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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 𝑢୤ = 𝑔୤𝑢 + 𝑏୤, where 𝑢 is the controller’s recommended 
signal, 𝑢୤  is the faulty damper force, 0 < 𝑔୤ ≤ 1 
represents the degradation of power fault (loss of 
effectiveness, multiplicative, or gain fault) which changes 
the mean and variance of the correct signal. 𝑏୤  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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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 
 𝑥ሶሺ𝑡ሻ = 𝐴𝑥ሺ𝑡ሻ + 𝐵𝑢ሺ𝑡ሻ 𝑦ሺ𝑡ሻ = 𝑐𝑥ሺ𝑡ሻ + 𝐷௦ ቀ𝑓௦൫𝑡, 𝑥ሺ𝑡ሻ,𝑢ሺ𝑡ሻ൯ቁ (1) 

 
where 𝑥 ∈ 𝑅ଶ௡ , 𝐴 ∈ 𝑅ଶ௡ൈଶ௡ , 𝐵 ∈ 𝑅ଶ௡ൈሺ௠ାଵሻ , and 𝑢 ∈𝑅ሺ௠ାଵሻൈଵ are the state vector, the system matrix, the input 
matrix, and the input vector, respectively. They are defined 
as Eq. (2). 𝑦 ∈ 𝑅௣ , 𝑐 ∈ 𝑅௣ൈଶ௡ , and 𝐷ௌ ∈ 𝑅௣ൈ௤  are the 

  
(a) Additive fault (b) Multiplicative fault 

Fig. 1 Fault types 

  
(a) Additive (bias) fault (b) Multiplicative (gain) fault 

Fig. 2 MR damper force in healthy and faulty cases 
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output vector, the output matrix, and the matrix of the 
sensor fault distribution, respectively. 𝑓ௌ ∈ 𝑅௤ is a sensor 
fault vector. 

 𝐴 = ൤ ሾ0ሿ௡ൈ௡ ሾ𝐼ሿ௡ൈ௡−ሾ𝑀ିଵ𝐾ሿ௡ൈ௡ −ሾ𝑀ିଵ𝐶ሿ௡ൈ௡൨ଶ௡ൈଶ௡ 𝐵 = ൤ ሾ0ሿ௡ൈଵ ሾ0ሿ௡ൈ௠−ሾ𝐺ሿ௡ൈଵ −ሾ𝑀ିଵ𝑃ሿ௡ൈ௠൨      = 〈𝐵ଵሺଶ௡ൈଵሻ|𝐵ଶሺଶ௡ൈ௠ሻ〉ଶ௡ൈሺ௠ାଵሻ 𝑢 = ൜ 𝑥ሷ௚ሺ𝑡ሻଵൈଵሾ𝑓ெோሺ𝑡ሻሿ௠ൈଵൠሺ௠ାଵሻൈଵ 

(2) 

 

In these equations, C , K , and 𝑀 ∈ 𝑅௡ൈ௡  are the 
damping matrix, the stiffness matrix, and the mass matrix, 
respectively. 𝐺 ∈ 𝑅௡ൈଵ is the excitation matrix, 𝑃 ∈ 𝑅௡ൈ௠ 
is the control matrix, and 𝑓ெோ ∈ 𝑅௠ൈଵ 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 
 𝑧ሺ𝑡ሻ = ቄ𝑧ଵ𝑧ଶቅ = 𝑆𝑦ሺ𝑡ሻ ℎሺ𝑡ሻ = ൜ℎଵℎଶൠ = 𝑇𝑥ሺ𝑡ሻ (3) 

 
where 𝑧ଵ, 𝑧ଶ, ℎଵ, and ℎଶ ∈ 𝑅௡ൈଵ 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 

 𝑇 = ൤ ሾ𝐼ሿ௡ൈ௡ ሾ0ሿ௡ൈ௡ሾ𝑇ଷሿ௡ൈ௡ ሾ𝐼ሿ௡ൈ௡ ൨ (4) 
 𝑆 = 𝑆ᇱ𝑆0 , where 𝑆ᇱ ∈ 𝑅2n×2n , 𝑆  and 𝑆0 ∈ 𝑅2n×p  such 

that 𝑆ᇱ𝑆0𝐷௦ = ቊሾ𝐷௦ଵሿ௡ൈ௤ሾ0ሿ௡ൈ௤ ቋ  and 𝑆ᇱ𝑆0𝑐𝑇ିଵ =൤ሾ𝐶ଵሿ௡ൈ௡ ሾ0ሿ௡ൈ௡ሾ0ሿ௡ൈ௡ ሾ𝐶ସሿ௡ൈ௡൨. These transformation matrices divide 

the structure into two following subsystems; 
 
Subsystem 1: 

 ቊ ൛ℎሶଵൟ௡ൈଵ = −𝑇ଷℎଵ + ℎଶሼ𝑧ଵሽ௡ൈଵ = 𝐶ଵℎଵ + 𝐷௦ଵሺ𝑓௦ሻ (5) 

 
and Subsystem 2: 

 ቊ൛ℎሶ ଶൟ௡ൈଵ = 𝐴ଵℎଶ + 𝐴ଶℎଵ − 𝐺𝑥ሷ௚ + ሾ𝑀ିଵ𝑃ሿሾ𝑓ெோሿሼ𝑧ଶሽ௡ൈଵ = 𝐶ସℎଶ  (6) 

 𝐶1 is the output matrix of subsystem 1 and 𝐷s1 is the 
sensor fault distribution matrix in the new coordinate. A1, 𝐴2, and 𝑓ெோ are defined as 

 𝐴ଵ = − ൤𝐶𝑀൨ + 𝑇ଷ (7) 
 

𝐴ଶ = −൤𝐾𝑀൨ + ൤𝐶𝑀൨𝑇ଷ − 𝑇ଷଶ (8) 

 𝑓ெோ = 𝑑𝑖𝑎𝑔ሺ𝑓ௗሻ𝑢 (9) 
 

where 𝑓ௗ = ሾ𝑓ௗଵ,𝑓ௗଶ, … , 𝑓ௗ௠ሿ் is the vector of the damper 
effectiveness and 0 <  𝑓ௗ௜ ≤ 1,   𝑖 = 1,2, … ,𝑚 . When ith 
damper works superbly 𝑓ௗ௜ = 1 and 𝑓ௗ௜ = 0 means that it 
fails completely. 𝐶ସ is the output matrix of subsystem 2. 
Note that −𝑇ଷ and 𝐴ଵ 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) 
 ቊℎሶ෠ଵሺ𝑡ሻ = −𝑇ଷℎ෠ଵሺ𝑡ሻ + 𝐶ସି ଵ𝑧ଶሺ𝑡ሻ𝑧̂ଵሺ𝑡ሻ = 𝐶ଵℎ෠ଵሺ𝑡ሻ + 𝐷௦ଵ𝑓መ௦  (10)

 
where 𝑓መ௦ is the estimated sensor fault vector mapped by 
DNN and 𝐶ସି ଵ𝑧ଶ = ℎଶ . 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) 
 𝐹ሺ𝑋ሻ = 𝑊∗𝜎ሺ𝑉∗𝑋ሻ + 𝜀∗ሺ𝑋ሻ 𝐹෠ሺ𝑋ሻ = 𝑊෡𝜎൫𝑉෠𝑋෠൯ (11) 

 
where 𝑉∗ ∈ 𝑅௕ଵൈ௕  and 𝑊∗ ∈ 𝑅௕ଶൈ௕ଵ  are the ideal 
weights, 𝜀∗ is the limited approximation error of the neural 
network, 𝜎ሺ. ሻ  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 et al. 2008) 
 𝜎ሺ𝑉∗𝑋ሻ = 21 + 𝑒ିଶ௏∗௑ − 1 (12)
 𝑏  is the input number, 𝑏ଵ  is the hidden layer neuron 
number, and 𝑏ଶ is the output layer neuron number. 

Now by considering 𝑓መ௦ሺ𝑋ଵሻ = 𝑊෡ଵ𝜎ሺ𝑉෠ଵ𝑋ଵሻ, Eq. (10) can 
be rewritten as (Naderpoor Shad and Taghikhany 2022) 

 ቊ ℎሶ෠ଵ ሺ𝑡ሻ = −𝑇ଷℎ෠ଵሺ𝑡ሻ + 𝐶ସି ଵ𝑧ଶሺ𝑡ሻ𝑧̂ଵሺ𝑡ሻ = 𝐶ଵℎ෠ଵሺ𝑡ሻ + 𝐷௦ଵሺ𝑊෡ଵ𝜎ሺ𝑉෠ଵ𝑋ଵሻሻ (13)

 
By defining ℎ෨ଵ = ℎଵ − ℎ෠ଵ , 𝑧̃ଵ = 𝑧ଵ − 𝑧̂ଵ , 𝑊෩ଵ = 𝑊ଵ∗ −𝑊෡ଵ , and 𝛿ଵ = 𝑊ଵ∗ ቀ𝜎ሺ𝑉ଵ∗𝑋ଵሻ − 𝜎൫𝑉෠ଵ𝑋ଵ൯ቁ + 𝜀ଵ∗  and using 

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

 ቊ ℎሶ෨ଵሺ𝑡ሻ = −𝑇ଷℎ෨ଵሺ𝑡ሻ𝑧̃ଵሺ𝑡ሻ = 𝐶ଵℎ෨ଵሺ𝑡ሻ + 𝐷௦ଵ൫𝑊෩ଵ𝜎൫𝑉෠ଵ𝑋ଵ൯ + 𝛿ଵ൯ (14)
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The DNN’s weights are updated as follows (Talebi et al. 
2008) 𝑊ሶ෡ଵ = −𝜂ଵ ቆ 𝜕𝐽ଵ𝜕𝑊෡ଵቇ − 𝜌ଵ‖𝑧̃ଵ‖𝑊෡ଵ 𝑉ሶ෠ଵ = −𝜂ଶ ቆ𝜕𝐽ଵ𝜕𝑉෠ଵቇ − 𝜌ଶ‖𝑧̃ଵ‖𝑉෠ଵ 

(15)

 

where 𝐽ଵ  is the objective function of the DNN ቀ𝐽ଵ =ଵଶ 𝑧̃ଵ் 𝑧̃ଵቁ and 𝜂ଵ, 𝜂ଶ, 𝜌ଵ, and 𝜌ଶ are the positive learning 
parameters. Eq. (15) gives 
 𝑊ሶ෡ଵ = 𝜂ଵሺ𝑧̃ଵ் 𝐷௦ଵሻ்𝑆ଵ் − 𝜌ଵ‖𝑧̃ଵ‖𝑊෡ଵ 𝑉ሶ෠ଵ = 𝜂ଶ൫𝑧̃ଵ் 𝐷௦ଵ𝑊෡ଵ𝑆ଶ൯்𝑋ଵ் − 𝜌ଶ‖𝑧̃ଵ‖𝑉෠ଵ 

(16)

 
where 𝑆ଵ = 𝜎൫𝑉෠ଵ𝑋ଵ൯ , 𝑆ଶ = ሾ𝐼ሿ௕ଵൈ௕ଵ − 𝑑𝑖𝑎𝑔ሺ𝑆ଵ∗𝑆ଵሻ , and 𝑋ଵ = ൣℎ෠ଵ;ℎଶ;ℎଶ + 𝜆ᇱℎ෠ଵ; 1൧ which is a combination of the 
system state (Naderpoor Shad and Taghikhany 2022). 

To examine the system’s stability, the following 
Lyapunov function is used (Naderpoor Shad and 
Taghikhany 2022) 

 𝐿ଵ = 12ℎ෨ଵ்𝑃ᇱℎ෨ଵ + 12 𝑡𝑟൫𝑊෩ଵ் 𝜌ଵି ଵ𝑊෩ଵ൯ (17)

 
As −𝑇ଷ is Hurwitz, there is the positive-definite matrix 𝑃ᇱ ∈ 𝑅௡ൈ௡ which is obtained from the Lyapunov equation 
 −𝑇ଷ் 𝑃ᇱ + 𝑃ᇱሺ−𝑇ଷሻ = −𝑄 (18)
 𝑄 ∈ 𝑅௡ൈ௡ is positive semidefinite. By deriving of Eq. 

(17), Eq. (19) is obtained as 
 𝐿ሶଵ = −12ℎ෨ଵ்𝑄ℎ෨ଵ + 𝑡𝑟 ቀ𝑊෩ଵ் 𝜌ଵି ଵ𝑊ሶ෩ଵቁ (19)
 
and then by denoting  𝑊ሶ෩ଵ = 𝑙ଵ𝑧̃ଵ𝑆ଵ் + 𝜌ଵ‖𝑧̃ଵ‖𝑊෡ଵ, 𝑙ଵ = −𝜂ଵ𝐷௦ଵ், and substituting it 
into Eq. (19), one can get (Naderpoor Shad and Taghikhany 
2022) 

 𝐿ሶଵ = − 12ℎ෨ଵ்𝑄ℎ෨ଵ + 𝑡𝑟൫𝑊෩ଵ் 𝜌ଵି ଵ𝑙ଵ𝑧̃ଵ𝑆ଵ் ൯           +𝑡𝑟 ቀ𝑊෩ଵ் ‖𝑧̃ଵ‖൫𝑊ଵ∗ −𝑊෩ଵ൯ቁ 
(20)

 
Because the sigmoidal function is bounded and the ideal 

weight has a finite value, 𝜎௠௔௫ and 𝑊௠௔௫∗  may be defined 
as maximum values of them and therefore ‖𝛿ଵ‖ ≤ 𝛿ଵ̅. The 

 

 
following inequalities hold (Naderpoor Shad and 
Taghikhany 2022) 

 𝑡𝑟൫𝑊෩ଵ் 𝜌ଵି ଵ𝑙ଵ𝑧̃ଵ𝑆ଵ் ൯ ≤ 𝜎௠௔௫𝜌ଵି ଵฮ𝑊෩ଵฮ‖𝑙ଵ‖‖𝑧̃ଵ‖ 𝑡𝑟 ቀ𝑊෩ଵ் ൫𝑊ଵ∗ −𝑊෩ଵ൯ቁ ≤ 𝑊௠௔௫∗ ฮ𝑊෩ଵฮ − ฮ𝑊෩ଵฮଶ ‖𝑧̃ଵ‖ ≤ ‖𝐷௦ଵ‖൫ฮ𝑊෩ଵฮ𝜎௠௔௫ + 𝛿ଵ̅൯ (21)

and then by using Eq. (20), Eq. (21) and according to that −𝑇ଷ  is Hurwitz so ℎ෠ଵ → ℎଵ , one can write (Naderpoor 
Shad and Taghikhany 2022) 
 𝐿ሶଵ ≤ −𝛼ଷฮ𝑊෩ଵฮଶ + 𝛼ଵฮ𝑊෩ଵฮ + 𝛽ଵ (22)
 

where 
 𝛼ଵ = 𝜎௠௔௫𝜌ଵି ଵ‖𝑙ଵ‖‖𝐷௦ଵ‖𝛿ଵ̅ + 𝑊௠௔௫∗ ‖𝐷௦ଵ‖𝛿ଵ̅ (23)
 𝛼ଶ = 𝜎௠௔௫ଶ 𝜌ଵି ଵ‖𝑙ଵ‖‖𝐷௦ଵ‖           +𝑊௠௔௫∗ 𝜎௠௔௫‖𝐷௦ଵ‖ − ‖𝐷௦ଵ‖𝛿ଵ̅ (24)

 𝛼ଷ = ‖𝐷௦ଵ‖𝜎௠௔௫ (25)
 𝛽ଵ = 427 ሺ𝛼ଶ + 𝛼ଷሻଷ𝛼ଷଶ  (26)

 𝛼ଶ  is positive if 𝜌ଵି ଵ‖𝑙ଵ‖ ൐ ଵఙ೘ೌೣమ ൫𝛿ଵ̅ −𝑊௠௔௫∗ 𝜎௠௔௫൯ 
and the other coefficients are always positive. 𝐿ሶଵ  is 

negative semidefinite if ฮ𝑊෩ଵฮ ൒ 𝑊෩ଵ଴ = ఈభାටఈభమାସఈయఉభଶఈయ  so  ฮ𝑊෩ଵฮ and accordingly ‖𝑧̃ଵ‖ (from Eq. (21)) are finally 
limited. 

Finally, the structure’s true state is obtained as follows 
 𝑥ሺ𝑡ሻ = 𝑐ିଵ ൬𝑦ሺ𝑡ሻ − 𝐷௦ ቀ𝑓௦൫𝑡, 𝑥ሺ𝑡ሻ,𝑢ሺ𝑡ሻ൯ቁ൰ (27)
 
2.2 Designing damper fault observer 
 
For estimating the damper effectiveness, an observer 

based on DNN is designed for subsystem 2 and assumed 𝑓ௗ = 𝑊∗𝜎ሺ𝑉∗𝑋ሻ + 𝜀∗ሺ𝑋ሻ and the observer equation is 
 ൝ቄℎሶ෠ଶቅ௡ൈଵ = 𝐴ଵℎ෠ଶ + 𝐴ଶℎ෠ଵ − 𝐺𝑥ሷ௚ + ሾ𝑀ିଵ𝑃ሿൣ𝑑𝑖𝑎𝑔൫𝑓መௗ൯𝑢൧ሼ𝑧̂ଶሽ௡ൈଵ = 𝐶ସℎ෠ଶ  (28)

 
where 𝑓መௗ  is the estimated damper effectiveness ൫𝑓መௗ =𝑊෡𝜎ሺ𝑉෠𝑋෠ሻ൯. By subtracting Eq. (28) from (6), one can get 
 ቊℎሶ෨ଶ = 𝐴ଵℎ෨ଶ + 𝐴ଶℎ෨ଵ + ሾ𝑀−1𝑃ሿൣ𝑑𝑖𝑎𝑔൫𝑓𝑑 − 𝑓෠𝑑൯𝑢൧𝑧෤2 = 𝐶4ℎ෨ଶ  (29)

 
where ℎ෨ଶ = ℎଶ − ℎ෠ଶ and 𝑧̃ଶ = 𝑧ଶ − 𝑧̂ଶ. We have already 
proved that ℎ෨ଵ = ℎଵ − ℎ෠ଵ converges to zero. Eq. (29) can 
be rewritten as 

 

 
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) 

൝ℎሶ෨ଶ = 𝐴ଵℎ෨ଶ + ሾ𝑀ିଵ𝑃ሿ ቂ𝑑𝑖𝑎𝑔 ቀ𝑊∗𝜎ሺ𝑉∗𝑋ሻ + 𝜀∗ሺ𝑋ሻ −𝑊෡ 𝜎൫𝑉෠𝑋෠൯ቁ 𝑢ቃ𝑧̃ଶ = 𝐶ସℎ෨ଶ  (30) 
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𝑊ሶ෡ = −𝜂ଷ ൬ 𝛿𝐽𝛿𝑊෡ ൰ − 𝜌ଷ‖𝑧̃ଶ‖𝑊෡  (31)
 𝑉ሶ෠ = −𝜂ସ ൬𝛿𝐽𝛿𝑉෠൰ − 𝜌ସ‖𝑧̃ଶ‖𝑉෠  (32)

 
where the neural network objective function is defined as 𝐽 = ଵଶ 𝑧̃ଶ் 𝑧̃ଶ and 𝜂ଷ, 𝜂ସ, 𝜌ଷ and 𝜌ସ are the learning rates 
with positive values. Calculating Eqs. (31)-(32) needs to 
find ቀ ఋ௃ఋௐ෡ቁ and ቀఋ௃ఋ௏෡ቁ, respectively. Firstly, let us consider 
some definitions as 𝑋෠ = ൣℎ෠ଵ;ℎ෠ଶ;ℎ෠ଶ + 𝜆ᇱℎ෠ଵ; 1൧, 𝑊෩ = 𝑊∗ −𝑊෡ , 𝑉෨ = 𝑉∗ − 𝑉෠ , 𝑆ଷ = 𝜎൫𝑉෠𝑋෠൯  where 𝜎ሺ𝑉∗𝑋ሻ =ଶଵା௘షమೇ∗೉ − 1 , and 𝑆ସ = ሾ𝐼ሿ௕ଵൈ௕ଵ − 𝑑𝑖𝑎𝑔ሺ𝑆ଷ ൈ 𝑆ଷሻ . Now, ቀ ఋ௃ఋௐ෡ቁ and ቀఋ௃ఋ௏෡ቁ are computed as 

 𝛿𝐽𝛿𝑊෡ = 𝛿𝐽𝛿𝑧̃ଶ 𝛿𝑧̃ଶ𝛿ℎ෠ଶ 𝛿ℎ෠ଶ𝛿൫𝑊෡ 𝑆ଷ൯ 𝛿൫𝑊෡ 𝑆ଷ൯𝛿𝑊෡  (33)

 𝛿𝐽𝛿𝑉෠ = 𝛿𝐽𝛿𝑧̃ଶ 𝛿𝑧̃ଶ𝛿ℎ෠ଶ 𝛿ℎ෠ଶ𝛿൫𝑊෡ 𝑆ଷ൯ 𝛿൫𝑊෡ 𝑆ଷ൯𝛿𝑆ଷ 𝛿𝑆ଷ𝛿൫𝑉෠𝑋෠൯ 𝛿൫𝑉෠𝑋෠൯𝛿𝑉෠  (34)

 

From Eq. (30), ఋ௭෤మఋ௛෡మ is −𝐶ସ and then by considering Eq. 
(28), one can have 

 𝛿ℎሶ෠ଶ𝛿൫𝑊෡ 𝑆ଷ൯ = 𝐴ଵ 𝛿ℎ෠ଶ𝛿൫𝑊෡ 𝑆ଷ൯ + ሾ𝑀ିଵ𝑃ሿ𝑑𝑖𝑎𝑔ሺ𝑢ሻ (35)

 

By rewriting Eq. (35) and assuming that 𝑑௪ = ఋ௛෡మఋሺௐ෡ ௌయሻ 
(Talebi and Khorasani 2012), Eq. (36) is derived as 

 𝑑ሶ௪ = 𝐴ଵ𝑑௪ + ሾ𝑀ିଵ𝑃ሿ𝑑𝑖𝑎𝑔ሺ𝑢ሻ (36)
 
Since 𝐴ଵ  is Hurwitz, if 𝑢  is bounded, 𝑑௪  will be 

bounded as well. Now, Eqs. (33)-(34) are redefined as 
 𝛿𝐽𝛿𝑊෡ = ሺ−𝑧̃ଶ் 𝐶ସ𝑑௪ሻ்𝑆ଷ்  (37)

 𝛿𝐽𝛿𝑉෠ = ൫−𝑧̃ଶ் 𝐶ସ𝑑௪𝑊෡ 𝑆ସ൯்𝑋෠் (38)
 
By substituting Eqs. (37)-(38) into Eqs. (31)-(32) 

respectively, one may get 
 𝑊ሶ෡ = 𝜂ଷሺ𝑧̃ଶ் 𝐶ସ𝑑௪ሻ்𝑆ଵ் − 𝜌ଷ‖𝑧̃ଶ‖𝑊෡  (39)
 𝑉ሶ෠ = 𝜂ସ൫𝑧̃ଶ் 𝐶ସ𝑑௪𝑊෡ 𝑆ଶ൯்𝑋෠் − 𝜌ସ‖𝑧̃ଶ‖𝑉෠  (40)
 
To survey the stability of the FDI scheme, the weights’ 

estimate errors are determined as 
 𝑊ሶ෩ = −𝑙ଷ𝑑௪்𝑧̃ଶ𝑆ଷ் + 𝜌ଷ‖𝑧̃ଶ‖𝑊෡  (41)
 𝑉ሶ෨ = −𝑙ସ𝑆ସ்𝑊෡ ்𝑑௪்𝑧̃ଶ𝑋෠் + 𝜌ସ‖𝑧̃ଶ‖𝑉෠  (42)
 
and the following Lyapunov function is used 

𝐿 = 12ℎ෨ଶ்𝑃ଵℎ෨ଶ + 12 𝑡𝑟൫𝑊෩ ்𝜌ଷି ଵ𝑊෩ ൯ (43)
 
where 𝑙ଷ = 𝜂ଷ𝐶ସ் , 𝑙ସ = 𝜂ସ𝐶ସ் , and the positive-definite 
matrix 𝑃ଵ assuring the Lyapunov equation 𝐴ଵ்𝑃ଵ + 𝑃ଵ𝐴ଵ =−𝑄ଵ  when 𝑄ଵ  is a positive-definite matrix. The time 
derivative of Eq. (43) leads to 
 𝐿ሶ = −12ℎ෨ଶ்𝑄ଵℎ෨ଶ + ℎ෨ଶ்𝑃ଵ ൬൤𝑃𝑀൨𝑑𝑖𝑎𝑔൫𝑊෩ 𝑆ଷ + 𝛿൯𝑢൰+ 𝑡𝑟 ቀ𝑊෩ ்𝜌ଷି ଵ𝑊ሶ෩ ቁ 

(44)

 

and 𝛿  is defined as 𝛿 = 𝑊∗ ቀ𝜎ሺ𝑉∗𝑋ሻ − 𝜎൫𝑉෠𝑋൯ቁ + 𝜀∗ 
limited to a positive scalar constant 𝛿̅. According to the 
following inequalities (Talebi et al. 2008, Talebi and 
Khorasani 2012) 
 𝑡𝑟 ቀ𝑊෩ ்൫𝑊∗ −𝑊෩ ൯ቁ ≤ 𝑊௠௔௫∗ ฮ𝑊෩ ฮ − ฮ𝑊෩ ฮଶ 𝑡𝑟൫−𝑙ହ𝑊෡ ்𝑑௪்ℎ෨ଶ்𝑆ଷ் ൯ ≤ 𝜎௠௔௫‖𝑙ହ‖ฮ𝑊෩ ฮ‖𝑑௪‖ฮℎ෨ଶฮ 

(45)

 
where 𝑙ହ = 𝜌ଷି ଵ𝑙ଷ𝐶ସ . By using Eqs. (41), (44), and by 
assuming that ‖𝑢‖ ≤ 𝑢ത; Eq. (46) is written as 
 𝐿ሶ ≤ −𝛼ଵฮℎ෨ଶฮଶ + 𝛼ଶฮℎ෨ଶฮ+ ฮℎ෨ଶฮ ቀ𝛼ଷฮ𝑊෩ ฮ − 𝛼ସฮ𝑊෩ ฮଶቁ 

(46)

 

where 𝛼ଵ = ଵଶ 𝜆௠௜௡ሺ𝑄ଵሻ , 𝛼ଶ = ‖𝑃ଵ‖ቛ௉ெቛ𝛿̅𝑢ത , 𝛼ଷ =‖𝑃ଵ‖ቛ௉ெቛ𝑢ത𝜎௠௔௫ + 𝜎௠௔௫‖𝑙ହ‖‖𝑑௪‖ + 𝑊௠௔௫∗ ‖𝐶ସ‖ , and 𝛼ସ = ‖𝐶ସ‖ that all of them are positive. Besides, we can 
show that 

 𝛼ଷฮ𝑊෩ ฮ − 𝛼ସฮ𝑊෩ ฮଶ = −ቆඥ𝛼ସฮ𝑊෩ ฮ − 𝛼ଷ2√𝛼ସቇଶ + 𝛼ଷଶ4𝛼ସ ≤ 𝛼ଷଶ4𝛼ସ = 𝛽ଵ, 𝛽ଵ ൐ 0 

(47)

 
Now, someone may rewrite Eq. (46) as 

 𝐿ሶ ≤ −𝛼ଵฮℎ෨ଶฮଶ + ሺ𝛼ଶ + 𝛽ଵሻฮℎ෨ଶฮ (48)
 
so ฮℎ෨ଶฮ and ‖𝑧̃ଶ‖ are ultimately bounded because in the 
region 𝐻 = ቄℎ෨ଶหฮℎ෨ଶฮ ൒ ఈమାఉభఈభ ቅ, 𝐿ሶ  is negative hence the 
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 = ቀ𝑑𝑖𝑎𝑔൫𝑓መௗ൯ቁିଵ ሺ−𝑘𝑥ොሻ (49)
 
where 𝑘 is feedback gain. 

The equation of the system is as 
 𝑥ሶ = 𝐴𝑥 + 𝐵ଵ𝑥ሷ௚ + 𝐵ଶሺ𝑑𝑖𝑎𝑔ሺ𝑓ௗሻ𝑢ሻ (50)
 

275



 
Pegah Naderpoor Shad and Touraj Taghikhany 

Therefore, by substituting Eq. (49) into Eq. (50), when 𝑥ො follows 𝑥, the equation of the system is as follows 
 𝑥ሶ = 𝐴∗𝑥 + 𝐵ଵ𝑥ሷ௚ (51)
 

where 𝐴∗ = 𝐴 − 𝐵ଶ𝑘. 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 

 
 

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-2. 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) 

 𝐹ெோ = 𝑐଴𝑥ሶ + 𝑘଴ሺ𝑥 − 𝑥଴ሻ + 𝛼𝑧 (52)
 𝑧ሶ = −𝛾|𝑥ሶ |𝑧|𝑧|௡ିଵ − 𝛽𝑥ሶ |𝑧|௡ + 𝐴𝑥ሶ  (53)

 
where 𝑥ሶ  is the damper relative velocity and x is the 

 
 
 

 

 
Fig. 3 Flow chart of the proposed strategy 
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Fig. 4 The selected three-story benchmark structure, 

dampers and sensors 
 
 

damper displacement. 𝑐଴ and 𝛼 are as 
 𝑐଴ = 𝑐଴௔ + 𝑐଴௕𝑢ெோ (54)
 𝛼 = 𝛼௔ + 𝛼௕𝑢ெோ (55)
 

where 𝑢ெோ  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) 

 𝑢ெோ = 𝐹ெோ − 𝑐଴௔𝑥ሶ − 𝛼௔𝑧𝑐଴௕𝑥ሶ + 𝛼௕𝑧  (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-2 and 2 m.s-2, respectively. The pre-trained weights are 
used as the initial weights of DNN in the online FDI. 

The matrix of the sensor fault distribution ሺ𝐷ௌሻ, the 
state-space coordinate transformation ሺ𝑇ሻ, and the output 
transformation matrices ሺ𝑆ᇱ, 𝑆଴ሻ 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 

Table 1 Parameters of the Bouk-Wen model (Fallah and Taghikhany 2015) 

c0a 
(N.s/cm) 

c଴ୠ 
(N.s/cm.V) 

k0 
(N/cm) 

x0 
(cm) 

αa 
(kN/cm) 

αb 
(kN/cm.V) 

γ 
(cm-2) 

β 
(cm-2) n A 

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 

DS= ⎣⎢⎢
⎢⎢⎡-100

1
0
0 ⎦⎥⎥
⎥⎥⎤ T= ⎣⎢⎢

⎢⎢⎡1         0        0      
0    1   0      
0     0  1     

0 0 0
0 0 0
0 0 0

1    -0.43 0
0    1.03 -0.38
0    -0.38 0.6

1 0 0
0 1 0
0 0 1⎦⎥⎥

⎥⎥⎤ 
Output transformation matrices 

 S0= ⎣⎢⎢
⎢⎢⎡ 1.93 0.3 0.42

-0.3 1.39 0
-0.42 0 1.39

0.93 1.07 1.03
-0.3 -1.03 -0.37
-0.42 -0.35 -0.89

2.78  0.30 0.42
2.61 1.03 0.35
2.32 0.37 0.89

2.78    2.23   2.12
2.61 3.01 2.5
2.32 2.45 3.04⎦⎥⎥

⎥⎥⎤  S'= ⎣⎢⎢
⎢⎢⎡1 0 0
0 1 0
0 0 1

0.03 -0.26 -0.15
-0.64 1.07 -0.31
0.00 -0.37 0.59

0 0 0
0 0 0
0 0 0

1        0        0
0   1  0
0    0  1 ⎦⎥⎥

⎥⎥⎤ 
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and 1 neuron in the output layer. The learning parameters 
for this DNN are selected as 𝜂ଵ = 𝜂ଶ = 20, 𝜌ଵ = 𝜌ଶ =10ି଺, 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 𝜂ଷ = 𝜂ସ = 0.03  and 𝜌ଷ = 𝜌ସ = 10ି଺. 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-1 deviation in the 
velocity sensor’s output ሺ𝑓௦ = 2 m. sିଵሻ and a 2 m 
deviation in the displacement sensor’s output ሺ𝑓௦ = −2 mሻ 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 ሺ𝑓ௗ = 0.4ሻ. 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. sିଵ 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 𝑓ௗ = ሾ1, 0.5, 0.5 + 𝑒ି௧ሿ். 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 

   
(a) The first story (b) The second story (b) The second story 

Fig. 5 Actual and estimated dampers’ effectiveness in the healthy case and fault alarm thresholds 
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Fig. 8 Actual and estimated faults on the second story 

damper (scenario 1) 
 
 

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 = −𝑘෠𝑥 , where by employing the 
adjustable gain ൫𝑘෠൯, the controller compels the plant to 
emulate the desired reference model dynamics. The 
adaptation rules are as 𝑘ሶ෠௜ = −𝛾௜𝐵ଶ௜்𝑃ଶ𝑒𝑥் ሺ𝑖 = 1,2, … ,𝑚ሻ, 
where 𝛾௜ is the adjustment rate, Pଶ is a positive-definite 
matrix, which satisfies the Lyapunov equation as 𝐴்𝑃ଶ +𝑃ଶ𝐴 = −𝑄ଶ, 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, 𝛾௜ = 20, and 𝑃ଶ = 10ଵ଴𝐼 (Naderpoor Shad and Taghikhany 

 
 

 
 

 
Fig. 9 The time history of the calculated force of the 

controller on second floor in healthy and faulty 
condition (scenario1) 

 
 

2022), 
b) LQR controller in which 𝑅 = 10ିଽ𝐼  and 𝑄 = 𝐼 

(Naderpoor Shad and Taghikhany 2022), 
c) The proposed fault-tolerant controller in two 

scenarios as below; 
i) with damper faults as scenario 1 (Fig. 13(a)) 
ii) 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. 

  
(a) The first story displacement sensor (b) The first story velocity sensor 

Fig. 6 Actual and estimated faults (scenario 1) 

  
(a) The first story displacement (b) The first story velocity 

Fig. 7 Actual and estimated responses (scenario 1) 
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(a) The first story displacement sensor (b) The first story velocity sensor 

Fig. 10 Actual and estimated faults (scenario 2) 

  
(a) The first story displacement (b) The first story velocity 

Fig. 11 Actual and estimated responses (scenario 2) 

   
(a) The first story damper (b) The second story damper (c) The third story damper 

Fig. 12 Actual and estimated faults (scenario 2) 

      
(a) Scenario 1 (b) Scenario 2 

Fig. 13 The vertical profile of the peak responses 
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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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