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Abstract 
 

This study examines how all-clear sweeps can be planned and evaluated more 
efficiently during building fires. It proposes a graph-based task model that 
integrates heuristic generation of multiple sweep plans with discrete event 
simulation to evaluate multi-responder sweep execution across varying 
operational conditions. Experiments on two contrasting layouts show that layout 
shapes sweep bottlenecks. The dispersed layout benefits more from larger teams, 
whereas the concentrated layout benefits more from higher per-trip rescue 
capacity. Communication delay increases sweep time, while risk-priority routing 
and sensor-supported interventions improve performance. The framework 
provides a practical way to compare sweep strategies across different building 
layouts. 
 
Keywords: graph-driven heuristic, discrete event simulation, all-clear building 
sweep, emergency response  
 

1 Introduction 
During building fire emergencies, firefighters and other responders need to 
conduct an all-clear sweep, which is a critical procedure involving the systematic 
search and verification of every room to ensure no occupants are left behind. This 
process requires them to enter, search, verify, and document rooms to make sure 
that no occupants remain inside and that critical hazards have been identified in 
time (Lambert et al., 2021). In practice, however, this task is far more complicated 
than simply walking through each room once. Physical buildings often contain 
multiple floors, irregular room connections, and uneven spatial layouts, all of 
which affect movement, coordination, and task sequencing during emergency 
response (Ha & Lykotrafitis, 2012). In addition, corridor and stair capacity can create 
bottlenecks (Zhang et al., 2020), especially in larger or vertically organized 
buildings, while smoke and reduced visibility may result in lower walking speed 
and alter the accessibility of indoor routes (Fridolf et al., 2019). Communication also 
plays an important role, as incomplete or delayed information may lead to 
repeated checks, inefficient routing, or slow confirmation of cleared areas (Abbas 
& Miller, 2025). 
 
These challenges make emergency sweep planning a complex problem of spatial 
organization, route design, and team coordination. Responders must cover all 
required locations, decide who should go where, and determine the order in 
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which tasks should be completed. The goal is not only to reduce total completion 
time, but also to clear high-risk areas as early as possible and to avoid missed or 
duplicated searches. Conventional evacuation studies focus on how occupants 
leave a building, whereas an all-clear sweep emphasizes responders’ movement 
and task execution inside the building. Its performance depends on several 
operational factors, including room search time, door conditions, confirmation 
time, rescue capacity, congestion, and communication efficiency. Previous 
research on building evacuation and emergency behavior has shown that these 
factors can substantially influence emergency outcomes, especially in complex 
indoor environments (Wang et al., 2024; Wong & Lee, 2025).  
 
Recent technological developments offer new opportunities to support building 
emergency response. Building information modeling (BIM)-based indoor 
localization and navigation systems can improve route guidance and help 
responders access building information more efficiently (Wong & Lee, 2025; Zhao 
et al., 2025). Thermal imaging can assist human detection in smoke-filled 
environments, and robotic platforms are increasingly being considered for 
reconnaissance, search, and operations in hazardous areas where direct human 
access may be unsafe (Tsai et al., 2022). At the same time, recent quantitative work 
suggests that the actual benefits of navigation and information-sharing 
technologies depend on how they interact with participant behavior and 
response collaboration, meaning that their value should be tested in a structured 
and reproducible way rather than assumed in advance (Wong & Lee, 2025). 
 
To address these issues, this study proposes a graph-driven multi-plan heuristic 
(GMH) and discrete event simulation (DES)-based building sweep model (BSM), 
hereafter referred to as the GMH-DES-BSM framework, for all-clear building 
sweeps. In the framework, floor plans are first represented as graphs in which 
rooms, hallways, exits, and traversable connections are linked with task-related 
attributes. A heuristic procedure then generates multiple feasible sweep plans for 
responders, and a DES module evaluates their realized performance under 
passage-capacity constraints and dynamic execution delays.  
 
The contribution of this study is threefold. First, it develops a GMH and DES-based 
evaluation framework that links building topology, task allocation, rescue-return 
movement, and congestion-aware execution. Second, it reframes all-clear 
building sweeps as an integrated responder-centered task rather than as a 
conventional occupant evacuation problem. Third, it identifies layout-dependent 
sweep mechanisms, showing that different building layouts require different 
combinations of team size, rescue capacity, communication efficiency, and 
sensor-supported intervention. 
 

2 Literature review 
2.1 Building evacuation and indoor movement under 

hazardous conditions 
 

Existing research on building emergencies is largely grounded in mature 
evacuation-modeling frameworks and focuses on occupants’ perception, 
decision-making, movement, and evacuation under hazardous conditions. Early 
studies of building evacuation evolved beyond corridor-capacity analysis toward 
multi-layered frameworks that jointly represent individual behavior, spatial 
constraints, and scenario uncertainty (Kuligowski et al., 2010). Building on this 
foundation, subsequent work has shown that internal spatial connectivity is a key 
determinant of movement efficiency and evacuation organization. In particular, 
the coupling among rooms, floors, stairways, corridors, exits, and vertical 



 

 
 

63 

circulation systems can alter crowd distribution, local congestion patterns, and 
total evacuation time, such that identical population sizes may exhibit markedly 
different evacuation responses under different building layouts (Ha & Lykotrafitis, 
2012; Ronchi & Nilsson, 2014). At the same time, the dynamic evolution of 
hazardous environments further increases model complexity. Smoke density, 
reduced visibility, and fire development not only lower walking speed but also 
affect orientation, route choice, and avoidance behavior, thereby transforming 
evacuation from a relatively stable flow problem into a dynamic process shaped 
by environmental feedback (Fridolf et al., 2013). Behavioral studies further 
emphasize that occupants’ responses in fires are not determined solely by 
shortest-path principles, but are also closely related to risk perception, 
information interpretation, familiarity, herding behavior, and pre-movement time. 
Thus, even under the same building geometry, different population compositions 
and information conditions may lead to substantially different behavioral patterns 
(Kobes et al., 2010; Lin et al., 2020). Overall, existing studies have provided valuable 
insights into how building form, hazardous conditions, and individual behavior 
influence indoor movement. Their primary concern, however, remains how 
occupants leave a building, rather than how responders enter it and complete an 
all-clear sweep. 
 

2.2 Responder search verification and team coordination 
 

A related research stream shifts the focus from occupants to responders, 
emphasizing their search, verification, and rescue behaviors under low visibility, 
high time pressure, and complex spatial conditions. Empirical studies have 
quantified responders’ movement characteristics in indoor fire environments, 
showing that crawling speeds under poor visibility differ markedly from the 
upright walking speeds commonly assumed in evacuation research (Lambert et 
al., 2021; Muhdi et al., 2009). At the methodological level, coverage, routing, and 
scheduling problems have been addressed primarily through network 
optimization and operations research. Network-based studies have incorporated 
exit allocation, route conflict, capacity constraints, visit order, and path generation 
into unified frameworks, thereby providing a methodological basis for responder 
task allocation and route organization (Chalmet et al., 1982; García-Ojeda et al., 
2013; Vermuyten et al., 2016). Other studies conceptualize emergency 
performance as the outcome of interactions among humans, buildings, and 
emergency systems, highlighting the influence of information flow, real-time 
communication, environmental feedback, and group interaction on individual 
decisions and collective coordination. Under multi-agent parallel operations, 
communication delay and information distortion may trigger repeated searches, 
missed verif ication, and local congestion, thereby substantially reducing 
response efficiency (Templeton et al., 2024; Zhu et al., 2020). Overall, although 
existing studies have laid important foundations for building emergency search 
from the perspectives of empirical measurement, path optimization, and 
interaction mechanisms, they remain insufficiently integrated for the specific 
task of all-clear sweeps. 
 

2.3 Sensor and digitally supported emergency response 
 

Recent advances in sensor and digital technologies are reshaping building 
emergency response, shifting it from experience-based, verbally coordinated 
practice toward digitally supported decision-making grounded in spatial data, 
real-time sensing, and multi-party information sharing. Prior studies show that 
the integration of BIM and indoor localization can support position identification 
and route inference, while indoor navigation systems combining voice interaction, 
inertial sensing, and multi-user collaboration further extend digital spatial 
representation from static modeling to real-time operational support (Li et al., 
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2014; Wong et al., 2022). At the same time, thermal imaging, inertial sensing, 
computer vision, and multi-source localization provide faster situational input 
under low visibility, smoke occlusion, and complex spatial conditions. In particular, 
deep-learning-based human detection using thermal imaging and BIM 
computer vision frameworks for local safety assessment both demonstrate the 
potential to improve target recognition and environmental understanding (Deng 
et al., 2021; Tsai et al., 2022). Multi-user information-sharing platforms further 
elevate individual responders’ localization, navigation, and sensing capabilities to 
team-level real-time coordination, although their effectiveness remains 
constrained by human behavior and coordination patterns (Wong & Lee, 2023, 
2025). In parallel, robots are increasingly used for fire-ground reconnaissance and 
forward search in hazardous zones (Wang et al., 2024). However, existing studies 
remain largely focused on the performance of individual technologies and rarely 
compare, within a unified task framework, how different technology 
combinations affect all-clear sweep efficiency. 
 

2.4 Gap analysis 
 

Existing studies have focused primarily on occupant evacuation, responder 
search behavior, or support from individual digital technologies, while treating all-
clear sweeps as an integrated task only to a limited extent. More specifically, 
spatial coverage, room verification, exit return, team allocation, and dynamic risk 
are often examined in isolation rather than within a unified analytical framework. 
Likewise, the combined effects of building layout, team size, and technology 
configuration on sweep efficiency remain insufficiently compared. Therefore, the 
key gap is not simply the lack of another routing algorithm, but the absence of a 
task-level modeling framework that can connect building topology, responder 
assignment, room verification, rescue-return movement, and congestion-aware 
execution within the same analytical process. This study addresses this gap by 
proposing the GMH-DES-BSM framework, which generates multiple time-
efficient sweep plans on a graph representation of the building and then 
evaluates their realized performance through DES under passage-capacity 
constraints and operational uncertainties. 
 

3 Methodology 
This study proposes the GMH-DES-BSM framework to investigate all-clear sweep 
operations under building fire scenarios. The research framework is shown in 
Figure 1. The proposed framework is structured into four sequential phases. 
First, in the materials preparation and graph construction phase, two contrasting 
public-building layouts are modeled from floor plans, node attributes, and basic 
assumptions, and are abstracted into a graph 𝐺(𝑉, 𝐸) as the model input.  
Second, in the GMH-based plan generation phase, an earliest-available-first multi-
plan heuristic is then used to generate task-allocation and routing schemes for 
multiple firefighters.  
 
Third, in the DES-based execution and evaluation phase, the studied plans are 
evaluated in a DES module, which captures their actual execution under passage-
capacity constraints and dynamic interactions, thereby identifying the best-
performing team configurations and sweep plans for different building layouts.  
Finally, in the scenario comparison phase, additional scenarios incorporating 
communication delay, risk-priority routing, and sensor-supported interventions 
are examined to compare sweep efficiency across layouts and operational 
conditions. 
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Figure 1.  

Research framework of GMH-DES-BSM 

The primary objective of this study is to develop a simulation framework for all-
clear sweeps in buildings and to evaluate how building layout, team configuration, 
communication delay, risk-priority routing, and sensor deployment affect sweep 
efficiency. The framework covers the complete process of all-clear sweeps, 
including firefighters’ entry, search, verification, rescue, and return when 
necessary, with total completion time used as the primary performance metric. 
On this basis, the study further compares the key factors shaping sweep efficiency 
across different building types, with the aim of identifying representative 
organizational patterns and resource-allocation principles for all-clear operations. 
 

3.1 Materials and preprocessing 
 

To support these objectives, two contrasting public-building layouts were 
selected: a two-story children’s daycare center and a three-story museum. These 
two cases were chosen not to provide an exhaustive typology of public buildings, 
but to represent two distinct spatial and operational patterns that are highly 
relevant to all-clear sweeps. The daycare center represents a dispersed multi-
room layout, where occupants are distributed across many relatively small and 
functionally separated rooms. Such a layout requires broad room-by-room 
coverage, frequent verification, and coordination among multiple firefighters 
moving through shared corridors. In contrast, the museum represents a more 
concentrated multi-floor layout, where occupants are mainly clustered in larger 
exhibition areas and movement is shaped by vertical circulation and repeated 
return trips from high-demand spaces. Therefore, the two building layouts differ 
in room subdivision, occupant distribution, circulation structure, and expected 
sweep bottlenecks. Comparing them allows the proposed framework to examine 
whether sweep efficiency is primarily constrained by parallel spatial coverage or 
by rescue throughput from concentrated demand locations. 
 
3.1.1 Building layout 1. Children’s daycare center 

Building layout 1 is a two-story children’s daycare center (Figure 2). Its dimensions 
are set according to typical classroom building standards (for example, a 30-
student classroom has a minimum floor area of approximately 50.2 m², according 
to Classroom Space Utilization Guidelines (2024)). We convert the floor plan into a 
graph whose nodes and edges represent rooms, hallways, and exits. The number 
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of occupants assigned to each room or hallway node ranges from 0 to 30. 
Classrooms and similar spaces are modeled as furnished. We assign 
heterogeneous risk levels to different locations: classrooms are given the highest 
risk level 4, because they may contain the largest number of occupants; hallway 
cells immediately outside classroom doors are assigned risk level 3 to reflect their 
importance for movement and potential congestion; ordinary hallway segments 
are set to risk level 2; and hallway cells near exits are assigned the lowest risk level 
1. 
 

  

 
(a) first floor (b) second floor 

Figure 2.  
Building layout 1: children’s daycare center floor plan. 

3.1.2 Building layout 2. Museum 

Building layout 2 is the Paul Revere Museum of Discovery and Innovation (Paul 
Revere Memorial Museum, 2021) (Figure 3), a three-story museum with a more 
vertically organized layout. The configuration of this building layout follows the 
same principles as building layout 1, with the main difference that occupants are 
highly concentrated in the exhibition areas, which are therefore assigned the 
highest risk level. 
 

 
 

(a) first floor (b) second floor 
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(c) third floor  

Figure 3.  
Building layout 2: floor plan of Paul Revere Museum of Discovery 

and Innovation. 

 

3.1.3 Graph representation and preprocessing  

After defining the two building layouts, their floor plans were represented as a 
graph 𝐺(𝑉, 𝐸) . Nodes denote rooms, hallway junctions, and exits, and are 
associated with attributes such as room function, occupant count, door state, and 
risk level (Table 1). Edges represent traversable spatial connections and are 
assigned attributes including distance and width (Table 2). In this graph 
representation, room and hallway nodes serve not only as spatial units but also as 
task-bearing units. A rescue task is triggered when occupants remain at a node, 
whereas a check task is triggered when the required number of inspections has 
not yet been completed. Exit nodes represent the entry and return locations for 
firefighters. Based on this unified representation, the heuristic module performs 
task allocation and path generation on the graph structure, while the DES 
module further simulates dynamic execution.  
 
Table 1.  

Attributes of nodes. 

Attribute 
Field 
type Values Description 

type 
strin

g 
room, hallway, 
exit_entrance 

Room: represents an enclosed room separated from 
other spaces. 

Exit_entrance: represents an entry/exit point, used as the 
firefighters’ access point and the evacuation exit. 

Hallway: represents door–hallway junctions or open lobby 
areas. 

id 
strin

g 
such as r1, h1, 

e1, Unique identifier of the node 

if_furniture int 0,1 Layout indicator: 0 = unfurnished, 1 = furnished 
occupant_

num 
int 0,1,2... Number of occupants in the room awaiting rescue 

area float such as 15.0 Area (𝑚2) 

door_state int 0,1,2 
Door status: 0 = locked, 1 = open, 2 = locked with a certain 

probability 
check_nu

m int 1,2,3... Required number of checks for this location 

current_ch
eck_num 

int 0,1,2,3... Current number of completed checks (initially 0) 

risk_level int 1,2,3,4 Risk level determined by the room type 
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Table 2.  
The structure and attributes of edges. 

Edge attribute    Field type Description 
node1_id string id of the head node connected by the edge 
node2_id string id of the tail node connected by the edge 
distance float Length of the hallway segment 

width float Width of the hallway 
 
The basic graph configurations for the two building layouts are summarized in Table 3. 
 
Table 3.  

The basic graph configurations for the two building layouts. 

Building layout 
Node 
count 

Edge 
count 

Total 
area(𝑚2) 

Total 
occupants 

1. Children’s daycare 
center 

43 100 910 203 

2. Museum 47 112 630 177 
 
 

3.2 Heuristic multi-plan generation: task assignment and 
route design 

 

This section presents a heuristic procedure for generating candidate sweep plans 
for multiple firefighters. The procedure determines (1) which nodes are assigned 
to which firefighter, (2) in what order each firefighter visits these nodes, and (3) 
how multiple candidate plans can be produced under the same initial conditions 
for subsequent simulation-based evaluation. Rather than seeking a strict global 
optimum, the heuristic aims to generate a set of computationally efficient and 
near-optimal sweep plans that can later be compared within the DES framework. 
The method is based on the following idea: given a static graph representation of 
the building and the task requirements associated with each node, each 
firefighter is treated as an individual responder characterized by a current 
position and an accumulated occupied time. A coordinated multi-firefighter 
sweep plan is then constructed by iteratively assigning the most suitable next 
task to the firefighter who becomes available first. 
 
3.2.1 Node tasks and firefighter states 

 

For each room or hallway node 𝑖, let 𝑛𝑖 denote the number of occupants requiring 
rescue, 𝑐𝑖

𝑟𝑒𝑞 denote the required number of checks, and 𝑐𝑖
𝑐𝑢𝑟 denote the number 

of checks already completed. We define two binary task indicators: 𝐼𝑖
𝑅 for a rescue 

task 𝑅𝑖 , and 𝐼𝑖
𝐶  for a check task 𝐶𝑖 . A firefighter is denoted by 𝑓 ∈ ℱ, where ℱ is the 

set of available firefighters. These quantities determine whether node i still has 
unfinished tasks. 
 
A rescue task is required when occupants remain at node i: 
 

𝐼𝑖
𝑅 = {

1, 𝑛𝑖 > 0 
0, 𝑛𝑖 = 0

 (1) 

 
A check task is required when the completed number of checks is smaller than 
the required number: 
 

𝐼𝑖
𝐶 = {

1, 𝑐𝑖
𝑐𝑢𝑟 < 𝑐𝑖

𝑟𝑒𝑞
 

0, 𝑐𝑖
𝑐𝑢𝑟 ≥ 𝑐𝑖

𝑟𝑒𝑞  (2) 
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Thus, a node may require rescue, inspection, both, or neither. When both 
conditions hold, rescue is prioritized. In this study, a completed rescue is also 
counted as one completed check because the firefighter must physically enter 
and verify the node during rescue. 
 

 
Figure 4. 

 Schematic illustration of node-level task states and priority rules. 

 
Figure 4 schematically summarizes the node-level task states. It is intended as a 
conceptual illustration of how rescue, check, and transit states are distinguished, 
rather than as a full process diagram. When a firefighter arrives at node i , the 
indoor operation time depends on the task type and node attributes. For rescue 
tasks, following Lambert et al. (2021), the indoor operation time is determined by 
room area, furniture condition, and the number of trapped occupants: 
 

𝑡𝑖
𝑅 = {

(0.352 + 𝑛𝑖 ⋅ 0.066) ⋅ 𝐴𝑖, if node 𝑖 is furnished and occupied

(0.184 + 𝑛𝑖 ⋅ 0.066) ⋅ 𝐴𝑖 , if node 𝑖 is unfurnished and occupied
 (3) 

 
where 𝐴𝑖 is the area of node 𝑖, 𝑛𝑖 is the number of remaining occupants at node 𝑖, 
and  𝑡𝑖

𝑅 is the indoor operation time and is measured in minutes. It is subsequently 
converted into seconds, and an additional confirmation time 𝑡𝑐𝑜𝑛𝑓 is added: 
 

𝑡𝑖
𝑅̃ = 60𝑡𝑖

𝑅 + 𝑡𝑐𝑜𝑛𝑓 (4) 
 
where 𝑡𝑖

𝑅̃ is the total rescue-operation time in seconds and 𝑡𝑐𝑜𝑛𝑓 is the 
confirmation time. 
 
In each rescue task, the firefighter rescues up to 𝑘 occupants, where 𝑘 denotes 
the rescue capacity per trip. The node state is updated as: 
 

𝑛𝑖 ← max(0, 𝑛𝑖 − 𝑘) (5) 
  

𝑐𝑖
𝑐𝑢𝑟 ← 𝑐𝑖

𝑐𝑢𝑟 + 1 (6) 
  

After completing the rescue, the firefighter must escort the rescued occupants 
to the nearest exit before receiving the next assignment. 
 
For check tasks, the indoor operation time is defined as: 
 

𝑡𝑖
𝐶 = {

0.352 𝐴𝑖, if node 𝑖 is furnished and unoccupied 
0.184 𝐴𝑖, if node 𝑖 is unfurnished and unoccupied

 (7) 
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where 𝑡𝑖
𝐶 is the indoor check operation time at node 𝑖, and the total check time is 

 
𝑡𝑖

𝐶̃ = 60𝑡𝑖
𝐶 + 𝑡𝑐𝑜𝑛𝑓 (8) 

 
where 𝑡𝑖

𝐶̃  is the total check-operation time in seconds. In this case, only the 
inspection state is updated (Equation (6)). 
 
3.2.2 Iterative heuristic task assignment and route design 

At any step of the heuristic procedure, firefighter f is characterized by two state 
variables: the current node 𝑝𝑓 and the accumulated occupied time τ𝑓. Let ℰ 
denote the set of exits. For any pair of nodes (𝑢, 𝑣), the shortest-path travel time is 
defined as: 
 

T(𝑢, 𝑣) =
𝑑(𝑢, 𝑣)

𝑣0

 (9) 

 
where 𝑇(𝑢, 𝑣) is the travel time from node 𝑢 to node 𝑣, d(𝑢, 𝑣) is the shortest-path 
length between nodes 𝑢 and 𝑣, and 𝑣0 is the baseline walking speed of firefighters. 
The time required to return from node i to its nearest exit is 
 

𝑇𝑏𝑎𝑐𝑘(𝑖) = min
𝑒∈ℰ

𝑇 (𝑖, 𝑒) (10) 
 
where 𝑇𝑏𝑎𝑐𝑘(𝑖) is the minimum return time from node 𝑖 to an exit, and 𝑒 denotes 
an exit node in ℰ. The heuristic assignment process is performed iteratively in an 
offline manner until all rescue and check requirements have been satisfied. 
 

 

 
Figure 5.  

Conceptual illustration of the iterative task assignment procedure. 

Figure 5 conceptually illustrates the iterative assignment process, including 
firefighter selection, candidate task evaluation, near-optimal set construction, 
and state updating. 
 
At each iteration, the firefighter to be assigned next is selected as the one who 
becomes available earliest: 
 

𝑓∗ = arg min
𝑓∈ℱ

𝜏𝑓 (11) 
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where 𝑓∗ is the selected firefighter, ℱ denotes the set of all firefighters. 
For the selected firefighter 𝑓∗, whose current position is s = 𝑝𝑓∗, candidate tasks 
are enumerated over all nodes with unfinished requirements. If node i requires 
rescue, the total time cost is 
 

𝐶𝑖
𝑅(𝑓∗) = T(𝑠, 𝑖) + 𝑡𝑖

𝑅̃ + 𝑇𝑏𝑎𝑐𝑘(𝑖) (12) 
  

where 𝐶𝑖
𝑅(𝑓∗) is the total cost of assigning a rescue task at node 𝑖 to firefighter 𝑓∗. 

The three terms 𝑇(𝑠, 𝑖), 𝑡𝑖
𝑅̃, 𝑇𝑏𝑎𝑐𝑘(𝑖)  represent outbound travel, indoor rescue plus 

confirmation, and return-to-exit time, respectively. 
 
If node i requires only inspection, the total time cost is 
 

𝐶𝑖
𝐶(𝑓∗) = T(𝑠, 𝑖) + 𝑡𝑖

𝐶̃ (13) 
 
where 𝐶𝑖

𝐶(𝑓∗) is the total cost of assigning a check task at node 𝑖 to firefighter 𝑓∗, 
and 𝑡𝑖

𝐶̃ is the total check-operation time at node 𝑖. 
 
For each candidate node 𝑖, the heuristic score is defined by the corresponding 
task-dependent time cost: 
 

𝐽𝑖(𝑓∗) = {
𝐶𝑖

𝑅(𝑓∗), if 𝐼𝑖
𝑅 = 1

𝐶𝑖
𝐶(𝑓∗), if 𝐼𝑖

𝑅 = 0 and 𝐼𝑖
𝐶 = 1

 (14) 

 
where 𝐽𝑖(𝑓∗)  is the heuristic score of assigning node 𝑖  to firefighter 𝑓∗ . Rescue 
tasks are evaluated first because rescue is prioritized when both rescue and check 
requirements exist at the same node. 
 
Let ℒ denote the set of candidate nodes. The best score is 
 

𝐽𝑚𝑖𝑛 = min
𝑖∈ℒ

𝐽𝑖 (𝑓∗) (15) 
 
where 𝐽𝑚𝑖𝑛  is the smallest heuristic score among all candidate nodes for the 
selected firefighter. 
 
To avoid producing only a single purely greedy solution, an approximate-optimal 
threshold α ≥ 1  is introduced. All candidate nodes satisfying 𝐽i(𝑓∗)  ≤  α 𝐽𝑚𝑖𝑛  are 
included in a near-optimal candidate set. One node 𝑖∗ is then selected uniformly 
at random from this set and assigned to firefighter 𝑓∗. This design allows multiple 
structurally different, yet time-efficient, plans to be generated under identical 
initial conditions. 
 
Once the target node 𝑖∗ and the corresponding task type have been selected, a 
task record is created for firefighter 𝑓∗, including the starting node, target node, 
outbound path, task type, planned start time, and planned completion time. The 
system state is then updated. 
For the firefighter state, 

𝜏𝑓∗ ← 𝜏𝑓∗ + 𝐽𝑖∗(𝑓∗) (16) 
  

𝑝𝑓∗ ← {
𝑒∗(𝑖∗), if node 𝑖∗ is assigned a rescue task

𝑖∗, if node 𝑖∗ is assigned a check task
 (17) 

 
where τ𝑓∗ denotes the accumulated occupied time of firefighter 𝑓∗, 𝑖∗ denotes the 
selected target node, 𝑝𝑓∗  denotes the current position of firefighter 𝑓∗ , 𝑒∗(𝑖∗) 
denotes the exit nearest to node 𝑖∗. 
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For the node state, the update follows the rescue or check rules defined above. 
Through iteration, rescue and check tasks are gradually partitioned among 
firefighters. In this way, the heuristic combines an earliest-available-first rule with 
local time-cost minimization to construct a coordinated multi-firefighter sweep 
plan. 
 
3.2.3 Generation of multiple candidate plans 

To obtain a set of candidate plans for subsequent DES-based evaluation, the 
heuristic procedure is repeated multiple times while keeping the initial graph 
structure and node states unchanged. Different random seeds are used so that, 
in each run, the target node is differently selected from the near-optimal 
candidate set. 
 
As a result, the model produces a family of candidate sweep plans {𝛱𝑘}𝑘=1

𝐾 , where 
each plan 𝛱𝑘 contains the task sequence of every firefighter, the assigned target 
nodes, the path information, and the static predicted completion time (heuristic 
makespan). These plans are subsequently evaluated within the DES framework 
to examine their actual performance under congestion, resource competition, 
and other execution-related constraints. In this way, the heuristic module serves 
as the plan-generation component of the overall modeling framework, while DES 
provides the dynamic validation and comparison of candidate plans. 
 

3.3 DES-based execution and evaluation 
 

The heuristic procedure described in Section 3.2 generates a family of candidate 
sweep plans {𝛱𝑘}𝑘=1

𝐾 , each of which specifies the task sequence, target nodes, and 
planned routes for all firefighters under static assumptions. However, these plans 
do not explicitly account for dynamic interactions during execution, such as 
hallway capacity limits, waiting caused by concurrent movement, or scenario-
dependent operational adjustments. To address this issue, the candidate plans 
are further evaluated in a DES framework. The DES module dynamically replays 
the execution of each plan along the time axis and produces a more realistic 
estimate of total sweep time under spatial constraints and operational conditions. 
 
3.3.1 Simulation entities and environment 

In the DES framework, firefighters are treated as active entities that execute the 
task sequences generated by the heuristic module. The building graph 𝐺(𝑉, 𝐸) 
provides the simulation environment, where nodes represent rooms, hallway 
junctions, and exits, and edges represent traversable spatial connections. Each 
firefighter 𝑓 ∈ ℱ is characterized by a current position 𝑝𝑓(𝑡), a current task status, 
and a time-dependent execution history. 
 
The simulation environment contains two types of constraints. First, node-level 
operations inherit the rescue and check requirements defined in Section 3.2. A 
firefighter arriving at node 𝑖  performs either a rescue operation or a check 
operation, depending on the node state and the assigned task. Second, edge-
level movement is constrained by shared passage resources. Since multiple 
firefighters may travel simultaneously, hallway segments are modeled as limited-
capacity resources rather than unconstrained links. This allows the DES 
framework to capture waiting, local conflict, and movement delay during plan 
execution. 
 
Accordingly, the DES module does not generate new plans by itself. Instead, it 
serves as a dynamic execution layer that evaluates whether a candidate plan 
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remains efficient once interactions among firefighters and shared passage 
resources are taken into account. 
 
3.3.2 Event execution and temporal updating 

For each firefighter 𝑓, the heuristic module provides an ordered task list: 
 

ℳ𝑓 = {𝑀𝑓,1, 𝑀𝑓,2, … , 𝑀𝑓,𝐿𝑓
} (18) 

  
where 𝐿𝑓 is the number of tasks assigned to firefighter 𝑓. Each task 𝑀𝑓,ℓ contains a 
task type (rescue or check), a starting node, a target node, and an outbound path 
generated in the heuristic stage. For rescue tasks, a return path to the nearest exit 
is also specified. 
 
Task execution in the DES framework consists of four sequential stages: 
 
(1) Task start. 
The ℓ − 𝑡ℎ task assigned to firefighter 𝑓 can start only when both conditions are 
satisfied: the firefighter has completed the previous task, and the planned task 
order allows the new task to begin. In other words, DES respects the task 
sequence generated by the heuristic but updates the actual task start time 
according to realized execution delays. 
 
(2) Outbound movement. 
Once a task starts, the firefighter travels from the current position to the target 
node along the predetermined shortest path. The actual movement time 
depends not only on path length but also on whether passage capacity is 
available on each edge at the time of entry. If the target edge is fully occupied, the 
firefighter must wait before proceeding. 
 
(3) Node-level operation. 
After arriving at the target node, the firefighter performs the assigned rescue or 
check operation. The operation time follows the task-dependent formulation 
given in Section 3.2. Rescue tasks include both indoor search/rescue time and 
confirmation time, and they also update the node-level rescue and inspection 
state. Check tasks update only the inspection state. 
 
(4) Return movement. 
If the task is a rescue task, the firefighter must escort the rescued occupants to 
the nearest exit before receiving the next assignment. For check tasks, no return-
to-exit movement is required unless the check is the final task in the firefighter’s 
task list and the simulation setting requires the firefighter to end at an exit. In this 
way, the DES module distinguishes between direct task chaining and task 
completion with exit return. 
 
For each candidate plan, the simulation proceeds event by event until all tasks 
assigned in that plan have been executed. The main advantage of this 
mechanism is that the actual sweep process is evaluated under dynamic timing, 
rather than under the static assumption that all movements occur without 
interference. 
 
3.3.3 Passage resource constraints and dynamic interactions 

A key purpose of the DES module is to represent dynamic interactions among 
firefighters when they share the same circulation space. To achieve this, each 
edge (𝑢, 𝑣) ∈ 𝐸 is assigned a capacity value that reflects the maximum number of 
firefighters that can traverse the edge simultaneously. Let 𝑤𝑢𝑣 denote the width 
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of edge (𝑢, 𝑣), 𝑤0 the width required for one firefighter to pass, and 𝑐𝑚𝑎𝑥  an upper 
bound on edge capacity. The capacity of edge (𝑢, 𝑣) is defined as: 
 

𝑐𝑢𝑣 = min (𝑐𝑚𝑎𝑥 , ⌊
𝑤𝑢𝑣

𝑤0
⌋) (19) 

 
Under this constraint, a firefighter may enter an edge (𝑢, 𝑣) only if the number of 
firefighters currently traversing that edge is smaller than 𝑐𝑢𝑣. Otherwise, the 
firefighter must wait at the edge entrance until capacity becomes available. This 
first-come, first-served resource mechanism allows the DES to capture 
congestion and queueing effects caused by simultaneous task execution. 
 
Compared with the heuristic stage, the DES framework therefore produces a 
realized movement time that may be longer than the nominal shortest-path 
travel time. This difference is particularly important for layouts with narrow 
corridors, frequent path overlap, or strong local concentration of tasks. Because 
the retained results of this study focus on comparisons between building layouts 
and on the effect of selected operational conditions, incorporating such dynamic 
interactions is essential for moving from static planning to realistic execution-
based evaluation. 
 
3.3.4 Evaluation metrics 

The DES framework evaluates each candidate plan 𝛱𝑘 by the realized total sweep 
time, defined as the time at which all assigned tasks have been completed: 
 

𝑇𝑘
𝐷𝐸𝑆 = max

𝑓∈ℱ
𝐹𝑓,𝐿𝑓

 (20) 
 
where 𝐹𝑓,𝐿𝑓

 denotes the completion time of the last task assigned to firefighter 𝑓. 
This quantity is the primary performance indicator in this study and is referred to 
as the total sweep time. 
 
To quantify the discrepancy between the static heuristic estimate and the 
dynamically executed plan, we further define the execution delay of plan 𝛱𝑘 as: 
 

Δ𝑇𝑘 = 𝑇𝑘
𝐷𝐸𝑆 − 𝑇𝑘

𝐻 (21) 
 
where 𝑇𝑘

𝐻 is the heuristic makespan predicted in Section 3.2. A larger Δ𝑇𝑘  indicates 
that the static plan is more strongly affected by dynamic interactions during 
execution. 
 
For scenario comparison, the best-performing plan under a given setting is 
identified as the one with the smallest realized sweep time. This metric is used 
consistently in the retained results to compare the two building layouts under 
baseline conditions and to evaluate how communication delay, risk-priority 
routing, and sensor-supported interventions influence plan performance. When 
intervention scenarios are compared with their corresponding baseline settings, 
the relative improvement is measured by the percentage reduction in total sweep 
time. 
 
In this way, the DES module plays two roles in the overall framework. First, it 
provides a dynamic validation layer for the candidate plans generated by the 
heuristic module. Second, it establishes a unified evaluation basis for comparing 
different layouts and scenario settings under a consistent execution model. 
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3.4 Software implementation 
 
The proposed GMH-DES-BSM framework was implemented and tested in Python 
3.10 using Visual Studio Code 1.120 as the integrated development environment. 
Python was used to program the graph-driven heuristic procedure, execute the 
discrete event simulation, conduct the scenario-based experiments, and 
generate the figures and the table presented in the Results and Discussion 
section. Python was selected because it provides flexible support for graph-based 
computation, iterative algorithm implementation, event-based simulation, and 
reproducible batch experiments. Visual Studio Code was used for code 
development, debugging, and experimental script management because it 
provides an integrated and lightweight environment for editing, running, and 
managing Python scripts. 
 

4 Results and Discussion 
4.1 Experimental settings 

 

The experiments were designed to support four groups of comparisons: baseline 
layout comparison, communication delay, risk-priority routing, and sensor-
supported intervention. All simulations were conducted on the two 
representative building layouts introduced in Section 3.1, namely the children’s 
daycare center and the museum. 
 
For the baseline experiments, the firefighters’ walking speed was set to 𝑣0 = 1.2 
m/s (Chen et al., 2025), and the confirmation time was set to 𝑡𝑐𝑜𝑛𝑓 = 10 𝑠 (Beattie et 
al., 2022). The number of firefighters ranged from 1 to 100, and the rescue capacity 
per trip 𝑘 ranged from 1 to 5 persons. Door conditions followed the node settings 
defined in Section 3.1. Passage constraints in the DES module were controlled by 
the per-person required width  𝑤0 = 0.6 m (Fruin, 1971) and the maximum edge 
capacity 𝑐𝑚𝑎𝑥 = 5. Under these settings, the model identified the best-performing 
plan for each layout by the smallest realized sweep time. 
 
For the communication-delay experiments, an additional delay term δ𝑐𝑜𝑚  was 
added to 𝑡𝑐𝑜𝑛𝑓 to represent reporting and instruction delays after each task. The 
value of  𝛿𝑐𝑜𝑚 varied from 1 s to 30 s, while all other parameters remained 
unchanged. 
 
For the risk-priority experiments, each node 𝑖 was assigned a priority score: 
 

𝑅𝑖 = 𝑛𝑖𝑟𝑖 (22) 
  

where 𝑅𝑖  represents the priority score of node 𝑖 , 𝑛𝑖 is the number of remaining 
occupants and 𝑟𝑖 is the predefined risk level of the node. This setting allowed the 
heuristic to favor tasks with higher urgency while retaining the same DES 
evaluation procedure. 
 
For the sensor-supported experiments, three intervention scenarios were 
considered: thermal infrared imaging (IR), indoor positioning and navigation 
support (POS), and robotic pre-inspection (ROB), together with a combined 
scenario (IR+POS+ROB). IR was modeled as a reduction in node-level operation 
time, POS as an increase in effective walking speed, and ROB as a reduction in 
unnecessary checks at unoccupied nodes. All intervention scenarios were 
evaluated under the same baseline settings so that their effects on realized sweep 
time could be directly compared. 
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4.2 Baseline differences between the two layouts 
 

To provide a common reference for the subsequent analyses, we first compared 
the two representative building layouts under the baseline setting described in 
Section 4.1, without additional communication delay, risk-priority routing, or 
sensor-supported intervention. The goal was to identify the best-performing 
sweep configuration for each layout and to examine how differences in spatial 
organization and occupant distribution shape sweep efficiency. 
 
Figure 6 shows the heuristic results across different combinations of f irefighter 
number and rescue capacity for the children’s daycare center and the museum. 
In both layouts, total sweep time decreases as response resources increase, but 
the reduction is clearly nonlinear. The marginal benefit is substantial at low 
resource levels and gradually diminishes as the system approaches a near-
saturated state. This pattern indicates that sweep performance is constrained not 
only by the amount of available manpower but also by the underlying spatial 
structure and task distribution. 
 

  
(a) Daycare center (b) Museum 

Figure 6.  
Total sweep time under different team sizes and rescue capacities in the 

ideal cases. 

When the candidate plans are evaluated in the DES framework, the two layouts 
exhibit markedly different optimal configurations. For the daycare center, the 
best-performing baseline configuration is 86 firefighters with a rescue capacity 
of 3 persons per trip, yielding a realized total sweep time of approximately 16396.2 
s. For the museum, the DES-based best-performing configuration is 59 
firefighters with a rescue capacity of 5 persons per trip, yielding a realized total 
sweep time of approximately 8683.6 s. As shown in Figure 7 and Table 4, the DES-
based completion time is slightly higher than the heuristic estimate in both cases, 
but the magnitude of the delay differs: the average delay is about 152.5 s in the 
daycare center, compared with 47.7 s in the museum. 
 

  
(a) Daycare center (b) Museum 

Figure 7.  
Delay between congestion-aware DES rescue time and the ideal 

(uncongested) rescue time. 
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Table 4.  
Comparison of optimal configurations in the ideal cases and the hallway-

congestion cases. 

Building 
layout 

Ideal heuristic DES Avera
ge 

delay  Ft St At 
Bn

f 
Br
c 

Ft St At 
Bn

f 
Br
c 

Daycare 
center 

16396
.1 

10842
12 35564 86 3 

16396
.2 

1084212
.2 

35716.
5 86 3 152.5 

Museum 8673.
6 

46971
3 

16604
.5 

61 5 8683.
6 

469713.
4 

16652
.2 

59 5 47.7 

Note: Ft denotes the fastest time; St denotes the slowest time; At denotes the average time;  
 
Bnf denotes the best number of firefighters; Brc denotes the best rescue capacity. 
These differences reflect two distinct sweep mechanisms. The daycare center 
represents a dispersed, multi-room layout in which occupants are distributed 
across many separate rooms. Under this pattern, sweep efficiency depends 
strongly on parallel room-level coverage, so increasing team size produces a 
greater benefit than increasing rescue capacity alone. By contrast, the museum 
exhibits a more concentrated layout, in which occupants are clustered in a smaller 
number of key spaces. In this case, the dominant bottleneck is repeated transport 
from high-demand locations, making rescue capacity more influential than 
further increases in team size. 
 
The larger DES delay observed in the daycare center further suggests that 
dispersed layouts are more sensitive to dynamic movement interactions on 
shared passages. Overall, the baseline comparison shows that building layout 
fundamentally shapes the most effective sweep strategy: the daycare center is 
more sensitive to team size, whereas the museum is more sensitive to per-trip 
rescue capacity. This distinction provides the basis for the following analyses of 
communication delay, risk-priority routing, and sensor-supported intervention. 
 

4.3 Effects of communication delay 
 

To examine the effect of communication inefficiency, we added an extra delay 
term to the confirmation time after each rescue or check task and re-evaluated 
the best baseline configurations of the two layouts. As shown in Figure 8, total 
sweep time increases approximately linearly with communication delay in both 
layouts, but the sensitivity differs: under the optimal configurations, each 
additional second of communication delay increases total sweep time by about 1 
s in the daycare center and about 2 s in the museum. 
 
This difference is mainly related to how the delay propagates through the critical 
execution path. In the daycare center, the sweep task is distributed across many 
rooms and a larger firefighter team, so task execution is highly parallel. Under this 
structure, many confirmation delays occur simultaneously across firefighters and 
are partially absorbed within parallel operations, leading to a weaker effect on the 
final makespan. By contrast, the museum relies on a smaller team serving more 
concentrated high-demand zones. Its sweep process is therefore more 
dependent on longer sequential task chains and repeated transport from key 
locations. In this case, additional confirmation time is more likely to accumulate 
along the critical path, producing a stronger increase in total sweep time. These 
results suggest that communication efficiency is particularly important in 
concentrated layouts where the overall sweep is controlled by a smaller number 
of serially constrained operations. 
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(a) Daycare center (b) Museum  
Figure 8.  

Impact of communication delay on rescue time. 

 

4.4 Effects of risk-priority routing 
 

To examine whether urgency-based task selection can improve sweep efficiency, 
we compared the baseline routing strategy with the risk-priority strategy 
described in Section 4.1. Under this setting, nodes with higher occupant load and 
higher predefined risk level were assigned higher priority during heuristic task 
selection, and the resulting plans were evaluated in the same DES framework as 
the baseline case. 
 
As shown in Figure 9, risk-priority routing improves average performance in both 
layouts, but the magnitude and pattern of improvement differ. In the daycare 
center, the average sweep time decreases from 47,104.1 s to 45,553.5 s, 
corresponding to an overall improvement of about 3.3%. Across rescue capacities 
of 1, 2, and 3 persons per trip, the gains are 2.6%, 4.1%, and 3.8%, respectively. 
However, the fastest realized sweep time is slightly worse than that of the baseline 
strategy (16,421.1 s vs. 16,396.2 s), indicating that urgency-based routing mainly 
improves average efficiency rather than the best-case configuration. 
 
In the museum, the average sweep time decreases from 23,605.1 s to 22,650.7 s, 
an overall improvement of about 4.0%. The gains by rescue capacity are 3.5%, 5.8%, 
and 3.5%, respectively, while the fastest sweep time remains unchanged at 8,683.6 
s. This pattern suggests that risk-priority routing is particularly effective in 
concentrated layouts, where serving a small number of high-demand, high-risk 
spaces earlier can shorten the dominant rescue sequence. By contrast, in the 
daycare center, where high-risk demand is more spatially dispersed, the strategy 
still improves average performance but cannot fundamentally change the need 
for broad parallel coverage. 
 

  
(a) Daycare center (b) Museum 

Figure 9.  
Comparison of total sweep time under standard and risk-priority routing. 
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Overall, risk-priority routing improves performance in both layouts, but its benefit 
is more pronounced in the museum. This suggests that prioritization is especially 
effective when high-risk demand is concentrated in a limited number of spatially 
important zones. 
 

4.5 Effects of sensor-supported intervention 
 

To assess the contribution of supportive technologies, we compared the baseline 
setting with four intervention scenarios: thermal infrared imaging (IR), indoor 
positioning and navigation support (POS), robotic pre-inspection (ROB), and their 
combined application (IR+POS+ROB). As shown in Figure 10, all interventions 
reduce total sweep time, but their effects differ in magnitude. 
 

  

(a) Daycare center (b) Museum 
Figure 10.  

Effects of sensor-supported interventions on total sweep time.  

Among the three individual technologies, IR produces the largest improvement 
in both layouts. This result suggests that reducing node-level search uncertainty 
is particularly effective for all-clear sweeps, where firefighters must verify multiple 
indoor locations under time pressure. POS provides the second-largest benefit by 
shortening travel time along indoor routes, while ROB yields the smallest direct 
reduction. Although robotic pre-inspection can reduce unnecessary checks at 
unoccupied nodes, its impact is more limited when most tasks are concentrated 
in occupied or high-priority areas. 
 
The combined scenario achieves the greatest overall improvement, but its total 
benefit is smaller than the simple sum of the three individual effects. This 
indicates overlapping functional contributions among the technologies. In 
particular, once search and movement inefficiencies have already been reduced 
by IR and POS, the additional benefit of ROB becomes more limited. 
Overall, the results show that sensor-supported interventions can improve sweep 
efficiency in both layouts, with the greatest gains achieved by technologies that 
directly reduce search and navigation uncertainty. 
 

4.6 Integrated discussion 
4.6.1 Layout-dependent sweep mechanisms 

The baseline comparison shows that building layout fundamentally shapes the 
dominant bottleneck of all-clear sweeps. Although both layouts were evaluated 
under the same modeling framework, they exhibited clearly different optimal 
configurations and different gaps between the heuristic estimates and the DES 
results. This indicates that sweep efficiency is not determined by resource 
quantity alone, but by the interaction between spatial structure, occupant 
distribution, and task organization. 
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In the daycare center, occupants are distributed across many separate rooms, 
producing a dispersed service pattern. Under this condition, sweep performance 
depends strongly on room-level parallelism. Increasing team size therefore brings 
a substantial benefit because it allows more rooms to be searched and served 
simultaneously. By contrast, further increases in rescue capacity produce a 
smaller marginal gain, since the main difficulty lies not in carrying large numbers 
of occupants per trip, but in covering many dispersed demand locations within a 
limited time. This also explains why the daycare center shows a larger delay 
between the heuristic and DES results: more segmented circulation space and 
more overlapping room-to-room movements make dynamic interaction and 
local waiting more likely during execution. 
 
The museum operates under a different mechanism. Occupants are 
concentrated in a smaller number of key exhibition areas, producing a more 
centralized service structure. In this case, the dominant bottleneck is repeated 
transport from a few high-demand locations rather than insufficient spatial 
coverage. As a result, rescue capacity becomes more influential than further 
increases in team size. The smaller DES delay in the museum further suggests 
that concentrated layouts with more open interior space are less sensitive to 
movement conflicts on shared passages. Taken together, these findings imply 
that all-clear sweep planning should not rely on a single deployment rule across 
building types; instead, the most effective resource allocation depends on 
whether the underlying task structure is coverage-dominated or transport-
dominated. 
 
4.6.2 Layout-dependent intervention mechanisms 

The intervention analyses further show that the effectiveness of operational and 
technological adjustments is also layout-dependent. Communication delay 
increases total sweep time in both layouts, but the rate of increase differs. Under 
the optimal configurations, each additional second of communication delay 
produces an approximately 1 s increase in total sweep time in the daycare center 
and a 2 s increase in the museum. This difference suggests that the impact of 
delay is governed not simply by the number of tasks, but by whether the added 
delay accumulates along the critical execution path. In the daycare center, tasks 
are distributed across a larger firefighter team and many operations proceed in 
parallel, so part of the delay is absorbed within concurrent activity. In the museum, 
however, the sweep process relies more heavily on a smaller set of sequentially 
important rescue chains in concentrated zones, making the final makespan more 
sensitive to delayed reporting and reassignment. 
 
A similar pattern appears in the risk-priority analysis. Prioritizing nodes with both 
higher risk and higher occupant load improves performance in both layouts, but 
the benefit is slightly larger in the museum. When demand is concentrated in a 
limited number of critical spaces, earlier service of those locations shortens the 
dominant rescue sequence more directly. In the daycare center, by contrast, the 
benefit is present but more moderate because high-priority demand is 
distributed across many separate rooms and must still be addressed through 
broad parallel coverage. 
 
The sensor-supported experiments show that not all technologies contribute 
equally to sweep efficiency. Infrared imaging provides the largest gain in both 
layouts, indicating that reducing node-level search uncertainty is especially 
valuable in all-clear tasks. Indoor positioning offers the second-largest 
improvement by reducing movement inefficiency, while robotic pre-inspection 
provides a smaller direct effect because its main contribution lies in avoiding 
unnecessary checks at low-demand nodes. The combined intervention performs 
best overall, but its benefit is smaller than the simple sum of the individual effects, 
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suggesting overlapping functional contributions and diminishing marginal 
returns. This finding is important because it shows that technology packages 
should be evaluated as coordinated systems rather than as additive modules. 
 
4.6.3 Practical implications for emergency sweep planning 

These results suggest several practical implications for emergency sweep 
planning. First, building layout and occupant distribution should be treated as key 
determinants of deployment strategy. In dispersed layouts such as daycare 
centers, the key priority is to improve concurrent room-level coverage, which 
implies greater benefit from increasing team size and maintaining efficient 
multi-f irefighter coordination. In concentrated layouts such as museums, the 
more effective strategy is to improve per-trip rescue throughput and reduce 
delays along the critical rescue chain. 
 
Second, communication efficiency should be considered a core operational factor 
rather than a minor procedural detail. Even small reporting delays can propagate 
into meaningful increases in total sweep time, especially in layouts where 
execution depends on a smaller number of serially constrained operations. Third, 
risk-priority routing can improve performance when critical demand is spatially 
concentrated, suggesting that urgency-based assignment rules may be 
particularly useful in buildings with clear high-risk zones. Finally, sensor-
supported technologies are most effective when they reduce search and 
navigation uncertainty, but their combined value should be assessed carefully 
because overlapping functions may limit additional gains. 
 
Overall, the present findings support a planning approach in which building-
specific task structure, rather than generic f irefighter counts alone, guides 
decisions about allocation, coordination, and technology deployment. 
 

5 Conclusion 
This study proposed GMH-DES-BSM, a responder-centered graph–DES 
framework for evaluating all-clear building sweeps. The framework represents 
rooms, hallways, exits, rescue demand, verification requirements, and return-to-
exit movement within a unified graph-based task structure, and uses DES to 
assess how candidate sweep plans perform under passage-capacity constraints 
and multi-f irefighter interactions.  
 
Using a two-story children’s daycare center and a three-story museum as 
contrasting public-building layouts, the results show that sweep performance is 
strongly layout-dependent. Under the baseline setting, the daycare center 
achieved its best-performing configuration with 86 firefighters and a rescue 
capacity of 3 persons per trip, while the museum achieved its best-performing 
configuration with 59 firefighters and a rescue capacity of 5 persons per trip. The 
realized sweep times and the DES-based delays relative to the heuristic estimates 
indicate that the daycare center is more sensitive to dynamic movement 
interaction, whereas the museum is more strongly constrained by repeated 
transport from concentrated high-demand locations. This comparison suggests 
that layout fundamentally changes the dominant sweep bottleneck: dispersed 
layouts benefit more from greater parallel room-level coverage, whereas 
concentrated layouts benefit more from higher per-trip rescue throughput. 
 
The scenario analyses further highlight that the effectiveness of operational 
adjustments and supportive technologies also depends on layout type. 
Communication delay increases total sweep time in both layouts, but its effect is 
stronger in the museum because additional confirmation time is more likely to 
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accumulate along a smaller number of sequentially important rescue chains. 
Risk-priority routing improves performance in both buildings by serving high-risk 
and high-demand nodes earlier, with a slightly larger gain in the museum, where 
critical demand is concentrated in fewer key locations. Sensor-supported 
interventions also reduce sweep time across both layouts. Among the tested 
technologies, thermal infrared imaging produces the largest improvement, 
followed by indoor positioning and navigation support, while robotic pre-
inspection yields a smaller direct effect. The combined intervention performs best 
overall, but its gain is smaller than the sum of the individual effects, indicating 
overlapping functional contributions and diminishing marginal returns. 
 
Overall, the study shows that efficient all-clear sweep planning should be guided 
by building-specific task structure rather than by generic firefighter counts alone. 
The main substantive contribution is the identification of layout-dependent 
sweep mechanisms. Dispersed multi-room layouts are primarily coverage-
dominated and therefore benefit more from larger teams, while concentrated 
layouts are transport-dominated and benefit more from higher per-trip rescue 
capacity. The proposed GMH-DES-BSM framework therefore provides a practical 
basis for comparing candidate sweep plans, identifying effective resource-
allocation strategies, and evaluating how communication and supportive 
technologies influence execution under different building layouts. 
 
This study also has several limitations. First, the behavioral interaction among 
firefighters was simplif ied, and the model did not explicitly represent richer forms 
of coordination, adaptation, or decision revision during execution. Second, the 
selected building layouts were used as representative cases rather than as a 
comprehensive sample of public-building types. Third, the experiments assumed 
that a sufficiently large number of f irefighters could be deployed for each sweep 
scenario. In practice, however, the available personnel of a responding fire 
department or initial dispatch team are limited, and the operational feasibility of 
large team configurations depends on local staffing, dispatch rules, and mutual-
aid arrangements. Future work could incorporate realistic staffing constraints, 
staged dispatch processes, richer empirical data, additional building types, and 
more adaptive team coordination and re-planning mechanisms. 
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