' fire

Article

AlI-Generated Fire Images for Object Detection-Based

Fire Detection

Wangeun Ji ', Sugi Choi ?*, Heejun Kwon 2 and Haiyoung Jung 2*

Academic Editors: Tao Chen,
Hongyong Yuan and Xiaole Zhang

Received: 11 March 2026
Revised: 19 June 2026
Accepted: 26 June 2026
Published: 2 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

1 Department of Electrical Engineering, Inha University, 100 Inha-ro, Michuhol-gu,
Incheon 22212, Republic of Korea; 22222037@inha.edu

2 Department of Fire and Disaster Prevention, Semyung University, 65 Semyung-ro,

Jecheon-si 27136, Republic of Korea; zz55cc@naver.com (S.C.); he2jun@naver.com (H.K.)

Correspondence: hyjung@semyung.ac.kr

* These authors contributed equally to this work as first author.

Abstract

Vision-based fire detection models are often limited by the insufficient diversity of anno-
tated fire and smoke images, particularly in terms of fire location, flame scale, smoke den-
sity, ignition cause, and indoor scene context. This study investigates whether generative
Al-based synthetic images can expand fire-image diversity and improve object detection-
based fire detection performance. Real fire images were combined with conventional aug-
mented images and synthetic images generated using ChatGPT-4.0 and ChatGPT-5.5. The
generated images were constructed using multivariable prompts considering fire location,
scale, and cause, and unsuitable samples were screened using a pretrained fire detection
model. YOLOv8n, YOLOv11n, and RT-DETR were trained under 48 dataset—detector con-
ditions and evaluated using fixed validation and test datasets. The results showed that
generated-image-based training generally maintained or improved detection perfor-
mance compared with the original and conventional augmentation conditions. In partic-
ular, selected ChatGPT-4.0-based YOLOv11 conditions showed statistically supported
improvements over matched augmentation conditions, with increases of +0.052 in Preci-
sion, +0.031 in Recall, +0.065 in mAP@0.5, and +0.038 in mAP@0.5:0.95. LPIPS and t-SNE
analyses indicated that the generated images formed structured perceptual and feature-
space distributions relative to real fire images. Scenario-based inference using location-
specific video frames also showed stable model responses in several complex indoor fire
environments. These findings suggest that validated generative Al-based images can sup-
plement the limited visual diversity of real fire datasets and improve the robustness of
vision-based fire detection models.

Keywords: fire detection; object detection; generative Al synthetic fire image; RT-DETR

1. Introduction

Recent research on object detection models has focused on improving real-time ob-
ject detection performance by modifying and optimizing the backbone, neck, and head
structures of deep learning-based object detection models, including You Only Look Once
(YOLO), Detection Transformer (DETR), and Faster Region-based Convolutional Neural
Network (Faster R-CNN) [1-3]. These models have been increasingly adopted in various
applications, including license plate detection, product quality monitoring, and fruit
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freshness classification [4-10]. This widespread application may be attributed to the avail-
ability and abundance of relevant datasets. However, the potential to enhance perfor-
mance by analyzing factors such as the quality and quantity of image data, which are
critical for optimizing the performance of artificial intelligence (AI) models, has not been
fully explored. Particularly, research on Al-based fire detection is constrained by the scar-
city of relevant datasets featuring flame and smoke images from forests, buildings, and
indoor fires, which are key elements in disaster scenarios.

Various studies have analyzed the use of image augmentation and transfer learning
to overcome this limitation [11-13]. Despite its effectiveness, image augmentation may
lead to overfitting due to the similarity of augmented images, and transfer learning cannot
enhance performance beyond a certain threshold.

Recent studies have addressed the limitations of fire-image datasets mainly through
two approaches: improving detection architectures and increasing training-data diversity.
In terms of model architecture, Fire-YOLO improved the detection of small flame and
smoke targets by modifying YOLOVS3 for fire inspection scenarios [14]. Xu et al. proposed
Light-YOLOVS, a lightweight fire detection model designed for complex fire scenarios, by
incorporating a separable vision transformer block, a lightweight bidirectional feature
pyramid network, and attention-based feature enhancement [15]. Zhao et al. developed
the Fire Segmentation—-Detection Framework (FSDF), which combines flame feature en-
hancement with YOLOvS8 and VQ-VAE to improve fire detection performance [16]. These
studies show that architectural refinement can enhance the detection of small or visually
ambiguous fire objects. However, the improvement obtained from model modification
remains closely related to the diversity and representativeness of the training dataset.

Dataset-oriented studies have also emphasized the importance of data diversity for
robust fire detection. Recent review papers have reported that the lack of large-scale an-
notated fire and smoke datasets remains a major obstacle to developing reliable vision-
based fire detection systems [17,18]. To address this issue, Wu et al. introduced a fire and
smoke object detection dataset containing fire, smoke, and fire-like objects [19], while De-
wangan et al. proposed FIgLib and SmokeyNet for real-time wildland smoke detection
using fixed-view camera imagery [20]. These datasets have contributed to benchmark con-
struction and model evaluation, but real fire data collection is still difficult because fire
events are hazardous, unpredictable, and highly dependent on scene conditions such as
location, camera viewpoint, fire scale, and smoke density. In addition, the annotation of
flame and smoke objects requires considerable effort because their boundaries are often
irregular, blurred, or partially occluded. To reduce the dependency on real-image collec-
tion, synthetic data have been investigated in several object detection studies. Park et al.
generated synthetic wildfire images using a GAN-based approach combined with weakly
supervised object localization [21]. Ljungqvist et al. analyzed differences between detec-
tors trained using synthetic and real images and showed that synthetic data can influence
the internal representation of object detection networks [22]. Kiefer et al. also demon-
strated that synthetic data can be useful for object detection in unmanned aerial vehicle
scenarios where real data collection is costly or restricted [23]. These studies suggest that
synthetic data can alleviate dataset scarcity, but they also indicate that synthetic images
should be carefully validated because the distributional gap between real and synthetic
images may affect detection performance. Recent advances in text-to-image generation
provide a new opportunity for fire-image dataset expansion. DALL-E 3 improved prompt-
following capability through detailed caption-based training, enabling users to generate
images that reflect specific scene descriptions and visual attributes [24]. In fire detection,
this capability is useful because fire scenarios can be defined by combinations of location,
fire scale, ignition cause, smoke density, and surrounding objects. However, generated
images should not be used without screening because unrealistic or irrelevant samples
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may degrade training quality. Moreover, the effectiveness of generated-image-based
training should be examined across different detector architectures. RT-DETR provides a
useful comparison model because it differs from YOLO-based dense prediction models
by using a query-based end-to-end detection mechanism [25]. The results of the compari-
son between these object detection-based fire and smoke detection and synthetic data-
based research are shown in Table 1.

Previous studies have improved fire detection performance mainly by modifying object
detection architectures, enhancing fire-related visual features, or constructing fire and smoke
datasets. These studies demonstrate the effectiveness of model improvement and dataset ex-
pansion for fire and smoke detection. However, they have not sufficiently examined whether
generative Al-based synthetic fire images can be systematically generated, screened, and in-
corporated into object detection training under identical evaluation conditions.

Table 1. Comparison of object detection-based fire and smoke detection and synthetic-data studies.

Models

Evaluation Matrix Dataset Input Class Result Reference

Fire-YOLO  Accuracy, F1, mAP

Light-YOLOv5

FSDF

GAN + WSOL
YOLOV3
Real/Synthetic

Fire small target ¢\ Smoke  0.915,0.730, 0802 Zhao et al. [14]

dataset
mAP, FPS P“bhct;s";’teb Da- Flame, Smoke +3.3%, 91.1% Xu et al. [15]
F1-score, Accuracy Forest + Urban Fire Fire 94.2%, 93.5% Zhao et al. [16]
Dataset
F1-score, AP Wildfire Dataset Wildfire +71.9%, +6.41% Park et al. [21]
BDD + GTAV Da-
mAP sset VDa Vehicle 0.890 Ljungqvist et al. [22]

Based on these considerations, this study investigates whether generative Al-based
synthetic fire images can improve object detection-based fire detection performance when
they are systematically generated, screened, and incorporated into the training dataset.
Unlike previous studies that primarily focused on model-architecture modification, real-
dataset construction, or conventional synthetic-data generation, this study compares GPT-
40- and GPT-5.5-generated image groups with conventional augmentation under identi-
cal validation and test dataset conditions. The generated images were constructed using
multivariable prompts considering location, fire scale, smoke condition, and ignition
cause, and were screened using a pretrained fire detection model before training. The re-
sulting datasets were used to train YOLOv8n, YOLOv1ln, and RT-DETR models under
48 detector—dataset conditions.

The main contributions of this study are as follows:

e  We propose a generative Al-assisted fire-image dataset expansion pipeline that com-
bines multivariable prompt engineering, generated-image screening, and object de-
tection model training.

e  We compare ChatGPT-4.0- and ChatGPT-5.5-generated image groups with conven-
tional augmentation using YOLOv8n, YOLOv11n, and RT-DETR under the same val-
idation and test dataset conditions.

e We verify the effectiveness and validity of generated-image-based training through
test-dataset evaluation, bootstrap-based statistical analysis, LPIPS and t-SNE anal-
yses, and scenario-based inference using location-specific fire video frames.

The remainder of this paper is organized as follows. Section 2 describes the research
content and methods, including dataset construction, synthetic image generation, detec-
tion model training, and evaluation procedures. Section 3 presents the experimental re-
sults based on validation and test datasets. Section 4 evaluates the practical inference be-
havior of the developed models in diverse real-world fire scenarios. Section 5 discusses
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the validity, implications, and limitations of the generated images. Finally, Section 6 con-
cludes the paper and outlines future research directions.

2. Research Content and Methods

Figure 1 illustrates the overall workflow of this study. The proposed framework was
designed to evaluate whether generative Al-based synthetic fire images can improve ob-
ject detection-based fire detection performance when they are systematically generated,
screened, and incorporated into the training dataset. The workflow consists of real fire-
image dataset construction, conventional image augmentation, synthetic fire-image gen-
eration, generated-image screening, object detection model training, test-dataset evalua-
tion, statistical verification, and scenario-based inference analysis. The resulting datasets
were used to train YOLOv8n, YOLOv11n, and RT-DETR models under identical valida-
tion and test dataset conditions.

@
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Data

Augmentation Data
] (600~3000 Images)

roboflow
Open Data
Generated
Open Data(4000 Images) E'r..atGl E.I
Data Collecting (600~3000 Images)
Fire Detection Model Training ‘
E S YOLOv8 Model Structure E = YOLOv11 Model Structure
[ = [
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o= 7 — | -1 o ——
— D S = i e L
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Figure 1. Development Process of the Proposed Fire Detection Model.

The following subsections describe the detailed procedures of the proposed frame-
work. Section 2.1 introduces the detection models used in this study, including YOLOv8n,
YOLOv11n, and RT-DETR. Sections 2.2-2.4 describe the construction of the real fire-image
dataset, conventional augmentation, and synthetic fire-image generation and screening.
Section 2.5 presents the experimental conditions and evaluation metrics, and Section 2.6
describes the generated-image validity analysis based on LPIPS and t-SNE.

2.1. Detection Models

This study employed YOLOv8n, YOLOv1ln, and RT-DETR to evaluate whether the
effect of generated-image-based training varies depending on detector architecture. The
YOLO series has been widely adopted for real-time object detection because it provides a
practical balance between detection accuracy, computational cost, and inference speed
[26]. YOLOVS is an anchor-free one-stage detector that improves multiscale feature repre-
sentation through its backbone-neck-head structure. Its lightweight variant, YOLOv8n,
was selected as a baseline detector because real-time fire detection requires both compu-
tational efficiency and stable detection performance. Recent fire and smoke detection stud-
ies have also shown that fine-tuned YOLOvV8 models are effective for detecting flame and
smoke objects under diverse visual conditions, supporting the use of YOLOVS as a repre-
sentative detection architecture in this study [27,28]. YOLOv11ln was additionally evalu-
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ated as a recent YOLO-based architecture. YOLOv11 introduces structural components
such as C3k2 and C2PSA, which are designed to improve feature extraction efficiency and
spatial attention capability [2]. These characteristics are relevant to fire detection because
flame and smoke objects often appear with irregular shapes, scale variations, blurred
boundaries, and low-contrast visual patterns. Thus, YOLOv11ln was used to examine
whether the generated-image-based training strategy remains effective in a more recent
lightweight YOLO architecture.

In addition to the YOLO-based detectors, RT-DETR was included as a transformer-
based real-time object detector. Unlike YOLO-based dense prediction models, RT-DETR
performs end-to-end object detection using a query-based mechanism and an efficient hy-
brid encoder [25]. This architecture enables comparison between one-stage YOLO detec-
tors and a transformer-based detection framework under the same dataset conditions. By
evaluating YOLOv8n, YOLOv11n, and RT-DETR together, this study examined whether
the contribution of generated synthetic fire images was limited to a specific detector type
or could be observed across different object detection frameworks. Figure 2 shows the
Architectures of YOLOv8n, YOLOv1ln, and RT-DETR
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Figure 2. Architectures of YOLOv8n, YOLOv11n, and RT-DETR.

2.2. Real Fire Image Dataset Construction

In this study, fire-related images were collected from several online communities and
open-data platforms, including Kaggle and Roboflow, to reduce overfitting that may oc-
cur when continuous or visually similar image data are used. Kaggle is a global platform
for data science and machine learning that provides diverse datasets contributed by re-
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searchers and practitioners worldwide. Roboflow is a computer vision dataset manage-
ment platform that provides open datasets for various object detection tasks.

For this study, 4000 fire-related images were collected from public platforms, includ-
ing Roboflow and Kaggle, and data provided by the Korea National Fire Agency [29-44].
Wildfire imagery was excluded because this study focused on indoor and structural fire
detection involving flame and smoke objects. Duplicate and visually redundant images
were removed, and the remaining images were curated. Label annotations provided by
open-data sources were not used. Instead, all images were manually re-labeled in-house,
assigning separate bounding-box annotations for flame and smoke. Of the 4000 images,
3000 images were allocated to the training set, 500 images to the validation set, and 500
images to the test set. Figure 3 presents examples of the collected real fire images.

Figure 3. Examples of Real Fire Image Dataset.

2.3. Conventional Image Augmentation

This study used various image-augmentation techniques to enhance the diversity of
the training dataset and construct conventional comparison groups. Image augmentation
artificially increases the diversity and size of a dataset by applying transformations to ex-
isting images [45]. The augmentation techniques applied in this study included saturation
adjustment, brightness adjustment, exposure adjustment, flipping, cropping, and rotation.
As shown in Table 2, 600 augmented images were generated for each augmentation stage,
with 100 images assigned to each transformation category. These augmented images were
progressively added to the original training dataset, resulting in AUG 600, AUG 1200,
AUG 1800, AUG 2400, and AUG 3000 conditions.

Table 2. Conventional Image Augmentation Settings.

Name Details Number Total
Saturation (£10%) 100
Brightness (+10%) 100
) Exposure (+10% 100
Augmentation Fli}}z (Horiiontali 100 600
Crop (+10%) 100
Rotation (+10°) 100

2.4. Synthetic Fire Dataset Generation and Screening

Synthetic fire and smoke images were generated to supplement the limited diversity
of real-world fire image datasets. Two generative Al-based image-generation workflows,
GPT-40 and GPT-5.5, were used to construct independent synthetic-image groups. To en-
sure that the generated images reflected fire-relevant visual conditions, the prompts were
formulated using predefined scenario variables rather than simple free-form descriptions.

Three representative prompt templates were designed according to the major scene
categories included in the generated dataset: industrial/logistics facilities, residential/com-
mercial indoor spaces, and public facilities. These categories correspond to the representa-
tive examples shown in Figure 4, including logistics centers, factories, living rooms, res-
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taurants, and airport terminals. Each prompt was composed by combining scene location,
fire scale, ignition cause, smoke condition, surrounding objects, and camera viewpoint.

The prompt variables were defined as follows. Fire scale was expressed as the ap-
proximate proportion of visible flame area in the image and was discretized into ten levels
ranging from less than 3% to 80%. Ignition causes included electrical short circuit, ma-
chinery overheating, cooking-related overheating, EV battery thermal runaway, heating-
appliance failure, arson, discarded cigarette embers, and combustible-material ignition.
Smoke condition and camera viewpoint were additionally specified when necessary to
reflect different visibility levels and surveillance environments.

Using these variable combinations, 3000 synthetic images were generated using GPT-
40 and another 3000 images were generated using GPT-5.5. The generated images were
then subjected to an object detection-based verification procedure before being incorpo-
rated into the training dataset. Images were retained only when the target fire-related ob-
jects, namely flame and/or smoke depending on the prompt condition, were detected with
a confidence threshold greater than 0.25. Images showing missing fire-related objects, se-
vere mismatch with the intended scene, unrealistic flame or smoke appearance, cartoon-
like rendering, duplicated composition, or irrelevant non-fire content were excluded.

Table 3 summarizes the representative prompt templates, variable definitions, and
screening criteria used for synthetic fire-image generation. The accepted synthetic images
were added to the GPT-40 and GPT-5.5 supplementary training sets and evaluated against
conventional augmentation under identical validation and test conditions using
YOLOV8n, YOLOv11n, and RT-DETR. In addition, examples of images generated in var-
ious locations are shown in Figure 4.

Table 3. Prompt templates, variable definitions and screening criteria for synthetic image generation.

Stage Example
A high-resolution photographic image of an industrial or logistics facility. A small to me-
Template 1: Industrial/lo- dium-scale fire caused by an electrical short circuit or machinery overheating occupies ap-
gistics facility proximately 10-30% of the scene. Flames and smoke are visible around shelves, pallets, pro-
duction equipment, pipes, or electrical facilities.
A high-resolution photographic image of a living room, restaurant, or commercial kitchen.

Template 2: Residen- . . . . .
Jemp . A small fire caused by an electrical short circuit, cooking-related overheating, or combus-
tial/commercial indoor

space tible-material ignition occupies approximately 5-20% of the scene. Flames and moderate

smoke are visible around furniture, kitchen appliances, tables, curtains, or interior fixtures.
A high-resolution photographic image of a large public indoor facility, such as an airport
Template 3: Public facil- terminal or transit concourse. A small to medium-scale fire caused by an electrical short cir-
ity cuit or equipment failure occupies approximately 5-20% of the scene. Flames and smoke are
visible around seats, signage, equipment, or terminal facilities.
Location: indoor and structural fire-related environments; Fire scale: <3% to 80% of the im-
age area; Ignition cause: electrical short circuit, machinery overheating, cooking-related
Variable definitions overheating, EV battery thermal runaway, arson, discarded cigarette embers, or combus-
tible-material ignition; Optional variables: smoke density, camera viewpoint, lighting condi-
tion, and surrounding objects.
Generated images were retained only when flame and/or smoke objects were confirmed
. o through an object detection-based verification procedure with a confidence threshold
Screening criteria . e . . :
greater than 0.25. Images with missing fire-related objects, severe scene mismatch, unrealis-

tic rendering, duplicated composition, or irrelevant non-fire content were excluded.
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GPT-4.0 image(DALL-E 3)

(e) Airport Terminal

Figure 4. Examples of Synthetic Fire Dataset Generation Images. Dataset integration, Accepted
images were incorporated into GPT-40 and GPT-5.5 supplementary training sets and compared
with conventional augmentation under identical validation and test dataset conditions using
YOLOvV8n, YOLOv11n, and RT-DETR.

2.5. Model Evaluation Metrics and Experimental Conditions

Table 4 presents the hardware environment and hyperparameter settings used for
training the object detection models. The experiments were conducted using YOLOv8n,
YOLOvV11n, and RT-DETR under the same training conditions. The same hyperparameter
settings were applied across detector architectures and dataset conditions to ensure a fair
comparison. The training and validation of the models were performed on a system
equipped with a 10-core central processing unit, 128 GB Random Access Memory, and a
graphics processing unit (GPU) based on the Nvidia RTX 5090. The deep-learning soft-
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ware environment consisted of Compute Unified Device Architecture 12.8 and PyTorch
2.7.1, which were used to train the object detection models. The hyperparameters were set
to Stochastic Gradient Descent with a learning rate of 0.01, 300 epochs, and a batch size of
16, corresponding to the default configuration for YOLOv8n. This setup was selected to
ensure that each model was trained under comparable conditions by leveraging a GPU to
achieve optimal performance.

Table 4. Hyperparameter and Hardware Settings of Network Training.

Hyperparameter Hardware
Training Parameters Details Name Version
Epochs 300 Pytorch 271
Batch size 16 CUDA 12.8
Image size (Pixels) 640 x 640 CPU 10core
Optimizer algorithm SGD RAM 128
Learning rate 0.01 GPU NVIDIA RTX 5090

Table 5 summarizes the number of input images used for each dataset condition. The
Original condition consisted of 3000 training images, 500 validation images, and 500 test
images. For the AUG, ChatGPT-4.0, and ChatGPT-5.5 conditions, 600, 1200, 1800, 2400, or
3000 additional images were progressively added to the original training set. Therefore,
the total number of training images increased from 3000 to 6000 depending on the dataset
condition. For each detector architecture, 16 dataset conditions were evaluated: Original,
five AUG conditions, five ChatGPT-4.0 conditions, and five ChatGPT-5.5 conditions. Since
three detector architectures were used, a total of 48 training events were conducted.

Table 5. Number of Input Images by Dataset Condition.

Dataset Condition Training Images Validation Images Test Images
Original 3000 500 500
AUG 600 3600 500 500

AUG 1200 4200 500 500
AUG 1800 4800 500 500
AUG 2400 5400 500 500
AUG 3000 6000 500 500
ChatGPT-4.0 600 3600 500 500

ChatGPT-4.0 1200 4200 500 500

ChatGPT-4.0 1800 4800 500 500

ChatGPT-4.0 2400 5400 500 500

ChatGPT-4.0 3000 6000 500 500

ChatGPT-5.5 600 3600 500 500

ChatGPT-5.5 1200 4200 500 500

ChatGPT-5.5 1800 4800 500 500

ChatGPT-5.5 2400 5400 500 500

ChatGPT-5.5 3000 6000 500 500

The performance of the model was evaluated using object detection metrics, includ-
ing precision, recall, F1-score, and mean average precision (mAP). The key metrics of pre-
cision, recall, and F1-score are as follows: true positives (TPs) represent correctly identified
positive instances, false positives (FPs) are negative instances incorrectly identified as pos-
itive, and false negatives (FNs) are positive instances incorrectly identified as negative.
Precision and recall are defined using Equations (1) and (2), respectively. The F1-score,
which represents the harmonic mean of precision and recall, is defined in Equation (3).

https://doi.org/10.3390/fire9070274


https://doi.org/10.3390/fire9070274

Fire 2026, 9, 274

10 of 25

The average precision (AP) was calculated as the area under the precision-recall curve, as
Equation (4) presents, and mAP was the average AP across all classes, as defined in Equa-
tion (5). Here, mAP@0.5 refers to the AP at an Intersection over Union (IoU) threshold of
0.5 for the test dataset. where p(r) in Equation (4) is the maximum precision at a given
recall, C in Equation (5) is the total number of classes.

Precision = L (1)
TP + FP
Recall = _Tr ()
TP + FN

F1s ) Precision - Recall 3)
=2X
--eore Precision + Recall

AP = flp(r)dr 4)

c
mAP = %2 AP, ®)
i=1

To verify whether the selected performance differences were statistically reliable,
paired bootstrap analysis was conducted using the test dataset [46]. Because object detec-
tion metrics, particularly mAP, are calculated over the entire test set rather than obtained
as independent scalar values for individual images, test-image-level bootstrap resampling
was adopted. In each bootstrap iteration, test images were resampled with replacement,
and the performance difference between the generator-based model and the correspond-
ing conventional augmentation model was recalculated. The 95% confidence interval of
the performance difference was estimated using the percentile method. A performance
improvement was considered statistically supported when the 95% confidence interval

did not include zero.

2.6. Generated-Image Validity Analysis

LPIPS and t-SNE analyses were conducted to examine the validity of the generated
fire images from perceptual and feature-distribution perspectives. LPIPS was used to
quantify the perceptual distance between real and generated images in deep feature space
[47]. Given two images, x and x,, the LPIPS distance is calculated using the weighted
difference between normalized deep feature activations, as shown in Equation (6):

1
A0 x0) = ) g D 19h = o ®)
l hw

where d(x,x,) denotes the perceptual distance between images x and x,, [ denotes the
network layer, H, and W, denote the height and width of the feature map at layer I, ;,,
and P}, denote the unit-normalized feature vectors extracted from images (x) and (x_0)
at spatial location (h,w), respectively, w; denotes the learned channel-wise weight. A
lower LPIPS value indicates a smaller perceptual distance between the two images. In this
study, LPIPS score distributions were used to compare the perceptual-distance characteris-
tics of ChatGPT-4.0- and ChatGPT-5.5-generated images relative to the real-image dataset.

t-SNE was used to visualize the feature-space distributions of real and generated im-
ages [48]. This method converts high-dimensional feature similarities and low-dimen-
sional embedding similarities into probability distributions, denoted as P and Q, respec-
tively. The low-dimensional embedding is optimized by minimizing the Kullback-Leibler
divergence between these two distributions, as shown in Equation (7):
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C =ZKL(P I Q) =ZZPU logz—z 7)
i 3 J

where p;; represents the pairwise similarity between feature vectors in the original high-
dimensional space, and q;; represents the corresponding similarity in the low-dimen-
sional embedded space. In this study, feature embeddings were extracted from real,
ChatGPT-4.0-generated, and ChatGPT-5.5-generated images and projected into a two-di-
mensional space using t-SNE. This analysis was used to qualitatively examine whether
the generated images formed structured feature distributions rather than irregular or ran-
dom clusters.

3. Experimental Results
3.1. Fire Detection Model Training and Validation Results

Figure 5 shows the training and validation results obtained under different detector
architectures and dataset configurations. The models were evaluated using Precision, Re-
call, mAP@0.5, and mAP@0.5:0.95. Overall, the generated-image-based training condi-
tions produced stable validation performance across YOLOv8n, YOLOvlln, and RT-
DETR, indicating that the generated images did not introduce substantial degradation
during model training. For Precision, the best validation scores were 0.652 for YOLOv8n,
0.688 for YOLOv11n, and 0.682 for RT-DETR. The corresponding best Recall values were
0.566, 0.554, and 0.550, respectively. Although Recall remained relatively lower than Pre-
cision, the generated-image-based conditions maintained comparable or improved detec-
tion sensitivity across the three detector architectures. This trend suggests that the addi-
tional synthetic images contributed to improving the detection response to flame and
smoke objects while maintaining stable prediction reliability. For mAP-based evaluation,
YOLOv1ln achieved the highest validation performance, with mAP@0.5 and
mAP@0.5:0.95 values of 0.550 and 0.275, respectively. YOLOv8n achieved best values of
0.521 and 0.262, while RT-DETR achieved 0.539 and 0.266 for the same metrics. The lower
mAP@0.5:0.95 values compared with mAP@0.5 indicate that accurate localization of flame
and smoke regions remains challenging, particularly because smoke boundaries are often
ambiguous and flame shapes vary depending on scene conditions.

These validation results indicate that ChatGPT-4.0- and ChatGPT-5.5-generated im-
ages can serve as effective supplementary training data for fire detection models. Among
the evaluated architectures, YOLOv11n showed the strongest overall validation perfor-
mance, while RT-DETR also produced competitive results. Therefore, the following test-
dataset evaluation further analyzes whether the observed validation trends are main-
tained under fixed test conditions.

Bl Original Bl AUG [l GPT4 Bl GPTS Original baseline  * Best value

YOLOvS YOLOv11 RT-DETR

0.652 0.632

Best Precision

(a) Precision result
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Figure 5. Model training and validation results according to detector architecture and dataset con-
figuration. (a) Precision, (b) Recall, (¢) mAP@0.5, and (d) mAP@0.5:0.95.

3.2. Test Dataset-Based Model Evaluation and Inference Results

Figure 6 presents the test dataset-based evaluation results for YOLOv8n, YOLOv11n,
and RT-DETR under the Original, AUG, ChatGPT-4.0, and ChatGPT-5.5 dataset condi-
tions. The results were analyzed using Precision, Recall, mAP@0.5, and mAP@0.5:0.95 for
Total, Smoke, and Flame classes. Overall, the generated-image-based training conditions
produced competitive or improved results compared with the original and conventional
augmentation conditions, although the degree of improvement varied depending on de-
tector architecture, metric, class, and added-image scale. In the Precision results,
YOLOv11n showed the most pronounced improvement under the ChatGPT-4.0 condition.
In particular, the ChatGPT-4.0 2400 condition produced the highest Precision values for
YOLOV11n, reaching 0.740 for Total, 0.720 for Smoke, and 0.773 for Flame. This indicates
that the generated images contributed to reducing false-positive detections while main-
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taining class-level detection reliability. RT-DETR also showed competitive Precision per-
formance, with best values of 0.705 for Total, 0.644 for Smoke, and 0.766 for Flame. In the
case of YOLOvS8n, the Flame Precision reached 0.731 under the AUG condition, whereas
the ChatGPT-5.5 3000 condition showed high Precision values for Total and Smoke. These
results suggest that the generated-image effect was not identical across detector architec-
tures, but it generally helped maintain or improve prediction reliability.

The Recall results showed a different tendency from Precision. Across all detector
architectures, Recall values were lower than Precision values, indicating that missed de-
tections remained a more challenging issue than false-positive suppression. The best Re-
call values for Flame were 0.683 for YOLOv8n, 0.682 for YOLOv11n, and 0.665 for RT-
DETR, whereas the corresponding Smoke Recall values remained lower, at approximately
0.470, 0.478, and 0.467, respectively. This class-wise gap indicates that Smoke detection
was more difficult than Flame detection, most likely because smoke regions have ambig-
uous boundaries, low contrast, and large variations in density and shape. Nevertheless,
the ChatGPT-4.0-based conditions improved or maintained Recall in YOLOv8n and
YOLOv11n, suggesting that prompt-generated smoke and flame patterns provided useful
supplementary training diversity.

For mAP@0.5, the generated-image-based conditions also showed meaningful per-
formance tendencies. YOLOv11n achieved the highest overall mAP@0.5 among the three
detector architectures, with best values of 0.632 for Total and 0.719 for Flame. YOLOvS8n
achieved best values of 0.628 for Total and 0.708 for Flame, while RT-DETR reached 0.580
for Total and 0.692 for Flame. These results indicate that YOLOv11n benefited most from
the expanded dataset in terms of overall detection accuracy. In contrast, Smoke mAP@0.5
remained lower than Flame mAP®@0.5 across all detector architectures, confirming that
smoke detection remained the limiting factor in the overall fire detection performance.

The mAP@0.5:0.95 results further demonstrate the difficulty of precise fire-object lo-
calization. Compared with mAP@0.5, the mAP@0.5:0.95 values were substantially lower
for all detector architectures and dataset conditions. The best Total mAP@0.5:0.95 values
were 0.360 for YOLOvS8n, 0.363 for YOLOv1ln, and 0.315 for RT-DETR, while the best
Flame values were 0.417, 0.413, and 0.384, respectively. This decrease is expected because
mAP@0.5:0.95 applies stricter [oU thresholds and therefore requires more accurate bound-
ing-box localization. Flame and smoke objects often have irregular shapes, blurred bound-
aries, and partial occlusions, which makes high-IoU localization more difficult than sim-
ple object presence detection.

—e— Total —¢— Smoke 4A— Flame --—--- Baseline Total Baseline Smoke Baseline Flame ¥  Best Total ¢ Best Smoke A Best Flame

(a) YOLOv8 (b) YOLOv11 (c) REDETR

0.8 0.731
0.681
A——A—A 0639

Precision

0.2

(A) Precision result
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Figure 6. Test dataset-based model evaluation results.

Overall, the test dataset-based evaluation indicates three major findings. First, Flame
detection consistently outperformed Smoke detection across all detector architectures and
metrics. Second, ChatGPT-4.0- and ChatGPT-5.5-generated images improved or main-
tained model performance compared with conventional augmentation, but the optimal
added-image scale differed by detector and metric. Third, the performance improvement
was not simply proportional to the number of added images, suggesting that the quality
and distributional relevance of the generated images were more important than dataset
size alone. These results support the use of validated generated images as supplementary
training data for fire detection models, while also showing that their effectiveness should
be evaluated separately for each detector architecture, class, and evaluation metric.
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Based on the test-dataset evaluation results, representative improved events were
selected for statistical verification. Table 6 summarizes the paired bootstrap analysis con-
ducted to determine whether the observed performance differences between the
ChatGPT-4.0-based models and the corresponding conventional augmentation models
were statistically reliable.

Table 6. Bootstrap-based statistical comparison of detection performance on the test dataset.

Detector Comparison Metric Reference Generator Difference 95% CI
YOLOv1l ChatGPT-4.02400 - AUG 2400  Precision 0.635 0.687 +0.052 [0.021, 0.082]
YOLOv11l ChatGPT-4.0 3000 - AUG 2400 Recall 0.569 0.601 +0.031 [0.005, 0.054]
YOLOv1l ChatGPT-4.03000- AUG3000 mAP@0.5 0.506 0.571 +0.065 [0.037, 0.090]
YOLOv11l ChatGPT-4.0 3000 - AUG 3000 mAP@0.5:0.95 0.244 0.282 +0.038  [0.022, 0.054]

As shown in Table 6, the YOLOv11 model trained with the ChatGPT-4.0 2400 dataset
improved Precision from 0.635 to 0.687 compared with the AUG 2400 model, correspond-
ing to a difference of +0.052 with a 95% confidence interval (CI) of [0.021, 0.082]. For Recall,
the YOLOv11 model trained with the ChatGPT-4.0 3000 dataset improved the value from
0.569 to 0.601 compared with the AUG 2400 model, yielding a difference of +0.031 with a
95% CI of [0.005, 0.054].

Since both confidence intervals were entirely above zero, the selected improvements
in Precision and Recall were statistically supported under test-image-level bootstrap
resampling. A similar trend was observed for the mAP-based metrics. The YOLOv11
model trained with the ChatGPT-4.0 3000 dataset improved mAP®@0.5 from 0.506 to 0.571
compared with the AUG 3000 model, yielding a difference of +0.065 with a 95% CI of
[0.037, 0.090]. In addition, mAP@0.5:0.95 increased from 0.244 to 0.282, with a difference
of +0.038 and a 95% CI of [0.022, 0.054]. These results indicate that the selected ChatGPT-
4.0-based training conditions produced statistically reliable improvements over the cor-
responding conventional augmentation conditions in both detection accuracy and stricter
localization-based evaluation.

Figure 7 presents representative inference results on the test dataset using selected
model weights from each data configuration. The Original and AUG models detected ma-
jor flame regions in several cases, but their responses to smoke regions and partially oc-
cluded fire areas were less consistent. In contrast, the ChatGPT-4.0- and ChatGPT-5.5-
based models showed more stable detection responses across diverse fire scenes, includ-
ing building fires, dense smoke plumes, and complex multi-object fire situations. In par-
ticular, the generated-image-based models detected flame and smoke objects in scenes
with irregular fire shapes and low-contrast smoke regions, which supports the quantita-
tive improvements observed in the test-dataset evaluation.

Overall, the test-dataset evaluation, bootstrap analysis, and inference visualization
consistently demonstrate that generated fire images can provide useful supplementary
training information for object detection-based fire detection models. However, the per-
formance gains were dependent on the detector architecture, evaluation metric, class type,
and added-image scale. Therefore, the results suggest that generated images are effective
when properly screened and incorporated into the training dataset, rather than indicating
universal superiority over conventional augmentation under all conditions.

https://doi.org/10.3390/fire9070274


https://doi.org/10.3390/fire9070274

Fire 2026, 9, 274 16 of 25

GPT-4.0
3000_YOLOv11

\ Y
N

Ground truth Original YOLOv8 AUG 600_YOLOv11

GPT-5.5 3000_YOLOVS

Flome 0.29
' FicFlame 0.41

Stmoke_0.28 =
| Flame 056 ok
] 7

Lo
Flome 0.47

] 7
“.‘ “‘N

3
4!

7
'hl\.

-3
)

Flame 0.86 Flame Flame 0.45
Flame Flome 0.38 Flame (Flame 0.158

Flome 072 J§ Flome 0.1

. -

Smole. 07 Smoke 0.58
smoke 0.72 _ - Smoke 0.35 =

Figure 7. Test Dataset-Based Fire Detection Inference Results.

To examine the detection behavior for small fire-related objects, AP50 was additionally
calculated for ground-truth objects whose normalized bounding-box area was less than 5%
of the image area. As summarized in Table 7, the GPT-40-3000 training conditions yielded
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higher small-object mAP@0.5 values than the corresponding AUG3000 conditions for all de-
tector architectures. The mAP@0.5 increased from 0.194 to 0.212 for YOLOVS, from 0.202 to
0.214 for YOLOv11, and from 0.180 to 0.188 for RT-DETR. These results indicate that the
GPT-40-generated images were beneficial for improving small-object detection perfor-
mance, although the magnitude of improvement varied across detector architectures.

Table 7. Small-object AP50 results for targets occupying less than 5% of the image area.

Training Dataset Detector Smoke AP50 (<5%) Flame AP50 (<5%) mAP@0.5 (<5%)
GPT40-3000 YOLOVS 0.392 0.033 0.212
GPT40-3000 YOLOv11 0.400 0.029 0.214
GPT40-3000 RT-DETR 0.357 0.020 0.188

AUG3000 YOLOVS 0.363 0.025 0.194
AUG3000 YOLOvI1 0.378 0.026 0.202
AUG3000 RT-DETR 0.337 0.023 0.180

AUG3000 - YOLOvS

Smoke

Flame 0.0

True class

Background

5
w¢°°°
o

&

Predicted class

The class-wise AP50 results show that this improvement was mainly associated with
smoke detection. Smoke AP50 was consistently higher than Flame AP50 in all experi-
mental conditions, ranging from 0.337 to 0.400, whereas Flame AP50 remained low, rang-
ing from 0.020 to 0.033. This result suggests that small flame regions remain difficult to
detect, even when generated images are added to the training dataset. Small flame objects
generally occupy only a limited number of pixels and often show unstable boundary char-
acteristics, making them more susceptible to confusion with light sources, reflections, and
complex background patterns.

The row-normalized confusion matrices in Figure 8 provide further insight into the
error characteristics of the models. Compared with the AUG3000 models, the GPT-4o-
3000 models generally showed higher diagonal values for both Smoke and Flame, indi-
cating improved class-wise correct classification. For YOLOv11, the correct classification
rate increased from 65.3% to 66.9% for Smoke and from 37.7% to 45.7% for Flame. For RT-
DETR, the corresponding values increased from 72.5% to 75.4% for Smoke and from 51.0%
to 57.5% for Flame. In addition, the proportion of Smoke and Flame objects assigned to
the Background column decreased in most GPT-40-3000 conditions, indicating that gen-
erated images contributed to reducing missed detections.
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Figure 8. Confusion matrices of AUG3000 and GPT-40-3000 models.

4. Evaluation of Real-World Fire Detection Performance
for the Developed Model

Evaluation of Fire Detection Performance in Various Locations

To examine the practical applicability of the developed fire detection models, infer-
ence experiments were conducted using video-frame images collected from various fire-
related locations. The evaluated locations included building interiors, subway stations,
garages, basements, schools, house interiors, corridors, logistics centers, and hospitals. Be-
cause these scenario-based video frames did not include ground-truth annotations, the
results were interpreted based on qualitative inference behavior and confidence score dis-
tributions rather than conventional accuracy-based metrics.

Figure 9 presents the location-based fire detection inference results obtained using
representative models from each data configuration. Overall, all models detected visually
distinct flame regions in relatively clear fire scenes, such as building, subway, garage,
school, and house interior scenarios. However, differences among the models became
more evident in scenes with low contrast, smoke diffusion, partial occlusion, or small fire
regions. In particular, the models trained with generated images showed relatively stable
responses to flame and smoke objects in complex indoor environments, suggesting that
synthetic images contributed to improving model exposure to diverse fire appearances
during training.

In the building and subway scenarios, most models detected flame regions with sta-
ble confidence, while smoke responses varied depending on the model. In the garage and
school scenarios, where flame regions were visually distinct, the models generally showed
strong flame detection performance. By contrast, the basement, corridor, logistics center,
and hospital scenarios were more challenging because the fire regions were small, par-
tially occluded, or embedded in cluttered backgrounds. These results indicate that loca-
tion-specific visual characteristics strongly affect inference behavior, particularly when
fire or smoke objects are not clearly separated from the background.

Figure 10 summarizes the scenario-based mean confidence scores of the selected
models. The value of (1) shown above each bar represents the number of video frames
extracted and analyzed for each location. For the YOLOVS Original model, the garage sce-
nario showed the highest mean confidence score, whereas the basement and logistics cen-
ter scenarios showed relatively low values. This suggests that the original model re-
sponded strongly to visually distinct flame scenes but showed weaker responses under
low-contrast or spatially complex conditions.
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Figure 9. Fire Detection Inference Results by Location.
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Figure 10. Scenario-based mean confidence comparison of selected fire detection models.

For the YOLOv11 AUG 1800 model, the building interior scenario showed the high-
est mean confidence score, followed by the basement and subway station scenarios. How-
ever, the garage and hospital scenarios showed relatively lower confidence values. This
indicates that conventional augmentation improved model response in some indoor and
structured environments, but its effect was not uniform across all location types.

The YOLOv11l ChatGPT-4.0 3000 model showed relatively balanced confidence
scores across several indoor scenarios. In particular, the basement and house interior sce-
narios showed high confidence values compared with other locations. This result suggests
that ChatGPT-4.0-generated images contributed to improving the model’s response to vis-
ually diverse indoor fire scenes, including low-light and smoke-affected environments.
However, the garage and hospital scenarios still showed lower confidence scores, indicat-
ing that some scene-specific conditions remained challenging.

The YOLOv8 ChatGPT-5.5 3000 model showed high confidence scores in the build-
ing interior and garage scenarios, indicating strong responses to clear flame-dominant
scenes. However, confidence scores were relatively low in the basement, logistics center,
and hospital scenarios. This tendency suggests that ChatGPT-5.5-generated images were
effective in enhancing responses to certain fire appearances but did not uniformly im-
prove confidence across all location categories.

Overall, the location-based inference results suggest that generative Al-based syn-
thetic images can improve the practical response characteristics of fire detection models
under diverse visual environments. Although the confidence score results varied depend-
ing on location and detector configuration, the ChatGPT-4.0- and ChatGPT-5.5-based
models showed stable detection responses in several complex indoor fire scenarios, in-
cluding smoke-affected and cluttered scenes. These findings indicate that generated fire
images can supplement the limited diversity of real fire datasets by providing additional
variations in fire scale, scene context, and smoke—flame appearance. Therefore, the use of
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validated generative Al-based images can be considered an effective data expansion strat-
egy for improving the applicability and robustness of vision-based fire detection models.
However, because the scenario-based frames did not include ground-truth annotations,
these results should be interpreted as complementary evidence of model response behav-
ior rather than as direct accuracy-based performance evaluation.

5. Discussion

The experimental results demonstrate that generative Al-based synthetic images can
function as effective supplementary data for fire detection model training. The generated-
image-based training conditions improved or maintained detection performance compared
with conventional augmentation in several detector-metric combinations, and the bootstrap
analysis confirmed that selected ChatGPT-4.0-based YOLOv11 conditions produced statis-
tically supported improvements. These findings suggest that prompt-controlled synthetic
images can help compensate for the limited diversity of real fire-image datasets by provid-
ing additional variations in flame shape, smoke appearance, fire scale, and scene context.

The validity analyses further explain why the generated images contributed to model
performance. The LPIPS distributions in Figure 11 show that ChatGPT-4.0- and ChatGPT-
5.5-generated images had comparable perceptual distances from the real-image dataset.
This indicates that both generative sources produced synthetic images with a consistent
level of perceptual similarity to real fire images. In addition, the t-SNE visualization in
Figure 12 shows that the generated images formed structured feature-space distributions
rather than random or highly scattered patterns. Although the real and generated images
were partially separated, this separation reflects the inherent difference between real-im-
age acquisition and text-to-image generation. Therefore, the generated images should be
interpreted as complementary training samples that expand the data distribution, rather
than as direct substitutes for real fire images.

Nevertheless, several limitations should be considered. First, generated-image
screening based on detection confidence cannot fully guarantee physical realism or sce-
nario-level correctness. Second, the effectiveness of synthetic images varied depending on
detector architecture, class type, evaluation metric, and added-image scale, indicating that
more generated images do not necessarily lead to proportional performance improvement.
Third, the scenario-based inference analysis used video frames without ground-truth an-
notations; therefore, confidence score results should be interpreted as model response
characteristics rather than direct accuracy-based performance. Future research should
strengthen generated-image quality control, expand annotated real-world fire scenario
datasets, and incorporate multimodal data such as thermal images and sensor signals to
improve early-stage fire detection.

Real vs GPT-40 Real vs GPT-5.5

! 359 [
Jl — Mean=0.732 : — Mean=0.733
[ === Median=0.730 [ === Median =0.731
[ 30 [
1 i
1 I

n :

o - 254 !
il I
[ mm Ml
- = 20 I Pl
i g L
I ]
|- s
i
[
[
[ 101
i
i
|
1 5
I
1
|
4 : ; : " . L 0 - . I : ; S .
0.60 063 0.70 075 0.80 085 0.90 0.60 0.65 0.70 0.75 0.80 085 0.90
LPIPS distribution LPIPS distribution

Figure 11. LPIPS distribution results between real and generated fire images.
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Figure 12. t-SNE visualization results of real and generated fire images.

6. Conclusions

This study proposed a generative Al-assisted data expansion strategy for improving
object detection-based fire detection models. Real fire images, conventional augmented
images, and synthetic images generated using ChatGPT-4.0 and ChatGPT-5.5 were used
to train YOLOv8n, YOLOv11n, and RT-DETR models. The models were evaluated using
test-dataset-based detection metrics, bootstrap-based statistical verification, scenario-
based inference, and generated-image validity analyses.

The results showed that properly screened synthetic fire images can contribute to
improving the performance and practical response characteristics of fire detection models.
In particular, selected ChatGPT-4.0-based YOLOV11 training conditions showed statisti-
cally supported improvements over matched conventional augmentation conditions in
Precision, Recall, mAP@0.5, and mAP@0.5:0.95. The location-based inference results also
showed that generated-image-based models can respond effectively to diverse indoor fire
scenes involving flame, smoke, cluttered backgrounds, and low-contrast visual conditions.

Overall, the findings indicate that validated generative Al-based fire images can
serve as useful supplementary training data for mitigating the limited diversity of real
fire-image datasets. This approach has practical potential for enhancing the robustness
and applicability of vision-based fire detection systems. Future work will therefore estab-
lish a structured generation record in which the intended scene category, visible fire-scale
range, and ignition scenario are stored as image-level metadata at the time of synthesis.
This will enable expert-based validity assessment of flame appearance, smoke character-
istics, and scene consistency, as well as ablation analyses according to scenario variables
with inter-rater agreement.
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