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Abstract - This research focuses on creating and assessing 
an artificial intelligence-driven model designed to detect fire 
incidents. The model was developed to identify fire 
occurrences in indoor settings using computer vision 
methodologies and convolutional neural networks (CNN). The 
CRISP-DM (Cross-Industry Standard Process for Data Mining) 
framework was applied throughout the project to guide the 
development and data analytics process. A dataset comprising 
5,030 fire and non-fire images was sourced from Kaggle.com 
(2023). These 3- channeled images, with a resolution of 224 × 
224 pixels, were processed using Python libraries such as 
TensorFlow, Keras, and NumPy. The model was trained and 
tested on a binary classification task to distinguish between 
fire and non-fire scenarios. Performance evaluation revealed a 
high accuracy rate of 98.77%. Detailed metrics included 
precision, recall, and F1-scores for both classes: non-fire 
instances achieved precision, recall, and F1-scores of 98.70, 
99.12, and 98.70, respectively, while fire instances recorded 
scores of 98.18, 96.43, and 97.40, respectively. The confusion 
matrix provided further insights, with the fire class test set 
yielding true positives (TP) of 54, false positives (FP) of 1, false 
negatives (FN) of 2, and true negatives (TN) of 187. Similarly, 
the non-fire class test set recorded TP as 270, FP as 3, FN as 5, 
and TN as 2. These findings demonstrate the model's high 
efficacy in fire incident detection, while also identifying 
potential areas for enhancement. By integrating artificial 
intelligence with computer vision, the proposed model has the 
potential to significantly improve fire safety measures and 
enable rapid emergency responses.  
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1. INTRODUCTION  

Throughout history, fire incidents have posed significant 
risks to domestic and industrial properties, buildings, sites, 
and offices [1]. The consequences of fire outbreaks are often 
catastrophic, leading to substantial loss of lives and property. 
Beyond these immediate damages, fire incidents have 
inflicted financial burdens on nations, costing billions of 
dollars in repairs and reconstruction efforts [2]. To address 
these challenges, researchers and fire management agencies 
have continuously developed various methods for fire 
monitoring, detection, and response, utilizing advanced 
technologies and tools. According to the Northeast 
Document Conservation Centre (NEDCC), a key strategy for 
fire protection lies in identifying potential fire emergencies 
early and promptly alerting building occupants and 

emergency response teams. This critical function is 
effectively carried out by fire monitoring and detection 
systems. Depending on factors such as the expected fire 
scenario, building type, occupancy, and fire severity, these 
systems are tailored to provide either general or specialized 
functionalities [3]. Fire monitoring involves observing and 
managing fire risks in a specific location based on 
parameters such as weather conditions, the state of 
flammable materials, and potential ignition sources. This 
process aids in implementing preventive measures and 
minimizing damage before a fire occurs. It also incorporates 
mechanisms to predict factors that may trigger a fire 
outbreak [5]. Fire detection, on the other hand, focuses on 
identifying fires in their early stages, allowing for the safe 
evacuation of occupants. When technology is applied to fire 
detection, implementing a robust and efficient algorithm 
becomes essential, as it plays a critical role in the overall 
firefighting process [6]. This study introduces a system 
designed for fire monitoring and detection using computer 
vision and convolutional neural networks (CNN). The aim is 
to enhance conventional fire detection systems, which 
typically rely on sensors for detecting smoke, temperature 
changes, and other fire byproducts. Traditional sensor-based 
systems, while useful, are often constrained by space and 
location, limiting their efficiency in certain environments [4]. 
In this research, a cost-effective computer vision approach is 
employed, utilizing high-definition (HD) cameras to capture 
real-time video images within the deployment area, enabling 
the prediction of potential fire situations. A CNN model was 
trained on a comprehensive dataset of indoor and outdoor 
fire images sourced from Kaggle, ensuring diverse 
representation to support robust generalization. The trained 
model's performance was rigorously evaluated using an 
independent dataset, with key metrics such as accuracy, 
precision, recall, and F1-score assessed to validate its 
effectiveness. Furthermore, the final prototype of the fire 
detection system was deployed as a user-friendly web-based 
platform. This platform, developed using Python, HTML, CSS, 
and the Flask framework, integrates real-time detection 
capabilities to provide an efficient and practical solution for 
fire monitoring and detection. 

2. RELATED WORKS 

To date, there is no universally optimized algorithm for fire 
detection using computer vision; instead, various studies 
have explored different approaches to model the fire 
detection problem, aiming to enhance accuracy and 
minimize false alarms. Existing research reveals that 
numerous algorithms have been developed and proposed for 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 12 Issue: 02 | Feb 2025               www.irjet.net                                                                        p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 111 
 

video-based fire detection systems, each striving to improve 
detection accuracy. Several notable works in this domain 
include contributions by Zhang et al., Hsu et al., Gong et al., 
and Muhammad et al. [2,7,8,9]. In a recent study, Avazov et 
al. [10] sought to replace traditional fire-detection systems 
with vision-based alternatives to improve fire safety using 
advanced technologies such as digital cameras, computer 
vision, artificial intelligence, and deep learning. Their 
research developed a fire detection system capable of 
identifying small sparks and triggering an alarm within 8 
seconds of a fire outbreak. Zhang et al. [7] introduced 
DeepFireNet, a real-time fire detection framework that 
combines fire-specific features with convolutional neural 
networks (CNNs) to analyze real-time video from monitoring 
systems. Similarly, Gong et al. [8] proposed an innovative 
video-based fire detection method using multi-feature fusion 
of flame characteristics. Their preprocessing approach 
combined motion and color detection, significantly reducing 
computation time in identifying fire candidate pixels. 
However, despite its innovation, their proposed algorithm 
was heavily affected by false positive results, limiting its 
effectiveness in real-world scenarios.  

3. MATERIALS AND METHODS 

3.1 Dataset Description and Source  

The dataset used in this study is critical for developing an 
intelligent fire detection model applicable to both indoor and 
outdoor settings. Table 1 outlines the dataset details, which 
are drawn exclusively from Kaggle's "Fire Images Dataset" 
[11]. This publicly available dataset, with a total size of 
approximately 130MB, consists of images organized into 
three main folders: training, validation, and testing sets. 
These folders facilitate the structured development and 
evaluation of the convolutional neural network (CNN) 
model. The images are divided into two categories: "Fire" 
and "Non-Fire," enabling the model to distinguish between 
scenes containing fire and those without. All images are in 
JPG format and resized to a consistent resolution of 224x224 
pixels, a standard dimension for image recognition tasks. 
The dataset includes 5,030 images, providing a 
comprehensive basis for training and validating the model. 
An important characteristic of this dataset is its imbalance, 
with one class (either Fire or Non-Fire) likely having more 
images than the other. Such imbalances can present 
challenges for the model to perform equally well in both 
classes, necessitating the use of specialized techniques to 
address this issue during training.  

Table-1: Dataset Source and Description 

Name of 
Dataset: 

Fire Images Dataset (Indoor and Outdoor) 

Size of Dataset: 130MB 

Link to Dataset: https://www.kaggle.com/datasets/rachadlaki

s/firedataset-jpg-224 

No. of Folders Three (3), [train set, validation set and test set] 

No of Classes Two (2), [Fire and Non-Fire] 

Image Type JPG 

Total No of 
Images 

5,030 

Image 
Normalization 

(224, 224) 

Comment 
Imbalanced 
dataset 

dataset 

 
3.2 Data Preparation  

This section outlines the dataset splitting strategy and class 
distribution. Table 2 details the division of the dataset into 
three subsets: training, validation, and testing. The dataset 
follows an 80-10-10 split, ensuring sufficient data for model 
training, fine-tuning, and evaluation. This division minimizes 
overfitting risks while providing a robust framework for 
model development. The training set accounts for 80% of the 
data, consisting of 1,931 fire images and 2,083 non-fire 
images, making it relatively balanced for effective learning. 
Balanced data is essential to ensure the model can 
differentiate between fire and non-fire scenarios without 
bias. The validation set, comprising 10% of the total data, 
includes 225 fire images and 267 non-fire images. It serves a 
pivotal role in optimizing model hyperparameters, such as 
learning rate or regularization strength, while safeguarding 
against overfitting by evaluating performance on unseen 
data during training. The test set, another 10% of the 
dataset, contains 244 fire images and 280 non-fire images. 
This subset exclusively assesses the final model’s 
performance, providing an unbiased evaluation of its 
generalization ability. Balanced classes in the test set ensure 
reliable accuracy, precision, recall, and F1-score metrics. 

Table-2: Dataset Split and Classes 

 

3.3 Training and Validation Data 

In fire detection tasks, the training and validation data play 
distinct yet complementary roles. The training data consists 
of labeled images (fire and non-fire), which the model uses 
to learn patterns by adjusting its internal parameters, such 
as neural network weights and biases. This process 

TRAIN SET (80%) VALIDATION 
SET (10%) 

TEST SET (10%) 

FIRE NON-
FIRE 

FIRE NON-
FIRE 

FIRE NON-
FIRE 

1931 2083 225 267 244 280 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 12 Issue: 02 | Feb 2025               www.irjet.net                                                                        p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 112 
 

minimizes prediction errors by iteratively updating the 
model. The validation data, a separate labeled set, evaluates 
the model’s intermediate performance during training. 
Unlike the training data, it does not contribute to parameter 
updates. Instead, it helps detect overfitting, ensuring the 
model captures meaningful patterns rather than noise. By 
monitoring validation performance, hyperparameters like 
the learning rate or regularization strength are fine-tuned to 
enhance the model’s ability to generalize to unseen data. 

 

Fig-1: High-level process flow diagram for fire image 
detection and classification 

3.4 Block Diagram of the Proposed Model  

The proposed model is illustrated in Figure 1, showcasing 
the high-level process for fire image detection and 
classification using a Convolutional Neural Network (CNN). 
The process ensures accurate identification of fire-related 
features, culminating in reliable binary classification (fire or 
non-fire).  

1. Image Input: Images are fed into the system as raw data 
for analysis. These include diverse images captured in indoor 
and outdoor environments where fire detection is critical. 

 2. Pre-Processing and Image Enhancement: This crucial 
step improves image quality, enabling effective analysis by 
the CNN. Techniques such as noise reduction, normalization, 
and contrast enhancement emphasize fire-specific features 
while suppressing irrelevant details.  

3. Feature Extraction: The CNN identifies and extracts 
hierarchical features, such as patterns, shapes, and textures, 
indicative of fire. This step leverages the CNN’s ability to 
learn complex feature representations for accurate 
classification.  

4. Classification: Extracted features are analyzed and 
assigned to one of two categories: fire or non-fire. This stage 
leverages the CNN’s fully connected layers, which predict the 
outcome based on learned patterns.  

5. Output Result: The system delivers a binary result 
indicating the presence or absence of fire. This output can 
trigger immediate responses, such as activating alarms or 
notifying emergency services, in real-world scenarios. 

4. RESULTS  

4.1 Dataset Visualization  

This section illustrates examples from the dataset sourced 
from Kaggle.com, showcasing both the original images and 

their preprocessed counterparts. The raw images undergo 
preprocessing steps such as resizing, noise reduction, and 
feature enhancement to ensure the data is optimized for 
model training. These preprocessing steps are vital for 
improving the model's ability to accurately detect fire. Figure 
2 presents a selection of fire and non-fire images from the 
dataset used in this study. The dataset comprises images of 
fires occurring in various settings, such as indoor 
environments and outdoor areas like houses and bushes. By 
analyzing patterns within these images, the model learns to 
differentiate between fire and non-fire scenarios. This 
capability is critical for developing a system that can 
promptly detect and alert users to indoor fire hazards, 
contributing to safety. Figure 3 highlights the original images 
alongside their preprocessed versions, showcasing 
techniques such as masking, segmentation, and sharpening. 

 

Fig-2: Selection of sample images 

 

Fig-3: Sample preprocessed images 

4.2 Model Training Results 

This section outlines the results achieved during the training 
of the Convolutional Neural Network (CNN) for fire and non-
fire detection. It includes details about the model's learning 
progress, accuracy, and error minimization, providing 
insights into its performance and reliability. Training 
Summary: Table 3 displays the model's training performance 
over ten (10) epochs. During the first epoch, the model 
achieved an accuracy of 77.17% with a loss of 0.6841, while 
the validation accuracy was 89.02% with a validation loss of 
0.2959. Over the course of training, the accuracy improved 
significantly, reaching 98.4% in the ninth epoch, with a 
corresponding loss of 0.0454. Validation accuracy also 
remained consistent, starting at 89.02% and ending at 
92.48%. However, validation loss fluctuated, ranging from a 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 12 Issue: 02 | Feb 2025               www.irjet.net                                                                        p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 113 
 

low of 0.2306 in the fourth epoch to a high of 0.4477 in the 
ninth epoch. Table 3 demonstrates the model’s ability to 
increase accuracy while minimizing errors, despite some 
variability in validation loss. 

Table-3: Summary of Training Results 

 Accuracy Loss Val_Accuracy Val_Loss 

1 0.7717 0.6841 0.8902 0.2959 

2 0.8911 0.2809 0.8882 0.3045 

3 0.9046 0.2383 0.9248 0.2444 

4 0.9147 0.2114 0.9228 0.2306 

5 0.9277 0.1785 0.9126 0.2313 

6 0.9556 0.1171 0.9248 0.2686 

7 0.9721 0.0816 0.9106 0.3921 

8 0.9767 0.0673 0.9289 0.2634 

9 0.984 0.0454 0.9146 0.4477 

10 0.9831 0.0464 0.9248 0.4424 

 

 

Fig-4: Visual representation of the CNN training accuracy 
progress 

Figure 4 illustrates the model’s accuracy progression during 
training. With a dataset comprising 1,931 fire images and 
2,083 non-fire images for training, and 225 fire images and 
267 non-fire images for validation, the model improved 
steadily. Accuracy began at 77.17% for training and 89.02% 
for validation in the first epoch, climbing to 98.31% and 
92.48% by the tenth epoch. This improvement demonstrates 
the model's ability to recognize fire effectively while 
maintaining strong performance on unseen validation data. 

 

Fig-5: Visual representation of the CNN training loss 
progress 

Figure 5 depicts the reduction in training and validation loss 
over time. Initially, training loss was 0.6841, decreasing to 
0.0454 by the ninth epoch. Validation loss started lower at 
0.2959 but showed fluctuations, peaking at 0.3921 in the 
seventh epoch. Despite these variations, the final validation 
loss was 0.4424, indicating the model successfully minimized 
errors during training while achieving stable results.  

4.3 Model Performance Evaluation  
The performance of the trained model was assessed 
using a separate test set. Metrics such as accuracy, 
precision, recall, and F1-score were used to evaluate its 
effectiveness in distinguishing between fire and non-fire 
scenarios. Additionally, the proposed model was 
compared to existing studies to highlight its 
improvements in accuracy and reliability.  

(a). Performance for Fire Class: The model was tested 
with 244 fire images, and its performance metrics are 
summarized in Table 4. Accuracy reflects the model's 
overall correctness, while precision measures its ability 
to accurately identify fire instances, minimizing false 
positives. Recall evaluates its capacity to detect all fire 
cases, and the F1- score offers a balanced assessment of 
precision and recall. 

Table-4: Fire Class Performance Summary 

Accuracy Precision Recall F1-Score 

98.77% 98.18% 96.43% 97.40% 
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        Fig -6: Visual Representation of Fire Class 
Performance Evaluation 

Performance Metrics (Figure 6): Figure 6 provides a visual 
representation of the performance evaluation. The model 
achieved 98.77% accuracy, highlighting its effectiveness in 
correctly classifying fire instances. Precision (98.18%) 
demonstrates reliability in detecting fires with minimal false 
positives. Recall (96.43%) indicates strong capability in 
identifying true fire cases, and the F1-score (97.40%) 
reflects a balanced and robust performance. These results 
confirm the model’s high reliability for fire detection, making 
it a valuable tool for real-world applications. 

(b). Confusion Matrix Heatmap Result for Test Set 
(Fire Class) 

 

Fig-7: Confusion Matrix Heatmap on Fire Class Test Set 

Figure 7 displays the confusion matrix heatmap for the fire 
detection model's performance on 244 image instances. 
Using a CNN-based approach, the model correctly identified 
54 true positives and 187 true negatives, showcasing its 
reliability in distinguishing between fire and non-fire images. 
The model produced just 1 false positive and 2 false 
negatives, reflecting high precision and recall rates. These 
results emphasize the model's effectiveness in minimizing 
errors, underscoring its potential as a dependable tool for 
fire detection in practical applications. 

(c). Test Results for Non-Fire Class  

This section evaluates the model's performance on 280 non-
fire images using metrics such as accuracy, precision, recall, 
and F1-score, summarized in Table 5. Accuracy measures 
overall correctness, precision evaluates the ratio of true non-
fire predictions to total non-fire predictions, recall assesses 
the model's ability to identify all non-fire cases, and the F1-
score balances precision and recall to provide a 
comprehensive performance metric 

Table-5: Performance Metrics for Non-Fire Class 

 

 

Fig-8: Visual Representation of Non-Fire Class 
Performance Evaluation 

Figure 8 visually represents the performance metrics for the 
non-fire detection model. The high accuracy of 98.21% 
demonstrates its reliability in correctly classifying non-fire 
instances. Precision (98.70%) highlights the model's ability 
to reduce false positives, while recall (99.12%) signifies its 
capability to identify actual non-fire cases with minimal 
misses. The F1-score (98.70%) reflects a balanced 
performance between precision and recall. Together, these 
metrics affirm the model's robustness and reliability in 
detecting non-fire scenarios.  

(d) Confusion Matrix Heatmap for the Test Set (Non-Fire Class) 

 
Fig-9:  Confusion Matrix Heatmap on Non-Fire Class Test Set 

Accuracy Precision Recall F1-Score 

98.21% 98.70% 99.12% 98.70% 
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Figure 9 illustrates the confusion matrix for the non-fire 
class test set, comprising 280 image instances. The CNN 
model accurately identified 270 true positives and 5 true 
negatives, demonstrating strong detection capabilities. 
However, 3 false positives and 2 false negatives were 
recorded, indicating minor areas for improvement. Despite 
these errors, the model's overall accuracy in recognizing 
non-fire images remains impressive, highlighting its 
effectiveness as a fire detection tool for diverse applications. 

(e) Comparison with Previous Studies 

This section compares the proposed model's performance 
with that of nine previous studies, emphasizing its superior 
accuracy in fire detection, as depicted in Figure 10. 

 

Fig-10: Comparative Evaluation of the Proposed Model 
and Previous Studies 

Figure 10 highlights the proposed model's accuracy of 
98.77%, surpassing the results of previous studies: Zhang et 
al. (96.00%), Gong et al. (95.29%), Sasken (92.50%), Avazov 
et al. (95.00%), Wang et al. (90.70%), Muhammad et al. 
(94.50%), Frizzi et al. (97.90%), Horng & Jian-Wen 
(96.47%), and Hsu et al. (97.00%) [7, 8, 12, 10, 13, 9, 14, 15, 
2]. This exceptional performance underscores advancements 
in fire detection technology using CNN and establishes the 
proposed model as a more reliable solution compared to 
earlier approaches. 

5. DISCUSSION OF RESULTS  

The CNN-based fire detection model achieved an overall 
accuracy of approximately 98% on the validation set, 
correctly classifying fire and non-fire instances 98% of the 
time. This result is promising and highlights the model's 
effectiveness. 

5.1. Evaluation Metrics for Fire and Non-Fire 
Classes  

• Precision: For the non-fire class, the precision is 98.7%, 
indicating that out of all predicted non-fire cases, 98.7% 

were correct. For the fire class, the precision is slightly lower 
at 98.18%. 

 • Recall: The non-fire class achieved a recall of 99.12%, 
demonstrating the model's ability to detect almost all actual 
non-fire cases. The fire class recall, at 96.45%, suggests room 
for improvement in identifying all actual fire cases. 

 • F1-Score: The F1-score balances precision and recall, 
achieving 98.7% for the non-fire class and 97.40% for the 
fire class, indicating robust overall performance but slightly 
lower efficiency for fire detection.  

5.2. Confusion Matrix Analysis  

The confusion matrices in Figures 7 and 9 provide additional 
insights into the model's predictions:  

• True Positives (TP): The model identified 270 fire cases 
and 54 non-fire cases correctly, demonstrating its reliability 
in detecting the presence of fire.  

• False Positives (FP): With only 3 false positives, the model 
minimizes false alarms, which is essential for practical 
applications. 

 • False Negatives (FN): Despite achieving low false 
negatives (2 for each class), further analysis is needed to 
understand and address the factors contributing to missed 
detections. 

• True Negatives (TN): Correctly identifying non-fire 
scenarios (187 cases) highlights the model's ability to reduce 
unnecessary alerts. These findings align with prior studies, 
such as those by Wu et al. [6], Hsu et al. [2], and Gong et al. 
[8], emphasizing the importance of minimizing false 
positives and negatives in fire detection systems. The CNN-
based model demonstrates significant potential for fire 
detection, with high precision, recall, and F1- scores for both 
fire and non-fire classes. However, further refinements, 
particularly to enhance recall and F1- scores for the fire 
class, could improve the model's reliability. By addressing 
these areas, the model could become a valuable tool for fire 
monitoring and safety in real-world environments. 

6. CONCLUSIONS 

This research significantly advances the field of intelligent 
fire detection by addressing the limitations of prior studies. 
A key achievement is the development of a model that 
demonstrates high performance across diverse datasets 
while seamlessly integrating into a web-based application 
for real-time fire detection. Unlike previous studies, which 
primarily emphasized improving model accuracy without 
considering practical implementation, this study takes a 
comprehensive approach. For example, Zhang et al. [7] 
achieved notable accuracy in controlled environments but 
did not extend their work to create a deployable system. In 
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contrast, this research bridges the gap between theoretical 
development and practical usability by creating a user-
friendly interface for real-time fire detection in various 
indoor settings. This practical innovation ensures that the 
findings can be effectively applied, enhancing safety 
measures in both public and private spaces. The outcomes of 
this study lay a robust foundation for future advancements 
in fire monitoring and detection technologies.  
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