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ARTICLE INFO ABSTRACT
Keywords: In recent years, unmanned aerial vehicles (UAVs) have been widely used in post-earthquake
Task allocation investigations due to their versatility. However, the existing task allocation of the UAVs is pri-

Regional seismic resilience assessment
UAV
Post-earthquake investigation

marily based on the basic physical attributes of the target points, which contain limited seismic
information. The seismic indicators derived from seismic resilience assessment provide a more
detailed reflection of earthquake damage and have the potential to enhance the rationality and
efficiency of task allocation in post-earthquake surveys. Thus, a framework to introduce the
regional seismic resilience assessment into the task allocation of the survey is proposed. The
framework defines the basic attributes of target points based on the regional seismic resilience
assessment. The methods for constructing constraints and objective functions relevant to post-
earthquake surveys are also provided. The framework consists of three parts: seismic resilience
assessment, indicator conversion, and problem-solving. The proposed framework aims to provide
a feasible approach for integrating real earthquake disaster scenarios with UAV task allocation,
promoting the practical application of related research findings in the real world. The case studies
based on the San Francisco Bay Area testbed and the 2014 South Napa California earthquake are
taken as examples to introduce the framework and demonstrate the framework’s effectiveness
and feasibility under both actual conditions and simulated conditions. Comparisons among so-
lutions based on different kinds of basic attributes are made to validate the feasibility of the
proposed framework, and the result proves that a higher investigation efficiency can be obtained
after the introduction of seismic resilience indicators into UAV task allocation.

1. Introduction

Earthquakes can cause substantial damage to urban functionality and significantly threaten the safety of residents’ lives and
property. Once the city is attacked by the earthquake, it is necessary to delineate the extent of the affected area and identify the disaster
situation immediately [1,2]. The rapid post-earthquake investigation is essential for maximizing the effectiveness of rescue operations
and for conducting a thorough evaluation and documentation of the damage scenario [3]. In recent years, unmanned aerial vehicles
(UAVs) have been widely used in post-earthquake investigations due to their versatility. Compared with traditional aircraft, UAVs have
the advantage of high deployment speed, infrastructure independence, and cost-effectiveness [4]. Moreover, UAVs deliver
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higher-resolution images than satellites and maintain flexibility in various weather conditions [5].

However, limited by the battery capacity and maximum flying distance, efficient planning of UAVs during the investigation is
hence important to collect more post-earthquake disaster information. The optimization of the UAV tasks to achieve more targets in a
shorter time is a typical operational research problem known as vehicle routing problems (VRPs) in the field of automatic control [6].
This question further leads to two sub-questions: task allocation and path planning [7]. Task allocation and path planning are
interconnected yet distinct concepts for UAVs. Task allocation involves the strategic distribution of tasks among a group of UAVs,
ensuring that each drone is assigned tasks that align with its capabilities, thereby optimizing overall efficiency, effectiveness, or other
pertinent metrics. Task allocation requires consideration of the UAVs’ capabilities, the urgency and importance of the tasks, and the
availability of resources, aiming to achieve fairness, efficiency, and practicality in the distribution of tasks [8]. Path planning refers to
the process of determining an optimal route for a UAV to travel from a starting point to a destination within a given environment. The
process accounts for obstacle avoidance, flight capability limitations (e.g. minimum turning radius, maximum turning speed), and
energy conservation, among other factors [9]. Path planning focuses on how a UAV navigates safely and efficiently, ensuring successful
mission completion in complex environments [10]. In a word, task allocation determines what will the UAVs do while path planning
addresses how will the UAVs do it. Although these are separate issues, they are typically interrelated in practical scenarios. Effective
task allocation can guide path planning, and efficient path planning can enhance the execution of tasks, improving overall mission
success and safety.

In this research, UAV-based post-earthquake investigation falls within the realm of task allocation. The typical technical routes and
research methods to solve the problem of UAV task allocation mainly include five methods [6]: optimization algorithm (linear pro-
gramming, integer programming, mixed integer linear programming, etc.), heuristic algorithm (genetic algorithm, particle swarm
optimization, ant colony algorithm, etc.), market mechanism method, game theory method, and machine learning method. No matter
what method is chosen to solve the task allocation problem, the base attributes of the target points are necessary to determine the
priority of different target points and are needed to calculate the objective function. For post-earthquake investigation, the target
points refer to all the objects that need to be investigated. Depending on the scale of the problem, the target point can be a single
building, a community, a region, a city, or even a province. Different types of target points have different basic attributes, the basic
attribute of target points with bigger scales is highly correlated with that of target points with smaller scales. Through the investigation
of the relevant literature, the target point of the post-earthquake investigation usually is a regional target in the field of automatic
control. The common basic attributes of the investigation targets include building area [11-14], number of buildings [12], population
[12,13,15-17], epicentral distance [12,16,17], number of important buildings (hospitals, schools, fire stations) [15,17,18], number of
possible heavily damaged buildings [13,18]. In summary, the previous paper assigned weights to different target points through the
subjective evaluation based on the basic attributes for subsequent algorithm testing, and the core of these studies is to figure out
algorithms with higher efficiency or accuracy, there is little attention on the kinds of basic attributes. It should be noted that the
common attributes in previous post-earthquake investigation task allocation are all basic geometric and physical information. Due to
the lack of further analysis using seismic engineering methods, it is difficult to essentially reflect the characteristics of an earthquake
with a certain magnitude and the loss of buildings in the region. What’s more, the existing attributes fail to reflect the emphasis on
severely damaged buildings and areas in post-earthquake investigations.

Recently, the concept of seismic resilience has attracted interest across multiple disciplines and has been taken as a potential
method to overcome the incoordination between the seismic design principle and the challenge of urban earthquake disaster pre-
vention [19-21]. The core idea of urban seismic resilience is the ability of the urban infrastructure and societal framework to endure
earthquakes, thereby preventing immediate chaos or permanent damage [22-25]. To transform theoretical seismic resilience into
practical applications, the appropriate resilience indicator system should be built to carry out specific urban seismic resilience as-
sessments. According to FEMA P-58 [26] and other resilience- and performance-based methods, economic losses, downtime, and
functional recovery times are recommended to evaluate the seismic resilience of buildings. These three indicators have been proven to
be effective on different kinds of buildings even some new structural styles like self-centering structural systems [27]. In addition, the
resilience-based method is not only limited to assessing a single building but also is suitable for building complexes with various
structural types. Burton et al. [28,29] introduced a framework to evaluate the seismic resilience of a community enhanced by rocking
spine system by linking the limit state of the single building to the post-earthquake recovery and seismic functional loss. Hulsey et al.
[30] used the REDi Rating System supported by ARUP to research the relationship between the seismic functional loss of the com-
munity and the usage of safety cordons.

As a research hotspot of seismic engineering, the resilience indicators are used to describe the buildings and regions’ functional loss
after a real earthquake or a simulated one, which means the resilience indicators can also be regarded as a kind of basic attributes of
buildings under an earthquake with a certain magnitude. Moreover, due to the convertibility between the resilience indicators of a
building and a region [31], the similar basic attributes of a region can also be calculated. Therefore, it’s a potential method to introduce
the seismic resilience indicators into the task allocation of UAV-based rapid post-earthquake investigation. In this paper, a framework
to combine the seismic resilience assessment with the UAV task allocation in the post-earthquake survey is proposed to further improve
the efficiency of post-earthquake investigation. Section 2 is a brief introduction to the proposed framework. The detailed introductions
of the parts are given in Section 3 to Section 5. The case studies based on the San Francisco Bay Area testbed [32] and the 2014 South
Napa California earthquake are provided in Section 6 to demonstrate the framework’s effectiveness and feasibility under both actual
conditions and simulated conditions.
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2. Framework

The framework workflow is shown in Fig. 1. There are mainly three parts: seismic resilience assessment indicator conversion, and
problem-solving. The following are the specific steps in each part.

2.1. Seismic resilience assessment

This part completes the seismic resilience assessment of individual buildings in the target region, providing resilience indicators as
a data foundation for subsequent calculations. This part mainly includes the following steps.

(a) Collect the basic physical information of the buildings in the target region including number of stories, structural type, location,
completion date, structural area, etc. The basic information is used to build a multi-story lumped-mass shear model [33,34] for
every single building.

(b) Engineering demand parameters (EDPs) of each building are calculated through incremental dynamic analysis (IDA) [35,36]
and the probability distributions of EDPs including residual and maximum interstory drift ratio (IDR), peak floor acceleration
(PFA) are obtained from the calculation result.

(c) Intensity measure (IM) fields of the target region are simulated through the Monte Carlo method [37,38] with the epicenter of
the Hayward Earthquake [39]. Ground motion prediction equations (GMPEs) [40,41] are introduced to estimate the median IM
and the deviation for each building site.

(d) Seismic resilience indicators (repair time, repair cost, and functional loss time) of each building are calculated based on the
EDPs from step (b) and the IM field in step (c). Each building gains a series of seismic resilience indicators in one IM field
simulation.

2.2. Indicator conversion

This part involves converting the seismic resilience indicators of the grid into the basic attributes of region target points in the task
allocation. The entire study region is divided into a specified number of grids based on the requirements. The seismic resilience in-
dicators of each grid are then calculated based on the seismic resilience indicators of the buildings within the grid. For repair time,
repair cost, and functional loss time, different calculation methods are chosen to match the characteristics of the corresponding in-
dicators [31]. All the target grids are grouped into four clusters according to different attributes by the K-means clustering algorithm.
The four clusters correspond to four seismic damage states including slight, moderate, extensive, and complete. The grids in the same
cluster have similar indicators and are more likely to have similar function loss after an earthquake. The seismic resilience indicators of
all target points are normalized during the clustering, and the normalized seismic resilience indicators are then defined as the basic
attributes of the target points for the following task allocation solving.

2.3. Problem-solving

This part abstracts the UAV task allocation for post-earthquake surveys into an operations research problem. An improved clone
selection algorithm (CSA) is introduced to solve the specific task allocation with different seismic damage information collection
methods. The basic attributes of the target points in the task allocation are the normalized seismic resilience indicators in Part 2. A
method is proposed to define seismic damage information amount based on the residual IDR. The constraints and objective functions
for post-earthquake UAV surveys are also defined. Comparisons among solutions based on different basic attributes of the grid target
points are made to illustrate the relationship between survey efficiency and basic attribute selection.
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Fig. 1. Framework for task allocation of UAV-based rapid post-earthquake investigation considering seismic resilience assessment.
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It should be noted that the proposed framework is flexible and can be replaced based on accessible data and survey objectives. The
principle for replacement is to ensure that every step has the same form of input from the previous and output for the other steps. For
example, more detailed finite element models of the buildings can be developed if more resources like structural design drawings are
available in Part 1 step (a). By introducing the component information, seismic loss assessment can be finished from a component-level
or building-level in Part 1 step (d) according to FEMA P-58 [26] and Hazus [42] methods respectively. Additionally, the clustering
operation in Part 2 and the objective function in Part 3 are arranged for the seismic analysis principle in this paper, other related grid
processing methods and objective functions can be used for other principles.

The earthquake and seismic resilience information for introducing the framework is gathered from the pre-earthquake simulation
and analysis. The results based on simulated scenario earthquakes can be used to formulate contingency plans in advance before a real
earthquake occurs. If information (e.g. acceleration time histories) of an earthquake can be quickly obtained from the seismic station
immediately after the earthquake occurs and sufficient computing power is available, the IDA in Part 1 step (b) can be performed
through the real earthquake information instead of the simulation. This calculation result can be taken as the input for Part 1 step (c)
and the following steps leading to a result with more pertinence for this earthquake.

Additionally, the steps included in the framework are essentially regression, clustering, and classification tasks. In recent years,
with the widespread use of machine learning and artificial intelligence in civil and earthquake engineering [43-45], the steps in the
framework can be implemented using artificial intelligence agent models under certain assumptions after further analysis and
refinement. This would enhance computational efficiency and better account for the effects of seismic randomness and uncertainty.

3. Regional seismic resilience assessment

Past research has made a large number of studies for the building and regional seismic resilience assessment in developing related
models, tools, and workflows. This study focuses on how to integrate the regional seismic resilience assessment with UAV task allo-
cation. The Hazus Methodologies method is introduced in this research for the assessment of the buildings, while the method in Refs.
[27,31] is applied for the regional seismic resilience assessment. A brief introduction to the four steps of the assessment is provided in
this section. For a more detailed description of regional seismic resilience assessment, please refer to the review reference [46].

3.1. Simplified finite element structural model

The finite element (FE) model of the buildings within the region is a necessary condition for conducting seismic resilience
assessment, multi-story lumped mass shear models [33] are introduced in this paper. The building floor is simplified into a concen-
trated mass and structures between the adjacent floors are modeled as a shear spring to simulate the lateral resisting systems. The basic
assumption of the structural model is that the floor mass m and elastic stiffness k of each floor have the same value. This assumption is
introduced to simplify the calculation of k which means k can be calculated through the T; (fundamental period of building) and m in
model analysis. No more assumptions and conditions are required. m equals mass density multiplied by total plan area and then
divided by the number of stories. T; is derived from different structural types’ Ty (typical period) and Ny (stories) which are provided in
Hazus [42]. T; is calculated from Eq. (1) with the assumption N (the number of stories) is proportional to the fundamental period.

T, = NEOTO 1)

A schematic diagram of the model is shown in Fig. 4 (a). The parameters of the shear spring’s hysteretic response are gathered from
a hysteretic rule and a capacity curve to describe the deformation histories’ influence on the hysteretic response. The definition of
hysteretic parameters and the capacity curve are shown in Fig. 2 (b) and 2 (c) respectively. All the parameters required for the
definition can be found in the databases and tables provided by Hazus [42]. For specific calculation methods, please refer to reference
[27,33].

3.2. IDA analysis

With the FE models of buildings, IDA can be implied to calculate the seismic response and the corresponding EDPs. It’s a
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Fig. 2. (a) Multi-story lumped mass shear model (b) definition of hysteretic parameters (c) capacity curve.
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computationally intensive task to perform the IDA for every structure in the study region. Therefore, a grouping simplified method is
introduced to reduce the cost of the calculation. For buildings of different area intervals, only one building in the interval is arranged to
perform IDA and all the other buildings share the same result. The width of the interval is 100 m2. According to minimum numbers
recommendations in FEMA P-58 [26], eight seismic intensities and ten ground motion records are prepared to carry out IDA. Ten
ground motion records are selected from the twenty-two far-field records provided in FEMA P659 [47]. The seismic intensities in
descending order include: 2.0, 1.5, 1.0, 0.8, 0.6, 0.4, 0.2, and 0.1 g. The time step is set as 0.1 s in the calculation. With the above
preparation, the EDPs of each building can be calculated through IDA, and the probability distributions of EDPs (residual and
maximum interstory drift ratio, peak floor acceleration) are further gathered from the calculation results.

It should be noted that the number of seismic intensities (8) and ground motion records (10) in this study is close to the minimum
numbers recommended in FEMA P-58 [26] which are eight and seven. Additional combinations of parameters are required for a more
reliable result and the reduction may introduce errors in IDA. The reliability of the numbers used in this study is proved through trial
calculations in Ref. [27]. The result shows that the reliability of IDA analysis with intensities less than 1.0 is acceptable and more error
occurs with higher intensities. Thus, the intensities are designed to be less than 1.0 g in the following steps as much as possible. With
the above guarantee, the simplified method is thought to be acceptable for IDA.

3.3. Simulation of intensity field with specific epicenter location

The seismic load of a single building depends on the intensity of its site. For buildings in the region, the intensity of the building sites
is different from each other because the distance from the sites to the epicenter and the soil conditions differ. Therefore, the IMs at the
building site given a certain magnitude of scenario earthquake should be simulated to calculate the seismic response of all buildings in
the region. The specific scenario earthquake is defined by its epicenter and magnitude, which can be selected according to the former
earthquake record and related database. Different periods’ spectral accelerations Sq(T) are necessary to be calculated because different
site conditions have different fundamental periods. The IM field of the study region is formed with the S,(T) of the building sites for
each period. The IM of a single building site is simulated from Eq. 2

InIM = iy, s + SW + 5B @

where ppy is the logarithmic mean of IM which is calculated from GMPEs [39,40]. W and 6B are random variables to represent
within-event and between-event residuals respectively. The NGA-West2 GMPEs [40] are introduced in this research to estimate yy
and standard deviations of §W and 6B. A detailed explanation of Eq. (2) and GMPE:s is available in Refs. [37,38,47-50]. The above
introduction is just a brief overview of IM field simulation. More detailed information can be found in Ref. [51]. To consider the
randomness in the process of earthquake propagation, hundreds of simulations in the Monte-Carlo procedure are usually carried out
for the IM field simulation. According to the recommendation in Ref. [27], 500 simulations were finished in this research.
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Fig. 3. Seismic resilience loss calculation process.
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3.4. Seismic resilience assessment of buildings

The simulated IM field provides the intensity for each building site to assess seismic resilience loss. The calculation method for
seismic resilience loss of a building is shown in Fig. 3. As mentioned in Section 3.2, IDA has provided the probabilistic distributions of
EDPs for different intensities of the building site. Therefore, residual IDR, PFA, and IDR are selected as the seismic responses of a single
building and the values of the responses can be sampled randomly according to the distributions of corresponding intensity. This
operation assumes that EDPs follow a jointly lognormal distribution.

Afterward, seismic responses are used to confirm the damage state of the building. There are three damage types: acceleration-
sensitive nonstructural damage, drift-sensitive nonstructural damage, and structural damage [42]. The maximum PFA decides
acceleration-sensitive nonstructural damage while the maximum IDR decides drift-sensitive nonstructural damage and structural
damage. According to the Hazus Earthquake Technical Manual [52], the damage state includes four levels: complete, extensive,
moderate, and slight. The fragility curves of the four levels are also provided in Hazus [52]. The variance and median of the fragility
curve depend on the seismic level and structural type. Besides, the residual IDR is used to estimate the complete damage state which
means the repair cost of the building is too high to accept [26]. The threshold of residual IDR is 1 % to determine whether this
irreparable situation occurs. Based on Hazus 42 [42], the calculation of resilience indicators requires the premise of the building’s
damage states. For example, the repair cost ratios for the calculation of repair costs corresponding to the four damage states are
different. The total seismic resilience loss is the sum of three damage types’ loss.

4. Conversion of resilience indicators into basic attributes of target points

The conversion of resilience indicators and the basic attributes of target points serves as a crucial link that integrates seismic
resilience assessment with UAV task allocation for post-earthquake surveys. While target points of different scales have different basic
attributes, the seismic resilience assessment can provide indicators that are commensurate with the scale. This section uses a regional
target to demonstrate the integration of seismic indicators with basic attributes. Additionally, the method for constructing constraints
and objective functions relevant to post-earthquake surveys is also outlined. Similar approaches can be applied to define the basic
attributes, constraints, and objective functions for target points of other scales.

4.1. Grid seismic loss assessment

The region target here is conceptually opposed to that of a single building, rather than referring to the entire study region. The
number of target points significantly impacts the complexity of the problem and the time required for the calculation. To reduce
computational cost, the study region should be partitioned into grids and each grid is a target point of the study. An appropriate
partitioning method can be selected based on computational conditions to balance between detail and efficiency. Several examples
were given in the subsequent case studies.

The seismic resilience indicators of a building include average intensity, repair time, repair cost, and functional loss time, and the
basic attributes of a grid are also supposed to contain these four indicators. The average intensity of a grid is the mean value of the
average intensity of the buildings in the grid. The repair cost of a grid can be derived directly from the sum of the repair cost of the
buildings within the grid. In addition to the mean value, other confidence level values or probability density functions of the building
resilience indicators can also be used as representative values for the grid’s resilience indicator. The use of these methods reflects the
decision-maker’s emphasis on the current earthquake scenario, thus enabling more flexible achievement of different decision-making
objectives. For the other two time-related seismic indicators, it should be noted the repair processes among different buildings may
exhibit dependencies [28,31,53]. For example, the repair of one building relies on the restoration of functionality in a nearby power
station and the repair of different infrastructure systems is also interdependent. This dependency relationship is complex because there
may be mutual or circular dependencies involved. The research on this topic falls outside the scope of this paper and the related
research can be found in Ref. [53]. Therefore, an intuitive approach is introduced to estimate the repair time and functional loss time of
a grid. The repair time of a grid is determined by the longest repair time among the buildings within the grid, and similarly, the
functional loss time of a grid equals the longest functional loss time of the buildings in that grid. Expect the seismic resilience in-
dicators, there are also three basic attributes of a grid including location, total building area, and number of buildings. The location of a
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Fig. 4. Examples of representative grids selection methods.
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grid is determined by the coordinates of its center point. The total building area is equal to the sum of the areas of all buildings within
the grid. With these attributes, all attributes of a grid target point are available.

4.2. Grid clustering

After a scenario earthquake, grids with similar attributes tend to display similar damage levels [54]. Therefore. it is feasible to
investigate only a part of the grids to representatively reflect the damage condition of grids sharing a similar damage level to rapidly
ascertain the overall extent of earthquake damage [15,55]. The grid target points in the study region can be divided into several
clusters by serval clustering criteria with different attributes. There are six clustering criteria as shown in Table 1 and each criterion
includes one basic attribute of the grid. The seismic resilience indicators of all target points should be normalized during the clustering,
and the normalized seismic resilience indicators are then defined as the basic attributes of the target points for the following task
allocation. It should be noted that the clustering criteria can encompass multiple parameters theoretically. But sorting of the grids also
needs to be accomplished except clustering. Clustering criteria with multiple parameters can group the grids into different clusters, but
the grids within one cluster can’t be ranked with a clear physical meaning.

C-N and C-A are the basic physical attributes that frequently appear in past research. C-RC, C-RT, and C-L are seismic resilience
indicators of a grid while C-IM is the attribute related to the generating process of seismic resilience indicators. These resilience in-
dicators reflect the idea of introducing the seismic resilience assessment into the task allocation of UAV-based rapid post-earthquake
surveys. In the subsequent case studies, six solutions are obtained respectively based on these six criteria. The difference among these
six solutions can demonstrate the advantages of adopting seismic resilience indicators.

The K-means algorithm is introduced in this study to cluster the grids. The K-means algorithm is a popular clustering technique used
to partition data into multiple groups. The number of clusters is determined by the elbow method [56] which is a common method used
to determine the optimal value of k in the K-means algorithm. The elbow method involves plotting the within-cluster sum of squares
(WCSS) or sum of the squared errors (SSE) against a range of k values. The key step is to identify the elbow point on the plot, where the
rate of decrease in WCSS or SSE sharply changes. The k of the elbow point is considered the best value for the clustering task.

4.3. Representative grids selection

After clustering the grids, several grids from each cluster need to be selected as representatives. The ratio of the representative grid
number to the total number of grids is marked as coverage ratio p. The method for selecting representative grids is actually related to
the objectives of the decision-maker’s information collection process. For example, three different selection methods are shown in
Fig. 4. The first method shown in Fig. 4 (a) means the representative grids in each cluster are randomly selected with a ratio of p. This
method is applicable for situations where a comprehensive understanding of the seismic damage within each cluster is required,
thereby guiding rescue operations. The second method shown in Fig. 4 (b) means selecting representative grids from different clusters
respectively. Grids that are more likely to experience severe damage in every cluster are selected adhering to the proportion of p. This
method is used to investigate the extent of damage within each cluster in a relatively relaxed time, thereby acquiring more
comprehensive information about seismic damage. The method shown in Fig. 4 (c) means grids that are more likely to experience
severe earthquake damage are selected as the representative grids with a ratio of p. This method is applicable for swiftly identifying
regions with the most severe seismic damage within a limited time.

5. Task allocation for UAV-based rapid post-earthquake survey

The previous sections have introduced the basic attributes of the target points and the data foundation necessary for solving the task
allocation. Solving the task allocation has been proven to be an NP-hard [57], where the time and difficulty of finding the optional
solution increase very rapidly with the increase of target points’ number. In past research, many methods have been proposed to solve
task allocation of UAVs. The Clonal Selection Algorithm (CSA) is an optimization algorithm inspired by the biological immune system,
specifically modeling the processes of antibody recognition, cloning, mutation, and selection to solve various optimization problems
[58-60]. The CSA is a typical optimization method for task allocation aiming to maximize the amount of information collected or
minimize the time cost. An improved clonal selection algorithm (CSA) is proposed in this paper to solve the task allocation for
UAV-based rapid post-earthquake surveys. The flowchart of the improved CSA is shown in Fig. 5. It should be emphasized that the
main idea of this study is to integrate seismic resilience assessment with post-earthquake UAV task allocation. Therefore, the
improvement of CSA is aimed at enhancing adaptability to decision-making objectives, rather than optimizing computational effi-
ciency in task allocation. Part 1 and Part 2 have completed data preparation and defined the basic attributes of the target points based
on the seismic resilience indicators. This part abstracts the UAV task allocation for post-earthquake surveys into an operations research
problem and provides a feasible method to ensure the completeness of the proposed framework. It should be noted that other methods

Table 1
Attributes used for clustering.
Clustering criterion C-N C-A C-RC C-RT C-L C-IM
Attributes Number of buildings Total building area Repair cost Repair time Function loss time Average intensity
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Fig. 5. The flowchart of the improved CSA.

that meet the decision-making requirements and computational demands can also be used to solve the problem.

5.1. Basic framework of the improved CSA

The algorithm involves a combination of random initialization, cloning, mutation, affinity evaluation, and both inner and outer
loop processes to achieve an efficient solution. The steps are outlined as follows.

(a) Initialization

Several potential solutions for the task allocation problem are generated randomly as initial antibodies. Each solution represents a
specific task sequence for each UAV, indicating the order in which UAVs will visit each grid. The affinity function is used to evaluate
the quality of each solution. It reflects how well a solution satisfies the task allocation criteria which is set as the corresponding value of
the objective function. A total of N antibodies (solutions) are randomly initialized, forming the initial population for the algorithm.

(b) Cloning and Mutation

Each antibody is cloned n times. Cloning involves creating multiple copies of a given solution, which serves as the basis for further
optimization. For each cloned antibody, a mutation is applied. This mutation involves exchanging two segments of the task sequence
which is introduced detail in the following Section 5.2. This step allows the algorithm to explore different solution possibilities and
prevent the search from converging too early.

(c) Selection and Refresh

After cloning and mutation, the affinity function values of the n cloned antibodies are calculated. These clones are then compared to
the original antibody (the parent) to determine which one performs best. Only the antibody with the highest affinity value among the
n+1 solutions (original + clones) is retained, while the others are discarded. The top 50 % of antibodies (with the highest affinity
function values) are retained for the next generation. The remaining population is replenished with N/2 new randomly generated
antibodies to maintain population diversity and ensure continuous exploration of the solution space. After the population update, the
affinity values of the entire population are recalculated and sorted. The antibody with the highest affinity is selected as the best so-
lution for the current iteration.

(d) Inner Loop Termination:

The inner loop focuses on refining the solutions through multiple iterations of cloning, mutation, and selection. This loop continues
until the maximum number of iterations is reached or the difference between the optimal value of two consecutive iterations falls
below a predefined threshold, indicating convergence.

(e) Outer Loop Process:

After completing an inner loop, the output (best solution) is checked against a predefined time threshold. This threshold represents
the maximum time allowed for the UAV task allocation to complete. If the output satisfies the time constraint, it is added to the feasible
sequence list, indicating that this solution is acceptable. Otherwise, the next iteration of the inner loop is initiated without adding the
current solution to the list.

(f) Outer Loop Termination:

The outer loop continues to run until the maximum number of iterations is reached. The goal of the outer loop is to find multiple
feasible solutions, which are then stored in the feasible sequence list. Once the outer loop terminates, the solutions in the feasible
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sequence list are evaluated based on their overall performance.

(g) Output. The output of the algorithm includes the task sequence for each UAV in the investigation, the time of the investigation,
and the value of an indicator to evaluate the result.

Compared with the traditional CSA, an external loop has been integrated to get several feasible solutions that come from the inner
time optimization loop. Based on these superior feasible solutions, the most appropriate one for the application scenario is selected
based on various evaluation metrics. With this improvement, the versatility and scalability of the proposed framework can be
enhanced for different scenarios.

5.2. Encoding of antibody and mutation rules

Each antibody corresponds to a feasible solution. For task allocation, particular emphasis is placed on the sequence of grid points
traversed by all the UAVs. Considering that the labels of grid target points are a series of discrete values, a discrete encoding strategy
from the realm of real-number encoding is introduced to conduct the encoding of antibodies. For multi-UAV task allocation, the
sequence of each UAV is obtained by truncating the whole sequence according to a specific pattern. The sequences of different UAVs
are expected to have the same or similar lengths to ensure a balanced distribution of tasks and this operation is arranged to primarily
consider the load-balancing principle in UAV performance metrics [6]. For example, assuming 12 grid target points whose indexes are
sequentially numbered from 1 to 12 need to be visited by three UAVs. The codes of one possible whole sequence and the corresponding
sequences of three UAVs are shown in Fig. 6 with the assumption that each UAV departs from and returns to its respective base. The
mutation of antibodies is performed by exchanging two indexes of the sequence such as the exchange of index 4 and index 7 in Fig. 6.

5.3. Objective function

The objective function of the algorithm is determined based on the targets of surveys. During the post-earthquake survey, more
seismic damage information is expected to be collected in a short period for a comprehensive understanding of the regional damage
situation. Therefore, investigation time and amount of seismic damage information are the fundamental considerations for con-
structing the objective function. In this study, the investigation time is used to construct the objective function while the quantity of
seismic damage information is used to develop an evaluation indicator for the results.

The investigation time refers to the longest task time among all the UAVs participating in the investigation. Clearly, this time cannot
exceed the maximum flight time of the UAV without considering recharging during flight. The task time includes the time allocated for
flight between different target points and the time dedicated to investigating grids. Therefore, the time-related objective function can
be expressed as Eq. (3).

T =max (minZtﬁ+th)k i,j<Ni,k<K 3)

where tj; is the time allocated on the ith flight and Ny is the sequence length of the kth UAV. K is the number of UAVs participating in the
survey. For a sequence with Nj target points, because it needs to depart from and return to its respective base, there are a total of Nj
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Fig. 6. A schematic illustration of the encoding method and mutation.
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flight processes which means that the maximum value of i is Ni. tj; is calculated by dividing the distance between adjacent grids by the
speed of the kth UAV. t,; is the work time in the jth grid which is related to the performance of the UAV, the number of buildings in the
grid, and the survey time for each building. t,; equals the survey time of buildings added with the flight time within the grid. Therefore,
accurately estimating t,; is challenging because determining the actual flight route in every grid and the survey time of every building
is difficult. To simplify the calculation, t,; of the jth grid is calculated from Eq. (4).

v @
Vi +1

where n; is the number of buildings in the jth grid. L, and Ly are the lengths of the grid in the east-west and north-south directions,
respectively. v is the flight speed of kth UAV. Eq. (4) assumes that the buildings are uniformly distributed within the grid and the UAVs
can successfully survey all the buildings following the order shown in Fig. 7. This assumption is based on the method of coverage path
planning which aims to plan a route for covering all the interest points in a certain area [54,61]. Even if buildings are not distributed as
assumed, a similar route can still be identified to investigate all buildings according to the route planning method in Fig. 7. Eq. (4) is
generalized from the cases in which nj is a square number and then promoted to all integers. For grids with only one building or no
buildings, the flight time within the grid is set as zero. Like the seismic resilience indicators, t,; can also be taken as one of the grid’s
attributes.

1
twj:v—kx (v x Ly +Ly) x

5.4. Result evaluation indicator

The amount of seismic damage information is used to develop an evaluation indicator. The indicator should be able to measure the
efficiency of the UAV’s sequence in which more seismic damage information is expected to be collected in a shorter time. The amount
of seismic information present within a grid needs to be defined. In this study, a method based on the probability of irreparability as
shown in Fig. 8 is used to measure the amount of information within a grid. S; is used to represent the seismic information amount of ith
building. As mentioned in Section 3, once the residual IDR of a building is larger than 1 %, the building is considered to be irreparable
which demonstrates that the building has suffered severe damage and even collapsed. More seismic information can be collected and
analyzed from the severely damaged buildings. During the 500 times IM field simulations, the ith building will have a probability of
irreparability in each simulation, the expectation of these 500 probabilities P; can be used to measure whether the building is
irreparable. It should be noted that the probability that both the ith building and the jth building are irreparable can’t be calculated by
adding p; and p; up directly because their irreparable probabilities may affect each other.

Usually, the information amount of an object should be a scalar that can be directly added, rather than a probabilistic value.
Therefore, the P; of the buildings are standardized to 0-1 marked as P; to reflect the irreparable degree’s rank of the ith building among
all buildings. In addition, the relationship between P; and the information amount of a building S; is not linear. For example, a building
with P; = 0.2 and a building with P; = 0.1 may both in a slight damage state which means the information of these two buildings
doesn’t differ significantly. However, the information amount of a building with P; = 0.8 exceeds twice the sum of two buildings with
P; = 0.4, because these two buildings are in not severe damage states with less seismic information and their information is partly
duplicated while the building with P; = 0.8 is in extensive or even complete states. It can be summarized that the increase ratio of S; is
faster than the increase ratio of P; for buildings with bigger P; but slower for buildings with smaller P;. It’s difficult to build an accurate

mapping function between P; and S;. For simplification, the value of S; is assumed as the square of the value of P; (S; = P%) in this study.
This assumption leads a higher increase speed of S; for all P; and can match the phenomenon in bigger P; interval. Although the relative
increase speed in smaller P; interval doesn’t match the phenomenon, the values of S; in smaller P; interval are small and don’t differ
significantly which can match the corresponding similarity of S;. Then, the informational content of the grid can be expressed as the
sum of the S; of all buildings within the grid. Variable S, is introduced to represent the information amount of the nth grid in the
sequence. With the above preparation, the evaluation indicator F of the solution sequence gathered from the improved CSA can be
expressed by Eq. (5), Eq. (6), and Eq. (7).
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Fig. 7. Schematic of simplified flight time calculation within the grid.

10



Z. Hou et al. International Journal of Disaster Risk Reduction 116 (2025) 105160

Residual IDR > 1%? Standardization ~ Mapping function

P15835 P15836

| v | vl ¥
s N N\ N\ \
1 - Py P, P P, P, P5 S 08 5
y/ é Sos Py Ps Pg }74 P_SE Sy 85 Se
[— . . — .
0l | V. . 0-1 : S=P2 .

Pisgas Pisgsg

815835 815836

11 A " Irreparable Standardized Information
) 15836 buildings 500 IM simulations ) | Provavitity | | Probabiticy | Amount
Fig. 8. The assessment of the information amount.
n
$=) 8, n=123N (©)
1
S
F=— 7
T 7)

where N is the length of the whole sequence and n; is the number of buildings in the jth grid. the physical meaning of F is the rate of
information collection per unit time of the sequence, with a higher value indicating a greater efficiency of the sequence. In the feasible
solution list of the inner loop, the one with the largest F is selected as the final output.

6. Case study

After introducing the entire framework, two specific case studies are arranged to demonstrate how to apply the proposed
framework. The two cases are the San Francisco Bay Area Testbed case based on the simulation and the 2014 South Napa California
Earthquake case based on the real seismic damage survey. When applied to these two different types of cases, the specific imple-
mentation of the framework varies slightly. As mentioned in Section 2, the steps within the framework can be adjusted according to the
specific conditions.

6.1. Case study on the San Francisco Bay area testbed

The research area of this case study is part of the San Francisco Bay Area testbed which contains 15836 buildings with detailed
information from the SimCenter and all the data can be found on the official website [32]. The basic information about the buildings
includes plan area, structural type, location, building stories, footprint, year of construction, and occupy class. The testbed is suitable
for applying the Hazus Methodologies to calculate the seismic resilience loss because occupancy class and structural type are compliant
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Fig. 9. (a) Structural types and (b) building stories.
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with categories provided in the related Hazus Inventory [52]. Fig. 9 shows the structural types and the building stories of the study area
and Fig. 10 shows the frequency distributions of serval basic information. The majority of the building stories are fewer than 10 stories
and most buildings were built later than 1900. The W1 is the largest number of structural types and is mainly concentrated in the
northwest of the study area. Table 2 shows the structural types and corresponding labels of the buildings within the research region.
Different structural types mean the different replacement cost of buildings which is provided through cost per sq. feet in the Hazus
Inventory [52]. The multi-story lumped mass shear models of all 15836 buildings are built for the following steps.

According to the simplified IDA analysis method introduced in Section 3.2, 6137 buildings are selected as the representatives of
15836 buildings in this study which means only 38.8 % of the original calculation time is needed after the simplification. The EDPs of
each building are calculated through IDA, and the probability distributions of EDPs (residual and maximum interstory drift ratio, peak
floor acceleration) are further gathered from the statistical results.

The scenario earthquake in this study is selected according to the Hayward earthquake by setting the same epicenter and magnitude
(Mw = 7). The reason for this selection is that the San Francisco Bay Area testbed applied in this research is in the seismic influence area
of the Hayward earthquake as shown in Fig. 11 and this scenario earthquake has also been used as a case example in previous research
[27,39].

With the information of the buildings and the scenario earthquake, the IM field of the study area is simulated through the method
introduced in Section 3.3. 500 simulations are carried out and the magnitude is set as seven. A simulation result of the IM field is shown
in Fig. 12. Fig. 12 (b) shows the spectral acceleration simulation result along the red arrow in Fig. 12 (a). The green line is the median
value from GMPEs while the orange chain line considers §B. The purple curve is the simulated InIM result. As mentioned in Section 3.2,
the intensities are expected to be less than 1.0 g for fewer errors and most of the results are indeed less than 1.0 g.

The seismic resilience assessment of buildings is processed based on the results of IDA and IM simulation. Since there are 500
simulations of IM fields, one building after each simulation has a group of seismic responses and also a group of seismic resilience
indicators (repair time, repair cost, and functional loss time). With these calculation results, the distributions of seismic resilience
indicators of each building can be summarized, and the expectations of the seismic resilience indicators can also be calculated as basic
attributes of the building. The average intensity of 500 simulations for sites of buildings is also taken as one basic attribute of the
building.

Then, the entire region is divided into several grids, which are defined as target points for task allocation. There are three different
quantity partitioning methods used in this case study including 10 x 10, 15 x 15, and 20 x 20 to demonstrate that the proposed
framework is valid for multiple target numbers. Fig. 13 shows the specific grid partitioning and numbering methods of an example with
3000 buildings where each blue point is a single building. The basic attributes of each grid (location, number of buildings, total
building area, average intensity, repair time, repair cost, functional loss time, work time (t;), and information amount (S,)) are
calculated based on the basic attributes of the buildings within the grid, as introduced in Section 4 and Section 5.

After partitioning the grids and calculating the basic attributes of the grid target points, all grids are clustered using K-means
clustering based on the six clustering criteria in Section 4.2. The grids within the same cluster can be considered similar, and as
previously mentioned, it is feasible to investigate only a subset of the grids to representatively reflect the damage condition of similar
grids. Fig. 14 shows elbow plots to select k based on the C-L (function loss time) of the grids in the testbed and it can be seen that the
elbow points appear in both elbow plots when k = 4. Apart from k = 5 for C-RT, k = 4 is the optional value for the others. For
consistency, k = 4 is assigned to all the clustering. Additionally, the physical meanings of these four clusters can be considered as
representing the various states of damage within the cluster after a scenario earthquake referring to the four damage states of a single
building in Hazus. The clustering result is shown in Fig. 15 and N is the number of grids in one column or row. After the comparison
between the clustering result and the seismic response of the buildings, the levels of damage are found to decrease sequentially from
cluster 1 to cluster 4. The four clusters correspond to four seismic damage states including complete, extensive, moderate, and slight.
The darker the color of the grids, the greater the seismic damage state is. The result of these results can be further explained with the
comparison of Fig. 9 (b) which displays the distribution of the number of floors in buildings across the testbed. The majority of
buildings in the testbed have fewer than ten stories. It can be seen that the buildings in the grids that are more likely to be assigned to
the first cluster tend to have a larger number of stories. Within a certain range of heights, taller buildings are expected to exhibit greater
responses after a scenario earthquake from the perspective of conceptual analysis. The consistency of the results between Figs. 15 and 9
(b) contributes to the reliability of the clustering method.

The method for selecting the representative grids in Fig. 4 (c) is applied in this case study which means the grids that are more likely
to experience severe earthquake damage are selected as the representative grids with a ratio of p and the coverage ratio p is set as 0.75.
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Table 2
Structural types [52].
Label Description Label Description
C1 Concrete Moment Frame Cc2 Concrete Shear Walls
Cc3 Concrete Frame with Unreinforced Masonry Infill Walls S1 Steel Moment Frame
S2 Steel Braced Frame w1 Wood, Light Frame
w2 Wood, Commercial, and Industrial RM Reinforced Masonry Walls

[]

Study area

N

Epicenter

Fig. 11. The spatial relationship between the testbed and the epicenter of the Hayward earthquake.
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With the above preparation, the solution of the UAV task allocation for the post-earthquake survey can be solved through the improved
CSA introduced in Section 5. The flight speed of a UAV is set as 15 m/s according to a real UAV [62]. All the UAVs are assumed to
depart from and return to the same base located in the southwest of the testbed which is marked as a red circle at the bottom left corner
in Fig. 16. Fig. 16 shows a solution with 10 x 10 grids based on C-RT and three different UAVs’ sequence represented by different
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Fig. 16. Solution of three UAVs for 10 x 10 grids.

colors. The optional flight time from the algorithm is 9964.723 s and the F of this solution is 0.0251.

The comparison between the solutions gathered from different basic attributes is made to prove the effectiveness of introducing
seismic resilience into UAV-based post-earthquake investigation. Firstly, the information amounts S of the solutions are shown in
Fig. 17. On one hand, it can be seen that the results based on basic physical criterion C-N always obtain a substantial even maximum
information amount S. The reason is that the sequence based on the C-N investigates the grids with the greatest number of buildings
and S is directly proportional and sensitive to the number of buildings. On the other hand, the result based on C-IM (IM) always has the
minimum value of S. The explanation is that the IM only reflects the information of the building sites without the seismic features
provided by the structures while S is highly related to the structures’ response (residual IDR). The minimum S leads to the worst result
of C-IM.

Fig. 18 shows the F of solutions with different numbers of UAVs (K) and grids based on six clustering criteria. Every point in the
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Fig. 18. Evaluation indicator F of different solutions. Subgraphs (a)-(d) are the solutions from 10*10 grids while (e)-(h) from 15*15 grids and (i)-
(D) from 20%20 grids.

figure represents one solution. Subgraphs (a)-(d) are the solutions from 10%10 grids, while subgraphs (e)-(h) from 15*15 grids and
subgraphs (i)-(1) from 20*20 grids. Each set of inputs is calculated multiple times to ensure the stability of the algorithm and the
corresponding box shows the distribution of these solutions by indicating the median value, as well as the 5th, 25th, 75th, and 95th
percentiles. Every set of inputs with 10 x 10 grids is calculated 20 times while 5 times for 15 x 15 and 20 x 20 due to the time cost.
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From Fig. 21, it can be summarized that results based on resilience-related criteria C-RT and C-L have a higher F than those of basic
physical criteria C-N and C-A while C-IM shows the worst performance. The results of C-RT and C-L come from the seismic resilience
assessments, derived from further calculations using the methods in seismic engineering and structural engineering on the basic
physical information of the study area. The result of the resilience assessment reflects the characteristics of the building’s seismic
response and better meets the needs of post-earthquake investigations. Therefore, grids ranking in the top 75 % (p) in based on
resilience-related criteria contain more seismic information amount, and solution sequences that include these grids can obtain a larger
F indicating a higher investigation efficiency. Moreover, the results based on basic physical criterion C-N are likely to be superior to
those based on C-A and even sometimes better than C-RC. So, solutions based on C-N can be taken as feasible solutions in UAV-based
post-earthquake investigation when seismic resilience assessment is challenging due to the lack of information or insufficient
computational power.

6.2. Case study on the 2014 South Napa California Earthquake

To further validate the reliability and feasibility of the proposed framework, the south Napa California earthquake was selected as
another case study. This particular case and scenario earthquake was chosen because Morolake Omoya et al. [63] built an open-source
database including the information that is relevant to building damage and recovery assessments after the Napa earthquake. This
database includes earthquake information, site investigation reports, post-earthquake building damage records, repair time of
damaged buildings, and some sociodemographic information. As this database is derived from a real-world earthquake event instead of
the simulated earthquakes in the San Francisco Bay area testbed case, this case study is arranged to demonstrate the framework’s
effectiveness and feasibility under actual conditions.

Fig. 19 shows the epicenter of the earthquake and the spatial distribution of the ATC-20 tags for buildings in Napa County. It can be
included that the most significant damage is localized in the downtown region, as indicated by the concentration of red tags. There are
5.4 % of buildings assigned red tags, 47.8 % of buildings with yellow tags, and 46.8 % of buildings with green tags. The red circular in
the lower right corner is the assumed UAV base in this case study. The reason for selecting this location is that the terrain here is
relatively flat and open, which facilitates UAVs takeoff and operations. In practice, the choice of a UAV base location should consider a
comprehensive assessment of the site conditions and the specific capabilities of the UAV. Fig. 20 shows the spatial distribution of the
building’s repair time which is chosen as the seismic resilience indicator in this study. It should be noted that not all buildings depicted
in Fig. 19 have corresponding repair time information due to the lack of data. Therefore, it is assumed that buildings without repair
time data were not damaged in the earthquake and don’t need to be repaired. Sa0.3s (spectral acceleration at 0.3 s) of the building sites
provided in Napa County is chosen as the IM in this case study.

As mentioned in Section 2, the proposed framework is flexible and can be exchanged by similar operations as long as every step has
the same form of input from the previous and output for the other steps. The Napa base can provide sufficient data on seismic resilience
assessment results, allowing the proposed framework to be implemented directly from the Part 2. Fig. 21 shows the grid partitioning
result of Napa County while Fig. 22 shows the clustering result of grids based on C-RT from the method in Section 4. It can be seen that
the spatial distribution of building damage observed in Figs. 19 and 22 is consistent, indicating the reliability of the employed clus-
tering method.

With the clustering result, task allocation of the UAV-based post-earthquake investigation in Napa County can be solved by the
improved CSA algorithm proposed in Section 5. For Napa data, the information collection method in Fig. 17 (a) is taken and the
coverage ratio p is set as 0.75. The flight speed of a UAV is also set to 15 m/s. The location of the UAV base is the red circle in the lower
right corner of Fig. 19. Fig. 23 shows the solution with 10 x 10 grids based on C-RT and four different UAV sequences are represented
by different colors. The optional flight time from the algorithm is 10182.56 s and the F of this solution is 0.07149.

Similar to the case of the San Francisco Bay Area testbed, Fig. 24 employs the same form as Fig. 21 to show the F of solutions with
different numbers of UAVs (K) and grids based on four clustering criteria for Napa data. Fig. 24(a)-(d) are the solutions from 10*10
grids, while Fig. 24(e)-(h) from 15*15 grids and Fig. 24(i)-(1) from 20*20 grids. Each set of inputs is also calculated multiple times to
ensure the stability of the algorithm. From Fig. 24, it can be summarized that results based on seismic resilience-related criteria C-RT
have a higher F than the solutions based on the C-N, C-A, and C-IM indicating that task allocation based on repair time can achieve the
solution with the highest efficiency by collecting more seismic information in a shorter sequence time.

The conclusion gathered from Napa data is consistent with the conclusions drawn from the San Francisco Bay Area testbed
demonstrating the framework’s effectiveness and feasibility under actual conditions. This consistency indicates that the proposed
framework is not limited to theoretical earthquake simulations within controlled testbeds but is also applicable to real-world earth-
quakes. In practical applications, it is not necessary to start from the first part due to the flexibility of the proposed framework (Napa
case starts from Part 2). The starting step can be selected based on the available earthquake information, building data, and resilience
assessment information. The steps can also be exchanged by similar operations as long as every step has the same form of input from
the previous and output for the other steps as mentioned in Section 2.

7. Conclusions

This paper proposes a novel framework with the introduction of the seismic resilience assessment into the task allocation of the
UAV-based post-earthquake surveys to improve survey efficiency. The core idea of the framework is to convert the seismic resilience
indicators including repair time, repair cost, and function loss time as the basic attributes of the grid target points in task allocation.

The framework can be applied to target points of different scales, as seismic resilience assessment can be used on multiple levels. The
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target region is first divided into several grids to reduce the complexity. The indicators of the grids are calculated from the seismic
resilience assessment of buildings within the grids based on the IM field simulation and IDA. The grids are further grouped into four
clusters by K-means according to the basic attributes of the grids. An improved clone selection algorithm that can satisfy various
investigation needs is employed to obtain feasible solutions. The case studies based on the San Francisco Bay Area testbed and the 2014
South Napa California earthquake are taken as examples to introduce the framework and demonstrate the framework’s effectiveness
and feasibility under both actual conditions and simulated conditions. Comparisons among solutions based on different kinds of basic
attributes are made to validate the feasibility of the proposed framework, and the result proves that a higher investigation efficiency
can be obtained after the introduction of seismic resilience indicators into UAV task allocation.
From these two case studies the following conclusions can be gathered.
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(a) The task allocation based on the number of buildings can obtain a substantial even maximum value of S indicating that more
seismic information can be collected. The reason is that the definition of seismic information amount present within a grid is
positively correlated and sensitive to the number of buildings.

(b) The task allocation based on the IM shows the smallest S due to the lack of structures’ response after the scenario earthquake.

(c) Task allocation based on repair time or functional loss time can achieve the solution with the highest efficiency by collecting
more seismic information in a shorter sequence time. This demonstrates that introducing seismic resilience assessment into task

allocation for UAV-based post-earthquake investigation can indeed lead to improvements.

(d) Once seismic resilience assessment is unavailable due to the lack of data and computational power, the feasible solution from
the number of buildings can be taken as the alternative to the optimal solution.
(e) Although the framework is proposed based on simulated earthquakes, the Napa case demonstrates that task allocation solutions
based on seismic resilience indicators can indeed achieve higher efficiency in real earthquake scenarios, and the proposed
framework is also applicable in actual earthquake situations.

The framework is mainly grounded in the directive function of seismic resilience assessment on decision-making in earthquake-
related research. The flexibility and conditional replaceability of the steps within the framework allow it to adapt actual equipment
and data conditions. There are still some limitations in this study. On one hand, the same modeling method is applied for various
building types and detailed structural information is unavailable, these may result in deviations in the simulated responses for certain
structures. On the other hand, the quantitative method of seismic information only focuses on the information reflected by a single
building while the information implied in the spatial distribution of different structures is neglected. Despite some assumptions and
limitations, it is hoped that the proposed framework can offer a promising approach for related interdisciplinary research, facilitating
the transformation from theory to practice.
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