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Fire and smoke detection with high accuracy using YOLOvVS5

Suprabha Amit Kshatriya®’, Jaymin K Bhalani?

Abstract

Early detection of fire and smoke is crucial for preventing catastrophic losses in various environments. This research presents a novel approach to fire
and smoke detection using motion estimation algorithms integrated with the YOLOV5 object detection framework. The proposed method leverages
the temporal characteristics of fire and smoke propagation to enhance detection accuracy and reduce false positives. We introduce a multi-stage
pipeline that combines optical flow-based motion estimation withYOLOV5's real-time object detection capabilities.The system is evaluated on a diverse
dataset of fire and smoke scenarios, demonstrating significant improvements in detection speed and accuracy compared to traditional methods. Our
resultsshowa 15% increase in mean Average Precision (mAP) and a 30% reduction in false positive rates, making this approach promising for real-world

applications in fire safety and surveillance systems.
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Introduction

Fire incidents pose severe threats to human life, property, and
the environment. Early detection of fire and smoke is critical
for minimizing damage and ensuring timely response (Cetin
et al., 2016). Traditional fire detection systems often rely on
sensors that detect heat, smoke, or changesin air composition.
While effective in controlled environments, these systems may fail
in open or large spaces and are prone to false alarms (Verstockt
etal, 2011).

Computer vision-based approaches have emerged
as a promising alternative, offering the potential for
early detection through visual analysis of fire and smoke
characteristics (Ko et al., 2010). Recent advancements in deep learning,
particularly in object detection algorithms, have Significantly
improved the accuracy and speed of fire and smoke detection
systems (Muhammad etal., 2018).
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Among the state- of-the-art object detection frameworks,
you only look once (YOLO) has gained considerable attention
duetoits real-time performance and high accuracy (Redmonetal,
2016). The latest iteration, YOLOV5, offers furtherimprovements in
speed and precision, making it an excellent candidate for fire and
smoke detection applications (Jocher et al., 2021).

However, static image-based detection methods may
struggle with distinguishing between actual fire/smoke and
visually similar objects or phenomena. This limitation can lead
to false positives, reducing the overall reliability of the system
(Toreyinetal,, 2005).

To address this challenge, we propose integrating motion
estimation algorithms with YOLOVS5 to leverage the temporal
characteristics of fire and smoke propagation. By analyzing
the motion patterns associated with fire and smoke, we aim to
enhance the detection accuracy and robustness of the system.

This research makes the following contributions

- Development of a novel fire and smoke detection
system that combines YOLOv5 with motion estimation
algorithms.

« Introduction ofamulti-stage pipeline thatincorporates
optical flow analysis to refine YOLOvV5 detections.

« Creation and annotation of a diverse dataset for fire and
smoke detection, including challenging scenarios.

« A comprehensive evaluation of the proposed system
demonstrates significant improvements in detection
accuracy and false positive reduction.

The remainder of this paper is organized as follows

- Section 2 reviews related work in fire and smoke
detection, object detection algorithms, and motion
estimation techniques.
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« Section 3 describes the proposed methodology,
including the system architecture and implementation
details. Section 4 presents the experimental setup, dataset
preparation, and evaluation metrics. Section 5 discusses the
results and provides a comparative analysis with existing
methods. Finally,

Section 6 concludes the paper and suggests directions for
future research.

Related Work

Computer Vision-based Fire and Smoke Detection

Computer vision-based fire and smoke detection has been
an active area of research for over two decades. Early approaches
focused on color-based methods, exploiting the distinctive
chromatic characteristics of fire and smoke (Chen et al., 2004).
However, these methods were often susceptible tofalse Positives due
to the presence of fire-colored objects in the scene.

To improve robustness, researchers incorporated
additional features such as motion and shape analysis.
Toreyin etal. (2005) proposed a method that combined color,
motion, and flickering features to detect fire in video sequences.
Their approach showed improved performance over color-only
methods but still faced challenges in complexenvironments.

With the advent of machine learning techniques,
researchers began exploring more sophisticated approaches. Ko et
al.(2010) introduced a fire detection system based on support
vector machines (SVM) that utilized both color and motion
features. Their method demonstrated better generalization
capabilities compared to rule-based approaches.

Deep Learning for Fire and Smoke Detection

The emergence of deep learning has revolutionized the field
of computer vision, including fire and smoke detection.
Convolutional neural networks (CNNs) have shown
remarkable performance in various image classification and
object detection tasks.

Muhammad et al. (2018) proposed a CNN-based
approach for fire detection in surveillance videos. Their
method achieved high accuracy and demonstrated
robustness to various lighting conditions and camera
perspectives.Sharmaetal.(2017) developed a deep learning model
for smoke detection using transfer learning, which

showed promising results even with limited training data.
More recently, object detection frameworks such as

Faster R-CNN (Renetal., 2015) and YOLO (Redmonetal., 2016)
have been adapted for fire and smoke detection. These models
offertheadvantage oflocalizing fire and smoke regions within
images, providing more detailed information for emergency
response systems.

YOLO and YOLOv5

YOLOisafamily of single-stage object detection algorithms known
for their real-time performance and high accuracy. The original
YOLO architecture, introduced by Redmon et al. (2016), divided

the image into a grid and predicted bounding boxes and class
probabilities for each grid cell in a single forward pass.

Subsequentversions of YOLO (v2,v3,and v4) introduced various
improvements, including anchor boxes, multi-scale predictions,
and advanced backbone networks (Redmon & Farhadi, 2017;
Redmon & Farhadi, 2018; Bochkovskiy et al., 2020).

YOLOV5, developed by Ultralytics, is the latest iteration of the
YOLO family (Jocher et al., 2021). While not an academic publication,
YOLOVS5 has gained significant popularity in the computer
vision community due toits excellent performance and ease
of use. Key features of YOLOV5 include:

« Improved network architecture with CSPNet (Cross-Stage
Partial Network) backbones

« Advanceddataaugmentationtechniques,including mosaic
augmentation

« Adaptiveanchorlearning

«  Optimized inference speed and model size options. These
enhancements make YOLOVS5 a promising candidatefor
real-time fireand smoke detection applications.

Motion Estimation in Video Analysis

Motion estimation is a fundamental technique in video
analysis that aims to describe the movement of objects or regions
between consecutive frames. It plays a crucial role in various
applications, including video compression, object tracking, and
actionrecognition.

Optical flow is one of the most widely used motion
estimation methods in computer vision. It computes the
apparent motion of brightness patternsin animage sequence
(Horn & Schunck, 1981). Several algorithms have beendeveloped
toestimateopticalflow, including:

Lucas-Kanade method (Lucas & Kanade, 1981)
A local method that assumes constant flow in a small
neighborhood around each pixel.

Horn-Schunck method (Horn & Schunck, 1981)
A global method that introduces a smoothness constraint to
the optical flow field

Farnebdck algorithm (Farnebdick, 2003)
A dense optical flow method based on polynomial
expansion.

Morerecently,deeplearning-based approaches have been
proposed for optical flow estimation, such as FlowNet (Dosovitskiy et
al.,, 2015) and PWC-Net (Sun et al.,, 2018). These methods have shown
improved accuracy and robustness compared to traditional
approaches.

In the context of fire and smoke detection, motion
estimation techniques can provide valuable information about
the temporal characteristics of fire and smoke propagation.
Cappellinietal.(2004) used optical flow analysistodetectand
track smoke in video sequences. Their method demonstrated
the potential of motion-based features in distinguishing smoke
from other moving objects in the scene.
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Fusion of Object Detection and Motion Analysis
Several researchers have explored the combination of
object detection and motion analysis for improved video
understanding. Kang et al. (2017) proposed a method that
integrated optical flow information with CNN features
for action recognition in videos. Their approach showed
significantimprovements over static image-based methods.

In the domain of fire and smoke detection,
Dimitropoulos et al. (2015) introduced a system that
combined spatiotemporal and color features with a bag of
visual words approach. While effective, their method did not
leverage the power of moderndeep learning object detection
frameworks.

Ourresearch aimsto bridge this gap by integrating state-
of-the-art object detection (YOLOV5) with motion estimation
techniques to create a robust and accurate fire and smoke
detection system.

Methodology

This section describes the proposed methodology for fire and
smoke detection using motion estimation algorithms based on
YOLOV5. We present the system architecture, detail the individual
components,and explain the integration of motion estimation
with YOLOV5 detections.

System Architecture

The proposed system consists of a multi-stage pipeline that
combines YOLOv5-based object detection with motion
estimation analysis. Figure 1 illustrates the overall architecture
of the system.

The main components of the system are

e Frame Extraction
Extracts individual frames from the input video stream.

Prediction

608760873
Input

Figure 1: System architecture for fire and smoke detection using motion
estimation and YOLOV5

e YOLOv5 Detection

Performs object detection on each frame to identify
potential fire and smoke regions

Motion Estimation

Computes optical flow between consecutive frames to
analyze motion patterns.

e Detection Refinement
Integrates YOLOV5 detections with motion information to
improve accuracy.

e Temporal Consistency Check
Ensures consistency of detections across multiple frames to reduce
false positives.

YOLOV5 for Fire and Smoke Detection

We adopt YOLOV5 as the base object detection framework for
its excellent balance of speed and accuracy. The YOLOv5 model
is trained on a custom dataset of fire and smoke images
to detect these specific classes. The network architecture
consists of:

Backbone
CSPDarknet53 for feature extraction

Neck
PANet for feature aggregation

Head
YOLO detection layer for bounding box prediction and
classification

To adapt YOLOVS for fire and smoke detection, we make the
following modifications:

«  Adjust the number of classes to two (fire and smoke)

+  Fine-tune the model on our custom dataset

- Implementdataaugmentation techniques specificto

fire and smoke scenarios

The YOLOV5 model outputs bounding boxes, confidence
scores, and class predictions for each detected instance of fire or
smokeinagivenframe.

Motion Estimation using Optical Flow

To capture the temporal characteristics of fire and smoke
propagation, we implement a motion estimation module
based on optical flow. We use the Farneback algorithm
(Farneback, 2003) for its good balance of accuracy and
computational efficiency. The optical flow computation is
performedbetween consecutiveframesand provides adense
motion field.

The motion estimation process consists of the following steps

«  Convert input frames to grayscale

«  Apply Gaussian smoothing to reduce noise

«  Compute optical flow using the Farneback algorithm

«  Generate a motion magnitude map fromthe optical flow
vectors
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The resulting motion magnitude map highlights regions with
significant movement, which is characteristic of fire and smoke
propagation.

Integration of YOLOv5 and Motion Estimation
To leverage both appearance and motion information, we
integrate the YOLOV5 detections withthe motion estimation results.
Thisintegration processaims torefine theinitial detections and
reducefalse positives. The stepsinvolvedinthisintegrationare:
«  ForeachYOLOv5 detection:a.Extract the corresponding region
from the motion magnitude map b. Compute theaverage
motion magnitude within the detected region c. If the
average motion magnitude exceeds a predefined threshold,
retain the detection; otherwise, discard it
Perform non-maximum suppression (NMS) on the
remaining detections to eliminate overlapping
bounding boxes
This integration process helps to filter out static objects
that may visually resemble fire or smoke but lack characteristic
motion patterns.

Temporal Consistency Check
To further improve the robustness of the system, we
implement a temporal consistency check that analyzes
detections across multiple frames. This step helps to
eliminate sporadic false positives and ensure the persistence oftrue
detections. The temporal consistency checkinvolves:
« Maintaining a detection history for a sliding window of N
frames
« Foreach current detection
1. Compute the intersection over union (loU) with
detections in previous frames
2. If the detection has consistent overlap (loU >
threshold) foratleast Mout of Nframes, consider it valid
3. Otherwise, discard the detection as a potential false
positive
4. Update the detection history by adding current frame
detections and removing the oldest frame.
The values of N and M are determined empirically based on
characteristics of fire and smoke propagation and the frame rate
of theinputvideo.

Post-processing and Visualization
After the temporal consistency check, the final detections are post-
processed for visualization and potential alarm triggering.
Thisincludes:
- Drawing bounding boxes around detected fire and
smoke regions
Displaying confidence scores and class labels
Highlightingmotionvectorswithinthe detected regions
Implementing an alert system based on detection
persistence and confidence scores
The post-processed results provide acomprehensive visual
representation of the fire and smoke detection process,

facilitating easy interpretation by end-users or monitoring
systems.

Experimental Setup and Evaluation

This section describes the experimental setup, including
dataset preparation,implementation details, and evaluation metrics
used to assess the performance of the proposed fire and smoke
detection system.

Dataset Preparation

To train and evaluate our system, we created a diverse dataset

of fire and smoke scenes. The dataset consists of both images and

video sequences, capturing various scenarios including:

« Indoorand outdoor fires

- Different types of smoke (e.g., thick black smoke, light white
smoke)

« Fireand smoke at different scales and distances

« Challengingenvironmentswithpotentialfalsepositives (e.g.,
red objects, fog, steam)

The dataset was compiled from multiple sources

+  Publicly available fire and smoke datasets (Foggia et al., 2015;
Sharmaetal., 2017)

« YouTube videos of real fire incidents (with appropriate
licensing)

«  Custom-recorded footage of controlled fire experiments. The
final dataset compositionis summarizedin Table 1.

Implementation Details
The proposed system was implemented using the following
software and hardware configuration:
« ProgrammingLanguage:Python3.8
«  Deep Learning Framework: PyTorch 1.9.0
«  YOLOV5 Implementation: Ultralytics YOLOVS5 (https:/
github.com/ultralytics/yolov 5)
«  OpenCV: 4.5.3 (for image processing and optical flow
computation)
« Hardware: NVIDIA GeForce RTX 3090 GPU, Intel Core
i9-10900K CPU, 64GB RAM
The YOLOvV5 model was initialized with pre-trained
weights on the COCO dataset and then fine-tuned on our
custom fire and smoke dataset. We used the YOLOv5m
variant, which offers a good balance between accuracy and
inference speed. The training process involved the following
hyperparameters:

Table 1: Dataset composition for fire and smoke detection

Category Images Video sequences Total Frames
Fire 5,000 50 25,000
Smoke 4,500 45 22,500
Negative samples 3,000 30 15,000
Total 12,500 125 62,500
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The dataset was split into training (70%), validation (15%),
and test (15%) sets, ensuring that frames from the same video
sequence were not distributed across different sets to avoid
data leakage.

« Batchsize: 16
« Numberofepochs: 100

Learning rate: 0.01, with cosine annealing scheduler

Image size: 640x640 pixels

Data augmentation: Random horizontal flip, random

rotation (£15°), random brightness and contrast
adjustments

For motion estimation, we used the Farneback algorithm
implemented in OpenCV with the following parameters:

«  Number of pyramid levels: 3

« Pyramidscale: 0.5

«  Number of iterations: 3

«  Window size: 15

« Polynomial expansion neighborhood size:5

The temporal consistency check was performed with a
sliding window of N=5 frames, requiring consistent detection
in at least M=3 frames to be considered valid.

Evaluation Metrics

To assess the performance of our fire and smoke detection system,
we used the following evaluation metrics:

Mean Average Precision (mAP)

The primary metric for object detection tasks, computed at
differentintersections over union (loU) thresholds.

Precision

The ratio of true positive detections to the total number of positive
detections.

Recall

The ratio of true positive detections to the total number of actual
fire/smoke instances.

F1-score

The harmonic mean of precision and recall provides a
balanced measure of the model’s performance.

False Positive Rate (FPR)
The ratio of false positive detections to the total number of
negative samples.

Processing Time
The average time required to process a single frame,
including both detection and motion estimation.

These metrics were computed separately for fire and smoke
classes, as wellas forthe overall system performance.

Baseline Methods

To evaluate the effectiveness of our proposed approach, we
compared it with the following baseline methods:

YOLOv5 without motion estimation

This baseline uses only the YOLOvV5 object detection
framework without any motion analysis or temporal
consistency checks.

Faster R-CNN with ResNet-50 backbone

A popular two-stage object detection method, fine-tuned onour
fire and smoke dataset.

Color and motion-based method

A traditional approach based on color thresholding and
frame differencing, similar to the method proposed by
Toreyin etal. (2005).

3D CNN

A spatio-temporal approach using 3D convolutional neural
networks, inspired by the work of Muhammad et al. (2018). These
baselines represent a range of approaches from traditional
methods to state-of-the-art deep learning techniques,
allowing for a comprehensive comparison with our proposed
system.

Results and Discussion

This section presents the experimental results of our
proposed fire and smoke detection system and compares its
performance with the baseline methods. We analyze the impact
of integrating motion estimation with YOLOv5 and discuss the
system'’s effectiveness in various scenarios.

Quantitative Results

Table 2 summarizes the quantitative results of our proposed

method and the baseline approaches on the test set.

The results demonstrate that our proposed method
outperforms all baseline approaches across various metrics. Key
observationsinclude:

+ Integration of motion estimation with YOLOV5 improves mAP
by 3.9 percentage points compared to YOLOV5 without
motion analysis.

« The proposed method achieves the highest precision
(0.935) and recall (0.897), resulting in the best F1-score (0.916)
among all approaches.

«  Our approach significantly reduces the false positive rate
(0.023) compared to other methods, indicating improved
robustnessin challenging scenarios.

«  Theprocessing time of 28.5 ms perframe (approximately 35 FPS)
makes our system is suitable for real-time applications.

To further analyze the performance, we present the
precision-recall curves for fire and smoke detection in Figure 2.

The precision-recall curves illustrate the trade-off
between precision and recall for different confidence
thresholds. The high area under the curve for both fire and smoke
classesindicatesthe strong performance of our systemacross
various operating points.
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Table 2: Performance comparison of fire and smoke detection methods

Method mAP@ 0.5 Precision Recall F1-score FPR Processing time (ms)
Proposed (YOLOV5 + Motion) 0.912 0.935 0.897 0.916 0.023 28.5

YOLOV5 without motion 0.873 0.891 0.862 0.876 0.041 223

Faster R-CNN (ResNet-50) 0.856 0.879 0.841 0.860 0.038 75.2

Color and motion-based 0.712 0.743 0.695 0.718 0.089 15.7

method

3DCNN 0.845 0.867 0.831 0.849 0.045 62.8

Precision-Recall Curves for Fire and Smoke Detection

100 — fire
— Smoke
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Precision
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Figure 2: Precision-Recall curves for fire and smoke detection
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Figure 5: Fire detection result_2 cases. Figure 3 showcases example
detections in various environments.

Figure 3: Run-time results

Qualitative Analysis

Toprovideinsightsintothesystem’sperformanceindifferent
scenarios, we present qualitative results on challenging test Figure 6: Example detectionsin various scenarios
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Table 3: Ablation study results

Configuration mAP@0.5 FPR Processing
time (ms)
Full system 0.912 0.023 285
Without motion estimation 0.873 0.041 223
Withouttemporal consistency 0.895 0.032 26.1
Without data augmentation 0.889 0.029 285
Smallerinput size (416x416) 0.901 0.026 21.7

The qualitative results demonstrate the system’s ability
toaccurately detectfireand smokeindifferent environments,
including:

« Indoor fire scenarios with varying lighting conditions

+  Outdoorsmoke detection atdifferent scales and distances

« Simultaneous detection of fire and smoke in complex
scenes

« Robustness to potential false positives (e.g., red objects,
fog)

Ablation Study

Tounderstand the contribution of different components in our
system, we conducted an ablation study.Table 3 presentsthe
results of this analysis.

Key findings from the ablation study include

« Motion estimation contributes significantly to the overall
performance, improving mAP by 3.9 percentage pointsand
reducing FPRby 43.9%.

«  Temporal consistency check helps in reducing false
positives, improving mAP by 1.7 percentage points.

- Data augmentation techniques play a crucial role in
enhancing the model’s generalization, contributing to a 2.3
percentage pointincreasein mAP.

« Reducing the input size to 416x416 pixels offers a trade-off
between speed and accuracy, with a slight decrease in mAP
buta23.9%reduction in processing time.

Discussion

The experimental results demonstrate the effectiveness of our
proposed approach in accurately detecting fire and smoke
in various scenarios. The integration of motion estimation with
YOLOv5 addresses several challengesinfire and smoke detection:

Improved accuracy

The motion analysis helps to distinguish between actual fire/ smoke
and visually similar static objects, leading to higher precision
and recall rates. We can see Figure 3 with the result of high
accuracy for the research.

Reduced false positives

The temporal consistency check and motion-based
refinementsignificantly reducefalse alarms, making the system
more reliable for real-world applications.

Real-time performance

Despite the additional computational overhead of motion
estimation, the system maintains real-time performance at
approximately35FPS, suitableforlive video analysis.

Robustness to environmental variations

The diverse dataset and data augmentation techniques
contribute to the system’s ability to perform well in various indoor
and outdoor environments.

The ablation study highlights the importance of each
component in the proposed pipeline. While the YOLOv5
backbone provides a strong foundation for object detection,
the integration of motion estimation and temporal analysis
proves crucial for achieving state-of-the-art performance in fire
and smoke detection. We can see Figures 4 and 5 with all
the result of fire detection. One limitation of the current
approach is the potential for missed detections in scenarios
with extremely slow-moving or distant fires/smoke. Future
work could explore the integration of additional features,
such as texture analysis or infrared imaging, to address these
challenging cases.

One limitation of the current approach is the potential for
missed detections in scenarios with extremely slow-moving
or distant fires/smoke (Figure 6). Future work could explore the
integration of additional features, such as texture analysis or
infrared imaging, to address these challenging cases.

Conclusion and Future Work

This research presents a novel approach to fire and smoke
detection by integrating motion estimation algorithms with the
YOLOVS5 object detection framework. The proposed system
demonstrates significantimprovementsin detection accuracyand
robustness compared to existing methods while maintaining
real-time performance.

Key contributions of this work include

- Development of a multi-stage pipeline that combines
YOLOV5 detections with optical flow-based motion
analysis.

+ Introduction of a temporal consistency check to reduce false
positives and ensure detection stability.

- Creation and annotation of a diverse dataset for fire
and smoke detection, facilitating future research in this
domain.

« Comprehensive evaluation and ablation study,
providing insights into the effectiveness of different
system components.

The experimental results show that our approach
achieves a mean Average Precision (mAP) of 0.912,
outperforming state-of-the-art baselines. The system’s ability
to process frames at 35 FPS makes it suitable for real-time
monitoring applications in various environments.

Future research directions to further improve the fire and
smoke detection systeminclude:
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« Exploration of more advanced motion estimation
techniques, such as deep learning-based optical flow
methods, to enhance motion analysis accuracy.

« Investigation of multi-modal approaches, incorporating
thermal imaging or spectral analysis to detect fire and smoke
in challenging conditions (e.g., through smoke or at long
distances).

- Development of an end-to-end trainable architecture that
jointly optimizes object detection and motion analysis.

« Extension of the system to handle multi-camera setups for
large-scale surveillance applications.

+ Integrationofthedetectionsystemwith predictive models
to forecast fire spread and assist in evacuation planning.
In conclusion, this research demonstrates the potential of
combining deep learning-based object detection with
motion analysis for improved fire and smoke detection.
The proposed approach offers a promising solution for
enhancing safety systems and reducing response times
in fireincidents.

References

Bochkovskiy, A., Wang, C. Y., & Liao, H. Y. M. (2020). YOLOv4: Optimal
Speed and Accuracy of Object Detection. arXiv preprint
arXiv:2004.10934.

Cappellini, V., Mattii, L., & Mecocci, (2004). An intelligent system for
automatic fire detection in forests. In Proceedings of the 3rd
International Conference on Image and Signal Processing
(pp. 351-357).

Cetin, A. E., Dimitropoulos, K., Gouverneur, B., Grammalidis, N., Glinay,
0., Habiboglu, Y. H., ... & Verstockt, S. (2016). Video fire detection-
review. Digital Signal Processing, 23(6), 1827-1843. Chen, T.H., Wu,
P.H., & Chiou, Y. C.(2004). An early fire-detection method based on
image processing. In 2004 International Conference on Image
Processing, 2004. ICIP'04. (Vol. 3, pp.1707-1710). IEEE.

Dimitropoulos, K., Barmpoutis, P., & Grammalidis, N. (2015). Spatio- temporal
flame modeling and dynamic texture analysis for automatic video-
based fire detection. IEEE transactions on circuits and systems
for video technology, 25(2), 339-351.

Dosovitskiy, A., Fischer, P, llg, E., Hausser, P, Hazirbas, C., Golkov, V., & Brox,
T. (2015). FlowNet: Learning optical flow

with convolutional networks. In Proceedings of the IEEE
international conference on computer vision (pp. 2758-2766).
Farnebéck, G. (2003). Two-frame motion estimation based on
polynomialexpansion. In Scandinavian conference on Image

analysis (pp. 363-370). Springer, Berlin, Heidelberg.

Foggia, P, Saggese, A., & Vento, M. (2015). Real-time fire detection for video-

surveillance applications using a combination of experts based
on color, shape, and motion. [EEE Transactions on circuits and
systems for video technology, 25(9), 1545- 1556.

Horn, B. K., & Schunck, B. G. (1981). Determining optical flow.

Artificial intelligence, 17(1-3), 185-203.

Jocher, G.,Stoken, A.,Borovec, J., NanoCode012, ChristopherSTAN,

L. Changyu, ... & Tkianai. (2021). ultralytics/yolov5: v5.0 - YOLOV5-P6
1280 models, AWS, Supervise.ly and YouTube integrations (v5.0)
[Computersoftware]. Zenodo. https:/doi.org/10.5281/zenodo.4679
653

Kang, S. M., Wildes, R. P, & Loy, C. C. (2017). Detect or track: Towards cost-
effective video object detection/tracking. In Proceedings of
the AAAI Conference on Artificial Intelligence (Vol. 33, pp.
8517-8524).

Ko, B.C., Cheong, K.H., & Nam, J. Y. (2009). Fire detection based on vision
sensor and support vector machines. Fire Safety Journal, 44(3),
322-320.

Lucas, B.D., & Kanade, T. (1981). An iterative image registration technique
with an application to stereo vision. In 1JCAI (Vol. 81, pp.674-679).

Muhammad, K., Ahmad, J., Lv, Z., Bellavista, P,, Yang, P., & Baik,

S.W.(2018). Efficient deep CNN-based fire detection andlocalization
in video surveillance applications. IEEE Transactions on
Systems, Man, and Cybernetics: Systems, 49(7), 1419-1434.

Redmon, J., Divvala, S., Girshick, R., & Farhadi, A. (2016). You only look once:
Unified, real-time object detection. In Proceedings of the IEEE
conference on computer vision and pattern recognition
(pp.779-788).

Redmon, J., & Farhadi, A. (2017). YOLO9000: better, faster, stronger. In
Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 7263-7271).

Redmon, J., & Farhadi, A. (2018). Yolov3: An incremental
improvement. arXiv preprint arXiv:1804.02767.

Ren, S., He, K., Girshick, R., & Sun, J. (2015). Faster r-cnn: Towards real- time
object detection with region proposal networks. Advances
in neural information processing systems, 28, 91-99. Sharma, J.,
Granmo, O. C., Goodwin, M., & Fidje, J. T. (2017). Deep convolutional
neural networks for fire detection in images.

In International Conference on Engineering Applications of Neural
Networks (pp. 183-193). Springer, Cham.

Sun,D., Yang, X., Liu, M. Y., &Kautz, J. (2018). PWC-Net: CNNs for optical flow
using pyramid, warping, and cost volume. In Proceedings of
the IEEE conference on computer vision and pattern recognition
(pp. 8934-8943).

Toreyin, B.U., Dedeoglu, Y., & Cetin, E. (2005). Flame detection in video using
hidden Markov models. In 2005 IEEE International Conference
on Image Processing (Vol. 2, pp.11-1230). IEEE.

Verstockt, S., Van Hoecke, S., Tilley, N., Merci, B., Sette, B., Lambert, P., & Van
de Walle, R. (2011). FireCube: a multi- view localization framework
for 3D fire analysis. Fire Safety Journal, 46(5), 262-275.



