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Abstract. Fire detection is a critical component in ensuring the safety of smart
cities, where timely and accurate identification of fire incidents can prevent
widespread damage. In this context, this work provides a sustainable and updated
fire detection system for smart cities utilizing ResNet101V2 for feature
extraction and Gradient Boosting enhanced using the Sea-Horse Optimization
(Sea HO) method. With a precision of 0.96 and a recall of 0.95, it attained a better
accuracy of 95\% than often used models such CatBoost, XGBoost, and SVM.
Hyperparameter tuning was greatly aided by SeaHO, thereby improving the
performance and resilience of the model. With minimum false alarms and great
fire detection accuracy, the suggested method is perfect for real-time fire
detection and guarantees safety in metropolitan surroundings.

Keywords: FFire Detection, Sustainability, Smart Cities, ResNet101V2, Gradient
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1 Introduction

In smart cities, fire detection is very important as it immediately affects public safety,
infrastructure resilience, and emergency response capacity. The incorporation of
sophisticated fire detection systems is crucial to reduce risks related with fire threats as
urban environments becoming more complicated and densely inhabited.

Public safety is much enhanced by fire detection systems, especially those using
artificial intelligence (Al) and machine learning (ML). Deep learning-based systems
such YOLO (You Only Look Once) have showed promise in real-time smoke and fire
detection. By use of video feeds from security cameras, these systems may detect
possible fire breakouts at early stages, thus enabling quick intervention and so lowering
the possibility of catastrophic incidents [1], [2]. The use of such technologies not only
enhances the immediate reaction to fire events but also supports a more general strategy
of urban safety management, which is very essential in highly populated smart cities[3],

[4], [5], [6].
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To guarantee public safety, guarantee strong infrastructure, and increase emergency
response capacity, smart cities must therefore include advanced fire detection systems
into their design. Adoption of these technologies will be essential in protecting
communities from fire threats and guaranteeing a sustainable urban future as urban
surroundings keep changing.

In this context, the contribution of this paper lies in the sustainable modernization
of fire detection systems for smart cities. By utilizing ResNet101V2 for efficient
feature extraction and optimizing Gradient Boosting with the Sea-Horse Optimization
(SeaHO) algorithm, the proposed system enhances real-time fire detection accuracy
while reducing false alarms. This approach contributes to sustainable urban safety
infrastructure, offering an advanced solution that balances performance and resource
efficiency in diverse smart city environments.

The paper is organized as follows: The Introduction outlines the motivation,
problem statement, and contributions. Related Work reviews existing fire detection
techniques and identifies gaps. The Proposed Methodology explains the data
collection, ResNetl01V2-based feature extraction, Gradient Boosting for
classification, and Sea-Horse Optimization for hyperparameter tuning. The
Experimental Setup and Results section details the dataset, evaluation metrics, and
performance comparison with other models. Finally, the Conclusion and Future Work
summarizes key findings and suggests future research directions for expanding the
system to other smart city applications.

2 Related Work

Talaat et al.[7] propose a smart fire detection system (SFDS) based on the YOLOv8
algorithm, leveraging deep learning to improve real-time fire detection accuracy and
reduce false alarms.

Tan et al.[8] reviews medical image segmentation methods based on deep learning,
offering a comprehensive analysis of supervised, semi-supervised, and unsupervised
techniques. Nedjah et al. [9] utilizes template matching for target detection in images
through a co-design system, integrating a hardware coprocessor to accelerate the
computationally intensive normalized cross-correlation process. Gao et al.[10]
leverages steady-state visual evoked potentials (SSVEP) and the random image
structure evolution technique to investigate the neural mechanisms of selective
attention, particularly in recognizing serpentine forms. Almomani et al. [11] proposes
a hybrid approach for cyberbullying detection on social media, combining deep
learning models (e.g., InceptionV3, ResNet50, and VGG16) as feature extractors with
machine learning classifiers (e.g., Logistic Regression and SVM).

Sharma et al.[12] propose an early fire detection system integrating wireless sensor
networks, UAVs, and cloud computing to monitor environmental parameters and
detect fires. Yar et al.[13] propose a modified YOLOvSs model for fire detection,
improving on traditional deep learning approaches by addressing issues of high false
alarm rates, model size, and time complexity.

Avazovet al.[14] propose an improved YOLOv4-based fire detection system
designed to accurately detect even small sparks and raise alarms within 8 seconds of a
fire outbreak. El-Hosseini et al.[15] propose a power-aware loT-based fire detection
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model that uses multi-functional sensors in smart cities, with a sleep scheduling
approach to save sensor energy and minimize the number of active nodes. Khan et
al.[16] propose a deep learning model, FFireNet, which leverages the pre-trained
MobileNetV2 model for forest fire detection in smart city applications.

3 Proposed Work

The proposed fire detection system starts with data collecting from security cameras
placed in smart cities, where real-time photos or videos are recorded and kept in a
database (Figure 1). After processing this gathered visual data using the RexNet
101V2 model—which functions as the feature extraction component—key visual
clues suggestive of fire from the input photos are found. Following the extraction of
the salient features, they are input into a Gradient Boosting classifier tuned by the
Sea-Horse Optimization (SeaHO) technique. Tuning the Gradient Boosting model’s
hyperparameters to enhance performance and detection accuracy falls to Sea HO. For
smart cities, this mix of feature extraction, sophisticated classification, and
hyperparameter tuning guarantees a fast, high-accuracy fire detection system.
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Fig.1. Proposed Model
3.1 Data Collection
Let the set of collected surveillance images be:
D = {11, I,1,.. In} (1)

where each image | ; is represented as a 3D matrix of pixel values:
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3.2 Feature Extraction (RexNet101V2)

The feature extraction using RexNet101V2 for each image / ; is represented as:
= — *
FL' - fRexNet(Ii) - G(W Ii + b) )

where:

W are the convolutional weights,

b is the bias term,

* denotes the convolution operation,

o is the activation function (e.g., ReLU).

For the entire dataset, the feature extraction becomes:

F=f,  (D)={F,F,.,F} *)

3.3  Hyperparameter Optimization (Sea-Horse
Optimization)
The SeaHO algorithm seeks to minimize the loss function L(8) to find the optimal
hyperparameters 0 :

*

0 =arg mem L(6) 5)

The loss function L(0) (e.g., cross-entropy) for binary classification (fire/no-fire) is:
n A A
L(®)=— Y [yl,logyi + (1 - yi)log(l — yi)] (6)
i=1

where
Y, is the actual label (fire = 1, no fire = 0),

Y, is the predicted probability of the image being a fire.

34  Model Training (Gradient Boosting)

Gradient Boosting combines decision trees Tt in each iteration t to minimize residual

errors. The prediction at iteration ¢ is:
A(t) A(t—1) @
y, =V, + n-Tt(Fi)

i

where 1 is the learning rate and Tt(F z) is the prediction from the t-th decision tree.

The final prediction for an image / ; is:
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R T
= Znnfr) e

t=1 .
where T is the total number of trees.
35 Prediction

For new test data, the prediction Y, for a test image / . is:

}I/\i - fGB(fRexNet(Ii)) )

where fRexNet(I i) is the feature extraction process from RexNet101V2 and f et the

trained Gradient Boosting model.Results and Discussion

3.6  Dataset Represented

Images from Kaggle were gathered for this research from two main classes:
"NO_FIRE" and "FIRE." Scenes of indoor or outdoor environments devoid of any
evidence of flames or smoke fall under the "NO FIRE" class of photographs.
Conversely, the "FIRE" class includes photos of active fire—that is, both regulated
inside flames and more expansive outside fires. This binary classification lets the
model distinguish between safe surroundings and those impacted by fire, therefore
enabling the real-time fire detection in smart city infrastructure.

Figure 2 shows instances from both classes graphically. Images of a hotel room,
airport, and outdoor surroundings free of fire abound in the top row "NO_FIRE" class
samples. The bottom row has "FIRE" class examples, in which active flames are

readily seen in a variety of settings, including home fires and burning trash.

Class: NO_FIRE Class: NO_FIRE Class: NO_FIRE Class: NO_FIRE Class: NO_FIRE
] .

Class: FIRE Class: FIRE

Fig.2. Class Representation
3.7  Performance of Sea-Horse Optimization (SeaHO)

ResNet101V2 was used for feature extraction in this phase of our research because of
its established capacity to gather hierarchical and detailed visual characteristics from
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pictures, therefore making it especially fit for fire detection tasks. ResNet101V2 made
it possible to extract high-dimensional features from the dataset, which were later
trained a Gradient Boosting model from. Especially in classification problems like
separating "FIRE" from "NO_FIRE," gradient boosting is a potent ensemble learning
strategy that systematically improves weak learners to decrease mistakes, hence
providing good prediction performance. We tuned the hyperparameters of the
Gradient Boosting classifier using the Sea-Horse Optimization (SeaHO) method to
raise its performance even further. Inspired by the behavior of sea horses, particularly
aimed to balance exploration (mostly seeking the solution space) and exploitation
(refining the best solutions), SeaHO is a newly created metaheuristic. Finding the best
hyperparameters that would improve the generalization capacity of the model while
preventing overfitting depends on this balancing.
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Fig.3. Runtime Measurement for SeaHO

Figure 3 (Runtime Chart) Tracking the time spent on every iteration of SeaHO
throughout the optimization process, the runtime chart shows With an average run
over iterations of 243 seconds, the very constant runtime shows that the method
maintained computational efficiency all along. Practical applications where
optimization must be done under acceptable time constraints—especially in real-time
systems like fire detection in smart cities—demand this consistency.
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Fig.4. Diversity Measurement for SeaHO

Figure 4, the Diversity Measurement Chart, Diversity measurement captures the
exploring behavior of the algorithm. The relative high diversity early in the process
suggests that the method investigated a large range of hyperparameter space solutions.
Diversity reduces after multiple repetitions, indicating that the method moved toward
improving rather good results. Especially, consistent fluctuations in variety show that
the method prevented early convergence by restoring exploration, therefore
preventing local minima from catching it. Maximizing sophisticated models like
Gradient Boosting depends on this adaptive exploration-exploitation strategy.

The chart of exploration against exploitation (Figure 5) offers understanding of
how the SeaHO method strikes a compromise between its search approach. Since the
method explores a large spectrum of hyperparameter values, initially exploration
rules. The method moves toward exploitation as the iterations proceed, focusing on
improving the most likely areas of the solution space. This shift emphasizes SeaHO’s
dynamic adaptability, which helps it to converge toward optimum solutions and
prevent over-exploration, hence enhancing model accuracy and resilience.
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Fig.5. Exploration against Exploitation for SeaHO
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3.8  Performance of Gradient Boosting

We trained the Gradient Boosting model on the dataset and assessed its
performance after Sea-Horse Optimization (SeaHO) method hyperparameter
adjustment. We used a confusion matrix and a classification report to evaluate its
performance in separating fire from non-fire events as they provide all-encompassing
understanding of the classification accuracy of the model.
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Fig.6. Confusion Matrix
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Showed in Figure 6, the confusion matrix shows how well the model distinguishes
"FIRE" from "NO_FIRE" events. The matrix shows that the model distinguished 8
cases of "FIRE" as true positives (TP) and 11 cases of "NO_FIRE" as true negatives
(TN). One occasion, however, when the model misclassified a "NO_FIRE" picture as
"FIRE," produced a false positive (FP). Especially, the model produced no false
negative (FN) mistakes, thus all "FIRE" events were accurately classified as fire, a
crucial feature of fire detection systems where neglect to find a fire might have grave
consequences.

Presenting in Table 1, the classification report offers a more detailed analysis of the
performance measures of the model including F1-score for every class, accuracy, and
recall. The model attained a perfect accuracy of 1.00 for the "NO_FIRE" class,
therefore ensuring that it was always accurate when it projected "NO_FIRE." With a
recall for this class of 0.92, the model found 92% of the real "NO_FIRE" occurrences.
With an Fl-score of 0.96 this mix of accuracy and recall shows that the model is very
accurate in identifying non-fire situations.

Table 1.Classification Report.

Heading level Precision Recall F1-score
0 1.00 0.92 0.96
1 0.89 1.00 0.94
Accuracy 0.95
Macro vg 0.94 0.96 0.95

weighted avg 0.96 0.95 0.95
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With a somewhat lower accuracy of 0.89, the model showed for the "FIRE" class
that 89% of the "FIRE" forecasts were accurate. But the recall for this class was 1.00,
hence the model accurately found every fire occurrence without producing any false
negatives. In fire detection systems, this great recall is very vital as it guarantees that
no real fires get missed. With an Fl-score of 0.94, this class’s model clearly does
quite well overall in identifying fire events.

The confusion matrix and classification report both mirror the model’s general
accuracy of 95%. With a macro-averaged Fl-score of 0.95 the model shows
equivalent performance across both classes. with a similar vein, the weighted-average
Fl-score of 0.95 illustrates the resilience of the model even with somewhat skewed
data.

3.9  Comparative Analysis

We evaluated the performance of the suggested method by means of many generally
used machine learning models, including SVM, Logistic Regression, Random Forest,
AdaBoost, Extra Trees, K-Nearest Neighbors, Naive Bayes, LightGBM, XGBoost,
and Catboost. Among the assessment measures are computing time, accuracy,
precision, recall, F1-score. Across all measures, the suggested method—which makes
use of ResNet101V2 for feature extraction and Sea-Horse Optimization (SeaHO) for
tuning Gradient Boosting—perfaced rival models.

Model Comparison - Accuracy

Proposed Appraoch : ' e
Catboost : : :

XGBoost

LightGBM

Naive Bayes

K-Nearest Neighbors ‘ ]

Extra Trees
AdaBoost
Random Forest

Logistic Regression : : : ]

i i i i
0.0 0.2 0.4 0.6 0.8
Accuracy

Fig.7.Accuracy Comparison

As shown in Figure 7, the suggested method outperformed all other models,
including CatBoost (80%) and K-Nearest Neighbors (90%), attesting to the maximum
accuracy at 95%. Out of all the cases, accuracy shows the proportion of properly
categorized events, therefore proving the great efficiency of the suggested method in
separating "FIRE" from "NO_FIRE."
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Model Comparison - Precision
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Fig.8.Precision Comparison
Precision gauges the model’s capacity to accurately identify positive
predictions—that is, fire situations. The suggested method attained an accuracy of
0.96, more than CatBoost (0.87) and SVM (0.86), as Figure 8 shows. This suggests
that, in real-world applications, where false alarms must be avoided, the suggested
method reduces false positives better than the others, therefore increasing its
dependability.

Model Comparison - Recall
T T

Proposed Appraoch . ) ) I 3
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Fig.9.Recall Comparison
Recall: With a recall of 0.95, the recall comparison—shown in Figure 9—showcases
the capacity of the proposed strategy to identify real fire cases. Including K-Nearest
Neighbors (0.90) and CatBoost (0.80), this exceeded all other models. Fire detection
depends on high recall; hence the model must find almost all fire events without
excluding any important events.
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Figure 10 shows the Fl-score, which strikes a mix between recall and accuracy.
Once again surpassing all other models, the suggested strategy obtained an F1-score
of 0.95. Combining the capacity to prevent false positives with the capacity to
properly identify fires, this score shows the general efficacy of the model.

Model Comparison - F1 Score
T T
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Catboost T

XGBoost . ' '
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0.0 0.2 0.4 0.6 0.8
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Fig.10.F1-Score Comparison

ResNet101V2 for feature extraction and Gradient Boosting, improved using
SeaHO, is a very successful solution for fire detection in smart cities overall, as
shown by the suggested technique outperforming competing models across all
measures. It offers not only the finest balance between accuracy, recall, and F1-score
but also the best purity of accuracy. Furthermore, while the computational time was
more than certain models (like Logistic Regression or Random Forest), the better
performance in detection justified the trade-off in time for vital applications including
fire detection.

4 Conclusion

Using ResNet101V2 for feature extraction and Gradient Boosting improved using
the Sea-Horse Optimization (Sea HO) algorithm, this work offered a sustainable and
updated fire detection system for smart cities. Outstanding performance, with a 95%
accuracy, 0.96 precision, and 0.95 recall, the model exceeded other state-of- the-art
models like CatBoost, XGBoost, and SVM. Effective hyperparameter optimization by
the SeaHO method improved model accuracy and resilience.These findings imply that
the suggested method presents a dependable solution with few false alarms and is
quite efficient for real-time fire detection. This approach may greatly increase urban
safety and help smart cities to be proactive in fire control by combining cutting-edge
machine learning methods with sustainable smart city architecture.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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