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ABSTRACT

Data availability and quality are crucial for the development of semantic segmentation techniques.
However, creating high-quality fire scene datasets in a safe and efficient manner remains an unsolved
challenge. To fill this gap, we introduce FireDM, the first method to generate unlimited fire seg-
mentation datasets at virtually no cost. FireDM takes full advantage of the combined strengths of
a combination of pre-trained diffusion models (Stable Diffusion XL 1.0 and Stable Diffusion 2.1) and
text-guided diffusion using ChatGPT4-Fire to generate multi-scale and detail-rich fire images. The
innovative fire-decoder module in FireDM then efficiently converts the cross-attention and multi-scale
feature maps obtained during diffusion into accurate segmentation masks. This process requires only
about 100 images and their corresponding segmentation masks for training. In our experiments, we
trained the segmentation algorithms using the large-scale segmentation dataset generated by FireDM
and all publicly available fire segmentation datasets respectively, and found that the segmentation
algorithms trained with the former dataset outperformed the latter by at least 5% or more in terms of
IoU, accuracy, F1-score and AP. This demonstrates the capability of FireDM in expanding a limited
fire segmentation dataset. In addition, the multi-scale datasets generated by FireDM are close to the
input size of different segmentation algorithms, which significantly reduces the loss of information
caused by resizing the image (e.g., cropping and scaling). Finally, we have created the world’s first
high-quality fire segmentation dataset benchmark using FireDM. The complete code and dataset of

FireDM are publicly available at https://github.com/ZhengHongtao2001/FireDM.

1. Introduction

Fires, whether natural or man-made, pose a significant
threat to human life, the natural environment and infrastruc-
ture. Fires can be broadly categorised by where they occur,
for example, wildland fire, structural fire, vehicle fire, and
industrial fire. Wildland (or forest) fires can seriously jeop-
ardise the ecological balance and damage residential area
[1, 2]. Structural fires mainly affect man-made infrastruc-
tures, causing significant economic losses and endangering
human lives [3, 4]. Vehicle fire is a growing problem, as the
number of new vehicles and tunnels soars. Many vehicle fires
in roads, parking lots, and tunnels led to significant injuries,
deaths, and economic losses, underscoring their seriousness
[5, 6].

To support firefighting operations and emergency re-
sponse, the accurate detection and localization of fire sources
have been a hot research topic. Traditional techniques such
as smoke and heat sensors are widely used in buildings and
infrastructures, but they cannot handle open fires or provide
very limited information about fire hazards [7, 8]. With the
burgeoning development of data-driven learning algorithms,
a lot of recent research has adopted the computer vision
in monitoring fire phenomena [9, 10, 11], fire evacuation
processes [12] and so on. Image detection and segmentation
algorithms based on deep learning have emerged as the most

*Corresponding author
E-mail addresses: zht20010605@126.com (H. Zheng),
meng-rick.wang@connect.polyu.hk (M. Wang),
zilong.wang@connect.polyu.hk (Z. Wang), xy.huang@polyu.edu.hk (X.
Huang)

popular methods [13, 14, 15]. Technically, the study of fire
segmentation algorithms is more meaningful compared to
fire detection algorithms. Fire segmentation not only en-
compasses the concept of fire detection but further extracts
more information from fire images and videos and provides
detailed information about the fire scenes, such as the shape,
size and power of flame [16, 17], fire location [18], and
indoor fire loads [19, 20]. Therefore, it can enhance our
understanding of fire dynamics and evolution compared to
a simple fire detection.

Research in fire segmentation algorithms faces numer-
ous challenges, with two particularly significant issues be-
ing: 1) The influence of external factors causing fire forms to
vary with the intensity of burning. 2) The distinct character-
istics of flames produced by different materials, adding to the
complexity of fire segmentation. Currently, the focus in this
field leans towards enhancing the complexity of algorithms
to achieve better training results. However, a major problem
is that most advanced algorithms are not open-source, and
there is a lack of unified standards for evaluation, making
effective comparisons between different studies challenging.
Additionally, even the most advanced algorithms can fall
short if the training datasets are limited in scope, quantity,
or quality. This has significantly impeded the progress in the
field of fire segmentation. Therefore, there is an urgent need
to propose a high-quality fire segmentation dataset that can
serve as a standard benchmark for the entire field, akin to
ImageNet [21] and COCO [22], to advance the field further.
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It is important to emphasize that a segmentation datasetu: sby SD 1.4 during the inference process to 512 X 512 pixels.
comprises two critical components: images and their corre-12 s3) The text generation tool used by DatasetDM is ChatGPT

sponding segmentation masks. These aspects are precisely
where the difficulty in creating a benchmark for fire seg-
mentation datasets lies. Firstly, image collection itself is a
challenge, particularly in the domain of fire scenes, where
the process is fraught with difficulties and dangers. Secondly,
compared to common subjects like dogs and cats, annotating
segmentation in fire scenes is significantly more complex.
This complexity is due to the less distinct segmentation
contours and proportional distribution found in fire scenes.
Additionally, the process of pixel-by-pixel annotation in seg-
mentation is a tedious and time-consuming task. For a long
time, this issue was often overlooked due to its complex-
ity. However, fortunately, the rapid development of image
generation algorithms such as StyleGAN [23, 24], DALL-E
[25, 26], and Stable Diffusion (SD, [27, 28]) has brought new
hope for achieving previously seemingly impossible goals in
the field of fire segmentation.

In recent years, pioneering research has begun exploring
the use of generative models for synthesizing data to assistin
model training and even replace real data in perceptual tasks.
During the GAN era around 2020, innovative studies such
as DatasetGAN [29] and BigDatasetGAN [30] emerged, de-
signing decoders to generate pixel-level labels for image seg-
mentation tasks using pre-trained GAN feature spaces. This
was followed by dataset augmentation algorithms based on
diffusion models like Stable Diffusion (SD), as seen in works
such as [31] and [32]. The method in [31] generates diverse
foreground object images through text-to-image diffusion
models and combines them with segmentation algorithms
to extract foreground masks, which are then merged with
background images. While innovative in data synthesis, this
approach might disrupt the natural correlation between the
target and its environment, limiting overall image realism.

In contrast, the [32] method relies on a universal percep-
tual decoder to extract extensive perceptual annotations from
the latent space of diffusion models, combined with rich
textual cues from large language models like GPT-4, thereby
enhancing the diversity and quality of generated data. This
approach significantly improves upon previous methods, yet
still faces challenges: 1) The pre-trained diffusion model (SD
1.4) used may lack realism in generating fire scene images,
leading to severe distortions in people and vehicles, as shown
in Fig. 1. This is largely attributed to the fact that SD 1.4 was
trained on a smaller and lower-resolution dataset, while the
limited number of training steps limits the depth of training
of the model. In addition, the text encoder it uses is OpenAI’s
CLIP ViT-L/14 ([33]), which is only one-fifth the size of the
OpenClip text encoder used in SD 2.0 and subsequent Stable
Diffusion versions. Thus, compared to SD 2.0 and subse-
quent versions, SD 1.4 falls short in its ability to understand
complex text descriptions and accurately translate these un-
derstandings into image content. 2) The pre-trained SD 1.4
model was trained using images in the training dataset with
a resolution of mainly 512 X 512 pixels, and this approach
also naturally limits the pixel size of the images generated

4.0. However, unfortunately, it can generate descriptions of
fire scenarios that are unrealistic, unprofessional, and unsci-
entific. This issue primarily stems from ChatGPT-4 being a
general-purpose large language model, which has not been
specifically optimized or adjusted for the fire domain. Conse-
quently, these inaccurate descriptions can directly impact the
quality and logical coherence of the generated fire scene im-
ages, negatively affecting the practicality and effectiveness
of the overall dataset. 4) Algorithms like DatasetDM, which
serve as general-purpose dataset augmentation tools, excel
primarily in generating segmented datasets with relatively
simple and known contour details. Examples include targets
such as airplanes and bicycles in VOC [34], and objects
like cakes and carrots in COCO [22], all of which possess
uniform structures and clear outlines. However, flames, as
segmentation objects within fire scenes, demand extremely
high accuracy in details due to their rapidly changing and
highly complex morphology and contours, without any fixed
shape standards. The intrinsic lighting effects of flames,
combined with the constantly changing background and the
propagation characteristics of flames in dynamic scenes,
significantly increase the difficulty of segmentation. Addi-
tionally, the range of flame sizes is vast, from tiny sparks to
large fires that cover extensive areas, requiring segmentation
algorithms to adapt to features across various scales.

To address the aforementioned unresolved issues, we
introduce a novel fire diffusion model, FireDM, which sig-
nificantly optimizes the DatasetDM approach: 1) We have
upgraded the pre-trained diffusion model from Stable Diffu-
sion 1.4 to a more advanced combined pre-trained diffusion
model system (incorporating SD 2.1 and SD XL 1.0 (base)).
SD 2.1 and SDXL 1.0 have significant advantages over SD
1.4 in terms of overall structure, such as increased cross-
attention dimensions, and they have been trained on larger,
higher-quality datasets compared to SD 1.4. These factors
collectively enhance the quality of the final generated images
and improve the plausibility and realism of image details.
Notably, the image resolutions in the dataset for pre-training
SD 2.1 are predominantly 512x512 pixels and 768X768 pix-
els, while the dataset for pre-training SDXL 1.0 includes im-
ages with a resolution of 1024x1024 pixels. This difference
enables the combined diffusion models of SD 2.1 and SDXL
1.0 to generate images of 512x512 pixels, 768X768 pixels,
and 1024x1024 pixels, respectively, thus accommodating
the need for different resolutions. 2) By applying techniques
like Prompt Engineering that do not require retraining, we
have upgraded the text prompting tool from ChatGPT 4.0
to ChatGPT4-Fire, a specialized Al expert system for the
fire domain. ChatGPT4-Fire, optimized for GPT-4, provides
more professional and precise outputs by deeply under-
standing a vast array of standardized textual descriptions
and scenarios related to fires. 3) Based on the structure of
Mask2Former [35], we introduce a new mask generation
module, Fire-Decoder, which efficiently processes multi-
scale features through cross-scale fusion and incorporates
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textual information to better interpret image information forxs sstandard for training and evaluating various segmentation

generating more accurate segmentation masks.

Figure 1: The image of a fire scene with anomalies generated by
the DatasetDM. The image has severely deformed people and
cars marked out in red, and these anomalies greatly damage
the integrity and realism of the image.

2. Related Work

2.1. All publicly fire segmentation datasets

This section focuses on combing all publicly available
fire segmentation datasets as follows:

BoWFire [36]: The BowFire dataset consists of 226 images
of varying resolution (119 fire images and 107 non-fire
images). The fire images represent a variety of fire scenarios
(forest fires, structure fires.) BowFire contains segmentation
masks for the flames in the 119 fire images. But the dataset is
too small and far from adequate for training current popular
segmentation algorithms.

CorsicanFire dataset [37]: The CorsicanFire dataset con-
tains a large number of fire images with multiple resolutions
(1135 RGB images and their corresponding masks) and is
widely used for fire segmentation. It describes visual infor-
mation about the fire such as colour, fire distance, brightness,
presence of smoke and different weather conditions. But this
dataset is small and also its image clarity is not as good as it
should be, which can affect the training of the segmentation
algorithm to some extent.

FLAME [38]: The FLAME dataset is a comprehensive fire
dataset containing multiple tasks, where the segmentation
dataset consists of 2003 RGB images with a resolution of
3480 x 2160 pixels and their corresponding fire segmen-
tation task masks. However, this dataset has a single scene
and flame size, which limit the generalisation ability of the
segmentation algorithm.

As modernisation accelerates, fire scenarios are becom-
ing increasingly intricate and complex. It is gradually recog-
nised that the three currently available public fire datasets
are no longer sufficient to support the development of effi-
cient algorithms that can accurately cope with modern com-
plex fire scenarios. Further, existing evaluations of various
fire segmentation algorithms are mostly based on private
datasets, which largely prevents open and transparent per-
formance comparisons between these algorithms. Therefore,
there is an urgent need to develop a larger and higher quality
fire image segmentation dataset that can become a new

200 1e@lgorithms.

2.2. Generative models for Text-to-Image

When individuals immerse themselves in textual stories,
they often conjure vivid mental images through imagination,
enhancing comprehension and enjoyment. This has spurred
increased interest in the realm of Text-to-Image research.

In this landscape, AlignDRAW [39] stands out as a
pioneering endeavor, proficient in generating images from
natural language. However, it grapples with the challenge of
occasionally producing unrealistic outcomes. Subsequently,
Text-conditional GAN emerged as a groundbreaking end-
to-end differential architecture. Distinct from GAN-based
methods [40, 41, 42, 43], primarily tailored for small-scale
data, autoregressive methods harness extensive datasets for
text-to-image generation. Exemplary models in this category
include OpenAI’'s DALL-E [25] and Google’s Parti [44].
Despite their strengths, these autoregressive methods are
not immune to issues such as high computational costs and
sequential error accumulation.

More recently, there has been a noteworthy shift to-
ward diffusion models (DM) as the new frontier in Text-
to-Image generation, such as DALL-E2 ([26]), Stable Diffu-
sion. These models have garnered significant attention due
to their robust performance and innovative approaches.

2.3. Optimization Methods for General LLMs

General large language models (LLMs) [45, 46, 47],
is extensively applied across various aspects of daily life.
However, due to the inherent limitations of general LLMs in
highly specialized areas such as fire detection, where depth
and accuracy are crucial, it is common to employ methods
like tuning operation, Prompt Engineering to enhance their
domain-specific expertise.

Tuning operation for LLMs involve refining a pre-trained
model to achieve specialized expertise in specific domains
through additional training. To optimize the tuning effects of
models while reducing the required hardware resources, nu-
merous methods have been proposed, such as prefix-tuning
[48], prompt-tuning [49], p-tuning [50, 51], instruct-tuning
[52], instruction prompt tuning [53], Lora-Adapters [54]
and PEFT [55]. These strategies aim to achieve an optimal
balance between resource consumption and performance
enhancement through innovative tuning approaches. While
all of the above methods improve parameter efficiency over
general fine-tuning methods, they are still computationally
intensive in a broad sense, especially when huge LLMs are
involved. Also when fine-tuning models on specific domains
or datasets, these methods still run the risk of overfitting.
And all these methods require a high level of operator
expertise. It is also worth noting that a prerequisite for these
methods is that the pre-trained models are open-source.

Prompt Engineering [56, 57, 58] refers to the careful
design and improvement of input prompts or the provision
of knowledge content related to a question, to effectively
guide ChatGPT in generating the desired output. It involves
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Figure 2: The overall process and detailed architecture of FireDM. The a shows the training process of FireDM and the b shows
the inference process of FireDM, where the prompt input in a is the category of fire, e.g. Forest Fires, Vehicle Fires, Structure Fires.
In the FireDM, we utilize the Stable Diffusion model, specifically, a combination of the SD 2.1 and SDXL 1.0 diffusion models.
However, they are selectively employed based on the image resolution of the generated dataset, and they operate completely

independently without any interaction between them.

strategically formulating questions for the model, with thezss 2sdenoising data. This process is akin to reversing a Markov
aim of maximizing the quality and relevance of the model’szs 2schain. These models use a series of denoising autoencoders

responses to those queries. However, this approach has its
limitations. It requires a certain level of quality in the design
of Prompts and is constrained by the existing knowledge and
training of the pre-trained model. Additionally, large models
typically have limitations on the length of input sequences.
Excessively long Prompts may exceed these limits and get
truncated, leading to a decrease in the quality of the model’s
output and negatively impacting the results.

3. Fire Diffusion Model (FireDM)

This section primarily introduces the overall process and
detailed architecture of FireDM, and its specific details are
illustrated in Fig. 2.

3.1. Diffusion model infrastructure

The Stable Diffusion model, essential to FireDM’s scal-
ability of generating fire scene dataset, is rooted in the prin-
ciples of diffusion models (DMs) and generative modeling
of latent representations.
Diffusion models: DMs [59, 60, 61, 62] are probabilistic
models that learn a data distribution p(x) by progressively

2€g(x,, 1) to predict denoised versions of noisy inputs x;,
where x, is a perturbed version of the original input x.
The core of DMs lies in approximating p(x), the target
data distribution, as follows:

T
p() & [ ] iy %) ()

=1

where p(x;_;|x,) is the conditional probability of obtaining
a less noisy image x,_; from its noisier counterpart x;. The
objective of DMs is to closely learn this distribution for
generating new, realistic samples.

The key performance metric for these models is the
accuracy of denoising, represented as:

Ly = Exeonon. [lle = € D3] 2)

This equation measures the squared distance between the
actual noise € and the model’s predicted noise €4(x;, 7).

Stable Diffusion: A DM variant leverages a Variational Au-
toencoder (VAE) for encoding and decoding. The encoder
¢ reduces high-dimensional images to a lower-dimensional
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latent space. Conversely, the decoder ¢! reconstructs thess sin SD 2.1 pre-training contains mainly images with these two
image from this latent representation. This streamlinedss sresolutions. When we want to generate a dataset with a res-

process differentiates Stable Diffusion by operating in ass

reduced-dimensional space, unlike traditional models in
high-dimensional pixel space. This approach emphasizes es-
sential image semantics and boosts computational efficiency,
vital for likelihood-based generative models. The objective
of Stable Diffusion is captured by:

Lsp 1= Epp)e~no,1)4 [H€ —¢€p (z1) ”i] 3

where ¢(x) is the encoded representation of the input image
x, transforming high-dimensional data into a more manage-
able latent representation z, at each timestep ¢. The model
aims to predict the denoising process accurately for these
latent representations.
Conditional Generative Modeling: Stable Diffusion en-
hances DMs with conditional generative modeling [63, 64],
enabling them to model conditional distributions p(z | y)
using a conditional denoising autoencoder, €,(z;,t, y). This
setup allows for the modulation of the synthesis process with
various inputs y, ranging from textual data [40] to semantic
maps [65, 66].

A key feature in Stable Diffusion is the incorporation of
a cross-attention mechanism [67] within its U-Net architec-
ture. This mechanism enhances the model’s ability to pro-
cess various inputs [68], such as language prompts, through
a domain-specific encoder 7,. This encoder transforms y into
an intermediate representation 7,(y), which interacts with
the U-Net via cross-attention layers:

Q=W 0z), K=WQ100, V =Wz (4

These layers utilize learnable projection matrices WQ([),

W1(<l)’ and WlE’) to project the representations into the at-
tention mechanism. The attention maps Attention(Q, K, V')
generated from the attention layers are also crucial for cap-
turing the relationship between textual inputs and generated
images during the training and inference phases of FireDM,
enhancing the FireDM’s capacity to handle complex text-
visual interplays. The conditional generative model of Stable
Diffusion is trained on image-conditioning pairs with the
objective:

Lsp =By yennN1) [He — € (201, T"(y))”z] ©)

Here, both 7, and e, are optimized jointly, with the flexi-
bility to parameterize 7, using domain-specific experts, such
as transformers, especially when y includes text prompts.
Variations of Stable Diffusion: FireDM differentiates itself
by strategically using different pre-trained diffusion models
(a combination of SD 2.1 and SDXL 1.0) to provide cus-
tomised performance capabilities depending on the resolu-
tion requirements of the generated dataset. When we want to
generate a dataset with a resolution of 512x512 or 768X768,
FireDM enables SD 2.1, mainly because the dataset trained

olution of 1024x1024, FireDM enables SDXL 1.0, mainly
because the SDXL 1.0 pre-training dataset contains mainly
images with this resolution. This optionality ensures that the
user chooses the most effective model architecture for their
specific resolution needs, underscoring FireDM’s commit-
ment to performance and flexibility. To clearly highlight the
advantages of FireDM, particularly in generating perceptual
masks using Fire-Decoder, we have meticulously compared
the diffusion structures of FireDM and DatasetDM. A key
reason lies in FireDM’s selection of SD 2.1 and SDXL 1.0,
which exhibit substantial improvements over SD 1.4 used by
DatasetDM. These improvements are first evident in their
use of more powerful text encoders and training on larger,
more comprehensive datasets, enabling the U-Net to process
a greater volume of effective information. Moreover, the U-
Net structures of SD 2.1 and SDXL 1.0 have undergone
significant enhancements, including a more refined attention
mechanism, increased model capacity, improved scalability
in upscaling and downscaling processes, and better handling
of large-size images. These structural optimizations not only
enhance the efficiency of information processing but also
result in the generation of more precise cross-attention maps
and multi-scale feature maps, providing higher quality inputs
for the Fire-Decoder. For specific details on the structural
differences between SD 2.1 and SDXL 1.0 compared to SD
1.4, further reference can be made to [28].

3.2. ChatGPT-Fire Build Details

Based on the brief analysis of the two types of special-
ization methods commonly used in LLMs in Section 2.3,
we ultimately chose to use Prompt Engineering methods to
enhance the expertise of ChatGPT 4.0 in the field of fire
safety. The main reasons are as follows: 1) First, the foun-
dational knowledge base of ChatGPT 4.0 is already very ro-
bust, providing a solid platform for specialized applications.
Moreover, the current version of ChatGPT 4.0 has expanded
its input sequence limit compared to previous versions (such
as ChatGPT 3.5), allowing single interactions to accommo-
date up to 4096 tokens or more. This improvement enables
the creation of more detailed and comprehensive prompts
without the risk of truncation. 2) Secondly, OpenAl has
only opened APIs for ChatGPT 3.5 and older models, and
these are also limited to using fine-tuning methods that con-
sume significant computational resources. 3)Additionally,
when we fine-tuned the ChatGPT 3.5 model, we found its
performance could only be improved to a level close to
that of ChatGPT 4.0. Therefore, the fine-tuning method is
clearly not our best choice. All in all, we only need to
provide ChatGPT 4.0 with well-designed hints, and then the
Prompt Engineering approach is perfect for optimising the
specialisation of ChatGPT 4.0.

3.2.1. Details of ChatGPT4-Fire

We rely on the least-to-most method [69] and the knowl-
edge enhancement method in Prompt Engineering to opti-
mise the level of expertise of ChatGPT 4.0 with respect to
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the fire domain. The overall implementation details of thisso s«ave use SDXL 1.0 as the representative of the Stable Diffu-

method are shown in Fig. 3.

Fig. 3C succinctly demonstrates how two methods are
applied to optimize ChatGPT 4.0 into a fire safety ex-
pert (ChatGPT4-Fire). The detailed process is as follows:
(1) Firstly, we start by applying the least-to-most method
(see Fig. 3A) to constrain the output sentence structure of
ChatGPT 4.0, dividing the structure into four parts, Fire
Scene Description, Image Resolution, Fire Scenario Cate-
gory, and Image Style. We then direct ChatGPT4-Fire to
generate content that matches these four aspects accord-
ingly. For instance, when we prompt ChatGPT4-Fire to
"describe a forest fire scene," ChatGPT4-Fire will produce
content related to each of the four segments, creating a
comprehensive description of a forest fire. (2) Secondly,
due to the presence of catastrophic forgetting and gaps in
domain-specific knowledge, such as forestry and fire safety
in ChatGPT 4.0, we have utilized knowledge enhancement
techniques by incorporating relevant professional books and
other resources as external knowledge for ChatGPT 4.0 to
query and reference. The specific operational workflow of
this method is illustrated in Fig. 3B. The primary sources
of specialized knowledge provided to ChatGPT 4.0 include
Books, News Articles and Reports, Professional Blogs and
Posts, Official Technical Manuals, Academic Papers and
Reports, and Online Courses and Resources. Due to space
limitations, we have selected and showcased some of the
most important books, etc., in Table. A15 of the appendix.

Figure 3: Details on Optimizing ChatGPT 4.0 into Fire Safety
Expert ChatGPT4-Fire Using Prompt Engineering Method.

3.3. The Training Process of FireDM

During the training phase of the FireDM model, we uti-
lize the Stable Diffusion model, specifically, a combination
of the SD 2.1 and SDXL 1.0 diffusion models. However,
they are selectively employed based on the image resolu-
tion of the generated dataset, and they operate completely
independently without any interaction between them. To
clearly articulate the core logic behind FireDM’s operation,

41 a0sion model. SDXL 1.0 includes a Variational AutoEncoder

(VAE) denoted as ¢, a U-Net denoted as ¢, and two text
encoders, represented as 7; and 7,, respectively. To main-
tain the integrity of its pre-training, all parameters of these
components are kept frozen throughout the training process.

Initially, we sampled image-description pairs, and input
images are processed through the VAE ¢, transforming them
into a latent representation, denoted as x, (where t = 0
represents the original latent state). These representations
are then subjected to a controlled noise addition, following a
denoising process conditioning by the concatenated encoded
descriptions 7(.S) by the two Text Encoders, adhering to the
established Stable Diffusion methodology.

Within this framework, we introduce our novel compo-
nent, the Fire-Decoder model y, which functions as a seg-
mentation model. The U-Net € is employed to methodically
reverse the diffusion process, denoising the latent represen-
tations from their maximum noise step back to ¢t = 0. During
this reverse diffusion, spanning from steps t = 1tot = 0,
we extract multi-scale features and generate attention maps
of various sizes from the U-Net. These elements, along with
the average pooled encoded image descriptions as language
prompts 7,(.5), serve as inputs for the Fire-Decoder y.

The primary role of the Fire-Decoder y is to predict
labels and masks. The overall loss £, which guides the
training, is formulated using a combination of Dice loss,
binary cross-entropy, and classification cross-entropy. Sig-
nificantly, the parameters of the Fire-Decoder, denoted as 0,
are updated via gradient descent, driven by this computed
loss L. Integrating the Fire-Decoder model into the SDs
framework allows us to capitalize on its inherent strengths,
particularly in generating new instances with high-quality
masks.

As outlined in the pseudo-codes presented in Algorithm
1, further details of the training process, along with the
nuances of each step, will be comprehensively elaborated in
the subsequent sub-sections.

3.3.1. The Diffusion Inversion Process

Fig. 2a illustrates the initial focus of FireDM’s training
process: a diffusion inversion strategy using the SDXL. This
procedure commences with the selection of a random image
I € RTXW>3 from the training dataset. The image is then
input into the VAE ¢ of SDXL for efficient latent feature
extraction. Once the latent features are extracted as x, =
¢(I), a multi-step noise addition is executed in a single
operation. This step approximates the posterior distribution
q (xl | xo) through a fixed, non-trainable Markov chain.
This chain incrementally introduces Gaussian noise into
the image according to a predefined schedule g, ..., fr,
described as follows:

q (X, | xt—l) =N (Xt; V1- ﬁzxz—lsﬂtl> >
(6)

‘I(Xl:T|X0)= q(x,lx,_l).

:‘ﬂ
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Here, p, values, whichrange as 0 < ff; < ff, < -+ < iy < l,sa1 winteracting with the textual modality. Therefore, the final
determine the noise intensity and follow a gradual increase,ss ssoutput of this stage is represented as:

typically along a linear or cosine curve. In the case of SDXL,
the default noise scheduler employs a total of 1000 steps
to ensure a fine-grained denoising process. The cumulative
effect of noise addition across all steps is represented by a
marginal Gaussian distribution:

q (% %) =N<X,;\/&_txo,(1 - a) I> @)

witha, = 1 -, and @, = H;zl a;. This indicates that the
noisy image X, at any given step ¢ is generated by directly
adding controlled noise to the initial state x. After the noise
addition, the latent representation X, is acquired.

Concurrently, the dual text encoders of SDXL, 7; (Open-
CLIP ViT-bigG [70]) and 7, (OpenAl CLIP ViT-L [33]),
process the input text s. Each encoder maps s into interme-
diate representations, 7,(s) and 7,(s), situated in RM*Dr,
These representations are then merged to form a unified
representation 7(s).

In the subsequent phase of the process, both x, and
7(s) are inputted into the U-Net with cross-attention layers.
Here, x; serves as the noisy sample to be denoised, while
7(s) acts as the conditioning element. The cross-attention
layer is a fundamental module for updating object queries
by aggregating image context. Since the cross-attention layer
is permutation-invariant, both queries and keys require po-
sitional information, introducing order and providing a po-
sitional prior to encourage high attention scores for areas
where position is significant. Specifically, N, D, H, and
W represent the number of queries, hidden dimensions, the
height, and the width of the image features, respectively. We
obtain the image features K and their position encoding K,
resulting in the key K = K + K, where K € R#WxD,
We also have object queries 0 € RV*P_ where each query
consists of a content query Q. and a position query Q,,.
Therefore, the cross-attention operation can be represented
as:

A(Q, K, V) = softmax(QKT /V/D) - V 8)

Integrating this framework, FireDM adopts a one-step
forward feature extraction strategy during training, a method
highlighted by [71], known for its dual benefits of faster con-
vergence and improved performance. We specifically define
a single noise-adding step at f = 1, enabling the extraction of
the finest multi-scale features and attention maps from each
cross-attention layer of the U-Net while denoising from step
t = 1tot = 0. The input is processed by U-Net from down-
sampling to upsampling in three distinct latent resolutions
(32 x 32, 64 x 64, and 128 x 128), which correspond to
the intervals of Up/Down/Mid Blocks as depicted in Fig. 2a,
thereby generating multi-scale feature maps F. Additionally,
we collect the attention maps A from each cross-attention
block shown in Fig. 2a, to augment the fidelity and detail of
the features captured during this process, particularly those

{F,A} < u(x;,t,7(S)) ©)

This integration of feature extraction with informative atten-
tion exemplifies our FireDM approach, leveraging state-of-
the-art DMs to achieve exceptional performance in image
synthesis tasks. Moving forward in the training process, we
focus on training the Fire-Decoder component.

Algorithm 1: The Training Process of FireDM
1: Input: Training dataset D with tuples (7, m, s)
2: Models: Stable Diffusion (TextEncoder 7, and 7,,
VAE ¢, U-Net v), Fire-Decoder y,
Freeze VAE ¢, U-Net v, TextEncoder 7;, 7,
for each ((I,m,s) € D do
Encode image to latent: X, < ¢(T)
Sample noise level: ¢ ~ Uniform({1,...,T}),
e~ N(©O0,I)
7. if t = 1 then

8: Add noise: x; < \/&_txo +4/1—ae

AN AN

9: Encode promptl: 7,(s) < EncodePrompt(s)

10: Encode prompt2: 7,(s) < EncodePrompt(s)

11: Concate prompt: 7(s) < Concate(r,(s), 7,(s))
12: Extract features: { F, A} « v(X,,1, 7(S))

13: Predict mask and class: (§, ) < w(F, A, 7/(s))
4 Ly < 1- %

15: Lpee — —% Y (m log(1i) + (1 — m) log(1 — rir))
16: L. < =Y ylog®)

17: Calculate loss: £ « A Lgice + Ao Lpce + 3L
18: Optimize 0 using V,L

19:  end if
20: end for

21: return Fire-Decoder

3.3.2. Training the Fire-Decoder

As we previously outlined, our Fire-Decoder is specifi-
cally engineered to learn segmentation conditioned on the
average pooled intermediate representations 7(s) of the
prompt. It utilizes multi-scale feature maps F and attention
maps A extracted from the denoising U-Net. The attention
maps A play a pivotal role, capturing the intricate interac-
tions between text and image, which are crucial for class
determination and mask localization. Concurrently, F in-
cludes image features across various resolutions, facilitating
the detailed capture of the image’s multi-scale nuances.

Before their introduction into the pixel decoder, a scale-
wise fusion of cross-attention features A and multi-resolution
image features F is performed. This fusion, depicted in
the bottom left corner of Fig. 4a, scale-wisely concatenates
these features. In parallel, to effectively learn the correlation
between mask positions, their categories, and the textual
information, the textual prompt representations 7;(s) are
augmented with a learnable text queue embeddings forming
a soft prompt, as visualized in the top left corner of Fig. 4a.
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Page 7 of 22

543

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567



572

573

574

575

576

577

578

579

580

582

583

584

585

586

587

588

589

590

592

593

594

595

596

597

598

599

600

602

603

604

605

606

607

608

609

610

612

613

614

615

616

617

618

619

620

622

623

Zheng et al.

These fused features then enter our pixel decoder, a keys2s
component of the Fire-Decoder, is specifically designed forss
executing scale-wise fusion. Scale-wise fusion is a tech-es
nique that integrates feature maps from different resolutions,er
aiming to fully utilize the information present at various
scales of an image, thereby enhancing the model’s ability
to understand global and local features of the image. This
shares a similar goal with attention-based fusion methods
[72, 73, 74], which dynamically select and integrate fea-
ture information from different sources or scales through
attention mechanisms to heighten the model’s sensitivity
to key information. It is worth emphasizing that compared
to attention-based fusion, scale-wise fusion demonstrates
more significant applicability in fire segmentation tasks.
This is because scale-wise fusion can integrate features from
different levels, better adapting to the diverse scale variations
of flames as they appear visually. In contrast, although
attention-based fusion can highlight critical areas or specific
scales within a scene, it may not be as comprehensive as
scale-wise fusion when dealing with visual features like
flames that exhibit a wide range of scale variations.

Within Fire-Decoder, we construct a fused feature pyra-
mid that corresponds to the three initial resolution lev-
els. Each scale level of these fused features is augmented
with a sinusoidal positional embedding e, € RHMN*C,
suggested by [75], and a learnable scale-level embedding
e, € RM™C following [76]. The initial input query of
the Transformer decoder is the augmented textual prompt
representation. This input sets the stage for the sequential
processing within the Transformer decoder.

In terms of processing within the Transformer decoder,
the three scale levels of fused features from the pyramid
are fed into the Transformer decoder in ascending order
of resolution, corresponding to their respective scale lev-
els. This input sequence is repeated across the order of
the decoder blocks. Specifically, the ordering of the fused
features follows a cyclical pattern (0, 1,2,0,1,2,...) by the
three different scales, aligning with the sequential order of
the decoder blocks (0, 1,2, 3,4, 5, ...). In each decoder block,
these fused features are utilized primarily for cross-attention,
with the main input being the output from the previous
decoder block. As shown in Fig. 4b, the fused features
correspond to the image features, and the output of the
previous decoder blocks corresponds to the query features
(except the first block whether we use the augmented textual
prompt representation). This arrangement ensures that each
decoder block effectively incorporates the relevant scale-
level features for processing, thereby enabling the Fire-
Decoder to handle the complexities of image segmentation
with enhanced precision and efficacy.

Finally, the output of the decoder is utilized for generat-
ing class predictions and segmentation masks, as illustrated
in the top right of Fig. 4a. Class predictions, are converted
into a probability distribution for each pixel’s class through
a specialized class prediction head. In parallel, segmentation
masks, are generated via a mask embedding head, which

ss@ssigns the most probable class to each pixel based on these

ssderived probabilities.

s The computational process encompasses several crucial
steps. Initially, a Hungarian Matcher, as proposed by [77],
is employed to optimally match the outputs of the last layer
with the given targets. This matcher operates on the principle
of minimizing cost in a bipartite graph. Formally, let ¥ =
{91, 92, ..., N} represent the set of N predicted labels, and
Y = {y1,¥2,....¥pr} the set of M ground truth labels. The
matcher identifies a bijection f : ¥ — Y that minimizes
the total matching cost, where the cost function C(3,y) is
defined for each predicted and ground truth label pair. This
matching process is formulated as:

f* = argmin )’ C(3, f(9) (10)
ey

Once the matching is determined, the algorithm calcu-
lates the average number of target masks across all nodes
for normalization purposes. This step is essential for main-
taining a consistent scale of loss computation across differ-
ent batch sizes. The number of masks is quantified as the
sum of the lengths of target labels, expressed as 21]\;[1 |y;l.
The cost function C comprises a negative log-likelihood
approximation for classification and a combination of focal
loss and dice loss for the segmentation masks. These losses
are calculated based on the efficient point sampling of the
predicted and ground truth masks.

The final objective of FireDM is a composite of these in-
dividual losses, therefore, serving as the basis for backpropa-
gation to refine the model’s accuracy in class prediction and
mask generation. It is a combination of three components
that correspond to the losses of matching cost: Classification
cross-entropy loss (L), binary cross-entropy loss (L),
and dice loss (L;..), combined as follows:

L= AL + Ao Lpee + A3L (11)

Each component of the loss is calculated based defini-
tions:

2 Y mm
>’ + Y m?

Loee == Y, (mlogl) + (1 — m) log(1 — 1)

Ece = Z y log(¥)

In these equations, m represents the ground truth mask,
m the predicted mask, y the true class labels, and § the
predicted class labels. The A4, 4,, and A3 are weighting
factors for each loss component, which can be tuned during
the training process to optimize model performance.

This comprehensive procedure ensures that each pixel
in the output segmentation masks is accurately classified,
contributing to the overall effectiveness and precision of the
Fire-Decoder in image segmentation tasks.

L:dice =1-

12)

3.4. The Inference Process of the FireDM
Fig. 2b presents the inference pipeline for Chatgpt-4-Fire
guided data generation. This process includes two primary
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Figure 4: The Details of the Fire-Decoder.

modifications compared to the training phase, enhancing thews s&ire-Decoder Outputs Segmentation Results: Subsequent

precision and efficacy of the generated images.
Text-Guided Dataset Generation: A primary distinction
lies in the source of the prompts. Unlike the training phase,
where we use image descriptions as prompts, during infer-
ence, prompts for 7; and 7, are generated by ChatGPT4-
Fire (section 3.2), a specialized adaptation of ChatGPT 4.0.
Fig. A8 shows the detailed process of obtaining clear fire
scene description statements through a short exchange with
ChatGPT4-Fire. In the whole process, we only need to use no
more than 50 words to guide ChatGPT4-Fire to give a clear
and vivid statement describing the fire scene. Overall, the
model has been fine-tuned specifically for expertise in fire-
related events, allowing it to generate text summaries that
are not only more accurate than human-generated text sum-
maries, but also more professional. This targeted capability
of ChatGPT-4-Fire is instrumental in guiding SDXL toward
more precise and relevant image generation, particularly in
the context of fire-related scenarios. During the inference
process of FireDM, the text s is initially input into language
models 7; and 7, to be transformed into embedding vectors,
respectively. Subsequently, these embeddings are mapped to
the U-Net layers through the multi-head attention mecha-
nism Attention(Q, K, V') for further processing.

Denoising to Generate Images: Another significant alter-
ation in the inference pipeline is the extension of the denois-
ing process. Unlike in the training phase, the inference stage
involves a denoising process that extends to the maximum
steps specified by the noise scheduler. This adjustment al-
lows for a controlled and refined diffusion process, resulting
in high-quality synthetic images. Specifically, we input a
random Gaussian matrix Xy along with the results from 7,
and 7,, then feed this into the pre-trained U-Net structure
of SDXL 1.0 (base). The process involves 1000 steps of
denoising, ultimately generating a realistic image I from
latent X;.

706 s7Operations are similar to those described in Section 3.2.2

regarding the Fire-Decoder. Specifically, the multi-scale fea-
ture matrices generated during the multiple denoising steps
of U-Net, along with the attention maps, are input into the
trained Fire-Decoder to obtain the final segmentation masks
that match the generated images.

The specifics of the inference process are detailed in
the pseudocode provided in Algorithm 2. This pseudocode
outlines the step-by-step procedure, reflecting the unique
aspects of the ChatGPT4-Fire model’s integration and the
extended denoising sequence, both of which are pivotal for
the effective generation of synthetic images in this special-
ized domain.

Algorithm 2: The Inference Process of FireDM

1: Input: Detailed prompt s generated by GPT-4
2: Models: Stable Diffusion (TextEncoder 7, and 7,,
VAE ¢, U-Net v), Well-trained Fire-Decoder y
Freeze all model parameters
Encode promptl: 7,(s) « EncodePrompt(s)
Encode prompt2: 7,(s) < EncodePrompt(s)
Concate prompt: z(s) < Concate(z;(s), 7;(s))
Initialize random noise: x; ~ N'(0, T21)
for 1 =T down to 1 do
if t = 1 then
10: Extract image and features:
X, {F, A} < v(x;, 1, 7(s))
11: Decode latent to image: 1« gb—l(f(ﬂ)
12: else
13: X, < 0(x,,1,7(8))
14 end if
15: end for
16: Predict mask: (§,1h) « y(F, A, 7,(s))
17: return Synthetic image 7 and mask 1

R e A
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Page 9 of 22

707

708

709

710

711

712

713

714

715

716

717



719

720

722

723

725

726

727

728

729

730

732

733

735

736

737

738

739

740

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

Zheng et al.

4. FireDM Training and Validation Details

4.1. Performance Evaluation Metrics for FireDM
The ultimate goal of the FireDM algorithm is to gener-
ate a large-scale and high-quality fire segmentation dataset

through weakly supervised learning methods. Therefore,”

the most intuitive criterion for evaluating FireDM’s per-"
formance lies in assessing the quality of the segmentation
dataset it produces. Consequently, determining the quality
of this dataset becomes a key factor in evaluating FireDM’s
performance. In practice, the most direct approach to eval-
uating a dataset involves using it as a training set (exper-
imental group) and comparing it with other segmentation
datasets (baseline group) when training a segmentation de-
tection algorithm that is both open-source and powerful.
Subsequently, the performance of the trained segmentation
algorithm is tested using the same testing set. If the dataset
generated by FireDM significantly improves the segmen-
tation accuracy of the algorithm, it can be demonstrated
that the quality of this dataset is higher compared to other
control group datasets, thereby highlighting the exceptional
performance of FireDM. In this paper, we have chosen the
advanced semantic segmentation algorithm, Mask2Former
[35]. The segmentation evaluation metrics utilized in this
paper include Intersection over Union (IoU), Pixel Accuracy
(PA), Recall, F1-Score, and Average Precision (AP). To
highlight the image fidelity and perceptual quality of the
generated images in terms of the images themselves, we use
the evaluation metrics: Structural Similarity Index (SSIM)
[78], Peak Signal-to-Noise Ratio (PSNR), Fréchet Inception
Distance (FID), Learned Perceptual Image Patch Similarity
(LPIPS), and Perceptual Image-Error Assessment through
Pair Ranking (PieAPP) [79].

4.2. The Dataset Used in Experiment
4.2.1. Training dataset for FireDM

Unless specifically stated otherwise in the experiments,
we default to using the BoWFire dataset [36] as the training
set for FireDM, which contains only 119 images, and the
distribution of scene categories in this dataset is shown in
Table. 1. From the scene distribution in the table, we can
observe that the occurrence of fire scenes in this training
dataset is singular, and there is a significant lack of scenes
such as forests and vehicles. However, these characteristics
precisely align with the background design and requirements
of the Weakly Supervised Learning method. In the case of
a severe deficiency in the training dataset, the quality of
the subsequently generated fire segmentation dataset will be
directly determined by the superior framework of FireDM.

4.2.2. Test dataset for segmentation algorithms

The FireDM algorithm proposed in this paper aims to
generate an extensive fire segmentation dataset for applica-
tion to real-world fire segmentation scenarios. In some sub-
sequent experiments, this dataset will be used as a training
set for a specific fire segmentation algorithm (Mask2Former

2

Table 1
The distribution of the dataset used for training FireDM.
718 Vehicle Fire  Structure Fire  Forest Fire  Total
Number 16 103 0 119

[35]) in order to facilitate the verification of the quality of
the dataset generated by FireDM. The test dataset was down-
loaded from different search engines using different key-
words. But unfortunately, most of the datasets here lack the
corresponding segmentation masks. Therefore, we manually
labelled the masks for these image sets in a painstaking pro-
cess. These images were collected from real fire scenes. The
test set consists of 6000 images, mainly representing various
scenarios: vehicle fires, structure fires, forest fires, ship fires,
industrial fires, etc. We manually labelled all the images
with a mask. We manually labelled all images with pixel
masks. The minimum size of the images is 512x512 pixels.
To ensure the authenticity of our collected test datasets, we
have made them publicly available on the project’s github

page.

4.3. Training Protocols

The text-to-image generative pre-trained model (Diffu-
sion model) we used is the SDXL 1.0 (base) and SD 2.1. We
choose Mask2Former as the infrastructure of Fire-Decoder
and optimise it accordingly. For all tasks, we trained FireDM
for approximately 5000 iterations. FireDM can successfully
generate images in three different sizes: 512x512, 768x768,
and 1024x1024, along with their corresponding segmen-
tation masks. The training was conducted using a single
NVIDIA A800 80GB Tensor Core GPU. We utilized an
optimizer with a learning rate of 0.0001.

4.4. Text Prompt

In the subsequent experiments of this paper, image diffu-
sion relies on targeted text guidance. Therefore, the format
and structure of the text are crucial. This section provides
the corresponding formats for five scene-related text prompts
that may appear in the subsequent experiments. The specific
sentence format is shown in Table. A16 of the Appendix A.

5. Results and Analysis

5.1. FireDM Generates High-quality Fire
Segmentation Datasets

This section focuses on evaluating the quality of the
dataset generated after training FireDM using the BoWFire
dataset [36]. The datasets generated at three different image
resolutions are indicated in Table. 2. Examples of the gen-
erated images are shown in Fig. 5. Upon close inspection of
images at three different resolutions in Fig. 5, we find their
overall image quality to be very close to that of actual fire
scene images. Equally noteworthy is that the pink colour
mask annotations corresponding to each image almost ac-
curately mark the areas with flames in the images. A more
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Figure 5: The visualization of images and their corresponding masks in the dataset. Specifically, the entire dataset includes three
different image sizes. The sub-images in this figure appear in pairs, where the first image is solely of the fire scene, and the
second image is a composite of the fire scene and its corresponding mask, with the flame areas highlighted in pink colour for

visualization.

Table 2 845

Three datasets of three image sizes generated by FireDM. Eachsss

dataset contains three fire scenes. 847
Dataset Image Size  Vehicle Fire  Structure Fire  Forest Fire  Total 848
FireDM-512 512x512 4572 4658 4720 13950 849
FireDM-768 768x768 4971 4987 4968 14926
FireDM-1024 1024x1024 4988 4994 4985 14967 850
FireDM-512+768+1024 - 14531 14639 14673 43843

detailed display of this dataset is presented in Appendix B,
as shown in Fig. B9.

In this study, we conducted an initial evaluation of the
three datasets listed in Table. 2 using the Mask2Former
segmentation algorithm, with the results presented in Table.
3. The baseline datasets, specifically Experiments 1, 5, 9,
and 13, correspond to the three publicly available datasets
mentioned in Section 2.1 and the combination of these three
datasets. In Experiments 1-16, to ensure the number of
images in the datasets used for the experiments was con-
sistent, we randomly selected 119, 1,135, 2,003, and 3,257
images from the three datasets listed in Table. 2, respectively.
The results indicate that, with an equal number of training
images, the quality of the datasets generated by FireDM is
close to or even surpasses that of real datasets.

It’s worth emphasizing that Experiments 17-19 in Table.
3 correspond to the three datasets listed in Table. 2, and
Experiment 20 represents a larger dataset merged from these
three datasets. We then compared Experiments 17-20 with
Experiments 1-16 to demonstrate the practical application
value of FireDM. This shows that existing publicly available
fire segmentation datasets are insufficient for segmenta-
tion algorithms to achieve optimal performance. In contrast,
FireDM is capable of generating datasets much larger than
the existing public datasets at a very low cost, thereby
significantly improving the accuracy of segmentation algo-
rithms. This finding underscores the importance and utility
of FireDM in the field of fire scene segmentation.

5.2. Ablation Experiments on FireDM Structures
5.2.1. Varying degrees of textual guidance during the
diffusion process

In terms of structure, the ability of FireDM to widely
generalize fire datasets across various scenes is primarily
attributed to the clear and articulate textual guidance pro-
vided by ChatGPT4-Fire. In this section, our aim is to
further validate through comparative experiments whether

Jhere exists a relationship between the quality of the datasets

aZenerated through diffusion in FireDM and factors such as

odhe type of large language models providing text, the number
of sentences in text prompts, or the word count per sentence.
The specific results of the experiment are shown in Table. 4,
Table. 5 and Table. 6.

In the experiments presented in Table. 4, we only varied
the type of large language model that provides language de-
scriptions, while keeping other factors constant. Ultimately,
the generated datasets of three different image sizes were
used for training Mask2Former. Subsequently, we evaluated
the segmentation accuracy of the trained model on the test
dataset (Section 4.2.2). Similarly, in Table. 5, we only varied
the number of words in each sentence output by ChatGPT4-
Fire, and in Table. 6, we only varied the number of sentences
in the descriptions output by ChatGPT4-Fire, as the dataset
generated by FireDM comprises 3 scenarios, the number
of sentences for each scenario is evenly distributed. For
instance, if a total of 30 prompt sentences are chosen, then
each scenario-related prompt would have 10 sentences.

Observing Table. 4, we find that the text expression
capabilities of large language models, led by ChatGPT-
4.0 and Claude2.0, have far surpassed those of ordinary
humans. As these large language models undergo updates
and iterations, the corresponding text expression capabili-
ties are further strengthened. This is beneficial for generat-
ing clearer text prompts, resulting in higher-quality gener-
ation and more accurate mask generation for segmentation
datasets. As ChatGPT4-Fire is built upon ChatGPT-4 to
serve as a firefighting expert with a deeper understanding of
fire-related information, its text expression capabilities are
stronger compared to ChatGPT-4.
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Table 3

The dataset generated by FireDM after training using only the BoWFire dataset is compared to three other publicly available fire

segmentation datasets.

Dataset Real Image Synthetic  Image Size loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
1. Baseline-BoWFire 119 0 - 54.12 56.71 53.26 55.45

2. FireDM-512-B 0 119 512x512 54.15 (1 0.03) 56.54 (1 0.17) 53.36 (1 0.10) 55.49 (1 0.04)
3. FireDM-768-B 0 119 768x768 | 54.35 (10.23) 56.92 (1 0.21) 53.58 (1 0.32) 55.87 (1 0.42)
4. FireDM-1024-B 0 119 1024x1024 | 54.94 (1 0.82) 57.26 (1 0.50) 53.91 (1 0.65) 56.02 (1 0.57)
5. Baseline-Corsican 1135 0 - 61.51 63.13 60.62 62.86

6. FireDM-512-C 0 1135 512x512 61.75 (1 0.24) 62.91 (1 0.22) 60.93 (1 0.31) 63.12 (1 0.26)
7. FireDM-768-C 0 1135 768x768 | 62.12 (1 0.61) 63.78 (1 0.65) 61.33 (1 0.71) 63.87 (1 1.01)
8. FireDM-1024-C 0 1135 1024x1024 | 62.87 (1 1.36) 64.31 (1 1.18) 61.76 (1 1.14) 64.12 (1 1.26)
9. Baseline-FLAME 2003 0 3480x2160 66.33 67.12 65.57 66.60

10. FireDM-512-F 0 2003 512x512 66.91 (1 0.58) 67.47 (1 0.35) 65.28 (1 0.29) 66.93 (1 0.33)
11. FireDM-768-F 0 2003 768x768 | 67.05 (10.72) 67.77 (1 0.65) 66.12 (1 0.55) 67.20 (1 0.60)
12. FireDM-1024-F 0 2003 1024x1024 | 67.43 (1 1.10) 68.12 (1 1.00) 66.38 (1 0.81) 67.51 (1 0.91)
13. Baseline-BoWFire+Corsican+FLAME 3257 0 - 71.15 72.08 69.93 70.14

14. FireDM-512-BCF 0 3257 512x512 71.23 (1 0.08) 71.98 (1 0.10) 69.85 (1 0.08) 70.20 (1 0.06)
15. FireDM-768-BCF 0 3257 768 x768 | 71.59 (1 0.44) 7235 (10.27) 7034 (1 0.41) 7052 (1 0.38)
16. FireDM-1024-BCF 0 3257 1024 x 1024 | 71.88 (1 0.73) 72.71 (1 0.63) 70.85 (1 0.92) 71.21 (1 1.07)
17. FireDM-512 0 13950 512x512 73.10 74.09 71.83 72.45

18. FireDM-768 0 14926 768 x 768 74.82 75.29 73.99 73.78

19. FireDM-1024 0 14967 1024 x 1024 75.40 75.76 74.45 74.11

20. FireDM-512+768+1024 0 43843 - 77.82 77.65 76.76 76.45

Observing Table. 5, we observe a significant improve-os
ment in all four evaluation metrics as the number of wordsszs
per prompt sentence increases from 5 to 20. However, further
increasing the word count from 20 to 40 reveals a very subtles2”
rise or fall in all four evaluation metrics. This phenomenon
suggests that the number of words per prompt sentence
indeed correlates with the performance of FireDM within
the range of 0 to 20 words, with 20 being nearly the optimal
threshold for FireDM’s performance.

Observing Table. 6, we observe a significant improve-
ment in all four evaluation metrics as the number of prompt
sentences increases from 10 to 30. However, further in-
creasing the number of sentences from 30 to 100 reveals a
very subtle rise or fall in all four evaluation metrics. This
phenomenon indicates that the number of prompt sentences
does indeed correlate with FireDM’s performance within
the range of 10 to 30 sentences, with 30 being nearly the
optimal threshold for FireDM’s performance. redIt is worth
noting that since the diffusion model has a certain degree of
randomness at each step of the diffusion process, even the
same descriptive statement can cause FireDM to generate
image scenes that do not violate the descriptive statement
but are completely different. Thus, even as few as 30 text
statements can lead FireDM to generate countless image
scenes.

We believe the reason behind the experimental results
in Table. 5 and Table. 6 primarily lies in the Text-Encoder
applied in FireDM, which has the optimal capacity for
extracting textual information, and the subsequent structure
of the Fire-Decoder also possesses the optimal ability to
comprehend textual information. We also observed from
Table. 4, Table. 5 and Table. 6, with other parameters held
constant, the performance of Mask2Former improves as
the dataset size approaches 1024x1024. This is primarily
because larger segmentation dataset sizes exhibit more ef-
fective information, which is beneficial for the training of
segmentation algorithms. However, it does not imply that
pursuing excessively larger dataset sizes based on image
dimensions is always favorable, as excessively high image
sizes may lead to undesirable outcomes. We will present

ssfurther evidence of this in the upcoming Section 5.4 experi-
ssdNeNts.

887

wd-2-2. Varying degrees of textual guidance during the

480 fire-decoder

s0 FireDM not only utilizes textual information during the
diffusion process but also incorporates text embeddings at
the Fire-Decoder stage to enhance its ability to accurately
perceive segmentation masks. Therefore, this section aims
to validate the effectiveness of text embedding in the Fire-
Decoder stage and to determine if there is a correlation
between the length of sentences and the accuracy of the
induced segmentation masks for each image. The final exper-
imental results are presented in Table. 7. Analyzing Table. 7,
we observed that applying textual guidance within the Fire-
Decoder, even with guidance sentences only 5 words long,
significantly improves the quality of the generated dataset
compared to when textual guidance is not applied. Moreover,
as the length of the guidance sentences increases, the effect
of textual guidance gradually improves until the sentence
length reaches about 10 words. Beyond this length, further
increasing the sentence length does not enhance the effect of
textual guidance. This indicates the existence of an optimal
sentence length; exceeding this length, additional textual
information no longer significantly affects the performance
enhancement of the Fire-Decoder. We believe this is mainly
because the Text-Encoder applied in the Fire-Decoder has an
optimal capacity for extracting textual information, and the
subsequent structure of the Fire-Decoder also has an optimal
ability to understand textual information. Additionally, 10
words are already sufficient to express the important infor-
mation of an image.

5.2.3. Varying sizes of training datasets

In this section, we will explore the impact of larger
and more diverse datasets on the training of FireDM. We
initially used the BoWFire dataset as the base training set. It
is worth mentioning that the BoWFire dataset contains only
119 images. Therefore, to build a larger and more diverse
training set, we proceeded to select 119 images and their
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Table 4

The quality of the dataset generated by FireDM is influenced by the textual descriptions of flame scenes provided by different

large language models.

Name Version loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
512x512 768X 768  1024x 1024  512x 512 768x768  1024x 1024  512x512  768x768  1024x 1024  512x 512 768x768 1024 x 1024
Human - 87.5 88.6 89.3 88.1 89.3 90.4 86.4 87.3 88.9 83.4 84.7 85.2
35 883 89.1 90.1 89.0 89.6 911 86.9 87.8 89.2 84.0 85.1 86.4
ChatGPT 4.0 88.6 89.4 90.3 89.3 89.9 91.5 87.4 88.2 89.5 84.2 85.3 86.7
4.0-Fire (Ours)  89.1(1 1.6) 89.8 (1 1.2)  90.8(1 1.5)  90.0(1 1.9) 902 (10.9) 91.9(1 1.5)  87.9(1 1.5) 88.7(1 1.4) 903(1 1.4) 85.1(1 1.7) 860 (1 1.3)  87.2(1 2.0)
Claude 2.0 88.2 89.0 90.2 88.8 89.4 90.8 87.1 87.6 89.0 83.8 85.3 86.7
21 88.4 89.5 90.4 89.2 89.6 91.4 873 88.4 893 84.4 855 86.6

Table 5

The impact of the number of text words used to prompt FireDM on the quality of the generated dataset.

Name Number loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
512x512  768x768 1024 x 1024 512x512  768x768 1024 x 1024 512x 512 768x768 1024 x 1024 512x512 768 x768 1024 x 1024

5 75.3 75.5 5.7 76.2 76.4 76.7 712 774 77.6 78.1 784 782

10 88.3 88.1 89.4 89.0 89.3 90.2 87.0 87.6 88.2 82.7 83.8 84.9

15 88.6 88.4 89.8 89.5 89.7 90.6 87.5 88.2 89.7 84.8 85.5 86.5

20 (Ours) 89.1 89.8 90.8 90.0 90.2 91.9 87.9 88.7 90.3 85.1 86.0 87.2

ChatGPT4-Fire 25 88.8 89.6 90.6 89.8 90.0 91.7 87.6 88.5 90.1 85.0 858 87.0
30 88.3 89.1 90.0 89.3 89.6 914 872 87.4 89.6 84.6 853 86.3

35 87.7 87.6 89.6 89.0 89.0 90.3 85.9 87.0 88.9 84.0 84.7 852

40 86.3 86.9 89.4 88.7 88.5 89.7 85.3 86.5 88.2 83.6 838 84.3

corresponding masks from two other datasets to expandos
the training set and used these for training FireDM. Thisoss

process was repeated, continuing to extract more images and

their masks from these two datasets to further enlarge thess+

training set. Through this method, we were able to obtain
datasets with numbers of images being 119, 119+119x2,
119+119%2x2, and 119+119%2x2x2, respectively. Subse-
quently, we used these datasets to train FireDM separately.
Then, we used the trained FireDM to generate datasets for
training segmentation models. The final evaluation of the
experimental results was based on the performance of these
segmentation models.

The experimental results, as summarized in Table. 8,
show that as the size and diversity of the dataset increased,
the datasets generated by the trained FireDM could train
stronger segmentation models, thereby enhancing the gen-
eralization ability and robustness of these models. However,
once the number of images in the dataset used to train
FireDM reached 833, we observed that further increasing

Table 6

ssthe size of the training set did not significantly improve the
ssquality of the datasets generated by FireDM.

965

wd-2.4. Varying varieties of Diffusion Models

FireDM utilizes SDXL 1.0 and SD 2.1 as its foundational
diffusion models. However, whether they are the optimal
choices for FireDM is a key question explored in this section.
To validate this question, we conduct our analysis from two
perspectives. First, we need to verify whether the image
quality generated by the Stable Diffusion series surpasses
that of other common generative algorithms. It is worth
noting that since the Stable Diffusion series consists of
pre-trained diffusion models, for fairness, we also train the
other generative algorithms using the same dataset as used
for Stable Diffusion 1.4. Then, we evaluate the quality of
the generated images using four metrics, with the final
experimental results presented in Table. 9. According to this
table, we find that the image quality produced by the Stable
Diffusion series significantly exceeds that of both the DDPM
series and GAN series algorithms. Moreover, as the version

The impact of the number of sentences used to prompt FireDM on the quality of the generated dataset.

loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
Name Number
512x512 768 x768 1024 x 1024 512x512 768 x768 1024 x 1024 512x512 768 x768 1024 x 1024 512x512 768 x 768 1024 x 1024

10 832 84.1 86.3 83.5 85.5 86.1 84.2 84.6 84.8 81.7 822 82.7

20 87.5 87.6 88.5 88.1 90.2 88.5 85.6 86.4 87.5 84.3 84.6 85.3

30 (Ours) 89.1 89.8 90.8 90.0 90.2 91.9 87.9 88.7 90.3 85.1 86.0 87.2

ChatGPT4-Fire 40 88.9 89.5 90.7 89.7 90.1 90.6 87.7 88.4 90.0 85.1 85.9 86.9
50 88.4 89.2 90.3 88.5 89.6 90.1 87.2 88.2 89.3 83.2 84.4 86.3

60 87.0 87.6 89.6 87.0 88.2 89.7 86.7 879 88.3 82.3 83.0 85.0

100 86.1 86.7 88.8 86.1 872 88.5 85.6 858 87.0 81.2 829 83.4

Table 7

The impact of the number of text words used to prompt Fire-Decoder on the quality of the generated dataset. When Number is
equal to 0, it means that the Fire-Decoder has not embedded the text prompt in the learnable queue.

loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
Name Number
512x512 768 x768 1024 x 1024 512x512 768 x768 1024 x 1024 512x512 768 x768 1024 x 1024 512x512 768 x 768 1024 x 1024
0 757 758 76.2 713 783 78.7 71.7 76.9 782 719 783 76.9
5 85.4 853 85.5 86.4 86.3 86.3 84.5 852 85.7 83.5 839 84.3
ChatGPT4-Fire 10 (Ours) 89.1 89.8 90.8 90.0 90.2 91.9 87.9 88.7 90.3 85.1 86.0 87.2
15 88.9 89.9 90.7 90.1 90.1 92.0 88.0 88.8 90.1 85.0 86.1 87.3
20 89.2 89.7 90.8 89.9 90.1 91.8 87.8 88.6 90.1 85.1 86.0 87.2
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Table 8
Impact of larger datasets with more diverse scenes on the performance of FireDM-generated datasets.

Dataset Number loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
512x 512 768 x768 1024x 1024 512x512 768 x768 1024x 1024 512x512 768x768 1024x 1024 512x512 768 x768 1024 x 1024
BoWFire 119 x 0.5 (~ 60) 832 83.4 83.8 852 853 85.6 82.6 82.8 83.1 82.3 825 82.7
BoWFire 119 x 1 (119) (Ours) 89.1 89.8 90.8 90.0 90.2 91.9 87.9 88.7 90.3 85.1 86.0 87.2
119 x 3 (357) 91.7 90.2 92.1 91.0 92.0 92.4 88.4 89.3 90.6 85.5 86.5 87.6
+CorsicanFire+FLAME 119 x 5 (595) 92.6 91.1 92.6 91.5 923 92.6 89.5 90.2 91.3 86.9 87.6 88.9
119 x 7 (833) 93.2 91.6 92.8 91.7 92.6 92.9 89.6 90.5 91.7 87.2 88.1 89.2
119 x 9 (1071) 933 91.5 929 91.8 924 93.1 89.5 90.6 91.8 87.3 88.0 89.3

of Stable Diffusion improves, the quality of the generated
images also progressively increases.
Secondly, we delve further into the compatibility of the

100Table 9
woComparison of image quality between stable diffusion series
woalgorithms and other common generative algorithms. The
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Stable Diffusion series algorithms within the FireDM archi-
tecture by applying them as the foundational infrastructure
for FireDM. It is worth noting that each diffusion model
architecture comes with its default output image size. For
instance, the default output image size for SDXL 1.0 is
10241024, while for SD 2.1, it is 512x512 and 768X768.
Since FireDM incorporates both SDXL 1.0 and SD 2.1, it
is capable of generating datasets with three different image
sizes. However, when using SDXL 1.0 alone, it can only
produce images with a size of 1024x1024. Observing Ta-
ble. 10, we find that with the upgrade of Stable Diffusion
versions, all four evaluation metrics show improvement.
In FireDM, using SD 2.1 as the foundational architecture

produces datasets of the highest quality for both 512X512

and 768x768 image sizes. Consequently, FireDM opts for
SD 2.1 as one of the foundational architectures for the
diffusion model to generate datasets of these two image
sizes. Compared to SDXL 0.9 (base), the datasets generated
by FireDM using SDXL 1.0 (base) for the 1024x1024 image
sizes exhibit higher quality but are slightly inferior to those
generated using SDXL 0.9 (base+refiner) and SDXL 1.0
(base-+refiner) as architectures. This is primarily attributed
to the fact that the parameter count for the base+refiner is
nearly double that of the base, leading to an approximate
twofold increase in FireDM’s training time. Considering
the trade-off between quality and efficiency, we assert that
SDXL 1.0 (base) outperforms other XL series algorithms in
overall performance. Therefore, we choose SDXL 1.0 as one
of the foundational architectures for the diffusion model to
generate datasets of the 1024x1024 image size. In summary,
the combination of SD 2.1 and SDXL 1.0 as the foundational
architectures for FireDM is the most prudent choice as it
helps FireDM generate datasets of the highest quality for all
three image sizes.

5.2.5. Varying number of Diffusion Time Steps

In this section, we will further explore whether the num-
ber of steps for adding noise to Latent during the FireDM
training process has an impact on the quality of the gen-
erated datasets. By observing Table. 11, we find that the
performance of FireDM steadily improves as the step count
increases from 1 to 50. However, further increasing the
step count from 50 to 800 results in a decline in FireDM’s
performance. This indicates that a diffusion step count of 50
is nearly the optimal threshold for FireDM’s performance.

symbol 1 indicates that a higher value of this evaluation metric
is better. The symbol | indicates that a lower value of this
metric is better.

Dataset Image Size | SSIM (1) PSNR (1) FID (1) LPIPS (1) PieAPP (1)
GAN [80] 512x512 0.39 20.5 6.1 0.95 0.78
PAGGAN [81] 512x512 0.46 213 5.6 0.94 0.71
StyleGAN [23] 512x512 0.48 2211 5.4 0.92 0.64
StyleGAN2 [24] 512x512 0.51 23.8 55 0.93 0.66
DDPM [60] 512x512 0.47 23.6 53 0.91 0.63
DDIM [61] 512x512 0.54 24.1 5.1 0.88 0.58
Stable Diffusion 1.4 512x512 0.65 247 4.8 0.86 0.54
Stable Diffusion 1.5 512x512 0.68 251 4.6 0.78 0.52
Stable Diffusion 2.0 512x512 0.69 25.2 4.7 0.73 0.46
Stable Diffusion 2.0 768x768 0.70 25.4 45 0.69 0.44
Stable Diffusion 2.1 (Ours) 512x512 0.71 25.4 4.5 0.68 0.42
Stable Diffusion 2.1 (Ours) 768x768 0.73 25.6 43 0.64 0.40
Stable Diffusion XL 0.9 (base) 1024x1024 0.74 257 4.3 0.63 0.36
Stable Diffusion XL 0.9 (base+refiner) | 1024x1024 0.76 259 4.1 0.58 0.33
Stable Diffusion XL 1.0 (Ours, base) 1024x1024 0.76 258 4.0 0.56 0.34
Stable Diffusion XL 1.0 (base+refiner) | 1024x1024 0.79 26.2 3.8 0.47 0.31

5.3. Generalization Validation of FireDM

In this section, we focus on exploring the cross-scene
generalisation capabilities of FireDM. Specifically, we train
FireDM using a limited dataset consisting of only 103 build-
ing fire images and their corresponding segmentation masks
(see Section 4.2.1 for details). In the inference phase, we
input prompts related to different scenarios such as forests,
vehicles, ships, industries and mines, and then had FireDM
generate three datasets with different image sizes for each
scenario, resulting in a total of 15 fire segmentation datasets
with 500 images each. Subsequently, these datasets were
evaluated using Mask2Former. It’s important to highlight
that the test datasets employed in this section comprise
300 images and their corresponding segmentation masks,
which were randomly selected from the test dataset detailed
in Section 4.2.2. Examples of the textual prompt formats
tailored for the five scenarios addressed in this experiment
can be found in rows 2a-6¢ of Table. A16.

Furthermore, we collected high-quality fire images cor-
responding to the five scenes through keyword searches,
with each scene including three sizes of 500 images each, to
create benchmark datasets for comparison with the datasets
generated by FireDM. However, due to the lack of segmen-
tation masks for the majority of these images, we had to
undertake labor-intensive manual pixel-level annotation. It
should be emphasized that these benchmark datasets are
not included in the test dataset mentioned in Section 4.2.2.
Meanwhile, in order to show the powerful generalisation
ability of FireDM algorithm more comprehensively, we
introduce three most popular data enhancement algorithms
DiffuMask [82], DatasetDM [32] and Text2Image [32].
citepge2023beyond. The final results of these experiments
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Table 10

The impact of different types of pre-trained diffusion models on the quality of the FireDM generated dataset. The Train Time
refers to the time taken for FireDM training, not the training time for the Mask2Former dataset.

Name Version Optimum Size loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%) Train

5122 768%  1024> 512*  768% 1024 5122 768 1024 5122 7682 1024? Time (h)

1.4 512 x 512 85.5 85.6 83.4 80.9 - - 17

15 512 x 512 86.3 - 86.2 - 84.8 = 82.2 - - 20

2.0 5122, 768° 86.4 872 86.9 875 86.0 86.7 825 831 - 23

Stable Diffusion 2.1(Ours) 5122,768% 86.6 87.4 87.3 87.9 86.1 87.0 82.9 834 - 23

XL 0.9 (base) 1024 x 1024 - - 90.3 - - 91.3 - - 90.0 - - 86.7 32

XL 0.9 (base +refiner) 1024 x 1024 90.8 92.0 90.4 87.5 59

XL 1.0 (base, Ours) 1024 x 1024 90.8 91.9 90.3 872 35

XL 1.0 (base +refiner) 1024 x 1024 90.9 92.1 90.5 87.6 61

Table 11

The impact of different diffusion time steps on the performance of FireDM.

loU (%)

Name Diffusion Time Steps

Pixel Accuracy (%)

F1-Score (%) Average Precision (%)

512512 768x768 1024x 1024 512x512 768 x768 1024 x 1024 512x512 768 x768 1024 x 1024 512x512 768 x 768 1024 x 1024

1 889
10 89.0
50 (Ours) 89.1
100
300
800

89.5
89.7
89.8
89.3
89.0
88.6

90.5
90.7
90.8
90.2
90.0
89.8

89.7
89.8
90.0
89.6
89.3
89.0

Stable Diffusion
XL 1.0 (base) 887
88.4

87.6

89.8
90.0
90.2
89.9
89.5
89.2

91.6
91.7
91.9
91.4
91.0
90.5

87.5
87.7
87.9
87.3
86.9
86.3

88.4
88.5
88.7
88.1
87.8
87.4

90.0
90.1
90.3
89.8
89.5
89.0

84.8
85.0
85.1
84.5
84.3
84.0

85.8
86.0
86.2
85.5
85.3
85.0

86.8
87.0
87.2
86.3
86.1
858

are summarized in Table. 12, showcasing FireDM’s exsusisDatasetDM [32] and Text2Image [31]. Therefore, we con-
ceptional performance in fire segmentation. Fig. 6 presentsiiz

examples from fifteen datasets generated by FireDM. Judg-
ing from the overall quality of these sample images, the
generated datasets closely resemble real datasets in terms of
quality. It is also noteworthy that the pink mask annotations
for each image accurately mark the areas with flames in the
pictures. A more detailed display of these datasets is shown
in the Appendix B section of Fig. B10, Fig. B11 and Fig.
B12.

Observing Table. 12, We note that the test results ob-
tained after training Mask2Former with the FireDM gen-
erated dataset in the five scenarios are close to or even
exceed the results obtained after training with the baseline
dataset, which indicates that the quality of the FireDM
generated dataset is close to or even exceeds that of the
baseline dataset. Meanwhile, the quality of dataset generated
by FireDM exceeds the quality of dataset generated by the
other three data enhancement algorithms in all scenarios.
The above experimental results demonstrate the powerful
generalisation ability of FireDM.

5.4. Wide Applicability Validation of FireDM

In Section 5.3, we created 15 separate datasets for the
experimental and control groups. In this section, we will
internally merge the datasets for the experimental and con-
trol groups from Section 5.3. For each group of 5 datasets
with the same size but different scenarios, we will merge
them into a new dataset. For example, in the experimental
group, there are 5 datasets with image size 512x512 and each
represents 1 scene respectively, we merge these 5 datasets
into a new dataset named 512x512. the number of images
in this dataset is 2500. Similarly, the two datasets 768x768
and 1024x1024 are merged in this way.

In this section, our main goal is to empirically demon-
strate that FireDM outperforms all existing weakly super-
vised data enhancement methods such as DiffuMask [82],

ducted a comparative analysis of image fidelity and per-
ceived quality of the images generated by these three al-
gorithms and the algorithm proposed in this study, and the
specific experimental results are displayed in Table. 13.
Based on the final experimental data in this table, we observe
that the quality of the three resolution images generated by
the algorithm in this study generally surpasses the image
quality found in datasets generated by the three algorithms,
DiffuMask, DatasetDM, and Text2Image.

Furthermore, we would like to further verify the su-
periority of FireDM in generating datasets with multiple
image resolutions and whether it can be broadly applied to
various segmentation algorithms. It is worth noting that the
performance of the other data enhancement algorithms used
in our experiments will be debugged to their best in our
experiments, while using textual bootstrapping statements
that are all consistent with FireDM. The final experimental
results are detailed in Table. 14.

By analyzing the data in Table. 14, we observed that
datasets generated by FireDM at three different image res-
olutions have a significant positive impact on the training of
segmentation algorithms, far surpassing the results obtained
using the baseline dataset. In contrast, datasets produced
by the other three data augmentation methods fell short
in enhancing the training performance of segmentation al-
gorithms, generally exhibiting results below those of the
baseline dataset. To delve deeper into the cause of this phe-
nomenon, we further analyze the structural details of three
comparative algorithms and FireDM. First, from the per-
spective of image quality, the other three algorithms rely on
the pretrained SD 1.4, whereas our FireDM utilizes SD 2.1
and SDXL 1.0, which are pretrained on a larger dataset and
boast a more superior and advanced structure. This results in
FireDM producing images of quality that comprehensively
surpasses those generated by the other three algorithms, a
point that is corroborated by the results in Table. 13. It
is well-known that at the same image resolution, higher
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Figure 6: The visualization results of the 15 datasets generated by FireDM for five scenes (each scene has three image sizes).
Each size in the figure includes five scenes of its own, and the order from left to right is: Forest, Vehicle, Ship, Industrial, Mine.

Table 12

The quality of datasets generated by FireDM for various scenarios. Specifically, we train FireDM using the building fire incidents
portion of the BoWFire dataset, then utilize FireDM to generate fire segmentation datasets for various other scenarios and assess

their quality.
Scene Method loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
512x512 768 X 768 1024 x 1024 512x512 768 x 768 1024 x 1024 512512 768 x 768 1024 x 1024 512x512 768 x 768 1024 x 1024
DiffuMask 705 (1 0.6) 71.6 (1 0.4) 69.9 (1 0.2) - - 69.8 (1 0.5)
DatasetDM  70.7 (| 0.4) 71.5 (1 0.5) 69.7 (1 0.4) - - 69.7 (1 0.6)
Forest Text2lmage  70.9 (1 0.2) - - 714 (1 0.6) - - 69.8 (1 0.3) - - 69.8 (1 0.5) - -
FireDM (Ours) 712 (10.1) 718 (10.1) 722(103) 723 (103) 726(102) 745(102) 703(102) 713 (104) 713 (10.1) 707 (104) 710 (104) 719 (10.5)
Baseline-F 71.1 7.7 71.9 72.0 724 74.3 70.1 70.9 71.2 70.3 70.6 714
DiffuMask  70.6 (| 0.5) 716 (1 0.6) 69.5 (1 0.5) 70.0 (1 0.5)
DatasetDM  70.8 (1 0.3) 719 (1 0.3) 69.8 (1 0.2) 70.1 (1 0.4)
Vehicle Text2lmage 707 (1 0.4) - - 71.5 (1 0.7) - - 69.7 (1 0.3) - - 69.9 (1 0.6) - -
FireDM (Ours) 710 (1 0.1) 717 (103) 722 (1 0.1) 723 (10.1) 726 (10.1) 730 (L 0.1) 70.1(10.1) 705 (10.1) 708 (10.1) 70.8(103) 71.0(102) 713 (102)
Baseline-V 71.1 T1.4 723 722 725 73.1 70.0 70.4 70.7 70.5 712 71.1
DiffuMask 685 (1 0.9) - 70.6 (1 0.6) 68.1 (1 0.6) - - 67.5 (1 0.6)
DatasetDM  68.8 (| 0.6) B 70.8 (1 0.4) 68.3 (1 0.4) - - 67.6 (1 0.5)
Ship Text2lmage  68.7 (1 0.7) - - 70.8 (1 0.4) - - 68.4 (1 0.3) - - 674 (10.7) - -
FireDM (Ours) 69.8 (1 0.4) 704 (102) 713 (102) 714 (10.2) 720 (10.1) 721 (10.1) 689 (102) 695(L0.1) 700(L0.1) 704 (103) 69.3(102) 703 (l0.2)
Baseline-S 69.4 70.2 71.1 71.2 72.1 72.2 68.7 69.6 70.1 68.1 69.5 70.5
DiffuMask  69.5 (| 0.6) 70.8 (1 0.7) 68.2 (1 0.7) 67.8 (1 0.6)
DatasetDM 69.7 (1 0.4) 70.9 (1 0.6) 68.3 (1 0.6) 68.0 (1 0.4)
Industrial ~ Text2lmage 696 (1 0.5) - - 70.7 (1 0.8) - - 68.3 (1 0.6) - - 67.9 (1 0.5) - -
FireDM (Ours) 700 (1 0.1) 70.8 (102) 718 (10.2) 7L7(102) 723 (102) 726 (104) 688 (1 0.1) 704 (10.1) 708 (10.1) 686 (102) 69.7(104) 709 (l0.2)
Baseline-1 70.1 70.6 71.6 TL5 72.1 722 68.9 70.3 70.7 68.4 69.3 71.1
DiffuMask  69.4 (| 0.6) 69.9 (1 0.8) 65.5 (1 0.7) - - 67.7 (1 0.6)
DatasetDM 69.6 (1 0.4) 69.8 (1 0.9) 65.6 (10.6) - - 67.5 (1 0.8)
Mine Text2lmage  69.7 (1 0.3) - - 69.9 (1 0.8) - - 65.4 (1 0.8) - - 67.6 (1 0.7) - R
FireDM (Ours) 701 (10.1) 706 (102) 717 (10.1) 7L5(102) 721(10.1) 725(102) 665(103) 67.8(10.1) 705 (1 0.1) 685(102) 69.5(10.1) 708 (10.2)
Baseline-M 70.0 70.4 71.6 71.7 72.0 72.3 66.2 679 69.6 68.3 69.6 70.6
Table 13 1170 Upon further investigation into the use of three datasets

Comparison of image quality between fire datasets generated
by three data augmentation algorithms and those generated by
FireDM.

Dataset Image Size | SSIM (1) PSNR (1) FID (1) LPIPS (1) PieAPP (1)
DiffusionMask | 512x512 0.62 24.2 5.1 0.90 0.58
DatasetDM 512x512 0.65 247 4.8 0.86 0.54
Text2lmage 512x512 0.64 24.4 4.9 0.88 0.56
FireDM-512 512x512 0.71 25.4 45 0.68 0.42
FireDM-768 768x768 0.73 25.6 43 0.64 0.40
FireDM-1024 10241024 0.76 25.8 4.0 0.56 0.34

image quality, meaning less noise and richer details, can be
beneficial for the training of segmentation algorithms to a
certain extent. Secondly, the decoders for perceiving masks
in DatasetDM and DiffuMask use Mask2Former, a generic
segmentation algorithm that tends to perform poorly in the
challenging domain of flames. In contrast, our FireDM’s
perception decoder, Fire-Decoder, has been finely tuned
for fire-related tasks (as detailed in Section 3.3.2), making
it more efficient and precise. Meanwhile, the Text2Image
method generates diverse foreground object images through
a text-to-image diffusion model and combines them with
segmentation algorithms to extract foreground masks, which
are then merged with background images. This approach
may disrupt the natural correlation between the target object
and its environment, limiting the overall realism of the
images.

with different sizes for the same segmentation algorithm, as
shown in Table. 14, we noted some intriguing phenomena.
Taking DeepLabV3+ as an example, when the size increased
from 512 to 1024, the segmentation accuracy exhibited a
trend of initially rising and then declining. This phenomenon
can be attributed to the input size set for DeepLabV3+
at 512x512. As the resolution of the dataset used to train
DeepLabV3+ gradually increased from 512, two impacts
54ernerged: firstly, the accumulation of local information in

1 . . g . .
1155each image progressively facilitated the training process.

However, on the other hand, since the dataset size exceeded
512, cropping occurred during training, potentially compro-
mising the overall information of the images. Fortunately,
during the initial phase of the dataset’s image size increment,
the extent of cropping was not significant, resulting in only
a slight enhancement in overall training accuracy when
considering the combined effects of these two factors.

On the contrary, the situation varies for the Mask2Former
algorithm. With an input size set at 1024x1024, the gradual
increase in dataset resolution from 512x512 to 1024x1024
enhances the accumulation of relevant information, leading
to a gradual improvement in the algorithm’s segmentation
accuracy. The final experimental results indeed support this
observation. In summary, the above conclusions further
underscore the significance of FireDM in generating datasets
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Table 14

Multiple fire segmentation datasets of various scales generated by diverse data augmentation algorithms in the evaluation results
table of multiple segmentation algorithms. The column Input Size refers to the optimal image size of the segmentation algorithms
as input to the training set, a property determined by the structure of their respective segmentation algorithms. The "baseline”
row in the table represents a dataset composed of real images, with an equal number of images as the other control groups.

Segmentation | . Data augmentation ToU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
algorithm algorithm 512x512 768 x 768 1024 x 1024 512x512 768 x 768 1024 x 1024 512x512 768 x 768 1024 x 1024 512512 768 x 768 1024 x 1024
DiffuMask 68.67 (1 3.68) - - 69.93 (1 2.69) 6791 (1 2.96) 69.01 (12.77)
DatasetDM 7022 (1 2.13) - - 7129 (1133) 6034 (1153) 70.13 (1 1.65)
Deeplab V3 512x512 Text2Image 69.89 (1 2.46) - - 7027 (1 2.35) - - 68.22 (1 2.65) - - 69.20 (1 2.58) - -
(83) FireDM(Ours) 7321 (10.86) 7343 (10.96) 7325 (1061) 74.58 (1 1.96) 7524 (12.13) 74.88 (1 1.67) 7232 (1 145) 7267 (11.49) 7255 (11.20) 7259 (10.81) 7266 (10.71) 7333 (1 132)
Baseline 7235 7247 72.64 7262 7321 70.87 7118 7135 7178 7195 7201
DiffuMask 7267 (1 2.54) 72.99 (1 2.46) 7130 (1 2.63) 7221 (12.71)
DatasetDM 73.15 (1 2.06) - 74.54 (1091) - 7245 (1 1.48) - 73.03 (1 189)
Deeplab V3+  512x512 Text2Image 72.95 (1 2.26) - - 7332 (12.13) - - 7134 (12.59) - - 7245 ) - -
([84) FireDM(Ours)  76.11 (10.90) 7689 (1 1.56) 7646 (1 1.15) 77.97 (1 2.52) 7841 (1241) 77.98 (1149) 7563 (1 1.70) 7546 (1 1.03) 7531 (1055) 7599 (1 1.07) 76.19 (1 1.22) 76.13 (1 1.10)
Baseline 7521 75.33 7531 75.45 76.49 73.93 74.43 74.76 4. 74.97 75.03
DiffuMask 7217 (1 2.84) - - 7322 (1 1.98) 7134 (12.22) - - 7246 (1221)
DatasetDM 72.67 (1 2.34) - - 7423 (1097) - 7210 (1 1.46) - - 72.72 (1 195) - -
BiseNet 512x512 Text2Image 7223 (12.78) - - 7311 (1 2.09) - 7112 (1 2.44) - - 7210 (1 2.57) - -
[(E3)) FireDM(Ours) 76,00 (10.99) 7657 (1 1.43) 7623 (1 1.11) 77.65 (1 245) 7821 (12.43) 7778 (1 154) 7537 (1 1.81) 7534 (1 1.11) 75.10 (10.54) 7556 (10.89) 7576 (1 0.98) 75.72 (1 0.96)
Baseline 75.01 75.14 75.12 75.20 76.24 7356 74.23 74.56 74.67 74.78 7476
DiffuMask 7277 (1 3.45) - - 7431 (1 1.70) 7245 (1 2.42) - - 72.99 (1 2.88)
DatasetDM 73.81 (1 2.41) - - 75.01 (1 1.00) - 7322 (1165) - - 73.89 (1 1.98)
BiseNetv2 640 x 640 Text2Image 73.44 (12.78) - - 74.37 (1 1.64) - 7225 (1 2.62) - - 7324 (12.63) - -
([86]) FireDM(Ours)  77.13 (10.91) 7778 (1 1.44) 7745 (1 1.15) 78.54 (1 2.53) 79.05 (12.16) 7889 (12.03) 7654 (1 1.67) 7675 (10.65) 76.67 (10.96) 7667 (10.80) 77.89 (1 1.11) 77.71 (1 1.12)
Baseline 76.22 76.34 76.30 76.01 76.86 74.87 76.10 7571 75.87 76.78 76.59
DiffuMask 7631 (10.85) 76.29 (1 0.94) 7437 (1 1.49) - - 7531 (1 152)
DatasetDM 7533 (1 1.83) 76.88 (1 0.35) 74.88 (1 0.98) - - 75.37 (1 1.46)
Segmenter 640 x 640 Text2Image 75.11 (1 2.05) - - 75.68 (1 155) - - 73.78 (1 2.08) - - 74.87 (1 1.96) - -
(87) FireDM(Ours) 7846 (1 1.30) 78.98 (1 1.77) 7876 (1 1.56) 79.91 (12.68) 8021 (12.19) 79.88 (12.10) 77.78 (1 192) 77.78 (1 1.16) 77.12 (1 0.53) 77.76 (1 0.93) 78.04 (1 093) 78.01 (1 1.02)
Baseline 7716 7721 7720 7123 7178 75.86 76.62 7659 76.83 7711 76.99
DiffuMask 7713 (1 1.32) 7767 (1 0.95) 76.00 (1 0.86) - - 77.01 (1 1.20)
DatasetDM 76.25 (1 2.20) - 77.64 (1 1.01) - 75.56 (1 1.30) - - 76.14 (1 2.07)
Segformer 640 x 640 Text2Image 76.13 (1 2.32) - - 76.41 (1 2.24) - - 7417 (1 2.69) - - 7522 (1 2.99) - -
([s8]) FireDM(Ours) 7927 (10.82) 79.97 (1 1.37) 79.63 (1 1.19) 80.95 (1230) 81.36 (12.15) 8112 (1202) 78.89 (12.03) 7867 (11.00) 78.53 (10.19) 79.02 (10.81) 80.02 (1 155) 79.34 (1 0.99)
Baseline 78.45 78.60 78.44 78.65 79.10 76.86 7161 7834 7821
DiffuMask 7767 (1 1.89) 7799 (1 1.79) 7645 (1 1.58) - - 7721 (1224)
DatasetDM 7703 (1 2.53) - - 78.42 (1136) - 76.98 (1 1.05) - - 77.45 (1 2.00)
MaskFormer 1024 x 1024 Text2image 7673 (1 2.83) - - 78.12 (1 1.66) - 75.87 (1 2.16) - - 7610 (1 3.35) - -
(89]) FireDM(Ours) 80.55 (10.99) 81.56 (1 1.84) 8233 (12.06) 8147 (11.69) 82.65 (12.55) 83.20 (12.53) 79.91 (1 1.88) 80.25 (1 1.31) 81.26 (1 1.53) 80.11 (1 0.66) 81.23 (1 1.51)  82.02 (1 2.09)
Baseline 79.56 79.72 80.27 79.78 80.67 78.03 78.94 79.73 79.45 79.72 79.93
DiffuMask 77.89 (1 2.32) 79.23 (1122) 77.66 (1 1.46) 77.91 (1 2.65)
DatasetDM 7825 (1 7937 (1 1.08) - 78.02 (1 1.10) - - 78.67 (1 1.89) - -
Mask2Former 1024 x 1024 Text2Image 7791 (1230 - - 79.11 (1134) - 7721 (1191) - - 77.56 (1 3.00) - -
((E)) FireDM(Ours) 8178 (1 1.57) 8288 (1 1.56) 83.78 (1 144) 8273 (12.28) 83.87 (12.53) 8457 (12.12) 8122 (1210) 8134 (11.22) 8254 (1165) 8134 (1078) 8243 (1 1.64) 8337 (12.16)
Baseline 8021 81.32 8234 80.45 8245 79.12 80.12 80.89 80.56 80.79 8121

with varying image sizes. This capability allows the ses7uscannot perfectly adapt to the requirements of various seg-

lection of datasets tailored to the training requirements of
different segmentation algorithms. It is crucial to note that
datasets generated by FireDM are indeed compatible with
various segmentation algorithms.

We can see similar experimental results as shown in Fig.
7. This figure shows the validation set loss curves of the four
latest segmentation algorithms - Segmenter, SegFormer,
MaskFormer and Mask2Former - during training. First, we
focus on two algorithms, Segmenter and SegFormer. Since
the input size (input size) of these two algorithms is 640, we
expect that the optimal loss value should be close to an image
of 640x640 size. By looking at parts a and b of the figure, we
find that the experimental results are indeed consistent with
this prediction. Next, we analyse two algorithms, SegFormer
and Mask2Former. Since the input size of these two algo-
rithms is 1024, we predict that the convergence of the loss
curve will gradually slow down as the size of the training
image increases. At the same time, the best training results
should occur on the dataset whose size is closest to 1024.
Observing parts ¢ and d of the figure, we can see that the
experimental results match our prediction. The experimental
phenomena described further validate that different segmen-
tation algorithms each have their optimal dataset sizes for
training. This highlights the importance of FireDM’s capa-
bility to generate multi-scale datasets. In contrast, the com-
parative data augmentation algorithms—DatasetDM, Diftfu-
Mask, and Text2Image—are limited by the constraints of
the diffusion model (SD 1.4) they employ, resulting in their
ability to only generate datasets with an image resolution
of 512x512. This limitation means their generated datasets

mentation algorithms, significantly restricting the applica-
tion prospects of these three methods.

5.5. Practical Application Testing of FireDM
Generated Datasets

In this section, we aim to highlight the practical appli-
cation potential of FireDM in generating datasets by enu-
merating some of the actual difficulties encountered in fire
detection. For example, fire scenes often involve cluttered
obstacles obstructing flames, thick smoke and fog, and so
on. Therefore, the main focus of this section is to explore
whether Mask2Former can accurately test for fires in these
three scenarios after being trained using the datasets pro-
vided in Table. 2. To address this question, the primary
task is to acquire datasets of fires in these three interference
scenarios. To accomplish this, we selected relevant scene
images from the internet, with 500 images for each scenario,
and manually annotated segmentation masks for each of
them.

The final experimental results are presented in Table.
C17, and Table. C18 in Appendix C. The two datasets gener-
ated by FireDM in these three tables have comprehensively
outperformed the public datasets. This indicates that the
potential application of the datasets generated by FireDM
in fire detection is very significant.

6. Conclusions

This study introduces FireDM, an innovative fire seg-
mentation dataset generation method based on advanced
diffusion models. FireDM uniquely combines pre-trained
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Figure 7: Loss curve graphs of four segmentation algorithms trained on datasets with three different image sizes. The horizontal
coordinates in the four subplots of this figure are epochs and the vertical coordinates are the loss values.

diffusion models (SDXL 1.0 and SD 2.1) with a specialssr 1sdfireDM sets a new benchmark for fire scene image gener-

ized fire domain text generator (ChatGPT4-Fire), facilitat-
ing the creation of high-quality, diverse fire scene images
and corresponding segmentation masks with minimal hu-
man annotation. A key innovation in FireDM is the Fire-
Decoder module, adeptly decoding accurate segmentation
masks from cross-attention and multi-scale feature maps
during the diffusion process. As the pioneering method ded-
icated to fire scene segmentation dataset generation, FireDM
demonstrates several advantages. It not only produces highly
realistic and detailed fire images and segmentation masks
but also leverages the latent encoding and visual alignment
principles of diffusion models, requiring minimal annotated
data for training the decoder.

Furthermore, the integration of large-scale language
models enhances the detail and diversity of flame image gen-
eration, bolstering the generalization ability of the produced
images. FireDM’s flexibility in adapting to the input size
requirements of various segmentation algorithms, and its
ability to dynamically select dataset sizes makes it a robust
solution. The method’s capacity to generate a comprehensive
fire segmentation dataset, encompassing different sizes and
common fire scenarios, positions FireDM as the largest
and highest-quality publicly available fire segmentation
dataset globally. Finally, our evaluation through training
and testing with mainstream segmentation algorithms, such
as DeepLabV3, DeepLabv3+, and Mask2Former, on the
FireDM-generated dataset indicates that the dataset closely
approximates real fire scenes and offers versatile scale
distributions adaptable to a wide range of segmentation
algorithms, thus significantly enhancing baseline quality.

ation and segmentation, and it will contribute significantly
to future smart firefighting operations.
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Appendix A. Details of FireDM
See Table. A15, Table. A16 and Fig. AS.

Appendix B. Visualization of the Dataset
Generated by FireDM

See Fig. B9, Fig. B10, Fig. B11 and Fig. B12.

Appendix C. Explore the Application Potential
of FireDM-Generated Datasets

See Table. C17 and Table. C18.
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Table A15
Example of a Knowledge Source Utilized for Knowledge Enhancement.
Number Text prompt Fire types
la Intelligent Building Fire Safety and Smart Firefighting [90]
1b Global and regional trends and drivers of fire under climate change [91]
1c Fluid mechanics aspects of fire and smoke dynamics in enclosures [92] Book
1d US fire department profile 2018 [93]
2a Forest fires in Chile cause multiple deaths and widespread destruction [94]
2b Major incident declared in Liverpool after large fire in city centre [95]
2c Twelve people arrested over Beijing hospital fire that killed 29 [96] News Articles and Reports
2d Our house is on fire [97]
3a Handbook of Fire and the Environment: Impacts and Mitigation [98]
3b Handbook of Cognitive and Autonomous Systems for Fire Resilient Infrastructures [99]
3c International handbook of structural fire engineering [100] Official Technical Manuals
3d SFPE handbook of fire protection engineering [101]
4a Large California wildfires: 2020 fires in historical context [102]
4b A review of battery fires in electric vehicles [103]
4c Human and organizational factors in Chinese hazardous chemical accidents ... [104] Academic Papers And Reports
4d Efficient flame detection based on static and dynamic texture analysis in forest fire detection [105]
Table A16
The input examples of a text prompt.
Number Text prompt Fire types
la A high-rise building in the city center erupts in flames. 8k, building disaster, building photo.
1b A residential complex faces a fierce fire outbreak, firefighters battling the flames. 8k, urban disaster, firefighting operation photo. Structural fire
1c An industrial facility experiences a devastating fire, billowing thick smoke into the sky. 8k, building disaster, emergency response photo.
2a The forest floor crackles and pops as flames engulf the underbrush. 8k, forest disaster, wildfire photo.
2b Tall trees become torches in the night, illuminating the forest with a fiery glow. 8k, forest disaster, forest fire photo. Forest fire
2c Smoke billows over the treetops, signaling a serious forest fire below. 8k, forest disaster, environmental concern photo.
3a A parked car erupts in flames in a quiet suburban street. 8k, vehicle disaster, emergency photo.
3b A bus on fire causes panic among passengers on a busy city road. 8k, vehicle disaster, safety photo. Vehicle fire
3c A truck carrying flammable materials catches fire on the highway. 8k, vehicle disaster, transport photo.
4a A fishing boat catches fire at sea, with smoke visible from the shore. 8k, ship disaster, distant view photo.
4b Firefighters aboard a fireboat battle flames engulfing a cargo ship. 8k, ship disaster, action photo. Ship fire
4c A cruise ship fire creates panic among passengers, with lifeboats deployed. 8k, ship disaster, rescue operation photo.
5a Miners evacuate as smoke billows from a shaft fire. 8k, mine disaster, rescue operation photo.
5b A sudden fire in the depths of a coal mine traps miners underground. 8k, mine disaster, crisis photo. Mine fire
5c An underground blast leads to a fire in the mine, causing chaos. 8k, mine disaster, emergency situation photo.
6a Explosions light up the night as a factory fire spreads rapidly. 8k, industrial disaster, dramatic photo.
6b A factory's storage tanks are ablaze, creating a dangerous situation. 8k, mine disaster, intense photo. Industrial fire
6¢ Thick black smoke from the factory fire can be seen for miles. 8k, mine disaster, environmental hazard photo.
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Figure A8: ChatGPT4-Fire is utilized to guide the diffusion process with its prompts. With just a few simple inputs, ChatGPT4-Fire
can generate a multitude of diverse and professionally detailed prompts. Figure A8.A demonstrates the use of text descriptions
for three types of fire scenarios to guide the generation of corresponding scene datasets. Figure A8.B showcases our capability
to produce custom text prompts for specific fire incident locations, such as the Forbidden City in Beijing. Figure A8.C illustrates
the generation of textual descriptions for fire scenes occurring at different times of the day by ChatGPT4-Fire.
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Figure B9: FireDM was trained using the BoWFire dataset to generate datasets of three image sizes. Each of these image size
datasets contains the three most dominant fire occurrence scenarios, i.e., forest fires, structure fires, and vehicle fires.

Figure B10: Visualisation results of the dataset generated by FireDM for five scenes with an image size of 512x512. The images
are, from top to bottom: forest, vehicle, ship, industry, and mine.
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Figure B11: Visualisation results of the dataset generated by FireDM for five scenes with an image size of 768x768. The images
are, from top to bottom: forest, vehicle, ship, industry, and mine.

Figure B12: Visualisation results of the dataset generated by FireDM for five scenes with an image size of 1024x1024. The
images are, from top to bottom: forest, vehicle, ship, industry, and mine.
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Table C17
The segmentation results of the datasets generated by FireDM at three different image resolutions in response to severe obstruction
in fire scenes.

Dataset Real Image Synthetic  Image Size loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
1. Baseline-BoWFire 119 0 - 43.24 45.21 40.52 39.47

2. FireDM-512-B 0 119 512x512 | 44.14 (1 0.90) 47.23 (1 2.02) 42.25 (1 1.73) 40.34 (1 0.87)
3. FireDM-768-B 0 119 768x768 | 44.37 (1 1.13) 47.67 (1 2.46) 42,58 (1 2.06) 40.68 (1 1.21)
4. FireDM-1024-B 0 119 1024x1024 | 44.68 (1 1.44) 47.89 (1 2.68) 4276 (1 2.24) 4078 (1 1.31)
5. Baseline-Corsican 1135 0 - 53.28 56.51 51.04 55.23

6. FireDM-512-C 0 1135 512x512 | 54.17 (1 0.89) 57.17 (1 0.66) 52.34 (1 1.30) 56.46 (1 1.23)
7. FireDM-768-C 0 1135 768x768 | 54.34 (1 1.06) 57.43 (1 0.92) 52.46 (1 1.42) 56.59 (1 1.36)
8. FireDM-1024-C 0 1135 1024x1024 | 55.46 (1 2.18) 5753 (1 1.02) 5259 (1 1.55) 56.73 (1 1.50)
9. Baseline-FLAME 2003 0 3480x2160 62.74 60.34 64.24 61.34

10. FireDM-512-F 0 2003 512x512 | 63.93 (1 1.19) 61.49 (1 1.15) 65.27 (1 1.03) 62.56 (1 1.22)
11. FireDM-768-F 0 2003 768x768 | 64.17 (1 1.43) 61.59 (1 1.25) 65.31 (1 1.07) 62.76 (1 1.42)
12. FireDM-1024-F 0 2003 1024x1024 | 64.32 (1 1.58) 61.65 (1 1.31) 65.56 (1 1.32) 62.93 (1 1.59)
13. Baseline-BoWFire+Corsican+FLAME 3257 0 - 65.71 63.38 66.25 65.38

14. FireDM-512-BCF 0 3257 512x512 | 65.93 (10.22) 64.57 (1 1.19) 67.53 (1 1.28) 66.78 (1 1.40)
15. FireDM-768-BCF 0 3257 768 %768 | 66.12 (1 0.41) 64.68 (1 1.30) 67.67 (1 1.42) 66.88 (1 1.50)
16. FireDM-1024-BCF 0 3257 1024 x 1024 | 66.32 (1 0.61) 64.78 (1 1.40) 67.75 (1 1.50) 66.97 (1 1.59)
17. FireDM-512 0 13950 512 %512 70.21 69.87 68.43 71.47

18. FireDM-768 0 14926 768 x 768 71.38 70.96 69.56 72.63

19. FireDM-1024 0 14967 1024 x 1024 73.12 71.78 70.34 73.37

20. FireDM-512+768+-1024 0 43843 - 75.23 72.67 71.54 74.12

Table C18
The segmentation results of the datasets generated by FireDM at three different image resolutions in response to severe fog or
smoke conditions in fire scenes.

Dataset Real Image  Synthetic  Image Size loU (%) Pixel Accuracy (%) F1-Score (%) Average Precision (%)
1. Baseline-BoWFire 119 0 - 38.24 35.21 37.52 42.47

2. FireDM-512-B 0 119 512x512 | 39.15 (1 0.91) 36.34 (1 1.13) 38.54 (1 1.02) 43.55 (1 1.08)
3. FireDM-768-B 0 119 768x768 | 40.22 (1 1.98) 37.00 (1 1.79) 38.92 (1 1.40) 43.87 (1 1.40)
4. FireDM-1024-B 0 119 1024x1024 | 40.38 (1 2.14) 37.29 (1 2.08) 39.17 (1 1.65) 43.99 (1 1.52)
5. Baseline-Corsican 1135 0 - 4273 43.81 40.54 44.37

6. FireDM-512-C 0 1135 512x512 | 43.84 (1 1.11) 44.65 (1 0.84) 41.31 (1 0.77) 45.25 (1 0.88)
7. FireDM-768-C 0 1135 768x768 | 43.95 (1 1.22) 44.74 (1 0.93) 41.46 (1 0.92) 45.37 (1 1.00)
8. FireDM-1024-C 0 1135  1024x1024 | 44.51 (1 1.78) 45.20 (1 1.39) 42.20 (1 1.66) 45.57 (1 1.20)
9. Baseline-FLAME 2003 0 3480x2160 54.29 55.12 51.31 55.07

10. FireDM-512-F 0 2003 512x512 | 54.59 (1 0.30) 55.48 (1 0.36) 52.15 (1 0.84) 55.68 (1 0.61)
11. FireDM-768-F 0 2003 768x768 54.78 (1 0.49) 55.67 (1 0.55) 52.27 (1 0.96) 55.81 (1 0.74)
12. FireDM-1024-F 0 2003 1024x1024 | 55.21 (1 0.92) 55.93 (1 0.81) 52.65 (1 1.34) 55.97 (1 0.90)
13. Baseline-BoWFire+Corsican+FLAME 3257 0 - 62.23 64.53 65.13 66.01

14. FireDM-512-BCF 0 3257 512x512 | 62.53 (1 0.30) 64.98 (1 0.45) 65.89 (1 0.76) 66.23 (1 0.22)
15. FireDM-768-BCF 0 3257 768 x768 | 62.81 (1 0.58) 65.21 (1 0.68) 66.21 (1 1.08) 66.53 (1 0.52)
16. FireDM-1024-BCF 0 3257 1024 x 1024 | 62.95 (1 0.72) 65.38 (1 0.85) 66.65 (1 1.52) 67.01 (1 1.00)
17. FireDM-512 0 13950 512x 512 71.10 72.32 71.84 72.95

18. FireDM-768 0 14926 768 x 768 72.03 72.57 72.11 73.16

19. FireDM-1024 0 14967 1024 x 1024 73.40 73.11 72.55 73.52

20. FireDM-512+768+1024 0 43843 - 75.31 75.65 76.13 74.92
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