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A B S T R A C T

A critical challenge in structural control is the design of controllers capable of rapid adaptation to uncertainties,
including changes in local dynamics and unknown parameters. A solution is the use of data-based controllers,
but these typically require pre-training and may be computationally expensive to utilize. In this paper, the
authors proposed a fast neuro-controller capable of pure online learning. The controller is built using an
ensemble of recurrent neural networks (ERNNs) based on long short-term memory (LSTM) cells running in
parallel. A multi-rate sampler is used to sequentially construct the individual RNN input vectors using local
measurements at sampling rates pre-determined from the structure’s natural frequencies. Each RNN performs an
individual estimation with the associated sampling rate, and these estimations are assembled into an attention
and a dense layer to produce an estimated control force. Critical advantages of the proposed architecture are
(1) rapid online adaptation and processing; (2) capability to adapt to local dynamics and non-stationarities;
and (3) pure online learning architecture minimizing reliance on pre-training. First, the performance of the
ERNNs control algorithm is validated on an actively controlled single-degree-of-freedom system, and stability
of the controller is demonstrated. Second, the ERNNs is simulated on a full-scale 20-story building equipped
with a semi-active tuned liquid wall damper (TLWD) system that consisted of distributed semi-active tuned
liquid multiple column dampers. The ERNNs controller effectively improved the passive performance of the
control strategy and performed similarly to that of a full state-feedback sliding mode controller under multi-
hazard scenario. The evolution of attention weights under both the wind and seismic hazards demonstrated
that the importance of each RNN follows the importance of the structural frequency responses, showing that
the controller was capable of capturing and adapting fast-changing dynamics.
. Introduction

Integration of supplemental damping devices such as passive, semi-
ctive, and active systems, is an effective solution at reducing excessive
otion in civil structures [1]. Passive systems are currently widely

ccepted and implemented, attributed to their long-term robustness and
ost-effectiveness [2]. Yet, the performance of these systems is typi-
ally bandwidth-limited, thus limiting their effectiveness to a specific
ype of hazard. Conversely, semi-active [3–5] and active systems [6,7]
ave substantially higher teachability on a structural control perspec-
ive, and have been shown to be good candidates for multi-hazard
itigation.

Nevertheless, semi-active and active control systems are yet to be
idely accepted by the civil engineering community. This may be
ttributed to the presence of feedback systems that introduce uncer-
ainties on performance, for instance arising from the loss of power,
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faulty sensors, leaking actuators, etc. Of interest to this paper are
difficulties in designing controllers that partly or fully account for
uncertainties and variability in the external loads, unknown structural
dynamic properties, and limited state measurements, that are imped-
ing widespread applications of these mechanisms [8]. For example,
model-based controllers, such as linear quadratic regulators [9,10]
and nonlinear sliding mode controllers [11–13], have shown robust
mitigation capabilities. However, their performance is reliant on the
knowledge of dynamic properties. Model-free adaptive controllers have
been studied, including neuro- [14,15], fuzzy logic [16,17], and time
delay [18,19] controllers. In particular, neurocontrollers have shown a
promise at nonlinear mapping and can be designed with fast adapting
capability. For example, Laflamme et al. [20] proposed a wavelet feed-
forward network with sequential adaptive capabilities that included a
vailable online 31 August 2022
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time varying input space to cope with non-stationarities. The algorithm
did not require pre-training nor prior knowledge of the system. Khoda-
bandehlou et al. [21] used a wavelet neural network for controlling
a base-isolated structure subjected to near-field earthquakes. Results
showed that the controller was capable of online identification. Fu
et al. [22] proposed a fuzzy-neural network controller that employed
online learning capability for the neural network to emulate the non-
linear dynamics and demonstrated that the controller could outperform
a conventional fuzzy controller.

Neuro-control examples discussed above utilize conventional neural
architectures. Deep learning networks have also been proposed to build
control rules for systems with complex dynamics. For example, Li
et al. [23] employed a dynamic neural network to track nonlinearities
in a building, and Rahmani et al. [24] used a deep neural network
for seismic control. The main advantage of deep learning algorithms
is their capability to implicitly learn complex features (e.g., nonsta-
tionary dynamics) and adapt to uncertainties (e.g., system properties
and external excitations). Yet, a key limitation is in their complex
neuro-architecture that requires large input–output datasets for training
and yield considerable computing efforts that may imped real appli-
cations due to latency. The authors have proposed in [25] to use
an ensemble of short-sequence recurrent neural networks (RNNs) to
empower sub-millisecond non-stationary time series prediction capa-
bilities to conduct high-rate structural health monitoring. Numerical
simulations showed that the deep learning representation, capable of
online adaptation, could return accurate predictions under 25 μs.

In this paper, we leverage the concept of ensemble of RNNs (ERNNs)
to develop a neuro-controller capable of fast online adaptation for real-
time structural control. Here, the term ‘‘online’’ is meant in terms of se-
quential adaptive capabilities while measurements are being collected,
with an intent to provide real-time capabilities through consistent
computation time. A multi-rate sampler [26,27] is used to populate
each individual input space, with each RNN in the ensemble using a
different delay vector constructed by embedding local measurement
outputs (i.e., acceleration) sampled different rates. The utilization of
such multi-rate sampler allows for the extraction of local dynamics to
cope with the system non-stationarities. Individual inputs are fed into
short-sequence long short term memory (LSTM) networks, and outputs
are assembled through an attention layer to yield the control input.
The novelty of the paper resides in the ERNN architecture enabling fast
online learning to cope with the lack of pre-training datasets, and in the
low latency for real-time structural control applications.

The proposed ERNN controller is demonstrated on an actively con-
trolled single-degree-of-freedom system (SDOF) and a 20-story building
equipped with semi-active tuned liquid wall damper (TLWD) under
non-simultaneous multi-hazard excitations. The TLWD system, previ-
ously proposed by the authors in [28], is a specialized type of tuned
liquid column damper (TLCD). TLCDs are traditional energy mitigation
systems consisting of a partially water-filled U-shape tube, known for
their cost-effectiveness and ease of installation. [29,30]. Semi-active
TLCDs [4,31] have substantially higher control reachability, and have
been shown to be good candidates for multi-hazard mitigation. A TLWD
consists of a system of tuned liquid multiple column dampers (TLMCDs)
embedded into a shear walls. A building can be equipped with many
TLWDs distributed along the height of the structural system. The TLWD
mechanism was selected because of its dynamic complexity for the con-
trol problem. While prior work focused on passive applications [32],
this paper studied the performance of the neuro-controller at tuning
the orifice ratios of the individual TLMCDs in real-time to enhance
structural performance.

The rest of the paper is organized as follows. Section 2 presents the
architecture of the neuro-controller and derives its stability. Section 3
describes the research methodology, including the TLWD dynamic
model, building properties, and the hazards and control cases under
consideration. Section 4 presents and discusses numerical simulation
results, and includes a general discussion on field implementation.
2

Section 5 concludes the paper.
2. Ensemble of RNN control architecture

The ERNNs controller is a form of direct inverse controller, where
the neuro-representation maps a temporal sequence of measurements
to a required control force. Fig. 1 illustrates the general architecture of
the ERNNs controller. It consists of 𝑀 RNNs running in parallel, each
building a different representation based on local dynamics acquired
through the multi-rate sampler through the associated input space 𝐯𝑚
for 𝑚 = 1, 2,… ,𝑀 . The hidden states outputted by each RNN are
assembled through an attention layer followed by a dense layer to form
the control force 𝑢. In the attention layer, each 𝐡𝑚 is multiplied by an
attention weight 𝑤𝑚 that represents the importance of the given RNN
output, allowing the network to switch focus between the identified
local dynamics. Acceleration feedback from the floor at which the
device is installed is utilized to construct the input spaces, and inter-
story displacement and velocity also at the device’s location are used
to calculate the control error. This error is propagated from the dense
layer to the RNNs, with the attention weights adapted in real-time to
adapt to fast-changing dynamics. Components of the ERNNs controller
are described in what follows.

2.1. Multi-rate sampled input spaces

Multi-rate sampling is used to construct the individual input spaces.
This is done by embedding the last time series measurements delayed
by 𝜏 into a delay vector of dimension 𝑑. At time step 𝑘, a delay vector
for 𝑚th RNN is written
𝑚
𝑘 =

[

𝑥𝑘−𝜏𝑚 , 𝑥𝑘−(𝑑𝑚−1)𝜏𝑚 ,… , 𝑥𝑘−𝑑𝑚𝜏𝑚
]

(1)

The use of the multi-rate sampler is motivated by the embedding
heorem [33–35] where, for a stationary system, 𝐯 can be constructed

in a way that it preserves the essential dynamics of the system. Such 𝐯
has been shown to yield lean and efficient neuro-representations [36].
Here, the embedding theorem is leveraged by assuming that the non-
stationary system can be sub-divided into small stationary segments.
The selection of parameters 𝜏 and 𝑑 for each 𝐯 is based on the mutual
information and false nearest neighbor tests [37], as it is commonly
done in literature. Because it is assumed that structural responses
are not available for pre-training, the delay vectors are constructed
using harmonic excitations that correspond to the structure’s natural
frequencies. In this unique case, the solution to 𝜏 is known to be a
quarter of the harmonic’s period, and the vectors are overembedded.

2.2. RNNs with LSTM cells

RNNs with LSTM cells were selected given their demonstrated
promise at modeling time series data through their sequential architec-
ture [38,39] and capabilities to capture long-term dependencies [40,
41]. Fig. 2 illustrates the unrolled architecture of an RNN along with
an LSTM cell. An LSTM cell is composed of an input gate 𝐢, forget gate
𝐟 , and output gate 𝐨, defined as follows [40]

𝐠𝑘 = tanh
(

𝐖𝑔
[

𝐯𝑘,𝐡𝑘−1
]

+ 𝐛𝑔
)

(2)

𝐢𝑘 = 𝜎
(

𝐖𝑖
[

𝐯𝑘,𝐡𝑘−1
]

+ 𝐛𝑖
)

(3)

𝐟𝑘 = 𝜎
(

𝐖𝑓
[

𝐯𝑘,𝐡𝑘−1
]

+ 𝐛𝑓
)

(4)

𝐨𝑘 = 𝜎
(

𝐖𝑜
[

𝐯𝑘,𝐡𝑘−1
]

+ 𝐛𝑜
)

(5)

𝐜𝑘 = 𝐟𝑘 ⊙ 𝐜𝑘−1 + 𝐢𝑘 ⊙ 𝐠𝑘 (6)

𝐡𝑘 = 𝐨𝑘 ⊙ tanh
(

𝐜𝑘
)

(7)

where ⊙ is the element-wise multiplication, 𝐖 and 𝐛 are the weight

and bias associated with the gate in subscript, and tanh (⋅) and 𝜎 (⋅) are
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Fig. 1. Architecture of the proposed ERNNs controller.
Fig. 2. (a) unrolled recurrent neural network; (b) long short-term memory cell architecture.
the hyperbolic tangent and the logistic sigmoid functions, respectively.
Quantities 𝐢, 𝐟 , and 𝐨 are within the range (0, 1) and control the informa-
tion flow in the LSTM cell, 𝐟𝑘⊙ 𝐜𝑘−1 (Eq. (6)) are used to forget learned
features, 𝐢𝑘⊙𝐠𝑘 (Eq. (6)) writes new information to the memory state 𝐜,
and 𝐨𝑘⊙tanh

(

𝐜𝑘
)

(Eq. (7)) decides on the information to output. At each
time step 𝑘, the network input is constructed by concatenating current
measurement 𝐯𝑘 and previous hidden state 𝐡𝑘−1. After, the output 𝐡𝑘 is
fed to a linear neuron to estimate the control force �̂�𝑘

̂𝑘 = 𝐖T
𝑦,𝑘𝐡𝑘 (8)

2.3. Adaptation and stability

The ERNNs controller is designed to be capable of online adaptation.
Consider the equation of motion for a civil structure under multi-hazard
excitation

𝐌�̈� + 𝐂�̇� +𝐊𝐱 = 𝐄𝑢𝐮𝑎𝑐𝑡 + 𝐄𝑤𝐅𝑤 −𝐌𝐄𝑔𝑎𝑔 (9)

where 𝐌, 𝐂, 𝐊 are the system’s mass, damping, and stiffness matrices,
respectively, 𝐱 is the displacement vector, the dot denotes a time
derivative, 𝐮𝑎𝑐𝑡 is the actual control force vector, 𝐅𝑤 is the external
excitation force vector, 𝑎𝑔 is the ground acceleration input, and 𝐄𝑢, 𝐄𝑤,
and 𝐄𝑔 are the location vectors of forces associated with the subscripts.
The state-space formulation of Eq. (9) is given by:

�̇� = 𝐀𝐗 + 𝐁 𝐮 + 𝐁 𝐅 + 𝐁 𝑎 (10)
3

𝑢 𝑎𝑐𝑡 𝑤 𝑤 𝑔 𝑔
with

𝐗 =
[

𝐱
�̇�

]

;𝐀 =
[

𝟎 𝐈
−𝐌−1𝐊 −𝐌−1𝐂

]

(11)

𝐁𝑐 =
[

𝟎
𝐌−1𝐄𝑐

]

;𝐁𝒘 =
[

𝟎
𝐌−1𝐄𝑤

]

;𝐁𝑔 =
[

𝟎
−𝐄𝑔

]

(12)

where 𝐀 is the state matrix, 𝐁𝑤 and 𝐁𝑔 are the excitation input ma-
trices, and 𝐁𝑢 is the associated control force input matrix. The control
performance error 𝐞 = 𝐗 − 𝐗𝑑 is defined as the difference between the
actual state 𝐗 and the desired state 𝐗𝑑 (𝐗𝑑 = 0 for civil structures). Its
state-space form can be expressed as

�̇� = �̇� − �̇�𝑑
= 𝐀𝐞 + 𝐁𝑢

(

𝐮𝑎𝑐𝑡 − 𝐮𝑑 + 𝜖
)

= 𝐀𝐞 + 𝐁𝑢
(

�̂�T
𝑦 �̂� −𝐖T

𝑦𝐡 − �̃� + 𝜖 − 𝑘 ⋅ sat (𝑠)
)

(13)

where the hat denotes an estimated value, the tilde denotes the error
between the estimated and desired values, 𝜖 is the estimation error,
and 𝑠 is the sliding surface taken as 𝑠 = 𝐏𝐞 and 𝐏 is the associated
control weight matrix. Note that Eq. (13) uses a saturation function
which provides a smooth transition in the control force, and term 𝑘
quantifies the uncertainty on the error between the applied force 𝐮𝑎𝑐𝑡
and estimated force �̂� (Eq. (8)).

Lyapunov theory is used to demonstrate stability of the adapta-
tion law. Consider the following Lyapunov candidate based on an



Engineering Structures 270 (2022) 114771Z. Wang et al.

c
a

𝑉

𝐖

�̂�

t

𝑉

T
s
t
b
E

a
i
r

𝐖

𝐖

𝐖

𝐖

3

a
e
F
i
t
v
i
t
𝜈
a

p
t
l
o
𝑄
T
a

𝑄

energy-type function [42]

𝑉 = 1
2

(

𝑠2 + �̃�T
𝑦𝛤

−1
𝐖𝑦

�̃�𝑦 + �̃�T𝛤−1
𝒉 �̃�

)

(14)

where 𝛤𝐖𝑦
and 𝛤𝐡 are the learning rates for the linear neuron and LSTM

ell. Function 𝑉 is positive definite. The time derivative of 𝑉 is written
s

̇ = 𝑠𝐏𝐀𝐞 + 𝑠𝐏𝐁𝑢
(

�̂�T
𝑦 �̃� + �̃�T

𝑦 �̂�
)

+ �̃�T
𝑦𝛤

−1
𝐖𝑦

̇̂𝐖𝑦 + �̃�T𝛤−1
𝐡
̇̂𝐡 + �̃�T

𝑦 �̇�
−1
𝐖𝑦

�̃�𝑦

+ �̃�T�̇�−1
𝐡 �̃� − 𝑠𝐏𝐁𝑢𝜖 − 𝑠𝐏𝐁𝑢�̃� − |𝑠|𝐏𝐁𝑢𝑘

= 𝐞T𝐏T𝐏𝐀𝐞 + �̃�T
(

�̂�T
𝑦𝐁

T
𝑢𝐏

T𝑠 + 𝛤−1
𝐡
̇̂𝐡
)

+ �̃�T
𝑦

(

�̂�T𝐁T
𝑢𝐏

T𝑠 + 𝛤−1
𝐖𝑦

̇̂𝐖𝑦

)

+ 𝜉T�̇�−1𝜉 − 𝑠𝐏𝐁𝑢 (�̃� − 𝜖) − |𝑠|𝐏𝐁𝑢𝑘

(15)

with

𝜉 =
[

�̃�𝑦
�̃�

]

;𝛤 =

[

𝛤𝐖𝑦
0

0 𝛤𝐡

]

(16)

A back-propagation rule is used for the online adaptation
̇̂
𝑦 = −𝛤𝐖𝑦

�̂�𝑦𝐁T
𝑢𝐏

T𝑠 (17)

̇ = −𝛤𝐡�̂�𝑦𝐁T
𝑢𝐏

T𝑠 (18)

By choosing constant learning parameters (𝛤𝐖𝑦
and 𝛤𝒉𝑡 ) and substi-

uting Eqs. (17) and (18) into Eq. (15), one obtains

̇ = 𝐞T𝐏T𝐏𝐀𝐞 − 𝑠𝐏𝐁𝑢 (�̃� − 𝜖) − |𝑠|𝐏𝐁𝑢𝑘 (19)

he first term in Eq. (19) is negative definite since the 𝐀 is inherently
table for civil structure. It is generally assumed that �̃� is much larger
han 𝜖, and the term 𝑘 is positive, resulting in the third term being
igger than the second term and positive when 𝑠 < 0 for 𝑘 > �̃�. Thus,
q. (19) is negative definite (�̇� < 0), which guarantees stability.

It should be noticed that the adaptation rules in Eqs. (17) and (18)
re functions of 𝐁𝑢. The magnitude 𝐁𝑢 can be estimated and 𝐁T

𝑢𝐏
T

ncorporated in the learning rate. Therefore, the discrete adaptation
ules for the LSTM weights are taken as
̂
𝑜,𝑘+1 = �̂�𝑜,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

[

𝐯𝑘,𝐡𝑘−1
] [

tanh
(

𝐜𝑘
)

𝐨𝑘
(

1 − 𝐨𝑘
)]

�̂�T
𝑢𝐏

T𝑠𝑘
�̂�𝑜,𝑘+1 = �̂�𝑜,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

[

tanh
(

𝐜𝑘
)

𝐨𝑘
(

1 − 𝐨𝑘
)]

�̂�T
𝑢𝐏

T𝑠𝑘
(20)

̂
𝑖,𝑘+1 = �̂�𝑖,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

[

𝐯𝑘,𝐡𝑘−1
]

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

× 𝐠𝑘𝐢𝑘
(

1 − 𝐢𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

�̂�𝑖,𝑘+1 = �̂�𝑖,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

𝐠𝑘𝐢𝑘
(

1 − 𝐢𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

(21)

̂
𝑓,𝑘+1 = �̂�𝑓,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

[

𝐯𝑘,𝐡𝑘−1
]

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

× 𝐜𝑘−1𝐟𝑘
(

1 − 𝐟𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

�̂�𝑓,𝑘+1 = �̂�𝑓,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

𝐜𝑘−1𝐟𝑘
(

1 − 𝐟𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

(22)

̂
𝑔,𝑘+1 = �̂�𝑔,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

[

𝐯𝑘,𝐡𝑘−1
]

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

× 𝐢𝑘
(

1 − 𝐠2𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

�̂�𝑔,𝑘+1 = �̂�𝑔,𝑘 − 𝛤𝐡�̂�𝑦,𝑘

{

𝐨𝑘
[

1 − tanh
(

𝐜𝑘
)2
]}

𝐢𝑘
(

1 − 𝐠2𝑘
)

�̂�T
𝑢𝐏

T𝑠𝑘

(23)

�̂�𝑦,𝑘+1 = �̂�𝑦,𝑘 − 𝛤𝐖𝑦
𝐡𝑘�̂�T

𝑢𝐏
T𝑠𝑘 (24)

3. Simulation methodology

This section describes the methodology used in conducting numer-
ical simulations. This includes a description of the TLWD dynamic
model, the 20-story case study building, multi-hazard excitations under
4

consideration, and control cases and objectives.
.1. TLWD model

The dynamic model of a TLWD is based on its embedded TLMCD
nd is derived in [43]. Briefly, a symmetrical 𝑁-column TLMCD with
qual column-to-column spacings has 𝑁∕2 degrees-of-freedom (DOFs).
ig. 3 shows the schematic of a symmetrical TLMCD along with its
ntegration into a wall to form a TLWD, where �̈�𝑓 is the acceleration
ransmitted from the floor, 𝑥𝑙 is the liquid surface displacement in the
ertical columns, 𝐴 is the cross-section area of each vertical column, ℎ
s the initial vertical liquid surface height (equal for every column), 𝑙 is
he horizontal center-to-center distance between the adjacent columns,
is cross-section area ratio of vertical column to the horizontal tube,

nd 𝜓 is the orifice blocking ratio.
The TLMCD model has a total of three non-conservative force com-

onents: the orifice damping forces 𝑄𝑜, the friction forces 𝑄𝑓 between
he liquid and inner surface of the horizontal tube and columns, and the
iquid inertia forces 𝑄𝑒. In the numerical simulations, the inner surface
f TLMCD is assumed to be smooth (i.e., 𝑄𝑓 = 0) and the inertia force
𝑒 is incorporated in the state-space representation. For a symmetrical
LMCD with equal column-to-column spacing, the damping forces 𝑄𝑜
cting on the 𝑖th DOF over a small unit of time can be expressed as

𝑜,𝑖 = −1
2

𝑁∕2
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𝑘=𝑖
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(25)

where 𝜌𝑙 is the liquid density, 𝜂 is the head loss coefficient due to orifice
block ratio 𝜓 , and �̇�𝑙 is the liquid velocity. The Idelchik and Fried’s
formula [44] is adopted to characterize the relationship between 𝜓 and
𝜂.

𝜂 =
(

𝜓 + 0.707𝜓0.375)2 (1 − 𝜓)−2 (26)

In the case of a semi-active TLMCD, the orifice block ratio is
regulated to reach the required control force 𝑢, but 𝑢 is not necessarily
attainable. For simplicity, all of the orifice block ratios in a single
TLMCD are tuned at the same rate. A bang–bang type control rule is
used to adjust the actual control force 𝑢𝑎𝑐𝑡 (orifice damping)

𝑢𝑎𝑐𝑡 =

⎧

⎪

⎨

⎪

⎩

𝑢 if 𝑢𝑎 > |𝑢| and 𝑢�̇�𝑙 < 0
𝑢𝑎 if 𝑢𝑎 < |𝑢| and 𝑢�̇�𝑙 < 0
0 if 𝑢�̇�𝑙 > 0

(27)

where 𝑢𝑎 is the attainable damping force obtained through summation
of the forces in each DOF (Eq. (25)), written

𝑢𝑎 = −1
2

𝑁∕2
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(28)

with 𝑢𝑎 depending on both the liquid velocity �̇�𝑙 and the head loss
coefficient 𝜂.

3.2. Building simulations

Numerical simulations are conducted on a 20-story steel moment
frame building located in Los Angeles, CA [45]. The most flexible
direction is modeled as a lumped mass shear system with a 2% inherent
damping ratio in the first three modes using Rayleigh damping. The
TLWD is synthetically added by integrating TLMCDs in four arbitrarily-
defined identical wall spaces of dimensions 5.4 m (length) × 0.5 m
(width). Note that these spaces are not shear walls, and it is as-
sumed that the structural stiffness remains unchanged. [32] Dynamic
properties used in the simulation and listed in Table 1.

The building equipped TLWDs is numerically simulated in Python
using the state-space formulation (Eq. (10)), with the state vector
𝐗 including the DOFs of the TLMCD’s vertical columns. An explicit
discrete-time formulation is used to solve the state-space equation [1]

𝐗𝑡+𝛿 = 𝑒𝐀𝛿𝐗𝑡 + 𝐀−1 (𝑒𝐀𝛿 − 𝐈
) (

𝐁𝑢𝐮𝑡 + 𝐁𝑤𝐅𝑤,𝑡 + 𝐁𝑔𝑎𝑔,𝑡
)

(29)

where 𝐈 is the identity matrix and 𝛿 is the time integration interval that
depends on the excitation considered.
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Fig. 3. Schematic representation of (a) the TLMCD system; and (b) its integration within a shear wall forming a TLWD.
Table 1
Dynamic properties of 20-story building.

Floor Height Mass Stiffness Floor Height Mass Stiffness
# (m) (103) kg (103) kN/m # (m) (103) kg (103) kN/m

1 5.49 563 225.57 11 3.96 552 244.83
2 3.96 552 304.19 12 3.96 552 236.10
3 3.96 552 299.71 13 3.96 552 232.06
4 3.96 552 297.92 14 3.96 552 203.39
5 3.96 552 275.07 15 3.96 552 200.93
6 3.96 552 279.55 16 3.96 552 197.57
7 3.96 552 277.09 17 3.96 552 178.75
8 3.96 552 273.95 18 3.96 552 164.42
9 3.96 552 270.59 19 3.96 552 133.95
10 3.96 552 265.89 20 3.96 584 100.58

Table 2
List of parameters for wind speed simulation.

Parameters Category/Value Unit

Exposure category C –
𝑇 600 s
𝑉3,10 37 m/s
𝑧∗ 0.3 m
𝑧∗0 0.07 m
𝛺𝑐 20𝜋 rad/s
𝑁𝛺 213 –
𝜌𝑎𝑖𝑟 1.225 kg∕m3

𝐶𝐷 1.4 –
𝛿𝑡 0.02 s

3.3. Wind and seismic excitations

Wind forces 𝐅𝑤 are simulated as concentrated forces acting on each
DOF, obtained by converting along-wind speeds 𝑉𝑤 into forces [46]

𝐹𝑤 (𝑧, 𝑡) = 1
2
𝜌𝑎𝑖𝑟𝐶𝐷𝐴𝑝𝑉

2
𝑤 (𝑧, 𝑡) (30)

where 𝑧 is the height of the floor above the ground, 𝜌𝑎𝑖𝑟 is the air
density, 𝐴𝑝 is the projected area exposed to the wind pressure, and 𝐶𝐷
is the drag coefficient. Quantity 𝑉𝑤 consists of a mean hourly speed
𝑉𝑚(𝑧) and a zero-mean fluctuating wind speed 𝑉𝑓 (𝑧, 𝑡) due to along-wind
turbulence. The 𝑉𝑚 value with different height 𝑧 is determined from
the conversion of 3-second wind gust speed 𝑉3,10, using a power-law
profile [46]

𝑉𝑚 (𝑧) = 𝑉terrain
ln (𝑧∕𝑧∗) (31)
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ln (10∕𝑧∗)
Fig. 4. Scaled acceleration spectrum of the selected earthquake for the 20-story
building.

with

𝑉terrain = 𝑉3,10
𝑉 ∗ ln (10∕𝑧∗)
𝑉 ∗
0 ln

(

10∕𝑧∗0
) (32)

where 𝑉terrain is the mean hourly speed at 10 m height for a given
terrain, and 𝑉∗ and 𝑉 ∗

0 are the shear velocities of the building site
and open terrain, respectively. A spectral approach [47] with Kaimal
spectrum is employed to simulate 𝑉𝑓 (𝑧, 𝑡). Table 2 reports the values of
the parameters for the wind load simulation, where 37 m∕s of 𝑉3,10 [48]
is selected for the site of Los Angeles area corresponding to a 100-year
mean recurrence interval, 𝑇 is the simulated wind duration, 𝑧∗ and 𝑧∗0
are the surface roughness length for suburban and open terrain, 𝛺𝑐 is
the upper cutoff frequency, 𝑁𝛺 is the total number of frequency points,
and 𝛿𝑡 is the time step.

For the seismic excitations, ground motion records are extracted
from the NGA-west 2 PEER database [49]. Eight event records are
retrieved and characterized as near- and far-field based on the epicen-
tral distance, a distance greater than 50 km corresponds to a far-field
event. These motion records are scaled to the design basic earthquake
spectrum with the site specified parameters 𝑆𝐷𝑆 = 1.01, 𝑆𝐷1 = 0.36, and
𝑇𝐿 = 8 [48]. Table 3 lists the selected earthquake records and the scale
factors obtained through minimizing the mean squared error of the first
three periods to the design spectrum. The scaled motion records and
design spectrum are plotted in Fig. 4.
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Table 3
Selected earthquakes and corresponding scale factors.

# Earthquake (Year) Station Magnitude Distance Scale factor
(km)

Near-field 1 Imperial Valley (1979) El Centro Array #11 6.53 12.56 0.995
2 Chi-Chi (1999) CHY015 7.62 38.13 0.842
3 Parkfield (1966) Shandon Array #12 6.19 17.64 4.604
4 San Fernando (1971) Hollywood Stor FF 6.61 22.77 1.295

Far-field 5 Landers (1992) Amboy 7.28 69.21 1.621
6 Borrego (1942) El Centro Array #9 6.5 56.88 5.522
7 Taiwan SMART1 SMART1 C00 7.3 56.01 1.058
8 Borrego Mtn Terminal Island 6.63 199.84 13.462
4

w
t

3.4. Control cases

Two forms of ERNNs are compared. The first one, termed ‘‘offline
ERNNs’’, assumes prior knowledge of the system and is trained using
standard back-propagation. The second one, termed ‘‘online ERNNs’’,
is trained purely online with its initial weights and bias arbitrarily
initialized, and adapts using the adaption laws described in Section 2.3.
The offline ERNNs is taken as the upper performance bound for the
online ERNNs. A model-based sliding mode controller (SMC) with full
state knowledge is used to benchmark the general performance of the
ERNNs controllers. The required control force from the SMC is taken
as [11]

𝑢SMC = −
(

𝐏𝐁𝑢
)−1 𝐏 (𝐀𝐗 + 𝐁𝐄) − 𝛩𝑠𝐏𝐁𝑢 (33)

where 𝐁 is the input matrix with associated excitation 𝐄, and 𝛩 is the
user-selected sliding margin.

All control cases are conducted on a TLWD system optimally de-
signed for multi-mode passive control, as done in the authors’ prior
work [32]. This passive multi-mode configuration tunes the TLWDs to
the first two structural frequencies for multi-hazard mitigation. The
objective of the semi-active TLWD is to improve the control force
reachability and supplemental damping efficiency.

Performance indices 𝐽1 and 𝐽2 are used to quantify mitigation
performance in terms of maximum inter-story displacement 𝛥 and
acceleration ẍ reductions for the performance evaluation, as

𝐽1 =
max

(

|

|

𝛥un||
)

− max (|𝛥|)

max
(

|

|

𝛥un||
)

𝐽2 =
max

(

|

|

�̈�un||
)

− max (|�̈�|)

max
(

|

|

�̈�un||
)

(34)

where the subscript ‘‘un’’ denotes the uncontrolled case. Other perfor-
mance indices have been proposed in literature, see [50] for instance.
Here, the selected indices are kept to only 𝐽1 and 𝐽2, as done in other
works [19] for conciseness.

4. Results and discussion

In this section, the performance of ERNNs controller under multi-
hazard excitations is evaluated and assessed. First, the ERNNs controller
is verified for active control of a SDOF system. Second, an investigation
of semi-active control performance on the TLWD system is presented.
Last, the robustness of the ERNNs controller is examined over for the
structure with uncertain dynamic properties.

4.1. Verification on SDOF

The performance of the ERNNs controller is verified using an active
control example, where it is assumed that 𝑢act is accessible using an
ideal actuator (i.e., no delay) yet with saturation. The example consists
of an SDOF system subjected to wind or seismic excitations. For this
introductory example, a single RNN is used (𝑀 = 1) because the
structure only has one natural frequency. The system properties and
6

model parameters for each control case are listed in Table 4. Note that
Table 4
List of model parameters for SDOF system and each control case.

Object Parameter Symbol Value Unit

SDOF system Frequency 𝑓𝑠 0.27 Hz
Mass 𝑚 100 kg
Stiffness 𝑘 289 N/m
Damping ratio 𝜉 2 %
Maximum control force 𝑢𝑎𝑐𝑡,𝑚𝑎𝑥 20 N
Sampling rate – 0.01 s

Offline RNN Time delay 𝜏 92(0.92) -(s)
Embedding dimension 𝑑 5 –
Hidden state size 𝑑ℎ 50 –
Learning rate 𝛤 0.015 –
Epoch – 7 –
Control weight 𝐏

[

1 10
]

–

Online RNN Time delay 𝜏 92(0.92) -(s)
Embedding dimension 𝑑 5 –
Hidden state size 𝑑ℎ 50 –
Learning rate 𝛤 1 –
Control weight 𝐏

[

1 8
]

–

SMC Control weigh 𝐏
[

0.5 1
]

–
Sliding margin 𝛩 1000 –

Table 5
Performance indices of each control case under wind and seismic excitations.

Case Wind Seismic

𝐽1 𝐽2 𝐽1 𝐽2
(%) (%) (%) (%)

Offline ERNNs 34.6 41.1 51.8 7.4
Online ERNNs 22.7 40.4 52 10
SMC 25.6 50 59.7 12.4

the SDOF was constructed to be of the same frequency as that of the
fundamental frequency of the 20-story building.

Figs. 5 and 6 plot the responses, and Figs. 7 and 8 plot the output
control forces for online ERNNs and SMC cases under multi-hazard
excitation. Table 5 lists the calculated 𝐽1 and 𝐽2 for each control
case under wind and seismic excitations. Results demonstrate that
both ERNNs cases are stable and successfully mitigate vibrations. The
offline RNN slightly outperforms the online RNN case, as expected,
attributable to offline training. While the SMC performs better than the
ERNNs except for the 𝐽1 under wind, the relative performance of the
online ERNNs controller is acceptable, staying within a maximum 10%
reduced mitigation performance under 𝐽2 for wind.

.2. Full scale structure

Simulations are now conducted on the full-scale structure equipped
ith semi-active TLWDs. The geometric properties, number, and dis-

ribution of TLMCDs along the building are listed in Table 6, where 𝑓
is the tuning frequency, 𝐷 is the diameter of the vertical columns, 𝐿
is the total horizontal length, and 𝑤 is the corresponding number of
devices at each floor. Note that the geometry of a TLMCD tuned at the
2nd frequency allows multiple TLMCDs to be embedded within a single
wall. The interested reader is referred to [32] for more details.



Engineering Structures 270 (2022) 114771Z. Wang et al.
Fig. 5. Responses of the SDOF system for each control case under wind excitation: (a) displacement; and (b) acceleration.
Fig. 6. Responses of the SDOF system for each control case under seismic excitation: (a) displacement; and (b) acceleration.
Fig. 7. Required control force 𝑢 and actual control force 𝑢𝑎𝑐𝑡 output under the wind excitation for: (a) online ERNNs; and (b) SMC.
Fig. 8. Required control force 𝑢 and actual control force 𝑢𝑎𝑐𝑡 output under the seismic excitation for: (a) online ERNNs; and (b) SMC.
Here, only the performance of the online ERNNs is examined for
brevity. Each device is controlled by an individual ERNN constructed
with three RNNs (𝑀 = 3) to capture the first three natural frequencies
of the structure (0.27, 0.73, 1.2 Hz). Performance of the controller is
compared against the uncontrolled and the SMC cases under 20 wind
7

realizations and the eight scaled earthquake records in Table 3. Table 7
lists the parameters used for the ERNNs and SMC cases under this
semi-active application.

Wind performance is probabilistically assessed by fitting the floor
responses with normal distributions. Fig. 9 plots the distributions of
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Fig. 9. Distribution of maximum wind responses: (a) inter-story drift ratio; and (b) floor acceleration.
Table 6
Optimal passive TLMCD tuning parameters .

Floor Frequency 𝑓 𝜂 𝑣 𝐷 𝐿 ℎ 𝑁 𝑤
(m) (m) (m)

8–11 1st 1 0.57 0.75 0.42 5 0.9 6 5
8–11 2nd 0.99 0.7 0.44 0.38 1 0.25 2 36
12–16 1st 0.99 0.34 0.74 0.42 5 0.9 6 8
17–19 1st 0.96 0.45 0.8 0.42 5 0.9 6 5
17–19 2nd 0.97 0.32 0.49 0.38 1 0.25 2 36

Table 7
List of RNN and SMC model parameters for the 20-story building.

Case Parameter Symbol Value Unit

RNN Time delay RNN #1 𝜏1 92(0.92) -(s)
Time delay RNN #2 𝜏2 34(0.34) -(s)
Time delay RNN #3 𝜏3 19(0.19) -(s)
Embedding dimension RNN #1–3 𝑑 4 –
Hidden state size RNN #1–3 𝑑ℎ 20 –
RNN learning rate RNN #1–3 𝛤 1 –
Attention learning rate RNN #1–3 𝛤𝑤 0.002 –
Control weight 𝐏

[

1 | 100
]

–

SMC Control weight 𝐏
[

0.75 | 1.3
]

–
Sliding margin 𝛩 2000 –

inter-story drift ratio and maximum acceleration under different con-
trol cases. A 0.5% inter-story drift ratio and 45 mg acceleration are
selected as performance thresholds (i.e., serviceability). Results show
that the uncontrolled inter-story drift ratio satisfies the drift threshold
with a negligible 1% exceedance probability, however exceeds the
acceleration threshold 55% of the time. Both semi-active control cases
yield substantial improvement relative to the passive configuration in
the acceleration response. In particular, the use of the online ERNNs
reduces the probability of exceedance of the acceleration threshold to
3%, compared to 12% for the passive case. The SMC, which uses full
knowledge and state feedback, reduces that probability of exceedance
to 1%. A cross-comparison of control cases under drift performance
exhibits negligible differences, yet with a general improvement with
respect to the uncontrolled case.

Fig. 10 plots the normalized temporal evolution of the attention
weights under a typical wind excitation, where RNN1 has an input
space targeting the first structural frequency, RNN2 the second fre-
quency, and RNN3 the third frequency. Weights are first initialized with
equal values. It can be observed that (1) weights converge, as it should
be expected for a wind load given the statistically stationary process;
(2) RNN1 associated with the first frequency largely dominates the
control output after convergence; and (3) RNN2 has more importance
than RNN post-convergence, as expected from modal contributions.
8
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Fig. 10. Evaluation of RNN attention weight.

Performance assessment is repeated for seismic excitations. Table 8
lists the maximum responses and associated performance indices for
each control case considering eight seismic records. A 1% inter-story
drift ratio is taken as the elastic threshold for this particular building.
Results show that the control cases keep the building’s response in the
elastic realm, except under EQ6 where the maximum recorded drift is
1.08% under the passive case and 1.01% under the online ERNNs. Both
semi-active cases outperform the passive case except for 𝐽2 under three
events (EQ5 and EQ7 for the ERNNs, and EQ5 for the SMC). A cross-
comparison between the ERNNs and SMC cases indicates the online
ERNNs performs generally similarly compared to the SMC.

Unlike wind excitations, the seismic ground motions contain richer
frequency contents, and the dynamics change rapidly due to the non-
stationarity of the input. This can be observed in Fig. 11 through the
temporal evolution of the attention weights under a typical seismic
event (EQ1). Weights remain constant for approximately eight sec-
onds, whereas the acceleration error is not high enough to provoke
adaptation. After, weights start adapting, with important movements
following the frequency content of the acceleration response shown in
Fig. 11(c). In Fig. 11(c), the frequency content is presented normalized
under each time bin for clarity. It can be observed, for instance, that the
weight of RNN #3 varies when the third mode’s relative importance is
noticeable. An examination of the frequency content also reveals that
the second frequency response plays a more dominant role, resulting
in RNN #2 having a more important weight. Weights generally start to
converge after the highly non-stationary part of the excitation, after
approximately 13 s. Results demonstrate that the attention weights
rapidly adapt to the changing dynamics of the system, and that these
weights relate to the nature of the dynamic response of the structure,
thus yielding some level of interpretability in the machine learning
process.
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Table 8
Seismic responses and performance indices for uncontrolled, passive, RNN, and SMC cases.
Case Uncontrolled Passive ERNNs SMC

𝛥max �̈�max 𝛥max �̈�max 𝐽1 𝐽2 𝛥max �̈�max 𝐽1 𝐽2 𝛥𝑚𝑎𝑥 �̈�max 𝐽1 𝐽2
(%) (g) (%) (g) (%) (%) (%) (g) (%) (%) (%) (g) (%) (%)

EQ1 1.06 0.58 0.98 0.58 7.6 −0.1 0.98 0.58 7.6 −0.1 0.99 0.57 7.2 0.4
EQ2 0.96 0.33 0.78 0.31 18.8 4.7 0.76 0.31 20.8 4.8 0.81 0.31 15.7 5.4
EQ3 1.15 0.44 1 0.43 13 3.7 0.92 0.43 20.3 3.6 0.91 0.43 21.6 3.6
EQ4 1.13 0.39 0.97 0.37 13.9 4.5 0.95 0.37 16.3 4.5 0.95 0.37 15.8 5.2
EQ5 1.02 0.44 0.84 0.42 17.6 5.3 0.79 0.43 22.1 3 0.85 0.43 16.4 1.5
EQ6 1.11 0.58 1.08 0.55 2.7 3.7 1.01 0.55 9.2 3.7 0.99 0.55 10.8 3.7
EQ7 1.14 0.41 0.98 0.43 13.8 −5.7 0.95 0.42 17.2 −3.6 0.98 0.43 14.5 −4.1
EQ8 1.27 0.34 0.97 0.34 24.2 −1.4 0.93 0.35 26.8 2.6 0.84 0.33 34.2 2.5
Fig. 11. Evolution of attention weights for the 19th story under EQ1: (a) attention
weights; (b) structural response used for ERNNs inputs; and (c) normalized wavelet
transform of the structural response.

4.3. Control robustness

The robustness of the RNN controller with respect to parametric
uncertainties is studied. This is done by evaluating performance over
±20% change of the stiffness, induced in the simulations by multiplying
the stiffness matrix by 0.8 and 1.2, simulating an over- and under-
estimate of the stiffness, respectively, whereas all control cases are
tuned on the original stiffness matrix. The evaluations are conducted
based on two different passive TLWD configurations, multi-mode and
fundamental designs. This fundamental mode design tunes the identi-
cally distributed TLMCDs to the structure’s fundamental frequency. In
this case, the TLMCDs have the same geometry to those 1st frequency
TLMCDs in Table 6 with the optimal tuning parameters 𝑓 = 0.98,
𝜂 = 0.8, and 𝑣 = 0.75. Fig. 12 plots the wind performance range, where
9

the performance is taken as the maximum responses averaged over the
20 realizations. Figs. 13 and 14 plot the seismic performance ranges for
near- and far-field earthquakes, respectively.

Results show that, for the multi-mode design, the lower performance
bound is generally better for the ERNNs compared to the SMC. Overall,
it is observed that the RNN has uncertainty ranges similar to those
from the SMC, and that the control cases generally outperform the
passive design in terms of lower performance bound. For the funda-
mental mode design, comparison between passive and semi-active cases
demonstrates the ERNNs and SMC significantly reduce the variation
ranges of the wind performance indices, where ERNNs yields less
variability but relatively lower upper bound compared to the SMC. For
seismic excitations, the ERNNs is similar to the SMC, slightly improving
the passive performance lower bound except for EQ 5 in 𝐽2.

Overall, the ERNNs exhibits similar uncertainty ranges to those of
the SMC, and the improvements with respect to the passive case are
limited, attributable to the ±20% stiffness uncertainties introducing
an approximate 15% tuning error. The multi-mode design is more
sensitive to the stiffness uncertainties than fundamental mode design
but achieves the highest performance when the dynamic properties
are accurately estimated. It is shown that the ERNNs and SMC play
a critical role in improving the wind-induced acceleration responses, a
critical control objective to ensure serviceability, under both passive
and multi-mode design. While the impact of the controlled TLWDs
on acceleration responses under seismic loads is less significant, it
importantly improves the inter-story displacement response under most
seismic events, with less impact for the far-field events, likely at-
tributable to the slower build-up of energy for which passive mitigation
strategies are often efficient.

4.4. Remarks for field applications

The integration of online adaptive capabilities would address a
critical challenge impeding the deployment of intelligent control sys-
tems, by empowering adaptability to large uncertainties and long-term
changes in dynamics (e.g., arising from re-purposing of the struc-
ture or climate change), instead of relying on a heuristic approach
as it is commonly done in the field. There are, however, practical
considerations.

First, the execution of the full control loop, including latency in
the control algorithm and actuation, should remain small in order to
ensure stability. Here, simulations were performed in Python on an
Intel i7-4770 processor using a self-developed code, and yielded an
average computing time of 9 ms per step. This included solving the
state-space equation and the orifice dynamics (Eqs. (26)–(28)). This
computational speed could be improved through professional imple-
mentation on micro-processors and use of parallel computing allowing
the simultaneous computation of all RNNs in the ensemble.

Second, appropriate pre-tuning rules should be designed and imple-
mented for instantaneous adaptation at the beginning of a hazard event.
In this work, the weights and biases were initialized randomly over
pre-defined ranges, also known as the Xavier weight initialization pro-
cess [51]. However, in the vast majority of machine learning work, such
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Fig. 12. Wind performance indices range for building stiffness uncertainties under multi-mode and fundamental mode passive design: (a) 𝐽1; and (b) 𝐽2.
Fig. 13. Near-field earthquake performance indices range for building stiffness uncertainties multi-mode and fundamental mode passive design: (a) 𝐽1; and (b) 𝐽2.
Fig. 14. Far-field earthquake performance indices range for building stiffness uncertainties multi-mode and fundamental mode passive design: (a) 𝐽1; and (b) 𝐽2.
parameters are initially optimized in order to enhance performance of
the algorithm, often permissible through pre-training when datasets are
available. In the case of the ERNNs, it is desired to ensure that weights
in the dense layer scale the output of the RNNs to a practical force
level. Here, higher magnitude ranges for the dense layer (≈102) were
used compared to those in the RNN layers (≈10−1) to map acceleration
measurements to control forces. Alternatively, transfer learning from
SDOF systems of frequencies consistent with those of the structure of
interest could be used for the initialization of the parameters in the
ERNNs.

Last, more factors should be taken into consideration to ensure
control robustness [52]. This includes, for example, faults from data
10
acquisition (e.g., sensors) and actuators failure. Here, the ERNNs con-
troller relies on local state feedback, and the malfunction of sensors,
if not timely detected, could have important consequences on perfor-
mance. It follows that fail-safe mechanisms should be integrated in
the control loop in order to ensure motion performance in the case of
natural hazards, for instance, the availability of alternate power sources
in case of a general loss of power.

5. Conclusion

In this paper, an ensemble of recurrent neural networks (ERNNs)
controller was proposed, which consists of a data-driven controller
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capable of pure online learning. The architecture of the ERNN consists
of multiple long short-term memory (LSTM)-RNNs running in parallel.
A multi-rate sampler is used to sequentially construct the individ-
ual RNN input vectors using local measurements at sampling rates
pre-determined from the structure’s natural frequencies. Each RNN per-
forms an individual estimation with the associated sampling rate, and
these estimations are assembled through into an attention and a dense
layer to produce an estimated control force. Three key advantages of
the proposed architecture are: (1) rapid online adaptation and process-
ing; (2) adaptation to local dynamics and non-stationarities; and (3)
pure online learning architecture minimizing reliance on pre-training.

Two versions of proposed ERNNs controllers, one offline-trained
and one online-trained, were first validated on a single-degree-freedom
(SDOF) system with active control. The multi-hazard performance of
the ERNNs controllers was validated and compared with a model-based
full-state feedback sliding mode controller (SMC). Results demonstrated
that the neuro-controllers were stable, and that performance of the
online ERNNs was generally similar to that of the offline ERNNs, yet
slightly underperforming the SMC.

After, simulations were conducted on a full-scale 20-story building
equipped with a semi-active tuned liquid wall damper (TLWD) system
that consisted of distributed semi-active tuned liquid multiple column
dampers. The online ERNNs controller effectively improved the passive
performance of the control strategy and performed similarly to the
SMC under multi-hazard scenarios. The temporal evolution of each
RNN’s attention weights under both the wind and seismic hazards
was consistent with the temporal frequency content of the structural
response, showing that the controller was capable of capturing and
adapting to fast-changing dynamics.

Lastly, the robustness of the ERNNs controller was studied by vary-
ing the building’s stiffness using both a TLWD system designed for
multi-mode mitigation and for single-mode mitigation (‘‘passive de-
sign’’). It was shown that the online ERNNs could outperform passive
strategies under large parametric uncertainties. Overall, the ERNNs
was successful at providing adequate mitigation performance without
pre-training, under an average run time of 9 ms per time step. This
computation time could be improved through professional implemen-
tation on micro-processors and the use of parallel computing allowing
the simultaneous computation of all RNNs in the ensemble.

Overall, the proposed neuro-controller showed certain capabilities
for applications to uncertain and/or nonstationary systems. While it
was evaluated for a structural control problem, it could be found useful
at controlling a variety of advanced engineering systems, such as adap-
tive mechanisms for energy harvesting and active impact mitigation
strategies. This is left to future work.
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