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Fire evacuation path planning involves multiple data sources. In order to develop a dynamic planning, a comprehensive knowledge
of the environment involving building information and fire development is required. This article presents a semantic approach that
integrates Building Information Modeling (BIM) and Internet of Things (IoT) information to provide a data foundation for
dynamic path planning. First, a fire evacuation (FE) ontology is introduced to fuse both knowledge and information relevant to
dynamic path planning. Next, a dynamic knowledge graph that evolves according to the development of fire situation is instanti-
ated based on the relevant FE ontology. Finally, to validate the feasibility of the semantic approach based on the ontology and
knowledge graph, an example of application is conducted using a specific building as an example. This study provides a data
foundation for more intelligent and precise decision-making in fire evacuation scenarios and offers a new approach for safety
design and management in the field of construction.

1. Introduction

As urbanization continues to advance, the complexity of inte-
rior building structures and population density have increased.
The enrichment of building functions has led to an increase in
the time people spend indoors. According to a report from the
United States Environmental Protection Agency (EPA),
humans spend approximately 90% of their time indoors [1].
Meanwhile, fires are one of the most common and severe
emergencies that occur indoors [2]. The Grenfell Tower Fire
occurred in London in 2017 stands as a profound tragedy,
which engulfed the entire building, resulting in the loss of 80
lives and injuring over 70 individuals [3, 4]. The National Fire
Protection Association (NFPA) reports an increase in casual-
ties and property losses due to fires in the past decade. In 2022
alone, there were over 1.5 million fire incidents in the United
States, resulting in 3,790 fatalities, 13,250 injuries, and $18
billion in property damage [5]. Additionally, the National
Fire and Rescue Administration of China reported that the
fire in 2022 resulted in 1,381 deaths, 2,063 injuries, and approx-
imately $1 billion in direct economic losses [6]. The above data

underscore the importance of conducting research on fire
emergency (FE) evacuation.

When a fire occurs, it is crucial for affected individuals to
evacuate quickly [7]. Insufficient knowledge of the building’s
structure can impact the efficiency of evacuations [8]. Proper
evacuation paths can guide individuals to safety in the short-
est time possible, thereby reducing casualties [9]. In tradi-
tional fire evacuations, the location of the fire source is
determined based on human reactions [10]; additionally,
according to the International Standard ISO 23601 [11],
the evacuation paths marked on evacuation plans within
buildings generally guide individuals to evacuate from the
nearest exits, and adjustments to evacuation paths based on
the development of a fire are not permitted. The above process
has issues such as long response times, low evacuation effi-
ciency, and delayed responses to changing fire developments,
often resulting in more significant casualties [12]. Therefore,
gaining a comprehensive understanding of the entire building
space and the real-time fire development, as defined in the
International Standard ISO 20414 [13] as “environment,” is
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crucial for enhancing evacuation efficiency and ensuring the
safety of individuals during evacuation.

In comparison to traditional manual operations, the
emergence of the Internet of Things (IoT) provides a means
to sense the environment and collect data through intelligent
device networks. It enables the early detection of fires [14]
and the real-time collection of sensor data to monitor fire
development [15]. Building Information Modeling (BIM), an
emerging technology emphasizing a 3D model containing all
building information [16], can provide comprehensive infor-
mation for evacuation path planning. The integration of BIM
and IoT can present real-time environmental information
and spatial status during fire scenarios [17], supporting evac-
uation path planning and real-time updates based on fire
development. For instance, Chen et al. [18] developed a
fire situation awareness framework based on BIM models
and IoT devices. It rapidly locates the fire source using IoT
data and creates virtual fire environments using augmented
reality (AR) and virtual reality (VR) for training the situa-
tional awareness of rescue personnel. Li et al. [19] proposed a
BIM-based rapid person localization and graphical interac-
tion method that utilizes IoT devices to sense the environ-
ment and provide geometric information as an input for
spatial segmentation algorithms. They evaluated the algo-
rithm’s accuracy using simulation methods. Chen et al.
[20] proposed a fire rescue visualization and warning system
based on BIM and FDS, utilizing IoT technology to monitor
the fire situation in real time and provide evacuation route
guidance based on the fire’s development. However, the
above-mentioned studies lack integration and interaction
means for handling multisource data, such as BIM, IoT,
and personnel information. Data collected from different
fields are often dispersed and independent, with weak inter-
connections and lacking synchronization, posing difficulties
and obstacles for further intelligent information and data
processing.

Ontologies formalize and structure the description of
shared knowledge [21]. They help establish formal definitions
of different concepts in the field of fire evacuation and clarify
their relationships. As a result, ontologies assist humans and
computers in understanding and utilizing knowledge in the
field of fire evacuation [22]. The communication and inter-
operability between multisource information from BIM, IoT,
and other sources can be improved by creating ontologies for
shared understanding [23]. Knowledge graphs built based on
ontologies store and retrieve knowledge about entities, rela-
tionships, and attributes in the form of triplets. The SPARQL
protocol and RDF query language [24] can be implemented to
achieve efficient retrieval of building information [25]. Li et al.
[26] created an emergency response ontology, representing
the semantics of FE response workflows, allowing informa-
tion systems to infer the subsequent steps to be taken. The
development of the SEMA4A ontology [27] was initially for
conveying emergency notifications using various technologies
in different emergency situations, later expanding to concepts
related to the accessibility of evacuation routes for people in
emergency situations. Nuo et al.’s [28] ontology was used to
generate semantic maps of buildings in FE situations,

enabling the acquisition of information on smoke propaga-
tion and escape routes to support rescue personnel and vic-
tims during the rescue process. However, the goals of these
ontologies are relatively general, and they lack detailed
descriptions of core information in the fire evacuation field.
There is also limited research on data extraction methods for
building environmental information, making their applica-
tion in fire evacuation path planning scenarios challenging.

To address the issues in information integration and
interaction in the field of fire evacuation, this study proposes
a comprehensive semantic approach to achieve precise data
extraction and interoperability from multiple sources, thus
supporting more intelligent fire evacuation path planning in
fire scenarios. This study presents a dedicated FE ontology
for the field of fire evacuation that integrates BIM and IoT
information, and constructs a knowledge graph based on this
ontology. A multistory building’s fire scenario is used for
path planning as an example to validate the practicality
and feasibility of the proposed ontology and knowledge
graph.

2. Background and Framework

The dynamic planning process for evacuation routes in a fire
scenario involves multiple sources of data, including the
number of people, the development of the fire, and architec-
tural spatial information. This section will introduce the data
involved and propose a semantic approach to integrating
BIM and IoT data.

2.1. Data in Path Planning. In the field of fire safety, appli-
cable path planning algorithms can generally be divided into
two categories [29]: (1) traditional algorithms, represented
by the Dijkstra [30] algorithm and the A∗ [31] algorithm, and
(2) intelligent algorithms such as the heuristic algorithm [32]
and reinforcement learning [33]. Traditional algorithms typ-
ically rely on known environments and fixed rules for path
planning. For example, the Dijkstra algorithm is a widely
used single-source shortest path algorithm in directed
weighted graphs, while the A∗ algorithm is a heuristic search
algorithm that combines the characteristics of best-first
search and Dijkstra algorithm, suitable for solving path plan-
ning problems with heuristic information. Intelligent algo-
rithms, on the other hand, are more flexible and adaptable to
uncertain environments and dynamic changes. Heuristic
algorithms, represented by Ant Colony Algorithm (ACO)
[34], use heuristic functions to guide the search process to
efficiently find the target. Reinforcement learning algorithms
learn the optimal behavior policy through interaction with
the environment, making them suitable for path planning
scenarios that require real-time learning and adaptation to
the environment.

Despite differences in the functions and iteration meth-
ods used by various algorithms, they all require scene infor-
mation, including the connectivity between rooms as
optional paths and the distance from the current location
to the target location as a basis for selection. Taking the
Dijkstra algorithm as an example, it is typically used to
find the weighted shortest path from the starting point to
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the destination in a weighted network graph [30]. In the
application of the Dijkstra algorithm for path planning in
the context of fire safety, the first step is to obtain a weighted
topological connectivity graph of the building space. This
involves all spatial information within the building, their
interconnections, and the evacuation distances between con-
nected spaces. In this study, the aforementioned information
are integrated using FE ontology and a weighted topological
graph is constructed to provide data foundation for path
planning algorithms.

2.2. Data in Fire Observation. Due to the expansibility and
volatility [2] of fires, and their rapid development within
complex indoor environments [12], conducting path plan-
ning only at the beginning of an evacuation may not ade-
quately meet the evacuation requirements in a fire scenario.
Therefore, continuous monitoring of the evolving fire situa-
tion is necessary, and path planning should be revised as
needed to ensure that evacuation routes remain unaffected
by the fire [35], thereby protecting evacuees from harm. To
achieve this, it is essential to use IoT devices to observe
relevant information [15] related to the fire’s development,
including the number of people awaiting evacuation, visibil-
ity, temperature, CO concentration, and more. Among these,
the number of people awaiting evacuation in a specific space
is used to determine the starting point for path planning,
visibility is used to determine the time of fire alarm, and
temperature and CO concentration are used to assess
whether the observed space is affected by the fire and should
not be used for evacuation. Therefore, the FE ontology in this
study is built to integrate the mentioned data, and the knowl-
edge graph based on FE ontology is updated accordingly as

the fire evolves, thereby providing dynamic evacuation path
planning.

2.3. Theoretical Framework. The theoretical framework of this
study is depicted in Figure 1. It consists of four main stages.
First, in the preparation stage, a BIMmodel of the actual build-
ing is established, and essential data type related to fire evacua-
tion and key information required for path planning are
classified and organized for the subsequent construction of
the fire evacuation ontology. Second, in the entity extraction
stage, entity information is extracted from the IFC standard
format files of the building information model, covering build-
ing entities, spatial relationships, evacuation distances, etc.
Additionally, FDS are applied to simulate the observation of
IoT devices in real fire scenarios, focusing on results such as the
number of individuals, concentration of smoke, temperature,
etc. Subsequently, in the ontology construction stage, the fire
evacuation ontology is built by combining data types and infor-
mation mentioned in Sections 2.1 and 2.2. Entity information
and observation results are instantiated into a knowledge graph
format. When the fire development situation changes, the con-
tent of the knowledge graph is dynamically updated. Finally,
using the SPARQL language, information required for path
planning is queried to construct a weighted connectivity
graph. Combined with specific path planning algorithms,
the optimal path at the current moment is calculated, and
the results are used to guide the evacuation behavior of
personnel in actual buildings. Through this framework,
the process of dynamic path planning for fire evacuation
scenarios becomesmore systematic and automated, providing
strong support for improving evacuation efficiency and
ensuring personnel safety.
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3. Ontology construction 4. Dynamic fire evacuation
path planningBuilding
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FIGURE 1: Theoretical framework for the semantic approach proposed.
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The remaining parts of this paper are organized as fol-
lows: Section 3 introduces the structure of the FE ontology.
Section 4 provides detailed information on the construction
of knowledge graph involving data extraction and dynamic
update. Section 5 showcases the results and evaluations in
specific scenarios, and the final section draws conclusions
and suggests future research directions.

3. Structure of FE Ontology

The fundamental building blocks of an ontology include
classes and properties [21]. In an ontology, classes are used
to categorize and organize entities within a domain. The
hierarchy of classes can form a classification system that
defines hierarchical relationships between entities [36].
Properties are divided into object properties and data prop-
erties [37]. Object properties are employed to express logical
relationships between entities of different classes, while data
properties are used to define attributes and associated
parameters, offering descriptive information about entities.

The structure of FE ontology established in this study is
depicted in Figure 2. Within the context of fire evacuation,
space and devices are central to dynamic path planning, as
highlighted in Figure 2. Spaces provide architectural spatial
information necessary for path planning, while devices offer
real-time observational data and the data are updated
according to the development of fire in order to support
the dynamic path planning as fire evolves. The entire process
of ontology construction was carried out using the Protégé.

To begin with, a hierarchical structure, “Building—Sto-
rey—Space”, is defined to determine the specific storey on
which a particular space is located within a building. The
“hasStorey” property specifies the storeys a building has,
while the “hasSpace” property determines space situated in
a certain storey. Additionally, spatial connectivity is defined
by the “isConnectedTo” property, and evacuation distances
between two space entities are represented by a pair of object

properties, “from” and “to,” along with the “EvacuationDis-
tance” class. The “Status” class is an enumerated class
encompassing instances “Normal” and “Dangerous” to
determine whether a space is in safety status. Furthermore,
data properties are defined including “hasPeopleValue” for
“Space” to indicate the number of unevacuated individuals in
a space and “hasDistance” for “EvacuationDistance” to
express the evacuation distance between two space entities.

Regarding devices, four subclasses are defined under the
“Device” class, representing the four common types of IoT
devices involved in the fire evacuation process. The property
“isLocatedIn” specifies the space where a device entity is
located. The description of the observation of devices is
inspired by the sensors, observations, samples, and actuators
ontology [38]. The “hasObservation” property defines the
observational result of a device entity, while data properties
“hasResult” and “resultTime”, respectively, specify the obser-
vation time and value for entities of the “Observation” class.

4. Construction of Knowledge Graph
for Evacuation

A knowledge graph can be regarded as a knowledge database
based on an instantiation of the relevant ontology, showcas-
ing entities and their relationships in a graphical form
[39, 40]. In this section, entity extraction methods relevant
to fire evacuation are introduced.

4.1. Extraction of Building Information. In practical applica-
tions, BIM models can be created using various modeling
software [41], which may result in multiple data formats.
Industry foundation classes (IFC) is an open standard for
data exchange in the BIM domain [42]. BIM model informa-
tion created by different types of software can be standard-
ized and stored in the IFC format using the EXPRESS
language [43]. Building information can be extracted from
IFC files, and then mapped to the FE ontology based on the
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FIGURE 2: Structure of FE ontology.
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IFC schema. Furthermore, linked data can be defined in the
knowledge graph based on the relationships between IFC
entities. In this study, IFC4 data format is used and
IfcOpenShell and PythonOCC libraries are employed for
file parsing and geometric operations.

4.1.1. Extraction of Building Entities. Initially, entities corre-
sponding to “Building”, “Storey”, “Space”, and “Device” are
extracted by parsing the IFC file. The mapping relationship
between the IFC schema and the classes in the ontology is
presented in Table 1. The by_type function from the IfcO-
penShell library is used to extract building entities based on
their types. Subsequently, these entities are populated into
the corresponding classes in the ontology according to the
mapping relationship. The entities are named consistently
with the identifiers in the IFC file. For instance, an entity
named IfcAlarm_954929 in IFC will be retained with the
suffix identifier and named as Alarm_954929 in the knowl-
edge graph.

4.1.2. Extraction of Space Connectivity. In IFC4, a space is
defined as an instance of the IfcSpace class, representing a
region or volume with theoretical or practical boundaries
[44]. The boundaries of a space in IFC4 are defined by the
IfcRelSpaceBoundary, which is considered as a link between
elements and spaces, realizing the description and manage-
ment of relationships between elements and spaces [44].
Elements can be either virtual or physical, and two IfcRel-
SpaceBoundary instances connected by a virtual element
indicate that two IfcSpace entities are virtually connected.
Similarly, two IfcRelSpaceBoundary instances connected by
physical elements signify that two IfcSpace entities are adja-
cent and separated by wall entities, such as IfcWall or Ifc-
WallStandardCase. When the same physical space is divided
into multiple parts in the BIM model, and each part is
defined as an instance of the IfcSpace class, these entities
are considered having theoretical boundaries and being vir-
tually connected, for example, different parts of the same
stairwell on different storeys. However, for physically
bounded areas, during the extraction of space connectivity,
it is necessary not only to assess their spatial adjacency, but
also to determine if there are doors connecting the spaces
through elements. This is crucial for selecting evacuation
paths during an emergency.

The logic for extracting space connectivity is shown in
Figure 3. In Figure 3(a), the criterion for determining virtual
connectivity between Space_1 and Space_2 is established
through the boundaries of Space_1 and Space_2 connected

by an instance of IfcVirtualElement. In Figure 3(b), Space_1
and Space_2 are connected by a physical element of IfcWall
class, and the logical chain “Wall->Opening->Opening Ele-
ment-> Filling Element->Door” determines that Space_1
and Space_2 are connected by a door. The entire process is
implemented using Python code based on IfcOpenShell, and
the extracted connectivity relationships are written into the
knowledge graph in the form of triples: <“Space entity”,
isConnectedTo, “Space entity”>.

4.1.3. Extraction of Evacuation Distances. Evacuation dis-
tance is a critical parameter in fire evacuation scenarios.
When conducting path planning, it is essential to select the
shortest route for evacuation. According to the “Architec-
tural Design Fire Code”, evacuation distance is calculated
considering the distance from the least favorable point inside
a space to the exit, while accounting for obstructions of walls
[45]. The actual calculated distance is represented as a poly-
line distance. In this study, the evacuation distance is com-
puted using the following method:

(1) For spaces physically connected as mentioned in Sec-
tion 4.1.2, the boundaries of spaces and the positions
of doors are obtained using PythonOCC library. The
gt_Pnt function is used to retrieve vertices.

(2) Distances between vertices within the space and dis-
tances from vertices to doors are calculated, noted as
LP and LD, respectively. First, connect all vertices and
doors in the space. The length of the connection
represents the straight-line distance between the
two points; when the connection line exceeds the
boundary of the space, delete the connection line,
as shown in Figure 4. The distance between vertices
are noted as LPij, where i, j represents the mark of
vertices, and the distances between a vertex and the
door are noted as LDi similarly.

(3) The distance from the least favorable point to the
door is determined and considered as the evacuation
distance from the space to an adjacent space. For
vertices that do not have a direct connection line to
the door, the shortest polyline distance is considered,
i.e., LCi ¼ min (LPij + LDi). The final evacuation dis-
tance L is obtained as L¼ max (LCi; LDi) and the
result is written into the knowledge graph in the form
of triples: <“Evacuation Distance Entity”,from,
“Space Entity 1”>, <“Evacuation Distance Entity”,
to, “Space Entity 2”>, <“Evacuation Distance
Entity”, hasDistance, evacuation distance L>.

4.1.4. Extraction of Device Locations. Information regarding
the location of devices, specifically the entities within the
“Device” class in FE ontology, can be determined by inter-
secting the geometric shapes of devices and spaces using the
PythonOCC library. Initially, the by_type function from the
IfcOpenShell library is used to select space entities and device
entities associated with the building storey entity IfcBuil-
dingStorey, as depicted in the logical relationship shown in
Figure 5. Subsequently, geometric processing is performed

TABLE 1: Correspondence between the IFC schema and the FE
ontology.

IFC schema FE ontology

IfcBuilding “Building”
IfcBuildingStorey “Storey”
IfcSpace “Space”
IfcAlarm “Smoke Sensor”
IfcBuildingElementProxy “Camera”

Advances in Civil Engineering 5



using the PythonOCC library to obtain the topological
shapes of space entities and device entities. These entities
are then translated along the Z-axis to the same plane. The
BRepAlgoAPI_Common function is employed to conduct
Boolean intersection operations on the topological shapes.
If the intersection is nonempty, then it confirms that the
device entity is located within the space entity. Taking
Figure 6 as an example, the space entity IfcSpace_3205 and
the device entity Alarm_855609 have a nonempty intersec-
tion, allowing us to represent this relationship in the knowl-
edge graph in the form of a triple: <Alarm_855609,
isLocatedIn, IfcSpace_3205>. This indicates that the device
entity is located within the space entity IfcSpace_3205. Con-
versely, the device entity Alarm_855677 is not located within
this space entity.

4.2. Processing of IoT Devices Observation. In the field of fire
evacuation, data obtained from IoT devices observation plays a
crucial role in dynamic path planning [17]. In this section, the
data encompass two main aspects: image-based observations
and fire-related observations. By applying image recognition
algorithms to analyze the number of individuals in scene
images, the number of evacuees in the space where the corre-
sponding camera device is located can be determined. On the
other hand, fire-related data, such as temperature, visibility,
and CO concentration, can be used to pinpoint the time of
fire alarms and assess the safety of the space where the IoT
devices are placed based on the characteristics of the fire devel-
opment stages. The integration and analysis of these observa-
tional data contribute to ensuring the efficient execution of fire
evacuation plans, thereby safeguarding lives and property.

Space_2Space_1

IfcSpace IfcSpace

IfcRelSpaceBoundary IfcRelSpaceBoundaryIfcVirtualElement

BoundedByBoundedBy

RelatedBuildingElement RelatedBuildingElement

ðaÞ

Space_2Space_1
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FIGURE 3: Obtaining spatial relationships of virtual connectivity (a) and doorway connectivity (b).
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4.2.1. Processing of Camera Observation. To determine the
number of individuals awaiting evacuation within a specific
space, scene images captured by cameras can be processed
using image recognition algorithms. Vora and Chilaka [46]
proposed a method for fast and accurate human head detec-
tion, known as Fast and Accurate Head Detector (FCHD).
The convolutional neural network (CNN) architecture for

FCHD is shown in Figure 7. In this method, standard format
input images first undergo preliminary feature extraction
using a pretrained VGG16 network. Subsequently, these fea-
tures are encoded through a convolutional layer and then
pass through separate convolutional layers with 1× 1 convo-
lution kernels to enter the regression head and classification
head. This dual strategy aims to simultaneously predict the
probability score of human heads and their precise spatial
coordinates. Postprocessing techniques include bounding
box transformation and nonmaximum suppression to obtain
the spatial coordinates of detected human heads. The num-
ber of convolution kernels used by the classification head and
regression head is determined by the predetermined number
of anchors (bounding boxes), denoted as N. The neural net-
work is trained and validated on the BRAINWASH public
dataset.

To make the image recognition algorithm more suitable
for fire scenarios, this study performs data augmentation on
the training dataset. By introducing a foggy effect, it simu-
lates images captured in real fire scenes. These enhancements
are aimed at improving the accuracy of human head detec-
tion in fire environments. The foggy effect can be achieved by
manipulating the RGB channels. The addweighted function
from the OpenCV library is used to blend the original image
with a custom grayscale image. By adjusting the weight of the
grayscale image, the intensity of the foggy effect can be con-
trolled. A comparison of the training dataset images before
and after the enhancement is shown in Figure 8.

The improved dataset is used to retrain the FCHD net-
work. The initial parameters for VGG16 are obtained from
the Imagenet pretrained model, while subsequent network
parameters were initialized using a standard normal distri-
bution with a variance of 0.01. The loss function used in this
study is the same as in [22], and parameter adjustments are
performed using stochastic gradient descent with an initial
learning rate of 0.001. A total of 15 training epochs are con-
ducted, and after the initial eight epochs, the learning rate is
reduced by a fixed rate of 0.1. The model’s weight is saved at
the end of each training epoch. Model performance is evalu-
ated based on the average precision (AP) on the test set,
where AP is defined as the ratio of the number of bounding
boxes with an intersection over union (IoU) greater than or
equal to 0.7 after nonmaximum suppression to the number
of annotated human heads.

Figure 9 shows the changes in the regression loss function
(Figure 9(a)) and classification loss function (Figure 9(b))
during the training process. The loss functions exhibit some
instability in the initial stages of each training epoch, but after
15 epochs, the model gradually stabilizes. The average predic-
tion accuracy on the test set at the end of each training epoch
is presented in Table 2. The model with the highest average
prediction accuracy, obtained in the 9th epoch (Epoch 9),
achieves an average accuracy of 0.88 on the test set, enabling
accurate estimation of the number of people in the room. The
recognition results are represented in the knowledge graph as
triples: <“Camera Entity”, hasObservation, “Observation
Entity”>, <“Observation Entity,” hasResult, number of peo-
ple >. Additionally, the observation time is recorded, and a

Space_1

P2P1

P3
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P5P6

FIGURE 4: Example of calculating evacuation distance.

IfcBuildingStorey

IfcRelAggregates

IfcBuildingElementProxyIfcAlarm IfcSpace

isDecomposedBy

RelatedObjects

FIGURE 5: Extracting devices and spaces located in a specific storey.
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FIGURE 6: Example of calculating the intersection between space and
device.

Advances in Civil Engineering 7



data attribute <“Space Entity,” hasPeopleValue, number of
people > is added to the space entity.

4.2.2. Fire-Related Observation. Smoke sensors, temperature
sensors, and CO sensors distributed in the building can
observe visibility, temperature, and CO concentration in

fire scenarios, respectively. Smoke sensors are used to trigger
fire alarms, alerting individuals in the environment to evac-
uate when the light obscuration exceeds 0.0328/m. Temper-
ature sensors and CO sensors assess room safety and
passability by observing fire-related data. The observation
results are stored in the knowledge graph in the form of
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triples: <“Device Entity,” hasObservation, “Observation
Entity”>, <“Observation Entity,” hasResult, observation
value >, along with the recording of observation time:
<“Observation Entity,” resultTime, observation time>. Based
on these data, the time of fire alarm triggering can be deter-
mined, as well as the threat level of the device’s space to the
evacuating crowd at a given moment.

4.3. Dynamic Update Mechanism of Knowlegde Graph for
Evacuation. In order to adapt to the dynamic evolution of
a fire incident, this study dynamically updates the knowledge
graph based on IoT observation data. It primarily focuses on
the data results “result” and timestamps “time” of the
“Observation” entities to assess the safety status of “Space”
entities. If an IoT device detects a hazardous state in a spe-
cific “Space” entity, the associated “Status” entity is updated
to “Dangerous”, and the data property of “Evacuation Dis-
tance” entity associated is set to a significantly large value,
thereby preventing the path planning algorithm from rout-
ing through this hazardous space.

The progression of a fire generally involves three stages:
initial growth, full development, and decay [47]. Based on
the patterns of temperature and CO gas concentration dur-
ing these stages, and considering the maximum duration a
person can tolerate in different temperature and CO concen-
tration environments, the fire scenario is classified into four
hazard levels [48], as shown in Table 3. According to the
hazard level table, when the environment temperature is
between 50°C and 80°C or CO gas concentration is between
200 and 2,000 ppm, individuals who have not evacuated are
likely in a dangerous state. Therefore, in this study, spaces
with temperature observation values above 60°C or CO gas
concentration observation values above 1,000 ppm are des-
ignated as impassable areas. In the knowledge graph, the
state entity for IoT devices located in spaces with observed
hazardous values is updated to “Dangerous.” The evacuation
distance value from adjacent space entities to this space is
updated to 1,000m, indicating that this space should be

avoided in the path planning algorithm. By applying the
above rules to inference based on the knowledge graph, rele-
vant observation values can be selected from the knowledge
graph.

5. Results and Discussion

In this section, a specific multistory building is selected to
validate the feasibility of the semantic approach for dynamic
fire evacuation path planning proposed in this study, and the
results are presented and discussed. First, in the preparation
stage, the BIM model established and the parameter settings
of FDS are introduced. Subsequently, based on the FE ontol-
ogy established in Section 3 and the methods outlined in
Section 4, a dynamic knowledge graph is established to pro-
vide prior knowledge of fire evacuation. Considering the
evolving fire scenario, the information stored in the knowl-
edge graph is automatically updated. Next, a set of SPARQL
queries is designed to extract the information required for
path planning from the knowledge graph to construct a
topological connectivity graph. It is worth noting that, due
to the dynamic nature of the knowledge graph, the con-
structed connectivity graph also dynamically changes with
the development of fire. Evacuation path planning is then
conducted, and compared with evacuation behaviors without
the FE ontology and knowledge graph to validate the advan-
tages of the semantic approach proposed in this study.

5.1. Preparation. In this study, a four-storey library is
selected as object. Autodesk Revit 2022 is used to establish
the BIM model of the library, as shown in Figure 10, and is
exported as an IFC file in IFC4 schema.

In the process of fire-related data preparation, since it is
unethical and immoral to obtain real sensor data through
field experiments, computer simulation is chosen to obtain
fire-related data to reflect real fire conditions. Fire Dynamic
Simulation (FDS) relies on a fluid dynamics model to simu-
late fire-driven fluid flow [49], and the simulation results are

TABLE 2: Accuracy in the training process of neural networks.

Epoch Validate average accuracy

1 0.680
2 0.836
3 0.863
4 0.753
5 0.872
6 0.739
7 0.872
8 0.879
9 0.880
10 0.762
11 0.754
12 0.760
13 0.765
14 0.770
15 0.782

TABLE 3: Fire hazard rating table.

Hazard level Temperature (°C) CO concentration
(ppm)

Safe <42 <50
Potentially dangerous 42–50 50–200
Dangerous 50–80 200–2,000
Lethal >80 >2,000

FIGURE 10: BIM model of building example.

Advances in Civil Engineering 9



collected by IoT devices as dynamic monitoring data. This
study selects Pyrosim for fire simulation. The parameters are
set according to the literature [49]. The ambient temperature
is set to 26°C, the relative humidity is set to 40%, and the grid
size is set to 0.4m× 0.4m× 0.4m. A circular fire source with
a heat release rate increasing at t2 is set on a 2m× 4m
burning surface in the center of a room. The fire source
power is defined as Q= 8,000 kW. Based on the fire source
parameters, the fire source rise time is calculated to be t=
413 s, in which the growth coefficient is set to 0.04689. The
flame starts from the center point of the combustible surface
and propagates outward at a speed of V0= 0.01m/s. The fire
extinguishing coefficient of the burning surface is set to
0.1 (m2/kg)/s. It is assumed that the fire occurred at
13 : 38 : 00.

5.2. Information Extraction and Knowledge Graph Construction.
Following the methods outlined in Section 4, the IFC file
exported from the BIM model is processed to extract entities
defined by the FE ontology. These entities and their relation-
ships are then recorded in the knowledge graph. It is worth
noting that temperature sensors and CO sensors are not defined
in the IFC data schema. Therefore, during the creation of the
BIM model, custom devices are initially used as placeholders,
and then device entities and their location information are man-
ually added to the knowledge graph during fire simulation
modeling. Subsequently, fire simulations are performed, and
sensor observation values are recorded in the instantiated ontol-
ogy. A partial view of the completed knowledge graph is shown
in Figure 11. Figure 11 displays entity instances of all classes,
along with examples of object properties and data properties
possessed by these entities. The illustration primarily focuses

on entities and relationships related to IfcSpace_35863, show-
casing the storey it is located on (IfcBuildingStorey_209), evac-
uation distance to the adjacent space entity IfcSpace_46217
(Distance_286, evacuation distance 11.4m), the device entities
it contains (Alarm_933671, Gas_933671, THCP_933671), the
observation values for each device entity, the number of people
in IfcSpace_35863, and the safety level of the space. The original
data results are stored in Protégé software in the form of a list of
triples.

In this study, FDS is applied to simulate fire develop-
ment. The fire simulation results at each time step are con-
sidered as the observation results of IoT devices distributed
throughout the building at that moment. The status of spaces
is evaluated based on the rules described in Section 4.3. As
the fire progresses, the automatic update method of the
knowledge graph is shown in Algorithm 1.

In subsequent applications, data from the knowledge
graph can be queried using SPARQL queries, as shown in
Table 4. The query rules presented in the table can be used
for various purposes. For example:

(i) Q1: to compare the results with the BIM model to
verify the correctness of ontology instance extrac-
tion and population.

(ii) Q2 and Q3: to retrieve the location of device entities
and space entities.

(iii) Q4 and Q5: to establish a topological connectivity
map within the building, which can be used for
evacuation path planning.

(iv) Q6: to determine if there are still people awaiting for
evacuation in a space.

IfcSpace_36286

IfcSpace_46217

IfcBuildingStorey_209

IfcSpace_35863

Distance_286
Normal

IfcBuilding_142

Alarm_933671

Gas_933671

THCP_933671

Camera_923072

ObservationSD_1344

ObservationGAS_748

ObservationTHCP_912

ObservationCamera_869

isConnectedTo

isConnectedTo

isConnectedTo

isConnectedTo

to from hasStatus

hasStoreyhasSpace

hasSpacehasSpace
isLocatedIn

isLocatedIn

isLocatedIn
isLocatedIn

hasObservation

hasObservation

hasObservation

hasObservation

11.4 m

hasDistance
9

hasPeopleValue

9
hasResult

2023-05-02
T13:39:07.126Z

resultTime

0.0

hasResult

2023-05-02
T13:39:44.379Z

resultTime

0.0
hasResult

2023-05-02
T13:39:00.891Z

resultTime

26.0

hasResult

2023-05-02
T13:39:15.548Z

resultTime

FIGURE 11: Part of the knowledge graph constructed.
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TABLE 4: Ontology information retrieval rules.

No. Query Aim

Q1

SELECT (COUNT(?space) as ?count)
WHERE {

?space rdf:type fe:Space .
}

Retrieving the number of space instances
in the knowledge graph

Q2

SELECT ?space ?device WHERE {
?space rdf:type fe:Room .
?device rdf:type fe:Sensor .
?device fe:isLocatedIn ?space

}

Retrieving the locations of device
instances

Q3

SELECT ?storey ?space WHERE {
?storey rdf:type fe:BuildingStorey .

?space rdf:type fe:Space .
?storey fe:hasSpace ?space

}

Retrieve the space groups located in a
storey

Q4

SELECT ?space_1 ?space_2 ?data
WHERE {

?space_1 rdf:type fe:Room .
?space_2 rdf:type fe:Room .

?distance rdf:type fe:Distance .
?distance fe:from ?space_1 .
?distance fe:to ?space_2 .

?distance fe:hasDistance ?data
}

Retrieving the connectivity relationships
between space instances

Q5

SELECT ?space_1 ?space_2 ?data
WHERE {

?space_1 rdf:type fe:Room .
?space_2 rdf:type fe:Room .

?distance rdf:type fe:Distance .
?distance fe:from ?space_1 .
?distance fe:to ?space_2 .

?distance fe:hasDistance ?data
}

Retrieving the evacuation distances
between space instances

Q6

SELECT ?space ?data WHERE {
?space rdf:type fe:Room .

?space fe:hasPeopleValue ?data
}

Retrieving the number of unevacuated
people in space instances

Q7

SELECT ?device ?data ?time WHERE {
?device rdf:type fe:Sensor .

?device fe:hasObservation ?obs .
?obs fe:hasResult ?data .
?obs fe:resultTime ?time

}

Retrieving the observation values and
observation times of device instances

1 Initialize the knowledge graph.

2 Initialize the time step t1; t2;…;T .
3 Initialize the number of IoT devices N.

4 for t¼ t1; t2;…;T do:

5 Retrieve current observation results and fill in the knowledge graph.

6 for n¼ 1;…;N do:

7 Check if the result is within the danger range.

8 if True do:

9 Update the status and evacuation distance of the related space.

10 end if

11 end for

12 end for

ALGORITHM 1: Automatic update method of the knowledge graph.
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(v) Q7: to retrieve observation values of devices and
update the topological connectivity map based on
the criteria outlined in Section 3.2.2.

5.3. Dynamic Evacuation Path Planning. When there is
insufficient understanding of the building environment and
the evolving fire situation, individuals tend to follow the path
displayed on evacuation plan and choose the nearest exit for
evacuation [11, 13]. The semantic approach based on FE
ontology proposed in this article provides comprehensive
knowledge of the evacuation process, assisting individuals
in making more rational and effective evacuation decisions,
thereby enhancing evacuation efficiency and maximizing
personnel safety. Therefore, in this section, the evacuation
strategy based on the nearest exit and that based on FE
ontology are compared to validate the effectiveness of the
semantic approach proposed in this article. The comparison
of the two evacuation strategies in terms of knowledge acqui-
sition and safety is presented in Table 5.

The floor plan of the library, as shown in Figure 12,
includes two main entrances/exits. Additionally, within
each of the four stairwells, labeled S1–S4, there are emer-
gency exits E1–E4 for personnel to use in case of emergen-
cies. During a fire incident, individuals on the first floor can
evacuate through the main entrances/exits, while those on
upper floors can evacuate to the first floor via the stairs and

then exit through the corresponding emergency exits,
bypassing the corridors on the first floor. This enhances
the efficiency of evacuation. Therefore, for fire evacuation
path planning for individuals on upper floors, the starting
point is defined as a space with the data property “hasPeo-
pleValue” value not equal to zero, and the endpoints are set
as the collection (E1, E2, E3, and E4). Strategy 1 selects the
endpoint closest to the starting point from the collection,
while Strategy 2 utilizes the Dijkstra algorithm for path plan-
ning based on information extracted from the knowledge
graph, taking into account changes in space accessibility
due to the development of the fire. An example of the
fourth-floor space IfcSpace_35344 is taken to compare evac-
uation paths of two strategies.

Under the parameter settings described in Section 3.1, the
fire simulation results for the first floor of the building are shown
in Figure 13(a). Using the SPARQL queries from Table 4, at 13 :
38 : 45.514Z, the smoke alarm device “Alarm_854929” located in
the space “IfcSpace_317” exceeded the alarm threshold and trig-
gered the fire alarm. At this time, the image recognition results
from the camera “Camera_922610” in the fourth-floor space
“IfcSpace_35344” indicated that therewere a total of eight people
waiting to evacuate. Using the queries from Table 4, specifically
Q4 and Q5, a weighted network graph of accessible areas is
established. In this graph, the nodes represent space entities,
and the weights are the evacuation distances. The original

TABLE 5: Comparison of two evacuation strategies.

Strategy Description
Knowledge of

spatial relationships
Knowledge of

fire development
Safety

1. Nearest evacuation Preplanned path on evacuation plan No No Potentially hazardous
2. Evacuation based
on FE ontology

Dynamic path considering changes of
environment

Yes Yes Safe

Exit

Exit

E2E1

E3E4

S2S1

S3S4

FIGURE 12: Floor plan of the library.

12 Advances in Civil Engineering



connectivity data are stored as a list of triples. A visual topolog-
ical connectivity graph can be established in tools like Neo4j.
The network has been simplified, as shown in Figure 14(a).
Since the goal of path planning is to find the nearest exit, paths
are considered as unidirectional, leading from rooms to corri-
dors and staircases. It is not assumed that individuals would
move from corridors or staircases into other rooms. Therefore,
in the network diagram, other rooms have been omitted except
for the starting room and staircases. As the fire evolves, the
knowledge graph will update accordingly, thereby yielding
dynamic weighted network graph. Some key updates are shown
in Figure 14. At the alarming point 13 : 38 : 45, there are no
impassable danger zones in the building. At this moment, the
path planning results of Strategy 1 based on the nearest exit and
Strategy 2 based on the knowledge graph are the same. Starting
from “IfcSpace_35344,” the path planning result, as shown in
Table 6, indicates that individuals should evacuate from the
public rest area through staircase “S2” to exit “E2,” covering
a total evacuation distance of 23.5m.

After 400 s since the occurrence of the fire, at 13 : 44 :
40.031Z, the fire simulation results are shown in Figure 13(b).
At this point, based on the results retrieved using Q7 and the
rules described in Section 3.2.2, staircases S1, S2, and S4
are all in a dangerous state. Therefore, the evacuation dis-
tance values for the spaces connected to these staircases
are updated to 1,000m. Part of the updated network of pass-
able areas is shown in Figure 14(d). At this time, if the image
recognition results from camera “Camera_922610” are not
equal to 0, indicating that there are still people awaiting
evacuation in space “IfcSpace_35344”, a new path planning
process is initiated.

At this point, according to Strategy 1, the evacuation path
for individuals is shown in Table 7. The individuals still
follow the preplanned path on evacuation plan and choose
to evacuate from the nearest staircase, S2. Upon reaching the

staircase space IfcSpace_17043 on the second floor, they per-
ceive that the staircase leading to exit E2 is impassable. They
then opt to divert their path through IfcSpace_17559 and
IfcSpace_17301 to reach exit IfcSpace_8586 via staircase
S4, increasing the total evacuation distance to 70.1m. Addi-
tionally, individuals may face potential risks due to delayed
decision-making and the rapid development of the fire. In
contrast, according to Strategy 2, the evacuation path for
individuals is shown in Table 8. With knowledge provided
by the knowledge graph about space connectivity and fire
development, Strategy 2, when applying the Dijkstra algo-
rithm for path planning, is aware that staircases S1, S2, and
S4 are severely affected by the fire and impassable. Therefore,
the planned path guides individuals directly choose staircase
S3 for evacuation. This not only shortens the total evacuation
distance by 6.8%, but also guides individuals to minimize
exposure to fire hazards. According to Strategy 2, the path
planning results under different fire development scenarios
are shown in Figure 15. The path planning results can be
communicated to individuals through guidance from man-
agement personnel or through signage distributed through-
out the building, as well as feedback from intelligent devices.

6. Conclusions

In conclusion, the main contribution of this study to the field
of fire evacuation is introducing a comprehensive, cross-
source data management and analysis framework to support
evacuation path planning and emergency response decisions
in fire scenarios. By developing a specialized FE ontology and
knowledge graph of the fire evacuation domain, this study
achieves several key objectives.

First, it successfully integrates data frommultiple sources,
including BIM models, IoT devices, image recognition, and
fire simulations, enabling a more holistic understanding of

E2E1

E4E3

S2S1

S4S3

Exit

Exit

IfcSpace_317

ðaÞ ðbÞ
FIGURE 13: Fire simulation results of the moment of alarm (a) and 400 s after the occurrence of fire (b).
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FIGURE 14: Updates of weighted connection graph of spaces of the moment of alarm 13 : 38 : 45 (a), and 269.5 s (b), 339.3 s (c), 400 s (d) after
the occurrence of fire.

TABLE 6: Result of path planning at 13 : 38 : 45.

Start End Distance (m) Path Time (ms)

IfcSpace_35344 IfcSpace_8295 23.1

[“IfcSpace_35344”,
“IfcSpace_41178”,
“IfcSpace_27826”,
“IfcSpace_17043,
“IfcSpace_8295”]

86

TABLE 7: Result of path planning by Strategy 1 at 13 : 44 : 40.

Start End Distance (m) Path Time (ms)

IfcSpace_35344 IfcSpace_8586 70.1

[“IfcSpace_35344”, “IfcSpace_41178”,
“IfcSpace_27826”, “IfcSpace_17043”,
“IfcSpace_17559”, “IfcSpace_17301”,

“IfcSpace_8586”]

—
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building environmental characteristics, evacuation path
accessibility, and fire development. This integration provides
substantial support for effective emergency responses and the
planning of evacuation routes.

Second, the study thoroughly details methods for data
extraction and the acquisition of fire-related information
during ontology entity population and knowledge graph
construction. This step establishes a comprehensive, consis-
tent, and semantically rich data representation and manage-
ment framework for the field of fire evacuation. Critical
architectural data are extracted from BIM models, while
real-time IoT device observations are enriched using simula-
tion and image recognition techniques, enhancing the
knowledge graph’s content.

Moreover, the feasibility of the proposed FE ontology
framework is demonstrated by applying it to a fire scenario
path planning example within a specific building. Compared
to the strategy of choosing the nearest exit, the semantic
method based on FE ontology provides knowledge about
the building environment and fire development, allowing
for dynamic updates of real-time evacuation path, ensuring
the safety of individuals undergoing evacuation. This valida-
tion provides concrete evidence of the method’s practical
value in real emergency situations.

However, it is important to acknowledge certain limita-
tions and future research directions. First, the ontology and
knowledge graph developed in this study primarily cater to
specific building environments and require further expan-
sion and generalization to accommodate different building
types. Second, data processing methods, particularly in the
realm of image recognition, can benefit from more accurate
algorithms to yield more precise results. Finally, considering
the impact of human factors such as movement speed and
congestion on evacuations is crucial, and future research
should incorporate human-related information to better
model evacuation behavior in fire scenarios.
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