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Abstract— Fire and smoke detection plays a vital role in
safeguarding human life, infrastructure, and ecological systems
by enabling early identification of hazardous events.
Conventional vision-based detection techniques rely heavily on
handcrafted features, which often fail to deliver reliable
performance under complex environmental conditions such as
varying illumination, background clutter, and smoke density.
To address these limitations, a deep learning—based fire and
smoke detection framework is developed using advanced YOLO
architectures. A curated image dataset containing fire and
smoke scenes is utilized, where bounding box annotations are
prepared in YOLO format for object localization. Preprocessing
includes image normalization, dataset structuring, and
configuration through a unified data file to support both
classification and detection pipelines. Multiple YOLO variants,
including YOLOvS5, YOLOv8, YOLOvV9, YOLOvV10,
YOLOvlls, and an enhanced YOLOv11-DH3 model, are
trained and evaluated. In addition, the latest YOLOv11x model
is incorporated to assess performance improvements. Model
evaluation is conducted using standard metrics such as
precision, recall, and mean average precision (mAP).
Experimental results demonstrate that YOLOv11x achieves the
best performance, attaining a precision of 0.930, recall of 0.981,
and mAP of 0.967. The system is further integrated into a Flask-
based web interface to enable real-time fire and smoke
detection, enhancing practical applicability and deployment
efficiency.

”Keywords— Fires, Feature extraction, Shape, YOLO,
Accuracy, Detectors, Monitoring, Image color analysis, Web and
internet services, Deep learning.”

I. INTRODUCTION

Fire incidents remain one of the most destructive hazards
affecting modern society, posing severe threats to human
safety, infrastructure, and ecological systems. With the rapid
growth of urbanization and the increasing frequency of large-
scale public events, fire risks have expanded from industrial
zones to densely populated residential areas and natural
environments such as forests. Fireworks, electrical faults,
industrial activities, and climatic factors contribute to the
rising probability of fire outbreaks, making prevention and
monitoring essential components of public safety
management [1]. Historical events demonstrate that
uncontrolled fires can lead to extensive loss of life, large-scale
property destruction, and long-term environmental damage,
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emphasizing the importance of early detection and timely
intervention [2].

Despite continuous advancements in fire safety systems,
significant challenges persist in achieving reliable early
detection under complex real-world conditions. Conventional
fire monitoring methods often rely on physical or chemical
sensing mechanisms, which are susceptible to environmental
interference and limited spatial coverage [3]. These systems
may generate false alarms or fail to distinguish between fire-
related and non-fire-related phenomena, particularly in
dynamic or visually cluttered environments [4]. Moreover,
many existing detection approaches struggle to provide robust
performance across diverse scenarios, including variations in
lighting, weather, background complexity, and fire scale,
revealing a critical gap in achieving accurate and adaptable
fire and smoke monitoring solutions [5].

The objective of this work is to develop an intelligent
visual detection framework capable of identifying fire and
smoke events with high reliability and responsiveness. The
proposed approach aims to enhance detection accuracy while
maintaining operational efficiency suitable for real-time
monitoring applications. By leveraging large-scale visual data
and advanced learning-based detection paradigms, the
framework seeks to address the limitations of traditional
systems and improve robustness across diverse environments
[6]. The main contributions include the systematic evaluation
of multiple detection paradigms, comprehensive performance
analysis under unified conditions, and the establishment of a
scalable monitoring solution applicable to both urban and
natural settings [7].

The significance of this work lies in its potential to
strengthen early warning capabilities and support rapid
emergency response, thereby minimizing casualties and
economic losses caused by fire disasters. Improved fire and
smoke detection can enhance situational awareness for safety
authorities, assist in evacuation planning, and provide critical
decision support during emergencies [8]. Furthermore, the
deployment of intelligent visual monitoring systems can
reduce maintenance costs, lower false alarm rates, and enable
continuous large-area surveillance [9]. Ultimately, this
contribution supports the advancement of intelligent fire
prevention infrastructure, promoting safer cities and more
resilient environmental protection strategies [10].
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II. LITERATURE REVIEW

Recent advances in computer vision have significantly
improved the capability of fire and smoke detection systems
by leveraging learning-based visual representations. Lin et al.
introduced a video-based smoke detection approach using
three-dimensional convolutional neural networks,
demonstrating strong temporal feature extraction and
improved detection accuracy in dynamic scenes [11].
However, the high computational cost of 3D models limits
their real-time applicability. Li and Li focused on smoke
filtering in forest fire imagery using generative learning,
achieving enhanced visual clarity under complex
backgrounds, yet their method is primarily oriented toward
image enhancement rather than direct detection [12].

To address efficiency constraints, Jeong et al. proposed a
lightweight recurrent framework for real-time wildfire smoke
detection, emphasizing reduced model complexity and faster
inference [13]. While effective for early smoke identification,
recurrent models often struggle with spatial localization
precision. Zhao and Ban explored time-series satellite data for
early wildfire detection, highlighting the potential of remote
sensing for large-area monitoring [14]. Despite its broad
coverage, satellite-based detection faces challenges related to
temporal resolution, cloud interference, and delayed response,
which restrict its use in urgent scenarios.

Earlier works also investigated traditional feature-driven
approaches. Jamali et al. presented a saliency-based fire
detection method combining texture and color features,
offering interpretability and low computational demand [15].
Nonetheless, handcrafted features are highly sensitive to
environmental variations and lack robustness in complex
scenes. More recent studies have shifted toward end-to-end
detection paradigms. Huang et al. developed a small-target
forest fire smoke detection model emphasizing improved
sensitivity to distant or weak smoke patterns [16]. Although
effective for small targets, such approaches often require
complex model designs and extensive training data.

Single-stage object detection frameworks have gained
popularity due to their balance between speed and accuracy.
Lian et al. enhanced a real-time detection framework for fire
and smoke recognition, achieving improved performance in
comparison to earlier detectors [17]. Foundational work by
Redmon et al. established unified real-time object detection,
enabling fast and efficient visual recognition [ 18]. Subsequent
architectural improvements, such as deformable convolution
mechanisms, further enhanced spatial adaptability and feature
alignment in complex visual environments [19]. Additionally,
cross-network learning strategies have been explored to
improve feature interaction and generalization performance in
large-scale learning tasks [20].

Despite these advancements, existing approaches still face
challenges in maintaining high detection accuracy across
diverse environments while ensuring real-time performance
and deployment efficiency. Many methods are either
computationally intensive, sensitive to environmental noise,
or limited in generalization across fire scenarios. These gaps
motivate the need for a more robust and scalable detection
framework that balances accuracy, speed, and adaptability.
The present work builds upon recent detection paradigms to
address these limitations, aiming to enhance detection
reliability and practical applicability in real-world fire and
smoke monitoring systems.

III. MATERIALS AND METHODS

The proposed system is designed to achieve efficient and
reliable fire and smoke detection using deep learning—based
object detection models trained on a curated image dataset
annotated in YOLO format for precise localization. The
overall workflow follows a unified detection pipeline
encompassing dataset organization, normalization, and
configuration to ensure consistent training and evaluation.
Multiple YOLO-based architectures, including YOLOvVS,
YOLOvVS, YOLOVY, YOLOV10, and an improved YOLOv11-
DH3 model, are employed to learn discriminative spatial
representations of fire and smoke under diverse visual
conditions. The YOLOv11-DH3 model incorporates
architectural refinements that enhance feature representation
and robustness in complex scenes, while the integration of the
latest YOLOv11x model further improves detection accuracy
and generalization. System performance is evaluated using
precision, recall, and mean average precision metrics. To
support real-world applicability, the detection framework is
deployed through a Flask-based web interface, enabling real-
time inference and user interaction. This integrated approach
enhances early hazard identification, localization accuracy,
and practical deployment efficiency for safety monitoring
systems.
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Fig. 1. Proposed Architecture

The system architecture is organized into four layers:
data, experimentation, core model, and application. The data
layer handles dataset acquisition, YOLO-based annotation,
and configuration. The experiment and training layer
benchmarks multiple YOLO variants through comparative
evaluation. The core model layer performs real-time
inference on image or video inputs, generating bounding
boxes, class labels, and confidence scores. Finally, the
application layer deploys the trained model via a web-based
interface, enabling visualization, user interaction, and real-
time fire and smoke detection.

A) Dataset Collection

The experiments are conducted using a curated fire and
smoke image dataset obtained from a publicly available
online repository. The dataset comprises diverse visual
samples containing fire and smoke instances captured under
varying environmental conditions, backgrounds, and
illumination levels. Each image is manually annotated with
bounding boxes in YOLO format, covering multiple object
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classes related to fire and smoke. The dataset exhibits high
variability in scene complexity and object scale, making it
well suited for training and evaluating robust object detection
models. This diversity supports effective generalization and
reliable performance in real-world fire monitoring scenarios.
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Fig. 2. Dataset
B) Pre-Processing

Dataset preprocessing ensures structured, standardized,
and well-annotated data for effective learning. It prepares
images and labels for both classification and detection tasks,
improving training stability, accuracy, and generalization
performance.

C) Data Preprocessing:

The preprocessing stage standardizes the dataset to
support consistent and efficient model training across
multiple learning pipelines. Images are normalized to reduce
variations caused by illumination and scale differences, while
class labels are carefully aligned with annotation files. A
unified configuration file is created to define dataset paths
and class information for detection tasks. Parallel dataset
structures are maintained for classification and detection,
ensuring compatibility across models and improving training
stability, convergence speed, and generalization capability in
real-world scenarios.

D) Algorithms

YOLOvVS: YOLOVS serves as an efficient single-stage
object detector that enables fast and accurate localization by
jointly predicting bounding boxes and class probabilities. Its
balanced design supports real-time inference while
maintaining reliable detection performance across varied
visual conditions.

YOLOv8: YOLOVS enhances detection robustness
through improved feature aggregation and anchor-free
prediction mechanisms. By effectively capturing multi-scale
spatial information, it improves localization accuracy and
generalization, particularly in complex and dynamically
changing visual environments.

supports precise localization and consistent performance in
real-time monitoring and safety-critical applications.

YOLOvlls: YOLOvlls is a lightweight detection
architecture designed for rapid inference with minimal
performance  degradation. It  effectively  balances
computational efficiency and detection accuracy, ensuring
robust object recognition under occlusion, illumination
variation, and cluttered scenes.

YOLOv!11-DH3: YOLOvI1-DH3 introduces
architectural refinements to strengthen feature extraction and
detection stability. Enhanced feature fusion improves
robustness and localization precision, supporting reliable
object detection in complex and visually challenging
environments.

YOLOvI1x: YOLOvllx represents an advanced
detection architecture combining refined feature extraction
and multi-scale representation. It achieves high precision and
strong generalization, enabling accurate and stable real-time
object detection across diverse and demanding scenarios.

IV. EXPERIMENTAL RESULTS

Precision: Precision evaluates the fraction of correctly
classified instances or samples among the ones classified as
positives. Thus, the formula to calculate the precision is given
by:

Precisi True Positive )
recision =
True Positive + False Positive

Recall: Recall is a metric in machine learning that
measures the ability of a model to identify all relevant
instances of a particular class. It is the ratio of correctly
predicted positive observations to the total actual positives,
providing insights into a model's completeness in capturing
instances of a given class.

Recall = —F (2
ecall = 757N @

mAP: Mean Average Precision (MAP) is a ranking
quality metric. It considers the number of relevant
recommendations and their position in the list. MAP at K is
calculated as an arithmetic mean of the Average Precision
(AP) at K across all users or queries.

1 k=n
mAP = —Z AP, (3)
n k=1

Table. 1. Performance Evaluation

YOLOV9: YOLOV9 focuses on refined feature ML Model Precision Recall mAP
representation and precise bounding box regression to Yolo v5 0.925 0.983 0.964
improve detection reliability. Its multi-scale detection
capability supports accurate object identification under Yolo v& 0.925 0.979 0.962
challenging backgrounds, varied object sizes, and diverse Yolo v9 0.929 0.973 0.961
environmental conditions.

Yolo v10 0.909 0.959 0.960

YOLOv10: YOLOv10 emphasizes architectural
optimization for faster inference and improved accuracy. By Yolovlls 0.927 0.980 0.963
integrating efficient feature fusion and detection heads, it
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Proposed 0.792 0.822 0.852
Yolo 11-DH3

Extension 0.930 0.981 0.967
Yolo vl1x

The performance evaluation compares multiple YOLO
models using precision, recall, and mAP. YOLOvll1x
achieves the best overall results, indicating superior detection
accuracy, robustness, and generalization compared to other

variants.
Fig. 3. Comparison Graph
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The comparison graph illustrates precision, recall, and
mAP across YOLO variants, highlighting YOLOv11x as the

top-performing model, while YOLOv11-DH3 shows
comparatively lower performance among evaluated
architectures.
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4
DRAG & DROP YOUR IMAGE HERE
INAGE FILE REQUIREMENTS w
Cur\ten‘:: ‘ — sample (21)jpg
Q Detect Fire & Smoke

Fig.4 Upload a Image

The interface displays an image upload module for fire
and smoke detection, allowing users to submit images and
initiate analysis through an interactive web-based system for
real-time hazard identification.

Vol. 22, No.3(1), 2026

DETECTION RESULTS

DETECTED IMAGE

Fig.5 Predicted Result

The output image presents detected fire and smoke
regions highlighted with bounding boxes and confidence
scores, demonstrating accurate localization and classification
of hazardous areas to support effective emergency response
and safety monitoring.

V. CONCLUSION

In conclusion, this work focuses on developing an
efficient and reliable fire and smoke detection system to
enhance early hazard identification and improve safety in
complex environments. The proposed approach utilizes a
curated dataset comprising annotated fire and smoke images
and employs advanced deep learning—based object detection
techniques for accurate localization and classification.
Multiple YOLO architectures, including YOLOVS,
YOLOv8, YOLOvV9, YOLOv10, YOLOvlls, and an
enhanced YOLOv11-DH3 model, are systematically trained
and evaluated to analyze their detection capabilities. The
framework leverages standardized preprocessing, structured
data configuration, and robust training strategies to ensure
consistency and reliability across models. In addition, the
latest YOLOv1 1x model is incorporated to further strengthen
detection accuracy and generalization performance. To
support practical deployment, a lightweight Flask-based web
interface is integrated, enabling users to upload images and
obtain real-time detection results through an accessible
platform. Experimental evaluation demonstrates that the
proposed system achieves superior performance, with
YOLOvVI11x attaining a precision of 0.930, recall of 0.981,
and mAP of 0.967. Overall, the developed framework offers
a reliable, efficient, and scalable solution for automated fire
and smoke detection, contributing significantly to safety
monitoring and real-world decision support systems.

The system’s future scope includes further enhancing
detection accuracy and adaptability across diverse and
complex environments by integrating multi-sensor data such
as infrared or thermal imagery. Optimization techniques,
including lightweight model architectures, can enable
deployment on edge devices for real-time, low-latency
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applications. Incorporating explainable Al methods could
improve interpretability, allowing users to understand model
decisions and increase trust. Additionally, extending the
framework to handle video streams or continuous monitoring
can support proactive hazard management. Cloud-based
deployment and mobile integration can further improve
accessibility and scalability, enabling widespread adoption in
urban, industrial, and ecological safety monitoring scenarios.
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