing all three types of the responses of the structure.

The proposed controller further enhances performance
by reducing maximum displacement response and
maximum inter-story drift ratio by 10% and 21% compared
to the LQR method, respectively and by 9% and 15%
relative to the MRAC, respectively. There is little difference
in acceleration between the suggested and MRAC methods.
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These findings underscore the effectiveness of the
suggested controller in mitigating the impact of damper
defects.

4. Conclusions

In this paper, a scheme was suggested for AFTC of
building structures when besides that the sensors produce
false data, the dampers lose a percentage of their efficiency.
The assumed sensor malfunction only changes the average
of the actual signal, but the presumed damper fault also
affects its variance. However, in a few studies, these faults
of the control tools called additive and multiplicative have
been considered together. To this goal, firstly, sensor and
damper faults were decoupled. Then a DNN-based sensor
fault observer was designed to estimate “the sensor faults +
the structure states” and a damper fault observer based on
DNN was also introduced to estimate “the damper faults”.
Eventually, a fault-tolerant controller compensated the
approximated damper fault effects. In this article, the
damper fault observer’s DNN was pre-trained offline by
using the healthy situation of the system under various
earthquakes. Pre-trained weights were used as the initial
weights of the DNN in online FDI to increase the learning
speed and improve the online estimation behavior. Lastly,
the benefit of the proposed method was confirmed by
simulating different fault scenarios.

For future research, it is suggested that the algorithm be
developed for faults other than additive and multiplicative

types.
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