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Post-earthquake damage and loss assessment

In the aftermath of earthquakes, obtaining a timely and accurate estimate of infrastructure damage is crucial
for effective emergency response and recovery planning. Previous research has shown that active learning
(AL) methods enable the inference of regional infrastructure damage from sparse on-site inspections through
post-earthquake reconnaissance surveys. However, the efficiency of the surveys depends on two key factors:
appropriate identification of candidate buildings for inspection and optimized routing between the sequential
inspections. This study presents an AL framework that integrates learning and routing objectives, aiming to
enhance the efficiency of post-earthquake damage data collection. The proposed approach employs an adaptive
batch-mode AL method, using a Gaussian process regression model and an information-theoretic criterion to
suggest a batch of candidate buildings for inspection. These buildings are then adaptively visited based on an
optimized route schedule. The results demonstrate that the proposed framework reduces the required number
of building inspections by up to 53%, decreases resource demands, and improves the predictive performance

of the model compared with a baseline method.

1. Introduction

Earthquakes are among the most catastrophic natural hazards that
imperil public safety and infrastructure integrity. Recently, the mag-
nitude 7.8 Turkey-Syria earthquake led to over 40,000 fatalities and
severe damage to hundreds of thousands of buildings. In the immediate
aftermath of an earthquake, decision-makers seek reliable information
about the extent of the damage for two crucial purposes: identifying
unsafe buildings to protect residents [1] and fairly allocating resources
to mitigate socio-economic consequences of the disaster [2,3].

Several methods have been developed for assessing building damage
after an earthquake, which can be divided into three main categories:
model-based estimations, assessments based on remotely-sensed infor-
mation, and field data collection. Damage forecast models such as
Prompt Assessment of Global Earthquakes for Response (PAGER) [4]
rapidly maps the intensity of ground motion (GM) to a damage level.
However, the estimation of damage is based on vulnerability models
that rely on past events, which implies the estimation is not completely
event-specific [5]. This potentially leads to inflated levels of uncertainty
for locations lacking sufficient historical or recent events [6]. Remote
sensing-based methods provide broad coverage for the region of in-
terest [7-9]; however, they are typically limited to binary estimates,
such as collapsed or non-collapsed. Satellite imagery cannot accurately
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provide information about refined damage states due to technical limi-
tations and, sometimes, due to inclement weather conditions [10-13].
Consequently, decision-making solely based on the aforementioned
methods does not provide a clear picture of the damage in the affected
region although they can be utilized as auxiliary sources of infor-
mation. On-ground surveys, on the other hand, can provide detailed
information on both structural and non-structural components whose
damage data cannot be captured through other methods. Nevertheless,
due to the time-consuming nature of these tasks, only sparse building
inspections are typically plausible [11,14,15].

Researchers have employed data-driven approaches to overcome
the limitations of post-earthquake data acquisition, resulting in im-
proved accuracy and efficiency in inferring regional damage [16-
18]. Lallemant and Kiremidjian [19] used a cokriging method to in-
tegrate damage data from remote-sensing and limited field surveys,
which yielded damage estimates that closely aligned with actual dam-
age. Loos et al. [5] proposed a Geospatial Data Integration Framework
(G-DIF) that assimilates damage information from diverse sources,
namely damage forecast models, remote-sensing data, and field sur-
veys. It was shown that even with limited coverage, field observations
contribute to improving damage predictions. Sheibani and Ou [13]
adopted a supervised learning approach using a Gaussian process re-
gression (GPR) model to predict regional-scale damage. Considering a
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Fig. 1. Schematic overview of the adaptive batch-mode AL framework using Gaussian process regression. Black diamonds denote informative queries that form the batch of
buildings for inspection (depicted as black house icons). The house icons with blue outlines highlight the subset of the batch that is adaptively chosen for damage inspections.

set of building attributes and GM indices as inputs and the observed
damage as outputs, they showed that a GPR model could accurately
infer the input-output relationship using data from only a limited
number of inspected buildings. Bodenmann et al. [20] enhanced the
predictive accuracy of traditional risk models by updating vulnerability
function parameters with damage data obtained from field inspections,
emphasizing the value of incorporating early damage inspection data.
Given the impact of early post-earthquake surveys on regional damage
estimation and limitations in the number of inspections, a systematic
approach is needed to streamline these tasks.

Efficient post-earthquake damage assessment surveys require care-
ful selection of candidate buildings. To accurately predict damage with
limited observations, candidate buildings should be representative of
the majority of structures in the affected area and cover a broad spec-
trum of building attributes and input GM intensities. Sheibani and Ou
[13] used unsupervised learning to select candidate buildings, demon-
strating that regional inference accuracy improves when employing
k-medoids clustering. Other studies have also emphasized the impor-
tance of spatial coverage and strategic placement of inspections [5,
21]. While selecting representative and diverse candidate buildings
increases predictive performance, this approach depends solely on the
input space (building and GM characteristics) and is referred to as
passive sampling [22,23]. In contrast, as the survey proceeds and more
buildings are inspected, the gradual inflow of information about the
buildings’ damage can be leveraged to select future samples more
efficiently. In machine learning research, this sampling paradigm is re-
ferred to as active learning (AL) [24]. In fact, the model can determine
the next to-be-labeled data point (query) using the information gained
through the previously collected samples.

The AL framework allows us to improve prediction accuracy with
fewer training instances by selecting the most informative data points
for the model to learn from [24]. This is particularly useful when

labeling data is prohibitive or requires expert knowledge so that the
model can achieve better performance using fewer training examples.

In the context of post-earthquake building reconnaissance, given
the time-consuming nature of the inspections, the perishable quality of
damage data that is prone to deterioration over time [25], and the im-
mediate need for a regional damage estimate, the least number of build-
ing inspections should be demanded, and AL can be applied to identify
the most informative buildings. AL has been used to efficiently select
the candidate buildings and guide the post-earthquake reconnaissance
missions [26]. It was shown that the sequential selection of buildings
based on mutual information (between the inspected and uninspected
buildings) led to better prediction performance for a GPR learner than
entropy-based sequential design and random sampling [26].

Although sequential AL methods can effectively identify the most
informative buildings for inspection and improve learning performance,
it is essential to consider the logistics of the task to ensure an ef-
ficient post-earthquake survey. Factors such as road disruptions or
blockages [27] and potential hazards to the survey teams can make
particular buildings suggested by a sequential AL framework inacces-
sible. In such cases, arbitrarily replacing an inaccessible candidate
building with another that is feasible to inspect can result in suboptimal
information gain, which reduces the accuracy of damage and loss
predictions in practice. Moreover, the sequential AL framework has no
knowledge of the geographical location of buildings, which can lead
to queries for inspections in distant locations, making the survey task
more time-consuming and less efficient. To address these limitations
of the current state-of-the-art methods in survey planning and increase
the practicality of AL in natural hazard engineering, we propose an AL
framework that allows for querying buildings in batches and considers
the geographical location of candidate buildings.

As illustrated in Fig. 1, the framework employs a GPR model to
infer a damage function f; that maps each building (such as x;) to
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a numerical representation of the damage or loss that the building has
sustained. Each day, the active learning module returns a batch of to-
be-inspected buildings (depicted as black house icons) by identifying
the buildings that knowing their damage status effectively contributes
to learning the underlying damage function f),, by strategically placing
queries at informative points (as indicated by the black diamonds). The
objective function governing the query placement is further elaborated
in Section 3. An integrated routing module adaptively selects a subset
of the batch (house icons with blue outline) such that in each workday
the number of inspections is maximized and thus favors the informative
candidate buildings in close vicinity of the surveying team. The results
of the inspections are returned to the AL module for updating the
GPR model with new inspection results (as indicated by the blue dots),
and the AL module provides the batch of candidate buildings for the
next day accordingly. The loop continues until a stopping criterion is
satisfied. Having a batch of candidate buildings instead of querying
one building at a time enables flexibility in the survey process and
provides a buffer in favor of more efficient routing. Besides, it obviates
the need for sequential model updating after each inspection which can
be time-consuming and cause additional strain on the team’s resources
in terms of time and effort required for data processing and re-training
the model.

The manuscript is organized as follows: Section 2 provides a brief
overview of GPR for regional damage inference. The proposed frame-
work is presented in Section 3. Section 4 outlines two earthquake
testbeds — a hypothetical scenario and a real-world event — used to
assess passive sampling and active learning algorithms. Section 5 ex-
amines sampling effectiveness and predictive performance. Time and
resource requirements are evaluated in Section 6. Section 7 explores
the limitations of the study and potential future directions. Finally,
Section 8 summarizes the findings and draws conclusions.

2. Post-earthquake regional damage inference

The post-earthquake damage inference is formulated as a supervised
learning problem. Each building is treated as a data point in a mul-
tidimensional space representing different features, and the observed
damage and loss values are considered as labels [13]. Assuming a set
of candidate buildings for inspection has been identified, the trained
GPR model enables regional damage and loss estimation by predicting
the labels for those buildings whose damage state is not known. We
briefly describe GPR and its components in the context of the regional
damage inference application.

2.1. Gaussian process regression

Gaussian process regression is a non-parametric Bayesian approach
that infers unknown functions that map input-output data [28]. Non-
parametric models do not assume a parametric form for the unknown
function; instead, they directly estimate the function values from the
data [29].

The function f represents an unknown mapping between a vector
x € RP that encapsulates the building attributes and ground motion
characteristics and a quantifiable measure of building damage or loss
f(x)€R (i.e., f : RP S R).

We assume the function values f(-) form a Gaussian process (GP). A
Gaussian process is a collection of random variables, any finite number
of which has a multivariate normal distribution. A GP is defined by its
mean m and covariance k functions:

&) ~ GP(m(x), k(x,x")), (€Y
where

m(x) = E[f(x)], (2)
k(x,x") = E[(f(x) = mx))(f (") = m(x')]. (3)
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When there is limited or unreliable information about the function
being learned, it is common to assume a prior with zero mean, denoted
by m(-) = 0.

The observations obtained from building inspections are often af-
fected by noise. The estimates of building loss made by the survey team
are therefore considered to be noisy observations of the true damage.
A zero-mean Gaussian noise term ¢ is thus added to the true function
f. As such, the relation between the damage estimates provided by the
survey team y and the true damage value for a certain building f(-) can
be formalized as follows:

y=fx+e, 4
2

where ¢ denotes a zero-mean Gaussian noise with variance o;.

Extending the observations to cover multiple buildings, if X, and
y represent the set of inspected buildings (or training data) and their
corresponding damage observations respectively, we are interested in
inferring the function values at a set of buildings X, (or testing data),
as denoted by f,. The conditional probability f,|X,y, X, characterizes
the posterior distribution. Given that f, is a Gaussian process, this prob-
ability results in a multivariate Gaussian distribution [30], represented
by the mean vector p, and covariance matrix X:

£1Xe,y, X, ~ Ny, Z,), %)
where

u, =K. [Kep +02117y, ©6)
2* = K** - K*E[Kﬁﬂ + 651]_1Kﬁ*’ (7)

where K; ; is a covariance matrix containing kernel function values k(-, -)
for all pairs of training and/or testing data points.

2.2. Kernel function and hyperparameter optimization

An important component of GPR is the kernel or covariance func-
tions k. Kernels encode the correlation between function values for
each pair of data points such that for x,x’ € R?, cov[f(x), fX)] =
k(x,x"). The choice of a suitable kernel function is part of the model
selection process. Sheibani and Ou [13] conducted a comparative study
on different kernel functions for regional damage inference problem
and identified that rational quadratic (RQ) kernel with Automatic
Relevance Determination (ARD) feature, effectively captures the data
patterns in different dimensions, resulting in smaller generalization
error. ARD functions enable the model to better express the structure
of the data by identifying the dimensions that are less effective [30].
The effectiveness of each dimension is inversely related to the values
of lengthscales that can be determined after the model is trained. The
RQ kernel function is defined as follows:

-
Mew-x)| ®)
where o-jz, is the signal variance and M = diag(I"?) is a diagonal matrix
containing the lengthscales / > 0 associated with each dimension.
Finally, « is a positive parameter that controls the shape of the function
by adjusting the weight of the lengthscales.

Determining the posterior covariance is dependent on kernel func-
tions and the noise variance ¢2. In fact, a set of hyperparameters
0= {0')2,, la, 65} defines the model, and model selection is performed
by maximizing the marginal likelihood of observations given a set of
hyperparameters

kRQ(xi,xj) = ai [1 +(x; — xj)T

0* = argmax log p(y| X, 0), (€)
0

where 6* denotes the optimal values of hyperparameters [30]. The log
marginal likelihood of noisy observations given the set of hyperparam-
eters 0 is calculated as follows:

1 -1 1
log p(y| X, 0) = —EYT (Kpp +021) y=5 ’KL’L’ +o21

—g log(27), (10)
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where n is the size of the training set.

Thus far, we have assumed that a set of particular buildings with
their associated damage labels is available. However, in practice, train-
ing data pairs (X,y) are scarce. In fact, in a post-event scenario, only a
pool of unlabeled data points is available, and the survey team should
first identify candidate buildings and then obtain the labels through
damage inspection. In the following, we describe an efficient inspection
framework that expedites the survey process by selecting a well-chosen
training set while considering the logistics of post-earthquake field
surveys.

3. Efficient post-earthquake survey planning using adaptive
batch-mode active learning

Post-earthquake building inspections are crucial for making in-
formed disaster management decisions but can be time-consuming,
hindering prompt data acquisition through surveys. AL prioritizes in-
spections based on the potential usefulness of the collected data for
training machine learning models, minimizing data acquisition and
speeding up decision-making. However, existing AL methods for post-
earthquake survey planning select one building at a time. This process,
known as sequential active learning [23], selects queries in the feature
space where the model is least certain about its predictions. Although
effective, this approach only considers uncertainty in model predictions
and does not account for the logistics of the surveys, such as geo-
graphical location and accessibility of the candidate buildings. Thus,
sequential AL may select inaccessible buildings, leading to inefficient
survey planning.

If we readily determine a set of buildings to be inspected, Q,, then
we can improve efficiency by sequencing inspections such that the total
travel time is minimized. If the set Q is not updated with incoming
information from inspections, then the described process represents
passive learning, which suffers from not leveraging the labels’ infor-
mation. Alternatively, if Q is a singleton, then the process falls back
to sequential active learning, which leaves no flexibility to efficiently
sequence inspections. Therefore, we hypothesize that there exists a
trade-off between planning efficiency and learning performance in post-
earthquake building damage inspection. Based on the hypothesis, we
use the size of set Q, as a proxy for the trade-off between the route
planning efficiency and learning performance to propose an active
learning framework, herein referred to as Adaptive Batch-Mode Active
Learning (A-BMAL).

The design logic of A-BMAL is as follows:

1. Each day, a batch of to-be-labeled points Q, will be determined
to enable route planning.

2. Q, should include points whose inspection will maximize the
regression model’s inference performance.

3. The size of Q, should exceed the total number of buildings that
the reconnaissance team can inspect daily within the given time
constraint.

4. Increasing the size of Q, provides greater flexibility for route
planning, but making it too large could result in the inclusion of
less relevant points.

Let S be the data pool from which candidate buildings are to be
selected for inspection. If £ and U denote the sets of labeled and
unlabeled data points, such that S = £ U U, we aim to label a subset
Q, of U, given information gained from the previously labeled data
points in £, to maximize the predictive performance of the GPR model.
This problem is known as batch-mode active learning in the machine
learning literature [24,31]. A simple heuristic is to select a batch con-
taining data points that the model is least certain about or data points
with the highest entropy [32]. However, it is likely that the model is
uncertain about similar data points [33]. To maximize the utilization
of the training samples, the diversity within each batch should be
explicitly considered to avoid similar data points in the batch [24].
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Let U, be a subset of U, which comprises informative data points.
Informativeness measures the potential for a given sample to reduce
the model’s uncertainty [31]. Assuming the Euclidean distance as the
metric, the batch-mode AL objective can be formulated as follows:

Qp = argmin Z IIx; — xj||2, (11
QU CV e, xjeU;
J#i
where Qp comprises data points that minimize the total distance to
other informative data points in the unlabeled data pool. Zhdanov
[33] reformulated the aforementioned objective by employing k-means
clustering and integrating weights that reflect the informativeness
of individual data points for classification applications. To partition
the unlabeled data U into a set of disjoint clusters, C, where C =
{C1.Cy, ..., Cg, ), the weighted k-means objective is as follows:

1Q0!
C*=argmin 3 3wyl — ull. 12
¢ =l xeq

ZXjECi wjxj

where y; = . denotes the centroid of cluster C;, and w ; 1s the

w,
corresponding we]ight for each data point x;, which is proportionate
with its informativeness.

In our proposed framework, we extend this formulation to GP re-
gression by customizing the computation of w;. Specifically, w; will be
computed based on the AL framework using the information-theoretic
criterion proposed in Krause et al. [34]. Let Y;- denote a set of random
variables representing the predicted function values at unlabeled data
points. The entropy of Y- given a set of labeled data points is denoted
as H(Y;r|Y,). Ideally, a desirable design leads to minimizing entropy,

£ =argmin H (YY), 13)
£cs

where £* denotes the optimal set of queries that minimizes the en-

tropy of predictions. However, identifying an optimal set was shown

to be NP-hard [35]. Krause et al. [34], instead, proposed a greedy

approach that selects points that myopically maximize gain in mutual

information (MI) between the labeled and unlabeled data points:

x* =argmax H(Y,|Y,) - H(Y,|Yz), (14)
xeV

where £ =1\ {x}.

Rather than selecting the next query at x*, we propose computing
the MI criterion for all the data points in the unlabeled set 7" and as-
signing the weight w proportional to the computed MI value associated
with each data point. Therefore, for every x € U":

wo HY, |Y) - HY,|Yp) 15)

where w is the assigned weight according to Eq. (12). This objective
biases the cluster centroids toward the data points that maximally
increase the MI between labeled and unlabeled data points (i.e., infor-
mative points). To compute the weights, we use a result showing that
the entropy of a Gaussian random variable is a monotonic function of
its variance [36]:

1
HY,|Y) = 5 1og(2;rea§xlyc). (16)

Therefore, for all x € U given a labeled set of data £, the weights in
Eq. (15) can be expressed as follows:

2
-
YlYe

w = a7

2

-
Y lY;

where the posterior variance at data point x given sets £ and L is
calculated according to Eq. (7),
2 -1
Oy, kCex) =Ky (Kep+001) Ky 18
= — .
k(x.x) = K.z (Kgz +o51) " Ky

2
[ep
Vel
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The k-means algorithm minimizes within-cluster L?>-norm of data
and the corresponding centroid. As such, due to within-cluster sim-
ilarity induced by the objective, the centroids can be representative
of data points in the clusters. Further, due to the convexity of clus-
ters [37], the centroids tend to be distant from each other, resulting
in diversity among the samples within a batch. It has been shown
by Wu [23], Demir et al. [38], and Xu et al. [39] that clustering-
based sampling methods lead to representativeness and diversity of the
samples. At the same time, the weights calculated based on the MI cri-
terion incline the centroids toward more informative points. Therefore
informativeness, representativeness, and diversity are considered in the
AL framework. Since k-means suggests centroids that are not a member
of U, we select the closest point to the centroid (i.e., medoid) for label

query.

3.1. Adaptive batch-mode active learning for earthquake reconnaissance
surveys

Starting with £ = @, we initialize the model by labeling a randomly
selected batch of data points and updating £ accordingly. Then, for
each unlabeled data point x; € U" where U" = S\ L, the calculated
weight w; is assigned as defined in Eq. (17), proportional to information
gain if the data point x; is labeled. Due to the diminishing returns
property of MI criterion [34], the amount of information-gain w; is
larger in the first cycles of the AL process. The values of w; gradually
decrease as the model gains more information about the underlying
unknown function. To account for this effect and have interpretable
weights, we normalize w, as denoted by @ in Algorithm 1, line 6.

Next, the data points in V" along with their corresponding weights
w are clustered using Eq. (12). The closest data points to centroids are
then selected to form an initial batch Q,, where |Q,| = f,. Considering
a time constraint as a daily work-time limit, an integrated optimization
module maximizes the number of queries within 9, and eventually
selects Q as a subset of Q). Q represents the set of informative candidate
buildings that are in close geographical distance to the surveying team.
The set of labeled data points £ is appended with the newly labeled set
Q, and the model is updated with the augmented set of labeled data
accordingly. The loop continues until reaching a maximum number of
inspections B or satisfying a termination criterion.

The computational complexity of the algorithm involves operations
in training the GPR model, route optimization algorithm, and AL
loop. According to Eq. (18), calculating the MI criterion requires the
inversion of covariance matrix K. If |[U’| = Ny, the time complexity
of the algorithm for the selection of queries is in O(EN?/), where
p = |Q|. It should be noted that g is adaptively changed according
to the spatial distribution (i.e., geographical location) of data points.
Compared with the greedy approach for sequential AL [34], the time
complexity reduces by a factor of # due to the batch-mode framework.
However, this is still a considerable time complexity for large data sets
(e.g., Ny > 10,000). A simple heuristic to reduce the time complexity
can be pre-filtering the initial data pool using clustering-based methods
to limit the size of S and U" accordingly so that N, can directly be
reduced. The choice for the size of the truncated data pool amounts to
a trade-off between the optimality of the batch design and computation
efficiency.

3.2. Termination criterion

In experiments, a test set with ground truth values is commonly
used to track the model’s predictive performance during the labeling
process. However, in practical scenarios where unlabeled data is being
annotated, a labeled test set is rarely available beforehand. A fixed
labeling budget is typically used to terminate the labeling process.
However, using a fixed labeling budget to terminate the AL process
restricts the potential to fully benefit from AL’s objective of reducing
labeling costs through fewer yet more informative queries [40]. A fixed
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Algorithm 1: Adaptive batch-mode active learning (A-BMAL)

Input: Data pool S, Labeled data points £ = @, Budget (B), Initial
batch size (§,)
Output: Model M
1 L « Initialize M by labeling a randomly selected batch;
while Budget or termination criterion is not met do

X

/* termination criterion according to Section 3.2
*/

3 for x, € S\ L do

4 | w o HY 1Y) = H(Y, 1Y)

5 end

6 w < Normalize w;

7 Perform weighted k-means with f, clusters, @ being the
associated weights for data points in S\ £; /* weights are
assigned according to Eq. (12) */

8 Q, < Find the closest data points to centroids;

9 QO < route optimization module « Q; /* Optimization
objective and constraints according to Section
3.3 */

10 L < LUQ; /* update the set of labeled data */

1 Train M using the data points in L;

12 end

budget may result in either overexploitation of queries, leading to a
highly accurate model that has converged with fewer training instances,
or a naive model lacking sufficient predictive performance [41].

In the post-earthquake survey scenario, it is necessary that the
inspection team have an estimation of the model’s convergence, and
ideally know when to terminate the inspection task. This enables
expedited decision-making using a dependable model that requires
fewer training instances. To this end, we propose a simple termination
criterion based on the stability of the prediction confidence of the
GPR model. Since GPR is a probabilistic model, in each training cycle
it provides a notion of uncertainty about the predictions through a
posterior multivariate Gaussian distribution according to Eq. (5). The
prediction confidence for a set of uninspected buildings can be cal-
culated considering the diagonal elements of the posterior covariance
matrix X, (i.e., prediction variance).

Let V; be a variable that denotes the prediction variance on the
ith day of inspection for a given set of unlabeled buildings. A sim-
ple approach is to compare the mean values for prediction variance
as more buildings are inspected and the training data increase each
day (i.e., V;, Vi, etc.). The mean values, however, may not fully
capture the variation in the distribution of prediction uncertainty. We
use Jensen—-Shannon (JS) distance [42] as a metric to quantify the
similarity between the distributions of V' in consecutive days. Unlike
Kullback-Leibler (KL) divergence [43,44], JS divergence is symmetric
and bounded, making it a suitable measure when a predefined thresh-
old is considered as a stopping criterion. We use base 2 logarithm
such that D;¢ € [0, 1], where D;¢ = 0 implies similar distributions.
We assume that convergence occurs provided the model shows stable
confidence over its predictions. If p; denotes the probability distribution
of V;, we define the termination criterion as follows:

D;s(pillpicy) < &,
D;s(piillpiza) < &

19

where ¢, denotes a small positive value representing a threshold, and
for any pair of probability distributions such as ¢, and g¢,, D;s(q,ll9,)
is:

(20)

Dy (@ 195%2) + Dy (411 95%2)
D;5(qllg) = 2

where D, denotes KL divergence. According to Eq. (19), on the ith
(i > 2) day of the survey, the convergence criterion compares the
distribution of prediction uncertainty with those of the preceding two
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days. If after training the model each day, the confidence of the model
does not considerably improve, the convergence criterion is met, and
the labeling process is terminated.

3.3. Orienteering problem statement and formulation

Efficient planning for inspections involves designing an optimal
route for inspecting candidate buildings. These buildings, represented
as nodes with different geographical locations, need to be visited within
a specified time frame, typically a workday. We aim to determine routes
that maximize the number of buildings visited while ensuring the trip
duration remains within the allocated time constraint.

The inspection routing problem is modeled as an orienteering prob-
lem (OP), which is an integer programming model [45]. The problem
involves a set of nodes denoted as V = 0,1,2,..., N, where node 0
represents the depot where the inspection team starts and ends their
trip. Each node i € '\ 0 takes e; time to be inspected and can be visited
at most once due to a limited time budget denoted by T,,,,.. The travel
time between any pair of nodes (i, j) is denoted as t,;. The objective of
the OP is to find a route that visits a maximum number of nodes while
adhering to the time limit of 7,,,,.

To formulate the OP as an integer program, we define a decision
variable:

L
X = 0

Also, we define an auxiliary variable u; € Z* denoting the position of
node i in the route, which will be used to eliminate any subtours. With
the above notations and decision variables, the mathematical model is
presented below:

maxz Z X; (21)

i=1 j=

if node i is followed by node j in the route

otherwise.

N N
t, Y oxg =Y xp=1, 22)
j=1 i=1
N N
2 i <1;Vk=1,...,N, (23)
N N N N
Zt‘x +22e,xu<Tmax, (24
i=1 j=1 i=1 j=1
1<u; <N;Vi=1,...,N, (25)
w—u;+1<(N=1)(1-x;):Vi,j=1,...,N, (26)
x; €{0,1},u; €{1,2,... ,N};Vi,j=0,...,N. 27)

The objective of the optimization problem described by Eq. (21) is
to maximize the number of visited nodes. The constraints in Eq. (22)
ensure that the route starts and ends at node 0, while Eq. (23) guaran-
tees that each node is visited at most once and the route is connected.
Constraint Eq. (24) sets an upper bound on the total time spent on
travel and inspection for the entire route to ensure that it does not
exceed the time budget. Constraints Eq. (25) and (26) are subtour
elimination constraints. Finally, Eq. (27) specifies the domain of the
variables x;; and u;.

This section proposes a heuristic approach to find feasible solutions
for the OP, which is known to be an NP-hard problem. The approach
firstly optimizes a route to visit all nodes in a predefined node set
using an insertion algorithm and a 2-opt exchange procedure (see Kay
[46] for details). The insertion algorithm is a commonly used heuris-
tic algorithm for solving routing problems due to its simplicity and
effectiveness in producing good solutions [47,48]. To further improve
the quality of the solution, the 2-opt exchange procedure can also be
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applied in our work. After applying the insertion algorithm and 2-
opt exchange, the resulting route R is evaluated by calculating the
total travel time plus inspection time, denoted by Tj. This value is
then compared with the time budget 7,,,, to ensure that the solution
satisfies the time constraint. If the time budget is exceeded, a drop-
node operator is applied to sequentially remove nodes from the route.
The nodes to be dropped are selected based on their contribution to
the objective function, which is determined by the score collection
process. Specifically, the contribution value of node i is calculated
as b = i i = ok
nodes to node i in the route, respectively. The drop-node operator is
applied repeatedly until the time constraint is satisfied. The details
of this proposed heuristic approach for solving routing problems are
summarized in Algorithm 2.

, where p and k are the previous and next

Algorithm 2: A heuristic to solve the inspection routing problem

Input: node set V; travel time ¢;; between (i, j); time constraint 7,,,,

Output: A route R with the maximum number of buildings inspected
1 Run insertion algorithm for an initial route visiting every node i € N
2 Run 2-opt exchange procedure for route improvement and obtain R
3 while T, > T,,. do
4 Find the node

i* = argmin
ierR il =ty

with the least value of ¢,.
5 Update R « R\ {i*} and apply 2-opt exchange procedure on R
6 end

4. Regional simulation testbeds and learning

approaches

earthquake

The proposed framework is evaluated using both hypothetical and
real-world earthquake events. This section outlines the characteristics
of the testbeds and enumerates the influential features to infer regional-
scale response in a post-earthquake setting. Additionally, alternative
passive sampling and active learning algorithms for earthquake survey
planning are discussed.

4.1. San Francisco, CA testbed

San Francisco Bay Area is surrounded by San Andreas and Hayward
faults, both having the precedent of generating major seismic events.
With a population of over 7 million people and diverse buildings
constructed over different years, the Bay Area is considered a densely
inhabited and potentially seismically vulnerable region [49]. As a
region with the highest population density, San Francisco County is
herein considered for a post-earthquake reconnaissance survey.

The proposed method is evaluated using the regional Workflow for
Hazard And Loss Estimation (rfWHALE) [50]. rWHALE is a modular tool
that estimates building loss on a regional scale by simulating various
hazards. A hypothetical M,, 7.0 earthquake is considered along the
Hayward fault with the epicenter being in Oakland, CA. The simula-
tion is based on a deterministic physics-based model using SW4 finite
difference program [51] developed by Lawrence Livermore National
Laboratory [52]. The simulation results in a grid of seismograms across
the region at each 2 km, which amounts to 39 seismograms evenly
distributed in the region of interest. Then, each building in the re-
gion is assigned the nearest seismogram using the k-dimensional tree
algorithm [50]. The assigned GM time histories are applied to MDOF
shear models proposed by Lu and Guan [53]. It should be noted the
primary horizontal component is considered since the shear model has
the same structural properties in x and y directions. Each model is
defined based on the building information database provided by NHERI
SimCenter [54] and UrbanSim [55], containing general attributes of
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Fig. 2. Geospatial distribution of building attributes and ground motion intensities. Distribution of buildings’ construction year for the (a) San Francisco and (b) Anchorage testbeds.
Distribution of the assigned ground motion intensities based on PGA for the (c¢) San Francisco and (d) Anchorage testbeds. PGA refers to peak ground acceleration.

the buildings (e.g., number of stories, occupancy type, structure type,
construction year, etc.). The uncertainty in modeling is considered by
defining random variables for the story height, initial stiffness, and
damping ratio.

The engineering demand parameters (EDP) such as maximum accel-
eration, inter-story drift ratio, and residual drift are calculated through
time history analysis. The economic loss estimation is then performed
using the proposed method by Zeng et al. [56] based on FEMA-
P58 [57]. The loss ratio is considered as repair to replacement costs
ratio, where unity denotes complete loss. In addition, red tags specify
whether a building is safe for re-occupancy [58]. This damage measure
can inform owners and residents about the safety of buildings. Based
on the possible EDPs and the associated damage states, each building
is assigned a value between 0 and 1, representing the probability of
receiving a red tag.

4.2. Anchorage, AK testbed

On November 30, 2018, a powerful M,, 7.1 earthquake took place
in South-central Alaska, followed by an M, 5.8 aftershock and a
tsunami warning. The earthquake’s epicenter was located 12 km north
of Anchorage and 19 km west of the Eagle River. This seismic event
affected around 400,000 residents in the Anchorage Metropolitan Area,
causing extensive damage to roads, infrastructure, and older buildings
that were constructed before building codes were established [59].

To further evaluate the proposed method in a real-world scenario,
we use the Anchorage testbed under the 2018 M, 7.1 earthquake event.
Building information is extracted from the DesignSafe data reposi-
tory [60], and GMs are obtained from seismograph stations available at
the Center for Engineering Strong-Motion Data (CESMD) [61]. A set of

12 seismograms is used to generate seismic excitation across the region.
The rWHALE workflow is then used to calculate the regional loss [50].
Each building is assigned a seismic excitation based on the nearest GM
record. The horizontal component in the east-west direction (HNE) is
then applied to shear building models. In line with our prior testbed,
we employed consistent damage indicators (i.e., the loss ratio and red
tag probability) to assess the regional-level damage sustained by each
building. Therefore, using the workflow, the damage indices across the
region can be computed given the buildings’ information and the GM
characteristics.

4.3. Dataset characteristics

Prediction of damage through a supervised learning model involves
training the model with pairs of inputs and outputs. Sheibani and
Ou [13] showed that a combination of readily obtainable building
information attributes and certain GM indices can be used to accu-
rately represent building inventory information for regional damage
and loss inference using a GPR model. Several intensity measures,
including spectral acceleration at the fundamental period Sa(T,), Arias
intensity [62], Fajfar intensity [63], and spectral intensity [64] were
identified as highly correlated with structural damage by Sheibani and
Ou [13] and Ye et al. [64]. Furthermore, the statistical characteristics of
GMs in the time domain can be represented by the interquartile range
(IQR) and kurtosis of GM signals. Table 1 lists the set of 12 influential
features comprising the buildings’ attributes and GM characteristics. On
the other hand, loss ratio and red tag probability are both dependent
on the set of features and are considered outputs or labels.

Fig. 2 shows the distribution of building construction years and peak
ground acceleration (PGA) as a fraction of the gravitational accelera-
tion. Fig. 3 illustrates the building heights based on their number of
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Table 1
The list of features representing building information and GM indices.

Building information attributes Ground motion indices

Construction year Sa(T))

No. of stories Arias

Floor area Fajfar
Occupancy type Spectral intensity
Latitude Signal IQR
Longitude Signal kurtosis

Fig. 3. Spectral acceleration Sa(T,), with building height proportional to the number
of stories. (a) San Francisco testbed (b) Anchorage testbed.

stories and spectral acceleration as an intensity measure that accounts
for the characteristics of GMs and structures alike.

Fig. 2 shows a noticeably broader range of construction years for
the San Francisco testbed. Similarly, the map indicates more dispersion
in construction years for San Francisco compared to Anchorage, sug-
gesting a diverse range of buildings complying with different design
codes. Additionally, the San Francisco testbed, with over three times
the number of seismograms, showcases greater diversity in the assigned
PGA for each building. Likewise, the increased heterogeneity is shown
in Fig. 3, with the San Francisco testbed displaying a wider range of
building heights and spectral acceleration. These testbeds exemplify
distinct scenarios: the San Francisco testbed reflects a complex build-
ing stock with a heterogeneous data structure, while the Anchorage
testbed represents a more homogeneous data structure. Examining both
testbeds enables a better comparison to evaluate the robustness of the
proposed methodology in different scenarios.

As for the data preparation step, 20k buildings are randomly se-
lected from the testbed. The data is then split into two disjoint sets
S and S,, each containing 10k buildings. S denotes the data pool
from which the candidate buildings are selected for inspection. The
calculated damage indices based on loss assessment are considered
as the observed damage that is available after building inspections,
thereby representing the labels in S. S, denotes a held-out test set
by which the predictive performance of the model is evaluated. To
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reduce the dependency of prediction results on a specific data set, 80%
of S (Sgy) is randomly selected to generate 64 different realizations
of the data pool. In each realization, after the model is trained with
the data in Sy, the predictions of damage measures for buildings in
S, are compared against the corresponding test labels (i.e., ground
truth). To rule out the effect of different dimensions, input data in S is
normalized. The occupancy type is categorical data, with each category
treated as a one-hot encoded feature. In the GPR formulation, since a
noisy observation of the underlying function has been considered, as
detailed in Section 2, Gaussian white noise is added to the unknown
function f(-); however, it should be noted that the labels (loss ratio and
red tag probability) are bounded within [0, 1], and it is not reasonable to
add Gaussian noise when the training labels are bounded [65]. As such,
a transformation using probit function @~!(-) is applied to training
labels, and the model is trained in warped space. It should be noted that
the inverse of the transformation is later applied to the predicted values
to calculate the error measure and evaluate the prediction performance
of the model.

4.4. Learning approaches

This study compares different algorithms representing passive sam-
pling and AL methods with the proposed framework. Assumptions
about inspection time, travel speed, daily work-time limit, and other
factors are made to account for the logistics of a post-earthquake
survey. Some assumptions are based on current practice, while others
simplify the problem formulation. The following assumptions apply to
all sampling approaches:

» Based on the ATC-20-1 procedures [66], the required time for
conducting a rapid evaluation is 30 min for each building [58].
An average travel speed of 30 km/h is assumed for the survey
team.

Daily work-time limit is considered to be 10 hours—this in-
cludes the time the survey team spends inspecting the candidate
buildings and traveling to reach different locations.

A fixed location, also known as depot location, is assumed from
which the survey team starts the inspections, and at the end of
each workday, the survey team returns to the same location.
The maximum budget for inspections, denoted as B, is set to 300.
The training process will continue until the stopping criterion
Eq. (19) is met, or until the budget is exhausted.

As a baseline method, random sampling of candidate buildings is
considered. Since budget B is the maximum number of inspections for
the survey, a set containing B buildings is randomly selected from Sg,.
Next, the OP heuristic is applied to maximize the number of inspected
buildings within the allowed daily time limit. For each day, a list of to-
be-inspected buildings is returned by grouping the randomly selected
buildings at a close geographical distance. This sampling approach is
hereafter referred to as Random-OP.

As a more systematic sampling strategy, clustering the input data
is performed using the k-means algorithm. The density of data points
varies across the input domain; as a result, each cluster may have a dif-
ferent number of members, and thus, each medoid is representative of a
different number of data points. We partition the data pool into B clus-
ters and greedily select the buildings that are representative of larger
clusters. This method is hereafter referred to as Greedy Representative
Sampling (GRS).

GRS, however, does not account for the optimality of routes since
the candidate buildings are prioritized based on the size of the clusters.
We alter this order of sampling by applying the routing objective on the
same B candidate buildings (i.e., the selected medoids). This way, each
day of the survey, the representative buildings are instead sequenced
such that the number of daily inspections is maximized. Thus, the order
of inspection of buildings is subject to change and is no longer based on
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the cluster size. We refer to this sampling approach as Representative
Sampling with the OP algorithm (RS-OP).

Further, as the state-of-the-art AL method for post-earthquake sur-
vey planning, the sequential design AL algorithm proposed in Sheibani
and Ou [26] is considered. This framework, also known as mutual in-
formation with adaptive local kernels (MI-ALK), sequentially selects the
candidate buildings according to the MI criterion Eq. (14) and exploits
the locality of kernel functions to adaptively update the MI score in
the neighborhood of the previously selected queries. Since labeling a
data point leads to updating the information in the neighborhood of
that data point, the costly calculations of the MI criterion should be
limited to those data points in each iteration. The neighborhood of an
inspected building is determined according to the kernel function and
a predefined threshold €. Only those data points in U that are highly
correlated with the current query (i.e., correlations greater than ¢) are
used to calculate the MI criterion. In case there exist numerous data
points that are highly correlated with the current query, an upper limit
d is set to control the number of data points for which the MI criterion
is to be calculated. Further details about this approximation method
can be found in Sheibani and Ou [26] and Krause et al. [34]. In this
manuscript, we consider ¢ = 0.9 and d = 250. As a result, the time
complexity is reduced from O(BN;‘/) to O(BNy,d>), where Ny, denotes
the number of uninspected buildings in the data pool Sg.

Lastly, the proposed method (A-BMAL) suggests a batch containing
B, candidate buildings for each day of inspection. Considering the depot
location, the locations of buildings in the suggested batch, and the 10-hr
daily time constraint, the routing module identifies a subset of the batch
such that each day the number of inspections is maximized. As the main
objective of A-BMAL is providing extra flexibility while maintaining the
informativeness of the candidate buildings, f, should ideally be larger
than the number of buildings that the team is capable of inspecting each
day. The capacity of the daily inspections is dependent on numerous
factors such as travel speed, the density of buildings in the region of
interest, the distribution of informative buildings, and so forth. As such,
a judicious choice of f, is based on domain knowledge. In this study,
considering the aforementioned assumption, we assume f, to be 30,
and the proposed algorithm is referred to as A-BMAL;,.

5. Results and discussion on learning performance

This section evaluates the proposed method for post-earthquake re-
gional damage inference, comparing it to passive and sequential active
learning algorithms. The evaluation measures sampling effectiveness
and prediction accuracy. In this section, the termination criterion is
not applied so that each algorithm can reach the full budget of 300
inspections for a complete comparison.

5.1. Sampling diversity and representativeness

To ensure accurate inference results, it is important to consider a
diverse and representative set of candidate buildings for inspection that
are reflective of the broader population of buildings in the region of in-
terest. To assess the diversity and representativeness of the queried data
points, we have defined two measures that are monitored throughout
the training process.

Diversity accounts for the coverage of the training data across
the input domain. As more training data are gradually obtained, the
diversity of the training set evolves. To examine this evolution, we
measure the average Euclidean distance between training and testing
data points. Let x; and x; be a pair of data points in the test set S,
and training set (i.e., labeled data points) L, respectively. The average
distance for the testing point x; € S, to the training data points in the
set L is calculated as follows:

1£]

d(x;) = — ] & ZHX X; (28)
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where || - || denotes the Euclidean distance between each pair of data
points, and |£| is the number of labeled data points. As such, for every
testing data point x;, d(x;) indicates the average distance to a given
training set £. If more testing data points find the training set in close
proximity, it can be inferred that the training data has better coverage
with respect to the test data, suggesting a higher diversity. Conversely,
if training data is concentrated in the input domain (limited diversity),
the majority of testing data finds the training set at greater distances
d(-). If d'(-) denotes the normalized values of d(x;) for all x; € S,, to
examine the distribution of the calculated d’(-) across S,, we define

= 1—d'(-) such that X;, € [0,1]. X, is a variable that describes
the normalized distance of each test data point to a given training set.
Large values of X, imply that testing points find the training set at a
close distance. If the distribution of X, is examined across S, and the
majority of test data show higher values of X, it can be concluded that
the training set has more diversity when compared to a distribution
where the test data have a high concentration of lower values of X,.
Therefore, the diversity of the training set £, can be quantified based on
the distribution of X,. The diversity measure D, for a given training
set £ is formulated as follows:

1S

D = |5|Z D 29

where |S, | is the size of the test set.

On the other hand, the kernel function in GPR encodes the correla-
tion between the function values of a pair of input data points. A higher
correlation between the testing points and the training set indicates the
testing points are better represented in the training set. The average
correlation between each test data point x; € S, and the training set £
can be measured as follows:

1£]
F(x;) = Z k(xi.x;) (30)
where k(-,-) = k(-,-) /o2 + Tepresents the correlation function of a pair of
input data points. We define the variable X to account for various
possible values of 7(-), such that Xz € [0,1). As with the diversity
measure, a higher concentration of test data at larger X implies the
test data is better represented by the training set. The measure R,
is defined to quantify the representativeness of the training set £ as
follows:

[S]

Rp = |S 2 ZXRI (31)

To illustrate the density of test data for different values of X, and
X g, a joint probability density function (PDF) is used. If X, and Xy
are divided into equidistant bins with widths b;, and by, a joint PDF of
Xp and X can be formulated as:

PN
ToR D= 58 T @
where 6(d, r) is assigned based on an indicator function that is 1 for
ith test point if it falls into the bin associated with the joint outcome
(d,r) and O otherwise; b;, and by are both set to be 0.01. Therefore,
the joint PDF of the test data serves as a two-dimensional indicator for
evaluating sampling effectiveness.

Fig. 4 and Fig. 5 illustrate the sampling performance evolution of
each learning algorithm, for the San Francisco and Anchorage testbeds,
respectively. Each row represents an algorithm, and the columns depict
the algorithm’s progress as more training data is acquired until reaching
the budget of 300 inspections. The joint PDFs are computed as weighted
averages of 64 realizations. The weights are assigned based on the cu-
mulative number of inspected buildings up to a given day, considering
that each realization may cover a different number of buildings per
workday.

Comparing the columns in Figs. 4 and 5, as more training data is
added, the density f, x shifts toward the upper right corner, indicating
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Fig. 4. Evolution of joint probability density of X, and X, as building inspections progress for loss ratio inference across the San Francisco testbed.

an increased likelihood of finding more diverse and representative
training data. However, Random-OP exhibits a slower density shift
compared to other algorithms, maintaining higher density at small X,
values even after 300 inspections. This implies limited diversity in the
training set with respect to the testing data. Moreover, Random-OP
shows a high density (fp i > 0.1) of testing data at Xz < 0.2 after
300 inspections, suggesting the presence of training data points that
are weakly correlated with testing data.

Compared to Random-OP, GRS and RS-OP exhibit higher densities
at larger values of X, in the last column of Figs. 4 and 5, indicating
more diverse final training sets. This is expected since GRS and RS-OP
employ clustering to determine the training sets. In the initial stages of
the survey (first two columns in Figs. 4 and 5), GRS samples training
sets that are further from the majority of the testing data, resulting in
a higher density of testing data at X, < 0.5 compared to RS-OP. This
suggests that training samples from larger clusters are concentrated
and exhibit limited diversity with respect to the test data. However,
the distribution gradually becomes more diverse after the 10th day. In
contrast, RS-OP consistently shifts the density toward higher values of
X p as more training data is acquired.

The MI-ALK approach sequentially selects buildings that maximize
the MI criterion. MI-ALK demonstrates quicker convergence of diversity
in training data points compared to random sampling, as indicated by
darker regions with lower f},  values for smaller X, values. However,
clustering-based methods eventually achieve more diverse training sets.
This highlights the effectiveness of clustering-based approaches in pre-
venting excessive similarity among data points, making them suitable
for avoiding similarity within a batch in the batch-mode AL framework.

A-BMAL,, combines clustering-based and information-based meth-
ods. In the last row of Figs. 4 and 5, by the 5th day of inspection,
densities shift toward higher values of X, indicating A-BMAL3, has

10

identified a diverse set of training data. Similarly, augmenting the
training set gradually shifts densities toward higher values of X . The
absence or low density of testing points at X; < 0.5 after the 10th
day confirms that A-BMAL,, efficiently selects training samples that
strongly correlate with the test data and better represent the underlying
data.

Table 2 shows diversity (D) and representativeness (R) measures for
the training sets as more data is acquired. Each algorithm corresponds
with 2 rows of data where the upper row denotes the calculated
measures for loss ratio, and the lower row denotes the scores for red
tag probability. A-BMAL,, achieves the highest diversity value in the
initial phase (5th day) and maintains the highest diversity throughout
the survey (300 inspections) compared to other algorithms. Similarly,
an early convergence pattern is observed in the representativeness
measure. The calculated measures, along with the small dispersions in
the joint PDF, suggest that the proposed method effectively identifies
diverse and representative samples in the initial phase of the survey.

In the Anchorage testbed, it is worth noting that GRS achieves the
highest representativeness score values by reaching R-score of up to
0.95 as early as the 10th day, as specifically underscored in Table 2.
This indicates that exclusively selecting the largest clusters helps create
a training set that effectively represents the testing data. This suggests
a concentration of data points in the multidimensional feature space,
where a high representativeness score predominantly relies on sam-
pling larger clusters. In fact, one can observe R-score reduces after the
10th day by adding the smaller clusters. This scenario implies a simple
structure of the data as a result of a homogeneous building stock in the
Anchorage testbed, especially when compared to a more complex and
heterogeneous data set such as the San Francisco building stock, which
encompasses a greater diversity of building occupancy types, various
numbers of stories, and other attributes.
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Fig. 5. Evolution of joint probability density of X, and X, as building inspections progress for loss ratio inference across the Anchorage testbed.

Table 2
Measures of diversity and representativeness for the considered algorithms as building inspections progress. Each algorithm is represented by two rows: the upper row displays the
sampling measures for loss ratio, while the lower row pertains to red tag probability.

Testbed San Francisco Anchorage
Measure Algorithm 1st day 5th day 10th day 300 inspections 1st day 5th day 10th day 300 inspections
Random-OP 0.63 + 0.10 0.72 + 0.09 0.76 + 0.08 0.80 + 0.07 0.52 + 0.10 0.64 + 0.08 0.72 + 0.07 0.80 + 0.05
0.62 + 0.10 0.72 + 0.09 0.76 + 0.08 0.79 + 0.07 0.55 + 0.10 0.68 + 0.08 0.72 + 0.07 0.81 + 0.05
GRS 0.55 + 0.13 0.51 + 0.13 0.65 + 0.09 0.82 + 0.03 0.47 + 0.1 0.41 + 0.07 0.39 + 0.06 0.83 + 0.03
0.56 + 0.14 0.51 + 0.13 0.65 + 0.10 0.82 + 0.03 0.47 + 0.10 0.41 + 0.07 0.39 + 0.06 0.83 + 0.03
D RS.OP 0.67 + 0.05 0.75 + 0.04 0.79 + 0.04 0.82 + 0.03 0.72 + 0.04 0.75 + 0.03 0.76 + 0.03 0.83 + 0.03
0.67 + 0.05 0.75 + 0.04 0.79 + 0.04 0.82 + 0.03 0.70 + 0.04 0.75 + 0.03 0.76 + 0.03 0.83 + 0.03
MLALK 0.65 + 0.05 0.73 + 0.05 0.78 + 0.05 0.81 + 0.05 0.65 + 0.06 0.75 + 0.05 0.78 + 0.05 0.82 + 0.04
0.66 = 0.05 0.74 + 0.05 0.77 + 0.05 0.81 + 0.05 0.68 + 0.05 0.76 + 0.04 0.79 + 0.04 0.82 + 0.04
ABMAL 0.63 + 0.10 0.81 + 0.03 0.82 + 0.03 0.82 + 0.03 0.56 + 0.09 0.82 + 0.03 0.83 + 0.03 0.84 + 0.03
30 0.61 + 0.10 0.81 + 0.03 0.82 + 0.03 0.83 + 0.03 0.54 + 0.09 0.82 + 0.03 0.83 + 0.03 0.84 + 0.03
Random.OP 0.74 + 0.15 0.78 + 0.08 0.82 + 0.06 0.84 + 0.04 0.55 + 0.14 0.68 + 0.10 0.77 + 0.08 0.85 + 0.06
0.30 + 0.10 0.46 + 0.09 0.64 + 0.07 0.83 + 0.03 0.49 + 0.10 0.68 + 0.05 0.78 + 0.06 0.80 + 0.05
GRS 0.74 + 0.17 0.79 + 0.12 0.82 + 0.07 0.75 + 0.05 0.72 + 0.14 0.75 + 0.11 0.82 + 0.09 0.85 + 0.03
0.67 + 0.17 0.66 + 0.08 0.77 + 0.09 0.83 + 0.03 0.72 + 0.08 0.82 + 0.05 0.95 + 0.01 0.81 + 0.02
R RS.OP 0.75 + 0.06 0.77 + 0.05 0.80 + 0.04 0.84 + 0.03 0.82 + 0.03 0.83 + 0.03 0.87 + 0.02 0.85 + 0.03
0.43 + 0.07 0.75 + 0.03 0.84 + 0.02 0.87 + 0.02 0.72 + 0.05 0.79 + 0.03 0.81 + 0.02 0.81 + 0.02
MLALK 0.75 + 0.08 0.76 + 0.06 0.83 + 0.05 0.88 + 0.04 0.82 + 0.07 0.84 + 0.04 0.84 + 0.05 0.90 + 0.04
0.50 + 0.09 0.66 + 0.04 0.81 + 0.03 0.90 + 0.02 0.75 + 0.05 0.75 + 0.04 0.79 + 0.03 0.86 + 0.01
ABMAL 0.73 + 0.16 0.81 + 0.03 0.83 + 0.03 0.86 + 0.03 0.76 + 0.13 0.86 + 0.03 0.86 + 0.03 0.91 + 0.02
30 0.60 + 0.14 0.72 + 0.05 0.85 + 0.02 0.90 + 0.01 0.78 + 0.08 0.79 + 0.03 0.80 + 0.02 0.83 + 0.02
5.2. Predictive performance labels (ground truth). SMSE is calculated as follows:
N 2
- , 1 Xim1 (i = B
To assess the model’s predictive performance, various measures SMSE = N IIV*—I()*I (33)
. . . . ar
evaluate prediction accuracy and quantify prediction uncertainty. The Y
Standardized Mean Squared Error (SMSE) measures the deviation be- where y,; is the label value for the ith test point in S,, u,; is the
tween the predicted mean values of the unknown function and the test prediction at ith test point according to Eq. (6), and N is the size of
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Fig. 6. Predictive performance comparison for the San Francisco testbed.

the test set S,. Besides, to standardize the metric, the total value of the
residuals is divided by the variance of the test data labels y,.

The correlation between the test data labels and predictions is
measured as another learning performance metric:

SN Gui = Py — )

VEN s = 52 ZN Gy — )2

where y, and j, are the mean values for test data labels and predic-
tions, respectively. A higher correlation coefficient (CC) between the
test data labels and the prediction values indicates the model better
captures the trend in the underlying data, and thus it implies a superior
learning performance.

As a probabilistic model, GPR yields a posterior multivariate Gaus-
sian distribution. The posterior covariance X, in Eq. (7) captures the
prediction uncertainty. The prediction uncertainty for a set of test-
ing data points can be quantified by calculating the mean prediction
variance across the test set S, given training data set L:

cc

(34

N

% 214 ["? ~ Ko (Kee + 651)_1 Kz:x,] (35)
=

where x; represents the ith testing point in S,, and ¢2 and "3 denote

the signal and noise variances, as specified in Eq. (9).

Fig. 6 and Fig. 7 show predictive performance for loss ratio and red
tag probability in the San Francisco and Anchorage testbeds, respec-
tively. Results are median values from 64 realizations. More training
data decreases SMSE and increases CC, enhancing predictive accuracy.
However, Random-OP converges slower than other algorithms. For ex-
ample, in San Francisco with 150 training samples, Random-OP shows
approximately 75% and 90% higher SMSE for predicting loss ratio and
red tag probability, respectively, compared to other algorithms. This
trend extends to prediction uncertainty, where Random-OP’s uncer-
tainty reduction is more limited than other methods. Thus, random
selection of candidate buildings requires more inspections to achieve
comparable accuracy to other sampling approaches.

Regarding passive sampling methods, GRS and RS-OP achieve simi-
lar levels of SMSE, CC, and prediction uncertainty at 300 training data.
However, their performance differs before reaching 300 inspections.
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GRS samples buildings from larger clusters, while RS-OP prioritizes
inspections to maximize the number of daily inspections. Although the
final performance is the same, RS-OP tends to achieve better predictive
performance with smaller training data sets. In predicting the loss ratio
in both testbeds, for instance, GRS exhibits significantly higher SMSE
and lower CC values compared to RS-OP at 100 training samples.
This can be attributed to the limited diversity of samples selected
based on cluster size. However, after adding 150 training samples,
GRS shows improved learning performance, matching the SMSE and
CC values of RS-OP. As outlined in Section 5.1, within the context of
the Anchorage testbed’s less complex data structure, sampling larger
clusters demonstrates higher representativeness, which directly influ-
ences learning performance when predicting the red tag probability.
Despite the sampled points’ limited diversity compared to RS-OP, GRS
outperforms RS-OP in the Anchorage testbed.

MI-ALK demonstrates superior learning performance with the low-
est SMSE and highest CC values. When comparing MI-ALK’s prediction
uncertainty with that of passive sampling methods, it becomes evident
that MI-ALK’s uncertainty stabilizes swiftly, needing only 100 training
samples for stability in the San Francisco scenario. In the Anchorage
testbed, characterized by a simpler data structure, the uncertainty in
the predictions decreases even more rapidly, requiring only 50 train-
ing samples. On the other hand, passive methods require additional
samples to reduce the uncertainty. The convergence pattern of MI-
ALK’s prediction uncertainty indicates that sampling informative data
points significantly reduces uncertainty initially, but the reduction rate
plateaus. This observation aligns with the diminishing returns property
of the MI criterion [34]. However, when comparing the prediction
uncertainty for the loss ratio in both testbeds, MI-ALK exhibits approxi-
mately 50% higher levels of prediction uncertainty compared to RS-OP,
indicating that relying solely on informativeness does not guarantee
high prediction confidence.

On the contrary, A-BMAL,, incorporates both informativeness and
diversity in its sampling strategy. It uses the MI criterion to select
informative samples and clustering to ensure diversity. The results
presented in Figs. 6 and 7 show that A-BMAL3, achieves comparable
SMSE and CC values to MI-ALK and RS-OP, with a slight decline in
accuracy in the San Francisco testbed. However, in terms of predic-
tion uncertainty, A-BMAL3, consistently outperforms other methods.



A. Cheraghi et al.

Loss Ratio

Advanced Engineering Informatics 60 (2024) 102414

1.0
\ —=- Random-OP
\ —-- GRS
0-8“!' RS-OP
1 — MIALK
= 0.6 — A-BMALg
2]
=
9p]
0.0 T T 0.5 T T 0.000 T T
100 200 300 100 200 300 100 200 300
Number of inspections Number of inspections Number of inspections
Red Tag Probability
1.0 1.0 - - 0.200
0ol P 201754
ey = 0.150 1
I g
0.84l[,/ g 0-1251
S ' = 0.1001
0.71 20.07514
g AN
061 2 0.050 A‘\i\“»
a, 0.0254 SSTSSosaes
0.0 T T 5 T T 0.000 T T
100 200 300 100 200 300 100 200 300

Number of inspections

Number of inspections

Number of inspections

Fig. 7. Predictive performance comparison for the Anchorage testbed.

It exhibits a distinctive convergence pattern, with stable prediction
uncertainty after 100 training samples, and achieves smaller values
of prediction uncertainty at the end of the training (as shown for
the loss ratio in Figs. 6 and 7). This suggests that, while sampling
informative data points leads to early convergence, explicit inclusion
of diversity through the clustering algorithm further reduces prediction
uncertainties. In general, A-BMAL3, benefits from both diversity and
informativeness in its query selection, resulting in higher prediction
confidence.

In practice, the absence of a test set poses challenges in precisely
assessing model error to determine the termination of the survey.
Consequently, as highlighted in Section 3.2, the stability of uncertain-
ties becomes crucial in decision-making and the reliance placed on
inference outcomes. Of specific interest are models exhibiting notable
convergence patterns based on prediction uncertainty while maintain-
ing sufficiently accurate predictions. Based on the learning performance
presented in Figs. 6 and 7, AL models (i.e., MI-ALK and A-BMAL,,)
fulfill these criteria.

6. Results and discussion on post-earthquake reconnaissance effi-
ciency

In this section, we apply the termination criterion specified in
Section 3.2 to different algorithms. The threshold ¢, in Eq. (19) is
universally set to 0.05. Algorithms failing to meet this criterion are
assigned a budget of 300 inspections. We discuss how the termination
of the survey affects the selection of the buildings. Then we assess the
resource requirement and predictive performance of each algorithm.
Moreover, this section delves deeper into evaluating the effectiveness
of the proposed framework in earthquake engineering by comparing
predictions with recorded data from instrumented buildings during the
seismic event in Anchorage.

6.1. Influence of termination criterion on the selection of candidate build-
ings

Following each survey day, we compute predictive variance across
the 10,000 buildings in the test set S,. Extracting the diagonal elements
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of ¥, in Eq. (7), one can obtain the daily distribution of prediction
variance. The termination criterion assesses the JS distance between
distributions of prediction uncertainty for successive days. As described
in Section 3.2, according to Eq. (19), if two consecutive JS distances fall
below the threshold ¢, = 0.05, it signals that additional inspections no
longer significantly enhance the model, leading to the termination of
the survey.

This section examines the influence of each algorithm on building
selection, using three attributes — floor area, construction year, and
spectral acceleration — to represent building characteristics and ground
motion intensity. Fig. 8 visually demonstrates how each algorithm
samples various buildings until the termination point.

In each block, the last column, labeled (T), presents the actual (true)
distribution of the feature. The remaining five columns depict the dis-
tribution of samples, for random selection, passive, and active learning
methods. The effective range is constrained within the 5th to 95th
percentile for all three features, and we divide each feature into 50 bins.
We utilize 64 realizations of Sy, to run the different algorithms and
obtain samples, and the figure reflects the average result. The number
above the five columns indicates the median number of inspections
required until the survey termination.

Darker-colored bins indicate a higher likelihood of sampling within
the respective bin. Specifically, MI-ALK (Al) and A-BMAL;, (A2)
demonstrate an ability to capture patterns resembling the true dis-
tribution with significantly fewer inspections compared to the other
three methods. Meanwhile, certain regions are over-represented in
alternative algorithms, while A-BMAL3, (A2) yields a balanced number
of samples, closely mirroring the true distribution even with fewer
inspections. This pattern is particularly evident in the evaluation of
spectral acceleration, as depicted in Fig. 8.

This performance is because samples obtained from A-BMAL3, (A2)
exhibit greater diversity, effectively covering a broader range with
fewer inspections. This observation aligns with the previous discussion
on diversity measures in Section 5.1. With the sampling performance
considered, we will now proceed to the discussion on the time and
resource requirements for each algorithm.
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6.2. Time and resource requirements

Fig. 9 displays the overall time required by each algorithm to
satisfy the termination criterion. The bar plots represent the median
values of 64 realizations, with error bars indicating the 25th and 75th
percentiles. Notably, Fig. 9(a) demonstrates that A-BMAL;, achieves
convergence with 22% and 26% less time compared to Random-OP
and RS-OP for predicting loss ratio and red tag status, respectively.
This reduction in time demand is more pronounced in the Anchorage
scenario, displaying a 26% reduction for loss ratio and a 51% reduction
for red tag probability compared to Random-OP (Fig. 9(b)). This accel-
erated convergence expedites decision-making while reducing costs and
resource requirements for the survey task.

The findings in the Anchorage testbed exhibit a similar trend.
Although MI-ALK registered the least time for the Anchorage scenario,
an observation from Fig. 9(b) indicates that the time spent traveling
between buildings is roughly twice that of A-BMALs,. This potentially
leads to a higher total time in realistic scenarios where road blockages
occur due to the presence of debris, or the travel speed is much lower
than our current assumption (i.e., 30 km/h). Additionally, the simpler
nature of the data in Anchorage building stock has further accentuated
the convergence. However, this early convergence in MI-ALK might not
persist in a more complex data set characterized by a more balanced
feature space.

Furthermore, increasing the batch size postpones convergence. A
larger batch size corresponds to an increased number of clusters f,
resulting in smaller clusters, reduced distance among medoids, and less
sample diversity. Given a fixed data pool S for selecting candidate
buildings, increasing f, increases the likelihood of selecting less infor-
mative samples in each iteration of A-BMAL. Hence, there is a trade-off
between efficient routing and the model’s learning performance when
considering larger batch sizes.

(b)

Fig. 8. Sampling performance until the survey termination for predicting loss ratio in the (a) San Francisco and (b) Anchorage testbeds. R:Random-OP, P1: GRS, P2: RS-OP, Al:
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Fig. 10 presents the total travel distance and number of inspections
for each sampling approach. GRS and MI-ALK require significantly
greater travel distances compared to other methods. On the other
hand, A-BMAL variants with larger f, offer more routing flexibility
and achieve reduced travel distances. This is more noticeable in the
San Francisco case due to the higher density of the building stock
compared to the Anchorage testbed. In the San Francisco scenario,
A-BMAL,,, converges with 32% and 27% less travel distance than A-
BMALg;, for loss ratio and red tag probability prediction, respectively.
However, larger f, values lead to delayed convergence due to the
trade-off between routing efficiency and learning performance.

It is noteworthy that both Random-OP and RS-OP barely con-
verge within the budget limit (i.e., 300 inspections) as can be seen in
Fig. 10(a), with the error bars showing no variation in the number of
inspections. Similarly, examining the error bars in Fig. 10(b), we ob-
serve that Random-OP consistently fails to converge in the Anchorage
case.

Different algorithms require varying numbers of inspections to
reach convergence due to the termination criterion. However, termi-
nating the survey early with fewer inspections affects the model’s
performance. To assess the performance at their termination points, the
model error and prediction uncertainty of each algorithm are compared
in Fig. 11.

As illustrated in Fig. 11, Random-OP shows higher SMSE and pre-
diction uncertainty compared to other approaches, while GRS and
RS-OP have the lowest SMSE values. Nevertheless, in the San Francisco
testbed, both GRS and RS-OP display a lack of convergence. This
is indicated (in Fig. 11(a)) by the numbers above the bar charts,
denoting the number of inspections at the stopping point for each
algorithm. Additionally, this absence of convergence is visible in the
prediction uncertainty plots depicted in Fig. 6, where a consistent
negative slope is observed until reaching the budget limit. In the
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Fig. 10. Cumulative distance traveled and the total number of building inspections until reaching the termination criterion for the (a) San Francisco and (b) Anchorage testbeds.

Anchorage testbed, passive sampling algorithms indicate meeting the representative buildings. However, it is important to note that con-
convergence criterion before reaching the 300-inspection budget. This vergence occurs at appreciably higher inspection numbers compared
behavior is strongly influenced by the simpler building stock observed to MI-ALK and A-BMAL,,. Thus, for passive sampling approaches,
in the Anchorage testbed, where the concentration of data in the feature increasing the number of inspections reduces the model’s uncertainty
space contributes to a faster convergence by solely relying on sampling and improves its performance through additional data acquisition.
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Fig. 11. Performance comparison of various algorithms at their termination points for the (a) San Francisco and (b) Anchorage testbeds. The numbers above each bar chart

represent the median number of inspections needed to meet the stopping criterion.

As such, clustering-based passive sampling methods are suitable for
guiding extended reconnaissance missions as they do not exhibit an
early convergence pattern that is crucial for rapid decision-making in
time-sensitive scenarios.

On the other hand, MI-ALK and A-BMAL;, demonstrate an early
convergence pattern as discussed in Section 5.2, allowing the survey
team to terminate the inspection process and rely on the model’s
predictions.

As illustrated in Fig. 11, comparing MI-ALK and A-BMAL,,, MI-ALK
requires fewer inspections to meet termination criterion in Anchorage
but with higher prediction error and model uncertainty than A-BMAL,,.
In San Francisco, A-BMAL,, converges with slightly fewer inspections
but shows higher prediction error. However, MI-ALK’s dependency
on query sequence can limit its practicality for geographically dis-
tant queries. Additionally, the homogeneous nature of the data set in
the Anchorage testbed further leads to rapid convergence using MI-
ALK, while a more heterogeneous building stock as that in the San
Francisco favors A-BMAL,,, showing faster convergence. Therefore, A-
BMAL;, proves advantageous for more diverse building inventories that
broadly span the feature space, enabling faster convergence due to its
capability to utilize both sampling mechanisms based on diversity and
informativeness of the queries.

Examining the variants of A-BMAL with different batch sizes, Fig. 11
shows a direct correlation between batch size and prediction uncer-
tainty. As previously mentioned, a larger f, favors the routing effi-
ciency but undermines the learning performance by limiting the di-
versity and informativeness of the samples. It can be inferred that the
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value of f, can be deemed as a proxy for the trade-off between efficient
routing and learning performance.

To demonstrate the algorithms’ performance, Fig. 12 displays the
routes created by different approaches during a one-day building dam-
age inspection in the San Francisco testbed along with the associated
predictive performance for a single realization. A-BMALy, exhibits
a convergence pattern before the 5th day of the survey. Acceler-
ated convergence allows A-BMAL3, to meet the termination criterion
approximately six days earlier than passive sampling methods. Further-
more, A-BMALg, achieves the same level of accuracy as MI-ALK, but
three days ahead. Even if the survey is halted within the initial days,
A-BMAL,;, maintains a more stable predictive accuracy compared to
other algorithms. Results suggest that A-BMALs, is robust to incomplete
data and can deliver reliable predictions if the survey is prematurely
interrupted.

6.3. Evaluation of model predictions against measured data from instru-
mented buildings

Experience from major earthquakes has shown that non-structural
losses collectively exceed the economic losses caused by structural
damage [67,68]. Meanwhile, non-structural damage is often correlated
with acceleration demands [67]. As a result, effectively predicting ac-
celeration demand projects expected non-structural damages, enabling
a faithful loss assessment. To showcase the effectiveness of the proposed
model, we assess its performance by comparing its predictions with
the measured roof accelerations recorded during the 2018 Anchor-
age earthquake. This comparison will help us determine the model’s
accuracy in predicting acceleration demand and non-structural damage.
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Fig. 12. Inspection routes generated by various algorithms for the San Francisco testbed alongside the prediction accuracy as the survey progresses. Inspection routes and model

performance for more realizations are available at https://youtu.be/DM5PyKU61hU.

To monitor the response of the structures in regions with high
seismicity, the United States Geological Survey (USGS) has equipped
selected buildings with sensors and accelerometers [69]. This section
focuses on two prominent structures in Anchorage, chosen to evaluate
our proposed approach and demonstrate its potential application in the
earthquake engineering context. The Atwood building, a 20-story steel
moment frame with an in-plan steel shear-walled core, was selected
for analysis. Its sensor array comprises 32 channels of accelerometers
located across 10 levels of the structure [69]. Channel 32 was se-
lected since it corresponds to the primary component of the horizontal
accelerogram employed in our testbed, specifically monitoring roof
acceleration along the east-west direction. Similarly, we examined
the measured response of the Frontier Building, a 14-story reinforced
moment frame. We utilized channel 33 among an array consisting of 36
accelerometers. Further information about the configuration of sensors
can be found in CESMD [61] and Clebi [69]. Fig. 13 shows the selected
buildings and the extracted records from the roof accelerometers.

We utilized three algorithms that have consistently demonstrated
superior overall performance: RS-OP, MI-ALK, and A-BMAL;,. The
models were trained using 64 realizations of different Sy, as the avail-
able data pool. Throughout the training process, the models were fed
with the specific features of the Atwood and Frontier buildings, as
outlined in Table 1. As only a few buildings are instrumented, to train
the model, we rely on the calculated roof node acceleration, extracted
from the simulation workflow. Similarly, in a real-world setting, such
a structural response (i.e., roof-level acceleration) may not be avail-
able during post-earthquake reconnaissance. However, given the strong
correlation between nonstructural damage and acceleration demand,
alternative indicators of nonstructural damage can be employed to train
the model.

Fig. 14 depicts the evolving median values of predicted roof accel-
eration throughout the training process. A-BMAL,, accurately captures
the target response (calculated acceleration) for both buildings. When
comparing the AL-based methods MI-ALK and A-BMAL;, with the
passive sampling RS-OP, a notable convergence trend is observed for
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the AL methods. This amounts to inferring the response of different
buildings by relying on the model in earlier stages of training, thereby
demanding fewer resources and expediting decision-making. It is worth
noting that while MI-ALK exhibits a similar convergence pattern, its
reliance on the inspection sequence poses limitations in cases where
the queries are located in distant geographical locations or are not
accessible to obtain inspection data. As a result, the proposed method
is a viable approach that can take into account the learning objective
while remaining practical due to the extra flexibility that is available
due to the batch query scheme.

7. Limitations and future work

This section discusses the limitations of the proposed framework
and suggests areas for future research.

In our methodology, we assumed that the damage inspection data
have noise levels that follow an independent and identical (Gaussian)
distribution across different buildings (i.e., a homoskedastic noise). This
assumption results in a Gaussian likelihood and enables a closed-form
solution for inference. While this tractability is advantageous, it is es-
sential to recognize the potential limitations of this assumption in real-
world scenarios. In practice, real-world situations may induce noise
levels with varying parameters (or heteroskedastic noise). For instance,
specific regions or types of buildings might exhibit significantly differ-
ent noise variances in the observed damage. This complexity in the
real-world data warrants further exploration in future research, with
an emphasis on capturing heteroskedastic noise patterns to enhance the
inference results.

Additionally, in a real-world context, subjective interpretation of
building damage by different survey team members could introduce
an additional source of uncertainty to the model, a factor that our
formulation does not explicitly account for. The subjective interpre-
tation of building damage leads to varying noise parameters, thereby
contributing to noise heteroskedasticity. Consequently, this aspect of
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Fig. 14. Evolution of the predicted roof acceleration for instrumented buildings in the Anchorage testbed.

real-world data can also be addressed with a model that is able to
capture heteroskedastic noise.

Our study utilized real-world data for the feature set; however, the
labels used for training and testing our models were sourced from
a regional simulation. While we ensure the presence of noise in the
simulation results by introducing uncertain model parameters and our
approach accounts for the presence of noise (as discussed in Section 2),
it is important to note that real-world settings might induce consid-
erably higher noise levels. This may impact the signal-to-noise ratio,
potentially undermining the accuracy of the inference results.

The task of inferring damage indices was framed as a regression
problem in our study. In rapid post-earthquake evaluations, damage
assignment often employs discrete values or classes like different color
tags (e.g., green, yellow, or red). While our approach allows for trans-
forming and mapping these discrete classes to continuous values to be
used in regression formulation, there exists an advantage in formalizing
the problem within a classification framework.

Furthermore, our methodology assumes data collection by a single
survey team. However, there is potential for extending this framework
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to encompass multiple teams concurrently collecting and sharing data,
allowing for model updates as damage information becomes avail-
able from different teams. This extension remains an area for further
exploration.

8. Conclusion

Post-earthquake surveys are time-consuming tasks, while the per-
ishable nature of damage data in the disaster aftermath necessitates
prompt acquisition of the data. Hence, a methodical approach is cru-
cial to ensure streamlined data collection within time constraints and
resource limitations, maximizing the utilization of the acquired data.
This paper proposes a new batch-mode active learning framework
for efficient identification of informative buildings in post-earthquake
surveys. The framework selects informative candidate buildings in
batches, allowing flexible route planning and improving survey ef-
ficiency. To overcome the challenge of scarce ground truth data in
post-earthquake scenarios, a stopping criterion based on the stability
of the model’s prediction uncertainty is proposed. The framework is
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compared with passive learning and state-of-the-art active learning
methods in guiding post-earthquake surveys following both a hypothet-
ical earthquake scenario in the San Francisco Bay area and the 2018
Anchorage earthquake. The key findings of the study are:

Using a combination of an information-theoretic criterion and
clustering, the proposed framework was able to expedite the
coverage of the region by effectively identifying and selecting
candidate buildings that were both informative and diverse. This
approach allowed for more efficient exploration of the region.
The batch active learning approach resulted in a distinct con-
vergence pattern in prediction confidence, informing the survey
team that additional inspections would yield minimal improve-
ments in prediction quality. This is particularly advantageous in
time-sensitive situations that necessitate a prompt evaluation of
regional damage.

The termination criterion employed in this study does not rely
on the labels of the test data. As a result, the survey team can
determine when to conclude inspections in the absence of ground
truth damage data.

The proposed batch query scheme enhances routing flexibility
and resolves data acquisition inefficiencies observed in sequential
AL methods. In comparison to the sequential approach, it re-
duces travel distance by 65%, thereby improving data acquisition
efficiency.

Compared with the baseline approach (random sampling with
optimized routes), the proposed method reduced inspection time
by up to 26% and 51% for the San Francisco and Anchorage
testbeds, respectively, while enhancing prediction accuracy and
confidence.

Clustering-based passive sampling, sequential AL, and the pro-
posed batch AL frameworks highlight specific strengths in varying
scenarios. Passive sampling methods are particularly advanta-
geous when time constraints are less critical, offering decent
accuracy but slower convergence. Sequential AL suits scenar-
ios characterized by a more homogeneous building stock that
is concentrated in the feature space, effectively capturing the
regional damage trends by depending solely on sampling infor-
mative buildings. Meanwhile, the proposed approach is ideal
for complex and heterogeneous building inventories that widely
span across a multitude of features, leveraging more advanced
sampling mechanisms based on active learning principles. Addi-
tionally, it proves advantageous in scenarios with reduced travel
speed or road obstructions due to its enhanced routing flexibility
compared to sequential AL.
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