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A B S T R A C T

Control algorithms are the most crucial aspects in effective control of civil structures exposed to
earthquake forces. Recently, adaptive intelligent control algorithms are evolving to be a viable
substitute strategy for conventional model-based control algorithms. One of the most recent de-
velopments, known as the Brain Emotional Learning Based Intelligent Controller (BELBIC), has
caught the attention of scientists as a model-free adaptive control system. It possesses appealing
capabilities for dealing with nonlinearities and uncertainties in control frameworks. The modern
semi-actively controlled civil structures have a highly uncertain and nonlinear nature following
severe disturbances. As a result, these structures require real-time (online) robust control actions
towards changing conditions, which the controllers with rigid settings cannot adapt. This study
intends to overcome this issue in two ways: an online self-tuning brain emotional learning-based
intelligent controller (ST-BELBIC) is formulated. Then its capabilities in improving the perfor-
mance of cascaded controller in attenuating seismic vibrations of a three-story scaled building
structure are validated. In this case, the central control unit BELBIC is based on sensory inputs
(SI) and emotional cues (reward) signals. The main contribution of the proposed controller is a
self-attuned version of the standard BELBIC that uses the benefits of a first-order Sugano fuzzy in-
ference system (FIS) to adapt its parameters online. The proposed control methodology can be a
promising model-free controller in terms of online tuning, simplicity of configuration, ease of ap-
plicability, less operational time, and neutralizing nonlinearities. The simulation affirms that the
proposed controller compared with conventional LQR and intelligent Fuzzy tuned PID (FT-PID)
controllers shows a superior performance regarding attenuating seismic responses of the building
and can also improve the performance of cascaded FT-PID controller.
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ANNs Artificial neural networks
AMY Amygdale
APU Amygdala Processing Unit
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BEL Brain emotional learning
BELBIC Brain emotional learning-based intelligent controller
FT-PID Fuzzy Tuned proportional integral derivative
FLC Fuzzy logic control
PID proportional integral derivative
FIS Fuzzy inference system
LQR Linear quadratic regulator
MFs Membership functions
MRD Magneto-rheological damper
MR Magnetorheological
ORB Orbitofrontal
OPU Orbitofrontal Processing Unit
Rew Reward
SI Sensory Inputs
SC Sensory Cortex
ST-BELBIC Self-Tuned Brain emotional learning-based intelligent controller

1. Introduction
One of the most critical problems in structural engineering design is primary safety against destructive environmental forces such

as earthquakes [1–4]. Many experts have contributed to passive and active vibration control systems incorporating theoretical and
experimental approaches. The number of structures with active vibration control is undoubtedly less than those with passive vibra-
tion control [5–9].

When designing a structural system with active/semi-active control, the control framework may be planned such that the struc-
ture responds in a well-defined and explicit manner. The adequacy of active/semiactive control exceptionally relies upon the control
algorithms requiring accurate and appropriate control gains for registering the actuator's control forces [10–12]. Overall, the critical
establishment of the vibration control framework is control algorithms [13,39]. Moreover, these control algorithms help improve
control schemes that are cost-effective, predictable, adaptive and robust, promoting progressively reliable, safe, lightweight, and vig-
orous structures [14,15].

In structural control, there are two types of active and semi-active control algorithms: (1) model-based control (MBC), which re-
quires a mathematical model of the control system (linear, classic, and nonlinear controllers); and (2) Model-free. Model-free control
is a method of controlling systems with complex dynamics and uncertainties without incurring system identification. In other terms,
model-free control is defined as the capacity to construct a controller for a system based on a basic description of the system dynam-
ics. Furthermore, various model-free intelligent control strategies have been recognized due to advances in soft computing tech-
niques. These control algorithms are developed by replicating specific properties of intelligent biological systems in the subject of bio-
logically inspired intelligent control. Many model-free control techniques, like artificial neural networks (ANNs) and fuzzy logic con-
trol (FLC), have been effective in a wide range of complex nonlinear civil structure control problems [16].

Corresponding Blachowski and Pnevmatiko [17] presented a study that used an ANNs controller to reduce seismic vibration, and
their proposed controller was evaluated on two types of buildings: single-story and 12-story. When compared to the traditional LQR
controller, the ANNs-based controller effectively lowered the structural response. Lara et al. [18] Presented two controllers; a feed-
back neural network named Nonlinear Auto-Regressive models with eXogenous Inputs (NARX-NNs) and FLC, to control a 2-story
building structure equipped with MR damper. Their study evidenced that both these controllers had generated substantial results in
reaching the control aim. The NARX-NNs-based controller, on the other hand, outperformed the FLC controller. Rathi et al. [19] pre-
sented a study based on an ANNs-based control algorithm for a seismically stimulated 2-story building coupled with an active tendon
control system. The Lyapunov stability analysis ensures the stability of the error dynamics model. They concluded that the proposed
controller had better stability and performance. Zabihi-Samani et al. [20] proposed an FLC control technique with three other algo-
rithms: the discrete wavelet transform (DWT), the cuckoo search, and the geometrical nonlinearity algorithm. This proposed method-
ology was assigned the title as cuckoo-search wavelet-based fuzzy logic controller (AC-SWBFLC). They evaluated this new controller
on a mathematical model of 3-story, 4-story, and 8-story buildings with MR-dampers undergoing seismic excitations. They found that
this controller outperformed passive-off, passive-on, standard LQR, and FLC controllers. Bathaei et al. [21] Provided type-1 and type-
2 Fuzzy Logic Control (FLC) for actuating a semi-active tuned mass damper with MR damper in an 11-DOF building model. Their find-
ings revealed that both these controllers performed better specifically, the FLC type 2 controller outperformed the type 1 controller.
Finally, in Faraji [22] study, an FLC was reported for vibration reduction of a single-story building equipped with MR damper, where
the findings revealed that the FLC provided better performance.

The Brain Emotional Learning–Based Intelligent Controller (BELBIC), which simulates the emotional learning process in the lim-
bic system in human brains, was recently introduced to this family of psycho biologically driven algorithms [23,24]. It's a sort of con-
ditional learning linked to external emotional stimuli like rewards and punishments in real-life scenarios. The internal emotional
states such as joy, sadness, and fear might be triggered by these emotional cues, influencing future decisions. The brain emotional
learning (BEL) algorithm concept was first proposed in Refs. [25,26] by MorÉn et al. Since then, the BELBIC has become more widely
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employed in various control engineering applications, including electric motors, servo systems, motion control, control effort reduc-
tion, and power systems, among others [27].

The BELBIC is a model-free controller with a simplistic control framework. The online learning capacity, minimal computational
complexity, and, most importantly, no need for prior knowledge of system dynamics makes BELBIC a distinctive controller over for-
merly debated intelligent controllers, such as ANNs and FLC. Furthermore, it is simple, with fewer tuning parameters in emotional
controllers, and, unlike traditional ANNS, it doesn't require an additional iterative process for learning or updating parameters [28].
Contrasting, in neural network control, the network topology, like that of the number of layers, nodes, and parameters in the activa-
tion functions, are critical considerations that must be considered appropriately [29]. In addition, there are various tuning factors in
FLC, such as the center and width of the Gaussian membership functions and the weight of each rule. The adaptation laws are ob-
tained from stability analysis to alter these values. Furthermore, the starting values of these parameters and their convergence rate
seem to significantly impact the controller's effectiveness and, therefore, should be carefully determined. After doing all that, this still
does not adequately handle unknown system dynamics [30,31]. In contrast to all of these concerns, the BELBIC has produced very
satisfactory outcomes. The BELBIC is an efficient controller in addressing highly complicated and nonlinear problems based on its two
principal inputs: Sensory Input (SI) and Primary Reward (Rew), and the flexibility in defining SI and Rew. Additionally, BELBIC also
can learn for displaying responses similar to robust adaptive approaches.

Assigning a suitable parameter for Rew and SI is crucial for using BELBIC to regulate a system correctly. Until recently, there has-
n't been a specified mathematical strategy for tuning the BELBIC [32]. There are a few methods for tuning the parameters of BELBIC.
These methods include the trial-and-error method [33], or are based on the result of a cost function optimization using evolutionary-
based algorithms (particle swarm optimization (PSO) algorithm [34–38] and clonal selection algorithm) [40] and Lyapunov based al-
gorithm [41]. Even some recent research utilises intelligent techniques such as fuzzy logic to tune its parameters [42,43].

The use of BELBIC for the control of smart civil structures has gotten a lot of attention in recent years. In which BELBIC was uti-
lized to reduce the vibration response of a Single Degree of Freedom (SDOF) building structure equipped with a Magneto-Rheological
(MR) damper in a numerical study proposed by César et al., [33]. In this study, the author used the most popular trial and error
method to adjust the fixed parameters of BELBIC's Rew and SI signals. In contrast, in some situations, the adaptive controller's perfor-
mance from these fixed-tuned parameters was insufficient. Its parameters had to be chosen only by designers based on the control
problem, and it is challenging to determine these control parameters precisely. Furthermore, in smart civil structure vibration con-
trol, a few studies have reported an offline parameter optimization strategy for the BELBIC controller. The parameters were devel-
oped using an evolutionary search technique such as particle swarm optimization (PSO) algorithm. As César et al. [36], presented a
study of seismic vibration control of SDOF building structure equipped with MR damper where the authors have utilized the capabili-
ties of PSO for the tuning of BELBIC, Rew and SI parameters. One more study was reported by Braz César et al. [35], in which a three-
story seismically excited building equipped with MR damper have been controlled by PSO optimized BELBIC. Both of these investiga-
tions used offline tuning techniques, as previously mentioned. The offline tuning of controllers necessitates a lengthy training period
and a significant amount of computing time. Furthermore, it cannot adapt to real-time control systems, and mistuning can directly
impact control performance [44,45].

Since a semi-active control of the civil structural system is highly nonlinear, complex, and uncertain due to lack of knowledge of
some parameters or external disturbances. Thus, a controller design that can react quickly to these challenges in real-time/online is
required. The usage of fuzzy inference systems (FIS) is a suitable approach for updating the parameters of the BELBIC controller on-
line. Moreover, the FIS typically replicates human knowledge and reasoning processes without requiring precise mathematical mod-
els. The FIS enables data complexity to be reduced and uncertainty to be dealt with in real-time [46–48]. These benefits of FIS make it
appealing for use as BELBIC's online-tuning process. The BEL's learning and FIS's reasoning capabilities collectively yield a substan-
tially self-efficient controller against nonlinearities and uncertainties.

In this paper, an online Self Tuned-BELBIC (ST-BELBIC) controller will be applied for the semiactive case of attenuating the build-
ing structure's seismic response. The BELBIC is developed for the structural system as its primary controller, and the FIS is developed
regarding the system characteristics and expert knowledge to online tune the BELBIC's parameters. The proposed controller includes
a PID cascaded controller structure. Thus the application of FIS towards PID could be characterized here as a combination of fuzzy
logic principles with the standard PID controller [49]. Consequently, using FIS essentially allows the BELBIC to self-tune its parame-
ters in real-time operation, compensating for the BELBIC's internal instability and challenges.

The present paper is organized as follows: The semi-active structural system defining building structure and Magneto-Rheological
Damper (MRD) is presented in Section 2. The proposed ST-BELBIC system design is discussed in Section 3, some results and discus-
sions follow the paper in Section 4, and the paper is concluded with several brief notes in Section 5.

2. Semi-active structural system

2.1. Modelling of the building structure
The performance of the developed system of control is tested in this study using a three-story scaled building structure taken from

the existing literature [50], as shown in Fig. 1. The building is trialed using a semi-active control method and has an MR-damper
mounted on each story. The mass, stiffness, and damping matrices developed for the building structure are given in eqs. (1)–(3).
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Fig. 1. 3-story building system equipped with MR damper under earthquake loading.

(1)

(2)

(3)

2.1.1. State equations
The equation of motion of a 3-story building structure with the MR-damper can be written in the matrix form as

(4)

(5)

M, Cd, K are mass, damping, and stiffness matrices as defined in equations (1)–(3). x(t) defines the displacement response, and λ
represent the disturbance force vector. As in this example, the semi-active MRD are installed on each story of structure the coeffi-
cient of MR damping force matrix is represented by Γ where, each column represents the damper force coefficients of first, second
and third story as given by These coefficient matrices and vectors are de-
fined as given in eq. (5). fc(t) as given in equation (5) is the vector of controlled damping force provided by MR damper, which is cal-
culated by proposed self-tuned Brain Emotional learning-based intelligent Controller (ST-BELBIC) and represents the distur-
bance (ground excitation) force. By defining the state vector as , the governing equation (4) can be rewritten in the
state-space form as given by

(6)
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(7)

In eq. (6), the state vector size is (2n × 1); represents the system matrix; matrix represents the location
of input control force provided by the MR dampers and represents the input location of the disturbance force. In eq. (7)
the is an output vector; represents the output matrix and symbolizes the
direct feedthrough matrix, respectively. In both these state equations 0 and I represent the null matrix and identity
matrix, wherein , and in vector, where n represents the degrees of freedom (DOF).

2.2. Description of semi-active MR damper (MRD)-actuation system
The MRD became one of the most efficient semi-active structural vibration control devices due to its reported advantages of stabil-

ity and reversibility. Whenever the structure is subjected to earthquake loads, aside from that, the MRD's high nonlinear dynamic be-
havior posed a significant obstacle for practical implementation in structural vibration control [51–53].

The MRD dampers are magneto-rheological fluid devices with a controllable fluid that could modify their rheological behavior as
exposed to a magnetic field. The damper resistance force changes when the magneto-rheological fluid changes from liquid to semi-
solid or solid in milliseconds. The Magneto-rheological Fluid has been the topic of various investigations and behavior modeling since
its discovery. The plastic model of Bingham was the fundamental model of magneto-rheological fluid behavior. This Bingham model
was created using the three constants Herschel–Bulkley fluid model, which considers the nonlinear flow of the rheological fluid [54].

Nonetheless, the Bingham model's simplicity has attracted the attention of various scholars, and it was developed into a standard
linear model in Serial. On the other hand, these models were not created considering the hysteretic behaviour of the Magneto-
rheological fluid. However, Bouc suggested a model explain this behaviour, which was later generalized by Wen and introduced the
Bouc–Wen model. This model defines the relationship between displacement and force generated in a hysteretic way [55]. To com-
pletely practice the finest characteristics of the MR damper, Spencer et al. [56] proposed a modified version of the Bouc–Wen model,
as shown in Fig. 2.

The central equation of the MRD force is determined by fMR in equation (8), where and z is the hysteretic displacement of the
model, also called evolutionary variables given by the following equations:

(8)

(9)

(10)

And the dependent variables on the applied voltage (u) to the current driver and the resulting magnetic current are presented as
follows [56].

(11)

Fig. 2. Simple mechanical model of MRD.
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(12)
(13)

Where u is a first-order filtered version of supplied voltage v is given by

(14)

where x and represent the device's displacement and velocity, fMR and z are the device's generated force and hysteretic compo-
nent, k0 and k1 are the accumulator stiffness at low and high velocity, x0 is the initial displacement of spring stiffness k1, c0, and c1 are
the viscous damping at low and high velocity, γ, β, η, and A are parameters of the shape loop, u and v are the command input phenom-
enological variable and the command voltage applied to the device, η is a time constant of the first-order filter of the Bouc–Wen
model and y is the displacement of the damping c1. The parameters are presented in Table 1.

3. Control system design
In this section, the formulation of the proposed self-tuned BELBIC (ST-BELBIC) is explained.

3.1. Self-tuned brain emotional learning-based intelligent controller (BELBIC)
A fuzzy inference system was utilized in the anticipated controller model to formulate a data-driven adaptive intelligent controller

for building structure vibration control. The BELBIC can be classified as a supervised network. The BELBIC is simple to use and has a
fast convergence rate; it can be used in various nonlinear control systems. The essential features of the proposed method involve fast
training, methods for rules inserting and adjusting controller's parameters online. The basic mathematical structure of BELBIC is de-
fined in the following section.

3.1.1. Structure
The BELBIC is a learning controller centered upon Moran's limbic structure's computational model known as brain emotional

Learning (BEL) [16]. This structure is a simplified representation of the limbic system's principal components. These components in-
clude the amygdale (AMY), orbitofrontal cortex (ORB), thalamus, and sensory cortex (CS). The BELBIC model's structure and connec-
tions between parts can be best depicted through a Simulink block presented by Coelho, Pinho [57] as depicted in Fig. 3. The thala-
mus is the first place where sensory input (SI) information is processed. The sensory cortex (SC) and amygdale (AMY) units receive in-
put signals after this step of pre-processing. The SC is in charge of separating the coarse output from the thalamus. Later, the filtered
signal is then transmitted to the amygdale (AMY) and orbitofrontal (ORB) cortexes. The AMY is a tiny region inside the brain's medial
temporal lobe responsible for the emotional evaluation of stimuli [16]. One of the more central part of the limbic system is the or-
bitofrontal cortex (ORB). The ORB responsible for inhibiting improper amygdale responses. The mathematical structure of each pro-
cessing unit of BELBIC can be defined concerning each DOF is explained as follows [48,57].
1. Thalamus: has a data transfer function that sends SI to SC and maximum (SI) to AMY, according to Eq. (15) (see Fig. 3).

(15)

In eq. (15), the input signals from the SC to AMY include SI, while the one coming from the thalamus is SIth which is the SI's maxi-
mum to simulate the uncertain data received from the thalamus. Furthermore, ORB's input patterns received from the sensory cortex
are SI.
2. Sensory Cortex: Fig. 3 shows that the output of the thalamus is received into the ORB and AMY cortexes. It signifies that the

signal is not obstructed in any way. In formula (16-18), the output of the AMY and ORB cortexes can be computed for ith sensory
input (SIi).

(16)

Table 1
Parameter of SD-1000 MRD model [56].

Parameter Value Parameter Value

c0a 21.0 N s cm−1 c1a 283 N s cm−1

c0b 3.5 N s cm−1 V−1 c1b 2.95 N s cm−1 V−1

k0 46.9 N cm−1 k1 5.00 N cm−1

x0 14.3 cm γ 363 cm−2

n 2 η 190 s−1

αa 140 N cm−1 αb 695 N cm−1 V−1

A 301 β 363 cm−2
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Fig. 3. Block diagram of the simplified limbic model (BEL) [57].

(17)
(18)

Where VA,i, Vth, and Wo,i represent the associated weights of AMY and ORB cortexes, respectively.
The Model output Ui is computed using a formula (19), based on the output of the AMY and ORB cortexes.

(19)

3. Amygdala and Orbitofrontal cortexes: Learning in AMY and ORB cortexes can be calculated using formulas (20-22).

(20)

(21)

(22)

In the former formulas, α and β are learning rates utilized for regulating the rate of incorporating emotional inputs into the model
output. As formula (20) and (21) show, the role of AMY is to guide output to create a link between SI and emotional cue (Rew) signals.
In addition, as shown by formula (22), If the predicted signal does not match the reinforcement signal, output inhibition occurs in the
ORB cortex.
4. Development of sensory and emotional cues signals: The BEL model has an open-loop structure, as evidenced by Fig. 3. The

Modifications to meet control criteria are required before they may be utilized as the so-called BELBIC. The Rew
function/Emotional signal and sensory inputs (SI) must incorporate specific feedback signals that create a closed-loop variant of
the BELBIC. These signals were often described for structural control as either an arbitrary function of reference input, controller
output, error between desired and measured response and plant/structure output (respose) [30,38]. Furthermore, the BELBIC
gives flexibility to the designers to define these functions based on their needs (objectives). The overall performance of the
BELBIC is greatly influenced by the definition of these signals [57].

• Sensory Input: In this study, SI is taken as the following function as presented in eq. (23).

(23)

• Reward cue function: The reward function will be formulated using the Proportional Integral Derivative (PID) control actions
because of its parallel structure; it is suggested over the proportional integral (PI) and the proportional derivative (PD) control
actions. When these actions were applied separately, they had limitations. The PD actions cannot affectively remove steady state
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error; conversely, the PI action has poor performance in controlling the transient response of complex and nonlinear systems [49].
The Rew function is presented in eq. (24).

(24)

As given in eq. 20–24, e represents the error vector between desired displacement xr (t) setpoint and the output value x(t) of each
DOF, represents the acceleration response of the structure, and U represents the BELBIC's controller output, respectively. In com-
mon, G1, G2, Kp,KI,KD, α and β reflects model parameter's vectors corresponding to each DOF. Furthermore, sequentially,
these parameters must be fine-tuned following input variables to attain the intended control action and increase control performance.
Furthermore, when they are both fixed and mistuned, the system becomes unstable, making it increasingly challenging to provide the
proper response under the influence of the system's nonlinearity and uncertainty [27,57,58]. Since the structure in this paper has non-
linear dynamic behaviour, fuzzy logic would be an appropriate tool, and online self tuned BELBIC can be developed for the structural
vibration control as presented in Fig. 4.

3.1.2. Online tuning mechanism
As evidenced in Fig. 4 and given in eq. 21–24, the BELBIC parameters are divided into three separate groups: first, group deals

with the coefficients of Rew signal as KP, KI, KD, and G2; a second, group of SI coefficients signal as KP, KI, KD, and G1 and third group
deals with the learning rates in AMY and ORB cortexes: α and β. The First-order Sugano FIS is developed as an online tuning tool for
the three groups of BELBIC's parameters in the proposed scheme; as a result, the proposed method for our nonlinear structural system
can be developed directly. Thus, the nonlinearities present in both intelligent systems (BEL and FIS) can be dealt with using their in-
built capabilities, i.e., the BEL has learning abilities and lacks reasoning abilities; conversely, the FIS has reasoning and lack learning
abilities. Therefore, the online adaption of these parameters is made possible by introducing the seven adaptive parameters vectors
as; ΔKP, ΔKI, ΔKD, ΔG1, ΔG2, Δα, and Δβ. The basic working of this fuzzy logic tuner as depicted in Fig. 5, comprises four principal
components: fuzzification, rule base, inference engine, and defuzzification. The fuzzifier linguistically converts/fuzzifies the con-
troller input variables (measured from the structure/generated by the controller). The rule base comprises fuzzy rules that are if-then
paraphrases, with antecedent and consequent statements in each rule. Furthermore, the inference engine generates each rule's output
using fuzzy operations and mapping the input to the output. Finally, the defuzzification provides the crisp values of the adaptive para-
meters for our proposed control strategy [59].

Note that two ways of adjusting the MFs values/output values of a FIS can be adapted (1) For each FIS, their output range can be
edited by doing adjustments (Scaling) in the MFs values. (2) secondly, it can be done by first adjusting the MFs to a fixed value and
then adjusting the output values of FIS through introducing gain parameters for each adaptive parameter. In this study, we opted for

Fig. 4. Schematic of online Self-tuned brain emotional learning-based intelligent controller (ST-BELBIC).
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Fig. 5. Fuzzy logic tuner basic structure.

the second method; by doing so, the computational complexity of individually adjusting each MFs can be avoided, as seen in Fig. 6,
where the gP, gI, gD, g1, g2, gα, and gβ presents the gains for adaptive parameters. Furthermore, the overall methodology of the pro-
posed online self-tuned-Brain Emotional learning-based intelligent Controller (ST-BELBIC) is summarized in Fig. 6. In which each
floor has its BELBIC. Furthermore, each response signal has its own FIS for computing corresponding adaptive parameters. The pro-
posed control algorithm is implemented by using BELBIC, fuzzy logic and Simulink tool boxes of matlab.

3.1.2.1. Self-tuned reward (Rew) function. The tuning mechanism for developing adaptive reward (Rew) function parameters is de-
scribed in Fig. 6. The tuning consists of two separate entities that deal with tuning the PID controller parameters, and the other
deals with the tuning of the G2 parameters. Their details are explained in the upcoming sub-sections.
1. Fuzzy tuned PID: The design algorithm of PID is developed to adjust the KP, KI, and KD parameters online through FIS based on the

error e (t) among the desired displacement set point and the output, as well as the derivation of error (t) to ensure that the
controlled structure has better dynamic and static performance. The general framework adapted is presented in Fig. 7, Where the
PID parameters (Kp, KI, KD) are defined based on the ith floor displacement's (xi), error e(t), and its first derivative (t), as
presented in the following equations.

(25)
(26)

here; xri(t) and represents the reference displacement and velocity response of the i-th floor (i = 1,2,3), respectively, and "τ"
denotes the sampling time.
• Fuzzification: For the fuzzification of inputs e and and to convert into suitable linguistic values, its ranges are defined as

prescribed [e min, emax] and [ min, max]. Their values need to be normalized for appropriateness in developing workable rule bases
with greater inference efficiency as This normalization can be defined by following linear
transformation functions.

(27)

(28)

for each input variable (en and ) 7 membership functions (MFs) are assigned as displayed in Fig. 8. These MFs names are "VS",
"S", "MS", "M", "B", "MB" and, "VB" representing for "very small", "small", "medium small", "medium", "medium big", "big" and, "very
big" respectively. Furthermore, For the fuzzification of output parameters Δkp, ΔkI, and ΔkD represent the proportional, integral, and
derivative modification variables. Furthermore, the values of these modification variables are assumed in fixed ranges as;
ΔKp∈[0,150],ΔKI∈[0,20]and,ΔKD∈[0,200].

The linear output MFs names are taken the same as the input variables; These variables present the change in proportional and de-
rivative gains that help the parameters of PID to adapt. Their relation is presented as below.
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Fig. 6. Proposed design of Self-tuning BELBIC control of three-story building.

(29)

(30)

(31)
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Fig. 7. Fuzzy online self-tuned reward parameters.

Fig. 8. MFs for inputs of FT-PID.

The gp, gI, and gD are gain (multiplication) factors or modification coefficient constant values of proportional, integral, and deriva-
tive parameters.
• Rule base and fuzzy inference: A decision-making logic simulates a human decision process and aids in specifying a control

strategy's input/output relation. The input en has seven linguistic labels and also has seven linguistic labels. Therefore, we get a
rule base consisting of 7 × 7 = 49 rules. These fuzzy rules are the outcome of numerous PID parameter tuning sessions. The rule
base is simplified in Table 2.

Table 2
FIS rules table for fuzzy-PID online tuner.

Δkp/ΔkI/ΔkD (t)

VS S MS M MB B VB

en(t) VS VB/VS/MB VB/VS/MS B/S/VS B/S/VS MB/MS/VS M/M/S M/M/MB
S VB/VS/MB VB/VS/MS B/S/VS MB/MS/S MB/MS/S M/M/MS MS/M/M
MS B/VS/M B/S/MS B/MS/S MB/MS/S M/M/MS MS/MB/MS MS/MB/M
M B/S/M B/S/MS MB/MS/MS M/M/MS MS/MB/MS S/B/MS S/B/M
MB MB/S/M MB/MS/M M/M/M MS/MB/M MS/MB/M S/MB/M S/VB/M
B MB/M/VB M/M/MB MS/MB/MB S/MB/MB S/B/MB S/VB/MB VS/VB/VB
VB M/M/VB M/M/B S/MB/B S/B/B S/B/MB VS/VB/MB VS/VB/VB
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Furthermore, for simplicity, the result function is assumed to be a linear function to optimize the controller's computational effi-
ciency, accuracy, and functionality, as presented in the following equation (32) for jth rule.

(32)

Where, j = 1, 2, …49 is the rule number, pij,qijandrij are the ith (constant) parameters of the result function. The H and P are fuzzy
sets in the antecedent for en (t) and (t) and, fi = f (en (t), (t)) are the crisp functionally in the consequent or simply are the gains to
be tuned, i.e., Δkp/ΔkI/ΔkD. Furthermore, the input and output relationship in a cartesian rule surface is presented in Fig. 9.
• Defuzzification: This outlines the process of converting a fuzzy inference into a crisp output. The weighted average approach is

used to determine defuzzification. Thus, the exact value of Δkp, ΔkI, ΔkD can be obtained, and then we can get the parameters of
PID based on equations 29–31.

2. Self-tuned G2: The formulation of the online tuned G2 parameter, a fuzzy tuned parameter ΔG2, is introduced in the system
having normalized inputs of the control signal U; Un(t) and ∫Un(t) as displayed in Fig. 7. Where the input MFs are presented in
Fig. 10 as output MFs are taken as a linear result function having ranges as; ΔG2∈[0,1]. The Fuzzy rules derived for this objective
are presented in Table 3. The cartesian surface represented for the input/output mapping is presented in Fig. 11.
As evidenced in Fig. 7, the value of the G2 parameter can be calculated as presented in eq. (33).

Fig. 9. Input and output relations in the form of Cartesian rule surface for Δkp, ΔkI and ΔkD parameters. (a) Δkp surface; (b) ΔkI surface and; (c) ΔkD surface.

Fig. 10. MFs for inputs of Δ G2.

Table 3
FIS rules table for fuzzy-tuned ΔG2 parameter.

ΔG2 ∫Un(t)

VS S MS M MB B VB

Un(t) VS VS S MS M MS MS M
S S S MS M S MS MS
MS MS MS MS M S S S
M M M M M S S S
MB MS S S S S S S
B MS MS S S S VS VS
VB M MS S S S VS VS
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Fig. 11. Input and output relations in the form of Cartesian rule surface for ΔG2.

(33)

The FIS generated values of ΔG2 variable are multiplied with the g2, which is a supervisor's or operator interacting constant vector
gain and can be used to increase or decrease the rate/magnitude of the G2 parameter to have control over the simulating system as a
supervisor/explicit teacher. After the generation of G2, it is then multiplied with the integral of the control signal (U) generated by the
BELBIC controller that finally adds up with the fuzzy tuned PID to generate the overall Rew signal.

3.1.2.2. Self-tuned sensory input (SI) function. The parameters of SI as presented in Fig. 4 are calculated using adaptive parameters
ΔG1 and FT-PID's parameters as calculated in the previous section. For making ΔG1 adaptable FIS is developed as presented in Fig.
12.

As presented in Fig. 12, the value of the G1 parameter can be calculated as presented in eq. (34).

(34)

for the ΔG1, the normalized input values of acceleration response and integral of acceleration response of the structure is
used as displayed in Fig. 12. The input MFs range for these normalized inputs is taken between [0,1] and shown in Fig. 13. The FIS
rules among inputs and the outputs for ΔG1 parameter are summarised in Table 4, and the cartesian surface is presented in Fig. 14.
Additionally, the output MFs of SI function parameters ΔG1 are range as ΔG1∈[0,10].

3.1.2.3. Self-tuned BELBIC's learning parameters (α and β). As presented in Fig. 3 and explained in eq. 20–22 the importance of
learning rates of AMY/Amygdala Processing Unit (APU) and OFC/Orbitofrontal Processing Unit (OPU) can be noticed. As for the
learning rate α is concerned it proper selection directs the weights ΔVA,i, ΔVth towards a set of values that will eventually cause the
minimization between Rew and partial amygdala signal e* = ∑Ai as an outcome. The AMY plays an essential role in seeking con-
stant rewards. Furthermore, the learning rate β of OFC is similar to AMY. The main difference is that its selection helps increase or

Fig. 12. FIS based online self-tuned Sensory Input parameters.
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Fig. 13. MFs for inputs of Δ G1.

Table 4
FIS rules table for fuzzy-tuned ΔG1 parameter.

ΔG1

VS S MS M MB B VB

(t) VS VS VS S MS M MB B
S VS S MS M MB MB B
MS S MS MS M MB B B
M MS M M MB MB B B
MB M MB MB MB MB B VB
B MB MB B B B B VB
VB B B B B VB VB VB

Fig. 14. Input and output relations in the form of Cartesian rule surface for ΔG1.

decrease the tracking rate of weights of OFC as needed for proper inhibition. That unquestionably concludes that these learning
rates significantly impact the actuation role of AMY and the preventer rule of OFC. Consequently, a rigorous selection procedure for
tuning these parameters is needed to implement the BELBIC controller. Moreover, FIS is an appropriate tool for tuning these para-
meters in real-time to handle this situation. In this section, the development of FIS for tuning α and β is discussed. Similarly, their
values are suggested to be in the range of α ∈[0,1] and β ∈[0,1] where 0 represents no learning and 1 represents instant adaptation
[57].

The adaptive parameters of α and β are obtained by introducing two new parameters as Δα and Δβ, then the FIS for these parame-
ters is developed based on normalized input values of en and . Whose input MFs are taken as triangular MFs, similar to as displayed
in Fig. 13. Where as, the output MFs are taken as a linear result function having ranges Δα ∈[0,1] and Δβ ∈[0,0.04]. Since, in the lit-
erature, the value of α is presumed to be greater than the one of β to track down the prior excitations contributions and thus inhibit
output [57]. The rule base formulated for these adaptive learning parameters is presented in Table 5. The Cartesian rule surface rep-
resenting the input and output relations for Δα and Δβ parameters is presented in Fig. 15 (a-b) After calculating FIS generated adap-
tive learning parameters, the final values of α and β parameters can be calculated as presented in the following equations.
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Table 5
FIS rules table for Δα and Δβ parameters.

Δ α
Δ β

(t)

VS S MS M MB B VB

en(t) VS S MS MS M MB MB B
VS VS VS VS VS VS S

S MS MS M M MB B B
VS VS VS VS VS VS S

MS MS M M M MB B B
VS VS VS VS VS VS MS

M M M MB MB MB B B
VS VS VS VS S MS M

MB M MB MB MB B B B
VS VS S S MS M MB

B MB MB MB B B VB VB
S S S MS M MB B

VB MB B B B VB VB VB
S S MB M MB B VB

Fig. 15. Input and output relations in the form of Cartesian rule surface for Δα and Δβ parameters.

(39)

(40)

Where the principle of introducing two gain parameters (gαand,gβ) is the same as described in the earlier section.

3.1.2.4. Summary of design parameters of proposed ST-BELBIC. This section will summarise the design parameters used for the pro-
posed control scheme. These parameters include the output MFs values as presented in Table 6 and the values of gain parameters
presented in Table 7.

The FIS is a reasoning system that translates human reasoning into an inference system [60]. Therefore, the values of output MFs,
gain parameters, and the developed inference rule base as given in the table (2–7) are based on experience (operators interactive iter-
ative simulations) and expert knowledge (extensive literature review of different control studies under different operating condi-

Table 6
Summary of output MFs used in the proposed controller.

MFs Adaptive Parameters

ΔKp ΔKI ΔKd ΔG1 ΔG2 Δα Δβ

MF1 [0 0 0] [0 0 0] [0 0 0] [0 0 0.52] [0 0 0.052] [0 0 0.052] [0 0 0.002]
MF2 [0 0 25.5] [0 0 3.4] [0 0 34] [0 0 1.66] [0 0 0.166] [0 0 0.166] [0 0 0.006]
MF3 [0 0 49.5] [0 0 6.6] [0 0 66] [0 0 3.33] [0 0 0.333] [0 0 0.333] [0 0 0.013]
MF4 [0 0 75] [0 0 10] [0 0 100] [0 0 4.99] [0 0 0.499] [0 0 0.5] [0 0 0.019]
MF5 [0 0 100.5] [0 0 13.6] [0 0 134] [0 0 6.66] [0 0 0.666] [0 0 0.666] [0 0 0.026]
MF6 [0 0 124.5] [0 0 16.6] [0 0 166] [0 0 8.33] [0 0 0.833] [0 0 0.833] [0 0 0.033]
MF7 [0 0 150] [0 0 20] [0 0 200] [0 0 9.47] [0 0 0.947] [0 0 0.947] [0 0 0.037]
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Table 7
Gain parameters used in proposed.

Gains Gain Vectors

[DOF1 DOF2 DOF3]T

gp [-1.832e+3 –1.725e+3 –1.7836e+3]T

gI [1.441e+4 5e+4 –2.8e+4]T

gD [19 28 40]T

g1 [2 1.84 0.64]T

g2 [4.68 4.68 4.68]T

gα [0.78 0.78 0.78]T

gβ [1e-4 1e-4 1e-4]T

tions). Note that it's the sole responsibility of the designer/operator to translate their objectives to an adequately developed FIS.
Moreover, it should be remembered that the proposed scheme's performance is highly sensitive to the time step used for simulation.
The smaller it will be, the more efficiently the FIS will track changes and produce corresponding actions. Conversely, the higher time
step causes FIS to inadequately track the changes and produce poor control actions. In the current study, a fixed time step size of
0.00001s was used. Similarly, it should be noted that for current research, the variable "r" from equation (32) is made tuneable as
given in Table 6. Equivalently, all the parameters of equation (32) can be made tuneable or the FIS with constant output MFs can also
be used.

3.1.3. Voltage generation
The proposed controller's control forces cannot be directly delivered to the MRD since the controller creates the force signals,

whereas the MRD requires a voltage or current signal. Therefore, a transformation step is needed to generate voltage. For that genera-
tion, either an inverse model of the MR damper is formulated, or a clipped algorithm can be used [61]. In this study, the inverse Bing-
ham model of the MR damper is developed, as shown in eq. (42), using eq. (41) [56]. This inverse model will compute the appropriate
voltage based on the proposed controller's control command.

(41)

(42)

Where, fMR = command voltage provided by the proposed controller, co = damping coefficient; and fc = frictional force, which
is related to fluid yield stress and f0 = offset value to adjust a nonzero force value due to the accumulator [56].

4. Results and discussion

4.1. Earthquake excitation
The building is subjected to the following 11-time scaled North-South (N–S) components of the historical earthquake accelero-

grams and their Fourier Amplitude Spectra (FAS) are shown in Fig. 16.
a) El Centro N–S component of 1940 Imperial valley earthquake; Mw = 6.4, PGA = 3.417 m/s2

b) Hachinohe N–S component of Toka-Chi-Oki 1968 earthquake; Mw = 8.3, PGA = 2.250 m/s2

c) Northridge 1994 earthquake at Sylmar station; N–S component Mw = 6.7, PGA = 8.2676 m/s2

d) Kobe N–S component of Great Hanshin-Awaji 1995 earthquake; Mw = 6.9, PGA = 5.03 m/s2

e) Chi-Chi N–S component of Chi-Chi earthquake 1999 earthquake; Mw = 7.6, PGA = 4.17 m/s2

f) Erzincan N–S component of Erzincan earthquake 1992 earthquake; Mw = 6.7, PGA = 5.15 m/s2

g) North Palm Spring 1992 earthquake N–S component; Mw = 6, PGA = 6.12 m/s2

h) Bolu N–S component of Duzce earthquake 1999 earthquake; Mw = 6.9, PGA = 7.28 m/s2

i) Northridge 1994 earthquake at Rinaldi station; N–S component Mw = 6.7, PGA = 4.72 m/s2

j) Kocaeli earthquake 1999 earthquakes recorded at Gebze Tubitak Marmara Arastirma Merkezi; N–S component Mw = 7.4,
PGA = 2.6170 m/s2

k) Parkfield, California 2004 earthquakes; Mw = 6, PGA = 4.257 m/s2

Where the Imperial Vellay (El Centro), Toka-Chi-Oki (Hachinohe), Great hanshin-Awaji (Kobe), Chi-Chi, Bolu (Duzce), Kocaeli
(Gebze) belongs to the far field earthquakes their frequency contents can be seen in Fig. 16 (a, b, d, e, h and j). Where as, the North-
ridge (Sylmar), Erzincan, North Palm Spring, Northridge (Rinaldi) and Parkfield belongs to near field earthquakes their frequency
contents can be seen in Fig. 16 (c, f, g, i and k).
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Fig. 16. Historic earthquake accelerograms and their Fourier Amplitude Spectra (FAS).

4.2. Comparison control methodologies
4.2.1. LQR

The LQR is an extensively exploited method in the control domain because of its ease of use and effectiveness. In this approach, an
optimal feedback gain is determined so that there is a controlled force fc(t) = − Glqrz(t) attained through minimizing the following
cost function j in the following equation [62,63].

(43)
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Where, Glqr is a gain matrix and, QlqrandRlqr are symmetric positive semidefinite and symmetric positive definite matrix. In the cur-
rent research, the commonly used values of these matrices were chosen since they produce better results, as presented in the follow-
ing equation [63,64].

(44)

4.2.2. Fuzzy tuned PID (FT-PID)
The development of the proposed control methodology gives an online fuzzy-tuned PID (FT-PID) controller as a by-product as dis-

cussed in sub-section 3.1.2.1. of section 3.1.2. The FIS is developed to tune the parameters of a classic PID controller and further uti-
lized for comparison. Furthermore, the purpose of doing so is to illustrate the effectiveness of the proposed controller.

4.3. Proposed controllers performance and structure responses
This section provides the graphical representation of the peak responses of the structure for the uncontrolled, LQR, FT-PID, and

the proposed ST-BELBIC controller cases. The maximum displacement and absolute acceleration responses of third story of the build-
ing under Imperial Valley (EL-Centro), Kobe, and North Palm Springs earthquakes are presented in Fig. 17 (a and d), 17 (b and e), and
17 (c and f). Furthermore, unders these earthquakes the peak displacement and absolut acceleration response of the building at each
floor level can be evidenced in Fig. 17(g–i) and 17 (j-l) which represents the higher performance of the proposed controller in reduc-
ing the maximum response of the building.

4.4. Performance indexes
To quantitatively and precisely access the comparative performance of the proposed controllers, a set of performance evaluation

indexes are constructed in terms of peak and root mean square (RMS) and control performance as provided in eq. (45)–(52).

Fig. 17. Comparison of structural response records under El-Centro, Kobe and North Palm Springs eathquake
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(45)

(46)

(47)

(48)

(49)

(50)

(51)

(52)

Where J1, J2, and J3 in eq. (45)–(47) represent the peak displacement, velocity, and absolute acceleration response. The variables
xi(t), i(t) and, i(t) are the displacement, velocity and, absolute acceleration of the ith floor of controlled structure. The variables

, and are maximum displacement, velocity and acceleration response of uncontrolled structure. Furthermore, two in-
dexes based on the shear of the structure is formulated as given in eqs. (48) and (49), where J4 presents the peak base shear and J5
presents the peak superstructure (first story) shear. Where Vb(t) presents the base shear of the controlled structures and V1(t) presents
the shear at the first story level. Additionally, represents the maximum base and superstructure shear of the uncon-
trolled structure. In the above-discussed criteria, the notion stands for the corresponding vector's magnitude.

Correspondingly, the criteria presented in eqs. (50) and (51) specify the RMS normalized peak displacement and absolute acceler-
ation responses of the structure. In these criteria's the notion ∥⋅∥ stands for the RMS of the corresponding vector's magnitude.
Whereas, represents the RMS of the displacement and absolute acceleration responses of the uncontrolled structure.
Also, for scheming the peak control force generated by all the devices the J8 criteria are used. Where the fc,i(t) presents the control
force in the ith MRD and W corresponds the seismic weight of the superstructure. The values of these indexes, under 11 earthquakes,
were determined to evaluate the proposed controllers' performance. A linear quadratic regulator (LQR), FT-PID, and ST-BELBIC sys-
tem are simulated to establish a comparative analysis. The values of all these indexes for various controllers are shown in Table 8.

As presented in Table 8 the J1 criteria show the peak displacement response that has been calculated under different earthquakes.
For comparison of different controllers, the mean value of this criteria is calculated for each controller. The proposed ST-BELBIC con-
troller has the finest value for this criterion with 0.4234, which is lower than the quantities determined for all the other controllers.
Furthermore, the proposed ST-BELBIC mean value measured by the structure's peak displacement response in J1 is lowered by
17.06% compared to LQR and 13.04% compared to the FT-PID controller.

Furthermore, the performance of FT-PID in reducing the displacement response also showed a 4.04% reduction when compared to
the LQR controller. These results demonstrate that ST-BELBIC outperforms the competing controllers in terms of peak displacement
reduction. Moreover, the proposed controller had a significant impact in lowering the structure's J2 (peak velocity) responses. The re-
duction in J2, mean values for the ST-BELBIC is 33.29 and 10.06% compared to the LQR and FT-PID controllers. At the same time, the
FT-PID performance comparative to LQR controller displays a 23.4269% reduction.

In terms of the calculated peak acceleration responses J3, the proposed ST-BELBIC controller manage to reduce the structure's ac-
celeration response by 16.04% to the LQR and rectify the FT-PID controller's deficiencies by 24.72%. Furthermore, the base shear of
the structure was also calculated, and the performance of the proposed ST-BELBIC can be evidenced in Table 8. The reduction of the
peak base shear J4 is 13.24 and 15.93% compared to LQR and FT-PID controllers. Moreover, ST-BELBIC performance for the J5 index
Peak superstructure shear shows a significant reduction of 14.53 and 15.9% compared to LQR and FT-PID controllers. The results
demonstrate that the proposed controller fully improved the response of FT-PID controller concerning J3, J4 and J5 performance in-
dexes.

To better quantify the results, the RMS of the peak displacement J6 and acceleration J7 responses were also presented. As can be
found, for J6 a 23.24 and 14.87% difference is remarked for LQR and FT-PID controllers. Whereas for the FT-PID this difference is
given as 8.45%. Furthermore, For J7 it's been calculated a total 32.19 and 3.59% reduction compared to LQR and FT-PID controllers.

Although the optimal generation of control force was not an objective of the current study, for providing a baseline for future
study and demonstrating the potential of ST-BELBIC in improving the control performance, an index of control force J8 is also pre-
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Table 8
Performance indexes for comparison of LQR, FT-PID, and ST-BELBIC.

index Controller El-Centro Hachinohe Sylmar Kobe Chi-Chi Erzincan North Palm Spring Bolu Rinaldi Gebze Parkfield Average

J1 LQR 0.3664 0.6190 0.6136 0.3538 0.3518 0.9096 0.4281 0.4897 0.4337 0.4968 0.4634 0.5024
FT-PID 0.3365 0.7592 0.6986 0.2820 0.3873 0.9923 0.2164 0.3663 0.2147 0.5568 0.4972 0.4825
ST-BELBIC 0.3040 0.5574 0.6044 0.2404 0.3441 0.9120 0.1887 0.3660 0.2147 0.4934 0.4318 0.4234

J2 LQR 0.4174 0.6172 0.6934 0.4135 0.4656 0.7657 0.4591 0.5589 0.3866 0.4174 0.5860 0.5255
FT-PID 0.3795 0.7542 0.5378 0.2436 0.4408 0.8141 0.1895 0.2650 0.1893 0.3795 0.3751 0.4153
ST-BELBIC 0.3343 0.5031 0.5889 0.2098 0.3037 0.7331 0.1852 0.2648 0.1622 0.3343 0.5109 0.3755

J3 LQR 0.5425 0.6597 0.8512 0.4750 0.5120 1.2137 0.4587 0.5375 0.3724 0.6959 0.9997 0.6653
FT-PID 0.4538 0.7843 1.0089 0.4450 1.4265 1.0684 0.3857 0.4818 0.4624 0.7408 0.7319 0.7263
ST-BELBIC 0.4062 0.6592 0.8040 0.4151 0.6513 0.9105 0.3131 0.4815 0.2867 0.5732 0.7306 0.5665

J4 LQR 0.5626 0.6509 0.8445 0.5489 0.5945 1.4532 0.4876 0.6426 0.3771 0.7331 1.0571 0.7229
FT-PID 0.4873 0.7501 0.9584 0.4827 1.1643 1.2043 0.4250 0.5698 0.4394 0.7698 0.9185 0.7427
ST-BELBIC 0.4611 0.6531 0.8324 0.4720 0.6299 1.0556 0.3863 0.5696 0.3285 0.6616 0.9144 0.6331

J5 LQR 0.4649 0.6638 0.8358 0.4750 0.5547 1.2707 0.4769 0.6237 0.3713 0.6120 1.0158 0.6695
FT-PID 0.4117 0.6944 0.9604 0.4275 1.2690 1.0419 0.3770 0.5330 0.3379 0.6373 0.7772 0.6788
ST-BELBIC 0.4028 0.6174 0.8072 0.3878 0.6262 0.9326 0.3481 0.5329 0.2897 0.5854 0.8365 0.5788

J6 LQR 0.2224 0.3380 0.2258 0.1437 0.1394 0.3816 0.1693 0.1486 0.2066 0.1704 0.4313 0.2343
FT-PID 0.1654 0.3856 0.1725 0.0764 0.1531 0.4502 0.0740 0.1081 0.1252 0.1895 0.4680 0.2153
ST-BELBIC 0.1379 0.3216 0.1689 0.0723 0.1271 0.3633 0.0695 0.1079 0.1250 0.1572 0.3901 0.1855

J7 LQR 0.2554 0.3813 0.2664 0.1743 0.2518 0.3873 0.1902 0.1931 0.2005 0.2529 0.5645 0.2834
FT-PID 0.1823 0.3123 0.1677 0.0876 0.3062 0.2088 0.0802 0.1314 0.0969 0.2537 0.5084 0.2123
ST-BELBIC 0.1622 0.3014 0.1914 0.1005 0.2311 0.2185 0.1061 0.1311 0.1100 0.1905 0.5100 0.2048

J8 LQR 0.8364 0.9125 1.1330 1.3574 1.1254 0.8691 1.3026 1.1963 1.0774 0.9006 0.7092 1.0382
FT-PID 3.0499 2.7627 1.0387 3.4341 2.0592 1.6909 5.8827 3.3746 6.4062 2.6193 1.2020 3.0473
ST-BELBIC 2.3493 2.3953 1.0224 3.2200 2.1561 1.6749 5.8105 3.3665 5.4058 2.3597 1.1350 2.8087

sented. The control force index for the proposed ST-BELBIC surprisingly shows an 8.14% reduction when compared to FT-PID. More-
over, for better understanding, the results are displayed in Fig. 18. Where, Fig. 18-(a-h) represents the visual representation of J1-J8
indexes and their average values are presented in Fig. 18(i) respectively.

Lastly, the voltage variations generated by the FT-PID and ST-BELBIC controllers and their associated damping force delivered by
the MR damper are shown in Fig. 19. When it comes to ST-BELBIC controlled structure under El-Centro and Kobe excitations, the volt-
age supplied to the MRD is presented in Fig. 19 (e) and (g), responding accordingly to the increase in applied excitation on the struc-
ture. Therefore, in the proposed controller, if the applied excitation increases, the voltage provided to the control device increases un-
til the signal limit is reached. The signal command generates a range of voltages between 0 and 2.25 V. In these plots, it can be con-
firmed that the controller can fully maintain a constant voltage supply.

Furthermore, the corresponding damping force produced by ST-BELBIC controlled MRD is presented in Fig. 19 (a & c). The plot
clearly illustrated that the proposed controller's command voltage and corresponding force agreed that maximal voltage supply is
constantly available whenever the excitation increases and reaches a peak. As a result, the system will operate intelligently by gener-
ating necessary damping forces to ovoid instability in the system and ensuring proper energy dissipation.

Moreover, it is demonstrated in Fig. 19. (f & h) even when the change in acceleration is high, the controller based on FT-PID shows
behaviour that closely mirrors the slightly changing voltage provided to the structure. As a result, the voltage range somehow doesn't
remain consistent during periods of change in ground acceleration. That finally results in a poor amount of energy dissipation in the
system. Additionally, it is also evidence from Fig. 19 that the proposed controller fully tracks the response by maintaining a good bal-
ance between applied force and excitations. One can deduce that the proposed controller can control the seismic response of structure
compared to the other controllers and help adjust the mistuned response of the other smart controller like FT-PID controller by simul-
taneously utilizing its reasoning and learning capabilities.

5. Conclusions
This study developed a new self-tuned brain emotional learning-based intelligent controller (ST-BELBIC) algorithm to attenuate

the response of three-story scaled building structure subjected ground excitations. The design of the proposed controller was based on
two main objectives (i) develop a self-tuned BELBIC and; (ii) improve the response of the cascaded controller. These objectives were
achieved by integrating a fuzzy supervisor/tuner to empower the proposed controller to modify its parameters/gains adaptively, such
as the system's performance matches the required response for changing operating circumstances.

To compare the performance of the proposed controller, an LQR and the FT-PID controllers were also developed. The results show
that an ST-BELBIC controller achieves more outstanding performance in attenuating the responses of the structure when compared to
an LQR and FT- PID controller using a set of performance indexes. Based on the results of the study, the proposed controller showed a
17.06 and 13.04% reduction in J1 (peak displacement), 33.29 and 10.06% reduction in J2 (peak velocity), and 16.06 and 24.72% re-
duction in J3 (peak acceleration) compared to LQR and FT-PID controllers respectively. Moreover, for the peak Base shear (j4) and su-
per structure shear (j5) indexes the proposed controller showed extraordinary performance. For j4 it showed 13.24 and 15.93% and
for j5 it showed 14.53 and 15.9% reduction compared to LQR and FT-PID. Where as the RMS indexes of peak displacement j6 it had
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Fig. 18. Comparison of performance criteria J1-J8 of LQR, FT-PID, ST-BELBIC.

Fig. 19. Supplied voltage and damping force produced by MRD.

shown 23.24 and 14.87% reduction and for RMS of peak absolute accelearation j7 its had shown 32.19 and 3.59% reduction com-
pared to LQR and BELBIC. Although the proposed control was not developed for optimal generation of control force it improved the
force generation of FT-PID by 8.1%. In general the proposed controller can reduce the structural response and neutralize the inade-
quacies of the cascaded controller like in our study; it was an FT-PID.

The novelty of ST-BELBIC is a control strategy that is self-tuneable and a data-driven control rather than conventional model-
based controllers (MBC). Furthermore, this study also demonstrates the performance of the model-free controllers when two intelli-
gent systems (fuzzy and BEL) are combined to handle and improve the deficiencies presented in each other. The proposed controller
is also a perfect example of modular design for adaptive control where the conventional MBC PID was tuned online by FIS to generate
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BELBICs signals. Conclusively all these systems help formulate the best responsive control algorithm. It should be noted that the pro-
posed ST-BELBIC is not limited to semiactive control cases. Still, it can be investigated on active control cases of smart civil and me-
chanical structures.

Future studies will consider the potentials of FIS tuned BELBIC for achieving multi objectives (response attenuation and optimal
control force generation) in the vibration control of smart civil structures. Moreover, it is recommended to trial BEL with different for-
mulations of intelligent/conventional systems to increase the adaptivity and robustness of the next generation of smart civil struc-
tures.
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