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Figure 1: MIFE integrates 8 modalities, including pose, auditory, heat, eye tracking, facial expression, vision, olfactory, and
language. Among them, the posture adopts dual-perspective motion capture with an RGB camera. This method maps the
trainees’ full-body posture to the virtual avatar in real-time, improving the trainees’ skill acquisition. We conducted user study
to evaluate the effectiveness and usability of the system.

ABSTRACT

High-rise fire escape training for the public poses a significant chal-
lenge, owing to the prohibitive cost and logistical intricacies in-
volved in deploying high-fidelity simulations. While virtual real-
ity (VR) technologies have demonstrated potential in safety edu-
cation, the number of interaction modalities they offer is mostly
limited to 3 to 5 types, and they heavily rely on controllers that
abstract actions into button presses, limiting immersion and skill
transfer. In this paper, we propose the MIFE system, which de-
signs 8 distinct interaction modalities along with a real-time dy-
namic fire spread simulation to further improve immersion, allow-
ing trainees to perceive the fire scene and efficiently master key
escape skills through vision, auditory, olfactory, etc. Moreover,
we have designed a controller-free and real-time full-body motion
capture (MoCap) module, achieving precise mapping between the
trainees’ full-body movements and the virtual avatar. Additionally,
MIFE leverages a knowledge graph to provide tailored guidance,
adapting dynamically to trainees with varying levels of fire escape
proficiency. The results of the user study demonstrate that MIFE
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significantly outperforms self-study and controller-based training
systems, particularly, improving by 3.08/10 and 2.38/10 in the per-
formance score of the evaluation stage, respectively. This implies
its practical utility and potential for broader adoption in high-rise
fire emergency training.

Index Terms: Fire Escape, Virtual Reality, Real-time Full-body
Motion Capture, Training System.

1 INTRODUCTION

High-rise building fires pose a severe global public safety threat,
making effective fire safety training an essential line of defense
for saving lives and reducing casualties. Global statistics indicate
that the annual incidence of residential fires ranges from 8 to 20
cases per 100,000 population [1], with more than 400 people dy-
ing in fires and 19,000 people being injured every day around the
world [2]. Fire escape skills, thus, constitute critical emergency
competencies that can substantially enhance chances of survival
through three key measures: scientific escape route planning, ef-
fective smoke prevention strategies, and proper application of self-
rescue and mutual-aid techniques.

Traditional fire escape training typically relies on teacher-guided
instructions through video supplementation [3, 4], an approach that
suffers from insufficient hands-on practice and a lack of person-
alization. While on-site demonstrations offer greater practicality,
they require specialized instructors and dedicated facilities, thereby
imposing organizational challenges and limiting the number of
trainees. Therefore, these constraints reduce training flexibility and
scalability, ultimately hindering widespread adoption.

Although VR-based fire escape training has emerged as a
promising alternative due to its immersive capabilities, immersion
in fire escape training remains challenging. While some methods



[5, 6, 7, 8] adopt multiple modalities—such as visual, auditory, tac-
tile, and thermal —these approaches still face limitations in fully
replicating real-world fire scenarios [9]. A key limitation arises,
for instance, when trainees notice something unusual via olfaction,
they probably take action immediately rather than confirm this via
vision. This case implies that current multi-modality-based ap-
proaches hardly enable trainees to form stress instincts and make
rapid, correct decisions in actual emergencies. Moreover, most
systems [10, 11, 12] relying on controllers ignore critical actions,
such as grasping a towel or bending down to cover someone’s nose,
to abstract button inputs, resulting in a significant discrepancy be-
tween simulated operations and real-life escape behaviors. This
mismatch violates the principle of encoding specificity [13, 14],
thereby undermining the transferability of training effects to actual
emergency scenarios [15]. Furthermore, existing systems [16, 17]
fail to include real-time fire spread and personalized adjustments
for trainees, making them difficult to strengthen training content
tailored to trainees’ unfamiliar knowledge [18].

Hence, the above-mentioned shortcomings highlight the need for
advanced VR systems that improves immersion, real-to-virtual mo-
tion synchronization and dynamic adaptability to ensure training
transfer.

To address these challenges, we present a novel intelligent im-
mersive VR system, MIFE, for fire escape training. The key idea
is to cover more modalities, create a more immersive training plat-
form that captures trainee motions in real-time using an RGB cam-
era, and dynamically adapt to different trainees. For constructing
immersive experiences, MIFE achieves realism through the inte-
gration of eight sensory modalities: posture, auditory, thermal, eye
tracking, facial expression, vision, olfactory, and language, creating
a truly multisensory simulation environment. To eliminate reliance
on VR controllers and ensure alignment between trainee actions
and real-world escape maneuvers, we develop a real-time motion
capture system that integrates both third-view and first-view. This
new approach designs a bidirectional motion fusion mechanism and
adaptive viewpoint switching technology, which dynamically opti-
mizes perspective rendering based on trainee posture and environ-
mental interaction requirements. To enhance dynamic adaptability,
a real-time fire spread model based on cellular automata simulates
the evolution process and spread behavior of fire. A large language
model based on a knowledge graph delivers fire knowledge accord-
ing to trainee basic information and scene operation performance.

In summary, our key contributions are as follows:

• We propose a fire escape training system, MIFE, integrat-
ing eight multimodal data streams - pose, auditory, heat, eye
tracking, facial expression, vision, olfactory, language - with
our self-developed olfactory divergent device to further en-
hance immersive experience.

• We employ full-body dual-perspective motion capture. The
system provides precise whole-body posture data and adaptive
viewpoint switching, offering a transferable solution for real-
world fire escape scenarios.

• We implement a real-time fire spread simulation using cel-
lular automata and construct a safety education knowledge
graph for fine-tuning large language models, enabling dy-
namic adaptation in our training system.

• We demonstrate the system’s effectiveness in both learning
outcomes and trainees experience through user studies and
ablation. By providing an immersive learning environment
with realistic operational experiences, it facilitates knowledge
transfer.

2 RELATED WORK

2.1 Traditional Fire Safety Training
Traditional fire training presents a trajectory evolving from passive
knowledge dissemination to active, hands-on exploration. Theoret-
ical instruction, represented by classroom teaching, lectures, and
multimedia, is widely adopted. For example, Chavez et al. [3]
use multimedia training to provide knowledge and skill education
for children and parents of different age groups, while Lee et al.
[4] employ video-based training for general and scenario-specific
fire safety education for medical personnel. However, this unidi-
rectional information delivery, due to its lack of interactivity, hin-
ders deep engagement of trainees and the effective internalization
of knowledge.

To overcome these limitations, researchers introduce interac-
tive elements like tabletop simulations to improve engagement and
memory retention, such as the work by Delcea and Cotfas [19]
which trains students’ decision-making during evacuations. As
these methods lack the situational psychological pressure of a real
fire, live drills are introduced. Studies like Najmanová et al. [20]
demonstrate that drills significantly reduce escape problems, and
Huang et al. [21] propose a live-fire training system. Nevertheless,
this approach is constrained by high costs, organizational difficulty,
and insufficient safety, limiting its feasibility as a regular, large-
scale training tool. It is against this backdrop that digital, interactive
solutions like serious games have emerged, aiming to provide more
engaging learning experiences in a safe and cost-effective manner.

2.2 VR-based Fire Safety Training
The emerging paradigm of VR-based emergency training offers a
systematic and reliable solution for fire safety [22, 23]. The inter-
active modes of VR bridge the crucial gap between passive knowl-
edge acquisition and active skill application [24, 25]. By immersing
trainees in realistic 3D environments, VR also replicates the intense
psychological pressure of real fire scenarios [26]. Critically, it pro-
vides a zero-risk, low-cost setting for repeatable practice, allowing
trainees to learn safely from their mistakes [27, 28].

Research shows that a strong sense of presence, induced by
high immersion, significantly improves fire emergency training out-
comes, particularly for escape drills [22]. We have compared core
literature from the last three years in Tab. 1. Despite this progress,
a significant gap remains between VR’s potential and the effective-
ness of current systems. Some researchers prioritize enhancing im-
mersion with hardware, but this commonly requires cumbersome
equipment. For example, Yang et al. [29] utilize thermal suits and
motion platforms to create an immersive fire environment. Others
focus on environmental fidelity. For instance, Ling et al. [7] use
a thermal box to simulate the high temperatures of a fire scene, or
Narciso et al. [30] add olfactory cues with a SensoryCo SmX-4D
display. These efforts, however, typically result in a sparse com-
bination of partial modalities, failing to achieve effective training
transfer through a holistic, full-dimensional modal architecture.

Interaction in fire escape training systems is commonly
controller-based [7, 10, 11]. To enhance immersion and skill trans-
fer, recent work has begun aligning trainee and avatar movements.
For instance, Kang et al. [5] employ pose trackers to achieve partial
body adaptation. Nevertheless, such solutions have not yet elim-
inated the core dependency on controllers. This reliance imposes
fundamental limitations on the natural mapping between real-world
actions and virtual representations.

Regarding dynamic adaptability, many studies employ offline
data from the Fire Dynamics Simulator (FDS) [16, 17]; This ap-
proach inherently restricts real-time interaction between trainee and
environment. Meanwhile, real-time solutions, such as the state-
machine-based model from Qazi et al. [6] or the cellular automata
simulation by Bo et al. [31], sacrifice physical fidelity in complex
scenarios by abstracting either propagation rules or 3D geometry.



Table 1: A comparison of related works on fire emergency training.

Reference Number of Modalities Full-body MoCap Interaction Mode Dynamic Fire Spread Knowledge Graph-based
Recommendation

Ling et al. [7] 4 (Vision, Auditory, Heat, Physiology) % VR Controller % %

Hamed-Ahmed et al. [11] 4 (Vision, Auditory, Eye tracking, Facial expression) % VR Controller % %

Oliveira et al. [8] 5 (Vision, Auditory, Tactile, Heat, Physiology) % VR Controller % %

Kang et al. [5] 3 (Vision, Auditory, Tactile) % VR Controller, Tracker ! %

Yang et al. [29] 4 (Vision, Auditory, Heat, Tactile) !
MoCap Platform

( Three-axis Controlled Motion Platform)
! %

Qazi et al. [6] 3 (Vision, Auditory, Tactile) % VR Controller ! %

Ours 8 (Pose, Auditory, Heat, Eye tracking,
Facial expression, Vision, Olfactory, Language) !

Lightweight MoCap
(Monocular Camera) ! !

Hence, in this paper, we introduce MIFE, a fire escape training
system based on high-fidelity, full-body motion capture. By inte-
grating photorealistic virtual scenes, multisensory feedback mech-
anisms, and precise synchronous mapping between trainee move-
ments and the virtual avatar, the system achieves a faithful repro-
duction of the entire fire escape process.

3 SYSTEM DESIGN

We propose an immersive VR-based fire escape system, MIFE, with
the framework structure shown in Fig. 2. Our goal is to create
an immersive training platform that improves immersion, real-to-
virtual motion synchronization, and personalized adaptation.

In Sec. 3.1, we introduce our synchronized multimodal interac-
tion module, which includes posture, auditory, thermal, eye track-
ing, facial expression, visual, olfactory, and linguistic modalities.
Our posture modality utilizes real-time dual-perspective motion
capture (Sec. 3.2) to ensure the consistency between the trainee’s
actual posture and that of the virtual avatar. The adaptability of the
system is achieved through the fire spread model and personalized
knowledge recommendation: the fire spread model forms a realistic
fire spread situation (Sec. 3.3), while the personalized knowledge
recommendation module utilizes trainee personal information and
operational performance (Sec. 3.4) .

3.1 Synchronized Multimodal Interaction
Multimodality enhances the experience in VR, improves overall
performance, and generates capabilities in skill and knowledge
transfer [32]. To enhance immersive and authentic experiences,
the MIFE system designs 8 interaction modalities (measurements:
pose, eye-tracking, facial expression, voice; stimuli: visual, audi-
tory, olfactory, thermal) distinguishing it from other systems that
typically utilize only three to five modalities. By stimulating mul-
tiple sensory dimensions in synergy, the system engages a broader
spectrum of human perception, thereby providing trainees with a
more realistic sense of immersion and authenticity.

Posture: MIFE employs a novel dual-perspective motion cap-
ture module that achieves real-to-virtual motion synchronization
between trainees’ natural movements and their virtual avatars, elim-
inating reliance on traditional VR controllers. Detailed information
for dual-perspective motion capture can be found in Sec. 3.2.

Based on dual-perspective motion capture, trainees can control
the avatar’s forward movement and standing posture by lifting the
right leg, trigger a 45° rotation to the right or left by raising the
corresponding thumb, and interact with the UI through a pinch ges-
ture. All other movements remain consistent with the trainee’s ac-
tual motions.

Eye tracking: Eye tracking is considered an efficient interaction
method in VR systems [33]. Hence, it is employed in our system for
selecting key escape routes within the VR scene. Although physical
interaction with objects cannot be achieved solely through gaze in

actual fires, eye tracking, being the interaction mode closest to real-
world observation, is used to interact with UI elements. This design
forces trainees to actively complete hazard judgments, including
observation, analysis, and decision-making.

Eye tracking interaction system is based on the built-in eye track-
ing module of the HTC VIVE Focus Vision headset, with a nominal
accuracy of better than 1.1° and a sampling rate of 120 Hz. The
system obtains the coordinates of the fixation points of both eyes
through the Wave SDK. An interaction is registered as successful if
the gaze remains on an interactive button for more than one second;
otherwise, it is deemed invalid.

Facial expression: Facial expression tracking monitors the
physiological and emotional changes of trainees. Once expressions
such as fear and extreme pain are recognized, MIFE can exit in a
timely manner to protect the psychological state of trainees.

Facial expression tracking system is based on the VIVE Focus
series of facial trackers with a sampling rate of 60 Hz. The system
uses Wave SDK to capture 38 mixed shapes of lips, teeth, tongue,
cheeks, and chin to capture facial activities and analyze trainees’
psychological emotions.

Language: MIFE enables generating a rescuee and dialogue
with large language models through natural language interaction.
Generating a rescued person can train trainees’ ability to save oth-
ers, and conversing with large language models can promptly re-
solve trainees’ doubts. By harnessing natural language interaction,
MIFE simulates emergency rescue scenarios, thereby enhancing
training immersion.

This module adopts a three-layer architecture design: automatic
speech recognition layer, natural language understanding layer, and
text-to-speech layer. The automatic speech recognition layer em-
ploys a large ASR model [34] to transcribe input audio into a text
sequence, Y . The Natural language understanding layer determines
whether Y contains the keyword “generate”. If the keyword is
present, MIFE executes the rescued person generation; otherwise,
it retrieves answer text via the large language model and performs
text-to-speech synthesis.

Vision: The system complies with International Organization for
Standardization (ISO) standards, including ISO 21542:2021 [35],
ISO 30061:2007 [36], and ISO 16069:2017 [37], to accurately sim-
ulate real-world fire safety facilities in residential buildings in a
virtual environment. These facilities include fire-rated self-closing
doors, emergency lighting systems that meet safety standards, and
properly positioned evacuation signage. This high-fidelity virtual
training environment closely mirrors real-world scenarios, provid-
ing trainees with reliable fire evacuation training conditions.

Auditory: Sound, as a critical information carrier, can simulate
real-world scenarios and enhance a sense of urgency [10, 7, 38].
However, excessive stimulation and distraction may hinder effec-
tive learning [39]. Therefore, in order to simulate the sound of a
real fire while avoiding excessive stimulation, we use the 3D spatial
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Figure 2: Overview of our immersive MIFE training system. (a) Dual-perspective MoCap: MIFE system captures full-body poses via third-
person and hand poses via first-person view, enabling real-time interactive feedback. (b) Synchronized multimodal interaction module: MIFE
enhances immersive training experiences by providing eight multimodal sensory channels: posture, auditory, heat, eye tracking, facial, vision,
olfactory, and language. (c) Adaptive delivery module: MIFE system utilizes a knowledge graph-enhanced LLM to personalize fire escape
guidance based on user profiles and real-time performance data. (d) Real-time fire spread model: This module performs real-time fire spread
simulations, generating accurate spatiotemporal visualizations of flame diffusion in virtual environments.

audio effects in Unity to dynamically control the flame volume. As
trainees move through the virtual environment, the sound dynami-
cally adjusts its volume based on the distance and orientation from
the fire source. This spatially dynamic audio feedback enhances the
immersive experience and scene realism in virtual training.

Olfactory: Olfactory feedback simulates the smell of smoke and
burning objects in a fire scene. The system calculates odor concen-
tration values based on the trainee’s location (see Sec. 2.1 in supple-
mentary material), and delivers corresponding olfactory feedback
accordingly, providing trainees with odor simulation experience.

MIFE transmits odor concentration data to the olfactory diver-
gence device in JSON format through a TCP socket. The device
receives continuous intensity values and linearly maps them to 8-
bit PWM duty cycles in the range of 0-255, thereby synchronously
adjusting the fan speed and servo motor trigger frequency.

Heat: Inspired by Ling et al. [7], we introduce a temperature
feedback mechanism to further enhance trainees’ immersion and
authentic experience. By simulating the heat changes in a fire envi-
ronment, trainees can more intuitively perceive the dynamic evolu-
tion of the temperature field, thereby enhancing their understanding
of fire scenarios and emergency response capabilities.

The thermal feedback system operates a local area network. It
controls the Philips 3000 A1 series tower heater through the Mi
Home local communication protocol. The system obtains real-time
temperature data (see Sec. 2.2 in supplementary material), linearly
maps this data to a range of 15°C to 45°C, formats it into API com-
mands in JSON format, and sends them to the heater to achieve
dynamic temperature control of the equipment.

In terms of knowledge acquisition, trainees can map their move-

ments onto their avatars through posture tracking, thereby internal-
izing correct knowledge of escape behavior. Eye tracking simulates
natural visual attention and path selection mechanisms, thereby
enabling trainees to acquire knowledge for directional decision-
making. Voice interaction solves trainees’ doubts and assists them
in understanding key information. Multi-sensory feedback - vi-
sual, auditory, thermal, and olfactory - collectively provides critical
scene cognitive knowledge. Facial expression recognition monitors
psychological states and terminates training when extreme fear is
detected to ensure safety.

3.2 Real-time Dual-perspective Motion Capture
Accurate posture tracking and hand tracking are crucial for fire es-
cape training, as they enable high physical fidelity, facilitate effec-
tive skill transfer, and support action-based assessment and feed-
back. To ensure consistency between the trainee’s posture and the
virtual avatar’s, we employ a monocular camera for third-person,
full-body motion capture and an HMD for first-person hand track-
ing. This approach contrasts with methods that rely on VR con-
trollers or XR headsets for hand tracking alone, which lack full-
body information.

Third-person view: To acquire full-body human poses in real-
time, our method employs the TokenHMR [40] model and the
HAMER [41] model. Specifically, a monocular camera captures
an image, I, in real-time. The input image I is processed by two
models in parallel: the TokenHMR model outputs the SMPL [42]
parameters for body pose θSMPL, and the HAMER model outputs
the MANO [43] parameters for hand pose θMANO.

First-person view: In real-time hand tracking based on a third-
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Figure 3: State management and fire spreading model for dynamic fire simulation in real-time 3D environments.

person view, the hand may occupy a relatively small proportion of
the camera’s field of view, which can lead to deviations in the recon-
structed pose. To address this issue, MIFE incorporates first-person
view hand tracking for compensation. The HTC VIVE Focus Vi-
sion can provide first-view hand tracking data. Since Unity uses a
standard left-handed coordinate system while SMPLX uses a non-
standard coordinate system, the mapping involves a 90° clockwise
rotation around the y-axis. At the same time, the skeletal struc-
ture of the hand model in Focus Vision does not align with that
of the SMPLX human body model. Therefore, further processing
is required to handle the rotational relationship with parent nodes,
which is defined as follows:

R′
h =

{
R−1

p ·Rc, with parent node
Rc, without parent node

, (1)

here, R−1
p is rotation of parent nodes and R′

h is final rotation of SM-
PLX. Finally, to ensure that there are no sudden changes in posture,
hand posture data is processed using linear smoothing.

Fusion: First-view hand tracking can become unstable if hands
are positioned outside the optimal range of the headset’s built-in
sensors, such as when they are too low or too high. In such cases,
the system automatically switches to third-view hand tracking to
guarantee stability and smooth motion for the virtual avatar. The
transition is formally defined as follows:

P = {θSMPL}+ εR′
h +(1− ε)(θMANO) , (2)

where θSMPL and βSMPL are body pose and body shape from To-
kenHMR, θMANO is hand pose from HAMER and ε is fusion
weight, which is 0 or 1.

In summary, MIFE employs a distributed architecture that in-
tegrates third-view full-body motion capture with first-view hand
tracking, achieving real-time precise mapping between trainees’
physical movements and virtual avatar motions. By eliminating re-
liance on traditional VR controllers, this fusion solution overcomes
occlusion and limited field-of-view challenges inherent in single-
view motion capture systems, enhancing the reliability and natural-
ism of full-body motion interaction.

3.3 Real-time Fire Spread Model
In order to enable trainees to perceive dynamic changes in fire sce-
narios, we employ a cellular automata framework to construct a
model for fire propagation. Unlike the approach using FDS, our
approach does not require lengthy computation times and signifi-
cantly reduces the amount of data generated. It also differs from
experience-based real-time methods, as those methods often lack
consistency with real fire spread in high-rise buildings.

Inspired by Byari et al. [44], we develop a three-dimensional
cellular automaton model based on combustion heat and conduc-
tion heat. To this end, the model is structured around a global

temperature field and defines a seven-dimensional state space, S,
to represent the dynamics within complex high-rise environments.
The state transition is shown in Fig. 3. The state transition depends
on the current state s and the temperature at the next moment T t+1.
T t+1 is defined as:

T t+1 = T t + ∑
i∈N

β ·κ ·
(
T t

i −T t)+∆T, (3)

where ∆T represents the heat released by combustion, β is the
thermal conduction regulation coefficient controlling the heat ab-
sorption/release ratio of cells, and κ is the material’s thermal con-
ductivity coefficient. T t

i denotes the temperature of neighboring cell
i at time step t, and T t represents the temperature of the central cell
at time step t. ∆T is defined as follows:

∆T =


−k ·α · (Ft −u)2 +

k ·α ·u
2

, Ft ≤ u

k ·α · (Ft −u)2 +
k ·α ·u

2
, Ft > u

, (4)

where k is the combustion control coefficient, α denotes the mate-
rial’s burning rate, u represents the fuel threshold coefficient, and
Ft indicates the current time of fuel value. The temporal evolution
of Ft is specifically defined as follows:

Ft = Ft−1 − γ ·α · T t−1

Tign
·Ft−1, (5)

where γ denotes fuel consumption coefficient, and Tign represents
material’s ignition temperature. Ft−1 is the last time of fuel value
and T t−1 is the temperature of the central cell at the last time step.

In summary, this cellular automaton model focuses on the struc-
tural characteristics of high-rise buildings and fire combustion dy-
namics. By performing global tensor operations on the tempera-
ture field, this model constructs an efficient real-time dynamic fire
spread model that maintains consistency with real fire spread.

3.4 Personalized Knowledge Recommendation
Our study first systematically collects high-quality popular science
text data from authoritative books, clinical guidelines, and other re-
liable sources. We then apply a BERT-BiLSTM-CRF [45] model
architecture to perform entity recognition in the domain of science
popularization. Due to the diversity of data sources, the extracted
public science knowledge inevitably contains duplicate information
and redundant expressions. To address this, entity alignment is in-
troduced as a crucial refinement step prior to constructing a multi-
source knowledge graph. Specifically, we first conduct preliminary
entity merging based on semantic similarity [46], followed by man-
ual review and deduplication by two senior domain experts, ensur-
ing that only core domain entities are retained. Subsequently, a



relation extraction (RE) model [47] is employed to identify seman-
tic relationships between entities, and high-quality triples contain-
ing core entities are preserved, resulting in a structured knowledge
graph tailored for public science communication.

At the application level, this knowledge graph is integrated as
an external knowledge base for DeepSeek [48], where it works in
conjunction with a large language model to enable personalized
learning content recommendation and precise learning report gen-
eration. These features are deployed in the “question recommenda-
tion” stages, allowing customized outputs based on learners’ age,
occupation, and other background factors, thereby enhancing both
training effectiveness and learning experience.

4 IMPLEMENTATION

4.1 Hardware Implementation

The system runs on an RTX-4070Ti Super GPU, an HTC Vive Fo-
cus Vision, a monocular camera (Newmine 4K), a Philips Tower
Heater Series 3000 A1, and an olfactory divergent device.

Olfactory divergent device: The olfactory divergent device, as
shown in Fig. 4 (a), is constructed using 3D printing and electronic
components, including ESP32 chips, servo motors, etc. The cir-
cuit design is shown in Fig. 4 (b). The program running on the
ESP32 chip is written and uploaded using Arduino IDE. Its main
function is to connect to the host computer via a local area network
and receive JSON-formatted commands that control the servo mo-
tor trigger frequency and fan operation parameters.

(a) Olfactory device (b) The circuit design diagram

Figure 4: Specific implementation of the olfactory divergent device.

4.2 Software Implementation

The VR program of this system is developed on Unity (version:
2022.3.55f1c1) and is packaged to run on a headset, with data trans-
mission through WebSocket.

Full-body motion capture: The system collects video streams
through OpenCV on the PC, preprocesses them, and transmits them
to the TensorRT engine on the GPU to synchronously infer human
pose, shape, and hand pose. The inference results are transmitted in
real-time to the VR headset through WebSocket, driving the move-
ment of the virtual character.

Finally, full-body motion capture runs at approximately 30 FPS.
The accuracy of our 3D pose estimation in Mean Vertex Error
(MVE), Mean Per Joint Position Error (MPJPE), and Procrustes-
Aligned Mean Per Joint Position Error (PA-MPJPE) on the EMDB
[49] dataset is 104.2, 88.1, and 49.8, while on the 3DPW [50]
dataset it is 86.0, 70.5, and 43.8, respectively.

Hand tracking: Hand tracking on the HTC VIVE Focus Vi-
sion uses the official Wave SDK for Android. The system captures
real-time local joint rotations, applies sequential transformations to
compute global rotations, and drives hand animation at approxi-
mately 45 FPS.

Fire spread model: The fire spread model is implemented based
on PyTorch tensor to utilize GPU acceleration for large-scale par-
allel computing. In the input stage, the system voxels the 3D scene

into a tensor mesh, where each voxel contains a dynamic state vec-
tor that records material properties, temperature, fuel mass, and dis-
crete state identifiers (such as non-combustible, combustible, active
combustion, or burned out). In diffusion simulation, the model in-
tegrates thermodynamic mechanisms and the global fire state field
through vectorized Boolean masks to drive state transitions, thereby
achieving the diffusion process of fire in voxel space.

Knowledge recommendation: The large language model com-
ponent of the system is deployed on the Coze platform as multi-
ple task dialogue agents, each implemented based on the Deepseek
model. The backend uses FastAPI and Pydantic to build a
lightweight orchestration layer, providing RESTful endpoints to re-
ceive and manage structured user context and VR training data.
When the free question and answer task is triggered, the server se-
rializes the relevant context into a JSON string in UTF-8 format
and forwards it to the corresponding Coze dialogue robot through
the official Coze Python SDK (cozepy). The front-end extracts the
outermost JSON block from the received streaming response text
and parses it into a structured object based on predefined patterns,
completing rule-based data format validation. Finally, the average
latency for LLM is 3424ms, and the average latency for STT and
TTS is 100ms, with a total process time of 3624ms.

For more implementation details of each component, please refer
to the supplementary materials.

5 USER STUDY

In order to verify the effectiveness of the MIFE system in fire escape
training and compare it with self-study and controller-based train-
ing in the VR system, this study designed a controlled experiment,
including subjective scale scoring, behavioral experiment measure-
ment, and theoretical knowledge evaluation.

5.1 User Study Design
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Figure 5: Experiment flow.

5.1.1 Participants
Prior to participant recruitment, the study protocol was reviewed
and approved by the Institutional Review Board (IRB) of our uni-
versity (Protocol Number: TJUE-2024-256; Ethics Committee:
Tianjin University Ethics Committee). We recruited 40 adults (30
for user study, 10 for ablation; male: 23, female: 17), aged 19 to
32 years (mean: 22.53, SD: 3.19), to participate in the study and
obtained the consent of all participants.

To mitigate the influence of prior fire escape proficiency and VR
experience on the experimental outcomes, we adhered to the par-
ticipant selection criteria: (1) participants had no prior experience
with VR; (2) participants had not undergone fire escape training
previously; (3) participants exhibited no cognitive or physical im-
pairments that would hinder their ability to perform fire escape.

5.1.2 Procedure
Experimental preparation stage: Participants signed an informed
consent form, registered their basic information, and completed a



fire safety questionnaire A as a basic test to determine their respec-
tive levels of fire safety knowledge. Finally, participants randomly
selected an envelope to determine their assigned group. 30 partic-
ipants were randomly divided into 3 groups on average: self-study
group, controller group, and MoCap group.

• Self-study group: Participants receive written materials and
videos related to fire escape, and are allowed to search for
relevant content through the internet.

• Controller group: Participants use the interaction method of
controllers and undergo full process training in the VR sys-
tem. Except for the interaction method, everything else is
completely consistent with the MoCap group.

• MoCap group: Participants undergo training via the MIFE
system, encompassing personalized knowledge assessments,
complete scenario-based escape drills, and intelligent perfor-
mance escape with real-time feedback.

Experimental stage: Each group was introduced to the experi-
ment separately. To ensure that participants in the VR group could
operate the VR system correctly, we provided them with system
usage instructions. Notably, the instructions did not include any
content related to fire escape drills.

Evaluation and post-test: After completing their respective train-
ing protocols, all participants were required to perform escape op-
erations in a simulated real-world scenario. During the evaluation
procedure, professional evaluators quantitatively assessed partici-
pants’ performance. Subsequently, all participants completed a fire
safety knowledge questionnaire B containing 10 multiple-choice
questions. Additionally, structured interviews and system question-
naires are only administered to the MoCap group, because the self-
study group does not experience the MIFE system, and the con-
troller group use a different interaction method. The experimental
process is shown in Fig. 5.

5.1.3 Evaluation Criteria and Metrics

Objective measurements: We use 3 indicators as evaluation cri-
teria: knowledge mastery, posture score, and performance score.
1) Knowledge mastery: We use knowledge questionnaires during
the evaluation stage to assess their mastery of fire safety theory
knowledge. Compared with baseline results from questionnaire
A obtained during the preparation stage, the improvement in the-
oretical knowledge for each participant is quantitatively calculated.
2) Posture score: Posture score is obtained by professionals based
on participants’ postures during the evaluation stage, with a maxi-
mum score of 10 points. 3) Performance score: Performance score
is evaluated by professionals based on participants’ reaction time,
path selection, and facial expression during the evaluation stage.

For the above indicators, we conduct Shapiro-Wilk test (α =
0.05) and Levene test (α = 0.05) on each set of data to evaluate
the assumptions of normality and homogeneity of variances, re-
spectively. For data that satisfy both assumptions, we perform a
one-way ANOVA (α = 0.05) followed by pairwise comparisons
using Tukey’s Honestly Significant Difference (HSD) post hoc test
(α = 0.05). Otherwise, we employ the non-parametric Kruskal-
Wallis test (α = 0.05), followed by Dunn’s post hoc test with Bon-
ferroni correction (α ′ = 0.0167) to adjust for multiple comparisons.

Subjective measurements: The post-test system questionnaire
consists of 2 parts: usability and user experience.

Usability (The second version of Post-study System Usability
Questionnaire [51], PSSUQ): We utilize the PSSUQ, which con-
sists of 19 questions, to directly assess the usability of the MIFE
system. This scale quantifies participants’ experiences while inter-
acting with the system, evaluating its usability and ease of use.

User Experience (User Experience Questionnaire-Short [52],
UEQ-S): Participants complete the UEQ-S to assess the overall user
experience. The UEQ-S scale consists of eight questions, divided
into two dimensions: pragmatic quality and hedonic quality.

5.2 Result
This section presents the quantitative and qualitative experimental
results from the user study. To ensure data integrity, we apply rigor-
ous data cleaning procedures and the verification results show that
all data is retained.

5.2.1 Objective Results
The descriptive statistics on knowledge mastery, posture score, and
performance score are shown in Tab. 2, which includes mean, stan-
dard deviation, and median.

Knowledge mastery: The average scores for questionnaire A
are 80, 68, and 67, accompanied by standard deviations of 12.47,
12.29, and 9.49, respectively, corresponding to the self-study group,
controller group, and MoCap group. In the same order, the average
scores are 84, 86, and 89, with standard deviations of 8.43, 13.50,
and 7.38 for questionnaire B. As shown in Fig. 6 (a), the average
score of questionnaire B in the controller group and the MoCap
group is significantly higher than that of questionnaire A.

Further, the difference between the scores of questionnaire B
and questionnaire A follows a normal distribution and homogene-
ity as shown in Tab. 2. Subsequently, a one-way ANOVA re-
veals significant differences in knowledge mastery across groups
(F2,27 = 5.853, p = 0.008, η2 = 0.302). HSD post hoc test shows
that the score of the MoCap group is significantly higher than the
self-study group (p = 0.010, Cohen’s d: 1.310) and the controller
group is significantly higher than the self-study group (p = 0.034,
Cohen’s d: 1.103). There is no significant difference between the
MoCap group and the controller group (p = 0.856, Cohen’s d:
0.230). As shown in Fig. 6 (b), the 95% simultaneous confidence
intervals for each group are as follows: [-2.99, 10.99] for the self-
study group; [12.01, 25.99] for the controller group; and [15.01,
28.99] for the MoCap group.

Posture score: The posture score follows a normal distribu-
tion and homogeneity as shown in Tab. 2. Subsequently, a one-
way ANOVA reveals significant differences in posture score across
groups (F2,27 = 18.110, p < 0.001, η2 = 0.573). HSD post hoc
test shows that the score of the MoCap group is significantly higher
than those of the controller group (p < 0.001, Cohen’s d: 2.134)
and the self-study group (p < 0.001, Cohen’s d: 2.265). There is
no significant difference between the controller group and the self-
study group (p = 0.586, Cohen’s d: 0.419). As shown in Fig. 6
(c), the 95% simultaneous confidence intervals for each group are
as follows: [4.55, 6.05] for the self-study group; [5.15, 6.65] for the
controller group; and [7.95, 9.45] for the MoCap group.

Performance score: As shown in Tab. 2, the mean score of
the MoCap group is 3.08 points higher than the self-study group
and 2.38 points higher than the controller group. Meanwhile, the
performance score does not follow a normal distribution. Sub-
sequently, the Kruskal-Wallis test reveals a significant difference
across groups (H = 20.072, p < 0.001, ε2 = 0.692). Dunn’s
post hoc test with Bonferroni correction further identifies signif-
icant differences between groups (self-study group vs. controller
group: Z =−7.366, p < 0.001; self-study group vs. MoCap group:
Z = −41.783, p < 0.001; controller group vs. MoCap group:
Z =−34.417, p < 0.001), as shown in Fig. 6 (d).

5.2.2 Subjective Results
Usability: Tab. 3 presents the descriptive statistics of participants’
scores on metrics including system usefulness, information quality,
interface quality, and overall usability. A comparison between the
scores obtained by the system and the normative reference values
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Figure 6: Objective results. (a) Average score of questionnaire A and questionnaire B with standard deviation. (b) 95% simultaneous
confidence intervals of knowledge mastery based on Tukey HSD. (c) 95% simultaneous confidence intervals of posture score based on Tukey
HSD. (d) Distribution of performance score and significance of Dunn’s post hoc test with Bonferroni correction. (e) Average score results
between the MoCap group and the non-KG group. (SG: Self-study Group, CG: Controller Group, MG: MoCap Group, NG: non-KG Group.)

Table 2: Statistical analysis of experimental data. (KM: Knowledge Mastery, PoS: Posture Score, PeS: Performance Score.)

Group Mean Standard Deviation Median Shapiro-Wilk Test (p-value) Levene’s Test

KM PoS PeS KM PoS PeS KM PoS PeS KM PoS PeS KM PoS PeS

Self-study Group 4 5.3 5.38 16.47 1.42 1.23 5 5.5 5.0 0.532 0.520 0.061
" " "Controller Group 19 5.9 6.08 9.94 1.45 1.05 20.0 6.0 6.35 0.152 0.119 0.027

MoCap Group 22 8.7 8.46 10.33 1.16 1.03 20.0 9.0 8.2 0.191 0.124 0.123

[51] for each metric reveals that MIFE significantly outperforms the
reference scores, indicating its high level of usability.

Table 3: The score of PSSUQ from the MoCap group.

Observation Indicators Reference System Score Result

Overall usability 3.02 5.41 high
System usefulness 3.02 5.48 high
Information quality 3.24 5.29 high
Interface quality 2.71 5.63 high

User experience: Tab. 4 presents the descriptive statistics of
participants’ scores on metrics including pragmatic quality, hedo-
nic quality and overall. The results show that the MIFE system can
provide a good user experience and participants’ subjective feelings
are overall good, but there are slightly more individual differences
in hedonic quality than in pragmatic quality.

Table 4: The score of UEQ-S from the MoCap group.

Observation Indicators Average Std Dev Min Max

Pragmatic quality 2.53 0.28 0 3
Hedonic quality 2.50 0.41 1 3
Overall 2.51 0.25 0 3

5.2.3 Post-test Interview
At the end of the experiment, we conducted interviews with ten
participants from the MoCap group to gather feedback on their ex-
perience using the MIFE system. Participants generally agreed that
the interaction method of the MIFE system is highly novel, as it not
only eliminates the reliance on traditional handheld controllers but
also achieves high-precision full-body motion capture, resulting in
more authentic and natural motion replication. Regarding immer-
sion, they consistently affirmed that the MIFE system, through the
combined effects of high-quality scene rendering and multimodal

feedback mechanisms, creates a highly realistic and convincing vir-
tual environment, enhancing their sense of presence and engage-
ment during the experience. Furthermore, two participants specifi-
cally mentioned the system’s posture error feedback function, not-
ing that it effectively helps them promptly detect and correct move-
ment deviations. In terms of knowledge recommendation powered
by the large model, participants widely appreciated its ability to de-
liver relevant yet unfamiliar knowledge based on their operational
data. However, four of them pointed out that the current system
exhibits some latency in the large model’s analysis response and
expressed a hope for improved real-time performance and reduced
waiting time in future versions. For effectiveness, two participants
expressed concern that training through the VR system may make
it difficult to evaluate long-term outcomes. In contrast, the others
believed that the inherent advantage of the VR system lies in its
reusability, allowing repeated training sessions to reinforce mem-
ory retention. Thus, they remained optimistic about long-term ef-
fectiveness and recommended further exploration of more efficient
system functionalities.

In addition, We randomly selected three participants each from
the other two groups to ask if they would be willing to try the MIFE
system, and all six expressed strong interest. This shows that the
MIFE system, with its novel interaction method and highly immer-
sive experience, has broad appeal and is likely to attract more users.

6 ABLATION

Ablation 1: Personalized recommendations of knowledge graph
enable participants to master more fire safety knowledge.

To evaluate dynamic personalized recommendations powered by
large models and knowledge graphs, we recruit ten new participants
to form a non-KG group. The experimental procedure is identical to
that of the MoCap group in the user study, with the sole exception
that no dynamic knowledge recommendations are provided. The
evaluation indicator adopts the difference between questionnaire B
and questionnaire A.

In the non-KG group, the average score for questionnaire A is
73 (SD = 14.18), and for questionnaire B it is 79 (SD = 8.76). The
comparison between the non-KG group and the MoCap group is
shown in Fig. 6 (e). The non-KG group shows a 6-point differ-



ence between questionnaire B and questionnaire A. This result is
similar to the 4-point difference observed in the self-study group,
but is markedly lower than the 22-point gap seen in the MoCap
group. These findings suggest that personalized recommendations
supported by knowledge graphs effectively enhance participants’
acquisition of unfamiliar knowledge.

Ablation 2: Temperature feedback and odor feedback can pro-
vide a more immersive experience.

To evaluate the effects of odor feedback and temperature feed-
back on user immersion, participants from the MoCap group were
invited to repeat the training stage without multimodal feedback
after completing the initial user study and were subsequently inter-
viewed for further insights.

They reported perceiving changes in temperature and odor, par-
ticularly during fire spread. The noticeable rise in temperature and
distinct irritating odor immediately evoked nervousness, which en-
hanced immersion and supported successful escape within the sim-
ulated fire environment. However, three participants noted that the
pungent odor did not accurately resemble the smell of burning ma-
terials, a discrepancy that reduced the impact on their experience.

Ablation 3: Validate the effectiveness of the fire spread model.
For fire-spread simulation, we have validated the effectiveness

of the fire spread model through expert review. We have invited ex-
perts from the Emergency Management Department, including rep-
resentatives from the Tianjin Fire Research Institute, the Shanghai
Fire Research Institute, and the Beijing Fire Rescue Corps, to eval-
uate the fire spread model. The experts unanimously agreed that
the fire spread simulation realistically replicates the actual process
of fire spread, thereby enhancing the immersive experience.

7 DISCUSSION

7.1 Analysis of User Study Results
The results of the user study indicate that, compared to the self-
study method and VR controller-based interactive systems, the Mo-
Cap group achieves superior outcomes in terms of knowledge mas-
tery, posture score, and performance score. This advantage can
be attributed to its dynamic personalized knowledge recommenda-
tion mechanism, which adapts to trainees with different knowledge
backgrounds. By replacing conventional VR controller-based inter-
action, motion capture technology eliminates dependence on hand-
held devices and enables real-time mapping of the trainees’ actual
movements onto a virtual avatar. Furthermore, the immersive ex-
perience provided through an eight-mode omnidirectional environ-
ment allows trainees to engage in realistic fire scenarios, evoking
an authentic sense of urgency and on-site responsiveness.

About user experience, the results indicate that MIFE achieves a
balanced experience in user experience, and participants all believe
that the product is very easy to use and reliable. It is not only ef-
ficient, clear, and reliable in completing tasks, but also attractive,
novel, and exciting, which can bring a sense of pleasure to trainees.
In terms of hedonic quality, although participants’ subjective feel-
ings are overall good, there are slightly more individual differences
than in pragmatic quality. However, this is a normal finding as aes-
thetic and emotional preferences are more subjective.

7.2 The Necessity of an Extensively Equipped System
For the fire escape training system, it is necessary to construct a
quasi-photorealistic, all-encompassing simulation. The fire escape
skills involve a complex integration of multi-level knowledge, such
as behavioral memory, situational judgment, and stress response,
and their effective mastery highly depends on high simulation train-
ing conditions. Firstly, the internalization of behavioral knowledge
depends on the authenticity of action mapping. When the virtual
environment is highly consistent with real actions, trainees form a
stable action memory through proprioceptive and visual feedback.
Secondly, the construction of situational cognitive ability requires

the support of multisensory collaborative stimulation and intelli-
gent interaction. Through the comprehensive feedback of thermal,
olfactory, and auditory channels, the system can simulate the dy-
namic environment of a real fire scene. At the same time, eye track-
ing can capture the visual attention path of trainees, facial expres-
sion recognition can monitor changes in their psychological state,
and language interaction provides a natural communication channel
for knowledge answering. The synergistic effect of these modali-
ties jointly trains trainees’ attention allocation, risk assessment, and
emergency decision-making abilities in complex situations.

In the user study, the comprehensive performance score of the
MoCap group reached 8.46 points, which was 3.08 and 2.38 points
higher than that of the Self-study group and the Controller group,
respectively. This result demonstrates that the multimodal high-
simulation design adopted by MIFE is a key factor in improving
training effectiveness and promoting skill transfer.

8 LIMITATIONS

During the interviews, several participants noted that the simulated
pungent odor differs from the smell of an actual fire. To address this
issue, we believe that simulating the odors produced by burning var-
ious materials and then releasing either individual or blended scents
as needed is crucial for achieving a more realistic olfactory experi-
ence. Moreover, four participants also noted that the waiting time
for dynamic personalized knowledge recommendations powered by
large models is somewhat lengthy. In future work, optimizing the
inference process could help improve the response speed.

9 CONCLUSION

In this paper, we propose a new immersive fire escape training sys-
tem, MIFE, which creates a highly immersive virtual fire scene to
enable trainees to effectively master and apply key escape skills.
Specifically, we have designed an 8-modal fusion perception mod-
ule to enhance the immersive experience of trainees from multiple
perspectives. Moreover, we utilize a dual-perspective motion cap-
ture module to eliminate the dependence on controllers, allowing
trainees to complete escape action training without restrictions. Ad-
ditionally, the real-time spread of fire enhances the authenticity of
the scene, and the dynamic recommendation based on the knowl-
edge graph can be adapted to different trainees for personalized
training. User studies confirm that the training outcomes achieved
with MIFE are superior to those obtained through self-study and
controller-based interaction. This advantage is quantified by a per-
formance improvement of 3.08 and 2.38 points, respectively, on a
10-point evaluation scale. Ablation experiments validate the effec-
tiveness of multimodal feedback, dual-perspective motion capture,
and knowledge graph components. These results enhance the po-
tential for innovative fire evacuation drills and support the advance-
ment of similar VR-based skill training systems.

SUPPLEMENTAL MATERIALS

All supplemental materials are available on OSF at
https://osf.io/aswqj/overview. In particular, they include (1)
A PDF file contains the implementation details including heat
modality, olfactory modality, full-body motion capture, hand
tracking, fire spread model, and knowledge Recommendation, (2)
Two PDF files contain questionnaire A and questionnaire B which
are used in user study.

ACKNOWLEDGMENTS

This work was supported in part by National Key R&D Program
of China (2023YFC3082100), Natural Science Foundation of Tian-
jin (No.24JCQNJC01620), Science Fund for Distinguished Young
Scholars of Tianjin (No.22JCJQJC00040).



REFERENCES

[1] Center for Fire Statistics of CTIF. World fire statistics. Technical Re-
port 30, International Association of Fire and Rescue Services, 2025.
1

[2] BJ Meacham. Global plan for a decade of action for fire safety. Inter-
national Fire Safety, 2021. 1

[3] Audrie A Chavez, Sarah V Duzinski, Tareka C Wheeler, and Karla A
Lawson. Teaching safety at a summer camp: Evaluation of a fire safety
curriculum in an urban community setting. Burns, 40(6):1172–1178,
2014. 1, 2

[4] Paul H Lee, Baoguo Fu, Wangting Cai, Jingya Chen, Zhenfei Yuan,
Lifen Zhang, and Xiuhong Ying. The effectiveness of an on-line train-
ing program for improving knowledge of fire prevention and evacua-
tion of healthcare workers: A randomized controlled trial. PLOS ONE,
13(7):e0199747, 2018. 1, 2

[5] Hosan Kang, Jinseong Yang, Beom-Seok Ko, Bo-Seong Kim, Oh-
Young Song, and Soo-Mi Choi. Integrated augmented and virtual
reality technologies for realistic fire drill training. IEEE Computer
Graphics and Applications, 44(2):89–99, 2023. 2, 3

[6] Muhammad Hasham Qazi, Farhan Khan, Jeeeun Kim, and Edgar J.
Rojas-Munoz. Developing a VR-based training platform for emer-
gency fire handling services using unity 3D. In International Confer-
ence on Frontiers of Information Technology, pages 102–107, 2023.
2, 3

[7] Jiaxin Ling, Xiaojun Li, Yi Shen, Chao Chen, Zhiguo Yan, Hehua
Zhu, and Haijiang Li. Human centric VR system development sup-
porting fire emergency evacuation: A novel knowledge-data dual
driven approach. Expert Systems with Applications, 273:126895,
2025. 2, 3, 4

[8] Joana Oliveira, Joana Aires Dias, Rita Correia, Raquel Pinheiro,
Vı́tor Reis, Daniela Sousa, Daniel Agostinho, Marco Simões, Miguel
Castelo-Branco, et al. Exploring immersive multimodal virtual reality
training, affective states, and ecological validity in healthy firefighters:
Quasi-experimental study. JMIR Serious Games, 12(1):e53683, 2024.
2, 3
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