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ABSTRACT 

Theincreasingprevalenceoffire-relatedincidentsinbothurbanandruralsettingsunderscores the critical need for advanced, real-time fire detection systems. Traditional 

fire detection methods, such as smoke detectors and thermal sensors, often suffer from delayed response times and limited coverage, which can lead to significant 

property damage and loss of life. To address these challenges, this study introduces a deep learning-based approach for real-time fire detection in video imagery, 

leveraging convolutional neural networks (CNNs) to enhance detection accuracy and speed. 

TheproposedsystemutilizesmodelssuchasFireNetandSP-InceptionV4-OnFire, whichhave been trained to identify fire patterns within video frames. These models 

process input from video feeds, enabling the system to detect fire occurrences promptly. FireNet offers a balance between detection performance and processing 

speed, operating at approximately 17 frames per second (fps), while SP-InceptionV4-OnFire provides higher detection accuracy with a slightly reduced throughput 

of 12 fps . 

Key contributions of this work include: 

Developmentofareal-timefiredetectionsystemusingCNNstrainedonvideoimagery. 

Implementationofmodelsthatbalancedetectionaccuracyandprocessingspeedtosuitvarious application needs. 

Demonstrationofthesystem'seffectivenessinpromptlyidentifyingfireincidents, thereby facilitating quicker emergency responses. 

By integrating advanced deep learning techniques into fire detection, this system aims to provide a more reliable and efficient solution for early fire 

warning, potentially mitigating the impact of fire-related disasters. 

Introduction 

Fire detection and prevention are fundamental components in ensuring public safety and 

minimizingpropertydamage.Traditionalfiredetectionsystemsoftenrelyonsmokeandheat sensors, which can be limited in their ability to detect fire in 

complex environments. The advent of modern technologies, particularly machine learning and computer vision, has revolutionized how fire detection 

can be approached. Among the many techniques, Convolutional Neural Networks (CNNs) have shown great promise due to their ability to 

effectivelyprocessandanalyzevisualdata,makingthemapowerfultoolfordetectingfirein real-time. 

Background Information 

Fire detection has traditionally relied on smoke detectors, heat sensors, and manual 

observation,eachhavinginherentlimitationsinspecificenvironments.Smokedetectorsmay fail to detect fires in early stages or in environments where smoke 

dissipates quickly, while heat sensors may not react promptly to small fires or fires in large spaces. With the increasing sophistication of visual data 

acquisition systems such as surveillance cameras, there is a growing opportunity to utilize image and video-based systems for fire detection. 

CNNs are designed to automatically learn spatial hierarchies of features from image data, 

enablingthemtoclassifyanddetectobjectssuchasfirewithremarkableaccuracy.Inrecent years, CNN-based models have been successfully applied to various 

image classification tasks, including fire detection, where they demonstrate the ability to identify fire amidst complex backgrounds and dynamic 

conditions. 

Problem Statement 

Current fire detection methods often fail to meet the demands of real-time applications, particularly in large, dynamic environments where smoke and 

fire may not be easily visible. These limitations may delay response times, putting lives and property at risk. Traditional 

systemsalsolackthecapacitytodistinguishbetweendifferenttypesoffiresandcanproduce false alarms in situations where no fire is present. There is a clear 
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need for more efficient, accurate, and real-time fire detection systems that can handle a variety of environmental conditions and reduce the possibility of 

false positives. 

Bridging the Gap: Helping Firefighters 

One of the key challenges faced by firefighters is the difficulty of identifying the exact location and extent of a fire in complex environments, such as 

forests or large buildings. Firefightersoftenhavetorelyonsensors,whichmightnotprovideenoughinformationabout the spread of fire or its location. By 

utilizing CNN-based fire detection systems, we can bridgethisgapbyprovidingreal-timefiredetectionthroughvideosurveillance,offering detailed insights 

about the fire’s position, intensity, and growth. This technology can significantlyaidfirefightersbyimprovingtheirsituationalawareness,allowingformore 

effective and timely interventions, ultimately saving lives and resources. 

Objective 

The primary objective of this study is to develop and evaluate a CNN-based fire detection 

systemthatcanprocessvideofeedsfromsurveillancecamerastoautomaticallydetectfires in real-time. This system aims to: 

Achievehighaccuracyindetectingfiresinvariousenvironmentalconditions. Minimize false positives to reduce unnecessary alarm triggers. 

Providereal-timealertstoemergencyresponders,helpingtofacilitatefasterandmore effective fire-fighting strategies. 

Improvesituationalawarenessforfirefightersbyprovidingactionableinsightsintofire location and intensity. 

Through this research, we aim to contribute to the development of more effective fire detection solutions, enabling rapid response and better protection 

against fire hazards. The integrationofsuchsystemsintofiresafetyframeworkswillhelpsavelives,protectproperty, and enable more proactive fire prevention 

strategie. 

Literature Review 

Fire Detection Using Deep Learning: Advances and Challenges 

Deep learning, particularly Convolutional Neural Networks (CNNs), has emerged as a powerful technique for automated fire detection in visual data. 

Unlike traditional methods relying on handcrafted features (e.g., color, motion, and texture), CNN-based approaches 

automaticallylearnhierarchicalrepresentations,leadingtoimproveddetectionaccuracyand robustness. CNNs can capture spatial features associated with 

flames and smoke patterns, distinguishing them even under varying lighting conditions and complex backgrounds. 

This capability makes CNNs highly suitable for real-world fire surveillance applications, 

includingearlywarningsystems,smartcities,anddisasterresponseplatforms.Nevertheless, challenges such as false positives from fire-like objects (e.g., 

sunsets, car lights) remain critical,necessitatingfurtherresearchintocontext-awaremodelsandmultimodalfusionwith thermal or audio data. 

Datasets for Fire Detection 

Reliable datasets are crucial for training and benchmarking fire detection systems. Several 

curateddatasets,suchastheFIREDataset(Breckonetal.),providelabeledvideoframeswith 

andwithoutfireinstancesunderdiverseenvironmentalconditions.Thesedatasetsencompass indoor, outdoor, urban, and forest scenarios, capturing different 

fire intensities, colors, and smoke behaviors. Balanced datasets with negative (non-fire) examples are particularly important to mitigate overfitting and 

ensure generalization. 

Synthetic data generation and augmentation techniques—like flipping, rotation, brightness adjustment—

arealsoemployedtoenhancedatasetdiversity,improvingthemodel'sabilityto handle unseen environments. 

CNN Architectures for Fire Detection 

VariousCNNarchitectureshavebeenadaptedordesignedforfiredetection.Simplenetworks trained from scratch offer fast inference but may lack deep 

semantic understanding. Transfer learning using pre-trained models (e.g., VGG16, ResNet50, InceptionV3) has shown great promise, leveraging feature 

extractors trained on large-scale datasets like ImageNet. 

Fine-tuning the deeper layers allows the model to specialize in identifying fire-specific visual 

featureswhilebenefitingfromgeneralimageunderstanding.LightweightCNNmodelsarealso explored for deployment on resource-constrained devices such 

as drones or embedded surveillance cameras. 

Evaluation Metrics and Performance 

Model performance is evaluated using metrics like precision, recall, F1-score, and accuracy. High recall (sensitivity) is critical in fire detection to 

minimize the chance of missing actual fires, which can have catastrophic consequences. However, maintaining high precision is 

equallyimportanttoavoidfalsealarmsthatcoulddesensitizehumanoperatorsoremergency services. 
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Cross-validationacrossdifferentenvironments,timesofday,andfireconditionsiscrucialto ensure model reliability. Studies also emphasize real-time 

performance, measuring 

frame-per-second(FPS)ratestoassessdeploymentfeasibility. 

Limitations and Future Directions 

While CNN-based fire detection has made notable strides, several limitations persist. 

Variationsinflameappearanceduetowind,occlusions,ordifferentcombustionmaterialscan challenge model consistency. Environmental factors like rain, 

fog, or low-light conditions further complicate detection. 

Future research is focused on integrating multi-sensor data (e.g., infrared cameras, gassensors), developing spatio-temporal models (e.g., 3D CNNs, 

ConvLSTMs), and exploring explainableAI(XAI)techniquestomakedetectiondecisionsmoretransparentandtrustworthy. Advances in unsupervised and 

semi-supervised learning also hold potential for reducing the dependency on large annotated datasets. 

Conclusion 

In summary, CNN-based approaches have significantly advanced visual fire detection by 

enablingautomated,accurate,andscalablesolutions.Whilecurrentmodelsperformwellunder controlled conditions, achieving consistent robustness in diverse 

real-world environments remains a key research challenge. Ongoing efforts in dataset expansion, model optimization, and multimodal sensing will drive 

the next generation of intelligent fire detection systems. 

Methodology and Implementation 

Hardware Require 

For Developers 

Developersaimingtomodifyorenhancethesystemshouldconsiderthefollowinghardware: 

● Processor:Quad-coreCPU(Inteli5/i7orAMDRyzen5+)orhigher. 

● RAM:Minimum8GB;16GBrecommendedformultitasking. 

● Graphics:DedicatedGPU(e.g.,NVIDIAGTX1060orhigher)fortrainingmodels. 

● Storage:Atleast10GBoffreediskspace,preferablySSD. 

● InternetConnection:Stablehigh-speedinternetforaccessingrepositoriesanddatasets. 

Software Requirements 

Thesystemreliesonacombinationoflibrariesandframeworksforitsoperation: 

● ProgrammingLanguage:Python3.7.x 

● Deep Learning Frameworks: 

○ TensorFlow1.15 

○ TFLearn0.3.2 

● ComputerVision:OpenCV3.xor4.x 

● AdditionalLibraries: 

○ NumPy 

○ SciPy 

○ Matplotlib 

Implementation Details 

1. Model Selection and Loading 

Users can select the desired CNN model (e.g., InceptionV4-OnFire) through command-line arguments.Thesystemloadsthecorrespondingpre-

trainedweightsandinitializesthemodel for inference. 

2. Video Input and Preprocessing 
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The system accepts video files or live camera feeds as input. Each frame undergoes 

preprocessingsteps,includingresizingandnormalization,tomatchtheinputrequirementsof the selected CNN model. 

3. Fire Detection Process 

Foreachprocessedframe: 

● Ifusingsuperpixel-basedmodels,theframeissegmentedintosuperpixelsusingSLIC. 

● EachregionortheentireframeispassedthroughtheCNNmodeltopredictthepresence of fire. 

● Detectionsareaggregated,andboundingboxesaredrawnaroundidentifiedfireregions. 

4. Output and Visualization 

Thesystemdisplaystheprocessedvideowithannotationsindicatingdetectedfireregions.It also provides real-time statistics, such as processing frame rate and 

detection confidence scores. 

Security and Privacy Considerations 

Whilethesystemprocessesvideodata,itdoesnotstoreortransmitanypersonalinformation. Users are responsible for ensuring compliance with privacy 

regulations when deploying the system in surveillance scenarios. 

Future Enhancements 

Potentialimprovementstothesysteminclude: 

Model Optimization:ImplementingmoreefficientCNNarchitecturestoenhance processing speed without compromising accuracy. 

Edge Deployment:Adaptingthesystemfordeploymentonedgedeviceswith 

Results and Discussion 

Functional Outcomes 

The system follows an end-to-end automated pipeline—from video frame acquisition and 

preprocessingtofireclassificationandactuationofextinguishingcomponents.AtrainedCNN model served as the core fire classifier, accepting segmented 

image frames and outputting binary fire/no-fire decisions with high confidence. The hardware integration, built using Arduino and motorized sprayer 

components, successfully responded to fire-positive outputs from the model by activating the suppression mechanism without manual intervention. 

The model was initially trained on a labeled dataset of fire and non-fire images. Once tested 

withactualvideoinput,thesystemshowedanimmediateandaccurateresponsetovisiblefire, confirming that the model's generalization worked beyond still 

image data. The architecture's modularity allowed for seamless substitution of video sources, such as CCTV streams, which positions the system as 

scalable and flexible for diverse real-world applications. 

Detection Reliability and Automation 

One of the primary achievements of the system lies in its ability to perform real-time fire 

detectionundervaryinglightingconditionsandenvironments.TheCNN,aftertrainingon 

diverseflamepatternsandbackgrounds,maintainedahightruepositiveratewithminimal false alarms. The integration with Arduino ensured that once the 

presence of fire was confirmed, the system acted autonomously, deploying the extinguisher promptly. 

The automated extinguisher deployment proved effective in trials, particularly in scenarios involving paper and alcohol-based fires. This successful 

linkage of AI-based detection with physicalresponsebridgesthegapbetweendigitalmonitoringandreal-worldaction,providing a strong proof-of-concept for 

AI-assisted safety systems. 

Summary of  Discussion 

In summary, the fire detection and extinguishing system based on CNN demonstrated that AI-

poweredautomationcaneffectivelyaddressfirehazardswithminimalhumanoversight. The integration of software intelligence and physical response created 

a robust solution for early fire mitigation. The system fulfilled its primary objectives—accurate detection, autonomous suppression, and real-time 

responsiveness—while revealing areas for further enhancement, particularly in hardware alignment, user interfacing, and deployment optimization for 

diverse environments. This project validates the practicality of computer vision in safety-critical applications and lays the groundwork for scalable, 

intelligent fire response systems in the future. 
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Conclusion 

In an era where rapid response to fire hazards is paramount, the integration of deep learning techniques, particularly Convolutional Neural Networks 

(CNNs), has revolutionized real-time fire detection systems. Traditional fire detection methods, often reliant on sensors and manual 

monitoring,facechallengesintermsofresponsetimeandaccuracy.TheadventofCNN-based models offers a paradigm shift, enabling automated, swift, and 

precise identification of fire incidents through video surveillance. 

Advantages of CNN-Based Fire Detection Systems 

CNNsexcelinextractingintricatefeaturesfromvisualdata,makingthemidealforidentifying fire patterns in diverse environments. Their ability to learn 

hierarchical representations allows for distinguishing fire from similar-looking phenomena, reducing false positives. Moreover, the deployment of 

lightweight CNN architectures ensures that these models can operate efficiently on edge devices, facilitating real-time detection without the need for 

extensive computational resources. 

TheimplementationofattentionmechanismswithinCNNsfurtherenhancestheirperformance by focusing on relevant regions within an image, improving 

detection accuracy. Additionally, the fusion of CNNs with other techniques, such as Kalman filters and contour analysis, has been shown to bolster the 

robustness of fire detection systems, ensuring reliability even in complex scenarios. 

Integration with Surveillance Infrastructure 

The seamless integration of CNN-based fire detection systems into existing surveillance infrastructureoffersacost-

effectivesolutionforenhancingsafetymeasures.Byleveraging pre-installed cameras, these systems can continuously monitor environments, providing real-

time alerts upon detecting fire incidents. This proactive approach not only mitigates 

potentialdamagesbutalsoensuresthesafetyofoccupantsbyfacilitatingpromptevacuation and emergency response. 

Future Prospects and Ethical Considerations 

As the field progresses, the amalgamation of CNN-based fire detection systems with Internet of Things (IoT) devices and smart city frameworks holds 

promise for creating interconnected safetynetworks.However,thedeploymentofsuchsurveillance-intensivesystemsnecessitates careful consideration of 

privacy concerns. Ensuring data security and establishing clear protocols for data usage are imperative to maintain public trust and uphold ethical 

standards. In conclusion, the application of CNNs in real-time fire detection marks a significant advancement in safety technology. By offering rapid, 

accurate, and automated detection capabilities, these systems play a crucial role in preventing fire-related disasters. Continued research and development, 

coupled with ethical deployment practices, will further enhance their efficacy and acceptance in various domain. 
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