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This study proposes a framework for assessing the seismic risk of buildings in large-scale urban
areas. City-scale numerical simulations and sensor networks are integrated to update building-
specific fragility functions. The proper orthogonal decomposition (POD) technique plays a crucial
role in analyzing numerical simulation data. The POD-based approach helps to represent large-
scale simulation results in a more compact and meaningful way, a crucial step in understanding
seismic impacts. The framework also highlights the importance of sparse sensor distribution. Fur-
thermore, this study uses cloud analysis and Bayesian updating to update the fragility functions
of buildings based on sensor data. Fragility functions for all buildings are created based on cloud
analysis using numerical simulation data, and then progressively refines them by incorporating
sensor data through Bayesian inference. This dual-stage approach allows for a rapid risk assess-
ment of all buildings in a target area, with continuous improvements to fragility functions by the
sensor data.
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1. Introduction

Earthquakes pose a significant threat to urban areas,
challenging city resilience and complicating risk predic-
tion and assessment. Powerful earthquakes such as the
2011 eastern Japan earthquake and the 2023 Turkey—Syria
earthquake have caused extensive casualties and significant
losses. This study proposes a framework for assessing the
seismic risk of buildings in large-scale urban areas, which
integrates city-scale numerical simulations and a sparse
sensor network. The key aspect of this approach is the
use of numerical simulation to create fragility functions for
each building, and to identify efficient sensor distribution.
Furthermore, the data obtained from the sensors are used
to update the fragility functions, progressively enhancing
their accuracy and providing a more precise assessment of
seismic impacts on urban structures.

A crucial aspect of this study is the application of the
proper orthogonal decomposition (POD) to analyze nu-
merical simulation data. POD can identify principal com-
ponents from numerical simulation data, enabling effec-
tive data decomposition and reconstruction. This approach
enables a more compact and meaningful representation of
numerical simulation results, which is crucial for under-

standing seismic impacts. Additionally, the framework
also highlights the importance of sparse sensor distribu-
tion. The framework strategically places sensors to maxi-
mize data collection efficiency while minimizing the num-
ber of sensors. This optimization isessential for practical
applications in urban areas, where large sensor networks
may be impractical.

The fragility functions for all buildings are created using
simulation data based on the concept of the cloud analysis.
Cloud analysis uses the linear regression in the logarithmic
scale by least squares to establish the relationship between
engineering demand parameter (EDP) and intensity mea-
sure (IM). Obtained fragility functions are then updated
using the sensor data based on Bayesian inference. This
update improves the accuracy and realism of the fragility
functions.

In this study, a trial calculation is finally conducted to
verify the effectiveness of the proposed framework, focus-
ing on Sendai City as the target area.

2. Numerical simulation

The following two methods were employed to calcu-
late the propagation of seismic waves from the fault to
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the ground surface and the response of buildings on the
ground.

(1) Stochastic Green’s Function

The Stochastic Green’s function method builds upon the
empirical Green’s function method, which was introduced
by Irikura[2]. The empirical Green’s function method re-
lies on observed records as Green’s functions, assuming
that the deep and shallow subsurface structures at the ob-
servation point are already integrated into the observed
records. On the other hand, this method serves as an effec-
tive alternative when appropriate observation records can-
not be obtained.

In the application of the Stochastic Green’s function
method by Dan and Sato[3], the fault surface is segmented
into small sub-faults, and Boore’s stochastic source model
is taken into account for each sub-fault to compute the
Green’s functions. The deep subsurface structure is treated
as a one-dimensional layered structure for ground response
analysis. Random phase characteristics are attributed to
this Green’s function, and waveform synthesis is con-
ducted by Irikura[2] to derive the seismic waveforms when
the entire fault experiences rupture. This study utilizes the
program provided by the National Research Institute for
Earth Science and Disaster Resilience[3].

(2) Integrated Earthquake Simulator(IES)

IES is a program that is linked to a Geographic Infor-
mation System (GIS) and incorporates earthquake motion
simulation, structural response simulation, and response
behavior simulation[5].

Wave propagation simulation: It outputs synthesized
earthquake waves based on the fault mechanism. The prop-
agation of waves passing through the crust is calculated,
and the amplification of waves near the surface is calcu-
lated taking into account the non-linear characteristics of
the 3-dimensional topographical effect and the shallow soil
layer.

Structural response simulation: It calculates the response
for all structures in the targeted area, including residen-
tial buildings, concrete infrastructure structures, geological
structures, transportation networks, etc. It is necessary to
choose an appropriate analysis method depending on the
structure of the building.

Response behavior simulation: It is possible to analyze
evacuation from building damage, crisis management, and
restoration plans.

Finally, by modifying the fault model, multiple scenar-
ios were generated, and using both the Stochastic Green’s
Function and IES, training and validation datasets were
computed.

3. Sparse sensor distribution

The first part of this framework is a prediction model,
based on POD and sparse sensing, it can predict both seis-
mic motion and structure response in a large area.

POD is mathematical operation that can extract modes
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from original data, allowing for mode decomposition
based on the theory of singular value decomposition[6].
Let x; represent the n-dimensional simulation result for a
specific case ¢, and define the data X by arranging N cases
in a row direction.

By applying singular value decomposition of X as fol-
lows:

X=Uxv" (D

By retaining only r columns from the r singular values and
their corresponding modes U (left singular vector), we ob-
tain an n X r matrix. Similarly, by retaining only r columns
from the singular vector matrix V', we obtain an [NV X r ma-
trix. « as follows:

X =U,%,V," => up(oxv)), (©)
k=1
in which
N N
x; = Z(ajv;‘g)uj = Zzijuj~ 3
j=1 J=1

Here o}, represents the k-th singular value, and v;;, repre-

sents the i-th component of V' in the k-th column. Thus,

the data x; for a specific case ¢ is given by the sum of the

products of the singular values, the i-th component of U,

and the i-th component of V/, for k ranging from 1 to .
Then we consider the following linear system:

y=HUz=Cxz. 4)

The equation describes a system where y € RP is the ob-
servation vector, H € RP*™ represents the sparse sensor
location matrix, U € R"*" denotes the sensor candidate
matrix, z € R" is the latent state vector, and C € RP*"
is the measurement matrix, with C = HU being their
relation. In the matrix H, each row has a unity element in-
dicating the sensor location, with all other elements being
zero. When observations are subjected to uniform indepen-
dent Gaussian noise, represented as N(0,0%1), the esti-
mated parameters Z are derived applying a pseudo-inverse
method as

z =

cre)y-'cty, p>r. (35)
subject to C € RP*", p,r € N.

) {CT(CCT)ly, p<,

A D-optimal design aims to minimize the determinant of
the error covariance matrix. This can also be seen to mini-
mize the determinant of the error covariance matrix.

det (CCT) (p<r)

det (CTC) (p>r) ©

maXfD7 fD:{

To maximaze the objective function, genetic algorithm is
adopted in this study.
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4. Sequential city scale risk assessment

Despite the fact that the global prediction can be
achieved by the sparse sensor network in the preceding sec-
tion, this sparsity inevitably introduces observation errors
at local observation points. Consequently, for a specific
building, the arrival of continuous prediction observations
directly affects the subsequent risk assessment due to the
accumulation of noise. In order to address these errors
and further enable detailed risk assessments at the build-
ing level, this chapter introduces a hierarchical modeling
approach to develop a risk assessment framework.

(1) Cloud analysis

Fragility functions are derived from a structural assess-
ment of the system (in the case of analytical form). In sim-
pler terms, fragility can be defined as the susceptibility of
a structure to collapse or being damaged. It is a continu-
ous function showing the probability of exceeding a certain
limit state (LS) for a specific level of ground motion inten-
sity measure (IM)[8] as blow

Fragility = P[LS|IM = im) )

Cloud analysis uses the linear regression in the logarithmic
scale to establish the relationship between engineering de-
mand parameter (EDP) and IM. The fragility function is
expressed as the damage probability that EDP exceeds the
pre-defined threshold for each limit state (LS) conditional
on IM. This probability can be derived based on the above
linear relationship between EDP and IM under the lognor-
mal probability distribution[9] as

Pj[EDP > LS | IM,n,b]
_ % { In (pa) — In(LS) }

04

{ln(IM) —In(n) } |

b
(®)
where ®(-) is standard normal cumulative distribution
function (CDF); n is median of the fragility function, i.e,
In(n) = [In(LS) — In(a)]/b; and b is dispersion of the
fragility function, i.e., b = o4/b.

Limit state refers to a specific level of damage or failure
that is used to define fragility functions. In this case, the
limit states of “moderate” was chosen from HAZUS[12] to
develop the fragility functions.

(2) Bayesian hierarchical city-scale fragility modeling

Given that the fragility function is derived by cloud anal-
ysis for each building’s observed intensity measure and en-
gineering demand parameter, our focus on such a regres-
sion problem necessitates the definition of a hierarchical
modeling[13][14] that enables data pooling (sharing) be-
tween buildings of the same type, as shown in Fig.1. This
reduces the deviation from the risk model due to the ac-
cumulation of predicted noise in individual buildings. The
proposed approach involves a greedy algorithm for updat-
ing the fragility risk assessment model, which is incremen-
tally enhanced by adding observations. This approach is
more sustainable than database updates and does not result
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Z IH(EDPJ,,) = ln (a,j) —|— bj o ln (IM],) —I— Eji
Fig. 1 Bayesian hierarchical modeling

in the accumulation of computational and storage efficien-
cies due to data buildup.

Assuming that each building has a regression problem
for the IM-EDP in the log domain, as illustrated in the
figure, each building can compute the respective regres-
sion coefficients under the specified normal distribution for
the respective predicted IM-EDP data, that is, the building
level in the figure. Subsequently, a layer of group level,
that is, the hyper-parameter layer, has been established.
The pooling of regression coefficients among individuals
isachieved, meaning that individual data must refer to the
mean of the global regression coefficients to a certain ex-
tent, which also ensures that the data of some buildings
with excessive prediction errors is pulled back to the mean.

For each building j and observation 7, we assume:

IH(EDP]‘J‘) = 1n(a)j+bj ln(IM)j,i+€j,i7 Eji ™~ ./\/(07 0'2).

Regression parameters are assigned:

ln(a)j ~ N(:uln(a)v 012;1(@))7 bj ~ N(Ub; 0'5)7 9

with global parameters given by
Hin(a) ™~ N(emn(a) ) Tzln(u))7 Mo ~ N(a,ubv Tib)' (10)

Variance parameters o2, 01211( o> and o? are modeled on the
log-scale to ensure positivity. The complete joint probabil-
ity is:

p(@, D) = p(:u’ln(a)) p(ﬂb) p(glzn(a)) p(O’g) p(O_Q)

J
% TT{p0(@); | ey, o)) 0 | 10,02
j=1
I
x [[ p(EDP);; | n(a),, bj,ln(IM)j7i,02)}.

i=1

(1D

To approximate the posterior p(f | y), we use a mean-
field variational distribution[15][16]:

Q(e) ZQ(Mln(a)) Q(Mb)Q(U?n(a))Q(Ug)Q(JQ)

J 12
« [[ a(in(a),) a(b;). (12
Jj=1
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The individual factors are parameterized as follows:

a(a) = N (mps 52.)s alng) = N (my, 52,).
13)
A sample is obtained via the reparameterization:

Ho = My, + Spe Eppas Epa ™ N(O’ 1)’ (14)

and similarly for p5. To ensure positivity, operate in the
log domain as below.

Ug, zlogagw ug zlogag, u = logo?. (15)
Then,
Uq ~ N(mlog o2 5]20g g'i) )
ug NN<mloga§, slzog‘o'g)’ (16)
u N<m10g027 5120g02)'
Samples are generated via:
Ua = Miog o2 =+ Slog 02 €045  Eooq ™ N(07 1)7 a7
and then
02 = exp(ua), (18)

with similar expressions for 03 and . For the group-
specific intercepts and slopes, we use a centered parame-
terization:

aj = fo + 020y, B =ps+\[okes;, (19

where the auxiliary variables have variational distributions

q(ea,j) = N(msa,w Sga,j)7q(5ﬁ,j) :./\/<m551j, Sga,j)'
(20)
Samples are generated as:

en; ~N(O,1), @D

_ !
€a,j = Mey; + Sen j €a o

and similarly for eg ;. In a standard (non-incremental)

variational inference setting, our goal is to approximate the

true posterior

(¢, D)
p(D)

with the variational distribution ¢(6; \). To this end, we

minimize the Kullback-Leibler (KL) divergence:

p(0 | D) = (22)
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Fig. 2 Target area (32,334 buildings)

we aim to maximize the Evidence Lower Bound (ELBO),
L(N) = Eyox [logp(6, D) —log q(8:1)|.  26)

Furthermore,

‘C(/\) :]Eq(e;)\) [logp(ﬁ)] +Eq(9;A) [Ing(D | 9)]

Likelihood term

Prior term
— Eq(o,) [log q(6; )] -

Entropy term

27

Where D = {EDP, IM}, practically, one often minimizes
its negative by gradient decent. When new data D, ar-
rives, we use the previous posterior goq(f) as a predictive
prior. The online ELBO is then defined as:

Esequential :eq(e) [Ing(Dnew | z, 9)] + eq(e) [logppred(a)}

New data fit

— Eqg,0) [log qt(H)} .
—_— =

Entropy term

Predictive prior

(28)

5. Seismic risk assessment in Sendai city

Based on the parameters of the Nagamachi-Rifu fault
and the recipe reported by Irikura (2011)[17], four more
specific fault models were generated by varying the orig-
inal parameters. The magnitudes for the training dataset
range from 6.3 to 7.5 based on the Japan Meteorological

q(0; ) Agency magnitude scale. Taking into account the uncer-
KL (q(@; M@ | D )) = / q(6; A) log W dp. tainty, 5 different patterns of random phases are applied
to these 13 magnitudes, and 7 magnitudes of them are se-

Substituting p(6 | D) = £ Igfgj)), we have: lected as validation sets.
This approach yielded a data set that included peak
KL (q(ﬁ' A [ p(@ | D)) _ /q(é?' 2) log q(0; \) p(D) do. ground acceleration and maximum inter-story drift angle.
’ ' p(6, D) Following the principles of POD, spacial modes of peak
(24) ground acceleration and maximum inter-story drift angle
Rearrange the terms to obtain: were obtained and allowed for the calculation of optimal
sensor distribution. The obtained result is that a network
logp(D) = KL (q(@; M ip(@ | D)) with a minimum of 5 sensors is optimized for IM (peak
p(0, D) (25) ground acceleration), and an optimized distribution net-
+ / q(6; A) log q(0; \) df. work of 6 sensors for EDP (maximum story drift angle) is
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found, as shown in Fig.3. Both of each sensor network has
reached about 20% of prediction error as shown in Fig.6.
Figures 4 and 5 present a comparison between the original
simulation results and the prediction results. It can be con-
firmed that the prediction result fairly well reproduce the
simulation result.

@® M (PGA)
@ EDP (Max Drift)

Fig. 3 Sensor distribution

Fig. 4 Simulation result (PGA)

L 3 . € Sensor positioﬁ s

Fig. 5 Prediction result (PGA)
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Fig. 6 Error of prediction

Using obtained simulation results, a sparse sensor net-
work was optimized, enabling predictions of ground mo-
tion and structural responses within urban areas from lim-
ited sensor observations. A data-driven risk assessment
model for urban areas was also developed, and the model
integrates hierarchical Bayesian modeling and variational
inference to estimate complex posterior distributions, en-
abling sequential updating of seismic risk assessments.
The effectiveness of the proposed model was demonstrated
through sequential updating using the complete numerical
simulation dataset, resulting in updated fragility maps. The
sequential updating process, along with corresponding in-
tensity measure (IM) maps and damage probability maps
generated from fragility functions for the modeled struc-
tural type, is illustrated in Fig. 7. This sequential pro-
cess ensures that each step reflects the most recent data in-
puts, providing continuously updated seismic damage as-
sessments within a hierarchical framework that facilitates
data integration across urban areas.

6. Conclusion

In this study, numerical simulations were conducted to
generate various seismic scenarios by modeling fault mod-
els, geological structures, and urban building structures us-
ing the Stochastic Green’s Function and Integrated Earth-
quake Simulation (IES). Based on the simulated data, a
sparse sensor network was optimized with the help of
POD, enabling predictions of ground motion and struc-
tural responses within urban areas from limited sensor ob-
servations. Additionally, a data-driven risk assessment
model for urban areas was developed. This model builds
upon the traditional analytical fragility assessment method
known as cloud analysis and extends it by incorporating
hierarchical Bayesian modeling and variational inference
for estimating complex posterior distributions, enabling se-
quential updating of seismic risk assessments. The pro-
posed model was validated using numerically simulated
data and hypothetical sensor network observations, allow-
ing for rapid and sequentially updated seismic damage as-
sessments within a hierarchical framework that facilitates
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Fig. 7 IM maps and damage probability maps obtained from fragility functions

data integration across urban areas.
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