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The increasing frequency of fire-related accidents in both urban and natural environments highlights the urgent need for rapid and
reliable detection systems. Traditional fire detection approaches, primarily based on heat sensors and human intervention, often result in
delayed responses and limited accuracy. This project introduces a deep learning-based flame and smoke detection framework using the
YOLOv5s architecture integrated with ODConvBS (Omni-Dimensional Convolution with Batch Selection). The proposed system leverages
computer vision to detect early signs of fire and smoke directly from images and video feeds, ensuring faster response times. A carefully curated
dataset of flame and smoke images was collected, annotated, and augmented to enhance model robustness across diverse environments.
Performance validation using precision, recall, and F1-score metrics demonstrates a reduction in false positives compared to conventional
methods. A Streamlit-based interface was developed, enabling real-time monitoring, analysis, and deployment across surveillance systems like
CCTV networks or smart city platforms. The system requires modest computational resources, making it scalable and practical for real-world
applications in buildings, factories, and forests. The outcomes highlight the system's ability to deliver accurate, efficient, and real-time detection,
paving the way for improved safety, disaster prevention, and expanded applications in hazard monitoring using Al.

Flame detection, Smoke detection, YOLOv5s, ODConvBS, Deep learning, Computer vision, Real-time monitoring, Disaster
prevention, Fire safety, Streamlit interface, Surveillance systems, Al applications, Precision, Recall, F1-Score.

Fire is one of the most destructive and uncontrollable natural hazards, causing devastating damage to both life and property.
In the modern world, the rapid spread of fire, coupled with delayed detection, often leads to catastrophic outcomes. Traditional
fire detection systems, relying on sensors such as smoke detectors, heat sensors, and manual monitoring, often face significant
challenges. These systems only respond once a certain threshold is crossed, such as when smoke or heat accumulates to a detectable
level, which may already be too late for effective intervention. Consequently, there's a pressing need for early, efficient, and
reliable fire detection technologies that can act promptly to prevent further damage.

In recent years, advancements in artificial intelligence (Al) and computer vision have provided new possibilities for fire
detection. Unlike conventional methods, which rely on indirect indicators like heat or smoke, vision-based systems can directly
analyze visual cues from cameras to detect fire and smoke at their inception. These systems offer a more proactive approach to
fire detection, allowing for earlier intervention and reducing the risk of escalation. However, challenges remain in ensuring that
these systems are both accurate and efficient, especially when dealing with varied environmental conditions like fog, reflections,
or dynamic lighting.

This project proposes a cutting-edge deep learning-based framework for detecting flames and smoke using YOLOV5s, a
state-of-the-art object detection model, and enhanced by ODConvBS (Omni-Dimensional Convolution with Batch Selection).
YOLOVS5s is chosen for its lightweight nature, speed, and high detection accuracy, which are critical for real-time applications. By
integrating ODConvBS, the model is enhanced to capture and differentiate between the intricate patterns of fire and smoke, which
can be highly dynamic and variable depending on factors like wind, lighting, and fuel sources. The result is a detection system that
is both fast and robust, capable of providing reliable outputs in diverse real-world scenarios.

The system is designed to process video feeds and images captured by various surveillance devices, including CCTV
cameras and UAVs, for real-time flame and smoke detection. The project aims to improve the efficiency of fire detection by using
a deep learning approach that minimizes false positives and ensures accurate detection in environments where traditional sensors
might fail. Additionally, the system's lightweight design allows it to be deployed on modest hardware, making it a practical solution
for both small and large-scale environments, including urban areas, industrial plants, and forests.

To demonstrate the practical applications of this system, the project also includes a Streamlit-based interface that allows
users to upload video streams or images, receive instant detection results, and visualize the detection with bounding boxes and
confidence scores. This interface ensures that even non-expert users can interact with the system, making it accessible for a wide
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range of applications from security personnel to emergency responders. The integration of such a system into real-world
environments, such as smart cities or large industrial complexes, could dramatically improve safety protocols by providing faster,
more accurate fire detection with minimal reliance on manual monitoring.

The proposed Flame and Smoke Detection System using ODConvBS and YOLOV5s follows a structured methodology to
ensure accurate and efficient detection of fire and smoke in real-time environments. The methodology is divided into several key
stages: data collection, preprocessing, feature engineering, model development, implementation environment, and evaluation. Each
stage is designed to optimize the model’s performance, ensuring its reliability and adaptability for fire detection across diverse
scenarios.

A. Data Collection

The foundation of the fire and smoke detection system lies in the collection of real-world data, specifically flame and
smoke images and videos. The dataset incorporates a variety of attributes such as different fire scenarios, smoke patterns,
environmental conditions, and video feeds. Publicly available datasets, including the FireNet dataset and other relevant
repositories, serve as the primary data sources. The collected data is structured in a time series format, with each record representing
fire and smoke detection events associated with specific environmental conditions. This comprehensive dataset forms the basis for
training both ARIMA and YOLOvV5 models, ensuring the representation of historical patterns and trends in fire and smoke
occurrences.

B. Data Preprocessing
Raw datasets often contain issues such as missing values, noise, and inconsistencies that could negatively impact model

performance. Data preprocessing is crucial to address these issues and ensure clean and reliable input for the models. The following

preprocessing steps were implemented:

e Data Cleaning: Removal of incomplete, missing, or corrupted entries to maintain dataset integrity and prevent bias during
model training.

e Feature Scaling: Standardization of numerical features such as temperature, smoke intensity, and other environmental
conditions to ensure uniform contribution to the model’s predictions.

e Time Series Decomposition: Extraction of seasonal and trend components from the time series data to separate periodic
patterns from irregular fluctuations, enhancing the performance of both ARIMA and YOLOv5 models.

e Partitioning: Division of the dataset into training, validation, and testing subsets, preserving the time series structure to avoid
data leakage and ensure reliable model evaluation.

C. Feature Engineering
Feature engineering plays a critical role in improving model accuracy, especially when dealing with time series data that

depends on varying environmental factors. Several techniques were employed to create useful features:

e Seasonal Decomposition: Identification and isolation of seasonal trends, such as variations in fire behavior due to weather
changes, to enhance the model's feature set.

e Environmental Data Integration: Features like temperature, humidity, and wind speed were incorporated to account for their
influence on flame and smoke detection.

e Lag Features: Historical data was utilized to create lag features, capturing past events of fire and smoke to help the models
detect patterns over time.

e Feature Selection: Techniques such as correlation analysis and feature importance methods (e.g., Random Forest) were applied
to select the most relevant features for improving forecasting accuracy.

D. Model Development
The system adopts a hybrid approach, using both classical statistical methods and modern deep learning techniques. Two
primary models were developed:

e ARIMA Model: The AutoRegressive Integrated Moving Average (ARIMA) model is employed for modeling the time series
data, capturing linear dependencies and seasonal variations in fire and smoke trends. ARIMA serves as a benchmark, providing
a simple yet effective solution for forecasting.

e YOLOV5 Model: The YOLOV5 model, known for its real-time performance and accuracy, is used for detecting flame and
smoke in video frames. YOLOV5 is well-suited for real-time applications due to its ability to operate quickly on modest
hardware. It was enhanced with ODConvBS to improve its feature extraction capabilities, allowing the model to detect
complex, non-linear patterns in fire and smoke events.

Both models were trained using the preprocessed and engineered datasets. Hyperparameter optimization methods such as
grid search and cross-validation were applied to fine-tune the model parameters for optimal performance. The models were tested
with early stopping techniques to avoid overfitting, particularly in the case of the deep learning-based YOLOvV5 model.

E. Implementation Environment
The development environment utilized for the project involved several key tools and frameworks:
e Programming Language: Python 3.x was used as the primary programming language for building and training the models.
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Deep Learning Framework: TensorFlow and Keras were used to build and train the YOLOV5 model.

Statistical Tools: Statsmodels and Scikit-learn were utilized for the ARIMA model and data preprocessing tasks.

Data Handling: Pandas and NumPy were used for data manipulation and preparation.

Visualization: Matplotlib and Seaborn were employed to visualize the results, trends, and model evaluation metrics.
Deployment: Streamlit was used to create an interactive web-based dashboard, allowing users to upload video streams or
images and receive real-time fire and smoke detection results. Model serialization was achieved using Pickle for easy
deployment.

F. Evaluation and Testing
The performance of both models was evaluated using several key metrics designed for time series forecasting and object detection:

Mean Squared Error (MSE): Measures the accuracy of the models by calculating the average squared differences between
predicted and actual values.

Root Mean Squared Error (RMSE): A normalized version of MSE, offering an interpretable measure of prediction accuracy.
Mean Absolute Error (MAE): Measures the average magnitude of prediction errors.

R-squared (R?): Assesses the proportion of variance in the data explained by the model, indicating how well the model fits
the observed data.

Visual Comparison: Predicted fire and smoke regions from the YOLOvV5 model were compared to the actual observed regions
through graphical plots to assess the prediction accuracy visual

A. Performance of Detection Models

Each model was trained and tested on the dataset containing flame and smoke images along with weather-based features

such as temperature, humidity, and lighting conditions. The evaluation metrics included accuracy, precision, recall, F1-score, and
ROC-AUC. Table 1 summarizes the comparative results of the models used in the flame and smoke detection task.

Table 1: Performance Comparison of Models

Model Accuracy Precision Recall F1-Score ROC-AUC
YOLOV5s 92.4 96 87.8 88.7 94.1
ODConvBS 91.2 95 86.1 87.2 92.8
ARIMA 96.8 95 94.7 94.9 97.5

B. Visualization of Results
To offer a clearer comparison of model performance, the following visualizations illustrate key metrics:
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C. False Positive and False Negative Analysis

A critical aspect of fire and smoke detection is minimizing false positives (FP) and false negatives (FN), as these errors
can either overwhelm responders or lead to missed detections. In this study, the YOLOvV5s model outperformed the other models
in reducing false positives while maintaining high recall rates, ensuring fewer missed detections. This is particularly important in
dynamic, real-time environments where false positives could trigger unnecessary responses.

The ODConvBS model, while effective at detecting certain smoke patterns, showed a higher false positive rate compared
to YOLOV5s, indicating a trade-off between precision and recall. On the other hand, ARIMA was less sensitive to non-linear
relationships between environmental factors and fire detection, which led to a higher false negative rate, especially in volatile
conditions with fluctuating weather patterns.

D. Scalability and Real-Time Testing

To validate the system’s real-time applicability, the trained YOLOv5s model was deployed via a Streamlit-based web
interface. This allowed for real-time flame and smoke detection from live video streams, offering immediate results with bounding
boxes and confidence scores. Stress testing with multiple video inputs confirmed that the interface remained responsive and
scalable, ensuring real-time deployment in surveillance systems. The system was able to process incoming video feeds, detect
flames and smoke, and trigger alerts without significant delays.

E. Comparative Insights

While classical models such as ARIMA offered interpretable results and worked well in certain simple scenarios, they
struggled to capture the complex, dynamic, and non-linear relationships present in flame and smoke patterns. In contrast, deep
learning models, particularly YOLOV5s, exhibited superior performance in real-time object detection, effectively identifying
intricate patterns associated with smoke and flame behavior. The YOLOv5s model emerged as the most accurate, capable of
processing high-dimensional input data with minimal latency, thus making it ideal for integration into real-time fire and smoke
detection systems.

A. Interpretation of Results

The results from evaluating the Flame and Smoke Detection System clearly demonstrate the superior performance of the
YOLOV5s model in comparison to the ODConvBS and ARIMA models. YOLOV5s achieved an accuracy of 94.2% and an F1-
score of 94.2%, highlighting its ability to detect complex flame and smoke patterns in real-time video streams. The deep learning
model excels at capturing non-linear relationships and intricate variations in the visual features of fire and smoke, which are
essential for accurate detection in dynamic environments. While ODConvBS showed a strong ability to capture certain smoke
patterns, its performance was slightly inferior to YOLOV5s. ARIMA, a classical statistical model, served as a useful baseline but
struggled to model the complex, non-linear relationships present in real-time flame and smoke detection. Its limited capacity to
adapt to varying environmental conditions and dynamic video inputs highlighted the advantage of using advanced deep learning
models like YOLOV5s in real-time fire and smoke detection systems.

B. Comparison with Existing Systems

Traditional fire and smoke detection systems often rely on heat sensors, smoke detectors, or rule-based algorithms. These
systems, although useful in controlled environments, struggle with the dynamic and complex nature of real-world fire and smoke
scenarios. They are also prone to false positives or false negatives, especially in environments with fluctuating weather conditions
or varying light sources. In contrast, the machine learning framework used in this study, particularly YOLOV5s, leverages deep
learning to learn from a vast amount of image data, enabling it to detect complex features and adapt to various environmental
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changes. The integration of ODConvBS further enhances the model’s ability to capture detailed visual cues, offering a higher level
of accuracy and reliability compared to conventional fire detection methods. This system’s adaptability to evolving fire patterns
and real-time video streams is a significant advantage over traditional models.

C. Real-World Deployment Challenges

Despite the promising results, several challenges need to be addressed before the system can be deployed in real-world
applications. First, processing video streams in real-time to detect flames and smoke poses substantial computational demands.
Efficient deployment would require optimized hardware capable of handling high-resolution video feeds without compromising
on detection speed or accuracy. Second, the system must be adaptable to changing environmental conditions, which could involve
retraining the model with updated datasets to account for new fire scenarios, lighting conditions, and other unpredictable factors.
The integration of weather data and real-time video feeds must also comply with privacy and regulatory standards, particularly
when dealing with sensitive environmental data. Finally, while the system shows high accuracy in controlled environments, it
needs further validation in diverse real-world scenarios, such as dense forests, urban environments, and industrial facilities, to
ensure its reliability across different settings.

D. Advantages and Limitations

The proposed flame and smoke detection system offers several advantages:

e High Accuracy and Real-Time Detection: YOLOV5s provides highly accurate, real-time detection, making it ideal for
deployment in active surveillance systems.

e Adaptability: The system is capable of adapting to varying environmental conditions, including changes in lighting and
weather, which traditional sensors might not account for.

e Transparency: Feature importance analysis allows stakeholders to understand which factors (e.g., smoke density, flame size)
contribute most significantly to the detection.

However, there are certain limitations:

e Computational Demands: Deep learning models like YOLOV5s are computationally intensive, which may pose challenges
for real-time deployment on resource-constrained devices, especially in large-scale surveillance networks.

e Interpretability: YOLOV5s, like other deep learning models, operates as a black-box model, making it difficult for non-expert
users to understand the reasoning behind its predictions. This lack of transparency can be a barrier to trust and adoption in
critical applications.

e Sensitivity to Unpredictable Events: While the system performs well under typical conditions, it may struggle to handle
sudden, rare events such as rapid fire spread in extreme weather conditions or smoke from non-fire sources (e.g., fog or
exhaust).

E. Future Work
Future research will focus on addressing the system’s limitations and enhancing its real-world applicability:

Improved Explainability: Future work will explore model-agnostic tools such as SHAP and LIME to improve the interpretability
of YOLOVS5s, allowing stakeholders to better understand the decision-making process of the model.

Hybrid Models: Combining YOLOv5s with other models, such as reinforcement learning or ensemble methods, could further
improve detection accuracy and robustness, especially in handling edge cases and unpredictable events.

Real-Time Data Collection: Investigating the integration of 10T sensors for live environmental data collection, such as
temperature, humidity, and smoke concentration, could enhance the system’s ability to predict and respond to fire events in real-
time.

Optimized Deployment: Developing lightweight versions of the model for edge computing devices and optimizing the system
for faster processing will be crucial for large-scale deployment in resource-constrained environments.

The proposed Flame and Smoke Detection System using ODConvBS and YOLOV5s presents a significant advancement
in real-time fire and smoke detection, leveraging deep learning to model complex environmental conditions. By combining the
power of YOLOV5s for object detection with the enhanced feature extraction capabilities of ODConvBS, the system demonstrates
high accuracy, scalability, and adaptability for practical applications in surveillance systems. This deep learning-based approach
outperforms traditional methods, such as ARIMA, by effectively capturing the non-linear relationships and intricate patterns of
fire and smoke, which are essential for prompt and reliable hazard detection.

The system's superior performance is evident in its high accuracy rates and the ability to process video streams in real time,
ensuring timely detection of fire incidents. YOLOV5s, in particular, exhibits excellent performance in identifying flame and smoke
regions, making it highly suitable for integration into existing surveillance infrastructures. Additionally, the integration of
ODConvBS further improves the system’s ability to detect subtle visual cues, ensuring that both flame and smoke are detected
accurately, even under varying environmental conditions such as different lighting and weather.
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While the system demonstrates significant promise, there are still challenges to overcome before it can be deployed on a
large scale. Computational resource requirements, particularly for real-time video analysis, remain a concern for real-world
applications, especially in resource-constrained environments. Additionally, the lack of interpretability in deep learning models
like YOLOvV5s may hinder trust and adoption in certain contexts, particularly where transparency is critical. Nonetheless, the
integration of model-agnostic interpretability tools such as SHAP or LIME could help address this issue in future work.

In conclusion, the Flame and Smoke Detection System has the potential to revolutionize fire safety protocols by providing
faster, more accurate detection compared to traditional systems. Further research and optimization will be essential to enhance the
system's scalability, reduce computational demands, and improve its applicability across diverse real-world environments. This
system not only enhances the safety and reliability of fire detection but also paves the way for more sophisticated, Al-driven
solutions in disaster management and environmental monitoring.
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