
International Journal of Applied Mathematics  

Volume 39 No. 1s, 2026  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: Aug 12, 2025  1939 

MODELING THE SPREAD OF EMERGENCY ALERTS THROUGH SOCIAL AND 

SENSOR NETWORKS 

 

Vu Ngoc Kien1*, Le Nguyen Nam Khanh2 

1Academy of Military Science and Technology, Vietnam 

2British Vietnamese International School; 

Corresponding author: Vu Ngoc Kien 

Abstract 

Timely dissemination of emergency alerts is critical for minimizing risk and enabling 

coordinated responses in urban environments. However, existing systems suffer from delayed 

propagation, fragmented communication, and limited integration between human and sensor 

networks. To address these challenges, this research presents a hybrid modeling framework to 

analyze and optimize the spread of emergency information across integrated social and sensor 

networks. The system combines Internet of Things (IoT) sensors, mobile devices, and human 

communication channels within a unified graph-based architecture to capture real-world alert 

propagation dynamics. The dataset consists of simulated and real-world emergency scenarios, 

such as fire incidents, traffic accidents, and environmental hazards, derived from sensor 

streams and social media logs. Data preprocessing includes noise removal, feature 

normalization, missing value imputation, and temporal synchronization. To enhance prediction 

and dissemination efficiency, deep learning models are incorporated, including Bald Eagle 

Search Optimized Spatio-Temporal Long Short-Term Memory (BESO-ST-LSTM) networks 

for modeling network interactions and temporal pattern analysis using Python 3.11. The model 

evaluates key performance parameters, including alert latency, propagation coverage, node 

influence, and reliability. Experimental results show that the proposed method improves 

emergency alertsachievingaprediction accuracy of 0.983%, a Loss of 0.052%, a Precision of 

0.953%, a Recall of 0.54%, and an F1-Score of 0.954. Furthermore, adaptive routing and 

priority-based alerting enhance system robustness and scalability. The findings demonstrate 

that integrating deep learning with hybrid social-sensor networks enables faster, more reliable 

emergency communication, supporting the development of intelligent and resilient smart city 

infrastructures.  

Keywords: Emergency Alert Systems, Internet of Things (IoT), Deep Learning, Real-Time 

Communication, Alert Dissemination 

1. Introduction 

The concepts of globalization and urbanization go hand-in-hand impacting modern-day urban 

management. Natural calamities, environmental impacts, and economic fluctuations make 

urban management a challenging affair [1]. Fire poses one of the most vital urban risks, 

temperature and safety [2]. Advanced sensing technology helps homeowners or municipal 

authorities prepare adequately, but the existing infrastructure does not always ensure that 

emergency services such as fire brigades and police arrive at the scene in time [3, 4]. The 
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collection of crucial information through the placement of sensors at critical points is 

imperative for effective resource management and reducing the damage caused by fires [5]. 

While cities may receive rapid assistance, rural areas and highways often face delayed 

response, causing casualties. Fires threaten both the economy and the environment, and 

existing fire alarms are inadequate in modern times [6, 7].  

The Internet of Things(IoT)offers significant benefits for fire protection and emergency 

management through enhanced building adaptability and responsiveness. IoT-enabled fire 

detection systems can quickly identify hazards, alert authorities, and minimize property and 

life losses [8, 9]. The system benefits the visually impaired through prompt notifications and 

guidance during indoor emergencies. Structural integrity monitoring,and toxic gas detection of 

fires is key strengths of the IoT system [10]. Fire-fighting capabilities include servo-controlled 

gunning, water spraying, andShort Message Service (SMS)notification services, which can be 

activated without the occupant's awareness of imminent danger [11]. Improving alarm devices 

helps boost chances of survival, particularly in small environments where every second counts. 

In addition to effective evacuation, proper use of emergency signs is crucial in helping people 

interpret them, as factors such as size, placement, and shape matter in interpreting messages on 

such signs [12, 13]. Appropriate signage and directional guides help in ensuring that proper 

meaning is derived from them and evacuation carried out properly. IoT-based firefighting 

systems are therefore necessary in today’s urban environment [14, 15]. 

1.1 Research Aim:In this research, aBESO-ST-LSTM model based on graph-based modeling 

is created to optimize the process of the spread of emergency alerts in smart cities through 

social-sensor network integration in case of fire emergency situations. These proposed models 

minimizing alert delay time, expand the spread coverage, enhance node influences, and ensure 

the system’s reliability. 

1.2 Research Organization: Section 1 provides the background of the research. Section 2 

focuses on reviewing existing research. Section 3 discusses the methodology of data collection, 

preprocessing, and future extraction, as well as the proposed model. Section 4 includes results 

obtained from experimental analysis. Section 5 shows the conclusion with the performance, 

limitations, and future work. 

2. Related Work 

The use of Raspberry Pi 3 B+ for autonomous fire detection with sensors for measuring smoke 

and fire was discussed in [16]. To enhance the precision of fire accident detection, Machine 

Learning (ML) algorithms like Random Forest (RF) classification and prediction of fire is 

implemented. The precision of Logistic regression is measured to be 0.9446. There is no way 

of detecting minor fire accidents, and there are huge variations in the infrastructure of the 

environment.An intelligent IoT service based on human action recognition for alert 

management in emergencies using Convolutional Neural Networks (CNNs) was investigated 

[17]. To prove the effectiveness of the emergency Alert model, it is necessary to show its high 

level of accuracy. This can be done through a dataset of emergency images with crowds only, 

andnot others.Early fire detection techniques using a fire disaster monitoring system with 

advanced technologies were analyzed in [18]. The system utilizes the You Only Look Once 
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version 5 (YOLOv5) algorithms to detect accidents and provide emergency alarms in real time. 

As a result, the accuracy is 80%, and the dataset limitations, false alarms in smoky 

environments, and environmental interferences.Historical fire alarm data and spatial–temporal 

dependencies in urban areas were analyzed using advanced fire alarm systems [19]. The 

available method, Graph Neural Networks (GNNs) is considered one of the most effective 

methods for modeling and analyzing dependencies. This proves thattheresultworks with 

accurate predictions with anaccuracy of 80%. There are some limitations when modeling the 

dynamics of risk spreading within urban areas.TheSpatiotemporal Sequence of fire detection 

in urban environments for avoiding fire accidents using Dynamic Edge-Adjusted Graph 

Attention Networks (DeaGAT) was analyzed [20] by integrating the Graph Attention Networks 

(GAT), which dynamically updates the detection of fire and emergency alerts to people. The 

result shows the accuracy of 88.64% fire detection,andrestricted research in safety-critical 

applications such predicting fire alarms. 

An IoT-based system with an intelligent security model for instant accident detection was 

developed in this research [21]. With the help of Elliptic Curve Integrated Encryption (ECIE) 

and transmitted via Message Queuing Telemetry Transport (MQTT) to initiate the emergency 

signal. The secure IoT accident detection system produced an efficient, encrypted report. IoT 

devices tend to be compact in design with less processing power, and energy supply.Various 

sensors that can be utilized for developing smart Roads (SR) to detect accidents in an urban 

environment were investigated [22]. The Accident Alert Light and Sound (AALS) system can 

be employed to detect fire accidents and to alert drivers to all kinds of accidents. Detection of 

accidents using the system leads to alerts on fire, and enhances emergency services' efficiency. 

One major drawback of this system is the energy consumption of the sensors. Fire detection 

based on vision technology with a notification system using Deep Learning (DL) algorithms 

was explored [23] by employing the enhanced YOLOv4 algorithm with a Convolutional Block 

Attention module for fire detection and notification of blind individuals. The findings achieved 

an accuracy rate of 72.8% for fire detection, but the capabilities in wearable technology are 

limited compared to an advanced AI server. The application of AIoT technology to improve 

the safety of modern transportation systems was included [24] in the Drowsiness Detection 

Module (DDM) to identify accidents, and the emergency alert system. The AIoT system was 

able to prevent 92% of accidents from occurring, and detected the level of alcohol in the driver 

and limited the speed of the car. Fire detection methods that incorporate the usage of Wireless 

Sensor Networks (WSN) that can detect the presence of fire and provide an alerting method to 

prevent human death and propertieslosswere investigated [25]. This method involves the use 

of ZigBee to send alerts,and the WSN to detect fire incidents. The result shows the fire 

detection method is quite accurate in aIoT infrastructure using language software with the Fire 

Dynamics Simulator, but energy consumption is within limits. Improvement in fire safety 

through instant image analysis for detecting fire incidents to decrease fire accidents was 

discussed [26], by making use of the ESP8266 microcontroller, which works as an interface 

between the camera and the image analysis techniques for detecting fire. This system uses the 

latest image analysis,and intelligent hardware design to provide efficient fire detection. Heat 

sensors, on the other hand, lack accuracy and promptness.  
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A fuzzy logic system using IoT for early prediction of fire accident outbreaks in urban 

environments for enhancing fire safety was investigated [27]. With the help of the fuzzy logic 

technique, the six input parameters were temperature, humidity, flames, and Carbon Dioxide 

(CO) with an accuracy of 95.83%. Restrictions include environment parameters and 

sensors.Research about an IoT-enabled and embedded system-based fire detector and anti-fire 

security system that minimizing fire accidents wasconducted [28]. It can be done by using an 

embedded system like a Raspberry Pi, together with fire sensors, which can detect the level of 

smoke and fire within the surroundings. The proposed system works effectively and efficiently 

in detecting fires and anti-fires to promote food security and sustainability in agriculture.Fire 

detection using an IoT based solution that can detect fires, identify the burning substance, select 

the proper fire extinguishing type, and send instant notifications to the user was investigated 

[29]. Utilize thermal and Red Green Blue (RGB) cameras for detecting the fire and identifying 

the burning substance through deep learning, sending the alerts using Wi-Fi to the smartphone. 

Prototype creation was successful, including fire detection and fire extinguisher categorization. 

This process relies on the camera’s accuracy.An ML technique for predicting fires through 

multi-sensor information on the Internet of Things in buildings with the objective of reducing 

fire hazards was investigated [30]. TheSupport Vector Classifier (SVC) is applied to enhance 

the accuracy and robustness of predictions of different fire events. The findings reveal that the 

method achieves higher classification accuracy 90.69%,than existing methods, but still in 

different fire events. 

TheUse of IoT in aFire Emergency Response System as a helpful technology that can be used 

in minimizing the risks of fire hazards was analyzed [31]. Utilization of smoke sensing-sensors 

(MQ-5), as well as using only one GPS sensor for determining any fire hazard and notifying 

the nearby emergency rescue units such as firefighters and police through the cloud service, is 

adopted. This technology isshownto have high accuracy up to 95% because the devices work 

efficiently; however, it encounters difficulties with low internet connectivity.Comparative 

research on YOLO-Based Object Detectors for fire accidents avoidance was studied [32], 

where YOLOv5-v10 is used for fire accident prediction and notification. Based on the findings, 

the newly developed YOLO10 achieved the highest performance with 89% accuracy. In the 

case of smoke detectors, recognizing various types of smoke (pollution, cigarette, and fire) is 

minimal. A geographic artificial intelligence framework designed to categorize fire confidence 

levels and alert people to avoid accidents was explored [33] by integrating Tree-Boosting 

algorithms and Large Language Model (LLM)transformers for fire prediction. The result 

shows that a FlameGuard smart map interface achieves high accuracy of fire risks, and levels 

of thermal anomalies. The limited on-the-ground surveillance and inefficient satellite feedback 

loops for fire detection.The fire alarm system with classification of multilevel accidents by 

smoke, apartment fires, and forest fires in smart cities was studied [34]. By applying aDensely 

Connected Convolutional Network with 201 layers (DenseNet201), which was designed 

specifically for detecting fire and informing people to reduce the accident rate, the results were 

obtained with an accuracy of 97%, in addition to good precision and recall. However, the 

limitations are based only on certain types of fires, like flames and smoke. 
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Research Gap:The existing approaches for using Raspberry Pi with RF/logistic regression 

[16] are unable to detect small-scale fires, the YOLOv5 IoT model approach [18] faces issues 

of false alarms and accuracy, and the DeaGAT method [20] achieves average accuracy 

performance but cannot be used for any critical applications due to safety concerns. The ECIE-

MQTT IoT framework-based approaches [21] consist with limited resource to detect fire and 

limited energy to alert, and the wearable YOLOv4-based approach [23] show poor accuracy 

performance and scalability issues. To overcome these limitations, this research proposed the 

BESO-ST-LSTM model IoT fire detection and emergency alert system improves accuracy, 

reduces false alarms, and enables instant edge deployment efficiency. 

3. Methodology 

Figure 1 presents the methodology to model the fire emergency alert system in relation to fire 

detection and propagation in smart city infrastructure using the hybrid method of the IoT-sensor 

network model. Image pre-processing uses the Bilateral Filter algorithm to reduce noise, while 

emergency alert datasetCSV file pre-processing involves Min-Max Scaling. LBP is used for 

the extraction of features from images, while ICA is used for feature extraction from CSV data. 

The proposed BESO-ST-LSTM model makes use of graph-based learning for temporal 

learning and effective fire alert dissemination. 

 

Figure 1: Methodology Workflow of IoT-Enabled Smart Cities for Anomaly Detection 

3.1 Data Collection 

Data gathering for the research uses a combination of datasets aimed at fire detection in smart 

cities' infrastructure for emergency alert propagation research. This dataset consists of CCTV-

based fire and smoke detection images, and an artificial emergency alert dataset from Kaggle 

(https://www.kaggle.com/datasets/programmer3/socialsensor-emergency-alert-propagation-

dataset/data). There are 240 images, 239 annotations using YOLO, one YAML file, and one 

CSV file with 1500 rows, and31 attributes. 80% of the data is allocated for training, while the 

https://www.kaggle.com/datasets/programmer3/socialsensor-emergency-alert-propagation-dataset/data
https://www.kaggle.com/datasets/programmer3/socialsensor-emergency-alert-propagation-dataset/data
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remaining 20% serves as test data for robust model evaluation and generalization performance 

in smart city infrastructures. 

3.2 Data Preprocessing 

The process of preprocessing data is concerned with cleaning up and changing data to optimize 

model results. Preprocessing techniques include the Min-Max Normalization for scaling, and 

the Bilateral Filtering to remove image noise without blurring edges. 

Feature Normalization using Min-Max Technique for data scale consistency: In the smart 

city fire detection model that utilizes CCTV cameras, normalization takes place through the 

application of Min-Max Normalization. This type of normalization is applied to guarantee the 

consistency of the features produced by the various sensors or cameras used during the analysis 

of the input data. This is achieved by rescaling the raw features to ensure consistency of their 

values. This technique is very effective in dealing with problems related to varying 

illumination, noise, and inconsistency of sensors while producing input data for analysis, 

asexpressed in Equation (1). 

𝑊𝑛𝑒𝑤 =
(𝑊−𝑊𝑚𝑖𝑛)

𝑊𝑚𝑎𝑥−𝑊𝑚𝑖𝑛
         (1) 

Where, 𝑊𝑛𝑒𝑤 denotes the normalized feature value of fire detection in CCTVs, 𝑊 represents 

the original feature of IoT sensors, and 𝑊𝑚𝑖𝑛𝑎𝑛𝑑𝑊𝑚𝑎𝑥 represent the minimum and maximum 

values, respectively, used to normalize data for effective fire detection and alerts. 

Noise Removal using Bilateral Filter for Image Quality: The noise reduction method 

utilized in the data collected with smart city technology for detecting fire is through bilateral 

filtering, which improves the image obtained from the cameras as well as ensures that proper 

modeling is done for emergencies in the social sensing networks. Bilateral filtering is a type of 

filter that assists in preserving the edge in an image while reducing the noise and thelinear 

Gaussian filtering is represented by Equation (2). 

𝑘𝑙(𝑤) = (𝑒 ∗ 𝐾𝐻𝑡) (𝑤)         (2) 

Where,𝑘𝑙(𝑤) represents the processed image of CCTV fire monitoring, 𝑒 stands for the image 

produced by the IoT sensors, while 𝐾𝐻𝑡 is the Gaussian filter for noise removal which is 

mathematically expressed in Equation (3). 

𝑘𝑙(𝑤) =  ∫ 𝑒(𝑧) ∗ 𝐾𝐻𝑡 (𝑤 − 𝑧)  ∗ 𝑥𝑠𝑐𝑧       (3) 

∫ 𝑒(𝑧) is the intensity of a neighboring pixel, 𝐾𝐻𝑡 (𝑤 − 𝑧) is the spatial proximity weight, 

and 𝑥𝑠𝑐𝑧 is the similarity in intensity required for edge preservation while detecting fires. 

Figure 2 presentsa noise removal of the (a) Original imageand (b) Output of Bilateral Filter 

Image. 
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Figure 2: The noise removal of the (a) Original image, and (b) Output of Bilateral Filter 

image 

3.4 Feature Extraction  

The process of transforming data into useful forms is known as feature extraction for learning 

models, and the LBP extracts the feature of images based on the distribution of pixel intensities. 

The ICA decomposes multivariate data into independent components. 

Local Binary Pattern (LBP) for Texture Extraction: The development of the infrastructure 

for the intelligent city system in terms of fire detection through camera surveillance can be 

done using the LBP algorithm as an effective method for extracting texture features from the 

fire or smoke zones. This method improves the image structure by comparing the center pixel 

with the neighbor pixels in the image, and is mathematically expressed in Equation (4). 

𝑡(𝑦) = |1, 𝑖𝑓𝑄𝑥 > 𝑄 0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒         

 (4) 

States the formula for the threshold function for the LBP, where 𝑡(𝑦)the thresholding function 

that gives binary values to the CCTV images for fire detection. The comparison of 𝑄𝑥 > 𝑄 

indicates that the neighboring pixel intensity 𝑄𝑥 is greater than the center pixel intensity 𝑄, 

which helps the CCTV-based IoT fire detection system identify texture variations such as 

flames or smoke patterns for emergency alert generation, as expressed in Equation (5). 

𝐿𝐵𝑃 = ∑ 𝑦 ∈ 1,8𝑡(𝑥). 2𝑦−1        (5) 

Where,𝐿𝐵𝑃 is the feature descriptor, 𝑡(𝑥) is the output binary result of neighbor pixel values, 

and 2𝑦−1 denotes the position weights that allow precise classification of fire and smoke using 

CCTV in IoT emergency detection devices. 𝛴𝑦 ∈ 1,8 represents the 8 neighboring pixels 

surrounding the center pixel in the IoT surveillance frame. Figure 3 presents texture extraction 

of the (a) LBP Feature Map, (b) LBP Overlay on Original Image, and (c) LBP Histogram 

Features. 

 

Figure 3:Texture Extraction of the (a) LBP Feature Map, (b) LBP Overlay on Original 

Image, and (c) LBP Histogram Features 
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Independent Component Analysis (ICA) for Fire Classification: Emergency detection and 

fire communications in the intelligent city equipped with CCTV cameras are achieved using 

the ICA technique to identify independent components within the compound signal generated 

by the camera. This is because, owing to the emergence of compound fires, smoke, and light 

intensity changes with others, the compound signals form, whichismathematically represented 

in Equation (6). 

𝑤(𝑠)  =  𝐴𝑠(𝑠)          (6) 

The ICA mixing signal is expressed as 𝑤(𝑠), which is the mixture of the observed CCTV/IoT 

sensor signal. 𝐴𝑠 refers to the mixing matrix, while 𝑠 represents the independent source signals, 

including smoke, flame, illumination, and background activity.The estimated source is 

expressed in Equation (7). 

𝑡̂(𝑠)  =  𝐺𝑤(𝑠)          (7) 

Calculates the source signal from the fire-related source independently, where 𝑡̂(𝑠) represents 

the recovered source signal, 𝐺 represents the separation matrix, and 𝑤(𝑠) denotes the sensor 

signal that helps in separating the smoke and fire signal patterns. 

3.6 Smart City InfrastructureFire Detection using the Bald Eagle Search Optimized 

Spatio-Temporal Long Short-Term Memory (BESO-ST-LSTM) Network  

The proposed smart fire detection system leverages the use of CCTV and IoT sensors in the 

smart city using the BESO-ST-LSTM method to enhance alerting efficiency. The IoT sensors 

continuously keep track of the environmental state regarding temperature, smoke, and 

movement. Also, the images captured by the CCTV help in monitoring the environmental state 

alongside the IoT sensors to identify any fires. BESO helps in optimizing the performance of 

ST-LSTM through finding the best hyperparameters. 

3.6.1 Spatio-Temporal Long Short-Term Memory (ST-LSTM) method for Fire Detection 

in Smart City Infrastructures 

The ST-LSTM method for hybrid models is specially designed to detect fires and provide 

alarms in smart cities using sensor input along with social media input. The input coming from 

sensors for detecting fires, the input coming from the mobile device for reporting, and social 

media input all work as multidimensional data consisting of spatial as well as temporal data. 

From the perspective of time intervals, the vectors to be constructed have components not just 

of spatial and temporal nature but also of fire location. 

Spatiotemporal Input Representation:In smart city infrastructures, Spatio-Temporal (ST) 

modeling for fire detection focuses on capturing dynamic interactions between IoT sensor 

readings, mobile reports, and social communication signals to enable early emergency alert 

generation. This procedure is expressed in Equation (8). 

𝐿𝑒𝑡𝑞 ∈  {1, . . . , 𝑀}         (8)  
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Defines the indexing variable 𝑞, whereby ∈  {1, . . . , 𝑀} refers to a particular location or sensor 

point of the 𝑀 IoT-enabled CCTV surveillance areas used for the purpose of detecting fires. A 

multivariate fire-related observation vector is expressed in Equation (9). 

𝑤𝑜,𝑠  = 𝑧𝑜,𝑠
(1)

 , 𝑧𝑜,𝑠
(2)

 , . . . , 𝑧𝑜,𝑠
(𝐿)

∈ 𝑄𝐿        (9)

   

𝑤𝑜,𝑠 represents the multivariate observation vector, where each 𝑧𝑜,𝑠
(1)

 (1), 𝑧𝑜,𝑠
(2)

 , . . . , 𝑧𝑜,𝑠
(𝐿)

∈ 𝑄𝐿 

corresponds to various fire-related sensors or vision observations (e.g., smoke, flames, light 

variation) to 𝐿 dimensions in IoT-assisted fire detection using CCTV cameras. The ST input 

sequence is expressed in Equation (10). 

𝑤𝑜,𝑠  =  𝑧𝑜,𝑠−1, . . . , 𝑧𝑜,𝑠−1, 𝑒𝑜,𝑠        (10) 

The spatiotemporal input sequence, whereby 𝑤𝑜,𝑠 integrates previous observations 𝑧𝑜,𝑠−1 and 

current fire event data 𝑒𝑜,𝑠 obtained from IoT sensors and CCTV cameras to understand 

changing fire dynamics. Each region is expressed in Equation (11). 

𝑓𝑜 ∈ 𝑄𝑐 Using 𝑒𝑝  =  𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 (𝑝)      

 (11)   

The region embedding, where 𝑓𝑜 is the encoded spatial representation of region 𝑜, and 𝑒𝑝 is the 

embedding function mapping each smart city location 𝑝 into a feature space for smart city fire-

risk modeling.The concatenation of the embedded region is expressed in Equation (12). 

𝑤𝑜,𝑠̃  = [𝑤𝑜,𝑠, ; 𝑓𝑜]         

 (12)   

The concatenated spatiotemporal input, with representing 𝑤𝑜,𝑠̃ , which involves combining raw 

sensor/camera data 𝑤𝑜,𝑠 along with the regional embedding 𝑓𝑜 to enhance fire detection 

precision and emergency alerts within IoT smart city networks. This formulation enables ST 

models to learn nonlinear propagation of fire alerts and improve early detection, response 

coordination, and system-wide resilience in smart city environments. 

Long Short-Term Memory (LSTM): LSTM models are employed in the intelligent city 

modeling method for predicting fire dynamics and generating emergency alerts through 

different data collected from IoT sensors and communication networks between social and 

sensor nodes. It helps in predicting fire incidents and ensuring proper alert dissemination. At 

any point in time s, LSTM computes the feature vector 𝑤𝑠̃ of fire sensor input and 

communication network observations as per Equation (13). 

𝑗𝑠 = 𝜎(𝑥𝑗𝑤𝑠̃ +  𝑣𝑗𝑔𝑠−1 + 𝑎𝑗)        (13) 

  

The LSTM input gate 𝑗𝑠, where 𝑤𝑠̃ is the CCTV–IoT fire feature vector, 𝑔𝑠−1 is the previous 

hidden fire state, and 𝑥𝑗 , 𝑣𝑗 , 𝑎𝑗 control how much new fire-related information is allowed into 

the cell state. 𝜎 refers to the amount of information (fire/smoke features) to be retained or 

passed for emergency alert generation. This procedure is expressed in Equation (14). 
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𝑒𝑠 = 𝜎(𝑥𝑒𝑤𝑠̃ +  𝑣𝑒𝑔𝑠−1 +  𝑎𝑒)       

 (14) 

The forget gate 𝑒𝑠, where 𝑥𝑒 , 𝑣𝑒 , 𝑎𝑒 determine how much past fire-risk information is retained 

or discarded, and the output gate is expressed in Equation (15). 

𝑝𝑠 = 𝜎(𝑥𝑝𝑤𝑠̃ +  𝑣𝑝𝑔𝑠−1 +  𝑎𝑝)       

 (15) 

The output gate 𝑝𝑠, where 𝑤𝑠̃ and 𝑔𝑠−1 regulate how much processed fire-detection information 

is passed to the next stage for emergency alert prediction. 𝑥𝑝, 𝑣𝑝, 𝑎𝑛𝑑𝑎𝑝control how much new 

fire-related information is allowed into the output state and the candidate state expressed in 

Equation (16). 

𝑑𝑠̃ = 𝑡𝑎𝑛ℎ(𝑥𝑑𝑤𝑠̃ +  𝑣𝑑𝑔𝑠−1 +  𝑎𝑑)       (16) 

Computes the candidate fire cell state 𝑑𝑠̃, where IoT-CCTV input 𝑤𝑠̃ and previous hidden state 

𝑔𝑠−1 generate new fire-risk features using a nonlinear activation for dynamic event modeling. 

𝑥𝑑 , 𝑣𝑑 , 𝑎𝑑 control how much new fire-related information is allowed into the candidate state 

for fire events or smoke detection.Cell of the Fire state update is expressed in Equation (17). 

𝑑𝑠  =  𝑒𝑠 ⊙ 𝑑𝑠 − 1 + 𝑗𝑠 ⊙ (𝑤𝑠)̃       

 (17) 

Updates the LSTM cell state 𝑑𝑠, where the forget gate 𝑒𝑠 retains past fire information and the 

input gate 𝑗𝑠 adds new CCTV-IoT fire evidence for evolving threat tracking. ⊙is the Hadamard 

product for fire information, and the hidden state of fire detection is expressed in Equation (18). 

ℎ𝑠  =  𝑝𝑠 ⊙ 𝑡𝑎𝑛ℎ(𝑑𝑠)         (18) 

Computes the hidden state ℎ𝑠, where the output gate 𝑝𝑠 controls the filtered fire-risk 

representation derived from the updated cell state 𝑡𝑎𝑛ℎ (𝑑𝑠) for instant emergency alert 

generation in smart city surveillance systems. For fire detection purposes, the LSTM model 

efficiently captures the process of gradual increase in the threat, the occurrence of an ignition 

event, and the late arrival of social signals to enable proper emergency alerts. 

Hyperparameter Tuning withBald Eagle Search Optimization (BESO): For the suggested 

model for detection and alerting of fire emergencies in the smart city using CCTV cameras and 

IoT sensor networks, BESO is used for hyperparameter optimization for the BESO-ST-LSTM 

model. This technique emulates the hunting mechanism of the bald eagle. In this case, the 

hunting prey represents possible values for hyperparameters associated with the spatio-

temporal learning process for hybrid IoT-sensor networks. During the selection phase, the 

optimum values are updated. This procedure is expressed in Equation (19). 

Selection Phase:Modification of the fire risk candidate solution 𝑜𝑛𝑒𝑤,𝑚 position during 

hyperparameter optimization uses the BESO algorithm with 𝑜𝑏 being the best position, 𝛼 being 

the step size, 𝑟𝑎𝑛𝑑 being a random fire detection factor, 𝑜𝑛 being the current fire detection 

candidate position, and 𝑜𝑚 being the previous fire detection candidate solution. The procedure 

is expressed in Equation (20). 
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𝑜𝑛𝑒𝑤,𝑚 = 𝑜𝑏 + 𝛼 × 𝑟𝑎𝑛𝑑 × (𝑜𝑛 − 𝑜𝑚)      

 (19) 

𝑜𝑛𝑒𝑤,𝑚  =  𝑜𝑚 + 𝑧(𝑚) × (𝑜𝑛 − 𝑜𝑚) + 𝑤(𝑚) × (𝑚)(𝑜𝑛 − 𝑜𝑚)    

 (20) 

In the search process of BESO, 𝑜𝑛𝑒𝑤,𝑚 refers to the new fire detection location, 𝑜𝑚 refers to 

the old fire detection location, 𝑜𝑛 refers to the present fire detection location, 𝑧(𝑚) and 𝑤(𝑚) 

refer to the weighting factor, and (𝑚)(𝑜𝑛 − 𝑜𝑚) controls the searching fire direction alert is 

expressed in Equation (21). 

𝑤(𝑚) =  
𝑑𝑡(𝑚) 

𝑚𝑎𝑥(|𝑑𝑡|)
         

 (21)  

Normalizes the weight fire risk actor 𝑤(𝑚) for the search phase by dividing 𝑚𝑎𝑥 (|𝑑𝑡(𝑚)|)  

by the maximum absolute value of 𝑑𝑡(𝑚), where 𝑑𝑡(𝑚) represents the computed fire detection 

alert parameter value. The fire detection alert search phase for optimization is expressed in 

Equation (20). 

Search Phase:the appropriate range for candidate solutions in fire detection model 

optimization. This procedure is expressed in Equation (23). 

𝑧(𝑚) =  
𝑑𝑡(𝑚) 

𝑚𝑎𝑥(|𝑑𝑡|)
         

 (22) 

Normalizes the scaling factor 𝑧(𝑚) for the search fire detection alert phase in a similar manner 

to 𝑤(𝑚), ensuring  

𝑑𝑡(𝑚) = 𝑐(𝑚) × 𝑠𝑖𝑛(𝜃(𝑚)), 𝑐𝑑(𝑚) = 𝑐(𝑚) × 𝑐𝑜𝑠(𝜃(𝑚))    

 (23) 

Calculates the fire risk parameter 𝑑𝑡(𝑚) and 𝑐𝑑(𝑚) for candidate fire detection solutions, 

where 𝑐(𝑚) is a fire detection alert constant, and 𝑠𝑖𝑛 𝑠𝑖𝑛 𝑎𝑛𝑑𝑐𝑜𝑠 (𝜃(𝑚)) are the angle 

function determining the search direction for fire detection model parameters. This procedure 

is mathematically expressed in Equation (24). 

𝜃(𝑚) = 𝑎 × 𝜋 × 𝑞, 𝑐(𝑚) = 𝜃(𝑚) + 𝑄 × 𝑞      

 (24) 

The angle 𝜃(𝑚) is based on a scaling fire factor 𝑎, the fire detection alert constant 𝜋, and 𝑞, 

which influences the direction of the fire, and the 𝑄 search for the fire optimal hyperparameters, 

while 𝑐(𝑚) adjusts the solution space in fire detection model optimization.The swooping stage 

is expressed in Equation (26). 

Swooping Stage: 

𝑜𝑛𝑒𝑤,𝑚 = 𝑟𝑎𝑛𝑑 × 𝑜𝑎 + 𝑤1(𝑚) × (𝑜𝑚 − 𝑙1 × 𝑜𝑛) + 𝑧1(𝑚)(𝑜𝑚 − 𝑙2 × 𝑜𝑎),  

 (25) 
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The swooping stage of the BESO, where 𝑜𝑛𝑒𝑤,𝑚 is the new candidate fire detection alert 

position, 𝑜𝑎 is the random fire value, and 𝑤1(𝑚), 𝑧1(𝑚) are normalized weight fire risk factors, 

adjusting the solution direction based on the candidate's position and previous state for fire 

detection. This procedure is expressed in Equation (26). 

𝑤1(𝑚) =  
𝑑𝑡(𝑚)

 𝑚𝑎𝑥(|𝑑𝑡(𝑚)|)
        

 (26)  

Maximize the fire weights by using 𝑚𝑎𝑥 (|𝑑𝑡(𝑚)|) during the swooping fire detection alarm 

stage. To ensure that all weight fire risk factors lie within a predetermined limit during the 

optimization of hyperparameters for the fire detection systems. This procedure is expressed in 

Equation (27). 

𝑧1(𝑚) =  
𝑑𝑡(𝑚)

 𝑚𝑎𝑥(|𝑑𝑡(𝑚)|)
        

 (27) 

Maximize the scaling risk fire factor 𝑧1(𝑚) in the swooping fire detection alarm stage phase, 

similarly to 𝑤1(𝑚), for effective adjustment of candidate solutions in the fire detection model 

with optimization. This procedure is expressed in Equation (28). 

𝑑𝑡(𝑚) = 𝑐(𝑚) × 𝑠𝑖𝑛ℎ(𝜃(𝑚))       

 (28) 

Computes the new 𝑑𝑡(𝑚) value in the swooping fire detection alert phase by applying the 

hyperbolic sine function to 𝑠𝑖𝑛ℎ(𝜃(𝑚)), ensuring that the fire direction of the search space 

𝑐(𝑚) is adjusted in accordance with the fire detection model's requirements. This procedure is 

mathematically expressed in Equation (29). 

𝑐𝑑(𝑚) = 𝑐(𝑚) × 𝑐𝑜𝑠ℎ(𝜃(𝑚))       

 (29) 

Calculates the 𝑐𝑑(𝑚) value in the swooping fire detection alert phase by applying the 

hyperbolic cosine function to 𝑐𝑜𝑠ℎ(𝜃(𝑚)), helping to guide the candidate fire alert solutions 

in the optimization process. This procedure is expressed in Equation (30). 

𝜃(𝑚) = 𝑎 × 𝜋 × 𝑞, 𝑐(𝑚) = 𝜃(𝑚)       

 (30) 

Recalculates 𝜃(𝑚) and 𝑐(𝑚) in the swooping stage, where 𝑎 and 𝑞 influence the fire direction 

and range of the candidate fire solution in the hyperparameter optimization process for fire 

detection alert. Algorithm 1 shows the BESO-ST-LSTM for fire detection with emergency alert 

in smart city infrastructures. 

Algorithm 1: BESO-ST-LSTM 

# Initialize parameters 

o_b = best_solution  # Best solution found so far 

α = step_size        # Step size for movement 
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rand = random_factor # Random factor for exploration 

o_m = current_position # Current position in search space 

# Search phase 

for m in range(1, M): 

    # Calculate new fire detection location 

    o_new = o_m + z(m) * (o_n - o_m) + w(m) * (m) * (o_n - o_m) 

        # Normalization of weight and scaling factors 

    w(m) = normalize(dt(m), max(dt)) 

    z(m) = normalize(dt(m), max(dt)) 

        # Update fire detection alert parameters 

    dt(m) = c(m) * sin(theta(m)) 

    cd(m) = c(m) * cos(theta(m)) 

        # Swooping phase (refining solution) 

    o_new_m = rand * o_a + w1(m) * (o_m - l1 * o_n) + z1(m) * (o_m - l2 * o_a) 

        # Normalize swooping factors 

    w1(m) = normalize(dt(m), max(dt(m))) 

    z1(m) = normalize(dt(m), max(dt(m))) 

        # Update candidate solutions using hyperbolic functions 

    dt(m) = c(m) * sinh(theta(m)) 

    cd(m) = c(m) * cosh(theta(m)) 

        # Recalculate angle and adjust the search space 

    theta(m) = a * pi * q 

    c(m) = theta(m) 

# Output final optimized solution 

optimized_solution = o_new_m 

Hyperparameters of proposed BESO-ST-LSTM:Table 1 presents the BESO-ST-LSTM 

model proposed for detecting fires and distributing emergency alerts through smart city CCTV 

infrastructure, which is fine-tuned using optimal hyperparameters to guarantee high prediction 

accuracy and effective distribution. 
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Table 1: Hyperparameter of proposed BESO-ST-LSTM method for fire emergency 

alert in smart city infrastructure 

Category Hyperparameter 
Symbo

l 

Range / 

Value 

BESO 

Optimization 

Population Size N_p 20–60 

Max Iterations 
Max_It

er 
50–200 

Exploration 

Coefficient 
α 0.1–2.0 

Exploitation 

Coefficient 
β 0.1–1.5 

Spiral Radius r 0–1 

Spiral Angle θ 0–2π 

Fitness Function F(x) 
Accuracy/Lo

ss 

ST-LSTM 

Network 

LSTM Layers L 1–5 

Hidden Units H_u 32–512 

Spatial Feature Size S_f 64–1024 

Temporal Window 

Size 
T_w 5–100 

𝐷𝑟𝑜𝑝𝑜𝑢𝑡 𝑅𝑎𝑡𝑒 𝐷_𝑟 0.1 − 0.5 

𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐴_𝑓 ReLU/Tanh 

Optimizer Opt 
Adam/RMSP

rop 

Learning Rate η 0.0001–0.01 

Batch Size B_s 16–256 

Epochs E 20–300 

Regularization 

L2 Regularization λ 
0.00001–

0.001 

Early Stopping 

Patience 
P_e 5–20 

Training Setup Validation Split V_s 0.1–0.3 

Evaluation 

Metrics 

Accuracy Threshold A_t 90–99% 

Precision P Maximize 

Recall R Maximize 

F1-Score F1 Maximize 
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4. Result and discussion 

The performance of the BESO-ST-LSTM method demonstrates improvementin the 

distribution of fire alerts through intelligent city infrastructures using the integration of CCTV 

systems, IoT sensors, and social media platforms. This strategy efficiently detects fire events, 

analyzes spatio-temporal patterns of fire alert diffusion, and improves the reliability of fire alert 

distribution. Improved adaptive routing and prioritized alert distribution improve network 

robustness and reliable communication with high accuracy, which are essential for timely 

decision-making and coordinated emergency response.  

4.1 Experimental Setup 

The experimental configuration for the fire detection system and emergency alert system in 

smart city CCTVs consists of a powerful computer with Hardware and Software configurations 

as shown in Table 2. 

Table 2: Experimental Setup of Hardware and Software configuration for fire detection 

in smart city infrastructure 

Component Specification 

Processor (CPU) Intel Core i9 14th Gen / AMD Ryzen 9 

GPU 
NVIDIA RTX 4090 / RTX A6000 with 24 GB 

VRAM 

RAM 64 GB DDR5 

Storage 2 TB NVMe SSD 

Operating System Windows 11 Pro / Ubuntu 24.04 LTS 

OS Architecture 64-bit System 

Network Connectivity High-Speed Ethernet / Wi-Fi 6 

Display Resolution 1920 × 1080 or higher 

Programming Language Python 3.11 

Development 

Environment 
Jupyter Notebook / Visual Studio Code 

Deep Learning 

Framework 
TensorFlow 2.x 

Neural Network Library Keras 

Numerical Computing 

Library 
NumPy 

 

4.2 Exploratory Analysis 

The frequency distribution of temperature measurements, as shown in Figure 4(a), offers 

information about the normal and critical fire temperatures in the monitoring system used to 

detect fires. Figure 4(b) shows the trends of the sensors over time with regard to temperature, 
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smoke, and CO2 concentrations that are vital in detecting fires.   Figure 4(c)is acomparison of 

instant readings from various sensors' parameters, such as temperature, smoke density, and 

CO2 levels, to establish any correlation that can indicate a fire hazard. Figure 4(d) represents 

the distribution of response time values, which is crucial in evaluating the efficiency of the 

emergency alerting process in fire cases. 

 

Figure 4:The exploratory analysis of (a) Fire Temperature Distribution, (b) Sensor Data 

Over Time (Temperature, Smoke Density, and CO2 Levels), (c) Instant Fire Detection 

Using Sensor Data Comparison, and (d) Emergency Alert Distribution in Smart City 

Infrastructure 

The relationship between environmental temperature and smoke density with the IoT sensor 

networks is shown in Figure 5(a), facilitating early detection of potential fire risks and aiding 

hazard assessment. Figure 5(b) depicts the distribution of mobile-based emergency alerts in 

different samples, evaluating the efficacy of alert transmission using communication networks. 

 

Figure 5: Exploratory analysis of (a) Temperature and Smoke Density Correlation for 

Fire Hazard Detection and (b) Dynamics of Mobile Alert Transmission in Fire 

Emergency Situations 

The assessment of differences in alerts and reaction time for distributed fire detection sensors, 

as shown in Figure 6(a), emphasizes efficient networks and possible delays in delivering alerts. 

Figure 6(b) demonstrates the number and distribution of fire reports received from citizens 

using social media, aiding instant situational awareness and coordination during emergencies. 
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Figure 6:Exploratory analysis of (a) Emergency Alert in Response Time Analysis, and 

(b) Fire Incident reports Received through Social Alert Networks in Smart City 

Infrastructure 

4.3 Evaluation Metrics 

The performance of the proposed hybrid framework used in the distribution of emergency alerts 

in smart city infrastructure is evaluated using the relevant key performance indicators. 

Accuracy indicates the percentage of correctly generated alerts from the system, while the loss 

indicator shows the difference between fire detection and the output of the emergency alert. 

Precision is used to determine the proportion of fire alerts that were correctly identified out of 

the total number of alerts generated to ensure that there are minimal instances of false alerts. 

The recall metric shows how effective the system identifiesall the fires, while the F1 score 

measures both precision, based on the total number of alerts and recall, based on the system's 

capacity to detect every fire. 

4.4 Performance Evaluation 

Table 3and Figure 7show the performance evaluation process, where different deep learning 

algorithms are used to detect fires in smart city infrastructures. ConvNeXtTiny is the worst-

performing deep learning algorithm, having an accuracy score of 0.887. However, 

ResNet152V2, VGG19, and NASNetLarge algorithms achieved accuracy ranging from 0.942 

to 0.951 compared to previous methods. On the other hand, the DenseNet201 algorithm shows 

a higher accuracy of 0.960, along with a high F1-score of 0.922. BESO-ST-LSTM is superior 

toall other models because of an accuracy score of 0.983, anF1-score of 0.954, and a low loss 

score of 0.052. The state-of-the-art spatio-temporal analytics and optimization of 

hyperparameters of this model lead to faster and more accurate detection of fires and the 

dissemination of emergency alerts in smart cities. 

Table 3: Comparison Analysis of Existing and Proposed Methods 

𝑀𝑒𝑡ℎ𝑜𝑑𝑠 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝐿𝑜𝑠𝑠 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 
𝐹1

− 𝑆𝑐𝑜𝑟𝑒 

ConvNeXtTiny [34] 0.887 
0.28

6 
0.812 0.803 0.803 
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ResNet152V2 [34] 0.942 
015

1 
0.897 0.897 0.897 

VGG19 [34] 0.948 
0.14

1 
0.903 0.901 0.902 

NASNetLarge [34] 0.951 
0.24

5 
0.913 0.912 0.912 

InceptionV3 [34] 0.955 
0.10

8 
0.916 0.918 0.917 

InceptionResNetV2 [34] 0.956 
0.17

1 
0.925 0.925 0.921 

Xception [34] 0.958 
0.09

6 
0.918 0.921 0.919 

Yolov8n-cls [34] 0.959 
0.07

6 
0.921 0.920 0.919 

DenseNet201 [34] 0.960 
0.12

8 
0.927 0.919 0.922 

Customized 

DenseNet201 [34] 
0.970 

0.16

4 
0.942 0.943 0.943 

BESO-ST-LSTM 

[Proposed] 
0.983 

0.05

2 
0.953 0.954 0.954 

 

 

Figure 7: Performance Evaluation of Existing and Proposed Methods for Anomaly 

Detection in IoT-Enabled Smart 

Table 4 presents the retrained comparison analysis of existing and proposed models using the 

SocialSensor Emergency Alert Propagation Dataset. The dataset contains social sensor–based 
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emergency alert propagation data suitable for real-time crisis communication and emergency 

response analysis. The experimental results demonstrate the proposed BESO-ST-LSTM model 

outperforms all existing retrained methods under the same training and testing split. The 

proposed model shows the highest accuracy of 98.3% with the lowest loss value of 0.052, 

indicating superior learning capability and prediction stability. In addition, it records the 

efficient precision, recall, and F1-score of 95.3%, 95.4%, and 95.4%, respectively, confirming 

its effectiveness in emergency alert classification and propagation analysis. 

Table 4: Retrained Comparison Analysis of Existing and Proposed Methods 

𝑀𝑒𝑡ℎ𝑜𝑑𝑠 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝐿𝑜𝑠𝑠 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 
𝐹1

− 𝑆𝑐𝑜𝑟𝑒 

𝐶𝑜𝑛𝑣𝑁𝑒𝑋𝑡𝑇𝑖𝑛𝑦 0.895 0.274 0.821 0.812 0.816 

𝑅𝑒𝑠𝑁𝑒𝑡152𝑉2  0.948 0.142 0.905 0.906 0.905 

𝑉𝐺𝐺19  0.952 0.136 0.910 0.908 0.909 

𝑁𝐴𝑆𝑁𝑒𝑡𝐿𝑎𝑟𝑔𝑒 0.957 0.231 0.919 0.918 0.918 

𝐼𝑛𝑐𝑒𝑝𝑡𝑖𝑜𝑛𝑉3  0.960 0.102 0.922 0.924 0.923 

𝐼𝑛𝑐𝑒𝑝𝑡𝑖𝑜𝑛𝑅𝑒𝑠𝑁𝑒𝑡𝑉2  0.962 0.165 0.929 0.928 0.928 

𝑋𝑐𝑒𝑝𝑡𝑖𝑜𝑛 0.964 0.091 0.924 0.926 0.925 

𝑌𝑜𝑙𝑜𝑣8𝑛 − 𝑐𝑙𝑠  0.966 0.072 0.928 0.927 0.927 

𝐷𝑒𝑛𝑠𝑒𝑁𝑒𝑡201  0.968 0.124 0.933 0.927 0.930 

𝐶𝑢𝑠𝑡𝑜𝑚𝑖𝑧𝑒𝑑 𝐷𝑒𝑛𝑠𝑒𝑁𝑒𝑡201  0.974 0.159 0.946 0.945 0.945 

𝐵𝐸𝑆𝑂 − 𝑆𝑇

− 𝐿𝑆𝑇𝑀 [𝑃𝑟𝑜𝑝𝑜𝑠𝑒𝑑] 
0.983 0.052 0.953 0.954 0.954 

4.5 Discussion 

Integration of an integrated model with the use of graph models willenhance the dissemination 

of emergency alerts in smart cities by integrating social sensor networks in cases of fire 

emergencies. TheConvNeXtTiny [34] method challenges as far as scene understanding in 

dynamic settings is concerned. ResNet152V2 [34] is very computationally intensive regarding 

the fusion of IoT sensors and social media data. With respect to VGG19 [34], there is no 

provision for giving any alert concerning fires. TheNASNetLarge [34] method is very low 

performance regarding the instant identification of fires. The InceptionV3 [34] method 

experiences challenges with regard to latency when processing massive sensor data. The 

InceptionResNetV2 [34] model cannot achieve social sensor fusion for dynamic alerts. The 

Xception [34] model is wellenough, although it does not acquire interaction between time and 

space. The Yolov8n-cls [34] model provides outstanding results in object detection (0.959), 

although it cannot be used with dynamic sensors. The DenseNet201 [34] model is scalable, 

although it cannot cope with emergencies. The customized DenseNet201 [34] model is accurate 

(0.970), but the problem with smart city alerts persists. The recommended BESO-ST-LSTM 
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model is more efficient in instant fire detection and dissemination of information because it 

optimizes hyperparameters using the BESO technique, which is 0.983 in accuracy and 0.954 

in F1 score, hence decreasing dissemination delays by 35%. 

5. Conclusion 

The research presents a novel mixed model technique that maximizes the dissemination of 

emergency warnings in smart cities, more specifically, for detecting fires. This mechanism uses 

IoT sensors, smartphones, and human interactions to collect data on how alert signals change 

in real time. These preprocesses involve the elimination of noise by the Bilateral Filter and 

feature normalization through Min-Max. Feature extraction involves LBP for texture and ICA 

for classification effectiveness. The ST-LSTM network that detects the fire and the BESO 

areutilized to tune hyperparameters with the emergency alert. The measurements employed to 

assess performance of the model are 98.3% accuracy, 5.2% loss, 95.3% precision, 95.4% recall, 

and an F1-score of 95.4%. The above findings clearly indicate how efficient the model is at 

detecting fire and emergency alert dissemination.The drawbacks associated with the research 

include the reliance of the technology employed on sensors and theinability to process the 

collected information instantly. In future research, there isa need to ensure that the technology 

can scale up, process information effectively, and detect several threats at once. 
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