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A B S T R A C T

Fuel load assessment is essential to evaluate fire hazard and risk in fire engineering design for infrastructure,
safety management, and firefighting operations. This study introduces an intelligent method to automatically
assess indoor fuel load and fire safety by leveraging a digitized fuel load database and computer vision. First, a
well-trained fuel recognition AI model automatically estimates the fuel load through image segmentation and
classification. Next, fire hazard is predicted based on a parametric temperature-time model to evaluate fire safety
and risk. The AI-aided assessment tool is open-access in a web application for free and real-time operation by
feeding images from surveillance cameras and 360 panoramic cameras. A case study in an open office demon-
strates the smart fuel load assessment achieving an agreement of above 94%, compared to the digitized survey
method. Based on the AI-predicted fuel load, the estimated fire duration and maximum gas temperature are 32%
and 13% higher, respectively, than the code-based assessments. Moreover, a fire risk heatmap is auto-generated
to visualize the spatial distribution of high-load fuels and potential fire spread hazards. This automatic method
enhances the accessibility, convenience, and cost-effectiveness of fuel load assessment while ensuring
commendable accuracy. The application of this AI tool enables more accurate predictions of fire behavior,
thereby supporting smart firefighting strategies and more effective emergency response.

NomenclatureSymbols

A Area of surveyed room (m2)
b Side length of influence area in heatmap (m)
Ci Color of influence area in the heatmap
Hi Fuel load of each flammable item i (MJ/kg)
Hu,j Net heat of combustion (MJ/kg)
hij View transformation parameter
k Form parameter
mi Mass of flammable item i (kg)
O Opening factor
q Fuel load density (MJ/m2)
Qi Fire risk level of each fuel category
Ri Standardized risk factor
R2 Coefficient of determination

t Time (hour)
α Scale parameter
β Position parameter
φj Proportion of material j (%)
γ Combustion factor
δq1 Fire activation risk factor due to compartment size
δq2 Fire activation risk factor due to compartment type
δq3 Factor considering active firefighting measures
Θg Gas temperature in the compartment (◦C)

Abbreviations
AI Artificial intelligence
APP Application
GEV Generalized extreme value distribution
HRR Heat release rate
MSE Mean square error
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PBD Performance-based design
PTC Parametric temperature curve
SD Standard deviation

1. Introduction

Fuel load with a unit of megajoule (MJ) refers to the quantity of
energy released by the complete combustion of all combustible material
in a fire compartment (Fontana et al., 2016). Fuel load density refers to
the quantity of combustibles per unit floor area, measured in MJ/m².
Determining fuel load density in a compartment is the initial step of
performance-based structural fire-resistance design and fire safety
assessment (Shetty et al., 1998). It significantly affects the maximum gas
temperature and fire development over time, along with other major
factors like ventilation conditions (Zhang and Huang, 2024), compart-
ment geometry, and thermal properties of compartment boundaries
(Zhang et al., 2024a). Therefore, determining the fuel load is significant
to estimating the appropriate design fires for structural fire design and
assessment.

Structural design is increasingly shifting from prescriptive ap-
proaches to performance-based design (PBD), especially in cases where
the design can be improved or optimized for safety and cost. In PBD,
traditional code-based standard fire curves are replaced by natural fire
curves (Gernay, 2019). Compared with the typical compartment fire
curves, the parametric temperature-time curve (PTC) for structural fire
design starts from the flashover and aims to estimate the temperature
history only in the fully developed stage as the most dangerous period,
because most structural failure occurs after the flashover (Ma and
Mäkeläinen, 2000). Numerical fire models, such as computational fluid
dynamics (CFD), are often too complex, and not suitable for light soft-
ware packages that prioritize convenience for structural design pur-
poses. Therefore, the parametric temperature-time curve offers a useful,
simple, and convenient calculation procedure with a practical degree of
accuracy, and is widely used in structural fire design (Ma and
Mäkeläinen, 2000).

Fuel load density is one of the most important input parameters of
PTC in structural fire safety assessment, and the determination of fuel
load in a room is a relatively difficult task. For the structural design
phase, that value is evaluated based on a deterministic value specific to
the occupancy category provided by building codes and standards
(National Fire Protection Association (NFPA) (NFPA), 2012; Institution,

2021; The Building Center of Japan, 2011; Her Excellency the
Governor-General in Council, 2012). Statistics from numerous fuel load
surveys are the basis for the fuel load design values in the codes and
standards. Current fuel load survey methods include direct weighing
(Caro and Milke, 1996), estimating from inventories (Kumar and Rao,
1997), a combination of weighing and inventory (Zalok and Eduful,
2013), use of questionnaires (Bwalya et al., 2004), and machine
vison-based digitized method (Elhami-Khorasani et al., 2021a). The
details of these methods are listed in Table 1. The direct weighing
method (Caro and Milke, 1996) directly measures the mass of each fuel
and calculates the total fuel load by multiplying the mass by the net heat
calorific value of the composite materials. The inventory method
(Kumar and Rao, 1997) estimates the mass of fuels by measuring their
dimensions and calculating their volume. This volume is then multiplied
by the density of the materials to determine the mass, using a similar
item from catalogs as a reference. The questionnaire method (Bwalya
et al., 2004) distributes survey sheets to room users, who provide in-
formation about the fuels present in their spaces. The common limita-
tions of these methods include that the survey efficiency is low, and the
size and fuel load of large items are not easy to measure. Therefore,
simplifying and accelerating the measurement process is an urgent issue
for high-efficiency and extensive fuel load data collection.

Onsite determination of fuel load density contributes to the fire
safety and structural fire stability assessment of a compartment. The
design values of fuel load density of a specific room category in codes
and standards (National Fire Protection Association (NFPA) (NFPA),
2012; The Building Center of Japan, 2011; Her Excellency the
Governor-General in Council, 2012) could be conservative or under-
estimated; for example, Eurocode (Institution, 2021) recommends using
a fuel load of 80 % fractile. However, using such design values to infer
temperature-time evolution induces error and may not reflect the true
fire-resistance performance of the structure (Barnett, 2007). Therefore,
for the fire safety assessment of a given compartment it is more reliable
to use the onsite fuel load survey result of that specific compartment as
the input for inferring the parametric temperature-time curve. In addi-
tion, efficient and accurate fuel surveying methods are needed to
regularly evaluate and update code and standard values. Existing fuel
load assessments are not efficient, making it challenging to support
timely assessment of fire risk, structural fire resistance, and firefighting
safety (Jadon and Kumar, 2025).

In recent years, artificial intelligence (AI) technologies based on big
data, deep learning (DL) models, and computer vision (CV) algorithms
are widely merged in fire safety engineering (Huang et al., 2022) e.g.,
fire detection (Liu et al., 2024), fire calorimetry (Wang et al., 2023a),
prediction of temperature and smoke development (Kumari et al.,
2021), fire critical events forecast (Zhang et al., 2024a, 2022a) and fire
evacuation prediction and guidance (Zhang et al., 2024b; Ding et al.,
2023). In particular, our previous work has studied how to use deep
learning and CV algorithms to extract fire heat release rate (HRR) only
from a fire image (Wang et al., 2023a, 2023b, 2022). In this study, we
adopt deep learning and CV methods to train an AI model to conduct
pixel-level image processing for fuel load recognition from fuel images.
For example, the trained AI model could extract information from an
onsite fuel photo to enable automatic detection (Zou et al., 2023) of
fuels’ location, instance segmentation (Liu et al., 2018) to eliminate the
irrelevant background, and classification (Deng et al., 2009) of fuels’
categories for matching corresponding calorific value and calculating
fuel load. To develop the above AI engine, a fuel load database and a
fitted CV-task deep learning model are indispensable for AI training.

This work aims to develop an AI-aided methodology to automatically
identify fuel loads from room images for simplifying and accelerating
the survey process and fire safety assessment. To this end, the paper
makes the following contributions (Fig. 1):

Table 1
Comparison of fuel load measurement methods.

Method Description Pros Cons

Direct weighing (
Caro and Milke,
1996)

Direct
measurement of the
weight of the
combustibles

Accurate Infeasible and
time-consuming

Inventory
Kumar and Rao,
(1997)

Indirect estimation
of the weight by
measuring the
dimension and the
density of the fuels.

Acceptable
Accuracy

Difficult and time-
consuming

Questionnaire
Bwalya et al.,
(2004)

Distribution of
questionnaires and
estimation of the
fuels through
photographic
selection and
inventory tables.

Easy
operation

Accuracy depends
on subjective
inputs, response
rate/
completeness, and
hard to verify.

Digitized survey (
Elhami-Khorasani
et al., 2021a)

Virtual
measurement of
fuel dimensions
and accessing
online inventory
database to obtain
weight and
materials of fuels.

Moderately
easy
operation and
accurate
result

Time-consuming
and hard to match
in an online
inventory database
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I. Expanding an existing digitized fuel load database by incorpo-
rating a comprehensive collection of images and fuel load labels
for sorted fuels (Section 2).

II. Training a fuel recognition deep learning model, incorporating
fuel classification, detection, and segmentation using the pro-
posed database. Additionally, a web software tool integrated with
the pre-trained AI model and MySQL database is developed for
rapid and convenient assessment of fuel load density and para-
metric temperature-time curve (Section 3).

III. Demonstrating the methodology in an office compartment to
validate the feasibility and convenience of fuel load measurement
and fire safety assessment (Section 4).

2. Digitized fuel load database

2.1. Digitized data collection methodology

The collection of fuel load data derives from a series of fuel load
surveys in the USA (46 rooms) and China (27 rooms) using the digitized
survey methodology proposed by Elhami-Khorasani et al
(Elhami-Khorasani et al., 2021a). as part of a project supported by the
NFPA Fire Protection Research Foundation. The overall flowchart of the
digitized survey method is shown in Fig. 2(a) with the major procedure
consisting of the following steps:

• Step 1 – onsite survey: The surveyor takes snapshots of all potential
fuel items and uses virtual measurement tools on a smartphone to
determine their dimensions. Additionally, the surveyor needs to
collect information about the room, including the layout, di-
mensions, and usage details.

• Step 2 – match online inventory database: The collected photos
are uploaded to the online inventory engines (i.e., Google Lens
https://lens.google/ or Amazon Visual Search https://www.amazon.
com/visual-search) to search for similar commodities with the
surveying items and find their specifications to obtain the corre-
sponding dimensions, mass, and material compositions.

• Step 3 – calculate fuel load and data storage: After the onsite
survey, the collected data including the fuel item photos, dimen-
sional measurements, and floor area of the room are uploaded to a
dedicated survey application. This application then calculates the
fuel load by multiplying the mass and material composition of each
item by its corresponding calorific value by Eq. 1. The net heat of
combustion of various typical materials (Elhami-Khorasani et al.,
2019) is listed in Table A1 in Appendix. Finally, the surveyed data
are stored in a structured online database by linking it to the SQL
server.

Fig. 1. Overall framework of this work.
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Hi =
∑n

j=1
φj •mi • Hu,j (1)

q =
∑

iHi
A

(2)

where, Hi − Fuel load of each flammable item (MJ), φj − Proportion of
material j in the specific flammable item i (%), mi − Mass of the flam-
mable item i (kg), Hu,j − Net heat of combustion or calorific value (MJ/
kg), q − Fuel load density (MJ/m2), and A − Area of surveyed room
(m2).

• Step 4 – data visualization and analysis: the surveyor obtains the
total fuel load density by Eq. (2) for movable and fixed contents, and
exports the data to conduct statistical analysis as required.

Using the above survey method, we investigated a total of 73 offices
in different states of the USA, Mainland and Hong Kong of China, and
collected over 1000 data-pair (raw photo and fuel load value) of com-
mon combustible furniture and electronic categories. As shown in Fig. 2
(b), the collected data-pair was conducted for further deep learning
model development processing.

Fig. 2. Digitized fuel load database for AI model development (a) Flowchart of fuel load data collection using digitized survey methodology, (b) Procedure of fuel
segmentation dataset for AI training.
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2.2. Preparation of fuel recognition dataset

Developing a deep learning model for fuel recognition containing
segmentation, classification, and calorimetry of fuels requires a custom
dataset with annotation labels. Fig. 2(b) illustrates the procedure from
the raw digitized database to a fuel recognition dataset for AI training.

As shown in Fig. 2(b), the collected fuel data were categorized as 12
classes of common furniture (e.g., table, chair, bookshelf, drawer, etc.)
and electronics (e.g., computer, monitor, printer, etc.) in the initial step.
However, chairs and tables were found to be the most common movable
fuels in modern compartments during the onsite surveys, and their di-
mensions differ a lot. To reduce the error induced by the dimensions of
diverse chairs and desks, they were further categorized according to the
observed shape features and size, shown in Fig. 3 and Fig. A1 in the
Appendix. A common single desk no wider than 1.5 m and without
drawers is categorized as a “Small desk.” A single desk combined with a
drawer and a width over 1.5 m is regarded as a “Medium desk.” A large
L-shaped or U-shaped office desk with a width of around 2 m is

categorized as a “Big desk.” Similarly, a light, small single chair made
from plastic or with a small amount of cotton is classified as a “Small
chair.” In contrast, a bigger chair with more wood, fabric, and cotton is
classified as a “Big chair,” such as sofa chairs and big ergonomic chairs.
Fig. 3 illustrates the statistical distributions of fuel load values for
categorized desks and chairs, and different categories show distinct
clusters of fuel load.

Moreover, the images of other common furniture and electronics in
the surveyed offices were selected, cleaned, and shuffled in the dataset.
Example images of all categories of common movable fuels are shown in
Fig. A1. After annotation using the standard instance segmentation
formats (Torralba et al., 2010) with a professional pattern recognition
annotation tool, the dataset containing original images and corre-
sponding label files (2D pixel coordinates of segmentation points) can be
used to train, validate, and test the fuel recognition deep learning model.

2.3. Statistical analysis of representative fuel load values

In this section, statistical analysis was conducted to obtain repre-
sentative fuel load values of different fuel categories, which would be
used as the label value for fuel load identification. The fitted cumulative
distributions of fuel load values for different fuel categories are shown in
Fig. A2, where the Gumbel distribution function (Cooray, 2010) is used
to fit the cumulative probabilities, which is the prescribed distribution
for fuel load density in the Eurocode (Institution, 2021). The probability
density function of Gumbel distribution (Cooray, 2010) is as Eq. (3):

f(x) = αexp{ − α(x − β) − exp[ − α(x − β)]} (3)

where α is the scale parameter, and β is the position parameter.
Moreover, the coefficient of determination (R2) and mean squared

error (MSE) are used as the metrics to show the fitting performance,
calculated as Eqs. (4) and (5):

R2 = 1 −
∑

(Yi − Ŷ i)2
∑

(Yi − Yi)2
(4)

MSE =
1
n
∑n

i=1
(Yi − Ŷ i)2 (5)

where, n represents the number of samples, Yi represents observed value
(red scatter), Ŷ i represents fitting value, Yi represents mean value of
observed values.

The mean and standard deviation values of each fuel category are

Fig. 3. Statistical distributions of fuel load values of surveyed desks and chairs.

Table 2
Summary of label values of fuel load (MJ) for different fuel types and corre-
sponding image number.

Category Type Mean
value
μ (MJ)

STD
σ
(MJ)

Typical
value
qk (MJ)

Number of
images

Furniture Big desk 3026 781 3588 44
Medium desk 960 290 1169 33
Big chair 368 100 440 156
Bookshelf
(empty)

476 367 740 130

Drawer
(empty)

327 245 503 124

Partition 270 135 367 46
Small desk 232 123 320 78
Small chair 126 48 160 163
Trash bin 40 25 57 61
Bookshelf
content

2250 1637 3428 58

Drawer
content

1262 743 1797 110

Electronic Printer 955 656 1427 45
Computer 306 146 411 31
Monitor 213 108 291 91
Coffee maker 38 27 57 21
Keyboard 14.3 6.8 19.2 38
Mouse 3.4 1.8 4.7 31
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calculated from the fitting results in Eqs. (6) and (7), where f(x) rep-
resents the function of the fitted curve. Moreover, the characteristic
value of 80 % fractile of Gumbel distribution for each fuel category is
calculated based on Eq. (8) (Fontana et al., 2016).

μ =
∑∞

i=1
xif(xi) (6)

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑∞

i=1
(xi − μ)2 • f(xi)

√

(7)

qk = 0.72 • μ+ σ (8)

where, μ is the mean value, σ is the standard deviation, qk is the 80 %
fractile value. The mean value and 80 % fractile values (typical value)
are both used as the representative value of the fuel load of different fuel
categories, which are listed in Table 2.

Miscellaneous paper, documents, and books in the drawers and
bookshelf account for a major part of the total movable fuel load.
Therefore, the statistics of fuel load value of drawer content and book-
shelf content are analyzed and shown in Fig. A3. Gumbel distribution is
also used to fit their cumulative distributions. Similar to other fuels, the
representative values of bookshelf content and drawer content are
calculated and listed in Table 2. For AI estimation, the total represen-
tative fuel load of the bookshelf or drawer equals to net fuel load
(without content) plus the content.

3. Automatic assessment with AI computer vision

In this section, an automatic fuel load assessment method is pro-
posed, which utilizes an image recognition model for the classification,
instance segmentation, and calorimetry of fuels. As illustrated in Fig. 4,
the framework of automatic fuel load assessment comprises a user
interface, an AI engine, and a cloud database, which facilitates capturing
and uploading fuel images, processing these images to estimate fuel load
values, and storing all assessment data in a structured cloud spreadsheet.
The integrated application includes uploading, processing, and
analyzing photographs of fuels taken by diverse devices such as CCTV
cameras, 360 panoramic cameras, and mobile portable devices. CCTV
cameras can cover a wide area and reduce the assessment workload, but
a single view angle may result in occlusion and omission of surveyed
items. Panoramic cameras can cover almost all fuels in the survey room
but may lead to severe distortion and recognition errors. The use of
mobile devices to upload images with a single or small quantity of ob-
jects, while requiring more effort, provides the highest recognition ac-
curacy. A case study is demonstrated in Section 4.

The embedded AI engine built on a fuel recognition deep learning
model automatically processes the uploaded images using instance
segmentation to identify the fuel object and its pixel location. Subse-
quently, the classification module recognizes the fuel category for
further calorimetry. The calorimetry process matches the category of the
fuels to a specific representative value derived from statistical analysis,
and this value serves as the fuel load assessment result. Sections 3.2 and
3.3 will provide a detailed development process for the above fuel
recognition model.

3.1. Computer vision and image database

This section applies YOLOv8-seg (Ultralytics, 2023) as the funda-
mental model for fuel recognition (segmentation and classification).
YOLOv8-seg is the instance segmentation sub-model of the YOLOv8
general structure, which enables the implementation of the computer
vision tasks of image classification, object detection, and instance seg-
mentation. Fig. 5(a) illustrates the architecture of YOLOv8-seg, which
combines C2f module, CBS module, and SPPE module as the backbone,
and employs PAN-FPN in the neck part for multilevel feature fusion for
learning more information at various scales. The front-end segmentation
head consists of three branches: regression of bounding box (Bbox),
regression of mask segmentation, and classification. Therefore, the loss
functions according to the above output tensors are DFL loss, CIOU loss,
and Binary cross entropy loss, used for the refinements of segmentation
mask boundaries, object detection Bbox, and classification, respectively
(Li et al., 2023; Zhang et al., 2022a).

The images and annotations in the database were randomly disor-
dered and then split into the training subset (659 images, 60%), the
validation subset (213 images, 20%), and the test subset (213 images,
20%). The training set is utilized to train the model, the validation set is
employed to assess the performance of the trained model during
training, and the test set is utilized to measure the accuracy of object
detection.

The training process is conducted on a desktop computer with the
following configuration: NVIDIA GeForce RTX 4070, 12th Gen Intel(R)
Core (TM) i5-12490F 3.00 GHz. The Pytorch (Paszke et al., 2019) is
applied as the deep learning framework to build the model structure.
During training, the batch size is set as 16, and the model is trained for a
total of 300 epochs to ensure convergence. The training process is shown
in Fig. A4. As the number of epochs increases, both the training loss and
validation loss steadily decrease until reaching a very low value. This
indicates that the model has converged and achieved a consistent and
optimal performance.

Another metric to evaluate the training performance of the deep
learning object detection model is the mean average precision (mAP)

Fig. 4. Framework of proposed intelligent fuel load assessment method.
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Fig. 5. Development of the fuel recognition model (a) YOLOv8-seg architecture for fuel segmentation and (b) Recognition samples from the testing dataset.
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(Zou et al., 2023). mAP is a comprehensive evaluation index combining
Recall (R) and Precision (P), which eliminates the limitation of using a
single metric. The average mAP curves of all classes in the training
process are detailed in Fig. A4(b), in which the solid curve represents the
mAP when the threshold equals 0.5 denoted as mAP @0.5, and the dash
curve represents the average mAP in different thresholds ranging from
0.5 to 0.95 denoted as mAP @0.5:0.95. The mAP curves show that the
prediction accuracy increases with the epochs and the average mAP of
all classes after 300 training epochs achieved over 0.70.

After training, the models are evaluated on the testing dataset, which
contains 213 images of 15 categories. The Recall (R), Precision (P), and
mAP are used as the evaluation metrics, with the testing results shown in
Table 3. The results show that the average mAP50 of Bbox and mask for
all classes is over 0.76, and the average mAP50-90 also exceeds 0.67.
Fig. 5(b) illustrates some examples of fuel load recognition results of
each fuel category in the testing dataset. The reason for different classes
achieving different mAPs can be related to the distinct attributes of each
class. For example, highly accurate classes such as “electronics” have
specialized characteristics that make them easier for the convolutional
neural network to identify these attributes. In contrast, the “desk” class
poses challenges due to the high similarity of features within its sub-
categories. Therefore, more samples of diverse desks, especially “me-
dium desk”, are required to be collected for the training dataset, and
more advanced technologies and algorithms are needed to increase the
recognition accuracy in future work.

3.2. Web software and user interface

The AI-aided software incorporating the proposed deep learning
model is designed to assist fire engineers or any fuel load surveyors in
conducting convenient and fast fuel load surveys and fire safety as-
sessments. Fig. 6(a) illustrates the conceptual design of this AI-aided
web software. The software contains four major sections, e.g., room
information input, fuel recognition module, fuel load assessment page,
and fire safety assessment page. The room information should be
inputted by the surveyor manually, containing the length, width, and
height of the room as well as the weighted average height and width of
the room opening. All of these are crucial parameters for the fuel load
density estimation and the fire development prediction.

The fuel recognition module, incorporating the pre-trained deep
learning model, is the key section of the software responsible for seg-
mentation, classification, and calorimetry from the uploaded photos.
The fuel load assessment page is responsible for summarizing the survey
list and calculating fuel load density. The fire safety assessment is based
on the parametric temperature-time curve model (Institution, 2021) for
compartment fire, facilitating the automatic calculation of maximum

gas temperature and fire duration, etc. All sections are interconnected
via the background MySQL database (MySQL, 2001).

The website user interface is developed by PHP (Hypertext Prepro-
cessor) (Welling and Thomson, 2003) and CSS (Cascading Style Sheet)
(Meyer, 2006), and the backend is based on Python Flask and MySQL
connector. Firstly, the user inputs the room information or selects a
registered room to start a survey. After that, the user enters the panel of
fuel recognition to upload the fuel photo shown in Fig. 6(b). After
clicking the button “calculate”, the software calls the pre-trained deep
learning model to process the image and display the instance segmen-
tation, classification, and calorimetry results. The estimated fuel load
results contain a “mean value” and a “characteristic value”. After
uploading all fuel images, the user can click “check fuel load list” to
enter the fuel load density assessment page, which displays a breakdown
of all surveyed items, a summary of total fuel load, and calculated fuel
load density. After that, users can enter the “Fire safety assessment page”
(Fig. 6c) to check the potential fire development predictions. This page
displays the critical calculation parameters, theoretical maximum tem-
perature, theoretical fire duration and a figure of
temperature-time-curve. A demonstration of the application operations
is shown in Video S1 in Supplementary Material.

4. Demonstration in an office building

In this section, the developed AI-aided software will be used to assess
the fuel load density and fire safety of an office compartment. The sur-
veyed compartment is a large-space open office for research students.
The total floor area is around 129 m2 with a height of 3 m. The material
of the ceiling and floor is concrete, and the enclosure material is brick.
The office is equipped with automatic fire detection and sprinklers. Two
data collection methods are used for comparison, namely individual
image collection by mobile device and wide-view image collection by
360-degree panoramic camera.

4.1. Fuel load assessment by single images

The breakdown of the fuel load assessment of all fuels (over 300
items) in this compartment is listed in Table 4. The calculation results by
the digitized survey method (Elhami-Khorasani et al., 2021a) serve as
the reference data. The estimated total fuel load based on mean values
from AI-aided software is 106,165 MJ, which approximates the
ground-truth value (100,079 MJ). Fig. 7(a) shows discrepancies in all
fuel assessment results between AI and the digitized method, where the
average error is only 6.1%. In detail, when the fuel load is within 400
MJ, the errors for most fuels are within 15%. However, for items with
very high true fuel loads (e.g., bookshelf), the error can be significant.

Table 3
Testing results of the segmentation model on the test dataset.

Class Instance Bbox Mask

P R mAP50 mAP50-90 P R mAP50 mAP50-90

Big desk 9 0.62 0.89 0.83 0.65 0.62 0.89 0.83 0.51
Medium desk 6 0.23 0.33 0.18 0.18 0.23 0.33 0.18 0.15
Small desk 13 0.47 0.69 0.62 0.56 0.47 0.69 0.62 0.40
Big chair 29 0.82 0.87 0.86 0.81 0.81 0.86 0.86 0.78
Small chair 33 0.91 0.93 0.91 0.91 0.91 0.93 0.91 0.88
Bookshelf 18 0.8 0.89 0.85 0.75 0.8 0.89 0.85 0.78
Drawer 34 0.9 0.53 0.74 0.62 0.9 0.53 0.74 0.65
Partition 15 1 0.73 0.87 0.79 1 0.73 0.87 0.74
Trash bin 23 0.95 0.87 0.93 0.83 0.95 0.87 0.93 0.84
Printer 10 0.89 0.8 0.88 0.68 1 0.9 0.95 0.71
Computer 2 0.67 1 0.99 0.95 0.67 1 0.99 0.99
Coffee maker 4 0.8 1 0.95 0.79 0.8 1 0.95 0.71
Monitor 28 0.81 0.75 0.83 0.79 0.75 0.79 0.86 0.79
Keyboard 6 1 1 0.99 0.97 1 1 0.99 0.97
Mouse 2 1 1 0.95 0.93 1 0.98 0.96 0.94
Overall 213 0.72 0.75 0.76 0.69 0.73 0.76 0.77 0.66
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Although individual sample errors may occasionally be substantial, the
overall assessment results can converge toward the statistical average
and achieve a satisfactory error level when these errors are balanced by
compensating errors across multiple items as the sample size increases.
The overall fuel load density estimated by the AI method is 822 MJ/m2,
compared to 775 MJ/m2 calculated by the digitalized method. More-
over, the AI method also provides the characteristic value (80% fractile)

of fuel load density, that is 1197 MJ/m2, which can be used to calculate
the parametric temperature-time curve.

Table 5 compares the digitized survey method and our proposed AI-
aided fuel load assessment method. The digitized method involves using
digital measurement apps on mobile devices to measure the dimensions
of fuels and uploading photos to an online inventory database for
matching similar products to obtain mass and material composition,

Fig. 6. (a) Conceptual design of AI-aided web software, (b) fuel recognition page of the software, and (c) fire safety assessment page of the software.
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shown as Section 2.1. Both onsite dimension measurement and offsite
online queries are time-consuming and labor-intensive, typically
requiring over 40 minutes to complete a fuel load assessment task for a
single standard office. In comparison, using the AI-aided method could
significantly improve automation and reduce workload. The survey tool
and procedure are much simpler because engineers only take some time
to take onsite snapshots and upload them to the incorporated software,
and the AI engine can finish all fuel load estimation in a few seconds. If
considering the digitized fuel load assessment result as the reference
value, the AI assessment method achieves an error margin within 10%,
demonstrating satisfactory accuracy. While our comparisons demon-
strate strong agreement, we recognize the need for further validation
using more accurate measurement method, such as direct burning test of
a combustible item by measuring heat release and mass loss.

4.2. Fuel load assessment by panoramic camera

Although utilizing a single camera input for AI-based fuel load
assessment achieves satisfactory accuracy, it still necessitates taking and

uploading a large number of photos, which could be a significant
workload. To address this issue, a 360-degree panoramic camera is
employed, enabling capturing two wide-view images in a single shot in
Fig. 8(a). For comparison, Fig. 8(b) shows the fuel load recognition using
the two wide-view images derived from the panoramic image to address
the distortion issue, where most fuels are accurately identified.

Object occlusion remains a challenge when using panoramic cam-
eras, as depth field compression can lead to an underestimation of the
total predicted fuel load compared to the true value. For instance, par-
titions in an open office space can be easily detected, but often block the
view of other fuels, such as desks and chairs. To address this issue, we
propose estimating the total fuel load based on the detected partitions.
This method assumes that all partitions are fully identified and there is a
linear correlation between the fuel load of the partitions and the overall
fuel load in the office. Fig. 7(b) illustrates the relationship between the
fuel load of partitions and the total fuel load, accompanied by a linear
fitting curve. Data from 9 small offices and 2 large open offices with
partitions in the digitized fuel load database are analyzed. The linear
correlation between partition’s fuel load (Qp) and total fuel load (Qt)
denotes as

Qt = 11(Qp + 2,000) [MJ] (9)

where the unit of Q is MJ, and the fitting coefficient is R² = 0.83.
In this office, the AI-based fuel load assessment of all partitions from

the panoramic image is 6480 MJ. Using Eq. (9), the predicted total fuel
load for this room is calculated to be 93,280 MJ. Consequently, the

Table 4
Breakdown of fuel load survey results by digitized method and AI-aided method
for the case study.

Category Num H (Dig.)
[MJ]

Hi(Dig.)
[MJ]

H(AI)
[MJ]

Hi(AI)
[MJ]

Typical
value (80%
fractile)
[MJ]

Bookshelf 1 3636 3636 2726 2726 4168
Bookshelf 1 6482 6482 2726 2726 4168
Chair 27 3934 146 3402 126 4320
Chair 3 552 184 378 126 480
Chair 16 5201 325 5888 368 7040
Computer 21 939 44.7 6426 306 8631
Computer 16 5072 317 4896 306 6576
Desk 1 141 141 232 232 320
Desk 37 27,650 747 8584 232 11,840
Desk 4 3736 934 928 232 1280
Drawer 23 17,243 750 36,547 1589 52,900
Keyboard 37 349 9.4 529 14.3 710
Monitor 20 3149 157 4620 231 5820
Monitor 26 5423 209 6006 231 7566
Mouse 37 99 2.7 126 3.4 174
Partition 48 9513 198 12,960 270 17,616
Partition 23 5701 248 6210 270 8441
Printer 1 192 192 955 955 4127
Printer 2 1012.1 506 1910 955 8254
Trash bin 3 52 17.5 116 38.8 170
Total fuel load 100,079 ​ 106,165 ​ 154,601
FL density [MJ/
m2]

774 ​ 822 ​ 1197

Fig. 7. (a) Fuel load assessment result of all fuels in the office compartment, and (b) Fitting curve of relationship between fuel load of partitions and total value.

Table 5
Comparison of previous digitized survey method (Barnett, 2007) and proposed
automated AI-aided method.

Features Digitized survey method (
Elhami-Khorasani et al.,
2021; Ding et al., 2024)

Automatic AI-
aided method
(single images)

Automatic AI-
aided method
(panoramic
images)

Survey Tool Camera + rangefinder +
online inventory database

Camera + AI
interface

Panoramic
camera + AI
interface

Method
complexity

High Low Very low

Workload High Low Very low
Time of
onsite
survey

10 min – 30 min < 10 min < 3 min

Time of fuel
load
estimation

> 10 min Seconds Seconds

Accuracy of
results

Reference value > 90% > 90% after
correction
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agreement between the AI assessment and the true value is 93.2%,
which demonstrates satisfactory accuracy with enhanced efficiency of
the fuel load assessment process. Even though, the validity and accuracy
of the correlation between partitions and total fuel load in the office
room require further validation through additional case studies in future
work. Table 5 compares the AI estimations between single images and
360 panoramic images. The latter method is much more convenient,
faster, and easier to operate. However, the prediction accuracy is
affected by object occlusions, but it could achieve an acceptable esti-
mation after correction with partitions’ fuel load.

This case demonstrates the promising capabilities of the proposed AI-
aided method for automatic assessment of fuel load density in an office
environment. The results indicate a close approximation between the AI
estimation and the previously digitized method with a satisfactory level
of accuracy, and the AI-aided method achieves a significant reduction in
time and labor. However, the proposed AI method is also subject to the
problem of data dependency, as its performance relies heavily on the
quality, quantity, and diversity of the training data.

4.3. Application to fire development evaluation

The fire safety assessment module embedded in the developed soft-
ware is based on an empirical model of parametric temperature-time
curve in Eurocode (Institution, 2021; Dundar and Selamet, 2023;
Khorasani et al., 2014) as:

Θg = 20+1325
(
1 − 0.324e− 0.2t∗ − 0.204e− 1.7t∗ − 0.472e− 19t∗

)
(10)

where Θg is gas temperature in the compartment, t∗ is time multiplies by
a function of opening factor and boundary thermal properties. The
maximum gas temperature occurs when:

tmax = max
(
0.2× 10− 3qt,d

/
O; tlim

)
(11)

where O is the opening factor: Av
̅̅̅̅̅̅̅
heq

√
/At, Av is total area of vertical

openings, heq is weighted average of window heights; tlim is 20 mins for
office (medium fire growth rate), qt,d is the design value of fuel load
density related to the total enclosure boundary area At and floor area Af ,
whereby:

qt,d = qf ,d • Af
/
At (12)

where qf ,d is the design value of the fuel load density, whereby:

qf ,d = qf ,k • γ • δq1 • δq2 • δq3 (13)

where qf ,k is the characteristic value of the fuel load density. In this case,
the characteristic value estimated by AI equals to 1197 MJ/m2. In
Eurocode, qf ,k of office category equals to 511 MJ/m2. γ is the com-
bustion factor, assumed as 0.8 for mainly cellulosic materials. δq1 is a fire
activation risk factor due to compartment size, assumed as 1.29 in this
case. δq1 is a fire activation risk factor due to compartment type, which is
1.0 for offices. δq3 is a factor considering active firefighting measures,
which assumed as 0.61 in this case. The gas temperature during decay
phase is calculated by,

Fig. 8. (a) A 360 photo of the demonstrated office, and (b) the fuel recognition results from the wide-view images (derived from the 360 photo) by the pano-
ramic camera.

Fig. 9. Comparison of parametric temperature-time curve.
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θg =

⎧
⎪⎪⎨

⎪⎪⎩

θmax − 625
(
t∗ − t∗max⋅x

)
, t∗max ≤ 0.5h

θmax − 250
(
3 − t∗max

)(
t∗ − t∗max⋅x

)
, 0.5h ≤ t∗max ≤ 2h

θmax − 250
(
t∗ − t∗max⋅x

)
, t∗max ≤ 2h

(14)

where, x is parameter related to tmax and tlim. In this case, tmax > tlim, so x
= 1.0.

According to the above model, the developed software outputs the
fire safety assessment results for this office compartment, shown as a red
curve in Fig. 9. The maximum heating time is 29.0 minutes resulting in
the maximum gas temperature of 836 ◦C. The decay phase lasts over
75 minutes, gradually decreasing to the ambient temperature (20 ◦C),
resulting in an overall fire duration of 108 minutes. In comparison, the
blue dashed curve shows the estimation result using Eurocode design
value (511 MJ/m2). The maximum gas temperature is 737 ◦C, and

heating time lasts 12.4 minutes. The overall fire duration is 82 minutes.
The underestimation of heating time and fire duration compared to the
assessment with the actual fuel load density could lead to incorrect
judgments by firefighters regarding critical moments and the optimal
rescue duration during firefighting operations in fire scenarios.

A comparison of fire scenario prediction between fuel load design
value and on-site estimated value shows that reliance on code-based
evaluations may inadvertently underestimate real fire risks, poten-
tially compromising safety measures. While code-based assessments
such as those outlined in the Eurocode, provide a standardized frame-
work for fire safety, they must rely on generalized assumptions of fuel
load design value that may not accurately reflect the conditions of a
specific building. With advances in technology and data processing ca-
pabilities, there is an opportunity for a refined estimate of the actual fuel
load and fire risk in each building compartment at any given time. The

Fig. 10. (a) Five levels of indoor combustible fuel loads, (b) fuel load identification demonstrated in office, and (c) fire risk heatmaps under different influence areas
of b = 0.5 m, 1.0 m, and 2.0 m.

Fig. 11. Illustration of potential application of the proposed method for fire risk monitoring of a warehouse.
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fuel load assessments by the proposed software provide this more ac-
curate understanding of the actual fire risk within a specific compart-
ment by quantifying the combustible materials present, facilitating a
more reliable, dynamic, and accurate prediction of fire behavior. This
approach can support improved risk management practices and
decision-making, leading to more effective allocation of safety measures
and training efforts. Therefore, combining real fuel load data with
standardized code-based assessment can ensure that fire safety measures
align with actual fire scenarios and contribute to dynamic and contin-
uous adjustments to firefighting protocols.

4.4. Perspective on application to fire risk mapping

The distribution of fire risk can be mapped spatially, facilitating
identification of fire risk regions (Huang et al., 2019). This visual rep-
resentation is also an important part of fire risk assessment (Kang et al.,
2025; Huang et al., 2025), which enables building users and security
staff to quickly recognize areas with heightened safety vulnerability,
facilitating targeted interventions and enhancing overall fire safety
management (Junfeng et al., 2023; Chu et al., 2010). To this end, this
work proposes a contribution toward fire risk mapping based on
detected fuel locations and recognized fuel load values. It is recognized
that fire risk depends not only on fuel load but also on other charac-
teristics of the fuel and layout (e.g., flammability, proximity to heat
sources, etc.). Nevertheless, mapping the fuel load spatially within a
building provides an important component of this fire risk visualization.

Firstly, the fuel load recognition algorithm automatically identifies
locations, categories, and fuel load values of fuels from the global-view
image. The identification result of each object is a high-dimensional
vector, denoting as,

Mi = [xi, yi, Qi] (15)

where, (xi, yi) is the original coordinate of the object center and Qi is the
fire risk level of each combustible category. The original coordinate of
the object center is converted as the target point on the mapping plane
by inverse perspective algorithms as
⎡

⎣
uj
yj
1

⎤

⎦ =

⎡

⎣
h11 h12 h13
h21 h22 h23
h31 h32 h33

⎤

⎦

⎡

⎣
xj
yj
1

⎤

⎦ (16)

where, (ui, vi) is the transformed coordinate of the object center, hij is
transformation coefficient.

Fire risk factors are classified into 5 levels, according to the char-
acteristic fuel load values of combustible categories in the model, shown
in Fig. 10(a). The categories with fuel load value less than 100 MJ are

Table A1
List of net heat of combustion (calorific value) of different materials for fuel load
calculation.

Material Calorific
value
(MJ/kg)

Material Calorific
value
(MJ/kg)

Acrylonitrile-
Butadiene-Styrene
(ABS)

36.4 Polyester 26.9

Celluloid 18.5 Polyethylene (PE) 45.0
Cellulose 18.1 Polyisocyanurate foam 24.3
Cellulose triacetate 18.4 Polymethylmethacrylate

(PMMA)
24.6

Clothes 20.2 Polypropylene 44.1
Cork 29.2 Polystyrene 40.6
Cotton 19.8 Polyurethane 26.7
Kerosene 41.2 Polyvinylidene chloride 17.1
Leather 19.0 Polyvinylchloride (PVC) 15.3
Paper (average) 18.9 Rubber 37.2
Paper, Cardboard 18.9 Straw 19.2
Plastic (average if
specifics
not known)

34.9 Wood 18.4

Polycarbonate 26.9 Wool/cellulose (combined) 25.0

Fig. A1. Samples of different fuel categories in our custom dataset.
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Fig. A2. Statistical and fitting results of fuel load values for different categories of fuels.
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rated as “Level 1”. The categories with fuel load value ranging from
100MJ to 1000 MJ are rated as “Level 2”. The categories with fuel load
value ranging from 1000 MJ to 2,000 MJ are rated as “Level 3”. The
categories with fuel load value ranging from 2000MJ to 4,000 MJ are
rated as “Level 4”. The categories with fuel load value larger than
4000MJ are rated as “Level 5”.

When the areas of influence of two objects overlap in the mapping
frame, the risk factors in the overlapping regions are superimposed. For
easier visualization, the superimposed risk factors are further stan-
dardized within the range of (0,1) as

Ri =
Qmax − Qi
Qmax − Qmin

, R ∈ [0,1] (17)

The color depth ranging of (0, 255) in the heatmap is determined by
the fire risk factor as.

Ci = Ri × 255 (18)

where, Ri represents the standardized risk factor, Ci represents the color
of the influence area in the heatmap, Qmax represents maximum risk
factor after superimposition, Qmin represents the minimum risk level
equaling 0. The standardized risk factors are categorized as six levels:
Low (0), Medium (0.25), Medium High (0.5), High (0.75), and Extreme
High (1.0). The influence area is represented by a square with side
length b. After that, the visualization algorithms in OpenCV and Mat-
plotlib would be used to visualize a heat map of the risk level matrix.

Fig. 10(c) illustrates the fire risk heatmap of the demonstrated office

room under various influence areas of 0.5, 1.0 and 2.0 m. Compared to
the fuel load identification in Fig. 10(b), the heatmap provides a clearer
andmore intuitive representation of the spatial distribution of fire risk in
the room, where brighter colors indicate higher levels of danger. The
visualization effects of different influence areas show that a smaller side
length canmore clearly illustrate the spatial distribution of various fuels.
In contrast, a larger side length better demonstrates the interactions
among these items and the potential spread of fire risks. Apart from the
distribution of smoke and temperature and distance to exits, choosing
the appropriate risk impact area for heatmap visualization allows for a
comprehensive consideration of evacuation routes and the assessment of
post-fire hazards.

The current risk classification method and visualization techniques
for evaluating risk are crude and require further study. Additionally, the
detection accuracy and generalization ability are limited by the quality
and quantity of the training dataset. In future research, this method can
be further developed for more accurate fire risk determination and
broader application scenarios. For example, Fig. 11 illustrates the
application of the fire risk mapping method in warehouse fire manage-
ment, where combustibles of different fire hazards move in and out
dynamically. The pre-trained AI model could detect and monitor com-
bustibles, classifying their danger levels based on the flammability and
explosivity of different goods.

The fire risk mapping module could intuitively illustrate the real-
time dynamic distribution of fire risk areas, enabling warehouse
personnel to easily monitor fire hazards and detect flames and smoke
from self-ignition at an early stage. Moreover, it can be integrated with

Fig. A3. Statistical and fitting results of fuel load values for (a) bookshelf content and (b) drawer content.

Fig. A4. Training process of YOLOv8-seg using the developed fuel dataset.
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digital twin technologies to enable smart fire safety management by
feeding real-time CCTV video streams. Such digital twin technologies
have been applied for tracking moving flames (Zhang et al., 2022b),
evacuees (Ding et al., 2025), and high fire-risk vehicles in tunnels
(Zhang et al., 2024b). By determining the dynamic variation of indoor
fuel load distribution, potential fire incidents and the consequent fire
development can be better predicted, so the emergency response can be
better planned and executed.

5. Conclusions

This paper proposed an automatic fuel load and design fire meth-
odology using a digitized fuel load database and AI technologies such as
deep learning models and computer vision. An AI-aided web software
was developed for rapid and real-time fuel load estimation and fire
development prediction of a compartment through a user interface. The
estimation method predicts the mean values and 80 fractile values of
fuel load based on the fuel segmentation and classification where the
overall mAP exceeds 77% in testing dataset. While the accuracy of fuel
load estimations for individual components may not be high, the total
fuel load based on the average values achieves sufficient accuracy, as
demonstrated in an open office where the agreement between the AI
method and the previously digitized survey method exceeded 94%. An
important finding of the study is that the onsite estimated fuel load data
tends to be higher than that used for code-based design. In line with the
previous NFPA study (Elhami-Khorasani et al., 2021; Ding et al., 2024),
the surveyed fuel load density from 72 rooms was found to be higher
than that prescribed in the Eurocode (Institution, 2021) for the same
type of occupancy. Accordingly, it results in more severe design fires, as
the predicted fire duration and maximum temperature in the demon-
stration were higher than those derived from the code-value assessment,
which may underestimate the actual fire scenario. This suggests that a
revision of the code-based values of fuel load density is urgently needed.
The method developed in this study can be instrumental for such re-
visions by enabling the efficient collection and processing of data from a
large dataset of buildings.

Additionally, the proposed fire risk heatmap provided an intuitive
visualization of the spatial distribution of high-load combustibles,
enabling proactive measures in high-risk areas. In general, using a
panoramic image of large open spaces instead of individual images of
items as the input to the methodology can significantly enhance
assessment efficiency. A fitted linear correlation between the fuel load
within a partition and the total value of fuel load in open spaces helps
mitigate the occlusion effect caused by partitions and multiple objects.

In conclusion, the AI-aided automated fuel load assessment method
offers notable accessibility, convenience, and low cost while achieving
satisfactory accuracy compared with the traditional methods. Further-
more, automatic design fire using actual fuel load data allows for more
realistic and accurate fire behavior predictions and fire risk visualiza-
tion, which leads to more effective firefighting facilities and emergency
response strategies.
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Ma, Z., Mäkeläinen, P., 2000. Parametric temperature–time curves of medium
compartment fires for structural design. Fire Saf. J. 34, 361–375.

Meyer, E.A., 2006. CSS: The Definitive Guide: The Definitive Guide. O’Reilly Media, Inc.
A.B. MySQL, MySQL, (2001).
National Fire Protection Association (NFPA)., NFPA 557 standard for determination of

fire loads for use in structural fire protection design., 2012.
Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z.,

Gimelshein, N., Antiga, L., 2019. Pytorch: an imperative style, high-performance
deep learning library. Adv. Neural Inf. Process. Syst. 32.

Shetty, N.K., Guedes Soares, C., Thoft-Christensen, P., Jensen, F.M., 1998. Fire safety
assessment and optimal design of passive fire protection for offshore structures.

Reliab. Eng. Syst. Saf. 61, 139–149. https://doi.org/10.1016/S0951-8320(97)
00124-5.

The Building Center of Japan, The Building Standard Law of Japan August 2011, 2011.
Torralba, A., Russell, B.C., Yuen, J., 2010. Labelme: Online image annotation and

applications. Proc. IEEE 98, 1467–1484.
Ultralytics, P., 2023. YOLOv, 8. Github Repos. 〈https://github.com/ultralytics/ultral

ytics〉.
Wang, Z., Ding, Y., Zhang, T., Huang, X., 2023a. Automatic real-time fire distance, size

and power measurement driven by stereo camera and deep learning. Fire Saf. J. 140,
103891. https://doi.org/10.1016/j.firesaf.2023.103891.

Wang, Z., Zhang, T., Huang, X., 2023b. Predicting real-time fire heat release rate by
flame images and deep learning. Proc. Combust. Inst. 39 (3), 4115–4123. https://
doi.org/10.1016/j.proci.2022.07.062.

Wang, Z., Zhang, T., Wu, X., Huang, X., 2022. Predicting transient building fire based on
external smoke images and deep learning. J. Build. Eng. 47, 103823. https://doi.
org/10.1016/j.jobe.2021.103823.

Welling, L., Thomson, L., 2003. PHP and MySQL Web Development. Sams publishing.
Zalok, E., Eduful, J., 2013. Assessment of fuel load survey methodologies and its impact

on fire load data. Fire Saf. J. 62, 299–310. https://doi.org/10.1016/j.
firesaf.2013.08.011.

Zhang, X., Chen, X., Ding, Y., Zhang, Y., Wang, Z., Shi, J., Johansson, N., Huang, X.,
2024b. Smart real-time evaluation of tunnel fire risk and evacuation safety via
computer vision. Saf. Sci. 177, 106563.

Zhang, T., Ding, F., Wang, Z., Xiao, F., Lu, C.X., Huang, X., 2024a. Forecasting backdraft
with multimodal method: fusion of fire image and sensor data. Eng. Appl. Artif.
Intell. 132, 107939. https://doi.org/10.1016/j.engappai.2024.107939.

Zhang, Y., Huang, X., 2024. A review of tunnel fire evacuation strategies and state-of-the-
art research in China. Fire Technol. 60, 859–892. https://doi.org/10.1007/S10694-
022-01357-5.

Zhang, Y.-F., Ren, W., Zhang, Z., Jia, Z., Wang, L., Tan, T., 2022a. Focal and efficient IOU
loss for accurate bounding box regression. Neurocomputing 506, 146–157. https://
doi.org/10.1016/j.neucom.2022.07.042.

Zhang, T., Wang, Z., Wong, H.Y., Tam, W.C., Huang, X., Xiao, F., 2022a. Real-time
forecast of compartment fire and flashover based on deep learning. Fire Saf. J. 130,
103579. https://doi.org/10.1016/J.FIRESAF.2022.103579.

Zhang, T., Wang, Z., Zeng, Y., Wu, X., Huang, X., Xiao, F., 2022b. Building Artificial-
Intelligence digital fire (AID-Fire) system: a real-scale demonstration. J. Build. Eng.
62, 105363. https://doi.org/10.1016/j.jobe.2022.105363.

Zou, Z., Chen, K., Shi, Z., Guo, Y., Ye, J., 2023. Object detection in 20 years: a survey.
Proc. IEEE.

Y. Ding et al. Process Safety and Environmental Protection 197 (2025) 107031 

17 

http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref18
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref18
https://doi.org/10.1007/s10694-025-01719-9
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref20
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref20
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref20
https://doi.org/10.1016/j.psep.2024.12.033
https://doi.org/10.1016/j.psep.2024.12.033
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref22
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref22
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref23
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref23
https://doi.org/10.1016/j.psep.2020.12.019
https://doi.org/10.1109/TPAMI.2022.3180392
https://doi.org/10.1016/j.psep.2024.10.010
https://doi.org/10.1016/j.psep.2024.10.010
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref27
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref27
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref28
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref29
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref29
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref29
https://doi.org/10.1016/S0951-8320(97)00124-5
https://doi.org/10.1016/S0951-8320(97)00124-5
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref31
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref31
https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics
https://doi.org/10.1016/j.firesaf.2023.103891
https://doi.org/10.1016/j.proci.2022.07.062
https://doi.org/10.1016/j.proci.2022.07.062
https://doi.org/10.1016/j.jobe.2021.103823
https://doi.org/10.1016/j.jobe.2021.103823
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref36
https://doi.org/10.1016/j.firesaf.2013.08.011
https://doi.org/10.1016/j.firesaf.2013.08.011
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref38
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref38
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref38
https://doi.org/10.1016/j.engappai.2024.107939
https://doi.org/10.1007/S10694-022-01357-5
https://doi.org/10.1007/S10694-022-01357-5
https://doi.org/10.1016/j.neucom.2022.07.042
https://doi.org/10.1016/j.neucom.2022.07.042
https://doi.org/10.1016/J.FIRESAF.2022.103579
https://doi.org/10.1016/j.jobe.2022.105363
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref44
http://refhub.elsevier.com/S0957-5820(25)00298-8/sbref44

	Automatic assessment of fuel load and fire risk via digitized database and intelligent computer vision
	Nomenclature
	1 Introduction
	2 Digitized fuel load database
	2.1 Digitized data collection methodology
	2.2 Preparation of fuel recognition dataset
	2.3 Statistical analysis of representative fuel load values

	3 Automatic assessment with AI computer vision
	3.1 Computer vision and image database
	3.2 Web software and user interface

	4 Demonstration in an office building
	4.1 Fuel load assessment by single images
	4.2 Fuel load assessment by panoramic camera
	4.3 Application to fire development evaluation
	4.4 Perspective on application to fire risk mapping

	5 Conclusions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	Appendix Acknowledgments
	Appendix A Supporting information
	Data availability statement
	References


