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Abstract

This study presents a methodology for determining the optimal placement of sensors along the height
of buildings to minimize uncertainty in reconstructing structural response at non-instrumented
floors. Recent advancements in sensing technology have expanded the application of sensor data in
earthquake and structural engineering, including model validation, post-event damage assessment,
and structural health monitoring. However, to lower the costs of sensor installation and
maintenance—particularly at the regional scale—it is essential to strategically place sensors to
maximize the value of the collected data. Because the optimal sensor configuration depends on the
specific objectives of an instrumentation project, there is no universal solution to the sensor placement
problem. In this study, we focus on identifying sensor locations that allow for accurate interpolation
of structural responses at non-instrumented floors with minimal prediction uncertainty. This
objective supports the primary goal of the California Strong Motion Instrumentation Program
(CSMIP), which is to collect structural response data with the highest possible accuracy and the
lowest uncertainty. The proposed method is limited to stationary excitations (e.g., ambient vibrations
or distant earthquakes) and to buildings with uniform mass and stiffness distributions along their
height. Under these assumptions, we use a Gaussian Process Regression (GPR) model to quantify
response prediction uncertainty and minimize the total uncertainty across the building height by
placing sensors at the most informative locations. The GPR model is based on a simple shear-flexural
beam representation, which effectively approximates the building using very few parameters—
parameters that can be estimated from limited building information. The method is verified and
validated using both simulated and real data. Finally, we propose a table that can be used by strong
motion networks to facilitate more quantitative decision-making regarding sensor placement.

Keywords: optimal sensor placement; buildings; Gaussian process regression; stationary response

1. Introduction

The California Strong Motion Instrumentation Program (CSMIP) in the California Geological
Survey (CGS) was established in 1972, after the devastating 1971 San Fernando earthquake to obtain
vital earthquake data and improve understanding of the engineering and scientific communities
about earthquakes and also how civil structures respond to ground shaking [1-5]. Currently, the
program has more than 1,390 active stations throughout California including 946 ground-response
stations, 273 buildings, 26 dams, and 82 bridges with the total number of sensors exceeding 10,200.
While post-earthquake damage assessment was one of its original objectives, Structural Health
Monitoring (SHM) was in its infancy during CSMIP's initiation. Consequently, buildings, especially
mid- to high-rise structures, were—and, to a large extent, still are —equipped with a limited number
of sensors due to the sensor installation and maintenance cost (see Figure 1). Although more extensive
instrumentation is recommended in some guidelines, such as the Los Angeles Tall Buildings
Guidelines [6], it is not yet feasible to install sensors on every floor of a building due to
instrumentation and maintenance costs.
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Recent advancements over the past two decades in both software and hardware have made
vibration-based post-event (e.g., earthquake) damage assessment and continuous structural health
monitoring (SHM) not only feasible but essential for advancing a resilient built environment [7-10].
These capabilities were previously unattainable through traditional, labor-intensive visual in-situ
inspections. Among the most common approaches to post-event assessment are data-driven modal
identification methods [11-16] and model-based system identification techniques [17-22], which
utilize data from instrumented structures to evaluate structural health and performance either after
an earthquake or during regular operation. However, as previously noted, most instrumented
structures are sparsely instrumented due to the high costs associated with installation and
maintenance. This limited instrumentation introduces substantial uncertainty into response
estimation [23-25].

Deterministic interpolation techniques, such as cubic splines [26], have been used to estimate
structural responses at non-instrumented floors [27-29]. To address the inability of these methods to
quantify uncertainty systematically, we recently introduced a hybrid deterministic-probabilistic
approach [30]. This method combines a simple beam model —easily calibrated by adjusting a few
parameters [31-38] —with a Gaussian Process Regression (GPR) model [39,40], a non-parametric
probabilistic technique widely used across various fields, including earthquake engineering (e.g.,
[41]). Through extensive verification and real-world case studies, this approach has been shown to
yield highly accurate mean estimations while simultaneously quantifying associated uncertainties—
an essential feature when synthetic response data are intended for probabilistic post-event damage
assessment, such as FEMA P-58 [42] methodologies [43].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Examples of CSMIP buildings with sparse instrumentation.

Following the development of this hybrid approach [30], we initiated a new project aimed at
minimizing estimation and interpolation uncertainty by optimizing sensor placement along the
height of building structures. While this approach may not enhance existing instrumented structures,
CGS has recently launched an extensive initiative to either fully re-instrument or add additional
sensors to more than 70 buildings—making the findings of this sensor placement study especially
relevant. Furthermore, the number of CSMIP-instrumented buildings continues to grow, as
California’s seismic safety code requires seismic monitoring systems in tall buildings [6].

Optimal sensor placement has long been a subject of research in fields where data collection is
essential [44-49]. In earthquake and structural engineering, interest in this topic dates back to the
early years of structural vibration monitoring (see, e.g., [50,51]) and was revitalized around the year
2000 by pioneering work led by Beck and his former students [52-57]. With the exception of
Limongelli’s study [58], which used a deterministic approach to minimize the difference between the
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response reconstructed via cubic spline interpolation and the true response for a series of typical
building models, information theory forms the core of all these optimal sensor placement strategies,
with differences among studies arising from the specific information metric used. Examples include
the Fisher Information Matrix [50], information entropy [52], joint entropy [59], value of information
[60,61], Kullback-Leibler divergence [62,63], and mutual information [56].

In addition to the information metric, the objective of the sensor placement significantly
influences the results. Common objectives in the literature include finite element model updating,
parameter estimation, model selection, modal identification, damage detection, and structural health
monitoring. Although response reconstruction has been considered among these objectives (e.g.,
[57]), it is often treated as secondary to model updating. However, CSMIP’s primary mandate is to
provide structural response data following earthquakes. As such, response measurement and
reconstruction are central objectives.

Building on the work of Papadimitriou et al. [54] and Gorodesky and Marzouk [64], we propose
an optimal sensor placement strategy for building structures that minimizes uncertainty in response
prediction at non-instrumented floors using Gaussian Process Regression (GPR). The methodology
is based on two key assumptions: (1) the excitation is stationary, and (2) the building is accurately
modeled as a shear-flexural coupled beam. These assumptions allow us to apply random vibration
theory in conjunction with beam theory to analytically construct the covariance kernel function used
in the GPR model.

In the next section, we first provide a brief review of GPR. Then, using the beam model, we
derive the analytical kernel function for a clamped shear-flexural beam, representative of tall building
structures. Finally, we introduce the objective function used to determine the optimal sensor locations
along the height of the building. A series of case studies is conducted to identify and verify optimal
sensor placements for buildings with varying numbers of sensors. These results are compiled into a
practical reference table. We also validate our proposed sensor placement strategy using earthquake
data from an actual instrumented building. The major findings of this study are summarized in the
Conclusion section.

2. The Proposed Approach

2.1. Gaussian Process Regression

Gaussian Process Regression (GPR) is a Bayesian approach for function approximation. Instead
of providing a single functional value f(x), GPR yields posterior probability distribution over all
possible functions [40]. By definition, a GP consists of a set of random variables, any finite subset of
which follows a joint Gaussian distribution. Consequently, its prior can be characterized by a prior
mean function my(x) and a covariance kernel k(x,x’; ), as follows

f)~GP(mo(x), k(x,x';9)), (1)

with
mo(x) = E[f ()], 2)
k(e x5 9) = E[(f () = mo(0)(f(x") — mo(xN)], 3)

where E[.] denotes the expected value, and ¥ is a vector of hyperparameters that define the
covariance kernel. In this study, we assume that both the parameter x and function value f(x) are
scalar. Additionally, while not necessary, the prior mean is often assumed to be zero, as any known
nonzero trend can be subtracted from the data.

Now, assume that noisy function values are available at n; parameter values, given by x =

_ _ _ _ _ _ T .

[%1 X - Xp,]7. Thatis, ¥ = f(%) + € where f(X) = [f(x)) f(%) .. f(%,,)] is the vector
of true function values, ¥y =[¥1 Y2 ** ¥n4]" is the vector of noisy measurement, and €=
[E1 €2 - €n4]T is the vector of measurement noise. Based on the aforementioned definition of a
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GP, function value at any arbitrary input value of £ along with the measurement data construct a
joint Gaussian distribution. Thus,
[ y ] ( o Cxx;9) + a5l k(X% 0))
o~V (o)
f&)

k(x, %;9)" k(% %;9)) 4)

where the matrix C(x,x’;9) is the covariance matrix which is calculated using the covariance kernel
as
k(xy, %5 9) k(xy, % 9) - k(fbfnd;ﬂ)
C(E' E” 19) — k(xZI xll 0) k(x2I xz,‘l,) .E k(JZZr J.an; 19) I (5)
k(xnd,xl,ﬂ) k(xnd,xz,ﬂ) . k(a?nd,fnd;ﬂ)
and k(x, %;9) is a vector representing the correlation between f(x) and f(%), thatis
k(xl, 5&, 19)
. k(x,, x;9
k(x,x;9) = ( 25 ) . (6)
k(xn o X 19)

The 6§1,,xn, term added to the covariance matrix of the measured data is representative of the
measurement noise which is assumed to be a zero-mean uncorrelated white noise with a variance of
aé.

It is then mathematically straightforward to show that the conditional distribution of f(%)
given measurements (X, y) is

f®IZ,F~N(mgz), 075))s (7)

where
mye) = k(& % 9)T[CE F; 9) + 03171, ®)
024 = k(2,2 9) — k(% % 9)T[CE,¥; 9) + 021 k(% % 9), 2

are posterior mean and variance of the prediction at x. To apply the equations above, in addition to
the data, the covariance kernel and its hyperparameters are required. The common practice is to select
an appropriate covariance kernel from a wide range of available functions and then find the optimal
hyperparameter values by minimizing the negative log-likelihood of the data as shown below [65]

1 1
NLL(y) = ETT[C(EY’;ﬂ) + ol 'y + —logl(C(_ xX;9) + D] + —log 2. (10)

As an example, Figure 2 compares the Squared Exponential (SE) and Matern 3/2 kernels [66],
which are defined by the following equations,

a’
ke (x,x';9) = o e 2%, )
3d\ _¥3d 12
k 3(x,x’;19)=af2<1+£>e o, (12)
M3 o}

where d = |x —x'| and 9 = [afz,al]T, in which ¢f and o, are two hyperparameters called the
signal variance and correlation length, respectively. As seen in Figure 2, assuming a signal variance
of 1, a small correlation length leads to a rapid drop in correlation, indicating minimal similarity for
distances greater than this length. Conversely, a large correlation length implies nearly identical
function values across the domain.
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Figure 2. The Squared Exponential and Matern 3/2 kernel functions with three different length-scale values of

0.01, 0.1, and 1, and a constant signal variance of 1.

For the optimal sensor placement task, data is not usually available a priori to use with Eq. (10).
Therefore, we represent the structure with a simple model and use an analytical solution to determine
the covariance kernel, making certain assumptions about the statistical properties of the external
loads. This approach was previously used by Papadimitriou et al. [54] with a flexural beam under
simply supported boundary conditions, which are not applicable to building structures. In this study,
we reproduce the kernel function using the cantilever coupled beam model [31-33,67] under spatially
deterministic (uniform) but temporally uncorrelated lateral loads.

2.2. Analytical Covariance Kernel Using Beam Model

Figure 3a shows the beam model used in this study, which combines flexural and shear beams,
shown in Figure 3b and Figure 3c, respectively. Assuming a uniform mass per unit length p, shear
stiffness (GA), and flexural stiffness (EI) along the beam height L, the governing partial differential
equation of this model under lateral force p(x,t) is given as [31]

2%u(x,t) Ea“u(x,t) _ GAdu(xt) _

a2 T oxe 2 ox =p(.t), (13)

where u(x,t) represents lateral displacement response of the beam at normalized height x = h/L
(0 < x < 1). Dividing both sides of the equation above by EI, we can write

ﬁazu(x,t)_l_
EI 0t2 L*  9x* L*  ox

1 d*u(x,t) a?ou(xt) 1
LoD €D - L, p), (14)
where a =L /% is a dimensionless parameter that indicates the degree of relative contributions of

flexural and shear behaviors. Using the method of separation of variables, where u(x,t) =
Y1 Pr(x) g (t), the equation of motion under free vibration conditions can be written as

EL (") a0 @) _ _dk® _ 2
2 oo~ ) = oo = 9k (13)
resulting in two sets of separate equations of
ik () + wiqi () =0, (16)
"rr 2.1 2 pL4 _
pr (x) —a (Pk(x)—wkﬂq’k(x) = 0. (17)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Solving the characteristic equation of Eq. (17) results in the following real (f;) and imaginary

4
B = §a2+% ’a4+4w,2<pELI, (18)
= |=1g2412 ’ 4 2 PLY 19
Vi = N [ +4a)kEI. (19)

From which it is easy to show that 2 = a? + y]%_. Therefore, the natural frequencies of the beam

(iyy) roots as

can be expressed versus y, and fj as follows

EI

W =5 VB (20)

Having the roots of the characteristic equation, the solution of Eq. (17), i.e., mode shapes, can be
written as

@ (x) = ¢y sin(ygx) + ¢, cos(yrx) + c3 sinh(Bx) + ¢4 cosh(Byx). 21

Using four boundary conditions, and solving the system of homogenous equations, ¢;(x) can
be calculated up to an arbitrary factor d,, as

Pr(x) = dy lsin(ykx) - % sinh(Bx) + i [cosh(Byx) — cos(yyx)] (22)

with

_ Yic Sin yic+y i By sinh By (23)
Yf cosyx+Bj cosh By’

Nk
and an additional equation
4 2
2+ (2 + %) cos(yy) cosh(By) + —sin(y;) sinh(B;) = 0, (24)
Yic Bk YiBr

from which y,, that are needed to calculate the natural frequencies in Eq. (20), can be determined. To
complete the solution, temporal component of the response also needs to be calculated. Instead of Eq.
(16), which applies to free vibration conditions, we solve Eq. (14), having estimated the spatial part
of the response. That is,

231 0 (0 + ST (0 () — a2l (0) (D) = 2p D). (25)

By multiplying both sides of the equation above by ¢;(x) and integrating over the length of the
beam, we have

P Gt J) @10y () dx + 5 X () [ 0, (0 (01" () =
(26)
@’ () dx = [ ¢; () p(x, t)dx,

which can be simplified as

where

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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M; = p [, 9} () dx, (28)
2p1 (1p 2 (29)
K = aL_4fo [¢j(x)] dx,
30
B(®) = [ 0;(0) p(x, )dx, (30)
in which we used the fact that
1 Oforj#k
fO ga](x)(pk(x) dx - {fol (pJZ(x) dx fOI‘j — k ) (31)
fl ()( 0 , ()) { O0forj#k
() ()" () —atpr(x)) = Y ] . 32
0 Pj Pk Pk fol[(pj(x)] dx forj = k (32)

For implementation convenience, the analytical expression of these two integrals is provided

below
ifl Z(X) dx = 1 2 —ﬁ—ﬂﬁ' 2yjmj 14 2 n 2m;j cos2yj _ 2yjnjcosh2p; _
azJo P A\“ T Ty e T V) I
8yj(1+11]2-)2cos£1 Bjsiny;j n (17]2-—1) sin 2y; S(yjz—[?]?n]z-);:os ]2/]- sinh §; N 87 siny; sinh B; + (33)
Bj+v; Yi 87 +v}) Z
(yj2+ﬁ]2n]2-) sinh 2f;
B3
1 ,1p , 2 1
d_]z.fo [p; ()] dx = ;(‘41’1'771 — 2B/} + 2y} (2 +n}) — 2y;m; cos 2y; —
8y;(v]~Bjn}) cosh B;siny; 2 :
2yjn; cosh Zﬁj — 777 — yj(nj — 1) sin2y; + (34)
ﬁjyj(1+n]2-) sinh §; (yjz+ﬁ]znjz-)sinh 2pj
8y cosy; <r)]- cosh B — Y + 7 .

Dividing Eq. (27) by M; and adding viscous damping with modal damping ratio of ¢;!, we have

i () + 2,04, () + wfq; (1) = %(t), for j=1..00 (35)

K.
where w? =L
Mj

(20). As mode shapes are arbitrary scaled (see Eq. (22)), we use mass-normalized mode shapes to

is the j-th undamped natural frequency of the beam, as previously introduced in Eq.

remove M; from equation above. To do so, we define ¢;(x) = qj/j;_x_), and rewrite Eq. (35) as
J

! We add damping to the equations at this point to keep the derivations simple.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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in which P;(t) is calculated using Eq. (30) after replacing ¢;(x) with ¢;(x). The solution to Eq. (36)
can be obtained using the Duhamel integral [68] as q;(t) = fot h;(t — 1) P;(t)dt where h;(t) is the
continuous-time Impulse Response Function (IRF), defined as

1 st . _
h'](t) = w_jde §jwjt sin wjdtr for j=1..00, (37)

where wjq; = ’ 1- ff. The final solution, i.e., the lateral displacement of the beam at level x and time

t, can be calculated as

u(x, ) = Xjt,; ¢;(x) q;(8), (38)

where the upper bound is restricted to include only the first m significant modes.
Using Eq. (38), correlation between beam responses at two points x; and x, can be calculated
as

K (xy, %2, 1) = Xiemg Xieg dre(xq) ¢ (x2) Kga; (1), (39)

where qu,q].(t, t) is the correlation between modal coordinates q,(t) and gq;(t), which can be

calculated as

qu,qj tt) = fot fot kPk,Pj (11, T2) hy (t — T hj(t — T2)dT1d7T,, (40)

in which kpk,pj(‘rl,‘rz) is the correlation between modal loads Pi(t) and P;(t). Similar to

Papadimitriou et al. (2005), we assume that the lateral load can be expressed in a separable form
p(x,t) = s(x)r(t). Here, we further assume that the load is spatially deterministic and constant along
the length of the beam, i.e., s(x) = sy, so the only source of randomness arises from its time variation,
r(t). Assuming this temporal randomness follows a zero-mean, stationary Gaussian white noise
process with a variance of 628(t; — t;), kpk,pj (t1,t;) can be calculated as

kp,p;(t1, t2) = 81,j076(t, — t5), (41)
A 1 1 . .
where $,; = s§ (fo b (x) dx) (fo ¢;(x) dx) in which
1 1—-cosy; Yi sinh §; siny;
JM; |, ¢j(x)dx=T]—ﬂ_Jz(COSﬂj—1)+77j TJ—_.]]- (42)
J j J Yj

Therefore, when the modal responses reach stationary conditions (for large t), kq,,q; can be

calculated as

R ka,j
ka:Qj - Sk,j(

o7, 43)

2
2 2 4 2 2 2
wkd—wjd) +vk_j+2vk‘j(wkd+wjd)

where v, j = §gwy + §w;. Thus, the correlation between beam responses at two points x; and x,
under stationary conditions becomes

R (1, x2) = Yieiq Xitq Pic (1) ¢ (x2) qu,qj- (44)
This covariance kernel can be used in Egs. (8) and (9) to predict the posterior mean and variance

of the response at an unmeasured point £ using information from measurement points X, paving
the way for optimal sensor placement, as will be further described in the next section.
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behaviors are shown in (b) and (c) [67].

2.3. The Objective Function

As mentioned earlier, the purpose of this study is to develop a method for determining the
optimal sensor locations that result in a more reliable reconstruction of the response of non-
instrumented floors. Gaussian Process Regression is a powerful non-parametric approach that can be
used to achieve this objective. To maintain consistency, we determine the optimal sensor locations by
minimizing the uncertainty in the GPR prediction, following the approach used by other researchers
(e.g., [64]). Assuming there are n, sensors to be distributed along the height of the building, with
normalized height x € [0,1], the optimal location of sensors are givenby x* = [¥"1 X'z - X'p,]"
and is obtained by solving the following minimization problem:

x" = min [ (o |%)d%, (45)

where x is the vector of instrumented locations, S is the collection of all feasible/allowable points
for instrumentation, and /() is the posterior variance of the response at non-instrumented levels
calculated using Eq. (9) and the covariance kernel constructed in the previous section. For practical
implementation, the objective function in Eq. (45) can be expressed as a summation as follows

—1lyn 2 |
OF = 342107 %, (46)

where %), for k = 1..n, represents the normalized height of the building’s floors with n, levels.
The optimization should ideally be carried out in the discrete domain; however, we keep it
continuous and convert the optimal solution x* to real-life by selecting the nearest floors.

As shown in Eq. (9), response data is not required to compute sz(,?k) ; therefore, the optimal
sensor locations can be determined prior to sensor deployment, which is a key advantage of the
proposed objective function. The only required information pertains to the characteristics of the beam
model, which are necessary to compute the covariance kernel using Eq. (44). Specifically, the
parameters that contribute to the objective function include s,, 67, @, p, w; and §; (forj = 1..m).
From Eq. (20), it is evident that once the first natural frequency w; is known, all other natural
frequencies can be derived as

Vi @+d) o

2 _
VT @) T

(47)
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in which a is the only required parameter. Once a is known, the mode shapes can also be
determined up to a free scaling factor. To obtain mass-normalized mode shapes, the mass density p
isneeded. However, since p introduces a constant scaling factor across all modes, it uniformly scales
ky . (x1,%;) at all locations. The same applies to the load parameters s, and o2 (see Eq. (43)).
Therefore, we can assume that § ; « ( fol ¢ (x) dx) ( ) 01 ¢;(x) dx). As a result, the only remaining

controlling parameters are w;, @ and ¢&; (forj =1..m). It is reasonable to assume that modal
damping ratios are of similar order across all modes for the purpose of optimal sensor placement,
particularly when no structural response data is available. Based on this assumption, we can further
simplify kg, q; as

k « & Zf(bk+bj)

,q i Sk, i 3 2 )
Wy = 0F (1-g2)(07-07) 44 (it b)) +262(1-2) (bic b)) (b7 +57)

(48)

where by, = y2(a? +y2)/yi(a® + y}). This expression indicates that w, affects all auto- and cross-
modal correlations in a similar manner and can therefore be omitted when computing from the
objective function of Eq. (46). Furthermore, assuming small damping (approximately 5%), Eq. (48)
can be simplified as

2§

Kawa;  Sij (bic+b )| (1+282)(b7+b7 )~2bich | “9)

When k = j, kg, g, < 3k ﬁ, indicating that changes in the damping ratio affect the modal

coordinate autocorrelations in a uniform manner. Therefore, we can write: kayai v
n 28

XS
qK.9qj k,j (bk+bj)(bk_bj)2

damping appears again as a scaling factor affecting all cross-correlations similarly, though with a

A 1
o Sy ke pres For k #

j, we can neglect the 2¢? term in comparison to 1 and express: k Here,

different order than in the autocorrelation case. However, since modal cross-correlations are
generally much smaller than autocorrelations, the damping ratio can also be excluded from the list
of controlling parameters. Thus, the only remaining parameter is , which characterizes the relative
contribution of flexural and shear behavior and can be estimated based on the building’s lateral force-
resisting system. For example [32]:
e  Inshear wall and braced frame buildings, a typically ranges between 0 and 1.5.
e  In dual structural systems—such as a combination of moment-resisting frames with shear walls
or braced frames— «a usually falls between 1.5 and 5.
¢  In moment-resisting frame buildings, a typically ranges from 5 and 20.
Figure 4 shows the first five mode shapes of the coupled beam model with a ranging from 0 to
30. The blue curve represents pure flexural behavior, while the red curve represents pure shear
behavior. As shown, the nodes in each mode move toward the base of the beam as the behavior
transitions from flexural to shear dominance. Additionally, the differences between mode shapes
diminish for higher modes.
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Figure 4. The first five mode shapes of the coupled beam model with a varying from 0 to 30. The blue curve

represents pure flexural behavior, while the red curve represents pure shear behavior.
3. Case Studies

3.1. Single Sensor

First, we present the optimal sensor placement when only one sensor is deployed. While more
than one sensor is usually used in real applications, this single-sensor scenario helps to understand
and verify the details of the methodology. Figure 5 shows the results for a case with a = 10. In Figure
5a, the response variance at each point along the height of the beam (074, in Eq. (9)) is shown versus
the location of the sensor. In this heatmap plot, all responses are normalized to the prior variance of
the roof, k(1,1), to eliminate the effects of load intensity on the absolute variance values for
comparison purposes. We will refer to this scaling scheme as uniform scaling in this paper. As can be
seen, the variance is close to zero along the diagonal because the sensor is placed there, and it
increases as the response point moves farther from the measurement points —especially when the
response point is close to the roof while the sensor is placed near the base. The objective function
defined in Eq. (46) is computed by averaging along the vertical direction of the heatmap plot and is
shown in the top subplot. As seen, the minimum total uncertainty is obtained when the single sensor
is placed at a normalized height of 0.71.

Figure 6b presents similar plots, but with each response variance scaled by its prior variance
(ie., afz(f) /k(X,%)). In this paper, we will refer to this scaling scheme as nonuniform scaling. With this
normalization, the response uncertainty changes uniformly around the sensor location.
Consequently, the total uncertainty reaches its minimum when the sensor is positioned at the mid-
height of the building, as shown in the top subplot of Figure 6b.
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Figure 5. Response variance and total uncertainty versus the location of a single sensor for a building with a =
10. (a) Response variances are normalized by the roof's prior variance, and (b) response variances are normalized

by their respective prior variances.

To further evaluate the performance of this optimal sensor placement strategy, we subjected the
beam model with @ = 10 and a 5% modal damping ratio to 500 randomly generated white noise
realizations, ensuring a sufficient duration to achieve a stationary response. Assuming sensor single-
sensor measurements, we then predicted the mean responses along the height of the beam for each
case using Eq. (8). Finally, we calculated the Mean Squared Error (MSE) of the predictions for two
scaling scenarios as follows

_ 1 T [um (R ) —u(Rg,n)]?
~ _ 1 yng ZREN[um @) —u(@pn))?
MSE (%) = - oy 12%,1%@,0@2 : (51)

where u(%y,n) and u,(%;,n) are, respectively, the true and mean predicted response at the
normalized level X, and time instant n. N is the length of the signals, and n, is the total number of
discrete floors, as introduced earlier.

Figure 6 shows the Probability Distribution Function (PDF) of the MSE versus the location of a
single sensor along the height of the beam for the two scaling scenarios. As expected, the mean MSE
is minimized when the sensor is placed at a height of 0.71 when the roof variance is used as the scaling
factor. In contrast, the mid-height of the beam is the optimal sensor location when each floor's MSE
is scaled by its response variance. Additionally, both the mean MSE and its uncertainty are minimized
when the sensor is at the optimal location, as seen in both plots of Figure 6. Finally, we repeat the
optimal sensor placement analysis for the entire range of the parameter a (i.e., 0 to 30). The total
uncertainty for all of these cases and both scaling scenarios is shown in Figure 7. Similar to the mode
shape plots (Figure 4), cases with pure flexural and pure shear behaviors are highlighted in blue and
red, respectively. As observed, when the variances are not scaled (or scaled using a constant, such as
the roof’s variance), the optimal sensor location shifts from higher to lower levels as the beam
behavior transitions from flexural to shear-dominated. However, under the second scaling scheme,
the optimal location remains nearly unchanged and even shifts slightly upward. While changes in
the optimal location versus a are generally negligible in this case, the total uncertainty obtained from
the two most extreme cases (i.e., pure shear and pure flexural) does not perfectly represent the lower
and upper envelopes of all cases. Figure 8 presents the optimal sensor location versus a for both
scaling scenarios. As mentioned earlier and shown in this figure, when nonuniform scaling is
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employed, the optimal location remains nearly unchanged. However, with uniform scaling, the
optimal location shifts to lower elevations as the shear contribution increases.
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Figure 6. Probability Distribution Function (PDF) of the Mean Squared Error (MSE) of the beam’s total response
versus the location of a single sensor in a building with a = 10. (a) Response errors are normalized by the MSE

at the roof (uniform scaling), and (b) response errors are normalized by the MSE of their respective floors
(nonuniform scaling).
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Figure 7. Variation of the total uncertainty with sensor location for beams with a ranging from 0 to 30. The blue

curve represents pure flexural behavior, while the red curve represents pure shear behavior: (a) uniform scaling
and (b) nonuniform scaling.
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Figure 8. Variation of the optimal sensor location with a for (a) uniform and (b) nonuniform scaling.

3.2. Multiple Sensors

When the number of sensors is greater than one, it may not be possible to graphically present
some of the results shown in the previous section. Figure 9 illustrates the total uncertainty (objective
function) of a beam with @ = 10 versus a normalized index representing the sensor layout. For each
sensor count, we calculated the objective function for all possible sensor arrangements within the
available n, locations, then sorted the resulting objective values from minimum to maximum.
Because the number of possible combinations varies with the number of sensors, we normalized the
sorted layout indices (ranging from 1 to the total number of combinations) by the maximum number
of combinations to enable plotting all cases on the same figure.

The single-sensor scenario in Figure 9 corresponds to the top plots of Figure 5, now simply sorted
from minimum to maximum. As seen in Figure 9, adding a second sensor significantly reduces the
objective function, regardless of the sensor locations. This reduction can reach up to two orders of
magnitude if the sensors are optimally placed. The figure demonstrates that, under both scaling
schemes, using two sensors instead of one results in lower total uncertainty —even if the sensors are
randomly located in the building. This trend of decreasing total uncertainty continues with the
addition of more sensors, as shown in Figure 9. The number of sensors is limited to four in this figure
because only five modes are considered in the analysis; thus, using five sensors would eliminate the
uncertainty entirely. This figure can also be used to determine both the number and locations of
sensors required to achieve a specified level of total uncertainty.

Figure 10 shows the optimal sensor locations corresponding to the minimum objective function.
In this figure, blue circles indicate the optimal locations under the uniform scaling scenario, while red
circles represent the optimal locations under the nonuniform scaling scenario. As seen, and similar
to the single-sensor case, scaling the response variances by their corresponding prior variances results
in a downward shift in the optimal sensor locations.
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Figure 9. Variation of total uncertainty of a beam with a = 10 for different numbers of sensors under (a)

uniform scaling and (b) nonuniform scaling scenarios.
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Figure 10. Optimal sensor locations for a beam with @ = 10, shown for varying numbers of sensors under

uniform (blue) and nonuniform (red) scaling scenarios.

Similar to the single-sensor scenario, we now solve the problem for a range of a values, varying
from zero (pure flexural beam) to 30 (pure shear beam). Figure 11 shows the minimum total
uncertainty for different numbers of sensors under both uniform and nonuniform scaling scenarios.
As seen in the figure, for both scaling cases, once a exceeds a certain threshold (~15 for uniform
scaling and ~10 for nonuniform scaling), the minimum total uncertainty becomes almost insensitive
to further changes in a.. In other words, the minimum total uncertainty is more sensitive to the balance
between shear and flexural contributions when the beam’s behavior is dominated by flexural
effects—typical of buildings with concrete shear walls.
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Figure 11. Variation of the minimum total uncertainty with a for different numbers of sensors: (a) uniform

scaling and (b) nonuniform scaling.

Figure 12 shows the optimal sensor heights for various numbers of sensors under both uniform
and nonuniform scaling scenarios. As observed in the single-sensor case, when the building behavior
shifts toward shear behavior, the optimal sensor locations move toward the lower levels.
Additionally, and consistent with the observations in Figure 10 for a fixed value of @, nonuniform
scaling further shifts the optimal sensor locations downward and arranges them in a symmetric
pattern with respect to the building’s mid-height.

To make the results of this study applicable to engineering practice, we recommend optimal
sensor locations for three common structural systems, based on the mean a values suggested by [32],
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under both scaling scenarios. In the absence of detailed information about a specific building, if the
structure can be reasonably approximated by a beam model, this table can guide sensor placement
along the building height to enable estimation of non-instrumented floor response using Gaussian
Process Regression with minimal total uncertainty.
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Figure 12. Variation of the optimal sensor location with « for different numbers of sensors under (a) uniform
and (b) nonuniform scaling. The small fluctuations and step-like patterns observed in the figure are due to the

limited discretization resolution used in the analysis and the nonconvex nature of the optimization problem.

4. Validation

In this section, data from an instrumented building is used to validate the optimal sensor
placement method described and tested in the previous sections. A complete validation ideally
requires a tall building instrumented on every floor, with data that align with the load assumptions
made during the method’s derivation. Unfortunately, to the best of the authors” knowledge, no such
building exists in the CSMIP database. One of the best available cases for validation is the One Rincon
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Hill (ORH) building in San Francisco (see Figure 13). This 62-story building features a concrete core
shear wall supplemented by tall outrigger columns. The core is connected to the outrigger columns
using steel buckling-restrained braces. Additionally, the building is equipped with rooftop water
tanks that function as liquid mass dampers. The floors consist of post-tensioned concrete flat slabs,
and the building is supported by a 12-ft-thick mat foundation resting on bedrock. The ORH building
was instrumented in 2012 through a joint effort by the California Geological Survey (CGS) and the
United States Geological Survey (USGS), using 72 accelerometers across 26 levels. Figure 13 illustrates
the existing instrumentation, with half of the sensors managed by CGS and the other half by USGS.

While some publicly available stationary ambient data exist, we use one of the weak earthquake
records available through CESMD (Center for Engineering Strong Motion Data) 2 for validation to
ensure that the applied lateral inertia forces are spatially deterministic and uniform. The 2014 M6
South Napa earthquake, which occurred approximately 50 km from the building, produced a Peak
Ground Acceleration (PGA) of 0.005g. This level of ground motion satisfies the assumption of
stationarity and temporal uncorrelation used in the formulation. Figure 14 shows the recorded
displacement signals (NS direction) used to identify optimal sensor locations for this building under
different scaling and sensor quantity scenarios. Since the building's floor plan changes significantly
at Level 7, we consider that level as the base of the structure for calculating floor heights and selecting
data channels. This results in a total of 23 instrumented floors used in the analysis.
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Figure 13. One Rincon Hill building (left) and its instrumentation layout (right).

To verify the findings reported in Table 1, we predict the mean response of the non-instrumented
floors under each scaling and sensor quantity scenario using Eq. (8), and then compute the errors
using Egs. (50) and (51). The minimum error is expected when the sensor is placed at the optimal
location. Figure 15 shows the variation of the mean-square error for the single-sensor scenario. This
figure closely resembles Figure 6, although it is based on real data from a building that does not
perfectly behave as a shear-flexural beam (an a value of 1.5 is used in the beam model calculations).
Also, the loading is not ideal stationary white noise. As seen in the figure, the optimal sensor locations
are approximately 0.83 and 0.58 times the building height for the uniform and nonuniform scaling
scenarios, respectively, consistent with the results suggested in Table 1.

2 strongmotioncenter.org, last updated: 5/15/2025

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0694.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 October 2025 d0i:10.20944/preprints202510.0694.v1

19 of 24

Table 1. Recommended optimal heights of sensors under uniform and nonuniform scaling scenarios for

buildings with common structural systems. Numbers in parentheses are for the nonuniform scaling scenario.

Shear Wall/Braced Frame Dual System Moment Frame
Number of Sensors Number of Sensors Number of Sensors
Sensor
Number 1 2 3 4 1 2 3 4 1 2 3 4

0.80 0.50 0.35 0.30 0.75 0.50 0.35 0.30 0.70 0.45 0.30 0.25
1 0.50) | (0.25) | (0.15) | (0.1) | (0.50) | (0.25) | (0.15) | (0.1) | (0.5 | (0.25) | (0.15) | (0.1)
0.9 0.65 0.50 0.85 0.65 0.50 0.85 0.60 0.50
2 0.75) | (0.50) | (0.35) 0.75) | (0.50) | (0.35) 0.75) | (0.50) | (0.35)
0.90 0.70 0.90 0.70 0.90 0.70
3 0.85) | (0.65) (0.85) | (0.65) 0.85) | (0.65)
0.95 0.95 0.95
4 (0.90) (0.90) (0.90)

Figure 16 displays the identified optimal sensor locations for various numbers of sensors under
the two scaling scenarios. As shown in the figure, the identified sensor locations closely match those
suggested in Table 1 across different sensor quantities.

Displacement

Time (Sec.)

Figure 14. Recorded displacement response during the 2014 M6 South Napa earthquake, from Level 7 up to the
roof.
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Figure 15. Variation of the mean-square error with the location of a single sensor along the height of the building

for (a) uniform and (b) nonuniform scaling.
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Figure 16. Identified optimal sensor locations (filled circles) for the ORH building compared to the locations
suggested in Table 1 (unfilled circles), shown for varying numbers of sensors under (a) uniform (blue) and (b)

nonuniform (red) scaling scenarios.

5. Conclusions
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We developed an optimal sensor placement methodology based on an objective function that
minimizes the response reconstruction uncertainty at non-instrumented floors. The California Strong
Motion Instrumentation Program (CSMIP) has been instrumenting civil engineering structures,
including buildings and bridges, for over 50 years. One of the primary goals of this program is to
provide high-quality structural response data to the engineering community. However, due to the
high cost of sensor installation and maintenance, it is not feasible to densely instrument most
structures. For example, many buildings are currently instrumented using engineering judgment,
with only a few sensors distributed along their height. To make this process more quantitative and
systematic, we developed a method for identifying optimal sensor locations along the height of
building structures, enabling the interpolation of responses at non-instrumented floors with minimal
uncertainty. The proposed method is limited to stationary excitations and buildings with uniform
mass and stiffness distributions along their height. Under these assumptions, the kernel function of
the Gaussian Process Regression (GPR) model can be analytically derived based on the shear-flexural
beam model and random vibration theory. We verified and validated the proposed method using
both simulated and real data. In addition, we proposed a table that can be used to support more
quantitative and informed decision-making regarding sensor placement.

Acknowledgments: This study was supported by the California Geological Survey (CGS), which is gratefully
acknowledged. Any opinions, findings, and conclusions expressed in this material are solely those of the authors

and do not reflect the views of the California Department of Conservation.

References

1.  Celebi, M., Hisada, Y., Omrani, R., Ghahari, S.F., and Taciroglu, E., 2016a. Responses of two tall buildings
in Tokyo, Japan, before, during, and after the M9.0 Tohoku earthquake of 11 March 2011. Earthquake Spectra,
32(1). DOI: 10.1193/092713EQS260M

2. Celebi, M., Kashima, T., Ghahari, S.F., Abazarsa, F., and Taciroglu, E., 2016b. Responses of a tall building
with US code-type instrumentation in Tokyo, Japan, to events before, during, and after the Tohoku
earthquake of 11 March 2011. Earthquake Spectra, 32(1), 497-522. Earthquake Engineering Research Institute.

3. Celebi, M., Kashima, T., Ghahari, S.F., Koyama, S., Taciroglu, E., and Okawa, 1., 2017. Before and after
retrofit behavior and performance of a 55-story tall building inferred from distant earthquake and ambient
vibration data. Earthquake Spectra, 33(4). DOI: 10.1193/122216EQS249M

4. Celebi, M., Ghahari, S.F., Haddadi, H., and Taciroglu, E., 2020. Response study of the tallest California
building inferred from the Mw?7.1 Ridgecrest, California earthquake of 5 July 2019 and ambient motions.
Earthquake Spectra. DOI: 10.1177/8755293020906836

5. Ghahari, S.F., Abazarsa, F., and Taciroglu, E., 2017. Probabilistic blind identification of site effects from
ground surface signals. Bulletin of Earthquake Engineering. DOI: 10.1007/s10518-017-0253-0

6.  Los Angeles Tall Buildings Structural Design Council (LATBSDC), 2020. An Alternative Procedure for Seismic
Analysis and Design of Tall Buildings Located in the Los Angeles Region. Los Angeles, CA: LATBSDC.

7. Limongelli, M. P., and Celebi, M., 2019. Seismic Structural Health Monitoring. From Theory to Successful
Applications. Springer Tracts in Civil Engineering. DOI: 10.1007/978-3-030-13976-6.

8.  Ghahari, S.F., Malekghaini, N., Ebrahimian, H., and Taciroglu, E., 2022a. Bridge digital twinning using an
output-only Bayesian model updating method and recorded seismic Measurements. Sensors, 22(3). DOI:
10.3390/s22031278

9.  Rahmani, M., and Todorovska, M. I, 2021. Structural health monitoring of a 32-storey steel-frame building
using 50 years of seismic monitoring data. Earthquake Engineering & Structural Dynamics, 50(6), 1777-1800.
Wiley Online Library.

10. Malekghaini, N., Ghahari, S.F., Ebrahimian, H., Bowers, M., Ahlberg, E., and Taciroglu, E., 2023. A two-
step FE model updating approach for system and damage identification of prestressed bridge girders.
Buildings, 13(2). DOL: 10.3390/buildings13020420

11. Abazarsa, F., Ghahari, S.F., Nateghi, F., and Taciroglu, E., 2013a. Response-only modal identification of
structures using limited sensors. Structural Control and Health Monitoring, 20(6). DOI: 10.1002/stc.1513

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0694.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 October 2025 d0i:10.20944/preprints202510.0694.v1

22 of 24

12. Abazarsa, F., Nateghi, F., Ghahari, S.F., and Taciroglu, E., 2013b. Blind modal identification of non-
classically damped systems from free or ambient vibration records. Earthquake Spectra, 29(4). DOI:
10.1193/031712EQS093M

13. Abazarsa, F., Nateghi, F., Ghahari, S.F., and Taciroglu, E., 2016. Extended blind modal identification
technique for nonstationary excitations and its verification and validation. Journal of Engineering Mechanics,
142(2), 04015078. DOI: 10.1061/(ASCE)EM.1943-7889.0000990

14. Ghahari, S.F., Abazarsa, F., Ghannad, M.A., and Taciroglu, E., 2013. Response-only modal identification of
structures using strong motion data. Earthquake Engineering and Structural Dynamics, 42(8). DOL
10.1002/eqe.2268

15. Ghahari, S.F., Abazarsa, F., Ghannad, M.A., Celebi, M., and Taciroglu, E., 2014. Blind modal identification
of structures from spatially sparse seismic response signals. Structural Control and Health Monitoring, 21(5).
DOI: 10.1002/stc.1593

16. Ghahari, SF., Abazarsa, F., and Taciroglu, E., 2016a. Blind modal identification of non-classically damped
structures under non-stationary excitations. Structural Control and Health Monitoring. DOI: 10.1002/stc.1925

17.  Friswell, M. 1., and Mottershead, J. E., 1995. Finite element model updating in structural dynamics. Solid
mechanics and its applications (Vol. 38). DOI: 10.1007/978-94-015-8508-8

18. Mottershead, J. E., Link, M., and Friswell, M. L, 2011. The sensitivity method in finite element model
updating: A tutorial. Mechanical Systems and Signal Processing, 25(7), 2275-2296. DOI:
10.1016/j.ymssp.2010.10.012

19. Ebrahimian, H., Taha, A., Ghahari, S.F., Asimaki, D., and Taciroglu, E., 2022. Estimation of soil-structure
model parameters for the Millikan Library building using a sequential Bayesian Finite Element model
updating technique. Buildings, 13(1), 28. MDPL

20. Ghahari, S.F., Abazarsa, F., Avci, O., Celebi, M., and Taciroglu, E., 2016b. Blind identification of the Millikan
Library from earthquake data considering soil-structure interaction. Structural Control and Health
Monitoring, 23(4), 684-706. DOI: 10.1002/stc.1803

21. Roohi, M., Hernandez, E. M., and Rosowsky, D., 2019. Nonlinear seismic response reconstruction and
performance assessment of instrumented wood-frame buildings— Validation using NEESWood Capstone
full-scale tests. Structural Control and Health Monitoring, 26(9). DOI: 10.1002/stc.2373

22. Song, M., Astroza, R., Ebrahimian, H., Moaveni, B., and Papadimitriou, C., 2020. Adaptive Kalman filters
for nonlinear finite element model updating. Mechanical Systems and Signal Processing, 143, 106837. Elsevier.

23. Lynch, J. P., 2007. An overview of wireless structural health monitoring for civil structures. Philosophical
Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences. DOI:
10.1098/rsta.2006.1932

24. Cheng, Q. Fei, Y., Lu, X, Liao, W., Zhang, W., Chen, P. Y., Kurtulus, A., et al., 2022. Influence of Sensor
Density on Seismic Damage Assessment: A Case Study for Istanbul. Bulletin of the Seismological Society of
America, 112(4). DOI: 10.1785/0120220005

25. Liao, W,, Fei, Y., Ghahari, F., Zhang, W., Chen, P. Y., Kurtulus, A., Yen, C. H,, et al., 2022. Influence of
accelerometer type on uncertainties in recorded ground motions and seismic damage assessment. Bulletin
of Earthquake Engineering, 20(9). DOI: 10.1007/s10518-022-01461-5.

26. Wahba, G., 1991. Spline Models for Observational Data. Mathematics of Computation, 57(195). DOI
10.2307/2938687

27. Naeim, F., Lee, H., Hagie, S., Bhatia, H., Alimoradi, A., and Miranda, E., 2006. Three-dimensional analysis,
real-time visualization, and automated post-earthquake damage assessment of buildings. Structural Design
of Tall and Special Buildings, 15(1), 105-138. DOIL: 10.1002/tal.345

28. Limongelli, M. P, 2011. The interpolation damage detection method for frames under seismic excitation.
Journal of Sound and Vibration, 330(22). DOI: 10.1016/j.jsv.2011.06.012.

29. Kodera, K., Nishitani, A., and Okihara, Y., 2020. Cubic spline interpolation based estimation of all story
seismic responses with acceleration measurement at a limited number of floors. Japan Architectural Review,
3(4). DOI: 10.1002/2475-8876.12155

30. Ghabhari, F., Swensen, D., Haddadi, H., and Taciroglu, E., 2024. A hybrid model-data method for seismic
response reconstruction of instrumented buildings. Earthquake Spectra, 40(2), 1235-1268.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0694.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 October 2025 d0i:10.20944/preprints202510.0694.v1

23 of 24

31. Miranda, E., 1999. Approximate seismic lateral deformation demands in multistory buildings. Journal of
Structural Engineering, 125(4), 417-425. American Society of Civil Engineers.

32. Miranda, E., and Taghavi. S., 2005. Approximate floor acceleration demands in multistory buildings. I:
Formulation. Journal of structural engineering 131(2): 203-211.

33. Taghavi, S., and Miranda, E., 2005. Approximate floor acceleration demands in multistory buildings. II:
Applications. Journal of Structural Engineering, 131(2), 212-220. American Society of Civil Engineers.

34. Shirzad-Ghaleroudkhani, N., Mahsuli, M., Ghahari, S. F., and Taciroglu, E., 2017. Bayesian identification of
soil-foundation stiffness of building structures. Structural Control and Health Monitoring. DOI:
10.1002/stc.2090

35. Ameri Fard Nasrand, M., Mahsuli, M., Ghahari, S.F., and Taciroglu, E., 2023. Bayesian model selection
considering model complexity using stochastic filtering. Earthquake Engineering & Structural Dynamics,
n/a(n/a). DOLI: https://doi.org/10.1002/eqe.3915

36. Rostami, P., Mahsuli, M., Ghahari, S.F.,, and Taciroglu, E., 2021. Bayesian joint state-parameter-input
estimation of flexible-base buildings from sparse measurements Using Timoshenko beam models. Journal
of Structural Engineering, 147(10), 04021151. American Society of Civil Engineers.

37. Tacirogly, E., Celebi, M., Ghahari, S.F., and Abazarsa, F., 2016. An investigation of soil-structure interaction
effects observed at the MIT green building. Earthquake Spectra, 32(4), 2425-2448. Earthquake Engineering
Research Institute.

38. Tacirogly, E., Ghahari, S.F., and Abazarsa, F., 2017. Efficient model updating of a multi-story frame and its
foundation stiffness from earthquake records using a Timoshenko beam model. Soil Dynamics and
Earthquake Engineering, 92. DOI: 10.1016/j.s0ildyn.2016.09.041

39. Krige, D. G, 1951. A statistical approach to some basic mine valuation problems on the Witwatersrand.
Journal of Southern African Institute of Mining and Metallurgy, 52(6).

40. Rasmussen, C. E., and Williams, C. K. I, 2006. Gaussian Processes for Machine Learning. Cambridge,
Massachusetts: MIT Press.

41. Tamhidi, A., Kuehn, N., Ghahari, S.F., Rodgers, A.J., Kohler, M. D., Taciroglu, E., and Bozorgnia, Y., 2022.
Conditioned simulation of ground-motion time series at uninstrumented sites using Gaussian process
regression. Bulletin of the Seismological Society of America, 112(1), 331-347. Seismological Society of America.

42. FEMA P-58-1, 2018. Seismic performance assessment of buildings volume 1 —methodology. Technical report
FEMA-P58.

43. Cremen, G., and Baker, J. W., 2018. Quantifying the benefits of building instruments to FEMA P-58 rapid
post-earthquake damage and loss predictions. Engineering Structures. DOI: 10.1016/j.engstruct.2018.08.017

44. Morari, M., and O'Dowd, M. J.,, 1980. Optimal sensor location in the presence of nonstationary
noise. Automatica, 16(5), 463-480.

45. Kammer, D. C., 1991. Sensor placement for on-orbit modal identification and correlation of large space
structures. Journal of Guidance, Control, and Dynamics, 14(2), 251-259.

46. Lin, F. Y, and Chiu, P. L., 2005. A near-optimal sensor placement algorithm to achieve complete coverage-
discrimination in sensor networks. IEEE communications letters, 9(1), 43-45.

47. Zimmerman, D. L., 2006. Optimal network design for spatial prediction, covariance parameter estimation,
and empirical prediction. Environmetrics: The official journal of the International Environmetrics Society, 17(6),
635-652.

48. Ranieri, J., Chebira, A., and Vetterli M. 2014. Near-optimal sensor placement for linear inverse
problems. IEEE Transactions on signal processing, 62(5), 1135-1146.

49. Li, R, Mehr, N, and Horowitz, R., 2023. Submodularity of optimal sensor placement for traffic
networks. Transportation research part B: methodological, 171, 29-43.

50. Udwadia, F. E., 1994. Methodology for optimum sensor locations for parameter identification in dynamic
systems. Journal of engineering mechanics, 120(2), 368-390.

51. Kirkegaard, P. H., and Brincker, R., 1994. On the optimal location of sensors for parametric identification
of linear structural systems. Mechanical Systems and Signal Processing, 8(6), 639-647.

52. Papadimitriou, C., Beck, J. L., and Au, S. K., 2000. Entropy-based optimal sensor location for structural
model updating. Journal of Vibration and Control, 6(5), 781-800.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.1002/eqe.3915
https://doi.org/10.20944/preprints202510.0694.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 October 2025 d0i:10.20944/preprints202510.0694.v1

24 of 24

53. Papadimitriou, C., 2004. Optimal sensor placement methodology for parametric identification of structural
systems. Journal of sound and vibration, 278(4-5), 923-947.

54. Papadimitriou, C., Haralampidis, Y., and Sobczyk, K., 2005. Optimal experimental design in stochastic
structural dynamics. Probabilistic engineering mechanics, 20(1), 67-78.

55. Argyris, C., Papadimitriou, C., and Panetsos, P., 2019. Bayesian optimal sensor placement for modal
identification of civil infrastructures. Journal of Smart Cities, 2(2), 69-86.

56. Bhattacharyya, P., and Beck, J., 2020. Exploiting convexification for Bayesian optimal sensor placement by
maximization of mutual information. Structural Control and Health Monitoring, 27(10), e2605.

57.  Argyris, C,, Papadimitriou, C., Samaey, G., and Lombaert, G., 2021. A unified sampling-based framework
for optimal sensor placement considering parameter and prediction inference. Mechanical Systems and
Signal Processing, 161, 107950.

58. Limongelli, M. P., 2003. Optimal location of sensors for reconstruction of seismic responses through spline
function interpolation. Earthquake engineering & structural dynamics, 32(7), 1055-1074.

59. Bertola, N. J., Papadopoulou, M., Vernay, D., and Smith, I. F., 2017. Optimal multi-type sensor placement
for structural identification by static-load testing. Sensors, 17(12), 2904.

60. Malings, C., and Pozzi, M., 2016. Value of information for spatially distributed systems: Application to
sensor placement. Reliability Engineering & System Safety, 154, 219-233.

61. Caglar, N. M., and Limongelli, M. P., 2023. Optimal Location of Strong Ground Motion Sensors for Seismic
Emergency Management. In International Conference on Experimental Vibration Analysis for Civil Engineering
Structures (pp. 582-591). Cham: Springer Nature Switzerland.

62. Argyris, C., Chowdhury, S., Zabel, V., and Papadimitriou, C., 2018. Bayesian optimal sensor placement for
crack identification in structures using strain measurements. Structural Control and Health Monitoring, 25(5),
€2137.

63. Capellari, G., Chatzi, E., and Mariani, S., 2018. Cost-benefit optimization of structural health monitoring
sensor networks. Sensors, 18(7), 2174.

64. Gorodetsky, A., and Marzouk, Y., 2016. Mercer kernels and integrated variance experimental design:
connections between Gaussian process regression and polynomial approximation. SIAM/ASA Journal on
Uncertainty Quantification, 4(1), 796-828.

65. Schulz, E., Speekenbrink, M., and Krause, A., 2018. A tutorial on Gaussian process regression: Modelling,
exploring, and exploiting functions. Journal of Mathematical Psychology, 85. DOI: 10.1016/j.jmp.2018.03.001

66. Stein, M. L., 1999. Interpolation of spatial data: some theory for kriging. Springer Science & Business Media.

67. Ghabhari, S.F., Sargsyan, K., Celebi, M., and Taciroglu, E., 2022b. Quantifying modeling uncertainty in
simplified beam models for building response prediction. Structural Control and Health Monitoring, 29(11),
e3078. Wiley Online Library.

68. Clough, R. W, and Penzien, ], 2013. Dynamics of Structures. Dynamics of Structures. DOI
10.1002/9781118599792

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or

products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0694.v1
http://creativecommons.org/licenses/by/4.0/

