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Existing data-driven fire forecast systems often exhibit limitations in real-world emergency response sce-
narios, particularly with respect to efficient data reuse and vulnerability of sensor networks. This study 
proposes a smart agent that integrates an artificial intelligence (AI)-driven fire situational awareness 
engine with a large language model (LLM) to realize the diverse demands of emergency response in com-
plex fire scenarios. First, a fire-resilient deep learning model based on ConvLSTM is developed to recon-
struct building temperature fields using limited inputs from a partially failed temperature sensor 
network. The proposed architecture constructs spatiotemporal correlations between missing and sur-
vived sensor data, enabling the transformation of discrete temperature measurements into a continuous 
two-dimensional (2D) temperature contour. Subsequently, a smart agent powered by a domain-specific
LLM is designed to enhance human–AI interaction during fire emergency response. A self-driven frame-
work capable of automatically executing LLM-generated programs is established to deliver real-time,
user-specific information to multiple stakeholders. Experimental results demonstrate that, compared
with generic LLM-based responses, the proposed agent augmented with fire situational awareness can
generate customized operational recommendations through dynamic interactions with the ConvLSTM-
based fire model. This hybrid agent improves situational awareness and safety during fire emergencies,
improves the resilience of fire services systems, and advances the practical implementation of AI-driven
smart firefighting.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

In recent years, the concept of smart cities, characterized by 
technologic al innovation and sustainable development, has
attracted increasing attention [1]. Meanwhile, rapid urbanization 
has intensified the frequency and impact of disasters, posing signif-
icant challenges to sustainable urban developmen t. Consequently,
enhancing disaster resilience has become essential to improving a
city’s safety, livability, and sustainability [2]. Among various urban 
hazards, fire remains a significant and persistent risk owing to its
high occurrence rate and severe consequences worldwide [3]. Fur-
thermore, increasing population density has significantly increased 
the likelihood and complexity of urban fire incidents.
In hazardous fire scenarios, both trapped occupants and on-
duty firefighters are exposed to highly unpredictable fire behavior,
as tragically exemplified by the 2017 Grenfell Tower fire in London
(Fig. 1(a)). In parallel, unchecked urban expansion into wildland 
areas has exposed massive communities to increasingly severe 
wildfires, a trend further exacerbated by climate change, as
illustrated by the 2025 Los Angeles wildfire (Fig. 1(b)). Beyond 
the tragic loss of life, the economic consequences of fire-related 
incidents are considerable, with global fire-related costs estimated
at approximately 1% of the global gross domestic product (GDP)
annually [4]. Post-incident investigation of major fire disasters 
consistently reveals deficiencies in emergency response, usually 
stemming from suboptimal decision-making caused by insufficient
situational information from the incident location [5]. For 
instance, two firefighters lost their lives while combating a mini-
storage facility fire in Hong Kong (Fig. 1(c)) [6]. These catastrophic 
events underscore the limitations of traditional firefighting 
strategies, which frequently fail to support effective emergency
s://doi.
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Fig. 1. (a) The 2017 London Grenfell Tower Fire, (b) the 2025 LA fire, and (c) the
2016 HK mini-storage fire.
decision-making owing to delayed information acquisition and
inadequate situational awareness [7]. 

The effectiveness of emergency response critically depends on 
situational awareness, which refers to the accurate, real-time per-
ception of environmental conditions through integrated hardware
and software systems [8], such as the spatiotemporal evolution of 
temperature fields. Contemporary smart city infrastructures, sup-
ported by Internet of Things (IoT) networks, enable the generation
and sharing of data for rapid sensing of the fire environment [9]. 
Meanwhile, artificial intelligence (AI) has been increasingly 
employed in urban disaster managemen t owing to its advantages
in accuracy and real-time processing capabilities [10]. Neverthe-
less, significant challenges remain in deploying existing AI-driven 
emergency response systems in realistic firefighting scenarios 
based on on-site fire information. First, disaster environments are 
inherently destructive, imposing stringent requirements on the 
robustness and integrity of AI-driven situational awarene ss sys-
tems. In addition, conventional single-purpose AI models typically
produce outputs in fixed and predetermined formats, which limits
their ability to support real-time re-processing or accommodate
the diverse needs of different users during emergency response
[11]. 

Currently, the emergence of large language models (LLMs) 
demonstrates their potential to serve as a foundational technology 
for generic smart firefighting systems capable of delivering real-
time support. LLMs have significantly reduced barriers in
human–computer interaction (HCI) [12] by enabling natural lan-
guage understanding and generating context-awa re responses to
diverse user queries [13]. However, most existing domain-
specific LLMs are developed through fine-tuning and retrieval-
augmented generation (RAG) approaches that primarily rely solely
on static, general-domain knowledge, such as laws and regulations
[14]. The absence of dynamic, real-time fire scene information lim-
its the ability of LLMs to generate actionable guidance involving 
specific objects and situational constraints. Consequently, retrieval 
mechanisms that enable real-time fire situational awareness are a 
crucial prerequisite for effective LLM-driven emergency response 
systems. Moreover, knowledge-optimized LLMs typically function 
as pre-defined query assistants and lack direct integration with
executable local tools, which restricts their capacity to substan-
tially enhance emergency response efficiency. To align firefighting
engineering with contemporary technological advancements, there
is an urgent demand for a novel emergency response framework
Table 1 
Suitability comparison of pre-trained models and large models for emergency response sc

Performance Pre-trained AI models

Generalization capability Low (specialized tasks
Input requirement High
Output accuracy High
Interactivity Moderate (fixed comm
Deployment costs Low
Knowledge update cost High (retraining and d
Multi-device collaboration Moderate (custom pro
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that can deliver customized recommendations and automatically 
execute operational procedures tailored to specific fire scenarios.

This study proposes a self-driven smart agent for emergency 
response based on fire situational awareness, integrating AI-
generated domain-specific knowledge with an LLM to support 
dynamic user requirements, including decision generation and 
mission execution. Resilient building fire information is obtained 
using a deep learning model (ConvLSTM-Fire), which predicts the 
spatiotemporal patterns of building fires even in the presence of 
single-sensor failures. Within an LLM-centered framework, the
proposed agent can autonomously perform sophisticated tasks,
such as emergency decision-making informed by real-time situa-
tional awareness. By bridging the interaction gap between AI and
human users during fire emergencies, the proposed framework
enhances the feasibility and reliability of intelligent firefighting
systems in future smart buildings and smart cities.

2. Methodol ogy

2.1. Framework of the hybrid fire-emergency agent

Although agent-based approaches have been explored in indus-
trial management systems [15,16], conventional workflow-based 
approaches are insufficient to cope with dynamic emergency 
response scenarios. Key stakeholders at the fire scene, including 
trapped occupants, firefighters, and commanders, require timely 
and accurate information such as hazardous area identification,
advanced fire behavior prediction, and evacuation routes planning.
Limited response time makes it difficult for a general fire-
emergency agent to address diverse and rapidly changing emer-
gency demands.

Developments in computer technology have laid the foundation 
for the application of emergency response agents in disaster man-
agement. On the one hand, by integrating diverse pre-trained AI
models or surrogate models, existing AI-driven systems provide
multi-scale disaster situational awareness, ranging from compart-
ments [17] and complex buildings [18] to citywide environments
[19]. On the other hand, LLMs have significant potential to redefine
smart emergency response [20]. With their strong contextual 
understanding, LLMs can serve as the core of agents designed to
develop more efficient emergency response strategies [21]. Table 1 
compares the characteristics of two AI techniques, pre-trained 
deep learning models and LLMs, in emergency response scenarios.

For pre-trained AI models, results close to real solutions for 
complex problems are obtained through multi-parameter fitting. 
Based on simulation and experimental methods, the dynamics of
fire development, emergency response, and evacuation have been
extensively modeled [22–24]. Using knowledge datasets, various 
deep learning models have been developed for specific fire emer-
gency response tasks, such as backdraft forecast [25], risk analysis
[26], and evacuation guideline [27]. However, deep learning mod-
els designed for specialized objectives often exhibit limitations in 
real-world applications, particularly in terms of invocation
flexibility and data reusability. Compared with LLMs, the strict
requirements on data formats and communication protocols make
enarios.

Large language models

) High (comprehensive tasks)
Low 
Moderate (potential logic errors)

and) High (natural language)
High 

eployment) Low (context-based training)
tocols) High (command generation)
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pre-trained AI models unsuitable for building user-friendly inter-
action mechanisms. Moreover, panic during fire incidents may lead
to irrational behavior [28], preventing users from effectively oper-
ating such systems. As a result, smart agents relying solely on a sin-
gle deep learning engine are often incapable of meeting complex
human demands [29], especially in fire emergency scenarios.

LLMs demonstrate competitive interactivity, owing to natural 
language processing capabilities and extensive data memory. How-
ever, one of the key challenges in LLM-driven emergency response
is that their outputs are often generic and weakly actionable
[30,31]. Even when optimized using normative references such as 
codes and standards, their inherently scenario-agnostic nature
can result in insufficient guidance or even hallucinatory responses
[32]. Fire situational awareness provides essential real-time infor-
mation support emergency decision-making. Therefore, it is neces-
sary for generic LLMs to incorporate deep learning-based
situational awareness models to establish smart agents suitable
for building fire emergency response.

Fig. 2 presents the framework of a hybrid AI-driven fire-
emergency agent that provides demanders with scenario-specific 
guidance within a limited response time through natural language 
interaction. Using wearable or handheld devices, the cloud-based 
LLM can immediately deliver foundational knowledge or general 
safety advice. When handling user queries, the agent rapidly fuses 
multi-source data, which is organized into structured data. Both 
the user query and the structured environmental data are then
fed into the LLM to condition its reasoning process. The LLM output
is constrained to generate actionable emergency decisions under
an ‘‘evidence-based content generation” requirement. In this man-
ner, the agent can invoke appropriate tools to mitigate hallucina-
tion and execution risks. System latency is further reduced by
caching inference data and reusing contextual information,
enabling timely and context-specific guidance.

This framework establishes a promising engineering paradigm 
for hybrid AI-driven smart firefighting, in which a domain-
specific agent is developed for real-time emergency response. 
Enhanced by deep learning-enabled situational awareness, a 
well-established LLM demonstrates improved real-time decision-
making capabilities for scenario-specific applications. Meanwhile,
the self-driven mechanism enables the proposed agent to integrate
multi-source downstream information, providing dynamic techni-
cal support for constructing a multimodal firefighting large model.

2.2. Fire prediction with data remediation

With field data sharing enabled by the Internet of Things (IoT), 
AI engines can predict building fires based on knowled ge derived
from experiments and simulations, forming an artificial intelli-
gence of things (AIoT)-powered smart firefighting framework
Fig. 2. Hybrid fire-emergency agent-driven e
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[18]. However, in urban fire emergencies, adverse conditions such 
as high temperature s, smoke, and structural damage can lead to
sensor data loss [18,33,34]. Data-driven systems become vulnera-
ble when even a single sensor in the IoT network is compromised, 
significantly reducing the reliability of AI applications in disaster 
scenarios. The inherent nonlinearity of fire dynamics and the
non-random nature of missing data further limit traditional reme-
diation methods based on statistical approaches [35]. For example, 
spatial interpolation methods such as Kriging rely on smooth spa-
tial covariance, which is typically observed in large-scale continu-
ous phenomena, such as climate systems. However, the
assumption of stationarity is unsuitable for building fire scenarios,
where the thermal properties of walls induce non-linear tempera-
ture variations across different compartments [36]. 

Advanced deep learning-based technologies have emerged and 
demonstrated powerful data remediation capabilities. Temporal 
dependency-based remediation mechanism s, represented by long
short-term memory (LSTM) networks, have been developed for
this purpose [37]. However, irreversible sensor failures during fire 
incidents can result in sustained data loss, leading to flat predic-
tions as errors accumulate over time [38]. Another remediation 
approach uses generative adversarial networks (GANs) with con-
text encoders to infer missing data from surrounding information
[39]. This approach is challenging in building fire scenarios, as sen-
sors are often sparsely distributed across different compartments. 
Once a sensor fails, it becomes difficult to obtain sufficient infor-
mation for the affected compartment. Therefore, a promising strat-
egy is to leverage historical data from remaining sensors to
compensate for missing measurements.

Data remediation based on historical data from remaining sen-
sors requires a hybrid deep learning framework capable of spa-
tiotemporal information processing [40]. This study proposed a 
hybrid deep learning model, ConvLSTM-Fire, which integrates con-
volutional neural networks (CNN) [41] for spatial features extrac-
tion with an LSTM backbone. ConvLSTM-Fire focuses on real-time 
data remediation using an information matrix derived from resid-
ual sensors. Mathematically, given time series data X from IoT with
missing values caused by sensor damage, ConvLSTM-Fire predicts
the missing data Tmiss. The mathematical formulation is given as
follows:

X 

T1 
1 Tt 

1 

T1 
N Tt 

N 

Tmiss Tt
n 1

where T represents temperature (℃). N denotes the number of sen-
sors. n represents the index of the failed sensor, and t represents 
time (s). Missing sensor data are set to 0 to complete X, which is
then normalized as the model input.
mergency response in smart firefighting.
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In the first step, the input data are convolved and pooled by the 
CNN to transform the 2D spatiotemporal information into a one-
dimensional (1D) hidden representation Z. Subsequently, key tem-
poral features H would be extracted from Z through LSTM, which is
then fitted to the target Tmiss for data remediation through the fully
connected neural network (DNN). The information flow is shown
as follows:

Z Convw1 X 2

H LSTMw2 Z 3

Tmiss DNNw3 H 4

where w =  [w1, w2, w3] denotes the hyperparameters of the different 
neural network components, which are optimized during model 
training. The remediation missing value Tmiss is combined with 
the remaining sensor measurements to form the temperature vec-
tor Tt at time t. Furthermore, a deconvolution neural network
(DeConv) is applied to upscale the 1D temperature sequence Tt into
a 2D temperature slice Tslide. Further details can be found in Ref.
[18]. 

Tslide 

T1 1 T1 D2 

TD1 1 T D1 D2

5

where (D1, D2) represent a slice defined by any 2D within a three-
dimensional (3D) space.

The proposed ConvLSTM-Fire model enables accurate recon-
struction of data from missing sensors by leveraging historical 
temperature information from spatially related sensors. As a result, 
the sensing resilience of the IoT system in disaster environments is 
enhanced, ensuring the data integrity required for deep learning-
based analysis. In addition, ConvLSTM-Fire predicts the 2D spatial 
distribution of temperature from 1D sensor data. Consequently, the
resulting high-resilience fire situational awareness provides a reli-
able information basis for fire emergency response, supporting
evacuation and firefighting rescue operations. Furthermore, the
convenient invocation and functional redevelopment of deep
learning models require further investigation to ensure the practi-
cal usability of pre-trained models such as ConvLSTM-Fire in real-
world emergency response scenarios.

2.3. LLM-based emergency interaction

In recent years, the emergence of generative large models has 
created significant opportunities for industrial process intelligence
[42]. For example, domain-specific LLMs can be developed by fine-
tuning model parameters using dedicated databases with updated
knowledge [43]. Currently, several studies have explored the appli-
cation potential of optimized LLMs in emergency management
[21,44,45]. Although LLM-connected chatbots provide a simple 
interaction interface, they struggle to execute complex tasks that 
require interaction with local data owing to sandbox constraints. 
In contrast, a smart fire-emergency agent integrates the LLM with 
redefined modules, such as ConvLSTM-Fire, enabling direct opera-
tion on local data with safety guardrails. Rapid deployment and
flexible functional development further enhance the practical
applicability of the proposed smart agent.

Moreover, pre-trained models that lack real-time data repro-
cessing are significantly limited in adapting to evolving user 
requirements. The emergence of LLMs has made automatic pro-
gramming technically feasible, enabling the generation of exe-
cutable code directly from natural language input from users.
Representative LLMs, including ChatGPT [46], LLaMA [47], and 
4

DeepSeek [48], have demonstrated expert performance in generat-
ing real-time solutions across diverse tasks. The key mechanis m
underlying automatic programming lies in the pre-training and
fine-tuning paradigm [49]. Unsupervised pre-training on massive 
datasets, followed by task-specific fine-tuning, allows models to
learn complex patterns, including programming language syntax
and structure [50]. The effectiveness of code-specific LLMs in 
Python code generation has been validated [51]. Yu et al. [52] con-
ducted a comprehensive empirical evaluation of ChatGPT, a repre-
sentative LLM-based software, focusing on its self-programming 
and self-verification capabilities. The results indicate that while
ChatGPT is robustly programmable, it may still generate halluci-
nated outputs when handling complex problems.

Relying on manual execution of auto-generated code is imprac-
tical in emergency situations such as disasters; therefore, a self-
driven agent is necessary. Frameworks for multi-agent system col-
laboration have been preliminarily developed to enhance LLM
capabilities, enabling the automatic creation of workflows to
accomplish complex tasks without requiring participants to pos-
sess programming skills [53,54]. However, existing LLM-driven 
approaches have not considered interaction with established deep 
learning models. When combined with well-trained deep learning 
models, an LLM-driven hybrid smart firefighting system can pro-
vide a unified framework to address various emergency response 
demands, including customized recommendations such as haz-
ardous area identification. Accordingly, this work aims to develop
a self-driven LLM-based fire emergency agent that enables efficient
user interaction and delivers real-time responses to diverse emer-
gency queries based on enhanced fire situational awareness.

3. Key elements of the hybrid self-driven fire-emergency agent

3.1. Benchmark numerical dataset

As a critical component of the proposed agent for handling task-
specific operations, deep learning models are required to enhance 
fire situational awareness. Because the deep learning model in this 
study focuses on temperature slice inference under data loss con-
ditions, conducting large-scale experiments to obtain spatial distri-
butions is impractical. Instead, numerical datasets generated using
well-validated computational fluid dynamics (CFD) simulations are
employed, as they can provide sufficiently reliable data for deep
learning models development [55]. In this study, fire dynamics 
simulator (FDS) version 6.7 is selected as the representative CFD
software for building fire simulations [56]. The 3D numerical 
model is designed with reference to the OECD fire research pro-
gram. As shown in Fig. 3(a), the building consists of four intercon-
nected compartments. The left room and middle room share 
identical dimensions (length × width × high: 5 m × 6  m  × 4  m),
while the right room (atrium) has the same floor area but double
the height (length × width × high: 5 m × 6 m × 8 m). These rooms
are interconnected by a corridor with overall geometric dimen-
sions of length × width × high: 15 m × 2.5 m × 5 m.

The project was organized in multiple experimental phases and 
has been widely validated, demonstrating that CFD can be used to
reconstruct experimental data [55,57]. In this study, the PRS-SI-D1
experiment [58] is selected for CFD accuracy validation to ensure 
the reliability of the subsequent dataset. A pool fire is configured 
at the center of the middle room, fueled by hydrogenated tetra-
propylene (TPH, C12H26), with an area of 0.4 m2 . The experimental 
setup includes a ventilation system, with air inlet and outlet open-
ings located below the ceiling, each measuring 0.3 m × 0.6 m. Three
thermocouple trees are installed at the centers of the northeast,
southeast, and southwest corners of the room, and each tree con-
sists of 18 thermocouples arranged with a vertical spacing of
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Fig. 3. 3D numerical model based on the OECD and validation using PRS-SI-D1.
0.25 m. Related studies have reported the mass loss rate as a func-
tion of time, from which the heat release rate (HRR) is
extrapolated.

Fig. 3(b) compares the average temperatures obtained from the 
experiment and the simulation at the northeast thermocouple tree. 
The numerical simulation shows reliable results that align well 
with the experimental measurements. Initially, the temperature 
exhibits a clear increasing trend and reaches a peak at approxi-
mately 330 s. The temperature then begins to decrease and stabi-
lizes at around 150 ℃ by approximately 480 s. After the
experiment duration of about 3200 s, the temperature gradually
decreases further. Overall, the simulation accurately reproduces
the experimental phenomenon in terms of both trends and key
temperature values. These results demonstrate that the numerical
model robustly predicts the overall thermal evolution of the fire
scenario, providing a reliable database for training the deep learn-
ing model.

With validated accuracy, CFD is employed to generate the 
benchmark numerical database for constructing the ConvLSTM-
Fire model. A total of 60 fire scenarios is configured, including four 
ignition locations, three fire intensities, and five ventilation layouts
based on door opening conditions. Each fire scenario lasts 2000 s,
and temperature databases with spatiotemporal characteristics
under different scenarios are generated, as shown in Fig. 4(a). 
The numerical results are pre-processed to construct the dataset 
D = [X, Y] for model training. Fig. 4(b) presents temperature slices 
at a height of 3.8 m, incorporating the locations of six sensors. His-
torical temperature values recorded by the sensors are extracted as
Fig. 4. Database developmen
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the inputs X for the ConvLSTM-Fire model. The corresponding 2D 
temperature slices are stored in array format as the output Y to 
supervise model training. With a sampling interval of 2 s, a total
of 60 000 groups of the D dataset are generated. As shown in
Fig. 4(c), dataset D is divided into two subsets: 80% for training 
and validation during model development, and the remaining
20% for testing the performance of the well-trained model.

3.2. ConvLSTM-Fire model development

Given the importance of situational awareness in fire emer-
gency response, a building temperature inference approach that 
accounts for sensor vulnerability is required. This objective is 
specifically addressed through two steps: ① temperature field 
inversion based on discrete sensing data) and ② data remediation 
under sensor failure conditions. To achieve these goals, the
ConvLSTM-Fire model is proposed to capture both the inference
mechanism between sensor measurements and the building ther-
mal environment, as well as the mapping relationships among
sensors.

The architecture of ConvLSTM-Fire, summarized in Fig. 5, con-
sists of four main components. Part 1 comprises temperature data 
collected from the IoT system, which serves as the input to the 
ConvLSTM-Fire model. The input data are formatted as 2D arrays 
with a shape of (6,15), representing temperature data of 6 sensors
over 15 timesteps. Depending on specific requirements, the input
data are processed to provide appropriate inputs for the 2nd and
3rd parts. Part 2 performs 2D temperature field Y81×54 inversion
t for ConvLSTM model.
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Fig. 5. Architecture of ConvLSTM-Fire model.
from sensor data X6 at time t. Through a DNN, the initial six sensor 
inputs are mapped to a hidden layer, which is reshaped into a 2D 
representation using successive DeConv layers. For damaged sen-
sors, Part 3 performs data remediation using historical data from 
the remaining sensors. The input matrix X6×15 is temperature mea-
surements from six sensors during 15 time steps, in which missing 
or abnormal values are filled with 0. The CNN convolves this 2D 
input to extract features, which are reshaped into a (15, 6 × 128)
representation. These features are then processed by an LSTM
through two state parameters (c for cell state, h for hidden state)
for temporal features extraction, and finally compressed by a
DNN to estimate the temperature value of the missing sensor. Part
4 represents the output, namely, the visualization of the inferred
2D temperature distribution slide Y81×54 presented to the user.
The detailed configuration of Part 2 and Part 3 is provided in
Table 2. 
Table 2 
Configuration of ConvLSTM-Fire.

Part 2 Temperature 2D inversion: DNN
+DeConv

Part 3 Missing data remediation:
Conv+LSTM

6 Input.;, ReLU (6, 15) Input.; , ReLU
128 × 54 × 81 Dense.;, ReLU 3 × 3 128 Conv2D ;, ReLU
(128, 54, 81) Reshape ;, ReLU 50 LSTM ; , ReLU
3 × 3 128 DeConv2D ;, ReLU 50 Dense ; , ReLU
3 × 3 1 DeConv2D, None 1 Dense, None

6

Fig. 6(a) illustrates the training process of Part 2 using two key 
metrics: mean square error (MSE) in blue and the coefficient of 
determination R2 in red. Dashed lines represent prediction perfor-
mance on the training dataset Dtrain, while solid lines indicate per-
formance on the test dataset Dtest. During the initial training 
epochs, poor initial parameter fitting is observed, characterized 
by high MSE (> 0.20) and low R2 (≈ 0). By epoch 20, the MSE of 
Dtrain decreases sharply to below 0.02. Although the MSE of Dtest 

is preliminarily higher than that of Dtrain, it rapidly decreases to a
comparable level. Meanwhile, the R2 value of both Dtrain and Dtest

stabilizes at approximately 99% following a synchronized increase
over similar training epochs. During subsequent epochs, both MSE
curves remain low with minor fluctuations, and the R2 curves
remain high, indicating strong predictive performance for temper-
ature field inversion based on sparse sensor data. Importantly, the
strong performance on test dataset Dtest indicates that overfitting
does not occur during the training process.

A similar training process is observed in Fig. 6(b), which demon-
strates rapid convergence to low error (MSE < 1 × 10−3 ) and high 
explanatory power (R2 > 97%). The close alignment of the curves 
for Dtrain and Dtest highlights the robust generalization capability 
of the model in estimating missing sensor data. These results indi-
cate that the proposed ConvLSTM-Fire model achieves high accu-
racy in inference from point measurements to spatial fields,
while effectively reconstructing missing temperature values using
historical sensor array data.
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Fig. 6. Training process of ConvLSTM-Fire: (a) 2D temperature field inversion and (b) missing data remediation.
3.3. Fire-emergency agent based on hybrid AI technology

The hybrid fire-emergency agent is driven by both the well-
trained ConvLSTM-Fire model and a pre-defined LLM. Fig. 7 
demonstrates the specific configuration of the agent, which is 
designed to meet the emergency interaction demands of users.
The LLM is benchmarked against ChatGPT-4o based on the Trans-
former architecture [59,60] and is fine-tuned with domain knowl-
edge related to ConvLSTM-Fire, including model location, data 
semantics, and invocation parameters. Environmental data from 
sensing systems deployed within the building are synchronized
with the IoT database, enabling ConvLSTM-Fire to generate real-
Fig. 7. Configuration of components within the hybrid fi

7

time 2D temperature slices. When users require information sup-
port, the LLM invokes ConvLSTM-Fire to obtain up-to-date fire sit-
uational information and provide customized guidance. Unlike 
conventional LLMs that generate generic responses, this frame-
work would consider the dynamic data thanks to deep learning
models and sensor data, thereby delivering highly contextualized
decision support during fire emergencies.

The practical effectiveness of the proposed agent arises from the 
synergy between a self-driven framework and LLM-based code 
generation. Because LLM-generated data-processing mechanisms
cannot be manually executed within a limited emergency response
time, a self-driven framework is integrated to perform tasks
re-emergency agent. GUI: graphical user interface.
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autonomously on behalf of users. Based on the text from LLM, this 
agent features an execution function through the invocation of
tools such as Python.

Fig. 8 illustrates the architecture of the proposed self-driven 
agent, in which the LLM serves as the central coordinator. By inte-
grating automated code generation with sequential task orchestra-
tion, the agent can dynamically adapt to user requirements and 
evolving on-site conditions. First, the LLM classifies user queries 
according to their dependence on scenario-specific data. General 
queries are addressed directly using the LLM’s internal knowledge 
base. In contrast, scenario-dependent queries, such as those involv-
ing building temperature distributions, are decomposed into
sequential tasks. For each task, the LLM automatically generates
the corresponding code. To ensure safe and autonomous operation,
the generated code is saved as an executable script and run within
a restricted subprocess to protect core system resources. If runtime
errors occur, the agent captures the error message, updates the
code accordingly, and re-executes the process.

Throughout this workflow, the agent has direct access to deep 
learning models and sensor data. It can automatically load pre-
trained networks, such as the ConvLSTM-Fire model, to infer tem-
perature distributions from sensor inputs. The resulting heat maps 
are stored locally in a database and encoded for further LLM anal-
ysis, enabling more sophisticated and context-specific follow-up 
actions. Under the self-driven architecture, these tasks are exe-
cuted sequentially, and the results are delivered to on-site respon-
ders in an audio-visual, user-friendly manner via cloud services.
Ultimately, the proposed hybrid fire-emergency agent establishes
a closed-loop cycle in which the LLM integrates its natural lan-
guage processing capabilities with real-time data and advanced
deep learning inferences to provide actionable and customized rec-
ommendations to stakeholders.
Fig. 8. LLM-based self-driven mechanism and interaction with well-trained deep
learning models
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4. Results and discussion

4.1. Fire situational awareness

The performance of the ConvLSTM-Fire model is demonstrated 
in terms of sensor data prediction and spatiotemporal inference of 
building-wide temperature distributions, based on numerical and
experimental validation. The numerical scenario shown in Fig. 3 
(a) is selected, in which the fire source is located in the middle 
room with a maximum heat release rate (HRR) of 2 MW m−2. To
maintain continuous combustion, the remanding rooms are vented
to the external atmosphere. Fig. 9 presents an accuracy validation 
of the ConvLSTM-Fire model for temperature time histories at six 
sensor locations. The sampling time period covers three different 
fire phases: ignition, growth, and full development. In each sub-
plot, the predicted temperature at the sensor location is extracted 
from the 2D building temperature field generated by the
ConvLSTM-Fire model. The predicted temperature aligns closely
with the benchmark data in both trend and magnitude, although
temperature fluctuations at the sensor (corridor middle) are pre-
dicted more conservatively.

This demonstrates that the AI-driven inversion effectively cap-
tures the spatial relationship between sensor measurements and 
the temperature distribution. Furthermore, when a given sensor
is assumed to fail, the temperature of the missing sensor is inferred
solely from the remaining five sensors. Fig. 9(c) shows that the 
remediation of the sensor (right room) initially deviates from the 
benchmark from 50 to 70 s but is subsequently corrected, high-
lighting the robustness of the proposed model. Overall, 
ConvLSTM-F ire exhibits strong predictive correction capability by
leveraging historical data from multiple sensors. The remediated
temperature curve closely aligns with the benchmark data while
effectively reducing spurious fluctuations.

Fig. 1 0 compares the 2D spatiotemporal temperature evolution 
obtained from CFD simulations with that predicted by the
ConvLSTM-Fire model (Video S1 in Appendix A for more details). 
The CFD results in the left column serve as the benchmark. The 
middle column illustrates the temperature field inverted by 
ConvLSTM-Fire using data from six sensors. The right column pre-
sents predictions assuming that the sensor (middle room) is com-
promised after the environmental condition exceeds its survival 
threshold. Temporally, the ConvLSTM-Fire model exhibits temper-
ature evolution patterns similar to the CFD benchmark for both 
direct inversion and data remediation cases. A localized high-
temperature region emerges in the Middle Room at approximately 
60 s and expands rapidly until 120 s. Temperatures in the remain-
ing rooms gradually increase and stabilize over time. Spatially, the
model accurately captures key distribution characteristics, includ-
ing distinct temperature differences among the four rooms and
pronounced temperature gradients within the middle room. Local-
ized hot spots near inter-room connections are also reproduced,
indicating the invasion pathways of high-temperature gases. Over-
all, ConvLSTM-Fire faithfully reproduces the spatiotemporal evolu-
tion of building fire in a numerical scenario, providing reliable
environmental awareness information for downstream LLM-
based decision support.

To demonstrate the generalization capability and practical cred-
ibility of the proposed method, a full-scale building fire experiment
was conducted at the Guangzhou Institute of Industrial Technol-
ogy. Fig. 11(a) shows the experimental setup, whose structural 
configuration follows the PRS-SI test reference and is consistent 
with the ConvLSTM-Fire model. For the experimental scenario, 
six wireless sensors were installed according to the simulation
case, and detailed information on the sensing system configuration
can be found in [18]. The middle room was selected as the
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Fig. 9. Accuracy validation of ConvLSTM-Fire based on sensor data.
combustion chamber, with a gasoline pool (50 cm × 50 cm × 5 cm) 
placed at the center. Internal doors within the building were kept
open to ensure gas circulation, while doors connecting to the out-
side environment were closed.

The recorded temperature–time histories are shown in Fig. 11 
(b). Compared with the simulated scenario, the experiment exhi-
bits a complete combustion process, including a decay stage. For 
safety concerns, the fire source was constrained, resulting in a peak 
temperature of approximately 62 °C, which is more conservative
than in the numerical case. In addition, the limited fuel supply
was insufficient to sustain the peak temperature. These constraints
introduce substantial differences from the numerical database,
9

providing a suitable and challenging test case for validating the
proposed method.

Fig. 12 illustrates the situational awareness of the experimental 
building fire inferred using the ConvLSTM-Fire model. Taking the 
sensor in the sensor (middle room) that exhibits the most pro-
nounced temperature variation as reference, Fig. 12(a) compares 
the experimental measurements with the ConvLSTM-Fire outputs. 
The temperature values inferred through field inversion indicate a 
more dangerous prediction. The remediated data under sensor 
failure conditions provide a more conservative estimate with a
modest delay in peak timing. Nevertheless, both AI-driven curves
reproduce similar variation patterns, such as the rapid decline
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Fig. 10. Comparison of temperature fields between CFD and the ConvLSTM-Fire model. (a) Left column: benchmark data from CFD; (b) middle column: AI-driven prediction
based on sensors; (c) right column: AI-driven prediction assuming failure of the sensor (middle room). Please see Video S1 for more details.

Fig. 11. Full-scale building fire (a) experiment and (b) historical data.
following the peak temperature. The consistency with experimen-
tal trends demonstrates the resiliency of ConvLSTM-Fire in fire
information inference. Fig. 12(b) presents the 2D temperature field 
at a representative time (t = 450 s), highlighting potential thermal 
hazards within the building. As the fire data generated by the
model has been validated for reliability, this temperature field
can serve as scene input for the LLM to generate fire-aware and
context-specific guidance.
10
4.2. Quantitative evaluation of LLM-driven output

To address the limitation that generic knowledge alone cannot 
provide LLMs with scene-specific understanding, the suitability 
of AI-driven fire data as domain knowledge for decision support
is evaluated under experimental conditions.

Based on the representative large language model ChatGPT-4o, 
three decision modes are developed: ‘‘LLM-Generic,” which
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Fig. 12. Fire situational awareness for the experimental scenario driven by the ConvLSTM-Fire model.
responds to user queries without incorporating fire scene data; 
‘‘LLM+6-Sensors,” which augments queries with 6 sensor measure-
ments from the IoT system as domain knowledge; and ‘‘LLM+2D-
Temp”, which uses the 2D temperature field generated by the 
ConvLSTM-Fire model as contextual input. To enable quantitative 
analysis and reduce output variability, a fixed system prompt is
applied to standardize the response format. For each room, the out-
put is constrained to the structured format {‘‘name”, ‘‘T_max_C”,
‘‘T_fre_C”, ‘‘risk”, ‘‘ff_entry”, ‘‘actions”}. Under this configuration,
responses are generated for all three decision modes.

It is necessary to establish benchmark emergency response 
measures for evaluating LLM outputs. As no published references 
are available for this specific scenario, a room-level action plan is
manually constructed based on an analysis of the temperature dis-
tribution. According to the Code of Practice for Fire Safety in Build-
ings [61] in Hong Kong, a temperature threshold of 60 ℃ is 
applied to classify risk and determine firefighter entry policies. 
The resulting action plan is then formatted by ChatGPT as the ref-
erence for metric calculation. The responses generated under the
three different modes are presented in Table 3. 

To quantitatively evaluate the quality of the three different 
decision modes, the relevant metrics are summarized in Table 4 
and compared in Fig. 13. Bilingual evaluation understudy (BLEU) 
is adopted to measure the textual accuracy of LLM-generated
responses, defined as follows:
Table 3 
Comparison between the reference and three different decision modes.

Type Content 

Reference Left Room: peak 40.8 °C, reference 38.4 °C, estimated incap
routine_search, continuous_monitoring. Middle room: peak
moderate; entry: limited_entry_with_cooling; actions: doo
peak 41.3 °C, reference 38.3 °C, estimated incapacitation ti
routine_search, continuous_monitoring. Corridor: peak 35.9
entry_allowed_with_caution; actions: routine_search, cont
caution; cool down doorway when entry middle room and
evaluate if temperatures rise

LLM-Generic Information is insufficient for room-level decisions. Adhere
resources for cooling from safe positions. Only after condit

LLM+6-Sensors Left room: 36.9 °C; entry allowed with caution and continu
control. Right room: 33.1 °C; entry allowed with caution an
continuous monitoring. Overall priority: cool the hottest s

LLM+2D-Temp Left room: peak 41 °C, reference 39 °C; conditions are gene
Middle room: temperatures more than 60 °C; employ door
reference 39 °C; conditions are generally allowed entry wit
reference 34 °C; conditions are generally allowed entry wit
search path and search rooms with entry allowed while m

11
Pn 
mn 

g n
6-1

BLEU BP exp 
N 

n 1 
W nlog Pn 6-2

where Pn denotes the precision at the n-gram level between the 
generated text and the reference texts; mn denotes the number of 
matched n-grams; gn denotes the total number of n-grams in the 
generated text. BP represents the brevity penalty, and Wn =  1/N. 
The upper bound of N is set to 4, meaning that up to 4-gram accu-
racy is considered. In addition, Recall-oriented Understudy for
Gisting Evaluation (ROUGE) is employed to incorporate recall-
based information, reflecting the coverage of the generated
responses:

Rn 
mn 

r n
7-1

ROUGEF1 
2 Pn Rn 

P n Rn
7-2

where Rn denotes the recall rate at the n-gram level between the 
generated text and the reference text; rn denotes the total number
of n-grams in the reference text.

In addition, semantic similarity can be quantified by mapping 
text into vector representations. Specifically, texts are vectorized
acitation time ≈ 782 min; risk: low; entry: entry_allowed_with_caution; actions: 
 72.0 °C, reference 60.1 °C, estimated incapacitation time ≈ 80.9 min; risk: 
rway_cooling, short_entry_with_monitoring, ventilation_control. Right room: 
me ≈ 601.4 min; risk: low; entry: entry_allowed_with_caution; actions:
°C, reference 32.3°C, estimated incapacitation time ≈ 997.5 min; risk: low; entry:
inuous_monitoring. Overall priority: search rooms where entry is allowed with
limit entry time; maintain continuous monitoring and ventilation control; re-

 to fire safety SOPs: control ventilation, ensure occupant evacuation, and stage 
ions are verified as tenable should teams consider brief interior reconnaissance
ous monitoring. Middle room: 62.0 °C; limited entry with cooling and ventilation 
d continuous monitoring. Corridor: 33.3 °C; entry allowed with caution and
pace first (if ≥ 60 °C), otherwise proceed with cautious search and monitoring
rally allowed entry with caution for routine search and continuous monitoring. 
way cooling and limit entry time with monitoring. Right room: peak 41.3 °C, 
h caution for routine search and continuous monitoring. Corridor: peak 37 °C,
h caution for routine search and continuous monitoring. Overall priority: follow
aintaining ventilation control; reassess if temperatures rise
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Table 4 
Quantitative evaluations of the responses generated by three different decision modes.

Test metrics Item LLM-Generic LLM+6-Sensors LLM+2D-Temp 

BLEU SCORE (Uni-gram) — 0.0091 0.2023 0.3147 
BLEU SCORE (Bi-gram) — 0.0000 0.1544 0.2431 
Rouge1 Precision 0.2667 0.6484 0.5820 

Recall 0.0609 0.2995 0.3604 
F1 0.0992 0.4097 0.4451 

Rouge2 Precision 0.0000 0.3778 0.3471 
Recall 0.0000 0.1735 0.2143 
F1 0.0000 0.2378 0.2650 

RougeL Precision 0.1556 0.4835 0.5082 
Recall 0.0355 0.2234 0.3147 
F1 0.0579 0.3056 0.3887 

Cosine similarity — 0.0444 0.2896 0.3226 
Euclidean distance — 1.3825 1.1920 1.1640 

Fig. 13. Evaluation result histogram for three different decision modes (Uni means
unigram, 1-gram; Bi means bigram, 2-gram).
using Bidirectional Encoder Representation from Transformers 
(BERT) embeddings, and the cosine similarity between the refer-
ence texts (A) and the generated response (B) is computed as:

Similarity A B A B 
A B 

z 
i 1 Ai Bi 

z 
i 1A

2
i

z
i 1B

2
i
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Furthermore, the Euclidean distance between the two vectors 
A =  (x1, x2, , xz) and B =  (y1, y2, , yz) can be employed to quantify
semantic dissimilarity [62,63] defined as follows:

Distance A B A B 
z 

i 1 
xi yi

2 9

The LLM-Generic mode exhibits minimal lexical overlap and 
weak semantic similarity across all evaluation metrics. Its poor 
performance in BLEU_Bi and Rouge2 indicates a lack of effective 
scenario-specific action guidance, such as ‘‘doorway_cooling.” For 
LLM+6-Sensors, the inclusion of IoT sensor data significantly 
improves inference performance at the room level by enabling cus-
tomizing decisions, for example, ‘‘middle room: limited entry with 
cooling.” However, the further improvement in BLEU and ROUGE 
scores for LLM+2D-Temp demonstrates higher textual accuracy
and broader content coverage compared with LLM+6-Sensors. In
addition, LLM+2D-Temp achieves the strongest semantic similar-
ity, with the highest cosine similarity (Cos) and the smallest Eucli-
dean distance (ED). Overall, the LLM+2D-Temp model, which
incorporates a full 2D temperature map, achieves a better balance
between precision (Pre.) and comprehensiveness for the specific
fire scenario. As more scene-specific information is provided, the
12
actionability of LLM responses improves substantially. When 
equipped with ConvLSTM-Fire, LLM+2D-Temp enables opera-
tionally meaningful guidance for emergency response in building
fire accidents.

4.3. Fire-emergency response and decision support

A hybrid self-driven fire-emergency agent can address a wide 
range of emergency response needs, including basic user interac-
tions as well as the invocation of well-trained deep learning mod-
els for functional redevelopment and emergency decision-making.

To improve human–computer interaction, the GUI for the pro-
posed agent is developed, as shown in Fig. 14. This interface 
demonstrates general interaction based solely on the pre-
embedded model knowledge. An initial understanding of the agent 
can be obtained through a query such as: ‘‘Hi, please describe the 
difference between you and the generic large language model? 
And what are your unique applications in smart firefighting?” 
Because information related to the deep learning models is pre-
initialized, no additional data sources are required to generate a 
response. In replying to this query, the agent highlights key fea-
tures, including domain expertise, practical implementation, and
safety awareness. In addition, the agent demonstrates a compre-
hensive understanding of the functionality of the integrated pre-
trained deep learning models. It summarizes its unique smart fire-
fighting application when combined with the ConvLSTM-Fire
model, such as temperature monitoring, heat mapping, predictive
analysis, and safety alerts (Video S2 in Appendix A for more 
details). These capabilities enable users to more effectively utilize 
the model and support further functional development based on
its strengths.

Fig. 1 5 provides an end-to-end demonstration of deep learning 
model invocation and subsequent processing by the self-driven
agent, exemplified through three representative use cases. Fig. 15 
(a) shows how users can directly invoke the prediction function 
of the ConvLSTM-Fire model using natural language commands. 
The query is ‘‘If the data from 6 temperature sensors at this point 
is (80, 100, 150, 60, 78, 130), give the temperature plan of the 
building.” The LLM interprets the request and generates a five-
step action sequence: ① normalize input data, ② load the model,
③ use the model to prediction, ④ de-normalize the output, and
⑤ visualize the results and generate a runnable program script.
The script is then automatically executed within the self-driven
framework to produce the building-wide temperature distribution.

Fig. 15(b) illustrates a functional redevelopment scenario in 
which the user requests both the mean and maximum temperature 
values to quantify overall building fire conditions. Using the gener-
ated 2D temperature array, the agent computes an average tem-
perature of 70.15 °C and a maximum temperature of 186.14 °C,
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Fig. 14. GUI-based generic interactions (Video S2 for more details).

Fig. 15. Agent-driven ConvLSTM-Fire model invocation and functional re-development (Video S3 for details).
with the result returned directly in the chat interface. Fig. 15(c) 
demonstrates another redevelopment case focused on hazardous 
area identification. By designing a temperature threshold of 
90 °C, the agent automatically classifies the temperature field into 
hazardous and non-hazardous zones and presents the results in a 
colorized visualization. This approach simplifies complex spatial
distributions into actionable visual information, thereby support-
ing decision-making and enabling users to focus on evacuation
strategy development based on their proximity to hazardous zones
(Video S3 in Appendix A for details). 

Fig. 16 illustrates emergency decisions supported by fire situa-
tional awareness and audio-based interaction. In this configura-
tion, visual outputs generated by the ConvLSTM-Fire model are 
stored locally and retrieved through a prescribed path. The visual 
information is encoded and parsed for communication with the 
LLM, enabling the agent to analyze and interpret AI-generated pre-
diction results. As shown in the response to Q5, the agent demon-
strates advanced image comprehension capabilities, as it not only
recognizes the color bar and associated text but also correctly
13
interprets color variations as representations of the building tem-
perature distribution. In addition, the agent exhibits spatial aware-
ness by identifying darker regions corresponding to walls, thereby 
segmenting the building layout into four distinct rooms. This
capacity to interpret visual cues confers a comprehensive under-
standing of the environment, supporting more nuanced reasoning
and informed emergency decision-making.

In response to a follow-up inquiry regarding room entry feasi-
bility, the smart fire-emergency agent provides accurate guidance 
based on the uploaded temperature distribution and predefined 
temperature damage guidelines. For the top–right room, which 
exhibits hazardous conditions, the agent clearly advises against 
entry. For the other two rooms with lower temperatures, the agent 
supports entry while emphasizing the need for continuous situa-
tional awareness. Rather than relying solely on precise numerical
outputs from the ConvLSTM-Fire model, the agent derives a pre-
liminary risk hierarchy from the visual temperature map and user
instructions. This demonstrates its ability to integrate information
from multiple data sources and generate actionable insights in real
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Fig. 16. Emergency decision supported by fire situational awareness and audio interaction (Video S4 for more details).
time, which is particularly valuable in emergency scenarios requir-
ing rapid decision-making. In addition, the use of voice input and 
text-to-speech output reduces the cognitive and attentional 
demands on operators. As a result, the agent avoids imposing
excessive decision-making burden and shows promise as an effec-
tive emergency decision-support aid (Video S4 in Appendix A for 
details). 

Coupled with automated interaction mechanisms involving 
deep learning models and IoT devices, the proposed agent signifi-
cantly expands its problem-solving capabilities, particularly in 
tracking evolving fire patterns. Such situational dynamics-based 
information support has the potential to help humans overcome 
cognitive limitations, thereby providing more scientifically
grounded guidance for emergency response. Overall, the hybrid
self-driven fire-emergency agent effectively addresses emergency
response demands during building fires, making the practical
implementation of smart firefighting technology technically
feasible.

5. Conclusion s

To overcome the practicality challenges of smart firefighting 
systems, this study proposed a self-driven smart agent framework 
that enables dynamic, situational-awareness emergency response 
for diverse firefighting requirements in building fires. As the foun-
dation for real-time situational awareness, the deep learning 
model ConvLSTM-Fire was developed to perform spatiotemporal 
inference of temperature fields, even under extreme conditions
where critical sensor data may be compromised. Based on discrete
sensor arrays, ConvLSTM-Fire reconstructs 2D building tempera-
ture slices with over 97% accuracy by intelligently compensating
for sensor data loss through historical data analysis.

Building on the dynamic characteristics of the fire scenes, a 
domain-specific LLM was developed to overcome the limitations 
of generic knowledge optimization in guiding scenario-specific fire
response. Through interaction between the LLM and specialized
14
deep learning models, such as ConvLSTM-Fire, the proposed agent 
enables customized decision-making strategies based on building 
fire information. Using natural language queries, the agent auto-
matically orchestrates temperature prediction and decision-
making processes, thereby delivering actionable guidance tailored
to the unique requirements of different stakeholders.

Moreover, this work equips the agent with a novel self-driven 
framework for functional redevelopment. By establishing opera-
tional mechanisms that execute LLM-generated information 
within the local environment, the agent can autonomously reason 
and execute actions in emergency scenarios, including model invo-
cation and data processing. This framework provides a generic 
impleme ntation foundation for smart firefighting systems,
enabling agents to respond to diverse user requirements in real
time. Supported by the GUI with audio interaction capabilities,
the proposed system reduces constraints related to time, expertise,
and platform dependence, fostering end-to-end interaction
between users and smart firefighting systems.

Overall, the proposed hybrid self-driven fire-emergency agent 
substantially advances the practical deployment of smart firefight-
ing technologies. By combining robust data analytics with intuitive 
human–computer interactions, the agent establishes a foundation
for more adaptive fire management systems that align with the
evolving demands of modern smart city environments.

To address the limitations of this study, future work will further 
investigate the ConvLSTM-Fire model through architectural opti-
mization and robustness testing under multi-sensor failure condi-
tions. The enhanced model is expected to provide higher-fidelity 
environmental awareness information for downstream large lan-
guage models. In addition, survival thresholds for different sensor 
types under building fire conditions can be identified to inform
the initiation of data remediation mechanisms. Furthermore,
improving the real-time response speed of the model remains a
priority to enhance overall system resilience. Through optimized
deployment strategies and query handling, the negative effects of
network latency can be further mitigated.
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